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Abstract 

Using data from international large-scale assessments (ILSA), we evaluate the issue of country-

level model-data consistency of background socio-economic scales, as well as the invariance across 

countries. To that end, we use data from PISA, TERCE, and TIMSS, as they operationalize socio-

economic status somewhat differently. As part of our analysis, we examine whether TERCE, a 

Latin American study – with measures that are regionally developed – exhibits better psychometric 

properties than measures that are designed to function across a larger and more diverse number of 

educational systems. We also examine TIMSS, a trends focused study – that has historically 

emphasized consistency and comparison. Finally, we include PISA which has the largest number of 

participants and has changed and conceptualized a great deal of its background questionnaire 

depending on the study’s major domain and focus. Our findings suggest that none of the socio-

economic background scales we analyzed are fully invariant in any of the three studies, and 

therefore comparisons across countries should be done with caution. The different levels of 

equivalence reached by each scale in each study and the type of comparisons that can be made 

given these results (e.g., comparison of average scale scores, comparison of relationships between 

the tested scales and other variables) are discussed in the full paper. 

 

Key words: measurement invariance, measurement equivalence, TERCE, TIMSS, PISA, 

multi-group confirmatory factor analysis, socioeconomic scales. 

 

Introduction 

International large-scale assessments (ILSAs) of educational achievement such as the Programme 

for International Student Assessment (PISA), the Trends in International Mathematics and Science 

Study (TIMSS), and the Third Regional Comparative and Explanatory Study (TERCE) serve 

multifold purposes. From system monitoring and benchmarking to providing national participants 

and researchers with information about what students know and can do. ILSAs offer stakeholders 

an opportunity for understanding the context and correlates of learning in a number of areas as well 

as provide important background information on students, teachers, and schools. As national 

participation in these assessments grows, however, it is becoming more difficult for testing 

organizations to tailor assessments to meet the needs of a diverse set of participants. For example, in 

the 2015 PISA cycle, all 34 OECD member countries (representing the largest economies in the 

world, excepting China) participated in PISA, with the remaining 38 participants (termed partner 

systems) comprised of a heterogeneous mix of economies and cultures, including educational 

systems such as Tunisia, Peru, Singapore, and Shanghai, China. A similar situation is also faced in 

                                                           
1 This paper was supported by the Norwegian Research Council Grant #255246 and by the Center of Social Conflict 
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TIMSS. Finally, although regional assessments such as TERCE have fewer participants and – 

ostensibly – less heterogeneity than more global international studies, language, economic and 

cultural diversity among and within TERCE participants persists. For example, Chile’s GDP per 

capita is over three times that of Bolivia and although the majority of countries share Spanish as a 

common language many participating countries include indigenous populations with a variety of 

mother tongues. 

Most ILSAs include both a cognitive assessment and a set of background questionnaires. 

The questionnaires are administered to students and, depending on the assessment, can measure 

others such as teachers, parents and school leaders. In general, the background questionnaires have 

two primary uses: (1) to help contextualize the assessed educational system; and (2) to optimize 

population and sub-population achievement estimation. The benefits of using background data to 

help estimate achievement are well documented (Mislevy, Beaton, Kaplan, and Sheehan, 1992) and 

are not the focus of this paper. In fact, potential methodological challenges associated with an 

amalgamation of participants have been highlighted by a number of researchers, who have pointed 

especially to the achievement estimation model and whether comparisons are sensible and valid 

when systems differ dramatically (Goldstein, 2004; Kreiner and Christensen, 2014; Mazzeo and von 

Davier, 2009; Oliveri and Ercikan, 2011). Partly in response to these and other criticisms, the PISA 

project has implemented accommodations, especially targeted toward lower performing participants 

(e.g., incorporating easier items into the test for countries with low expected performance; OECD, 

2012). Recent research has demonstrated that these types of accommodations are a promising way 

of acknowledging and dealing with the heterogeneity that is necessarily present in cross-cultural 

research (Rutkowski, Rutkowski and Zhou, 2016). Significant work has been done to ensure 

comparability of achievement scales across countries (e.g. OECD, 2014; Schulz, Ainley and 

Frailon, 2011; UNESCO-OREALC, 2016) and across time (e.g. Gaviria and Covadonga, 2007). In 

contrast, much less effort is spent on designing scales derived from the background questionnaires 

that can account for vast differences among participants (Rutkowski and Rutkowski, 2010).  

