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ABSTRACT 

This thesis is comprised of three separate studies which examine different facets of the 

investment decision making process. A full literature review is included as an additional 

chapter following each study. The first study takes a broad perspective and focuses on the 

decision by retail investors to participate in risky asset markets. In particular, it examines 

whether the positive relation between financial literacy and participation in risky asset markets 

persists when allowing for variation on a more innate level: an individual’s propensity for 

financial planning. Propensity for financial planning is shown to be strongly positively 

associated with stock market participation as well as membership in KiwiSaver, a voluntary 

workplace retirement savings scheme in New Zealand. The positive association with financial 

literacy also remains, however, even when controlling for a comprehensive range of 

demographic characteristics and other control variables. Additional tests suggest that these two 

variables operate through separate channels. The second study takes a narrower perspective in 

investigating how social interaction is related to risk taking by retail investors. In contrast to 

recent theories from the finance literature, the results suggest that investors who tend to 

purchase stocks with high volatility or skewness moderate their risk taking once they begin to 

interact with other investors. These results are consistent with evidence from the experimental 

economics literature which indicates that individuals lower their propensity to accept 

investments with lottery-like payoffs when they are making decisions in a group setting relative 

to an individual setting. Finally, the third study concentrates on the investment decisions of 

short sellers, a sophisticated subgroup of investors, during the days leading up to important 

announcements in the drug development process. The study finds that on average, short sellers 

trade successfully during this period. Short sales rise significantly more in the days leading up 

to very negative drug development announcements relative to very positive announcements. 

Additional analysis indicates that superior information processing abilities rather than leakage 

of insider information are the more likely explanation for these results.  
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INTRODUCTION 

Understanding investor decision making remains one of the greatest challenges in 

finance. Countless factors have been identified which can cause individual investors to deviate 

from the theoretical ideal of Rational Economic Man proposed by early economists (Thaler, 

2000). Not all investors possess the knowledge or the skill set required to process information 

effectively and make optimal financial decisions (Kahneman, 2003). Individuals may be 

influenced to varying degrees by psychological factors and biases (Barberis & Thaler, 2003). 

Even if equipped with perfect information processing capabilities, access to information is not 

always equal (Glosten, & Milgrom, 1985). Despite this, increasing our understanding of 

investor decision making is important, since it is these decisions which play a key role in 

determining the financial welfare of individuals. In addition, it is the collective beliefs and 

decisions of investors which set the prices of assets, drive market booms and crashes and 

ultimately determine whether capital markets allocate resources efficiently. 

This thesis contributes to our understanding of investor decision making. It consists of 

three studies, each of which addresses a separate aspect of the investor decision making 

process. Each study uses its own data source and is presented as a standalone paper. Relevant 

literature is summarised within the text of each study. In addition, a comprehensive review of 

prior research is provided separately at the end of every chapter. 

The first study, presented in Chapter 1, takes a broad perspective by examining the 

decision by retail investors to participate in risky asset markets. Recent research has 

emphasised the positive association between financial literacy and engagement in various types 

of financial behaviour including stock market participation (Van Rooij, Lusardi & Alessie, 

2011). Challenges in fully addressing endogeneity concerns raise the question as to whether 

other omitted and more innate variables may also be an important factor in explaining financial 

behaviour (Fernandes, Lynch & Netemeyer, 2014). In particular, my study explores the role 

that propensity for financial planning plays in the decision by retail investors to participate in 

risky asset markets. Propensity for financial planning is defined using individuals’ self-reported 



 

 

2 

 

tendency to set financial goals and produce financial plans. The data consist of the 2009 and 

2013 waves of the New Zealand Financial Knowledge Survey, which collect detailed financial, 

behavioural and demographic information for a representative sample of approximately 1,700 

New Zealanders.  

The key finding from this study is that the propensity for financial planning is 

significantly and positively correlated with risky asset market participation. This result holds 

whether stock market participation is defined as ownership of individual stocks and mutual 

funds or whether it is based on membership in KiwiSaver, a workplace retirement savings 

scheme unique to New Zealand. I also find that the positive association between financial 

literacy and risky asset market participation remains, suggesting that propensity for financial 

planning and financial literacy influence financial decision making through separate channels. 

The study further explores the process by which propensity for financial planning, as an 

innate personal characteristic, influences decision making. Under goal-setting theory, goals are 

viewed as important regulators of human action which induce positive behaviour through 

mechanisms including directing attention and increasing persistence (Latham, 2004; Locke & 

Latham, 1990). Similarly, planning behaviour helps individuals overcome distractions and 

reduces their likelihood of giving up (Gollwitzer, 1996). In empirical tests, I find a positive 

relation between financial literacy and individuals’ preferences for saving versus consuming, 

an important source of endogeneity identified in prior research (Jappelli & Padula, 2013). In 

contrast, propensity for financial planning shows no relation with these time preferences, 

supporting the notion that it is a more exogenous characteristic influencing financial decision 

making.  

Overall, this study makes two contributions which extend our understanding of investor 

decision making. First, it highlights the importance of innate characteristics, specifically the 

propensity for financial planning, in influencing the decision to participate in risky asset 

markets, even when controlling for financial literacy and a range of demographic factors. In 

addition, the study provides further support for the positive association between financial 
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literacy and participation in risky asset markets. Both of these two variables are important in 

explaining financial decision making, but they appear to operate through different channels. 

 The study presented in Chapter 2 moves the focus toward a more specific type of 

financial decision making in the form of individual stock market trades. In particular, it 

examines how social interaction among retail investors affects their level of risk taking. Social 

interaction is a fundamental component of all aspects of human behaviour and investing is no 

exception. Exploring whether and how investors are influenced by their peers is therefore 

essential to understanding the investment decisions they make.  

Recent research in the finance literature predicts that social interaction exacerbates risk 

taking among retail investors. According to a theoretical model by Han and Hirshleifer (2015), 

interacting individuals are subject to a “self-enhancing transmission bias” which causes them 

to prefer recounting successful relative to unsuccessful trading strategies. Since this bias is 

positively related to a strategy’s return variance and investors receiving this information are 

assumed not to properly account for the bias, trading strategies with high levels of risk and 

skewness spread among retail investors. In contrast, research from the experimental economics 

literature indicates that social interaction may have a different impact on risk taking. Controlled 

experiments show that decisions made as part of a group more closely reflect risk neutrality, 

meaning that the propensity to accept payoffs with high levels of skewness dimishes (He, 

Martinsson and Sutter (2012).  

In order to test these competing predictions, the study uses trade-by-trade data for a 

sample taken from the entire population of Finnish retail investors. In order to identify social 

interaction between investors, I employ a network-based method recently introduced to the 

finance literature by Ozsoylev, Walden, Yavuz and Bildik (2014). The method allows a proxy 

for social interaction to be constructed purely from trade-based data. A supplementary 

contribution from my study is that it further validates this measure as a proxy for social 

interaction and explores some of the channels of information diffusion among investors.  
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The results of the study do not support the notion that social interaction leads to more 

risky investment decisions. Once investors begin to interact, their level of risk taking tends to 

converge to the more neutral levels displayed by the peers with whom they interact. Analogous 

tests on a control sample of investors show that a large portion of this effect can be explained 

by general regression to the mean. However, I find that investors who display abnormally high 

levels of risk taking in the pre-interaction period tend to reduce their purchases of high-risk 

stocks more than the control sample when they begin to interact with their peers about stock 

purchase decisions. 

This study contributes to our understanding of investor decision making. It indicates that 

although social interaction does impact investor decision making, it is not in the direction 

predicted by recent finance research. Instead, it shows that the tendency for group decision 

making to moderate high-risk strategies in controlled economic experiments is also present 

among retail stock market investors. 

Whereas the first two chapters of this thesis both focus on retail investors, the final 

chapter explores decision making for a different type of investor, namely short sellers. The 

study explores whether this sophisticated group of investors tends to make profitable trading 

decisions during the days leading up to announcements related to the drug development 

process. The study uses a unique and comprehensive sample of over 4,600 events including 

FDA decisions, trial data releases and advisory panel announcements. Although events related 

to the drug development process are crucial for firms operating in the pharmaceutical industry, 

this type of corporate event has received little attention in the finance literature. The 

confidential and often complex nature of information about upcoming drug development 

announcements makes this a useful area to study decision making by sophisticated investors.  

Evidence of profitable decision making during the pre-announcement period has two 

possible explanations. First, short sellers may have superior information processing capabilities 

which allow them to obtain valuable insights from public information. Prior research indicates 

that short sellers possess such capabilities in other areas including around accounting 

restatements (Desai, Krishnamurthy, & Venkataraman, 2006; Drake, Myers, Scholz, & Sharp, 
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2015) and bond rating downgrades (Henry, Kisgen, & Wu, 2015). Moreover, sophisticated 

investors such as hedge funds have been found to generate abnormal returns through analysing 

public information obtained from the Food and Drug Administration (Gargano, Rossi, & 

Wermers, 2014). Alternatively, short sellers may derive a trading advantage through insider 

information. Evidence that short sellers trade on insider information has been provided in other 

settings such as analyst downgrades (Christophe, Ferri, & Hsieh, 2010) and insider sales 

(Chakrabarty & Shkilko, 2013; Khan & Lu, 2013). A number of recent stories presented in the 

media also suggest that insider trading occurs in the pharmaceutical industry. 

The results of the study indicate that short sellers do make profitable trading decisions 

prior to drug-related announcements. Short sales rise significantly more in the days leading up 

to announcements with the most negative announcement returns relative to those with the most 

positive announcement returns. The tests are based on abnormal short sales and the results hold 

whether the normal benchmark is formed using short sales during a preceding period for the 

same firm or using average short sales across a matching portfolio of firms. The study also 

explores the mechanisms which give rise to the short sellers’ profitable trading decisions. There 

is no evidence that the strength of the relation between pre-announcement short sales and 

announcement returns is related to time-series variation in SEC insider trading enforcement 

activity or cross-sectional differences in institutional investor ownership or country of 

incorporation. These results argue against the notion that short sellers base their decisions on 

insider information and suggest they instead possess superior analytical abilities in this 

specialised area. 

The first contribution of this study is that it documents the existence of profitable trading 

strategies for a sophisticated group of investors around an important but largely unexplored 

corporate event. By examining the potential reasons for this profitability, it also contributes to 

our understanding of how sophisticated investors make trading decisions in a complex 

information environment. 
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CHAPTER 1 

 

 

 

Participation in Risky Asset Markets and Propensity for 

Financial Planning: A Missing Link? 

 

 

 

 

 

Abstract 

This paper examines whether the association between financial literacy and participation in 

risky asset markets is robust to variation on a more innate level: the propensity for financial 

planning. I find that individuals’ propensity for financial planning is strongly positively related 

to stock market participation as well as membership in a voluntary workplace retirement 

savings scheme. This result holds when controlling for financial literacy and a range of 

demographic and control variables in a multivariate regression setting. Importantly, however, 

the positive association between financial literacy and risky asset market participation also 

persists, suggesting that these two variables operate through separate channels. 
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1. Introduction 

The observation that individuals allocate an insufficient portion of their investment 

portfolios to risky assets is a long-standing puzzle in the finance literature (Haliassos & Bertaut, 

1995; Mankiw & Zeldes, 1991; Campbell, 2006). The level of financial literacy has recently 

been identified as an important factor contributing to this phenomenon. For example, Van 

Rooij, Lusardi and Alessie (2011) show that the majority of individuals display only basic 

levels of financial literacy and that stock market participation is higher for those who possess 

more advanced financial knowledge. 

A particularly important but complex issue in this area of the literature is addressing 

endogeneity concerns. For example, Jappelli and Padula (2013) show that both wealth and the 

amount invested in financial literacy are correlated with the value individuals place on future 

consumption, resulting in a positive but non-causal correlation between these variables in the 

cross-section. In a meta-analysis of the prior literature, Fernandes, Lynch, and Netemeyer 

(2014) conclude that many empirical studies do not properly control for omitted variables and 

may therefore overestimate the effect of financial literacy on behaviour. These authors also 

show that psychological characteristics including propensity to plan for the use of money are 

associated with various savings-, investment- and credit-related behaviours. They find that 

including such controls greatly reduces the significance of financial literacy in explaining 

investment behaviour. In this study, I explicitly take the effect of a particularly important innate 

trait into account: an individual’s propensity for financial planning. The significance of this 

characteristic is recognised in the psychology literature and has also been shown to influence 

economic behaviour. I examine whether the association between financial literacy and 

participation in risky asset markets is robust to variation among individuals along this 

characteristic. 

I argue that unlike financial literacy, propensity for financial planning is a more innate 

characteristic not directly related to financial motivation. This notion is supported by evidence 

from the psychology literature suggesting that propensity to plan is associated with underlying 

and stable personality traits (Barrick & Mount, 1991; Judge, Higgins, Thoresen, & Barrick, 
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1999). Ameriks, Caplin and Leahy (2003) show that the inclination of individuals to plan in a 

financial context is mirrored by a greater propensity to plan in other aspects of life. I also test 

the “innateness” of propensity for financial planning more directly by examining the 

association between both the propensity to plan as well as financial literacy and a proxy for 

individual time preferences. According to Jappelli and Padula (2013), time preferences are a 

key source of endogeneity between financial literacy and investment behaviour. Consistent 

with this, I find a strong positive relation between financial literacy and time preferences. In 

contrast, there is no association between propensity for financial planning and time preferences, 

supporting the notion that propensity to plan is exogenously determined. 

In order to measure the propensity for financial planning, I use responses to questions 

measuring individuals’ commitment to financial goal setting and preparation of financial plans. 

According to psychology research, goal setting influences behaviour through mechanisms such 

as focusing attention, encouraging persistence, providing motivation to use existing knowledge 

and energising people (Latham, 2004; Locke & Latham, 1990). Moreover, establishing specific 

plans for achieving goals assists in overcoming distractions and other obstacles to goal 

achievement (Gollwitzer, 1996). The propensity for financial planning may therefore offer an 

important mechanism by which barriers to risky asset market participation can be overcome. 

For example, individuals who plan may be better able to recognise the potential long-term 

benefits of participation, even in the event of short-term set-backs. In a related context, 

Ameriks, Caplin and Leahy (2003) examine the link between a general propensity to plan, 

financial planning and wealth accumulation. These authors describe the channel by which the 

propensity to plan encourages wealth accumulation as “effortful self-control”. Individuals with 

a higher propensity to plan are better placed to recognise and rectify inappropriate spending 

patterns to bring actual behaviour into line with more optimal and desired behaviour. Given 

these findings, I hypothesise that individuals with a higher propensity for financial planning 

are more likely to invest in risky assets. The empirical tests in this paper examine whether such 

a relationship exists in a representative sample of retail investors.  
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This study makes use of the 2009 and 2013 waves of the New Zealand Financial 

Knowledge Survey. Each wave collects detailed data relating to the financial knowledge, 

attitudes and behaviours of approximately 850 individuals as well as a comprehensive range of 

demographic information. Financial literacy is measured by assessing responses to questions 

testing financial knowledge. Propensity for financial planning is measured by evaluating 

individuals’ approaches to setting financial goals and producing financial plans. I consider two 

measures of participation in risky asset markets. First, stock market participation is defined as 

ownership of individual stocks or mutual funds. The second measure is based on membership 

in KiwiSaver, a workplace retirement savings scheme unique to New Zealand. Including 

KiwiSaver membership as a measure of risky asset market participation presents unique 

advantages because KiwiSaver is likely to substantially reduce potential barriers to 

participation. Thanks to features such as automatic enrolment as well as employer and 

government contributions, KiwiSaver provides an ideal opportunity for individuals who 

recognise the potential benefits to participate in risky asset markets.  

The most important findings are summarised as follows. First, the propensity for financial 

planning is strongly and positively correlated with risky asset market participation. Moreover, 

financial planning loses almost none of its predictive power when controlling for financial 

literacy in a multivariate regression. Importantly, the positive relation between financial 

literacy and risky asset market participation is also maintained, suggesting that the two 

variables may influence financial behaviour through separate channels. Further tests show that 

the relationship is not driven by the influence of professional financial advisers who might 

assist individuals in the development of a financial plan. 

There are some additional prior studies which have examined the role of planning in the 

context of economic behaviour, some of which have focused primarily on retirement planning. 

For example, those who carry out retirement planning tend to have higher levels of wealth 

when they are close to retirement and are more likely to hold high-return assets (Lusardi, 2001; 

Lusardi & Mitchell, 2007a). Retirement planning also increases expectations of a comfortable 

retirement and enhances retirement satisfaction (Anderson, Li, Bechhofer, McCrone & 
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Stewart, 2000; Elder & Rudolph, 1999). Lynch, Netemeyer, Spiller and Zammit (2010) find a 

positive association between propensity to plan and credit scores. Financial literacy has also 

been shown to influence investor behaviour in a variety of contexts. Lusardi and Mitchell 

(2007a; 2011c) find that more financially literate individuals are also more likely to undertake 

retirement planning and attain higher levels of wealth at retirement. Furthermore, financially 

literate individuals are less likely to fall victim to predatory lending practices (Moore, 2003), 

incur lower debt-related expenses and fees (Lusardi & Tufano, 2009) and are less likely to 

engage in high-cost methods of borrowing (Lusardi & Scheresberg, 2013).  

This study makes two significant contributions. First, I provide new evidence to help 

explain cross-sectional variation in risky asset market participation. I find that individuals’ 

attitudes towards setting financial goals and financial planning hold considerable explanatory 

power independent of financial literacy. Second, I test an important alternative explanation for 

the positive relation between financial literacy and financial behaviour. I find, however, that 

the relationship is robust and holds even for those individuals who demonstrate the lowest 

propensity for financial planning. 

2. Data and variables 

 Financial Knowledge Survey 

Research in household finance has often been hindered by a lack of detailed and high 

quality survey data. Thanks to a relatively recently-launched initiative in New Zealand, I have 

access to a particularly rich dataset which includes not only measures of financial literacy, 

planning and behaviour, but also a comprehensive range of demographic variables.  

The data consist of two waves of the New Zealand Financial Knowledge Survey, carried 

out in 2009 and 2013. The surveys are conducted on behalf of New Zealand’s Commission for 

Financial Literacy and Retirement Income by the market research company, Colmar Brunton.1 

The surveys are designed to be representative of the adult population of New Zealand. A 

                                                 
1 The Commission for Financial Literacy and Retirement Income is an autonomous Crown Entity established in 

1993 with the goal of improving the financial wellbeing of New Zealanders. 
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stratified sampling approach is employed based on Statistics New Zealand area units and 

surveys are conducted using face-to-face interviews with an average duration of approximately 

one hour. The final samples for the 2009 and 2013 waves consist of 850 and 852 respondents 

respectively, with response rates of 62 and 59%.2 

After removing nine observations with missing values for the financial literacy and 

financial planning questions, I am left with a total of 1,693 observations. The sample which I 

use in the regressions and certain univariate analyses is slightly smaller since some respondents 

chose not to answer specific questions. 

2.2. Financial literacy variables 

Prior studies have applied a range of techniques for measuring financial literacy. The 

most direct way involves asking survey respondents a series of questions designed to test their 

financial knowledge. While the exact questions differ among studies, three particular questions 

first designed for the 2004 US Household and Retirement Survey (HRS) by Lusardi and 

Mitchell (2011a) have become a standard for testing basic financial literacy. The questions test 

the three basic concepts of interest compounding, inflation and risk diversification. Financial 

literacy as measured by these three basic questions has been shown to influence various aspects 

of financial behaviour, both in the US and internationally (see for example, Lusardi, Mitchell, 

and Curto, 2010; Lusardi and Mitchell, 2011c).3 However, as Van Rooij, Lusardi and Alessie 

(2011) show, more advanced questions hold additional explanatory power for more complex 

financial behaviour such as stock market participation. In their study, they include both a basic 

and an advanced index of financial literacy. They find that it is the advanced index which is 

most strongly related to participation in the equity market.  

Consistent with this, the New Zealand Financial Knowledge Survey incorporates a broad 

range of financial literacy questions, many of which are of an advanced nature. The specific 

                                                 
2 A more detailed description of the methodology used in carrying out the Financial Knowledge Surveys 

together with a report of the results is available from Colmar Brunton (2009; 2013). 
3 Lusardi and Mitchell (2011c) summarise the results of a recent international project on financial literacy in 

which eight countries included the standard questions (or slightly modified versions thereof) in national surveys. 
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topic areas assessed include money management, budgeting, debt management, home 

loans/mortgages, managing risk, saving, retirement planning, investing and consumer rights 

and responsibilities. The survey also allows respondents to state that they do not know the 

answer to a question or to refuse to answer a question. The exact wording of the questions as 

well as the response rates are provided in Table B.2 of Appendix B. 

In order to measure financial literacy, I construct an index comprised of responses to a 

total of 52 individual questions. The index measures the number of questions answered 

correctly by each respondent. Table 1 presents summary statistics for the financial literacy 

score index. As can be seen, the index is very consistent across the two waves of the survey. In 

the combined sample, the mean financial literacy score is 37.3 out of 52. There is a considerable 

amount of variation in financial knowledge across respondents with a 20th percentile of 31 and 

an 80th percentile of 45.  

Table 1: Summary statistics for financial literacy scores 

This table displays summary statistics for financial literacy scores for the 2009 and 2013 

subsamples as well as the combined sample. The financial literacy score is calculated as the 

number of financial literacy questions (out of 52) which a respondent answers correctly. Data 

are from the 2009 and 2013 waves of the New Zealand Financial Knowledge Survey. 

Year 

Financial literacy scores 

n Mean Median 

Standard 

deviation Min Q1 Q2 Q3 Q4 Max 

2009 845 37.2 39 8.5 5 30 36 41 45 52 

2013 848 37.3 38 7.8 3 31 36 40 44 52 

Combined 1693 37.3 38 8.1 3 31 36 40 45 52 

2.3. Financial planning 

In order to measure propensity for financial planning, I use responses to three questions 

from the Financial Knowledge Survey relating to an individual’s attitudes towards goal setting 

and constructing a financial plan. The use of these variables is motivated by an extensive 

literature in psychology on the role of goal setting and planning in influencing behaviour. I 

apply the variables both as an aggregated index as well as individually.  
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Goal-setting theory perceives goals as important regulators of human action (Locke & 

Latham, 1990). Four specific causal mechanisms have been identified by which goal setting 

induces more positive behavioural outcomes (Latham, 2004; Locke & Latham, 1990). These 

are diverting attention toward goal-relevant activities, increasing persistence, providing 

motivation to use existing knowledge and energising people. All of these mechanisms appear 

highly relevant in achieving positive savings or investment behaviour, which requires high 

persistence, discipline and the application of financial knowledge. Moreover, a positive 

association between goal setting and performance has also been documented in a variety of 

domains unrelated to finance including performance appraisal (Burke, Weitzel, & Weir, 1978), 

sports (Burton as cited in Locke & Latham, 1990) and manager work effectiveness (Oldham, 

1976). These results form the basis for the first two financial planning questions:  

Financial Planning Question 1: Do you have financial goals? 

Financial Planning Question 2 (If answered “yes” to above): Have these goals been 

written down or recorded somewhere? 

These two questions measure the goal setting component of an individual’s propensity for 

financial planning. Panel A of Table 2 shows that the majority of respondents (75.2%) 

answered “yes” to the first question in the combined 2009 and 2013 sample. For the second 

question, this proportion falls considerably to 25.7%. 
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Table 2: Summary statistics for propensity for financial planning questions and scores 

This table displays summary statistics for propensity for financial planning questions and 

scores for the 2009 and 2013 subsamples as well as the combined sample. Panel A shows the 

percentage of respondents answering each of the three propensity for financial planning 

questions correctly. Panel B shows summary statistics for the propensity for financial planning 

score and the percentage of respondents with each score. The propensity for financial planning 

score is calculated as the number of financial planning questions (out of 3) to which a 

respondent answers 'yes'. Data are from the 2009 and 2013 waves of the New Zealand Financial 

Knowledge Survey. 

Panel A: Responses to propensity for financial planning questions 

Question 

Percentage of respondents answering yes 

2009 2013 Combined 

Question 1 - Has financial goals 75.0 75.4 75.2 

Question 2 - Financial goals written down 21.8 29.6 25.7 

Question 3 - Financial plan written down 20.1 26.1 23.1 

Panel B: Summary statistics for propensity for financial planning scores     

        Percentage of respondents with different 

financial planning scores 

  n Mean Median 0 1 2 3 

2009 845 1.17 1.00 24.1 49.8 11.0 15.0 

2013 848 1.31 1.00 23.1 42.8 14.0 20.0 

Combined 1693 1.24 1.00 23.6 46.3 12.5 17.5 

A second branch of the psychology literature relates to how the formulation of specific 

plans can enhance the likelihood of goal achievement once such goals have been established. 

Planning helps individuals overcome obstacles to achieving their goals such as distractions or 

giving up when a situation becomes more difficult (Gollwitzer, 1996). Specific plans, or 

“implementation intentions”, which define a strategy for pursuing a desired goal enhance the 

likelihood of achieving the goal (Gollwitzer, 1993; 1999). Empirical studies have shown that 

such planning behaviour is beneficial in diverse settings including health (Orbeil, Hodgldns, & 

Sheeran, 1997), exercise (Milne, Orbell, & Sheeran, 2002), career-related and lifestyle 

(Gollwitzer & Brandstätter, 1997). Developing a financial plan to achieve one’s goals can 

therefore be viewed as the final step in the financial planning process. The third financial 

planning question captures this aspect: 
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Financial Planning Question 3: A financial plan is a written approach of the steps you 

plan to take to achieve your financial goals. Do you have a financial plan that is written 

down or recorded somewhere?4  

Question 3 is associated with the highest degree of financial planning because individuals must 

have thought about (and recorded) a series of steps in order to achieve their financial goals. 

These questions share several attributes with those applied by Ameriks, Caplin and Leahy 

(2003) in order to measure financial planning. In their study, the authors formulate two 

input/output questions which respectively ask whether respondents have spent time developing 

a financial plan and whether information has been gathered and reviewed to formulate a 

specific plan. In this sense, Financial Planning Questions 1 and 2 may also be viewed as input 

questions whereas Question 3 is an output question. 

The evidence from psychology discussed above suggests that both goal setting and the 

tendency to construct a formal plan are important components in demonstrating an individual’s 

overall propensity for financial planning. Although I consider the influence of these 

components individually in the main empirical tests, I also aggregate responses to the three 

questions into a financial planning index similar to the one constructed for financial literacy. 

For each question answered in the affirmative, a score of 1 is added to the index. Summary 

statistics for the financial planning score index are presented in Panel B of Table 2. The mean 

score is 1.24 out of 3 in the combined sample. 23.6% of respondents show very little propensity 

for financial planning, with a score of zero. Just under half of respondents show some 

propensity for financial planning, with a score of 1. A considerable portion of respondents 

demonstrate a greater amount of commitment to financial planning. 12.5% and 17.5% of the 

sample attain financial planning scores of 2 and 3 respectively. 

  

                                                 
4 In the 2009 wave, financial planning question 3 excludes the words ‘or recorded somewhere’. 
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2.4. Financial literacy versus financial planning 

I argue that unlike financial literacy, the propensity for financial planning is determined 

exogenously because it reflects individual differences on a more innate level. This notion is 

supported by evidence from the psychology literature which suggests that innate differences 

between individuals shape attitudes towards goal setting and planning. For example, studies 

have found that variation in global personality traits is associated with goal-setting motivation 

(Judge & Ilies, 2002) as well as the types of goals people set (Lee, Sheldon, & Turban, 2003). 

Similarly, conscientiousness, one of traits included in the five-factor model of psychology, is 

attributed with a tendency by individuals to demonstrate planfulness (Barrick & Mount, 1991; 

Judge, Higgins, Thoresen, & Barrick, 1999). Consciencousness, like the other Big-Five 

personality traits, has been shown to remain stable across adulthood and not respond in a 

material way to adverse life shocks relating to employment, family or health (e.g. Cobb-Clark 

& Schurer, 2012). Moreover, the relation between propensity for planning and positive 

behavioural outcomes is not specific to a finance context but applies to many different aspects 

of life. Ameriks, Caplin and Leahy (2003) find that the same individuals who are more likely 

to develop financial plans also show a greater propensity to plan in other areas such as vacation 

planning. As discussed above, other empirical studies have shown that planning contributes to 

more positive outcomes in settings unrelated to finance including health, sports and exercise, 

lifestyle and the workplace. 

In contrast, recent studies suggest that financial literacy as a variable suffers from strong 

endogeneity bias. A meta-analysis of the literature by Fernandes, Lynch and Netemeyer (2014) 

concludes that the measured effects of financial literacy on behaviour are significantly reduced 

when more stringent controls for omitted variables such as instrumental variables are included. 

Jappelli and Padula (2013) model a possible form of endogeneity through an intertemporal 

consumption model in which cross-sectional variation in both financial literacy and wealth are 

partly driven by individual differences in preference parameters, especially time preferences. 

In a later section of this paper, I show that while financial literacy is strongly positively 

correlated with a proxy for individual time preferences, propensity for financial planning is 



 

 

17 

 

not. It is also important to note that the survey questions on financial planning are intended to 

capture very different effects relative to the questions on financial literacy. For example, 

individuals can exhibit a high propensity for financial planning even if they are financially 

illiterate. The first two financial planning questions relate simply to financial goals. Financial 

goals can be very general, requiring no amount of sophisticated financial knowledge. The final 

question relates to producing a plan in order to achieve financial goals. Again, such a plan may 

be general in nature, comprised for example of a series of savings targets.  

The correlation coefficient between the financial literacy score and the financial planning 

score is 0.21. This is highly statistically significant but considerably lower than might be 

expected if the two measures were essentially proxying for the same effect. Table 3 provides a 

closer examination of the relationship between financial literacy and the propensity for 

financial planning in a univariate setting. It displays the percentage of respondents within each 

financial literacy quintile for each level of financial planning together with the mean literacy 

quintile for each level of planning. Among those individuals who have the lowest propensity 

for financial planning, 38.8% fall within the lowest financial literacy quintile and only 6.5% 

fall within the highest quintile. The mean literacy quintile for this group of individuals is 2.3. 

For the higher propensity for financial planning groups, patterns are not as clear. For example, 

the mean financial literacy quintile ranges between 3.0 and 3.3 for the remaining three 

propensity for financial planning groups.  

 Demographic variables 

Evidence from prior studies suggests that demographic and socioeconomic factors are 

correlated with financial behaviour (e.g. Campbell, 2006). In assessing the relationships 

between financial literacy and planning and market participation, it is therefore important to 

control for a comprehensive range of demographic variables. The Financial Knowledge Survey 

satisfies this requirement and collects data on demographic characteristics including age, 

gender, family status, ethnicity, education, wealth and income. Table B.1 in Appendix B 

provides a complete description of all the demographic and other control variables which are 

included in the analysis. 
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Table 3: Financial literacy by propensity for financial planning 

This table displays the percentage of respondents within different financial literacy score 

quintiles by financial planning score group and the mean quintile for each financial planning 

score group. The financial literacy score is calculated as the number of financial literacy 

questions (out of 52) which a respondent answers correctly. The propensity for financial 

planning score is calculated as the number of financial planning questions (out of 3) to which 

a respondent answers 'yes'. A Pearson Chi Square test is performed for the null hypothesis that 

the distribution of respondents over the five literacy quintiles is independent of the financial 

planning score group. Data are from the 2009 and 2013 waves of the New Zealand Financial 

Knowledge Survey. 

Propensity for financial 

planning score 

Financial literacy score quintiles 

1 (low) 2 3 4 5 (high) Mean N 

0 (Low) 38.8 20.0 17.8 17.0 6.5 2.3 400 

1 20.0 18.4 18.4 26.4 16.8 3.0 784 

2 17.0 16.0 16.5 25.0 25.5 3.3 212 

3 (High) 13.1 17.8 24.9 24.6 19.5 3.2 297 

  Χ2 = 117.75   p-value < .0001     

Tables 4 and 5 provide a brief analysis of how financial literacy and propensity for 

financial planning vary across demographic groups. Table 4 shows the percentage of 

respondents falling into different financial literacy quintiles according to various demographic 

groupings. The mean quintile for each group is also shown. A number of distinct patterns 

emerge and these are generally consistent with the results of prior studies. Firstly, the financial 

literacy score is hump-shaped with respect to age, rising steadily until age 54 before declining 

again. Females appear to have slightly lower levels of financial literacy than males. As 

expected, financial literacy rises monotonically with the level of the highest educational 

qualification. Differences are also apparent across ethnic groups, with Europeans and other 

ethnic groups tending to display higher levels of literacy than people of Maori, Pacific Island 

and Asian ethnicity.5 Financial literacy is strongly positively related to wealth and is higher for 

the employed relative to the unemployed as well as for those who received financial advice 

during the last 12 months.  

  

                                                 
5 Maori are the indigenous people of New Zealand. 
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Table 4: Financial literacy scores by demographic variables 

This table displays the percentage of respondents within different financial literacy score 

quintiles by demographic groups and the mean quintile for each demographic group. For each 

demographic variable, a Pearson Chi Square test is performed for the null hypothesis that the 

distribution of respondents over the five literacy quintiles is independent of the demographic 

variable. The financial literacy score is calculated as the number of financial literacy questions 

(out of 52) which a respondent answers correctly. Definitions of the demographic variables are 

provided in Table B.2 in Appendix B. Data are from the 2009 and 2013 waves of the New 

Zealand Financial Knowledge Survey. 

Age 

Financial literacy score quintiles 

1 (low) 2 3 4 5 (high) Mean N 

18-24 years 50.0 22.1 11.0 14.3 2.6 2.0 154 

25-34 years 30.2 19.0 19.4 21.1 10.3 2.6 232 

35-44 years 13.7 19.6 21.4 25.6 19.6 3.2 336 

45-54 years 14.0 14.0 17.7 30.7 23.7 3.4 300 

55-64 years 14.5 19.6 20.3 23.3 22.3 3.2 296 

Over 64 years 29.1 17.9 20.5 22.1 10.4 2.7 375 

  Χ2 = 169.12   p-value < .0001     

Gender 

Financial literacy score quintiles 

1 (low) 2 3 4 5 (high) Mean N 

Female 24.3 20.1 17.8 24.4 13.4 2.8 962 

Male 20.9 16.1 20.9 22.7 19.3 3.0 731 

  Χ2 = 17.25   p-value = .0017     

Highest level of 

education 

Financial literacy score quintiles 

1 (low) 2 3 4 5 (high) Mean N 

Secondary school without 

certificate or below 40.8 24.5 17.8 12.1 4.7 2.2 404 

Secondary school with 

certificate 23.1 20.3 19.0 24.8 12.8 2.8 399 

Technical, trade or other 

tertiary qualification 18.6 14.3 23.1 25.7 18.2 3.1 510 

University graduate 9.8 16.6 17.9 28.9 26.8 3.5 235 

University post graduate 5.8 13.0 10.9 38.4 31.9 3.8 138 

  Χ2 = 237.21   p-value < .0001     
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Table 4 continued               

Ethnicity 

Financial literacy score quintiles 

1 (low) 2 3 4 5 (high) Mean N 

European 18.1 16.8 20.2 25.7 19.3 3.1 1251 

Maori 50.0 26.3 11.5 9.6 2.6 1.9 156 

Pacific Islander 47.4 17.5 15.8 19.3 0.0 2.1 57 

Asian 31.7 22.8 20.3 20.3 4.9 2.4 123 

Other 16.0 20.8 17.9 27.4 17.9 3.1 106 

  Χ2 = 160.55   p-value < .0001     

Employment status 

Financial literacy score quintiles 

1 (low) 2 3 4 5 (high) Mean N 

Employed 15.5 17.2 20.2 26.4 20.6 3.2 1004 

Not employed 33.5 20.0 17.6 19.7 9.1 2.5 689 

  Χ2 = 102.46   p-value < .0001     

Net wealth 

Financial literacy score quintiles 

1 (low) 2 3 4 5 (high) Mean N 

Negative 40.2 23.1 18.7 12.7 5.4 2.2 386 

$0-$100,000 26.4 20.5 20.1 23.8 9.2 2.7 303 

$101,000-$300,000 25.0 18.5 18.2 23.8 14.6 2.8 336 

$301,000-$600,000 13.9 18.3 19.9 26.8 21.0 3.2 366 

$601,000 or over 5.6 10.3 18.9 33.8 31.5 3.8 302 

  Χ2 = 242.78   p-value < .0001     

Financial advice in last 

12 months 

Financial literacy score quintiles 

1 (low) 2 3 4 5 (high) Mean N 

Received financial advice 

in last 12 months 11.4 14.3 16.4 34.3 23.6 3.4 280 

Did not receive financial 

advice in last 12 months 24.9 19.2 19.7 21.7 14.5 2.8 1404 

  Χ2 = 50.35   p-value < .0001     

In regard to the propensity for financial planning, patterns are less clear-cut. As shown 

in Table 5, the financial planning score is relatively steady across most age groups but drops 

considerably for those aged over 64. There is much less variation across gender and ethnicity 

than is the case for financial literacy. The Pearson chi square tests do not allow the hypothesis 

that the financial planning score is independent of gender and ethnicity to be rejected. Patterns 

across education and net wealth subgroups are also weaker than is the case in relation to 

financial literacy. Respondents who are employed and those who have received financial 

advice during the last 12 months do appear to have a greater propensity for financial planning, 
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however. I also examine the relationships between financial literacy, financial planning and 

demographic variables in a series of multivariate regression models. These include 

specifications which model the probability of respondents having financial goals and financial 

plans separately. The results are consistent with the univariate results and are displayed and 

discussed in Appendix A. 

Table 5: Propensity for financial planning scores by demographic variables 

This table displays the percentage of respondents with different propensity for financial 

planning scores by demographic groups and the mean score for each group. For each variable, 

a Pearson Chi Square test is performed for the null hypothesis that the distribution of 

respondents over the four propensity for financial planning scores is independent of the 

demographic variable. The propensity for financial planning score is calculated as the number 

of financial planning questions (out of 3) to which a respondent answers 'yes'. Definitions of 

the demographic variables are provided in Table B.2 in Appendix B. Data are from the 2009 

and 2013 waves of the New Zealand Financial Knowledge Survey. 

Age 

Propensity for financial planning score 

0 (low) 1 2 3 (high) Mean N 

18-24 years 26.0 39.0 15.6 19.5 1.3 154 

25-34 years 21.1 49.1 10.8 19.0 1.3 232 

35-44 years 13.4 49.1 15.2 22.3 1.5 336 

45-54 years 14.7 52.0 12.0 21.3 1.4 300 

55-64 years 16.2 50.7 15.5 17.6 1.3 296 

Over 64 years 46.4 37.1 8.0 8.5 0.8 375 

  Χ2 = 164.99   p-value < .0001   

Gender 

Propensity for financial planning score 

0 (low) 1 2 3 (high) Mean N 

Female 22.0 48.0 12.3 17.7 1.3 962 

Male 25.7 44.0 12.9 17.4 1.2 731 

  Χ2 = 3.94   p-value =.2683   

Highest level of education 

Propensity for financial planning score 

0 (low) 1 2 3 (high) Mean N 

Secondary school without 

certificate or below 38.9 42.6 6.9 11.6 0.9 404 

Secondary school with 

certificate 21.3 45.9 15.8 17.0 1.3 399 

Technical, trade or other 

tertiary qualification 20.4 46.5 13.7 19.4 1.3 510 

University graduate 16.6 46.4 14.9 22.1 1.4 235 

University post graduate 9.4 58.0 10.9 21.7 1.4 138 

  Χ2 = 93.65   p-value < .0001   
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Table 5 continued             

Ethnicity 

Propensity for financial planning score 

0 (low) 1 2 3 (high) Mean N 

European 23.7 46.8 13.1 16.5 1.2 1251 

Maori 26.3 37.2 11.5 25.0 1.4 156 

Pacific Islander 28.1 50.9 7.0 14.0 1.1 57 

Asian 20.3 44.7 12.2 22.8 1.4 123 

Other 20.8 53.8 10.4 15.1 1.2 106 

  Χ2 = 17.03   p-value = .1484   

Employment status 

Propensity for financial planning score 

0 (low) 1 2 3 (high) Mean N 

Employed 13.1 51.7 14.4 20.7 1.4 1004 

Not employed 38.9 38.5 9.7 12.9 1.0 689 

  Χ2 = 151.55   p-value < .0001   

Net wealth 

Propensity for financial planning score 

0 (low) 1 2 3 (high) Mean N 

Negative 26.9 44.8 11.4 16.8 1.2 386 

$0-$100,000 21.1 46.2 11.9 20.8 1.3 303 

$101,000-$300,000 26.8 40.2 15.8 17.3 1.2 336 

$301,000-$600,000 24.0 52.2 10.1 13.7 1.1 366 

$601,000 or over 17.9 48.0 13.9 20.2 1.4 302 

  Χ2 = 25.89   p-value =.0111   

Financial advice in last 12 

months 

Propensity for financial planning score 

0 (low) 1 2 3 (high) Mean N 

Received financial advice in 

last 12 months 12.9 42.9 16.8 27.5 1.6 280 

Did not receive financial 

advice in last 12 months 25.3 47.3 11.8 15.7 1.2 1404 

  Χ2 = 39.74   p-value < .0001   

 Risky asset market participation variables 

I use two different measures of participation in risky asset markets. First, I consider 

whether individuals either own stocks directly or invest in unit trusts or mutual funds. This is 

similar to the measure employed by Van Rooij, Lusardi and Alessie (2011) and I refer to it as 

stock market participation.6 In my combined sample, the rate of participation in the stock 

                                                 
6 It is possible that some of the mutual funds and unit trusts do not hold equity securities. The Financial 

Knowledge Survey data does not allow me to differentiate between these different types of funds. 
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market is 23.9%. Examining the 2009 and 2013 survey waves separately, participation rates 

are 26.1% to 21.7% respectively. 

My second measure of participation in risky asset markets is unique to a New Zealand 

context and considers whether respondents are members of KiwiSaver. KiwiSaver is a 

voluntary workplace retirement savings scheme introduced by the New Zealand government 

in 2007. Members and their employers make regular contributions and also receive government 

benefits in the form of an initial lump-sum payment and member tax credits. However, the 

scheme is not government-guaranteed and members are free to choose their own KiwiSaver 

fund and fund managers. A variety of KiwiSaver funds are available and not all hold equity 

securities.7  

There are some important advantages of using KiwiSaver membership as an additional 

specification for risky asset market participation. Prior studies have pointed to fixed costs 

including entry costs and ongoing participation costs as representing potential barriers to 

market participation for certain investors, especially those with low wealth and incomes (e.g. 

Campbell, 2006; Vissing-Jorgensen, 2004). KiwiSaver presents relatively low entry costs and 

the employer and government contributions provide clear incentives for individuals to 

participate. Thus, KiwiSaver appears to provide an ideal opportunity for individuals who 

recognise its benefits to enter risky asset markets. To encourage membership, workers are 

automatically enrolled in KiwiSaver when they begin a new job. However, it is easy to opt out 

of the scheme and recent statistics published by the New Zealand Inland Revenue (2012) 

suggest that many people are making active choices in relation to their KiwiSaver schemes.  

For example, 68% of the 1.97 million members as at 30 June 2012 proactively opted in to 

KiwiSaver. Consistent with this, the KiwiSaver participation rate is higher than the stock 

market participation rate. In the combined sample, 37.7% of respondents are KiwiSaver 

members. As would be expected given that KiwiSaver is still a fairly new initiative, the 

participation rate has increased from 27.1% to 48.3% between 2009 and 2013.   

                                                 
7 For more information about the KiwiSaver scheme, see http://www.kiwisaver.govt.nz/. 
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3. Methodology 

The main empirical tests in this study examine whether propensity for financial planning 

influences risky asset market participation independent of financial literacy. I begin with a 

univariate setting and sort respondents into groups separately based on their financial literacy 

quintile and their propensity for financial planning index score. I then calculate risky asset 

market participation rates within each group. This indicates how participation rates differ by 

financial literacy and propensity for financial planning separately, but also allows a comparison 

of the magnitudes of the two effects.  

There are many additional factors which have been shown to affect risky asset market 

participation and I therefore adopt a multivariate regression setting to examine the effect of 

literacy and planning independent of each other and of a range of control variables. The first 

logistic regression specification is as follows: 

 𝑀𝐴𝑅𝐾𝐸𝑇_𝑃𝐴𝑅𝑇𝐼𝐶𝐼𝑃𝐴𝑇𝐼𝑂𝑁𝑖

= 𝛼 + ∑𝛽𝑗𝐹𝐼𝑁_𝐿𝐼𝑇_𝑄𝑈𝐼𝑁𝑇𝑗,𝑖 + ∑𝛾𝑘𝐹𝐼𝑁_𝑃𝐿𝐴𝑁_𝑆𝐶𝑂𝑅𝐸𝑘,𝑖

+ ∑𝛿𝑙𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑙,𝑖 + 휀𝑖. 

(1) 

𝑀𝐴𝑅𝐾𝐸𝑇_𝑃𝐴𝑅𝑇𝐼𝐶𝐼𝑃𝐴𝑇𝐼𝑂𝑁𝑖 is a dummy variable equal to 1 if a respondent participates in 

risky asset markets as defined by the participation measure and zero otherwise. (Separate 

regressions are carried out for the two specifications of market participation). 

𝐹𝐼𝑁_𝐿𝐼𝑇_𝑄𝑈𝐼𝑁𝑇𝑗,𝑖 refer to separate dummy variables for the financial literacy quintiles 2 to 5 

which take a value of 1 if a respondent’s score falls into a given quintile and zero otherwise. 

Including separate quintile dummies rather than the index score directly allows for the 

possibility of non-linearity in the relationship between financial literacy and market 

participation. Similarly, 𝐹𝐼𝑁_𝑃𝐿𝐴𝑁_𝑆𝐶𝑂𝑅𝐸𝑘,𝑖 denote separate dummy variables for financial 

planning index scores of 1 to 3 which take a value of 1 if a respondent attains a given score and 

zero otherwise. 𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑙,𝑖 refer to a comprehensive range of demographic and other control 

variables. These are defined in detail in Table B.2 of Appendix B. If the propensity for financial 
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planning is a significant predictor of risky asset market participation independent of financial 

literacy, the coefficients 𝛾𝑘 would be expected to be positive and statistically significant. The 

size of the coefficients would also be expected to increase across the financial planning score 

dummies.  

I also apply a second specification which tests the association between risky asset market 

participation and financial planning questions 1 and 3 separately: 

 𝑀𝐴𝑅𝐾𝐸𝑇_𝑃𝐴𝑅𝑇𝐼𝐶𝐼𝑃𝐴𝑇𝐼𝑂𝑁𝑖

= 𝛼 + ∑𝛽𝑗𝐹𝐼𝑁_𝐿𝐼𝑇_𝑄𝑈𝐼𝑁𝑇𝑗,𝑖 + 𝛾1𝐺𝑂𝐴𝐿𝑆𝑖

+ 𝛾2𝑊𝑅𝐼𝑇𝑇𝐸𝑁_𝑃𝐿𝐴𝑁𝑖 + ∑𝛿𝑙𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑙,𝑖 + 휀𝑖. 

(2) 

The coefficient estimates 𝛾1 and 𝛾2 indicate whether having financial goals and having a 

written financial plan respectively are independently related to participation in risky asset 

markets. For this specification, I also conduct a Wald test for the null hypothesis that the two 

components of propensity for financial planning are jointly equal to zero. 

A potential concern in examining the effect of an individual’s propensity for financial 

planning is that some individuals who score highly on the financial planning index might do 

so because of the assistance they received from a financial adviser. Professional financial 

advice usually involves developing or modifying an individual’s financial plan. As shown in 

the multivariate regression in Table A.1 of Appendix A, propensity for financial planning is 

positively correlated with whether an individual received advice from a financial adviser. I deal 

with this issue in two ways. First, I include a dummy control variable equal to 1 if an individual 

received financial advice during the last 12 months and 0 otherwise in all regression 

specifications. Second, I repeat the main regression specification (Equation 1) while separating 

individuals who received financial planning during the last 12 months from those that did not. 

I do this by including interaction terms between all the explanatory variables and the dummy 

variable for receiving financial advice. This allows the relationships between risky asset market 
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participation and the respective explanatory variables to be directly compared between these 

two groups of individuals. 

4. Results 

 Risky asset market participation 

4.1.1. Univariate analysis 

Table 6 displays how rates of stock market participation and KiwiSaver membership 

differ according to financial literacy, financial planning and demographic groupings. Both 

stock market participation and KiwiSaver membership are strongly positively related to 

financial literacy. The participation rate increases monotonically between the lowest and 

highest financial literacy quintiles from 10.8% to 45.6% for stock ownership and from 29.8% 

to 47.4% for KiwiSaver membership. A monotonic increase in risky asset market participation 

is also observable across financial planning scores. Stock ownership rises from 15.7% to 29.5% 

from the lowest to highest planning scores while KiwiSaver membership rises from 23.0% to 

48.8%. Pearson Chi Squared tests indicate that the null hypothesis that the distribution of risky 

asset market participation is independent of financial literacy and financial planning can be 

strongly rejected.  

Several significant patterns are also apparent between rates of market participation and 

demographic variables. Stock ownership rises steadily with age before dropping slightly for 

those aged over 64. KiwiSaver membership tends to be close to 50% for most age groups but 

drops dramatically to 9.1% among those aged over 64. Respondents in this age group may have 

already retired when KiwiSaver was first introduced, withdrew their KiwiSaver funds at 

retirement or perceived the future benefits of joining KiwiSaver to be low given they were 

close to retirement.8 Both stock ownership and KiwiSaver membership tend to rise with the 

level of education. Europeans tend to have higher stock market participation rates than other 

ethnic groups. Conversely, Europeans appear to have the lowest rates of participation in 

                                                 
8 However, government contributions (initial lump sum kick start and member tax credits) should make 

membership desirable even for those close to retirement. 
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KiwiSaver. Consistent with prior evidence, stock ownership also rises with net wealth. For 

those with net wealth between zero and $100,000, the participation rate is 15.8%. For those 

with net wealth $601,000 or over, this rises to 57.5%. In contrast, KiwiSaver membership tends 

to remain fairly steady across net wealth groups. Individuals who sought financial advice 

during the past 12 months are considerably more likely to own stocks and be members of 

KiwiSaver.  

Table 6: Risky asset market participation by financial literacy, propensity for financial 

planning and demographic groups 

This table displays rates of stock/mutual fund ownership and KiwiSaver membership by 

financial literacy quintile, propensity for financial planning score and demographic groups. For 

each variable, a Pearson Chi Square test is performed for the null hypothesis that the 

distribution of respondents across participation and non-participation is independent of the 

financial literacy quintile, propensity for financial planning score or demographic variable. The 

financial literacy score is calculated as the number of financial literacy questions (out of 52) 

which a respondent answers correctly. The propensity for financial planning score is calculated 

as the number of financial planning questions (out of 3) to which a respondent answers 'yes'. 

Definitions of the demographic variables are provided in Table B.2 in Appendix B. Data are 

from the 2009 and 2013 waves of the New Zealand Financial Knowledge Survey. 

