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Abstract 

In the Programme for International Student Assessment (PISA), students’ socio-economic 

status (SES) is measured with parents’ education, parents’ occupation, and home posses-

sions. An important assumption in comparative research using these SES scores is that 

they are comparable across countries, an assumption which needs to be tested. This study 

focuses on the home possessions (HOMEPOS) scale, a component of PISA’s SES scale, 

and finds that some items in the scale function differently across countries when measuring 

family wealth – in other words, they exhibit differential item functioning (DIF). The study 

also finds that there are associations between DIF and a country’s level of economic de-

velopment, geographic location, and socio-cultural characteristics of a group (such as lan-

guage and religion). This paper provides several recommendations that can potentially im-

prove the comparability of the HOMEPOS scale across countries in the future, and by 

extension, the cross-country comparability of the SES scale of PISA. This is an important 

contribution, considering the increasing diversity of countries that are participating in 

PISA as well as the increasing focus on educational equity in many countries. 
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Introduction  

In the Programme for International Student Assessment (PISA), an international 

large-scale assessment (ILSA) administered every three years, students’ socio-eco-

nomic status (SES)1 is measured through parents’ education, parents’ occupation, and 

home possessions. The rationale for selecting these three variables is that SES has 

been traditionally measured with education, occupational status, and income (Organ-

ization for Economic Co-operation and Development [OECD], 2020), using the 

framework proposed by Duncan, Featherman, and Duncan in 1972 (Sirin, 2005). This 

framework for measuring SES in PISA has been used ever since the OECD first 

launched PISA in 2000, when two-thirds of the participating countries2 were members 

of the OECD (OECD, n.d.-a). In every subsequent cycle of PISA, the participating 

countries have become more diverse, with non-OECD members accounting for more 

than half of the countries that participated in PISA 2018. This study investigates the 

extent of the cross-country comparability of the home possessions (HOMEPOS) scale, 

a component of PISA’s SES scale, and also provides recommendations that can po-

tentially improve the comparability of this scale across countries in future rounds of 

PISA. These recommendations are timely, as the OECD has acknowledged the need 

to revise the SES scale in response to the increasing diversity of the participating 

countries (OECD, 2019).  

 

 

SES and Educational Equity 

The goal of achieving social equity in education, which means that all students have 

equal learning opportunities and that differences in their educational outcomes are not 

related to their socio-economic background (OECD, 2018), has been advocated in 

some countries for over a century (Massachusetts Board of Education, 1849). The 

importance of achieving educational equity is also being recognized worldwide – it is 

clearly highlighted in the Sustainable Development Goals (SDGs), adopted by the 

United Nations in 2015, the fourth goal of which is to “ensure inclusive and equitable 

quality education (United Nations, 2015, p. 17).” The Education 2030 Framework for 

Action, the framework which outlines the strategies for achieving SDG Goal 4, also 

states that “inclusion and equity in and through education is the cornerstone of a trans-

formative education agenda (United Nations Educational, Scientific and Cultural Or-

ganization [UNESCO], 2016, p. 7).” In spite of these efforts, SES is still an important 

determinant of students’ educational achievement in many countries, as shown in nu-

merous studies (Broer et al., 2019; Coleman, 1968; Hattie, 2008; Sirin, 2005). 

 

1 In PISA, the SES scale is called the economic, social and cultural status (ESCS) scale. 

2 In this paper, “countries” refer to “countries and economies.” 
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With such a strong interest among educational practitioners and researchers to estab-

lish policies that can promote educational equity, many have turned to ILSAs for in-

sights from countries that have made progress in achieving this goal. For example, a 

report by the OECD used data from PISA 2006 to analyze the profile of resilient stu-

dents (defined as students who achieved high scores on PISA in spite of their disad-

vantaged socio-economic background) and suggested that increasing class time for 

students with low SES and boosting their self-confidence could help them improve 

their academic performance (OECD, 2011). Also, Broer et al. (2019) analyzed data 

from the Trends in International Mathematics and Science Study (TIMSS) from 2003 

to 2015 and noted that a reduction in government spending on education and having 

a decentralized education system were associated with an increase in the achievement 

gap between low- and high-SES students, although they did not claim that this rela-

tionship was causal. These examples show that data from ILSAs can be used to sup-

port the advancement of social equity in education by helping researchers investigate 

performance differences across and within countries and also by helping policy mak-

ers establish performance-targeted interventions to improve educational outcomes. 

 

 

Measurement Invariance in International Large-Scale Assessments 

An important assumption in comparative research using SES scores from ILSAs, such 

as PISA, is that they are comparable (i.e., invariant) across countries, an assumption 

which needs to be tested (van de Vijver, 2019). Measurement invariance, in this con-

text, means that the items used to establish the SES scale are measuring the same 

construct, independent of the group (or country) a respondent belongs to, thereby en-

suring that the measurement of a construct is fair across the different groups (Wu et 

al., 2007). It should be noted that there are several levels of measurement invariance. 

In a multiple-group confirmatory factor analysis (MG-CFA) framework, configural 

invariance (i.e., the lowest level of invariance) requires the factor structure to be iden-

tical across groups, while metric invariance requires the factor loadings to also be 

identical across groups, and scalar invariance requires the intercept of the regression 

equations to also be identical across groups (Jöreskog, 1971).  

