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Abstract

Background: Accurate emotion recognition is a foundational 

component of social cognition, yet human biases can compromise its 

reliability. The emergent capabilities of multimodal large language 

models (MLLMs) offer a potential avenue for objective analysis, but 

their performance has been tested mainly with ethnically 

homogenous stimuli. This study provides a systematic cross-ethnic 

evaluation of leading MLLMs on an emotion recognition task to 

assess their accuracy and consistency across diverse groups.

Methods: We evaluated three leading MLLMs: ChatGPT-4, 

ChatGPT-4o, and Claude 3 Opus. Performance was tested twice 

using three "Reading the Mind in the Eyes Test" (RMET) versions 

featuring White, Black, and Korean faces. We analyzed accuracy 

against chance (25%) and compared scores to established human 

normative data for each ethnic version.

Results: ChatGPT-4o achieved performance significantly above 

chance levels across all tests (p < .001), with large effect sizes 

indicating robust performance (Cohen’s h = 1.253-1.619; RD = 

0.583-0.694). The model obtained a mean accuracy of 83.3% (30/36) 

on the White RMET, 94.4% (34/36) on the Black RMET, and 86.1% 

(31/36) on the Korean RMET, placing it in the 85th, 94th, and 90th 

percentiles of human norms, respectively. This high accuracy 

remained consistent across ethnic stimuli. In contrast, ChatGPT-4 
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performed near the human average, while Claude 3 Opus performed 

near chance level.

Conclusion: These preliminary findings highlight the rapid 

evolution of MLLMs, highlighting a significant performance leap 

between consecutive versions. 

This study suggests that ChatGPT-4o demonstrated performance 

scores exceeding average human accuracy on this specific task in 

recognizing complex emotions from static images of the eye region, 

with its performance remaining consistent across different ethnic 

groups. While these results are notable, the pronounced 

performance gaps between models and the inherent limitations of 

the RMET task underscore the need for continuous validation and 

careful, ethical consideration to fully understand the capabilities and 

boundaries of this technology.

Keywords: Generative Artificial Intelligence (GenAI), Emotion 

Recognition, Cross-Cultural Psychology, Psychiatric Diagnosis, 

Reading the Mind in the Eyes Test (RMET), Bias, Mental Health.
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Evaluation of Cross-Ethnic Emotion Recognition Capabilities 
in Multimodal Large Language Models Using the Reading 

the Mind in the Eyes Test

Introduction

Recent advancements in Artificial Intelligence (AI), particularly the 

emergence of multimodal large language models (MLLMs), have 

demonstrated emergent capabilities in complex psychological 

reasoning [1, 2]. This has prompted a wave of research evaluating 

their performance on established psychological assessments, 

moving beyond simple task completion to detailed psychometric 

profiling. For instance, studies have successfully utilized LLM-driven 

conversational agents to conduct Big Five personality tests [3], 

applied clinical diagnostic tools to profile AI models for maladaptive 

traits analogous to human personality disorders [4], and explored 

gamified interactions with multi-personality agents to assess user 

traits [5]. One of the most intriguing frontiers is social cognition, the 

ability to perceive and interpret subtle emotional and social cues, 

which is fundamental to human interaction [6, 7]. Beyond basic 

emotion recognition, recent research highlights MLLMs' growing 

proficiency in complex social cognition tasks, such as Theory of Mind 

reasoning and understanding sarcasm [1, 2, 5]. However, alongside 

these capabilities, concerns have emerged regarding their potential 

to propagate deep-seated human biases. Studies have shown that AI 

models can inadvertently mirror societal prejudices, including racial 

and ethnic biases, which may affect their judgment in social contexts 
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[8, 9]. This duality—advanced social reasoning coupled with the risk 

of inherent bias—underscores the need for rigorous evaluation 

across diverse demographic stimuli. As these models are 

increasingly explored for various applications, a critical need arises 

to systematically evaluate their performance, consistency, and 

potential biases on subtle socio-emotional tasks. Fields such as 

psychology and psychiatry, which rely heavily on interpreting such 

cues, provide a relevant context for assessing these advanced 

capabilities [10].

For decades, the field of affective computing has explored the 

potential of AI to provide objective and scalable solutions for emotion 

recognition, traditionally a resource-intensive process prone to 

subjective biases [11 – 13]. Building on this, recent studies indicate 

that MLLMs can outperform the average human on standardized 

emotional intelligence tests [14] and recognize basic facial emotions 

with an accuracy comparable or even superior to human judges [15, 

16]. These findings establish a strong basis for investigating the 

utility of these models in more socially complex assessment contexts.