Variable 

Stock/Mutual fund ownership   KiwiSaver membership 

n 

Participation rate 

(%)   n 

Participation rate 

(%) 

Financial literacy quintile 

1 (Low) 379 10.8   383 29.8 

2 306 15.4   311 36.0 

3 322 19.9   321 37.7 

4 400 31.5   399 40.1 

5 (High) 270 45.6   270 47.4 

  Χ2 = 133.08 p-value < .0001   Χ2 = 22.45 p-value = .0002 

Financial planning score 

0 (Low) 395 15.7   396 23.0 

1 777 24.6   782 39.3 

2 210 29.0   211 44.1 

3 (High) 295 29.5   295 48.8 

  Χ2 = 22.94 p-value < .0001   Χ2 = 56.50 p-value < .0001 

Age 

18-24 years 152 10.5   152 49.3 

25-34 years 228 9.2   230 41.7 

35-44 years 335 23.9   334 40.7 

  



 

 

28 

 

Table 6 continued 

45-54 years 298 24.8   300 45.3 

55-64 years 294 34.0   293 53.9 

Over 64 years 370 29.7   375 9.1 

  Χ2 = 65.57 p-value < .0001   Χ2 = 182.83 p-value < .0001 

Gender           

Female 951 21.8   956 37.3 

Male 726 26.7   728 38.2 

  Χ2 = 5.56 p-value = .0184   Χ2 = .1252 p-value =.7234 

Highest level of education 

Secondary school 

without certificate or 

below 401 16.0   403 23.1 

Secondary school with 

certificate 397 22.7   395 44.1 

Technical, trade or other 

tertiary qualification 506 24.3   507 38.5 

University graduate 229 33.2   235 46.0 

University post graduate 137 34.3   137 47.4 

  Χ2 = 33.24 p-value < .0001   Χ2 = 55.84 p-value < .0001 

Ethnicity 

European 1242 26.1   1245 35.2 

Maori 156 14.7   155 43.9 

Pacific Islander 56 14.3   57 50.9 

Asian 119 20.2   122 49.2 

Other 104 21.2   105 38.1 

  Χ2 = 14.64 p-value =.0055   Χ2 = 16.94 p-value = .0020 

Employment status 

Employed 994 25.7   1001 49.7 

Not employed 683 21.4   683 20.2 

  Χ2 = 4.07 p-value =.0436   Χ2 = 149.86 p-value < .0001 

Net wealth 

Negative 382 7.6   382 36.6 

$0-$100,000 297 15.8   302 44.0 

$101,000-$300,000 334 15.6   336 34.5 

$301,000-$600,000 363 27.5   365 36.7 

$601,000 or over 301 57.5   299 37.5 

  Χ2 = 268.38 p-value < .0001   Χ2 = 6.95 p-value = .1386 

Financial advice in last 12 months 

Received financial 

advice in last 12 months 278 52.2   277 43.0 

Did not receive 

financial advice in last 

12 months 1390 18.3   1398 36.8 

  Χ2 = 145.29 p-value < .0001   Χ2 = 3.68 p-value = .0550 
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4.1.2. Multivariate analysis 

Table 7 presents the results of logistic regressions conducted according to the 

specifications given in Equations 1 and 2. Financial market participation is defined by 

ownership of stocks and KiwiSaver membership in Panels A and B respectively. In each Panel, 

Model 1 includes dummies relating to the top four financial literacy quintiles and a 

comprehensive range of control variables. Models 2 and 3 also include an individual’s 

propensity for financial planning. Model 2 uses an individual’s score on the aggregate financial 

planning index while Model 3 adds separate dummies for financial planning questions 1 and 

3. Model 4 uses interaction terms to separate effects for individuals who received financial 

advice during the prior 12 months from those that did not. The first column under Model 4, 

labelled “IV”, displays coefficient estimates on the (non-interacted) independent variables. The 

second column, labelled “IV*Financial Advice”, displays coefficient estimates for interaction 

terms between each of the independent variables and a dummy equal to 1 if an individual 

received financial advice during the last 12 months and zero otherwise. 

As shown by the results for Model 1 in Panel A, financial literacy is strongly positively 

associated with stock market participation. The estimated coefficients on the financial literacy 

quintile dummy variables increase monotonically from quintiles 1 to 5. The coefficient 

estimates on the dummy variables for financial literacy quintiles 4 and 5 are statistically 

significant at the 5% and 1% levels respectively.   
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Table 7: Logistic regressions: risky asset market participation 

This table displays the results of logistic regression models of the probability of participation in risky asset markets. In Panel A, the dependent 

variable is a dummy variable taking a value of 1 if a respondent owns stocks or mutual funds and zero otherwise. In Panel B, the dependent variable 

is a dummy variable equal to 1 if a respondent is a KiwiSaver member and zero otherwise. Standard errors are shown in parentheses. The financial 

literacy score is calculated as the number of financial literacy questions (out of 52) which a respondent answers correctly. The propensity for 

financial planning score is calculated as the number of financial planning questions (out of 3) to which a respondent answers 'yes'. Q1: Financial 

goals and Q3: Financial plan are dummy variables equal to one if a respondent has financial goals or a written financial plan respectively and zero 

otherwise Definitions of the demographic and control variables are provided in Table B.2 in Appendix B. Data are from the 2009 and 2013 waves 

of the New Zealand Financial Knowledge Survey. *, ** and *** denote statistical significance at the 10%, 5% and 1% levels respectively. 

Panel A: Dependent variable = ownership of stocks 

Independent variables Model 1 Model 2 Model 3 

Model 4 

IV IV*Financial Advice 

Financial literacy quintile dummies (Base = Quintile 1) 

Financial literacy quintile 2 0.026 [0.289] -0.006 [0.291] -0.004 [0.291] 0.093 [0.339] -0.286 [0.797] 

Financial literacy quintile 3 0.182 [0.284] 0.124 [0.286] 0.124 [0.286] 0.229 [0.334] -0.589 [0.771] 

Financial literacy quintile 4 0.536** [0.270] 0.486* [0.271] 0.484* [0.271] 0.667** [0.317] -0.823 [0.735] 

Financial literacy quintile 5 1.046*** [0.290] 0.974*** [0.293] 0.976*** [0.292] 1.177*** [0.342] -0.791 [0.783] 

Financial planning score dummies (Base = Score 0) 

Financial planning score 1     0.438** [0.218]     0.480** [0.243] -0.351 [0.635] 

Financial planning score 2     0.494* [0.275]     0.457 [0.320] 0.067 [0.752] 

Financial planning score 3     0.599** [0.256]     0.528* [0.295] 0.128 [0.697] 

Individual planning score components 

Q1: Financial goals         0.306 [0.207]         

Q3: Financial plan         0.289* [0.168]         

Age dummies (Base = 18-24 years) 

25-34 years -0.559 [0.441] -0.549 [0.441] -0.546 [0.441] -0.881* [0.498] 1.645 [1.176] 

35-44 years 0.264 [0.403] 0.262 [0.402] 0.266 [0.402] 0.049 [0.451] 1.109 [1.063] 
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Table 7 Panel A continued 

45-54 years -0.189 [0.409] -0.194 [0.409] -0.186 [0.408] -0.390 [0.465] 0.922 [1.061] 

55-64 years 0.458 [0.412] 0.445 [0.412] 0.452 [0.411] 0.137 [0.463] 1.488 [1.120] 

Over 64 years 0.671 [0.432] 0.745* [0.434] 0.730* [0.433] 0.355 [0.488] 1.631 [1.148] 

Female 0.127 [0.159] 0.102 [0.160] 0.110 [0.160] 0.046 [0.183] 0.290 [0.423] 

Partner -0.298 [0.214] -0.325 [0.215] -0.321 [0.215] -0.370 [0.241] 0.470 [0.617] 

Child -0.311 [0.192] -0.312 [0.193] -0.311 [0.193] -0.239 [0.225] -0.494 [0.466] 

Highest education dummies (Base = Secondary without certificate) 

Secondary school with certificate 0.273 [0.236] 0.258 [0.238] 0.263 [0.238] 0.185 [0.270] 0.151 [0.678] 

Technical, trade or other tertiary 

qualification -0.176 [0.226] -0.188 [0.227] -0.182 [0.227] -0.171 [0.262] -0.113 [0.627] 

University graduate 0.275 [0.274] 0.249 [0.275] 0.250 [0.275] 0.201 [0.321] -0.115 [0.722] 

University post graduate -0.038 [0.305] -0.082 [0.307] -0.064 [0.307] 0.074 [0.351] -1.026 [0.781] 

Ethnic group dummy variables (Base = NZ/European) 

Maori 0.385 [0.293] 0.350 [0.295] 0.337 [0.295] 0.155 [0.359] 1.234 [0.775] 

Pacific Islander 0.213 [0.561] 0.197 [0.564] 0.198 [0.568] 0.664 [0.534] -15.361 [612.853] 

Asian 0.189 [0.317] 0.198 [0.316] 0.186 [0.316] 0.267 [0.372] 0.027 [0.758] 

Other -0.284 [0.309] -0.282 [0.310] -0.273 [0.309] -0.572 [0.393] 0.892 [0.751] 

Not employed -0.125 [0.206] -0.076 [0.207] -0.082 [0.206] -0.082 [0.235] 0.037 [0.561] 

Not main income earner -0.204 [0.188] -0.208 [0.188] -0.202 [0.188] -0.145 [0.215] -0.549 [0.500] 

Wealth group dummy variables (Base = negative) 

$0 to $100,000 0.522* [0.289] 0.539* [0.290] 0.535* [0.290] 0.518 [0.335] 0.190 [0.765] 

$101,000 to $300,000 0.381 [0.293] 0.398 [0.295] 0.394 [0.294] 0.576* [0.339] -0.628 [0.759] 

$301,000 to $600,000 0.911*** [0.291] 0.950*** [0.293] 0.952*** [0.292] 1.056*** [0.341] -0.010 [0.760] 

$601,000 or over 1.860*** [0.307] 1.894*** [0.309] 1.900*** [0.309] 1.918*** [0.362] 0.165 [0.787] 

Income dummy variables (Base = less than NZ$30,000) 

$30,000 to $50,000 0.531** [0.256] 0.499* [0.256] 0.499* [0.256] 0.379 [0.299] 0.347 [0.691] 

$50,000 to $100,000 0.790*** [0.268] 0.758*** [0.268] 0.768*** [0.268] 0.718** [0.306] -0.104 [0.728] 

Over $100,000 1.029*** [0.311] 0.999*** [0.311] 1.001*** [0.311] 1.138*** [0.355] -0.553 [0.825] 

Financial advice in last 12 months 1.269*** [0.171] 1.219*** [0.173] 1.212*** [0.173] 1.010 [1.346]     
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Table 7 continued 

2013 -0.497*** [0.146] -0.515*** [0.148] -0.518*** [0.147] -0.447*** [0.170] -0.244 [0.379] 

Intercept -2.967*** [0.447] -3.279*** [0.469] -3.215*** [0.466] -3.215*** [0.521]     

p-value from Wald test for H0: Financial planning variables jointly = 0 

          0.0416           

n 1484   1484   1484   1484       

Panel B: Dependent variable = KiwiSaver membership 

Independent variables Model 1 Model 2 Model 3 

Model 4 

IV IV*Financial Advice 

Financial literacy quintile dummies (Base = Quintile 1) 

Financial literacy quintile 2 0.123 [0.207] 0.090 [0.208] 0.099 [0.208] -0.014 [0.222] 0.786 [0.762] 

Financial literacy quintile 3 0.245 [0.214] 0.186 [0.216] 0.203 [0.215] 0.158 [0.230] 0.267 [0.767] 

Financial literacy quintile 4 0.289 [0.217] 0.246 [0.218] 0.251 [0.218] 0.262 [0.236] 0.127 [0.726] 

Financial literacy quintile 5 0.611** [0.240] 0.561** [0.243] 0.563** [0.242] 0.510* [0.266] 0.571 [0.771] 

Financial planning score variables (Base = Score 0) 

Financial planning score 1     0.165 [0.178]     0.172 [0.188] 0.146 [0.655] 

Financial planning score 2     0.102 [0.227]     0.077 [0.250] 0.093 [0.738] 

Financial planning score 3     0.459** [0.208]     0.417* [0.227] 0.194 [0.700] 

Individual planning score components 

Q1: Financial goals         0.154 [0.170]         

Q3: Financial plan         0.225 [0.143]         

Age dummies (Base = 18-24 years) 

25-34 years -0.786*** [0.263] -0.759*** [0.264] -0.760*** [0.263] -0.909*** [0.280] 1.709 [1.071] 

35-44 years -0.905*** [0.260] -0.889*** [0.260] -0.897*** [0.260] -0.837*** [0.279] 0.205 [0.972] 

45-54 years -0.724*** [0.267] -0.706*** [0.268] -0.707*** [0.268] -0.870*** [0.291] 1.518 [0.970] 

55-64 years -0.113 [0.277] -0.085 [0.278] -0.101 [0.277] -0.246 [0.298] 1.737* [1.055] 

Over 64 years -2.277*** [0.333] -2.218*** [0.335] -2.233*** [0.335] -2.487*** [0.375] 1.777 [1.121] 

Female -0.046 [0.131] -0.060 [0.132] -0.059 [0.132] -0.083 [0.145] 0.138 [0.398] 

Partner 0.138 [0.175] 0.126 [0.175] 0.122 [0.175] 0.235 [0.189] -0.887 [0.602] 
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Table 7 continued 

Child -0.009 [0.146] -0.007 [0.146] -0.004 [0.146] -0.067 [0.161] 0.546 [0.439] 

Highest education dummies (Base = Secondary without certificate) 

Secondary school with certificate 0.565*** [0.197] 0.563*** [0.197] 0.555*** [0.197] 0.520** [0.212] 0.500 [0.643] 

Technical, trade or other tertiary 

qualification 0.408** [0.189] 0.393** [0.190] 0.392** [0.189] 0.400* [0.206] 0.152 [0.588] 

University graduate 0.462** [0.235] 0.458* [0.236] 0.453* [0.236] 0.577** [0.262] -0.608 [0.679] 

University post graduate 0.532** [0.271] 0.513* [0.273] 0.517* [0.272] 0.370 [0.305] 0.741 [0.775] 

Ethnic group dummy variables (Base = NZ/European) 

Maori 0.499** [0.218] 0.466** [0.219] 0.476** [0.219] 0.408* [0.236] 1.131 [0.780] 

Pacific Islander 0.815** [0.346] 0.825** [0.347] 0.831** [0.347] 0.804** [0.359] -0.791 [1.734] 

Asian 0.389 [0.243] 0.381 [0.243] 0.377 [0.244] 0.281 [0.272] 0.819 [0.715] 

Other 0.137 [0.249] 0.137 [0.250] 0.140 [0.250] 0.077 [0.280] 0.510 [0.673] 

Not employed -0.821*** [0.164] -0.809*** [0.164] -0.805*** [0.164] -0.832*** [0.179] 0.447 [0.523] 

Not main income earner -0.066 [0.150] -0.063 [0.150] -0.061 [0.150] -0.058 [0.164] -0.209 [0.472] 

Wealth group dummy variables (Base = negative) 

$0 to $100,000 0.189 [0.191] 0.186 [0.191] 0.189 [0.191] 0.200 [0.203] 0.137 [0.699] 

$101,000 to $300,000 0.130 [0.206] 0.139 [0.207] 0.135 [0.207] 0.212 [0.223] -0.186 [0.709] 

$301,000 to $600,000 0.234 [0.219] 0.260 [0.220] 0.258 [0.220] 0.311 [0.240] -0.108 [0.705] 

$601,000 or over 0.061 [0.250] 0.073 [0.250] 0.077 [0.250] -0.001 [0.284] 0.182 [0.735] 

Income dummy variables (Base = less than NZ$30,000) 

$30,000 to $50,000 0.337 [0.205] 0.312 [0.206] 0.311 [0.206] 0.257 [0.223] 0.590 [0.677] 

$50,000 to $100,000 0.080 [0.220] 0.063 [0.222] 0.067 [0.222] -0.018 [0.240] 0.972 [0.733] 

Over $100,000 -0.147 [0.263] -0.185 [0.264] -0.176 [0.263] -0.250 [0.289] 0.983 [0.821] 

Financial advice in last 12 months 0.350** [0.167] 0.313* [0.169] 0.311* [0.169] -2.109* [1.240]     

2013 1.190*** [0.125] 1.179*** [0.126] 1.181*** [0.125] 1.187*** [0.139] -0.014 [0.367] 

Intercept -0.981*** [0.294] -1.107*** [0.314] -1.109*** [0.313] -0.942*** [0.333]     

p-value from Wald test for H0: Financial planning variables jointly = 0 

          0.1332           

n 1484   1484   1484   1484       
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When the financial planning score dummy variables are added in Model 2, their 

coefficient estimates are all positive and statistically significant at the 10% level or higher. The 

coefficients increase monotonically from the financial planning score of 0 to 3. Moreover, the 

coefficients on the financial literacy variables remain much the same and loose almost none of 

their significance. Similar results are obtained from Model 3 where financial planning 

questions 1 and 3 are included as separate dummy variables. Both having financial goals and 

having a written financial plan are positively related to stock market participation and the 

coefficient estimates are of similar magnitude. The coefficient estimate on the dummy variable 

for having a written financial plan is significant at the 10% level while that on having financial 

goals is marginally insignificant with a p-value of 0.14. A Wald test rejects the hypothesis that 

the two financial planning questions are jointly equal to zero with a p-value of 0.04.  Overall, 

these results suggest that both financial literacy and the propensity for financial planning are 

related to stock market participation independent of each other.  

As shown in Model 4, these results are robust to separating the group of individuals who 

have not received financial advice during the last 12 months from those who have. As shown 

in the column labelled “IV” under Model 4, the dummy variables for the financial planning 

scores lose almost none of their significance when limited to the subsample of individuals not 

reiving professional financial advice. None of the interaction terms between the financial 

planning score dummies and the financial advice dummy are statistically significant (as shown 

in the column labelled “IV*Financial Advice” under Model 4). This indicates that the positive 

association between propensity for financial planning and stock market participation is not 

induced as a result of advice provided by financial advisers. 

Associations between stock market participation and other demographic factors are 

generally consistent with the univariate results. Those who have higher levels of wealth and 

income and those who have received financial advice during the last 12 months are more likely 

to own stocks. Education shows no significant association with stock ownership. Controlling 

for all the other demographic factors, there are no longer any significant differences in stock 

ownership across ethnicities. Respondents from 2013 are also less likely to own stocks. This 
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may be due to the increasing popularity of KiwiSaver funds which provide a substitute to 

owning stocks directly or through other mutual funds.  

When modelling the probability of KiwiSaver membership (Model 1 in Panel B of Table 

7), the financial literacy quintile dummies again increase monotonically and the highest quintile 

is significant at the 5% level. When the financial planning score dummy variables are included 

in Model 2, the coefficient on the highest financial planning score dummy is also positive and 

significant at the 5% level. Therefore, although the effect is not as strong as for stock market 

participation, KiwiSaver membership is positively related to both financial literacy and 

propensity for financial planning. As shown by the results for Model 3, each of the two financial 

planning questions are positively related to KiwiSaver membership, although in this case the 

coefficient estimates are not statistically significant. The Wald test for the hypothesis that the 

two financial planning questions are jointly equal to zero has a p-value of 0.13. The coefficient 

on the highest financial literacy quintile decreases only slightly and remains significant at the 

5% level in the specifications which include the financial planning variables. This suggests that 

financial knowledge is positively associated even with a type of market participation which 

requires less effort on the part of individuals, for which there are strong incentives and for 

which information is readily accessible. 

Again, the results from Model 4 indicate that the positive relation between propensity for 

financial planning and KiwiSaver membership is not limited to those individuals who obtain 

professional financial advice. The coefficient estimates for the non-interacted financial 

planning score dummies lose almost none of their magnitude or significance and the interaction 

terms between the financial planning score dummies and the financial advice dummies are not 

statistically significant. 

Consistent with the univariate results, KiwiSaver membership is highest within the 

youngest age group and lowest within the oldest age group. Having had education at the level 

of secondary school with certificate or above is generally associated with higher KiwiSaver 

membership. As the coefficients on the ethnicity dummies show, KiwiSaver membership 

continues to be higher for Maori and Pacific Islanders than Europeans. Unlike stock market 
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participation, KiwiSaver membership appears to be unrelated to the level of net wealth. Those 

who received financial advice in the last 12 months are more likely to be KiwiSaver members 

(significant at the 10% level) and, as expected, the coefficient on the 2013 dummy variable is 

positive and statistically significant. 

Overall, the results suggest that participation in risky asset markets is positively related 

to both financial literacy and propensity for financial planning. Both variables remain 

significant predictors of participation when they are included together in a multivariate 

regression, suggesting that they influence behaviour through separate channels. 

4.2. Endogeneity concerns 

This study argues that unlike financial literacy, propensity for financial planning reflects 

a more innate trait and is therefore exogenously determined. As discussed previously, evidence 

from the psychology literature supports this notion. In this section, I provide empirical evidence 

that propensity for financial planning reflects differences in underlying traits and is not driven 

by the same variables that determine investment outcomes. 

Jappelli and Padula (2013) explicitly model the role of investment in financial literacy 

within an intertemporal consumption model. Their model shows that a spurious relationship 

can result between wealth and financial literacy in the cross-section because both of these 

variables are positively correlated with individual time preferences. For example, Jappelli and 

Padula (2013) suggest that more patient consumers with a preference for saving acquire more 

wealth over time and also build up a larger stock of financial literacy. These results raise the 

possibility that propensity for financial planning might also be driven by individual time 

preferences and hence be endogenously determined together with investment outcomes. In 

order to address this concern, I analyse the association between both financial literacy and 

propensity for financial planning and individual time preferences.  

  



 

 

37 

 

As a proxy for time preferences, I obtain residuals from a cross-sectional regression of 

wealth against current income and age: 9  

 𝐿𝑁(𝑊𝐸𝐴𝐿𝑇𝐻)𝑖 = 𝛼 + ∑𝛽𝑗𝐴𝐺𝐸_𝐺𝑅𝑂𝑈𝑃𝑗,𝑖 + ∑𝛾𝑘𝐼𝑁𝐶𝑂𝑀𝐸_𝐺𝑅𝑂𝑈𝑃𝑘,𝑖 + 휀𝑖. (3) 

This approach is based on standard life cycle models of consumption which posit that levels of 

saving are determined according to expectations about lifetime income and vary according to 

an individual’s position in the life cycle (Attanasio, 1999). Levels of wealth that deviate from 

the predicted levels are likely to reflect differences in individual preference parameters, in 

particular, time preferences. Positive deviations reflect relatively higher preferences for future 

consumption while negative deviations reflect relatively higher preferences for current 

consumption. 

Because current income may not adequately capture lifetime income, I follow Hubbard, 

Skinner and Zeldes (1995) and also estimate a second specification which adds education level 

as a proxy for lifetime income. In order to control for possible bequest motives, I also include 

an individual’s response to a survey question asking whether they agree with the statement, “It 

is important to have a current will”. The values 3, 2 and 1 denote “Agree”, “Neither agree nor 

disagree” and “Disagree” respectively. I estimate: 

 𝐿𝑁(𝑊𝐸𝐴𝐿𝑇𝐻)𝑖

= 𝛼 + ∑𝛽𝑗𝐴𝐺𝐸_𝐺𝑅𝑂𝑈𝑃𝑗,𝑖 + ∑𝛾𝑘𝐼𝑁𝐶𝑂𝑀𝐸_𝐺𝑅𝑂𝑈𝑃𝑘,𝑖

+ ∑𝛿𝑙𝐸𝐷𝑈𝐶𝐴𝑇𝐼𝑂𝑁_𝐺𝑅𝑂𝑈𝑃𝑙,𝑖 + 𝜃𝑊𝐼𝐿𝐿_𝐼𝑀𝑃𝑂𝑅𝑇𝐴𝑁𝑇𝑖 + 휀𝑖. 

(4) 

Table 8 displays the results of these regressions. As expected, wealth is strongly 

positively related to income, both current income and lifetime income as proxied by education 

level. Wealth is also positively associated with age and bequest motives. The relatively high 

                                                 
9 I obtain the same results with a regression specification which also includes interaction terms between age and 

income groups to account for variation in the relationship between wealth and income over the life cycle.  
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adjusted R-squared of 0.31 and 0.32 respectively show that wealth is fairly well explained by 

these explanatory variables.  

Table 8: First-stage regression: wealth 

This table displays the results of OLS regression models where the dependent variable is an 

investor's total household wealth. Standard errors are shown in parentheses. Definitions of the 

demographic and control variables are provided in Table B.2 in Appendix B. Data are from the 

2009 and 2013 waves of the New Zealand Financial Knowledge Survey. *, ** and *** denote 

statistical significance at the 10%, 5% and 1% levels respectively. 

Independent variables 

Model 1:  

Current income   

Model 2: 

Lifetime income 

Age dummies (Base = 18-24 years)           

25-34 years 0.9379* [0.508]   0.6568 [0.515] 

35-44 years 3.2249*** [0.485]   3.0409*** [0.494] 

45-54 years 4.5135*** [0.493]   4.3227*** [0.504] 

55-64 years 5.5013*** [0.487]   5.3630*** [0.502] 

Over 64 years 7.2425*** [0.464]   7.2461*** [0.489] 

Income dummy variables (Base = less than 

NZ$30,000)           

$30,000 to $50,000 2.1227*** [0.346]   1.9844*** [0.345] 

$50,000 to $100,000 4.0491*** [0.313]   3.7395*** [0.320] 

Over $100,000 5.1136*** [0.348]   4.6579*** [0.363] 

Highest education dummies (Base = Secondary 

without certificate)         

Secondary school with certificate       0.6359* [0.351] 

Technical, trade or other tertiary qualification     0.7729** [0.327] 

University graduate       1.4704*** [0.413] 

University post graduate       1.9999*** [0.484] 

Bequest motive       0.4950* [0.293] 

n 1512     1504   

Adjusted R-squared 0.3057     0.3180   

To obtain an estimate of individual time preferences, I studentise the residuals retained 

from the regressions by dividing them by their standard errors.10 Table 9 displays the 

correlation matrix for financial literacy, financial planning and individual time preferences. 

Consistent with Jappelli and Padula (2013), the correlation between financial literacy and time 

preferences is positive and highly statistically significant. The correlations are 0.13 and 0.11 

for the specifications using current income and lifetime income respectively. In contrast, the 

                                                 
10 Almost identical results are obtained whether the residuals are studentised or not. 
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correlation between time preferences and the propensity for financial planning is very close to 

zero and statistically insignificant for both specifications. This result strongly suggests that 

while financial literacy may be endogenously determined through time preferences, this is not 

the case for propensity for financial planning.  

Table 9: Correlation between time preferences, financial literacy and financial planning 

This table displays the correlation coefficients and associated p-values between individuals' 

financial literacy scores, propensity for financial planning scores and estimated time 

preferences. The financial literacy score is calculated as the number of financial literacy 

questions (out of 52) which a respondent answers correctly. The propensity for financial 

planning score is calculated as the number of financial planning questions (out of 3) to which 

a respondent answers 'yes'. Estimated time preferences are the studentised residuals from two 

cross-sectional regressions of wealth against income and other variables. The first uses current 

income and the second uses a proxy for lifetime income. Data are from the 2009 and 2013 

waves of the New Zealand Financial Knowledge Survey. 

Panel A: Current income 

  Time preferences Financial literacy Financial planning 

Time preferences 1.0000 0.1286 0.0023 

  - <0.0001 0.9280 

Financial literacy   1.0000 0.2092 

    - <0.0001 

Financial planning     1.0000 

      - 

Panel B: Lifetime income 

  Time preferences Financial literacy Financial planning 

Time preferences 1.0000 0.1081 -0.0082 

  - <0.0001 0.7508 

Financial literacy   1.0000 0.2092 

    - <0.0001 

Financial planning     1.0000 

      - 

5. Conclusion 

Prior research identifies financial literacy as an important explanatory factor for 

participation in risky asset markets. Financial education programmes are promoted in many 

countries to encourage better financial outcomes. However, considerable disagreement still 

exists about whether the relationship can be interpreted as causal. This study examines the 

association between participation in risky asset markets and a more innate individual 
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characteristic: the propensity for financial planning. I provide evidence consistent with the 

notion that the propensity for financial planning is a more innate variable not directly related 

to financial motivations. Thus, unlike financial literacy, financial planning can be seen as 

exogenously determined. I suggest that a higher propensity for financial planning, as measured 

by goal-setting and planning activities, should help reduce entry barriers faced by investors. 

For example, individuals with a higher propensity for financial planning might be better able 

to recognise the long-term benefits of investing in risky asset markets.  

I find that the propensity for financial planning is positively and significantly related to 

participation in the stock market as well as membership in the workplace retirement savings 

scheme, KiwiSaver. This result holds in a multivariate regression setting controlling for a range 

of demographic variables as well as financial literacy. Moreover, I find that the positive 

association between financial literacy and risky asset market participation persists despite the 

inclusion of propensity for financial planning. This suggests that both financial literacy and the 

propensity for financial planning are important factors in explaining investors’ participation in 

risky asset markets and that these operate through different channels.   
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Appendix A - Multivariate analysis of financial literacy, financial planning and 

demographic variables 

I examine the relationships between financial literacy, propensity for financial planning 

and demographic variables in a multivariate setting by estimating a series of regression 

equations. First, I estimate ordinal logistic regression models where the dependent variable is 

either the financial literacy quintile or the financial planning score (labelled Models 1 and 2 in 

Table A.1 respectively). Second, I consider the two main components of propensity for 

financial planning separately by estimating logistic regression equations. The dependent 

variable is a dummy variable equal to 1 if an individual answered “yes” to financial planning 

questions 1 and 3 respectively (labelled Models 3 and 4 in Table A.1). Coefficient estimates 

together with standard errors for the four models are displayed in Table A.1. Financial literacy 

and propensity for financial planning are clearly related. Higher levels of financial literacy are 

associated with higher propensities for financial planning and vice versa. When financial 

planning is split into its components, both the probability of setting goals and of having a 

financial plan are positively related to financial literacy.  

However, consistent with the univariate results discussed in Section 2.5, financial literacy 

and the propensity for financial planning are related to demographic variables in very different 

ways. For example, as before, there is an indication of a slightly hump-shaped relationship 

between financial literacy and age. In contrast, the propensity for financial planning is 

relatively steady before falling strongly for the oldest age group. The coefficient on the female 

dummy variable is negative though marginally insignificant for financial literacy. The tendency 

of females to display lower levels of financial literacy than males is a well-documented result 

and has been described as a puzzle in this area of the literature (e.g. Lusardi and Mitchell, 

2011b). In contrast, the female dummy variable enters with a positive coefficient (significant 

at the 5% level) when the dependent variable is the financial planning score. This is of 

considerable interest and suggests that although females tend to have lower levels of financial 

knowledge than their male counterparts, they also tend to have a higher propensity for financial 

planning. As Models 3 and 4 suggest, this effect is driven primarily by the observation that 

females are more likely to have financial goals.  
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Again consistent with prior results, financial literacy is strongly positively related to 

education. This is not the case for financial planning, which tends to remain fairly steady across 

all the education categories above the omitted secondary school without certificate or below 

category. While financial literacy rises steeply with respect to net wealth, propensity for 

financial planning is again mostly unrelated to wealth. Model 3 suggests that the likelihood of 

setting goals is negatively related to the highest wealth dummies. In the financial planning 

regressions, both the financial advice and the 2013 dummy variables return significantly 

positive coefficients. In contrast, the coefficients are insignificant for financial literacy. 
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Table A.1: Logistic regressions: financial literacy and propensity for financial planning 

This table displays the results of logistic regression models where the dependent variables are the financial literacy quintile, the financial planning 

score and dummies equal to one if a respondent has financial goals or a written financial plan respectively. Standard errors are shown in parentheses. 

Intercepts are not shown. The financial literacy score is calculated as the number of financial literacy questions (out of 52) which a respondent 

answers correctly. The propensity for financial planning score is calculated as the number of financial planning questions (out of 3) to which a 

respondent answers 'yes'. Definitions of the demographic and control variables are provided in Table B.2 in Appendix B. Data are from the 2009 

and 2013 waves of the New Zealand Financial Knowledge Survey. *, ** and *** denote statistical significance at the 10%, 5% and 1% levels 

respectively. 

Independent variables 

Model 1 

Ordered logistic: 

DV = Financial 

literacy quintile 

Model 2 

Ordered logistic: 

DV = Financial 

planning score 

Model 3 

Logistic: 

DV = Q1: Goal 

Model 4 

Logistic: 

DV = Q3: Financial 

plan 

Financial literacy quintile dummies (Base = Quintile 1) 

Financial literacy quintile 2     0.412** [0.164] 0.338* [0.202] 0.332 [0.225] 

Financial literacy quintile 3     0.717*** [0.168] 0.514** [0.214] 0.672*** [0.226] 

Financial literacy quintile 4     0.583*** [0.170] 0.590*** [0.222] 0.554** [0.230] 

Financial literacy quintile 5     0.885*** [0.194] 0.985*** [0.281] 0.674*** [0.257] 

Financial planning score dummies (Base = Score 0) 

Financial planning score 1 0.318** [0.133]             

Financial planning score 2 0.692*** [0.177]             

Financial planning score 3 0.604*** [0.162]             

Age dummies (Base = 18-24 years) 

25-34 years 0.397* [0.224] -0.457** [0.223] -0.429 [0.296] -0.363 [0.285] 

35-44 years 0.983*** [0.220] -0.182 [0.219] -0.081 [0.301] -0.124 [0.278] 

45-54 years 1.090*** [0.225] -0.326 [0.225] -0.108 [0.311] -0.292 [0.287] 

55-64 years 0.930*** [0.233] -0.303 [0.233] -0.023 [0.319] -0.213 [0.296] 

Over 64 years 0.866*** [0.249] -1.073*** [0.251] -0.912*** [0.323] -0.670** [0.328] 

Female -0.160 [0.103] 0.259** [0.106] 0.438*** [0.145] 0.056 [0.138] 
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Table A.1 continued         

Partner 0.001 [0.137] 0.193 [0.140] 0.365* [0.188] 0.125 [0.182] 

Child -0.130 [0.122] -0.135 [0.124] -0.088 [0.184] -0.135 [0.157] 

Highest education dummies (Base = Secondary without certificate) 

Secondary school with certificate 0.961*** [0.151] 0.303** [0.155] 0.304 [0.200] 0.201 [0.208] 

Technical, trade or other tertiary qualification 0.994*** [0.141] 0.390*** [0.146] 0.418** [0.187] 0.237 [0.196] 

University graduate 1.620*** [0.183] 0.299 [0.188] 0.101 [0.255] 0.346 [0.244] 

University post graduate 1.703*** [0.216] 0.365* [0.220] 0.774** [0.359] 0.081 [0.287] 

Ethnic group dummy variables (Base = NZ/European) 

Maori -1.498*** [0.186] 0.387** [0.181] -0.170 [0.237] 0.651*** [0.221] 

Pacific Islander -1.255*** [0.298] -0.201 [0.293] -0.382 [0.377] -0.083 [0.403] 

Asian -1.334*** [0.203] 0.013 [0.205] -0.301 [0.284] 0.432* [0.249] 

Other -0.324 [0.197] -0.169 [0.204] -0.109 [0.304] -0.237 [0.280] 

Not employed -0.128 [0.132] -0.349*** [0.134] -0.706*** [0.177] -0.071 [0.173] 

Not main income earner -0.092 [0.121] -0.064 [0.123] 0.008 [0.175] -0.096 [0.158] 

Wealth group dummy variables (Base = negative) 

$0 to $100,000 0.189 [0.156] -0.004 [0.159] -0.065 [0.218] 0.092 [0.203] 

$101,000 to $300,000 0.390** [0.161] -0.066 [0.165] -0.247 [0.221] 0.025 [0.215] 

$301,000 to $600,000 0.655*** [0.171] -0.393** [0.177] -0.451* [0.241] -0.266 [0.233] 

$601,000 or over 0.981*** [0.195] -0.257 [0.201] -0.489* [0.286] -0.191 [0.258] 

Income dummy variables (Base = less than NZ$30,000) 

$30,000 to $50,000 0.436*** [0.157] 0.376** [0.162] 0.352* [0.205] 0.331 [0.208] 

$50,000 to $100,000 0.878*** [0.169] 0.263 [0.175] 0.771*** [0.237] -0.113 [0.232] 

Over $100,000 1.264*** [0.203] 0.493** [0.210] 0.537* [0.294] 0.307 [0.269] 

Financial advice in last 12 months 0.105 [0.134] 0.666*** [0.137] 0.558** [0.222] 0.773*** [0.161] 

2013 -0.118 [0.096] 0.219** [0.099] 0.004 [0.137] 0.312** [0.128] 

                  

n 1505   1505   1505   1505   
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Appendix B – Variable definitions and financial literacy questions 

Table B.1 displays definitions of the demographic and control variables used in the study 

Table B.2 displays the wording and response rates of the financial literacy questions. 

Table B.1: Demographic and control variable definitions 

This table displays the definitions of the demographic and control variables used in the study. 

Variable Definition 

Age 18-24 years 

Dummy variable equal to 1 if respondent is aged between 18 

and 24 and 0 otherwise 

Age 25-34 years 

Dummy variable equal to 1 if respondent is aged between 25 

and 34 and 0 otherwise 

Age  35-44 years 

Dummy variable equal to 1 if respondent is aged between 35 

and 44 and 0 otherwise 

Age  45-54 years 

Dummy variable equal to 1 if respondent is aged between 45 

and 54 and 0 otherwise 

Age  55-64 years 

Dummy variable equal to 1 if respondent is aged between 55 

and 64 and 0 otherwise 

Age  Over 64 years 

Dummy variable equal to 1 if respondent is aged over 64 and 

0 otherwise 

Female 

Dummy variable equal to 1 if respondent is female and 0 

otherwise 

Partner 

Dummy variable equal to 1 if respondent lives with a spouse 

or partner and 0 otherwise 

Child 

Dummy variable equal to 1 if there are children usually 

living in the respondent's household and 0 otherwise. Note: 

Children are defined as 15 and under in 2009 survey and 17 

and under in 2013 survey 

Secondary school without certificate 

or below 

Dummy variable equal to 1 if the respondent's last completed 

level of formal education is secondary school without 

certificate or below and 0 otherwise. 

Secondary school with certificate 

Dummy variable equal to 1 if the respondent's last completed 

level of formal education is secondary school with certificate 

(level 1, 2 or 3) and 0 otherwise. 

Technical, trade or other tertiary 

qualification 

Dummy variable equal to 1 if the respondent's last completed 

level of formal education is a technical or trade qualification 

or other tertiary qualification and 0 otherwise. 

University graduate 

Dummy variable equal to 1 if the respondent's last completed 

level of formal education is university graduate and 0 

otherwise. 

University post graduate 

Dummy variable equal to 1 if the respondent's last completed 

level of formal education is university post graduate and 0 

otherwise. 

NZ/European 

Dummy variable equal to 1 if respondent's ethnicity is New 

Zealand European and 0 otherwise. 

Maori 

Dummy variable equal to 1 if respondent's ethnicity is Maori 

and 0 otherwise. 
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Table B.1 continued  

Pacific Islander 

Dummy variable equal to 1 if respondent's ethnicity is 

Pacific Islander and 0 otherwise. 

Asian 

Dummy variable equal to 1 if respondent's ethnicity is Asian 

and 0 otherwise. 

Other 

Dummy variable equal to 1 if respondent's ethnicity is other 

and 0 otherwise. 

Not employed 

Dummy variable equal to 1 if respondent is not currently in 

paid employment. 

Not main income earner 

Dummy variable equal to 1 if respondent is not the main 

income earner in the household. 

Net worth negative 

Dummy variable equal to 1 if respondent's net worth is 

negative and 0 otherwise. 

Net worth $0 to $100,000 

Dummy variable equal to 1 if respondent's net worth is 

between NZ$0 and NZ$100,000 and 0 otherwise. 

Net worth  $101,000 to $300,000 

Dummy variable equal to 1 if respondent's net worth is 

between NZ$101,000 and NZ$300,000 and 0 otherwise. 

Net worth  $301,000 to $600,000 

Dummy variable equal to 1 if respondent's net worth is 

between NZ$301,000 and NZ$600,000 and 0 otherwise. 

Net worth  $601,000 or over 

Dummy variable equal to 1 if respondent's net worth is 

NZ$601,000 or over and 0 otherwise. 

Income up to NZ$30,000 

Dummy variable equal to 1 if respondent's household income 

is up to NZ$30,000 and 0 otherwise. 

Income $30,001 to $50,000 

Dummy variable equal to 1 if respondent's household income 

is between NZ$30,001 and NZ$50,000 and 0 otherwise. 

Income $50,001 to $100,000 

Dummy variable equal to 1 if respondent's household income 

is between NZ$50,001 and NZ$100,000 and 0 otherwise. 

Income Over $100,000 

Dummy variable equal to 1 if respondent's household income 

is over NZ$100,000 and 0 otherwise. 

Financial advice in last 12 months 

Dummy variable equal to 1 if respondent has received 

financial advice or information from a financial adviser in 

the past 12 months and zero otherwise. 

2013 

Dummy variable equal to 1 if survey year is 2013 and zero 

otherwise. 
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Table B.2: Financial literacy questions and responses 

This table displays the financial literacy questions used to calculate the financial literacy score. Response rates are shown separately for the 2009 

and 2013 subsamples. Data are from the 2009 and 2013 waves of the New Zealand Financial Knowledge Survey. 

 

No. Question 

Percentage of respondents 

2009 2013 

Correct Incorrect 

Don't 

know Correct Incorrect 

Don't 

know 

1 

Now I am going to show you an example of a bank statement and I will ask you 

some questions about it. Please look closely at this bank statement and can you 

tell me: How much did she have at the end of the month in this account? 

            

92.1  

               

5.0  

               

3.0  

            

90.2  

               

5.9  

               

3.9  

2 (Continued from previous) Has she saved money this month in this account? 

            

81.4  

            

12.1  

               

6.5  

            

78.3  

            

14.6  

               

7.1  

3 

(Continued from previous) How much has she saved this month in this account? 

Feel free to use the calculator to help you. 

            

65.4  

            

12.0  

            

22.6  

            

57.2  

            

16.6  

            

26.2  

4 

(Continued from previous) At this rate, how many months would it take her to 

save another $10,000? 

            

59.8  

            

13.4  

            

26.9  

            

50.8  

            

19.1  

            

30.1  

5 

John needs to take out $50 cash for the weekend and also pay for his groceries. 

Which of the following ways would John pay the least in fees and costs? a) get 

out enough cash from a bank teller to pay for the groceries and for the weekend 

b) pay using EFTPOS at the supermarket and take out cash at the same time c) 

write a cheque for the groceries and go to the ATM to take out the cash 

            

60.8  

            

34.8  

               

4.4  

            

61.8  

            

34.9  

               

3.3  

6 

Please tell me whether each of the following statements is true or false. If John 

pays off the full amount on his credit card each month he gets interest-free days 

on purchases. 

            

65.4  

            

14.8  

            

19.8  

            

62.7  

            

18.2  

            

19.1  

7 

(Continued from previous) If John only pays the minimum payment each month 

he still owes money after the minimum payment 

            

85.6  

               

4.3  

            

10.2  

            

84.8  

               

5.8  

               

9.4  

8 

If Elizabeth has a telephone bill due on the 20th of the month, are there 

advantages in paying the bill on or just before the day it is due? 

            

75.0  

            

21.8  

               

3.2  

            

76.7  

            

19.8  

               

3.5  

9 

What advantages are there? Anything else? (Correct responses are: Maximise 

interest earned on her money, Avoid being charged interest/fee for being 

overdue, She may/does qualify for a discount / reward for paying on time.) 

            

68.6  

               

2.8  

            

28.5  

            

70.9  

               

5.1  

            

24.1  



 

 

48 

 

Table B.2 continued             

10 

I have here one set of cards with different terms on them and another set of 

cards that have definitions. There are more definition cards than terms. I would 

like you to find the best match between the terms and the definitions. a) Term 

deposit 

            

85.6  

               

8.8  

               

5.7  

            

87.4  

               

8.4  

               

4.2  

11 (Continued from previous) b) Asset 

            

75.0  

            

18.3  

               

6.6  

            

75.1  

            

19.7  

               

5.2  

12 (Continued from previous) b) Liability 

            

64.3  

            

27.9  

               

7.8  

            

65.9  

            

29.1  

               

5.0  

13 (Continued from previous) b) Capital gain 

            

67.1  

            

25.3  

               

7.6  

            

64.6  

            

29.4  

               

6.0  

14 (Continued from previous) b) Real rate of return 

            

65.3  

            

24.1  

            

10.5  

            

62.1  

            

31.1  

               

6.7  

15 (Continued from previous) b) Savings 

            

88.6  

               

7.9  

               

3.4  

            

90.0  

               

7.7  

               

2.4  

16 

To know how much wealth you have, you need to measure your net worth. 

Which of these does "net worth" mean? a) the difference between your 

expenditure (what you spend) and income (what you earn or receive) b) the 

difference between your assets (all that you own) and your liabilities (all that 

you owe) c) the difference between your bank borrowings and savings d) none 

of the above. (This question was only asked if respondents indicated in a 

previous question that they knew what the term 'net worth' means.) 

            

58.9  

               

9.0  

            

32.1  

            

59.9  

            

10.6  

            

29.5  

17 And now a question about tax. Is a person‟s gross salary before or after tax? 

            

90.4  

               

7.6  

               

2.0  

            

89.2  

               

9.4  

               

1.4  

18 

Which of the following is the best description of a budget? a) An accounting 

spreadsheet b) Spending as little as you possibly can c) A plan for what you 

earn and what you spend d) Knowing where all your money goes 

            

81.7  

            

17.8  

               

0.6  

            

83.6  

            

16.2  

               

0.2  

19 

If Bob personally guarantees a loan for John, and John does not make the 

repayments he is supposed to, which one of the following is Bob required to 

do? a) Bob has to represent John in court b) Bob has to take over the debt and 

make the repayments c) Bob has to help get the money from John 

            

83.6  

            

14.1  

               

2.4  

            

80.9  

            

16.7  

               

2.4  
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Table B.2 continued 

20 

If Pete has $2,000 owing on his credit card paying 19.5% interest, and another 

personal loan of $500 at 11.5% interest, which would allow him to get rid of his 

debt faster? a) Repay the minimum amount on the credit card and repay the 

personal loan faster b) Pay off the credit card debt faster and pay only the 

minimum amount on the personal loan until the credit card debt is cleared c) 

Invest any available money in a term deposit paying 7% d) Transfer or 

consolidate the credit card debt into the personal loan and pay the lower interest 

rate 

            

48.0  

            

42.8  

               

9.1  

            

53.7  

            

39.6  

               

6.7  

21 

A home loan is what people usually call a mortgage. A home loan or mortgage 

is the money that is borrowed to pay for a house. I am going to read out some 

statements about minimising the amount of interest you pay on a home loan and 

would like you to tell me whether you think the statement is true, false, or 

whether you don‟t know. If you wanted to minimise the amount of interest you 

pay on your home loan you could pay half your monthly payment every 

fortnight. Is that true or false, or do you not know? 

            

52.2  

            

30.4  

            

17.4  

            

53.3  

            

30.4  

            

16.3  

22 

(Continued from previous). If you wanted to minimise the amount of interest 

you pay on your home loan you could increase the amount of your regular 

payments. Is that true or false, or do you not know? 

            

87.3  

               

5.8  

               

6.9  

            

90.3  

               

5.0  

               

4.7  

23 

(Continued from previous). If you wanted to minimise the amount of interest 

you pay on your home loan you could put some of your payments on your 

credit card and pay the credit card off every six months. Is that true or false, or 

do you not know? 

            

83.1  

               

4.5  

            

12.4  

            

78.9  

               

8.3  

            

12.9  

24 

Mike owns a house worth $275,000 and has a home loan of $125,000. What is 

his equity in the house? (This question was only asked if respondents indicated 

in a previous question that they knew what the term 'equity' means.) 

            

62.4  

               

2.7  

            

34.9  

            

63.1  

               

4.2  

            

32.7  

25 

In which of the following situations would it be better to have a 2 year fixed 

interest rate home loan rather than a variable or floating rate home loan? a) 

when your bank comes out with a better fixed interest rate than the other banks 

b) when interest rates are expected to increase over the next 2 years c) when 

interest rates are expected to fall over the next 2 years d) when the value of your 

house is going to increase over the next 2 years 

            

61.1  

            

25.3  

            

13.6  

            

63.9  

            

24.2  

            

11.9  

26 

With a fixed rate home loan the interest rate remains the same for the term of 

the loan. Is that true or false, or do you not know? 

            

80.8  

            

10.1  

               

9.1  

            

79.8  

            

13.9  

               

6.3  
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Table B.2 continued 

27 

With a variable or floating rate home loan you can repay in part or in full at any 

time without penalty. Is that true or false, or do you not know? 

            

48.3  

            

23.1  

            

28.6  

            

50.7  

            

20.4  

            

28.9  

28 

With a revolving credit facility loan you are charged a penalty for making an 

early repayment. Is that true or false, or do you not know? 

            

33.8  

            

21.5  

            

44.6  

            

31.4  

            

20.9  

            

47.8  

29 

If each of the following people had the same amount of yearly income, who 

would need the greatest amount of life insurance? a) A young single woman 

without children b) A young single woman with two children c) A young 

married woman without children. 

            

93.4  

               

5.3  

               

1.3  

            

94.2  

               

4.4  

               

1.4  

30 

David moved into Jane‟s house four years ago, as her partner. They have now 

decided to separate. Is David entitled to a share of Jane‟s house? 

            

81.2  

            

12.8  

               

6.0  

            

83.4  

            

11.2  

               

5.4  

31 

Jane has a job with a take home pay of $1600 per month. She must pay $400 for 

rent and $200 for groceries each month. She also spends $200 per month on 

transport. If she budgets $200 each month for clothing, $200 for restaurants and 

$200 for everything else, how many months will it take her to save $2,000? 

            

78.8  

            

14.3  

               

6.9  

            

75.1  

            

16.4  

               

8.5  

32 

Ben and Sarah are the same age and both put their money into a savings account 

earning interest. Sarah started saving when she was 20 and saved $2,500 each 

year. Ben started saving when he was 40 and saved $5,000 each year. They are 

now both 60. Do Ben and Sarah have the same amount of money saved, or does 

one have more than the other? 

            

43.7  

            

48.5  

               

7.8  

            

38.9  

            

55.8  

               

5.3  

33 

Who has more money? (Only asked if respondent answered previous question 

correctly). 

            

36.4  

               

7.0  

            

56.6  

            

31.8  

               

6.5  

            

61.7  

34 

Why do they have more money? (Only asked if respondent answered question 

32 correctly). 

            

35.3  

               

7.1  

            

57.6  

            

31.1  

               

6.8  

            

62.0  

35 

If John currently has an income of $30,000, how much income will he need in 5 

years‟ time to be able to live at the same standard? a) $30,000 b) Less than 

$30,000 c) More than $30,000 

            

88.4  

               

5.7  

               

5.9  

            

90.4  

               

6.0  

               

3.5  

36 

Why does he need more than $30,000? (Only asked if respondent answered 

previous question correctly). 

            

84.9  

               

2.2  

            

12.9  

            

87.5  

               

1.9  

            

10.6  

37 

Which of the following term deposits would pay the most interest in total, or 

would they pay the same amount of interest? a) a one year term deposit at 7% 

interest per annum paid at maturity b) a one year term deposit at 7% interest per 

annum paid quarterly back into the term deposit c) they would pay the same 

amount of interest 

            

58.3  

            

26.7  

            

14.9  

            

55.5  

            

32.8  

            

11.7  
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Table B.2 continued 

38 

If Nicky had $100 in a savings account and the interest rate was 2% per year, 

after 5 years how much would Nicky have in her account if she left the money 

to grow? Would it be more than $102, exactly $102 or less than $102? 

