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Abstract

Deep learning has achieved expert-level performance in medical imaging analysis. How-
ever, models often fail to generalize across patient populations due to cross-population
domain shifts, distributional differences arising from demographic variability, variations
in imaging protocols, scanner hardware, and differences in disease prevalence. This chal-
lenge limits the real-world deployment and can increase health inequities. This review
systematically examines the nature, causes, and impact of cross-population domain shift in
deep learning-based medical imaging analysis. We analyzed 50 peer-reviewed studies from
2020 to 2025, evaluating the proposed methodologies for handling population shifts, the
datasets employed, and the metrics used to assess performance. Our findings demonstrate
that performance degradation ranged from 10-25% when models were tested on unseen
populations, emphasizing the substantial impact of domain shifts on model generalizability.
The literature reveals that mitigation strategies broadly fall into two categories: data-centric
approaches, such as augmentation and harmonization, and model-centric approaches,
including domain adaptation, transfer learning, adversarial learning, multi-task learning,
and continual learning. While domain adaptation and transfer learning are the most widely
used, their performance gains across populations remain modest, ranging from 5-15%,
and are not supported by external validation. Our synthesis reveals a significant reliance
on large, publicly available datasets from limited regions, with an underrepresentation of
data from low- and middle-income countries. Evaluation practices are inconsistent, with
few studies employing standardized external test sets. This review provides a structured
taxonomy of mitigation techniques, a refined analysis of domain shift characteristics, and
an in-depth critique of methodological challenges. We highlight the urgent need for more
geographically and demographically inclusive datasets, adaptable modeling techniques,
and standardized evaluation protocols to enable accurate and equitable Al-driven diagnos-
tics across diverse populations. Finally, we outline future research directions to guide the
development of robust, generalizable, and fair models for medical imaging analysis.

Keywords: algorithmic fairness; chest X-ray; cross-population domain shift; domain
adaptation; deep learning; health equity; medical imaging
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1. Introduction

Medical imaging has transformed clinical diagnostics, providing non-invasive means
to detect, monitor, and manage a wide range of diseases [1,2]. Among imaging modalities
including X-ray, ultrasound, computed tomography (CT), and magnetic resonance imaging
(MRI), X-ray remains the most widely used and accessible modality in low- and middle-
income countries (LMICs), due to its cost-effectiveness and diagnostic versatility [3,4].

The integration of artificial intelligence (Al), specifically deep learning (DL), has
revolutionized the analysis and interpretation of medical imaging. Convolutional neural
networks (CNNs) and related architectures now achieve performance comparable to, and
sometimes exceeding, that of expert radiologists [5-7]. These advances have automated the
detection and classification of diseases in radiology, oncology, dermatology, and neurology,
improving diagnostic accuracy while mitigating radiologist workload [8-12]. The success of
such systems depends on the availability of large, high-quality, expert-annotated datasets,
which have fueled the rapid evolution of Al-driven healthcare applications [13].

However, these datasets are predominantly collected in high-income Western in-
stitutions with advanced digital infrastructure, resulting in the underrepresentation of
populations from LMICs. This imbalance introduces biases that compromise model fair-
ness and generalizability across diverse patient populations [14]. Consequently, models
trained on single population/race datasets may perform poorly when deployed in settings
with different patient demographics, disease prevalence, or imaging practices.

This problem is broadly captured by the concept of domain shift, which occurs when
the statistical properties of data used for model training differ from those encountered
during real-world deployment [15]. In medical imaging, domain shifts may arise from vari-
ations in scanners, acquisition protocols, disease characteristics, annotation standards, and
population demographics, often leading to substantial drops in performance and reduced
clinical reliability [16]. A particularly challenging and understudied type of domain shift
is the cross-population domain shift (CPDS), which occurs when Al models trained on
data from one population fail to generalize effectively to another [17]. CPDS reflects global
disparities in healthcare resources, imaging technology, and population characteristics [18].
For instance, patients in resource-limited settings often present advanced disease stages or
distinct radiological manifestations due to delayed diagnoses, while those in high-income
regions benefit from early screening. Such differences alter data distributions and hinder
cross-population model transfer [19].

