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ABSTRACT

Bias in medical artificial intelligence (Al) is most often traced to training data, and the usual
remedy is to collect more or better data. This theoretical paper argues that bias can enter at every
stage of the data-to-deployment pipeline, from the social context of data generation to
monitoring after deployment. It also argues that bias accumulates and compounds across stages,
S0 a correction at one stage can leave much of the disparity in place. An integrative review was
combined with theory synthesis, and the population of interest was the peer-reviewed literature
on algorithmic bias and health equity in medical Al. Seven stage-aligned search strings were run
in PubMed/MEDLINE and supplemented by eight OpenAlex queries. Records were sampled
purposively, by relevance in PubMed and by citation count in OpenAlex. Forty-nine journal
articles published between 2023 and 2026 were included; each was verified against its Crossref
publisher record and screened for retractions, corrections and expressions of concern. The
evidence covered under-representation in dermatology and medical imaging, emerging work in
genomics and clinical language models, evaluation studies and frameworks for fairness and
equity. Articles were coded deductively to pipeline stages and bias mechanisms and summarised
as frequencies. The evidence was concentrated in the United States (30 of 49 first authors), with
one article from Africa. Propagation (n = 35) and entry (n = 30) were often addressed, but
compounding was explicit in only 10 articles. The resulting Bias Cascade Model has eight
stages, three entry routes, four propagation channels and three conditions under which bias
compounds. The model is accompanied by an equity check for each stage and six testable
propositions about how bias accumulates, compounds and can be interrupted. The African
context is central: populations under-represented in training data are those on which deployed
systems can be expected to perform worst. The paper closes with implications for health
ministries, regulators and research institutions.
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Algorithmic Bias and Health Equity: A Conceptual Model of How Bias Enters,
Propagates and Compounds in Medical Al Across the Data-to-Deployment
Pipeline

1. INTRODUCTION

As artificial intelligence (AI) moves into clinical
care, a well-documented risk follows: systems that
perform well on average can perform worse for
patients who already have the poorest health
outcomes. A scoping review found that health
algorithms often match or exceed human diagnostic
precision yet can perpetuate racial and ethnic
inequities (Hussain et al., 2025), and another found
that the equity problems reported most often concern
the characteristics of the data and the design of the
model (Berdahl et al., 2023). Stratified evaluations
have documented differences in how patients are
diagnosed, treated and billed when algorithms are
applied across demographic groups (Chen et al.,
2023). Regulatory records offer little reassurance. Of
692 Al-enabled medical devices approved by the
United States Food and Drug Administration, only
3.6% reported the race or ethnicity of the populations
studied, and only 9.0% included a prospective post-
market study (Muralidharan et al., 2024).

A common response has been to locate bias in
training data and to improve the quantity and quality
of data, one of the strategies most often
recommended in the literature (Berdahl et al., 2023).
This response is necessary but insufficient. Bias can
also enter through how outcomes are measured and
labelled, which variables represent patients, what a
model is optimised for, where it is validated and how
its outputs are used in care (Cross et al., 2024; Nazer
et al.,, 2023; Tejani et al., 2024). Stage-specific
typologies name these entry points, and recent
lifecycle frameworks propose audits at each stage
(Ahmad et al., 2026; Alluhaibi, 2026). What remains
under-theorised is the dynamic between stages: how
bias entering at one stage is inherited by the next,
how it is concealed or amplified, and why a single
late correction may leave the disparity in place
(Soltan & Washington, 2024).

This gap matters most where the evidence base is
thinnest. In a scoping review of Al and health-equity
guidance, 70% of the literature originated in the
United States and only 13% of articles defined health

equity (Efird et al., 2026). African populations are
under-represented in the genomic datasets used to
build Al so systems developed elsewhere may carry
contextual bias when adopted in Africa (Gaye et al.,
2026). Tools built in high-resource settings are also
deployed unchanged in low-resource ones (Joseph,
2025). If bias compounds along the pipeline, these
populations can be expected to bear the largest
cumulative disparities.

This paper develops a conceptual model, the Bias
Cascade Model (BCM), to explain how bias enters,
propagates and compounds across eight stages of the
medical Al pipeline. It addresses three questions. (1)
At which stages, and through which routes, does bias
enter medical AI? (2) Through which channels is bias
carried forward or hidden along the pipeline? (3)
Under what conditions do stage-level biases
compound into larger inequities, and where are
interventions most effective? The model draws on 49
verified peer-reviewed articles published in 2023—
2026 and yields a stage-matched equity-check
protocol and six testable propositions.

2. LITERATURE REVIEW

2.1 CONCEPTUAL REVIEW

Three concepts underpin the model. The first,
algorithmic bias, denotes a systematic difference in
the performance, calibration or consequences of an
Al system across patient groups that is not justified
by clinically relevant differences between them.
Similar overall accuracy does not rule out harm when
errors fall unequally. In a medication-adherence
prediction model with comparable accuracy across
groups, false positives were 1.50 times as common
among patients from low-socioeconomic-status
neighbourhoods and 2.05 times as common among
Black patients (Mukhopadhyay et al., 2026). Bias
may also be present when a model appears to perform
well, if the reference standard used to judge it is itself
distorted (Zanger-Tishler et al., 2024).

