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Abstract

Background: Theintegration of Artificial Intelligence (Al) in breast cancer care has the potential to impact health equity, yet the
extent of this impact remains underexplored. Understanding how Al applications influence health disparities, including racial,
ethnic, and socio-economic factors, is crucia for developing effective and equitable interventions.

Objective: This review aims to provide a comprehensive analysis of current evidence on the impact of Al technologies on health
equity in breast cancer (BC) care. It focuses on how Al influences disparities in diagnosis, treatment, and outcomes among
different racial, ethnic, and socio-economic groups, and critically assesses the quality and robustness of studies evaluating Al
interventions intended to address these inequities.

Methods: Adhering to PRISMA 2020 guidelines for Systematic Reviews, this Critical Literature Review analyzed studies
published between January 2019 and August 2024. A comprehensive literature search across Medline, Embase, Web of Science,
and Scopus was conducted to identify peer-reviewed research addressing Al applications in breast cancer and their impact on
health equity. Studies were evaluated for their focus on health equity outcomes, and methodological rigor. The quality of each
study was assessed using the Public Health Critical Appraisal Checklist (PHCA) and the Ruling Out Bias Using Standard Tools
in Machine Learning (ROBUST-ML) checklist.

Results: The review included seven studies. The findings of the study highlighted three main themes of Al's role in reducing
healthcare inequalities: forecasting biological and socio-economic factors affecting outcomes, enhancing decision-making
fairness, and use of Al to reduce healthcare inequalitiesin aglobal context.

Conclusions: The studies highlight Al's potential in addressing health inequalities in breast cancer through its capacity to
analyze complex datasets, incorporate race/ethnicity-specific models, and function in resource-limited settings. However, its
impact depends heavily on data quality, dataset representativeness, and the ability to mitigate inherent model biases. Therefore,
policymakers should focus on improving dataset inclusivity, establishing benchmark datasets, standardizing data collection, and
addressing data poverty in low- and middle-income countries. Future researchers should ensure dataset representativeness and
generalizability, conduct prospective or randomized controlled trials to assess real-world applications, and carefully select
predictor variables through multidisciplinary collaboration. Adherence to standard reporting guidelines is also essential to
enhance reproducibility and ensure the reliability of Al applicationsin breast cancer.

(IMIR Preprints 19/10/2025:86132)
DOI: https://doi.org/10.2196/preprints.86132
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How Do Artificial Intelligence Applications in Breast Cancer Impact Health Equity,
Particularly in Diagnosis, Treatment, and Outcomes of Diverse Groups: A Critical

Literature Review

Abstract

Background: The integration of Artificial Intelligence (AI) in breast cancer care has the potential to
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impact health equity, yet the extent of this impact remains underexplored. Understanding how Al
applications influence health disparities, including racial, ethnic, and socio-economic factors, is
crucial for developing effective and equitable interventions.
Objectives: This review aims to provide a comprehensive analysis of current evidence on the impact
of Al technologies on health equity in breast cancer (BC) care. It focuses on how Al influences
disparities in diagnosis, treatment, and outcomes among different racial, ethnic, and socio-economic
groups, and critically assesses the quality and robustness of studies evaluating Al interventions
intended to address these inequities.

Methodology: Adhering to PRISMA 2020 guidelines for Systematic Reviews, this Critical
Literature Review analyzed studies published between January 2019 and August 2024. A
comprehensive literature search across Medline, Embase, Web of Science, and Scopus was
conducted to identify peer-reviewed research addressing Al applications in breast cancer and their
impact on health equity. Studies were evaluated for their focus on health equity outcomes, and
methodological rigor. The quality of each study was assessed using the Public Health Critical
Appraisal Checklist (PHCA) and the Ruling Out Bias Using Standard Tools in Machine Learning
(ROBUST-ML) checklist.

Results: The review included seven studies. The findings of the study highlighted three main themes
of Al's role in reducing healthcare inequalities: forecasting biological and socio-economic factors
affecting outcomes, enhancing decision-making fairness, and use of AI to reduce healthcare
inequalities in a global context.

Conclusion: The studies highlight AI’s potential in addressing health inequalities in breast cancer
through its capacity to analyze complex datasets, incorporate race/ethnicity-specific models, and
function in resource-limited settings. However, its impact depends heavily on data quality, dataset
representativeness, and the ability to mitigate inherent model biases. Therefore, policymakers should

focus on improving dataset inclusivity, establishing benchmark datasets, standardizing data

https://preprints.jmir.org/preprint/86132 [unpublished, non-peer-reviewed preprint]
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collection, and addressing data poverty in low- and middle-income countries. Future researchers
should ensure dataset representativeness and generalizability, conduct prospective or randomized
controlled trials to assess real-world applications, and carefully select predictor variables through
multidisciplinary collaboration. Adherence to standard reporting guidelines is also essential to

enhance reproducibility and ensure the reliability of Al applications in breast cancer.

1. Introduction
1.1 Background

1.1.1Breast Cancer and Disparities

Breast cancer (BC) refers to a malignant tumor that originates in the cells of the different parts of the
breast[1]. It is the most common cancer and the leading cause of cancer death among women

globally, accounting for approximately 600,000 in 2022[2].

