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A B S T R A C T   

Socio-emotional and motivational skills are routinely measured using self-reports in large-scale 
educational assessments. Measures exploiting test-takers’ behaviour during the completion of 
questionnaires or cognitive tests are increasingly used as alternatives to self-reports in the eco
nomics of education literature. We compute behavioural measures of socio-emotional and 
motivational skills using data from the Programme for International Student Assessment (PISA). 
We find that these measures capture important aspects of students’ academic profiles: some are 
importantly associated with contemporaneous performance and educational attainment and most 
measures have a high degree of stability over time. However, these measures are only limitedly 
correlated among themselves and have low correlations with self-report measures of the same 
constructs. This is likely a reflection of the fact that behavioural measures are representations of 
the test taker current ‘state’, rather than descriptions of the participant view of their own ‘trait’ 
like the self-report measures. Moreover, the low correlation across measures suggests that they 
capture different behavioural responses to the test-taking situation. These differences are still 
limitedly understood because the measures are constructed ex-post using collateral information 
collected during the administration of assessments rather than developed ex ante in line with 
theoretical models of human cognition and affect.   

1. Introduction 

Research in economics, psychology, sociology and education indicates that socio-emotional and motivational skills, also referred to 
as personality traits, temperament, non-cognitive skills or character skills in the literature, play an important role (and one inde
pendent from cognitive skills) in shaping individuals’ long term outcomes (Duckworth and Seligman, 2005; Gutman and Schoon, 2016; 
Kautz et al., 2014; Roberts et al., 2007). Moreover, there is evidence that education policy and school-level practices have the potential 
to shape the acquisition of some of these skills (Heckman et al., 2013) although not all such skills may be amenable to the influence of 
external factors (Credé et al., 2017; Revelle, 2007). 
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The emphasis on socio-emotional and motivational skills - the term we adopt in this work - and the interest in how they can be 
promoted has prompted policy makers as well as researchers to consider how their measurement can best be integrated in bench
marking and accountability systems at international, regional and national levels. Standardised low-stakes large-scale tests such as the 
Programme for International Student Assessment (PISA), the Programme for International Assessment of Adult Competences (PIAAC), 
the IEA’s Trends in International Mathematics and Science Study (TIMSS), the Progress in International Reading Literacy Study 
(PIRLS) as well as regional and national standardised tests have, in recent years, introduced the measurement of selected socio- 
emotional and motivational skills within questionnaires administered to participants, alongside the measurement of cognitive skills. 

The increased attention devoted to understanding the role played by socio-emotional and motivational skills has also spurred a 
parallel and lively debate in the economics of education literature over what exactly low-stakes large-scale tests measure and the 
importance of factors such as test taking motivation as a determinant of differences in measures of cognitive skills across countries and 
population subgroups (Akyol et al., 2018; Balart and Oosterveen, 2019; Borghans and Schils, 2013; Borgonovi and Biecek, 2016; 
Brunello et al., 2018; Gneezy, et al., 2019; Wise and Kingsbury, 2002; Zamarro et al., 2019). 

Questions remain on how best socio-emotional and motivational skills can be measured (Duckworth and Yeager, 2015; Heckman 
and Kautz, 2012). Likert-type scales administered to individuals through self-reported questionnaires are by far the most widely used 
instrument in large-scale settings. Self-reports have the advantage of being designed to reflect well-defined theoretical constructs and 
can be measured in a questionnaire with a relatively short time burden for respondents (Kyllonen and Kell, 2018). Moreover, 
self-reported measures of socio-emotional and motivational skills have been found to predict important education, work, and life 
outcomes (Soto, 2019, 2020; Wilmot and Ones, 2019). However, in applications of such assessments, practitioners often raise concerns 
about potential limitations of self-reports, such as misinterpretation, lack of information and memory bias, social desirability bias, 
response style bias and reference-group bias (Kankaraš, 2017) even if some researchers argue that these biases do not have a large 
influence on the association between personality measures and individual outcomes (Ones et al., 1996). Concerns over the mea
surement properties of self-reports raise questions as to whether the measurement of socio-emotional and motivational skills as
sessments could be complemented by additional measurement methods (Soland et al., 2019) since the use of multimethod assessments 
could provide more comprehensive information on the underlying constructs of interest (Meyer et al., 2001). 

Laboratory and field experiments in which study participants are asked to complete tasks designed to reveal their socio-emotional 
and motivational skills in specific situations have been conducted at the international level (Cohn et al., 2019) but these instruments 
are expensive and burdensome. An alternative approach has been to use experiments to validate self-reports (see for example Falk and 
Hermle 2018). 

Starting from research in psychometrics on test engagement (see Wise and Kingsbury, 2002 for a review), research in education and 
economics has developed measures of socio-emotional and motivational skills derived from observing and coding the behaviours of 
individuals when they participate in standardised educational assessment programmes (see Soland et al., 2019 for a review). Examples 
include item non-response rate for questionnaires (Zamarro et al., 2018) and, for computer-based tests, response time effort and rapid 
guessing (Goldhammer et al., 2014; Kuhfeld and Soland, 2020; Soland and Kuhfeld, 2019; Soland, 2019; Wise and Kong, 2005; Wise, 
2017; Wise and Kingsbury, 2002). Behavioural measures share many characteristics with laboratory or field experiments and do not 
involve additional costs or burden for respondents but are theoretically ill-defined, because their construction is based on the 
behaviour of respondents while they perform a task that was designed with the intention of measuring a different set of constructs 
(Kroehne and Goldhammer, 2018). This is a typical challenge related to the use of behavioural data in social research (Salganik, 2019). 

Our contribution is to connect research in psychology, educational measurement and economics by considering behavioural 
measures that have been used in the economics of education literature as indicators of four socio-emotional and motivational con
structs – perseverance, self-regulation, endurance and conscientiousness (PSEC from now on) – and establish if they can complement 
established self-reported indicators of socio-emotional and motivational skills in large-scale assessment and monitoring systems. The 
use of task-based and performance-based measures has been promoted by researchers to avoid biases that may arise when relying in 
self-reports and because they do not entail additional burden and administration costs while conducting cross-country comparisons 
(Balart and Oosterveen, 2019; Borghans and Schils, 2013; Borgonovi and Biecek, 2016; Zamarro et al., 2019; Akyol et al., 2018). 
However, the valid use of behavioural measures as indicators of socio-emotional and motivational skills needs to be established 
because item features, context and framing might impede the use of test-takers’ behaviours as indicators of broad psychological 
constructs. Since the validity of a measure for a particular purpose can never be absolutely proven, the typical validation approach is to 
develop a “validity argument” (Kane, 2006, 2013) that justifies the intended use by summarizing a compelling body of evidence from 
multiple sources. In the context of large-scale international educational assessments, the intended use of behavioural measures is to 
describe and monitor over time differences across countries and groups within countries in students’ socio-emotional and motivational 
skills. We use data from the PISA study to establish a validity argument for such use based on theoretical expectations about relations to 
other variables. First, we evaluate to what extent the behavioural measures exhibit evidence of convergent validity (Fiske, 1971, p. 
164): we expect behavioural measures to be significantly correlated with self-report measures that were developed to assess the PSEC 
construct. Second, we evaluate whether behavioural measures present similar differences across population sub-groups (i.e. gender, 
socio-economic status) as those observed through the use of self-reported measures, and examine the relationship of both groups of 
measures with performance in the PISA achievement test. For a subset of countries, we evaluate the evidence for predictive validity of 
the behavioural measures: the measures are expected to be correlated with future education outcomes, such as completion of higher 
education, that are influenced by socio-emotional skills (Danner et al., 2021). We also compare behavioural measures and self-report 
methods according to whether measures based on different survey rounds provide consistent conclusions, and conduct tests to identify 
how sensitive different instruments are to the use of different administration protocols or instruments. 