Empirically, research has shown that the assumption of equivalent background scales in 

ILSAs is often violated, leading to compromised comparability (Caro, Sandoval-Hernandez and 

Lüdtke, 2016; Glas and Jehangir, 2014; Oliveri and von Davier, 2014). As such, the objective of 

this paper is twofold: First, to demonstrate a method to explore both within-county data consistency 

and equivalence across countries on background scales. Second, to discuss the results of the 

application of this method to the socio-economic scales of PISA, TIMSS and TERCE. More 

specifically, we explore the different levels of equivalence reached by the scales used in each study 

to measure some form of socio-economic status (SES) and discuss the type of comparisons that can 

be made given these results (e.g., comparison of average scale scores, comparison of relationships 

between the tested scales and other variables).  

It would not be feasible to evaluate the equivalence of all the background scales of the three 

studies, for this reason in this paper we focus on the scales developed by the testing organizations to 

examine some form of SES in three international studies (PISA, TERCE, and TIMSS). We decided 

to use these scales because, in the studies focused on identifying factors associated with learning 

outcomes (e.g. school and teacher effectiveness), SES is the control variable that consistently shows 

a stronger association with educational achievement. Furthermore, there is an important body of 

literature specifically focused on understanding the mechanisms by which socio-economic 

background or family socio-economic status  is associated with academic achievement (Buchmann, 

2002). 

By examining the equivalence of these scales between countries and comparing the findings 

across studies, we can determine if different assessment designs or approaches result in different 

degrees of comparability. The three studies were purposely chosen because they represent three 

different designs of international assessment. TERCE was chosen to represent a regional study – 

with measures that are regionally developed and with the assumption that test developers were able 

to focus the scale for a smaller group participants (Treviño, Fraser, Meyer, Morawietz, Inostroza 

and Naranjo, 2015). TIMSS was chosen to represent a trend focused study – one that has 
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historically emphasized consistency and comparison over changes in societies, constructs, or 

participants. Finally, we include PISA, which has the largest number of participants and has 

historically been willing to make significant changes to its background questionnaires (OECD, 

2016a).  

 

Analytical framework  

Our analytical framework is broadly situated within measurement theory and more specifically 

within ideas of test theory and design (e.g., van der Linden, 2005; Wilson, 2005). Test theory is 

focused on how a set of observed responses can map onto a theoretical, unobservable construct. 

Within ILSAs these observed responses are elicited from a (standardized) test or instrument, which 

may be defined as "a technique of relating something we observed in the real world (sometimes 

called manifest or observed) to something we are measuring that only exists as part of a theory 

(sometimes called latent or unobserved)" (Wilson, p. 4). Instrument design, or the process of 

developing items that elicit an unobserved theoretical construct, is an iterative process. An 

underlying assumption in test theory, which governs instrument design, is that the relationship 

between the theoretical construct and the observed responses to the items that make up the 

instrument is a causal one (Wilson, 2005). That is, a respondent's level on a particular construct (or 

constructs in the multidimensional case) causes their responses for a set of items. Because we 

cannot observe the construct directly, the causal agent is latent and the measure is left to “infer the 

underlying construct” allowing the researcher to only assume causality (Wilson, p. 12).  

In order to assume a causal relationship between the observed responses and the latent trait, 

the instrument development requires a rigorous validation process (Cronbach and Meehl, 1955; 

Messick, 1984). In this case, a valid instrument is one where there is ample evidence that suggests 

the items are measuring the intended theoretical construct for the selected population. The 

accumulation of the evidence is sometimes referred to as the validation process (Shadish, Cook, and 

Campbell, 2002). Although the validation process includes multiple steps, one important aspect is 

to test the correlational structure of the instrument within the intended population of respondents. 

Assuming the factor structure holds for the given population, the instrument designer then takes 

additional steps toward validation, such as multitrait-multimethod studies.   

When an instrument is intended to be used with multiple populations, as is intended with 

ILSAs, further validation is required to ensure the instrument operates in the same way across all 

populations. Brown (2015) outlined four types of group invariance for this purpose: a) equal form, 

b) equal loadings, c) equal intercepts/ thresholds, and d) equal residual variances (also known as 

configural, metric, scalar and strict invariance, respectively). The equal form is the most lenient 

type of invariance and means that the structure of the item-construct relationship is identical across 

all groups (see quadrant 1 in Figure 1 for a graphical representation). The test of equal loadings 

builds upon the previous structure and requires that the true score variance in each item is identical 

across all groups (see quadrant 2 in Figure 1). Next, equal intercepts for continuous items and equal 

thresholds for discrete items demonstrates that the items have the same locations in the latent space 

(see quadrant 3 in Figure 1). Finally, equal residual variances, when built upon equal 

intercepts/thresholds, indicates that all items have the same amount of variance across each group 

since the loading plus the residual variance equals the total variance. Ensuring measurement 

invariance indicates that the same construct is being measured in the same way across different 

groups. Evidence of measurement equivalence does not automatically validate the causal 

relationship between the construct and respondent; however, an inability to demonstrate 

equivalence across populations suggests that the assumption of causality between the respondent 

and construct does not hold.  It is also important to mention that the level of invariance required 

depends on the objectives of the analysis. Different levels of invariance allow for different types of 

comparisons. See Figure 1 for a summary of the types of comparisons allowed by the different 

levels of invariance. 

