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Introduction

Khaled Mahfouz , Rania Abdelaziz , Sherif Adel , Dina Mostafa , Tamer Nabil , Reem Saad1* 1 2 1 2 1

Artificial intelligence models are increasingly used to support healthcare decision-making, resource allocation, clinical
triage, population health management, and quality improvement. Without explicit equity assessment, these tools may
reproduce, obscure, or scale existing disparities across racial, ethnic, sex, gender, socioeconomic, and geographic
groups. This systematic review examined artificial intelligence approaches for healthcare equity analytics from 2017 to
2024. The review focused on bias detection, fairness-aware prediction, disparity monitoring, and algorithmic
accountability in health systems. A PRISMA 2020-compliant search was conducted across PubMed, Scopus, Web of
Science, and IEEE Xplore for peer-reviewed English-language studies published between 2017 and 2024. Eligible
records were screened by two reviewers, and findings were synthesised narratively by equity task, method type,
clinical application, fairness metric, and implementation context. The evidence base showed increasing attention to
bias detection and fairness-aware algorithm design, especially in clinical risk prediction, diagnostic imaging, and
population health management. Disparity monitoring systems and accountability structures were less frequently
evaluated in deployed health system environments and were commonly described as governance recommendations,
audit frameworks, or pilot-stage approaches. The technical foundations for equitable artificial intelligence in healthcare
are advancing, but translation into operational health system practice remains limited. The strongest evidence
concerns bias measurement, whereas evidence that fairness interventions reduce real-world health disparities
remains nascent.

1

2

Healthcare artificial intelligence has become central to risk prediction, diagnostic decision support, care management, and
operational prioritisation, creating both opportunities and risks for health equity. Several foundational papers warned that
models trained on historical clinical data can encode inequitable access, biased measurement, structural racism, and
unequal care pathways rather than objective need [1, 2]. The widely discussed population health management algorithm
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evaluated by Obermeyer and colleagues illustrated how cost-based proxies can underestimate the health needs of Black
patients, making algorithmic bias a health system governance problem rather than only a modelling flaw [2]. This
evidence has driven increasing interest in equity analytics as a systematic approach to detecting, measuring, mitigating,
and monitoring AI-induced disparities [3, 4].

In this review, bias refers to systematic differences in model performance, error distribution, calibration, data
representation, or downstream allocation across socially meaningful groups. Fairness refers to the use of normative and
statistical criteria, including equal opportunity, equalised odds, demographic parity, calibration, and subgroup validity, to
assess whether model behaviour is acceptable across populations [5, 6]. Accountability refers to the institutional capacity
to document, audit, explain, govern, and revise algorithmic systems when they contribute to inequitable outcomes [7, 8].
These concepts overlap but are not interchangeable, because a model may satisfy one fairness metric while still
producing inequitable clinical consequences or weak organisational accountability [5, 9].

Health systems have begun to recognise that algorithmic equity cannot be assured at model development alone. Bias
may arise during problem formulation, cohort construction, label definition, missingness patterns, feature selection,
threshold choice, deployment, clinician uptake, or post-deployment drift [10, 11]. Several studies and commentaries
emphasised that fairness evaluation must be continuous because model performance may vary across sites, time
periods, clinical workflows, and patient subgroups [12, 13]. However, the literature remains uneven, with more work on
retrospective bias detection than on prospective disparity monitoring, audit enforcement, or demonstrated reductions in
health inequities [14, 15].

This systematic review therefore synthesises evidence on artificial intelligence for healthcare equity analytics across four
linked domains: bias detection, fairness-aware prediction, disparity monitoring, and algorithmic accountability. The review
follows PRISMA 2020 principles by defining a structured search strategy, eligibility criteria, screening process, data
extraction framework, and narrative synthesis plan. It focuses on peer-reviewed studies and frameworks published from
2017 to 2024 that address healthcare AI fairness, bias mitigation, or equity governance. The objective is to map how the
field has moved from identifying biased algorithms toward developing accountable, equity-oriented analytics
infrastructures.

Search strategy
A systematic search was conducted across PubMed, Scopus, Web of Science, and IEEE Xplore for records published
from 1 January 2017 to 31 December 2024. Search strings combined terms for artificial intelligence, machine learning,
bias detection, fairness-aware prediction, disparity monitoring, social determinants of health, accountability, audit, and
health equity, reflecting terminology used across clinical informatics, digital health, and biomedical ethics literature. The
search strategy was informed by recurring concepts in prior health AI fairness literature, including algorithmic bias, race
correction, model auditing, fairness metrics, and equity-oriented governance. Targeted supplementary searching was also
used to identify highly cited studies and review articles in journals relevant to health informatics, digital medicine, ethics,
and health services research.