Prior work in psychology has identified low correlations between self-reports and task-based performance measures as well as low 
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correlations between different task-based performance measures of socio-emotional constructs (see for examples Duckworth and Kern, 
2011; Sharma et al., 2014; Cyders and Coskunpinar, 2011; Allom et al., 2016). However, no study to date has systematically examined 
the correlation between behavioural measures that are routinely used in the economics of education literature and that are developed 
using data from large-scale international assessments and self-reports routinely employed in these assessments. 

Given the increasing academic and policy interest in examining disparities in socio-emotional and motivation skills across genders, 
students with a different socio-economic status (SES), as well as between students with and without an immigrant background (Greiff 
and Borgonovi, 2022; Fahle et al., 2019; OECD, 2021; Soland, 2018), we use PISA data to identify differences by gender, SES and 
immigrant background in behavioural and self-reported indicators of socio-emotional and motivational skills in different countries. 
Examining differences across population subgroups is important given persisting disparities in educationally relevant outcomes across 
genders, SES and immigrant background in both high (OECD, 2022) and low and middle income countries (Local Burden of Disease 
Educational Attainment Collaborators, 2020); the key role the provision of high quality education for all has in the Sustainable 
Development Goal framework, the role socio-emotional and motivational skills play in shaping educational outcomes (Almlund et al., 
2011; Duckworth et al., 2007; Duckworth et al., 2012; Heckman et al., 2006; Poropat, 2009; Rosander and Bäckström, 2014) and the 
fact that different population groups may react differently to different measurement instruments (Soland, 2018; Borgonovi, 2021). 

2. Data and methods 

2.1. Data 

We use data from PISA. PISA is a triennial large-scale international assessment of 15-year-old students conducted since 2000 and 
targeting the schooled population of children between the ages of 15 years and three months and 16 years and 2 months at the time of 
administration (15-year-olds from now on). It covers large, representative samples of 15-year-old students and over 80 countries have 
participated at least once since the first edition was conducted in 2000.2 PISA is a low-stakes assessment at least at the individual level 
because no individual scores are released to students or schools. Therefore, intrinsic motivation plays a considerable role in guiding the 
behaviour of participants in the study. In the absence of external pressure and motivational drivers, variability in motivation is higher 
than in the presence of external incentives and the influence of PSEC on performance tends to be stronger (Barry et al., 2010; Cole et al., 
2008; Wise and DeMars, 2010). 

The core instruments of PISA are a 2-h long low-stakes assessment developed by international experts to test students’ proficiency 
in reading, mathematics and science, and a 30-min background questionnaire. Greater information on PISA assessment instruments is 
available in the Online Annex A. We use data from the questionnaire to identify self-reported measures of PSEC and to derive three 
behavioural indicators and we use data from the assessment to derive two behavioural indicators. The PISA surveys are conducted on 
two-stage stratified representative samples of 15-year-old students enrolled in lower-secondary or upper secondary institutions [for 
details, see (Organisation for Economic Co-operation and Development OECD, 2009)]. We used sampling and replication weight in our 
analyses in line with recommended PISA procedures (OECD, 2014). 

Most analyses are based on the PISA 2012 study. While more recent editions of PISA are available, 2012 is the only edition that 
contains design features that allow to validate alternative operational definitions of the behavioural measures and test the robustness 
of behavioural measures to different administration conditions. We use PISA 2003 data to examine the stability of measures over time 
and PISA 2000 for Canada, Denmark and Switzerland and PISA 2003 for Australia to examine how predictive measures are of 
educational attainment at age 25. In these countries, PISA participants were followed in national longitudinal studies. The follow-up 
data for Denmark is derived from PISA and the OECD Survey of Adult Skills (PIAAC). For Switzerland, we used data from the Tran
sitions from Education to Employment (TREE1) surveys. For Australia, we used data from the Longitudinal Study of Australian Youth 
(LSAY). For Canada, we used data from the Youth in Transition Survey (YITS). Canadian data have not been released for public access, 
so all estimates were obtained through collaborations with national researchers at Statistics Canada, who conducted the analyses on 
the basis of statistical programmes prepared by the authors. While the frequency and timeline of follow-up surveys vary by country, all 
the datasets collect information on young people when they were approximately 25 years old (the only exception is Denmark, where 
the analysis refers to individuals who were either 26 or 27 years old). Table B1 in the Supplementary Online Annex provides additional 
details on the longitudinal studies. 

2.2. PSEC measures 

2.2.1. Self-reported measures 

2.2.1.1. The PISA index of lack of perseverance. The first measure of noncognitive skills based on students’ self-reports is the index of 
perseverance. The index is derived using five questions from the core PISA student questionnaire that ask participants to report the 

2 PISA 2012had a total of 64 participating countries: Albania, Argentina, Australia, Austria, Belgium, Brazil, Bulgaria, Canada, Chile, Chinese 
Taipei, Colombia, Costa Rica, Croatia, the Czech Republic, Denmark, Estonia, Finland, France, Germany, Greece, Hong Kong, Hungary, Iceland, 
Indonesia, Ireland, Israel, Italy, Japan, Jordan, Kazakhstan, Korea, Latvia, Liechtenstein, Lithuania, Luxembourg, Macao (China), Malaysia, Mexico, 
Montenegro, Netherlands, New Zealand, Norway, Peru, Poland, Portugal, Qatar, Romania, Russia, Serbia, Shanghai, Singapore, Slovak Republic, 
Slovenia, Spain, Sweden, Switzerland, Thailand, Tunisia, Turkey, United Arab Emirates, United Kingdom, United States, Uruguay and Vietnam. 
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extent to which they felt that the following statements described them: “When confronted with a problem, I give up easily”; “I put off 
difficult problems”; “I remain interested in the tasks that I start”; “I continue working on tasks until everything is perfect”; “When 
confronted with a problem, I do more than is expected of me”. Possible answers were “Very much like me”, “Mostly like me”, 
“Somewhat like me”, “Not much like me” and “Not at all like me”. The index was recoded so that higher values indicate lower student 
perseverance. The median Chronbach alpha across OECD countries was 0.8. 

2.2.1.2. Measures from the PISA effort thermometer. The second self-reported measure that we consider was derived from the PISA 
effort thermometer. In the last page of the PISA assessment booklet, students who sat the assessment were asked how much effort they 
put in the test and to consider how much effort they would have put in the test if their performance in PISA had counted towards their 
school marks. Responses could range from 1 to 10 with 10 being maximum effort. We include the answers to the question on the effort 
students reported having put in the PISA test and recoded it so that a higher value signals lower effort. We also consider a second index, 
which is the difference between the effort that would have been invested if the test were marked and the actual effort invested. 
Students with a greater score on such index should be seen as being less conscientious or intrinsically motivated, since they reported 
having invested less effort in the PISA test compared to how much effort they would have invested had the PISA test been associated 
with an extrinsic reward, i.e. a school grade. Although both indicators are categorical, they were treated as continuous in analyses since 
they have a comparatively large number of categories and treating them as continuous allows for easier estimation and interpretation. 

2.2.2. Questionnaire-based behavioural indicators 
We consider the following questionnaire-based behavioural indicators based on the core student questionnaires3: item non- 

response, non-differentiation and inconsistency. 

