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Abstract
Large language models (LLMs) demonstrate increasingly human-like abilities across a wide variety of tasks. In this paper, we investigate 
whether LLMs like ChatGPT can accurately infer the psychological dispositions of social media users and whether their ability to do so 
varies across socio-demographic groups. Specifically, we test whether GPT-3.5 and GPT-4 can derive the Big Five personality traits from 
users’ Facebook status updates in a zero-shot learning scenario. Our results show an average correlation of r = 0.29 (range = [0.22, 0.33]) 
between LLM-inferred and self-reported trait scores—a level of accuracy that is similar to that of supervised machine learning models 
specifically trained to infer personality. Our findings also highlight heterogeneity in the accuracy of personality inferences across 
different age groups and gender categories: predictions were found to be more accurate for women and younger individuals on several 
traits, suggesting a potential bias stemming from the underlying training data or differences in online self-expression. The ability of 
LLMs to infer psychological dispositions from user-generated text has the potential to democratize access to cheap and scalable 
psychometric assessments for both researchers and practitioners. On the one hand, this democratization might facilitate large-scale 
research of high ecological validity and spark innovation in personalized services. On the other hand, it also raises ethical concerns 
regarding user privacy and self-determination, highlighting the need for stringent ethical frameworks and regulation.
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Significance Statement

The rapid adoption of large language models (LLMs) in research and practice raises concerns about the balance between their poten
tial and perils. Our study suggests that LLMs like ChatGPT are developing nuanced representations of human psychology and capaci
ties for psychological profiling. While these advancements offer unparalleled opportunities for understanding individual differences 
and personalizing services at scale, they also pose significant ethical challenges in terms of user privacy and self-determination. In 
demonstrating the potential of LLMs for large-scale psychological assessments based on social media data, our study can inform 
broader discussions about AI governance and regulatory frameworks to safeguard individual rights and prevent abuse.

Competing Interest: The authors declare no competing interest. 
Received: November 9, 2023. Accepted: May 28, 2024 
© The Author(s) 2024. Published by Oxford University Press on behalf of National Academy of Sciences. This is an Open Access article 
distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits 
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

Introduction
Large language models (LLMs) and other transformer-based neur
al networks have revolutionized text analysis in research and 

practice. Models such as OpenAI’s GPT-4 (1) or Anthropic’s 

Claude (2), for example, have shown a remarkable ability to re

present, comprehend, and generate human-like text. Compared 

to prior Natural Language Processing (NLP) approaches, one of 

the most striking advances of LLMs is their ability to generalize 

their “knowledge” to novel scenarios, contexts, and tasks (3, 4).
While LLMs were not explicitly designed to capture or mimic el

ements of human cognition and psychology, recent research sug
gests that—given their training on extensive corpora of 
human-generated language—they might have spontaneously de
veloped the capacity to do so. For example, LLMs display properties 
that are similar to the cognitive abilities and processes observed in 
humans, including theory of mind (i.e. the ability to understand 

the mental states of other agents (5)), cognitive biases in decision- 
making (6), and semantic priming (7). Similarly, LLMs are able to ef
fectively generate persuasive messages tailored to specific psycho
logical dispositions (e.g. personality traits, moral values (8)).

Here, we examine whether LLMs possess another quality that is 
fundamentally human: The ability to “read” people and form first 
impressions about their psychological dispositions in the absence 
of direct or prior interaction. As research under the umbrella of 
zero-acquaintance studies shows, people can be remarkably ac
curate at judging the psychological traits of strangers simply by 
observing traces of their behavior under certain conditions (9). 
While such judgments can be influenced by stereotypes and their 
accuracy can vary based on the traits being assessed and the con
text in which judgments are made (10), past work indicates that 
people are able to predict a stranger’s personality traits by observ
ing their offices or bedrooms (11), examining their music preferen
ces (12), or scrolling through their social media profiles (13).
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Existing research in computational social science shows that 
supervised machine learning models are able to make similar pre
dictions. That is, given a large enough dataset including both self- 
reported personality traits and people’s digital footprints—such 
as Facebook Likes, music playlists, or browsing histories—ma
chine learning models are able to statistically relate both inputs 
in a way that allows them to predict personality traits after ob
serving a person’s digital footprints (14, 15). This is also true for 
various forms of text data, including social media posts (16, 17), 
personal blogs (18), or short text responses collected in the context 
of job applications (19).

