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Abstract

The rapid advancement of Large Language Models (LLMs) has driven their growing adoption across domains, including
healthcare. However, these models risk amplifying existing healthcare disparities. This systematic review synthesizes the
existing literature on bias assessment in LLMs applied within the healthcare domain. We searched six databases, namely,
Scopus, PubMed, Embase, Web of Science, IEEE Xplore, and the ACM Digital Library, for studies published between
January 2020 and May 2025, with the final search conducted on 16 May 2025. Retrieved records were screened according to
predefined criteria, resulting in 74 included articles. Methodological quality was assessed using the Joanna Briggs Institute
Critical Appraisal Checklist for Analytical Cross-Sectional Studies. Owing to methodological heterogeneity, findings were
described narratively. LLMs were applied across various healthcare contexts, most notably in medical question answering.
Bias assessment methods ranged from human evaluations to statistical analyses, while only 13.5% of the included studies
implemented mitigation strategies, which were primarily prompt-based. Overall, 87.8% of the studies reported evidence of bias,
with demographic bias being the most commonly investigated bias type. The included studies were of predominantly high
quality with minimal risk of bias. The findings indicate that bias remains prevalent in LLM healthcare outputs, highlighting a
critical challenge to their equitable and responsible deployment. Future studies should prioritize robust bias evaluation and

the implementation of effective bias mitigation strategies to support the safe integration of LLMs into healthcare.

Author summary

Large Language Models (LLMs) are increasingly being applied to healthcare tasks around the world. However, it is still not
clear how well these models perform in different healthcare settings and for different patient groups. In this systematic review,
we carefully examined 74 studies that applied LLMs across a wide range of healthcare tasks. We looked at the type of LLMs
being used, the kinds of biases being studied, how these biases were evaluated, and any methods to mitigate them. We also
reviewed where these studies were conducted, the medical domains they focused on, and whether they reported finding bias.
Our findings highlight the need for a well-designed framework to assess bias in LLMs used in healthcare. Such a framework
would help to produce more consistent and standardized results and support the development of more effective bias mitigation

strategies. We also found that most studies were conducted in high-income countries, showing a lack of research from low-
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and middle- income countries. More studies are needed in these regions for a more comprehensive understanding of how

LLMs perform in different healthcare systems and populations.

Introduction

Large Language Models (LLMs) [113] are powerful Artificial Intelligence (AI) models that have been pre-trained on large
amounts of text data. Primarily based on the transformer architecture |4], LLMs are deep neural networks typically consisting
of billions or even trillions of parameters. These models can generate human-like text and have been applied to a wide range
of tasks, particularly in the field of Natural Language Processing (NLP). Examples of such tasks include question answering
(QA) [56], language translation [7,/8], classification |9,[10], information extraction |11{12], and summarization [13}/14].
Additionally, LLMs can be fine-tuned to adapt to more specialized tasks |15]. While initially designed for text generation,
some LLMs have since been extended to handle other modalities, such as images |16}|17] and videos [18].

The issue of bias in AT applications has long been a topic of study |19-21]. Given that LLMs have been pre-trained on
massive and sometimes uncurated datasets, there is a significant risk of them generating biased outputs. These biased
responses can cause harm and help reinforce problematic stereotypes and the spread of misinformation. Moreover, LLMs have
been shown to generate nonsensical content, typically known as hallucinations [2224]. Various studies have shown that LLMs
can perpetuate existing stereotypes and biases, including those related to race [2526], gender [27.28], education level [29], and
income [30].

Since the public launch of ChatGPT [31] in November 2022, LLMs have become increasingly pervasive, with applications
in domains such as healthcare [3234], education [35], finance [36[37], and agriculture [38}/39]. Their rapid integration into
everyday life underscores the need to ensure that their outputs are fair, unbiased, and reliable. And yet, many widely used
LLMs remain opaque, with little transparency on the data used to train them. This lack of clarity raises concerns about the
potential harm and inequity that can be caused by these models.

These concerns are especially pertinent in the healthcare domain, due to its high sensitivity, where any clinical decision
made may have serious consequences. However, despite these risks, LLMs can be viewed as tools that patients and members
of the public could use for health advice. Various studies have been conducted applying LLMs to healthcare tasks, such as
medical QA [6,40], clinical report generation [41L[42], clinical text summarization [43}/44], and diagnosis and treatment
recommendations [10,45-47]. Nevertheless, recent literature suggests that LLMs are not yet suitable for providing definitive
clinical advice, and may in fact compound healthcare inequity among different social groups [48].

In this review, we focus on bias in the application of LLMs within the healthcare sector. While several related studies have
been done, their objectives and scope differ from ours. For example, Gallegos et al. |[49] conducted a general survey on bias
and fairness in LLMs, primarily focusing on evaluation and mitigation techniques, while Anoop et al. [50] explored affective
bias in pre-trained language models. Neither of these studies was a systematic review, nor were they specifically focused on
the healthcare sector. We also identified two articles [51,/52] that address bias in LLMs in the healthcare domain. In [51], the
authors explored the broader impact of AI on health equity for minority groups, with only limited reference to LLMs. In [52],

Omar et al. reviewed demographic bias in medical LLMs, focusing on bias types, evaluation techniques, and mitigation
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strategies. However, their study was limited to demographic bias, predominantly gender, race/ethnicity, and age, overlooking
other forms of bias. Moreover, their analysis primarily examined GPT- and BERT-based models, with minimal consideration
of other LLMs, and ultimately included a limited number of studies.

