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Cross-Cultural Differential Item Functioning in the PISA 2022 Creative Thinking Assessment 

Highlights
· PISA 2022 creative thinking tasks exhibit Differential Item Functioning (DIF) across cultural contexts.
· We combine an IRT-based DFIT framework with qualitative item diagnosis.
· Our analysis across cultural clusters reveals significant cultural differences.
· Creative thinking studies could draw more on item-design teams & cultural experts.




Cross-Cultural Differential Item Functioning in the PISA 2022 Creative Thinking Assessment 
Abstract Conceptions of creativity differ systematically across cultures, shaping how they are expressed and valued. The introduction of a Creative Thinking (CT) domain in PISA 2022 marks the first large-scale, internationally comparable assessment of this competence among 15-year-olds. However, the availability of this rich cross-national data does not resolve the fundamental validity question of whether the creative thinking tasks function equivalently across diverse cultural contexts at the item level. This study investigates the extent, patterns, and mechanisms of cultural differences in the PISA 2022 CT assessment. We employ a sequential explanatory mixed-methods approach, pairing an IRT-based Differential Functioning of Items and Tests (DFIT) framework with qualitative item diagnosis. DFIT analyses of 30 PISA 2022 CT items across 10 Global Leadership and Organizational Behavior Effectiveness (GLOBE) cultural clusters reveal that while cultural non-invariance is pervasive (flagging 83.3% of items), the severity of bias is uneven. At the cluster level, bias does not suggest an “East–West” divide but distinct regional assessment profiles. To explain these quantitative patterns, a subsequent qualitative diagnosis of the most severely biased items was conducted. This analysis located a four-dimensional bias architecture that may contribute to the observed disadvantage: (1) context universality and familiarity, (2) the cultural match of scenario-activated cognitive prototypes, (3) implicit value assumptions, and (4) response-mode alignment. These findings call for a shift in the field from reactive, post-hoc bias screening to a proactive approach of embedding fairness considerations into the design process, aimed at creating culturally inclusive assessments.
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1. Introduction
The release of the PISA 2022 results marks a major step in international education. For the first time, the creative thinking competence of 15-year-olds have been assessed on a global scale (OECD, 2024a). By using highly contextualised, open-ended tasks, PISA aims to capture “everyday” creative thinking (OECD, 2021). In large-scale cross-cultural settings, however, contextualised open-ended tasks and the scoring criteria may be differentially sensitive to cultural familiarity, interpretive conventions, and normative response practices (OECD, 2025). As a result, equivalence in how individual items function across diverse cultural groups cannot be assumed and requires empirical scrutiny. Because creativity is closely tied to culturally situated norms about what counts as an original and appropriate idea (Lubart, 2010), a central measurement question arises: do PISA 2022 Creative Thinking (CT) items function comparably across cultural contexts, or might observed score differences partly reflect construct-irrelevant variance linked to task features and scoring demands?
Potential threats to comparability are rooted in systematic differences in cultural conceptions and expressions of creativity. Broadly, Western traditions often privilege originality and individual agency, whereas many East Asian traditions emphasize appropriateness and social harmony (Niu & Sternberg, 2006; Kim, 2011). Such orientations can shape response strategies (e.g., rapid divergence versus iterative refinement) even under identical instructions. Moreover, because PISA CT tasks vary substantially in domain (e.g., written vs. visual) and cognitive demand (e.g., generating vs. improving ideas), non-equivalence—if present—is unlikely to be uniform across the test. Therefore, an item-level perspective is needed to localise where particular task features may differentially align with culturally patterned response norms.
To address this issue, this study employs a sequential explanatory mixed-methods approach that pairs large-scale psychometric analysis with in-depth qualitative diagnosis. First, the study uses an IRT-based Differential Functioning of Items and Tests (DFIT) framework to test whether individual PISA Creative Thinking items exhibit Differential Item Functioning (DIF) across cultural clusters. Second, the study moves from identification to explanation through a targeted qualitative analysis of the DIF items. Using a four-dimension framework that examines context familiarity, activated cognitive prototypes, embedded value assumptions, and response-mode alignment, to propose plausible mechanisms linking item features to differential functioning.
Crucially, DIF findings are treated as indicators of potential psychometric non-equivalence, not as direct claims about bias, fairness, or the overall validity of cross-cultural comparisons. Evaluative conclusions about fairness require evidence beyond item statistics (e.g., content and translation review and analyses of scoring processes). Within this boundary, our contribution is to move beyond simply testing for DIF by linking item-level flagging to theory-informed mechanisms, thereby informing interpretation of international CT results and future tasks and scoring refinement.

2. Theoretical Framework: Cultural Validity in Creativity Assessment
This section establishes the conceptual foundations for analysing item-level comparability in the PISA 2022 CT assessment. Moving beyond national comparisons, we conceptualise “cultural context” through the lens of cultural clusters to capture shared societal values and institutional patterns. The section is organised in three parts. First, we outline why PISA CT contextualised tasks can simultaneously enhance ecological validity and heighten cross-cultural comparability risks. Second, we propose a four-dimension interpretive framework to articulate plausible pathways through which task features may relate to differential item functioning. Third, we justify the use of cultural clusters as a grouping variable.
2.1 Cultural Sources of Differential Item Functioning in PISA Creative Thinking Assessment
PISA introduced Creative Thinking as an assessment domain for the first time in its 2022 cycle, reflecting a growing international consensus that creativity is a key 21st-century competence (OECD, 2021). Creative Thinking is defined as the competence to engage productively in the generation, evaluation, and improvement of ideas that can result in original and effective solutions, advances in knowledge, and impactful expressions of imagination. The assessment framework operationalises this construct through tasks embedded in authentic real-world scenarios to elicit everyday creative performance (OECD, 2021). However, as Benedek and Beaty (2025) caution, this contextualisation creates a paradox for measurement: tasks intended to assess a universal competence may unintentionally filter it through specific cultural lenses. More broadly, while creative thinking is often framed as a universal human capacity, the ways in which it is defined, elicited, and recognised are culturally situated (Shao et al., 2019; Glăveanu, 2010; Lubart, 2010); accordingly, test items may function differently across contexts not due to ability differences, but because items and scoring encode culturally situated assumptions about what constitutes creative performance.
In PISA 2022, this risk is amplified by three design features that are tied to culture, i.e., contextualised prompts, constructed-response formats, and rubric-guided coding that foregrounds appropriateness and originality within limited response slots (typically one to three responses) (Cuesta-Hincapie & Camargo Salamanca, 2025). First, by making performance conditional on familiarity with specific “real-world” scenarios, such items risk introducing systematic bias (Guo et al., 2021), where difficulty varies not by the student’s creativity, but by the cultural distance between the student and the test designer (He & Van De Vijver, 2012). Second, cultural variation in evaluative traditions can translate into evaluative misalignment in standardised scoring. In many Western contexts creativity is linked to originality and norm-challenging distinctiveness, whereas East Asian contexts tend to place greater weight on social value, appropriateness, and cautious, incremental innovation (Niu & Sternberg, 2006; Rudowicz, 2003; Morris & Leung, 2010), meaning that rubric-defined “originality” credit may align more closely with some culturally patterned response styles than others (Barth & Stadtmann, 2024). Third, pedagogical conditioning can yield procedural misalignment. Open-ended prompts require students to actively construct ideas from sparse cues (Zhai et al., 2021), and tasks that ask for two or three distinct ideas within limited slots may advantage students more accustomed to rapidly externalising multiple alternatives, while disadvantaging students trained toward precision and reflective self-filtering—even when underlying creative potential is comparable (Rutkowski & Rutkowski, 2025). Crucially, these concerns cannot be resolved by country-level averages alone, especially under PISA’s matrix sampling design where each student answers only a fraction of the item pool and cross-form/cross-country comparisons hinge on overlapping items being approximately invariant (Rutkowski & Rutkowski, 2025).
This motivates an item-level DIF perspective to localise where (and through which task or scoring demands) cultural assumptions may enter the measurement process for PISA CT. At the same time, DIF is a diagnostic signal of item non-equivalence conditional on proficiency. It identifies which tasks warrant substantive interpretation (e.g., analysing scenario demands, rubric emphasis on appropriateness vs originality) to clarify whether observed cross-cultural disparities are more consistent with genuine proficiency differences or with culturally patterned misalignment in elicitation and recognition.
[bookmark: OLE_LINK3][bookmark: OLE_LINK4]
2.2 Conceptual Pathways for Explaining Cross-cultural DIF in PISA Creative Thinking
Substantive interpretation of such item-level disparities calls for a theoretical framework grounded in the mechanisms of cross-cultural responding to PISA CT tasks. Drawing on cross-cultural measurement research and scholarship on creativity evaluation (e.g., Breuer et al., 2020; Eignor, 2013; van de Vijver & Tanzer, 2004), four a priori dimensions are used to interpret plausible sources of item-level DIF in PISA creative thinking. These dimensions capture: (1) Context Universality and Familiarity, (2) Cultural Match of Scenario-Activated Cognitive Prototypes, (3) Embedded Value Assumptions, and (4) Response-Mode Alignment. Dimensions 1 and 2 primarily address culturally patterned access to and interpretation of contextualised scenarios; Dimension 3 targets alignment with rubric-relevant evaluative criteria; and Dimension 4 addresses procedural and expressive alignment under PISA’s response constraints.
	The first dimension, Context Universality and Familiarity, evaluates whether an item’s content is equally accessible to all cultural groups. When a test item presupposes knowledge or experiences that are not universally shared, its scores may reflect these differences in background rather than the targeted ability. This concern is particularly relevant for creativity assessment, where a strong experiential bias has been well documented (Hempel & Sue-Chan, 2010). Studies on divergent thinking (Runco & Acar, 2010), for example, demonstrate that scores draw heavily on personal and social experiences, with experience explaining approximately 30–44% of the variance in idea fluency and 64–65% of the variance in originality. Similarly, evidence from large-scale assessments show that items containing culturally specific content, such as references to the “Grand Canyon” versus a “maglev train” can produce DIF by creating a performance advantage for groups to whom the context is commonplace (Huang et al., 2016). Therefore, this dimension directs attention to whether a PISA CT scenario presupposes background knowledge that is likely to be unevenly distributed across cultural contexts. 
	The second dimension of our analysis, Cultural Match of Scenario-Activated Cognitive Prototypes, detects a bias that arises when an item’s scenario implicitly cues a prototype, such as ‘leadership,’ ‘collaboration,’ for which the default mental model, or prototype, varies significantly across cultures (Sun et al., 2024). For instance, an item depicting a man in a suit might activate a “going to work” prototype in one culture but a “going to church” prototype in another, leading to different interpretations of the character’s intent and context (Baker, 2005). A systematic disadvantage emerges when the item’s unstated expectations or scoring guide implicitly privileges one cultural prototype over others (Helms, 2010). Accordingly, this dimension focuses on whether culturally variable prototypes plausibly shift how examinees construe the task situation and its goals, thereby altering what kinds of ideas are generated and judged as fitting the prompt under PISA CT scoring expectations.
	The third dimension, Embedded Value Assumptions, detects a bias that arises when an item’s scenario implicitly normalises a particular value orientation, e.g., individual striving vs. community mutual aid, state responsibility vs. personal discipline on moralised issues (such as environmental action), disruption vs. orderly, incremental improvement. These embedded cues can steer how examinees interpret the task goal and influence the kinds of ideas they feel are legitimate to propose (Sarafan et al., 2020). Such orientations are known to vary across cultures in creativity-related contexts (Luescher et al., 2019), e.g., differing emphases on novelty vs. social contribution, or exploratory vs. socially responsible images of a “creative” person. Therefore, this dimension is used to examine whether a scenario’s value cues are likely to align with some groups’ normative views of “good” creative responses more than others.
	The fourth dimension, Response-Mode Alignment, examines a form of method bias that can occur when an item’s required response format or underlying problem-solving approach misaligns with the normative practices of a cultural group (van de Vijver, 2018). This misalignment can operate at both a cognitive and a procedural level. Cognitively, cultural norms shape default approaches to open-ended tasks; some systems may encourage multi-path exploration and a tolerance for uncertainty, while others may foster a preference for single, optimal solutions (Lacko et al., 2025). Procedurally, some educational and discourse traditions may place greater emphasis on narrative or metaphorical expression, potentially shaping relative familiarity with particular expressive modes (Akinyemi, 2011). A disadvantage can arise when a task’s design, such as rewarding the quantity of divergent ideas, inherently favours an exploratory style, potentially penalising students from cultures where a more deliberative, single-solution search is the norm. In PISA CT, this dimension thus foregrounds how response format and scoring emphases may interact with culturally patterned strategies for idea externalisation and self-filtering.
Although these pathways clarify how culture may shape item functioning, much empirical work still interprets cross-cultural differences through overly coarse binaries (e.g., “Western” versus “East Asian”), which overlooks the nuanced similarities and differences across diverse societies. To move beyond this simplistic binary as proxies for culture, the following section introduces cultural clusters as a more robust basis for comparison.