Population diversity in medical datasets poses a significant challenge to developing Al
systems that are robust, equitable, and clinically trustworthy [20-22]. Models performing
well in specific geographic or demographic contexts frequently yield biased or inaccurate
predictions elsewhere, risking exacerbation of health disparities [23]. Addressing CPDS
is therefore not only a technical necessity but an ethical imperative for achieving fair and
inclusive Al in healthcare [24].

Existing approaches to domain shift mitigation, such as domain adaptation [25], trans-
fer learning [26], continual learning [27], and data augmentation [28], typically assume
access to data from both the source and target domains. In reality, such access is rare, partic-
ularly across regions separated by socioeconomic or demographic divides. Moreover, most
available datasets lack global population representation, further increasing disparities [29].

Although several reviews have examined general domain shift in medical imag-
ing [15,30-35], few have specifically addressed cross-population domain shift. Existing
surveys often treat population differences as a secondary issue rather than a central con-
cern. This review fills that gap by offering a comprehensive and systematic synthesis of the
literature focused on CPDS in deep learning-based medical imaging analysis.
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Figure 1 provides the review structure and thematic organization. The review began
with an overview of deep learning applications in medical imaging and then progressed to
domain shift challenges, a focused discussion on cross-population domain shift (CPDS).
It outlines dataset modalities, the nature and evaluation of CPDS, and key mitigation
techniques, concluding with a discussion and future research directions. Specifically, this
review makes the following contributions:

e It provides the first structured synthesis dedicated to cross-population domain shift
(CPDS) in medical imaging.

e Itintroduces a unified methodological taxonomy of CPDS mitigation strategies, en-
compassing data-centric and model-centric approaches.

o Itcritically evaluates the relative effectiveness, assumptions, and limitations of existing
techniques in addressing population-level variability.

e Itidentifies open challenges and outlines future research directions toward building
robust, generalizable, and equitable Al systems for healthcare.

The rest of the paper is organized as follows: Section 2 reviews deep learning applica-
tions in medical imaging; Section 3 details the review methodology; Section 4 synthesizes
findings according to current approaches for managing cross-population shift in med-
ical imaging analysis; and Section 5 concludes with key recommendations and future
research directions.

Deep learning in
Medical Imaging

Prospects Challenges Domain Shift Problem

Prognosis

Cross-Population Domain Shift (CPDS)

Treatment plans

Disease l l
diagnosis -
Dataset Used Imaging Overview of CPDS Mitigation Techniques
Modalities
Drug Discovery - >

CXE | Gauses ‘ Transfer learning
Surgical ( )

cT Impact
assistant ¢ ‘ Data Augmentation

Ultrasound ‘ Evaluation ‘

Decision support L l | Techniques —> Continual Leatning

Multitask Leatning

Drug Discovery

Di ion and Open Cl

|

Challenges and Future Research Direction
Figure 1. General organization of the review.

2. Overview of Medical Imaging Analysis with Deep Learning

Deep learning (DL) has become a cornerstone of modern data science, driving au-
tomation, prediction, and decision support across domains such as healthcare, finance,
transportation, and robotics [36]. Its success in medical imaging analysis can be attributed
to rapid advances in neural network architectures, increased computational resources,
improved optimization algorithms, and the availability of large, annotated datasets [37].

In medical imaging, deep learning models have achieved expert-level accuracy in
numerous diagnostic and prognostic tasks. Convolutional neural networks (CNNSs) [38]
and, more recently, transformer-based architectures [39] can automatically detect, local-
ize, and classify complex imaging patterns from modalities such as X-ray, CT, MRI, and
ultrasound [40]. By learning hierarchical representation directly from raw pixels, they out-
perform classical machine-learning techniques that rely on manually engineered features.
Clinically, DL has enabled automated disease detection [41,42], lesion segmentation [43,44],
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and outcome prediction [45], supporting radiologists in improving diagnostic accuracy and
workflow efficiency.

