
Sources of Sample Bias in PISA 
Selectivity and Effort Differences between Shanghai and New 

Zealand 

Anran Zhao 

A thesis submitted in partial fulfilment of the requirements for the degree of Doctoral of 

Philosophy in Education, the University of Auckland, 2021. 

jdow052
Cross-Out



Abstract II 

Abstract 

The Programme for International Student Assessment (PISA) is arguably one of the most 

influential international large-scale assessments (ILSAs) and Shanghai in 2009 and 2012 

outperformed the world in all three test subjects. However, the legitimacy of such a comparison 

is questionable if sample bias exists among the jurisdictions. Two possible biases are evaluated 

in this thesis by comparing Shanghai (#1) with New Zealand (in the middle): the similarity of 

tested populations and the degree of effort in test-taking when a country’s reputation is at stake. 

In Study One, propensity score matching using demographic variables to control for 

background differences between the two samples reduced the performance gap by up to 57%. 

Matching based on performance scores found that the group of New Zealand students with 

similar performance to their Shanghai counterparts were from higher socio-economic 

backgrounds and somewhat more from urban neighbourhoods. Study Two examined Shanghai 

and New Zealand students’ test-taking effort and motivation in a between-subjects experiment 

with vignette instructions related to the test having one of three different consequences (i.e., 

none, country, or personal). In both jurisdictions, students indicated less motivation and effort 

when the country’s reputation was at stake but the gap to effort when personal consequences 

were at stake was much larger in New Zealand. This suggests Shanghai students are biased 

toward high test-taking motivation for ILSAs. Together, the two studies indicated that the large 

performance gap between Shanghai and New Zealand is likely to be a function of sample 

demographic differences and jurisdictional motivational differences in the context of the PISA 

ILSAs. 

 

Keywords: Programme for international student assessment (PISA); test-taking motivation; 

effort; test consequences; comparative education 
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Chapter 1. Introduction 1 

Chapter 1. Introduction 

1.1 Background 

The Programme for International Student Assessment (PISA), conducted by the 

Organization for Economic Co-operation and Development (OECD), is perhaps the most 

influential international large-scale comparative data system in education (Lingard & Lewis, 

2016). Since 2000, PISA has conducted triennial international surveys to evaluate education 

systems by testing the achievement of 15-year-old students in reading, mathematics, and 

science. PISA’s focus on 15-year-old students coincides with the age at which most students 

are close to finishing compulsory education, and at the very beginning of senior secondary 

education (OECD, 2016). In addition to the 35 members of the OECD, other countries and 

economies can choose to participate in PISA. For example, in PISA 2012, 65 countries and 

economies participated and in PISA 2015, 72 regions joined. In both cycles, Shanghai 

(China) participated as a single region, and surprisingly ranked first place in all three 

subjects. In PISA 2012, Shanghai had a mean score of 613 points in mathematics literacy, 

119 points higher than the OECD average (i.e., around one standard deviation), which 

represents approximately three years of schooling (OECD, 2014a). Shanghai’s performance 

in PISA 2009 and 2012 attracted much attention to the Shanghai education system (Liang et 

al., 2016; Tan, 2013, 2019). Some countries (e.g., the United Kingdom and Australia) 

referred to the Shanghai system alongside other Asian educational systems as role models for 

educational reforms (Lingard & Sellar, 2013; Sellar & Lingard, 2013a, 2013b). 

However, doubts have been raised regarding the validity of Shanghai’s international 

ranking in PISA (Loveless, 2014). Firstly, as dictated by Bray and Thomas’s framework for 

comparative education (Bray & Thomas, 1995), Shanghai as a municipality is not on the 

same geographic level as other countries. As a result, comparing Shanghai to other countries 

ignores the population diversity differences across cultures, especially when the city is 
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heavily influenced by government policies on the make-up of its population (i.e., household 

registration system). Secondly, making valid inferences from international large-scale 

assessments (ILSAs) such as PISA itself is dependent on the assumption that the comparison 

is bias free/comparable (van de Vijver & Poortinga, 1997). Specifically, the methods, 

constructs as well as items should be comparable across cultures so that the observed 

differences in performance are attributable only to the cognitive abilities (i.e., lack of method, 

construct and item bias). In other words, students from two societies with the same skill level 

should in theory achieve the same result. However, research has shown that these 

assumptions are often challenged in the context of ILSAs (Asil & Brown, 2016; Braun & 

Singler, 2019; Ercikan et al., 2015; Rutkowski & Rutkowski, 2013; Sellar et al., 2017; Singer 

& Braun, 2018).  

Considering the worldwide impact of PISA in terms of the extensive media coverage 

(Braun & Singer, 2019; Candido et al., 2020; Johansson, 2016) and on educational policies 

(Alexander, 2012; Johansson, 2016; Teltemann & Kileme, 2016), it is thus essential to 

understand the extent to which the results from such projects could be trusted as evidence of 

policy reforms. Previous research has investigated the construct and item bias aspects of the 

cross-cultural comparability of PISA. For example, empirical research has examined the 

comparability of the cognitive assessments of PISA (Asil & Brown, 2016; Kankaraš & 

Moors, 2014; Oliveri & Ercikan, 2011 to name a few) as well as the comparability of non-

cognitive questionnaires (He et al., 2018; Liaw et al., 2018; Rutkowski & Rutkowski, 2013; 

Rutkowski & Svetina, 2014; Lee & von Davier, 2020 among others). One common finding 

from these studies is that the constructs (cognitive and non-cognitive) all demonstrated non-

equivalence across societies, indicating that nuisance factors unrelated to the constructs are 

influential to the construct score, thus threatening the validity of the project.  
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On the other hand, method bias contains three facets: sample bias, instrument bias, 

and administration bias. In the context of ILSAs, it is argued that method bias “tends to have 

a globally upward or downward influence on cross-cultural score differences” and “as a 

consequence, method bias differences will become part of global mean differences, may be 

hard to be factored out, and can be easily mistaken for real differences” (van de Vijver, 2018, 

p. 51). Different response styles across cultures is a common source of instrument bias that 

threatens the comparability of the instruments (van de Vijver, 2018). He et al. (2020) have 

evaluated four methods to mitigate the issue of instrument bias for Likert-scale data, of which 

two were design-based methods (i.e., anchoring vignettes and overclaiming) and two were 

post hoc statistical corrections (i.e., ipsatization and extreme response style correction). They 

concluded that no correction method was in clear advantage over the others. Administration 

bias has to do with different administration conditions of the assessments across countries. 

For example, different data collection modes, instruction ambiguity, communication 

problems etc.  

Sample bias, the focus of this thesis, concerns the comparability of the samples and 

whether the comparisons are made on an apples-to-apples basis. However, less research is 

seen around the sample bias aspect of cross-cultural comparability (for exceptions see Arikan 

et al., 2016, 2018; Gill & Benton, 2013; Strietholt et al., 2013). Among the research that 

investigated sample bias in PISA, none systematically examined the Shanghai sample beyond 

the representativeness of its sample to the municipality itself and to the country (Dronkers, 

2015; Loveless, 2014; Sands, 2017; Schneider, 2019; Strauss, 2013; Xu & Dronkers, 2016) – 

and nevertheless, these articles concluded that the Shanghai sample was markedly less 

representative of the country than in other jurisdictions, not due to the sampling procedure, 

but to the mere status of the city. Given that Shanghai students have repeatedly stunned the 
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world by their performance in PISA, there is a need to understand the type and impact of the 

potential sample biases associated with Shanghai’s participation in PISA.  

1.2 Potential Sources of Sample Bias When Comparing to Shanghai 

In cross-cultural comparisons, sample bias occurs when the samples being compared 

have different background characteristics (van de Vijver & Tanzer, 2004). In other words, to 

ensure comparisons are conducted on an apples-to-apples basis, the comparison groups 

should have similar enough demographic characteristics, at least on the ones that are 

influential to performance. Literature has identified potential sources of sample bias when 

comparing Shanghai to other countries, such as the elite status of Shanghai’s population in 

relation to China as a whole country, as well as Shanghai students’ motivation to perform 

well in assessments that are not personally relevant but important to the country’s reputation 

(ILSAs).  

1.2.1 Demographic compositions 

China has not participated in PISA as a whole country. Instead, Shanghai participated 

as a single region in both PISA 2009 and 2012 cycles. In PISA 2015, Beijing, Jiangsu 

province, and Guangdong province together with Shanghai participated as an entity called B-

S-J-G (China). Then, in the latest cycle of PISA 2018, Guangdong province was replaced by 

Zhejiang province and together the four regions joined as B-S-J-Z (China). Except for the 

2015 cycle, China’s participation all ranked first in all the testing domains. The argument of 

the legitimacy of China’s superior performance has become a topic of interest for many 

scholars.  

The criticism of China’s participation generally focuses on the representativeness of 

the China’s sample to the whole Chinese population (Gruijters, 2020; Sellar et al., 2017; 

Singer et al., 2018) and to the participating regions (i.e., Shanghai in PISA 2009 and 2012; B-
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S-J-G in PISA 2015, and B-S-J-Z in PISA 2018). Specifically, to cherry-pick regions to form 

a partial participation in PISA arguably puts other countries at a disadvantage in the global 

“league table” (Schneider, 2019). Moreover, there are certain characteristics of the Shanghai 

sample that are not observed in other countries which may exacerbate the potential sample 

bias when comparing a city (Shanghai) with participating countries.  

Firstly, China implements the household registration system (hukou) with which 

internal migration is tightly regulated by the government. Migration is possible however it 

involves a change of hukou status from the source to the destination (Chen & Feng, 2013). 

One’s hukou status determines his/her entitlement to social services such as education, 

medical systems etc., which are funded mainly by the local governments (Chan & 

Buckingham, 2008). Though literature has suggested migrant students (within or between 

countries) face obstacles enrolling in schools (OECD, 2017a; Temin et al., 2013), the 

situation is particularly pronounced in China where the hukou system institutionally puts 

migrant students at a disadvantage by limiting their access to education (Bernard et al., 2018; 

Chen & Feng, 2013; Liang & Chen, 2007; Moss & Goldstein, 2014). Specifically, the hukou 

system sets restrictions on non-hukou migrant students going to the recipient city’s local 

schools. Though education is compulsory prior to senior secondary school in China and 

recipient cities are required to take in migrant students in local schools (Tucker, 2014), 

students without local hukou typically do not have equal access to urban schools as their 

hukou counterparts (Hu & West, 2015; Lan, 2014; Loveless, 2014; Wei & Hou, 2010; Zhu, 

2018; Zhu & Deng, 2019). Further, the hukou system also sets restrictions for non-hukou 

migrant students from going to local academic senior secondary schools as well as taking the 

university entrance examination (Gaokao) in the recipient city (Qian & Walker, 2015; 

Kaland, 2021; Zhu, 2018). This restriction of schooling resources based on legal residency 

status is not practised in OECD jurisdictions.  
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Secondly, Shanghai is one of the leading coastal cities of China and has robust 

economic indicators relative to the whole of China. In 2020, the disposable income per capita 

in Shanghai ranked first among all regions in mainland China with 72,232 RMB (≈ 11,184 

USD) – approximately 2.24 times more than the average for China overall (32,189 RMB, ≈ 

4,984 USD). Therefore, Shanghai as a metropolis is not only more affluent compared to other 

regions within China, but also has a more selective and elite population.  

Thus, one of the objectives of this project is to match the Shanghai sample with the 

New Zealand sample on the socio-economic status and immigration status, along with other 

demographic variables to mitigate the potential sample bias caused by the Shanghai sample’s 

special status (Section 4.2).   

1.2.2 Examinee test-taking motivation 

It is typically presumed that when students are tested, they do their best (Dorans, 

2012; Wise, 2015). This assumption arises because tests usually have important 

consequences for individual test-takers (e.g., selection, promotion, opportunities). However, 

considerable research (Knekta & Eklöf, 2015; Thelk et al., 2009; Wise & DeMars, 2005) has 

shown that test-taking motivation is not automatically high and is highly variable across 

jurisdictions when tests are designed to describe jurisdictional performance rather than 

evaluate individuals as such (Akyol et al., 2018; Gneezy et al., 2019; Zamarro et al., 2019). 

This is important in the case of ILSAs such as PISA and TIMSS. Clearly, comparison of 

ranks and scores on ILSAs is problematic if it cannot be assumed that students in different 

jurisdictions have expended similar effort (Wise et al., 2020).  

As the highest performing region in PISA, Shanghai was treated as a role model for 

its effective educational system (OECD, 2014a). It is thus important to understand Shanghai 

students’ motivation to perform well when sitting a test that is not personally relevant but is 

important for a country’s international ranking. Considering the cultural norm in China where 
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effort is highly valued (Li, 2002), as well as the extensive usage of summative and high-

stakes assessments throughout schooling, it may well be that Shanghai’s stellar performance 

reflects persistent test effort independent of the consequence attached to a test. Because test-

taking effort may lie in the beliefs students have about the nature and purposes of tests 

(Brown et al., 2009; Brown & Hirschfeld, 2008; Wise & Cotten, 2009), it may be that 

Shanghai students think that high effort is needed on any and all tests compared to students 

from other countries where tests are usually for formative and diagnostic purposes with low 

personal consequences attached.  

1.3 New Zealand as the Reference Group 

New Zealand is chosen in this doctoral thesis as the comparison reference group to 

contrast with Shanghai for several reasons. Firstly, according to the PISA 2012 technical 

report (OECD, 2014b), New Zealand had a national 15-year-old population coverage rate1 of 

88%, which was in the higher range of coverage rates and was somewhat higher than 

Shanghai’s figure of 79%. This means that the New Zealand PISA sample is fairly 

representative of its 15-year-old population. Secondly, among those countries with higher 

national population coverage rates, the achievement gap between Shanghai and New Zealand 

was comparatively wide. This contrasts with, for instance, Finland which had a coverage rate 

of 96% but its performance was much closer to Shanghai. Hence, this contrast creates 

meaningful difference. Further, New Zealand had above OECD average performance across 

all three domains, meaning that comparison to Shanghai would not be hindered by large 

extreme differences in performance. Moreover, in contrast to Shanghai’s testing culture 

introduced above (Section 1.2.2), formative assessments predominate over summative 

 

1 National 15-year-old population coverage rate represents the proportion of PISA eligible non-

excluded 15-year-olds in the entire national 15-year-old population pool according to national 

statistics (OECD, 2014b). 
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evaluations throughout primary and secondary schools in New Zealand (Harris et al., 2014), 

meaning the educational and psychological context of PISA testing is quite different to that of 

Shanghai counterparts. Thus, by using New Zealand as the reference group, this thesis was 

able to systematically contrast sample selection and student attitudes to tests between the two 

societies. The large differences in the societal contexts and practices should shed light on the 

fundamental question as to whether PISA result comparisons have validity. 

1.4 The Current Study 

Informed by previous research regarding the cross-cultural heterogeneity of students’ 

background characteristics and test-taking motivation in international large-scale 

assessments, this doctoral thesis has three research aims: 

• Aim 1: To what extent did Shanghai and New Zealand students differ in terms 

of demographic characteristics? 

• Aim 2: To what extent did Shanghai and New Zealand students differ in terms 

of test-taking motivation? 

• Overarching Aim 3: Will the performance gap reduce if the sample bias between 

Shanghai and New Zealand is controlled for?   

Research Aims 1 and 2 try to examine whether comparing Shanghai and New Zealand 

is on a like-with-like basis. Research Aim 1 pertains to the demographic composition aspect 

of sample comparability. Specifically, what are the complexities of comparing a developed 

city in a developing country (i.e., Shanghai, China) to a developed nation (i.e., New 

Zealand)? Do they have comparable background characteristics for the comparison to be 

meaningful? Research Aim 2 pertains to the examinee motivation aspect of sample 

comparability. Considering the different societal and cultural norms, and students’ 

experiences with tests in their schooling between Shanghai and New Zealand, do they have 

similar levels of test-taking motivation when participating in a test that is not personally 

relevant but important to their respective county’s international reputation such as PISA? 
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Lastly, an overarching Research Aim 3 is proposed that combines the inferences from the 

investigation of the first two research aims. That is, if sample biases do exist between 

Shanghai and New Zealand in terms of demographic composition and examinee motivation, 

what is the impact of the biases on students’ performance in PISA? In other words, if the 

biases can be controlled for, will this reduce the performance gap between the two 

jurisdictions?  

1.5 Significance of the Research  

The OECD has portrayed Shanghai’s educational system as a role model for its 

quality and equity (OECD, 2014a). Though the legitimacy of Shanghai (China)’s 

participation in PISA has been criticised based on the sample representativeness, little 

research has investigated the impact of the special status of the Shanghai sample on their 

performance. Drawing on the sample equivalence assumption of cross-cultural comparability 

(van de Vijver, 2018), this thesis aims to examine the sources of potential sample bias when 

comparing Shanghai to New Zealand, and the impact of sample bias on the performance gap 

between the two jurisdictions. This thesis is significant to the interpretation of international 

large-scale assessments reports as it poses important questions on the validity of cross-

cultural comparisons and proposes more robust interpretations of the international league 

table.  
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Chapter 2. Literature Review 

This chapter reviews existing literature on international large-scale assessments 

[ILSAs], issues related to the comparability of ILSAs, and contributing factors to 

performance. In the first section, the complexities of ILSAs and the caveats are reviewed. 

Specifically, the review focuses on the comparability of ILSAs in terms of construct bias, 

item bias and method bias. In the second section, contributing factors to students’ 

performance are reviewed focusing on the impact of socio-economic status (SES) and test-

taking motivation. Because the thesis focuses on the comparison between Shanghai and New 

Zealand, the third section lays out the context of this thesis. In the last section, building upon 

the literature review, research questions are presented.  

2.1 Comparative Education 

2.1.1 Bray and Thomas’s framework of comparative research  

Comparative research can be conducted across different geographic entities, cultures, 

policies, and systems (Manzon, 2007). Bray and Thomas (1995) developed a cubical 

framework for educational comparative analyses that classified comparative studies by their 

levels and types. The three dimensions of the cube are geographic/location (e.g., country-

level, provincial-level), aspects of education (e.g., curriculum, political change), and non-

locational demographic groups (e.g., ethnicity group, gender group) (see Figure 1). 

According to the framework, each comparison should correspond to a cell within the cube. 

For example, a comparative study in education could compare the impact of curriculum 

between two countries for girls. The aim of the framework is to use multilevel analyses to 

conduct comparative education studies in order to provide a comprehensive, and multifaceted 

view of the educational phenomenon. They argued that much research in comparative studies 
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is at the two-dimensional level. As a result, the lower-level patterns shaped by the higher 

level or vice versa are neglected (Bray et al., 2007)  

 

Figure 1. Bray and Thomas’s framework for comparative education analyses. (Bray & 

Thomas, 1995, p. 475)  

The Bray and Thomas cube framework has been employed extensively in the 

comparative education field (Arnove, 2001, 2013; Ferrer, 2002). However, comparing 

education systems on a country level has been constantly challenged (Mitter, 2004). Scholars 

argue that in some countries, the variation within the nation context is as big as cross nation 

contexts (Gorard, 2001; Sellar et al., 2017). Manzon (2007) pointed out that making 

comparisons using the state/province unit is more appropriate when there are significant 

regional disparities within the country. Moreover, sub-national unit comparisons could also 

be conducted within a country or between countries.  

This thesis compares the impact of socio-economic status and test-taking motivation 

on PISA 2012 results between Shanghai and New Zealand using PISA data. However, the 

comparison is complicated for two reasons. First, concerning the location dimension in the 

Bray and Thomas’s cube, Shanghai is on level 3 (provincial-level) whereas New Zealand is 

on level 2 (country-level). Second, there are significant regional disparities in China. The 

homogeneity within China cannot be assumed when Shanghai possesses twice the GDP per 
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capita of China on average. These two complications thereby lead to the biggest challenge of 

this thesis: How to obtain a sub-sample from the New Zealand PISA 2012 dataset that is 

similar in terms of socio-economic status to the relative position where Shanghai stands in 

China, while ensuring the derived sample is large enough to make robust comparisons.  

2.1.2 The (non)comparability of international large-scale assessment 

“The influential role of PISA in national policy decisions seems to be based on the 

general acceptance that PISA tests are reliable and valid instruments because they are 

equivalent measures across all languages and countries and, thus, legitimately provide 

international comparison of student performance” (Asil & Brown, 2016, p. 75). However, E. 

Smith (2008) pointed out that in spite of the many benefits of secondary data, one should bear 

in mind that it often does not lead to meaningful comparisons across groups due to many 

factors unrelated to the test. For instance, when two students from two different societies with 

the same skill level score the same, the assessment is deemed culturally fair (Hui & Triandis, 

1985; Kankaraš & Moors, 2014). In reality, this ideal is commonly violated due to nuisance 

factors (or bias) such as content and format familiarity, socio-economic status, cultural 

values, standard of living, examinee motivation, response biases and so on (Hambleton & 

Kanjee, 1993; Hui & Triandis, 1985; van de Vijver & Poortinga, 1997). In other words, the 

comparability of the results will be compromised if these differences are not accounted for 

(Braun & Singer, 2019). Therefore, it is important to understand the extent to which the 

observed cross-cultural differences on performance are due to cognitive abilities, and the 

extent to which the score gaps are impacted by these nuisance factors. This section reviews 

literature regarding the sources of non-comparability in ILSAs and measures to control for 

these biases when applicable.  
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2.1.2.1 Sources of non-comparability in ILSAs. Sellar et al. (2017, para. 2) noted that for 

ILSAs to be fair to all jurisdictions, they will need to: 

assess students in all nations at the same age and grade, and they would have to be 

sure that questions presented in Greek, Finnish, English, French, and other 

languages were interpreted the same way in each nation; that pictures and problem 

contexts for questions were interpreted the same way in each nation; that the samples 

of students drawn in each nation yielded students for testing that were highly 

comparable; that the nature of test preparation for a particular GLM (Global 

Learning Metrics) was relatively equal; and so forth.  

They argued that these problems are the fundamental assumptions in conducting fair 

comparisons among national and/or sub-national educational systems. Van de Vijver and 

Poortinga (1997) categorised three types of nuisance factors that could challenge cross-

cultural comparability: construct bias, item bias, and method bias (also see van de Vijver & 

Tanzer [2004]). Specifically, in the cross-cultural context, when the measured construct is not 

identical, or perceived similarly, the instrument causes construct bias. For example, the 

construct of filial piety is particularly prone to construct bias in cross-cultural comparisons as 

the required behaviours associated with being a good son or daughter are not homogeneous 

between Western and non-Western societies (Kağitçibaşi, 1996; van de Vijver & Tanzer, 

2004). In other words, construct bias pertains to the underlying concept of the instrument and 

whether it is conceptualised similarly in the comparison groups. Therefore, it is only possible 

to compare Western and non-Western groups on the levels of filial piety on the subset of 

behaviours that are common between the two groups, while bearing the caveat that the 

measure is not capturing the whole picture of filial piety in either group (van de Vijver & 

Tanzer, 2004).  

Secondly, item bias is associated with local item level distortions to the measure. Item 

bias occurs when students from different jurisdictions with the same skill level (usually 

operationalised as the same total score) on the construct being measured (e.g., mathematics, 
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anxiety etc.) score differently on an item. Item bias can be caused by translations, ambiguities 

and items not appropriate in a certain culture, society, et cetera (van de Vijver & Tanzer, 

2004). For instance, consider students from the U.S. and Japan with the same socio-economic 

status, it would not be unexpected if U.S. students reported having more vehicles in the 

household than their Japanese counterparts, as having many vehicles has different 

implications in the U.S. than Japan (convenient public transportation in Japan). In such cases, 

the inclusion of the item how many vehicles do you have in your house will invalidate the 

total score comparison of socio-economic status between the two jurisdictions (i.e., 

disadvantage Japanese participants). Creating bias free items is important to make sure that 

the scores are truly reflective of the underlying traits rather than other nuisance factors 

unrelated to abilities/traits.  

The last source of bias identified in Van de Vijver and Poortinga (1997) is method 

bias, which in turn includes three distinct components: sample bias, instrument bias, and 

administration bias. In international large-scale assessments, sample bias is particularly of 

concern (van de Vijver, 2018). Sample bias occurs when the samples being compared differ 

not only in the construct measured, but other factors such as participants’ motivation to 

perform, familiarity to test situation, recruitment procedures (van de Vijver & Tanzer, 2004) 

and particularly for ILSAs, students’ background variables such as socio-economic status, 

immigration status, et cetera (van de Vijver, 2018). As it is practically impossible to match 

students exactly on all the non-construct related aspects in ILSAs, cross-cultural score 

differences can therefore be attributed not only to cognitive abilities, but to the extent to 

which the samples are not comparable.  

To sum up, the comparability of ILSAs depends on to what extent the measures and 

samples are bias free (or equivalent) across cultures. Thus, it is important to take into 

consideration the nuisance factors/bias that are unrelated to the underlying abilities or traits 
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for adequate inferences to be made from such projects. The remainder of this section (Section 

2.1.2) provides literature on international large-scale assessments comparability issues in the 

aspects of sample bias, construct bias as well as item bias (discussed in tandem with construct 

bias), with special attention paid to PISA and the participation of China.  

2.1.2.2 Sample (non)comparability of ILSAs. Ranking students based on their performance 

internationally is an intuitive idea. However, students’ performance on an assessment is not 

purely dependent on the educational quality that the system provides but is also influenced by 

other factors such as demographic background (i.e., immigration status, socio-economic 

status), access to social services, as well as examinee motivation (Braun & Singer, 2019; 

Horace Mann League & National Superintendents Roundtable, 2015). One key issue of 

ILSAs is “whether we are really comparing like with like” (Forestier & Adamson, 2017, p. 

364) as comparisons are meaningful only when students from different countries have similar 

characteristics (Strietholt et al., 2013). The differences in students’ various backgrounds 

contribute to incomparability of samples or sample bias (van de Vijver & Tanzer, 2004). For 

instance, ILSAs usually defines the target population by a particular age group (i.e., PISA) or 

grade level (e.g., TIMSS). However, the contextual differences of the criteria still pose 

serious threat to the validity of the comparison. For example, as TIMSS sets the target 

population as grade 4 and grade 8 students, their age could range from 9.7-11.2 years, and 

13.7-15.8 years, respectively. In setting the target population to a certain age group, such as 

PISA’s focus on 15-year-old students, participants’ length of schooling at the time of the 

assessment could differ by up to three years (Leung, 2014). Further, as the sampling of such 

assessments focuses on students who are enrolled in schools, a portion of eligible students in 

terms of age will not be sampled because they are no longer in school (Hanushek & 

Woessmann, 2011). For example, only 56% of 15-year-olds are enrolled in school in 

Vietnam. Inferences made based on such a selective sample are inaccurate to generalise to the 
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whole population of 15-year-olds in Vietnam (Sjøberg & Jenkins, 2020). The exclusion of 

these students compromises the representativeness and comparability across countries.  

Immigration status is another source of sample bias. In van de Vijver (2018), the 

author stated that in Western counties such as Australia and New Zealand, there is always a 

substantial proportion of first-generation immigrant students participating in ILSAs who 

come from different linguistic backgrounds, which will potentially put them at a 

disadvantage. In the case of Shanghai, as it is a city rather than a country, the concept of 

immigration differs from that in a country. Immigrants in Shanghai include not only students 

from other countries, but students from other parts within China (Xu & Dronkers, 2016). The 

latter group does not necessarily experience language difficulties, but other barriers such as 

access to local schools (Qian & Walker, 2015; Wang & Holland, 2011). In fact, Shanghai’s 

participation in PISA was criticised for not being inclusive due to the restrictions of the 

household registration system (hukou), which resulted in school age potential non-hukou 

migrant students not coming to Shanghai with their migrant parents or having to go back to 

their hukou location for academic senior secondary schooling (Loveless, 2014), or drop out of 

school and become new generation peasant workers (Chan, 2014). 

Critics argue that China’s participation in PISA was neither representative of the 

country as only the wealthiest jurisdictions were in the sample, nor representative of the 

jurisdiction as there are external barriers restricting migrant students from going to local 

schools (Candido et al., 2020). For instance, the PISA 2012 Shanghai sample represents 

78.8% of 15-year-olds in Shanghai (OECD, 2014b). However, among the Shanghai PISA 

sample, Chan (2014) argued that no more than 6% of them were non-hukou migrant students 

despite comprising around 31% of all 15-year-olds living in Shanghai. Further, Xu and 

Dronkers (2016) found that first-generation migrant students (PISA’s definition of migrant 

students: both the student’s parents and the student were born outside of Shanghai) who 



Chapter 2. Literature Review 17 

actually made it to local Shanghai senior secondary schools, were most likely from highly 

affluent families. They argued that these families have managed to become Shanghai 

residents because they either had the resources to send them to local senior secondary schools 

or had managed to obtain local hukou for their children.  

The special case of China’s participation in PISA continued in PISA 2015 and 2018 

where China’s sample extended to four jurisdictions (i.e., Beijing-Shanghai-Guangdong-

Jiangsu in PISA 2015 and Beijing-Shanghai-Jiangsu-Zhejiang in PISA 2018) as opposed to 

Shanghai only. Cautions were called upon when interpreting China’s PISA performance, as 

such cherry-picking participation was argued to invalidate any comparisons given PISA 

usually presents country-level average performance (Moss & Goldstein, 2014; Sellar et al., 

2017). Analysis of Australia’s PISA 2009 results found that if Australia only picked 

jurisdictions such as Australian Capital Territory (ACT) and Western Australia (WA), the 

two jurisdictions would have made it to the top-five on the league table (Gorur & Wu, 2015). 

However, state-by-state comparisons of PISA results can only be conducted in a few 

countries such as Australia as they oversample for PISA than what is stipulated.  

The composition of background characteristics such as socio-economic status and 

home resources also contribute to sample bias in ILSAs. As ILSAs league tables are often 

referenced by politicians as grounds for policy borrowing (Crossley, 2014; Gorur & Wu, 

2015; Winstanley, 2012), inferences made from such comparisons ought to take into 

consideration background differences of the participating societies. In a research report 

investigating jurisdictions that were similar enough to the U.K.’s sample in PISA 2009, they 

found that among the 74 jurisdictions, only 34 had more than 20% of the original sample size 

that were comparable to the U.K. after matching on home possessions (Gill & Benton, 2013). 

The retained jurisdictions that were deemed as comparable to the U.K. were mostly Western 

Europe or other English-speaking countries. They argued that the other jurisdictions were too 
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dissimilar to the U.K. for any meaningful comparisons to be made. Thus, borrowing 

educational policies from those high PISA ranking societies that are fundamentally non-

comparable would be of little benefit. Similarly, Arikan et al. (2018) matched Indonesia, 

Turkey, Australia, and the Netherlands samples using PISA 2012 data on students’ 

background characteristics such as socio-economic status and found only between Australia 

and the Netherlands could adequate matches be reached.  

Lastly, as ILSAs usually bears no personal consequences to the examinees, students’ 

motivation to perform well might differ due to different cultural norms. Gorur and Wu (2015) 

argued that Australian students’ PISA performance in 2009 was negatively impacted by their 

low motivation as indicated by their low test-completion rate. The impact of low test-taking 

motivation on ILSAs has been investigated extensively (to name a few: Akyol et al., 2018; 

Hopfenbeck & Kjærnsli, 2016; Wise et al., 2020). A detailed literature review of test-taking 

motivation is presented in Section 2.2.2.  

2.1.2.3 Construct and item (non)comparability of ILSAs. Having comparable samples is just 

a first step to ensure comparability of ILSAs results. Drawing meaningful inferences from 

ILSAs is also contingent on obtaining comparable data across groups (He et al., 2020; van de 

Vijver & Leung, 1997). Construct bias and item bias challenge the validity of ILSAs 

measures (He et al., 2020). Controlling for construct and item bias in tandem ensures that the 

items representing the measures (cognitive or non-cognitive) capture the same underlying 

trait (e.g., mathematics ability, self-efficacy) and are bias free so that students with the same 

trait could score the same across cultures.  

Literature regarding the non-sample bias aspects of ILSAs focuses on the 

comparability of the cognitive assessments themselves and the comparability of non-

cognitive background variables. Regarding the comparability of cognitive assessments, 

Arikan et al. (2016) found that, among the five booklets used in TIMSS 2007, none of them 
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demonstrated metric invariance between Australia and Turkey, suggesting the prevalence of 

item bias in every booklet. Similarly, Asil and Brown (2016) investigated the comparability 

of PISA 2009 reading literacy using Australia as the reference line. They found construct bias 

with medium to large effect sizes in 31% of the jurisdictions, and that the size of bias was 

significantly associated with socio-economic status – the more similar the jurisdiction was to 

Australia in terms of educational system and economy, the less likely there was construct bias 

in the reading test.  

On the other hand, the comparability of non-cognitive constructs is also of interest in 

literature (He et al., 2018), particularly for the socio-economic status (SES) measurements in 

PISA as SES is the most used variable aside from achievement scores in secondary analyses 

of PISA data (Avvisati, 2020; Sirin, 2005). Rutkowski and Rutkowski (2013) examined the 

model level comparability (construct bias) of one of the indicators for PISA’s SES (i.e., home 

possessions [HOMEPOS]) based on PISA 2009 data and found only configural equivalence 

(i.e., assuming the same latent construct, however items function differently within the 

construct across groups) could be supported for the subscales Wealth, Home Educational 

Resources, and Home Cultural Possessions of HOMEPOS. They further concluded that 

thorough inspections should be practised when conducting cross-country comparisons using 

PISA’s SES.  

The notion of non-comparability is intuitively simple to understand. One of the most 

widely used examples is that the number of cars a family possesses has different implications 

across the world as described in Section 2.1.2.1. In New Zealand, cars are easily accessible 

and the associated costs of cars are more affordable compared to those in Shanghai, where 

cars are more expensive and the government has made strict regulations on private car 

registrations as a means to control traffic. For example, one of the ways to register a car in 
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Shanghai is through an auction, which achieved a mean price of 61,827 RMB (≈ 9,924 USD2) 

per license plate in 2012. Therefore, it is apparent that owning four cars in Shanghai 

represents a different level of wealth (presumably wealthier) than in New Zealand. However, 

such differences were not taken into account in PISA 2012 except for national specific 

household items and the possessions of a DVD player and a dishwasher.  

Building upon the work of Rutkowski and Rutkowski (2013), Pokropek et al. (2017) 

investigated the item level fit and misfit (i.e., item bias) of the HOMEPOS index using PISA 

2000 and PISA 2012 data across OECD countries only, and found that both the cross country 

and longitudinal comparability of the HOMEPOS index were especially questionable for 

items such as the possessions of software, TV, poetry, literature books, and art. 

Comparability was also especially questionable among countries that experienced rapid 

economic changes such as Greece and Spain. Similarly, Lee and von Davier (2020) expanded 

the scope of the item level fit examination of HOMEPOS to six PISA cycles and among all 

nationally representative regions. They found that items such as the possessions of bathroom, 

TV, dishwasher, classical literature, poetry, and cars were not comparable across country-by-

language groups3. To mitigate the problem of cross-country and cross-time non-

comparability, Pokropek et al. (2017) as well as Lee and von Davier (2020) both constructed 

partially invariant HOMEPOS models as a means to improve the cross-country comparability 

of the construct. Based on the partial invariance models, factor scores were extracted and 

both studies reported higher levels of comparability (i.e., cross country and cross time) and 

within-group accuracy.  

 
2 The yearly closing exchange rate was 6.23 per RMB to USD in 2012 (Macrotrends, 2020).  

3 In Lee and von Davier (2020) and PISA 2015 (OECD, 2017), students within countries were also 

grouped by the language they used for the cognitive assessments.  
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Extending the comparability from HOMEPOS to the broader indicator of socio-

economic status, Sandoval-Hernandez et al. (2019) analysed the measurement invariance of 

the PISA’s socio-economic status index (i.e., comprised of three indicators, namely parents’ 

highest occupation status [HISEI], highest education of parents in years [PARED], and 

HOMEPOS) across three international large-scale assessments (i.e., PISA, TMISS, and Third 

Regional Comparative and Explanatory Study [TERCE]). They found that only TERCE 

achieved equivalence of SES beyond the configural level (i.e., model form equivalence). 

Avvisati (2020) in a recent review study identified a few potential sources of non-

comparability for HISEI and PARED, which have not been examined extensively in the 

literature. He found that misreporting and missing answers were common reasons that might 

have affected the validity and reliability of the two indices. Moreover, Avvisati noted that the 

same occupation might represent different levels of prestige in different contexts, which may 

cause non-comparability for HISEI as an indicator of SES.  

Given the scrutiny in literature regarding the comparability of PISA’s SES measure 

and the importance of SES on students’ performance, it is surprising to see that there has 

been little research that corrected PISA’s SES measures in secondary analyses. In fact, most 

of the research concerned about the cross-country comparability of SES was technical 

research investigating the comparability of the measure itself. To address this concern, in this 

thesis, the comparability of PISA’s SES measurements between Shanghai and New Zealand 

was examined and corrected prior to subsequent analyses.  

2.1.2.4 Examine construct and item bias. Construct equivalence/invariance is usually 

evaluated using multiple-group confirmatory factor analysis with invariance testing (MGCFA 

MI) under the structural equation modelling framework. The testing of measurement 

invariance statistically investigates “whether or not, under different conditions of observing 

and studying phenomena, measurement operations yield measures of the same attribute” 
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(Horn & McArdle, 1992, p. 117). Three levels of invariance (i.e., configural, metric, and 

scalar) are usually sequentially tested to examine whether the measurements are perceived 

similarly across cultural groups (Vandenberg & Lance, 2000). Specifically, configural 

invariance examines whether the construct form is equal among groups, metric (weak) 

invariance tests whether the factor loadings are equal among groups, and scalar (strong) 

invariance investigates whether the item intercepts are equal among groups. Scalar invariance 

is usually required in multiple group analyses to make sound comparisons of means across 

groups (Meredith, 1993). However, it is rarely achieved in practice, especially in the case of 

ILSAs (Davidov et al., 2014; Marsh et al., 2018).   

When construct equivalence is violated (prevalence of construct bias), statistical 

procedures can be conducted to detect items that present item bias (Arikan et al., 2016). Item 

level non-equivalence is referred to as differential item functioning (DIF) in item response 

theory (IRT) literature (Stark et al., 2006). Parametric methods such as logistic regression, 

item response theory likelihood ratio test, or non-parametric methods such as Mantel-

Haenszel are normally used to detect items with DIF (Teresi, 2006). Recently, multiple-group 

concurrent calibration with partial invariance constraints (MGIRT MI) are also used to isolate 

the locations of items that present large deviations (items with DIF) between groups (Glas & 

Jehangir, 2013; Oliveri & von Davier, 2011; von Davier & von Davier, 2007; Yamamoto et 

al., 2013). Then, the equality constraints of the DIF items could be relaxed in order to form 

partially invariant models (Avvisati et al., 2019; Buchholz & Hartig, 2019; von Davier et al., 

2019). In the current thesis, both MGCFA MI and MGIRT MI were used when scrutinising 

the comparability of socio-economic status between the Shanghai and New Zealand samples. 

2.2 Factors Important in Predicting Academic Achievement 

In the context of ILSAs, it is particularly important to establish construct and item 

equivalence on factors that are influential to academic achievement. As mentioned previously 
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(this chapter, Section 2.1.2.3), the comparability of socio-economic status received much 

attention in ILSAs because of the role it plays on students’ performance. On the other hand, 

examinee motivation is another important predictor of achievement especially in low-stakes 

contexts where students do not bear personal consequences of the results. This doctoral thesis 

draws on the comparability of both SES and test-taking motivation [TTM] to investigate the 

sample comparability between Shanghai and New Zealand samples. This section provides a 

review of the impact of SES and TTM on students’ performance.  

2.2.1 The Impact of Socio-economic Status on Performance 

Education is important in its contribution to reducing the gap between the rich and the 

poor (Darling-Hammond, 2010; Flores, 2007; Bellibaş, 2016). However, it is profoundly and 

consistently recognised that students’ socio-economic (SES) background is a robust and 

important predictor of academic achievement (Coleman et al., 1966; Chmielewski, 2019; 

Reardon, 2011; Niehues et al., 2020). Students who are disadvantaged in terms of SES are 

more likely to underperform compared to those with high SES (Bellibaş, 2016; Caldas & 

Bankston, 1997; Crane, 1996; Callan et al., 2017; Delen & Bellibaş, 2015; Fergusson and 

Woodward, 2000; Fergusson et al., 2008; Haycock, 2001; Hanushek et al., 2019; Ladson-

Billings, 2006; Mowat, 2018; White et al., 2016). Sirin (2005), in a meta-analysis of 101,157 

students across 6,871 schools, found that the magnitude of the SES/achievement relationship 

was medium to large. Similarly, White et al. (2016) found that at high school level, SES and 

racial factors can explain 52% and 59% of the variance in language and mathematics 

achievement, respectively. According to Hattie (2009), the effect size of SES on students’ 

achievement has an average Cohen’s d of 0.57, corresponding to a medium effect on 

students’ achievement (Cohen, 1988). 

Research by Duncan and Magnuson (2011) pointed out that students from the bottom 

quintile of family SES performed more than one standard deviation lower than their 
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counterparts from the top quintile in mathematics and reading at kindergarten level with the 

pattern remaining considerably the same as they progress. Ballibas (2016) did a secondary 

analysis on Turkish PISA 2012 data and found that students from the top 25 SES percentile 

performed significantly better than their counterparts from the middle 50 SES percentile and 

bottom 25 percentile, while no significant differences were observed between the bottom 

group and the middle group. Reardon (2011) stated that the association between parental 

income and students’ achievement is now 30 to 60% stronger than it was in the 1970s. He 

suggested that this might be a result of parental investment on students’ cognitive 

development having grown during the past decades, which lead to the disadvantaged even 

more so. Sometimes, the impact of SES on students’ achievement could be influenced by 

several other factors such as ethnicity and gender (White et al., 2016), family structure 

(Jeynes, 2005), and spoken language ability (Spencer et al., 2017). Researchers also argue 

that school SES is a stronger predictor of students’ achievement rather than family SES 

(Callan et al., 2016; Marchant et al., 2016) which contradicts the results reported in the 

Coleman report (Coleman et al., 1966).  

According to the Assessment Tools for Teaching and Learning (asTTle) norming data 

in New Zealand during 2000-2004, the achievement gap across schools with different socio-

economic status (i.e., school decile, details see this chapter, Section 2.3.2.1) was large for 

mathematics performance, especially between the two tails of SES (i.e., Decile 1 vs. Decile 

10), however the mathematics gap was less prominent across deciles 3-9 (NZ MoE, 2006a). 

On the other hand, school decile did not make a big difference on students’ reading and 

writing performance (NZ MoE, 2006b, 2006c). Further, in a longitudinal study conducted in 

New Zealand (Fergusson & Woodward, 2000), the researchers investigated more than one 

thousand New Zealanders’ socio-economic status at birth and their university participation at 

the age of 21. They found that people from professional family backgrounds were > 1.5 times 
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more likely to engage in tertiary education than their peers from unskilled socio-economic 

status family backgrounds, even after controlling for socio-demographic factors, cognitive 

ability and educational achievement. Similarly, Fergusson et al. (2008) found the correlation 

between family SES at birth and education achievement at the age of 25 was 0.62 and only 

20% of the variance in the correlation could be attributed to their cognitive ability (e.g., IQ). 

They further pointed out that school decile did not mediate the relationship between family 

SES and educational achievement.  

While the effect of SES on students’ academic performance has already been well 

established in literature (this Chapter, Section 2.2.1), Cresswell and Underwood (2004) 

suggested a significant effect of the interaction between rural/urban location and 

socioeconomic status on achievement (see also Reeves, 2012). Sullivan et al. (2018) also 

noted the effect of urban cities on PISA results in the 2009 cycle among Australia, Canada, 

and New Zealand samples. They found that the effect of school location (i.e., large city, city, 

town, small town, village) was a statistically significant differentiator of students’ 

performance in PISA reading literacy. In New Zealand, for instance, students from villages 

(i.e., population < 3,000) scored 24 points lower than country mean (i.e., corresponding to 

half year of schooling, [Thomson et al., 2010]) and 54 points lower (i.e., corresponding to 

one year of schooling, [Thomson et al., 2010]) than their city counterparts (i.e., population 

between 100,000 and 1 million). They further linked the rural/urban gap to the differences on 

socio-economic status, parental education, teacher shortage and so on.  

