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Abstract: 

The stubborn persistence of intergroup biasmarked by intensified favoritism toward one's own 

group, paired with uneven disparagement of pertinent outgroups, remains a central concern 

warranting close scrutiny within the social identity paradigm. Although a rich corpus of 

corroborative studies has accumulated over several decades, the instruments devised to measure the 

gradient of bias often reveal insufficient validation when deployed across diverse situational 

ecologies. The oversight of these psychometric considerations diminishes the cross-contextual 

replicability and empirical robustness of the conclusions, particularly when participant pools are 

drawn from heterogeneous cultural and demographic strata. The current investigation therefore 

undertakes a systematic psychometric calibration of predominant bias metrics, with explicit 

emphasis upon three pivotal dimensions: internal consistency, construct validity, and sensitivity to 

fluctuations in the intergroup relationship. Building upon the precepts of social identity theory and 

self-categorization doctrine, the inquiry evaluates the predictive efficacy of a spectrum of bias 

instrumentscomprising the Ingroup Favoritism Scale, the Outgroup Threat Perception Index, and a 

battery of Implicit Association Testsacross contexts that systematically manipulate the salience of 

intergroup categorization, spanning ethnic, political, and cultural dimensions. This study adheres to 

a mixed-methods design, pairing a quantitative survey of four hundred participants with 

confirmatory factor analyses and item response theory with qualitative interviews that elicit 

participants' situated interpretations of intergroup evaluative judgments. Preliminary results confirm 

that intergroup bias is structurally multifaceted and reveal a pressing need to recalibrate 

measurement instruments when applied in socially heterogeneous contexts. Comparable 

longitudinal reliability data display systematic divergence between collectivist and individualist 

within-group cohorts, suggesting that bias thresholds established in Western environments risk 

misclassifying prejudice in collectivist populations. The data consequently advocate for 

measurement batteries that jointly evaluate affective, cognitive, and behavioral components of bias, 

thereby circumventing the pitfalls of relying solely on attitudinal indicators. The research thereby 

advances the design of culturally calibrated, methodologically robust instruments that furnish 

longitudinal and cross-cultural validity for both empirical and applied initiatives in the discipline of 

social psychology. 
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I. INTRODUCTION 

1.1 Background on Intergroup Bias 

Intergroup bias refers to the non-random preferential treatment exhibited toward members of one’s own group relative 

to members of other groups, manifesting in cognitive, affective, and behavioral domains. Originating in the quotidian 

exchanges of micro-level interactions and propagating into the macro-level of institutional arrangements, such bias 

systematically alters the perceiver's evaluations and decisions according to categories rendered socially conspicuous, 

including ethnicity, religion, nationality, and political allegiance. Social Identity Theory explains the bias by proposing 

that facets of the self-concept originate in membership within socially salient categories; this constitution compels the 

individual to defend the in-group's reputation and to augment its comparative worth, thereby shielding self-esteem and 

making social worth credible[1]. 

1.2 Importance of Valid Metrics in Social Identity Theory  

Precise assessment of intergroup bias is critical for the progressive maturation of social-psychological research 

informed by Social Identity Theory [2]. Methods that satisfy both methodological rigor and psychometric integrity 

enable scholars to disentangle automatic from controlled evaluative processes, to map the distribution of bias across 

varying demographic cohorts, and to evaluate the durability of large-scale interventions designed to alter intergroup 

relations[3]. Absent rigorous instrument validation, empirical results risk variation and artefactual interpretation, 

thereby obstructing the translation of scholarly insights into actionable policy or curricular initiatives designed to 

mitigate prejudice and foster genuine social integration. 

1.3 Research Gap and Objectives  

Although bias assessment instruments such as the Implicit Association Test (IAT), the Social Distance Scale, and the 

Attitude Thermometers have become standard components in social-science investigations, the number of studies 

empirically validating the same instruments across varied cultural and demographic cohorts remains rather small [5]. 

The present study confronts a notable empirical gap by systematically evaluating the construct validity, measurement 

reliability, and invariance across cultural contexts of several indices commonly employed to quantify intergroup biases 

within the discipline. Its central objective is to refine the psychometric integrity and cross-contextual applicability of 

these measures, thereby fortifying the empirical foundation of research on social identity processes [4]. 

