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Abstract

This paper examines the role of cognitive biases in the
decision-making processes of large language models (LLMs),
challenging the conventional goal of eliminating all biases.
When properly balanced, we show that certain cognitive bi-
ases can enhance decision-making efficiency through ratio-
nal deviations and heuristic shortcuts. By introducing heuris-
tic moderation and an abstention option, which allows LLMs
to withhold responses when uncertain, we reduce error rates,
improve decision accuracy, and optimize decision rates. Us-
ing the Balance Rigor and Utility (BRU) dataset, developed
through expert collaboration, our findings demonstrate that
targeted inspection of cognitive biases aligns LLM decisions
more closely with human reasoning, enhancing reliability and
suggesting strategies for future improvements. This approach
offers a novel way to leverage cognitive biases to improve the
practical utility of LLMs across various applications.

Introduction

Bias in LLMs is a critical challenge in Al research. While
significant efforts have been made to address social biases
embedded in training datasets (Bang, Chen, Lee, & Fung,
2024; Gallegos et al., 2024; Minaee et al., 2025), cognitive bi-
ases that emerge during inference processes remain underex-
plored and problematic (Suri, Slater, Ziaee, & Nguyen, 2024;
P. Wang, Xiao, Chen, & Oswald, 2024; Moore, Roberts,
Pham, & Fisher, 2024). These biases can mirror human cog-
nitive tendencies, leading to flawed decision-making. Ra-
tional deviations, a concept from psychology introduced by
Gerd Gigerenzer, suggest that not all biases are inherently
harmful. These deviations involve heuristic thinking that
simplifies decision-making, especially under uncertainty, but
they can also introduce systematic errors (Gerd, 2006; Kruis,
Maris, Marsman, Bolsinova, & Maas, 2020; Berthet, 2022).
In LLMs, these deviations manifest in design choices that bal-
ance performance and efficiency. For example, models like
GPT-4 (OpenAl et al., 2024) use context-driven token predic-
tion to generate text, prioritizing coherence but sometimes at
the cost of accuracy (Brown et al., 2020). These reasoning
shortcuts mimic human cognitive biases, leading to subopti-
mal outcomes, making their mitigation essential for develop-
ing reliable and fair Al systems.

Our research tackles these challenges by proposing a bal-
anced approach that integrates abstention as a rational re-
sponse alongside cognitive bias mitigation techniques. We
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Figure 1: Valid vote accuracy and error rates on the BRU
dataset for LLMs balancing rational deviations, both with and
without the option to abstain. ’Sta’ represents the standard
baseline used for comparison, while ’GBI’ and *SBI” denote
the proposed prompting strategies, as detailed in Section 4.

introduce heuristic moderation and an abstention mecha-
nism, enabling LLMs to withhold decisions when uncer-
tainty is high, reducing errors and improving accuracy. Us-
ing the BRU dataset, we demonstrate that scaling bias in-
spection and incorporating abstention significantly improve
model performance and align LLM decision-making with
human reasoning. Our result and dataset is available at:
hanyangzhong.github.io/BRU-website.

Related Works

Research on mitigating cognitive biases and rational devia-
tions in LLMs is extensive. Suri et al. (Suri et al., 2024)
identify human-like biases in GPT-3.5, such as anchoring and
framing effects, while Bubeck et al. (Bubeck et al., 2023)
and Binz and Schulz (Binz & Schulz, 2023) observe similar
issues, including the framing effect and conjunction fallacy,
in GPT-4 and GPT-3. Wang et al. (P. Wang et al., 2024)
show that LLMs often rely on stereotypes over statistical rea-
soning, reflecting the representativeness heuristic. Advance-
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Figure 2: QA examples from GPT-4. The Conjunction Fallacy is a subset of cognitive biases. Scaling the scope of bias
inspection can influence rational deviations, thereby impacting the outcomes of LLMs’ reasoning. To address this, we
propose a feedback loop Bias Detection module to identify the type of bias and adjust the inspection scope when an abstention
from answering is considered. This approach ensures that LLMs provide more accurate responses by systematically addressing
biases during decision-making. The detailed demonstration of the whole workflow is shown in Appendix Table 18-21.

