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Katja Schlegel 1,2 , Nils R. Sommer 1 & Marcello Mortillaro 3

Large Language Models (LLMs) demonstrate expertise across diverse domains, yet their capacity for
emotional intelligence remains uncertain. This research examined whether LLMs can solve and
generate performance-based emotional intelligence tests. Results showed that ChatGPT-4,
ChatGPT-o1, Gemini 1.5 flash, Copilot 365, Claude 3.5 Haiku, and DeepSeek V3 outperformed
humans on five standard emotional intelligence tests, achieving an average accuracy of 81%,
compared to the 56% human average reported in the original validation studies. In a second step,
ChatGPT-4 generated new test items for each emotional intelligence test. These new versions and the
original tests were administered to human participants across five studies (total N = 467). Overall,
original and ChatGPT-generated tests demonstrated statistically equivalent test difficulty. Perceived
item clarity and realism, item content diversity, internal consistency, correlations with a vocabulary
test, and correlations with an external ability emotional intelligence test were not statistically
equivalent between original andChatGPT-generated tests. However, all differenceswere smaller than
Cohen’s d ± 0.25, and none of the 95%confidence interval boundaries exceeded amedium effect size
(d ± 0.50). Additionally, original and ChatGPT-generated tests were strongly correlated (r = 0.46).
These findings suggest that LLMs can generate responses that are consistent with accurate
knowledge about human emotions and their regulation.

Emotions are crucial for forming and maintaining social bonds, and
effectively communicating them is vital for achieving positive outcomes in
individuals and groups1. Thus, individuals with strong skills in recognizing,
understanding, expressing, and responding to emotions (often summarized
under the term ability emotional intelligence or ability EI2) often achieve
better outcomes across different life domains, such as the workplace. For
example, individuals with higher knowledge about emotions and emotion
regulation strategies are perceived as warmer and more competent during
workplace conflicts3. Conversely, poor emotional communication and
management can lead to adverse outcomes, including loss of social support,
impaired mental health, and group disintegration1.

Based on such findings, the field of affective computing has set out to
embed ability EI into machines and applications like chatbots and virtual
assistants in order to enhance socio-emotional outcomes among their users.
Since Rosalind Picard’s seminal work in the late 1990s4, affective computing
and robotics havemade remarkable progress, propelled by advancements in
machine learning, neural networks, natural language processing, and other
subdomains within artificial intelligence (AI). For example, automatic

emotion recognition fromvideo, audio, and text is nowon parwith human-
level accuracy, evenwith naturalistic stimuli5, and numerous applications to
improve socio-emotional outcomes in healthcare, education, workplace,
and other domains have been developed (for a review, see6). These include,
for instance, socially assistive robots providing companionship and
support7, conversational agents enhancing the learning process in online
educational settings by adapting to the emotional states of the learners8, and
tools that advise managers on how to improve workplace morale and
productivity based on employee mood and well-being obtained from con-
versational surveys9.

Despite these advances, however, the scope of many affective AI
applications remains relatively narrow, with conversational agents often
being limited to specific topics and lacking the ability to learn from and
adapt to individual users6,7. To overcome these limitations, researchers
have argued that the currently relatively independent subfields of affective
computing—emotion recognition, generation, and application—need to be
unified and more seamlessly integrated into AI systems to enable a more
general affective AI that is applicable beyond isolated use cases5.
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The recent rise of generative AI, particularly Large Language Models
(LLMs) that power conversational agents like ChatGPT, may represent the
critical advancement for achieving the goal of a general affective AI. These
models exhibit human-like linguistic behavior, enabling real-time, sophis-
ticated written conversations on any topic, making them promising can-
didates for artificial general intelligence (AGI) systems10. This development
has opened up many exciting possibilities but also challenges, putting us at
the outset of a “Brave new AI era”11–14. Importantly, state-of-the-art LLMs
appear to generate responses consistent with knowledge of psychological
concepts like personality, theory ofmind, emotions, or empathy, despite not
being explicitly trained with scientifically-based knowledge on these
concepts15–17. As a result, ChatGPT (version 3.5), for example, responded to
patients’ medical questions in an online forum in a way that was rated
significantly higher for both quality and empathy than human physicians18.

The advent of widely accessible LLMs has sparked a lively debate about
the scopes and limits of LLM-powered agents’ human-like psychological
capacities, such as whether ChatGPT and similar agents can truly convey
empathy10,19,20. While this debate is important, especially regarding user
acceptance of conversational agents or robots, a more fundamental and
pragmatic question is how much LLMs’ responses are consistent with
accurate reasoning about emotions, their causes, consequences, associated
expressions, and adaptive emotion regulation strategies.We argue that such
reasoning, encapsulated in the construct of ability EI (e.g. refs. 2,21) and
sometimes referred to as cognitive empathy20, is a prerequisite for LLMs to
be perceived as emotionally intelligent or empathic agents in settings such
as healthcare, education, customer service, and other affect-laden interac-
tions. Put differently, if LLMs fail to perform emotionally intelligent beha-
viors or tasks, they may lack the necessary prerequisites to achieve positive
social outcomes or prevent detrimental ones in socio-emotional
applications.

One straightforward way to address this question is to ask LLMs to
solve performance-based tests from the realm of ability EI designed to
measure such knowledge and abilities in humans and to compare LLMs’
performance to human performance. In a study with an early version of
ChatGPT(3.5),ChatGPTscoredhigher than the averagehumanpopulation
on the Levels of Emotional Awareness Scale (LEAS)22, in which test-takers
are asked to write about how fictional characters in vignettes would likely
feel23. This result suggested a more complex and nuanced processing of the
vignettes and their emotional implications by ChatGPT compared to
humans.

In the first part of the present research, we extend this promising early
finding to a larger number of EI competencies, tests, and LLMs. Specifically,
we compared the scores obtainedbyChatGPT-4,ChatGPT-o1,Copilot 365,
Claude 3.5 Haiku, DeepSeek V3, and Gemini 1.5 flash on five published
ability EI tests to the average performance of human test-takers from the
original validation studies. Two of the tests measure understanding of
emotions and their causes and consequences by presenting vignettes
describing emotional situations and asking test-takers to infer the most
likely emotion or blend of emotions that the character in the scenario was
feeling (Situational Test of Emotion Understanding, STEU24; Geneva
EMOtion Knowledge Test, GEMOK-Blends25). The other three tests mea-
sure knowledge about the most appropriate course of action to regulate
either one’s own emotions (Geneva Emotional Competence Test, GECo—
Emotion Regulation subtest26) or another person’s emotions (GECo—
EmotionManagement subtest26; Situational Test of EmotionManagement,
STEM24). While all five tests use a situational judgment format with correct
and incorrect response options, they differ substantially in scenario struc-
ture, setting (workplace or general life), complexity, length, and emotions
included. This variety allows for more general conclusions about LLM’s
ability EI performance (see method section for details and example items in
the supplementary material). Given the results in Elyoseph and colleagues’
study23 as well as results regarding related competencies such as Theory of
Mind (e.g., false-belief tasks10), we expected all LLMs to generate sig-
nificantly higher scores than the average of the human validation samples of
each test.

In the second part of this research, we used ChatGPT-4 to create a new
set of items (i.e., new scenarios and response options) for each of the five
tests. We compared the psychometric quality of the ChatGPT-created test
versions to that of the original tests through five studies conducted on
Prolific. In each study, one of the new test versions (e.g., the ChatGPT-
created version of the STEM) was administered alongside the original test
version (e.g., the STEM), a vocabulary test to measure crystallized intelli-
gence, and another ability EI test (e.g., the GECo Emotion Management
subtest) to assess construct validity. Participants also rated the clarity, rea-
lism, and item content diversity for each new and original test version.