 Inclusion and exclusion criteria
Studies were eligible if they were peer-reviewed, written in English, published between 2017 and 2024, and addressed
artificial intelligence or machine learning in relation to healthcare equity, bias, fairness, disparity monitoring, or
accountability. Eligible publications included original empirical studies, modelling studies, systematic or scoping reviews,
ethical analyses, and governance frameworks when they directly addressed healthcare AI equity analytics. Studies were
excluded if they focused on general AI ethics without a healthcare application, described non-AI health disparities without
algorithmic relevance, or lacked explicit discussion of fairness, bias, subgroup performance, equity governance, or
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accountability. Papers addressing race correction in clinical algorithms were included when they were relevant to
algorithmic equity, even if the tool was not a modern machine learning model, because these studies informed the
broader accountability literature.

Screening and selection
After database and supplementary searching, 1,850 records were identified, and 410 duplicates were removed before
screening. A total of 1,440 titles and abstracts were screened, 1,210 records were excluded, and 230 full-text reports
were assessed for eligibility, resulting in 68 studies included in the narrative synthesis. Full-text exclusions were mainly
due to absence of a healthcare AI application, lack of equity or fairness analysis, purely technical fairness methods
without clinical relevance, or commentary without a clear accountability or governance contribution [3, 10]. The screening
process was structured for presentation in a PRISMA 2020 flow diagram, with the final included evidence base grouped
by bias detection, fairness-aware prediction, disparity monitoring, and algorithmic accountability.

Data extraction
Data extraction captured publication year, geography, clinical domain, model or framework type, healthcare setting,
population subgroup variables, fairness metrics, mitigation strategy, deployment status, and accountability mechanisms.
Particular attention was given to whether studies examined demographic, socioeconomic, geographic, sex, gender, race,
ethnicity, or intersectional disparities in model performance or care allocation. For modelling studies, extracted fields
included whether fairness was assessed through pre-processing, in-processing, post-processing, calibration analysis,
subgroup error analysis, adversarial learning, or threshold adjustment. For governance papers, extraction focused on
auditability, transparency, stakeholder responsibility, regulatory implications, model documentation, and institutional
oversight.

Risk of bias assessment
Risk of bias assessment was adapted from prediction model appraisal principles and focused on sources of inequity in
cohort definition, predictor availability, outcome labelling, missing data, validation design, and subgroup analysis. Studies
were considered at higher risk of equity-related bias when they relied on single-site retrospective data, used proxy labels
linked to unequal access, omitted relevant protected or social variables, or reported aggregate performance without
subgroup evaluation. The review also considered whether fairness metric selection was justified, whether trade-offs were
discussed, and whether mitigation approaches were evaluated beyond overall predictive accuracy. Ethical and
governance publications were appraised narratively according to whether they specified responsible actors, audit
processes, transparency requirements, and pathways for remediation.

Synthesis methods
Because included studies varied substantially in clinical domain, model type, fairness metric, population, and
implementation maturity, a meta-analysis was not appropriate. A narrative synthesis was conducted by grouping evidence
into four equity analytics tasks: bias detection, fairness-aware prediction, disparity monitoring, and algorithmic
accountability. Within these groups, studies were further organised by methodological approach, including subgroup
performance assessment, calibration analysis, pre-processing mitigation, constrained optimisation, adversarial learning,
post-processing, model documentation, and governance recommendations. The synthesis emphasised patterns in
reported methods and implementation barriers rather than producing pooled effect estimates or claims of clinical
effectiveness.

Study selection
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The PRISMA selection process identified 68 included studies from 1,850 records after duplicate removal, title and
abstract screening, and full-text assessment. Most excluded records addressed AI in healthcare without explicit attention
to equity, fairness, bias detection, disparity monitoring, or accountability. Among full-text exclusions, common reasons
included absence of subgroup analysis, non-healthcare technical focus, insufficient description of algorithmic governance,
or lack of relevance to health system equity analytics [3, 16].

Study characteristics
The included evidence base expanded notably after 2019, corresponding with increased attention to biased population
health algorithms, ethical health AI governance, and subgroup evaluation in clinical prediction and imaging [2, 10].
Studies were concentrated in high-resource settings, especially the United States and other digitally mature health
systems, with fewer examples from low- and middle-income contexts [11, 16]. Clinical domains included population health
management, diagnostic imaging, risk prediction, triage, resource allocation, public health, and quality monitoring [17, 18].
Across domains, many studies were retrospective, and only a smaller subset addressed implementation, ongoing audit,
or organisational responsibility [15, 16].

Figure 1 presents the evidence synthesis framework linking healthcare equity problem contexts, AI fairness analytics
tasks, reviewed data structures, evaluation logic, governance findings, and practical future directions.

Figure 1. Evidence Synthesis Framework for Artificial Intelligence in Healthcare Equity Analytics

Bias detection approaches
Bias detection approaches most commonly examined whether model performance differed across race, ethnicity, sex,
gender, age, insurance status, or other subgroup categories. Several studies reported subgroup differences in diagnostic
performance, calibration, or allocation outcomes, particularly when models relied on proxies such as healthcare spending,
historical utilisation, or diagnosis frequency [2, 19]. Imaging studies also demonstrated that models could encode
demographic information in unexpected ways, raising concern that apparently neutral clinical data may contain latent
signals associated with social identity [17, 18]. These findings support the need for systematic subgroup auditing before
deployment and throughout the model life cycle [11, 20].