These global patterns exist in Asia as well (Bae & Wickrama, 2015; Cheng & Hsu, 

2016; Guo, 2011; Luo & Zhang, 2017). Cheng and Hsu (2016) studied six East Asian 

jurisdictions (i.e., Hong Kong, Japan, Singapore, Korea, Shanghai, Taipei) using PISA 2012 

mathematics results, and found a positive linear relationship between SES and mathematics 

achievement for all the six systems. Moreover, the effect of SES was not uniform among the 
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six jurisdictions. Specifically, in Shanghai and Taipei, the authors also found a negative and 

significant quadratic correlation between family SES and mathematics achievement (Cheng 

& Hsu, 2016). When students’ family SES was higher than the school average by 2.5 points 

on a scale of -4.0 to 2.5, Shanghai students’ achievement started to decline (Cheng & Hsu, 

2016). Similarly, Taipei students’ mathematics achievement peaked when their family SES 

was higher than the school average by 1.5 to 2.0 points. Furthermore, research has found that 

in China, when parents have excessive economic resources, students do not necessarily try as 

hard since there are alternative pathways for entry into universities related to resources rather 

than performance (Brown & Wang, 2016; Wang, 2011). These factors may depress 

performance if the Shanghai sample was drawn exclusively from high SES families. 

Moreover, Luo and Zhang (2017) surveyed the relationship between SES and student 

academic achievement and found that the impact of SES on students’ mathematics 

achievement is stronger for rural and migrant families than for urban families. They further 

pointed to the possibility of a systemic barrier (i.e., household registration system, details in 

this chapter, Section 2.4.1.1) that might have disadvantaged rural and migrant students in 

terms of school access and opportunities to learn.  

Indeed, the urban-rural disparity on educational attainment has received considerable 

research interest in China (Li et al., 2015; Postiglione et al., 2017; Qiao, 2010; Wang, 2012; 

Zhang et al., 2018; Zhao et al., 2017 among others). In two studies which utilised nationally 

representative dataset, researchers found statistically significant urban-rural gaps for students’ 

academic achievement. Specifically, Zhang et al. (2018) reported among junior secondary 

school students, urban students scored higher than their rural counterparts in Chinese, 

mathematics, and English (i.e., 0.38, 0.33, and 0.38 standard deviations higher, respectively). 

They further attributed, in part, the gap to teacher value-added where they argued that if rural 

teachers were at par with urban teachers on quality, the achievement gap would reduce by 
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72% and 27% for Chinese and English, respectively. Likewise, Zhao et al. (2017) using data 

from the China Education Panel Survey (CEPS, 2013-14 cycle) found that the urban/rural gap 

for cognitive ability was 0.37 and 0.41 standard deviations of urban and rural students’ 

achievement scores, respectively. They argued that students’ background characteristics, such 

as importantly, the number of siblings, parental education, and less profoundly, students’ 

family economic status, and teacher-parent interactions could explain half the urban/rural 

gap. Given the observed urban/rural gap in China, it should not be surprising to know that the 

Shanghai metropolis/rural gap to be larger than the urban/rural gap. Another investigation of 

the CEPS (2013-14) cycle data found that Shanghai Grade 9 students performed 0.75 

standard deviations higher than the rest of China in the composite skills test, and that the 

Shanghai/rural gap was larger than Shanghai – rest of China gap (Gruijters, 2020).  

In summary, it is abundantly clear concerning the crucial role that SES plays on 

students’ academic achievement. Less consensus exists around the causes for urban – rural 

gaps in achievement; this is most likely associated with SES and its interactions with both 

family and school factors (Sullivan et al., 2018). Integrating the effects of SES and students’ 

geographic location (i.e., urban vs. rural) on academic attainment poses a serious question for 

Shanghai’s participation in PISA. Specifically, considering Shanghai’s position as a 

metropolis in relation to China and the selective nature of its school population (i.e., 

household registration system), it is reasonable to assume Shanghai students would have far 

greater access to more family/school/societal resources than others. Hence, it may not be fair 

to benchmark Shanghai to other countries.  

2.2.2 Test-taking Motivation 

Another concern regarding the comparability of ILSAs lies in students’ differential 

motivation when taking a test that is not personally relevant (E. Smith, 2008; van de Vijver, 

2018). The heterogeneity of test-taking motivation across jurisdictions also causes sample 
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bias in ILSAs. Though it is presumed that students do their best when they are tested (Dorans, 

2012; Wise, 2015), this assumption arises because tests usually have important consequences 

for individual test-takers (e.g., selection, promotion, opportunities). However, considerable 

research (Knekta & Eklöf, 2015; Thelk et al., 2009; Wise & DeMars, 2005) has shown that 

test-taking motivation is not automatically high and is highly variable across jurisdictions 

when tests are designed to describe jurisdictional performance rather than evaluate 

individuals as such (Akyol et al., 2018; Gneezy et al., 2019; Zamarro et al., 2019). This is 

important in the case of ILSAs. Clearly, ranks and scores on ILSAs are invalid if it cannot be 

assumed all students in all jurisdictions have tried their best (Wise et al., 2020).   

Gorur and Wu (2015) argued that in societies where frequent testing is the cultural 

norm (e.g., China, South Korea etc.), students are more motivated in exercises like the PISA 

compared to students in societies where fewer summative assessments are used (e.g., 

Australia, New Zealand). Therefore, to understand Shanghai’s superior performance, it is 

important to understand Shanghai students’ motivation to perform well when sitting a test 

that is not personally relevant but is important for a country’s international ranking. It may 

well be that Shanghai’s stellar performance reflects persistent test effort independent of the 

consequence attached to a test. Because test-taking effort may lie in students’ beliefs about 

the nature and purposes of tests (Brown et al., 2009; Brown & Hirschfeld, 2008; Wise & 

Cotten, 2009), Shanghai students may think that high effort is needed on any and all tests. 

The following sections present a theoretical review focused on test-taking motivation, the 

impact of consequences on motivation, and the relationship between students’ attitudes 

toward tests and test-taking motivation. Then, the empirical work on differences in test-taking 

motivation by jurisdiction is reviewed.  

2.2.2.1 The expectancy-value framework of test-taking motivation. Rebranded from its 

broad usage in achievement motivation (i.e., domain-specific motivation), the expectancy-
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value theory ([EVT], Eccles & Wigfield, 2002; Wigfield & Eccles, 2000) is also the most 

common framework in conceptualising test-taking motivation (i.e., situation-specific 

motivation). EVT assumes that students’ achievement behaviour (i.e., performance, effort, 

persistence) is influenced by the combination of the value they perceived of the test and their 

expectancies for success (Figure 2). The expectancy pertains to two domains: ability beliefs 

and expectancies. The expectancy aspect brings forward the degree to which students regard 

their own ability/competence for the test (i.e., ability beliefs) and their expectations for 

success in the test (i.e., expectancies) (Wigfield & Eccles, 2002). On the other hand, the value 

aspect contains four sub-aspects, namely attainment value, intrinsic value, utility value, and 

cost (Eccles et al., 1983). Attainment value, also known as importance, pertains to the 

perceived importance to do well on the task. Intrinsic value, or enjoyment/interest, is about 

the intrinsic joy one gets from being involved in the task. Utility value, or usefulness of the 

task, has to do with the potential benefits from engaging in the task, such as promotion, 

scholarship, et cetera. Lastly, cost concerns the negative aspects associated with the 

engagement of the task, such as the anxiety that comes with taking a test. Expectancy-value 

theory has received much attention in the field of linking test-taking motivation with ILSAs 

performance in literature (Immekus & McGee, 2016). In the case of ILSAs, researchers are 

generally not interested in the test-taking motivation of an individual but in drawing 

inferences and making decisions regarding a group of test-takers. 

Research has consistently found that students’ perceived importance of the test is a 

significant and positive predictor of reported effort expenditure (Finney et al., 2018; Knekta 

& Eklöf, 2015; Zilberberg et al., 2014). In terms of the effect of test anxiety on effort 

expenditure, literature has shown inconsistent results. For example, Knekta and Eklöf (2015) 

found that students’ reported Test Anxiety did not statistically significantly predict their Effort 

expenditure in both high and low stakes contexts among Swedish secondary school students. 
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Instead, among the five constructs under EVT, only Expectancies and Importance were 

shown to be significantly related to Effort. Similarly, Penk and Schipolowski (2015) reported 

that Anxiety had a negligible impact on Effort in a low-stakes large scale assessment in 

Germany (also see Eklöf & Nyroos, 2013). On the other hand, Putwain (2008) found that 

students’ perceived test Anxiety was negatively related to performance in low stakes (i.e., 

mock exam) and mid-stakes (i.e., modular exam) conditions but a small positive relationship 

was detected in the high-stakes condition (i.e., terminal exam). Meanwhile, Pekrun et al. 

(2002) also found that Anxiety had an activating effect which could induce effort as a means 

to avoid failure. It appears that there might be a moderation effect of stakes on the 

relationship between Anxiety and Effort. However, the direction and magnitude of the effect 

requires further investigation. Lastly, the positive relationship between perceived Anxiety and 

Importance has been consistently reported in the literature (Eklöf & Nyroos, 2013; Knekta & 

Eklöf, 2015).  

 
Figure 2. Schematic representation of the expectancy-value theory applied to the test-taking 

situation, adapted from Knekta and Eklöf (2015). 

2.2.2.2 Test-taking motivation, test consequences, and test performance. The consequences 

attached to a test have an impact on test-taking motivation, with higher reported effort in 

high-stakes exams (Eklöf et al., 2014; Hawthorne et al., 2015; Wolf & Smith, 1995). Highly 

motivated students tend to outperform less-motivated students with the same skill level 
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(Eklöf, 2010). Test validity and consequential inferences may be compromised if students 

have not done their best (Wise & Cotten, 2009; Wise & Smith, 2016). An open question is 

whether the consequences attached to ILSAs have the same impact on motivation and effort 

as those with personal consequences (e.g., passing a grade, winning a scholarship, etc.). 

Increased motivation as a result of higher test consequences is usually linked to higher 

performance. For example, making tests relevant to themselves (i.e., count toward grades) or 

to their teachers (i.e., impact their teachers’ employment) were both effective for increasing 

test performance when compared to the low-stakes control group (Rutkowski & Wild, 2015). 

Meta-analyses have also shown that incentives and consequences raise test taking motivation 

and performance (Duckworth et al., 2011; Wise & DeMars, 2005). Many empirical studies 

into the relationship of consequences with effort have shown that the level of consequence 

seems to be associated with effort and motivation (Eklöf et al., 2014; Hawthorne et al., 2015; 

Knekta & Eklöf, 2015; Lau et al., 2009; Liu et al., 2012; Silm et al., 2013; Thelk et al., 2009). 

For example, far fewer students demonstrated rapid guessing when institutional consequences 

were attached to a reading test than when similar students took the same test with no 

consequences attached (Liu et al., 2015). Similarly, Knekta (2017) reported that five 

motivational constructs of EVT all increased among 9th grade pupils when assessed in the 

operational national test compared to the earlier national test field trial.  

On the other hand, lack of consequences does not always interfere with test-taking 

motivation and test score performance. Among American university students, different 

consequences (i.e., test evaluates institution, test provides feedback, and test matters to 

personal academic record) revealed no instructional effects on their perceived importance, 

effort expenditure, and test performance (Finney et al., 2016, 2018). Likewise, Baumert and 

Demmrich (2001) found no statistically significant differences on test-taking motivation and 

performance among 9th grade German pupils assigned to four different consequences (i.e., 
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PISA instruction, feedback, personal, and financial award). Finney et al. (2018) proposed that 

the inconsistent inferences revealed in literature on the effects of test-taking stakes on TTM 

and performance could be due to the unrealistic instructions provided, arguing that telling 

students that test scores will be used for research purposes is overly nuanced. Instead, the 

lowest stakes in their study specified that the test score will be used in a school accountability 

program.  

Literature on the moderation effect of test stakes on test-taking motivation and test-

taking effort is limited. Contrary to the findings from Putwain (2008), Knekta and Eklöf 

(2015) found that stakes did not moderate the relationship between perceived importance and 

effort expenditure. Finney et al. (2018) reported similar results in that the fully mediated 

relationship from perceived importance to test performance via effort expenditure was not 

moderated by test instructions.  

2.2.2.3 Students’ attitudes on tests. One potential predictor of test-taking effort lies in the 

beliefs students have about the nature and purposes of tests. Wise and Cotten (2009) found 

that students who agreed that assessment was for improvement had greater test-taking effort 

compared with those who endorsed the concept that assessment was irrelevant. It is expected 

that the relationship between students’ beliefs on tests and their test-taking motivation should 

hold stable in a society where effort is highly valued. Brown (2011) identified that students 

have four major conceptions of assessment (i.e., improves learning and teaching; generates 

social and affective benefits; it is ignored; and it is about external factors outside students’ 

control). Within a general model of self-regulation, it has been empirically demonstrated that 

students who make use of assessments to improve their learning have higher test scores than 

those who view assessments as something to be ignored (Brown et al., 2009; Brown & 

Hirschfeld, 2008). Gao (2011) investigated the relationship between students’ conceptions of 

the high stakes school-based assessments in Hong Kong and found that higher anxiety was 
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associated with increased awareness that the assessments were unfair, inaccurate, and 

accountable. Wise and Cotten (2009) found that students who agreed that assessment was for 

improvement had greater test-taking effort compared with those who endorsed the concept 

that assessment was irrelevant. Zilberberg et al. (2014) measured U.S college students’ 

attitudes towards K-12 accountability testing (low stakes) and examined the impact of the 

attitudes on their test-taking motivation and performance in a university accountability test 

(low-stakes). They found that students’ attitudes on K-12 accountability testing (i.e., test 

fairness, purpose, parents’ concern, and their own dissatisfaction with the test) had negligible 

effects on their test-taking motivation (i.e., perceived importance and effort expenditure) and 

performance. Nonetheless, as university-level tests are distinct contexts from K-12 tests, the 

relationship among attitudes, motivation, and performance under the same context requires 

further investigation. 

2.2.2.4 Test-taking motivation and jurisdictional effect. Wise and DeMars (2010, p. 40) 

stated that “the results from international achievement programs, such as TIMSS, PISA and 

PIRLS, will be distorted to the extent that there are cross-country differences in the mean 

effort exhibited by their students.” Presumably, students in societies that use high-stakes tests 

for grade promotion, university admission, et cetera may hold different test-taking motivation 

than students where low-stakes tests are predominant. Zamarro et al. (2019) found that effort 

could account for 32 to 38% of cross-country variation in the three PISA 2009 test domains 

(i.e., mathematics, reading, and science). Further, students from East Asian societies invested 

higher levels of effort than elsewhere when reanalysing data from PISA 2009. Similarly, 

Borgonovi and Biecek (2016) investigated students’ test-taking behaviour using PISA 2016-

2012 data where they used the item-position effect on students’ performance for the item as a 

proxy for endurance level throughout the test, which is argued to be reflective of test-taking 

motivation. They found that country-level endurance was positively associated with societal 
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attitudes valuing hard work. Further, evidence from PISA 2015 data suggests that after taking 

into consideration the non-seriousness shown in rapid responding behaviours, country 

ranking could change by 15 places (Akyol et al., 2018). It is worth noting that the ranking 

change was less apparent in societies such as Singapore, B-S-J-G4 (China), but more so in 

jurisdictions such as Brazil, Sweden, and New Zealand.  

However, within a jurisdiction, differences in effort may not be highly variable. For 

example, although non-effortful test-taking behaviour existed in a study of response time 

among 15-year-old students across 86 schools in the U.S. (Wise et al., 2020), once non-

effortful responses were removed, the mean scores of each school were stable. This suggests 

that the impact of effort motivation may matter only when cross-jurisdictional comparisons 

are made such as seen in the PISA rankings.  

The negative effect of low stakes in the context of ILSAs on effort expenditure is not 

always consistent throughout literature. For example, Eklöf (2007, 2008) found high 

perceived importance and effort spent on TIMSS 2003 for 8th grade students in Sweden. 

Moreover, Hopfenbeck and Kjærnsli (2016) found that, among the Norwegian PISA 2012 

sample, though students did not think the test was important, they invested maximum effort. 

In contrast, low reported motivation for the TIMSS Advanced Field trial 2008 was found in 

Sweden, Slovenia, and Norway (Eklöf et al., 2014). Further, a study contrasting the Swedish 

PISA 2012 cohort with those in the 2012 Swedish national test (high stakes) found a large 

discrepancy on strength of endorsement for statements such as ‘I felt motivated to do my best 

on this test’ (Cohen’s d = 0.80, [Eklöf & Knekta, 2017]).  

Recently, Gneezy et al. (2019) conducted an experimental study which investigated 

U.S and Shanghai high school students’ response differences under the influence of monetary 

incentives when completing a short test of 25 public PISA items. Specifically, in both the U.S 

 
4 Four jurisdictions in China participated in PISA 2015: Beijing, Shanghai, Jiangsu, and Guangzhou 
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and Shanghai groups, they randomly assigned participants to a control group with no 

incentives for performance on the test and a treatment group with $25 (or the equivalent in 

renminbi RMB for Shanghai students) for performance on the test. Students in the treatment 

group were informed that one dollar (approx. 7 RMB) would be taken away for each 

incorrectly answered item. They found that U.S students in the treatment group gave more 

effort (measured in questions attempted, attempted questions answered correctly in 

proportion, and questions answered correctly in proportion), and achieved substantially 

higher scores compared to the control group (effect size ranged from d = .24 to .28). In 

contrast, the incentives did not elicit differential performance behaviours between the control 

and the treatment groups in Shanghai, as if Shanghai students were immune to the incentives 

provided in the study.  

In summary, the heterogeneity of students’ motivation to perform well in ILSAs 

between New Zealand and Shanghai could contribute to sample bias in PISA which again 

threatens the comparability of PISA results.  

2.3 Context Introduction 

The current thesis aims to investigate potential sample bias between New Zealand and 

Shanghai in the context of PISA. Thus, it is important to understand the contextual 

differences between the two educational systems. This section introduces the contexts of 

Shanghai and New Zealand, focusing especially on the assessment system.  

2.3.1 Shanghai context 

2.3.1.1 Understanding Shanghai. There are some unique features of the Shanghai context 

that raise doubts about the generalizability of the observed performance to the Chinese 

population as a whole, as well as the validity of comparisons to other jurisdictions. According 

to the 2004 China Justice Survey, on average, Chinese urban citizens (e.g., Shanghai, Beijing, 
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Guangzhou, etc.) earned twice as much as rural citizens (Feng, 2007). Further, according to 

National Bureau of Statistics of China (Stats CN, 2018), in 2017, the yearly income of 

Chinese people was 25,973 RMB (~$USD 3,770). In contrast, the average Shanghai citizens’ 

annual income was 58,988 RMB (~$USD 8,561), more than twice the country annual 

average. Notably, urban Shanghai citizens’ yearly income was 62,596 RMB (~$USD 9,085), 

while rural Shanghai citizens’ yearly income was 27,825 RMB (~$USD 4,038) (Shanghai 

Municipal Statistics Bureau [Stats SH], 2018a, 2018b). The percentage of rural students in 

Shanghai is very low, as can be seen in the average income rate for the city. This shows that 

urban citizens living in Shanghai are arguably the pinnacle of China’s economy, earning 

some 2.4 times higher than the China average.  

As mentioned before (this Chapter, Section 2.1.2.2), China implements a hukou 

residency registration system in which social services (e.g., schooling and health) are 

provided only in the village, town, or city in which one has a legal residency permit or hukou. 

This means that children of immigrants to a city are sometimes not visible to the city’s social 

services. Thus, some scholars argue that the hukou system filters out migrant children from 

the PISA age cohort in Shanghai (Loveless, 2014). Thus, through differences in residency 

rights, the type of family background included in the PISA population might be quite 

different to a society in which freedom of movement and universal provision of resources is 

implemented (e.g., New Zealand). Consequently, it would not be hard to imagine that this 

income level might have positively influenced the PISA results (Dronkers, 2015; Loveless, 

2014; Xu & Dronkers, 2016).  

The basic enrolment scheme in Shanghai is called “Attending Nearby Schools [jiu jin 

ru xue]”. This scheme tied school enrolment to local hukou and property ownership (Feng & 

Lu, 2013; Sun et al., 2020; Zhou, 2018). Students will not be eligible to enrol in quality 

public schools if they do not have local hukou or do not have house ownership within the 
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school district. Recently, the Shanghai government issued a new policy that is referred to as 

“wu nian yi hu”, meaning each property can grant eligibility of enrolment to a nearby school 

for one child only in every five years (Shanghai Municipal Education Commission, 2016). It 

means that, when a school child is enrolled based on one resident property and local hukou, 

the property cannot sponsor another enrolment in five year, even with a change of ownership 

within five years. In a recent study of the likelihood of migrant students enrolling in a public 

school in Shanghai, house ownership contributed the highest odds ratio (OR = 7.65), showing 

that children of house owners in Shanghai are more than seven times likely to have access to 

public schools (Sun et al., 2020). It is note-worthy that the sample in the Sun et al. (2020) 

study was taken in one Shanghai district that is located in the outskirt and has a large number 

of migrant students. It is safe to speculate the odds ratio to be larger in central Shanghai. 

Nevertheless, in terms of PISA 2012 data in Study 1, the recent wu nian yi hu policy did not 

apply, although it would have influenced participation in Study 2 of test taking motivation. 

2.3.1.2 Schooling and testing in Shanghai (China). The Chinese schooling system consists 

of nine years of compulsory schooling (Table 1). Enrolling in high school and tertiary 

education is partly determined by performance on high-stakes tests Zhongkao and Gaokao. 

Zhongkao is a standardised test organized by provincial-level or city-level governments with 

a high-stakes feature. Approximately half of the cohorts could pass and go to regular (i.e., 

academic focused) high schools. On the other hand, Gaokao is a standardized test 

administered by either the country-level government or provincial-level government. 

Shanghai has been implementing its own Gaokao since 1985. However, national unified 
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Gaokao (every jurisdiction uses the same Gaokao) has been implementing gradually since 

2015 because of national Gaokao reform (State Council of China, 2014). 

Table 1.  

Age and Years of Typical Schooling Pattern in China and New Zealand  

Age Schooling in China Schooling in New Zealand 

5  Year 1 

6 Year 1 Year 2 

7 Year 2 Year 3 

8 Year 3 Year 4 

9 Year 4 Year 5 

10 Year 5 Year 6 

11 Year 6 Year 7 

12 Year 7 Year 8 

13 Year 8 Year 9 

14 Year 9 (Zhongkao) Year 10 

15 (PISA age) Year 10 Year 11 (NCEA Level 1) 

16 Year 11 Year 12 (NCEA Level 2) 

17 Year 12 (Gaokao) Year 13 (NCEA Level 3) 

18 Year 13  

19 Year 14  

20 Year 15  

21 Year 16  

Note. Shaded area = compulsory schooling 

Since 1988, the curriculum in Shanghai has changed dramatically from the single 

compulsory-course to “three-domain courses”. The new curriculum developed a three-

domain course structure that covers compulsory standardised subjects (basic courses), social 

experiences (enriched courses), and research-oriented courses that cultivate students’ ability 

to conducting research independently (Tan, 2012). The reform allows one third of the 

curricula for enriched and research-oriented to be designed and implemented by schools 

independently (Tan, 2012). However, textbooks are unified for basic courses like 

mathematics. The goal of curriculum reform was to change students’ learning style, in order 
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to promote progress, inspire innovation, emphasise practice, and enrich learning experiences 

(Shanghai Municipal Education Commission, 2004; Tan, 2012; Zhang & Kong, 2012). 

Therefore, a shift in teaching method from simply transmitting knowledge to inspiring 

students’ innovation, engaging students’ real-life experiences in teaching, and improving 

students’ problem-solving abilities was requested (OECD, 2011a; Shanghai Municipal 

Education Commission, 2004).  

Students in China are no strangers to high-stakes tests. In China, “education [is] 

basically examination preparation” (OECD, 2011b, p. 84). Students are expected to overcome 

two high-stakes whole-cohort examinations (i.e., the entrance examinations for senior high 

schools and for universities – zhongkao and gaokao, respectively). As a result, students are 

extensively examined as part of the preparation for these examinations (Chen & Brown, 

2018). Table 2 shows the promotion rate of different level education in China from 2009 to 

2016. In 2012, approximately 53% of students were promoted to academic senior secondary 

school (or regular high school) after compulsory education while about 36% of them 

continued their education in vocational senior secondary school. It is worth noting that, in a 

way, the zhongkao has even higher stakes than the gaokao which had a higher acceptance rate 

of 87% in 2012. This means that most of the Shanghai PISA cohort5 is either going to take, or 

has just passed or failed, arguably the most high-stakes test in Chinese schooling. This feature 

of the Shanghai PISA cohort is very similar to samples and populations in eastern Asia (e.g., 

Korea, Hong Kong, Singapore) where high-stakes assessments and high average PISA 

performance are the norm. However, it is a considerable difference to the Scandinavian 

samples where students’ test-taking motivation in ILSAs was studied (Eklöf et al., 2014).  

 
5 The Shanghai PISA 2012 sample of 15-year-olds is mostly either in the last year of junior high 

school (39.8%) or the first year of senior secondary school (53.6% in total, within which, 63.4% 

attended regular school and 36.6% vocational school). 
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Table 2.  

Promotion rate of graduates (as percentage of population) by Levels 

Year 

primary 

to middle 

schools 

middle to 

regular 

high 

schools  

middle to 

vocational 

high schools 

total 

promotion 

rate from 

middle 

school 

middle to 

others 

regular high 

to 

universities 

effective 

university 

entrance 

rate 

2009 99.1 53.8 31.8 85.6 14.4 77.6 41.37 

2010 98.7 49.1 38.4 87.5 12.5 83.3 40.37 

2011 98.3 51.1 37.8 88.9 11.1 86.5 43.45 

2012 98.3 52.8 35.6 88.4 11.6 87.0 45.16 

2013 98.3 55.0 36.2 91.2 8.8 87.6 47.36 

2014 98.0 56.2 38.9 95.1 4.9 90.2 49.68 

2015 98.2 57.0 37.1 94.1 5.9 92.5 51.78 

2016 98.7 57.5 36.2 93.7 6.3 94.5 53.63 

Data Source: Ministry of Education of the People’s Republic of China (2010a, 2010b, 2012, 2013a, 2013b, 

2014, 2015, 2016, 2017a, 2017b) 

Note. Promotion rate from middle school to regular high school is calculated by (entrants of regular high school 

students/entrants of senior secondary schools) * 100%. Shaded area = the transitions for students who went to 

tertiary education. 

Given the importance of zhongkao and gaokao in Chinese society, students are 

expected on the part of their parents and teachers to exert maximum effort regardless of the 

test form. Diligence, good attitudes, and good behaviour are valued and expected as much as 

academic performance (Gao & Watkins, 2001, 2002; Li, 2002). Chinese teachers also 

perceive assessments as a means for students’ holistic development, which contribute to their 

life-long learning and becoming good citizens (Brown et al., 2011). Chinese students have 

demonstrated their acceptance of the societal pressure of the high expectations on 

performance and attitudes (Peterson et al., 2013). Research shows that Chinese students are 

expected, and accustomed to, exerting persevering effort for tests regardless of the test form 

(e.g., in class or public examinations [Chen & Brown, 2018; Gao & Watkins, 2001; Peterson 
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et al., 2013]). Li (2002) has argued that persistence, high levels of effort, as well as 

achievement are highly valued in Chinese society.  

Research into Chinese students’ conceptions of assessment has found that secondary 

school students hold strong beliefs on assessment and that they have internalised the purpose 

of assessment as student moral and skill development and associated that with positive 

emotions towards assessment such as feelings of pride and enjoyment (Chen & Brown, 

2018). They further indicated that the emphasis on political and moral education in China 

shaped the idea that “loving the people and the nation requires doing well” (p. 105). 

Similarly, university students in Hong Kong recognise the purpose of assessment as being 

important for determining self-worth, and that it demands self-regulation (Wang & Brown, 

2014).  

Literature has consistently portrayed an image of a highly competitive assessment 

culture in China. As a result, Chinese students have formed strong perceptions of the 

purposes of assessments through schooling. However, the effect of their conceptions of 

assessments on their effort expenditure in the context of test-taking remains unknown. Taken 

together with the expectancy-value theory of test-taking motivation, the question then 

becomes: will students’ attitudes about assessments influence their perceived importance and 

anxiety towards the upcoming test? Subsequently, given the heterogeneity of test-taking 

motivation under different test-taking stakes, will the impact of attitudes on test-taking 

motivation be consistent across different test-taking stakes? Finally, considering the emphasis 

on moral education in China, will students perceive the importance and anxiety of tests 

without personal consequences similar to the personally relevant ones? Or will they 

differentiate the perceived importance and anxiety of the tests between high and low-stakes 

contexts, but nonetheless exert optimal test-taking effort? 
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2.3.2 New Zealand context 

2.3.2.1 Understanding New Zealand. New Zealand had a population of 4.4 million in 2012, 

which was one fifth of Shanghai’s population (23.8 million) in the same year (Shanghai 

Municipal Statistics Bureau [Stats SH], 2013a; The World Bank, 2021). In 2017, the average 

annual income of New Zealand citizens was 58,136 NZD (~ $USD 41,277), which was 4.8 

times Shanghai’s citizens’ annual income. In PISA 2012, New Zealand ranked 19th in 

mathematics, 11th in reading, and 17th in science, which were all statistically significantly 

higher than the OECD average (OECD, 2014a), but also significantly lower than the results 

for Shanghai (i.e., around one standard deviation lower in mathematics, around half a 

standard deviation lower in reading and science). Table 1 (column 3) shows the schooling 

system in New Zealand. PISA cohorts in New Zealand are normally in Year 11 (88.3%, PISA 

2012).  

New Zealand employs school zoning as an enrolment scheme to avoid schools from 

getting overcrowded (NZ MoE, 2021). Children living near the school (within the school 

zone) are guaranteed places at that school. Children living outside of the school zone can still 

apply to enrol but entry depends on whether the school has extra spaces. Approximately a 

third of schools have an enrolment scheme, which limits access to a specific geographic area. 

Only schools that are facing overcrowding or have the likelihood of overcrowding have 

enrolment schemes, while those without an enrolment scheme are required to accept any 

student applying for enrolment. The Enrolment Scheme Guideline specifies that students 

living in the home zones of schools must find it “reasonably convenient to attend” (New 

Zealand Ministry of Education [NZ MoE], 2017a, p3). It is important to note that being in the 

home zone of a school does not require home or residence ownership within the school zone; 

it simply requires residency (e.g., renting or tenancy) within the school zone. Indeed, 

enrolment is guaranteed if a “student lives with his or her parent(s)/guardian(s) in a house in 
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the home zone owned, leased or rented by the parent(s)/guardian(s)” (NZ MoE, 2017a, p7). 

They can also be counted as within-the- home-zone students (Gordon, 2003). It is noteworthy 

that enrolment scheme schools tend to be larger resulting in slightly more than half of all 

students are enrolled in this third of schools (Education Counts, 2021). Note that this is a 

different situation from that in Shanghai, where local hukou and house ownership can largely 

determine students’ access to public schools.  

New Zealand employs a decile system to allocate government funding to schools. The 

decile system reflects the socio-economic status of systematically sampled children enrolled 

in each school based on national census data for the addresses of sampled children. Values 1-

10 represent increasing SES in tenths of the distribution, where decile 10 represents the 

wealthiest neighbourhoods and 1 the poorest. To compensate for low SES, schools receive 

additional operational funding based on their decile and school size, with highest rate of 

support for lower decile values. It is important to note that school decile is not an indicator of 

school quality, but the socio-economic composition of students.  

2.3.2.2 New Zealand schooling and assessment system. Education is compulsory based on a 

student’s age rather than the number of years of schooling (NZ MoE, 2021). Students aged 

between six and 16 are guaranteed free and compulsory schooling (NZ MoE, 2021). Being 

promoted to the next school level in New Zealand depends on a student’s age as opposed to 

academic performance. This social promotion mechanism is different to Shanghai where 

promotion, especially from junior to senior high school, depends on performance on the high-

stakes, whole-cohort entry examination (i.e., zhongkao). In 2012, the promotion rate from 

junior high school to senior high school in Shanghai was 55.4% (Stats SH, 2013b), whereas 
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in New Zealand, 100% of students were enrolled in the next level automatically, independent 

of their achievement.  

The New Zealand curriculum is a loose framework that provides broadly stated 

objectives or outcomes which teachers and schools are expected to operationalise in 

accordance with the needs and abilities of their own school community (NZ MoE, 2015). The 

national curriculum itself does not specify the teaching materials, textbooks, or examinations 

to be used. It is noteworthy that, unlike China, New Zealand curriculum does not explicitly 

focus on moral education or citizenship education consistent with schooling in liberal 

democratic societies (McDonough & Feinberg, 2003; Lewis, 2004; Mirón & Dhillon, 2004; 

Strike, 1991).  Instead, the New Zealand history and social studies curricula are more 

concerned with the mistreatment of the indigenous populations since the middle 1800s 

(Orange, 1987). 

Throughout K-12 education, social promotion is practiced; the roots of this practice 

are embedded in a strongly child-centred schooling system that prioritises children’s well-

being and social belonging (Fraser, 2001; Fraser & Spiller, 2001). Primary school students 

(Year 1 to 8, ~5-13 years old) are evaluated against the levels and achievement objectives of 

the New Zealand curriculum predominantly by teacher judgment supplemented with 

voluntary-use diagnostic formative tests (Crooks, 2002, 2010; Education Review Office, 

2018). No whole-cohort assessment or national tests are administered for grade promotion 

purposes among primary school students (Crooks, 2010). Assessments have the primary 

purpose of improving teaching and learning. Formal testing, used fairly extensively prior to 

Year 11, is low-stakes and diagnostic. In 2012, primary school teachers (i.e., Years 1 to 8) 

were required to report students’ achievement in relation to the national standards using a 

four-point scale: above, at, below, and well below. Subsequently, national standards reporting 

was removed in 2018 (NZ MoE, 2017b). 
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Due to the concern over students leaving secondary schools without a qualification, 

New Zealand developed a complex framework of qualifications to manage formal 

educational assessment and qualification (Meyer et al., 2009; NZ MoE, 1999). Usually, it is 

not until Year 11 (approximately aged 16) that students need to be concerned with high-

stakes summative assessments. Students in Years 11-13 earn credits against the National 

Certificate of Educational Achievement (NCEA) standards leading to qualifications (i.e., 

Level 1-3 certificates). The NCEA assessments are criterion-referenced assessments (as 

opposed to norm-referenced), meaning students are assessed against standards reflecting 

specific subjects within a course (Crooks, 1988; Meyers et al., 2009). This means that if all 

students were diligent and taught well, 100% could score in the range Achieved to 

Excellence; there is no requirement that a set proportion of the cohort must fail or pass. 

Certification opens pathways to university, technical or vocational education or the 

workplace. NCEA credits are earned through a combination of teacher-evaluated coursework 

and externally administered end-of-year examinations. Students need to earn 80 credits in 

total for a NCEA certificate. Students’ achievement on NCEA standards are evaluated using 

either a four-point scale – not achieved, achieved, merit, and excellence – or on a not 

achieved/achieved basis. It is noteworthy that NCEA certificates can be earned by 

coursework alone, since about 2/3 of all available credits are offered through internal 

assessment rather than end-of-year summative exams (New Zealand Qualification Authority 

[NZQA], 2020). University entrance, subsequently, depends on students getting enough 

credits from approved subjects in NCEA.  

The NCEA system gives students autonomy to choose their preferred assessments to 

complete within each subject they take. This feature is notably different from that 

implemented in China where students are required to take whole-cohort standardised 

assessments for entry to senior secondary schools and universities. However, an unintended 



Chapter 2. Literature Review 46 

negative side effect of the NCEA system was its allowance for students to strategically 

choose to do just enough to get by with a pass for the end of year certificate as opposed to 

doing my best (Hodis et al., 2011; McClure et al., 2011; Meyer et al., 2009; Walkey et al., 

2013). Students with a do my best goal reflect a tendency to try for merit and excellence 

within the NCEA standards, whereas students with a do just enough goal are satisfied with 

obtaining the required 80 credits to gain the NCEA certificate regardless of the grade.  

In 2012, 65.4% of the Year 11 cohort gained NCEA Level 1 certificate; 67.8% of the 

Year 12 students attained NCEA Level 2 certificate; 55.4% and 48.7% of Year 13 students 

obtained NCEA Level 3 certificate and University Entrance, respectively (Figure 3, [NZQA, 

2020]). Hence, it is likely that students will have relatively little experience of high stakes 

external examinations around the year-levels at which ILSAs are usually administered (i.e., 

Grade 4 for PIRLS and TIMSS; Grade 8 for TIMSS, and Grade 11 for PISA). 
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Figure 3. New Zealand enrolment-based attainment rates of Year 11 to 13 students attaining 

NCEA Levels 1-3 and University Entrance 

Data Source: NZQA (2020, p. 10). Figure reproduced using data from the report. 

In short, New Zealand offers a distinct context to contrast with the Shanghai context 

in terms of the a) developmental stage (i.e., a developed nation vs. a developed city within a 

developing country); b) school enrolment system (i.e., school zoning vs. the requirement of 

local hukou and/or house ownership); c) curriculum arrangement (i.e., no explicit moral 

education vs. moral education starting from a young age); d) assessment system (i.e., 

criterion-referenced assessments which allows students’ autonomy of choice vs. whole-cohort 

standardised assessments that are highly competitive). It is speculated that New Zealand 

students will demonstrate different test-taking motivation than their Shanghai counterparts. 

2.4 Summary, Gaps and Research Questions. 

Bray and Thomas’s (1995) framework for comparative education suggests that 

comparisons should be conducted on the same levels of geography, demographics, and area 

of interest. According to this framework, Shanghai’s participation in PISA violates this 
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assumption because it is not on the same geographical level as other participating 

jurisdictions. This violation of assumption might lead to sample bias when comparing 

Shanghai’s results to other countries as literature (van de Vijver, 2018) has also suggested 

that sample equivalence is the first step towards valid cross-cultural comparisons. Though the 

prevalence of sample bias (or the absence of sample equivalence) has not stopped the 

extensive usage of ILSAs results for policy changes (Breakspear, 2012; Sellar et al., 2017; 

Sjöberg, 2019), it is important to understand the size of the distortions in PISA results created 

by the sample bias.  

The description of contextual differences between Shanghai and New Zealand shows 

that the two contexts differ in terms of population diversity, school access systems, students’ 

attitudes toward assessments, and their motivation to sit a test. Therefore, it is reasonable to 

speculate that these contextual differences might have influenced the size of the gap for PISA 

results between these two jurisdictions. To investigate this hypothesis, this doctoral thesis 

investigates the extent to which the two samples are comparable or not in two important 

aspects: (1) background characteristics and (2) test-taking motivation. 

To address the first challenge, two research questions are proposed: 

• RQ1: Are Shanghai and New Zealand samples in PISA similar enough in terms 

of demographic characteristics to draw meaningful comparisons? 

• RQ2: Will the performance gap between Shanghai and New Zealand in PISA 

reduce if adequate matches can be found between the two samples (correcting 

for sample bias)? 

To address the second challenge, six research questions are proposed: 

• RQ3: Are students’ attitudes on tests influential to their test-taking 

motivation? 

• RQ4: Is the relationship between attitudes on tests and test-taking motivation 

moderated by different test-taking instructions?  

• RQ5: Is the correlation between Importance and Test Anxiety invariant across 

different test-taking stakes? 
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• RQ6: Do students exhibit high effort expenditure in the context of ILSAs?  

• RQ7: How do students perceive the importance of ILSAs, and do they feel 

anxious for ILSAs?  

• RQ8: Given the differences between the two jurisdictions in terms of testing 

culture, do students have similar test-taking motivation in the context of 

ILSAs between Shanghai and New Zealand?  

In two separate studies, the eight research questions are addressed. In Study One 

(RQ1 + RQ2), using publicly available data from 2012, the samples were matched on 

demographic variables (i.e., PISA’s measurement of socio-economic status, immigration 

status and so on). Given that construct and item bias in these measures exists (Section 

2.1.3.3), potential bias is investigated and corrected prior to an examination of possible 

sample bias. This step necessitates a sub research question pertaining to RQ1:  

• RQ1a: Is PISA’s measurement of socio-economic status free of construct and 

item bias for use with New Zealand and Shanghai data? 

Study Two addresses RQ3 to RQ8 using questionnaires regarding students’ attitudes 

to tests and self-reported test-taking motivation. Following conventional practices, data were 

analysed separately for each jurisdiction; therefore, hypotheses pertaining to RQ3 to RQ6 

were specified for each jurisdiction separately (see Chapter 5 for detailed hypotheses). 

Specifically, for RQ3, a partially mediated model linking students’ conceptions of tests and 

their perceived test-taking motivation (Figure 4) was specified. A number of alternative 

competing models derived from previous research were tested (details in Chapter 5). 

Similarly, to address RQ4 to RQ8, a number of competing models were examined as to how 

experimental conditions and jurisdictions influenced the relationships among constructs 

(details in Chapter 5). 
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Figure 4. Hypothetical framework between students’ conceptions of tests and test-taking 

motivation. 

Note. Psychological system in dotted ellipse; test-taking motivation system in dash-dot square. 

Chapter Three presents the methodology that guides this thesis, as well as the methods 

employed in each study. Chapter Four presents the results from Study One, a propensity score 

matching analysis using PISA 2012 demographic characteristics between Shanghai and New 

Zealand using PISA 2012 data. Then, Chapter Five presents the results from Study Two, 

which investigated sample bias in terms of test-taking motivation between Shanghai and New 

Zealand. Lastly, Chapter Six presents an overall discussion of the research findings, along 

with theoretical, methodological contributions of the thesis. Directions for future research 

along with recommendations for reporting and interpreting international large-scale 

assessments are also provided.   
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Chapter 3. Methodology 

This doctoral thesis seeks to examine the possibility that the differences in PISA 

scores between New Zealand and Shanghai arise from potential sample bias due to 

differences in confounding construct-irrelevant factors such as socio-economic status and 

students’ test taking psychology. A multi-study, multi-method approach was implemented 

utilising secondary data analysis, and a cross-cultural, cross-sectional survey. This chapter 

first introduces the research paradigm and research design (i.e., Sections 3.1 and 3.2). Then, 

methodology, as well as ethical considerations for each study, are laid out in Sections 3.3 and 

3.4 pertaining to the Study One and Study Two, respectively. Lastly, common analytical 

strategies between the Study One and Study Two are presented (i.e., Section 3.5).  

3.1 Research Paradigm – Post-Positivism 

This doctoral thesis is situated within a post-positivist paradigm. In contrast to 

positivist theory (Comte, 1856), post-positivists argue that reality can only be approximated 

because of the inherent limitations of research and researchers (Reichard & Rallis, 1994; 

Robson & McCartan, 2017). Post-positivism allows social science researchers to employ 

theory, data, and deductive reasoning (Morgan, 2007; Phillips & Burbules, 2000) to attempt 

to evaluate theoretical predications in order to produce certain knowledge of things that are 

not true (Popper, 1945). Popper (1945) made clear that  

the method of science is rather to look out for facts which may refute the theory. This 

is what we call testing a theory: to see whether we cannot find a flaw in it. But 

although the facts are collected with an eye upon the theory, and to confirm it as long 

as the theory stands up to these tests, they are more than merely a kind of empty 

repetition of a preconceived theory. They confirm the theory only if they are the 

results of unsuccessful attempts to overthrow its predictions, and therefore a telling 

testimony in its favour. So it is, I hold, the possibility of overthrowing it, or its 

falsifiability, that constitutes the possibility of testing it, and therefore the scientific 

character of a theory; and the fact that all tests of a theory are attempted 
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falsifications of predictions derived with its help, furnishes the clue to scientific 

method (p. 247) 

Hence, the framework taken in this thesis is situated within empirical science; 

previous research informs predictions about what might take place and data are collected to 

test such predictions, aware that flaws exist in data, method, and theory, but at the same time, 

by exercising sufficient rigour, some certain pragmatically useful knowledge about theories, 

data, and reality is possible (National Research Council, 2002).  

