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Abstract 

Active labour market programmes are an important component of government labour 

market policy internationally and in New Zealand. The growth in unemployment, and 

in particular male and long term unemployment, since the mid 1980's in New Zealand 

have contributed to the enhanced role of active labour market programmes in 

government policy. In the early 1990's the New Zealand government introduced a 

menu of interventions including subsidy, work experience and training programmes. 

Concomitant with this development has been increased pressure from political, business 

and social groups to assess the effectiveness of this approach in lowering 

unemployment. 

The aim of this thesis is to evaluate the effect of active labour market policy utilised in 

New Zealand from 1989 to 1997. Whether or not these active labour market 

interventions were beneficial to those males who participated in them, the effect of 

treatment upon the treated, is the parameter estimated. The range of programmes makes 

it possible to analyse a number of programme evaluation issues. These include the 

overall question of the impact of subsidy, work experience and training programmes in 

general, but also other specific research questions. In particular the range of subsidy 

programmes makes it possible to identify that subsidies to private sector firms are more 

effective than those to public sector organisations. The effectiveness of start-up 

subsidies for the unemployed are also evaluated and fbund to be beneficial. The effects 

of participation upon selected education and ethnic groups are also estimated. Since 

there is no one estimation approach that works in all circumstances, both regression and 

matching estimators are used. In order to achieve this it is necessary to create two 

estimation datasets as the data requirements vary for each technique. 

The main findings from the research are that participation in active labour market 

programmes is beneficial in reducing the length of time that participants are registered 

as unemployed. Work experience programmes have the largest impact, followed by 

subsidies. The effect of training programmes is smallest. The major beneficial effect 

occurs in the year following participation and then reduces in subsequent years. There 

are also some important methodological findings, including the sensitivity of results to 

the time frame, to the datasets chosen, and to the estimation techniques used. 



Acknowledgements 

The support and engagement of several people and organisations have made a 

significant contribution to the completion of this thesis. In particular, I wish to thank 

my supervisor, Associate Professor Tim Maloney, whose critical thinking, empirical 

expertise and breadth of knowledge were important. Perhaps as important was his 

understanding of my "lumpy" approach to working on the thesis, due to my being in 

full time employment. 

As the thesis is empirically based research, access to data was necessary. The then 

Labour Market Policy Group, of the Department of Labour, provided the database in 

2000 on which this work is based. Andrew Reynolds, then based in the Labour 

Market Policy Group, provided support for this database and answered my many 

ernails clarifying how it was constructed, defined and altered over time. This 

contribution is much appreciated. Being able to control for regional labour markets 

was also important. In this context 1 thank MOTU Economic and Public Policy 

Research Trust for access to regional data they compiled their FRST-funded 

programme "Understanding Adjustment and Inequality"'. 

There are a number of people who have my gratitude. Shelley Ashton helped with the 

diagrams, tables, graphs and formatting of the thesis. Steve Pe janik proof read the 

thesis, an activity that confirmed his existing prejudice against economics. My father, 

Everett Perry, acted as a research assistant on several occasions. Thanks also to my 

employer, the Business Faculty at AUT University, which provided me with the 

financial support and flexibility in my work necessary to complete this research. 

I wish to offer my thanks in particular to two people. Firstly, my sister, Jillian 

Mackie, who helped look after my family over a number of years while I was 

researching at weekends. This help was invaluable. Secondly, I wish to thank my 

wife Chanpen. Her encouragement, support and willingness to give me time on the 

thesis helped me through the final stages. 

1 The Department of Labour and MOTU are not responsible for the use made of the data they supplied, 
for the views associated with the data or for the interpretations associated with the data. Any errors and 
omissions are the rcspo~lsibili ty of the author. 



Table of Contents 

CHAPTER ONE: INTRODUCTION 
1.1 Background and Motivation 
1.2 Aims of the Thesis 
I .3 Structure of the Thesis 

CHAPTER TWO: EVALUATION OF ACTIVE LABOUR MARKET POLICIES - 
OVERVIEW, RATIONALE, APPROACHES AND EVIDENCE 

2. l Introduction 10 
2.2 Definition of Active Labour Market Policies 10 
2.3 Rationale for Active Labour Market Policies 12 
2.4 Utilisation of Active Labour Market Policies 18 
2.5 Approaches to the Evaluation of Active Labour Market Policies 22 
2.6 Effectiveness of Active Labour Market Policies 30 

2.6.1 The Overall Effect of Active Labour Market Policies 3 1 
2.6.2 The Effect of Subsidy Programmes 3 7 
2.6.3 The Effect of Work Experience Programmes 47 
2.6.4 The Effect of Training Programmes 50 

2.7 Conclusion 57 

CHAPTER THREE: ESTIMATING THE EFFECT OF TREATMENT FOR THE 
UNEMPLOYED USING LONGITUDINAL DATA 

3.1 Introduction 59 
3.2 The Evaluation Problem 60 

3.2.1 Evaluation Problem 60 
3.2.2 Selection Bias 65 
3.2.3 Evaluation Parameters of Interest 69 

3.3 Overview of Approaches for Estimating the Effect of Treatment 73 
3.3.1 Experimental Approach to Estimation 73 
3.3.2 Non-Experimental Approaches to Estimation 77 

3.4 Non-Experimental Approaches used in this Study 8 3 
3.4.1 Choosing among Non-Experimental Estimators 8 3 
3.4.2 Regression Estimators 86 
3.4.3 Matching Estimators 93 
3.4.4 Differences between Matching and Regression Estimators 107 

3.5 Conclusion 11 1 

CHAPTER FOUR: INSTITUTIONAL FEATURES OF THE NEW ZEALAND 
LABOUR MARKET 

4.1 Introduction 112 
4.2 Unemployment in New Zealand 112 
4.3 New Zealand's Approach to Active Labour Market Policy 116 

4.3.1 Approach in the 1970's and Early 1980's 117 
4.3.2 Rethink in the 1980's 118 
4.3.3 Approach from the Late 1980's to 1998 120 

4.4 Details on Important Active Labour Market Programmes 1989-1 997 123 
4.4.1 Enterprise Allowance 123 
4.4.2 Job Plus 126 
4.4.3 Task Force Green 127 



4.4.4 Community Task Force 
4.4.5 Training Opportunities 

4.5 Conclusion 

CHAPTER FIVE: THE DATA 
5.1 Introduction 
5.2 Detail, Issues and Adjustments 
5.3 Establishing Estimation Datasets 
5.4 The S Dataset 

5.4.1 Descriptive Statistics of the S Dataset 
5.4.2 Interventions in the S Dataset 

5.5 The C Dataset 
5.5.1 Selection Method 
5.5.2 Descriptive Statistics of the C Dataset 
5.5.3 Interventions in the C Dataset 

5.6 Conclusion 

CHAPTER SIX: REGRESSION EVALUATION OF ACTIVE LABOUR MARKET 
POLICIES IN NEW ZEALAND 

6.1 Introduction 166 
Part I: The Estimation Approach 167 
6.2 Estimation Models 1 67 

6.2.1 Estimation Model Structure 167 
6.2.2 The Dependent Variable 169 
6.2.3 The Independent Variables 171 
6.2.4 The Counterfactual 175 

Part 11: Evaluation of the S Dataset 179 
6.3 Effect by Intervention Type 179 

6.3.1 Total Intervention 179 
6.3.2 Generic Lnterventions 189 
6.3.3 Specific Lnterventions 202 

6.4 Effect by Sub-Group 222 
6.5 Summary of S Dataset Estimates 225 
Part 111: Evaluation of the C Dataset 226 
6.6 Model Specification 226 
6.7 Effect by Intervention Type 229 

6.7.1 Total Intervention 229 
6.7.2 Generic Interventions 23 1 
6.7.3 Specific Interventions 237 

6.8 Effect by Sub-Group 242 
6.9 Explaining Differences between the Estimates 244 
6.10 Conclusion 247 

CHAPTER SEVEN: MATCHING ESTIMATION OF ACTIVE LABOUR MARKET 
POLICIES IN NEW ZEALAND 

7.1 Introduction 
7.2 The Matching Process and Implementation Issues 252 

7.2.1 Choosing the Appropriate Estimator 252 
7.2.2 Estimating the Propensity Score 253 
7.2.3 Estimating the Impact of Interventions using Matching 254 



7.2.4 Quality Analysis 
7.3 Participation in Active Labour Market Programmes 

7.3.1 Z Variables - Discussion 
7.3.2 Z Variables - Implementation 
7.3.3 Participation Analysis 

7.4 Matching Evaluation by Intmeaticm Type 
7.4.1 Interpreting Matching Estimates 
7.4.2 Total Intervention 
7.4.3 Generic Interventions 
7.4.4 Specific Interventions 

7.5 Effect by Sub-Group 
7.6 Quality Analysis 

7.6.1 Quality of the Matches 
7.6.2 Sensitivity Analpis 

7.7 Conclusiozl 

CHAPTER EIGHT: (?OWLUSION 
8.1 Introductian 
8.2 Overview 
8.3 Summary of the Findings 

8.3.1 Remnciling the Different Estimates 
83.2 Effect of Interventions 
8.3.3 MeEhodological Findings 

8.4 Policy Implications 
8.5 Limitations of the Study 
8.6 Future Research 

APPENDICES 
Appendix 1 : Impact of Totd htcrvention (C Dataset) 
Appendix 2: Impact of Subsidies (C Dataset) 
Appmdix 3: Impact of Work Experience (C dataset) 
Appendix 4: Impact of Training (C Dataset) 
Appendix 5: Impact of Enterprise Allowance (C Dataset) 
Appendix 6: Impact af Job Plus (C Dataset) 
Appendis 7: Impact of Taskforce Green (C Datasd) 
Appendix 8: Impact of Coxrummi5 Task Force (C Dataset] 
Appendix 9: Impact of Training Opportunities (C Dataset) 

LIST OF REFERENCES 



List of Tables 

Table 2.1: 

Table 2.2: 
Table 2.3: 

Table 4.1 : 
Table 4.2: 
Table 4.3: 
Table 4.4: 

Table 3.5: 

Table 5. I :  
Table 5.2: 
Table 5.3: 
Table 5.4: 
Table 5.5: 
Table 5.6: 
Table 5.7: 
Table 5.8: 
Table 5.9: 

Table 6.1 : 
Table 6.2: 
Table 6.3: 
Table 6.4: 
Table 6.5: 
Table 6.6: 
Table 6.7: 

Table 6.8: 
Table 6.9: 
Table 6.10: 
Table 6.1 1 : 
Table 6.12: 
Table 6.13: 
Table 6.14: 

Table 6.15: 

Table 6.16: 

Table 6.17: 

Table 6.1 8: 
Table 6.19: 
Table 6.20: 

Active Labour Market Expenditure as a Percentage of Total 
Labour Market Expencli ture 
Active Labour Market Policy Expenditure as a Percentage of GDP 
Types of Active Labour Market lnterventions as a Percentage of 
Total Spellding on Active Labour Market Programme 
New Zealand Unemploynient Rate 1 986 to 1997 
Characteristics of the Unemployed 1986-1 997 - Total 
Characteristics of the Unemployed 1986- 1997 - Males 
Percentage of Active Labour Market Expenditure in New 
Zealand on Specific Interventions 
Summary of Key Specific Active Labour Market Programmes in 
New Zealand 
Descriptive Statistics - Total Sample (S Dataset) 
Descriptive Statistics - Education Sub-Group (S Dataset) 
Descriptive Statistics - Ethnic Sub-Group (S Dataset) 
Average Length of Interventions - Proportion of a Year (S Dataset) 
Establishing Time in the C Dataset 
Summary Statistics (C Dataset) 
Descriptive Statistics - Education Sub-Group (C Datnset) 
Descriptive Statistics - Ethnic Sub-Group (C Dataset) 
Average Length of an Intervention - Proportion of a Year (C 
Dataset) 
Effect of Total Intervention (S Dataset) 
Impact of Total Intervention (S Dataset) 
Effect of Generic Lnterventions (S Dataset) 
Impact of Subsidies (S Dntaset) 
h p a c t  of Work Experiences (S Dataset) 
Impact of Training (S Datasct) 
Ranking the Impact of Generic Interventions by Cumulative 
Effect and Sub-Group (S Dataset) 
Effect of Specific Interventions (S Dataset) 
Effect of Specific Interventions - Enterprise Allowance (S Dataset) 
Effect of Specific Interventions - Jobs Plus (S Dataset) 
Effect of Task Force Green (S Dataset) 
Effect of Community Task Force (S Dataset) 
Effect of Training Opportunities (S Dataset) 
Ranking the Impact for the samples as a whole by Cumulative 
Effect of Interventions (S Dntaset) 
Ranking the Impact of Specific Interventions by Cumulative 
Effect and Sub-Group (S Dataset) 
Ranking the Impact on Education Sub-Group by Cumulative 
Effect of Interventions (S Dataset) 
Ranking the Impact on Ethnic Sub-Group by Cumulative 
Effect of Interventions (S Dataset) 
Effect of Total Intervention (C Dataset) 
Cumulative and Actual Cumulative Impact for lnterventions 
Effect of Generic Interventions (C Dataset) 



Table 6.21: Ranking the Impact of Interventions by Cumulative Effect 
and Sub-Group (C Dataset) 236 

Table 6.22: Effect of Specific Interventions (C Dataset) 23 8 
Table 6.23: Ranking the Impact on Education Sub-Group by Cumulative 

Effect of Interventions (C Dataset) 243 
Table 6.24: Ranking the Impact on Ethnic Sub-Group by Cumulative 

Effect of Interventions (C Dataset) 244 
Table 6.25: Ordinal Analysis (S Dataset) 247 
Table 7.1 : Programme Participation Process in New Zealand 260 
Table 7.2: Probability of Intervention (1 993, 1994 or 1995) 270 
Table 7.3: Participation Models Evaluated 271 
Table 7.4: Analytics on the Participation Model 272 
Table 7.5: Participation Estimates - Total and Gcnenc Interventions 276 
Table 7.6: Participation Estimates - Spccific Interventions 277 
Table 7.7: Estimated Propensity Scores 278 
Table 7.9: Difference-in-Differences Matching Estimates - Total Intervention 289 
Table 7.8: Adjustments to Compare Fixed Effects and Difference in 

Differences Matching Estimates 287 
Table 7.1 0: Difference-in-Differences Matching Estimates - Total, 

Generic and Specific Intervention 29 1 
Table 7.1 1 : Difference-in-Difference Matching Estimates - Subsidy 293 
Table 7.12: Difference-in-Difference Matching Estimates - Training 296 
Table 7.13: Difference-in-Difference Matching Estimates - Job Plus 299 
Table 7.14: Difference-in-Difference Matching Estimates - Task Force Green 299 
Table 7.1 5: Difference-in-Difference Matching Estimates - Training 

Opportunities 299 
Table 7.16: Ranking the tmpact on Education Sub-Group (C Dataset) 303 
Table 7.17: Ranking the Impact on Ethnic Sub-Group (C Dataset) 3 04 
Table 7.18: Sub-Group Participation in Generic and Specific 

Interventions (C Dataset) 3 05 
Table 7.19: Balancing Analysis 308 
Table 7.20: Sensitivity of Matching Estimates 310 
Table 7.21 : Sensitivity of Matching - Differences-in Differences 312 
Table 7.22: Sensitivity of Matching Estimates to the Size of the Calliper 313 
Table 8.1: Estimates of the Permanent Effect on Participants of One Year 

of an Intervention 319 
Table 8.2: Net Fiscal Cost Estimates Per Person of Specific Interventions 

(C Dataset) 327 



List of Figures 

Figure 3.1 : The Evaluation Problem 64 
Figure 3.2: Selection Bias 68 
Figure 4.1 : Registered Unemployed in New Zealand 1965 to 1988 113 
Figure 5.1 : Proportion of Year Unemployed 1989 to 1997 145 
Figure 5.2: Proportion of Year Unemployed - Generic Intervention 1989 to 

1997 146 
Figure 5.3: Proportion of Year Unemployed - Specific Intervention 1989 to 

1997 147 
Figure 5.4: Proportion of the Year Unemployed - Education Sub-Group 

1989 to 1997 149 
Figure 5.5: Proportion of Year Unemployed - Ethnic Sub-Group 1989 to 1997 152 
Figure 6.1 : Fixed Effects Estimates of the Impact of an Intervention 178 
Figure 7.1: Propensity Score Distribution - Total Intervention 279 
Figure 7.2: Propensity Score Distribution - Subsidies 280 
Figure 7.3 : Propensity Score Distribution - Work Experience 280 
Fibmre 7.4: Propensity Score Distribution - Training 28 1 
Figure 7.5: Propensity Score Distribution - Enterprise Allowance 28 1 
Figure 7.6: Propensity Score Distribution - Job Plus 282 
Figure 7.7: Propensity Score Distribution - Task Force Green 282 
Figure 7.8: Propensity Score Distribution - Community Task Force 283 
Figure 7.9: Propensity Score Distribution - Training Opportunities 283 
Figure 7.1 0: Matching Estimates of the Impact of an Intervention 286 



List of Abbreviations 

A L W  

ATE 

C Dataset 

CETA 

CIA 

CTF 

EA 

GDP 

JP 

JTPA 

LATE 

EvIDTA 

MTE 

NZES 

OECD 

S Dataset 

SC . 
SWVA 

ma 
TO 

TT 

wmz 

Active Labour Market Policy 

Average Treatment Effect 

Cohort Dataset 

Compmhensi~e Employment md Training Act 

Conditional Independence Assumption 

Comumity Task Force 

Enterprise Allowance 

Gross Domestic Product 

Jobs Plus 

Jobs Training Partnership Act 

Local Average Treatment E h t  

Maapower Develapment and Training Act 

Marginal Treatment Effect 

New Zealand Employment Service 

Organisation for Emnomic Co-operation and Development 

Sample Dataset 

School Certificate 

Stable Unit Treatment Value AssumpYjom 

Task Force Green 

Training Opportunities 

Treatment of the Treated 

Work and Income New Zealand 



Chapter One: 

Introduction 

Evaluation is inherent in the planning or operation of any programme or 

rrgitne. Both individuals and institutions constantly choose among 

alternative actions based on their assessment of the degree to which they 

meet their needs or assist in meeting their goals. (Bennett & Lumsdaine, 

1975: 1) 

The most challenging empirical questions in economics involve "what i f '  

statements about counterfactual outcomes. (Angrist & Krueger, 1999: 1282) 

1.1 Background and Motivation 

Active labour market programmes are an important component of labour market policy 

in most developed economies'. New Zealand is no exception, with 38.9% of labour 

market expenditure in 1995 on these programmes. The prominence of active labour 

market programmes in government social policy expenditure has been accompanied by 

increasing pressure from political, social and business groups to assess the effectiveness 

of this expenditure. The result has been an increase in studies evaluating active labour 

market programmes both internationally, and since the late 1980's. in New Zealand. 

However, the results of this evaluation research remain inconclusive. In this section, 

the background to active labour market policies is provided, as well as the rationale for 

undertaking an evaluation of active labour market programmes operating in New 

Zealand fyonl 1989 to 1 997. 

The features that differentiate active labour market policies from other types of labour 

market policies are that they are targeted at particular groups and have as their aim 

improving labour market access and labour market outcomes for individuals (Heckman, 

I See Table 1.2 



LaLonde, & Smith, 1999 and OECD. l993b). The reasons for their use by governments 

have changed over time. In the initial post-World War Two period they were used as 

part of fiscal macroeconomic stabilisation policy and to provide relevant skills for 

workers to meet industry needs. However, with the growth in unemployment and long- 

term unemployn~ent from the mid- 1970's, the reasons for using active labour market 

programmes changed, with the focus moving from solving cyclical unemployment to 

solving structural unemployment. Resulting from this has been the development of a 

range of programmes that governments have used in an attempt to improve the labour 

market prospects of the uneniployed. These include public employment agency 

services, training programmes, subsidies, work experience programmes and 

programmes developed specifically for the young and the disabled2. 

Although a range of evaluation methodologies has been developed to assess these 
3 programmes, economic evaluation remains a major contributor to this endeavour . 

Within this field of economic evaluation are two main evaluation frameworks: 

macroecono~nic and microeconomic. The macroeconomic framework assesses the 

impact of active labour market policies upon the economy in aggregate. For example, 

this could be on the levels of employn~ent, unemployment, wages or earnings. On the 

other hand, microeconomic evaluation assesses the impact of active labour market 

programmes upon participants. 

While macroeconomic studies arc undertaken4, microeconomic evaluation approaches 

predominate. In microeconomic evaluation studies, the evaluation problem is 

essentially a missing data problem (Rosenbaum & Rubin, 1983, Heckman, 1996 and 

Puhani, 1998). This arises, as the impact of participation in an active labour market 
I programme for an individual is the difference in the outcome achieved from 

participating compared with not participating. Obviously, for an individual only one 

I state can be observed. If the individual participates this outcome is observed, while the 

I non-participating outcome is not. In economic evaluation the approach to solving this 

missing data problem is to create a counterfactual, or a measure of the way things would 

have been if the individual had been in the other state (Kluve, 2004). 

See Sections 2.2 and 2.3 in Chapter Two for fi~rther explanation of these programmes. 
Sce Section 2.5 in Chapter Two for details on alternative evaluation approaches. 

4 See Section 2.5 in Chapter Two for examples of these. 



There are several counterfactual parameters of interest to evaluators, with the one(s) 

chosen depending on the purpose of the evaluation. Thc major parameter estimated is 

the "average treatment of the treated" parameter. This estimates the impact of 

participation on participants. Other important parameters include the effect of 

participation on an individual drawn randomly from the population, the effect of adding 

extra individuals to a programme and the effect on selected quantiles of participants. 

However, as discussed in Chapter Three, each of these counterfactual parameters has 

particular data requirements. 

Most commonly, the counterfactual is identified using the potential outcomes approach, 

measuring the impacts across groups of individuals and comparing them with similar 

groups of non-participating individuals. There are several ways that this can be 

achieved and each of these depends on the data available, the question(s) of interest and 

the estimation techniques chosen? Experimental approaches, whereby participants are 

randomly allocated to a programme, are often used as a benchmark, as the 

randomisation process involved produces non-participants that are a good match for 

participants. However, as well as there being some issues with experimental 

approachesh, experimental data are rarely available. This has led to the growth of non- 

experimental evaluation techniques. 

One of the major issues with non-experimental approaches is the problem of selection 

bias. This is the situation where there are unobserved factors influencing participation 

of individuals in an active labour market programnle that lead to differences in the 

outcomes of participants compared with non-participants7. A failure to conh-01 for the 

presence of selection bias when estimating the impact of participation can lead to biased 

estimates of programme effects. Many of the non-experimental estimators, therefore, 

explicitly control for selection bias. These estimators include matching, control 

function, instrumental variable and regression estimatorsx. 

There have been many experimental and non-experimental evaluations of active labour 

market policies completed in the Unites States, and a large number of non-experimental 

"he range of approaches is discussed and analysed in Chapter Thrce. 
" These shortcomings are discussed in Section 3.3.1 in Chapter Three. 

Selection bias is discussed in Section 3.2.2 m Chapter Three. 
%ee Chapter Three for an in depth analysis of each of these. 



studies in Europe. This growth in studies since the 1970's is reflected in the large 

number of articles that have surveyed and summarised their results (Bamow, 1987, 

Gueron, 1990, OECD, 1993b, Bradley, 1995, LaLonde, 1995, Leigh & Michagas, 1995, 

Bellman & Jackman, 1996, OECD, 1996b, Friedlander, Greenberg, & Robins, 1997, 

Heckman, LaLonde, & Smith, 1999 and de Konjng & Arents. 2001). Two major 

conclusions can be drawn from these studies. Firstly, the impact of different types of 

active labour market policies upon participants is not established. There are beneficial 

and detrimental estimates for each type of programme, with the results sensitive to the 

data chosen, the evaluation estimator used and the context in which the programme 

operates. Secondly, as there are un-testable assumptions associated with each type of 

estimator used, it is useful to use more than one approach and look for consisterlcy in 

the results, as well as to carry out sensitivity analysis for the robustness of results for 

each estimation technique used. 

Evaluations of labour market programmes in New Zealand have also increased since the 

late 1980's reflecting the growing comnitment to this area of research. As noted by 

Mare (2002: 2) 36 evaluations were carried out between 1994 and 2000 using a wide 

range of techniques and assessing against the different objectives of the programmesY. 

Many of these evaluations have been process evaluations or of a qualitative nature. 

These evaluations tend to focus on one intervention at a time and, often, do not take into 

account the other interventions that participants may have received before or after 

participating. In fact, there bas been no econometric analysis of the total effects of 

interventions on clients in New Zealand, The major work in this line has been that of 

Mare (2002), who evaluated the effects of broad groups of interventions using the same 

New Zealand Employment Service dataset used in this present study. As noted by the 

OECD, the scope and rigour of evaluations in New Zealand need to be enhanced in 

order to develop a menu of which programmes work best for client groups and under 

what circumstances (OECD, 2000: 85). 

There are a number of factors motivating this study. Firstly, active labour market 

policies are an important component of labour market expenditure by the government in 

New Zealand. Secondly, while there have been a number of studies in New Zealand, 

"he lindings of relevant evaluations are reported in Chapter 6 as a means for conqxtring the results in 
this study. 



there is a need for a systematic and rigorous evaluation of active Labour market policies 

in this country. By controlling for unobserved variables that may cause selection bias, 

through the use of fixed effects regressions and difference-in-differences matching, by 

taking into account all the interventions that individuals receive when estimating 

programme impacts using fixed effects regression and by estimating the effect of 

interventions at both aggregated and disaggregated levels, this study partially fills this 

gap and contributes to this economic evaluation literature. 

The availability of a dataset that includes details on all the registered unemployed and 

the interventions they received has facilitated this studyi0. Due to the nature of the 

dataset, the impact of active labour market programmes in place in New Zealand from 

1989 to 1997 on males aged 26 to 49 on 1 January 1989 is evaluated. The outcome 

variable is the proportion of time in a year registered as unemployed. The three generic 

programme types included are subsidy, work experience and rraining programmes. The 

five specific programmes include the two largest programmes, Job Plus and Training 

Opportunities, and the next three most signiiicant programmes, Enterprise Allowance, 

Task Force Green and Community Task ~ o r c e " .  

[n summary, this study fills a gap in the evaluation field by assessing the impact on the 

unemployment propensity of males of active labour market programmes utilised in New 

Zealand from 1989 to 1997. The cpestions addressed, the approach used, and the 

estimators that are utilised are derived from the economic evaluation literature. 

1.2 Aims of the Thesis 

This thesis addresses several important evaluation issues in the New Zealand context. 

The specific aims of this research are as follows: 

a. To evalzrate /he impac/ ($inter-ventions zipan participants - the parameter of 

interest is the average treatment effect upon the treated. This parameter 

provides infomation on whether or not individuals who participate in an 

10 Details o f  the dataset are in Chapter Five. 
I I Details on these programmes are provided in Chapter Four 

5 



intervention, a generic intervention or a specific intervention, benefit as a 

result of their participation. The outcome variable is the proportion of time that 

males are registered as unemployed in a year. In New Zealand there was a 

change in emphasis in active labour market policies in the late 1980's. This 

change involved focusing more on subsidies and training than on work 

experience programmes'2. An important question is whether this was the right 

strategy. 

b. To evalzmte whether. suhsidiit3s allocated to privnre scc~ot-Jirtm have a larger 

inlpnct 011 the ozrtcome .for participants than subsidies allocated to public 

sector orgc~nisa~ions - the evaluation literature has identified whether a 

subsidy is to a private or public sector organisation as a potential influence 

upon the impact of subsidies for the unemployed. The existence in New 

Zealand of a subsidy scheme that mainly includes private sector firms, Job 

Plus, and one that mainly includes public sector organisations, Task Force 

Green, facilitates an assessment of the alternative allocation mechanisms. 

c. To evalzrare whelher slart-irp ssrbsidies are qfeective - start-up subsidy 

programmes are typically a small component of active labour market 

programmes in most countries. An important issue, nevertheless, is whether or 

not they work, due to the fact that these subsidies are allocated to a target 

group of the population who, in general, have lower skill and business 

experience levels. 

d. To evaluate the lime-path elfects of inteuventions - the research literature 

indicates that the impact of interventions varies over time. In particular, it 

points to possible locking-in effects in the time of participation in an 

intervention, followed by strong beneficial effects in the time period 

immediately after participation. There is some debate as to whether the effects 

are sustained in the longer term. The dataset in this study enables the titne- 

path impacts to be identified. 

e .  To eval~nate the effect o f  infe~ventions upon sub-grot4p.v - heterogeneity of 

impacts from participation is an important consideration in evaluation studies. 

In this study the potential impact of heterogeneity is estimated across 

'' See Chapter Four for details. 



education and ethnic sub-groups. The aim is to estabIish whether the benefits 

from particular interventions vary across sub-groups. 

f: To identify the impact of'alternrrtive datasets on estimation results - in this 

study the master dataset is split into two: a full information dataset, the S 

Dataset, which is used for the fixed effects regression estimation, and the 

cohort dataset, the C Dataset, which is used for matching. As a bridge 

between the two, fixed effects regession analysis is also applied to the C 

Dataset. 

g. To apply alternative erxilriatiorz techniqrres and to assess iJ' the results have 

consistency, and fno! to e.~,ulain rhe dtffkrences - in this study two estimation 

techniques are used to access the impacts of interventions. Both fixed effects 

regression and difference-in-differences matching assume that there are 

individual-specific, time-invariant unobservables. However, they use different 

approaches to create the counterfact~al'~. Sensitivity analysis is applied where 

practical for each approach. 

1.3 Structure of the Thesis 

The thesis consists of eight chapters through which the theory, estimation techniques, 

results and conclusions are presented. This chapter, the first, provides background to 

the study, presents the rationale and unique contributions of the research, and outlines 

the aims and structure of the thesis. 

Chapter Two provides the context for the research. In this chapter active labour market 

policies are defined, an extended discussion of why they are used is presented and the 

extent of their use across several OECD countries is described. Following this, the 

broad approaches to evaluation are discussed, after which there is an in-depth literature 

review. The general question addressed by the literature review is: What is the impact 

of participation in active labour market policies in general, and in generic types of 

programmes, upon participants? Given that the thee  New Zealand generic programmes 

studied here are subsidy, work experience and training programmes, the focus in the 

literature review is upon similar types of active labour market policies. 

1J See Chapter Three for ;I full discussion of  the different approaches. 
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The purpose of Chapter Three is to identify the estimation approach and techniques 

used in the study. To this end, the evaluation problem is presented, including the 

important role of selection bias. Following this is an overview of the microeconomic 

estimation techniques available to the researcher. An approach for choosing estimators 

is identified, with the major influences being the nature of the data, the parameters to be 

estimated and the structure of the underlying model. Two estimators are chosen based 

on these criteria, fixed effects regression and difference-in-differences matching. The 

strengths and weaknesses of these are analysed and a comparison of the methods they 

use to estimate the impact of interventions is provided. 

Chapter Four provides an overview of active labour market policies in New Zealand, 

which are placed in the context of the unemployment situation. Changes in the New 

Zealand governments7 approaches to active labour market policies are described, with 

an analysis of the factors that caused these changes. The outcome of the policy process 

is the menu of active labour market policies available in New Zealand in the 1990's. 

Details of each of Enterprise Allowance, Job Plus, Task Force Green, Community Task 

Force and Training Opportunities are provided, including their aim, history, 

participation criteria and procedures. 

The presence of two datascts, unemployment and intervention datasets, supplied by the 

New Zealand Department of Labour has made this study possible. In Chapter Five the 

details of these two datasets are described, including their strengths and weaknesses. 

Due to the presence of a common unique identifier it is possible to combine these 

datasets and then to create the datasets used in  the estimation. The criteria and process 

for creating the S Dataset and the C Dataset are outlined in this chapter. Finally, the 

descriptive statistics for the two estimation datasets are presented, including coverage of 

the individuals in the datasets and of the interventions. 

Chapter Six is the first of the estimation chapters. In this chapter, the impact of 

participation in active labour nlarket policies in New Zealand upon the unemployment 

propensity of males is estimated using fixed effects regression and compared with 

results from Ordinary Least Squares. The first part of the chapter outlines the 

regression approaches. justifies the variables included in the models and describes how 

the approaches are implemented. The second part reports the results. The third part 



aets as a bridge between the fixed effects regression and the matching estimation In 

this part, furd effmts r e p s i o n  is applied to the S Dataset, with the focus being: Do 

the general resub found using regression on the S Rataset hold when #he sample is 

restricted to the 1993,1994 and 1995 cohorts in the C Dataoet? lmluded in t h i s  chapter 

is analysis of the ordim1 impact of intewentions. 

The &Berence-in-differences matching estiumation is presented in Chapter Seven. There 

tire several paits to this. FirstIy, here is a discussion of the implementation issues 

associated with matching and difference-in-didferences matching. Secondly, the 

participation model is developed, then impdemented and the results are then analysed. 

Thirdly, the matching estimates fr9m the C Dataset are analysed for total, generic and 

specific intewentions. As in Chapter Six, the impacts on the unemployment propensity 

af males is analysed $or the sample as a whole, as well as for 'the educatian and ethnic 

sub-groups. Finally, there is an assessinent of the quality of the matching approach 

used. 

Chapter Eight summarises the fmdings from this study. This includes a bief overview 

of the coverage of this thesis. The main findings are. presented in three parts: 

reconciling the results, findings on the impact of interventions and methodological 

findings. The policy implications of these findings we outlined arid directions for 

further research are suggested. 



Chapter Two: 

Evaluation of Active Labour Market Policies - Overview, 

Rationale, Approaches and Evidence 

Programme evaluation is an important tool for infonned decision-making 

with respect to the efficient allocation of resources and for the improvement 

of existing policies. Evaluation attempts to assess how far a programme has 

achieved its intended aims. (Frolich, 2004b: 181) 

2.1 Introduction 

In this chapter, the context for the evaluation of active labour market policies is 

provided. To this end active labour market policies are defined, the rationale for their 

use is described and the extent to which they were used in the 1980's and 1990's is 

outlined. The approaches to evaluation of policies in general, and to economic 

evaluation of active labour market policies in particular, are discussed. Following this, 

a review of the research findings on the effectiveness of active labour market policies, 

with a focus on subsidies, work experience and training, is presented. The key outcome 

from this review of the research on the effectiveness of active labour market policies is 

that there are no clear-cut findings as to the effect of these policies, due to a number of 

n~etl~odological and context-specific issues. 

2.2 Definition of Active Labour Market Policies 

Active labour market policies have important features that distinguish them from 

passive labour market policies and other general policies that influence the labour 

market. Passive labour market policies consist mainly of income support programmes, 

including unemployment compensation. Other general policies affecting the labour 

market include minimum wage legislation, hiring and firing regulations and income tax 

systems. Active labour market policies differ from these passive labour market policies 



and other general policies in two main ways: firstly, they differ in that they target 

particular groups, low income and/or unemployed groups being examples; and 

secondly, they differ in that their aim is to improve access to the labour market and 

labour market outcomes for individuals (Heckman, LaLonde, & Smith, 1999 and 

OECD 1993b). These labour market outcomes may include the probability of moving 

out of unemploytnent, moving from unemployment to employment and maintaining 

employment once in that state. They may also include changes to the wages and 

incomes earned by participants following their i~lvolvement in active labour market 

programmes. 

A range of programmes exist that that can be classified as active labour market 

policies'4. The classification adopted here is that used by the OECD (1993b), which 

consists of five major categories: public employment service, occupational training, 

employment subsidies, public job creation and other measures. The details of each are 

outlined below: 

* Public Employment Service: these programmes can involve a range of 

elements including information on job vacancies, placement, career 

counselling, instruction in job search skills and mobility support. Public 

employment service is sometimes labelled job search assistance. 

* Occupational Training: this can include classroom based andlor on-the-job 

training. Classroon~ training is sometimes h t h e r  disaggregated into basic 

education, involving the provision of general and remedial education, and 

occupational skills training consisting of the provision of skills suitable for a 

specific occupation or industry. 

Subsidies: programmes under this category consist of wage and employment 

subsidies to the private sector and subsidies for people to start their own 

businesses. These may be designed to encourage firms to hire new workers 

or to provide temporary work experience for targeted groups (Heckman, 

LaLonde, & Smith, 1999). 

14 See Grubb (1994). Heckman, LaLondr, Rr Smith (1999), Gardiner ( 1  997). Campbell (2000) and 
Robinson (2000) for alternative listings of these types of programlncs. 



Public Job-Creation: in these programmes the public sector provides jobs, 

often of a temporary nature, to particular target groups in order to provide 

them with work experience. 

Other Measures: this category covers a range of programmes including 

specific assistance for youth and the disabled. These measures for youth 

may include programmes similar to those listed under public service 

employment, occupational training, subsidies and job creation, but focussed 

on the particular issues faced by this group. As far as the disabled are 

concerned, this may include some of the programmes listed above, but may 

also involve the provision of special disability support including sheltered 

workshops and special disability support. 

However, within this classification of active labour market policies, there is a wide 

range of heterogeneity in programmes. Heckman et a). (1999) point out that in the US, 

the same programme may be implemented in different ways in alternative locations due 

to the decentraljsation of the administration of many programmes. In addition, 

programmes sometimes consist of a number of services drawn from different categories 

in the classification system above. 

2.3 Rationale for Active Labour Market Policies 

The reasons for using active labour market policies have changed over time. In the 

immediate post World War Two period, active labour market programmes were used 

for two reasons. Firstly, they were part of the n~acroeconomic policy of governments in 

the OECD, whereby the expenditure involved in these programmes was a component of 

governments' overall stabilisation programmes for their economies. In recessions, 

expenditure on active labour market policies increased in order to promote growth in the 

economy through fiscal stimulus (Sihto, 2001). The second major reason for initially 

using active labour market programmes was as a part of "manpower planning", which 

aimed to provide relevant skills for workers to meet the needs of industry in expanding 

economies. 



However, the motivation for the use of active labour market policies has changed since 

the mid-1970's and is now based on a recognition that the increase in unemployment 

levels cannot be solved by demand-side policies alone (Jackman, 1995, Jackrnan, 

Pissarides, & Savouri, 1990 , Cockx, 1999, and Pierre, 1999) due to imperfections in the 

operation of the labour market (Friedlander, Greenberg, & Robins, 1997, Payne, Casey, 

Payne, & Co~molly, 1996 and Campbell, 2000). Given the change in focus of active 

labour market policies towards solving unemployment problems, it is necessary to 

understand the causes of unemployment that these policies address. 

Research into the causes of the increase in unemployment levels, and the proportion in 

the long-term unemployed" category, point to two associated factors: firstly changes in 

the economy and secondly the failure of the labour market to adjust or to adjust quickly 

to these changes (Jackrnan, 1995, Jackman, Pissarides, & Savouri, 1990, Payne, Casey, 

Payne, & Connolly, 1996, Cockx, 1999 and Campbell, 2000). 

Changes in the economy have resulted from fluctuations in growth rates and changes in 

the pattern of labour demand. As pointed out by Jackman (1995) and Jackman, 

Pissarides and Savouri (1990) the period of strong growth in Europe in the late 1980s 

and early 1990's following very slow growth from the mid-19701s, failed to reduce 

unemployment to the levels that had existed in the 1960's before the slowdown. 

Unemployn~ent, therefore, remained higher even in subsequent periods of strong 

growth. This was due in part to the change in the pattern of labour demand over the last 

thirty years, with an increase i n  demand for professional, technical and managerial jobs 

and a decrease in denland for the unskilled and those in manufacturing-based jobs 

(Payne. Casey, Payne, & Connolly, 1996, Cockx, 1999). As economies have undergone 

structural change, there has been an increasing mismatch between the skills demanded 

by industly and those supplied by potential workers (Jackman. 1995, Jackman, 

Pissarides, & Savouri, 1990 and Campbell, 2000). 

However, structural changes in the economy and associated changes in labour demand 

need not cause prolonged and increased unemployment if the labour market is operating 

15 The definition of long-tern1 imemployed varies across countries. In New Zealand, those who have been 
unemployed for 26 consecutive weeks are classified as long-term unen~ployed, whereas in Auslralia and 
the United king don^ i t  is 52 weeks. 



efficient] y, since an efficient labour market will generate the signals and responses 

necessary to resolve these mismatches. The increases in unemployment, therefore, arise 

from labour market imperfections and market failure which limit the ability of the 

labour market to adjust, or to adjust quickly, to changed circumstances. While a wide 

range of reasons for labour market failure has been posited by researchers, it is possible 

to place them into three broad categories: imperfect information and information 

asymmetries, distortions in the labour market and duration dependence. 

Imperfect information and information asymmetries may contribute to labour market 

failure. As far as imperfect information is concerned, this can lead to search 

unemployment as the unemployed are unaware of the opportunities that exist in the 

labour market or of the true costs and benefits associated with their labour market 

decisions. This is likely to increase as labour market turbulence increases (Campbell, 

2000). In addition, asymmetric information between employers and job seekers may 

lead to weak job matching and discrimination as each group uses different information 

to make decisions. As a result of this, employers may lack certainty as to the 

employability of job applicants, thus decreasing the likelihood of employment and 

increasing the likelihood of unemployment or duration of unemployment for specific 

groups of people (Calmfors, 1994). 

The presence of distortions in the labour market is the second broad category of causes 

of labour market failure contributing to unemployment identified by researchers. Wage 

rigidities in the labour market, whereby excess supply in the labour market fails to drive 

down the wage level, is one example of a distortion in the labour market. These may 

occur should people in jobs try to safeguard their wages and employment situation from 

people looking for work, as suggested by the "insider/outsider" theory (Lindbeck & 

Snower. 1988). These wage rigidities may also result from employers preferring to pay 

wages that are higher than market levels in order to motivate and retain existing staff, as 

posited by efficiency wage theories. In these circun~stances, not only do wages fail to 

fall in excess supply conditions, but further, there may be lower search or skill 

acquisition intensity (Jackman, 1995). 

Distortions in the labour market may also arise due to the design of unemployment 

compensation schemes. The relationship between the levels of unemployment 



compensation and unemployn~ent has been the focus of much research in labour 

 economic^'^. Economic theory suggests that an increase in unemployment 

compensation increases the unemployment rate. The reasons for this are that, as posited 

by job search theory, unen~ployment benefits reduce the incentives for the unemployed 

to search for work, and as suggested by efficiency wage theory, unemployment benefits 

reduce the cost of being unemployed, inducing workers to seek a higher wage and thus 

prolonging unemployment. While the empirical evidence on this relationship between 

the levels of unemployment compensation and unemployment is mixed. Spiezia (2000) 

posits that the effects vary depending on the type of unemployment compensation. 

There are two broad types of unemployment compensation: unemployment assistance 

and unemployment insurance. Unemployment assistance is received by all unemployed 

who match the eligibility criteria set by the gove~nment of their country. 

Unemployment insurance, on the other hand, is a contributory scheme. Spieza (2000) 

finds that for those who receive unemployment assistance, the level of the 

unemployment benefit tends to increase both the duration and incidence of 

unemployment. On the other hand. there is no effect for thosc who receive 

unemployment insurance. Whatever the cause of the these distortions in the labour 

market, the presence of distortions may lead to market failure and slow down the rate of 

adjustment in the market to changes that occur in the economy as a whole, or changes in 

labour demand and/or supply. 

The third category of causes of labour market failure is "duration dependence", which is 

the situation in which the longer people remain unemployed the lower is their likelihood 

of finding work. That is, the propensity to be employed falls as the length of time in 

unemployment increases, or the propensity to be unemployed increases with 

unemployment duration. This may occur due to the stigma associated with being 

unemployed in the labour marketI7, the deterioration in the work skills of the 

unemployed, their failure to acquire new skills (Ackum, 1991), and the fact that the 

unemployed lose contact with informal work-based networks (Payne, Casey, Payne, & 

Connolly, 1996). While studies find evidence of duration dependence, there is some 

research that it may in fact be "spurious" state dependence. Whereas genuine state 

16 See the survey articles by A~kinson &: Micklewright (1991) and Pedersen & Westergard-Nielsen 
(1993). 
17 Employers may use unemployment duration as a signill for the quality o f  the worker. 



dependence arises if past unemployment experience actually changes the likelihood of 

experiencing unemployment in the future, spurious state dependence may arise for three 

reasons (Narendranathan & Elias, 1993). The first is that individuals can differ in the 

propensity to experience unemployment. Should this observable and sometimes 

unobservable heterogeneity not be controlled for in research a causal link may be shown 

between past unemployment and future employment where there is none. The length of 

time unemployed may, therefore, be the result of a sorting process induced by the 

heterogeneity in the unenlployed population (Cockx, 1999). Secondly, if certain 

exogenous factors, including marital status, the number of children an individual has 

and local labour market conditions, are serially correlated and these variables are not 

controlled for, or are excluded from studies, the research may indicate spurious state 

dependence. Thirdly, correlation between past and present unemployment may arise 

due to the satnpling fianiework. In interval sampling, wherein individuals report which 

employment state they occupied in a particular period, unemployment may flow over 

two periods, thus leading to a spurious link between past and current unemployment. 

Overall, however, there is theoretical and empirical evidence that duration dependence 

is a factor in the length of time individuals are unemployed (Layard, Nickell, & 

Jackman, 199 1 ). 

Over the last three decades, active labour market policies have, therefore, been used in 

an attempt to overcome partially the increase in unemployment and long-term 

unemployment arising from the failure of labour markets to adjust quickly enough to 

changes which have occurred in economies. The theoretical rationale for these policies 

is that they attempt to overcome specific problems in the labour market. Robinson 

(2000) suggests that active labour market programmes can be divided into three main 

types: measures to reduce mismatcli and to enhance job search, measures to raise the 

skills of job seekers and measures to directly subsidise employment opportunities for 

target groups. Using Robinson's typology, i t  is possible to identify how, in theory, 

active labour market programmes work to improve individual and aggregate labour 

market outcomes. 

Measzrr.es to r-edz,lce ~nisnwrch and mhuncejoh search - Public employment 

programmes fit within this category. The main goal of these programmes is 

to improve entry to jobs and hours of work rather than to increase hourly 



wages (Robinson, 2000). There are arguments that the most effective way to 

provide this service is through public provision. Gmbb (1994) suggests that 

since job brokering is a natural monopoly, the centralisation of all vacancy 

and jobseeker information in a single agency is the most effective and 

efficient arrangement for this service, that private agencies may engage in 

abusive practices and that only a free public service can deliver the help 

required to people with otherwise poor labour market prospects. 

Measzrres to  wise the skil1,s qf' job seekers - Occupational training 

programmes are in this category. The rationale for these programmes is that 

training is likely to enhance skills, improve labour market contacts and 

provide employment-related experience (Finifter, 1987). Tliese effects 

potentially increase the probability of participants being employed, the 

duration of their employment and their hourly wage or income. 

Measures 10 di~-ectly sul,,r.idies erriploymenr opportzmifies - Employment 

subsidies, work experienceljob creation programmes and business start-up 

subsidies are covered by this category. Work experience through job 

creation for the unemployed may increase en~ployment directly, or if 

participation is temporary, then it may improve future employment 

prospects. Subsidies may be given for a targeted group that subsequently 

have improved labour market prospects due to work experience and the 

acquisition of firm specific skills (Grubb, 1994). They may also be given to 

firms in a difficult situation so that they retain workers. Further benefits of 

subsidies are that they have a human capital enhancing or preserving aspect, 

they increase the chances of a participant finding a regular non-subsidised 

job at the end of the programme and, if there is asymmetric information on 

the productivity of employees, subsidies facilitate temporary matches 

through which employers and employees have the opportunity to adjust their 

information (Kluve, Lehmann, & Schmidt, 2005: 5 ) .  However, whether the 

subsidy is provided to the employer or the employee, there are potential 

limits to the effectiveness of the programmes dire to deadweight loss, 

substitution and displacement effects (OECD, 1996b). Deadweight loss 

occurs in the circumstances where the firm would have hired the worker 

even if the subsidy had not been provided. Substitutioti effects occur when a 



worker taken on by a firm in a subsidised job is substituted for an 

unsubsidised worker who would have been hired. A displacen~ent effect 

occurs when there is displacement in the product market. For example, a 

firm with subsidised workers has a cost advantage that enables it to increase 

output and therefore reduce output and employment in finns who do not 

have subsidised workers. This can cause a decrease in the employment 

levels in non-subsidised firms. Due to these potential issues the emphasis on 

this type of programme has reduced over time (Robinson, 2000). 

Active labour market policies, therefore, while initially being part of macroeconomic 

stabilisation policy have become a component of governments' policies to overcome the 

problems of unemployment and long-term unemployment in particular. These policies 

are used as an attempt to overcome the failure of the labour market to work efficiently 

in response to changes in labour market conditions. Specific progranlmes have been 

designed to overcome the perceived causes of labour market failure that have 

contributed to the levels and duration of unemployn~ent. 

2.4 Utilisation of Active Labour Market Policies 

Before 1985, comparable data available to undertake cross-country analysis of spending 

on active labour market policies were limited. However, since then, the OECD has 

been collecting data on these measures enabling some cross-country comparisons. The 

levels of spending on active labour market policies, the proportion of spending on active 

labour market policies, as opposed to passive labour market policies and the types of 

programmes funded, are analysed below. Overall, this data indicates that while the 

levels and patterns of spending on active labour market policies vary across countries 

and over time some general pattenls are apparent. 

Analysis of the percentages of public labour market expenditure on active labour market 

programmes compared with passive labour market spending in OECD countries 

indicates that there was a greater emphasis on passive spending in the 1985 to 1998 time 

period. (See Table 2.1) Although there is variation between countries, and over time 

within countries, passive spending accounts for between one half and two thirds of total 



spending on labour market programtnes, with spending on active policies accounting for 

between one third and one half (Martin & Grubb, 2001:6). The country with 

consistently the highest percentage of spending on active labour market policies is 

Sweden with a high of 70% in 1985 and a low of 50% in 1998. In contrast, Australia 

and Spain have had the lowest percentage. In 1985 New Zealand was second only to 

Sweden in the percentage of total active labour market spending that was on active 

labour market policies. However, with the increase in unemployment in the late 1980's, 

this percentage declined quickly as the government increased its spending on passive 

labour market policies. In 1986 it was 43.5% and in 1987 it was 37.6%. By 1998, the 

percentage of labour market spending that was on active labour policies places New 

Zealand in the middle range for OECD countries. In the 1985 to 1998 time period, 

while there was a slight increase in the total spending on active labour market policies 

in the OECD, the share of labour market spending on active labour market policies has 

moved in line with the business cycle, with the percentage falling in the recession of 

1993 (Martin & Gn~bb,  2001 :9). 

Table 2.1: Active Labour Market Expenditure as a Percentage of Total Labour 
Market Expenditure 

~uslralia '  24.4 19.4 
Belgium 26.4 28.3 
 enm mark' 21 . X  22.3 
France 21.8 29.9 
~ e r n ~ a n ~ ~  36.5 47.0 
~ethcrlands' 37.0 32.7 
New Zealand 56.4 30.4 
spain" 10.5 23.6 
Sweden 70.8 65.8 
Switzerland 41.7 61.1 
Unikd ICingdom6 26.0 30.1 
United Stoles 32.9 33.3 

l 1 9 9 7  not 1998 
' 1986 not 1985 
" West Germany only in I985 
4 1996 no1 1 995 

1996 not 1995 
('I 997 not 1998 

Sozrrce: OECD D~zployrient Ozrtlook 1992 untl2000 



Data on levels of spending on active labour market policies in the 1980's and 1990's are 

available for OECD countries. Rather than reporting absolute levels of expenditure, 

Table 2.2 presents data on spending on active labour market policies as a percentage of 

GDP. Several features are immediately apparent. Firstly, data is not available for all 

countries pre 1985. Secondly, while the Level of spending on active labour market 

policies varied across OECD countries, the overall percentage of GDP spent on these 

programmes was low, ranging from a minimum of 0.16% of GDP in the United States 

in 1985 to a high of to 2.36% of GDP in Sweden in 1995. Thirdly, the trends in the 

percentage of GDP allocated to active labour market spending varied from country to 

country. For example, in New Zealand expenditure on active labour market policies as 

a percentage of GDP grew from the early 1980s into the 1990's and then declined in the 

late 1990's. On the other hand, expenditure in Germany grew consistently over the time 

period, while in Belgium the level remained constant. 

Table 2.2: Active Labour Market Policy Expenditure as a Percentage of GDP 

~us ln l i a '  
Belgium 
  en mark' 
France 
Ciennany3 
 elh her lands' 
New Zealand 
spain5 
Sweden 
Switzerland 
United F.ingdom6 
United States 

Year 
1980 1985 1990 1995 1998 

na 0.42 0.27 0.80 0.52 
na 1.23 1.07 1.38 1.34 

0.43 1.09 1.76 1.78 1.67 
na 0.67 0.80 1.29 1.33 
na 0.8 1 1.02 1.43 1.26 

0.66 I .90 1.07 1.51 1.74 
0.59 0.84 0.83 0.74 0.62 
0.18 0.34 0.75 0.66 0.68 
1.22 2.1 1 1.71 2.36 1.97 
0.07 0.20 0.22 0.48 0.70 
0.56 0.74 0.6 1 0.45 0.37 
0.16 0.28 0.25 0.19 0.17 

' 1997 not 1 998 
1986 no1 1985 
Wesl Gennany only in 1980 and 1985 

9 996 no1 1995 
' 1996 not 1 995 " 997 not 1998 
na - not available 

Sotrrer: Frotn OECL) Social Espa~ditwr du/nhnse: 2001 Puhlic E.~pcnditurc Volutnr I :  Public and 
Munhmq) PI-ivrrle E.rpenciit~rre. OECD Etnploy~net~r Oz~tlook 1992 and 2000, and OECD Dnploy~~erit 
Ouhok 1992 urd 2000 



A comparison of the actual levels of spending across countries also shows that some 

countries appear to have a consistently greater commitment to the use of active labour 

market policies than others. Over the 1980's and 1990's the United States had 

consistently the lowest allocation of spending as a percentage of GDP on active labour 

market policies, while Sweden had the highest. Denmark, Bclgium, Germany, and the 

Netherlands have also committed relatively high levels of spending to active labour 

market policies. Those with relatively lower levels, as well as the United States, are 

Switzerland and the United Kingdom. As far as New Zealand is concerned, the level of 

spending on active labour market policies was in the middle range of these countries. 

New Zealand increased its commitment to active labour market policies with the 

proportion of GDP spent on these policies rising from 0.59% of GDP in 1980 to peaks 

of 0.83% and 0.83% of GDP in 1'385 and 1990. As the New Zealand economy 

improved in the 199OYs, expenditure on active labour market policies as a proportion of 

GDP declined, but in the mid to late 1990's remained higher than in 1980. 

There is large variation in the types of active labour market programmes that countries 

have emphasised in the 1985 to 1998 time period (see Table 2.3). The United States, 

the United Kingdom aud Australia have placed increasing emphasis on Enlployment 

Services, with 43.2% of active labour market spending in United Kingdom in 1998 

being on this activity. On the other hand, New Zealand and Denmark, with 5 1.6% and 

42.5% respectively in 1998, have emphasised training prograrnmes. The emphasis on 

wage subsidy programmes varied greatly across countries. In the United States and 

United Kingdom these programmes barely feature at all, whereas in Spain these 

programmes have been important throughout the period and in Belgium and France they 

have moved from being of little importance to being a major emphasis by the end of the 

1990's. New Zealand has also increased spending on wage subsidy programmes from 

4.8% of active labour market programmes in 1985 to 14.5% in 1998. Start-up subsidies 

have not been important, except in Spain in 1985 and 1990. Work experience 

programmes have been emphasised in Belgium, but even there the percentage has 

declined over time. In Switzerland the percentage of spending on these programmes is 

increasing. In New Zealand, work experience programmes were an important part of 

the government's active labour market approach in 1985, but by 1998 played only a 

minor role. Youth and disabled programmes are very important as a proportion of 



spending on active labour market policies in United Kingdom, United States, Sweden, 

Netherlands, France and Denmark, but are not in New Zealand. 

The degree to which active labour market policies, as opposed to passive policies, were 

used, the level of expenditure on these policies and the types of programmes which 

were utilised by governments from 3985 to 1998 vary across countries and over time. 

These differences are also quite considerable. For example, in 1998 Sweden allocated, 

as a percentage of GDP, approximately three times the resources of New Zealand, six 

times the resources of the United Kingdom and over eleven times the resources of the 

United States to active labour market policies in the same year. A further example is in 

the importance of training in active labour market programmes adopted by 

governments. In 1998, Denmark allocated 42.5% and New Zealand 51.6% of its 

spending to training, while Australia only allocated 9.6%. The lack of uniformity and 

consistency across countries raises questions as to the general effectiveness of active 

labour market policies, how the effectiveness of particular programmes varies across 

groups of people, and how these effects are influenced by the economic conditions in 

which people live. 

2.5 Approaches to the Evaluation of Active Labour Market Policies 

The wide but varied use of active labour market programmes across countries has been 

accompanied by growth in the number of evaluation studies of these programmes. A 

key component of this has been economic evaluation of active labour market policies, a 

subset of the broader field of evaluation. Economic evaluation has become more 

prevalent since the Second World War as welfare states have needed to make resource 

allocation decisions to overcome problems in their economies and then to evaluate the 

effectiveness of tllese decisions. In this section, the major evaluation paradigms are 

discussed, an overview of the nature of economic evaluation is outlined, and its position 

within the major evaluation paradigms identified and the main approaches to economic 

evaluation are presented. 
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Although evaluation research has a history that dates back to the 17Ih Century, it has 

really only become a systematic endeavour in the 20Ih Century, particularly in the 

second half of the century, as relevant data and methodologies became available and 

ideological and political changes encouraged its adoption (Rossi & Freeman, 1999: 9). 

The growth in the importance of the evaluation field is reflected not only in the number 

of evaluation studies that have been undertaken, but also in the establishment of major 

evaluation journals and professional ~ r ~ a n i s a t i o n s ' ~ .  

Programme evaluation, an important component of evaluation research, is 

. . .the use of social research methods to systematically investigate the 

effectiveness of social intervention programmes. I t  draws on techniques and 

concepts of social science disciplines and is intended to be useful for 

improving programmes and infonning social action aimed at ameliorating 

social problems. (Rossi & Freeman, 1999: 35) 

Since the evaluation field has been influenced by a range of social science disciplines, a 

number of distinct approaches to programme evaluation have been utilised by 

researchers and, following Virtanen and Uusikyla (2004: 80-82), these can be 

categorised into three broad paradigms. The first paradigm. "a goal-free-approach", has 

phenomenology as its philosophical base. In this paradigm, evaluation is viewed as a 

social, political and value oriented enterprise and not a scientific process. The emphasis 

in this paradigm is on negotiation between stakeholders alongside which an evaluation 

agenda is developed. Programmes are described holistically and from the perspective of 

participants. The methodology includes ethnography, case studies, participant 

observation and triangulation, and is based on approaches developed in socioloby and 

anthropology. The outcome is to present an holistic portrayal of the programme in 

process. 

In  Examples of journals devoted to evalualion of policy and programmes are Evaluation Review, 
Evaluation Practice, Evaluation and Programme Planning, Manpower Planning, Evaluation Journal of  
Australasia and Journal oFPolicy Analysis and Managcnient. Professional organisations in h i s  field 
incli~de American Evaluation Association. Australasian Evaluation Society. European Evaluation Society 
and UK Evaluation Sociely. 



The second paradigm, the "goal-bound-approach", has a positivist philosophical base. 

The aim of programme evaluation in this paradigm is to identify causal links and to 

judge the worth of a programme against particular goals. These goals could be for the 

participants, for sub-sets of the population, for the programme as a whole or for the 

economy. A range of experimental and non-experimental designs are used as well as 

cost-benefit analysis. The discipline base for this approach is economics and political 

science. The outcome in the positivist paradigm is to provide information that 

contributes to the decisions on whether to start, continue or expand a programme. 

"The realistic approach" is the third broad paradigm identified by Virtanen and 

Uusikyla (2004). This approach is based on the view that social programmes are 

. . . undeniably, unequivocally, unexceptionally social systems. They . . . 
comprise the interplays of individual and institution, of agency and structure 

and of micro and macro social processes. (Pawson & Tilley, 1997:63-4) 

Given this social nature of programmes, the focus of evaluation in this paradigm is to 

identify and analyse mechanism-context-outcome relationships. The researcher, 

therefore, tries to understand what may work in particular circumstances. This is 

achieved by collecting multiple data types and analysing these within the context of the 

programme. This paradigm is based on social policy and sociology disciplines and has 

an understanding of the mechanism-context-outcome relationships as its aim. 

Economic evaluation, an approach that firs in the second paradigm, the goal-bound 

positivist paradigm, is broadly defined as "a systematic attempt to identify, measure and 

compare the relevant costs and outcomes of alternative interventions" (Sefton, 

2003:74). Thus the aim of the evaluation is summative, to help determine the worth or 

usefulness of a programme. This is often measured by pre-existing, clearly defined 

goals that the programme is expected to achieve or that the researcher indicates are 

appropriate. Many economic evaluations look at only part of the information required, 

for example the costs or the outcomes associated with the programme, rather than both 

the costs and outcomes. 



Within the field of economic evaluation of programmes, there are two broad analytical 

frameworks. These are the nlacroeconomic general equilibrium and the microeconomic 

analytical fmmework. Since the aim of active labour market policies is to reduce 

aggregate unemployment, or to increase aggregate employment, adopting a 

n~acroeconomic analytical framework is a logical one (Schwanse, 1996). 

Macroeconomic evaluations of active labour market policies consist of two major 

approaches. The first approach evaluates the impact of total public spending on active 

labour market policies on aggregated labour market outcomes. These types of studies 

involve utilising a macro model of the economy and analysing the effect of spending on 

active labour market policies on the level of employment, the unemployment rate, and 

the wage level". The use of the Beveridge curve, which shows the relationship 

between unemployment and vacancies, is a common feature in these models. Often 

these are cross-country studies that attempt to relate expenditure on active labour 

market policies per person to aggregate labour market variables. An example is the 

study of unemployment UI Europe by Layard, Nickell, and Jackman (1991). 

The advantage of this aggregate approach is that it provides information on the net 

effect of labour market policies. However, i t  has a number of disadvantages as these 

studies do not necessarily give details on the size of the substitution and displacement 

effects, nor the deadweight loss. There is also a timing issue associated with this 

approach, since spending 011 active labour market policies may take a number of years 

to have an impact, yet studies often look at contemporaneous data (Pierre, 1999). A 

number of other weaknesses are identified by Calmfors (1994). Firstly, he notes that 

these empirical studies do not take into account the job creating effects of active labour 

market policy that arise from increased l a b o ~ ~ r  force participation. Secondly, the effects 

of active labour market programmes may well be influenced by the level of 

unemployment in an economy; there are theoretical arguments outlining why active 

labour market programmes should be more effective with higher unemployment. 

Thirdly, there is the possibility of simultaneity bias due to the fact that the relationship 

between expenditure on active labour market programmes and unemployment is bi- 

directional. Despite these weaknesses, the aggregate approach can provide some useful 

I Y Layard. Nickell, and Jnckman (1991) developed such a model that has been used in a number o f  studies 
including those by Bcllman and Jackman ( 1996) and Scarpetta ( 1996). 



insights into the aggregate impact of active labour market policies (Calmfors, 1994, 

OECD, 1993b and Jackman, 1995). 

The second macroeconomic evaluation approach evaluates the aggregate impact of 

individual active labour market programmes. These studies attempt to measure the net 

effects of programmes on aggregate labour market outcomes. This group of studies 

includes those that attempt to answer the questions as to whether or not these 

programmes are worthwhile social investments. As mentioned earlier, it is possible that 

there are deadweight losses, and substitution and displacement effects associated with 

active labour market programmes. As well as these, there may be other indirect effects, 

both positive and negative, resulting from the programme. Therefore, even if 

n~icroeconomic analysis suggests that a particular programme produces, for example, 

earnings gains for participants, there is still the question as to whether or not i t  is 

socially beneficial (LaLonde, 1995). 

The quantitative approach to the issue of whether or not a programme is a worthwhile 

social investment has been to undertake cost%enefit analysis. The advantage of this 

technique is that it provides a systematic way for approaching policy evaluation (Pierre, 

1999), in that it involves measuring the net social benefit by subtracting the 

programme's costs from its discounted stream of benefits2". The costs and benefits 

include both the direct and indirect costs and benefits. This can include estimates of the 

following (Heckman et al., 19992044-5): 

Be~lCIfifs 

Discounted earnings of par 

Value of output provided by trainees while training 

Savings in administration costs ofreduced use of social welfare 

Reduction in anti-social behaviour 

-70 Examples of cost benefit analysis studies include Long, Mallar. & Thornton (1981) and Orr et al. 
( 1995). 
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costs 

Operating costs 

Costs of education and training expenditures 

Foregone earnings associated with participation 

Costs associated with displacement 

A weakness of this approach is that it is ofien sensitive to the time period used, as future 

benefits often need to be extrapolated from existing, short time periods. In addition, 

some of the effects are difficult to measure in monetary terms, for example 

psychological effects of a programme. 

The second tnajor analytical framework within the field of economic evaluation of 

programmes is inicroeconomic evaluation. Microeconomic evaluations attempt to 

answer one of the two questions that Heckman et al. (1999) state as the relevant 

evaluation questions; that is, do participants in government employment and training 

programmes benefit from these interventions? Answering this question involves 

identifying questions of interest, solving the evaluation problem, and considering the 

strengths and weaknesses of experimental and non-experimental evaluation approaches. 

In this section, the evaluation problem is briefly identified along with potential 

questions of interest. The remainder of the issues that need resolving in microeconomic 

evaluation, solving the evaluation problem, and considering the strengths and 

weaknesses of experimental and non-experimental evaluation approaches, are analysed 

in Chapter Three. 

The central evaluation problem in microeconomic evaluation is a missing data problem 

(Rosenbnum & Rubin, 1983, Heckrnan, 1996 and Puhani, 1998). Following Heckman 

et al. (1999) the simplest form of the evaluation problem is as follows. People are in 

one of two mutually exclusive states, 0 for those who do not participate in active labour 

market programmes and I for those who do participate in active labour market policies 

(Di = 0 for non-participation and D, = 1 for participation). Associated with each state is 

an outcome or set of outcomes. These could include employment status, unemployment 

duration, hourly wage, earnings, quality of job or other labour market outcomes. These 

outcomes are represented by Yo, and Y I ,  corresponding to non-participation and 



participation in an active labour market programme. Each person has a ( Y o ,  Y I )  pair. 

The choice of the base state "0" is arbitrary, but it is assumed that a well-defined base 

state exists. 

The gain to the individual i from participation in active labour market programmes, that 

is in moving from "0" to "1 ", is given by 

Ai is the gain to the individual from participating in the programme when compared 

with not participating in the programme. If it was possible to observe both Yo, and Yii 

then it would be possible to calculate the gain, A,, for each individual. The evaluation 

problem arises, however, because i t  is not possible to know both Y I ,  and YO, for anybody 

as the states are n~utually exclusive. That is, at a point in time the outcon~e for an 

individual can only be observed for Di = 1 or Dl = 0, not both. 

Microeconomic evaluation studies attempt to overcome this missing data problem by 

identifying a counterfactual. Counterfactuals in economics are the outcome that would 

have occurred in a different state. Often the counterfactual is the outcome in the non- 

treated state for an individual who receives treatment. However, the counterfactual 

could be the outcome in the treated state for individuals who do not receive treatment. 

The difference between the actual outcome and the outcome determined by the 

counterfactual is the causal effect of a treatment. Therefore, for the purposes of 

causation a counterfactual statement characterises "the way things could have been" if 

the individual had been in the other state (Kluve, 2004). Since it  is impossible to 

construct a counterfactual for an individual, the evaluation problem is often redefined in 

terms of the mean of Dl for various populations of interest. 

There are several counterfactuals that evaluators estimate. Commonly used are the 

impact of participation on participants and the impact of the programme on someone 

drawn randomly from the population as a whole. Heckrnan et al. ( 1  999: 188 1) identify 

a number of further counterfactuals that may be of interest to evaluators, assuming that 



there are no indirect effects on non-participants from the involvement in the programme 

of participants. These co~nterfactuals include: 

The proportion of programme participants who benefit from the 

programme, 

The proportion of the total population benefiting from the programme , 

Selected quantiles of the impact distribution, 

The distribution of gains at selected base state values, eg in the lower tail, 

The increase in the proportion of outconle above a certain threshold y due 

to a policy. 

As well as these counterfactuals, microeconomic evaluators are interested in the effect 

of advertising, local labour market conditions, family income, race or sex on decisions 

to participate in active labour market programmes. Further, the effects on government 

providers' decisions to accept and place applicants, of performance criteria, of local 

labour market conditions, of family background and local labour market conditions on 

the decision to drop out of a programme are of interest, as are the costs of training 

workers in different ways (Michalopoulos, Bloom, & Hill, 2004). 

In summary, economic evaluation of programmes has a philosophical base in positivism 

and attempts to answer questions as to the worth of a programme. There are two broad 

analytical frameworks used by researchers: the macroeconomic and the microeconon~ic 

domains. Neither of these analytical frameworks is the "correct" one, as the analytical 

framework chosen depends greatly on the purpose of the evaluation. the counterfactual 

of interest to the evaluator, the nature of the programmes and the availability of data. 

However, the research from both of these analytical frameworks provides insight into 

the effectiveness of active labour market policies. 

2.6 Effectiveness of Active Labour Market Policies 

Over the last few decades, there has been a large growth in the number of evaluations of 

the effectiveness of active labour market policies. Initially, most of these evaluations 

were undertaken in the United States, where mandatory evaluation is often a feature of 



federally sponsored programmes, but there has also been an increasing incidence of 

evaluations undertaken in Europe since the 1980's. Much of the empirical research on 

the effects of active labour market policies on rates and duration of unemployment is 

European-based, as the major labour market issue facing countries in Europe has been 

unemploytnent. Studies undertaken in the United States have concentrated on the 

effects of active labour market policies on earnings, as the distribution of earnings has 

been a major societal concern and research issue. The general research interest in the 

effects of active labour market programmes is clearly demonstrated by the large number 

of literature reviews attempting to synthesise these evaluations that have been 

undertaken, including those by Barnow ( 1987), Gueron (1  990), OECD ( 1993b), Bradley 

(1995), LaLonde (1995), Leigh and Michagas (1995), Bellman and Jackrnan (1996), 

OECD (1996b), Friedlander, Greenberg and Robins (1997), Heckman et al. (1999) and 

de Koning and Arents (2001). While the results of these studies are not clear-cut, an 

analysis of the empirical evaluations of active labour market policies has two major 

uses: it identifies, where they exist, some general findings on the impact of active labour 

market policies; and further, it highlights issues and questions that still need resolution. 

Since this study examines the effectiveness of active labour market programmes in total, 

and of subsidies, work experience and training programmes in particular, upon the 

unemployment outcome for participants in these programmes, this literature review 

concentrates on these aspects. 

2.6.1 The Overall Effect of Active Labour Market Policies 

Most of the economic evaluation research on the effect of active labour market 

programmes as a whole has been in the macroeconomic domain. A notable exception is 

the work of Sianesi (2001, 2002, 2003, 2004), who uses microeconomic techniques to 

evaluate, amongst other things, the effect of participation in active labour market 

programmes as a whole upon participants. In this section, the findings from the 

macroeconomic research and that of Sianesi are analysed to estimate the impact of 

programme participation on unemployment. 

The macroeconomic method of evaluation of the effect of participation in active labour 

market programmes is important, as it can take into account not only the direct effects 



of active labour market policies on participants, but also the indirect effects on non- 

participants and the economy as a whole. De Koning (2001: 20) indicates that the 

following direct and indirect effects from active labour market policies may be 

measured through the use of macroeconomic models: 

Direct EJects 

An increase in total employment and a reduction in unfilled demand 

and unemployment due to more efficient matching 

A redistribution of employment opportunities across groups in the 

labour market 

An increase in effective supply as people who are currently 

unemployed become employable 

An increase in employment due to job creation and subsidised jobs 

Indirect E'fects 

A moderating effect on wages due to more effective labour supply 

A decrease in government spending on unemployment 

Displacement and substitution effects on non-participaats which may 

cause the net effect of training to be negative 

A potential increase in reservation wages slowing down the transition 

from unemployment to employment 

Effects on a wide range of macroeconomic variables including 

consumption and investment due to changes in employment, 

unemployment and wages 

Macroeconomic evaluations attempt to estimate some of these overall effects using 

macro models. The major variants covered below are the use of the Beveridge Curve 

framework to measure the impact of active labour market policies on mismatch, of flow 

models to analyse the impact of active labour market policies on the transition from one 

labour market state to another, and of ad hoc specifications that measure the impact of 

active labour market policies on wages, unemployment and other variables. 



There are, however, a number of complications associated with interpreting the results 

of many of these macro models (OECD, 1993b). The first complication is that due to 

the lack of data on policy implementation labour market expenditure data is a proxy for 

policy effort. The second con~plication is that resources allocated to a programme 

usually increase as the effectiveness of the programme increases. However, since on 

occasions programmes have specific targets to meet, it may be the case that expenditure 

increases due to the lack of success in the programme. The third major problem is that 

governnlents tend to increase their spending on a range of labour market policies as 

unemployment rises. It can be difficult, therefore, to disentangle the effects of active 

labour market policies and, in addition, changes in spending may be responding to 

labour markets as much as they are affecting them. The final complication with 

interpreting these macro models is "cosmetic" versus "productive" effects. It is possible 

that part of the decrease in unemploy~nent apparently due to active labour market 

policies is in fact the result of a reclassification of unemployed persons who participate 

in active labour market policies into a training category. 

The Beveridge curve framework has been applied in a number of studies that assess the 

impact of active labour market policies on unen~ployment. De Koning (2001) refers to 

a number of cross country studies undertaken in the 1980's and 1990's and reports that 

overall they find either no evidence that total active labour market policies expenditure 

affects mismatch or that the impact is weak. A further evaluation using the Beveridge 

curve model specitication is that of Davia, Garcia-Serrano. Mernanz, Maol and Cortes 

(2001) who evaluate the effect of policies in Spain using regional data for 1987-1 995. 

They use three dependent variables in their models, the unemployment rate, the long- 

term unemployment rate and the transition from unemployment to employment, with 

the vacancy rate and a vector of economic and policy variables being the independent 

variables. They consider a number of programme impacts and conclude that together 

the results suggest that for Spain. although active labour market policies contribute to 

the reduction in unemployment, they do not greatly affect the outflow from 

unemployment to employment. Two possible explanations for this are presented. The 

first is that there is a lag in the influence of active labour market policies on the outflow 

from unemployment and the second is that active labour market policies can lower the 

inflows into unemployment. 



