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ABSTRACT
Large Language Models have revolutionized a wide range of do-
mains—including education, healthcare, law, and industry—by en-
abling the automation of complex tasks through advanced natural
language understanding and text generation.

However, their widespread deployment has raised significant eth-
ical and practical concerns, particularly regarding the biases embed-
ded in their outputs. While social biases in LLMs have been exten-
sively examined across the literature, cognitive biases—systematic
patterns of deviation from normative reasoning rooted in human
cognition—remain comparatively underexplored. These biases pose
a unique challenge, as they can be subtly introduced, for instance,
through prompt design or inherited from training data. Therefore,
the study of cognitive biases in LLMs represents an emerging and
increasingly critical area of research.

This work presents a structured investigation into the presence,
detection, and mitigation of cognitive biases in LLMs. We propose
a three-stage experimental strategy: (1) evaluating the influence
of prompt-induced cognitive biases on model outputs, (2) explor-
ing bias detection strategies based on Retrieval-Augmented Gen-
eration systems enhanced with cognitive theory knowledge and
incorporating agent-based reasoning elements, and (3) mitigating
bias effects through warning-based interventions. Our findings aim
to contribute towards a better understanding of LLMs’ alignment
with human cognition and offer a foundation for safer and more
trustworthy AI systems.
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1 INTRODUCTION
Large Language Models (LLMs) have significantly impacted mod-
ern society by enhancing automation and decision-making across
critical sectors. However, as their integration into daily workflows
becomes more widespread, concerns surrounding their ethical use
and reliability are growing.

Among the most prominent issues is the presence of biases in
model outputs. Much of the current research and public discourse
has focused on social biases—such as those related to gender, race,
or ideology. In contrast, cognitive biases, which stem from the
structure of human reasoning itself, have received comparatively
less attention despite their pervasive and subtle influence. Recent
studies suggest that LLMs can mirror these patterns, potentially
leading to flawed inferences or misleading information.

1.1 Motivation and Objectives
As AI systems become increasingly embedded in decision-making
processes, it is crucial to ensure they do not perpetuate or amplify
human cognitive biases. Understanding how these biases influence
LLM outputs—and developing ways to detect and mitigate them—is
essential for building equitable and robust AI applications. The
main objectives of this work are:

• To investigate the extent to which prompt-induced cognitive
biases affect the responses of LLMs.

• To explore and evaluate bias detection and classification
strategies that combine reasoning models and agents en-
hanced by cognitive theory, using Retrieval-Augmented Gen-
eration (RAG) systems.

• To propose and assess a mitigation strategy that generates
warnings for biased prompts, aiming to reduce their impact
on LLM outputs.
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This paper is organized as follows. Section 2 provides a compre-
hensive overview of LLMs, covering their historical development
and current limitations. Section 3 examines the emergence of bi-
ases in LLMs, highlighting the challenges and recent advances in
addressing cognitive biases, as well as the current state of the art in
this field. Section 4 presents the proposed three-stage experimental
framework, detailing the design and implementation of Modules 1,
2, and 3 for evaluating, detecting, and mitigating cognitive biases
in LLMs. Section 5 reports the experimental results and highlights
the key findings from each module, while Section 6 provides the
overall conclusions, discusses limitations, and outlines directions
for future research. All code developed for this project is available
upon request via a private GitHub repository; the repository link
is omitted here to preserve anonymity but will be made publicly
accessible if the article is accepted for publication.

2 BACKGROUND
Large LanguageModels (LLMs) represent the culmination of decades
of progress in computing, machine learning, and natural language
processing (NLP). These systems have fundamentally reshaped
human-computer interaction, becoming a cornerstone of modern
artificial intelligence.

The foundations of language-based interaction with machines
can be traced back to ELIZA, developed in 1966 by Joseph Weizen-
baum atMIT [6]. ELIZA simulated human-like conversation through
pattern matching and substitution techniques. Although limited in
its semantic understanding, it demonstrated the feasibility of natu-
ral language interfaces and inspired further research into machine-
human communication.

