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Background 

 Student academic motivation is an important determinant of school performance (e.g. 

Fortier et al., 1995) and one of the key concerns of both teachers and parents worldwide. Most of 

the research, however, lacks an international perspective and it has ignored the fact that students 

in different cultures may have a different understanding of concepts such as effort and academic 

motivation (Elliot and Bempechat, 2002).  

One important challenge of international and group comparisons of the academic 

motivation of students is that comparisons of self-reported measures can be biased if respondents 

differ in their use and interpretation of the different scales in the provided self-reported 

questions. This issue, which has been referred in the literature as reference group bias, is an 

important problem that has been mostly ignored in most education research. Building on our 

prior work, described in Vonkova et al. (2018), we study the use of the anchoring vignettes 

method for enhancing comparability of student self-reports of academic motivation across 

countries and across groups defined by gender.  

Related recent literature emphasizes the role that non-cognitive or character skills related 

to conscientiousness (willingness to work hard), self-control, and perseverance have in 

determining students’ academic success and STEM outcomes (see, Almlund et al., 2011; Weel, 

2008; Heckman, Stixrud, and Urzua, 2006; Aryee, 2017). Importantly, these non-cognitive skills 

have been shown to be malleable (see e.g. Alan, Boneva, and Ertac, 2019) and they could 

mediate the effect of academic motivation on student outcomes (see, e.g. Richardson and 

Abraham, 2009). However, measuring non-cognitive skills can be also challenging due to the 

fact that self-reports of these skills can also be affected by multiple types of bias (e.g. reference 

group bias and social desirability bias; see Duckworth and Yeager, 2015). An alternative approach 

recently proposed in the literature is to use measures of survey and test effort as alternative measures 

of non-cognitive skills related to conscientiousness (Soland et al., 2019).  

In this project, we also study how reported achievement motivation relates to task-based 

measures of students’ non-cognitive skills related to conscientiousness based on the effort put 

forward on the survey and test that are part of the PISA assessment, and whether these non-

cognitive skills could mediate the observed relationships between academic motivation and 

student STEM outcomes. 

Research Questions 

1) Can anchoring vignettes help improve comparability of self-reported measures of 

academic motivation across countries and within countries by gender?  

2) How does academic motivation relate to Math and Science interest and performance? 

Does this relationship vary across countries? Does it vary by gender within countries? 

3) How does academic motivation relate to performance-task measures of student’s non-

cognitive skills related to conscientiousness based on the effort put forward in the PISA 

assessment? Do these non-cognitive skills mediate the relationship between academic 

motivation and STEM outcomes? 

 

Data Collection and Analysis 

 Our project uses data from PISA (2015). PISA is a triannual survey which evaluates how 

well 15-year-old students are capable of using their knowledge and skills to meet real-life-



challenges in the areas of mathematics, reading, and science. The number of participants in 2015 

was about 570,000 students from 72 countries and economies.  

PISA (2015) is ideal for our project. Firstly, the student questionnaire included measures 

of student academic motivation along with anchoring vignettes. To correct self-reported measures 

of students’ motivation, we follow Vonkova et al. (2018) and employ the parametric model of the 

anchoring vignettes method, introduced by King et al. (2004) as the Compound Hierarchical 

Ordered Probit (CHOPIT) model. Secondly, PISA (2015) was the first time that students were 

asked to perform the assessment in the computer and a result, we have information on response 

times for each question in the PISA test. Item response times are used to identify rapid guessing 

rates, i.e. instances of responses that were provided so quickly that the item’s content probably 

could not have been understood (Lee & Jia, 2014; Rios et al., 2016; Wise & Kong, 2005). Finally, 

the PISA test is followed by the PISA student questionnaire which we use to build measures of 

survey effort. In particular, we follow Hitt et al. (2016) and Zamarro et al. (2018) to build item 

non-response rates, i.e. proportion of questions that students skipped out of the total of questions 

that they were asked to answer.  

For our STEM-related outcomes, we use information about math and science 

performance in the PISA assessment and self-reported student interest in science. We then study 

the relationship between academic motivation and STEM outcomes following this model: 
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We run separate analysis for each country or economy included in the PISA 2015 assessment. 

_ iAcademic Motivation  is our main variable of interest. We perform separate regressions 

including raw self-reports of this variable, as well as corrected reports using the anchoring 

vignettes method. This allow us to assess the importance for our results of correcting for the 

differential use of reporting scales across students. We pay special attention to understanding the 

source of gender differences in STEM outcomes by including a gender dummy variable in the 

analysis as well as interactions between student’s academic motivation and gender. Finally, 
iX  

include important socio-economic controls like immigrant status, socio-economic status of the 

family, type of school the student is attending (i.e. public, private), urbanicity, or whether the 

student has been retained. Standard errors are clustered at the school level to take into account 

the fact that we have multiple students in the sample attending the same schools.  

To study the mediating role of students’ conscientiousness, proxied through survey and 

effort, we add an interaction term between academic motivation and different measures of 

students’ effort in the PISA assessment. 

Results 

Our results so far highlight the importance and potential of anchoring vignettes methods to 

improve the comparability of student motivation measures across cultures and gender groups. 

Conclusions 

This project’s contribution to the literature is twofold. Firstly, we provide a methodological 

contribution improving the comparability of academic motivation measures by using anchoring 

vignettes methods. Secondly, we provide an empirical contribution by studying the relationship 

between academic motivation, non-cognitive skills related to conscientiousness, and science-

related outcomes.  
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