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Abstract 

This study investigates measurement invariance of the mathematics, science, and ICT scales 

across the 47 countries that participated in the PISA 2015 ICT Familiarity Questionnaire. 

Knowing whether the same constructs and measurements can be reliably compared across 

countries constitutes an important goal. The Alignment method is employed to test the 

measurement invariance of the three scales. The results show that mathematics and science 

scores are highly invariant and can be used to compare countries, whereas the ICT scale is 

mostly non-invariant and cannot be used to reliably compare ICT means across all participating 

countries. Implications and limitations are discussed. 
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1. Introduction 

It is undeniable that technology plays a large role in education across the world 

(Organization for Economic Co-operation and Development; OECD, 2015; Johnson et al., 2014). 

Thus, large international surveys like the Programme for International Student Assessment 

(PISA) have been measuring information and communication technology (ICT) across the 

participating countries. PISA ranks countries based on their academic performance, which is 

determined by the scores students get on measurements including mathematics, science, and 

reading (OECD, 2016). Researchers have also compared technology use between countries using 

PISA’s ICT Familiarity Questionnaire (Zhang & Liu, 2016; Meng, Qiu, & Boyd-Wilson, 2018; 

Aryadoust, 2020). Before making cross-cultural comparisons based on these scales, researchers 

need to be confident that variables are measured the same way between groups. This introduces 

the question of measurement invariance. The current exploratory study aims to probe 

measurement invariance in the ICT scales from PISA 2015 to ascertain whether they can be used 

for cross-country comparisons using the novel Alignment method provided by Asparouhov and 

Muthén (2014) as well as validating the Alignment method against the established invariant 

mathematics and science scores from PISA 2015. This robust, yet flexible method of invariance 

testing overcomes the main limitations of the traditional confirmatory factor analysis (CFA), 

such as comparing complex models across many groups. In comparison, CFA is a method for 

testing factor structure and relationships between observed variables and their latent constructs 

(Suhr, 2006). As suggested by Raudenská (2020), this alignment method should be widely 

considered by researchers for its advantages that will be discussed in this study. Establishing 

measurement invariance is important when researchers aim to include multiple countries in 

studies based on their scale scores. If this is not done, researchers may be unknowingly 
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comparing unrelated constructs and measures. Specifically, testing the measurement invariance 

of the ICT scale will establish whether or not students from all participating countries ca be 

compared based on their ICT interactions. The mathematics and science scales will be used to 

establish if the alignment method for determining measurement invariance is effective. 

We start by outlining the conceptual background of measurement invariance and the 

PISA scales, and we review the literature on the topic of ICT, mathematics, and science 

comparisons across countries. Following that, we outline our research question, the methods 

used to answer the question, and the results. Finally, we conclude by discussing the results, 

limitations, future directions, and implications. 

2. Conceptual Background 

2.1. Information and Communication Technology (ICT)  
ICT represents digital technology (e.g., computers, Internet connections, digital media, 

etc.) that is used for sharing and storing digital information and communicating with others 

(OECD, 2005). ICT includes the important feature of technology used for the purpose of 

communication and sharing (Murray, 2011; Daintith, 2009). ICT is defined by PISA as “the use 

of any equipment or software for processing or transmitting digital information that performs 

diverse general functions, whose options can be specified or programmed by its user” (OECD, 

2005). 

 Current ICT access is not consistent across countries (OECD, 2017a). For instance, only 

one in five European students attends a school with access to high-speed Internet (European 

Union, 2019a). Concomitantly, countries such as Russia have the potential to achieve more 

integrated ICT use (Dneprovskaya, Bayaskalanova, Ruposov, & Shevtsova, 2018). There is a 

great demand for ICT to be integrated into higher education. However, to date, there is a lack of 

governmental support and organization for this to happen. Moreover, Nordic countries such as 



Studies in Educational Evaluation, Dec 2020         https://doi.org/10.1016/j.stueduc.2020.100965 

4 
 

Finland continue to have better access to technology and be Digital Frontrunners, whereas others 

like Bulgaria remain Digital Challengers (European Union, 2019a, 2019b, 2019c; Ridao-Cano & 

Bodewig, 2018; Novak et al., 2018). Also, there seems to be a link between ICT and academic 

achievement, as Digital Frontrunner countries often have higher classroom achievement than 

Digital Challengers (Novak et al., 2018). 

2.2. Mathematics Literacy  
Mathematics literacy was the main focus in PISA 2012, but was also assessed in PISA 

2015, as it has been in all previous iterations of PISA. Many facets of modern life rely on one’s 

understanding of and ability to use mathematics (OECD, 2013). Mathematics content 

knowledge, mathematical reasoning, and use of mathematical tools are essential to succeed in 

today’s modern global society. For example, being able to estimate distances, managing 

finances, time management, and basic calculations are all tasks that rely on mathematics literacy 

and are performed daily by citizens. Mathematics literacy is united with scientific literacy as 

many of the skills are dependent on each other (National Mathematics Advisory Panel, 2008). 

2.3. Science Literacy  
Science literacy was the focus of PISA 2015, being extremely important for facing some 

of humanity's greatest challenges, such as reducing waste, global preventable diseases, and 

curbing climate change (United Nations Environment Programme; UNEP, 2019; CDC, 2019). It 

is important for citizens of our global society to have the scientific literacy skills to understand 

the legitimacy of these issues and be able to form educated opinions and partake in meaningful 

discussions (OECD, 2017a). A solid grasp on the scientific process and the ability to think 

scientifically is critically important in today’s age of ‘Fake News’ to give students a fighting 

chance to sift through the enormous amounts of claims and stories that will get their attention 

(van der Linden, Maibach, Cook, Leiserowitz, & Lewandowsky, 2017). 
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2.4. Measurement Invariance 

Comparing multiple groups has been a staple in social science research. However, this 

comparison becomes challenging when the scope expands to large-scale studies that use 

populous samples from separate countries as groups. In these cases, measurement invariance 

must be tested before comparisons of measures and scores can occur and before any cross-group 

or within country comparisons can be examined (Vandenberg & Lance, 2000). Measurement 

non-invariance occurs when the scores used to compare groups are not truly based on the 

intended construct, but rather on other variation due to factors such as time, methods, or culture 

(van de Vijver & Leung, 1997; Meade & Lautenschlager, 2004).  

The goal of measurement invariance studies is to establish whether or not the same 

construct is being measured across different groups. Thus, measurement invariance is necessary 

to establish before cross-group comparisons can occur (Vandenberg & Lance, 2000). 

Specifically, measurement invariance aims to test whether constructs represent the same 

underlying attributes and measured scores have the same meaning in different conditions or 

groups (Meade & Lautenschlager, 2004). Measurement invariance must be established before 

means from different groups can be compared or else the comparison would not be meaningful 

(Millsap, 2012). Traditionally, three levels of measurement invariance are used in studies: 

configural, metric, and scalar (Kline, 2015). Each level assumes the previous level of invariance. 