While advances in early detection and treatment have improved outcomes, especially in high income
countries (HICs)[2,3], BC care is marked with significant disparities across racial, ethnic, and socio-
economic groups. Numerous studies[4-9] have documented these inequalities, highlighting
differences in BC incidence, screening, diagnosis, treatment, and outcomes. Among these studies,
the most frequent themes were racial disparities within countries and geographical disparities across
the globe. For instance, it is widely stated that even though European descent white women have
higher incidences of BC, minority populations, particularly African American and Hispanic women,
are more likely to be diagnosed at later stages, hence having poorer survival rates compared to their
white counterparts[4,10]. Also, it is found that HIC have seen significant reductions in BC
mortalities compared to low-middle-income countries (LMICs) in the last twenty years[11]. These

disparities are grounded in wider determinants of health such as access to healthcare, geographic
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location, socio-economic status, and systemic biases within the healthcare systems as well as
biological determinants. Delays in diagnosis and treatment, compounded by unequal access to

quality care, contribute to the lower survival rates observed among disadvantaged populations [6,8].

1.1.2 AT Integration into Breast Cancer Care

Artificial Intelligence (AI) I is broadly defined as the “technology that enables computers and
machines to simulate human learning, comprehension, problem-solving, decision making,
creativity and autonomy”[12]. Al has been progressively integrated into various applications

of healthcare[13,14] with significantly increasing utilisation in cancer care, including BC.
This

includes cancer research, expediting cancer screening, detection, and diagnosis via data and
imaging analysis, treatment recommendations, and personalized care planning as well as drug
discovery and improving cancer surveillance[15,16]. The use of Al in BC care has grown
rapidly, with Al models showing the potential to enhance diagnostic accuracy, predict
treatment outcomes, improve overall patient care, and facilitate personalized care, especially
when utilizing machine learning (ML) and deep learning (DL)[17-19]. For example, a review
found that in a mammography-based screening program using Al, the screening performance
improved while reducing the workload[20] Additionally, another observational study has
shown that Al algorithms outperformed the standard clinical risk model for predicting the

five year risk of BC[21].

1.1.3 Al and Health Equity

Health equity refers to the absence of unjust, preventable, or correctable differences among people,
irrespective of their social, economic, demographic, or geographic background, including factors

like gender, ethnicity, disability, or sexual orientation. Achieving health equity involves addressing

https://preprints.jmir.org/preprint/86132 [unpublished, non-peer-reviewed preprint]
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social determinants of health, shaped by structural factors such as political, legal, and economic
systems, as well as social norms and institutional processes, creating inequities in the conditions of

people's lives, directly influencing health outcomes, and perpetuating disparities[22,23].

With the increasing integration of Al into healthcare and cancer care[24-27], the impact on health
equity is highly discussed. While literature supports the fact that Al could be a powerful tool for
reducing disparities in cancer care they also raise concerns of potential new disparities and
exacerbation of existing disparities[28-30]. For example, Mema and McGinty[31] discuss how Al
can help understand and address disparities in BC outcomes by highlighting its potential to function
as a real-time auditor, identifying unconscious bias in patient encounters and related decision-
making, enhancing access to cancer care for underserved populations, and lowering administrative
and delivery costs.

Conversely, studies such as those by Viswanathan et al[32] and Paulus and Kent[33], caution that Al
could exacerbate existing disparities. They argue that AI models trained on data from specific racial
or gender groups may perform poorly for others, particularly impacting racial and ethnic minorities,
low-income individuals, and those in geographically underserved areas. Also, they stated that
algorithms developed with data from predominantly white or resource rich populations may result in
less accurate predictions and increased inequities in healthcare access and outcomes for these

underrepresented groups[29,32—36].

1.2 Study Rationale

However, a major limitation across the studies from both sides of the argument is the presence of
geographical bias. For example, the reviews by Istasy et al.[30] predominantly included articles
published in the United States, while studies by Mema and McGinty[31] and Yu and Zhai[36]
focused largely on studies and examples from North America, the United Kingdom (UK), and

Europe. This creates a significant risk of generalization bias which limits the applicability of their

https://preprints.jmir.org/preprint/86132 [unpublished, non-peer-reviewed preprint]
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conclusions in a broader global context.

In addition, much of the existing literature in this area consists of theoretical work, commentary, and
narrative literature[28,29,31-34] which provides comparatively low reliability according to the
hierarchy of evidence[37]. Moreover, A 2021 study demonstrated that the deployment of AI in
oncology remains in its pre and early stages with most studies still focused on retrospective study

validation[38] rather than prospective or real-time clinical implementation.

Given these limitations, there is a clear need for a more globally inclusive and methodologically
rigorous review that prioritizes studies with higher levels of evidence, captures novel research on
real-world implementations, and emphasizes equity-oriented outcomes to better inform future

research and policy implementations in the field.