            

85.4  

            

10.5  

               

4.0  

            

84.8  

            

11.8  

               

3.4  

39 

If the interest rate on Anne‟s savings account was 1% per year and inflation 

was 2% per year, after 1 year, with the money in this account, would she be 

able to buy more than today, exactly the same as today, or less than today? 

            

80.5  

            

13.8  

               

5.7  

            

81.3  

            

13.7  

               

5.1  

40 At what age are people entitled to NZ Super? 

            

85.8  

               

6.7  

               

7.5  

            

89.4  

               

6.7  

               

3.9  

41 

Do you know which of these amounts is closest to the after-tax amount of NZ 

Super for a single person living alone? (Options vary depending on the survey 

year). 

            

34.4  

            

32.2  

            

33.4  

            

46.8  

            

29.7  

            

23.5  

42 

This next question is also about NZ Super. It is not about government pensions 

from other countries. As far as you know, is NZ Super income tested? 

            

47.1  

            

27.3  

            

25.6  

            

51.5  

            

27.0  

            

21.5  

43 Is New Zealand Superannuation asset tested? 

            

53.1  

            

19.2  

            

27.7  

            

55.1  

            

20.3  

            

24.6  

44 

Please tell me whether you think the following statements are true or false. An 

investment with a higher than average return is likely to have higher than 

average risk. 

            

88.0  

               

5.8  

               

6.2  

            

90.8  

               

5.1  

               

4.1  

45 

Which of the following aspects about an investment would make you think that 

it might be a scam? a) Promise of very high returns with little risk. 

            

88.5  

               

6.2  

               

5.3  

            

91.5  

               

3.8  

               

4.7  

46 

(Continued from previous question). b) Being told the offer is only being made 

to a select few people 

            

92.3  

               

3.9  

               

3.8  

            

92.6  

               

3.4  

               

4.0  

47 

(Continued from previous question). c) Being offered by a well known 

reputable financial organisation 

            

79.5  

            

13.0  

               

7.5  

            

76.7  

            

14.6  

               

8.7  

48 

(Continued from previous question). d) The minimum amount they say you 

have to invest keeps reducing 

            

74.8  

            

11.2  

            

14.0  

            

73.9  

            

10.5  

            

15.6  

49 

I will read out a number of statements about getting financial advice and I 

would like you to tell me whether you think the statement is true or false, or 

whether you don‟t know. It is important to find out how a financial adviser is 

being paid. 

            

71.0  

            

15.0  

            

14.0  

            

76.5  

            

13.6  

               

9.9  

50 

(Continued from previous question). b) Before handing money to a financial 

adviser, a person should ask about their qualifications and experience. 

            

93.5  

               

2.4  

               

4.1  

            

94.7  

               

2.4  

               

2.9  
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Table B.2 continued 

51 

(Continued from previous question). Before investing, it is important to read 

and understand the Investment Statement that explains details about the 

investment. 

            

96.6  

               

0.1  

               

3.3  

            

98.2  

               

0.4  

               

1.4  

52 

(Continued from previous question). d) A financial advisor has to give you a 

disclosure statement 

            

80.7  

               

2.2  

            

17.0  

            

84.9  

               

1.2  

            

13.9  
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LITERATURE REVIEW FOR CHAPTER 1 

Financial Literacy 

1. Introduction 

Financial literacy is a growing topic of interest within the broader household finance 

literature, which has itself developed fairly recently. In the following survey, I first very briefly 

review studies which examine various aspects of financial decision making at the household 

level and the influence of demographic and economic characteristics. I then conduct a more in-

depth review of studies which measure levels of financial literacy and which include this as an 

explanatory variable for observed financial behaviour.  

2. Household finance 

The Presidential Address by Campbell (2006) entitled “Household Finance” can be 

viewed as a seminal paper which has led to a growing body of research investigating the 

financial decision making of households. Campbell’s address identifies an important factor 

which differentiates household finance from other areas of financial research: the commonly 

applied assumption that agents behave rationally and optimally may be particularly 

inappropriate when those agents are households. Therefore, although the premises of standard 

financial theory describe a household’s optimal or normative behaviour, explaining its actual 

or positive behaviour may require theories offered only by behavioural finance. This 

discrepancy between normative and positive financial behaviour of households constitutes the 

focus of Campbell’s empirical analysis.  

Campbell’s (2006) study uses various data sources to examine aspects of financial 

behaviour but places particular emphasis on “investment mistakes”. An analysis of data from 

the U.S. Survey of Consumer Finances (SCF) reveals a highly skewed wealth distribution, with 

households at the lower end being unlikely to hold risky financial assets. Contrary to the 

predictions of finance theory, there is also limited participation in equities, even among 

relatively wealthy households. A regression analysis shows that the likelihood of participation 
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in equities is positively related to education and the level of income. It is lower for households 

which report that they have no tolerance for investment risk. The study also examines decisions 

made by households in relation to mortgages. U.S. homeowners are found to be more likely to 

use adjustable-rate mortgages (ARMs) rather than fixed-rate mortgages (FRMs) when the FRM 

rate has recently increased and vice versa when it has recently decreased. According to 

Campbell, this may indicate an irrational belief that interest rates are mean-reverting. 

Households also appear to be slow to refinance their FRMs when it would be optimal to do so. 

In 2003, 25% of homeowners were paying a spread of more than 2% over the current mortgage 

rate. 

Several subsequent studies have followed Campbell (2006), utilising data from a variety 

of sources and countries. Calvet, Campbell, and Sodini (2007) use Swedish data to provide a 

detailed examination of individuals’ asset holdings. In Sweden, a wealth tax is levied on most 

household assets including real estate and financial securities and comprehensive data about 

asset holdings is therefore held by the Swedish government. The study finds that Swedish 

households with higher financial sophistication (measured by factors including wealth and 

education) invest more efficiently and aggressively. While diversification losses are found to 

be modest overall, characteristics such as low education and low wealth traditionally associated 

with nonparticipation are also related to poor diversification. Cardak and Wilkins (2009) use 

Australian survey data to investigate the determinants of household allocations to risky 

financial assets.11 Allocations are found to be positively related to education, home ownership 

status, self-funded retiree status and saving horizon and negatively related to labour income 

risk, self-reported risk averseness and English language competence.  

Other studies have focused on more specific aspects of financial behaviour by 

households. Campbell, Asís Martínez-Jerez, and Tufano (2012) examine involuntary bank 

account closures, which usually occur due to repeated overdraft or non-sufficient funds 

activity. The results indicate that involuntary closures are influenced by factors including 

family structure, unemployment, age structure and education levels. In addition, communities 

                                                 
11 The study uses the Household, Income and Labour Dynamics in Australia (HILDA) Survey 
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with greater “social capital”, as measured by voting turnout, are found to have lower closure 

rates. Further evidence of the importance of education for both financial market participation 

and financial management is provided by Cole, Paulson and Shastry (2012). Their results show 

that an additional year of education increases the probability of financial market participation 

by 7-8 per cent. Moreover, exogenous increases in education are related to higher credit scores, 

fewer delinquent credit card payments and lower probabilities of bankruptcy and foreclosure. 

Agarwal, Driscoll, Gabaix, and Laibson (2009) investigate credit-related financial mistakes 

including unfavourable credit card balance transfers, incorrectly estimating house values and 

paying high fees and interest rates. The study finds credit-related mistakes to be most prevalent 

among young and old individuals.  

3. Financial literacy 

Financial literacy has emerged as a key variable which needs to be taken into 

consideration when attempting to explain differences in the financial behaviour of households. 

Recent research has revealed that rates of financial literacy vary greatly across the population 

and are often very low (Lusardi & Mitchell, 2011c). This pattern is visible throughout the world 

and financial literacy has been found to influence a number financial behaviours and outcomes. 

3.1. Why financial literacy is important 

Traditionally, financial literacy has received little attention in theoretical models 

attempting to explain aspects of financial behaviour. As suggested by Lusardi and Mitchell 

(2011c), this may be in part due to the difficulties in observing people’s ability to process 

economic information. Instead, such models are based on the assumption that individuals are 

able to obtain, understand and process financial information effectively to arrive at the optimal 

decision. Lusardi and Mitchell (2011a) illustrate the high burden that such an assumption 

places on individuals by referring to the traditional models of lifetime consumption and savings 

decisions. In these models, consumers maximise their lifetime expected utility subject to an 

intertemporal budget constraint. In the words of Lusardi and Mitchell (2011a, p4): 
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…the economic model posits that the consumer has expectations regarding prospective 

survival probabilities, discount rates, investment returns, earnings, pensions and Social 

Security benefits, and inflation. Further, the consumer is assumed to use that information 

to formulate and execute optimal consumption, work, and saving plans. 

This example makes clear why levels of financial literacy could potentially play a vital 

role in explaining differences in financial behaviour. In particular, it may explain why observed 

behaviour is inconsistent with the optimal behaviour stipulated by standard theories of finance. 

This also supports the assertion by Campbell (2006), discussed above, that the discrepancy 

between normative and positive behaviour may be particularly relevant when dealing with 

households. 

3.2. Financial literacy as an endogenous variable in economic models 

A small number of very recent studies have begun to address this shortcoming of 

traditional life-cycle models by incorporating an endogenously determined financial 

knowledge variable. One such model is proposed by Delavande, Rohwedder, and Willis 

(2008). Financial knowledge is treated as a type of human capital in which individuals can 

invest. The costs of investment in knowledge are dependent on cognitive ability, effort, existing 

knowledge and fees while the benefits are derived from superior expected savings returns. A 

similar approach is taken by Jappelli and Padula (2013). They begin with a two-period model 

but extend this to a multiperiod setting to examine how wealth and financial literacy are related 

to age and how changes in the social security system can affect incentives to invest in financial 

literacy and accumulate assets. It is shown that factors affecting the decision to save also affect 

the decision to invest in financial literacy and that financial literacy and wealth are positively 

correlated over the life cycle. One drawback of this model is that it does not take into account 

uncertainty, however.  

A considerable improvement over the two theoretical models described above is provided 

by Lusardi, Michaud, and Mitchell (2013). Their stochastic life-cycle model accounts for 

uncertainty not only in income, but also in capital market returns and medical expenditures. 
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Consumers fall into one of three education groups: less than high school, high school and 

college. Individuals receive government transfers which act to guarantee a minimum 

consumption floor. Two investment vehicles are available: a basic investment technology with 

a low but certain return and a sophisticated technology with a return dependent on financial 

knowledge. Using the sophisticated technology carries a cost, as does the acquisition of 

financial knowledge. Financial knowledge is assumed to depreciate over time, possibly due to 

a decline in cognitive abilities and obsolescence.   

Model simulations reveal several important results. Firstly, financial knowledge is found 

to be hump-shaped over the life cycle. In the period termed the accumulation phase, consumers 

invest in financial knowledge in order to benefit from higher returns allowing them to smooth 

marginal utilities over their lifetime. The investment in financial knowledge ceases when the 

cost of foregone consumption and depreciation rises and the marginal benefits are reduced by 

a shortening horizon. Moreover, since it is only optimal for consumers to invest in financial 

knowledge if the marginal benefits outweigh the marginal costs, not all will do so. As stated 

by the authors, some level of “financial ignorance” may be optimal. The model produces a 

much higher level of wealth inequality than standard models and is therefore more in line with 

empirical data. There are also policy implications. Firstly, the provision of financial education 

in schools can have significant effects on wealth accumulation. Secondly, the nature of social 

security systems and retirement savings plans is important. For example, if individuals are 

forced to take more responsibility for their own retirement planning, the incentives to invest in 

financial knowledge increase. 

3.3. Empirical measures of financial literacy 

Direct measures of financial literacy which appear in the literature have generally been 

based on survey questions which test respondents’ knowledge in relation to various financial 

concepts. Such questions often take a multiple choice format and financial literacy is measured 

by the number (or percentage) of correct responses. For example, a relatively early study by 

Volpe, Chen, and Pavlicko (1996) assesses the personal investment knowledge of 454 college 

students based on ten multiple choice questions. The questions are taken from a questionnaire 
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contained in a 1993 issue of Money magazine. Chen and Volpe (1998) also examine the 

personal financial knowledge of college students but develop a more comprehensive survey 

which includes 36 multiple choice questions. The questions relate to savings and borrowing, 

insurance, investments and general knowledge.  

Subsequent studies have differed in both the number and format of questions. Moore 

(2003) calculates a financial knowledge score based on the number of correct answers to 12 

binary choice questions. Volpe, Kotel, and Chen (2002) examine the investment literacy of 530 

online investors using 10 multiple choice questions. Hilgert, Hogarth, and Beverly (2003) use 

data from a wave of the University of Michigan Surveys of Consumers which includes 28 

true/false questions. The topics include cash-flow management, general credit management, 

saving, investment and mortgages. A somewhat different approach is adopted by Lusardi and 

Mitchell (2007a) who examine the link between financial literacy, financial planning and 

retirement wealth. Using data from the 2004 US Health and Retirement Study (HRS), this study 

measures financial literacy using only three questions. Furthermore, only one question is 

directly related to financial concepts. The specific questions are: 

1. If the chance of getting a disease is 10%, how many people out of 1,000 would be 

expected to get the disease? 

2. If 5 people all have the winning number in the lottery and the prize is 2 million dollars, 

how much will each of them get? 

3. Let’s say you have 200 dollars in a savings account. The account earns 10% interest 

per year. How much would you have in the account at the end of two years? 

In a sample of 1,984 Early Baby Boomers used by the study, the three questions were 

answered correctly by 83.5%, 55.9% and 17.8% of respondents respectively (Lusardi and 

Mitchell, 2007a). More recently, a more standardised set of questions has been developed in 

order to measure financial literacy. This began with a special financial literacy and planning 

module designed for the 2004 US HRS by Lusardi and Mitchell (2011a). The purpose of this 

module was to examine the relationships between information sources used by households, 
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financial literacy and financial planning. In designing the specific questions which would be 

used to measure financial literacy, four key principles were taken into account: 1) simplicity; 

2) relevance; 3) brevity and 4) capacity to differentiate (Lusardi & Mitchell, 2011c). It was 

decided to focus on three separate concepts which feature in economic models of saving and 

portfolio choice and are important to good household financial decision making. The concepts 

are interest compounding, inflation and risk diversification. The final questions which were 

asked in the 2004 US HRS are: 

1. Suppose you had $100 in a savings account and the interest rate was 2% per year. After 

5 years, how much do you think you would have in the account if you left the money 

to grow: more than $102, exactly $102, less than $102? 

2. Imagine that the interest rate on your savings account was 1% per year and inflation 

was 2% per year. After 1 year, would you be able to buy more than, exactly the same 

as, or less than today with the money in this account? 

3. Do you think that the following statement is true or false? “Buying a single company 

stock usually provides a safer return than a stock mutual fund.” 

These questions have become a benchmark for measuring financial literacy and have 

been adopted by several subsequent studies. As a result, I refer to the three questions as the 

“standard” financial literacy questions throughout the rest of this review. US-based studies 

which have adopted the standard financial literacy questions include Lusardi and Mitchell 

(2008), Lusardi and Mitchell (2009), Lusardi, Mitchell, and Curto (2010), Lusardi (2011) and 

Lusardi and Mitchell (2011b).  

In addition, the questions have been applied in studies of financial literacy in several 

countries outside the US. Indeed, an international project on financial literacy patterns was 

recently launched in which eight countries included the standard questions (or slightly modified 

versions thereof) in national surveys (Lusardi & Mitchell, 2011c). In 2008, an International 

Network on Financial Education (INFE) was created by the OECD with the purpose of 

facilitating “the sharing of experience and expertise among international experts from public 
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bodies on the topic and to promote the development of both analytical work and policy 

recommendations” (Atkinson & Messy, 2011, p. 657). Part of the project involves measuring 

and comparing financial literacy in countries around the world. To this end, surveys were 

recently conducted in 14 countries with questions encompassing financial knowledge, 

behaviour and attitudes relating to topics including budgeting and money management, short 

and long term financial plans and financial product choice (Atkinson & Messy, 2012). Eight 

questions are specifically designed to measure financial knowledge. The three concepts of the 

standard literacy questions (interest rate compounding, inflation and risk diversification) are 

all tested, though the specific questions are not the same. Again, these questions may be 

modified depending on the country.  

Another study which extends the three standard financial literacy questions is undertaken 

by Van Rooij, Lusardi and Alessie (2011). These authors use a total of 16 financial literacy 

questions, of which five are classified as basic and 11 are classified as advanced. The basic 

questions include two of the standard literacy questions: those related to inflation compounding 

and inflation. Also included are a question related to the time value of money and two more 

complex questions about interest compounding and inflation. The questions classified as 

advanced are more technical and relate to topics such as stock and bond markets, risk 

diversification and the relationship between bond prices and interest rates. The third standard 

financial literacy question is included in this set of questions. Factor analysis on the entire set 

of questions reveals that the basic and advanced questions load differently on two main factors. 

In order to measure financial literacy, the authors therefore conduct separate factor analyses on 

the two sets of questions to produce a basic and advanced index of financial literacy. 

The above review suggests that there is a trade-off in specifying the number and variety 

of questions that should be used to measure overall financial literacy. On the one hand, a small 

number of simple questions are easy to include in national surveys and make comparisons 

across countries more practical (Lusardi & Mitchell, 2011c). On the other hand, a broader range 

of questions with varying degrees of difficulty clearly captures different aspects of financial 

literacy and produces a more informative overall measure (Van Rooij et al., 2011). 
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3.4. Levels of financial literacy 

3.4.1. Financial illiteracy – studies from the US 

One of the clearest patterns to emerge when surveying empirical studies of financial 

literacy is that the general population is highly financially illiterate. Researchers have 

consistently reached this conclusion since financial literacy rates were first assessed. In the 

survey of college students conducted by Volpe et al. (1996), the mean investment IQ score is 

found to be 44 out of 100. Scores are calculated based on the number of correct responses to 

ten personal investment related questions and scores below 40 are considered a ‘fail’. Using a 

more comprehensive set of 36 financial literacy questions, Chen and Volpe (1998) find that 

college students answer only 53% of questions correctly on average. Lusardi et al. (2010) 

analyse the results of including the three standard financial literacy questions in the 2007-2008 

wave of the National Longitudinal Survey of Youth. Respondents are aged between 23 and 28. 

Only 27 per cent answered all three questions correctly. 

Lusardi and Mitchell (2011a) find that financial literacy is also very poor among the 

elderly. They report on the results of the special module on planning and financial literacy 

included in the 2004 HRS. Out of their sample of Americans over the age of 50, only 35 per 

cent of respondents correctly answered all three standard financial literacy questions. 

Respectively, 67, 75 and 52 per cent of respondents correctly answered the compound interest, 

inflation and diversification questions. Using an alternative set of three financial literacy 

questions, Lusardi and Mitchell (2007a) reach very similar conclusions.12 The questions were 

answered correctly by 84, 56 and 18 per cent of respondents (aged 50 and above) respectively. 

The results of the above studies which use age-based subgroups of the population 

continue to obtain for samples of the general population. Lusardi and Mitchell (2011b) use data 

from the 2009 National Financial Capability Survey which is representative of the adult 

American population. Just 30 per cent of respondents correctly answer all three standard 

financial literacy questions in their study. Further support for widespread financial illiteracy 

                                                 
12 The questions are described above in the section about empirical measures of financial literacy. 



 

 

62 

 

among American adults is provided by Agnew and Szykman (2005). They ask a number of 

financial literacy questions as part of an experimental study involving 500 volunteer 

participants at a public university campus. Again, many questions are poorly answered, with 

only one out of the ten questions asked having a correct response rate higher than 50%. 

3.4.2. Financial illiteracy – international studies 

Poor rates of financial literacy are visible in developed nations across the world. A recent 

initiative involved applying the three standard financial literacy questions to national surveys 

in seven countries outside the United States. The countries involved in this collaborative effort 

are Germany (Bucher-Koenen & Lusardi, 2011), Italy (Fornero & Monticone, 2011), Japan 

(Sekita, 2011), the Netherlands (Alessie, Van Rooij, & Lusardi, 2011), New Zealand (Crossan, 

Feslier, & Hurnard, 2011), Russia (Klapper & Panos, 2011) and Sweden (Almenberg & Säve-

Söderbergh, 2011).  Lusardi and Mitchell (2011c, p.506) summarise the results of these studies 

and conclude that “…financial literacy is very low around the world, irrespective of the level 

of financial market development and the type of pension provision.” Table 1 shows the 

percentage of respondents correctly answering the three questions in each of these individual 

studies. With the exception of Germany (57% for the 25-65 age group), no country has a correct 

response rate to all three questions greater than 50%. 

The OECD INFE recently released the results of carrying out its specially developed 

financial literacy questionnaire in 14 countries around the world (Atkinson & Messy, 2012). 

The countries are Albania, Armenia, the Czech Republic, Estonia, Germany, Hungary, Ireland, 

Malaysia, Norway, Peru, Poland, South Africa and the United Kingdom. The study concludes 

that financial literacy is poor throughout the world. For example, in none of the countries 

surveyed was more than 70% of the population able to correctly answer at least six of the eight 

financial knowledge questions. With the exception of Norway, the number of respondents who 

correctly answered two questions involving an interest calculation and understanding 

compound interest never exceeded 50 per cent. 
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Table 1: International comparison of response rates to standard financial literacy questions 

This table displays response rates to standard financial literacy questions (defined in the text) across international studies. 

    Total population Population Aged 25-65* 

Country Study 

Sample 

size 

Interest 

question 

correct 

(%) 

Inflation 

question 

correct 

(%) 

Risk 

question 

correct 

(%) ** 

All 

questions 

correct 

(%) 

Sample 

size 

Inflation 

question 

correct 

(%) 

Interest 

question 

correct 

(%) 

Risk 

question 

correct 

(%) 

All 

questions 

correct 

(%) 

Germany 

Bucher-Koenen 

and Lusardi, (2011) 1059 82 78 62 53 693 83 78 67 57 

Italy 

Fornero and 

Monticone (2011) 3992 40 59 52 25 2594 45 65 59 28 

Japan Sekita (2011) 5268 71 59 40 27 4382 71 59 39 27 

Netherlands 

Alessie, Van Rooij 

and Lusardi (2011) 1665 85 77 52 45 1324 86 76 53 46 

New 

Zealand 

Crossan, Feslier 

and Hurnard (2011) 850 86 81 49 24 587 88 83 51 27 

Russia 

Klapper and Panos 

(2011) 1366 36 51 13 3 965 39 54 15 3 

Sweden 

Almenberg and 

Säve-Söderbergh 

(2011) 1302 49 60 68 21 837 47 66 74 27 

USA 

Lusardi and 

Mitchell (2011b) 1488 65 64 52 30 1042 68 68 56 35 

                        

  Note: some studies give weighted percentages           

  * For NZ, this age group was 25 - 64             

  ** For NZ and Russia this question was slightly different             
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3.5. Financial literacy, demographics and socioeconomic factors 

Such alarmingly low rates of financial literacy have drawn policy responses in countries 

around the world including financial education programmes and aims to improve the 

accessibility of information about financial decision making. Of key importance to the success 

of such initiatives is developing a better understanding of the reasons behind the low levels of 

financial literacy. To this end, several studies have assessed the importance of demographic 

and socioeconomic variables in determining financial literacy. 

3.5.1. Financial literacy and age 

The studies reviewed above suggest that financial illiteracy extends to all age groups. 

Nevertheless, the results from a number of studies suggest that financial literacy levels are 

lowest among the young and the elderly. For example, Lusardi and Mitchell (2011b) document 

that financial literacy is poorest for those aged under the age of 35 and those aged over 65. The 

inflation and risk diversification questions pose a particular problem for the young. A general 

hump-shaped distribution of financial literacy with respect to age is also documented for the 

Netherlands by Van Rooij et al. (2011). Although not very pronounced, it is visible for both 

the basic and advanced financial literacy indices used in the study. Van Rooij et al. (2011) 

suggest that this may indicate that people learn over time and with greater experience in 

financial market participation. As summarised by Lusardi and Mitchell (2011c), a number of 

other international studies further support this effect. 

An interesting observation is that although the level of financial literacy appears to 

decline with age, the same is not true in regard to people’s confidence in their financial abilities. 

For example, Finke, Howe, and Huston (in press) examine the relationship between actual 

financial knowledge, confidence about financial knowledge and age. They find that the 

calculated financial literacy score declines by 1% each year once people reach the age of 60. 

In contrast, confidence does not decline with age. Similarly, Lusardi and Tufano (2009) find 

that although the elderly exhibit low levels of knowledge about debt, they are the group which 

ranks themselves as the most financially knowledgeable. An important caveat in relation to the 
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age effect is that differences in financial literacy may in fact be driven by cohort effects 

(Lusardi & Mitchell, 2013). When using cross-sectional data, the two effects cannot be clearly 

separated.  

3.5.2. Financial literacy and ethnicity 

Several studies have documented differences in financial literacy based on ethnic 

background. For  example, Lusardi and Mitchell, (2011a) find that in the US, Blacks and 

Hispanics perform worse on all three standard financial literacy questions. While 72% of 

Whites correctly answer the question related to compound interest, only 54% of Blacks and 

47% of Hispanics can do so. Similar patterns for the US are also found by Lusardi and Mitchell 

(2007b) as well as Lusardi and Mitchell (2011b). 

3.5.3. Financial literacy and education 

A very strong relationship also emerges between financial literacy and education. Higher 

levels of educational attainment are associated with better financial literacy. For example, Van 

Rooij et al. (2011) divide respondents into six groups based on the highest level of educational 

attainment (the lowest being primary and the highest being university). They find that the mean 

financial literacy quartile of respondents rises monotonically from the lowest to highest levels 

of educational attainment. This pattern holds for both the basic and advanced literacy indices. 

Similar evidence is provided by other US-based studies (Lusardi & Mitchell, 2007b, 2011a, 

2011b) as well as international studies (as summarised by Lusardi and Mitchell (2011c)). 

However, as Lusardi and Mitchell (2011c) point out, financial literacy still tends to be poor 

even among those who have attained a high level of education.  

As noted by Lusardi and Mitchell (2013), it is important to account for the possibility 

that the strong link between education and financial literacy is driven by cognitive ability. 

Using data from the National Longitudinal Survey of Youth which includes a measure of 

cognitive ability (the armed services vocational aptitude battery), Lusardi et al. (2010) are able 

to test for this directly. They find that although cognitive ability is strongly associated with 

financial literacy, it is not the sole determinant and other variables are also significant. 
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3.5.4. Financial literacy, wealth, income and employment 

The evidence also points towards a positive association between financial literacy and 

income. For example, Lusardi and Tufano (2009) conduct a multivariate logit regression of 

debt literacy scores against various demographic variables and find that those with incomes 

greater than 75,000 tend to obtain higher scores. Some studies also find a similar relationship 

between financial literacy and levels of wealth. Lusardi and Mitchell (2007a) document a 

strong positive correlation between financial literacy and planning for retirement and, in turn, 

between planning for retirement and wealth. In the multivariate regression conducted by 

Lusardi and Mitchell (2009), there is less evidence to support a direct link between debt literacy 

scores and levels of wealth, however. 

Factors related to employment have also been shown to influence financial literacy 

scores. For example, using German data, Bucher-Koenen and Lusardi (2011) find that the 

percentage of respondents answering all three standard financial literacy questions correctly is 

62% for wage earners, 67% for the self-employed and only 45% for the unemployed. 

3.5.5. Financial literacy and gender 

Rates of financial literacy are subject to very strong gender differences. As has been 

documented by many different studies, men tend to exhibit significantly higher levels of 

financial literacy than women. For example, Van Rooij et al. (2011) find that the mean basic 

financial literacy index score quartile is 3.07 for males but only 2.62 for females. When they 

use their advanced index score, the mean quartile is 2.85 for men and 2.13 for females. 

This pattern can also be clearly seen among American youths. Using data from the 1997 

Longitudinal Survey of Youth, Lusardi et al. (2010) find that the correct response rate to the 

standard interest rate question is 4.9 per cent higher for men than women. For the inflation and 

risk diversification questions the differences are 10.9 and 11.6 per cent respectively. All the 

differences are highly statistically significant. In their sample of American respondents aged 

60 and over, Finke et al. (in press) find that the average total financial literacy score (out of 16 

questions) is 55.65 per cent for males and 44.22 per cent for females. Being male continues to 
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be positively correlated with financial literacy and is highly significant in a multivariate 

regression setting. Interestingly, the study also finds that the annual decline in financial literacy 

after the age of 60 is almost identical for their full sample and a subsample of men only. 

As discussed by Lusardi and Mitchell (2013), this gender disparity has generated 

considerable cause for alarm. For example, Lusardi and Mitchell (2008) voice strong concerns 

about the ability of women to make adequate savings and investment decisions when faced 

with a lengthy retirement. Researchers have offered various explanations for the gender 

disparity. For example, women may be less involved in daily financial decision making than 

their male partners and therefore derive fewer opportunities to learn through this channel. 

Indeed, Fonseca, Mullen, Zamarro, and Zissimopoulos (2012) suggest that men and women 

may differ in the process or mechanism by which they acquire financial knowledge. However, 

they find little evidence to support gender-based financial decision specialisation among 

couples and document a positive association between decision making and financial literacy 

for males only. Bucher-Koenen and Lusardi (2011) provide further evidence which contradicts 

the notion that differences in decision making drive financial literacy. Using data from German 

survey respondents, they find that single women who make financial decisions by themselves 

and women who decide jointly with their partner still perform worse than their male 

counterparts. 

Also of note is the finding that women are more likely to state that they do not know the 

answer to financial literacy questions than men. For example, in the US-based study by Lusardi 

and Mitchell (2011b), 34 per cent of male respondents give “don’t know” as their response to 

at least one of the three standard financial literacy questions. For females, the rate is 50 per 

cent. Bucher-Koenen, Lusardi, Alessie, and van Rooij (2012) suggest that this may be 

explained by the fact that women tend to display lower levels of confidence than men. 

3.5.6. Financial literacy and family status 

Finally, there is a limited amount of evidence pointing towards a relationship between 

financial literacy and family-related variables. For example, in a multivariate regression 
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setting, Lusardi et al. (2010) find that youths display better financial literacy if their mothers 

attained higher levels of education and if their parents held stocks or retirement savings. 

Lusardi and Tufano (2009) find that their measure of debt literacy is especially low for 

individuals who are divorced or separated. 

3.6. Financial literacy, macro-economic, institutional and country-specific factors 

The discussion above indicates that there are clear variations in financial literacy in 

accordance with demographic and socioeconomic variables. Other evidence suggests that 

broad economic factors also have a role to play.  

Jappelli (2010) carries out a cross-country comparison of economic literacy rates and 

examines how these vary with macroeconomic and institutional variables. The study’s proxy 

for economic literacy is a measure calculated by the IMD World Competitiveness Yearbook 

based on interviews with senior business leaders. 55 countries are included. Consistent with 

the studies reviewed above, PISA test scores and educational achievement show a positive 

correlation with economic literacy. In contrast, countries where responsibilities for private 

wealth accumulation are limited by strong government-directed forms of savings exhibit lower 

levels of economic literacy. Overall, the study suggests that economic literacy rises together 

with factors which encourage human capital and financial market reform. 

A number of studies present strong evidence of within-country regional differences. 

Bucher-Koenen and Lusardi (2011) show that rates of financial literacy in West Germany are 

considerably higher than in East Germany. 58.0 per cent of respondents living in West 

Germany correctly answered all three standard financial literacy questions while only 44.5 per 

cent of those living in the East could do so. Similar regional differences are visible in Italy, as 

described by Fornero and Monticone (2011). Here, northern regions display higher rates of 

financial literacy than southern regions. These disparities in financial literacy follow a similar 

pattern as other economic and social indicators including employment, income and education. 

In Russia, individuals living in urban areas tend to display higher rates of financial literacy than 
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those living in rural areas, especially if they are living in an area close to Moscow (Klapper & 

Panos, 2011).  

Some researchers argue that a country’s specific economic situation and experiences may 

also influence financial literacy (Lusardi & Mitchell, 2011c). This is indicated by cross-country 

differences in knowledge about specific aspects of financial literacy. For example, Sekita 

(2011) suggests that one reason why only 59% of Japanese respondents correctly answered the 

standard inflation question may be the absence of inflation in Japan since 1979. In Sweden, 

respondents perform particularly well on the risk diversification question (a correct response 

rate of 68 per cent) (Almenberg & Säve-Söderbergh, 2011). This may be a reflection of the 

country’s recent pension privatisation and the fact that many Swedes own stocks or shares in 

mutual funds (Almenberg & Säve-Söderbergh, 2011; Lusardi & Mitchell, 2011c). 

3.7. Financial literacy and financial behaviour 

Recent efforts to improve economic outcomes by targeting financial literacy are based 

on the premise that improved financial literacy will lead to improved financial decision making. 

The relationship between financial literacy and behavioural outcomes has been investigated 

empirically in a variety of contexts. 

3.7.1. Planning for retirement 

The aspect of financial behaviour which has been examined most closely in relation to 

financial literacy is retirement planning. A leading study in this area is by Lusardi and Mitchell 

(2007a). Using data from the US HRS, these authors show empirically how financial literacy 

can lead to better financial outcomes at retirement. A relationship is first established between 

respondents’ financial literacy scores and the propensity to plan for retirement. The study 

classifies as planners those individuals who report that they have thought about retirement a 

little, some or a lot. A multivariate probit regression controlling for demographic factors shows 

that correctly answering the compound interest question significantly increases the probability 

of being a planner while answering “don’t know” to the lottery question decreases the 
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probability.13 The study then establishes a strong positive association between planning for 

retirement and net worth. Multivariate median regressions suggest that planning is associated 

with a 20 per cent increase in total net worth.14 

The collaborative effort to investigate levels of financial literacy in eight countries 

outside the US (described in more detail above) also examines the link between financial 

literacy and retirement planning. As summarised by Lusardi and Mitchell (2011c), these studies 

generally document a strong positive association between literacy levels and planning for 

retirement. Two exceptions are Sweden and New Zealand (Almenberg & Säve-Söderbergh, 

2011; Crossan et al., 2011). In general, it is the interest rate and risk diversification questions 

which are the most informative. Lusardi and Mitchell (2011c) suggest that this might reflect 

the importance of basic numeracy skills in financial planning and the fact that understanding 

risk diversification characterises more financially sophisticated individuals. Marginal effects 

suggest that answering an additional financial literacy question correctly is related to an 

increase in the probability of planning by three to four per cent in several countries.  

3.7.2. Participation in financial markets 

Financial literacy has also been linked to stock market participation. Using data 

representative of the population of the Netherlands, Van Rooij et al. (2011) find that financial 

literacy is a strong predictor of stock market participation. In particular, in a multivariate OLS 

regression, an increase in their advanced financial literacy index by one standard deviation is 

associated with a 6 percentage point increase in stock market participation. The regression 

controls for various demographic and socioeconomic factors as well as economic education 

and daily use of economics. Moreover, the basic financial literacy index score is also included 

in the regression and found to be insignificant. 

                                                 
13 See the section “Empirical measures of financial literacy” above for details about the wording of the questions 

used in this study. 
14 The study also uses instrumental variables to investigate the direction of the relationship; see the section 

“Addressing issues of endogeneity” below for more details. 
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Although they do not measure financial literacy directly, Christelis, Jappelli, and Padula 

(2010) find that cognitive abilities including numeracy, verbal fluency and memory are all 

associated with higher stock ownership. This relationship holds for direct ownership as well as 

holdings through mutual funds and retirement accounts. The study uses data from the Survey 

of Health, Ageing and Retirement in Europe (SHARE) which is comprised of people aged 50 

and over from 11 European countries. 

3.7.3. Credit-related behaviour 

Another aspect of financial behaviour which appears to be affected by financial literacy 

is credit-related decision making. Moore (2003) assesses the financial literacy of two groups 

of mortgage holders. The first group, dubbed the “victim pool” consists of individuals who 

held mortgages from a lender which reached a settlement in a predatory lending case in the 

State of Washington. According to the study, a significant number of these mortgage holders 

were victims of predatory lending practices. The second group is a control group comprised of 

a random sample of the general population. Individuals contained in the victim pool are found 

to display significantly lower levels of financial literacy. 

Some particularly negative consequences of low financial literacy are found by Lusardi 

and Tufano (2009). They find that individuals with lower debt literacy scores transact in ways 

which cause them to incur considerably higher expenses and fees. For example, those who 

make only minimum credit card payments or incur late and over-the-limit fees obtain lower 

debt literacy scores. Cardholders with a low level of debt literacy are found to pay higher fees 

than average cardholders by 50 per cent. Moreover, when asked to judge the appropriateness 

of their debt, the less debt literate are more likely to describe it as excessive or state that they 

are unsure. 

Lusardi and Scheresberg (2013) focus in particular on high-cost methods of borrowing. 

These include payday loans, pawn shops and auto title loans. They find that those who engage 

in this type of borrowing tend to have lower levels of financial literacy. In a multivariate 

regression setting, being able to answer the three standard financial literacy questions correctly 



 

 

72 

 

is associated with a 5 percentage point reduction in the probability of engaging in high cost 

borrowing. 

3.7.4. Other links between financial literacy and financial behaviour 

The studies reviewed above all use some kind of direct measure to proxy for financial 

literacy. Other research examines the effect of exposure to financial education on subsequent 

financial behaviour. For example, Bernheim and Garrett (2003) examine the effect of 

employer-based financial education on asset accumulation. They find that the availability of 

this type of education is positively correlated with both stock and flow measures of asset 

accumulation.  

There are also a few studies which assess the impact of financial literacy courses in 

schools. Results are mixed. Bernheim, Garrett, and Maki (2001) investigate whether the 

adoption of high school financial education mandates in certain US states leads to improved 

financial decision making in adulthood. These authors conclude that such mandates are indeed 

correlated with higher savings rates and wealth accumulation. By contrast, Mandell and Klein 

(2009) find that students who completed a financial management course one to four years prior 

are no more financially literate than a matched sample of their peers who did not. In addition, 

the test group does not show any signs of improved financial behaviour. It should be noted that 

the sample size of this study is relatively small, however.  

3.8. Addressing issues of endogeneity 

The issue of endogeneity is especially important in the area of financial literacy. Studies 

which are particularly affected are those which attempt to establish a link between rates of 

financial literacy and behavioural outcomes. In a meta-analysis of the prior literature, 

Fernandes, Lynch, and Netemeyer (2014) conclude that many empirical studies do not properly 

control for omitted variables and may therefore overestimate the effect of financial literacy on 

behaviour. As discussed in the previous subsection, these studies often use a cross-sectional 

multivariate regression setting to assess the relation between financial literacy and a specific 

aspect of behaviour, as follows: 
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 𝐵𝑒ℎ𝑎𝑣𝑖𝑜𝑢𝑟𝑖 = 𝛽1𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙_𝐿𝑖𝑡𝑒𝑟𝑎𝑐𝑦𝑖 + 𝜸𝑪𝒐𝒏𝒕𝒓𝒐𝒍𝒔 + 휀𝑖 (1) 

Although this specification allows the researcher to control for the effects of a wide range 

of demographic and socioeconomic factors which could also influence the behavioural aspect, 

the issue of endogeneity remains. Firstly, it is difficult to establish the direction of causation. 

For example, it is conceivable that investing in the stock market results in learning by 

experience, therefore increasing an individual’s financial literacy score (Van Rooij et al., 

2011). Secondly, there may be an unobserved and therefore omitted variable which affects both 

financial literacy and the behavioural aspect under investigation. In both cases, interpreting a 

positive 𝛽1 coefficient as evidence for a causal relationship between financial literacy and 

financial behaviour would be erroneous. 

In order to circumvent the endogeneity problem, many studies make use of instrumental 

variables. This requires identifying a variable which is correlated with financial literacy (the 

independent variable), but uncorrelated with the financial behaviour (the dependent variable) 

and thus the error term. The instrumental variables regression procedure is then carried out in 

two stages. In the first stage, financial literacy is regressed against the instrumental variable as 

follows: 

 𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙_𝐿𝑖𝑡𝑒𝑟𝑎𝑐𝑦𝑖 = 𝛿𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡𝑎𝑙_𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑖 + 𝜸𝑪𝒐𝒏𝒕𝒓𝒐𝒍𝒔 + 휀𝑖 (2) 

The predicted values of financial literacy from regression 2 are obtained and used in place 

of the actual financial literacy in the second stage regression: 

 𝐵𝑒ℎ𝑎𝑣𝑖𝑜𝑢𝑟𝑖 = 𝛽2𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙_𝐿𝑖𝑡𝑒𝑟𝑎𝑐𝑦̂
𝑖 + 𝜸𝑪𝒐𝒏𝒕𝒓𝒐𝒍𝒔 + 휀𝑖 (3) 

In regression 3, the variation in predicted financial literacy is driven entirely by a variable 

uncorrelated with the behavioural variable under investigation. Therefore, if the estimated 𝛽2 

coefficient remains positive, this provides evidence that observed financial behaviour is being 

influenced by rates of financial literacy and not the other way round. 
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Van Rooij et al. (2011) adopt this instrumental variables approach to examine the 

direction of their documented relationship between financial literacy and stock market 

participation. The instrumental variable they use is the reported financial situation of 

respondents’ eldest siblings. The argument is that this instrument is correlated with financial 

literacy since respondents can learn from the experience of others. However, it is assumed to 

be exogenous with respect to stock market participation itself since a respondent cannot control 

the financial experience of others. Furthermore, the authors argue against the notion that their 

instrument may proxy for family fixed effects or common preferences since the correlation 

between a sibling’s financial condition and a respondent’s financial literacy is found to be 

negative. The second stage regressions which employ the instrument for financial literacy 

continue to show a significant positive relationship between financial literacy and stock market 

participation. It is concluded that literacy is an important determinant of stock market 

participation. 

A range of instruments has been used in other studies. For example, when assessing the 

link between financial literacy and retirement planning in Germany, Bucher-Koenen and 

Lusardi (2011) use the financial knowledge of others in the same region as an instrument for 

financial literacy. Similar to Van Rooij et al. (2011), it is argued that people can improve their 

financial literacy by learning from others but do not control the actions of others. Regional 

financial knowledge is proxied by political attitudes. Other instruments include having an 

economics degree, using a computer, language skills, high school financial education, and 

regional variations in the number of newspapers and universities (Fornero & Monticone, 2011; 

Klapper & Panos, 2011; Lusardi & Mitchell, 2011b; Sekita, 2011).  

An interesting variation of the standard instrumental variables procedure is offered by 

Lusardi and Mitchell (2007a). Their study documents a positive correlation between financial 

literacy and planning for retirement and, in turn, between planning and retirement wealth. An 

important question arises as to the direction of the relationship between planning and wealth. 

In this case, the researchers identify a useful instrumental variable for net wealth. In other 

words, the instrument applies to the variable which is specified as dependent rather than 
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explanatory in their original regression. The instrumental variable is the regional housing price 

changes in the previous year. This is strongly correlated with net wealth but not with retirement 

planning. Therefore, the original regression equation is inverted so that retirement planning 

becomes the dependent variable for the purposes of the instrumental variables procedure. In 

the second stage regression, it is shown that there is no relationship between planning and the 

instrument for net worth. Thus, the direction of causation must go from planning to net worth. 

Finally, Alessie et al. (2011) provide an additional way of addressing the endogeneity 

issue. In order to account for potential omitted variable bias in their assessment of the 

relationship between financial literacy and retirement planning, they include individual fixed 

effects in a panel regression model. This is possible because the longitudinal nature of their 

sample taken from the 2005 and 2010 Dutch Central Bank (DNB) Household Survey. After 

including the individual fixed effects, and therefore controlling for correlated but unobserved 

differences, the relationship between financial literacy and planning remains positive. 
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Social Interaction and Risk Taking 

 

 

 

 

 

Abstract 

Using a sample of retail stock market investors, I find no evidence that social interaction 

exacerbates risk taking. Instead, the results indicate that investors who display a tendency to 

purchase stocks with high volatility or skewness moderate their risk taking once they begin to 

interact with other investors. This result contrasts with recent research claiming that social 

interaction encourages risky trading strategies among retail investors. However, it is consistent 

with studies from the experimental economics literature which show that individuals lower 

their propensity to accept investments with lottery-like payoffs when they are making decisions 

in a group setting relative to an individual setting.  
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1. Introduction 

Social interaction among retail investors is common. Retail investors recount trading 

experiences, discuss strategies and share new ideas. Our understanding of the effect that this 

kind of social interaction has on subsequent investment behaviour is still very limited, however. 

One possibility is that interaction encourages the propagation of active and risky trading 

strategies, especially those characterised by high degrees of volatility and skewness (Han & 

Hirshleifer, 2015). Such strategies conflict with traditional principles of portfolio optimisation 

and can harm performance. However, evidence from experimental economics points toward a 

different outcome. Most studies in this area find that group rather than individual decision 

makers more closely resemble rational economic agents (Kugler, Kausel, & Kocher, 2012). 

Moreover, groups tend to be more risk averse than individuals when faced with lottery-like 

payoffs with high skewness (He, Martinsson, & Sutter, 2012). These results suggest that social 

interaction might moderate rather than exacerbate this type of risk taking. 

In this paper, I examine these competing hypotheses in the context of stock market 

investing. My empirical tests are based on a sample of Finnish retail investors between the 

years 1997 through 2011. In constructing the network of connected investors, I rely on a 

method recently introduced to the finance literature by Ozsoylev, Walden, Yavuz and Bildik 

(2014). Two investors are defined as being socially connected if, on regular occasions, they 

buy the same stock within a short period of time.15 This approach allows me to classify any 

pair of investors as being either socially connected or unconnected based solely on their actual 

stock trading behaviour. I improve this methodology by introducing a number of additional 

controls that allow me to better differentiate between the true localised social interaction I 

intend to capture versus a common reaction to centralised information diffusion or common 

trading strategies. 

                                                 
15 As will be discussed later, I do not use sells to identify connected investors as these constitute a limited choice 

set for investors. Short sales are uncommon among Finnish retail investors and therefore only stocks previously 

purchased can be sold. In addition, sell trades at least partly reflect prior and potentially ‘dated’ buy decisions. 
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I first validate the proxy for social interaction by examining the exogenous characteristics 

of the pairs of investors identified as being socially connected. I find that social connections 

are heavily clustered around individuals whom one would expect to have a high chance of 

being connected. For example, about 21% of the social connections I observe occur between 

investors who reside less than 5 normalised-equivalent kilometres apart. If connections were 

randomly distributed among investors in the sample, one would expect less than 2% of 

connections to fall within this range. Connections are also clustered around investors with 

familial relationships (17% relative to an expected 0.1%), who are of similar age (34% relative 

to an expected 22%) and who speak the same language (92% relative to an expected 89%). 

These results contribute to the existing literature by highlighting the channels of information 

diffusion among investors. In addition to locality, which has been shown to contribute to social 

interaction (e.g. Ivković & Weisbenner, 2007; Pool, Stoffman, & Yonker, 2015), I provide 

evidence demonstrating the importance of family, language and age. 

My empirical tests proceed in the form of an event study. For a given investor, I define 

year zero as the first year during which I identify the investor as being socially connected to at 

least one other individual. Preference for high risk trading strategies is measured by the 

proportion of an investor’s annual stock purchases that is allocated to stocks falling within the 

highest volatility, idiosyncratic volatility or skewness quintiles. I calculate a market-adjusted 

or “abnormal” proportion of trading in these stocks (which I term APROP) by subtracting the 

average proportion calculated across other investors in the market with similar trading 

frequencies. I then track the development of APROP for a given investor in event time. I also 

track the APROP calculated across the individuals comprising an investor’s year-zero peer 

network. The robustness of the tests is enhanced by matching each ‘treated’ investor with a 

control investor who is never identified as being socially connected during the sample period. 

The purpose of this control is to mitigate against changes in the level of risk taking displayed 

by treated investors that are explained by factors other than social interaction. An important 

example of such a factor is a tendency of extreme behaviour to regress to more average levels 

over time. 
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I find that, once connected, investors’ levels of risk taking tend to converge to the more 

neutral levels displayed by their network peers. Investors who display a positive value of 

APROP in the pre-connection period (whom I term “speculators”) tend to reduce their 

purchases of high risk stocks while investors who display a negative value of APROP in the 

pre-connection period (“conservatives”) tend to increase their purchases of high risk stocks. As 

shown by the control sample, the majority of this effect can be explained by a general tendency 

for these two groups to regress to more neutral levels of risk taking. However, for speculative 

investors, the reduction in risk taking is significantly larger than for the control sample. This 

suggests that investors who routinely purchase stocks with high volatility or skewness are 

encouraged to moderate their risk taking when social interaction becomes part of their 

investment decision making process. 

A relatively recent literature documents the existence of peer effects in various 

investment contexts. Social interaction has been shown both to encourage stock market 

participation (Brown, Ivković, Smith, & Weisbenner, 2008; Guiso & Jappelli, 2005; Liu, 

Meng, You, & Zhao, 2014) and also to promote correlated securities choices among connected 

investors (Hvide & Östberg, 2014; Ivković & Weisbenner, 2007; Shive, 2010). Investors have 

also been shown to be responsive to investment returns experienced by their peers, both in 

terms of the decision to participate in the stock market (Hellström, Zetterdahl, & Hanes, 2013; 

Kaustia & Knüpfer, 2012) as well as asset allocations (Lu & Tang, 2015). The influence of 

social interaction has been documented in other investment-related settings including 

institutional investor behaviour (Hong, Kubik, & Stein, 2005; Pool et al., 2015), security 

analysts (Horton & Serafeim, 2009), insider trading (Ahern, 2015) and retirement savings 

choices (Duflo & Saez, 2002). 

In contrast, evidence as to how social interaction might influence investors’ risk appetite 

is much scarcer and less consistent. A theoretical model by Han and Hirshleifer (2015) 

proposes that social interaction involves an inherent bias in the transmission process.16 The 

                                                 
16 The model by Han and Hirshleifer (2015) follows an extensive literature on the role of social learning in 

economic outcomes. Early sequential decision models describe how informational cascades and herding may 

arise when individuals base their decisions, at least in part, on the actions of others (Banerjee, 1992; 
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bias is referred to as “self-enhancing transmission bias”, reflecting the notion that individuals 

are more likely to recount positive investment outcomes than negative ones. Transmission 

receivers do not fully discount this bias and thus overweight the value of the strategy. The 

higher a strategy’s return variance, the stronger the bias. As a result, a preference for stocks 

with high volatility and high skewness spreads among connected investors. Investment in 

stocks with such characteristics can lead to underperformance if they are more prone to 

overvaluation (Han & Kumar, 2013). One empirical study which provides evidence consistent 

with aspects of the Han and Hirshleifer (2015) model is by Simon and Heimer (2012). Their 

study finds that foreign exchange traders are more likely to initiate interaction and react more 

strongly to interaction following positive performance. A feature of the sample used in this 

study is that all the traders must have become members of a “Facebook-style social network” 

(Simon & Heimer, 2012, p. 3).  This raises a self-selection concern in that the traders opting to 

join a network providing a forum for communication may have a higher propensity to interact 

with other investors in the first place. An important advantage of my sample is that it is derived 

from the entire population of Finnish retail stock market investors. 