The second concept distinguishes fairness from
health equity. Fairness refers to the formal criteria
used to detect or constrain such differences. In
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medical Al these are mostly group fairness metrics,
which all 35 studies in one systematic review of
mitigation strategies used (Gadhoumi et al., 2026).
Health equity, by contrast, is a normative goal
concerned with differences in health that are not
inevitable but unnecessary and unfair (Whitehead,
1992). The two concepts are not interchangeable.
Similar accuracy across groups can coexist with
harmful error asymmetries whose consequences
depend on the action a prediction triggers
(Mukhopadhyay et al., 2026). The guidance literature
also often leaves health equity undefined: only 13%
of the 166 articles in one scoping review defined it
(Efird et al., 2026).

The third concept is the pipeline. Some authors
divide the medical AI lifecycle into stages from
problem framing and data collection to development,
validation and implementation (Nazer et al., 2023); in
imaging AlI, the stages run from data handling to
deployment (Tejani et al., 2024). Both catalogue the
biases characteristic of each stage, and reviews that
map equity issues to mitigation strategies show
many-to-many links between stages and remedies
(Berdahl et al., 2023). In this paper, the “data-to-
deployment pipeline” covers the full lifecycle, from
the social context in which data are generated to
monitoring after deployment. Its eight stages are
treated as coupled: the output of each stage is the
input to the next, so an early distortion becomes part
of the “ground truth” that later stages take as given.
Because most medical Al reuses data recorded for
care, measurement and labelling (Stage 3) precede
problem formulation (Stage 4), when an available
variable is chosen as the target.

2.2 THEORETICAL REVIEW

Three theoretical lenses inform the model. The first,
fundamental cause theory, explains why the
association between socioeconomic status and
mortality has persisted despite radical changes in the
diseases and risk factors presumed to explain it.
Socioeconomic status embodies resources, such as
money, knowledge, prestige, power and beneficial
social connections, that protect health whatever
mechanisms are relevant at a given time (Phelan et
al., 2010). Applied to Al, the theory predicts that bias
originates upstream of the data, in the social
processes that determine who receives care, what is
recorded and how. Shipton and Vitale (2024) argue

IIAR-JCMDS | Vol 1, No 1, 2026

that AI in global health repeats a “politics of
avoidance” seen in earlier technological
interventions: it addresses proximate problems while
leaving the fundamental determinants of inequity
untouched. At the level of clinical practice, the
history of the race coefficient in kidney-function
estimation shows how assumptions rooted in racial
essentialism can be encoded in clinical formulas and
persist for decades (Mohottige et al., 2023).

The second lens is sociotechnical systems theory. It
originated in a study of the longwall method of coal-
getting that examined a work group in relation to both
the social structure and the technological content of
the work system (Trist & Bamforth, 1951); the theory
analyses the technical and social components of a
system jointly. In interviews with 17 leaders from 13
academic medical centres, only a minority reported
considering inequity or bias in Al governance; most
conceptualised these issues as characteristics of the
tool, and fewer considered implications beyond the
technology (Nong et al, 2024). Integrated
frameworks argue that statistical diagnostics must be
coupled with governance across the lifecycle
(Ahmad et al., 2026). Members of the public likewise
describe Al-related harms in sociotechnical terms,
including epistemic injustice and exclusion from
access (Townsend et al., 2025). Through this lens,
deployment and clinician—Al interaction are stages
where bias can enter and be amplified, not merely
revealed.

The third lens, cumulative disadvantage, relates
inequality to the passage of time: it is used to explain
heterogeneity and inequality as advantages and
disadvantages accumulate (Dannefer, 2003). Joseph
(2025) describes how historical, representational and
measurement biases are compounded by aggregation
and by the unchanged transfer of tools to low-
resource settings. Alluhaibi (2026) proposes a
Lifecycle Equity Debt measure: a weighted
aggregate of the amounts by which subgroup
performance gaps exceed pre-declared tolerances at
successive model checkpoints. The BCM integrates
the three lenses. Fundamental cause theory explains
entry, sociotechnical theory explains why
propagation continues beyond the technical stages,
and cumulative disadvantage explains compounding.
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2.3 EMPIRICAL REVIEW

The evidence is reviewed by pipeline stage. At the
data stages (Stages 1-2), under-representation is well
documented. Among collections in The Cancer
Imaging Archive that report demographics,
American Indian and Alaska Native, Black and
Hispanic patients are under-represented by 47.7%,
35.8% and 14.7%, respectively, relative to the United
States cancer population (Dulaney & Virostko,
2024). A scoping review of dermatology Al found
datasets dominated by Fitzpatrick skin types I-III, no
study identifying Hispanic or Latino participants, and
lower accuracy for darker skin where results were
reported (Pérez-Lalinde & Flores, 2026). In a cohort
used to model Alzheimer disease progression, 92.4%
of participants were White, and sensitivity was lower
for Hispanic, Black and Asian participants across
several model types (Yuan et al., 2023). In genomics,
the under-representation of African populations,
together with legacies of mistrust, weakens model
validity and amplifies bias (Gaye et al., 2026). In
clinical language, large language models used to
generate synthetic electronic health records showed
demographic bias in every model tested, with more
bias in larger models (R. Huang et al., 2025).