ments suggest multi-modal and multi-agent systems (Jiang
et al., 2024) as promising solutions for enhancing LLM ra-
tionality. Grounding decisions in broader sensory contexts,
as demonstrated by Awadalla et al. (Awadalla et al., 2023)
and Bai et al. (Bai et al., 2023), helps reduce hallucinations
and improve decision-making. Yang et al. (Yang, Chen, Li,
Wang, & Yang, 2024) and Wu et al. (Wu, Lu, Sabharwal,
& Mottaghi, 2022) highlight external knowledge sources to
address model limitations, while Du et al. (Du, Li, Torralba,
Tenenbaum, & Mordatch, 2024) and Cohen et al. (Cohen,
Hamri, Geva, & Globerson, 2023) emphasize consensus and
debate mechanisms in multi-agent systems. Efforts to im-
prove LLM reliability also stress robust evaluation metrics,
as discussed by Echterhoff et al. (Echterhoff, Liu, Alessa,
McAuley, & He, 2024) and Wang et al. (S. Wang, Long, Fan,
Huang, & Wei, 2025). Wang et al. (H. Wang, Zhao, Qiang,
Qin, & Liu, 2024) further critique multiple-choice question
answering (MCQA) benchmarks and propose the MCQA+
dataset for better performance assessment. Building on this
foundation, our research bridges the gap between rational de-
viations and cognitive biases by integrating heuristic moder-
ation with abstention strategies, improving decision accuracy
and robustness in LLM reasoning and prediction.

Methodology
Phenomenon and Method Formation

Evaluating LLMs through multiple-choice questions (MCQs)
poses a key challenge: traditional metrics force defini-
tive choices, even under uncertainty, ignoring the nuanced

decision-making influenced by cognitive biases. These biases
can aid efficiency via heuristics but also cause systematic er-
rors (P. Wang et al., 2024). Accuracy metrics often fail to
differentiate between confident correct answers and correct
guesses, obscuring a model’s true capabilities and skewing
performance evaluations. For instance, high accuracy may
stem from guessing rather than informed decisions, raising
concerns about reliability in real-world use (H. Wang et al.,
2024). To address this, we propose new metrics that better
capture LLM decision-making complexities:

* Decisiveness Rate (D): Captures the model’s willingness
to commit to an answer, providing insight into how often it
prefers to abstain rather than make an uninformed guess.

* Error Rate (E): Unlike traditional metrics that simply
count correct answers, this metric focuses on the frequency
of incorrect choices, particularly under conditions of un-
certainty.

¢ Valid Vote Accuracy (A): Measures the accuracy of the
model’s decisions when it chooses to answer, thereby high-
lighting its reliability in situations where it has confidence.

These new metrics aim to offer a more accurate and nu-
anced evaluation of LLM performance, balancing reducing
error rates with improving decision accuracy. By allowing
models to abstain when uncertain, we can better align LLM
decision-making with human-like reasoning, ultimately en-
hancing their reliability and trustworthiness in practical ap-
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plications (Madhusudhan, Madhusudhan, Yadav, & Hashemi,
2024).

Strategic Abstention

Abstaining is crucial for mitigating cognitive biases in LLMs
during MCQs, enhancing accuracy and fairness. Forcing an-
swers under uncertainty can lead to biased and erroneous
responses, especially with skewed training data. Enabling
abstention helps models avoid decisions that exacerbate bi-
ases, improving reliability (Madhusudhan et al., 2024). This
is particularly important in complex reasoning tasks, where
biases are more influential. Traditional metrics rewarding
confident answers without considering uncertainty can rein-
force these biases. Abstention mechanisms allow models to
withhold responses when detecting bias or low confidence
(Balabanov & Linander, 2024; Chen et al., 2023). In criti-
cal fields like healthcare and finance, abstention reduces risks
from biased or harmful answers, enhancing reliability. By
focusing on confident responses, LLMs improve task per-
formance. Techniques like Strict Prompting and Chain-of-
Thought (CoT) effectively support abstention, balancing rigor
and utility (Madhusudhan et al., 2024; Wei et al., 2022).
Our experiments show that incorporating abstention improves
LLM decision-making in uncertain or ambiguous scenarios,
ensuring fairness and trust, especially in high-stakes environ-
ments.