	2.3 Cultural Clusters as a Basis for Cross-national Comparison
	To move beyond the limitations of treating the nation-state as a proxy for culture, cross-cultural research has increasingly turned to the concept of cultural clusters (Ronen & Shenkar, 2013; Taras et al., 2016). Cultural clusters aggregate countries that share distinct patterns of values, norms, and social institutions, typically rooted in common historical, linguistic, religious, or geographic ties (House et al., 2004). By grouping societies based on shared latent characteristics rather than political borders, cluster approaches allow researchers to distinguish meaningful regional similarities from country-level noise (Gupta et al., 2002). For large-scale assessments like PISA, this provides a more theoretically grounded framework for investigating group differences than the use of isolated country dummy variables.
	The foundation for this approach was laid by early “syntality” studies (i.e., studies describing stable collective tendencies in how groups behave and organise) (Cattell, 1943, 1950) and Hofstede’s seminal work on national culture dimensions (Hofstede, 1984; Hofstede et al., 2010), which established that countries could be meaningfully mapped into value-based profiles. However, Hofstede’s original clustering has faced scrutiny regarding its reliance on a single corporate sample, dated data, and potential methodological constraints (Baskerville, 2003; McSweeney, 2002; Javidan et al., 2006). Schwartz (1999, 2006) advanced the field by deriving regions from basic human values measured across broad representative samples. While Schwartz’s mapping of regions (e.g., West European, East Asian, Latin American) offered a more systematic topography, it remained reliant on country-level averages, and still remained sensitive to sampling and aggregation decisions (Fischer, 2009; Ng et al., 2009; Taras et al., 2016).
	The Global Leadership and Organizational Behavior Effectiveness (GLOBE) project (House et al., 2004) represents a methodological improvement toward a robust, empirically derived clustering of societies. Drawing on data from 62 societies, GLOBE identified nine dimensions of societal culture -including power distance, uncertainty avoidance, and performance orientation- measured in terms of both practices (“as is”) and values (“should be”). GLOBE employed a theory-driven scale development process and multilevel confirmatory factor analysis to ensure measurement equivalence across languages and cultures (Brodbeck et al., 2002; Hanges & Dickson, 2004). This process resulted in ten statistically derived cultural clusters (e.g., Anglo, Confucian Asia, Germanic Europe, Sub-Saharan Africa). For research on creativity, GLOBE is attractive because its dimensions speak directly to issues such as comfort with uncertainty, performance pressure, collectivism versus individualism, and humane orientation, factors that we know are related to how creative ideas are generated, evaluated, and expressed. A practical limitation of the original GLOBE map is its coverage, i.e., the initial sample of 62 societies excludes several education systems participating in PISA 2022 (Venaik & Brewer, 2013). To address this, we use the extension developed by Mensah and Chen (2013), which classifies nearly all recognised countries into a GLOBE cluster. The extension uses discriminant analysis based on observable attributes, including language, religion, geography, ethnicity, and colonial history supplemented by expert judgment (Mensah, 2014; Paunova, 2020).
	In the current study, we adopt this extended GLOBE classification as the grouping variable for analysing DIF in the PISA 2022 creative thinking assessment. We do this for three reasons. First, GLOBE provides a theory-driven lens, rather than relying on ad hoc geographic regions, with the clusters including value dimensions (e.g., uncertainty avoidance, in-group collectivism) that are theoretically relevant to the construct of creativity. For instance, a recent meta-analysis successfully employed the GLOBE framework to demonstrate that specific cultural values significantly moderate the variability of creative ability across populations (Taylor et al., 2024). Second, the extended classification enables us to systematically examine patterns across the whole PISA sample. Third, clustering countries into shared cultural regions is analytically appropriate for culture DIF, as it allows us to ask whether particular item features (such as scenarios, social roles, or response demands) systematically function differently across coherent cultural contexts, rather than treating each country as an isolated case.

2.4 Research Questions
The present study uses PISA 2022 creative thinking data to examine cultural differences at the item level. Specifically, we address the following research questions:
RQ1. To what extent do PISA 2022 Creative Thinking items exhibit differential item functioning (DIF) across cultural contexts? 
RQ2. Which cultural clusters are most disadvantaged among PISA 2022 Creative Thinking items flagged for Differential Item Functioning (DIF)?
RQ3. How do specific task features of PISA released 2022 Creative Thinking items contribute to the disadvantage of certain cultural clusters? 