The present study builds directly upon a pilot investigation that used 

the "Reading the Mind in the Eyes" Test (RMET), a key instrument 

for assessing Theory of Mind (ToM) [17], to probe the capabilities of 

an earlier MLLM. The RMET challenges individuals to infer complex 

mental states from cropped photographs of the eye region, thereby 

avoiding the ceiling effects common in simpler ToM tasks [17, 18]. 
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The pilot study found that an early version of ChatGPT (GPT-4) 

performed significantly above chance level when presented with the 

original RMET, which features exclusively White stimuli [19]. This 

promising initial result demonstrated the model's potential in this 

domain and served as the impetus for the current, more 

comprehensive investigation.

However, the pilot study's reliance on a single, ethnically 

homogenous stimulus set represents a significant methodological 

limitation. Extensive research documents cross-cultural differences 

in the perception of facial expressions [20, 21] and the existence of 

an "other-race effect" in human face processing, where individuals 

are often less accurate at interpreting faces from different ethnic 

backgrounds [21, 22]. This limitation is particularly critical for 

MLLMs, given documented instances of models perpetuating 

Western-centric values [23, 24] and racial biases [8, 9]. To ensure 

fairness and a robust evaluation, it is imperative to validate these 

models using stimuli that reflect demographic diversity [16, 25].

To address this gap, researchers have developed and validated 

ethnically adapted versions of the RMET, including those featuring 

Black (B-RMET) [16] and Korean faces (K-RMET) [26]. These 

instruments provide a crucial opportunity for a more rigorous and 

equitable evaluation of MLLMs' capabilities. While some recent 

studies on facial perception suggest that certain models may not 

exhibit a strong racial bias in judging social traits or basic emotions 
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[16, 27], these findings are preliminary and require systematic 

replication across different models and more complex cognitive 

tasks like the RMET. The present study addresses this need by 

conducting the first cross-ethnic evaluation of advanced ToM in 

leading MLLMs.

This study, therefore, evaluates and compares the performance of 

three leading models, ChatGPT-4 [28], the more recent ChatGPT-4o 

[29], and Claude 3 Opus [30], across the White, Black, and Korean 

versions of the RMET. These specific models were selected to 

represent the forefront of commercially available multimodal 

capabilities at the time of the study, enabling a comparison between 

different iterations of the industry-standard GPT architecture and a 

leading competitor, Claude 3, to assess consistency across different 

systems. By systematically assessing both the accuracy and the 

cross-ethnic consistency of these models, we aim to determine the 

extent to which their advanced ToM abilities generalize across 

diverse social stimuli, thereby providing crucial insights for their 

responsible development and future research. Despite these 

documented biases, regarding cross-ethnic consistency, our 

hypothesis was grounded in two expectations. First, we posited that 

advanced MLLMs possess robust visual generalization capabilities, 

allowing them to analyze facial morphology and emotional 

expression independent of specific demographic features, rather 

than relying on memorization of the widespread original RMET 
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images. Second, recent advancements in safety alignment and RLHF 

aim to mitigate historical algorithmic biases. Therefore, we 

hypothesized that these models would demonstrate consistent 

performance across ethnic groups.

Based on the foregoing literature, this study tested the following 

hypotheses: 

RH1: (Performance Above Chance and Human Average): We 

hypothesized that all cutting-edge MLLMs will demonstrate 

statistically significant emotion recognition performance above 

chance levels on all RMET versions. Furthermore, it is hypothesized 

that ChatGPT-4o will achieve above-average human performance on 

all RMET versions. 

RH2: (Cross-Ethnic Consistency): We hypothesized that the emotion 

recognition performance of the MLLMs will remain consistent across 

different ethnic versions of the RMET (White, Black, and Korean 

faces). 

RH3: (Inter-Model Comparison): We hypothesized that there will be 

discernible differences in emotion recognition performance among 

the various MLLMs tested (ChatGPT-4, ChatGPT-4o, and Claude 3 

Opus).

Results
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We provide an example of ChatGPT-4o’s responses in Figure 1. In 

Table 1, we present the descriptive statistics, performance 

comparison and effect sizes of ChatGPT-4, ChatGPT-4o and Claude 

3 Opus, compared to human samples [17, 18, 26]. 

Performance above chance levels (RH1)

Binomial tests, incorporating Bonferroni corrections for multiple 

comparisons across 18 measures, revealed significant differences 

from chance performance (0.001 < p < 0.05) for ChatGPT-4 and 

ChatGPT-4o across all administrations. The effect sizes, reported as 

Cohen's h and Risk Difference (RD), demonstrated particularly 

robust performance for ChatGPT-4o, with Cohen's h ranging from 

1.253 to 1.619 and RD values between 0.583 and 0.694, indicating 

substantial deviation from chance performance. ChatGPT-4 showed 

moderate to strong effects (Cohen's h: 0.524 to 0.923; RD: 0.25 to 

0.444). In contrast, Claude 3 Opus demonstrated more limited 

capabilities, achieving statistical significance in only one instance (B-

RMET first administration: 19/36 correct, h = 0.579, RD = 0.278, p 

< .05).