In this article, we test whether LLMs have the ability to make 
similar psychological inferences without having been explicitly 
trained to do so (known as zero-shot learning (3)). Specifically, 
we use Open AI’s ChatGPT (GPT-3.5 and GPT-4 (1)) to 
explore whether LLMs can accurately infer the Big Five person
ality traits Openness, Conscientiousness, Extraversion, 
Agreeableness, and Neuroticism (20) of social media users 
from the content of their Facebook status updates in a zero- 
shot scenario. In addition, we test for biases in ChatGPT’s judg
ments that might arise from its foundation in equally biased 
human-generated data. Building on previous work highlighting 
inherent stereotypes in pretrained NLP models (21, 22), we ex
plore the extent to which the personality inferences made by 
ChatGPT are indicative of gender and age-related biases (e.g. po
tential biases in how the personality of men and women or old
er and younger people is judged).

Understanding the capabilities and limitations of LLMs with re
gard to inferring highly intimate psychological traits from digital 
footprints is critical, given their rapid adoption in both research 
and practice. On the one hand, easy access to the psychological 
profiles of individuals creates unprecedented opportunities to 
study individual differences at scale and customize products, 
services, or behavioral interventions to individuals’ unique dispo
sitions. On the other hand, however, automated psychological in
ferences pose considerable ethical and legal challenges with 
regard to individuals’ privacy and self-determination (23). This 
problem is exacerbated by the fact that LLMs are also able to auto
matically craft persuasive messages based on users’ personality 
profiles (8). The combination of fully automated psychological as
sessments and personalized interactions opens the door for ma
nipulation and misuse at scale and with little to no human 
oversight. We discuss our findings in light of both the opportun
ities for scientists and practitioners and the challenges that will 
require new forms of AI governance and regulation (24–26).

Methods
Data and sampling
Our analyses are based on text data obtained from MyPersonality 
(27), a Facebook application that allowed users to take real psy
chometric tests—including a validated measure of the Big Five 
personality traits (IPIP (28))—and receive immediate feedback on 
their responses. Users also had the opportunity to donate their 
Facebook profile information—including their public profiles, 
Facebook Likes, and status updates—to research. For the purpose 
of this study, we randomly subsampled 1,000 adult users (24.2 ±  
8.8 years old, 63.1% female) who completed the full 100-item 
IPIP personality questionnaire and had at least 200 Facebook sta
tus updates (if they had more, we used the most recent 200). The 
study received IRB approval from Columbia University’s ethics re
view board (Protocol #AAAU8559).

Measures
MyPersonality measured users’ personality traits using the 
International Personality Item Pool (IPIP (28)), a widely established 
self-report questionnaire that captures the Big Five personality 
traits of Openness, Conscientiousness, Extraversion, 
Agreeableness, and Neuroticism (20). We only included users 
who had completed the full questionnaire with all 100 items.

To obtain inferred personality traits from ChatGPT, we used the 
last 200 Facebook status updates generated by each user without 
additional preprocessing. The average length of status updates 
in our sample was 17.10 words (SD = 15.03). Status updates 
were scored using the ChatGPT API with GPT-3.5 (version 
gpt-3.5-turbo-0301) and GPT-4 (version gpt-4-0314) (1) as under
lying models. For this purpose, the status updates were first con
catenated into chunks and then fed into the GPT model, using a 
set of simple prompts to guide the behavior of the model. The sys
tem prompt was the default for GPT-3.5 and GPT-4, respectively: 
“You are a helpful assistant”. Additionally, we prompted the model 
to infer Big Five traits using the inference prompt: “Rate the text on 
the Big Five personality dimensions. Pay attention to how people’s 
personalities might be reflected in the content they post online. 
Provide your response on a scale from 1 to 5 for the traits 
Openness, Conscientiousness, Extraversion, Agreeableness, and 
Neuroticism. Provide only the numbers.” We then used a simple 
text-parsing script to transform the responses into numerical 
scores. In order to avoid exceeding the ChatGPT token limit, status 
update histories were processed in chunks of 20 messages, and the 
inferred personality scores were then averaged to derive overall 
scores.