The second major modelling technique used to evaluate of active labour market policies 

within the macroeconomic analytical framework is flow models. There are a number of 

different approaches to flow or quasi-flow models. De Koning and Arents (2001) 

utilise a reduced-form equation with the change in unemployment being thc difference 

between inflows and outflows and with active labour market policies being 

detenninants of both inflows and outflows. Schmid, Speckesser and Hilbert (2001) 

develop a matching modcl based on the assumption that active labour market policies 

increase individual search efficiency in the matching process. Anxo, Carcillo and Erhel 

(2001) use a flow approach based on active labour market policies augmenting a 

matching function, with hiring as the outcon~e. 

As far as the results are concerned, there are similarities and differences between these 

approaches. De Koning and Arents' (2001) study of the Netherlands fi-om 199 1 to 1995 

uses three dependent variables: the outflows from registered unemployment to work, the 

yearly change in the level of registered unemployment and the yearly change in the 

number of people with the unemployment benefit. In this study, active labour market 

policies only have a significant impact on the outflows from registered unemployment, 

with job-brokering activities appearing to be more effective than specific measures like 

training. Schmid et al. (2001) utilise data from 142 German districts in 1996 and find 

that while the active labour market policies coefficients have the right sign, they are 

statistically insignificant. Anxo et al. (2001) analyse the effect of active labour market 

policies on unemployment outflows using monthly data aggregated at the regional level 

for France from January 1992 until February 1995 and for Sweden from October 1991 

to December 1995. They have three major findings: firstly, that there is no significant 

difference in the effectiveness of labour market policies between the two countries, 

secondly, that active labour market policies have positive impacts on unemployment 

outflows, and thirdly, that there is rcgional heterogeneity in the functioning of the 

labour market. Overall, these flow model studies suggest that active labour market 

policies do have an impact on flows out of unemployment. However, the size of the 

impact is small. 

Several ad hoc labour market and macroeconomic specifications which differ from the 

Beveridge curvc mismatch and flow modcls, have been used to evaluate the effects of 



active labour market policies on unen~~lo~ment" .  In the early and mid-1990's 

evaluations of the effect of active labour market policies on the unemployment rate 

were strongly influenced by the Layard and Nickell model. This model includes the key 

features of the Beveridge curve alongside wage setting and employment equations. An 

early example is the work of Jackman et al. (1990) who utilise this framework to 

identify the main factors that had affected unemployn~ent and vacancy rates in fourteen 

OECD countries from 1970 to 1988. One of their findings is that active labour market 

policies lower unemployment by shifting the Beveridge curve to the left and making it 

flatter; that is, by improving the marginal rate of job matching. The implication of this 

finding is that at given vacancy levels, countries which use these policies will have less 

unemployment than other countries and when vacancies increase the level of 

unemployment also falls faster than in countries with less spending on active labour 

market programmes. A further cross-country reduced-form study using the Layard and 

Nickell model is that of Layard et al. (1991) whose study of OECD countries in the 

1980's includes expenditure on active labour market programmes per unemployed as a 

ratio to GDP per capita as an explanatory variable. They find that increases in this 

variable decrease unemployment. Scarpetta (1996) also uses the Layard and Nickell 

framework for his analysis of the influence of labour market policies on unemployment 

from 1983 to 1993 tor 15 to 17 OECD countries, depending on data availability. He 

finds that although active labour market policies do have a negative impact on 

unemployment. the result is not nearly as large as that identified by Layard et al. (1991) 

due to the fact that these programmes give rise to large substitution and displacement 

effects. Scarpetta notes that while his results contrast with earlier macro studies of 

active labour market policies, they are consistent with a number of studies based on 

micro data. However, he points out that if Sweden is excluded from the panel, then the 

magnitude and statistical significance of the estimated coefficient for active labour 

market policies increases. This suggests that the results of many of these macro studies 

may be sensitive to the countries which are included in the analysis. 

A different ad hoc specification for evaluating the effect of active labour market policies 

on the unemployment rate is the structural equation modelling approach used by 

21 The other outcomes include the wage level and estimates of displacement effects. For research on the 
effect upon wages see Calrnfors and Nyinorn (1990) and OECD ( 1903b). For research on the effect of 
displacement see Skedinger ( 1905), cikd in de Koning and Arents (200 I ) and Forslund and Kmeger 
( 1997). 



Schmid et al. (2001). Analysing pooled cross-sectional data for Western Germany for 

1994 to 1997, they use a niodel that has long-term unemployment rate as the dependent 

variable with vectors of economic and policy variables and regional dummy variables as 

the independent variables. Their findings are that active labour market policies affect 

the aggregate unemployment level, but that its overall effect is minimal. 

Overall, the results from the tnacroecononiic evaluations are mixed and it is hard to 

draw general conclusions. There is some evidence that active labour market policies 

may improve matching leading to a small positive effect on the outtlow from 

unemployment. Should active labour market policies have effects at the 

macroeconomic level they appear to be minor. 

As mentioned above, the main contributor to an evaluation of active labour market 

policies as a whole using a niicroeconon~ic framework is Sianesi's work on Sweden 

(Sianesi 2001, 2002, 2003 and 2004). In her latest publication Sianesi (2004) studies 

individuals aged 18 to 55 in 1994 that entered their first unemployment spell in 1994 

and follows them until November 1999. Using a matching technique, she compares 

how unemployed individuals who participated in active labour market programmes 

perform with the counterfactual of waiting longer to receive the programme2'. In the 

analysis all of the programmes are lumped together as one treatment. The findings from 

this study are that there are two effects at work. The first is that there is a work 

disincentive embedded in the programme, in that those who enter a programme early 

are less likely to leave unemploy~nent while the programme is on than those who did 

not enter the programme. The second is that for those who enter a programnie earlier, 

there are a number of benefits: they have higher etnployment rates and a lower 

unen~ployment propensity and should they become unemployed, they are more likely to 

be entitled to benefits than those who do not enter the programme early (Sianesi, 2004: 

150). 

In summary, there is some evidence that active labour market programmes have 

beneficial impacts on unemployment. The tnacroeconomic studies have mixed results, 

but suggest that there were some small positive effects on overcoming mismatch and 

" This counterfactual is chosen since in Sweden if individuals remain unemployed long enough they will 
all eventually enter a programme. Tbererore, ihe counterfactual of no treatment is not appropriate. 
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increasing the outflow from unemployment. A major issue associated with 

tnacroeconomic evaluations is that the policies are not necessarily exogenously 

determined in the estimation models. I t  is quite possible that reverse causality exists, 

whereby the change in the dependent variable, unemployment, is causing a change in 

the independent variable, active labour market expenditure. This flaw in the 

macroeconomic evaluation approach is less of an issue in microeconornic studies. The 

mjcroeconomic analysis of Sianesi in Sweden suggests that individuals may gain from 

involven~ent in active labour market policies overall through a reduction in their 

propensity to be unemployed. However, a shortcoming of analysing the effect of active 

labour market policies in total is that the result hides a large degree of heterogeneity in 

effects that is likely to exist across the different programmes that are used. It  is 

necessary, therefore, to consider the effect of participation in subsidy, work experience 

and training programmes separately. 

2.6.2 The Effect of Subsidy Programmes 

Subsidies remain an important component of active labour market policies in several 

countries, particularly in continental Europe, based on their perceived benefits2'. An 

evaluation of the impact of subsidies on participants requires attention to be given to a 

number of important issues associated with the operation of subsidy programmes. 

These issues are whether or not subsidies are provided to employers or employees, 

whether employer subsidies are provided to public or private organisations and the 

effectiveness of subsidies or grants to individuals to set up their own business. 

The first issue associated with the operation of wage subsidy programmes is whether 

they are paid to employers or to employees. Partial equilibrium analysis suggests that, 

in the absence of distortions in the labour market and the condition that the labour 

supply before and after the subsidy responds to market incentives the same way, there is 

equivalence in the effect of subsidies on the labour market (Dickert-Conlin & Holtz- 

Eakin, 2000: 264-5). In other words, the cost of the subsidy, the levels of employment 

and the wage level is not intluenced by the decision to provide the subsidy to either the 

employer or the employee. However, this equivalence disappears if there are distortions 

'"ee Table 2.3 for details on Lhe use of subsidies and Section 2.3 for a discussion of h e  general 
advantages from using subsidies. 



in the market and individuals and firms have monetary and non-monetary costs from 

participation in the subsidy programme. An example of these costs is information costs, 

arising from asymmetry of information whereby individuals are unaware of the 

existence of the employer subsidies requiring firms to incur recruitment costs. Another 

example is costs associated with asymmetric information regarding the productivity of 

potential employees. In these situations, the equivalence between employer and 

employee subsidies disappears. In the presence of wage rigidities, the enlployment 

effect of subsidies may also depend on whether the subsidy is provided to the employer 

or the employee (Cockx & Gobel, 2005: 2). In these circumstances, subsidies provided 

to employees will be more effective in raising earnings whereas employer subsidies are 

more effective at increasing employment. Further, employer subsidies can create 

stigma effects for those who are employed under these schemes. On the other hand, 

employee subsidies allow for better targeting without the stigma effect (Katz, 1996: 6). 

The issue of whether subsidies should be directed at the employer or enlployee is better 

addressed directly in a number of studies. B. Bell, Blundell and van Reenen (1999b: 

51-2) report an experiment undertaken in Illinios, United States, in which new 

unemployment claimants were allocated randomly to one of three groups. One group 

was offered a voucher that they received if they found a job within eleven weeks; that is 

an employee subsidy. The voucher for the second group could be redeemed by the 

employer once the claimants had been employed and the third group was a control 

group. The findings by Woodbury and Spiegelman (1987) are that there was a very 

small positive impact on movement off unenlployment by those who received the 

employee subsidy and no significant effect for the employer subsidy. However, the low 

level of the subsidy, $500, nlay partially explain this result. Dickert-Conlin and Holtz- 

Eakin (2000) compare the outconles from many employer and employee subsidy 

schemes in the United States and conclude that employer subsidies, unless highly 

targeted, are not effective in reaching the most disadvantaged groups. However, if the 

subsidies are highly targeted, they then have strong stigma effects associated with 

participation in the subsidy programme. They do find, nevertheless, that that these 

programmes do have the potential to raise employment levels. Dickert-Conlin and 

Holtz-Eakin suggest that employee subsidies are more effective as they do not have the 

same stigma effect as employer subsidies since they do not require the same tight 

targeting. While there are extra costs in the information dissemination and 



administration of these subsidies, the participation rates with these types of subsidies are 

higher than for employer subsidies. 

Despite the theoretical and empirical evidence suggesting that employee-based 

subsidies may be superior to employer-based subsidies, the major form of subsidy 

programme for the unemployed in New Zealand from 1989 to 1997 was employer 

based. The review of the literature on the effect of subsidies on participants, therefore, 

focuses on subsidies provided to employers. Overall, the results of these studies are 

inconclusive with some finding positive effects, others negative and yet others 

insignificant effects upon participants. 

There are a number of sh~dies that suggest that subsidy programmes provided through 

employers have a negative or insignificant impact on participants, compared with the 

counterfactual of not participating in these programmes. Erhel, Gautie, Gazier and 

Morel (1997: 294), reviewing a number of United States' studies, suggest that the 

findings are overall pessimistic. The reasons for this, they argue, are that the level of 

subsidy to employers is often insufficient to overcome their reluctance to employ the 

least employable and that wide targeting of the subsidy results in large deadweight 

losses. 

Some of the research on European subsidy programmes has produced similar results. 

Using matching estimation Kluve et al. (2005) find that wage subsidy schemes applied 

in Poland in the early 1990's have a strongly negative effect upon men and an 

insignificant effect upon women participants. They note that this is likely to be due to 

stigma effects and benefit churning, wherein individuals participate in the programme 

as it enables them to meet criteria to continue being eligible for the unemployment 

benefit. This negative effect of subsides is also found for the Workstart Pilots in Hull 

and Medway/Maidstone, England (Bryson, Lissenburgh, & Payne, 1998). In these 

pilots, people aged 18 to 50 who had been receiving the unen~ployment benefit for at 

least two years, had access to employment subsidies provided through employers and to 

job search assistance. There were benefit penalties if individuals who met the criteria 

chose not to participate. The results are that eight months after the start of the 

programme, while there is an increase in movement to jobs in Medway, these are to 

temporary or part-time positions. In Hull, there is no real effect. Van Ours (2004), 



using duration analysis to estimate the effect of subsidy programmes in Slovakia, finds 

that while subsidised jobs of a short duration are effective, long-term subsidised 

positions actually reduce the likelihood of the unemployed moving into work compared 

with those who do not participate due to locking-in effects. The locking-in effect is 

where attachment to welfare increases as a result of participants committing to an 

intervention and reducing their effort to move out of unemployment. In other words it 

is the effect on the probability of finding employment due to participation in an 

intervention programme (Sianesi, 2003:21). A similar rcsult is found for Germany 

where the effects of a twelve month subsidy scheme for men estimated over the 2000 to 

2002 time period using matching techniques suggests that in the first twelve months 

there is a significant locking-in effect followed subsequently by an insignificant effect 

upon men (Caliendo, Hujcr, & Thornsen, 2005). 

On the other hand, there are several studies that point to a positive impact of employer- 

based subsidy schemes. In a review of several United States studies, Blank and Card 

(2000) find that subsidies delivered through employers can increase the employment 

prospects of the disadvantaged. De Koning (1993) uses a quasi-flow macroeconomic 

framework to analyse the impact of two subsidy programmes in Holland. The two 

programmes offer employers who hire a person categorised as long-term unemployed 

compensation in the form of a wage subsidy. Taking into account deadweight and 

displacement effects, de Koning finds that both schemes add to the re-employment 

probability of the long-term unemployed. The microeconon~ic evaluations in Europe 

that find positive effects for subsidies allocated through employers are mainly for 

Swedish programmes. Carling and Richardson (2004), using hazard functions to 

estimate the impact, find that subsidised wage programmes in Sweden are more 

effective than classroom training. Fredrickson and Johanssen (2004), also using hazard 

functions. find that while there are short-term locking-in effects, there are long run 

positive effects from participation in wage subsidy programmes in Sweden. Finally, 

Sianesi (2003), using matching estimation methods, finds that those who participate in 

subsidy programmes in Sweden have 20 to 25% higher employment rates five years 

after participation. 

Overall, although subsidies to employers have often been proposed by economists as a 

flexible method to improve the employment prospects of the disadvantaged, the effect 



of participation in employer-based subsidy programmes is not definitively identified by 

the empirical research. It is apparent that while there may be benefits, they do not occur 

in all countries. Further, these benefits vary over time and over the length of the 

subsidy. In the short run there is often a locking-in affect, as participants decrease their 

job search intensity. However, increasing the duration of a programme does not 

necessarily increase the positive effect of a programme. Evidence from Slovakia 

indicates that longer programmes may lead to a negative outcome due to stigma and 

longer locking-in effects (van Ours, 2001 ). 

Assuming that the wage subsidy is allocated through the employer, the second major 

issue associated with the operation of subsidy programmes is whether they are paid to 

private businesses or public sector organisations. Subsidy programmes have been 

provided through both channels in the past. The argument for providing subsidies 

through private organisations is that, assuming the criteria for these firms receiving the 

subsidy are correctly implemented. employees are kept in contact with the "real" labour 

market and there is a greater likelihood, therefore, of the individual gaining marketable 

experience and subsequent employment. The case for provision through public sector 

organisations is that this is likely to avoid displacement and deadweight loss effects as 

well as potentially providing benefits to local communities. 

As there is no strong theoretical justification, i t  is an empirical question as to which of 

the two approaches is optimal. However, the empirical evidence is also mixed. Gerfin, 

Lechner and Steiger (2002) analyse two schemes in Switzerland using matching 

estimators. They choose a dataset consisting of those who were registered as 

unemployed on 3 1 December 1997 with an unemployment spell of less than twelve 

months, who had not participated in any major programme and who were aged between 

25 and 55 years. Information on these individuals is available from January 1996 until 

December 1999. They find that subsidies to individuals to work in private sector firms 

are more effective at getting the unemployed back to work than those for individuals 

who receive subsidies to work in public organisations. However, Gerfin et al. find that 

for those who would have found a job easily anyway both subsidy programmes have a 

negative effect. On the other hand, there is a positive effect from both approaches for 

those who have long, or potentially long, unemployment durations. The effect for this 

group is much larger for those in private sector firms. 



In contrast to this finding that subsidies to private sector finns are superior to those 

given to public sector organisations, are the estimated impacts of Lubyova and van Ours 

(1999) and van Ours (2004). Lubyova and van Ours use data from 1992 until 1998, 

choose those who became unen~ployed in 1993 in 20 districts in Slovakia, and apply 

hazard estimation techniques to evaluate the effect of participation in two types of 

subsidy programmes. The first type is termed "socially purposeful jobs" and involves 

subsidies and loans to the private sector. The second, "publicly useful jobs", involves 

subsidies to public sector organisations for public works. The results of the analysis, 

once sample selection issues have been taken into account2', is that publicly useful job 

subsidies have a strong positive effect upon exit from unen~ployn~ent, while socially 

purposeful jobs have a negative effect on the transition rate. This finding is supported 

by the work of van Ours (2004) in Sweden who finds that private sector based 

subsidised jobs are less effective at moving people out of unemployment than jobs 

subsidised in the public sector. A possible explanation for the inferior performance of 

private sector jobs in these two studies is that there is a stronger locking-in effect 

reducing job search effort with private sector than public sector subsidised employment. 

The third major issue associated with subsidies is how effective they are when provided 

to the unemployed to start up their own business. Start-up subsidies are a minor 

component of the active labour market programmes adopted by most governments. 

This is the result of governments failing to resource these programmes to a large scale 

and the unwillingness of large numbers of the unemployed to take advantage of the 

opportunity provided by start-up subsidies. Nevertheless, there is an economic case for 

the use of start-up subsidies for the unemployed. This is outlined below, as are the 

details of start-up subsidy schemes and the research findings on their effects. 

The economic case for the provision of start-up subsidies to the unemployed rests on 

two assumptions: that market imperfections exist and that there are externalities 

associated with the creation of new businesses (Metcalf & Benson, 2000). Market 

imperfections can lead to inefficiencies in the financial market and the failure of 

potentially viable businesses to obtain credit and critical financial resources. A survey 

14 An explanation of  selection bias is covered in Section 3.2.2 in Chapter Three. 



of micro-finance providers, micro-finance intermediaries, the unemployed and 

commercial lenders in Europe and the United States undertaken by the International 

Labour Organisation in the 1990's finds that there are a number of credit criteria biases 

that work against the poor and unemployed. These are (Metcalf & Benson, 2000:2-3): 

A preference by banks for existing customers 

The need for potential borrowers to have a record of successfil loan 

repayments from reputable sources 

The absence of a bad debt record. The unemployed are more likely to have 

had a history of non-payment of loans than the employed 

Having an en~ployed spouse. Many unemployed also have an unemployed 

spouse 

A bias by banks towards and against particular groups. There is evidence of 

racial bias and bias against the unemployed 

A risk premium on loans for small businesses, which are the businesses that 

the unemployed are most likely to develop. This risk premium may be the 

result of an oligopoly market structure in banking leading to higher prices 

for particular segments 

These factors can militate against the unemployed accessing the financial resources that 

are a critical component of small business survival (Kelly, Mulvey, & Lewis, 2002: 

The second assumption that provides the basis for start-up subsidy interventions is the 

presence of externalities. Externalities could create a divergence between the public 

and private returns from business start-up with the public return being greater. These 

externalities may arise from the indirect employment effects of business start-up which 

the potential entrepreneur does not factor into the decision on whether to start a 

business. For example, the establishment of a new enterprise may also lead to extra 

jobs for otliers in the economy in addition to the movement out of unemployment by the 

owner. Other factors that may cause a divergence behveen the public and private 

returns from investing in the business are the establishment of a new business that may 



contribute to positive competition effects in the market and the development of an 

enterprise culture in the economy (Meager, 1997: 496). 

Many governments have recognised the economic case for start-up subsidies and have 

implemented these programmes. Although the characteristics of these programmes vary 

to some extent across countries, there are a nunlber of common design features 

including eligibility criteria and screening, decisions on the mode of the subsidy, pre 

and post participation training, support and advice and decisions on the scale and 

duration of payment (Meager, 1997: 498-501). Each of the programmes has eligibility 

criteria which screen potential participants. These criteria may be interpreted by the 

unemployed as they choose whether or not to apply or participate in the programme, or 

may be part of an interview process carried out by administrators. The aim is to ensure 

that potential applicants want to be self-employed and have the aptitude to be successful 

(S. Wilson & Adams, 1994: ix). The process may also involve the development by the 

applicant of a business plan which is then assessed to judge the probability that the 

business will succeed. There is evidence that even if the criteria arc very broad, for 

example emphasising that a potential participant must be unemployed for a certain 

length of time to be eligible, the characteristics of those who participate are fairly 

consistent across countries. They tend to be male. well educated and over thirty years 

of age. The mode of the subsidy varies between lump sun1 and periodic payment. The 

case for the lump sum is that it may help the business overcome capital barriers to start- 

up. In order to increase the likelihood of success, many of the schemes include training, 

counselling and advice throughout the programme and sometimes afterwards. This is 

intended to help overconle some of the shortcomings that participants may have in the 

areas of business experience, acumen and processes. A further detail that needs to be 

resolved in each subsidy scheme is the length of the programme and the size of the 

payment. There has been a tendency by governments to calibrate the size of the 

payment with the unemployment benefit level in order to avoid distorting the choices 

faced by the unemployed (S. Wilson & Adatns, 1994: 1 I). 

There are several issues associated with the operation of start-up subsidy schemes. The 

first is that they are administered by government agencies, yet one of the aims is to 

create successhl private businesses. This is often addressed by the administrators 

partnering with the private sector at various stages of the programme. Other issues 



include deadweight loss and displacement effects. Deadweight loss in this context 

occurs when those who are likely to start a business even without government support 

receive government assistance through participation in a subsidy programme. Strong 

screening of applicants may in fact increase the likelihood of deadweight loss as only 

those likely to succeed are chosen. On the other hand, the provision of training, 

counselling and support is likely to lower the deadweight loss effect. Displacement 

effects occur when subsidised businesses drive existing firms out of the market. 

Meager, Bates and Cowling (2003: 59) note that displacement can be high with these 

programmes as many of the businesses are in low-margin service sectors where the 

barriers to entry are very low. 

Evaluation of start-up subsidy programmes usually entails a range of outconle 

measures, including levels of participation, displacement effects, deadweight loss, 

survival rates. indirect employment effects and effects on unemployment propensity. 

As far as participation rates are concerned, the take-up of these programmes is low. 

Wilson and Adams (1994: 33) in a survey of nine OECD report that the 

largest take up is 5% of the unenzployed. This is supported by Kelly et al. (2002: 248) 

who note in their review of the New Enterprise Scheme in Australia that in 2001 there 

were only 6400 commencing this start-up subsidy programme. In comparison, there 

were 320,000 in Intensive Assistance and 62,800 in Job Search Training. In a review of 

schemes in West Germany, Denmark. France and the United Kingdom, Meager (1997: 

506) finds that displacement and deadweight effects are often present but vary across 

sh~dies. In another study, Meager et al. (2003: 59) summarise the literature on 

deadweight effects of start-up subsidy programmes and report that estimates of 60-70% 

are common. The survival rates of businesses established through these schemes vary, 

but overall are not high. This is not surprising given the general poor survival rates of 

new businesses in general and that these programmes often subsidise unemployed 

individuals poorly equipped for business success (Storey, 1994). 

The finding in the literature of particular interest here is the effect of start-up subsidies 

on the hture employment or unemployment status of participants. There are a number 

of articles that provide reviews of evaluations carried out by other researchers. 

LF The countries are Australia, Canada. Donmark, France. Gennany, Ireland. Netherlands, United 
Kingdom and United Stares. 



Kotzeva, Mircheva and Worgotter (1996) in a review of active labour market policies in 

Bulgaria including start-up subsidy schemes for the unemployed, find that these 

programmes are "promising". Meager (1997) in his review of programmes in West 

Germany, Denmark, France and the United Kingdom finds that these is variation in the 

impact on employment status of participants. Wilson and Adams (1994) in their review 

of nine OECD countries suggest that employment rates for programmes in the United 

States where random assignment was used are generally better than those in Europe. 

As well as the review articles, there are results from specific studies that evaluate the 

effects of start-up subsidies on participants. Kelly et al. (2002: 256-8) report the 

employment status of individuals two years after they participated in the New 

Enterprise Scheme in Australia. They indicate that 56% of those who participated were 

employed in some guise, either self-employed or employed, and for the long-term 

unemployed the figure is 76.5%. However, this study does not use econometric 

techniques to compare the outcome with those who did not participate. It simply 

identifies the descriptive statistics for participants two years after participation. 

Two studies undertaken in the United Kingdom that econometrically analyse the impact 

of start-up subsidy programmes are those of Lehman (1993) and Meager et al. (2003). 

Lehman uses a macroeconomic framework to analyse the effect in England of 

participation in Enterprise Allowance, a start-up subsidy programme, and Restart, an 

interview-based programme. He finds that Enterprise Allowance, as a small 

programme, has only a marginal impact on the flows out of unemployment. Meager et 

al. using a matching approach find no evidence of any significant influence on 

subsequent earnings or employment status from participation in Prince's Trust start-up 

scheme. The overall conclusion from this analysis of the effects of start-up subsidies is 

that there is no consistent finding, but it is clear, as stated by Wilson and Adams (1 994: 

ix) that ". . .self employment is not a panacea for unemployment". 

In summary, the research on the effects of subsidies on participants is inconclusive. 

The influence of wage subsidies through employers, the advantage of providing wage 

subsidies through private sector businesses as opposed to public sector organisations 

and the impact of start up subsidies are all inconclusive in existing studies. 



2.6.3 The Effect of Work Experience Programmes 

Work experience programmes, also known as job creation schemes and public service 

employment schemes, have been an important labour market tool in the OECD for 

many years. Exan~ples of countries where these schemes are emphasised are Denmark, 

Finland, France, Gernlany, Ireland, the Netherlands and Sweden (Brodsky, 2000: 32). 

I t  is useful, therefore, to examine general features of these schemes, the rationale for 

their use and the effects of participation in these programmes upon participants. 

Most of these schemes involve the creation of positions for the unemployed under the 

auspices of the employment service. This may be centralised or devolved to local or 

regional administrators. Often there are criteria as to the activities that are appropriate 

to receive funding under the scheme and these tend to be those in the social, 

environmental or cultural spheres. While early programmes involved mainly work 

experience, later programmes have added on a combination of other inputs including 

job search, up-skilling and training. Participants receive remuneration and in some 

countries qi~alify for the non-wage benefits associated with working that are given to 

employees in general. 

There are several reasons for the use of work experience schemes, some of which are 

related to the unen~ployed individuals and others that relate to broader society. As far 

as the unemployed are concerned, work experience schemes help them maintain 

attachment with the labour market and, through this, provide them with a number of 

benefits. The benefits include a material reward through the receipt of income from 

worlung, the retention and development of work habits, the prevention of the dissipation 

of hun~an capital associated with being out of the labour market, not having to cope 

with the crisis of social exclusion that is associated with unemployn~ent and an 

inlprovement in the prospects of gaining a job in the same or a similar sector 

(Vodopivec, 1999: 1 16). A broader reason for the provision of these schemes is that 

they may be used to provide for support for local and community organisations that 

provide useful public services (Muhlhausen, 2005: 302), thus generating public good 

effects (Cockx, 2000: 470). 



As with the research on subsidies, the evaluation studies on the effect of work 

experience schemes are inconclusive. While there are many studies that point to 

negative effects upon those who participate in these schemes, there are also some that 

point to positive outcomes. Muhlhausen (2005), in a review of major employment and 

training programmes in the United states2" notes that there is no consensus regarding 

the effects upon participants, with some finding positive effects and others negative. 

Like many of the United States evaluations, the studies reviewed concentrate mainly on 

the impact on wages and earnings. However, it is difficult in many of these United 

States studies to disentangle the effects of work experience from training and other 

effects (Cockx, 2000: 472). Brodsky (2000: 32), in a review of work experience 

programmes across the OECD finds that although overall these programmes do not 

reduce the general level of unemployment, they do help the severely disadvantaged. 

Negative impacts from participation in work experience programmes are prevalent in 

European studies. Kluve et al. (1999, 2002 and 2005) and (Kluve & Schmidt, 2002) in 

several studies using niatching estimators to evaluate the effects of active labour market 

policies in Poland in the 1990's find that participants actually spend more time 

unemployed subsequently than those who do not participate. This is supported by 

Puhani (1998). who also analyses the situation in Poland. Kraus, Puhani and Steiner 

(2000), using hazard rate models to assess the impact of work experience programmes 

in East Germany in the 1990's, and Hujer, Caliendo and Thomsen (2003) for Germany 

in 2000 and 2001 find a similar result. This is also the case for Sweden where Sianesi 

(2003) using matching estimators finds that participants have lower employment rates 

than those who continue to search for jobs while not participating in the programme. 

Negative effects from work experience programmes may occur due to locking-in effects 

as participants reduce their search effort relative to non-participants (Hujer et al., 2003). 

Further, there is evidence that those jobs without associated training or job search help 

are not successful at improving prospects for the unemployed (Cockx, 2000: 473). 

Another factor that can contribute to the negative effect of participation is stigmatisation 

of those who participate, therefore decreasing their chances of finding employment 

'" The review covers the Manpower Developnienl and Training Act ( 1962). Job Corps ( 1964). 
Comnprehensivt: Employment and Training Act ( 1  973), the Job Partnership Training Act ( 1  982) and 
Workforce Investment Act (1998). 
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(Vodopivec, 1999: 1 14). Depending on the eligibility criteria, participants may also be 

using the programme to requalify for the benefit rather than as a stepping stone for 

moving out of unemployment, known as benefit churning or the carousel effect 

(Brodsky, 2000: 35). 

As well as the studies in the United States that find a positive effect, covered in the 

survey by Muhlhausen (2005), there are some European studies that evaluate the effect 

of work experience programmes on unemployment and also find positive effects. Agell 

(1995) using duration analysis finds a positive effect of work experience programmes in 

the early 1990's in Sweden, a result that contradicts that of Sianesi (2003). In a study of 

public employment programmes in Sachsen-Anhalt, East Germany, Eichler and Lecher  

(2002) contrast their own findings with those of previous studies. Using data from 1992 

to 1997, they evaluate the effect of these programmes on those aged 22 to 55 in 1993 

and find that participation significantly and substantially reduces the probability of 

participants being unemployed. This evaluation uses a difference-in-difference 

matching technique that can control for time-invariant influences that were not 

controlled for in the earlier studies". This positive effect is supported by Boone and 

van Ours (2004) who, utilising a macroecononiic framework to analyse active labour 

market policies across 20 OECD countries, find that increases in expenditure on work 

experience programmes cause a fall in unemployment. 

In summary, there is no consensus as to the effect of work experience progammes upon 

participants. However, some general results are found to exist. Firstly, work 

experience programmes that include elements of other active labour market 

programmes seem to be more successful. An example of how this has worked 

successfully is the United States' National Supported Work Demonshation that offered 

highly structured, full time paid work experience for up to eighteen months with close 

supervision and peer support (Cockx, 2000: 472). Secondly, the effects do tend to vary 

across groups. For example, Bonnal, Fougere and Serandon ( 1  997: 7 10- 1 1) find that 

for those that are highly educated these programmes are particularly harmful. This 

highlights the need to consider the impacts across subgroups of the population. Thirdly, 

there is evidence that the effects, if positive, tend to dissipate quite quickly over time 

17 See  Chapter Three for an explanation of this technique. 
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(Stanley, Katz, & Krueger, 1998) and (Vodopivec, 1999). The implication from this js 

that any evaluation of these progranmes needs to consider the temporal impact of the 

programme. 

2.6.3 The Effect of Training Programmes 

The intuitive appeal of offering the unemployed access to education and training is 

apparent. Improved skills should enhance prospects of employment and increase 

lifetime earnings. As noted by Robinson (2000), one of the clearest findings of labour 

economics is that those who are more skilled and have higher qualifications generally 

have higher incomes and probabilities of employment. The potential positive effect of 

training on the human capital of an individual and on subsequent labour market 

prospects has influenced the role of training in active labour market policy. As 

indicated by the data in Table 2.3, training became a major component of active labour 

market programmes throughout the 1990's. The International Labour Organisation 

states that training was the most important and promising component of active labour 

market policies in Europe in the mid to late 1990's'" It is also central to the approach 

to active labour market policies recommended by the OECD following its Jobs Study of 

the mid 1990's (OECD, 1994). The review of the effects of training below covers 

several aspects. Firstly, a brief rationale for government provision of funding for the 

unemployed is outlined. Secondly, the findings on the effects of classroon~ training in 

the United States are reviewed, where these programmes have a long history. Thirdly, 

the European evaluations are analysed. 

A major rationale for the provision of training programmes for the unemployed rests on 

the assumption that there are tnarket failures that lead to an under-investment in 

education and training. The research on human capital developed initially by Becker 

(1962 and 1964) indicates that there are returns to individuals from investment in 

human capital. The issue is why the quantity of training, if left solely to the market 

mechanism. may be less than that which is socially optimal. The argument rests on 

aspects of market failure (Dolton, 1993: 1262-3). The first of these is imperfect 

infomlation. The unemployed may not be completely aware of the outcomes and 

Mentioned in Lechner, Miquel and Wunsch (2004: 2). 
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returns associated with participating in training. Should their assessment of the 

cosdbenefit ratio fiom undertaking training fail to accurately take into account potential 

future revenue streams, individuals may under-invest in training programmes. Capital 

market imperfection is the second aspect of market failure that may lead to under- 

investment in training by individuals. Thcre may well be barriers that limit the access 

that the unemployed have to loans from the financial sector for the purpose of 

undertaking further education and training29. There are a number of forms that 

government response to these market failures may take, ranging fiom improving 

infonnation on risks and returns from investment in education in training, providing 

guarantees for loans offered for these purposes by the private sector, providing loans 

themselves to providing training themselves or contracting the private sector to provide 

training. 

A fi~rther rationale for the government providing training through the provision of 

active labour market programmes is that they may provide social benefits. In fact. the 

existence of the social welfare system may itself lead to an underinvestment in training 

through its potentially negative impact on the incentives for individuals to up-skill. Ln 

these circumstances active labour market policies may be a solution to a problem 

created by welfare programmes then~selves. 

The focus of this section is on the effects of the inclusion of training by governments in 

their active labour market policy programmes. The actual training may vary across 

programmes, with some covering general training, with others providing industry or 

sector-specific skills. Further, the delivery also varies with some programmes being 

provided by government organisations while others have private sector involvement. 

Another difference that has received much attention in the literature is the difference 

between the impacts of classroon~ as opposed to on-the-job training. The evidence on 

this is mixed. For example, Carling and Richardson (2004), in their analysis of the 

impact of training in Sweden in the mid to late 1990's, find that there are advantages to 

on-the-job training and argue that the more similar a programme is to an ordinary job, 

the better its outcome is likely to be. On the other hand, Card and Sullivan (1988), 

'' Evidence for the existence of  these barriers identified by Metcalf and Benson (2000:2-3) is outlined 
above. 



assessing the effect of the Comprehensive Employnlent and Training programme in the 

United States, find the opposite; that is, the impact of classroom training is larger than 

that of on-the-job training. However, given that the training programmes evaluated in 

this study are mainly classroom based, the emphasis in the review of the effects of 

training is on the classroon~ method of delivery. 

Much of the United States' research has focused on the effects of training upon the 

earnings and wages of participants, whereas the studies in Europe have more often 

evaluated the effect on employment and unemployment outcon~es. However, a survey 

of studies from the United States finds that there is a strong correspondence between 

earnings impacts and employment impacts for most programmes (Heckman et al., 

1999). Usually, should large earnings-impacts from programmes exist; they are 

accompanied by significant impacts on employment rates. The data suggests that the 

increase in earnings may be significantly influenced by the impact of the extra hours 

employed. It is worthwhile, therefore, given the commitment that the United States has 

made to utilising and evaluating training programmes over the last four decades, to 

analyse the findings from United States studies on the effects of programmes on 

earnings and the employment of individuals. 

Microeconomic evaluation of training has a long history in the United States linked to 

the development of voluntary and mandatory training programmes. Voluntary 

programmes are those that provide training for individuals who apply for them and meet 

certain criteria, such as income level or employment status. Training programmes in 

New Zealand are voluntary, so programmes of this type in the United States are of most 

relevance for this study. The first major voluntary programme was funded in 1962 

under the Manpower Development and Training Act (MDTA). Although initially 

intended to retrain workers dislocated by technological advances, i t  was converted into 

a job-training programme for the disadvantaged (Muhlhausen, 2005: 301). In 1973, the 

Comprehensive Employment and Training Act (CETA) replaced MDTA giving states 

and local governments the right to use federal grants to run their programmes. The 

delivery of programmes was by public and not-for-profit organisations. This 

programme also had a public employment component. Comprehensive Employment 

and Training Act, in turn, was replaced in 1982 by the Job Training Partnership Act 



(JTPA), which eliminated the public service employment component, emphasised 

training and increased further the decentralisation of administration. 

There have been many evaluations of each of these programmes. These specific studies 

have been synthesised to some extent in several review articles (Barnow, 1987, 

LaLonde, 1995, Friedlander et al., 1997, Stanley ct al., 1998, Hecknian et al., 1999, 

Lafer, 1999 and Lafer, 2002). A range of estimation techniques, datasets and measures 

has been incorporated in these studies. However, with the introduction of JTPA in the 

United States, there was a move to the use of experimental eva~uation'~ techniques as 

programme administrators utilised random assignment to treated and non-treated states 

for potential participants. The evidence as summarised in the review articles is not 

consistcnt. Overall, Lalonde (1995), Friedlander et al. (1997) and Stanley et al. (1998) 

find mixed results including positive but modest gains for some participants in training 

programmes in the United States. This is confirmed by the review of studies undertaken 

by Heckrnan et al. (1999). However, the effects have vaned over time and across 

different groups of people. 

Studies of pre-JPTA programmes find that while women gain, the effect on men is often 

negative, with their earnings and employment prospects declining following 

involven~ent in the programme. Major studies undertaken to evaluate the effect of 

JPTA programmes at 18 months and 30 months following participation in training 

confirm the findings for women in earlier studies: they received significant gains in 

earnings and their gains were greater than for other groups (Bloom, Orr, Cave, Bell and 

Doolittle, I993 and Orr et al., 1995). However, the JTPA results contrast with the 

earlier CETA results in that the earnings of adult men also increased with classroom 

training. The evaluation studies of the JTPA training programmes show that the 

impacts vary over time with the earnings impact for men only significant in months 19 

to 30 (OECD, 1996b). Further, the findings suggest that the impact of the programme is 

greatest for individuals whose labour market problems are limited. Evidence for this is 

that training raised the earnings of the upper quartiles of participants, but did not do so 

for the lower quartiles (Abadie, Angrist, & Imbens, 2002). The impact is not significant 

for persons combining a number of disadvantages, for example previous welfare 

30 An explana~ion o f  the experimental approach including its strengths and weaknesses is contained in 
Chaplar 'Three. 
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dependence, no high school diploma and no recent work experience (OECD, 1993b). 

The effect on non-whites varied with it being negative for Hispanics, but positive for 

Blacks. However, in both cases the findings were insignificant. 

On the other hand, Lafer (2002) in his review of the JTPA argues strongly that the 

programme has been unsuccessful. He points out that of the 16 categories of 

programme participants evaluated in the Bloom et al. (1993) study, only four have 

statistically significant differences in earnings between participants and non-participants 

(Lafer, 2002: 102-3). The major impact upon earnings is for adult women and is not 

from training but from a category identified as "other services". The second most 

effective category is on-the-job training for men and women, with classroom training 

third. The gains for men from classroom training consist of a 7.1% higher earnings 

level at 18 months for participants than that for non-participants. Lafer's overall 

conclusion is that federal employment and training programmes have not been 

successful in improving the income and employment outcomes for the disadvantaged 

who participate in the programmes. This is summed up in the title of his 1999 paper 

"Sleight of Hand: The Political Success and Economic Failure of Job Training Policy 

in the United States" (Lafer, 1999). 

The evidence from the United States suggests that the impact of training programmes 

has been, at best, modest. Lalonde suggests that with respect to training programmes in 

the United States the 

. . . best summary of the evidence about the impact of past programmes is that 

we got what we paid for. Public sector investments in training are 

exceedingly modest compared to the magnitude of the skill deficiencies that 

policy makers are trying to address. Not surprisingly modest investments 

yield modest gains. (LaLonde, 1995: 149) 

When examined at a disaggregated level, it is apparent that the main beneficiaries from 

training programmes have been women, with men in general suffering negative or 

insignificant effects from some of the programmes. However, the impact on men 

appears to have improved with participation in JTPA programme. There are findings 



that the effects vary over time and have heterogeneous effects across different 

subgroups. 

The results for European studies are also mixed, but there are several which find 

statistically significant impacts. Lubyova and van Ours (1999) and van Ours (2001) 

analyse the effect of training in Slovakia upon a selected sample of individuals who 

became unemployed in 1993 and for whom they have data until 1998. They find that 

there is a positive effect on the transition from unemployment to employment as a result 

of participation in training. Further, they point out that it is necessary to take into 

account sample selection in the estimation, as a failure to do so leads to negative results. 

Positive impacts are also found in Austria (Zweimuller & Winter-Ebmer, 1996). In a 

review of 50 studies evaluating the impact of training in the Netherlands, de Koning 

(2002) reports results similar to the United States, with small positive impacts on 

average. 

Negative effects have also been reported from studies of training impacts in European 

countries. Cockx and Bardoulat (1999) analyse the effect of classroom training in 

Wallonia, Belgium using data on all the registered unemployed from 1989 to 1993. 

They find that, on average, participation in training reduces the transition rate out of 

unemployment. However, this negative effect results from strong locking-in effects as 

there is evidence that the transition rate improves if individuals are still unemployed 

after the completion of training. There are several evaluations that find negative results 

for Sweden (Agell, 1995, Regner. 2002, Richardson & van den Berg, 2002 and Sianesi, 

2003). Across these studies, a range of estimation techniques are used, including 

Ordinary Least Squares regression, tixed effects regression, random effects regression, 

matching estimators and duration analysis. As well as this, there are different 

approaches in these studies to choosing the appropriate sample of participants and non- 

participants. The results, that participation in training programmes in Sweden has either 

a negative or an insignificant impact upon participants, and males in particular, is robust 

to these differences. 

For some of the countries where evaluations have been carried out, there are both 

positive and negative findings about the impact of participation in training programmes 

on participants. For examplc, for Norway there are positive impacts (Torp, Raaum, 



Hernaes, & Goldstein, 1993 and Torp, 1994) as well as negative (Aakvik, Heckrnan, & 

Vytlacil, 2000). In Denmark, there are also some negative findings for participation in 

training. Rosholm and Skipper (2003) evaluate classroom training using experimental 

approaches and find that training increases unemployment due to locking-in effects. On 

the other hand, Jensen (1993) finds that men who undertook training, experience a 

decrease in post-training unemployment. He reaches this result using fixed effects 

regression analysis to evaluate the effect of Danish programmes upon a sample of 

38995 people drawn randomly from the Danish Longitudinal database covering the 

1976 to 1986 time period. 

Wunsch (2005: 40-4 1 )  reviews many studies for Gern~any undertaken since unification 

and reports that although most studies of East Germany have found negative or 

insignificant effects some of these studies are positive. As far as West Germany is 

concerned, Wunsch reports that early studies found positive short-term effects upon 

participants that disappear subsequently. The reason for this contrast in findings for 

evaluations of training programmes is addressed by Lechner et al. (2004) in their study 

of West Germany public sponsored training programmes using a database with 

information on participants and non-participants from 1991 to 1997. They suggest that 

there are differences in findings depending on the length of the programme and the time 

period over which the evaluation occurs. In the short-term, they find that programmes 

have strong locking-in effects, but that these disappear over time to be replaced by 

positive effects. They find, therefore, that while short-term programmes may not have a 

major impact on the long-term employment prospects of participants, that long 

programmes are not necessarily the answer. In Germany, there are programmes of two 

year duration and with these the locking-in effect is so strong that even several years 

later the positive effects do not outweigh these earlier negative effects. 

The importance of the time period over which the evaluation is conducted in order to 

explain different outcomes is also evident in the Polish research. There is a similar 

contrast for findings on the effects of participation in training programmes in Poland. 

Studies by Puhani (1998), Kluve, Lehmann and Schmidt (1999) and Kluve and Schmidt 

(2002) find positive effects upon participants. Puhani uses matching and duration 

estimators while KIuve et a]. and Kluve and Schmidt use matching estimators. They 

tind that employment prospects are enhanced noticeably compared with non- 



participants. However, a recent study by Kluve et al. (2005) reverses this finding. They 

find, in fact, that it is necessary to consider time periods over which studies are taken, as 

there is a positive effect in Poland in the first year that becomes negative subsequently. 

In summary, despite the emphasis placed on training, the results from evaluation studies 

are not clear as to the effects of these on participants. There are indications that the 

effects vary across groups and also over time. On average, women appear to have 

greater benefits from participation than men, and in fact the impacts on men may be 

negative or insignificant. The research also indicates that the least advantaged groups 

benefit less than those groups that are more advantaged. Stigma effects and locking-in 

effects can contribute to negative outcomes and this supports the finding that the time 

period over which a study is undertaken can influence the results. 

2.7 Conclusion 

Through their potential to improve the labour market outcon~es of particular 

disadvantaged groups in the economy, active labour market policy has become an 

integral component of governments' approaches to solving unemployment since the 

1960s. Their use varies across countries, both in terms of total expenditure and of the 

composition of the programmes provided. Since thesc programmes involve resource 

allocation decisions involving public funds, there has been a growing commitment to 

evaluating the impact of these programmes. While there have been evaluations using 

macroeconomic analytical frameworks, the major framework used in economic 

evaluation studies has been microeconomic. In this framework the key question that 

has been researched is the effect of participation upon participants. 

The evidence from the evaluation research is, however, inconclusive. The effect of 

active labour market policies in total indicates that overall there may be a small positive 

impact on movement out of unemployn~ent and into employment. However, these 

results are not robust to different methodological specifications. Further, the overall 

measure hides differences that may exist across programmes. The findings from 

research on the programmes discussed above, subsidies, work experience and training 

are also inconsistent, with some studies pointing to positive effects and others negative. 



As far as subsidies are concerned. there are three questions of relevance that require 

attention in the New Zealand context. These are firstly, what are the effects of 

employer-based subsidies upon participants? Secondly, which provision mechanism is 

more effective: providing subsidies through private sector firn~s or public sector firms? 

Thirdly, what is the affect upon participants of start-up subsidies? The questions that 

arise from the literature review as far as work experience and training programmes are 

concerned are what is the impact on participants of participating in each of these types 

of programmes? 

The review of the literature also highlighted other aspects of the evaluation process that 

need to be considered. These are aspects that have been shown to influence the effects 

of active labour market interventions and the evaluation of these programmes. The 

length of the intervention is one of these aspects. Measures of the effect of an extra 

period of time on an intcrvention can contribute to understanding these effects. The 

length of time over which the intervention is studied is another important aspect. Many 

of the evaluations studied above were over different time periods and the results appear 

to be sensitive to this choice. The locking-in effect and short and long run effects are, 

therefore, important aspects to investigate in any evaluation. One of the notable 

features of the research is that there is heterogeneity in the effects upon different groups 

in each of the programmes. An evaluation needs to consider how different sub-groups 

are impacted by the intervention as well as the effect of the programme overall. The 

final key aspect that has been highlighted by the literature review is the importance of 

the dataset and the estimation technique used. In the studies reported above, researchers 

used different approaches to choosing samples from their datasets. In evaluation, it is 

necessary to see if the results are sensitive to methodology and data. Recognising the 

importance of this, the next chapter reviews the evaluation techniques that are available 

to the researcher and the method for choosing the appropriate estimation approach. 



Chapter Three: 

Estimating the Effect of Treatment for the Unemployed using 

Longitudinal Data 

The existence of a problem in knowledge depends on the future being 

different from the past, while the possibility of a solution of the problem 

depends on the future being like the past. (Knight, 1921: 313) 

3.1 Introduction 

A survey of the research covering evaluations of active labour market policy 

demonstrates that a wide range of estimation techniques have been utilised to identify 

the parameters of interest in labour market programmes (Friedlander et al., 1997, 

Heckman & Smith, 1996, Angrist & Krueger, 1999, Heckman et aL, 1999, Schmidt, 

1999, Blundel! & Costa Dias, 2000, Bloom, Michalopoulos, Hill, & Lei, 2002 and 

Cobb-Clark & Crossley, 2002). In addition, approaches to the estimation of the same 

parameters have often varied producing different results and causing uncertainty as to 

the actual impact of treatments. This divergence in estimation results has generated 

some important conclusions about evaluating active labour market interventions. 

Notable here is that, ". . . no particular estimation technique supplies a magic bullet to 

recovering the desired counterfactual" (Kluve & Schmidt, 2002: 430). This arises 

partly because each estimator has underlying assumptions that cannot be fully tested. 

Further, the evaluation problem is often posed as "... given the available data, what 

estimator will produce consistent estimates of programme impacts?" (Smith, 2000: 14) 

Combined, these two conclusions suggest that, given the nature of the data, an approach 

using more than one appropriate estimator is an effective way to estimate treatment 

effects. 



The purpose of this chapter, therefore, is to identify, justify and explain the estimation 

techniques that will be applied in this study. Firstly, the evaluation problem is outlined. 

Secondly, there is an overview of the microeconomic estimation techniques available to 

researchers to identify the relevant counterfactual. Following this, the estimators used 

in this study are identified and justified. Included is detailed coverage of these non- 

experimental estimators, including an analysis of their strengths and weaknesses. 

3.2 The Evaluation Problem 

The issue in evaluating active labour market policies is one of causal inference, where a 

cause is viewed as a nianipulation or treatment that brings about a change in the 

outcome of interest compared to some baseline outcome measure (Dehejia & Wahba, 

1998: 4). This involves identifying a causal effect while controlling for confounding 

variables that also influence the outcome variable of interest. The approach to the 

evaluation of active labour market policy treatment is similar to that used by 

biostatisticians when they fhce the problem of evaluating a drug; they compare the 

outcomes of people who are exposed to the treatment to those who are not (Heckman, 

2001 b: 713). This approach is adopted since it is not possible to observe an individual 

simultaneously in both the treated and lion-treated state. The causal effect of treatment 

is, therefore, generally framed within a potential outcomes framework (Sianesi, 2001: 

12 and Lecher,  1999a: 74). This framework to treatment evaluation is used below to 

outline the evaluation problem and the issue of selection bias. Following this 

counterfactual parameters of interest to rescarchers are identified. 

3.2.1 Evaluation Problem 

Evaluation is concerned with how an individual's outcomes are altered or changed as a 

result of an intervention; that is, as a result of participation or treatment in a programme 

(Cobb-Clark & Crossley, 2002). For example, there are two outcomes, Yo; and Y, , ,  

associated with two treatment states, D,. If the individual does not receive treatment 

D,=O and if the individual receives treatment Di=l. This treatment may consist, for 



example, of participation in a training programme and the outcoma may be prtrbability 

of emplloyment. The aim of an evaluation is to identify the impact on an individual of 

the treatment, which is given by: 

with subl~cript i standiag %r individual i . The time subscript, t ,  has bem omitted1 here 

for ease of presentation. It will be included later when the issue of longitudinal data is 

copsidered explicitly 

In this conceptualisation, the evaluation problem is essentially a missing data problem. 

Firstly, it is not possible to observe both outcomes Yoi and Yli for an individual since, if 

an individual has received the treatment, then Yli is observed but not Yai and vice versa. 

In other words, for each individual the observed outcome is: 

Secondly, evaluation is a missing data problem as the researcher does not have 

sufficient data to create the counterfactual; that is the unobserved outcome, for each 

individual. Following Heckman and Smith (1996), the outcomes Yoi and YIi are 

influenced by a veotor of observed personal characteristicq X. Taking conditional 

expectations and adopting a linear specification of the relaiionship between outcomes 

Yo[ and YI;, and Xi gives: 



Further, let 2; denote variables that influence participation in the programme, whether 

Di=I or Di=O, which could include personal, family or institutional characteristics. 

Within Z;, there is a subset of variables, Yi,  which people have if they participate, and 

that non-participants do not have. That is 

2; E Y,, D;= 1; Zi 4 Y,, D;= 0 (3.4) 

Variables i n  Xi and Zi may overlap or even be the same. The total set of explanatory 

variables, therefore, consists of C, = (Xi, ZJ. 

One can determine p, for non-participants and P, for participants as long as there are 

no unobserved variables and there is sufficient variability in the explanatory variables. 

It would then be possible to create Yl ,  and Yo, for each person and to estimate the effect 

of treatment as the difference between these (Heckman & Smith, 1996: 41). Since, 

however, analysts do not observe all components of Ci, it  is not possible to identify Yo, 

and Y,, for each individual. The evaluation problem is. therefore, to identify the 

counterfactual or missing outcome so as to assess the impact of the treatment. Since, as 

mentioned above, it is not possible to identify this counterfachial for an individual, it is 

obtained by treating Dl, Yo, and Y,, as random variables conditional on the available 

information (Heckman & Smith, 1996: 42) and to estimate these based on samples. 

For this approach to the identification of counterfactuals and estimation of treatment 

effects to be applicable, i t  is necessary that the impact of trcahnent on one individual is 

independent of treatment of other individuals (Hujer & Caliendo, 2000). This is known 

as the stable unit lreatment value assumption (SUTVA) which ensures there are no 

general equilibrium effects as a result of treatment (Lechner, 1999a: 77 and Frolich, 

2002: 3). 



From samples a number of evaluation parameters can be estimated3'. However, the 

most common treatment effect in the evaluation literature, and the one adopted here in 

this study, is the average effect of treatment on the treated (TT). This evaluation 

parameter asks the question: ''What is the expected gain on average to individuals who 

receive. treatment as compared with the counterfactual situation where they do not 

receive treatment?" Conditional on available explmatory variables, c , ~  a subset of Ci7 

the effect of treatment on the treated is given as: 

Since it is not possible to observe Yoi for those who receive treatment, this is obtained 

from those who do not receive treatment, a cornpatison group, by assuming hthat: 

and estimating the impact of treatment on the treated (TT) as: 

The evaluation problem, therefore, is a missing data problem since E(Y,,I,D; = l,c,,) is 

mobsewed and the researcher is required to identifSr the relevant caunterfactual, 

E(Y,,~D, = O,c,) in Equation 3.7, so as to estimate the causal impact of treafrnenlt. This 

counterfactual is the potential outcome for an individual in the state in which she is not 

observed. 

3' These are covered more fully in Section 3.23 below. 



The evaluation problem can also be outlined with the aid of a graph. With respect to 

Figure 3.1 two unemployment paths for an individual are shown. The first, the 

horizontal line from A up until time t is the unemployment propensity up until the time 

of the intervention. Assuming the intervention is at time t ,  then there are two possible 

subsequent time paths. The first, where no intervention is received, is an unchanged 

unemploy~nent propensity over time. The second, is that associated with participation 

and is shown as B at f + l  and C at t+2. The evaluation problem exists as if the 

individual participates the time path is different from the situation if the individual does 

not participate. In other words, i t  is only possible to observe one of the time paths for 

an individual. 

Figure 3.1 : The Evaluation Problem 
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The solution to the evaluation problem is also illustrated in Figure 3.1. This involves 

identifying a counterfactual based on a comparison individual or group. Assuming that 

the evaluator is interested in the impact of participation, it is necessary to find a non- 

participant counterfactual whose outcome when not participating is the same as the non- 

participating outcome for the individual who receives treatment. In Figure 3.1 this 

counterfactual is given by the horizontal line from A. The evaluation problem is, 

therefore, solved and the effect of the treatment is the difference at a point in time 



between the non-participant outcome and the participant outcome. On the graph, this is 

shown as the distance A-B at [+I and A-C at t+2. 

3.2.2 Selection Bias 

A particular issue that creates problems when solving the evaluation problem is 

selection bias. This is the situation where there are unobserved factors influenci~zg the 

participation of individuals in an active labour market programme that lead to 

differences in the counterfactual outcomes for participants and non-participants once 

observables have been taken into account. The nature and effects of selection bias are 

explained below. 

Evaluation of the average impact of treatment on the treated (TT), and many of the 

other parameters of interest, depends crucially on the assun~ption that the non-treated 

outcome for non-participants is the same as the non-treated outcome for participants. 

Using the outcomes of the non-treated as a proxy for the outcomes of the treated in the 

non-treated state gives: 

The second part of Equation 3.8 identifies the importance of this assumption. Should the 

assumption reflect reality and, therefore, the only reason that a difference in outcomes 

between the treated and those who do not receive treatment arises is as a result of the 

treatment, then the final part of Equation 3.8, E(X,,~D, = l,c,)- E(Y,,ID, = O.c~,,) = 0 ,  

equals zero and E(AJ will be an unbiased estimate. However, if the outcomes in the 

non-treated state differ between the treated and non-treated, then the right hand side in 

3.8 is not equal to zero, selection bias exists and E(AJ is a biased estimate. 



Jn order to outline selection bias more fonnaIly, consider the foUowing approach to 

projgamme estimation, a decision rule for pantkipation and the inclusion of time. 

Following Meekman and Smith (1996), Heckman et al. (1999) and Raam and Torp 

(2002), assume that the opportunity f i r  participation in an intervention programme 

occurs at time k and that it covers a single period of time. Using probability of 

employment as the outcome variable, the base state, Yo, represents probability of 

employment at time t, the outcome for the population without training. In each period 

t=. k an individual has a pair of contingent outcomes (YM, Y,Q) representing the untreated 

and the treated state outcmes. In these circumstances the observed outcome is: 

The average impaet of the treatment on the treated (TT) is al,where 

a, =E(A,~D, =I,=,)= ~ ( q ,  -Y,,ID, = I , c , )  

Should training occur in period k then? 

Y;, = Y,, + L?,a,, fir  d k and Y,, = Yo, , for t c k 

From Equation 3.8 the post programme estimate is: 

and selection bias arises, as before, in the term in brackets in Equation 3.12. 



As well as the iatmention, he outcome is influenced by a vector of absarved personal 

characteristics, Xfg. Assuming that the outcome is a linear function of observable and 

unobservable characteristics the estimating equation is: 

= X,p+D,a, +I/,, for O,l, ..., T 

where Ui, represents the effect of unobserved random variables. 

In addition, assume that the decision rule for participation in the programme, whether 

by the individual os the administrator, is in terms of an index function, HI,, that 

measures the benefits ta the decision maker. This index is influenced by observed 

variables, Zff, and unobserved random variables, V& W i l e  the index i s  not &sewed, 

the outcome D,= 1 or DDO, is. A linear representation of the index firnction, gives: 

IN,, = Z,,y + I f ; ,  

D, = 1 iff IN,,  > 0 

D, = 0 iff IN,, < 0 

Selection bias, therefore, m u r s  as a result of a correlation betwean Di, treatment status, 

and UIh the unobserved variables influenciag the outcome variable. This may occur far 

two reasons. Firstly, Zr,, the observable characteristics influencing participation, is 

related to Ui,, the unobserved random variables influencing the outcome. This is 

refetred to as selection on obsembles. The second reason for selection bias is that here 

is a relationship between 6, a d  €Iil, which is refemed to as selection on 

unobservab~es~~. 

32 Selection bias arisw as a result of decisions by either potentid participants or by administrators to 

garticipak in the programme of treatment. A number of economic models that motivate these 

padcipation decisions by the unkr4ployed have Ireen, identified in the literalure including human capital, 

signalling and job search models (Roselius, 1996, Cock & Bardoulat, 1999, Lechner, 19994 Heckman 

el al., 1999, G ~ r f i n  et al., 21302, Schomnn & Becker, 2002, and Heckman & Navarro-Lozano, 20031, 

while there are also economic mpctels of administrator motivation and decision making (Baker, 1992, 



Selection bias can also be illustrated with the aid of a graph. Assume that for some 

reason individuals who are relatively more likely to move out of unempl~yment are 

~ h m m  to pamticipatt in a progpunme. This could be an example of creaning by 

achinistmtors or individuals self-selecting. The impartant point is that this effect is not 

measured in the variables that influence participation or outcome. In Figure 3.2 the 

time paths for two individuals are shown. The fust, the horizontal line from A, is the 

time path for the non-participant. The second, the line sloping down from B is the time 

path for the participant. 11 is apparent that the unemployment propensity of the 

participant is decreasing compared with the non-participant wen before the time of the 

intervention at time t. In these circurnstaaces 

Figure 3.2: Selection Bias 
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Heinrich, 1995, Heinrich, 1999, Smith & Plesca, 2001, S. Bell & Om, 2002, Heekman, Heinrich, % 

Smith, 2.002, Marsehke, 2002 and Lechner & Smith, 2003). These models are wehl in that they help 

identify theoretical relationships explaining participation and 'bebetween treatment. and the outcome 

variables, as well as identifying other explanatory and confounding variables, exclusion restrictions and 

specific fitnctiwal forms that need to be taken into account when undertaking empirid analysis of 

treaimenl effects. 



Therefore, estimating the effect as the difference between the participant and the non- 

participant will bias the results upwards. For example, the distance A-C at time t+1 and 

A-D at time 14-2 is greater than the actual effect. 

In the presence of selection bias, the estimated treatment effect is biased, as the non 

treated outcome for participants is not equivalent to the nou treated outcome for non- 

participants. There is no way of knowing a priori, i f  the bias is upward or downward as 

it depends on the nature and impact of the selection bias. However, should selection 

bias be present, it is necessary that estimators are used that take this into account for 

consistent estimates of the treatment effect are to be obtained. 

3.2.3 Evaluation Parameters of Interest 

The evaluation of active labour market interventions involves solving the evaluation 

problem, including overcoming selection bias should it be present, in order to estimate 

parameters of interest to the researcher. There are a number of potential parameters that 

can be estimated, each of which provides information for slightly different research 

questions. The traditional approach to programme evaluation is to estimate the direct 

effects of participation on participants. Thus, indirect effects are assumed away and the 

overall social effect, calculating all costs and benefits associated with operating the 

programme, is not evaluated. In addition, the outcome measures used to identify the 

impact of treatment in traditional evaluation studies are usually measurable labour 

market variables as opposed to more general quality of life variables. The underlying 

assumption behind this approach is that an improvement in direct effects improves 

societal welfare as a whole, and, depending on the economic model of participation 

underpinning the heatment, also increases the utility of the participant (Heckman, 

Smith, & Clernents, 1 997: 488). 

Key parameters that are estimated include the effect of treatment on a random member 

of the population, on those who receive treatment, on selected quantiles of the impact 



distribution, on the distribution of impacts at selected base states and the increase in the 

proportion of outcomes above a certain threshold (Heckman et al,, 1999). To these can 

be added parameters that evaluate the impact of a minor programme change influencing 

either participation or those who are indifferent to participation (Imbens & Angrist, 

1994, lmbens & Rubin, 1997, Smith, 2000 and Heckrnan & Navarro-Lozano, 2003). 

These are termed the local average treatment effect (LATE) and the marginal treatment 

effect (MTE). 

Each of these parameters helps the evaluator answer different questions. The first 

parameter, the effect on a random member of the population, is usehl if there is an 

intention to expand the programme to all eligible people. For example, if it is decided 

to make the programme mandatory then, this is the appropriate estimator (Smith, 2000: 

4). The parameter for treatment of the treated is useful to evaluate the mean impact of a 

programme upon those who participate and helps decision makers decide whether or not 

a programme should be continued. This parameter provides information on whether the 

treatment impact on participants is positive or negative and the magnitude of the effect. 

The third parameter, the impact on selected quantiles, is usefill for evaluators who wish 

to evaluate the distributional impact of the treatment. An evaluation at selected base 

states provides evaluators with information as to the effectiveness of the treatment on 

certain target groups and can aid their decision making as to the optimal intervention 

approach for these groups. In the situation where the objective of a treatnient is to 

ensure that participants reach a certain level of outcome, for example a minimum 

earnings level, then the estimator of attainment at a set threshold is usehl. The final set 

of parameters, those that estimate marginal effects, are particularly useful if the policy 

makers are considering increasing or decreasing the size of the programme by a given 

percentage in a particular way or changing the participation criteria and wish to know 

what the impact of the decision will be. 

Of these parameters the average treatment effect (ATE) and treatment of the treated 

(TT) are traditionally estimated, although since the mid 1990's there has been more 

attention also on distributional and marginal treatment estimators. The estimation of the 

treatment effect, a,, differs between average treatment effect and treatment of the treated 



due to the fact that with the average treatment effect the participants represent a random 

draw from the population. As a result, the contingent variables are Xi,; whereas with 

treatment of the treated the evaluation is of those who participate only, so the contingent 

variables are Xi[ and Dl= 1. That is, the estimated parameters differ as follows: 

The decision as to which of these two parameters to evaluate depends on the question of 

interest, as discussed above, and whether or not the sample were drawn randomly from 

the population. 

A critical issue in the parameters of interest is whether or not there is an assumption of 

homogeneous or heterogeneous impacts. The estimator identified for average treatment 

effect (ATE) and treatment of the treated (TT), that is, a,, is a mean estimator based on a 

homogenous impact, after conditioning on X,,. Most of the traditional evaluation studies 

use this homogeneous estimator of the mean impact. There are a number of potential 

explanations for this including the assuniptions that if the outcome is positive this 

represents a gain in overall welfare, that undesirable distributional aspects are either 

unimportant or they are offset by government transfers, and that a common effect model 

represents the achlal situation (Heckman, Smith et al., 1997: 488). A common effect 

model assumes that the impact on everyone is the same. In these circumstances an 

evaluation of treatment of the treated and average treatment effect, as well as the 

marginal treatment effects, once controlling for observables, will provide the same 

estimate. 

As far as the issue of the degree of homogeneity in treatment effects is concerned, 

Heckman (200 1 b) suggests that thrce situations may occur: 



The responses to treatment are the same for everyone. so a single 

representative agent summarises the average treatment impact and the 

common effect model is an appropriate estimation assumption. 

Change varies over people but is the same for people with the same Xi,, 

so that given those characteristics a representative agent can be used to 

identify the treatment impact and the common effect model is an 

appropriate estimation assumption. 

There is heterogeneity in response to treatment and the agent, either a 

potential participant or an administrator, acts on these unobserved gains 

to make decisions about treatment status. I n  this case the agent violates 

the common effect assumption and that estimation assumption is no 

longer appropriate. 

In fact, empirical evidence suggest that even having conditioned on observables, Xi,, 

heterogeneity in treatment effects often exists. Not only is there heterogeneity in post- 

enrolment responses but that ex ante decisions to participate are influenced in part by 

these (Heckman & Vytlacil, 2001b: 106). The implication of this heterogeneity is that 

there is not necessarily just one parameter of interest, but many (Smith, 2000). Further, 

there will be a divergence between the treatment of the treated and the average 

treatment effect estimators and a variety of treatment effect can therefore be defined 

depending on the conditioning sets chosen. 

In this study, the parameter of interest is treatment of the treated. This is of relevance 

for a number of reasons. Firstly, the participants are not drawn randomly from the 

population, so the average treatment effect is not an appropriate parameter. Secondly, 

the evaluation question of interest is "What is the impact upon participants from 

participating in an active labour market programme?" Thirdly, it is a parameter that has 

been used in many studies, so there are con~parisons available to act as benchmarks for 

the analysis here. Fourthly, there are data requirements for the marginal treatment 

effect and local average treatment effect estimators that are not met in the dataset used 



for this study3j. The issue of heterogeneity is addressed by evaluating the effect of 

participation in active labour market programmes upon specific sub-groups of the 

population. 

In summary, the evaluation problen~ is a missing data problem and arises since it is not 

possible to observe all outcon~es and all explanatory variables for each individual. As a 

result the parameters of interest are estimated by conditioning on available information 

to obtain D;, YO; and Yli. Should selection bias arise, there are methodological issues 

outlined in the section below that need to be addressed when estimating impacts of 

interventions. In addition, due to the presence of heterogeneity a number of parameters 

of interest exist and the choice of which is most appropriate is influenced by the 

question the evaluation is trying to answer and the nature of the sample and data. 

3.3 Overview of Approaches for Estimating the Effect of Treatment 

A range of techniques has been developed for the purpose of undertaking 

microeconon~ic evaluation of active labour market interventions. In this section an 

overview of these approaches to estimating treatment effects is provided. This involves 

initially a discussion of the experimental approach to evaluation, followed by non- 

experimental approaches. 

3.3.1 Experimental Approach to Estimation 

Although experimental approaches are not used in this study, due to the absence of an 

experimental database, the success of this approach in solving the counterfactual 

problem in programme evaluation explains why it has become the method of choice in 

the evaluation of North American social programmes (Smith, 2000: 5). Social 

experiments are a solution to the evaluation problem and the issue of selection bias that 

mimics the approaches used in drug testing and laboratory experiments. In social 

" See Section 3.3 below for further explani~tion. 
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experiments potential participants are randomly assigned to either a treatment or a 

control state in order to generate a treatment and comparison group who have the same 

observed and unobserved covariates. In many ways this approach is the benchmark 

approach against which non-experimental approaches have been compared and on 

which some non-experimental approaches are based. It  is worthwhile, therefore, to 

describe the experimental approach and also to identify its strengths and weaknesses. 

The difficulty of generating counterfactuals to surmount the evaluation problem is 

greatly exacerbated by selection bias. Onc advantage of social experiments is that 

random assignment has the ability to overcome this. Since the observed and 

unobserved covariates of the treated and non-treated are the same on average under 

random assignment, the effect of the treatment on the treated can be estitnated 

consistently. Following Heckman & Smith (1996) and Heckman et al. ( 1  999), Dl*, Y,,[* 

and Y,,;,* represent outcomes in the presence of random assignment. Did = 1 should a 

person seek to participate in a programme in the presence of randomisation, and Dj = 1 

if the person does not seek to participate in the programme. Conditional on D,. = I then 

R, = I for an individual randomised into a programme, and Rl = 0 should the individual 

be randomised out of the programme. The outcome associated with R, = I is Ylit* and 

the outcome for Ri = 0 Yo,,*. Two critical assumptions underpin the validity of 

randomisation solving the evaluation and self selection problems. The first is that 

randomisation does not change the probability that an individual seeks admission to the 

programme, that is 

where 1) is the probability that &=I given D,* = 1.  The second assumption is that the 

means from the randomised treated and control groups produce the population means, 



In other words, using randomised assignment in social experiments ensures the 

following (Dehejia & Wahba, 1998) 

wh'ere I means independent. Given this it is possible to estimate the impact of the 

treatment as the mean difference between the treatment and the comparison groups 

(O'Leary, 1998: 221). Thus 

which is equivalent to estimating cbanges in tbe intercept in Ordinary Least Squares 

regression. This does not necessarily mean that the correlation between the ems t m  

and Di and C* is equal to zero. Rather, it ensures that if these are not equal to zero then 

the bias is the same in both the treatment and comparison group. 

Should there be participation impacts, that is Equation 3.17 does not hold, then the 

composition of the participating population varies and Di* will not be equal to D;. la 

these circumstances randomisation estimates E(A, ID,* = 1, C, ), not E(A,  1~~ = 1, C ,  ) , 

therefore failing to remove selection bias. 

Effective implementation of social experiments, therefme, ensures lthat selection Bias 

does not influence the estimation ofthe treatment Ernpact. As w%z11! as thig, there are a 

number of other advantages associated with random assignment in social expe&nents. 

Examples of these advantages include that the direction of causality is easily seen, 

effwts of treatment can be measured withl highl )reliability, its simplicity makes it useful 

for policy makers (BWless, 1993: 16-7), it is hwder for the researcber/evaluator to 



"cheat" on an experiment and they provide an opportunity to calibrate and to test the 

efficacy of non-experimental estimators (Smith, 2000: 5). 

While experimentation remains the key approach to evaluation in the United States, in 

Western Europe this is not so, with experiments being represented in only a small 

proportion of the evaluation shidies. This is indicative that, while there are many 

advantages from using social experiments to evaluate the impact of treatment, there are 

also some shortcomings associated with this approach. Although selection bias can be 

resolved through the use of experiments there are other sources of bias that may well be 

present and if these are not taken into account the estimate of the treatment effect will 

itself be biased. Examples of these new sources of bias are randomisation bias, 

contamination bias, substitution bias and attrition bias. 

Randomisation bias occurs when behaviour is altered by the introduction of 

randomisation. For example, adding uncertainty to obtaining treatment may change the 

decision to apply to the programme as risk-averse people may be discouraged. In 

addition if training centres have to randomise after screening they may screen more 

people in order to reach their performance goals (Heckman & Smith, 1996: 48). 

Contamination bias occurs if the treated group are affected by system-wide effects. 

This occurs if there are general equilibrium and feedback effects that are more likely as 

the scale of the programme grows (Moffitt, 2002: 17). Substitution bias occurs if the 

comparison group receives outside treatment (Cobb-Clark & Crossley, 2002: 2). This 

may occur when people who are randomised out recognise that they have been denied 

treatment and seek it elsewhere. Heckman and Smith (1996: 50) find that there is 

empirical evidence as to the importance of this behaviour. Differences between the 

treatment and comparison group also arise if there is attrition and non-response by 

people in the experiment. This is the problem of attrition bias (Burtless, 1993, and 

Heckman, Smith, & Taber, 1998). 

A further limitation with experiments is that they cannot be used to estimate all the 

parameters of interest. Experimental desibms have difficulty in estimating entry effects; 

that is whether or not people participate in the treatment. These effects are important if 



evaluators are considering changing the participation rules. While experiments can 

estimate effects on earnings and employment rates, they cannot yield such estimates on 

wages or duration of subsequent unemployn~ent/employment spells. These can only be 

obtained from those who are currently employed (LaLonde, 1995: 156). Lt is also 

difficult to identify treatment parameters using experimental approaches in complex 

programmes, as the research design is difficult to identify and implement (Schmid, 

1997: 423). 

There are two further issues associated with social experiments that can limit their use. 

The first is that there are ethical issues associated with randomly denying individuals 

access to a particular treatment. As pointed out by Moffitt (2002: 39), it is not always 

politically or ethically feasible to implement experiments that include systematic 

variation in area and group characteristics so as to test the impact of treatments. Due to 

this, implementing experiments can sometimes engender political controversy and bad 

publicity (Smith, 2000: 9). The second issue is that experiments are sometimes 

expensive to implement leading to limits on their scale and use. In many countries 

outside the United States, including New Zealand, there are few experimental datasets 

available to researchers. This decreases the external validity of experiments by making 

it hard to generalise to other situations (Cobb-Clark & CrossIey, 2002: 3). 

In summary, experiments are a useful technique for solving selection bias and the 

evaluation problem, therefore, enabling evaluators to estimate treatment effects. 

However, there are a number of sllortcomings that have promoted the use of non- 

experimental approaches, either in conjunction with or in place of experimental 

approaches. 