Table 2 presents the performance of the MLLMs in comparison to 

the percentiles of human samples across the different RMET 

versions. The performance of ChatGPT-4o quantitatively exceeded 

the median of the human samples, achieving percentiles of 85, 94, 

and 90 for the RMET versions with White, Black, and East Asia faces, 
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respectively. This indicates that ChatGPT-4o performed better than 

85% of the human sample on the White face version of the RMET, 

better than 94% of the human sample on the Black face version, and 

better than 90% on the Korean face version when compared to 

established human normative samples. Conversely, ChatGPT-4 

demonstrated lower performance, with ChatGPT-4 obtaining 

percentiles of 9.6, 43, and 17, and Claude 3 Opus achieving 

substantially lower percentiles of 0.012, 4.00, and 0.045 for the 

White, Black, and Korean face version, respectively.

In summary, the findings support RH1, demonstrating that both 

ChatGPT-4 and ChatGPT-4o exhibited emotion recognition 

performance significantly above chance levels across all RMET 

versions. Specifically, ChatGPT-4o consistently achieved above-

average human performance across all ethnic RMET versions, 

supporting the latter part of the hypothesis.

Consistency and generalizability across ethnic groups (RH2)

Notably, the comparison between the RMET scores across versions 

revealed minimal differences in the percentile rankings for each 

model, suggesting consistent performance across different ethnic 

contexts of the RMET. Specifically, the small differences between 

the percentiles between each RMET version indicate that the 

MLLMs’ abilities to interpret emotional states from the eyes were 
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similarly accurate, or inaccurate, irrespective of the ethnic 

adaptation of the test.

Regarding the level of agreement between two evaluations of the 

same MLLMs (ChatGPT-4, ChatGPT-4o or Claude 3 Opus), when 

responding to the RMET version with White face stimuli, ChatGPT-4 

showed moderate test-retest agreement (0.69), ChatGPT-4o showed 

the highest test-retest agreement (0.94) and Claude 3 Opus showed 

a substantial test-retest agreement (0.83). When responding to the 

B-RMET, ChatGPT-4 showed substantial test-retest agreement 

(0.94), ChatGPT-4o showed similar test-retest agreement (0.94) and 

Claude 3 Opus showed moderate test-retest agreement (0.77). When 

responding to the RMET version with Korean faces, ChatGPT-4 

showed moderate test-retest agreement (0.75) , ChatGPT-4o again 

showed the highest test-retest agreement (0.83) and Claude 3 Opus 

showed moderate test-retest agreement (0.58). These results 

suggest that ChatGPT-4o consistently showed the highest agreement 

between repeated testing across ethnic contexts, as compared to the 

other models.

In summary, the consistent percentile rankings and high test-retest 

agreement levels across different ethnic versions of the RMET for 

each LLM support RH2, indicating that their emotion recognition 

capabilities generalize across various ethnic contexts.

Comparison between MLLMs (RH3)
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As detailed above, ChatGPT-4o consistently achieved the highest 

performance, with percentile rankings that substantially exceeded 

those of ChatGPT-4 and Claude 3 Opus across all RMET versions. 

While ChatGPT-4 also showed significant performance above 

chance, its percentile rankings were considerably lower than 

ChatGPT-4o. Claude 3 Opus exhibited the most limited capabilities 

among the tested models, reaching statistical significance in only 

one instance and generally achieving substantially lower percentiles.

In summary, the findings support RH3, revealing clear discernible 

differences in emotion recognition performance among the LLM 

models, with ChatGPT-4o consistently outperforming both ChatGPT-

4 and Claude 3 Opus.

Item difficulty and thematic error analysis

To further explore the models' performance beyond overall accuracy, 

we conducted an item difficulty analysis to identify which mental 

states were systematically easier or more difficult for the MLLMs to 

recognize. Error rates were calculated for each of the 36 items 

across all models and test versions. A clear pattern emerged, 

distinguishing items that were consistently challenging from those 

that were consistently easy for the models. Table 3 displays the ten 

most difficult and ten least difficult items for the MLLMs, based on 

their aggregated error rates.
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A descriptive model-by-model analysis revealed that this pattern of 

difficulty was most pronounced in Claude 3 Opus and ChatGPT-4. In 

contrast, ChatGPT-4o, successfully overcame many of these 

challenges, demonstrating  lower error rates on the same items that 

were difficult for the other models. This suggests a notable evolution 

in capability between model versions.