At measurement and formulation (Stages 3-4),
devices and proxies perform unevenly. Pulse
oximeters often overestimate arterial oxygen
saturation in patients with darker skin, raising the risk
of occult hypoxaemia (Savorgnan et al., 2026).
Photoplethysmography-based wearables for atrial
fibrillation perform worse on darker skin, in ways
that amount to a hidden form of race correction
(Merid & Volpe, 2023). Community- and insurance-
based proxies of socioeconomic status misrepresent
individual circumstances, and their accuracy differs
by race (Makkad et al., 2025). An online database
lists 42 risk calculators, 5 laboratory reference ranges
and 5 devices that use race or ethnicity or perform
differently by it (Visweswaran et al., 2025), and
organised medicine has begun efforts to eliminate
harmful race-based clinical algorithms (Cleveland
Manchanda et al., 2024).

At development and evaluation (Stages 5-6), bias
can be inherited and concealed. A chest radiography
foundation model showed reduced performance for
female and Black patients, and this bias was inherited
by downstream tasks (Glocker et al., 2023). Coarse
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race and ethnicity labels masked underdiagnosis
disparities that appeared only when subgroups were
disaggregated (Bachina et al., 2023). In cardiac
disease prediction, false-negative rates were higher
for women in 13 of 16 experiments (Straw et al.,
2024). Debiasing has shown promise: contrastive
learning mitigated 88.5% of the disparities detected
in pathology AI (Lin et al., 2025), and generative
augmentation and reinforcement learning improved
fairness (Ktena et al., 2024; Yang et al., 2023). Late
corrections are less reliable. Post-processing gave
mixed results for a breast cancer staging model
trained on data in which more than 70% of patients
were White (Soltan & Washington, 2024).

At deployment and monitoring (Stages 7-8), human
and temporal factors become salient. In a laboratory
reader study, automation bias accounted for 45.5% of
the errors that remained when clinicians used Al
support and affected clinicians at all levels of
expertise (Wang et al., 2023). A deployed
malnutrition model showed calibration differences
between Black and White patients, which logistic
recalibration reduced in a hold-out sample (Liou et
al., 2024). Across 11 years of national veterans’ data,
fairness gaps in surgical-outcome models drifted, and
routine model updates sometimes restored fairness
and sometimes worsened it (Davis et al., 2025).

Not every cascade proceeds unchecked. In an
observational study, the gap in diabetic eye-
examination adherence between Asian and Black
patients narrowed from 15.6% in 2019 to 3.5% in
2021 after autonomous AI was introduced (J. J.
Huang et al., 2024). A multimodal prostate cancer
model developed on racially diverse trial data
showed no evidence of algorithmic bias between men
of African and non-African origin (Roach et al.,
2025).

Within the evidence reviewed, no account links these
findings into a single causal process. Lifecycle
frameworks list entry points and audit questions stage
by stage, and one aggregates residual disparity across
model checkpoints (Alluhaibi, 2026). None,
however, formally models the channels through
which bias passes between stages or the conditions
under which it compounds (Nazer et al., 2023; Tejani
et al., 2024). The BCM is proposed to fill this gap.
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3. MATERIALS AND METHODS

3.1 RESEARCH DESIGN

The study used a theory-building conceptual design.
An integrative review was combined with theory
synthesis to construct a process model and derive
testable propositions. No patient data were collected.
The study population was the peer-reviewed
literature on algorithmic bias and health equity in
medical Al, and the unit of analysis was the journal
article.

3.2 SEARCH STRATEGY AND SOURCES

Seven search strings (S1-S7) were aligned with parts
of the pipeline: core bias and equity terms; data
generation and sampling; measurement, labels and
proxies; development and evaluation; deployment
and feedback; global health and low- and middle-
income settings; and lifecycle and sociotechnical
frameworks. They were run in PubMed/MEDLINE
through the E-utilities interface of the National
Center for Biotechnology Information, on title and
abstract fields. Searches were limited to 2023-2026,
English and the journal-article publication type, and
excluded preprints, editorials, comments, letters,
news items and errata. The searches returned 1,529
hits. Sampling was purposive: the 40 most relevant
records from each string were screened, giving 265
unique records. Eight complementary OpenAlex
queries captured journals outside MEDLINE, and the
15 most-cited 2023-2026 journal articles from each
were screened. All searches were run on 20 October
2026; the full strings, filters and hit counts are in
Supplementary File S1.

3.3 INCLUSION AND EXCLUSION CRITERIA

Articles were included if they (a) were peer-reviewed
journal articles published in 2023-2026, (b)
addressed bias, fairness or equity in Al or algorithmic
tools used in health care, and (c) contributed evidence
or argument relevant to at least one pipeline stage.
Conference papers, book chapters, preprints,
editorials and comments were excluded, as were
unmatched or retracted articles. Screening was by
title, then abstract. Forty-nine articles met the
criteria; one retracted article and several non-peer-
reviewed commentaries were excluded. As a
declared exception to the date window, four earlier
peer-reviewed articles are cited solely to attribute the
theoretical lenses and the definition of health equity
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(Dannefer, 2003; Phelan et al.,, 2010; Trist &
Bamforth, 1951; Whitehead, 1992). They were
verified in the same way but were not part of the
coded evidence base.