Compared to assessing LLMs’ accuracy in solving ability EI test items,
this part of the research aimed to more rigorously test the idea that
ChatGPT-4, as one of themostwidely used LLMs, is proficient at generating
responses that demonstrate accurate knowledge about the structure and
components of emotions and how they can be adaptively regulated in
oneself and others. Because several studies have found the quality and
believability of texts written by ChatGPT (in the context of simulating
certain personality traits or cognitive abilities) to be satisfactory27–29, we
expected theChatGPT-4-created test versions in our study to exhibit similar
psychometric properties as the original test versions. Specifically, we
expected that, across the five studies, original and ChatGPT-generated tests
would show at most small differences in terms of test difficulty, internal
consistency (Cronbach’s alpha and average item-total correlations), ratings
of clarity, realism, and item diversity, and their average correlation with
crystallized intelligence and a different ability EI test.

Methods
Emotional intelligence tests
Situational Test of Emotion Management (STEM)24. The STEM con-
sists of 44 short (2–3 sentences) vignettes that each describe a fictional
person experiencing a negative emotional situation (broadly reflecting
anger, sadness, fear, or disgust) atwork or in personal life. Participants are
then asked to choose which of four actions would be themost effective for
the person. The actions reflect six emotion regulation strategies (no
regulation, situation selection, situation modification, attentional
deployment, cognitive change, response modulation).

An example item is:
“Surbhi starts a new job where he doesn’t know anyone and finds that

no one is particularly friendly. What action would be the most effective for
Surbhi? (a)Have funwithhis friends outside ofwork hours. (b)Concentrate
ondoinghisworkwell at thenew job. (c)Make aneffort to talk topeople and
be friendly himself. (d) Leave the job and find one with a better
environment.”

The full item list is available at https://doi.org/10.1037/a0012746.supp.
Correct responses were defined by experts and responses were scored as 0
(incorrect) or 1 (correct) and aggregated into a total score reflecting the
proportion of correct answers (possible range 0–1). The STEM was vali-
dated using a sample of 112 undergraduate students inAustralia (Study 124).
This sample was a subset of the STEU validation sample (N = 200)
described below.

Situational Test of Emotion Understanding (STEU)24. The STEU
consists of 42 vignettes (2–3 sentences each). In 36 items, the vignettes
describe a concrete or abstract situation and participants choose which
out of five emotionwords best describes what the person involved ismost
likely to feel. An example item is: “Asupervisor who is unpleasant towork
for leaves Alfonso’s work. Alfonso is most likely to feel? (a) Joy, (b) Hope,
(c) Regret, (d) Relief, (e) Sadness”.

In the remaining six items, an emotion is presented and participants
choose what most likely happened to cause that emotion; for example:
“Quan and his wife are talking about what happened to them that day.
Somethinghappened that causedQuan to feel surprised.What ismost likely
to have happened? (a) His wife talked a lot, which did not usually happen.
(b) His wife talked about things that were different to what they usually
discussed. (c) His wife told him that shemight have some bad news. (d) His
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wife toldQuan some news that was not what he thought it would be. (e) His
wife told a funny story.” The full item list is available at https://doi.org/10.
1037/a0012746.supp.

Correct answers were defined based on the emotion-specific appraisal
patterns defined by appraisal theory30. Items were scored as correct or
incorrect and aggregated into a total score reflecting the proportion of
correct responses. The STEU was validated in a sample of 200 under-
graduate students in Australia (68% women, age M= 21.1, SD = 5.6;
Study 124).

Geneva EMOtion Knowledge Test—Blends (GEMOK-B)25. The
GEMOKBlends consists of 20 vignettes (each about 100–140words long)
in which a fictional person experiences a situation characterized by two
consecutive or blended emotions. The descriptions contain cues repre-
senting five emotion components (appraisals, feeling, action tendencies,
expression, and physiology31). Based on these cues, participants are asked
to infer which two emotion words best describe what the target person
was feeling in the situation.

An example item is:
“Rachel is going to a concert of her favorite band with her best friends.

Even before the concert starts, Rachel feels like singing and dancing. She
chats and laughswithher friends, and enjoys the atmosphere.When the lead
singerfinally comeson stage and singsRachel’s favorite song, herheart starts
to beat faster. Rachel closes her eyes so she can get totally absorbed in this
moment. She wishes it could last forever. Which of the following emotions
describe best what Rachel was experiencing during this episode? (a) Hap-
piness and pleasure, (b) Joy and happiness, (c) Joy and pride, (d) pleasure
and interest, (e) joy and sadness.” The full item list is available at https://
www.tandfonline.com/doi/suppl/10.1080/02699931.2017.1414687.

Correct answers were defined based on theoretically and empirically
derived cue patterns for each emotion32. The GEMOK-Blends total score
reflects the proportion of correct responses. The final version of the test was
validated in 180 English-speaking MTurk workers (50% women; age
M= 35.70, SD = 11.40).

Geneva Emotional Competence Test in theworkplace (GECo)26. The
GECo consists of four subtests that measure emotion recognition ability
from nonverbal cues, emotion understanding, emotion regulation in
oneself, and emotion management in others. In the present study, only
the latter two were used. The Emotion Regulation subtest consists of 28
vignettes (about four sentences each) describing situations in the work-
place in which the test-taker is feeling a certain emotion. Participants are
asked to choose two out of the four response options that best reflect what
they would think in this situation. Two of the options correspond to
adaptive emotion regulation strategies (acceptance, positive refocusing,
focusing on planning, putting into perspective, or reappraisal), and two
options correspond to maladaptive emotion regulation strategies (cata-
strophizing, rumination, self-blame, or other-blame33).

An example item of the GECo Regulation subtest is:
You successfully completed a very important project that took a lot of

your time. When you return to your daily business, your boss tells you that
he is unhappy that you neglected your other projects. You are very irritated
about the lack of acknowledgement by your boss. What do you think? (a)
You think that you should have been better organized and have worked on
all the projects at the same time. (b) You think that you have to accept that
bosses arenever fully satisfied. (c)You thinkabout the verypositive feedback
from the client forwhomyou completed the project. (d)You think that your
boss is always unfair to you and that you should consider quitting if it
continues.

Participants received zero points if they chose the two maladaptive
options, 0.5 points if they chose one adaptive and one maladaptive option,
and one point if they chose both adaptive options. These points are aggre-
gated into a total score ranging from 0 to 1.

The Emotion Management subtest consists of 20 vignettes (about
4 sentences each) in which another person (colleague, client etc.)

experiences an emotion and participants are asked to choose, out of five
courses of action, what they wouldmost likely do. The five response options
represent conflict management styles: accommodation, collaboration,
compromise, competing, and avoidance34.

An example item of the GECo Management subtest is:
“Your colleague with whom you get along very well tells you that he is

getting dismissed and that you will be taking over his projects. While he is
telling you thenewshe starts crying.He is very sad anddesperate.Youhave a
meeting coming up in 10min. What do you do? (a) You take some time to
listen to him until you get the impression he calmed down a bit, at risk of
being late for yourmeeting; (b) You cancel yourmeeting, have a coffee with
himand say thathehas every right tobe sadanddesperate.Youask if there is
anything you can do for him; (c) You tell him that you are sorry, but that
your meeting is extremely important. You say that youmay find some time
another day this week to talk about it; (d) You suggest that he joins you for
your meeting with your supervisor so that you can plan the transfer period
together; (e) You cancel your meeting and offer him to start discussing the
transfer of his projects immediately.”