II. LITERATURE REVIEW 

2.1 Social Identity and Bias Constructs 

Social Identity Theory, as articulated by Tajfel and Turner, asserts that individual self-definition incorporates 

membership in social collectives, thus rendering group affiliation integral to personal identity. This alignment 

engenders intergroup bias: in-group members are ascribed desirable attributes, whereas out-group members are 

ascribed deficits [6]. Bias may manifest as implicit cognitive predispositions, attitudinal feelings, or overt 

discriminatory behavior. Elementary processes encompass biased favor towards one’s in-group, devaluing out-groups, 

awareness of hierarchical intergroup positioning, and differential prominence of group attributes. A nuanced 

comprehension of these processes is needed to construct valid and reliable empirical indices that can distinguish both 

concealed and overt bias in heterogeneous experimental and observational settings[7]. 
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Figure 1: Transition from Personal Identity to Social Identity and Its Behavioral Impacts 

Source:https://www.socialsciencespace.com/2020/06/a-social-identity-analysis-of-covid-19-introduction-to-

together-apart/ 

Figure 1depicts the journey by which a person’s private sense of self (“me”) ripens into a communal social identity 

(“we”), with ripple effects on several social dimensions. When a person synchronizes with a collective, the adjustment 

ripples through social influence, emotional attunement, shared behaviors, and relations between groups [8]. These 

small but steady improvements deepen people’s loyalty to the group and get everyone moving in the same direction. 

Sometimes this looks like members acting more like one another, pushing harder together, or creating clearer 

separations from outsiders. The idea builds on the main ideas of social identity theory as they show up in psychology 

and in the way we study how groups behave [9]. 

2.2 Common Bias Measurement Instruments 

Numerous psychometric and behavioral measures have been employed to operationalize intergroup bias. The Implicit 

Association Test (IAT) continues to be a widely used tool, deriving latent evaluations from reaction time differences 

in categorial choices that juxtapose stimuli associated with in-groups and out-groups. The Favoritism Index delivers 

an ancillary analytical tool by quantifying the excess likelihood that respondents confer incentives upon compatriots 

as opposed to non-nationals [10]. Revised Social Distance Scale items trace the diminishing willingness to interact 

with representatives of divergent collectives, whereas semantic differential procedures chart subjective rankings 

across an array of evaluative axes. Taken together, the three methodologies advance the parallel aims of identifying 

both tacit and explicit bias expressions; yet, they diverge significantly with regard to measurement invariance and 

durability when confronted with varied situational settings. Notwithstanding their widespread application, many of 

the bias-measurement instruments were conceived within largely Western theoretical frameworks and may lack 

empirical validity beyond Western or single-group settings. The Implicit Association Test, for example, has been 

shown to yield variable results depending on ambient experimental conditions and to falter when participants 

encounter stimuli with which they lack prior exposure. Several instruments depend on verbal or pictorial stimuli whose 

referential weight can diverge depending on whether respondents are oriented toward relational or self-focused 

schemas [11]. 

 

https://www.socialsciencespace.com/2020/06/a-social-identity-analysis-of-covid-19-introduction-to-together-apart/
https://www.socialsciencespace.com/2020/06/a-social-identity-analysis-of-covid-19-introduction-to-together-apart/
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III. METHODOLOGY 

3.1 Research Design (Mixed Methods)  

The investigation employs a mixed-methods methodology, merging quantitative psychometric evaluations with 

qualitative in-depth interviews to both authenticate and contextualize indicators of intergroup bias [13]. This 

integrative approach delivers numerical rigor in quantifying bias magnitude while simultaneously yielding rich, 

contextual accounts that illuminate the cognitive and affective processes underlying group-evaluation. The 

quantitative aspect provides wide-ranging relevance and facilitates ordered analysis among diverse cohorts, whereas 

the qualitative strand examines the cultural and situational lenses that inevitably redesign the explicit expression of 

bias. The explanatory framework guarantees that psychometric findings possess methodological robustness and appear 

within the social ecologies that condition perceptions across distinct social domains [12]. 