Configural invariance is the most basic level that indicates similar latent constructs for different 

groups. Metric, or weak, invariance requires factor loadings to be equal across groups as well as 

having better fit statistics over the previous model. If metric invariance is established, it allows 

for comparison of group-estimated factor variances using significance tests. Scalar, or strong, 

invariance requires factor loadings and intercepts to be equal across groups to be certain that 
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individuals from different groups respond the same way to a measure. If scalar invariance is 

established, then means can be compared validly across countries. 

A review of measurement invariance testing by Byrne and van de Vijver (2017) found 

that researchers acknowledge the need for measurement invariance tests for multiple group 

comparisons. However, the majority of studies only used two groups for comparison. The 

amount of studies further drops as the number of focal groups increases. In the literature, 

exploratory measures are being used without confirmatory measures and this is often paired with 

a lack of measurement invariance testing and weak validity arguments (Kane, 2013). 

Measurement invariance often goes unexamined for measures that intend to be used on 

populations from different cultures (Dong & Dumas, 2020). Identifying a consistency and 

generalizability in scores is an important step in comparing groups internationally. Schuler et al. 

(2014) examined measurement invariance in disease research and found that a significant amount 

of measurement non-invariance is present when using multiple group confirmatory factor 

analysis (MGCFA). However, the researchers recommend that more testing for measurement 

invariance is conducted, as scalar invariance is rarely established. MGCFA is used for cross-

group comparisons of a latent variable, while accounting for measurement invariance (Meredith, 

1993; Steenkamp & Baumgartner, 1998). However, if some of the examined variables are non-

invariant, then the user must exert considerable effort to make model modifications that allow for 

any comparisons (Muthén & Asparouhov, 2014). 

The Alignment method was proposed as a solution to estimate the means and intercepts 

of many groups, while allowing for some flexibility in measurement invariance. It outperforms 

multiple-group techniques, such as multiple-group Structural Equation Modelling (SEM), as it 

facilitates invariance testing with many groups (Asparouhov & Muthén, 2014). SEM can be 
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considered a combination of multiple regression and factor analysis that allows for the 

examination of multiple predictor and outcome variables simultaneously (Ullman & Bentler, 

2003). The Alignment option is a better choice than a CFA, because a CFA may fail due to many 

modification indices and poor scalar model fit. Full invariance is rarely achieved in large datasets 

due to troublesome modification indices and complicated models from releasing constraints. The 

Alignment method simplifies and automates invariance testing among groups with expected non-

invariance (e.g., culture in different countries; Muthén & Asparouhov, 2014; Byrne & van de 

Vijver, 2017). For example, Coromina and Bartolomé Peral (2020) used both CFA and 

Alignment methods to examine cross-cultural trust in government and concluded that the 

Alignment method was more flexible, realistic, and less restrictive than the traditional CFA 

method. Typically, using SEM to complete a CFA for multiple groups means making many one-

to-one comparisons, each requiring a baseline model, which would result in a lot of tedious work 

(Byrne & van de Vijver, 2017). 

2.5. The PISA ICT Scale 

Given that the PISA data are self-reported for the ICT indicator variables, they are 

subjective and may not accurately represent the true scores of the students. As such, ICT is an 

interesting subjective variable that requires investigation into its comparability across different 

countries. The ICT variables from the ICT Familiarity Questionnaire include nine self-reported 

Likert-subscales on a logit scale, where 0 represents the OECD average (OECD, 2014a). Each 

question measures a slightly different aspect of ICT use, availability, and comfort: ENTUSE 

(IC008) for ICT use outside of school leisure; HOMESCH (IC010) for ICT use outside of school 

for schoolwork; and USESCH (IC011) for use of ICT at school in general (OECD, 2017b; 

2014a). The COMPICT (IC009) scale is for students’ perceived ICT competence. AUTICT 
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(IC013) measures students’ perceived autonomy for ICT use. INTICT (IC015) captures students’ 

ICT interest. SOIAICT (IC016) measures students’ inclusion of ICT as a topic in social 

interaction. ICTSCH (IC014) measures ICT availability at school and ICTHOME (IC001) 

measures availability at home. Note here the possible issue of reference bias caused by 

translational differences in the ICT items (Heckman & Kautz, 2013). 

 

2.6. The PISA Mathematics and Science Scales 

PISA conceptualizes its construct of mathematical literacy as describing “the capacities 

of individuals to reason mathematically and use mathematical concepts, procedures, facts and 

tools to describe, explain and predict phenomena.” (OECD, 2017a). PISA assessments highlight 

the importance of understanding pure and abstract mathematical concepts as well as a student’s 

ability to apply these concepts in practice. Using mathematics to form judgements and decisions 

in the assessment is reflective of the role of mathematics in a citizen’s every-day life. PISA 

distills the mathematics domain into three aspects: identifying the mathematics component of a 

problem and solving it, the mathematics content knowledge necessary to test these skills, and the 

context of the mathematics problems.  

PISA explains that the focus of their scientific literacy measure is both science and 

science-based technology (OECD, 2017a). Science is the process of asking informed questions 

and methodically seeking the answers and comparing them against other answers, while science 

technology provides solutions to the problems raised in the process of scientific inquiry. They 

are both critical to scientific literacy. In PISA 2015, scientific literacy represents a student’s 

ability to “explain phenomena scientifically”, “evaluate and design scientific enquiry”, and 

“interpret data and evidence scientifically” in addition to content knowledge (OECD, 2017a). 
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The PISA assessment aims to understand students' ability to use a broad view of content 

knowledge to answer scientific questions that are important in our global society. 

3. Literature Review 

3.1 The Alignment Method 

Current reviews report that scalar or strict measurement invariance is most often 

established in age and gender groups for measurement tools, however this is rarely established in 

cross-cultural groups (Dong & Dumas, 2020). This produces measures that are being used to 

score groups other than the ones used to establish their standardized scores, which could cause 

biased and invalid results based on cultural groups (Guenole & Brown, 2014). Byrne and van de 

Vijver (2017) examined family functioning from the Family Value Scale from 27 countries. 

These researchers found that the Alignment method overcame the limitations from the more 

traditional CFA methods and found more trustworthy results for comparability between 

countries. Lamm, Do, Rodriguez, Scales, and Roehlkepartain (2019) tested the measurement 

invariance of the Developmental Asset Profile across 30 countries and found a mix of invariant 

and non-invariant parameters, which led them to the conclusion that some comparisons can 

reliably be made. Fischer, Praetorius, and Klieme (2019) used the Alignment method to find that 

the cross-country comparisons based on teaching quality are limited and the comparable factors 

vary depending on the country. Amérigo et al. (2020) successfully used the alignment method to 

establish scalar measurement invariance of the Multidimensional Environmental Concern Scale 

across different cultures. The authors note the flexibility and realistic assumptions of the method 

as commendable attributes for assessing measurement invariance. Throughout the literature, the 

PISA ICT scale has never been tested for measurement invariance using the Alignment method 

from Muthén and Asparouhov (2017). 
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3.2. ICT 

 Previous researchers have examined the measurement invariance of PISA’s ICT scales 

before testing and comparing various models. Meng, Qiu, and Boyd-Wilson (2018) established 

scalar measurement invariance for German and Chinese scores from PISA’s 2015 ICT scales. 