3.2 Research Design – Multiple Method 

Wrong (1978) described social sciences as ‘a house of many mansions’, that ‘a single 

methodological canon’ could not handle (p. 28). The ideal simple causal effect does not exist 

in the real world. Rather, the cause of a phenomenon is often associated with ‘unfolding, 

contingent, and interdependent sequence of big and small happenings within a socio-political 

context’ (M. L. Smith, 2006, p. 470). In multiple methodology research, data are drawn from 

multiple sources, and multiple types of analysis (qualitative or quantitative) are employed 

(Creswell & Plano Clark, 2011; Johnson & Onwuegbuzie, 2004). Further, studies are 

independent from each other and each is complete in itself to address a particular question 

(Morse & Niehaus, 2009). This doctoral study utilises multi-study, multi-method research 

design. Each study is in a complete state as itself and addresses its respective research 

questions. Figure 5 presents a visual representation of the research design.  
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Figure 5. The multi-study multi-method research design 

Specifically, Study One examines the sample bias in terms of differential 

demographics between Shanghai and New Zealand and the impact of any bias on students’ 

PISA performance. Publicly available data of PISA 2012 were used. On the other hand, 

Study Two investigates the sample bias in terms of students’ test-taking motivation in 

situations such as international large-scale assessment (ILSAs) between Shanghai and New 

Zealand. In Study Two, a cross-cultural, self-report survey questionnaire was administered. 

Thus, the two studies form concurrent examinations (Tashakkori & Teddlie, 1998) of the 

performance gap on PISA between Shanghai and New Zealand students.  

3.3 Study 1: Secondary Analysis of PISA Data 

Study One addresses research questions one and two, that are, RQ1 – Are Shanghai 

and New Zealand samples in PISA similar enough in terms of demographic characteristics to 

draw meaningful comparisons? and RQ2 – Will the performance gap between Shanghai and 

New Zealand in PISA reduce if adequate matches can be found between the two samples 

(correcting for sample bias)? Specifically, PISA data from the 2012 cycle were used to 

examine the comparability of Shanghai and New Zealand samples (RQ1). Due to the 
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potential caveat of both construct and item bias of PISA’s measurement of socio-economic 

status, the comparability of PISA’s index of economic, social and cultural status (ESCS) was 

examined first between the Shanghai and New Zealand samples as specified in research 

question RQ1a. Then, propensity score matching was employed to form potential like-to-like 

comparisons. After adequate matched samples were found, the performance of the matched 

samples on the three literacy domains were inspected to examine the achievement gap change 

between the matched samples and the original PISA samples (RQ2).  

3.3.1 PISA data characteristics 

PISA implements a probabilistic, stratified and two-stage sampling technique where 

schools are first chosen from the school sampling frame (i.e., usually geographic location, 

school type, gender composition etc.), then students are randomly chosen from each 

participating school (Rust, 2013). Therefore, to take into account the complex survey design 

in order to obtain unbiased estimates, three types of weights were provided in PISA data 

(OECD, 2014b): 

• Final student weight (W_FSTUWT in PISA 2012 dataset). The sum of final 

student weights within each region equals the population of 15-year-olds within 

the country. 

• Senate weight (senwgt_STU in PISA 2012 dataset). The sum of senate weights 

within each region equals 1000.  

• Replicate weight (W_FSTR1 to W_FSTR80). The 80 replicate weights take into 

account the multi-level structure in the sampling technique.  

In line with recommendations from OECD (2014b), and related literature (e.g., 

Stapleton, 2014), final student weights and replicate weights were used for the calculation of 

a point estimate as well as the correct standard errors within each jurisdiction whereas senate 

weights were used for cross-jurisdiction models so that each jurisdiction would contribute the 

same to the model (Lee, 2019).  
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3.3.2 Propensity score matching  

3.3.2.1 Introduction of propensity score matching. When designing an empirical study, the 

randomisation of background characteristics is desired so that any differences observed 

between control groups and treatment groups should arise from the treatment effect (Adelson, 

2013; Austin, 2009, 2011a; Randolph et al., 2014; Rosenbaum & Rubin, 1983; Rubin, 2001; 

Stuart, 2010). However, in education, especially when comparing different jurisdictions (i.e., 

PISA), the assumption of randomisation is normally violated (Adelson, 2013). Therefore, in 

the case of PISA, the superior performance results of one jurisdiction relative to another 

jurisdiction could be a function of students’ different backgrounds rather than the superiority 

of the educational systems (Arikan et al., 2018).  

There are several statistical techniques to control for the potential effect of 

background covariates on an outcome, namely conventional multivariate regression, analysis 

of covariance, and propensity score matching (PSM). Among these, PSM assumes a linear 

relationship between the confounding variables and the natural logarithm of the odds of the 

outcome variables. Thus, it copes better than regression analysis when the control and 

treatment groups have different distributions of covariates, which is often true in 

observational research (Adelson, 2013; Newgard et al., 2004). Therefore, for this thesis, PSM 

is a suitable alternative technique to analysis of covariance (Arikan et al., 2018). This study 

aims to match the Shanghai data (city-level) from PISA 2012 to its New Zealand counterpart, 

which is country-level.  

The PSM matching procedure identifies sub-samples from the New Zealand PISA 

sample (i.e., control group) that are as similar to the Shanghai sample as possible (i.e., 

treatment group) in terms of socio-economic status and other related factors. Should the pre-

existing achievement gap disappear after the matching, it could be concluded that any 
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observed outcome differences are attributable to background differences, and vice versa 

(Arikan et al., 2018).  

There are two general ways of conducting propensity score matching, namely greedy 

matching (i.e., nearest neighbour matching [NNM]) and optimal matching (Rosenbaum, 

1989). No agreement has been reached on the superiority of one single method (Gu & 

Rosenbaum, 1993; Austin, 2011a). For greedy matching, a treatment unit is matched with a 

control unit (or multiple control units in the case of 1 to k matching) with the closest 

propensity score in an iterative process. The order of searching for matched control cases can 

be ascending, descending, or random based on the propensity score of the treated units. On 

the other hand, optimal matching searches for matched pairs that could yield the minimal sum 

of the propensity score distance. In a comprehensive simulation study, Austin (2014) 

compared twelve matching algorithms and found that greedy matching and optimal matching 

yielded similar results. Arikan et al. (2018) employed both the methods and reached identical 

matches in their attempts to match students from six countries using PISA data. In this thesis, 

nearest neighbour matching was used for faster computation.  

Lastly, a maximum propensity score distance, namely caliper, that allows units to be 

matched was set to 0.20 standard deviations, in line with recommendations given in the 

literature (Austin, 2011b). That is, when there were no control cases (i.e., New Zealand units) 

that fell within this caliper of distance from the treated cases (i.e., Shanghai units), the treated 

cases were henceforth discarded. Setting a caliper improves the matching quality and is 

common in greedy matching procedure (Leite, 2017), but this needs to be balanced against 

the loss of sample. A strict caliper can result in few (or no) matches.  

3.3.2.2 Propensity score estimation method. As the propensity score (PS) is a measure of the 

probability of a subject being assigned to a particular group, any binary classification method 

could suffice at estimating the propensity score. Traditionally, logistic regression is used for 
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the estimation of PS then the logit of PS is used for matching. However, as logistic regression 

is a parametric method for PS estimation hence is dependent on the correct specification of 

the estimation model (Lenis et al., 2018). Recently, new techniques have been developed for 

PS estimation such as machine learning (i.e., random forest, artificial neural networks etc.). 

In this study, covariate balancing propensity score (CBPS, [Imai & Ratkovic, 2014]) was 

employed because it has been found to be more robust against misspecification of the PS 

estimation model (Reshetnyak, 2017). The CBPS algorithm jointly maximises both the 

covariate balance and propensity score balance using the empirical likelihood approach.  

3.3.2.3 Balance threshold. In terms of balance computation, standardised bias is 

preliminarily used before and after propensity score matching to determine the quality of the 

match (see Formulas 1 & 2). For a particular continuous variable, standardised bias is 

computed by dividing the weighted mean differences between the treated and control groups 

by pooled standard deviation of the original unmatched comparison groups (Ho et al., 2011; 

Stuart, 2010; Stuart & Green, 2008). This method makes sure that the change in standardised 

mean differences could be attributed only to the change in means, rather than the change in 

spread due to the matching procedures.  

𝑑 =
(�̅�𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡− �̅�𝑐𝑜𝑛𝑡𝑟𝑜𝑙)

√𝑠2
𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡+ 𝑠2

𝑐𝑜𝑛𝑡𝑟𝑜𝑙
2

 (Formula 1) 

where x̅treatment denotes the mean of a covariate in the treatment group and x̅control denotes 

the mean of the same covariate in the control group; s2
treatment and s2

treatment denote the 

variance of the same covariate in the treatment group and control group, respectively. 

On the other hand, for binary variables, Austin (2009, 2011a) suggested to divide the 

proportion difference by their binary variance in the original sample to calculate standardised 

proportion, as shown in Formula 2: 

𝑑 =
(𝑝𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡− �̂�𝑐𝑜𝑛𝑡𝑟𝑜𝑙)

√
�̂�𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡(1−�̂�𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡)+ �̂�𝑐𝑜𝑛𝑡𝑟𝑜𝑙(1− �̂�𝑐𝑜𝑛𝑡𝑟𝑜𝑙)

2

 (Formula 2) 
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where p̂treatment and p̂control denote the prevalence of the same binary variable in the 

treatment and control groups, respectively. 

The threshold for determining the balance after PSM should be checked on the 

propensity score and the covariates. There is a range of recommended acceptable threshold 

for PS and covariate balance, where the more liberal criterion is set to be .25 and a stricter 

criterion is .10 (Harder et al., 2010). The R package MatchIt (Ho et al., 2011) was used for 

PSM procedures and package cobalt (Greifer, 2020) was used to examine covariate balance. 

3.3.2.4 Direction of propensity score matching. Two different directions of propensity score 

matching were conducted. The forward approach used students’ demographic information as 

covariates to identify equivalent students. The backward approach matched students on their 

PISA scores.  

3.3.2.4.1 Forward matching. Using the Shanghai sample as the treatment group, nearest 

neighbour matching without replacement was used with a specified caliper of 0.20 standard 

deviations. Because the sample size of the Shanghai sample was larger than the New Zealand 

sample (i.e., N = 5177 vs. N = 4291), a random sample of n = 4294 was taken from the 

Shanghai sample to facilitate PSM.  

Because the PSM was performed based on the randomly chosen subsample of the 

original Shanghai sample, the results from the matching might be due to chance. Therefore, 

the same process was conducted multiple times (i = 500 times) to form empirical confidence 

intervals. In addition, all missing values were converted to zero. To account for missingness 

among covariates, for each covariate a second variable was created to indicate the 

missingness of that variable (0 = not missing; 1 = missing). The missing indicator variables 

were included as covariates in the PSM. For example, when a case had a missing value on 

school structure (i.e., public school vs private school), then the value for that variable was 

imputed as zero, and a missingness indicator variable (i.e., NA.Public) was created where the 
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missing case was given the value of one, and those with a complete data set given the value 

of zero. 

After forward matching, students’ performance on the three domains were pooled for 

the matched Shanghai and New Zealand samples (i.e., 500 samples in each jurisdiction) to 

examine the performance gap change compared to the original gap reported in PISA.  

3.3.2.4.2 Backward approach. Backward matching also used the Shanghai data as the 

reference but focused on the matching students’ performance in the three testing subject 

domains. This approach allowed us to determine what kind of students had performances 

equivalent to their Shanghai counterparts.  

Because of the lack of theoretical guidance, Shanghai samples with different sample 

sizes were used as the treatment group. Specifically, random subsamples were taken from the 

Shanghai sample to be matched to the New Zealand whole sample in an iterative procedure. 

In each iteration, a Shanghai subsample with decreased sample size was randomly drawn 

(i.e., n = 4291 in the first iteration then 10% less in the following iterations). The iteration 

process stopped when both the propensity score and the covariates distance were reduced to 

< .25. The final sample size is noted as n = ni. Then, Shanghai subsamples of sample size ni 

were randomly taken 500 times to form empirical confidence intervals (R codes provided in 

Appendix H). In a similar fashion, multiple samples of New Zealand data were taken to 

generate confidence intervals for samples that matched Shanghai on matched scores. A total 

of 2500 samples was created using 500 iterations for the five plausible values in the PISA 

total score.  

After backward approach matching, the characteristics of the matched New Zealand 

samples were contrasted against the original New Zealand PISA sample to ascertain whether 

New Zealand students who matched the Shanghai performance were a nationally 
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representative sample or a largely urban wealthy sample, which would correspond in 

character to the nature of the Shanghai sample relative to the China population.  

3.3.3 Measures 

Contextual variables from both PISA 2012 school and student questionnaires were 

used in Study 1 to control for demographic differences when comparing the performance 

differences between the New Zealand and Shanghai samples. This section presents the 

measures used in the propensity score matching procedure.  

3.3.3.1 PISA’s index of economic, social and cultural status. Instead of directly measuring 

students’ family income – that students usually do not know (Entwisle & Astone, 1994; 

Watermann et al., 2016) – PISA’s measurement of socio-economic status, namely economic, 

social and cultural status (ESCS), employed a reflective modelling approach which is 

comprised of three factors: Home Possessions (HOMEPOS), Highest Parental Occupation 

(HISEI), and Highest Parental Education (PARED) (OECD, 2014; Willms & Tramonte, 

2019). The coding of parental occupation and education is based on International Standard 

Classification Occupation (ISCO) and International Standard Classification of Education 

(ISCED) taxonomy, respectively.  

With regards to Home Possessions, participating students were asked either about the 

prevalence of household items (e.g., a desk to study at in Yes or No) or the amount of 

household items the student’s family possesses (e.g., how many cell phones in None, One, 

Two, Three or more). Table 3 presents the items included in the HOMEPOS index in PISA 

2012. Six of the items are polytomous while the rest are dichotomous. Note that items 15-17 

are national specific items which means that they are not comparable across different 

countries (see Appendix A for national items in Shanghai and New Zealand). The variables 

(except for item 23: how many books at home) that comprised the Home Possessions index 

also reflects three distinct aspects of possessions, namely Wealth (WEALTH), Home 
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Educational Resources (HEDRES), and Cultural Possessions (CULTPOS). However, the 

HOMEPOS model was scaled as a univariate factor in the scaling procedure (OECD, 2014b).  

Table 3.  

Items included in the PISA Home Possessions scale in Cycle 2012 

Item Original 

ID 

Sub HOMEPOS 

factors 

Label Response 

item 1 ST26Q01 HEDRES a desk to study at Yes; No 

item 2 ST26Q02 WEALTH a room of your own 

item 3 ST26Q03 HEDRES a quiet place to study 

item 4 ST26Q04 HEDRES a computer you can use 

for schoolwork 

item 5 ST26Q05 HEDRES educational software 

item 6 ST26Q06 WEALTH a link to the internet  

item 7 ST26Q07 CULTPOS classical literature 

item 8 ST26Q08 CULTPOS books of poetry 

item 9 ST26Q09 CULTPOS works of art 

item 10 ST26Q10 HEDRES books to help with 

schoolwork 

item 11 ST26Q11 HEDRES technical reference books 

item 12 ST26Q12 HEDRES a dictionary 

item 13 ST26Q13 WEALTH a dishwasher 

item 14 ST26Q14 WEALTH a DVD player 

item 15 ST26Q15 WEALTH national item 1 

item 16 ST26Q16 WEALTH national item 2 

item 17 ST26Q17 WEALTHH national item 3 

item 18* ST27Q01 WEALTH cellular phones None; one; two; three or more 

item 19* ST27Q02 WEALTH televisions 

item 20* ST27Q03 WEALTH computers 

item 21* ST27Q04 WEALTH cars 

item 22* ST27Q05 WEALTH rooms with a bath or 

shower 

item 23* ST28 HOMEPOS only how many books  0-10; 11-25; 26-100; 101-200; 201-

500; more than 500 books 

Note. Table modified from PISA 2012 technical report (OECD, 2014b, p. 316). *denotes for polytomous items.  

The scaling of the HOMEOPS index in PISA 2012 requires fitting the data to a Rasch 

model (Rasch, 1960) for dichotomous items, and a partial credit model ([PCM]; Masters, 
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1982) for polytomous items under the item response theory (IRT) framework. Then, the 

composite index of ESCS was calculated using principal component analysis (PCA) with 

three scales being indicators of ESCS (i.e., Home Possessions [HOMEPOS], Highest 

Parental Occupation [HISEI] and Highest Parental Education [PARED]) (OECD, 2014b). 

ESCS is described as the first principal component. However, the ESCS model was built 

based on all of the equally weighted OECD samples. For non-OECD regions, ESCS scores 

were obtained as a function of component loadings of the three scales and the eigenvalue of 

the first principal component obtained from OECD countries (OECD, 2014b). The ESCS 

score is scaled at a mean of zero and a standard deviation of one across OECD countries. 

Then, to understand the consistency of the ESCS index across regions, a within-region PCA 

was conducted to examine the variability of component loadings across regions. 

Consequently, they concluded that the loading patterns across countries were stable. For 

example, according to PISA 2012 technical report (OECD, 2014b), the component loadings 

of Home Possessions, Highest Parental Occupation, and Highest Parental Education in New 

Zealand were .69, .82, and .77, respectively, and .80, .83, and .84, respectively in Shanghai. 

The cross-country comparability of ESCS was not directly examined.  

Previous work regarding the cross-country comparability of ESCS has indicated that 

the construct was not invariant in the cross-cultural context (detailed review see Section 

2.1.3.3). Further, most studies on the comparability of ESCS focused on the comparability of 

HOMEPOS. Two methods were mainly employed to examine HOMEPOS comparability: 

model level fit (i.e., construct bias evaluation), and item-level fit (i.e., item bias evaluation). It 

is, however, safe to conclude that it is challenging, if possible, to form a cross-country 

comparable model for socio-economic status in international large-scale assessment. 

Nonetheless, to facilitate meaningful comparisons between Shanghai and New Zealand 
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samples, this thesis employed both methods to examine the comparability of ESCS (details in 

Section 3.5.2.5).  

3.3.3.2 Immigration status. Four subgroups were created based on students’ and their 

parents’ birth-place information in the PISA dataset. Natives refers to those who themselves 

and their parents were all born within the testing region (i.e., Shanghai or New Zealand). 

First-generation migrants refers to those who neither themselves nor their parents were born 

in the testing region. Second-generation migrants refers to those who were born in the testing 

region, but whose parents were not. Generation 2.5 migrants refers to those who were born in 

the testing region themselves but only one of their parents was born in the testing region. This 

classification differs from that of PISA which does not distinguish between second-

generation migrants and 2.5-generation migrants. The reason for such re-categorisation was 

that previous studies had suggested that first-generation migrants were the most 

disadvantaged of all in terms of socio-economic status in Shanghai while second-generation 

and 2.5-generation migrants were as affluent as, or wealthier than, their native counterparts 

(Xu & Dronkers, 2016). This pattern is also in line with other studies (Levels et al., 2008). 

3.3.3.3 Family structure. PISA also collected information on students’ family backgrounds 

(i.e., variable FAMSTRUC, OECD, 2014b). There are three categories: single parent family, 

two parent family, and students do not live with their parents.   

3.3.3.4 School location. In PISA school questionnaire, the location of the school (i.e., 

variable SC03Q01) was categorised into five levels (Sullivan et al., 2018): 

• Village: < 3,000 people 

• Small Town: 3,000 ~ 15,000 people 

• Town: 15,000 ~ 100,000 people 

• City: 100,000 to 1,000,000 people 

• Large City: > 1,000,000 people 
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Shanghai had a population of 23,804,300 in the year 2012 (Stats SH, 2013a), hence all 

the Shanghai sample was categorised as coming from a large city. In New Zealand, the 

population in the same year was 4,425,900 (The World Bank, 2021), where one third of the 

population lived in Auckland, which made Auckland the only city with a population over one 

million (i.e., large city).  

3.3.3.5 School type. PISA collected information on the school type (school questionnaire, 

SC01Q01). It has two categories: private school or public school. 

3.3.3.6 Language spoken at home the same as test language. Students were asked about the 

language they usually spoke at home. From that information, PISA derived a variable 

indicating whether the language spoken at home was the same as the test language 

(ST25Q01).  

3.3.3.7 Domain performance. Students’ PISA scores in all three testing domains were the 

outcome variables of this study. For each domain (i.e., mathematics, reading, and science), 

five plausible values were imputed for each student. Plausible values were handled correctly 

in this thesis by calculating each computation five times (e.g., PV1MATH, PV1READ, 

PV1SCIE for the first iteration). Then pooled results from the five computations were 

calculated. R package survey (Lumley, 2020), mitools (Lumley, 2019), and svyPVpack (Reif 

& Peter-bauer, 2014) were used to take into consideration the plausible values as well as the 

complex survey design.  

3.3.4 Sample Characteristics  

The Shanghai and New Zealand samples were taken from the PISA 2012 publicly 

available dataset. In addition, the school decile information for the New Zealand sample was 

requested from the New Zealand Ministry of Education (Appendix B). The sample sizes for 

the Shanghai and New Zealand samples were 5177 and 4191, respectively.  
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Table 4 presents the characteristics of the Shanghai and New Zealand samples in 

PISA 2012. Noticeably, around twice as many students are in single parent families in New 

Zealand compared with Shanghai. Moreover, 16% of New Zealand students used a different 

language than the test language at home whereas almost 99% of Shanghai students used the 

same language as the test language at home. As Shanghai itself is a metropolis, 100% of 

Shanghai students were categorised as from a large city. In contrast, 31% of New Zealand 

students were from a large city, and around 44% of students came from villages, small towns 

or towns. In terms of socio-economic status related background characteristics, the average 

New Zealand ESCS value was around .40 standard deviations higher than the Shanghai 

average ESCS. This is not unexpected because New Zealand as a developed country is 

overall wealthier than Shanghai. However, whether the ESCS index adequately captured the 

wealth in Shanghai requires further investigation (Section 4.1). It is worth noting that, among 

the socio-economic status related variables, New Zealand mean scores were all higher than 

Shanghai except for home educational resources and cultural possessions. It is speculated 

that these two variables are higher in Shanghai due to different cultural norms between 

Shanghai and New Zealand. Taking the possession of poetry (i.e., from subscale cultural 

possessions) as an example, because of the importance of traditional literature in Chinese 

education, most households possess books of traditional poetry, whereas the same cannot be 

assumed in New Zealand.  

Table 4.  

Sample characteristics of PISA 2012 data, for Shanghai and New Zealand  

Variable Shanghai (N = 5177) New Zealand (N = 4291) 

M  SE M  SE 

Demographic     

Female (%) 51.27 .93 48.90 1.19 

Family structure     

Single Parent (%) 9.38 .37 19.68 .78 



Chapter 3. Methodology  66 

Variable Shanghai (N = 5177) New Zealand (N = 4291) 

M  SE M  SE 

Both Parents (%) 88.08 .49 77.00 .82 

Others (%) 2.54 .24 3.32 .26 

Language at home (%) 98.60 .18 83.86 1.08 

Immigration Status      

1st generation (%) 17.90 1.23 16.84 1.01 

2nd generation (%) 9.15 .57 9.56 .79 

2.5 generation (%) 15.75 .54 16.79 .69 

Native (%) 57.21 1.44 56.81 1.59 

School Variables     

Public (%) 90.70 1.78 93.76 1.53 

School location     

Village (%)   6.37 1.05 

Small town (%)   12.28 2.00 

Town (%)   25.53 3.48 

City (%)   25.15 3.83 

Large city (%) 100 - 30.67 3.28 

School decile     

Decile 1   3.76 .88 

Decile 2   6.60 1.32 

Decile 3   7.56 1.59 

Decile 4   9.11 1.68 

Decile 5   10.04 2.48 

Decile 6   13.05 2.96 

Decile 7   12.76 2.65 

Decile 8   18.84 2.51 

Decile 9   11.84 2.80 

Decile 10   6.43 1.45 

Socio-economic status related     

ESCS (SD) -.361 (.964) .036 .040 (.815) .020 

HOMEPOS (SD) -.429 (.915) .033 .009 (.913) .022 

WEALTH (SD) -.767 (.868) .029 .170 (.849) .018 

HEDRES (SD) -.034 (.930) .025 -.146 (1.114) .025 

CULTPOS (SD) .465 (.876) .022 -.230 (.931) .020 

HISEI (SD) 51.127 

(19.391) 

.545 55.022 

(20.821) 

.439 

PARED (SD) 12.763 (2.988) .096 13.048 (1.995) .047 

Achievement     
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Variable Shanghai (N = 5177) New Zealand (N = 4291) 

M  SE M  SE 

Mathematics (SD) 612.68 

(100.98) 

3.29 499.75 (99.60) 2.21 

Reading (SD) 569.59 (79.99) 2.86 512.19 (105.56) 1.64 

Science (SD) 580.12 (81.97) 3.03 515.64 (104.90) 2.14 

Note. HOMEPOS: home possessions; WEALTH, HEDRES, and CULTPOS denote for family Wealth, Home 

Educational Resources, and Cultural Possessions, respectively. HISEI: highest parental occupation; PARED: 

highest parental education. Demographic values calculated using R package “survey” to take into consideration 

the complex survey design. Achievement values calculated using R package “survey” and “mitools” to take into 

account the complex survey design and plausible values.  

3.4 Study 2: An experimental study in Shanghai and New Zealand 

Study Two addresses research questions three through eight. Specifically, Study Two 

utilised cross-sectional questionnaires to generalise causal inferences from the sample to the 

corresponding population (Creswell, 2014).  

3.4.1 Procedures 

All participants were asked to complete a self-reported inventory concerning their 

understanding of the purposes and nature of assessment (i.e., SCoA). Then, within the 

framework of experimental study using vignettes (Hughes & Huby, 2004; Skilling & 

Stylianides, 2020), students were randomly assigned to one of three different test-taking 

consequence conditions. Vignettes are effective at eliciting participants’ responses when the 

situation described in the vignette is difficult to recreate in practice (Skilling & Stylianides, 

2020), such as the administration of an official ILSA. Specifically, students were asked to 

imagine themselves having just finished a test that would influence their own academic 

results (i.e., personal stakes), their country’s international ranking (i.e., country at stake), or 

having no influence at all (i.e., no stakes). Then participants were asked to complete a test-

taking motivation questionnaire where their perceived importance, anxiety and effort 

expenditure were elicited. Given the importance of simplicity and familiarity of vignette 
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instructions (Bradbury-Jones et al., 2014), the exact wording for each vignette was adapted 

from Liu et al. (2015) as follows:  

• Personal reputation. Imagine you have just taken a test that is going to influence 

your final grades, report card, or results for this year’s course of study. 

• Country at stake. Imagine you have just taken a test that will influence your 

country’s ranking in an international assessment. The result will not influence 

your personal academic result but will be utilized to compare New Zealand with 

other countries. You yourself will not be given the result from the test, nor will 

you be identified. 

• No stakes. Imagine you have just taken a test that is NOT going to influence 

your final result for this semester. You will not be given the results of the test. 

The result will be used for research purposes only. 

3.4.2 Sampling and participants 

Convenience and snowball sampling procedures were employed to recruit participants 

for Study 2. Convenience sampling refers to the sampling technique wherein participation is 

based on participants’ proximity to the research, and commonly on a volunteer basis 

(Bornstein et al., 2013). As it is a nonprobability sampling strategy, the sample consists of ad 

hoc characteristics such as demographics, etc.  

The target population was students over the age of 16 studying in New Zealand and 

Shanghai secondary schools. Note the target population differs from that of PISA for ethical 

reasons (i.e., individuals over the age of 16 can consent to participate in their own right per 

ethical requirements). Moreover, in Shanghai, these students would have experienced the 

high-stakes Zhongkao giving them familiarity with the different stakes involved. Similarly, in 

New Zealand, the target population are expected to have either experienced or be in the 

process of preparing for their NCEA qualifications, so their familiarity with the stakes 

involved can likewise be assumed, unlike younger students who are unlikely to have 

experienced high stakes testing.  
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In Shanghai, online questionnaires were generated using the Sojump platform 

(http://www.sojump.com) and advertised on WeChat as research shows the combination of 

the two to be a reliable way to recruit participants in China amid the poor accessibility of 

well-known survey tools such as Qualtrics (Mei & Brown, 2018). Moreover, paper-based 

forms were distributed at schools which permitted their students to be approached. On the 

other hand, in New Zealand, questionnaires were distributed via the Qualtrics platform 

(https://www.qualtrics.com) and advertised using Facebook. Since the target population of 

the study was young dwellers living in either an urban city of a developing country 

(Shanghai), or a developed country (New Zealand), their familiarity with social networks and 

technology can be logically assumed (Mei & Brown, 2018).  

The questionnaire itself consisted of three parts. Part one collected students’ 

background information, such as their age, school name, gender, grade level etc. In the case 

of the online-survey, participants were asked to choose their age firstly before the other 

questions appeared. Respondents under the age of 16 were redirected to the Thank you for 

your participation page to ensure the sample consisted of eligible participants only. The other 

two parts consist of the instrument used in the questionnaire (described in Section 3.4.2, the 

current chapter). Samples obtained from New Zealand and Shanghai were processed first to 

ensure data quality.  

3.4.2.1 Shanghai sample. Firstly, in the data screening stage of the Shanghai sample, 

questionnaires that appeared to be inherently invalid were deleted (seven for identical 

responses to each item, 64 for completing in under 150 seconds, a rate of 3 items per second 

which was deemed unlikely to yield meaningful results). Within the remaining 1010 

responses, cases with more than 10% missing values on construct items were removed (n = 7 

deletions, .07%). Then, Little’s MCAR test was performed for the remainder of the sample 

for SCoA (χ2 (318) = 341, p = .18) and TTM (χ2 (24) = 28, p = .26) separately, and the non-
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significant results suggested that the missingness was likely to be completely at random. 

Missing value analysis was conducted using expectation maximization (Dempster et al., 

1977) separately for the SCoA (n = 14) and TTM (n = 2) constructs. Sample means and 

standard deviations were inspected, and the imputation did not meaningfully impact the data 

parameters. The final Shanghai sample contained 1003 cases. 

In the Shanghai sample (Table 5), 90% of participants came from 12 schools, with 

one third from two vocational high schools and 57% from 10 high schools, three of which 

were affiliated with a university. Note that only institutions with at least 10 respondents were 

identified, to protect the identity of participants. These numbers roughly correspond to the 

population statistics of the proportion of students in high school and vocational secondary 

education. The sample is thus almost 2:1 senior secondary to vocational students. Most high 

school students were in Year 10, while a larger proportion of vocational students were in their 

final year. Ages ranged from 16 to 18, with almost half being in the youngest group. The 

sample was slightly skewed toward girls (55%) versus boys (44%). Nearly 80% of all 

returned surveys were administered online as opposed to paper. The number of participants 

across the three test-taking conditions was almost identical.  

The intra-class correlations (ICC) were calculated for the Shanghai sample to inspect 

the potential school effect on students’ responses. The results showed that all the ICC values 

ranged from 0-0.08 across all the instruments used, which warrant single-level analyses.   

Table 5.  

Demographic characteristics of the Shanghai sample 

Demographic characteristics N Percentage (%) 

School   

High school A 117 11.6 

High school B 95 9.5 

High school C 52 5.2 
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Demographic characteristics N Percentage (%) 

High school D 45 4.5 

High school E 44 4.4 

High school F 31 3.1 

University affiliated high school A 109 10.9 

University affiliated high school B  31 3.1 

University affiliated high school C 24 2.4 

Vocational high school A 328 32.7 

Vocational high school B  24 2.4 

Other High Schools (not specified or with less than 10 responses) 97 9.6 

Other Vocational high schools (not specified or with less than 10 responses) 6 0.6 

Grade Level   

Senior Secondary Level 645 64.3 

Secondary Vocational Level 358 35.7 

Country Specified Grade Level   

High School   

Year 10 384 38.3 

Year 11 152 15.2 

Year 12 107 10.7 

Missing 2 0.2 

Vocational High School   

Year 10 125 12.5 

Year 11 112 11.2 

Year 12 86 8.6 

Missing 35 3.5 

Gender   

Male 439 43.8 

Female 553 55.1 

Gender Diverse 9 0.9 

Missing 2 0.2 

Age   

16 480 47.9 

17 319 31.8 

18 151 15.1 

19 and above 48 4.8 

Missing 5 0.4 

Data Source   

Digital 790 78.8 

Paper 213 21.2 

Experimental Condition   



Chapter 3. Methodology  72 

Demographic characteristics N Percentage (%) 

No Stakes 343 34.2 

Country 326 32.3 

Self 334 33.4 

Total 1003 100.0 

3.4.2.2 New Zealand sample. The same process was conducted for New Zealand data. After 

removing cases deemed ineligible (i.e., underage n = 5, university students n = 188) or who 

missed more than 10% of the items for either construct, 479 cases out of an initial pool of 820 

were retained, giving an effective response rate of 58%. Of these participants, there was one 

case with one missing value (out of 33) for Student Conceptions of Assessment (SCoA) 

inventory, and one case with one missing value for TTM scale (out of 13). These missing 

values were imputed again using expectation maximization (Dempster et al., 1977) separately 

for the SCoA and TTM constructs. The Little’s MCAR test for SCoA and TTM were not 

statistically significant (χ2 
(32) = 22.59, χ2/df=0.71, p = .40, and χ 2 

(12) = 23.51, χ 2/df=1.96, p 

= .16, respectively). 

In the final New Zealand sample (Table 6), 462 students came from 188 schools, the 

remaining 17 participants did not give a specific school name. Four schools had more than 10 

participants. School decile information was obtained by matching participant-reported school 

names with public school decile records (Education Counts, 2020). Almost 90% of 

participants were at either Year 12 or Year 13, meaning they could be expected to be in the 

process of gaining either their NCEA Level 2 or 3 qualifications. The sample is skewed 

toward girls (around 4:1 girl to boy ratio), which is a limitation in terms of representativeness 

of secondary school boys but reflects the tendency for females to be more likely to respond to 

survey invitations (G. Smith, 2008). Similar to the Shanghai sample, ICC values were 

calculated for New Zealand sample as well which ranged from 0-0.09. As a result, all the 

analyses were carried out on the student-level only.  
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Table 6.  

Demographic characteristics of the New Zealand sample 

Demographic characteristics N Percentage (%) 

Grade Level   

Year 10 1 .2 

Year 11 48 10 

Year 12 217 45.3 

Year 13 212 44.3 

Missing  1 .2 

City   

Auckland 217 45.3 

Christchurch 38 8.0 

Dunedin 15 3.1 

Wellington 44 9.2 

Others 165 34.4 

Gender   

Male 93 19.4 

Female 380 79.3 

Gender Diverse 6 1.3 

Age   

16 224 46.8 

17 219 45.7 

18 36 7.5 

School Decile   

1 11 2.3 

2 9 1.9 

3 19 4.0 

4 35 7.3 

5 22 4.6 

6 35 7.1 

7 69 14.4 

8 78 16.3 

9 93 19.4 

10 79 16.5 

Missing 29 6.1 

Condition   

no stakes 160 33.4 

country at stake 159 33.2 
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Demographic characteristics N Percentage (%) 

personal reputation 160 33.4 

Total 479 100.0 

 

3.4.3 Instruments 

Both students’ conceptions of assessment inventory and test-taking motivation 

construct were adopted and adapted in Study 2. 

3.4.3.1 Students’ conceptions of assessment (SCOA-VI). The Students’ Conceptions of 

Assessment inventory (SCoA-VI; [Brown, 2008]) was adapted by changing the word 

‘assessment’ to ‘test’ whenever it appeared. The inventory consists of 33 items related to four 

meta-categories (i.e., improvement, irrelevance, affect, external attribution) and eight specific 

categories. Specifically, aspects of self-improvement and teacher-improvement under the 

Improvement category reflects self-regulation. Likewise, External Factor also consists of two 

sub-categories, namely student future and school quality. This reflects maladaptive external 

attribution beliefs about assessment. The Affect category also has two first-order factors that 

are related to the aspects that assessments are enjoyable and beneficial to the class 

environment. Lastly, the Irrelevance category evaluates the degree to which students think 

they ignore assessments and that assessments are not fair. The inventory has been 

successfully implemented in multi-cultural contexts such as Hong Kong, mainland China, 

Brazil, New Zealand, and Portugal (Brown, 2013; Flores et al., 2019; Matos & Brown, 2015; 

Matos et al., 2019). Students rate their responses to items using a six point, positively packed 

scale (Lam & Klockars, 1982). Participants can choose from two negative options (i.e., 

strongly disagree and mostly disagree) or four positive options (i.e., slightly agree, 

moderately agree, mostly agree, and strongly agree). This response scale has been shown to 
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be effective when participants are inclined to endorse the substance of statements (Deneen et 

al., 2013). 

3.4.3.2 Test-taking motivation scale. The test-taking motivation scale was adapted from 

Knekta and Eklöf (2015) and the Student Opinion Scale (Thelk et al., 2009). The original five 

factors and 19 items had to be changed because in this study students were not taking an 

actual test, rather they were asked to respond to one of three hypothetical test-taking 

scenarios. Specifically, Expectancy and Interest are only relevant to situations where students 

have just finished a real-life test (e.g., ‘I did well on this test’ from Expectancy, or ‘It was fun 

to do this test’ from Interest). Therefore, these two constructs were not included in the study. 

Moreover, several items from the other three constructs were excluded for not fitting one or 

more of the conditions (e.g., ‘I could have tried harder on this test’ from ‘Effort’, and ‘I was 

so nervous when I took this test that I forgot things I usually know’ from ‘Anxiety’). These 

changes left three items for the anxiety scale (i.e., Before taking this test, I worried about how 

difficult it would be; I was scared of failing on this test; I felt relaxed while taking this test). 

While it might be argued that these items reflect student self-efficacy or confidence in test-

taking, this thesis followed the original scale meaning of Knekta and Eklöf (2015) that these 

reflect student anxiety when faced with a test. 

Thelk et al. (2009) demonstrated that test importance consisted of both knowing the 

test results (e.g., ‘I would like to know how well I did on this test’) and that the test itself is 

important (e.g., ‘It was important to me to get a good result on this test’). The Knekta and 

Eklöf (2015) importance scale did not have any items for knowing the test results. Thus, three 

items from the Student Opinion Scale were included in the study so that the number of 

retained items per construct would be at least three. An additional item (‘I would like to know 

where I went wrong in the test’) was inserted to the Importance construct because having 

feedback regarding tests results has been found to have positive impact on students’ learning 
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(Brown et al., 2016) and the common practice in China of students keeping a notebook 

consisting of errors they made in tests (cuo ti ji; [Zhou, 2017]). 

The instrument consists of a six-point Likert-type scale with three negative and three 

positive options (i.e., 1 = strongly disagree, 2 = moderately disagree, 3 = slightly disagree, 4 

= slightly agree, 5 = moderately agree, and 6 = strongly agree).  

3.4.3.3 Questionnaire translation. The SCoA inventory and the TTM scale were translated 

into Chinese for the Shanghai sample by me using a functional equivalence approach (Jin & 

Nida, 2006). Four bi-lingual informants (two in education field, one in engineering, one in 

commerce) were asked to rate their confidence in the accuracy (on a scale of 1 to 6) and note 

their concerns about the translation (Tran et al., 2017). I then revised the translations and 

repeated the above procedure until all raters gave sixes on all the items. 

The questionnaires for New Zealand and Shanghai are attached in Appendix C.   

3.4.4 Ethical considerations 

Study 2 was granted ethical approval by the University of Auckland Human 

Participants Ethics Committee on 01 April 2019 for a period of three years (Reference 

number: 022736; Appendix D). The ethical principles involve anonymity of participation, 

voluntary consent. All participants are offered a Participant Information Sheet (PIS) which 

informed potential participants of the aim and procedures of the study (Appendix E). The PIS 

form was presented at the beginning of the questionnaire and proceeding to the remainder of 

the questionnaire implied participants’ willingness to participate. Because of the anonymity 

of the questionnaire, no consent form was needed. Electronic and paper-based data will be 

stored in a secure manner for six years. After the completion of the study, instead of data 
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destruction, in accordance with Open Science expectations, the data will be uploaded to an 

institutional repository (i.e., Figshare.com). 

3.5 Common Analytic Methods for Studies 1 and 2 

The common analytic methods for Study One and Two are presented in this section, 

which consists of measurement model validation (Study One and Two), measurement 

invariance testing (Study One and Two), and structural equation modelling (Study Two only). 

Though structural equation modelling (SEM) was not employed in Study 1, it is laid out in 

this section as SEM is a direct result from the previous two procedures. Figure 6 presents a 

general the factor analysis portion of the two studies. The remainder of this section illustrates 

the detailed application of the methods.  

 
Figure 6. General workflow of factor analysis for Study 1 and Study 2 

3.5.1 Confirmatory factor analysis 

Factor analysis is a technique used to understand the underlying construct of a set of 

observed variables. The underlying construct is called a latent variable or a factor as it cannot 

be directly measured, such as intelligence, or happiness (Brown, 2006; Jackson et al., 2009). 

Confirmatory factor analysis (CFA) – differs from exploratory factor analysis – in that CFA 

tests the model-data fit against a hypothesised measurement model derived from theories 

(Ullman, 2006). In accordance with the 2-step process (Anderson & Gerbing, 1988), 

measurement models from Study One (e.g., Home Possessions) and Study Two (e.g., 
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Students’ Conceptions of Tests) were evaluated separately against existing models using 

confirmatory factor analysis. Model fit criteria was also discussed.  

3.5.1.1 Application of CFA in Study 1. The OECD utilised a latent variable modelling 

approach of the item response theory (IRT; [Lord & Novick, 1968]) for constructing the 

Home Possessions (HOMEPOS) subscale of ESCS. In this thesis, confirmatory factor 

analysis was used to examine the consistency of the hypothesised latent model with data from 

the Shanghai and New Zealand samples. Takane and de Leeuw (1987) demonstrated 

equivalence between the two approaches. Because the contextual variables of HOMEPOS are 

categorical in nature (i.e., dichotomous and polytomous), the maximum likelihood estimator 

should not be used (Brown, 2006). Instead, the robust weighted least squares (WLSMV) 

estimator was used for the estimation of the HOMEPOS measurement model. Software 

Mplus version 8 ([Muthén & Muthén,1998-2017], see www.statmodel.com) was used for the 

confirmatory model of HOMEPOS because of its functionality of the WLSMV estimator in 

conjunction with complex survey data.  

Lastly, missing values of HOMEPOS variables were handled in line with the 

literature for the inspection of the HOMEPOS construct model (Lee & von Davier, 2020). 

Listwise deletion was employed which resulted in the removal of 157 (3.03%) cases in the 

Shanghai sample and 379 (8.83%) cases in the New Zealand sample.  

3.5.1.2 Application of CFA in Study 2. Measurement models for both SCoA and TTM were 

evaluated separately against existing models using confirmatory factor analysis. Multiple 

alternative models were evaluated for the SCoA in light of multiple previous results (listed in 

Chapter 5, Section 5.1.1).  

To determine the estimator for CFA in Study 2, the data characteristics were 

examined in terms of multivariate normality. In the New Zealand sample, 24 (4.82%) 

participants were multivariate outliers for the SCoA and 15 (3.01%) for the TTM constructs 
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based on sample size adjusted critical thresholds for Mardia’s Mahalanobis d2 values 

(Ullman, 2006). Using the same threshold, the Shanghai sample consisted of 92 (9.17%) 

multivariate outliers for SCoA and 59 (0.59%) for TTM. Therefore, maximum likelihood 

estimation with robust standard error (MLR, Kelloway 2014; Satorra & Bentler, 2001) was 

used to mitigate this small lack of multivariate normality.  

3.5.1.3 Measurement reliability. The observed scores in psychological measurements capture 

both signal and noise. Reliability measurement, defined as a function of the signal to noise 

ratio, is used as a quantified indicator of measurement precision (Mellenbergh, 1996). The 

most widely used method of measurement reliability is Cronbach’s  (Cronbach, 1951; 

Trizano-Hermosilla & Alvarado, 2016). However, the  coefficient has three assumptions 

that may not hold in real-life situations: a) unidimensionality, b) tau-equivalence (i.e., equal 

factor loadings of all items), and c) uncorrelated measurement error (Flora, 2020). As a result, 

researchers have called for alternative reliability estimates (e.g., Cho & Kim, 2015; McNeish, 

2018; Revelle & Zinbarg, 2009 to name a few). McDonald’s ω (McDonald, 1970), which 

does not assume tau-equivalence has been positioned as a recommended alternative to  

coefficient (e.g., Dunn et al., 2014; Flora, 2020; Graham, 2006; Hayes & Coutts, 2020; 

Revelle & Condon, 2019). Further, Hancock and Mueller (2001) proposed coefficient H as a 

measure of measurement quality. They suggested that coefficient H is “never less than the 

best indicator variable’s reliability (Mueller & Hancock, 2015, p. 689)”. Both McDonald’s ω 

and coefficient H are based on the magnitude of standardised factor loadings of a latent 

construct.  