2.2.2.1. Item non-response rate. Survey item non-response is considered to provide information on the level of effort and motivation of 
students (Hitt et al., 2016). The indicator is constructed using multiple-choice questions for which an answer was possible and 
applicable to the responding student (we dropped items where the response is conditional on prior items). The item non-response rate 
indicator is defined as: 

Item non − response =
Number of applicable items left blank

Number of applicable items 

Higher values indicate that students left more questions unanswered. 

2.2.2.2. Inconsistency. The inconsistency indicator (also called response non-consistency in the literature) is a measure of careless 
answering increasingly used in the literature (Hitt, 2015; Wise and DeMars, 2006; Zamarro et al., 2019). The measure is based on 
item-rest correlations and it relies on the assumption that, in an internally consistent scale, the answer to a specific item should be 
correlated with the answers to the rest of the items that make up that scale. A student who answers a specific item in a way that is 
unpredictable based on the answers to other items in the same scale is thus considered to provide a “careless answer”. The response 
non-consistency indicator is constructed using Likert-type items belonging to a scale meant to measure some latent attitude or 
behaviour of respondents. First, we adjusted answers of reverse-coded items (such as negatively-phrased items in positively-phrased 
scales) and then for every item, we regressed the item response on the average of answers in the remaining items belonging to the same 
scale. We run regressions separately for each country in our sample to account for the fact that the internal consistency of scales might 
differ across countries and considered only respondents who had non-missing responses for at least 3 items in a scale. For each item, we 
fit the following linear model: 

Yijs = β0 + β1Xis,− j + ηijs  

Where Yijs represents the answer of student i to item s in scale j and Xis,− j represents the average response on all remaining items in the 
scale, β0 represents a constant and ηijs is an item-specific, scale-specific and student-specific error term representing the degree to 
which student i gave an unpredictable answer to item s in scale j. These sets of regressions are equivalent to item-rest correlations 
common in psychometrics (Hitt, 2015). For each student, we averaged the absolute values of all residuals to obtain a measure of 
non-consistency in their answers across the entire PISA survey. Higher values imply that a student gave more inconsistent answers than 
another student. In PISA 2012, we examine 93 items across 17 scales in the main questionnaire. 

2.2.2.3. Non-differentiation. The non-differentiation indicator reflects the extent to which students tend to select the same response 
across a set of similar and related items. This can be the result of a careful analysis of questions, but also of satisficing behaviour. 
Respondents could realise that the items in a certain set are similar and, in order to minimise the effort exerted, give the same response 
to all. Several studies have found support for this claim: non-differentiation is more common among less educated individuals and 

3 The average mean across countries is not precisely 0 because the z score standardization was conducted on the weighted pooled sample while 
the mean across countries represents the arithmetic mean of weighted country specific samples,i.e. while the country specific mean reflects the 
country specific population distribution, countries with large overall populations contribute to the same extent to the average as do countries with 
small populations. By contrast, in the pooled sample, these countries contribute more. 
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towards the end of a questionnaire compared to the beginning (Knowles, 1988; Krosnick, 1991; Vannette and Krosnick, 2014). We 
focus only on Likert-type item sets in PISA, since for this type of questions the likelihood of mindful respondents not differentiating 
their answers is lower. We limit the analysis to item sets having at least 4 items (a total of 16 in PISA 2012) and to students having 
non-missing responses for at least 3 items. In the most stringent version of our measure, a student is considered to be 
non-differentiating within an item set if he or she gave the same answer to all items in the item set. To compute a non-differentiation 
metric for each student, we compute the percentage of item sets in which they did not differentiate their answers out of all valid items 
sets. 

Non − differentiation =
Number of applicable items sets without differentiation

Number of applicable item sets 

Since absolute non-differentiation can be too stringent, we decided to also adopt a more lenient version of the index (Barge and 
Gehlbach, 2012). We relaxed the definition such that a student is considered not to differentiate within an item set when he or she gives 
the same response in all but one item in the set. All analyses were replicated using this index and are available from the authors upon 
request. 

2.2.3. Test-based behavioural indicators 

2.2.3.1. Decline in performance. The core cognitive test in PISA 2012 was delivered as a paper and pencil test. This was designed to last 
2 h in total for each participant and was organised around a series of clusters of test questions. Each cluster was designed to take about 
30 min to complete. Each student was randomly allocated a booklet containing four clusters of test questions and a total of 13 booklets 
were administered in 2012. Each booklet contained different clusters, which were rotated across the booklets so that each cluster was 
administered at least once with any other cluster and each cluster appeared at least once in one of the four potential positions within 
the booklet. Table C1 in the Supplementary Annex illustrates the design of the standard paper and pencil booklets in PISA 2012. 

On average, in various PISA waves, the number of correct responses students give declines across the test: students tend to display 
higher performance in the first cluster than in the second and so on (Borghans and Schils, 2013; Zamarro et al., 2019). While different 
strategies have been used to develop PSEC indicators based on decline in performance in low-stakes standardised assessments (Bor
ghans and Schils, 2013; Borgonovi and Biecek, 2016; Brunello et al., 2018; Zamarro et al., 2019) we develop an individual level in
dicator following Zamarro et al. (2019). The assumption behind the measure is that students with high levels of socio-emotional and 
motivational skills are more likely to maintain a similar level of performance throughout the test while those with lower levels of 
socio-emotional and motivational skills are more likely to display steep declines in performance as a function of item position. We only 
consider performance in the first three clusters to deal with end of test non-response. Some students in fact fail to reach items at the end 
of the test, which could lead to biased estimates (Author, 2016; Debeer and Janssen, 2013). 

To obtain our measure, we estimate the following linear random coefficient model: 

yij = δ0 + δi
0 + δ1Qij + δi

1Qij + γj + θj + εij  

Where yij is equals zero if respondent i answered incorrectly to question j and 1 if he or she answered correctly or if he or she got partial 
credit for his/her answers.4 Qij represents the position of question j rescaled for each student such that the first question takes value 
zero and the last item in the third cluster takes value 1. δ0 represents the average student’s performance on the first question in the test 
and δ1 is the average performance drop from the first question to the last. γj are question fixed effects, which allow us to control for 
question difficulty and nature (such as multiple choice versus open-ended question). θj are booklet fixed effects to control for the 
sequence of clusters in the booklet (for example starting with a math or reading cluster). δi

0 is a random intercept and δi
1 is a random 

coefficient that allow for students to deviate from the average values. 
The model was estimated separately for each country using Maximum Likelihood methods and allowing maximum flexibility in the 

covariance matrix for random effects (all variances and covariances could be distinctly estimated). Standard errors were clustered at 
the school level, to account for the clustered nature of the PISA samples. Fitting the model produced estimates of the standard deviation 
of random effects (δi

0 and δi
1) and the correlation between them. We used these to predict the best linear unbiased predictions (BLUPS) 

for the random effects. 
The index of performance decline corresponds to BLUP estimate of the random slope parameter δi

1, which measures individuals’ 
decline in performance between the first and the last question (in the third cluster), accounting for question difficulty and the booklet 
that the student was assigned. 

The PISA 2000 test design was different from subsequent editions in that the major domain (reading) was assessed significantly 
more in depth than the other two. Seven booklets began with three reading clusters and ended with a different domain. To maintain a 

4 Each PISA round includes a core student questionnaire, as well as a series of optional questionnaires designed to gather for a restricted number of 
interested countries, additional information. We construct two sets of questionnaire-based behavioural indicators. The first is based solely on re
sponses to the core questionnaires so that we have valid measures for all PISA-participating countries in each round. We present these results in the 
manscript. In addition, we developed all indicators using both the core questionnaire as well as the optional Information and Computer Technology 
(ICT) questionnaires in order to maximise the observations used to construct the indices for each individual (for the restricted set of countries that 
administered also the optional questionnaires). Results are in line with those presented and are available from the authors upon request. 
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balanced sample, we decided to focus our analyses only on those booklets. Therefore, our measure in PISA 2000 is entirely based on 
performance decline in the reading assessment. Higher values in the indicator indicate that students had a steeper performance 
decline. 