A thematic analysis of these error patterns revealed a distinct 

conceptual divide. The models demonstrated high accuracy in 

identifying internal cognitive and emotional states, especially those 

with negative or neutral valence (e.g., contemplative, uneasy, 

worried). Conversely, they exhibited significantly higher error rates 

for socially complex states that imply a behavioral or interpersonal 

intention, particularly those with a positive valence (e.g., playful, 

friendly, flirtatious).

Discussion

This study evaluated the emotion recognition capabilities of three 

MLLMs across ethnically diverse stimuli using adapted versions of 

the Reading the Mind in the Eyes Test. The results provide insights 

into the current capabilities and limitations of these rapidly 

evolving technologies. The study yielded three principal findings. 

First, the most advanced model, ChatGPT-4o, demonstrated 

performance significantly above the human average, consistently 

scoring in the upper percentiles of human normative samples. 
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Second, this high level of performance was consistent across the 

RMET versions featuring White, Black, and Korean faces, 

suggesting an absence of ethnic bias in this specific visual 

recognition task. Third, there were significant performance 

disparities among the models, with the newer ChatGPT-4o showing 

significantly higher performance than its predecessor, ChatGPT-4, 

and the alternative architecture, Claude 3 Opus, which highlights 

the rapid evolution of these capabilities.

The notably poor performance of Claude 3 Opus, which consistently 

operated near chance level, warrants specific consideration. While 

a direct comparison of proprietary models is not possible, recent 

literature suggests a confluence of potential factors. First, studies 

indicate that while Claude models are highly capable, they can 

underperform in tasks requiring the detection of highly subtle or 

implicit sentiments, such as sarcasm, compared to competitors [5, 

31]. The RMET, being a test of inference from minimal cues, may 

thus fall into a category of tasks where Claude is less proficient. 

Second, this tendency may be rooted in the model's foundational 

"Constitutional AI" safety alignment, which prioritizes cautiousness 

and can lead to a refusal to engage with ambiguous prompts [32, 

33]. In a forced-choice task like the RMET, this conservative 

approach could result in performance that does not significantly 

differ from random guessing. Finally, a model's visual process is 

not monolithic; for instance, studies in radiology have found that 
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different models excel at distinct visual tasks, such as Claude 3.5 

Sonnet being more accurate in identifying anatomy while GPT-4o is 

superior in detecting fractures [34]. It is therefore plausible that 

Claude's visual architecture is optimized for different types of 

analysis than the fine-grained interpretation of human facial 

expressions.

Additionally, our exploratory item difficulty analysis suggests that 

this performance gap may be linked to a discernible thematic 

pattern. A possible interpretation of the results is that the MLLMs 

performed well when identifying internal cognitive and emotional 

states, particularly those with a negative or neutral valence (e.g ,.

worried ,contemplative ,uneasy). Conversely, the models appeared 

to struggle more with socially complex states that imply a 

behavioral or interpersonal intention, especially those with a 

positive valence (e.g ,.playful ,friendly ,flirtatious). While the 

improved performance of ChatGPT-4o on these specific items could 

indicate an evolution in this capability, further research is required 

to confirm this pattern and explore its underlying causes.

Performance and cross-ethnic consistency of MLLMs

A key finding of this study is that MLLMs can achieve accuracy on 

the RMET that is not only significantly above the human average 

but also consistent across ethnic groups. This cross-ethnic 

consistency is particularly noteworthy. While humans often exhibit 
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an "other-race effect," leading to diminished accuracy when 

interpreting faces from different ethnic backgrounds [21, 22], 

ChatGPT-4o's performance did not show such a discrepancy. This 

suggests that, for this specific task, the model's visual processing 

does not appear to be constrained by the same biases that affect 

human perception. This finding provides a valuable benchmark for 

the development of fair AI models and suggests that they may not 

necessarily replicate specific human cognitive biases in visual 

emotion recognition tasks [35, 36].

Model evolution and the shifting landscape of AI capabilities

The stark performance difference between ChatGPT-4o and the 

other models is a critical finding. It demonstrates that advanced 

visual-perceptual ability is not an inherent feature of all MLLMs but 

rather a rapidly evolving capability.