Recently, many studies have shown that scalar invariance cannot be established for 

either the cognitive assessment or the background questionnaires of ILSAs. For ex-

ample, Sandoval-Hernandez et al. (2019) examined the different SES scales used in 

PISA, TIMSS, and the Third Regional Comparative and Explanatory Study on Edu-

cation Quality (TERCE) and found that none of the scales were scalar invariant across 

the participating countries when using an MG-CFA framework. Also, according to 

the technical report of PISA 2015 (OECD, 2017a, chapter 16, p. 340), the three com-

ponents used to measure SES in PISA – parents’ education, parents’ occupation, and 

home possessions – had different factor loadings across countries, implying that scalar 

invariance could not be established for the SES scale across the participating 
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countries. In PISA 2018, the relationship between each of the three indicators and SES 

was constrained to be the same across all countries by making SES the mean of the 

three indicators (OECD, 2020, chapter 16, p. 9). However, the cross-country compa-

rability of each of the three indicators is still a concern, as explained in the next sec-

tion.  

 

 

Cross-country Comparability of the PISA SES Scale 

Parents’ education, one components of SES in PISA, is measured by the years of 

schooling received by the most highly educated parent of the student (OECD, 2020, 

chapter 16). This information is provided by the students, not the parents themselves, 

and is later mapped onto the International Standard Classification of Education 

(ISCED) framework established by UNESCO in 1997. Subsequently, the ISCED level 

of the most highly educated parent is converted into years of schooling using the me-

dian value – across all countries that participated in PISA 2015 – of the years of 

schooling for each ISCED level. This method may have compromised the cross-coun-

try comparability of parents’ education, not only because the same years of schooling 

were uniformly assigned to each level of education for all countries regardless of the 

actual education system, but also because equivalent levels of education in different 

countries had been classified into different ISCED levels to begin with (Schneider & 

Kogan, 2008). 

Information on parents’ occupational status, another component of SES in PISA, is 

also provided by students (OECD, 2020, chapter 16). These responses are subse-

quently coded using the International Standard Classification of Occupations (ISCO) 

framework established by the International Labour Organization (ILO) in 2008, then 

mapped onto the International Socio-Economic Index of Occupational Status (ISEI) 

framework. A higher ISEI score is assumed to indicate a higher occupational status 

(Ganzeboom & Treiman, 2003; OECD, 2020, chapter 16), and the higher ISEI score 

of either the mother or father is used to calculate students’ SES scores. An obvious 

threat to the cross-country comparability of this indicator is that the relative prestige 

and income of occupations can vary significantly across countries (Avvisati, 2020). 

The third component of SES in PISA is home possessions, a proxy for family wealth 

in the absence of questions in the student background questionnaire that directly ask 

about family wealth. As with the other two indicators of SES, this information is pro-

vided by students (OECD, 2020, chapter 16). The HOMEPOS scale, which included 

25 items in PISA 2018, is scaled using item response theory (IRT). In recent years, 

many studies have raised concerns about the cross-country comparability of this scale. 

For example, Rutkowski and Rutkowski (2013) analyzed data from the HOMEPOS 

scale in PISA 2009 and concluded that scalar invariance could not be established 

across countries for the three HOMEPOS subscales – the family wealth possessions 

scale (WEALTH), the cultural possessions scale (CULTPOS), and the home 
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education resources scale (HEDRES) – when using an MG-CFA framework. In addi-

tion, Pokropek et al. (2017) examined the 15 items included in the HOMEPOS scale 

in PISA 2012 and found that none of the items met all three criteria they had estab-

lished to assess cross-country comparability – the modification indices (MI), the ex-

pected parameter change (EPC), and the root mean square deviation (RMSD).3 Simi-

larly, Lee and von Davier (2020) analyzed data from the HOMEPOS scale from 2000 

to 2015 and found that none of the items were fully comparable across countries when 

using the RMSD and the mean deviation (MD).4 While the studies cited above used 

different methodologies, the findings were generally consistent with regards to con-

cerns about the cross-country comparability of the HOMEPOS scale. 

Operationally, starting with PISA 2015, differential item functioning (DIF) in the 

HOMEPOS scale was detected and addressed using multiple-group concurrent cali-

bration with partial invariance constraints (OECD, 2017a, chapter 16). For each 

HOMEPOS item, this procedure allowed country-by-language groups exhibiting DIF 

to receive unique item parameters,5 while constraining the other country-by-language 

groups to have the same item parameters. Essentially, this created a partial invariance 

model which aimed to maximize the comparability of the scale across the country-by-

language groups while ensuring the accuracy of the item parameters for each country-

by-language group. In a nutshell, this modeling approach allowed the treatment of 

measurement invariance so more comparable scales could be established. 

This paper aims to contribute to the important research on the cross-country compa-

rability of the HOMEPOS scale by analyzing data from PISA 2018 – the most recent 

administration of PISA – to examine whether DIF in this scale is related to a country-

by-language group’s characteristics such as the economic development level, geo-

graphic location, and language. While other studies on this topic examined the meas-

urement invariance of the HOMEPOS scale as a whole (e.g., Rutkowski & Rutkowski, 

2013; Sandoval-Hernandez et al., 2019), the current study focuses on DIF of items in 

the HOMEPOS scale and the possible reasons for DIF. It also expands on the research 

by Pokropek et al. (2017) and Lee and von Davier (2020) by using data from the PISA 

2018 HOMEPOS scale which has not yet been analyzed extensively. The results of 

this paper can provide information to PISA test developers on how to improve the 

comparability of the HOMEPOS scale across countries, thereby reducing the occur-

rence of DIF before it has to be treated later in the scaling process. The specific re-

search questions addressed by this paper are:  

1) Study 1: Which items in the PISA 2018 HOMEPOS scale are most impacted by 

DIF and, thus, least comparable across the country-by-language groups? 

 

3 The criteria Pokropek et al. (2017) used to flag an item-country pair for differential item functioning (DIF) 

was MI > 50, EPC > 0.35, and RMSD > 0.10. 

4 The criteria Lee and von Davier (2020) used to flag an item-group pair for DIF was RMSD > 0.15 or 

absolute MD > 0.15. 