Despite these achievements, DL systems frequently underperform when applied to
data from different institutions or populations, highlighting the persistent challenge of
domain shift, a key barrier to reliable clinical translation.

2.1. Clinical Scope of Deep Learning in Imaging

The rapid progress of DL has fueled diverse clinical applications spanning radiology,
pathology, ophthalmology, dermatology, cardiology, and neurology. Table 1 summarizes
representative studies grouped by specialty, illustrating both the breadth of DL adoption
and the methodological diversity of current research.

Table 1. Selected Literature on Deep Learning Applications in Medical Imaging, Grouped by Clinical

Application.
Citations Task Method Dataset Used
Radiology
[6-12,46-56]  Pneumonia, Tuberculosis, CNNs ChestX-ray14, COVID-19 CXR,
COVID-19, Pulmonary and PadChest, CheXpert, MIMIC-CXR
Thoracic disease detection from
chest X-ray
Pathology
[567-60] Breast cancer classification CNN BreakHi/ICD/USCD
from histology
[61-65] Lung cancer subtype classification Inception-v3 TCGA-LUAD/LUSC/NLST
from WSIs
[66,67] Lymph node metastasis detection Deep CNN CAMELYON16
[68,69] Prediction of breast Detectron2 TUPAC16/JPATHOL
tumor proliferation
Neurology
[43,70,71] Brain tumor segmentation nnU-Net BraTS
from MRI
[44,72-76] Glioma segmentation from MRI Deep 3D CNN BraTS/BRISC
[45,77-79] Alzheimer’s disease prediction 3D CNN, U-Net ADNI/OASIS
Dermatology
[80,81] Skin lesion classification CNN, Inception-v3 ISIC Archive
[82-85] Melanoma and lesion detection Ensembled CNN HAM10000
Ophthalmology
[86] Diabetic retinopathy detection Inception-v4 CNN EyePACS
[87] Diabetic retinopathy detection CNN Retinal images
[88] Glaucoma screening from CNN Fundus images
fundus images
[77,89] Detection of retinal diseases CNN (multi-task) Singapore National Eye Centre

Table 1 indicates that DL has become integral to imaging analysis across multiple
organs and modalities. Within radiology, CNN-based models dominate chest X-ray and CT
analysis for pneumonia, tuberculosis, and COVID-19. At the same time, U-Net-derived
architectures excel in pathology and neuroimaging for segmentation and subtype classi-
fication. Transformer networks are emerging for multimodal feature fusion and report
generation. Collectively, these studies demonstrate DL’s diagnostic potential but also ex-
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pose inconsistencies in dataset scale, labeling quality, and evaluation protocols, factors that
complicate model transferability between populations.

2.2. Challenges in Model Generalization

Three obstacles constrain the generalization of DL models in medical imaging. First,
high-resolution images from gigapixel histopathology slides to 3-D CT volumes demand
substantial computational and storage resources. Second, the scarcity of high-quality
annotated data, particularly in LMICs, limits model robustness and reproducibility. Third,
unresolved issues around interpretability, bias, and ethical deployment impede clinical
trust and regulatory approval. These challenges converge in the phenomenon of domain
shift, which occurs when training and deployment data differ in statistical distribution [15].

2.3. Domain Shift in Deep Learning-Based Medical Imaging Analysis

The major challenges in deep learning-based medical imaging analysis are the scarcity
and heterogeneity of data. Medical images, especially those in histopathology and ad-
vanced radiology, exhibit significant variations in terms of chemical staining, imaging
modalities, and digitization protocols [90]. These variations can affect the consistency and
quality of the data, making it increasingly difficult for a single deep learning model to
generalize across diverse datasets, resulting in a problem termed as domain shift [91]. Do-
main shift (DS) refers to the deterioration in model performance that occurs when the data
distribution in the Source domain (training data) diverges from that of the target domain
(testing domain) [14]. DS may occur when imaging data exhibit distinct characteristics
resulting from equipment settings, image quality, patient anatomy, disease prevalence, or
clinical practices.