On the other hand, our paper aims to fill these gaps by providing a detailed and systematic overview of bias in LLM
outputs within the healthcare domain. We aim to inform and support future researchers in recognizing and mitigating these
biases when designing and developing LLM-driven healthcare applications. To structure our writing and data synthesis, we

address the following three research questions:
RQ1: What types of bias are being assessed in LLMs within the healthcare domain?
RQ2: What methods are being used to evaluate bias in LLM healthcare applications?

RQ3: What mitigation strategies are being employed to reduce bias in healthcare-related LLM applications?

Materials and methods

This systematic review was conducted following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses

(PRISMA) [53] method for systematic reviews (see S1 Table) to address the proposed research questions.

Search strategy

A comprehensive literature search was performed across six electronic databases, i.e., Scopus, PubMed, Embase, Web of
Science, IEEE Xplore, and ACM Digital Library. The search aimed to identify relevant studies assessing bias in LLMs applied
in healthcare contexts. The search terms used were related to LLMs, healthcare, and bias or fairness. Only articles published
from 2020 onward were considered, and the last search was conducted on 16 May 2025. This initial search yielded 1,634
articles. A detailed breakdown of the number of records retrieved from each database, along with exact search strings used, is

provided in S2 Table.

Eligibility criteria

Studies were considered eligible for inclusion based on the criteria specified in Table[l] Articles were included if they met all

the inclusion criteria and excluded if they met any of the exclusion criteria.

Table 1. Inclusion and exclusion criteria for the study selection process.

Inclusion Criteria Exclusion Criteria
Actively investigates bias in an LLM applied within | Non-LLM algorithm or non-healthcare domain
the healthcare domain

Has an element of clinical decision support Lacks a clinical decision support element (e.g.,
peer-review of medical abstracts)

Written in English Non-English Article

Original research study Non-original research articles

Peer-reviewed article Non-peer-reviewed article

Specifies bias type(s) and LLM(s) applied Does not specify bias type(s) or LLM(s) used

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55



Healthcare LLMs Bias Assessment Systematic Review 4

Study selection

The study selection process followed the PRISMA framework. All articles retrieved from the database search were
independently screened by two authors for inclusion. Any conflicts were discussed with a third author who supervised the
selection process. First, duplicate articles were removed. Titles and abstracts were then screened against the eligibility
criteria. Articles that passed this stage underwent full-text screening to confirm eligibility.

To broaden our study’s coverage, we conducted a backward search by reviewing the references of the prior identified
articles, as recommended in [54,[55]. Additionally, we conducted a forward search [55] using Google Scholar and the Semantic
Scholar API, to identify articles that had cited the initial included articles. These were also screened based on their titles,
abstracts, and full-texts. An additional article that was identified during another study was also included. This entire review

process was managed in Google Sheets.

Data extraction and quality assessment

Data extraction was independently conducted by two researchers, and any discrepancies were resolved by discussion. For each
included study, the following key information pertinent to the research questions was extracted: first author’s last name, year
of publication, country of the first author’s primary affiliation, motivation of the study, clinical domain investigated, type(s)
of bias assessed, nature of input and output data, bias evaluation methods employed, and bias mitigation strategies if
reported. All reported results relevant to these outcome domains were extracted from each included study and compiled in a
Google Sheet.

Two authors independently assessed the methodological quality of the included studies using the Joanna Briggs Institute
(JBI) Critical Appraisal Checklist for Analytical Cross-Sectional Studies, which comprises eight items. Any disagreements
were resolved through discussion, and when necessary, adjudication by the third author. Studies were subsequently
categorized as high, moderate, or low quality based on the number of affirmative (“Yes”) responses, where 7-8 indicated high

quality, 4-6 moderate quality, and 0-3 low quality.

Data synthesis

Due to the heterogeneity of the included studies, the results of the study were mainly synthesized narratively. Extracted data
was standardized where necessary to ensure consistency across studies. Findings were summarized using tables, as well as
frequency distributions, including the proportion of studies reporting bias, types of LLMs applied, types of bias identified, and

the prevalence of the different bias assessment methods and mitigation strategies.

LLMs and bias

The term “Large Language Model” generally refers to language models with billions of parameters. While there is no exact
agreed threshold number of parameters, in this study, we adopt the definition stated in [3], which defines an LLM as a
pre-trained language model trained on a large corpus of text to learn generic representations that are transferable across

various NLP tasks, typically comprising tens to hundreds of billions of parameters. LLMs can be broadly categorized along
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two key dimensions: ownership and scope.
1. Ownership

e Proprietary LLMs are developed and owned by private companies. Their training data, model weights, and
development methods remain private, offering limited transparency into their functioning. However, they often
achieve better performance than open-source LLMs due to the extensive resources utilized in training and model

optimization.

e Open-source LLMs, in contrast, make information such as model weights publicly available. This allows for local
deployment and fine-tuning, which is particularly valuable in sensitive domains such as healthcare that have valid

concerns about data privacy and security.
2. Scope

e General-purpose LLMs are trained on large and diverse data, and are capable of performing a wide variety of tasks

across multiple domains.

e Domain-specific LLMs are pre-trained or fine-tuned for application in a specific domain, such as healthcare,
finance, and law, among others. In the context of this review, domain-specific LLMs refer to those that have been

particularly designed for healthcare applications.