5 The criterion used to detect DIF for an item-group pair was RMSD > 0.30 (OECD, 2017a). 
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2) Study 2: For which items in the PISA 2018 HOMEPOS scale is the level of DIF 

associated with a country’s economic development level? 

3) Study 3: Which country-by-language groups have the highest number of items ex-

hibiting DIF in the PISA 2018 HOMEPOS scale?  

4) Study 4: Are there clusters of country-by-language groups that have a similar pat-

tern of DIF across the items in the PISA 2018 HOMEPOS scale? 

 

 

Methods 

Data  

Data from the PISA 2018 HOMEPOS scale, a scale included in the student back-

ground questionnaire, were used in this research. PISA is an ILSA administered by 

the OECD every three years since 2000 to assess 15-year-old students’ ability to use 

their knowledge and skills in reading, mathematics, and science to solve real-life chal-

lenges (OECD, n.d.-b). In 2018, 77 countries participated in PISA, including all 36 

OECD countries (at the time PISA 2018 was administered) and 41 non-OECD coun-

tries. This research excluded samples that were not nationally representative, such as 

samples from specific regions or cities within a country.6 It also excluded the Ultra-

Orthodox group in Israel, because many of the HOMEPOS items had not been admin-

istered to this group. Following the operational procedure used for the cognitive as-

sessment in PISA 2018, within each country, minority languages that were used as the 

language of examination by at least 5% of the test takers (using sampling weights) 

were considered to be independent groups in the analyses (OECD, 2020, chapter 9). 

This grouping method was used because it was hypothesized that socio-cultural fac-

tors, which are partially captured by the language of examination, can affect how an 

item functions when it is used to measure family wealth. A total of 97 groups (called 

country-by-language groups) including 588,879 students (in unweighted sample size) 

were used in the analyses. 

In PISA, the student background questionnaire was administered directly to students 

for 30 to 35 minutes after the cognitive assessments (OECD, 2020, chapter 2). The 

HOMEPOS scale, one of the 66 scales included in the student background question-

naire, consisted of 25 items, including 16 dichotomous items (i.e., it asked whether 

the student’s family owned an item or not) and nine polytomous items (i.e., it asked 

how many of each item the student’s family owned; OECD, 2020, chapter 16). The 

dichotomous items were: a desk to study at; a room of your own; a quiet place to 

 

6 The four samples that were excluded were Beijing-Shanghai-Jiangsu-Zhejiang (B-S-J-Z), Hong Kong, 

and Macao in China; and Baku in Azerbaijan. 
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study; a computer you can use for school work; educational software; a link to the 

internet; classic literature; books of poetry; works of art; books to help with your 

school work; technical reference books; a dictionary; books on art, music, or design; 

and three items that each country could specify. The three country-specific items were 

excluded from this research because they could not be compared across countries. The 

polytomous items were: televisions, cars, rooms with a bath or shower, cell phones 

with internet access, computers, tablet computers, e-book readers, musical instru-

ments, and books.7 

Using the unweighted sample sizes, the percent of missing data across all items in the 

HOMEPOS scale ranged from 0.6% in Korea to 14.1% for the Arabic-speaking group 

in Israel. For 84 out of the 97 country-by-language groups, the percent of missing data 

across all items in the scale was less than 5%.  

 

Scaling 

The item parameters for the items in the HOMEPOS scale were estimated using IRT. 

Specifically, the two-parameter logistic (2PL) model (Birnbaum, 1968) was used to 

scale the dichotomous items, while the generalized partial credit model (GPCM; Mu-

raki, 1992) was used to scale the polytomous items.8 The following is the formula for 

the GPCM, which reduces to the 2PL model for dichotomous items, where P(𝑋𝑣𝑖 = k) 

is the probability of person v scoring k on item i out of the 𝑚𝑖 possible scores on the 

item, 𝜃𝑣 is the person’s latent trait, 𝑏𝑖 is the general location of the item on the latent 

continuum, 𝑎𝑖 is the slope of the item, 𝑑𝑖 is the additional step parameters of the item, 

and D is the scaling constant 1.7:  

P(𝑋𝑣𝑖 = k | 𝜃𝑣, 𝑏𝑖, 𝑎𝑖, 𝑑𝑖) = 
exp⁡{(∑ 𝐷𝑎𝑖(𝜃𝑣⁡−⁡𝑏𝑖⁡+⁡𝑑𝑖𝑟)

𝑘
𝑟=0 }

∑ exp⁡{∑ 𝐷𝑎𝑖(𝜃𝑣⁡−⁡𝑏𝑖+⁡
𝑢
𝑟=0 𝑑𝑖𝑟}

𝑚𝑖
𝑢=0

            (1) 

For the scaling, each student was weighted so the sample would be nationally repre-

sentative, and the weights were adjusted so the sum of the weights would be 5,000 for 

each country, ensuring that each country contributed equally to the estimation of the 

item parameters. The scaling was conducted using the software mdltm (von Davier, 

2005) and missing data were treated as ignorable missing data.9 

 

7 The response categories for the polytomous items were zero, one, two, and three or more, except for the 

number of books. The response categories for the number of books were zero to 10, 11 to 25, 26 to 100, 

101 to 200, 201 to 500, and more than 500. 

8 To solve the indeterminacy of the IRT scale, the average of the item discrimination parameters across the 

items was constrained to one, while the average of all the intercepts across the items was constrained to 

zero. 

9 The software mdltm provides marginal maximum likelihood (MML) estimates obtained using customary 

expectation-maximization (EM) methods with optional acceleration. 