However, they only examined two countries and highlighted the need for validation studies of 

the instrument across countries and cultures. Zhang and Liu (2016) examined PISA ICT scales 

through multiple iterations and countries. In order to discuss comparisons, the researchers chose 

similar measures from year to year despite acknowledging that there were differences between 

iterations. Thus, measurement invariance needs to be established between different iterations of 

measurements delivered in PISA’s three-year increments. Aryadoust (2020) investigated 

measurement invariance of the information technology development index of the Pearson Test of 

English Academic reading assessment. Like many other researchers, they used MGCFA to test 

configural, metric, scalar, and structural invariance. Each country in the sample had a maximum 

of 470 participants and these were grouped into quartiles where the measurement invariance was 

then tested. The researchers established structural measurement invariance across the four 

groups. However, interpretations of these specific results are limited because they must be 

related back to the four groupings of countries, which are not identified.  

 

3.3. Mathematics and Science 

 As mentioned before, it is critically important to test measurement invariance across 

scales before making comparisons between groups, however this also stands for other scales such 

as the mathematics and science scales (He, Barrera-Pedemonte, & Buchholz, 2019). These 
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researchers remark on the comparison of countries by scales in PISA and Trends in International 

Mathematics and Science Study (TIMMS) data as well as on a lack of checking for measurement 

invariance prior to making comparisons. Again, MGCFA was used to establish metric invariance 

between cultures. He et al. (2019) call for more attention to testing measurement invariance of 

academic subjects such as the mathematics and science scales before using them for 

comparisons. Kalaycioglu (2015) examined and compared the relationships between SES, math 

self-efficacy, and math anxiety with math achievement in five countries in PISA 2012. 

Kalaycioglu (2015) determined that latent mean comparison was possible between these 

variables as they established partial scalar invariance with multiple group SEM. However, the 

invariance of the models as a whole is tested rather than the invariance of the separate PISA 

measures. The measurement invariance of the math achievement is not discussed, yet 

comparisons are made. In the 2015 PISA Technical report (OECD, 2017b), slope and differential 

item functioning parameters were constrained to establish metric invariance while testing their 

models for mathematics, science, reading, and financial literacy using IRT. With more 

constraints, the models become closer to scalar invariance. PISA is confident in their established 

measurement invariance for their mathematics and science literacy scales, as they use them as a 

major point of comparison and rank countries based on their mean scores. This provides us with 

an opportunity to evaluate other methods of measurement invariance testing using the same data. 

In sum, the literature shows that measurement invariance is not always rigorously 

examined and, when it is, the most common method used is an MGCFA. As concluded by Byrne 

and van de Vijver (2017), this is most often done properly in groups of two, while comparisons 

of multiple groups are much fewer. Before researchers make comparisons between groups, they 

need to be confident that either they or previous researchers have established the proper level of 
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measurement invariance. In the current study, we aim to do this for the ICT scale for all 

countries who participated, as well as for the mathematics and science measures for the same 

groups of participants who completed the ICT Familiarity Questionnaire. More information on 

the relationships among mathematics, science, and ICT is included in our prior research (Odell, 

Cutumisu, & Gierl, 2020). 

4. Research Questions 
Is the ICT Familiarity Questionnaire from PISA 2015 measurement invariant across 

participating countries? Is the Alignment method an effective tool for establishing measurement 

invariance in the mathematics and science scales from PISA 2015, which have already been 

validated as being scalar measurement invariant by OECD (2017b) using the IRT item-fit 

method (OECD, 2016)? It is critically important to establish measurement invariance in research 

that compares multiple countries, because the scales being examined need to measure the same 

constructs to be able to make confident comparisons. Specifically, the present research examines 

whether the ICT, mathematics, and science scales from PISA 2015 are measurement invariant 

across the participating countries. We advance several hypotheses.  

Hypothesis 1: The Alignment method will confirm measurement invariance of the 

mathematics and science scales that has been established by PISA 2015, which confirms that it 

can be used as a useful test of invariance in similar situations. The mathematics and science 

scales have benefitted from more attention, development, and improvement over the many PISA 

iterations than the ICT scales in comparing different cultures (OECD, 1999, 2003, 2006, 2009, 

2013, 2017a).  

Hypothesis 2: The PISA 2015 ICT scale would not be completely measurement invariant 

across participating countries, because the ICT Familiarity Questionnaire is a less developed 

scale than mathematics and science. PISA does not provide ranked comparisons of countries 
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based on their ICT scores in the way it provides a ranked list of participating countries based on 

their mathematics and science performance, which can only be done once scalar invariance is 

established.  

Similar to our goals, McLarnon and Romero (2020) used the Alignment Method 

(Asparouhov & Muthén, 2014) to examine the measurement invariance of an existing 

questionnaire that has been used across many countries. These researchers found limitations in 

comparability of scores across countries, which implies other measures may not have been 

validated for cross-cultural comparisons. 

5. Methods 

5.1. Data Source 

PISA is a large collection of surveys that aim to test the content knowledge and 

applicability of knowledge of young students in many countries (OECD, 2016). A main goal of 

PISA is to assess the learning quality and equity across different groups to inform educators and 

policy. This research employs publicly-available data from the 2015 PISA database that contains 

approximately 540,000 students from 72 countries. Content specialists and measurement experts 

help design PISA to test the applicability of students’ learning (OECD, 2017b). Additionally, the 

surveys are used to measure other variables related to education such as involvement with ICT, 

which constitutes the focus of this research. It is worth noting that, in PISA 2015, there was a 

move to include computer-based assessments where possible. Jerrim et al. (2018) explored the 

possibility that this change in mode would reduce the comparability between countries. 

However, the authors concluded that PISA demonstrates good comparability of the computer-

based and paper-based assessments. The test items are delivered as paper or computer-based 

questionnaires and quizzes every three years. The data used for this research include the ICT 
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Familiarity Questionnaire (OECD, 2014a) and the Student Questionnaire (OECD, 2014b) from 

47 participating countries. These scales were all collected using computer-based questionnaires. 

5.2. Sample Description 

The sample for the final SEM consisted of n = 11,810 students who attended school part-

time or full-time in their countries (OECD, 2016; 2017b). The sample for the mathematics and 

science Alignment models were n = 369,450 and the sample for the ICT Alignment model was n 

= 332,522. The age of the students ranges from 15 years and 3 months to 16 years and 2 months. 