1.3. Research Gap

Despite the growing use of Al in BC care[39] and well-documented disparities in the field as seen
above, there is a notable gap in research specifically examining Al's impact on health equity in BC.
To date, there is one study reviewing Al's broader role in cancer care equity[30], and none focuses
on BC specifically. Addressing this gap is crucial to ensure that Al benefits are equitably distributed
and do not exacerbate existing disparities in BC outcomes. This study aims to fill this important gap,

contributing to the development of more inclusive and ethical Al applications in BC care.

1.4 Research Question, Aim, and Objectives.

1.4.1 Aim and Objectives.

The overarching aim of this review is to provide a comprehensive overview and critical analysis of

the current evidence on the impact of Al applications on health equity in BC care.

The objectives of this review are as follows:

https://preprints.jmir.org/preprint/86132 [unpublished, non-peer-reviewed preprint]
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1. To explore how AI technologies influence disparities in BC diagnosis, treatment, and
outcomes among different racial, ethnic, and socio-economic groups.
2. To critically assess the methodological quality and robustness of studies evaluating Al
interventions aimed at mitigating disparities in BC care.
1.4.2 Research Question
The central research question guiding this review is: How do Al applications in BC care impact
health equity, particularly concerning diagnosis, treatment, and outcomes among diverse racial,

ethnic, and socio-economic groups?

2. Review Methods
2.1 Search Strategy

This Critical Literature Review (CLR) was conducted in accordance with the Preferred

Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 guidelines[40].

To gather relevant results on the research question, a literature search was carried out on August 23,
2024, across four online databases: Medline, Embase (accessed via OVID), Web of Science, and

Scopus. It is important to acknowledge grey literature was not examined due to the limitations of the

CLR, which may have led to the exclusion of some relevant studies.

The search strategy was based on the PICOS framework as it allows for capturing the key elements
of the research question[41]. The breakdown of the research question according to the PICOS
framework is detailed in Table 1.

Table 1: PICOS framework of the research question.
Population of Interest (P): | Breast cancer patients. (No geographic limitations)

Intervention (I): The application of Al algorithms.

https://preprints.jmir.org/preprint/86132 [unpublished, non-peer-reviewed preprint]
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Comparison (C) None
Outcome (O) The impact on health equity.
Study type (S) Any

To operationalize the search, variants of keywords related to Al, Health Equity, and BC were
explored. The keywords were identified by scoping the grey literature on similar topics and concepts

before initializing the search.

To ensure thorough coverage, the initial search results were not limited by period or geographic
location. The language criterion restricting the final eligibility screening to studies published in
English was applied only during the screening stage and did not limit the initial search results.

The detailed search strategies and results for all the databases are provided in S1 Appendix.

2.2 Study Selection for the Literature Review
A total of 211 records were identified through the search strategy described above. After

deduplication, the records were screened by two independent reviewers evaluating their titles and
abstracts. Records were selected if they referenced all three core concepts: Al, health equity, and BC,
or related terms. Those that did not meet this criterion were excluded. Reports selected during this
phase were then retrieved, and any that could not be accessed were excluded from further analysis.
The full texts of the successfully retrieved articles were subsequently assessed by the two reviewers
for eligibility using predefined inclusion and exclusion criteria. All conflicts regarding the selection
of articles at each and every step were resolved through independent review by a third reviewer and
discussion among the three reviewers.

2.2.1 Eligibility Criteria

Given the rapid advancements in the use of Al in oncology since 2019[42], particularly following

https://preprints.jmir.org/preprint/86132 [unpublished, non-peer-reviewed preprint]
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the COVID-19 pandemic[43,44], articles published before 2019 were considered potentially

outdated and were therefore excluded.

Although a small percentage (0.5-1% %) of male patients are diagnosed with BC annually[2], and
transgender individuals may also be affected[45], the review aimed to minimize population
variability. Therefore, studies that did not specifically focus on female individuals were excluded.
Age restrictions were not applied due to the limited number of women diagnosed before the age of

forty-five[46].

Articles were excluded if they addressed cancer generally rather than specifically focusing on BC.
Additionally, studies were excluded if their outcome measures centered on secondary consequences
of BC, such as side effects related to treatment, to avoid introducing variability. Conversely, studies
with primary outcomes related to BC diagnosis, treatment, or follow-up were included, regardless of
discipline, such as epidemiology, pathology, radiology, surgery, or oncology, given the interrelated

nature of these fields in BC care.

Letters, opinions, perspectives, editorials, and abstracts from poster presentations or conferences

were excluded due to their lower position in the hierarchy of evidence[37].

In the context of this study, the inclusion criteria for Al required that Al be used algorithmically as
an intervention, therefore, studies focusing on other aspects of digital health, such as telehealth or
big data analytics, or where Al was not the primary intervention, were excluded.

Articles were excluded if they did not include health equity as a primary or secondary outcome, did

not address health inequity in their study rationale, or lacked adequate references to health equity.

The inclusion and exclusion criteria are detailed in Table 2.