3.3.2 Non-Experimental Approaches to Estimation 

An implication of the issues associated with the implementation of experiments when 

using labour market policy interventions, including costs, ethics, logistics and validity, 

and the wish to estimate a range of different parameters, is that there is a need to utilise 



non-experimental or observational evaluation techniques (Schmidt. 1999: 12) and 

Cobb-Clark & Crossley. 2002: 12). While there has been much debate in the literature 

concerning the merits of non-experimental evaluation techniques3', due in part to the 

huge range of estimates these have sometimes provided and to differences in estimates 

from those obtained using experimental techniques, they are widely used and remain an 

important component of evaluation and as an adjunct to experimental approaches. In 

this section there is a broad ovewiew of non-experimental evaluation techniques in 

general and of the following techniques in particular: matching, control functions 

including instrumental variables, fixed effects, difference-in-differences and duration 

analysis. The aim of this overview is to present the key estimators, with an in depth 

coverage provided in Section 3.4 below. 

Non-experimental methods rely on naturally occurring variation in programme 

participation combined with statistical adjustment of the observed outcomes of non- 

participants to produce impact assessments (Smith, 2000: 8). The data used by non- 

experimental estimators are often the result of processes that are outside the control of 

the researcher. This data may have been gathered by administrators or through surveys 

and often includes information on participants and non-participants. However, due to 

the absence of randomisation the major issue in non-experimental studies is to identify 

appropriate counterfactual situations from which the effects of treatment may be 

estimated. Thus the researcher is faced with an identification problem that involves 

recovering feahlres of a hypothetical population from an observed sample (Heckman, 

2001 b: 252). 

Matching is an example of a non-experimental technique based on selection on 

observables. In this approach, it is assumed that the observed X,,, Z,,, and Yi, define the 

sub-populations of participants and non-participants and any remaining differences can 

be attributed to chance (Schmidt, 1999: 2.5). Thc impact of the treatment in these 

circun~stances can then be estimated as the difference in the outcomes between the 

participant and non-participant groups. While matching has been widely used in the 

statistics literature it is relatively new to economics (Dehejia & Wahba, 1998: 1). 

3.1 This is covered in some depth in Section 3.4.3. 



However, the strong intuitive appeal of matching techniques is that the estimator 

resembles that used in ideal social experiments (Lechner, 1999b: 4 and Hujer & 

Caliendo, 2000: 12). This is because matching estimators mimic experiments by 

choosing a comparison group from all non-participants sucll that the selected group is as 

similar as possible to the group receiving treatment in terms of their observable 

characteristics (Sianesi, 2001 : 16). In other words the evaluator aligns the Xi, and Zi, so 

that the observed characteristics in the D,=0 sample are the same as the D,=I sample. It 

has gained in popillarity over the last decade as is demonstrated by the number of 

studies that are being published that have used this technique35. A further advantage is 

that matching can be applied with either cross-section or time-series data36. 

Other cross-section estimators that attempt to overcome the problem of sample selection 

include control fi~nctions or classical econometric selection models and instrumental 

variable models. Common to these methods is the requirement that there be an 

independent variable in the participation equation Z, that is not included among the 

regressors in Xi. This is known as the exclusion restriction and is not a requirement of 

matching. Selectioli correction estimation approaches have been based on the initial 

work of Heckman (1979)'~. This approach is often known as the "two-step" approach 

as the procedure involves a sequence of two steps. The first is the estimation of a 

participation equation to control for differences between those who participate, D=I, 

and those who do not, D=0. For each participant a "selection correcting" variable, 

known as Heckman's Lambda, is estimated. This parameter provides information on 

unobserved characteristics of the participant and it can be used as an explanatory 

variable in the second step, the outcome equation (Kluve & Schmidt, 2002: 427). 

Although a popular approach in the 1980's, it is now not used so widely, with 

researchers being influenced by the strong functional form assumptions involved in its 

35 See, for example. Card and Sullivan ( 1988), Kluve et al. (1999), Lechner ( 1999b). Lechner (1999a), 
Eichler nnd Lechner (2002), Kluve, Lehmann, and Schmidt (2002), Marc (2002), t t ~ ~ j e r  et al. (2003), 
Meager el al. (2003). S~anesi (2003). Lechner et al. (2004), Caliendo et al. (2005) and Kluve el al. (2005). 
36 Fuller coverage is in Section 3.4.3 below. as matching is one of the estimation ~echniques used in this 
study. 
37 Examples of studies that have used lhis approach include Geehan and Swimmer (1991). Torp ct al. 
(1993). Torp ( 1994) and Vodopivec ( 1999). 
7% Vella ( 1  998) identifies the limtarion of the Functional form requirements of Heckman's LWO step 
procedures in his paper discussmg approaches to overcome sample selection prohlerns. 



Instrumental variable estimation is a linear control estimation approach that has been 

widely used in evaluation research in an attempt to overcome the problem of sample 

selection39. The aim with this approach is to use an exogenous variable, Zi, which is 

related to participation, D,, but not related to the outcome. This then provides an 

approximation of random assignment for participants and non-participants as occurs in 

experiments (Angrist & Krueger, 1999: 1302). Although instrumental variable 

approaches can potentially resolve the problem of sample selection. there are a number 

of pitfalls (Angrist & Krueger, 1999: 1303-1305). The first is finding an appropriate 

variable that meets the exclusion restriction. This is a non-trivial issue. The second 

pitfall is that the instrument may be related to participation and not to the outcome but 

still be an invalid instrument. For example, an iustn~ment may be related to 

participation in a labour market programme and not to subsequent outcomes for 

participants, but it may have an impact on the relationship between unemployment and 

participation for non-participants. In this case i t  is not valid. The third pitfall is that the 

use of two-stage least squares method to combine instruments can lead to finite sample 

biasJ0. Despite these pitfalls, recent work by Heckrnan and Vytlacil (2000 and 2001a), 

Imbens and Angrist (1994), Imbens and Rubin (1997)) and Vytlacil(2002) points to the 

usefulness of instrumental variable approaches in identifying marginal treatment and 

local average treatment effects when here is heterogeneity in the impact of 

programmes. 

Panel datasets have enabled evaluation researchers to use non-experimental approaches 

that are not appropriate in the cross-section context. These include fixed effects, 

difference-in-differences and duration estimators. In fact the fixed effects estimator4' 

was specifically developed to take into account the characteristics of longitudinal data. 

Its advantage is that it exploits the time-series properties of the data rather than 

imposing some of the restrictions that are necessary with cross-section data. The ability 

39 See the papers by Angrist (l995), Angrist and Krueger (1999), Heckman el al. (1999), Abadie el al 
(2002) and Angrist (2003). 
40 Angrist and Krueger (1999: 1303) point 0111 that under repeated sampling inslrumenlal variable 
estimators may systematically vary fro111 the population parameter. They d i sc~~ss  the factors thal can 
increase the size of th~s bias including more instruments, smaller samples and weaker instrurnents. 
J I The random effects cslirnalor was also developed to be used with longitudinal datasets. 



of this estimator to assess the impact of treatment in active labour market policies is 

reflected in its widespread application in evaluation studies". 

The assumption underpinning this approach is that on average the biases are the same in 

different time periods; that is both before and after treatment. It follows. therefore. that 

differencing of variables eliminates those biases that are related to these permanent 

unobserved latent factors. A key assumption behind the fixed effects approach is that 

these unobserved variables can be decomposed into individual-specific components that 

are constant over time. By differencing the variables it is possible to remove the impact 

of the time-invariant unobserved individual-specific component and to estimate an 

unbiased effect of treatmed3. 

The second major estimation technique that is applicable with panel data is the 

difference-in-differences estimator. This estimator has a long history in economics, but 

has become especially popular in the last twenty years (Angrist & Krueger, 1999: 

1296)~" This approach is based on the assumption that in longitudinal data, not only 

are there time-invariant individual-specific characteristics as covered by fixed effects 

estimation, but there are also unobservable time-invariant selection effects. The 

unobserved time-invariant effects, both individual and selection, can be removed by 

subtracting the before-after change of non-participants from the before-after change of 

participants. The treatment effect is estimated as the difference between these two 

before-after changesq5 

Duration analysis is the third non-experimental approach that has been applied to the 

evaluation of the impact of active labour market programmes4~ This approach has 

" See Bassi ( 1984). Barnow ( 1  987), P. Jensen (1 993). Regner ( 1993). Westergard-Nielsen ( 1993), Dean. 
Dolan, and Schmidt ( 1999), Magnac (2000), Raaum and Torp (2002), Regner (2002) and Ohlsson and 
Storrie (2005). 
43 Fuller coverage is contained in Section 3.4.3 below as fixed effects regression is one of the estimation 
lechniques used in this study. 
4.3 Examples of evaluation studies using difference-in-differences estimators include Ashcnfelter and Card 
(1 9851, Blundell, Duncan, and Meghir (l998), Athey and lmbens (2002) and Miquel(2003). 
4s Further details on the difference-in-diflerences estimator, including strengths and weaknesses, is 
covered in Section 3.4.3 below as it is used in conjunction with matching in this study. 
46 See the following studies for exan~ples of this: Gritz (1993), Agell (1995). Puhmi (1998), Cockx and 
Bardoulat (1 999), Lubyova and van Ours ( 1  999), Kraus el al. (2000), Magnac (2000). van Ours (2001), 



grown in popularity as labour market behaviour involves movement from one labour 

market state to another and panel data sets that can track individuals across time have 

become available (van den Berg, 200 1: 3384). These models focus on the length of time 

until an individual exits from unemployment to another stateJ7. The impact assessment, 

therefore, is based on the difference between the lengths of time until exit from 

unemployment of those who participate in a programme, compared with the length of 

time until exit for those who do not participate. These exit propensities, or hazard rates, 

depend on features of the unemployment state, including for example duration 

dependence, on the observed characteristics of the unemployed and on unobsewed 

characteristics (Kluve & Schmidt, 2002: 427). 

Some trends and a few issues associated with the use of duration models have become 

apparent in the research literature. Firstly, the application of mixed proportional hazard 

models which incorporate an individual's characteristics and is used to estimate 

duration dependence and unobserved heterogeneity, has increased. Secondly, there is 

increased use of competing risk duration modelling (Addison & Portugal, 2003: 156). 

This involves estimating the exit rates to a number of potential states, including for 

example, employment, further labour market programmes, a sickness benefit or out of 

the labour force. As well as these trends, there are several issues associated with the 

use of duration models to evaluate active labour market programmes. There are some 

underlying assumptions that arc particularly strong. Of particular note here is the 

assumption that hazards are constant within time periods (Eberwein. 2002: 303) and that 

in mixed proportional hazard models the influences on the exit rate are separable 

(Turon, 2003). The research indicates that the nature of the data is very important. 

Should the data only hold short spells then the expected duration in a state is very 

sensitive to the specification of duration dependence (Eberwein, Ham, & LaLonde, 

2002: 249). On the other hand, results are not sensitive if there are long spells. A 

further issue with the data that can be problematic is censoring of multiple spell data as 

in these circun~stances the results are not well identified (Abbring & van den Berg, 

2000: 1 6- 1 7). 

Richardson and van den Berg (2002), Cockx (2003), Carling and Richardson (2004), Fredriksson and 
Johansson (2004), C'ockx and Gobel (2005). 
3 1  7 For overviews of duration analysis see Keifer (1998). Ham and LaLonde ( 1  996), Florens, Fougere, and 
Mouchart ( 1996), Abbring and van den Berg (2000) and van den Berg (2001 ). 



This overview of approaches to estimating the impact of active labour market 

interventions lias demonstrated the diversity that exists in both the techniques available 

and those that have been applied by researchers. The issue, therefore, is to decide 

which technique(s) is (are) most appropriate to use in this study. 

3.4 Non-Experimental Approaches Used in this Study 

With the range of non-experimental approaches available to researchers, and the fact 

that the different approaches often produce different estimates, a key decision faced by 

the researcher is which of these estimators should be used. Previous research does 

provide some guide on how to make the decision as to which estimator(s) is (are) most 

appropriate in particular circunistances. In this section, the rationale for using fixed 

effects and matching estimators in this study is provided, as is a detailed discussion of 

these estimation techniques. In this discussion, the strengths and weaknesses of each 

technique are identified which highlights further arguments for and against their use. 

3.4.1 Choosing Among Non-Experimental Estimators 

The accumulation of empirical evidence 11as made it possible for a number of 

researchers to address the issue as to the perfo~mance of alternative non-experimental 

estimators. These include between-study and within-study comparisons. Between- 

study comparisons look at two or more research studies that try to estimate the same 

parameter using different research designs and study samples. Within-study 

comparisons are studies of one impact using a randomised control group and then 

completing estimates using non-experimental techniques (Glazern~an, Levy, & Myers, 

2002: 3-4). There have been several within-study comparisons that, when viewed 

together, are inconclusive as to the inost appropriate non-experimental estimator 

(I-Ieckrnan, Ichimura, & Todd, 1997, Dehejia & Wahba, 1998, Dehejia & Wahba, 1999, 

Agodini & Dynarskj, 2001, Bratberg, Grasdal, & Risa, 2002, Dehejia & Wahba, 2002, 

Smith & Todd, 2005a and Smith & Todd. 2005b). Attempts to bring together these 



studies in a form of meta-analysis have also proven to be of limited guidance to 

evaluators (Bloom et al., 2002, and Glazern~an et al.. 2002). The general conclusion 

these last two studies come to is that while there is as yet no estimator of choice in all 

situations there is merit in non-experimental approaches. 

Issues associated with choosing an estimator, therefore, remain. However, it is 

necessary to evaluate programmes for which only observational data are available and, 

sometimes, to answer questions that experimental data cannot answer. The current 

approach Lo estimation consists of two major strands. The first involves identifying a 

single method of estimation dependent on three factors: the data, the underlying model 

and the parameter of interest. A number of researchers have used tests for some of the 

assumptions underlying estimators (Heckman & Hotz, 1989, Verbeek & Nijman, 1992, 

Regner, 1993, O'Higgins, 1994, Heckman, Ichimura et al., 1997. Heinrich, 1998, 

Puhani, 1998, Dean et al., 1999, Lechncr, 1999a, Agodini & Dynarski, 2001, Moffitt & 

Ver Ploeg, 2001, Raaum & Torp, 2002 and Regner, 2002). While these can be useful, it 

is not possible to test all the identifying assumptions and some of the tests themselves 

require additional un-testable assumptions (Frolich, 2002). Due to this shortcoming, it 

is possible for the evaluator to choose an "incorrect" approach using these tests. 

The second estimation approach involves using a range of non-experimental techniques 

to estimate the treatment effect. The choice of estimation techniques are chosen, as 

before, on the basis of data, underlying model and parameter of interest. It has become 

common in many evaluation studies in the last ten years to use a number of approaches 

to estimate the treatment effect. However, there is no scientific basis to the idea that 

similar estimates across studies suggest the "true" treatment effect as the threats to the 

internal validity of each method is different (Moffitt & Ver Ploeg, 2001: 60). 

Nevertheless, this approach does have the strength that a number of appropriate 

estimators that produce similar results can indicate whether or not an intervention is 

beneficial to participants and give some guidance to the bounds of the actual impact. 

This study is based on this second approach. Two estimation techniques; fixed effects 

regression and matching, are used to identify the impact of active labour market 



programmes and the results are then compared in order to form some general 

conclusions. These estimators are chosen on the basis of data, underlying model and 

parameter of interest. 

There are several features of the data available for this study4' that point to the use of 

particular non-experimental estimators. The first feature is that it is a panel or 

longitudinal dataset. This feature militates against the use of cross-section estimators 

that are not appropriate with panel data and suggests the use of estimators that are 

designed specitically for panel datasets. A further feature of the data that makes 

instrumental variable and control function estimators in general inappropriate is that 

there is no exogenous variable that could be used as an exclusion restriction. Fixed 

effects regression and difference-in-difference regression estimators, on the other hand, 

are estimators that have been designed specifically for this type of dataset and they do 

not require exclusion restrictions. 

The underlying model was outlined in Section 3.2. In this model the estimation is based 

on the potential outcomes approacli and the possible influence of sample selection. The 

estimation approach used, therefore, needs to establish the potential outcome 

counterfactual and to control for sample selection. The parameter of interest in this 

study is the effect of treatment on the treated. Given that different estimation 

approaches are used in this study, i t  is therefore, important that the estimates obtained 

are of the same parameter. Duration analysis does not meet this requirement. This is 

because it estimates this impact by analysing exit propensities at points of time or how 

much more quickly people leave a particular state. On the other hand, fixed effects 

regression and matching provide estimates of the propensity of people to be in a 

particular state at a given point in time. 

Since there are strengths and weaknesses associated with each of the non-experimental 

approaches, a further approach when choosing a worthwhile empirical strategy involves 

combining approaches (Cobb-Clark & Crossley, 2002: 3 1). This could include applying 

the lessons learnt in matching to regression approaches. An example of this that has 

.tX See Chapter Five for full details on the dataset that is used in this study. 
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gained favour is a matched or conditional difference-in-differences estimator as first 

suggested by Heckrnan, Ichimura et al. (1 997) and subsequently implemented by other 

researchers (Hujer & Caliendo, 2000, and Eichler & Lechner, 2002). The advantage of 

combining matching with difference-in-differences is that it is possible to allow for 

unobservables, which is not possible in normal matching, as long as they can be 

represented by separable individual and/or time specific components (Blundell & Costa 

Dias, 2000: 450). 

The non-experimental approaches used in this study are fixed effects regression and 

difference-in-differences matching. They have been chosen as a result of the data 

available, the underlying model in the study and the parameter of interest being 

estimated. In the next sections further details of these estimators are provided, 

including an analysis of their strengths and weaknesses. 

3.4.2 Regression Estimators 

The main regression approach used in this study is fixed effects regression. The choice 

of this estimator, rather than random effects, is based on empirical tests as to whether 

random effects or fixed effects represent the underlying structure of the data49. 

However, since difference-in-differences matching is also, this approach is also 

explained. 

Fixed Effects Estimation 

The fixed effects estimator, introduced in Section 3.3.2 above, is based on the 

assumption that there are unobserved individual-specific, time-invariant variables. 

These could, for example, be an individual's propensity to work hard or levels of 

motivation. Further, these may contribute to sample selection bias. Fixed effects 

regression removes this bias by differencing each individual's observation in the panel 

dataset from that individual's mean value for the variable concerned. This has the effect 

of removing both the observed and unobserved time-invariant variables. 

49 These results are explained and reporled in Chapler Six. 



For expmitosy purposes assume a linear outcome and progamme decision rule as 

follows50: 

Yh =X,p+D,a,  +U,,forO,l,..., T (3.2 1) 

where Ui, represents the effect of unobserved random variables. 

However, 'assume the error in each of the equations is now decomposed into two 

elements: 

where pi and ti are individual-specific, time-invariant components and &it and qir are 

transitory random components. These transitory random components are mcorreJated 

with ;Sr,? and are assumed to bave no impact on the participation decision. In the 

presence of selection bias partidpation there may be a relationship between Dir, and its 

components Z* qi and qib and pi and EE~.  

By asserting a number of fiuther assumptions including: 

a time-invariant, individual-specific effect 

30 These outcome and programme decision rules are the m e  as ihose identified in Equations 3.13 anel 
3.14. 



that E(U, - U,,.I D,, x,,) = 0 for all I, t ' such that t>k>t ', with k the time 

period in which the intervention occurs 

additively separable form of the outcome equations and error terms 

the fixed effects approach can eliminate the selection bias through first differences and 

produce a consistent estimator. The regression equation for this is (Heckman et a]., 

1999): 

The advantages of the fixed effects approach is that it not necessary to model explicitly 

the selection process, and it does not require the researcher to impose any parametric 

assumptions on the disturbances (Vella, 1998). Further, by exploiting the time-series 

properties of the data selection bias is removed and unbiased, consistent estimates of the 

impact can be produced. 

However, there are a number of issues associated with the fixed effects approach that 

ensure that it is not always a panacea for selection bias. The assumptions underpinning 

the model are strong. For example, the assumption that the participation decision is not 

linked to the unobserved transitoiy random variables is critical. An oft cited example of 

a circumstance where this assumption is not met is in the case of Ashenfelter's "dip" 

(Ashenfelter, 1977) whereby people often experience a decline in earnings immediately 

before they enter a programme. An evaluation of earnings impact of a programme may 

overestimate the impact due to this dip. A fbrther issue associated with fixed effects is 

the assumption that errors are additive separable. If the errors are interactive then the 

fixed effects approach does not necessarily remove the selection bias. 

The decomposition of the error component as identified above is also an important 

issue. Vella (1998) and Blundell and Costa Dias (2000) identify alternative 

specifications that have implications for the efficiency of fixed effects estimators. For 



example the decomposition of the error term in the outcome equation could be as 

follows: 

where the definitions are the same as in Equation 3.23a. The extra unobsetved error 

component here is O,, which could represent a macroecono~nic shock of some type. As 

specified here it is assumed that the shock affects all individuals the same so that 

differencing removes this as a source of bias. However, if the shock affects individuals 

differently, maybe because the participant and non-participant groups have some 

characteristics that distinguish them which react differently to a common 

macroeconomic shock. then this complicates the situation. Following Blundell and 

Costa Dias (2000: 443-4), assume that groups are impacted differently by these macro 

shocks, kg:,, and then the fixed effects estimator identifies: 

with kT and kc representing the impact on those with treatment and those without 

treatment. This estimator only recovers the correct impact if kr equals kc. 

A f~~r the r  potential issue with the fixed effects approach is the assumption that the 

u~~observable individual-specific effects are actually time-invariant. In other words, the 

assun~ption is that these effects are fixed over the time of the study and there is no 

person-specific time trend, or if there is one it is not related to participation (Regner, 

2002: 190). The rationale for accepting the assumption of time-invariant effects in this 

study is that the panel covers nine years and many processes at work have only gradual 

consequences, so dramatic change in a short period of time intervals is not likely to 

occur (Rosenbaum, 2001). While the timc period in this study is relatively short and 

the assumption of fixed effects seems reasonable, there are those who posit that a 

random effects specification, that allows for individual person specific time paths, 

should be used (Magnac, 2000, Bloom et al., 2002 and Michalopoulos et a]., 2004). In 

addition, Jensen et al. (200 1 : 2) argue, that in general. there is no reason to believe that 

the sample selection process is time-invariant, that unobserved individual effects may 



occur in both the participation and the outcome equation and that these effects may 

exhibit a complex correlation structure. Should these perspectives be valid, the 

estimates obtained using the fixed effects approach would be biased. However, the 

Hausman ~ e s t ~  can be implemented to explicitly test whether the tixed effects or a 

random effects specification is more appropriate for a given dataset. 

Heckinan et al. (1999) point out that although the fixed effects approach is widely used 

in applied work in the eval~~ation field, many of the economic models underlying 

participation and outcome that are being analysed do not justify its use. In particular 

they point to misleading results that have occurred when this approach has been used to 

analyse the impact of treatment on earnings. 

Due to the apparent strengths and weaknesses associated with this approach, it is useful 

to consider whether the assumptions underpinning its use are in fact present. As a 

result, there have been several tests developed and implemented to analyse the presence 

and nature of selection bias in order to identify the optimal estimation approach 

(Heckman & Hotz, 1989, Verbeek & Nijman, 1992, Heckman, Ichimura et al., 1997, 

Vella, 1998, Fitzenberger & Prey, 2000, Frolich, 2002, Raaum & Torp, 2002, Foster, 

2003 and Imbens, 2004). The two key tests are the pre-programme test and the model 

restriction test. The pre-programme test is based on the assumption that the intervention 

should have no impact on the outcome in the pre-intervention period. The model is 

rejected if this is the case. The model restriction test assesses the assumption "...that 

the correlation between the error term and the participation dummy is zero for all 

possible differences and that the error is not serially correlated" (Regner, 2002: 188). 

Although there are some recent evaluations where the researchers have rejected fixed 

effects approaches based on these specification tests (Raaum & Torp, 2002 and Regner, 

2002)), they have not been widely utilised. This is because these tests themselves have 

problems. The pre-programme test may not reject a model even if it is miss-specified if 

the selection between groups is based on post-programme differences that are 

independent of pre-programme differences. The model restriction tests can only be 

applied to models that are over-identified (Regner, 2002: 189). A hrther issue with 

51 The Hnusman Tesr is explained and implemented in Chapter Six 
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both of these tests is that they require pre-programme data for participants. Should this 

data not be available the tests cannot be applied. 

In sumniary, the fixed effects estimator takes advantage of the time-series nature of the 

error component to remove selection bias through differencing. Given certain important 

assumptions, this approach can produce consistent estimates. As such, it is an estimator 

that has been widely used in evaluation studies, despite its weaknesses. 

Difference-in-differences estimation also takes advantage of the time series nature of 

the error components2. The details of this approach and its weaknesses are outlined 

below. 

The difference-in-differences estinlator requires a treatment group and a comparison 

group and can be implemented with only two time periods; that is there are at least one 

pre-treatment and one post-treatment time periods, although increasing the time periods 

increases its reliability (Moffitt, 1991: 303). The critical assumption necessary to 

identi@ the difference-in-differences estinlator is that, conditional on individual 

characteristics Xi,, the biases are the same on average in different time periods before 

and after the treatment (Hujer & Caliendo, 2000: 14). In other words the effect of the 

time-invariant effects on the outcome is constant for both treated and comparison 

individuals over time. Should this be so then differencing the differences between the 

two groups will eliminate the biases. The identifying assumption, the conditional bias 

stability assumption (BSA), is: 

'' See Section 3.3.2 above for an introduction to difference-in-differences estimation. 
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where B is the selection bias as defined in Equation 3.12. Equation 3.27 specifies that 

the biases in the before and after time periods do not need to be zero, but they need to 

cancel each other out. 

With the conditional bias stability assumption, the difference-in-differences estimator of 

the treatment effect after conditioning on Xi is: 

where T is the treated or participant group and C is the control or non-participant group. 

An advantage of the difference-in-differences estimator is that in the presence of time- 

specific individual-invariant characteristics and unobservable time-invariant selection 

effects, and given the bias stability assumption, it is possible to identify an unbiased 

estimate of the treatment effect. There is also no need for exclusion restrictions as is the 

case with the instrumental variable and control function estimators (Blundell & Costa 

Dias, 2000). 

However, there are a number of shortcomings that may limit the applicability of this 

estimation technique. The underlying model assumes that the treatment impact enters 

additively; that is, a functional form assumption. Further, the model assumes that 

participation in thc programme does not depend on transitory effects. There is evidence 

that this is not always so; in fact the presence of "Ashenfelter's dip" (Ashenfelter & 

Card, 1985) contradicts this assumption. Ashenfelter found that in the period 

immediately before an intervention there was often a decline in the earnings for 

participants. The selection of time periods, therefore, can have a great influence on the 

treatment impact estimates (Roselius, 1996). Given this, a major choice facing the 

researcher is which time periods to choose to avoid the "dip". Mofiitt (1991: 303) 

suggests that the inclusion of more time periods helps overcome this issue. Another 

solution is to take differences on time periods outside the period immediately 



surrounding the initial participation in the programme (Heckman, Ichimura, Smith, & 

Todd, 1998: 1077). 

There are two potential problems associaled with the bias stability assumption that 

require the bias to remain the same in the different time periods under consideration. 

Firstly, the two groups may be affected differently by disturbances in the economy. For 

example, a recession that occurred between the two periods in which the data are 

observed may influence each of the groups differently, thus causing a change in the 

bias. Secondly, there is a problen~ with identifying the combination of X, and t that 

makes the bias stability assumption valid. There is no formal guidance for this from 

economic theory. 

In summary, fixed effects regression and difference-in-differences estimation 

techniques provide a potentially effective method for solving the evaluation problem 

and estimating the impact of participation in active labour market programmes. 

However, there are a number of weaknesses associated with these techniques as well as 

some untestable assumptions. 

3.4.3 Matching Estimators 

The prevalence of the matching approach in evaluation studies, particularly in Europe in 

the last decade, has been accompanied by much discussion and research into the reasons 

for using matching, alternative matching estimators and the strengths and weaknesses of 

matching as an evaluation approach. In this section these aspects of the research on 

matching are analysed in order to identify the value of the matching approach in this 

study and to identi@ the specific matching estimators that are used. 

Rationale for Using Matching 

Matching approaches are used in this study as they provide an alternative against which 

to compare the fixed effects regression estimates; that is they contribute to the overall 

approach for evalualing the impact of participation in active labour market programmes. 

However, there is a further justification for matching in that this approach overcomes 



some of the weaknesses associated with using fixed effects regression. There are two 

potential weaknesses with the fixed effects approach for estimating treatment effects 

that matching addresses directly. These are the possibility that the participant and non- 

participant groups are not "alike" and that the functional form may not be linear as 

assumed in the fixed effects approach. 

The first potential weakness of fixed effects, that like is not being compared with like, is 

extremely important as if this is the case estimation bias is likely to occur (Heckman, 

Ichimura et al., 1997). The assumption in fixed eft'ects is that participants and non- 

participants, once,%',, , p, and c, have been taken into account, are on the same time 

path as far as their outcome variable is concerned. The assumption that all confounding 

variables are taken into account is a key identifying assumption of before/after 

estimators, of which fixed effects is an example (Meyer, 1995: 154). However, if the 

time path of participants and non-participants in interventions is in fact different, then 

the estimated coefiicients do not provide an accurate evaluation of the impact of 

interventions. 

An approach used to increase the probability that the estimates are restricted to those 

who have similar time paths, is matching. This has the advantage that participants in 

the interventions are explicitly matched with non-participants who are the same, or 

similar, based on selected criteria. Through this method, and assuming that the criteria 

used are correct and comprehensive. it is possible to ensure that the time paths of the 

participants and non-participants in the absence of the intervention coincide and, 

therefore, the estimates are not biased. In fact, one of the main reasons for using a 

matching approach is that the researcher can control directly not only the comparison 

group, but also the weights attached to each member of the comparison group. In 

contrast, the weights in fixed effects are controlled by the regression technique. 

The second weakness of fixed effects regression directly addressed by matching is the 

functional form assumption. Fixed effects regression assumes that the relationships 

between the variables are linear. A priori, there is no reason to believe that this is in 

fact the case. Economic theory and research, while providing information on which 

variables are important or necessary to include in a model, do not provide insights as to 



the functional form of many of the relationships between variables. An advantage of 

matching is that it allows for a non-linear relationship between the variables as it does 

not specify a functional form. Should the true relationships be non-linear, the matching 

estimates provide an accurate impact assessment whereas the fixed effects regression 

would produce estimates of the intervention impact that are not accurate. 

Matching estimators, therefore, are useful in this study, as they provide a counterpart 

against which to compare the fixed effects regression results and also addresses directly 

two of the potential weaknesses associated with fixed effects. 

Pair-wise v Prope~tsity Score Matching 

There are two major types of matching: simple pair matching and propensity score 

matching. Both types require identifying assumptions to ensure that the estimator is 

unbiased and both need to be matched over the common support. The common support, 

S, is the subset of participants and non-participants for which the values of probability 

of participating in the programme given the characteristics of individuals is present in 

both sample groups. These aspects of matching are outlined below as are the 

advantages and disadvantages of each of these types of matching. 

Exact matching of participant and non-participant units based on covariates is the 

technique of pair-wise matching. Under this approach, the aim is to identify a non- 

participant who has the same observed characteristics as a participant. When the 

differences are captured in the observable covariates, matching methods will then yield 

an unbiased estimate of the treatment impact (Dehejia S( Wahba, 1998: 1) .  

Continuing with the notation used above, Ci, = (X,,, Zit) and Ylit and Y,,;, are the outcomes 

for D,=1 and D,=O respectively. Key assunlptions include that there are no general 

equilibrium effects and the following, from Rubin (1 979): 



This is the conditional independence assumptian (CIA), also known as the Ignorable 

treatment assumption or selection on obsewables (Sianesi, 2001: 16), which assumes 

that conditional on all czovariates the outoomes are independent of assignment to 

treatment. In fact, since rnatehing is carded ozlt on pre-treatment characteristics of 

participants and nm-participants, it is enough to assume that 

Further it is assumed that in large data sets for every participant there is a potential non- 

participant (Heckman, 200 1 a: 43); that is 

Under these assumptions matching removes selection bias as all the dependence 

between the between the treatment statas, Di, and the unobservables influencing the 

outcome, a,,, see Equation 3.13, is elilminated by conditioning on Ci,. 

As a result 

ensuring that the mean treatment effect can be estimated without lbias 

A major problem that may arise with simple pair matching is dimensiunallity if the 

quantify of observable characteristics, Ci,, is high (Dehejia & Wahbtt, 1998:2, Puhani, 

19983, Lechner, 1999b39 and Sianesi, 200 1 : 118). In these circumstances it is necessary 

to have a large data set, but even then it way still not be possible to match almg d l  the 

ditwnsions necessary. A solution to this issue is proposed by Rosenbaurn and Rubin 

(1983), who suggest using the propensity score to seduce the dimensions of the 



matching problem and to make it possible to match an a large number of cavariates. 

The usefulness of this appraach to matching is ernphasised by the number of recent 

studies that have utilised various versions of propensity score matching (Heckman, 

Ichimura d al., 1997, Dehejia & Wahba, 1998, Puhani, 1998, Lechner, 1993a, Lechner, 

200Qa, Brodaty, Crepon, & Fougere, 2001, Dehejia & Wahba, 2002 and Lechner, 

2002). 

The propensity score is tbe conditional probabikty of assignment to a particular 

treatment given a vector of observed covariates. Matching uses this propensity score to 

match participants and non-participants on their estimated probability of participation P 

(Cir), rather &en on a vector of observed charaoteristics (Smith, 2000: 11). Resenbaum 

and Rubin show that assuming the conditional independence assumptioh and that for 

each treated person there Is at least one non-treated perm,  

In orher words the dimensionality problem is reduced as the outcomes are independent 

of treatment given a single number, the propensity scare. As with pair-wise matching a 

weaker conditiicm than Equation 3.33 will suffice; 

Conditioning on P eliminates the se1es:tion bias since 



and the mean treatment impacts can be estimated without bias as we can use Yoif for the 

comparison group as the counterfactual for the treated group. 

Regardless of whether pair matching or propensity score matching is being used, an 

important lesson that can be drawn fiom extensive analysis in the'U.S. and Europe is 

that treatment effects in active labour market policies should be estimated over the 

"common support" (Raaum & Torp, 2002: 2 15 j. The common support, S, is the subset 

of participants and non-participants for which the values of P (elf) is present in both 

sample groups. More formally, the region of common support consists of those values 

of P (C,,) such that the smoothed densities in both the ( D f l )  and (Dl=O) samples are 

above a certain trimming level q (Heckman & Smith. 1999: 339). Heckman, Ichimura 

et al. (1997) discuss the choice of q. Failure to match over the common support can 

lead to bias in the treatment estimates (Glazerman et al., 2002: 9). As a result of this, 

researchers need to discard individuals that are outside the common support, meaning 

that the estimated treatment effect has to be redefined as the mean treatment effects for 

those treated falling within the common support (Sianesi, 200 1 : 17). 

While the use of the propensity score method has been implemented more widely than 

pair matching in the last few years, there is still some debate as to the relative merits of 

each. There are a number of advantages, but also some disadvantages to using 

propensity score matching. From a theoretical perspective, there are differing views as 

to the efficiency of each approach (Kluve et al., 2002: 7). 

The usual motivation for the use of propensity scores as opposed to pair matching is that 

it is a technique for overcoming the dimensionality problem. A further advantage of the 

propensity score approach over exact pair matching is that it is easier to check the 

common support. This is because all that needs to be examined is the distribution of the 

propensity scores of the treated and potential conlparison group. With pair matching it 

is necessary to assess the common support over the Ci, characteristics and while 

techniques exist for this they are more involved and require judgements as to the 

importance of different covariates. 



Disadvantages of the propensity score method may arise if the analysis is on finite 

samples or samples of limited sizes. In these circumstances, it is possible that for some 

i and j i t  may occur that P (C;) = P (C,) even if Ci # C, which results in imperfect 

balancing of the covariates (Kluve et al., 2002: 6). As a result, in small samples the 

perfomlance of the propensity score may be poor. Further, some covariates may 

strongly influence the outcome but nor participation and vice versa. Hence, individuals 

may have similar propensity scores but may be very dissimilar in terms of the main 

deternlinants of the outcome (Frolich, 2002: 37). Since the main purpose of matching is 

to balance particular covariates that affect outcomes, conditioning on the propensity 

score may not be optimal. The augmented propensity score has been proposed to 

overcome this latter issue, where the matching proceeds consisting of the propensity 

score and a subset of covariates which are important determinants of the outcome. 

There are also efficiency concerns about each approach. The original Rosenbaum and 

Rubin (1983) exposition of the propensity score assumed that the propensity score is 

known. However, in most studies it is unknown and, therefore, needs to be estimated 

which results in an efficiency loss. In a theoretical paper, Hahn (1998) shows that 

conditioning on the propensity score to estimate the ATE and TT leads to an efficiency 

loss both when the propensity score is known and unknown, while exact pair matching 

is asymptotically efficient. In contrast, Angrist and Hahn (1999) identify circumstances 

under which the propensity score is likely to be more efficient than exact pair matching, 

including when cell sizes are small, the explanatory power of the covariates conditional 

on the propensity score is low and/or the probability of treatment is close to zero or one. 

As long as the condilional independence assumption is met, then matching is a usehl 

technique for estimating the effect of treatment. Whether pair matching or propensity 

score matching is used depends on the data available, but it is critical that matching be 

undertaken over the common support of the participant and non-participant group. This 

ensures that the researcher is comparing the comparable and overcomes a potential 

weakness of the fixed effects regression approach. 



Matching Estimators 

There are a number of matching estimators available to researchers to calculate the 

impact of active labour market interventions upon participants. A general overview of 

matching estimators and a discussion of the strengths and weaknesses of these 

alternative estimators are outlined below. 

A typical matching estimator has the following form, without time subscripts, 

(Heckman & Smith, 1999 and Heckman et al., 1999): 

where Y,,,i is the outcome in thc post-trcatment period for participant i, Y,,,,. is the 

outcome without training for non-participant j, N , ,  is the number of programme 

participants, No is the number of people in the comparison group and I ,  and lo are sets of 

participants and non-participants. W,v,,,,, (i, j )  is the weight attached to comparison 

member j in constructing the counterfactual outcome for treated individual i and the 

weights sum to one for each i. S is the common support for participants and non- 

participants. Matching estimators differ in the way that they construct the weights. 

There are three broad types of matching estimators matching on the propensity score: 

nearest-neighbour, callipcr, kernel and local linear regression. 

Nearest neighbour matching chooscs the non-participant with the value of propensity 

score, P,, which is closest to the propensity score of the participant, Pi. This approach 

has been used in a number of studies (Lechner, 1999a, Lechner, 1999b, Hujer & 

Caliendo, 2000 and Larsson, 2000), although there are a number of ways that i t  can be 

implemented, including matching with the nearest neighbour without replacement and 

matching with the nearest neighbour with replacement. Matching without replacement 

occurs when the matching algorithm involves choosing a non-participant that matches a 

participant, and once that non-participant has been chosen as a match it cannot be used 

again. Matching with replacement allows a non-participant to be matched with more 



than one participant. In both of these circumstances, all weights equal zero except for 

the nearest neighbour where the weight equals one, that is, 

There are weaknesses with each of these nearest neighbour approaches. Matching 

without replacement can lead to large bias if the number of comparison group members 

is small, as this may lead to poor matches where the propensity score of the nearest 

ncighbour is some distance fiom that of the participant. Matching without replacement 

may also be sensitive to the order in which the matching occurs. particularly if there are 

many participants with similar propensity scores. Matching with replacement ensures 

that there is a better match for each participant and the order in which the matching 

occurs does not affect the resulting match and estimates. However, the decrease in bias 

gained from matching with replacement comes at the expense of extra variance in the 

estimates (Sianesi, 2001 and Smith & Todd, 2005a). The decision between the two 

nearest neighbour matching approaches is, therefore, to do with a trade-off between bias 

and variance. If there is a unique close match for each participant, then matching 

without replacement is appropriate. On the other hand, the increased variance 

associated with using non-participants more than once can be allowed for through the 

use of bootstrapped standard errors (Sianesi, 2003). 

A hrther issue associated with nearest neighbour matching is how many neighbours 

should be matched. The technique is not limited to matching with only one nearest 

neighbour, but could include a number, or multiple nearest neighbours. Adding in extra 

nearest neighbours increases the bias, as the extra observations are not likely to be as 

close as the single nearest neighbour, but it has the advantage that i t  decreases the 

variance. Should multiple neighbours, k neighbours, be used, each receives equal 

weight; that is 



Calliper matching is similar to nearest neighbour, but it attempts to avoid poor matches 

by setting a tolerance distance and when no match can be found the individual is 

discarded. In this approach to matching, the common support is partitioned into a set of 

intervals, the treatment impact is estimated for each interval and then a weighted 

average, of these interval estimates provides the overall impact assessment. Although 

this approach has been proposed and implemented by a number of researchers 

(Rosenbaum & Rubin, 1983, Perkins et al., 2000, Dehejia & Wahba, 2002, and Kluve et 

al., 2002) its major weakness is that the choice of the size of the calliper, or the 

stratification bins used, is arbitrary. There is no guide as to how these should be chosen 

and the matches and resulting estimates in many cases are sensitive to this decision. 

Kernel matching approaches construct a kernel-weighted comparison estimate for each 

participant over multiple persons in the con~parison group. The weights in this case are 

where K is a kernel function and a,, is the bandwidth. The matching estimate depends 

on the type of kernel chosen, with those cornnlonly used being normal PDF kernel and 

Epanechnikov kernel, and the bandwidth parameter then chosen. Kernel matching 

estimators have been proposed and used in a number of evaluations assessing the impact 

of active labour market programmes (Chu & Marron, 1991, Heckman, Ichiruura et al., 

1997, Heckman, Ichimura, & Todd, 1998 and Breunig, Dunlop, Cobb-Clark, & Terrill, 

2003). However, an issue associated with this approach is that, despite the fact it 

reduces the variance by making use of extra information from non-participants, it 

increases the sample bias due to the fact that there is an increased difference between 

the participants and non-participants. Further, there is no asymptotic theory to guide the 

choice of bandwidth. 

According to Smith and Todd (2005a), the local linear regression matching estimator is 

a generalised version of the kernel matching estimator. They argue that kernel 



matching can be thought of as a weighted regression of Yoi on an intercept with the 

weights given by the kernel weights, w ( iJ) ,  that vary with the point of evaluation. The 

estimated intercept from this regression provides the estimated counterfactual mean. 

Local linear regression matching estimator differs from the kernel estimator in that it 

also includes a linear term in P,. Thus, the weighting is implemented as follows: 

where G, = G((P, - c.) /a, , )  

The inclusion of the linear term Pi gives the local linear regression matching estimator 

an advantage over kernel regression in that it converges faster at boundary poi~lts and 

adapts better to data that is asymmetrically distributed (Fan, 1993, Heckman & Smith, 

1999 and Frolich, 2004a). Despite these strengths, local linear regression has a couple 

of potential weaknesses, including that it specifies a linear relationship for P,, thus 

removing one of the features that differentiates matching from regression, and that a 

bandwidth also needs to be chosen. 

The estimators outlined above are based, as referred to earlier, on the assumption that 

all of the variables that influence participation in and outcomes from a programme are 

observed and included in the data; in other words the conditional independence 

assumption. However, there is a matching estimator that may be implemented in 

particular circumstances should there be some unobservables that influence 

participation or the outcome, the difference-in-differences estimator. This estimator 

allows for time specific intercepts that are con~mon across groups and is, therefore, the 

matching equivalent of the fixed effects regression estimator. The difference-in- 

difference matching estimator using the propensity score requires that the difierence 

between the outcome before ( t )  and after (t ')  the interventiion time period for not 

participating is the same for both those who participate as for those who do not 

participate; that is 



E(Y, , -T , , . IP .D=I)=E(Y, , -~ , , . IP ,D=o)=B (3.41) 

This condition requires that any bias (B) that exists in the time period before the 

intervention continues to exist in the time period after the intervention. These time 

specific intercepts, or fixed effects, may arise due to administrators consistently 

choosing participants over time based on unobserved characteristics. 

Following Smith and Todd (2005a: 3 18), the difference-in-differences n~atcliing 

estimator is given by 

The weights in the difference-in-differences matching estimator ( W  (ij)) depend on the 

matching estimator that is chosen. For example, the difference-in-differences estimator 

can be implemented with any of those outlined above and the appropriate weighting 

formula would then be applied. 

While difference-in-difference estimators have been used widely in regression analysis 

(Ashenfelter & Card, 1985, Card & Krueger, 1994, Angrist & Lavy, 2001, Bertrand, 

Duflo, & Mullainathan, 2001, Abadie, 2003 and Sreunig et al., 2003), its application in 

matching began only in the late 1990's (Heckman, Ichimura et al., 1997, Heckrnan, 

Ichimura, & Todd, 1998, Eichler & Lecher,  2002 and Smith & Todd, 2005a). 

Research by Heckman, Ichinlura and Todd (1998) indicates that using this estimator can 

improve the performance of matching estimates. They find that, when compared with 

experimental estimates, and in the presence of the influence of unobserved variables 

that influence participation, this estimator outperforms other matching estimators. 

In this, study the difference-in-difference estimator is the main matching estimator used. 

This is for two main reasons. Firstly, i t  is the matching analogue of fixed effects 

regression, in that i t  controls for unobserved individual-specific time-invariant variables 



that may be present. Secondly, the research by Heckman, Ichimura and Todd (1998) 

points to this estimator being more effective than the others53. 

Evaluation of the Mutcking Estimator 

The advantages of the matching estimator have contributed to its increased use by 

evaluators in the last decade. However, there are a number of limitations associated 

with the use of matching as a technique for estimating treatment impacts, including the 

strong conditional independence assumption and the common support and information 

requirements that ensure it is not the most appropriatc technique in all circumstances. 

The empirical evidence on the performance of matching estimators is mixed. The 

discussion on the usefulness of non-experimental approaches gained intensity following 

the analysis of Lalonde (1986), who finds that non-experimental methods fail to 

replicate experimental results using data on the NSW Demonstration in the United 

States. The underlying presumption is that non-experimental estimators should produce 

approximately similar estimatcs of treatment impacts as the experimental estimators. 

Whcn they do not, concerns are raised as to their usefulness. Heckman and Hotz (1989: 

863) argue that this is not a valid criticism of non-experimental approaches as different 

estimators make different assumptions about the distribution of the observed and 

unobserved characteristics affecting participation and outcomes across the treatment and 

comparison groups. Further, Heckman and Hotz suggest that specification tests can be 

used to choose amongst non-experimental estimators. Applying these to the Lalonde 

dataset they reject most of the poor perfomling non-experimental estimators. However, 

as noted by Cobb-Clark and Crossley (2003: 497), these were rejected ex post and the 

real question is whether they would have been ruled out ex ante in the absence of 

comparable experimental estimates. Dehejia and Wahba (1998, 1999, 2002) and 

Dehejia (2005), in a series of papers, have revisited the findings of Lalonde. They find 

that matching, replicates the experimental findings quite accurately. Recently, these 

results have been challenged on the grounds that they are sensitive to their choice of 

sample, their choice of variables for the propensity score and the choice of the matching 

method (Smith & Todd, 2005a). 

53 The irnplementalion nspecls of this estimator are described in Chapter Seven. 
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As referred to earlier, a major advantage of matching is that it replicates the 

experimental approach by choosing a comparison group where, given the conditional 

independence assumption, the only difference between this group and the participant 

group is that the participant group receives the treatment. The mean treatment effect is, 

therefore, easy to identify as the diffcrence between the outcome of the treatcd and non- 

treated groups. This makes the interpretation of the impact relatively straightforward 

for policy makers to understand. A hrther advantage is that it is non-parametric in 

nature; that is it avoids defining a specific functional form or requiring exclusion 

restrictions for the outcome or selection process (Sianesi, 2001: 19). Although in 

practice the propensity score needs to be estimated, even this does not rely on 

distributional assumptions. As well as these advantages, matching enables the 

researcher to explicitly allocate weights in choosing the comparison group and, further, 

matching highlights the importance of the common support in estimation. 

In matching, the conditional independence assumption is necessary to remove bias. 

This, however, is not a trivial assumption as it requires that all variables that affect both 

participation and outcomes in the absence of participation be included in the matching 

process (Smith, 2000: 12). A decomposition of bias (Hecknian, Ichiniura et al., 1997) 

indicates that there are three types of bias. The first is bias arising from non- 

overlapping support (differences in the types of people), the second arises fi-om different 

distributions of Ci, across the two groups (differences in proportions of the same types 

of people) and the third is true selection bias (differences in outcomes due to 

unobservables). Matching overcomes the first two types of bias, while under the 

conditional independence assumption the third is assumed to be zero. However, if there 

is selection based on unobservables then matching does not remove this third form of 

bias since the conditional independence assumption does not hold. Whether or not the 

conditional independence assunlption is plausible, needs to be argued on a case by case 

basis (Sianesi, 2001: 17) and more likely to be correct if participation is mandatory 

(Bloom et a]., 2002: 1.20) and the more bureaucratic, rule based and deterministic the 

programme selection process. The conditional independence assumption is harder to 

establish if individuals decide on participation largely autononiously and if very few 

details about their personal characteristics are available (Frolich, 2002: 12). 



However, should selection bias be present and the conditional independence assunlption 

is not met matching may still be appropriate. This is in circumstances where the 

selection bias arises due to unobserved time-invariant factors, whether they are the 

characteristics of the potential participants or of the processes used by administrators. 

Should this be the case then the difference-in-differences matching estimator will 

provide consistent and accurate estimates of the impact of participation. 

Wide the common support requirement is a useful feature of matching, in that it 

ensures that the evaluator is comparing the comparable, i t  also has a downside. There 

may well be situations where, due to the common support requirements, the trimming of 

the comparison set leaves the researcher with only a few potential comparison units and 

i n  these circumstances the choice of matching algorithm is critical (Dehejia & Wahba, 

2002: 159). The presence of limited overlap between the treated and comparison 

groups is illustrated by Heckman, Ichimura et al. (1997) who find in their study that the 

estimated common support for four different demographic groups is quite small. 

A major issue with matching is identifying the information set on which to match, as the 

inclusion of different variables can make a major difference to the perforn~ance of the 

estimator (Heckman, lchimura, Smith et al., 1998 and Lechner 2000b). While 

researchers have been guided by general economic models that identify possible 

demographic and human capital attributes to include in C,, (Heckrnan, Ichimura et al., 

1997, Lechner, 1999a and Sianesi, 2001), theory does not provide clear guidance on this 

issue. While several approaches to this have been suggested5', there is no broad 

agreement on how to solve this issue. 

3.4.4 Differences between Matching and Regression Estimators 

As discussed earlier, a complicating factor in using different estimators is that the 

results they generate are not necessarily the same. This does not negate the value of 

using a range of estimators, as the presence of un-testable assumptions in all estimators 

54 See the discussion in Chapter Seven. 



indicates that obtaining alternative results is an appropriate approach to reach 

conclusions as to the impact of active labour market programmes. However, it is 

necessary to outline the major differences between fixed effects regression and 

matching estimators, in order to clarify the factors that may lead to different estimates 

of the effect of treatment upon the treated. These major factors include the different 

approaches to weighting, missing data and functional font1 constraints. 

The major difference between regression and matching estimates of treatment effects is 

in the approach to weighting that these techniques use (Angrist, 1998: 255). To 

simpliQ the exposition the conditional independence assumption is accepted; that is 

Equation 3.31, and, initially, it is assumed that the treatment effects are homogenous 

across all subjects. Ln these circumstances regression provides an unbiased estimate of 

the change due to treatment at each value ofx  and generates a weighted average of these 

estimates. The weights, w.,. are 

proportional to,fls), the sample probability of participating in treatment 

proportional to (I-D.,) D.,, the variance of D,:. In other words, the more 

variable Di is at a value of x the more precise is the estimate of the change 

due to treatment. Since regression places more weight on more precise 

estimates the weighting is proportional to this variance. 

In the presence of heterogeneity in treatment effects at different values of x, regression 

approaches provide a weighted average of a series of unbiased estimates of the 

treatment effect conditional on each xi. Since with heterogeneity the treatment effect is 

different at each x, the regression estimator identifies the weighted average of unbiased 

estimates of different treatment effects. The weights are designed to return a 

homogeno~1.s effect and the weights put greater emphasis on estimates at those values of 

x where Di has greater variance. Regression analysis, therefore, does not estimate the 

impact of treatment of the treated. In fact, in these circumstances, regressior~ produces 

an estimate that is of little interest (Cobb-Clark & Crossley, 2002 and Angrist. 1998). 

55 D, is obtained from the two-step regression procedure that firstly involves regressing D, on .r, to get the 
predicted value of D, :lnd then regressing Y, on (D, - D,). 



When using matching, the researcher is able to control the weighting scheme and this 

approach is thus more amenable to dealing with heterogeneous treatment effects. For 

example, the researcher could choose to aggregate based on the proportion of the treated 

at each value of x.  

An example of the differences in the two approaches is provided by Angrist (1998) in 

his study of the returns to voluntary military service in Vietnam for United States' 

soldiers. He finds that the returns from 1974-84 are very similar for both matching and 

regression estimates but that from 1984 to 199 1 they diverge. The explanation for this 

is the weighting schemes underpinning the estimators. The regression estimator is a 

conditional-variance-weighted average of the covariate-specific treatments while the 

matching estimator weights covariate specific effects by the proportion of veterans at 

each value ofx. The difference in the estimates after 1984 is explained by the long-term 

impact of military service on men with covariates that place them in low-probability or 

high-probability-of-service groups. The matching estimator gives the small covariates 

for men with high probabilities of service the most weight, while the larger covariate- 

specific estimates for men with low probability of service are given less weight. On the 

other hand, the regression estimator gives more weight to the covariate-specific 

estimates where the probability of service conditional on covariates is close to 0.5 

(Angist, 1998: 274). 

There are a number of conclusions that can be drawn from the different approaches to 

weighting used by regression and matching, assuming the conditional independence 

assumption is met. Firstly, the regression estimator is more efficient when the treatment 

effect is homogeneous. However, regression is inferior to matching in the presence of 

heterogeneity. In these circumstances, matching estimates a parameter of interest to the 

researcher. 

Different approaches to account for missing data are used by matching estinlators as 

compared with regression estimators. As discussed above, the matching overcomes this 

issue by matching over the common support and discarding individuals who do not have 

"good" matches. On the other hand, regression does not impose the common support 



requirement and, in fact, predicts outcomes for regions of variable space where no 

observations occur. Due to this difference, the estimates of treatment effects are likely 

to differ between matching and regression. However, this difference may be removed 

by inlposing the colnmon support condition when using regression techniques. 

A further difference between regression and matching is that regression makes 

assumptions about functional form whereas matching does not. Reed and Rogers 

(2003) test the perfomlance of regression and matching under a number of different 

scenarios using Monte Carlo simulations and find, when the conditional independence 

assumption is met and the functional fonn is mis-specified, that the regression estimator 

of treatment effects is biased while the matching estimator is unbiased. However, 

Angnst (1998: 255) notes that matching also requires stratification or pairing and that 

both stratification and functional form approximations can be made increasingly 

accurate as sample size grows. His conclusion is that the manner in which covariates 

are accommodated is, therefore, not the most important difference between the two 

methods. 

The discussion above indicates that regression and matching may produce different 

results due to their different properties, and that theory provides little guidance as to 

which is the more appropriate. In the presence of conditional independence assumption 

and hon~ogeneous treatment effects, regression appears to provide the more efficient 

estimates. However, even here there are issues associated with functional form and the 

common support. In the presence of heterogeneous treatment effects matching may be 

superior. The presence of unobsewables may also lead to different results from the two 

approaches. Should the unobservables be individual-specific and time-invariant then 

fixed effects provides a solution to this. Traditional matching depends on the 

conditional independence assumption and unobservables creates potential bias in the 

results. The combination of difference-in-differences with matching makes it possible 

for matching to produce unbiased estimates, again assuming that the unobservables are 

individual-specific and time-invariant. However, if selection occurs on time varying 

unobsewables then both approaches are biased and neither may be appropriate. 



Given the range of estimation techniques available a critical decision for the evaluation 

meareher is t~ identify the relevant approach and techniques to use. However, the lack 

of a "magic bullet" that works in all drcumstances complicates the decision. Snce eaoh 

estimation technique Bas same un-testa& assumptions and exploits different sources of 

pariation, the appropriate approach is to use several appropriate tmhniques (Angrist, 

1998: 282). This approach has become more eomrnon amongst evaluation rem~rchers 

and is adopted here. The decision as to the partidat estimation techniques used is 

based en the data available, the underlying model and the param* to be estimated. 

This study uses a panel or longitudinal datase$ the underlying madel is  the potanhal 

outcomes ftamework with the possible presence of selection bilas a d  the parameter of 

interest is the average effmt of treatment on the treated-. Heterogeneity is allowed 5or 

through &e analysis of sub-groups within the treated and non-treated individuals. With 

these sigrdicant features, the main estimation approaches wed in this study are fixed 

effects regression and difference-in-difirences matching56. 

Sh Other forms of estimation are also included to provide benchmarks and sensitivity analysis for Ihe 
results. See tbe imalysis in Chapters Six and Seven. 
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Chapter Four: 

Institutional Features of the New Zealand Labour Market 

4.1 Introduction 

The changing scale and nature of unen~ployn~ent and the government policy response to 

this created the mix and characteristics of the active labour market policies utilised in 

New Zealand from 1989 to 1997. These changes, the policy responses to these changes 

and the details on the specific labour market programmes used in New Zealand from the 

late 1960s until 1997 are outlined in this chapter. 

4.2 Unemployment in New Zealand 

A number of features and trends are apparent for New Zealand unemployment since the 

mid 1960's. These include changes in the level of unemployment, whereby New 

Zealand has moved from having a very low level of iineniployment to a situation where 

the unemployed are consistently a higher proportion of the labour force than in the 

1960's, and changes in the composition and cliaracteristics of the unemployed. 

The levels of unemploynient in New Zealand from the end of World War Two until the 

late 1960's were very low. In fact, for the first decade following the war, the numbers 

who were registered as unemployed, when measured as the monthly average per year, 

were less than one h~ndred '~ .  Unemployment levels began to increase in the late 

1960's, associated with a cyclical downturn, and since then the trend until the mid 

57 The numbers rcg~stered as i~nemployed was the official measure of unemploymenl until 1986 when the 
government adopted a measure derived from the quarterly Household Labour Force Survey (HLFS) 
distributed by Statistics New Zealand, formerly the Department of Statist~cs, which confornis with the 
International Labour Organisation's definition of employment (Shirley. Ewton, Briar. & Chalterjee, 
1990: 1 18). The register of unemployed has consistently recorded higher levels of i~nemploymenl than 
the HLFS since both sets of data have been collected, although the trends in both measures have been the 
same. 



1990's was rapidly upward with a peak af 215,562 registered as unemployed in 1992. 

[See Figure 4.1 and Table 4, 1)58 This pattern paralleled the experience of many OECD 

countries. However, apart fiom a period in the early 1990's, New Zealand's 

unemployment rate has been below the OECD average (OECD, 1996a). Major 

contributors t~ the 1e-vels ~f unemployment in New Zealand were the two demand 

?#hocks of the 197Q's, the effects of restructuring the New Zealand economy in the 

1980's during whiclh New Zealand carried out a comprehensive deregulation, of the New 

Zealand economy, the removal of 

Figure 4.1: Registered Unemployed in New Zealand 1965 to 1998 

Mesure: Average Monthly Total br lhe Calendar Year 

'"be dab series reported in the tabks and figures finish where appropriate at 1997 as the Department of 
Labout dataset used in bhis study also stops a1 the end of 1997. 
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Table 4.1: New Zealand Unemployment Rate 1986 to 1997 

Year 

1986 
1987 
1988 

Males 
3.6 
3.9 
5.6 
7.3 
8.2 
10.9 
10.9 
10.0 
8.5 
6.2 
6.1 
6.6 

UR = "io of Labour Force Unemployed 
Solnre: Stofi.sfics NZ, HL FS 

import barriers, labour market legislation, including the minimum wage and the social 

welfare system, and the failure of the labour market to adjust quickly to these changes. 

Iniprovcd economic performance of the New Zealand and World economies in the 

1990's has helped reduce the levels of registered unemployment in New Zealand. 

However, not only have these levels not returned to those of the post war era but there 

has been a residual and uneven impact upon New Zealanders. One of the lasting effects 

of the years of high unemployn~ent, consistent with all OECD countries who 

experienced high unemployment levels, has been the growth of those who are long-term 

unemployed, at least six months unemployed, and those who are very long-term 

unemployed, greater than one year unemployed (see Table 4.2 and 4.3). Over the 1986 

to 1998 time period the proportion of the unemployed who were unemployed for more 

than six months grew from 19.3% to nearly 35%. peaking with 49% in 1992. The same 

pattern existed for males, but the peak was higher at 53.6%. Long-tern1 unemployment 

has particularly negative effects since, when economies grow again as with New 

Zcaland in the 1990's, a significant proportion of those who had experienced long-tern] 

unemployment remain unemployed due to having been disconnected from the labour 

market, damaged by the erosion of important work skills, discouraged from searching 

for jobs and viewed by prospective employers as inferior to other potential employees 

(Birch, 1992, and New Zealand Employment Service 1996). 



Table 4.2: Characteristics of the Unemployed 1986-1997 - Total 

Year 
1986 
1987 
1988 
1989 
1990 
1991 
1992 
1993 
1994 
1995 
1996 
1997 

percentage- 
Mauri 

Percentage 
Aged 
15-24 

Percentage 
Aged 
25-54 

Percentage 
Aged 55+ 

Percentage 
Long-Term 

unemployed' 

1 Unemployed for 26-5 1 weeks 
2 Unemployed for 52 weeks or more 
Sorrrce: Stalistics NZ,  HL FS 

Table 4.3: Characteristics of the Unemployed 1986-1997 - Males 

Percentage 
Very Long- 

Term 
~ n e m ~ l o v e d ~  

6.1 
8.3 
11.2 
15.2 
18.5 
22.1 
29.5 
30.6 
29.3 
22.7 
18.9 
17.7 

Percentage 
Male 

Percentage 
Very Long- 

Term 
~ : n c n ~ ~ l n ~ c d ?  

6.4 
10.4 
12.9 
17.9 
22.0 
25.6 
33.6 
35.2 
33.7 
26.9 
2 1.9 
20.5 

I Unemployed for 26-5 1 weeks 
2 Unemployed for 52 weeks or more 
Source: Slativtics NZ, HLKS 



The characteristics of the unemployed clearly indicate that the effects of unemployment 

are not distributed evenly across New Zealand society. Males were more likely to be 

unemployed than females, especially in the early 1990's when the proportion of the 

unemployed who were male peaked at nearly 60%. Maori are disproportionately 

represented with over 20% of the total and of the male registered unemployed while 

constituting only 13% of the population as a whole. Further, there is no indication that 

the proportion of registered unemployed who are Maori was falling, with the proportion 

remaining fairly stable between 1986 and 1998. Another group affected strongly by 

unemployment are those with no or very low qualifications. 

Over the 1986-1998 period the impact of unemployment on different age groups has 

altered. The proportion of 25-54 year olds who were unemployed increased steadily 

over this time period, rising from 45% to 57.4%. On the other hand, the proportion of 

young people registered as unen~ployed fell from 50.9% to 36.4%. The same general 

pattern also existed for males. 

The analysis above shows the major changes that have occurred in unemployment in 

New Zealand over the last few decades. The growth in the absolute number, as well as 

the proportion of the labour force unemployed, has been marked. Increases in both the 

nun~ber and proportion which are long- term unen~ployed have created new social and 

economic issues for the New Zealand government. Further, it has become apparent that 

there was an uneven impact of unemployment on different groups in New Zealand, in 

particular on Maori. 

4.3 New Zealand's Approach to Active Labour Market Policy 

The changes in the scale and characteristics of unemployment in New Zealand have 

been important influences on government labour market policy. Since the 1970's the 

New Zealand government, along with most OECD countries, has placed more emphasis 

on active labour market policies. However, the composition and the emphasis in the 

programmes used have changed in New Zealand. These aspects are analysed below. 



New Zealand has increased its commitment to active labour market policies with the 

proportion of GDP spent on these policies rising from under 0.6% in the 1970's to 

peaks of 1% in 1988 and 1992. As the economy has improved in the 1990's 

expenditure on active labour market policies as a proportion of GDP has declined, but 

remains higher than in the 1970's. A comparison with other OECD countries indicates 

that New Zealand's level of resource allocation to these programmes was around 

average for the 1985- 1998 time period. (See Table 2.2) 

Of significance have been the changes in approach to active labour market programmes 

that have been followed by various governments in New Zealand since the 

identification of une~uploynient as a major social and economic issue in the late 1960s. 

In order to understand the government's approach to active labour market policy in the 

late 1980's and throughout 1990's, i t  is necessary to analyse the evolution of 

government policy in this area. I t  is possible to divide the policy responses into three 

time periods. The first was the policy response in the 1970's and early 1980's when 

unemployment initially became a major issue, the second is from 1984 through till the 

late 1980's when the government was rethinking its whole approach to labour markets 

along with the economy as a whole, and the third is from the late 1980's when a new 

emphasis in active labour market policies was implemented. 

4.3.1 Approach in the 1970's and Early 1980's 

The growth of unen~ployn~ent in the late 1960s and the existence of a core of long-term 

unemployed even aftcr the economy rebounded in the early 1970's lead both the 

Department of Labour and the government to consider whether New Zealand should 

adopt active labour market policies. One outcome at that time was that the Department 

of Labour upgraded their "shop front" service centres so that they could deal with both 

the hard core unemployed as well as more skilled workers (Martin, 1996:313). With the 

election of the Labour Government (1972-1975) in 1972 these service centres were 

expanded and. with the onset of increased unemployment in 1975, the government 

reintroduced and greatly expanded public sector work schemes, including women in 

these programmes for the first time. After the I975 election, the National Government 

(1975-1983) introduced an employment policy that was dominated by the provision of 



job creation schemess", many of them in the public sector, organised and managed by 

local authorities and voluntary agencies. The emphasis was on large-scale filly 

subsidised work schemes that provided temporary work for the unemployed (Prime 

Ministerial Task Force on Employment, 1994:Xl). This approach appeared to be the 

appropriate response at the time since unemployment was a new issue in the post war 

period and the expectation was that once the economy improved the unemployed would 

gain jobs. Therefore, the aim of employment policy was to keep the unemployed 

attached to the labour market until the upturn occurred. 

4.3.2 Rethink in the 1980's 

By the early 1980's this approach to en~ployment policy was being questioned and the 

rest of the 1980's was a time when there was a major rethink of labour market policy. 

There were a number of influences that promoted this rethink. One was the fact that 

unemployment was growing again and it was becoming apparent that not only was 

unemployment becoming a permanent feature of the NZ economy but there were an 

increasing number of people who were remaining unemployed for long periods. 

Another was the general philosophy and approach to economic policy adopted by the 

Fourth Labour Ciovemment ( 1  983- 199 1 ) elected in 1983. The new Labour Government 

advocated an open, market-led economy in the belief that the market was more efficient 

at allocating resources and meeting needs than the state. As a result, the government 

undertook a major restructuring of the New Zealand economy including removing price 

and many import controls, liberalising the finance sector, floating the currency, 

abolishing subsidies for industry, abandoning incomes policies and eventually 

privatising many state-owned assets. This was reflected in the stance of the Department 

of Labour which in the early 1980's replaced its long standing commitment to full 

employment with promoting the more efficient operation of the labour market (Martin, 

1996: 3 18). 

59 The 1977 Temporary Employment Scheme, later named Ihe Project Employment Scheme, replaced the 
earlier public sector special work schemes. Other schemes included private sector and famm employment 
subsidy schemes, additional jobs programmes, subsidised wages in indushy, the first job programme that 
assisted school lenvers and u suspensory loan scheme for small businesses so that they could take 
advantage of the additional jobs programme. 



There was also analysis from a number of quarters that questioned the effectiveness of 

the job creation approach that had been used in the 1970's. New Zealand Treasury 

argued that unemployment at any one time is influenced by the dynamics of job creation 

and destruction and the speed at which the labour market can enable workers to adjust 

and make the transition to new jobs. Creating subsidised jobs in fact slowed down this 

adjustment process (New Zealand Treasury, 1984). The New Zealand Department of 

Labour itself was critical of the use of employment subsidies in its briefing to the 

incoming minister in 1987. I t  pointed to the substitution, deadweight, distortionary and 

fiscal ef'fects of such policies and questioned whether they created any net jobs, rather 

simply redistributing them (Department of Labour, 1987: 3-4 and New Zealand 

Employers' Federation, 1992: 36). Alongside this, was recognition that long-term 

unemployment was linked to levels of education and training, although the large degree 

of heterogeneity in the group made i t  hard to disentangle accurately the role of human 

capital, institutional and economic conditions (Department of Labour, 1990: 45 and 

OECD, 1993a: 85). The uneven nature and impact of unenlployment also raised 

questions as to whether the open access to schemes that had existed in the 1970's was 

an efficient and effective way to provide assistance. The 1980's, therefore, represented 

a period in which thcre was a reorientation away from subsidies and job creation 

towards a greater emphasis on training. This was detailed in a document, New Deu/.for. 

Twining trnd E~?~ploytnent Opporrzlnities, released by the Labour Government in 

December of 1985 in which the government formally stated that there should be a shift 

in employment policy to 

... an activc longer term market approach, centred on training and skill 

development and integration into the workforce. Subsidies should now only 

serve as compensation to employers for an employee's initial lower level of 

productivity, or as an inducement to employ those who might otherwise be 

discriminated against in the labour market. (Martin, 1996:345) 

The outcome of the rethink on enlploynlent policy was that existing employment and 

training programmes were amalgamated into the Job Opportunity Scheme and the 

Training Assistance Programme, which was replaced by ACCESS in 1987, 

subsidisation was reduced and the emphasis went on to private sector as opposed to 

public sector schemes (OECD, 1987: 30-3 I ) .  



4.3.3 Approach from the Late 1980's to 1998 

Following the period of reorientation in the 1980's, there was hrther refinement of 

policies in the late 1980's and early 1990's. The general view was that the best way to 

create significant falls in unenlployment was by promoting strong output growth and 

labour market flexibility (Sloan. 1994: 14). To support this, the government introduced 

the Employment Contracts Act in 1 99 1 , under which wage bargaining was decentralised 

to the enterprise level and the role of trade unions was diminished. The role of the 

Department of Labour, clearly detailed by the departnlent's 1987 review team, was to 

develop policies, and where justified, mechanisms to deal with situations where market 

forces did not adequately ensure the eficient. effective and equitable operation of the 

labour market (Martin, 1996:351). These market failures were associated with a 

perceived lack of adequate human capital in the workforce, the growth of the long-term 

unemployed and the uneven impact of unemployment upon different groups in society. 

The government, therefore, decided to target its active labour market policies more 

effectively; in particular at reducing and preventing long-ten11 unemployment and 

helping those groups considered to be at riskb0 or to be disadvantagedh' in the labour 

market (Department of Labour, 1993). 

Recognition that New Zealand lagged behind other OECD countries in the area of 

workforce skills, competence and human capital (OECD, 1996x61) had seen the 

government introduce a new approach to education and training for the country as a 

60 To be considered at risk by the New Zealand Employment Service, and subsequently by Work and 
Income New Zealand, the clienl needed to have one of the barriers listed below: 

Extensive enrolmenl history with interruption 
Clients with a disability 
Domestic purposes or widows benefit clients who have been on a benefit for a year or more 
Community wage partners where the primary client has been on a benefit for one year or more 
Clients who are aged 55 or older 
Youth clients - 16-20 year olds who have been on the benefil for 13 weeks or 16-18 year olds 
receiving an Independent Youth Benefit 
Quota refugees 
Departrnentofcorreclionclients 
A person returning to the workforce (not registered and unen~ployed for four years or more) 
Women in non-traditional work 

6 '  To be considered disadvantaged in the local labour market the client had to be less likely to gain 
employment than other people in the area due to their lack of one or more of the following: 

Skills 
Qualitications 
Work experience 
Knowledge of the local labour markel 



whole". Employment policies emphasised training and skill development to a greater 

extent than previously and were linked to the new qualifications framework. Active 

labour market policies in the 1990's' therefore, involved a set of specific programmes 

that were aimed at increasing skill levels, maintaining work attachment and that 

subsidised job seekers into permanent jobs. The emphasis was at helping those who 

were disadvantaged or at risk and this was most easily identified by duration of 

unemploy~nent. As a result, the intensity of expenditure on active labour market 

programmes increases with duration. 

Since the 1970's, there have been three clear periods of active labour market policy. 

The first, until the early 1 9 8 0 ' ~ ~  involved an emphasis on subsidised job creation 

schemes, often by public organisations. During the 1980's, the second time period, 

there was a reorientation way from this approach and a greater emphasis was placed on 

training and private sector involvement. In the late 1980's and into the 1990's, there 

was a further adjustment to the approach used, with training becoming even more 

important. and integrated into the new qualification framework, and targeting at those 

considered most in need. 

These changes in approach are reflected in the statistics on the composition of 

expenditure on active labour market policy in New Zealand. (See Table 4.4) The 

decline in spending on subsidy programmes and the increase in spending on training 

programmes is markedb3. Within the broad categories of expenditure there are five 

h2 This involved in the early 1990's the introduction of the New Zealand Qualiiicalions Authority, Ihe 
National Qualitications Framework involving nationally recognised unit standards that were transferable 
between training providers, the establishmen1 of Industry Training Organisations (ITOs) and the 
Education and Training Support Agency (ETSA), and the bulk funding of schools (OECD. 1993a: 106- 
1 10). 
63 While other countries have also changed the composition of their expenditure on active labour market 
programmes, it is apparent from Table 2.3 that, while training programmes have been emphasised across 
OECD countries, there is no consistent pattern of spending on dift'erent active labour market programmes. 
There are a number of potential reasons for this. It is partly due to the fact that there is no clear consensus 
on the impact of different types of active labour market policy. 11 is also partly because the impact of 
interventions is very context specific, so hat policies have different effects in different countries, and 
further, it may be a problem with the broad classification systems used which mask a range of 
programmes that differ across countries. Another potential reason is that the programmes chosen may be 
the result ol'polilical influence as opposed to decisions as to which are most effective. 





programmes that have received most emphasis, when measured by expenditure and 

referrals, since 1990. Job Plus and Training Opportunities were the major programmes 

in the mid-1990's. Other programmes of importance were Community Task Force, 

Enterprise Allowance and Task Force Green. 

