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Abstract

Large Language Models (LLMs) have revolutionized natural language processing and
artificial intelligence by enabling machines to understand and generate human-like text.
However, these models are not immune to cognitive biases, which can be inadvertently acquired
during the training process. This paper explores the sources and implications of cognitive bias in
LLMs. Additionally, this paper discusses the ethical concerns and impact of biased LLMs,
particularly in applications such as chatbots and automated decision-making. Furthermore, this
paper examines various techniques and best practices for mitigating cognitive bias in LLMs.
Through data analysis and prompt testing, this paper highlights the various cognitive biases
present in a vast number of LLMs, providing a comparative overview of the impact of these
biases. Additionally, this paper reviews the effectiveness of different mitigation strategies and
suggests future directions for developing unbiased language models. By addressing bias, this

study aims to enhance the fairness, accuracy, and equality of LLMs in various applications
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A Comparative Study on Cognitive Bias in Large Language Models

Large Language Models have become foundational tools in modern computational
systems, influencing areas such as journalism, academics, healthcare, and decision support
systems. As demand and reliance on these models increases, and as they continue to integrate
into daily life and professional environments, understanding how they create and reproduce
patterns of reasoning has become crucial. Previous studies have already documented how large-
scale language models can reflect and even amplify cultural and social inequalities present in
training data. Thompson et al. (2022) warned that these models risk reproducing harmful biases
at scale. Other research studies such as Mesoudi et al. (2021) similarly summarized widespread
sources of biases that contribute to amplification of inequalities, underlining the urgency of
analyzing cognitive biases in modern LLMs. LLMs such as Google’s Gemini, or Meta’s
LLAMA are trained on incredibly large datasets that reflect broad cultural, social, and
economical material drawn from the internet. And while such training enables the models to
perform complex cognitive tasks (such as summarization, information processing, and
translation) with high efficiency, there is still a great lack of understanding around the cognitive
and social biases that these models have been exposed to (Macmillan-ScottO & Musolesi, M,
2024).

This paper experiments with LLMs such as Google’s Gemini or Meta’s LLAMA to
determine the cognitive biases present. Cognitive biases, by definition, are deviations from
rational judgement that arise from how humans process and recall information. Some examples

are confirmation bias (a bias involving the favoring of information that supports pre-existing
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beliefs, leading to contrasting perspectives being ignored), and availability heuristic (a bias
involving judgement being influenced by how easily information is understood and readily
available). Cognitive biases, especially confirmation bias, heavily impact the response of LLMS
to prompts. For example, when given a prompt about a controversial topic, the LLM may only
give a response highlighting one side of the argument that is talked about more on the internet
(the LLM’s main data source). And so, as a result, the user is left with an immense knowledge
gap about the entire situation, ultimately resulting in inefficient and inaccurate work being done.
Therefore, understanding how LLMs gain biases is a necessity to recognize the impact of bias
and how it can be mitigated, ensuring fair and unbiased outcomes in LLMs. This effect is
especially relevant when the model responds to socially sensitive subjects such as gender, race,
or economic status. Previous research has shown that biased models can output information that
contributes to the creation of a “echo chamber” (situation where a person is surrounded by
information supporting a viewpoint they already have), providing one sided reassurance to
claims that may reinforce existing social inequalities (G. Chen et al., 2019). Understanding how
these biases arise requires examining the training process of LLMs.

Training typically involves data collection (at a large scale), preprocessing, iterative
tuning, and reinforcement phases where the LLM is checked for any inaccuracies. Biases can
enter during any of these steps, but are particularly prevalent in the data collection phase, where
online content from the internet (the LLMs main data source) contains cultural imbalances. Even
after preprocessing, many subtle forms of bias may still linger, becoming difficult to detect and
remove. This challenge has prompted increasing interest in developing methods to identify,
measure, and mitigate cognitive bias in model behavior. This review contributes to this field of

research by comparatively analyzing cognitive bias across multiple LLMs. By evaluating outputs
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across prompts related to gender and socioeconomic status, this research examines how different
LLMs represent and reproduce biased patterns. In addition, this review covers current bias
mitigation strategies, including adversarial training and data diversification, to name a few, to
assess how effective and how limited these methods are. This study, unlike previous ones,
quantitatively compares how these biases manifest across different model architectures,
ultimately highlighting shared weaknesses in LLM training and model specific variations in
mitigation effectiveness.
LIMs & Training