To boost the reliability of the inferred personality estimates, we 
queried ChatGPT three times for each inference. Agreement across 
ratings across rating rounds was high for all traits (Openness: 
rGPT3.5 = 0.88, rGPT4 = 0.73; Conscientiousness: rGPT3.5 = 0.88, 
rGPT4 = 0.91; Extraversion: rGPT3.5 = 0.92, rGPT4 = 0.87; Agreeableness: 
rGPT3.5 = 0.96, rGPT4 = 0.94; Neuroticism: rGPT3.5 = 0.91, rGPT4 = 0.93), 
and all P-values were smaller than 0.001 with Bonferroni correction 
for multiple comparisons. Given the high level of agreement, we 
computed aggregate inferred scores by averaging scores across the 
three rounds of rating. We used the aggregate scores for all further 
analyses.

Results
Can LLMs infer personality traits from social 
media posts?
In order to assess the capacity of LLMs to infer psychological traits 
from social media data, we compared the inferred Big Five person
ality scores with self-reported scores. A comparison of the distri
butions suggests that both versions of ChatGPT tended to 
underestimate Conscientiousness and Agreeableness while over
estimating Neuroticism. For Openness and Extraversion, the devi
ations were inconsistent across ChatGPT versions: While GPT-3.5 
tended to underestimate Openness and Extraversion, GPT-4 
tended to overestimate Extraversion. Overall, the distributions 
of inferred scores were more closely aligned with self-reported 
scores for GPT-4 compared to GPT-3.5, suggesting a potential im
provement across versions (see Fig. 1).  Detailed descriptive statis
tics can be found in Supplementary Material S1.

Importantly, the mere comparison of distributions does not 
provide insights into the strength and directionality of the rela
tionships between inferred and self-reported scores. For this pur
pose, we conducted correlation analyses. The average Pearson 
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correlation coefficient of inferred and self-reported scores across 
all personality traits was rGPT3.5 = 0.27 and rGPT4 = 0.31. The corre
lations were highest for the traits of Openness (rGPT3.5 = 0.28; 
rGPT4 = 0.33), Extraversion (rGPT3.5 = 0.29; rGPT4 = 0.32) and and 
Agreeableness (rGPT3.5 = 0.30, rGPT4 = 0.32), and were slightly lower 
for Conscientiousness (rGPT3.5 = 0.22; rGPT4 = 0.26) and Neuroticism 
(rGPT3.5 = 0.26; rGPT4 = 0.29). All correlation coefficients were signifi
cantly different from 0 at P < 0.001 with Bonferroni correction for 
multiple comparisons. Similar to the comparison of distributions, 
GPT-4 showed higher levels of accuracy across all five personality 
traits, although none of the individual comparisons reached stat
istical significance (see Fig. 2). Detailed results, including confi
dence intervals and significance levels, can be found in 
Supplementary Material S2.

In addition to exploring the capacity of ChatGPT to infer person
ality traits from social media user data, we also tested the extent to 
which this capacity is sensitive to changes in the amount of data 
that was available for inference. Specifically, we computed corre
lations between self-reported and inferred personality scores 
based on different numbers of status messages. Specifically, we 
computed correlations obtained from inferences for a single 
chunk of status messages (20 status messages) all the way up to 
ten chunks (200 status messages). As expected, having access to 
more status messages resulted in more accurate inferences. 
Notably, however, most correlations are close to their maximum 
level after observing far less than the ultimate number of 200 sta
tus messages. In addition, the inference of certain traits seems to 
be particularly susceptible to the volume of input data. For ex
ample, the models’ accuracy kept increasing with higher levels 
in input volume for Openness, Extraversion, Agreeableness, and 
Neuroticism, while the benefits of additional status messages lev
eled off earlier for Conscientiousness. See Fig. 2 for a graphical 
representation and Supplementary Material S3 for detailed 
statistics.