In the context of LLM applications in healthcare, we define bias as any unfair or unjustified difference in the outputs

generated by the same LLM under comparable conditions across different patient groups.

Results

The initial search resulted in 1,634 articles. After deduplication and screening, 51 articles met the eligibility criteria. The
backward search on these articles resulted in the identification of 5 additional eligible articles after article screening. The
forward search on the 56 articles (initial and backward search results) resulted in 17 further articles. We also included an
additional article that was identified during another study, resulting in a total of 74 included studies in this review, as

presented in the PRISMA flow diagram in Figure
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Study quality assessment showed that most of the studies (n=52) were of high quality, with only 3 studies deemed low

quality. Overall, the literature demonstrated a low risk of bias. Findings were synthesized descriptively at the study level,

across medical domains, LLM types, bias types, assessment methods, and mitigation strategies, among others. A summary of

the included studies is presented in Table [2] and the results of the study quality assessment are provided in S3 Table.

Table 2. Summary of included articles. Abbreviations: G/S=Gender/Sex; R/E=Race/Ethnicity; L/C=Location/Culture;
E/L=Education background/Literacy level.

112

113

114

Ref. Country Task LLMs Bias Type Bias Evaluation Bias Bias
Found | Mitigation
l6] USA Medical QA/Chatbot | Med-PaLM G/S, R/E Human experts X N/A
125] USA Risk prediction GPT R/E Subgroup performance com- | v X
parison, Statistical testing
132] USA Medical QA /Chatbot | PaLM, Flan- | G/S Human experts v X
PaLM, Med-
PaLM
156| USA ICD coding PLM-ICD G/S Other X
_[57| USA Diagnosis GPT, BERT, T5 G/S, R/E Statistical testing X
|58] USA Diagnosis, Clinical | LLaMA, Mistral, | G/S, R/E Subgroup performance com- X
trial design, Risk | Alpaca, Asclepius, parison
prediction, Named | Clinical Camel,
entity recognition MedAlpaca
159] USA Treatment recommen- | GPT, Gemini G/S, R/E Regression, Statistical test- | X N/A
dations ing
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Ref. First Task LLMs Bias Type Bias Evaluation Bias Bias
author Found | Mitigation
country
@' USA Diagnosis, Risk pre- | GPT, LLaMA, | G/S, R/E, Age Fairness evaluation metric v v
diction Claude
aﬂ' USA Radiology report sim- | GPT R/E Subgroup performance com- | v/ X
plification parison
af' USA Medical QA/Chatbot | LLaVA, Qwen, | G/S, R/E, Age Subgroup performance com- | v X
RadFM, Open- parison
Flamingo, Med-
VInT
@ USA Radiology report la- | GPT G/S, R/E, Age Subgroup performance com- | v X
belling parison, Statistical testing
M USA Medical QA/Chatbot | GPT, LLaMA, | Cognitive biases Subgroup performance com- | v/ v
Mixtral, PaLM parison
@ USA Medical QA /Chatbot | Med-PaLM R/E, G/S, Age, Socioe- | Human experts v X
conomic status, Ability,
E/L, Language, L/C,
Sexual orientation, Re-
ligion, Body composi-
tion, Familial status
a@' USA Medical QA/Chatbot | GPT, LLaMA, | G/S,R/E Subgroup performance com- | v X
Gemini parison, Statistical testing
06_7' USA Medical QA /Chatbot, | GPT, Gemini, | G/S, R/E, Income level, | Subgroup performance com- | v/ v
Clinical Trial Design Claude E/L, Sexual orienta- | parison
tion, Ability, Occupa-
tion, Housing status
@ USA Treatment recommen- | GPT, LLaMA, | G/S, Language, E/L Subgroup performance com- | v X
dations Palmyra-Med parison
@' Israel Treatment recommen- | GPT G/S, Occupation Subgroup performance com- | X N/A
dations parison, Statistical testing
07_0' USA Treatment recommen- | GPT G/S, R/E Statistical testing v X
dations
71 Switzerland| Medical QA/Chatbot | GPT, LLaMA G/S, Sexual orientation | Regression v X
72 USA Treatment recommen- | GPT, Gemini, | R/E Human experts X
- dations, Diagnosis Claude, NewMes-
15 (LLaMA)
12' Taiwan Treatment recommen- | GPT, Gemini Therapeutic Statistical testing v X
dations
13' USA Diagnosis LLaMA, Mistral G/S, R/E Subgroup performance com- | v X
parison
07_5' China Treatment recommen- | GPT, Gemini, | Language Statistical testing v X
dations Claude
07_6' Switzerland| Risk prediction GPT G/S Subgroup performance com- | v X