3.4 VERIFICATION OF THE EVIDENCE
BASE

Each included article’s digital object identifier (DOI)
was resolved through the Crossref application
programming interface. Every bibliographic field
(type, title, journal, authors, volume, issue, pages and
year) was compared with the extracted record and
with PubMed or, for the one article not indexed in
PubMed, OpenAlex. Discrepancies were resolved in
favour of the publisher record. Crossref update
notices, which include Retraction Watch data, and
PubMed comment-and-correction links  were
checked for retractions, corrections and expressions
of concern. No included article had been retracted;
two carried corrections, which were reviewed before
citation. Every numerical finding and every claim
about a cited study was checked against the source
abstract or, where available, the full text.

3.5 DATA EXTRACTION AND ANALYSIS

Data were extracted into a 22-field literature matrix
of bibliographic and analytic fields (Supplementary
File S1). Each article was coded deductively to one or
more of eight pipeline stages and to one or more of
three mechanisms. Entry is bias introduced at a stage.
Propagation is bias carried forward, or left
undetected, into a later stage or setting.
Compounding is bias amplified beyond simple
accumulation through interaction between stages, the
consequences of an output, or time. Articles reporting
an interrupted cascade formed a fourth category.
Inductively, recurring conditions that strengthened or
weakened these mechanisms were coded as
moderators, and evidence of interrupted cascades as
candidate circuit breakers. The model was then built
abductively by integrating the coded evidence with
the three theoretical lenses.

3.6 BASES OF JUDGEMENT

An article was coded for entry when it identified
where a group-differential distortion arises. It was
coded for propagation when it showed or argued that
a distortion persists into, is inherited by, or passes
unchecked through a later stage or setting, including
through gaps in evaluation, reporting or governance.
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It was coded for compounding when it showed or
argued that a disparity is amplified through
interacting stages, the consequences of an output, or
time. The codes therefore record where the literature
addresses a mechanism, not only where it has been
demonstrated. Moderators were conditions reported
to strengthen or weaken these mechanisms.
Candidate circuit breakers were reports of reduced
disparity after an intervention, detection of a bias-
relevant shift, or no detectable bias under a specific
design choice. A proposition was retained only where
at least two included articles provided evidence that
motivated it. The propositions are hypotheses: the
cited studies motivate them but do not test them.

3.7 VARIABLE MEASUREMENT

All analytic variables were categorical: pipeline stage
(eight categories), mechanism (three mechanisms
plus interrupted cascade), study design (five
categories), first-author location and publication
year. Stage and mechanism allowed multiple codes.
The variables were summarised as frequencies and
percentages (Table 1). Stage-level fidelity (fgx;
Section 4.1.2) is a theoretical construct for future
operationalisation, for example as group-specific
sensitivity or calibration at each stage. It was not
measured in this study.

3.8 RELIABILITY, VALIDITY AND
DISCLOSURES

Validity was supported by restricting the evidence to
verified peer-reviewed sources, checking every claim

Table. 1. Characteristics of the included evidence (N = 49)
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against its source and retaining disconfirming cases.
Reliability was supported by a documented search
log, explicit coding categories and a stage key
(Supplementary File S1). Ethical approval was not
required because no human participants were
involved. Al usage disclosure: a generative Al
assistant (Claude, Anthropic) supported database
searching, Crossref metadata verification and data
extraction; it also checked claims against their
sources and assisted with drafting and revision. The
authors reviewed and edited all outputs and take full
responsibility for the content.

4. RESULTS AND DISCUSSION
4.1 RESULTS

4.1.1 Profile of the Evidence Base

Table 1 summarises the 49 included articles.
Quantitative empirical studies formed the largest
group (n = 23; 26 including qualitative and survey
studies). Of the 49 first authors, 30 were based in the
United States, and only one article came from Africa.
Stage coverage was uneven: Stages 2, 6 and 7 were
well covered (n = 21-23), whereas Stage 1 (n =9) and
Stage 4 (n = 10) received least attention. Propagation
(n = 35) and entry (n = 30) were often addressed, but
compounding was explicit in only 10 articles. Two
articles reported an interrupted cascade as their main
finding (J. J. Huang et al., 2024; Roach et al., 2025),
and five mitigation or monitoring studies were also
coded as candidate circuit breakers.

Characteristic Category n (%)
Publication year 2023 10 (20.4)
2024 18 (36.7)
2025 12 (24.5)
2026 9 (18.4)
Study design Quantitative empirical studies (model, dataset and algorithm analyses) 23 (46.9)
Reviews (systematic, scoping, narrative, critical) 15 (30.6)
Perspectives, opinion and conceptual analyses 6(12.2)
Qualitative and survey studies 3(6.1)
International consensus guidelines 2(4.1)
First-author location United States 30 (61.2)
United Kingdom 6(12.2)
Middle East (United Arab Emirates, Saudi Arabia, Jordan) 5(10.2)
Asia (China, India) 3(6.1)
Continental Europe (Germany, Spain) 2(4.1)
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Characteristic Category n (%)
Other Americas (Canada, Colombia) 2(4.1)
Africa (South Africa) 1(2.0)