Common fairness metrics and audits
The most frequently discussed fairness metrics included calibration across groups, equal opportunity, equalised odds,
demographic parity, predictive parity, subgroup sensitivity, subgroup specificity, and differences in false-positive or false-
negative rates. Empirical and methodological studies emphasised that metric choice is not merely technical, because
each metric reflects a different ethical and operational priority [5, 9]. Several authors noted that fairness criteria may
conflict, especially when baseline outcome rates differ across groups due to structural inequities rather than biological
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differences [1, 6]. As a result, fairness audits increasingly require clinical, statistical, ethical, and community-informed
justification rather than automatic selection of a single metric [8, 15].

Table 1 provides an evidence taxonomy of the main AI approaches used for healthcare equity analytics, organised by
analytical purpose, data structure, fairness logic, and operational relevance.

Table 1. Evidence Taxonomy of Artificial Intelligence Approaches for Healthcare Equity Analytics

Evidence
domain

Main analytical
purpose

Typical
healthcare data

structures

Common AI
or ML

approaches
reviewed

Equity
variables or
subgroup

dimensions

Fairness or
bias

assessment
logic

Practical hea
system releva

Bias
detection in
deployed or
proposed

healthcare AI

Identify whether
model

performance,
allocation,

calibration, or
error patterns
differ across

socially
meaningful groups

Electronic health
records,

administrative
claims, imaging
datasets, care
management
registries, risk

scores, utilisation
histories

Subgroup
performance

analysis,
calibration

assessment,
error-rate

comparison,
proxy-label
evaluation,

retrospective
audit

Race, ethnicity,
sex, gender,

age, insurance
status,

socioeconomic
position,

geographic
location,

language,
disability,

comorbidity
burden

Compares
sensitivity,
specificity,

false-positive
rates, false-

negative
rates,

calibration,
risk score

distribution, or
allocation

rates across
groups

Helps health
systems ident

inequitable mo
behaviour bef

or after
deployment a
prevents hidd
disparities fro

being scaled
through automa

decision supp

Fairness-
aware

prediction
using pre-
processing
methods

Reduce bias
before model

training by
modifying data,

labels, sampling,
or representations

EHR tables,
claims data,
structured

demographics,
social

determinants of
health, historical
utilisation data

Reweighting,
resampling,
missingness

review,
feature
review,

representation
learning,
cohort

balancing

Protected
attributes,

under-
represented
subgroups,
social risk
variables,
missing

demographic
fields

Evaluates
whether

modified data
construction

reduces
subgroup

performance
gaps without

obscuring
clinically

relevant risk

Supports mo
equitable mod
development 

addressing bia
the level of coh

design, labe
construction, a

data
representativen

Fairness-
aware

prediction
using in-

processing
methods

Embed fairness
objectives directly
into model training

Clinical prediction
datasets, imaging
datasets, multi-
site EHR data,
structured and
semi-structured
patient records

Constrained
optimisation,

fairness
regularisation,

adversarial
learning,

multi-objective
learning, fair

representation
models

Race, ethnicity,
sex, age, site,

insurance
status, and

other subgroup
markers
available

during training
or evaluation

Tests whether
model

optimisation
can reduce

unfair
dependence
on protected

attributes
while

preserving
clinically

useful signal

Offers technic
advanced fairn

correction bu
often require

specialised
expertise, cle

ethical justifica
and validatio

beyond
retrospectiv

datasets
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Fairness-
aware

prediction
using post-
processing
methods

Adjust model
outputs after

training to reduce
inequitable

decision
thresholds or

calibration
differences

Risk scores,
probability

outputs, triage
recommendations,
care management
flags, diagnostic
decision outputs