Let & denote the input space (e.g., chest X-ray images) and ) denote the output
space (e.g., disease labels). Domain is defined as a tuple D = (X, P(X)), where P(X) is
the marginal distribution over the input space. A task is defined as 7 = (), f(+)), where
f: & = Yis the predictive function.

Given:
source domain
Dg = (X5, Ps(X)) 1)
target domain
Dy = (&Xr, Pr(X)) 2)
Domain shift occurs when:
Ps(X) # Pr(X) or Ps(Y[X) # Pr(Y|X) )

This discrepancy results in degraded performance when a model trained on Dg is evaluated
on DT-

2.4. Cross-Population Domain Shift (CPDS)

Cross-population domain shift refers to the differences in data distributions between
the training Ps and testing Pr populations. In medical imaging, CPDS is a critical subset
of domain shift that reflects discrepancies between training and testing populations Ps
and Pr. These differences can be in both the input data characteristics and the under-
lying label distributions, arising from demographic, epidemiological, or socioeconomic
factors [89,90]. Such differences commonly include variations in age distribution, sex, race,
disease prevalence, and geographic context, all of which limit model generalization across

https:/ /doi.org/10.3390/bdcc10030076



Big Data Cogn. Comput. 2026, 10, 76

6 of 34

populations. Unlike general domain shift scenarios, CPDS poses unique ethical and clinical
risks, potentially reinforcing health disparities.

As illustrated in Figure 2, CPDS arises at the intersection of covariate shift and con-
cept shift, embedded within the broader domain shift landscape, reflecting simultaneous
changes in data distributions and label semantics across populations [18]. While population
differences often induce covariate shift through anatomical, physiological, or imaging-
distribution changes, cross-population analysis frequently also involves concept shift,
where the input-label relationship itself varies across settings. Such a concept shift may
stem from heterogeneous diagnostic criteria, differing disease definitions, variable clinical
thresholds, or inconsistent annotation practices across hospitals, countries, or healthcare
systems [92]. These factors introduce label noise and annotation ambiguity that cannot
be addressed through feature alignment or distributional harmonization alone and are
particularly pronounced in global health and low-resource contexts.

Covariate Shift
‘Covariate shiftoccurs when PS (X) = PT (X) while PS (Y 1X) = PT (Y 1X)|

Concept Shift

‘Gancept shift occurs when PS (Y 1X) = PT (Y X), Le., when the input-iabal
often d

stable. u
Exampl: variations in the scanner ‘anotation practices.

(sado)
s ujewog uopeindod sso10

(cPos).

This shift arises specifically from
demographic or population—
based differences.

Figure 2. Relationship between domain shift and CPDS.

Mathematically, CPDS arises specifically from demographic or population-based
differences. Let P represent population-specific attributes such as age, gender, ethnicity, or
geography. The domain can be extended to D” = (X7, PP (X)), where the distributions
depend on P.

CPDS occurs when:

PPS(X) # PPT(X) or PPS(Y|X) # PPT(Y|X) @

where Ps and Pr denote different populations (e.g., source: Western, target: African).
This suggests that disease manifestations and imaging appearances may differ across
populations, thereby affecting model generalization.

Empirical evidence confirms that demographic and infrastructural factors, such as
imaging utilization rates, scanner type, and access to care, directly influence AI model
predictions [92,93]. Addressing CPDS is therefore essential to ensure fairness, safety, and
clinical efficacy across global populations.
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2.5. Limitation of Existing Reviews

To conduct a new systematic literature review (SLR), it is essential to establish a
clear need for the review [94]. A targeted review of prior surveys reveals that most
existing literature examines domain shift broadly rather than focusing on cross-population
effects. Matta et al. [31] reviewed domain generalization in medical image classification and
proposed a taxonomy based on 77 papers. In contrast, Guan et al. [30] and Kumari et al. [34]
focused on domain-adaptation techniques, supervised, semi-supervised, and unsupervised,
without addressing population heterogeneity. Hong et al. [15] discussed out-of-distribution
(OOD) detection, identifying demographic variation as one OOD source but not its clinical
consequences. Overall, no systematic review to date has centered specifically on CPDS.