Pipeline stage® 1 Social context and data generation 9(18.4)
2 Data collection and sampling 23 (46.9)
3 Measurement and labelling 13 (26.5)
4 Problem formulation and feature engineering 10 (20.4)
5 Model development and optimisation 17 (34.7)
6 Validation and evaluation 22 (44.9)
7 Deployment and clinical integration 21 (42.9)
8 Monitoring and feedback 13 (26.5)

Mechanism? Entry 30 (61.2)
Propagation 35(71.4)
Compounding 10 (20.4)
Interrupted cascade or no bias detected 2(4.1)

Note. @ Articles could be coded to more than one stage and mechanism, so percentages do not sum to 100. Location is the first author’s country;
for one article whose affiliation states no country (Janneker, 2025), the study setting was used. Source: authors’ analysis of the literature matrix

(Supplementary File S1).

4.1.2 The Bias Cascade Model

Figure 1 presents the BCM, which comprises eight
pipeline stages, three mechanisms, moderators that
strengthen or weaken those mechanisms, and
candidate circuit breakers that may interrupt the

cascade. Table 2 maps each stage to its entry route,
the propagation or compounding risk that operates
there, illustrative evidence and an equity check.
Together, the eight checks form the stage-matched
equity-check protocol.
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ENTRY ROUTES (the letter on each stage shows the route by which bias enters there)

° What is recorded How it is recorded What question is
and represented asked and how success
is judged
who is in the data; how the devices, proxies, labels, targets, adjustments,
population shifts over time learned representations benchmarks, context of use
DATA (1-2) MEASUREMENT AND FORMULATION (3-4)
Stage 1 ° Stage 2 ° Stage 3 e Stage 4 G
— Social context > L > Problem
= d dat Data collection Measurement and formulation and
o dand dafa and sampling labelling feature
2 generation engineering
=9
2
& " J\L J
A
e
o
'4 s aYa N
% DEPLOYMENT AND MONITORING (7-8) DEVELOPMENT AND EVALUATION (5-6)
=
a Stage 8 ° Stage 7 G Stage 6 G Stage 5 e
25|
2
Monitoring and [ Depl()lyrperllt and 8 aidationand  [#] Model development
feedback in(tjelgnrl;téilon evaluation and optimisation

|

PROPAGATION (four channels)

Carried stage to stage: label inheritance; representation inheritance. Hidden at evaluation: masking.
Carried across settings: transfer.

ACCUMULATION AND COMPOUNDING

Accumulation baseline: D =1 — [] rx
Compounding beyond it: consequence conversion,
human amplification, temporal feedback

disparity
(illustrative)

MODERATORS CANDIDATE CIRCUIT BREAKERS
governance maturity; resource setting (low- diverse development data; upstream

and middle-income and African settings); augmentation; fairness-aware training;
clinician—Al interaction design; community recalibration; shift detection; access-
involvement and trust oriented deployment

\

Figure. 1. The Bias Cascade Model. Bias enters each of eight pipeline stages through one of three routes (A—C), is carried forward or
hidden through four propagation channels, accumulates across stages and compounds under three conditions, with a feedback loop
from monitoring to data generation. Moderators condition the strength of the cascade; candidate circuit breakers may interrupt it. The

disparity wedge is illustrative, not to scale.
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Entry. The evidence points to three entry routes,
labelled A—C in Figure 1 and Table 2, that together
cover all eight stages. The first, route A, is what is
recorded: who is present in the data (Stages 1-2) and
how the recorded population shifts over time (Stage
8). For example, groups under-represented in cancer
clinical trials are also under-represented in a major
cancer imaging archive (Dulaney & Virostko, 2024).
The second, route B, is how it is recorded and
represented. It covers measurement devices, proxies
and labels that work less well for some groups at
Stage 3 (Makkad et al., 2025; Savorgnan et al., 2026),
and the learned representations and aggregation
choices of model development at Stage 5. The third,

IIAR-JCMDS | Vol 1, No 1, 2026

route C, is what question is asked and how success is
judged. It covers the target outcome and the
adjustments built into a formula at Stage 4 (Diao et
al., 2024; Zanger-Tishler et al., 2024), the
benchmarks used for evaluation at Stage 6 and the
context in which the output is used at Stage 7. The
direction of an entered bias is not always predictable.
An electronic health record—based paediatric obesity
classifier performed better for African American and
Medicaid-enrolled children; the authors hypothesised
that the most predictive diagnostic patterns were
more common in those groups (Campbell et al.,

2024).