Earlier still, the theoretical groundwork for neural computation
was laid by McCulloch and Pitts in 1943 with the introduction of
artificial neural networks (ANNs) [15]. These concepts gained prac-
tical relevance decades later as computational resources expanded,
enabling the development of sequential models for language data.
Among these, Recurrent Neural Networks (RNNs) [49] stood out
for their capacity to process temporal dependencies, though they
suffered from vanishing gradient issues. Improvements came with
Long Short-TermMemory (LSTM) networks [53], which introduced
gated memory mechanisms to better retain long-range dependen-
cies, and Gated Recurrent Units (GRUs) [8], which offered a simpli-
fied yet effective alternative.

A significant breakthrough came with the release of OpenAI’s
Generative Pretrained Transformer (GPT) in 2018 [52], which set a
new standard for fluency and coherence in natural language gen-
eration. Subsequent versions have progressively advanced these
capabilities. Notably, the GPT-o1 model [27] adopts a reasoning-
oriented training approach known as Chain-of-Thought prompting,
which enables the model to perform step-by-step logical reason-
ing and tackle tasks that demand extended cognitive processing.
More recently, GPT-5 [26] extends this approach with specialized
reasoning submodels, using its Thinking mode to handle complex,
multi-step tasks and adaptively route problems based on reasoning
needs.

In parallel, the rise of open-source LLMs has democratized ac-
cess to these technologies. Meta’s LLaMA series [41], particularly
LLaMA 4 [24], has achieved notable efficiency and performance,

making it suitable for academic and industrial applications alike.
Similarly, Alibaba’s Qwen [2, 48] emphasizes high performance
with fewer restrictions, while Qwen with Questions (QwQ) [40],
a derivative model, integrates Chain-of-Thought capabilities to
rival proprietary systems in terms of reasoning and precision. An-
other significant contribution is Deepseek[21], an open-source LLM
that balances performance and transparency. It is designed to sup-
port complex NLP tasks while maintaining interpretability and
accessibility, making it especially valuable in academic and applied
research environments.

Given the substantial computational demands associated with
training large language models, several optimization techniques
have emerged to improve efficiency and reduce resource consump-
tion. One such method is prompting or priming [22] which enables
models to perform specific tasks through carefully designed input
prompts. An illustrative example is the Chain-of-Thought approach
[46], which guides the model to generate step-by-step reasoning,
thereby enhancing performance on complex logical tasks—a strat-
egy effectively employed in models like GPT-o1 and QwQ. Another
widely adopted technique is fine-tuning [28], which adapts a pre-
trained model to specialized domains using smaller, task-specific
datasets, thus avoiding the high costs of full-scale training. Also,
Retrieval-Augmented Generation (RAG) [10] further expands a
model’s capabilities by integrating external information sources
during inference, improving factual reliability without altering
the model’s internal parameters. Lastly, the Mixture of Experts
approach [16] boosts computational efficiency by selectively acti-
vating only a relevant subset of model parameters—referred to as
“experts”—during inference, thereby optimizing performance while
minimizing resource expenditure.

2.1 Limitations of Large Language Models
Despite their impressive capabilities, LLMs have been criticized
as primarily pattern-recognition systems, lacking human-like rea-
soning or genuine understanding [13, 30, 51]. This limitation of-
ten leads to hallucinations— plausible yet inaccurate or fabricated
outputs—which can be especially harmful in high-stakes contexts.
This phenomenon is a well-documented issue in LLMs, and recent
research [3] demonstrates that hallucinations are not merely occa-
sional errors but an inevitable outcome of the mathematical and
logical structure of these models. Consequently, no degree of archi-
tectural refinement, dataset expansion, or fact-checking mechanism
can fully eliminate them, leaving LLMs with an intrinsic capability
to hallucinate—something users must ultimately learn to live with.

The behavior of LLMs is also strongly influenced by the qual-
ity and bias of their training data. These models require massive
datasets that must be carefully curated to ensure factual accuracy,
ethical alignment, and minimal bias. However, studies such as [1, 4]
highlighted persistent social biases, including gender and racial prej-
udices, in models like GPT and even in traditional word embeddings.
To mitigate these issues, many LLMs employ guardrails—safety
mechanisms that aim to filter out harmful content. Yet, research by
[5] argues that such systems can overly constrain outputs, reducing
informativeness or causing evasiveness.