3. Methodology
In this section we describe our methodological approach. We provide a R script with the annotated analysis approach on the Open Science Framework (OSF) at https://osf.io/8skun/overview?view_only=eaaf8edb97ac4810a5173ab643a7537f .
3.1 Data Source and Sample
3.1.1 Creative Thinking Cognitive Test
This study used secondary data from the PISA 2022 Creative Thinking (CT) assessment, based on the publicly available PISA 2022 international database released by the Organisation for Economic Co-operation and Development (OECD). Specifically, we combined the CT cognitive item-response file with the student background questionnaire file for all countries and economies that administered CT, downloaded from the OECD PISA data portal (https://www.oecd.org/pisa/data/) in March 2025. 
For this study, we included all students who provided at least five valid response to a CT item, to ensure a minimum amount of response information for stable ability estimation and to avoid excessively noisy θ estimates based on only one or two items. The resulting analytic sample comprised 137,851 students from 63 countries and economies. The mean age was 15.8 years (SD = 0.29). The gender distribution was balanced, consisting of 69,322 girls (50.03%) and 68,514 boys (49.7%). Socioeconomic background was indexed by the PISA Economic, Social and Cultural Status (ESCS) scale, an OECD-standardised index with an international mean of 0 and standard deviation of 1; in the present sample, ESCS had a mean of −0.262 and a standard deviation of 1.09, indicating substantial socioeconomic diversity.
The PISA CT assessment was designed to measure students’ competence to engage productively in the generation, evaluation, and improvement of ideas that can result in original and effective solutions, advances in knowledge, and impactful expressions of imagination (OECD, 2021). The assessment included a pool of 32 open-ended tasks in total, across four domain contexts defined by the framework: written expression, visual expression, social problem solving, and scientific problem solving. PISA implements a rotated booklet design, i.e., each student responds to only a subset of CT tasks, but all tasks are represented at the population level (OECD, 2024b).
All tasks were open-ended, meaning there was no single correct answer. Students were asked either to generate two or three appropriate ideas that were as different as possible from one another, to develop one appropriate and original idea, or to propose an appropriate, original improvement to a provided idea (OECD, 2021). Given this format, student responses were evaluated against standardised scoring rubrics (often with partial-credit levels) that were developed and validated through international field trials (OECD, 2024b).  Item scores in the international database are reported either as dichotomous (0/1, no credit vs. full credit) or as partial-credit categories (typically 0/1/2), distinguishing responses that demonstrate limited versus fully elaborated creative contributions. In the present study, we used these scored item responses directly as input for the psychometric analyses.

3.1.2 Cultural Clustering of Countries
To ensure the validity and consistency of the cross-cultural analysis, we adopted the country clustering classification established by Mensah and Chen (2013). Their study provides an extended GLOBE framework that empirically categorises countries into ten distinct cultural clusters. Accordingly, each PISA CT participating country was mapped directly to its corresponding cluster as defined in their pre-existing list. The detailed mapping is presented in Table 1 and the assignment table is provided on the OSF platform. This assignment enables analysis of cultural differential item functioning (DIF) by situating item-level performance within broader regional and sociocultural groupings. For interpretive context when describing clusters, we draw on the nine value/practice dimensions used to differentiate GLOBE clusters (power distance, uncertainty avoidance, institutional and in-group collectivism, gender egalitarianism, assertiveness, performance orientation, future orientation, humane orientation) (House et al., 2004).
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Table 1 Cultural Cluster Classification of PISA CT Participating Countries
	Cluster ID
	Culture Clusters
	Cluster Key Features
	Illustrative Member Countries
	PISA CT 
Countries/Regions
(Analytic Sample n)

	1
	Sub-Saharan Africa
	Group collectivism, humane orientation, and community solidarity. creativity rooted in communal, orally transmitted practices (Mpofu et al., 2006) and collective innovation rather than individual originality
	Nigeria, 
South Africa
	Jamaica[footnoteRef:1] (n = 906) [1:  Following Mensah and Chen (2013)’s extension of the GLOBE clusters, which classifies countries by ethnicity, religion, language, region and colonial heritage, Caribbean states with majority Black populations are assigned to the Sub-Saharan Africa cluster. Placement is not symbolic or historical, but empirically derived from survey data. The GLOBE authors are explicit that cultural clusters are created using statistical similarity across cultural dimensions, not by geography, colonial history, or language alone. Countries are grouped where their profiles of societal practices and values are most alike. Jamaica’s cultural practice scores closely resemble Sub Saharan Africa with high in-group collectivism, high power distance, low future orientation, and high humane orientation. Furthermore, Jamaica does not fit Anglo or Latin American clusters empirically. Leadership expectations in Jamaica more resemble Sub Saharan African patterns, with historical and demographic factors partly explaining -but not driving - these results.] 



	2
	Anglo
	High individualism, competitiveness, and high performance orientation (Ashkanasy et al., 2002); education emphasises independence, critical thinking, and individual achievement; originality and pragmatic problem-solving are rewarded (Den Hartog & De Hoogh, 2024)
	Australia, Canada, 
USA
	Australia (n = 3648), 
Canada (n = 6644), 
New Zealand (n = 1254)



	3
	Confucian Asia
	High institutional collectivism, emphasis on education, perseverance, and respect for authority; creativity channelled into incremental improvement and socially beneficial innovation (Tan, 2016b)
	China, 
Japan, 
Korea, Singapore
	Hong Kong (China) (n = 1593), Korea (n = 1762), 
Macao (China) (n = 1216), 
Mongolia (n = 1860), 
Singapore (n = 1830), 
Chinese Taipei (n = 1541)


	4
	Eastern Europe
	High group collectivism, assertiveness, and hierarchical structures; innovation often takes the form of adaptive responses to social transformation rather than systematically future-oriented change (Minkov & Hofstede, 2014; Aidis et al., 2008).
	Poland, Russia, Hungary
	Albania (n = 1362), 
Bulgaria (n = 1734), 
Czech Republic (n = 2564), 
Greece (n = 1707), 
Croatia (n = 1658), 
Hungary (n = 1883), 
Kazakhstan (n = 5438), 
North Macedonia (n = 1653), 
Poland (n = 1859), 
Serbia (n = 1673), 
Ukrainian regions (n = 1027), 
[bookmark: OLE_LINK2]Slovak Republic (n = 1515),
Slovenia (n = 1780)


	5
	Germanic Europe
	Emphasis on reliability, precision, and high uncertainty avoidance; education promotes systematic, process-oriented and technically focused innovation rather than radical or unstructured creativity (Morrar et al., 2017).
	Germany, Austria, Switzerland
	Belgium (n = 2343), 
Germany (n = 1641), 
[bookmark: OLE_LINK5]Netherlands (n = 1493)


	6
	Latin America
	High in-group collectivism, relational orientation, and strong respect for authority; creativity is shaped by personal relationships and adaptive flexibility more than by institutionalised innovation (Dutrénit & Sutz, 2014; Lundvall et al., 2009).
	Brazil, Mexico, 
Chile
	Brazil (n = 3176), 
Chile (n = 1625), 
Colombia (n = 2119), 
Costa Rica (n = 1689), 
Dominican Republic (n = 1906), 
Mexico (n = 1734), 
Panama (n = 1190), 
Peru (n = 2092),  
El Salvador (n = 1809), 
[bookmark: OLE_LINK6]Uruguay (n = 1730)


	7
	Latin Europe
	High egalitarianism, low power distance, and a strong focus on consensus and social trust; education values both formal knowledge and expressive skills (Heilmann & Korte, 2010), and creativity is marked by adaptability and diversity in responding to social change (Lubart et al., 2019)
	France, 
Italy, 
Spain, Portugal
	Spain (n = 8677), 
France (n = 1809), 
Israel (n = 1611), 
Italy (n = 3222), 
Republic of Moldova (n = 1675), 
Malta (n = 842), 
Portugal (n = 2053), 
Romania (n = 1956)



	8
	Middle East
	Strong in-group collectivism, high power distance, a traditional orientation shaped by religion and family; creativity is less foregrounded, with relatively low emphasis on future-oriented, performance-driven change (Javidan & Dastmalchian, 2003).
	Turkey, Egypt, Morocco
	United Arab Emirates (n = 7302), 
Jordan (n = 2044), 
Morocco (n = 1744),
Palestinian Authority (n = 1985), 
Qatar (n = 2038), 
Baku (Azerbaijan) (n = 1843), 
[bookmark: OLE_LINK8]Saudi Arabia (n = 2132), 
Uzbekistan (n = 1913)


	9
	Nordic Europe
	High egalitarianism, low power distance, social trust; widely accessible education underpins strong performance in open, inclusive innovation (Bocconi et al., 2012; Woolner & Stadler-Altmann, 2021).
	Denmark, Sweden, Finland
	Denmark (n = 1835), 
Estonia (n = 1742), 
Finland (n = 2780), 
Iceland (n = 871), 
Lithuania (n = 1950), 
Latvia (n = 1503)


	10
	Southern Asia
	Hierarchical structures, family collectivism, and strong religious influence; education is valued yet uneven, and innovation often takes the form of practical wisdom and social adaptation within family and community contexts (Naveed & Sutoris, 2020; Gupta, 2012).
	India, Indonesia, Malaysia
	[bookmark: OLE_LINK9]Brunei Darussalam (n = 1532), 
Indonesia (n = 3743), 
Malaysia (n = 2171), 
Philippines (n = 1901), 
Thailand (n = 2323)