2.2.3.2. Response time effort. In 2012 some countries administered an optional computer-based assessment on top of the paper-based 
assessment instruments, generating data on participants’ interactions with the testing platform, including a timestamp to mark each 
interaction. We follow Wise and Kong (2005) and develop a response-time effort indicator using the log files for the PISA 2012 
computer-based assessment. The indicator constitutes the proportion of items, out of the total number of items in the test, on which 
respondents spent less than a threshold time T. We computed the measure using thresholds of 3, 5, and 10 s as well as setting the 
threshold at 10% of the mean item duration with a maximum threshold of 10 s as proposed by Wise and Ma (2012), and our results 
were robust across these different specifications. For the sake of conciseness, we report most of our results only for the measure using 
the middle threshold of 5 s (results for other thresholds are available upon request). Higher values in the indicator signal that students 
exerted less effort in their responses. 

2.2.4. Robustness of the measures with respect to test design 
We performed a number of robustness checks to assess the questionnaire-based and test-based behavioural indicators, exploring 

how they might vary according to certain features of the PISA assessment. 
In 2012 the background questionnaire had a rotation design and therefore different students were randomly allocated different 

questionnaire materials (scales with a different number of items or with a different length of the prompts or the same material but 
placed in different positions within the questionnaire). In Supplementary Annex D we illustrate the rotation design and provide es
timates of how much the value of different questionnaire-based behavioural indicators depends on the questionnaire set students were 
administered. We find that non-differentiation and inconsistency appear to be sensitive while non-response is less dependent on the 
specific questions contained in the questionnaire. Given the structure of our data, we could separately assess the robustness of in
dicators to specific features of the questionnaires such as their length or the type and order of items they contained. 

We performed other robustness checks for the test-based indicator of performance decline. We examined variations in the per
formance decline indicator depending on the content of the test (amount of reading and mathematics material and position of 
mathematics and reading items). Results in Supplementary Online Annex C suggest that the performance decline is not related to the 
structure of the assessment booklet. In order to identify the robustness of the indicator to mode of administration, in Online Annex E we 
estimated differences in performance decline across the PISA 2012 computer-based assessment and the PISA 2012 paper-based 
assessment. Results indicate that students’ ranking in the performance decline measure based on the computer-based test is posi
tively related to their ranking in paper-based performance decline. 

2.2.5. Indicator standardization and distributions 
In order to draw meaningful comparisons across indicators in our analyses, we recoded each indicator such that a higher value 

indicates a lower level of PSEC. We also standardised each indicator such that it is set to have a mean of zero and a standard deviation 
of one across the pooled student population. Figure F1 in the Supplementary Online Annex presents the distribution of the PSEC 
measures. It reveals that the item non-response indicator and the response time effort indicator have highly right-skewed distributions. 
This is also the case, to a less extent, for the inconsistency indicator. In order to address this, we ran all analyses using the original scale 
as well as the log-transformed versions of these variables for robustness. Since results using the two sets of measures were aligned we 
decided to present results in the original metric in the manuscript because these are more easily interpretable. Robustness results are 
available upon request from the authors. 

2.3. Background variables 

In a set of analyses, we analyse differences in PSEC indicators by students’ gender, socio-economic background and immigrant 
background. These variables were constructed using information gathered in the PISA student questionnaire. Socio-economic back
ground (SES) is defined using the PISA index of economic, social and cultural status The index is an aggregate indicator reflecting 
differences across students in parental educational attainment, parental occupational status and household resources (see Organisation 
for Economic Co-operation and Development (OECD), 2014) for a detailed description of the index). We provide results comparing 
students in the top and bottom quartile of their national distribution. Students are defined as having an immigrant background if their 
parents were born outside the country in which they sat the PISA test; in the analysis, these students are compared with those with two 
native-born parents. 

In addition to these variables, in the longitudinal analyses, we also control for other variables gathered in the PISA background 
questionnaire: students’ school grade and age when they sat the PISA assessment, and whether respondents reported most frequently 
speaking the language of the PISA assessment at home. We also control for their achievement in the first cluster of the assessment 
(using an indicator of the average percentage of correct responses in the first booklet). 

2.4. Methods 

In the first set of analyses, we investigate the relationship between PSEC indicators at the individual- and country-levels, as well as 
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their country-level stability over time. We provide descriptive statistics for each PSEC indicator at the country-level and compare 
countries’ averages and variations for each indicator. We then measure the correlation between all behavioural and self-reported PSEC 
measures using both Pearson and Spearman correlations. We run analyses at the individual level within each country and also at the 
country level. For robustness, we log-transformed count variables that were right-skewed (non-response rate, response time effort and 
inconsistency). Next, we investigate the stability of the indicators over time, by comparing country scores in each PSEC indica tor in 
PISA 2003 and2012, the only two waves including at least one self-reported instrument, the effort thermometer. We measure the 
Pearson and Spearman correlations between countries’ average scores, as well as their relative ranking, for each PSEC indicator across 
the two waves. 

In a second set of analyses we investigate country-level differences in PSEC indicators across students’ background characteristics, 
including gender, socio-economic status and immigrant background. We computed T-tests and report the statistical significance of 
group differences. 

In a third set of analyses, we evaluate how strongly PSEC indicators are related to contemporaneous achievement by fitting the 
following models: 

yik = δ0 + δ1Qik + γk + εij (A)  

yik = δ0 + δ1Qik + δ2Vik + γk + εij (B)  

yik = δ0 + δ1Qik + δ2Vik + δ3Uik + γk + εij (I) 

Baseline models described by equation (A) estimate the association δ1 between each achievement domain y (reading, mathematics, 
science and problem solving) fortudentt i in country k and each PSEC indicator Q without controls (except for country fixed effects γ). 
Models described by equation (B) estimate the association between each achievement domain and each PSEC indicator controlling for 
country fixed effects as well as a set of additional control variables V including grade level, age, gender, immigrant background, socio- 
economic status, and if the student was a native-speaker of the language in which the PISA assessment was delivered. For behavioural 
measures, Models described by equation (C) further control for the self-reported perseverance measure U, to assess whether the 
relationship between behavioural indicators of PSEC and performance is robust to inclusion of self-reported measures of PSEC. All 
models include students with non-missing values for all PSEC indicators and control variables to ensure comparability of results across 
specifications. 