Correct responses are defined based on conflict management theory34

which specifies the contextual factors under which each of the five strategies
is themost appropriate one. Each strategy is the correct option in four of the
20 items. Correct responses are aggregated into a total score ranging from 0
to 1. The GECo Regulation and Management subtests were validated with
English-speaking undergraduate students and university staff members
(55% women; ageM = 22.3, SD = 3.2; Study 226).

Assessing ChatGPT’s performance in solving EI test items
To test the assumption that LLMs would outperform humans in solving EI
test items, ChatGPT-4, ChatGPT-o1, Gemini 1.5 flash, Copilot 365,
DeepSeek V3, and Claude 3.5 Haiku were asked to solve the items of the
STEM, STEU, GEMOKBlends, GECo Regulation and GECoManagement
subtests in December 2024 and January 2025. The LLMs received the ori-
ginal test instructions (i.e., to choose the correct response option) as well as
all items thatfit within the character limit (e.g., 10,000 characters forCopilot
365). The remaining items were inserted in separate prompts. Separate
conversationswereused for each test. EachLLMwasprompted to solve each
test 10 times in separate conversations. The number of correct responses for
each test and trial was recorded, and for each LLM, the mean score and
standard deviation across the 10 trials per test were computed. Mean scores
across all six LLMs for each testwere compared to themean scoresof human
respondents obtained from the publications of the original validation stu-
dies using independent samples t tests. We preregistered the procedure for
prompting ChatGPT-4 to solve each test once and comparing its perfor-
mance with the human validation samples (link to preregistration: https://
osf.io/mgqre/registrations).However,wedidnot preregister includingother
LLMs or to prompt each LLM 10 times (i.e., conducting ten trials).

Assessing ChatGPT’s performance in creating EI test items
Item generation with ChatGPT-4 and comparison with original
item sets. The first of the 10 trials of ChatGPT-4 in solving the five tests
was used as a basis for item generation. First, for those items that were not
correctly solved, we provided ChatGPT-4 with the correct answers.
Second, we instructed ChatGPT-4 to generate the same number of new
items and define their correct answers based on the items it had just
solved (except for the STEMand STEU,whereChatGPT-4was prompted
to generate 18 and 19 items, respectively, akin to their validated short
versions STEM-B and STEU-B24). Importantly, we attempted to have all
new items created with just one prompt. Prompts were engineered in an
iterative fashion based on an inspection of the answers provided by
ChatGPT. The prompt for a given test was considered final when the
generated items fulfilled the same formal criteria as the original test items
(e.g., contained the desired strategies in the response options, the same
emotions in the vignettes, etc.). The final prompts used for item gen-
eration, as well as the generated items, are provided in the Supplementary
Material (Supplementary Notes 1 and 2).
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Similarity rating study. This study (not preregistered) examined the
degree of similarity between the original and ChatGPT-created test items
for each of the five tests. Specifically, we aimed to test if some of the
ChatGPT-created items were merely paraphrased versions of an original
test item, which would challenge the idea that ChatGPT-4 is able to
generate responses demonstrating accurate knowledge about emotional
situations. To this end, 434 Prolific participants rated the similarity
between all combinations of original and ChatGPT-created scenarios
(i.e., the items without the response options) for each of the five tests
(STEU, STEM, GEMOK, GECo Regulation, GECO Management). Par-
ticipants were based in either the UK or theUS and had indicated English
as their first language. Gender and age were self-reported by participants
(182 men, 243 women, 9 individuals with other gender identity; age
M = 38.5 years, SD = 12.7 years).

For eachof thefive tests, parcels of about 50 randomly selected scenario
pairs (each containing one original test item scenario and one ChatGPT-
created itemscenario)were created. For example, for the STEM, therewere a
total of 792 scenario pairs to be rated (44 original STEM items * 18
ChatGPT-created STEM items), which were randomly divided into 16
parcels of 49 or 50 scenario pairs. Across the five tests, a total of 3174 sce-
nario pairs (divided into 64 parcels) were rated. Besides the scenario com-
binations, each parcel also contained three attention-check scenario pairs
thatwere paraphrased versions of eachother, the idea being that they should
be rated as highly similar (i.e., with a 6 or 7). For example, one such
attention-check scenario pair for the STEMwas (1)Reece’s friendpoints out
that her young children seem to be developing more quickly than Reece’s.
Reece sees that this is true. [Original STEM scenario], (2) Rosie’s friend
observes that her young children appear to be developing faster thanRosie’s,
and Rosie realizes this is accurate. [Paraphrased STEM scenario].

Participants were randomly assigned to rate one of the parcels (i.e.,
containing about 50 scenario pairs plus 3 attention checkpairs) and received
the following instructions:

“You will now see pairs of scenarios describing emotional situations.
Please rate how different or similar each pair of scenarios is, on a 7-point
scale from “very different” to “very similar”. For the purpose of this study,
“very similar” scenarios are situations that are almost identical, but are
described using different words and/or names.

Here is an example of two scenarios that we consider “very similar”:
•Naya volunteers at an animal shelter and carefully plans her schedule

each week. One morning, she arrives to discover her assigned tasks have
been completely changed without any prior notice.

•Niya works at an animal shelter, organizing her schedule in advance
each week. When she arrives one morning, she finds out her tasks were
reassigned without her being informed.

In contrast, below is an example of two scenarios thatwe consider “very
different”:

• Riley ordered a new laptop for an important project, but it arrived
damaged. Despite multiple calls to customer service, no resolution has been
offered.

• At a big meeting, Malik accidentally projected a personal email
instead of his presentation. He quickly tried to hide it, but everyone had
already noticed.”

On the next page, participants were asked to describe their task in the
study using their ownwords in 1–2 sentences, before completing the ratings
for all scenario pairs in their parcel.Depending on the duration of the survey
(e.g., the GEMOK parcels took longer to read than the STEM parcels;
average durationper survey 11–17min), theywere paid between 2CHFand
2.50CHF for their participation. Participants who did not correctly respond
to the attention check items (i.e., did not rate all three attention check
scenario pairs with 6 or 7) or wrote a nonsensical text when describing their
task were excluded and are not part of the N of 434 described above. The
study procedure resulted in 6 to 8 ratings for each scenario pair across allfive
tests. The average ratings for each scenario pair are provided in Supple-
mentary Tables 1–8, with all pairs that received a rating of 5.0 and higher
highlighted in blue. The raw data files can be accessed in the supplementary

data folder in “data and analysis scripts” on OSF: https://osf.io/mgqre/files/
osfstorage.

For each ChatGPT-created scenario (20 for GEMOK, 20 for GECo
Emotion Management, 28 for GECo Regulation, 19 for STEU, and 18 for
STEM, totaling 105 scenarios), we identified the original test scenario with
the highest perceived similarity. For example, for item1 from theChatGPT-
created STEU, the most similar original scenario was scenario 36, with a
similarity rating of 4.4 (see column 1 in Supplementary Table 2). Table 1
presents the distribution of these highest similarity ratings across the 105
ChatGPT-created scenarios.

The numbers of scenarios created by ChatGPT that received a simi-
larity rating of 5 or higher with at least one of the original scenarios were as
follows: (1) STEU: 2 out of 19 scenarios, (2) STEM: 5 out of 18 scenarios, (3)
GEMOK: 1 out of 20 scenarios, (4) GECo Regulation: 5 out of 28 scenarios,
(5) GECoManagement: 0 out of 20 scenarios. Overall, participants did not
perceive a high level of similarity to any original test scenario in 88%of these
newly created scenarios, while 12% of the scenarios created by ChatGPT
across the five tests received a similarity rating of 5 or higher.