Threshold
adjustment,
group-aware
calibration,

output review
rules,

decision-
policy

modification

Groups with
unequal false-
negative rates,
false-positive

rates, risk
calibration, or

allocation rates

Compares
decision

consequences
before and
after output
adjustment

across
subgroups

Useful for
modifying exis

tools but rais
governance

questions wh
group-specif

thresholds aff
access to care

resource alloca

Disparity
monitoring
systems

Track whether AI-
supported care

produces unequal
outcomes,

recommendations,
or workflow

consequences
over time

Operational
analytics data,
quality metrics,
patient safety

data, care
pathway data,

model logs,
outcome registries

Monitoring
dashboards,

drift detection,
subgroup

audit
pipelines,

alert
thresholds,

periodic
recalibration

review

Demographic,
socioeconomic,

geographic,
clinical, and

intersectional
subgroups

Monitors
changes in
subgroup

performance,
clinical
actions,
access,
quality

indicators,
and outcome

disparities
after

deployment

Connects A
fairness to qua

improvemen
patient safety, 

health syste
accountability 

remains
underdevelope

the literature

Algorithmic
accountability
frameworks

Define how AI
tools should be
documented,

audited,
governed, and
corrected when

inequitable effects
occur

Model
documentation,
audit reports,
governance

policies, validation
records,

institutional review
files

Model cards,
datasheets,
algorithmic

impact
assessments,

lifecycle
governance,

audit
committees,
transparency
frameworks

Populations
affected by

high-stakes AI
decisions,
especially
historically

marginalised
groups

Evaluates
whether

responsibility,
transparency,
audit timing,

reporting
obligations,

and
remediation

pathways are
specified

Moves fairne
from technic
evaluation t
organisation
responsibility

regulatory
readiness, an

institutional eq
governance

Social
determinants-

informed
equity

modelling

Use contextual
variables to
understand,

detect, or reduce
inequitable

prediction and
allocation

Area deprivation
indices, housing

instability, income
proxies,

education, food
insecurity,

transportation,
neighbourhood

context, insurance
status

Feature
enrichment,
confounding
assessment,

equity
stratification,

contextual risk
modelling,
fairness-

aware feature
governance

Socioeconomic
position,

neighbourhood
deprivation,

access
barriers, social

needs,
structural

vulnerability

Assesses
whether social

variables
explain

inequitable
risk patterns

or
unintentionally

encode
disadvantage

Can improv
contextual

understanding
inequity but

requires
safeguards aga

stereotyping
surveillance, a

inequitable
resource
restriction

Clinical task-
specific

Apply equity
analytics to

Readmission
prediction,
mortality

Risk
prediction,

classification,

Subgroups
defined by

demographic,

Measures
whether AI-
supported

Demonstrate
where healthc

AI fairness
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fairness
applications

particular health
system use cases

prediction,
diagnostic

imaging, triage,
population health

management,
case

management,
public health

analytics

imaging AI,
patient

representation
learning,
resource
allocation
algorithms

clinical,
utilisation, and

social
characteristics

decisions
distribute

errors,
benefits,

burdens, or
care access
unequally

becomes
operationall

consequential
patients, clinici
and administra

Fairness-aware prediction: pre-processing methods
Pre-processing methods included data reweighting, resampling, representation learning, missingness assessment,
feature review, and attempts to improve cohort representativeness before model training. Several studies and reviews
discussed the importance of examining how labels, predictors, and data availability reflect unequal access to care,
because biased data construction can undermine fairness even before modelling begins [11, 21]. Social and demographic
variables were sometimes used to diagnose inequities, but their inclusion as predictors required careful justification
because they may either improve equity assessment or reinforce group-based stereotyping [13, 22]. Overall, pre-
processing approaches were described as necessary but insufficient unless combined with transparent model evaluation
and post-deployment monitoring [5, 10].

Fairness-aware prediction: in-processing methods
In-processing fairness methods included regularisation, constrained optimisation, adversarial learning, and multi-objective
training designed to reduce performance disparities during model development. A subset of empirical work explored
adversarial approaches and fair representation learning for clinical prediction, aiming to reduce dependence on protected
attributes while preserving clinically useful signal [12, 23]. These approaches demonstrated the feasibility of embedding
fairness objectives into model training, but studies often remained retrospective and used limited external validation [6,
12]. The review found that in-processing methods were technically promising but less commonly connected to operational
governance decisions or prospective patient outcomes [14, 24].

Fairness-aware prediction: post-processing methods
Post-processing methods included threshold adjustment, group-specific calibration, output review, and decision policy
modification after model development. Such approaches were attractive for health systems because they can sometimes
be applied to existing predictive tools without full model redevelopment [1, 6]. However, ethical analyses cautioned that
post-processing can create difficult trade-offs if thresholds differ across groups without transparent justification,
stakeholder engagement, and clinical governance [8, 9]. The evidence suggested that post-processing should be framed
as one component of an accountable intervention pathway rather than a standalone technical correction [7, 15].

Disparity monitoring systems
Disparity monitoring systems were less developed than bias detection studies and were often described conceptually
rather than evaluated as mature operational platforms. Several governance-oriented papers argued that health systems
should monitor AI outputs, clinical actions, and patient outcomes across subgroups after deployment, because pre-
deployment validation cannot anticipate all workflow effects [7, 10]. Monitoring proposals commonly included subgroup
performance dashboards, periodic recalibration reviews, alert thresholds for inequitable drift, and institutional committees
responsible for remediation [14, 15]. Nevertheless, the review identified limited peer-reviewed evidence of real-time AI-
enabled disparity monitoring embedded in routine clinical operations [22, 25].
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Social determinants in equity-focused models
Social determinants of health were discussed as both essential context and a potential source of modelling risk. Studies
and frameworks noted that housing instability, income, neighbourhood deprivation, education, transportation access, food
insecurity, and insurance patterns may improve understanding of inequitable outcomes when used carefully [13, 21]. At
the same time, these variables may encode structural disadvantage and produce harmful prioritisation if interpreted as
individual risk rather than contextual inequity [5, 22]. The evidence therefore supported the use of social determinants
primarily within transparent, equity-oriented modelling and audit frameworks rather than as unexamined predictors [1, 20].