3.2 Data Analysis
Analyses were conducted with the statistical software R (R Core Team, 2021) within R Studio (R Studio Team, 2021). The R script and cultural cluster information are provided on OSF https://osf.io/8skun/overview?view_only=eaaf8edb97ac4810a5173ab643a7537f. Due to sharing restrictions, public use PISA 2022 data should be downloaded from the OECD website: https://www.oecd.org/pisa/data. 
[bookmark: OLE_LINK1]3.2.1 Differential Item Functioning (DIF) Analysis 
Step 1: Analytical framework and data preparation
We investigated cross-cultural differential item functioning (DIF) using Raju’s Differential Functioning of Items and Tests (DFIT) framework (Flowers et al., 1999; Oshima & Morris, 2008), an IRT-based approach that yields both item-level and test-level indices of differential functioning. In DFIT, DIF is defined not in terms of raw score differences but as discrepancies in model-based expected scores between groups who are equivalent on the latent trait. This makes the framework suitable for the PISA CT assessment, which combines dichotomously and polytomously scored items and is scaled using latent-trait models.
The initial PISA CT item pool comprised 32 scored tasks, including both dichotomous (0/1) and polytomous (0/1/2) formats. Data screening prior to IRT calibration revealed that, for two tasks, at least one cultural cluster showed complete non-response, precluding stable parameter estimation in those groups. These items were therefore excluded, and the final analytic set consisted of 30 items.
[bookmark: _Hlk216969048]Within this framework, we conceptualised latent traits as a general creative thinking proficiency, consistent with the reporting scale used in PISA 2022. While we acknowledge that creative thinking tasks can tap into diverse domains, empirical dimensionality checks supported the assumption of unidimensionality for scaling purposes. Specifically, an analysis of the eigenvalues revealed a dominant first factor (Lord, 2012). The first eigenvalue (9.73) was substantially larger than the second (1.28), yielding a ratio of 7.60, which strongly suggests a single dominant dimension. This general factor accounted for 32.4% of the total variance (Reckase, 1979). In terms of model fit, we prioritised indices that are robust under large samples and complex response structures (Maydeu-Olivares & Joe, 2006). Limited-information C2 statistics indicated a close approximation of the residual covariance structure (RMSEA = 0.021). While incremental fit indices were more moderate (CFI = 0.821; TLI = 0.808), this pattern is often observed in proficiency assessments where strict unidimensionality is a pragmatic modelling choice rather than a theoretical certainty (Barbot & Kaufman, 2025; Browne & Cudeck, 1992). Furthermore, an examination of local independence showed that only a minor fraction of item pairs (30 pairs, representing less than 5% of total contrasts) exhibited residual correlations of  (Yen, 1984). Collectively, these metrics justify the use of a unidimensional reference scale for the subsequent DFIT analysis. As a robustness check, we also estimated separate unidimensional 2PL/GPCM models within each of the ten cultural clusters. All cluster-specific calibrations converged. M2-based fit indices indicated adequate global fit (RMSEA ≈ 0.00–0.02), SRMSR values were elevated (≈ 0.11–0.25) as expected given the local dependency inherent in the unit-based test design (Barbot & Kaufman, 2025); however, only a modest proportion of item pairs in each cluster showing residual correlations above 0.20. Full diagnostics are reported in Supplementary Table S1.
To operationalise “cultural context”, we utilised the ten cultural clusters described previously. Each participating economy was assigned to a unique cluster, which served as the grouping variable in all DIF analyses. We adopted a pairwise contrast design, designating the Anglo cluster (CLUID = 2) as the fixed reference group against which the remaining nine focal clusters were compared. This selection was driven by pragmatic and methodological considerations. Although not the largest group, the Anglo cluster offers a substantial sample, and societies from this cultural family (e.g., the United States, Canada, Australia) feature prominently in cross-cultural comparison research on creativity (e.g., Croucher et al., 2024; Kyunghwa & Hyejin, 2016). As the Creative Thinking tasks were initially authored and field-tested in English, the Anglo cluster is the one that most closely matches the language-of-origin context of the instrument. Consequently, using this cluster as an analytical baseline is a pragmatic measurement choice and does not imply that students in Anglo systems are inherently more creative than those in other cultural clusters. Within the DFIT framework, the choice of reference group determines only the directionality (sign) of the DIF contrasts, not the identification of DIF itself.

Step 2: Item parameter estimation
Following the verification of unidimensionality in the pooled sample, we proceeded to the core phase of the DFIT framework: estimating group-specific item parameters. Given the multi-group nature of this study, we conducted separate calibrations for each cluster to obtain cluster-specific IRT parameter estimates that could later be linked and compared in the DFIT analyses.
The same unidimensional mixed-format IRT model specified in Step 1 was applied to each cluster. Dichotomous items were fitted using the two-parameter logistic (2PL) model, whereas polytomous items were fitted using the generalised partial credit model (GPCM). This specification aligns with polytomous extensions of the DFIT framework (Flowers et al., 1999; Oshima et al., 2006) and allows discrimination and threshold parameters to vary freely across cultural groups. Calibrations were performed using the mirt package (Chalmers, 2012) in R. Parameters were estimated using marginal maximum likelihood with the Bock–Aitkin EM algorithm, assuming a standard normal latent trait distribution within each cluster and treating missing responses as missing at random. To resolve the scale indeterminacy in separate calibrations, the latent trait metric for each cluster was provisionally fixed to a standard normal distribution (mean = 0, SD = 1); these provisional scales were subsequently linked to a common metric in the next step. For every cluster, the vector of estimated item parameters () was extracted to serve as the input for the subsequent scale-linking and DFIT index computation.

Step 3: Scale equating
Because item parameters were estimated separately for each cultural cluster, the resulting calibrations initially were based on arbitrary, group-specific metrics. To place item parameter estimates and latent trait scores on a common scale for comparison, we linked the metric of each focal cluster (the nine non-Anglo groups) to that of the Anglo reference cluster (CLUID=2). We adopted a pairwise linking strategy using the Stocking–Lord Test Characteristic Curve (TCC) method (Stocking & Lord, 1983), implemented via the plink package in R (Weeks, 2010). This pairwise procedure estimates linear transformation coefficients—a slope (A) and an intercept (B)—by minimising the weighted squared difference between the test characteristic curves of the two groups. The TCC-based approach is commonly used for mixed-format tests as it utilises information from all items simultaneously to stabilise the estimation of transformation constants.
Once the coefficients were estimated, the item parameters of the focal group were linearly transformed onto the reference metric. For dichotomous items (2PL), transformed discrimination and difficulty parameters were given by 
,
where j indexes items and g indexes the focal cultural cluster. For polytomous items (GPCM), the same transformation was applied to the discrimination parameter and to each step (threshold) parameter bjc, such that
,
where c indexes score categories (steps). Item parameters for the reference cluster were left on their original scale (). The resulting linked parameters for all ten cultural clusters provided a common metric for the subsequent anchor purification and computation of the DFIT indices.

Step 4: Anchor purification
Although the Stocking–Lord method is relatively robust, including items with substantial differential item functioning (DIF) in the linking set can still bias the transformation coefficients (Flowers et al., 1999; Oshima & Morris, 2008). To mitigate this risk, we implemented a two-stage anchor purification procedure independently for each reference–focal comparison. In the first stage, all 30 CT items were treated as provisional anchors. Using the preliminary Stocking–Lord coefficients from Step 3, we placed the focal-group item parameters on the reference-group metric and computed initial non-compensatory DIF (NCDIF) values. Given the large sample sizes in PISA, conventional statistical significance tests (e.g., Chi-square) are known to be overly sensitive, often flagging statistically significant but practically trivial differences. Consequently, we adopted an effect-size criterion to identify anchors with substantial instability. Drawing on Monte Carlo simulations by Meade, Lautenschlager, and Johnson (2007), we utilised an NCDIF cutoff of 0.0115 as a conservative filter for practical significance in this large-sample, mixed-format context. This threshold ensures that items are removed from the anchor set only when they exhibit a magnitude of DIF likely to impact the linking function, while preventing the excessive exclusion of items due to minor parameter drift common in cross-cultural large-scale assessments. Items with initial NCDIF > 0.0115 were flagged as unstable and removed from the anchor set for that specific reference–focal comparison. In the second stage, the Stocking–Lord transformation was re-estimated for each pair using only the purified set of anchors. The resulting transformation constants were then applied to all items (including those flagged in the first stage) to establish the final common metric. Subsequent DFIT indices were computed on this purified scale. 

