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Abstract

With Large Language Model (LLM) agents taking on more
evaluation responsibilities in decision-making, it is essential
to recognize their possible biases to guarantee fair and trust-
worthy Al-supported decisions. This study is the first to thor-
oughly examine the choice-supportive bias in LLM agents,
a cognitive bias that is known to impact human decision-
making and evaluation. We conduct experiments across 19
open/unopen-source LLM models in five scenarios at max-
imum, employing both memory-based and evaluation-based
tasks adapted and redesigned from human cognitive studies.
Our findings show that LLM agents may exhibit biased at-
tribution or evaluation that supports their initial choices, and
such bias may persist even if contextual hallucination is not
observable. Key findings show that bias manifestation can
differ greatly depending on prompt construction and context
preservation, and the bias may be mitigated in larger mod-
els. Significantly, we observe that the bias increases when the
agents perceive they are in control. Our extensive study in-
volving 284 well-educated humans shows that, despite bias,
certain LLM agents can still perform better than humans
in similar evaluation tasks. This research contributes to the
growing area of Al psychology, and the findings underscore
the importance of addressing cognitive biases in LLM Agent
systems, with wide-ranging implications spanning from im-
proving Al-assisted decision-making to advancing Al safety
and ethics.

Extended version & Appendix — https://t.cn/A6mg7Xel

Introduction

As Large Language Model (LLM) Agents increasingly as-
sume critical roles in complex decision-making processes,
from iterative medical diagnosis support (Kaur et al. 2024;
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Gebreab et al. 2024) to multi-stage financial risk assess-
ments (Park 2024), understanding their potential biases be-
comes crucial for ensuring fair and reliable Al-assisted de-
cisions. Although there has been a significant amount of re-
search on demographic and social biases in Al systems (Pa-
pakyriakopoulos et al. 2020; Buolamwini and Gebru 2018),
and some studies have started to look into cognitive biases
in LLMs (Echterhoff et al. 2024; Koo et al. 2023), the possi-
bility of choice-supportive bias in LLM Agents has not been
thoroughly investigated.

Choice-supportive bias, a well-documented phenomenon
in human cognition where individuals tend to attribute
more positive features to options they have chosen (Lind
et al. 2017; Kafaee, Marhamati, and Gharibzadeh 2021),
could impact the objectivity of LLM agent-based evalua-
tions. This bias is particularly concerning in situations in-
volving multi-agent systems or iterative decision processes,
where its effects could potentially compound and lead to
drastically skewed assessments. For instance, in a chain of
LLM Agents collaborating on a complex task, each agent’s
choice-supportive bias could theoretically amplify through
the decision chain, possibly resulting in severely distorted
final outputs. The bias also poses risks in decision-making
contexts, as agents may provide persuasive explanations for
their choices even when the underlying analysis is flawed.
It is essential to address these pervasive biases to develop
robust and trustworthy Al systems that can enhance hu-
man decision-making capabilities without unintentionally
amplifying cognitive distortions as LLM Agents continue
to evolve and take on more sophisticated roles in decision
support systems (Ye et al. 2024; Li et al. 2024).

This paper aims to explore this bias, examining its preva-
lence, manifestations, and possible influencing factors. To
do this, we derive our approach from human memory exper-
iments from (Henkel and Mather 2007), employing the two-
alternative forced choice (2AFC) paradigm (Fechner 1860)
to test the presence of such bias on LLM agents. From the
experiments, we find that LLM agents can produce skewed
facts related to their choice - by assigning positive traits to
the choice and negative traits to the other options, provid-
ing evidence of this bias. Furthermore, since the traditional
human experiments depend on benchmarking the memory -
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Figure 1: The overview for the memory-based experiment for testing the Choice-supportive bias for LLM agents.

which aligns with the input context for an agent - the choice-
supportive bias for LLM agents may seem mitigated as they
can stick to the facts in the context better, reducing contex-
tual hallucination (Chuang et al. 2024; Ainsworth, Wycliffe,
and Winslow 2024). To examine the choice-supportive bias
without relying on memory, we utilize established cognitive
research findings and adjust the experiment to prioritize ex-
planation over memorization. We conduct experiments us-
ing LLM agents and reveal that such bias may exist widely
in LLMs and various situations. Additionally, very slight
changes such as the inclusion of “to you” in the prompt
could greatly impact the bias. Lastly, we conduct this ex-
periment with a large group of well-educated human partic-
ipants (n = 284) to compare, and the results show that some
agents can outperform humans as evaluators in our experi-
mental settings.