4.4 Details on Important Active Labour Market Programmes 1989- 

1997 

The key active labour market programmes in place in New Zealand in the 1990's, as 

measured by expenditure and coverage, were Enterprise Allowance, Task Force Green, 

Job Plus, Community Task Force and Training Opportunities Programme. (See Table 

4.5) 

4.4.1 Enterprise Allowance 

The Enterprise Allowance programme was one of several subsidy programmes that the 

New Zealand Employment Service had available in its menu of potential active labour 

market interventions for the unemployed"J. Before the introduction of Enterprise 

Allowance in late 1990, the Job Opportunities Scheme, which included the possibility 

for clients of both wage and sclf-employment subsidies. was being used. A decision in 

1990 to emphasise provision of an integrated self-employment intervention programme 

incorporating business training, business assessment and vetting as well as financial 

assistance to start-up and launch a business, led to the development of Enterprise 

Allowance, a stand-alone self-employment subsidy programme. The Job Opportunity 

Scheme was discontinued and the wage subsidy aspect was incorporated into a new 

programme, Job Plus. 

The main aim of Enterprise Allowance was to help New Zealand Employment Service 

clients achieve self-sufficiency through self-employment. This was the central 

government aim for the programme since, although there are business developn~ent 

M Most of the details on Enterprise Allowance are drawn from the Review underlaken in 1996 by Curtin 
( 1996). 



Table 4.5: Summary of Key Specific Active Labour Market Programmes in New 
Zealand 

Programme 

Enterprise 
Allowance 

Task Force 
Green 

Job Plus 

Community 
Task Force 

Training 
Opportunities 

Type Participant Length of Time Frame 
E:lir:i -- hilil! Criteria lnterventioa6" 

Subsidy to the I5 weeks Avcragc: 68.5% 1990-current 
participant registered of a year 
(self employment) interest in self (maximuni is 52 

c ~ i ~ p l o ~ ~ n ~ n l  weeks) 
Subsidy lo the - 26 weeks Average: 36.4% I~~'~lLl~urrcn1 
sponsoring registered of ii year 
organisation disadvantaged in (maxin~um is 26 
(environment or the local labour weeks) 
comlnunity projecl) market 
Subsidy to the 26 weeks Average: 40.6% I ' ~ ~ ~ O - r ~ ~ m r n  I 

employer registered of a year 
disadvantaged in (maximum is one 
the local labour year) 
niarket 

Work experience 13 weeks Average: 32.3% I W I - I ' I ' IY  

registered of a year 
disadvantaged in (ra~lge from 8 
the local labour weeks to 26 
markel weeks) 

- 1  K I  inin;? 26 weeks Average: 24.4% 1993-current 
generic and registered of a year 
specitic school leavers: (maximum is 240 
classroom and left school in last credits on 
workplace 26 weeks and Register of 

registered National 
low qL~alifications Qi~ali tications) 

less then 240 
credits on 
Register of 
National 
CJ r:111 lications 

objectives associated with Enterprise Allowance, this programme has been excluded 

from government reviews of enterprise assistance. It was recognised by government 

that simply providing finance may not be sufficient, and that this may be more 

beneficial if the financial assistance was linked with business skills and training if the 

cliances of clients achieving self employment were to be enhanced. In fact. in 1992, a 

capitalisation option, whereby clients could receive a lump sum grant, was added to the 

original subsidy which i~~volved continuing to receive income support throughout the 

65 See Table 5.4 for a fuller breakdown of the average lenglh of an intervention. These averages are for 
males aged between 26 and 49 as at I Janitary 1989 and who received the intervention some time between 
1989 and 1997. The nlaximum and n~inimunl are as specified in the programme details. 



early days of the business start-up. This arose from a concern that one of the major 

barriers to sel,f-employment facing the unemployed was a lack of capitd6. 

Administration of the Enterprise Allowance programme involved a number of stages. 

Initially administrators were required to select appropriate participants. This selection 

process involved identifying eligible job seekers who either had an interest in self- 

employment, or for whom working for others was not an option6', and for whom self 

enlployment was a realistic option. Eligibility was based on a client having been in 

receipt of income-tested income support and been registered with the New Zealand 

Employment Service for at least fifteen weeks. Having been offered a place on the 

programme and having accepted it the programme participants were then assessed as to 

what further business skill training they required and were referred to this training. 

Participants were often referred to "Be Your Own Boss" courses and received a grant of 

up to $600 for this as well as continuing to receive their income support. Following this 

training, the participants were required to prepare a business plan in order to justify the 

viability of their potential business and the need for the government support to launch of 

the business. Independent agents were responsible for evaluating the business plans and 

providing the New Zealand Employment Service with a report on the quality of the plan 

and the viability of the business. This information provided the basis for the New 

Zealand Employment Service decision as to whether or not the project should go ahead. 

Once the business was launched there was monitoring by New Zealand En~ployment 

Service at specified dates. At the end of the original subsidy period of twenty six 

weeks, it was possible for clients to negotiate an extenston. 

Several issues were identiijed in a review of Enterprise Allowance undertaken in 1996 

(Curtin, 1996). Firstly, there were significant inconsistencies across regions in the 

management of the programme at each of the stages. These include differences in the 

initial selection of participants, in the types of training provided and its cost, in business 

66 The focus in this research is on the Enterprise Allowance programme, not the Enterprise Allowance 
with Capitalisation progamrne as the fonner was more widely used in the 1991-1997 time period. 
67 Examples of people who had diflicully working for others for whom this programme was an option 
included ". . . a man ~ h o  employers were not willing to eniploy due to a substance abuse and anger 
managemenl problem, a woman with poor socialisation skills who did not relille well with others but 
whose work competence grew when shc was in charge of herself, a person with an alternative lifestyle 
which included an ~~nusua l  mode of dress and presentation, immigrants with high-level professional 
qualifications which they are unable 10 use in New Zealand and people who live in particularly remote 
areas where there is practically no local labour market" (Curtin. 1996: 19-20). 



plan vetting, project length, project monitoring, obtaining outside expertise and in 

promoting the capitalisation option. In other words, there was a large degree of 

heterogeneity in the way the programme was managed. Secondly, the profile of 

participants was mainly male, pakeha and older than the general age of those who were 

registered as unemployed. The implication is that clients in the New Zealand 

Employment Service's target groups, women, Maori and Pacific Islanders, are under- 

represented. Thirdly, the average cost of the programme was $6200 which made it a 

relatively expensive programme. 

In conclusion, the Enterprise Allowance programme. introduced in late 1990 and still 

running in 2007, is an integrated programme involving business skills training as well 

as financial aid. While the expenditure on this programme is small compared with the 

other subsidy programmes in this study it continues to be supported by the New Zealand 

government. 

4.4.2 Job Plus 

The Job Plus programme", an outgrowth from an earlier wage subsidy programme Jobs 

Opportunity Scheme, was introduced in 1990 and remains in place today. The aim of 

Job Plus was to assist disadvantaged job seekers gain permanent employment by 

providing a wage subsidy to employers for the early part of their employment. 

The operation of this programme involved the matching of participants with the 

particular employment opportunities. Eligibility depended on the potential participant 

being registered as unemployed for at least 26 weeks, being dependent or partly 

dependent on government financial assistance and being disadvantaged in their local 

labour market. There were some explicit exclusions from participation in this 

programme, including the situation where a person had been a previous employee of the 

business. 

68 Information on Job Plus is from a product listing a1 the Work and Income New Zealand site 
http://wimet;'n~rtp/w~~rk ~roducts/ and from a 1994 evaluation of Job Plus(0perations and Policy New 
Zealand Employment Service, 1994). 



In order to attract a Job Plus wage subsidy, the proposed position had to be permanent, 

that is it had to last longer than the subsidy period, and it had to involve thirty hours or 

more work per week; that is, it needed to be a full-time position. Further, the employer 

needed to identify how helshe would support and train the participant. The level of the 

subsidy and the duration of the subsidy were negotiated between the New Zealand 

Employment Service and the employer and, from the New Zealand En~ployment 

Services viewpoint, the subsidy reflected the participant's disadvantage in the local 

labour market, rather than being designed to support the employer's business. There 

was a maximum subsidy level, it varied but was around $200 per week or $ l l .OOO per 

year, and these were paid to the employer every four weeks in arrears. The average 

duration of the subsidy was for six months although i t  coiild be shorter and it could be 

extended up to one year in total. 

The expected outcome from the programme was that the participant would either retain 

the position when the subsidy ended or moved into unsubsidjsed work within eight 

weeks of completing the spell of subsidised employment. However, there has been 

some questioning as to whether or not the Job Plus positions are permanent, as intended 

by the programme criteria. A survey of participants in 1992 found that 40% had left 

their Job Plus employer within one month of the end of the subsidy and of this group 

25% gave redundancy as their reason for leaving (New Zealand Employment Service 

Operations and Policy, 1994: 16) 

Job Plus has now been operating for thirteen years, a clear indication of government 

support for this programme. I t  remains a key part of the current government's active 

labour market strategy and, firther, since 1998 two other programmes have been 

developed out of Job Plus. These programmes are Job Plus Maori Assets, focusing on 

providing a siniilar intervention for Maori, and Job Plus Training, under which 

employers receive subsidies to help pay for special skills that their workers may need, 

including pre-employment training. 

4.4.3 Task Force Green 

Taskforce Green, a wage-subsidy programme, was introduced by the government in late 

1990, although the numbers involved were quite small until 1993. The aim of the 



programme was twofold: firstly, to assist those who were disadvantaged in the labour 

market to obtain experience and skills via a wage subsidy that would address these 

disadvantages in the market; and secondly, to benefit local communities and the local 

environment by work that would not otherwise have been undertaken. Taskforce 

Green, therefore. diffcrs from the other two subsidy programmes in this study since the 

subsidy is not paid to the individual participant, as with Enterprise Allowance, nor is it 

paid to a private sector organisation as is the case with Job Plus. In fact most of the 

organisations involved in this subsidy scheme are public sector or not-for-profit 

organisations. 

The process for putting in place a Taskforce Green project required the matching of two 

elements; the participant and the project. As far as participants were concerned, 

entrance to the programme depended on the participant having a disadvantage in the 

labour market and having been registered as unemployed for at least twenty six weeks; 

in other words the participant needed to have been classified as at risk of becoming 

"long-tern1 unemployed"', and been dependent or partly dependent on government 

supplied income support"'. The expected outcome was that there would be a significant 

increase in the participants' willingness and capacity to work due to their involvement 

in Taskforce Green and, ultimately, they would move to unsubsidised work within eight 

weeks of project completion. The projects established by sponsors were for a fixed 

length of time with a maximum duration of 26 weeks, the average duration was 132 

days for men aged 26 to 577", and were to be of benefit to the community andfor 

environment. New Zealand Employment Service identified examples of suitable project 

sponsor organisations and these included community organisations, educational 

authorities. government departments and local authorities, home based care and private 

sector employers. However, private sector employers were not greatly involved with 

this programme. 

The process involved the administrators deciding that the participant and project criteria 

had been met, and then providing a subsidy to sponsors. The sponsors in turn were 

responsible for ensuring that the wage paid to the participant was at least equal to the 

(19 The details on Taskforce Green come mainly from a New Zealand Employment Service evaluation of 
h i s  programme ~mdertaken in 1995 (New Zealand Employment Service. 1995). 
70 - rhis average length of Tnskforce Green project. equal to approximalely four months, was calculated 
from the New Zealand Employrnent Service Sample and Intervention Databases. 1988-1 997. 



minimum wage. Further, the sponsor was responsible for covering holiday pay, for 

providing supervision of the project and for supplying all materials required for the 

project. 

While Taskforce Green has community and environmental ol~jectives, the labour market 

outcome sought was to move disadvantagcd New Zealand Employment Service clients 

into unsubsidised work. The wage subsidy provided the incentive for sponsors to 

undertake the projects and to hire the participants. The fact that the funding is for 

projects that would not otherwise have been undertaken decreased the likelihood of a 

direct displacement effect occut-ring as a result of the subsidy. Governnlent support for 

this programme remains with Task Force Green still in operation in 2007. 

4.4.4 Community Task Force 

The major work experience programme in place from June 199 1 until September 1998 

was Community Task Force, when it was replaced by Community Work which is 

essentially the same. The scale of Community Task Force was limited to 2,500 job 

seekers at any time until mid 1997 at which point it was expanded to an annual target of 

between 7,000 and 10,000". There were three main objectives for Community Task 

Force: firstly, to provide eligible job seekers with the opportunity to gain part-time work 

experience in a supportive environment in order to move them closer to employment; 

secondly, to enable sponsors to conlplete projects of benefit to the community or 

environment that could not otherwise be undertaken: and thirdly, to provide an 

opportunity to assess a job seeker's commitment to job search, as a work test measure. 

This third objective meant that compulsory referrals were possible. However, 90% of 

participants in the programme were actually volunteers (Centre for Operational 

Research and Evaluation, 1999: 106). 

The operation of this progranme involved the matching by an employnlent advisor of a 

potential participant with an appropriate project, which were sponsored mainly by 

voluntary or government organisations, with only 6% being from the private sector. 

Duration of pro-jects ranged from a minimum of eight weeks to a maximum of twenty 

" The infor~irilion on Community Task Force is mostly from Centre for Operationnl Research and 
Evaluation (1 999) and de Boer (2000). 



six weeks, although they could be renewed. The largest group of sponsors was 

educational institutions and projects were mainly focused on education and the natural 

environment. However, an evaluation of Community Task Force in 1999 (Centre for 

Operational Research and Evaluation, 1999) finds that many of the projects represented 

ongoing maintenance work that was part of the normal work of organisations and not 

necessarily activities that would not have been undertaken otherwise. The sponsors 

were responsible for covering the costs of the project, apart from the participants7 

labour input, while the New Zealand Employment Service continued to pay income as 

well as a $20 per week allowance to participants. An assessment of Con~munity Task 

Force found that it was cheaper to operate than both Taskforce Green and Job Plus 

(Centre for Operational Research and Evaluation, 1999:24) 

To be eligible for the programme a potential participant had to have been registered as 

unemployed with the New Zealand Employment Service for at least thirteen weeks, 

with a particular focus on those who had been unemployed for 52 weeks or more. 

However, some job seekers with less than thirtcen weeks on the register could 

participate under special circumstances. for example for people just released ii-on1 

prison. Participation rates in Community Task Force were highest for Maori, older job 

seekers, women and those in rural areas. Once a participant had been matched with a 

project the participant provided their work in an unpaid capacity, although they 

continued to receive income support. Participants worked for any three workdays with 

full time work-tested beneficiaries working six to eight hours a day and part time work- 

tested beneficiaries working for between three and four hours. The participants were 

monitored by their employment advisor during the project and also within two weeks of 

finishing the project when an in-depth interview concerning future options was 

completed. 

Although there are some strong similarities between Task Force Green and Community 

Task Force they are placed in different categories with the former being a subsidy 

programme and the latter a work experienceljob creation programme. Given the 

similarities this is not clear cut. However, there are several reasons why this 

categorisation is appropriate. Firstly, under the Task Force Green programme the 

organisation that employed the participants were requircd to pay a minimum wage, with 

the aid of a subsidy from the government. With Community Task Force the New 



Zealand Employment Service paid the participants their normal benefit income with a 

top up. A hrther difference is that on Task Force Green the participants worked a full 

week while on Community Task Force it was for only three days a week. These 

characteristics of the programmes indicate that Task Force Green had the features of a 

subsidised job, while Comnlunity Task Force did not. A further factor suggesting the 

classification used in this study is that Mare (2003) in his study of active labour market 

programmes in New Zealand also classifies Task Force Green as a subsidy programme 

and Community Task Force as a work experience programme. 

The importance that government placed both on work experience as an active labour 

market intervention and on Community Task Force as a specific intervention of this 

type is demonstrated by the expansion of the programme in 1997 and in 1998 by the 

introduction a new programme, Community Work, that copied, extended and enhanced 

the characteristics of Community Task Force. Throughout the 199O7s, the number of 

people involved in this programme continued to grow. 

4.4.5 Training Opportunities 

In 1993, the New Zealand Government introduced the Training Opportunities 

Programme with the key objective of enabling the disadvantaged in the labour market to 

develop skills and capabilities that would assist them into further education and 

employment. The predecessor of the Training Opportunities Programme was the 

Access Programme, in place from 1987 to 1992 which, while it was deemed to have 

been reasonably successhl, was considered not to have been cost effective for people 

with higher levels of education, to have a complex administrative structure and to lack 

consistency in the standard of qualif'ications across regions and providers (Ministry of 

Education, 2001). In early 1993, Training Opportunities replaced ACCESS and later in 

that year Maori ACCESS, which had run alongside ACCESS, was also subsumed. This 

situation continued until 1998 when a number of changes were made. Firstly, the 

programme was split into two; Training Opportunities for those eighteen years of age 

and over and Youth Training fbr those who were sixteen or seventeen years of age. 

Secondly, the funding that had been provided through Vote Education and administered 

by Skill New Zealand, formerly the Education and Training Support Agency, was split 

into two with a percentage subsequently being hnded through Vote Work and Income, 



with the intention of providing Work and Income New Zealand with more flexibility in 

accessing the programme. Training Opportunities is still the major active labour market 

training programme in 2007. 

The original aim of Training Opportunities included targeting school leavers and long- 

term job seekers with no or low qualifications72 and assisting them in gaining a 

recognised qualification that would help in moving them on to further education and 

eventually employment. The rationale for the programme was that "participation in 

second chance education provides the opportunity to break the pattern of disadvantage" 

(Te Puni Kokiri, 200 1:5). Therefore, the programme was integrated into the National 

Qualifications Framework, introduced in New Zealand in the early 1990's, with 

participants in the programme gaining unit standards from the Framework that could be 

built on to attain a recognised qualification, such as a National Certificate. 

The eligibility criteria for the programme from 1993 to 1998 were slightly different for 

school leavers compared with all other potential participants. As far as school leavers 

were concerned, they needed to be eighteen or nineteen year olds with low 

qualifications who had left school in the last six months and were registered as 

unemployed. Those who were not school leavers needed to have low qualifications, to 

have been registered as unemployed for at least twenty six weeks and be available to 

work at least twenty hours per week, although there was an exception for youth who 

needed to have been registered as unemployed for only thirteen weeks. Common to all 

potential participants was that they remained eligible to participate in the programme 

until they had earned 240 credits on the register of National Qualifications, whether 

inside or outside of the programme. 

The programme was administered by Skill New Zealand with clients referred by the 

New Zealand Employment Service and the average length of Training Opportunities 

courses was twenty one weeks. The training varied from foundation or generic courses 

that focused on developing employability skills including literacy, numeracy, English, 

communication, use of technology, decision making, information gathering and 

72 No qualification was defined as having fewer than three School Certificate subjects and low 
qualification having no qualificalion higher than sixth form certificate. School Certificate is a national 
examination for year I 1  students and sixlli form certificate for year 12 students. 
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analysing, planning, organisation and problem solving, to vocational and industrial skill 

based courses and also work based options for learners who were close to be being 

work-ready in the view of the employment administrator. The approach for some was 

progressive, with those participants moving from foundation to vocational training. The 

training was mainly provided by New Zealand Qualification Authority registered and 

accredited Private Providers who were contracted by Skill New Zealand and who had to 

meet performance targets as agreed in their contracts. These were derived from the 

targets that the New Zealand government set for Skill New Zealand and included for 

participants both destination outcomes, often the requirement for a participant to be in 

employment or further training outside of the programme two months after completing 

Training Opportunities, and educational outcomes involving the achievement of credits 

from the Register of National Qualifications. 

There have been several reviews and evaluations, both qualitative and quantitative, 

which have been used to judge the effectiveness of the programme and to refine its 

operation73. The outcome has been that the Training Opportunities Programme remains 

an important component of the current government's active labour market policy 

portfolio. 

4.5 Conclusion 

The rise of unemployment rates in New Zealand and the increase in the proportion of 

unemployed who were categorised as long-term unemployed in the 1980's had a 

profound effect upon the New Zealand governments7 approach to labour market policy. 

Alongside these influences on government policy, was the general support for the use of 

active labour market policies as a solution to unen~ployment internationally as shown by 

the OECD Jobs Strategy of the early 1990's (OECD, 1994). By the early 1990's, the 

New Zealand government had decided to move away from an emphasis on public sector 

work experience programmes to a focus on training and private sector wage subsidies. 

Despite this tighter focus, a range of programmes were still provided for unemployed 

males in New Zealand. The outcome in the 1990's was a menu of policies covering a 

range of intervention types including subsidy schemes, work experience programmes 

" These include Educalion Training and Support Agency (1993), A.C. Nielsen (1999), Ministry of 
Education (2001 ), Te Puni Kokiri (2001) and de Boer (2003). 
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and training programmes. The main subsidy schemes were Job Plus, a subsidy for 

privatc sector employment, Enterprise Allowance, a business start-up subsidy and Task 

Force Grecn, a subsidy to the sponsoring organisation. The main work experience 

programme was Community Task Force and thc major training programme was 

Training Opportunities. 



Chapter Five: 

The Data 

Recently. en~pirical research in economics has been enriched by the 

availability of a wealth of new sources of data; cross sections of individuals 

observed over time. These allow us to construct and test more realistic 

behavioural models that could not be identified using only a cross-section or 

a single time-series data set. (Hsiao, 2003: xv) 
I 

5.1 Introduction 

A critical component of any evaluation study is the coverage, quality and quantity of 

data available. In New Zealand, data availability has been a major factor limiting 

empirical analysis of labour markets and labour market policies. However, the 

existence of an administrative panel dataset covering individual unemployment spells 

and interventions has enabled this study. Details of the dataset and how i t  is used in this 

study are outlined are outlined in this chapter. 

5.2 Detail, Issues and Adjustments 

The data for this research were primarily obtained from the Labour Market Policy 

Group, New Zealand Department of ~abour'! They come from two administrative data 

sets, an enrolment dataset and an intervention dataset compiled from various New 

Zealand Employment Service (NZES) data sources, which had been collected by the 

NZES" between 1 October 1988 and 31 December 1997. The enrolment dataset 

71 In July 2004 the Labour Market Policy Group was disbanded as the Deparlment of Labour changed its 
strategic direction and reorganised. 
'' The New Zealand Employnienl Service (NZES), part of the Deparlment of L.aboi~r, maintained the 
register of all unemployed over the duration of the data set and was also responsible h r  administering 
many of the ALMPs. Unemploymenr benefits were administered by Income Support. part of the 
Department of Social Welfare. In 1998 NZES was integrated with Income Support to fbmi Work and 



contains demographic, econonlic and labour market information on clients who were 

registered with NZES as unemployed at any time between 1 October 1988 and 31 

December 1 99776. There are 2,476,898 spells of unemployment from 1,145.168 

different clients. The intervention dataset contains details of all interventions for NZES 

clients between 1 October 1988 and 31 December 1997. Each time an intervention 

occurs, 3,652,222 interventions in all, there is an entry in the dataset". The two 

datasets are connected by a unique identifier. 

Although the datasets provide complete coverage of those who registered as 

unenlployed at some point in time between 1 October 1988 and 3 1 Dccember 1997, the 

range of variables is limited. In particular there are no details on family status, number 

of dependent children, on-going participation in formal education or movement into 

retirement. The first two on~issions, family status and number of dependent children, 

are important influences on female involvement in the labour force. Their absence from 

the data effectively precludes an evaluation of the effect of active labour market policies 

upon females. The study, therefore, evaluates the effect on males. The second two 

omissions, participation in formal education and movement to retirement, place limits 

on the age range of males that can be evduated. Due to the lack of information on 

education participation, males under 26 years of age are not included as there is a great 

likelihood that they may be in education. The lack of infornlation on retirement status 

places an upper bound on the age of males so as to avoid contamination in the estimates 

from this source. A conservative approacl~ has been taken with the upper bound on age 

with this being placed at fifty seven years of age. The implication of this is that at the 

starting point of the dataset no one can be older than forty nine years old. Given these 

restrictions, the number of males aged 26 to 49 years on 1 January 1989 in the 

combined dataset is 257,537. 

Income New Zealand (WINZ) w d  in 2001 WIN% became part ofthe Ministry of Social Development 
that had been established in 2000. 
7h - The following variablcs are included in the dataset each time a client had an unemployment spell: star1 
date of the spell, end date of the spell, a unique client number, date of birth. gender, ethnicity, highest 
educational qualjlication, rcason for leaving the register, office at which the client is registered, preferred 
occupation, barriers to employment and hours available to work. 
77 The following variables are included in the dataset each time an intervention occurred: the of tkc  which 
manages the client, start date of the intervention. a ~mique client number which is the same as that in the 
enrolmenl dataset, end date of the intervention, the type of intcrven~ion and the immediate result of the 
intervention. 



The datasets have some significant advantages, for example containing longitudinal 

information on NZES clients, a large sample size that covers all people who were 

registered as unemployed at that time, a range of useful variables and information both 

before and after an intervention. However, there are a number of shortcomings of these 

administrative datasets. Notable is that the information is limited to that formally 

collected by the NZES and, therefore, potentially important information is absent. For 

example, there is no information on wages, labour market status when clients are not on 

the register and other benefits clients may receive. As well as these there were other 

issues, including missing infornlation, changes in some definitions over time and 

inconsistencies in the recording of data, but most of these could be resolved in a 

satisfacto~y manner by checking and either correcting or removing observations. 

Two major issues faced when combining the datasets into one tnaster dataset were the 

problen~ of gaps between unemployment spells and the situation where no end date was 

provided for an intervention. There were a number of aspects associated with gaps 

between unemployment spells. These included two unemployn~ent spells that 

overlapped and where there was only a short time between the end of one 

unemployment spell and the start of another. Where spells overlapped, it was decided 

to combine the spells and treat them as one spell. The question of the length of time 

between spells raised the issue of whether an administrator had made an error, or the 

client had failed to report for an interview, had been removed from the register, but then 

on reporting a few days later had been re-instated. In  either case, a limited time gap 

between unemployment spells suggests that only one spell occurred and the gap should 

be included in the unemployment spell. This issue has been solved by researchers using 

the register data in New Zealand by identifying the size of the gap beyond which a new 

spell would be deemed to have begun (Fletcher, 1995, Watson, Mare, & Gardiner, 1997, 

M. Wilson, 1999 and Gobbi & Rea, 2002). A range of time periods are used in these 

studies to identify the difference between a new unemployment spell and the 

continuation of an old unemployment spell. The time periods to identify whether or not 

a subsequent unemployment spell is a new one range from two weeks. the most 

common, to 21 days. The decision in this study was to deem a subsequent 

unemployment spell to be a new spell if the gap between the spells was greater than 

days and to consider it the same spell. including counting the gap as part of the spell? 

the gap was less than 15 days. 



The second ma-jor issue when setting up the combined master dataset was to identify the 

appropriate solution to the problen~ of interventions without an end date. This issue is 

exacerbated as there is right censoring in the data, since the interventions and 

unemployment spell information cuts off at 31 December 1997 when either or both of 

these may continue after that time. There are two main options open to the researcher in 

these circumstances. One is to identify a mean length of intervention and to substitute 

that for the missing end date and the other is to remove the observations from the 

dataset, treating them as erroneous data. The first option, placing in the mean length of 

intervention, was used in a recent study using this dataset (Mare, 2002). However. there 

are a number of issues associated with this option. Of particular concern is how to 

compute the mean length of intervention, as for many of the interventions there was a 

wide variety of intervention length. For example, should the mean length of an 

intervention be calculated for the whole sample which undertook an intervention, or 

calculated for each office, or calculated as the outcome of a set of characteristics of the 

participants? The mean length obtained under each of these scenarios would be 

different and not represeutative. This could cause bias in the estimates and there would 

be no way of knowing, a priori, in what direction the bias would go. Further, some of 

the participants may have dropped out of the programme and therefore did not complete 

it. In these circumstances including the mean length would have a negative bias on the 

impact of the intervention. There is also a risk involved in the second option, removing 

individuals who do not have an end date, as this assumes that they did not participate in 

the programme. However, given the size of the sample, and the fact that the risk of bias 

is potentially greater from using the estimated mean length of intervention it was 

decided to delete obser-vations from the data set. 

When all adjustments had been completed, that is removing inconsistencies in the data 

and adjusting for the lack of end dates to interventions, the number of males aged 26 to 

49 on I January 1989 in the dataset fell from 257,537 to 247,507 males. This represents 

a reduction in male observations meeting the age criteria of 3.8%. 

The master dataset for this research involved establislling a continuous time daily 

schedule for all of the 247,507 in the dataset. On each day, it was possible to identify 

whether an individual was on the register or off the register, if on the register whether 

they were in an intervention or not, and, should the individual be on an intervention, the 



nature of this intervention. The decision was made to measure only the major 

interventions and not to include referrals to jobs or the ongoing interviews and seminars 

that were part of the regular operation of the New Zealand Employment Service. It was 

possible that New Zealand Employment Service clients were undertaking more than one 

intervention on any given day; for example, they could be receiving a subsidy and also 

undergoing training. The continuous time structure of the master dataset made it 

possible then to aggregate the key variables of interest as proportions of the time period 

requircd, for example a year, or a quarter or a month. The dependent variable is the 

proportion of time on the unemployment register and the key independent variables are 

the proportion of time in an intervention or in specific interventions7'. 

I t  is worthwhile to assess whether the master dataset meets some of the data design 

feahlres that evaluation research suggests improve the perfom~ance of the estimators. 

These design features include the following: 

Data on recent laboi~r market history is helpful as i t  appears to be a significant 

empirical determinant of participation (Roselius, 1996) 

Using longitudinal data for several years of pre-programme outcomes can 

improve the accuracy of non-experimental estimators (Ashenfelter & Card, 

1985, Dehejia & Wahba, 1999 and Bloom et al.. 2002). 

Observing participants and controls in the same labour markets (Friedlander & 

Robins, 1995, Heckman, Ichirnura, Smith et a]., 1998 and Smith & Todd, 2001) 

Controlling well for observables removes much of the bias so i t  is necessary to 

ensure there is a rich set of data (Heckman, Ichimura, Smith et a]., 1998, and 

Smith & Todd, 2001) 

Using the same cluestionnaire or survey instrunlent for both participants and 

non-participants reduces the chance of measurement error (Roselius, 1996, 

Heckman, Ichimura et al., 1997 and Glazerman et a]., 2002) 

i x  The other variables apart from the dependent variable and intervention variables in thc master datasel 
include agc. age squared, ethnicity, unemployed and no intervention, barriers to employment, year. and 
New Zealand Elnployment Service oftice location. 



The master dataset includes many of these features. I t  includes information on the 

recent unemployment history of participants and non-participants. The length of time of 

the panel ensures that for many of the individuals there is a long period of pre- 

intervention data available. The inclusion of data on office location, which later in the 

study is matched with local regional growth rates, enables the role of local labour 

markets to be taken into account. The information on regional labour markets was 

developed using data supplied MOTU Economic Public Policy Research Trust, New 

~ e a l a n d ' ~ .  The dataset has a potential shortcoming in that the range of observable 

variables is limited. However, this shortcoming is partially countered through the use of 

fixed effects regression and difference-in-differences matching. The tinal design 

feature, the use of the same survey instrument to gather data for both participants and 

non-participants, is a feature of the master dataset. 

In summary, the master dataset constructed for this study is a longitudinal or panel 

dataset. It  contains information on the unemployment and intervention status of all 

males aged 26 to 49 on 1 Januaty 1989 who were registered as unemployed at some 

time between I January 1989 and 3 1 December 1997. The dataset to a large extent 

meets the design features that enhance the performance of evaluation estimators. The 

area where it has a shortcoming, the limited range of observables, is taken into account 

through the use of appropriate estimation techniques that explicitly control for non- 

observables. 

5.3 Establishing Estimation Datasets 

As outlined in Chapter Three, there are two major estimation approaches used in this 

study, fixed effects rcgression and difference-in-differences matching. Each of these 

approaches has particular data requirements. Panel data is necessary for fixed effects 

regressionxu. While most matching cstirnators can be implemented with cross-section 

data, difference-in-differences matching requires panel data as well. However, there are 

79 This data was colr~piled by MOTU within their FRST-fundcd programme "Understanding Adjustment 
and Inequalily". 
no In fact Heckman ct al. (1999) show that repeated cross-section data can also sul'fice for estinlating fixed 
effects regression estinlators. 



some notable differences in the way the estimators work and, therefore, in the way that 

the datasets for each is established. 

Fixed effects regression requires data covering at least one pre-intervention and one 

post-intervention time period. The approach does not require that for every individual 

in the dataset that there is both pre-intervention and post-intervention data, but that there 

are data for both time periods available in the dataset as a whole. This requirement is 

met in the nlaster dataset. Somc individuals in the dataset receive a generic intervention 

in 1989 so have no pre-intervention data. As far as the specific interventions are 

concerned, all individuals have pre-intervention data as these programmes were not 

introduced until the early 1990's. These are some individuals who received specitic 

interventions in 1997 and for whom no post-intervention data is available. However, 

for most individuals there is both pre-intervention and post-intervention data. 

In contrast with fixed effects estimation, difference-in-differences matching does 

require pre-intervention and post-intervention data. The prc-intervention data for both 

participants and non-participants is required in order to generate the propensity score on 

which to match. The post intervention data is rcquired in order to estimate the effects of 

the active labour market programmes that are used. I t  is necessary, therefore, to create a 

database that has this type of data for all individuals. 

One approach in evaluation studies to choosing a dataset that has become increasingly 

prevalent in the last five years is the utilisation of cohort datasets. Examples of this 

include Aakvik et al. (2000), Conniffe, Gash, and O'Connell (2000), Magnac (2000), 

Angrist and Lavy (2001), van Ours (2001), Bolvig, Jensen, and Rosholm (2002), 

Bratberg c t  al. (2002), Gerf'in & Lcchner (2002). Marc (20021, O'Connell and 

McGinnity (2002), Raaum and Torp (2002) and Regner (2002). These have been used 

for a range of estimation techniques including regression and matching. Cohort datasets 

involve choosing a particular cohort of participants and non-participants based on 

selection criteria. While the criteria vary across studies they often include a time period 

within which people need to be unemployed to be included. An example of this is the 

evaluation of policy interventions in New Zealand undertaken by Mare (2002). Mare 

chooses for his cohort those who either received a treatnicnt or were registered as 



unemployed at some point during the first three months of 1993. This gives him four 

years of both pre-treatment and post-treatment information. 

There are several advantages associated with the cohort approach to establishing 

estimation databases. The first advantage, as mentioned above, is that this approach can 

ensure that there is pre-intervention and post-intervention data for all individuals. This 

makes it possible to me matching estimators. The second advantage is that the cohort 

database approach can overcome some of the issues associated with estimating 

programrile impacts over timc. These issues include whether, in the presence of 

unobservables. the unobserved individual-specific factors varied over time, whether the 

nature of the interventions varied over time and whether them were different 

participation rates over time that would influence the weighting of impacts. Limiting 

the time period over which the intervention and estimation occurs can partly ameliorate 

these issues. Choosing a cohort, or cohorts, of participants and non-participants based 

on certain time periods is an example of how this can be implemented. The third 

advantage of using a cohort database is that through the selection criteria it  is possible to 

ensure that "like" is being compared with "like". For example, givcn that labour market 

history is an important determinant of participation, i t  is possible to choose the 

participants and non-participants based on aspects or details of their labour market 

histories. 

Since the cohort dataset can be used for both fixed effects regression and for matching, 

and further, i t  has some distinct advantages, the question arises why other approaches 

should be used at all. The answer to this is that while cohort datasets have their 

advantages as indicated above, they are not a panacea that solves all estimation 

problems. In fact, establishing a cohort means "throwing away" observations and with 

them infomiation that can help in the estimation process. Further, i t  makes it difficult to 

undertake analysis of the effects of individuals receiving multiple interventions. 

In this study, therefore, there are two estimation datasets established and used. The first 

is the S Dataset. This is the full dataset that includes information across the whole of 

the master dataset. The second is the C Dataset, the cohort dataset. Fixed effects 

regression estimation is carried out on both datasets and matching estimation is 

undertaken using the C Dataset. 



5.4 The S Dataset 

As discussed above, the S Dataset is the one that contains infornlation across the full 

time of the master dataset. However, for computational purposes i t  was necessary to 

choose a 25% sample from the master dataset. Since individuals in the master dataset 

were ordered according to their client number. with a low client number representing an 

earlier time of first registration and unemployment, random sampling was not used. 

Instead every fourth client was chosen, providing a sample of 61877 males. The 

characteristics of the individuals in the dataset and the length of time they received 

interventions are outlined below. 

5.4.1 Descriptive Statistics of the S Dataset 

A number of patterns and trends are apparent in the descriptive statistics for the S 

Dataset. These are described for the S Dataset as a whole, for individuals involved in 

different programmes and for the education and ethnic sub-groups. 

Since the major interventions were targeted at those most at risk, it was to be expected 

that the proportion of time iincmployed between 1989 and 1997 would be higher for 

those who received interventions than those who did not. This is supported by the data 

as those who received interventions were unemploycd 39.2% of the time compared with 

13.4% for those who did not receive an intervention. (See Table 5.1) While there are 

some similarities, differences in unenlployment history also exist across generic and 

specific interventions as well as for interventions as a whole. (See Figures 5.1, 5.2 and 

5.3) For participants in all of these groups there is an inverted U shape to their 

unemploynlent history over the 1989-1 997 period. This is to be expected as i t  reflects 

the trends in unenlployment in the economy. However, those who received subsidies 

had a lower unemployment propensity, as measured by thcir unemployment history, 

than those who were involved in work experience or training programmes. Of the 

specific interventions individuals who participated in Enterprise Allowance and Job 

Plus also have a lower unemployment time path. 



Table 5.1: Descriptive Statistics - Tot 

Catcgor! 

:I.yc us at I Jan 1989 
Educariort (94) 

l'n 1~unti;zl Qualification 
>2 Schtwi C'crt I licate Subjects 

S c n w  Svhr)tll Qualification 
Post Sclrocll cv T r d c  qualification 

Drgr<r (br I'rrlfesslonal Qualification 
Etli ti icily f %) 

European/ Pakeha 
Maori 

Paslfic Islander 
Other 

Unemnpfoyrnerit Hisrocv 
a.  Proportion of [lie year Unemployed 1989 

1990 
199 1 
1992 
1993 
1994 
1995 
1996 

I Samplc IS Dataset) 
Croup \ (I Work 
Turn1 In~cn~ent ion  Intrrvcntirm Subsidy E\periencr Traininp EA J T  TFG CTF TOP 

35.0 ? i . l  34.5 34.5 -15. I 34 2 34.8 3-1.1 34.7 35.2 5-1.1 

'"' ,1:9 5.0 16.4 12.7 22.6 20.1 9.3 14.2 21.7 22.8 26.9 
b. Proponion unemployed 1989- 1997 13.4 39.2 35.3 47.6 41.4 35.8 37.9 47.4 47.7 47.9 
c. Number of unernplrjyment spells 2.3 2.0 3 3 3.1 3.7 3.7 2.9 3.4 4.2 3.7 4.0 

Intervention Hisrory 
a. Proportion without an lntervention 
b. Proportion with an Intervention 
c. Average Number of Interventions for 
p: i r l i c ipn~s 

N~niber  

77.3 100.0 0.0 100.0 100.0 100.0 100.0 100.0 , 100.0 100.0 100.0 
22.7 0.0 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

7 1 .-.- 0.0 2.2 I .S  3.1 2.3 1." 2 .  I 2.8 3.0 2.7 
61877 47832 14045 7823 1310 2816 1595 4792 1797 1216 1614 

% of Turaf 1 100.0 77.3 22.7 12.6 1.1 4.6 2.6 7.7 2.9 2.0 2.6 
Source. S Daraser 









There are several other features of the individuals in the dataset that are notable. (See 

Table 5.1) There is no major difference in the age of individuals across the various 

states. The mean age range is only from 34.1 years to 35.2 years. The number of 

unemployment spells varied across individuals in different programmes. This was more 

apparent for the specific than the general intcrventions, with those who participated in 

Task Force Green having on average 4.2 unemployment spells over the 1989- 1997 time 

period and those in Enterprise Allowance only 2.9. There is also variability in the 

number of interventions received by individuals. For cxanlple, participants in subsidy 

prograrnnies i n  general had fewer interventions than those who participated in work 

experiencc programmes. Overall 22.7% of the individuals in  the dataset received 

interventions with an average of 2.2 interventions per person. 

Several features stand out from an examination of the characteristics of the education 

sub-groups. While the inverted U shape for unemployn~ent over the time period was 

apparent for all education sub-groups, those with low levels of education experienced 

higher unemployment levels over the time pcriod (Sec Figure 5.4). The same pattern is 

evident when the nunlber of employment spells is observed. (See Table 5.2) 

Participation in training has a U shape, with participation being highest as a proportion 

of each sub-group, amongst the low and highly qualified. On the other hand, subsidies 

are more prevalent anlong those with middle levels of education. Enterprise Allowance, 

the start-up subsidy scheme, receives a grcater proportion of each sub-group as the level 

of education increases. This characteristic of Enterprise Allowance is in line with the 

findings reported from the literature earlier that those who participate in start-up subsidy 

programmes are generally from the better educated among the unemployed. The 

opposite situation exists for Training Opportunities, except for the highest level of 

education. Overall, the proportion of each sub-group with an intervention declines as 

the level of education increases. 





Table 5.2: Descriptive Statistics - Education Sub-Groups (S Dataset) 

Category 

. l ~ r .  as at I Jan 1989 
Ethnicity (%) 

EuropeanIPakehrr 
Maori 

Pacific Islander 
Other 

Unemployment History 
a. Proportion ofthe year Unemployed 

I989 
1990 
1991 
1992 
1993 
1994 
1995 
1996 
1997 

b. Proportion i~nemployed 1989- 1997 
c. X u ~ n b c r  01' uncrnplc,> rnenl spells 
lntervcnfivn History 
a. Proportion wilhout an Intervenlion 
b. Proportion with an Intervention 
c. Average Number of lnterventions for 
participants 
d. Generic Inlrrwntions (% of participants) 

Subsidy 
Work Experience 

Job Training 
e. Specific Interventions (% of participants) 

E A 
J P 

TFG 
CTF 
TOP 

Education Croup 
School Senior Post 

No Formal Certificate School School or Degree or 
Qual. >2 Qual. Trade Professional 

35.6 34.3 33.9 35.6 34.3 



There are some marked differences in the characteristics of individuals from different 

ethnic sub-groups. An examination of the unemployment experience over the 1989- 

1997 time period shows that while European, Maori and Pacific Islande 

inverted U shaped pattern, the Other ethnic group had a steady increase until 

Figure 5.5) Maori and Pacific Islanders have the higher unemployment 

Further, Maori have the highest proportion with an intervention at 31.6% v 

s had the 

997. (See 

trajectory. 

ith Pacific 

Islanders second with 24.2%. (See Table 5.3) The lowest group is the Other ethnic 

group that has only 15.9% with an intervention. Europeans participation is concentrated 

in subsidy programmes. While this is the major programme for Maori, their 

concentration is much lower than that for Europeans. Pacific Islanders and those in 

other ethnic groups are more conccntrated in lob Training programmes. The 

concentrations evident in the generic programmes are also replicated in the specific 

programmes, with Europeans having an emphasis on Enterprise Allowance and Job 

Plus. The major single programme for Maori is Training Opportunities with Job Plus 

second, as is thc case of Pacific Islanders and the other ethnic groups. 

Overall, the S Dataset consists of a diversity of males from different education and 

ethnic backgrounds. The unemployment and intervention experience of these 

individuals and sub-groups vary as a whole and when disaggregated by the generic or 

specitic programme in which they were involved. 

5.4.2 interventions in the S Dataset 

Although the average Icngth of specific interventions is identified in Table 4.5, this does 

not cover the average Icngth of total and generic interventions. Further, those averages 

mask some of the heterogeneity in the length of intervention that individuals in the S 

Dataset received when disaggregated by sub-group. In this section these aspects are 

described. 

The average length of an intervention is 36.9% of a year. (See Table 5.4) However, 

this is not consistent across all sub-groups. There is a positive relationship between 

level of education and the average length of an intervention received by individuals. 

This is, perhaps, at odds with programmes aimed to enhance the prospects of those that 

arc most at risk. There arc several possible reasons for this pattern, including that there 

may be higher drop out rates from programmes amongst the lower skilled. Further. it 





Table 5.3: Descriptive Statistics - Ethnic Sub-Groups (S Dataset) 

C.brwonm LC- 

: f g ~  as at I Jan I989 
Edrrcmtiot~ (%) 

i 1011 No Formal Quali f ic~l '  
22 School Certificate Subjects 

Senior School Qualification 
Post School or Trade qualification 

Degree or Professional Oualiticalion 
lIttettlploymant Histoty 
a. Proportion of the year Unen~ployed 

19x9 
1990 
199 1 
1992 
1993 
1994 
1995 
1996 
1997 

b. Proportion unemployed 1989- 1997 
c. Number of unemployment \pt.Il.; 
Itrtervention Hirlory 
a .  Proportion withoul an Inlervention 
b. Proportion with an Inlervention 
c. Average Number of Interventions for participants 
d. Gcneric In1ervenlions (% of participants) 

Subsidy 
Work Experience 

Job Training 
e. Specific Inlcwentions (% of participants) 

E A 
J P 

TFG 
CTF 
TOP 

, Y I ~ I I I ~ ~  -- - 
./, qf Totd 

Ethnic Group 
Other 

European1 Pacific Ethnic 
Pakeha Maori lslander -- - Crou(,s - 

35.3 34.4 34.8 33.8 

Source: S Datrrsrt 
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could be that the programme moves the lower educated into employment faster than the 

higher educated. 

The same general pattern is evident for subsidy programmes with the higher educated 

remaining on the programme longer. However, for work experience the pattern is 

different. In these programmes, the lowest educated receive the greatest average 

intervention and the highest educated have the smaIlest average length of intervention. 

For training the differences in the length of average intervention between the education 

sub-groups is relatively small. The pattern in the generic interventions for the education 

sub-groups is largely replicated in the length of interventions for the specific 

programmes. 

Variety also exists in the average length of intervention experienced by the ethnic sub- 

groups. Europeanlpakeha receive the highest average length of intervention in total, 

followed by Maori. Pacific Islanders receive the lowest average length of intervention. 

The pattern is different for the generic interventions. While Europeans receive the 

highest average length of intervention for subsidy programmes, they are the lowest for 

training. Pacific Islanders have the largest average length of intervention for work 

experience programmes, while Maori and Other ethnic groups receive the largest for 

Training programmes. 

As far as the specific programmes are concerned. tbcre is also a range of average length 

of interventions across the cthnic sub-groups. There are exceptions, with Enterprise 

Allowance and Task Force Green having similar lengths of intervention for all groups. 

Europeanlpakeha receive the greatest length of intervention for Job Plus and the lowest 

for Training Opportunities. For Training Opportunities Maori and Other ethnic groups 

have the longest average intervention, while Pacific Islanders have the largest for 

Community Task Force. 

In summary, the S Dataset is a 25% sample of the master dataset so includes 

information across all of the 1989- 1997 time period. It  includes information on the 

unemployment and intervention characteristics of individuals that varies across sub- 

groups and across the active labour market programmes. 



5.5 The C Dataset 

In order to undertake matching using the propensity score, should this be unknown, it is 

necessary first to estimate the propensity score. This requires data from the pre- 

intervention and post-intervention time periods for both those who participate and those 

who could potentially have participated. The C Dataset was established in order to meet 

these requiren~ents. In this section, the selection method for inclusion in the C Dataset 

is outlined, as well as descriptive statistics of individuals and groups in the dataset and 

of the average length of intervention they received. 

5.5.1 Selection Method 

In this study, the criteria for selecting the years of the cohort and the membership of the 

cohorts are strongly influenced by the data. the need to limit the range in time of the 

interventions and the factors intluencing participation in active labour market 

programmes. 

Three intervention years are selected for the cohort - 1993, 1994 and 1995. This 

narrow range of intervention years increases the likelihood that the programmes being 

assessed have received only minor changes. In each of these years. although the 

number of inteiventions is large enough to undcrtake analysis of the effccts of total 

interventions. the numbers are in some cases too small for estimates of the impact of 

some of the generic and specific interventions to be nleaningful and are too small to 

undertake a disaggregatcd analysis. The three years are, therefore, combined into one 

cohort covering intervention years 1993-1995. These years were chosen so as to 

niaxirnisc the length of pre-intervention time available, given that the fixed effects 

approach utilised here includes two lags of a year each so requires at least two post- 

intervention years. Therefore, for the 1993 group the pre-intervention data covers 1989- 

1992 and the post intervention 1994 and 1995, for the 1994 group the pre-intervention 

data is 1990- 1993 and post-intervention data 1995 and 1996, and for the 1995 group the 

pre-intervention data is from 199 1-1994 and the post-intervention is from 1996 and 

1997. 



The creation of a single cohort from the three years requires the creation of time based 

around the years of intervention, rather than based on the years in which events actually 

occurred. This is achieved by identifying the year of intervention as time t ,  the pre- 

intervention years as 1-4, 1-3, 1-2, and 1-1, and the post intervention years t+l  and f+2. 

(See Table 5.5) In this way the variables containing the data for each of the pre- 

intervention, intervention and post-intervention years are all aligned. 

Table 5.5: Establishing Time in the C Dataset 

Sincc the cohort dataset is used for matching as well as for fixed effects, and the 

matching analysis focuses on the effects of total interventions, a generic intervention or 

a specific intervention it was necessary to select those who received only one 

intervention in the 1989- 1997 time period, and for whom the intervention occurred in 

1993, 1994 or 1995. Although this selection method is necessary for the analysis, i t  

does have an important implication when a comparison is made of the estimation results 

with those from the f~rll sample. In the case of the cohort dataset the participants chosen 

receive only one intervention in the total time period, whereas in the full sample the 

participants could receive as many interventions as they and the administrators had 

thought necessaly. This suggests that participants in tlie cohort sample are different to 

some extent from those in tlie full sample as they receive only the single intervention, 

whereas some of those in the full samplc received more than one. The difference may 



be due to the interventions having a greater beneficial effect for participants in the 

cohort sample so they do not need further interventions, or that they do need further 

interventions but these occur outside the 1989- 1997 time period. 

The cotnparison group for the cohort dataset consists of those who were unemployed in 

the period preceding the time of intervention, a key determinant of participation in 

active labour market programmes, and who never received an intervention at any time 

from 1989-1997. Howevcr, it is necessary to ensure that there is appropriate 

representation from each of the groups in the cohort. Although some individuals would 

qualify as a comparison member for each of the three years, there are some who would 

not qualify as a control. For example, someone who was unemployed only in 1994 and 

never received an intervention would not qualify for the 1993 group. A sample of non- 

participants is, thercfore, drawn from the comparison groups for each of the years. The 

decision as to how many to include from each year is based on the proportion of total 

interventions in the cohort dataset that are rcceived in each of 1993, 1994 and 1995. 

The outcome is that there is a comparison group of 48,049 to go with the 5,240 who 

receive interventions, giving a total cohort dataset of 53.289. The contribution to the 

comparison group from each of the years is as follows; the 1993 comparison group 

provides 40.9%, 1994 provides 35.6% and 1995 provides 23.5%. 

The C Dataset, therefore, includes a seven year time period of participants and non- 

participants in active labour market programmes. Each participant receives only one 

intervention and this is received in 1993, 1994 or 1995. The non-participants are 

identified based on their having received no intervention at all in the full sample and the 

requirement that they have been unemployed in the period before the intervention 

occurs for those who do participate. 

5.5.2 Descriptive Statistics of the C Dataset 

The details of the sumniary statistics are outlined in Table 5.6. The average age of 

individuals in the cohort is just under 35 years with those receiving interventions being 

younger than those who do not. Participants in Task Force Green and Community Task 

Force are slightly older than participants i n  other programmes. 



There are patterns of participation in active labour market programmes across the ethnic 

sub-groups that mirror those found for the sample as a whole. (See Tables 5.7 and 5.8) 

As a percentage of those who participate in an intervention, EuropeansIPakeha and the 

other ethnic group category have a representation that is lower than their proportion of 

the cohort sample dataset. Maori and Pacific Islanders, in contrast, are represented in 

interventions as a whole to a greater extent than they are represented in the cohort 

dataset. As far as generic and specific programmes are concerned, Europeans/Pakeha 

are represented more highly in the subsidy programmes than in others. Their 

involvenlent is particularly high in Enterprise Allowance and Job Plus, and noticeably 

lower in training programmes, including the major training programme specifically 

studies, Training Opportunities. Maori, on the other hand, are more highly represented 

in work experience and training programmes than in subsidy programmes. The 

exception to this is Task Force Green, which is the programme in which Maori 

representation is relatively higher than elsewhere. Pacific Islanders and the other ethnic 

group category are more highly represented in training programmes in general and 

Training Opportunities in particular. 

There are also distinct patterns across the education sub-groups, with those with 

relatively lower educational ql~alifications being represented to a greater extent in 

interventions than they are in the cohort dataset as a whole. Those with no formal 

qualification have higher representation in training programmes while those with at 

least two School Certificate subjects are more strongly represented in work experience 

programmes in general and Community Task Force in particular. Those with a post 

school or trade qualification are more prevalent in subsidy programmes, while those 

with a senior school qualification or with a degree or professional qualiiication are 

spread evenly across subsidy and work experience programmes, but are less noticeable 

in training programmes. 





Table 5.7: Descriptive Statistics - Education Sub-Groups (C Dataset) 

['at r g o p  - 

. . 1 , p a  as at I Jan 1989 
E t h t i i c i ~  (!%) 

EuropeanPakeha 
Maori 

Pacific lslander 
Other - 

Uncmploynwnt Histoy 
a. Pre t Unemployment (% of lime) 
b. Unemployment in t (% of time) 
c. Post I Unemploy~nent (% of time) 
d. A\ cwsc Number of  U ~ ~ ~ ~ l ~ p l r ~ v r t l ~ i ~ ~ ~ l l ~  --- 
Intervention History 
a. Proportion witlioul an Intervention 
b. Proportion with an Intervention 
c. Generic Interventions (?O of participants) 

Subsidy 
Work Experience 

Job Training 
d. Specific lntcrvenlions (5% of parlicipanls) 

E A 
J P 

'TFG 
CTF 
TOP 

Education Croup 
Senior Post 

No  formal >2SC School School ncgree -- 

35.6 34.3 33.8 35.5 34.3 



Table 5.8: Descriptive Statistics - Ethnic Sub-Groups (C Dataset) 

C'-itcofln -L?- 

.4 flcm us ut I Jun 1989 r s -  

Educatiorr (%) 
No Fonnal Qualification 

>2 School Cerlificate Subjecls 
Senior School Qualification 

P o s ~  School or trade qualificrltion 
I _ )wrcc  . & _  or Profcssional Oualification 

Unetnploy~t~errr Hisrury 
a. Pre f Une~i~ploymcnt (?/o of lime) 
b. Unemploy~nont in t (('40 of lime) 
c. Posr r Unemployment (?4 of  lime) 
d. Averarre Number of Unempllyn1txl1 SJWJ 
-A - 

I~rten~ention History 
a .  Proportion withoul an lnlervenlion 
b. Proportion with an lnlervention 
c. Generic Interventions (% of participants) 

Subsidy 
Work Experience 

Job 'Training 
d. Specific Inlen.entions (% of pah ipan t s )  

EA 
J P 

TFG 
CTF 
TOP 

N~rrnber 
% uf C Slrttlyll~ 

Ethnic Croup 
Other 

Euro~eanl Pacific Ethnic 
~ a i e h a  Maori Islander (;roups 

35.3 34.4 34.6 33.9 

Overall, the individuals in the C Dataset are similar to those in the S Dataset. The 

ethnic and education mix are similar and the unemployment histories, as measured by 

the proportion of time individuals are unemployed over the time of each dataset, is also 

similar. The characteristics of participants and non-participants in active labour market 

programmes match those of the full dataset well, as do the participation patterns of the 

different education and ethnic sub-groups. 



5.5.3 Interventions in the C Dataset 

The average length of time individuals in the C Datasct are on interventions is in Table 

5.9. A comparison of these with those for the S Dataset, in Table 5.4, indicates that, 

while the relative situation across sub-groups and programmes is the same, the 

magnitude of the length of intervention varies. For example, the average length of 

intervention for those who participate in Enterprise Allowance in the S Dataset, 

covering all years the intervention was applied between 1989 and 1997 is 68.4% of a 

year. In contrast the averaze length of time in the C Dataset. covering only 1993, 1994 

and 1995 participation in Entetprisc Allowance, is 49.8% of a year. A further example 

is for subsidies where in the S Dataset the average length of the intervention is 45.5% of 

the year, whereas in the C Datasct it is 37.8% of the year. Overall, a comparison of the 

length of interventions Iiighlights that thc C Dataset is similar to the S Dataset but that 

in the former the interventions tend to be for a shorter period of time. A possible reason 

for this is that the establisliluent of the C Dataset required the inte~venlions to start and 

finish within the year of intervention. This would prcclude some of the longer 

intervention episodes that span morc than one year being included in the dataset. 

5.6 Conclusion 

Access to two datasets created from administrative records by the New Zealand 

Employnient Service in New Zealand has enablcd this evaluation study. By combining 

these two datasets, one covcring unemployment history and the other intervention 

liistory for the same individuals, i t  was possible to create a master dataset with coverage 

fro~n I January 1989 unt i l  3 1 December 1997. However, given the shortcomings of the 

dataset and the rcquirements of thc estimation techniques it has been necessary to make 

some decisions as to how this master dataset was to be adjusted and used. 

The outcome is that two estimation datasets have been created. The first, the S Dataset, 

is a 25% saniple of the nlaster dataset. As such i t  suits the purposes for fixed effects 

regression estimation of treatment effects and has the advantage that i t  avoids the pitfall 





of throwing away good data. A further motivation for the S Dataset is that it allows an 

evaluation of multiple interventions and of the ordinal impact of interventions. The 

second dataset, the C Dataset, was established specifically for the purpose of using 

difference-in-differences matching estimation, It  is a cohort dataset using interventions 

in 1993, 1994 and 1995 only. Fixed effects regression and difference-in-differences 

matching is undertaken using this dataset. 

Although the C Dataset is selected differently from the S Dataset, there are similarities. 

The unemployment histories and the distribution of sub-groups across programmes are 

similar. Further, the relative average length of intervention across sub-groups is the 

same, although there is a difference in the magnitude of these averages. One ma-jor 

difference between the two datasets is that in the S Dataset individuals may have 

participated in scveral active labour market programmes. while in the S Dataset 

individuals are selected on the basis of participating in only one programme. 



Chapter Six 

Regression Evaluation of Active Labour Market Policies in 

New Zealand 

6.1 Introduction 

In  the 1990's, administrators and the unemployed in New Zealand had a menu of active 

labour tnarket policies from which to choose the one, or ones, that were deemed to be 

most appropriate in given circumstances. The choice of active labour tnarket policies 

available to them included a range of work experience, training and subsidy 

programmes. This use by the New Zealand Government of active labour market 

policies in an attempt to overcome the problerns of unemployment in the New Zealand 

economy has raised the issue of how effective these policies are in practice. In the past, 

this issue has not received the attention or analysis it deserves. Most of the previous 

evaluations of active labour market policies in New Zealand focused on single 

interventions, were process evaluations. or were of a qualitative nature with very small 

sampling frames. As a result, it remains unclear as to how effective the active labour 

market policies used in the 1990's are in improving the prospects of the unemployed. 

This chapter addresses the issue of how effective active labour market interventions 

have been in moving people off the ~~ncmployment rcgister in New Zealand in the 

1990's. I t  overcomes some of the weaknesses inherent in earlier studies of New 

Zealand active labour market policies by evaluating a range of the active labour market 

policies and by using an econometric approach, tixcd effects regression, which controls 

for some of the unobservables that may influc~lcc participation decisions and/or the 

length of time that an individual is unemployed. The rationale for using this approach 

has been developed in the previous chapters, where the review of previous research 

highlighted the appropriate estimation approach, given the research question of interest. 

the nature of the data and the underlying potential outcomes model. The discussion in 



the previous cliaptcrs also justified the use of two datasets, the S Dataset and the C 

Dataset. The chapter is. therefore, separated into three nuin parts. The first outlines the 

regression approaches, the variables included in the models and how the approaches are 

implemented. The second part of the chapter reports results of the fixed effects 

regression estimation of the S Dataset. 111 the third part, the results from fixed effects 

estimation of tlic C Dataset are presented. The aim of this third section is to act as a 

bridge between the fixed effects regression and the matching analysis in Chapter Seven 

and answers the question: do the general results found using regression on the S Dataset 

hold when the sample is restricted to the 1993, 1994 and 1995 cohorts in the C Dataset? 

Part I: The Estimation Approach 

6.2 Estimation Models 

In this part of the chapter the fixed effects regression approach to estimating the impact 

of active labour market policies is outlined. This involves a description of the models 

used, discussion of the dependent and independent variables included in  these models 

and identification of the relevant counterfactual. 

6.2.1 Estimation Model Structure 

Two models are used to estimate the impact of active labour market policies on those 

who receive them; Ordinary Least Squares and fixed effects regressions. These two 

regression models are 

Model One: )I,, = a + I,',P + X,:6  + E,, 

Model Two: .Y;, = a, +ai + + XI',(Y + E;, 

Model One is a "naive" estimator and coi~sists of Ordinary Least Squares regression of 

y,, on a single constant, the interventions, I,,, and the confounding regressors included 

in vector XI,. This model provides a basic benchmark and represents an approach used 



in early evaluation studiesx1. However, as outlined below, using Ordinary Least 

Squares to evaluate active labour market programmes has shortcomings which limit its 

usefulness in answering the evaluation problem and providing estimates that are 

unbiasedx2. 

Model Two is the fixed effects regression model. This model includes individual- 

specific constant terns, a, to capture time-invariant factors that are specific to the 

individual. As discussed in the theoretical discussion of the fixed effects regression 

approach in Chapter Four, this model has several general advantages that make i t  useful 

in evaluation studies. The fixed effects technique can overcome the problem of 

unobserved variables that are correlated with the explanatory variables as long as the 

unobserved variables are constant over the time period under consideration. These 

variables may include different levels of motivation, innate ability or a higher capability 

to understand the programme on offer from the employment service. 

In this study, therc are a number of hctors that promote the use of fixed effects 

regression to analyse the impact of active labour market interventions in New Zealand 

and these were discussed in Chapter Three. However, these factors may also justify the 

random effects specification. that allows for individual person specific time paths 

(Magnac, 2000, Bloom et al., 2002 and Michalopoulos ct al., 2004). In the analysis that 

follows whether fixed effects regression or random effects regression is more 

appropriate is explicitly tested. Two tests are reported that indicate the appropriateness 

of using tixed effects regression, Breusch and Pagan's Lagrange Multiplier statistic and 

Hausman's Chi-square statistic. The Breusch and Pagan Lagrange Multiplier statistic 

tests the appropriateness of using the classical Ordinary Least Squares model, while the 

Hausman Chi-Square statistic explicitly tests the appropriateness of the fixed effects 

model versus the random effects specification83. Large values for both of these tests 

simultaneously indicate that the fixed effects model is more appropriate than either the 

X I  See Dickinson et nl. (1986) who use Ordinary Least Squares to evaluate the effect on earnings of the 
Comprehensive Employment and Training Act (CETA). Westat (198 1 and 1984) cited in Barnow (1987) 
use weighted least squares lo evi~luate the sunr progwrnnie. 
82 I t  was h e  recognition of these issues that lead to a major shin in the econonietric evalualion literature 
in the 1980s (Mofiitt, 1991 : 291 ). 
X? The difference between fixed effects and rantlorn effects is 1ha1 in fixed effects the time-invariant, 
individual-specific effect can be correlated with the X,, but with random effects it is assuriied not to be 
correlated with the A',,. The error tenn in random effects, therefore, has two components; a time-invariant. 
individual-specific co~iiponenl and a disturbance term thal is iid N(0, ; ) .  



Ordinary Least Squares or the random effects models. The results below for all of the 

regressions have large statistics for both of these tests, pointing to the appropriateness of 

the fixed effects specification. 

6.2.2 The Dependent Variable 

In each of the models. the dependent variable (l,,,) is the proportion of the year a person 

is registered as unenlployed. The interpretation of this variable is that, in general, a 

decrease (increase) i n  its valuc is a beneficial (detrimental) outcome. However, since 

the database does not include information on the labour market status of people once 

they leave the unemployment register, nor infonnation on the nature and types of 

employment they gain if they do move into employment, the interpretation that a 

decrease in the dependent variable is a beneficial outcome is based on assumptions as to 

the destination of an individual on leaving the unemploynlent register. Should the 

individual move into c~nployment or on to further education then this could be a 

beneficial outconle, both for the individual and for thc government's fiscal position. On 

the other hand, if the individual moves off the unemployment register and becomes 

inactive, classified as out of the labour force, then, while this may have a positive fiscal 

outcome for thc government. it  may not be beneficial for the individual. Further. if an 

individual moves off onc government benefit and onto another this may not be 

beneficial for citlicr thc individual or the government. 

There is evidence both in New Zealand and overseas that those moving out of 

unemployment move to a variety of destinations. For example, the number of males 

who are economically inactive increased i n  the 1990's and there is evidence that some 

individuals have moved from being unemployed to being inactive (Armstrong, 1999, 

Green, 1999 and Beatty & Fothcrgill, 2002). In  addition, international research 

indicates therc has been an increase in the number of people who have moved from the 

unemploymcnt benetit onto a sickness benefit, an example of "hidden unemployment" 

(Beatty, Fothergill, & MacMillan. 2000). Proponents of the "hidden unemployment 

hypothesis" argue that the unemployment problem has not necessarily declined since 

1990 but has been diverted into unconventional forms that are no longer counted in the 

ofticial statistics (Beatty & Fothergill, 2002). Autor and Duggan (2003) analyse the 

impact of the supply of disability benefits on the response of low-skilled workers to 



shocks in the labour market in the United States and find an increase in the propensity 

of workers to exit the labour force to seek disability benefits under certain 

circumstances. Individuals are sometinles simply swapping one type of government 

benefit for another, with the result that the fiscal effect of moving off the unemployment 

benefit may not be positive and the impact on the individual is not necessarily 

beneticial. 

These findings on the destination of people leaving unemployment have implications 

for the interpretation of the dependent variable in this research. While the interpretation 

that a decrease in the dependent variable is a beneficial outcome can be correct, there 

are some circumstances where this may not be the case. In the New Zealand situation 

there are currently inadequate databases on the destination of those leaving the 

unemployment register. The merging of different databases in New Zealand would 

enable these alternative destinations to be identified and analysedx4. Nevertheless, there 

are other ways of attempting to control for the lack of information in the database on 

destinations following exit from unemployment. As far as the possibility of individuals 

exiting to a sickness benefit is concerned, one approach would be to incorporate 

measures of the sickness benefit as an independent variable in order to control for this 

effect on unemployment status. Another approach may be to include information 

related to administrative changes where the criteria for access to unemployment or 

sickness benefits are tightened or loosened. However, there is insufficient data in New 

Zealand on changes to sickness bcnet'its and how these align with the characteristics on 

individuals in the database that can be incorporated in the regression nlodels in this 

study. As far as changes in administrative criteria are concerned, this infornlation is 

also not readily available and can be hard to quantify even if available. This lack of 

data is not a critical concern, as while i t  is apparent that some move from the register to 

inactive status or onto a sickness benefit, on average the predominant destinations are to 

employment and/or further education. 

There may well be geographical regions, for example those where jobs are hard to find, 

where the movement to hidden unemployment is more significant than elsewhere 

s4 The merging ofuncmployrnen~ and intervention data by tho NZES has made this study passiblc. 
However, there would be gains should more social welfare data be mcrged. including sickness. and solo 
parent data. Further gains would occur if social welhre data was also merged with lnland Revenue 
Department data as this would enable the researcher lo measure work, mcorne and earnings outcomes. 



(Beatty & Fothergill, 2002). Advocates of hidden uncmployment, however, have not 

been able to indicate the scale of this effect, nor- to ascertain whether or not it 

predominates for those who move off the unemployment register. Therefore, given the 

above discussion, the interpretation of the dependent variable used is that a decrease in 

the size of the dependent variable is a beneficial outcome fbr the individual. 

6.2.3 The Independent Variables 

The independent variables in the regression models, XI,. are derived from those that 

economic research suggests have an impact on an individual's length of timc in or out 

of unemployment. However, the final choice of independent variables from those 

advanced by economic research is constrained by data available in New Zealand. 

Included in A',, in Model One. the Ordinary Least Squares specification, are continuous 

variables Age, A&, the growth rate in regional real gross domestic product, and 

dummy variables for level of education, ethnic group, region and ycar. The inclusion of 

the two age variables in the model is due to the recognition that age may have a non- 

linear effect on time unemployed. To allow for this, polynomial specifications for age 

are often included in labour economics studies. 

The critical importance of controlling for local labour market iniluences when assessing 

the impact of interventions has received more focus since the early 1990's than 

previously". The potential influence of local labour market conditions on exiting from 

unemployment arises since higher economic growth should increase the likelihood of 

obtaining work. Since labour market conditions often vary across regions due to 

different labour supply and demand influences, there will be a variation in exit rates 

from unen~ployn~ent depending on these local labour market characteristics and 

pressures. The empirical tests of this relationship are, however, not conclusive. Many 

studies find only a small relationship or relationships that are statistically insignificant 

for local labour market effects on exit from unemployment (Hoyncs, 2000a). Despite 

this, caseload studies consistently find that local labour markets matter and there is 

policy support, as a result, for active labour market policies to be implemented and 

evaluated at the local level (Bryson et a]., 1998, and Campbell, 2000). Hoynes (2000a) 

xs Sec Dolton. Makepeace, Sr Treble ( 1994). Bryson e l  al. (199X), Heckmm, Ichimura, Smilh el al. 
(1 998). Lechner (l999a). Campbell (7000), Hoynes (2000) and Leahy (2001). 



tests this relationship betwcen local labour markets and welfnre dependency using 

various measures of local labour market conditions and finds that local labour market 

conditions do in fact influence the likelihood of recipients leaving welfarc. Heckman, 

Ichimura, Smith et al. (1998) identify the failure to take into account the local labour 

market from which individuals are drawn as a contributor to the bias in evaluation 

studies. 

In summary, the theoretical relationship betwcen local labour market conditions and 

exits from welfare identified above, as well as the admittedly mixcd empirical support 

for this relationship. suggests that local labour market conditions are an intluence that 

needs to be controlled for when evaluating the impact of interventions. To this end, two 

regional variables are included in the regression models: the annual growth rate in real 

gross domestic product at the territorial local authority lcvel is included as a measure of 

local labour market conditionsH" and a dummy variable is included identibing the main 

territorial local authority in which an individual resides on an annual basis. 

The dummy variables included in Xi, incorporate a key intluence on employment and 

unemployment, the level of education. Both human capital theory and signalling theory 

point to the importance of education as a determinant of employment and 

unernploynzent (Lechner, 1999b). The education variables consist of four dummy 

variables with the base state being no formal qualifications. The education dummy 

variables identify the highest level of qualification for an individual. Thcse variable 

categories cover individuals with more than two Scliool Certificate subjects, a senior 

school qualification, a post school or trade qualification and a degree or professional 

qualification. 

As well as education, delineation by ethnic group is included in the regression model. 

There are three dummy variables with the base state being Europeanlpakeha. The 

dummy variables are Maori, Pacific Islander and Other ethnic groups. The final set of 

dummy variables included is one for each year, excluding the first year which is the 

Xh This series has been derivcd from the "tlousing and Economic Adjushnent" database croakd by 
MOTU in 2003. This database includes a measure of regional gross domestic product on a quarlerly basis 
from 198l( l )  unti l  1002(4). 



base state. The purpose of this variable is to capture any idiosyncratic shocks that may 

have occurred in any particular year. 

Economic research indicates that an in~portant influence on the length of time an 

individual is unemployed is the unen~ployment conlpensation scheme operating in a 

country at that timex7, and, therefore, measures of this may be included as an 

independent variable when controlling for factors that intluence unemployment. This 

relationship between unemployment compensation and duration of unemployment is 

based on two major pieces of labour economics theory; namely job-search theory and 

efficiency wage theory (Atkinson & Micklewright, 199 1 ,  and Spiezia, 2000). Job 

search theory posits that an increase in the unemploynlent benefit level acts as a 

disincentive for the unemployed to search for work or to accept a job and, as a result, 

lengthens the time spent unemployed. According to efficiency wage theory, an increase 

in the unetnployn~ent benefit reduces the cost of being unemployed and induces workers 

to ask fbr higher wages, thus also increasing their length of time unemployed. There are 

a number of empirical studies that support this view, although there is some evidence 

that the effect is more significant for countries that have unemployment assistance 

schemes compared with those that have unemployment insurance schemes (Spiezia, 

2000). Since New Zealand has an unemployment assistance scheme the level of the 

unemployn~ent benefit is a potential confounding variable when evaluating the effect of 

active labour market programmes moving people off the unen~ployment register. 

Despite this theoretical and empirical support, there arc a number of factors that have 

militated against the inclusion in this study of a measure, or measures, of the 

unemployment compensation level in New Zealand. Significant amongst these factors 

is the fact that the key changes in unemployment benefits in New Zealand were in place 

by 1991 and thus there is not enough variation in this variable in the time period 

covered by this study. The second important factor leading to the exclusion of measures 

of unemployment compensation is that the level of the unemployment benefit is 

predicated on a number of cl1aracteristics of the individual, including marital status and 

X 7  See  the discussion in Chapter Two. In the N e w  Zealand context Maloney (2000) includes changes in 
the age ofeligibility tbr the imemployment b m e f i ~ .  as  well the level of reid maxin~uin weekly benefit in 
his model of the deterniinmts of labour supply. l i e  finds that a rise in eligibility age for the 
unemploy~ncnt benefit has a positive effect on labour supply and that the real maximum weekly benelit 
has a negalivc effect. Both of these c f i e c ~ s  were signitioanl a1 [he I %  level. 



number of dependents, and this information is not contained in the database used for 

this study. As a result, i t  is not possible to align tbe appropriate levels of unemployment 

compensation with each individual. Therefore, despite the theoretical and empirical 

support for including unen~ployment compensation as an independent variable in the 

estimation models, practical considerations have not made this possible. This may not 

be a major problem since, as mentioned above, unen~ploynlent compensation levels 

have not varied much in real ternls since 1991 so are not likely to be a major 

detenninant of changes in time spent unemployed. 

Model One includes different combinations of confounding variables from Model Two 

due to differences between Ordinary Least Squares and fixed effects regression. When 

using fixed effects, differencing the annual observation for an individual from the 

sinlple mean observation for the individual removes all of the variables that are constant 

over time. Therefore, while the education and ethnicity dummy variables are included 

in the Ordinary Least Squares specification, they are not included in fixed effects 

regression. 

There are three levels of interventions I,, estimated using both Model One and Model 

Two, representing different levels of intervention aggregation. All of these 

interventions arc measured as continuous variables, being the proportion of the year that 

an individual spends on an intervention. The first level of intervention is total 

interventions. This is a measure of all interventions that individuals receive involving 

training, work experience and subsidy The second level of interventions 

consists of generic intcrvention types, a breakdown of the total interventions into its 

component interventions, consisting of work experience, training and subsidies. The 

third level of interventions is that covering the five specitic intcrvention programmes 

described in Chapter Four; Enterprise Allowance, Job Plus, Task Force Green, 

Community Task Force and Training Opportunities. 