Table. 2. Stages of the Bias Cascade Model: entry routes, propagation and compounding risks, illustrative evidence and stage-

matched equity checks

Stage (n articles) Entry route (A-C) and Propagation or

typical bias compounding risk

Ilustrative evidence (2023— Stage-matched equity check

2026)

A: historical and
structural bias

1. Social context
and data
generation (9)

Origin of the cascade

2. Data collection
and sampling (23)

A: representation and
sampling bias

Representation
inheritance

3. Measurement B: device, label and Label inheritance

and labelling (13)  proxy bias
4. Problem C: target choice, race Label inheritance into
formulation and correction, proxy feature selection
feature variables
engineering (10)
5. Model B: aggregation, Representation
development and  objective-function and inheritance
optimisation (17)  pretrained-representation

bias
6. Validation and  C: evaluation bias, Masking

evaluation (22) benchmark mismatch

C: context-of-use
mismatch

7. Deployment
and clinical
integration (21)

Transfer; consequence
conversion; human
amplification

A: dataset shift over
time

8. Monitoring and
feedback (13)

Temporal feedback;
fairness drift

Shipton & Vitale (2024);
Mohottige et al. (2023);
Gaye et al. (2026)

Dulaney & Virostko (2024);
Pérez-Lalinde & Flores
(2026); Yuan et al. (2023)

Savorgnan et al. (2026);
Merid & Volpe (2023);
Makkad et al. (2025)

Zanger-Tishler et al. (2024);
Diao et al. (2024);
Visweswaran et al. (2025)

Glocker et al. (2023); Weng
et al. (2024); Lin et al.
(2025)

Bachina et al. (2023); Straw
et al. (2024); Muralidharan
et al. (2024)

Mukhopadhyay et al. (2026);
Wang et al. (2023); J. J.
Huang et al. (2024)

Davis et al. (2025); Koch et
al. (2024); Liou et al. (2024)

Are the structural determinants that
shape who receives care and is
recorded documented, and were
affected communities consulted?

Does the dataset’s composition match
the intended deployment population,
and is it documented to the
STANDING Together
recommendations (Alderman et al.,
2025)?

Do devices, proxies and labels
perform equally across groups?

Is the target the outcome of interest or
a proxy for it, and is every race-based
or proxy input justified, with its
downstream consequences modelled?
Have models built on pretrained
components been evaluated for
subgroup bias on a representative
cohort, and was a fairness-aware
objective considered?

Are performance and calibration
reported for granular subgroups, and
validated externally in the
deployment population?

What action does the output trigger,
who bears the cost of each error type,
and what safeguards limit automation
bias?

Is fairness monitored continuously,
with shift detection and recalibration,
and are model updates checked for
new disparities?

Note. n = number of included articles mapped to the stage (multiple coding permitted). Entry routes (as in Figure 1): A, what is recorded (Stages
1, 2 and 8); B, how it is recorded and represented (Stages 3 and 5); C, what question is asked and how success is judged (Stages 4, 6 and 7).

Propagation. Bias is carried forward through four
channels: two carry it from stage to stage, one hides it

at evaluation and one carries it across settings. (a)
Label inheritance. When a proxy label is measured
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differently across groups, adding a feature can
improve prediction of the proxy while worsening
prediction of the true outcome; label bias is thus
transmitted into feature selection (Zanger-Tishler et
al., 2024). (b) Representation inheritance. Biases in a
pretrained chest radiography foundation model
carried through to disease-detection models built on
its frozen features (Glocker et al., 2023). General-
purpose embeddings retain signals about sensitive
attributes, which Weng et al. (2024) argue should not
be stripped out; each downstream model must
therefore be evaluated for bias. Synthetic health
records generated by large language models distort
demographic distributions, a concern where such
records are proposed as training data (R. Huang et al.,
2025). (c) Masking. Evaluation choices determine
whether propagated bias is visible. Coarse
demographic labels hide disparities (Bachina et al.,
2023), and most Al-enabled devices approved or
cleared in the United States report no demographic
breakdown (Muralidharan et al., 2024; Patel, 2026).
(d) Transfer. When a tool built in a high-resource
setting is deployed unchanged in a low-resource one,
the bias embedded at entry travels with it (Joseph,
2025).

Accumulation and compounding. Distortions
accumulate across stages even when the stages do not
interact. As an accumulation baseline, let f,x denote
the fidelity of stage k for group g, that is, the
proportion of clinically relevant signal the stage
preserves. End-to-end fidelity is the product of stage-
level fidelities (Equation 1). The relative disparity D
between a disadvantaged group d and an advantaged
group a follows from Equation 2, where ry = fax / fax-

8
Fg:Hfg,k (1)
k=1
F, 8
D=1-—t=1-[]r, ©)
Fa k=1

Suppose four stages each retain 95% of the relative
signal for the disadvantaged group (r« = 0.95) and the
other stages are unbiased. Then D =1 — 0.95*~ 0.19.
Fully correcting any one biased stage reduces D only
to 1 — 0.95°~ 0.14, a reduction of about 23%. Most of
the disparity persists because three biased stages are
untouched, consistent with the post-processing
evidence (Soltan & Washington, 2024). For small
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distortions this baseline is close to additive; the
numbers are illustrative, not estimates.

Compounding occurs when stages interact, so that
end-to-end disparity exceeds this baseline. Three
conditions produce it. The first is consequence
conversion, in which an error asymmetry becomes
harm through the action the output triggers. The same
false-positive disparity has different consequences
depending on what the prediction prompts
(Mukhopadhyay et al., 2026). A single change to
lung-function reference equations may reclassify
ventilatory impairment for an estimated 12.5 million
people, with downstream effects on disability,
occupational and military decisions (Diao et al.,
2024). The second is human amplification, in which
clinicians adopt model errors through automation
bias (Abdelwanis et al., 2024; Wang et al., 2023). The
third is temporal feedback. Performance can
deteriorate after deployment when the real-world
population differs from the training cohort (Cross et
al., 2024), and fairness drifts over time, with model
updates either restoring or worsening it (Davis et al.,
2025). The BCM further proposes that outputs that
shape subsequent care and records can feed bias back
into future training data.