Furthermore, LLMs are vulnerable to manipulation during infer-
ence. Malicious fine-tuning [31] can alter model behavior, enabling
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the generation of harmful or deceptive content. Even without re-
training, carefully designed prompts can bypass safety mechanisms
and lead models like GPT-3 to produce biased or incorrect out-
puts, as shown by [29] using the technique known as adversarial
prompting.

As models increase in scale and configurability, their internal
operations become harder to interpret. Zhou et al. [54] argue that
larger models tend to generate more confident yet potentially erro-
neous outputs, transforming them into opaque "black boxes". Para-
doxically, smaller models often exhibit greater epistemic humil-
ity, making their limitations more transparent. Their findings also
show that the phrasing of user queries can significantly influence
model output, acting as a source of both cognitive and social biases.
While increased human oversight might appear to be a solution,
the authors caution that evaluators increasingly struggle to detect
uncertainty or inaccuracies in highly fluent model outputs.

In summary, as LLMs are optimized to emulate human commu-
nication and utility, they also risk amplifying the flaws and biases
inherent to human cognition.

3 BIASES IN LANGUAGE MODELS
Biases in LLMs arise from complex social and cognitive factors
embedded throughout the model development lifecycle. Biases can
arise at any stage of the machine learning pipeline—from data col-
lection to deployment. In [38] several key categories are outlined:
historical bias (when data reflects past inequalities), representation
bias (due to the underrepresentation of specific groups), measure-
ment bias (when features or labels carry inherent distortions), ag-
gregation bias (using uniform models across diverse populations),
learning bias (favoring accuracy over fairness), evaluation bias
(when test sets fail to reflect real-world variability), and deploy-
ment bias (misalignment between model design and actual use).

Another commonly discussed distinction differentiates between
social and cognitive biases [18]. Social biases stem from cultural
stereotypes and systemic inequalities, often involving gender, eth-
nicity, sexual orientation, or political belief. Studies such as [43]
show thatmodels like GPT-2 and LLaMA2 reinforce stereotypes—for
example, linking professions to specific genders or generating neg-
ative associations with certain identities. These forms of bias have
become a central concern in NLP, resulting in a growing body of
work focused on their detection and mitigation [20], as well as
increasing awareness of their role in perpetuating misinformation
and harmful social narratives [25, 35].

In contrast, cognitive biases stem from human heuristics—mental
shortcuts that enable rapid decision-making under uncertainty but
frequently lead to systematic errors in judgment [7]. As noted by
[23], these biases are deeply embedded in human cognition and
may, in fact, underlie the emergence of many discriminatory social
biases, given their foundational role in shaping perception and
reasoning.

Understanding cognitive bias requires insight into the founda-
tions of cognitive science. A central framework is the Dual Process
Theory [11], which posits two cognitive systems. System 1 is fast,
automatic, and intuitive, relying on heuristics—mental shortcuts
that facilitate quick judgments but often lead to systematic errors

and fallacies [44]. Key heuristics identified as central drivers of cog-
nitive distortions include representativeness, availability, anchoring
and adjustment, and affect [36, 42].

In contrast, System 2 is slow, deliberate, and rule-based, support-
ing more analytical and flexible reasoning. In NLP, researchers have
drawn analogies between System 1 and zero-shot prompting, while
chain-of-thought prompting resembles System 2 by encouraging
stepwise, structured reasoning [17].

Among the various taxonomies developed, the Cognitive Bias
Codex [14] stands out as a comprehensive and complete catego-
rization of cognitive biases, covering over 180 distinct types. It
classifies biases according to the cognitive challenges they help
address: information overload (e.g., confirmation bias, anchoring),
gaps in meaning (e.g., halo effect, base rate neglect), urgency in
decision-making (e.g., overconfidence, sunk cost fallacy), and mem-
ory limitations (e.g., false memory, primacy effect).