Step 5: Computation of DFIT indices and DIF flagging
Following anchor purification and the final scale linking, we computed DFIT indices for each item in every reference–focal comparison on the common IRT scale. To assess the magnitude of differential functioning, we calculated the NCDIF index. Conceptually, NCDIF is the expected squared difference between the two groups’ expected item scores averaged over the focal ability distribution. In this study, we approximated this expectation using the actual focal students:

where  is the sample size of the focal cluster,  is the estimated ability of examinee , and  and  are the expected item scores based on the linked parameters.
	To determine the directionality of DIF, we computed the signed area (SA) index (Raju, 1988), which captures the geometric area between the focal and reference expected score curves over the ability continuum. In practice, SA was approximated numerically on a finite grid of values. Negative SA values indicate that the focal curve lies systematically below the reference curve (disadvantaging the focal group), whereas positive values indicate an advantage for the focal group. 
	To evaluate the cumulative impact of DIF at the scale level, we also computed differential test functioning (DTF) and compensatory DIF (CDIF) indices. DTF summarises the extent to which the total Creative Thinking score is biased between the focal and reference groups, while CDIF decomposes DTF into item-level contributions such that the CDIF values sum to the overall DTF. This decomposition allows us to distinguish between a few strongly biased items versus many smaller, aligned effects, and to detect cancellation patterns where advantages and disadvantages offset one another.

3.2.2 Qualitative Review of DIF Items
	While the statistical analyses identified which items exhibited significant DIF, they do not explain why such non-equivalence may occur. To move beyond statistical signals and develop theory-driven interpretations of plausible sources of measurement variance, a second-stage qualitative review was conducted for each DIF-flagged item. This review was guided by an a priori set of interpretive dimensions synthesised from cross-cultural assessment and creativity-evaluation research (e.g., Breuer et al., 2020; Eignor, 2013; Nisbett et al., 2001; van de Vijver & Tanzer, 2004). The aim was to examine whether culturally linked features of an item’s content, conceptualisation, and procedural demands could plausibly contribute to systematic advantages or disadvantages for particular cultural clusters. Four dimensions were considered: (1) Context Universality and Familiarity, (2) Cultural Match of Scenario-Activated Cognitive Prototypes, (3) Embedded Value Assumptions, and (4) Response-Mode Alignment. For each DIF-flagged item, item materials (stimulus, prompt, and unit context), response format, and scoring guidance were reviewed and annotated against these four dimensions. This qualitative review process produced structured, item-level annotations that were used to interpret the patterns observed in the quantitative DIF results.

4. Results
[bookmark: OLE_LINK10]4.1 Prevalence of Item‐level DIF Across Cultural Clusters
Across the 30 PISA 2022 Creative Thinking items, DFIT analyses indicated that item-level DIF was common but not universal. Twenty-five items (83.3%) were flagged for DIF, whereas five items (16.7%) showed no evidence of DIF in any comparison and can be regarded as invariant within the scope of this study (See Table 2). Notably, these invariant items (e.g., DT200Q01C2, DT200Q02C2, DT690Q01C) were predominantly situated in the Visual Expression and Scientific Problem Solving domains. This suggests that Creative Thinking tasks relying on non-verbal figural generation or logic-based scientific inquiry might possess higher cross-cultural transferability than other item types.
Table 2 Item–level DIF summary for PISA 2022 Creative Thinking Items
	Item ID
	Score Type
	Flagged for DIF
(NCDIF > 0.0115)
	Focal Clusters with DIF (out of 9)
	Max NCDIF 
(across clusters)

	DT200Q01C2
	polytomous
	No
	0
	0.004805

	DT200Q02C2
	polytomous
	No
	0
	0.003728

	DT240Q01C2
	polytomous
	Yes
	2
	0.028465

	DT240Q02C
	polytomous
	Yes
	2
	0.096767

	DT300Q01C2
	polytomous
	Yes
	2
	0.031269

	DT350Q01C2
	polytomous
	Yes
	6
	0.049378

	DT350Q02C
	dichotomous
	No
	0
	0.005593

	DT350Q03C2
	polytomous
	Yes
	6
	0.037218

	DT360Q01C2
	polytomous
	Yes
	7
	0.188436

	DT370Q01C2
	polytomous
	Yes
	3
	0.066720

	DT400Q01C
	polytomous
	Yes
	4
	0.050544

	DT400Q02C2
	polytomous
	Yes
	2
	0.041612

	DT400Q03C2
	polytomous
	Yes
	2
	0.025976

	DT420Q01C
	polytomous
	Yes
	2
	0.045160

	DT420Q02C2
	polytomous
	Yes
	6
	0.029028

	DT500Q01C
	polytomous
	Yes
	5
	0.175623

	DT500Q02C2
	polytomous
	Yes
	2
	0.045667

	DT520Q02C
	dichotomous
	Yes
	2
	0.012690

	DT520Q03C2
	polytomous
	Yes
	2
	0.038022

	DT550Q01C
	polytomous
	Yes
	4
	0.085114

	DT550Q02C2
	polytomous
	Yes
	4
	0.037323

	DT570Q01C
	dichotomous
	No
	0
	0.003464

	DT570Q02C2
	polytomous
	Yes
	2
	0.013525

	DT570Q03C2
	polytomous
	Yes
	5
	0.085370

	DT610Q01C
	polytomous
	Yes
	2
	0.049624

	DT630Q01C2
	polytomous
	Yes
	1
	0.052374

	DT680Q01C2
	polytomous
	Yes
	2
	0.040509

	DT690Q01C
	dichotomous
	No
	0
	0.003658

	DT690Q02C2
	polytomous
	Yes
	2
	0.041938

	DT700Q01C
	polytomous
	Yes
	2
	0.046192



Among the 25 flagged items, the extent of DIF varied markedly. A substantial number of items showed only localised departures from invariance; 15 of the 25 flagged items were flagged in no more than two focal clusters. For instance, items like DT630Q01C2 were flagged in only a single culture cluster. This pattern suggests that for these tasks, DIF is likely driven by cluster-specific interactions between item content and cultural or implementation conditions, rather than reflecting pervasive problems with the tasks themselves. In contrast, a smaller subgroup of items exhibited more widespread instability. Item DT360Q01C2 was flagged in 7 of the 9 focal clusters, while DT350Q01C2, DT350Q03C2, and DT420Q02C2 were each flagged in 6 clusters, and DT500Q01C and DT570Q03C2 were flagged in 5 clusters. The recurrence of DIF across such a diverse range of cultures implies that these items possess inherent structural features, such as specific stimulus ambiguities, that are particularly sensitive to cross-cultural variation. 
[bookmark: OLE_LINK7]Analyses of the Max NCDIF values in Table 2 further clarify the nature of these DIF signals. For many flagged items, maximum NCDIF values were modestly above the 0.0115 cut-off, typically below 0.05 (e.g., DT520Q02C and DT570Q02C2), indicating that although DIF was statistically detectable, the differences in expected scores were relatively limited. However, a small number of items formed a long upper tail of the distribution. DT360Q01C2 (Max NCDIF = 0.188) and DT500Q01C (Max NCDIF = 0.176) stand out as the most pronounced cases. Although DT240Q02C was flagged in only two clusters, its large effect size indicates that when DIF emerges for this item, it is substantively strong, making it a diagnostically informative contrast to DT500Q01C. The latter combines high magnitude and broad reach, whereas the former represents high-magnitude but more localised DIF. 
In summary, the DFIT results indicate that the PISA 2022 CT items are neither universally invariant nor pervasively biased. The analysis reveals a scale that combines a stable core of invariant items with a broad middle tier showing minor, localised DIF, and a few items exhibiting more substantial divergence. Having established which items exhibit DIF and how strongly, the next section turns to the question (RQ2) of which cultural clusters are systematically disadvantaged by these patterns.

4.2 Identification of the Most Disadvantaged Cultural Clusters across Creative Thinking Items
	Moving beyond the isolated DIF items identified in RQ1, RQ2 asks whether these effects accumulate into systematic measurement disadvantages for particular cultural clusters. All DFIT analyses were conducted using the Anglo cluster as the reference group. Based on the NCDIF screening from RQ1 (cut-off NCDIF > 0.0115), we selected all item–cluster pairs flagged for substantive DIF and aggregated them at the level of cultural clusters. Table 3  summarises, for each focal cluster, (a) the number of CT items flagged for DIF involving that cluster; (b) the number of those items disadvantaging the cluster (SA < 0); (c) the net mean signed area (SA) across DIF items; (d) the test-level DIF index (DTF), quantifying the overall magnitude of measurement inequivalence; and (e) the item on which the cluster experienced the most severe disadvantage (peak negative SA). In this framework, negative SA values indicate that, conditional on the same latent ability θ, the focal cluster is expected to receive lower scores than Anglo on a given item, whereas positive values indicate a relative advantage. The net mean SA thus summarises the overall direction and magnitude of DIF experienced by each cluster across all flagged items, while DTF quantifies the overall size of test-level DIF by aggregating item-level differences across the scale.
Table 3 Cluster-level summary of DIF disadvantage across CT items
	[bookmark: _Hlk216986096]Cultural cluster
	DIF items involving cluster
	[bookmark: _Hlk217050000]items disadvantaging cluster (SA < 0)
	Net mean SA across DIF items
	DTF vs Anglo
	Peak disadvantage item (ID, SA)

	Sub-Saharan Africa
	16
	11
	-0.690
	1.668
	DT500Q01C
(-2.642)

