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Abstract
Large language models (LLMs) are becoming more widely used to simulate human participants and so understanding their biases is 
important. We developed an experimental framework using Big Five personality surveys and uncovered a previously undetected 
social desirability bias in a wide range of LLMs. By systematically varying the number of questions LLMs were exposed to, we 
demonstrate their ability to infer when they are being evaluated. When personality evaluation is inferred, LLMs skew their scores 
towards the desirable ends of trait dimensions (i.e. increased extraversion, decreased neuroticism, etc.). This bias exists in all tested 
models, including GPT-4/3.5, Claude 3, Llama 3, and PaLM-2. Bias levels appear to increase in more recent models, with GPT-4’s 
survey responses changing by 1.20 (human) SD and Llama 3’s by 0.98 SD, which are very large effects. This bias remains after 
question order randomization and paraphrasing. Reverse coding the questions decreases bias levels but does not eliminate them, 
suggesting that this effect cannot be attributed to acquiescence bias. Our findings reveal an emergent social desirability bias and 
suggest constraints on profiling LLMs with psychometric tests and on this use of LLMs as proxies for human participants.
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Introduction
Large language models (LLMs) have demonstrated remarkable 
proficiency in a wide array of tasks, ranging from language trans
lation and creative writing to code generation problem solving. As 
these models are trained on vast amounts of human-generated 
text data, they can emulate human textual behavior and exhibit 
emergent capabilities that were not anticipated during their de
velopment (1). Researchers are using LLMs’ emulation capabilities 
to simulate data from human participants across diverse psycho
logical and behavioral experiments (2–4).

Personality traits like the Big Five are among the most studied 
individual differences among human subjects. The Big Five 
aim to provide a concise summary of between-person trait 
differences, spanning Extraversion, Openness to Experience, 
Conscientiousness, Agreeableness, and Neuroticism. Though ori
ginally intended to be value-neutral, most Big Five assessments 
are evaluative (5), with people preferring lower Neuroticism (i.e. 
negativity and vulnerability to stress) and higher scores on the re
maining four traits. Big Five traits are also robust predictors of vari
ous human behavioral tendencies and life outcomes (6). 
Researchers have assessed LLMs with Big Five surveys and com
pared trait distribution to human norms (7), in addition to 

correlating traits with downstream task performance (8). 
However, the assessment of these personality traits via self-report 
questionnaires are vulnerable to response biases (9) such as acqui

escence (tending to agree with questions regardless of their con

tent) and social desirability biases (skewing responses toward 

perceived societal ideals). Prior research has used psychology ex

periments with LLMs (10) to document acquiescence and other 

biases (11). Social desirability biases are some of the most persist

ent sources of error variance on surveys relevant to social norms, 

such as most personality traits (12).
To evaluate response biases in LLMs, we conducted a series of 

experiments using a standardized 100-item Big Five personality 
questionnaire. We administered the questionnaire in batches, sys
tematically varying the number of questions per batch (denoted as 
Qn). To ensure the LLM had no access to previous items, we started 
a fresh context window (session) for each batch. We provided 
standardized instructions asking the LLMs to respond on a 5-point 
Likert scale. We analyzed models from OpenAI, Anthropic, Google, 
and Meta to ensure broad generalizability. By systematically vary
ing the number of questions, we uncovered a persistent social de
sirability bias across LLMs. See Supplementary Information for full 
methods.
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Results
Manifestation of Social Desirability bias
Our experiments revealed that LLMs consistently skew their 
Big Five factor scores towards the more socially desirable ends of 
the trait dimensions. This propensity was most notable in 
GPT-4 (Fig. 1A, B);  as we increased Qn (question batch size) from 
1 to 20, scores for positively perceived traits—Extraversion, 
Conscientiousness, Openness, and Agreeableness—increased by 
about 0.75 points (1.22 human SD). Conversely, for Neuroticism, 
a culturally devalued trait, the score decreased from 2.87 to 2.02 
(1.10 human SD; Fig. 1B).

Generalizability across LLMs
An analysis across different proprietary and open-source models, 
including GPT-4, Claude 3, Llama 3, and PaLM 2, revealed the 
prevalence of social desirability bias across LLM families 
(Fig. 1C). All tested LLMs displayed this bias with larger and 
more recent models exhibiting more bias.

Driving mechanism for bias
LLMs seem to modulate their responses based on the perceived 
evaluation context, whether automatically inferred or explicitly 
provided.

Implicit inference of evaluation context
When exposed to as few as five randomly selected questions from 
the Big Five questionnaire, GPT-4, Claude 3, and Llama 3 were able 
to identify that these questions belong to a personality survey 
with over 90% accuracy. PaLM 2 and GPT-3.5 were less perceptive 
at 55 and 45% accuracy, respectively (Fig. 2A). LLMs’ ability to cor
rectly identify the evaluation context seems to be associated with 
their bias levels.

Explicit prompting of evaluation context
Similar to humans, when the LLMs were explicitly told that they 
were completing a Big Five personality survey in the prompt, re
sponses skewed towards the socially desirable end of the spec
trum, even when only presented with a single question (Fig. 2B). 
Explicit prompting had an effect comparable to asking five ques
tions at a time, corroborating that LLMs seem to adjust their 
scores when under the impression that they are being evaluated.