Algorithmic accountability frameworks
Algorithmic accountability frameworks emphasised transparency, documentation, auditability, responsibility assignment,
regulatory oversight, and remediation pathways. Several articles proposed that health systems should treat AI models as
governed clinical technologies requiring lifecycle evaluation, rather than as static software tools [7, 10]. Ethical analyses
highlighted the need for explicit accountability when algorithms shape triage, diagnosis, resource allocation, or care
management decisions [8, 15]. However, many frameworks remained voluntary or principle-based, and relatively few
specified enforceable mechanisms for reporting audit results, correcting harms, or compensating affected patients [3, 14].

Clinical tasks with fairness-aware implementations
Clinical tasks with fairness-aware implementations included population health risk stratification, diagnostic imaging,
hospital risk prediction, public health modelling, and patient representation learning from electronic health records. The
population health algorithm evaluated by Obermeyer and colleagues was influential because it showed how resource
allocation models can disadvantage patients when cost is used as a proxy for need [2]. Diagnostic imaging studies
demonstrated the importance of subgroup evaluation and revealed that AI systems may learn demographic signals that
are not obvious to developers or clinicians [17, 18]. Other studies explored fair patient representations and clinical risk
prediction use cases, but operational evidence remained limited [23, 24].

Barriers to real-world implementation
Common barriers to real-world implementation included fragmented data infrastructure, incomplete demographic data,
inconsistent social determinants documentation, lack of external validation, legal uncertainty, and limited institutional
ownership of algorithmic harms. Several studies noted that fairness methods developed in controlled retrospective
datasets may not transfer cleanly to changing clinical workflows, multi-site environments, or settings with different
population structures [10, 11]. Health systems also face practical challenges in deciding who should monitor AI equity,
how often audits should occur, and what actions should follow when inequities are detected [7, 15]. These barriers help
explain why many fairness-aware approaches remain methodological demonstrations rather than embedded health
system practices [14, 25].

Impact of fairness interventions on health equity outcomes
The reviewed literature provided limited evidence that fairness interventions have reduced health disparities in patient
outcomes at scale. Several studies demonstrated bias detection, subgroup performance differences, or technical
mitigation, but fewer evaluated downstream effects on access, quality, treatment, morbidity, or patient experience [6, 12].
Commentaries and governance frameworks repeatedly called for prospective evaluation, ongoing monitoring, and
accountability mechanisms to determine whether fairer models produce fairer care [3, 26]. Overall, the evidence
suggested that healthcare AI fairness has advanced methodologically, but equity impact remains under-measured [13,
22].

Technical maturity vs. Operational reality
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This review found a growing technical literature on bias detection and fairness-aware machine learning, but much weaker
evidence that these methods are routinely deployed in live health systems. The distinction between technical fairness and
operational equity was central across several studies, because a model may perform more similarly across groups
without improving access, treatment, or outcomes [5, 9]. Health systems require governance, monitoring, workflow
redesign, and accountability structures to translate model-level fairness into equitable care delivery [7, 15]. The field is
therefore technically maturing but operationally incomplete [14, 25].

Bias detection precedes mitigation
More studies measured bias than corrected it, and more studies proposed mitigation than evaluated mitigation
prospectively. Bias detection was often performed through subgroup performance comparison, calibration assessment, or
analysis of proxy labels, as seen in studies of population health management and diagnostic imaging [2, 17]. Mitigation
studies, including adversarial training and fair representation learning, were less common and were typically retrospective
[12, 23]. This imbalance suggests that the first wave of healthcare AI equity analytics has been diagnostic rather than
corrective [6, 11].

Multi-dimensional fairness tensions
The review found recurring tensions among fairness metrics, clinical goals, and ethical priorities. Equal opportunity,
calibration, demographic parity, and equalised odds may imply different intervention thresholds or trade-offs, especially
when structural inequities influence baseline disease prevalence, care access, and outcome measurement [1, 9]. Several
authors argued that fairness decisions should be clinically and socially justified rather than treated as purely mathematical
optimisation problems [5, 8]. This is particularly important in high-stakes settings such as triage, resource allocation, and
diagnostic support, where different errors may have unequal consequences across groups [3, 15].

Disparity monitoring remains retrospective
Disparity monitoring remains largely retrospective, despite broad agreement that algorithmic equity should be evaluated
continuously after deployment. Several papers proposed dashboards, subgroup audits, drift detection, recalibration, and
lifecycle governance, but few described sustained real-time monitoring of AI-related disparities in operational care
pathways [7, 10]. Retrospective audits are valuable for identifying inequity, but they may detect harms only after patients
have already been affected [14, 22]. The evidence therefore supports a shift from episodic fairness evaluation toward
embedded equity surveillance within health system analytics [25].