To give a brief overview, LLMs undergo a multistage training and testing process that
shapes their ability to complete complex cognitive tasks, while simultaneously introducing
pathways for cognitive bias to emerge (K. Bebbington et al., 2017). The training process consists
of data collection, preprocessing, model training, fine tuning, and post training iterations/testing.
Biases can enter during any of these stages due to the nature of language, distribution of
information on the internet, and the role of human judgement in model development. The first
stage, data collection, involves assembling extremely large amounts of text sourced from the
internet, published literature, online forums, and many other public sources. While this scale of
data enables for broad linguistic coverage, it also makes sure that the model implicitly learns the
social norms, power dynamics, and cultural ideas present in those public sources. As a result, the
model’s outputs are more likely to be shaped by dominant cultural views, prevalent social
viewpoints, and power-dynamic assumptions supported by history.
Preprocessing

Preprocessing procedures aim to filter harmful or explicitly biased content out of the data

sample used for training. Generally, this filtering process is done through automated and manual
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content filtering. Large scale classifiers and rule-based systems are used to detect explicit content
or duplicated text, while human reviewers remove sources that may introduce biases. However,
these procedures are unable to identify and remove more subtle forms of bias embedded with the
structure of literature. And, since many biases are implicit, emerging from phrasing patterns and
narrative framing, even thoroughly filtered datasets may still contain forms of bias (an example
being data that uses male pronouns for doctors and female ones for nurses, which the model is
trained on and internalizes even after overtly biased language is removed).
Core Training

During the core training stage, the model is trained using artificially cleaned data to learn
complex patterns and relationships based on context. The model is trained to minimize prediction
error by optimizing millions of parameters. Although, because the optimization process is based
more on likelihood estimation rather than conceptual understanding of the situation, the model
converges toward producing text patterns that reflect the statistically probable messages of
observed language. This probabilistic mechanism favors dominant cultural assumptions over
more less frequent viewpoints, ultimately resulting in the model reinforcing confirmation bias by
providing outputs that solely reflect more popular ideals rather than balanced perspectives (A.
Mesoudi, A. Whiten, R. Dunbar,2006).
Fine Tuning & Alignment

Fine tuning further influences the likelihood of bias reinforcement. At this stage, smaller
datasets are used to adapt the model to specific domain settings. Typically, these datasets are
annotated and selected by human evaluators, whose personal and cultural perspectives and
cognitive tendencies may shape labeling decisions. Human annotators innately draw on internal

biases when evaluating the correctness and accuracy of responses. Therefore, if annotators
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disproportionately favor a certain perspective based on alignment to prior experience or
expectations, the model will adopt a similar form of confirmation bias.

The alignment phase, also known as the post training phase, aims to ensure that the
model behaves ethically, and accurately. Human evaluators directly guide the model toward
socially acceptable, helpful, or neutral behavior. Although this improves safety, it also opens a
new avenue for biases to be collected. The evaluator’s feedback has assumptions regarding
norms that are socially acceptable or norms that are helpful which form a privilege for widely
accepted viewpoints. Thus, even well-intentioned alignment can steer the model towards outputs
that mirror socially dominant value structures. And, because biases arise from these fundamental
mechanisms rather than isolated errors, mitigation requires continuous reevaluation rather than
one-time correction to improve fairness and reliability in future model iterations.

Figure 1

Women'’s vs Men’s Job Suggestions in the Manufacturing Industry with Google’s Gemini.

Im a woman currently looking for a job in manufacturing, what are some opportunities for
me?

There are many great opportunities for women in manufacturing. Here are a few ideas

to get you started:
* Quality control: Quality control technicians make sure products meet quality
standards. v They may inspect products, test equipment, or analyze data. -

Engineering: Engineers design, develop, test, and evaluate products. v They may
specialize in mechanical, electrical, or industrial engineering.

Manufacturing engineering: Manufacturing engineers design and improve

manufacturing processes. ¥ They may work on everything from assembly line

layout to production scheduling.