This gap motivates the present work, which systematically analyzes how population
diversity influences the generalizability of DL models in medical imaging and synthesizes
methodological advances aimed at mitigating cross-population domain shift.

3. Systematic Review Method

This section outlines the methodology adopted for the systematic literature review
(SLR), following the procedures of Kitchenham [94] and the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) 2020 guidelines [95]. The checklist can
be found in the Supplementary Materials. The review process, summarized in Figure 3,
shows the PRISMA flowchart used for literature search and extraction. The SLR structure
comprises three key phases: planning, conducting, and reporting, each designed to ensure
transparency, rigor, and reproducibility.

Identification of studies in Databases

IDENTIFICATION
Databases (n=5)
Web of Science (n=18)
Scopus (n=82)

ACM Digital Library (n= 429)
IEEExplore (n=99)
PubMed (n= 426)
Google Scholar (n=92)
(n=1151)

P — \L
( Screening (n = 578)

Record removed before screening
Duplicates (n = 488)
No full texts (n = 85)

Identification

Exclusion Criteria
Not on topic, population
mismatch)
Rgg;i‘g’%;zrr‘iljgs Record removed after adding
Duplicates exclusion criteria
N . not on topic, population mismatch
Non-english article
gish art R (n = 453)
= - Survey
£ (n=13)
§ Not proposed new method
‘B (n=24)
Eligible
Full-text articles Assessed
n=88
Y
Inclusion
Journal articles, conference
proceeding written in english
— published in: 2020—2025
n=47
B Y
°
% i & Manual Search
£ n=50 [ n=3

-

Figure 3. PRISMA Flow Diagram.

https://doi.org/10.3390 /bdcc10030076



Big Data Cogn. Comput. 2026, 10, 76

8 of 34

3.1. Planning Review

The planning phase established the foundation for a systematic and replicable syn-
thesis. A review protocol was defined to clarify the objectives, search strategy, inclu-
sion/exclusion criteria, and quality-assessment procedures.

3.1.1. Research Questions (RQ)
Four research questions (RQs) guided the review:

* RQ 1: How is cross-population domain shift defined and characterized in deep
learning-based medical image analysis literature?

¢  RQ2: What deep learning techniques have been proposed to mitigate CPDS?

e RQ 3: What datasets and evaluation metrics are commonly used to assess the effec-
tiveness of these techniques?

* RQ 4: What are the limitations of current approaches, and what future research
directions are identified in the literature?

3.1.2. Search Strategy

A systematic search was conducted across five major electronic databases, Scopus,
PubMed, IEEE Xplore, Web of Science, and the ACM Digital Library, covering publications
from 2020 to 2025. The search string combined keywords as follows: (“medical imaging” OR
“medical image analysis” OR radiology OR “diagnostic imaging”) AND (“domain shift” OR
“dataset shift” OR “distribution shift” OR “domain generalization” OR “domain adaptation”
OR “out-of-distribution” OR “external validation” OR “multi-center” OR “multicenter”
OR “cross-site” OR “cross-population” OR “cross-institution” OR generalizability OR
robustness) AND (population OR demographic* OR race OR ethnicity OR age OR sex
OR gender OR geographic* OR regional OR global OR “low-resource” OR LMIC) AND
PUBYEAR > 2019.

Duplicates were removed, and additional studies identified through citation track-
ing and co-author recommendations were manually included. After screening, 50 peer-
reviewed studies were selected for detailed synthesis (see Figure 3).

3.1.3. Selection Criteria

Based on the research questions and the objectives of the SLR, the following inclusion
and exclusion criteria were outlined and applied to the retrieved literature to screen the
selected papers.

Inclusion Criteria:

*  Studies employing deep learning methods for medical image analysis across any
imaging modality (e.g., X-ray, CT, MRI, ultrasound, histopathology) and explicitly
addressing cross-population domain shift.

e Studies explicitly addressing cross-population domain shift.

e  Articles published in English.