Finally, for the subset of countries with available longitudinal data, we analyse the predictive validity of PSEC indicators. We 
measure the associations between the indicators measured in PISA at the age of 15 and the likelihood of completing upper secondary 
education (academic or vocational) and of completing a university degree by the age of 25. We estimate the following two linear 
probability models: 

yit = δ0 + δ1Qit− 10 + δ2Vit− 10 + εijt (1)  

yit = δ0 + δ1Qit− 1 + δ2Vit− 10 + δ3uit− 10 + εijt (2) 

In model (1) we regress the two binary outcome variables y (having completed high-school and having completed university by age 
25) on one PSEC indicator (Q) at a time, and a set of control variables V including students’ school grade, age, gender, immigrant 
background, socio-economic status,5 whether respondents were native-speakers at the time of the PISA assessment as well as for their 
achievement in the first cluster of the assessment (using an indicator of the average percentage of correct responses in the first booklet). 
The latter was taken as a proxy of their cognitive skills and was preferred to actual assessment scores because of the possibility of 
collinearity with the index of performance decline. In model (2), we estimate the relationship between the education completion at 25 
and the set of behavioural indicators of PSEC Q (performance decline, inconsistency, non-response, non-differentiation), when ac
counting for self-reported measures of PSEC. For Denmark and Switzerland, model (2) includes a self-reported index perseverance (u), 
obtained from students responses to questions that were administered as part of an optional Cross-Curricular Competences ques
tionnaire (CCC) in PISA 2000 (see Supple mentary Online Annex M). For Australia, the only self-reported measure of PSEC available is 
the effort thermometer, so model 2 for Australia includes this measure as additional control. No self-reported measure of PSEC is 
available for Canada. Results are similar when we fit logistic regression models and consider odds ratios. However, since we are 
interested in comparing estimates across different models and across different countries, we decided to report estimates obtained using 
linear probability since it has been suggested that odds ratios cannot be compared meaningfully across samples and models (Mood, 
2010). 

5 In some test items respondents could obtain a partial credit, for example when the final response provided was incorrect (because of a typo or 
small calculation mistake) but the respondent correctly followed the procedure to solve an item. For simplicity and in line with most research in this 
area we coded these answers as 1 (correct). 
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Table 1a 
Individual level Pearson correlations between PSEC indicators.   

Self-reported 
lack of 
perseverance 

Self-reported 
lack of effort 
in test 

Difference in 
effort (PISA- 
marked) 

Non- 
response 

Non- 
differentiation 

Non- 
differentiation 
(more lenient) 

Inconsistency Performance 
decline 

Response 
time effort 
(3 s) 

Response 
time effort 
(5 s) 

Response 
time effort 
(10 s) 

Self-reported lack 
of 
perseverance 

1.00           

Self-reported lack 
of effort in test 

0.21*** 1.00          

Difference in effort 
(PISA- 
marked) 

0.10*** 0.69*** 1.00         

Non-response 0.07*** 0.08*** 0.02*** 1.00        
Non- 

differentiation 
− 0.07*** − 0.01* − 0.05*** 0.03*** 1.00       

Non- 
differentiation 
(more lenient) 

− 0.07*** − 0.01*** − 0.05*** 0.01*** 1.00*** 1.00      

Inconsistency 0.14*** 0.10*** 0.06*** 0.12*** − 0.33*** − 0.33*** 1.00     
Performance 

decline 
0.05*** 0.07*** 0.05*** 0.01*** 0.05*** 0.05*** − 0.00 1.00    

Response time 
effort (3 s) 

0.01* 0.05*** 0.02*** 0.04*** 0.04*** 0.04*** 0.03*** 0.03*** 1.00   

Response time 
effort (5 s) 

0.03*** 0.06*** 0.04*** 0.06*** 0.09*** 0.08*** 0.05*** 0.05*** 0.74*** 1.00  

Response time 
effort (10 s) 

0.05*** 0.07*** 0.03*** 0.10*** 0.14*** 0.13*** 0.09*** 0.08*** 0.45*** 0.74*** 1.00 

Note: PISA 2012data. The number of individual level observations is 224 748 for results involving indicators obtained from the paper-based assessment and 59 190 for results involving indicators obtained 
from the computer-based assessment. All correlations are statistically significant at the 0.001 level, except for the one between response time effort (3 s) and self-reported lack of perseverance, and 
between self-reported lack of effort in test and non-differentiation at the 0.10 level. 
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Table 1b 
Individual level Spearman correlations between PSEC indicators.   

Self-reported 
lack of 
perseverance 

Self-reported 
lack of effort 
in test 

Difference in 
effort (PISA- 
marked) 

Non- 
response 

Non- 
differentiation 

Non- 
differentiation 
(more lenient) 

Inconsistency Performance 
decline 

Response 
time effort 
(3 s) 

Response 
time effort 
(5 s) 

Response 
time effort 
(10 s) 

Self-reported lack 
of 
perseverance 

1.00           

Self-reported lack 
of effort in test 

0.23 1.00          

Difference in effort 
(PISA- 
marked) 

0.13 0.72 1.00         

Non-response 0.11 0.1 0.01 1.00        
Non- 

differentiation 
− 0.06 − 0.03 − 0.06 − 0.02 1.00       

Non- 
differentiation 
(more lenient) 

− 0.06 − 0.03 − 0.06 − 0.02 1 1.00      

Inconsistency 0.11 0.08 0.06 0.12 − 0.4 − 0.4 1.00     
Performance 

decline 
0.06 0.07 0.04 0.05 0.04 0.04 0.01 1.00    

Response time 
effort (3 s) 

0.02 0.05 0.03 0.04 0 0.02 0.04 0.04 1.00   

Response time 
effort (5 s) 

0.03 0.05 0.02 0.06 0.05 0.05 0.07 0.06 0.54 1.00  

Response time 
effort (10 s) 

0.06 0.08 0.05 0.09 0.08 0.08 0.1 0.1 0.29 0.53 1.00 

Note: PISA 2012data. The number of individual level observations is 224 748 for results involving indicators obtained from the paper-based assessment and 59 190 for results involving indicators obtained 
from the computer-based assessment. All correlations are statistically significant at the 0.001 level. 
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3. Results 

3.1. Individual and country level correlations of PSEC indicators 

We provide country-level descriptive statistics for PSEC indicators in Supplementary Annex G Table G1 illustrates country-specific 
results for means, Table G2 illustrates country specific results for standard deviations and Table G3 reports country level correlations 
between different measures. In order to illustrate differences across countries in average levels of PSEC indicators we compare, for each 
indicator, if the country specific mean was in line, above or below the estimated mean across all the countries that took part in the 
analysis.6 Results indicate that at the country level the correlation between different PSEC indicators is weak. Countries with 
comparatively high mean levels on some indicators have comparatively low levels on other indicators. 

Table 1a and 1b indicate that individual level associations between different PSEC measures are generally weak although almost all 
associations are in the expected directions. Correlations are higher between the three self-reported measures: Pearson’s r = 0.21 and 
Spearman’s ρ = 0.23 between lack of perseverance and lack of effort in the PISA test; r = 0.69 and ρ = 0.72 between lack of effort in the 
PISA test and the difference between this measure and this measure in a hypothetical PISA test that counted towards their grade; and r 
= 0.10 and ρ = 0.13 between lack of perseverance and the difference in effort between the PISA low-stake condition and the hypo
thetical higher stake condition. 

Meta-analytic reviews of cross-method convergence of several psychological constructs have found weak correlations between 
informant-report and task measures (Meyer et al., 2001). Our estimates are comparable to some of Meyer’s result.. 

In Table 3 we present country-level Pearson correlations between each PSEC indicator measured in the PISA waves of 2012 and in 
2003 (for scatterplots see Supplementary Annex H) (see Table 2). We compute correlations for countries’ average scores and their 
ranking in each indicator. We also present correlations for the PISA indexes of sense of belonging and instrumental motivation, which 
we used as a benchmark of changes over time in self-reported constructs in a non-PSEC measure. Although successive cohorts of 
students might have different levels of PSEC, we do not expect large differences over a nine-year period. Absolute correlation co
efficients are all above 0.7 except for the non-reponse indicator (r = 0.452) and highlight a high degree of stability for measures that 
are based on different questionnaire and assessment instruments but that are aligned in terms of administration conditions and un
derlying framework. 