 

Figure 1. Different levels of invariance and types of comparisons allowed in each level 



4 
 

 
 

Methodology 

 

Data 

The data for this study has been sourced from the latest cycles of three major ILSAs: TERCE, 

managed by the UNESCO’s Latin American Laboratory for Assessment of the Quality of Education 

(LLECE); TIMSS, managed by the International Association for the Evaluation of Educational 

Achievement (IEA), and PISA managed by the Organisation for Economic Cooperation and 

Development (OECD). All three studies, TERCE, TIMSS 2015 and PISA 2015 are the most recent 

international comparative studies that assess student achievement and gather information from a 

range of educational stakeholders. Specifically, PISA measures student achievement in 

mathematics, science and reading of 15 years’ old students, with a focus on students’ ability to 

apply knowledge in practical contexts and ‘everyday life’ situations (OECD, 2014, p. 24). In 

contrast to PISA’s focus on practical situations, TIMSS and TERCE are curriculum-based tests and 

focus on what students had an opportunity to learn in school. TIMSS measures students’ 

achievement in mathematics and science at 4th and 8th grade (Mullis, I.V.S., Martin, M.O., Foy, P., 

and Hooper, M., 2016), while TERCE measures reading, mathematics and science at 3rd and 6th 

grades (Treviño, et al., 2015). In this study, we used data from the 72 education systems 

participating in PISA 2015, from the 44 education systems participating TIMSS 8th grade, and from 

the 16 education systems that participated in TERCE 6th grade.  

For each of the studies, we purposely selected a scale that each testing organisation has 

constructed and included in their released database as a proxy measure of family background. These 

scales result from the student questionnaire that is administered to each participant after they 

complete the cognitive portion of the assessment. In PISA, student’s socio-economic status is 

estimated by the index of economic, social and cultural status (ESCS), which is derived from 

several variables related to students’ family background: parents’ education, parents’ occupation, a 

number of home possessions that can be taken as proxies for material wealth and cultural 

possessions, and the number of books available in the home (OECD, 2016c, p.205). In TIMSS, we 
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used the Home Educational Resources Scale (HERS), which was created based on students’ 

responses concerning the availability of three resources: number of books in the home, highest level 

of parental education, and number of home study supports (Martin, Mullis, Hooper, Yin, Foy and 

Palazzo, 2016). In TERCE we used the Family Socioeconomic and Cultural Status Scale (FSCS), 

which was derived from the following items: parental education, parental occupation, family 

income, and availability of different home possessions and services (UNESCO-OREALC, 2016). 

Although the theoretical constructs are not the same across studies, our analyses are intended to 

examine the extent to which testing organizations are able to create scales that are comparable 

among the countries that participate in their studies, rather than compare the same scale across 

studies. Table 1 shows the set of indicators used in each study to measure socioeconomic 

background.  
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Table 1. Indicators used in each study to construct a proxy measure of socioeconomic background 

Scale / Study Item Description 

PISA: Index of 

economic, social 

and cultural status 

(ESCS)2 

1. Highest occupational status of parents 

(HISEI). 

2. Highest educational level of parents 

(PARED). 

3. Home possessions (HOMEPOS). 

1. Occupational data for both the student’s father and mother were obtained from responses to open-ended 

questions. The responses were coded to four-digit ISCO codes and then mapped to the international socio-

economic index of occupational status. 

2. Highest level of education od either parent, recoded onto the following categories: (0) none, (1) primary 

education, (2) lower secondary, (3), vocational/pre-vocational upper secondary, (4) general upper secondary 

and/or non-tertiary post-secondary, (5) vocational tertiary and (6) and/or theoretically oriented tertiary and post-

graduate. The index corresponds to the higher ISCED level of either parent. 

3. Students reported the availability of 16 household items at home, including three country-specific household 

items and the amount of books at home. Then a summary index of all household and possession items was 

calculated using IRT modelling with WLEs (logits) for the latent  dimensions which were transformed to scales 

with an average of 0 and a standard deviation of 1 (with equally weighted samples). 