The accountability ecosystem
The accountability ecosystem for healthcare AI remains fragmented, with responsibility distributed across developers,
clinicians, health system leaders, regulators, vendors, journal editors, and data governance bodies. Ethical and regulatory
papers argued that AI tools should be auditable, transparent, and subject to clear oversight when they influence clinical or
operational decisions [7, 8]. However, voluntary model documentation and internal review may be insufficient when
algorithms contribute to unequal care [15]. The review indicates that accountability must include enforceable reporting,
role clarity, patient-facing transparency, and remediation mechanisms [3, 14].

Social determinants as a double-edged sword
Social determinants of health can strengthen equity analytics by revealing contextual drivers of risk, access, and
outcomes. At the same time, they can reproduce structural disadvantage if models treat deprivation as an individual
attribute rather than a signal of system-level inequity [13, 21]. Several authors warned that uncritical inclusion of social
and demographic variables may intensify surveillance, stereotyping, or discriminatory allocation if governance is weak [5,
22]. The implication is that social determinants should be used within explicit fairness frameworks, with transparency
about why variables are included and how outputs will be acted upon [1, 20].
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From fair models to equitable health systems
The central message of the reviewed literature is that fair models alone cannot produce equitable health systems. AI
equity requires attention to data generation, clinical workflows, organisational incentives, implementation contexts, patient
trust, and accountability for harm [10, 26]. Several studies showed that algorithmic bias may reflect broader inequities in
healthcare utilisation, diagnostic access, and documentation, meaning that technical correction without system reform
may be inadequate [2, 19]. Equity analytics should therefore be integrated into institutional quality improvement, patient
safety, and health equity governance rather than treated as an isolated modelling task [15, 22].

Table 2 translates the review findings into a governance and implementation framework for evaluating, monitoring, and
correcting inequitable AI effects in health systems.

Table 2. Governance, Implementation, and Future Research Framework for AI-Based Healthcare Equity Analytics

Framework
dimension

Main problem
identified in the

review

Operational risk
for health
systems

Governance
requirement

Implementation
action

Future
research
priority

Problem
formulation

AI tools may
optimise

convenience,
cost, utilisation, or
throughput rather

than equitable
clinical need

Models may
reproduce
historical

underuse of care,
unequal access,
or biased proxies
while appearing
technically valid

Require explicit
statement of

equity objective,
intended use,

affected
population, and
clinical decision

context

Review model
purpose before
development or

procurement and
reject proxy

outcomes that
conflict with equity

goals

Study how
alternative
outcome

definitions
influence

fairness and
downstream

care allocation

Data
representativeness

Training datasets
often under-

represent
marginalised

populations or
contain

incomplete
subgroup

documentation

Aggregate
performance may

conceal poor
performance for

smaller or
historically

underserved
groups

Require subgroup
completeness

assessment and
documentation of

missing
demographic and
social variables

Conduct
representativeness

audits before
model validation
and deployment

Develop robust
methods for

fairness
assessment
under small

sample sizes
and incomplete
subgroup labels

Label construction Labels such as
cost, utilisation,

diagnosis
frequency, or prior

referrals may
reflect unequal

access rather than
true need

AI systems may
allocate fewer
resources to
patients who
historically

received less care

Require clinical
and equity review
of labels before
model training

Evaluate whether
labels encode

access,
documentation, or

payment bias

Compare
fairness effects
of alternative

labels in clinical
prediction and

population
health

management
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Fairness metric
selection

Different fairness
metrics can

produce
conflicting

conclusions

Health systems
may select

favourable metrics
while overlooking

other forms of
inequity

Require
justification for
metric choice

based on clinical
task, harm type,
and stakeholder

priorities

Report multiple
subgroup metrics,

including
calibration and

error distribution
where relevant

Develop clinical
guidance for

choosing
fairness metrics
in high-stakes

healthcare
decisions

Mitigation strategy Technical bias
mitigation may not
address workflow,

access, or
organisational

drivers of inequity

Fairness-aware
models may

improve statistical
parity without

improving patient
outcomes

Require mitigation
plans that connect
model behaviour
to clinical action
and equity goals

Pair pre-
processing, in-
processing, or

post-processing
methods with

workflow review
and human
oversight

Conduct
prospective

studies testing
whether

mitigation
changes care
delivery and

health outcomes

Disparity
monitoring

Many studies
evaluate fairness
retrospectively but
do not monitor AI
after deployment