Table 2: Detailed inclusion and exclusion criteria.

https://preprints.jmir.org/preprint/86132 [unpublished, non-peer-reviewed preprint]
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Inclusion Criteria Exclusion Criteria
Population Female individuals. Biologically male
individuals, transgender
individuals.
Intervention Use of AI algorithms as the| Insufficient relevance to Al

primary intervention.

Digital health interventions
not involving Al (e.g,
chatbots, telemedicine, big
data analysis); Al as a
secondary intervention.

Breast Cancer

Studies related to breast
cancer diagnosis, treatment,
or follow-up across
disciplines (e.g.,
epidemiology, pathology,
radiology, surgery,
oncology).

Insufficient relevance to
breast cancer. Studies
focusing on secondary
outcomes related to breast
cancer or its treatments
(side effects).

Studies focusing on multiple
types of cancer including
breast cancer.

cohort studies, case control
studies, diagnostic studies,
cross-sectional studies,
systematic reviews.

Health Equity Explicitly addressed as a Insufficient relevance to
primary or secondary health equity.
outcome, or within the study | Lack of reference to health
rationale. equity or insufficient
discussion of equity.
Study type Randomized controlled trials, | Opinion pieces, editorials,

perspective commentaries,
poster abstracts, conference
abstracts, narrative reviews.

2.3 Quality Assessment

Due to the inclusion of studies from both public health and health informatics and the heterogeneity

of the study types, the quality of each study was assessed using the Public Health

Critical Appraisal Checklist (PHCA)[47] and the Ruling Out Bias Using Standard Tools in Machine

https://preprints.jmir.org/preprint/86132

[unpublished, non-peer-reviewed preprint]




JMIR Preprints Andaraweeraet a
Learning (ROBUST-ML) checklist[48]. The PHCA checklist was used to analyze the study
characteristics and implications of the studies, while the ROBUST-ML checklist assessed the rigor

of the AI models employed. Both checklists are provided in the Supporting Information section.

2.4 Data Extraction and Analysis

The data extraction and analysis process was conducted by a single reviewer and peer-reviewed by
another. The process comprised both descriptive and qualitative components. Descriptively, data was
extracted on the institution of the senior author, peer reviewed status, study type, sample size,
database and data collection period, and type of Al utilized. Qualitatively, the articles were analyzed
for health equity aspects, including the study's rationale, objectives, and interpretation of findings
related to health equity. Findings related to equity were then used to group the data for thematic

analysis.

3. Results

3.1 Study Selection

A total of seven records were ultimately included in the review. The process by which these records

were selected is detailed in Figure 2.
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Figure 2: Selection flow of the studies.
3.2 Summary of Studies and Study Characteristics.

All the reviewed studies were conducted in the United States (U.S.), with research affiliated
exclusively with major academic health centers. Notably, four studies[49-52] involved
collaborations with non-governmental or governmental institutions. This concentration introduces
potential biases related to resource access, geographic focus, and academic or policy-driven
priorities, which may limit the generalizability of the findings to more diverse or global populations,

especially with only one study[53] utilizing a database outside of the United States.

Dong W. et al.[50], Egleston et al.[51], and Park et al.[54] all utilize the Surveillance, Epidemiology
and End Results (SEER) registries[55,56], which are widely recognized as the gold standard for
cancer surveillance in the United States[57], thus enhancing the comprehensiveness and
generalization ability of their data. Stone et al.[49] equip The Cancer Genome Atlas Program
(TCGA) database[58], another robust public resource offering comprehensive cancer research
data[59]. In contrast, Dell’Aquila et al.[60], Gao W. et al.[53], and Soltan and Washington[52] rely
on data from single institutions or smaller, institution-specific databases[61,62], which may limit the
generalizability of their findings due to less representativeness and less comprehensive demographic

[unpublished, non-peer-reviewed preprint]
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information.

Four studies[50,51,53,54] leverage large sample sizes exceeding 200,000, significantly enhancing
the statistical power and reliability of their findings. Soltan and Washington[52] also utilize a
substantial dataset with over 10,000 images. In contrast, Dell’Aquila et al. [60] has a much smaller
sample size, which may limit the strength of the subgroup analyses and Al model accuracy. Stone et
al.[49], with the smallest sample size of 200, face challenges in statistical power, risking overfitting
and biased results, particularly for deep learning models like ResNet the study utilize, that require
larger samples for increased generalizability[48].

Although all studies were published after 2020, they analyzed data collected prior to 2020, with
Egleston et al. using data dating back as far as 1992[51]. This introduces temporal bias[48] due to
potential changes in medical treatments, diagnostic technologies, and healthcare policies over time.
Additionally, Stone et al. do not specify the dates of sample collection[49], raising concerns that

their images may not reflect current clinical practices, further limiting study generalizability. A

detailed  summary of the study characteristics is  depicted in table 3.
Table 3: Summary of the study characteristics.
Study Institution | Study Type | Sample | Database | AI Techniques
by size Used
affiliation and Data
of first (Algorithm/Model)
author. Collection
Period.
Dell’Aquila | Albert Retrospective | n=475 | Institutiona | 1.Machine Learning
et al. Einstein cohort study 1 cancer — Logistic
2024 [60] College of | with ML registry Regression
Medicine, model and EMR | 2.Neural Network
New development. database (NN),
York, U.S. (2012- 3.Random Forest
2021) (RF),
4.Gradient Boosted
Regressor (GBR)