In summary, we contribute to the LLM agent community
with interdisciplinary research in psychology, and our core
contributions to LLLM agent’s choice-supportive bias are as
follows:

e The first demonstration for LLM agents can manifest
memory-driven choice-supportive bias, in the form of
contextual hallucination (Henkel and Mather 2007);

A novel evaluation-based test method that designated to
assess the LLM agent’s choice-supportive bias, without
relying on the standard forgetting process used in human
experiments;

Findings and suggestions on LLM agent’s behavior
regarding choice-supportive bias, include: 1) choice-
supportive bias is pervasive with open/closed source
LLM agents, and this bias persists across scenarios; 2)
Even if contextual hallucination mitigates, the bias may
still exist; 3) Perceived controls in prompts may amplify
bias;

The initial comparison of LLM agents and human ad-
vanced degree holders regarding choice-supportive bias
indicates that some LLM agents may be superior evalua-
tors in the context of this bias.
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Related Work

Choice-supportive Bias in Human Choice-supportive
bias is a cognitive phenomenon where individuals tend to
exaggerate the benefits of their choices, and it can mani-
fest as false memory (Mather and Johnson 2000; Mather,
Shafir, and Johnson 2000), misattributing positive features
to chosen options and negative features to foregone alterna-
tives (Mather, Shafir, and Johnson 2003; Henkel and Mather
2007). Unlike more overt biases like in gender(Ruiz-Cantero
et al. 2007; Hamberg 2008) and races (Smith-McLallen et al.
2006), it affects memory and perception of previous deci-
sions (Mather and Johnson 2000). This bias may result in
overly favorable assessments of previous decisions, possibly
strengthening inefficient decision-making habits (Svenson,
Salo, and Lindholm 2009). In professional contexts, it could
result in the persistence of escalated commitments, poor de-
cisions, and a decline in organizational performance (Zorn
et al. 2020). While extensively studied in humans, its po-
tential presence in LLM agent systems remains unexplored.
This study is believed to be the first thorough examination of
choice-supportive bias in LLM agents, using experimental
paradigms from key studies in human cognitive psychology
(Mather and Johnson 2000; DeKay et al. 2014).

LLM Agents in Evaluations and Decision-making
LLM agents have rapidly emerged as powerful tools in vari-
ous evaluation situations. Their applications span multiple
domains, from assessing machine translation quality (Lu
et al. 2023) and summarization effectiveness (Gao et al.
2023) to evaluating code generation (Zhuo 2023) and factual
consistency (Cohen et al. 2023). Beyond simple evaluations,
LLM agents have expanded into complex decision-making
applications. They are now employed in sequential decision-
making tasks (Shinn, Labash, and Gopinath 2023), financial
modeling (Gao et al. 2024), game-playing (Ma et al. 2023),
and even human-Al collaborative decision support systems
(Zheng et al. 2023). This integration into high-stakes deci-
sion processes amplifies the importance of identifying and
mitigating potential biases in these LLM agents. Further-
more, studies have shown that LLMs may fail to give cor-
rect solutions when misleading information was introduced
(Wang, Yue, and Sun 2023), raising concerns about their re-
liability. To enhance LLM agents’ decision-making capabil-



ities, frameworks such as Chain-of-Thought prompting (Shi
et al. 2024), ToT (Yao et al. 2024), BoT (Yang et al. 2024),
and ReAct (Yao et al. 2022) have been developed. These
approaches enable advanced logical thinking, but they also
bring about new challenges in how biases could be revealed
through agent interactions. Our study aims to explore the
choice-supportive bias present in LLM agents as they take
on more critical decision-making responsibilities. To under-
stand how LLM agents manifest choice-supportive bias, we
adapt the experiments from psychology research (Henkel
and Mather 2007; Lind et al. 2017), and turn them into
chained agent tasks. Also, we adapt tested scenarios from
previous human behavioral research (Zorn et al. 2020) to
serve as the background for some of the prompt used in our
experiment.