Table 2 shows the scenario texts for all scenario pairs with a similarity
rating of 5.0 and higher. For the STEU, one of the original scenarios
describes the appraisal structure for pride in an abstract way (“By their own
actions, a person reaches a goal theywanted to reach”), while twoChatGPT-
created scenarios present concrete situations in which a target person
experiences eitherpride or satisfaction after achieving something (creating a
piece of art, being rewarded for volunteer work).

For the STEM, one ChatGPT-generated item illustrates that an indi-
vidual feels lonely after their colleague transfers to another companybranch,
and three scenarios fromtheoriginal STEMalsodepict changes in aperson’s
work context (e.g., losing touch with a former colleague). However, none of
the original STEM scenariosmentions or describes loneliness. Additionally,
two pairs of scenarios flagged as similar involve feelings of nervousness or
fear in a job setting, though the specific situations differ (e.g., feeling nervous
as an actor versus fearing to lead a team meeting). A similar pattern was
observed in another two pairs of scenarios that revolve around comparable
topics and/or emotions (two scenarios pertain to washing dishes/the
kitchen, while two scenarios relate to the fear of flying, but the specific
details vary).

For the GEMOK, the flagged scenario pair involves a similar setting (a
target person watching their child’s performance), but the development of
the situation and the target emotions are distinctly different (joy/pride vs.
sadness/pride). Lastly, in the GECo Regulation subtest, one newly created
scenario and two original scenarios share a similar setting (obstacles to
meeting a deadline), but the target emotions and described circumstances
vary (e.g., anxiety vs. annoyance). Likewise, for the remaining four scenario
pairs, while the settings are similar (starting a new job, facing pushback/
criticism at work, not receiving a promotion), the target emotions and/or
specific circumstances differ (e.g., sadness vs. worry vs. irritation).

Overall, as shown in Table 2, the scenario pairs perceived as similar
relate to comparable settings or topics, yet they still exhibit distinct

Table1 |Distributionof highest similarity ratings foreachof the
105 ChatGPT-generated scenarios

Highest similarity
rating

Frequency % Cumulative %

1.0 – 2.0 1 1.0 1.0

2.1 – 3.0 23 21.9 22.9

3.1 – 4.0 36 34.3 57.1

4.1 – 5.0 32 30.5 87.6

5.1 – 6.0 9 8.6 96.2

6.1 – 7.0 4 3.8 100.0

For each newly generated scenario, the value included in the Table represents the highest similarity
rating observed across all comparisons with original test scenarios.

https://doi.org/10.1038/s44271-025-00258-x Article

Communications Psychology |            (2025) 3:80 4

https://osf.io/mgqre/files/osfstorage
https://osf.io/mgqre/files/osfstorage
www.nature.com/commspsychol


differences in the specific situations described and/or in the emotions tar-
geted. Therefore, we can conclude that ChatGPT-4 did not simply para-
phrase the original test items when asked to create new scenarios and
response options.

General procedure of psychometric validation studies. For each of
the five tests, a separate online study was conducted on Prolific.com,
where participants completed both the original test and the ChatGPT-
generated version. For example, one study involved participants com-
pleting the original GEMOK-Blends and theChatGPT-createdGEMOK-
Blends, while another study had a different sample complete the original
STEU-B and the ChatGPT-generated STEU-B, and so on. Each sample
also provided ratings of clarity and realism for both test versions, com-
pleted a card-sorting task, and took a vocabulary/crystallized intelligence
test, as well as an additional test measuring the same EI dimension as the
focal test (in the STEM-B study: GECo Management; in the STEU-B
study: GEMOK Blends; in the GEMOK Blends study: STEU-B; in the
GECo Regulation study: STEM-B; in the GECo Management study:
STEM-B). The order of presentation for the original and ChatGPT-
generated test versions, along with the associated clarity and realism
ratings and the card-sorting task, was randomized. These were followed
by the vocabulary test and the other EI test, which were always presented
in this fixed order. Participants were not informed that one of the test
versions had been generated by ChatGPT, and no references to LLMs or
AI were made throughout the study. The studies were preregistered in
October 2023 for the STEU, GECo Regulation, and GECo Management
samples (https://osf.io/mgqre/registrations). The studies were approved
by the ethics committee of the Faculty of Human Sciences at the first
author’s university (ID 20230803). Participants provided informed
consent at the beginning of the study, and all relevant ethical regulations
were followed.

Samples. All participants were native English speakers from the United
States and UK recruited through Prolific.com with a generic description
(“You will rate emotional situations on various criteria and complete a
range of psychological questionnaires.”) that did not refer to LLMs, AI, or
emotional intelligence to reduce self-selection effects for participants.
Participants were prevented from participating in more than one of the
five studies, and participants were different from those recruited for the
similarity rating study described earlier. The Ns, number of excluded
participants (outliers), and demographic characteristics for each of the
five samples are provided in Table 3. Participants self-reported their age,
gender, highest level of education and their ethnicity (available in the data
files). Past or current clinical diagnoses were not measured. Participants
were excluded if they completed the survey in less than 15 min, scored
3 standard deviations or more below the mean on any of the included
tests, or incorrectly responded to both attention-check items in the
StuVoc (see below). Participants were paid based on study duration with
an average compensation of £9 per hour.

Instruments. For GEMOK Blends, GECo Regulation, and GECo Man-
agement, see descriptions above. For STEU and STEM, the short forms
STEU-B (19 items)35 and STEM-B (18 items)36 were used to reduce test-
taking time. In the GEMOK Blends ChatGPT version, one item was
presented to participants with the wrong response options and was
therefore excluded from analyses, resulting in 19 items instead of 20.

After responding to each item of the original and ChatGPT-created
tests, participants answered the following questions: “How plausible / rea-
listic is this situation (including the response options)?” (Slider from
0 = “extremely implausible/ unrealistic” to 100 = “extremely plausible/
realistic”) and “How clear is this situation (including the response options)?
(Slider from 0 = “extremely unclear/ confusing” to 100 = “extremely clear/
unambiguous”). The values on each of these questions were averaged across
all items of the respective test version to form overall measures of realism
and clarity.

After completing both test versions (original/ ChatGPT-generated),
participants were presented with a list of all vignettes in that test (i.e., the
original or the ChatGPT-created version) and read the following instruc-
tions (“card sorting task”): “Now the emotional situations you have just
worked on are presented to you again. The situations are stacked on the left
side of the screen. Please categorize the situations according to their content,
putting similar situations together in one “pile”. Create “piles” by dragging
each situation into the boxes on the right. You can create up to 12 piles/
categories. Longer texts are abbreviatedwith “…”. Please hover over the text
with yourmouse to read the full situation before deciding what “pile” to put
it on. Create as few piles as possible, but as many as seem right to you.” The
average number of piles created was used as an index of diversity of the
scenarios/ vignettes. A smaller number of piles created by participants
indicates that the vignettes are more similar in content, whereas a higher
number of piles indicatesmore variety and diversity of situations covered in
the vignettes. Due to an error (24 piles were provided instead of 12), for the
GECo Emotion Regulation subtest (original version), 10 participants who
had createdmore than 12 piles were excludedwhen calculating the number
of categories, yielding N = 85 for the category score.