https://preprints.jmir.org/preprint/86132
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Dong W. et | Case Cross- n= SEER Machine Learning —
al. 2022[50] | western sectional 812,048 | database 1.Classification and
Reserve study with (2009- Regression Tree
University | ML 2018) (CART),
School of analysis. 2.Random Forest
Medicine, (RF)
Ohio, U.S.
Egleston et | Temple Retrospective | n= SEER- Machine Learning-
al. 2023[51] | University | cohort study | 67,332, | Medicare | Pointwise Mutual
Health with 516 claims Information (PMI)
System, combined (claims | database
Philadelphia | statistical a.nd data) (1992-
, U.S. ML analysis. | 4 sample | 2014)
populati
on not
specifie
d.
Gao W. et al | University | Developmenta| Training| Camelyon | Deep Learning-
2023[53] of I study with | data=20 | Challenge | Convolutional
Maryland, | DL system 0,000 | dataset Neural
Baltimore, | design. testing | (2016). Network (CNN)
MD, U.S. data n=
222
Park et al. University | Retrospective | n= 322 | SEER Machine Learning-
2023 [54] of cohort study | 348 database 1.Gradient
Pennsylvani | with ML (2000- Boost Tree (GBT),
a, model 2017). 2.Cox
Philadelphia | development. Proportional hazard
»US. (Cox PH),
3.Survival support
Vector Machine
(SSVM),
4.Survival Tree (ST)
Soltan and | University | Retrospective | n=10,58 | Nightingal | Deep Learning-
Washington | of Hawaii, | study with DL | 6 e 1.Convolutional
2024 [52] Honolulu, classification. Open Neural Network
U.s. Science (CNN)+ Post
dataset processing fairness
(2014-
2020)

https://preprints.jmir.org/preprint/86132
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Stone et al. | Clemson Observational | n=200 | TGCA Deep Learning-
2023 [49] University, | with repository | 1.Neural Network
Santa comparative (unknown | (NN)
Cruz, U.S. | analysis study. time
period)

3.3 Potential Biases

3.3.1 Sampling Bias
Among the studies, only Egleston et al.[51] and Park et al.[54] used randomization and matching,

enhancing the internal validity of their studies. Park et al.'s approach maintained original
race/ethnicity ratios, which is a strength, whereas Egleston et al. omitted some relevant variables like
neighborhood-level income, potentially affecting the outcomes. Gao W. et al [53], Soltan and
Washington[52], and Stone et al.[49] did not clearly specify the sampling methods, leaving room for

unassessed selection bias.

3.3.2 Omission Bias

Most studies addressed incomplete data to improve model consistency, though this could introduce
omission bias and reduce the accuracy of the models if the exclusion is not random[48]. Dell’ Aquila
et al. excluded patients with missing pathological complete response (pCR) outcomes and non-MRI
data, which could skew results if the missing data were not randomly distributed[60]. Dong W. et al.
excluded Massachusetts data for 2018, but the handling of missing data was not detailed[50].
Egleston et al. removed managed care contract data[51] while Park et al. excluded records with
missing values[54]. Also, Stone et al. cropped images to a fixed size, which may affect outcomes
based on retained tissues[49], while Soltan and Washington did not specify their handling of missing

data which is a significant oversight[52].
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3.3.3 Quality of Data and Historical Bias

The performance of AI models is intrinsically dependent on the quality of the data upon which they
are trained[48,63]. All studies rely on pre-recorded databases, which can introduce errors due to
inconsistent recording practices, human errors, and variations in data quality which equally threaten
internal and external validities of the studies[48]. SEER, used in studies like those by Dong W. et al.
[50] and Egleston et al.[50] is noted for its data quality[57], whereas single institution databases
used by Dell’Aquila et al.[60] may harbor unaddressed inconsistencies, contingent on the rigor of
quality control measures within their medical record systems. Image studies face additional
challenges, with Stone et al. using less precise image cropping into (1100 x 2011 pixels)[49]
compared to higher-resolution (100,000 x 150,000 pixels) methods in Soltan and Washington's

study[52].

3.3.4 Longitudinal Data Fallacy and Temporal Bias.

Dong W. et al. attempted to harmonize data across years assuming no significant changes over
time[50]. This may not hold true given the evolution of healthcare practices and technology over the
extended period during which the study data was collected, consequently affecting the internal

validity of the study.

3.3.5 Exposure and Modelling Bias

Biases in model development can equally threaten a study’s internal and external validity.
Dell’Aquila et al.[60], Park et al.[54], and Soltan and Washington [52] followed standard
partitioning ratios (80:20, 70:30, 80:20)[48] enhancing model validation. The lack of detailed

partitioning information in other studies limits the assessment of their model’s robustness.