Methods
Memory-based Experiments

Our study adapts the memory-based experiments (Henkel
and Mather 2007) to investigate choice-supportive bias
(Lind et al. 2017) in LLM agents. We replicate the human
experimental setting to enable direct comparison with hu-
man data.

The procedure consists of two main parts: a choice task
and a recall task. The choice task employs a Two-Alternative
Forced Choice (2AFC) paradigm (Bogacz et al. 2006),
where agents are forced to select a total of five options from
each of five pairs of options, based on ten features per option.
The features can be either positive, such as “very comfort-
able seats”, or negative, like “unidentified rattling sound”.
Whether positive or not is not shown directly to the agent. In
the subsequent recall task, the agent continue the previous
conversation and recall the features for the options, assign-
ing both seen and new (distractor) features to the options.

We measure hits and false alarms to both studied items
and new items. Responses are collected in a structured JSON
format. Data is separated based on whether the attribution is
for the new features, paralleling the human studies. We em-
ploy the ANOVA and dependent measure commonly used
in source monitoring studies (Klauer and Meiser 2000) to
examine the statistics of the features. Specifically, we inves-
tigate the mean attribution accuracy of positive and negative
features to the chosen and unchosen (rejected) options, as
this better reflects the cognitive bias of the model. If there
is no bias, the accuracy for chosen and rejected should be
close. To examine choice-supportive memory attribution, we
also imitated the score dependency measure used in (Henkel
and Mather 2007) to evaluate bias towards attribution to the
chosen option, thus demonstrating choice-supportive bias.
(See appendix)

Evaluation-based Experiments

While memory-based experiments provide insights into
choice-supportive bias in LLM agents, they may be sus-
ceptible to improvements for contextual hallucinations or
the LLM’s ability to simply refer to information from ear-
lier contexts. To address these limitations and investigate
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whether choice-supportive bias persists even without the in-
fluence of contextual memory, we design a set of assess-
ment experiments that are not reliant on memory. These
experiments are adapted from established psychological re-
search methodologies (Tversky and Kahneman 1974; Dun-
ning, Meyerowitz, and Holzberg 1989; Snyder, Stephan, and
Rosenfield 2018) and designed to isolate the attribution as-
pect of choice-supportive bias.

The evaluation-based experiments aim to examine how
agents explain positive and negative characteristics to cho-
sen and unchosen options when they do not rely on recall
of previously presented information. This approach allows
us to investigate whether agents exhibit choice-supportive
bias in their reasoning processes, independent of memory
effects (Tversky and Kahneman 1974). We employ a modi-
fied 2AFC procedure, adapted for LLM evaluation.

This experiment consists of two LLM agents. The
decision-making agent is presented with two options, each
described by a set of shuffled features/characters: three pos-
itive, three negative, and three neutral. This agent analyzes
the options and makes a decision, providing reasoning for
its choice. The evaluation agent then receives information
about both candidates and the decision made and is tasked
with evaluating three neutral characteristics of the chosen
candidate. This balanced design allows us to measure bias
in attribution without introducing inherent favorability in
the options themselves. To explore the robustness of choice-
supportive bias in LLMs and investigate factors that may in-
fluence its manifestation, we implement several experimen-
tal variations:

1. Model Comparison: We conduct experiments across
open- and closed-source LLM models, which were select
based on their prevalence in research and industry applica-
tions (Chen et al. 2021; Brown 2020). Due to computational
constraints, not all models are tested on all variations, but
we select popular LLMs in this empirical study to ensure
the conclusion’s universality.

2. Scenario Diversity: We generate a diverse set of
decision-making scenarios to test the generalizability of
choice-supportive bias across different contexts. These sce-
narios are created using a template-based approach, drawing
from a pool of attributes and common scenarios.