3.5.1.4 Model fit criteria. Multi-criteria for model acceptance were specified in line with 

current practice (Cheung & Rensvold, 2002; Fan & Sivo, 2007; Hu & Bentler, 1999; Marsh 

et al., 2004). Specifically, model fit indices such as χ2, χ2/df, Comparative Fit Index (CFI), 

root mean squared error of approximation (RMSEA), the 90% confidence interval of 
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RMSEA, standardized root mean squared residual (SRMR), and gamma hat were examined 

to evaluate model quality. A model is considered to have demonstrated good fit to the data 

when χ2/df < 3.00, SRMR < .06, gamma hat and CFI are > .95, RMSEA and the 90% 

confidence interval of RMSEA < .06. Further, a model is considered acceptable when the p 

value associated with the ratio of χ2 and degree of freedom is not statistically significant (i.e., 

3.00 < χ2/df < 3.80), CFI and gamma hat ≥ .90, RMSEA ≤ .08, with 90% CI ≤ .08, and 

SRMR ≤ .08.  

As CFI tends to punish complex models with more than three factors (Cheung & 

Rensvold, 2002) and RMSEA falsely rewards complex models with misspecifications (Fan & 

Sivo, 2007), emphasis was given to more stable fit indices such as SRMR and gamma hat. 

Additionally, Akaike’s Information Criterion (AIC) was used to determine the relative 

advantages of competitive models, with the difference of AIC larger than 10 indicating that 

the model with smaller AIC being more favourable (Burnham & Anderson, 2004). When a 

model did not meet conventional thresholds for acceptance, modification indices (MI) were 

inspected to explore potential adjustments in order to improve model fit. Specifically, MI a) 

suggest additional paths that could be added to the model, and b) inform an exploratory 

protocol that maximised very simple structure (Revelle & Rocklin, 1979) and acceptable fit 

by deleting items/paths that violate the very simple structure assumptions. In this thesis, the 

second functionality of MI was utilised to obtain well-fitting results. This approach obviates 

true confirmation of the original models by instead creating new models that are restricted to 

the current data. Nevertheless, this approach is superior to purely exploratory approaches in 

that it provides robust fit indices and maintains conceptual coherence with the original 

measurement models. The trimmed models were tested in a different context whenever 

possible (i.e., a Shanghai model obtained using Shanghai data being tested using the New 

Zealand data).  
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Additionally, in Study Two, because of the insufficient sample to variable ratios for 

the New Zealand sample (< 5:1), especially in the consequence conditions, can inflate the 

chance of Type I error in SEM models. Therefore, Swain’s adjustment to fit indices (Swain, 

1975) was calculated using R function swain (Boomsma & Herzog, 2013; Herzog & 

Boomsma, 2009). Competing models were evaluated using the AIC index where 

differences >10 indicate the model with the smaller AIC are to be preferred (Burnham & 

Anderson, 2004). 

3.5.2 Measurement invariance testing  

To establish cross-region comparability of the instruments used in Study One and 

Two, measurement invariance (MI) testing was conducted. Traditionally, MI is tested using 

multiple group confirmatory factor analysis with a nested invariance testing approach 

([MGCFA MI], Jöreskog, 1971; Meredith, 1993). Global fit indices are provided in the 

MGCFA MI approach, so it is possible to determine the degree of fit deterioration as more 

equality constraints are imposed between the two groups.  

Additionally, for the invariance testing of the Home Possessions index in Study One, 

multi-group item response theory with concurrent calibration was employed to inspect item 

fit (or mis-fit).  

3.5.2.1 Multi-group confirmatory factor analysis with measurement invariance testing. 

Measurement invariance (MI) implies that the same construct is measured in heterogeneous 

samples in the same fashion (Wu et al., 2007). It is tested by using a nested multiple-group 

invariance testing approach (Brown et al., 2017; Byrne, 2013). This approach evaluates 

whether factor loadings and intercepts are equivalent across groups (Cheung & Rensvold, 

2002; Vandenberg & Lance, 2000). First, a configural model with no equality constraints is 

estimated as the baseline model. A successful configural model indicates that the construct 

structure or form is equivalent between groups. Then, a metric invariance model is estimated 
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with factor loadings to be constrained as equal among groups. Further, a scalar invariance 

model constrains both factor loadings and item intercepts to be identical among groups. A 

configural model is assumed to be true when the RMSEA index is smaller than .08 (Wu et al., 

2007). Metric and scalar equivalence were assumed if the chi-square difference test had 

p>.05 or change of CFI index (ΔCFI) <.01 compared to the previous step of the less 

constrained model (Cheung & Rensvold, 2002; Vandenberg & Lance, 2000).  

3.5.2.2 Effect size of measurement non-invariance dMACS. In cross-cultural construct 

comparisons, it is not always possible to achieve measurement invariance, especially in the 

context of international large-scale assessment (Marsh et al., 2018). Under the MGCFA MI 

framework, when measurement invariance cannot be achieved, the effect size of the non-

comparability can be calculated using the mean and covariance structure, namely dMACS (Nye 

& Drasgow, 2011; Stark et al., 2006). dMACS is an item level measurement of the magnitude 

of misfit (Fischer & Karl, 2019). It could be interpreted the same way as the established 

effect size measurement of Cohen’s d, with .20, .50, and .80 being considered as small, 

medium, and large differences, respectively (Cohen, 1988). R package dmacs was used for 

the computation of dMACS statistic (Dueber & Zhou, 2019). 

3.5.2.3 Multi-group concurrent calibration with item response theory. Since PISA 2015, 

multi-group concurrent calibration with partial invariance assumption within the IRT context 

was employed for the scaling of contextual and cognitive scales ([MGIRT MI], OECD, 

2017b). Under the IRT framework, the scaling method of the items depend on item type. 

Specifically, in PISA 2012, the Rasch model was fitted to dichotomous items, whereas the 

partial credit model [PCM] was fitted to polytomous items. From PISA 2015, the two-

parameter logistic (2PL) model (Birnbaum, 1968) was fitted to dichotomous items, whereas 

the generalized partial credit model (GPCM) was fitted to polytomous items (Muraki, 1992). 

That is, for dichotomous items, two parameters were estimated: the discrimination parameter 
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α, and the difficulty parameter β. The 2PL model assumes that given the latent trait (θ, 

HOMEPOS in this context), the probability of a participant selecting Yes, I own the item 

depends on the discrimination and the difficulty parameters that the household item 

possesses. For polytomous items, GPCM assumes that for a given latent trait (θ), the 

probability of a participant selecting one category (e.g., one TV as opposed to two TVs) is a 

function of the item’s discrimination parameter, its step endorsement parameter, and 

information from other categories (Embretson & Reise, 2000).  

After obtaining the model-based IRT model during the first step of concurrent 

calibration using data from all groups with equality constraints, the deviance of an item’s 

item characteristics curve (observed ICC) in a group (language by country group) is 

calculated. If the deviance exceeds a certain threshold, it is assumed that the item presents 

differential item functioning (DIF) for that group, thus is not invariant/comparable to other 

groups. To quantify the deviation of the observed ICC to the model-based ICC, the root mean 

square deviation (RMSD) is obtained (Formula 3, [Buchholz & Hartig, 2019]).  

𝑅𝑀𝑆𝐷 =  √∫(𝑃0(𝜃) −  𝑃𝑒(𝜃))2 𝑓(𝜃)𝑑𝜃 (Formula 3) 

where 𝑃0(𝜃) represents the observed ICC and 𝑃𝑒(𝜃) represents the model-based ICC. RMSD 

is a function of both the observed ICC and model-based ICC, while being weighted by the θ 

distribution (Lee, 2019). The RMSD value represents the absolute difference between the 

observed ICC and the model-based ICC thus is always positive or zero. The higher the 

RMSD value, the higher the level of mis-fit the item possesses for the group in comparison to 

the whole sample. Research involving setting the threshold for determining acceptable levels 

of RMSD is somewhat limited (for exception see Buchholz & Hartig, 2019). In PISA 2015, 

the threshold was 0.30 for contextual questionnaire variables (OECD, 2017b) and for 

cognitive scales the cut-off was 0.12. However, a more recent simulation study (Buchholz & 

Hartig, 2019) suggests that using the 0.30 cut-off score, only 1% of the items could be 



Chapter 3. Methodology  84 

flagged for DIF even in the existence of the most extreme non-invariance. They further 

proposed that a cut-off of 0.055 should be used. Additionally, Lee & von Davier (2020) re-

examined the PISA HOMEPOS scales in all cycles and countries and set the RMSD cut-off 

score at 0.15. Lastly, Pokropek et al.  (2017) set the cut-off score of RMSD at 0.10 when 

inspecting the cross-country comparability of HOMEPOS index (in terms of item fit) for 

PISA 2012, in conjunction with two other indicators (i.e., modification indices and expected 

parameter change). As there is no consensus in terms of the threshold of RMSD for 

determining DIF, all existing criteria were considered in this thesis.  

This doctoral thesis adopted both the MGIRT MI method using the RMSD statistic 

and the MGCFA MI method using the dMACS statistic, as well as results from Lee and von 

Davier (2020) and Pokropek et al. (2017) to determine whether any items had substantial DIF 

between the New Zealand and Shanghai samples. After identifying items that did (or did not) 

exhibit DIF between the two groups, multi-group IRT concurrent calibration was conducted 

again. Item parameters (i.e., both discrimination and location parameters) were released from 

equality constraints for the DIF items, while items without DIF were treated as anchor items 

in that the parameters were constrained to be equal during the calibration. Thus, the final 

HOMEPOS model was a partially invariant IRT model.  

3.5.2.4 The trade-off of implementing partial invariant models. The possibility of a partially 

invariant model has been implemented especially by MGCFA practitioners in the absence of 

a full scalar invariance model (Byrne et al., 1989). This approach is also used in the PISA 

scaling of cognitive and contextual data (von Davier et al., 2019). However, there lacks 

guidance in terms of the number of items required as anchors for the scale to be comparable 



Chapter 3. Methodology  85 

(Avvisati et al., 2019). Notably, Pokropek et al. (2019) suggested that 20% of the anchor 

items should suffice when identified correctly under the MGCFA MI framework.  

It is important to note the trade-off of having a partially invariant model. On the one 

hand, having more item parameter equality constraints means that the model is more 

comparable between groups (i.e., linked); on the other hand, since the relationship between 

the item and the latent construct (in this case HOMEPOS and ESCS) might not be the same 

from one group to the other, having equality constraints implies that the model might not be 

accurately measuring the latent construct within a group, thus compromising construct 

validity for that group (Lee & von Davier, 2020; Pokrepek et al., 2017).  

3.5.2.5 Study 1 measurement invariance testing. The MI testing for Study 1 contained two 

parts, with the first being the prerequisite of the second. First, the measurement invariance of 

HOMEPOS construct was conducted. Then, based on the (partially) invariant HOMEPOS 

index, the measurement invariance of ESCS was examined. A flowchart of MI testing in 

Study One is presented in Figure 7. 
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Figure 7. Study 1 measurement invariance testing flowchart
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Only common household items such as the possession of poetry, TV, cars etc. were 

included in the HOMEPOS invariance testing as national specific items are inherently not 

comparable (Lee, 2019). The global invariance of the construct between the New Zealand 

and Shanghai samples was inspected first following the practice of Rutkowski and Rutkowski 

(2013) and Rutkowski and Svetina (2017). Specifically, after the examination of the single 

group unifactorial CFA on the HOMEPOS construct, MGCFA MI was conducted to examine 

if measurement invariance could be obtained. Because of the categorical nature of data, 

threshold invariance, threshold and factor loading invariance, and threshold, factor loading, 

and intercept invariance were tested after obtaining a configurally invariant model using delta 

parameterisation (Svetina et al., 2020; Wu & Estabrook, 2016). Software Mplus (Muthén & 

Muthén, 1998-2017) was used to exploit the WLSMV estimator and complex survey design.  

When measurement invariance could not be obtained from the MGCFA MI 

framework, the effect size of item level measurement non-invariance was calculated as 

dMACS. Then, concurrent calibration with a two-parameter logistic (2PL) model (Birnbaum, 

1968) for dichotomous items and generalized partial credit model (GPCM) for polytomous 

items was performed with all parameters constrained to be equal between the two samples. 

From the fully constrained baseline model, RMSD values were calculated to establish the 

deviance of items’ ICC from the fully constrained ICC (i.e., model-based ICC) under the 

MGIRT MI framework. The four thresholds of RMSD (Section 3.5.2.3) were cross inspected 

with the dMACS values, as well as with two previous studies with similar characteristics (Lee 

& von Davier, 2020; Pokropek et al., 2017) to identify robust indicators that were invariant 

between the New Zealand and Shanghai contexts. Finally, likelihood ratio DIF detection 

under the IRT framework was conducted using the known-anchor approach where the 

identified robust items were used as anchor items between the two samples to test for DIF 

among the remainder items (Tay et al., 2015).  
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Under the concurrent calibration IRT model with partial invariance assumption, items 

that exhibited high levels of mis-fit were freely estimated between the two contexts whereas 

items that were identified as anchor items were constrained to be equal (i.e., difficulty and 

discrimination parameters for dichotomous variables as well as threshold parameters for 

polytomous variables). Factor scores of HOMEPOS were then estimated using the expected a 

posteriori estimate ([EAP], Embretson & Reise, 2000). Note that this is not in line with 

PISAwhich used the weighed least squares [WLE] method for factor score estimation 

(OECD, 2014b; OECD, 2017b; Warm, 1989). R package mirt was used for the IRT model 

estimation as well as the calculation of RMSD value (Chalmers, 2012). 

With the HOMEPOS factor scores obtained from partially invariant IRT models, the 

measurement invariance of ESCS was examined using the MGCFA MI approach. Note that 

the PISA ESCS index was calculated using principal component analysis for the Home 

Possessions index, Highest Parental Education index, and Highest Parental Occupation 

index, with the first component assumed to be the ESCS index across equally weighted 

OECD countries (OECD, 2014b). Cross-country comparability was not directly tested but 

examined by estimating the PCA model again within each participating region, where the 

standard deviations of component loadings across all participating regions were calculated. If 

the standard deviation is small, it is assumed that the relationship between each indicator and 

the first component (i.e., ESCS) will be similar across all regions. In this doctoral thesis, an 

innovative approach was used in that the invariance of ESCS was tested under the MGCFA 

MI approach, to statistically examine the configural, metric, and scalar levels of invariance 

between the Shanghai and New Zealand samples. R packages lavaan (Rosseel, 2012) and 

lavaan.survey (Oberski, 2014) were used for the MI testing with complex survey data. In the 

case where the invariance of ESCS model could not be obtained, partially invariant models 

were tested.  
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3.5.2.6 Study 2 measurement invariance testing. The measurement models of SCoA and 

TTM were obtained via CFA for the Shanghai and New Zealand samples, separately. As 

individual group model fit to data is required before testing model invariance (Sass, 2011), 

the obtained SCoA and TTM models were tested separately for the three test-taking 

conditions within each jurisdiction. In the case where the overall model failed to fit a 

condition (e.g., no stakes condition within the New Zealand sample group), modification 

indices were inspected, and, where theoretically sensible, post-hoc modifications were made 

so that the final model had acceptable fit to both overall and individual group data. Then, 

MGCFA MI was performed for the SCoA and TTM constructs separately. The details of 

tested models are presented in Chapter 5. In short, the measurement invariance was tested in 

four ways for each construct:  

• Method I. location as grouping variable only 

• Method II. within each location across experimental conditions 

• Method III. between-location across the three conditions 

• Method IV. between-jurisdiction by a particular condition 

3.5.3 Structural equation modelling  

Structural equation modelling (SEM) refers to the modelling of causal relations 

among latent factors (Weston & Gore, 2006). SEM extends to the broad application of 

general linear modelling (GLM) which takes observed variables (i.e., manifest variables) 

only. SEM provides separate estimates for the measurement model and the structural 

relationship among latent constructs simultaneously (Tomarken & Waller, 2005). Thus, it is 

argued that the structural relationships estimated are corrected for measurement error (Bollen, 

1989). In addition, SEM provides global fit indices to evaluate the admissibility of the 

hypothesised theoretical model to the data (Lei & Wu, 2007). As per the two-step approach 

(Anderson & Gerbing, 1988), SEM can be performed after obtaining admissible 

measurement models.  
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In Study 2, the relationship between SCoA and TTM was modelled using SEM 

models (Figure 4, Chapter 2, Section 2.4) when appropriate levels of measurement invariance 

of SCoA and TTM were obtained.  

3.5.3.1 Structural equation modelling with invariance testing. As the between contexts (i.e., 

between the Shanghai and New Zealand contexts) MGCFA MI models were not admissible, 

the structural equation modelling with invariance testing (MGSEM MI) was conducted for 

the three experimental groups within the Shanghai and New Zealand samples, separately. 

Specifically, in two separate tests, the invariance of a) the structural relationship between 

SCoA and TTM and b) the variance and covariance structure of the predictors were 

evaluated.  

3.5.3.2 Model impact. The impact of the structural model was quantified using R2, which 

indicates the amount of variance in the endogenous factors explained by the structural model. 

As a means to understand the impact in terms of effect size, R2 was converted to f2 (f2 = R2/1 – 

R2). The small, medium and large effect sizes can be indicated by f2 of .02, .14, and .35, 

respectively (Cohen, 1988). 

3.5.3.3 Latent mean analysis. Latent mean analyses were performed to determine whether 

students’ endorsement of the instruments differed across three conditions after controlling for 

level of invariance (Cheung & Rensvold, 2002; Vandenberg & Lance, 2000). Estimated 

means are relative mean differences between a reference group (set as zero) and the non-

reference groups (Bentler, 2006; Hong et al., 2003; Teo & Kam, 2014). For example, taking 

the no stakes group as the reference, the latent means of country at stake and personal 

reputation groups were estimated as the change in their beliefs and motivation compared to 

that condition. Effect sizes of the differences were calculated according to guidelines given 

by Hancock (2001). A critical ratio (CR) > 1.96 indicates a statistically significant latent 

mean difference (p < .05). As the prompts for the manipulation of test-taking instructions 
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were not introduced until after participants had already finished the SCoA, we expect that any 

differences on the endorsement of SCoA should be due to chance – and therefore that any 

meaningful differences reflect underlying differences between the experimental conditions. R 

package lavaan (Rosseel, 2012) was used for all the factor analyses in Study 2.  

3.6 Chapter Summary 

This chapter first introduced the post-positivism research paradigm and multiple 

methods research design employed in the thesis. Then, the specific methods used in Study 

One and Study Two were explained individually followed by common analytic procedures 

between the two studies. It went on to expound data collection, data preparation, sample 

characteristics, instruments as well as ethical considerations whenever applicable. With both 

secondary analysis of PISA 2012 data and cross-sectional between-subjects experimental 

questionnaire data, this thesis provides two angles in investigating the sample bias between 

Shanghai and New Zealand in the context of ILSAs. The following three chapters report the 

respective findings from Study One and Study Two and an overall discussion of the thesis.  
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Chapter 4. Study 1: Propensity Score Matching on PISA 2012 

Data 

This chapter aims to determine whether it is possible to identify “matched” New 

Zealand and Shanghai PISA 2012 samples using propensity score methods to investigate 

potential sample bias between the two jurisdictions. Forward and backward approaches were 

used to form meaningful comparisons of PISA results between the two focal groups. In the 

forward approach, students’ demographic information was used as covariates for propensity 

score calculation. However, prior to the forward matching approach, the comparability of 

PISA’s index of economic, social and cultural status (ESCS) was examined. Specifically, 

several adjustments were made prior to the propensity score analyses in an attempt to 

improve the comparability of the index. The forward matching approach aims to compare 

achievement scores between the New Zealand and Shanghai samples after matching 

participants. In the backward approach, students’ results in the three PISA domains (i.e., 

mathematics, reading, and science) were used as the propensity score covariates. The 

backward matching approach aims to examine the characteristics of the New Zealand sample 

that performed as well as their Shanghai counterparts.  

4.1 Adjustments to the ESCS indices: Achieving Measurement Invariance  

In order to conduct PSM on background variables, confidence is needed that, 

notwithstanding OECD’s assurances, the home possessions scale was statistically equivalent 

across samples. This can be done using multi-group invariance testing or item response 

theory differential item functioning. Items that do not demonstrate equivalent statistical 

properties need to be released from equality constraints from the index of home possessions 

prior to PSM.  

Three methods were employed. First, under the multiple group confirmatory factor 

analysis with measurement invariance testing framework (MGCFA MI), the HOMEPOS 
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model equivalence (or non-equivalence) was examined for equivalent item thresholds 

(threshold equivalence), thresholds and factor loadings (metric invariance) and thresholds, 

loadings, and intercepts (scalar equivalence). In the case of non-invariance of the 

measurement model, the effect size of non-equivalence was evaluated in terms of dMACS 

(Chapter 3, Section 3.5.2.2). Second, under the Item Response Theory framework, concurrent 

calibration was performed to examine items with differential item functioning (DIF) using the 

RMSD index (Chapter 3, Section 3.5.2.3). Then, DIF items were examined using the 

likelihood ratio test. The three methods of DIF detection resulted in anchor items that could 

be reliably deemed to be invariant between the two samples. Then, IRT concurrent 

calibration with partial invariance assumption was performed (only anchor items parameters 

held equal) to derive partial invariant HOMEPOS scores. Lastly, the invariance of ESCS 

index between Shanghai and New Zealand samples were evaluated.  

4.1.1 Measurement invariance testing of home possessions index (Construct bias 

evaluation) 

Confirmatory factor analysis was performed on the unifactorial home possessions 

model with 20 international items. The weighted least squares means and variance (WLSMV) 

estimator was used to account for the categorical nature of the response scale. Three nation-

specific items were excluded because they described different household items for New 

Zealand and Shanghai. However, item 2 (i.e., a room of your own) and item 4 (i.e., a 

computer you can use for schoolwork) were found to have correlations close to one and 

caused model convergence issues. Each was removed in turn, to test which item contributed 

to better model fit, resulting in item 2 (i.e., a room of your own) being removed from the final 

models.  

Table 7 reports the model fit indices of the home possessions construct and the results 

from measurement invariance testing between New Zealand and Shanghai. None of the 
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models yielded acceptable model fit. The ill-fitting results for each jurisdiction and the nested 

models of invariance testing indicate that the measurement model of HOMEPOS 

operationalised in PISA 2012 might not be measuring the construct accurately, and/or there 

were no universal indicators to the construct measurement of this construct. This result is 

consistent with previous studies investigating the measurement invariance of PISA’s 

measurement of HOMEPOS and ESCS (Rutkowski & Rutkowski, 2013; 2018; Sandoval-

Hernandez et al., 2019) that found no invariance for HOMEPOS and ESCS, respectively. It is 

noteworthy that, despite these critiques, PISA 2012 treated the HOMEPOS index as having 

strong invariance (i.e., common international item parameters using IRT calibration).  

Table 7.  

Model fit indices of HOMEPOS measurement model 

Model χ2(df) 
p 

(χ2/df) 
CFI ΔCFI �̂� RMSEA 90% CI SRMR 

HOMEPOS Model – 19 items, room of your own trimmed 

NZ 3949.62 (152) <.001 .769  .91 .080 .078-.082 .119 

SH 4601.26 (152) <.001 .829  .92 .076 .074-.078 .112 

Total 27016.70 (152) <.001 .481  .76 .141 .139-.142 .180 

HOMEPOS Model – invariance testing 

Configural 8549.15 (304) <.001 .805  .91 .078 .077-.079 .115 

Thresholds No convergence 

Thresholds+ 

Loadings 

9306.43 (317) <.001 .788 .017 .90 .080 .078-.081 .118 

Thresholds+ 

Loadings+ 

Intercepts 

20515.92 (335) <.001 .523 .265 .81 .116 .115-.117 .142 

Note. Values in bold indicate good model fit indices; Values in italics indicate acceptable model fit indices 

The non-invariant results from the MGCFA MI analysis on the home possessions 

index between the Shanghai and New Zealand samples indicated a significant problem in 

using this index to compare jurisdictions. To achieve a common model with acceptable fit, 

modification indices were examined to remove items that demonstrated local item mis-fit (or 
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differential item functioning). Unsurprisingly, that procedure caused nine items to be 

removed, leaving only half of the initial item pool representing the construct of home 

possessions.  

4.1.2 Item level non-invariance evaluation of home possessions index (item bias) 

Given the non-invariant results of the home possessions measurement model, item 

bias was evaluated in three ways (Section 3.5.2.5): 1) the effect size of non-invariance in 

terms of dMACS under the MGCFA-MI framework; 2) differential item functioning under the 

PISA 2015 (2018) approach; and 3) differential item functioning under the item response 

theory framework (likelihood ratio test). 

4.1.2.1 Effect Size evaluation of item non-invariance (dMACS). The first method to evaluate 

item bias was the effect size of item non-invariance measured in dMACS. Table 8 presents the 

dMACS values for the HOMEPOS items. Only five items had trivial differences between 

groups (i.e., #3, 5, 9, 11, and 18). Two items (i.e., how many televisions and cars are there at 

your home) had large differences between the groups. Three items involving the presence of 

a desk to study at, classical literature, and a dishwasher in the household had medium sized 

differences. In terms of dMACS on the three aspects of Home Possessions, three out of the 

eight items related to Wealth (i.e., item 19 – possession of televisions, item 21 – possession of 

cars, and item 13 – a dishwasher) showed medium to large between group differences, one 

out of seven (i.e., item 1 – a desk to study at) Home Educational Resources items had 

medium differences, and one out of the three (i.e., item 7 – classical literature) Home 
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Cultural Possessions items had a medium difference. Items with high dMACS are candidates 

for releasing equality constraints in the partial invariance model.  

Table 8.  

Effect size (dMACS) of each HOMEPOS item between the reference group (Shanghai) and the 

focal group (New Zealand) 

dMACS New Zealand vs. Shanghai 

item 19 item 21 item 7 item 13 item 1 item 14 item 8 item 22 item 20 item 12 

4.716*** 1.050*** .791** .720** .626** .490* .487* .462* .424* .356* 

item 4 item 6 item 10 item 23 item 5 item 9 item 11 item 3 item 18  

.301* .295* .268* .243* .196 .170 .166 .145 .080  

Note. dMACS displayed in descending order from left to right; Cohen’s d < .20; * .20 ≤ Cohen’s d < .50; ** .50 ≤ 

Cohen’s d < .80; *** Cohen’s d > .80 

4.1.2.2 Differential item functioning under PISA 2015 (and 2018) approach. The second 

method for detecting item DIF utilised concurrent calibration under item response theory. 

Specifically, an IRT model with a two-parameter logistic (2PL) and the general partial credit 

model (GPCM) for dichotomous and polytomous items, respectively, was performed with 

full invariance constraints (i.e., item difficulty and discrimination parameters, as well as item 

thresholds for polytomous items constrained to be equal between New Zealand and 

Shanghai). The fully constrained model was then treated as the base-line model to detect 

items with substantial deviance from the baseline item characteristics curve (ICC). 

Specifically, group-specific item-fit index root mean square deviance (RMSD) was calculated 

as a measurement of item-level non-invariance for each group. Figure 8 presents the results 

from RMSD analysis. The four cut-off lines represent the thresholds for determining item 
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non-comparability proposed by Buchholz and Hartig (2019), Pokropek et al. (2017), Lee and 

von Davier (2020), and PISA (2015, 2018) non-cognitive item scaling, respectively.  

 

Figure 8. RMSD statistics produced from full-invariance concurrent calibration 

Note. * denotes for polytomous items.  

The four sets of cut-off values yielded very different results. Overall, the Shanghai 

sample yielded the most deviation from the base-line model. According to the most liberal 

threshold (i.e., PISA cut-off = .30), five items were non-invariant for the Shanghai sample. 

The strictest cut-off (i.e., .055) yielded four non-invariant items for New Zealand and 13 for 

Shanghai. Pokropek et al.’s (2017) cut-off value of .10 resulted in one non-invariant item for 

New Zealand and twelve for Shanghai. Lastly, according to Lee and von Davier (2020), the 

threshold detected no non-invariant items for New Zealand, and seven for Shanghai. The 

number of non-invariant items for the Shanghai sample indicates that the strictly equivalent 

model deviated substantially from the observed data.  

4.1.2.3 Differential item functioning under item response theory framework. The third 

method of DIF detection (likelihood ratio test) requires a set of anchor items that are invariant 
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to set the latent construct on the same scale between groups. However, the results of item bias 

detection from both the dMACS and RMSD approaches yielded different results. Therefore, 

prior to the third method of DIF detection, results from dMACS and RMSD were compared 

with previous studies to select a set of robust anchor items. Obtaining a partial invariance 

measurement model requires releasing all item parameters (both difficulty and discrimination 

parameters for dichotomous variables, with additional threshold parameters for polytomous 

variables) of the items having differential item functioning from the base-line model for that 

group during the next round of calibration.  

Specifically, models with 2PL for dichotomous items and GPCM for polytomous 

items were performed using the concurrent calibration approach with all 20 HOMEPOS items 

under partial invariance constraints. The known-anchor approach (Tay et al., 2015) was 

employed to detect items that flag DIF. As there is no definite knowledge on the exact items 

that were strongly invariant across groups, the approximate approach was employed. 

Specifically, items that exhibited low dMACS and RMSD were labelled as potential anchor 

items, meaning that their parameters were constrained to be equal between the two groups for 

the calibration.  

To better understand results from these various methods of analysis, Table 9 displays 

conclusions from each analysis such that the more check marks displayed, the more the item 

is likely to be an anchor item. For dMACS, two check marks indicated items with trivial 

between group differences (dMACS < 0.20), and one check mark showed items with small 

between group differences (0.20 ≤ dMACS < 0.50). For RMSD, items that fell below the cut-off 

value of 0.055 for both samples had three check marks (e.g., a computer); items that 

exceeded 0.055 for at least one region but were still below 0.10, had two check marks (e.g., a 

quiet place); and items above .10 for at least one region but below 0.15 were awarded one 

check mark (e.g., a desk). Items that exceeded the 0.15 RMSD cut-off line or had dMACS > 
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0.50 were noted as ‘x’ and could not be considered as a potential anchor item (e.g., classical 

literature, bath or shower etc.).  

Additionally, results from two prior studies with similar characteristics to the current 

study were used as external criteria (Lee & von Davier, 2020; Pokropek et al., 2017). In the 

case of Pokropek et al. (2017), three criteria were used to determine item level mis-fit. 

Specifically, they examined item level mis-fit by inspecting modification indices, expected 

parameter change, and the root mean square deviation (RMSD). Then, they employed an i-

index which represents the degree of invariance for each item across participating 

jurisdictions in PISA 2012. The item i-index ranges between 0 to 1. Items with i-index 

smaller than .60 were deemed to be non-invariant across regions. In this study, specifically, in 

the case of Pokropek et al. (2017), one check mark was rewarded when the item i-index was 

between .60-.79; two check marks were rewarded when the item i-index was between .80-.99.  

Moreover, in Lee and von Davier (2020), the authors utilised the RMSD index to 

evaluate items that require unique parameters in the concurrent calibration procedure in a 

different country by language groups. The threshold of 0.15 on RMSD was considered as the 

item demonstrating mis-fit for the group. In this study, one check mark was awarded when 

10% to 20% of jurisdictions required unique parameters for that item, and two check marks 

for items that fewer than 10% jurisdictions required unique parameters. In order to balance 

the check marks awarded to each study, weighting was applied so that the maximum 

weighted sum of check marks for each study equalled one (e.g., for RMSD, each check mark 

counts as 1/3 = .33). Thus, the maximum check marks an item could get across the four 

criteria was four. Then, the degree of agreement among the four indicators was calculated as 

a proportion of the maximum check marks possible (e.g., in the case of computer prevalence, 

the denominator is three because Pokropek et al. [2017] did not examine the item). An item 
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was treated as non-invariant as long as there was at least one method suggesting non-

equivalence.  

Items were categorised as Level 1 invariance when all four methods demonstrated a 

high degree of agreement (e.g., a quiet place); Level 2 invariance was assigned when at least 

three of the four methods agreed and one of the other methods either did not examine the 

item (e.g., a room because dMACS did not examine the item) or all methods reported lower 

degrees of invariance (e.g., books to help school work because the four indicators agreed but 

only one check mark per indicator, respectively). It is noteworthy that out of the six 

polytomous items, only one (i.e., cellular phones) demonstrated agreement across the four 

criteria. It is speculated that family size (i.e., big families in New Zealand and small families 

in Shanghai) resulted in this phenomenon. 

Table 9.  

The checklist for determining anchor items 

Item/Source RMSD dMACS 
Pokropek 

et al., 2017 

Lee, 

2019 
n 

Prop 

(%) 

Degree of 

invariance? 

3. a quiet place  √√ √√ √ √√ 3.17 79.25% Level 1 

6. link to internet  √√√ √ √√ √√ 3.50 87.50% Level 1 

18. cellular phones*  √√√ √√ √√ √ 3.50 87.50% Level 1 

2. a room  √√√ - √ √√ 2.50 83.33% Level 2 

4. a computer  √√√ √ - √√ 2.50 83.33% Level 2 

12. a dictionary  √√√ √ - √√ 2.50 83.33% Level 2 

14. a DVD player  √√√ √ - √√ 2.50 83.33% Level 2 

10. books to help 

schoolwork 

√ √ √ √ 1.83 45.75% Level 2 

1. a desk  √ × √ √ 1.33 33.25% x 

5. educational software  √ √√ × × 1.33 33.25% x 

7. classical literature  × × × × 0.00 0.00% x 

8. poetry  × √ × × 0.50 12.50% x 

9. art  √ √√ × √ 1.83 45.75% x 

13. a dishwasher  √ × √ × 0.83 20.75% x 

19. televisions*  × × × × 0.00 0.00% x 
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Item/Source RMSD dMACS 
Pokropek 

et al., 2017 

Lee, 

2019 
n 

Prop 

(%) 

Degree of 

invariance? 

20. computers*  × √ √√ × 1.50 37.50% x 

21. cars*  √√√ × √ × 1.50 37.50% x 

22. bath or shower*  × √ - × 0.50 16.67% x 

23. books*  × √ √ √ 1.50 37.50% x 

11. technical reference 

books 

× √√ - × 1.00 33.33% x 

Note. - = not examined in the study; x = high degrees of non-invariance according to method; * =polytomous 

item.  

As a result, two sets of likelihood ratio DIF tests were performed: 1) DIF Model A 

(Appendix F-I): using only items in Level 1 category as anchor items (i.e., a quiet place to 

study, link to internet, and cellular phones); and 2) DIF Model B (Appendix F-II): using 

items in both Level 1 and Level 2 categories as anchor items (i.e., additional five items, a 

room, a computer, books to help with school work, a dictionary, a DVD player). Results from 

both DIF Models found all tested items (i.e., anchor items were not tested for DIF) had DIF 

according to the likelihood-ratio test (Appendix F-I and Appendix F-II, respectively). This 

result mirrors the invariance test results in that restriction of the configural model to metric to 

scalar level invariance failed equivalence. Finally, an IRT model was fit to the eight anchor 

items (i.e., Level 1 + Level 2) and it was found that the item-level RMSD were all < 0.055 in 

both groups for the eight items (Appendix G).  

4.1.3 Internal validation of HOMEPOS score.  

The series of DIF detection approaches (i.e., MGCFA MI and MGIRT MI) suggests 

that the model was not invariant between the New Zealand and Shanghai samples, meaning 

that mean comparisons obtained from constraining model parameters to equality would result 

in bias. It was then decided that a practical approach should use the two sets of invariant 

items (i.e., identified using the four indicators) for the calculation of the HOMEPOS latent 

score (i.e., theta in IRT). This is a similar approach to that employed in PISA 2015 onwards, 
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and in Lee (2019). The distinction is that the current study identified anchor items using 

multiple indicators and released non-invariant items whereas the two other studies identified 

non-invariant items using the RMSD threshold only. Because there are no definite rules on 

the threshold of the RMSD index, the current approach arguably provides a more robust 

result.  

Four sets of HOMEPOS scores were calculated based on four assumptions of 

invariance: 

• Assumption 1. No invariance: All items are not comparable between the two 

groups. Note that factor scores calculated under this assumption cannot be 

compared as they are independently estimated. 

• Assumption 2. Level 1 invariance: Items under DIF Model A (i.e., a quiet place 

to study, link to internet, and cellular phones) were treated as anchor items and 

the remaining item parameters were freely estimated in the concurrent 

calibration under partial invariance assumptions. 

• Assumption 3: Level 2 invariance: Like Assumption 2, adding the Level 2 items 

to the anchor item set. 

• Assumption 4: Full invariance: Item parameters were all constrained to be equal 

between groups (i.e., the PISA 2012 assumption). 

Note that from Assumption 1 to Assumption 4, as the cross-country comparability 

increases (i.e., more items constrained as equal), any bias caused by DIF towards a group also 

increases. The trade-off is to obtain a reasonably invariant model while keeping a reasonable 

number of linking items. Note that the factor scores obtained under different assumptions are 

not directly comparable as they are not calibrated on the same metric. As there are no 

external criteria to examine the validity of each assumption, the four sets of factor scores 

were used to predict the PISA performance of each jurisdiction separately following the 

practice of Pokropek et al. (2017). This process allows an indirect evaluation of the validity 

of the factor scores because literature suggests a strong relationship between students’ SES 
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and literacy performance (Coleman, 1968; Hattie, 2009). Specifically, the aim of this process 

is to examine whether the partially equivalent models could explain a similar amount of 

variance in the achievement score than the configural model (that does not assume equal 

parameters). Note that this analysis assumes comparability of the achievement score between 

Shanghai and New Zealand. Additionally, mathematics and science performance models 

were also assessed.  

Table 10 (top panel) presents the variance explained under each invariance 

assumption for New Zealand and Shanghai and provides the PISA model result as a 

reference. The middle panel of Table 10 shows the descriptive statistics of the PISA original 

HOMEPOS scores and the factors scores calculated under the four assumptions. Note that the 

magnitude of the difference (Cohen’s d) between the Shanghai and New Zealand samples are 

calculated with New Zealand being the focal group. Furthermore, the bottom panel of Table 

10 presents the correlations among factor scores obtained under different assumptions, as 

well as the original PISA HOMEPOS score. The bottom-left diagonal of the correlation 

matrix represents New Zealand correlation statistics, and the top-right diagonal shows 

Shanghai values. The diagonal of the correlation matrix represents the correlation of New 

Zealand schools’ average factor scores with the New Zealand school decile rating.  

Table 10.  

Variance explained in PISA performance by the four sets of HOMEPOS scores 

  Model Assumptions 

Jurisdiction PISA 

1 – no 

invariance 

assumed 

2 – Level 1 

items  

3 – Level 2 

items 

4 – all items 

assumed 

invariant 

Reading variance explained 

New Zealand 9.51% 16.14% 16.11% 16.22% 2.34% 

Shanghai 11.46% 12.86% 12.88% 13.12% 3.29% 

Mathematics variance explained 

New Zealand 10.94% 17.29% 17.25% 17.45% 3.26% 
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  Model Assumptions 

Jurisdiction PISA 

1 – no 

invariance 

assumed 

2 – Level 1 

items  

3 – Level 2 

items 

4 – all items 

assumed 

invariant 

Shanghai 10.82% 12.33% 12.34% 12.53% 3.35% 

Science variance explained 

New Zealand 10.39% 17.04% 17.00% 17.22% 2.80% 

Shanghai 11.25% 12.78% 12.79% 12.99% 3.27% 

HOMEPOS statistics (M, SD) under different assumptions 

New Zealand .009 (.913) .002 (.887) 0 (.887) 0 (.886) .006 (.758) 

Shanghai -.429 (.915) -.002 (.891) -.124 (.944) -.017 (.946) -2.581 (.875) 

Cohen’s d .479 .004 .135 .018 3.133 

Correlation Matrix 

 I II III IV V 

I PISA  .675 .972 .972 .973 .840 

II No invariance .884 .712 1.000 1.000 .829 

III Level 1 items .883 1.000 .713 1.000 .831 

IV Level 2 items .887 .999 .999 .715 .831 

V All items .707 .463 .460 .474 .524 

The full invariance factor scores approach performed the worst uniformly across both 

regions and all cognitive domains as the factor scores obtained from the full invariance 

assumption (Assumption 4) accounted for the least of the variance in all three test 

performance scores. The non-invariance and partial invariance models all explained more 

variance in the dependent variables than the original PISA HOMEPOS score. Notably, the 

variance explained for the New Zealand group was substantially more under none and partial 

invariance assumptions (i.e., Assumptions 1 through 3) compared to the PISA index. The 

smaller change in Shanghai might indicate that the HOMEPOS construct does not measure 

family wealth in Shanghai well. Moreover, the variance explained by the partial invariance 

models did not differ from the reference configural model by a meaningful amount, which 

supported the use of partial equivalence factor scores in subsequent analyses.  

The New Zealand HOMEPOS factor scores based on Level 1 and Level 2 items were 

examined against national school decile information (Table 10, bottom panel, diagonal), to 
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examine the validity of the obtained HOMEPOS factor scores. The full invariance factor 

score demonstrated the lowest correlation (r = .524), whereas both the non-invariance and 

Level 1 and Level 2 partial invariance factor scores presented higher correlations with school 

decile than the original PISA HOMEPOS index. However, the difference in value is at the 

third decimal place and could not be used to determine which assumption is best among the 

three models. Note that under the non-invariance assumption (i.e., Assumption 1), models 

were individually estimated for each sample, the metric of factors might not be on the same 

scale due to the lack of anchor items. Therefore, factor scores from both Assumption 2 and 

Assumption 3 were employed in subsequent analyses. 

As a last step, following PISA’s practice of imputing missing ESCS values, cases 

where there was only one missing value on PARED, HISEI, and the partial HOMEPOS score 

were imputed based on the regression to the other two indices. Factor scores of partial 

HOMEPOS calculated under both Assumptions 1 and 2 were used. Therefore, two sets of 

ESCS scores were computed based on the two HOMEPOS scores (Section 4.1.3).  

4.1.4 A partially invariant ESCS index 

In this section, the measurement invariance of the ESCS model was scrutinised for its 

comparability between Shanghai and New Zealand. Specifically, the Level 1 and 2 invariant 

items for HOMEPOS were integrated into a partially invariant ESCS index and then tested 

for equivalence between the New Zealand and Shanghai samples (Table 11). The ESCS index 

consists of just three items (i.e., partial HOMEPOS factor score, PARED, and HISEI), so the 

single-group models and configural models were just identified, meaning fit indices such as 

CFI and RMSEA were reported as perfect fit (i.e., 1.000 and 0.000, respectively).  

For ESCS Model 1, metric level invariance did not hold between the two samples. 

Therefore, equality constraints were released on a stepwise basis after inspection of the 

modification indices. As a result, two factor loadings (i.e., PARED and HISEI) had to be 
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released for the fit indices of the partial invariant model to be acceptable. Similarly, for ESCS 

Model 2, after releasing the same two factor loadings, a partial invariant model had 

acceptable model fit. Two sets of partial ESCS scores were then calculated using the Bartlett 

score method (DiStefano et al., 2009).  

Table 11.  

Confirmatory factor analysis on ESCS measurement model and invariance testing  

Model χ2(df) p CFIr ΔCFI 𝑔 RMSEAr 90% CI SRMR 

ESCS Model 1, based on HOMEPOS score calculated with Level 1 invariant items 

Configural - - 1.000 - .999 .000 - .000 

Metric 223.36 (2) <.001 .967 -.033 .987 .143 .128-.159 .043 

Scalar 237.15 (4) <.001 .951 -.025 .985 .107 .096-.119 .045 

Partial* 3.055 (2) .217 1.000 0.000 1.000  .044 .000-.033 .005 

ESCS Model 2, based on HOMEPOS score calculated with Level 2 invariant items  

Configural - - 1.000 - .999 .000 - .000 

Metric 231.95 (2) <.001 .967 -.033 .986 .145 .130-.162 .043 

Scalar 270.33 (4) <.001 .959 -.008 .983 .114 .103-.126 .047 

Partial* 24.78 (2) <.001 .996 -.004 .998 .050 .033-.068 .014 

Note. *Partial invariance model fit indices were examined against the configural model assuming it was 

correctly specified.  