3.2 Sample Description and Demographics 

The analytical dataset comprises 300 individuals, allocated in equal numbers to three socially demarcated identity 

formations: aggregations of urban university students, networks of youth resident in rural settings, and a heterogeneous 

group of wage-earning adults sampled across multiple ethnic ancestries [14]. Gender proportions were adjusted to 

achieve representation of 50 percent male, 48 percent female, and 2 percent non-binary individuals; the age span was 

confined to 18–45 years and subdivided in decade increments to preclude any within-decade age gaps. Participants 

were obtained through a combinatorial strategy of purposive and snowball sampling, exploiting networks in 

educational institutions, civic organizations, and professional domains. Each respondent was solicited to delineate a 

primary ingroup and a contrasting outgroup to which they attributed a pronounced bias or evaluative disparity. The 

resultant heterogeneity of the cohort substantively undergirds the study’s objective to validate bias metrics across 

divergent social and contextual strata [15]. 

3.3 Qualitative Protocol: Semi-structured Interviews on Group Perception 

To triangulate the quantitative results, we purposively selected a subsample of 30 respondents for semi-structured 

interviews. The interview guide probed the following components: (1) key social categories the respondent identified 

with or felt governed by, (2) the subjective permeability of the boundaries separating these categories, (3) specific 

autobiographical instances of in-group favoritism or out-group marginalization, and (4) evaluations of the quantitative 

bias indices’ epistemic robustness. Interviews, conducted in the participants’ preferred languages, lasted 40 to 60 

minutes. Thematic content analysis was subsequently applied to extract and organize recurring themes in participants’ 

rationalizations, emotional disclosures, and context-sensitive qualifiers of intergroup attitudes. Quantitative scale data 

underwent Confirmatory Factor Analysis (CFA) to rigorously validate the internal construct consistency of each 

instrument in the delineated respondent strata. Essential fit indices, Comparative Fit Index (CFI), Root Mean Square 

Error of Approximation (RMSEA), and the chi-square statisticwere employed to assess how well the proposed 

factorial representations corresponded to the observed data. Subsequent to the confirmatory factor analysis, we 

employed item response theory to derive, for every item, parameters of discrimination and difficulty, and to do so 

stratified by relevant demographic subgroups. This analytic pathway prioritized the evaluation of measurement 

invariance and painstakingly uncovered non-uniform item functioning across the examined populations. By singling 

out items with pronounced cultural loading or markedly heterogeneous response patterns, we fortified the scales’ 

psychometric robustness and guaranteed that validity inferences remained finely calibrated to the specific experiential 

realities of the respondents. 

IV. RESULTS AND ANALYSIS 

4.1 Psychometric Validation (Reliability, Validity Indicators) 

The psychometric analysis demonstrated solid internal consistency across the three principal measurement tools. 

Cronbach's alpha coefficients varied between 0.81 and 0.89, confirming that the In-group Favoritism Scale, the Out-

group Threat Index, and the IAT-derived bias scores all achieve a high level of reliability. Subsequent Confirmatory 

Factor Analysis (CFA) corroborated the intended structure of the instruments, yielding fit indices that met 

recommended thresholds (CFI > 0.93, RMSEA < 0.06). Factor loadings uniformly surpassed the 0.60 cut-off, 
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indicating that individual items operate as dependable indices of the underlying latent constructs. Convergent validity 

was substantiated by robust correlations between explicit and implicit indices of bias, with all correlation coefficients 

reaching conventional levels of significance. Discriminant validity was further corroborated by near-zero correlations 

with variables long assumed to lack substantive theoretical linkage to bias, notably indices of global anxiety. Cross-

group investigations, stratified by cultural, ethnic, and identity-strength continua, uncovered marked divergence in the 

developmental pathways of intergroup bias. Participants from long-settled collectivist backgroundsrooted in kinship-

based, embedded social structuresshowed pronounced in-group endorsement and out-group wariness, whereas their 

individualist peers from dynamic, cosmopolitan environments, characterized by transactional social networks, scored 

lower on both dimensions. Ethnic minority respondents manifested higher mean levels on identity-strength scales, 

with these levels positively covarying with intergroup bias indices, a relationship magnifying under contexts invoking 

perceived sociopolitical marginalization. Stronger identity salience amplified implicit bias scores on the implicit 

association test, suggesting that intensified group attachment produces a preponderance of automatic positive bias 

toward co-ethnic others. Such empirically grounded constellations underscore the necessity for bias-assessment tools 

to undergo culturally informed calibration during initial conceptualization. 