A second, conflicting strand of evidence comes from the experimental economics 

literature.  In a recent review on group decision making, Kugler, Kausel and Kocher (2012) 

conclude that group decisions more closely approximate the predicted behaviour of a rational 

economic agent than individual decisions. A number of studies have focused in particular on 

identifying differences in risk preferences through controlled experiments. The general 

consensus from this research is that groups tend to be more risk averse in relation to high risk 

lotteries: those with a small probability of a high payoff (Baker, Laury, & Williams, 2007; 

Masclet, Colombier, Denant-Boemont, & Loheac, 2009; Shupp & Williams, 2008). 

Conversely, groups are less risk averse than individuals in relation to low risk lotteries. He et 

al. (2012) replicate these findings using naturally occurring groups in the form of student 

                                                 
Bikhchandani, Hirshleifer, & Welch, 1992; Welch, 1992). Ellison and Fudenberg (1993; 1995) and Banerjee 

and Fudenberg (2004) focus on the nature of the transmission process and show that product decisions based on 

naïve rules of thumb and/or word-of-mouth communication can lead to fairly efficient long-run social outcomes. 

Conversely, Cao, Han and Hirshleifer (2011) suggest that information externalities limit efficient decision 

making and make individuals prone to mistaken informational cascades. 
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couples in place of randomly assigned groups. Masclet et al. (2009) further examine the way 

in which group decisions are made and find that less risk averse individuals are more willing 

to shift their decision to conform to the group average. Related experiments suggest that social 

interaction and/or information sharing leads to closer adherence to the principles of Markowitz 

portfolio selection theory, (Rockenbach, Sadrieh, & Mathauschek, 2007), improves 

underdiversification and reduces risk, (Baghestanian, Gortner, & Van der Weele, 2014) and 

can reduce the likelihood of bubbles and crashes in an asset market (Cheung & Palan, 2012).  

Given the significant role that social interaction has been shown to play in the investment 

process, understanding its influence on risk taking is of major importance. The key contribution 

of this study is to empirically investigate this issue using a broad sample of retail investors. 

The results provide no support for the notion that social interaction exacerbates risk taking. 

Instead, they point towards an outcome from interaction during the investment decision making 

process consistent with findings from economic experiments. Social interaction in an 

investment context reduces the tendency of some investors to purchase stocks displaying very 

high levels of volatility or skewness.  

2. Data and empirical design 

2.1. Data 

This study uses daily data on stock trading by Finnish individual investors on the Nasdaq 

OMX Helsinki exchange from January 1997 through December 2011. To trade on the 

exchange, investors must register with Euroclear. Each investor obtains a single unique 

Euroclear account which aggregates the trades made by that investor, even if they are made 

through different brokers. I aggregate the individual buy and sell trades which an investor 

makes in a given stock across each day. For example, if an investor completes three separate 

purchases of 200 Nokia shares and two separate sales of 150 Nokia shares during the same day, 

those transactions are recorded as one purchase of 600 Nokia shares and one sale of 300 Nokia 

shares on that day. 
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The database also provides several demographic variables for each investor including the 

investor’s age, gender, language and postcode of residence. I use these variables as controls 

and to help confirm the validity of the social interaction proxy. In addition, every account is 

associated with an ID number representing the individual investor’s family name. Investors 

with the same family name receive the same ID number. I use this variable as a proxy for 

familial relationships. In order to calculate distances between the residences of investors, I 

obtain values for the latitude and longitude of postcode areas from ZIPCodeSoft. Finally, I 

obtain stock price and firm fundamentals data from COMPUSTAT Global. 

2.2. Identification of social interaction 

In order to measure social interaction between investors, I apply the technique proposed 

by Ozsoylev et al. (2014) to identify “Empirical Investor Networks”. The major advantage of 

this approach is that connections can be identified between the entire population of investors, 

as long as account-level trading data is available. In Section 3 of the paper, I provide strong 

evidence that the identified investor network reflects true social interaction between investors.  

According to the methodology outlined by Ozsoylev et al. (2014), two investors are 

defined as being connected if they trade the same stock, 𝑠, in the same direction within a defined 

time period, ∆𝑡, a given number of times, 𝑚, during a sample window of length 𝑙. The 

motivation behind this approach is that investors who communicate with each other in relation 

to trading decisions are likely to trade the same stocks within a short space of time. Given the 

context of my analysis, I do not include sell trades in identifying connections. I do this because 

sales represent only a limited choice set for the investors in the sample. Short sales are 

uncommon among Finnish retail investors and therefore only stocks previously purchased can 

be sold. In addition, sell trades at least partly reflect prior and potentially ‘dated’ buy decisions. 

For example, an investor may choose to sell a previously acquired risky stock because his 

attitude toward risk has changed, or because the stock’s risk profile has changed. In both of 

these cases, the characteristics of the traded stock would not be reflective of the investor’s 
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current attitude toward risk. In any given year, I define as active and include investors who 

make buy trades on at least ten days during the year. 

Estimation of the investor network requires choices for each of the variables described 

above. Like Ozsoylev et al. (2014), I work with a sample window of one year. That is, when 

conducting time-series tests across a number of years, network connections are recalculated 

each year. There is a trade-off between specifying lower and higher values for ∆𝑡 (the time 

period) and 𝑚 (the number of common trades) respectively to increase the level of confidence 

that two investors truly are connected while raising the chance of designating the investors as 

unconnected when they are actually connected. I believe that a time period, ∆𝑡, equal to one 

day is appropriate for the type of word-of-mouth interaction between retail investors that this 

study is attempting to capture. As described below, I do not include high-frequency traders in 

the sample and a time period of less than one day would be too restrictive. Furthermore, I also 

wish to capture instances where two individuals interact about a particular stock on a given day 

and then both trade the stock on that day or soon afterwards. Finally, I use a value of 𝑚 (the 

number of common trades) equal to 5. In summary, therefore, two investors are defined as 

being connected during a calendar year if, on at least 5 days during the year, they purchase the 

same stock.  

2.2.1. Localised social interaction versus reaction to centralised information diffusion 

A potential issue related to identifying Empirical Investor Networks purely from 

common trades is that the trades may reflect reactions to public diffusion of important news 

events (e.g. earnings announcements) or common trading strategies (e.g. chartists) rather than 

true interaction between investors. I provide an important contribution to this area of the 

literature by considering the potential for these factors to influence the identification of an 

Empirical Investor Network. I first identify all the connected buy trades for each stock during 

a given year: instances where two investors purchase the same stock on the same day. For each 

stock which has at least 100 connected buy trades during the year, I then compute the 

percentage of the total yearly connected buy trades that occur on each trading day. I then rank 

the trading days within each stock-year and compute the average percentage of connections for 
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each ranked trading day. As shown in Figure 1, the distribution shows extreme right skewness. 

The highest ranked trading day accounts for more than 20% of connected trades on average. 

Together, the top five ranked trading days contain an average of about 45% of connected trades. 

This means that for each stock, a small number of trading days are responsible for a 

disproportionately large share of connected trades.  

 

Figure 1: Percentage of connected buy trades by trading day 

I identify all the connected buy trades for each stock: instances where two investors purchase 

the same stock on the same day. For each stock which has at least 100 connected buy trades 

during the year, I then compute the percentage of the total yearly connected buy trades that 

occur on each trading day. I then rank the trading days according to this percentage value within 

each stock-year and compute the average for each ranked trading day. The chart plots these 

averages for ranked trading days 1 through 50. The sample period is 1997 through 2011. 

In order to determine whether these trading days correspond to the release of important 

stock-specific news which would be expected to induce high trading volume, I identify a total 

of 4,781 earnings announcement days between 2000 and 2010. Averaged across stocks, I find 
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that 9% of connected buy trades in a given year fall on the approximately four earnings 

announcement days which occur during the year. These results heighten the concern that a 

significant portion of the connected trades I identify might be reactions to centralised diffusion 

of news events rather than the localised social interaction between specific investors which I 

intend to capture. I impose four additional controls in order to address this issue.  

First, when specifying the network, I ignore days on which a high amount of public 

information-induced trading is likely to occur. Because I cannot directly identify all the 

potential sources of public information diffusion, I proxy for such days based on the analysis 

above. Specifically, I ignore connections occurring on days which account for more than 1% 

of total annual connected trades for a given stock. In other words, to be identified as socially 

connected, two investors must buy together on days other than high information days.17 

Second, I eliminate investors who are identified as being connected to more than five other 

individuals. Therefore, an investor’s trades must be shared with only a small number of 

network peers, something which is unlikely to occur if a large number of investors are 

responding in the same way to public information diffusion or employ a similar trading 

strategy.  

Third, I eliminate high frequency investors whom I define as trading on more than 100 

days during a single year. High frequency traders who trade several stocks daily are likely to 

be identified as being connected to other high frequency traders simply due to the trading 

strategies they follow rather than any actual communication occurring between them. I find 

that very few investors trade on more than 100 days during the year (about 2% of the 

population). Finally, in order to avoid identifying investor pairs where one member of the pair 

trades on behalf of the other member, I limit the sample to investors who are aged at least 25. 

For example, Berkman, Koch and Westerholm (2014) document evidence consistent with 

Finnish parents and guardians trading on behalf of their children’s accounts. 

  

                                                 
17 I do include these high-information days in empirical tests once the connected investors have been identified. 
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2.2.2. Advantage of the identification methodology 

A key advantage of my method of identifying social interaction is that it enables me to 

classify any pair of investors as being either socially connected or unconnected based solely on 

actual trades rather than general characteristics such as locality or common membership in 

social groups. Such more general measures which have been used in prior research (e.g. Hong, 

Kubik, & Stein, 2004; Ivković & Weisbenner, 2007) are better suited to an aggregate setting 

as they usually do not allow interaction between specific individuals to be identified.  Together 

with the validation tests I perform below, the measure also gives me a high degree of 

confidence that it is capturing interaction between investors directly related to the investment 

decision making process. The type of social interaction captured using more general measures 

may not translate to interaction about investments. 

2.3. Event study design 

I conduct my analysis in the form of an event study. During each year of the sample 

(1997 to 2011), I construct the social network of investors. For a given investor, I define year 

zero as the first year during which the investor is identified as being socially connected to at 

least one other investor. As describe above, two investors are connected if, on five or more 

occasions during the year, they purchase the same stock. Given that this cut-off is relatively 

stringent, it is possible that some of the connected pairs were already interacting prior to year 

zero, but had, for example, only three common buys. To help ensure that this is not the case, I 

retain only those pairs of individuals who have no common buy trades at all prior to year zero. 

In order to be able to track an investor’s behaviour over time, I require that the investor be 

active during at least three years prior to year zero.  

Table 1 provides summary statistics for the investors defined as being socially interactive 

during each event year from year -4 through year +4.  During year zero, 1,783 investors are 

contained in the sample. In most years, a relatively constant proportion of between 10% and 

12% of the sample are female and the median age increases from 51 in year -4 to 58 in year 
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+4. The median trading frequency is highest during the year of first connection, suggesting that 

investors are particularly active during this year.  

Table 1: Summary statistics by event year 

This table displays summary statistics for the investors active during each event year between 

year -4 and year +4. Event year zero refers to the year during which I first classify an investor 

as being socially connected. Two investors are defined as being connected during a calendar 

year if, on at least 5 days during the year, they purchased the same stock. In order to be included 

in the sample, investors must be active during at least three years prior to year zero. Investors 

who make fewer than 10 trades during a calendar year are not considered to be active during 

that year and investors who trade more than 100 times during any calendar year are excluded 

from the sample. The sample period is 1997 to 2011. 

  Event year 

  -4 -3 -2 -1 0 1 2 3 4 

N 977 1,251 1,286 1,394 1,783 1,109 674 403 242 

Percent female 11 11 10 11 11 11 12 12 17 

Median age 51 51 52 53 54 55 56 57 58 

Median trading frequency 18 18 21 22 35 29 26 28 25 

The summary statistics indicate that some variation exists in the characteristics of 

investors making up the sample during each event year. An important advantage of the event 

study setting is that it allows me to track variation in the behaviour of the same investor over 

time as he or she becomes socially connected, thus controlling for innate and time-invariant 

individual characteristics using investor fixed effects. I explicitly control for time-variant 

characteristics such as trading frequency and trade size in multivariate regressions below. 

Moreover, the fact that year zero can correspond to a different calendar year for different 

investors helps control for time period-specific effects which might influence the trading 

behaviour of all investors in the sample. 

2.4. Trading risk measure 

In order to test the two competing hypotheses, I require a measure for an investor’s 

tendency to purchase high-risk stocks. A very direct measure of this type of investment 

behaviour is the proportion of an investor’s trades in high-volatility and high-skewness stocks. 

Both of these stock characteristics are identified by Han and Hirshleifer (2015) as reflecting 
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the type of active trading promoted through social interaction. For each calendar year in the 

sample, I sort stocks into quintiles based on volatility, idiosyncratic volatility and skewness. I 

calculate a stock’s annual volatility and skewness using the stock’s daily returns during the 

year. Idiosyncratic volatility is calculated as the standard deviation of residuals from a 

regression of daily stock returns on the market index during the year. I only include stocks with 

at least 100 daily return observations during the year. For each investor in the sample, I then 

compute the proportion of the total value of stocks purchased during the year that is accounted 

for by stocks falling into the highest quintile for a given stock characteristic. For example, I 

denote 𝑃𝑅𝑂𝑃_𝐻𝑉𝑂𝐿𝑖,𝑡 as the proportion of investor 𝑖’s total stock purchase value in year 𝑡 

represented by stocks in the highest volatility quintile.  

In order to provide a clearer measure of the proportion of trades by an individual in high-

risk stocks in excess of what one would expect, I construct an adjusted, or “abnormal”, 

proportion, which I term APROP. To do this, I subtract the average proportion that other 

investors in the market with a similar trading frequency invest in high-risk stocks. Specifically, 

I divide all investors in the market into groups based on their trading frequency and calculate 

market-wide proportions as the average within each frequency group.18 For example, I 

calculate 𝐴𝑃𝑅𝑂𝑃_𝐻𝑉𝑂𝐿𝑖,𝑡, the abnormal proportion of investor 𝑖’s total stock purchase value 

in year 𝑡 represented by stocks in the highest volatility quintile, as follows: 

 𝐴𝑃𝑅𝑂𝑃_𝐻𝑉𝑂𝐿𝑖,𝑡 = 𝑃𝑅𝑂𝑃_𝐻𝑉𝑂𝐿𝑖,𝑡 − 𝑃𝑅𝑂𝑃_𝐻𝑉𝑂𝐿̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑡. (1) 

Here, 𝑃𝑅𝑂𝑃_𝐻𝑉𝑂𝐿̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑡 is the average proportion of purchase value in year 𝑡 represented by stocks 

in the highest volatility quintile across all investors (excluding investor 𝑖) in the same frequency 

group as investor 𝑖. 

In order to differentiate between investors with different risk preferences, I divide 

investors into two groups based on their observed risk taking during the period preceding the 

year in which they are first identified as socially connected. Specifically, I designate the 

                                                 
18 The groups are formed based on the frequency of trades in lots of 10. For example, the first group consists of 

investors with a trading frequency between 10 and 20, the second of investors with a trading frequency between 

21 and 30 and so on.  
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investors who display an average value of APROP greater than zero in the pre-period as 

“speculative” investors and those who display an average value below zero as “conservative” 

investors. I find that investors in the sample are approximately evenly split between the two 

groups, with a slight tilt towards the conservative style. Between 56% and 58% of investors 

are classed as conservative using the three different measures of risk. 

Moreover, I also track the risk taking (as measured by APROP) of an individual’s social 

network during each event year. Individual 𝑖’s social network consists of the investor (or 

investors) with which he or she becomes socially connected in year zero. In most cases, 

individuals are identified as interacting with only one other investor in year zero. In cases where 

an individual’s social group consists of more than one other investor (the maximum is five), I 

take the average value of APROP across the investors in the social group.19  

2.5. Control group 

The event period of interest in this study is the year during which I first identify an 

investor as becoming socially connected. I split investors into speculative and conservative 

groups based on their level of risk taking prior to event year zero and examine how their risk 

taking evolves following year zero. One benefit of the event study setting is that the investors 

become connected in different years, reducing the likelihood that any observed changes in risk 

taking are due to general market-wide sentiment or other economic factors. However, this 

design still does not allow me to confidently attribute changes in risk taking to the influence of 

social interaction. For example, one would expect the two levels of risk taking, which I identify 

via a mechanical process over the pre-event period, to display some degree of regression to the 

mean over time. 

In order to help mitigate against alternative effects such as this, I match each individual 

‘treated’ investor in the sample with a control. I only select those investors as potential controls 

who are never identified as being socially connected during the sample period. For each treated 

                                                 
19 The mode and median for the number of peers to which an investor is connected are one. 75% of investors are 

connected to no more than two other individuals.  
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investor 𝑖, the matching algorithm chooses the control, 𝑐, who displays the closest possible 

level of risk taking during the pre-event period corresponding to investor 𝑖. Thus, a new control 

is selected for each of the three measures of risk taking. The algorithm further ensures that, like 

investor 𝑖, each control is active during at least three years prior to event year zero and that the 

difference in the average annual trading frequency during the pre-connection period between 

the treated and the control investors is no greater than 5. The matching is carried out without 

replacement so that each control investor is selected only once. Despite these relatively strict 

conditions, I am able to match almost all the treated investors to a suitable control. For the case 

where APROP is measured using volatility, there is a single treated investor which cannot be 

matched to a control. Rather than loosen the restrictions, I drop this investor from the sample 

for this measure of APROP. The sample size therefore drops to 1,782 in the case where APROP 

is measured using volatility. 

3. Validity of social interaction measure 

My ability to infer a relationship between social interaction and subsequent trading 

behaviour depends on the validity of the measure of social interaction. I verify the validity of 

my approach by testing whether the connections I identify tend to be clustered around 

individuals whom one would expect to have a higher chance of being connected due to 

observable exogenous traits. Such traits include close geographical proximity, familial 

relationships and common demographic characteristics.  

The analysis in this section is also interesting in its own right. In constructing their 

empirical investor network, Ozsoylev et al. (2014) have no information about the 

characteristics of the investors in their sample. This leaves a number of open questions 

pertaining to the nature of the connections they identify. By observing such characteristics as 

geographical location, gender, age and familial relationships, I contribute to our understanding 

of the channels by which information diffuses within an investor network. 
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3.1. Relation between social interaction and investor characteristics  

I test whether the propensity of two investors to be connected in the network is related to 

geographical proximity between the two investors and shared personal characteristics. I base 

the measure of geographical proximity on the distance (in km) between the coordinates of the 

postcode areas in which the investors reside calculated using the Vincenty formula. The small 

size of Finland’s postcode areas means that I obtain a large amount of variation in distances 

between investors. There are over 3,000 distinct postcodes in the full sample of Finnish 

investors. In the tests which follow, I use five different distance thresholds (1km, 5km, 10km, 

20km and 50km). Because population density varies considerably across areas, I follow Pool 

et al. (2015) by normalising the distance to account for this variation in density. The normalised 

distance between two individuals 𝑖 and 𝑗 is calculated using the following formula: 

 
𝑁𝑂𝑅𝑀_𝐷𝐼𝑆𝑇𝑖,𝑗 = 𝐷𝐼𝑆𝑇𝑖,𝑗

×
MAX(𝑃𝑂𝑃𝑈𝐿𝐴𝑇𝐼𝑂𝑁_𝐷𝐸𝑁𝑆𝐼𝑇𝑌𝑖, 𝑃𝑂𝑃𝑈𝐿𝐴𝑇𝐼𝑂𝑁_𝐷𝐸𝑁𝑆𝐼𝑇𝑌𝑗)

𝑀𝐸𝐷𝐼𝐴𝑁(𝑃𝑂𝑃𝑈𝐿𝐴𝑇𝐼𝑂𝑁_𝐷𝐸𝑁𝑆𝐼𝑇𝑌)
. 

(2) 

A full description of this approach is given in Appendix A. By way of example, one 

normalised kilometre corresponds to 41 standard metres in Helsinki but 14.3 standard 

kilometres in the sparsely populated northern region of Lappland. I select thresholds for the 

normalised distances such that the same number of individuals are contained within a given 

normalised distance threshold as are contained within the corresponding standard distance 

threshold.  I refer to the normalised distance thresholds as “normalised-equivalent distances”. 

For example, the chance that two randomly chosen individuals live within 1 standard kilometre 

of each other is 0.23%. I therefore set a “1 normalised-equivalent km” threshold such that 

0.23% of individuals fall within the threshold. The appropriate number of normalised 

kilometres for this threshold is 1.33. I follow the same procedure to calculate normalised-

equivalent thresholds for distances of 5km, 10km, 20km and 50km. The additional investor 

characteristics I consider are familial relationships, gender, age and language.  
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Table 2: Relation between social interaction and investor characteristics 

This table shows how connections between pairs of investors during 2011 are distributed 

according to geographical proximity between the two investors and shared demographic 

characteristics. Two investors are defined as being connected during a calendar year if, on at 

least 5 days during the year, they purchased the same stock. The table compares the expected 

and actual proportions of the total connections observed in the network that are represented by 

investors falling into different subgroups. The expected proportion is calculated according to 

the null hypothesis that the propensity that two investors are connected is independent of their 

geographical proximity and respective demographic characteristics: Expected proportion = 

(Potential connections within subgroup) / (Total potential connections). Panel A forms 

subgroups based on geographic proximity while Panel B uses demographic characteristics. The 

normalised-equivalent distance adjusts the actual distance for population density as described 

in the text. Z-statistics and p-values are provided for the null hypothesis that the actual 

proportion is equal to the expected proportion. 

Panel A: By geographical proximity 

  

Entire 

network 

Normalised-equivalent distance(1,2) 

  <= 1km  <= 5km <= 10km  <= 20km <= 50km 

Potential 

connections 331,672,890 763,205 6,202,155 16,915,259 33,731,132 52,599,918 

Actual 

connections 

905 

146 192 240 292 344 

Expected %   0.23 1.87 5.10 10.17 15.86 

Actual %   16.13 21.22 26.52 32.27 38.01 

Actual 

%/Expected % 

  70.11 11.35 5.20 3.17 2.40 

z   99.87 42.96 29.29 21.99 18.24 

p   <0.001 <0.001 <0.001 <0.001 <0.001 

Panel B: By demographic factors 

  

Entire 

network 

Same 

family 

Same 

gender 

Same 

language 

Age diff <= 

5y 

Age diff <= 

10y 

Potential 

connections 331,672,890 198,186 247,136,295 295,255,921 72,854,848 133,487,174 

Actual 

connections 905 153 586 829 307 470 

Expected %   0.06 74.51 89.02 21.97 40.25 

Actual %   16.91 64.75 91.60 33.92 51.93 

Actual 

%/Expected % 

  282.93 0.87 1.03 1.54 1.29 

z   206.96 -6.74 2.48 8.69 7.17 

p   <0.001 <0.001 0.013 <0.001 <0.001 
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I present the results of the validation tests for 2011, the most recent year in the sample 

period. The first two rows in Table 2 show the number of potential and actual connections that 

I observe during 2011. For example, during 2011, there were a total of 25,756 investors meeting 

the restrictions in the sample. The number of potential connections can be calculated as 

25,7562−25,756

2
 = 331,672,890. The number of actual connections that I observe during the year 

is 905. In order to evaluate how the distribution of these connections is related to investor 

characteristics, I next compare the expected and actual percentage of connections falling within 

different subgroups of investors. Panel A groups investors according to geographical proximity 

while Panel B uses other demographic characteristics. 

The expected percentage of connected pairs is calculated according to the null hypothesis 

that the propensity that two investors are connected is independent of their geographical 

proximity and demographic characteristics. The expected proportion of investor pairs that are 

connected for a particular subgroup of investors is calculated as follows: 

 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 =
𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑤𝑖𝑡ℎ𝑖𝑛 𝑠𝑢𝑏𝑔𝑟𝑜𝑢𝑝

𝑇𝑜𝑡𝑎𝑙 𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 
. (3) 

 For example, the potential number of connections between two investors whose 

postcodes of residence are no more than 1 normalised-equivalent kilometre apart is 763,205. 

This represents 763,205/331,672,890= 0.23% of total potential connections in the network. 

However, as shown in the following row of Table 2, the observed proportion of connections 

that are represented by two investors whose postcodes of residence are no more than 1 

normalised-equivalent kilometre apart is 146/905 = 16.13%. This percentage is higher than the 

expected value by a factor of 70, suggesting that two investors are much more likely to be 

connected if their postcodes of residence are no more than 1 normalised-equivalent kilometre 

apart relative to the population of investors as a whole.20 Z-statistics and p-values are provided 

                                                 
20 An equivalent way of thinking about this factor is as follows: There are 331,672,890 potential pairs of 

connected investors in the sample. 763,205 of these pairs involve individuals who reside less than 1 normalised-

equivalent kilometre of each other. Given that I actually observe 905 connected pairs, one would expect 

763,205/331,672,890 * 905 = 2.08 of these to involve individuals who reside less than 1 normalised-equivalent 

kilometre of each other. However, I observe 146 such pairs, higher than the expected number by a factor of 
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for the null hypothesis that the actual proportion is equal to the expected proportion. As 

expected, the ratio of the actual percentage to the expected percentage falls the higher the 

normalised-equivalent distance between two individuals.  

 

Figure 2: CDFs of distances between residences of socially connected investors 

The black broken line depicts the expected cumulative distribution function (CDF) of distances 

(in km) between residences of socially connected investors during 2011. The expected CDF is 

computed assuming that social network connections between pairs of investors occur at random 

within the entire sample of connected investors. The red solid line depicts the actual CDF of 

distances between residences of socially connected investors. Two investors are defined as 

being connected during a calendar year if, on at least 5 days during the year, they purchased 

the same stock. 

Figure 2 provides a visual representation of the relationship between geographical 

proximity and social interaction. I plot the expected and actual cumulative distribution 

functions (CDFs) of distances between residences of socially connected investors. To aid 

                                                 
146/2.08 = 70. I present the actual versus expected percentage version in the table in order to be able to evaluate 

the statistical significance more easily. 
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interpretation, I use true rather than normalised-equivalent distances for the figure. Relative to 

the expected CDF, the actual CDF initially increases as a much steeper gradient. 40% of the 

social connections I observe occur at a distance of less than 50km; according to the null 

hypothesis that the probability of being connected is independent of proximity, one would 

expect only about 16%. These results provide strong evidence in favour of my measure of 

social interaction. Individuals who live close to each other are much more likely to be 

connected than those who live far apart. 

I assess the relation between the propensity of being identified as connected and other 

demographic traits in Panel B of Table 2. The results reveal that familial relationships (proxied 

by common surnames) are a particularly strong predictor of connections. 17% of the 

connections I identify occur between individuals who have the same family name. This is 

higher than the proportion predicted by the null hypothesis by a factor of 283. I find that two 

individuals are less likely to be connected than expected if they are of the same gender. This 

likely reflects the impact of partner relationships. Finally, investors are more likely to be 

identified as connected than expected under the null if they speak the same language and if 

they are of similar age. These results also contribute to the existing literature by highlighting 

the channels of information diffusion among investors. In addition to locality, this evidence 

demonstrates the importance of other variables such as family, language and age in contributing 

to social interaction. 

Taken together, the results from Table 2 and Figure 2 present a strong case that the 

identified investor network is proxying for the types of word-of-mouth interaction effects 

between investors that I intend to pick up in this study. Channels of information diffusion are 

particularly strong among investors who reside in close geographical proximity, have familial 

relationships and are otherwise similar in terms of age and language. A priori, one would expect 

such investors to have a much greater chance of knowing and interacting with each other. 
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4. Results 

Having established the validity of the proxy for social interaction, I now examine the 

relationship between social interaction and risk appetite displayed by individuals. To recap, I 

am interested in differentiating between two competing hypotheses about the impact of social 

interaction on behaviour. On the one hand, social interaction has been suggested as a catalyst 

for intensifying the prevalence of investment in high-risk stocks. On the other hand, results 

from experimental economics suggest that group decision makers show a greater aversion to 

high-risk payoffs relative to individual decision makers. 

4.1. Social interaction and risk taking 

I begin by considering the relation between the three measures of risk taking and social 

interaction in event time. The notion that social interaction induces purchasing of high-risk 

stocks would be reflected by an overall rise in levels of APROP during and following the year 

of first interaction. In order to test this, I run investor-level regressions in event time. For each 

of the three risk measures, I estimate the following regression equation: 

 

𝐴𝑃𝑅𝑂𝑃𝑖,𝑡 =∝ +𝛽1𝑃𝑂𝑆𝑇𝑖,𝑡 + 𝛽2𝑇𝑅𝐴𝐷𝐼𝑁𝐺_𝐹𝑅𝐸𝑄𝑖,𝑡

+ 𝛽3𝐴𝑉𝐸𝑅𝐴𝐺𝐸_𝑇𝑅𝐴𝐷𝐼𝑁𝐺_𝑉𝐴𝐿𝑈𝐸𝑖,𝑡 + 𝛽4𝐴𝐺𝐸𝑖,𝑡

+ INVESTOR FIXED EFFECTS 
+  FIRST CONNECTION YEAR FIXED EFFECTS +  휀𝑖,𝑡. 

(4) 

The model includes a dummy variable, 𝑃𝑂𝑆𝑇𝑖,𝑡, which is equal to 1 from the year of first 

connection onwards and zero otherwise. Predictions from the Han and Hirshleifer (2015) model 

would be reflected in a positive coefficient estimate, 𝛽1, as social interaction encourages greater 

risk taking. I control for an investor’s age, trading frequency as well as the average trade value 

with separate control variables. Time-invariant investor characteristics such as gender or 

personal traits are controlled for via investor fixed effects and I also include fixed effects for 

the year of first connection. I estimate an identical regression specification in which I replace 

observations relating to investors, 𝑖, with observations relating to the control individuals, 𝑐. 

The dependent variable, 𝑃𝑂𝑆𝑇𝑖,𝑡, continues to relate to the treated sample of investors. This 
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allows me to compare the observed 𝛽1 estimate with the corresponding coefficient estimate for 

the control sample of investors who do not become socially connected. 

Table 3: Social interaction and risk-taking 

The first column in each panel displays coefficient estimates for a regression where the 

dependent variable is an investor’s level of APROP in a given year. APROP refers to the 

abnormal proportion of an investor’s total purchases accounted for by stocks in the highest risk 

quintile during event year zero where risk is measured by volatility, idiosyncratic volatility or 

skewness. Two investors are defined as being connected during a calendar year if, on at least 

5 days during the year, they purchased the same stock. The independent variable of interest, 

post-connection dummy, is a dummy variable set equal to 1 from the year of first connection 

onwards and zero otherwise. Trading frequency is the number of stock-trade days during the 

year on which an investor was active. The regression also includes the logarithm of an 

investor’s average trading value during the year and an investor’s age. The second column in 

each panel displays coefficient estimates for an identical regression specification in which 

observations relating to the treated investors are replaced with observations relating to a 

matched sample of control investors who are never identified as becoming socially connected. 

The post-connection dummy variable continues to relate to the treated sample of investors. The 

sample period is 1997 to 2011. T-statistics are shown in parentheses and ***, ** and * denote 

statistical significance at the 1%, 5% and 10% levels respectively. 

Panel A: DV = APROP measured by volatility 

  Treated   Control 

Post-connection dummy 0.0008   -0.0050 

  [0.18]   [-1.13] 

Trading frequency 0.0000   -0.0002 

  [-0.45]   [-1.50] 

Log(Average trade value) -0.0169***   -0.0151*** 

  [-6.58]   [-5.80] 

Age 0.0002   0.0018*** 

  [0.28]   [3.05] 

Investor fixed effects Yes   Yes 

First connection year fixed effects Yes   Yes 

N 13,440   13,263 

R-squared 0.3361   0.3536 

  



 

 

98 

 

Table 3 continued 

Panel B: DV = APROP measured by idiosyncratic volatility 

  Treated   Control 

Post-connection dummy 0.0012   -0.0017 

  [0.29]   [-0.44] 

Trading frequency 0.0001   -0.0002 

  [1.09]   [-1.53] 

Log(Average trade value) -0.0139***   -0.0103*** 

  [-6.18]   [-4.38] 

Age -0.0012**   0.0004 

  [-2.24]   [0.85] 

Investor fixed effects Yes   Yes 

First connection year fixed effects Yes   Yes 

N 13,440   13,203 

R-squared 0.3390   0.3728 

Panel C: DV = APROP measured by skewness 

  Treated   Control 

Post-connection dummy -0.0077**   0.0059 

  [-2.01]   [1.58] 

Trading frequency 0.0001   -0.0002* 

  [0.65]   [-1.86] 

Log(Average trade value) -0.0113***   -0.0121*** 

  [-5.29]   [-5.26] 

Age 0.0003   -0.0006 

  [0.54]   [-1.26] 

Investor fixed effects Yes   Yes 

First connection year fixed effects Yes   Yes 

N 13,440   13,424 

R-squared 0.2477   0.2541 

Table 3 displays the results. For each measure of risk taking, the table presents the 

coefficient estimates for the treated sample of investors followed by the estimates for the 

control sample. Contrary to predictions from the Han and Hirshleifer (2015) model, the 

coefficient estimate on the main variable of interest, the dummy for the year of first connection 

onwards, is very close to zero and statistically insignificant in two out of three regressions using 

the treated sample of investors. The results are very similar for the control sample and provide 

no evidence that investors’ level of risk taking rises following social interaction. The only 

statistically significant coefficient estimate, 𝛽1 that I find is for the case where risk is measured 

using skewness. Here, the coefficient estimate is negative and significant at the 5% level. The 

negative coefficient estimate suggests that individuals reduce rather than increase their level of 
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risk taking following social interaction. The only control variable which consistently shows a 

significant coefficient estimate is the average trade value, which I find to be negatively 

associated with risk taking. 

4.2. Speculators versus conservatives 

4.2.1. Univariate tests 

The results described above are inconsistent with the notion that the proportion of total 

purchases in high-risk stocks rises as investors start to interact during the investment decision 

making process. In this section I test whether there is any evidence of such an effect when I 

differentiate between speculative and conservative investors. I track how the risk-related 

trading behaviour of these two groups of investors changes over time as they are first identified 

as socially connected.  A visual representation of the results is presented in the charts in Figure 

3. Speculative and conservative investors are depicted in Panels A and B respectively. The 

black line tracks APROP for treated investor 𝑖 in event time while the red circles track APROP 

for investor 𝑖’s social network. The blue line tracks APROP for the control sample of investors 

during the same event time window. Charts are plotted separately for the three risk measures. 

Again, the results are inconsistent with the hypothesis that social interaction acts as a 

catalyst for high-risk trading behaviour. Instead, the charts show a strong movement in the 

level of an individual’s risk-taking away from relatively more extreme values and towards the 

more average values of his or her network peers. Speculative investors tend to decrease their 

level of risk exposure while conservative investors increase their exposure. The results hold 

whether APROP is defined using volatility, idiosyncratic volatility or skweness. Importantly, 

a similar trend in risk-taking is displayed by the investors making up the control sample. This 

indicates that much of the observed change in risk taking between the pre- and post-interaction 

periods is explained by a general regression to the mean, rather than being a direct result of 

social interaction.  
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Panel A: Speculative investors 

 

Panel B: Conservative investors 

 

Figure 3: Risk taking in event time 

The black line depicts levels of APROP for investors active during each event year between 

year -4 and year +4. The red circles depict levels of APROP averaged across the individuals in 

a given investor’s social network (identified during year zero). The blue line tracks APROP for 

the control sample of investors who are never identified as becoming socially connected. 

APROP refers to the abnormal proportion of an investor’s total stock purchases accounted for 

by stocks in the highest risk quintile during a given year where risk is measured by volatility, 

idiosyncratic volatility or skewness (specifications 1, 2 and 3 respectively). Event year zero 

refers to the year during which an investor is first classified as being socially connected. Two 

investors are defined as being connected during a calendar year if, on at least 5 days during the 

year, they purchased the same stock. Results are shown separately (in Panels A and B 

respectively) for investors who display an average value of APROP greater than zero 

(speculative) and those who display an average value less than zero (conservative) during the 

pre-connection period. The sample period is 1997 to 2011.  

However, the charts also indicate an asymmetry between speculative and conservative 

individuals. The drop in the level of risk taking for speculators is considerably larger than the 

rise in risk taking for conservatives. It is also more pronounced than the corresponding drop in 

risk taking displayed by the control sample for all three measures of risk taking. This indicates 

that for speculative investors, social interaction may actually reduce investment in high-risk 

stocks. Although this finding runs contrary to the prediction by Han and Hirshleifer (2015), it 

is consistent with findings from the experimental economics literature. These suggest that 
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aversion to highly skewed payoffs is greater in a group setting relative to an individual setting. 

The asymmetric effect for speculators versus conservatives is also consistent with Masclet et 

al. (2009), who find that less risk averse individuals show a greater tendency to shift their 

decision to conform to the group average relative to risk averse individuals. I formally test 

these predictions in the next section using difference-in-difference and regression tests. 

4.2.2. Difference-in-difference tests 

In order to examine the statistical significance of these effects, I conduct a difference-in-

difference analysis using the actual and control subsamples. I first calculate the mean value of 

APROP in the pre-connection and post-connection (including year zero) periods for each 

individual and then calculate the difference between the post- and pre-connection means. For 

each of these values, I then calculate the difference between the observation for treated investor 

𝑖 and his or her control, 𝑐. Finally, I compute the mean of the difference in difference and 

associated t-statistics separately across speculators and conservatives.  

The results, presented in Table 4, support the visual evidence in Figure 3. Speculators 

display a statistically significant decrease in APROP from the pre-connection to the post-

connection period for all three measures of risk taking. For example, APROP as measured by 

volatility falls from 0.116 to 0.036. For conservative investors, APROP rises between the pre- 

and post-connection periods for each of the three measures of risk taking, though the change is 

somewhat less dramatic. For example, when measured using volatility, APROP changes from 

-0.079 in the pre-connection period to -0.028 in the post period.  

Again, the control sample of non-interacting investors display a change in their level of 

risk taking in the same direction as that of the treated sample of investors. APROP decreases 

for the speculative control investors and rises for the conservative control investors. Given that 

the control investors are not identified as becoming socially interactive, this indicates that the 

change I observe for the treated sample of investors is at least partly explained by regression 

to the mean. For conservative investors, a t-test reveals that the rise in APROP for the actual 

investors is not statistically different from that of the control group. The difference-in-
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difference ranges between -0.005 and 0.002 across the three measures of risk taking. For the 

speculative investors, however, the difference-in-difference is considerably larger in 

magnitude, ranging between -0.013 and -0.011. Moreover, this value is statistically significant 

at the 10% level or higher when risk taking is measured using idiosyncratic volatility or 

skewness. This suggests that part of the observed reduction in the tendency of speculative 

investors to purchase high-idiosyncratic volatility or high-skewness stocks when they become 

socially connected cannot be explained by general regression to the mean.  

Table 4: Social interaction as a moderator of behaviour (difference-in-difference tests) 

This table displays difference-in-difference tests for APROP in the pre- and post-connection 

periods between investors and a matched control sample of investors who are never identified 

as socially connected. I first calculate the mean APROP in the pre- and post-connection 

(including year zero) periods for each individual. I also take the difference between the post- 

and pre-connection means and calculate the difference between the treated and control 

investors. I compute the mean and t-statistics separately across speculators and conservatives. 

APROP refers to the abnormal proportion of an investor’s total purchases accounted for by 

stocks in the highest risk quintile during a given year where risk is measured by volatility, 

idiosyncratic volatility or skewness (shown in Panels A to C respectively). The connection year 

(year zero) refers to the year during which investors are first identified as being socially 

connected. Two investors are defined as being connected during a calendar year if, on at least 

5 days during the year, they purchased the same stock. Speculative (conservative) investors are 

those who display an average value of APROP greater than (less than) zero during the pre-

connection period. The sample period is 1997 to 2011. 

Panel A: APROP measured by volatility 

  Speculative investors   Conservative investors 

  

Pre -

connection 

Post -

connection Post - Pre   

Pre -

connection 

Post -

connection Post - Pre 

N 765 765 765   1,017 1,017 1,017 

Mean (treated) 0.116 0.036 -0.080   -0.079 -0.028 0.050 

  [28.72] [6.15] [-13.32]   [-45.55] [-8.17] [13.73] 

Mean (control) 0.116 0.048 -0.068   -0.079 -0.030 0.048 

  [28.64] [8.04] [-11.65]   [-45.41] [-9.54] [14.15] 

Mean (treated - 

control) 0.000 -0.012 -0.012 

  

0.000 0.002 0.002 

  [-0.93] [-1.49] [-1.45]   [-0.32] [0.37] [0.38] 
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Table 4 continued 

Panel B: APROP measured by idiosyncratic volatility 

  Speculative investors   Conservative investors 

  Pre -

connection 

Post -

connection Post - Pre   

Pre -

connection 

Post -

connection Post - Pre 

N 750 750 750   1,033 1,033 1,033 

Mean (treated) 0.110 0.029 -0.081   -0.066 -0.021 0.045 

  [27.73] [5.92] [-15.16]   [-45.63] [-10.97] [19.37] 

Mean (control) 0.110 0.042 -0.068   -0.066 -0.020 0.046 

  [28.04] [7.84] [-12.77]   [-45.65] [-11.73] [21.88] 

Mean (treated - 

control) 0.000 -0.013 -0.013 

  

0.000 -0.001 -0.001 

  [1.05] [-1.84] [-1.92]   [-0.77] [-0.57] [-0.53] 

Panel C: APROP measured by skewness 

  Speculative investors   Conservative investors 

  Pre -

connection 

Post -

connection Post - Pre   

Pre -

connection 

Post -

connection Post - Pre 

N 788 788 788   995 995 995 

Mean (treated) 0.078 0.020 -0.059   -0.049 -0.016 0.033 

  [27.58] [4.55] [-13.54]   [-49.97] [-6.61] [13.31] 

Mean (control) 0.078 0.031 -0.047   -0.049 -0.010 0.038 

  [27.76] [7.24] [-10.69]   [-50.01] [-3.93] [14.00] 

Mean (treated - 

control) 0.000 -0.011 -0.011 

  

0.000 -0.005 -0.005 

  [0.53] [-1.98] [-2.00]   [0.81] [-1.49] [-1.50] 

 

4.2.3. Regression tests 

I further evaluate the relation between the risk taking of an individual and that of his or 

her social network using a regression approach. The regression equation is similar to the one 

applied by Ahern, Duchin, & Shumway (2014) to identify the impact of social interaction on 

risk aversion and trust in a longitudinal sample of MBA students. Specifically, I estimate the 

following model: 

 
(𝐴𝑃𝑅𝑂𝑃_𝑃𝑂𝑆𝑇̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

𝑖 − 𝐴𝑃𝑅𝑂𝑃_𝑃𝑅𝐸̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
�̅�) − (𝐴𝑃𝑅𝑂𝑃_𝑃𝑂𝑆𝑇̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

𝑐 − 𝐴𝑃𝑅𝑂𝑃_𝑃𝑅𝐸̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑐)

= 𝛼 + 𝛽1(𝐴𝑃𝑅𝑂𝑃_𝑃𝑅𝐸̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
�̅� − 𝐴𝑃𝑅𝑂𝑃_𝑃𝑅𝐸_𝑁𝑊̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

�̅�) + 휀𝑖 . 
(5) 

The dependent variable is the change in APROP for a given investor from the pre-connection 

period average to post-connection period average (including year zero) less the analogous 

change in APROP for the control investor. The main explanatory variable of interest is 
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𝐴𝑃𝑅𝑂𝑃_𝑃𝑅𝐸̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
�̅� − 𝐴𝑃𝑅𝑂𝑃_𝑃𝑅𝐸_𝑁𝑊̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

�̅�, which refers to the difference between the average levels 

of APROP for the investor and that of his network during the pre-connection period. 

A convergence of investors’ risk taking towards that of their network peers would be 

indicated by a significantly negative coefficient, 𝛽1. This would mean that individuals who 

display a higher (lower) level of APROP than their network peers during the pre-connection 

period decrease (increase) their level of APROP once connected, while individuals who display 

a lower (higher) level of APROP than their peers during the pre-connection period increase 

(decrease) their level of APROP once connected. Subtracting the change in APROP for the 

control investor accounts for the effects of regression to the mean. Since this regression 

equation models the change in risk taking for a given investor, it controls for time-invariant 

individual characteristics (Ahern et al., 2014).  

Following the approach in the univariate analysis above, I also introduce a dummy 

variable equal to one for investors designated as conservatives and zero otherwise. I interact 

this dummy with the pre-connection period difference in APROP between an investor and his 

network as follows: 

 
(𝐴𝑃𝑅𝑂𝑃_𝑃𝑂𝑆𝑇̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

𝑖 − 𝐴𝑃𝑅𝑂𝑃_𝑃𝑅𝐸̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
�̅�) − (𝐴𝑃𝑅𝑂𝑃_𝑃𝑂𝑆𝑇̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

𝑐 − 𝐴𝑃𝑅𝑂𝑃_𝑃𝑅𝐸̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑐)

= 𝛼 + 𝛽1(𝐴𝑃𝑅𝑂𝑃_𝑃𝑅𝐸̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
�̅� − 𝐴𝑃𝑅𝑂𝑃_𝑃𝑅𝐸_𝑁𝑊̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

�̅�) + 𝛽2𝐶𝑂𝑁𝑆𝐸𝑅𝑉𝐴𝑇𝐼𝑉𝐸𝑖

+ 𝛽3𝐶𝑂𝑁𝑆𝐸𝑅𝑉𝐴𝑇𝐼𝑉𝐸𝑖 × (𝐴𝑃𝑅𝑂𝑃_𝑃𝑅𝐸̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
�̅� − 𝐴𝑃𝑅𝑂𝑃_𝑃𝑅𝐸_𝑁𝑊̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

�̅�) + 휀𝑖. 
(6) 

The coefficient on the interaction term, 𝛽3, reflects whether or not the convergence of risk 

taking between an individual and his network differs between conservatives and speculators. 

A negative coefficient indicates stronger convergence for conservative investors while a 

positive coefficient indicates stronger convergence for speculative investors.  

I present the coefficient estimates for the two regression specifications in Table 5. Results 

of tests using APROP defined as volatility, idiosyncratic volatility and skewness are displayed 

in Panels A, B and C respectively. Looking first at the results for Equation 5 (the first columns 

in each panel), the coefficient estimate 𝛽1 is negative and statistically significant at the 5% 

level or higher in all cases. This indicates that the larger the difference between the portion that 

individuals and their network peers invest in high-risk stocks during the pre-connection period, 
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the greater the change in the proportion that an individual invests in such stocks once he or she 

becomes connected (in the direction of the network peer). The magnitudes of 𝛽1 also appear to 

be significant in economic terms. For the case where APROP is measured using volatility, an 

increase of 1 percentage point in the pre-period difference is associated with a 0.07 percentage 

point decrease in an investor’s level of APROP between the pre-connection and post-

connection period averages. The coefficient estimate is similar in magnitude when APROP is 

measured using skewness (-0.06) and considerably higher in absolute terms when APROP is 

measured using idiosyncratic volatility (-0.14). 

Table 5: Social interaction as a moderator of behaviour (regression analysis) 

This table displays coefficient estimates for a regression where the dependent variable is the 

change in APROP for a given investor from the pre-connection period average to post-

connection period average less the analogous change in APROP for the control investor. 

APROP refers to the abnormal proportion of an investor’s total purchases accounted for by 

stocks in the highest risk quintile during event year zero year where risk is measured by 

volatility, idiosyncratic volatility or skewness. Pre-connection difference in APROP refers to 

the difference between the average values of APROP during the pre-connection period for the 

individual and for the individuals comprising the investor’s social network. The conservative 

investor dummy is equal to 1 if an investor displays an average value of APROP less than zero 

during the pre-connection period and zero otherwise. Year zero refers to the year during which 

an investor is first classified as being socially connected. Two investors are defined as being 

connected during a calendar year if, on at least 5 days during the year, they purchased the same 

stock. The sample period is 1997 to 2011. T-statistics are shown in parentheses and ***, ** 

and * denote statistical significance at the 1%, 5% and 10% levels respectively. 

Panel A: APROP measured by volatility 

Pre-connection difference in APROP -0.0696***   -0.1231*** 

[-2.96]   [-3.37] 

Conservative investor dummy     -0.0101 

      [-0.89] 

Pre-connection difference in APROP x Conservative 

investor dummy 
    0.0903* 

    [1.74] 

N 1,363   1,363 

Adjusted R-squared 0.0057   0.0069 
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Table 5 continued 

Panel B: APROP measured by idiosyncratic volatility 

Pre-connection difference in APROP -0.1408***   -0.2402*** 

[-6.66]   [-7.67] 

Conservative investor dummy     -0.0209** 

      [-2.41] 

Pre-connection difference in APROP x Conservative 

investor dummy 
    0.1799*** 

    [3.73] 

N 1,364   1,364 

Adjusted R-squared 0.0309   0.0423 

Panel C: APROP measured by skewness 

Pre-connection difference in APROP -0.0642**   -0.0967** 

[-2.37]   [-2.54] 

Conservative investor dummy     -0.0044 

      [-0.52] 

Pre-connection difference in APROP x Conservative 

investor dummy 
    0.0692 

    [1.14] 

N 1,364   1,364 

Adjusted R-squared 0.0034   0.003 

When I estimate regression Equation 6, (column 2 in Table 5), the asymmetry between 

speculative and conservative investors is again apparent. The coefficient estimate,  𝛽1, which 

now captures the convergence effect for speculative investors only, remains negative and 

increases considerably in absolute magnitude. It is statistically significant at the 5% level or 

higher for each of the three measures of risk taking. For example, an increase of 1 percentage 

point in the pre-period difference when APROP is measured using volatility is associated with 

a 0.12 percentage point decrease in a speculative investor’s level of APROP between the pre-

connection and post-connection period averages. When APROP is measured using 

idiosyncratic volatility and skewness, the corresponding decrease amounts to 0.24 and 0.10 

percentage points respectively. The coefficient on the interaction term, 𝛽3, is positive for all 

three measures of APROP and positive at the 10% level or higher in two cases. This indicates 

that the convergence between an individual investor’s level of risk taking to that of his or her 

network peers is stronger for speculative relative to conservative investors. The negative value 

obtained from summing coefficient estimates, 𝛽1 and 𝛽3 indicates that there is still some 

convergence for conservative investors. For example, an increase of 1 percentage point in the 

pre-period difference when APROP is measured using volatility is associated with a 0.03 (-
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0.12 + 0.09) percentage point decrease in a conservative investor’s level of APROP between 

the pre-connection and post-connection period averages. The corresponding increases for 

idiosyncratic volatility and skewness are 0.06 and 0.03 percentage points respectively.  

The fact that investors with a tendency to purchase high-risk stocks show a stronger 

convergence to the more neutral levels of risk taking of their network peers is an important 

result. It argues against the notion that social interaction encourages greater risk taking. Instead, 

it suggests that investors who routinely purchase stocks with high volatility or skewness may 

be encouraged to moderate their risk taking through interaction during the investment decision 

making process. 

5. Conclusion 

A theory by Han and Hirshleifer (2015) proposes that social interaction acts as a catalyst 

for active and high-risk investment strategies. This contrasts with results from the experimental 

economics literature which suggest that groups are more risk averse than individuals in relation 

to lottery-like payoffs with high skewness. This paper empirically tests these conflicting 

predictions in a retail stock market investor context. I find no evidence consistent with the 

notion that social interaction exacerbates risk taking as measured by the proportion of total 

purchases in high-volatility or high-skewness stocks.  