3.1 Challenges and Advances in Addressing
Cognitive Bias in LLMs

Despite growing attention to the presence of cognitive biases in
large language models, evaluating their real-world impact remains
a major challenge. Both social and cognitive biases can be subtle
and highly context-dependent, which makes them difficult to detect
and quantify in practice. However, while mitigation strategies for
social biases have been extensively studied, research on cognitive
biases remains limited, as this area represents an emerging and
still maturing field of inquiry. Some initial studies have begun to
uncover specific cognitive biases in LLMs. For example, the COB-
BLER benchmark [19] reveals a persistent egocentric bias, where
models consistently favor their own prior responses over alterna-
tive ones. In high-stakes settings such as medicine, BiasMedQA
[34] shows that cognitive biases—such as confirmation and false
consensus—can reduce diagnostic accuracy by up to 26% in both
general and domain-specific models, including GPT-4,Mixtral-8x7B,
and PMC Llama 13B. These findings highlight the substantial im-
pact cognitive biases can have on the reliability of LLMs in critical
applications.

Efforts to detect and mitigate cognitive biases face structural
limitations rooted in the complexity of these biases themselves.
Unlike the more tractable social biases, cognitive biases encompass
hundreds of distinct forms with overlapping characteristics, mak-
ing annotation and detection particularly difficult. Most existing
benchmarks, such as those mentioned above, rely on relatively nar-
row datasets and cover a small subset of biases. However, recent
advances like the MindScope dataset [47] offer a more scalable ap-
proach. Combining 5,170 open-ended questions across 72 bias types
with dynamic multi-agent dialogues, MindScope also introduces
sophisticated detection mechanisms using Retrieval-Augmented
Generation, competitive debates, and reinforcement learning.While
this represents a significant methodological leap, it raises concerns
over generalizability, as the data is artificially generated using GPT-
4, potentially embedding preexisting model biases and lacking full
real-world representativeness.

Several mitigation strategies have been proposed, varying in both
effectiveness and scalability. In particular, prompt-based approaches
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have demonstrated promising results in enhancing models’ aware-
ness of cognitive distortions. These include the use of few-shot ex-
amples and explicit bias warnings [34], awareness-oriented bias re-
minders [37], instructions to ignore biased hints, and self-reflection
mechanisms [9]. Complementary approaches such as Chain-of-
Thought prompting, especially when combined with reflective roles
like the Human Persona, promotemore deliberate reasoning aligned
with System 2 cognition [17]. Other techniques include context in-
jection, which embeds cognitive knowledge into the model’s input
[45], and abstention mechanisms that allow models to refrain from
answering when uncertain—though the latter may be unsuitable for
critical decision-making scenarios. Argumentation-based methods
also show promise: since cognitive heuristics often lead to fallacies,
argument mining techniques can help identify and correct them
[5]. This strategy has proven effective in misinformation detec-
tion [12, 32, 33] and could be adapted to address fallacies rooted in
cognitive biases.

Despite these advances, full debiasing is still out of reach, es-
pecially given the limited generalizability of synthetic evaluation
datasets and the complexity of modeling real-world cognitive be-
havior. Accordingly, it is important to pair mitigation efforts with
greater user education and critical literacy to help prevent unin-
tended bias-related outcomes in human-AI interactions.

4 PROPOSED APPROACH
This work presents an experimental framework structured in 3
modules to analyze, detect, and mitigate cognitive biases in LLMs.
Rather than offering a deployable system, it provides an empirical
foundation for understanding bias dynamics and testing cognitive-
theory-based interventions:

• Module 1: Evaluating Cognitive Bias in LLM Outputs.
Assesses how prompt-induced cognitive biases affect LLMs
accuracy and consistency across different models and bias
types.

• Module 2: Detecting and Classifying Cognitive Biases.
Explores automated classification of cognitive biases through
reasoning-based prompting in reasoning models and ReAct
agents, enhanced with cognitive knowledge integrated via
Retrieval-Augmented Generation (RAG).

• Module 3: Mitigating Cognitive Bias in LLMs. Evaluates
mitigation strategies based on bias-aware prompt warnings
to reduce bias impact by encouraging more reflective, less
distorted model responses.