Participants were randomly chosen within their cluster sample of schools. Weighting variables 

were used to compare students from different schools, with the aim to equally represent 

participants. Countries chose whether to participate in the ICT Familiarity Questionnaire. In 

PISA 2015, only 47 countries had their students complete all sections of this additional 

questionnaire. The different participating countries have a wide array of economic and 

technological strength. The Growing United: Upgrading Europe’s Convergence Machine report 

by the World Bank on the European Union was used to identify where on the scale some of the 

countries landed (Ridao-Cano & Bodewig, 2018). This report uses PISA and economic data to 

determine the divides that exist among European countries. 

5.3. Measures 

Information was collected from the students on their interactions with ICT as well as on 

their competence in mathematics and science. All measures used in this research were obtained 

from the PISA 2015 database mathematics and science plausible values and the nine ICT 

subscales from the ICT Familiarity Questionnaire. The structure of these three measures is 

discussed in the following paragraphs. 
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 5.3.1. ICT 

For the nine ICT subscales, students answered a set of items like, “How often do you use 

digital devices for the following activities at school.” They were then presented with a list 

including websites, computers, simulations, and more. Responses were given on a 5-point 

ordinal scale with options from 1 = Never or hardly ever to 5 = Every day. Images of these scales 

are available in Appendix A. The availability subscales were indices calculated as the sum across 

all their comprising availability items, while the others were scaled indices computed based on 

IRT. Cronbach’s alpha (α) is calculated by OECD and recorded for each subscale to compare 

internal consistencies between countries (OECD, 2017b). A value of 1 signifies perfect internal 

consistency, while a value of at least 0.7 indicates acceptable internal consistency. These 

variables are briefly described below and Appendix A shows examples of each subscale. A full 

list of scale reliabilities for all participating countries is included in Table 16.64 of the 2015 PISA 

Technical Report (OECD, 2017b). 

5.3.2. Mathematics and Science 

To measure mathematics and science, different groups of students were given cognitive 

performance tests including similar sets of parallel, overlapping items from a total pool of 82 

mathematics or science items (OECD, 2017b). PISA compared students’ performance scores 

using Item Response Theory (IRT) to account for several challenges (Mislevy, Beaton, Kaplan, 

& Sheehan, 1992). Specifically, PISA uses complex sample designs (i.e., including unequal 

probabilities and stratifications) that must be taken into account when approximating scores. 

Distilling many test statistics into fewer plausible values enables researchers to add scores to 

their analyses rather than performing more advanced statistics to make the same comparisons. 

The IRT provides an improved estimation, even if the marginal analysis is not ideal. PISA 
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calculated ten plausible values for each student in both subjects “using information from the 

student context questionnaire in a population model” (OECD, 2017b, p. 128). These values were 

based on students’ mathematics and science performance as well as other student background 

information. For all OECD participants the variable scales were on a scale of 0 to 1000 with a 

mean of 500 and a standard deviation of 100.  

 

5.4. The Alignment Method 

This method can be based on either maximum-likelihood estimation (MLE) or Bayes 

estimation and can be performed with either free or fixed estimation. Free Alignment is 

suggested by Asparouhov and Muthén (2014) as a better option than fixed Alignment, but it is 

possible that the model will not be identified. If that is the case, then fixed Alignment should be 

used. The difference between the two is that either all factor loadings and intercepts are freely 

estimated or one group is selected to have a factor mean set to 0 and an intercept set to 1. Free 

estimation allows more bias overall across all the parameters and works best when there is about 

10% to 20% of non-invariant parameters. Muthén and Asparouhov (2014) provide an acceptable 

cutoff of 25% as the maximum amount of non-invariance allowed. 

Alignment minimizes the amount of measurement non-invariance by estimating the 

factor means and variances and it identifies parameters without imposing scalar invariance. 

Different restrictions are imposed that optimize a simplicity function (Muthén & Asparouhov, 

2014). The simplicity function is optimized at a few large non-invariant parameters and many 

approximately invariant parameters rather than many medium sized non-invariant parameters. 

According to Muthén and Asparouhov (2014, p. 2),  
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“Adding a simplicity function gives the necessary restrictions to identify the model. The 

simplicity function minimizes with respect to [factor means] and [factor variance] the 

total loss/simplicity function F which accumulates the total measurement non-invariance 

over the items.”  

There are two steps that occur automatically during the Alignment analysis. The first is 

an estimation of a configural model, where loadings and intercepts estimated freely, factor means 

are fixed at 0, factor variances are fixed at one, while factor loadings and intercepts are freely 

estimated. In the end, the final Alignment model will have the same fit as this configural model. 

The second step is Alignment optimization, where factor means and variances are assigned 

values based on a pattern of parameter estimates using a simplicity function to minimize the total 

amount of non-invariance for every pair of groups and every intercept and loading using a 

simplicity function similar to rotations in an exploratory factor analysis (EFA). The estimation 

stops when the least amount of non-invariant parameters is achieved.  

The Alignment output provides a table of which groups are invariant for a given 

parameter. The latent means for each parameter are also given for every group. This output also 

shows which groups have a significantly lower mean than the mean of the group being 

examined. The R-squared value is provided for each parameter and demonstrates the variance 

across groups that can be explained by the variation in factor means and variances (Byrne & van 

de Vijver, 2017). A value of 1 indicates complete invariance because the variability in item 

parameters is completely explained by group mean differences. A value near 0 indicates that the 

group mean differences explain none of the variability in item parameters (Asparouhov & 

Muthén, 2014). 
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5.5. Analytic Plan 

 5.5.1. ICT Alignment 

The following steps explain the process of examining measurement invariance using the 

Alignment method. Initially, three structural equation Alignment models were devised to explore 

whether mathematics scores, science scores, and ICT scales are measurement invariant across the 

47 participating countries, and to compare means. This method was used to answer the research 

question: Are the ICT, science, and mathematics variables measurement invariant across the 

countries participating in the PISA ICT questionnaire? In these models, the maximum likelihood 

estimation with robust standard errors (MLR) estimator was used to incorporate the weighting 

variable (W_FSTUWT) to allow for cross country comparisons. The country ID variable 

(CNTRYID) was used to define the 47 countries as latent classes. Table 1 shows all the country 

IDs. The default number of iterations was preserved, the number of random sets of starting 

values was set to 60 (double the default), and convergence was restricted to .001, as suggested by 

the MPlus 8 user manual (Muthén & Muthén, 1998-2017). At first, free estimation was used to 

find a reference group for fixed estimation because the models were not identified with free 

Alignment. The reference groups used were the countries with the factor means closest to 0, 

either positive or negative. For the ICT model, the country with the three factor means closest to 

0 was chosen as the reference group. The requested outputs were TECH1 and SVALUES for the 

starting values of the parameters, TECH8 for the optimization history, and ALIGN for factor 

loadings and intercept comparisons as well as measurement invariance of each country for the 

factors. 

Several error messages of missing variables and variances of predictor variables equaling 

zero prompted an investigation to reveal that the residual variances of ICTHOME and ICTSCH 
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were fixed for Germany (CNTRYID 276). Indeed, Germany was missing all values for 

ICTHOME and ICTSCH and was subsequently removed from all three of the Alignment models. 