parison
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Ref. First Task LLMs Bias Type Bias Evaluation Bias Bias
author Found | Mitigation
country
12' India Clinical trial design GPT G/S Subgroup performance com- | X N/A
parison, Statistical testing
07_8' India Clinical trial design GPT G/S, Age Subgroup performance com- | v/ X
parison
07_9' USA Synthetic data gener- | GPT, Gemini, | G/S, R/E Other v X
ation Bing Chat
@' USA Medical QA /Chatbot | GPT G/S, R/E Subgroup performance com- | v X
parison, Statistical testing
aﬁ' USA Discharge instruc- | GPT, LLaMA, | R/E Statistical testing X N/A
tions generation Gemini
@' USA Medical QA/Chatbot | GPT G/S, R/E, Sexual ori- | Subgroup performance com- | v/ X
entation parison
83 USA Diagnosis GPT G/S, R/E, Age Regression X
84 USA Risk prediction BERT G/S, R/E, Income level, | Subgroup performance com- | v/ X
- Insurance status parison, Statistical testing
85 USA Diagnosis GPT G/S, R/E Regression X N/A
36 UAE Medical QA/Chatbot | GPT, Bard, Bing | R/E, Age, L/C Human experts v X
- Chat
M USA Medical QA/Chatbot | GPT, LLaMA, | Language Subgroup performance com- | v v
Mixtral, Qwen parison
38 USA Medical QA/Chatbot | GPT, LLaMA R/E, Language Statistical testing X
89 USA Medical QA/Chatbot | GPT G/S, R/E, L/C Statistical testing, Regres- v
a sion
@' Spain Medical QA/Chatbot | GPT, LLaMA, | Language Subgroup performance com- | v/ X
Command R+ parison
@' Japan Diagnosis, Triage GPT R/E Subgroup performance com- | X N/A
parison
92 USA Diagnosis GPT, Gemini R/E Regression X
93 China Treatment recommen- | Qwen, Ernie, | G/S, R/E, Income level, | Subgroup performance com- | v X
- dations, Synthetic | Baichuan Insurance status, E/L parison, Statistical testing
data generation,
Triage
1%' USA Medical QA /Chatbot, | GPT, LLaMA, | G/S, R/E, Sexual ori- | Subgroup performance com- | v X
Treatment  Recom- | Qwen, Gemma, | entation, Income level parison, Statistical testing
mendations, Triage Phi
1%' Brazil Treatment recommen- | GPT, LLaMA G/S, Age, E/L Human experts v v
dations
1%' USA Treatment recommen- | GPT G/S, Language, E/L Subgroup performance com- | v X
dations parison
M Canada Treatment recommen- | GPT Insurance status Statistical testing v X
dations
d%' Israel Risk prediction GPT G/S, L/C Statistical testing v X
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Ref. First Task LLMs Bias Type Bias Evaluation Bias Bias
author Found | Mitigation
country
@' India Diagnosis, Risk pre- | GPT G/S, Age Subgroup performance com- | v X
diction parison
100] | France Synthetic data gener- | LLaMA, Mistral, | G/S Other v X
ation BLOOM, Vigogne
‘Eh China Synthetic data gener- | LLaMA, Qwen, | G/S, R/E Statistical testing, Fairness | v X
ation Yi evaluation metric
102 China Medical QA /Chatbot, | GPT, Ziya, | Mental illness Other v X
Named entity recogni- | CHIMED-GPT,
tion Taiyi, Baichuan,
MedicalGPT
103 USA Medical QA /Chatbot | GPT G/S Subgroup performance com- | X N/A
parison
104 Israel Medical QA /Chatbot | GPT, Claude, | L/C Statistical testing, Regres- | v X
Bard sion
105 Israel Medical QA /Chatbot | GPT, Claude, | L/C Other v X
Bard
106 USA Medical QA /Chatbot | GPT, Claude, | R/E Human experts v X
Bard
M USA Medical QA /Chatbot | GPT G/S, R/E, Insurance | Regression v X
status
108 USA Medical QA/Chatbot | GPT Language Subgroup performance com- | v X
parison, Statistical testing,
Human experts
109] | UK Medical QA/Chatbot | GPT, LLaMA, | G/S, R/E Subgroup performance com- | v/ v
Gemini, Claude parison, Fairness evaluation
metric
110 USA Medical QA /Chatbot | GPT, Gemini, Co- | G/S, R/E Subgroup performance com- | v X
Pilot parison, Statistical testing
111] | Germany Medical QA /Chatbot | GPT G/S, Age Statistical testing v X
112 USA Medical QA/Chatbot | GPT, LLaMA G/S, Age, L/C Other v X
113 Austria Medical QA /Chatbot | GPT Therapeutic Human experts v X
114 USA Medical QA /Chatbot | GPT, Bard G/S, R/E, Income level | Subgroup performance com- | v/ X
o parison
115 China Medical QA /Chatbot | GPT, Bard, Ernie | Language Subgroup performance com- | v X
parison
116 Canada Medical QA /Chatbot | GPT Language Statistical testing, Human | v/ X
experts
117) | USA Diagnosis GPT, LLaMA G/S, R/E Fairness evaluation metric v
118 USA Diagnosis GPT, LLaVA G/S, Age Statistical testing, Fairness