'"eminars are exclutled from the measure of lolal in~erventions. The reason tbr excluding seminars is 
that there were some seminar programmes thal included ongoing aspects apart from the seminar, but only 
 he time on the seminar was reported. An example of [his is Job Action. a programme that consisted of an 
interview. n seminarlwc~rkshop, the dcvelopn~ent of a Job Action Plan and case managemenl, but only the 
time spent on [he seminar/workshop is recordcd in the administrative database. 



These intervention variables are measured so as to assess the permanent effect of the 

interventions, as well as assessing the incren~ntal effect of receiving more of the 

intervention. To achieve this, the variablcs are created as history variables. For 

example, assume an individual's proportion of a year participating in Training 

Opportunities for cach year from 1989 to 1997 was 0. 0, 0, 0, 0, 0.3, 0.25, 0.10 and 0. 

In these circumsta~~ces the variable for Training Opportunities for each of the nine years 

would be 0,0,0,0,0,0.3,  0.55.0.65 and 0.65. 

6.2.4 The Counterfactual 

In order to assess the impact of the active labour market interventions, it is necessary to 

identify the counterfactual against which the evaluation is based. In this study the 

counterfactual is men aged 26 to 39 as at 1 January 1989, who were registered as 

unemployed at some time between 1989 and 1997 and who did not receive that active 

labour market intervention. An active labour market intervention is defined here as 

receiving a subsidy, training or work experience intervention. The ongoing activities of 

the New Zealand Enlploynient Service, including interviews, referrals to possible 

employment opportunities and seminars are not included as active labour market 

interventions and are in the counterfactual. These activities are considered the baseline 

treatment to the unemployed from the unemploynicnt agency (Sianesi, 200 1). In this 

study these are considered part of tlie no intervention category, as the focus is on the 

impact of active labour market policies in  which the government has invested extra 

resources to solve uneniployment problems, rather than on the on-going, regular 

administration for the registered uneniployed of the New Zealand Eniployment Service. 

In each of the regression models, the incremental impact of the intervention(s) islare 

estimated in tlie year in which the intervention occurs. the year immediately following 

the intervention and two years after the year in which the intervention occurs. The 

decision to include two lags is influenced by three major factors. The first is that some 

of the i~iterventions were introduced in the early to mid 1990's so that for those there 

are only a limitcd number of years of data available. Secondly, the two year lag 

structure enables the researcher to estimate more than the immediate effects of 

interventions and to cstiniate the longer tern1 effects of participation in active labour 

market policies. Thirdly, in order to compare the regrcssion and matching approaches it 



is necessary for then1 both to have the same lag structure. With matching requiring pre- 

intervention data, and difference-in-difference matching needing to overcome the 

problem of Ashenfelter's "dip"89, these pre-intervention years limited the maximum 

number of years in the post-intervention time period to only two. 

This approach to the lag structure is useful for a number of reasons. Firstly, the 

estimates can be used to identify the pernianent effects as well as the incremental effects 

of an intervention over time. Whilc there are only two lags, the interventions are 

measured across all years in the sample frame following the intervention. Hence. there 

is the interpretation of the impact of an intervention in a subsequent year as an 

incremental effcct. Secondly, the inclusion of a contenlporaneous intervention variable 

in the lag struch~re enables an evaluation of the extent to which the intervention 

provides a locking-in effect in the short run for participants. Thirdly, the evaluation in 

the year following participation, which identifies the incremental effect, provides an 

indicator of the short-ten11 effectiveness of the intervention(s). Fourthly, the measure 

two years after the year in which the intervention occurs provides a measure of the 

incremental effect in the longer term (Breen, 199 1 :66). 

As well as the benefits identified above, the inclusion of lags makes i t  possible to 

analyse the cumulative permanent impact of interventions over a period of time, as well 

as the time path effects of interventions. A cnlcial advantage of a panel data set and the 

use of the fixed efkcts regression technique is that there are data on many individuals 

beyond the two years after the intervention occurred. The benefit resulting from this is 

that the effects of the interventions are measured as permanent impacts and the 

incremental effects over the three years can be aggregated to identify the overall 

pennanent impact of the intervention upon participants. Lack of attention to the long 

run effect of interventions has been a feature of many evaluation studies (Couch, 1992: 

380, and Martin, 2000: 91). Many studies have measured a three month or six month 

impact of interventions, often in line with the timing of performance targets given to 

those who administer the programmes. 

- 

XY See the discussion in Chapter 7. 



These benefits can be clearly identified with the use of a diagram. (Sec Figure 6.1) The 

construction of the intervention variables and the lag structure would provide an 

expected outcome for those who participate. assuming that they benefit fro111 

participation, of E(Y,,ID, = I,c,,~). The counterfactual is E(Y,,,I D, = I,rlo) which is equal 

to E ( < , I D ~  = O,c,) .  From this the various impacts from participating in the intervention 

are then readily apparent. The time path effect of the intervention is the 

line E(Y,~ID, = I,c,,) from time t until 1+2. The diffkretlce between E(Y,,(D, = I,c,,) and 

E(Y,,~~D, = O,c,,) is the estimate of the effect of the intervention. The locking-in effect 

at time t, the year of the intervention is equal to (5-A), the coefficient on the 

intervention. Where the locking-in effect occurs, as in the diagram, this outcome is an 

increase in time unemployed in the year of participation as a result of participating in 

the intervention. Other incremental effects are also identified. Thc incremental effect 

of the intervention at r+l is A-C, the coefticient on the first lag of the intervention, while 

the incremental effect at t+2 is C-D, the coefficient for the second lag of the 

intervention. 

The overall permanent effcct on the propensity of a participant to be unemployed is the 

sum of the incremental impacts; that is it is equivalent to (5-A) + ( A - C )  + (C-D). This 

requires some claritication as the effect of the intervention at /+2 is the difference 

between E(&, ID, = l ,r, ,)  and E ( Y ; , , I D ,  = O.C,~),  shown by B-D on the graph. However, 

fixcd effects regession does not give a direct estimate of this as the estimate on the 

second lag of the intervention is the incremental effect of the intervention in the year 

t+2. Since the interventions are measured as history variables and the coefficient 

estimates on each lag are therefore incremental effects, the total effect of an intervention 

is the sun1 of these marginal effects. 



Figure 6.1 : Fixed Effects Estimates of the Impact of an Intervention 

It1 terms of the graph this means that 

where (B-D) is the estimated long-term impact measured at 1+2. and the brackets on the 

right hand side represent the incremental effect of the intervention in the year of the 

intervention, i n  the year following the intervention and in the year two years after the 

intervention respectively. The estimated impact may be an increase in the propensity to 

be unemployed or a decrease in the propensity to be unemployed depending on the 

magnitudes and the signs of each of these incren~ental effects. In the example in Figure 

6.1, the propensity to bc unemployed has fallen, which is a beneficial impact on 

participants. 

To summarise, both Ordinary Least Squares and fixed effects regression models are 

used to analyse the impacts of interventions on those who receive them compared with 

those who do not receive interventions. Interventions in aggregate, as well as generic 

types of inteiventions and specific interventions are evaluated. Further, the impact is 

estimated for specific ethnic sub-groups and for sub-groups identified by their level of 

educational attainment, as well ns for the sample ns a whole. Ethnicity is one of the 

socio-economic characteristics that influence labour market status. Stratification by 



education level is particularly useful as active labour market policies are often targeted 

at poorly educated people (Bonnal et a]., 1 997). The permanent effect of interventions 

upon the propensity of participants to be registered as unen~ployed following 

participation is the focus of the estimation. 

Part 11: Evaluation of the S Dataset 

This part of the chaptcr reports results on the impact of active labour market policies 

upon clients of New Zealand Enlploynlent Service using the S Dataset. These impacts 

are estimated over the 199 1 - 1997 time period rather than the full period of the database, 

1989-1997, due to the inclusion of two annual lags in each of thc regression models. 

The effects of interventions on those receiving the interventions are analysed in two 

sections below. The first analyses each type of intervention on the sample as a whole 

and upon differctit sub-groups of individuals, disaggregated by education and ethnicity. 

The second section analyses the impact or1 each designated sub-gruup of different 

interventions. A n  example clarifies the dif'ference in focus behveen these two sections. 

The first concentrates on the impact of training upon the sample as a whole and upon 

each of the education and ethnic sub-groups, while the second section focuses on Maori 

as a sub group and examines the impact of the general and specific interventions on that 

sub-group. 

6.3 Effect by Intervention Type 

Regression estiniation of the effect of active labour market interventions upon 

participants is analysed in this section. The results are presented for the most 

aggregated level, total interventions, then for the three generic intcrventions and finally 

for the five specific interventions. 

6.3.1 Total Intervention 

The results of the impact of total interventions for both Model One and Model Two are 

reported i n  Tablc 6.1. The coefficients on the continuous variables lncasure the average 

effect upon thc proportion of a year on the unemployment register resulting from a one 



unit change in the explanatory variable. For interventions in total, therefore, the 

coefficients measure the effects of receiving an intervention for a year on the proportion 

Table 6.1: Effect of Total l r~terve~~t ion  (S Dataset) 

Dependent - -. Variable: Proportion ol' Year on the Unemployment H q i s  

OLS 

Varinble Coefficient P Value 

Intervention 1.20105 0.000 

Intervention t -  I ) - 1.09076 0.000 

Intervention (-2) -0.07063 0.000 

Real Regional Growth Rate 0.00009 0.824 

Age -0.005 15 0.000 

Age Squared 0.00006 0.000 

School Certificate: rZ subjects -0.03300 0.000 

Senior School Qunl. -0.05832 0.000 

Post School or Trade Qual. -0.06387 0.000 

Degree or Professional Qual. -0.0776 l 0.000 

Maori 0.061 I I 0.000 

Pacilic 1sl;inders 0.04954 0.000 

Other Ethnic Groi~ps -0.07761 0.069 

Conslant 0.38409 0.000 

K-'. R' (within) 0. I865 

F (P  inlire) 134 1 0.000 

Bt-e~,sc~\~/ /~~~.q~~t i  (P r>d~?)  n.a 

~ / U ~ I . Y I I I L I I I  (PI.>< hi') n.a 

I V Z I I I ~ ~ W -  ?/'/t~c/ivid~~o/.v 6 1877 

Yf~ul3 7 

r 

With Fixed Effects 

Coefficient P Value . - 
0.69907 0.000 

-0.97673 0.000 

-0.052 19 0.000 

0.00038 0.27 1 

-0.02 124 0.000 

-0.0000 1 0.592 

I 

The OLS model  is?^,, = a + P ' I ,  +  IS^,, + & , I .  The estimation model with fixed effects includes 

individual dummy variables; that is ytr = a,, + a] + pl/,, + dXlr + &,, . Included in X,, , but not 

reported in the results above, are regional and year dummy variables. The base state for education is no 
hrnlal qualific;~tinn and [or ethniciry is EuropeaniPakeha. 

of a year that individuals are registered as unemployed. For example, 0.69907, the 

fixed effects regression coefficient for receiving an intervention in Table 6.1, indicates 

that the individuals who receive interventions for a year will remain registered as 

unemployed 0.69907 of the year, in which they received interventions, more than would 

have been the case if they liad not received it. The fixed effects coefficient of -0.97673 

for Intervention (-I)  indicates that an individual who receives an intervention lasting a 

year will spend -0.97673 less of the year after receiving the intervention as registered 



unemployed than if they had not received the intewention. Thc coefficients 011 the 

dummy variables indicate the effect of being in that particular group compared with the 

base group. As indicated above, the base state for education is no formal qualifications. 

The coefficient for those with degree or professional qualifications, in the Ordinary 

Least Squares results i n  Table 6.1, is -0.07761. This indicates that those with a degree 

level or a professional qualification will be registered as unemploycd for 0.07761 of a 

ycar less than those with no foni~al qualifications. The cocflicient for Maori in thc 

Ordinary Least Squares estimation is 0.061 1 1  which indicates that Maori spend 0.061 1 1 

of a year longer on the unemployment register than tho base ethnic group, 

Europcan/pakeha. 

Model One estimates the effect of total interventions upon participants using Ordinary 

Least Squares. The P value for the F statistic indicates that the model provides a fit for 

the data that is statistically significant at the 0.001 level. The coefficients on the 

intervention variables indicate the incremental effects of each intervention. There is a 

strong locking-in effcct in the year in which the individual participates. In the year 

inlmediately following the intervention the incremental impact is beneficial and the 

incremental effect two years after participation is also beneficial. The size of the 

beneficial incremental effkcts decreases with the effect in the second year after 

intervention, -0.07064, being only 6.5% the size of the incremental impact in the first 

year after participation. These effects are all statistically significant. When the 

incremental effects over the three years are summed to give an indication of the 

permanent change in propensity to be registered as unemployed using Ordinary Least 

Squares estimation, the total is 0.03965 and this is  statistically significant"'. This 

suggests that overall participation in intervention programmes has a detrimental effect 

upon participants by actually increasing thc time they are registered as unemployed. 

Estinlates of the effect of age upon time registered as unemployed using Ordinary Least 

Squares show that Age is negatively related and ~ g e :  is positively related. However, 

the magnitude of ~ ~ e '  is ~iluch stiialler than that for Age. Thc coefficient on real 

regional growth sate variable is positive but insignificant and small, supporting the 

finding of Hoynes (2000a) that empirical sh~dies tend to find small or insignificant 

YO A Wald tesl !ha1 the summation of the interverit~on cocflicients is equal to Lero is lirmly rejected. The 
F statistic for this test is 787.06 ;ind has a P value of 0.000. 



affects of local labour market conditions on exit from welfarey'. The education 

dumn~ies all have the expected signs and relative magnitudes with higher levels of 

education being associated with smaller periods of time registered as unemployed. As 

far as the ethnic sub-groups are concerned both Maori and Pacific Islanders spend more 

time registered as unen~ployed than Europeanlpakeha. 

The estimates of the impact of total interventions using fixed effects regression reported 

in Table 6.1 have some similarities to those obtained using Ordinary Least Squares. 

The estimated coefficients on the contemporaneous and lagged intervention variables 

are all statistically significant and the real regional growth rate is statistically 

insignificant. However, there are some differences. While the locking-in effect exists it 

is ~nuch snlaller when using fixed effects estimation (0.69907) than when estimated 

using Ordinary Least Squares (1.20105). The incremental effects on the first and 

second lags are each smaller than for the same lag when using Ordinary Least Squares. 

Of particular note, is the summation of the incremental effects which comes to - 

0.32985". This indicates that the cumulative effect of participation in interventions is 

beneficial, in contrast with the detrimental effect reported above when using Ordinary 

Least Squares estimation. Further, the coefficient on the ~ ~ e '  variable in the fixed 

effects estimation is negative. in contrast to the positive coefficient when using 

Ordinary Least Sqi~arcs. 

While results for both the Ordinary Least Squares and fixed effects models are reported 

in the tables, the focus in the analysis below is upon the fixed effects regression results. 

The reason for this is that a comparison of the coefficients for the interventions in the 

Ordinary Least Squares model and the fixed effects model, point to the important 

influence of individual fixed effects upon the estimation results. The coefficients on 

91 The rcsults Ibr [he sub-group regressions reported later indicate that local labour market conditions, as 
measured by the real regional growth rate. effect workers with lower education and lower skill levels 
inore consistenlly and to a greater extent than higher skilled i d  educated workers. Furthcr, there is in 
cvntrast to those with higher education and the overall effect, a negative relationship between real 
regional econoniic growth and tinie on the uneniployment register for people with low levels oC 
education. This is in line with findings that less skilled workers are affected by local labour market 
conditions in a pro-cyclical manner (Hoynes, 2000b), t l i ~ ~ s  increasing  heir time in unemploynient when 
the local conditions deteriorate and decreasing their time as cunditions improve. The same effect is less 
noriceable for [hose with higher levels of education. 
'42 A Wald test that the su~nmation of the intervention coefticients is equal to zero is Iimily rejected. The 
F statistic tbr this test is 9323 and has a P value of 0.000. See Table 6.2. 



interventions, both contemporaneous and lagged, when summed"' for the Ordinary 

Least Squares model are consistently of a positive sign or, if negative, of a smaller 

magnitude than those for fixed effects across all the estin~ations undertake11 in this 

study'4. For example, in Table 6.1 the summed coefficients on interventions in total are 

0.03965, whereas the summed coefficjents with the fixed effects estimates are -0.32985. 

This suggests that the total impact of the intervention over the three years, including the 

contemporaneous year, is detrimental to participants when Ordinary Least Squares is 

used but overall beneficial when estimated by fixed effects. These differences in the 

coefficients occur because, when using the Ordinary Least Squares specification, there 

is no control for the fact that those with higher permanent unemployment propensities 

may be morc likely to receive interventions than those with lower permanent 

une~nployment propensities. This could be selection bias arising from administrative 

creaming or self-selection by unemployed individuals. As a result, we underestimate 

the impact of the intervention because permanent propensities are not completely 

captured by the observed factors in the Ordinary Least Squares model. The result, 

therefore, is a biased estimate of the effect of these interventions. Unless these 

unobservable propensities are contro1lc.d for i n  the estimation, for example through the 

application of fixed effects regression, the impacts of the interventions are 

underestimated. The fixed effects specification, which controls for individual-specific, 

time-invariant factors, including pemanent unemployment propensities, is, therefore, a 

more appropriate estimation technique than Ordinary Least Squares. 

The incremetltal impact of total interventions varies over time (see Table 6.1). The 

contemporaneous effect of total interventions is detrimental, a coefficient of 0.69907, 

while the incremental effect one year and two years later, -0.97673 and -0.05219 

respectively, is beneficial to participants. These estimates are all highly statistically 

significant with p values of 0.000. The conten~poraneous effect higl~ligl~ts the locking- 

in effect of participation in interventions. This may occur because they focus on the 

intervention and subsequently reduce their job search intensity, or occurs due to a 

perception that benefits from completion of the intervention are sufficiently strong to 

'j3 The rationale for su~nming or accumulating the impact of in~ervenlions is outlined below. 
'44 - The Ord~nary Least Squares results are reported here ibr the effect of toral intervcntrons and e x h  of the 
generic and specific intervenlions but not for the sub-proup regressions. Ne\erthcless, the same pattern is 
evident for the sub-groups as well, with the Ordinr~ry Least Squares estimates when summed being either 
positive or, if negative. smaller than the fixed effects estimates. 



discourage taking any action that may remove them fro111 the register before they 

complete the intervention. In the two years following the intervention the coefficients 

indicate that participants are more likely to move off the unemployment register than 

those who did not receive an intervention. It  is apparent that the incremental impact in 

the first year after the intervention is much greater than the incremental impact in the 

second year following the intervention, in fact approximately eighteen times greater. 

The permanent propensity to be unemployed falls over the two years post intervention 

but at a slower rate in the second year than in the first. 

An important step in interpreting the fixed effects results involves decisions as to how 

to aggregate the contemporaneous, one year after and two year after intervention 

estimates. In the research literature there is no broadly agreed approach for dealing with 

contemporaneous effects, as there are several ways that participation in the programme 

can be categorised. Participation in a programnle can be considered as a labour market 

state, separate from being unemployed or employed (Gritz, 1993, and Bonnal et al., 

1997). The problem with this is if the individual moves from unemployment into an 

active labour market programme and then after the progratnme finished moves back on 

to unemployment then this would appear as an increase in the tlow to unemployment, 

whereas the individual had never actually moved back into employment. Another 

approach is to treat intervention as part of an unemployment spell (Richardson & van 

den Berg, 2002, and Bolvig et al., 2002). The construction of the S Dataset, including 

history variables for the interventions, ensures that the impacts are on the permanent 

propensity of an individual to be unemployed. The appropriate approach, therefore, is 

to include the contemporaneous effect as part of the cumulative effect since each of the 

three intervention coefficients identifies an incremental change t o  the permanent 

unemploynlent propensity in each of the time periods used. 

In order to adequately analyse these estimates three interpretations are possible. The 

first interpretation requires the effects of the incremental intervention estimates, as 

measured by the coefficients, to be accumulated and to interpret this as the permanent 

effect of participating in the intervention. This effect is -0.32985 for total interventions. 

This measures the cumulative effect of one year of an intervention upon unemployment 

propensity. 



The second interpretation is to compare the actual impact of interventions, based on the 

length of time that individuals are in interventions". In ternis of Figure 6.1 this 

involves calculating the distance B-D, the long-term cumulative effect. This involves 

multiplying the estimated fixed effects coefficient by the length of time that individuals 
96 were on average in the intervention . The actual impact for the total sample, in Table 

6.2", is presentcd for the contemporaneous estimate, thc estimate one year after the 

intervention and also two years after the intervention. For example, the actual impact 

one year after the intervention is -0.36125, a benefit of slightly more than one third of a 

year less on the unemployment register than for those who did not receive an 

intervention. For total interventions, the actual cumulative impact is -0.12200, which 

represents a beneficial impact of 0.12200 less of a year, or 44.5 days fewer, on the 

unemployment register than for thosc who did not participate register over the three 

years from participation in the intervention comparcd with those who did not 

participate"x. A Wald test of the statistical significance of this cunlulative impact for the 

total sample finds this actual cumulative impact to be significant at the 0.000 levelw. 

Thc actual cumulativc impact is important information, but i t  is also useful to gauge the 

magnitude of this effect. Comparing the size of tlie proportional gain from 

interventions is, therefore, the third way to interpret the estimates. This is achieved by 

dividing the actual cumulative impact of the interventions by the average length of time 

individuals were unemployed per year in the years before they received an intervention. 

The proportional gain does not utilise the possible levels of unemployment an 

individual would have had in the ycar of tlie intervention and the subsequent years; 

rather it usus the average time registered as unemployment in the time period before the 

intervention. This is not the actual proportional gain as this would involve knowing 

what these post iotervcntion unemploy~nent propensities would have been in the 

absence of participation in the intervention. This gain is similar to a before-after 

estimate for those who receive interventions. Nevertheless, the calculation still provides 

',J This approach also makes i t  possible to directly compare the matching and regression resulls as the 
matching approach esli~netes the actual impact at a point in time. 
"" The average length oftime on intervenlions is identified fi)r the ct'fect of total interventions for Ihe 
sample as n whole and ror each sub-group as "Length I" in Table 6.2. 
97 Thc coefiicicnts in Table 6.2 are from the regression results for the Iota1 sample i n  Table 6.1 and for Ihe 
ethnicity and education sub-goups. 
V X  See C'u~nul~iive Impact in Table 6.2. 
'i9 Sec the Wnld Test results in Table 6.2. 



Table 6.2: Impact of Total Intervention (S Dataset) 

a. Length I' 
Actual Actual b. Length u3 
Annual Cumulative Proportional c. ~ a l d "  

C r n ~ ~ p  -- - Cocflicient I nip:wt I nip:~cl -- ~ a i l ~ '  F (P value)- 
Total Sanlplc 
T 0.69907 0.25856 0.25856 0.5286 1 a. 0.36986 
t t  I -0.97673 -0.36 125 -0.10270 -0.20996 b. 0.489 13 
I t2 -0.052 19 -0.0 1930 -0. 12200 -0.24942 C. 9323 (0.000) 
Cumulative -0.32985 

Education No Formal Educatio~i 
T 0.65555 0.22989 0.22989 0.427 18 a. 0.35068 
t+ l -0.89623 -0.3 1419 -0.08440 -0.15684 b. 0.538 15 
l i  2 -0.05 I49 -0.11 1806 -0.10246 -0.19039 C. 350 1 (0.000) 
Cu~i~~~l i l t ive  -0.292 17 
School Certilicate >2 
T 0.70556 0.20676 0.26676 0.57236 a. 0.37308 
t i -  l - 1.002X7 -0.3 79 17 -0.1 1 24 1 -0.24 I I8 b. 0.46607 
1+2 -0.03274 -0.0 123X -0.12478 -0.26774 C. 2037 (0.000) 
Cumul:il~ve -0.33005 
Senior School Qual 
T 0.76925 0.3 16 13 0.31613 0.75564 a. 0.41096 
t+ l - 1.10347 -0.45348 -0.13735 -0.3283 1 b. 0.41 836 
1+2 -0.03709 -0.0 1524 -0.15259 -0.36474 C. 1176 (0.000) 
Cumulative -0.37 13 1 
Post School or Trade 
'r 0.76873 0.32223 0.32223 0.73667 a. 0.4191 8 
t+ 1 -1.12776 -0.37273 -0.15050 -0.34406 b. 0.43742 
t+2 0.01 -328 0.00557 -0.1 4493 -0.33 133 C. 1230 (0.000) 
Cumulative -0.34575 
Degree o r  Professional 
T 0.92222 
14- I -1.14303 
t+2 -0.13841 
Curnulalive -0.35933 

Ethnicity EuropeanIPakeha 
T 0.70925 
t + l  -1.03213 
t+?. -0.01 753 
Cumulative -0.3404 1 
Maori 
T 0.63206 
l+ l -0.80 I87 
I t2  -0.0804 1 
Curti~ilu~ive -0.25021 
Pacilic Islanders 
T 0.66509 0.20044 0.20044 0.4 1022 a. 0.30 137 
t+ l -0.92642 -0.27920 -0.07876 -0.161 18 b. 0.48862 
tq-2 -0.1 0844 -0.03268 -0. I 1 144 -0.22807 C. 462 (0.000) 
Cumulative -0.36977 
Other Ethnic Croups 
T 0.06559 0.3 1746 0.3 1746 1.17673 a. 0.32877 
t-t I - 1.15 103 -0.37842 -0.06097 -0.22598 b. 0.26975 
112  -0. I9044 -0.0626 I -0. I2358 -0.45806 c. 445 (0.000) 
Curnulalive -0.37587 

' Proportional Gain - Cumulutive Irnpacl,/l-ength U 
' Average lrnglh ot'lhe intervention as a proporlion of [lie year 
' Average length of h e  unernploycd in ;I year before receiving an intervention 
4 Wald Test: Inlervcnlion, -I Intervention, t Intervention,.? = 0 



a general benclirnark against which to assess the proportional impact. For the total 

saniple, the proportional gain from participation in interventions is -0.24942, or nearly a 

25% gain. In other words, prior to the intervention individuals in this sample were 

spending nearly one half of the year on the unemployment register. The actual 

cumulative impact is a decline of 0.12200, or a one quarter decline in their pre- 

intervention unemployment propensity. 

The issue facing (lie researcher and policy makcr is which of these three interpretations 

is the most useful; the cumulative annual impact, the actual cumulative impact or the 

proportional gain. The cumulative annual impact is particularly useful if the aim is to 

comparc the effects of interventions assuming that individuals receive the interventions 

for the same period of time. In the absence of data on costs, which would make it 

possible to compare the effect of interventions per "dollar" spent, this interpretation 

provides the best relative measure. The actual cumulative impact is important as i t  

provides infonnatioti on the real situation as far as the impact of an intervention 

programme is concerned. This reports the effect of participation unadjusted for the 

length of time on the programme. The third interpretation, the proportional gain, is 

particularly useful should the policy maker or rescarcher be interested in which 

programmes provide the greatest benefit to individuals. This measure is most akin to 

cost-benefit analysis at the individual level. 

For thc policy maker with a resporisibility to ensure that public resources are allocated 

efficiently the first or second interpretation are better than the third. The issue with the 

third interpretation is that, while i t  provides a useful measure of the impact on 

individuals, i t  does not necessarily identity the most appropriate way to allocate funds. 

For example, the proportional gain may be high because the pre-intervention 

unemployment was very low. A bigger drop in actual time registered as unemployed 

may be obtained by hnding an intervention to a long-tern1 uncn~ployed individual 

whose proportional gain is lower. In this study the emphasis is, thercfore, on the 

cumulative annual impact, as this provides the best measure to the policy ~naker, given 

the data available, of the benefit or otherwise of participation in interventions. 

Although this approach considers the long run pennanent impact of an intervention, it 

does not consider the short and long run costs involved in sunning the programme. To 

the extent that these costs vary over programmes, so the effectiveness, when compared 



with benefit per cost units, could well produce different rankings from those that look 

solely at the decrease in time registered as unemployed. 

As well as assessing the impact of total interventions on the sample as a whole, i t  is 

useful to undertake a disaggregated analysis by education and ethnic sub-group. 

Examination of the cumulative impact and actual cumulative impact in Table 6.2 

indicates that for all groups thcre was a beneficial impact from participation in 

intervention programmes. As far as subgroups categorised by education are concerned, 

the greatest impact is upon those with degree, post school or senior school 

qualifications, while those with no formal qualification or greater than two School 

Certificate subjects receive a lesser bcnefit. The largest overall benefit is for those with 

senior school qualifications who have a cuniulative impact of an extra 0.37 13 1 of a year 

off the unemploylnent register over the three years compared with those who do not 

participate in any intervention. This represents an actual decline of 0.1 5259 of'a year 

registered as unemployed. It is interesting to note that those with no formal 

qualification, the least skilled in the population, gain the least from participation. The 

cu~nulative gain for this group is -0.292 17 and the actual cu~nulative impact -0.10246. 

The proportional gain for this group is also the lowest, being at 0.24942 approximately 

half that of those with a degree or professional qualification, the group with the largest 

proportional gain. Although overall the cumulative and actual cumulative impacts do 

not vary greatly, the relative effects are greater as the more highly educated have lower 

initial propensities to be u n e n ~ ~ l o ~ e d " ' ~ .  For example, the lowest educated only gain by 

20% from participation, whereas the highest educated gain by nearly 50%. 

Other ethnic groups benefit the most among the ethnic groups, while Maori gain the 

least. The cumulative gain for Other Ethnic groups is -0.37587, an actual impact from 

participation of -0.12358. Europennlpakcha have a lower cumulative impact from 

participation at -0.34041, but since they spend more time in interventions on average 

than Other Ethnic groups their actual cumulative impact is higher, at -0.13337. Maori 

have both the lowest cutnulative and actual cumulative effect from participation in 

active labour market interventions, at -0.25021 and -0.08775 respectively. They also 

Ino See the descriptive data in Table 5.1. 



have the lowest percentage gain at only 16%, with Europeanlpakeha at 28% and Other 

Ethnic groups at 46%. 

In terms of the question as to whether active labour market interventions as a whole 

benefit those who participate in them the answer from the analysis above is in the 

affirmative. There was a permanent decrease in the propensity for individuals who 

participated on an intervention to be on the unemployn~ent register. The time path 

effects of participation in active labour market programmes are the same for the 

education and ethnic sub-groups as for the total sample. In the ycar of the intervention 

there is a strong locking-in effect and, therefore a detrimental effect upon participants. 

In the following two years the incremental effect is beneficial, although the larger 

incremental benefit is in the year immediately following participation in an intervention. 

As far as the sub-groups are concerned, all benefit from participation in interventions. 

However, there is some variation in this impact with those with lower education 

qualifications and Maori benefiting the least. 

6.3.2 Generic Interventions 

Subsidy, work experience and training programmes, the three generic interventions 

analysed, represent the major areas of government financial commitment to active 

labour market programmes in New Zealand in the 1990's. The estimated effects of 

these three generic interventions and the cumulative and achlal cumi~lative impacts are 

presented in Tables 6.3 to 6.8. 

Cetieric Intewe~~tions - Overview 

There are some similarities and some notable differences in the effects of each of 

subsidies, work experience and training. (See Table 6.3) As with total interventions, 

the contemporaneous effect of each of these generic types of interventions is 

detrimental, with participation in the programmes keeping participants on the register 

longer than thcy would have been if they had not participated in the programmes. 

Further, similar with total interventions, the incremental effects measured by the first 

and second lag are beneficial for participants, as indicated by the negative coefficients. 



Table 6.3: Effect of Generic interventions (S Dataset) 

I )ep~ndrr~t  Variable: Proportion of Year on the Unemployment lirgisfi 

! Variable 

Subsidy 

Subsidy (- 1 )  

Subsidy (-2) 

Work Experience 

Work Experience (-I ) 

Work Experience (-2) 

Training 

Training (-1)  

Training (-2) 

Real Regional Growth Kate 

Age 
Age Squared 

School Certificate: >2 subjects 

Senior School 

Post School or Trade 

Degree or Professional 

Maori 

Pacific Islanders 

Other Ethnic Groups 

Constant 

R?, R? (Wid7in) 

With Fixed Effects 
Coefficient PVa luc  

- 
t,, + E ,  . The estimation model with fixed effects includes 

F (P raltrr) 

Brernch/Pagcm (~r>chi ' )  

However, the impact of each differs when analysing lagged effects. For subsidies, the 

incremental benefit from participation is larger in the year after participation in the 

intervention than in the following year. On the other hand, while for work experience 

and training the incremental benefit is stronger in the year immediately following the 

intervention than afterwards, the incremental effect drops off less, and is larger than for 

I 

I 

Hozrstnan (PI-> ch i') 

Nzrmher q/'Indiviclrrals 

Yei1r.v ! 
The OLS model is y,, = cf + P'll1 + 62 

I individual dunuiiy lariables; thal is y,, = a. + a, + P!Ii, + d X ,  + E,, . Included in X,, , but not 

reported in the results above. are regional and year dummy variables. The base state for education is no 
formal qi~alification and for ethnicity is European/Pakeha. 

Suzrrce: S Dataset 
I 



subsidies. In fact the incremental benefit for subsidies at t+2 (0.00273) is statistically 

insignificant. 

A comparison of thc magnitude of the effects of participation indicates that subsidies 

have the largcst overall impact upon participants followed by training and then work 

experience. These results are in linc with some of the international research. This 

suggests work experience programmes, particularly if they are publicly based, have a 

smaller effect than training or subsidy programmes and, in some cases work experience 

may even have a dctrimental effect (Bamow, 1987, OECD, 1993b, OECD, 1996b, 

Friedlander ct al., 1997, Heckman et al., 1999 and de Koning, 2001). 

These findings do contrast in some respects to those of Mare (2002) in his study of 

generic active labour market programmes in New Zealand. Using a number of 

specifications, Mare finds a similar result as here for subsidies improving subsequent 

outcomes for participants. Mare finds that involvement in work experience 

prograninles increases the time in which individuals are on the unemployment register, 

a result that is opposite to the finding here. Further, Mare finds that participation in 

training also increases the length of timo an individual is on the register. In other 

words. in Mare's study, training and work experience are found to have detrimental 

effects on participants' subsequent outcomes, which is in contrast to the results found 

here. This difference may well result from the different estimation approaches used. 

Mare, an~ongst other approaches, used Ordinary Least Squares and reports results with a 

number of covariates added to control for confounding factors. In this study the 

Ordinary Least Squares results also point to a detrimental impact from participation in 

generic active labour market interventions. The rcsults differ when the fixed effects 

specification is used in this study and a negative coefficient for training and work 

cxperience, beneficial outcomes, is found in both years following participation in the 

programme. The lack of a beneficial effect from participation in training in Mare's 

study may be due to the failure to control for unobserved individual-specific time- 

invariant effects, resulting in a bias in the results. 

Generic Interventions - Subsidies 

Analysis of the cumulative impact of participation in subsidy programmes, presented in 

Table 6.4, shows that unemploytnent registration declines by an average of 0.39203 of a 



Table 6.4: Impact of Subsidies (S Dataset) 
a. Length I' 

Actual Actual b. Length u.' 
Annual Cumulative Proportional c. waldJ 

Group CoelTicicnt Impact 1n1p:lct Gain' F (P value) 
Total Sample 
t 0.64722 0.29435 0.29135 0.60178 a. 0.45479 
I+ 1 -1.03652 -0.47 140 -0.17705 -0.361 97 b. 0.489 13 
t+2 -0.002 73 -0.00 124 -0.1 7829 -0.3645 1 C. 8565 (0.000) 
Cumulative -0.39203 

Education No Formal Education 

Cumu lalive -0.372 15 
School Certificate >2 
t 0.65 158 0.298 12 0.298 12 0.63965 a. 0.45753 
I+ 1 - 1.04770 -0.4793 5 -0.18 123 -0.38885 b. 0.46607 
14-2 0.01 203 0.00550 -0.17573 -0.37704 C. 1905 (0.000) 
Cumulative -0.38408 

Senior School Qual 
t 0.72676 0.36039 0.36039 0.86144 a. 0.49589 
t+l -1.12646 -0.55860 -0.1982 1 -0.47377 b. 0.3 1836 
1+2 0.00507 0.00252 -0. I9569 -0.46776 C. 979 (0.000) 
Cumulative -0.39463 
Post School or Trade 
t 0.72334 0.37059 0.37055) 0.84722 a. 0.5 1233 
I-tl -1.14010 -0.5841 I -0.2 1352 -0.488 13 b. 0.43742 
t+2 0.04318 0.02212 -0.19 140 -0.43755 C. 1200 (0.000) 
Cumulative -0.37358 

Degree or Professional 
I 0.804 10 0.39874 0.39874 1.27236 a. 0.49589 
t+ 1 -1. I4250 -0.56655 -0.1678 1 -0.53546 b. 0.3 1339 
t+2 -0.09578 -0.04750 -0.2 153 3 -0.68703 C. 852 (0.000) 
Cumulative -0.434 18 

Ethnicity EuropeanIPakeha 
I 0.66228 0.30846 0.30846 0.63982 a. 0.46575 
t+ l - 1.07045 -0.49856 -0.19010 -0.39433 b. 0.482 10 
t+2 0.0 1822 0.00848 -0.1 X 162 -0.37673 C. 6604 (0.000) 
Cumulative -0.38995 
Maori 
t 0.59775 0.25548 0.25548 0.45761 a. 0.4274 
t+ I -0.88638 -0.37884 -0.12336 -0.22096 b. 0.55829 
I+2 -0.02682 -0.01 146 -0.13483 -0.24 150 C. 1037 (0.000) 
Cumulalive -0.3 1546 
Pacific Islanders 
I 0.5 1446 0.2 100 1 0.2 100 1 0.4298 1 a. 0.40822 
t+1 - 1.04277 -0.42568 -0.2 1567 -0.44138 b. 0.48862 
t+Z -0.03659 -0.0 1494 -0.23060 -0.47 195 C. 444 (0.000) 
Cumulr~tive -0.56490 
Other Ethnic Groups 
I 0.82695 0.37382 0.37382 1.38566 a. 0.45205 
I t l  -1.2 1002 -0.54699 -0.17316 -0.64187 b.0.26978 
I+2 -0.12090 -0.05466 -0.22782 -0.84446 C. 428 (0.000) 
Cumulative -0.50397 

' Proportional Gain = Curnulalive Impact,/Lenglh U - 

Average length of ihc subsidy as a proportion of thc year 
' Averiige length of lime unemployed in a year belbre receiving an intervention 
4 Wnld Test: Subsidy, -1- Subsidy,., -k Subsidy,.? = 0 



year for those who receive this form of intervention. The actual cumulative impact is 

0.17829 of a year, or 65.1 days, less time registered as unemployed than would have 

been the case if they did not participate in subsidy programmes. The Wald test 

indicates that this result is statistically significant and it represents a 36.5% gain for 

participants. As discussed above, there is a detrimental locking-in effect in the year of 

participation followed by two years where there are incremental benefits. The major 

incremental benefit accrues in the year inlmediately after participation in the 

intervention. 

Although there is some evidence from Europe that subsidy programmes have not been 

effective (Kluve & Schmidt, 2002), the result here supports other research in Europe on 

the beneficial effectiveness of subsidy programmes (de Koning, 1993, B. Bell, Blundell, 

SL van Reeneo, 1999a, B. Bell et al., 1999b and Sianesi, 2003). These studies find that 

subsidies have a beneficial effect tor participants on either entering employment or 

leaving unemployment compared with those who do not participate in these 

programmes. 

The beneticial effect of participation in subsidies in New Zealand exists across all 

education groups, although the magnitudes of the effects vary slightly. These beneficial 

effects generally increase in magnitude with the level of education. The strongest effect 

is upon those with a degree or professional qualification who have a cu~nulative impact 

of -0.434 18 of a year and an actual cuniulative impact of -0.2 153 1 of a year, followed 

by those with a senior school qualification, -0.39463 and -0.19569 respectively. The 

smallest effect is for those with no foiinal qualification at all who have a cumulative 

impact of -0.3721 5 of a year and an achial cutnulative impact of -0.16109 of a year. 

The proportional gains from participation to the highest educated are twice those to the 

lowest educated. 

As far as the effect of subsidy programmes upon different ethnic groups is concerned, 

the magnitude of the effect upon Maori is lower than the effect upon all other ethnic 

groups. The cuillulative impact for Maori is -0.31546 of a year and the actual 

cumulative impact is -0.13483 of a year, or 49.2 days extra off the unemployment 

register as a result of participation compared with not participating in a subsidy 

programme. This is noticeably smaller than the other ethnic sub-groups. The ethnic 



sub-group who benefits most from involvement in subsidy programmes is Pacific 

Islanders. This group has a cumulative benefit from participating in subsidy 

programmes of 0.56490 of a year. The actual cumulative benefit for Pacific Islanders is 

0.23060 of a year less, or 84.2 days fewer, registered as unemployed. However, in 

tenns of proportional gains Other Ethnic groups have by far the greatest benefit. 

Overall, subsidy programnles are beneficial to participants with an actual cumulative 

impact of 65.1 days fewer registered as unemployed over the three-year period from the 

year in which the individual participated in the subsidy programme. This represents a 

permanent decrease in the propensity to be registered unemployed of nearly 18% and a 

gain to the participants of 36.5%. The cun~ulative effects upon sub-groups are also 

beneficial with the major variation being the lower impact on Maori, and the higher 

impact for Pacific Islanders, compared with other ethnic groups. 

Generic Interventions - Work Experience 

The curnulative impact on the total sample of work experience programmes, presented 

in Table 6.5, is -0.19622 of a year resulting fiom participating in a programme for a 

year. The actual cumulative impact is -0.06075 of a year less, or 24.5 days fewer, on 

the register of unemployment than not participating. Ovcrall, there is a decline in the 

permanent propensity to be registered as unemployed and this represents only a 12.4% 

gain for the participants over the three year time period. Due to the locking-in effect in 

the contemporaneous year, a beneficial impact does not accrue until the second year 

after participation in the intervention since the incremental gain in the first year after the 

intervention is o fa  lower magnitude than the detrimental effect in the year in which the 

intervention is received. 

These results on the impact of participation in work experience programmes reflect 

international evidence that points to low or negative impacts from work experience 

programmes. While some studies have pointed to their effectiveness, for example Agell 

(1995) and Eichler and Lechner (20021, there are a number of studies that suggest there 

are negative effects arising from participation (Puhani, 1998, Heckrnan et al., 1999, 

Kluve et al., 1999, Cockx & Ridder, 200 1 ,  Kluve et al., 2002, Kluve & Schmidt, 2002, 

Hujer et a]., 2003 and Sianesi, 2003). Reasons for the negative estimates in these 

sh~dies have pointed to stigma effects and benefit churning. whereby participation in the 



Table 6.5: Impact of Work Experience (S Daiaset) 
a. Length 1' 

Actual Actual b. Length u3 
Annual Cumulative Proportional c. ~ a l d "  

G rwy Coeflicien t Impact In~pnct ~ a i n '  F (P  value) 
~ o t a l  Sample 
t 0.69549 0.2 1532 0.2 1532 0.44021 a. 0.30959 
t+ l -0.65463 -0.20267 0.0 1265 0.02586 b. 0.489 13 
t+2 -0.23708 -0.07340 -0.06075 -0.12420 C .  3 18 (0.000) 
Cumulative -0.1 9622 

Education No  Formal Education 
t 0.64374 0.20 106 0.20 106 0.37361 a. 0.31233 
t+I -0.5907 1 -0.18450 0.0 1656 0.03078 b. 0.53815 
t+2 -0.2204 1 -0.06884 -0,05228 -0.09 7 14 C. 126 (0.000) 
Cumulzitive -0.16738 
School Certificate >2 
I 0.74 164 0.22 147 0.22 147 0.73 164 a. 0.29863 
t+ 1 -0.67378 -0.20 12 1 0.02026 0.04348 b. 0.46607 
1+2 -0.24345 -0.07270 -0.05244 -0.1 125 1 C. 47 (0.000) 
Cumulative -0.17559 
Senior School Qual 
I 0.7072 1 0.20926 0.20926 0.5001 9 a. 0.29589 
t+ I -0.70867 -0.20969 -0.00043 -0.00 103 b. 0.4 1836 
t+2 -0.3 1752 -0.09395 -0.09438 -0.22560 C. 9 1 (0.000) 
Cumulative -0.3 1897 
Post School or Trade 
I 0.97789 0.34828 0.34828 0.79622 a. 0.35616 
I+ l -1.01 728 -0.3623 1 -0.01403 -0.03207 b. 0.43742 
t t2  -0.15294 -0.05447 -0.06850 -0.1566 1 C. 16 (0.000) 
Cumulative -0.19234 
Degree or Professional 
t 0.96439 0.2642 1 0.2642 1 0.84308 a. 0.27397 
t+ 1 -0.920 16 -0.252 10 0.01212 0.03867 b. 0.3 1339 
t+2 -0.24550 -0.06726 -0.055 14 -0.17595 C. 29 (0.000) 
Cumulative -0.20 127 

Ethnicity EuropeanlPakcha 
t 0.7 1062 0.22000 0.22000 0.45634 a. 0.30959 
t+ I -0.682 12 -0.2 1 1 18 0.00882 0.0 1830 b. 0.482 I0 
t+2 -0.20 166 -0.06243 -0.05361 -0.1 1 120 C. 163 (0.000) 
Cumulative -0.17316 
Maori 
t 0.67070 0.20581 0.2058 1 0.36863 a. 0.30685 
t+l  -0.56838 -0.17441 0.03 140 0.05624 b. 0.55829 
t+2 -0.26347 -0.08085 -0.04945 -0.08857 C. 55 (0.000) 
Cumulative -0.161 15 
Pacific Islanders 
t 0.59932 0.19704 0.19704 0.40325 a. 0.32577 
t+ l -0.64 182 -0.2 110 l -0.0 1397 -0.02860 b. 0.48862 
t+ 2 -0.2 1366 -0.07025 -0.08422 -0.17236 C. 28 (0.000) 
Cumulative -0.256 16 
Other Ethnic Croups 

Cumulative -0.37 130 
I Proportional Gain = Cumulative ImpactJLenglh U 
Average length of the work experience as a proportion of the year 

3 Average length of time unemployed in a year before receiving an intervention 
4 Wald Test: Work Experience, + Work Experience,., 1 Work Experience,.? = 0 



programme is between two benefit spells and participation is a requirement to re-qualify 

for the benefit. Another contributing factor to these negative estimates may be the 

relatively short time after an intervention that the estimates are undertaken. 

The disaggregated results across sub-groups point out that despite all groups benefiting 

from participation there are some differences between them. All of the cumulative 

estimates are statistically significant as identified by the Wald statistics. As far as 

education sub-groups are concerned, the cumulative benefit for those with senior school 

qualifications is nearly twice that for any of the other sub-groups, which all have similar 

cumulative impacts. This finding is in contrast to that of Brodsky (2000) who finds in a 

review of OECD research that work experience programmes may help the severely 

disadvantaged stay economically active rather than those with school level 

qualifications or better. The cumulative impact of the ethnic sub-groups indicates that 

other ethnic groups and Pacific Islanders bcnefit the most from participation in work 

experience programmes, approximately twice the benetit of that received by Maori and 

Europeadpakeha participants. 

One of the issues raised in the literature is whether or not the benefits that arise from 

participation in work experience programmes are long lasting or dissipate over time. 

Some researchers suggest that since participants are not linked to "real7' jobs that the 

effects are likely to be of a short duration (Stanley et al., 1998 and Vodopivec, 1999). 

The results here indicate that there are incren~ental benefits still being received two 

years and more after the year of intervention. Although these incremental benefits are 

smaller than those earlier, they still exist and are statistically significant. 

The overall actual cunwlative impact of work experience programmes is only a 24.5 

days reduction in the pernianent propensity to be unemployed over the three year period 

including the year in which individuals participate in the intervention. While there are 

ranges of impacts across sub-groups they are all relatively low, especially compared 

with some of the other programme impacts analysed in this study. The largest 

cumulative impact and actual cumulative impact is for other ethnic groups (-0.37130 

and -0.10071 respectively), while the smallest is for Maori (-0.16 1 15 and -0.04945 

respectively). These impact results are consistent with the international findings that 

suggest there are low or even negative impacts from such programmes. 



Generic. I~ztervenrions - Training 

Training programmes have been emphasised in active labour market programmes 

around the world since the 1990's as a result of the strong theoretical, and admittedly 

more mixed, empirical justification'". There are several US and European studies that 

find training has a detrimental impact on moving into employment or out of 

unen~ployment (Geehan & Swimmer, 199 1, Agell, 1995, Lechner, 1999a, Martin, 2000, 

Leahy, 2001, Bolvig t.t a]., 2002 and Sianesi, 2003), that the effects are mixed or 

ineffective (Lecliner. 1999a, Hecktnan, 2001b, Smith & Plesca, 2001, Abadie et al., 

2002, de Koning, 2002 and Fertig, Schmidt, & Schneider, 2002) and that the effects are 

positive (Card & Sullivan, 1988, K.  Jensen & Madsen, 1993, Friedlander et al., 1997, 

O'Leary, 1998, Stromback, Dockery, & Ying, 1998, Heshmati Sr Engstrom, 2001, 

Kluve et a]., 2002 and van Ours, 2001)'~'. 

The cumulative impact of participating in a training programme in New Zealand is - 

0.24648 of a year. However, since the average participation in training programmes is 

0.2274 of a year, the actual cumulative gain is only 0.05605 of a year (20.5 days) off the 

unemploynlent register over the year of participation in a training programme and the 

two subsequent years. (See Table 6.6) This is a statistically significant impact and 

represents an 11.5% gain for those who receive the  intervention. As with the other 

programmes there is a detrimental locking-in effect in the year of the intervention and 

incremental benefits in the following two years. The major incremental benefit occurs 

in the year following the intervention, which is four times the incremental benefit in the 

second year after participation in the training intervention. 

Training also has a positive impact on all of the subgroups. In fact there is little 

variation in the impact across ethnic groups, although Europeadpakeha benefit more 

and Maori benefit less than the each of the other ethnic groups'03. There is more 

variation across education subgroups. The main beneficiaries of training programmes 

101  See Chapter Two for the relative importance governments give to different active labour market 
programmes and the justification for this. 
102 There is some evidence that on-the-job training is more effective for mdes than classroom training as, 
i t  is critical that the training has labour market relevance (Martin & Grubb. 2001). However, the 
information in the database and on the training programmes in New Zealarid does not make it  possible to 
disentangle classroom from on-the-job ~raining. 
1113 See Table 6.6. 



Table 6.6: Impact of Training (S Dataset) - 
a. Length 1' 

Actual Actual b. Length u3 
Annual Cumulative Proportional c. ~ a l d '  

Croup Coefficient Impact Impact ~ a i n '  F (P value) 
Total Sample 
T 0.77182 0.1755 1 0.1755 1 0.35882 a. 0.2274 
1-1- 1 -0.80867 -0.18389 -0.00838 -0.0 17 13 b. 0.489 13 
t+2 -0.20963 -0.04767 -0.05605 -0.1 1459 C. 780 (0.000) 
Curnulalive -0.24648 

Education No Formal Education 
T 0.70737 0.16086 0.16086 0.70737 a. 0.2274 
t+ 1 -0.73283 -0.16665 -0.00579 -0.0 1076 b. 0.538 15 
1 +2 -0.17 137 -0.03897 -0.04476 -0.083 17 C. 302 (0.000) 
Cumulative -- -0.19683 
School Certificate >2 
T 0.80609 0.1 81 10 0.IXI 10 0.38856 a. 0.22466 
t t l  -0.86326 -0.19394 -0.01 285 -0.02756 b. 0.46607 
t+2 -0.203 12 -0.04563 -0.05848 -0. I2547 C. 178 (0.000) 
Cumulative -0.26030 
Senior School Qual 
T 0.98775 0.22 19 1 0.22191 0.53042 a. 0.22466 
t t l  - 1.09673 -0.24639 -0.02448 -0.05852 b. 0.41 836 
14-2 -0.25046 -0.05627 -0.08075 -0.19302 C. 73 (0.000) 
Cumulative -0.359.14 
Post School or Trade 
T 0.9 1320 0.20766 0.20766 0.47474 a. 0.2274 
It 1 -0.88645 -0.201 58 0.00608 0.0 139 1 b. 0.43742 
t+2 -0.309 12 -0.07029 -0.0642 1 -0.14679 C. 58 (0.000) 
Cumulative - -0.28237 
Degree or  Professional 
T 1.34996 0.29588 0.29588 0.944 14 a. 0.219 18 
t t l  -1.1 1269 -0.24388 0.0520 1 0.16594 b. 0.3 1339 
I+2 -0.43006 -0.09426 -0.04226 -0.13483 C. 13 (0.000) 
C u ~ n ~ ~ l d i v e  -0.19279 

Ethnicity European/Pakcha 
T 0.85 14 1 0.17728 0.17728 0.36772 a. 0.20822 
t t l  -0.88799 -0.18490 -0.00762 -0.01580 b. 0.48210 
t+2 -0.23605 -0.049 15 -0.05677 -0.1 1775 C. 403 (0.000) 
Cu~nulative -0.27263 
Maori 
T 0.6 1778 0.15064 0.15064 0.26982 a. 0.24384 
I+ 1 -0.65970 -0.16086 -0.0 1022 -0.0183 1 b. 0.55829 
t+2 -0.14268 -0.03479 -0.0450 1 -0.08063 C. 146 (0.000) 
Cumulalive -0.18460 
Pacific Islanders 
T 0.77838 0.17700 0.1 7700 0.36225 a. 0.2274 
1+ 1 -0.806 10 -0. 1x33 1 -0.00630 -0.0 1290 b. 0.48862 
t+2 -0.18774 -0.04269 -0.04899 -0.10027 C. 57 (0.000) 
Cumulative -0.2 1546 
Other Ethnic Groups 

Cumulative -0.2 1506 
' Proportional Gain = Cumulalive ImpactJLenglh U 
Average length of the training as a proportion of the year 

3 Average length of time unemployed in a year befcxe receiving an intervention 
Wald Test: Training, + Training,., + Training,.? = 0 



are those with senior scliool qualifications, a cumulative decrease of -0.35944 of a year, 

and an actual cumulative decrease of 0.08075 of a year, or 29.5 days less, on the 

unemployment register than not participating. This is nearly twice the cumulative 

benefit accruing to the group that benefits the least, those with degree or professional 

qualifications whose time registered as unemployed falls by -0.1 9279 a year. with an 

actual cumulative dccrease on the register of 0.04226 of a ycar or 15.4 days. The other 

group with a low benefit from participation in training programmes is the no formal 

qualification group with a cumulative decrease of -0.19683 of a year, and an actual 

cumulative decrease of 0.04476 of a year or 16.3 days. For those with post school or 

trade qualifications as well as those with degree or professional qualifications the 

culnulative effect does not become positive until the second year after participation in 

training. This is due to a relatively high detrimental contemporaneous effect, 

particularly for those with degree or professional qualifications that have an extremely 

high locking-in effect from participation in training programmes. 

The evidence from this study suggests that training programmes do have a positive 

impact upon those who participate compared with those who do not. However, the 

actual benefit in both cumulative impact and proportional gain tenns is relatively small 

conlpared with subsidy programmes. The benetits that do accrue are spread evenly 

across ethnic groups, although these is some variation in the impact on groups identified 

by their education qualitication with those having a degree or professional qualification 

or no formal qualification benefiting the least and those with senior school 

qualifications benefiting the most. 

Generic lizterventions - Srmnlary 

An overall analysis of the impact of generic interventions highlights a number of 

important features of the impact of these programmes upon participants. These can be 

separated into those associated with the impact of interventions on the total sample and 

those associated with the impact upon the education and ethnicity subgroups. 

The first of the notable features arising from the generic analysis is that subsidies have 

the greatest beneficial effect followed by work experience and training"". The effect of 

l(l4 The estimates discussed here are in Tables 6.4.6.5 and 6.6. 



subsidies is approxin~ately three times the cun~ulative impact than those of either work 

experience or training. The magnitudes of the actual cumulative impact of work 

experience and training are very similar to each other (-0.06075 and -0.05605 

respectively). This is in contrast to general research on the impact of interventions 

which suggests that training is more effective than work experience for participants. 

One aspect of the analysis here that makes it  difficult to explain why there may be the 

apparent different outcome in New Zealand compared with some of the overseas 

research is that i t  is not possible to disaggregate the training programmes into those 

which have a strong generic component and those which are related to skills of direct 

relevance to particular employment possibilities, nor into those which provide 

classroom training and those which provide on-the-job training. It is not possible to 

also differentiate between the characteristics of different types of work experience 

programmes. 

Thc second major feature is the differential impact of programmes upon sub-groups, 

which was emphasised in the disaggregated analysis above. An important associated 

issue is whether or not there is n consistent pattern across generic interventions as to 

how they impact these sub-groups. By comparing the cumulative effect of each 

programme across sub-groups, some conclusions can be drawn concerning the 

differential impact of these generic active labour market interventions. (See Table 6.7) 

It  is apparent that the major target group of policies, the most disadvantaged, as proxied 

by education qualification, appear to benefit the least. For example, although those with 

no formal qualification receive a cumulative benetit from participation in each of the 

generic interventions, they are ranked last or second to last compared with other 

education sub-groups for this impact on each of the generic interventions. Those with 

greater than two School Certificate subjects, the second lowest level of qualification, are 

also ranked at the lower end of the scale across each of these generic interventions. 

Those with Post school and senior school qualifications are ranked near the top for each 

of the generic interventions, while those with degree and professional qualifications are 

ranked top for subsidies, in the middle for work experience and bottom for training. 

Further, there is minimal variation in the estimated effects of subsidies across the five 

education sub-groups. The range is from -0.43 to -0.37. In other words subsidies are 

beneficial for everyone. Even the poorest outcome for subsidies is higher than the best 



Table 6.7: Ranking the Impact of Generic Interventions by Cumulative Effect and 

Sub-Group (S ~ataset) '  

Category Subsidies Work Experience Training 
Education 
Rank 
1 Degree or Professional Senior School or Trade Senior Scliool or Trade 

(-0.434 18) (-0.3 1897) (-0.35944) 

2 Senior School Qual. Degree or Professional Post School or Trade 
(-0.39463) (-0.201 27) (-0.28237) 

3 School Certificate >2 Post School or Trade School Certificate >2 
(-0.38408) (-0.19234) (-0.26030) 

4 Post School or Trade School Certificate >2 No Formal Qual. 
(-0.37358) (-0.17559) (-0.196X3) 

5 No Forn~al Qual. No Formal Qual. Degree or Professional 
(-0.372 15) (-0.16738) (-0.19279) 

Ethnicity 
Rank 
I Pacific Islanders Other Ethnic Groups EuropeanIPakeha 

(-0.56490) (-0.37 130) (-0.27363) 

2 Other Ethnic Groups Pacific Islanders Pacific Islanders 
(-0.50397) (-0.256 16) (-0.2 1546) 

3 EuropeanIPakeha EuropeanIPakeha Other Ethnic Groups 
(-0.38995) (-0.173 16) (-0.2 1506) 

4 Maori 
(-0.3 1546) 

Maori 
(-0.161 15) 

Maori 
(-0.1 8460) 

I Coefficients indicate the change in the permanent propensity to be registered as unemployed following 
parlicipation In s programme for one year 

All the coeificients are statistically significant at the 0.05 level 
Sotrr.ce: S D t ~ t a s e ~  

sub-group outcome for work experience and training. These other generic programmes 

have much greater variation between the education sub-groups. 

The relative cu~nulative impact of the generic interventions upon different ethnic sub- 

groups is also of interest. Maori, although receiving a positive impact from each of the 

generic interventions, are consistently ranked bottom across each of the generic 

interventions. Although the variation in impact for training across ethnic groups is 

small, there is greater variation for work experience where Maori receive a benefit that 

is approximately half that received by the highest ranked ethnic group in each case. The 



"other ethnic groups" group is consistently ranked in the top two across the generic 

interventions, wi t11 Pacific Islanders and Europeadpakeha having a range of rankings. 

In conclusion, the overall cumulative impact of the generic interventions is beneficial, 

with subsidies being clearly the most effective. However, while all sub-groups benefit 

from participation in the generic interventions there are some notable features; the first 

being the relatively low benefit for those with low or no education qualifications and the 

second the relatively low cumulative benefit from participation of Maori. 

6.3.3 Specific Interventions 

The five specific interventions analysed, Enterprise Allowance, Job Plus, Task Force 

Green, Community Task Force and Training Opportunities, represent major 

programmes implemented by the New Zealand government in the early 1990's and 

cover a range of intervention types1"? This enables the researcher to not only evaluate 

the impact on participants but also to draw some initial conclusions as to the usefulness 

of alternative programmes. The estimated effects of these five specific interventions and 

the cumulative and actual cumulative inipacts are presented in Tables 6.8 to 6.15. The 

impacts of these specific interventions are contrasted with other evaluations, where 

appropriate, undertaken in New Zealand. 

Specific Interventiuns - Overview 

The five active labour market programmes evaluated here include three subsidy 

programmes (Enterprise Allowance, Job Plus, Task Force Green), oue work experience 

programme (Community Task Force) and one training programme (Training 

Opportunities). The fact that there are three subsidy programmes, each of a different 

type, enables a con~parison of their effectiveness. In particular, it makes it possible to 

address two important issues that surround the choice of the type of subsidy programme 

that was discussed in Chapter Two of this study. 

105 See Chapter Four for details and data on these programmes. 
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The first issue is whether subsidies are more effective when allocated to private sector 

I i m s  or to public sector organisations. Since Job Plus is a subsidy programme where 

the recipients are mainly in the private sector and Task Force Green includes a greater 

proportion of public sector and not-for-profit organisations, this enables a direct 

analysis of this issue. The results indicate that the beneficial impact from Job Plus is 

greater than for Task Force Green. (See Table 6.8) The fixed effects regression 

estimates summed over time t ,  t+ 1, t+2 for Job Plus equals -0.4950 1 .  This indicates that 

a year spent in Job Plus lowers the permanent propensity to be unemployed by nearly 

half a year. The same calculation for Task Force Green is only 0.27492. These results 

suggest that in this particular case subsidies to the private sector have a greater 

beneficial effect upon participants tllan subsidies that are allocated to public sector 

organisations. 

The second issue is the effectiveness of providing start-up subsidies to the unemployed. 

Enterprise Allowance is one such scheme, so this issue can also be directly addressed. 

The estimates for the impact of Enterprise Allowance, in Table 6.8, when summed over 

the three years equal -0.37562. Thus, one year spent in the Enterprise Allowance 

scheme lowers the permanent propensity to be registered as unemployed by 0.37562 of 

a year. This result indicates that Enterprise Allowance, a start-up subsidy scheme, has a 

positive influence on the unemployment propensity of participants. 

An estimate of the impact of these specific programmes on participants is presented in 

Table 6.8. Overall they all have beneficial impacts upon participants. In terms of the 

relative impacts of the programmes, Job Plus has the greatest impact, followed by 

Enterprise Allowance, Task Force Green, Training Opportunities and finally 

Community Task Force. This ranking reflects the ranking for generic programme 

effects discussed above. 

The contemporaneous effect on participants for each of the specific interventions is 

detrimental. This locking-in effect is particularly strong for those who participate in 

either Training Opportunities or in Task Force Green. However, each of the specific 

programmes has a negative coefficient for the first year following participation in the 

programme, identifying an incremental benefit on the unemploy~nent propensity in that 

year. It is notable that the beneficial impact in the year following participation in one of 



Table 6.8: Effect of Specific lnterventions (S Dataset) 

Variable 

TFG (-1) 

TFG (-2) 

CTF 

CTF (- 1 ) 

CTF (-2) 

TOP 

TOP (- I ) 

TOP (-2) 

Other Interventions 

Other Interventions (-I) 

Other Interventions (-2) 

Real Regional Growth Rate 

Age 
Age Squared 

School Certif a t e :  >2 subjects 

Senior School Qual. 

Post School or Trade Qual. 

Degree or Professional Qual. 

Maori 

Pacific Islanders 

Other Elhnic Groups 

Constant 

R'. R' (within) 

F ( P  C ' L I ~ Z I L , )  

Brcnrsck/Pugon ( P K )  chi') 

Housrwn (Pt->chi2) 

Mrmhrt- ofirztiividiral.~ 

 yea,:^ 

OLS 

Coefficient P Value 

r 

With Fixed Effects 

Coefficient P Value 

The OLS model is-v,, = a + P'I,, + ax,, + E,, . The estimation model with fixed effects includes 

individual dummy variables; that is y, = a,, + a, + P'l,, + axi, + E,, . Included in XI,. but not 

reported in the results above, are regional and year dummy variables. The base stale for education is no 
fomlal qualification and for ethnieily is EuropeanIPakeha. 



the specific interventions is greatest for Enterprise Allowance and Job Plus, two of the 

subsidy programmes. One possible reason for this sizable incremental benefit in the 

year following participation in Job Plus is that the criteria through which private sector 

employers receive the subsidy is that the position c,ontinues beyond the period in which 

participants are in the programme. 

The incremental effect fi-om participation in a specific intervention varies greatly in the 

second year following participation. For both Enterprise Allowance and Job Plus, there 

is a detrimental increment in the second year following participation, indicated by a 

positive coefficient. These two subsidy progranunes produce strong incremental 

benefits for participants in the first year following participation in the intervention, but 

this is slightly reversed in the second year. Overall, the permanent unemployment 

propensity is still lower as a result of participation in these two subsidy programmes 

compared with not participating, but the difference is smaller than when measured at 

/+ I .  In contrast, Task Force Green, Community Task Force and Training Opportunities 

have smaller incremental benefits in the first year after intcrvention. but for participants 

there is a further incremental benefit in the second year following participation as well. 

This incremental benefit in the second year, while positive, is much smaller than that 

experienced in the first year for each of these three specific interventions. This analysis 

highlights the importance of having a long post-intervention window in order to 

estimate these longer-term effects. 

Specific interventions - Enterprise Allowance 

Under the Enterprise Allowance scheme, participants receive a subsidy to help them 

launch their own business. Although both in New Zcaland and internationally this type 

of programme has received less emphasis than other programmes it remains a 

component of the menu of active labour market programmes in several countriesi0! As 

discussed in Chapter Four, in New Zealand the provision of a start-up subsidy in the 

Enterprise Allowance programmes is a possible outcome of a process involving the 

assessment of individuals and their business plans. With this type of scheme, it is 

highly likely that individuals with stronger capabilities or motivation will be involved. 

In fact, the very process through which participants are chosen is based on their capacity 

106 See the data on active labour market progalnmes in Chapter Two. 



to be successfid running their own business. Should all of the factors that inform 

decision making to participate in the programme, by the administrator or the potential 

participant in the programme, be present in the database then the problem of selection 

bias can be controlled for by including these relevant covariates in the estimation 

model. However, should all of the relevant information not be available then there is 

the risk that selection bias occurs and the results of the estimation will be biased. Given 

the potential for selection bias in this programme in particular, the use of fixed effects 

may attenuate the bias that could arise due to selection on unobserved individual- 

speciiic, time-invariant effects. 

The analysis of the impact of Enterprise Allowance, presented in Table 6.9, indicates 

that it has a beneficial effect overall, with a cumulative impact over the three year 

period including the year of participation in the intervention and the two following years 

following participation of 0.37562 of a year less registered as unemployed than would 

have been the case without participation. The actual cumulative impact is 0.25727 of a 

year (93.9 days) less spent on the register as unemployed. This finding is statistically 

significant, represents a 52% gain in time off the register and is consistent with the 

findings of an earlier qualitative evaluation of this programme, which identified that 

those who participated in Enterprise Allowance spent less time on the unen~ployment 

register a year after participation'07. 

Enterprise Allowance has a beneficial impact on individuals who participate from each 

of the sub-groups. There are, however, some differences in the magnitude of these 

benefits, particularly across the education sub-groups. Those with a degree or 

professional qualification receive the greatest cumulative impact, with a decrease in 

time on the unemployment register of 0.47193 of a year, and an actual cumulative 

decrease of 0.33876 of a year (123.7 days) over the three year time period. The second 

ranked group is those with senior school qualifications where the decrease is 0.40329 

and 0.28286 (103.2 days). The other three education groups receive strong impacts, but 

they are at a slightly lower level. Another difference in the impact upon participant 

education sub-groups is in the time path of the impact. Those with degree or 

"" Curtin (1996) includes an evaluation of both the standard Enterprise Allowance and the Enterprise 
Allowance Capitalisation programmes. whereas here the evalualion is only of the Enterprise Allowance 
programme. 



Table 6.9: Effect of Specific Interventions - Enterprise Allowance (S Dataset) 

a. Length 1' 
Actual Actual b. Length U' 
Annual Cumulative Proportional c. ~ a l d '  

Croup Coefficient Impact Impact ~ a i n '  F (P  value) 
Total Sample 
I 0.6 1989 0.42458 0.4245 8 0.86803 a. 0.68493 
t+l -1.05678 -0.72382 -0.29924 -0.6 1 178 b. 0.48913 
t+2 0.06 127 0.04 197 -0.25727 -0.52598 C. 2214 (0.000) 
Cumulative -0.37562 

Education No Formal Education 
I 0.54914 0.36710 0.367 10 0.682 14 a. 0.66849 
t+ l -1.01340 -0.67745 -0.3 1035 -0.57670 b. 0.53815 
1+2 0.09355 0.06254 -0.24782 -0.46050 C, 698 (0.000) 
Cumulative -0.3707 1 
School Certificate >2 
t 0.61517 0.41629 0.4 1629 0.593 I9 a. 0.67671 
t+ 1 - 1.02874 -0.696 16 -0.27987 -0.60048 b. 0.46607 
I+2 0.05509 0.03728 -0.23358 -0.52048 C. 443 (0.000) 
Cumulative -0.35847 
Senior School Qual 
t 0.64582 0.45296 0.45296 1.08269 a. 0.70 137 
t+l - 1 .08755 -0.76277 -0.30982 -0.74055 b. 0.41 836 
t+2 0.03844 0.02696 -0.28286 -0.676 I 1  C. 444 (0.000) 
Cumulative -0.40329 
Post School or Trade 
t 0.66829 0.45407 0.45407 I .03807 a. 0.67945 
I+ l - 1.10460 -0.75052 -0.29645 -0.67772 b. 0.43742 
t+2 0.07958 0.05407 -0.24238 -0.554 12 C. 44 1 (0.000) 
Cun~ulative -0.35673 
Degree or Professional 
I 0.74023 0.53 135 0.53135 I .69548 a. 0.7 178 1 
t+ 1 - 1.1472 1 -0.82348 -0.292 13 -0.9321 7 b. 0.3 1339 
t+2 -0.06496 -0.04663 -0.33876 - 1.08095 C. 442 (0.000) 
Cumulative -0.47 193 

Ethnicity EuropeanIPakeha 
t 
1+1 
t-t2 
Cumulative 
Maori 
t 
t+ l 
t+2 
Cumulative 
Pacific Islanders 
t 0.44380 0.30762 0.30762 0.62957 a. 0.693 15 
t t  1 -0.788 19 -0.54634 -0.23872 -0.48855 b. 0.48862 
t+2 -0.06264 -0.04342 -0.282 13 -0.57741 C. 34 (0.000) 
Cumulative -0.40703 
Other Ethnic Groups 
t 0.7 142 1 0.47548 0.47548 1.76248 a. 0.66575 
t t  I - 1.05450 -0.70203 -0.22655 -0.83977 b. 0.26978 
14-2 -0.06358 -0.04233 -0.26888 -0.99667 C. 128 (0.000) 
Cumulative -0.40388 

Proportional Gain = Cumulalive ImpactJLength U 
Average length of Enterprise Allowance as a proportion of the year 

-' Average length of time unemployed in a year before receiving an intervention 
Wald Test: Enterprise Allowance, + Enterprise Allowan~e,.~ + Enlerprise A l l ~ w ~ c e , . ~  = 0 

Snirrce: S Dulusrt 



professional qualifications receive an incremental benefit in each of the two years 

following participation in the programme. However, the other education sub-groups 

only receive an incremental benefit in the year immediately following participation; as 

there is an incren~ental loss in the second year after participation in the programme. 

The major difference in the cumulative impact upon the ethnic sub-groups is that Maori 

benefit less than all the other groups. Maori receive a cumulative decrease in time on 

the unemployment register over the three year time period from participating in the 

Enterprise Allowance programme of 0.265 14 of a year and an actual cumulative 

decrease of 0.17724 of a year (64.7 days). In contrast the rest of the ethnic groups have 

a cumulative decrcase that ranges from 0.38955 of a year to 0.40703 of a year. The 

proportional gain for the Other Ethnic groups (99%) indicates that participation in this 

programme removes all unemployment for this group. As with education sub-groups 

there are some differences in the time path of the annual impact on ethnic sub-groups. 

Both Maori and Europeanlpakeha have an incremental benefit from participation in 

Enterprise Allowance only in the year immediately following this intervention. For 

these two ethnic groups, participation has an incremental detrimental effect in the 

second year after participation in the programme. The situation for Pacific Islanders 

and the other ethnic groups' category is that the incremental beneficial effects occur in 

both years after participation in the programme. 

Overall. Enterprise Allowance has a strong beneficial impact upon those who 

participate in that programme. The proportional gains are large for the sample as a 

whole and are particularly large for those with degree or professional qualifications and 

for those in the other ethnic groups' category. Although there are some differences in 

the magnitude of the cumulative impact across sub-groups and in the time path of the 

impact, all of these sub-groups actually receive a strong benefit from participation in 

this particular subsidy programme. 

Specific Interventiorrs - Job Plus 

Job Plus is the second subsidy scheme evaluated. In this scheme, employers receive a 

wage subsidy to en~ploy registered unemployed individuals in a position that is required 

by the New Zealand Employment Service to last longer than the period of the subsidy. 

The selection process, therefore, involves matching the characteristics of the participant 



with the position and the organisation where a subsidised position is available. As with 

Enterprise Allowance, i t  is quite possible that some of the information used in the 

decision making process is not included in the NZES dataset. 

The cumulative impact of Job Plus on participants in the three years including the year 

of participation in the programme and the following two years is beneficial. (See Table 

6.10) Participants spend on average 0.49501 of a year less registered as unemployed if 

they spend a year on this programme. The actual cunlulative impact is 0.20072 of a 

year (or 73.3 days) less time registered as unemployed over the three year time period. 

The incremental benefit occurs in the year immediately following participation as in the 

second year there is an increinental detriment. This time path pattern points to the 

importance of the selection criteria predicating the outcome of participation. This result 

is in line with an earlier study of Job Plus that found participants were positively 

affected six months after participation in this programme (New Zealand Employment 

Service Operations and Policy, 1994). 