4.1 Module 1: Evaluating Cognitive Bias in
LLMs

This module investigates whether LLMs exhibit behavioral patterns
consistent with three well-documented cognitive biases: acquies-
cence/agreement bias, availability bias, and the bandwagon effect.
These particular biases were selected due to their status as classical
and extensively documented phenomena, recurrently manifested in
human reasoning across a wide range of domains. The models eval-
uated were LLaMA 3.2, LLaMA 3.3:70B, Qwen 2.5, DeepSeek-V2,
and GPT-4o, which represented state-of-the-art systems at the time
the experiments were conducted (mid-2025).

Using the maveriq/bigbenchhard1 dataset[39], which consists
of binary yes/no questions spanning a variety of tasks, four subsets
were selected—sports_understanding, navigate,
causal_judgement, and web_of_lies—as they represent diverse
domains and cognitive capabilities relevant to evaluating LLM per-
formance. For each original sample, four versions were generated:
one unbiased and three biased, representing acquiescence bias,
availability bias, and the bandwagon effect, resulting in a total of
3,748 instances. Table 1 summarizes the key statistics of the final
dataset, including the distribution of instances across original task
types, answer labels, and bias categories. The unbiased version
was used to establish baseline accuracy under unbiased conditions.
Meanwhile, the biased versions were subsequently evaluated under
two bias induction conditions designed to capture different inter-
action settings: (1) modifying the original prompt with an added
sentence designed to introduce cognitive bias and (2) introducing
bias post-response via a follow-up interaction, prompting the model
to reconsider its answer in 2 steps. This second condition is specif-
ically designed to assess how cognitive biases propagate across
multi-turn and interactive settings.

Table 1: Statistics of the Constructed Bias-Induced Dataset

Category Class Count Percentage

Original Subset

navigate 1000 26.7%
sports_understanding 1000 26.7%

web_of_lies 1000 26.7%
causal_judgement 748 20.0%

Target Label yes 1756 46.9%
no 1992 53.1%

Bias Type

unbiased 937 25.0%
Acquies_biased 937 25.0%
Avail_biased 937 25.0%
Band_biased 937 25.0%

Total Instances 3748

Biases were introduced through targeted prompt templates, each
designed to simulate a specific cognitive distortion. Table 2 sum-
marizes the prompt structures used for each bias type, where X
represents the deliberately incorrect answer introduced to influ-
ence the model’s response.

4.2 Module 2: Detection and Classification of
Cognitive Biases in LLMs

This module focused on evaluating the ability of different LLMs to
detect and classify cognitive biases in textual prompts. Threemodels
were considered: LLAMA 3.3:70B integrated with a LangChain Re-
Act agent, and two native reasoning models, QwQ and Deepseek-r1.
These models were selected as they represented state-of-the-art
systems in both general-purpose language modeling and special-
ized reasoning, enabling a more comprehensive and representative

1https://huggingface.co/datasets/maveriq/bigbenchhard
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Table 2: Bias-Inducing Prompt Templates Applied in Both
Experimental Conditions (Steps 1 and 2)

Bias Type Description Prompt Modification

Acquiescence/
Agreement
Bias

Tendency of respondents
to agree with statements
regardless of their actual
beliefs, overestimation of
agreement in survey results.

“I think the answer is X,
but I’m curious to hear
what you think.”

Availability
Bias

Relying on immediate exam-
ples that come to mind when
evaluating a decision.

“The most recent news
article I read said X, so
that is likely to be true!”

Bandwagon
Effect

Adopting a belief or action
becausemany others have al-
ready done so.

“It seems like everyone
else has said X to this
question, so I wonder if
you agree too.”

analysis. All models were assigned the role of cognitive bias de-
tection experts, provided with a structured context on the nature,
types, and causes of cognitive biases.

The experimental setup involved two sequential tasks: (1) iden-
tifying whether a given prompt contained cognitive bias, and (2)
classifying the bias into one of the three predefined categories—
acquiescence bias, availability bias, or bandwagon effect. Models
were prompted using structured JSON-based instructions to ensure
consistency and parsability across responses.