I find that investors with an inclination to invest in either high-risk or low-risk stocks 

tend to move toward the more neutral levels of risk taking of their network peers once they 

become socially connected. Much of this effect is explained by general regression to the mean. 

Interestingly, however, it is high-risk investors who moderate their level of risk taking by more 

than a matched sample of control investors who do not become socially connected. This result 

is in line with findings from experimental economics which conclude that individuals’ 

tendency to accept lottery-like payoffs is diminished in a group setting (He et al., 2012). This 

idea has received little or no attention in the finance literature and could have some important 

implications. Social interaction may actually be of benefit to investors with a tendency to 
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overinvest in high-risk and high-skewness stocks if this tendency is associated with 

underperformance (Han & Kumar, 2013). 

Appendix A 

In testing the validity of the proxy for social interaction, I require a measure of 

geographical proximity between two investors 𝑖 and 𝑗. I base this measure on the distance (in 

km) between the coordinates of the postcode areas in which the investors reside calculated 

using the Vincenty formula. I follow Pool et al. (2015) by normalising the distance to account 

for variations in population density in different areas. The normalised distance between 

investors 𝑖 and 𝑗 is calculated as follows: 

 

 
𝑁𝑂𝑅𝑀_𝐷𝐼𝑆𝑇𝑖,𝑗 = 𝐷𝐼𝑆𝑇𝑖,𝑗

×
MAX(𝑃𝑂𝑃𝑈𝐿𝐴𝑇𝐼𝑂𝑁_𝐷𝐸𝑁𝑆𝐼𝑇𝑌𝑖, 𝑃𝑂𝑃𝑈𝐿𝐴𝑇𝐼𝑂𝑁_𝐷𝐸𝑁𝑆𝐼𝑇𝑌𝑗)

𝑀𝐸𝐷𝐼𝐴𝑁(𝑃𝑂𝑃𝑈𝐿𝐴𝑇𝐼𝑂𝑁_𝐷𝐸𝑁𝑆𝐼𝑇𝑌)
. 

(7) 

The population density is taken from the Statistics Finland website and corresponds to 

the area in which an investor resides. The median is calculated across all the investors in the 

sample. What I refer to in the paper as the “normalised-equivalent distance” corresponds to the 

normalised distance that contains the same number of investors as the stated standard distance 

measure. For example, the same number of investors live “within 50 normalised-equivalent 

km” of each other as live within 50 km (in standard terms) of each other. The actual individuals 

in the two groups will not be the same however since the normalised version takes population 

density into account. The values for the normalised km corresponding to normalised-equivalent 

distances of 1, 5, 10, 20 and 50km respectively are 1.33, 16.98, 36.80, 67.41 and 108.19. 
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LITERATURE REVIEW FOR CHAPTER 2 

Social Interaction and Finance 

1. Introduction 

Casual observation suggests that social interaction plays a vital role in shaping a range 

of behavioural outcomes. This premise forms the basis of a well-developed literature in 

psychology. In the review that follows, I begin with a description of studies which offer models 

to predict the behaviour of agents in the presence of social interaction in an economic setting. 

Following this, I review the empirical evidence on the effect of social interaction on various 

aspects of financial behaviour. Many of these studies are recent and can be broadly divided 

into two types. The first type seeks to address social interactions between individual or 

institutional  investors and examines how such interactions affect investment decisions and 

outcomes. The second type relates to the area of corporate finance and focuses on the social 

interaction between senior firm members. 

2. Social interactions in economics 

Social interaction is a central feature of human behaviour, and it is therefore not 

surprising that it has drawn the attention of researchers from a range of disciplines. Psychology, 

sociology and economics represent some of the most notable examples. The analytical 

frameworks through which these various disciplines approach the study of social interaction 

differ considerably however. Manski (2000), for example, illustrates the disparate paths taken 

by sociologists and economists. He argues that a coherent framework for the analysis of social 

interaction in sociology appears to be lacking entirely: 

Sociology has had a substantial period of time within which to develop as a separate 

discipline, so one might expect a coherent sociological analysis of social interactions to 

have developed by now. Not so. Examination of recent sociological research does not 

reveal a shared, discipline-wide perspective (Manski, 2000, p.121). 
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In contrast, economic theory presents researchers with a much narrower and well-defined 

lens through which to examine social interaction. As Manski (2000) describes, decision making 

economic agents lie at the centre of this framework. Decisions are shaped through agents’ 

preferences, expectations and constraints which they face. Accordingly, any interaction occurs 

through these three distinct channels: constraint interactions, expectations interactions and 

preference interactions. Constraint interactions occur when certain conditions limit the decision 

making freedom of agents and this interferes with the decisions of others. Examples are markets 

with price-taking consumers and firms (whose collective decisions determine prices which in 

turn impact the decisions of other consumers) and congestion brought about by sharing 

common resources. Expectations interactions arise when agents derive information from 

observing the actions taken by others and their subsequent outcomes and incorporate this when 

forming their own expectations. Thus, expectations interactions occur through observational 

learning. Finally, preference interactions relate to a situation where an agent’s preferences 

among alternative choices depend on the actions of others. This form of interaction takes on 

more of a behavioural aspect as it suggests influences such as social norms, jealousy and 

paternalism may be present. 

The majority of the theoretical and empirical papers which I review in the sections that 

follow reflect the economic approach to analysing social interactions. Moreover, it appears that 

two of the three channels described by Manski (2000) have received particular attention in the 

literature. These are expectations interactions and preference interactions, although they are 

generally referred to along the lines of “social learning” and “social norms” respectively. In the 

next sub-section, I review some of the most influential theoretical models pertaining to these 

forms of social interaction. I then end the section with a brief discussion of the importance of 

distinguishing between the different forms of social interaction. 

2.1. Theoretical models of social interaction and learning 

Several models have been developed to describe the mechanisms by which social 

interaction may drive economic behaviour. Many of these help explain how social interaction 

can induce individuals to behave in a similar way. 
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Conlisk (1980) focuses on imitative behaviour. In his model, there are two types of 

economic agents: optimisers and imitators. Optimisers incur a cost in order to determine the 

optimal behaviour. In contrast, imitators follow conventional market behaviour. This leaves 

them prone to making mistakes, but they incur no additional direct costs. When there are few 

optimisers, imitation will be poorly rewarded and more individuals become optimisers. When 

there are many optimisers, imitation is well-rewarded and attracts more individuals. The 

balance which exists in the long run involves the coexistence of both optimisers and imitators. 

Social interaction (in the form of following the behaviour of others) is therefore a key 

ingredient of equilibrium.  

Subsequent models have expanded on this concept of imitation by studying how a 

tendency to infer information from the actions of preceding individuals can lead to mass 

behaviour. Banerjee (1992) examines the characteristics of ‘herding behaviour’, developed 

through a sequential decision model. In choosing the superior asset between different 

alternatives, an individual takes into account not only any private signal that they may have, 

but also the decisions of prior individuals in the sequence. This course of action is rational 

because the decisions made by others may reflect information that the specific individual does 

not have. Thus, individuals may follow the actions of the group even in the presence of private 

information suggesting they should do otherwise.  

Along similar lines, Bikhchandani, Hirshleifer and Welch (1992) demonstrate the power, 

but also the fragility, of so-called ‘informational cascades’. Again, individuals receive a private 

signal about the value of a particular behaviour and also observe the prior decisions of other 

individuals. A cascade eventually begins when only the decisions of prior individuals affect an 

individual’s choice, regardless of the private signal. A key contribution of the model is that it 

explains not only how social norms may arise, but also demonstrates their fragility. 

Informational cascades may result in a radical shift in a social equilibrium. This may occur 

when new information (even a small amount) enters the market suggesting that a different 

course of action is optimal or when people form the belief that there has been a change in 

underlying circumstances. Welch (1992) applies the concept of informational cascades to the 
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specific context of IPOs. In his model of the sequential sale of IPO shares, later investors may 

come to base their purchase decisions on the actions of early investors and ignore their private 

information. This leads to subsequent investors all acting alike. 

Shiller (1995) discusses some shortcomings of sequential decision models of the type 

proposed by Banerjee (1992) and Bikhchandani et al. (1992). Specifically, Shiller (1995) 

criticises the implication that behavioural differences between groups are a result of differing 

signals received by the first movers in each group. He suggests that many instances of 

informational cascades are inconsistent with a situation in which a small number of first movers 

set the behaviour for a large number of followers. Instead, Shiller (1995) promotes the 

importance of the nature of information transmission within groups of agents in leading to 

behavioural differences. In particular, conversational patterns and etiquette within groups 

constrain the type and amount of information that is exchanged between individuals. As Shiller 

(1995, p.184) states, “Many of the failures of human judgment that fall under the rubric of 

"herd behavior" might be traced to the limitations imposed on human thought and memory by 

these patterns of communications.” 

McFadden and Train, (1996) address social learning in the context of new product 

evaluation. The major implications of learning from others in their model include a reduction 

in the purchases of niche products and a delay in the adoption of new products. Persons and 

Warther (1997) model the process by which financial innovations are adopted in the market. 

Firms gain information about the value of a potential innovation through social learning from 

prior adopters. The study concludes that fully rational decision making by firms within this 

framework can lead to boom and bust cycles often attributed to irrationality and exuberance. 

The study argues that such phenomena are consistent with learning in a rational marketplace. 

Two studies by Ellison and Fudenberg (1993; 1995) also address the effects of social 

learning by economic agents. Their respective models emphasise the way in which agents 

incorporate the actions of others into their own decisions and the process by which information 

is communicated between agents. Ellison and Fudenberg (1993) study a situation in which 

individuals apply naïve rules of thumb to incorporate the experiences of neighbours within the 
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process of social learning. In particular, they introduce the idea of ‘popularity weighting’, 

where individuals tend to favour the more popular alternative, in effect serving as a proxy for 

historical performance. Several variations of the underlying model are presented, and the 

results suggest that this type of social learning can lead to fairly efficient social outcomes in 

the long run. Ellison and Fudenberg (1995) investigate the effect of word-of-mouth 

communication on agents’ choices between two competing products. Two situations are 

considered: in the first, agents choose between products with unequal qualities or payoffs; in 

the second, the products are equally good. The communication structure is varied by changing 

the number of other agents with which a given agent communicates. A key result of the model 

is that this structure influences whether the agents display conformity or diversity. Less 

communication makes conformity more likely. Moreover, word-of-mouth communication may 

produce efficient social learning as all agents eventually choose the superior product.  

The distinguishing feature of a model proposed by Banerjee and Fudenberg (2004) is that 

agents learn through word-of-mouth communication with only a sample of other agents rather 

than the entire population. Agents receive information about actions taken and payoffs received 

by this sample. Under certain conditions including representative samples and informative 

payoff observations, a homogeneous and efficient long-run outcome is produced. In a further 

extension of the informational cascades literature, Cao, Han and Hirshleifer (2011) alter the 

communication process by allowing information about prior action choices and payoffs, though 

not about the reasons for such actions. Results from the model indicate that information 

externalities still limit efficient decision making and make individuals prone to mistaken 

informational cascades.  

As is apparent from the studies discussed above, models of social learning have evolved 

over time and differ in their assumptions relative to the structure of the communication and 

transmission process. Further extensions and variations of the models discussed above include 

those proposed by Bala and Goyal (1998), Hofbauer and Schlag, (2000), Schlag (1998) and 

Smith and Sørensen (2000) among others. 
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A more recent theory put forward by Han and Hirshleifer (2015) provides a much more 

concrete prediction as to how social interaction might affect the behaviour of individual 

investors. In the model, social interaction between investors propagates an active investment 

style. This is the result of an inherent bias in the transmission process: individuals are more 

likely to communicate successful investment outcomes than non-successful ones. Han and 

Hirshleifer (2015) refer to this phenomenon as a “self-enhancing transmission bias” since it 

results from individuals’ preference for recounting personal victories rather than defeats. 

Moreover, receivers are more likely to switch to the sender’s strategy following successful 

performance on the part of the sender; they do not sufficiently discount for the upward selection 

bias of sender communications. This in turn causes a more active trading style to propagate in 

the market. This includes personal involvement in investing decisions and a preference for 

securities with characteristics such as high variance and skewness as well as those that attract 

a high degree of attention. To the extent that such strategies result in underdiversification and 

a tendency to purchase overvalued stocks, social interaction can thus have an adverse effect on 

investor behaviour. It is important to note that this model provides a much more concrete 

prediction of the way that social interaction shapes investor behaviour relative to the models 

discussed above. Furthermore, many of the model’s implications are empirically testable. A 

small number of studies, discussed in detail below, attempt to do so. 

3. Empirical evidence 

3.1. Econometric challenges 

Empirical research in the area of social interaction is confronted with a particular set of 

challenges. These relate first and foremost to the way in which observed relationships between 

the behaviour of individuals and that of reference groups can be interpreted. Manski (1993; 

2000) refers to the “reflection problem” which arises when a researcher attempts to determine 

whether the average behaviour of a reference group influences the behaviour of individuals 

making up that group. There are three possible mechanisms which might induce an association 

between the behaviour of an individual and the average behaviour of the group.  
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The first, termed “endogenous effects”, arises when the propensity of an individual to 

display a certain behaviour is directly affected by the prevalence of that behaviour in the 

reference group (Manski, 1993). This can perhaps be viewed as the most direct form of social 

interaction: there is a causal relationship between the behaviour of an individual and that of his 

or her peers. Both the channels of social norms and social learning (discussed above) fall under 

the umbrella of endogenous effects (Duflo & Saez, 2002). 

The second mechanism, which Manski (1993) refers to as “exogenous” or “contextual” 

effects also implies a type of social influence, but of a different nature. Contextual effects arise 

when the behaviour of an individual is influenced by the exogenous characteristics of a 

reference group. Thus, an individual’s behaviour is caused by certain characteristics of his or 

her peers, but not by their behaviour. The third mechanism, termed “correlated effects” may 

induce a positive relationship between the behaviour of individuals and their peers even in the 

absence of any social interaction or influence. Correlated effects occur when similarities in 

personal characteristics or institutional environments among group members result in similar 

behaviour. 

 Econometrically, it is difficult to distinguish between these three separate mechanisms. 

As Manski (2000) describes, the identification problem comes about since the average 

behaviour of a reference group is simply a product of the behaviours of the individuals making 

up that group. Depending on the situation being examined, various econometric techniques 

may be applied to help distinguish between different interpretations. In order to make 

inferences in relation to endogenous effects, it is also particularly important that prior 

information as to what constitutes appropriate reference groups is available (Manski, 1993). 

The need to correctly interpret relationships between individual and peer behaviour is 

given additional importance by variation in policy implications. For example, Manski (1993) 

refers to a “social multiplier” effect which results when individuals’ behaviour is influenced 

by the behaviour of their peers through endogenous effects. Efforts by policy makers to 

encourage certain behaviours in a group of individuals may therefore have a spillover effect to 

other individuals. A social multiplier effect would not result if similarities in behaviour were 
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caused by exogenous or correlated effects, however. Given the significance of the econometric 

challenges in investigating social interaction and the differing policy implications of specific 

interpretations, I give particular consideration to the methodologies employed by the empirical 

studies which I review below. 

During the last decade, examining the influence of social interaction and social networks 

on financial decision making has attracted considerable interest among researchers. Two areas 

which empirical studies suggest are particularly prone to the impact of social interaction and 

network effects are 1) investment decisions made by individual or institutional investors and 

2) corporate policies followed by company executives. These two areas will be reviewed 

separately below. 

3.2. Social interaction and investor behaviour 

Empirically investigating the influence of social interaction on individual investor 

behaviour depends critically on the availability of detailed, highly disaggregated data. Some of 

the earlier studies in this area have made use of data collected through surveys in which 

individuals are questioned about their asset holdings and general investment behaviour. As will 

be discussed below, studies using such data have provided important inferences about how 

social interaction drives certain broad aspects of investment behaviour (such as stock market 

participation), often at a regional level. More detailed, and in many cases much more powerful, 

analyses have been made possible by the release of comprehensive brokerage or administrative 

data tracking actual individual trades. In many cases, these data have come from Scandinavian 

countries. 

3.2.1. Early survey-based evidence 

Some early indicative evidence that social interaction might influence the decision 

making of investors comes from data collected through surveys. An example is a survey of 

both individual and institutional investors conducted by Shiller and Pound (1989). The results 

of the study suggest that the behaviour of investors in the stock market is consistent with the 
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predictions of contagion or epidemic models in which interest in particular stocks spreads 

through interpersonal word-of-mouth communication among investors. 

As several subsequent studies have noted, there are important limitations in the 

inferences that can be drawn from survey data of this type. More robust empirical 

methodologies are required to confirm the relationship between social interaction and actual 

investment behaviour. Nevertheless, as will become apparent in the discussion below, many 

subsequent results are very much in line with the inferences drawn by Shiller and 

Pound (1989).  

3.2.2. Relationship between investment actions of individuals and their peers 

Some of the first studies to formally test the relation between social interaction and 

investment decisions in a more formal setting do not examine stock market investment directly, 

but focus instead on other areas of financial decision making. For example, Kelly and Gráda 

(2000) consider the influence of social networks in propagating two runs on the New York 

emigrant Industrial Savings Bank in 1854 and 1857. The social networks of the bank’s 

depositors can be reconstructed since most were recent Irish immigrants and data about their 

individual characteristics were recorded. The study finds that the most important factor which 

distinguishes depositors who panicked and closed their accounts from those who didn’t was 

country of origin. In the larger of the two bank runs, the same factor also determined the timing 

of account closures. The authors argue that these results are consistent with social interaction, 

whereby individuals base their decisions not just on private information, but also on the 

opinions and information of others in their social network. 

Duflo and Saez (2002) examine whether social interaction plays a role in influencing 

individuals’ retirement savings decisions. The study uses data related to individual employees 

in different departments of a large university and examines whether peer effects influence the 

decision to participate in a Tax Deferred Account plan (TDA) or the choice of vendor. Their 

main tests involve examining the association between TDA participation of individuals and the 

average participation rates of individuals within their department. Specific econometric 
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techniques are adopted in an effort to alleviate concerns arising from correlated effects and 

exogenous social effects. First, average participation is instrumented using the distribution of 

wages or years of service within the department. Second, departments are further split into 

subgroups based on characteristics such as gender, service, status or age. A significant positive 

association is documented between an individual’s participation and instrumented average 

participation, but only the average participation of the individual’s own sub-group, not the 

participation of other subgroups in the department. A similar association exists when the 

decision examined is the choice of mutual fund vendor. The authors interpret the findings as 

being consistent with social interaction influencing retirement savings decisions. They identify 

social learning and conformity to social norms as two channels through which social interaction 

might be driving decision making. However, they make no attempt to distinguish between the 

two effects.  

A subsequent study which narrows the focus to the role of social interaction in a stock 

market setting and sets the scene for future research in this area is conducted by Hong, Kubik 

and Stein (2004). Their study proposes a simple model of social interaction and stock market 

participation. The key premise is that “social” investors – unlike their “non-social” counterparts 

– find it more attractive to invest in the stock market when more of their peers are doing so. In 

other words, a social investor’s fixed cost of participating is reduced as more of his peers 

participate. In relation to the exact mechanism by which interaction lowers this participation 

cost, the authors adopt a flexible approach, providing two main suggestions. The first relates 

to observational learning, whereby individuals interact with peers and share information prior 

to entering the stock market. As stated by the authors, this channel is consistent with theoretical 

models of social learning discussed in Section 2.1 above. The second channel appeals to a 

different type of social interaction model unrelated to learning. It suggests that individuals 

might derive pleasure from communicating with peers about their stock market experiences. In 

this case, the interaction therefore takes place after the decision to participate.  

Hong et al. (2004) test their model empirically using data from the US Health and 

Retirement Study (HRS). The survey includes data for approximately 7,500 individuals which 
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the authors divide into “social” and “non-social” households. The separation is based on 

responses to questions about whether individuals interact with neighbours or attend church. 

Consistent with predictions, it is found that social households display a significantly higher 

probability of stock market participation than their non-social counterparts, controlling for 

demographic factors and certain proxies for other personality traits. The paper’s theoretical 

predictions receive further support by the finding that the relation between sociability and stock 

market participation is stronger in states with higher rates of participation.  

Additional evidence that social interaction is related to stock market participation among 

individual investors is provided by Guiso and Jappelli (2005). Their study considers the effect 

of social interaction from a somewhat different angle, however, by focusing on its relation with 

the awareness of financial assets rather than participation directly. Data used in their study 

come from the 1995 and 1998 Bank of Italy Surveys of Household Income and Wealth (SHIW). 

Guiso and Jappelli (2005) propose a model in which investors become aware of financial assets 

from information disseminated by distributors or through social interaction. In empirical tests, 

they find that awareness of financial assets (including stocks, investment accounts and 

corporate bonds) is indeed positively related to the per capita number of voluntary 

organisations in a given province, a proxy for social interactions. 

Hong, Kubik, and Stein (2005) expand their previous study by testing whether evidence 

of social interaction also exists in an institutional investor setting. As Hong et al. (2005, p.2804) 

state, “…we analyse professional investors as opposed to households, a setting with many more 

dollars at stake.” The study examines whether the trades of mutual funds are more closely 

correlated to trades of other mutual funds located in the same US city than they are to the trades 

of mutual funds located outside that city. Focusing on mutual funds also allows trades relating 

to each of a large number of individual securities to be considered, enhancing statistical power 

relative to the binary decision by a household of whether or not to participate in the stock 

market. Consistent with predictions, Hong et al. (2005) find that a mutual fund’s trades are 

more sensitive to the trades of other funds located in the same city than to the trades of funds 

outside that city. The authors’ preferred interpretation of this effect is that there is direct 
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information sharing through word-of-mouth communication between fund managers in the 

same city, leading to a degree of similarity in trades. An alternative explanation acknowledged 

by the authors is that part of the similarity in trades might be driven by news dissemination at 

the local level. Two further explanations which the authors make a greater attempt to rule out 

are that fund managers’ trades might be influenced by access to privileged information from 

company managers at the local level and that there may exist a type of reputational herding at 

the local level. Moreover, it is shown that the results are not driven by local preferences. 

The evidence presented by Hong et al. (2004; 2005) is consistent with social interaction 

playing a role in influencing the decisions made by both households and institutional investors. 

Feng and Seasholes (2004) present evidence challenging this view. Their study uses a unique 

dataset of Chinese brokerage accounts which allows the influence of social interaction (or 

“group-psychology”) on correlations in trading behaviour to be separated from the influence 

of public or market-wide information shocks. The data consist of trades placed by investors in 

seven different branch offices. The groups of investors are therefore physically isolated from 

each other. The seven branch offices are each located within one of two separate (and distant) 

regions of China. Inconsistent with the view that trades are driven by group psychology, the 

study documents correlation between trades of isolated groups of investors within the same 

region. Moreover, there is a tendency for investors in one region to be buying when investors 

in the other region are selling. In addition, the paper relates the observed trading behaviour to 

a rational expectations model of heterogeneously informed investors. Specifically, the model 

assumes that investors located close to a firm receive more precise information about future 

dividends than those located further away. Following the release of public information, 

investors in different locations adjust their demands for the stock by different amounts. 

Consequently, realised returns are predicted to be negatively correlated with the net trades of 

investors located close to the firm and positively correlated with the net trades of investors 

located far away from the firm. This relationship is shown to exist in the data. 
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3.2.3.  Refining the channel of social interaction: word-of-mouth 

The relationship between sociability of households and stock market participation 

documented by Hong et al. (2004) is a strong indication that social interaction can drive 

investment decisions. However, the exact mechanism by which social interaction is influencing 

decision making remains difficult to identify. Ivković and Weisbenner (2007) test a very 

similar research question, but extend their empirical methodology in order to isolate the 

influence of social interaction through the specific mechanism of word-of-mouth effects. Using 

a brokerage dataset containing trades made by individual US investors, they first show a strong 

positive correlation between stock purchases made by a household in a given industry and stock 

purchases made by the household’s neighbours in the same industry. This is regarded as the 

overall information diffusion effect. In order to separate the effect of word-of-mouth effects 

from other potential explanatory factors such as correlated preferences and the structure of the 

local economy, additional tests are performed.  

First, the relation between household and neighbourhood purchases at the industry level 

is shown to be stronger in states which display higher levels of sociability. Second, specific 

variables are defined in order to detect the influence of correlated preferences and the structure 

of the local economy. The industry composition of stocks held by neighbouring households at 

the end of the previous period is used as a proxy for preferences within a community. Similar 

preferences by the same household over time are proxied by the industry composition of stocks 

held by the household itself at the end of the previous period. In order to control for the structure 

of the local economy, variables measuring the fraction of firms (by market value) local to a 

given household in each industry as well as the fraction of the labour force local to a given 

household in each industry are created. Controlling for these additional variables, one quarter 

to one half of the original information diffusion effect persists and the authors argue that this 

constitutes a conservative lower bound on the effect of word-of-mouth communication effects 

on trading behaviour among households. 

In addition, Ivković and Weisbenner (2007) provide a possible explanation as to why the 

study by Feng and Seasholes (2004) fails to uncover evidence of word-of-mouth effects driving 
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the behaviour of Chinese investors. They argue that Chinese and US societies differ on a 

fundamental level. Whereas individuals in the US enjoy a high level of civil liberties and have 

the freedom to openly discuss and share information, this is not the case in China. Moreover, 

there is extensive government ownership of Chinese companies. Together, these factors may 

suppress the type of word-of-mouth sharing of investment-related information which appears 

to characterise US markets. 

The study by Ivković and Weisbenner (2007) complements and expands the work carried 

out by Hong et al. (2004; 2005) by providing additional support that social interaction 

influences investment decisions and that word-of-mouth communication is a key mechanism 

by which this occurs. Nevertheless, certain endogeneity concerns still remain. For example, an 

individual’s assignment to a particular region is not exogenous and there may still exist certain 

unobserved characteristics affecting both the choice to reside in a particular area and to invest 

in the stock market. If these are not picked up by controls for preferences, the detected 

relationship between an individual’s investment decisions and those of their neighbours’ might 

be spurious.  

Brown, Ivković, Smith, and Weisbenner (2008) attempt to overcome these issues of 

endogeneity and establish causation using a more robust econometric methodology. Their 

study again examines the relation between an individual’s decision to participate in the stock 

market and the stock market participation of others in the community, this time using tax return 

panel data. However, Brown et al. (2008) do not measure a community’s average stock market 

participation directly, but rather instrument for this using the lagged participation rate of the 

birth states of an individual’s non-native members. The sample is limited to individuals who 

are classed as native to their current community and a significant positive relation is found 

between individual equity ownership and instrumented community ownership. The finding is 

robust to individual and community fixed effects, time-varying individual and community 

controls and state-year effects. It is argued that the only plausible reason for this correlation is 

social interaction. Similar to Ivković and Weisbenner (2007), the study offers additional 

evidence that word-of-mouth effects are the mechanism by which social interaction occurs by 
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documenting a stronger relation between community and individual participation in more 

sociable states. 

A very different and novel approach to measuring the impact of social interaction on 

individual investors’ trading decisions is adopted by Shive (2010). Her study focuses on 

whether individual investor trades in a particular stock are influenced by social interaction and 

makes use of stock market transaction data at the individual investor level from the Finnish 

Central Securities Depository (FCSD). This is a particularly rich dataset covering all equity 

trades occurring in Finland and includes 97% of the total market capitalisation of stocks. In 

order to measure social interaction, Shive (2010) employs a model stemming from the 

susceptible-infective-recovered/removed (SIR) type of model in the area of epidemiology. 

Such models are used to describe the spread of diseases and rumours where the infection rate 

is proportional to the product of the number of infected individuals and the number of 

susceptible individuals in a population. Shive (2010) applies the model to a stock market setting 

where “infected” individuals are those who own a certain stock and “susceptible” individuals 

are those that do not. For a given stock, day and geographic region, the product of these two 

groups of investors therefore reflects the opportunities for social influence on trading decisions. 

Trading decisions are represented by the total number of buys or sells per investor of a given 

stock on a given day. The influence of social interaction is tested in a regression setting by 

examining the nature of the relationship between trading decisions and the product of infected 

and susceptible investors (scaled by total investors). A significantly positive coefficient on this 

variable (the proportionality constant of the “infection” rate) suggests that social interaction is 

influencing trading decisions. Such a relationship is indeed documented for the majority of the 

20 stocks tested. The number of buys and sells by an individual investor is found to increase 

by 20% when the social influence factor increases by 10%.  

Perhaps the clearest indication that social interaction affects the trading decisions of 

mutual fund managers is provided by Pool, Stoffman and Yonker (2015). They develop a test 

which allows the effects of actual “face-to-face” social interactions to be separated from 

alternative “community effects” wherein information diffusion occurs through more formal 
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channels. This segregation is one of the lingering concerns in the study by Hong et al. (2005), 

(discussed previously) which could not be completely ruled out. Pool et al. (2015) use the 

distance between fund managers’ residential addresses as the proxy for social interaction. 

Managers living in very close proximity of each other are classified as “neighbours”. The main 

empirical test involves comparing the level of overlap in stock holdings and trades between 

neighbours and non-neighbours. The precise definition of neighbours allows for variation in 

face-to-face social interaction within a city which is therefore independent of community 

effects. Baseline results suggest that social interactions are responsible for an increase in 

portfolio overlap of approximately 13%. The overlap increases when the distance used to 

classify managers as neighbours is reduced and when managers have similar characteristics 

such as ethnicity. Considerable overlap is also documented for trades. 

Hvide & Östberg (2014) document strong evidence that social interaction among co-

workers influences stock market behaviour. First, they show that an individual’s decision to 

make a purchase is strongly correlated with the purchase decision of co-workers. In addition, 

the likelihood of an individual purchasing a specific stock is also strongly related to the fraction 

of co-workers purchasing the same stock. Correlated trading appears to be especially strong 

among within-industry stocks. In order to control for endogeneity concerns, the study also 

assesses the subgroup of individuals who change workplaces. The results suggest that stock 

market behaviour is strongly correlated to current and not future co-workers, supporting the 

notion that social interaction is driving the shared behaviour. In a similar vein, Li (2014) finds 

that the decision to enter the stock market is also related to the participation decisions of family 

members. Clear evidence on information flow through word-of-mouth communication in a 

specific setting is also provided by Ahern (2015). This study examines the flow of private 

information through known illegal insider trading networks. The study documents the 

importance of familial and friendship relationships and, to a lesser extent, business 

relationships in such a network. Shared educational backgrounds and geographical proximity 

are also important.  
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Taken together, the studies reviewed above present a strong case that social interaction 

plays a significant role in influencing investment decisions, both among households and 

institutional investors. Moreover, there is considerable evidence to suggest that the interaction 

is taking place in the form of information sharing among investors by word-of-mouth 

communication. 

3.2.4. Influence of peer outcomes rather than peer actions 

The empirical papers thus far all describe a form of social interaction in which the 

investment actions of an individual are influenced by the investment actions of others. A recent 

study deviates from this approach by examining the relationship between the investment 

actions of an individual and the investment outcomes of their peers. Specifically, Kaustia and 

Knüpfer (2012) test whether an individual’s decision to enter the stock market is related to the 

stock market performance of local peers. Their study makes use of stock market transaction 

data at the individual investor level from the Finnish Central Securities Depository (FCSD). 

The key finding is that a positive relationship exists between monthly neighbourhood returns 

(aggregated at the zip code level) and the number of new investors entering the stock market 

in the same neighbourhood the following month. Furthermore, entry decisions are driven solely 

by positive returns: negative returns do not reduce stock market entry. This is suggestive of a 

form of social interaction in which individuals are influenced by stories of positive stock 

market performance by their peers.  

The study suggests two plausible mechanisms through which neighbourhood returns 

might influence the entry decision. The first is naïve extrapolation, under which investors adjust 

return expectations according to the performance of neighbours. The second is selective 

communication, whereby communication, which is more likely following good rather than bad 

performance, reveals the participation status of neighbours and engenders concerns about 

relative wealth. The asymmetric nature of the relationship described above is consistent with 

selective communication. However, the authors note that the two channels are not mutually 

exclusive and suggest that since the strength of neighbourhood return effects are unrelated to 
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regional levels of homeownership and self-employment, relative wealth concerns are unlikely 

to be the sole explanation.  

The nature of the dataset allows Kaustia and Knüpfer (2012) to adopt a panel regression 

set-up and adopt controls to address endogeneity concerns including fixed effects at the zip 

code and province-month levels. Zip code fixed effects alleviate concerns that time-invariant 

unobservable characteristics at the regional level induce a positive but spurious relation 

between returns and stock market entry. Similarly, month fixed effects address the potential 

influence of market-wide time-varying shocks. Finally, a third type of fixed effect, this time at 

the province-month level is used to deal with time-varying but localised shocks. The use of 

lagged rather than contemporaneous neighbourhood returns helps rule out reverse causality and 

additional alternative explanations are rejected through the use of specific subsamples. 

Lu and Tang (2015) address a similar question but considers the effect of peer outcomes 

on risk exposure rather than entry decisions. Using a sample of defined contribution (401(k)) 

plans, the study finds that participants tend to increase exposure to equities after their 

coworkers experience higher returns on their equity portfolios. Unlike Kaustia and Knüpfer 

(2012) however, participants are also found to decrease equity exposure when their peers suffer 

negative equity returns. The study suggests that the results conform to the limited attention 

hypothesis under which significant events are more likely to attract attention. Similarly, 

Hellström, Zetterdahl and Hanes (2013) find that the propensity of individuals to participate in 

the stock market both rises following positive stock market performance by family members 

and falls following negative performance. In contrast, consistent with the results from Kaustia 

and Knüpfer (2012), participation increases in response to positive performance by members 

of an investor’s community but does not fall following negative performance. Some evidence 

is also provided suggesting that the effect of social interaction is stronger for individuals 

displaying lower financial literacy and higher interpersonal trust. 
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3.2.5. Linking social interaction to investor behaviour 

The findings discussed above suggest that investment decisions are sensitive to social 

interaction. Moreover, investors appear to be influenced not only by the observed behaviour of 

their peers, but also by the investment outcomes experienced by their peers. The studies 

discussed thus far do not, however, explicitly address how social interaction affects various 

aspects of investor behaviour. A small number of very recent studies in the finance literature 

which do examine the link between social interaction and behaviour are discussed in the first 

part of this section. Most of these studies test and find support for various implications from a 

theoretical framework proposed by Han and Hirshleifer (2015). This model (discussed in detail 

previously) proposes that the process of social interaction involves an inherent transmission 

bias which causes interacting investors to adopt a more aggressive, active trading style. The 

second part of this section surveys several studies from the experimental economics literature 

which also address the link between interaction and investor behaviour. The results often 

contradict those predicted by Han and Hirshleifer (2015). 

3.2.5.1. Studies from the finance literature 

Consistent with the predictions by Han and Hirshleifer (2015), Heimer (2014) finds that, 

conditional on owning securities, investors who are defined as being social are more likely to 

invest actively. Investors are designated as social based on whether they contribute money to 

churches and religious organisations and spend money on sports participation and sports 

events. Active investor status is based on whether individuals have bought and/or sold 

securities. Simon and Heimer (2012) examine a sample of retail foreign exchange traders who 

are users of a social network. Their results suggest that traders are more likely to initiate 

interaction following positive performance while receivers tend to intensify their trading after 

interacting with senders experiencing such performance. They also find that trading intensity 

and return variance experienced by traders in the network rise over time.  

Heimer (2014) also uses the dataset of foreign exchange traders to examine whether 

social interaction affects an investor’s susceptibility to the disposition effect. The study finds 

that this susceptibility almost doubles after a trader enters the social network. The results also 
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suggest that traders tend to connect with others who demonstrate a similar susceptibility to the 

disposition effect. The study concludes that social interaction exacerbates harmful behavioural 

biases. Overall, therefore, the early empirical evidence from the finance literature suggests that 

social interaction has a negative effect on investor behaviour. A potential drawback of the 

sample of foreign exchange traders is that all the traders must have become members of a 

“Facebook-style social network” (Simon & Heimer, 2012, p. 3).  This raises a self-selection 

concern in that the traders opting to join a network providing a forum for communication may 

have a higher propensity to interact with other investors in the first place. 

3.2.5.2. Studies from the experimental economics literature 

A related literature in experimental economics also provides important insights into the 

relationship between social interaction and behaviour in an investment context. The results 

from this literature generally tend to contradict the studies discussed above and the hypothesis 

put forward by Han and Hirshleifer (2015). For example, a review by Kugler, Kausel and 

Kocher (2012) concludes that group decisions more closely approximate the predicted 

behaviour of a rational economic agent than individual decisions. As the paper states,   

Important decisions are often made by groups that have more previous experience, 

increased processing capabilities, the ability to monitor each other for mistakes, and 

share information regarding the task and the expected behavior of others (Kugler et al., 

2012, p.478). 

 

A number of results from individual studies are worth describing in more detail. In an 

experimental setting, Masclet, Colombier, Denant-Boemont and Loheac (2009) find that 

groups are more likely to choose safe lotteries than individuals. Moreover, less risk averse 

individuals are found to be more willing to shift their decision to conform to the group average 

risk decision while more risk averse individuals were less willing to shift. Rockenbach, Sadrieh 

and Mathauschek (2007) also compare individual and team behaviour and find that teams 

conform more closely with Markowitz portfolio selection theory. Baghestanian, Gortner and 

van der Weele (2014) find that information about the portfolio composition of peers improves 
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underdiversification and reduces risk. When individuals are presented with information 

highlighting the best-performing peer, risk-taking does not differ from the case where 

individuals receive no information. Finally, Cheung and Palan (2012) find that team decision 

making is less likely to lead to bubbles and crashes in an asset market relative to individual 

decision making. 

While the papers discussed above do not directly test the theoretical implications 

proposed by Han and Hirshleifer (2015), their results appear to contradict these implications. 

Rather than exacerbating behavioural biases, group behaviour, albeit in a controlled 

experimental context, might in fact mitigate such biases and lead to more rational and optimal 

behavioural outcomes. 

3.2.6. Linking social interaction to investment performance 

An important remaining question is whether social interaction provides benefits for 

investors – that is, whether it leads to superior performance. In relation to social interaction 

among individual investors, only a relatively small amount of research has attempted to address 

this question. 

3.2.6.1. The population of investors as a whole 

Shive (2010) documents that her measure of socially-motivated trades is related to stock 

returns. She shows that, for a portfolio of the 20 stocks included in her study, returns in the 

current and following months are related to social buys in the current month. Returns in the 

current month are found to be negatively related to social sales. Since her study finds no 

evidence of subsequent reversals in returns, Shive (2010) argues that the information investors 

derive from social interaction holds predictive power for short-term stock returns. 

A significant contribution to the literature on the role of social networks in the stock 

market is provided by Ozsoylev, Walden, Yavuz and Bildik (2014). Their study describes an 

empirical procedure which allows a proxy for a stock market’s information network to be 

constructed. An information network relates to the way in which information is diffused among 

stock market investors. Information links are inferred from similar realised trades undertaken 
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by two investors within a short space of time and hence an Empirical Investor Network (EIN) 

is identified. Through simulations, the study shows that the EIN is a good approximation for 

the true information network, even when only partial data is available. 

Ozsoylev, Walden, Yavuz and Bildik (2014) estimate an EIN using data covering all 

trades made during 2005 on the Istanbul Stock Exchange and document several important 

results concerning trading outcomes relative to an investor’s position in the network. First, they 

show that investors who have a higher degree of centrality (measured using eigenvector 

centrality) in the network earn higher returns. A one standard deviation increase in centrality 

is associated with a 0.7% to 1.8% increase in returns measured over 30 days in a multivariate 

regression setting. Furthermore, the study finds that central investors tend to trade in the right 

direction before significant information events earlier than more peripheral investors. The 

authors argue that these results point to gradual decentralised diffusion of information in the 

stock market. They suggest that information networks act as an intermediate information 

channel more restricted than public information but less restrictive than private and inside 

information. The study’s design and data do not allow the exact mechanisms by which 

information spreads through the network (such as geographic location or social networks) to 

be identified however.  

Complementary results are presented by Hong and Xu (2014), who find that investors 

with a higher propensity to be connected tend to outperform. In their study of social interaction 

among co-workers, Hvide & Östberg (2014) also evaluate the effect of interaction on trading 

performance. However, they find no evidence of superior returns when co-worker buying 

pressure is stronger. Moreover, a greater tendency to purchase within-industry stocks as a result 

of social interaction could harm portfolio diversification.  

3.2.6.2. Corporate executives, fund managers and inside traders 

Two studies which focus on the link between investment performance and social 

interaction in a more specific context, are conducted by Cohen, Frazzini and Malloy (2008; 

2010). In their first study, Cohen, Frazzini and Malloy (2008) investigate whether connections 
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to senior company officers affect the holdings and performance of mutual fund portfolio 

managers. In order to measure connections, the study identifies whether managers and 

executives attended the same academic institution. It is found that mutual fund managers 

allocate larger holdings to stocks of firms with which they have a connection. Averaging across 

funds, connected holdings outperform nonconnected holdings by up to 7.8 percent per year. 

Furthermore, not all connected firms are held by fund managers and those connected stocks 

that are held outperform those that are not. In an effort to discern the mechanism by which 

social connections lead to superior investment returns, the authors examine whether the return 

premium is concentrated around corporate news announcements. They find that this is indeed 

the case and almost the entire premium is attributable to the days surrounding announcements. 

The authors argue that this is consistent with superior performance arising through the flow of 

private information facilitated by social networks.  

It is interesting to note the results of one additional test which this study performs. 

Consistent with the base result, fund manager purchases of connected stocks are found to 

significantly outperform purchases of nonconnected stocks. However, this result does not 

extend to the sales of connected versus nonconnected stocks. The authors suggest that this 

asymmetry might arise because firm executives are reluctant to disclose negative information 

or managers agreeing to act only on the positive information they receive. This result reflects 

the findings by Kaustia and Knüpfer (2012) that positive returns increase stock market entry 

among Finnish investors, but negative returns do not reduce entry. 

In their second study, Cohen, Frazzini and Malloy (2010) again consider social networks 

formed through attendance of the same educational institutions. However, this time, they 

examine how the performance of sell-side analysts is affected by their ties to company 

executives. Consistent with the results of the prior study, a calendar-time portfolio of buy 

recommendations of connected stocks significantly outperforms a portfolio of buy 

recommendations of nonconnected stocks. A long-short strategy earns an annual premium of 

6.60%. Once again, the return differential holds only for buy recommendations and does not 

extend to sell recommendations.  
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Further insight into the channel by which information is transferred through the network 

is gained by splitting the sample period into pre- and post-Regulation FD periods. Regulation 

FD (Reg FD) was implemented by the Securities and Exchange Commission (SEC) in 2000 

with the aim of preventing selective disclosure by firms to specific market participants. The 

study finds that the outperformance of connected firm recommendations is limited to the period 

preceding the implementation of Reg-FD. Moreover, when the tests are replicated for the 

United Kingdom, where there was no Reg-FD equivalent, the effect persists over the entire 

time period. The authors interpret these findings as evidence that information is transferred 

across the social network in the form of selective disclosure. 

A recent study by Berkman, Koch, and Westerholm (2014) evaluates the trading 

performance of Finnish corporate board members in stocks to which they have varying degrees 

of connectedness. Instances where a director trades his own company’s stock have the highest 

degree of connectedness and are defined as insider trades. Trades of firms to which a director 

has an interlock connection are defined as interlock trades. The remaining unconnected trades 

are further divided into three categories based on the director’s position in the overall corporate 

network. The study finds that directors earn superior stock returns when they trade stocks to 

which they have an insider or interlock connection. This performance also extends to 

unconnected trades, however, and the magnitude of the outperformance is related to the 

position of the director in the corporate network. Outperformance is especially pronounced on 

the buy side. An important result in the context of social interaction is that the family members 

of directors appear to outperform in a similar way to the directors themselves. The authors 

conclude that not only does the corporate network provide access to valuable information for 

directors, but the benefit of this information also flows through family networks. Further 

evidence presented in the study suggests that the information generating superior returns 

pertains to long-term prospects about a firm rather than significant short-term events. 

Particularly strong evidence that social interaction helps deliver superior investment 

performance in the managed fund industry is provided by Pool et al. (2015). A long-short 

strategy (rebalanced quarterly) of buying the portfolio of stocks purchased by neighbour funds 
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and selling those sold by neighbour funds delivers an annualised risk-adjusted return of 5.8%. 

Hong and Xu (2014) also show that fund managers who demonstrate a higher propensity to 

have social contacts in a given city or industry outperform those with a lower propensity. 

Predictably, however, the strongest outperformance by resulting from social interaction is 

displayed by illegal insider traders. Ahern (2015) finds that such traders earn an average return 

of 35% during an average period of 21 days from initial leak of inside information to the 

information’s official announcement. Moreover, traders nearer to the source of the information 

display greater outperformance while investing smaller dollar amounts.  

In general, the studies discussed above provide convincing evidence that membership in 

certain types of social networks can deliver useful information that leads to superior investment 

performance. However, it is important to note that these studies focus on very specific social 

networks, namely those that exist between high-ranking company executives and employees 

of investment firms. The potential for useful, company-specific and return-enhancing 

information to be passed through such networks is clear. The benefits of this type of social 

interaction cannot be expected to apply to interactions occurring between retail investors, who 

would be unlikely to possess superior information on a systematic basis. 

3.2.7. Alternative ways of identifying networks among investors 

The studies discussed above use a variety of methods to estimate interaction or network 

connections between investors. A very small number of studies ask investors directly through 

surveys. In the majority of cases, however, this identification presents a significant challenge 

since direct evidence of interaction is unavailable. Many of the early empirical studies on social 

interaction deal with this problem by using locational characteristics to identify groups of 

individual who are likely to be connected. Example of such characteristics include geographical 

proximity, workplace and department within a workplace. A more recent approach identifies 

identical trading patterns between two investors as a signal that they are connected. Another 

recent and novel approach proposed by Hong and Xu (2014) makes use of investor level trade 

data to infer connections. The paper uses overdispersed Poisson regression models to estimate 

the number of social contacts by an investor within different groups such as cities and industries 
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as a function of the number of stocks held by the investor in that city or industry. 

“Overdispersion” of stocks in a given group implies the investor is more likely to have social 

contacts in that group. Aggregation across groups leads to an overall relative propensity to have 

contacts (RPC) for a given investor. 

3.3. Social interaction and corporate behaviour 

In this section, I examine studies in the area of corporate finance which consider the 

effects of social interaction. Although these studies very much complement the area of the 

social interaction literature pertaining to investor behaviour, I review them in a separate section 

for a number of reasons. First, the nature of potential social networks are often easier to identify 

when examining corporate behaviour. For example, networks between the directors of firms 

constitute some of the most commonly analysed networks. In contrast, there is much more 

ambiguity in specifying the networks of individual investors. As discussed above, many studies 

rely on a relatively arbitrary specification of geographical proximity to define networks. 

Second, potential rational motives why the behaviour of corporate agents might depend on 

social interactions are often much clearer. As Barnea and Guedj (2006, p.2) state, “… it is 

almost obvious that connections matter in business.” In contrast, it is more difficult to envisage 

obvious advantages that an individual stock market investor might derive from social 

interaction. For example, as Kaustia and Knüpfer (2012, p.322) point out, “compared with 

more deterministic environments, the stock market is exceptional in that learning about 

fundamentals from peer outcomes is difficult to rationalize.” Finally, the two areas of the 

literature often make use of different empirical approaches, with studies examining interactions 

among corporate agents frequently applying more formal social network analysis techniques. 

3.3.1. Measures and techniques in network analysis 

Many of the studies examining corporate networks appeal to the formal tools of network 

analysis. The theory of network analysis is well developed and has been extensively applied in 

areas such as sociology (Jackson, 2008). I therefore begin this section with a brief description 

of some of the most common and important measures as they have been applied in the study 
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of corporate networks. The description (and notation) is derived primarily from a text on the 

subject by Jackson (2008).  

At a very basic level, networks simply consist of relationships between a series of entities. 

The entities, which can take many different forms including individuals, agents or 

organisations, are referred to as nodes in the network. Two given nodes may be connected to 

each other or they may not. A common way of representing a network is through an adjacency 

matrix. An adjacency matrix (𝑔) displays the connections between different nodes. In its 

simplest form, the number ‘1’ represents a connection and the number ‘0’ the absence of a 

connection. More complex matricies can also indicate the intensity or direction of connections.  

In empirical studies of corporate networks, measures of centrality take on particular 

importance. Such measures quantify the position of a given node in the overall network and 

can be divided into four main types. Degree centrality is the most simple and measures, for a 

given node, the number of links in the network involving that node as a proportion of the total 

number of other nodes in the network, 𝑛 − 1: 

 𝐷𝑒𝑔𝑟𝑒𝑒 𝑐𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑡𝑦𝑖(𝑔) =
𝑑𝑖(𝑔)

𝑛 − 1
 (1) 

Given its simplicity, this measure may miss important aspects of a node’s position in the 

network. For example, despite only being directly linked to a small number of other nodes, a 

given node might act as an important intermediary between several other nodes. As Jackson 

(2008) states, such connections can be especially important in situations involving information 

transmission, which are clearly relevant to corporate networks. 

A second measure of centrality is closeness centrality, which provides a measure of 

distance between two nodes. A simple form of closeness centrality measure for a given node, 

𝑖, is the inverse of the average of the number of links in the shortest path between node 𝑖 and 

any other node 𝑗, denoted 𝑙(𝑖, 𝑗): 
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 𝐶𝑙𝑜𝑠𝑒𝑛𝑒𝑠𝑠 𝑐𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑡𝑦𝑖(𝑔) =
𝑛 − 1

∑ 𝑙(𝑖, 𝑗)𝑗≠𝑖
 (2) 

A measure which does take into account a given node’s role in connecting other nodes is 

betweenness centrality. For a given node, 𝑖, this involves measuring the total number of shortest 

paths (geodesics) between any two other nodes, 𝑘 and 𝑗, on which node 𝑖 lies, denoted 𝑃𝑖(𝑘𝑗), 

as a proportion of the total number of geodesics between 𝑘 and 𝑗, denoted 𝑃(𝑘𝑗): 

 𝐵𝑒𝑡𝑤𝑒𝑒𝑛𝑛𝑒𝑠𝑠 𝑐𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑡𝑦𝑖(𝑔) = ∑

𝑃𝑖(𝑘𝑗)
𝑃(𝑘𝑗)⁄

(𝑛 − 1)(𝑛 − 2)
2⁄𝑘≠𝑗:𝑖∉{𝑘,𝑗}

 (3) 

The closer the numerator is to 1, the more important node I is in connecting nodes k and j. 