evaluation metric
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Ref. First Task LLMs Bias Type Bias Evaluation Bias Bias
author Found | Mitigation
country
119 USA Diagnosis GPT G/S, R/E, Age Subgroup performance com- | v X
parison, Statistical testing,
Regression
120 China Diagnosis GPT, Qwen G/S, Age, Disease | Other v v
severity, Record repeti-
tion
121 China Diagnosis GPT Language Subgroup performance com- | v X
parison, Statistical testing
122 Turkey Triage GPT, Co-Pilot G/S, Age, Admission | Subgroup performance com- | X N/A
time parison
123 USA Triage GPT G/S, R/E, Age, Sexual | Statistical testing v X
orientation, Political af-
filiation
124 France Triage LLaMA, Mistral, | G/S Subgroup performance com- | v X
Mixtral parison, Statistical testing
125 USA Bias assessment LLaMA, Mistral, | G/S, R/E, Language Other v X
Qwen, Mamba,
Pythia, Tulu,
Meditron
126 UK Synthetic data gener- | DALL-E,  Mid- | Skin tone Statistical testing v v
ation journey

General characteristics

As outlined in our search strategy, due to the relative emergence of LLMs, only studies published from 2020 onward were

included. Indeed, no studies were identified in 2020 and 2022, and only one study was identified in 2021. The largest

proportion of articles (51.4%, n=38) was published in 2024, underscoring the recent surge of interest in applying LLMs in

healthcare. Despite the search being conducted only five months into the year, 2025 accounted for the second largest number

of articles (36.5%, n=27), further highlighting the growing prevalence of LLM-related research. Figure [2[ shows the

distribution of included studies by publication year.

115

116

117

118

119

120

121



Healthcare LLMs Bias Assessment Systematic Review 11

35 4

MJ L
un =
L L

Number of Articles
s
[ ]

15 -

10 -

;|

0.
q.;;i" ‘_F'f’ q?m"‘ ‘_B;f’

Publication Year

Fig 2. Distribution of included studies by year of publication.

The country of each study’s origin was determined based on the first author’s primary institutional affiliation. More than
half of the included studies (59.5%, n=44) originated from the United States of America (USA), followed by China (9.5%,
n="7) and Israel (5.4%, n=4), as depicted in Figure

With respect to datasets, the Medical Information Mart for Intensive Care (MIMIC) dataset series was the most
frequently used, appearing in 8 articles. These included MIMIC IIT , MIMIC IV , and MIMIC CXR .
The MedQA dataset and its derivatives were also commonly employed, particularly in studies addressing medical QA
tasks @,

In terms of medical domains, mental health was the most extensively studied area, with 12 included studies focusing on
conditions such as depression , eating disorders , and psychiatry . Cardiovascular diseases represented the
second most common domain, with 5 studies addressing topics, such as arrhythmia and congestive heart failure , atrial
fibrillation , and coronary artery disease . Other domains included oncology , pain management ,
Human Immunodeficiency Virus (HIV) , and nervous system diseases , among others.

The most common applications of LLMs in healthcare are as chatbots or for medical QA tasks. Overall, LLMs were used

as chatbots or for medical QA in 41.9% (n=31) of the included studies. LLMs were also applied to diagnosis in 20.3% (n=15)
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Fig 3. Distribution of included studies by country.

of the included studies. A smaller number of studies applied LLMs to treatment recommendations (16.2%, n=12), while risk
prediction accounted for 9.5% (n=7). Other LLM applications in healthcare include clinical trial eligibility

assessment [58,/67}[77,[78], medical triage [91,[93,[122-{124], synthetic data generation [79.[93[100[101], named entity
recognition [58}[102], ICD coding [56], and radiology report simplification and labeling (Table [2).

Proprietary LLMs were the most frequently employed, with OpenAI’s Generative Pre-trained Transformer (GPT)
family dominating usage, appearing in 81.1% (n=60) of the studies. Google’s Gemini was used in 14.9% (n=11) of
the included studies, while Anthropic’s Claude models appeared in 10.4% (n=8) of the included studies. Other proprietary
models used include Co-Pilot/Bing Chat and Google Bard . Among open-source models, the LLaMA
family was the most prominent, applied in 29.9% (n=23) of included studies, while both Mistral and Qwen models appeared
in 9.1% (n=7) of the included studies. Domain-specific LLMs were less common, with Med-PaLM and its variants being the
most widely applied among those used. Other domain-specific LLMs include CHIMED-GPT and Medical GPT ,
BioMistral [124], MedAlpaca and Clinical Camel [58], MedFlamingo and MedVInT [62], Meditron [125], NewMes-15 [72], and
MentaLLaMA .

Overall, 87.8% (n=65) of the included studies reported evidence of bias in at least one LLM on at least one healthcare

task. In contrast, 12.2% (n=9) found no evidence of bias in the LLM outputs for their selected tasks.

RQ1: What types of bias are being assessed in LLMs within the healthcare domain?