*  Papers published between January 2020-December 2025.

*  Studies with clearly defined methodologies and evaluation metrics.

Exclusion Criteria:

¢  Studies not related to deep learning or medical image analysis.

*  Books, Posters, and non-English articles.

*  Review and Survey papers.

*  Non-peer-reviewed publications.

¢ Studies with unsound scientific content or vague description of methodology.

https:/ /doi.org/10.3390/bdcc10030076
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Restricting to English-language papers ensured consistent interpretation and accu-
rate synthesis of methodological details, though it may have excluded valuable regional
studies from LMICs. This limitation is acknowledged as a potential source of geographic
bias. Despite this limitation, the language criterion was necessary to maintain analytical
consistency and methodological rigor within the scope of this review.

3.1.4. Quality Assesment

Quality assurance (QA) was performed to evaluate methodological rigor, transparency,
and reproducibility, following PRISMA principles adapted for methodological reviews.
Given the heterogeneity of DL research designs, existing clinical tools (e.g., AMSTAR-2,
ROBIS) were not applicable. Instead, a ten-item checklist (Table 2) was used to assess clarity
of objectives, experimental transparency, dataset documentation, and model validation.

Table 2. Quality Assessment (QA) Checklist for Included Studies on Cross-Population Domain Shift.

SIN Quality Assessment Checklist Rating (Y/N/P)
1 re the research aims clearly defined? Y /N/P
2 Is the study design appropriate to the stated objectives? Y /N/P
3 Does the study propose a new methodology? Y /N/P
4 Is the dataset adequately described? Y /N/P
5 Are the data analysis procedures clearly explained? Y /N/P
6 Are all research questions addressed? Y /N/P
7 Are results and conclusions logically connected? Y /N/P
8 Is the model architecture or experimental pipeline described? Y /N/P
9 Was the model validated appropriately (e.g., external or cross-domain testing)? Y /N/ P
10 Are performance metrics reported transparently? Y /N/ P

Each criterion was rated as Yes = 1, Partial = 0.5, or No = 0. Studies scoring above
80% were retained for synthesis. Out of 88 eligible papers, 50 met the threshold. Table 3
summarizes the QA outcomes.

Table 3. Quality Assessment (QA) Summary of Included Studies on Cross-Population Domain Shift
(n =50).

S/N Quality Assessment Question Y (Yes) P (Partiall N (No)
1 Clear research objectives 45 4 1
2 Appropriate study design 41 6 3
3 Clearly defined variables or features 33 10 7
4 Dataset /data collection process transparency 32 11 7
5 Purpose of analysis articulated 37 9 4
6 Research questions adequately addressed 31 10 9
7 Coherence between data and conclusions 29 14 7
8 External or cross-domain validation performed 19 4 29
9 Results and metrics clearly reported 42 5 3
10 Were the results and performance metrics reported clearly 38 8 4

and transparently?

Overall, the QA indicated strong methodological clarity (90% defined aims; 84%
described architectures) but limited transparency in dataset reporting (64%) and valida-
tion (42%). These findings reflect persistent inconsistencies in evaluating generalizability
across populations, a central issue in CPDS research. The QA process thus served as an
essential quality control step, allowing the review to select studies that demonstrated both
methodological rigor and sufficient reporting quality for meaningful synthesis.

3.2. Conducting Review

Full texts of all eligible studies were analyzed using a standardized data-extraction
form capturing bibliographic details, imaging modality, task, methodology, dataset, type of
domain shift, and code availability. Two independent reviewers performed the extraction
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to ensure reliability. A data extraction form with specifically 10 items about the research
topics was created. Among its contents were the following: (1) article title, (2) year of
publication, (3) modality, (4) methodology, (5) task, (6) dataset, (7) domain, (8) shift type,
(9) code availability, and (10) dataset availability.

