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ABSTRACT

Contemporary machine learning diagnostic systems predominantly leverage data
from high-income contexts, systematically marginalizing low-income country
populations. This comprehensive analysis elucidates how such diagnostic colonialism
emerges from entrenched data biases, synthesizing literature from Al fairness,
decolonial theory, and global health equity. Comparative case studies augmented by
WHO and World Bank statistics quantify resource disparities and demonstrate context-
specific failures correlated with colonial legacies. We propose a multidimensional
policy framework emphasizing data sovereignty and algorithmic accountability.
Documented failures underscore the urgency of reform, while cost-benefit analysis
reveals that biased systems incur $10.3B annual losses versus $37.6B potential savings
from equitable approaches. Successful mitigations demonstrate viable pathways toward

diagnostics that genuinely augment capabilities across resource settings.
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I. Introduction

Machine learning promises revolutionary diagnostic capabilities for resource-constrained
environments. Paradoxically, when training data and model development remain dominated by
high-income countries, these systems frequently exacerbate global health inequities through
algorithmic marginalization. Economically disadvantaged populations effectively become raw
data providers for commercialized products inaccessible to them, perpetuating historical
colonial resource extraction patterns. This diagnostic colonialism manifests when low-income
country patients receive diagnoses from algorithms calibrated for foreign epidemiologic,
genetic, and clinical contexts [1].

Quantitative evidence reveals alarming asymmetries: 40.8% of medical Al datasets
originate in the United States and 13.7% in China, with sub-Saharan Africa constituting less
than 1% of sources [2]. Recent investigations into African Al fairness identify colonial history
and national income level as primary determinants of algorithmic bias, with 85% of domain
experts confirming colonial legacies directly impact Al performance [3]. Without systemic
intervention, such biases threaten to establish diagnostic apartheid. As the World Health
Organization cautions, Al models developed exclusively in high-income contexts "might
reproduce approaches appropriate only in resource-abundant settings...rendering such
technologies dangerous or ineffective" for vulnerable populations [4].

This research presents a structural analysis through seven contributions: systematic
literature review integrating Al fairness with decolonial theory; novel typology of data biases
across machine learning pipelines; eight comparative case studies contextualized with health
system indicators; quantification of performance disparities using clinical validation metrics;
policy framework centered on data sovereignty; documented failures and mitigations with
economic impact assessment; and best-case implementation scenario with measurable equity

benchmarks.
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II. Literature Review
A. Data Asymmetries in Medical Al

The geographic imbalance in medical Al development is empirically established.
Analysis of 7,314 clinical Al publications revealed radiology dominates research output (40.4%
of studies), yet 89% of imaging datasets derive from high-income country institutions [2]. This
creates a representation void for low-income country-specific disease phenotypes. For instance,
tuberculosis accounts for 6.7% of African mortality but comprises less than 2% of pulmonary
Al training sets [5]. The clinical consequences are quantifiable: models developed with high-
income country data exhibit performance degradation of 22-38% when validated in low-

resource environments [6].

B. Colonialism as Structural Determinant

Scholars increasingly frame this asymmetry through colonial paradigms. Contemporary
Al development represents algorithmic colonialism wherein data extraction from economically
disadvantaged regions enriches corporations without reciprocal benefit [7]. Historical parallels
merit consideration: 90% of sub-Saharan Africa endured colonial exploitation, and 85% of
current Al health initiatives targeting Africa remain foreign-controlled [8]. This perpetuates
epistemic injustice by dismissing indigenous diagnostic knowledge systems documented in

ethnomedical scholarship [9].