An Apple in These Countries is an Orange in Those 
165 

Study 1: Differential Item Functioning – Analysis at the Item Level 

In recent years, several methods have been proposed to detect DIF in ILSAs, due to 

the difficulties of establishing scalar invariance in an MG-CFA framework when us-

ing data from many heterogenous groups with large sample sizes. These methods in-

clude multiple group concurrent calibration (Glas & Jehangir, 2014; Oliveri & von 

Davier, 2011), a robust method for detecting item misfit in large-scale assessments 

(von Davier & Bezirhan, 2021), Bayesian structural equation modeling (Muthén & 

Asparouhov, 2012), and the alignment method (Muthén & Asparouhov, 2014). This 

study used multiple group concurrent calibration to detect DIF, in line with the oper-

ational procedures used in PISA 2018 (OECD, 2020, chapter 9) and PISA 2015 

(OECD, 2017a, chapter 9), although the criterion for detecting DIF was different from 

the operational procedure.10  

With multiple group concurrent calibration, for each item, the observed item charac-

teristic curve (ICC) for each country-by-language group (estimated with data only 

from that group) and the model-based ICC (estimated with data pooled across all the 

country-by-language groups) are estimated concurrently. Subsequently, for each item, 

the discrepancy between the observed ICC for each country-by-language group and 

the model-based ICC is quantified using the MD as a measure of DIF. Equation (2) 

provides the formula for MD, where Po(θ) refers to the observed proportion of stu-

dents that owned an item at a given level of θ, obtained from the pseudo counts from 

the expectation step in the EM algorithm; Pe(θ) refers to the proportion of students 

that is expected to own an item at a given level of θ, obtained from the model-based 

ICC; and f(θ) refers to the number of students at a given level of θ:  

                        MD = ∫(Po(θ) − Pe(θ))f(θ)dθ                       (2) 

The MD values range from –1 to 1, with values further from zero indicating a larger 

difference between the observed ICC for the country-by-language group and the 

model-based ICC. In general, the MD is positive when a higher proportion of students 

own an item than what is predicted by the model, while the MD is negative when a 

lower proportion of students own an item than what is predicted by the model. For 

example, the left graph in Figure 1 shows the observed ICC for classic literature for 

the United States (the dashed line) and the model-based ICC for classic literature (the 

solid line) estimated with data pooled across all country-by-language groups that par-

ticipated in PISA 2018. For each value of the HOMEPOS score on the x-axis, a lower 

proportion of students in the United States owned books of classic literature than what 

was predicted by the model. For this item, the MD for the United States was –0.19, a 

negative value. For comparison, the right graph in Figure 1 shows the observed ICC 

for classic literature for Russia (the dashed line) and the model-based ICC for classic 

 

10 Operationally, in PISA 2018 and 2015, an RMSD cut-off of 0.3 was used to detect DIF for each item-

group pair, while this study used a criterion of absolute MD ≥ 0.12 to detect DIF (i.e., MD ≤ –0.12 or 

MD ≥ 0.12). 
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literature (the solid line – note that this line is the same as the solid line in the left 

graph). For each value of the HOMEPOS score on the x-axis, a higher proportion of 

students in Russia owned books of classic literature than what was predicted by the 

model. For this item, the MD for Russia was 0.34, a positive value. 

 

   

Figure 1 

Model-Based and Observed ICC for Classic Literature for the United States (Left) 

and Russia (Right) 

 

When the absolute MD value for a country-by-language group was greater than or 

equal to 0.12 for an item (MD ≤ –0.12 or MD ≥ 0.12), it was assumed that DIF had 

been detected for the country-by-language group for the item.11 In this context, DIF 

indicates that the relationship between the probability of owning an item and the 

HOMEPOS score for a country-by-language group is different from the relationship 

between the probability of owning the item and the HOMEPOS score for the pooled 

group. In other words, the item functions differently in that country-by-language 

group, compared to the other country-by-language groups, when the item is used to 

measure family wealth. For each item, the more country-by-language groups for 

which DIF is detected, the less comparable the item is in measuring family wealth 

across the country-by-language groups, because it means the relationship between 

ownership of the item and family wealth varies across the country-by-language 

groups. Through this analysis, it was possible to identify the items in the HOMEPOS 

 

11 Operationally, in PISA 2018 and PISA 2015, an RMSD cut-off of 0.3 was used to detect DIF for each 

item-group pair, and country-by-language groups for which DIF had been detected were allowed to 

receive unique parameters for the item (OECD, 2020, chapter 9; OECD, 2017a, chapter 9). In this re-

search, a stricter criterion of 0.12 was used to detect DIF, as the goal was to detect as many item-group 

pairs exhibiting DIF as possible. Also, this research used the MD instead of the RMSD to detect DIF, 

as the MD gives information about the direction and magnitude of DIF, whereas the RMSD only gives 

information about the magnitude of DIF. The direction of DIF was especially important for the correla-

tional analyses (in Study 2) and the cluster analysis (in Study 4).  
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scale that were the least comparable across the country-by-language groups in meas-

uring family wealth. Note that the country-by-language groups for which DIF had 

been detected were not allowed to receive unique parameters for the item, because the 

focus of the research was to examine the comparability of the scale across the country-

by-language groups, not to improve the scale’s accuracy for each country-by-language 

group. 

 

Study 2: Correlation Between DIF and a Country’s Economic  

Development Level – Analysis at the Item Level 
 

The purpose of this analysis was to examine the associations between the MD of each 

item and a country’s level of economic development. For each item, the MD for each 

country-by-language group was correlated with the country’s gross domestic product 

(GDP) per capita in purchasing power parity (PPP) in 2018 (World Bank, n.d.). Note 

that the country-level statistics were used for GDP per capita in the absence of infor-

mation on the GDP per capita for each country-by-language group. 