Supply chain management: Supply chain managers oversee the flow of goods
from raw materials to finished products. ~ They may work with suppliers, logistics
providers, and customers.

Sales: Sales representatives sell manufactured products to businesses or

consumers. v They may work in a variety of industries, such as automotive,

aerospace, or medical devices.
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Implications of Cognitive Biases

There are various implications for possessing cognitive biases in LLMs. Some are
ethically wrong, while others are conceptually wrong and can even hurt the users in real-world
applications. In terms of ethics, LLMs trained on biased data may accidentally enforce the biases
in their responses, which are in line with common misconceptions or incorrect demographic data
that skew research studies and general knowledge.

As shown in Figure 1, when Gemini is presented with a prompt regarding job
opportunities in the manufacturing industry as a woman, it replies with jobs that are more geared
towards monitoring goods rather than building them. Whereas when asking Gemini about job
opportunities in the manufacturing industry as a man, it replies with different jobs geared
towards the physical building of the product. This highlights an underlying stereotype that
women can’t have jobs related to labor. However, the consequences go beyond mere
misinformation, as LLMs can involuntarily support the formation of echo chambers in which an
individual is regularly exposed to biased views that solidify polarizing beliefs rather than
promoting balanced thinking (T. Blaine, P. Boyer, 2018). This results in an individual’s
knowledge about a topic being completely corrupted, flooding into other people as they spread
biased information, like a disease (R. E. W. Berl et al., 2021).

Results & Discussion 1

Analysis of model outputs reveals consistent and measurable bias patterns among tested
LLMs, specifically relating to gender, profession, and socioeconomic status. For example, by
analyzing Gemini's response to the various prompts in the case study, Gemini responded to one
prompt with bias (that men were better suited for certain jobs offered than women as shown in

Figure 1) with no other reason to discriminate against women in the workforce other than
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sociocultural biases embedded in its training. Across ten tested prompts relating to professional
and social contexts, Gemini demonstrated gender-linked bias in roughly two thirds of the cases,
whereas LLAMA showed inconsistent, but still measurable, skew in about half. Though not
exhaustive, this suggests that the presence of bias is systematic among models. These outcomes
align with earlier findings that LLMs trained on large scale web text tended to display:
demographic and profession related stereotypes that humans typically show. This consistent
pattern highlights that even models designed using a large, diverse dataset are still susceptible to
reproducing biases present in natural language. However, what stood out was that the form of
bias and the severity of the bias differed between models. For instance, Gemini exhibited strong
conformity to mainstream cultural norms and socially acceptable answers. In contrast, LLAMA
displayed more diffused biases, with inconsistencies that take place due to prompt wording. This
difference suggests that model alignment mechanisms, such as fine tuning or reinforcement
learning, can influence how cognitive biases manifest in output, illustrating that although the root
cause of bias originates in data, architectural design and training can exemplify its effect.
Mitigating Cognitive Bias in LLMs

Confirmation bias in LLMs is mitigated through several steps that are instrumental in
ensuring accuracy in the output. First, varied, and representative training datasets are required.
LLMs learn from the data on which they are trained, so including a wide range of perspectives
and counterpoints can reduce risk of reinforcing prejudiced views (D. Danks, A. J. London,
2017). Secondly, there should be continuous evaluation and fine-tuning throughout the model
development process (R. Boyd, P. J. Richerson,1985). This involves testing the model on
different scenarios, checking out its performance, and tuning the model’s accuracy as needed.

Thirdly, clear guidelines on transparency and interpretability are useful in tracing model
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responses to find sources of bias (A. Goldenberg, J. J. Gross,2020). By allowing for closer
scrutiny of how decisions are made, biases can be identified early and dealt with by the
stakeholders. In addition, including human judgment in model deployment, especially for high-
stakes decision-making, makes the results viewed and contextualized by experts (T. Brown et
al.,2020). Lastly, the use of techniques such as adversarial training- the exposure of the model to
intentionally challenging or contradictory examples- can lessen the possibility of reinforcing
biased views. It is important to note, however, that no mitigation technique completely removes
bias. Most approaches simply suppress specific types. For instance, adversarial examples that
reduce gender bias may also strengthen political or regional bias if the adversarial examples
aren’t diverse enough.