Model drift,
changing

populations, or
workflow

adaptation may
create new

inequities over
time

Require post-
deployment equity

monitoring with
predefined audit

intervals and
escalation rules

Build subgroup
monitoring into

quality
improvement,

patient safety, and
operational

analytics systems

Evaluate real-
time disparity

monitoring
systems in

multi-site health
system settings

Accountability
ownership

Responsibility for
algorithmic harm
is often unclear

across
developers,

vendors,
clinicians, and
health systems

Inequitable AI
effects may

persist because
no actor is

accountable for
correction

Define
responsible
parties for
validation,
monitoring,

reporting, and
remediation

Establish AI equity
governance

committees with
authority to pause,

revise, or retire
models

Study
governance
models that
successfully

translate audit
findings into

corrective action

Transparency and
documentation

Model
assumptions, data

limitations,
subgroup

performance, and
intended use are
often insufficiently

documented

Clinicians and
administrators
may over-trust
tools without

understanding
their limitations

Require model
documentation,

audit summaries,
intended-use

statements, and
known equity

limitations

Use model cards,
datasheets,

algorithmic impact
assessments, and

implementation
checklists

Assess whether
documentation

improves
clinician trust,

patient
understanding,
and institutional
accountability

Human oversight Human review is
often mentioned

but not
operationally

defined

Clinicians may
either ignore AI

outputs or defer to
biased

recommendations
without structured

safeguards

Specify when and
how humans can

override,
question, or

escalate
algorithmic

recommendations

Create decision
protocols that

clarify AI’s advisory
role and preserve

clinician
responsibility

Evaluate how
human-AI
interaction

affects
disparities in
real clinical
workflows
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Patient and
community
involvement

Fairness
definitions are

often selected by
researchers

without
meaningful input

from affected
communities

AI governance
may miss patient
priorities such as

dignity,
transparency,

contestability, and
historical harm

Include patient,
community, and

equity
representatives in
governance and
review processes

Create
mechanisms for
patient-facing
explanation,
appeal, and

feedback where AI
affects access or

care

Develop
participatory
methods for

defining
acceptable

fairness criteria
and

accountability
standards

Regulatory
readiness

Many
accountability

recommendations
remain voluntary

or principle-based

High-stakes AI
tools may be

deployed without
enforceable equity

safeguards

Require
auditability,

lifecycle
monitoring, risk

classification, and
public or
regulator-
accessible
reporting

Align institutional AI
governance with

emerging
regulatory and

ethical
expectations

Study how
regulation
affects AI

innovation,
transparency,

equity, and
patient safety

Equity impact
evaluation

Few studies
demonstrate that

fairness
interventions

reduce real-world
disparities

Health systems
may claim
fairness

improvement
without evidence
of patient-level

benefit

Require equity
impact endpoints
in evaluations of
high-stakes AI

tools

Measure access,
treatment, quality,

safety, and
outcome

differences before
and after

implementation

Conduct
prospective,
implementation-
focused equity
impact studies
across diverse
populations

Limitations
Review limitations

This review was limited to peer-reviewed English-language publications from 2017 to 2024 and may have missed relevant
grey literature, local health system audits, regulatory reports, and non-English studies. The evidence base was also
shaped by terminology, because some studies relevant to health equity may not use terms such as fairness, bias,
accountability, or algorithmic audit [16, 27]. The narrative synthesis approach was appropriate given heterogeneity but
does not provide pooled quantitative estimates of fairness intervention effects [6, 28]. In addition, the review prioritised
studies directly relevant to healthcare AI equity analytics, which may exclude broader technical fairness literature without
clinical application [5].

Evidence base limitations

The included literature was limited by retrospective designs, single-site datasets, incomplete subgroup reporting,
inconsistent fairness metrics, and limited prospective validation. Several studies identified bias or proposed mitigation
strategies, but few evaluated whether interventions changed clinical decisions, care delivery, or patient outcomes in ways
that reduced disparities [12, 17]. Fairness metric selection was sometimes insufficiently justified, creating the possibility
that favourable metrics were emphasised while other inequities remained unexamined [6, 9]. These limitations indicate
that the current evidence base is stronger for identifying algorithmic inequity than for demonstrating accountable,
sustained equity improvement in health systems [14, 15].

Comparison with prior reviews
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Prior reviews and ethical analyses have often focused on broad principles for responsible healthcare AI, including
transparency, safety, fairness, accountability, and avoidance of harm. These contributions established that algorithmic
systems can reproduce structural inequities when trained on biased data or deployed without subgroup evaluation [10,
26]. Other reviews focused more specifically on biased data, open science, fairness recommendations, or the ethical
limits of technical fairness solutions [9, 11]. Compared with these works, the present review narrows attention to equity
analytics as an applied health system function rather than treating fairness only as an abstract ethical principle [10, 29].

This review differs from prior work by synthesising four connected domains within one PRISMA-guided framework: bias
detection, fairness-aware prediction, disparity monitoring, and algorithmic accountability. Some earlier publications
examined algorithmic bias in specific contexts such as race correction, population health management, diagnostic
imaging, or clinical risk prediction [2, 19, 17]. Others focused on fairness methods, global health implications, or AI
governance without fully mapping how detection, mitigation, monitoring, and accountability interact across the model life
cycle [7, 16]. By integrating these strands, this review shows that healthcare equity analytics requires both technical
methods and institutional structures [15, 22].