 

Study 3: Differential Item Functioning – Analysis at the Group Level  

In this study, the number of items in the HOMEPOS scale for which DIF had been 

detected was analyzed for each country-by-language group. Again, the criterion to 

detect DIF for a country-by-language group for an item was an absolute MD value 

greater than or equal to 0.12. For each country-by-language group, more items exhib-

iting DIF meant that more items in the scale functioned differently for the country-by-

language group compared to the other country-by-language groups, implying that a 

higher overall level of misfit was found in the scale for that country-by-language 

group. Through this analysis, it was possible to identify the country-by-language 

groups for which the HOMEPOS scale had the highest overall level of misfit. 

 

Study 4: Cluster Analysis – Analysis at the Group Level  

In this study, country-by-language groups were classified into clusters using cluster 

analysis – an unsupervised machine learning technique which uses attributes (in this 

case, the MD for each item in the HOMEPOS scale) to classify observations (in this 

case, country-by-language groups) into mutually exclusive clusters so that observa-

tions in the same cluster are as similar as possible and observations in different clus-

ters are as dissimilar as possible (Boehmke & Greenwell, 2020). Through this process, 

country-by-language groups that are similar in the level and direction of DIF across 

all the items in the HOMEPOS scale were classified into the same cluster. After de-

fining the clusters, it was possible to examine the characteristics of each cluster, in 
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other words, characteristics that were associated with the level and direction of DIF 

across all the items in the HOMEPOS scale. Note that Israel was excluded from this 

analysis because Israel had not administered some items (i.e., a room of your own, 

rooms with a bath or shower), making it impossible to classify Israel into a cluster. 

Thus, only 95 country-by-language groups were included in the cluster analysis. 

The cluster analysis was conducted in SAS (version 9.4) using Ward’s minimum-var-

iance clustering method (Ward, 1963), an agglomerative method in which each coun-

try-by-language group is placed in its own cluster at the beginning of the clustering 

process. At each subsequent step, the two clusters that minimize within-cluster vari-

ance and maximize between-cluster variance are combined to form a new cluster, and 

this is repeated until there is only one cluster containing all the country-by-language 

groups. Subsequently, the cluster solution with the smallest number of clusters that 

satisfies the following criteria is determined to be the ideal cluster solution: (a) equal 

within-cluster variance as the preceding step, (b) lower within-cluster variance than 

the subsequent step, and (c) a higher pseudo-F statistic (which indicates the separation 

among all clusters; Caliński & Harabasz, 1974) than the pseudo-t2 statistic (which 

indicates the separation of the two clusters that were most recently combined; Duda 

et al., 1973), as demonstrated by Cooper and Milligan (1988).  

 

 

Results and Discussion 

Scaling 

The item parameters for all of the items in the HOMEPOS scale are presented in Table 

1. The a-parameters ranged from 0.46 (for books of poetry) to 2.37 (for computer you 

can use for school work). The b-parameters ranged from –1.80 (for dictionary) to 0.39 

(for books of poetry) for dichotomous items, and from –0.82 (cell phones with internet 

access) to 1.58 (e-book readers) for polytomous items. These item parameters were 

subsequently used to estimate the IRT-based HOMEPOS score, as weighted likeli-

hood estimates (WLE; Warm, 1989), for each student as well as the average 

HOMEPOS score for each country-by-language group.  
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Table 1 

Item Parameters for Items in the HOMEPOS Scale 

Item 
Parameters 

a b d 

A desk to study at 1.23 –0.90 
     

A room of your own 0.85 –0.89 
     

A quiet place to study 0.89 –1.20 
     

A computer you can use for school work 2.37 –0.33 
     

Educational software 1.13 0.18 
     

A link to the Internet 2.32 –0.68 
     

Classic literature 0.63 0.21 
     

Books of poetry 0.46 0.39 
     

Works of art 0.87 –0.05 
     

Books to help with your school work 0.60 –1.26 
     

Technical reference books 0.91 0.06 
     

A dictionary 0.59 –1.80 
     

Books on art, music, or design 0.72 0.13 
     

Televisions 0.65 –0.75 1.75 –0.67 –1.08 
  

Cars 1.01 0.32 0.69 –0.06 –0.63 
  

Rooms with a bath or shower 0.97 0.21 1.30 –0.41 –0.89 
  

Cell phones with internet access 0.88 –0.82 0.36 –0.71 0.35 
  

Computers 2.10 0.11 0.54 –0.12 –0.42 
  

Tablet computers 0.98 0.54 0.43 –0.25 –0.18 
  

E-book readers 0.63 1.58 –0.31 –0.26 0.57 
  

Musical instruments 0.65 0.71 0.09 –0.28 0.19 
  

Books 0.54 0.68 0.61 0.76 –0.47 –0.26 –0.63 

Note: a refers to the slope parameter, b refers to the general location parameter, and d refers 

to the step parameters for polytomous items in the GPCM. 

 

It is interesting to note that the average HOMEPOS score for the country-by-language 

groups does not have a linear relationship with the countries’ per-capita wealth, even 

though the HOMEPOS scores were meant to be a proxy for family wealth. Figure 2 

presents a scatterplot of the average HOMEPOS score for each country-by-language 

group using PISA 2018 data and countries’ GDP per capita in PPP from 2018 (World 

Bank, n.d.). The correlation is 0.67, and the relationship between the two variables is 
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better explained by a logarithmic function than a linear function, as indicated by the 

trendline in the figure. The logarithmic relationship between the two variables sug-

gests that the marginal contribution of per-capita income in improving the HOMEPOS 

score diminishes at higher levels of income. 