Table 12 presents the descriptive statistics of the original ESCS score and the two 

partial ESCS scores. Note that the ESCS scores across the three models are not directly 

comparable. However, the sizes of gap between the Shanghai and New Zealand samples are 

comparable (i.e., Cohen’s d). The effect size differences based on the two partial ESCS 

scores are both smaller than the PISA ESCS. This indicates that the PISA estimation of the 

ESCS index (i.e., assuming full equality) underestimated Shanghai students’ socio-economic 

status. In addition, an external validation was performed for the New Zealand sample only 

(similar to that in Table 10 performed for HOMEPOS score), using New Zealand’s school 

decile information (Table 14 bottom panel, diagonal). The correlation between decile and the 

school-wise mean partial ESCS (Assumption 2) and the original ESCS was .714 and .706, 
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respectively. Similarly, the correlation between decile and school average partial ESCS 

(Assumption 3) was .716. While Model 2 might be somewhat superior, the differences are 

small. Hence, both models are used in all the following analyses.  

Table 12.  

Mean (SD), correlations, and Cohen’s d differences between New Zealand and Shanghai 

samples by ESCS index Model 

 I PISA ESCS II Partial ESCS Model 1 III Partial ESCS Model 2 

Descriptive statistics 

New Zealand .040 (.815) .205 (.921) .170 (.879) 

Shanghai -.361 (.964) .024 (1.141) .031 (1.141) 

Cohen’s d .445 .173 .135 

Correlation Matrix 

I .706 .993 .993 

II .969 .714 1.000 

III .968 1.000 .716 

Note. Cohen’s d calculated with New Zealand being the focal group; the bottom-left diagonal of the correlation 

matrix = New Zealand; top-right diagonal = Shanghai. The diagonal of the correlation matrix = correlation of 

school averaged factor scores with New Zealand school decile rating. 

4.1.5 Validity evidence for new ESCS and HOMEPOS indices to Shanghai 

The two new partial ESCS scores should, in theory, be comparable both within and 

between jurisdictions (that is to assume that there was no model misspecification). Having 

demonstrated that the new ESCS indices have some meaningful overlap with New Zealand 

school deciles, it is necessary to consider how the same scales can be validated for the 

Shanghai sample. However, school wealth indicators are not available for Shanghai. 

Therefore, the new ESCS scores had to be examined conceptually. To achieve that, 

Shanghai’s original ESCS scores were compared to New Zealand’s ESCS scores by school 

decile groups and school locations separately. The logic is that if, after adjustments, Shanghai 

ESCS values look more like wealthier aspects of New Zealand society then the revisions can 

be assumed to have made the samples more similar.  
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The left panels of Figure 9 and Figure 10 compare Shanghai in blue to New Zealand 

school locations in red, while the right panel compares to school deciles, respectively. The 

first row of the two figures depicts the means and confidence intervals of the PISA original 

ESCS and HOMEPOS index, the middle row shows the Level 1 partial invariant ESCS 

model and HOMEPOS model, and the bottom row shows the Level 2 partial invariant ESCS 

model and HOMEPOS model, respectively. Figure 9 plots the comparisons for the ESCS 

index. Figure 10 plots the results for the HOMEPOS index. 
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Figure 9. The mean and confidence interval of ESCS indices by ESCS model, school location 

and NZ school decile 

 

Figure 10. The mean and confidence interval of HOMEPOS indices by school location and 

school decile
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According to the PISA original ESCS score, Shanghai would be considered 

equivalent to the New Zealand village ESCS mean score, despite being a large city, and 

would be situated somewhere between New Zealand Decile 2 and 3 ESCS mean scores, 

despite being the wealthiest urban area of China. The two partial ESCS scores change 

Shanghai’s relative position to be at par with somewhere between a small town or town in 

New Zealand and sit between Decile 5 and 6 relative to New Zealand schools. This process 

shows that the characteristics of Shanghai are better, but not perfectly, reflected after use of 

the partial HOMEPOS indices.  

Naturally, it is difficult to expect Shanghai students to be viewed as having the same 

characteristics as New Zealand students in a mid-decile town. However, there is no other data 

in PISA that might test the validity of this comparison. Nonetheless, although the adjustments 

have made the two samples much more equivalent, the results from PSM Forward approach 

should be viewed with caution because the validity and the overall comparability of the ESCS 

indices remain uncertain.  

This section has evaluated the measurement invariance of the PISA home possessions 

index and its impact on the ESCS index. Both the multiple group confirmatory factor analysis 

and item response theory models suggested that many HOMEPOS items exhibited high levels 

of non-invariance or differential item functioning. Consequently, the HOMEPOS and ESCS 

indices derived from the PISA analyses are not comparable. Hence, matching the Shanghai 

and New Zealand samples based on the original indices to form like-to-like comparisons 

were not appropriate.  

Instead, partial invariant models were obtained after identifying two sets of anchor 

items that were arguably invariant between groups. The factor scores obtained from partial 

invariant models explained more variance in reading, mathematics, and science achievement 

than the original PISA indices for both Shanghai and New Zealand samples, supporting the 
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use of the partial invariant indices in subsequent propensity score matching. Preliminary 

evaluations suggest that the partial models aligned reasonably with New Zealand school 

deciles and made the Shanghai data more similar to New Zealand school means in terms of 

location and decile. On this basis the revised ESCS index is used in a propensity score 

matching process.  

4.2 Forward Approach Propensity Score Matching 

Propensity score matching was conducted with students’ and schools’ demographic 

variables as covariates. These included:  

• Student sex 

• Family structure (i.e., dummy coded as single-parent, both-parents, and others)  

• ESCS scores (three sets – original, Level 1 ESCS1, and Level 2 ESCS2) 

• Immigration status (i.e., derived from PISA student questionnaire, the 

measurement of immigration status, parents’ birth place and student’s birth place, 

dummy coded as first-generation immigrants, second-generation immigrants, 2.5-

generation immigrants, and native students, for details see Chapter 3, Section 

3.3.3.2) 

• Language spoken at home the same as test language (i.e., dummy coded Yes = 1 

vs No = 0; derived from PISA student questionnaire) 

• School structure (i.e., dummy coded public = 1 vs private = 0)  

• School location (i.e., derived from PISA school questionnaire, measurement of 

school location, dummy coded as village, small town, town, city, and large city, 

for details see Chapter 3, Section x) 

As the purpose of the current study is to create a New Zealand sample that has similar 

background characteristics to the Shanghai sample, the Shanghai sample was assigned as the 

treatment group. However, because the Shanghai sample size was larger than the New 
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Zealand sample size, a random Shanghai sample was drawn with the same sample size as 

New Zealand (n =4291). This was done because treatment units need to be at least equal to, 

or smaller, than the control units for matching.  

Propensity scores were calculated using the covariate balance propensity score 

(CBPS, see Chapter 3, Section 3.2.2.2). One-on-one nearest-neighbour matching with a 0.20 

caliper was used, which means New Zealand and Shanghai units would be matched only 

when the propensity score distance is smaller than 0.20 standard deviations. Table 13 shows 

the standardised bias on propensity score distance and covariates. Consistently across the 

three matching conditions, fewer than 50% of cases matched to the criteria. The overall 

propensity score distance was reduced to close to the acceptable range for all three models 

but not below the target threshold of 0.25.  

Table 13.  

Standardised biases with Shanghai as a focal group after nearest neighbour matching by the 

ESCS model 

 PISA ESCS Partial ESCS1 Partial ESCS2 

 Pre-match NNM Pre-match NNM Pre-match NNM 

Female 0.053 -0.199 0.053 0.056 0.053 0.001 

First-gen 0.039 0.123 0.039 0.093 0.039 0.125 

Second-gen -0.007 -0.028 -0.007 -0.032 -0.007 -0.030 

2.5 - gen -0.034 0.016 -0.034 -0.169 -0.034 -0.230 

Language at home 0.556 0.095 0.556 0.052 0.556 0.055 

Public school 0.241 0.087 0.241 0.053 0.241 0.072 

One-parent -0.295 -0.097 -0.295 -0.235 -0.295 -0.240 

Both-parents 0.220 0.022 0.220 0.131 0.220 0.144 

School at city 1.439 0.000 1.439 0.000 1.439 0.000 

*ESCS -0.452 -0.313 -0.171 -0.395 -0.133 -0.437 

NA.ESCS -0.212 -0.058 -0.261 -0.079 -0.261 -0.068 

NA.IMMS -0.039 0.002 -0.039 0.026 -0.039 0.012 

NA.Public -0.521 0.000 -0.521 0.000 -0.521 0.000 

NA.Family Structure 0.101 0.059 0.101 0.126 0.101 0.074 

NA.Language at home -0.139 -0.060 -0.139 -0.082 -0.139 -0.079 
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 PISA ESCS Partial ESCS1 Partial ESCS2 

 Pre-match NNM Pre-match NNM Pre-match NNM 

Propensity Score 1.980 0.267 1.862 0.264 1.848 0.263 

N 1696 1676 1673 

Note. NNM=Nearest Neighbour Matching; Bolded value = standardised bias < 0.25.  

Note that for the Partial ESCS1 and Partial ESCS2 PSM models, the matched 

distances of ESCS became larger than the un-matched distances. This is because the overall 

ESCS of the Shanghai sample was lower than the New Zealand sample (this Chapter, Section 

4.1.4). In order to match the Shanghai ESCS, while including the school location variable 

(i.e., city vs. not city) in the nearest neighbour matching protocol more students from lower 

ESCS backgrounds were added.  

Because the Shanghai sample (i.e., treatment group) was randomly drawn from the 

whole Shanghai PISA sample for the PSM, bootstrapping (iteration = 500) was performed to 

eliminate the chance effect and to obtain robust empirical standard errors. Table 14 presents 

the bootstrap results of the characteristics of the matched New Zealand and Shanghai 

samples, as well as the differences on the background variables between the two samples. 

Bootstrapping produced samples of almost identical size as seen in Table 13. The matched 

samples distance on the partially invariant ESCS again became larger after the nearest 

neighbour matching procedure. In contrast, all the other covariates became more balanced 

after matching. These results indicate that there were insufficient units of low ESCS in the 

New Zealand sample coming from cities or large cities. This problem lies in Shanghai 

providing data only from a large city, while New Zealand has a nation-wide sample; the 

problem in comparing a city with a country is seen clearly here. 
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Table 14.  

Bootstrap results of sample characteristics and background characteristics differences 

 PISA ESCS Partial ESCS1 Partial ESCS2 

 
SH (SE) NZ (SE) 

Pre-SMD 

(SE) 

NNM-

SMD(SE) 
SH (SE) NZ (SE) 

Pre-SMD 

(SE) 

NNM-

SMD(SE) 
SH (SE) NZ (SE) 

Pre-SMD 

(SE) 

NNM-

SMD(SE) 

Female 0.517 

(0.052) 

0.510 

(0.030) 

0.047 

(0.007) 

0.014 

(0.099) 

0.514 

(0.017) 

0.510 

(0.031) 0.047 

0.007 

(0.020) 

0.511 

(0.017) 

0.509 

(0.031) 

0.047 

(0.007) 

0.004 

(0.020) 

First-gen 0.174 

(0.029) 

0.151 

(0.015) 

0.030 

(0.007) 

0.060 

(0.070) 

0.184 

(0.016) 

0.139 

(0.013) 0.030 

0.121 

(0.020) 

0.188 

(0.016) 

0.139 

(0.012) 

0.030 

(0.007) 

0.131 

(0.020) 

Second-gen 0.121 

(0.019) 

0.099 

(0.010) 

-0.011 

(0.007) 

0.076 

(0.058) 

0.089 

(0.010) 

0.102 

(0.011) -0.011 

-0.043 

(0.022) 

0.085 

(0.009) 

0.101 

(0.011) 

-0.011 

(0.007) 

-0.054 

(0.021) 

2.5 - gen 0.189 

(0.032) 

0.213 

(0.013) 

-0.026 

(0.006) 

-0.067 

(0.084) 

0.156 

(0.012) 

0.216 

(0.013) -0.026 

-0.164 

(0.021) 

0.152 

(0.011) 

0.216 

(0.013) 

-0.026 

(0.006) 

-0.175 

(0.021) 

Language at home 0.956 

(0.006) 

0.928 

(0.010) 

0.553 

(0.004) 

0.094 

(0.013) 

0.956 

(0.006) 

0.939 

(0.008) 0.553 

0.059 

(0.012) 

0.955 

(0.006) 

0.940 

(0.008) 

0.553 

(0.004) 

0.050 

(0.011) 

Public school 0.887 

(0.028) 

0.890 

(0.026) 

0.242 

(0.007) 

-0.007 

(0.048) 

0.908 

(0.019) 

0.887 

(0.027) 0.242 

0.059 

(0.017) 

0.911 

(0.019) 

0.888 

(0.027) 

0.242 

(0.007) 

0.067 

(0.019) 

One-parent 0.135 

(0.016) 

0.174 

(0.012) 

-0.295 

(0.006) 

-0.112 

(0.039) 

0.091 

(0.009) 

0.175 

(0.012) -0.295 

-0.243 

(0.017) 

0.084 

(0.008) 

0.176 

(0.012) 

-0.295 

(0.006) 

-0.266 

(0.016) 

Both-parents 0.793 

(0.020) 

0.783 

(0.014) 

0.231 

(0.007) 

0.025 

(0.043) 

0.833 

(0.012) 

0.775 

(0.014) 0.231 

0.143 

(0.016) 

0.838 

(0.012) 

0.775 

(0.014) 

0.231 

(0.007) 

0.156 

(0.015) 

School at city 1.000 

(0) 

1.000 

(0) 

1.439 

(0.000) 

0.000 

(0.000) 

1.000 

(0) 

1.000 

(0) 1.440 

0.000 

(0.000) 

1.000 

(0) 

1.000  

(0) 

1.439 

(0.000) 

0.000 

(0.000) 
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 PISA ESCS Partial ESCS1 Partial ESCS2 

 
SH (SE) NZ (SE) 

Pre-SMD 

(SE) 

NNM-

SMD(SE) 
SH (SE) NZ (SE) 

Pre-SMD 

(SE) 

NNM-

SMD(SE) 
SH (SE) NZ (SE) 

Pre-SMD 

(SE) 

NNM-

SMD(SE) 

*ESCS -0.073 

(0.047) 

0.197 

(0.037)  

-0.450 

(0.007) 

-0.305 

(0.030) 

-0.012 

(0.051) 

0.404 

(0.038) -0.168 

-0.405 

(0.018) 

-0.075 

(0.051) 

0.365 

(0.036) 

-0.130 

(0.007) 

-0.435 

(0.017) 

NA. ESCS 0.005 

(0.002) 

0.010 

(0.006) 

-0.212 

(0.003) 

-0.042 

(0.036) 

0.008 

(0.002) 

0.018 

(0.007) -0.258 

-0.073 

(0.017) 

0.008 

(0.002) 

0.017 

(0.006) 

-0.258 

(0.003) 

-0.064 

(0.018) 

NA. IMMS 0.019 

(0.005) 

0.017 

(0.006) 

-0.049 

(0.007) 

0.018 

(0.039) 

0.021 

(0.005) 

0.021 

(0.007) -0.049 

-0.005 

(0.023) 

0.021 

(0.005) 

0.020 

(0.006) 

-0.049 

(0.007) 

0.009 

(0.026) 

NA. Public 

0 0 

-0.521 

(0.000) 

0.000 

(0.000) 0 0 -0.521 

0.000 

(0.000) 0 0 

-0.521 

(0.000) 

0.000 

(0.000) 

NA. Family Structure 0.045 

(0.009) 

0.026 

(0.007) 

0.083 

(0.006) 

0.096 

(0.039) 

0.052 

(0.007) 

0.034 

(0.007) 0.083 

0.093 

(0.022) 

0.053 

(0.007) 

0.033 

(0.006) 

0.083 

(0.006) 

0.102 

(0.023) 

NA. Language at home 0.013 

(0.004) 

0.019 

(0.006) 

-0.148 

(0.007) 

-0.040 

(0.035) 

0.011 

(0.003) 

0.022 

(0.006) -0.148 

-0.081 

(0.020) 

0.011 

(0.003) 

0.021 

(0.006) 

-0.148 

(0.007) 

-0.073 

(0.022) 

Propensity Score 0.676 

(0.006) 

0.610 

(0.006) 

1.967 

(0.005) 

0.268 

(0.003) 

0.716 

(0.005) 

0.650 

(0.005) 1.850 

0.264 

(0.003) 

0.720 

(0.005) 

0.655 

(0.005) 

1.833 

(0.004) 

0.262 

(0.003) 

N (average) 1706.76 1682.19 1678.87 

Note. *Variations of ESCS scores (i.e., PISA official, Partial ESCS1, and Partial ESCS2); Focal group = Shanghai sample. 
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After propensity score matching, outcome comparisons (i.e., performance in 

mathematics, reading, and science) were conducted between the matched New Zealand and 

Shanghai samples (Table 15). A reduction on the performance gap between the original PISA 

reported gap and matched samples’ gaps was observed. The biggest gap reduction was found 

in the matched results derived from the Partial ESCS 2 model, where an average reduction of 

41.33% was observed across the three domains. In contrast, the smallest gap reduction was 

found in the matched results of the original ESCS PSM (i.e., 8.56%). The Level 1 item ESCS 

produced a 37.44% reduction in the score gap on average. The biggest reduction in the gap is 

seen in reading (M = 56.55%), followed by science (M = 43.74%), and lastly mathematics 

(M = 23.69%). To express the size of gap after PSM, Cohen’s d values were obtained. These 

showed small changes (0.26-0.35) across the three subjects from the original PISA, pre-PSM 

to the Level 2 ESCS post-PSM.  

Table 15.  

Post matching comparison of PISA results between New Zealand and Shanghai  

 
Original PISA 

pre-PSM 

PISA ESCS 

post-PSM 

Partial ESCS1 

post-PSM 

Partial ESCS2 

post-PSM 

 Mean (SE) SD 
Mean 

(SE) 
SD 

Mean 

(SE) 
SD 

Mean 

(SE) 
SD 

Mathematics 

Shanghai 612.68 

(3.29) 

100.98 621.90 

(4.37) 

102.24 609.45 

(4.36) 

102.68 606.58 

(4.32) 

102.57 

New 

Zealand 

499.75 

(2.21) 

99.60 518.66 

(3.39) 

95.95 520.08  

(3.35) 

95.24 520.43 

(3.38) 

95.13 

Gap 112.93 103.24 89.37 86.15 

Gap change - 8.56% 20.84% 23.69% 

Cohen’s d 1.13 1.04 0.90 0.87 

Reading 

Shanghai 569.59 

(2.86) 

79.99 576.78 

(3.82) 

81.55 566.65  

(3.60) 

81.93 564.46 

(3.56) 

81.73 

New 

Zealand 

512.19 

(2.40) 

105.56 537.83 

(4.32) 

100.50 539.20  

(4.32) 

99.71 539.52 

(4.34) 

99.63 
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Original PISA 

pre-PSM 

PISA ESCS 

post-PSM 

Partial ESCS1 

post-PSM 

Partial ESCS2 

post-PSM 

 Mean (SE) SD 
Mean 

(SE) 
SD 

Mean 

(SE) 
SD 

Mean 

(SE) 
SD 

Gap 57.40 38.95 27.45 24.94 

Gap 

change  

-  32.14%  52.17%  56.55%  

Cohen’s d 0.62  0.43  0.30  0.27  

Science 

Shanghai 580.12 

(3.03) 

81.97 587.14 

(3.79) 

83.27 577.31 

(3.82) 

83.85 574.97 

(3.76) 

83.59 

New 

Zealand 

515.64 

(2.14) 

104.90 536.58 

(3.74) 

99.84 538.16 

(3.76) 

99.11 538.68 

(3.73) 

98.85 

Gap 64.48 50.56 39.15 36.29 

Gap change  - 21.61% 39.30% 43.74% 

Cohen’s d 0.69 0.55 0.43 0.40 

Mean gap 

change  

- 20.77% 37.44% 41.33% 

Note. Mean gap changes calculated based on the original PISA performance gap between the Shanghai and New 

Zealand samples.  

Regardless of the method used to equate ESCS, this forward PSM using demographic 

covariates for matching reduces the observed gaps in performance. It is, however, based on 

the unreasonable assumption that Shanghai’s socio-economic status is at par to only New 

Zealand’s SES in villages, or only low decile communities, given the overall prosperity and 

size of Shanghai. This suggests that a backward matching PSM in which students are 

matched according to their score may provide a more insightful approach to matching.  

4.3 Forward Approach Matching Sensitivity Analysis 

Because PSM results are dependent on the variables used to match, it is entirely 

possible that a different set of covariates would result in different inferences (Gill & Benton, 

2013). Therefore, a series of sensitivity analyses was conducted, each addressing one 

theoretical concern (Appendix I).  
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In Sensitivity analysis 1, PSM was performed based on all but ESCS as matching 

covariates, to examine the impact of including or excluding an indicator of socio-economic 

status. As shown in Table 13 and Table 14 (this Chapter, Section 4.2), the covariates 

distances were all under the threshold of 0.25 except for the three variations of ESCS 

indictors. Moreover, the distance on the partially invariant ESCS indicators increased after 

PSM. It is speculated that the unsatisfactory distance reduction was due to insufficient units 

in the New Zealand city sample with relatively lower ESCS values. Therefore, Sensitivity 

analysis 1 investigates whether excluding ESCS as a covariate could result in good matches. 

As a result, the propensity score distance after matching using the same criteria was the 

closest amongst all matching models (Appendix I-I). This suggests that the lack of 

equivalence in the socio-economic status contributed to poor quality matching. By restricting 

matches to city and large city, as well as the other covariates, the gap reduction was the 

largest among all models with reductions on mathematics, reading, and science of 26.36%, 

67.02%, and 47.18%, respectively (Appendix I-III). Sensitivity analysis 1 showed that by 

removing the PISA ESCS variable and restricting matching to urban locations the 

performance gap in favour of Shanghai would be relatively small for reading and science 

literacy, but large for mathematics.  

In contrast, sensitivity analysis 2 removed the school location variable from the PSM 

on the grounds that New Zealand contains many students and schools outside the major urban 

centres. In Vandenberghe and Robin (2004), propensity score matching was used on PISA 

data to examine the effect of private school vs. public school. They conducted PSM both with 

and without school location (large city vs. not large city in dummy variable form) as a 

matching variable and reported results for the not including school location version only due 

to lack of significant differences between the two methods. In the current study, because of 

the complication on the (potential) non-comparability of the ESCS indicators, including city 
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variable would force match New Zealand city students (higher ESCS compared to non-city 

counterparts) to the Shanghai sample. On the other hand, by excluding city as a matching 

variable, it is hypothesised that the matched Shanghai sample would have a higher mean 

ESCS than the unmatched one, especially for the case of matching with the original PISA 

ESCS index as the PISA Shanghai ESCS was equivalent to low-SES communities in New 

Zealand. Sensitivity analysis 2 was conducted three times (i.e., Sensitivity 2.1, 2.2, and 2.3), 

each with its respective set of ESCS indicators (i.e., PISA ESCS, Level 1 ESCS1, and Level 

2 ESCS2). This approach addresses the possibility that there is a potential sample in New 

Zealand that is similar to Shanghai’s sample regardless of their location.  

In conjunction with three different versions of the ESCS indicators (i.e., Sensitivity 

2.1 - 2.3), acceptable quality matches were achieved for all covariates and propensity score 

distances (Appendix I-I). Consistent with the expectation, the post-matching covariates’ 

characteristics from Sensitivity 2.1 showed a substantial increase in ESCS in the matched 

Shanghai sample (Appendix I-II). The same pattern was observed in Sensitivity 2.2 and 2.3 

as well though less prominent. Results from Sensitivity analysis 2 again point to the non-

comparability of PISA’s indicator of SES and gave confidence in using the adjusted ESCS 

indicators.  

Nevertheless, the performance gaps from Sensitivity analysis 2 were only negligibly 

different from the original PISA gaps (Appendix I-III). Without school location as a 

covariate, the PSM procedure matched Shanghai students to low-SES communities in New 

Zealand because of the construct bias in PISA’s ESCS indicator. This result, naturally, does 

not make sense as Shanghai residents are among the richest in China and are unlikely to have 

the purchasing power of poorer New Zealand families.  

In sensitivity analysis 3, the total ESCS variable was delimited to just three family or 

household variables (i.e., Home Possessions, Highest Parental Occupation, and Highest 
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Parental Education). Again, three variations of Home Possessions (i.e., PISA HOMEPOS, 

Level 1 HOMEPOS, and Level 2 HOMEPOS) were used corresponding to Sensitivity 3.1 to 

3.3, respectively. The resulting PSM solutions did not achieve quality indicator thresholds 

(Appendix I-I). Furthermore, the gap reductions obtained from this analysis were similar to 

those observed when using the ESCS as matching covariates (Appendix I-III). This gives 

confidence that using the total ESCS gives similar results to the immediate family/household 

variables.  

These sensitivity analyses suggest that it is both theoretically, and realistically sound 

to include both the adjusted ESCS indicators, and school location indicators in the PSM 

procedure. 

4.4 Backward Approach Propensity Score Matching 

In this backward matching approach, the treatment group was Shanghai, while the 

matching variables were students’ performance in mathematics, reading, and science. Since 

there was no theoretical guidance, multiple random samples of different sizes were tested to 

find the largest sample that would result in standardised bias < 0.25. Because the original 

Shanghai sample size was larger than New Zealand, the maximum Shanghai sub-sample size 

was set at the same as the total New Zealand sample size (i.e., Nmax = 4291). Participants with 

missing values on contextual variables were not excluded because each student completed the 

cognitive assessment and was awarded five plausible value scores per domain. Propensity 

score estimation again used the covariate balancing propensity score (i.e., CBPS) technique. 

Fifteen PSM iterations were run in which the matched sample decreased by about 500 until 

N ≈ 1200, after which decreases were 184, 50, and 50. In each PSM iteration, propensity 

score estimation was conducted five times corresponding to the five plausible values per 

PISA domain (e.g., the first iteration used the first plausible value in each domain, 

PV1MATH, PV1READ, PV1SCIE, and so on). Covariate balance was then assessed by 
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pooling the results from all the iterations (i.e., 500 times * 5 computations within each 

iteration = 2500). The purpose of the backward approach is to identify a New Zealand sample 

that performed as well as Shanghai and then compare their demographic backgrounds to both 

the original New Zealand sample and the Shanghai sample.  

Table 16 presents the relationship between the tested Shanghai sub-sample size and 

standardised bias. Only the tenth iteration (NShanghai = 900) produced acceptable distance and 

bias results for all three subjects. Bootstrapping 500 draws without replacement for Shanghai 

sub-samples of N = 900 was used to develop empirical confidence intervals for the outcome 

comparisons (see Table 16, bottom panel). The overall propensity score distance was slightly 

over 0.25 at 0.252, however the empirical 95% confidence interval (0.217, 0.287) suggests 

that it is within the acceptable range. Bias values were between 0.065 and 0.130 for reading 

and science and centred on 0.241 for mathematics which were all below the threshold of 0.25. 

This supports the conclusion that a backward matching of 900 students on the outcome scores 

produced low levels of distance and bias. 

Table 16.  

The relationship between the tested Shanghai sub-sample size and standardised bias on 

students’ performance. 

Iteration N 
Pre-PSM 

Distance 

Post-PSM Distance (NNM 1:1) 

Distance Mathematics Reading Science 

Explore the appropriate Shanghai sub-sample size  

1 4291 1.473 1.473 1.131 .612 .687 

2 3773 1.465 1.310 .980 .539 .600 

3 3255 1.451 1.137 .849 .467 .520 

4 2737 1.487 1.004 .755 .416 .456 

5 2220 1.457 .777 .592 .307 .339 

6 1702 1.446 .574 .451 .211 .233 

7 1184 1.403 .348 .302 .117 .139 

8 1000 1.399 .268 .243 .090 .106 

9 950 1.429 .257 .242 .087 .106 
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Iteration N 
Pre-PSM 

Distance 

Post-PSM Distance (NNM 1:1) 

Distance Mathematics Reading Science 

10 900 1.412 .229 .216 .076 .083 

11 850 1.429 .223 .215 .083 .084 

12 800 1.471 .203 .216 .090 .093 

13 750 1.385 .166 .174 .058 .070 

14 700 1.419 .183 .193 .066 .081 

15 650 1.484 .163 .175 .059 .066 

Iterations (N = 900, k = 500) 

 Pooled Pre-PSM Distance Pooled Post-PSM Distance 

 SMD 95% CI SMD 95% CI 

Distance 1.463 (1.381, 1.545) .252 (.217, .287) 

Mathematics 1.126 (1.058, 1.194) .241 (.205, .277) 

Reading .614 (.561, .668) .092 (.065, .119) 

Science .685 (.630, .740) .103 (.075 .130) 

Note. Bold values indicate standard bias reduced to acceptable threshold or below (i.e., 0.25). 

Table 17 presents the characteristics of the New Zealand matched sample that were 

matched to their Shanghai counterparts after pooling the results from the 500 iterations. In 

terms of sex, family structure, language at home, and school structure there were no 

statistically significant differences between the matched New Zealand sample and the 

complete PISA sample. In contrast, statistically significant differences were seen for all other 

background variables. The matched sample of New Zealand students that performed as well 

as Shanghai students, had average ESCS values 0.31 standard deviations higher than the 

original New Zealand sample mean. In terms of specific aspects of home possessions, the 

matched sample was 0.123 standard deviations higher on Wealth, 0.23 standard deviations 

higher on home educational resources, and 0.17 standard deviations higher on home cultural 

possessions than the complete PISA New Zealand sample.  

The immigration status of the matched sample had higher levels of immigrants than 

New Zealand born students. There were fewer rural and small-town students and more large 

city students. There were fewer students in Decile 1 to 6 schools and more in Deciles 8-10, 

reflecting the greater ESCS of this matched sample. Unsurprisingly, the matched New 
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Zealand sample was very close to the matched Shanghai sample across all three subjects (i.e., 

Cohen’s d = 0.241 [mathematics], 0.092 [reading], and 0.103 [science]). Equally unsurprising 

the scores of the matched to Shanghai sample in New Zealand were notably greater than the 

New Zealand sample (i.e., Cohen’s d = 0.826 [mathematics], 0.509 [reading], and 0.557 

[science]). 

Thus, in general, matching scores to Shanghai isolated a New Zealand sample that 

was somewhat richer than the New Zealand mean, being schooled in wealthy city schools, 

and performing much more like Shanghai than the rest of New Zealand. 

Table 17.  

Characteristics of background variables after backward matching 

Variable 

Post PSM, Iterations (k = 500)  

Shanghai (N = 

900) 

New Zealand (N 

= 900) 

New Zealand 

(PISA) 

NZ matched vs. NZ 

PISA 

 M SE M SE M SE  

Demographics  

Female (%) 51.388 2.391 35.181 2.266 48.90 1.19 28.06% less female 

students 

Family structure        

Single Parent (%) 9.403 1.311 17.571 0.017 19.68 .78 4.39% more students 

from families with 

both-parents 

Both Parents (%) 88.063 1.473 80.377 1.887 77.00 .82 

Others (%) 2.534 0.734 2.052 0.703 3.32 .26 

Language at home 

(%) 

98.604 0.537 79.958 2.506 83.86 1.08 24.18% more 

students who do not 

speak the same 

language as the test 

language at home  

Immigration Status         

1st generation (%) 17.862 2.082 22.274 2.593 16.84 1.01 32.27% more first-

generation migrants 

2nd generation (%) 9.157 1.372 11.178 1.635 9.56 .79 Similar  

2.5 generation (%) 15.814 1.688 17.251 1.757 16.79 .69 Similar  

Native (%) 57.168 2.642 49.297 3.023 56.81 1.59 13.22% less on 

natives 
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Variable 

Post PSM, Iterations (k = 500)  

Shanghai (N = 

900) 

New Zealand (N 

= 900) 

New Zealand 

(PISA) 

NZ matched vs. NZ 

PISA 

 M SE M SE M SE  

School Variables        

Public (%) 90.742 2.208 88.556 3.195 93.76 1.53 5.55% less students 

from public schools 

School location        

Village (%) - - 4.018 1.140 6.37 1.05 26.78% more 

students from large 

cities. 

Small town (%) - - 10.570 2.308 12.28 2.00 

Town (%) - - 22.980 4.147 25.53 3.48 

City (%) - - 23.549 4.537 25.15 3.83 

Large city (%) 100 - 38.883 4.555 30.67 3.28 

School decile        

Decile 1 (%) - - 1.357 0.700 3.76 .88 38% more students 

from decile 8-10 

schools 

Decile 2 (%) - - 3.299 1.158 6.60 1.32 

Decile 3 (%) - - 5.111 1.510 7.56 1.59 

Decile 4 (%) - - 7.870 2.019 9.11 1.68 

Decile 5 (%) - - 7.645 2.321 10.04 2.48 

Decile 6 (%) - - 10.766 3.109 13.05 2.96 

Decile 7 (%) - - 12.739 3.237 12.76 2.65 

Decile 8 (%) - - 21.329 3.731 18.84 2.51 

Decile 9 (%) - - 17.055 5.148 11.84 2.80 

Decile 10 (%) - - 12.828 2.925 6.43 1.45 

Socio-economic status related  

ESCS (SD) -0.362 

(0.963) 

0.056 0.292 

(0.767) 

0.037 0.040 

(0.815) 

0.020 d = 0.312 

HOMEPOS (SD) -0.429 

(0.915) 

0.051 0.222 

(0.893) 

0.042 0.009 

(0.913) 

0.022 d = 0.234 

WEALTH (SD) -0.767 

(0.867) 

0.047 0.275 

(0.846) 

0.038 0.170 

(0.849) 

0.018 d = 0.124 

HEDRES (SD) -0.035 

(0.930) 

0.048 0.111 

(1.016) 

0.045 -0.146 

(1.114) 

0.025 d = 0.234 

CULTPOS (SD) 0.465 

(0.876) 

0.044 -0.076 

(0.956) 

0.043 -0.230 

(0.931) 

0.020 d = 0.165 

HISEI (SD) 51.122 

(19.381) 

1.037 60.580 

(19.578) 

0.914 55.022 

(20.821) 

0.439 d = 0.270 

PARED (SD) 12.760 

(2.989) 

0.165 13.339 

(1.847) 

0.093 13.048 

(1.995) 

0.047 d = 0.204 

Achievement (Matching variables in backward matching)   
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Variable 

Post PSM, Iterations (k = 500)  

Shanghai (N = 

900) 

New Zealand (N 

= 900) 

New Zealand 

(PISA) 

NZ matched vs. NZ 

PISA 

 M SE M SE M SE  

Mathematics (SD) 612.697 

(101.051) 

5.517 581.248 

(94.190) 

5.885 499.75 

(99.60) 

2.21 d = 0.826 

Reading (SD) 569.668 

(79.948) 

4.476 563.009 

(101.552) 

5.147 512.19 

(105.56) 

1.64 d = 0.509 

Science (SD) 580.116 

(82.030) 

4.687 573.720 

(101.865) 

5.175 515.64 

(104.90) 

2.14 d = 0.557 

Notes. Pairwise deletion when calculating covariates statistics. d denotes Cohen’s d which is calculated by 

pooling the effect size of the 2500 samples.  

4.5 Chapter Summary 

This chapter reported two approaches of matching PISA 2012 Shanghai city students 

to New Zealand students. Prior to implementing matching based on socio-demographic 

variables, a detailed investigation was carried out to establish a set of PISA items that could 

be reliably comparable across jurisdictions for home possessions and economic, social and 

cultural status. Multiple methods (i.e., measurement invariance testing and item response 

theory DIF analysis) led to the conclusion that only a few of the home possessions variables 

were comparable. The best set of anchor items for home possessions led to a partially 

invariant index that could be used as a stable estimator of socio-economic and cultural status.  

Propensity score matching using background demographic and school variables 

produced a moderate gap reduction in PISA performance. However, this required treating 

Shanghai students as being most like small town or rural students in low – middle decile 

schools in New Zealand; a somewhat untenable conclusion given Shanghai’s status as the 

elite city of China. Approaching PSM backwards by matching based on test performance 

produced a matched New Zealand sample of 900 students with small score differences to 

Shanghai. That sample was from much wealthier city schools than the overall New Zealand 

PISA sample. This backward matching approach produced a New Zealand sample that 
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somewhat mirrored Shanghai’s status relative to China (i.e., urban students from relatively 

wealthy home backgrounds). The backward matching approach supports the contention that 

Shanghai’s performance reflects the socio-economic and cultural resources of students in that 

elite city, rather than some inherent superiority of knowledge. Together, the two matching 

methods make it clear that students in Shanghai and New Zealand are not comparable in 

terms of their demographic backgrounds (RQ1). Further, the lack of equivalence in the socio-

economic indicators of wealth also show that comparing ESCS according to the OECD is 

fundamentally untenable. 

An important caveat for PISA research is the fundamental impossibility of comparing 

dissimilar contexts (e.g., New Zealand and Shanghai) using PISA data because of the non-

invariant nature of background indices. First and foremost, as shown previously in this 

chapter (i.e., Section 4.1), the comparability of the ESCS indices cannot be guaranteed 

between the two samples. This corroborates previous research (Arikan et al., 2018) which 

concluded that only jurisdictions that were similar in overall development (e.g., Australia and 

Netherlands vs. Turkey and Indonesia) could be legitimately matched. Based on the PSM 

analyses reported in this chapter, it is apparent that the performance gap between New 

Zealand and Shanghai was not as big as PISA reported (RQ2).  

Secondly, as suggested by comparative education research (Bray & Thomas, 1995), it 

is not surprising that comparing a whole country to a selective city is extremely difficult or 

improbable. The selectivity of Shanghai does not impugn the quality of the sampling which 

was done professionally; rather it denotes a consequence of China’s systematic barriers of 

access to public education facilities in Shanghai. The matched New Zealand sample could not 

be considered a legitimate counterfactual to the Shanghai sample because of the household 

registration [hukou] system implemented in China. It is highly likely that students in 

Shanghai who would be included in the PISA sampling frame are going to be from affluent 
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backgrounds and/or hukou holders (Xu & Dronkers, 2016). In contrast, access to New 

Zealand schools are dependent on residential status, but on the proximity to the school (NZ 

MoE, 2020). Enrolment in New Zealand schools is not restricted by civic status. Thus, to 

form a true counterfactual for Shanghai in New Zealand, a selective process would be needed 

to create a sample of students whose birthplaces were different from the city in which they 

were being educated and exclude students from lower-SES communities. To some degree the 

backward matching approach based on performance accomplishes this equivalence best by 

finding students who live in cities and attend higher socio-economic status schools. 

Another complication is that the PISA scores are estimates across all items in the 

pool. This means that it is entirely possible to conduct matching purely on test booklets rather 

than the total estimated scores. Research has shown non-invariance on domain booklets 

across societies (Asil & Brown, 2016), so greater accuracy in comparing may occur using 

only matched test booklets rather than total scores. Future research should experiment with 

adding test booklet as a covariate in PSM.  

Comparing PISA scores across such different jurisdictions is complicated and prone 

to bias without careful examinations of contextual characteristics. Nevertheless, if the 

dissimilarities in jurisdictional characteristics could be completely overcome, it is likely the 

gap reduction in test scores would be even larger. In conclusion, this study indicates that, 

with matched samples between Shanghai and New Zealand, the performance gap is likely to 

be smaller than it appears.  
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Chapter 5. Study 2: An Experimental Study on the Influence of 

Consequences on Effort 

To address research questions RQ3 to RQ8, this chapter investigates the relationship 

between students’ conceptions of assessment and their self-reported test-taking motivation 

under three vignette experimental test-taking conditions (i.e., no stakes, country at stake, and 

personal reputation at stake). Specifically, for RQ3, the current study specified a partially 

mediated model linking students’ conceptions of tests and their perceived test-taking 

motivation (Figure 4, Chapter 2, Section 2.4). Data from Shanghai and New Zealand 

secondary schools were first analysed separately. Therefore, the hypotheses pertaining to 

RQ3 were specified for the two samples separately. For example, the hypothesis for RQ3 was 

specified for Shanghai as H3-SH, and for New Zealand as H3-NZ. The expectations 

pertaining to the RQ3 were: 

• H3a (SH+NZ) Positive attitudes on tests would be positively associated with 

the perceived importance of the tests in Shanghai and New Zealand, 

respectively (Zilberberg et al., 2014). 

• H3b (SH+NZ) Positive conceptions of assessments would be positively 

associated with Anxiety in Shanghai and New Zealand, respectively (Gao, 

2010).  

• H3c (SH+NZ): Positive attitudes on tests would also be positively associated 

with effort expenditure in Shanghai and New Zealand, respectively (Wise & 

Cotten, 2009). 

• H3d (SH+NZ): Effort expenditure would be positively related to the perceived 

importance of the test in Shanghai and New Zealand, respectively (Knekta & 

Eklöf, 2015; Zilberberg et al., 2014).  

• H3e (SH+NZ): Effort expenditure would be positively related to the perceived 

anxiety of the test in Shanghai and New Zealand, respectively (Eklöf & 

Nyroos, 2013; Pekrun et al., 2002). 
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• H3f (SH+NZ): A positive correlation between perceived Importance and 

Anxiety in Shanghai and New Zealand, respectively (Eklöf & Nyroos, 2013; 

Knekta & Eklöf, 2015) 

Secondly, to address RQ4 and RQ7, test-taking consequences were manipulated using 

an experimental manipulation of vignettes that specified three different stakes of test-taking 

(i.e., personal stakes, country at stake, and no stakes) for each jurisdiction separately. The 

relationship between students’ attitudes on tests and their test-taking motivation was 

examined in each test-taking consequence condition. Specifically, the hypotheses were:  

• H4-SH + H4-NZ: Consistent with literature (Finney et al., 2018; Knekta & 

Eklöf, 2015), the study hypothesised that the relationship between attitudes 

and test-taking motivation would not be moderated by different test-taking 

instructions in Shanghai and New Zealand, respectively.  

• H5-SH + H5-NZ: The correlation between Importance and Test Anxiety 

would be invariant across test-taking stakes in Shanghai and New Zealand, 

respectively (Knekta & Eklöf, 2015). 

• H6-SH: Drawn on the results from Gneezy et al. (2019) and the societal 

emphasis on effort in China, the study hypothesised that the effort expenditure 

would be similar across different test-taking conditions (i.e., personal stakes, 

country at stake, and no stakes) for the Shanghai sample. 

• H6-NZ: Conversely, the study hypothesised that the effort expenditure would 

be different among the three conditions in New Zealand, with the direction 

specified as personal stakes > country at stake > no stakes.  

• H7-SH + H7-NZ: Consistent with literature (Knekta & Eklöf, 2015), we 

expect higher levels of endorsement for Importance and Test Anxiety in 

groups assigned with higher levels of stakes in both Shanghai and New 

Zealand (personal stakes > country at stake > no stakes). 

Lastly, to address RQ8, the two samples from Shanghai and New Zealand were 

brought together to investigate whether students from the two jurisdictions exhibit similar 

test-taking motivation for ILSAs. The hypothesis was: 
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• H8: Students in Shanghai exhibit higher levels of test-taking motivation for 

ILSAs compared to their New Zealand counterparts.  

Results from the Shanghai sample are reported first, followed by those for New 

Zealand. Invariance testing of measurement and structural models was conducted prior to 

mean score comparison.  

5.1 Shanghai Study 

The first section examines the Shanghai sample (N = 1003) by the three experimental 

test-taking consequences. Results are reported in three separate portions. 1) the measurement 

model (i.e., SCoA and TTM) testing using confirmatory factor analysis (i.e., CFA); 2) 

measurement model invariance testing of the measurement models by the three experimental 

groups; and 3) structural model testing (i.e., SEM) and structural relationship invariance 

testing (i.e., MGSEM SI).  