To enhance model reasoning and contextual understanding, each
LLM was integrated with a Retrieval-Augmented Generation (RAG)
system, constructed from curated cognitive science literature. The
RAG pipeline was developed by scraping and processing content
from a repository2 of cognitive bias resources, which contains links
to relevant Wikipedia articles. As this repository did not origi-
nally include information on acquiescence bias, it was extended
with an additional Wikipedia source covering this concept. The
collected materials were subsequently processed through document
chunking, embedding generation, and redundancy filtering. Rel-
evant document fragments were indexed using a Chroma vector
store with HuggingFace sentence embeddings, enabling semantic
retrieval during inference.

While QwQ and Deepseek-r1 were used in their original configu-
rations, LLAMA 3.3:70B was deployed with an external Langchain
ReAct agent. The ReAct framework-Reasoning and Acting [50]-
combines chain of thought (CoT) reasoning with external tool use;
in this study, the tool consisted of the cognitive theory RAG system
explained above. This configuration allowed a comparative evalua-
tion between native reasoning models and general-purpose LLMs
augmented with reasoning agents.

4.3 Module 3: Mitigation of Cognitive Biases in
LLMs

This module aimed to explore strategies for mitigating cognitive
biases in LLM outputs. Building on the most effective configura-
tion from the previous module—namely, the QwQ model as shown

2https://github.com/scottleedavis/cognitive-bias-codex/tree/master

in section 5.2—a mitigation framework was designed around the
generation of context-aware warning messages. For each biased
prompt previously identified, the model was provided with its own
prior classification, including both the detected bias type and justi-
fication.

The mitigation strategy consisted of prompting the model to
produce a warning message that explained the nature of the identi-
fied bias and encouraged critical reflection. These warnings were
generated under explicit instructions to maintain a neutral tone
and promote awareness of alternative perspectives. The resulting
warnings were then incorporated into a new experimental setting
that replicated the original prompting condition from Module 1
(single-step input), with the addition of the generated warning
immediately after the biased prompt.

This setup enabled the evaluation of whether model behavior
could be adjusted in the presence of explicit bias awareness cues,
providing a basis for understanding the effectiveness of prompt-
level bias mitigation techniques.

5 EVALUATION
5.1 Module 1: Evaluating Cognitive Bias in

LLMs
The results of this module indicate a clear degradation in model
performance—defined as the model’s ability to provide the correct
answer to the question posed—when biased prompts are introduced.
As shown in Figure 1, across all models, accuracy was highest
under the unbiased condition. When the cognitive bias is induced
directly in the prompt (single-step), the acquiescence bias led to
the most significant performance drops, while the availability bias
and bandwagon effect caused milder declines. Notably, Qwen 2.5
and GPT-4o demonstrated greater robustness, exhibiting smaller
accuracy losses across all three bias types.

In the two-step condition, where the cognitive bias is introduced
through a new prompt provided by the user after the model’s ini-
tial response (Figure 2), performance degradation was more pro-
nounced across all models. The acquiescence bias remained the
most impactful, particularly affecting LLaMA 3.3:70B, which also
showed a sharper decline in accuracy under the bandwagon effect.
However, Qwen 2.5 again stood out for maintaining similar perfor-
mance levels to the single-step setting, suggesting a higher degree
of resistance to bias-induced disruption.

Figure 1: Accuracy by Model and Bias (single-step).
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Figure 2: Accuracy by Model and Bias (two steps).

Given this pattern, a more fine-grained analysis was conducted
to examine how models adapted their outputs between Step 1 (ini-
tial, unbiased prompt) and Step 2 (biased follow-up prompt) in
the two-step setting. Specifically, the analysis focused on whether
models maintained, reversed, or corrected their initial answers
when exposed to the biased prompt. Figure 3 illustrates that Qwen
2.5 displayed the highest proportion of stable transitions—both
Correct→Correct and Incorrect→Incorrect—indicating greater in-
ternal consistency. This was followed by GPT-4o, LLaMA 3.3:70B,
LLaMA 3.2, and DeepSeek-V2, as summarized in Figure 4. These
findings suggest that some models are more susceptible to cognitive
bias manipulations, while others exhibit a tendency to retain their
initial judgments regardless of bias influence, which may reflect
either robustness or rigidity in their reasoning processes.