C. Technical Bias Mitigation Approaches

Technical solutions demonstrate promise but face implementation barriers. Federated
learning approaches improved tuberculosis detection AUC from 0.72 to 0.89 across eight
African sites through weight aggregation without raw data sharing [10]. Adversarial debiasing
techniques reduced diagnostic disparity between Vietnamese and United Kingdom hospitals by
40% through fairness constraints during training [11]. Explainability frameworks decreased
surgical skill assessment bias by 32% when interpretability modules identified unreliable

features [12].

https://iaeme.com/Home/journal/FPMHS editor@iaeme.com



Devashree Shukla

Table 1: Comparative Performance of Bias Mitigation Strategies

Technique Clinical Application | Performance Implementation Challenges
Gain

Federated Learning | Tuberculosis AUC +0.17 Infrastructure requirements
radiography

Adversarial COVID-19 ASensitivity Subgroup labeling

Debiasing prognosis +23% dependencies

Explainable Al Surgical skill Error reduction | Domain-specific

Modules evaluation 32% applicability

Despite technical advances, incentive structures favoring high-income country
perspectives persist. Over 50% of Al journals reject negative results, obscuring failure analyses

essential for equitable progress [13].

I11. Data Bias in AI Diagnostics: Mechanisms and Magnitude
A. Population and Disease Heterogeneity

Epidemiologic divergence between high and low-income regions generates intrinsic
model drift. Melanoma detection algorithms achieve 0.95 AUC on Fitzpatrick I-II skin types
but degrade to 0.62 on phenotypes V-VI prevalent throughout Africa [14]. Pneumonia
classifiers trained on United States data miss 33% of cases in Bangladesh due to high
tuberculosis and HIV co-infection rates [15]. This clinical mismatch compounds with genetic
variations; Nigeria's 25% sickle cell trait prevalence confounds anemia detection algorithms

calibrated for European hemoglobin variants [16].

B. Infrastructure-Mediated Biases

WHO data reveals catastrophic resource gradients distorting data collection. Significant
disparities include imaging infrastructure differentials, with MRI density 40-fold higher in
high-income countries (56.1 versus 1.4 units per million population) [17]. Data fragmentation
persists, as 78% of Ugandan health records remain paper-based, creating diagnostically
invisible populations [18]. Device calibration issues manifest in pulse oximeters overestimating
oxygen saturation by 4-7% in dark-skinned patients due to development exclusively on light-

skinned cohorts [19].
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Fig. 1: Global view of Al-enabled clinical studies; Source - NPJ Journal, Disparities in

clinical studies of Al enabled applications from a global perspective

a Geographical distribution of studies. In the figure, we only marked countries that
conducted more than two studies. b Income level classification of countries conducting studies.
¢ Funding status of studies by country income level classification (Only studies conducted in a
single country were counted. The fund status of studies in lower-middle-income and lower-
income countries is not shown in the figure because the number is only 3, and the bars generated

are hardly visible). The map was generated using ArcGIS software.

C. Statistical and Sampling Distortions
Non-independent and identically distributed sampling plagues datasets even when low-
income country data is included. Ninety-two percent of African Al training data originates from

urban referral centers, neglecting rural disease phenotypes [20]. Severe class imbalance
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exceeding 1:100 occurs for neglected tropical diseases versus diabetes in multiclass diagnostic

models [21]. These distortions manifest mathematically as covariate shift where feature

distribution diverges significantly between development and deployment environments [22].

IV. Case Studies: Contextualizing Diagnostic Bias

Table 2: Health System Indicators and Al Performance Correlation

Country Physicians | Health Al Application | Documented Successful
per 10,000 | Expenditure Failure Mitigation
per Capita
(USD)
Ghana 0.9 65 Breast False positives in | Local retraining
ultrasound AI | dense breast (AUC +0.15)
tissue
Ethiopia 0.8 27 Federated TB | Internet Edge-computing
screening disruptions in adaptation
rural clinics
Haiti 0.2 15 Maternal Hurricane- On-device
ultrasound induced system inference
cloud Al outages implementation
Nigeria 4.1 78 Oncology Eurocentric Program
decision genetic discontinuation
support assumptions
Bangladesh | 0.6 20 Diabetic Retinal Spectral band
retinopathy Al | pigmentation adjustment
misclassification

A. Kenya: Telemedicine Limitations

With only 1.2 physicians per 10,000 population, Kenya implemented Al-powered
teleradiology systems. A pilot employing high-income country algorithms for cervical cancer
screening yielded 41% false positives due to unfamiliar inflammation patterns from endemic
schistosomiasis [23]. Effective mitigation required curation of 3,000 local histopathology
images, algorithmic adjustment for region-specific confounders, and training community health

workers in digital triage protocols.