While the exact technical mechanisms remain proprietary, the 

performance gap suggests that ChatGPT-4o possesses a 

significantly enhanced visual sensitivity compared to its 

predecessor. From a functional perspective, the newer model 

appears better equipped to process subtle facial cues (such as the 

intricate muscle movements around the eyes) and integrate them 

with semantic knowledge. This leap in accuracy also raises cautious 

optimism regarding cognitive remediation. If future research 

confirms that such models can provide reliable, real-time feedback 
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on social cues, they might eventually serve as accessible 'training 

partners' for individuals with social-cognitive deficits, 

supplementing traditional therapeutic interventions. 

Beyond these clinical possibilities, the rapid evolution of these 

models has practical implications for the development of any AI-

driven application that relies on visual interpretation. An 

application built on an MLLM today could be rendered functionally 

inferior by a newer model released months later.

This "moving target" nature of MLLM performance creates a 

technological imperative. The selection of the underlying model 

(e.g., GPT-4 vs. GPT-4o) is not a trivial implementation detail but a 

critical variable that directly impacts performance accuracy [37, 

38]. Therefore, we recommend that applications leveraging MLLMs 

be designed with a "dynamic" or "pluggable" architecture. Such a 

design would allow systems to be updated with the latest, most 

validated version with minimal friction, ensuring that they benefit 

from the most accurate technology available and do not become 

rapidly obsolete [37, 38].

Ethical considerations

As these technologies approach and potentially surpass human 

performance on specific tasks, the ethical conversation moves 

beyond general concerns about bias and privacy into new territory. 

The findings raise two ethical dilemmas:
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The Dilemma of the High-Performing Tool: If a tool is demonstrably 

more accurate and less biased than a human on a specific task, 

what are the ethical ramifications for professional standards? This 

questions traditional notions of expertise and liability. For fields 

that rely on human judgment, at what point might it become 

ethically questionable not to use such a tool as a secondary check, 

especially in complex cases? This finding presses professional 

communities to define new standards of care that incorporate these 

advanced capabilities [25].

The Dilemma of the Objective Tool in a Biased System: While 

ChatGPT-4o showed no ethnic bias on this task, it would be 

deployed within healthcare systems or other societal structures 

that may have deep-seated systemic biases. There is a significant 

risk that the objective outputs of the model could be filtered 

through the biased lens of a human user, or worse, used to "tech-

wash" decisions that remain biased [9]. Ensuring that this potential 

for unbiased performance translates into equitable outcomes 

requires more than just a validated algorithm; it requires robust 

implementation protocols, user training, and systems of 

accountability that address the entire decision-making pipeline, not 

just the tool itself [8].

Limitations
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Our study has several limitations. First and foremost, our findings 

must be interpreted with significant caution due to the choice of 

the "Reading the Mind in the Eyes Test" (RMET) as our primary 

instrument. While widely used, the RMET's validity has been 

subject to increasing and substantial critique. Recent psychometric 

work raises serious concerns about the test's structural properties 

and ecological validity. Specifically, a large-scale analysis by 

Higgins et al. [39] found that RMET scores demonstrate poor 

structural properties, failing to conform to a unidimensional factor 

structure, which complicates the interpretation of a single sum 

score as a measure of a unified social-cognitive ability.

Furthermore, this critique extends to the very nature of the task. 

Higgins et al. [39] highlight evidence suggesting that performance 

on the RMET may rely less on direct emotion perception and more 

on other cognitive skills, such as vocabulary, abductive reasoning, 

and a process of elimination among the forced-choice options. This 

is supported by findings that individuals rarely generate the 

"correct" mental state term in free-response versions of the test. 

This constitutes a significant challenge to the RMET's ecological 

validity, as it suggests a fundamental gap between the test's 

demands and the dynamic, context-rich nature of real-world social 

cognition [40, 41]. Therefore, while our study provides a valuable 

assessment of MLLMs performance on this specific, constrained 

task, these profound methodological limitations of the RMET itself 
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mean that our results cannot be readily generalized to the broader 

domain of real-world "mind-reading" or clinical empathy.

Second, we cannot entirely rule out the possibility that some RMET 

stimuli may overlap with the training data of the MLLMs. This 

consideration is critical when evaluating AI performance on 

standardized tests, as stimulus overlap could theoretically inflate 

performance metrics. However, our finding of consistent 

performance across versions suggests the models' capabilities 

extend beyond potential training data familiarity. Given 

documented imbalances in online facial datasets favoring White 

faces [42, 43], any training data bias would likely manifest as 

superior performance on the original RMET. The absence of ceiling 

effects and the comparably strong results on less widely published 

RMET variants makes it less likely that memorization alone 

accounts for the observed performance. Nevertheless, this remains 

an empirical question warranting further investigation. Third, our 

study was confined to three MLLMs; the rapid evolution of the field 

implies that a broader spectrum of models could yield more 

comprehensive insights. Additionally, given the exploratory nature 

of this study, the comparisons between the models’ performance 

rankings are primarily descriptive and should be interpreted as 

preliminary trends rather than definitive statistical superiorities. 