When the effect of Job Plus is analysed by education level sub-group there are only 

small differences. Four of the five education sub-groups are within .04 of the degree 

and professional qualification group which has the highest cumulative impact of - 

0.51039. The group that is the exception covers those with post school or trade 

qualifications who have a cumulative impact of -0.42965. The other difference between 

the education sub-groups is that only those with degree or professional qualifications 

receive an incremental benefit from participation in each year after receiving the 

intervention. All the other education sub-groups only receive an incremental benefit in 

the year immediately following participation in Job Plus. 

There is greater variety in the cun~ulative impact of participation in Job Plus on the 

ethnic sub-groups than the education sub-groups. While all ethnic sub-groups benefit, 

there is variation in the magnitude of this benefit. The largest benefit accrues to Pacific 

Islanders, who, following participation in Job Plus, have a cunlulative gain of 0.7 1872 

less time registered as unemployed from participating compared with not participating. 

The actual cumulative impact for this group is 0.26583 of a year (97.0 days) less on the 

register as a result of participating. The other ethnic group category receives a 



Table 6.10: Effect of Specific Interventions - Job Plus (S Dataset) 
a. Length 1' 

Actual Actual b. Length u3 
Annual Cumulative Proportional c. waldJ 

Croup Coefficient Impact Impact ~ a i n '  - F (P value) 
Total Sample 
t 0.64007 0.25954 0.25954 0.5306 1 a. 0.40548 
t+l - 1.17538 -0.47659 -0.2 1705 -0.44376 b. 0.48913 
t t 2  0.04030 0.01 634 -0.20072 -0.4 1035 C .  4974 (0.000) 
Cumulative -0.4950 1 

Education No Formal Education 
1 0.59058 0.2346 1 0.2346 1 0.43596 a. 0.39726 
I+ I -1.12 177 -0.44563 -0.21 102 -0.392 12 b. 0.538 15 
I t3  0.05096 0.02025 -0.19077 -0.35450 C.  2 106 (0.000) 
Cumulative -0.48022 
School Certificate >2 
t 0.65359 0.26860 0.26860 0.65359 a. 0.41096 
I+ 1 - 1.19657 -0.49 174 -0.223 14 -0 47877 b. 0.46607 
t k 2  0.0707 1 0.02906 -0.19408 -0.4 1 643 c. 1 162 (0.000) 
Curnulalive -0.47227 
Senior School Qual 
1 0.75372 0.32008 0.32008 0.76507 a. 0.42466 
r t l  - 1.30283 -0.55326 -0.233 19 -0.55738 b. 0.4 1836 
I t2  0.04896 0.02079 -0.2 1239 -0.50768 C. 454 (0.000) 
Cumulative -0.500 15 
Post School or Trade 
t 0.74464 0.31418 0.31418 0.7 1825 a. 0.42 192 
t+ l -1.2 1687 -0.5 1342 -0.19925 -0.45550 b. 0.43742 
14 2 0.04259 0.0 1797 -0.18 12R -0.4 1442 C. 577 (0.000) 
Cumulative -0.42965 
Degree or Professional 
t 0.88008 0.37 132 0.37 132 I .  I8486 a. 0.42 192 
t+l - 1.32064 -0.55720 -0.18588 -0.593 12 b. 0.3 1339 
t+2 -0.06984 -0.02947 -0.2 1534 -0.687 15 C. 241 (0.000) 
Cumulalivc -0.5 I039 

Ethnicity EuropeanIPakeha 
t 0.66448 0.27672 0.27672 0.57398 a. 0.41 644 
I+ 1 - 1.18655 -0.494 13 -0.2 1741 -0.45097 b. 0.48210 
I+?. 0.05325 0.022 17 -0.19524 -0.40497 C. 3640 (0.000) 
Cumulative -0.46882 
Maori 
t 0.56853 0.22 1 1 8 0.221 18 0.396 18 a. 0.38904 
t+1 - 1.07785 -0.41 933 -0.198 14 -0.3549 1 b. 0.55829 
1+2 0.05261 0.02047 -0.17768 -0.3 1 X25 C. 654 (0.000) 
Cumulative -0.45670 
Pacific Islanders 
I 0.48854 0.18069 0.18069 0.36980 a. 0.36986 
t+ 1 - 1.245 17 -0.46054 -0.27985 -0.57273 b. 0.48862 
t t2  0.0379 1 0.01402 -0.26583 -0.54404 C. 356 (0.000) 
Cumulative -0.71 872 
Other Ethnic Groups 
t 0.909 13 0.3487 1 0.3487 1 1.29256 a. 0.38356 
t+l -1.38782 -0.5323 1 -0.18361 -0.68057 b. 0.76978 
t+2 -0.19788 -0.07590 -0.2595 1 -0.96 191 C. 264 (0.000) 
Cumulative -0.67657 

I Proportional Gain = Cumulative Irnpact,/Length U 
Average length of Job Plus as a proportion of the year 
Average Icnglh ot' time unemployed in a year before receiving an intervention 
Wiild Test: Job Plus, + Job P~LIS,-~ + Job P l u ~ , . ~  = 0 



cumulative benefit only slightly smaller than Pacific Islanders. However, both 

Europeanlpakeha and Maori receive a benefit similar to each other but noticeably 

smaller than the other two ethnic groups. Maori, who have the lowest cumulative 

benefit, experience a cumulated decrcase in time spent registered as unemployed of 

0.45670 and an actual cumulated decrease of 0.17768 of a year (64.9 days). 

The other difference for the ethnic sub-groups is in the time path pattern of the impact. 

T h e e  of the four ethnic sub-groups receive an incremental benefit only in the year 

following participation in the intervention, with the Other Ethnic groups' category being 

the exception, with an incremental benefit in each of the years following participation. 

Job Plus, in summary. has a strong and positive impact upon participants. In fact, it is 

the most successful of the specific interventions over the time period as estimated by 

fixed effects regression. The proportional gain for the sample as a whole is 41% and 

this is statistically significant. Each of the sub-groups also experience a strong benefit 

from participation in the Job Plus programme. There is an incremental benefit in the 

year immediately following participation, but not in the second year. This pattern is 

evident for the samplc as a whole and for all of the sub-groups except for those with a 

degree or professional qualification and for those in the other ethnic groups' category. 

I t  is worthwhile noting that while Job Plus has a larger cumulative effect than the other 

programmes, the proportional gain to participants from Enterprise Allowance is in fact 

larger than for Job Plus. 

Specific Interventions - Task Force Green 

Task Force Green is the third subsidy programme of major significauce that was in 

operation in New Zealand in the 1990's. Task Force Green differs from Job Plus in that 

the payment is to organisations who wish to undertake community or environn~ental 

work, as opposed to businesses who want to hire staff for their nornial activities. In 

most cases the projects for Task Force Green were sponsored by community 

organisations. The NZES matched potential participants with the projects that passed 

the criteria of benefiting the local community or environment. 

As with the other two subsidy programmes, Task Force Green has an overall beneticial 

effect upon participants compared to those not participating. (See Table 6.1 1 )  This is 



Table 6.1 1: Effect of Task Force Creel]-(S Dataset) 
a. Length 1' 

Actual Actual b. Length U" 
Annual Cumulative Proportional c. wuld4 

Group Coefficient lrnpact Impact ~ a i n '  F (P value) 
Total Sample 
t 0.7 1097 0.25906 0.25906 0.52964 a. 0.36438 
1-1 I -0.845 12 -0.30794 -0.04885 -0.09994 b. 0.489 13 
t+2 -0.14077 -0.05 130 -0.10018 -0.2048 1 C .  853 (0.000) 
Cumulative -0.27492 

Education No Formal Education 
t 0.66659 0.23376 0.23376 0.66659 a. 0.35068 
t+ 1 -0.77 109 -0.2704 1 ' -0.03664 -0.06809 b. 0.5381 5 
1+2 -0.14273 -0.05005 -0.08670 -0.16 1 10 C. 352 (0.000) 
Cumula~ive -0.24723 
School Certificate >2 
t 0.73669 0.27247 0.27247 0.58461 a. 0.36986 
t+l -0.87676 -0.32428 -0.05 18 1 -0.1 1 1  16 b. 0.46607 
t+2 -0.13014 -0.04813 -0.09994 -0.2 1443 C. I 82 (0.000) 
Curnula~ive -0.2702 1 
Senior School Qual 
t 0.87528 0.33093 0.33093 0.79101 a. 0.37808 
t-t l -0.99234 -0.375 18 -0.04426 -0.10578 b. 0.41 836 
1 +2 -0.161 08 -0.06090 -0.105 16 -0.25 135 C. 69 (0.000) 
Cun~ulat~ve -0.27813 
Post School or Trade 
t 0.79527 0.34426 0.34426 0.78702 a. 0.43288 
t+ 1 - 1.02081 -0.44 1 89 -0.09763 -0.22320 b. 0.43742 
t+2 -0.05827 -0.02522 -0.12285 -0.28086 C. 81 (0.000) 
Cumulative -0.2838 1 
Degree or Professional 
t 0.78260 0.3259 1 0.3259 1 1.03994 a. 0.4 1644 
t+ 1 -0.99660 -0.4 1502 -0.089 12 -0.28436 b. 0.3 1339 
t+2 -0.12444 -0.05 182 -0.13094 -0.44971 C. 107 (0.000) 
Cumulative -0.33843 

Ethnicity EurupeanIPakeha 
t 0.75815 0.27833 0.27833 0.57733 a. 0.36712 
t+ 1 -0.89206 -0.32749 -0.049 16 -0.10 197 b. 0.482 10 
t+2 -0.13288 -0.04878 -0.09794 -0.203 16 C. 521 (0.000) 
Cutnulative -0.26679 
Maori 
t 0.65734 0.234 12 0.234 1 2 0.41935 a. 0.35616 
t+ 1 -0.758 17 -0.27003 -0.03591 -0.06432 b. 0.55829 
I+2 -0.1 1633 -0.04 143 -0.07734 -0.13853 C. 159 (0.000) 
Cumulative -0.2 17 15 
Pacific Islanders 
t 0.59298 0.21 120 0.2 1 120 0.43223 a. 0.3561 6 (0.000) 
1-1- I -0.7532 1 -0.26826 -0.05706 -0. I 1679 b. 0.48862 (0.000) 
1-1-2 -0.17833 -0.06352 -0.12058 -0.24678 C. 33 (0.000) 
Cumula~ive -0.33856 
Other Ethnic Groups 
t 0.7455 1 0.25940 0.25940 0.96153 a. 0.34795 
t+ 1 -0.96919 -0.33723 -0.07783 -0.28849 b. 0.26978 
t+2 -0.35248 -0.12265 -0.20048 -0.743 1 1 C. 37 (0.000) 
Cumulative -0.576 I6 

' Proportional Gain = ~ u n ~ u l a ~ i v e  Irnpact,/Length u 
2 Average length of Task Force Green as a proportion of the year 

Average length of time unemployed in a year before receiving an intervention 
' Wald Test: Task Force Green, +Task Force GI-een,.' + Task Force Green,-2 = 0 



consistent with a 1995 study which, using a comparison group methodology, finds that 

those who spent time on Task Force Green were likely to spend more time off the 

unemployment register, or to have been placed in jobs, than those who did not 

participate in Task Force Green (New Zealand Employment Service, 1995). The 

cumulative impact, a reduction of time registered as unemployed as a result of 

participation of 0.27492 while beneficial, however, is lower than for the other two 

subsidy programmes. The actual cumulative impact from participation in Task Force 

Green is -0.100 18 of a year or a decrease in time registered as unen~ployed of 36.6 days. 

The incremental annual impact is beneficial in each of the years following participation 

in the programme, although the magnitude of the incremental impact in the first year is 

much larger than the magnitude in the second year. 

While the cumulative impact for the sample as a whole is beneficial, a definite pattern 

emerges when the impact of Task Force Green across groups classified by education is 

considered. The smallest cumulative impact is upon those with no formal 

qualifications, a reduction in time registered as unemployed following participation of 

0.24723 of a year. The actual cumulative impact for this sub-group is -0.08670 of a 

year (3 1.7 days), con~pared with not participating in Task Force Green. As the level of 

education increases there is a steady increase in the beneficial impact upon participants. 

The largest cumulative impact, therefore, is for those with a degree or professional 

qualification, who experience a decrease in time registered as unemployed of 0.33843 

of a year for each year spent on the programme. The actual cumulative impact for those 

with a degree or professional qualification is -0.14094 of a year (5 1.4 days). 

There is also diversity in the effects of Task Force Green on different ethnic groups. 

There is a wide range in the impacts across these groups. The lowest impact is for 

Maori and the highest for the other ethnic group category. The cun~ulative impact for 

Maori is -0.2 17 I5 of a year for each year participants spend on the programme. The 

actual cumulative impact for Maori is -0.07734 of a year (28.2 days). Individuals in 

ethnic groups excluding Maori, European and Pacific Islander, the other ethnic groups' 

category, receive the greatest benefit from participating in Task Force Green. For these 

participants the cumulative benefit is a 0.57616 reduction of time on the register for 

each year in the programme. The actual cumulative impact is a 0.20048 of a year (73.2 



days) reduction of time on the unemploy~nent register following participation in Task 

Force Green 

Task Force Green has a beneficial impact for participants both as a whole and for the 

sub-groups. The gain at 20.5% overall is, however, lower than for the other two subsidy 

schemes. Enterprise Allowance has a gain of 52.6% and Job Plus of 4 1.0%. The time 

path of the impact is consistent across sub-groups with incremental benefits occurring in 

both years following participation in Task Force Green. This incremental impact, 

though, declines sharply in the second year after participation in the programme 

compared with the first. 

Specific Intcrverztions - Comrtzzrrzity Task Force 

Community Task Force is a work experience programme where the process for 

selecting participants involved matching potential participants with a project sponsored 

mainly by voluntary or government organisations. Although compulsory referrals were 

possible, most of the participants were voluntary (Centre for Operational Research and 

Evaluation. 1999) and the participants were, therefore, the key decision makers as to 

whether to participate or otherwise. 

Participation in Community Task Force has a beneficial cumulative impact on average 

for participants. The cumulative decrease in time spent registered as unemployed 

following participation in the programme compared with not participating is -0.2 1028. 

The actual cun~ulative decrease is 0.06798 of a year (24.8 days). (See Table 6.12) This 

represents a gain to participants of 13.9% and provides a benefit that is lower than the 

subsidy programmes analysed earlier. The limited effectiveness of Community Task 

Force in moving people off the unemployment register found here, supports the findings 

of some earlier studies of this programme in New Zealand (Work and Income New 

Zealand, 1999, and de Boer, 2000). 

The education sub-groups in general experience beneficial impacts that are similar in 

magnitude to those for the sample as a whole. The exception is for those with senior 

school qualifications who have a cun~ulative decrease in their time registered as 

unemployed of 0.34142. This is approximately twice the size of the impact for the other 

education sub-groups. The actual cumulative impact for this group is -0.10383 of a year 



Table 6.12: Effect of Community Task Force (S Dataset) 
-- 

a. Length I' 
Actual Actual b. Length u3 
Annual Cumulative Proportional c. waldd 

G y p  Coefficient Impact Impact ~ a i n '  F (P value) 
Total Sample 
I 0.68929 0.22284 0.22284 0.45559 a. 0.32329 
t+ I -0.65891 -0.2 1302 0.00982 0.02008 C. 0.4891 3 
t+2 -0.24065 -0.07780 -0.06798 -0.13898 d. 363 (0.000) 
Cumulative -0.2 1028 

Education No Formal Education 
t 0.63561 0.20723 0.20723 0.38508 a. 0.32603 
t+ I -0.59342 -0. I9347 0.0 1376 0.02556 b. 0.53815 
1+2 -0.22683 -0.07395 -0.06020 -0.1 1 1 86 C. 152 (0.000) 
Cumulalive -0.1 8463 
School Certificate >2 
t 0.73 198 0.23464 0.23464 0.50344 a. 0.32055 
t+ l -0.68 100 -0.2 1829 0.0 1 634 0.03506 b. 0.46607 
t+2 -0.2391 3 -0.07665 -0.0603 I -0.12940 C. 1905 (0.000) 
Cumulative -0.18815 
Senior School Qua1 
t 0.69840 0.2 1 239 0.2 1239 0.50768 a. 0.304 1 1 
t+ l -0.72323 -0.21094 -0.00755 -0.0 1805 b. 0.41 836 
t+2 -0.3 1659 -0.09628 -0.10383 -0.24818 C. 103 (0.000) 
Cumulative -0.34 142 
Post School or Trade 
t 0.98773 0.35991 0.3599 1 0.8228 1 a. 0.36438 
t+ 1 -1 .0 1772 -0.37084 -0.0 1092 -0.02497 b. 0.43742 
t+2 -0.14935 -0.05442 -0.06534 -0.14938 C. 14 (0.000) 
Cuniulative -0.1 7932 
Degree or Professional 
t 0.96767 0.28 102 0.28 102 0.8967 1 a. 0.2904 1 
t+l -0.92665 -0.2691 1 0.01 191 0.03801 b. 0.31339 
t+2 -0.25226 -0.07326 -0.06 135 -0.1 9575 C. 32 (0.000) 
Cumulative -0.2 1 124 

Ethnicity EuropeanIPakeha 
1 0.70408 0.22762 0.22762 0.472 15 a. 0.32329 
t+l -0.68842 -0.22256 0.00506 0.0 1050 b. 0.482 10 
t+:! -0.20862 -0.06744 -0.06238 -0.12940 C. 20 1 (0.000) 
Cun~ulalive -0.1 9296 
Maori 
I 0.66426 0.21 293 0.21293 0.381 39 a. 0.32055 
[+I -0.57142 -0.183 17 0 02976 0.05330 b. 0.55829 
t+2 -0.25762 -0.08258 -0.05282 -0.09461 C. 58 (0.000) 
Cumulative --- -0.16478 
Pacific Islanders 
t 0.60486 
t+ I -0.65270 
t+2 -0.22 148 
Cumulative -0.26932 
Other Ethnic Croups 
t 1.01594 
1+1 -0.97305 
t +2 -0.38504 
Cumulative -0.342 15 

' Proportional Gain = Cumulative Impacl,/Length U 
' Average length of Communily Task Force as a proportion of the year 
' Average length of time unemployed in a year before receiving an intervention 
' Wald Test: Community Task Force, + Community Task Force,., + Community Task F~rce , .~  = 0 



(37.9 days), which is also about twice the effect on the other sub-groups. There are 

incremental benefits to participants in all education sub-groups in both years following 

participation in Community Task Force. 

The ethnic sub-groups can be split into two categories based on the cumulative impact 

of participation in Community Task Force. The first of these consists of 

European/pakeha and Maori who have beneficial impacts lower than for the sample as a 

whole. The second includes Pacific lslanders and Other Ethnic groups, who have much 

larger than average reductions in their time registered as unemployed. 

Overnll, Community Task Forcc has a beneficial cunlulative impact upon participants, 

although the impact the smallest of the five specific programmes. The impact across 

sub-groups is generally similar to the impact on the sample as a whole with the 

exception of those with senior school qualifications, Pacific Islanders and the other 

ethnic groups' category who experience a greater benefit. 

Specific Interventions - Training Opportunities 

Training Opportunities programme was a major Government initiative that provided a 

range of generic and specific courses for the public. The participants were referred by 

the New Zealand Employment Service to Skill New Zealand, the government's 

organisation responsible for contracting training. The decision as to whether someone 

registered as unemployed met the criteria was made by the Employment Service in 

association with the individual concerned, but the actual programme in which the 

individual was placed was decided by Skill New Zealand in association with the 

individual. Participation in the programmc was not mandatory. 

The cumulative impact of Training Opportunities on participants is beneficial. (See 

Table 6.13) However, the magnitude of the benefit is only larger than that for 

Community Task Force. Participadon in Training Opportunities has a cumulative 

decreases on time spent registered as unemployed in the three year time period 

including the year of the intervention and the two years following of 0.24746 for each 

year spent on the programme. When the actual cumulative impact is considered the 

magnitude of the benefit is actually the smallest of the five specific programmes. This 

impact for Training Opportunities is a reduction of 0.06034 of a year (22.0 days). This 



Table 6.13: Effect of Training Opportunities (S Dataset) 
a. Length 1' 

Actual Actual b. Length lJ3 
.Annual Cumulative Proportional C. wald4 

Croup Coefficient Impact Impact ~ a i n '  F (P value) 
Total Sample 
t 0.7782 1 0.18976 0.18976 0.38795 a. 0.24384 
1-t 1 -0.86 152 -0.2 1007 -0.0203 1 -0.04 153 b. 0.4891 3 
t+2 -0.16415 -0.04003 -0.06034 -0.12336 C. 576 (0.000) 
Cumulative -0.24746 

Education No Formal Education 
t 0.71325 0.17196 0.17106 0.3 1955 a. 0.24 1 1 
1-t 1 -0.77046 -0.18576 -0.01379 -0.02563 b. 0.5381 5 
l t2  -0.156 18 -0.03765 -0.05 145 -0.09560 C. 263 (0.000) 
Cumulative -0.2 1339 
School Certificate >2 
t 0.82228 0.19825 0.10825 0.82228 a. 0.24 1 1 
t+ 1 -0.94359 -0.22750 -0.02925 -0.06275 b. 0.46607 
t+2 -0.10799 -0.02604 -0.05528 -0.1 1862 C. 103 (0.000) 
Cu~nulalive -0.22930 
Senior School Qual 
1 1.01600 0.261 65 0.26 165 0.62542 a. 0.25753 
t+ I - 1.23364 -0.3 1770 -0.05605 -0.13397 b. 0.4 1836 
1+2 -0.16 1 83 -0.041 68 -0.09773 -0.23359 C. 50 (0.000) 
Curnulative -0.37947 
Post School or Trade 
1 0.9 1368 0.22530 0.22530 0.5 1505 a. 0.24658 
!+ 1 -0.98876 -0.24381 -0.0 185 1 -0.04232 b. 0.43732 
1-1-2 -0.12850 -0.03 168 -0.05020 -0.1 1476 C. 2 l (0.000) 
Cumulative -0.20357 
Dcgree or Professional 
t 1.34501 0.33534 0.33534 1.07003 a. 0.24932 
t +  I -1.101 62 -0.27465 0.06068 0.19363 b. 0.3 1339 
t+2 -0.47998 -0.1 1967 -0.05899 -0.18822 C .  1 1 (0.000) 
Curnulative -0.23659 

Ethnicity EuropeanIPakeha 
t 0.85098 0.19969 0.19969 0.4142 1 a. 0.23466 
I+ l -0.94459 -0.22 166 -0.02 197 -0.04557 b. 0.48210 
t+2 -0.16826 -0.03948 -0.06 145 -0.12747 C. 265 (0.000) 
Cumulative -0.261 88 
Maori 
t 0.63184 0.16618 0.16618 0.29766 a. 0.26301 
t+ I -0.69524 -0.3 8286 -0.0 1668 -0.02987 b. 0.55829 
t+2 -0.13822 -0.03635 -0.05303 -0.09498 C. 135 (0.000) 
Cumulative -0.201 62 
Pacific Islanders 
1 0.79309 0.19339 0.19339 0.39578 a. 0.24384 
L+ 1 -0.85693 -0.20895 -0.0 1557 -0.03 186 b. 0.48862 
t+2 -0.14534 -0.03544 -0.05 10 1 -0.10439 C. 38 (0.000) 
Curnulalive -0.209 18 
Other Ethnic Croups 
t 1.09 193 0.28420 0.28420 1.05344 a. 0.26027 
t+ 1 - 1.13443 -0.29526 -0.0 1 106 -0.04 100 b. 0.26978 
t+Z -0.1097 1 -0,02855 -0.03962 -0.14684 C. 1 7 (0.000) 
Cumulative -0.15221 

I Proportional Gain = Curnulalive hnpact,/Length U 
' Average length of Truining Opportunilies as a proportion of the year 

Average length of time unemployed in a year before receiving an intervention 
'' Wald Test: Training Opportunities, + Training Opportunities,., t Training Opp~rtunities,.~ = 0 



is a statistically significant estimate and represents a gain to participants of 12.3% 

compared with their average unemployn~ent duration before participation in the 

intervention. There are incremental benefits accruing to participants in each of the years 

following participation in Training Opportunities. However, as with the other 

interventions where there are two years of incremental benefits, it is in the first year that 

the major increments accrue and this falls away noticeably in the second year. These 

findings are consistent with the Ministry of Education (Ministry of Education, 2001) 

evaluation of Training Opportunities in New Zealand, who find a positive effect 

immediately after participation that reduced over time. 

This result is, however, at odds with the research of Mare (2002), who finds that 

participation in training actually increases time registered as unemployed, However, as 

discussed earlier, Mare does not control for unobserved individual-speciiic, time- 

invariant effects that may have influenced the participation decision. Given the nature 

of the data and the evaluation question being asked the results here, again, point to the 

importance of utilising an evaluation technique that controls for these unobserved fixed 

effects. 

The estimates for education sub-groups show that Training Opportunities works best for 

those who have completed secondary school. This group experience a cumulative 

reduction of time registered as unemployed for each year on the programme of 0.37947 

of a year 0.09773 of a year (35.7 days) over the three year time period, which is 

approximately two thirds larger than the impact on the other sub-groups. This is also in 

contrast with the research of Mare (2002), who finds no major difference between sub- 

groups classified by education. The time path pattern of the impacts is similar for all 

groups with the main incremental benefit accruing in the first year and a smaller 

incremental benefit occurring in the second year after participation in the programme. 

As far as ethnic sub-groups are concerned, there is a clear pattern in the cumulative 

impact of participation in Training Opportunities. Europeadpakeha have the highest 

cumulative impact from participation at -0.26188 of a year and the other ethnic group 

the lowest at -0.1522 1 of a year. 



In summary, Training Opportunities was the major training programme in place in the 

1990's and remains an important component of active labour market policies in New 

Zealand. The results here suggest that while the impact is beneficial it is small in 

magnitude relative to the impact of some of the other programmes. Although there are 

benefits across sub-groups, these also tend to be small for each sub-group except for 

those with senior school qualifications. 

Specific Interventions - Surtzmary 

The analysis by specific intervention provides useful insight as to absolute and relative 

impact of thesc active labour market programmes on those who receive them. The most 

effective programme as measured by cumulative impact upon participants as a whole is 

Job Plus, followed by Enterprise Allowance, Task Force Green, Training Opportunities 

and finally Community Task Force. (See Table 6.14) 

It1tmvn1ioti 
Subsidy 
(-0.39203) 

Table 6.14: Ranking the Impact for the sample as a whole by Cumulative Effect of 
Interventions (S ~ a t a s e t ) '  

7 - Training 
(-0.24648) 

Generic lntervcntians 

> Work Experience 
(-0.19622) 

Specilic Interventions 

I TFG 
(-0.27492) 

4 TOP 
(-0.24746) 

I ' Coei'ticients indicate the change in the permanent propensity to be registered as unemployed following 
participation in a pngmmme for one year 

All the coel'ficients are stalktically significant at the 0.05 level 

The findings on the three subsidy schemes here provide insight as to the effectiveness of 

alternative designs for subsidy schemes. Job Plus is a scheme that subsidises activity in 

the private sector, whereas Task Force Green provides subsidies for mainly public 



sector organisations. The impact of the private sector based scheme is well ahead of 

that of the public sector based scheme; a finding that matches some of those in Europe 

(Kluve & Schmidt, 2002). One possible reason for the better performance of private 

sector schemes is that they connect the participant more effectively with the labour 

market than public sector schemes that in general do not support "real" jobs. This is 

particularly so for the subsidy programmes in New Zealand. In the Job Plus 

programme, since i t  is necessaly for firms to commit to keeping participants beyond the 

end of the subsidy, finns need to find actual jobs for participants. Task Force Green, 

on the other hand, involves the creation of one-off positions for participants to cany out 

environmental tasks. While connecting participants with employment and creating 

good work habits, it does not connect them to the labour market as effectively as Job 

Plus. 

Enterprise Allowance is a start-up subsidy scl~eme that is quite successful in moving 

individuals off the unemployment register. In the design, it includes features that 

increase the likelihood of individuals successfully continuing their business. These 

include participants needing to have an actual business plan evaluated before the 

subsidy is provided and follow-up consultation and support. 

According to the results here, Community Task Force is one of the less effective active 

labour market policies used by the New Zealand Government in the 1990's. This 

reflects the poorer performance of work experience pragrammes in New Zealand and 

overseas in general when compared with subsidy and training programmes. The 

Training Opportunities programme also has positive effects for participants but they are 

smaller effects than those estimated for subsidies. Given the support for this type of 

programnie internationally and the commitment of government resources to it in New 

Zealand, this result is important. 

The results also provide insight into the relative cumulative impact of each of these 
specific interventions upon education and ethnic sub-goups. (See Table 6.1 5) As with 
the generic intervention estimates it is apparent that the target groups of government 
policy, while benefiting from participation in these specific interventions, experience a 
smaller gain than other sub-groups. For example, those with no formal qualiiications 
are consistently ranked fourth or last in impact from each of these programmes while 



Table 6.15: Ranking the Impact of Specific Intervenltion~s by Cumulative Effeet 
and Sub-Croup (S ~ataset)' 

Ethnicity 
Rm~k 

1 

9 - 

1 
"7 

. ! 

Degree & 

Professional 
(-0.47 193) 

Senior School 
Qual. 
(-0.40329) 

No Formal 
Qual. 
(-0.3707 1) 

Pacific 
Islander 
(-0.40703) 

Orher Ethnic 
Groups 
(-0.44388) 

European/ 
Pakeha 
(-0.3 895 5) 

Mmri 
(-0.265 14) 

Degree or 
Professi~nal 
(-0.5 10351) 

Senior S c h d  
Qual. 
(-0.500 15) 

No Fonnal 
Qd. 
(-0.48022) 

School 
Certificate 32 
(-0,47227) 

Post S c h d  w 
Trade 
(-0.42905) 

Pacific 
lshdler 
(-0.718'72) 

Other Ethnic 
Groups 
(-0.67657) 

European/ 
Pakeha 
(4.46882) 

Maori 
(-0.45670) 

Degree or 
Professioma~l 
(-0.33843) 

Past !Wool or 
Trade 
(-0.2838 1 ) 

Senior S&od 
QuaI. 
(-0.278 !3) 

School 
Certificate 32  
(-0.2702 1) 

No Formal 
Qual. 
(-0.24723) 

Other Ethnic 
Groups 
(4.57616) 

! Coefficients indicate the change 
participation b a programme 

Pacific 
Islander 
(-0.33836) 

Maori 
(-0.21715) 

AU the coeficienis we statistically significant ah the 0.05 level 

in the permanent 

Senior School 
Qual, 
(-0.34142) 

L 

propensity to be wgiskred as rme&&yed fullowing 

School 
Cerlificate >2 
(-0.188 1 5) 

for one year 

No Formal 
Qual. 
(-0.1 8463) 

Post School or 
Trade 
(-0.17932) 

TOP 

Senior School 
Qual. 
(-0.37947) 

Degree or 
Professional 
(-0.23654) 

No Fonnal 
Qual. 
[-0.2 1339) 

Post School or 
Trade 
(-0.20357) 

Other Ethnic 
Groups 
(-0.342 I 5) 

Pacific 
lslslnrier 
(-0.26932) 

European/ 
Pakeha 
(-0.1 9296) 

Maori 
(-0.1 6478) 

Europead 
Pakeha 
(-0.26 1 88) 

Psdfic 
Islander 
(-0.209 18) 

Maori 
(-0.20162) 

Other Ethnic 
(3roups 
(-0.1522 1) 



those with degree or professional qualifications are in the top two rankings. except for 

Community Task Force. The lower gain for Maori is also apparent, as they are ranked 

last for impact for all programmes, except for Training Opportunities where they are 

second. On the other hand, Pacific Islanders are ranked in the top two for all of the 

specific interventions except for Training Opportunities. it should be noted, however, 

that for some of the programmes, as discussed above, the cumulative impact range 

across sub-groups is not that large. 

6.4 Effect by Sub-group 

The evaluation of interventions in the section above is organised by the type of 

intervention. For administrators and policy makers to be able to make informed 

decisions as to the optilnal active labour market policies to use for particular groups of 

people, i t  is usef-ul to understand the relative impact of different programmes upon these 

groups. In this section this is achieved by rank ordering the cumulative impact of the 

various types of programmes on each of the education and ethnic sub-groups. 

The rankings for each of the ethnic and education sub-groups are compared with each 

other and with those for the sample as a whole which are contained i n  Table 6.14. The 

rankings here are derived from the cumulative impact upon participants of receiving a 

year of the intervention. In other words it is based on a summation of the estimated 

coefficients related to the interventions obtained from the fixed effects regression 

estimation. 

There is some variation in the pattern of impacts across the education sub-groups 

associated mainly with the magnitude of the impacts. (See Table 6.16) However, there 

are some minor dif'ferences in the order of the impacts upon the education sub-groups. 

Those with no formal education, with at least two School Certificate subjects and with a 

post-school or trade qualification have the same ranking pattern for both generic and 

specific interventions as for the sample as a whole. There are differences in the order of 

ranking for the other two education sub-groups. For those with a senior school 

qualification, Training is ranked fifth, rather than fourth as is the case for the sample as 

a whole. Those who have a degree or professional qualification have a different order 



for the generic interventions. For this education sub-group work experience 

programmes are ranked second ahead of training programmes. It  is interesting to note 

that all of the programmes are effective for those with senior school qualifications, the 

middle level of education. 

Table 6.16: Ranking the lmpact on Education Sub-Group by Cumulative Effect of 
Interventions (S ~atase t ) '  

Specific 
Rorik 
I 

I8 Coefficients 

No Formal 
Qual. 

S~lbsidy 
(-0.372 15) 

Training 
(-0.19683) 

Work Exp. 
(-0.1 6738) 

JP 
(-0.48022) 

E A 
(-0.3707 1) 

TFG 
(-0.24723) 

TOP 
(-0.2 1339) 

CTF 
(-0.18463) 

School 
Certificate >2 

Subsidy 
(-0.38408) 

Training 
(-0.26030) 

Work Exp. 
(-0.17559) 

JP 
(-0.47227) 

E A 
(-0.35847) 

TFG 
(-0.2702 1)  

TOP 
(-0.22930) 

CTF 
(-0. I 88 15) 

Subsidy 
(-0.39463) 

Training 
(-0.35944) 

Work Exp. 
(-0.3 1897) 

JP 
(-o.so0 15) 

E A 
(-0.40329) 

TOP 
(-0.37947) 

CTF 
(-0.34142) 

TFG 
(-0.278 13) 

Senior School 
Qual -- 

Post School or 
Trade 

Subsidy 
(-0.37357) 

Training 
(-0.28237) 

Work Exp. 
(-0.19234) 

J P 
(-0.42965) 

E A 
(-0.35673) 

TFG 
(-0.2838 1 )  

TOP 
(-0.20357) 

CTF 
(-0.17932) 

Degree or 
Professional 

Subsidy 
(-0.434 18) 

Work Exp. 
(-0.20 1 27) 

Training 
(-0.19279) 

1 

propensi~y to be registered as unemployed following 

J P 
(-0.5 1039) 

E A 
(-0.471 93) 

TFG 
(-0.33843) 

TOP 
(-0.23654) 

CTF 
(-0.2 1 124) 

participation in a programme for one year 
All the coeff'icients are statistically significant at the 0.05 level 

Source: S Daruse~ 

While for all ethnic sub-groups the generic and specific programmes have a beneficial 

impact, there are some differences in the order of these impacts for Pacific Islanders and 

the Other Ethnic groups. (See Table 6.17) For Pacific Islanders and the other ethnic 

group category, the ranking of the impact of the generic and specific interventions 

differs from that for the sample as a whole which is the same as the ranking for 

European/pakeha and Maori. The differences are that Pacific Islanders and other ethnic 



group have work eqm?ence ranked ahead of training and have Community Task Force 

ranked ahead of Training Opportunities. Results of the analysis of fhe impact of 

interventions by specific sub-group indicate that for dl of these groups, pnvafe sector 

based a s i d ~  programmes are the most effective programmes, in parhicular Enterprise 

Allowance and Job Plus. Community Task Force and Tmining Opportunities have a 

smaller effect, although are still beneficial for dl sub-grwps. 

Table 6.17: Ranking the Impact on Ethnic Sub-O,roup by Cumul&ive Effect of 
Interventions (S ~ataset)' 

Subsidy 
(-9.343995) 

Training 
(-0,27263) 

Work Exp 
(-0.173 16) 

IP 
(-0.46882) 

EA 
(-0,3 895 5) 

TFG 
(-0.26679) 

TOP 
(-0.26188) 

CTF 
(-0.19296) 

Subsidy 
(-0.3 1546) 

Training 
(-0.1 8460) 

Work Exp 
(-0.161 15) 

P 
(-0.45670) 

EA 
(-036514) 

TFG 
(-0.2 1 7 15) 

TOP 
(-0.20 162) 

CTF 
(-0.16478) 

Work Exp 
(-0.25616) 

Training 
(-0.21 546) 

TEG 
(-0.33856) 

CTF 
(-0.26932) 

TOP 
(-0-209 18) 

Other Ethnic 
C;roupr 

Subsidy 
(-0.50397) 

Work Ecp 
(-0.37 130) 

Training 
(-0.2 1506) 

TFG 
(-0.57616) 

CTF 
(-0,342 15) 

TOP 
(-0.15221) 

1 &effrcienh indicate the change in the permanent propensity to be registered as unemployed following 
pariicipation m a programme $or one year 

All the coefficients are statistically significat at lbe 0.015 level 

Source: S Dataset 



6.5 Summary of S Dataset Estimates 

Evaluation of the impact of active labour market interventions used in New Zealand in 

the early to mid 1990's using the fixed effects regression approach indicates that overall 

these programmes had a beneficial cumulative effect upon those who participate. 

Subsidy programmes are the most effective, with the private sector based subsidy 

programme, Job Plus, outperforming the public sector based subsidy programme, Task 

Force Green. Enterprise Allowance, n start-up subsidy, also has a beneficial impact on 

participants. Training programmes, and Training Opportunities in particular, and work 

experience programmes have a beneficial impact for the sample as a whole and for each 

of the sub-groups. However, the impact is smaller than that for the subsidy 

programmes. The relative result for training is disappointing, given the increases 

emphasis it was given in the 1990's. 

For all interventions, there is a detrimental locking-in effect in the year of the 

intervention and the benefits accrue subsequently. The major incremental benefit for all 

progranimes is in the year following the intervention, with the incremental effect in the 

second year following the intervention either being much smaller in magnitude or 

actually becoming detrimental. 

The results indicate clearly that the most disadvantaged as measured by education level, 

tliosc with no formal qualification and those with more than two School Certificate 

subjects, gain the least from participation in active labour market interventions. Further, 

Maori, while also benefiting from participation in these programmes, generally receive 

a much smaller benefit than other ethnic groups. 

There are some particular strengths of the estimation approach used in this chapter. The 

use of fixed effects enables unobserved individual-specific, time-invariant 

characteristics to be controlled for in the estimation, thus attenuating bias that would 

arise otherwise. Further, the use of a panel dataset covering time periods before and 

after participation in interventions enables the estimation of changes in the permanent 

propensities of individuals to remain on the unemployment register. However, the 

method used to rank the effectiveness of interventions only takes into account the 



impact on those who participate and does not account for the costs involved in running 

these programmes. 

Part In: Evaluation of the C Dataset 

The purpose of this part of the chapter is to provide a bridge between the fixed effects 

regression estimates using the S Dataset, and the matching estimates using the C 

Dataset. An aspect of this involves answering the question: do the general results found 

using regression on the S Dataset hold when the sample is restricted to the 1993, 1994 

and 1995 cohorts in the C Dataset? In answering this question, the effect of total 

interventions, generic interventions and specific interventions are presented. Summary 

results only are presented for the sub-groups, with the full tables being contained in 

Appendix One. 

6.6 Model Specification 

The models used to estimate the impact of interventions are the same as those used for 

the full sample, the Ordinary Least Squares and the fixed effects specifications. (See 

Equations 6.1 and 6.2) However, due to the smaller numbers in the cohort sample 

disaggregated analysis of subgroups in one of the generic programmes, Work 

Experience, and two of the specific programmes, Enterprise Allowance and Community 

Task Force, is not possible. Further, the smaller numbers in the cohort dataset requires 

the combination of two of the education sub-groups in the disaggregated analysis across 

programmes. Those with greater than two School Certificate subjects and those with 

senior school qualifications arc combined into one education group, while those with a 

post-school or bade qualification are combined with those with a degree or professional 

qualification. 

The dependent and independent variables used in the estimation are the same as those 

used in the previous chapter, with the change being that the lags are based around 

dataset time t ,  rather than actual time. The effects are, therefore, measured for the three 

years including the year of intervention, t ,  and the two years after the intervention, 1+1 

and r+2. 



The results for both Ordinary Least Squares and for tixed effects estimation are 

reported, as is the cumulative impact. There is one issue that needs to be taken into 

account when interpreting the results. This is the implication of only having data for 

two years post intervention in the C Dataset. While the independent variables are 

history variables, and, therefore, measure permanent changes in the propensity to be 

unemployed, the fact that there are only two years post intervention means that the 

cumulative impact and actual cumulative impact may not necessarily be the long-term 

effect. It will only be the long-tenn effect if there are no more incremental impacts after 

the second year. An important strength of the S Dataset is the presence of data beyond 

the two years post intervention as this enables the researcher to have greater confidence 

that the estimates are taking into account this longer term impact. Overall, the fixed 

effects estimates of the C Dataset are limited due to the limit on the length of post 

intervention years. 

As was the case in the previous chapter, the fixed effects regression results show a 

greater impact than those for Ordinary Least Squares. In fact, the Ordinary Least 

Squares results all indicate that there is a detrimental effect overall for those who 

participate in the various programmes compared with those who do not. For example, 

in Table 6.18 the Ordinary Least Squares estimates for total interventions for each of 

when summed for each of r ,  1+1, and /+2 are positivc, which means that those who 

receive the intervention will eventually spend more time on the unemployment register 

than those who do not receive the intervention in each of the years. In other words, the 

intervention increases their propensity to be unemployed. On the other hand, the fixed 

effects estimation of total interventions has beneficial effects in years 1+1 and t+2 that is 

greater in magnitude than the detrimental contemporaneous effect in year r .  This 

difference between the Ordinary Least Squares and fixed effects estimates highlights 

again the importance of controlling for unobserved individual-specific, time-invariant 

factors that if left unaccounted for, could bias the results. 



Table 6.18: Effect of Total Intervention (C Dataset) 

Dependent Variable: Prllpnrlion - of Year o8 

Variable 

Intervenlion 

Intervention ( - 1  ) 

lnlervention (-2) 

Real Regional Growth Rate 

Age 
Age Squared 

School Certificate: >2 subjects 

Senior School Qual. 

Post School or Trade Qual. 

Degree or Professional Qual. 

Maori 

Pacific islanders 

Other Ethnic Groups 

Constant 

R', R2 ( I I - ~ I ~ ~ I I )  

F (P I ~ ~ I L J )  

Breu.sr~h/P~gm (~r>c-/li?) 

Hazrsnmt~ ( ~ t . > c h i ~ )  

N~inrhcr o f l r ~ ~ / i ~ ~ i ~ i ~ ~ a l . s  

Yeurs - 

With Fixed Effects 

Coefficient P Value 

The OLS model is y,, = a + Pf I I ,  + ax,, + t.,, . The estimation model with fixed effects includes 

individual dummy variables; ha1 is y, = a,, + a, + P'I, + 6 X j ,  + E, . Included in X i , ,  but not 

reported in the results above. are regional and year dummy variables. The base state for education is no 
formal qualification and [or ethnicity is EuropeanIPakeha. 

The analysis of the effects of interventions using the C dataset, therefore, focuses on the 

results obtained using the fixed effects specification. For each of the models the 

Breusch/Pagan and Hausman tests of the specification are used and they find that fixed 

effects estimation is more appropriate than either Ordinary Least Squares or random 

effects regression. For the actual cumulative effects, the proportional gain is calculated 

and Wald tests for the joint significance of the coefficients are used, with the results in 

the main indicating statistically significant results. 



6.7 Effect by Intervention Type 

Estimation of the effects of participation in active labour market programmes in New 

Zealand using the cohort dataset covering interventions in 1993, 1994 and 1995 

produces results that for some programmes and sub-groups vary from those estimated 

using the full sample. These results are analysed for total interventions, generic 

interventions and specific interventions using the C Dataset and are compared with 

those for the S Dataset. 

6.7.1 Total Intervention 

Using the C Dataset, the estimated effect of an intervention is greater than for the S 

Dataset. (See Table 6.19) The cumulative impact of participation in interventions as a 

whole is -0.79240 of a year registered as unemployed as a result of participating, 

compared with a gain of only -0.32985 of a year for the S Dataset. This result occurs 

for each of the specific and generic interventions. 

The time path of the impact on participants is the same for the estimates for both 

datasets. In both datasets there is a contemporaneous detrimental impact, or locking-in 

effect, as a result of participation in active labour market policies. The situation in year 

!+1 and t+2 is that there is a beneficial impact. As with the S Dataset, the incremental 

impact in r+l is much larger in magnitude than the incremental impact in t+2. 

This time path impact occurs for each of the sub-groups as well'ox. For example, the 

cumulative gain from participation in active labour market programmes in the C Dataset 

for those with no formal qualifications is a benefit of -0.81850 of a year registered as 

unen~ployed as a result of participation and the actual cumulative gain is -0.25788 of a 

year, or 94 days. This compares with a cumulative gain of -0.321 10 of a year and an 

actual cumulative gain of 0.10246 of year, or 37.4 days, when estimated using the S 

Dataset. 

In' See Appendix 1-9. 



Table 6.19: Cumulative and Actual Cumulative Impact for Interventions 

' C'ocf i i icn~ rr~tlic:~lt. ll~c ch:m?r' tn tlie pt.nn:!ncnt pn~pcnsi~y to be regislered as uncmplo!~scl following prxlii ip;~li tm in ;! p r x y ; l m r w  l't,r me year 
C'c~cl'lic~cn~s i n d ~ c a ~ c  ~ h c  T ~ I : ~ I I ~ C  in I!W p c n w n c n l  prclpens~~! to beregistered ss uni.n?pIi1!+c.l following p:!rt~cipalion b I I I C  pr.l-l-r::nlm. 

:\I[ the cocl~i f~cnls  i:rc hl;ilisii~,::ll!. srcniticnnt a1 the (l.cl5 le\ el 

S(~trr-(w: S t \.c,r ili!r! C Dc-rr~t.vtv 



The order of the impact of total interventions on sub-groups is the same in the S Dataset 

and the C Dataset. For example, in the both datasets, Pacific Islanders receive the 

greatest cumulative impact from participation in an intervention, followed by 

Europeatdpakeha and Maori, with the other ethnic group a distant fourth. 

Overall, i t  is apparent that there are strong similarities in the impact of participation in 

an active labour market programme when estimated in the two datasets. Participants 

receive incremental benefits in each of the two years following participation, following 

a detrimental locking-in effect. The incremental benefits in total outweigh the 

detrimental locking-in effect. I t  is the magnitude of the gain that varies, with the C 

Dataset producing much larger benefits. 

6.7.2 Effect of Generic Interventions 

The estimates for the generic interventions are also similar to those from the S Dataset 

with the major difference being the greater magnitude of the impacts and the order of 

the effects. Overall, there is a benefkial impact from each of the generic interventions, 

with the increnlental gains in years t+1 and r+2 being greater than the incremental losses 

in the contemporaneous year, I. (See Table 6.20) The incremental impact in t+l is 

greater than for that in r+2, with that in t+1 being approximately four times the impact 

in 1+2. 

Subsidies 

The beneficial impact of subsidies estimated using the C Dataset is more than three 

times the magnihtde of the estimated benefit using the S Dataset. (See Table 6.19) For 

example, the cumulative gain from participation in a subsidy programme is -0.77292 of 

a year in the C Dataset compared with -0.39203 of a year when estimated on the S 

Dataset. There is also a large difference between the actual cumulative impact with this 

being a reduction of 0.29223 of a year, or 106.7 days, less spent registered as 

unemployed when estimated on the C Dataset, compared with a benefit of 0.17829, or 

65.1 days, estimated using the S Dataset. The time path of the impact of the subsidy 

programmes is the same as the time path of the impact for total interventions which also 

matches that in the S Dataset. 



Table 6.20: Effect of Generic Interventions (C Dataset) 

\ .~ri i~blr  - .- -.. 

Subsidy 

Subsidy (- 1) 

Subsidy (-2) 

Work Bxperienoe 

Work Experience (-1) 

Work hp~rience (-2) 

Training 

Training (-1 ) 

Training (-2) 

Real Regional Growth Ra~e 

A s  
Age Squared 

Schml Certificate: >2 subjects 

Seni~s School Qual, 

Post Schoal or Trade Quol. 
Degree or Professional QuaL 

Maosi 

PacSc Islander 

OUler Ethnic Groups 
( 'crnsl:uit 

R', R' (withi,,) 

F ( P  v d i t c )  

ro.,pl,,c 11 P ~ , ~ ~ , , , ,  (r,..., 
l / l l , , ~ ~ ~ l l l ! l  / I ? .  . t  / I / . ,  

Y l t f ? l J ~ i ~ ~  I ! /  /111/11 f ( i f t l d \  

K >ca.\ 

Dependent Variable: Pnrpwtion of Yeat on 

With Fied Effects 
C'ncfliri~nf P Value 

the , -- l~nrrnploj!tirnt R r ~ h t r r  

-- I 

The OLS model is y,, = q + P'I,  + 6X, + gi, . The estimation model with fixed effects includes 

individual dummy variables; lhal is 7 ,  = a, + a, + P'3, + 6X, + s, . heluded in Xf, , btll not 

reported ih the wsulls abow, are regional and yew dummy variables. The base state for education is no 
formal qdifrc'ation and fm elhnicity is Europeanhkeha. 



There are some differences in the rankings for the ethnic sub-groups. The largest 

cumulative gain to a s ~ b - ~ r o u ~ " ' ~  accrues to Pacific Islanders who, as a result of 

participation in a subsidy programme, decrease their time on the unemployment register 

over the three year time period by 0.81248 of a year. The actual cumulative gain for 

Pacific Islanders is a decrease of 0.31 164 of a year, or 113.7 days. This represents a 

gain of 71.8% over the proportion of time spent unemployed pre the intervention, the 

rough benchmark for proportional gain used in this study. They also receive the greatest 

benefit when estimates are obtained from the S Dataset. I t  is the ranking for Maori that 

differs. The cumulative impact rank for Maori estimated using the C Dataset is second, 

whereas with the S Dataset they are a distant fourth behind all of the ethnic groups. 

Subsidy programmes are estimated to have sizeable and beneficial effects upon those 

who participate in them. The magnitude of the impact is greater in the C Dataset than 

for the S Dataset and the time path of the impact is similar, with the incremental impact 

on the propensity to be unemployed being spread evenly over the two years following 

the intervention. However, the order of the impact upon the ethnic sub-groups differs 

with Maori ranked much higher in the C Dataset than the S Dataset. 

Work Experience 

Since the cohort dataset includes only 312 individuals who participated in work 

experience programmes, i t  is not possible to undertake any disagb~egated analysis of the 

effect of participation in these programmes upon the sub-groups. The estimate is, 

therefore, for the impact of participation in work experience programmes on the cohort 

as a whole; that is upon the 3 12 individuals who receive interventions. 

The cumulative benefit over the three year time period, estimated from the C Dataset 

from participation in work experience programmes. is a decrease in time registered as 

unemployed of 0.85335 of a year"0. This compares with a reduction of 0.19622 in the 

S Dataset. (See Table 6.19) The actual cumulative decrease is 0.18470 of a year, or 

67.4 days, compared with a drop of 0.06075 of a year, or 22.2 days for the estimate 

from the f i l l  sample. The time path is the same as in the S Dataset. 

1 IJY See Appendix 2. 
1 1 0  See Appendix 3. 



Training 

Training programmes since the late 1980's having been, and continue to be, a central 

component of active labour market policies throughout the world and in New Zealand. 

The estimates from the S Dataset suggested that there were beneficial effects from 

participation in these programmes, not only on average for all those who receive the 

training but also for the sub-groups. These estimates in the S Dataset. while beneficial, 

are small relative to those of the subsidy programmes. 

The estimated impact of training from the C Dataset produces a different picture. (See 

Table 6.19 and A1.4) A major difference between the estimates from the two datasets is 

that training programmes have the largest cumulative impact of any of the generic 

programmes in the C Dataset, whereas it is second behind subsidies in the S Dataset. 

The cumulative impact on the total cohort is beneficial, with the permanent propensity 

to be registered as unemployed declining by 0.92190 of a year following participation 

which compares with a cuniulative drop of 0.24648 of a year in the S Dataset. The 

actual cumulative impact of participation in training is -0.20964 of a year, or 76.5 days, 

over the three year time period in the C Dataset. In the S Dataset i t  is -0.05605 of a 

year. The actual impact, in contrast with the cumulative impact, has training ranked 

second. 

The most notable difference between the two sets of estimates of the impact of training 

is that the impact on sub-groups is altered noticeably in the C Dataset as compared with 

the impact estimated using fixed effects on the S Dataset. While all the sub-groups 

benefit from participating in training programmes the rankings of the impacts vary 

between the estimates from the two datasets"'. The estimates for the S Dataset rank the 

cumulative impact for Pacific Islanders highest, whereas in the S Dataset estimates they 

are ranked last. The same is correct for those with no formal education who are ranked 

first in the C Dataset estimates and last in the S Datasets estimates. 

The C Dataset estimates of the impact of training, therefore, differ to some extent from 

those obtained from the S Dataset. While the overall impact is beneficial and the time 

"' See Appendix 4. 



path is the same as for the S Dataset, the impact on the education and ethnic sub-groups 

is different. 

Generic Intervmtions - Summary 

The generic interventions; subsidy, work experience and training programmes, all have 

a beneficial impact upon the time participants are registered as unemployed compared 

with those who do not receive the interventions. The estimated impact for the subsidy, 

work experience and training participants from the C Dataset is greater in magnitude 

than the estimates using the full sample. Further, the time path is the same with there 

being a locking-in effect followed by incremental benefits in the two years post 

intervention. 

There are two major differences between the estimates from the C Dataset and those 

from the S Dataset. The iirst is the order of the overall impact of these programmes. 

(See Table 6.19) In the C Dataset, the rank order for cutnulative impact is training, 

followed by work experience, followed by subsidies. The order in the S Dataset, in 

contrast, is as follows: subsidies first, training second and work experience third. The 

difference is less marked when the actual cumulative impact is considered, with 

subsidies remaining first in both datasets. 

The second major difference between the fixed effects estimates from the two datasets 

is the ranking of the impact of generic interventions upon sub-groups varies between the 

two datasets1I2. (See Table 6 . 2 1 ) " ~  The general pattern is that those with no formal 

qualification are ranked first for impact for both subsidies and training in the C Dataset, 

but are ranked near the bottom when the estimates are obtained from the S Dataset. 

Those with high qualifications are ranked bottom in the C Dataset subsidy estimates, 

but are top in the S Dataset estimates. As far as the ranking of the impact for ethnic 

sub-groups is concerned. the main difference is that Maori are ranked second for the 

impact of subsidies in the C Dataset, whereas they are last with the S Dataset estimates. 

On the other hand, Pacific Islanders are ranked are ranked much lower for estimates of 

participation in training in the C Dataset. 

I I ?  Due to the s~nall number o f  individuals in the cohort dataset who participated in work experience 
programrnes there is no sub-group analysis. 
11.3 The ranking o f  generic programme impact by cumulative effect and sub-group for the full sample is in 
Table 6.14. 



Table 6.21: Ranking the Impact of Interventions by Cumulative Effect and Sub- 
Group (C ~atase t ) '  

C ' ; m y l n '  

Education 
Rank 
1 

1 - 

Ethnicity 
Rank- 
1 

' Coefficients 

No Formal 
Qual. 
(-0.79 166) 

Sc11ool 
Certificate >2 
+ Senior 
School Qual. 
(-0.75208) 

Post School or 
Trade + 
Degree or 
Professional 
(-0.73657) 

Pacific 
Islander 
(-0.8 1248) 

Maori 
(-0.78234) 

Other Ethnic 
Grou ps 
(-0.76975) 

European/ 
Pakeha 
(-0.76455) 

No Formal 
Qual. 
(-0.93062) 

School 
Cerlificate >2 
+ Senior 
School Qual. 
(-0.86773) 

Post School or 
Trade + 
Degree or 
Professional 
(-0.54032) 

European/ 
Pakeha 
( - I  .08 125) 

Pacific 
Islander 
(-0.9485 1 ) 

Maori 
(-0.7 1982) 

Other Ethnic 
Groups 
(-0.61 3 1 1 ) 

No Fonnal 
Qual. 
(-0.8 1 690) 

School 
Certificate >2 
+ Senior 
School Qual. 
(-0.80870) 

Post School or 
Trade + 
Degree or 
Professional 
(-0.80 140) 

Maori 
(-0.84 177) 

Pacitic 
Islander 
(-0.82535) 

European1 
Pakeha 
(-0.8 1280) 

Other Ethnic 
Groups 
(-0.73062) 

No Fonnal 
Qual. 
(-0.77274) 

Post School or 
Trade + 
Degree or 
Professional 
(-7 1974) 

School 
Certificate >2 
+ Senior 
School Qual. 
(-0.60923) 

Other Ethnic 
Gro~~ps  
(-0.88893) 

European1 
Pakeha 
(-0.7066 1 ) 

Pacific 
Islander 
(-0.67542) 

Maori 
(-0.66928) 

TOP 

No Formal 
Qual. 
(-0.9303 1) 

School 
Certificate >2 
+ Senior 
School Qual. 
(-0.86449) 

Post School or 
Trade + 
Degree or 
Professional 
(-0.54443) 

European1 
Pakeha 
(-1.07801 ) 

Pacific 
Islander 
(-0.94847) 

Maori 
(-0.7 1922) 

Other Ethnic 
Groups 
(-0.61251) 

dicate the change in the pemment propensily to be registered as unemployed following 
participation in a programme for one year 

All the coefficients are statistically significanl at the 0.05 level 

Note: the numbers for Pacific Islanders (26) and Other Ethnic Group (17) are too sn~all to estimate the 
impact for Community Task Force and Enterprise Allowance. 



6.7.3 Effect of Specific Interventions 

The analysis of the specific interventions is constrained by the size of the C Dataset. 

While it is possible to estimate the impact of participation in each of these interventions 

in total, the number of individuals in the datnset who participated in Enterprise 

Allowance and Community Task Force, 316 and 288 respectively, is too small to 

undertake sub-group analysis on these two programmes. For these programmes only 

the impact of participation on the total cohort is reported. 

The emphasis in the analysis is, again, on the fixed effects results rather than the 

Ordinary Least Squares estimates. The reason for this is that, as discussed earlier, the 

Ordinary Least Squares estimates do not take into account unobsewed individual- 

specific, time-invariant factors that may bias the results. The Ordinary Least Squares 

results all identify a detrimental cumulative impact upon participants. (See Table 6.22) 

When the unobserved individual-specific, time-invariant factors are taken into account, 

using the fixed effects specification, there is a culnulative beneficial impact. 

The estimates from each of the specific programmes indicate that they are all beneficial 

for participants, with the detrimental contemporaneous incremental effect in time t 

being more than balanced by beneficial incremental impacts in t+ 1 and t+2. The time 

path is, therefore, similar to that obtained with the S Dataset. The order of the 

cumulative impact of these estimates is reversed compared with those from the S 

Dataset. In fact, Training Opportunities and Community Task Force have the largest 

impact with the three subsidy programmes Job Plus, Task Force Green and Enterprise 

Allowance being third, fourth and tifth respectively. However, the actual cumulative 

impact rankings are more similar to those in the S Dataset, with Job Plus and Enterprise 

Allowance being the most beneficial. 



Talble 6.22: Effect of Specific Interventions (C Dataset) 
Dependent Variable: i'mpnrtion of Year - -  on the .- U n r n r p l ~ ~ n ~ c n t  Rcci.;trr 

Variable 

EA 

EA (-1) 
EA (-2) 
JP 

JP (-1) 
JP (-2) 
TEG 

WG (-1) 
TFG (-2) 

CTF 

m (-I) 
CTF (-2) 

TOP 

TOP (-1 ) 

TOP (-2) 

Ohm Intervenlions 

Blher Inlerrventions (- I ) 

Other Interuezltions (-2) 

Real Regi.onal G~owth Rate 

Age 
Age Squmd 

School Certificate: >2 subjects 

Senior School Qud. 
Post School ar Trade Qual. 
Degree or Professional Qual. 

Maori 

Pacific Islanders 

Other Efhnic Groups 

C'imctnnl 

With Fixed Effects 

Cncfficirnt P Value 

The OLS model is y ,  = ff + P ' I ,  + &Xi, f s;, . The estimation model with tixed effars includes 

individual d u m y  variables; that is y,, = go + a, + P'r, + &K, + 6 ,  . Included in Xu , bul not 
reported in the results above, are regional. and y e a  dummy variables. THe base state for ducation is no 
formal qualification and for efhnicity L Empeaflakeha. 



Enterprise Allowance 

The effect of participation in the Enterprise Allowance subsidy programme upon 

participants is beneficial. (See Table 6.19) The cunlulative benefit from participating 

in the programme is -0.61752 of a year, compared with -0.37562 of a year in the S 

Dataset. The actual cumulative gain for those who participate in this programme, 

compared with those who do not, is a decrease in time registered as unemployed over 

the three year time period of 0.30791 of a year, or 112.4 days. This is greater in 

magnitude than the estimate for the full sample, which was a decrease in time registered 

as unemployed of 0.25727 of a year, or 93.9 days. The time path for Enterprise 

Allowance differs from all the other programmes. (See Appendix A 1.5) There is the 

detrimental locking-in effect at time t and a beneficial incremental effect in the year 

after intervention, /+I. However, in r+2 there is a detrimental incremental effect, with 

the proportion of time registered as unemployed increasing slightly. As discussed 

above, there are no disaggregated estimates for sub-groups who participate in Enterprise 

Allowance due to the small number of participants in the cohort dataset. 

Job Plus 

The second subsidy programme examined is Job Plus. The cumulative benefit from 

participating in this programme is -0.8 184 of a year less registered as unemployed. The 

actual cumulative gain is -0.32053 of a year, or 117.0 days, less time on the 

unemployment register over the three year time period for participants than would have 

been the case if they had not participated. (See Table 6.19) This represents a gain of 

83% for participants over their pre-intervention unemployment propensity. 

As far as the impact of participation on the sub-groups is concerned, the pattern differs 

between the education sub-groups and the ethnic s ~ b - ~ r o u ~ s " ~ .  The education sub- 

groups all benefited from participation, the magnitudes are similar for all of the sub- 

groups and each received an estimated benefit that is larger than that estimated using the 

S Dataset. For ethnic sub-groups, the estimated benefits differ between the two 

datasets. In the C Dataset estimates, Europeanlpakeha and Maori have estimated 

impacts that are similar to those for Pacific Islanders, whereas in the S Dataset they 

have much lower estimated benetits. 

I I4 See Appendix 6. 



Task Force Green 

The third specific subsidy programme is Task Force Green. In total, and for each of the 

sub-groups, there is a beneficial impact from participation in this programme. The 

cumulative effect from participating in Task Force Green is much larger for the C 

Dataset estimates than for those from the S Dataset. (See Table 6.19) The cumulative 

benefit to participants is a decrease in actual time registered as unemployed of -0.71690 

of a year in the C Dataset. The actual cumulative impact in the C Dataset is -0.19052 of 

a year, or 69.5 days over the three year time period. The time path of the effects are the 

same as for those in the S Dataset estimates with a detrimental locking-in effect 

followed by two years in wllich there are incremental benefits. 

There is more variation in the impact upon the education ~ u b - ~ r o u ~ " ~ .  Those with no 

formal qualifications have the highest estimated cun~ulative impact from participation in 

the C Dataset, but the lowest in the S Dataset. The estimates for the ethnic sub-groups 

in the C Dataset are higher than in the S Dataset, but the ranking of the impact is similar 

in the two datasets. 

Conimiinity Task Force 

Community Task Force is the second specific intervention programme where the 

number of participants in the C Dataset is too small to enable disaggregated analysis by 

sub-group. The estimate of the effect of participation in Community Task Force, 

therefore, is of the effect upon the total cohort. The estimate for participating in 

Con~munity Task Force is negative, identifying a beneficial impact resulting from a 

decrease in time spent registered as unemployed as a resuIt of participation. (See Table 

6.19) The notable difference is that the estimates for this programme in the C Dataset 

makes it the second most effective when judged by cumulative impact. whereas it has 

the smallest estimated effects in the S Dataset. 

The estimated cumulative gain using the C Dataset from participation in Community 

Task Force is a decrease in time spent on the unemployment register over the three year 

period of 0.82837 of a year in the C Dataset. The actual cumulative benefit is a 

'I5 See Appendix 7. 



reduction of 0.1 8837 of a year, or 68.8 days. This compares with a gain of 0.06798 of a 

year, or 24.8 days, obtained using the S Dataset. 

Training Opportunities 

The estimates for Training Opportunities are similar to those for training as a whole. 

(See Table 6.19) The cumulative gain from participation in Training Opportunities is a 

decrease in ti~ne spent registered as unenlployed of 0.92076 of a year. The actual 

cumulative gain is a reduction of 0.20938 of a year, or 76.4 days. While the cumulative 

impact makes Training Opportunities the most effective programme, the actual 

cumulative effect has it ranked third in the C Dataset. Nevertheless, both of these 

rankings are higher than the estimates for the S Dataset, where it is ranked fourth and 

fifth respectively. 

The impact on sub-groups, while greater in magnitude for the C dataset estimates than 

for those from the S Dataset, have similar relative effects between the two datasets"'. 

la fact, for ethnic sub-groups the rankings are the same. The main difference for the 

education sub-groups is that the cumulative impact for those with no formal 

qualifications is ranked number one in the C Dataset compared with a much lower 

ranking in the S Dataset. 

Specific Interventions - Surnnzary 

The specific intervention analysis has highlighted some si~nilarities and differences with 

the results from the full sample. The similarities are that participants benefit from 

participation and this is the case for all the sub-groups as well as for the sample as a 

whole. The time path of the impacts is the same for all the programmes except for 

Enterprise Allowance where there is an incremental detrimental effect in t+2. Further, it 

confirms the analysis above that subsidy programmes that focus on the private sector 

are more effective than subsidies to public sector organisations. This is supported by 

the greater cumulative and actual cumulative impact of Job Plus compared with Task 

Force Green. 

There are some notable differences between the estimates from the two datasets. This is 

particularly so for the cumulative impacts. In the C Dataset, Training Opportunities has 

I l h  See Appendix 9. 



the greatest impact with Enterprise Allowance the lowest. This is almost opposite the 

situation in the S Dataset. However, the actual cumulative impact estimates for the 

specific programmes in the C Dataset are similar to those from the S Dataset, with Job 

Plus and Enterprise Allowance the highest ranked. The same is the case for Community 

Task Force which has a high cumulative impact ranking, but a low actual cumulative 

impact in the C Dataset. 

There are also differences in the relative impacts of the estimates for some of the sub- 

groups. In the C Dataset estimates, the cumulative impact upon Europeanlpakeha and 

Pacific islanders is much closer to the other ethnic sub-groups than is the case in the S 

dataset. For Task Force Green and Training Opportunities those with no formal 

qualification receive the highest impact in the C Dataset, but the lowest in the S Dataset. 

6.8 Effects by Sub-Group 

As with the fixed effects analysis on the S Dataset above, i t  is useful to undertake an 

analysis of the effect of interventions by sub-group. Due to the limited number of 

participants in the C Dataset in work experience programmes, in Community Task 

Force or in Enterprise Allowance it is not possible to undertake sub-group analysis on 

these programmes. 

There are some notable differences between the estimates from the two datascts for the 

sub-groups. As far as education sub-groups are concerned, those with lower levels of 

education receive a greater cumulative benefit from training than subsidy programmes 

in the C Dataset estimates. (See Table 6.23 for the C Dataset rankings and Table 6.16 

for the S Dataset rankings) This is contrary to those in the S Dataset. However, for 

those with higher levels of education subsidies have the greater cun~ulative impact. The 

cumulative impact of the specific programmes by education sub-group matches the 

pattern for the generic interventions. Training Opportunities is ranked tirst for the 

lower educated and Job Plus for those with the highest levels of education. However, 

the actual effect does not vary much between the two datasets with Job Plus having the 

highest ranking. The main difference is that Training Opportunities is ranked ahead of 

Task Force Green for those with lower levels of education in the C dataset, whereas it is 



the other way around in the S Dataset estimates. However, the difference in the 

magnitudes of the estimates for these two programmes in the C Dataset is very small. 

Table 6.23: Ranking the Impact on Education Sub-Group by Cumulative Effect of 
Interventions (C ~atase t ) '  

C:~I'qnn, . 
Generic Interventions 
Runk 
1 

Specific Interventions 
R m k  
I 

Training 
(-0.93062) 

Subsidy 
(-0.79 166) 

TOP 
(-0.9303 1 ) 

JP 
(-0.8 1690) 

TFG 
(-0.77274) 

School 
Certificate >2 
subjects or  
Senior School 
Q~~;~l i f icat ion 

Training 
(-0.86773) 

Subsidy 
(-0.75208) 

L ' Coefficients indicate the change in the pemwient propen 
participation in a programme for one year 

TOP 
(-0.86449) 

J P 
(-0.80870) 

TFG 
(-0.60923) 

Post School 
or Trade or  
Degree or 
Professional 
Qt~nlilicatiun 

Subsidy 
(-0.73657) 

Training 
(-0.54932) 

J P 
(-0.80 140) 

TFG 
(-0.7 1974) 

TOP 
(-0.5443) 

I 
ty lo be registered as unemployed following 

All the coeflicienls are slatislically significant at the 0.05 level 

Sot~rce: C Dutu.wf 

For the ethnic sub-groups there are also some differences in the estimates between the 

two datasets. The cumulative impact of the generic interventions are reversed for 

European/pakeha and for Pacific Islandcrs, with Training ranked ahead of subsidy 

programmes. (See Table 6.24 for the C Dataset rankings and Table 6.17 for the S 

Dataset rankings) The pattern for the impacts of specific programmes matches that for 

the generic programmes, with the cumulative impact of Training Opportunities ranked 

higher for Europeadpakeha and Pacific Islanders than in the S Dataset. The actual 

cumulative estimates for the C Dataset are more similar to the S Dataset with Job Plus 

ranked first for all ethnic groups. The main difference is that Training Opportunities is 



ranked ahead of Task Force Green for all ethnic sub-groups except for the other ethnic 

group category. 

Table 6.24: Ranking the Impact on Ethnic Sub-Group by Cumulative Effect of 
Interventions (C ~ a t a s e t ) '  

<'at y o n .  

Generic Interventions 
Rarrk 
1 

Specific Interventions 
Rat ~k 
1 

i 

' Coefficienls indicate the change i n  

I-:ttrt)pr:~nl 
P:~kd~:a 

Training 
(- 1.08 125) 

Subsidy 
(-0.76455) 

TOP 
(- 1.0780 1 ) 

JP 
(-0.8 1280) 

TFG 
(-0.7066 1 ) 

\ lnori . 

Subsidy 
(-0.78234) 

Training 
(-0.7 1982) 

J P 
(-0.84 1 77) 

TOP 
(-0.7 1922) 

TFG 
(-0.66928) 

h c i f i c  
I ~ l ; ~ n d e r ~  

Training 
(-0.9485 I ) 

Subsidy 
(-0.8 1248) 

TOP 
(-0.94847) 

J P 
(-0.82535) 

TFG 
(-0.67542) 

Other 
Ethnic 
(;roups 

Subsidy 
(-0.76975) 

Training 
(-0.6131 1 )  

TFG 
(-0.88893) 

JP 
(-0.73062) 

TOP 
(-0.6 125 1 )  A 

he permanent propensity to be registered as i~nemployed following 
participation in a programme tor one year 

All the coefficients are statistically significant a! the 0.05 level 

6.9 Explaining Differences between the Estimates 

A comparison of cstirnates obtained from the C Dataset with those obtained from the S 

Dataset clearly shows that some differences exist. These consist of differences in the 

ranking of some of the interventions, the ranking of the impacts upon sub-groups and 

the magnitude of the estimates. The major differences are with the incremental and 

cumulative impacts. In this section, there is a discussion of the possible reasons for 

these differences. 

The differences in the ranking of the impacts highlight the sensitivity of estimation 

results to the dataset that is used. This mirrors findings in the research where 

researchers have used difierent techniques and different datasets to estimate the effect of 



the same programme and have identified different results. I t  is this very issue which has 

raised concerns over time about the appropriateness of non-experimental estimation 

techniques. In this case, there are some notable differences between the datasets that are 

likely to have contributed to these differences. As discussed earlier, the C Dataset 

contains less infomlation than the S Dataset as it discards time periods for individuals 

that are outside those that arc included in the dataset. For example, those who received 

interventions in 1993, or are in the conlparison group for 1993, have the data for 1996 

and 1997 discarded. Those who receive interventions in 1994 have the data for 1989 

and 1997 discarded and those who receive interventions in 1995 have the data for 1989 

and 1990 discarded. The estimation of interu-ention effects used fixed effects regression 

on the C Dataset is, therefore. likely to give different results from those on the S Dataset 

where this information is included. The loss of this information can be particularly 

important when using regression analysis. As discussed in Section 3.4.4, the regression 

approach does not impose the common support requirement and, in fact, predicts 

outcomes for regions of variable space where no observations occur. The loss of 

information from the dataset has the possible effect of changing the outcome of these 

predictions. The results suggest that this extra information is useful when estimating 

changes in penilanent unemployment propensities. 

The discussion of the sunmary characteristics of both databases in Chapter Five pointed 

to one feature that may explain these different impacts. This feature is that since the C 

Dataset is the one to be used for matching those who received only one intervention are 

included in the sample. This is quite different from the S Dataset in which there are 

some individuals who received more than fifteen interventions in the 1989 to 1997 time 

period. The effect of this feature is that it is a form of sample selection that ensures 

once people receive an intervention, they do not receive another. In contrast, the S 

Dataset contains infbrmation on all the inte~ventions that individuals receive and 

controls for these other impacts when estimating the effect of an intervention. I t  is 

likely, therefore, that the estimates for the interventions would differ between two 

datasets. 

The inclusion of people in the C Dataset who only receive one intervention may also 

help explain the difference in the estimated magnitude of the interventions between the 

two datasets. These differences in magnitude raise the question as to why this may be 



so. One possible answer is that the nature of the selection process into the C Dataset 

has identified individuals for whom the first intervention was successful. Further, this 

success lasted over a number of time periods as there was no need for them to have a 

second intervention. 