Moderators. Four moderators condition the strength
of the cascade. The first is governance maturity.
Equity was inconsistently considered in Al
governance at academic medical centres, and
disparities in information technology resources
between health systems were repeatedly identified as
a threat to equity (Nong et al., 2024). The second is
resource setting. Populations in low-resource settings
are often under-represented in training data, and their
health systems frequently lack the capacity to audit
Al tools (Joseph, 2025). The third is the design of
clinician—AlI interaction (Wang et al., 2023). The
fourth is community involvement and trust,
particularly where legacies of research exploitation
have produced mistrust (Gaye et al., 2026) and where
members of the public seek participatory engagement
in Al design and regulation (Townsend et al., 2025).

Candidate circuit breakers. These were identified
at several stages: development on racially diverse
trial data, after which no bias was detected (Roach et
al., 2025); upstream data augmentation (Ktena et al.,
2024); fairness-aware training (Lin et al., 2025; Yang
et al., 2023); post-deployment recalibration (Liou et
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al., 2024); distribution-shift detection (Koch et al.,
2024); and point-of-care deployment associated with
wider access (J. J. Huang et al., 2024).

IIAR-JCMDS | Vol 1, No 1, 2026

4.1.3 Propositions

Six propositions follow from the model (Table 3).
Each is a hypothesis that states a directional
relationship, identifies the included studies that

motivate it and suggests how it could be tested.

Table. 3. Propositions (hypotheses for testing) derived from the Bias Cascade Model

Proposition Hypothesised relationship Motivating evidence (what it shows) Suggested empirical test
P1. Where consequence conversion, human  Soltan & Washington (2024): a single post- End-to-end audits
Compounding amplification or temporal feedback processing correction did not consistently reduce comparing observed
beyond operate, end-to-end disparity exceeds the disparity; Alluhaibi (2026): disparity can be disparity with the
accumulation accumulation baseline, so correcting a tracked across lifecycle checkpoints accumulation baseline after

P2. Upstream
leverage

P3. Masking

P4. Consequence
conversion

P5. Temporal
compounding

P6. Transfer

single stage reduces it by less than that
stage’s share of stage-level bias.

Bias entering at Stages 1-4 is less
recoverable by downstream correction
than bias of similar size entering at
Stages 5-6, because it alters the reference
standard.

The probability that a propagated
disparity is detected falls as demographic
labels become coarser and subgroup
reporting less complete.

The harm produced by a given error
asymmetry increases with the
consequence of the action the output
triggers and with clinicians’ reliance on
the output.

Without continuous fairness monitoring,
fairness gaps widen over time in
deployed models, and reuse of model
outputs as data feeds bias back into early
stages.

The disparity of a transferred model

Zanger-Tishler et al. (2024): a biased proxy label
distorts the reference standard and feature
choice; Ktena et al. (2024): upstream data
augmentation improved fairness; Soltan &
Washington (2024): late correction fell short

Bachina et al. (2023): coarse labels masked
disparities; Straw et al. (2024): sex disparities
were missed without stratified reporting;
Muralidharan et al. (2024): most approvals
reported no demographic data, and race or
ethnicity reporting was rare

Mukhopadhyay et al. (2026): harm depends on
the action triggered; Diao et al. (2024): one
equation change carries different consequences
across decisions; Wang et al. (2023): automation
bias converts Al errors into clinician errors
Davis et al. (2025): fairness drifts and updates
can worsen it; Koch et al. (2024): post-market
shifts can be detected; R. Huang et al. (2025):
records generated by large language models and
proposed for training are demographically biased

Joseph (2025): tools transferred unchanged carry

sequential stage-specific
corrections

Simulation and benchmark
studies injecting matched
bias at different stages

Re-analysis of published
evaluations with
disaggregated labels

Decision-analytic modelling
and clinician-in-the-loop
experiments across use
cases

Longitudinal fairness
monitoring of deployed
models; studies of
synthetic-data reuse

Multi-site external

amplification increases with the difference between embedded bias; Gaye et al. (2026): validity validation of imported
development and deployment concerns in under-represented African models in African and other
populations, and is reduced by local populations and calls for population-specific low- and middle-income
validation and community governance. validation and local governance settings
4.2 DISCUSSION only a fifth of the literature, consistent with the field’s

The findings answer the three research questions. On
the first, bias can enter at all eight stages through
three routes. On the second, it is carried forward or
hidden through four channels. On the third, stage-
level biases accumulate even when stages act
independently and compound beyond that baseline
under the three compounding conditions. The model
therefore locates the greatest leverage for
intervention at the point of entry, at disaggregated
evaluation and in monitoring.