Figure 2

Women'’s vs Men’s Job Suggestions in the Manufacturing Industry with Meta’s LLAMA.

Im a man looking for a job in manufacturing, what are some opportunities for me

Show drafts Vv L D]

Manufacturing is a great field with many opportunities for men. Here are a few ideas to
get you started:

« Machining: Machinists use machine tools to shape metal and other materials. They
may operate lathes, mills, drill presses, or other equipment. ~

= Welding: Welders join metals together by melting them and fusing them together.
They may work in a variety of industries, such as construction, automotive, or
aerospace. ~

« Assembly: Assemblers put together products from individual components. They
may work on everything from cars to electronics. ~

* Maintenance: Maintenance technicians keep manufacturing equipment running
smoothly. They may troubleshoot problems, repair broken equipment, or perform

preventive maintenance. ~

* Quality control: Quality control technicians make sure products meet quality

standards. They may inspect products, test equipment, or analyze data. ~

Results & Discussion 2
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In both LLAMA and Gemini cases, repeated exposure to similar information can
strengthen internal representations, reducing openness to new perspectives. Within LLMs, this
manifests as an echo chamber effect (constant reinforcement of prevailing ideas without
accounting for alternative views). For users relying on these systems for information, this
reinforcement can lead to narrowed perspectives, shaping understanding and decision making.
This recursive reinforcement within LLMs parallels mechanisms of consolidation seen in
humans, where repeated exposure to an idea strengthens certain neural pathways at the expense
of other ones. In computational systems, this constant reinforcement of certain patterns makes
correction of bias improbable without exhaustive intervention. In real world applications, this
bias reinforcement could systematically disadvantage certain groups or perspectives, amplifying
inequality and inequity. Therefore, mitigation strategies must actively disrupt these
reinforcement loops by introducing diversity and counterpoints.

Two mitigation mechanisms that have the greatest incidence of reduction for this problem
are adversarial training and consistent diverse data sets. These two methods affect the primary
branch from which the bias occurs, namely, how the model learns and how it's trained.
Adversarial training reduces bias by exposing the model to prompts that are likely to result in
biased outputs, forcing the model to recognize and correct itself through repeated learning. Over
successive training cycles, the model learns to generalize beyond its original associations and
promotes equitable outputs. Similarly, balanced dataset curation directly targets the source of
bias in data representation. Curating a dataset with equitable representation across genders,
cultures, and socioeconomic status introduces informational diversity that prevents privileging

dominant ideas. For example, equal representations of men and women in professional settings
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allows the model to associate occupational roles more evenly, thereby reducing the risk of
gender-motivated assumptions.

However, despite their demonstrated effectiveness, these approaches are resource
intensive and require continuous refinement. Adversarial training requires iterative testing and
persistent human oversight to evaluate bias shifts, while maintaining dataset balance requires
continuous real-time monitoring of cultural and linguistic patterns in natural language. Thus, the
best solution would be a hybrid strategy combining adversarial training and balanced datasets to
create trustworthy and equitable language models in future iterations.

Conclusion

In conclusion, cognitive biases (especially confirmation bias), continue to pose a
great challenge for LLMs, influencing how LLMs process and generate information. These
biases cause LLMs to often reinforce current, existing ideas rather than pose new or
opposing viewpoints. This can lead to the spread of misinformation, which is a great
concern as LLMs slowly become more relevant in daily life and shaping public opinion.
However, researchers are actively working to tackle this problem. There are ongoing efforts
to refine algorithms, improve data collection, and ensure datasets are both diverse and
balanced. By carefully analyzing data, it’s possible to reduce biases, making these systems
more reliable and accurate. These efforts reflect a growing disciplinary collaboration
between computer science and neuroscience, as researchers learn to understand how LLMs
learn, and how they mirror the biases embedded in human reasoning. Although it’s clear
building completely trustworthy LLMs will take time, it’s good that progress is moving in
the right direction. As technology advances, models that can serve society in a meaningful

way with reliable information are likely to appear. Ultimately, the continued refinement of
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language models promises a future where Al systems operate with greater fairness,
accuracy, and responsibility in representing human knowledge.
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