Fourth, the potential impact of more detailed prompting strategies, 

such as ‘chain of thought’ instructions, was not examined.
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Finally, our focus was narrow. To attain a fuller understanding of 

MLLMs’ capabilities, future studies should include a wider array of 

tasks, such as those involving voice, body movement, and other 

non-verbal cues. Furthermore, while we explored ethnic variations, 

our stimuli’s cultural diversity was limited, highlighting the need to 

distinguish between cross-ethnic and cross-cultural generalization 

and include a broader range of ethnicities in future work.

Potential implications and future research directions

The findings of this study, while preliminary, carry several potential 

implications for the future development and evaluation of MLLMs. 

The demonstration of high-accuracy, cross-ethnically consistent 

performance by ChatGPT-4o provides a valuable benchmark for 

fairness in AI, suggesting that it is technologically feasible to 

mitigate certain human-like biases. Future research should 

investigate the architectural or training data differences that 

contribute to this robustness.

Furthermore, while acknowledging the significant limitations of the 

RMET, it is worth considering the potential long-term trajectory of 

this technology for fields like psychology and psychiatry. Should 

future research first establish the validity of these capabilities 

using more ecologically valid, dynamic assessments [43], advanced 

MLLMs might one day serve as valuable tools to augment human 

judgment. For instance, such validated models could potentially 
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assist in identifying subtle social-cognitive deficits [44, 45] or 

provide an objective baseline for monitoring treatment efficacy 

[46]. However, it is critical to stress that this remains a distant 

prospect, contingent on extensive further research and validation.

Building on this work, we propose several additional directions for 

future research. The most critical next step is to move beyond 

static images and evaluate MLLMs using video-based tasks that 

better simulate real-world social interactions [43]. Additionally, 

studies should systematically analyze error patterns to understand 

which specific mental states are most frequently misidentified by 

these models. A particularly valuable direction would be to collect 

data that includes the specific incorrect foils chosen by the models, 

which would enable the construction of confusion matrices to 

reveal systematic error patterns (e.g., whether "pensive" is 

consistently misread as "anxious").

Conclusion

In conclusion, this study provides the first cross-ethnic evaluation 

of advanced MLLMs on a standardized emotion recognition task. 

Our findings indicate that a leading model, ChatGPT-4o, can 

achieve performance significantly above the human average with 

consistency across diverse ethnic stimuli. This marks a significant 

advancement in benchmarking MLLM performance on established 

social cognition assessments, highlighting both the rapid pace of 
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technological advancement and the potential for these models to 

process complex social stimuli within a constrained, standardized 

context without exhibiting certain human biases. The pronounced 

performance gaps between models and the inherent limitations of 

the assessment tool itself call for a cautious interpretation of these 

findings. This work underscores the critical importance of rigorous, 

multi-faceted, and cross-demographic validation to ensure the 

responsible and equitable development of these advanced 

technologies.

Methods

Study design

This study employed a comparative design to evaluate the emotion 

recognition abilities of three leading MLLMs. The models for this 

study were selected based on several criteria aligned with our 

psychological research questions. We chose three popular and 

widely used commercial MLLMs with image analysis capabilities 

that were publicly available during the research period (ChatGPT-4, 

ChatGPT-4o, and Claude 3 Opus). Our primary goal was not to 

compare their technical architecture, but rather to investigate a 

psychological phenomenon: whether these common, accessible AI 

systems could recognize complex emotions and if they exhibited 

human-like biases, such as the 'other-race effect'. The inclusion of 

multiple models from different developers allowed us to examine the 
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consistency of this phenomenon across different systems and to 

explore potential performance differences. Access to the MLLMs 

was obtained manually via their publicly available user interfaces 

during the study period. The study's hypotheses were not 

preregistered but were formulated based on the existing literature 

on AI's emerging psychological capabilities and documented cross-

ethnic biases in computational models.

Measures

We assessed emotion recognition abilities using three well-

established measures:

Reading the Mind in the Eyes Test [17]. The RMET consists of 

36 photographs depicting eye regions of faces of White individuals 

expressing various mental states. Participants are asked to select 

which of the four options best describes the mental state portrayed 

in each photograph. Scores range from 0 to 36, with higher scores 

indicating better emotion recognition abilities.