TIMSS: Home 

Educational 

Resources (HERS) 

1. Number of books in the home. 

(BSBG04). 

2. Number of home study supports 

(BSDG06S). 

3. Highest level of education of either 

parent (BSDGEDUP). 

1. Response categories: (1) 0-10, (2) 11-25, (3) 26-100, (4) 101-200, (5) More than 200. 

2. Response categories: (1) None, (2) Internet connection or own room, (3) Both. 

3. Highest level of education of either parent, recoded onto the following categories: (1) finished  primary or 

some lower-secondary or did not go to school, (2) finished lower-secondary, (3) finished upper-secondary, (4) 

finished post-secondary education, (5) finished university of higher. 

TERCE: Family 

Socioeconomic and 

Cultural Status 

Scale (FSCS) 

1. Highest level of education of the mother 

(DQFIT09_02). 

2. Highest occupational level of the 

mother (DQFIT11_02). 

3. Monthly household income (DQFIT12). 

4. Material the floor is made of in the 

home (DQFIT14). 

5. Services in the home (BIENES1). 

6. Home possessions (BIENES2). 

7. Number of books in the home 

(DQFIT21). 

1. Response categories: (1) none, (2) primary education, (3) more than primary education 

2. Response categories: (1) has never worked out of the household, (2) cleaning, maintenance, construction, 

farmer, etc. (3) sales, operated machines, driver, etc., (4) administrative, owner of smal business, (5) professional, 

owner of medium/large business, managerial, etc. 

3. Income declared recoded into country-income deciles with the following categories: (1) decil 1, (2) decil 2, (3) 

decil 3, (4) decil 4, (5) decil 5, (6) decil 6 to 10.  

4. Response categories: (1) dirt, (2) cement or non-polished wood, (3) tiles or similar, (4) carpet, parquet or 

polished wood. 

5. Students reported the availability of 5 services in the home: drainage, garbage collection, telephone landline, 

cable TV and internet connection . Then a summary index of all service items was calculated using principal 

component analysis (PCA). 

6. Students reported the amount of the following household items in the home: TV, .radio, PC, refrigerator, 

washing machine, smart phone, car   Then a summary index of all home possessions was calculated using 

principal component analysis (PCA). 

7. Response categories: (1) none, (2) 10 or less, (3) 11-20, (4) 21-30, (5) more than 31 

Source: OECD, 2016c; Martin, et al., 2016; UNESCO-OREALC, 2016. 

                                                           
2 These variables are in turn derived from a set of individual items. See (OECD, 2016c) for more details on the procedure followed to construct this scale. 
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Analytical strategy 

Our analytical strategy consisted of two main steps. We first used confirmatory factor analysis 

(CFA) to test the factor structure of the model used in each study (i.e. TIMSS, PISA and TERCE) to 

measure some aspect socioeconomic background3. One CFA model was fit separately for each 

country in each study. Then, we used multi-group confirmatory factor analysis (MGCFA) to test for 

different levels of invariance across countries for each scale in each of the three studies described 

above. MGCFA (Jöreskog, 1971) is one of the most commonly used techniques to assess 

measurement invariance (Billiet, 2003). MGCFA is a straightforward extension of CFA that is used 

to evaluate group differences in means and covariances within a common factor model (Jöreskog, 

1971); or as McGrath (2015) puts it, to evaluate overall model fit across multiple groups (education 

systems in our case). 

In the first step, in order to evaluate the goodness of fit for each model in each country, we 

used four measures: the chi-squared test, comparative fit index (CFI), Tucker-Lewis index (TLI) 

and root mean square error of approximation (RMSEA). We followed the cut-off points proposed 

by Rutkowski and Svetina (2014) for the analyses in contexts where the number of groups is large 

and the sample sizes are large and varied (e.g. ILSA samples): ≤ .10 for RMSEA, ≥ .95 for CFI and 

TLI. Although the chi-square test is not considered to be useful in this context (Meade et al., 2008; 

Rutkowski and Svetina; 2014, Cheung and Rensvold, 2002), we also report chi-square statistics in 

order to analyse if the scales behave as expected across all conditions in that these values are 

generally larger as more constraints were placed on these models.  

It is important to note that for those cases in which the socioeconomic scale is formed with 

only three indicators, such as in TIMSS and PISA, the one-factor solution is just-identified (i.e. 

does not have degrees of freedom). As a consequence, the evaluation of fit indexes is not possible 

because a three-indicator model has a perfect fit. In any case, according to Brown (2015) these 

“model[s] can still be evaluated in terms of the interpretability and strength of its parameter 

estimates (e.g., magnitude of factor loadings)” (pp. 71).  