A summary of the major types of bias investigated in the included studies is presented in Table |3} The most frequently

examined biases in the included studies were demographic biases, particularly those related to gender/sex, race/ethnicity, and
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age. The most common among these was gender/sex bias, which was assessed in 67.6% (n=50) of the included studies.
Although gender and sex represent distinct concepts, with sex referring to biological attributes and gender to social identity,
they were grouped together in our review. Race/ethnicity bias was investigated in 52.7% (n=39) of the included studies, while
age bias appeared in 21.6% (n=16). For example, Young et al. [59] investigated sex and race bias in pain management
recommendations generated by GPT-4 and Gemini, while Gao et al. [74] assessed similar biases in Mistral and LLaMA’s
diagnoses. Zhou et al. [60] evaluated age, race, and sex biases in several healthcare prediction tasks, including mortality
prediction, outcome prediction, and readmission, and Patel et al. [83] investigated these same demographic biases in
ChatGPT’s diagnostic recommendations. Other demographic biases investigated include sexual orientation [65,67.(71],
disability status [65L/67], and religion [65].

Table 3. Types of bias investigated in the included studies. An article may investigate more than one bias type.

Bias type N (%) | Examples of included studies
Demographic
Gender/Sex 67.6% | [56l50l[70.[74. 89,90l 111l[118]
Race,/Ethnicity 52.7% | [25,57,60,81.%3,88,94[117]
Age 21.6% 160,86,,95, T11[112}[118,119]
Sociocultural
Language 16.2% | [68[87.06,108\[115,[1211[125]
Geographical location/culture 9.5% [641|86),/89,98.{104}/105}[112]
Socioeconomic
Education background/Literacy level | 8.1% [67,681931(95,/96]
Income level 6.8% [67,691/841(931|941(114]
Insurance status 5.4% [84,/93,/97,/107]
Cognitive 1.4 % [64]

Biases based on sociocultural factors were the next most common, with language bias appearing in 16.2% (n=12) of
included studies. Several included studies investigated the influence of the language used on the recommendations or answers
from LLMs. Restrepo et al. [87] introduced a multilingual medical QA dataset and found significant differences in LLM
responses depending on the input language, while Burn et al. [96] observed that responses to non-English queries were shorter
and less detailed. Other sociocultural factors include geographical location and culture, assessed in 9.5% (n=7) of included
studies. For instance, Zack et al. [89] assessed whether the country of origin of a medical educator influenced GPT-4’s outputs
when generating clinical vignettes. In another study |112], location was limited to states in the US, while Hadar-Shoval et
al. [104}|105] explored potential cultural biases in LLM clinical recommendations.

Socioeconomic biases were investigated as well, including those related to educational background [93}95},96], income
level [67],/84}93],/94}114], insurance status [84,93}97,[107], and occupation [67,/69]. Several studies investigated other forms of
bias, such as skin tone bias in the generation of medical images [126], therapeutic bias toward particular treatments [73}[113],

and cognitive biases [64].

RQ2: What methods are being used to evaluate bias and fairness in LLM healthcare
applications?

The included studies used a variety of strategies to measure and evaluate bias, which are summarized in Table [d As shown,

approaches based on comparing performance across different subgroups were the most common. For example, Restrepo et

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178



Healthcare LLMs Bias Assessment Systematic Review 14

al. [87) assessed bias by comparing accuracy across languages in LLMs applied to a medical ophthalmological QA task.
Schmidgall et al. [64] measured changes in accuracy upon the introduction of biased prompts, while Arroyo et al. [58]
examined mean differences in AUROC (Area under the Receiver Operating Characteristic Curve) and F1 scores for different
demographic groups.

Table 4. Bias assessment methods used in the included studies.

Bias assessment method N (%) | Examples of included studies
Subgroup performance comparison | 45.9 [57./75[811/891[1011[119121]
Statistical tests 41.9 [58,/62,/64,/82,/87.(90,|109]

Human experts 13.5 (65, 72,186, 95, 061[108]
Regression 12.2 [831(85},/89,92.107}/119]

Fairness evaluation metric 6.8 [60L{101},/109,/117}|118]

Statistical hypothesis testing was another popular approach, with the chi-squared test being the most widely
used [57,81,/119]. Guevara et al. [57] applied chi-squared tests and 2-proportion z tests to examine discrepancies in Social
Determinants of Health (SDoH) classifications with and without demographic data in the prompt, while Andreadis et al. |119]
used one-way Analysis of Variance (ANOVA) to explore differences based on various demographic variables, a linear
regression model to predict deviation scores using various demographics as independent variables, and chi-squared tests to
analyze model responses across different demographics. Other studies that used chi-squared tests
include [63}[691(75[89L(93}[101L{104L|118], while the chi-squared goodness-of-fit test was applied in |123}[126]. ANOVA was also
frequently used, with multivariate two-way ANOVA analysis employed in [98] to evaluate the effect of several demographic
variables on model output and one-way ANOVA applied by Dietrich et al. [97] to analyze differences in generated model
outputs across insurance types. Moreover, [111] and [116] leveraged ANOVA followed by Tukey’s tests for comparative

analysis. The ¢-test family appeared in multiple studies as well [77|80L(94}/119,/121}[124]. Additional statistical hypothesis tests

reported include the z-test [2557,/66], Fisher’s exact test [59}(75,/84},/89], Mann-Whitney test [89L/93], and McNemar’s test [70].

For statistical significance, most of the above studies used p-values.