Participants also completed a short version of the StuVoc1 vocabu-
lary test37 which taps into crystallized intelligence. In this test, participants
are presented with words and example sentences containing the word and
are asked to choose which out of four options correctly describes the
meaning of each word in the corresponding sentence. One example item
is: “What is the meaning of the word ROUBLE? “He had a lot of ROU-
BLES.” (a) Russian money, (b) very valuable red stones, (c) distant
members of his family, (d) moral or other difficulties in the mind”. Based
on the item difficulties and item discrimination indices of the 50 StuVoc1
items37, we created a 20-item short versionby selecting itemswith an item-
total-correlation above r = 0.29, sorting these items by item difficulty, and
choosing every other item in this list. The reliability of the 20-item version
was good, with Cronbach’s alphas ranging from 0.70 to 0.84 (mean alpha
across thefive studies = 0.80). In addition to the 20 items, we administered
two easy items of the same format recommended by Vermeiren and
colleagues as attention check items37.

Power analysis. A priori power analyses were conducted with
G*Power38 to determine the necessary sample size for each of the five
studies (one study per EI test). For mean comparisons (test scores, clarity
and realism ratings, and card-sorting categories), we set a medium effect
size (d = 0.50), and for correlations (test relationships with intelligence
and another EI test), we used r = 0.30, corresponding to guidelines for
moderate effects39. Power was set at 0.80, with α = 0.05. The power
analysis indicated that the required sample size per study was N = 34 for
mean comparisons and N = 82 for correlation analyses. We selected
medium effect sizes for the individual studies because we planned to
assess the main hypotheses regarding the similarity of the original and
ChatGPT-generated EI tests based on the aggregated results across the
five studies, where the combined sample sizewould be sufficiently large to
detect smaller effects.

For the combined sample (N = 467), we conducted power analyses for
equivalence tests using the TOSTER R package40. For the analysis of mean
differences in test scores, clarity and realism ratings, and the number of
categories in the card-sorting task, we predefined a smallest effect size of
interest (SESOI) of d = ± 0.20, corresponding to a small effect size39. While
wewere unable to identify prior studies establishing ameaningful difference
for thesemeasures, we consideredadifference of ~0.20 SD tobe aminimally
noticeable effect in test validation contexts. A power analysis using the
power_t_TOST function showed that the combined sample (N = 467)
had 99.2% power to detect equivalence within the bounds of
d = ±0.20 (α = 0.05).

For the comparison of correlations (examining whether the original
andGPT-generated tests differed in their relationshipswith intelligence and
another ability EI test), we predefined a SESOI of r = ± 0.15. This threshold
was based on ameta-analysis41 which reported 95% confidence intervals for
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correlations between intelligence and different ability EI branches, ranging
in width from r = 0.08 to r = 0.35 (Table 241).We adopted the average width
of these confidence intervals (r = 0.15) as the SESOI, as differences smaller
than ±0.15 would be within the range of expected variability in EI-
intelligence correlations. A power analysis using the power_z_cor function
showed that the combined sample (N = 467) had 89.3% power to detect
equivalencewithin these bounds (α = 0.05). Given this sufficient power, and
in the absence of prior literature guiding the choice of a SESOI for item-total
correlations, we applied the same SESOI (r = ±0.15) for comparing the
average item-total correlations between the original and ChatGPT-
generated test versions.

Results
Assessing LLM performance in solving EI test items
As shown in Table 4, as expected, all tested LLMs achieved a higher pro-
portionof correct responses across allfive tests compared to themean scores
of the human validation samples published by the original test authors
(mean accuracy across all LLMs was 81% versus 56% among the human
samples). Notably, all LLMs performed more than one standard deviation
above the humanmean,withChatGPT-o1 andDeepSeekV3 exceeding two
standard deviations above the human mean. The LLMs also exceeded
human performance in each of the five EI tests individually, with large effect
sizes (see Table 5).

There was substantial agreement among the six LLMs, with the
Intraclass Correlation (ICC) across all 105 test items being.88. To further
examine similarities and differences between human test takers and the six
LLMswhen solving thefive EI tests, we calculated correlations across all 105
test items between the proportions of correct responses in the human
samples (i.e., the mean scores on each item) and the proportions of correct
responses among the six LLMs (not preregistered). The datafile for this
calculation is called “comparison_humans_llm_osf.xlsx” and can be
accessed in the supplementary data folder in “data and analysis scripts” on
OSF: https://osf.io/mgqre/files/osfstorage. Across the 105 items, the corre-
lation between human and LLM scores was r = 0.46, indicating that items
with higher proportions of correct responses among humans (i.e., easier
items) were also more frequently solved correctly by the LLMs. Detailed
item-level comparisons are described in the SupplementaryNotes 5 (p. 59of
the supplementary material).

Assessing ChatGPT’s performance in creating EI test items
To evaluatewhether LLMs generate test itemswithpsychometric properties
comparable to existing ability EI tests, we proceeded in four steps: First, we
performed t tests on the pooled data across the five separate studies
(N = 467) for test difficulty (proportion of correctly solved items by the
human sample), clarity and realism ratings, and item content diversity
(measured as the average number of categories in which participants sorted
the item scenarios fromeach test version), conducted using SPSS version 27,
as well as multilevel meta-analyses for internal consistency and construct
validity (correlations with the vocabulary test and the other ability EI test
included in each study) conducted in R version 4.4.1. Because the assessed
outcome variables captured largely independent constructs (e.g., test diffi-
culty was unrelated to clarity ratings), and because the hypotheses for all
variables were preregistered, no correction for multiple comparisons was
applied. Second,when resultswerenot statistically significant,weperformed
equivalence tests using the Two One-Sided Tests (TOST) procedure
implemented in the TOSTER package in R40 to examine whether original
and ChatGPT-created tests were statistically equivalent regarding a given
psychometric characteristic (e.g., in their mean scores). Third, when
equivalence tests were not significant (meaning that statistical equivalence
between original and ChatGPT-created versions could not be established),
we still considered original and ChatGPT-created test versions to be similar
regarding a given psychometric characteristic when the 95%CI of the effect
obtained in the t tests ormeta-analyses was within the range of small effects,
defined as Cohen’s d not or only marginally exceeding ±0.20, or Pearson’s r
not exceeding ±0.15.T
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In the fourth step, we compared the original and ChatGPT-4-created
versionsof each individual test on the sameoutcomevariables: test difficulty,
clarity and realism, item content diversity, Cronbach’s alpha, correlations
with the vocabulary test (StuVoc), and correlations with the other ability EI
test in the study to assess construct validity. For these test-level analyses, p-
values for each outcome variable were corrected for multiple comparisons
using the False Discovery Rate (FDR) correction42. All statistical tests were
two-sided.

Histograms fordifference scores in theproportionof correct responses,
clarity, realism, and number of categories between the original and
ChatGPT-created versions suggest that all difference scores were approxi-
mately normally distributed and had very few extreme outliers; however,
data distribution was not formally tested. Participant gender was not
included in the analyses as it was not expected to affect differences between
original and ChatGPT-created test versions. Item-level analyses, including
mean scores, item-total correlations, clarity, and realism ratings for all
original and ChatGPT-generated items, are provided in the Supplementary
Material (Supplementary Notes 4, pp. 48–58).