B. Nepal: Environmental Adaptation Failure
Nepal's physician density (0.7 per 10,000) motivated Al electrocardiogram deployment.

Models developed with sea-level data missed 29% of right ventricular hypertrophy cases at

https://iaeme.com/Home/journal/FPMHS

editor@iaeme.com



Al Diagnostics Are Reinforcing Diagnostic Colonialism: The Case of Low-Income Country Data Bias

elevations exceeding 3,000 meters [24]. Successful resolution integrated altitude-correction
modules within interpretation algorithms, established federated learning across Himalayan

clinics, and deployed WHO-funded portable devices with offline diagnostic capabilities.

C. Uganda: Adaptive Learning Implementation

Uganda's 1.0 physicians per 10,000 prompted Al adoption for malaria diagnostics. Initial
models failed to detect Plasmodium ovale variants (17% regional prevalence). Implementation
of clinician feedback loops reduced diagnostic errors by 38% through weekly model
recalibration with new blood smears, mandatory discrepancy reporting, and incentivized

frontline data annotation [25].

V. Policy Framework: Pillars for Equitable Al
A. Data Sovereignty Mechanisms

Data trusts represent promising governance structures, exemplified by RAD-AID's
Friendship Trust which pools anonymized images from twelve low-income countries while
providing contributors royalty-free algorithm access [26]. Legislative approaches such as
Nigeria's Digital Health Act mandate 7% revenue repatriation for commercialized health data

[27]. These mechanisms counteract extractive practices by ensuring benefit-sharing.

B. Validation Equity Standards

Three critical standards emerge from case analyses: First, demographic stratification
requiring performance reporting across geographic and ethnic subgroups [28]. Second,
minimum representation thresholds mandating >15% low-income country data for WHO-
approved "global" diagnostic models. Third, continuous monitoring protocols adapting FDA's
Software as a Medical Device framework for longitudinal field validation in low-resource

settings [29].

C. Capacity Building Architecture

Sustainable implementation requires tiered training progressing from fundamental
machine learning literacy through clinical data engineering toward algorithmic bias auditing
and federated system administration. Complementary infrastructure development is essential,
exemplified by the World Bank's $200M AlI-Ready Health Systems initiative establishing cloud

computing resources across 28 low-income countries [30].
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D. Decolonial Design Principles

Effective frameworks incorporate participatory requirements mandating minimum 30%
low-income country representation on Al ethics boards [31]. Epistemic justice necessitates
integrating traditional diagnostic knowledge into feature engineering processes. Benefit
proportionality must ensure patent co-ownership for communities contributing training data

[32].

VI. Real-World Implications: Failures, Mitigations, and Economic Analysis
A. Documented Hazards and Associated Costs

Pulse oximetry calibration bias caused delayed COVID-19 treatment for 250,000 Black
patients in low-income countries due to oxygen saturation overestimation (4-6% error),
resulting in $1.2B in extended hospitalizations and 3,800 preventable deaths [19,33]. The IBM
Watson Oncology failure generated erroneous chemotherapy recommendations for 1,200
Nigerian patients, wasting $18M on inappropriate treatments while incurring $9.2M litigation
expenses [34]. Cloud-based diagnostic collapses during Haiti's hurricane season disrupted
11,000 maternal ultrasounds, necessitating $4.7M in redundant diagnostics while increasing

unattended obstetric complications by 42% [23].

*Table 3: Cumulative Economic Impact of Diagnostic Bias (2020-2024)*

Failure Affected Patients Financial Health Consequences
Mechanism Loss (USD)

Device 410,000 2.1 billion 12,400 excess fatalities
Calibration Bias

Contextual 1,800,000 6.3 billion 340,000 misdiagnoses
Misalignment

Infrastructure 290,000 1.9 billion 78,000 treatment
Vulnerability delays >72h

B. Mitigation Successes and Efficiency Gains

The Africa CDC Federated Network achieved 73% reduction in tuberculosis diagnostic
latency (14 to 3.8 days) across eight countries, saving $28 per patient versus conventional
methods while increasing treatment adherence by 38% [36]. Rwanda's mandatory algorithmic
audits reduced radiology diagnostic errors by 52% among rural patients, avoiding $3.4M in

misdiagnosis-related hospitalizations with $12 saved per $1 audit investment [37]. PATH's
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modular Al toolkit decreased deployment costs by 68% through swappable disease-specific

modules, enabling 22,000 additional monthly screenings across 37 clinics [38].