The new sample size without Germany was n = 362,946. With Germany removed from the 

dataset, a free Alignment model was conducted and The Netherlands (CNTRYID 528) was 

found to have the sum of the absolute values of their factor means closest to 0, at .67. Therefore, 

the model was reconfigured to exclude Germany from the classes, resulting in 47 classes. MPlus 

did not include 30,424 cases, because they contained missing values. This updated model only 

produced one warning: 30,424 cases were not included due to missing variables of interest. This 

warning is not a concern, as there are 362,946 observations excluding Germany. In the end, 

332,522 cases were included in the dataset of 47 countries for the ICT model and remained as 

362,946 for the mathematics and science models, as there are no missing plausible values. See 

Appendix B for the MPlus 8 code we used for the ICT Alignment analysis. 

 

 5.5.2. Mathematics and Science Alignment 

Measurement invariance of the mathematics and science scales was tested to evaluate the 

validity of the Alignment method. Two other similar models were created to test the 

measurement invariance of mathematics and science plausible values. These models are the same 

as the ICT model, except that the latent variables “MATH” and “SCIENCE” were created from 

their respective ten plausible values. The fixed country was based on each free Alignment model. 

For the mathematics model, the fixed country was Croatia (CNTRYID 191), whereas for the 

science model, the fixed country was Ireland (CNTRYID 372). The plausible values that make 

up the latent variables were divided by 100 to bring them closer to the ICT scale and ease 
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interpretation of results. See Appendices C and D for the MPlus 8 code we used for the 

mathematics and science Alignment analysis. 

6. Results 

6.1. ICT Alignment 

The Alignment method was used to answer the following research question: Is ICT 

measurement invariant across the countries participating in the PISA ICT Familiarity 

Questionnaire? The Alignment model shows which item intercepts and factor loadings are 

invariant in all the groups. Table 2 presents the non-invariance percentages of the factor loadings 

and intercepts of the nine ICT scales. If Muthén and Asparouhov’s (2014) cutoff of 25% as the 

maximum amount of non-invariance is surpassed, then the latent mean estimation may be 

untrustworthy. All the 9 ICT scales have high amounts of non-invariance, with an average of 

68.60% for intercepts and 34.8% for factor loadings. The finding of fewer non-invariant factor 

loadings than intercepts follows the trend of previous researchers (Crane, Belle, & Larson, 2004; 

Meiring, van de Vijver, Rothmann, & Barrick, 2005; Byrne & van de Vijver, 2017). The factor 

intercepts of all 9 ICT scales were above the 25% cutoff. The least non-invariant intercept 

parameters were ICTHOME and ICTSCH with 42.60% non-invariance and the highest 

parameter was SOCIAICT with 87.20% non-invariance. The factor loadings were more mixed 

for non-invariant parameters, with five of nine being over the cutoff. The invariant factors were 

the loadings of ICTHOME (6.40%), HOMESCH (12.80%), ICTSCH (14.90%), and COMPICT 

(23.4%). The latent ICT subscales with the lowest amount of non-invariance would be the most 

useful when comparing countries. All the subscales have significant non-invariance in all 47 

countries. Table 2 shows the R-squared values for each of the nine ICT scales. The R-squared 

value of ICTHOME was congruous with the non-invariance output as it was the highest at .94, 
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which means that it is the most invariant parameter. According to the R-squared, COMPICT was 

the next-most invariant, which is similar to the non-invariance output. With this high amount of 

non-invariance, the latent mean estimates or their comparisons in other models cannot be trusted 

using this data. The factor loadings of only four scales (ICTHOME, HOMESCH, ICTSCH, and 

COMPICT) can be considered measurement invariant and none of the intercepts are 

measurement invariant. Therefore, a trustworthy comparison cannot be established between all 

included countries. 

6.2. Mathematics and Science Alignment 

The invariance output of the mathematics and science model had extremely low non-

invariance in both factor loadings and intercepts. All plausible values included in the separate 

mathematics and science Alignment models were invariant. Mathematics intercepts and factor 

loadings had an average of 9.40% and 6.0%, respectively. Science was even lower with 

intercepts and factor loading percentages of .83% and 1.0%, respectively. Table 5 shows the 

percent non-invariance for intercepts and factor loadings for the ten plausible values for both the 

mathematics and science scales. These levels of non-invariance are well below the 25% cutoff, 

which suggests that the plausible values provided by PISA are invariant and can be used when 

comparing mathematics and science knowledge across countries. Consequently, the factor means 

are comparable across the 47 countries included in this study. According to both the present 

results and those from PISA 2015 results (OECD, 2016), Singapore is by far the leading country 

in mathematics and science proficiency. The comparisons of the country averages for 

mathematics and science scores match those from PISA identically. Table 3 and Table 4 show 

the ranked order of countries by factor means. 
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7. Discussion 

7.1. ICT 

Are the ICT, science, and mathematics variables measurement invariant across the 

countries participating in the PISA ICT questionnaire? As outlined in Results, ICT displayed a 

large amount of non-invariance according to the Alignment output. The factor loadings of 

ICTHOME, HOMESCH, ICTSCH, and COMPICT were the only ones that fell below the 

acceptable cutoff, which means that they would be the most trustworthy and useful in comparing 

means across all the participating countries. However, only the factor loadings of these four 

items are measurement invariant, meaning scalar invariance cannot be established and factor 

means cannot be compared (Millsap, 2012). The other five indicators are not invariant across the 

participating countries, which means that they cannot be compared as well. As measurement 

invariance is a prerequisite for valid comparisons of group differences in ICT scores, the current 

results indicate that, overall, ICT cannot be compared across the PISA countries that participated 

in the ICT questionnaire. This also shows that any cross-cultural educational research regarding 

ICT, especially revolving around policy, must be mindful of the disparities in ICT resources 

(e.g., infrastructure) and approaches across countries. The lack of evidence of measurement 

invariance makes it difficult to determine whether group differences reflect actual differences in 

the constructs measured rather than measurement error. Future research is needed to identify 

variables that may be possible sources of the measurement non-invariance results. 

It is possible that ICT does not measure the same constructs in these vastly different 

countries. However, this does not mean that these countries cannot be compared by their ICT. As 

a group, the ICT profiles of these 47 countries are not similar enough to be compared or to trust 

that their scales are measuring the same constructs. Alternatively, if the countries were organized 
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into subgroups based on their similar cultural involvement with technology, then the PISA 

representation of ICT may become measurement invariant. This could result in organizing 

countries based on their place on the Frontrunner-Challenger scale. If smaller groups of more 

similar countries are compared, then measurement invariance could be established.  

Alternatively, this lack of ICT invariance could be a positive aspect, as these scales allow 

for national adaptions, introducing changes in the scales for countries. Therefore, the invariance 

may be due to the changes in the scales from different nationalities. 