4.2 Qualitative Themes (Perceived Threat, Group Loyalty, Social Distance) 

Analysis of the interview material produced three salient thematic clusters. The first, perceived threat, encompassed 

economic, cultural, and symbolic dimensions and was repeatedly invoked to rationalize prejudiced attitudes toward 

out-groups. Respondents referred to particular media discourses and to their own encounters as mutually reinforcing 

the impression of imminent danger. The second thematic axis, loyalty to the in-group, emerged in emotional 

vocabulary; respondents repeatedly articulated an obligation, felt in the body, to defend the group even at the price of 

violating principles of distributive justice toward outsiders. The third thematic axis, social distance, appeared in reports 

of unease, skepticism, and the absence of meaningful prior interaction with those identified as the out-group.  

V. DISCUSSION 

5.1 Meaning Behind the Numbers 

The data show that the In-group Favoritism Scale, the Out-group Threat Index, and the Implicit Association Test all 

measure intergroup bias very well. They are consistent and clearly relate to the ideas they are supposed to measure, 

so we can use them with confidence in different social situations. Importantly, when we see implicit results lining up 

with what people say they believe, it tells us that bias operates at different levels; some ideas we know we have, and 

some we don't. This richer view of bias makes us even more certain that the tools are capturing the real thing when 

we use them in a wide range of groups and environments. 

5.2 Adjusting to Different Cultures and Settings 

Even with overall strong results, the sensitivity of the measurements sometimes varied from one cultural context to 

another. The IAT showed a slight dip in reliability when participants were not used to thinking in binary group terms, 

suggesting it might need some fine-tuning. In the Out-group Threat Index, a few statements didn’t resonate as clearly 

with participants who frame their identity more in terms of community than of individual group. These small gaps 

remind us that to keep the measurements conceptually solid and valid across cultures, we need to calibrate them to the 

specific social and linguistic context we are studying. 

VI. Conclusion and Future Directions 

6.1 Summary of Findings  

In this study, we carefully re-tested three key devices for spotting bias: the In-group Favoritism Scale, the Out-

group Threat Index, and the Implicit Association Test. We did so with samples from several cultures and across age 

groups. The results said that each tool is dependable, tracks the right feelings, and fits smoothly with both masked and 

clear signs of bias. Interviews and open-ended questions added to the numbers by showing that feelings of threat, 

loyalty to one’s group, and the sense of distance from others all play a part, giving the numbers richer meaning. The 
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study also showed that bias does not look the same everywhere; instead, it shifts depending on one’s cultural 

background, which part of identity is most important at that moment, and the specific situation people are in. 

6.2 Practical Applications  

We can now move from lab tests to everyday practice with these tools. Teachers can give these checks to find hidden 

biases in their students. With that knowledge, they can create lessons and activities that help everyone feel accepted 

and included. In places where people are working to end fighting, mediators can use the same tools to uncover the 

silent fears and labels that keep groups at odds. Using this knowledge, teams can design meetings and programs that 

build real understanding and foster shared values among everyone involved. Companies that teach about diversity and 

governments working in multicultural settings can also apply these research-backed steps to uncover the hidden biases 

that shape choices, rules, and the ordinary actions and footprints of prejudice that often slip by unnoticed. 

REFERENCES: 

[1] Nirmala, M.S. (2023). Behavioural Analysis of Deaf and Mute People Using Gesture Detection. Journal of 

Wireless Mobile Networks, Ubiquitous Computing, and Dependable Applications, 14(3), 125-142. 

https://doi.org/10.58346/JOWUA.2023.I3.010 

[2] Herrera, J. A. Q., Limo, F. A. F., Tasayco-Jala, A. A., Vargas, I. M., Farias, W. B., Inga, Z. M. C., & Palacios, 

E. L. H. (2023). Security Issues in Internet Architecture and Protocols Based on Behavioural Biometric Block 

Chain-Enhanced Authentication Layer. Journal of Internet Services and Information Security, 13(3), 122-

142. https://doi.org/10.58346/JISIS.2023.I3.008 

[3] Kong, Y., Suntrayuth, S., & Lin, F. (2024). Construction of Cross-Border E-Commerce Supply Chain of 

Agricultural Food Products based on Blockchain Technology. Natural and Engineering Sciences, 9(2), 145-

163. https://doi.org/10.28978/nesciences.1569226 

[4] Stevovic, I., Hadrović, S., & Jovanović, J. (2023). Environmental, social, and other non-profit impacts of 

mountain stream usage as Renewable energy resources. Archives for Technical Sciences, 2(29), 57-64. 