In order to test whether or not the selection process is likely to have increased the 

success of the interventions both overall and incrementally in the long run, an ordinal 

analysis is undertaken. The aim of the analysis is to ascertain whether a first 

intervention is more successfd than a second, third or any subsequent intervention. 

Should this be the case, then the criteria used for selecting individuals into the C Dataset 

will have biased the estimated impacts upwards compared with those from the S 

Dataset. 

Implementing the test involves creating six history variables covering the first, second, 

third, fourth and fifth intervention and for all interventions greater than five. These 

ordinal variables are not differentiated by type of intervention. They are organised by 

the order in which the individuals received their interventions. Each intervention has a 

conten~poraneous variable and two lags, so that the set-up is equivalent to that being 

used for fixed effects regression throughout the study. The impacts of the ordinal 

interventions are estimated using the S Dataset and the results are in Table 6.25. 

The results indicate that there is some support for the view that the C Dataset is biased 

towards successful interventions when compared with the S Dataset. The evidence for 

this is the results reported for the cumulative effect of the ordinal interventions. The 

first intervention has the second largest impact upon participants. After the second 

intervention, the effects of the interventions become progressively smaller until with 

those interventions beyond five the impact is relatively sma11'". Since the S Dataset 

- 

"' I t  is interesting to note that i t  is the second intervention that is most effective. This raises some 
questions worthy of research as to the approaches being used to allocate individuals to progritmmes. 
Further, the k t  that the effect of  the interventions drop away, particularly after the fourth intervention, 
suggests that these latter interventions may have more of a social hnction than one of  moving the 
unemployed off the ~memployment register. 



Table 6.25: Ordinal Analysis (S Dataset) 

Variable 
Intervention One 
lntervenlion One (-I) 
Intervention One (-2) 
lntervenlion Two 
lnlerven(ion Two (-1) 
lntervenlion Two (-2) 
lntervention Three 
Intervention Three (-1) 
Intervention Three (-2) 
lntervention Four 
lntervenlion Four (-1) 
lntervention Four (-2) 
Intervention Five 
Intervention Five (-I) 
Intervention Five (-2) 
lntervention >5 
lntervention >5 (- 1 ) 
Intervention >5 (-2) 
Real Regional Growth Rate 

Age 
Age Squared 
Constant 

R (u.ithin) 
F (P vnlue) 

Br~~t . scI~ /P~~gon  (pi->chi2) 

H~~u.snran (~r>chi ' )  
Number- qfIniiivihrals 
Y~!u~:F 

Snttr-CP: S D d ~ s c r  

Cumulative Wald 
Coefficient P Value Intervention Effect test F (P Value) 

has the full order of interventions and the C dataset only has the first intervention, it 

would be expected given the ordinal regression results that the C Dataset would 

generate bigger coefficients on the generic and specific interventions. 

6.10 Conclusion 

In this chapter, regression estimation of the effects of participating in active labour 

market policies in New Zealand has been undertaken. This analysis has used the fixed 

effects regression estimation approach outlined and justified in Chapter Three and has 

applied i t  to two datasets. The first dataset is the S Dataset, which represents the full 



information dataset. The application of fixed effects regression to the second dataset, 

the C dataset, is to act as a bridge between the regression and matching approaches. 

The results highlight some important findings, some of which address the overall 

research question and some of which clarify estimation and interpretation issues. 

As far as the overall research question is concerned, the fixed effects regression 

approach finds that participation in these programmes is universally beneficial to 

participants. Ranking of these impacts for the S Dataset shows that subsidy 

programmes are the most effective at moving people off the register and that Job Plus 

followed by Enterprise Allowance are the most effective of these subsidies. The 

relative performance of training in general, and Training Opportunities in particular, in 

the S Dataset estimates, given the focus it has received internationally, is smaller. It has 

a positive impact, but this is akin to that of work experience programmes which the 

research literature suggests do not have large impacts. On the other hand, the C Dataset 

estimates suggest that training programmes and Training Opportunities is more 

effective. 

Key questions raised in the literature review are expressly tested in this chapter. The 

findings support the contention that subsidies to public sector organisations are less 

effective than subsidies to private sector firms. Evidence for this is that Job Plus is 

more effective than Task Force Green. The question as to the effectiveness of start-up 

subsidies is also answered in the affirmative, with Enterprise Allowance proving to be a 

successful programme. The time path effect of the interventions is also apparent fiom 

this analysis. In the year of the intervention there is a strong locking-in effect across all 

programmes. However, in each of the two post inte~ention years there is in general an 

incremental gain. This pattern is consistent for estimates from both datasets. 

The analysis of sub-groups has further highlighted some important issues. There are 

some differences between the estimates from the two datasets. In particular, those with 

no folmal education perform relatively better in the C Dataset estimates and those with 

higher education, relatively worse. This could be the result of only choosing those who 

have one intervention, in the C Dataset, so excluding many of those with low education 

levels who struggle to get off the register. The poorly educated have the highest 



average number of interventions in the S ~ataset"', but criteria for the C Dataset 

chooses those only receiving one intervention. Maori, one of the disadvantaged groups 

targeted by government programmes, in general have lower impacts than other ethnic 

groups. This difference is less marked in the C Dataset and can be explained in the 

same way as the itnproved perfonnance of the low educated in that dataset. 

The findings also focus attention on a tiumber of estimation and interpretation issues. 

The first issue is the use of cohorts, as has become popular in evaluation studies. Using 

cohorts can bias the results, depending on the way in which the cohort sanlple is 

created. In this case the approach to choosing the C Dataset has created differences in 

the magnitude of the estimates and in the ranking of the impact of interventions when 

compared with the S Dataset estimates. This raises the question as to the usefulness of 

the C Dataset. The answer is that it is useful. Despite the differences in the relative 

effects, the estimates indicate that there are benefits from participation. Further, this 

dataset provides a basis for matching. As discussed in Section 3.4.4, matching uses a 

different weighting approach to regression and does not assume a functional form. The 

imposition of the common support and the weighting approach used means that it is not 

necessary to have all the post intervention years available to complete matching 

estimates. As long as there is sufficicnt pre-intervention data to create "good" matches 

then the loss of post-intervention years is less important for n~atching than for fixed 

effects regression. What this means is that data missing from years outside the 

observation period may be less problematical when using matching. 

The second issue involved in estimating intervention effects is that care needs to be 

taken in interpreting the results. In particular, the estimates calculate the impact of 

participation on moving people off the unemployment register. While rankings of 

interventions have been made, this measure does not take into account the resource cost 

of achicving these results. 

Broadly, the results from the C dataset confirm those of the S dataset. While there are 

some differences in magnitude and in some of the sub-group effects, there are many 

I I n  See Table 5.2 



similarities. All of' the programmes are beneficial and these benefits last beyond the 

year i~ntnediately following the intervention. 



Chapter Seven: 

Matching Evaluation of Active Labour Market Policies in 

New Zealand 

In recent years matching has found widespread attention and has become a 

particularly popular tool for the evaluation of treatments in observational 

studies. (Augurzky & Kluve, 2004: 3) 

7.1 Introduction 

A major consideration faced by researchers evaluating the effects of active labour 

market interventions using observational data is to ensure that the estimation approach 

used correctly identifies a relevant and appropriate conlparison group. Matching is an 

approach that explicitly attempts to choose non-participants that are observationally 

equivalent with those who participate in active labour market programmes. The aim of 

matching is, as far as possible, to mimic the conditions of an experiment by identifying 

groups of sirnilar individuals in such a way that any difference in outcome between the 

two groups results from one group receiving a treatment, or intervention, and the other 

group not receiving it. 

In this chapter difference-in-differences matching is used to estimate the impact of 

participation in active labour market programmes in New Zealand upon those who 

participate. This analysis builds on the theoretical discussion of niatching, propensity 

score matching and difference-in-differences matching in Chapter Three. Firstly, 

implementation issues associated with matching and difference-in-differences matching 

are outlined. Following this there is an analysis of participation in active labour market 

policies in New Zealand. Thirdly, the matching estimates are presented and discussed, 

and tinally the quality of the matching process is exan~ined. 



7.2 The Matching Process and Implementation Issues 

There are several implementation issues involved in estimating programme impacts 

using difference-in-differences matching. The first is to decide which estimator to use. 

Further issues cover three important aspects of the matching process. These are 

analysing the participation process, implementing the matching estimator and assessing 

the quality of the matching approach used. 

7.2.1 Choosing the Appropriate Estimator 

The first implementation issue is choosing the appropriate estimator. Difference-in- 

differences matching can be used with each of the cross-sectional estimators discussed 

in Chapter Three: single nearest neighbour, multiple nearest neighbours and local linear 

regression. Each of these matching estimators has strengths and weaknesses, with the 

decision as to which of then1 to use being dependent on the data and the tradeoffs that 

the researcher is willing to make between bias and variance. There is no one standard 

approach that works in all situations, or is necessarily correct for any given situation. 

The implication that arises from this is that whichever matcl~ing estimator is chosen 

sensitivity analysis needs to be undertaken. This involves using a range of other 

matching estimators to ensure that thc results are not sensitive to the choice of a single 

estimator. If the results are unique to a single estimator, i t  is necessary to justify why 

one set of results is preferred to another' ". 

Single nearest-neigiibour matching with replacement has several advantages that make 

it appropriate for this dataset. Firstly, there are both a large number of non-participants 

in the dataset and overlap in the propensity scores from the participants and non- 

participants. This increases the probability of finding a good match for each participant 

when matched with only one non-participant. Secondly, choosing only one nearest 

neighbour reduces the bias that would arise should more than one nearest neighbour be 

chosen. Thirdly, using replacetnent ensures that the best possible match is found for 

each of the participants. 

119 This sensitivity analysis is covered in Section 7.6 of this chapter. 
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Another possibility is to use multiple nearest-neighbour matching. Adding in extra 

neighbours for each participant has the potential to increase the bias, but with the 

benefit of potentially reducing the variance. Given the large number of non-participants 

with very similar propensity scores in the C Dataset, the increase in bias associated with 

moving from matching with one non-participant to n~atching with multiple non- 

participants is likely to be small. A key decision is the number of non-participants with 

whom to match each participant. As there is no theory to guide this decision, a number 

of possibilities were trialled with up to 15 non-participants included, and it was found 

that the estimates were not that that sensitive to the number ofnon-participants chosen. 

One area where nearest-neighbour matching can run into difficulties is where there are 

only a few non-participating neighbours with propensity scores similar to participants. 

In the C Dataset, the major mismatch is where participants have high propensity scores. 

There are some non-participants with similar propensity scores but the number is 

smaller than for lower propensity scores, and the gap between the participant and 

matched non-participant propensity scores is greater in the higher-end ranges'20. Use of 

the local linear matching estimator enables a sensitivity analysis to be undertaken to 

establish whether or not this situation is creating major changes in the estimates of the 

impact of the interventions. 

In this study, the single nearest-neighbour with replacement difference-in-difference 

matching estimator is used. The reasons for this are the advantages of this approach 

outlined above, as well as the nature of the data and the distribution of the estimated 

propensity scores. Sensitivity analysis, covered in Section 7.6, indicates that the results 

are not by-eatly sensitive to the choice of estimator. 

7.2.2 Estimating the Propensity Score 

The second implementation issue is estimating the propensity score, the probability of 

participation. This issue arises as the propensity scores of the participants and the non- 

participants are unknown. In order to estimate the propensity score it is necessary to 

120 Analysis of  the propensity scores is in Section 7.3 of  this chapter. 
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choose the relevant variables to include in the model and to estimate a participation 

equation for each of the interventions. The key issue is in deciding which variables to 

include in the rnodel as the conditional independence assumption requires that all 

variables that influence participation and outcomes are observed by the decision 

makers. While economic theory and research provides some guidance as to the 

variables to include there is no generally accepted method for implementing this in 

matching. A number of approaches to this issue have been suggested in the literature 

and these are discussed and an approach is chosen and implemented in Section 7.3 

below. Once the propensity score for each individual participant and non-participant 

has been calculated then matching can occur based on these scores. 

Although the S Dataset sample contains information on those who were unemployed, 

the information is not complete as to exactly what proportion of the population as a 

whole could have entered the programmes. In these circumstances, it is possible that 

participants are over-sampled in the dataset. Therefore, a further issue associated with 

estin~ating the propensity score is that of choice based samples. Since the exact weights 

are unknown the matching is based not on the propensity score itself, P ,  but on the log 

odds ratio of the propensity score, PI ( I -P) .  This is based on the finding that the odds 

ratio using incorrect weights is a scalar multiple of the true odds ratio, which is itself a 

monotonic transformation of the propensity score (Smith & Todd, 2005a: 3 19). 

7.2.3 Estimating the Impact of interventions Using Matching 

The third set of implementation issues is related to undertaking the matching estimation 

itself. In particular, it is necessary to estimate over the common support, to factor in the 

extra variance associated with the matching procedure, and when estimating difference- 

in-differences estimators it is necessary to take into account Ashenfelter's "dip". 

The matching evaluation of each intervention needs to be over the common support to 

avoid bias in the estimates. In fact, one of the contributions of matching is to focus the 

researcher on finding matches that are appropriate rather than generating matches using 

functional form assumptions. This involves making decisions on how to implement the 

common support when undertaking matching on the propensity score. There are two 

broad approaches to this issue. The first involves excluding participants or non- 



participants from the matching process if there is no overlap with the other group. This 

is often implemented by removing from the matching process all treated observations 

with estimated propensity scores below thc minimum or above the maximum propensity 

scores of the non-treated. One shortcoming of this approach is that good matches near 

the boundary may be lost, and that regions inside the boundaries where the overlap is 

sparse are included. 

The second approach to implementing the common support is to identify a density that 

participants and non-participants need to meet and to exclude those individuals who do 

not meet this cut-off value. The restriction is, therefore, 

,#(x,, D, = 0 )  > q and ](F(X, ,  ID, = I )  > y 

where 4 = the chosen density level 

This approach is used by Heckrnan, Ichimura, Smith et al. (1998). An issue with this 

approach is that while i t  does ensure that there are propensity scores for participants and 

non-participants that overlap, the choice of an appropriate density level, q, is arbitrary. 

The various matching estimators approach the common support issue in different ways 

(Blundell, Dearden, & Sianesi, 2004: 17). The nearest neighbour approach does not 

implement a common support. In fact, the nearest non-participant neighbour's 

propensity score could be a long way apart from the participant's propensity score. On 

the other hand, the calliper estimator (given that the calliper is not too large) 

automatically implements the common support by specifying the propensity score range 

within which the propensity scores of the comparison individuals must fall. There are 

two aspects of kernel based matching that ensure that the common support is 

implemented. The first is the choice of the bandwidth and the second is the choice of 

the kernel. A small bandwidth limits the range between the propensity scores of the 

pa~licipants and non-participants while the Gaussian kernel uses all non-treated units 

and the Epanechnikov only those whose propensity score fits within a fixed radius 

(Blundell et a]., 2004: 17-18). The local linear regression matching estimator uses the 



non-participants within a set distance for the participant and, therefore, includes an 

approach to the common support. 

The approach used in this study is twofold. Firstly, it involves dropping participant 

observations whose propensity score is higher than the maximum or less than the 

minimum of the non-participant propensity score. The strength of this is that this is 

easy to apply consistently and is the standard approach applied in software used in the 

estimation'". The second approach implemented here specifically addresses the issue 

of non-overlap between the maximum and minimum propensity scores. This involves 

setting a calliper within which the nearest-neighbour propensity score is required to be. 

In line with the work of Augurzky and Kluve (2004) and Heinrich (2005), the calliper 

was set at 0.05 either side of the estimated propensity score1". In Section 7.6, the 

sensitivity of the results to the size of this calliper is analysed. 

Another implementation issue to resolve in association with the estimation step involves 

accounting for the extra variance that occurs as a result of the matching approach. This 

is extremely important for establishing whether or not the matching estimates are 

statistically significant. There are two reasons why extra variance may exist. Firstly, 

since the matching is based on the propensity score, which has itself been estimated, 

extra variance in each of the matching estimates is introduced which is not reflected in 

the standard errors reported with the estimates. Secondly, where replacement is used, 

for example with the nearest-neighbour estimation technique, it is necessary to allow for 

the extra variance. While there are no general asymptotic results to guide the method of 

dealing with this extra variance, with the exception being Heckman, Ichimura and Todd 

(1 998) who have produced results for kernel based matching, the general approach used 

in the applied literature is to use bootstrapped standard errors (Blundell et al., 2004: 17 

and Sianesi, 2001: 28). In this study bootstrapped standard errors are used and the 

number of iterations in the bootstrapping of standard errors is varied in order to test the 

sensitivity of the results to this specification. Although there was some movement in 

the results due to the change in the number of iterations, the variation became minimal 

I ? I  The difference-in-diflerences matching estimates are obtained using psmatch2, a macro that is plugged 
into STATA. 
' "  However, since the estimation in this study uses the log odds ratio of the propensity score on which to 
match rather than the propensity score, see the discussion in this section below. the equivalent log odds 
ratio is 0.05263. 



once the number of iterations increased over 50. The decision, therefore, is to include 

100 iterations when generating bootstrapped standard errors. 

Ashenfclter7s 'dip7 is a problem that needs addressing when using difference-in- 

differences approaches to estimate treatment effects. As discussed in Chapter Three, 

Ashenfeltcr ( 1977) and Ashenfelter and Card (1985) find that estimates of the impact of 

training programmes on earnings may be biased upwards, as in the period immediately 

prior to participation in  a programme there is a tendency for earnings to decline. 

Several other researchers have found evidence of this dip in earnings (Heckrnan, 

Ichimura, Smith et al., 1998, Mueser, Troske, & Gorislavsky, 2003 and Kluve et al., 

2005). I t  is important to know whcther this dip is in fact permanent or transitory in 

order to validate beforelafter a11d difference in difference estimators (Heckman & 

Smith, 1999). Should the dip be permanent then there is no bias involved in estimating 

a beforehfter or difference-in-differences using this pre-intervention measure as the 

base fbr "before". However, if the dip is transitory the impact of the intervention then 

will be biased upwards. 

Although the initial work on Ashenfelter's 'dip' focuses on earnings or wages, there is 

also evidence of a decrease in employnzent propensity, or an increase in time 

unemployed, in the lead up to an intervention (Card & Sullivan, 1988, Heckman & 

Smith, 1999 and Bergemann. Fitzenberger, & Speckesser, 2005). This can be caused by 

participation rules or anticipation effects whereby individuals lower their search effort if 

they know they are about to enter a training programme, or individuals do not enter a 

labour market programme because they are about to start employment (Bergeniann et 

al., 2005: 12). 

Ashenfelter's 'dip', therefore, also has the potential to bias estimation results of the 

effect of an intervention upon an individual's propensity to be employed or 

unemployed. The standard approach to the problem of the dip, when using difference- 

in-differences estimation techniques, is to set the initial time period before the dip could 

have occurred. In this study, and in the C Dataset that is used for the matching analysis, 

the time periods are measured in years and the year of intervention is year /=5. Given 

this, and that the eligibility criteria for participation in the interventions in New Zealand 



ranges from 13 to 26 weeks registered as unemployed"', in order to avoid the dip t=4 is 

excluded from the measure of time unemployed before the intervention. The pre- 

intervention measure of unemployment is, therefore, the average propensity to be 

unemployed in years t=l , t-2 and r -3.  

7.2.4 Quality Analysis 

The final implen~entation issue is to ascertain whether the matching process has 

produced "good quality" matches. There are two aspects to this issue. The first 

involves analysing the extent to which the matching process has created matches where 

the characteristics of the treated and non-treated groups are similar. The second 

involves sensitivity analysis to ascertain whether or not the results are robust to the 

various modelling specifications used. 

In conclusion, there are a number of issues involved with implementing difference-in- 

differences matching. These include deciding on the appropriateness of the estimator to 

be used, which in this study is the single nearest-neighbour. Further, it includes making 

decisions on the participation model and how to estimate the propensity score. The 

matching highlights the need to match over the common support, to allow for the extra 

variance that arises with matching and to solve the problem of Ashenfelter's "dip". 

Finally, i t  is necessary to undertake sensitivity analysis in order to check the robustness 

of the findings. 

7.3 Participation in Active Labour Market Programmes 

The dimensionality issue in the variables in the C Dataset associated with participation 

and outcomes in active labour market programmes in New Zealand requires matching to 

be based on the propensity score, or the probability an individual participates in a 

programme conditional on these variables. Since the actual propensity scores are 

unknown in the New Zealand context it is necessary first to estimate the propensity 

scores. This is not a trivial undertaking as there is no generally accepted algorithm for 

choosing the variables to include in the participation model. This section includes a 

" See Table 4.5. 



discussion of the types of variables to include in the participation model and methods 

for choosing these, and then an appropriate approach for choosing variables for the New 

Zealand active labour market programmes is implemented. Following this, the 

influence of these factors on participation in active labour market progranlmes in New 

Zealand is analysed. 

7.3.1 2 Variables - Discussion 

Deciding on which variables to include in the participation model is an important 

consideration in matching. The general approach is to include all those variables that 

influence both participation and outcomes in the absence of participation (Smith & 

Todd, 2005a: 20). In other words, for the conditional independence assumption to be 

met it is necessary that the researcher observes all variables, Z, that influence the 

participation decision and the outcome should an individual not participate. The 

difficulty associated with this is that there is no generally accepted formal model or 

approach that identifies these variables and the failure to include all the relevant 

variables violates the conditional independence assumption. The decision as to which 

variables to include, therefore, is based on the processes through which programme 

participation decisions are made, the factors that economic theory and research indicate 

have an influence on the participation decision and an the application of an appropriate 

approach for choosing which of these variables should be included. 

The process through which participation in active labour market programmes occurs 

involves to a greater or lesser extent both the employment advisor or case worker and 

the unen~ployed individual (Lechncr, 199921: 1 3 and Sianesi, 2003: 138-9). These two 

dimensions of the decision making process, therefore, need to be considered. 

The employment advisor potentially has a strong impact on the allocation of individuals 

to active labour market programmes. This is particularly so if participation in a 

prograrntne is compulsory and the employment advisor makes the decision as to who 

does and does not participate. The influence is also strong in programmes which are 

voluntary for the unemployed should the employment advisor have responsibility for 

identifying the potential programme, or programmes, and then inviting or advising the 

unemployed client of the opportunity. As far as the New Zealand active labour market 



programmes are concerned, it is the latter case. (See Table 7.1) All of the programmes 

are largely voluntary, but the employnlent advisor plays a critical role in identifying the 

appropriate programme in which the unemployed client may participate and then 

discussing the possibility with the client. 

Table 7.1: Programme Participation Process in New Zealand 

Programme Eligibility Rules Role of Employment Role of NZES Client 
Advisor 

Job Plus 36 weeks registered Matches and refers Voluntary 
unen>ployed or more - clients to vacancies ~ - 

Enterprise Allowance 15 weeks registered Select clients based on Express interest in the 
unemployed or more an assessmen1 of programme or respond 

whether or not there is when asked. 
a realistic chance of Voluntary 
self employ ment - 

Taskforce Green 26 weeks registered ldenti fies and refers Voluntary 
unemployed or more clients 

Community Task Force 13 weeks registered Matches and refers Voluntary (90% 
unemployed or more clients to vacnncies Voluntary) 

Training Opportunilies 26 weeks registered Identifies and refcrs Volunhry 
unrmnfioyed or more clients 

The issue is the extent to which the employment advisor makes the decision on 

unobserved infomiation or observed infomiation included in the dataset. The key 

criteria for each of the New Zealand programmes is that the unemployed client has 

reached a particular unemployment duration and is at risk of protracted unemployment, 

although in the implementation of the programmes individuals who had unemployment 

durations shorter than the criteria were included on some occasions. In the case of Job 

Plus, Task Force Green, Community Task Force and Training Opportunities, the 

employment advisor allocates opportunities to clients once they meet the unemployment 

criteria, on the basis that the client will benefit from participation in the programme. 

While it  is possible that unobserved factors are involved in  the decision making process. 

or that the criteria were applied inconsistently by an advisor, across advisors or across 

regions, key influences on potential benefits are labour force history, age and capability; 

factors for which there are variables in the C Dataset. 

Enterprise Allowa~lce differs slightly from the others in that the employment advisor 

selects clients for this programme based not only on their unemployment history, but 



also on a judgement as to whether or not there is a realistic chance of self employment. 

Part of this decision is based on whether or not the client is interested in self 

employment and what skills the client has or can be developed. Descriptive 

characteristics of the profile of those who participate in Enterprise Allowance in 

Chapter Three indicate that the level of education is a useful proxy for the potential 

capability of the client. The employment advisor's perception of the motivation and 

entrepreneurial aptitude of thc client may also have been used to select the clients for 

the programme and this information is not included in the C Dataset. Lf these are part of 

the decision making criteria then the conditional independence assumption is violated. 

However, should the criteria for choosing clients for the programme be permanent, 

unobserved factors then the difference-in-differences matching estimator will provide a 

consistent estimate of the impact of this programme. 

As far as the unemployed individual is concerned, the second person involved in the 

programme participation process, the decision of whether or not to participate in a 

programme, given that the employment advisor has enabled the opportunity, is based on 

hislher assessment of the costs and benetits of participation in the programme. In the 

case of a compulsory programme an in~portant cost of not participating is that the 

individual will no longer be eligible for the support of the employment agency, which 

may include monetary and non-monetary benefits as well as future programme 

opportunities. For voluntary programmes, largely the case for the New Zealand 

the costs and benefits differ as the individual does not forgo eligibility 

status. It is necessary that the factors that influence the decision making process of the 

itldividual are captured in the dataset and that the decisions as to whether or not to 

participate are not based on unobservables. Further, it is important that people do not 

anticipate participation in a labour market programme and leave employment in order to 

participate (Eichler & Lechner, 2002: 163). Given the long lead times between entering 

registered unemployment and participation in a programme this is unlikely to be the 

case in New Zealand. 

The process that leads to a decision to participate in an active labour market programme 

in New Zealand, therefore, involves both the employment advisor and the unemployed 

"' See Table 7.1 



client. Two broad approaches have been adopted to identify the factors that influence 

this decision making process. The first, as advocated by Heckman et al. (1999: 1914), 

is to establish a theoretical model of participant behaviour and use this to identify 

suggested explanatory variables. Models of participant behaviour suggested in the 

literature include human capital models with net present value decision criteria under 

conditions of perfect and irnperikct credit markets, job search models and signalling 

models. There are also incentive based and principal agent models that can be used to 

analyse the behaviour of the employment advisor. On the other hand, Lechner (1999b: 

78) suggests that to find candidates for Z it is not necessary to develop a formal 

behavioural model, rather simply considering its broad building blocks. The latter 

approach is the one that is used by most researchers and is the one used here. 

The factors influencing the decisions of the employnlent advisors to provide 

opportunities for an unemployed client were outlined in the discussion in this section 

above. Of central importance are eligibility rules (Heckman & Smith, 2004: 333). 

Other factors include unemployment duration, labour force history, age, education and 

capability. In the C Dataset, there are variables with information on unemployment 

duration in the year of and three years before participation in the programme, covering 

both eligibility and labour force history, on levels of education that give an indication of 

the capability of the unemployed client, and on the age of the unemployed. 

Decisions of unemployed clients to participate in active labour market programmes are 

influenced by factors that are generally grouped by researchers into four broad 

categories; demographic factors, human capital factors, labour market history and 

external factors. The influence of demographic factors is not consistent across 

programmes, but they do have an influence on programme participation. A number of 

demographic factors are included in matching studies including age, ethnicity, marital 

status, and number of children. For cxaniple, Hujer et al. (2003: 12) find that age has a 

positive impact on men in West Germany joining programmes in the Offices and 

Service sector but a negative impact on these men joining programmes in the 

Construction and Industry sector. Marital status and the number of children is more 

significant for women than for men, so its absence from the C Dataset does not create a 

major problem as far as the conditional independence assumption is concerned. Age 

and ethnicity are included in the C Dataset. 



Human capital characteristics are potentially important as they provide information on 

the educational experiences and capabilities of the unemployed client. Measures of 

levels of education and qualifications, including work experience and training are often 

included as variables that influence participation (Sianesi, 2003: 138). In the C Dataset 

the human capital variable is education. An important aspect of the human capital 

model is the discount rate that individuals use to calculate the net present value. 

Lechner ( 1  999b: 78) argues that i t  is not necessary to include this directly, as controlling 

for fxtors that have already been decided using the discount rate, for example 

education and schooling, is sufficient. 

The labour force history of the unemployed individual has a major link to participation 

in active labour market programmes. In fact, a number of researchers suggest that this 

is a key determinant for the unemployed, quite apart from its role as eligibility criteria 

for administrators (I-iecknlan. Ichiniura, Smith et al.. 1998, Lechner. 1999b, Eichler & 

Lechner, 2002, Sianesi, 2003 and Smith & Todd. 2005a). Since the decision of the 

individual to participate is influenced by hisher subjective likelihood of gaining 

employment, the labour market history of the individual is important due to the 

influence i t  has on an individual's perception of his/lier labour market prospects 

(Lechner, 1999b and Lechner. 1999a). While labour market history overall is 

important, the length of time unemployed in the current spell is particularly significant. 

In the presence of duration dependence, the greater the time an individual is in 

unemployment the less the likelihood of moving out of that status and into employment 

and the greater the likelihood that an individual will participate in a voluntary 

programme (Sianesi, 2003: 138). The itnportance of the current labour force status is 

demonstrated in the finding that it is labour force status and the length of time 

unemployed in the current spell that are the main predictors of participation in active 

labour niarket programmes (Heckman, Ichimura, Smith et al., 1998: 1032 and Heckman 

& Smith, 2004). The C Dataset contains variables for length of time unemployed both 

in the year of intervention, t=5, and for each of the four years before this. 

External influences are the fourth category of factors that influence decisions by 

unemployed individuals to participate in active labour market programmes. This was 

covered in previous chapters, but it is worthwhile to reinforce the idea that local 

conditions may have an impact on participation decisions. Should the local labour 



market be favourable for employnlent, then individuals may delay entering a labour 

market programme in the hope of finding employment. On the other hand, if 

participation in an active labour market programme is seen as a foml ofjob search, as in 

the study of participation in the JTPA programme by Heckman & Smith (2004), then 

participation in programmes may increase. Although the direction of the influence of 

local conditions on participation may vary, research indicates that it is important and 

needs to be included when estimating participation models (Heckman, Ichimura, Smith 

et al., 1998, Lechner, 1999b, Lechner, 1999a, Sianesi, 200 1, Sianesi, 2003, Hujer et al., 

2003 and Heckman & Smith, 2004). In the C Dataset, there are regional dummies and 

regional real growth rates covering some of the differences in local labour markets. 

The discussion above has identified a range of demographic, human capital, labour 

market status and external factors that influence the participation decisions of both 

employment advisors and unemployed individuals. While econoniic models and 

research have been useful in identifying these factors. there is no generally accepted 

approach for deciding which of these to include in a participation model in order to 

calculate the propensity score. Further, while it is understood that cruder data sets have 

greater bias (Smith & Todd, 2005a: 333), it is not clear how many variables should be 

included. There is the view that it is better to include an unimportant covariate and lose 

some efficiency than increase bias by omitting an important covariate (Rubin and 

Thomas 1996 - cited in Perkins et al., 2000). According to Rubin and Thomas 

Unless a variable can be excluded because there is a consensus that i t  

is unrelated to the outcome variables or it is not a proper covariate, it is 

advisable to include i t  in the propensity score ... (Rubin & Thomas, 

1996: 253) 

In contrast with this view, a recent paper by Heckman Rr Navarro-Lozano (2004) 

analyses the bias associated with using an incomplete set of conditioning variables in 

the propensity score. In a theoretical analysis they define five information sets; a 

relevant information set, a minimal relevant information set, the agent's information set 

where the agent is making decisions about treatment, the econometrician's full 

infonnation set and the econometrician's actual information set. They suggest that in 

general the minimal relevant information set differs from the econometrician's actual 



information set, with the former including more variables than the latter. Further, 

adding in some, but not all of the variables in the minimal information set to the 

econometrician's actual information set is not guaranteed to reduce bias and may in fact 

increase it. They posit, therefore, that care needs to be taken when deciding the 

variables to include in the participation equation as more is not always better. 

In summary, while economic models and research are helpiil in identiijing variables 

that influence participation, and in the case of the active labour market programmes in 

New Zealand the C Dataset has the relevant variables, it does not specify which ones 

need to be included. There is evidence that including some but not all the relevant 

variables to generate the propensity score may in fact increase bias in matching 

estimates. 

7.3.2 Z Variables - Implementation 

Given the absence of a generally accepted approach for selecting variables to include in 

the participation equation when estimating the propensity score, it is useful to consider 

the options that are available to select variables and then to adopt an approach that is 

most appropriate. Outlined below are five approaches that have been used to choose the 

appropriate variables to be included in the participation equation from the variables 

suggested by economic models and research. Two of the approaches, however, do not 

explain how to choose the variables to include, rather they deal with the issue of higher 

order and interaction terms once the variables have been identified. These include a test 

for deciding on higher order and interaction ternls and a stratification technique. The 

other three approaches focus directly on establishing which variables to include in the 

participation equation. These approaches are, firstly, minimising the bias over two 

time-periods, secondly, minimising the classification error and thirdly, testing the 

statistical significance of regressors and models as new regressors are added in a step- 

wise fashion. Following this discussion of alternative approaches a method for this 

study is identified and then implemented in order to identify the variables for the 

participation equation for each of the New Zealand programmes and for each of the 

education and ethnic sub categories for each programme. 



Two approaches that do not identify which variables to include in Z but help determine 

the higher order and interaction tenns to include in the participation equation are those 

based on the Rosenbaum and Rubin (1983) theorem. This theorem states that Z should 

be orthogonal to the residual in the D equation, 

The intuition is that after conditioning on P ~ ( D  = 1 1 ~ ) .  additional conditioning on Z does 

not provide new information about D"" Should there still be dependence on Z then the 

model is mis-specified. The researcher can use a specification test f o r ~ r ( ~  = 112) to 

test whether there are differences in Z between the D=l and D=0 groups after 

conditioning on Pr(D), and if there are the researcher should include higher order or 

interaction terms and test again. 

Deheijia and Wahba (1999 and 2002) utilise a stratification approach whereby they 

estimate the propensity score on the variables suggested by economic models and 

research and then divide the observations into strata based on the propensity score'26. 

Using the Rosenbaum and Rubjn theoretn above, they state that the distribution of the 

covariates for the treated and untreated groups should be approximately the same. They 

perform a I-test on the difference of the first moments of the variables and a joint test 

for the difference in means within a stratum. When the covariates are not balanced, 

they have two further steps. The first is to assume the original strata were too coarse, 

divide the propensity scores into finer strata and then run the tests again. If after several 

iterations the covariates are still not balanced, they suggest adding in higher order 

and/or interactive terms and testing again until balance occurs. A major problen~ with 

this stratification approach is that the choice of strata is very arbitrary. 

The first of the methods that attempts to identify directly which variables to include is 

that developed by Eichler & Lechner (2002) who choose variables based on minimising 

the variance over two time periods, one before the intervention and one after the 

"j The explanation of the Kosenbaum and Rubin theorem and specification test is drawn From Smilh and 
Todd (2005a: 333). 
"" The details on this stratiticalion approach is from Dehejia and Wahba (2002: 16 1). 



intervention. They base this on Heckman, lchimura et al. (1997) who posit that if there 

is at least one observation before and one observation after an intervention, then the 

conditional independence assumption is not required. Rather, it is sufficient only that 

should bias exist it be the same in both time periods. Eichler and Lechner term this the 

bias stability assumption. Further, they suggest that if the true effect of the intervention 

in the time period before the intervention is zero then an estimation of the impact of the 

intervention in that time period provides a measure of the bias. When they choose 

variables to include in their participation equation, their aim is to minimise the bias in 

the time periods before and after the intervention (Eichler & Lechner, 2002: 164). 

Heckman, Ichimura et al. (1997) and Heckman, Ichimura, and Todd (1998) use a 

combination of the final two approaches to choose the variables to include in the 

participation equation. The first approach is to test the significance of regressors as they 

are added to the participation model. This approach can also be augmented by 

including overall model tests as the number of regressors in the model are enlarged. 

The second involves choosing the model that provides the best correct prediction of 

participation status for individuals. In other words, variables are included so as to 

minimise the classification error, where F('(x)> P, is used to predict D=I and 

~ ( x ) I  P- to predict D=0. PC is the proportion of the relevant population who 

participate in the programme and F ( x )  is the estimated propensity score (Heckman. 

Ichimura, & Todd. 1998: 1032). The minimisation of classitication error approach for 

choosing variables involves identifying the critical value PC, adding variables in a 

stepwise manner and analysing the extent of the correct predictions associated with each 

model. 

A weakness with the minimisation of the classification error approach is that should the 

model predict one hundred percent accurately whether or not individuals participate in 

the programme then there would be no common support. This is because perfect 

prediction would mean that all who participate have a propensity score greater than P,, 

and all who do not participate have a propensity score less than P,. Matching requires 

there to be individuals in the non-participation group who are essentially equivalent to 

those in the participant group, and the allocation of these individuals to one of the 

groups is random. 



The decision as to the approach to use in this study is influenced by the nature of the 

dataset and by the discussion above. In the matching studies that have been undertaken 

to date, there has been little use of higher order terms in the participation equations. A 

weakness with each of the approaches that attempt to identify directly the variables to 

include in the participation equation is that the order in which the variables are included 

is also arbitrary. Nevertheless, in the absence of a generally accepted method for 

choosing variables, it is necessary to identify an approach that will fulfil this task. The 

most usual approach is to use the variables that economic theory and research suggest 

are detern~inants. While there are potential weaknesses with this, and i t  is not possible 

to tests the conditional independence assumption explicitly, there are also weaknesses 

with each of the other approaches suggested above. Further, the range of variables in 

the C Dataset is limited so there is not room for much choice as to which to include. 

Therefore, in this study variables are chosen based on those suggested by theory and 

research and constrained by the dataset'". The variables in the participation model are 

age, age squared. dummy variables for education level with no formal education the 

base group. dummy variables for etlmicity with Europeadpakeha the base group, 

unemployment in the year of potential intervention, ~ 5 ,  unemployment in the year 

before this, ~ 4 ,  unemploynlent history in the time t=l to t=4, dummy variables for each 

region except the base region, regional size dummy variables with the base being 

regions with a population of less then 25,000 and real regional growth rates for each 

region. One issue is whether or not unemployment in the year of participating in the 

intervention, t=5, should be included. The argument against this is that there may be 

reverse causation between this variable and the effect of the programme. In other words 

individuals are uneruployed longer in t-5 because they are on the programme, rather 

than the other way around. However, the justifications for inclusion outweigh this 

consideration. These justifications include that this is a key criteria used by 

administrators when identifying potential participants and that this variable is included 

in most participation equations calculated by labour market researchers. 

1 27 In Section 7.6 the performance of  the chosen participation model is assessed using the minimisation of  
classification error approach and two measures of  model selection; Akaike's lnfonnation Crileria and 
Schwarz's In formation Criteria. 



Having identified the variables for the participation model i t  is useful to undertake some 

sensitivity analysis to ascertain whether or not this is the most appropriate model. 

Since, as mentioned above, there is no general guide on the optimal way to achieve this, 

the approach here is to use the minimisation of the classitication error approach 

suggested by Heckman, Ichimura et al. (1997) and Heckman, Ichimura, Smith and Todd 

(1998). This approach tests the performance of the participation models as new 

regressors are added in a step-wise fashion and choosing the model that provides the 

best correct prediction of participation status for individuals. In other words variables 

are included so as to minimise the classification error, where P ( X )  > q is used to 

predict D=I and P ( x )  S P, to predict D=0. P, is the proportion of the relevant 

population who participate in the programme and P ( x )  is the estimated propensity 

score (Heckman, Ichimura, & Todd, 1998: 1032). 

The minimisntion of classif'ication error approach for choosing variables involves 

identifying the critical value P,, adding variables in a stepwise manner and analysing 

the extent of the correct predictions associated with each model. The value of PC for 

each of the programmes in New Zealand is not known by the researcher. This is in 

contrast to Heckman, Ichimura, and Todd (1998) who know the proportion of people 

who participated in the programme they analysed and used this as thc value for PC. 

However, given that the Intervention Dataset covers all the unen~ployed over the 

relevant time period i t  is possible to estimate the proportion who participate in each 

programme. The formula used to calculate PC is 

where: 

PCi = probability of participation in progranlme i in 1993, 1994 or 1995 

I, = the number of people who received the intervention in 1993, 1994 or 1995 

E, = the number of people who were eligible to receive the intervention in 

1993, 1994 or 1995. This was based on using the eligibility criteria of 

programme i to identify the minimum proportion of a year that a person 



needed to be unemployed to participate in programme i and then 

counting all those who were eligible in that time-period 

Results of the calculation are in Table 7.2 with the final column, probability of 

intervention, providing the critical P,. value. 

Table 7.2: Probability of lntervention (1993, 1994 or 1995) 

Probability of 
U Criteria N o Intervention 

- lntervention lntervention Total (')-- ("/.I 
Total Intervention 0.25 5240 101454 106694 4.91 1 
Generic Interventions 
Subsidy 0.29 3558 96907 100465 3.541 
Work Experience 0.25 312 101454 101766 0.307 
Training 0.50 1370 75 146 765 16 1.791 
Specific Itrtcn~entions 
Enterprise Allowance 0.29 316 96907 97223 0.325 
Job Plus 0.50 2545 75 141 77686 3.276 
Task Force Green 0.50 656 75141 75797 0.866 
Community Task Force 0.25 288 101545 101833 0.283 
Training O~~or lun i t i e s  0.50 1188 75141 76329 1.556 

Unemployment Criteria - the minimum continuous time, as a percentage of a year that a person can be 
unemployed to qualify for the intervention 
lntervention - the number of people who received the specified intervention in 1993, 1994 or 1995 
No lntervention - the number of people who were met the unemployment criteria for the programme but 
did not receive an intervention 
Total= lntervention plus No Intervention, lht. number of people who may have received an interven~ion 
Probability of lntervention = lntervention/Total 

Sowce: Master Datnsrt 

The model of participation is then progressively enlarged using the P,.; value to allocate 

individuals based on the estimated propensity score to one of two groups - those who 

participate in the programme and those who do not. That is, P ( X , )  > e,, is used to 

predict D,=l and P(x,,) 2 P ,  to predict D,=O. The predicted state is compared with the 

individual's actual state and the percentage of correct predictions for participants, non- 

participants and the unweighted average for both participants and non-participants is 

calculated for each model. At the same time as the models are compared on their 

prediction potential, the overall usefi~lness of the models are compared using two 

information criteria tests, Akaike's Information Criteria and Shwarz's Information 

Criteria. 



Participation models trialled and the order in which the variables are added are in Table 

7.3. The base model includes age, age squared, and dummy variables for education and 

ethnicity, that is Model One in the table. The model wed in the participation and 

matching analysis is Model Three. 

Table 7.3: Participation Models Evaluaked 

A g e  Squared X X X X X 
Education D u m i e s  X X X X X 
Ethnicit~Dummies - --- 
Regional Dummies 
n I p c  
I, 

The performance of the base model and the chosen participation model are outlined in 

Table 7.4. For the chosen model total interventions has the greatest overall success, 

predicting oomectly for 90.1% of the individuals in the C Dataset. In each model the 

correct prediction for those who participate is higher than for those who do not 

participate. The lowest correct prediction ia for work experience programmes in general 

and Community Task Force in particular, with predictions of 83.9% and 84.7% 

respectively. However, both of these are above the highest prediction percentage of 

82% in the Heckman, Ichimura, Smith and Todd (1 998) study. As far as the ranking of 

the models by the information criteria is concerned the Schwarz's Information Criteria 

consistently chooses the model identified by the minimisation of prediction error 

method. Akaike's Information Criteria chooses six of the nine models as the best. 





Therefore, in general the infomatio~ crite-ria measures support the choice of the best 

models. 

In conclusion, the variables in the participation models are based on those that 

ecanomic research has suggested have an influence on individuals being involved with 

active labour market programmes. Tb.e sensitivity analysis provided by the 

minimisation of classification m o r  approach confirms that the models chosen are the 

most appropriate. 

7.3.3 Parficipatian Analysis 

In this section, the participation equations are estimated using the participation model 

outlined above. Following this the propensity scores for participants in each of these 

intervention programme categories are described. These propensity scores are used 

subsequently in the difference-in-differences matching process in Section 7,4 

In the literature on matching probit or logit models are used to estimate the participation 

equation and there is no reason why one may be preferred to the other. Here probit 

regression is used. However, rather than reporting the coefficients from the probit 

model, 

where 4(.) is the standard normal cumulative density function 

the results are the percentage impact of a very small change in continuous variables and 

of a discrete change for dummy variables on the likelihood ~f participating in an 

intervention; that is 



A participation probit is estimated for interventions in total, for each of the generic 

interventions and for each of the specitic intervention programmes"8. For each of these 

intervention categories, see Tables 7.5 and 7.6, the main determinants are 

unemployment in ~ 5 ,  t=4 and the unen~ployment history before r=5. These results are 

generally highly significant. This is in line with findings from the research literature 

which indicates that labour market history is a key determinant of participation in active 

labour market programmes (Heckman, Lchimura, Smith et al., 1998, Lechner, 1999b, 

Eichler & Lechner, 2002, Sianesi, 2003 and Smith & Todd, 2005a). This is consistent 

across total, generic and specific intervention categories. The exception is for work 

experience and Community Task Force where only the coefficient on t=5 is statistically 

significant. Unemployment history, in contrast with unemployn~ent at ~4 and ~ 5 ,  is 

negatively linked with participation. This means that the greater the proportion of time 

individuals are unemployed in the four years preceding the potential time of 

intervention, the lower is the likelihood of their participating in an active labour market 

programme. There are a number of potential reasons for this. Firstly, this may be due 

to a discouragement effect, where those with very long unemployment histories have 

lost confidence in gaining employment and, therefore, do not place a high value on 

participation in a programme. Secondly, the individuals may have received an 

intervention in n time period prior to that covered by thc C Dataset. Thirdly, creaming 

by administrators may be occurring and as a result they avoid choosing those with high 

levels of unemployn-rent. 

For local labour market and regional influences the magnitudes of the coefficients for 

total interventions indicate that those in the smallest region are least likely to 

participate. However, the participation effects are not statistically significant. The 

coefficient on real regional growth rates has the expected sign, indicating that there is 

less likelihood for individuals to participate in active labour market programmes in 

regions where the growth rate is higher. Again, however, this is not a statistically 

significant effect. 

I Z K  As well as eslirnating parlicipalion probits for these programmes. es~imates for each sub-group in each 
programme are also implemented. I-lowever, only the results for the programmes as a whole are reported 
in Tables 7.2 and 7.3. 



An analysis of the relative effect of sub-groups on participation in intervention 

programmes points out some interesting features. (See Tables 7.5 and 7.6) As far as 

participation in an intervention is concerned, Maori and Pacific Islanders are no more or 

less likely to receive an intervention than European/pakeha once other factors 

influencing participation are held constant. I-Iowever, there is variation in the types of 

generic interventions in which ethnic sub-groups are likely to participate. Maori, 

Pacific Islanders and the other ethnic group category are more likely to be involved in 

training programmes than Europeadpakeha. In contrast, Europeadpakeha are more 

likely to receive subsidies than Maori and Pacific Islanders. This feature exists once 

other factors influencing participation have been taken into account, including 

une~nployment histories, education levels, age and regional influences. 

There is no difference in the likelihood of those with School Certificate level, senior 

school, and post-school or trade qualifications to receive an intervention than those with 

no formal qualifications, after controlling for the other factors that influence 

participation. However, those with a degree or professional qualification are less likely 

to receive an intervention than the other education sub-groups. There are, however, 

some differences in the types of generic interventions that the education sub-groups are 

likely to receive. Those with no fornlal qualifications are more likely to participate in 

training than other education sub-groups, those with School Certificate, post school or a 

trade qualification are more likely to receive n subsidy and those with a degree, 

professional or senior school qualification are more likely to be involved in work 

experience programmes. 

As well as estimating the importance of the different factors influencing participation in 

active labour market programmes, thc participation model is used to estimate the 

propensity score for each individual in each of the intervention programme categories. 

A sutnmary of these propensity scores for interventions as a whole and for each of the 

generic and specific interventions is provided in Table 7.7. As would be expected the 

mean propensity score for those who participate is higher than for those who do not. 

For example, the mean propensity score for those who participate in an intervention is 

0.43 143 and for those who do not participate in an intervention is 0.05912. Further, the 

means for each of these participant and non-participant groups vary across programmes. 
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As already discussed it is inlportant that matching is over the common support. In 

effect this means that there needs to be non-participants with propensity scores that are 

'close' to those of participants. 'Close' has been defined in this study as a non- 

participant propensity score within 0.05 of a participant propensity score. Figures 7.1 to 

7.9 illustrate the distribution of the propensity scores for interventions in total, for 

generic interventions and for specific interventions. These figures show that there is a 

noticeable difference in the distribution of propensity scores between the participant and 

non-participant groups. Those who did not participate are concentrated at the lower end 

of the propensity scorer range while, those who participate are spread more evenly 

between 0 and 1. This propensity score dstribution pattern is consistent with those 

found by other researchers (Heckman, ichimura et al., 1997, Dehejia & Wahba, 2002, 

Eichler & Lechner, 2002, Regner, 2002 and Augurzky & Kluve, 2004). 

Figure 7.1: Propensity Score Distribution - Total Intervention 

Non-Participation 

F 



Figure 7.2: Propensity Score Distribution - Subsidies 
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Figure 7.3: Propensity Score Distribution - Work Experience 
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Figure 7.4: Propensity Score Distribution - Training 
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Figure 7.5: Propensity Score Distribution - Enterprise Allowance 
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Figure 7.6: Propensity Score Distribution - Job Plus 
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Figure 7.7: Propensity Score Distribution - Task Force Green 
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Figure 7.8: Propensity Score Distribution - Community Task Force 
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Figure 7.9: Propensity Score Distribution - Training Opportunities 
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However, what is apparent from the Figures 7.1 to 7.9 and the maximums and 

minimums in Table 7.7, is that while the non-participants are bunched at the lower end 

of the propensity score spectrum and participants are more evenly spread, there is 

considerable overlap between the two groups. In other words the distribution of the 

propensity scores point to the importance of imposing the common support. Further, 

the distribution of scores across both groups suggests that even with a calliper of 0.05 

there are likely to be single nearest neighbour lion-participant matches for most of the 

participants. 

In summary, the main detenninant of participation in the New Zealand active labour 

market programmes is unemployment in the year of potential intervention. For most of 

the programmes, unemployment in the year before potential participation and 

unemployment history are also important determinants. While the probability of 

participation in an intervention does not differ across ethnic sub-groups there is 

variation in the types of programmes they receive, with Maori and Pacific Islanders 

having higher probabilities of participation in training programmes and 

Europeanlpakeha in subsidy programmes. As far as education sub-groups are 

concerned, those with no formal education have a greater likelihood of participating in 

training programmes. The distribution of the propensity scores differs between the 

participant and non-participant groups for each intervention programme category. This 

characteristic emphasises the importance of imposing the common support condition 

when undertaking matching estimation of treatment effects. 

7.4 Matching Evaluation by Intervention Type 

In this section, the difference-in-differences matching estimates are analysed for 

interventions in total, for generic interventions and for each of the specific 

interventions. The purpose is to answer the questions of whether or not participants 

benefit from active labour market programmes and, should that be the case, which 

programme(s) is(are) most effective. 



7.4.1 Interpreting Matching Estimates 

The interpretation of matching estimators is different from that for fixed effects 

estimators. The differences in the general interpretation are discussed below, following 

which the approach to interpretation of the matching estimators in this study is outlined. 

Difference-in-differencc nearest neighbour matching, with replacement, on the log odds 

ratio of the propensity score is used to estimate the impact of participation in active 

labour market programmes upon those who participate. Using the C Dataset, estimates 

are obtained for the year of intervention and each of the two years following the 

intervention. These are discrete estimates at particular points in time and are not part of 

a lag structure. 111 contrast the fixed effects estimator includes a lag structure. A further 

difference between the fixed effects and matching estimators is that in this study the 

fixed effects dataset contains inforn~ation beyond the two year post-intervention time 

period for many of the participants. On the other hand, the matching approach does not 

include any influence of post-intervention time periods apart from the time on which the 

evaluation is focusing. 

Due to these differences, the interpretation of estimates obtained using matching 

approaches differ from those using fixed effects regression. As outlined ear~ier"~, the 

fixed effects estimates for t ,  t+l and t+2 are interpreted as incremental effects from an 

intervention and when summed provide the permanent impact. This interpretation is 

based on fixed effects taking into account all the pre- and post-intervention effects in 

these estimates, and the assumption that there are no extra incremental impacts beyond 

the time period the data covers. Figure 6.1 illustrates this. 

With difference-in-differences matching the estimates at a particular point in time are 

not incremental effects that can be summed to provide the estimate of the pemlanent 

effect. This is because each is a discrete estimate that does not take into account the 

impacts at other time periods. This is illustrated in Figure 7.10. The discrete impacts of 

participation in an intervention upon time registered as unemployed at t ,  t+l and t+2 are 

(B-A), (B-C) and (B-D). The impact at r is B-A, which in the figure suggests that there 

"" See Section 6.2.4. 



is a locking in effect. The impact of participation in an intervention in the year 

following the intervention is B-C. This is illustrated as a beneficial impact as the 

percentage of time registered as unemployed is smaller following participation. B-D is 

the impact two years after participation in the intervention. As the estimates at t ,  &+I 

and t+2 are discrete and are not incren~ental impacts their sum cannot be interpreted as 

cun~ulating to identify the long term permanent effect. 

Figure 7.10: Matching Estimates of the Impact of an Intervention 

The question is then how to obtain a measure of the permanent effect of an intervention 

that can be compared with the permanent effect obtained using fixed effects regression. 

One approach is to assume that the estimate for the last time-period, in this case t+2, 

gives the best measure of the permanent effect. This approach is based on the 

assumption that the effects at time-periods beyond t+2 remain at the same level as at 

t+2. In Figure 7.10 this is indicated by a horizontal line for participants beyond t+2. 

In the difference-in-differences matching analysis the aim is to identify the permanent 

effect of an intervention, as discussed above, and to compare this with the fixed effects 

estimates. Therefore, i t  is necessary to identify the pennanent effect of a year on an 

intervention, the estimate that this study emphasises. the permanent actual effect of an 

intervention and the proportional gain frorn participating in an intervention. These were 

the three main estimates discussed in relation to the fixed ef'fects estimates. The fixed 

effects estimates in this study were obtained using continuous variable measures of the 



intervention. On the other hand, the matching intervention variables are dummy 

variables. The implication of this difference is that the fixed effects coefficients are a 

measure of the impact of one year of participation in an intervention, whereas the 

matching estimates are the effect of participating in the average length of time 

participants were on the programme. Therefore, some adjustments need to be made to 

compare the matching estimates with those using fixed effects regression. These are 

outlined in Table 7.8. 

Table 7.8: Adjustments to Compare Fixed Effects and Difference-in-Differences 
Matching Estimates 

Effect of one year of 
participation in an intervention 
Actilal etTect of participation in 
an ~ntervent~on 

Proportional Gain from 
participation in a programme 

Difference-in-Differences 
Matchin$ 

(Estimated Coefficient) x ( 1  1 
length of the intervention) 

I I I I F ~ W  of an Intervention 

1 

Fixed ~ffects ]  

Estimated coefficient 

(Estimated Coefficient) x 
length of the intervention 

, r~n~rnph~yrncn~  ycr ycnr I unclrrpfn! mcnl pc'r Vcilr 
I The intervention variables used in the fixed effects regresslon calc~~lations are measured as the 
proportion oFthe year on an intervention 
The intervenlion variables used in the matching procedure are dummy variables and, therefore, are used 

to identify the effect ofthe aterage length of an intervention 

Estimated Coefficient 

[(Estimated CoelTicient) x 
length of the intervention] / 
average pre-intervention 

The other aspect of the estimates that can be compared with the fixed effects estimates 

is the time path. By reporting the effects at I, t+1 and t+2 i t  is possible to analyse the 

signs on the estimates and the relative magnitudes over the three year time period. 

Through this, the impact of interventions on participants over time is identified. 

[(Eslimated Coefficient) x (I / 
length of'the intervenlion)] 1 
average pre-intervention 

In summary, although different approaches are used by difference-in-differences 

matching and fixed effects regression to estimate intervention effects, it is possible to 

compare the outcomes. By assuming that the matching estimate for 1+2 is the 

permanent effect and using the adjustnlents outlined in Table 7.8, it is possible to 

identify the effect of participating in an intervention for a year, and the actual impact of 

participating in an intervention, upon the pennanent propensity to be registered as 

unemployed. I t  also makes it possible to identify the proportional gain to participants, 



using the same rule of thumb measure as utilised with the fixed effects regression 

estimates. 

7.4.2 Total Intervention 

Receiving an intervention has a beneficial permanent impact upon the propensity of 

participants to be registered as unemployed. (See Table 7.9) This pennanent impact 

from participation in the programme for a year is -0.10419 of a year less on the register 

of unemployed. This compares with a cumulative benefit in the S Dataset from 

participation in an intervention of -0.32985. The proportional gain from the matching 

estimates is also smaller for the matched estimates (0.08) compared with the fixed 

effects regression estimates (0.25). 

The time path effects indicate that the locking-in effect in the year of intervention, 

which is evident in the S Dataset estimates, does not occur with the difference-in- 

differences niatching estimates. Although the coefficient on t has a positive sign 

indicating locking-in, it is not statistically ~ignificant'~'. Thus participants do not 

experience a greater time registered as unemployed in the year of the intervention than 

those who do not participate. However, this may well be a construct of the C Dataset, 

as one of the criteria for an individual being included was that they were unemployed in 

t- I .  There is a beneficial effect from participation in an intervention in t+1 and in year 

t+2. However, the benefit in r+2 is much smaller than in t+l. This suggests that there is 

an initial strong impact from participation in an intervention that dissipates quickly by 

the second year after the intervention. In other words the difference in the time spent 

registered as unemployed by participants compared with non-participants is smaller at 

t+2 than at t+1. There is still a benefit but the magnitude has decreased in t+2. which is 

equivalent to having a negative incremental impact in t+2 This is in contrast to the fixed 

effects regression approach, that finds there are incremental benefits in each year 

following participation in an intervention, so that the difference in time registered as 

unemployed for participants, compared with non-participants, is larger in t+2 than in 

t+l. 

130 As noted earlier the p values for the estimated coefficients are cnlculated using boorstrapped standard 
errors. 
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The signs on the coefficients at 1+2, the measure used for the effect on the permanent 

propensity to be registered as unemployed, indicate that effect of participation in an 

intervention is beneficial for each of the sub-groups. However, these are only 

statistically significant for those with no formal qualification of the education sub- 

groups and for European/pakeha of the ethnic sub-groups. This is in contrast to the 

results obtained from the S Dataset using fixed effects regression, where there are 

statistically significant effects for each of the education and ethnic sub-groups. The 

time path pattern for the sub-groups has some similarities with that for the total sample 

in the C Dataset. There is no locking-in effect identified, and there is a beneficial 

impact in t+ 1 .  Further, this decreases in t+2. However, for most sub-groups in t+2 

there is no effect from participation compared to those in the sub-group who do not 

participate. This is in contrast to the effect overall, where, while the effect in 1+2 is 

smaller than in t+l, there is still an impact. 

7.4.3 Generic interventions 

The effect of participation in subsidy, work experience and training programmes are 

analysed in this section. These are compared with those found using fixed effects 

regression on the S Dataset. 

Generic Interverztions - Overview 

The difference-in-differences matching estimates for generic interventions indicate that 

participation in a subsidy or work experience programme is beneficial for participants, 

but that participation in training does not have a statistically signif'icant impact upon 

participants. (See Table 7.1 0) The time path for these generic interventiot~s is similar 

to that for interventions as a whole; there is no statistically significant locking in effect, 

there is a strong positivc effect in the year after intervention and this effect dissipates 

quickly in t+2. 

There is a major difference between these results and those fiom fixed effects regression 

of the S Dataset. This is the ranking of the impact of the generic interventions. The S 

Dataset estimates rank subsidies first, followed by training and then work experience. 

With the difference-in-differences matching estimates i t  is work experience that is 

ranked first, followed by subsidies and then training. Further. the impact of participation 
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in work experience programmes is much larger than for that of either subsidies or 

training. These differences in results highlight the need to undertake a sensitivity 

analysis of the matching approach, since as Heckman and Navarro-Lozano (2003: 30) 

warn, the lack of clear rules for matching should encourage economists to pause before 

adopting this method, and to discuss which of the sets of results are more accurate in 

this study. These issues are discussed in Section 7.5. 

Generic Interventions - Subsidy 

Matching estimates for subsidy programmes indicate that they have a beneficial 

permanent inlpact for participants in general. (See Table 7.1 1)  The permanent 

propensity to be registered as unemployed is -0.07403 of a year less as a result of 

participating for a year on a subsidy programme. This compares with an estimate from 

the fixed effects regression results on the S Dataset of -0.39203. The proportional gain 

at 0.07 is also smaller than that for the S Dataset (0.36). 

Only three of the sub-groups benefit from participation in subsidy programmes. These 

are those with no formal qualification. Europeadpakeha and Maori. For the other sub- 

groups participation has no significant impact on them, either beneficial or detrimental. 

This is also in contrast to the tindings from the fixed effects regression results on the S 

Dataset where all sub-groups benefited from their participation in subsidy programmes. 

Further, Maori are the major beneficiaries of subsidy interventions followed by 

Europeadpakeha and Pacific Islanders and Other Ethnic groups last. In the S Dataset 

estimates Maori are ranked last with Pacific Islanders and the Other Ethnic groups 

category ranked first. 

The time path effect of participation in subsidy programmes, estimated by difference-in- 

differences matching, is the same as that for total interventions. There is no discernable 

locking -in effect in r ,  there is a beneficial effect in /+I  and this becomes smaller for 

participants in subsidy programmes in /+2 and for some sub-groups becomes 

insignificant. 

Generic Interventions - Work Experience 

Due to the C Dataset only containing 312 individuals who participated in Work 

Experience, it is not possible to undertake a disaggregated analysis across sub-groups. 





The analysis, therefore, focuses on the effect upon participants in work experience 

programmes as a whole. (See Table 7.10) 

This is the most beneficial of the generic intervention programmes. The permanent 

impact of participation in this programme for a year is -0.60423 of a year less registered 

as unemployed than those who do not participate. This represents a 0.35 proportional 

gain for participants. This effect is three times larger than that estimated using fixed 

effects regression on the S Dataset. 

The time path for this group is also interesting. In contrast with the fixed effects 

regression results which suggest a locking-in effect, and with participants in other 

generic interventions where there is no discernable effect, there is a beneficial effect in 

the year of the intervention. There is a decline in the impact from participating in work 

experience programmes from t+l to t+2. but the proportional decrease is smaller than 

for the other generic programmes. 

This result contrasts strongly with earlier studies in New Zealand (Work and Income 

New Zealand, 1999, de Boer, 2000 and Mare, 2002) and a survey of OECD countries 

(Brodsky 2000) that i h d  work experience programmes have a small effect on the 

propensity to bc unemployed and that this dissipates quickly over time. However, the 

result is in line with the finding for those on public employment programmes in 

Sachsen-Anhalt, East Germany, where there are substantial decreases in the probability 

of being unemployed estimated using difference-in-differences matching (Eichler and 

Lechner 2002). Due to the difference between this result and those for earlier studies in 

New Zealand, the sensitivity of the results were tested by matchiug on those receiving 

work experience interventions in 1993 and 1994 only; in other words excluding those 

receiving interventions in 1995. The results still indicated reductions in time spent 

registered as unemployed as a result of participating in work experience programmes 

than. The sensitivity analysis discussed in 7.6.2 below indicates that, while the 

magnitudes of the estimated coefficients are slightly smaller when using k nearest 

neighbour and local linear regression difference-in-differences"', they are nevertheless 

larger than the effects for other programmes. 

131 See Table 7.2 I .  



Generic hlterventions - Training 

Difference-in-difference matching estimates on the C Dataset indicate that training 

programmes do not have a beneficial impact on the permanent unemployment 

propensity of participants. The coefficient for f+2 is not statistically significant. (See 

Table 7.12) The same is true for each of the education and ethnic sub-groups. This is 

not the case with the fixed effects regression estimates on the S Dataset, where training 

has a statistically significant beneficial impact. 

For those who participate in training interventions there is a benefit in the year 

following participation, but this disappears completely in 1+2. There is some variation 

in the time path effects across the sub-groups. While, as mentioned above, there is no 

permanent beneficial impact for any of the sub-groups, there are some short tern] effects 

for some of thc groups. For example, those with low education qualifications benefit in 

1+1. The same is the case for Europeadpakeha and Pacific Islanders. 

Generic Interventions - Surnntary 

The results for the matching estimates have some variance with those obtained using 

fixed effects regression on the S Dataset. When using matching work experience is the 

most successfid programme category and trainiug has no permanent impact. As far as 

the time path is concerned there is generally no locking-in effect apparent. There is a 

beneficial impact in the year immediately following participation in one of these generic 

programmes and this decline in 1+2. The magnitude of the permanent impact is greater 

for work experience and smaller for training and subsidies when using matching as 

opposed to fixed effect regression. The impacts of these generic programmes vary 

across the sub-groups, with some experiencing benefits and others receiving no impact 

at all. The group who benefits most consistently is that with no formal qualifications. 

7.4.4 Specific Interventions 

Participation in the specific intervention programmes is analysed in this section. The 

analysis of Community Task Force and Enterprise Allowance has the same numbers 

limitation as for the work experience programmes, so a disaggregated evaluation is not 

provided. 
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Specific Intervetttiorts - Oven~irw 

The matching estimates indicate that Enterprise Allowance, Job Plus and Community 

Task Force have a beneficial impact on the permanent propensity of participants to be 

registered as unemployed, while Task Force Green and Training Opportunities have no 

measurable permanent effect. (See Table 7.10) In terms of rank order Community 

Task Force is first, followed by Enterprise Allowance and Job Plus with Task Force 

Green and Training Opportunities jointly last. These findings are in contrast with those 

obtained from the S Dataset where all the programmes are estimated to have a 

beneficial effect and Community Task Force is ranked last'32. 

The matching estimates also allow an analysis of two of the key issues arising from the 

literature. The results here confirm the finding fkom the fixed effects regression that 

subsidies to private sector firms are more effective than subsidies to public sector firms. 

In fact, while subsidies to private sector firms, as measured by Job Plus, are beneficial, 

those to public sector firms via Task Force Green are not effective at all. The second 

issue is whether or not start-up subsidies are effective. The matching estimates also 

support the findings reported earlier that Enterprise Allowance is an effective 

programme. 

Specific Interventions - Enterprise Allowance 

Enterprise Allowance is one of the programmes which have a limited number of 

participants (3  16) in the C Dataset. As a result disaggregated analysis by education and 

ethnic sub-group is not possible and estimates for the effect overall only are reported. 

This programme has a beneficial impact. with the permanent propensity of participants 

to be registered as unemployed changing by -0.17995 of a year as a result of 

participating in the programme for a year. (See Table 7.10) This is snlaller than the 

fixed effects estimate of -0.37502. 

Specific Interventions - Job Plus 

As with the fixed effects estimates, evaluation of Job Plus using difference-in- 

differences matching indicates that it is an effective intervention programme. The 

permanent propensity to registered as unemployed changes by -0.12731 of a year as a 

"' See Table 6.15. 



result of participating in the programme for a year (See Table 7.13) This compares 

with a cumulative benefit estimated in the S dataset of -0.4950 1. 

Two of the sub-groups have significant benefits from participation compared with those 

in the sub-groups who do not participate. These sub-groups are those with no formal 

qualifications and Maori. The other sub-groups experience no impact on their 

permanent propensity to be registered as unemployed. This is in contrast to the findings 

from the S Dataset where all sub-groups benefit. 

The time path for participants in Job Plus is similar to that for other programmes 

evaluated using difference-in-differences matching on the C Dataset. There is no 

impact on the permanent unemployment propensity in the year of intervention, there is a 

beneficial impact in t+l and this declines in 1+2. As mentioned above there are several 

sub-groups for whom the benefit disappears completely. 

Specific ltzterventions - Task Force Green 

In contrast with the fixed effects regression results, the difference-in-differences 

matching estimates indicate that Task Force Green does not change the permanent 

propensity of participants to be registered as unemployed. (See Table 7.14) This is so 

for all of the sub-groups, as well as for participants as a whole. Participants as whole, 

and two of the sub-groups, those with no formal qualitications and Europeanlpakeha, 

have a temporary benefit in t+l, but apart from those there is no impact from this 

programme. 

Spec~jic Interventions - Comntirnity Task Force 

Community Task Force has the greatest impact on the permanent propensity to be 

unemployed of any of the specific programmes annlysed here. (See Table 7.10) The 

change is -0.65567 of a year as a result of participating in the programme for a year. 

This is approximately three times larger than the fixed effects estimate from the S 

Dataset. There are benefits from participation in Community Task Force in each of the 

years, including the year of participation. As with the other programmes the benefit in 

t+l is larger than in (+2, but the proportional difference is smaller than for most of the 

others. Due to the limited numbers in the C Dataset participating in this programme 

(288) a disaggregated analysis is not provided. 



Table 7.13: Difference-in-Differences Matching Estimates - Job Plus 

I t+l I t+? I Impact at / Proportional 
I 

Inter1 ention 

Total Sart~plr* 
Educatiotr [~itnli/ic.ctrion 
No Formal ~ t 1 ~ 1 1 ~ l i c ~ : i t t o n  

School Cer~~~ic:i!c 2 : ~ n d  Senlor School Qual. 
Post School. l ' t d c .  . h w e  or Professional Qd 
E I J ~ T ~  icf?la 

r t~rc~pc.~n P a ~ L c I ~ , ~  
hI.wri 
Pat-i l ic Ihlanclcr 
011icr I'11in1c I i r r ~ t l p ~  

p-value Coefficient : p-value Coefficient 
0.577 -0.19928 , 0.000 j -0.04988 

t 
Coefficient 

0 00639 

-0.0025 1 
-0.00600 
-0.02427 

0.02729 
-0.00023 
0.02627 

-0.00507 

p-value I t+2' Gain 

' lmpact ,!I I . 2 01  ~rrir .  ! c;~r of the intervention 
Source: I' L?(r! tr+ cr 

Table 7.1 4: Iliffcrtlnce-in-Differences Matching Estimates - Task Force Green 

t+ ? 1 Impact at I Proportional 

Total .Y(tn)pk 

t+l Intervention 

Education Cl;iralifir.ufir~n 
No Formal [Jual~ tics~inn 
School Certr l icai  '.? , I ~ J  Senior School Quai. 
Post School '1'1:ldc. L)rc~ee or Professional Oual. 
E l h n i i i ~ y  
1- L I T ~ I F C ~ ~ I I  l':! hc!1:i 
3-lm111 
P.tci l ic I \l,rndcr 
fhlicr 1.11 h n ~ c  (.' rrrrup 

t 
Coefficient 

0.01 383 

' Impact at t+2 of one year of the intervention 
Sozrrce C Dataset 

-0.0 1643 
-0 01755 

p-value I Coefficient 
0.516 1 -0.10433 

0.557 
0.671 

p-value 
0.000 

-0.10774 
-0.12539 

-0 04982 a 

-0.04383 
-0.0 1952 
-0.02784 
-0.05158 

Coefficient 1 ?-value 
-0.00452 1 0.878 

-0.12286 

-0.12292 
-0.09333 
-0.01 820 
-0.20276 

0.350 

0.137 
0.608 
0.826 
0.830 

t+2' Gain 
-0.01701 1 -0.0 1007 

0.030 
I 0.015 

0.126 

0.003 
0.126 
0.894 
0.404 

0.003 10 
-0,01822 

I -0.04232 

-0.03599 
-0.00 109 
0.0230 1 

-0.15237 

0.932 
0.72 1 
0.599 

0.347 
0.985 
0.878 
0.519 

0.0 13 16 
-0.06274 

0.00622 
-0.04664 

-0 12766 

-0.12754 
-0.00463 
0.08659 

-0.55616 

-0.1 1478 

-0.08674 
-0.002 16 
0.04504 

-0.4694 1 



As mentioned in the discussion above on the matching estimates for work experience 

programmes in general, this result is in contrast to earlier findings for New Zealand. 

The estimates are, however, robust to alternative difftrence-in-differences estin~ators'~'. 

There are a number of possible reasons for the benefits of this programme. Firstly, the 

participants were required to work three days a week and were encouraged to keep 

searching for employnlent whilst on the programme. Secondly, an evaluation 

undertaken in 1999 (Centre for Operational Rcsearch and Evaluation, 1999) finds that 

most of the projects were ongoing maintenance work of the organisations. In other 

words, the projects were not "make work" situations and participants were, therefore, 

kept in contact with real jobs and the attributes associated with them. The third 

contributing factor to the success of this programme may be the follow up after the 

programme, whereby there was an in depth interview with their employment advisor 

concerning future options for the participant. 

Specific Interventions - Training Opportunities 

Training Opportunities is another programme, alongside Task Force Green, where 

participants receive no impact on their permanent propensity to be registered as 

unemployed. (See Table 7.15) There are some temporary benefits in ?+I .  Participants 

as a whole. those with school level qualifications or lower, Europeanlpakeha, Maori and 

Pacific Islander have a benefit in 1 + 1 ,  assessed at the 10% level of significance. 

However, this disappears completely in /+2. 

Specific Interventions - Suntnzaty 

The evaluation of the specific interventions finds that three of the programmes have 

positive impacts on the permanent propensity of participants to be registered as 

unemployed. These are Cornrnunity Task Force, Enterprise Allowance and Job Plus. 

The other two programmes, Task Force Grcen and Training Opportunities, do uot have 

any statistically significant impact. The time path across the programmes is fairly 

consistent, with there being a benefit in t+l that declines or disappears, depending on 

the programme, in t+2. The sub-group impacts vary across programmes, but if there is 

a benefit it tends to be for those with low levels of education. The other conclusion that 

can be drawn from this analysis is that subsidies to private sector firms have a bigger 

133 See Table 7.21. 
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impact than those to public organisations and subsidies to the unetnployed to start up 

a business are effective. 

7.5 Effects by Sub-group 

One of the important questions facing administrators is which interventions should be 

used for different individuals. Often there is a tendency to categorise individuals by 

the sub-group to which they belong. I t  is useful, therefore, to analyse which 

programmes have a significant effect upon the different education and ethnic sub- 

groups. Onc of the notable features of the matching estimates, however, is that for 

several of the programmes sub-group effects are not statistically significant. In other 

words, for those programmes there is no estimated gain, on average, for certain 

groups from participation. 