 

7.2. Mathematics and Science 

The mathematics and science plausible values had very low levels of non-invariance 

across 47 countries. As a result, both mathematics plausible values and science plausible values 

can be reliably compared across countries. Therefore, when comparing the countries on a scale, 

based on the means of their plausible values, these results can provide the confidence that they 

represent the same knowledge constructs despite being measured in culturally different countries. 

It is important to note the contrast in measurement invariance between the mathematics 

and science variables and the ICT scales. The mathematics and science questions and scales have 

received more attention since the inception of PISA as compared to the ICT Familiarity 

Questionnaire that was added in 2003 (OECD 2003, 2005, 2014a, 2017). The main difference, 

however, is that the ICT scale tests a construct that is more directly linked to culture than the 

more homogenous mathematics and science knowledge. As mentioned earlier, the mathematics 

and science scales have already been established as invariant by PISA. Therefore, this section of 

the analysis can be seen as testing the Alignment method rather than the invariance of the two 

scales. The Alignment method correctly showed measurement invariance in the already 
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established measurement invariant mathematics and science PISA scales. Taken together, the 

present findings distinguish the ICT from the more established STEM subjects (mathematics and 

science) in terms of measurement invariance and require additional research to interpret the 

noninvariance of ICT across the countries participating in the ICT questionnaire. 

 

7.3. Educational Implications 

Overall, ICT was non-invariant. Thus, it appears that technology is treated differently 

depending on the country. This could be due to different cultural relationships with technology 

or nuanced differences in measuring these interactions with technology. Either way, ICT 

interactions cannot be broadly compared across large groups of countries. Researchers may need 

to test for measurement invariance in the countries of interest and for the ICT factors of interest 

before they are able to make cross country comparisons using PISA’s ICT scale. One of the 

implications of this study is a more active role that formal education may consider taking to 

develop students’ skills related to living in the 21st-century digital age to better prepare them to 

be contributing members to the information society. Conversely, mathematics and science scores 

are measurement invariant and can be compared across countries when measured by PISA. This 

implies that mathematics and science learning is either more universal than ICT, has been taught 

longer than ICT in formal settings, or more effort was put into the design of those measures. 

 

7.4. Limitations 

As the ICT scales are capped, some very highly-rated responses may be restricted to the 

limit of the scale, thereby causing a ceiling effect. The ICT scales could benefit by extending to 

higher levels of use and exposure for technologically-advanced countries. Certain aspects of the 
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ICT scales such as self-report format and translations into many languages may introduce 

reference bias between different cultural groups, which could in turn introduce measurement 

inconsistencies (Heckman & Kautz, 2013).  A limitation of the Alignment method that was not 

encountered in this research is that it works well unless there are small group sizes or a high 

proportion of significant non-invariant parameters. The Alignment method has several 

disadvantages: cross loadings cannot be accommodated, models with covariates cannot be 

estimated, relationships between variables cannot be estimated, and there are no parameters to 

assess model fit (Asparouhov & Muthén, 2014; Marsh et al., 2018). These limitations restrict the 

Alignment method to an exploratory tool. The non-invariance cutoff point is 25% and the 

minimum number of groups is 30 (Muthén & Asparouhov, 2014). In addition, this method is 

relatively new and still requires further validation, such as simulation studies to test cutoff 

values. However, this method is still extremely useful for automating and simplifying the process 

of establishing measurement invariance. As described by Asparouhov and Muthén (2013), the 

Alignment method can estimate group-specific factor means and variances without exact 

measurement invariance. It is more appropriate for estimating models for many groups than the 

more common CFA, which struggles with scalar model fit and large modification indices. Using 

the Alignment method, researchers are able to minimize the amount of measurement non-

invariance more than if they used a CFA (Muthén & Asparouhov 2013). Furthermore, in the 

mathematics and science models, only the countries who participated in the ICT Familiarity 

Questionnaire were included. This was done to keep similar samples for the models, however it 

would be beneficial to see if measurement invariance holds when the remaining countries are 

added. These limitations should not be overlooked when drawing conclusions, and future 
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researchers should make their best efforts to address them to improve the research on this topic 

(Rutkowski & Rutkowski, 2016). 

 

7.5. Future Directions 

The next step in this research is to organize groups of countries with similar ICT profiles 

that will display measurement invariance for the PISA ICT subscales. Once this is achieved, the 

Alignment within CFA (AwC) method can be used to obtain estimated means and model 

estimates because comparing multiple countries simultaneously to assess the relation between 

ICT and academic achievement may present a methodological challenge. To address this 

challenge, more complex methods such as AwC are required to optimally perform this complex 

analysis (Marsh et al., 2018). In the future, the AwC method can be used to address this 

limitation, as it offers a confirmatory aspect to measurement invariance testing. The AwC 

approach can be used to extend the Alignment method used in SEM analyses into a confirmatory 

tool to address a multitude of issues such as covariates and latent variable relationship estimates, 

as it constitutes a combination between the Alignment and CFA methods (Marsh et al., 2018). As 

the Alignment method only deals with variance and means of factors, the AwC method allows 

for regression estimation of multiple groups. This method can test for measurement invariance 

across populations using the relaxed-fit style of the Alignment method and it can also provide 

model estimations. The Alignment method rather than AwC was used in this research because of 

the exploratory rather than confirmatory stance taken to investigate the measurement invariance 

of the scales rather than the factor structure. Furthermore, PISA 2018 data is now public and this 

analysis can be replicated to monitor any change in ICT variables, academic scores, and their 

associations. The current study used PISA 2015, as the analysis, results, and discussion had been 
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completed before the release of the PISA 2018 data. Future studies will focus on research 

involving adolescents, exploring the relationship between ICT and academic achievement in 

more ecologically-valid settings. As addressed by Dong and Dumas (2020), measurement 

invariance is often established prior to testing a measure. However, due to the importance of 

measurement invariance in validly comparing groups, more focus should be placed on 

measurement invariance during the creation of measures. 

 

8. Conclusion 

The ICT means of all the countries that participated in the PISA ICT Familiarity 

Questionnaire cannot be reliably compared because it is possible that the ICT measure is not 

homogeneous for all countries. Given that measurement invariance of ICT was not established 

for the group of 47 countries, it would be valuable to know if comparisons of smaller, more 

similar groups are possible. This investigation could allow researchers to compare students’ ICT 

in multiple different countries on a smaller scale using the available data. On the other hand, the 

mathematics and science plausible values were confirmed as measurement invariant across all 

countries. For instance, the quizzes used to collect the mathematics and science knowledge as 

well as the IRT methods to determine the plausible values were successful in creating the same 

scales across differing cultures. Therefore, the present work shows that the Alignment method is 

capable of accurately measuring and confirming the measurement invariance of the mathematics 

and science scales across countries. 
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Tables 
Table 1  

List of the 47 Countries in the Analysis, with Latent Class Label, Country ID, and Three-Letter 

Code. Note Germany (276) was removed from the models. 