For test difficulty (see Table 6), the t test on the pooled dataset was not
significant, t(466) = –1.223, p = 0.222. We then performed an equivalence
testwith the t_TOST function inTOSTER40with apredefined smallest effect
size of interest (SESOI) of d = ± 0.20, corresponding to a small effect size39.
Weconsideredadifferenceof~0.20 SD tobe aminimallynoticeable effect in
test validation contexts. Results indicated that the difference between the
original and GPT-generated test scores was statistically equivalent within
the bounds of d ± 0.20, t(466) = 19.61, p < 0.001. In addition, Cohen’s d in
the t test was very small, with the 95% CI being within our predefined
bounds (d = –0.057 [–0.147; 0.034]). On the level of individual tests, results
showed that the ChatGPT-created versions were significantly easier for the
STEM andGECo Regulation (indexed by higher mean scores), whereas the
original test versions were easier for the GEMOK-Blends and GECo
Management (Table 6).

For clarity ratings (Table 6), the mean difference was not statistically
significant, t(466) = –1.799, p = 0.073, and the equivalence test for a SESOI
of d ± 0.20was not significant either, t(466) = –1.50, p = 0.93, indicating that
we could not conclude that clarity ratings were statistically equivalent
between the original and ChatGPT-created versions. However, Cohen’s d
was very small and the 95% CI was within our predefined boundaries

(–0.083 [–0.174; 0.008]). Results for the individual EI tests indicated that
claritywas rated significantly higher in theChatGPT-created versions for all
tests except the GEMOK Blends.

For realism ratings (Table 7), the mean difference was statistically
significant, t(466) = –2.746, p = 0.006, with ChatGPT-generated tests
obtaining a slightly higher average compared to the original test versions.
Again,Cohen’sdwas very small (–0.127 [–0.218;–0.036]),with the lowerCI
boundary slightly exceeding the predefined boundaries of a small effect. On
the level of individual tests, realism was rated as significantly higher for the
ChatGPT-generated versions of the STEU-B, GECo Regulation, and GECo
Management subtests; and significantly higher for the original version of the
GEMOK Blends.

In the card sorting task (Table 7), participants overall used significantly
more categories when sorting the original scenarios compared to the
ChatGPT-generated scenarios, t(456) = 4.446, p < 0.001, suggesting they
were perceived as more diverse in content. Cohen’s d was small, but the CI
exceeded our predefined boundaries (0.208 [0.115; 0.301]). On the indivi-
dual test level, significant differences were found for the GEMOK Blends,
GECoRegulation, andGECoManagement items, with the original versions
being perceived as more diverse in content.

To compare internal consistency across all tests (Table 8), afixed effects
multilevel meta-analysis was conducted on the Fisher-z-transformed
average item-total correlations of each test, with test type (original vs.
ChatGPT-generated) as a moderator. Average item-total correlations were
used instead of Cronbach’s alpha because alphas cannot be directly meta-
analyzed. The analysis was conducted with the metafor R package with the
restricted maximum likelihood (REML) method in the R package
“metafor”43. QM is the test statistic for the moderator variable “original” vs
“GPT-created” when the intercept is included, and was not significant
(QM = 0.635; df = 1; p = 0.426), indicating that test type did not significantly
moderate the average item-total correlation. An equivalence analysis on the
average item-total correlations (for original tests: r = 0.183; for ChatGPT-
generated tests: r = 0.259) was then conducted with the compare_cor
function in TOSTER; z = –0.071, p = 0.139. The non-significant result
indicated that the two correlations were not statistically equivalent within
the predefined bounds of r ±0.15 (see section on power analysis). The effect
size of the difference was small (d = –0.152 [–0.547; 0.223]), but the CI
exceededourpredefinedboundaries. Regarding individual tests, Cronbach’s

Table 4 | Means and standard deviations of test scores achieved by LLMs

ChatGPT-4 ChatGPT-o1 Copilot 365 Claude 3.5 Haiku Gemini 1.5 flash DeepSeek V3 LLM total

STEM 0.75 (0.03) 0.83 (0.03) 0.79 (0.03) 0.75 (0.06) 0.76 (0.03) 0.80 (0.01) 0.78 (0.05)

STEU 0.72 (0.02) 0.85 (0.01) 0.78 (0.04) 0.77 (0.02) 0.77 (0.04) 0.81 (0.02) 0.78 (0.05)

GEMOK-Blends 0.80 (0.03) 0.87 (0.05) 0.85 (0.03) 0.87 (0.02) 0.83 (0.05) 0.90 (0.00) 0.85 (0.05)

GECo Regulation 0.87 (0.01) 0.89 (0.01) 0.92 (0.02) 0.89 (0.03) 0.78 (0.04) 0.82 (0.02) 0.86 (0.05)

GECo Management 0.82 (0.05) 0.74 (0.03) 0.75 (0.05) 0.68 (0.07) 0.67 (0.03) 0.85 (0.00) 0.75 (0.08)

Mean scores 0.79 (0.02) 0.84 (0.01) 0.82 (0.01) 0.79 (0.03) 0.76 (0.02) 0.84 (0.01) 0.81 (0.03)

For each LLM, the displayed values are the means and standard deviations of 10 independently repeated testing trials. All LLM data was collected in December 2024/ January 2025.

Table 5 | T-tests comparing LLMs and human validation study samples

LLM total Human sample Human validation sample source t test Cohen’s d

STEM 0.78 (0.05) 0.52 (0.07) Study 124; N = 112 t(170) = 25.483, p < 0.001 4.077 [3.544; 4.610]

STEU 0.78 (0.05) 0.60 (0.13) Study 124; N = 200 t(258) = 10.483, p < 0.001 1.543 [1.226: 1.861]

GEMOK-Blends 0.85 (0.05) 0.67 (0.18) Study 225; N = 180 t(238) = 7.639, p < 0.001 1.139 [0.829; 1.448]

GECo Regulation 0.86 (0.05) 0.56 (0.11) Study 126; N = 149 t(207) = 20.276, p < 0.001 3.100 [2.678; 3.522]

GECo Management 0.75 (0.08) 0.45 (0.18) Study 126; N = 149 t(207) = 12.412, p < 0.001 1.898 [1.547; 2.248]

t tests remained statistically significant after applying the False Discovery Rate (FDR) correction42, with all p values remaining below 0.001.
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alpha was significantly higher for the original STEU version than for the
ChatGPT-created version and significantly higher for theChatGPT-created
GECo Regulation version than the original (Table 8).

The original and ChatGPT-created versions were significantly
positively correlated, with a large effect size (mean r weighted by
sample size = 0.46, p < 0.001; Table 8), suggesting that they measure similar
constructs.

To compareoriginal andChatGPT-generated tests in their correlations
with the StuVoc (vocabulary test), a fixed effects multilevel meta-analysis
was conducted on the Fisher-z-transformed correlations of each test, with
test type (original vs. ChatGPT-generated) as a moderator (Table 9). The
result was not significant,QM = 2.651; df = 1; p = 0.104. An equivalence test
with the predefined SESOI of r ±0.15 (see section on power analysis) was
then conducted on the average StuVoc correlations with original (r = 0.244)
and ChatGPT-generated (r = 0.137) tests, z = –0.047, p = 0.236, suggesting
that the correlations with StuVoc were not equivalent between original and
ChatGPT-generated tests. In addition, while Cohen’s d was small, the CI
exceeded our predefined boundaries (0.217 [–0.044; 0.492;]). Thesefindings
suggest that while the difference in correlations was small, it could not be
ruled out that the ChatGPT-generated tests had a meaningfully weaker
association with StuVoc than the original tests. For each test individually,
correlationswith the StuVoc did not differ significantly between the original
and ChatGPT-created versions (Table 9). However, post-hoc power ana-
lyses with G*Power revealed that these individual analyses were under-
powered. For instance, withN = 97 and α = 0.05, the power to detect a true
correlation difference of r = 0.16 between the two GECo Management test
versions was only 35%.