The Black version of the Reading the Mind in the Eyes Test 

[18]. The B-RMET is an ethnically adapted version of the original 

RMET, featuring 36 photographs of eye regions from faces of Black 

individuals. The scoring and administration procedures are identical 

to those of the original RMET.
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The Korean version of the Reading the Mind in the Eyes Test 

[26] The K-RMET is an ethnically adapted version of the RMET, 

featuring 36 photographs of eye regions from faces from Korean 

individuals. The scoring and administration procedures are identical 

to those of the original RMET.

Each version demonstrates robust psychometric properties: the 

original RMET shows strong test-retest reliability (ICC = .833) [45], 

the K-RMET exhibits comparable reliability (ICC = 0.758, 95% CI: 

0.462, 0.892) [26], and the B-RMET demonstrates equivalent 

psychometric characteristics with no significant difficulty 

differences from the original version (t(35) = 0.552, p = 0.584) [16].

Procedure

From March to June 2024, all MLLMs (ChatGPT-4, ChatGPT-4o, 

Claude 3 Opus) were administered each RMET version twice to 

establish test-retest reliability. Each version of the RMET was 

presented in a separate and independent session, ensuring that the 

MLLMs had no memory of prior tests or responses.  The second 

administration was conducted following the completion of the first 

administration, again in a new and independent session. The tests 

were presented to the MLLMs in the same order as they appear in 

the original test materials and with the same prompts, and the 

correctness of the MLLMs' responses (correct/incorrect) was 

recorded for later analysis. After providing the general instructions, 
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each of the 36 images was presented, followed by four response 

options. The MLLMs selected one option, and immediately 

afterward, the next question was presented.

Data analysis

For each MLLMs and each administration of the RMET (White, 

Black, Korean), we conducted a binomial test to assess whether 

performance (proportion correct out of 36 items) exceeded the fixed 

chance level of 25%. To determine whether this performance 

deviated significantly from chance-level we implemented a 

Bonferroni correction to adjust the p-value threshold across the 18 

measures (3 models × 3 RMET versions × 2 administrations), 

thereby controlling for familywise error rate. A corrected p-value 

less than 0.05 was considered statistically significant. We 

supplemented this test of statistical significance with two effect-size 

metrics. First, we computed the difference from chance (observed 

proportion minus 0.25), which indicates the absolute magnitude of 

improvement above random guessing. Second, to facilitate 

comparison to commonly recognized guidelines, we calculated 

Cohen’s h [47], a measure appropriate for comparing single 

proportions to a known reference proportion.

To ensure the methodological validity of aggregating scores across 

the two administrations, we conducted a preliminary stability 

analysis. A pooled paired-samples t-test (N=9) revealed no 
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significant performance differences between the first and second 

administrations (t(8)=0.88, p=.407), ruling out systematic learning 

or inconsistency effects. Furthermore, the Intraclass Correlation 

Coefficient (ICC) indicated excellent test-retest agreement 

(ICC=.899, p<.001). Given these results, all subsequent statistical 

analyses and comparisons to human norms were conducted using 

the averaged scores of the two administrations.

Then, we calculated the percentiles of the MLLMs' performance by 

using each model's mean score from their two evaluations and 

comparing these means to the well-established, published 

neurotypical human sample results of the different RMET versions. 

The White RME results were sourced from Baron-Cohen and 

colleagues [17]; the Black RME results were derived from Handley 

and colleagues [18]; and the East Korean RME results were derived 

from Koo and colleagues [26]. This methodology was also employed 

to examine whether the models’ performance remained consistent 

across ethnic groups. Specifically, bias was indicated if one of the 

results was at or above the human average while the other results 

was below the human average.

Our two-stage analysis first establishes performance above chance 

through binomial testing and its effect size, then contextualizes 

performance relative to human normative samples through 

percentile rankings. This approach, while innovative in the context 
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of MLLMs evaluation, builds upon methodological frameworks 

previously validated in psychological assessment research [19].

Finally, to further characterize the models' performance, we 

conducted an exploratory item difficulty analysis to identify which 

mental states were systematically easier or more difficult for the 

MLLMs to recognize.
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Figure 1 | An illustration of the ChatGPT-4o interface for the 

RMET.

All MLLMs were prompted with the original test prompt: “For each 

set of eyes, choose and circle which word best describes what the 

person in the picture is thinking or feeling.  You may feel that more 

than one word is applicable but please choose just one word, the 

word which you consider to be most suitable.  Before making your 

choice, make sure that you have read all 4 words.  You should try to 

do the task as quickly as possible, but you will not be timed.  If you 

really don’t know what a word means you can look it up in the 

definition handout". Abbreviations: MLLM, multimodal large 

language models.