Latent Class CNTRID Country  Latent Class CNTRID Country 

1 36 AUS  25 410 KOR 

2 40 AUT  26 428 LVA 

3 56 BEL  27 440 LTU 

4 76 BRA  28 442 LUX 

5 100 BGR  29 446 MAC 

6 152 CHL  30 484 MEX 

7 158 TAP  31 528 NLD 

8 170 COL  32 554 NZL 

9 188 CRI  33 604 PER 

10 191 HRV  34 616 POL 

11 203 CZE  35 620 PRT 

12 208 DNK  36 643 RUS 

13 214 DOM  37 702 SGP 

14 233 EST  38 703 SVK 

15 246 FIN  39 705 SVN 

16 250 FRA  40 724 ESP 

17 300 GRC  41 752 SWE 

18 344 HKG  42 756 CHE 

19 348 HUN  43 764 THA 

20 352 ISL  44 826 GBR 

21 372 IRL  45 858 URY 

22 376 ISR  46 970 QCH 

23 380 ITA  47 971 QES 

24 392 JPN     
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Table 2 

R-squared and Non-Invariance Percentage Values for the 9 ICT Scales from the Alignment 

Method. 

 R-Squared % non-invariant factor 
loadings 

% non-invariant 
intercept 

ENTUSE .10 25.5 66.0 

SOIAICT .16 51.1 87.2 

AUTICT .25 46.8 70.2 

ICTSCH .30 14.9 42.6 

USESCH .67 87.2 85.1 

INTICT .76 44.7 66.0 

HOMESCH .78 12.8 72.3 

COMPICT .83 23.4 85.1 

ICTHOME .94 6.4 42.6 

Note: R-Squared values closer to 1 indicate more invariance, while a value close to 0 indicates 
less invariance for that parameter. A higher percentage indicates more non-invariance for that 
parameter. The ICT scales are arranged from smallest to largest R-Squared value. 
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Table 3 

Mean Comparison of the MATH Latent Variable for 47 Included Countries from the Alignment 

Model. 

Rank Country Factor 
Means 

 Rank Country Factor 
Means 

 Rank Country Factor 
Means 

1 SGP 1.23  17 AUT 0.40  33 HUN 0.16 

2 HKG 1.03  18 NZL 0.38  34 SVK 0.14 

3 MAC 0.98  19 RUS 0.37  35 ISR 0.07 

4 TAP 0.96  20 SWE 0.37  36 HRV 0.00 

5 JPN 0.84  21 AUS 0.37  37 GRC -0.13 

6 QCH 0.82  22 FRA 0.35  38 BGR -0.28 

7 KOR 0.74  23 GBR 0.35  39 CHL -0.51 

8 CHE 0.70  24 CZE 0.35  40 URY -0.56 

9 EST 0.68  25 PRT 0.34  41 THA -0.60 

10 NLD 0.59  26 ITA 0.31  42 MEX -0.69 

11 DNK 0.58  27 ISL 0.29  43 CRI -0.78 

12 FIN 0.58  28 QES 0.27  44 COL -0.91 

13 SVN 0.56  29 ESP 0.27  45 PER -0.95 

14 BEL 0.53  30 LUX 0.27  46 BRA -1.07 

15 POL 0.50  31 LVA 0.22  47 DOM -1.67 

16 IRL 0.49  32 LTU 0.18     
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Table 4 

Mean Comparison of the SCIENCE Latent Variable for 47 Included Countries from the 

Alignment Model. 

Rank Country Facto
r 

Mean
s 

 Ran
k 

Countr
y 

Factor 
Means 

 Rank Countr
y 

Factor 
Means 

1 SGP 0.63  17 BEL -0.01  33 LTU -0.32 

2 JPN 0.42  18 DNK -0.01  34 ISL -0.35 

3 EST 0.37  19 POL -0.01  35 ISR -0.42 

4 TAP 0.35  20 PRT -0.02  36 SVK -0.49 

5 FIN 0.33  21 AUT -0.09  37 GRC -0.56 

6 MAC 0.31  22 FRA -0.09  38 CHL -0.65 

7 HKG 0.25  23 QES -0.09  39 BGR -0.67 

8 QCH 0.18  24 SWE -0.11  40 URY -0.79 

9 KOR 0.16  25 CZE -0.11  41 THA -0.96 

10 NZL 0.13  26 ESP -0.11  42 CRI -0.98 

11 SVN 0.12  27 LVA -0.15  43 COL -1.02 

12 AUS 0.09  28 RUS -0.19  44 MEX -1.02 

13 GBR 0.08  29 LUX -0.23  45 BRA -1.20 

14 NLD 0.07  30 ITA -0.26  46 PER -1.25 

15 CHE 0.04  31 HUN -0.30  47 DOM -2.01 

16 IRL 0.00  32 HRV -0.32     
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Table 5 
Non-Invariance Percentage Values for the 10 Plausible Values from the Mathematics and 
Science Scales from the Alignment Method. 
 
 Mathematics Science 

 
% non-

invariant 
factor 

loadings 

% non-
invariant 
intercept 

% non-
invariant 

factor loadings 

% non-
invariant 
intercept 

PV1 12.5 4.2 0.0 2.1 
PV2 2.1 10.4 0.0 2.1 
PV3 4.2 4.2 0.0 2.1 
PV4 6.25 8.3 2.1 0.0 
PV5 4.2 4.2 2.1 0.0 
PV6 12.5 12.5 0.0 0.0 
PV7 6.25 8.3 0.0 2.1 
PV8 4.2 14.6 6.3 0.0 
PV9 4.2 20.8 0.0 0.0 
PV10 6.25 6.25 0.0 0.0 
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Appendix A 

ICT questions taken from 2015 PISA ICT Familiarity Questionnaire which are used to 

determine the predictor variables (OECD, 2017b). 

 

ICTHOME: ICT available at home    
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COMPICT: Students’ perceived ICT competence 
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ENTUSE: ICT use outside of school for leisure      
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ICTSCH: ICT available at school          
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USESCH: Use of ICT at school in general     
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INTICT: Students’ ICT interest 
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SOIAICT: Students’ ICT as a topic in conversations    
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AUTICT: Students’ perceived social interaction and autonomy related to ICT use   
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HOMESCH: ICT use outside of school for schoolwork 
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Appendix B 

MPlus 8 analysis code for ICT Alignment. 