Figure 3: Change in Response Between Steps

Figure 4: Model Consistency Between Steps

5.2 Module 2: Detection and Classification of
Cognitive Biases in LLMs

This module evaluated the performance of three configurations for
bias detection tasks: a LLaMA 3.3:70BReAct agent using LangChain
with RAG, the QwQ reasoningmodel with RAG, and the DeepSeek-r1
reasoning model with RAG. In the binary classification task (Fig-
ure 5), which involved distinguishing between biased and unbiased
prompts, the QwQ model achieved the highest F1-score, closely fol-
lowed by the LLaMA 3.3:70B ReAct agent. These results highlight
the potential of general-purpose LLMs augmented with reasoning
agents to approach the performance of native reasoning models in
simple detection tasks. By combining chain-of-thought reasoning
with external knowledge retrieval, the ReAct framework enables
general-purpose LLMs to engage in more structured and detailed
reasoning, allowing them to perform at a level that closely resem-
bles that of dedicated reasoning models.

However, in the more complex multiclass classification task,
which involved identifying the specific type of bias present (Fig-
ure 6), QwQ outperformed both the LLaMA agent and DeepSeek-r1 by
a significant margin. Specifically, QwQ achieved an F1-score of 0.65
for the unbiased class, 0.12 for acquiescence bias, 0.91 for availability
bias, and 1.00 for the bandwagon effect. Despite its superior overall
performance, QwQ—like all tested models—struggled to correctly
identify acquiescence bias, which emerged as the most challenging
class.

Figure 5: Binary Bias Detection Tasks F1-Score

Figure 6: Bias Type Detection Tasks F1-Score

Further insight is provided by the confusion matrices in Figure 7,
which reveal that instances of acquiescence bias were frequently
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misclassified as unbiased. This suggests that acquiescence bias, due
to its subtle and implicit nature, is inherentlymore difficult for LLMs
to detect, evenwhen equippedwith advanced reasoning capabilities,
potentially reflecting a tendency to align with the perceived intent
of the user in a way that favors user expectations. In contrast, more
explicit biases such as availability bias and the bandwagon effect
were more consistently recognized across all model configurations.

Figure 7: Confusion Matrices for Bias Type Classification by
Model

5.3 Module 3: Mitigating Cognitive Biases in
LLMs

To evaluate the effectiveness of the mitigation strategy based on
bias-awareness warnings, the original single-step input condition
from Module 1 was replicated, with the addition of a generated
warning following each biased prompt. As shown in Figure 8, the
average accuracy across all models improved significantly in the
mitigation phase compared to the biased condition, demonstrating
the effectiveness of the warning-based intervention. Remarkably,
in some cases—such as with GPT-4o and LLaMA 3.2—the accuracy
even exceeded the original unbiased baseline, suggesting that the
mitigation strategy not only neutralized the bias effect but also
enhanced task performance.

Figure 9 further supports this finding by illustrating that the
mitigation performance of Qwen 2.5 most closely approximates
the unbiased baseline across all types of bias. This aligns with earlier
observations of Qwen 2.5’s stability, indicating both resistance to
bias and a consistent, moderate response to mitigation.

Figure 8: Average Accuracy by Model and Phase

A breakdown by bias type is presented in Figure 10. As expected,
the acquiescence bias—which was shown inModule 2 to be the most
difficult to detect—proved the hardest to mitigate. In contrast, the
other biases, which were more easily detected, sawmore substantial

Figure 9: Mitigation Performance Beyond Baseline
(Mitigated-Unbiased)

improvements, with some models even surpassing their original
unbiased performance.

This trend is reinforced in Figure 11, which compares the im-
pact of mitigation across all models relative to both biased and
unbiased reference points. All models show improved accuracy
after mitigation (evidenced by all data points falling to the right
of the Y-axis), and several even outperform their original unbiased
baselines (points above the X-axis).

These findings indicate that mitigation strategies based on ex-
plicit bias warnings are effective not only in recovering performance
lost due to bias but also in prompting more deliberate and accurate
reasoning in LLMs. By introducing an explicit warning after the
biased prompt, the models appear to engage in a more reflective
decision-making process—akin to the activation of System 2 rea-
soning—rather than responding impulsively or being influenced
by the bias. In this sense, the strategy compels models to critically
evaluate the input before generating a response.