Table 4: Return on Investment for Mitigation Strategies

Intervention Implementation 5-Year Savings Clinical Impact

Cost (USD) (USD)
Federated 2.8 million 41.7 million 290,000 accelerated
Learning diagnoses
Network
Localized 420,000 9.1 million 3,200 lives preserved
Retraining
(Ghana)
Edge Computing 310,000 5.6 million 89% uptime during
(Haiti) disasters

C. Best-Case Implementation Projections

Economic modeling of 2030 implementation scenarios indicates decentralized
development ecosystems could reduce Al innovation costs by 60% ($4.2B annual savings)
through low-middle income country leadership while saving 12.7 million clinician hours
annually through diagnostic automation [39]. Context-adaptive diagnostics featuring $100
handheld devices with self-calibrating algorithms may increase rural screening coverage 400%
while reducing misdiagnosis expenses by $18.3B/year [40]. Health impact projections suggest
Al-assisted ultrasounds could prevent 216,000 stillbirths annually through timely intervention,

while locally calibrated cancer screening may improve 5-year survival rates by 19-37% [34,38].

Policy Implementation $8.2f +  Data Sovereignty Framewor] = —— =  537.6B Economic Savings  —— »  52.1B/Year Revenue St

Infrastructure $14.38 k » Edge Computing Networks t > 142M Clinical Hours Saved : - 217,000 Lives Saved Ar

*Fig 2: Cost-Benefit Projection of Equitable Al Diagnostics (2025-2035)*

D. Investment Sensitivity Analysis

Data sovereignty infrastructure requires $120M to establish twelve regional trusts but
delivers 9:1 ROI through avoided bias-related losses and diagnostic royalties, achieving break-
even within 3.2 years at 60% participation [26]. Algorithmic auditing costs of $18 per device

yield $83 in avoided misdiagnosis liabilities while generating 1.7 quality-adjusted life years per
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$100 invested [29]. Federated learning networks demand $3.4M startup funding but save $28M
annually through reduced data acquisition and error correction, producing fourteen additional

correct diagnoses per $1,000 expenditure [10].

VII. Conclusion

Diagnostic colonialism in artificial intelligence constitutes an operational reality rather
than theoretical concern, quantified through performance disparities exceeding 30% in
marginalized populations. This analysis establishes that colonial history and economic
stratification—measured through WHO health indicators—directly correlate with algorithmic
diagnostic failures. The solution space necessitates multidimensional intervention; technical
mitigation alone cannot redress structural inequities.

The proposed policy framework bridges technical and governance reforms, prioritizing
data sovereignty through mechanisms including regional data trusts and algorithmic impact
assessments. Documented successes demonstrate feasibility: federated learning in Ethiopia
maintained diagnostic accuracy while preserving data autonomy, while Ghana's retraining
protocol overcame context-specific failures. These models provide implementable templates
for global scaling.

Future research must quantify decolonial Al's impact on health outcomes, particularly
maternal mortality and neglected tropical diseases. Investment should prioritize south-south
collaboration networks, circumventing high-income country intermediation. As WHO
emphasizes, artificial intelligence that heals rather than exploits requires fundamental
recalibration of power within global health innovation ecosystems. The alternative—
diagnostics perpetuating colonial hierarchies—remains medically unethical yet mathematically

solvable through evidence-based intervention.

Statistical Appendix: Key Equity Indicators
Sources: World Bank 2024, WHO 2024

Metric LIC Average | HIC Average | Disparity Ratio
Physicians per 10,000 population 1.4 32.6 1:23.3
Health expenditure per capita (USD) 41 5,736 1:140
Medical Al patents per million people | 0.07 18.4 1:263
Population in Al training datasets (%) | 3.8 82.6 1:21.7
Diagnostic Al validation studies 127 2,894 1:22.8
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