 

   

Figure 2 

Scatterplot Between Each Country-by-Language Group’s Average HOMEPOS Score 

(WLE) and the GDP per Capita in PPP  

 

For comparison, Figure 3 below presents a scatterplot of the average HOMEPOS 

score for each country-by-language group using PISA 2018 data and countries’ Hu-

man Development Index (HDI) in 2018 (United Nations Development Programme 

[UNDP], n.d.). The HDI, developed by the UNDP, is a composite index which is cal-

culated by taking the geometric mean12 of the following: a) the logarithm of the gross 

national income (GNI) per capita, representing a decent standard of living; b) the ex-

pected years of schooling for school-age children or the mean years of schooling for 

adults aged 25 years or more, representing education; and c) the life expectancy at 

birth, representing a long and healthy life. The correlation between the average 

 

12 The geometric mean is calculated by taking the cube root of the product of the three components. 
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HOMEPOS score for each country-by-language group in 2018 and countries’ HDI in 

2018 is 0.83, which is higher than the correlation between the average HOMEPOS 

scores and the GDP per capita. Also, the relationship between the two variables is 

relatively linear, perhaps because the HDI already takes into account the diminishing 

marginal contribution of income in improving the HDI at higher levels of income (by 

taking the logarithm of the GNI per capita when calculating the HDI). 

 

 

Figure 3 

Scatterplot Between Each Country-by-Language Group’s Average HOMEPOS Score 

(WLE) and the Human Development Index 

 

Study 1: Differential Item Functioning – Analysis at the Item Level 

Figure 4 presents, for each item, the percent of country-by-language groups for which 

DIF had been detected using a cut-off of 0.12 for the absolute MD value. DIF had 

been detected for over 50% of the country-by-language groups for classic literature 

and books of poetry, implying that these items functioned very differently across the 

country-by-language groups when they were used to measure family wealth. In other 

words, these items were not very comparable across the country-by-language groups 
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in measuring family wealth. Issues with the cross-country comparability of both of 

these items had already been raised in studies by Lee and von Davier (2020) and 

Pokropek et al. (2017). Operationally, to address the high proportion of country-by-

language groups in which DIF had been detected for these two items, all country-by-

language groups received unique item parameters for these items in PISA 2018 and 

PISA 2015 (OECD, 2020, chapter 9; OECD, 2017a, chapter 9). While this operational 

procedure may have increased the accuracy of the item parameters within each coun-

try-by-language group, it does not address the non-comparability of the items across 

the country-by-language groups. Therefore, it is recommended that these items be ex-

cluded from the HOMEPOS scale (and potentially be replaced by new items with a 

better fit) in the future to improve the comparability of the scale across country-by-

language groups.  

 

  

Figure 4 

Percent of Country-by-Language Groups With Absolute MD Value Greater Than or 

Equal to 0.12 

 

Study 2: Correlation Between DIF and a Country’s Economic  

Development Level – Analysis at the Item Level 
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For each item, the correlation between the MD for each country-by-language group 

and the countries’ GDP per capita in PPP in 2018 is presented in Table 2. The corre-

lations ranged from –0.56 (for books of poetry) to 0.52 (for tablet computers). 

 

Table 2 

Correlation Between MD of Each Country-by-Language Group and Country's Eco-

nomic Development Level 

 

Correlation between MD 

& GDP per capita (PPP) 

Books of poetry –0.56 

Classic literature  –0.55 

Books on art, music, or design –0.47 

Televisions –0.37 

A computer you can use for school work –0.35 

Technical reference books –0.34 

Books to help with your school work  –0.33 

Works of art  –0.32 

A quiet place to study –0.31 

A dictionary  –0.26 

A desk to study at –0.24 

Educational software  –0.22 

A room of your own –0.20 

Books –0.15 

Musical instruments –0.10 

E-book readers –0.06 

Cell phones with internet access  –0.04 

A link to the internet  –0.03 

Computers  0.01 

Rooms with a bath or shower  0.12 

Cars  0.31 

Tablet computers  0.52 
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The lowest correlation between the MD and GDP per capita in PPP was for books of 

poetry which had a correlation of –0.56. The scatterplot for this item is presented in 

Figure 5. A negative correlation generally means that in countries with a low GDP per 

capita, the MD is positive (i.e., a higher proportion of students own the item than what 

is predicted by the model), while in countries with a high GDP per capita, the MD is 

negative (i.e., a lower proportion of students own the item than what is predicted by the 

model). It could be that these items are symbols of status or cultural capital in countries 

with a low GDP per capita, resulting in families buying more books of poetry in these 

countries compared to families with a similar level of wealth in other countries.  

 

Figure 5 

Scatterplot Between Each Country-by-Language Group’s MD and GDP per Capita 

in PPP for Books of Poetry  

 

In contrast, the highest correlation between the MD and GDP per capita in PPP was 

for tablet computers, which had a correlation of 0.52. The scatterplot for this item is 

presented in Figure 6. A positive correlation generally means that in countries with a 

low GDP per capita, the MD is negative (i.e., a lower proportion of students own the 

item than what is predicted by the model), while in countries with a high GDP per 

capita, the MD is positive (i.e., a higher proportion of students own the item than what 

is predicted by the model). It may be that tablet computers are a status symbol in 

countries with a high GDP per capita, resulting in families in these countries buying 

more tablet computers compared to families with a similar level of wealth in other 
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countries. Alternatively, it could mean that tablet computers are simply more accessi-

ble in wealthier countries because the marketing of this product is targeted at those 

countries or the international supply chain makes it easier for tablet computers to be 

sold in those countries. Whatever the reason, items for which the level of DIF is asso-

ciated with a country’s economic development level should be excluded from the 

HOMEPOS scale, as it can create bias in the HOMEPOS scores across countries. As 

more developing countries are planning to participate in the next cycle of PISA in 

2022 (OECD, 2017b), it is more important than ever that the HOMEPOS scores are 

not biased by the economic development level of the participating countries. 