3.3.6 Confounding and Predictor Variables

In machine learning models, various feature engineering techniques are used to control for
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confounders. It is essential to select an appropriate number of features relative to the sample size to
ensure model accuracy and minimize confounding[48]. All studies adhered to a suitable feature-to-
sample size ratio (more than 1:10 ratio[64]) but some missed key predictors, potentially introducing
confounding. For example, Dell’Aquila et al. excluded comorbidities and lifestyle factors[60], and
Egleston et al. did not account for income levels[51], which are significant for the outcomes
measured. Park et al. included a comprehensive list of predictors but lacked critical socioeconomic

factors[54], while Dong W. et al. included the most predictors, enhancing model accuracy[50].

3.3.7 Outcome Measures

Four studies[50,51,54,60] employed variations of ML algorithms to develop intervention models.
Additionally, three studies[49,52,53] utilized DL techniques to process image data. This
methodological diversity has resulted in significant heterogeneity in evaluation metrics (accuracy,
F1-score, ROC AUC), complicating the direct comparison of outcomes due to differing performance

emphases across metrics.

Study findings, strengths, limitations, and bias of each study are summarized in Multimedia

Appendix named “Summary of study findings, strengths, limitations, and bias”.

3.4 Equity-Related Findings

Due to the heterogeneous nature of the equity rationale and study types, equity-related findings were
analyzed thematically. This involved extracting findings from each study and grouping them by
common themes. The review identified three main themes regarding AI’s impact on equity in BC:
forecasting biological and socio-economic factors affecting outcomes, enhancing decision-making
fairness, and use of Al to reduce healthcare inequalities in a global context. A summary of the
equity-related rationale, objectives, and outcomes is presented in Table 5, with a detailed discussion

in Section 4.
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Table 5: Summary of the equity-related rationale, objectives and outcomes.

Study

Study Rationale

Relation to Health
Equity

i

1Study Objective

Health Equity related
findings.

cancer outcomes.

Studies focusing on forecasting biological and socio-economic factors influencing

between these factors.

county areas
("phenotypes") to
predict the risk
levels of LSBC
diagnosis and
map their
geographic

distribution.

Dell’Aquila et | Predicting treatment and | To employ four 1. pCR is associated
al.[60] survival outcomes in ML models to with tumor stage,
diverse populations is identify and tumor size and
challenging due to predictors of pCR BPE, but not race,
complex interactions and OS in breast et}’{m.cllty, INCOMmE
between biological and cancer patients 9“1““ e, and
: . . insurance status.
socioeconomic factors. and integrate . .
, 2. OS is associated
diverse factors .
for i q with pCR status,
Or IR V¢ tumor subtype,
predictions. tumor stage, some
MRI data, and
insurance status.
3. There was no
association
between
race/ethnicity and
pCR or OS once
adjusted for tumor
subtype.
Dong W. et Identifying complex To apply ML 1. pCR is associated
combinations of factors | techniques for with tumor stage,
al.[50] contributing to analyzing and tumor size and
geographical disparities | complex BPE, but not race,
in LSBC diagnosis is interactions ethnicity, income
challenging. Traditional | among broader 9“1““1@’ and
. s . insurance status.
subjective stratification determinants, . .
. . 2. OS is associated
methods often overlook | with the aim of .
. : ) o with pCR status,
nuanced interactions identifying

tumor subtype,
tumor stage, some
MRI data, and
insurance status.
There was no
association
between
race/ethnicity and
pCR or OS once
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adjusted for tumor
subtype.

Egleston et

al.[51]

Accurate identification
of medical procedures
from Medicare claims
data is challenging due to
complex coding systems.
Traditional methods may
miss treatments and
affect research outcomes
which could lead to
incorrect visualization of
racial disparities.

To develop a ML
model to
accurately
identify
diagnosis and
procedure codes
from Medicare
claims data
which could
have been
missed earlier,
improving
understanding of
racial disparities
in breast cancer
survival
outcomes.

1. The racial
disparities in breast
cancer specific
survival and overall
survival diminished
when adjusted for
augmented
treatment
definitions.

Stone et al.[49]

Variations in tumor
biology; ECM, which
human eye is unable to
distinguish, may
contribute to disparities in
cancer incidence and
survival across racial
groups.

To investigate
racial differences
in breast tumor
morphologies,
ECM regions
and tumor
regions using DL
methods.

2. Mixed results on

1. Significant
differences in ECM
regions between
African American
and Caucasian
groups were
identified.

differences of tumor
regions between the
two groups.

Studies focusing on influencing the fairness of decision-making.

Park et al.[54]

Traditional ML models
often fail to predict
outcomes accurately for
underrepresented groups
due to representation
biases in training data.

To develop race/
ethnicity-specific
survival ML
models for
Hispanic and
Black women
with breast
cancer and
compare them to
general models
to determine
improved
prediction
accuracy for

1. Race/ethnicity-
specific ML models
had improved
prediction accuracy
compared to general
models.
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demographic groups due
to uneven dataset
representation.

and assess the
effectiveness of
post-processing
methods in
mitigating this
bias for white
and non-white
population
samples.