      TITLE: ICT model Alignment_Fixed_3fac; 
 
      DATA: FILE IS PISA data Current_July22.csv; 
 
      VARIABLE: 
       NAMES ARE 
       CNTRYID CNTSCHID CNTSTUID NatCen Region ESCS GENDER 
       HOMESCH ENTUSE USESCH INTICT COMPICT 
           AUTICT SOIAICT ICTHOME ICTSCH 
           W_FSTUWT 
           PV1MATH PV2MATH PV3MATH PV4MATH PV5MATH 
           PV6MATH PV7MATH PV8MATH PV9MATH PV10MATH 
           PV1SCIE PV2SCIE PV3SCIE PV4SCIE PV5SCIE 
           PV6SCIE PV7SCIE PV8SCIE PV9SCIE PV10SCIE; 
 
       USEVARIABLES ARE 
        HOMESCH ENTUSE USESCH INTICT COMPICT 
       AUTICT SOIAICT ICTHOME ICTSCH; 
 
          MISSING ARE ALL(99 97); 
       WEIGHT IS W_FSTUWT; 
 
       Classes= c(47); 
       knownclass= c(CNTRYID= 36 40 56 76 100 152 158 170 188
 191 203 208 
       214 233 246 250 300 344 348 352 372 376 380 392
 410 428 440 442 446  
       484 528 554 604 616 620 643 702 703 705 724 752
 756 764 826 858 970 971); 
 
        ANALYSIS: 
          TYPE= Mixture; 
       ESTIMATOR = MLR; 
          AITERATIONS = 5000; 
          PROCESSORS=8; 
          ASTARTS = 60 
          ACONVERGENCE=.001; 
          alignment=fixed (528); !Netherlands 
 
            MODEL: 
 
           %OVERALL% 
 
               [ICTUSE]; 
            ICTUSE BY HOMESCH ENTUSE USESCH; 
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             [ICTCOMF]; 
            ICTCOMF BY INTICT COMPICT AUTICT SOIAICT; 
             [ICTAVB]; 
            ICTAVB BY ICTHOME ICTSCH; 
 
 
        OUTPUT: 
        SVALUES; 
        TECH1; 
        TECH8; 
        align; 
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Appendix C 

MPlus 8 analysis code for Mathematics Alignment. 

  TITLE: MATH Alignment; 
  DATA: FILE IS PISA_July22.csv; 
 
      VARIABLE: 
       NAMES ARE 
       CNTRYID CNTSCHID CNTSTUID NatCen Region ESCS GENDER 
       HOMESCH ENTUSE USESCH INTICT COMPICT AUTICT SOIAICT ICTHOME 
            ICTSCH 
       W_FSTUWT 
          PV1MATH PV2MATH PV3MATH PV4MATH PV5MATH PV6MATH PV7MATH PV8MATH 
          PV9MATH PV10MATH 
          PV1SCIE PV2SCIE PV3SCIE PV4SCIE PV5SCIE PV6SCIE PV7SCIE PV8SCIE 
          PV9SCIE PV10SCIE; 
 
       USEVARIABLES ARE 
          PV1MATH PV2MATH PV3MATH PV4MATH PV5MATH 
          PV6MATH PV7MATH PV8MATH PV9MATH PV10MATH; 
 
          MISSING ARE ALL(99 97); 
       WEIGHT IS W_FSTUWT; 
 
       Classes= c(47); 
       knownclass= c(CNTRYID= 36 40 56 76 100 152 158 170 188
 191 203 208 
       214 233 246 250 300 344 348 352 372 376 380 392
 410 428 440 442 446  
       484 528 554 604 616 620 643 702 703 705 724 752
 756 764 826 858 970 971); 
 
        DEFINE: 
          PV1MATH = PV1MATH/100; 
          PV2MATH = PV2MATH/100; 
          PV3MATH = PV3MATH/100; 
          PV4MATH = PV4MATH/100; 
          PV5MATH = PV5MATH/100; 
          PV6MATH = PV6MATH/100; 
          PV7MATH = PV7MATH/100; 
          PV8MATH = PV8MATH/100; 
          PV9MATH = PV9MATH/100; 
          PV10MATH = PV10MATH/100; 
 
        ANALYSIS: 
          TYPE= Mixture; 
       ESTIMATOR = MLR; 
          PROCESSORS=6; 
          ACONVERGENCE=.001; 
          alignment=fixed(191); 
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            MODEL: 
           %OVERALL% 
               [MATH];             
            MATH BY PV1MATH 
                             PV2MATH 
                             PV3MATH 
                             PV4MATH 
                             PV5MATH 
                             PV6MATH 
                             PV7MATH 
                             PV8MATH 
                             PV9MATH 
                             PV10MATH 
 
        OUTPUT: 
        TECH1; 
        TECH8; 
        align; 
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Appendix D 

MPlus 8 analysis code for Science Alignment. 
 
  TITLE: SCIENCE Alignment; 
 
  DATA: FILE IS PISA_July22.csv; 
 
  VARIABLE: 
   NAMES ARE 
    CNTRYID CNTSCHID CNTSTUID NatCen Region ESCS GENDER 
    HOMESCH ENTUSE USESCH INTICT COMPICT AUTICT SOIAICT ICTHOME 
             ICTSCH 
    W_FSTUWT 
             PV1MATH PV2MATH PV3MATH PV4MATH PV5MATH PV6MATH PV7MATH 
             PV8MATH PV9MATH PV10MATH 
             PV1SCIE PV2SCIE PV3SCIE PV4SCIE PV5SCIE PV6SCIE PV7SCIE PV8SCIE 
             PV9SCIE PV10SCIE; 
 
   USEVARIABLES ARE 
    PV1SCIE PV2SCIE PV3SCIE PV4SCIE PV5SCIE 
    PV6SCIE PV7SCIE PV8SCIE PV9SCIE PV10SCIE ; 
 
      MISSING ARE ALL(99 97); 
   WEIGHT IS W_FSTUWT; 
 
 
   Classes= c(47); 
   knownclass= c(CNTRYID= 36 40 56 76 100 152 158 170 188
 191 203 208 
   214 233 246 250 300 344 348 352 372 376 380 392
 410 428 440 442 446  
   484 528 554 604 616 620 643 702 703 705 724 752
 756 764 826 858 970 971); 
 
    DEFINE: 
 
     PV1SCIE = PV1SCIE /100; 
     PV2SCIE = PV2SCIE /100; 
     PV3SCIE = PV3SCIE /100; 
     PV4SCIE = PV4SCIE /100; 
     PV5SCIE = PV5SCIE /100; 
     PV6SCIE = PV6SCIE /100; 
    PV7SCIE = PV7SCIE /100; 
     PV8SCIE = PV8SCIE /100; 
     PV9SCIE = PV9SCIE /100; 
     PV10SCIE = PV10SCIE /100; 
 
    ANALYSIS: 
      TYPE= Mixture; 
   ESTIMATOR = MLR; 
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     PROCESSORS=6; 
     ACONVERGENCE=.001; 
     alignment=fixed(372); 
 
        MODEL: 
 
       %OVERALL% 
 
           [SCIENCE];             
        SCIENCE BY PV1SCIE 
                               PV2SCIE 
                               PV3SCIE 
                               PV4SCIE 
                               PV5SCIE 
                               PV6SCIE 
                               PV7SCIE 
                               PV8SCIE 
                               PV9SCIE 
                               PV10SCIE; 
 
    OUTPUT: 
    TECH1; 
    TECH8; 
    align; 
 