 

Figure 6 

Scatterplot Between Each Country-by-Language Group’s MD and GDP per Capita 

in PPP for Tablet Computers 

 

Study 3: Differential Item Functioning – Analysis at the Group Level 

Figure 7 presents, for each country, the percent of items in the scale for which DIF 

had been detected. Note that only the result for the main language group of each coun-

try is shown on the map. In Qatar (Arabic), Saudi Arabia (Arabic & English), the 

Philippines (English), the United Arab Emirates (Arabic), Brunei (English), Indonesia 

(Indonesian), Kazakhstan (Kazakh), Japan (Japanese), and Malaysia (Malay), DIF had 

been detected in over a third of the items. The high percent of items for which DIF 
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had been detected for these country-by-language groups implied that for these groups, 

many of the items in the HOMEPOS scale functioned differently than in the other 

groups when the items were used to measure family wealth. In other words, a high 

overall level of misfit was found in the scale for these country-by-language groups. 

  

  

Figure 7 

Percent of Items With Absolute MD Greater Than or Equal to 0.12  

Note. Only the result for the main language group of each country is shown on the 

map. Also, countries that were not included in the analysis are colored in white. 

 

It is interesting to note that among the top nine country-by-language groups with the 

highest number of items for which DIF had been detected, seven are from countries 

with a large Muslim population (i.e., Qatar, Saudi Arabia, the United Arab Emirates, 

Kazakhstan, Brunei, Indonesia, and Malaysia) – these countries are in the Middle East, 

Central Asia, and Southeast Asia. The high proportion of items exhibiting DIF in 

Muslim-majority countries indicate that many of the items in the HOMEPOS scale 

function differently in countries with a large Muslim population compared to other 

countries. This suggests that how an item functions in measuring family wealth may 

be related to the socio-cultural characteristics of a group, such as religion. 

As noted by Brese and Mirazchiyski (2013) and Yang and Gustafsson (2004), a major 

challenge in measuring family wealth with household items is that some items may 

be valued differently in different societies and cultures, or some items may be less 

accessible in certain countries due to external circumstances, making the relationship 
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between the ownership of an item and family wealth vary across countries. For exam-

ple, Russian students may be more likely to have books of classic literature at home 

compared to students with a similar level of wealth in other countries, simply because 

Russians have a culture of valuing classic literature (or at least classic Russian litera-

ture). Also, students in countries where public transportation is widely available may 

have less cars at home compared to students with a similar level of wealth in other 

countries. When many of the items in the HOMEPOS scale function differently for a 

country compared to other countries, a high overall level of misfit will be found in the 

scale – indicated by a darker shade in the map above. 

 

Study 4: Cluster Analysis for Country-by-Language Groups – Analysis 

at the Group Level 
 

The results from the cluster analysis indicated that classifying the 95 country-by-lan-

guage groups into five clusters produced the best solution, with cluster sizes ranging 

from 51 country-by-language groups (for Cluster 1) to just three country-by-language 

groups (for Cluster 5). These results are presented in Figure 8 (with only the result for 

the main language group of each country presented on the map).  

 

 

Figure 8 

Results of the Cluster Analysis 

Note. Only the result for the main language group of each country is presented on the 

map. Also, countries that were not included in the analysis are colored in white. 
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The map above revealed some clear geographic patterns – Cluster 1 mostly included 

countries in North/Central/South America, Western Europe, Scandinavia, and Aus-

tralia. Interestingly, 26 of the 35 OECD member countries were in Cluster 1.13 In con-

trast, Cluster 3 mostly consisted of countries that had been member states or satellites 

of the Soviet Union (e.g., Russia, Belarus, Georgia, Kazakhstan, Moldova, Romania, 

and Ukraine). Cluster 2 also included several countries that had been member states 

or satellites of the Soviet Union (e.g., Estonia, Latvia, Lithuania, and Slovakia), but 

the countries in Cluster 2 are geographically located between the countries in Cluster 

1 and countries in Cluster 3. It is also interesting to note that Cluster 2 included the 

nine remaining OECD member countries, suggesting that the countries in Cluster 2 

are geographically and economically distinct from the countries in Cluster 3, in spite 

of their shared recent history. Lastly, Cluster 4 included countries that are mainly in 

Southeast Asia (e.g., Indonesia, Malaysia, Philippines, Thailand, and Vietnam), while 

Cluster 5 consisted of three countries in the Middle East (e.g., Qatar, Saudi Arabia, 

and the United Arab Emirates). These results suggest that there are regional similari-

ties in how an item functions in measuring family wealth, perhaps because countries 

in the same region are similar in terms of their cultural values, level of economic de-

velopment, geopolitical situation, etc. 

Some differences were noted even within countries. Among the 20 countries with 

multiple language groups, in 17 countries, the main and minority language groups 

were classified into the same cluster. However, in three countries, the minority lan-

guage group was classified into a different cluster from the main language group – in 

the United Arab Emirates and Qatar, the Arabic-speaking group was classified into 

Cluster 5, while the English-speaking group was classified into Cluster 1. In Malaysia, 

the Malay-speaking group was classified into Cluster 4, while the English-speaking 

group was classified into Cluster 1. This suggests that how an item functions in meas-

uring family wealth may also be related to the socio-cultural characteristics of a group 

which is captured by the language of examination of the group. 

For each item, the average MD for each cluster is presented as a radar chart in Figure 

9. Classic literature had the highest variability in the average MD across the clusters, 

with the average MD ranging from –0.21 (for Cluster 5) to 0.31 (for Cluster 3). The 

item with the second highest variability in the average MD across the clusters was 

books of poetry. Similar to the findings in Study 1, these results show that classic 

literature and books of poetry are not comparable across the clusters in measuring 

family wealth, and thus are recommended for exclusion from the HOMEPOS scale. 