Scaling the Inspection Scope

Research shows that providing LLMs with cues about cogni-
tive biases can improve accuracy in biased MCQs (Echterhoff
et al., 2024). However, improper scaling of corrective behav-
ior hinders balanced application of rational deviations. Cor-
recting biases is akin to adjusting focus: precision is key,
as overcorrection or under-correction reduces effectiveness.
Our findings indicate that LLMs become more cautious when
defining broad concepts like ”Cognitive Bias,” often opting
to “abstain,” which slightly boosts accuracy but reduces de-
cisiveness. In contrast, defining specific concepts like ”Con-
junction Fallacy” makes the model less cautious and more de-
cisive. As shown in Fig. 2, scaling the self-inspection scope
appropriately ensures a balanced approach to managing cog-
nitive biases, improving both accuracy and decisiveness.

Feedback Loop with Bias Detection

As shown in Fig. 2, the ”Bias Detection Module” is an ad-
ditional component designed to enhance the decision-making
accuracy of LLMs by identifying cognitive bias traps embed-
ded in MCQs. This module leverages the advanced reasoning
capabilities of GPT-40 to detect biases that could influence
the model’s responses. The detection process is outlined in
Algorithm 1.

The process starts with GPT-40 detecting potential biases
in the question and prioritizing the subtype most likely to im-
pact decision-making. This requires a robust model like GPT-
40 to identify subtle biases effectively. A feedback loop iter-
atively refines decision-making by integrating bias detection

Algorithm 1 Feedback Loops with Bias Detection
1: Initialize: Bias <— None, LoopCount < 0

Decision < ANSWERMODEL(MCQ)

while LoopCount < MaxLoops and Decision = Abstain do
Bias < DETECTMODEL(MCQ)
Decision < ANSWERMODEL(MCQ, Bias)
LoopCount <— LoopCount + 1

end while

Qutput: Decision

Misjudgment of Probability
Base Rate Fallacy (40)
Conjunction Fallacy (15)
Insensitivity to Sample Size (30)
Gambler’s Fallacy (20)

Errors in Judgment
Regression Fallacy (35)
Anchoring Bias (20)
Overconfidence Bias (30)
Sunk Cost Fallacy (15)

Table 1: Categories and Quantities in the BRU Dataset

into responses. The loop continues until a bias is found or a
maximum number of iterations is reached, enabling dynamic
adjustment and uncovering less obvious biases.

A limitation is that “abstention” is never a correct ground
truth answer. If the ANSWERMODEL selects ’abstention,” the
loop may continue until the iteration limit, delaying a valid
answer. To address this, we restrict the loop to one iteration,
allowing “abstention” as an option while refining the output
without indefinite looping. Future work could explore multi-
iteration loops and nuanced modifications to improve adap-
tive bias detection.

Dataset and Experimental Setup
Dataset Setup

The BRU dataset used in this study includes 205 MCQs,
designed to comprehensively test cognitive biases in lan-
guage models. Unlike datasets like MMLU (Hendrycks et al.,
2021), which cover broad question categories but have lim-
ited relevance to cognitive biases, or Truthful QA (Lin, Hilton,
& Evans, 2022) and PIQA (Bisk, Zellers, Bras, Gao, & Choi,
2020), which focus on factual correctness and commonsense
reasoning, the BRU dataset addresses a wider range of cogni-
tive biases.

Developed by an experienced psychologist with input from
amedical data expert for reliability, the dataset was optimized
by NLP specialists for clarity in testing LLMs. Each bias sub-
category is well-documented with detailed descriptions, as
shown in Table 1 and Appendix A (Tables 9-12, Figs. 1 and
5), ensuring transparency and traceability. These resources
provide comprehensive insights into the dataset’s composi-
tion and question design.