3.2. Differences across student background characteristics 

In Fig. 1 we present gender differences in the PSEC indicators for the average of the countries in our sample. Positive values indicate 
that females have higher z-values than males (and thus worse PSEC outcomes), while negative values indicate that males have higher z- 
values than females (and thus worse PSEC outcomes). Fig. 2 shows results by socio-economic status (positive values indicate worse 
PSEC outcomes for socio-economically advantaged students), and Fig. 3 results by immigrant background (positive values indicate 
worse PSEC outcomes for students without an immigrant background). Results on differences across gender, socio-economic back
ground and immigrant background for the full set of countries with available data can be found in Tables I2, J2 and, K2 in the 
Supplementary Online Annex. 

On average, the gender gap in the standard self-reported lack of perseverance, although statistically significant, is quantitatively 
very small: 15-year-old female students report slightly more lack of perseverance than 15-year boys (d = 0.03). By contrast, on all the 
behavioural indicators, females displayed lower overall z scores than males (i.e. had better PSEC outcomes). In the questionnaire, they 
were less likely than males to provide inconsistent response patters (d = − 0.11), to fail to provide answers (d = − 0.11) and to provide 

Table 2 
Correlations between country level PSEC indicators measured in PISA 2003and PISA 2012   

Absolute correlation Rank correlation 

Self-reported lack of effort in test 0.842 0.755 
Difference in effort (PISA-marked) 0.86 0.704 
Non-response 0.282 0.525 
Non-differentiation 0.845 0.848 
Inconsistency 0.897 0.88 
Performance decline 0.405 0.526 
Instrumental motivation 0.945 0.945 
Sense of belonging at school 0.714 0.724 

Note: PISA 2012and 2003 data. Absolute correlations for Non-response and Performance decline were computed after 
removing two countries that were outliers in 2012 (Norway for non-response and Brazil for Performance decline). 
Figures G1 to G12 in the Supplementary Online Annex illustrate the correlations between indicators measured in 2003 and 
in 2012. 

6 In PISA 2000, the PISA index of Economic Social and Cultural Status (ESCS) had not yet been developed, so instead, we use three indicators that 
were available at the time – the one of parental highest educational attainment, highest occupational status and cultural possessions at home. These 
three are almost identical to the three indicators that are used to construct the ESCS index (only the indicator of home possessions differs slightly). 
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Table 3 
The relationship between PSEC indicators and achievement.  

Indicator Model Reading Math Science Collaborative problem-solving 

b sig Adjusted R-squared b sig Adjusted R-squared b sig Adjusted R-squared b sig Adjusted R-squared 

Self-reported lack of perseverance A − 0.14 *** 0.0069 − 0.17 *** 0.007 − 0.16 *** 0.0056 − 0.14 *** .0075 
B − 0.11 *** 0.3 − 0.13 *** 0.31 − 0.11 *** 0.3 − 0.10 *** .19 

Self-reported lack of effort in test A − 0.13 *** 0.0000024 − 0.10 *** 0.0014 − 0.11 *** 0.00072 − 0.09 *** 0.000015 
B − 0.11 *** 0.26 − 0.10 *** 0.26 − 0.10 *** 0.26 − 0.10 *** .18 

Difference in effort (PISA-marked) A − 0.02 *** 0.0083 − 0.02 *** 0.0098 − 0.02 *** 0.0096 − 0.03 *** .00095 
B − 0.04 *** 0.26 − 0.05 *** 0.26 − 0.05 *** 0.25 − 0.06 *** .17 

Non-response A − 0.37 *** 0.07 − 0.33 *** 0.062 − 0.34 *** 0.066 − 0.34 *** .049 
B − 0.27 *** 0.33 − 0.26 *** 0.33 − 0.27 *** 0.33 − 0.27 *** .21 
C − 0.32 *** 0.33 − 0.32 *** 0.33 − 0.32 *** 0.33 − 0.33 *** .22 

Non-differentiation A − 0.14 *** 0.036 − 0.09 *** 0.023 − 0.11 *** 0.029 − 0.12 *** .011 
B − 0.10 *** 0.32 − 0.08 *** 0.31 − 0.09 *** 0.31 − 0.10 *** .2 
C − 0.13 *** 0.32 − 0.09 *** 0.32 − 0.11 *** 0.32 − 0.12 *** .2 

Inconsistency A − 0.14 *** 0.014 − 0.13 *** 0.013 − 0.13 *** 0.011 − 0.13 *** .024 
B − 0.09 *** 0.31 − 0.10 *** 0.31 − 0.09 *** 0.31 − 0.10 *** .2 
C − 0.08 *** 0.31 − 0.09 *** 0.31 − 0.07 *** 0.31 − 0.09 *** .2 

Performance decline A − 0.15 *** 0.0027 − 0.14 *** 0.00093 − 0.14 *** 0.0016 − 0.18 *** .0076 
B − 0.13 *** 0.31 − 0.12 *** 0.31 − 0.12 *** 0.3 − 0.15 *** .2 
C − 0.12 *** 0.31 − 0.12 *** 0.31 − 0.12 *** 0.31 − 0.14 *** .2 

Response time effort (5 s) A − 0.19 *** 0.021 − 0.16 *** 0.016 − 0.18 *** 0.017 − 0.23 *** .032 
B − 0.15 *** 0.21 − 0.13 *** 0.19 − 0.15 *** 0.19 − 0.20 *** .18 
C − 0.13 *** 0.2 − 0.12 *** 0.19 − 0.14 *** 0.2 − 0.19 *** .18 

Notes: The number of observations in models A and B testing the significance of self-reported indicators for math, science and reading is: 247 598 (self-reported lack of perseverance) 340 096 (self-reported 
lack of effort) and 340 096 (difference in effort (PISA-marked). For collaborative problem-solving it is: 150 252 (self-reported lack of perseverance) 210 212 (self-reported lack of effort) and 210 212 
(difference in effort (PISA-marked)). 
Models B and C control for students’ school grade, age, gender, socio-economic status, immigrant background and linguistic background. For indicators obtained from the paper-based assessment, the 
number of observations is 375 657 in models A and B and 247 598 in model C for math, science and reading (227 316 in models A and B and 150 252 in model C for collaborative problem-solving). For the 
indicator obtained from the computer-based assessment, the number of observations is 48 502 in A and B and 31 982 in model C for math, science and reading (48 502 in A and B and 31 982 in model C). 
sig= significance level *p < 0.05, **p < 0.01, ***p < 0.001. 
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undifferentiated responses (d = − 0.19). Among test based behavioural indicators, females displayed, on average, less steep perfor
mance decline than males (d = − 0.07) and were less likely to skip rapidly or guess an answer in the computer-based assessment (d =
− 0.12). 

Gender differences varied significantly across countries and indicators. Variability across countries in gender gaps was particularly 
pronounced for the self-reported lack of perseverance indicator and less pronounced for the performance decline indicator, although a 
number of outlier countries could be identified. These results suggest that on all behavioural dimensions males appear to have lower 
PSEC outcomes than females. However, when examining self-reports, males report similar levels of PSEC as females, except for effort 
expended on the PISA test, indicating an awareness of lower behavioural involvement in the survey. The gender gap in this indicator is 
similar in size to the behavioural indicators. 