 

13 The 35 countries exclude Israel which is a member of the OECD but was not included in the cluster 

analysis. 
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Figure 9 

Average MD for Each Item and Cluster 

Note. The items are presented in descending order of variability in the cluster-level 

average MD.  

 

 

Conclusion  

This paper contributes to studies on the cross-country comparability of the measure-

ment of SES in ILSAs by analyzing data from the HOMEPOS scale of PISA 2018. 

While other studies on this topic have examined the measurement invariance of the 

HOMEPOS scale as a whole (e.g., Rutkowski & Rutkowski, 2013; Sandoval-Hernan-

dez et al., 2019), this study focused on DIF of items in the HOMEPOS scale and the 

possible reasons for DIF. The insights provided by this study can help PISA test de-

velopers improve the comparability of the HOMEPOS scale across countries, thereby 

reducing the occurrence of DIF before it has to be treated later in the scaling process.  
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In Study 1, it was found that classic literature and books of poetry were the least com-

parable across the country-by-language groups in measuring family wealth, with DIF 

being detected for over 50% of the country-by-language groups for these items. This 

is in line with the findings by Lee and von Davier (2020) and Pokropek et al. (2017). 

In Study 2, the MD for these two items were also found to have a strong negative 

correlation with countries’ GDP per capita in PPP in 2018, providing further support 

for excluding these items from the HOMEPOS scale to improve the comparability of 

the scale across countries in the future. Study 2 also found that the MD for tablet 

computers had a strong positive correlation with countries’ GDP per capita in PPP in 

2018 – this item is also a candidate for exclusion from the HOMEPOS scale, espe-

cially since more economically diverse countries are planning to participate in PISA 

2022. 

Analyses from Study 3 showed that DIF was detected for a high percentage of items 

in certain countries, especially countries with a large Muslim population, suggesting 

that how an item functions in measuring family wealth may be related to the socio-

cultural characteristics of a group. In Study 4, it was found that there are regional 

similarities in how the items in the HOMEPOS scale function in measuring family 

wealth, perhaps because countries in the same region have similar characteristics such 

as cultural values, level of economic development, and geopolitical situation. Both 

studies provide evidence that the HOMEPOS scale functions differently across coun-

tries in measuring family wealth, a serious issue considering the increasing diversity 

of countries planning to participate in future rounds of PISA. 

A practical solution for increasing the cross-country comparability of the HOMEPOS 

scale while maintaining the relevance of the scale for the participating countries could 

be to use different sets of items for different socio-cultural groups which can be de-

fined by geographic region, language, religion, etc. For this recommendation to work, 

a core set of items that function very similarly across all groups in measuring family 

wealth should be administered to all groups so that the scale can be linked across the 

groups. Items such as a quiet place to study, a link to the internet, a computer you can 

use for school work, a desk to study at, e-book readers, a room of your own, and 

musical instruments are good candidates for the core set of items, as DIF was detected 

in less than 20% of the country-by-language groups for these items using both the 

absolute MD and RMSD (with a cut-off of 0.12). Also, keeping a sub-set of items that 

are common across the PISA cycles will allow the scale to be linked across cycles, 

making trend analyses possible. More research is needed to identify additional items 

that function similarly across time and across countries in measuring family wealth 

regardless of the socio-cultural characteristics, religion, economic development level, 

and the geopolitical situation of the countries participating in PISA. 

It should be noted that there are some limitations of this study that should be taken 

into account when interpreting its results. One limitation is the reliability of self-re-

ported data in low-stakes assessments such as PISA. Thus, it may be unrealistic to 

assume that all students replied accurately to the student background questionnaire. 

Also, considering that students had to take the PISA cognitive assessment for two 
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hours before responding to the background questionnaire, respondent fatigue may 

have affected the accuracy of students’ responses to the HOMEPOS scale. Another 

limitation is that an MD cut-off of 0.12 may have been too strict to detect DIF, inflat-

ing the number of country-by-language groups for which DIF had been detected for 

each item. However, in the absence of definitive research on the ideal cut-off for de-

tecting DIF in the background questionnaires, this study used a relatively strict crite-

rion, as the goal was to detect as many existing item-group pairs exhibiting DIF as 

possible and to not overlook potential invariance issues. In the future, more research 

should be conducted on the ideal MD cut-off to detect DIF in the background ques-

tionnaires.  

Future research could also examine the usefulness of mixture IRT models (cf., Rost 

et al., 1999; von Davier et al., 2007) instead of cluster analysis for a more model-

based approach. Mixture IRT models – which assume different item parameters for 

different latent classes – and the hybrid model (Yamamoto, 1987; Yamamoto, 1989; 

Yamamoto & Everson, 1997) – which assumes different models for different latent 

classes – could be used as alternative methods for detecting cross-country invariance 

of item parameters and DIF. It would be interesting to compare the results of these 

alternative approaches to the findings in this paper. Even if similar results are found, 

there might be differences in the robustness and accuracy of the estimations (which 

could be revealed through simulation studies).  

In spite of the limitations mentioned above, the insights and recommendations from 

this research can help improve the comparability of the HOMEPOS scale across coun-

tries in the future, and by extension, the cross-country comparability of the SES scale 

of PISA. This would be an important contribution, since the SES variable is one of 

the most widely used variables in PISA-related research (Avvisati, 2020) and the non-

comparability of the SES scores would threaten the validity of international compar-

ative research using these scores. This research is also very timely, considering the 

increasing diversity of countries that are participating in PISA, the acknowledgement 

by the OECD of the need to make the SES scale more comparable across the partici-

pating countries, and the increasing focus on educational equity in many countries 

around the world.  
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