Models and Prompting

In our study, we evaluate the performance of three LLMs:
GPT-4 (OpenAl et al., 2024), Gemini 1.0 Pro (Pichai & Has-
sabis, 2023), and LLaMA3-70B (Meta, 2024). To thoroughly
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assess their capabilities and decision-making processes, we
employ various prompting techniques to mitigate or encour-
age heuristic thinking. These techniques are crucial for un-
derstanding how LL.Ms navigate cognitive tasks and biases.

Abstention Prompting Abstention prompting allows the
model to refrain from making a decision when uncertain:

If you prefer not to make a decisive choice, then select
option E.
E: I am not sure which choice is the best to select.

This reduces incorrect answers by avoiding guesses and im-
proving accuracy by encouraging the model to make deci-
sions only when confident. The option E is designed to aid
the final result statistics.

Non-Abstention Prompting This prompting forces the
model to make a choice:

You can only choose one option.

This evaluates the LLM’s performance under pressure by re-
quiring it to make decisions even when uncertain. It assesses
the model’s ability to handle forced-choice scenarios, reveal-
ing its strategies for making informed guesses despite uncer-
tainty.

General Bias Inspection Consider the set of all cognitive
biases, denoted as B = {by,by,bs,...,b,}, where each ele-
ment b; represents a distinct cognitive bias. General Bias In-
spection (GBI) involves a comprehensive review of the entire
set B to identify and mitigate any cognitive bias in decision-
making. This approach ensures that the model is broadly
aware of the full spectrum of cognitive biases, enabling it to
self-check for potential bias influences. By reflecting on the
general concept of cognitive bias, defined as any systematic
deviation from rational judgment, GBI promotes overall bias
mitigation by considering the union of all possible biases UB:

Please provide a definition of cognitive bias and iden-
tify any instances of these biases in the decision-making
process.

Specific Bias Inspection  Specific Bias Inspection (SBI) fo-
cuses on a particular subset of cognitive biases, denoted as
S C B, where S represents a specific group of related biases
relevant to the current context or question. For example, if
S = {b3} represents biases related to probability misjudg-
ments, such as the Base Rate Fallacy and the Gambler’s Fal-
lacy, SBI involves a focused analysis on this subset S. This
targeted approach allows the model to concentrate on the
most pertinent biases for a given scenario, enhancing accu-
racy by mitigating the influence of specific biases US rather
than the entire set B:

Please provide a definition of the Base Rate Fallacy,
then identify any instances of this specific bias in the
decision-making process.

This targeted approach enables more precise and context-
sensitive bias analysis.

Bias Detection Module To further enhance the model’s
ability to detect potential ”bias traps” in questions, we intro-
duce a dedicated prompt for the Bias Detection Module:

Please identify which cognitive bias trap is contained
in this question and return the cognitive bias type. The
most likely cognitive bias trap is _.

This prompt enables the model to identify specific cognitive
biases embedded in each problem. Although the model may
list all relevant bias subtypes, each question is designed to
target a particular bias subtype, creating a hierarchy of rele-
vance. In our experiments, we select the highest-priority bias
subtype as the output, ensuring that the most significant cog-
nitive bias is accurately identified and addressed.

Evaluation Criteria

In evaluating the reasoning outcomes of LLMs, we catego-
rize the reasoning process and results using the notations TT,
TF, FT, and FF. These represent the following scenarios: a
correct reasoning process with a correct result (TT), a correct
reasoning process with an incorrect result (TF), an incorrect
reasoning process with a correct result (FT), and an incorrect
reasoning process with an incorrect result (FF). The symbol
O denotes instances of “abstention,” where the model selects
option E. For the statistical analysis, the Decisiveness Rate D
is defined as follows:

_ N, total — N o
N total

D

where Np represents the number of abstained questions and
Niorar TEpresents the total number of questions in the BRU
dataset. The Error Rate FE is defined as:

__ Nrr+Nrr

E =
Ntotal 7N0

Here, Nrr and Nrp denote the number of questions with
incorrect results. The Valid Vote Accuracy A is given by:

_ Nrr+Nrr

A=_22 T7
Niotal —No

where Nrr and Npr indicate the number of questions with
correct results. It should be noted that the ground truth an-
swers are manually annotated, excluding the reasoning pro-
cess content. The accuracy of the LLM’s reasoning is as-
sessed through a manual review of the dialogue context.
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+ Non-Abstention

+ Abstention

Model / Accuracy A —gir g GBI SBI Standard GBI SBI
GPT-4 33.2 68.3 (+35.1) 79.0 (+45.8) 48.4 73.8 (+25.4) 93.5 (+45.1)
Gemini 1.0 Pro 44.4 71.2 (+26.8) 80.0 +35.6) 44.6 75.5 (+30.9) 91.1 (+46.5)
LLaMA3-70B 22.4 43.9 (+21.5) 50.2 +27.8) 18.3 37.1 (+18.8) 54.8 (+36.5)

+ Non-Abstention + Abstention

Model /Error Rate £ —g g GBI SBI Standard GBI SBI
GPT-4 66.8 31.7 -35.1) 21.0 (-45.8) 38.5 10.7 (27.8) 3.9 (346
Gemini 1.0 Pro 55.6 28.8 (-26.8) 20.0 (-35.6) 47.8 12.7 ¢:35.1) 6.3 (-41.5)
LLaMA3-70B 717.6 56.1 (-21.5) 49.8 (-27.8) 76.1 40.5 (-35.6) 31.7 (-44.9)

Table 2: Prediction accuracy and error rate of GPT-4, Gemini 1.0 Pro, and LLaMA3-70B in Non-Abstention and Abstention
experiments (%) on the BRU dataset with different prompting strategies. Bold numbers indicate the relative extrema. Differ-
ences between Standard groups with and without abstention are shown with & values in black.
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Figure 3: The combination of TT, TF, FT, FF, and O rates for GPT-4, Gemini 1.0 Pro, and LLaMA3-70B on the BRU dataset
using different prompting strategies. "NA-" denotes Non-Abstention, ’A-’ denotes Abstention, and *Sta’ represents the Standard
used for comparison. The detailed distributions of the TT, TF, FT, FF, and O rates for GPT-4, Gemini 1.0 Pro and LLaMA3-70B

are elaborately listed in Appendix Tables 5, 6 and 7.

Experimental Results
Scaling Bias Inspection Effect Findings

In the context of Non-Abstention, with ”Standard” serving
as the control group, significant improvements in A score are
observed for GPT-4, Gemini 1.0 Pro, and LLaMA3-70B on
the BRU dataset when employing the prompting techniques
GBI and SBI, as shown in Table. 2. Notably, the A score en-
hancement is more pronounced with SBI. Specifically, GPT-
4, Gemini 1.0 Pro, and LLaMA3-70B achieve A score of
79%, 80%, and 50.2%, respectively, when utilizing SBI in
Non-Abstention. This underscores the effectiveness of the
GBI and SBI prompting strategies. The heightened accuracy
with SBI, attributed to its narrower and more targeted cog-
nitive bias scope, supports our hypothesis that specific guid-
ance in bias inspection can significantly boost the accuracy of
LLM responses.

Abstention Effect Findings

As shown in Table 2, the abstention effect reveals significant
shifts in model performance. (see Appendix Tables 3, 4). In-
troducing the abstention option generally boosts the A score

but reduces the decision number, as depicted by the grey bars
in Fig. 3. For GPT-4, the A score improves from 33.2% to
48.4%, indicating effective avoidance of incorrect answers
through abstention. Gemini’s A score also sees a slight in-
crease from 44.4% to 44.6%. Conversely, LLaMA3-70B’s
A score drops from 22.4% to 18.3%, highlighting its weaker
decision-making capabilities. E score decreases notably with
abstention: GPT-4’s drops from 66.8% to 38.5%, and Gemini
1.0 Pro’s from 55.6% to 47.8%. LLaMA3-70B experiences a
minor reduction from 77.6% to 76.1%. These results suggest
that abstention reduces errors and leads to fewer decisions.