JMIR Preprints
these
populations.
Soltan and Al for cancer diagnostics | To evaluate bias 1. Without post-
often faces challenges in | in DL models for processing
Washington.[52]| achieving fair outcomes | breast cancer methods, all models
across diverse stage prediction demonstrated

consistently higher
binary accuracy,
precision, and
recall for the White
group compared to
the non-White
group.

2. Fairness
adjustments did not
lead to consistent
improvements of
non-biased
predictions across
the two groups.

Studies focusing

on use of Al to reduce healthcare inequalitie

s in a global context.

Gao W. et[53]

High breast cancer
mortality rates in
developing countries are
due to delays in diagnosis
caused by a shortage of
pathologists and
inadequate healthcare
infrastructure.

To develop a DL
based diagnostic
system for
metastatic breast
cancer that is
accurate and
efficient,
comparing CNN
architectures to
find the best
balance for under-
resourced
environments.

1. MobileNetV2 was
a suitable
diagnostic model
for low-resource
settings, with
improved
diagnostic
accuracy and
mobile efficiency.

Abbreviations in the table: pCR= pathological complete response, OS= Overall survival,
LSBC=Late-Stage Breast Cancer

4.Discussion

4.1 Synthesis of Results

Among the identified three principal themes, the predominant focus of the reviewed articles was on

predicting the biological and socio-economic factors related to BC outcomes.
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Dong W. et al.’s findings provide novel and more detailed insights into the distribution of regional
disparities in late-stage BC[50] aligning with the previous findings of Mobley et al. who used
traditional statistical methods[65]. While these insights can help guide resource allocation, it’s
important to note that the geographical areas identified at the county level may still contain
significant internal variations; a need for further stratification to address internal disparities more

effectively.

However, Dong W. et al.’s findings highlight insurance status as a key predictor variable, which
Dell’Aquila et al. study also validated through four different models[50], providing important insight
into systemic disparities of breast cancer. Nonetheless, Dong W. et al.’s findings cannot be

generalized to individuals, as doing so would lead to an ecological fallacy.

Dell’Aquila et al.’s research incorporated a broader range of biological factors, such as tumor
subtype, size, and benign breast tissue enhancement (BPE), which emerged as more significant
predictors than socio-economic factors[60]. While studies utilizing traditional statistical methods
have explored the link between biological determinants and BC outcomes[66—70], there has been no
direct comparison with socio-economic determinants highlighting the advantage of AI models,
which can analyze diverse groups of determinants simultaneously.

However, the results should be interpreted cautiously due to the study's limited inclusion of socio-

economic predictors.

Stone et al. further emphasized biological influences, identifying significant differences in the
extracellular matrix (ECM) between African American and Caucasian BC patients[49], providing
novel insights to the previous literature that has attempted to explain racial disparities in BC
according to tumor characteristics[71]. While this research strengthens the case for individualized
approaches to breast cancer, the effects of these associations need to be carefully evaluated by

controlling for various confounders.
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Consistent with Dong W. et al., Dell’ Aquila et al., Egleston et al. found that race and ethnicity were
not as strong predictors as biological and socio-economic factors in BC disparities, arguing that,
survival differences between two patient cohorts can be attributed to missed treatment definitions in
traditional analyses, thus reinforcing the findings of Silber et al.[72]. However, the lack of statistical

significance in these findings suggests the presence of underlying confounding factors.

Collectively, these studies exemplify AI's capability to analyze large and complex datasets,
considering the interplay between numerous predictor variables. Among the studies reviewed, Dong
W. et al. offered the most comprehensive analysis and methodological rigor, thereby inspiring
greater confidence in their conclusions. However, non-representative databases of other

studies[49,51,60] raise concerns about the fairness of the findings.

Two studies examined Al's role in enhancing decision-making fairness, particularly focusing on
racial bias introduced by non-representative datasets. These attempts are novel approaches in
accompanying wider literature. Park et al.'s model demonstrated superior predictive accuracy, owing
to a larger sample size, a more comprehensive dataset, and greater methodological robustness, with a
substantial number of controlled predictor variables[54]. Conversely, Soltan and Washington's
approach yielded mixed results, partly due to the aggregation of diverse non-White populations into
a single category[52]. It is noteworthy that the two studies also analyzed different types of data,
further distinguishing their findings.

Nevertheless, both studies confirmed the biased predictive power of general models. Consequently,
while AI models trained on biased datasets may exacerbate disparities, race/ethnicity-specific
models appear promising in mitigating such biases. However, broader generalization requires

models that are trained and tested on diverse populations.

The least explored theme was the use of Al to reduce healthcare inequalities in a global context, with

only Gao W. et al addressing this area. Their study highlighted the suitability of Al diagnostic
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models for resource-constrained environments in developing countries. This approach addresses
previous concerns about implementing AI solutions in regions with limited digital
infrastructure[30,36]. However, the study did not address other critical implementation challenges,
such as cost-effectiveness or the need for trained personnel, which have been emphasized in earlier
literature. Additionally, the development of the model based on datasets from HICs for use in LMICs
raises concerns about dataset shifts, potentially exacerbating disparities—a significant ethical issue

voiced by Weissglass[73] and Wahl et al[74].