Differential impact of positive and reverse coding
We tested two variations of the Big Five survey: one fully reverse- 
coded (with negations in the questions) and another with only 
positively coded items. The reverse-coded version reduced the 
bias, with the average score changing only by 0.37 points (0.54 hu
man SD). Positively coding all questions did not significantly affect 
the bias, which remained at an average change of 0.76 points (1.15 
human SD) (Fig. 2C), suggesting that the effects cannot be entirely 
attributed to acquiescence bias. Reverse-coded items load on sep
arate factors than positively coded items (14) and likely occupy a 
different region of semantic space.

Robustness across paraphrasing, question 
randomization, and temperatures
To address concerns that LLMs may be relying on the memorized 
versions of the Big Five items, we also administered paraphrased 
variants of the survey and found similar levels of bias. 
Additionally, we used three distinct randomization strategies (as de
scribed in SI Section D) to assemble the question sets. We found that 
such randomization had a minimal effect on the bias, pointing to the 
absence of significant question-order effects. Finally, we underscore 
the robustness of this bias by demonstrating it across various LLM 
temperatures, which control the degree of randomness of their out
put. We used values ranging from 0.0 (deterministic) to 1.2.

Consistency and reliability of LLM responses
Similar to previous studies (8), we found that LLMs maintained a 
high degree of internal consistency in their responses (Cronbach’s 
α > 0.8 for individual subscales and α > 0.93 for all items), where 
0.7 is considered adequately reliable. We also found high split-test 
reliability scores (0.79 after Spearman–Brown correction).

Fig. 1. A) As the number of questions asked in a prompt (Qn), GPT-4’s 
responses to Big Five survey questions skewed closer to the socially 
desirable ends of the scale (N = 30 trials, CI = 95%, *P < 0.001). The general 
positive and negative perceptions associated with traits are represented 
by (+) and (−). B) Summary of GPT-4’s social desirability bias. We 
calculated the difference between administering surveys, one question 
per prompt and 20 questions per prompt, and showed the equivalent 
difference in terms of human SDs based on population norms for the Big 
Five (13) Diff., difference. C) To compare this bias across LLMs, we 
compute the difference in Personality Factor Scores when administering 
the survey 1 vs. 10 questions per prompt (averaged across N = 30 trials per 
model). D) When comparing the average absolute difference (Avg. Diff.) 
between Q10 and Q1 and the equivalent in human SDs, we find that across 
LLM families, the larger and more recent models have more bias.
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Discussion
We observe a persistent social desirability bias across various pro
prietary and open-source models. The driving mechanism for this 

behavior seems to be LLMs’ (implicit) awareness of the evaluation 

context. The evidence for bias was consistent across randomiza

tion paradigms, paraphrasing of questions, and temperature 

ranges. Our findings demonstrate potential subtleties with using 

psychometric tests to evaluate and benchmark LLM behavior 

and raise concerns around using LLMs to simulate human survey 

takers.
Prior research has used survey-based personality assessments 

to study LLM behavior. LLMs’ personality traits have been corre

lated with performance in downstream text generation tasks (8) 

and also used as a part of a Turing test to study behavioral 

similarity to humans (7); however, our findings suggest that these 
results may have been influenced by implicit social desirability 
biases.

We suspect our findings will generalize to measures that paral
lel the Big Five in popularity—and thus representation in LLMs’ 
training data. The same response biases may not occur with con
structs that are less represented in models’ training data or less 
socially evaluative.

In our experiments, the only strategy that seemed to reduce the 
bias (by roughly half) was reverse coding the items. Therefore, we 
recommend researchers follow classic psychometric advice (15) to 
triangulate assessment across multiple measures (e.g. self-report 
and behavioral data), paradigms (e.g. different experiments), and 
data sources (e.g. LLMs). Future research should also explore the 
impact of training data and preference tuning on bias 

Fig. 2. A) Comparing LLMs’ ability to identify the source of questions as a personality survey as a function of number of questions. B) Big Five scores for 
GPT-4 with and without explicitly prompting that the LLM is completing a Big Five personality survey. The no-explicit-prompting condition is identical to 
that described in Fig. 1A. The information gained from explicit prompting roughly has the same effect as asking five questions at once. C) The coding 
scheme of the questions had a substantive effect on the bias levels. GPT-4’s average difference decreased from 0.81 points (1.22 human SD) when using 
the standard International Personality Item Pool coding to 0.38 points (0.54 human SD) with all items reverse-coded. Positively coding all items did not 
have a significant effect on the bias.
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development and the prevalence of this bias across different sur
veys and measurement modalities.

There is no doubt that LLMs are skilled at imitating humans in 
many tasks. Whether they can also generate distributions of data 
that accurately reflect human psychology within and across cul
tures remains unclear. We show evidence of response biases to 
a common personality assessment and demonstrate its driving 
mechanism: (implicit) “awareness” of assessment. Simulated hu
man data from LLMs have the potential to expand our ability to 
carry out psychological experiments—but that will only be pos
sible once systematic influences impacting LLM responses are 
well understood.
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