	Confucian Asia
	14
	3
	0.338
	3.944
	DT360Q01C2
(-1.766)

	Eastern Europe
	8
	6
	-0.451
	0.426
	DT360Q01C2
(-1.566)

	Germanic Europe
	8
	8
	-0.819
	2.485
	DT360Q01C2
(-1.200)

	Latin America
	13
	10
	-0.685
	2.957
	DT360Q01C2
(-1.889)

	Latin Europe
	8
	6
	-0.481
	1.145
	DT360Q01C2
(-1.487)

	Middle East
	14
	7
	-0.211
	1.037
	DT240Q02C
(-1.968)

	Nordic Europe
	4
	1
	0.475
	0.873
	DT550Q01C
(-0.447)

	Southern Asia
	13
	7
	-0.272
	1.612
	DT360Q01C2
(-2.755)



The indices in Table 3 shows that DIF is not confined to a single region. All nine focal clusters are involved in multiple items flagged for DIF (ranging from 4 to 16 items per cluster). Several clusters display a pattern of systematic disadvantage. Sub-Saharan Africa is involved in the largest number of DIF items (n=16), and most of these disadvantage the cluster (11 items with SA < 0). Its net mean signed area shows the second most negative (−0.690), and its DTF index is sizeable (1.668), indicating that DIF effects are both frequent and sufficiently large to accumulate at the test level. Latin America shows a similar pattern. It is involved in 13 DIF items, with 10 disadvantaging the cluster and a similarly negative net mean SA (−0.685), alongside a large DTF value (2.957). Germanic Europe is involved in 8 DIF items, all eight disadvantaging the cluster, yielding the most negative net mean SA (−0.819), its DTF index is also sizeable (2.485), suggesting that these consistently unfavourable item-level deviations accumulate meaningfully at the test level. Latin Europe and Eastern Europe show a more moderate disadvantage pattern. Both are involved in 8 DIF items, 6 of which disadvantage the cluster, with negative net mean SA values (−0.481 and −0.451), but their DTF indices differ. Latin Europe shows a non-trivial DTF (1.145), whereas Eastern Europe’s DTF is comparatively small (0.426).
A second group of clusters shows moderate but more complex profiles. Southern Asia is involved in 13 DIF items, with 7 disadvantaging the cluster and a mildly negative net mean SA (−0.272), yet it shows a comparatively high DTF value (1.612), suggesting substantial absolute discrepancies that can meaningfully aggregate at the scale level. The Middle East presents a distinct configuration. It is involved in 14 DIF items, split evenly between disadvantaging and advantaging effects (7 each). As a result, its net mean SA is only mildly negative (−0.211), but the DTF index remains relatively large (1.037), consistent with partial directional cancellation alongside sizeable absolute item-level differences.
By contrast, two clusters display net advantages across DIF-flagged items. Confucian Asia is involved in 14 DIF items but is disadvantaged in only 3 of them; the remaining flagged items tend to favour this cluster, yielding a positive net mean SA (0.338) and the largest DTF value in the sample (3.944). This pattern suggests that, conditional on θ, item-level deviations more often result in higher expected scores for Confucian Asia students than for Anglo students. Nordic Europe shows a similar but milder trend, being involved in only four DIF items and disadvantaged in just one of them, with a modest positive net mean SA (0.475) and a non-trivial DTF value (0.873). These indices suggest that the Creative Thinking scale is relatively well balanced for Nordic Europe, and that item-level DIF has limited impact on its test-level scores.
	Finally, the “peak disadvantage item” column in Table 3 identifies the single most problematic item for each cluster, that is the item with the largest negative SA. A striking pattern is the repeated appearance of DT360Q01C2, which constitutes the peak disadvantage item for six clusters (Confucian Asia, Eastern Europe, Germanic Europe, Latin America, Latin Europe, and Southern Asia), with SA values ranging from −1.200 to −2.755. Sub-Saharan Africa’s strongest disadvantage is observed on DT500Q01C (SA = −2.642), while the Middle East cluster is most severely disadvantaged on DT240Q02C (SA = −1.968). Nordic Europe’s peak disadvantage (DT550Q01C, SA = −0.447) is comparatively modest. These recurring high-impact items therefore emerge as key contributors to the cluster-level non-invariance captured by the DFIT indices.

4.3 Task Features Driving Culture-Cluster Disadvantage
	RQ3 moves from detection to qualitative analysis, exploring the mechanisms behind cultural disadvantage in Creative Thinking tasks. To manage the scope, we focus on DFIT-identified critical cases characterised by high NCDIF and strongly negative SA. While DT360Q01C2 exhibited the most pronounced DIF, it has not been released into the public domain. Therefore, our qualitative analysis focuses on two high-impact, publicly documented items: DT500Q01C and DT240Q02C. These items, drawn from distinct task families, are used to illustrate our four-dimensional framework for analysing cultural bias: (1) Context Universality and Familiarity, (2) Cultural Match of Scenario-Activated Cognitive Prototypes, (3) Embedded Value Assumptions, and (4) Response-Mode Alignment.

[bookmark: OLE_LINK11]4.3.1 An architecture of bias in an unfamiliar library on item DT500Q01C
	As shown in Table 3, DT500Q01C emerges as the most severe disadvantage specifically for Cluster 1 (Sub-Saharan Africa/Jamaica, also see the footnote in Table 1). The following analysis examines the item’s potential for cultural bias from multiple perspectives. The item asks students to think as “local committee” to propose three different ideas to improve the accessibility of a library for wheelchair users, awarding full credit when the three ideas are both appropriate and “sufficiently different from each other”, partial credit for two such ideas, and no credit otherwise. The coding guide (OECD, 2024a, p. 60, also see OECD, 2025) operationalises “different” as either belonging to different (sub-)categories (e.g., physical modifications, human assistance, technological assistance) or, within a category, being implemented through “distinct tools, strategies or people involved”. In what follows, we analyse why this scenario’s visual and narrative cues may have systematically disadvantaged the Sub-Saharan Africa cluster.
	The initial source of this disadvantage stems from the item’s visual stimulus: a multi-storey, European-style library with a spiral staircase and dense shelving—an architectural prototype common in Europe and North America. For many students in the Sub-Saharan Africa cluster, this architectural prototype is unfamiliar, contrasting sharply with the smaller, single-storey community or school libraries of their direct experience (Elbert et al., 2012). Unfamiliar item contexts impose additional cognitive load because test-takers must first construct a situation model before ideating (Van Merrienboer & Sweller, 2005). Creative idea generation, in turn, draws on currently activated knowledge structures; when the context is not part of lived experience, the set of readily retrievable ideas narrows (Ward & Kolomyts, 2019). 
	Beyond limiting idea accessibility, the cognitive prototypes are also expressed in the particular culturally specific prototypes that the scenario activates (Hong et al., 2000). For students for whom this architectural and civic model is familiar, the cues of a large public building and a “local committee” are likely to trigger a civic infrastructure prototype. This model frames the problem as a technical challenge to be solved by an institutional body with budgetary and engineering authority. Consequently, proposing solutions involving structural modifications (e.g., ramps, elevators) and technological systems becomes the most natural and direct response pattern. In contrast, for many students in the Sub-Saharan Africa cluster, the same cues are more apt to activate a care-and-assistance prototype. Within this frame, the “local committee” is interpreted as a community-based group that mobilises human capital. The problem is thus construed as a social challenge to be met through coordination and mutual aid, making solutions centred on human interaction the most logical starting point. The coding guide (OECD, 2024a, pp. 60–61), however, is not neutral to these divergent problem-solving scripts. Its taxonomy, with numerous, well-defined sub-categories for physical and technological fixes, offers a more granular and differentiated scoring structure for ideas derived from the infrastructure prototype. Conversely, solutions generated from a care-and-assistance script (e.g., volunteer schedules, staff escort services, a peer-buddy system) are more likely to be assessed as variants of a single category, thereby limiting the credit awarded.
This mechanical bias in the scoring rubric is an example of the item’s deeper layer of cultural partiality: its embedded value assumptions. An item’s design and coding scheme normalises a value orientation that which is autonomy-enhancing solutions and technology-driven modifications, e.g., installing an elevator, modifying staircases, introducing a request-and-delivery system. Although the rubric appears neutral—recognising physical, human, and technological avenues—the density of distinct sub-options is higher for structural and technological solutions, making it simpler to assemble three “sufficiently different” ideas along those paths. This preference overlooks equally valid value orientations, prominent in many Sub-Saharan Africa communities, that champion community mutual aid and resource-aware pragmatism as effective and socially cohesive responses to accessibility challenges (Metz, 2011). Students operating from this latter value system may generate highly prosocial and contextually appropriate creative ideas, yet find themselves structurally disadvantaged because their solutions do not align with the item’s unstated preference for technological and infrastructural independence. 