3. Perceived Control: We perform minimalist modifica-
tion to prompts to alter the LLM’s perception of its control
over the decision, based on findings from human and LLM
studies (Chambon et al. 2020; Schubert et al. 2024; Lefebvre
et al. 2017; Leotti, Iyengar, and Ochsner 2010).

The prompts are created from previous studies on choice-
supportive bias in humans, and they are meticulously crafted
to ensure consistency among models while also meeting
each model’s individual needs (Devlin 2018; Chen et al.
2021). The given features for options, the order for the fea-
tures, and the order for the options are randomly chosen
and shuffled before each interaction to control for potential
content-specific biases (Cook and Campbell 2007; Carmines
1979).

Responses are formatted in a structured JSON format by
a separate agent. This standardized format facilitates auto-
mated analysis and allows for easy comparison across dif-
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Figure 2: The overview for the evaluation-based experiment for testing the Choice-supportive bias for both LLM agents and

human participants.

ferent experimental conditions and models.

The analysis is conducted by a GPT-40 agent, which eval-
uates the degree of implicit support for the chosen option in
the Evaluation agent’s responses. This agent uses a scoring
system ranging from -5 to 5, which we termed the “Ten-
dency Score”. Positive scores indicate positive evaluation
and negative scores indicate negative evaluation. Prior to the
main experiment, we conduct a pilot study with a subset of
responses and the scores (n > 100). Three authors validate
the result manually and reach a consensus on the validity of
the given scores.

We quantify choice-supportive bias by comparing the pro-
portion of positive and negative attributes assigned to cho-
sen versus unchosen options (Tversky and Kahneman 1974),
as well as by analyzing the scores provided by the evalua-
tion agent. Statistical analysis includes calculation of attri-
bution bias scores, comparative analysis across experimen-
tal variations and models, and statistical tests to assess the
significance of observed biases (Cook and Campbell 2007;
Carmines 1979).

Human Experiments

Our comparative study with university-educated participants
enabled direct measurement of choice-supportive bias be-
tween human and LLM agents (Dooley et al. 2021). The ex-
perimental design mirrors the evaluation-based experiments
conducted with LLM agents. Participants are presented with
the same decision-making scenarios and context used in
the LLM experiments through an online questionnaire plat-
form. In the main task, participants are presented with mul-
tiple decision-making scenarios. For each scenario, they: a.
Choose between two options, each described by a set of
properties (three positive, three negative, and three neutral).
b. Provide evaluation for three neutral characteristics of their
chosen and unchosen option.

To ensure consistency with the LLM experiments, re-
sponses are evaluated using the same agent employed in the
evaluation-based study. This agent assesses the degree of im-
plicit support for the chosen option in participants’ explana-
tions, using the same scoring system ranging from -5 to 5.
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Results

Memory-based Bias Manifested as Contextual
Hallucination

To understand whether LLM Agents have choice-supportive
bias, we choose 17 LLMs from five LLM families (GPT,
Claude, Llama, Mistral, and Qwen) to conduct the tra-
ditional memory-based experiment for measuring choice-
supportive bias. This setup ensures that we can cover both
opened and closed-sourced LLMs, of different sizes in
model, and with MoE architecture or not. All of the LLMs
chosen have some popularity among users, ensuring our
conclusion has some universal applicability.

We adapt the paradigm and the options from (Henkel and
Mather 2007). For each round of the experiment, the order
of each option and its features are shuffled randomly, and the
temperature is set to zero to ensure reproducibility.

Theoretically, since all of the options and their fea-
tures are presented in the earlier context when an agent is
prompted to “recall”, they should be able to respond cor-
rectly, otherwise, they are producing contextual hallucina-
tions (Ainsworth, Wycliffe, and Winslow 2024).

The results are presented in Figure 3 and Figure 4, and we
revealed four major empirical insights from the results:

Bias exists across most of the models for attributing pos-
itive features to chosen options When an LLM agent
needs to attribute a seen positive feature, it would be more
likely to attribute that feature to their chosen option. The
ANOVA results reveal significant effects for choice of LLM
(F=29.63, p < 0.001) and option (F = 3454.61, p < 0.001).
A significant interaction between choice of LLM and option
is also observed (F = 18.78, p < 0.001). The option’s ef-
fect is particularly strong, with the highest F-value. These
findings indicate that LLM agents strongly favor attributing
positive features to their chosen options.