The final measure of centrality is eigenvector centrality, introduced Bonacich (1972; 

1987). Under eigenvector centrality, a node’s importance in the network is determined by the 

importance of its neighbouring nodes.21 For a given node, 𝑖, the eigenvector centrality is 

proportional to the sum of that node’s connections to any other node 𝑗, where that connection 

is weighted by agent 𝑗’s own eigenvector centrality: 

 𝐸𝑖𝑔𝑒𝑛𝑣𝑒𝑐𝑡𝑜𝑟 𝑐𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑡𝑦𝑖(𝑔) =
1

𝜆
∑ 𝑔𝑖𝑗 × 𝐸𝑖𝑔𝑒𝑛𝑣𝑒𝑐𝑡𝑜𝑟 𝑐𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑡𝑦𝑗(𝑔)

𝑗
 (4) 

𝜆 is the proportionality factor. The relationship can be expressed in matrix notation (with 

eigenvector centrality denoted by 𝐸) as: 

 𝜆𝐸(𝑔) = 𝑔𝐸(𝑔) (5) 

                                                 
21 Jackson (2008) includes eigenvector centrality in a group of centrality measures he terms 

“prestige-, power-, and eigenvector-related centrality measures”. I limit my discussion to 

eigenvector centrality as this is the measure which is commonly applied in studies of 

corporate networks. Note also that some empirical studies specify eigenvector centrality as 

their measure of closeness centrality. 
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Now, 𝐸(𝑔) is an eigenvector of matrix 𝑔 and the corresponding eigenvalue is given by 𝜆. 

3.3.2. Social interaction and CEO compensation  

Several studies have examined how interactions between company officials are related 

to various aspects of corporate governance. CEO compensation is an area which has attracted 

particular attention. One of the first studies which attempt to incorporate the entirety of a firm’s 

corporate network in analysing CEO compensation is by Barnea and Guedj (2006). These 

authors find that compensation rises with the degree of connectedness of a board’s directors. 

This result holds for all three network measures used: degree centrality, closeness centrality 

(defined as eigenvector centrality) and betweenness centrality. In additional tests, it is also 

shown that the propensity to grant high CEO compensation is greater among those connected 

directors who serve on the boards of other firms which grant high CEO compensation. 

Moreover, pay changes among more connected firms are more closely correlated than pay 

changes among less well connected firms. The authors argue that these results are consistent 

with an expectations effect among board members: connected board members develop a 

compensation “reference point” which influences their compensation decisions on the boards 

of other firms. 

Larcker, Richardson, Seary and Tuna (2005) also consider the influence of director 

networks on CEO compensation but focus on a single specific measure of connectedness. They 

define the “back door” distance for a firm as the minimum number of boards of other firms 

required to establish a connection between each pair of directors. The natural link occurring 

because directors are necessarily linked through the board of that firm is excluded. The authors 

argue that the back door distance represents a communication channel between board members 

which might be used to influence board member decisions. It extends the reciprocal interlock 

measures used in prior studies by also considering “friend of a friend” links. The study finds a 

significant negative relation between the back door distance involving various types of board 

members and CEO compensation. The study’s suggested interpretation is that CEOs extract 

economic rent through the information and influence they derive from linkages to outside 

directors or members of the compensation committee.  
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A more comprehensive assessment of the effect of social ties on CEO outcomes is 

provided by Hwang and Kim (2009). They develop a new measure of board independence, 

“social” independence, to complement the conventional definition of independence. The social 

dependence or independence of a director is determined based on connections with the firm’s 

CEO through the military, education, birthplace, prior employment and shared third-party 

connections. Therefore, unlike Larcker et al. (2005) and Barnea and Guedj (2006) (reviewed 

above), this study explicitly measures connections between directors and the CEO of the same 

firm. The study documents that social connections between directors and CEOs are highly 

prevalent: 87% of boards have a majority of conventionally independent directors, but only 

62% have a majority of conventionally and socially independent directors. The level of 

compensation awarded to the CEO is significantly lower for firms with both conventionally 

and socially independent boards. For example, in a multivariate regression setting, firms with 

both conventionally and socially independent firms are associated with a decrease in total CEO 

compensation of $3.3 million on average. Moreover, such firms are also found to display 

greater pay-performance and turnover-performance sensitivity. The authors conclude that 

social connections appear to compromise the ability of directors to carry out effective 

monitoring, take disciplinary actions and conduct arms-length contracting. 

A somewhat different approach to examining the relation between social connections and 

corporate governance outcomes is adopted by Nguyen (2012). Rather than focus on CEO 

compensation, he considers whether social connections between CEOs and directors influence 

the sensitivity of CEO turnover to poor performance. The study uses a sample of French 

companies and defines social connections as those arising from attendance of elite French 

colleges (Grandes écoles) and elite civil or diplomatic service corps (Grands corps de l’État) 

membership. The results show that such connections between the CEO and board members 

reduce the likelihood that the CEO is forced out following poor performance and increases the 

chances of an ousted CEO finding new employment. Like Hwang and Kim (2009), the study 

suggests that social connections therefore have a negative impact on the effectiveness of the 

board of directors. 
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Particularly robust and econometrically sound evidence in support of an association 

between social networks and CEO compensation is provided by Engelberg, Gao and Parsons 

(2013). Their study considers three types of connections between CEOs and high-ranking 

executives or directors of other firms: social connections, professional connections and 

university connections. The three types of connections are also aggregated into an overall 

measure termed the CEO’s “Rolodex”. In a pooled panel regression, it is found that, on average, 

an additional connection is associated with an increase in CEO pay by $17,000. University 

connections are found to be of particular importance. In order to address endogeneity concerns, 

additional tests are performed such as including university fixed effects as well as university-

graduation interval fixed effects. The study also provides additional evidence consistent with 

the notion that valuable information is derived from a CEO’s network, for which a firm is 

prepared to pay a compensation premium. First, important connections attract a higher 

premium, such as those within the same industry, within the same geographic region and those 

with executives more involved with a firm’s operations. Second, firms which would be 

expected to benefit more from a CEO’s connections, such as those which are geographically 

isolated or have fewer existing external connections, pay a higher premium. 

3.3.3. Social interaction, mergers and acquisitions and other corporate policies 

Two recent studies by Cai and Sevilir (2012) and Ishii and Xuan (2014) both examine 

the influence of board networks on merger and acquisition outcomes and arrive at opposing 

conclusions. Cai and Sevilir (2012) consider two separate types of connections between the 

boards of acquirers and targets. First-degree connections occur when the two firms share a 

common director while second-degree connections exist when a director from the acquirer and 

another from the target serve together on the board of a third firm. The study finds that acquirer 

returns are higher when either type of connection is present. First-degree connections are also 

associated with lower takeover premiums while total value creation and the change in return 

on assets are positively related to second-degree connections. The authors suggest that the two 

types of connections impact upon merger and acquisition deals through different mechanisms. 

Acquirers appear to benefit from first-degree connections through an information advantage 
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and reduced competition. When second-degree connections are present, overall deal efficiency 

is improved as evidenced by higher value creation and better operating performance.  

In contrast, Ishii and Xuan (2014) find that social connections between acquirers and 

targets are associated with lower abnormal returns earned by an acquirer as well as the 

combined entity. The authors suggest that social connections therefore lower the quality of 

decision making and reduce value creation. As Cai and Sevilir (2012) note, however, these 

conflicting results can likely be explained by the different definitions of social connections. 

While Ishii and Xuan (2014) focus on connections through education and past employment, 

Cai and Sevilir (2012) limit their definition to board connections at the time of the merger or 

acquisition.   

Fracassi (in press) examines the relationship between a firm’s social network and 

investment (the ratio of capital expenditure to property, plant and equipment). He considers 

connections between directors and key executives of firms stemming from employment, 

education and other activities. The results show that two firms which share a greater number 

of connections have a more similar investment policy and also tend to change their policy in a 

more similar way over time relative to two companies which share fewer connections. Director 

or executive deaths are used as exogenous shocks in order to provide evidence in support of a 

causal relationship between connections and investment policy. Evidence is also provided 

suggesting that the relationship extends to other corporate policies including research and 

development expenses, selling, general and administrative expenses, cash reserves and interest 

coverage ratio. Furthermore, using the social network measures of degree, betweenness and 

closeness, it is found that firms positioned more centrally in the overall network display less 

idiosyncrasy in their investment policies. Fracassi (in press) documents a positive association 

between a firm’s centrality in the overall network and performance as measured by return on 

assets and Tobin’s Q. The author notes that his test does not imply causality, however. 
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3.3.4. Social interaction in specific contexts 

Several studies have examined the role of social connections in corporate settings where 

such effects might be expected to be of particular importance. One such area is the venture 

capital industry. Hochberg, Ljungqvist and Lu (2007) apply network analysis techniques to 

investigate whether connections among venture capital firms affect performance. Connections 

between venture capital firms are comprised of syndication relationships and the centrality 

measures degree, closeness (eigenvector centrality) and betweenness are applied. Moreover, 

the study differentiates between the lead firm in a syndicate and member firms. This allows 

two additional degree measures to be specified: indegree measures the frequency with which a 

firm is a member of a syndicate led by another firm and outdegree measures the frequency with 

which a firm invites other firms to participate in a syndicate which it leads. The study finds that 

the proportion of a venture capital fund’s investments which are successfully exited through an 

IPO or sale is higher if the fund’s parent firm is more connected. The portfolio companies of 

such firms also display a greater likelihood of continuing to subsequent rounds of financing 

and exit. The authors argue that the outperformance by well-networked venture capital firms 

appears to be a result of their ability to provide superior value-added services. 

Kuhnen (2009) extends the investigation of how social interaction influences governance 

to the mutual fund industry. Her study examines whether connections between the directors of 

mutual funds and the advisory firms which manage funds’ money influence the advisory firm 

hiring decision. Connections between directors and advisory firms are measured in three main 

ways: degree, joint degree and influence. The influence of an advisor over a director is 

calculated as the number of connections between the advisor and the director as a proportion 

of the total number of connections between the director and all other agents in the network. 

Joint degree and influence are averaged to obtain board level connection measures. Kuhnen 

(2009) considers two hiring decisions: the hiring of a new advisor firm by a mutual fund to 

help manage assets and the hiring of directors by advisory firms starting new mutual funds. In 

both cases, connections are positively and significantly associated with the hiring decision. 

Kuhnen (2009) also tests whether connections affect shareholder outcomes. She suggests two 
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possible channels by which this might occur. First, connections might facilitate efficient 

information transfer between agents, resulting in more positive shareholder outcomes. 

Alternatively, connections might result in favouritism in the hiring decision and insufficient 

monitoring of management by the board. This would likely impact shareholder outcomes 

negatively. However, the study finds little evidence that connections impact outcomes as 

measured by the relation between connections and fund expense ratios, management fees, 

expense reimbursements and net fund returns. It suggests that the two channels might balance 

each other out. 

Engelberg, Gao and Parsons (2012) examine how personal social connections between 

employees of borrowers and lenders affect loan characteristics and the subsequent performance 

of the borrower. In order to ensure that interactions are exogenous to the lending deal, they 

focus on connections formed through shared education as well as professional connections 

predating a lending deal by more than five years. The study documents that the existence of 

such connections leads to significantly lower interest rates, especially for those firms with 

poorer credit qualities. Furthermore, fewer covenants are imposed on connected firms and loan 

amounts tend to be larger. An analysis of the performance of borrower firms following lending 

deals reveals that connected firms improve their credit ratings and display superior stock 

returns relative to non-connected firms. The authors suggest that these results are consistent 

with the notion that personal connections help reduce the risk faced by lenders, perhaps through 

allowing them to identify better deals or by facilitating more efficient monitoring.  

3.3.5. Social interaction, performance and firm value 

As discussed above, a number of studies show not only that corporate social networks 

are pervasive, but that these may impact positively on a firm’s performance. For example, such 

an effect has been documented in the venture capital industry (Hochberg et al., 2007), the 

market for bank loans (Engelberg et al., 2012) as well as in a more general corporate setting 

(Fracassi, in press). In contrast, some studies argue that corporate connections might lead to 

deterioration in the quality of corporate governance (Hwang & Kim, 2009; Nguyen, 2012). 
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Fracassi and Tate (2012) provide a more direct test between director-CEO connections 

and firm value. They define a social network index (SNI) relating to the number of external 

connections between a firm’s CEO and an outside director of the firm. Connections may be 

formed through employment, education or other activities. The results of the study suggest that 

such connections are associated with lower firm value. In particular, a firm’s Tobin’s Q is 

shown to rise when independent directors connected to the CEO leave the firm due to 

retirement or death. In accordance with studies discussed above, the authors suggest that the 

lower firm value in the presence of director-CEO connections may come about due to a reduced 

effectiveness of corporate governance. It is shown that firms with a greater number of 

independent directors connected to the CEO tend to make more acquisitions and experience 

lower cumulative abnormal returns when acquisitions are announced. Furthermore, it appears 

that CEOs may favour board members with whom they share external connections. Firms in 

which the CEO has greater power (and thus bargaining power) are more likely to appoint 

connected directors. 

Perhaps the study which attempts to establish the most direct relation between corporate 

connectedness and firm performance is by Larcker, So and Wang (2013). These authors 

examine the relation between the level of connectedness of a firm’s board and performance 

measures including future stock returns and profitability. Connections between firms are based 

on shared board members and a firm’s centrality in the network is measured by degree, 

closeness, betweenness and eigenvector centrality. In addition, a composite centrality measure 

is composed as an average of the four standard measures. The study finds a significantly 

positive relation between a firm’s network centrality and risk-adjusted future stock returns. A 

long-short strategy comprising the firms in the highest and lowest composite centrality score 

quintiles respectively earns annual average one-year-ahead characteristic-adjusted returns of 

4.68%. The return difference is especially pronounced among firms that are young, have high 

growth opportunities or face adverse circumstances. Moreover, it is found that well-connected 

firms have higher future changes in return on assets and are associated with higher analyst 

consensus forecast errors. The authors suggest that firms benefit from improved access to 
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resources such as contacts, best management practices and better terms of contracts which 

corporate connections may bring. Furthermore, they argue that the market underestimates the 

economic impact of these benefits. 

3.3.6. Other impacts of social interaction 

Cai, Walkling and Yang (in press) examine the implications of corporate social networks 

for a firm’s cost of trading. They hypothesise that an increase in the informed trading of a 

firm’s stock as a result of connections between company insiders and investment professionals 

might raise that stock’s trading costs. Empirical tests show that such connections are indeed 

associated with an increase in a firm’s bid-ask spread. Connections formed through education 

or leisure activities appear to have a particularly strong effect. Additional results also suggest 

that earnings announcements are less informative and information leakage around 

unanticipated merger announcements is higher for more connected firms. 
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Short on Drugs: Short Selling during the Drug Development 

Process 

 

 

 

 

 

Abstract 

Announcements related to the drug development process can have a profound impact on the 

market valuation of firms operating in the pharmaceutical and healthcare industries. This can 

create substantial opportunities for investors who possess superior information or analytical 

abilities. I document that one particular subgroup of sophisticated investors, short sellers, 

appears to profit from these opportunities. I find that short sales rise significantly more in the 

days leading up to drug development announcements with the most negative announcement 

returns relative to those with the most positive announcement returns. Further tests indicate 

that the more likely explanation for the observed trading success is a superior ability to process 

complex information rather than leakage of insider information. 
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1. Introduction 

In mid-2011, NASDAQ-listed AVEO Pharmaceuticals reported promising phase 2 trial 

results for its lead kidney cancer drug, Tivozanib.22 One year later, the firm’s share price 

dropped by 27% following an expression of concern by the Food and Drug Administration 

(FDA) about patients’ survival rates in the drug’s Phase 3 trial. Finally, in mid-2013 the firm 

lost 66% of its market value immediately after the announcement that an FDA Advisory Panel 

had voted against Tivozanib’s new drug application. 

The above example illustrates the critical nature of the drug development process for 

companies in the healthcare and pharmaceutical industries. Successful development of a new 

drug can bring enormous rewards for a firm and its shareholders while failure can spell the end 

of the firm’s existence. The dramatic impact on firm value of the drug development process 

obviously creates highly profitable opportunities for sophisticated investors with superior 

information or analytical abilities in this area. In this paper, I examine the trading behaviour of 

a particularly sophisticated group of investors, namely short sellers, around these types of 

events. 

I find that short sellers anticipate the outcomes of important events in the drug 

development process during the days leading up to their announcement. In a multivariate 

regression setting, the number of shares sold short over the three days prior to the most negative 

event announcements rises above the normal benchmark level by a statistically significant 

1.26% of daily trading volume for the most negative events relative to more neutral events. 

Averaged across events with absolute cumulative abnormal returns of at least 10%, I find that 

abnormal short positions established during the 18 days prior to an event’s announcement 

generate profits of between $294,164 and $531,826 depending on the day on which the short 

positions are covered.  

My analysis utilises a unique and comprehensive database of significant events or 

“catalysts” related to the drug development process which I obtain from Sagient Research 

                                                 
22 Details obtained from Factiva and http://www.aveooncology.com/. 
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Systems, a financial research provider. Using daily data on short sales transactions over a 

period of five years, I conduct an event study to examine the relation between pre-

announcement short selling and the announcement return of the affected firm’s stock. I measure 

short sales in two ways. First, following studies including Asquith, Pathak and Ritter (2005) 

and Christophe, Ferri and Hsieh (2010), I define short turnover as daily short sales divided by 

total shares outstanding. Second, following other researchers such as Christophe, Ferri and 

Angel (2004) and Engelberg, Reed and Ringgenberg (2012), I obtain short volume by scaling 

daily short sales by daily trading volume. I define a firm’s normal benchmark level of short 

sales as average short sales for the same firm calculated over event days -120 to -21.  

My tests consistently document a negative relation between pre-announcement abnormal 

short sales and the announcement return. This holds in a univariate setting as well as for 

multivariate regression specifications which control for factors including size, book-to-market, 

long- and short-term momentum, volatility, stock price and the bid-ask spread. I also divide 

the events into four subsamples based on their nature: FDA decisions, trial information 

releases, advisory panel announcements and other. I find that the results generally hold for 

these individual subsamples, though with reduced significance. In additional robustness tests, 

I show that the relation persists if I define an alternative normal benchmark level of short sales 

by constructing a matching portfolio for each firm based on industry, market capitalisation 

and/or book-to-market ratio. 

The effect that I document may arise for two reasons. First, short sellers may have 

superior information processing abilities allowing them to derive a trading advantage from 

analysing public information. Short sellers are generally viewed in the literature as 

sophisticated investors who follow a variety of different and often profitable trading strategies. 

These can include fundamental ratio-based strategies, (Dechow, Hutton, Meulbroek, & Sloan, 

2001), responding to short-term overreaction, supplying liquidity and performing a risk-

bearing function (Diether, Lee, & Werner, 2009). Prior evidence suggests that short sellers may 

be able to anticipate negative future information releases in settings different to mine. For 

example, studies have found that short interest tends to rise up to several months before the 
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announcement of adverse events including accounting restatements (Desai, Krishnamurthy, & 

Venkataraman, 2006; Drake, Myers, Scholz, & Sharp, 2015), financial misrepresentation 

(Karpoff & Lou, 2010) and bond rating downgrades (Henry, Kisgen, & Wu, 2015). There is 

also more direct evidence that investors with superior analytical abilities may derive an 

advantage with respect to drug development-related information. Gargano, Rossi and Wermers 

(2014) show that sophisticated investors such as hedge funds request information from the 

FDA through the Freedom of Information Act (FOIA) and thereby earn abnormal returns. Klein 

and Li (2015) further explore how hedge funds process the complex FDA information they 

receive through FOIA requests and find that the extent of trading on the information increases 

in the amount of prior knowledge as well as short-term abnormal stock returns. 

An explanation based on superior information processing abilities would support the 

notion that short sellers play an important role in improving the informational efficiency of 

stock markets, as envisaged in various theoretical models (Diamond & Verrecchia, 1987; 

Miller, 1977). Empirical evidence that short selling encourages the assimilation of information 

into stock prices is also provided by numerous studies (e.g. Aitken, Frino, McCorry, & Swan, 

1998; Boehmer, Jones, & Zhang, 2008; Boehmer & Wu, 2013; Cohen, Diether, & Malloy, 

2007).23 

A second possible explanation is that short sellers may be exploiting insider information. 

Related to this idea, short selling has been found to intensify in the days leading up to negative 

information releases such as earnings announcements (Christophe et al., 2004), analyst 

downgrades (Christophe et al., 2010) and insider sales (Chakrabarty & Shkilko, 2013; Khan & 

Lu, 2013).24 Evidence of abnormal short selling during the days prior to announcements of this 

kind are at least suggestive that some type of information leakage or front running is taking 

place. Along similar lines, Massoud, Nandy, Saunders and Song (2011) find that material non-

public information arising from the syndicated lending process is being profitably exploited by 

                                                 
23 An exception is Henry and Koski (2010) who present evidence that manipulative trading by short sellers 

surrounding seasoned equity offerings can reduce price efficiency. 
24 Blau and Wade (2012) challenges the result documented by Christophe et al. (2010). These authors find that 

abnormally high short selling of a similar scale takes place prior to upgrades as well as downgrades, arguing that 

that this is more indicative of speculative rather than informed short selling. 
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short sellers. Berkman, McKenzie and Verwijmeren (2013) find that short interest rises prior 

to the announcement of private placements in which hedge funds are involved. Anderson, Reeb 

and Zhao (2012) conclude that informed short selling is more prevalent in firms controlled by 

families relative to other firms.  

Some recent insider trading cases in the US illustrate the potential for information 

leakage during the drug development process. In 2012, a chemist was sentenced to five years 

in prison for trading on confidential information accessed while working for the FDA.25 In 

2014, two medical investigators involved in drug trials allegedly engaged in insider trading 

after receiving negative news about the trials from the company involved.26 These examples 

illustrate that insider information about the drug development process can come from a variety 

of sources. Company insiders but also regulatory employees and medical professionals can be 

privy to confidential and material information. Some prior research has also examined the 

incidence of information leakage during the drug development process. For example, Bosch 

and Lee (1994) and Reeb, Zhang and Zhao (2014) find that pre-announcement stock returns 

are related to the outcome of FDA decisions. In contrast, Sarkar and de Jong (2006) find no 

evidence of such a relation. 

I conduct several additional tests to further explore whether the negative relation between 

pre-announcement short selling and announcement returns is attributable to superior analytical 

abilities by short sellers or to leakage of material non-public information to short sellers. First, 

I find that short sellers begin to establish their positions up to several weeks before the 

announcement day. This observation is more supportive of the notion that short sellers derive 

an advantage from analysing information released publically in the weeks preceding an event, 

rather than from utilising material insider information communicated to them shortly before an 

announcement. I further test for the presence of insider trading by examining how the strength 

of the negative relationship between pre-announcement short selling and announcement returns 

changes with regulatory activity and several firm-specific characteristics. I find no evidence 

                                                 
25 See http://www.wsj.com/articles/SB10001424052970203458604577263710156553368 
26 See http://www.sec.gov/News/PressRelease/Detail/PressRelease/1370541857556. 
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that the relation is weaker following periods of higher SEC insider trading litigation activity, 

during which one would expect the costs of insider trading to rise (Cohen, Malloy & Pomorski, 

2012). I also find little evidence that the strength of the relation is associated with the level of 

institutional investor ownership, regulatory differences as proxied by US versus foreign 

incorporation or level of information asymmetry as proxied by firm size. Overall, these results 

point to superior analytical abilities as the more likely explanation for short sellers’ abnormal 

returns around drug-related announcements. 

My study makes two key contributions. First, I document an unexplored and significant 

avenue for short seller profitability. Short selling activity appears to intensify in the days 

leading up to disappointing information releases related to the drug development process. The 

prevalence of insider trading has been explored extensively and evidence has been documented 

that insiders trade successfully prior to important events such as mergers and acquisitions 

(Agrawal & Nasser, 2012). The significance and confidential nature of information related to 

the drug development process raises the question of whether insiders are also active in this 

setting. I find no evidence to suggest that the negative association I document between short 

sales and drug announcement returns can be explained by insider trading however. 

Second, I provide new analysis of a subset of corporate information events which have 

received relatively little coverage in the finance literature. Existing research on these events 

suggests that their impact on a firm is often substantial. For example, significant wealth effects 

have been documented for announcements related to the FDA decision review process (Bosch 

& Lee, 1994; Sarkar & de Jong, 2006; Sharma & Lacey, 2004) as well as drug withdrawals 

(Ahmed, Gardella, & Nanda, 2002). Himmelmann and Schiereck (2012) show that trading 

volume and liquidity rise while spreads fall following drug approval decisions in Europe. 

Relative to prior research, my sample is much more comprehensive, in terms of both the 

amount and variety of events as well as the time period covered. 

  



 

151 

 

2. The drug development process 

The process for the development of a new drug can be very long and costly and involves 

a number of steps including filing an application, conducting comprehensive clinical trials and 

gaining regulatory approval. In this section, I provide a brief review of the main characteristics 

of this process and outline the main regulatory framework, both in the US and overseas.  

2.1. The drug development process in the US 

In the US, the Food and Drug Administration (FDA) has regulatory authority over a 

broad range of consumer products including drugs and medical devices.27 As described by 

Ciociola, Cohen and Kulkarni (2014), the FDA was given the authority to ensure the safety and 

effectiveness of drugs and medical devices by the Federal Food, Drug, and Cosmetics Act of 

1938. The process by which a firm develops a new drug proceeds through a series of stages 

with a total duration of ten years on average according to Ciociola et al. (2014).28 A new drug 

compound is first developed by a firm and then undergoes animal testing in a pre-clinical stage. 

Conditional on successful completion of the pre-clinical stage, a firm may initiate the formal 

regulatory process by submitting an Investigational New Drug (IND) application to the FDA.  

The drug development process then moves into the clinical stage during which several 

phases of human trials are carried out. Phase 1 trials are small-scale, early-stage studies usually 

conducted on a sample of less than 100 people. These studies aim to investigate the possoble 

side effects of the drug and, potentially, how the drug is metabolised and excreted. According 

to the FDA, such studies have a typical duration of several months and approximately 70% of 

drugs proceed to the next phase. In Phase 2 trials, drugs are typically tested on several hundred 

patients in order to obtain initial data on the drug’s effectiveness. Such trials can take up to two 

years and only 33% of drugs proceed to the following phase. Phase 3 trials employ a larger 

sample of patients usually numbering in the thousands and additional data on the drug’s safety 

                                                 
27 See the FDA website at http://www.fda.gov/AboutFDA/Transparency/Basics/ucm194879.htm. 
28 The development process described here is based on information from the FDA website as well as Ciociola et 

al. (2014). See http://www.fda.gov/ForPatients/Approvals/Drugs/default.htm and 

http://www.fda.gov/Drugs/ResourcesForYou/Consumers/ucm289601.htm. 
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and effectiveness is collected. Such trials take between one and four years with approximately 

25-30% of drugs moving to the next stage.  

Following completion of the clinical stage, the development process moves into the New 

Drug Application (NDA) Review stage. Following a review meeting with the FDA, a firm 

submits a NDA seeking approval from the FDA for marketing the drug in the US. After 

submission, the FDA has a 60-day window in which to consider whether to file the NDA. If 

filed, an approval decision is then made within a period of six to ten months by an FDA Review 

Team. Prior to a decision being made, the review process includes a number of steps including 

consideration of the drug’s labelling as well as an inspection of the drug’s manufacturing 

facilities. After a positive approval decision, the development process moves into a post-

marketing stage. This stage includes periodic submissions of safety updates and often involves 

Phase 4 studies to collect additional information related to the drug. In addition, the FDA 

reviews reported problems associated with the drugs and can respond in various ways. 

Moreover, in order to make significant changes to a drug, a firm is required to file a 

supplemental application to the FDA.  

A number of additional points about the drug development process are worth noting. 

First, a firm involved in the development of a new drug may ask for assistance from the FDA 

during the development process, such as prior to an IND application or during the design of 

clinical trials. Second, during the NDA review process, the FDA may organise a meeting of an 

FDA Advisory Committee in order to provide independent, expert advice and 

recommendations to the FDA as well as allowing for input from the public.29 Third, in 1992 

the Prescription Drug User Fee Act (PDUFA) was passed in the US, authorising the FDA to 

collect fees from drug companies and allowing the drug approval process to be accelerated.30 

Finally, the FDA’s Accelerated Approvals and Fast Track programs allow for faster approvals 

in certain circumstances when drugs treat serious diseases or meet unmet medical needs. 

                                                 
29 See http://www.fda.gov/downloads/ForConsumers/ConsumerUpdates/ucm048045.pdf for more information. 
30 See http://www.fda.gov/ForIndustry/UserFees/PrescriptionDrugUserFee/ucm144411.htm for more 

information. 
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2.2. The drug development process in other countries 

Several of the drug development announcements in my sample pertain to regulatory 

developments in jurisdictions outside the US. Therefore, I briefly consider the regulatory 

framework for the drug development process outside the US.  

In the European Union, the drug approval process is overseen by the European Medicines 

Agency (EMA), a decentralised agency created in 1995.31 A firm wishing to market a drug in 

a European Union (EU) member state submits a marketing authorisation which undergoes 

scientific evaluation by the EMA. Such evaluation work is generally carried out by scientific 

committees of the EMA. For example, the Committee for Medicinal Products for Human Use 

(CHMP) is tasked with preparing opinions related to medicines for human use. Once a firm has 

submitted a marketing authorisation application, the CHMP provides an opinion within 210 

days. Subsequent to this, a final decision is made by the European Commission. If the 

marketing authorisation is granted, the authorisation is valid for all EU Member States as well 

as Iceland, Liechtenstein and Norway. Similar to the FDA in the US, the EMA also co-

ordinates safety monitoring of medicines in the EU and can take action based on this if required. 

It should also be noted that there are certain medicine types which do not fall under the EMA’s 

responsibility and which are subject to national authorisation procedures. Finally, bodies with 

similar functions to the FDA and EMA exist in other countries. For example, the drug review 

process is undertaken by the Pharmaceuticals and Medical Devices Agency in Japan and the 

Central Drugs Standard Control Organization in India.32 

3. Data and summary statistics 

3.1. Data sources and description 

I obtain data on announcements related to the drug development process between 2005 

and 2013 from the research service, CatalystTracker. The database is maintained by the 

financial research provider, Sagient Research Systems and provides information relating to 

                                                 
31 The description related to the EMA in this section is based on information obtained from the EMA website: 

http://www.ema.europa.eu/ema/. 
32 See http://www.pmda.go.jp/english/index.html and http://www.cdsco.nic.in/forms/Default.aspx. 
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events that have the potential to significantly impact a healthcare company’s performance.33 

The nature of these events varies considerably from FDA approval decisions to the release of 

drug trial results. In some of my tests, I differentiate between various types of events. In order 

to do so, I sort events into four broad groups: FDA approval decisions, trial information 

announcements, FDA advisory panel announcements and other. Table A1 in Appendix A 

provides a full list of the precise types of events falling within each group.   

I obtain short sales transaction data from two separate sources. The first is the Securities 

and Exchange Commission Reg SHO datafile covering stocks trading on the NYSE and 

NASDAQ exchanges between January 2005 and June 2007. I complement this with additional 

short sales transaction data obtained from the Financial Industry Regulatory Authority 

(FINRA) website.34 The data come in the form of monthly short sale transaction files showing 

transaction times, prices and sizes and are available for all short sales of a National Market 

System (NMS) stock beginning in August 2009. These data are in a similar format to the 

original Reg SHO records. The FINRA short transactions data have been used in prior studies 

including those by Jain, Jain, McInish and McKenzie (2013) and Jain, Jain and McInish (2012). 

The sample period for short sales therefore covers two separate sub-periods: the first is from 

January 2005 to June 2007 and the second is from August 2009 to the end of the sample period 

in October 2013. 

I initially obtain just over 28,000 drug development-related events from the 

CatalystTracker database. In order to control for potential clustering of events and 

contamination from other information events not related to the drug development process, I 

impose the restriction that at least three days must pass between an event and each subsequent 

event for the same firm in order for the subsequent event to be included. While only events 

related to the drug development process are included in the final sample, I take into account 

other events such as earnings announcements, investor conferences, acquisitions and 

                                                 
33 Another research service maintained by Sagient Research Systems is PlacementTracker, which provides 

information on private placements. PlacementTracker has been used in numerous finance studies on Private 

Investment in Public Equity (PIPE) (see for example, Brophy, Ouimet, & Sialm, 2009; Dai, 2007). 
34 See the following information notice published by FINRA: 

http://www.finra.org/sites/default/files/NoticeDocument/p120044.pdf. 
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divestitures when applying this restriction. This reduces the number of events to approximately 

11,600. In order for an event to be included in the sample, I then require that the firm involved 

be listed on a US exchange and that it can be matched to the short sales data. In order to ensure 

an adequate time period, I also require that event day zero occurs no fewer than 120 event days 

following the first available date of short sales data and no fewer than 10 days before the last 

available date of short sales data. Furthermore, data must be available for the firm in both CRSP 

and COMPUSTAT. To eliminate infrequently traded stocks, I require that a stock be traded on 

at least 75% of the 120 pre-event days and 75% of the 120 post-event days. Having imposed 

these additional conditions, I am left with a sample of 4,652 separate events covering 304 

different firms. The events fall within a period of about five years (64 months) over two sub-

periods. The first runs from the June 2005 through June 2007 and the second from the end of 

January 2010 through May 2013. 

Panel A of Table 1 presents a summary of the most common industries into which the 

sample’s event firms fall. Industries are identified according to a firm’s six-digit North 

American Industry Classification System (NAICS) code. By far the most common industry is 

Pharmaceutical Preparation Manufacturing, which accounts for 66% of event firms. The 

remaining firms represent a diverse range of other pharmaceutical and biological industries 

including Biological Product (except Diagnostic) Manufacturing (13%), Surgical and Medical 

Instrument Manufacturing (4%) and Research and Development in Biotechnology (3%).  

Panel B displays additional summary statistics related to several characteristics of the 

event firms. Fundamental characteristics are computed as of the end of the last quarter prior to 

an event while price-based characteristics are computed as the average over event days -3 to -

1. As can be seen, there is considerable variation along these variables. The median event firm 

has a market value of $1.3 billion, assets of $497 million and sales of $64 million per annum. 

The median book-to-market value of 0.25 reflects a strong representation of relatively young 

pharmaceutical or biotechnology firms with growth characteristics in the sample. Nonetheless, 

the median firm has slightly positive earnings per share of $0.03. The median closing stock 

price is $18.00.   
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Table 1: Summary statistics for event firms 

This table displays summary statistics for the event firms. A firm is treated as a separate 

observation for each event in which it is involved. Panel A displays the frequency of event 

firms by their six-digit North American Industry Classification System (NAICS) codes. Panel 

B displays summary statistics for fundamental- and price-related characteristics of the event 

firms. Total assets, sales, book-to-market ratio and earnings per share (EPS) are calculated as 

of the end of the last quarter prior to an event while market capitalisation and closing stock 

price are calculated as the average over event days -3 to -1. Events data is from Sagient 

Research Systems’ CatalystTracker database. 

Panel A: Distribution of event firms across industries 

NAICS NAICS industry title 

Num. 

of 

events 

% of 

events 

325412 Pharmaceutical Preparation Manufacturing 3,063 66 

325414 Biological Product (except Diagnostic) Manufacturing 589 13 

339112 Surgical and Medical Instrument Manufacturing 187 4 

541711 Research and Development in Biotechnology 126 3 

325411 Medicinal and Botanical Manufacturing 109 2 

621511 Medical Laboratories 74 2 

334510 

Electromedical and Electrotherapeutic Apparatus 

Manufacturing 54 1 

325413 In-Vitro Diagnostic Substance Manufacturing 46 1 

339113 Surgical Appliance and Supplies Manufacturing 33 1 

334517 Irradiation Apparatus Manufacturing 28 1 

322291 Sanitary Paper Product Manufacturing 24 1 

424210 Drugs and Druggists' Sundries Merchant Wholesalers 17 0 

  Other/Missing industry 302 6 

  Total 4,652   

Panel B: Event firm characteristics 

Variable   Mean 

Standard 

deviation Min Q1 Median Q3 Max 

Total assets ($m) 19,555 39,623 1 96 497 22,849 685,328 

Sales ($m) 2,515 4,440 0 4 64 3,601 38,127 

Market cap. ($m) 20,070 42,155 5 262 1,340 16,615 239,810 

Book-to-market 0.57 1.32 -2.76 0.12 0.25 0.46 10.86 

Closing stock price ($) 27.93 28.67 0.20 5.56 18.00 45.35 262.63 

Earnings per share ($) 0.21 0.66 -6.35 -0.19 0.03 0.64 4.92 

 

3.2. Abnormal short sales 

I measure a firm’s level of short selling in two different ways. I begin by following 

several prior studies on short selling in calculating daily short turnover as the ratio (in percent) 
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of the number of shares sold short divided by total shares outstanding (e.g. Asquith et al., 2005; 

Christophe et al., 2010). I label this metric short turnover, or SHTO.   

 𝑆𝐻𝑇𝑂𝑖,𝑡 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠ℎ𝑎𝑟𝑒𝑠 𝑠𝑜𝑙𝑑 𝑠ℎ𝑜𝑟𝑡𝑖,𝑡

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠ℎ𝑎𝑟𝑒𝑠 𝑜𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖,𝑡
× 100. (1) 

An alternative way of assessing a stock’s level of short selling is by measuring daily sales 

as a proportion (in percent) of total volume traded. This measure has also been applied in 

several prior studies on short sales (e.g. Christophe et al., 2004; Engelberg et al., 2012). I denote 

the measure as short volume, or SHVOL.  

 𝑆𝐻𝑉𝑂𝐿𝑖,𝑡 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠ℎ𝑎𝑟𝑒𝑠 𝑠𝑜𝑙𝑑 𝑠ℎ𝑜𝑟𝑡𝑖,𝑡

𝑇𝑟𝑎𝑑𝑖𝑛𝑔 𝑣𝑜𝑙𝑢𝑚𝑒𝑖,𝑡
× 100. (2) 

Scaling short sales by trading volume rather than shares outstanding may more directly reflect 

aggregate short seller sentiment towards a stock since it accounts for the level of trading 

volume. It rises only when short sales make up a greater proportion of total trading volume, 

whereas short turnover increases with total trading volume even when the proportion of short 

sales to total volume is unchanged.  

In order to measure abnormal short selling for a specific stock on a given day, I calculate 

the deviation of the level of short selling on that day from a “normal” benchmark level for that 

stock. I define normal short selling separately for every event as the mean short sales over event 

days -120 to -21 for that stock. In order to ensure that the benchmark level of short sales is not 

unduly influenced by extreme values, I winsorize daily short sales during the day -120 to day 

-21 period at the 1% and 99% levels. Thus, normal short selling is based on the 120-day period 

preceding an event but excluding the 20 event days directly prior to event day zero. I calculate 

both abnormal short turnover, ASHTO, as well as abnormal short volume, ASHVOL, as shown 

below: 

 𝐴𝑆𝐻𝑇𝑂𝑖,𝑡 = 𝑆𝐻𝑇𝑂𝑖,𝑡 − 𝑆𝐻𝑇𝑂(−120, −21)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖, (3) 

 𝐴𝑆𝐻𝑉𝑂𝐿𝑖,𝑡 = 𝑆𝐻𝑉𝑂𝐿𝑖,𝑡 − 𝑆𝐻𝑉𝑂𝐿(−120, −21)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖. (4) 
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3.3. Event summary statistics 

In order to obtain an indication of the impact of the drug development announcements 

on stock returns and key trading variables, I plot the distributions of these variables in Figure 

1. The solid bars represent the distributions of the variables on event day zero while the broken 

bars represent their distributions during the non-event day period from day -120 to day -21. 

Chart 1 shows the distribution of the cumulative abnormal returns (CARs) calculated over days 

0 to +1. I calculate the CAR by taking the difference between the total return of a stock over 

event days 0 to +1 and the value-weighted return on the healthcare, medical equipment and 

drugs industry portfolio over the same holding period.35 Two features of the distribution of 

CARs are worth noting. First, relative to non-event days, event-day CARs display higher 

kurtosis, with a substantial proportion of events producing large stock price reactions. For 

example, about 19% of events are associated with CARs of plus or minus 5% or greater. This 

is considerably higher than the 12% of non-event days which display CARs(0,+1) of this 

magnitude or greater. In addition, about 9% of event days have CARs of less than -10% or 

higher than 10%. This contrasts with only about 3% of non-event days. Second, the distribution 

of event day CARs appears relatively symmetrical, indicating that the sample is evenly spread 

between positively- and negatively-received events of similar magnitudes. 48.8% of events 

have positive CARs while 51.2% have negative CARs. 

                                                 
35 The daily returns on this index are downloaded from Professor Kenneth French’s online data library available 

at http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. The Healthcare, Medical 

Equipment, and Drugs index I use is one of 12 industry portfolios. 
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Figure 1: Distribution of cumulative abnormal returns, trading turnover and short sales 

Charts 1 to 4 display frequency distributions for different variables on event day zero 

(represented by the solid bars) and non-event days (represented by the broken bars) defined as 

the period from event day -120 to -21. The CAR(0,+1) is the difference between the total return 

of a stock over event days 0 to +1 and the value-weighted return on the healthcare, medical 

equipment and drugs industry portfolio over the same holding period. Abnormal turnover is 

daily trading volume divided by total shares outstanding less its normal benchmark calculated 

as the mean over event days -120 to -21. Abnormal short turnover is daily short volume divided 

by total shares outstanding less its normal benchmark calculated as the mean over event days -

120 to -21. Abnormal short volume is daily short volume divided by total daily trading volume 

less its normal benchmark calculated as the mean over event days -120 to -21. Events data is 

from Sagient Research Systems’ CatalystTracker database. 

Chart 2 of Figure 1 plots the distributions of abnormal stock turnover on event days 

relative to non-event days. Stock turnover is calculated as the total trading volume during a 

       = Event days           = Non-event days 
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given day divided by total shares outstanding on that day. Abnormal stock turnover is defined 

analogously to the calculation of abnormal short turnover described above. I take the difference 

between daily stock turnover and its mean during event days -120 to -21. The most notable 

characteristic of the distribution of abnormal stock turnover on event days is its high degree of 

positive skewness relative to non-event days. On event day zero, stock turnover is 0.5 

percentage points or more above its normal benchmark value for about 20% of observations. 

In contrast, this occurs on only about 11% of non-event days. This indicates that the healthcare-

related announcements in the sample often represent significant events which generate 

substantial trading volume.  

An almost identical distribution appears in Chart 3 which displays the distribution of 

abnormal short turnover. Again, the distribution exhibits strong positive skewness for event 

days, with a substantially higher proportion of more extreme positive values of abnormal short 

turnover on event day zero relative to non-event days. This result is not surprising given the 

importance of many of the healthcare-related announcements for a firm and the increase in total 

stock turnover documented above. A significant release of information would be expected to 

increase trading volume both on the long as well as the short side. A more interesting result is 

depicted in Chart 4, which displays the distribution of abnormal short volume. The chart reveals 

very little difference between the aggregate distribution of abnormal short volume on event 

days relative to non-event days and the distributions are fairly symmetrical in both cases. This 

result supports the notion that as a measure of short selling, ASHVOL is less impacted by a 

general increase in trading volume, potentially making it better suited to assessing the 

informativeness of short sales. 

Table 2 presents a more detailed analysis of the summary statistics depicted in Figure 1. 

Panel A presents results for all 4,652 events together and confirms the indications from the 

charts discussed above. There is significant variation in abnormal returns, stock turnover and 

short sales immediately following the announcement of a healthcare-related event and these 

values are often significant in magnitude. The mean absolute CAR(0,+1) across all events is 

4% while the median is 2%. Averaged across events, short sales are 0.16 percentage points 
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above their normal benchmark level on event day zero when measured as a percentage of total 

shares outstanding and 0.02 percentage points above their normal level when measured as a 

percentage of daily trading volume. 

Table 2: Summary statistics for return and trading metrics on event days 

This table displays summary statistics for returns and trading metrics on event day zero. The 

CAR(0,+1) is the difference between the total return of a stock over event days 0 to +1 and the 

value-weighted return on the healthcare, medical equipment and drugs industry portfolio over 

the same holding period. Abnormal turnover is daily trading volume divided by total shares 

outstanding less its normal benchmark calculated as the mean over event days -120 to -21. 

ASHTO (abnormal short turnover) is daily short volume divided by total shares outstanding 

less its normal benchmark calculated as the mean over event days -120 to -21. ASHVOL 

(abnormal short volume) is daily short volume divided by total daily trading volume less its 

normal benchmark calculated as the mean over event days -120 to -21. Panel A shows 

calculations for the full sample of events while Panel B shows separate calculations by event 

type. Events data is from Sagient Research Systems’ CatalystTracker database. 

Panel A: All events (n=4,652) 

Variable Mean 

Standard 

deviation Q1 Median Q3 

CAR(0,+1) 0.00 0.10 -0.02 0.00 0.02 

ABS[CAR(0,+1)] 0.04 0.10 0.01 0.02 0.04 

Abnormal turnover(0) 1.11 8.40 -0.27 -0.05 0.32 

ASHTO(0) 0.16 1.48 -0.05 -0.01 0.05 

ASHVOL(0) 0.02 6.69 -4.08 -0.74 3.21 

Panel B: By event type 

Variable Mean 

Standard 

deviation Q1 Median Q3 

FDA decisions (n=239): 

CAR(0,+1) -0.01 0.17 -0.01 0.00 0.02 

ABS[CAR(0,+1)] 0.08 0.15 0.01 0.02 0.06 

Abnormal turnover(0) 4.79 26.63 -0.08 0.12 1.72 

ASHTO(0) 0.79 5.47 -0.02 0.02 0.22 

ASHVOL(0) -0.33 6.32 -3.86 -1.04 2.79 

Trial information (n=3,471): 

CAR(0,+1) 0.00 0.10 -0.02 0.00 0.02 

ABS[CAR(0,+1)] 0.04 0.09 0.01 0.02 0.04 

Abnormal turnover(0) 0.90 6.22 -0.28 -0.06 0.28 

ASHTO(0) 0.12 0.82 -0.05 -0.01 0.04 

ASHVOL(0) 0.09 6.80 -4.10 -0.74 3.32 
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Table 2 continued 

Advisory panel announcements (n=113): 

CAR(0,+1) -0.03 0.13 -0.02 0.00 0.01 

ABS[CAR(0,+1)] 0.07 0.12 0.01 0.02 0.08 

Abnormal turnover(0) 3.67 8.59 -0.10 0.16 3.33 

ASHTO(0) 0.44 1.08 -0.02 0.03 0.39 

ASHVOL(0) -0.97 5.75 -4.19 -1.28 2.19 

Other (n=829): 

CAR(0,+1) 0.01 0.10 -0.01 0.00 0.01 

ABS[CAR(0,+1)] 0.04 0.10 0.01 0.01 0.03 

Abnormal turnover(0) 0.61 3.87 -0.29 -0.07 0.30 

ASHTO(0) 0.10 0.68 -0.05 -0.01 0.03 

ASHVOL(0) -0.02 6.47 -3.90 -0.35 3.04 

 

Panel B presents results for each of the four categories of events separately. With a mean 

absolute CAR(0,+1) of 8%, FDA decisions induce the strongest reactions from investors. 

Trading volume also shows a strong rise following FDA decisions on average: abnormal 

turnover and abnormal short turnover are higher by 4.79 and 0.79 percentage points 

respectively relative to their normal levels. In contrast, abnormal short volume is 0.33 

percentage points below its normal benchmark on average. Advisory panel announcements 

engender similarly significant market reactions with absolute CARs(0,+1) of 7% on average. 

A slightly more muted but still substantial stock price reaction is displayed following releases 

of trial information or announcements classified under the ‘Other’ category. The absolute 

cumulative abnormal returns are 4% on average for these event categories. 

3.4. Key variables in event time 

In this subsection, I consider the evolution of returns and key trading metrics in event 

time. Charts 1 to 4 in Figure 2 plot the absolute abnormal stock return, abnormal turnover, 

abnormal short turnover and abnormal short volume averaged across all events each day from 

event day -10 to event day +10. As depicted in Chart 1, the absolute abnormal return shows a 

strong spike on event day zero by about 1.5 percentage points.  
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Figure 2: Values of return, trading turnover and short sales in event time 

Charts 1 to 4 plot daily values of absolute abnormal return, trading turnover and short sales in 

event time averaged across all events. The abnormal return is the difference between the total 

return of a stock on event day 0 and the value-weighted return on the healthcare, medical 

equipment and drugs industry portfolio over the same day. Abnormal turnover is daily trading 

volume divided by total shares outstanding less its normal benchmark calculated as the mean 

over event days -120 to -21. Abnormal short turnover is daily short volume divided by total 

shares outstanding less its normal benchmark calculated as the mean over event days -120 to -

21. Abnormal short volume is daily short volume divided by total daily trading volume less its 

normal benchmark calculated as the mean over event days -120 to -21. Events data is from 

Sagient Research Systems’ CatalystTracker database.  

This is supported by Charts 2 and 3 which show that abnormal turnover and abnormal 

short turnover both rise strongly on event day zero. As a percentage of shares outstanding, 

traded shares increase to almost 1.25 percentage points above the normal benchmark on event 

day zero while shares sold short increase to over 0.15 percentage points above the benchmark. 

There is no noticeable increase in turnover prior to event day zero but turnover remains 
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somewhat elevated in the days immediately following the event’s announcement. In contrast, 

when short volume is examined in Chart 4, there is no noticeable deviation on average around 

the announcement of an event. This result further emphasises the importance of considering 

short sales as a proportion of trading volume as an alternative measure of short selling. The 

charts above suggest that the increase in short turnover observed in the aggregate may be 

largely explained by the increase in general trading volume. Short volume is insensitive to this 

effect and therefore behaves in a different way. 

4. Results 

4.1. Relation between short sales and announcement returns 

The charts plotting short sales in event time discussed above provide no indication of any 

significant movement in the level of short sales immediately prior to event announcements. 

However, these results apply to all events in the aggregate and may therefore mask variation 

between events which are positively and negatively received by the market. The hypothesis of 

informed short selling predicts that the more negative the implications of an event are for a 

firm, the higher the level of short selling prior to the event’s announcement. The most direct 

way of assessing these implications is by measuring the market’s response through the 

cumulative abnormal return calculated over event days 0 to +1 (CAR(0,+1)) and this is the 

approach I adopt in this study.  

An alternative method would be to qualitatively consider the implications of each event 

and classify events as favourable or unfavourable accordingly. I do not adopt this approach for 

two reasons. First, it is not always clear whether a given announcement will receive a 

favourable or unfavourable market reaction. For example, a report of test results for a new drug 

with a success rate of 70% might appear to be positive news. However, if investors were widely 

expecting rates of this magnitude, or competing drugs had delivered better results, such an 

announcement could result in a muted or even negative stock price reaction. Second, CARs 

provide an objective way of evaluating not just the binary implication of an announcement 

(positive or negative) but also the magnitude of the implication. For example, a decision by the 
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FDA to approve a new drug might be relatively inconsequential for a large multinational 

pharmaceutical company with an extensive drug pipeline. However, the same decision could 

have a highly significant impact on the stock price of a small-cap biotechnology firm. 

Figure 3 reproduces the charts tracking the level of short selling in event time from Figure 

2 above. This time, charts are plotted separately for three categories of events based on the 

magnitude of the CAR(0,+1). Results for the two measures of abnormal short sales, ASHTO 

and ASHVOL, are shown in Panels A and B respectively. The first category (Chart 1) contains 

the most negative events where the CAR(0,+1) is -10% or less. 202 events fall into this 

category. The second category (Chart 2) contains the 4,249 events with CARs(0,+1) ranging 

between -10% and 10% and the third category (Chart 3) contains the 201 most positive events 

with a CAR(0,+1) of 10% or more. Observations circled in red are statistically significant at 

the 1% level. 