Table 1 | Performance comparison and statistical analysis of 

MLLM models on emotion recognition tasks. 
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LLMs
RMET First 
Administrat

ion

RMET 
Second 

Administrat
ion

B-RMET 
First 

Administrat
ion

B-RMET 
Second 

Administrat
ion

K-REMT 
First 

Administrat
ion

K-REMT 
Second 

Administrat
ion

ChatGP
T-4

 *18
(h = 0.524,
RD = 0.25)

**25
(h = 0.923,

RD = 
0.444)

**25
(h = 0.923,

RD = 
0.444)

**25
(h = 0.923,

RD = 
0.444)

**25
(h = 0.923,

RD = 
0.444)

**22
(h = 0.748,

RD = 
0.361)

ChatGP
T-4o

**30
(h = 1.253,

RD = 
0.583)

**30
(h = 1.253,

RD = 
0.583)

**34
(h = 1.619, 

RD = 
0.694)

**34
(h = 1.619, 

RD = 
0.694)

**32
(h = 1.415, 

RD = 
0.639)

**30
(h = 1.253, 

RD = 
0.583)

Claude 
3 Opus

15
(h = 0.356, 

RD = 
0.167)

11
(h = 0.124, 

RD = 
0.056)

*19
(h = 0.579, 

RD = 
0.278)

15
(h = 0.356, 

RD = 
0.167)

17
(h = 0.468, 

RD = 
0.222)

14
(h = 0.3, 

RD = 
0.139)

26.2 ± 3.6 25.92±5.19 26.72 ± 3.38
Human 
Sample (Baron-Cohen and 

colleagues17)
(Handley and 
colleagues18) (Koo and colleagues24)

Statistical significance levels: *p < .05, **p < .001. Effect sizes are 

reported using Cohen's h (h) and Risk Difference (RD). All p-values 

are Bonferroni-corrected for multiple comparisons. The Standard 

Deviations (SD) reported represent between-subject variability in 

the human normative samples, as published in the original 

validation studies. All tests consist of 36 items. The tested models 

include ChatGPT driven by GPT-4 (ChatGPT-4), ChatGPT driven by 

GPT-4o (ChatGPT-4o), and Claude 3 Opus. Abbreviations: RMET = 

Reading the Mind in the Eyes Test; B-RMET = Black Reading the 

Mind in the Eyes Test; K-REMT = Korean Reading the Mind in the 

Eyes Test.
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Table 2 | Performance of MLLMs on RMET versions 

presented as percentiles of human norms.

Model RMET B-RMET K-RMET

ChatGPT-4o 85.00 94.00 90.00

ChatGPT-4 9.60 43.00 17.00

Claude 3 Opus 0.01 4.00 0.04

The table displays the performance of each model as a percentile 

rank compared to human normative data for each version of the 

test. RMET = Reading the Mind in the Eyes Test (White version); B-

RMET = Black version of the RMET; K-RMET = Korean version of 

the RMET.
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Table 3 | Item difficulty analysis for MLLMs.

Most 
Difficult 
Items

Aggregated 
Error Rate 
(%)

Claude 
3 Opus 
(%)

ChatGPT-
4 (%)

ChatGPT-
4o (%)

Nervous 83.3 100.0 100.0 66.7

Fantasizing 61.1 91.7 91.7 0.0

Playful 61.1 100.0 66.7 16.7

Friendly 55.6 100.0 66.7 16.7

Insisting 55.6 100.0 33.3 33.3

Flirtatious 50.0 83.3 50.0 16.7

Defiant 50.0 16.7 83.3 50.0

Distrustful 50.0 100.0 16.7 33.3

Interested 50.0 66.7 50.0 33.3

Cautious 44.4 58.3 50.0 25.0

Least 
Difficult 
Items

Aggregated 
Error Rate 
(%)

Claude 
3 Opus 
(%)

ChatGPT-
4 (%)

ChatGPT-
4o (%)

Contemplative 0.0 0.0 0.0 0.0

Uneasy 0.0 0.0 0.0 0.0

Worried 0.0 0.0 0.0 0.0

Concerned 11.1 33.3 0.0 0.0

Doubtful 11.1 33.3 0.0 0.0

Suspicious 11.1 33.3 0.0 0.0

Reflective 16.7 50.0 0.0 0.0

Serious 16.7 50.0 0.0 0.0

Pensive 16.7 50.0 0.0 0.0

Despondent 22.2 0.0 50.0 16.7

The table displays the error rates for the ten most difficult and ten 

least difficult items, aggregated and broken down by each MLLM.
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