Does the quality of LLM inferences vary across 
demographic groups?
In order to uncover potential gender and age-related biases, we 
analyzed group differences in inferred Big Five scores, as well as 
their residuals with respect to self-reported scores. Notably, 
such gender and age differences might not only emerge in inferred 
personality scores but are also known to exist in self-reports (29, 
30). Consequently, we test for both overall group differences and 
differences in the residuals between the self-reported and in
ferred personality scores of each individual.

Gender differences
We first explored the extent to which any observed group differen
ces in inferred personality traits across men and women aligned 
with those observed in self-reports. As Fig. 3 shows, women tend 
to score significantly higher in Agreeableness (t = 2.31; P = 0.021) 
and Neuroticism (t = 6.53; P < 0.001) when these traits are meas
ured using questionnaires. In contrast, women scored significant
ly higher in Openness (tGPT3.5 = 3.42, pGPT3.5 < 0.001; tGPT4 = 2.72, 
pGPT4 = 0.007), Conscientiousness (tGPT3.5 = 5.28, pGPT3.5 < 0.001; 
tGPT4 = 5.73, pGPT4 < 0.001), Extraversion (tGPT3.5 = 5.21, 
pGPT3.5 < 0.001; tGPT4 = 7.25, pGPT4 < 0.001), and Agreeableness 
(tGPT3.5 = 13.53, pGPT3.5 < 0.001; tGPT4 = 13.63, pGPT4 < 0.001) when 
these traits were inferred by ChatGPT models, with no significant 
differences found for Neuroticism. This finding offers initial evi
dence for potential gender biases in the personality inferences 
made by LLMs (see Fig. 3).

To further explore these potential biases, we analyzed the resid
uals between inferred scores and self-reported scores as an indica
tion of how well GPT is able to represent the personality traits of 
male and female users. The findings suggest that GPT’s personality 
inferences are less accurate for men than women. First, we observed 
larger absolute residuals for male users in Conscientiousness 

Fig. 1. Distributions of self-reported and inferred personality scores for GPT-3.5 and GPT-4. Histograms show absolute frequencies for an overall sample 
size of n = 1,000. GPT-3.5 underestimates Openness. Both models underestimate Conscientiousness and Agreeableness but overestimate Neuroticism. 
For Extraversion, the two models diverge with GPT-3.5 underestimating and GPT-4 overestimating the true scores. Overall, GPT-4 inferred scores were 
more aligned with self-reported scores, indicating a potential improvement over GPT-3.5.
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(tGPT3.5 = −3.53, pGPT3.5 < 0.001; tGPT4 = −4.48, pGPT4 < 0.001), 
Agreeableness (tGPT3.5 = −9.22, pGPT3.5 < 0.001; tGPT4 = −5.22, 
pGPT4 < 0.001), and Neuroticism (tGPT3.5 = −4.55, pGPT3.5 < 0.001; 
tGPT4 = −2.39, pGPT4 = 0.017) across both GPT models, indicating low
er accuracy on these traits for men. Additionally, we found larger re
siduals for male users for GPT-3.5 in Openness (tGPT3.5 = −3.84, 
pGPT3.5 < 0.001; tGPT4 = −0.92, pGPT4 = 0.357) and larger residuals for 
female users in Extraversion for GPT-4 (tGPT3.5 = −1.36, 
pGPT3.5 < 0.173; tGPT4 = 3.12, pGPT4 = 0.002). For a visual representa
tion, please refer to Fig. 4). Detailed statistics can be found in 
Supplementary Material S4.