Several studies tasked human experts to rate bias in LLM responses. Aremu et al. [86] employed culturally-aware experts
in mental health-related disciplines such as psychology and psychiatry to assess evidence of bias in responses generated with
demographic details included in prompts. Reis et al. [95] employed a linguist to judge potential bias after applying a
debiasing prompt, and Pfohl et al. [65] gathered input from physicians, health equity experts, and consumers to quantify bias
in model responses.

Other studies adopted regression-based approaches to model bias. Patel et al. [83] applied logistic regression to examine
race/ethnicity bias and Poisson regression to assess differences between LLM responses by age group. In [89], an ordinal
logistic regression was used to assess the difference in GPT-4’s responses by race/ethnicity and gender. Similarly, Nastasi et
al. [107] relied on logistic regression to estimate the odds of LLM-generated outcomes based on race, gender, and insurance
status.

Finally, a subset of included studies employed fairness evaluation metrics drawn from algorithmic bias evaluation
frameworks. Disparate Impact (DI), which compares the proportion of favourable outcomes for an unprivileged group, e.g., a
group with a particular demographic, to the proportion of favourable outcomes for a privileged (reference) group was used

in [117,{118]. Equal Opportunity difference (EOD), which measures the differences in the True Positive Rate across different
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groups, appeared in [60,/117,/118|. Demographic/Statistical Parity Difference, which quantifies differences in outcomes across
different groups, was employed in [60,/101], while Average Odds Difference (AOD), which measures the average difference in
the True Positive Rate and the False Positive Rate between a privileged and an unprivileged group, was reported in [118§].
Equality of Odds (EO) was used in [109] to assess model consistency across different groups for both positive and negative

outcomes.

RQ3: What mitigation strategies are being employed to reduce bias in healthcare-related

LLM applications?

Once bias was identified, some studies (13.5%, n=10) proposed strategies to mitigate it, as summarized in Table

Table 5. Categories of bias mitigation strategies employed in the included studies.

Mitigation Brief description N (%) | Included studies
category
Prompt-based | Modifying the input (prompt) to the | 9.5 [6064187189//951109,
LLM in such a way as to elicit a fairer 117,|120L|126]
or less biased response.
Training- Adjusting model parameters during | 2.7 [60/67,[109]
based training or post-training.
Knowledge Providing additional knowledge from | 1.4 [60L|87]
augmentation | external sources, such as web pages
and external databases.

The most frequently employed approaches were prompt-based methods. For example, Schmidgall et al. [64] employed
three techniques, .e. bias education, where a warning about potential biases was incorporated into the prompt, one-shot bias
demonstration, where a sample question with a bias-inducing prompt and a sample biased answer were presented to the LLM,
and few-shot bias demonstration, where both a negative and a positive sample were included in the prompt. Other
prompt-based strategies included excluding demographic details (specifically age and gender) from prompts [120], or explicitly
instructing models to avoid bias and to consider disease prevalence across demographic groups when making diagnostic
recommendations [89]. Benkirane et al. [109] implemented two prompt engineering techniques, instruction following (IF) and
Chain-of-Thought (CoT) to reduce bias.

A second category of approaches focused on training-based methods, including model training or fine-tuning, which involve

adjusting model parameters. Ji et al. [67] proposed EquityGuard, a framework leveraging contrastive learning during training

to separate socio-demographic factors from task-relevant features, thereby preventing them from influencing model outcomes.

In addition to prompt engineering for bias mitigation, Benkirane et al. [109] also used Counter-factual Patient Variations

(CPVs) to account for patient demographics that may be underrepresented in the datasets used to train the models.
Meanwhile, Restrepo et al. [87] developed a framework that integrates multiple specialized agents responsible for prompt

translation into English, Retrieval Augmented Generation (RAG), web search, and prompt rewriting, to collaboratively

process queries and reduce bias in the final outputs.
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Discussion

The majority of studies included in this review (87.8%) reported evidence of bias in LLM-generated responses according to
various criteria. However, it is worth asking if the LLM is truly exhibiting bias or providing the most appropriate response
based on the given context. For instance, when an LLM offers different recommendations based on a user’s insurance status
or income level, this may not necessarily constitute discrimination. Rather, it could represent a more achievable solution. In
such a case, what appears as bias may actually be contextually and ethically appropriate. Therefore, when evaluating bias in
LLM responses, we believe that researchers should distinguish between unfairness or unjust bias and context-aware reasoning.
This distinction requires that the framework against which the bias being reported is evaluated is well defined. Additionally,
encouraging LLMs to include their reasoning within the given response, for example, using the Chain-of-Thought

approach [129], may further aid in this goal.

Some included studies reported bias based on the difference in the performance metric used, such as accuracy. However, it
is worth considering that such differences may not necessarily stem from bias, but rather statistical disparities in data. For
example, if one demographic group is overrepresented in a dataset, observed differences in LLLM response accuracy across
demographic groups may reflect data imbalance rather than bias. We, therefore, recommend that in such cases, established
fairness metrics such as disparity impact or parity difference could be employed in addition for a more rigorous evaluation.