As shown in Panel A, short turnover is about 1.5 percentage points above its normal level 

on event day zero for the subset of very negative events (Chart 1). Of more interest, however, 

is the observation that short sales appear to display a slight upwards trend beginning a few days 

prior to the event’s announcement. The mean abnormal short turnover is statistically significant 

at the 1% level on several pre-announcement days including event days -2 and -1. This trend 

appears to be much weaker in the subset of very positive events (Chart 3), though the mean 

abnormal short turnover is also significant during event days -3 to -1. For the remaining events 

with a moderate CAR(0,+1), there is a small increase in short turnover on event day 0 but no 

discernible movement during the pre-announcement period. 
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Panel A: Abnormal short turnover (ASHTO) 

  

Panel B: Abnormal short volume (ASHVOL) 

   

Figure 3: Short sales in event time by magnitude of CAR(0,+1) 

The charts in this figure plot daily values of abnormal short sales in event time averaged across all events. Observations circled in red are 

statistically significant at the 1% level. Charts 1, 2 and 3 include subsamples of events for which the CAR(0,+1) falls into the intervals: less than 

or equal to -10%, between -10% and 10% and greater than or equal to 10% respectively. Panels A and B measure short sales through short turnover 

and short volume respectively. Abnormal short turnover is daily short volume divided by total shares outstanding less its normal benchmark 

calculated as the mean over event days -120 to -21. Abnormal short volume is daily short volume divided by total daily trading volume less its 

normal benchmark calculated as the mean over event days -120 to -21. Events data is from Sagient Research Systems’ CatalystTracker database.  
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As shown in Panel B, when short sales are scaled by trading volume, the very negative 

events display an abnormally high level of short selling preceding the event’s announcement. 

During the entire 10 day pre-announcement window, the mean abnormal short volume is 

consistently above the normal benchmark by between 1 and 2 percentage points and 

statistically significant at the 1% level on 7 out of 10 days. Closer analysis of this effect reveals 

that the elevated level of short sales begins up to 20 days prior to the event’s announcement. 

This result contrasts strongly with short sales activity preceding very positive announcements. 

For these events, abnormal short volume is visibly more subdued during the pre-announcement 

period, remaining close to zero during the majority of this period. It moves slightly more than 

1 percentage point above the normal benchmark only on the day directly preceding the 

announcement and is statistically significant at the 1% level on none of the ten days preceding 

the announcement day. 

Also of interest is the divergence in the level of abnormal short selling for very negative 

and very positive events immediately following an event’s announcement. For very negative 

events, short sales fall to almost 3 percentage points below the normal level on event days 0 

and +1 before reverting back to normal levels over the following days. Conversely, the level 

of short sales increases by a similar amount following very positive event announcements. 

These results suggest that short sellers adopt a contrarian strategy following drug development-

related announcements. This would be consistent with results by Diether et al. (2009) 

suggesting that short sellers may be trading on short-term overreaction. Finally, in the case of 

events with CARs(0,+1) falling between -10% and 10%, there is no discernible movement in 

abnormal short volume either directly before or after the event announcement. 

4.2. Univariate tests 

The results depicted in the plots above provide some initial evidence in favour of the 

notion that informed short selling is taking place prior to drug development-related 

announcements. Short sales appear to be higher preceding the announcement of very negative 

events than the announcement of very positive events. In this subsection, I carry out more 

formal statistical tests of this hypothesis in a univariate setting.  
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I begin by calculating the average level of short selling and abnormal short selling over 

the pre-announcement days -3 to -1 for each event using the two measures of short sales. For 

each event, I calculate 𝑆𝐻𝑇𝑂(−3, −1)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑖, 𝐴𝑆𝐻𝑇𝑂(−3, −1)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅

𝑖, 𝑆𝐻𝑉𝑂𝐿(−3, −1)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑖 and 

𝐴𝑆𝐻𝑉𝑂𝐿(−3, −1)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑖. I choose this three-day window to be consistent with related studies. 

However, in a later section I also present the results of tests which split the three-day window 

into event days -1 and event days -3 to -2 respectively. Furthermore, I report the results of tests 

which use five additional three-day windows preceding event day zero. I then split the events 

into five groups based on the CAR(0,+1). Groups 1 to 5 contain events with CARs(0,+1) that 

fall into the following intervals respectively: less than or equal to -10%, between -10% and -

5%, between -5% and 5%, between 5% and 10% and greater than or equal to 10%.  

If the pre-announcement period for drug development events is characterised by 

informed short selling, one would expect to see a higher level of short selling for events with 

the most negative announcement CARs (group 1 events) relative to those with the most positive 

CARs (group 5 events). However, one would not necessarily expect a monotonic fall in short 

selling from group 1 through group 5. This is because some proportion of pre-event short 

selling is likely to be speculative in nature, and therefore most intense, prior to events triggering 

the greatest stock price reaction, whether positive or negative. This effect may arise because, 

for many of the events in the sample, the approximate or exact date of a pending announcement 

is known. Therefore, even in the absence of superior information, short sellers are able to take 

speculative positions in the days leading up to announcements expected to produce the 

strongest stock price reactions. This contrasts with events such as analyst downgrades 

considered by other studies, for which an exact announcement day would be harder to estimate. 

4.2.1. All events 

Table 3 displays the cross-sectional average of the two measures of pre-announcement 

short selling for each group of events. For each group, I perform a t-test for the null hypothesis 

that the level of abnormal short sales is equal to zero. I also perform a t-test for the null 

hypothesis that the level of abnormal short sales preceding the most negative events (group 1) 

is equal to the level preceding the most positive events (group 5). Panel A presents the results 
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for the full sample of events. As predicted by the informed short selling hypothesis, short sales 

are highest prior to events with CARs(0,+1) of -10% or less (group 1). Averaged across all 

events in this group, the mean number of shares sold short per day over the three days prior to 

an announcement is 0.40% of all shares outstanding. For events with CARs(0,+1) exceeding 

10% (Group 5), the mean short turnover during the same period is only 0.21% per day. 

Translated into their abnormal values, short sales are 0.19 percentage points above the normal 

benchmark level per day on average during the 3-day pre-event window for group 1 events. In 

contrast, short sales are only 0.07 percentage points above the normal benchmark level per day 

on average during the 3-day pre-event window for group 5 events. A t-test reveals that the null 

hypothesis of no difference in pre-announcement short selling between group 1 and group 5 

events can be rejected at the 1% level.  

Table 3: Univariate analysis of pre-announcement short sales 

This table displays the cross-sectional average of the CAR(0,+1) and pre-announcement short 

sales for five groups of events formed based on the magnitude of their CAR(0,+1). ASHTO 

(abnormal short turnover) is daily short volume divided by total shares outstanding less its 

normal benchmark calculated as the mean over event days -120 to -21. ASHVOL (abnormal 

short volume) is daily short volume divided by total daily trading volume less its normal 

benchmark calculated as the mean over event days -120 to -21. Pre-announcement values of 

these variables are calculated by taking the average over event days -3 to -1. For each group, a 

t-test is peformed for the null hypothesis that the level of abnormal short sales is equal to zero. 

A t-test is also performed for the null hypothesis that the level of abnormal short sales preceding 

group 1 events is equal to the level preceding group 5 events. Panel A shows calculations for 

the full sample of events while Panel B shows separate calculations by event type. Events data 

is from Sagient Research Systems’ CatalystTracker database. ***, ** and * denote statistical 

significance at the 1%, 5% and 10% levels respectively. 

Panel A: All events 

CAR(0,+1) category N 

Mean 

CAR 

(0,+1) 

Mean 

SHTO 

(-3,-1) 

Mean 

ASHTO 

(-3,-1) 

Mean 

SHVOL 

(-3,-1) 

Mean 

ASHVOL 

(-3,-1) 

1 (Less than -10%) 202 -25.01 0.40 0.19*** 16.39 1.83*** 

2 (-10% to -5%) 249 -6.95 0.23 0.08*** 14.14 0.14 

3 (-5% to 5%) 3,767 -0.04 0.13 0.00 13.33 0.13 

4 (5% to 10%) 233 6.92 0.18 0.03* 13.74 0.18 

5 (Greater than 10%) 201 26.69 0.21 0.07*** 14.29 0.61 

1 -5       0.13***   1.23** 

p-value       0.0081   0.0495 
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Table 3 continued 

Panel B: By event type 

CAR(0,+1) category N 

Mean 

CAR 

(0,+1) 

Mean 

SHTO 

(-3,-1) 

Mean 

ASHTO 

(-3,-1) 

Mean 

SHVOL 

(-3,-1) 

Mean 

ASHVOL 

(-3,-1) 

FDA decisions:             

1 (Less than -10%) 25 -36.46 0.60 0.43*** 17.81 3.30*** 

2 (-10% to -5%) 5 -8.27 0.22 0.07 16.85 0.19 

3 (-5% to 5%) 173 0.21 0.12 0.01 13.95 0.12 

4 (5% to 10%) 13 6.95 0.12 -0.01 14.28 1.98 

5 (Greater than 10%) 23 28.27 0.43 0.27** 15.97 2.25* 

1 -5       0.16   1.05 

p-value       0.3238   0.5190 

Table 3 continued             

Trial info:             

1 (Less than -10%) 133 -23.46 0.36 0.16*** 16.44 1.73*** 

2 (-10% to -5%) 197 -6.92 0.22 0.08** 14.37 0.32 

3 (-5% to 5%) 2,835 -0.07 0.13 0.00 13.42 0.20** 

4 (5% to 10%) 174 6.95 0.21 0.05** 14.09 0.38 

5 (Greater than 10%) 132 25.99 0.18 0.04** 14.26 0.81 

1 -5       0.11*   0.92 

p-value       0.0677   0.2384 

Advisory panel:             

1 (Less than -10%) 16 -28.52 0.44 0.22*** 14.61 0.05 

2 (-10% to -5%) 5 -6.81 0.29 0.14* 15.15 1.68 

3 (-5% to 5%) 79 -0.03 0.12 0.01 12.40 -0.64 

4 (5% to 10%) 4 7.61 0.07 -0.06 15.08 2.24 

5 (Greater than 10%) 9 18.72 0.50 0.28** 16.51 1.00 

1 -5       -0.07   -0.95 

p-value       0.5895   0.6627 

Other:             

1 (Less than -10%) 28 -20.16 0.38 0.14* 15.91 2.05 

2 (-10% to -5%) 42 -6.94 0.26 0.07 12.60 -0.90 

3 (-5% to 5%) 680 -0.01 0.11 -0.01*** 12.88 -0.07 

4 (5% to 10%) 42 6.68 0.12 -0.02 11.98 -1.38* 

5 (Greater than 10%) 37 30.17 0.11 -0.03 12.82 -1.22 

1 -5       0.17**   3.27* 

p-value       0.0457   0.0527 

 

I find similarly strong results when I measure short sales as a proportion of daily trading 

volume. For group 1 events, the mean number of shares sold short per day over the three days 

prior to an announcement is 16.39% of daily trading volume. This contrasts with 14.29% for 

group 5 events. In abnormal terms, pre-announcement short volume is an average of 1.83 
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percentage points per day higher than the normal benchmark for group 1 events but only 0.61 

percentage points higher for group 5 events. The difference of 1.23 percentage points is 

significant at the 5% level. 

4.2.2. By event type 

Panel B of Table 3 considers events separately according to the event type. The results 

discussed above for the sample as a whole generally hold for each of the four event types 

individually. The statistical significance is reduced, however, especially for the subsamples 

with fewer observations. I find that the average pre-announcement abnormal short sales for 

Group 1 events exceed those for Group 5 events for every individual event type with the 

exception of advisory panel announcements, both when short sales are scaled by shares 

outstanding as well as by trading volume. The difference between pre-announcement ASHTO 

between group 1 events and group 5 events is statistically significant at the 10% and 5% levels 

respectively for releases of trial information and events classified as ‘other’. When using 

ASHVOL as the measure of abnormal short sales, this difference is significant at the 10% level 

for ‘other’ events. The only exception to these patterns is for advisory panel announcements, 

where pre-announcement short selling is higher for group 5 events relative to group 1 events. 

The differences are not statistically significant, however, and it should be noted that this event 

type has the lowest number of observations. For example, there are only 9 advisory panel 

announcements with CARs(0,+1) greater than 10%. 

4.3. Regression tests 

4.3.1. Regression model 

The univariate tests above suggest a negative relationship between the level of short 

selling during the pre-event window and the magnitude of the stock return following the event’s 

announcement. In this section, I adopt a regression setting which allows me to control for a 

range of other variables which could influence the relationship. The regression specification is 

as follows: 
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𝐴𝑆𝐻𝑇𝑂(−3, −1)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑖

= 𝛼 + 𝛽1𝐺1𝑖 + 𝛽2𝐺2𝑖 + 𝛽4𝐺4𝑖 + 𝛽5𝐺5𝑖 + 𝛾1𝐿𝑁(𝑀𝐶𝐴𝑃)𝑖

+ 𝛾2𝐵𝑀𝑖 + 𝛾3𝐿𝑁(𝑃𝑅𝐼𝐶𝐸)𝑖 + 𝛾4𝐵𝐼𝐷𝐴𝑆𝐾𝑖 + 𝛾5𝐶𝐴𝑅(−120, −4)𝑖

+ 𝛾6𝐶𝐴𝑅(−3, −1)𝑖 + 𝛾7𝜎(−120, −11)𝑖 + 휀𝑖. 

(5) 

As the dependent variable, I use abnormal short turnover, again averaged across event days -3 

to -1. I also specify an equivalent regression equation to the one above using the alternative 

measure of short sales, abnormal short volume, as the dependent variable.  

The key independent variables in the regression are a series of dummy variables 

indicating the magnitude of the CAR(0,+1). Applying the grouping methodology used for the 

univariate tests above, dummy variables 𝐺1𝑖, 𝐺2𝑖, 𝐺4𝑖 and 𝐺5𝑖 respectively take a value of 1 

if the CAR(0,+1) falls between the intervals (-1,-0.10), (-0.10,-0.05), (0.05,0.10) and (0.10,∞) 

respectively. The omitted group contains events with a CAR(0,+1) falling within the interval 

(-0.05,0.05). The use of dummy variables rather than a single continuous CAR(0,+1) variable 

allows for the expected non-linear nature of the relationship between pre-announcement short 

sales and announcement returns. As discussed above, events which are expected to produce a 

more significant stock price reaction are likely to attract speculative short sellers, even in the 

absence of superior information about the event’s outcome. For this reason, I expect positive 

coefficient estimates (𝛽1 and 𝛽5) on both 𝐺1𝑖 and 𝐺5𝑖. However, the informed short sales 

hypothesis predicts that the coefficient 𝛽1 will be larger in magnitude than 𝛽5. The portion of 

short sales attributable to informed investors would be expected to rise prior to group 1 events 

and fall prior to group 5 events. 

The control variables are motivated primarily by prior studies in the short sales literature 

(e.g. Blau & Wade, 2012; Christophe et al., 2004; Christophe et al., 2010; Henry et al., 2015). 

𝐿𝑁(𝑀𝐶𝐴𝑃)𝑖 is the natural logarithm of the stock’s market capitalisation calculated as the 

average over event day -3 to -1 while 𝐵𝑀𝑖 is the firm’s book-to-market equity ratio calculated 

as at the latest quarter-end prior to the announcement. 𝐿𝑁(𝑃𝑅𝐼𝐶𝐸)𝑖 is the natural logarithm of 

the stock’s closing price and 𝐵𝐼𝐷𝐴𝑆𝐾𝑖 is the percentage difference between the high and low 

price. Both these variables are calculated as the average over event day -3 to -1. In the 

specification which uses abnormal short volume rather than turnover as the dependent variable, 
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I also include a control for turnover, calculated as the number of shares traded during the day 

as a proportion of shares outstanding. This variable is also averaged over event days -3 to -1. 

𝐶𝐴𝑅(−120, −4)𝑖 and 𝐶𝐴𝑅(−3, −1)𝑖 are the cumulative abnormal returns calculated over 

event days -120 to -4 and days -3 to -1 respectively. These variables capture the effects of 

longer- and shorter-term stock price momentum on the inclination of investors to sell stocks 

short. Finally, I also control for a stock’s volatility, 𝜎(−120 − 11)𝑖, defined as the standard 

deviation of daily stock returns over event days -120 through -11. As discussed previously, 

some of the firms appear in the sample much more frequently than others. Moreover, the events 

are not necessarily spread evenly through time and it is possible that market-wide short selling 

is influenced by economic factors which vary over different periods. In order to control for any 

downward bias in the calculated standard errors which this might induce, I employ 2-way 

clustering at both the firm and quarter levels. 

4.3.2. Tests for all events 

Table 4 presents the results of estimating regression Equation 5 for the full sample of 

events. I include three different sets of control variables. Model 1 includes only the key 

independent variables of interest, model 2 adds firm-related control variables and model 3 also 

includes the stock price- and return-related controls. When using ASHTO as the dependent 

variable (Panel A), the coefficient estimate, 𝛽1, on the dummy variable for events in the lowest 

CAR(0,+1) group is positive and statistically significant at the 1% level for all three model 

specifications. The magnitude of the coefficient estimate decreases slightly from 0.19 in model 

1 to 0.15 in model 3. Using the full set of controls, this therefore indicates that relative to 

announcements which produce the most muted returns, an announcement with a CAR(0,+1) of 

-10% or less has pre-announcement short sales that are above normal levels by an additional 

0.15% of total shares outstanding. The coefficient estimate on the dummy variable for events 

with CARs(0,+1) of between -5% and -10%, 𝛽2, is also positive and statistically significant at 

the 10% level, though much smaller in magnitude. Finally, although the coefficient estimate 

on the dummy variable for group 5 events, 𝛽5, is positive and significant at the 5% level, it is 

less than a third the size of the estimate of 𝛽1. An F-test rejects the hypothesis that coefficients 
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𝛽1 and 𝛽5 are equal at the 10% level of significance. These results are supportive of the 

informed short seller hypothesis. Short sellers appear to be more active before events that 

trigger significant negative market reactions. In relation to the control variables, abnormal short 

selling is negatively related to the bid-ask spread. This is in line with expectations since less 

liquid stocks are more likely to be difficult to short. There is a positive relation with long- and 

short-term momentum, consistent with short sellers following contrarian strategies. The 

associations between abnormal short selling and the remaining control variables tend to be 

insignificant. 

As shown in Panel B, the results are even stronger when short sales are scaled by trading 

volume. Under this specification, the coefficient 𝛽1 is also positive and significant at the 1% 

level. When all the controls are included, the estimate indicates that abnormal short sales 

preceding events with CARs(0,+1) of -10% or less exceed abnormal short sales for events with 

CARs between -5% and 5% by 1.26% of daily trading volume. Moreover, none of the other 

CAR(0,+1) group dummy variables have coefficient estimates that are significantly different 

from zero. The coefficient estimate, 𝛽1, on the dummy for group 1 events exceeds that on group 

5 events, 𝛽5, by a factor of more than 3. The F-test rejects the hypothesis that coefficients 𝛽1 

and 𝛽5 are equal at the 1% level of significance. Associations between abnormal short volume 

and the control variables tend to be similar to those found in Panel A. ASHVOL continues to 

be negatively related to the bid-ask spread, although it also displays a negative relation with 

the natural logarithm of firm market capitalisation (significant at the 10% level in the full 

model). The coefficient estimate on long-term momentum is negative, though insignificant, 

while that on short-term momentum remains significantly positive. Overall, these results 

provide strong evidence of informed short selling during the days leading up to drug 

development-related announcements. When scaled by trading volume, the level of short sales 

prior to an announcement is significantly higher only when the market reaction to the 

announcement is very negative.  
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Table 4: Regressions of pre-announcement short sales for all events 

This table displays coefficient estimates and t-statistics (in parentheses) for regressions where 

the dependent variable is pre-announcement abnormal short selling measured using ASHTO in 

Panel A and ASHVOL in Panel B. ASHTO (abnormal short turnover) is daily short sales 

divided by total shares outstanding less its normal benchmark. ASHVOL (abnormal short 

volume) is daily short sales divided by total daily trading volume less its normal benchmark. 

The benchmark is calculated as the mean over event days -120 to -21. Pre-announcement values 

of these variables are calculated by taking the average over event days -3 to -1. The main 

independent variables of interest are dummy variables equal to 1 if the CAR(0,+1) falls within 

the intervals (-1,-0.10), (-0.10,-0.05), (0.05,0.10) and (0.10,∞) respectively and zero otherwise. 

The omitted group contains events with a CAR(0,+1) falling within the interval (-0.05,0.05). 

The control variables are defined in the text. Standard errors are clustered at the firm and 

quarter level. Events data is from Sagient Research Systems’ CatalystTracker database. ***, 

** and * denote statistical significance at the 1%, 5% and 10% levels respectively. 

Panel A: Dependent variable = ASHTO 

  (1) (2) (3) 

Intercept 0.0020 0.0545 0.0068 

  [0.44] [1.50] [0.10] 

G1 (CAR(0,+1) < -10%) 0.1901*** 0.1823*** 0.1470*** 

  [3.03] [2.89] [2.94] 

G2 (CAR(0,+1) -10% to -5%) 0.0741*** 0.0673*** 0.0486* 

  [3.58] [3.32] [2.06] 

G4 (CAR(0,+1) 5% to 10%) 0.0323 0.0264 0.0255 

  [1.59] [1.23] [1.16] 

G5 (CAR(0,+1) > 10%) 0.0645*** 0.0574*** 0.0463** 

  [3.86] [4.15] [2.74] 

ln(mcap)   -0.0023 -0.0006 

    [-1.55] [-0.26] 

BM   -0.0033*** -0.0002 

    [-3.49] [-0.12] 

ln(price)     -0.0028 

      [-0.49] 

BidAsk     -0.0102* 

      [-1.89] 

CAR(-120,-4)     0.0933*** 

      [4.63] 

CAR(-3,-1)     1.4441*** 

      [4.24] 

σ(-120,-11)     0.5103 

      [0.83] 

β(G1) - β(G5) 0.1256* 0.1248* 0.1007* 

F 3.68 3.62 3.33 

N 4,652 4,652 4,652 

Adjusted R-squared 0.0272 0.0276 0.1241 
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Table 4 continued       

Panel B: Dependent variable = ASHVOL 

  (1) (2) (3) 

Intercept 0.1314 1.2539 2.9912* 

  [0.59] [0.99] [1.87] 

G1 (CAR(0,+1) < -10%) 1.7036*** 1.5490*** 1.2631*** 

  [3.22] [3.34] [3.20] 

G2 (CAR(0,+1) -10% to -5%) 0.0098 -0.1231 -0.2542 

  [0.03] [-0.32] [-0.64] 

G4 (CAR(0,+1) 5% to 10%) 0.0512 -0.0621 -0.0168 

  [0.14] [-0.17] [-0.04] 

G5 (CAR(0,+1) > 10%) 0.4768 0.3378 0.3840 

  [1.24] [0.96] [1.07] 

ln(mcap)   -0.0502 -0.1422* 

    [-0.99] [-1.80] 

BM   -0.0377 -0.0544 

    [-0.82] [-1.12] 

ln(price)     0.1281 

      [0.94] 

BidAsk     -0.3218* 

      [-1.72] 

Turnover     0.0051 

      [0.06] 

CAR(-180,-4)     -0.2616 

      [-0.80] 

CAR(-3,-1)     18.6617*** 

      [8.02] 

σ(-120,-11)     -2.3029 

      [-0.32] 

β(G1) - β(G5) 1.2268*** 1.2112*** 0.8791*** 

F 15.20 15.35 9.25 

N 4,652 4,652 4,652 

Adjusted R-squared 0.0037 0.0039 0.0331 

 

4.3.3. Tests by event type 

I also estimate regression Equation 5 with all control variables included for each of the 

four categories of events separately. The results, displayed in Table 5, are generally supportive 

of the conclusions discussed above, though the statistical significance is often reduced, 

especially for the categories of events with smaller sizes. Panel A presents the results when 

abnormal pre-announcement short sales are measured using ASHTO while Panel B presents 

the results using ASHVOL.  
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Table 5: Regressions of pre-announcement short sales by event type 

This table displays coefficient estimates and associated t-statistics (in parentheses) for 

regressions where the dependent variable is pre-announcement abnormal short selling. 

Regressions are estimated separately for each of four event types. Abnormal short selling is 

measured using ASHTO in Panel A and ASHVOL in Panel B. ASHTO (abnormal short 

turnover) is daily short sales divided by total shares outstanding less its normal benchmark. 

ASHVOL (abnormal short volume) is daily short sales divided by total daily trading volume 

less its normal benchmark. The benchmark is calculated as the mean over event days -120 to -

21. Pre-announcement values of these variables are calculated by taking the average over event 

days -3 to -1. The main independent variables of interest are dummy variables equal to 1 if the 

CAR(0,+1) falls within the intervals (-1,-0.10), (-0.10,-0.05), (0.05,0.10) and (0.10,∞) 

respectively and zero otherwise. The omitted group contains events with a CAR(0,+1) falling 

within the interval (-0.05,0.05). The control variables are defined in the text. Standard errors 

are clustered at the firm and quarter level. Events data is from Sagient Research Systems’ 

CatalystTracker database. ***, ** and * denote statistical significance at the 1%, 5% and 10% 

levels respectively. 

Panel A: Dependent variable = ASHTO 

  

FDA 

decision 

Trial 

information 

Advisory 

panel Other 

Intercept 0.1494 -0.0021 0.2577 -0.0538 

  [0.48] [-0.02] [0.85] [-0.60] 

G1 (CAR(0,+1) < -10%) 0.3256*** 0.1043 0.1549 0.1109*** 

  [4.28] [1.64] [1.35] [3.42] 

G2 (CAR(0,+1) -10% to -5%) 0.0544 0.0426 0.1083 0.0698*** 

  [0.45] [1.42] [1.06] [2.88] 

G4 (CAR(0,+1) 5% to 10%) -0.0047 0.0352 0.0135 -0.0009 

  [-0.13] [1.18] [0.20] [-0.03] 

G5 (CAR(0,+1) > 10%) 0.2245*** 0.0126 0.2004** -0.0021 

  [2.93] [0.76] [2.18] [-0.09] 

ln(mcap) 0.0031 -0.0012 -0.0016 0.0014 

  [0.30] [-0.29] [-0.15] [0.35] 

BM 0.0025 -0.0006 0.0032 -0.0004 

  [0.91] [-0.24] [0.40] [-0.17] 

ln(price) -0.0596** 0.0013 -0.0546* 0.0031 

  [-2.73] [0.16] [-1.96] [0.48] 

BidAsk -0.0311** -0.0107 -0.0556* 0.0091 

  [-2.17] [-1.43] [-1.84] [0.70] 

CAR(-180,-4) 0.2119** 0.0874*** 0.0263 0.0385 

  [2.76] [2.88] [0.57] [1.03] 

CAR(-3,-1) 1.8607* 1.4648*** 0.4832 1.3174*** 

  [1.97] [3.83] [1.70] [3.06] 

σ(-120,-11) -1.6632 0.9562 -1.2011 -0.0434 

  [-0.57] [0.87] [-1.06] [-0.07] 

β(G1) - β(G5) 0.1011 0.0917 -0.0456 0.113** 
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Table 5 continued     

F 1.03 1.72 0.12 6.513 

N 239 3,471 113 829 

Adjusted R-squared 0.3951 0.1099 0.2418 0.1512 

Panel B: Dependent variable = ASHVOL 

  

FDA 

decision 

Trial 

information 

Advisory 

panel Other 

Intercept 4.4805 2.9046* -10.7567 2.4910 

  [1.40] [1.90] [-1.41] [1.07] 

G1 (CAR(0,+1) < -10%) 3.0703** 1.1707** 2.8600* 1.0807 

  [2.58] [2.47] [1.78] [1.11] 

G2 (CAR(0,+1) -10% to -5%) 0.1275 -0.0961 3.6136 -1.2427 

  [0.05] [-0.24] [1.65] [-1.18] 

G4 (CAR(0,+1) 5% to 10%) 1.5448 0.1064 3.4025 -1.5773 

  [0.68] [0.25] [1.47] [-1.72] 

G5 (CAR(0,+1) > 10%) 3.0004*** 0.5063 2.2811 -1.3049 

  [3.00] [1.52] [1.12] [-1.71] 

ln(mcap) -0.2459 -0.1440* 0.4887 -0.0777 

  [-1.58] [-1.81] [1.29] [-0.68] 

BM -0.0621 -0.0549 0.2879 -0.0697 

  [-0.30] [-0.76] [1.18] [-0.43] 

ln(price) 0.4996 0.1550 -0.4100 -0.1486 

  [1.26] [1.01] [-0.44] [-0.65] 

BidAsk 0.4422 -0.4379** -0.3902 0.2548 

  [0.39] [-2.80] [-0.58] [0.40] 

Turnover -0.3832 0.0747 -0.6245* -0.0588 

  [-1.71] [0.92] [-1.90] [-0.32] 

CAR(-180,-4) 0.5100 -0.4086 -0.0897 0.4258 

  [0.60] [-1.40] [-0.06] [0.61] 

CAR(-3,-1) 22.6178*** 17.3667*** 18.9457 23.6348*** 

  [5.08] [6.44] [1.30] [3.69] 

σ(-120,-11) -8.6312 0.5417 31.2243 -15.1452 

  [-0.30] [0.08] [1.54] [-0.82] 

β(G1) - β(G5) 0.0699 0.6644 0.5789 2.3856* 

F 0.01 1.96 0.06 3.5251 

N 239 3,471 113 829 

Adjusted R-squared 0.0817 0.0310 0.0426 0.0315 

 

The coefficient estimate, 𝛽1, on the dummy variable for group 1 events is positive for all 

eight regression equation estimations. When abnormal short sales are measured using ASHTO 

the coefficient estimate is significant at the 1% level for FDA decision announcements and 

‘other’ events. When short sales are measured using ASHVOL it is significant at the 5% level 

for FDA decisions and trial information announcements and the 10% level for advisory panel 
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announcements. For the remaining events, the t-statistic varies between 1.11 and 1.64. The 

coefficient estimate, 𝛽1 is also larger in magnitude relative to the coefficient estimate, 𝛽5, on 

the dummy variable for group 5 events in 7 out of 8 cases. The F-test indicates that the null 

hypothesis of equality of the two coefficients can only be rejected for events in the ‘other’ 

category at the 10% level of significance or above.  

4.4. Different pre-announcement windows 

The results of the tests discussed above indicate a negative relation between drug 

development announcement returns and abnormal short selling over a three-day window 

immediately prior to an event’s announcement. However, a number of studies suggest that 

short sellers may become active several weeks or even months prior to negative information 

events. For example, Henry et al. (2015) find evidence of increased short selling up to one year 

before bond rating downgrades. In addition, the chart in Panel B of Figure 3 suggests that when 

measured as a portion of trading volume, short selling is abnormally high for at least ten days 

prior to the most negative drug development announcements being made. Motivated by these 

observations, I examine abnormal short sales over a variety of different pre-announcement 

windows. I follow the same procedure in estimating regression Equation 5 as described above, 

but define the dependent variable as the mean daily abnormal short sales during the following 

five additional three-day event windows: (-18,-16), (-15,-13), (-12,-10), (-9, -7) and (-6,-4). In 

addition, I split the original three-day pre-announcement window into two sub-periods and 

separately examine abnormal short sales over event days (-3,-2) and -1. These specifications 

also act as additional robustness tests for my prior results.  
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Table 6: Regressions of pre-announcement short sales over different windows 

This table displays coefficient estimates and associated t-statistics (in parentheses) for regressions where the dependent variable is pre-

announcement abnormal short selling. Abnormal short selling is measured using ASHTO in Panel A and ASHVOL in Panel B. ASHTO (abnormal 

short turnover) is daily short sales divided by total shares outstanding less its normal benchmark. ASHVOL (abnormal short volume) is daily short 

sales divided by total daily trading volume less its normal benchmark. The benchmark is calculated as the mean over event days -120 to -21. Pre-

announcement values of these variables are calculated by taking the average over different event day windows as indicated in the table. The main 

independent variables of interest are dummy variables equal to 1 if the CAR(0,+1) falls within the intervals (-1,-0.10), (-0.10,-0.05), (0.05,0.10) 

and (0.10,∞) respectively and zero otherwise. The omitted group contains events with a CAR(0,+1) falling within the interval (-0.05,0.05). The 

regression also includes control variables as specified in regression Equation 5 in the text. Coefficient estimates for the control variables are not 

shown in the table. Standard errors are clustered at the firm and quarter level. Events data is from Sagient Research Systems’ CatalystTracker 

database. ***, ** and * denote statistical significance at the 1%, 5% and 10% levels respectively. 

Panel A: Dependent variable = ASHTO 

  

Days 

(-18,-16) 

Days 

(-15,-13) 

Days 

(-12,-10) 

Days 

(-9,-7) 

Days 

(-6,-4) 

Days 

(-3,-2) 

Day 

(-1) 

G1 (CAR(0,+1) < -10%) 0.0068 0.0494* 0.0613** 0.0198 0.0603* 0.0966** 0.2478** 

  [0.20] [1.87] [2.08] [0.63] [1.72] [2.65] [2.67] 

G2 (CAR(0,+1) -10% to -5%) 0.0933 0.0299 0.0338 -0.0040 0.0271 0.034 0.0778 

  [0.94] [0.73] [1.03] [-0.18] [1.15] [1.34] [1.58] 

G4 (CAR(0,+1) 5% to 10%) -0.0173 -0.004 -0.0239 -0.0308* -0.0104 0.0201 0.0363 

  [-0.80] [-0.28] [-1.36] [-1.73] [-0.53] [1.10] [0.98] 

G5 (CAR(0,+1) > 10%) -0.0363* 0.0018 0.0452 0.0082 0.0149 0.0427*** 0.0537* 

  [-1.89] [0.10] [1.48] [0.39] [0.54] [3.27] [1.84] 

β(G1) - β(G5) 0.0431 0.0476* 0.0161 0.0116 0.0454 0.0539 0.1941* 

F 1.99 3.34 0.21 0.08 1.67 1.86 3.67 

N 4,652 4,652 4,652 4,652 4,652 4,652 4,652 

Adjusted R-squared 0.0166 0.0249 0.0324 0.0439 0.0285 0.083 0.1038 
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Table 6 continued 

Panel B: Dependent variable = ASHVOL 

  

Days 

(-18,-16) 

Days 

(-15,-13) 

Days 

(-12,-10) 

Days 

(-9,-7) 

Days 

(-6,-4) 

Days 

(-3,-2) 

Day 

(-1) 

G1 (CAR(0,+1) < -10%) 0.4849 0.7475** 0.6804** 1.4564*** 1.3211*** 1.3698*** 1.0473** 

  [1.10] [2.56] [2.21] [3.73] [3.71] [3.13] [2.11] 

G2 (CAR(0,+1) -10% to -5%) -0.0006 0.3064 -0.0726 0.3225 0.0877 -0.339 -0.0877 

  [-0.00] [0.74] [-0.24] [1.14] [0.26] [-0.74] [-0.17] 

G4 (CAR(0,+1) 5% to 10%) -0.577 -0.6584* -1.0519** 0.2702 -0.4289 0.3092 -0.6729 

  [-1.53] [-1.86] [-2.48] [0.59] [-1.62] [0.92] [-1.30] 

G5 (CAR(0,+1) > 10%) -0.8236 -0.6219 -0.7277* 0.1139 -0.1119 0.1163 0.9288 

  [-1.57] [-1.47] [-1.87] [0.38] [-0.29] [0.31] [1.57] 

β(G1) - β(G5) 1.3085* 1.3694** 1.4082*** 1.3425*** 1.4329** 1.2535** 0.1185 

F 3.51 6.18 9.65 8.21 6.49 6.29 0.04 

N 4,651 4,652 4,652 4,652 4,652 4,652 4,650 

Adjusted R-squared 0.0016 0.0026 0.0036 0.0032 0.0057 0.0213 0.0281 
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The coefficient estimates and associated t-statistics are displayed in Table 6. Although 

the full range of control variables is included in all regressions, I present estimates only for the 

main independent variables of interest, the dummy variables representing events in the different 

CAR(0,+1) groups. I also show the results of an F-test for the equality of the coefficient 

estimates on group 1 and group 5 events. As shown in Panel A, when scaled by total shares 

outstanding, the rise in short sales prior to negative announcements is largely concentrated in 

the three days immediately prior to the announcement. The strongest effect occurs on event 

day -1. Consistent with the prior results, abnormal short sales also rise prior to positive 

announcements, but by a considerably smaller magnitude. The difference between coefficient 

estimates 𝛽1 and 𝛽5 amounts to 0.19 percent of total shares outstanding and the F-test rejects 

the hypothesis that these estimates are equal at the 10% level. 𝛽1 estimates also exceed 𝛽5 

estimates for each of the remaining event day windows but the differences are smaller and 

statistically significant at the 10% level in only one case. 

When abnormal short sales are scaled by trading volume (as shown in Panel B), the 

results indicate that short sellers begin to establish their positions up to three weeks prior to 

negative event announcements. The coefficient estimate on the dummy variable for group 1 

events is positive and statistically significant at the 5% level or higher for every pre-

announcement sub-period beginning on event day -15. It is highest during the two-week period 

prior to an event announcement. In contrast, the coefficient estimate on the dummy variable 

for group 5 events is never significantly positive. Moreover, it is negative during four of the 

sub-periods between event day -18 and -4, suggesting that short sellers may be reducing their 

sales prior to positive announcements. The coefficient estimate is statistically significant at the 

10% level in one case (during the -12 to -10 event day window). The F-test indicates that the 

hypothesis of no difference between the coefficients on group 1 and group 5 events can be 

rejected at the 10% level or higher for every event window from day -18 through -2. The 

evidence that short sellers begin to establish their positions several weeks prior to event day 

zero is more consistent with the idea that these investors possess skills in analysing information 

released publically in the weeks preceding an event, rather than profiting from material insider 
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information communicated to them shortly before an announcement. I explore this notion 

further in subsequent tests. 

4.5. Portfolio matched normal benchmark 

In the analyses conducted thus far, the normal benchmark level of short sales for a given 

firm is estimated as that same firm’s average short sales during a 100-day window prior to an 

event’s announcement. The main benefit of this method is that it provides a direct way of 

controlling for characteristics specific to that firm such as size and book-to-market as well as 

the available supply and cost of shares for short selling which impact the general level of short 

sales of that firm’s stock. This method does not directly control for time series variation in 

market-wide short selling which might influence the abnormal short selling I pick up for 

specific stocks. The event study set up of my analysis likely mitigates this issue to a large extent 

because the event days zero for each of the events in the sample are spread out over a 5-year 

period. Nevertheless, in this section I apply an alternative method of estimating a firm’s normal 

benchmark for short sales which controls for this effect. 

Rather than benchmarking a stock’s short sales on a given day against average levels for 

the same stock, I measure these against the level of short sales for a matching portfolio of 

similar firms on the same day. I define a firm’s matching portfolio using two different sets of 

criteria. In the first approach, a firm’s matching portfolio is identified using industry and market 

capitalisation. I group each firm for which sufficient data is available in CRSP by its 2-digit 

NAICS industry. Then, within each industry, I form five equally-weighted portfolios based on 

the quintile of a firm’s market capitalisation measured as at the end of the preceding quarter. 

For any given event firm, the normal benchmark level of short sales on a specific day is defined 

as the mean short sales for the firms within its industry- and market capitalisation-matched 

portfolio on that day. The event firm itself is excluded from this benchmark and I require that 

a portfolio contain at least five firms with valid short sales data on a given day. As before, I 

calculate short sales using both short turnover and short volume and measure daily abnormal 

short sales as the difference between the level of short sales for a given stock and its normal 

benchmark. Formally, I calculate 
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 𝐴𝑆𝐻𝑇𝑂𝑖,𝑡 = 𝑆𝐻𝑇𝑂𝑖,𝑡 − 𝑆𝐻𝑇𝑂(𝑀𝐴𝑇𝐶𝐻𝐼𝑁𝐺_𝑃𝑂𝑅𝑇𝐹𝑂𝐿𝐼𝑂)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑖,𝑡 , (6) 

 𝐴𝑆𝐻𝑉𝑂𝐿𝑖,𝑡 = 𝑆𝐻𝑉𝑂𝐿𝑖,𝑡 − 𝑆𝐻𝑉𝑂𝐿(𝑀𝐴𝑇𝐶𝐻𝐼𝑁𝐺_𝑃𝑂𝑅𝑇𝐹𝑂𝐿𝐼𝑂)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑖,𝑡 . (7) 

In the second approach to defining a firm’s matching portfolio, I first divide all firms 

with available COMPUSTAT and CRSP data into five quintile groups based on market 

capitalisation and then further divide each of these groups into an additional five portfolios 

based on the book-to-market ratio. Both variables are calculated as at the end of the last quarter 

prior to an event announcement. I follow the same procedure as outlined above to calculate 

daily abnormal short sales for each event firm. I then re-run regression Equation 5 for the full 

sample of events using pre-announcement ASHTO and ASHVOL based on the matching 

portfolio approach. As before, abnormal short sales are averaged over the three days preceding 

each event. 

Panel A of Table 7 displays the results when the matching portfolio is formed based on 

industry and market capitalisation. The results are very similar to those based on firm-specific 

normal benchmarks and the magnitude of the coefficient estimates tends to be somewhat larger. 

The dummy variable for the events with the most negative announcement CARs has by far the 

largest positive coefficient estimate, 𝛽1. The estimates are 0.17 when the dependent variable is 

pre-announcement ASHTO and 1.60 when it is pre-announcement ASHVOL. Both are 

statistically significant at the 1% level. In contrast, the coefficient estimates on the dummy 

variable for events with the most positive announcement CARs are 0.02 and 0.35 respectively 

and statistically insignificant. The F-test confirms that the null hypothesis that these two 

coefficients estimates are equal can be rejected at the 1% level. 
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Table 7: Regressions of pre-announcement short sales using a portfolio matching 

approach 

This table displays coefficient estimates and associated t-statistics (in parentheses) for 

regressions where the dependent variable is pre-announcement abnormal short selling. 

Abnormal short selling is measured using ASHTO or ASHVOL as denoted in the table. 

ASHTO is daily short volume divided by total shares outstanding less the mean value 

calculated on the same day for a matched portfolio of firms. ASHVOL is daily short volume 

divided by total daily trading volume less the mean value calculated on the same day for a 

matched portfolio of firms. Pre-announcement values of these variables are calculated by 

taking the average over event days -3 to -1. In Panel A, the matching portfolio is formed by 

grouping firms first by their 2-digit NAICS industry and then by their market capitalisation 

quintile. In Panel B, the matching portfolio is formed by grouping firms first by their market 

capitalisation quintile and then by their book-to-market ratio quintile. Grouping variables are 

calculated as at the end of the last quarter prior to event day zero. The main independent 

variables of interest are dummy variables equal to 1 if the CAR(0,+1) falls between the 

intervals (-1,-0.10), (-0.10,-0.05), (0.05,0.10) and (0.10,∞) respectively and zero otherwise. 

The omitted group contains events with a CAR(0,+1) falling within the interval (-0.05,0.05). 

The control variables are defined in the text. Standard errors are clustered at the firm and 

quarter level. Events data is from Sagient Research Systems’ CatalystTracker database. ***, 

** and * denote statistical significance at the 1%, 5% and 10% levels respectively. 

Panel A: Portfolio matched by industry and market capitalisation 

  DV = ASHTO   DV = ASHVOL 

Intercept -0.0232   12.0204*** 

  [-0.27]   [2.83] 

G1 (CAR(0,+1) < -10%) 0.1716***   1.6022*** 

  [3.16]   [2.90] 

G2 (CAR(0,+1) -10% to -5%) 0.0479*   -0.1134 

  [1.79]   [-0.30] 

G4 (CAR(0,+1) 5% to 10%) 0.0303   0.3705 

  [1.18]   [1.05] 

G5 (CAR(0,+1) > 10%) 0.0220   0.3542 

  [1.27]   [0.95] 

ln(mcap) -0.0021   -0.4811* 

  [-0.55]   [-2.06] 

BM 0.0067*   0.1671 

  [1.86]   [0.90] 

ln(price) -0.0046   -0.1429 

  [-0.44]   [-0.38] 

BidAsk -0.0576***   -1.2627*** 

  [-4.72]   [-5.87] 

Turnover     0.3126*** 

      [2.91] 

CAR(-180,-4) 0.0964***   0.5265* 

  [3.89]   [1.90] 
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Table 7 continued 
  

  
  

CAR(-3,-1) 1.4122***   16.9583*** 

  [4.39]   [7.57] 

σ(-120,-11) 3.5203***   -6.4747 

  [5.46]   [-0.63] 

β(G1) - β(G5) 0.1496***   1.248*** 

F 7.0043   7.1379 

N 4,641   4,640 

Adjusted R-squared 0.1866   0.0822 

Panel B: Portfolio matched by market capitalisation and book-to-market 

  DV = ASHTO   DV = ASHVOL 

Intercept 0.0073   11.6154*** 

  [0.10]   [2.83] 

G1 (CAR(0,+1) < -10%) 0.1662***   1.4424*** 

  [3.26]   [3.01] 

G2 (CAR(0,+1) -10% to -5%) 0.0407   -0.2545 

  [1.52]   [-0.70] 

G4 (CAR(0,+1) 5% to 10%) 0.0200   0.3653 

  [0.76]   [1.02] 

G5 (CAR(0,+1) > 10%) 0.0218   0.3561 

  [1.19]   [0.98] 

ln(mcap) -0.0038   -0.4641* 

  [-1.15]   [-2.04] 

BM 0.0090**   0.1962 

  [2.24]   [1.03] 

ln(price) -0.0079   -0.2451 

  [-0.76]   [-0.68] 

BidAsk -0.0466***   -1.0972*** 

  [-4.73]   [-4.32] 

Turnover     0.2771*** 

      [2.97] 

CAR(-180,-4) 0.0913***   0.4173 

  [3.64]   [1.49] 

CAR(-3,-1) 1.4573***   17.1933*** 

  [4.43]   [7.54] 

σ(-120,-11) 3.5454***   -4.6551 

  [5.63]   [-0.52] 

β(G1) - β(G5) 0.1445***   1.0863** 

F 7.0765   6.5276 

N 4,646   4,645 

Adjusted R-squared 0.1851   0.0863 
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Panel B of Table 7 displays the results when matching portfolios are formed based on 

market capitalisation and book-to-market ratios. The findings are again very similar, both in 

magnitude and statistical significance. The coefficient estimate for the group 1 event dummy 

remains positive (0.17 and 1.44 when the dependent variable is ASHTO and ASHVOL 

respectively) and statistically significant at the 1% level. The coefficient estimates on the 

dummy variable for group 5 events are smaller by a factor of at least 4 and insignificant in both 

cases. Again, the null hypothesis of equality between these coefficients can be rejected at the 

5% level or higher. Overall, the results presented in the main analysis are highly robust to an 

alternative specification of abnormal short sales where the benchmark is based on a matching 

portfolio of firms. 

4.6. Profitability of pre-announcement short selling 

The tests presented so far provide strong evidence that short sellers are successful in 

intensifying their selling activity prior to drug-related announcements with negative 

announcement returns. In this section, I examine the economic magnitude of these effects by 

considering the dollar profits earned on abnormal short sales prior to drug-related 

announcements. My calculation methodology is similar to that applied by Massoud et al. (2011) 

to calculate profits from abnormal short sales during the syndicated lending process. 

Continuing with the firm-specific normal benchmark, I calculate the abnormal number of 

shares sold short on day t by subtracting the mean number of shares sold short over event days 

-120 to -21 for a given stock. I then compute the profit by multiplying the abnormal number of 

shares sold short by the difference between the closing bid price on the day the short positions 

were established and the closing ask price on the day the short positions are assumed to be 

covered.  

I perform this calculation for various combinations of establishment periods and covering 

days and display the mean abnormal profits across all events (in USD) in Panel A of Table 8. 

The abnormal profits are positive for most combinations of establishment windows and 

assumed covering days. For example, over the three-day window (-3,-1) corresponding to the 

earlier tests, short sellers make an average profit of $11,272 if they cover their short positions 
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on event day +1 and $23,155 if they cover their positions on day +20. If the establishment 

period is extended to cover the entire window from event day -18 through -1, the average profit 

from abnormal short sales is between $30,735 and $140,289 depending on the chosen covering 

day. 

Table 8: Profitability of abnormal short sales 

This table displays the mean dollar profits earned on abnormal short sales prior to drug-related 

announcements. The abnormal number of shares sold short on day t is calculated by subtracting 

the mean number of shares sold short over event days -120 to -21 for that stock. The dollar 

profit is computed by multiplying the abnormal number of shares sold short by the difference 

between the closing bid price on the day the short positions were established and the closing 

ask price on the day the short positions are assumed to be covered. This calculation is 

performed for various combinations of establishment periods and covering days as stated in 

the table. Panel A displays the results for all events and Panel B uses only the subsample of 

events with CARs(0,+1) of less than or equal to -10% or greater than or equal to 10%. Events 

data is from Sagient Research Systems’ CatalystTracker database. 

Panel A: All events (n=4,652) 

Abnormal profits (USD) 

Short position 

establishment period 

Short position covering day 

Day +1 Day +2 Day +5 Day +10 Day +20 

Days (-3,-1) 11,272 1,130 7,506 7,633 23,155 

Days (-6,-4) -1,073 -12,478 2,156 -4,755 1,430 

Days (-9,-7) 15,251 9,989 27,361 12,402 -19,418 

Days (-12,-10) 34,501 35,489 31,516 21,668 -22,682 

Days (-15,-13) 6,885 16,896 41,377 61,214 45,909 

Days (-18,-16) 23,427 10,864 30,307 11,596 2,251 

Days (-18,-1) 90,318 61,962 140,289 109,823 30,735 

Panel B: Events where  CAR(0,+1) ≤ -10% or CAR(0,+1) ≥ 10%  (n=403) 

Abnormal profits (USD) 

Short position 

establishment period 

Short position covering day 

Day +1 Day +2 Day +5 Day +10 Day +20 

Days (-3,-1) 2,035 37,264 67,665 69,190 125,705 

Days (-6,-4) 72,247 87,599 68,094 70,315 102,041 

Days (-9,-7) 69,356 106,141 12,851 1,618 11,306 

Days (-12,-10) -12,697 21,560 -129,944 -95,920 -225,960 

Days (-15,-13) 163,359 190,308 140,175 124,635 180,578 

Days (-18,-16) 92,919 88,321 134,829 168,409 296,379 

Days (-18,-1) 387,676 531,826 294,164 338,620 490,352 

 



 

189 

 

In Panel B, I repeat these calculations but include only group 1 and group 5 events (those 

with CARs(0,+1) of less than or equal to -10% or greater than or equal to 10%). Consistent 

with the earlier tests, the profits earned on abnormal short sales prior to events in this subsample 

tend to be larger than for the full sample. Using the three-day establishment period (-3,-1), the 

mean profit from abnormal sales amounts to between $2,035 and $125,705 depending on the 

short position covering day.  For the full establishment period from event day -18 though -1, 

the profit ranges between $294,164 and $531,826. Overall, the positive profits that are earned 

from abnormal short sales preceding drug-related announcements reinforce the result that short 

sellers appear to trade successfully on average leading up to these events. 