Finally, to compare original and ChatGPT-generated versions
regarding their correlations with another ability EI test (see Table 6 for the
name of the other test administered in each study), a fixed effectsmultilevel
meta-analysis was conducted on the Fisher-z-transformed correlations of
each test, with test type (original vs. ChatGPT-generated) as a moderator
(Table 9). The result was not significant, QM = 2.189; df = 1; p = 0.149. An
equivalence test with the predefined SESOI of r ±0.15 was then conducted
on the average abilityEI correlationswithoriginal (r = 0.323) andChatGPT-
generated (r = 0.236) tests, z = –0.064, p = 0.164, suggesting that the corre-
lations with another ability EI test were not equivalent between original and
ChatGPT-generated tests. Again, while Cohen’s d was small, the CI
exceeded our predefined boundaries (0.197 [–0.064; 0.471]). These findings
suggest that while the difference in correlations was small, it could not be
ruled out that the ChatGPT-generated tests had a meaningfully weaker
association with other ability EI tests than the original tests. For each test
individually, correlations with the other ability EI test did not differ sig-
nificantly between the original andChatGPT-createdversions (Table 9), but
as described in the previous paragraph, these individual analyses were
underpowered.

In summary, the comparison of the psychometric properties of the
original andChatGPT-generated tests showedmostly small effects across all
five tests, though statistical equivalence was confirmed only for test diffi-
culty. Differences in clarity fell within the confidence interval for a small
effect, while realism ratings were slightly higher for ChatGPT-generated
tests, with the lower CI boundary slightly exceeding d ±0.20. Item content
diversity was lower for ChatGPT-generated tests, with a small but notable
effect. The correlation between original and ChatGPT-generated tests was
strong. For internal consistency, correlations with vocabulary knowledge
(StuVoc), and correlations with another ability EI test, the same pattern
emerged: no significant differences in moderator tests but no statistical
equivalence within the bounds of r ± 0.15. Effect sizes were small, but
confidence intervals exceeded the predefined equivalencebounds.However,
none of theCI boundaries exceeded amedium effect size (d ± 0.50). Overall,
ChatGPT-created tests were largely comparable to the original versions in
psychometric properties, with the potential exceptions of slightly lower item
content diversity, slightly higher internal consistency, and slightly weaker
associations with vocabulary knowledge and other ability EI tests, for which
evidence was inconclusive.T
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Discussion
Overall, the present study demonstrated that six widely used LLMs
(ChatGPT-4, ChatGPT-o1, Copilot 365, Claude 3.5 Haiku, DeepSeek V3,
and Gemini 1.5 Flash) outperformed the average human scores on five
different ability EI tests, with large effect sizes. At the same time, the
moderate-to-high correlation between the proportions of correct responses
among humans and the six LLMs across the test items suggests that humans
and LLMsmay leverage the cues present in the item texts in a similar way to
arrive at the correct solutions. Additionally, in the second part of the present
project, ChatGPT-4 proved effective in creating situational judgment items
to assess the central ability EI domains of emotion knowledge/ under-
standing and emotion regulation/ management. Across five studies with
human participants, original and ChatGPT-generated tests demonstrated
statistically equivalent test difficulty. Perceived itemclarity and realism, item
content diversity, internal consistency, correlations with a vocabulary test,
and correlationswith an external ability emotional intelligence test were not
statistically equivalent between original and ChatGPT-generated tests.
However, although some differences slightly exceeded our predefined
benchmark for similarity (d ± 0.20), all differences remained belowd ± 0.25,
and none of the 95% confidence interval boundaries exceeded a medium
effect size (d ± 0.50). Additionally, original and ChatGPT-generated tests
were strongly correlated (r = 0.46). Our findings thus support the idea that
ChatGPT can generate responses that are consistent with accurate knowl-
edge of emotional concepts, emotional situations, and their implications.

These results contribute to the growingbodyof evidence thatLLMs like
ChatGPT are proficient—at least on par with, or even superior to, many
humans—in socio-emotional tasks traditionally considered accessible only
to humans, including Theory of Mind17, describing emotions of fictional
characters23, and expressing empathic concern18. These findings havemajor
implications for the use of LLMs in social agents aswell as for the assessment
of socio-emotional skills.

First, the findings solidify the potential of ChatGPT-4 as a tool for
emotionally intelligent interactions. In the context of the debate on whether
LLMsandAIcan sufficiently convey empathy (e.g. refs. 19,20,44), the results
suggest that ChatGPT-4 at least fulfills the aspect of cognitive empathy,
meaning its responses are consistent with accurate reasoning about emo-
tions and about how they can be regulated or managed. This capability is
crucial for LLMs to function as emotionally intelligent agents that can
achieve positive socio-emotional outcomes for users in appliedfields such as
healthcare (e.g., in socially assistive robots or as mental health chatbots),
hospitality, and customer service.

In these settings, LLMs may offer two significant advantages. On the
one hand, they process emotional scenarios based on the extensive datasets
they have been trained on, whereas humans process them based on their
individual knowledge and experience. LLMs may thus have a lower prob-
ability of making errors. Although the datasets on which LLMs are trained
may partly contain false information, the strong performance in solving
ability EI tests in the present study suggests that ChatGPT -4’s broad-based
reasoning about emotions is generally reliable and aligned with current
psychological theories. On the other hand, LLMs can provide consistent
application of emotional knowledge, unaffected by the variability typically
seen in human emotional performance. Specifically, humans may not
always exhibit maximal performance in emotionally charged situations due
to factors like mood, fatigue, personal preferences, or competing demands,
and researchhas shown thatmaximal performance in emotion-related tasks
often differs from typical performance (i.e., what people usually do45). For
example, people sometimes are sometimes deliberately inaccurate when
interpreting others’ thoughts and feelings (“motivated inaccuracy”46). In
contrast, AI systems like ChatGPT-4 can reliably deliver maximal perfor-
mance in emotion understanding and management in every interaction,
potentially offering more consistent and effective emotional support.

Although these findings do not address whether AI can simulate
affective empathy (i.e., the ability to feel with someone20), it is important to
note that many AI applications may not require this to achieve their
intended outcomes. For example, chatbots or leadership tools designed to T
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manage employees’ well-being can still support users by providing advice,
demonstrating empathic behaviors like active listening47, and helping users
feel heard and understood, regardless of whether the AI actually “feels”
empathy19.

A second important implication of the present research is that LLMs
like ChatGPT can be powerful tools for assisting the psychometric
development of standardized questionnaires and performance-based
assessments, especially in the domain of emotion. Traditionally, devel-
oping these tests involves collecting a large number of emotional scenarios
through interviews, followed by extensive validation studies26. In the
present research, ChatGPT-4 was able to generate complete tests with
generally acceptable psychometric properties using only few prompts,
even for tests with a complex item structure such as the GECo Manage-
ment test26, which required response options corresponding to specific
conflict management strategies, and the GEMOK-Blends test25, where
scenarios needed to represent blends of emotions as well as various
emotional components like action tendencies and physiological expres-
sions. However, it should be noted that the psychometric properties (e.g.,
test difficulty and Cronbach’s alpha) varied between tests. For example,
the ChatGPT-generated STEM-B was easier than the original STEM-B,
containing many very easy items, while the ChatGPT-generated
GEMOK-Blends was more difficult and included several items where
only a few test-takers chose the correct response (see Supplementary
Notes 5, pp. 48–58, for item-level analyses). In addition, results indicated

that overall, the original tests performed slightly better in construct
validity. This could similarly be due to somepoorly performing items (e.g.,
too easy or too difficult items) that do not adequately discriminate
between test-takers. These results suggest that while ChatGPT-4 is a
valuable tool for generating an initial item pool, it cannot replace the pilot
and validation studies needed during test development, which serve to
refine or eliminate poorly performing items.