Combination Test Findings

Before conducting the combination tests, we assessed
whether the Abstention technique offered greater benefits
than GBI and SBI. As shown in Table 2, the improvements
from abstention (highlighted in green) are generally less sig-
nificant than those from GBI and SBI. However, GPT-4
gains more from abstention rights than Gemini 1.0 Pro and
LLaMA3-70B. Under the Abstention condition, GPT-4 per-
forms best with SBI, while Gemini 1.0 Pro peaks with SBI
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Figure 4: Distribution chart of abstention rates for GPT-4, Gemini 1.0 Pro, and LLaMA3-70B across different question types
in the BRU dataset with Abstention enabled and using different prompting strategies.

under the Non-Abstention condition. Fig. 3 also shows that
GPT-4 abstains more frequently than Gemini 1.0 Pro, adopt-
ing a “fewer decisions, fewer mistakes” strategy. Although
this approach indicates emergent intelligence, excessive ab-
stention has potential risks, which will be discussed further.
In Fig. 3, the green bars represent the proportion of correct an-
swers, which increases with GBI and SBI but decreases with
Abstention, consistent with earlier findings. Conversely, the
E decreases when Abstention, GBI, or SBI are introduced.
Among the tested combinations, Abstention+SBI allows all
three LLMs to achieve the highest A score of 93.5% and the
lowest E score of 3.9%, as shown in Table 2. Notably, GPT-4
and Gemini 1.0 Pro using Abstention+SBI achieve near-zero
E scores of 3.9% and 6.3%, respectively, demonstrating the
value of minimizing decision risk.

Bias Detection Loop by GPT-40

Using GPT-4o for bias detection in 205 questions, the model
accurately identified the specific bias subtype 65% of the
time. In an additional 15% of cases, it matched a parent cate-
gory or synonym of the bias subtype (details in Appendix Ta-
ble 8) , resulting in a cumulative 80% recognition rate. This
demonstrates the module’s ability to align closely with actual
biases, effectively bridging GBI and SBI methods. This high
recognition rate enables dynamic adjustment of the bias de-
tection scope, enhancing decision accuracy and minimizing
errors. By refining bias recognition, the model seamlessly
transitions from broader GBI to precise SBI, improving D
scores and reducing E scores.

Abstention Patterns for Question Types

When LLMs are allowed to abstain, their abstention rates
generally fluctuate across question types, as shown in Fig. 4.
However, question types like the Sunk Cost Fallacy, Anchor-
ing Bias, Overconfidence Bias, and Regression Fallacy (high-

lighted in orange) deviate from this trend. These Errors in
Judgment, less common in training data than Misjudgment of
Probability concepts, are more likely to be overlooked. Un-
der GBI alone, LLMs may miss these traps, leading to over-
confidence and lower abstention rates. With SBI, the model
recognizes these biases, shifting from overconfidence to un-
certainty, reflected in higher abstention rates. This highlights
how identifying specific biases, such as the ”Sunk Cost Fal-
lacy,” prompts LLMs to reconsider their judgments. The Bias
Detection Loop module addresses this by using GPT-40’s rea-
soning to transition GBI abstention into automatic SBI recog-
nition, boosting both D and A scores.

Conclusion

This study examines the roles of cognitive biases and rational
deviations in LLM decision-making, showing that leveraging
certain biases through heuristic moderation and strategic ab-
stention can be beneficial. The BRU dataset reveals that SBI
prompting, combined with the option to abstain from uncer-
tain decisions, reduces errors and aligns LLM reasoning with
human patterns. The findings demonstrate that integrating ab-
stention with targeted bias inspection, like SBI, significantly
enhances accuracy and reliability. Models such as GPT-4 and
Gemini 1.0 Pro achieve notable improvements in decision
accuracy by abstaining under uncertainty, better replicating
human-like judgment. The proposed Bias Detection Loop fa-
cilitates a seamless transition from GBI to SBI, combining
inspection scopes without over-relying on abstention, further
improving accuracy and utility. This research underscores
the value of balanced bias management in LL.Ms, showing
that biases, when properly moderated, can enhance practical
utility in applications like conversational agents and decision
support systems. It establishes a foundation for further ex-
ploration of how balancing biases and rational deviations can
improve LLM performance, particularly in MCQs.
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