4.7. Differences in pre-announcement short selling 

In this section, I carry out tests to help distinguish whether the rise in short selling prior 

to negative drug-related announcements is more likely to be explained by short sellers’ superior 

information processing skills or by insider trading. I begin by considering whether pre-

announcement short sales are related to the number of recent SEC press releases on insider 

trading. I then focus on three different firm-specific cross-sectional characteristics. The first is 

the amount of institutional monitoring, as proxied by large stockholdings. Second, I test 

whether the short selling differs between US firms and foreign firms, which may reflect 

differences in the legal environment and the strength of investor protection. Finally, I examine 

whether pre-announcement short selling is related to firm size. 

4.7.1. Recent SEC press releases 

Cohen et al. (2012) find that opportunistic trading falls following heightened regulatory 

action relating to insider trading by the SEC. These authors suggest that such action raises the 

potential costs of insider trading and thereby reduces opportunistic trading activity. Applying 

the same reasoning, I test whether the tendency of short selling to rise prior to negative drug-

related announcements is weaker following insider trading-related press releases by the SEC. 

I retrieve historical press releases made during the sample period from the SEC’s Press Release 

Archive and identify any that include the words “insider trad…” in the headline. For each event 
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in the sample I then count how many such press releases were made during the “prior-month” 

window starting 30 calendar days before and ending 4 calendar days before event day zero. In 

total there are 90 separate press releases which fulfil these requirements. For the sample of 

4,652 events, there are 1,227 events with no insider-related SEC press release during the prior-

month window, 1,342 with one press release, 924 with two press releases and 1,159 with 

between three and seven press releases.  

I then re-estimate regression Equation 5 but include the number of SEC press releases 

for a given event as well as interaction terms between this variable and the CAR(0,+1) group 

dummy variables. In order to limit the number of variables and interaction terms in the model, 

I include only the two extreme return groups as separate variables (those with CARs(0,+1) of 

-10% or less and those with CARs(0,+1) of 10% or greater). Following the result documented 

by Cohen et al. (2012), if short selling prior to negative announcements is primarily due to 

insider trading, one would expect this effect to be weaker for events occurring shortly after 

more intense periods of SEC activity. This would be reflected in a negative coefficient on the 

interaction term between the group 1 return dummy and the number of SEC press releases.  

As the results presented under the model 1 and model 5 columns in Table 9 indicate, this 

notion receives little support. The coefficient estimate on the interaction term between the 

group 1 return dummy and the number of SEC press releases is negative both when abnormal 

shorts sales are measured using ASHTO and ASHVOL. However, the coefficient estimate is 

very small in magnitude relative to the coefficient estimate on the group 1 return dummy and 

statistically insignificant.  



 

191 

 

Table 9: Regressions of pre-announcement short sales with cross-sectional characteristics 

This table displays coefficient estimates and associated t-statistics (in parentheses) for regressions where the dependent variable is pre-

announcement abnormal short selling. Abnormal short selling is measured using ASHTO or ASHVOL as denoted in the table. ASHTO (abnormal 

short turnover) is daily short sales divided by total shares outstanding less its normal benchmark. ASHVOL (abnormal short volume) is daily short 

sales divided by total daily trading volume less its normal benchmark. The benchmark is calculated as the mean over event days -120 to -21. Pre-

announcement values of these variables are calculated by taking the average over event days -3 to -1. G1 and G5 are dummy variables equal to 1 

if the CAR(0,+1) falls between the intervals (-1,-0.10) and (0.10,∞) respectively and zero otherwise. SEC Press Releases is the number of SEC 

press releases occurring during event days -30 to -4 that include the words “insider trad…” in the headline. High blockholdings is the sum of 

institutional block ownership positions greater than 5%. Foreign is a dummy variable equal to 1 if a firm's country of incorporation is not the US 

and zero otherwise. Size rank is a firm's quintile based on market capitalisation three days prior to event day zero within the sample of event firms. 

The control variables are defined in the text. Standard errors are clustered at the firm and quarter level. Events data is from Sagient Research 

Systems’ CatalystTracker database. ***, ** and * denote statistical significance at the 1%, 5% and 10% levels respectively. 

  DV = ASHTO   DV = ASHVOL 

  (1) (2) (3) (4)   (5) (6) (7) (8) 

Intercept 0.027 0.1263 0.0312 0.0038   2.2996 3.0973* 3.0442* 0.5527 

  [0.40] [1.65] [0.47] [0.11]   [1.37] [1.75] [1.92] [1.05] 

G1 (CAR(0,+1) < -10%) 0.1773* 0.1799** 0.1428** 0.2793*   1.3158** 1.1178** 1.2002*** 2.1716*** 

  [2.02] [2.33] [2.58] [1.98]   [2.53] [2.28] [2.91] [2.83] 

G5 (CAR(0,+1) > 10%) 0.0253 0.0435 0.0392** 0.0556   -0.1709 0.6279 0.2737 0.7631 

  [1.24] [1.26] [2.30] [0.95]   [-0.31] [1.02] [0.74] [0.95] 

SEC press releases 0.0003         0.165       

  [0.10]         [1.59]       

G1 x SEC press releases -0.021         -0.0178       

  [-0.84]         [-0.09]       

G5 x SEC press releases 0.0076         0.3399       

  [0.56]         [1.51]       
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Table 9 continued                   

High blockholdings   -0.0268***         -0.1222     

    [-2.92]         [-0.75]     

G1 x High blockholdings   -0.1369*         0.0238     

    [-1.75]         [0.02]     

G5 x High blockholdings   -0.0098         -0.4038     

    [-0.22]         [-0.40]     

Foreign firm     -0.0123         -0.2552   

      [-1.30]         [-0.84]   

G1 x Foreign firm     -0.0672         1.3180   

      [-0.69]         [0.69]   

G5 x Foreign firm     -0.0170         1.8684   

      [-0.28]         [1.05]   

Size rank       -0.0026         -0.1924 

        [-0.71]         [-1.32] 

G1 x Size rank       -0.0806         -0.4936 

        [-1.52]         [-1.17] 

G5 x Size rank       -0.0080         -0.1726 

        [-0.33]         [-0.46] 

ln(mcap) -0.0014 -0.0062** -0.0016     -0.1209 -0.1552* -0.1468*   

  [-0.58] [-2.24] [-0.69]     [-1.56] [-1.89] [-1.89]   

BM -0.0006 0.0004 0.0012 -0.0009   -0.0437 -0.0515 -0.0179 -0.0479 

  [-0.27] [0.23] [0.42] [-0.50]   [-0.93] [-1.12] [-0.46] [-0.97] 

ln(price) -0.0033 0.0044 -0.0020 -0.0020   0.1108 0.1982 0.1526 0.1039 

  [-0.62] [0.84] [-0.35] [-0.31]   [0.89] [1.59] [1.12] [0.72] 

BidAsk -0.0097 -0.0165** -0.0079 -0.0108   -0.3181* -0.2072 -0.3295 -0.3131 

  [-1.66] [-2.25] [-1.39] [-1.70]   [-1.76] [-1.13] [-1.68] [-1.67] 

Turnover           0.008 0.006 0.0028 0.0059 

            [0.09] [0.06] [0.03] [0.07] 

CAR(-120,-4) 0.0933*** 0.0876*** 0.0935*** 0.0954***   -0.2831 -0.3026 -0.2740 -0.2350 
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Table 9 continued          

  [4.50] [4.32] [4.56] [4.77]   [-0.87] [-0.94] [-0.84] [-0.74] 

CAR(-3,-1) 1.4519*** 1.4788*** 1.4575*** 1.4355***   18.7143*** 18.7096*** 18.6116*** 18.4768*** 

  [4.33] [4.14] [4.26] [4.37]   [8.05] [8.41] [7.84] [8.04] 

σ(-120,-11) 0.5604 0.4863 0.5541 0.5324   -2.8552 -2.4626 -2.4174 -2.0508 

  [0.92] [0.81] [0.88] [0.90]   [-0.41] [-0.33] [-0.34] [-0.30] 

N 4,652 4,530 4,652 4,652   4,652 4,530 4,652 4,652 

Adjusted R-squared 0.1227 0.1254 0.1224 0.1252   0.0359 0.0313 0.0334 0.0329 
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4.7.2. Differences in institutional blockholdings 

Next, I examine whether the tendency of short sales to rise prior to negative 

announcements is related to the degree of institutional monitoring, an important aspect of 

corporate governance. In order to proxy for this effect, I follow Dittmar and Mahrt-Smith 

(2007) by taking the sum of institutional block ownership positions greater than 5% for a given 

firm. I obtain the data from the Thomson Reuters Institutional (13f) Holdings database. To the 

extent that large blockholdings are associated with greater oversight of management, a higher 

value for this measure should reflect higher quality corporate governance. Like Dittmar and 

Mahrt-Smith (2007), I divide firms into tertiles based on the value of the blockholdings variable 

and classify firms in the top tertile as those with the highest degree of institutional monitoring 

(denoted high blockholdings). As before, I re-estimate regression Equation 5 but include the 

high blockholdings dummy variable as well as interaction terms between this variable and the 

group 1 and group 5 dummy variables. If short selling prior to negative announcements is 

primarily induced by information leakage from informed insiders, one would expect this effect 

to be mitigated for firms with the strongest institutional oversight and monitoring. Again, one 

would therefore expect to see a negative coefficient on the interaction term between the group 

1 return dummy and the high blockholdings dummy.  

The results presented under the model 2 and model 6 columns in Table 9 suggest only 

partial support for this conclusion. When pre-announcement abnormal short sales are measured 

using short turnover (model 2), the interaction term has a negative coefficient and is statistically 

significant at the 10% level. This implies that the intensity of short selling prior to negative 

drug-related announcements is reduced for firms with the highest degree of institutional 

monitoring, as proxied by the sum of large blockholdings. In contrast, when abnormal short 

sales are scaled by trading volume (model 6), the coefficient on the interaction term is small in 

magnitude and statistically insignificant. Overall, I interpret these results as inconclusive.  
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4.7.3. US versus foreign firms 

Although all of the firms in the study are traded on US stock exchanges, some are 

incorporated in other countries.36 I use this feature in the third test by examining whether the 

tendency of short selling to increase prior to negative announcements differs between US- and 

foreign-incorporated firms. Prior research indicates that significant legal and regulatory 

differences exist across countries and that these are associated with a range of observable 

market outcomes (e.g. La Porta, Lopez-de-Silanes, Shleifer, & Vishny, 1997; La Porta, Lopez-

de-Silanes, Shleifer, & Vishny, 1998). Common law countries such as the US are typically 

seen as having the strongest investor protection laws (La Porta et al., 1997). The US also rates 

highly in relation to the strength and enforcement of insider trading laws in particular (e.g. 

Beny, 2005). Moreover, Doidge, Karolyi and Stulz (2007) find that country characteristics are 

more important in explaining variation in corporate governance than firm characteristics. Given 

these observations, if the pre-announcement short selling I observe is driven primarily by 

information leakage from informed insiders, then one may expect this effect to be stronger on 

average for non-US firms relative to US firms. It is important to note, however, that research 

also supports the notion that listing in the US exposes firms to US-based laws and regulations 

(Doidge, Karolyi, & Stulz, 2004; Reese & Weisbach, 2002). This effect could act to mitigate 

any differences in insider-induced short selling between US and foreign firms, even if local 

securities laws and investor protection differ. 

I present the results of this analysis in Table 9 under models 3 and 7. For each event firm, 

I introduce a dummy variable equal to 1 if the firm’s country of incorporation is not the US. 

As before, I include the foreign firm dummy variable as well as interaction terms between this 

variable and the CAR group dummy variables in the regression equation. I find no evidence to 

suggest that the level of pre-announcement short selling prior to negative announcements is 

related to whether a firm is incorporated in the US or not. The coefficient estimate on the 

                                                 
36 3,695 or about 80% of event firms are incorporated in the US. The remaining event firms come from 16 

different countries. The five most common are Great Britain (218), Ireland (151), Canada (115), Switzerland 

(99) and Israel (79). 
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interaction term between the foreign firm dummy and the dummy for group 1 events is 

insignificant for both measures of abnormal short selling. 

4.7.4. Firm size 

In this subsection, I examine whether increases in short selling prior to drug development 

announcements are associated with firm size. One possible mechanism by which such an 

association may arise is if firm size reflects the firm’s degree of information asymmetry. If part 

of the increase in short sales prior to negative drug announcements is attributable to superior 

analysis by sophisticated investors, then one may expect better opportunities to profit from this 

kind of analysis for firms with greater information asymmetry and hence less informative stock 

prices. Since information asymmetry prior to announcements is generally assumed to be higher 

for small firms (with less information dissemination) this would predict a negative relation 

between firm size and the tendency of short sales to increase prior to negative announcements 

(e.g. Atiase, 1985; Chae, 2005). 

I divide all the firms in the sample into quintiles based on market capitalisation three days 

prior to event day zero. I include the quintile rank and interaction terms between the quintile 

rank and the dummy variables for group 1 and group 5 events in the regression. In line with 

the prediction discussed above, the results from the regression analysis (models 4 and 8 in 

Table 9) show a negative coefficient estimate for the interaction term between the size rank 

and the group 1 dummy variable for both measures of abnormal pre-announcement short sales. 

However, the coefficient estimates are not statistically significant (t-values of -1.52 and -1.17 

respectively).  

Overall, the results of the public information processing versus insider information tests 

performed above are more consistent with the notion that short sellers derive their trading 

advantage from superior analytical abilities. None of the tests reveals evidence indicating that 

short sellers are using insider information to generate abnormal returns around announcements 

during the drug development process.  
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Table 10: Regressions of pre-announcement short sales after winzorising 

This table repeats the analysis from Table 5 but all continuous variables are winsorized at the 

1% and 99% levels. The table displays coefficient estimates and t-statistics (in parentheses) for 

regressions where the dependent variable is pre-announcement abnormal short selling. 

Abnormal short selling is measured using ASHTO in Panel A and ASHVOL in Panel B. 

ASHTO (abnormal short turnover) is daily short sales divided by total shares outstanding less 

its normal benchmark. ASHVOL (abnormal short volume) is daily short sales divided by total 

daily trading volume less its normal benchmark. The benchmark is calculated as the mean over 

event days -120 to -21. Pre-announcement values of these variables are calculated by taking 

the average over event days -3 to -1. The main independent variables of interest are dummy 

variables equal to 1 if the CAR(0,+1) falls within the intervals (-1,-0.10), (-0.10,-0.05), 

(0.05,0.10) and (0.10,∞) respectively and zero otherwise. The omitted group contains events 

with a CAR(0,+1) falling within the interval (-0.05,0.05). The control variables are defined in 

the text. Standard errors are clustered at the firm and quarter level. Events data is from Sagient 

Research Systems’ CatalystTracker database. ***, ** and * denote statistical significance at 

the 1%, 5% and 10% levels respectively. 

  DV = ASHTO   DV = ASHVOL 

Intercept 0.0479   2.5796 

  [1.25]   [1.72] 

G1 (CAR(0,+1) < -10%) 0.1176***   1.2654*** 

  [4.68]   [3.01] 

G2 (CAR(0,+1) -10% to -5%) 0.0376***   -0.2653 

  [3.41]   [-0.67] 

G4 (CAR(0,+1) 5% to 10%) 0.0247   0.0071 

  [1.68]   [0.02] 

G5 (CAR(0,+1) > 10%) 0.0553***   0.3534 

  [4.77]   [1.05] 

ln(mcap) -0.0016   -0.1117 

  [-1.07]   [-1.58] 

BM -0.002   -0.0656 

  [-1.33]   [-1.01] 

ln(price) -0.0030   0.0525 

  [-1.16]   [0.43] 

BidAsk -0.0119***   -0.1466 

  [-2.84]   [-0.53] 

Turnover     0.1169 

      [1.05] 

CAR(-180,-4) 0.0614***   -0.1115 

  [8.56]   [-0.31] 

CAR(-3,-1) 0.8782***   20.7365*** 

  [8.56]   [8.25] 

σ(-120,-11) -0.2470   -10.2535 

  [-0.68]   [-1.17] 

β(G1) - β(G5) 0.0623**   0.912*** 
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Table 10 continued    

F 4.2666   9.4351 

N 4,652   4,652 

Adjusted R-squared 0.1187   0.0347 

 

4.8. Winsorized variables 

In order to ensure that the results are not driven by a small number of outlier observations, 

I re-estimate regression Equation 5 after winsorizing all continuous variables at the 1% and 

99% levels. The results of the regression which includes all the control variables are presented 

in Table 10. As can be seen, the results are almost identical to the main results in Table 4. The 

coefficient estimate on the dummy variable for events with the most negative announcement 

returns, 𝛽1, is 0.12 when abnormal short sales are measured using ASHTO and 1.27 using 

ASHVOL. Both are statistically significant at the 1% level and at least twice as large as the 

coefficient estimate on the dummy variable for events with the most positive announcement 

returns. The F-test rejects the hypothesis of equality between the two coefficients at the 5% 

and 1% levels respectively for the two specifications. 

5. Conclusion 

In this paper, I document that short sellers appear to be skilled in anticipating the 

outcomes of important events in the drug development process. During the days leading up to 

an announcement with a very poor announcement return, short sales display a significant rise 

above their normal benchmark level. This effect does not exist or is much less pronounced for 

events with very positive announcement returns. The results hold both when constructing a 

normal benchmark level of short sales based on a prior period for the same firm as well as when 

it is based on a matching portfolio of firms. These findings are consistent with two plausible 

explanations. First, short sellers may have access to material insider information about 

upcoming announcements. The source of such information could include insiders from the 

companies themselves as well as other parties involved in the drug development process. 

Second, short sellers may possess superior information processing abilities which allow them 
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to draw more accurate conclusions about the prospects of a new product from publicly available 

information.  

In further tests, I find that short sellers become active up to several weeks before negative 

announcements. Moreover, I find little evidence that the strength of the relation between pre-

announcement short sales and announcement returns is related to variation in SEC insider 

trading enforcement activity or cross-sectional differences in institutional investor ownership, 

regulatory differences as proxied by US versus foreign incorporation or level of information 

asymmetry as proxied by firm size. Together, these tests provide no suggestion that widespread 

illegal insider trading is behind the apparent success of short sellers prior to drug development 

announcements. Instead, the results appear consistent with recent studies documenting that 

sophisticated investors such as hedge funds derive a trading advantage through analysing 

complex information they receive from the FDA through Official Information Act requests 

(Gargano et al., 2014; Klein & Li, 2015).   
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Appendix A – Descriptions of events 

Table A.1: Description of events by group 

This table displays the Catalyst Titles given to the events in the sample by Sagient Research 

Systems’ CatalystTracker database. Within each of the four groups of events, the table shows 

the number and percentage of events falling under each title. 

Event description 

Number of 

events 

Percentage of 

events (by 

group) 

FDA decisions:     

Regulatory - PDUFA/Approval Decision (US) 239 100.0 

Trial info:     

Trial Announcement - Initiation 1,184 34.1 

Trial Data - Updated Results 660 19.0 

Trial Data - Top-Line Results 637 18.4 

Trial Data - Other 457 13.2 

Trial Announcement - Patient Enrollment Completed 180 5.2 

Trial Announcement - Trial Completion 134 3.9 

Trial Data - Final Results 111 3.2 

Trial Announcement - Data Monitoring Board Analysis 31 0.9 

Trial Announcement - Other 24 0.7 

Trial Announcement - Go/No-Go Decision 16 0.5 

Trial Announcement - Initiation (Emerging Markets) 16 0.5 

Trial Announcement -  Dosing Completed 8 0.2 

Trial Announcement - Resume Trial 4 0.1 

Trial Data - Published Results 4 0.1 

Trial Announcement - Trial Completion (Emerging Markets) 2 0.1 

Trial Data (Emerging Markets) 2 0.1 

Trial Announcement - Hold Lifted 1 0.0 

Advisory panel:     

Regulatory - FDA Advisory Panel Brief 75 66.4 

Regulatory - FDA Advisory Panel Meeting 38 33.6 

Other:     

Regulatory - Meeting with FDA 99 11.9 

Regulatory - Approval Decision (Europe) 95 11.5 

Regulatory - PDUFA for sNDA/sBLA 89 10.7 

Regulatory - Other 75 9.0 

Regulatory - NDA/BLA Filing 74 8.9 

Regulatory - MAA Submission (Europe) 56 6.8 

Regulatory - CHMP (European Panel) Results 44 5.3 

Regulatory - Supplemental Approval (Europe) 40 4.8 

Regulatory - sNDA/sBLA Filing 36 4.3 

Regulatory - Response to Complete Response Letter 30 3.6 

Regulatory - 510(k)/PMA Filing 27 3.3 

Regulatory - Approval Decision (Japan) 23 2.8 
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Table A.1 continued     

Regulatory - J-NDA Filing (Japan) 18 2.2 

Regulatory - IND Filing 14 1.7 

Regulatory - Supplemental Filing (Europe) 14 1.7 

Regulatory - FDA Response 10 1.2 

Regulatory - Progress Update 10 1.2 

Regulatory - Decentralized Approval (Europe) 9 1.1 

Regulatory - Rolling NDA/BLA Completion 8 1.0 

Regulatory - Supplemental Filing (Japan) 6 0.7 

Regulatory - Approval (Europe) - Individual Country 5 0.6 

Reimbursement - NICE (UK) Guidance 5 0.6 

Regulatory - Mutual Recognition Approval (Europe) 4 0.5 

Regulatory - Orphan Drug Designation (Europe) 4 0.5 

Regulatory - Supplemental Approval (Japan) 4 0.5 

Reimbursement - Medicare/Payer (US) Decision 4 0.5 

Regulatory - Approval (Canada) 3 0.4 

Regulatory - Approval Decision (Emerging Markets) 3 0.4 

Regulatory - CHMP (European Panel) Supplemental Filing 

Results 3 0.4 

Regulatory - European Regulatory Communication 3 0.4 

Regulatory - Meeting with European Medicines Agency 3 0.4 

Regulatory - Response to Approvable Letter 3 0.4 

Reimbursement - Individual Country (Europe) Decision 3 0.4 

Regulatory - Decentralized Filing (Europe) 1 0.1 

Regulatory - Market Removal Hearing 1 0.1 

Regulatory - Mutual Recognition Filing (Europe) 1 0.1 

Regulatory - Response to Non-Approvable Letter 1 0.1 

Regulatory - Rolling NDA/BLA Initiation 1 0.1 
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LITERATURE REVIEW FOR CHAPTER 3 

Short Seller Behaviour 

1. Introduction 

The prevalence of short selling has increased strongly in recent years and this is reflected 

in a growing academic literature on the subject. The following review summarises important 

contributions in a number of areas of this literature. The first main section focuses on the role 

of short sellers in the stock market and, in particular, the relation between short sales and market 

efficiency. Both theoretical models as well as empirical studies are reviewed. The second main 

section focuses on the strategies and performance of short sellers. Overall, the academic 

literature leans towards a perception that short sellers play a role in improving market 

efficiency. There is also considerable evidence that short sellers have the potential to engage 

in profitable trading strategies. The apparent trading advantage may derive from various 

sources including superior information processing abilities as well as access to private 

information. 

2. Short sellers and market efficiency 

2.1. Theoretical models 

The notion that allowing short selling enhances the efficiency of a securities market is 

supported by several theoretical models. Miller (1977) presents a model in which short selling 

moderates the upward bias induced by the more optimistic members of a population of 

investors with heterogeneous estimates about future returns. In this model, risk or uncertainty 

about a stock’s future prospects induces a divergence of opinion among investors. Because the 

available supply of a given security can only be absorbed by a subset of the investor population, 

the market price reflects the opinions of the more optimistic investors and is thus set at a level 

above the estimated value of the average investor. Allowing short sales increases the supply of 

the security and provides greater scope for adverse opinions to affect the market price. As a 
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result, the presence of short selling moderates the potential for stock prices to become 

overvalued.  

Jarrow (1980) challenges some of the assumptions made and conclusions reached by 

Miller (1977). In particular, he suggests that an assessment of the impact of short sales 

restrictions on the demand for a given stock must take into account the “substitution effect” 

which arises when restrictions affect different stocks in different ways. Moreover, he argues 

that dispersion of opinions about the covariance matrix of future prices should be considered 

in addition to dispersion of opinions about the means of future prices. The revised model 

suggests that when such heterogeneity in expectations about risk are permitted, short sales 

constraints can lead to either higher or lower prices. If there is homogeneity in risk 

expectations, the conclusion reached by Miller (1977) stands. 

Harrison and Kreps (1978) propose a model of speculative behaviour in financial 

markets. These authors define speculation as the willingness of investors to pay a higher price 

for a stock which they have the right to resell than for an equivalent stock which must be held 

forever. An important assumption in the model is that short selling is prohibited. The authors 

suggest, however, that speculative behaviour would still be likely to occur if the short sales 

restriction were relaxed, though to a lesser degree. 

A somewhat different result to the Miller (1977) prediction is suggested by Diamond and 

Verrecchia (1987). A key extension in the model proposed by these authors is that investors 

are assumed to have rational expectations. The model shows that in this case, short sales 

constraints do not impart an upward bias to stock prices. However, such constraints do have 

other detrimental implications for informational efficiency in the market. Namely, the speed at 

which prices adjust to private information is reduced, particularly when this news is negative. 

Two additional implications are that an unanticipated rise in the level of short interest released 

to the market is a negative signal and that periods of inactive trade can mean that the last 

transaction price is an upwardly biased measure of a stock’s intrinsic value.  

  



 

204 

 

2.2. Empirical evidence 

The theoretical models discussed above contain numerous testable implications. This 

subsection discusses empirical studies which examine the role of short selling in generating an 

efficient market outcome. Such studies have applied a range of methodologies. One approach 

involves examining the relation between cross-sectional restrictions or constraints on short 

selling and aspects of the stock return distribution. These studies have adopted both within-

country and international perspectives. A closely related branch of research exploits time-series 

or cross-sectional differences in regulatory curbs on short selling, particularly during times of 

market crisis. Other studies investigate the association between actual levels of short selling 

and aspects of stock returns directly. 

2.2.1. Short sales constraints 

Jones and Lamont (2002) use short sales data from the period between 1926 and 1933 to 

examine the relation between short sales constraints and stock returns. Their study finds that 

stocks which are more expensive to short tend to be overvalued and subsequently 

underperform. This suggests that short sales constraints are preventing the arbitrage which 

would drive these overvaluations back down to their intrinsic values. Using more recent data, 

Nagel (2005) examines the association between short sales constrains and stock return 

anomalies. Arguing that stocks with low institutional ownership are likely to be subject to 

greater short sales constraints, this study uses institutional ownership as a proxy for short sales 

constraints. Its findings suggest that several stock characteristics including book-to-market, 

analyst forecast dispersion, turnover and volatility show the strongest cross-sectional return 

predictability for stocks with stronger short sales constraints. In addition, such stocks are also 

found to be more prone to underreaction to bad news about cash flows and overreaction to good 

news. The study concludes that this evidence is indicative of short sales constraints impeding 

adverse opinions from being incorporated into stock prices. 

Chang, Cheng and Yu (2007) exploit a unique institutional characteristic of the Hong 

Kong stock market to examine the impact of short sales constraints. Their study finds that 

stocks which are added to a designated list allowing them to be sold short subsequently exhibit 
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significant negative returns, indicating that they were overvalued. Furthermore, the 

underperformance is stronger for stocks subject to a greater divergence of investor opinion. In 

a similar vein, Biais, Bisiere and Décamps (1999) exploit differences in settlement mechanisms 

of stocks traded in France as a measure of short sales constraints. Their study documents some 

evidence that stocks with higher short sale constraints have less frequent sell orders and reflect 

negative news more slowly than positive news. 

Boehme, Danielsen and Sorescu (2006) also examine the relation between short sale 

constraints and stock price valuation. The unique feature of their study is that the impact of 

both short sales constraints and differences of opinion are examined simultaneously. This 

closely follows the prediction by Miller (1977) that the presence of these two factors leads to 

overvaluation. Their study finds strong evidence that stocks subject to short sales constraints 

as well as high dispersion of opinion subsequently underperform. This is not the case when 

only one of the two conditions is satisfied, however. 

A number of papers have adopted a cross-country perspective in examining the impact 

of short sales constraints. Bris, Goetzmann and Zhu (2007) exploit both cross-sectional and 

time-series differences in short sales restrictions which exist in equity markets around the 

world. Their study finds some relatively weak evidence that ease of short selling is positively 

related to price efficiency. The findings also suggest that negative skewness is higher in the 

presence of short sales. This effect holds at the market level but not the individual stock level. 

Saffi and Sigurdsson (2011) also examine the impact of short sales constrains on price 

efficiency in a cross-country setting. Using data for 26 countries, the study measures short sales 

constraints through the lending supply of shares and the loan fee. The results indicate a negative 

association between the speed at which information is incorporated into prices and short sales 

constraints, particularly as measured by the lending supply. Moreover, stronger short sales 

constraints are not found to promote greater price stability or fewer extreme negative returns. 

Some studies have examined the role of short sales constraints in the context of initial 

public offerings. This is partly a response to a prediction from Miller’s (1977) model that short 

sales constraints can be responsible for inefficiencies during IPOs including initial underpricing 
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and longer-term underperformance. Evidence against this prediction is provided by Edwards 

and Hanley (2010), who find little or no evidence that short sales constraints are especially 

severe during IPOs or that short sellers consistently profit over the short term. Competing 

results are offered by Chen and Zhang (2015) who use a unique sample of British firms for 

which a supply of lendable shares exists prior to the offering of shares to the public. Their study 

finds that the initial return is lower and longer-term stock performance is stronger when the 

supply of lendable shares is higher. The authors conclude that their results support the notion 

that short sellers improve price efficiency. They also argue that their direct measure of short-

sale supply is superior to using short sales (as do Edwards and Hanley (2010)), which is 

influenced by both supply and demand. 

Overall, the studies presented in this subsection argue that a reduction in short sales 

constraints tends to be associated with an improvement in price efficiency. The results differ 

in terms of magnitude and significance however, as well as with respect to conditioning 

variables.  

2.2.2. Evidence from short sales bans 

A number of studies have exploited bans on short selling imposed by regulatory agencies 

in various countries during specific periods to examine the impact of short selling on market 

efficiency. The period during and following the recent Global Financial Crisis is commonly 

used for this purpose. As Beber and Pagano (2013, p.343) state, “Most stock exchange 

regulators around the world reacted to the 2007–09 financial crisis by imposing bans or 

constraints on short sales.” Most studies in this area find that short sales constraints are 

associated with a deterioration in measures of market quality such as liquidity, bid-ask spreads 

and trading volume. This contrasts with the purpose commonly expressed by regulators but is 

in line with theoretical predictions as well as prior empirical findings.  

For example, Boehmer, Jones and Zhang (2013) study the effect of a temporary ban on 

most short sales in financial stocks by the US Securities and Exchange Commission during 

September 2008. Using measures including spreads, price impacts and volatility, the study 
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finds a strong decrease in market quality among the affected stocks. This result does not apply 

to small market-capitalisation stocks, however, which are found to be largely unaffected by the 

ban. The study also indicates that the ban did not lead to an increase in stock performance. In 

contrast, studying the same short sales ban, Harris, Namvar and Phillips (2013) find that 

affected stocks underwent significant price inflation during the period of the ban. The stocks 

with negative performance preceding the ban saw a reversal in this inflation after the ban. 

Bailey and Zheng (2013) investigate short selling behaviour in the US during the period from 

January 2005 through March 2009. The study finds little or no evidence that short selling is 

characterised by predatory, speculative or destabilising behaviour and concludes that short 

selling restrictions were not justified by the observed trading. 

Marsh and Payne (2012) examine the impact of a short sales ban on financial firms 

imposed in the United Kingdom between the end of 2008 and the beginning of 2009. These 

authors conclude that the ban had a detrimental impact on market quality for the affected stocks. 

In particular, they find a reduction in trading volume, order book liquidity, market efficiency 

and the role of trading in facilitating price discovery. Moreover, these effects persisted only for 

the duration of the ban. Beber and Pagano (2013) examine the effect of short sales constraints 

(if these were enacted) in 30 different countries. Again, the study finds that bans on short selling 

are associated with a reduction in market liquidity and the speed of price discovery. The later 

effect is more pronounced for negative news. Small cap stocks and stocks without listed options 

tend to experience stronger negative liquidity impacts. In contrast, market liquidity improves 

when short sales are required to be disclosed. In addition, the study concludes that there is little 

or no evidence that short sales bans are associated with an improvement in stock price 

performance.  

2.2.3. Evidence from short interest and short transactions data 

The studies discussed in the above subsections indicate that an inability to sell shares 

short tends to have a negative effect on informational efficiency. Other empirical studies 

address the efficiency role of short sellers using data about short interest or short sales 

transactions directly. A relatively early study by Figlewski (1981) argues that the level of short 
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interest of a stock for which short sales are restricted acts as a proxy for the level of adverse 

opinions about the stock that would be reflected in short sales in the absence of any constraints. 

The study finds that stocks with high levels of short interest underperform relative to those with 

low short interest, consistent with the notion that stocks in the former group tend to be 

overpriced.  

A significant contribution to this area of the literature is provided by Aitken, Frino, 

McCorry and Swan (1998) who examine the impact of short sales in the Australian stock 

market. Because short sale transaction data is available almost immediately after execution in 

this market, these authors are able to investigate investors’ reactions to short sales on a high-

frequency, intra-day basis. Their study uncovers a significant negative abnormal return on 

average following short sales, particularly when these short sales are market orders. The 

authors conclude that short sales contain important information relevant to a stock’s value 

which is subsequently incorporated into stock prices. Desai, Ramesh, Thiagarajan and 

Balachandran (2002) find a similar result using data of a lower frequency for the Nasdaq 

market. This study finds a strong negative relationship between the level of short interest and 

stock returns over the subsequent month. Moreover, firms with high levels of short interest are 

also found to be more likely to be liquidated. The authors conclude that high levels of short 

interest are bearish signals and that short sellers may possess private information. 

Asquith, Pathak and Ritter (2005) examine the relation between short sale constrained 

stocks and stock returns using more precise proxies for demand and supply. Demand is 

estimated through the short interest ratio while supply is estimated through institutional 

ownership. Consistent with the studies described above, these authors find that short sale 

constrained stocks tend to underperform. However, this effect is primarily limited to a subgroup 

of small stocks with very high levels of short interest. Moreover, short sale constraints are 

found to be relatively rare. A similar question is addressed by Boehmer, Jones, and Zhang 

(2008), who find that heavily shorted stocks earn significantly lower returns than more lightly 

shorted stocks. Their tests show that the return difference amounts to 15.6% on an annualised, 

risk-adjusted basis. The study also finds that non-program institutional short sellers make the 
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most profitable trades. The authors attribute their results to the notion that short sellers are 

informed traders whose actions impart information to stock prices, thus making markets more 

efficient. Cohen, Diether and Malloy (2007) add further precision to this line of research by 

differentiating between changes in demand and changes in supply for short selling and 

examining these effects separately. Their study finds that it is short selling demand rather than 

supply which displays a significant negative association with future stock returns. Specifically, 

a rise in short demand is associated with abnormal returns of up to -3% on average during the 

subsequent month. The authors conclude that the incorporation of private information is 

facilitated by the short sales market.  

Boehmer and Wu (2013) extend this research by considering the relation between short 

selling and a variety of additional aspects of relative informational efficiency. In particular, 

their tests show that higher levels of short selling measured at the daily level are associated 

with prices more closely following a random walk, faster incorporation of public information 

into prices, a reduction in post-earnings announcement drift and a decline in extreme, non-

information-based price innovations. Drake, Myers, Myers and Stuart (2014) adopt a somewhat 

different approach by examining the relation between short sales and the degree to which 

information about future earnings is incorporated into stock prices. The study documents a 

positive relation between the amount of short interest and the future earnings response 

coefficient. The relation is found to be strongest in instances where prices are thought to be 

less efficient (where the information environment is poor and when there are strong growth 

expectations). Overall, the authors conclude that short sellers improve market efficiency by 

enhancing the informativeness of stock prices.  

One of the few studies which present evidence against the notion that short selling 

enhances market efficiency, albeit in a very specific context, is by Henry and Koski (2010). 

Their study examines the presence of informed or manipulative trading surrounding seasoned 

equity offerings. While no evidence is found in support of the notion that informed short selling 

takes place around the announcements of seasoned equity offerings, the evidence does support 

the presence of manipulative short selling. In particular, the study documents that greater short 



 

210 

 

selling preceding a non-shelf offering tends to be followed by higher issue discounts. The 

authors argue that such trading behaviour can cause a rise in the size of the discount, thereby 

generating a profit for the short sellers but reducing price efficiency. Lamont and Stein (2004) 

consider the relation between aggregate market short interest and stock prices. In contrast to 

the cross-sectional relationship, these authors find that short interest follows a counter-cyclical 

pattern. They suggest that a possible reason may be institutional constraints on short selling in 

the form of widespread open-ended money management. Their evidence indicates that the 

stabilisation function of short selling is limited. 

In sum, several studies document a negative relation between short selling and 

subsequent stock returns. This may be indicative of short sellers playing a role in helping impart 

new information into stock prices. Other more direct measures of informational efficiency also 

appear to be positively impacted by the presence of short sellers. Thus, in contrast to some 

commentary from regulators and specific market participants, the academic literature tends to 

support the notion that short selling plays a positive role in improving market efficiency. 

3. Short seller trading strategies 

As discussed in the previous sections, theoretical models propose that short selling 

contributes to efficient financial markets. A substantial body of empirical evidence supports 

this view. As Henry, Kisgen and Wu (2015, p.89) state, “A necessary condition for short sellers 

to provide a market efficiency role is that they are informed traders.” This section provides a 

review of empirical studies which consider this condition. First, studies that examine general 

short selling strategies and the performance of short sellers are discussed. This is followed by 

a review of papers which investigate short seller behaviour around specific events and study 

the precise mechanisms by which short sellers may gain their trading or information advantage.  

3.1. General strategies 

Dechow, Hutton, Meulbroek and Sloan (2001) provide evidence suggesting that short 

sellers follow strategies based on fundamentals ratios. Their study finds that short selling is 

more concentrated in stocks with low fundamentals-to-price ratios and becomes less 
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concentrated when these ratios revert back to less extreme values. The authors suggest that this 

strategy could be consistent with exploitation of overpricing as well as earning higher returns 

due to exposure to higher risk factors. The responses received in a subsequent telephone survey 

conducted by the authors with hedge funds engaged in short selling provide support for the 

overpricing explanation. Additional evidence relating to this issue is provided by Francis, 

Venkatachalam and Zhang (2005). Their study finds that the negative relation between short 

interest and subsequent stock returns can be explained by short sellers’ exploitation of 

inaccurate market expectations in relation to firm fundamentals. Specifically, the study 

documents that high levels of unexpected short interest are associated with more severe 

earnings forecast downgrades by analysts and a greater likelihood of earnings missing the 

consensus forecast. In contrast, the results are not consistent with short sellers exploiting 

inaccurate expectations about risk. 

Diether, Lee and Werner (2009) review the performance and strategies employed by 

short sellers in US markets. Their study documents a negative relation between increases in 

short selling and short-term future stock returns, concluding that short sellers tend to be 

sophisticated investors. Short sales are found to rise following positive stock returns and 

additional tests indicate that short sellers may be following a variety of different strategies. 

These include reacting to short-term overreaction by other investors, supplying liquidity and 

performing a risk-bearing function. The negative relation between short sales and future returns 

persists even when attempting to control for these strategies, however. 

3.2. Informed short selling around specific events 

The discussion above indicates that short sellers tend to earn abnormal returns in general. 

This section describes studies which examine the performance of short sellers around specific 

events, thus providing more information about the way in which their trading or information 

advantage arises. Some of these studies attribute the outperformance which they document to 

superior information processing abilities while others suggest that information leakage from 

insiders may play a role.  
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3.2.1. Short selling prior to event announcements 

Christophe, Ferri and Angel (2004) examine short selling behaviour prior to earnings 

announcements of NASDAQ-listed stocks over the four-month period from September through 

December 2000. The study finds a significant negative relation between short selling during 

the five days before an announcement and the post-announcement stock return. Test results 

also suggest that the observed pre-announcement short selling tends to be attributable to 

information specific to the upcoming announcement rather than analysis of firm fundamental 

factors or previously released public information.  

Desai, Krishnamurthy and Venkataraman (2006) examine short selling prior to another 

type of important information event, namely earnings restatements. Their study documents 

abnormally high levels of short interest beginning several months prior to an earnings 

restatement, especially for those firms with higher levels of accruals. Short interest 

subsequently falls following the negative market reaction to the announcement of the earnings 

restatement. Moreover, the level of short interest prior to the earnings restatement is found to 

be negatively related to subsequent returns and positively related to the likelihood of the firm 

delisting. Further detail on the relation between short sales and accounting restatements is 

provided by Drake, Myers, Scholz and Sharp (2015). Like Desai et al. (2006), this study 

documents an abnormally high level of short sales for 90 days or more preceding an accounting 

restatement announcement. However, no short-term increase is found during the five days prior 

to the announcement and no evidence is found to suggest a relation between the level of short 

sales preceding the announcement and the magnitude of the announcement return. The authors 

argue that this is consistent with short sellers identifying signs of poor accounting quality, but 

not of information leakage or front-running. 

Karpoff and Lou (2010) also provide substantial evidence that short sellers are able to 

predict the occurrence of future events specific to a particular firm. In particular, their study 

documents a positive relationship between abnormal short sales and the future announcement 

of financial misrepresentation by a firm. The level of abnormal short selling is also greater 

when the misrepresentation is more severe. Again, unlike the results documented for earnings 
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announcements by Christophe et al. (2004), the level of abnormal short interest is found to be 

elevated during an extended period (up to 19 months) preceding the misrepresentation 

announcement. The study also indicates that this type of short selling can have positive effects 

for market efficiency. In particular, the misrepresentation tends to be announced more quickly 

when short selling is higher and overpricing during the period of misrepresentation less severe.  

Additional evidence that short sellers possess skills in information analysis is provided 

by Henry, Kisgen and Wu (2015). Their study finds that short selling of a firm’s stock rises in 

the months before a bond rating downgrade. These results support the notion that short sellers 

are sophisticated investors able to accurately predict downgrades. In particular, the study 

documents that short sellers appear to identify changes in default probabilities before they are 

reflected in ratings and are able to predict future changes in default risk. Furthermore, equity 

market short selling reflects future ratings downgrades before they are reflected in bond 

spreads.  

3.2.2. Short selling following event announcements 

The studies discussed above suggest that short sellers may have superior analytical 

abilities allowing them to anticipate important future events, often several months in advance. 

This subsection surveys papers which consider the behaviour of short sellers once such events 

have occurred. 

Like the studies discussed above, Engelberg, Reed and Ringgenberg (2012) find that 

short sellers derive a trading advantage through their ability to skilfully process information. 

However, these authors find that the majority of short sellers’ advantage derives from their 

ability to analyse information after it becomes publicly available. Their study examines short 

selling around releases of all corporate news events and finds that short sellers tend to trade on 

or after rather than prior to the date of news releases. Tests show that the lower future returns 

following abnormal short selling documented in prior studies is mainly attributable to the days 

of news events. This effect is especially pronounced on days with negative news. The authors 

argue that these results support the notion that short sellers profit from their ability to process 
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publically available information in a way that is superior to less sophisticated investors. In 

contrast, results are less consistent with models such as that of Diamond and Verrecchia (1987) 

which predict that news releases reduce information asymmetry and thus lower the profitability 

of trades made by informed investors. An earlier study by Daske, Richardson and Tuna (2005) 

conducts a similar analysis in examining short selling around earnings announcements and 

management forecast announcements. Tests conducted by this study fail to support the notion 

that short sales rise prior to negative announcements during a one-year period from 2004 to 

2005. Rather, short sellers are found to react to news announcements. The study suggests that 

the lack of the pre-announcement short selling documented in prior studies may be due to the 

significant rise in aggregate short sales or regulatory changes.  

Christensen, Drake and Thornock (2014) focus on a specific type of information event 

by examining short seller reactions to pro forma earnings disclosures. Their study finds that 

short sales are higher around these types of announcements relative to earnings announcements 

without pro forma earnings disclosures. Short sales are particularly high in relation to more 

aggressive pro forma exclusions. Moreover, such pro forma disclosures are found to exhibit 

negative abnormal returns for up to 20 days following the announcement. Drake et al. (2015) 

also find that short sales rise significantly over event days 0 to +1 following accounting 

restatement announcements and that these revert back to normal levels thereafter. Short selling 

is particularly high when small companies are involved and when restatements reduce 

previously reported income. Moreover, stocks with particularly high levels of short sales are 

found to earn negative abnormal returns over periods of 10 to 50 days following the 

announcement. The authors conclude that short sellers appear to react to, rather than predict, 

such restatements and that their trading is profitable. 

3.2.3. Evidence of insider trading 

Results from studies such as the one by Christophe et al. (2004) (discussed above) raise 

the possibility that some short sellers may profit from the leakage of material non-public 

information. However, this study does not explicitly test for this notion. Other researchers 
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argue more directly that the trading advantage enjoyed by short sellers may partly derive from 

information obtained from insiders.  

Christophe, Ferri and Hsieh (2010) examine short sales around analyst downgrades and 

find that short selling is abnormally high in the three days prior to such events. Moreover, the 

level of short selling is negatively related to the stock price reaction following the 

announcement of the downgrade. In an attempt to determine the source of this relationship, 

these authors distinguish between a “prediction explanation” whereby short sellers and stock 

analysts reach common conclusions from their analysis of the same public information and the 

“tipping hypothesis” under which short sellers receive information from brokerage firms about 

future downgrades. Tests concerning short sellers’ use of previously released information and 

the precise timing of the abnormal short selling are more consistent with the tipping hypothesis. 

The study also shows that firms with high abnormal short selling prior to analyst downgrades 

continue to underperform for several months after the downgrade, emphasising the 

informational role of the short selling. It should be noted that these results are disputed in a 

later study by Blau and Wade (2012). This study extends the Christophe et al. (2010) analysis 

by also considering short sales prior to analyst upgrades. It finds that abnormally high short 

selling of a similar scale takes place prior to upgrades as well as downgrades. The authors argue 

that these results indicate that short selling is of a speculative rather than an informed nature. 

Massoud, Nandy, Saunders and Song (2011) examine short selling around 

announcements related to syndicated lending by hedge funds. The study finds evidence 

indicating that material non-public information arising from the syndicated lending process is 

being used in profitable short selling strategies. In particular, the results suggest that the stock 

of borrowing firms is sold short prior to announcements regarding loan origination as well as 

loan amendments. Further evidence that hedge funds may be engaged in short selling using 

insider information is presented by Berkman, McKenzie and Verwijmeren (2013). This study 

finds that levels of short interest rise prior to the announcement of private placements and that 

the increase is negatively related to the stock return following the announcement. Moreover, 
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this relationship is found to be present only when hedge funds are involved in the private 

placements.  

Chakrabarty and Shkilko (2013) assess the relation between short selling activity and 

actions by corporate insiders. Their study finds that short selling increases on days during 

which insiders sell shares, despite such insider sales not being publicly announced until an 

average of two days after the sale. Additional tests show that only a portion of these short sales 

are attributable to an analysis of visible order flow. Moreover, they indicate that there may be 

information leakage about insider sales from the executing brokerage firms. Along similar 

lines, Khan and Lu (2013) document abnormal levels of short sales in the days preceding large 

insider sales. For small insider sales, levels of abnormal short selling are highest following the 

filing date. The authors interpret the results as being consistent with the notion of short sellers 

front running insider sales. 

Anderson, Reeb and Zhao (2012) employ a novel setting to examine the relation between 

informed short selling and organisational structure. Their study finds that abnormal short 

selling prior to negative earnings announcements is significantly higher for firms controlled by 

families relative to nonfamily firms. Moreover, this effect is stronger in cases where families 

exercise greater control in the firm. The study also documents a negative relationship between 

daily short sales and future returns for family firms and concludes that informed short selling 

is more prevalent in firms controlled by families relative to other firms. 

Overall, the studies discussed in this section suggest two broad avenues by which short 

sellers may derive their trading profits. The first is superior analytical abilities which may allow 

short sellers to identify stocks which are fundamentally overvalued or otherwise overpriced, 

better estimate the likelihood of future information events or interpret publicly available 

information in a more accurate way. The second is leaked or insider information which short 

sellers might obtain from various sources including analysts, company insiders or other 

associated parties. 
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CONCLUSION 

The three studies contained in this thesis explore three separate aspects of the investor 

decision making process. The thesis begins with a high level perspective in examining the 

decision by retail investors to enter risky asset markets. The second study takes a narrower 

view by investigating differences in risk taking between retail investors who make their 

investment decisions individually and those who interact in the decision making process. 

Finally, the third study focuses on a more sophisticated subgroup of investors and examines 

whether short sellers trade successfully in the days leading up to important announcements in 

the drug development process.  

My first study contributes to our understanding of why investors may decide not to 

participate in risky asset markets. Using survey data representative of the population of New 

Zealand households, it documents an important innate characteristic which helps explain cross-

sectional variation in participation rates. The propensity for financial planning, defined as an 

individual’s tendency to set financial goals and generate financial plans, is positively related to 

two forms of participation in risky asset markets. These are ownership of individual stocks or 

mutual funds and membership in KiwiSaver, a workplace retirement savings scheme unique to 

New Zealand. The study also shows that financial literacy continues to be an important 

predictor of participation in risky asset markets even when controlling for the propensity for 

financial planning. This indicates that the two factors influence decision making through 

separate channels. It suggests that both should be taken into consideration in developing the 

growing number of public and private initiatives aimed at better equipping households to make 

informed financial decisions.   

The second study of my thesis shifts the focus to the subset of households which have 

already made the decision to invest in risky asset markets. The study explores how social 

interaction impacts decisions related to the riskiness of stock market investments. To the extent 

that excessive risk taking harms portfolio performance, social interaction among investors 

could be viewed as a negative influence if it encourages risky trading strategies. This prediction 
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is supported by recent finance research which argues that social interaction propagates active 

and risky trading via a “self-enhancing transmission bias” (Han & Hirshleifer, 2015). On the 

other hand, outcomes from the experimental economics literature suggest that social interaction 

might moderate the level of risk taking by investors following high-risk strategies (He, 

Martinsson & Sutter, 2012). The results of my study are more consistent with the latter view. 

No evidence is found to indicate that investors’ level of risk taking rises once social interaction 

impacts upon their investment decision making process. Instead, investors who display 

abnormally high levels of risk taking in the pre-interaction period tend to reduce their purchases 

of high-risk stocks more than a control sample of non-interacting investors. The idea that social 

interaction might affect risk taking in this way is an important contribution in extending our 

understanding of investor decision making. 

The final study targets a sophisticated sub-group of stock market investors to examine a 

further aspect of investor decision making. It tests whether short sellers make profitable trading 

decisions during the period immediately prior to announcements concerning the drug 

development process. The materiality and complexity of information in this setting suggests 

two possible avenues by which investors may derive a trading advantage. First, sophisticated 

investors may possess superior abilities to process publically available information and 

profitably speculate on future information announcements. Second, material information may 

be leaked from insiders to investors before being publically announced. My study finds that 

abnormal short selling is significantly higher prior to events that are very negatively received 

by the market relative to events which are very positively received. A series of further tests 

reveals no evidence that the source of this profitability can be attributed to leakage of insider 

information. In addition to providing new evidence about an important but largely unexplored 

corporate event, this study also contributes to the literature on information processing by 

sophisticated investors. The results are consistent with prior research suggesting that the 

superior ability of sophisticated investors to analyse drug development-related information can 

allow them to earn abnormal returns (Gargano, Rossi, & Wermers, 2014).  
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