Bias manifests differently for seen negative features
The GPT family is more likely to assign seen negative fea-
tures to chosen features, rather than unchosen ones, indicat-
ing a novel type of bias that tends to attribute any features to
their chosen option. However, the rest of the LLM families



Figure 3: The mean accuracy for the recalled SEEN items
in memory-based experiment when the participant (LLM or
human) tries to respond to the features mentioned before.
Positive/negative is a property for the item of the choices,
and chosen/rejected reflects the original choice that the par-
ticipant made. Closer accuracy between chosen and rejected
indicates less bias. The human data is from (Henkel and
Mather 2007).

either align with the human result (e.g., Claude 3.5 Sonnet)
or exhibit stronger choice-supportive bias (e.g., Llama3.1
8B).

Smaller models are more likely to have more bias With
the same LLM family and generation, the scores are gener-
ally smaller for larger models (See appendix). This may also
apply to MoE models. Also, It is worth noticing that agents
with some models (e.g., Claude 3.5 Sonnet) do not exhibit
significant choice-supportive bias in the memory-based ex-
periment.

Most of the models do not manifest bias for new features
in the memory-based experiment This is because most
of the tested LLMs can identify new items from seen ones.
Exceptions are usually for smaller models.

Evaluation-based Bias Differs across Models

We posit that choice-supportive bias is prevalent across
agents with different LLMs. After deciding between given
options, LLMs tend to interpret neutral characteristics of
their chosen option with a more positive disposition, while
construing neutral features of unchosen options with a more
negative disposition. This bias persists even when the orig-
inal descriptions lack inherent positive or negative conno-
tations. We framed our experiment with the scenario used
in previous choice-supportive study (Zorn et al. 2020). The
decision-making agent was tasked with selecting a preferred
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Figure 4: The mean accuracy for the memory-based experi-
ment for LLM agents when the participant (LLM or human)
tries to respond to NEW (UNSEEN) features of choices (dis-
tractor). Closer accuracy between chosen and rejected in-
dicates less bias. The human data was from (Henkel and
Mather 2007).

candidate and explaining the neutral features of both the
chosen and unchosen candidates. The agent was instructed
to make a selection and then interpret the neutral traits of
both the chosen and unchosen candidates. To ensure the gen-
eralizability of our findings, we selected 19 popular LLM
models from various families, namely GPT, Claude, Qwen,
Mistral, and Llama, encompassing diverse architectures and
parameter sizes. We conducted 50 iterations of the experi-
ment for each model, randomizing the assignment of pos-
itive features, negative features, and neutral features to the
two options in each iteration. We calculated the mean and
standard error (SE) of the Tendency Scores for both cho-
sen and unchosen candidates’ neutral trait interpretations
across all models. The scoring data for each model under-
went a two-factor ANOVA test, accounting for model type
and selection difference. The resulting p-values were consis-
tently below 0.01, confirming the statistical significance of
our data (See Figure 5). Our data revealed that the majority
of models exhibited choice-supportive bias. When interpret-
ing neutral traits of selected candidates, most models tend
to yield Tendency Scores greater than or close to 0, indi-
cating a propensity to explain these traits from an approv-
ing or objectively neutral perspective. The Llama-3-1-70B
model demonstrated the least choice-supportive bias, with
its tendency to approach neutrality for chosen candidates.
Conversely, all models produced negative Tendency Scores
when interpreting neutral features of unchosen choices, sug-
gesting a universal inclination to explain these features from
a negative standpoint. This phenomenon aligns with our an-
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Figure 5: The mean scores of LLM Agents and human par-
ticipants’ choices and their corresponding SE. The horizon-
tal axis represents the average score of each agent, while the
vertical axis represents different agents. Each agent is asso-
ciated with two endpoints, corresponding to the scores for
the chosen/rejected options. The size of the endpoints rep-
resents the standard error, with larger endpoints indicating
higher SE.

ticipated choice-supportive bias in LLMs.