Analysis by education sub-group indicates that of the generic programmes, training 

programmes are only effective for those with middle level qualifications. (See Table 

7.16) The effects are ranked by the size of the estimated coefficients, which aligns 

with the approach used when reporting the tixed effects estimates earlier. However, a 

major difference from the fixed effects results is that many of the matching estimates 

are not statis tically significant. The discussion of the effects on sub-groups below, 

therefore, considers the impacts and whether or not they are statistically significant for 

particular sub-groups. For those with no forn~al qualifications and those with some 

type of post school qualification training does not have a discernable statistically 

significant impact. Subsidy programmes provide a statistically significant benefit 

only for those with no formal qualification. The effect of the specific interventions 

varies across the education sub-groups. The only programnie that has a statistically 

significant beneficial impact upon an educational sub-group is Job Plus, for those with 

no formal qualifications. The impact of all the other interventions for education sub- 

groups is insignificant. 

The impact of generic and specific interventions is statistically insignificant for most 

programmes across ethnic sub-groups. (See Table 7.17) For Europeanlpakeha and 

Maori subsidy programmes have a significant positive impact. while no specific 



Table 7.16: Ranking the Impact on Education Sub-Croup (C ~ a t a s e t ) '  

Categon, 
Generic lntewcntions 
Rank 
I 

Specific l~~terventions 
Rank 
I 

No Formal 
Qualification 

Subsidy 
(-0.2445 I)* 

Training 
(-0.13 1 33) 

JP 
(-0.12950)* 

TOP 
(-0.06055) 

TFG 
(0.013 16) 

School 
Certificate >2 
subjects o r  
Senior School 
Qualification 

Training 
(-0.29472)* 

Subsidy 
(-0.07527) 

TFG 
(-0.06274) 

J P 
(-0.30697) 

TOP 
(-0.03077) 

Post School 
or Trade or  
Degree or 
Professional 
Qualification - . 

Training 
(-0.24656) 

Subsidy 
(-0.09198) 

TFCi 
(-0.12766 j 

JP 
(-0.2702 1 ) 

TOP 
(0.0457 1 ) 

permanent propensity lo be registered as unemployed 
following participation in  a programme for one year 

* Statistically significant at lhe 0.1 level 

programmes have a significant positive impact for Pacific Islanders or for Other 

Ethnic groups. As far as the specific interventions are concerned, Maori receive a 

positive benefit from participation in Job Plus, but in no other programme. There are 

no specific programmes that benefit Europeanlpakeha, Pacific Islanders or Other 

Ethnic groups. 

These findings are in contrast to those obtained using fixed effects regression on the S 

Dataset, where all of the sub-groups are estimated to have received significant effects 

from all of the programmes. However, i t  is consistent with findings of research 

summarising results from various studies on the effects of active labour market 

programmes in New Zealand from 1996 (Johri et al., 2004), that there is no clear 

ranking of the effect of programmes on most sub-groups. 



Tablc 7.17: Ranking the lmpact on Ethnic Sub-Group (C ~ a t a s e t ) '  

C a  teeory 
Generic Interventions 
Rorik 
I 

European1 
Pakeha 

Specific Interventions 
Halrk 
1 

Subsidy 
(-0.06779)* 

Training 
(-021496) 

enk indicate the change 

TFG 
(-0.12754) 

TOP 
(0.07526) 

JP 
(-0.06935) 

Maori 

Subsidy 
(-0.18048)* 

Training 
(0.06870) 

JP 
(-0.19266)* 

TO I' 
(-0.1367 1)  

TFG 
(-0.00463) 

-1 

the permanent propensity to in - 

following participation in a programme fix one year 
* Statistically significant at the 0.1 level 

Pacific 
Islanders 

Training 
(-0.15063) 

Subsidy 
(-0.07798) 

TOP 
(-0.22474) 

TFG 
(0.08659) 

JP 
(-0.075 12) 

Other 
Ethnic 
Groups 

'I'mining 
(-0.15865) 

Subsidy 
(-0.1 1887) 

TFG 
(-0.556 16) 

TOP 
(-0.1747 1) 

J P 
(-0.0796 1 ) - registered as unenmployed 

Source: C Da~nset 

An interesting aspect of this research is whether administrators are in fact working 

with the unemployed to place them on the programmes that the research here indicates 

arc most successful. The proportion of each sub-group participating in generic and 

specific programmes is identified in Table 7.18. From this table i t  is apparent that 

subsidy is the generic programme to which participants in each sub-group are placed. 

While this aligns with this programme being most beneficial for Europeanlpakeha and 

Maori, as well as for those with no formal qualification, it does not align with the 

impact on other subgroups. For example, training progranlmes would be more 

effective for those with only school level qualifications and for all the other sub- 

groups the results indicate that there is no reason why this preference would be given. 

Job Plus is the specific programme which has the majority participation in each sub- 

group. This aligns with impact of specific programmes for Maori and for those with 





no formal qualification. However, for all other sub-groups there is no reason based on 

impact that they should be allocated to this programme. 

7.6 Quality Analysis 

There are two aspects involved in assessing the quality of the difference-in-differences 

matching estimates. The first involves assessing the degree to which the matching on 

propensity scores has balanced the covariates in the participant and non-participants 

groups and the second is sensitivity analysis to establish how robust the estimates are. 

In this section these two aspects are analysed in order to identify how much confidence 

to place in the matching estimates reported above. 

7.6.1 Quality of the Matches 

An important step in matching is calculating the propensity score and using this as the 

basis for creating matches. An issue associated with this is whether or not the 

covariates in the participant and matched control group are well balanced. Although 

matching on the propensity score over the common support removes one potential 

source of bias, this form of matching does not ensure that the covnriates in the two 

groups are balanced. As Heckman, Ichimura and Todd (1998) point out, the failure to 

balance the covariates is a reason for the potential existence of bias in matching 

estimates. 

Several approaches have been suggested to determine whether or not the covariates are 

well balanced after matching. One of these involves stratifying the propensity scores 

into bins and undertaking r-tests for the difference in the covariates between participants 

and non-participants and calculating the standardised difference for the means as a 

whole within each bin. Variants of this approach have been used by several researchers 

(Dehejia & Wahba, 1999, Conniffe et a]., 2000, Perkins et al., 2000 and Kluve et a]., 

2002). A hrther approach is to compare the mean bias in the covariates and for the 

groups as a whole between the matched and unmatched samples. Test for the existence 

of bias in covariates and for the groups as a whole can also be used'34, There are some 

134 Sec D'Agostano (1998), I-lujer et al. (2003) and Kosholm and Skipper (2003). 
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specific tests that can be applied including the Hotelling ? test of the joint null of equal 

means of all the variables included in the matching and a regression of all the variables 

in the participation equation with higher order terms and interactions with the 

participation dummy on each variable in the participation equation. The test is of the 

joint null that the coefficients on all terms equal zero (Smith & Todd, 2005a: 372) 

Each of these approaches has shortcomings. The first requires the selection of the bin 

size, which is arbitrary. Further, there are no formal criteria as to what measure of mean 

bias is too large. The specific tests also have weaknesses. The Hotelling f test has 

issues associated with the weighting approach'35 and the regression test has no guidance 

as to how many polynomials to include. 

Due to the lack of formal guidelines as to the most appropriate approach to assess the 

balance in the covariates, a combination of approaches is used here. The bias, standard 

deviation, and a t-test on the existence of bias were computed for each variable in the 

participation equation in each of the programmes for the unmatched and the matched 

samples. As well as this the mean bias and standard deviation for the variables as a 

whole in the matched and unmatched san~ples are estimated, with the largest and 

smallest bias identified. 

The results for the matched and unn~atched covariates as a whole are reported in Table 

7.19"". The bias between the participant and non-participant groups decreases greatly 

once matching occurs. This is demonstrated by the decrease in magnitude of the mean 

bias. the standarcl deviation and the size of the largest and sn~allest bias. This is true for 

all of the programmes. This indicates that while the matching techniques applied here 

reduces imbalance in covariates across all programmes it does not entirely remove this 

imbalance'". 

'" Smith and Todd (2005a: 377) point out  hat the test as implemented in STATA treats the matching 
weights as fixed rather than random. This implies that it is not known whether the lest is too conservative 
or too generous because i t  depends on the unknown covariance between the component of the variance 
associated with the matching weights and the sampling variation conditional on the weights. 
136 The &Test resulls for individual variables in each progranme are not reported. There was an 
improve~nent in the number of variables that were statistically similar between the par~icipant and non- 
participml groups, but many variables remained statistically dissimilar. 
137 Sensilivily analysis of other specifications did not improve the results of these tesls. 





Overall, the quality of the matches is reasonable. The participation model chosen based 

on economic theory and research perfornls well on the coirect prediction or 

minimisation of bias criteria and using t l~c  information criteria to test the addition of 

extra regressors. The covariates are balanced to a greater extent once matching has 

been completed, although some bias still rcmains. 

7.6.2 Sensitivity Analysis 

One of the criticisms of matching is that the results are highly sensitive to the 

specifications and the estimation techniques used. In order to address this concern, 

three forms of sensitivity analysis are undertaken. The first compares the difference-in- 

differences estimates with single nearest-neighbour, multiple nearest neighbour and 

local linear regression. The second compares the difference-in-differences single 

nearest-neighbour estimates with difference-in-differences multiple nearest-neighbour 

and difference-in-differences local linear regression estimates. There are five 

neighbours used in the multiple nearest-neighbour estimates. The third sensitivity 

analysis doubles the size of the calliper and analyses whether or not the results are 

affected. 

A comparison of estimates using difference-in-differences estimates with those using 

single nearest-neighbour, multiple nearest neighbour and local linear regression are 

reported in Table 7.20. It is apparent that in general the difference-in-differences 

estimates report lower estimates. To rccap, the reason for using difference-in- 

differences is that there are limited covariates available on which to match and to 

estimate the effect of interventions. As a result it is possible that there are missing 

variables that may impact selection and the outcome from participation. Difference-in- 

differences matching is based on the assumption that these missing influences are time 

invariant. While i t  is not possible to test for this explicitly, this approach is the 

equivalent in the matching context of the fixed effects regression method. The fact that 

the difference-in-differences estimates are smaller than the others indicates that the 

missing variables had an upward bias upon thc estimates, as once these were taken into 

account the estimates decrease. This may be due to creaming by administrators or self 

selection of better quality participants onto progranmes. 



Table 7.20: Sensitivity of Matching Estimates 

t SNN 5NN LLR DID-S'NN 
CoeJicient e ~ m c i e n t  Coefficient Coefficient 

Tofd tttte~ent3on -- -0.0261 2 -0.02826 -0.09921 0.01 -- 524 - 
Subsidy 4.04170 -0.04191 -0.10284 0.111338 
Work Ezcperience -0.0 1 126 -0.01456 -0.02726 -0.07023 
Training - -0,02309 -0,02333 -0.03802 -0.008944 
EA -0.04 I20 -0.03 195 -0.03376 -0.00002 
JP -0.04656 -0,04650 -0.07480 0.00630 
TFG -0.01 38 I -0.01913 -0.96770 0.0 1383 
CTF -0.01705 -0.01399 -0.03062 -0.05492 

TQ -0.03054 -0.02653 -Q.O5268 -0.0 1587 

t+ l SNN SrNN LLR DID-SNN 
Coefficient Coefficient Coefficient Coefficient 

Total Interventiosr -- -0.18j68 -0.17153 -0,19349 -0.14032 - 
Subsidy -0.22955 -0.23552 -0.24305 -0.17447 
Work Experience -0.1458 1 -0'1 3279 -0.14955 -0.20478 
TPaini~~g -0.08726 -0.09488 4.07963 -0.073 1 1 
E A -0.32328 -0.33 109 -4.3 1557 -0.28300 
JP -0.25223 -0.25436 -0,25099 -0.19928 
TFG -0.13 197 -Q. 1274 1 -0.13 127 -0.10433 
CTF -0.16753 4.14501 -0.15605 -0,20540 
TO -0.09707 -0.09650 -0.09528 -0.98240 

t+2 SNN 5NN LLR DID-SNN 
Coefficient Codc-ient Coefticient Coefficient 

Tatal Intervatin'on --- -- -0.07590 -0.06@ -0.07959 -0.03454 
Subsidy -0.08306 -0.08701 -0.09620 -0.02799 
Wol'k Experience -0.071 81 -0.06496 -0.08683 4.13078 
Training -0.03295 -0.03407 -0.OJOTO -0.01879 - 
EA -0.1300 1 -0,12987 -0.12744 -0.08973 
JP -0.10283 -0.14331 -0.30524 -0.04988 
TEG -0.032 16 -0.01957 -0.02088 -0.00452 
CTF -0.11 117 -0.08881 -0.08716 -0.14905 
To -0.04005 -0.03790 -0.03308 -0.03538 

SNN = Single Nearest Neighbow 
5NN - Five Nearest Neighbows 
LLR = Local Linear Regression 
DID-SNN = Diffenencceirt-Oifference 



There are two programmes where the difference-in-differences estimates are higher than 

the other estimates. These are work experience progranlmes in general and Comnlunity 

Task Force. This suggest that the missing variables are causing a downward bias in the 

estimates as the estimates increase once these variables are taken into account using 

difference-in-differences estimation. This may have been caused by adminjstrators 

choosing those who are least likely to be employed for these programmes. This is the 

opposite of creaming. Overall, the comparison of the estimates suggests that there are 

some missing variables that need to be taken into account. Difference-in-differences 

estimation is an appropriate technique for this under the assun~ption that these effects 

are time invariant. 

The second sensitivity test involves comparing the effect of alternative difference-in- 

differences estimators. The one chosen in this study is nearest neighbour based on the 

discussion in Section 7.2.1. However, it is important to assess the degree to which the 

results are sensitive to this choice. The results of this comparison are in Table 7.2 1. I t  

is apparent that for most of the programmes the estimates using the alternative 

difference-in-differences estimators vary only slightly. This is reassuring as i t  confirms 

the appropriateness of the single nearest neighbour approach and suggests that the 

results are robust. 

The third sensitivity analysis involves doubling the size of the calliper to ascertain 

whether or not the results are sensitive to the manner in which the common support has 

been implemented. This is based on the approach suggested by Augurzky and Kluve 

(2004). The results from this sensitivity analysis, presented in Table 7.22, indicate that 

the results are not sensitive to the specification of the calliper. 





Table 7.22: Sensitivity of Matching Estimates to the Size of the Calliper 

I Calliper 
Total Intervention 

Grrreric Inferventiorrs 
Subsidy 

Work Experience 

Training 

Specific Irttervrrrtiorrs 
EA 

J P 

TFG 

CTF 

TO 

t 
Coefficient 

0.0 1524 
0.01 524 

0.01338 
0.01338 

-0.07023 
-0.07023 
-0.00894 
-0.00894 

-0.00092 
-0.00092 
0.00639 
0.00639 
0.01383 
0.01383 

-0.05492 
-0.05492 
-0.01587 
-0.01587 

- 

t+ l 
Coefficient 

-0.14032 
-0.14032 

-0.17447 
-0.17447 
-0.20478 
-0.20478 
-0.073 1 1 
-0.073 1 1 

-0.28300 
-0.28300 
-0.19928 
-0.04088 
-0.10433 
-0.10433 
-0.20540 
-0.20540 
-0.08240 
-0.08240 

t+2 
Coefficient 

-0.03454 
-0.03454 

-0.02799 
-0.02799 
-0.13078 
-0.13078 
-0.0 1879 
-0.0 1 879 

-0.08973 
-0.08973 
-0.04988 
-0.04988 
-0.00452 
-0.00452 
-0.14005 
-0.14905 
-0.03538 
-0.03538 

In summary, the quality analysis suggests that the results are fairly robust. The balance 

of the covariates is improved by matching and the results are robust to different 

estimation specifications. 

7.7 Conclusion 

The n~atching evaluation of active labour market policies in this chapter has been 

supported by sensitivity and quality analysis at each step to ensure that the results are 

robust to alternative specifications and estimators. The results have been compared 

with those obtained using the fixed effects estimator. 

In order to undertake an evaluation of active labour market policies in New Zealand 

using difference-in-differences matching, a participation model needs to be estimated to 

calculate the propensity scores on which the matching is based. This participation 

model includes the variables that economic research indicates influence participation 

and is constrained by the variables available in the C Dataset. Analysis of the 



perfornlance of the model, using the minimisation of classification error and the 

infbmlation criterion approaches, shows that the model chosen is appropriate. The 

results from the participation model point to the central importance of unemployment in 

the year of the intervention, in the previous year and unemployment history in general 

as deternlinants of participation. The results also indicate that there are some 

differences in the programmes in which sub groups participate. Maori and Pacific 

Islanders have a greater likelihood of entering training programmes than other ethnic 

groups and EuropeanIPakeha are more likely to enter subsidy programmes. Those with 

no formal qualification are more likely to be involved in training programmes than 

those with higher levels of education. 

The propensity scores estimated from the participation model are used to match 

participants and non-participants for the purpose of estimating the impact of 

participation. The estimated impacts are obtained using the difference-in-differences 

single nearest neighbour estimator. Given the problem of Ascehnfelter's dip, the year 

before involvement in a programme is excluded from the measure of the unemployment 

propensity before participation. The results indicate that the locking-in effect is not 

strong, as the coefficients on the effect in the year of intervention are not statistically 

significant. There is a benefit ti-om most programmes in the year following 

participation in the intervention (!+I). However, the permanent change in the 

propensity to be registered as unemployed, measured at t+2, is smaller in magnitude 

than the temporary effect in year t + l ,  and in some cases there is no permanent change. 

Of the generic interventions work experience has the greatest benefit followed by 

subsidy programmes. Participation in training programmes does not have a statistically 

significant effect upon the outcome for participants. 

The matching analysis also allows an evaluation of the impact of specific programmes 

on participants and these estimates provide some insight into some key issues that are 

the focus of this study. Firstly, subsidies to private sector firms, through Job Plus, are 

more effective than those to public sector organisations, as is the case with Task Force 

Green. In fact, Task Force Green does not have a statistically significant impact upon 

participants. Secondly, start-up subsidies are effective as Enterprise Allowance has a 

statistically significant beneficial impact upon participants. Thirdly. the sub-group 

analysis finds that for many of the programmes allocating people based on sub-group 



membership is not likely to be a successhl strategy for administrators. Fourthly, an 

important element of the matching process involves sensitivity and quality analysis to 

ensure that results are robust. The appropriateness of the participation model is 

canfirmed and the sensitivity of the matching estimates to alternative configurations 

also supported the robustness of the results. 

There are a number of differences betvveen the matching results and the fixed effects 

results. The fixed effeots estimates suggested that all of the programmes have a 

beneficial effect on participants, but that work experience programmes in general, and 

Community Task Force in particular, is one of the least effeative programmes. 

However, the matching estimates indicate that work experience programmes and 

Cornunity Task Force is beneficial. A further difference between the different 

estimators is in the sub-group evaluation where, in contrast to the Iaek of significance of 

programmes in the matching estimates, there is a beneficial impact in the fixed effects 

results. In both sets of resdts training interventions perform relatively worse than 

subsidies. 

These differences raise the issue as to which sets of results are more usehl; the fixed 

effects regression results or the matching results. Both sets of estimates are usefil, 

particularly where the results are similar. However, in this study the emphasis is on the 

difference-in-differences matching estimates, based to .a large extent on the differences 

in the propensity scores ef participants and non-participants and the need to ensure that 

like are compared with like. 



Chapter Eight: 

Conclusion 

8.1 Introduction 

In this chapter, the analysis undertaken in the study is summarised and synthesised in 

order to answer the research question posed at the start: Do active labour market 

policies as implemented in New Zealand f h m  1 989 to 1 997 improve the unemployment 

outcome for male participants? The policy implications are presented, limitations of the 

study are outlined, and directions for fume researeh are suggested. 

8.2 Overview 

The specific research questions and the approach to evaluating active labour market 

policies used in this study me derived from those reported in the research literature. In 

this section, an overview of the research questions, the techniques used to answer these 

questions and the datasets used for ~thesa purposes are provided. 

Whether or not active labour market policies are beneficial to those who participate, the 

effect of treatment on the treated is a parameter that is widely estimated. In this study, 

this question is suppIemented with a number of other speeifio research issues. These 

include the irnpaot of interventions in total, generic interventions, specific interventions 

and the time paths of lhese impacts. The international research literature is ambivalent 

on these effects and while some studies of intervention programmes have been 

undertaken in Mew Zealand, a comprehensive analysis of these effects has not been 

completed'38. This omission provides an important rationale and the motivation for the 

research. 

13' The most comprehensive study to dale is (hat of Mare (2002). A review of studies of different 
inlerventions in New Zealand was also campleted by Johi el al. (2004)- 



In New Zealand, a menu of active labour market programmes was in place in the 

1990's. Included were subsidy. work experience and training progranlmes. The main 

programmes were Job Plus, a subsidy programme, and Training Opportunities, a 

training programme. Other significant programmes included two subsidy programmes, 

Enterprise Allowance and Task Force Green, as well Comn~unity Task Force, a work 

experience programme. 

This range of programnm has made it possible to analyse a number of important 

programme evaluation issues. These include the overall question as to the impact of 

these programmes, but also a number of other specific research questions. In particular, 

the range of subsidy programmes enables an analysis of whether subsidies to private 

sector fmls  are more effective than subsidies to public sector organisations. The 

effectiveness of start-up subsidies are evaluated, as Enterprise Allowance is an example 

of this type of programme. The nature of the dataset also enables evaluation of the 

impacts by education and ethnic sub-groups. 

The evaluation techniques used are those that are prevalent in the economic research 

literature. Since there is no one estimation approach that works in all circumstances, 

due to the presence of at least one un-testable assumption in each non-experimental 

evaluation technique, different estimation techniques have been used. This involves 

using both fixed effects regression and difference-in-differences matching to estimate 

the impacts of participation in active labour market programmes. The advantage is that 

both techniques can be used to estimate the effect of treatment on the treated, although 

in different ways. The results are then compared and potential reasons for differences 

that arise are identified. Sensitivity analysis is undertaken with each approach to ensure 

that the results are robust to the specifications and model used. 

One of the implications of using these two estimation techniques is that it is necessary 

to adjust the master dataset. Fixed effects regression analysis uses the S Dataset. It is a 

25% sample of the master dataset and includes information on individuals across all of 

the years from 1989 to 1997 and includes all the interventions received by those 

individuals. The dataset for the matching analysis, the C Dataset, includes those who 

receive only one intervention, in one of the years 1993, 1994 or 1995. Each individual 

in the C Dataset has four pre-intervention years and two post-intervention years, a total 



of seven years. A comparison group of individuals who did not receive an intervention 

but potentially could have, is also included in the C Dataset. 

The information available in the master dataset has influenced two other aspects of this 

study. Firstly, only males aged between 26 and 49 on 1 January 1989 are included in 

the master dataset. The reason for this is that we want to avoid observing individuals 

who were either younger and completing their formal education, or older and making 

their transition into retirement. Secondly, while the data is comprehensive in coverage 

of those who were registered as unemployed, the lack of breadth suggests that there may 

well be some omitted variables that could influence participation in programmes and/or 

the outcome. This problem of selection bias is a potential issue, as it is with many 

evaluation studies. In these circumstances, the estimation techniques chosen need to 

address specifically the selection bias problem. This is achieved by using fixed effects 

regression and difference-in-differences matching techniques. Both of these estimators 

assume that there are time-invariant, individual-specific effects, the influence of which 

can be removed with differencing. 

In summary, two estimation techniques are used to evaluate the effect of participation 

by males aged 26 to 49 on I January 1989, in active labour market programmes in New 

Zealand. There is also a fixed effects analysis on the C Dataset to act as a bridge 

between the key estimations. The results from these estimates are described in the 

section below. 

8.3 Summary of the Findings 

The research findings in this study are reported in sections 8.3.1 to 8.3.3. The first 

section discusses how the different estimates in the study might be reconciled. The 

second section summarises the findings on the impact of interventions on participants 

are summarised, while the third section presents the methodological findings that arise 

from the study. 



8.3.1 Reconciling the Different Estimates 

A point that has been emphasised in the literature in general and in this study in 

particular is that there is no single approach that is optimal in evaluation studies. 

Further, every estimation technique has at least one assumption that cannot be 

empirically verified. Therefore, a range of estimation techniques and two different 

datasets have been used in this study. The estimates of the effects of intewentions upon 

participants vary noticeably, depending on which of these techniques and dataset used, 

raising questions as to the accuracy of the estimates. (See Table 8.1) Given this 

variation i t  is necessary, therefore, to explain why the results may vary and to reconcile 

these differences. This is achieved by explicitly comparing the techniques and datasets 

used. 

Table 8.1: Estimates of the Permanent Effect on Participants of One Year of 
an Intervention 

lntervention Estimation Approach 

-- 
Generic Ir~tervmtions 

Subsidy 
Work Experience 
'Training 

Specific Intervenfioris 

E A  
J P 
TFC 
CTF 
TO 

Solo-cv 
Total Intcnrntion 

Generic Intcn~cnttons 
Soecific Interventions 
2- 

I Ordinary Least Squares Regression 
' Sample Datasct 
' Fixcd Effects Rcgrcssion 

Cohort Datnset 
Difference-in-DiI'ferences Matching 

Table 6. I8 
Table 6.20 
Table 6.22 

Tablc 6.19 
Tablc 6.19 
Tablc 6.19 

Tablc 7. I0 

Table 7.10 
Table 7.10 

* Estimates ale insignificant at the 10% Icvcl. All other ustimates are significant at 5% level 

319 



The first con~parison is between the results obtained using Ordinary Least Squares 

regression and fixed effects regression. As discussed in Chapter Six the estimates for 

Ordinary Least Squares regression consistently have a positive sign indicating a 

detrimental impact of an intelvention on participants, while those for fixed effects 

regression have a negative sign and, therefore, a beneficial impact. The main reason for 

the difference is that Ordinary Least Squares regression does not control for the 

influence of time invariant individual specific attributes as is the case with fixed effects 

regression. Estimates using Ordinary Least Squares regression are, therefore, likely to 

underestimate the impact of interventions compared with fixed effects regression, as 

those with a higher pern~anent unemployment propensity are likely to receive 

interventions than those with lower propensities. Because these differences are not 

directly observable in the covariates, selection bias arises in using Ordinaly Least 

Squares regression. The fixed effects regression estimates are, therefore, preferable to 

Ordinary Least Squares regression. 

There are two sets of fixed effects regression results, those obtained from the S and C 

Dataset. This is the second source of comparison. These estimates show a larger 

beneficial impact with the C Dataset rather than the S Dataset. (See Table 8.1) The 

major contributor to this difference is the nature of the two datasets. The C Dataset only 

includes individuals with one or no interventions, whereas the S Dataset includes 

individuals with multiple interventions. The inclusion in the C Dataset of those with 

only one intervention, which is necessay to complete the matching estimation, is a form 

of sample selection as it increases the likelihood of the intervention being successhl 

compared with a sanlple wherc individuals may receive multiple interventions. This is 

confirmed by the analysis in Section 6.9 indicates that the beneficial impact of the first 

intervention is greater than the impact of the third, fourth or subsequent interventions. 

Fixed effects regression estimates using the S Dataset which contains fuller information 

on individuals are, therefore, Inore usefill in considering the general population of 

unemployment beneficiaries. 

The third comparison is between the fixed effects regression results obtained using the S 

Dataset and the estimates using difference-in-differences matching on the C Dataset. 

As well as the different datasets that have been used, it is apparent that there are also 



differences i n  the characteristics of participants and non-participants. The propensity 

score ranges between these two groups vary greatly, nith non-participants bunched at 

the lower end of the spectrum. (See Figures 7.1 to 7.9) In these circumstances, as 

suggested by Angrist's (1998) study, regression results are likely to diverge from 

matching results due to the approach to weighting adopted by regression analysis. 

Using matching enables the researcher to choose a weighting scheme, in this case 

implemented through nearest-neighbour matching using callipers, that enhances the 

probability of the estimate being that of the average treatment effect. In other words, 

like are compared with like. This is a strong argument for using the matching estimates. 

A critical component of matching is that all of the factors that influence participation 

are in the participation model. As discussed earlier, there are no clear rules as to how 

this is confirmed. While in this study there is comprehensive coverage of those who 

were registered as unen~ployed between 1989 and 1997, the range of variables recorded 

for each individual is limited. In particular there are no variables covering motivation 

and employment experience, which are often included in other studies. In these 

circumstances, it can be argued that the matching approach is lin~itcd. This supports the 

view of Heckman that matching is not a panacea in the evaluation context (Heckman 

and Navarro-Lozano, 2003). The difference-in-differences matching approach, with its 

ability to remove individual-specific, time-invariant effects related to the unemployment 

outcome partially ameliorates this deficiency. However, the approach does not remove 

those unobserved individual-specific, time-invariant effects that influence participation. 

In these circumstances, an approach that uses more of the data available may be more 

effective; an argument for fixed effects regression. 

The issue of the relative merits of the two estimators is then a judgement as to which of 

these conccrns is more important, and this is not resolved by theory. There are some 

sinlilarities in the results from the two estimators and that is the strength of using more 

than one estimator. While each researcher has to make his or her own decision, in this 

study the emphasis is given to the matched results. The reasons are firstly, as discussed 

above, that by matching individuals with a similar propensity score i t  is possible to 

increase the likelihood that like are compared with like. Given the differences in the 

propensity score ranges of pal-ticipants and non-participants this is an important 

consideration. These different distributions greatly increase the likelihood that 



regression approaches do not compare like with like leading to results that do not return 

a parameter of interest. Secondly, although there are missing variables from the 

participation equation, the key influences as suggested by earlier research, are in the 

dataset. Thirdly, the difference-in-differences approach goes some way to ameliorating 

the effect of missing variables in the outcome equation. Fourthly, the quality and 

sensitivity analysis suggests that the matching results are reasonably robust to different 

specifications. 

However, there are still some aspects associated with the approach used here that leads 

to some caution in the interpretation of these results. The programme where it is 

possible that selection bias still exists despite the differencing technique is Enterprise 

Allowance. Individuals were identified for this programme based on, amongst other 

things, their desire to be self-employed. In the dataset there is no direct measure of this 

preference. The implication of this is that it is dificult to match participants with 

equivalent non-participants as a key variable that influences both participation and the 

outcome is not directly observable. As a result, the estimate for the impact of Enterprise 

Allowance may be less accurate. 

The approach to selecting the C Dataset may also have had an influence on the 

estimates for both Work Experience as a generic intervention and for Community Task 

Force as a specific intervention. The descriptive statistics for the S Dataset show that 

participants in Work Experience and Community Task Force on average receive more 

interventions than for any other generic or specific programme. (See Table 5.1) In fact, 

while the entry criteria for Conlniunity Task Force is 13 weeks registered as 

unemployed, the emphasis is on people who had been unemployed for 52 wecks. In 

The C Dataset individuals with only one intervention are included. As a result i t  is 

possible that the sample includes those who participated in Work Experience and 

Community Task Force programmes who had a lower permanent propensity to be 

unemployed than for participants in those programmes as a whole. The effect of this 

would be to provide higher beneficial estimates of the impact than would have been the 

case if those with lower permanent propensities were included. Given this, the 

interpretation of the matching estimates for Work Experience and Community Task 

Force should be interpreted as an upper bound. 



The techniques and datasets used in this study have generated different estimates of the 

effect of participation in active labour market programmes. While there is at least one 

untestable assumption in each technique, the discussion above indicates that it is 

possible to reconcile these differences to some extent. 

8.3.2 Effect of Interventions 

Both the matching and fixed effects regression estimates indicate that participation in 

active labour market interventions is beneficial in reducing the length of time that 

participants are registered as unemployed. This result is statistically significant across 

both sets of estimates for total interventions although the magnitude estimated by the 

fixed effects technique at -0.32985 is larger than that from matching (-0.10419) 

There are some similarities and differences in the time path effects of participating in 

active labour market interventions. The fixed effects regression results indicate that 

there is a strong locking-in effect in the year of participation. On the other hand the 

matching estimates do not tind any statistically significant locking-in effects. These 

insignificant coeff'icients on the matching estimates may be explained by the matching 

process. which requires the non-participant matches to be unemployed in the year of the 

intervention for the participants. The influence of this is that the contemporaneous 

~natcliing impact estimates may be biased downwards. There may well be very good 

matches who were not unemployed in the year of intervention, but they are not included 

in the matching process. The other explanation is that there may not be a locking-in 

effect. 

A further similarity between the two sets of estimates is that there are beneficial effects 

to participants in the year immediately following participation in an intervention. The 

incremental benetit is largest in this year according to the fixed effects estimates. For 

the matching estimates the point estimate in this year is greater than the point estimate 

in the following year. 

The fixed effects regression and matching estimates of the impact of generic 

interventions upon male participants also have both similarities and differences. Each 

of the generic interventions has a beneficial effect upon participants. As with the fixed 



effects results, matching estimates show that subsidies are more effective than training. 

However, there are two noticeable differences. Firstly, the matching estimates indicate 

that training does not have an effect on the permanent propensity to be registered as 

unemployed, in contrast with fixed effects regression which finds a beneficial effect. 

Secondly, the matching estimates find that work experience programmes are the most 

effective of the generic programmes, whereas the fixed effects estimates rank them last. 

The time path effects of the generic interventions are the same as for interventions as a 

whole. While fixed effects estimation finds a locking-in affect this is not the case with 

the matching estimates. Participants experience a beneficial effect in the year 

immediately following participation that is greater in magnitude than effects 

subsequently. 

Ranking of the effects of the specific interventions also varies between the matching 

and fixed effects regression estimates. Job Plus and Enterprise Allowance are the most 

beneficial programmes according to the fixed effects regression results, with Training 

Opportunities and Community Task Force ranked last. In contrast Community Task 

Force has the largest effect when estimated using difference-in-differences matching, 

with Enterprise Allowance and Job Plus next, and Training Opportunities and Task 

Force Green having no effect upon participants. As discussed in Section 8.3.1 above, 

there may be some selection bias in the results for Enterprise Allowance and the 

estimates for both Community Task Force and Work Experience programmes in general 

should be interpreted as upper bounds. The specific programmes have time path effects 

that are the same as for generic and total interventions. In other words, there is a 

locking-in effect when the impact is estimated using fixed effects regression which is 

not there when matching is used, and the major beneficial impact occurs in the year 

following participation. 

As well as analysis of the effects of the programmes on participants as a whole, the 

study undertook a disaggregated analysis by education and ethnic sub group. Again 

there are differences between the sub-group estimates depending on the estimation 

technique used. The fixed effects estimates find that participation in all programmes 

has a beneficial effect upon participants. The matching estimates, in contrast, find that 

this is not the case. A conlparison of the impact of the specific programmes using 



matching is limited by the small numbers that prevent undertaking a matching analysis 

on work experience programmes, Enterprise Allowance and Community Task Force. 

These estimates indicate that Europeanlpakeha benefit from participation in subsidy 

programmes. Maori benefit from subsidy programmes in general and Job Plus in 

particular. For all other ethnic groups, there are no statistically significant impacts from 

participation in programmes. For education sub-groups those with no formal education 

benefit from participation in subsidy programmes, of which Job Plus only is effective. 

For those with a school level qualification, participation in training programmes only is 

beneficial. 

The analysis also provides insight on some key evaluation issues. The first is that 

subsidies to private sector firms do have a greater beneficial impact than those allocated 

to public sector firms. The evidence for this is that the impact from participation in Job 

Plus is greater than from participation in Task Force Green. The second is that start-up 

subsidies are effective. The coefficients on Enterprise Allowance are negative, 

indicating a beneficial effect. These findings are consistent across both sets of 

estimates. 

The analysis and conclusions have beell based on the assumption that a decrease in the 

time spent registered as unemployed is a beneficial outcome. This is not necessarily the 

case, as individuals may move out of the labour force or onto another government 

benefit rather than into enlployment or to further education. The data precluded 

measuring these other potential outcomes. 

Another issue associated with the interpretation of the estimates is that it considers only 

the effect of participation in an active labour market programme on time registered as 

unemployed and does not take into account the costs of achieving this outcome. Data 

limitations have constrained this area of research. However, it has been possible to 

calculate a set of statistics that give an indicative measure of the net fiscal effect of 

someone participating in an intervention. The calculations are based on the estimated 

direct fiscal cost and fiscal benefit of providing the specific programmes to an 

individual using a standard cost/benefit framework. The Net Fiscal Cost (NC) of a 

specific intervention programme is estimated as follows: 



where: 

C = current direct fiscal cost of providing the programme to an individual 

PV(B) = present value of tlie reduction in benefit payment by tlie government 

arising from an individual participating in an intervention programme 

PV(B) is estimated using the following: 

The fiscal costs (C)  are measured in 1995 dollars and are associated with the average 

length of each intervention programme. This measure of fiscal costs covers only the 

direct cost to the government of providing each programme to a participant and does not 

consider any of the costs, including opportunity costs, to the participant. 

The fiscal benefit (B) is the reduction in unemployment benefit payments arising as a 

result of someone participating in the programme, as measured by the matching 

estimates. These are calculated for I ,  / + I ,  1+2 and for the years thereafter until the 

average age of the peoplc who participated in each programme is 55. The decrease in 

benefit payments in each of the years after t+2 is the change in the permanent 

propensity to be registered as unemployed, measured in weeks, multiplied by the 

weekly benefit for each of those years. The benefit used in these calculations is that 

received in 1995 by a single male over 29 years of age with no supplements. It is 

assumed that the weekly benefit payment increases annually at the long term growth 

rate of the New Zealaod economy, estimated by the OECD (200 1) to be 2.2% between 

1970 and 2000. The discount rate used in this study is 3%. The estimated reduction in 

benefit payments is calculated in 1995 dollars. 

The Net Fiscal Cost, therefore, is the fiscal cost plus the fiscal benefit of providing the 

programme to an individual. A positive estimate indicates that the programme has a 

detrimental effect upon the governn~ent's long run fiscal position, while a negative 



estimate suggests that the government's fiscal position has been improved as a result of 

providing an intervention programme. The calculations of the fiscal impact of the five 

specific programmes are presented in Table 8.2. The results indicate that three of the 

specific programmes, Enterprise Allowance, Jobs Plus and Community Task Force, 

have a beneficial fiscal effect. Training Opportunities has a beneficial effect, but the 

dollar value is close to zero. Task Force Green has a positive estimated sign, suggesting 

that the fiscal costs of providing this programme are greater than the reduction in the 

benefit payments, indicating a detrimental effect upon the fiscal position of the 

government. An alternative way to summarise the fiscal effect is to identify the return 

on each dollar spent on the programme, which is in the final colunln of Table 8.2. 

Table 8.2: Net Fiscal Cost Estimates Per Person of Specific Interventions (C 
Dataset) 

Fiscal Cost 
of 

intervention' 
Interventions 
E A 

' The cost data were detlated, where i~ppropriate, to 1995 dollars and then adjusted from weekly cost 
calculations to identifj the actual cost of the intervention based on the average length of that inlervention 
' Data from Curtin (1 996) 
' Data from Work and Income New Zealand (1 999) 
4 Data li-om Te Puni Kokiri, New Zealand (2001) 
5 The calculation of the reduction in benefit payments is based on the following: 

a. I is 1994 
b. the 1995 unemployment benefit of $138.46 per week that was received by a single male 

over 29 years of age with no supplemenls 
c. assumplion that the benefit payment increases annually by the long tern1 growth rate of the 

New Zealand economy eslimaled as 2.2% per annum"" 
d. the reduction in time spent unemployed is Ihe point estimate obtained using difference-in- 

differences matching on the S Dntaset. It is important to nole that scveral of these point 
estin~ales are not stalrstically significant (See Table 7.10) 

e. the discount rate is 3% 
f. that the change in pennanent propens~ty to be registered as unemployed as identified by the 

matching estimate at t+2 lasts unril individ~~als are aged 55 years 
g. the benefit reduction is estimated from t until the average age of those recewing the 

intervention is 5 years 
'The Net Fiscal Cost is calculated as follows: (Fiscal Cost of Intervent~on) + (Total Reduction In Benefit 
Payment) 
7 Return per $ Cost = (Total Reduction in Benelil Payment) / (Fiscal Cost of Intervention) 

- 

Net 
Fiscal 

Reduction in Benefit Payment' 
(1995 $1 

JP  
TFC 
CTF 
TOP - - 

- 

1 3') This is the long run growth rate estimate for New Zealnnd for 1970 lo 2000 produced by the OECD 
(OECD: 300 1 ). 

Return 
per % 

f t+l 1 +2 t>2 'rota1 
6200' I -6 -2037 -641 -7894 -10578 
4476' 
3330' 
223 1 
4220" 

~ost"ost' 
-4378 1.71 

45 -1435 -356 4 3 8 8  -6134 
9 7 -75 1 -3 2 -398 I 0 8 4  

-383 -1479 -1065 -13113 -16040 
-1 10 -593- -253 -3339 -4295 

-1658 

2;-1 ii -13809 



These calculations may be used to indicate the percentage return on expenditure and 

Community Task Force has the highest at 619%. Enterprise Allowance (71%), Jobs 

Plus (37%) and Training Opportunities (2%) also have positive returns. On the other 

hand Task Force Green has a return of 0.33 per dollar spent on the programme, a return 

of -66%. 

As mentioned above, these calculations are only indicative of the net fiscal costs and 

benefits associated with providing these specific interventions. The results are sensitive 

to a number of the assumptions underpinning the calculations. These assumptions 

include the level of the discount rate, the growth rate of the benefit payments over time, 

the benefit being based on a single male with no supplements and that if participants 

move off the unernploynlent benefit the fiscal cost associated with them decreases. 

Different discount and benefit growth rates, as well as individuals receiving 

supplements or being married will have a major influence on these calculations. 

However, the original dataset does not have enough information to ascertain the average 

benefit level. A fi~rther limitation is that while point estimates have been used to 

identify the reduction in time unemployed, several of these point estimates are not 

statistically significant. This is so for all of the estimates at t and for Enterprise 

Allowance, Task Force Green and Training Opportunity at t+2 and thereafter. An 

important assun~ption in these calculations is that when the participants move off the 

unemployment register the fiscal cost associated with them decreases. This is not 

always the case as some participants may move from the unemployment register to 

another government benefit, including, for example, the sickness or invalids benefit. 

The calculations here do not take into account the fiscal costs associated with this, thus 

potentially overstating the fiscal benefit from providing these interventions. On the 

hand the failure to take into account the potential tax revenue coming from working ex- 

beneficiaries may lead to an understatement of the fiscal benefit. 

8.3.3 Methodological Findings 

As well as the tindings on the impact of interventions reported in the section above, this 

study has also emphasised methodological issues. The findings in this area provide 



further insight into the approaches to evaluation of active labour programmes. These 

are reported in this section. 

One major methodological issue that is explicitly considered in this study is the role of 

selection bias. This is a potential problem in all evaluation studies, and given the nature 

of the dataset used, is an important issue in this study. Although there are several 

techniques and tests that can be used in an attempt to overcome this problcm, most of 

these were not appropriate in this study. The reason is that they often require an 

exclusion restriction. Since this was not available, and the time period over which the 

study is based is relatively short, the assumption that underpins the analysis is that 

unobserved effects are individual-specific and time-invariant. Thus, the use of fixed 

effects regression and difference-in-differences matching is appropriate for this study. 

The sensitivity analysis in the matching chapter, the use of Ordinary Least Squares as a 

benchmark for the fixed effects regression analysis, and the explicit testing of random 

effects versus fixed effects suggest that selection bias is present and that the unobserved 

variables are time-invariant and individual-specific. Controlling for this with these two 

techniques produces more accurate estimates. 

The second methodological issue is the role of time in evaluation studies. As reported 

in Chapter Two, many studies find insignificant or detrimental effects because they 

often only consider one year after the intervention. Economic research suggests that the 

results may well be sensitive to the time frame used in the study. In order to account for 

this, a longer time frame has been adopted here. 

Choosing an appropriate dataset is an important consideration in evaluation studies. 

This is the third major methodological issue that is considered in this study. With 

observational or non-experimental studies, it is necessary for the researcher to use 

criteria to create a relevant dataset. As discussed in Chapter Five, many researchers 

have created their own cohort datasets. Ln order to test the sensitivity of results to this, 

fixed effects regression is used in this study on both the f i l l  jnfornlation dataset (S 

Dataset) and the cohort dataset (C Dataset). While there are some similarities in that the 

programmes are all beneficial, and the time path is similar between the datasets, the 

magnitude and the ranking of the estimates vary between these two sets of regression 



estimates. This study highlights the sensitivity of regression approaches, in particular, 

to the underlying dataset used when evaluating active labour market policies. 

The fourth methodological issue is the importance of carrying out sensitivity analysis. 

Throughout this study careful attention is paid to the sensitivity of results to alternative 

models and specifications. Due to the presence of some un-testable assumptions in all 

of the models used to evaluate active labour market policies, it is critical that sensitivity 

analysis be used in order to judge whether the results are robust. 

The final methodological issue is the use of alternative estimation approaches. The 

reason for this is similar to the motivation for sensitivity analysis. As there is no "magic 

bullet" or single estimator that works in all circumstances it is useful to use a variety of 

approaches and analyse whether the results are consistent. The choice of these 

alternative approaches must be based on the data, the parameter of interest and on the 

underlying model, but it is useful to use more than one. The risk of using only one 

approach is that the model may give results that are not robust. The matching estimates 

on the C Dataset and the fixed effects regression results on the S Dataset have some 

differences. While subsidy programmes are beneficial in both sets of estimates, training 

is not when using matching and work experience programmes have a larger beneficial 

impact with matching than fixed effects regression. This finding emphasises the 

importance of using alternative approaches and should the results differ between the 

approaches, the researcher needs to identify why and to discuss which results are more 

appropriate in the context of the study. 

8.4 Policy Implications 

The value of this study is that it provides some evidence and insight for policy makers. 

Using the difference-in-differences matching results, for the reasons outlined in Section 

8.3.1, the main finding is that the emphasis given by government on providing subsidies 

to the private sector was correct, but that the emphasis on training programmes since the 

late 1980's was not. The evidence indicates that work experience programmes, 

although not as important in the government's mix of interventions, are in fact highly 



successful. Subsidy prograrnnles allocated to the private sector are successful and more 

successful than those to the public sector. 

An important issue is whether policy makers should allocate individuals to particular 

programmes based on their sub-group classification. For example, those who have no 

formal education currently have a greater likelihood of being allocated to training 

programmes than those with other levels of education. While this may seem logical, in 

that this group has lower skills, the evidence suggests that subsidies are more effective 

even for this group. The lower impact of training may be due to the limited time spent 

in these programmes. Training programmes do, however, have a beneficial impact for 

those with a school level qualification. Of the specific interventions only Job Plus has a 

beneficial effect on sub-groups. Those with no formal qualification benefit, as do 

Maori. 

Overall, the results indicate that there are mixed results from the specific programmes. 

While Enterprise Allowance, Job Plus and Comnlunity Task Force have beneficial 

impacts, Training Opportunities and Task Force Green have no measurable impact. This 

raises the issue of whether consideration should be given to extending the length of the 

successful programmes. However, there i s  the evidence from Slovakia (Lubyova & van 

Ours, 1999) that the effects are not necessarily scaleable. Further, the estimator used in 

this study is the effect of treatment on the treated. The marginal treatment effect 

estimator would be required to analysc the impact of extending the programmes. 

One of the important implications of this study is that it is worthwhile for policy makers 

to take into account methodological developments when they seek advice on their active 

labour market programmes. Economic evaluation provides policy makers with 

information that they can use to guide their decision making. However, being cognisant 

of the advantages and disadvantages of alternative approaches equips policy makers 

with enhanced interpretive capabilities. This study has highlighted some factors policy 

makers should consider when seeking input on their programmes. In particular, given 

the weaknesses of each estimator, it is usefill to use more than one. Secondly, 

researchers providing advice should be explicit about the manner in which they have 

dealt with omitted variables and selection bias, as these can influence the estimates and 

subsequent advice. Thirdly, policy makers need to be aware of the potential impact that 



creating datasets can have on the results. Finally, policy makers can aid the evaluation 

process greatly by facilitating the creation of datasets that may be used to undertake 

evaluation studies. 

8.5 Limitations of the Study 

While this study provides an evaluation of active labour market policies in New 

Zealand, there are some aspects that have limited its scope and coverage. These aspects 

are outlined in this section. 

As discussed in Chapter Six one of the major limitations in this study is the dependent 

variable. This is the length of time that someone is registered as unemployed in New 

Zealand. While the dependent variable is detem~ined by what is available in the dataset, 

it is somewhat limited. Other dependent variables would have been useful, including 

earnings, wages and type of occupation people move to when they move out of 

unemployment. Throughout the study a decrease in the dependent variable has been 

considered a beneficial outcome. However, individuals leaving registered unemployed 

may not be moving into jobs. They may be moving out of the labour force, to another 

government benefit or even overseas. The data in New Zealand does not make it 

possible to identify the status of an individual following exit from the register. 

The dataset itself is both a strength and a weakness of this study. The strength is that 

the dataset is comprehensive, in that it covers everyone who was registered as 

unemployed between 1989 and 1997. It also includes details on all interventions 

received by the unemployed over those years. The weakness is that the variables in the 

dataset are limited. In particular, there is not enough information to control for family 

circumstnnces, motivation, ability, and for previous workforce and labour market 

history. These variables are important determinants of labour market outcomes. Access 

to these could have added precision to the estimates. 

Another limitation, as referred to in Chapter Six, is the interpretation of the effect of the 

programmes. This is based on a comparison of the impact of participation in active 

labour market programmes. However, it does not take into account the resource cost of 



participation. A possible implication is that a programme that has only a small impact 

may be very cost effective and a programme that has a large impact may not. Access to 

this data would make it possible to provide a benefitlinput cost measure for each 

programme. 

A final limitation is the programmes themselves. These are categorised as subsidy, 

work experience or training programmes. However, in each programme there may well 

be aspects of other programmes. For example, Enterprise Allowance includes training, 

coaching and mentoring as well as the subsidy. Training Opportunities, if it includes a 

workplace component, has aspects of work experience. This overlapping of 

programmes makes it difficult to identify exactly what it is about the programme that 

makes i t  successhl or unsuccessfid. 

8.6 Future Research 

This study represents one of the first comprehensive evaluations of active labour market 

programmes in New Zealand. As such, it makes a unique contribution to economic 

evaluation, presents findings on the effectiveness of the programmes used and insights 

into some of the methodological issues involved. However, as well as answering some 

of the questions concerning the impact of active labour market programmes in New 

Zealand, it also points to research that still needs to be completed. This future research 

could be based on further analysis of the master dataset, or on alternative datasets that 

are now becoming available in New Zealand. The discussion below, therefore, is of the 

research directions that would enhance an understanding of the impact of active labour 

market programmes in New Zealand. 

There are several directions in which this current research could move. An extension of 

the disaggregated analysis to other groups would be beneficial. This could include sub- 

groups based on age, length of time unemployed and regional location. This latter 

could be fruitful, particularly if there is infornlation available that indicates different 

regional offices emphasised different programmes. This could be used as a quasi- 

experimental design. 



Another issue that needs more research is the role of time in evaluation of active labour 

market programmes. In this study the impact of interventions up to two years after 

participation were considered. It would be useful to extend this out hrther, so as to 

obtain a better estimate of the permanent effects and the time path of impacts. As well 

as this aspect of time, is the analysis of whether the impacts vary over time. For 

example, does the impact vary depending whether people enter a programme after being 

a short time or a long time on the unemployment register. In addition, the question of 

whether the effects of a programme vary the longer a programme is in place is a further 

avenue of research worthy of exploration. 

There are t'urther research directions that require new and/or improved data. These 

include the evaluation of other outcomes than that studied here. The impact of 

interventions on wages, earnings, labour force status and type of employment gained 

following participation in an intervention are crucial research questions. Up-to-date 

data that either extends the existing dataset or provides new variables would enable 

longer time period analysis or make possible a wider range of estimators. In this 

context, it would be usefbl to estimate the marginal treatment effect so as to be able to 

estimate and provide policy advice on the effect of increasing or decreasing the size of 

programmes. Estimating the distributional effects, assuming there is individual 

heterogeneity, is also a useful research direction. This would enable policy makers to 

recognise that, while overall a programme may have only a small effect, there may be 

quantiles who benefit greatly. 

An aspect of extra data that would enhance the evaluation of active labour market 

programmes is access to information about the administration of the programmes. 

Currently, this is not available, due to the programmes in this study being administered 

by an organisation, the New Zealand Employment Service, which no longer exists. 

Information on active labour market administration processes for the country as a whole 

and in particular offices, would improve the capability to model participation, to 

understand the allocation process and to estimate programme impacts. Improved 

infomlation on the details of programmes, including the components and the timing of 

their introduction, would make it possible to evaluate the impact of specific components 

of programmes upon participants. 



Appendices 

Appendix 1: Impact of Total lntervention (C Dataset) 

a. Length 1' 
Actual Actual b. Length IJ3 
Annual Cumulative Proportional c. wald4 

Group Coefficient Impact Impact Gain' F (P value) 
Total Sample 
T 0.53278 0.17662 0.17662 0.44723 a. 0.33 15 1 
I+ 1 -1.22788 -0.40705 -0.23043 -0.58348 b. 0.39492 
It2 -0.09730 -0.03226 -0.26269 -0.665 16 C. 64 1 1 (0.000) 
Cumulative -0.79240 

Education No Formal Education 
t 0.49848 0.15705 0.15705 0.35747 a. 0.3 1507 
1+ 1 -1.19759 -0.37732 -0.22027 -0.501 36 b. 0.43934 
t i2 -0.1 1938 -0.03761 -0.25788 -0.58697 C .  2986 (0.000) 
Cu~nulative -0.8 1850 
School Certificate >2+Senior Sch 
t 0.54756 0.19052 0.19052 0.53342 a. 0.34795 
t+ l - 1.23793 -0.43073 -0.2402 1 -0.67253 b. 0.35717 
t+2 -0.07093 -0.02468 -0.26489 -0.74 163 C. 2073 (0.000) 
Cumulative -0.761 29 
Post School or Trade + Degree /Prof 
t 0.62852 0.22902 0.22902 0.7387 1 a. 0.36438 
t+ 1 -1.28616 -0.46866 -0.23963 -0.77293 b. 0.3 1003 
t+2 -0.06650 -0.02423 -0.26386 -0.85 108 C. 1 142 (0.000) 
Cunii~lative -0.72414 

Ethnicity EuropeanIPakeha 
t 0.54842 0.19383 0.19383 0.52269 a. 0.35342 
t+ 1 - 1.26856 -0.44834 -0.2545 1 -0.68635 b. 0.37082 
t+2 -0.0599 1 -0.02 1 17 -0.27569 -0.74345 C. 4690 (0.000) 
Cumulative -0.78005 
Maori 
1 0.4796 1 0.14454 0.14454 0.30838 a. 0.30137 
t+ 1 -1 .OX358 -0.32656 -0.18202 -0.38833 b. 0.4687 1 
t t 2  -0.175 1 8 -0.05279 -0.2348 1 -0.50097 C. 993 (0.000) 
Cumulative -0.77915 
Pacific Islanders 
t 0.53219 0.15601 0.1560 1 0.35910 a. 0.293 15 
t+ 1 -1.203 15 -0.35270 -0.19669 -0.45274 b. 0.43445 
t+2 -0.16640 -0.04878 -0.24547 -0.56502 C. 40 1 (0.000) 
Cumulative -0.83737 
Other Ethnic Groups 
t 0.62 159 0.18903 0.18903 0.671 78 a. 0.304 l l 
t+ l -1.25258 -0.38092 -0.19189 -0.68195 b. 0.28139 
t+7 -0.10744 -0.03267 -0.22456 -0.79806 C. 238 (0.000) 
Cumulative -0.73843 

I Proporlional Gain = Cumulative Impact,/Length U 
Average lenglh of the intervention as a proportion of the year 

"verage length of h i e  unemployed in a year before receiving an intervention 
4 Wnld Test: Intervention, + Interventi~n,.~ + Intervention,.? = 0 



Appendix 2: Impact of Subsidies (C Dataset) 

a. Length 1' 
Actual Actual b. Length u3 
Annual Cumulative Proportional c. ~ a l d "  

(;rrrup Coefficient Impact Impact ~ a i n '  F (P value) 
Total Sample 
t 0.48102 0.18187 0.18187 0.46543 a. 0.37808 
[+ 1 - 1.2 1909 -0.46092 -0.27905 -0.71415 b. 0.39075 
t+2 -0.03485 -0.0 13 18 -0.29223 -0.74787 C.  5300 (0.000) 
Cumulative -0.77292 

Education No Formal Education 
I 0.44768 0.16 190 0.16190 0.37 165 a. 0.36164 
I+ 1 -1.19778 -0.433 17 -0.27127 -0.62272 b. 0.43562 
t+2 -0.041 56 -0.01503 -0.28630 -0.65722 C. 2295 (0.000) 
Cumulative -0.79 166 
School Certificate >2 + Senior School 
t 0.49564 0.194 1 8 0.19418 0.54574 a. 0.39178 
t+ I -1.22335 -0.47929 -0.28510 -0.80 127 b. 0.3558 1 
t+2 -0.02437 -0.00955 -0.29465 -0.828 10 C .  1840 (0.000) 
Cumulative -0.75208 
Post School or Trade & Degree or Professional 
t 0.55336 0.22589 0.22589 0.70635 a. 0.40822 
t+ 1 - 1.26 137 -0.5 1492 -0.28902 -0.90375 b. 0.3 1980 
t+2 -0.02856 -0.0 1 166 -0.30068 -0.94020 C. 11 1 1  (0.000) 
Cumulative -0.73657 

Ethnicity European/Pakeha 
t 0.5 1457 0.20 160 0.20 160 0.54292 a. 0.39 178 
I+ 1 -1.24946 -0.48952 -0.28792 -0.77538 b. 0.37 132 
t+2 -0.02965 -0.0 1 162 -0.29953 -0.80666 C. 42 16 (0.000) 
Cumdative -0.76455 
Maori  
t 0.39468 0.13300 0.13300 0.28591 a. 0.33699 
I+ 1 -11081 I -0.37342 -0.24041 -0.5 168 1 b. 0.465 19 
t t2  -0,0689 1 -0.02322 -0.26364 -0.56674 C. 75 1 (0.000) 
Cumulalive -0.78234 
Pacific Islanders 
t 0.38569 0.14794 0.14794 0.34064 a. 0.38356 
t t l  - 1.17902 -0.45223 -0.30429 -0.70066 b. 0.43429 
1 t2  -0.0 19 15 -0.00735 -0.3 1 164 -0.7 1757 C. 266 (0.000) 
Cumulative -0.8 1248 - 
Other Ethnic Groups 
L 0.46546 0.17088 0.17088 0.61 685 a. 0.36712 
I+ 1 - 1.24727 -0.45790 -0.28702 -1.03609 b. 0.27702 
t+2 0.0 1206 0.00443 -0.28259 -1.0201 1 C. 181 (0.000) 
Cumulative -0.76975 

I Proportional Gain = Cumulative Inipact,/Length U 
' Average length of h e  Subsidy as a proportion of the year 

Average length of time unemployed in a year before receiving an intervention 
4 Wald Test: Subsidy, + Sub~idy,.~ + Subsidy,-? = 0 



Appendix 3: Impact of Work Experience (C Dataset) 

a. Length 1' 
Actual Actual b. Length u.' 
Annual Cumulative Proportional c. wald4 

Group Coefficient Impact Impact ~ a i n l  F (_P value) 

Total Sample 
I 0.90329 0.30899 0.70849 0.55336 a. 0.2 1644 
t+ l - l .40008 -0.30303 -0.09454 -0,2509 I b. 0.37678 
14 2 -0.4 I656 -0.090 I h -0.18470 -0.49020 C. 245 (0.000) 
Cu~nulalive -0.85335 

I Proportional Gain - C'umulativc Impact,/Lrnplh U 
' Average length of the Subsidy as a proportion of the year 
' Aberage Icngth of time ~~nemployecl in a year hcfore receiving an inlervenlion 
' Wald Test: Subsidy, + Subsidy,., -1- Subsidy,.: = O 



Appendix 4: Impact of Training (C Dataset) 

a. Length I' 
Actual Actual b. Length u3 
Annual Cumulative Proportional c. wald4 

Group Coefficient lnipact Impact ~ a i n '  F (P value) 
Total Sample 
1 0.8070 1 0.1835 1 0.1835 1 0.44770 a. 0.22740 
t t  1 -1.24358 -0.28392 -0.1004 1 -0.24497 b. 0.40990 
t+2 -0.48033 -0.10923 -0.20964 -0.5 1 144 C. I OX9 (0.000) 
Cumulative -0.92 190 

Education No Formal Education 
t 0.68390 0.15950 0.15950 0.35835 a. 0.23288 
t i -  I -1.16807 -0.51989 -0.36039 -0.8097 1 b. 0.44508 
t+2 -0.44745 -0.10420 -0.46459 - 1.04383 C. 698 (0.000) 
Cumulative -0.93062 
School Certificate >2 & Senior 
t 0.94979 0.20557 0.20557 0.55 1 1 1 a. 0.21 644 
tt- 1 - 1.34981 -0.292 15 -0.08658 -0.232 1 1 b. 0.37301 
1+2 -0.46772 -0.10 123 -0.1878 1 -0.50350 C. 2 10 (0.000) 
Cumulalive -0.86773 
Post School or Trade Degree Prof 
t 1.76781 0.36809 0.36809 1.25725 a. 0.20822 
t t l  - 1.6 1934 -0.337 18 0.0309 1 0.10559 b. 0.29277 
t+2 -0.69779 -0.14529 -0.1 1438 -0.39067 C. 36 (0.000) 
Cun~ulative -0.54932 

Ethnicity EuropeanIPakeha 
I 0.90492 0.18594 0.18594 0.47891 a. 0.20548 
t+ 1 - 1.49565 -0.30733 -0.12138 -0.3 1264 b. 0.38826 
1+2 -0.49052 -0.10079 -0.222 17 -0.57223 C. 492 (0.000) 
Cumiilative -1.08 125 
Maori  
I 0.7 1353 0.17594 0.17594 0.37669 a. 0.24658 
t+ I -0.984 17 -0.24267 -0.06673 -0.14288 b. 0.46706 
t+2 -0.449 18 -0.1 1076 -0.17749 -0.38001 C. 200 (0.000) 
Cumulative -0.7 1982 - 
Pacific 
Islanders 
t 0.79 177 0.1 7788 0. I7788 0.404 19 a. 0.22466 
t t  l - I  .24607 -0.27994 -0. I0206 -0.23 192 b. 0.44008 
1+3 -0.49422 -0.1 1 103 -0.2 1309 -0.4842 1 C. 17 1 (0.000) 
Cumulative -0.9485 1 
Other Ethnic Croups 
I 0.96 1 18 0.23700 0.23700 0.83878 a. 0.24658 
I+ 1 -1.23237 -0.30387 -0.06687 -0.23665 b. 0.28256 
I+2 -0.34 193 -0.0843 1 -0.151 18 -0.53504 C. 52 (0.000) 
Curnulalive -0.613 1 1  

I Proportional Gain = Cumulative Impact,/Lenglh U 
' Average length of Training as a proportion of the year 
1 Average length of time unemployed in a year before receiving an inlervenlion 
"ald Test: Training, -1- Training,., + Training,.? = 0 



Appendix 5: lnipact of Enterprise Allowance (C Dataset) 

a. Length 1- 
Actual Actual b. 1,ength u3 
Annual Cumulative I'roportional c. ~ a l d "  

Group Coefficient Impact Impact Gain1 F ( P  value) 
Total Sanlple 
I 0.53983 0.269 18 0.269 I8 0.8 1864 a. 0.49863 
It1 - I .  15968 -0.57825 -0.30908 -0.93909 b. 0.32881 
I t2 0.00233 0.00 1 16 -0.3U79 I -0.93646 C. 500 (0.000) 
Curnulatiw -0.6 1752 

' Proportional Ciain - Cum~llative I~npact,/LengIl~ U 
Avcrugc length ofTsaining us a proportion ol 'he  year 

' Average length of time unemployed in a year before receiving a n  inlervention 
.I Wald Test: Training, 4. Training,., 4 Training,.: = 0 



Appendix 6: Impact of Jub Plfus (C Dataset) 

a. Length 1' 
Actual Aetual b. Length U' 
Annual Cumrnlative PlroportSoaal c. ~ a k t  

Group Coefficient -- Imtact Impact  ah' F (P value) 
Total 
Sample 
I 0.43429 0.170 15 0.17015 0.442 19 a. 0.39 1 78 
14-1 -1.24005 -0.48583 -0.3 1568 -0.82042 b. 0.38478 
t+2 -0.01 238 -0.00485 -0.32053 -0.83303 C. 4414 (0.000) 
Cmla l ive  -0.81814 

Education No Formal Educatian 
t 0.4 1274 0.1583 1 0.1583 1 0.37588 a. 0.38356 
t+l - 1.20948 -0.4639 1 -0.30560 -0.72557 b. 0.421 18 
t+2 -0.02017 -0.00774 -0.3 1333 -0.74394 C. 1 925 (0.000) 
Cumulative -0.8 1690 
School Cert'ificate >2 + Senior School 
t 0.45415 0.17917 0.17917 0.49938 a. 0.39452 
14-1 -1.26739 -0.50001 -0.32084 -0.89423 b, 0.35879 
t+2 0.00454 0.00119 -0.3 1905 -0.88924 C. 1544 (0.000) 
Cumulative -0.80870 
Post School or Trade + Degree or Prof 
t 0.47796 0.19380 0.19380 0.6064% a. 0.40548 
t+l - 1.26807 -0.5 1454 -0.32074 - 1.00373 b. 0.3 1 954 
t t 2  -0.0 I038 -0.0042 1 -0.32495 -1.016W C. 87 1 (0.000) 
Cumulative -0.801 40 

Ethnfcity EuropeanlPakeha 
t 0.47 170 0.186 10 0.18610 0,50277 a. 0.39452 
t t l  - 1.27047 -0.50 123 -0.31513 -0.85 139 b. 0.3701 4 
1+2 -0.01403 -0.00554 -0.32067 -0.86634 C. 3495 (0.000) 
Cumulative -0.8 1280 
Maori 
I 0.30094 0.11378 0.1 1378 0.39413 a. 0.37808 
11 I - 1.1  2232 -0.42433 -0.3 I055 -1.07574 b. 0.28869 
11 1 -0.02039 -0.0077 1 -0.3 1826 - 1.10244 0.642 (0.000) 
C'un~ul,~l~\ c -0.84 177 
Pacific Islaoders 
1 0.38689 0.15 158 0.15158 0.35445 a. 0.391 78 
t t l - 1.2 123 1 -0.47496 -0.32338 -0.75620 b. 0.42764 
1 1 1  0.00006 (J.00002 -0.32336 -0.756 14 C. 234 (O.OO0) 
C~rmula t~~e  -0.52535 
Other Ethnic Croups 
1 0.49022 0.18400 0. I 8400 0.69252 a. 0.37534 
t+ 1 - 1  .?750 1 -0.47857 -0.29456 -1.20864 b. 0.26570 
t4-2 0.054 16 0.02033 -0.27423 -1.0321 3 c. 126 (0.000) 
'urndative -0.73062 

' Proportional Gain = Cumulative lmpact,/Length II 
* Average length of Job PIUS as a proportion ofthe year 

Average lengfh of time unemployed in a yew before receiving an ihtewenlion 
' Wald Test: Job Plus, + Job Plus,., -t Job Plus,-2 = 0 



Appendix 7: Impact of Task Force Green (C Dataset) 
- 

a. Length I' 
Actual Actual b. Length U' 
Annual Cumulative Proportional c. wald4 

Croup Coefticient Impact Impact Cain' F (P value) 
Total Sample 
t 0.70003 0.1 8604 0.1 8604 , 0.414 15 a. 0.26575 
I+ 1 -1.17062 -0.31110 -0.12506 -0.2784 1 b. 0.44920 
t+2 -0.2463 1 -0.06546 -0.1 9052 -0.424 13 C. 53 1 (0.000) 
Cumulative -0.7 1690 

Education No Formal Education 
t 0.64972 0.15308 0.15308 0.30725 a. 0.23562 
t t l  -1.15667 -0.27253 -0.1 1945 -0.23974 b. 0.49824 
t t 2  -0.26579 -0.06262 -0.1 8207 -0.36542 C. 252 (0.000) 
Cumulative -0.77274 
School Certificate >2 +Senior School 
I 0.73768 0.7 1423 0.2 1423 0.54837 a. 0.29041 
t t 1 -1.13021 -0.32823 -0.1 1400 -0.29 1 80 b. 0.39067 
1-+2 -0.21 670 -0.06293 -0.17693 -0,45289 C. 137 (0.000) 

-0.60923 
Post School or Trade + Degree or Prof 
t 0.78019 0.25864 0.25864 0.69846 a. 0.33 15 1 
t+ l - 1.26738 -0.420 15 -0.16151 -0.43615 b. 0.37030 
t+2 -0.23256 -0.07709 -0.23860 -0.64434 C. 132 (0.000) 
Cumulative -0.7 1974 

Ethnicity EuropcanIPakeha 
t 0.76070 0.2 1466 0.2 1466 0.5 1745 a. 0.282 19 
1-t I -1.232 18 -0.34771 -0.13305 -0.3207 1 b. 0.4 1485 
i t  2 -0.235 13 -0.06635 -0.19940 -0.48066 C. 366 (0,000) 
Cuniulative -0.7066 1 

Maori 
t 0.66352 0. I5634 0.15634 0.30904 a. 0.23562 
t+ 1 - 1.07459 -0.253 19 -0.09685 -0.19 146 b. 0.50588 
I+2 -0.2582 1 -0.06084 -0.15769 -0.3 1 172 C. 109 (0.000) 
Cumul+ive -0:66928 
Pacific Islanders 
t 0.470 14 0.12494 0.12494 0.24455 a. 0.26575 
I +  l -0.93 174 -0.2476 1 -0.12267 -0.2401 1 b. 0.5 109 1 
t+2 -0.2 1382 -0.05682 -0.17950 -0.35 133 C. 13 (0.000) 
Cumula~ive -0.67542 
Other Ethnic Groups 
t 0.34908 0.09564 0.09564 0.2946 1 a. 0.27397 
It1 -0.9 8 167 -0.26895 -0.1733 1 -0.53388 b. 0.32463 
i t 2  -0.25633 -0.07023 -0.24354 -0.75021 C. 22 (0.000) 

I Proportional Gain = Cumidalive Impact,/Lengtli U 
Average length of Task Force Green as a proportion of the year 
Average length of time i~neniployed in a year before receiving an intervention 

.I Wald Test: Task Force Green, + Task Force Green,.! + Tosk Force Green,.? = 0 



Appendix 8: Impact of Community Task Force (C Dataset) 

a. Length I' 
Actual Actual b. Length U' 
Annual Cumulative Proportional c. Nrald4 

Group Coeflicient Impact l ~npac t  ~ a i n '  F (P value) 

Total  Sample 
t 0.9726 1 0.22 1 17 0.22 1 17 0 58800 a. 0.22740 
t i  1 -1.37955 -0 31371 -0.09253 -0.24602 h. 0.37614 
112 -0 42 143 -0 09583 -0.18837 -0.50080 c. 726 (0.000) 
C'umi~lalivr - 0 . m 3 7  

' I'r-oportional Gain = Cu~nulalivc Impncr,~Lc~lglh U 
Aver:yc Icnglli of Task Forcc Grew as n proporlion of the year 
Averiige length of  time unemplvyed in a year before receiving : ~ n  intervenlion 
Wuld Tcst: Task Force Cirecn, 1 'Task Force G r e ~ n , . ~  + Task Force Green,.? = 0 



Appendix 9: Impact of Training Opportunities (C Dataset) 

a. Length I' 
Actual Actual b. Length U' 
Annual Cumulative Proportional C. wald4 

(.; rnup ..... . Coefficient Impact Impact ~ a i n '  F (P value) 
Total Sample 
t 0.80640 0.1 8337 0.18337 0.43646 a. 0.22740 
t+1 - 1.24706 -0.28358 -0.10020 -0.2385 1 b. 0.42014 
1+2 -0.480 10 -0.109 17 -0.20938 -0.49836 C. 1087 (0.000) 
Cumulative -0.92076 

Education N o  Formal Education 
t 0.6850 1 0.15952 0.15952 0.35376 a. 0.23288 
t i  l -1.16752 -0.27 189 -0.1 1237 -0.249 18 b. 0.45093 
1+2 -0.44781) -0.10425 -0.2 1 665 -0.48044 c. 698 (0.000) 
Cumulative -0.9303 1 
School Certificate >2 + Senior School 
t 0.94806 0.20520 0.20530 0.54065 a. 0.21644 
t +  I - 1.34565 -0.29 1 25 -0.08605 -0.22673 b. 0.37954 
I+2 -0.4h690 -0.10 106 -0.1871 1 -0.49299 C. 209 (0.000) 
Cumulalive -0.86449 
Post School or Trade + Degree or Prof 
t 1.76544 0.36760 0.36760 1.24829 a. 0.20822 
t t l  -1.61422 -0.3361 1 0.03 149 0.10692 b. 0.29448 
t i  2 -0.69564 -0.14485 -0.1 1336 -0.38495 C. 35 (0.000) 
Cumi~lative -0.54443 
EuropeanlPakeha 
t 0.90343 0.18564 0.18564 0.46291 a. 0.20548 
t+ 1 - 1.49 197 -0.30657 -0.12093 -0.30 156 b. 0.40 102 
t t 2  -0.489451 -0.10058 -0.22 15 1 -0.55237 C .  489 (0.000) 
C~~~nulntive - 1.0780 1 
Maor i  
t 0.7 1378 0.1 7600 0.17600 0.37309 a. 0.24658 
1+ 1 -0.98354 -0.24251 -0.06652 -0.14 100 b. 0.47 173 
t-1-2 -0,44946 -0.1 1083 -0.17734 -0.37594 C. 200 (0.000) 
Ctunulative -0.7 1922 
Pacific Islanders 
1 0.79 16 1 0.1 7784 0.17784 0.40074 a. 0.22466 
I+ I - 1.24577 -0.27987 -0.10203 -0.2299 1 h. 0.44378 
t+2 -0.4943 1 -0.1 1 105 -0.21 308 -0.48015 C. 171 (0.000) 
Cumulalivc -- -0.94847 -- 
Other Ethnic Croups 
I 0.95993 0.23669 0.23669 0.80545 a. 0.24658 
L-I I -1.23088 -0.30350 -0.0668 1 -0.12735 b. 0.29387 
t t2  -0.34 156 -0.08422 -0.15 103 -0.5 1394 C. 52 (0.000) 
Cu~nulative -0.6 125 1 

' Proportional Ciain = Cumulative ~~n~nc t , /~eng th  U 
Average length of Training Opportmities as a proportion of the year 
' Average length of time unemployed i n  a year b e h e  receiving an intervention 
' Wald Test: Training Opportunities, + Training Opportunities,., + Training Opp~rtunities,.~ = 0 
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