This CLR effectively achieved its goals by thoroughly evaluating the literature and thematically
organizing the different ways Al applications can impact disparities in breast cancer. Nonetheless,
the review was unable to provide a definitive answer to the research question because of the high

variability among studies and the numerous biases present in the included research.

4.2 Strengths and Limitations
This study followed a systematic approach throughout, adhering to the PICOS framework and

PRISMA guidelines for the comprehensive search and retrieval of relevant articles. A key strength of
this review was the integration of critical appraisal tools from both public health and health
informatics disciplines, which provided a robust appraisal of the literature. Additionally, the use of
both descriptive and thematic analysis for data extraction enriched the synthesis of the results. These

enhanced the methodological rigor and internal validity of the review.

However, the study’s scope was limited to peer-reviewed literature, excluding grey literature. This
may have introduced a Type I bias by potentially overlooking relevant findings from unpublished or
non-peer-reviewed sources. Additionally, the geographical focus on studies from the United States
limits the generalizability of the findings, hindering the ability to assess the global impact of Al on
health equity. Consistent with earlier literature discussed in the rationale, the studies included were

predominantly retrospective, with an absence of superior designs such as prospective or randomized
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controlled trials. Furthermore, any methodological biases present in the reviewed studies also

represent a limitation of this review.

4.3 Future Policy Implications

A recurring theme throughout this review is the disparities introduced by the inherent bias of non-
representative, incomplete, and poor-quality datasets used to train AI models. This issue has been
extensively documented in the literature[34,75,76].

National and international cancer databases exhibit distinct challenges concerning
representativeness, completeness, and accuracy. The SEER database, the most extensive in the
United States, covers only approximately half of the U.S. population, with variable representation
across racial and ethnic groups[77]. Moreover, issues of incompleteness and inaccuracies due to
unrecorded variables and inconsistencies in coding have been reported[78,79]. Conversely, the UK's
National Cancer Registration and Analysis Service (NCRAS) is acclaimed for its thoroughness,
precision, and comprehensive recording of cases within the National Health Service (NHS), though
some variations and coding issues have been reported[80—82]. The UK's smaller population and the
centralized structure of its healthcare system[83], in difference to the U.S.'s more fragmented

system[84] may contribute to these differences in database quality.

Current global and national guidelines on data and datasets for Al research and development are still
in their infancy, with existing frameworks generally covering Al applications across various sectors
collectively rather than focusing specifically on healthcare applications. Recent publications,
including the WHO's "Regulatory Considerations on Artificial Intelligence for

Health[85]", The European Union's “Al Act”’[86], the UK Department for Science and Innovation's
whitepaper on Al regulation[87], the FDA's whitepaper on Artificial Intelligence

& Medical Products[88], all released between 2023 and 2024, are evident of this nascent stage.
These guidelines largely emphasize ethical data governance, focusing on privacy and ethical issues
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of handling data, but poorly address the dataset inclusivity and representativeness.

The WHO and EU recommendations primarily focus on dataset management during Al model
development rather than improving dataset quality[85,89,90]. This highlights the need for policies
that enforce transparency regarding dataset representativeness and quality. Public health policy in Al
should investigate methods to enhance dataset inclusivity and establish standards for benchmark
datasets used in Al research and development, alongside developing protocols for standardized data

collection.

The publication[91] by the UK NHS AI Lab’s ethics initiative[92] provides a valuable foundation for
creating such frameworks. Developing or adapting similar frameworks should be considered by
other countries while the feasibility of integrating this initiative into policy should be explored

within the UK context.

Furthermore, in the global context, the struggle of LMICs to establish reliable, complete, and
representative health databases is evident from the limitations of quality and coverage of cancer
data from some low- and middle-income countries on the Global Cancer Observatory (GCO)[93].
Therefore, it is crucial to address the data poverty in LMICs. Exploring methods to establish
databases and surveillance systems that can support unbiased and generalizable Al research in these

settings is imperative.

4.4 Recommendations for Future Research

Randomized controlled trials (RCTs) and prospective cohort studies can reveal the true impact of Al
on health equity in BC. RCTs are better suited for evaluating Al applications already integrated into
BC care while prospective cohort studies are better suited for Al in predictive or classification
analysis. This allows the collection of high-quality data, reducing the influence of biased datasets

and improving clinical relevance[94]. A conceptual framework for conducting RCTs to evaluate
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health equity outcomes has been described by Jull et al.[95]. Significant attention must be paid to the
selection and control of predictor variables to minimize confounding biases, which can be achieved

through multidisciplinary collaboration[48,96].

Additionally, adherence to standard reporting guidelines is crucial to improve the reproducibility of

studies[48,97,98], an aspect that is currently lacking in much of the existing research.

4.5 Conclusion

In conclusion, Al applications in breast cancer diagnosis, treatment, and outcomes have the potential
to either mitigate or worsen existing inequities. To minimize this risk, careful attention must be
given to the data used and biases in model development. Further evidence is needed to fully

understand their true impact.
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