Taken together, the findings suggest that ChatGPT’s personality 
inferences are less accurate for men than women. Notably, how
ever, these biases seem to be limited to the absolute measures of 
accuracy and do not necessarily translate to ChatGPT’s ability to 
make inferences about men’s relative personality levels. That is, 
when computing Pearson correlations within gender groups, we 
did not observe any significant difference in the magnitude of 
these correlations. Similarly, controlling for gender in the overall 
correlations between self-reported and inferred personality scores 
by z-standardizing inferred scores within each gender group did 
not yield correlations significantly different from those obtained 
before.

Age differences
As for gender, we first explored the extent to which any observed 
group differences in inferred personality traits across younger 
and older adults (classified using a median split) were aligned 
with those observed in self-reports. As Fig. 3 shows, older users dis
played significantly higher self-reported scores in Openness 
(t = 2.96; P = 0.003) and Conscientiousness (t = 7.27; P < 0.001) and 
significantly lower self-reported scores in Neuroticism (t = −3.28; 
P = 0.001) compared to younger users. Partially mimicking these 
differences in self-reported personality traits, inferred scores 
were significantly higher in Conscientiousness (tGPT3.5 = 9.23, 
pGPT3.5 < 0.001; tGPT4 = 10.41, pGPT4 < 0.001) and Agreeableness 
(tGPT3.5 = 4.87, pGPT3.5 < 0.001; tGPT4 = 4.39, pGPT4 < 0.001), and lower 
in Neuroticism (tGPT3.5 = −3.43, pGPT3.5 < 0.001; tGPT4 = −4.37, 
pGPT4 < 0.001) for older compared to younger users. For Openness 
(tGPT3.5 = −2.86, pGPT3.5 = 0.004; tGPT4 = −0.72, pGPT4 = 0.472), and 
Extraversion (tGPT3.5 = −3.55, P < 0.001; tGPT4 = 0.36, pGPT4 = 0.717), 

older individuals scored significantly lower on inferred scores for 
GPT-3.5 but not GPT-4 (see Fig. 3).

As before, we further explore these differences by analyzing 
age differences in the residuals between self-reported and 
inferred scores. Unlike in the analyses of gender, we found 
substantial inconsistency in the group differences between 
GPT-3.5 and GPT-4. While the inferences made by GPT-3.5 showed 
significantly larger absolute residuals for older users in Openness 
(tGPT3.5 = 4.78, pGPT3.5 < 0.001), Conscientiousness (tGPT3.5 = 2.64, 
pGPT3.5 = 0.008), and smaller residuals for Agreeableness 
(tGPT3.5 = −2.64, pGPT3.5 = 0.009), no differences in absolute resid
uals were found for GPT-4. For a visual representation, please re
fer to Fig. 4) Detailed statistics can be found in Supplementary 
Material S5.

Taken together, the findings suggest that ChatGPT’s personal
ity inferences might be less accurate for older adults. However, 
as before, these biases did not translate to ChatGPT’s ability to 
make inferences about people’s relative personality levels. We 
did not find significant differences between within-group correl
ation coefficients, and z-standardizing personality scores within 
age groups did not yield correlation coefficients significantly dif
ferent from those reported before.

Agreement with third-person observer ratings
We conducted a preliminary analysis examining the correlations 
between self-reported personality scores and third-person obser
ver ratings, as well as between LLM-inferred scores and third- 
person observer ratings. This allowed us to (i) compare the quality 
of LLM inferences against a strong human benchmark (i.e. ratings 
from people who have access to more identity cues than just so
cial media profiles) and (ii) examine the level of agreement be
tween LLM inferences and human judgments. Third-person 
ratings were collected by letting users’ Facebook friends complete 
a 10-item version of the IPIP personality questionnaire (28, 31) 
about them. The analysis includes a subset of 68 individuals for 
whom third-person ratings were available.