4.3.2 A clash of titling conventions in a scientific comic on item DT240Q02C
Item DT240Q02C (OECD, 2024a, p. 53) asks students to propose three titles for a four-panel “Space Comic” that are “as different as possible”.  The scoring guide awards full credit only when the three titles are both appropriate and sufficiently different.  Official scoring examples (OECD, 2024a, p. 53) make this distinction explicit: titles focused on a single theme (e.g., Climate Change, Rising Temperatures, Global Warming) are deemed not different, whereas titles that shift the focus (e.g., Climate Change, Cosmic Friends, A conversation in space) are considered different because they vary the theme and form. Against this scoring logic, the Middle Eastern cluster shows the largest disadvantage. 
This mismatch begins with the item’s context itself. While visual narratives are widely understandable, the four-panel newspaper-style comic, with its light, punchline-ready presentation, is a highly routinised media form, particularly within North American and European media traditions (Cohn, 2013). It carries its own implicit titling conventions, such as brevity, wordplay, or playful phrasing. In many Middle Eastern school contexts, the comic strip as a classroom genre is less systematised (Aldahash & Altalhab, 2020), meaning students are more likely to approach the task through familiar academic habits—applying serious theme labels or concept tags.
This reliance on formality is reinforced by the item’s embedded value assumptions. The scoring guide, by rewarding a title like Cosmic Friends, implicitly normalises a creative stance in which serious content (climate change) is made approachable through humour and wit. This stylistic convention is not universally sanctioned in Middle Eastern school writing (Falb Kalisman, 2023; Kreidieh, 2022). In systems where the boundary between serious exposition and popular humour is more sharply drawn, students are more likely to avoid playful titles and instead converge on what they perceive to be the “correct” approach: naming the serious topic (Gregory et al., 2021). In other words, the scoring guide’s preference for theme switching and stylistic play may privilege the comic-literacy norms associated with this media genre, inadvertently undervaluing culturally legitimate preferences for formality in titling.
This preference for formality and topical exactness shapes a response mode that is systematically penalised by the item’s structural demands. The task is a time-limited exercise rewarding breadth across themes and forms. Many Middle Eastern classrooms, by contrast, cultivate a convergent approach to high-stakes writing, training students to identify the single best representation of a work and state it with precision (Horn, 2015). This ingrained habit can lead a student to produce one excellent theme label followed by two close variants (Shendy, 2022) - a pattern the rubric would reject. Furthermore, a default to a formal register (such as Modern Standard Arabic in diglossia contexts) discourages the colloquial or performative moves, e.g., question titles, imperative punchlines, or quoted mini dialogues (Amin & Badreddine, 2020; Høigilt & Mejdell, 2017), that the scoring guide values as sources of stylistic difference. Without practiced strategies for such diversification, students logically default to producing three formal noun-phrase labels within the same scientific theme, leaving them unable to cross the threshold for full credit.
These two examples suggest that cultural disadvantages in PISA CT items are not a vague regional phenomenon, but arise from a four-part interaction between task design and schooled literacies: (1) context unfamiliarity introduces additional cognitive load, narrowing accessible ideas; (2) item cues prime culture-specific prototypes that channel how students frame the problem from the outset; (3) uneven detail in the coding guide rewards some strategies, narrowing routes to full credit for clusters whose practiced approaches differ from those it favours; (4) the embedded values (e.g., autonomy) may misalign with some clusters’ preferences (e.g., mutual aid).

5. Discussion
This study examined cultural differences in the PISA 2022 Creative Thinking assessment, revealing systematic patterns of DIF. While a majority of items were flagged for DIF, most of these DIF signals were modest in magnitude and highly localised, whereas a smaller subset of tasks displayed clearly non-trivial DIF with large NCDIF values and cross-cluster impacts (RQ1).This bias was not pervasive; rather, it was concentrated in specific item-cluster pairings, selectively disadvantaging certain student populations (RQ2). We argue that this DIF is not evidence of an ability deficit, but of a cultural misalignment between the test’s implicit demands and students’ trained dispositions (RQ3).

[bookmark: OLE_LINK12]5.1 Item Bias in CT Test Exhibits a Systematic Pattern
The findings for RQ1 show a well-known property of large-scale assessments: with very large samples, the mere presence of statistically significant DIF is an expected artifact (Meade, 2010). The more telling analysis, therefore, shifts to the nature and practical severity of the bias. Synthesising the item-level results reveals a systematic pattern characterised by two distinct features. The bias distribution is uneven. While the majority of items exhibited widespread but comparatively constrained DIF or only localised departures from invariance, a specific subset formed a “long tail” of severe instability. These items exceeding the large NCDIF criterion in at least one focal–reference comparison, with maximum NCDIF values in this subgroup reaching levels roughly 30 times the median. This potentially indicates a consistent performance barrier—a ‘fixed cultural hurdle’—likely embedded in the item contexts or scoring rubrics themselves (Benítez et al., 2022), rather than a complex interaction with students’ ability levels (Rouquette et al., 2016).
Placing the current findings in the context of PISA’s traditional domains reveals the unique challenge of assessing creative thinking across cultures. While DIF is regularly detected in PISA’s established assessments of mathematics, science, and reading, the proportion of items exhibiting large effect sizes is relatively low. For instance, in the 2003 mathematics booklet analysed by Yildirim & Berberoğlu (2009), only 5 of 21 items (24%) showed moderate DIF, none were found to have large effects. Similarly, a cross-linguistic study (Huang et al., 2016) of the 2006 science test flagged only about 10% of items as having moderate-to-large bias. These modest patterns even hold for reading—often considered the most culturally sensitive legacy domain. For the PISA 2009 reading assessment, for instance, Kankaraš and Moors (2014) found that while a high proportion of items (about 83%) showed uniform DIF, these effects were all moderate, and none were flagged as large. Although direct methodological comparisons require caution given differences in DIF indices, these studies offer a valuable comparative context suggesting that extreme DIF effects are rarely reported in the PISA traditional assessment domains.
Compared to this, the findings for creative thinking present a profile of greater volatility in severity. Even where DIF is detected in traditional domains, large effects are uncommon; by contrast, the present assessment shows a more heavy-tailed severity distribution, with a small subgroup of items exhibiting extreme NCDIF values. The disparity suggests that while “surface-level” issues (such as translation, linguistic complexity, or curriculum coverage) are often sufficient to explain DIF in mathematics and science (Kachchaf et al., 2016; Huang et al., 2016), the instability observed here points to a deeper source. Unlike, for example, the relatively universal axioms of mathematics, creativity is a construct that is inherently situated within cultural contexts . Accordingly, the DIF patterns identified here point to a nuanced interaction between large-scale assessments necessarily standardised, scoreable operationalisation of creativity and students’ culturally shaped ways of generating, expressing, and improving ideas. (Glăveanu, 2010; Kim & Zabelina, 2015). The challenge is not that a student has not been taught a specific concept, but that the very definition of a “good” or “creative” response is itself culturally contingent. This kind of differential functioning is consistent with the higher contextual dependence often associated with complex, open-ended competencies, underscoring the need for ongoing psychometric monitoring to support cross-cultural score interpretations.

5.2 Cultural Differences in Assessment Manifest as Specific Cluster Profiles, not a Broad East-West Divide
A central finding of RQ2 is that cluster-level differential functioning is neither random nor broadly uniform. While all nine focal clusters are involved in multiple DIF items, they exhibit distinct assessment profiles rather than a diffuse effect. Sub-Saharan Africa and Latin America display the clearest pattern of systematic net disadvantage, characterised by high DTF indices alongside consistently negative net SA values. In contrast, Confucian Asia shows a net advantage despite non-trivial non-invariance.  Meanwhile, the Middle East exhibits a mixed profile in which positive and negative effects largely offset in direction. Other clusters fall between these extremes: Eastern Europe and Latin Europe show modest but directional disadvantage, Southern Asia combines only slightly negative net SA with comparatively large DTF, and Nordic Europe appears comparatively balanced with the smallest DTF in the sample. Overall, these profiles underscore that disadvantage is structurally variable across clusters and cannot be reduced to a uniform East–West divide. These findings are consistent with evidence from other international large-scale assessments. For instance, secondary analyses (Bundsgaard, 2019) of the IEA’s ICILS 2013 data reveal highly specific DIF profiles among Western subgroups: Nordic countries showed an advantage on computer literacy items but were disadvantaged on information literacy tasks, while the German-speaking cluster presented an entirely different profile of strengths and weaknesses. The emergence of such distinct patterns among culturally proximate Western nations provides evidence that disadvantage is locally activated by a mismatch between item type and regional-cultural practices, not by a uniform East-West divide. Similarly, a re-analysis of TIMSS data (GrЬnmo et al., 2004) provides a map of country-specific educational fingerprints. The findings reveal a fundamental divergence in cognitive strengths. East Asian and East European clusters consistently perform well on items requiring abstract, formal, and curriculum-dependent knowledge. In contrast, the English-speaking and Nordic clusters showed relative strengths on items grounded in practical, daily-life contexts and on open-ended questions where students could apply everyday knowledge. This difference contradicts a simple East-West split and illustrates a more complex, patterned landscape of educational traditions.
Our findings support that culture remains a factor in explaining DIF, not as a coarse binary, but as a complex system of practices and norms (Vignoles, 2018). Its effects on student performance are activated only through specific interactions with an item’s features, e.g., the cognitive demands of the task (Walker & Beretvas, 2001), the logic of its scoring rubric (Curcin & Sweiry, 2017), or the cultural cues embedded in its context (Blömeke et al., 2013).  