Fig. 2 indicates that socio-economically disadvantaged students see themselves as less perseverant than socio-economically 
advantaged students. On average across countries in our sample the difference between the two groups in the self-reported lack of 
perseverance indicator corresponds to a medium size gap (d = − .28). However, both groups report having expended a similar amount 
of effort on the PISA test (d = 0.01; p ≥ 0.05). On average, socio-economic differences in behavioural indicators of PSEC exist but are 
smaller than gaps in self-reported lack of perseverance (d = − 0.12 for self-reported difference in effort between PISA and a graded PISA 
test; d = − 0.019 for item non-response; d = − 0.07 for non-differentiation; d = − 0.11 for inconsistency; d = − 0.09 for performance 
decline and d = − 0.012 for response time effort). 

Country rankings differ greatly depending on which indicator is considered. 
Fig. 3 indicates that there are no differences between students with and those without an immigrant background in self-reported 

lack of perseverance (d = − 0.03) and the questionnaire-based behavioural indicator of non-differentiation (d = 0.01). However, 
immigrant students have higher mean values on behavioural indicators based on questionnaire items (d = 0.18 for non-response and d 
= 0.17 for inconsistency). The difference between immigrant and non-immigrant students in performance decline is small (d = 0.06) 
and highest for the response time effort indicator (d = 0.27). 

In many OECD countries students without an immigrant background indicate that they are less perseverant than immigrant stu
dents, although on behavioural indicators students with an immigrant background have lower PSEC values than students without such 
background, a possible reflection of their lower language abilities. 

Fig. 3 shows that gaps varied significantly across countries and indicators. 

Fig. 1. Gender differences in PSEC indicators. Notes: The gender gap refers to the difference between females and males. A negative number implies 
that females have lower mean values than males. A positive value implies that females have higher mean values than males. An asterisk (*) next to 
an indicator name indicates that the estimated d value is statistically significant at least at the 5% level. Data for all countries in the sample can be 
consulted in Table H2 in the Online Supplementary Annex. Source: PISA 2012data. 
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3.3. Relationship with contemporaneous academic achievement 

In Table 3 we report average findings across countries in our sample on the association between each achievement domain in PISA 
(reading, mathematics, science and problem solving) and each indicators of PSEC. Table 3 suggests that all indicators of PSEC are 
negatively associated with contemporaneous achievement in reading, mathematics, science and domain general problem solving. 
Introducing background characteristics generally reduces the association between PSEC indicators and contemporaneous achievement 
but the reduction is small. On average, across countries in our sample, a change in one SD in the self-reported lack of perseverance is 
associated with a change of 14% of a SD in reading, 17% SD in math, 16% SD in science and 14% SD in problem solving performance. 
The questionnaire-based behavioural indicator of item non-response is the PSEC measure that is most strongly associated with 
contemporaneous academic achievement: a change of one SD in non-response is associated with a change of 37% of a SD in reading, 
33% SD in math, 34% SD in science and 34% SD in problem solving performance. The association between the other questionnaire- 
based PSEC measures of non-differentiation and inconsistency is smaller: i.e. a change in one SD in these measures is associated with a 
change of between 8% of a SD and 19% of a SD depending on the achievement domain considered. 

Results in Model C of Table 3 suggests that estimated associations between behavioural indicators and achievement are robust to 
the introduction of self-reported measures (i.e. standardised regression coefficients remain similar in size and statistically significant). 

In Fig. 4 we illustrate the average strength of the association between PSEC indicators and mathematics achievement accounting for 
control variables (as in model B above). Tables for the full sample of countries and the associations of PSEC indicators with all other 
PISA domains (mathematics, reading, science and problem solving) are available in Tables L1-L4 in the Supplementary Online Annex. 
Results suggest that associations vary considerably across countries but also for the same country across different indicators. Moreover, 
relative country rankings depend, to an extent, on the specific indicator used and that the same country can be considered to be above, 
in line, or below the average depending on the indicator analysed. 

3.4. Predictive validity of PSEC indicators of outcomes in young adulthood 

Table 4 presents estimates on the relationship between PSEC indicators and upper secondary and tertiary attainment, net of 

Fig. 2. Socio-economic differences in PSEC indicators. Notes: The socio-economic (SES) gap refers to the difference between socio-economically 
advantaged and socio-economically disadvantaged students. PISA contains an aggregate SES measure based on students’ reports on their par
ents’ educational attainment, occupational status and availability of economic and cultural resources in their home. Advantaged students are 
students in the top 25% of the country specific distribution of SES. Disadvantages students are students in the bottom 25% of the country specific 
distribution of SES. A negative number implies that advantaged have lower mean values than disadvantaged students. A positive value implies that 
advantaged have higher mean values than disadvantaged students. An asterisk (*) next to an indicator name indicates that the estimated d value is 
statistically significant at least at the 5% level. Data for all countries in the sample can be consulted in Table I2 in the Online Supplementary Annex. 
Source: PISA 2012data. 
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controls. Coefficients associated with the PSEC indices measure the change in the probability of completing upper-secondary education 
and university by age 25 as a function of a change in one standard deviation in PSEC indicators.7 The results indicate that performance 
decline is associated with university completion in three out of four countries: in Australia and Switzerland, students with similar 
characteristics and performance who had a one SD greater decline in performance in the PISA test in 2000 had a 7 percentage point 
lower probability of completing university by age 25 and in Canada they had a 13 percentage points lower probability. By contrast, a 
difference of one SD in the self-reported lack of perseverance index was associated with a change of 5 percentage points in the 
probability of completing university by age 25 in Denmark, and 4 percentage points in Switzerland. Among questionnaire-based 
behavioural indicators, the non-differentiation indicator is not associated with university completion in any of the countries ana
lysed. Inconsistency is associated with university completion in Canada and Switzerland, while non-response is associated with uni
versity completion in Denmark and Switzreland and with upper secondary completion in Canada. Indicators of PSEC are less strongly 
associated with upper secondary school completion than university completion: performance decline is the only indicator that is 
associated with the probability that individuals will complete upper secondary school in at least two countries (Denmark and 
Australia). 

Table 5 presents results on the relationship between behavioural PSEC indicators and later life outcomes controlling for self- 
reported PSEC indicators. The table shows that the association between performance decline and educational outcomes at age 25 is 
statistically significant, quantitatively moderate and robust to the inclusion of self-reported measures of PSEC. Furthermore, models 
that include the performance decline measure are the ones with the highest explained variance overall and best model fit. We only 
present the outcome of regressions accounting for the PISA index of perseverance for Denmark and Switzerland and self-reported effort 
for Australia, but results were similar when we control for any self-reported measure of PSEC and they are available from authors upon 
request. 

4. Discussion 

This study provides a comprehensive evaluation of the indicators of PSEC that can be derived by examining students’ behaviour 
when completing the PISA cognitive tests and questionnaires. A first contribution of the study consists in demonstrating that these 

Fig. 3. Differences by immigrant background in PSEC indicators. Notes: The immigrant gap refers to the difference between students with and 
students without an immigrant background. A negative number implies that immigrant students have lower mean values than students without an 
immigrant background. A positive value implies that immigrant students have higher mean values than students without an immigrant background. 
An asterisk (*) next to an indicator name indicates that the estimated d value is statistically significant at least at the 5% level. Data for all countries 
in the sample can be consulted in Table I2 in the Online Supplementary Annex. Source: PISA 2012data. 

7 The standardization of PSEC indicators is based on the pooled SD of each indicator based on 2012 data. 

F. Borgonovi et al.                                                                                                                                                                                                     



Social Science Research 112 (2023) 102874

15

measures are only limitedly affected by the use of different administration protocols or instruments. Our findings show that country 
differences in the behavioural measures tend to be relatively stable over successive cycles of the survey. 