The results show that correlations between self-reported 
scores and observer ratings ranged from r = 0.198 to r = 0.378 
(mean = 0.304), while the correlations between 
ChatGPT-inferred scores and observer ratings ranged from r = 
0.057 to r = 0.457 (mean = 0.269) for GPT-3.5 and r = 0.152 to r = 
0.400 (mean = 0.276) for GPT-4 (see Supplementary Material S6

Fig. 2. Pearson’s correlation coefficients between inferred and self-reported scores with 95% confidence intervals (left), and Pearson’s correlation 
coefficients for GPT-3.5 (mid) and GPT-4 as a function of message volume (right). O, Openness; C, Conscientiousness; E, Extraversion; A, Agreeableness; N, 
Neuroticism. Inferences for Openness, Extraversion, and Agreeableness were more accurate than those for Conscientiousness and Neuroticism, but the 
differences remained nonsignificant. Higher message volume was associated with higher levels of predictive accuracy, but a substantial share of variance 
was captured in as little as 20 status messages.
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for detailed results). Overall, the correlation coefficients were 
largely in the same range as those between self-reported and 
ChatGPT-inferred scores. The analyses thus suggest that the ac
curacy of ChatGPT’s inferences is on par with that of human ob
servers. They also suggest that the ChatGPT is using similar 
cues to human judges. This is true even though these cues may 
not always be valid predictors of people’s self-perceptions. For in
stance, in the case of Conscientiousness, the agreement between 
ChatGPT’s inferences and observer ratings was higher than the 
agreement of either ChatGPT or human observers with partici
pants’ self-reports.

Discussion
Interpretation of results
Our findings suggest that LLMs, such as ChatGPT, can infer psy
chological dispositions from people’s social media posts without 
having been explicitly trained to do so. They also offer preliminary 
evidence that LLMs might generate more accurate inferences for 
women and younger individuals (compared to men and older 
adults). Notably, the overall accuracy of the observed inferences 
(Pearson correlations between self-reported and inferred person
ality traits ranging between r = 0.22 and 0.33, average = 0.29) is 
slightly lower than that accomplished by supervised models 
which have been trained or fine-tuned specifically for this purpose 
and with the same textual data source as used in testing (e.g. Park 
et al. (16), who reported correlations between r = 0.26 and r = 0.41, 
average r = 0.37). Yet, the ability of LLMs to produce inferences of 
reasonably high accuracy in zero-shot learning scenarios has both 
important theoretical and practical implications.

Our study contributes to a growing body of research comparing 
the abilities of LLMs to those observed in humans (5, 7, 8). As our 
findings suggest, LLMs might have the human-like ability to “pro
file” people based on their behavioral traces, without ever having 
had direct interactions with them. Although most social media 
posts do not contain explicit references to a person’s character, 
ChatGPT—just like human judges (13, 32) or supervised models 
(31)—is able to translate people’s accounts of their daily activities 
and preferences into a holistic picture of their psychological dis
positions. Our results are aligned with previous work suggesting 
that Openness and Extraversion are more easily inferred than oth
er traits (13, 31). At the same time, LLM inferences were more 

congruent with observer ratings than self-reports in the case of 
Conscientiousness, indicating that LLMs may also replicate biases 
in human judgment for certain traits.

Notably, the specific pathways by which LLMs such as ChatGPT 
arrive at their judgments and the reasons for why certain biases 
are introduced into the predictions (e.g. systematic gender and age 
differences) remain unknown. That is, we cannot speak to the ques
tion of whether LLMs use the same behavioral cues as humans or su
pervised machine learning models when translating behavioral 
residues into psychological profiles or offer an in-depth explanation 
for the observed differences in accuracy across age and gender cat
egories. For example, the fact that ChatGPT shows systematic biases 
in its estimation of certain personality traits and is more accurate for 
women and younger adults could either be indicative of a bias intro
duced in the training of the models and/or the corpora of text data 
the models have been trained on, or reflective of differences in peo
ple’s general self-expression on social media.