Evaluation-based Bias Exists across Scenarios

To demonstrate the generalizability of LLM agents’ choice-
supportive bias, we expanded testing to four additional do-
mains: life choices, personal preferences, public policy, and
healthcare decision-making. For each scenario, Claude 3.5
Sonnet generated both the options and their associated pos-
itive, negative, and neutral features. These features under-
went manual screening to ensure they: 1) could be randomly
assigned and appropriately matched to any option, and 2)
met clear criteria for distinct positive attributes, distinct neg-
ative features, and neutral descriptions without implicit bias.
Based on consistent performance in previous evaluation ex-
periments, we selected GPT-40 as the evaluating agent. Full
results are provided in the appendix.

The additional scenarios confirmed consistent choice-
supportive bias across different fields. Analysis revealed sig-
nificantly higher tendency scores for explanations of neu-
tral features when associated with chosen versus uncho-
sen options. All new experiments yielded p-values < 0.01,
demonstrating statistical significance. These findings estab-
lish choice-supportive bias as a robust phenomenon that per-
sists across diverse decision-making contexts.

Perceived Control May Matter in Prompt
Constructions
In psychology, individuals’ perceived control over a choice

can alter how they weight different information (Cham-
bon et al. 2020; Lefebvre et al. 2017; Leotti, Iyengar, and
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Figure 6: Impact of perceived control on Choice-supportive
bias in language models, comparing mean scores for chosen
and rejected options with different prompts. Error bar is for
SE.

Ochsner 2010). In 2024, similar phenomena have been ob-
served in LLMs: some researchers found that when prompts
shift from second-person to third-person narrative - reducing
the model’s perceived control - LLMs consider correct and
incorrect decisions more equitably during learning (Schu-
bert et al. 2024). Given the prevalent use of second-person
“you” in common prompt construction, it is crucial to in-
vestigate how this narrative style, which induces perceived
control, affects choice-supportive bias.

To explore this possibility in the context of choice-
supportive bias, we minimally modify the original evalua-
tion agent prompt, changing “was chosen” to “was chosen
by you”, and the rest of the experiment setup mirrors the
original experiment stated earlier. The mean and variance
for the experiment can be seen in Figure 6.

The results reveal a significant difference between the two
conditions. In the original condition without “by you,” the
chosen option receives a mean score of 2.30 (SE: 2.09),
while the rejected option scores -1.6 (SE: 0.82). A t-test for
this condition shows a significant difference (F = 13.43, p <
0.001). When the perceived control is introduced, the dispar-
ity between chosen and rejected options becomes even more
pronounced. The chosen option’s mean score increases to
3.50 (SE: 0.62), while the rejected option’s score decreases
to -2.3 (SE: 0.91). The t-test for this condition shows an even
stronger effect (F = 33.37, p < 0.001). We also tested other
prompt variations, as shown in Figure 6.

This stark contrast suggests that the introduction of per-
ceived control amplifies the choice-supportive bias: when
the LLM perceives itself as the decision-maker, the cho-



sen option is viewed more favorably, and the rejected option
more negatively. Moreover, the decreased variance in both
scores for the “by you” condition indicates a more consis-
tent bias across evaluations. These findings align with psy-
chological research on human decision-making, which in-
creases perceived control and often leads to stronger post-
decision rationalization.

LLM Agents can still be Better Evaluators than
Average Well-educated Human

We recruited 301 participants through mailing lists (n =
127), online forums (n = 98), and online chatrooms (n =
76). After screening for age (18+), degree status, atten-
tion checks, and completion time, 284 valid responses re-
mained. The participants were gender-balanced, with edu-
cational backgrounds comprising doctoral degrees or higher
(18%), master’s degrees (37%), and bachelor’s degrees (pur-
suing or completed, 44%). Notably, 85.20% of participants
reported attended institutions ranked in the global top 600
(U.S. News & World Report 2024). Participants were incen-
tivized with a lottery offering up to $70 USD, drawn one
month after completion. The study received IRB approval.