In the second step, in order to test for the invariance of the socioeconomic scales across 

groups (i.e. education systems), MGCFA models were fitted to all groups simultaneously within 

each study. That is, one MGCFA model was fit to all countries participating in TERCE, a second 

MGCFA model was fit to all countries participating in TIMSS, and a third MGCFA model was fit 

to all countries participating in PISA. According to the common practice in the field, we conducted 

a series of nested tests that proceed from least to most restrictive models. In this way, we started by 

testing each scale for configural invariance, followed by metric and scalar invariance. Although it is 

possible to test for strict invariance or equal residual variances (i.e. the fourth level of invariance) in 

the hierarchy proposed by Brown (2015), scalar invariance is sufficient for meaningful comparison 

of latent means across groups (Marsh et al., 2010; Meredith 1993). 

We carried out two sets of analyses within this second step. First, in order to examine the 

performance of MGCFA fit measures, MGCFA models were fit to all countries simultaneously, by 

study, where the test of configural invariance was followed by the tests of metric and scalar 

invariance. Following Rutkowski and Svetina (2014), we term this first set of analyses as overall fit 

measures. We evaluate each model (i.e. configural, metric and scalar) using the same criteria 

presented above. That is, CFI and TLI should be no smaller than .95, and RMSEA should be no 

larger than .10. 

Then, in order to test the plausibility of metric and scalar invariance, we use ΔCFI, ΔTLI, 

and ΔRMSEA between more and less restrictive models (configural vs. metric, and metric vs. 

scalar). We term this second set of analyses as relative fit measures. Considering the large and 

varying sample sizes and the relative high number of groups (i.e. educational systems), we use the 

approach proposed by Rutkowski and Svetina (2014). For the test to show metric invariance, these 

                                                           
3 Even though the TIMSS scale is not a socioeconomic index, the Home Educational Resources Scale is commonly used in IEA’s 

publications as measure to proxy student socioeconomic background. See for example: Martin et al., 2013; Erberber, et al., 2015; 

Trude and Gustafsson, 2016.  



8 
 

differences must be ∆CFI ≤ 0.020, ∆TLI ≤ 0.020, and ∆RMSEA  0.030. For the test to show scalar 

invariance, these differences must be ∆CFI ≤ 0.010, ∆TLI ≤ 0.010, and ∆RMSEA  0.010. 

 

Results 

First, we show the general results regarding the extent to which the empirical indicators correspond 

to the theoretical constructs proposed by each study, tested by CFA procedure for each study/scale 

and for each country. Second, we show the results of the multi-group analyses and the test for 

measurement invariance for each study/scale across the education systems participating in each 

study. 

Step 1: Single-country analysis. We start our analysis with separate CFAs for each country 

in each study. Because the scales for TIMSS and PISA have only three items, there is one unique 

set of parameters that perfectly fit and reproduce the data (Harrington, 2009). For this reason, 

instead of presenting a table with the fit indexes (which would include only constant values), we 

follow the follow the approach proposed by Miranda and Castillo (2018) and present a graph 

showing the standardised factor loadings for each item. This allows us to evaluate the models in 

terms of the magnitude of the factor loadings of each item (Brown, 2015). Figure 1 shows the factor 

loadings for the PISA scale, Figure 2 for the TIMSS scale, and Figure 3 for the TERCE scale. Even 

when the model for TERCE is over-identified (df > 0), for consistency purposes, we present the 

graph with the standardised factor loadings. In Figures 1, 2 and 3, each dot represents the 

standardised factor loading of each item in one given country, and the horizontal line crossing each 

dot represents the confidence interval at the 95% level. We marked a vertical line at a 0.5 factor 

loading as this can be considered the minimum acceptable value for standardised loading in CFA 

(Hair et al., 2006). 

 

Figure 2. Standardised factor loadings for each item composing SES in PISA, TIMSS and TERCE  

 
 

 

Table 2. Number of countries under/above 0.5 factor loading by indicator/study 

Study Indicator 
Factor loading 

< 0.5 > 0.5 

P
IS

A
 HISEI 3 65 

PARED 0 68 

HOMPOS 25 43 

T
I

M S
S

 

BSBG04 16 28 

PISA TIMSS TERCE 
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BSDG06S 37 7 

EDUCA 1 43 

T
E

R
C

E
 

QF09_02 0 16 

QF21 7 9 

QF11_02 12 4 

QF12 1 15 

QF14 1 15 

BIENES1 0 16 

BIENES2 0 16 

 

 

 