5.1.1 Measurement model in Shanghai 

5.1.1.1 SCoA measurement model. Multiple alternative models were evaluated in light of 

previous research. The tested models for SCoA were: 

• Model 1: a bi-factor model, with four orthogonal specific factors predicting 

their respective items and one general factor predicting all the items (Matos & 

Brown, 2019; Weekers et al., 2009) 

• Model 2: an inter-correlational model (#1) with eight inter-correlated factors 

(Matos & Brown, 2015) 

• Model 3: an inter-correlational model (#2) with four major inter-correlated 

factors (Weekers et al., 2009) 

• Model 4: a hierarchical model (#1) with four second-order factors predicting 

seven first-order factors plus three items (Brown, Peterson, et al., 2009) 

• Model 5: a hierarchical model (#2) with four second-order factors predicting 

eight first-order factors (Brown, Irving, et al., 2009) 
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Table 18 reports model fit indices for the Students’ Conceptions of Assessment scale. 

For the measurement models of SCoA, the bifactor model with four unique factors had the 

best fit relative to all other models (ΔAIC = 467 over model 3). All items had loadings >.30 

on both specific and general factors. Nonetheless, fit with 33 items was not robust for all 

indices. Inspection of modification indices identified items that could be removed for 

violation of simple structure, that is, sq1 (highly attracted to other factors) and pe1 (highly 

correlated residuals). As a result, Model 1a had acceptable fit with both RMSEA and SRMR 

indicating good fit. Intra-scale reliability estimates indicated each of the unique and general 

scales had strong internal consistency (i.e., McDonald’s omega ranged from .80 to .93).  

It is worth noting that the CFI values reported in Table 18 all suggest rejection of 

model fit (i.e., CFI < .90) except for bifactor Models (i.e., Model 1 and Model 1a). As 

suggested in the simulation study by Fan and Sivo (2007), model fit indices are influenced by 

the level of model misspecification, model complexity, and the size of model. They 

discovered that CFI punishes models with more than three factors. They recommended that 

gamma hat, which is highly correlated with CFI, is a stable fit index despite variation in 

model size, sample size, model complexity, and model misspecification. Because all the 

models reported here have more than three latent factors, emphasis was given to stable fit 

indices that provide consistent results despite model complexity, samples size, or model 

misspecification (i. e., gamma hat and SRMR).  

The regression weights on the general factor were >.35 for all Improvement and Affect 

items, all but one the External Factor items, and only one of the Irrelevance items. Similar to 

an earlier bifactor study (Weekers et al., 2009), most of the Improvement items loaded 

strongly on the general factor while the Irrelevance items loaded only on their specific unique 

factor.  
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Table 18.  

Model fit indices of tested SCoA measurement models for Shanghai sample 

Model 
χ2(df) 

MLR 

χ2 

MLRχ2/df 

p 
CFIr �̂� RMSEAr 90%CI SRMR AIC 

1 2238 

(462) 

1699 3.68 

(.06) 

.905 .903 .059 .056-.062 .054 102238 

2 2715 

(467) 

2039 4.37 

(.04) 

.878 .880 .067 .064-.070 .060 102705 

3 3286 

(489) 

2447 5.00 

(.03) 

.847 .855 .073 .070-.076 .066 103232 

4 2900 

(482) 

2173 4.51 

(.03) 

.869 .873 .068 .065-.071 .066 102860 

5 2883 

(481) 

2161 4.49 

(.03) 

.870 .873 .068 .065-.071 .064 102845 

1a 1720 

(403) 

1301 3.23 

(.07) 

.926 .922 .054 .051-.058 .051 95792 

Note. CFIr and RMSEAr denote robust CFI and robust RMSEA under MLR estimator; Values in bold and italics 

represent good and acceptable fit, respectively. 

Table 19 reports the scale and item statistics. Overall, the model replicated previous 

studies in New Zealand junior secondary school and higher education contexts (Matos et al., 

2019; Weekers et al., 2009) and the Brazilian higher education context (Matos et al., 2019) 

where a bi-factor structure of the SCoA model were also confirmed in their respective 

context. The relationship of the irrelevance items to the general factor is logically inverse 

suggesting that the general factor captures the positive impact of assessment/testing on 

student beliefs or attitudes, and plausibly their self-regulating behaviours. The loadings from 

the unique factors are sufficiently large to justify having the sub-factors. The positive role of 

the self-improvement factor continues to reinforce the self-regulated learning interpretation of 

student conceptions of assessment.



Chapter 5. Study Two  133 

Table 19.  

Students’ conceptions of assessment scale factors, items, and scale descriptive statistics for Shanghai sample 

Code Item ExF Imp Aff Irr G 

External Factor (M =3.26, SD =1.08, ω = .80)      

sf1 Test results show how intelligent I am. .285    .340 

sf2 Test results predict my future performance. .654    .553 

sf3 Tests are important for my future career or job. .418    .610 

sf4 Tests tell my parents how much I've learnt. -.051    .694 

sq2 Tests measure the worth or quality of schools. .285    .515 

Improvement (M =4.18, SD =1.08, ω = .93)      

si1 I pay attention to my test results in order to focus on what I could do better next time.  .210   .474 

si2 I make use of the feedback I get to improve my learning.  .448   .717 

si3 I look at what I got wrong or did poorly on to guide what I should learn next.  .152   .689 

si4 I use tests to take responsibility for my next learning steps.  .126   .766 

si5 I use tests to identify what I need to study next.  .108   .784 

ti1 Tests help teachers track my progress.  .314   .611 

ti2 Tests are a way to determine how much I have learned from teaching.  .654   .630 

ti3 Testing involves checking off my progress against achievement objectives or standards.  .605   .674 

ti4 My teachers use tests to help me improve.  -.006   .707 

ti5 Teachers use my test results to see what they need to teach me next.  -.134   .592 

ti6 Tests show whether I can analyse and think critically about a topic.  .059   .710 

Affect (M =3.77, SD =1.13, ω = .91)      

ce1 Tests encourage my class to work together and help each other.   .400  .557 

ce2 Tests motivate me and my classmates to help each other.   .450  .685 
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Code Item ExF Imp Aff Irr G 

ce3 Our class becomes more supportive when we are tested.    .561  .626 

ce4 When we are taking tests, there is a good atmosphere in our class.   .351  .505 

ce5 Tests make our class cooperate more with each other.   .515  .612 

ce6 When we know we are going to be tested, our class becomes more motivated to learn.   .164  .653 

pe2 I find myself really enjoying learning when I am going to be tested.   .136  .629 

Irrelevance (M =2.74, SD =1.00, ω =.88)      

ig1 I ignore test information    .491 -.137 

ig2 I ignore or throw away my test results.    .653 -.275 

ig3 Tests have little impact on my learning.     .569 -.213 

bd1 Testing is unfair to students.    .507 -.263 

bd2 Tests interfere with my learning.    .662 -.332 

bd3 Teachers are over-testing    .545 -.204 

bd4 Test results are not very accurate.    .504 -.188 

bd5 Tests are value-less.    .725 -.403 

Note. ω = McDonald’s Omega estimate of reliability; Numbers in bold represent regression weights higher than .30.  
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5.1.1.2 Test-taking motivation model. In terms of the test-taking motivation scale, a three 

factor (i.e., importance, anxiety, and effort) inter-correlated measurement model was 

examined. The original model had poor model fit (Table 20). The item “I felt relaxed while 

taking this test” in Anxiety, which had been reverse coded before analysis, had a statistically 

non-significant loading on its factor. Removing this item produced a two-item scale for 

Anxiety, with reasonable estimate of scale reliability (ω = .75). While inconsistent with 

expectations that factors have three or more items (Bandalos & Finney, 2010), this type of 

scale is viable in a multi-factor inventory (Bollen, 1989).  

Table 20.  

Model fit indices of tested TTM measurement models for Shanghai sample 

 
χ2(df) 

MLR 

χ2 

MLRχ2/df 

(p) 
CFIr �̂� RMSEAr 90%CI SRMR AIC 

Original 1231 

(62) 

768 12.38 

<.001 

.880 .848 .135 .126-.144 .070 38552 

Trimmed 104 

(17) 

67 3.95 

<.05 

.984 .979 .067 .051-.085 .032 24065 

Note. CFIr and RMSEAr denote robust CFI and robust RMSEA under MLR estimator; Values in bold and italics 

represent good and acceptable fit, respectively. 

Within the Importance factor, items ip1 (‘Doing well on this test was important to 

me’) and ip2 (‘It was important to me to get a good result on this test’) had high residual 

correlations, suggesting redundancy. Rather than correlate the residuals in violation of 

classical test theory assumptions concerning the independence of errors (Brannick, 1995; 

Kaplan, 1989, 1990; Hermida, 2015; Landis et al., 2009), removal of each of the items was 

systematically evaluated for fit in all three conditions. However, regardless of which item 

was removed, the fit in all three groups was poor. Consequently, both items were removed 

and acceptable to good fit was obtained. It would seem that these two items relate to the test 

itself is important facet of importance, which may not have validity in this study because the 
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students were responding to a vignette with a hypothetical test rather than a real test. 

Importance then refers to the importance of results rather than the importance of the test. 

Within the Effort factor items ef2 (‘I worked with all items in the test without giving 

up, even when an item was difficult’) and ef3 (‘I felt motived to do my best on this test’) had 

high modification indices to the factor Importance, violating the assumption of simple 

structure. Removal of these two items resulted in acceptable to good fit. It seems that these 

two items refer to actual within-test behaviours that did not apply to this hypothetical test 

vignette. Consequently, Effort in this study refers to diligent application of energy to do the 

work required by the test. 

By deleting these four items, the trimmed measurement model achieved acceptable to 

good model fit with conceptual coherence with Knekta and Eklöf’s (2015) results (Table 21). 

Similar to Knekta and Eklöf (2015), factors Effort, Importance, and Anxiety are positively 

and significantly related with each other. Table 21 reports the final model scale and item 

statistics.  

Table 21.  

Test-taking motivation factors, items, and scale descriptive statistics for Shanghai sample 

Code Item Factor Loading 

Effort   

M = 4.36, SD = 1.24, ω = .85, H = .89  

ef1 I did my best on this test. .913 

ef4 I spent more effort on this test than I do on other tests we have in school. .670 

ef5 I gave this test my full attention while completing it. .842 

Importance   

M = 4.64, SD = 1.27, ω = .89, H = .91  

ip3 I am very curious about the result I received on this test. .847 

ip4 I would like to know how well I did on this test. .923 

ip5 I would like to know where I did wrong on the test. .799 

Test Anxiety   

M = 4.42, SD = 1.42, ω = .75, H = .80  

ta1 Before taking this test, I worried about how difficult it would be. .873 
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ta2 I was scared of failing on this test. .684 

 Inter-factor correlations 

TTM factors II III 

I. Effort .706 .663 

II. Importance - .733 

III. Test Anxiety - - 

Note. ω = McDonald’s Omega estimate of reliability; H = coefficient H; Loading values are standardized 

weights.  

5.1.2 Measurement model invariance testing in Shanghai  

Results from multiple-group invariance testing for the three test-consequence 

conditions across SCoA and TTM inventories had ΔCFI < .01 for metric and scalar 

equivalence (Table 22). The models had acceptable to good fit for all test-taking groups. The 

strong level of equivalence and fit gave warrant for creating a structural equation model using 

these constructs. 

Table 22.  

Result from MG-CFA invariance testing for SCoA and test-taking motivation scales for 

Shanghai sample 

Group 
MLRχ2 

(df) 

MLRχ2/df 

p 
CFIr ΔCFI �̂� RMSEAr 90%CI SRMR 

SCoA Scale 

Separate 

No stakes  794 (403) .16 .909  .898 .060 .054-.066 .060 

Country at stake  738 (403) .18 .920  .906 .057 .050-.063 .055 

Personal stakes  783(403) .16 .918  .906 .058 .052-.064 .064 

Combined         

Unconstrained 2314 (1209) .17 .915  .903 .058 .055-.062 .058 

Metric 2427 (1323) .18 .915 0 .901 .056 .052-.059 .068 

Scalar 2485 (1375) .18 .915 0 .901 .055 .051-.058 .068 

TTM scale 

Separate 

No stakes  34 (17) .16 .985  .976 .066 .032-.098 .030 

Country at stake  51 (17) .08 .969  .960 .092 .064-.122 .047 

Personal stakes 28 (17) .20 .989  .981 .054 .007-.089 .043 

Combined         
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Group 
MLRχ2 

(df) 

MLRχ2/df 

p 
CFIr ΔCFI �̂� RMSEAr 90%CI SRMR 

Unconstrained 112 (51) .14 .981  .973 .072 .054-.090 .036 

Metric 121 (61) .16 .982 .001 .973 .065 .048-.081 .039 

Scalar 150 (71) .15 .978 -.004 .968 .067 .052-.082 .043 

Note. CFIr and RMSEAr denote robust CFI and robust RMSEA under MLR estimator; Values in bold and italics 

represent good and acceptable fit, respectively. 

5.1.3 Structural relations model and invariance testing in Shanghai 

Consistent with the plan in Figure 4 (Chapter 2, Section 2.4), the SEM model was a 

partially mediated model where SCoA constructs predicted Effort directly and indirectly 

mediated by Importance and Test Anxiety. This model had good fit to the data with MLR χ2 

(664) = 1790, MLRχ2/df = 2.70, p =.100, CFIr = .929, RMSEAr = .046, 90%CI = [.044 

- .049], SRMR = .048, gamma hat = .924. The final SEM model was a partially mediated 

model where SCoA constructs predicted Effort directly and indirectly mediated by 

Importance and test Anxiety (Figure 11). After removing all non-significant regression paths, 

the model had good fit with MLR χ2 (664) = 1736, MLRχ2/df = 2.61, p =.106, CFI = .925, 

RMSEA = .049, 90% CI = [.047 - .052], SRMR = .048, gamma hat = .924. 
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Figure 11. Structural relationships between students’ conceptions of assessment and test-

taking motivation in Shanghai 

Note. SMC = squared multiple correlate (R2); values are standardised; non-significant at .05 level regression 

paths not shown; non-significant at .05 level factor loadings presented in dashed lines; Negative latent 

regression paths shown in dashed lines. 

The general conception of tests had a positive and moderate impact on their 

perceptions of the Importance of tests and their Anxiety levels, consistent with our hypotheses 

(H3a-SH and H3b-SH). The importance of knowing the results and feeling anxious about 

tests depend in part on believing that tests’ influence on student emotions, classroom climate 

and improved performance, are not irrelevant, and relate to external attributions. The general 

conception also directly, but weakly (β = .18), predicted students’ effort expenditure (H3c-

SH). These relationships suggest students’ general ideas about tests have an impact on 

increasing effort and sense of importance and at the same time increasing anxiety around test-

taking.  
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Somewhat unexpectedly, only the external attributions factor had a unique 

contribution to the test-taking motivations. The External Factor had a negative but trivial 

regression weight to Importance. The negative relationship suggests that when students 

believe that tests relate to external factors (e.g., school quality or parental perceptions), they 

are less inclined to think that the hypothetical test is important. This is consistent with 

previous research that the endorsement of the external factor relates to depressed performance 

and reflects maladaptive self-regulation of learning beliefs (Brown, 2011). 

Consistent with the expectation on the effect of perceived Importance on Effort (H3d-

SH), a significant and positive relationship (β = .38) was observed in the model. Similarly, 

consistent with expectations, a significant and positive relationship was seen between Anxiety 

and Effort (H3e-SH: β = .33) and between Anxiety and Importance (H3f-SH: r = .70). 

Multiple-group invariance testing demonstrated that this model had strong equivalence across 

test-consequence conditions (Table 23), suggesting the structural relationships as well as the 

factor covariances demonstrated in the final model were not moderated by the test-taking 

consequences (confirming H4-SH and H5-SH). Thus, a consistent structural model of the 

relationship between students’ conceptions of assessment and test-taking motivation is 

reached across three experimental test-taking conditions.  

Table 23.  

MG-SEM invariance testing for the final SEM model, grouping by test-taking conditions for 

the Shanghai sample 

Group 
MLRχ2 

(df) 

MLRχ2/df 

(p) 
CFIr ΔCFIr �̂� RMSEAr 90%CI SRMR 

Separate         

No stakes  1189 (664) .18 .913  .895 .053 .048-.058 .057 

Country at stake 1163 (664) .19 .914  .897 .053 .047-.057 .056 

Personal stakes 1108 (664) .20 .929  .911 .048 .043-.053 .061 

Combined         

Unconstrained 3462 (1992) .19 .919  .901 .051 .048-.054 .057 
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Group 
MLRχ2 

(df) 

MLRχ2/df 

(p) 
CFIr ΔCFIr �̂� RMSEAr 90%CI SRMR 

Metric 3576 (2116) .19 .919 .000 .900 .050 .047-.053 .064 

Latent 

Regressiona 

3580 (2128) .20 .919 .000 .900 .050 .047-.052 .065 

Scalarb 3660 (2178) .20 .918 -.001 .899 .049 .047-.052 .064 

Latent Variancec 3599 (2132) .19 .918 -.001 .899 .050 .047-.053 .065 

Latent 

Covarianced 

3598 (2134) .19 .918 -.001 .899 .050 .047-.053 .065 

Note. CFIr and RMSEAr denote robust CFI and robust RMSEA under MLR estimator. Values in bold and italics 

represent good and acceptable fit, respectively. aLatent regression invariance was examined after metric 

invariance was supported, bScalar invariance was examined after metric invariance was supported; cLatent 

variance invariance was examined after metric invariance was supported; dLatent covariance invariance was 

examined after latent variance invariance was supported. 

5.2 New Zealand Study 

Similar to the Shanghai study, confirmatory factor analysis for the measurement 

models of SCoA and TTM, measurement invariance testing across the three experimental 

groups, and structural equation modelling pertaining to the hypothesised model (i.e., Figure 

4, Chapter 2, Section 2.4) were likewise conducted for the New Zealand secondary school 

sample (N = 479). The hypotheses for the New Zealand sample were listed at the beginning 

of the current chapter and were specified as Hx-NZ, where x denotes the specific hypothesis 

(e.g., H4-NZ).  

5.2.1 Measurement model in New Zealand 

5.2.1.1 SCoA measurement model. In addition to the five models tested in Shanghai, Model 

1a from the Shanghai study was also evaluated for the New Zealand sample. Thus, six 

separate models of SCoA were tested. Table 24 reports the model fit indices for the six SCoA 

models described previously. Overall, the Shanghai SCoA Model 1a (i.e., bi-factor model 

with four orthogonal specific factors and one general factor without two items [i.e., sq1 and 

pe1]) was chosen as having the best correspondence to the full sample of the New Zealand 
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data. In other words, the Shanghai SCoA measurement model was confirmed for the New 

Zealand whole sample.  

Table 24.  

Model fit indices of tested SCoA measurement models for New Zealand sample 

 
χ2(df) 

MLR MLRχ2/df 
CFIr �̂� RMSEAr 90%CI SRMR AIC 

Model χ2 p 

1 1178.7 

(462) 

1041.2 .13 .879 .917 .054 .050-.059 .053 49153 

1a 876.0 

(403) 

768.6 .17 .915 .940 .046 .041-.051 .050 46056 

1b 556.4 

(322) 

484.9 .22 .955 .966 .035 .028-.041 .042 41603 

2 996.6 

(467) 

871.1 .17 .915 .937 .045 .041-.050 .055 48961 

3 1687.0 

(489) 

1468.4 .08 .792 .868 .069 .065-.073 .080 49607 

4 1100.7 

(482) 

963.7 .16 .898 .927 .049 .044-.053 .060 49035 

5 1093.1 

(481) 

957.7 .16 .900 .928 .049 .044-.053 .060 49030 

Note. CFIr and RMSEAr denote robust CFI and robust RMSEA under MLR estimator; Values in bold and italics 

represent good and acceptable fit, respectively. 

Additionally, in order to obtain adequate model fit for each experimental condition 

group for subsequent analyses, three items were further removed from the Shanghai model 

(Model 1a) resulting in Model 1b (Table 24). The deleted items were Teachers use my test 

results to see what they need to teach me next (ti5), Tests encourage my class to work 

together and help each other (ce1), and I ignore or throw away my test results (ig2). Hence, 

the Shanghai and New Zealand measurement models are not directly comparable at this stage 

as the final SCoA model for Shanghai was Model 1a and for New Zealand was Model 1b. 

The scale omega estimates of internal reliability were sufficient ranging from .71 to .89. 

Scale statistics as well as the final model structure are presented in Table 25. Inspecting the 

factor loading pattern found that all but two items (i.e., sq2 – Tests measure the worth or 

quality of schools and ig3 – Tests have little impact on my learning) had regression weights 

greater than .30 on the general factor. Unlike the Shanghai sample, Irrelevance items 
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measured both the specific construct and the general construct. Specifically, the factor 

loadings from the Irrelevance items on the General factor were all negative, indicating an 

overall positive view of the assessment purposes for the general factor. Regarding the two 

facets within the Improvement factor, items related to Self-improvement measured both the 

specific and general constructs, whereas items related to Teacher-improvement loaded 

statistically significantly on the general construct only.  
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Table 25.  

Students’ conceptions of assessment scale factors, items, and scale descriptive statistics for New Zealand sample 

Code Item ExF Imp Aff Irr G 

External Factor (M = 2.955, SD = .977, ω = .71)      

sf1 Test results show how intelligent I am. .383    .466 

sf2 Test results predict my future performance. .490    .389 

sf3 Tests are important for my future career or job. .455    .438 

sf4 Tests tell my parents how much I've learnt. .252    .575 

sq2 Tests measure the worth or quality of schools. .386    .136 

Improvement (M = 4.277, SD = .857, ω = .89)      

si1 I pay attention to my test results in order to focus on what I could do better next time.  .337   .429 

si2 I make use of the feedback I get to improve my learning.  .469   .536 

si3 I look at what I got wrong or did poorly on to guide what I should learn next.  .607   .589 

si4 I use tests to take responsibility for my next learning steps.  .415   .614 

si5 I use tests to identify what I need to study next.  .375   .575 

ti1 Tests help teachers track my progress.  -.116   .701 

ti2 Tests are a way to determine how much I have learned from teaching.  -.138   .717 

ti3 Testing involves checking off my progress against achievement objectives or standards.  -.062   .550 

ti4 My teachers use tests to help me improve.  .054   .640 

ti6 Tests show whether I can analyse and think critically about a topic.  -.057   .644 

Affect (M = 2.879, SD = .882, ω = .83)      

ce2 Tests motivate me and my classmates to help each other.   .521  .399 

ce3 Our class becomes more supportive when we are tested.   .627  .315 

ce4 When we are taking tests, there is a good atmosphere in our class.   .335  .388 
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Code Item ExF Imp Aff Irr G 

ce5 Tests make our class cooperate more with each other.   .823  .312 

ce6 When we know we are going to be tested, our class becomes more motivated to learn.   .248  .396 

pe2 I find myself really enjoying learning when I am going to be tested.   .150  .434 

Irrelevance (M = 2.647, SD = .821, ω = .84)      

ig1 I ignore test information    .546 -.405 

ig3 Tests have little impact on my learning.    .053 -.237 

bd1 Testing is unfair to students.    .231 -.430 

bd2 Tests interfere with my learning.    .477 -.452 

bd3 Teachers are over-testing    .505 -.436 

bd4 Test results are not very accurate.    .533 -.477 

bd5 Tests are value-less.    .449 -.493 

Note. ω denotes for scale reliability measurement McDonald’s omega. Bold values = factor loadings >.30. 
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5.2.1.2 Test-taking motivation model. Similar to the Shanghai analysis, the original three 

factor intercorrelated TTM models had inadmissible model fit (Table 26, Original). 

Therefore, model improvement was performed by inspecting modification indices. The final 

TTM measurement model after trimming five poorly performing items (ef4, ef3, ta3, ip2 and 

ip1) had adequate model fit (Table 26, Trimmed). The difference between the Shanghai TTM 

model and New Zealand TTM model related to one item from the Effort factor only. In the 

Shanghai sample, item ef4 (i.e., I spent more effort on this test that I do on other tests we 

have in school) was retained whereas in New Zealand, item ef4 was removed and item ef2 

was retained (i.e., I worked with all items in the test without giving up, even when an item was 

difficult). 

Table 26.  

Model fit indices of tested TTM measurement models for New Zealand sample 

 
χ2(df) 

MLR 

χ2 

MLRχ2/df 

(p) 
CFIr �̂� RMSEAr 90%CI SRMR AIC 

Original 822.5 

(62) 

655.3 10.569 

(.001) 

.786 .804 .158 .148-

.169 

.105 19983 

Trimmed 58.1 

(17) 

50.6 2.979 

(.084) 

.977 .979 .069 .047-

.091 

.034 11935 

Note. CFIr and RMSEAr denote robust CFI and robust RMSEA under MLR estimator; Values in bold and italics 

represent good and acceptable fit, respectively. 
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Table 27 presents the TTM model statistics and model structure. The reliability 

measures of McDonald’s omega were robust, ranging from .79 to .86.  

Table 27.  

Test-taking motivation scale factors, items, and scale descriptive statistics for New Zealand 

sample. 

Code Item 
Factor 

Loading 

Effort  

M = 4.691, SD = 1.213, ω = .83, H = .86 

ef1 I did my best on this test. .826 

ef2 I worked with all items in the test without giving up, even when an item was difficult. .658 

ef5 I gave this test my full attention while completing it. .872 

Importance  

M = 5.157, SD = 1.094, ω = .86, H = .87 

ip3 I am very curious about the result I received on this test. .758 

ip4 I would like to know how well I did on this test. .887 

ip5 I would like to know where I did wrong in the test. .804 

Test Anxiety  

M = 3.919, SD = 1.872, ω = .79, H = .86 

ta1 Before taking this test, I worried about how difficult it would be. .914 

ta2 I was scared of failing on this test. .707 

inter-factor correlation 

 Effort Importance Test Anxiety 

I -   

II .458 -  

III .360 .478 - 

Note. ω = McDonald’s Omega estimate of reliability; H = coefficient H; Loading values are standardized 

weights. 

5.2.2 Measurement model invariance testing in New Zealand 

Similar to the Shanghai model, the SCoA bifactor model had strict equivalence in the 

New Zealand data as well (Table 28, top panel). The invariance result is expected because 

random assignment to different experimental conditions was available only after the 

completion of the SCoA construct. However, the TTM measurement model had only 
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configural equivalence across consequence conditions (Table 28, bottom panel). This 

indicates that the vignette instructions seem to have elicited different response styles across 

the three experimental conditions. In other words, the vignette manipulation created different 

populations in terms of test-taking psychology. Furthermore, as the stakes attached to tests 

got closer to individual, the overall model fit got better. This may suggest that among New 

Zealand students, self-reported effort, anxiety, and importance are very much associated with 

being personally evaluated by a test. On the other hand, they might be less cohesive in their 

response patterns in the no stakes/country at stake groups. Consequently, as the objective of 

this study was to examine students’ potential differential behaviours pertaining to the 

experimental conditions, the non-invariance of the TTM measurement model could be seen 

as a preliminary indicator that the three test consequence conditions impact students 

differently.  

Table 28.  

Result from MG-CFA invariance testing for SCoA and test-taking motivation scales for New 

Zealand sample 

Group 
MLR 

χ2 (df) 

MLRχ2/df 

p 
CFI ΔCFI �̂� RMSEAr 90%CI SRMR 

SCoA Scale 

SCoA separate – Model 1a      

No Stakes 646.4 (403) .21 .876s - .898 .063 .054-.072 .066 

Country at stake 674.3 (403) .19 .847s - .890 .067 .058-.075 .078 

Personal stakes 534.1 (403) .25 .936s - .940 .046 .035-.056 .060 

SCoA separate – Model 1b, further trimmed three items, ce1, ti5, and ig2   

No Stakes 445.4 (322) .24 .920s - .934 .051 .039-.062 .058 

Country at stake 461.6 (322) .23 .897s - .927 .054 .043-.065 .070 

Personal stakes 382.4  (322) .28 .968s - .967 .035 .018-.048 .055 

SCoA invariance testing based on Model 1b   

Configural 1291.1 (966) .25 .920r - .943 .047 .040-.054 .059 

Metric 1375.3 (1068) .26 .923r .003 .941 .044 .037-.051 .071 

Scalar 1415.7 (1114) .26 .925r .002 .942 .043 .036-.049 .072 

Residuals 1485.7 (1170) .26 .921r -.004 .937 .043 .036-.049 .074 
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Group 
MLR 

χ2 (df) 

MLRχ2/df 

p 
CFI ΔCFI �̂� RMSEAr 90%CI SRMR 

TTM Scale 

TTM separate 

No Stakes 51.2 (17) .08 .933s - .949 .112 .067-.112 .067 

Country at stake 35.8 (17) .15 .970s - .971 .084 .045-.122 .047 

Personal stakes 21.0 (17) .27 .991s - .992 .040 0-.088 .047 

TTM invariance testing 

Configural 107.3 (51) .15 .964r - .970 .084 .062-.106 .048 

Metric 152.9 (61) .11 .936r -.028 .947 .102 .082-.122 .070 

Scalar 191.2 (71) .10 .918r -.018 .933 .107 .089-.126 .077 

Note. Subscripts s and r indicates Swain adjusted and robust (MLR estimator) CFI, respectively; Values in bold 

and italics represent good and acceptable fit, respectively. 

5.2.3 Structural relations model and invariance testing in New Zealand 

The structural model of SCoA predicting TTM (Figure 12) yielded good model fit 

(MLR χ2 = 820.5, df = 548, p (MLR χ2/df) = .22, CFIr = .949, RMSEAr = .034, 90% CI = 

[.029 - .039], SRMR = .044, gamma hat = .960). Similar to the Shanghai model, the general 

SCoA factor positively predicted Importance (H3a-NZ: β = .30) and Effort (H3c-NZ: β 

= .25). However, unlike the Shanghai model, the New Zealand model also suggested that the 

specific Improvement SCoA factor positively predicted Importance (β = .18, H3a-NZ). Note 

that the Improvement factor consisted only of items in which students exercised self-

regulation of learning through assessment feedback making Importance dependent on this 

capability. Further, contrary to expectations (H3b-NZ), there were no statistically significant 

paths from SCoA to students’ perceived test-taking Anxiety.  
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Figure 12. Structural relationships between students’ conceptions of assessment and test-

taking motivation in New Zealand 

Note. SMC = squared multiple correlate (R2); values are standardised; non-significant at .05 level regression 

paths not shown; non-significant at .05 level factor loadings presented in dashed lines. 

Regarding the predictive relationship between Importance and Effort (H3d-NZ: β 

= .24), as well as Anxiety and Effort (H3e-NZ: β = .26), the New Zealand model again 

confirmed both the hypotheses. However, the regression weight from the two factors to Effort 

was somewhat smaller than the Shanghai model. The positively correlated test Importance 

and Anxiety again confirmed expectations (H3f-NZ: r=.52) in the New Zealand context. The 

structural model provides a partially mediated relationship between students’ conceptions of 

tests and their test-taking motivation. Overall, smaller than the Shanghai model, 31% of the 

variance in Effort expenditure was explained, giving a strong effect size nonetheless (f2 = .45) 

(Cohen, 1988). 
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The structural model demonstrated strong invariance across the three test-taking 

consequence groups, indicating that the relationships as well as structural variances and 

covariances were not moderated by the vignette instructions (Table 29, confirming H4-NZ 

and H5-NZ). Note that CFI values in the invariance test are less than ideal. However, the 

Swain-corrected values for small sample size in the separate group models were ≥ .90 

suggesting the model fit values are acceptable.  

Table 29.  

MG-SEM invariance testing for the final SEM model, grouping by test-taking conditions for 

the New Zealand sample 

Group 
MLR 

χ2 (df) 

MLRχ2/df 

p 
CFI ΔCFI �̂� RMSEAr 90%CI SRMR 

Separate  

No Stakes 742.0 (548) .24 .922s - .925 .048 .039-.057 .060 

Country at stake 800.6 (548) .23 .902s - .913 .055 .046-.063 .071 

Personal stakes 704.0 (548) .26 .955s - .948 .042 .032-.051 .062 

Combined 

Unconstrained 2247.4 (1644) .24 .901r - .928 .048 .043-.054 .063 

Metric 2370.2 (1756) .25 .897r -.004 .922 .048 .043-.053 .072 

Latent 

Regressiona 

2413.4 (1790) .24 .895r -.002 .921 .048 .043-.053 .077 

Scalarb 2449.8 (1812) .24 .893r -.004 .920 .048 .043-.053 .073 

Latent Variancec 2420.0 (1772) .24 .891r -.006 .919 .049 .044-.054 .078 

Latent 

Covarianced 

2420.0 (1774) .24 .891r 0 .919 .049 .044-.054 .078 

Note. Subscripts s and r means swain adjusted and robust (MLR estimator) CFI, respectively; Values in bold 

and italics represent good and acceptable fit, respectively. CFIr and RMSEAr denote robust CFI and robust 

RMSEA under MLR estimator Values in bold and italics represent good and acceptable fit, respectively. aLatent 

regression invariance was examined after metric invariance was supported, bScalar invariance was examined 

after metric invariance was supported; cLatent variance invariance was examined after metric invariance was 

supported; dLatent covariance invariance was examined after latent variance invariance was supported. 

Sections 5.1 and 5.2 presented results for measurement model validation, invariance 

testing, structural relations between SCoA and TTM constructs, and structural model 

invariance testing across three test-consequence conditions within each jurisdiction. A partial 
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mediation model of SCoA onto TTM was identified, with invariance of parameter weights, 

giving grounds for accepting the hypothesised framework (Figure 4, Chapter 2, Section 2.4).  

5.3 Contextual Invariance on Models between Samples 

In this section, both measurement models for SCoA and TTM were tested for 

invariance across jurisdictions and across experimental condition groups (2 × 3 = 6) before 

testing for a final structural model that could fit both New Zealand and Shanghai samples. 

Specifically, invariance testing was conducted in four ways for SCoA and TTM constructs: 

Method I: Location only, no sub-group for experimental condition (Shanghai = New 

Zealand) 

Method II: within-jurisdiction across three conditions – a. no stakes, b. country at 

stake, and c. personal stakes (i.e., Shanghai: a = b = c; New Zealand: a = b = c) 

Method III: between-jurisdiction by three conditions – a. no stakes; b. country at 

stake, and c. personal stakes (i.e., Shanghai × a = Shanghai × b = Shanghai × c = New 

Zealand × a = New Zealand × b = New Zealand × c) 

Method IV: between-jurisdiction by a particular condition (i.e., Shanghai × a = New 

Zealand × a; Shanghai × b = New Zealand × b; Shanghai × c = New Zealand × c) 

Note that the Method II was reported in Sections 5.1.2 and 5.2.2 for Shanghai and 

New Zealand samples, respectively, with results supporting invariance across conditions. 

However, the measurement models of SCoA and TTM between the groups differed slightly 

(e.g., the SCoA model in New Zealand Model 1b did not include items ce1, ig5, and ti2; the 

TTM model in New Zealand did not include item ef4 but retained ef2). Therefore, modified 

measurement models need to be confirmed that could yield acceptable fit for both Shanghai 

and New Zealand samples first. Then Method II invariance testing was conducted in the 

current section only in cases where the model was different from the individual sample model 

presented in the previous two sections.   
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5.3.1 SCoA measurement model invariance testing between contexts 

The SCoA measurement model differed between the Shanghai and New Zealand 

samples in that three more items were trimmed in New Zealand (Model 1b, see Section 

5.2.1.1). For the purpose of contextual comparison, Model 1b was tested in the Shanghai 

context and demonstrated acceptable to good fit. Model 1b also demonstrated good to the 

combined Shanghai and New Zealand dataset (Table 30, top panel). Subsequent invariance 

testing of SCoA was performed based on SCoA Model 1b. The model demonstrated 

moderate to good fit to jurisdiction by condition data (Table 30, bottom panel), which gave 

confidence for measurement invariance testing.  

Table 30.  

Measurement model fit indices of SCoA construct and invariance testing by jurisdiction and 

experimental condition 

Sample χ2(df) 
MLR 

χ2 

MLR 

χ2/df(p) 
CFIr �̂� RMSEAr 90%CI SRMR AIC 

SCoA Model 1b – individual sample fit indices 

SH 1252.8 (322) 952.8 .09 .942 .938 .051 .047-.054 .049 86503 

NZ 556.4 (322) 484.9 .22 .955 .966 .035 .028-.041 .042 41603 

Both 1773.3 (322) 1454.9 .03 .923 .935 .054 .051-.057 .051 130355 

SCoA Model 1b – jurisdiction by condition data fit indices 

SH*a 777.6 (322) 616.7 .16 .922 .913 .059 .051-.065 .060 30039 

SH*b 681.2 (322) 539.0 .20 .941 .927 .051 .044-.059 .052 28054 

SH*c 736.3 (322) 619.2 .17 .928 .919 .057 .051-.064 .062 28409 

NZ*a 479.9 (322) 445.4 .24 .912 .934 .051 .039-.062 .058 14004 

NZ*b 497.1 (322) 461.6 .23 .886 .927 .054 .043-.065 .070 13717 

NZ*c 398.0 (322) 382.5 .28 .958 .967 .035 .018-.048 .055 13958 

Note. CFIr and RMSEAr denote for robust CFI and robust RMSEA resulting from MLR estimator, respectively. 

a, b, and c denote for “no stakes”, “country at stake”, and “personal stakes”, respectively. Values in bold and 

italics represent good and acceptable fit, respectively. 

Results from the invariance testing (Methods I to IV) are reported in Table 31. The 

models had only configural equivalence across jurisdictions. Likewise, the six-group 

(location by condition) only had configural equivalence. Note that Method II was not 
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presented for New Zealand because it was previously tested in Section 5.2.2, whereas the 

results for Shanghai are presented because the tested model here pertains to SCoA Model 1b, 

which is different from the previously tested Shanghai model (Model 1a, Section 5.1.2).  

Table 31.  

SCoA measurement model (SCoA Model 1b) invariance testing in three ways  

Model  
MLR 

χ2 (df) 

MLRχ2/df 

p 
CFIr ΔCFI �̂� RMSEAr 90%CI SRMR 

Method I: location only (SH = NZ) 

Unconstrained 1470 (644) .13 .945  .947 .046 .043-.049 .045 

Metric 1923 (695) .10 .918 -.027 .925 .054 .051-.057 .068 

Scalar 2656 (718) .05 .872 -.046 .892 .066 .064-.069 .076 

Method II-Shanghai: within-jurisdiction across three conditions (SH: a = b = c) 

Unconstrained 1773 (966) .18 .930  .920 .056 .052-.060 .056 

Metric 1867 (1068) .19 .930 .000 .917 .053 .049-.057 .066 

Scalar 1919 (1114) .19 .930 .000 .917 .058 .048-.056 .067 

Method III: between-jurisdiction by three conditions (SH*a = SH*b = SH*c = NZ*a = NZ*b = NZ*c) 

Unconstrained 3101 (1932) .21 .928  .927 .053 .050-.057 .057 

Metric 3755 (2187) .19 .902 -.026 .904 .058 .055-.061 .086 

Scalar 4586 (2302) .16 .858 -.044 .873 .068 .065-.071 .092 

Method IV-a: between jurisdiction under no stakes condition (SH*a = NZ*a) 

Unconstrained 1076 (644) .20 .920  .920 .056 .050-.062 .057 

Metric 1270 (695) .18 .892 -.028 .898 .062 .057-.068 .084 

Scalar 1509 (718) .15 .853 -.039 .871 .071 .066-.076 .089 

Method IV-b: between jurisdiction under country at stake condition (SH*b = NZ*b) 

Unconstrained 1007 (644) .21 .929  .927 .052 .046-.058 .056 

Metric 1165 (695) .20 .907 -.022 .909 .057 .052-.063 .078 

Scalar 1386 (718) .17 .868 -.039 .881 .067 .062-.073 .083 

Method IV-c: between jurisdiction under personal stakes condition (SH*c = NZ*c) 

Unconstrained 1017 (644) .21 .935  .934 .051 .045-.057 .057 

Metric 1239 (695) .18 .905 -.030 .909 .060 .054-.065 .079 

Scalar 1507 (718) .15 .863 -.042 .878 .070 .065-.075 .086 

Note. CFIr and RMSEAr denote for robust CFI and robust RMSEA resulting from MLR estimator, respectively. 

a, b, and c denote for “no stakes”, “country at stake”, and “personal stakes”, respectively. Values in bold and 

italics represent good and acceptable fit, respectively.  
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In summary, the measurement model of SCoA Model 1b showed strict equivalence 

for the three test-taking conditions within each of the Shanghai (Table 31, Method II – 

Shanghai) and New Zealand samples (Section 5.2.2). Since the experimental test-taking 

consequence condition had not been introduced when the SCoA was completed, the within 

jurisdiction invariance result was expected. On the other hand, the SCoA inventory was not 

statistically equivalent between jurisdictions (Method I). Therefore, both the condition by 

jurisdiction invariance (Method III) and single condition between jurisdiction invariance 

(Method IV) demonstrated configural invariance only. The model non-invariance of Methods 

I, III, and IV indicates that contextual differences between Shanghai and New Zealand matter 

to how students perceive the nature and purpose of testing. 

5.3.1.1 The magnitude of between jurisdiction non-equivalence for SCoA. Given that the 

ΔCFI test might be too sensitive with large samples, the actual size of item-level non-

equivalence (dMACS) was examined (Table 32). Three-quarters of the items displayed more 

than trivial size of differential item functioning, and nearly a third (32%) demonstrated 

medium or large differences. Specifically, large differences were observed in the factor Affect 

which focuses on the classroom environment and personal enjoyment aspects of tests (i.e., 10 

out of 12 dMACS medium to large). Moreover, among the four items that had medium to large 

between group differences in Affect, the item regarding “Tests measure the worth or quality 

of schools” showed the biggest differences on both the unique and general factors. These 

results coincide with those from measurement invariance testing in that they both imply that 

the magnitude of model non-invariance between Shanghai and New Zealand samples is non-
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negligible. Therefore, comparisons between groups should be made with caution and 

conceptually, rather than statistically.  

Table 32.  

dMACS of the SCoA construct between Shanghai and New Zealand sample 

  dMACS 

No. Item unique general 

Irrelevance    

Medium to 

Large: 1 

ig1 .578 .404 

ig3 .346  

bd5 .307  

bd2 .279  

bd4  .285 

bd1   

bd3  .225 

Affect    

Medium to 

Large: 10 

ce5 .902 .969 

ce3 .885 .959 

pe2 .634 .684 

ce4 .606 .621 

ce2 .558 .653 

ce6 .204 .306 

External     

Medium to 

Large: 4 

sq2 .727 .834 

sf4 .593 .515 

sf2 .233 .220 

sf1  .200 

sf3   
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Improvement    

Medium to 

Large: 3 

ti2 .882 .393 

ti3 .663  

si3 .513 .363 

ti1 .451  

si1 .411 .398 

si2 .340 .414 

si5 .336 .309 

ti6 .309 .293 

si4 .299 .255 

ti4   

Note. New Zealand sample was used as the reference; dMACS displayed on descending per the unique construct; 

values in bold = dMACS ≥ .80 (large); values in italics = .50 < dMACS < .80 (medium); values in plain text = .20 < 

dMACS < .50 (small); dMACS < .20 not shown (trivial).  

5.3.2 TTM measurement model invariance testing between contexts 

The TTM construct was validated separately for Shanghai and New Zealand samples 

resulting in one item difference (i.e., Shanghai model (TTMsh) had item ef4 – I spent more 

effort on this test that I do on other tests we have in school, while the New Zealand model 

(TTMnz) had item ef2 – I worked with all items in the test without giving up, even when an 

item was difficult). For the purpose of this comparison, the two different models (i.e., TTMsh 

and TTMnz) were tested for the combined samples as well as separate groups (2 jurisdictions 

× 3 conditions = 6). Further, the two differential items (ef2 and ef4) were removed to test for 

a model with only common items (TTMtotal). Note that by further removing one more item 

from the Effort construct, the final model had two items for Effort, two items for test Anxiety, 

and three items for Importance. The model fit indices for each model and sample 

combination are presented in Table 33.  
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Table 33.  