The results of this study confirm previous findings on the existence of considerable differences in measures of socio-emotional and 
motivational measures both across and within countries. Behavioural measures indicate that boys have lower levels of PSEC than girls, 
while boys tend to report that they are more perseverant. Socio-economically disadvantaged students tend to report lower levels of self- 
reported perseverance, but the gaps between the two groups of students are less marked according to behavioural indicators. These 
differences across the two sets of measures suggest that self-reports partly reflect subjective judgments that are influenced by gender 
and socio-economic status. 

The behavioural measures of PSEC are also found to be strongly correlated with achievement across all PISA domains, and this 
correlation is robust to the inclusion of self-reported measures. A novel finding based on longitudinal data from four countries is that 
some measures of students’ behaviour on the test, such as performance decline, are also strongly associated with life outcomes ten 
years after the test. 

Our work suggests that behavioural measures can contribute meaningful additional information to system level monitoring despite 
the fact that they are constructed as collateral by-products of the testing process. However, these measures should not be considered as 
replacements for self-report measures. The low correlation between behavioural and self-report measures we document in this study is 
in line with recent meta-analyses for several constructs (Dang et al., 2020), and suggests that the two sets of measures are not 
equivalent. The behavioural measures can be conceptualised as measures of “state” because they measure facets of PSEC in the moment 
and in the specific and highly structured context of test-taking. On the other hand, self-report measures can be interpreted as measures 
of “trait” PSEC because they ask test participants to reflect on how they usually act and feel across a variety of unstructured, real-life 
situations (Steinberg and Williams, 2013). If the measurement of traits is favoured by personality theories, such as McClelland’s theory 
(McClelland et al., 1953), other theoretical perspectives such as the social-cognitive perspective (Pintrich et al., 1993) argue for the 
context-specificity of socio-emotional and motivational constructs, and thus for measuring individuals’ states and behaviours in 
different contexts. Students may be predisposed toward a certain level of persistence (persistence as a trait), yet they may also 
transiently display different levels of persistence based in different circumstances (persistence as a state). Given the clear conceptual 
difference between states and traits, self-report and behavioural measures may explain incremental variance above each other, as 
confirmed in the analyses of predictors of test performance and predictors of education outcomes at age 25 in this paper. On the basis of 
these findings, we argue that the two sets of measures are complementary and both should thus inform student and country-level 
monitoring systems. 

Fig. 4. Associations between PSEC indicators and mathematics achievement. Notes: An asterisk (*) next to an indicator name indicates that the 
estimated coefficient is statistically significant at least at the 5% level. A dark shade indicates that the estimated association for a specific country is 
statistically significantly above the average for that indicator across the countries with available information (p ≤ 0.05). Data for all countries in the 
sample can be consulted in Table K1 in the Online Supplementary Annex and data for other PISA outcomes can be consulted in Tables K2-K4. 
Source: PISA 2012data. 
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Another possible explanation for the low correlation between the measures reviewed in this study is measurement error. There is 
evidence that behavioural measures have relatively large trial-by-trial variations even in experiment studies (Dang et al., 2020; Rouder 
and Haaf, 2019). One limitation of this study is that the cross-sectional nature of the data only allows investigating the stability of the 
measures at the country-level, while a more comprehensive analysis of reliability would require taking repeated observations for the 
same students. 

A further limitation of this study is that the evidence argument to support the use of the behavioural measures of PSEC for 
comparing countries is fully based on their correlation with other measures of PSEC (self-report measures) and with measures of 
educational outcomes (performance in the PISA test and completion of higher education). Given the relatively weak theoretical 
foundations of these measures, it would be important to develop other types of validity evidence. Further validation could be based on 

Table 4 
The predictive power of PSEC indicators with respect to university and upper secondary school completion.  

Indicator Outcome Denmark Switzerland Australia Canada 

(N = 1192) (N = 1948) (N = 3196) (N = 5863) 

b Adjusted R 
squared 

b Adjusted R 
squared 

b Adjusted R 
squared 

b Adjusted R 
squared 

Performance decline Upper 
secondary 

− 0.045* .0814 − 0.047 .0611 − 0.0093** .0496 − 0.027 0.039 

University − 0.066 .148 − 0.074*** .125 − 0.070* .205 − 0.132*** 0.20 
Inconsistency Upper 

secondary 
− 0.062 .0949 − 0.027 .054 − 0.015 .051 − 0.009 0.036 

University − 0.012 .139 − 0.031* .111 0.011 .187 − 0.025* 0.18 
Non-response Upper 

secondary 
− 0.053 .0811 0.023 .0499 − 0.028 .0535 − 0.036* 0.042 

University − 0.050* .143 − 0.072*** .115 − 0.014 .187 − 0.034 0.18 
Non-differentiation Upper 

secondary 
0.0049 .0729 0.0052 .0487 − 0.012 .05 0.003 0.035 

University 0.015 .139 − 0.022 .107 − 0.0015 .187 0.014 0.18 
Self-reported lack of 

perseverance 
Upper 
secondary 

− 0.017 .0754 0.015 .0512     

University − 0.049* .149 0.037* .116     
Self-reported of lack of 

self-efficacy 
Upper 
secondary 

− 0.023 .077 0.017 .0507     

University − 0.050 .149 0.017 .108     
Self-reported of lack of 

instrumental 
motivation 

Upper 
secondary 

0.0058 .0731 0.026 .0546     

University − 0.0040 .139 0.033* .112     
Self-reported of lack of 

control 
expectations 

Upper 
secondary 

− 0.0052 .0731 0.024 .0539     

University − 0.044 .147 0.044** .117     
Self-reported lack of 

effort in text 
Upper 
secondary     

− 0.016 .0534   

University     0.0078 .187   

Notes: Denmark: PISA 2000-PIAAC 2012 link. Switzerland: PISA 2000-TREE 2010 follow-up. Australia: PISA 2003- LSAY 2013. Canada: PISA 2000- 
YITS 2010. 
*p < 0.05, **p < 0.01, ***p < 0.001. 

Table 5 
The incremental predictive power of behavioural PSEC indicators.  

Indicator Outcome Denmark Switzerland Australia 

(N = 1192) (N = 1948) (N = 3196) 

B Adjusted R squared B Adjusted R squared b Adjusted R squared 

Performance decline Upper secondary − 0.043* .0823 − 0.046 .0627 − 0.0074 .0545 
University − 0.059 .156 − 0.071*** .133 − 0.072* .206 

Inconsistency Upper secondary − 0.061 .096 − 0.025 .0553 − 0.014 .0563 
University − 0.0088 .149 − 0.025 .118 0.011 .187 

Non-response Upper secondary − 0.050 .0821 0.027 .0527 − 0.026 .0587 
University − 0.042 .151 − 0.063** .122 − 0.015 .187 

Non-differentiation Upper secondary 0.0047 .0747 0.0096 .051 − 0.012 .056 
University 0.014 .149 − 0.012 .116 − 0.0013 .187 

Notes: Denmark: PISA 2000-PIAAC 2012 link. Switzerland: PISA 2000-TREE 2010 follow-up. Australia: PISA 2003- LSAY 2013. Canada: PISA 2000- 
YITS 2010. 
*p < 0.05, **p < 0.01, ***p < 0.001. 
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small-scale, multi-modal studies where the evidence on engagement from the log data is triangulated with other evidence based on 
direct observation of students’ facial or body expressions during the test, self-reports from concurrent and retrospective interviews, or 
with evidence from eye-tracking or electroencephalogram (EEG) devices (Apicella et al., 2022). 

Appendix A. Supplementary data 

Supplementary data to this article can be found online at https://doi.org/10.1016/j.ssresearch.2023.102874. 
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