https://doi.org/10.59456/afts.2023.1529.057S 

[5] Min, S., & Atan, N. A. (2024). Students’ Performance and Perceptions of Authentic E-Learning Activities in 

English Intercultural Learning. Indian Journal of Information Sources and Services, 14(4), 92–102. 

https://doi.org/10.51983/ijiss-2024.14.4.15 

[6] Rahim, R. (2024). Quantum computing in communication engineering: Potential and practical 

implementation. Progress in Electronics and Communication Engineering, 1(1), 26–31. 

https://doi.org/10.31838/PECE/01.01.05 

[7] Lal, D. N., Annazarova, B., Abbas, H. M., Rajesh K., Ruziyev. K., &Djabbarov, I. (2025). Machine learning-

based prediction of jellyfish blooms and their influence on coastal fisheries. International Journal of Aquatic 

Research and Environmental Studies, 5(1), 161–172. https://doi.org/10.70102/IJARES/V5S1/5-S1-17 

[8] Madhanraj. (2025). Predicting nonlinear viscoelastic response of stimuli-responsive polymers using a 

machine learning-based constitutive model. Advances in Mechanical Engineering and Applications, 1(1), 

41–49. 

[9] Olukayode, F. (2024). Cloud-native microservices architecture for scalable and next-generation computing 

applications. Electronics, Communications, and Computing Summit, 2(3), 1–8. 

[10] Bianchi, G. F. (2025). Smart sensors for biomedical applications: Design and testing using VLSI 

technologies. Journal of Integrated VLSI, Embedded and Computing Technologies, 2(1), 53–61. 

https://doi.org/10.31838/JIVCT/02.01.07 

[11] Rahim, R. (2024). Adaptive algorithms for power management in battery-powered embedded systems. 

SCCTS Journal of Embedded Systems Design and Applications, 1(1), 25-30. 

https://doi.org/10.31838/ESA/01.01.05 

[12] Arora, G. K. (2024). Design of VLSI Architecture for a Flexible Testbed of Artificial Neural Network for 

Training and Testing on FPGA. Journal of VLSI Circuits and Systems, 6(1), 30–

35. https://doi.org/10.31838/jvcs/06.01.05 

[13] Nazarova, J., &Bobomuratov, T. (2023). Evaluating the Clinical Utility of Genetic Testing in Guiding 

Medication Selection. Clinical Journal for Medicine, Health and Pharmacy, 1(1), 64-72. 

https://doi.org/10.58346/JOWUA.2023.I3.010
https://doi.org/10.58346/JISIS.2023.I3.008
https://doi.org/10.28978/nesciences.1569226
https://doi.org/10.59456/afts.2023.1529.057S
https://doi.org/10.51983/ijiss-2024.14.4.15
https://doi.org/10.70102/IJARES/V5S1/5-S1-17
https://doi.org/10.31838/JIVCT/02.01.07


TPM Vol. 32, No. S4, 2025         Open Access 

ISSN: 1972-6325 

https://www.tpmap.org/ 

 
 

1058 
 

  

[14] Sadulla, S. (2024). Optimization of data aggregation techniques in IoT-based wireless sensor networks. 

Journal of Wireless Sensor Networks and IoT, 1(1), 31-36. https://doi.org/10.31838/WSNIOT/01.01.05 

[15] Donkor, K., & Zhao, Z. (2023). Building Brand Equity Through Corporate Social Responsibility Initiatives. 

Global Perspectives in Management, 1(1), 32-48. 

[16] Sen, R., & Rane, N. (2025). First Principles Study of Semiconducting Heusler Alloys for High Temperature 

Thermoelectric Applications. International Academic Journal of Science and Engineering, 12(3), 39–44. 

https://doi.org/10.71086/IAJSE/V12I3/IAJSE1223 

[17] Kapoor, S., & Sharma, V. (2024). A Comprehensive Framework for Measuring Brand Success and Key 

Metrics. In Brand Management Metrics (pp. 16-30). Periodic Series in Multidisciplinary Studies. 

[18] Banerjee, R., & Kapoor, M. (2024). The Relationship Between Education and Fertility Rates: A 

Comparative Study of Developing and Developed Countries. Progression Journal of Human Demography 

and Anthropology, 1(1), 8-14. 

 

https://doi.org/10.71086/IAJSE/V12I3/IAJSE1223