Specifically, past work indicates that LLMs are susceptible to 
stereotyping and bias with regard to demographic and geographic 
groups (21, 33–37), likely reflecting groups’ representation in the 
underlying training data. At the same time, past work has shown 
differences in social media use and online self-expression across 
demographic groups, including age and gender (38–42). While 
the past literature does not directly speak to differences in person
ality expression, the observed pattern of results would indicate 
that women and younger individuals tend to reveal more accurate 
information about their personalities online.

Limitations and future research
Our study has several limitations that should be addressed by fu
ture research. Firstly, as mentioned above, the black box charac
ter of LLMs prevents us from examining the precise 
mechanisms by which personality inferences are derived. As a 
first step in this direction, future research should analyze cue util
ization by investigating which language features are highly corre
lated with inferred trait scores. Similarly, it would be useful to 
examine which language features are predictive of inference er
rors in order to better understand the origins of the observed gen
der and age biases.

Second, the text data used in our analysis was obtained from 
the MyPersonality Facebook application (27), which was active be
tween 2007 and 2012. Linguistic conventions from this period 

Fig. 3. Mean differences in personality scores between gender groups (left) and age groups (right) for self-reported scores as well as inferences by GPT-3.5 
and GPT-4. Positive values indicate higher scores for female users compared to male users and older users compared to younger users. O, Openness; C, 
Conscientiousness; E, Extraversion; A, Agreeableness; N, Neuroticism. ∗∗∗ P < 0.001; ∗∗ P < 0.01; ∗ P < 0.05. The results show significant gender and age 
differences across all personality traits.
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might differ from contemporary online language, potentially lim
iting the zero-shot performance of LLMs, which have been trained 
on newer data. As a result, we would expect the personality infer
ences of LLMs to be even more accurate when applied to more 
contemporary data.

Third, our data were sourced from Facebook users who inter
acted with the MyPersonality application. As such, our sample 
might not be representative of the broader population of social 
media users (or people more generally), which could limit the ex
ternal validity of our findings. For example, the general underesti
mation of personality traits such as Openness might be due to the 
fact that myPersonality users were particularly curious and 
open-minded.

Fourth, while our study probed how sensitive the accuracy of 
LLM-based inferences is to the volume of text input, we limited 
our data to the 200 most recent status updates. In practice, pre
dictive performance might vary for users with fewer or more sta
tus updates. Relatedly, due to the inherent token limit in models 
like ChatGPT, all input data were processed in chunks. It is pos
sible that the accuracy of future models with the ability to process 
larger amounts of input data at once might be higher.

Fifth, our study did not encompass the dynamics of live inter
actions between LLMs and users. Real-time interactions might 
yield different insights and highlight additional complexities not 
captured in our static textual data set (43). Relatedly, while our re
search underscores the potential for LLMs in personalizing inter
actions and enhancing social computing, it does not examine 
the specifics of how these personalizations can be effectively 
implemented.

Sixth, the current research demonstrates the potential of 
out-of-the-box LLMs for inferring psychological variables using 
simple techniques such as zero-shot learning and commercially 
available models. It is likely that the predictive performance of 
LLMs could be improved through more sophisticated prompting 
strategies, such as chain-of-thought prompting (44) and a combin
ation of in-context learning and supervised fine-tuning (45). While 
we purposefully focused on zero-shot learning in order to estab
lish a lower bound of predictive accuracy and investigate LLMs’ in
herent ability to make such predictions, future research could 
focus on identifying levers that maximize predictive accuracy. 
Aside from more sophisticated prompting paradigms, this could 

include giving LLMs access to users’ demographic information 
which is typically available to human perception and could mod
erate the interpretation of personality-related signals. For ex
ample, the content of status messages may be interpreted 
differently depending on whether the user is an 18-year-old 
man or a 55-year-old woman. Being able to interpret message con
tent in the context of sender identity could lead to improved infer
ences but could also amplify implicit biases that are known to 
persist in language models (21, 33, 37).