The evidence supports all three mechanisms, but
unevenly. Entry and propagation are well
documented, whereas compounding is explicit in

focus on single-stage audits. In one systematic
review, 60% of mitigation strategies were applied
during development and silent evaluation (Gadhoumi
et al., 2026). The BCM predicts that, by this point,
much of the disparity has already been established
upstream, while much of the harm has yet to
materialise downstream. The same review’s finding
that 85% of studies reported effective bias reduction
should therefore be interpreted cautiously: a
reduction measured at the model output is not a
reduction in end-to-end inequity.

The BCM extends previous work in three ways. First,
stage typologies (Nazer et al., 2023; Tejani et al.,
2024) identify where bias enters and organise
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mitigation stage by stage. Tejani et al. (2024) note
that bias can persist across the lifecycle and feed back
from deployment into development, but neither
typology formally specifies the channels that couple
stages, a gap the BCM addresses. Second,
Alluhaibi’s (2026) Lifecycle Equity Debt is an
accounting summary rather than a causal model. The
BCM proposes how disparities combine: they
accumulate multiplicatively when stages are
independent and compound under consequence
conversion, human amplification and temporal
feedback. Third, standards such as STANDING
Together for datasets (Alderman et al., 2025) and
FUTURE-ALI for the lifecycle (Lekadir et al., 2025)
can operationalise many checks in Table 2, and the
BCM indicates where they have most leverage. The
two interrupted cascades (J. J. Huang et al., 2024;
Roach et al., 2025) show that bias need not cascade
unchecked.

The findings accord with each theoretical lens.
Consistent with fundamental cause theory, the least-
studied stages, social context and problem
formulation, are those at which structural inequities
first become data. Race-based clinical algorithms
also remain in use decades after race coefficients
were first encoded in clinical equations (Mohottige et
al., 2023; Visweswaran et al., 2025). As
sociotechnical theory would predict, much of the
propagation and compounding evidence concerns
deployment, governance and human interaction
rather than the model itself. In keeping with
cumulative disadvantage, longitudinal evidence
shows that fairness gaps can widen over time when
models are maintained without fairness monitoring
(Davis et al., 2025).

Implications for African health systems. Only one
of the 49 articles originated in Africa. The two
articles centred on African health systems and
genomic data were perspectives rather than empirical
evaluations (Gaye et al., 2026; Janneker, 2025), and
the only empirical study of people of African origin
analysed phase III trial participants (Roach et al.,
2025). Populations least represented in training data
are therefore those on which imported systems can be
expected to perform worst, often where governance
and post-deployment monitoring capacity are
weakest.

IIAR-JCMDS | Vol 1, No 1, 2026

The implications differ by actor. For health
ministries, the model implies requiring local
validation in the intended deployment population
before procurement. This validation depends on what
Janneker (2025) calls for in South Africa:
interoperable health data, a unified digital health
infrastructure and bias-aware models trained on local
datasets. For regulators, the model implies moving
from point-in-time clearance to total-product-
lifecycle oversight. That oversight would include
demographic transparency and continuous post-
market monitoring (Patel, 2026), standardised
demographic reporting (Muralidharan et al., 2024)
and periodic auditing for newly arising bias (Lekadir
et al., 2025). For research institutions, it implies
leading African data generation under culturally
grounded governance that addresses legacies of
mistrust (Gaye et al,, 2026), and documenting
datasets to recognised standards (Alderman et al.,
2025).

Limitations and future research. The model is
conceptual, and its propositions have not been tested.
The evidence came from PubMed and OpenAlex and
was sampled by relevance and citation count;
Scopus, Web of Science and CINAHL were not
searched, so relevant work may have been missed.
Restricting the evidence to 2023-2026 ensured
currency but excluded earlier empirical studies. The
accumulation baseline (Equations 1-2) is illustrative.
Future research should operationalise stage-level
fidelity, estimate the size of compounding through
end-to-end audits of deployed systems, and test the
propositions in African and other low- and middle-
income settings.

5. CONCLUSION AND RECOMMENDATION

Algorithmic bias in medical Al can enter at every
stage of the data-to-deployment pipeline. It is carried
forward through identifiable channels, and it
accumulates and compounds, so a correction at one
stage can leave much of the end-to-end disparity in
place. The Bias Cascade Model integrates three
theoretical perspectives with 49 verified recent
studies and yields six testable propositions and a
stage-matched equity-check protocol.

Five recommendations follow. First, developers
should apply the equity checks in Table 2 at every
stage, not only during model training. Second,
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evaluations should be disaggregated by granular
demographic group and conducted in the intended
deployment population. Third, harm should be
assessed in the clinical context of use, including the
actions that outputs trigger and safeguards against
automation bias. Fourth, regulators and health
systems should require continuous fairness
monitoring and recalibration after deployment. Fifth,
health ministries, funders and research institutions in
Africa should invest in locally governed data
generation and validation, so that the populations at
greatest risk from the cascade are no longer the least
represented at its first stage.

6. CONTRIBUTION TO EXISTING
KNOWLEDGE

Theoretically, the paper recasts algorithmic bias in
medicine as a cascade of entry, propagation and
compounding, grounded in three theories.
Methodologically, it offers an accumulation baseline
against which compounding can be measured,
together with six testable propositions. Practically, it
provides a stage-matched equity-check protocol and
implications for health ministries, regulators and
research institutions, with particular attention to
African populations that the evidence has largely left
out.
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