Furthermore, prior research has shown that users tend to overly trust LLM outputs |130,/131], often relying on them more
than appropriate. However, given that a large proportion of studies included in this review report bias in LLM responses,
caution should be taken when applying LLMs for healthcare purposes. Models should be designed to communicate their
degree of uncertainty in their output, and to remind users to verify information or consult healthcare professionals as
necessary. It is also important that the key principles of responsible Al, that is, Fairness, Transparency, Reliability and Safety,
Privacy and Security, and Accountability, are systematically integrated into model development and deployment. A
human-in-the-loop framework is likewise essential to ensure human oversight and accountability in decision-making processes,
as LLMs cannot evaluate the quality of their responses themselves.

Additionally, several studies used publicly available datasets as reported in the Results section. However, a limitation
arises when assessing proprietary LLMs, whose training datasets are undisclosed. If such a model has already been trained on
this public dataset that is being used in the assessment, this could have an impact on the results reported. Transparency

regarding LLM training data sources is therefore critical for meaningful bias assessment.

Research gaps

Lack of studies from LMICs. As illustrated in Figure |3} the majority of the included studies originate from High-Income
Countries (HICs). This imbalance raises concerns regarding the generalizability of current findings, especially given the fact
that LLMs are largely trained on Western-centric data. Consequently, their performance in low- and middle-income countries,
particularly with regard to bias and fairness, remains insufficiently understood. Future research should prioritize evaluating
LLM behaviour across diverse cultural, linguistic, and geographical contexts to better understand and address potential biases

and disparities in model outputs.
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Narrow coverage of geographic and sociocultural bias. While plenty of studies have investigated demographic bias
in LLM outputs, the scope of bias assessment remains limited. In particular, there is comparatively little research addressing
biases related to geographic location and broader sociocultural contexts. Within the included studies in this review, only one
explicitly examined bias based on the intended country of use. This underscores the need for further research into geographic
and sociocultural biases beyond language. Even with respect to language, only a limited number of languages have been
explored. Moreover, although gender, age, and race are commonly studied, other demographic attributes remain
underexplored and future research should grant them more attention.

Insufficient research on domain-specific LLMs. Additionally, this review identified a relative lack of studies on bias
in domain-specific LLMs. Further research is warranted to assess whether domain-specific LLMs exhibit similar or different
bias patterns compared to general-purpose LLMs. For example, one of the healthcare-specific LLMs in this review, MedPaLM,
may offer significant benefits over general-purpose LLMs like GPT for clinical tasks. However, there needs to be careful
independent bias evaluation as this may have larger implications on health equity and other aspects of patient care.

Limited development of bias mitigation strategies. Another notable research gap concerns the development of bias

mitigation strategies. Only a small portion of the included studies in this review (13.5%) implemented a mitigation approach.

Given the increasing integration of LLMs in various domains, including critical ones like healthcare, the development and
comprehensive evaluation of bias mitigation strategies should be a priority for future research. Among the studies that
implemented bias mitigation strategies, the approaches were mainly either prompt-based or training-based. In studies that
employed both techniques [60,[109], they were applied independently. Future work could explore combining these two
approaches and evaluating the effectiveness of that combination compared to using each method in isolation.
Development of a standardized bias assessment framework. Finally, the included studies in this review employed
a wide range of methods for bias assessment in LLMs. This heterogeneity of evaluation methods not only makes it difficult to
do comparisons across studies but also limits the ability to draw broader conclusions about bias prevalence in LLMs. We
therefore advocate for the development of a standardized and systematic framework for bias assessment in LLMs, which can
be leveraged in future studies. We believe that such a framework will facilitate more consistent comparisons across studies as
well as contribute to a clearer understanding of the extent of bias in these applications. This, in turn, will support the
development of more effective bias mitigation strategies and ultimately aid the responsible integration of LLMs into the

healthcare domain.

Limitations of the study

While the objective of this review article is to provide a comprehensive overview of bias assessment in the application of LLMs
in healthcare, we acknowledge that it has some limitations.

Firstly, GPT was included in the query string used to retrieve articles from the identified databases (see S2 Table). We
realize this may have biased the results towards articles using GPT-based LLMs, which accounted for over 80% of the
included studies. However, we hypothesize that articles using other LLMs were more likely to mention the term “large
language model” in their title or abstract. That notwithstanding, we believe the included studies adequately answer the

research questions of the study.
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Secondly, article selection by title, abstract, and full-text was based on the authors’ understanding and perspectives. This

influenced the final selection of papers, potentially introducing some bias in article selection.

Conclusion

This review provides a comprehensive examination of bias assessment in LLMs applied within the healthcare domain,
summarizing the current state of research, identifying potential areas of improvement, and proposing directions for future
work. Our analysis indicates that most LLMs, when applied to a healthcare task, exhibit some form of bias. Although
existing studies have primarily focused on demographic biases, such as those related to gender/sex, race/ethnicity, and age,
there is comparatively limited research on geographic and cultural bias. The absence of studies conducted in LMICs further
highlights the need to evaluate LLM performance in more diverse and underrepresented contexts.

To aid comparison and generalizability of findings across studies, we advocate for the development of a standardized
framework for bias assessment in healthcare-focused LLMs. At the same time, LLMs hold promise for a range of healthcare
applications, from medical education to clinical decision-making. However, given the documented presence of bias in their
outputs, it is essential that these technologies are developed and deployed responsibly, promoting fairness, accountability,

transparency, security, robustness, and human-centered design.
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