Figure 2 presents the factor loadings of each indicator used for measuring socioeconomic 

background in the three studies, and Table 3 shows the number of countries in which the factor 

loadings of each indicator are below and above 0.5 for each of the studies considered. As can be 

observed, for PISA, the indicators PARED and HISEI show factor loadings above 0.5 values in 

most countries (68 and 65, respectively. See Table 2). The indicator HOMEPOS presents 25 

countries with factor loadings below 0.5, and even two countries with values under 0.25 (see Table 

2). For TIMSS, as can be observed in Figure 2, the indicator EDUCA is the only one that has factor 

loadings above 0.5 for most countries (43, see Table 2). The other two indicators present higher 

variations across countries. For instance, the indicator BSBG04 presents 16 countries with factor 

loadings under 0.5, and the indicator BSDG06S presents factor loadings under 0.5 in 37 countries, 

with about half of these countries with values under 0.25 (see Table 2). Finally, in TERCE, Figure 2 

shows that none of the indicators presents factor loadings under 0.25. The items QF21 and 

QF11_02, however, present some countries with factor loadings under 0.5 (7 and 12, respectively. 

See Table 2). Particularly BIENES1 and BIENES2, present factor loadings above 0.5 in all the 16 

countries participating in the study (see Table 2).  

So far, we have illustrated that the analysed socioeconomic background measures and their 

configuration across countries show important variations among studies. Our results suggest that 

among the socioeconomic background scales analysed, the TERCE scales is the one with least 

variations in its configuration across countries and the one with the best fit, followed by the PISA 

and TIMSS scales. 

Step 2: Multi-group analysis. The test of measurement invariance indicated different levels 

of invariance for the three analysed studies. In the case of PISA, using the information from the 

factor loadings, heuristically, it is reasonable to assume that the structure of the scale is similar 

across countries (see Figure 2). The three indicators had relatively stable estimates across countries, 

with factor loadings over 0.50 for most indicators in most countries. Only the HOMEPOS index 

showed some factor loadings under 0.25 (in Qatar and the United Emirates). As can be observed in 

Table 3, the metric model showed fit indices over the cut-off criteria, while the scalar model 

showed fit indices under the established criteria (see Table 3). However, the relative fit measures 

indicate that neither metric nor scalar invariance was achieved (see Table 4).  

 

Table 3. MGCFA overall fit measures for each level of invariance. 

  PISA TIMSS TERCE 

Model X2 CFI TLI 

RMSE

A X2 CFI TLI 

RMSE

A X2 CFI TLI 

RMSE

A 

Configural 0.000 

1.00

0 

1.00

0 0.000 0.000 

1.00

0 

1.00

0 0.000 4124.600 

0.97

9 

0.96

8 0.070 

Metric 

5951.48

0 

0.97

4 

0.96

1 0.077 3195.150 

0.86

3 

0.79

0 0.077 6216.210 

0.96

8 

0.96

5 0.072 

Scalar 

61932.7

00 

0.72

8 

0.79

3 0.177 19723.990 

0.14

6 

0.67

2 0.096 16862.100 

0.91

0 

0.92

5 0.107 
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For TIMSS, the overall fit information (e.g. factor loadings) shows that baseline model of 

configural invariance indicates high dispersion in factor loadings (see Figure 2). Particularly, in 

only seven countries we found factor loadings for the 0.05, and about one-third of the countries (e.g. 

Canada, Hungary, Ireland, Italy, Japan, Kuwait) had factor loadings under 0.25. The other two 

indicators are relatively stable across countries. The metric model showed overall fit indices under 

the cut-off criteria, and as a consequence, there is no evidence to suggest that metric or scalar 

invariance was achieved (see Table 3). Similarly, the results of the relative fit indices suggest that 

neither metric nor scalar invariance was achieved (see Table 4).   

Finally, the TERCE study showed good overall fit indices for the configural and metric 

models, but fit indices were out of the acceptable range for the scalar model (see Table 3 and Figure 

2 for the factor loadings of the configural model). Regarding the relative fit measures, the 

comparison between the configural and metric models provide evidence of metric invariance (see 

Table 4).  

In summary, our analyses resulted in fit indices that did not provide evidence of metric or 

scalar invariance for the socioeconomic background scales used in TIMSS and PISA, while the 

TERCE scale showed evidence of metric and scalar invariance.   

 

Table 4. MGCFA relative fit measures for each level of invariance. 