The main contribution of this review is the mapping of the full equity analytics pipeline from identifying biased model
behaviour to embedding accountability in health system governance. Bias detection studies demonstrate where inequities
may arise, fairness-aware methods attempt to modify model behaviour, disparity monitoring tracks whether inequities 13
after deployment, and accountability frameworks determine who must respond when harm is detected [6, 18]. This
pipeline-oriented perspective highlights a major gap in the literature: many studies stop at measurement or mitigation
without showing how health systems should operationalise findings in real time [14, 25]. The review therefore extends
prior work by framing healthcare AI fairness as a continuous governance process rather than a single model evaluation
step [13, 21].

Research gaps
Prospective equity impact studies

A major research gap is the absence of prospective studies showing that fairness-aware models reduce disparities in
real-world patient outcomes. Existing studies frequently identify subgroup differences, test fairness metrics, or
demonstrate mitigation in retrospective datasets, but they rarely evaluate whether these interventions improve access,
treatment, safety, quality, or patient experience across groups [6, 12]. This gap is important because technical fairness
improvements may not translate into equitable care if clinical workflows, resource constraints, or organisational incentives
remain unchanged [9, 10]. Future research should therefore measure equity impact after deployment and distinguish
model-level fairness from health system-level disparity reduction [14, 22].

Intersectional fairness

Most healthcare AI fairness studies focus on single protected attributes, such as race, ethnicity, sex, age, or insurance
status, rather than intersectional combinations of social position. This creates a risk that models may appear fair across
broad categories while still performing poorly for smaller groups defined by overlapping disadvantage [17, 29].
Intersectional fairness is methodologically difficult because subgroup sizes may be small, labels may be incomplete, and
statistical uncertainty may be high [5, 24]. Nevertheless, future studies should use transparent methods for reporting
intersectional limitations rather than ignoring multi-axis inequities [11, 13].

Integration of community and patient perspectives

Community and patient perspectives remain under-integrated in the healthcare AI fairness literature. Many studies define
fairness through statistical criteria selected by developers or researchers, but affected patients and communities may
prioritise transparency, dignity, access, historical harm, or accountability differently [8, 22]. The absence of community
input is especially concerning when algorithms shape care management, public health surveillance, or resource allocation
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Conclusion

for populations already affected by structural inequity [2, 16]. Future equity analytics should therefore include participatory
governance, patient-facing communication, and mechanisms for contesting or reviewing algorithmic decisions [15, 21].

Implications
For research practice

For research practice, this review implies that equity analysis should be embedded throughout the healthcare AI
development pipeline rather than added after model evaluation. Study teams should examine how cohorts are defined,
how outcomes are labelled, how missing data are distributed, how protected attributes are measured, and how fairness
metrics align with clinical use [1, 5]. Model development should include transparent subgroup evaluation and external
validation wherever feasible, especially for tools intended to operate across heterogeneous populations or institutions [10,
11]. This approach would make equity a core criterion of methodological quality rather than an optional ethical
supplement [27, 28].

For clinical practice

For clinical practice, the findings indicate that health systems should not deploy AI tools without routine bias audits and
transparent performance reporting across patient subgroups. Clinicians and operational leaders need clear information
about where models perform less reliably, how thresholds are selected, and what safeguards exist when algorithmic
recommendations may affect access or treatment [3, 7]. Diagnostic imaging and clinical prediction studies show that
models can encode demographic signals and produce unequal performance even when protected attributes are not
intentionally used [17, 18]. Routine audit processes should therefore be linked to clinical governance, quality
improvement, and patient safety systems [15, 25].

For policy

For policy, this review supports clearer lines of accountability for AI-induced health disparities, analogous to accountability
structures used for clinical negligence, patient safety events, and quality failures. Developers, vendors, health systems,
and regulators should share responsibility for documenting model purpose, validating performance, monitoring inequity,
and responding when harm is identified [8, 14]. Policy frameworks should also require attention to social determinants,
data representativeness, and structural bias rather than treating fairness as a narrow statistical property [13, 21]. Without
enforceable accountability, healthcare AI may continue to identify inequity without creating reliable obligations to correct it
[19, 22].

Healthcare equity analytics is a rapidly advancing field within artificial intelligence and health systems research. Bias
detection and fairness-aware methods are technically robust enough to reveal important subgroup differences in
performance, calibration, and allocation. The strongest evidence currently supports systematic auditing of algorithms
before and after implementation. These methods provide a necessary foundation for more equitable healthcare AI.

However, disparity monitoring systems and algorithmic accountability mechanisms remain under-developed. Many
frameworks describe what responsible governance should include, but fewer studies show how these mechanisms
operate in live health systems. Real-time equity surveillance, enforceable audit requirements, and clear remediation
pathways are still uncommon. This limits the ability of health systems to respond quickly when algorithmic tools contribute
to inequitable care.

The critical gap is the translation of fairness principles into measurable improvements in health equity at scale. A model
that performs more fairly across groups does not automatically produce fairer access, treatment, or outcomes. Equity
depends on how algorithms interact with clinical workflows, institutional priorities, resource constraints, and patient trust.
Future work must therefore evaluate both technical fairness and real-world equity impact.
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