5.3 Cultural Perspectives in Creative Thinking Assessment Design
	The findings from the RQ3 suggest that the cultural bias in the assessment is connected to how the construct of creativity itself is operationalised. The scoring logic for the most problematic items appears to give precedence to a particular view on creativity. This view equates high creativity with novelty, divergent exploration, and stylistic play, aligning with educational traditions that emphasise individual expression and breadth-first thinking, while potentially undervaluing other culturally legitimate expressions of creativity (Newton & Newton, 2014). When a global assessment operationalises creativity mainly as observable cross-category variation specified by the rubric (e.g., shifts in theme or rhetorical form), it structurally under-represents traditions that cultivate creativity as a means to achieve precision, harmony (Tan, 2016a), or practical utility (Paletz & Kaiping Peng, 2008).
	This narrow construct representation is enforced through a cumulative architecture of bias built into the items themselves. The first layer is an entry barrier, where an unfamiliar context or genre imposes an initial cognitive load (Kim & Jang, 2025), constraining the accessible pool of ideas. The second layer is a guided path, wherein item cues activate distinct, culturally-schooled problem scripts (e.g., infrastructure-engineering vs. community-aid), while the scoring rubric itself is structurally aligned to more readily reward one pathway over the other (Hofer & Chasiotis, 2004). The final layer is a biased judge, forced by the scoring rubric’s structural asymmetry, which provides a highly granular scoring pathway for culturally-favoured scripts while collapsing culturally-grounded alternatives into a few restrictive categories (Tandiono & Limijaya, 2025). Throughout all three layers  value orientations are embedded, i.e., what counts as appropriate or valued creativity, that shape which contexts are treated as appropriate, which approaches are deemed plausible, and which creative differences are credited. These embedded value orientations help to explain why the residual non-invariance we observe is tied to how specific PISA CT tasks frame “everyday” situations, invite particular ways of responding, and selectively reward certain kinds of novelty over others. Seen in this light, our findings suggest opportunities to refine the framework by extending, rather than replacing, PISA’s existing quality assurance measures. PISA already mitigates potential bias through upstream processes such as translatability assessment and dual-source (English and French) development, as well as cross-national item-fit analyses at the field trial (OECD, 2024). Building on these foundations, future CT cycles could draw more systematically on item-design teams and cultural experts from a wider range of participating systems, so that the pool of tasks reflects a broader spectrum of plausible “everyday” activities and modes of creative expression.
	Concretely, cultural experts could be involved at an early stage to review whether proposed “everyday” scenarios are genuinely plausible and equally familiar for 15-year-olds across clusters, especially for the kinds of situations that our case-study items highlighted as potential entry barriers. Prompts for idea-generation and improvement tasks can be refined to explicitly support multiple construct-relevant approaches, so that students can receive scores whether they introduce novel possibilities, adapt and recombine existing practices in insightful ways, or enhance the coherence and feasibility of an idea, rather than implicitly privileging one culturally typical pattern of creative expression. On the scoring side, CT coding guides could be supplemented with high-scoring exemplars from a wider range of cultural clusters, illustrating how shared criteria for originality and appropriateness can be met through different rhetorical styles and solution paths (e.g., concise but conceptually novel ideas, pragmatic redesigns, or harmony-oriented proposals). In this way, DIF evidence becomes not only a late-stage quality check, but also a source of feedback for iteratively improving tasks and scoring, thereby strengthening the validity of cross-culture comparisons.

6. Conclusion
This study demonstrates that the differential functioning observed in the PISA Creative Thinking test is not a matter of isolated item flaws, but reflects a structural challenge in operationalising the widely accepted definition of creativity in a cross-cultural assessment. PISA defines creative thinking as students’ capacity to generate, evaluate and refine ideas that are both original and effective. Within this framework, however, our analysis results provide empirical evidence of systematic patterns in which particular task contexts and scoring rules disadvantage some cultural clusters. Drawing on qualitative analysis of two representative items, we trace the mechanism behind this pattern: culturally specific “everyday” scenarios create entry barriers, and scoring rubrics that privilege overt novelty and divergence make high scores more attainable for some clusters than others. 
While this study offers a structured account of potential cultural bias using the DFIT framework, several methodological constraints warrant attention. First, although we examined unidimensionality and found the evidence broadly supportive of a single dominant trait, strictly speaking, complex assessments like creative thinking may still contain minor multidimensional structures not fully captured by the primary latent trait. As discussed in recent methodological reflections on the PISA CT assessment (Barbot & Kaufman, 2025), a single composite proficiency may mask heterogeneity across task units and scoring demands, and should not be interpreted as implying strict unidimensionality in a substantive sense. Furthermore, residual correlations, particularly among items nested within the same unit, are consistent with structural local dependence (testlet effects) inherent to the assessment design. Theoretically, such dependencies may inflate test information and underestimate standard errors, potentially introducing minor precision errors in the matching process. Therefore, while our global fit evidence supports the use of a unidimensional reference scale for the DFIT analysis, we interpret DFIT magnitudes with appropriate caution given these limitations. Second, unequal sample sizes across cultural clusters may lead to differences in parameter precision and less stable DFIT classifications in smaller focal groups, which should be considered when interpreting cross-cluster contrasts in DIF prevalence or severity. This might be especially true for Cluster 1 (Sub-Saharan Africa), which only included one country (Jamaica). Furthermore, although cultural clusters are created using statistical similarity across cultural dimensions, not by geography, colonial history, or language alone, inferences about this cluster require careful interpretation. Third, the qualitative diagnosis of DIF sources is necessarily constrained by limited item availability under PISA’s public-release rules; consequently, in-depth interpretations can only be advanced for a subset of items with sufficient documentation and should be treated as illustrative rather than exhaustive.
Furthermore, the use of the GLOBE extension framework, though more granular than a simple East-West divide, can obscure significant national and sub-national variation (Michael Clark et al., 2016). Inferences from clusters to specific countries should therefore be made cautiously, as substantial cultural variation occurs within countries, creating a risk of ecological fallacy (Taras et al., 2016). Future research should test the robustness of these findings by conducting multi-group analyses at the country level and comparing alternative cultural classifications alongside educational-system variables. Such work will be crucial in advancing the design of assessments that are not only statistically sound but also culturally fair and valid for all students.
These findings carry implications for the theory and practice of international assessment. Theoretically, it challenges the assumption that construct equivalence can be readily achieved for complex soft skills, revealing that such assessments risk measuring conformity to a dominant cultural script rather than the intended capacity. Practically, these results highlight the necessity of integrating cultural expertise early in the item development and scoring process to identify tasks where performance depends not only on creative thinking, but also on alignment with particular cultural scripts, such as familiarity with specific contexts, dominant problem frames, and preferred ways of expressing ideas. The aim is not to fragment the assessment into culture-specific constructs, but to refine a unified operationalisation of creative thinking that is instantiated in ways that are as functionally equivalent as possible across diverse contexts. Viewed in this light, enhancing cultural inclusivity in item design and scoring is not a concession to relativism, but a technical strategy for strengthening the measurement invariance on which valid, globally comparable indicators of creative thinking depend.
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Supplementary Table S1 Descriptive Statistics, including Model Fit Indices for IRT Models across Clusters
	Cluster ID
	N
	M2 
	df
	RMSEA
	SRMSR
	Converged
	Proportion residual correlations >0.20

	1
	Sub-Saharan Africa
	906
	287.7484
	379
	0
	0.247127
	TRUE
	0.36091954

	2
	Anglo
	11546
	2476.728
	379
	0.021896
	0.167021
	TRUE
	0.193103448

	3
	Confucian Asia
	9802
	2292.947
	379
	0.022699
	0.131411
	TRUE
	0.128735632

	4
	Eastern Europe
	25853
	4833.231
	379
	0.021322
	0.110044
	TRUE
	0.082758621

	5
	Germanic Europe
	5477
	1232.937
	379
	0.020284
	0.160093
	TRUE
	0.204597701

	6
	Latin America
	19070
	3353.342
	379
	0.020287
	0.152609
	TRUE
	0.170114943

	7
	Latin Europe
	21845
	3836.213
	379
	0.020435
	0.130432
	TRUE
	0.110344828

	8
	Middle East
	21001
	3825.172
	379
	0.020808
	0.108709
	TRUE
	0.073563218

	9
	Nordic Europe
	10681
	1872.342
	379
	0.019208
	0.136367
	TRUE
	0.151724138

	10
	Southern Asia
	11670
	1568.157
	379
	0.016398
	0.126476
	TRUE
	0.108045977



Note: the provided R script includes additional columns including loglikelihood, AIC, BIC and max absolute residual.