  PISA     TIMSS     TERCE     

Model X2diff. ∆CFI ∆RMSEA X2diff. ∆CFI ∆RMSEA X2diff. ∆CFI ∆RMSEA 

                    

Metric 5951.476 0.026 0.077 3126.102 -0.137 0.077 2086.991 -0.011 0.002 

Scalar 44692.380 0.246 0.100 17830.425 -0.717 0.019 7523.642 -0.058 0.035 

 

 

 

Discussion 

At a basic level, background questionnaires are made of up of multiple instruments, parts of 

which are intended to measure a hypothetical construct (e.g., socioeconomic status).  Because 

hypothetical constructs cannot be measured directly, answers to select background questionnaire 

items serve as an indirect indicator of the construct, operationalized through a measurement model.  

Because constructs are theoretical, unobservable phenomena, the act of verifying or validating the 

instrument is an extremely important process, a process that falls under modern test theory (e.g., 

van der Linden, 2005; Wilson 2005).  The core idea of developing and validating such instruments 

is to begin with a well-defined construct, design a set of items that are assumed to elicit that 

construct, and then test if the proposed measurement model is consistent with the data generated 

from those items.  When a proposed model does not fit data from one or more items, the items are 

revised or replaced. In other words, construct development should generally not be a posthoc 

exercise, where item responses are explored for viable constructs, which are then mapped back onto 

some theory. At least, it should not be a linear exercise that is finished with the best (but 

insufficient) attempt to fit the empirical data to a given theory. 
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Furthermore, only after sufficient evidence suggests the instrument is fitting well within a 

population can the task of evaluating the suitability of the instrument for cross-population 

comparisons begin.  A common approach to testing measurement invariance across countries is to 

test the equality of the measurement model’s covariance structure, means, and residual variances 

across countries. By examining the measurement model’s degree of equality, we are able to 

statistically test the assumption of scale comparability. If the assumption holds then there would be 

statistical evidence that the scales can be compared sensibly. But, as was the case in the current 

examination, constructs are not always comparable suggesting that the traits being measured are not 

the same across cultures.  

When scales are found to be non-invariant across populations or cultures a number of 

plausible explanations exist. First, and foremost, it is completely possible that a theorized construct 

is simply wrong or that it was once correct but changes in society have occurred so that the 

specified construct is no longer relevant. Of course, if the construct is not relevant the scale should 

not be reported and the old construct should be abandoned for a new construct. In situations where 

there exists strong theoretical backing for a universal construct there are other possible reasons that 

a scale may be found to be non-invariant to include: 

1) The construct can be measured but the framework is incorrect; 

2) The construct can be measured, the framework is correct, but the indicators are being 

operationalized incorrectly; 

3) The construct can be measured, the framework is correct, but there are no universal 

indicators.  

In terms of the first point, a viable and relatively straightforward treatment is that the 

framework used to operationalize the construct in question needs to be revised. The second point is 

a bit more nuanced. Operationalizing constructs incorrectly could happen for a variety of reasons. 

For example, the framework that stands as the foundation for measuring children’s SES should 

include household income, which is a difficult question to reliably obtain from young children. 

Thus, other, more indirect indicators of household income must be collected. Potential alternatives 

could include the number of televisions, bedrooms, or books in the home. Although these might be 

the most reasonable variables to collect under the circumstance, measures of home possessions may 

not accurately reflect household income. For example, it is possible that with the dawn of e-readers 

the number of books in the home no longer represents either wealth or SES. In the third scenario, 

the construct exists but the indicators needed to measure that construct differ between countries or 

regions. Again, SES is a useful example to illustrate this point. The majority of academic theory 

may define SES as a universal construct. In support of the construct, a universal framework might 

be applied by researchers wishing to measure SES internationally. But regardless of the accepted 
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theory of SES, the indicators that represent the construct may differ by country. For example, a 

reliable indicator of family wealth in the U.S. might be whether the child has a room of their own or 

whether they have taken an international vacation. In contrast, a relatively poor indicator would be 

if the family has a lawnmower. In contrast, a lawnmower is a strong signal of wealth in Hong Kong 

or Singapore, given the relative lack of land on which to grow grass. The question of universal 

indicators but not a universal theory remains – is there a set of indicators that can reliably 

differentiate between well- and poorly-resourced children internationally?  Clearly, given the 

performance of the measures examined here as well as similar research (Caro, Sandoval-Hernandez 

and Lüdtke, 2016; Rutkowski and Rutkowski, 2017) much work remains to be done.  

 One possible way forward is to relax the requirement that constructs should be identically 

defined across measured systems. Although PISA, as one example, has allowed for the inclusion of 

country-specific wealth items, these are not subsumed under a single latent variable model of SES. 