Measurement model fit indices of TTM construct and invariance testing 

Sample χ2(df) 
MLR 

χ2 

MLRχ2/df 

(p) 
CFIr 𝑔 RMSEAr 90%CI SRMR AIC 

TTMnz 

SH 148.7 (17) 90.7 .021 .976 .968 .084 .068-.102 .038 23651 

NZ 58.1 (17) 50.6 .084 .977 .979 .069 .047-.091 .034 11935 

Both 151.2 (17) 103.7 .014 .981 .978 .071 .058-.084 .034 35877 

SH*a 64.0 (17) 39.2 .129 .979 .967 .079 .046-.112 .034 8350 

SH*b 77.4 (17) 52.0 .080 .968 .956 .097 .068-.128 .046 7761 

SH*c 59.1 (17) 37.5 .138 .981 .969 .075 .042-.108 .043 7459 

NZ*a 51.3 (17) 51.2 .083 .930 .949 .112 .078-.148 .067 4272 

NZ*b 36.1 (17) 35.8 .147 .968 .971 .084 .045-.122 .047 3776 

NZ*c 22.1 (17) 21.0 .266 .992 .992 .040 0-.088 .047 3530 

TTMsh 

SH 104.0 (17) 67.2 .047 .984 .979 .067 .051-.085 .032 24065 

NZ 87.6 (17) 79.4 .031 .958 .964 .092 .072-.113 .058 12275 

Both 171.3 (17) 123.9 .007 .976 .975 .077 .064-.090 .042 36740 

SH*a 50.6 (17) 33.8 .158 .985 .976 .066 .032-.098 .030 8465 

SH*b 70.7 (17) 51.0 .083 .969 .960 .092 .064-.122 .047 7907 

SH*c 42.5 (17) 27.9 .200 .989 .981 .054 .007-.089 .043 7597 

NZ*a 20.7 (17) 20.3 .275 .992 .994 .035 0-.084 .041 4223 

NZ*b 54.4 (17) 56.7 .068 .931 .944 .119 .085-.154 .079 3879 

NZ*c 35.2 (17) 29.6 .187 .967 .972 .074 .023-.118 .061 3664 

TTMtotal 

SH 64.7 (11) 39.3 .059 .989 .985 .065 .044-.088 .024 20822 

NZ 26.0 (11) 22.6 .152 .991 .991 .050 .019-.080 .021 10458 

Both 55.1 (11) 37.4 .065 .993 .992 .049 .032-.067 .019 31542 

SH*a 37.4 (11) 22.9 .149 .987 .978 .072 .029-.113 .027 7363 

SH*b 38.8 (11) 25.6 .127 .984 .976 .079 .039-.119 .032 6835 

SH*c 21.4 (11) 14.3 .255 .997 .991 .037 0-.084 .022 6547 

NZ*a 15.6 (11) 15.6 .234 .989 .992 .051 0-.105 .034 3729 

NZ*b 25.0 (11) 24.5 .135 .973 .976 .089 .041-.136 .038 3297 

NZ*c 11.4 (11) 9.9 .343 1.000 .999 .000 0-.082 .033 3117 

Note. CFIr and RMSEAr denote for robust CFI and robust RMSEA resulting from MLR estimator, respectively. 

a, b, and c denote for “no stakes”, “country at stake”, and “personal stakes”, respectively. Values in bold and 

italics represent good and acceptable fit, respectively.  
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The TTMtotal model was invariant between the two jurisdictions (Table 34, Method I). 

Moreover, it was invariant within Shanghai across the three experimental conditions (Method 

II - Shanghai). In contrast, this model only had configural invariance in New Zealand 

(Method II – New Zealand). In other words, the manipulation of test stakes elicited 

differential response behaviours in the New Zealand context but not in Shanghai. The 

TTMtotal model had weak invariance (equivalent regression weights) in the jurisdiction by 

condition comparison (Method III).  

To better isolate sources of non-invariance, the equivalence of each condition across 

jurisdictions was tested separately. Table 34 (Method IV) shows that the no stakes and 

personal stakes conditions had strong invariance between Shanghai and New Zealand 

contexts. However, the country at stake condition demonstrated both marginal to acceptable 

fit and non-invariance beyond configural equivalence, indicating that students from the two 

contexts interpret the country at stake condition differently. Thus, the difference in these two 

populations seems to reside only in how they perceive country reputation.  

Table 34.  

TTM measurement model invariance testing in three ways (model TTMtotal) 

Group 
MLR 

χ2 (df) 

MLRχ2/df 

p 
CFIr ΔCFI �̂� RMSEAr 90%CI SRMR 

Method I: location only (SH = NZ) 

Unconstrained 64.9 (22) .09 .989  .987 .061 .044-.078 .021 

Metric 64.2 (26) .12 .990 .001 .987 .054 .037-.071 .022 

Scalar 97.8 (30) .07 .983 -.007 .980 .065 .051-.080 .028 

Method II-Shanghai: within-jurisdiction across three conditions (SH: a = b = c) 

Unconstrained 63.0 (33) .167 .989  .982 .065 .040-.089 .024 

Metric 71.1 (41) .19 .989 0 .982 .057 .034-.079 .029 

Scalar 81.6 (49) .20 .989 0 .982 .053 .031-.072 .030 

Method II-New Zealand: within-jurisdiction across three conditions (NZ: a = b = c) 

Unconstrained 52.0 (33) .22 .987  .989 .057 .016-.089 .031 

Metric 98.7 (41) .15 .961 -.026 .967 .089 .063-.115 .061 

Scalar 121.7 (49) .13 .950 -.011 .958 .093 .070-.116 .065 
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Group 
MLR 

χ2 (df) 

MLRχ2/df 

p 
CFIr ΔCFI �̂� RMSEAr 90%CI SRMR 

Method III: between-jurisdiction by three conditions (SH*a = SH*b = SH*c = NZ*a = NZ*b = NZ*c) 

Unconstrained 115 (66) .19 .989  .984 .062 .043-.081 .026 

Metric 157 (86) .18 .983 -.006 .977 .067 .050-.083 .039 

Scalar 226 (106) .14 .973 -.010 .967 .076 .062-.090 .045 

Method IV-a: between jurisdiction under no stakes condition (SH*a = NZ*a) 

Unconstrained 40.3 (22) .18 .987  .983 .066 .032-.098 .026 

Metric 420 (26) .20 .989 .002 .983 .057 .021-.088 .029 

Scalar 53.0 (30) .18 .984 -.005 .978 .063 .034-.090 .034 

Method IV-b: between jurisdiction under country at stake condition (SH*b = NZ*b) 

Unconstrained 50.3 (22) .13 .981  .976 .080 .052-.112 .030 

Metric 75.4 (26) .09 .966 -.015 .959 .101 .075-.128 .050 

Scalar 111.0 (30) .05 .946 -.020 .940 .118 .095-.141 .056 

Method IV-c: between jurisdiction under personal stakes condition (SH*c = NZ*c) 

Unconstrained 24.8 (22) .29 .998  .994 .026 0-.068 .023 

Metric 30.7 (26) .28 .994 -.001 .991 .032 0-.068 .030 

Scalar 39.6 (30) .25 .993 -.004 .988 .041 0-.073 .035 

Note. CFIr and RMSEAr denote for robust CFI and robust RMSEA resulting from MLR estimator, respectively. 

a, b, and c denote for “no stakes”, “country at stake”, and “personal stakes”, respectively. Values in bold and 

italics represent good and acceptable fit, respectively.  

In summary, the SCoA and TTM constructs were not comparable between the 

Shanghai and New Zealand samples. In terms of the TTM construct, the model comparison 

gave some insight into where the differences lay – and differences were especially 

pronounced in the country at stake zone. For the SCoA construct, the non-invariance was 

likely caused by contextual differences between the two jurisdictions as opposed to 

experimental conditions. Hence, the comparison of students’ perceptions of SCoA and TTM 

between the New Zealand and Shanghai samples need to be made conceptually and logically 

(given the clear population differences between the samples).  

5.4 The Effect of Consequences  

To determine if the test-taking consequence vignettes elicited different levels of test-

taking motivation (H6, H7 and H8), latent mean comparisons were conducted to examine 
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differences in mean scores across the three test-taking conditions. The measurement models 

of SCoA and TTM were stable within each society across the three conditions. However, the 

model was predictably not comparable between the New Zealand and Shanghai samples 

because of differences between the two contexts. Hence, the cross-cultural comparison was 

conducted conceptually and logically for each jurisdiction separately (Table 35). In both 

contexts, the latent means were not significantly different among groups for the SCoA 

factors. This result is expected because students responded to the SCoA items before being 

assigned to test-consequence conditions, therefore any differences detected should be due to 

chance.  

Table 35.  

Latent mean analyses based on the final latent regression invariance model 

  No vs. Country No vs. Personal Country vs. Personal 

Scale Statistic NZ SH NZ SH NZ SH 

Student Conceptions of Assessment 

Ext Factor M -.19 .06 -.07 .05 .12 -.01 

d -.24ns .14ns -.09ns .12ns .15ns -.01ns 

Improvement M -.08 .00 .05 .00 .12 .00 

d -.08ns .01ns .05ns .02ns .13ns .00ns 

Irrelevance M -.06 .01 -.12 -.01 -.07 -.02 

d -.07ns .02ns -.15ns -.01ns -.08ns -.04ns 

Affect M -.13 -.04 .06 -.08 .02 -.04 

d -.13ns -.07ns .06ns -.13ns .02ns -.07ns 

General M .11 -.04 .09 .03 -.02 .07 

d .12ns -.08ns .10ns .06 -.02ns .14ns 

Test Taking Motivation 

Effort M .93 .31 1.30 .48 .37 .17 

d .81*** .24** 1.30*** .39*** .42** .14ns 

Importance M .34 .05 .37 .19 .03 .14 

d .35** .04ns .38** .17* .03ns .13ns 
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  No vs. Country No vs. Personal Country vs. Personal 

Scale Statistic NZ SH NZ SH NZ SH 

Test Anxiety M .62 .10 1.42 .36 .80 .27 

d .44*** .07ns 1.09*** .26** .61*** .22* 

Note. d = Cohen’s d; ns =not statistically significant *=p<.05, **=p<.01, *** =p<.001.  

In contrast, there were substantial differences in the three TTM factor mean scores by 

condition with notable differences by jurisdiction. In the Shanghai sample, there were 

statistically significant different levels of TTM for five out of the nine comparisons. 

Specifically, students in Shanghai reported somewhat higher levels of Effort expenditure 

under country at stake compared to the no stakes condition (Cohen’s d = 0.24). Similarly, 

Shanghai students reported somewhat higher levels of Effort, Importance, and Anxiety under 

the personal stakes condition compared to the no stakes condition (Cohen’s d = 0.39, 0.17, 

0.26, respectively).  

On the other hand, there were no statistically significant differences in latent mean 

score for the Effort and Importance factors between personal stakes and country at stake 

conditions among Shanghai students (Cohen’s d = 0.14 and 0.13 respectively). Statistically 

significant difference existed between the personal stakes and country at stake groups on 

Anxiety only (Cohen’s d = 0.22). Overall, all observed differences were trivial to small in a 

practical sense, suggesting the Shanghai sample did not perceive the experimental stakes to 

have much impact on their test-taking motivation. Taken together, the results confirmed the 

hypothesis (H6-SH) that students did not meaningfully differentiate country at stake and 

personal stakes conditions on effort expenditure. The results suggest that Shanghai students 

expected to exert full effort for a test that is not personally relevant, but important for their 

country’s international ranking. However, higher levels of Anxiety were not seen when the 

country was at stakes. Given the small differences in mean Importance, contrary to the 
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expectation (H7-SH), it seems Shanghai students in the study were equally concerned about 

the test results regardless of test-taking stakes. 

In contrast, New Zealand students reported statistically significantly different results 

for eight out of the nine TTM factor comparisons. The only non-significant result was 

between the country at stake and personal stakes groups for Importance. The differences 

between conditions are categorised here according to their practical significance (Cohen’s d): 

• Small: 1) no stakes vs. country at stake and 2) no stakes vs. personal stakes on 

the construct Importance. 

• Medium: 1) no stakes vs. country at stake and 2) country at stake vs. personal 

stakes on Anxiety; 3) country at stake vs. personal stakes on Effort 

• Large: 1) no stakes vs. country at stake and 2) no stakes vs. personal stakes on 

Effort; 3) no stakes vs. personal stakes on Anxiety.  

Firstly, New Zealand students reported statistically significantly higher levels of 

Effort in the country at stake and personal stakes groups compared to the no stakes group 

(Cohen’s d = 0.81 and 1.30, respectively), corresponding to large between group differences. 

From the country at stake to the personal stakes group, their reported Effort was also 

statistically significantly higher in the latter group with a medium effect size (Cohen’s d = 

0.42). Secondly, for the endorsement of Importance construct, the between-group differences 

were statistically significant only for no stakes vs. country at stake and no stakes vs. personal 

stakes comparisons. However, the practical differences were small-medium in both cases 

(i.e., Cohen’s d = 0.35, and 0.38, respectively). Last but not least, for Test Anxiety, the three 

between group comparisons all yielded statistically significant differences with medium to 

large effect sizes (i.e., Cohen’s d = 0.44, 1.09, and 0.61). 

The differences on the endorsement of TTM by vignette conditions in the New 

Zealand sample shows that, unlike Shanghai, New Zealand students reported quite different 

levels of TTM according to the consequence attached to a test. New Zealand students 
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reported much greater Effort and Anxiety when a test had personal consequences compared to 

no consequence and small to medium differences in Effort and Anxiety compared to country 

reputation consequences. Figure 13 provides a visual representation of the effect size 

differences for students’ perceptions of test-taking motivation in the three experimental 

consequence conditions (i.e., no < country < personal), separated by jurisdiction. Considering 

the no stakes group as the reference line of zero, in New Zealand, with the increase of test 

stakes to the next level, student reported increased levels of Anxiety (d of 0.44 to 0.61) and 

Effort expenditure (d of 0.81 to .42 per step), confirming hypothesis H6-NZ and partially 

confirming hypothesis H7-NZ on Anxiety. In terms of the Importance aspect of H7-NZ, New 

Zealand students did not differentiate between the country at stake and personal stakes 

conditions. However, because the Importance construct captured the aspect of knowing the 

result is important to me, this result suggests that compared to the personal stakes situation, 

New Zealand students would feel much more relaxed and reported they would not try hard 

under the country at stake condition, but would still like to know how well they did. On the 

other hand, Shanghai students’ effect size changes are much smaller in margin compared to 

their New Zealand counterparts. They reported that they would perceive similar levels of 

Anxiety, Importance, and exert similar levels of Effort, regardless of the test-taking 

consequences.  
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Figure 13. Effect size increase by the increase of test-taking stakes, by jurisdiction 

Overall, the latent mean analyses confirmed hypothesis H8 suggesting that Shanghai 

students reported considering the vignette condition of country at stake and personal stakes 

similarly in terms of test-taking motivation. In contrast, New Zealand students considered the 

country at stake vignette instruction differently from the no stakes, and personal stakes 

conditions, as reporting statistically significantly more test-taking motivation in the country 

at stake group than the no stakes group but also statistically significantly less test-taking 

motivation than the personal stakes group.  

5.5 Chapter Summary  

This chapter validated measurement models of students’ conceptions of assessment 

and test-taking motivation constructs in both the Shanghai and New Zealand contexts. It 

examined the relationship between the SCoA and TTM constructs and tested the invariance 

of a structural model between jurisdictions, within jurisdiction across conditions, and 

between jurisdiction by conditions. It experimentally evaluated students’ differential effort 

levels under three hypothetical test-taking conditions (i.e., no stakes, country at stake, and 

personal stakes) within each jurisdiction.  
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A bi-factor structure of the students’ conceptions of assessment inventory was 

replicated in both New Zealand and Shanghai secondary school contexts. This replicated 

previous studies in New Zealand junior secondary school and higher education contexts 

(Matos et al., 2019; Weekers et al., 2009) and the Brazilian higher education context (Matos 

et al., 2019). The relationship of the irrelevance items to the general factor is logically inverse 

suggesting that the general factor captures the positive impact of assessment/testing on 

student beliefs or attitudes, and plausibly their self-regulating behaviours. The loadings from 

the unique factors are sufficiently large to justify having the sub-factors. The positive role of 

the self-improvement factor continues to reinforce a self-regulated learning interpretation of 

student conceptions of assessment (Brown, 2011).  

A partially mediated model between the SCoA and test-taking motivation Effort was 

identified, giving confidence for the hypothesized framework (Figure 4, Chapter 2, Section 

2.4). The model explained a large amount of variance in Effort in both contexts, which 

replicates a previous study on the relationship between SCoA and TTM (Wise & Cotten, 

2009). Consistent with the theoretical model, students’ conceptions of the purposes of tests 

had a statistically significant but small impact on test-taking motivation in both the Shanghai 

and New Zealand samples. However, in the Shanghai sample, the stronger the general 

conception of test as improving learning, being related to external attributions, class climate 

and personal emotions, the more students thought tests were important, stimulated greater 

anxiety, and exerted more effort. In contrast, in the New Zealand sample, students’ general 

conception of test was not a significant predictor of their reported anxiety. Nevertheless, the 

SCoA influence on TTM was through a general factor rather than the subordinate 

independent factors as seen in previous studies with New Zealand high school students 

(Brown & Hirschfeld, 2008; Brown & Walton, 2017; Brown, Peterson, & Irving, 2009). 
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Nonetheless, the results suggest that the SCoA may be a good measure of how students 

respond to tests, rather than other forms of assessment.  

Regarding the relationship between Anxiety and Effort, the path values all suggest, 

regardless of condition, that greater anxiety resulted in greater effort. This is consistent with 

research that positions the negative emotion anxiety as an activating force for greater effort 

and performance (Pekrun et al., 2002). This suggests that all students in this study see testing 

as anxiety-inducing but such negative emotions are not handicapping but rather contributive 

to more effort. This stands in contrast to other research in which Anxiety was a non-

significant (Knekta & Eklöf, 2015; Penk & Schipolowski, 2015) or weak negative predictor 

of Effort (Penk & Schipolowski, 2015).  

Furthermore, the comparisons of students’ reported levels of SCoA and TTM between 

Shanghai and New Zealand had to be made conceptually, rather than statistically, because 

measurement model invariance was not demonstrated. Non-invariance was found 

predominantly under the country at stake condition, indicating students from the two contexts 

perceived the vignette of country at stake quite differently. Nonetheless, the structural models 

were equivalent within each jurisdiction and across experimental conditions within each 

jurisdiction. This not only permits comparisons within contexts and across experimental 

conditions, but also clearly indicates the surveyed students were from two different 

populations (i.e., Shanghai and New Zealand) (Wu et al., 2007).  

Addressing the concern that students in high-performing societies might have merely 

tried harder than students elsewhere, this experimental between-subjects study established 

that the level of consequence had an impact on self-reported test-taking motivation. In 

general, motivational factors (i.e., Effort, Importance, and Anxiety) were all greater as 

consequences shifted from none, to country at stake, and were highest in individual 

consequences. However, the margin of increase on motivational factors by stakes differed 
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between Shanghai and New Zealand. The latent mean score analyses revealed that in the 

sample of Shanghai students, large distinctions across no, country and personal stakes were 

not made, unlike previous studies carried out in the Nordic region (Knekta & Eklöf, 2015). 

Specifically, in the Shanghai sample, the differences between country and individual at stakes 

groups were trivial, and only for Anxiety was there statistically significant difference 

between the two groups, albeit a small effect size for the difference. Otherwise, Shanghai 

students in these two different conditions were indistinguishable. This corroborates Gneezy et 

al. (2019) in that Shanghai students seem to be motivated to make an effort on a test 

regardless of consequences. Shanghai participants in the study were clearly aware that the 

country at stake consequence was not personally relevant to them because their scores for 

Anxiety or Importance were equivalent to those in the no stakes group. However, they 

claimed to exert as much effort as those assigned to the personal consequence condition. 

Together these support the conclusion, as suggested by Chen and Brown (2018), that there 

may be no such thing as a low-consequence test in Shanghai insofar as test-taking motivation 

is concerned.  

On the other hand, in New Zealand, students’ reported levels of TTM under each 

experimental condition showing large mean score differences. Test-taking motivation 

increased by consequence condition, with greater Importance, Effort, and Anxiety as 

consequences became increasingly relevant to the individual. Similar patterns have been 

reported elsewhere (see Knekta, 2017; Knekta & Eklöf, 2015; Lau et al., 2009; Liu et al., 

2012; Wolf, Smith, & Birnbaum, 1995), except for test importance which was much smaller 

than previous studies (Knekta & Eklöf, 2015; Thelk et al., 2009). One possible explanation is 

that the highest stakes setting in their studies was either passing or failing the degree or 

regarding a national whole-cohort standardised test, whereas in this study the highest 

consequence was about graded final tests. However, the differences in high stakes settings 
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did not distort the effect size of test Anxiety between the lowest and highest stakes. 

Comparing country at stake and personal stakes groups, New Zealand students did not report 

a significant difference in terms of perceived Importance. However, they reported investing 

substantially more Effort and experiencing more Anxiety in the personal related condition by 

a significant amount. These results reinforce previous international research that associates 

low PISA rankings in New Zealand with lack of student effort or seriousness about PISA 

tests (Akyol et al., 2018).  

Although robust, the generalisability of this result may be somewhat limited because 

the sample was marginally older than an actual PISA cohort, although nearly half were only 

one-year older than the PISA target age. Nevertheless, the age effect may be significant, as 

other studies have found older age high school students with experience of qualification 

assessments to have different conceptions of assessment (Hirschfeld & Brown, 2009). Future 

studies, provided they can obtain informed parental consent, should replicate this study with 

age-appropriate students to better match PISA cohorts.  

Secondly, the data reflect students’ self-reported test-taking behaviours, motivations, 

and beliefs in a hypothetical rather than real-life test situation. It is possible that participants 

would react differently in real-life testing situations (Paddam et al., 2010). Nonetheless, the 

experiment revealed logical responses from participants, which constitutes a ‘version of 

reality’ (Torres, 2009, p. 105) that is helpful to unravel participants’ interpretations of the 

different scenarios (Jenkins et al., 2010). Future studies should investigate how these results 

translate to real-life assessments.  

However, it is possible that students might over or under report their TTM for various 

reasons (i.e., self-protection mechanism, items too difficult, fatigue etc.) (Myers & Finney, 

2019, 2021; Penk & Richter, 2017). Given that students’ self-evaluations of TTM may 

depend on circumstances around a testing event, future research could measure students TTM 
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both prior to and after a computerised real-life test (with different consequences attached), 

where both behavioural TTM (in response time) and self-reported TTM could be analysed 

together while observing change in TTM and the impact of consequences on TTM. 

Nevertheless, considering that unrealistic test-taking instructions might contribute to biased 

results (Finney et al., 2018), creating a convincing real-life context of country at stake will 

not be feasible if close collaboration with PISA, TIMSS, or other ILSAs is not possible.  

The stability of the structural model across the three experimental conditions within 

jurisdictions indicates that the participants in each jurisdiction are drawn from a single 

population of test-taking students. The results reinforce the importance of reporting test-

taking motivation on any international comparative test because of the non-negligible effect 

of motivation on effort and consequently performance. This study expands our understanding 

of Chinese and New Zealand students’ test-taking behaviours in assessment situations such as 

PISA or TIMSS. Potentially due to high societal expectations on performance, Shanghai 

students are ready to expend good effort regardless of the task consequence. However, the 

same pattern was not observed in New Zealand. This suggests a possible causal factor for the 

high results seen in PISA 2012 for Shanghai and suggests caution when evaluating the rank-

order results reported by PISA. Even though the results of this comparative study cannot be 

linked directly to assessments such as PISA itself, it helps us to understand how students 

from different cultures and jurisdictions behave when test consequences are at different 

levels. 
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Chapter 6. Discussion and Conclusion  

International standardised large-scale assessments (ILSAs) have been serving as a 

means for country comparisons of educational system effectiveness and sometimes trigger 

national educational reforms (Breakspear, 2012; Kirwan, 2015; Lingard & Grek, 2006; 

Neumann, Fischer, & Kauertz, 2010). ILSAs are frequently referred to by politicians who 

advocate for policy changes (Alexander, 2012; Feniger & Lefstein, 2014; Hanberger, 2014; 

Lingard & Lewis, 2016). Teltemann and Klieme (2016) stated that national decision makers 

sometimes even “exploit” the results from PISA to fit their own agendas.  

To make sound decisions based on ILSAs results assumes that the comparisons are 

theoretically, methodologically legitimate. However, this is not often the case in cross-

cultural comparisons due to potential sample, construct, and item bias (van de Vijver, 2018). 

This doctoral thesis examined potential sample bias in PISA 2012 when comparing a large 

city in a developing nation (i.e., Shanghai, China) to a relatively prosperous country (i.e., 

New Zealand). Three research aims were proposed: 

• Aim 1: To what extent did Shanghai and New Zealand students differ in terms 

of demographic characteristics? 

• Aim 2: To what extent did Shanghai and New Zealand students differ in terms 

of test-taking motivation? 

• Aim 3: Does the performance gap reduce if the sample bias between Shanghai 

and New Zealand is controlled for?   

Specifically, this thesis investigated two aspects of sample bias between the two 

jurisdictions: students’ demographic background differences (in Study One) and their 

motivation to engage in an ILSAs test (in Study Two). Jointly, the two studies provide an 

answer to the third research aim. Multiple methods were employed in each of the two studies. 

This chapter first summarises the findings from each study, then discusses implications from 

this thesis for international large-scale student assessment, and lastly outlines theoretical and 
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methodological contributions, recommendations for ILSAs implementation in the future, and 

directions for future research.  

6.1 Summary of Main Findings 

In Study One, two propensity score matching protocols were used to examine the 

impact of background characteristics on score differences between the two samples. Forward 

matching based on demographic characteristics found that the original PISA samples of 

Shanghai and New Zealand were not comparable in the sense that the two jurisdictions have 

very different social compositions. Nonetheless, the forward matching procedure found that 

the performance gap between the two jurisdictions reduced by up to 57%. Specifically, 

students’ location (i.e., city vs. non-city) was a significant contributor to the gap reduction. 

This finding aligns with the theoretical premises of the skewing effect of comparing a 

globally developing city with a globally developed nation.  

However, the study raised doubts about the validity of matching because of a strong 

skew in the PISA home possessions factor as well as the index of economic, social and 

cultural status. To facilitate forward matching, this thesis has extended previous research and 

corroborated it by including Shanghai. The thesis reported problematic operationalisation of 

how to compare family wealth in two quite diverse economies. Multiple methods were 

utilised to examine measurement invariance and differential item functioning of PISA’s 

indicator family wealth between Shanghai and New Zealand. Unsurprisingly, only a small set 

of variables (eight out of 20) were identified as being robust and comparable between the two 

jurisdictions. The items that demonstrated a high level of non-invariance were a quiet place 

to study, a link to internet, cellular phones, a room, a computer, a dictionary, a DVD player, 

and books to help with schoolwork within the home possessions index. Factor scores were 

then calculated using the eight indicators as anchoring items in the item response theory 

calibration between the two samples. However, this most robust statistically equivalent result 
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left the Shanghai sample being equated to low to middle decile schools in rural towns in New 

Zealand, which is quite improbable given Shanghai’s status in China.  

In contrast, backward matching based on the performance scores closed the gap 

considerably (as intended) using a New Zealand sample from more urban, wealthy schools. 

Logically, this seems a defensible matching for this situation because Shanghai is a wealthy 

mega city in China. Hence, it is likely that the Shanghai results may be a function of an elite 

urban sample and that their performance may be more or less matched in other nations by 

students in urban wealthy school districts. Nonetheless, these results suggest it is 

fundamentally invalid to compare a city in a developing nation with the scores of a 

nationwide sample in any developed country and that the PISA ESCS index is not suited to 

comparisons across such different socio-economic jurisdictions. Fundamentally, the samples 

in this study cannot be legitimately matched.  

In Study Two, the test-taking psychology of students from New Zealand and 

Shanghai was examined to investigate the differences on examinee motivation. 

Questionnaires regarding students’ conceptions of tests (SCoA) and test-taking motivation 

(TTM) were administered to senior secondary school students. Three hypothetical vignette 

test-taking conditions (i.e., no stakes, country at stake, and personal stakes) were randomly 

assigned to students with equivalent sample sizes within each jurisdiction in a between-

subjects experimental design. A well-fitted partial mediation structural equation model 

showed effort expenditure was both directly dependent on students’ general conceptions of 

tests and was mediated by the perceived test Importance and Anxiety in both New Zealand 

and Shanghai samples.  

Although some factors of student conceptions of assessment played a different role in 

each jurisdiction, the major result was that the experimental manipulation showed important 

similarities and differences. In both jurisdictions, students indicated less effort with tests 
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having weaker personal consequences. However, the measurement invariance testing 

suggested that students perceived country at stake and personal stakes much closer among 

Shanghai students compared to New Zealand students. In other words, Study Two indicated 

higher levels of examinee motivation in Shanghai than in New Zealand for an ILSAs. 

Because higher motivation is associated with higher performance, Study Two suggested that 

the higher performance of the Shanghai sample in PISA 2012 might be a function of students 

exerting more effort in a test that evaluates their country.  

Together, the two studies indicated that the large performance gap between Shanghai 

and New Zealand is likely to be a function of sample demographic differences and 

jurisdictional motivational differences in the context of the PISA ILSAs.  

6.2 Implications  

This doctoral thesis established that non-negligible differences exist that might have 

biased the results between the two jurisdictions in favour of Shanghai. This section provides 

three implications for interpreting ILSAs results. 

6.2.1 Reporting PISA results for cities separately 

Comparing apples with apples is the fundamental requirement of comparisons. 

However, the large distance (standardized bias) on the pre-propensity score matching 

covariates suggest that the two samples studied in this thesis are not being compared on a 

like-to-like basis. This is not surprising given the massive differences between the two 

jurisdictions: a metropolis vs. a country, relatively monocultural vs. multicultural, economic 

development differences to name but a few. Leaving these factors unaddressed, the 

meaningfulness of PISA scores is threatened. Considering the substantial impact of PISA 

results on policy changes, this thesis echoes the recommendations from Asil and Brown 

(2016) that the results from PISA should be reported with much more caution.  
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In addition to only making comparisons when the jurisdictions use the same language, 

or have similar educational culture (e.g., East Asian cluster, Nordic cluster) as suggested in 

Asil and Brown (2016), this thesis adds a restriction to only compare cluster cities (e.g., Hong 

Kong, Macau, Shanghai etc.) and city states (e.g., Singapore) to each other separately from 

whole nation comparisons. Contrasting the results from Study One forward matching and 

sensitivity analysis 2 (i.e., matching without the school at city variable as a matching 

covariate) have clearly shown the impact of urban cities on students’ PISA performance. In 

other words, bringing societies of different geographical locations into the same ranking race 

leads to inappropriate interpretations and cause unnecessary policy interventions.  

In reflecting on the impact of PISA on stakeholders, it is therefore recommended to 

reduce the probability of misinterpretation by calibrating and reporting PISA performance 

from cities and city states with similar backgrounds separately from the main league table. It 

is worth noting that by recommending grouping cities/city states together for comparison we 

should not ignore other sources of sample bias that exist among cities. For example, it is 

highly likely that comparing Tokyo and Sydney, for example, will potentially cause similar 

problems because of the different societal and cultural backgrounds between the two cities. 

Hence, this thesis calls for comparisons involving cities/city states to also be made on a 

“places like me” basis (e.g., Shanghai, Hong Kong, Macau, Singapore in one cluster).  

6.2.2 The construction of proxies for socio-economic status in PISA 

One of the greatest challenges of Study One was the high degree of non-equivalence 

of the Home Possessions index between the Shanghai and New Zealand samples. However, 

the validity of socio-economic status index is important in educational research because 

information on students’ socio-economic background is often linked to their academic 

performance as a control variable in order to isolate the effect on achievement from other 

variables (Lee, 2019). PISA’s ESCS indicator is also a commonly used variable when using 
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PISA data (Arikan et al., 2016; Avvisati, 2020; Gill & Benton, 2013; Papanastasiou et al., 

2003; Willms, 2006). Thus, the comparability, or measurement invariance in statistical terms, 

of socio-economic status indices are essential for legitimate comparisons to be made on the 

effectiveness of educational systems of societies in play. As noted in Davidov et al. (2014, p. 

58), measurement invariance is “a property of a measurement instrument (in the case of 

survey research, a questionnaire), implying that the instrument measures the same concept in 

the same way across various subgroups”. In the context of PISA’s measurement of ESCS, the 

definition translates to is socio-economic status measured in one country, the same socio-

economic status in another?  

In the current thesis, the examination of the measurement invariance of PISA’s ESCS 

index was conducted sequentially, with the home possessions index (i.e., HOMEPOS) 

invariance tested first and based on the partially invariant home possessions index score, and 

the invariance of ESCS index inspected secondly. The results from both invariance testing 

suggest that the measurement models of home possessions and ESCS could not be assumed 

and had to be adjusted prior to further comparisons. 

6.2.2.1 Home possessions measurement non-invariance. Granted, the PISA data used in this 

thesis was from the 2012 cycle, where the scaling procedure assumes full comparability of 

the items across jurisdictions (OECD, 2014; Pokropek, 2017; Rutkowski & Rutkowski, 

2019). Since PISA 2015, more emphasis has been put on measurement invariance during the 

index calibration procedure, particularly on the prospects of identifying non-invariant items 

to form a partially invariant model (OECD, 2017). Nonetheless, in light of Rutkowski and 

Rutkowski’s (2013) call for careful examinations of the psychometric properties of the three 

PISA Home possessions scales (i.e., Wealth, Cultural Possessions, and Home Educational 
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Resources), this thesis identified substantial non-invariance between Shanghai and New 

Zealand.  

In finding that Shanghai’s mean Home Possessions score was equivalent to New 

Zealand villages and Decile 2 (deprived) communities, it is difficult to presume that Shanghai 

students’ socio-economic background is equivalent to such students in New Zealand, given 

the status of Shanghai being an urban and one of the wealthiest, metropoles in China. A small 

set of equivalent items was found after differential item function bias analysis. However, the 

confidence in the comparability of those items was small (see Table 9, Chapter 4, Section 

4.1.2.3), indicating a moderate agreement (Altman, 1999; Landis & Koch, 1977). A 

concurrent calibration with partial invariance assumptions as utilised in PISA 2015 was 

performed, the resulting Home Possessions index were still considerably lower in Shanghai 

than New Zealand (i.e., Shanghai had a mean score equivalent to New Zealand small town to 

town, or Decile 6 to 7 [middle wealth]). However, it is anticipated that these eight items are 

strong candidates for anchoring in future comparative studies that want to relate home 

possession indicators of socio-economic status to performance. 

Although previous research on the item-fit of Home Possessions (i.e., Lee, 2019; Lee 

& von Davier, 2020; Pokropek et al., 2017) did not investigate data from the Shanghai 

sample because Shanghai was not nationally representative, similarities are found in this 

study. It is possible that the lack of equivalence arises from Asian cultural norms as described 

for Central Asia, Southeast Asia, and East Asia by Lee (2019). To sum up, this thesis 

suggests that indicators of wealth in terms of home possessions do not map well between 

jurisdictions with quite different norms.  

6.2.2.2 ESCS measurement non-invariance. The multiple group confirmatory factor analysis 

with measurement invariance testing framework on the index of ESCS suggested that a 

partially invariant model of ESCS between Shanghai and New Zealand PISA samples could 
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be achieved after releasing the factor loadings of parental education (PARED) and highest 

parental occupation (HISEI). In contrast, both the factor loading and intercept of HOMEPOS 

could be constrained as equal between the two samples. This partial invariance indicates that 

the strength of the relationship between HOMEPOS and ESCS was similar between Shanghai 

and New Zealand but not for PARED and HISEI. Thus, non-comparability of the Highest 

Parental Education and Highest Parental Occupation indices between Shanghai and New 

Zealand exists. This seems to reflect quite different occupational and educational norms; 

being well-paid as a skilled labourer (e.g., plumber, electrician, etc.) without university 

education is common in New Zealand, but not so much in Shanghai.  

6.2.2.3 Recommendations. These non-invariant results of Home Possessions and ESCS 

invariance testing indicate that the indicators that form the indices have massively different 

implications across societies (e.g., the car example illustrated in Chapter 2, Section 2.1.2). 

Rosling et al. (2017) in their book factfulness identified four levels of income across the 

world (Figure 14): People in Level 1 live in extreme poverty and make less than $2 a day; 

around 50% of the world’s population are at Level 2, where they make $2 to $8 per day; 

Income Level 3 is composed of people whose daily income ranges from $8 to $32; whereas 

one billion people make more than $32 daily and are considered at Income Level 4. 

Importantly, they argued that sleeping conditions, food, cooking facilities, transportation, as 

well as drinking water can be treated as universal indicators of wealth. On this scale, New 

Zealand is at Level 4, China is better seen as Level 3, and Shanghai is perhaps a Level 4 

economy in a Level 3 country.  

In spite of the attempts in this thesis with multiple methods of analysis to equate the 

metric of family wealth between the two societies, the results were unsatisfactory. This 

finding is not surprising considering the different developmental stages between the two 

societies, especially since the PISA ESCS scale was suitable among the OECD countries but 
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not necessarily other non-OECD partner societies (Rutkowski & Rutkowski, 2013). 

However, if the OECD’s ambition is to extend the reach of PISA into increasing numbers of 

Level 3 and Level 2 economies, it is only logical to imagine how much less comparable these 

indicators of family wealth will be. Therefore, a more accurate way to measure socio-

economic status in cross-cultural comparisons is called for. For example, attempts could be 

made to create universal indicators of socio-economic status. One recommendation is that 

PISA could potentially incorporate Rosling’s scheme in developing universal proxies for 

socio-economic status. 
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Figure 14. Life on the four income levels.  

Note. Free material from www.gapminder.org
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Alternatively, it is possible to mitigate the cross-cultural non-comparability of the 

indicators of socio-economic status by considering a relative scale. Specifically, a person 

within a society could be given two scores to represent his/her socio-economic status: a 

country score and a normative position within the country score. The country score could be 

measured as GDP per capita adjusted by purchasing power parity and the position within the 

country score could be measured using country specific indicators of socio-economic status. 

This way, universal indicators of SES are replaced by using meaningful indicators of SES 

within a society. It would be possible to use jurisdictional Census data as a benchmark for 

developing such a scale. Aligning with previous research that recommended including more 

country-specific indicators of Home Possessions (Rutkowski & Rutkowski, 2018), using the 

relative score of SES can form comparable scores across societies without having to find 

robust anchor items (i.e., items that are deemed invariant).  

Another challenge that PISA faces is that, in order to maintain continuity in results 

over time, the family wealth scale has lost validity in that changes in modern technology 

mean that older technologies (e.g., DVD players replaced by internet streaming) no longer 

automatically indicate wealth. Therefore, the whole scale needs to be rethought with the 

challenge of increasing validity and cross-cultural comparability while maximising continuity 

to ensure longitudinal comparability.  

6.2.3 Interpreting ‘country at stake’ 

In Study Two Shanghai and New Zealand students had different interpretations of 

country at stake when reporting how much effort they would exert in a test that is not 

personally relevant but important to their country’s international ranking. Consistent with 

other research in liberal democracies (Feinberg & McDonough, 2003; Mirón & Dhillon, 

2004; Strike, 1991), it seems, unlike Shanghai, New Zealand 15-year-olds are not motivated 

to enhance or protect their country’s reputation.  
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Part of the difference might be attributed to the New Zealand school qualification 

system that allows students to earn qualification through school-based coursework (Gerritsen, 

2018) and because getting those qualifications allows New Zealand students to do just 

enough rather than their best (Meyer et al., 2009). This is obviously different to China’s 

formal, public-examination system (i.e., Zhongkao and Gaokao) having substantial weights 

on students’ future, such that students do not have the safety to choose not to do their best on 

every test.  

Another factor in the high effort in Shanghai when country at stake exists, could lie in 

the role moral and patriotism education plays in China from an early age. These courses are 

designed to instil a strong loyalty to the country such that it is possible students have 

internalised the idea that performing well for my country’s reputation is just as important as 

performing well for myself. On the other hand, the New Zealand curriculum does not 

emphasise, if at all, explicit attention to patriotic nationalism in its moral or citizenship 

education; indeed, because history and social studies curricula in New Zealand (Orange, 

1987) explicitly point out the poor treatment of indigenous populations in the 1800s and 

contemporary efforts being made to rectify those errors. Future research should consider the 

impact of patriotic ideology instruction upon ILSAs performance scores.  

6.3 Future Studies 

This thesis investigated the sample bias between the Shanghai and New Zealand PISA 

2012 samples in terms of demographic compositions and test-taking motivation. The results 

suggest that the two samples cannot be legitimately compared without controlling for 

background differences and the performance gap between the two jurisdictions is likely to be 

smaller than suggested by PISA. Future research could expand the comparison samples to 

other jurisdictions that are culturally more similar to Shanghai (e.g., Singapore, Hong Kong, 

Macau, etc.) and to jurisdictions similar to New Zealand (e.g., Australia, Canada, UK, etc.). 
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This would allow determination of the prevalence of sample bias among more homogeneous 

societies. It is expected that the systematic differences reported here will replicate across 

more sample jurisdictions, such that Shanghai will be more like Hong Kong, while New 

Zealand will be more like Australia.  

Secondly, in order to link the Shanghai and New Zealand samples, the comparability 

of PISA’s socio-economic status index was scrutinised using multiple methods of invariance 

testing and DIF detection. However, the methods used had only moderate agreement with 

previous research on the item-level comparability of the Home Possessions index (Pokropek 

et al., 2017; Lee & von Davier, 2020). Future methodological research should investigate the 

different behaviours of item-fit methods. Further, RMSD is still an experimental indicator of 

the existence of DIF as described in the PISA technical report (OECD, 2017). Recently, more 

researchers have been interested in investigating the behaviour of RMSD in DIF detection in 

the context of ILSAs (e.g., Buchholz & Hartig, 2019; Joo et al., 2020; Tijmstra et al., 2020). 

However, most of these focus on DIF detection in cognitive assessments. Future 

methodological research should also examine the robustness of the indicator and recommend 

thresholds for determining the prevalence of DIF for non-cognitive background 

questionnaires. Moreover, this thesis identified only eight robust indicators for anchoring the 

metric of Home Possessions between Shanghai and New Zealand. As the two jurisdictions 

are in different economic developmental phases (i.e., developed city within a developing 

country vs. a developed nation), it is expected that a large proportion of items are not 

comparable. Consequently, future research needs to examine how these anchor items behave 

in other PISA samples and develop a more refined set of SES indicators that overcomes the 

massive differences in development across nations and the massive changes in indicators of 

wealth over time. As to the former point, ownership of a car in a developing nation may 

indeed be a luxury good, but in many developed nations teenagers become car owners, albeit 
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of old and inexpensive ones. In this case, cars do not have the same meaning across contexts. 

Further, on the latter point, consider that having a DVD player was considered cutting edge in 

the 1990s but is now passé in light of reliance of broadband streaming of entertainment 

services.  

Moreover, the cross-sectional between-subjects experimental study on students’ 

beliefs on tests and their test-taking motivation and found that Shanghai students had higher 

motivation to perform well in ILSAs than their New Zealand counterparts. Future studies 

could expand the scope of the study to other East Asian societies (e.g., Korea, Japan, 

Singapore, Hong Kong etc.) where similar societal values on effort and the extensive usage of 

summative assessments are prevalent. It is expected that students from these jurisdictions 

would have high motivations for ILSAs as well. Establishing conditions under which students 

might try on ILSAs outside of East Asia is also worth investigating. Wise (2019) has 

suggested a number of techniques for reducing low effort and engagement that could be 

deployed in the context of ILSAs. 

Lastly, the questionnaire was a snapshot of the status quo of Shanghai and New 

Zealand students’ beliefs and motivations about tests. It is impossible to link to their PISA 

results back to 2012. Therefore, causality could not be assumed from the results. 