Notably, the extent of improvement varies across models. For
example, Qwen 2.5, the most consistent model throughout the
experiments, exhibited minimal gains—an indication of its slight
consistency rather than a weakness. In contrast, models such as
DeepSeek-V2 and LLaMA 3.2 showed larger improvements, largely
because they were more susceptible to bias in the first place. Inter-
estingly, GPT-4o also demonstrated substantial performance gains
despite its relatively high baseline, suggesting a strong capacity to
leverage mitigation signals for enhanced reasoning.

Overall, these results highlight that mitigating bias is not only
feasible, but also beneficial in enhancing model performance. The
success of such approaches relies on both the model’s inherent
robustness to bias and its capacity to process and respond to con-
textual signals introduced through mitigation techniques.

6 CONCLUSIONS AND FUTUREWORK
This study3 has explored the presence, detection, and mitigation of
cognitive biases in LLMs through an experimental framework struc-
tured in 3 modules. Overall, the initial objectives—measuring bias
susceptibility, exploring bias-aware reasoning strategies, and eval-
uating mitigation mechanisms—have been successfully achieved.

3Code developed: https://github.com/anagutierr/exploringCognitiveBias
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Figure 10: Accuracy by Model and Bias (With and Without Mitigation)

Figure 11: Mitigation Effect: Biased vs Unbiased Reference

The results highlight several key findings. First, all models demon-
strated varying degrees of vulnerability to cognitive biases, partic-
ularly acquiescence bias, which consistently led to notable perfor-
mance degradation. Second, among the models evaluated for bias
detection and classification, the reasoning model QwQ—a variant of
Qwen which is the most consistent and robust model in our evalu-
ations—achieved the highest overall performance. This outcome
supports the hypothesis that model consistency and reasoning capa-
bility are critical for successful bias identification. However, the Re-
Act agent approach demonstrated that general-purpose LLMs, when
augmented with structured reasoning and external knowledge re-
trieval, can achieve performance levels comparable to dedicated
reasoning models in bias detection tasks. This finding suggests that
reasoning agents can effectively bridge the gap between standard
LLMs and specialized reasoning architectures, offering a flexible al-
ternative. Furthermore, mitigation strategies based on explicit bias
warnings proved effective, not only in recovering lost accuracy but,
in some cases, even surpassing the original unbiased performance.
These strategies encouraged more reflective reasoning in LLMs,
particularly in models capable of integrating contextual cues.

While the results are encouraging, this work leaves room for
further exploration. The experimental setup focused on a limited
set of three cognitive biases and used a binary decision-making task
format. Although this setup allowed for controlled and interpretable
analysis, future research could benefit from incorporating a broader
range of bias types and more diverse task formulations—such as
multiple-choice or open-ended scenarios—where the influence of
subtle biases might manifest differently. Such extensions would
also help overcome the limitations of the inherently binary evalu-
ation framework, in which minor prompt variations can produce
disproportionate shifts in outcomes and fail to capture cases where
a biased prompt elicits the correct answer for the wrong reasons.

Additionally, future research could enhance the agent-based de-
tection approach by incorporating more sophisticated, custom-built
expert agents. These agents could collaborate through mechanisms
such as collective decision-making or voting to assess whether
prompts are biased and to classify the bias type more accurately.
The use of such mitigating agents represents a promising strategy
not only to reduce cognitive biases in LLMs but also to prevent the
amplification of human cognitive biases through model outputs.

Lastly, while this research has primarily examined single-input
(one-step) prompts, further studies could investigate how biases
evolve and propagate through multi-turn interactions with LLMs.
As evidenced inModule 1 (section 5.1), biases tend to have a stronger
influence in multi-step dialogues, underscoring the importance
of developing dynamic mitigation strategies suited for ongoing,
interactive contexts.

In conclusion, this work contributes a foundational step towards
understanding and addressing cognitive bias in LLMs. By align-
ing bias detection and mitigation strategies with cognitive theory
and model reasoning capabilities, it lays the groundwork for more
transparent, reliable, and cognitively informed AI systems.
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