Rather, they are treated as observed, country-specific variables that are formed into linear 

combinations of variables to make up a measure of socio-cultural status. However, such linear 

combinations are not latent variables (Bentler, 1982), and have no hypothesized structure.  Such 

approaches are not measuring anything but are merely exercises in data reduction.  

It is possible to instead fit latent variable models that adhere to an assumption of partial 

invariance, whereby unique items and unique item parameters are allowed. Previous research has 

shown that, although more work needs to be done to operationalize this construct, it is a promising 

way to improve model-data consistency across countries while maintaining comparability. 

Importantly, Rutkowski and Rutkowski (2017) concentrated their efforts on the relatively 

homogeneous Nordic region and showed that more research needs to be done to develop well-

functioning country-specific measures. Although this certainly will necessitate meaningful work on 

the part of participating countries, it will allow for participants to incorporate the local cultural 

nuances of their local context into internationally comparable scales.  

TERCE provides another possible solution. As a regional assessment that focuses on similar 

language groups, cultures, and economies (when compared to PISA and TIMSS), with more focus 

TERCE should be able to design and administer questionnaires that are better tailored to a specific 

population. In the current manuscript, our results indicate that TERCE was able to develop a 

socioeconomic background scale that is comparable at the metric level which is better than its 

TIMSS counterpart. Regardless no study had acceptable scalar invariance where latent means can 

be validly compared across countries. In other words, for TERCE TIMSS and PISA, there is 

statistical evidence to suggest that the socio-economic background indicator is not cross-culturally 

comparable. Even worse, in both PISA and TIMSS the scales are not meeting basic quality 

standards within many participating educational systems. As such, analyses that use mean values of 
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the socioeconomic scales on any of these studies will produce findings that are questionable, at best. 

These findings have direct policy and research implications. For example, studies that estimate the 

share of resilient students4 in a group of countries and then make cross-national comparisons are a 

classic example of such practice (e.g. OECD, 2011; Erberber, Stephens, Mamedova, Ferguson and 

Kroeger, 2015). Furthermore, the same can be said about any international comparative study that 

uses the PISA index of economic, social and cultural status (ESCS) or the TIMSS’ home 

educational resources scale (HERS) as a control variable in a regression model5. Our findings pose 

a serious threat to the validity of these scales and any future analysis should caution readers to these 

threats.  

 

Conclusion 

Scales from the background questionnaire play an important role in helping to explain 

educational achievement. In fact, certain scales have taken a life of their own and often operate 

outside of the achievement results. For example, scales such as bullying, student engagement, and 

civic engagement are important to policy and interesting in absence of their relationship to 

achievement. Although, we used SES, a scale common to all three assessments, as an example for 

this study a similar analysis should be completed for any study that wishes to use scales from ILSAs 

for cross cultural comparison. Further, as demonstrated in this paper, substantial work needs to be 

done to improve measures internationally.  At the very least, ILSA background scales require a 

validation process as rigorous as the achievement scales (OECD, 2014). Such a process would go a 

long way in preventing reporting scales that are not comparable across participating countries.  

As hinted at by our results, by embracing a more rigours regional focus to questionnaire 

development, ILSAs might improve the comparability of certain constructs such as SES. More 

specifically, improving regional development of questionnaires or further funding the development 

of regional ILSAs and there questionnaires are two possible ways forward. It could be argued that 

the IEA’s International Civic and Citizenship Study (ICCS), with its regional modules, represents 

the former and TERCE represents the latter of these possible models. In each case, however, a clear 

framework that maps directly onto regional specific scales is currently lacking and would need to be 

fully developed. In the case of larger ILSAs such as PISA and TIMMS, we recommend, at the very 

least, diversifying the cultural makeup of those stakeholders who oversee the current international 

frameworks. For example, the expert group that oversaw the PISA 2015 questionnaire framework 

and instruments committee included eleven members that were mostly from highly developed 

OECD economies (over half from the U.S. and Germany). The committee composition clearly did 

                                                           
4 Commonly defined as students with low SES and high academic achievement. 
5 According to our results this type of comparison would be valid when using the TERCE’s family socioeconomic and cultural status 

scale (FSCS) as this scale reached metric invariance (see tables 4 and 5). 
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not represent the extremely diverse cultural makeup of PISA participants (OECD, 2016b). Finally, 

in cases where countries or groups of countries find that the framework is miss-specified, members 

should work with the testing organizations to make adjustments to the framework and scales. If that 

is not possible, then participants should ask ILSA organizations not to include their country in any 

scale reporting. This engagement, of course, comes with a cost; however, publishing and using poor 

scales can be even more costly.  
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