Limitations
Despite the promising results, several limitations and open questions must
be acknowledged. First, this study was conducted using standardized tests
with clear and predefined structures, which may not fully capture the
complexities of real-world emotional interactions. In natural conversations,
emotional scenarios are often ambiguous, incomplete, or require inter-
pretation of subtle cues. There is evidence that LLMs’ performance can be
disrupted by evenminor changes in prompts, suggesting that their ability to
handle more complex, less structured emotional tasks may be limited48.
Further research is needed to assess how ChatGPT and other LLMs com-
pare to humans in understanding and managing emotional situations that
are less straightforward, involve conflicting information, or require reading
between the lines. Additionally, more research is needed to examine the
extent to which LLMs can integrate context and past information from a
conversation (e.g., about an individual’s personality, preferences, or back-
ground information leading to a specific emotional experience), as existing

Table 8 | Cronbach’s alphas and average item-total correlations for the original and ChatGPT-created test versions, and
correlations between the original and ChatGPT-created test versions

Study Cronbach’s alpha (average item-total correlation) Correlations between original and GPT
versionr

Original GPT Comparison Cronbach’s alpha original/ GPT

STEM-B 0.48 (0.160) 0.58 (0.222) χ² = 1.031; df =1; p = 0.388 0.35***

STEU-B 0.41 (0.123) 0.11 (0.047) χ² = 4.247; df =1; p = 0.098 0.42***

GEMOK-Blends 0.57 (0.191) 0.43 (0.134) χ² = 1.735; df =1; p = 0.315 0.27*

GECo Regulation 0.76 (0.283) 0.94 (0.579) χ² = 76.224; df =1; p = 0.005 0.74***

GECo Management 0.49 (0.150) 0.43 (0.127) χ² = 0.326; df =1; p = 0.568 0.42***

Weighted mean item-total
correlations

0.18* 0.26** QM = 0.635; df = 1; p = 0.426; d = –0.152
[–0.547; 0.223]

Weighted mean r = 0.46***

Values in boldface indicate a significantly higher value compared to the other test version. Cronbach’s alphas between the original andChatGPT-created test versions for each studywere compared using
the R package cocron57. Displayed p values for the individual studies are FDR-corrected. For comparing internal consistency between original andGPT-created tests across the five studies, average item-
total correlationswere computed for each test version and then analyzedwith fixed effectsmultilevelmeta-analysiswith the restrictedmaximum likelihood (REML)method in theRpackage “metafor”43. QM
is the test statistic for themoderator variable “original” vs “GPT-created”when the intercept is included.Weightedmean r for the correlations between original andGPT-created test versionswas obtained
using mini meta-analysis58. * p < 0.05; ** p < 0.01; *** p < 0.001.

Table 9 | Correlations for the original and ChatGPT-created test versions with the Stuvoc vocabulary test and with the other
ability EI test included in the respective study

Study Correlations with StuVoc Other EI test Correlations with the other EI test

r for original r for GPT Comparison original/ GPT r for original r for GPT Comparison original/ GPT

STEM-B –0.01 –0.12 Z = 0.904, p = 0.484 GECo
Management

0.26* 0.12 Z = 1.178, p = 0.600

STEU-B 0.37*** 0.28** Z = 0.958; p = 0.484 GEMOK-
Blends

0.45*** 0.38*** Z = 0.704, p = 0.793

GEMOK-Blends 0.18 0.07 Z =0.865; p = 0.484 STEU-B 0.20 0.14 Z = 0.476, p = 0.793

GECo Regulation 0.25* 0.21* Z =0.549; p = 0.583 STEM-B 0.18 0.18 Z = 0, p = 1

GECo
Management

0.39*** 0.23* Z = 1.548; p = 0.484 STEM-B 0.50*** 0.33*** Z = 1.750, p = 0.400

Weighted
mean rs

0.24** 0.14 QM = 2.651; df = 1; p = 0.104; d =0.217
[–0.044; 0.492]

Weighted
mean rs

0.32*** 0.24*** QM = 2.189; df = 1; p = 0.149; d
=0.197 [–0.064; 0.471]

The correlations betweenoriginal andGPT-created testswithin each studywere compared usingSteiger’sZ test for dependent correlations59. Displayedp values for the individual tests are FDR-corrected.
The correlations between original and GPT-created tests across the five studies were compared using fixed effects multilevel meta-analyses conducted with the restricted maximum likelihood (REML)
method in the R package “metafor”43. QM is the test statistic for the moderator variable “original” vs “GPT-created” when the intercept is included.* p < 0.05; ** p < 0.01; *** p < 0.001.
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studies often rely on responses to single prompts rather than longer, more
nuanced conversations (e.g. refs. 10,17,23).

Second, the present research was conducted in a Western cultural
context, with tests developed in Australia and Switzerland and a training
dataset for ChatGPT-4 and the other LLMs that is largely Western-centric.
Emotional expressions, display rules, and regulation strategies vary sig-
nificantly across cultures (e.g. refs. 49,50), meaning that responses deemed
correct in a Western context may not be appropriate or effective in other
cultural settings51. This cultural bias could limit theutility of currentLLMs in
social and conversational agents designed for non-Western populations52,53.
Further research is necessary to explore how well LLMs adapt to non-
Western cultural contexts and whether they can accurately consider dif-
ferent cultural settings when creating new test items.

Another important limitation is the black box nature of LLMs, where
the processes by which the AI arrives at correct answers or generates new
items remain unclear (see also the discussion around explainable AI54).
This lack of transparency makes it difficult to predict how future versions
of the model might perform. For example, changes in the model’s archi-
tecture or training data could result in different, potentially less effective
outcomes, such as less creative or diverse scenarios when prompted to
create new test items55. On the other hand, Kosinski16 showed that more
recent LLMs outperformed oldermodels in solving false-belief ToM tasks,
fromwhich he concluded that ToMmay increase as a byproduct of newer
LLM’s improved language skills. The samemight apply to ability EI,which
would mean that future versions should maintain or increase their per-
formance levels.

Conclusion
Toconclude,while the study reveals some limitations, particularly regarding
cultural applicability and the complexity of real-world interactions, the
results are encouraging. Six LLMs demonstrated substantial potential in
performing EI assessments, and ChatGPT-4 showed notable capability in
creating such assessments. These results suggest that LLMs could serve as
valuable tools to support socio-emotional outcomes in emotionally sensitive
domains, even if they do not fully replicate human affective empathy19. At
the very least, they can assist users in gaining newperspectives on emotional
situations and help them make more informed, emotionally intelligent
decisions.This capabilitypositionsLLMs suchasChatGPT-4as apromising
resource for enhancing the integration of AI in human-computer interac-
tions and supports the idea that LLMsmay be strong candidates for artificial
general intelligence (AGI) systems10.

Data availability
The data for this research is available on OSF in Microsoft Excel and SPSS
format: https://osf.io/mgqre/files/osfstorage.

Code availability
The code for this research is available onOSF in a text file and can be copied
into SPSS syntax or R, respectively. https://osf.io/mgqre/files/osfstorage/
67e4b303d7dac4b1728e5a4d56.
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