Nevertheless, the results are indicative of a discrepancy in test-taking motivation between the 

two jurisdictions that are likely to contribute to New Zealand students’ lower performance in 

ILSAs. Further, the current result may shed light on why New Zealand students’ performance 

in PISA has declined over the last 20 years. Thus, future research could track New Zealand 

students’ test-taking motivation before and as they age towards being a PISA cohort at age 

15. Additionally, as indicated in Section 5.5, future research should seek to link TTM to 

actual test-taking behaviours (e.g., response time effort). 
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6.4 Contribution 

This thesis corroborates previous research and advances new knowledge in the field 

of comparative education, especially in terms of cross-cultural, large-scale assessments. The 

substantive and original contribution of this thesis can be seen in the following five aspects: 

First, this thesis adds to our understanding of the PISA international large-scale 

assessment. Considering the OECD’s agenda to expand PISA and attract more jurisdictions 

to participate in different forms (e.g., whole country, a few jurisdictions) (Sellar et al., 2017), 

it is crucial to understand the extent to which samples are comparable. Many studies have 

indicated problems in Shanghai’s sample, or in general, the participation of a city in PISA, 

which mainly focuses on cross-country comparisons (Braun & Singer, 2019; Gorur & Wu, 

2015; Jerrim & Wyness, 2016; Loveless, 2014; Sellar et al., 2017; Singer et al., 2018; Singer 

& Braun, 2018; Sjöberg, 2019; Sjøberg & Jenkins, 2020). However, most studies have 

discussed in theory the non-comparability among jurisdictions of different units (i.e., city vs. 

country) or were descriptive in nature. This thesis demonstrated the distorting impact of 

showcasing the performance of Shanghai in an international league table by contrasting 

Shanghai and New Zealand samples. Controlling for sample discrepancies, this thesis shows 

that the performance gap between Shanghai and New Zealand is probably a lot smaller than it 

appears in PISA’s reports. A legitimate expectation from this result is that school pupils 

living in prosperous neighborhoods of any of the world’s major cities (e.g., New York, 

London, Sydney, Paris, Berlin, etc.) will probably perform reasonably close to Shanghai. This 

thesis empirically demonstrates that when socio-demographic variables are controlled for 

there are youngsters in almost any nation who can do as well as Shanghai.  

Second, this thesis poses serious questions about the lack of comparability of PISA’s 

index of Home Possessions and Economic, Social and Cultural Status between jurisdictions 

that are geographically, culturally, and economically different. Previous research has 
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examined the measurement invariance of the Home Possessions index among more-or-less all 

of the participating jurisdictions (Lee & von Davier; 2020; Rutkowski & Rutkowski, 2013; 

Pokropek et al., 2017) and among Nordic countries (i.e., Denmark, Finland, Iceland, Norway, 

and Sweden [Rutkowski & Rutkowski, 2018]). However, Shanghai, not previously studied, is 

a distinct context because it is a major wealthy metropolis within a country that has unequal 

development. This thesis detected the vast majority of items that were not equivalent between 

Shanghai and New Zealand, providing empirical evidence for doubting the legitimacy of how 

the OECD operationalises socio-economic status across jurisdictions. This thesis has 

suggested one approach for establishing more accurate and comparable indicators of socio-

economic status across jurisdictions at heterogenous levels of economic development. 

Nonetheless, the thesis establishes firmly that simple acceptance of the ESCS index is 

untenable.  

Third, this thesis expanded our understanding of students’ test-taking motivation by 

meaningfully linking students’ motivation scale to a self-regulatory framework of 

conceptions of tests. Previous studies with the Students’ Conceptions of Assessment inventory 

have suggested it taps into self-regulatory processes around assessment (Brown, 2011; Wise 

& Cotten, 2009). This thesis extends that validation evidence by showing the connection 

between beliefs about assessments of student test-taking motivation in different jurisdictions 

rather than conditions. The test-taking motivation of test importance was influenced 

differently between New Zealand and Shanghai; in the former beliefs about assessment for 

improvement loaded positively, while in Shanghai it was decreased by external attributes. 

These differences can only speculatively be explained by reference to assessment norms in 

the two jurisdictions. Perhaps New Zealand’s emphasis on assessment for learning practice 

contrasts with Shanghai and China’s highly selective external obligations societal norm. 
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Nonetheless, this thesis contributes to our understanding of self-regulation of assessment as 

an ecologically rational process. 

Importantly, this thesis is the first to systematically manipulate country at stake as a 

consequence and include Shanghai – the highest performing society in PISA. It provides 

evidence that Shanghai students do not meaningfully differentiate their test-taking effort in 

response to the consequences attached to the tests. In contrast, New Zealand students seem to 

be more strategic in their effort expenditure, with higher effort expenditure from higher 

consequences. The thesis demonstrates, in accordance with many previous descriptions of 

Chinese student attitudes toward test-taking, that when the country’s reputation is at stake, 

Shanghai students, and perhaps Chinese students in general, treat it very differently to New 

Zealand students. This gives an important contribution to the research on student test-taking 

motivation and effort.  

This doctoral thesis provides more evidence that international large-scale assessment 

comparisons across jurisdictions are complex and can be technically invalid. Placing students 

from all over the world in the same achievement race seems intuitive but is misleading as 

demonstrated in the thesis. The original and substantive contribution of this thesis is the 

detailed empirical demonstration that sample and measurement bias has major implications 

for any comparisons of PISA scores across jurisdictions.  
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Appendix A National Items in PISA’s home possessions index, Shanghai and New 

Zealand 

 New Zealand Shanghai 

ST26Q15 Pay television (e.g., Sky, Saturn) Vacuum collector 

ST26Q16 Do you and your family have a holiday away from 

home for at least one week each year?  

Digital camera or 

digital video recorder 

ST26Q17 Do your parents own a holiday home? Juice extractor  
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Appendix B New Zealand school decile information data request confidentiality form  

 

 



Appendix C - I 190 

Appendix C Study Two Questionnaires (New Zealand and Shanghai) 

Appendix C-1 Study Two Questionnaires in New Zealand 

 



Appendix C - I 191 

 



Appendix C - I 192 

 



Appendix C - I 193 

 



Appendix C - I 194 

 



Appendix C - I 195 

 



Appendix C - I 196 

 



Appendix C - I 197 

 



Appendix C - I 198 

 



Appendix C - I 199 



Appendix C - II 200 

Appendix C-2 Study Two Questionnaire in Shanghai 

您的年龄是： [单选题] * 

请填写您的周岁年龄 

○15 岁及以下 (请跳至问卷末尾，提交答卷) 

○16 

○17 

○18 

○19 岁及以上 

 

您在哪个城市读书： [单选题] * 

○北京 (请跳至第问卷末尾，提交答卷) 

○上海 

○广州 (请跳至第问卷末尾，提交答卷) 

○深圳 (请跳至第问卷末尾，提交答卷) 

○其它 (请跳至第问卷末尾，提交答卷) 

 

 

在整个调查过程中，请选择最能代表您个人观点的答案。该调查问卷不超过 20 分钟即可完成。您对所

有问题的回答将被保密。这项调查是匿名的。我们不会收集您的 IP 地址或其它识别信息。由于问卷是

匿名的，一旦问卷被提交， 您的回答就不能撤回。因此，提交问卷将被视为同意参与问卷调查。 

 

本问卷有三个部分： 

第一部分是您的个人信息， 

第二部分是您对考试的观点看法， 

第三部分是您在参与考试时的积极性。 

 

*参与人信息 

 

您的年级是： [单选题] * 

○初三 

○初四 

○高一 

○高二 
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○高三 

○大学及以上 (请跳至第问卷末尾，提交答卷) 

○其它 _________________ 

 

您的性别： [单选题] * 

○男 

○女 

○多样性别 

 

您目前在哪一所学校就读？ [填空题] * 

本问卷完全匿名，不会联系到个人。 

_________________________________ 

 

 

*对待考试的观念 

 

我很关注我的考试成绩，这样我就可以知道我下次怎么样才能做得更好。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试能够促使班级里的同学们互帮互助，一起合作。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 
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○非常同意 

 

考试对于学生来讲不公平。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试成绩能够告诉我我有多聪明。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试能让我的老师们跟踪我在学业上的进度。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试是能够让我十分投入并且享受其中的经历。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 
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○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

我忽略与考试相关的各种信息。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试是衡量我在教学中学到多少知识的一种方式。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试能够让我按照课程标准来检验自己的进步。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 
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○非常同意 

 

我利用我在考试中得到的反馈来提升自己的学习。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试能让我们知道学校教得怎么样。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试能够激励我以及班里的其他同学互相帮助。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试干扰我的学习。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 
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○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

我很关注我考得不好或者是做错的题目，因为这些题目让我知道我接下来应该学些什么。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试让我能为今后的学习负责。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试成绩能够预示我未来的发展。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 
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○非常同意 

 

在我们处于考试阶段的时候，我们班的同学会更加彼此支持。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

老师给我们的考试太多了。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试告诉我下一步应该学什么。[单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试对我未来的职业和工作很重要。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 
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○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

当我们考试的时候，班里的气氛很好。[单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试成绩并不十分准确。[单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

我的老师们用考试来帮助我们进步。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 
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○非常同意 

 

考试能够衡量学校的质量或价值。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试让我们班级的同学彼此更加合作。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试没什么用处。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

我的老师们用考试成绩来判断接下来应该教些什么。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 
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○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

当知道我们就要考试了的时候，班里同学的学习积极性会更高。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

我忽略或者扔掉我的考试成绩单。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试能够显示我分析问题和批判性思维的能力。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 
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○大部分同意 

○非常同意 

 

我发现，当我在要考试的时候，我会十分享受学习的过程。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试对我的学习没什么影响和作用。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 

 

考试能够让我的家长知道我学得怎么样。 [单选题] * 

由不同意到同意共六个程度，其中两个选项倾向于不同意，四个选项倾向于同意。 

○非常不同意 

○大部分不同意 

○稍微同意 

○比较同意 

○大部分同意 

○非常同意 
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*参加考试的积极性 

 

标题 [单选题] * 

○情景 1 

假设你刚刚参加了一场考试。你不会被告知考试成绩，该成绩也不计入期末考试，对期末考试成绩没

有影响。这次考试的目的仅仅用于研究。 

 

○情景 2 

假设你刚刚参加了一场考试，考试成绩将计入期末考试，对期末考试总分数有影响。 

 

○情景 3 

假设你刚刚参加了一场匿名考试，你不会被告知考试成绩，该成绩也不计入期末考试，对期末考试成

绩没有影响。该考试仅用于比较中国、外国学生的学业水平。 

 

 

请选择最符合您观点的选项[矩阵单选题] * 

 非常不同意 比较不同意 稍微不同意 稍微同意 比较同意 非常同意 

我在考试中

注意力十分

集中。 

○ ○ ○ ○ ○ ○ 

我在这次考

试中付出了

最大的努

力。 

○ ○ ○ ○ ○ ○ 

我在这次考

试中付出的

努力程度比

学校里其它

考试多。 

○ ○ ○ ○ ○ ○ 

考试中就算

有些题目很

难，我也没

有放弃。 

○ ○ ○ ○ ○ ○ 
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我想知道在

考试中我做

错了哪些

题。 

○ ○ ○ ○ ○ ○ 

考试前，我

担心试题会

不会很难。 

○ ○ ○ ○ ○ ○ 

我在考试的

时候感到很

有动力去尽

最大努力。 

○ ○ ○ ○ ○ ○ 

我很想知道

我这次考试

考得怎么

样。 

○ ○ ○ ○ ○ ○ 

在这次考试

中表现良好

对我来说十

分重要。 

○ ○ ○ ○ ○ ○ 

我考试的时

候心情很放

松。 

○ ○ ○ ○ ○ ○ 

我对自己在

这次考试中

取得的成绩

十分好奇。 

○ ○ ○ ○ ○ ○ 

我很怕考不

及格。 
○ ○ ○ ○ ○ ○ 

在这次考试

中取得好的

成绩对我来

○ ○ ○ ○ ○ ○ 
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说十分重

要。 

 

 

您希望参与抽奖吗？如果您点击“是”，您将会被跳转到抽奖页面。您可以在抽奖页面中留下您的联系

方式以便抽奖。我们无法通过您在抽奖页面中所填写的联系方式链接到您在主问卷中所给的答案。 [单

选题] 

○是 

○否 
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Appendix D Ethics Approval for Study Two 

 

 

 

Office of the Vice-Chancellor

Office of Research Strategy and Integrity (ORSI)

The University of Auckland

Private Bag 92019

Auckland, New Zealand

Level 11, 49 Symonds Street

Telephone: 64 9 373 7599

Extension: 83711

humanethics@auckland.ac.nz

UNIVERSITY OF AUCKLAND HUMAN PARTICIPANTS ETHICS COMMITTEE (UAHPEC)

01-Apr-2019

MEMORANDUM TO:

Dr Gavin Brown

Learning,Development&ProfPrac

Re: Application for Ethics Approval (Our Ref. 022736): Approved with comment

The Committee considered your application for ethics approval for your study entitled: Students' Conceptions

of Assessment and Their Test-Taking Motivation: How 16-Year-Old Students Conceive Assessment in

New Zealand and Shanghai.

We are pleased to inform you that ethics approval has been granted for a period of three years with the

following comment(s) or required minor change(s):

1. The committee would like to thank the applicants for a well written application.

2. Appendix 1 – Poster NZ

Please change “…..to win one of the two $100 NZD prezzy card as a Koha.” to “….to win one of four $100

Prezzy cards.” Note that in the PIS it indicates four Prezzy cards will be offered, not 2.

3. Appendix 2 – Anonymity and Confidentiality

Please change the text to read "After you’ve submitted your anonymous questionnaire, you will be redirected to

another page where you will be given the option of entering into a draw for one of four $100 Prezzy cards. If

you would like to enter the draw, you will be asked to leave your contact information."

4. The Advertisement, PIS and survey will all be translated into Mandarin for the Shanghai participants. Will the

Shanghai participants also be offered a Mandarin translation of the summary of the findings? If so, please make

this clear in the PIS and CF.

The expiry date for this approval is 01-Apr-2022.

Completion of the project: In order that up-to-date records are maintained, you must notify the Committee

once your project is completed.
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Amendments to the project: Should you need to make any changes to the project, please complete an

Amendment Request form giving full details along with revised documentation. If the project changes

significantly, you are required to submit a new application to UAHPEC for approval.

Funded projects: If you received funding for this project, please provide the approval letter to your local

Faculty Research Project Coordinator (RPC) or Research Project Manager (RPM) so that the approval can be

notified via a Service Request to the Research Operations Centre (ROC) for activation of the grant.

The Chair and the members of UAHPEC would be happy to discuss general matters relating to ethics approvals if

you wish to do so. please contact the UAHPEC Ethics Administrators at humanethics@auckland.ac.nz in the first

instance.

Additional information:

1. Do not forget to complete the 'approval wording' on the PISs, CFs and/or advertisements and emails, giving

the dates of approval and the reference number. This needs to be completed before you use the documents or

send them out to your participants.

Please quote Protocol number 022736 on all communication with the UAHPEC regarding this application.

(This is a computer generated letter. No signature required.)

UAHPEC Administrators

University of Auckland Human Participants Ethics Committee

c.c. Head of Department / School, Learning,Development&ProfPrac

      Dr Gavin Brown
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Appendix E Participant Information Sheet for Study Two (English and Chinese) 

PARTICIPANT INFORMATION SHEET (New Zealand) 

Title: Students’ Conceptions of Assessment and Their Test-Taking Motivation: How 16-

Year-Old Students Perceive Assessment in New Zealand 

Researcher: Anran Zhao 

Supervisors: Prof. Gavin Brown, Dr. Kane Meissel 

Research project and Invitation 

This project investigates students’ conception of assessment and their test-taking motivation 

when different consequences are attached to the test. The goal is to compare 3 different levels 

of consequence in both New Zealand and Shanghai. You are invited to participate in this 

study because you are a at least 16-year-old student studying in New Zealand secondary 

schools in either Year 11 or 12.  

Project Procedures once your consent is provided 

You will answer a series of questions concerning testing based on your own opinions and 

ideas. For example, to what extent do you agree with the statement “Assessment encourages 

my class to work together and help each other” or “Assessment results show how intelligent I 

am”. Your participation in the online questionnaire should take approximately 20 minutes. 

Completing the questionnaire indicates you give permission to use your answers in this study. 

Right to Withdraw from Participation 

Your participation in the study is completely voluntary and anonymous. At any time during 

the questionnaire, you may exit without giving a reason; however, your answers cannot be 

withdrawn once you finish the questionnaire because we cannot tell which ones were yours. 

Anonymity and Confidentiality 

After you’ve submitted your questionnaire, you will be redirected to another page where you 

will be given the option of entering into a draw for one of four $100 Prezzy cards. If you 

would like to enter the draw, you will be asked to leave your contact information.  

Data Storage/Retention/Destruction/Future use 

Data gathered in the study will be used in the researcher’s doctoral thesis, reports, journal 

articles, seminars, and conference presentations. All data gathered will be securely stored at 

the University of Auckland for six years. After six years, a suitably anonymized version of 

the data will be uploaded to an institutional repository (e.g. Figshare.com) for permanent 

open access to researchers or investigators. Any remaining copies of data will be either 
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deleted or shredded. You will be offered a summary of the findings if you would like to. If 

so, please leave your email address at the end of the questionnaire.  

Koha 

Once you have completed the questionnaire, you may enter into a lottery for one of the four 

Prezzy cards each is worth $100 NZD. 

Contact Details 

If you have any queries, please contact me, my supervisors or the Head of School and all 

contact details are listed below:  

Researcher: Anran Zhao 

Email: 

anran.zhao@auckland.ac.

nz 

Supervisor: Prof. Gavin 

Brown Email: 

gt.brown@auckland.ac.

nz Phone: +64 9 373 

7999 ext 48602 

Supervisor: Dr. Kane 

Meissel Email: 

k.meissel@auckland.ac.

nz Phone: +64 9 373 

7999 ext 48722 

Head of School: Assoc. 

Prof. Richard Hamilton 

Email: 

rj.hamilton@auckland.ac.

nz Phone: +64 9 923 5619 

Anran’s Local Contact Address: Room 403, Block H, the University of Auckland, Epsom campus, 74 Epsom 

Avenue, Epsom, 1023, Auckland New Zealand 

Thank you very much for your consideration and time. 

Anran Zhao 

 

APPROVED BY THE UNIVERSITY OF AUCKLAND HUMAN PARTICIPANTS 

ETHICS COMMITTEE ON 1st Apr 2019 FOR (3) YEARS 

REFERENCE NUMBER 022736 

  

mailto:anran.zhao@auckland.ac.nz
mailto:anran.zhao@auckland.ac.nz
mailto:gt.brown@auckland.ac.nz
mailto:gt.brown@auckland.ac.nz
mailto:k.meissel@auckland.ac.nz
mailto:k.meissel@auckland.ac.nz
mailto:rj.hamilton@auckland.ac.nz
mailto:rj.hamilton@auckland.ac.nz
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研究对象告知书 

研究问题 

学生对考试的观念及其考试积极性的调查研究：上海 16 岁以上高中生如何看待考试 

研究人：赵桉冉 

导师：Prof. Gavin Brown, Dr. Kane Meissel 

研究目的 

本研究包含两个部分：第一部分旨在探究学生对考试的看法；第二部分研究在考试本身对学生个

人的影响程度不同时，学生对待考试的积极性程度。您被邀请参加本调查问卷时因为您是在上海

学习的高中生，并且您已超过 16周岁。 

研究步骤 

如果您同意参加本次研究，我们将通过调查问卷的形式收集您对一些问题的个人意见及看法。例

如，您同意以下观点的程度是多少：“考试能够促使班级里的同学们互相帮助，一起合作”，或“考

试成绩能够告诉我我有多聪明”。 完成本问卷大约需要 20分钟。完成本问卷并提交意味着您同意

我们在研究中使用您在本问卷提供的答案。 

放弃参与问卷 

您在本研究的参与完全自愿且完全匿名。您在完成问卷的过程中可以无理由随时退出。一旦您完

成并提交问卷，您的答案将无法被收回，因为我们无法对应找到您的答案。 

匿名及保密性 

提交后，如果您点击“同意”，问卷将会跳转到抽奖页面。基于抽奖的需求，您需要留下您的电话号

码或邮箱地址。您的私人信息不会关联到您的问卷答案中。抽奖一旦结束，您的个人信息将会被

删除。 

数据保存及使用 

本研究所得的数据将会用于研究者的博士论文，报告，论文发表，以及学术会议展示中。所有数

据都会在奥克兰大学的数据库中保存六年。六年后，匿名版本的数据将会被上传到学术数据库

（Figshare.com）中供研究人员使用。 

奖励 
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完成并提交问卷后，您将有机会获得一个 400 元超市购物卡（共 4 个）。 

联系方式 

如果您有任何问题，请联系我，我的导师，或院长。联系方式如下： 

研究人：赵桉冉 

邮箱：anran.zhao@auckland.ac.nz 

导师：Prof. Gavin Brown 

邮箱：gt.brown@auckland.ac.nz 

副导：Dr. Kane Meissel 

邮箱：k.meissel@auckland.ac.nz 

院长：Assoc. Prof. Richard Hamilton 

邮箱：rj.hamilton@auckland.ac.nz 

 

本研究已获得奥克兰大学学术道德委员会批准。批准日期：2019 年 4 月 1 日。 编号：022736 

 

 

 

mailto:anran.zhao@auckland.ac.nz
mailto:gt.brown@auckland.ac.nz
mailto:k.meissel@auckland.ac.nz
mailto:rj.hamilton@auckland.ac.nz
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Appendix F Likelihood Ratio Test Result for DIF Detection  

Table F-I Likelihood ratio differential functioning detection based on DIF Model A (anchored by Level 1 invariance items) 

Item Group a (SE) b (SE) b1 (SE) b2 (SE) b3 (SE) b4 (SE) b5 (SE) DIF 

(2, df), p 

Item 1 SH 1.430 (.135) -3.504 (.222) - - - - - 600.18 (2) 

<.001 NZ 1.365 (.077) -1.636 (.069) - - - - - 

Item 2 SH 1.376 (.095) -1.933 (.091) - - - - - 50.39 (2) 

<.001 NZ .802 (.073) -3.285 (.257) - - - - - 

Item 3 SH 1.191 (.065) -2.304 (.097) - 

 

- 

 

- - - NS, anchor 

item  NZ 

Item 4 SH 3.380 (.327) -2.299 (.097) - - - - - 12.61 (2) 

.002  NZ 2.232 (.244) -2.844 (.156) - - - - - 

Item 5 SH .841 (.059) .208 (.079) - - - - - 113.82 (2) 

<.001  NZ 1.229 (.060) -.535 (.038) - - - - - 

Item 6 SH 1.578 (.079) -1.953 (.065) - - - - - NS, anchor 

item  NZ 1.578 (.079) -1.953 (.065) 

Item 7 SH 1.283 (.089) -1.634 (.078) - - - - - 1420.98 (2) 

<.001  NZ 1.890 (.094) .775 (.034) - - - - - 

Item 8 SH .983 (.070) -1.617 (.086) - - - - - 1038.56 (2) 

<.001  NZ 1.481 (.071) .477 (.034) - - - - - 

Item 9 SH 1.085 (.073) -.425 (.057) - - - - - 84.53 (2)  

<.001  NZ 1.194 (.062) -.988 (.060) - - - - - 

Item 10 SH 1.216 (.094) -2.690 (.146) - - - - - 262.86 (2) 

<.001  NZ 1.590 (.085) -1.357 (.053) - - - - - 
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Item Group a (SE) b (SE) b1 (SE) b2 (SE) b3 (SE) b4 (SE) b5 (SE) DIF 

(2, df), p 

Item 11 SH .812 (.058) -.921 (.065) - - - - - 288.83 (2) 

<.001  NZ 1.523 (.071) .034 (.030) - - - - - 

Item 12 SH .880 (.143) -5.739 (.764) - - - - - 201.79 (2) 

<.001  NZ 1.837 (.133) -2.263 (.097) - - - - - 

Item 13 SH .782 (.067) 2.603 (.242) - - - - - 1501.33 (2) 

<.001  NZ .845 (.053) -1.468 (.087) - - - - - 

Item 14 SH .621 (.056) -3.542 (.270) - - - - - 256.34 (2) 

<.001  NZ 1.007 (.121) -4.065 (.398) - - - - - 

Item 18 SH .546 (.035) - -3.728 (.326) -3.647 (.220) -4.531 (.265) - - NS, anchor 

item  NZ 

Item 19 SH .802 (.052) - -5.845 (.381) -1.451 (.076) .778 (.105) - - 1060.34 (4) 

<.001  NZ -.097 (.025) - 24.453 (6.263) 9.516 (2.415) 5.348 (1.401) - - 

Item 20 SH 1.069 (.067) - -2.585 (.120) .303 (.082) 1.015 (.114) - - 473.29 (4) 

<.001  NZ .638 (.032) - -3.937 (.205) -.873 (.075) -.253 (.068) - - 

Item 21 SH .734 (.050) - .339 (.089) .581 (.212) 2.899 (.256) - - 2072.40 (4) 

<.001  NZ .260 (.025) - -8.894 (.890) -2.914 (.302) .769 (.153) - - 

Item 22 SH .855 (.057) - -2.920 (.151) 1.144 (.125) 2.581 (.208) - - 483.00 (4) 

<.001  NZ .584 (.032) - -5.585 (.319) -.219 (.065) 1.897 (.108) - - 

Item 23 SH .546 (.036) - -1.896 (.121) -1.394 (.096) 1.550 (.161) 1.694 (.179) 2.863 (.266) 131.73 (6) 

<.001  NZ .590 (.026) - -1.145 (.114) -1.721 (.106) .700 (.087) .641 (.092) 1.988 (.122) 

Note., p values presented are Bonferroni adjusted  
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Table F-II Likelihood ratio differential functioning detection based on DIF Model B (anchored by Level 2 invariance items) 

Item Group a (SE) b (SE) b1 (SE) b2 (SE) b3 (SE) b4 (SE) b5 (SE) DIF 

(2, df), p 

Item 1 SH 1.452 (.125) -3.369 (.190)      617.76 (2) 

<.001 NZ 1.361 (.077) -1.641 (.070)      

Item 2 SH 1.200 (.055) 

  

-2.154 (.073)      NS, anchor 

item NZ 

Item 3 SH 1.243 (.058) -2.188 (.078)      NS, anchor 

item NZ     

Item 4 SH 3.087 (.210) -2.323 (.064)      NS, anchor 

item  NZ     

Item 5 SH .858 (.050) .289 (.063)      202.74 (2) 

<.001  NZ 1.218 (.060) -.539 (.038)      

Item 6 SH 1.590 (.071) -1.888 (.056)      NS, anchor 

item  NZ      

Item 7 SH 1.317 (.076) -1.514 (.064)      1967.35 (2) 

<.001  NZ 1.853 (.092) .783 (.035)      

Item 8 SH 1.009 (.060) -1.498 (.072)      1249.13 (2) 

<.001  NZ 1.437 (.068) .485 (.034)      

Item 9 SH 1.104 (.061) -.333 (.047)      153.59 (2) 

<.001  NZ 1.192 (.062) -.992 (.050)      

Item 10 SH 1.225 (.059) -2.068 (.077)      NS, anchor 

item  NZ      

Item 11 SH .830 (.050) -.819 (.057)      273.79 (2) 

<.001  NZ 1.479 (.069) .033 (.030)      
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Item Group a (SE) b (SE) b1 (SE) b2 (SE) b3 (SE) b4 (SE) b5 (SE) DIF 

(2, df), p 

Item 12 SH 1.201 (.087) -3.543 (.191)      NS, anchor 

item  NZ      

Item 13 SH .790 (.060) 2.661 (.201)      2365.34 (2) 

<.001  NZ .871 (.054) -1.435 (.083)      

Item 14 SH .708 (.050) -3.762 (.224)      NS, anchor 

item  NZ      

Item 18 SH .560 (.033)  -3.603 (.308) -3.526 (.201) -4.378 (3241)   NS, anchor 

item  NZ    

Item 19 SH .806 (.043)  -5.713 (.327) -1.352 (.066) .856 (.082)   1143.57 (4) 

<.001  NZ -.095 (.025)  25.039 (6.566) 9.743 (2.532) 5.478 (1.468)   

Item 20 SH 1.086 (.056)  -2.464 (.095) .384 (.065) 1.806 (.086)   710.79 (4) 

<.001  NZ .657 (.033)  -3.857 (.198) -.866 (.073) -.238 (.066)   

Item 21 SH .737 (.042)  .425 (.074) 2.648 (.167) 2.954 (.212)   3561.97 (4) 

<.001  NZ .269 (.025)  -8.630 (.844) -2.830 (.286) .750 (.147)   

Item 22 SH .858 (.047)  -2.815 (.123) 1.223 (.097) 2.643 (.161)   685.59 (4) 

<.001  NZ .601 (.033)  -5.460 (.307) -.221 (.063) 1.864 (.104)   

Item 23 SH .560 (.030)  -1.779 (.107) -1.279 (.087) 1.600 (.129) 1.747 (.146) 2.893 (.220) 205.05 (6) 

<.001  NZ .586 (.026)  -1.144 (.115) -1.732 (.106) .702 (.087) .642 (.093) 1.996 (.123) 

Note., p values presented are Bonferroni adjusted  
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Appendix G RMSD for the eight anchor items IRT model  

Item New Zealand Shanghai 

Item 3: a quiet place to study 0.022 0.019 

Item 6: a link to the internet  0.02 0.019 

Item 18: cellular phones 0.006 0.009 

Item 2: a room of your own 0.013 0.009 

Item 4: a computer you can use for school work 0.001 0.001 

Item 10: books to help with school work 0.036 0.033 

Item 12: a dictionary 0.015 0.012 

Item 14: a DVD player 0.031 0.029 

 

 



Appendix H 225 

Appendix H Backward Matching Bootstrapping R code  
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Appendix I Sensitivity Analysis for Forward Matching 

Appendix I – I Standardised biases with Shanghai as focal group after nearest neighbour matching by sensitivity analysis models  

 Sensitivity 1 Sensitivity 2.1 Sensitivity 2.2 Sensitivity 2.3 Sensitivity 3.1 Sensitivity 3.2 Sensitivity 3.3 

 Pre-match NNM 
Pre-

match 
NNM 

Pre-

match 
NNM 

Pre-

match 
NNM 

Pre-

match 
NNM 

Pre-

match 
NNM 

Pre-

match 
NNM 

Female 0.053 -0.332 0.053 0.024 0.053 0.025 0.053 0.022 0.053 0.046 0.053 -0.031 0.053 -0.007 

First-gen 0.039 0.720 0.039 0.063 0.039 0.082 0.039 0.096 0.039 0.052 0.039 0.145 0.039 0.194 

Second-gen -0.007 0.234 -0.007 0.057 -0.007 0.091 -0.007 0.114 -0.007 0.112 -0.007 0.022 -0.007 -0.025 

2.5 - gen -0.034 -0.338 -0.034 -0.042 -0.034 -0.075 -0.034 -0.063 -0.034 -0.058 -0.034 -0.195 -0.034 -0.185 

Language at 

home 
0.556 0.053 0.556 0.022 0.556 0.030 0.556 0.029 0.556 0.121 0.556 0.058 0.556 0.030 

Public school 0.241 0.027 0.241 -0.065 0.241 -0.063 0.241 -0.075 0.241 0.031 0.241 0.047 0.241 0.060 

One-parent -0.295 -0.083 -0.295 -0.119 -0.295 -0.223 -0.295 -0.202 -0.295 -0.032 -0.295 -0.181 -0.295 -0.206 

Both-parents 0.220 -0.056 0.220 0.063 0.220 0.168 0.220 0.146 0.220 -0.014 0.220 0.056 0.220 0.032 

School at city 1.439 0 - - - - - - 1.439 0 1.439 0 1.439 0 

*ESCS - - -0.452 -0.107 -0.171 -0.113 -0.133 -0.122 - - - - - - 

HOMEPOS - -   - - - - -0.500 -0.340 -0.150 -0.274 -0.030 -0.232 

PARED - -   - - - - 0.034 -0.028 0.082 -0.074 0.082 -0.129 

HISEI - -   - - - - -0.113 -0.160 -0.085 -0.282 -0.085 -0.325 

NA.ESCS - - -0.212 0.002 -0.261 -0.005 -0.261 -0.004 -0.212 -0.086 -0.261 -0.075 -0.261 -0.056 

NA.IMMS -0.039 0.082 -0.039 0.018 -0.039 0.037 -0.039 0.041 -0.039 -0.048 -0.039 0.003 -0.039 0.019 

NA.Public -0.521 0 -0.521 0 -0.521 0 -0.521 0 -0.521 0 -0.521 0.000 -0.521 0 

NA.Family 

Structure 
0.101 0.106 0.101 0.067 0.101 0.052 0.101 0.048 0.101 0.048 0.101 0.179 0.101 0.281 
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 Sensitivity 1 Sensitivity 2.1 Sensitivity 2.2 Sensitivity 2.3 Sensitivity 3.1 Sensitivity 3.2 Sensitivity 3.3 

 Pre-match NNM 
Pre-

match 
NNM 

Pre-

match 
NNM 

Pre-

match 
NNM 

Pre-

match 
NNM 

Pre-

match 
NNM 

Pre-

match 
NNM 

NA.Language at 

home 
-0.139 -0.068 -0.139 -0.025 -0.139 -0.043 -0.139 -0.050 -0.139 -0.072 -0.139 -0.074 -0.139 -0.045 

Distance 1.771 0.157 1.099 0.177 0.981 0.201 0.970 0.195 2.013 0.278 1.896 0.262 1.886 0.264 

N 1708 3051 3124 3106 1706 1682 1672 

Note. NNM=Nearest Neighbour Matching; Bolded value = standardised bias < 0.25.  
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Appendix I – II Sample Characteristics after PSM, by sensitivity analysis model 

 Sensitivity 1 Sensitivity 2.1 Sensitivity 2.2 Sensitivity 2.3 Sensitivity 3.1 Sensitivity 3.2 Sensitivity 3.3 

 SH 

(SD) 

NZ 

(SD) 

SH 

(SD) 

NZ 

(SD) 

SH 

(SD) 

NZ 

(SD) 

SH 

(SD) 

NZ 

(SD) 

SH  

(SD) 

NZ  

(SD) 

SH  

(SD) 

NZ  

(SD) 

SH  

(SD) 

NZ  

(SD) 

Female 
0.348 

(0.477) 

0.514 

(0.500) 

0.520 

(0.500) 

0.508 

(0.500) 

0.522 

(0.500) 

0.509 

(0.500) 

0.517 

(0.500) 

0.506 

(0.500) 

0.532 

(0.499) 

0.509 

(0.500) 

0.499 

(0.500) 

0.514 

(0.500) 

0.508 

(0.500) 

0.512 

(0.500) 

First-gen 
0.406 

(0.491) 

0.134 

(0.341) 

0.130 

(0.336) 

0.106 

(0.308) 

0.133 

(0.340) 

0.102 

(0.303) 

0.140 

(0.347) 

0.104 

(0.305) 

0.172 

(0.377) 

0.152 

(0.359) 

0.194 

(0.395) 

0.139 

(0.346) 

0.207 

(0.405) 

0.134 

(0.340) 

Second-gen 
0.168 

(0.374) 

0.100 

(0.300) 

0.084 

(0.278) 

0.068 

(0.251) 

0.097 

(0.296) 

0.071 

(0.257) 

0.101 

(0.301) 

0.068 

(0.251) 

0.133 

(0.340) 

0.101 

(0.301) 

0.105 

(0.307) 

0.099 

(0.298) 

0.095 

(0.293) 

0.102 

(0.302) 

2.5 - gen 
0.093 

(0.290) 

0.216 

(0.411) 

0.167 

(0.373) 

0.182 

(0.386) 

0.158 

(0.365) 

0.185 

(0.388) 

0.161 

(0.368) 

0.184 

(0.388) 

0.188 

(0.391) 

0.209 

(0.407) 

0.145 

(0.352) 

0.216 

(0.411) 

0.149 

(0.356) 

0.217 

(0.412) 

Language at 

home 

0.953 

(0.211) 

0.938 

(0.242) 

0.970 

(0.171) 

0.963 

(0.188) 

0.972 

(0.166) 

0.963 

(0.189) 

0.971 

(0.167) 

0.963 

(0.189) 

0.957 

(0.203) 

0.921 

(0.269) 

0.956 

(0.206) 

0.939 

(0.240) 

0.954 

(0.209) 

0.945 

(0.228) 

Public school 
0.900 

(0.300) 

0.891 

(0.312) 

0.912 

(0.284) 

0.934 

(0.249) 

0.912 

(0.283) 

0.934 

(0.249) 

0.909 

(0.288) 

0.934 

(0.248) 

0.904 

(0.294) 

0.894 

(0.308) 

0.904 

(0.295) 

0.888 

(0.316) 

0.907 

(0.290) 

0.887 

(0.317) 

One-parent 
0.144 

(0.351) 

0.172 

(0.377) 

0.120 

(0.325) 

0.161 

(0.367) 

0.102 

(0.303) 

0.179 

(0.383) 

0.104 

(0.305) 

0.173 

(0.379) 

0.158 

(0.365) 

0.169 

(0.375) 

0.114 

(0.317) 

0.176 

(0.381) 

0.105 

(0.307) 

0.176 

(0.381) 

Both-parents 
0.750 

(0.433) 

0.773 

(0.419) 

0.817 

(0.387) 

0.792 

(0.406) 

0.841 

(0.366) 

0.773 

(0.419) 

0.838 

(0.369) 

0.778 

(0.415) 

0.778 

(0.416) 

0.783 

(0.412) 

0.797 

(0.403) 

0.774 

(0.418) 

0.793 

(0.406) 

0.779 

(0.415) 

School at city 
1.000 

(0) 

1.000 

(0) - - - - - - 

1.000  

(0) 

1.000  

(0) 

1.000  

(0) 

1.000  

(0) 

1.000  

(0) 

1.000  

(0) 

*ESCS 
- - 

-0.058 

(0.849) 

0.037 

(0.808) 

0.098 

(1.060) 

0.213 

(0.915) 

0.061 

(1.065) 

0.184 

(0.873) - - - - - - 
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 Sensitivity 1 Sensitivity 2.1 Sensitivity 2.2 Sensitivity 2.3 Sensitivity 3.1 Sensitivity 3.2 Sensitivity 3.3 

 SH 

(SD) 

NZ 

(SD) 

SH 

(SD) 

NZ 

(SD) 

SH 

(SD) 

NZ 

(SD) 

SH 

(SD) 

NZ 

(SD) 

SH  

(SD) 

NZ  

(SD) 

SH  

(SD) 

NZ  

(SD) 

SH  

(SD) 

NZ  

(SD) 

HOMEPOS 
- -   - - - - 

-0.192 

(1.039) 

0.116 

(0.905) 

-0.096 

(0.975) 

0.149 

(0.860) 

-0.049 

(0.985) 

0.158 

(0.860) 

PARED 
- -   - - - - 

13.010 

(3.070) 

13.092 

(2.398) 

12.804 

(3.146) 

13.034 

(2.531) 

12.673 

(3.212) 

13.075 

(2.447) 

HISEI 
- -   - -- - - 

54.490 

(19.638) 

57.835 

(21.133) 

52.134 

(19.931) 

58.132 

(21.229) 

51.472 

(20.257) 

58.399 

(20.966) 

NA.ESCS 
- - 

0.003 

(0.051) 

0.002 

(0.048) 

0.004 

(0.063) 

0.005 

(0.068) 

0.004 

(0.063) 

0.005 

(0.068) 

0.005 

(0.068) 

0.015 

(0.121) 

0.007 

(0.086) 

0.018 

(0.134) 

0.008 

(0.086) 

0.016 

(0.124) 

NA.IMMS 
0.034 

(0.180) 

0.022 

(0.146) 

0.015 

(0.123) 

0.013 

(0.112) 

0.017 

(0.128) 

0.012 

(0.107) 

0.018 

(0.134) 

0.013 

(0.111) 

0.016 

(0.126) 

0.023 

(0.149) 

0.023 

(0.151) 

0.023 

(0.150) 

0.022 

(0.147) 

0.020 

(0.138) 

NA.Public 
0.000 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

NA.Family 

Structure 

0.057 

(0.233) 

0.036 

(0.186) 

0.036 

(0.185) 

0.022 

(0.147) 

0.032 

(0.176) 

0.021 

(0.145) 

0.032 

(0.176) 

0.022 

(0.147) 

0.041 

(0.198) 

0.031 

(0.174) 

0.069 

(0.254) 

0.033 

(0.180) 

0.085 

(0.279) 

0.029 

(0.167) 

NA.Language 

at home 

0.016 

(0.124) 

0.025 

(0.156) 

0.013 

(0.114) 

0.017 

(0.128) 

0.012 

(0.107) 

0.018 

(0.131) 

0.012 

(0.109) 

0.019 

(0.136) 

0.014 

(0.118) 

0.024 

(0.154) 

0.013 

(0.115) 

0.024 

(0.152) 

0.015 

(0.120) 

0.021 

(0.143) 
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Appendix I – III Post matching comparison of PISA results, by sensitivity analysis model 

 Original PISA 

pre-PSM 

Sensitivity 1 Sensitivity 2.1 Sensitivity 2.2 Sensitivity 2.3 Sensitivity 3.1 Sensitivity 3.2 Sensitivity 3.3 

 Mean 

(SE) 

SD Mean 

(SE) 

SD Mean 

(SE) 

SD Mean 

(SE) 

SD Mean 

(SE) 

SD Mean 

(SE) 

SD Mean 

(SE) 

SD Mean 

(SE) 

SD 

Mathematics                 

SH 612.68 

(3.29) 

101.98 601.64 

(5.61) 

109.51 625.26 

(2.93) 

98.40 617.67 

(3.00) 

98.78 616.13 

(3.00) 

98.32 618.83 

(4.57) 

103.22 610.57 

(4.30) 

104.02 609.05 

(4.59) 

104.97 

NZ 499.75 

(2.21) 

99.60 518.48 

(3.17) 

95.12 506.20 

(2.57) 

94.71 507.53 

(2.50) 

94.21 508.56 

(2.55) 

94.86 517.76 

(3.22) 

96.26 520.24 

(3.41) 

94.70 520.31 

(3.34) 

94.72 

Gap 112.93 83.16 119.06 110.14 107.57  101.07  90.33  88.74  

Gap change - 26.36% 5.43% 2.47% 4.75%  10.50% 20.01%  21.42%  

Cohen’s d 1.13 0.81 1.23 1.14 1.11  1.01  0.91  0.89  

Reading -                

SH 569.59 

(2.86) 

79.99 556.89 

(4.45) 

87.10 579.53 

(2.62) 

78.64 573.15 

(2.77) 

79.13 572.26 

(2.67) 

78.50 574.34 

(3.75) 

83.28 567.34 

(3.38) 

83.37 565.72 

(3.97) 

84.30 

NZ 512.19 

(2.40) 

105.56 537.96 

(4.11) 

99.55 522.76 

(3.12) 

99.70 523.93 

(3.11) 

99.41 524.91 

(3.09) 

99.78 536.96 

(4.27) 

101.20 539.55 

(4.35) 

98.95 539.79 

(4.31) 

98.86 

Gap 57.40 18.93 56.77 49.22 47.35  37.38  27.79  25.93  

Gap change -  67.02%  1.10%  14.25% 17.51% 34.88%  51.59%  54.83%  

Cohen’s d 0.62  0.21  0.63  0.55  0.53  0.40  0.30  0.28  

Science -                

SH 580.12 

(3.03) 

81.97 570.76 

(4.90) 

89.33 590.08 

(2.79) 

80.46 583.79 

(2.87) 

80.44 582.97 

(2.97) 

80.26 584.15 

(4.10) 

84.62 578.24 

(3.61) 

85.14 576.55 

(3.98) 

85.54 
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 Original PISA 

pre-PSM 

Sensitivity 1 Sensitivity 2.1 Sensitivity 2.2 Sensitivity 2.3 Sensitivity 3.1 Sensitivity 3.2 Sensitivity 3.3 

 Mean 

(SE) 

SD Mean 

(SE) 

SD Mean 

(SE) 

SD Mean 

(SE) 

SD Mean 

(SE) 

SD Mean 

(SE) 

SD Mean 

(SE) 

SD Mean 

(SE) 

SD 

NZ 515.64 

(2.14) 

104.90 536.70 

(3.43) 

99.03 525.78 

(2.68) 

98.07 527.47 

(2.67) 

97.50 528.52 

(2.68) 

98.14 535.49 

(3.65) 

100.66 538.26 

(3.86) 

98.81 538.63 

(3.68) 

98.51 

Gap 64.48 34.06 64.30 56.32 54.45  48.66  39.98  37.92  

Gap change - 47.18% 0.28% 12.66% 15.56% 24.53% 38.00%  41.19%  

Cohen’s d 0.69 0.36 0.72 0.63 0.61  0.52  0.43  0.41  

Mean gap 

change  

- 46.85% 2.27% 9.79% 12.61%  23.30%  36.53%  39.15%  

Note. denotes for an increase in performance gap between New Zealand and Shanghai after PS
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