Finally, while we make an effort to discuss the societal implica
tions of our findings (see below), detailed recommendations re
garding privacy concerns and the potential for misuse should be 
addressed in future research.

Implications
Our findings also have important practical implications for the ap
plication of automated psychological profiling in research and in
dustry. Specifically, the ability of LLMs to infer psychological traits 
from social media data could foreshadow a remarkable shift in the 
accessibility—and therefore potential use—of scalable psycho
metric assessments. For decades, the assessment of psychological 
traits relied on the use of self-report questionnaires, which are 
known to be prone to self-report biases and difficult to scale due 
to their costly and time-consuming nature (46). With the introduc
tion of automated psychological assessments driven by super
vised machine learning models (15, 19), scientists and 
practitioners were afforded an alternative approach that prom
ised to expand the study and application of individual differences 
to research questions and domains that were previously imprac
tical if not impossible (e.g. the use of personality traits in targeted 
advertising (47); or the investigation of individual differences in 
large scale, ecologically valid observational studies (48)). 
However, the widespread application of such automated person
ality predictions from digital footprints among scientists and 
practitioners was hindered by the need to collect large amounts 
of self-report surveys in combination with textual data (see e.g. 
the myPersonality dataset (27)) to train and validate the predictive 
models. With the ability to make similar inferences with models 
that are available to the broader public, LLMs could democratize 
access to cheap and scalable psychometric assessments.

Fig. 4. Mean differences in absolute residuals between gender groups (left) and age groups (right) for inferences by GPT-3.5 and GPT-4. Positive values 
indicate higher residuals for female users compared to male users and older users compared to younger users. O, Openness; C, Conscientiousness; E, 
Extraversion; A, Agreeableness; N, Neuroticism. ∗∗∗ P < 0.001; ∗∗ P < 0.01; ∗ P < 0.05. The results indicate lower residuals for female users in all personality 
traits except Extraversion. Age-related biases were observed for Openness, Conscientiousness, and Agreeableness in inferences by GPT-3.5 but not GPT-4.
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While this democratization holds remarkable opportunities for 
scientific discovery and personalized services, it also introduces 
considerable ethical challenges. Specifically, the ability to predict 
people’s intimate psychological needs and preferences without 
their knowledge or consent poses a threat to people’s privacy and 
self-determination (23). For instance, users often share informa
tion online without considering how this information can be 
used by third parties and the use of LLMs for psychological profiling 
may not align with their original intentions. As the case of 
Cambridge Analytica (49) alongside a growing body of research 
on personalized persuasion and psychological targeting (47, 50, 
51) has highlighted, insights into people’s psychological disposi
tions can easily be weaponized to sway opinions and change be
havior. Consequently, it might be necessary to introduce 
guardrails into systems like LLMs that prevent actors from obtain
ing psychological profiles of thousands or millions of users. 
Notably, the outlined concerns are aligned with recent calls for 
regulation (24–26) and the fact that the EU AI Act (52) explicitly 
bans emotion recognition in the workplace and educational insti
tutions, as well as social scoring based on social behavior or per
sonal characteristics.

Conclusion
Taken together, our research demonstrates the capacity of LLMs 
to derive psychological profiles from social media data, even with
out specific training. This zero-shot capability underscores the re
markable advancement LLMs represent in the domain of text 
analysis. While this “intuitive” understanding mirrors distinctly 
human abilities, the mechanisms and inherent biases associated 
with LLM-based personality judgments remain elusive and war
rant further research. From a practical perspective, the potential 
of LLMs to effectively infer psychological traits from digital foot
prints presents a shift in psychometric evaluations, paving the 
way for large-scale AI-driven assessments. The prospect of demo
cratized, scalable psychometric tools will enable breakthroughs in 
personalized services and large-scale research. Nevertheless, 
these advancements bring forth ethical challenges. The potential 
for nonconsensual psychological predictions and other misuses 
highlights the necessity for stringent ethical frameworks.
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