To directly compare with the LLM agents’ results, we cal-
culate the mean and variance for the scores (See Figure 5).
From the result, we can observe that even with higher edu-
cation, humans exhibit choice-supportive bias significantly,
with an average score for their chosen option of 2.11, and
unchosen ones of -2.17. This result indicates that the human
participants tend to explain the neutral feature negatively if
that is for the unchosen option while positively explaining
the neutral features if that is presented in their chosen option,
which aligns with the results. We also employ a paired sam-
ple t-test to compare the scores between features for their
chosen option and unchosen ones. The result shows a highly
significant difference between the groups (F = 39.815, p <
0.001). Overall, many of the tested LLMs prove to be better
evaluators than humans in terms of exhibiting less choice-
supportive bias, even when compared to well-educated hu-
man participants.

We have also revealed one interesting empirical finding
from the human data: human Participants may use personal
value to justify their biased evaluation, while agents may
not. Take participant #192 as an example, while the neutral
choices are randomly assigned, the participant says “I be-
lieve that results are more important than process” for a fea-
ture of his chosen option, while saying “I believe that great
things can be achieved without being too particular about
small details.” towards a feature for his unchosen option. To
the best of our knowledge, we do not observe such a pattern
from other LLM agents’ responses.

Discussion

Cognitive dissonance theory suggests humans experience
mental discomfort from contradictory beliefs, leading them
to favor chosen options to reduce inconsistency, resulting
in choice-supportive bias (Harmon-Jones and Harmon-Jones
2007). This bias may have transferred to LLMs through their
human-generated training data (Echterhoff et al. 2024), af-
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fecting agent evaluations. It is also possible that this bias
further evolve as LLMs were widely used to screen and gen-
erate training corpora nowadays.

Our study shows LLM agents display choice-supportive
bias through memory-based (Henkel and Mather 2007) and
evaluation-based tests. While future LLM improvements
may reduce contextual hallucinations, agents may still show
bias by evaluating chosen options more positively and un-
chosen ones more negatively. Our experiments also reveal
how context and narrative in agent prompts can be subtly but
trigger this bias. Methodologically, we provide a framework
for detecting and mitigating these biases.

To examine human-LLM differences in choice-supportive
bias and address memory-based evaluation inequities, we
developed an evaluation-based experiment benchmarking
humans against LLMs, including a large-scale human study
(n=284). We encourage future Al Psychology research to
carefully consider human-Al differences when adapting ex-
periments and drawing conclusions.

Our findings suggest two immediate mitigation strategies:
using larger models within the same family and removing
subjective perspectives from prompts. More fundamentally,
since this bias likely originates from training data, we rec-
ommend incorporating bias reduction during model train-
ing through balanced sample response generation (Raj et al.
2024). Given this bias’s subtlety compared to demographic
biases, we suggest using LLMs to identify and filter train-
ing corpora rather than keyword filtering (Gallegos et al.
2024), and implementing context-aware self-reflection in
multi-agent interactions (Borah and Mihalcea 2024) to en-
able bias self-correction.

Our study still has some limitations that warrant consid-
eration. While we adapt paradigms from existing research
(Henkel and Mather 2007; Zorn et al. 2020) and intention-
ally designed simplistic experiments, the dynamics in more
complex LLM agent applications remain an open question.
Additionally, to ensure sufficient data, we use only one rep-
resentative scenario from prior research in our human ex-
periments. Finally, there are still some other potential bias-
inducing variations that are worth investigating, such as lan-
guage (Reusens et al. 2024) and order (Zhang et al. 2024).
We believe future research can expand our work to explore
related biases (e.g., recency or confirmation bias), and ex-
plore how choice-supportive bias manifests in human-Al
collaborative decision-making dynamics.

In conclusion, our work introduces choice-supportive bias
as a new perspective for analyzing Al system biases, partic-
ularly in evaluation contexts. Our research demonstrates that
LLM agents may exhibit this bias, with subtle prompt pertur-
bations significantly amplifying it. We advocate for greater
attention to choice-supportive bias in LLM agent research
and stricter training data curation standards to address these
issues. This awareness is crucial for developing robust, ethi-
cal Al systems that can effectively support human decision-
making.
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