The database search initially retrieved 1146 records. After duplicate removal and
preliminary screening, 573 non-relevant papers were excluded. A further 23 studies were
removed following full-text review due to lack of relevance or methodological soundness,
leaving 50 papers for final synthesis (see Figure 3).

Exploratory Data Analysis (EDA)

An exploratory data analysis (EDA) of the included studies was conducted to visu-
alize publication trends and thematic distributions (Figure 4b). The analysis examined
publication year, source database, and outlet type (journal vs. conference).

Publication selected from each database
IEEEXplare

Scopus

‘Web of science

ACM Dlgital Library

Databases

Pubmed

Google Scholar

(a) Distribution of reviewed studies by academic database.
Most were retrieved from PubMed and IEEE Xplore, with
fewer from Scopus, Web of Science, and ACM Digital Library.

Trend Over Years (2020-2025) Publication type

25

20
Conferences

Count

Journals

0
2020 20 2022 2023 2024 2025

Year

(b) Publication trend (2020-2025). (c) Distribution of publication types.

Figure 4. Exploratory overview of the reviewed studies, showing (a) database distribution, (b) publi-
cation trends, and (c) publication types.

The EDA revealed that PubMed contributed the largest share of studies (14 papers)
(See Figure 4a), followed by IEEE Xplore (12) and Scopus (11). Publication activity increased
steadily from 2020 to 2025, peaking in 2024 (see Figure 4b), indicating growing research
interest in domain shift and model generalization. Approximately 66% of the papers were
published in journals, underscoring a preference for comprehensive peer-reviewed studies
over conference proceedings (see Figure 4c).
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4. Findings and Discussion

This section presents the key findings of the systematic review, organized according
to the research questions (RQ1-RQ4). It summarizes how cross-population domain shift
(CPDS) has been defined, categorized, and addressed in deep learning (DL)-based medical
image analysis, as well as the datasets and metrics employed in the reviewed studies.

4.1. Characterization of Domain Shift in Medical Image Analysis (RQ1)

RQ1: How is cross-population domain shift defined and characterized in deep learning-
based medical image analysis in the literature?

Following Quinonero-Candela et al. [16], domain shift in deep learning models can
be broadly categorized into two principal types: covariate shift, where the input data
distribution changes across domains, and concept shift, where the relationship between
inputs and outputs differs.

4.1.1. Covariate Shift

Covariate shift occurs when Ps(X) # Pr(X) while Ps(Y|X) = Pr(Y|X), meaning
the input distributions differ but the label relationship remains stable [96]. In medical
imaging, this is common due to variations in scanner types, acquisition parameters, or
patient demographics. For example, CXR images from high-resolution hospital scanners
differ from those obtained with portable units used in low-resource settings. CPDS, arising
from demographic factors such as age, race, sex, or geography, is considered a subset of
covariate shift.

4.1.2. Concept Shift

Concept shift occurs when Ps(Y|X) # Pr(Y|X), i.e., when the input-label relationship
itself changes, often due to inconsistent diagnostic criteria or annotation practices [97]. For
instance, two hospitals may apply different thresholds for diagnosing pneumonia, leading
to label inconsistencies despite similar imaging appearances.

Both covariate and concept shifts can significantly undermine the generalization of
deep learning models, as shown in Figure 5. Models trained in one domain may not adapt
to different data distributions or labeling standards in other domains [14,33,98]. Beyond
mere failure on new data, models can learn spurious correlations, ike associating chest
drains with pneumothorax or relying on hospital-specific markers that hold in one setting
but break down in others. This highlights another cause of CPDS, explaining it as more
than just a distribution shift [99].

e ~ e N

Covariate Shift

Cross-Population Shift
(Demographics: age, race, sex, geography)

Concept Shift

Label Distribution Mismatch
(e.g., inter-observer variation)

Other Sources:
Scanner/vendor variation,
Protocol differences

Task/Domain Change
(e.g., CT - MRI)

Ptram(X) # Presr(X) Ptram(le) # Ptest(Y|X)

Example: Different patient demographics

Example: Same X-ray, different labels
in chest X-rays i

from radiologists
Figure 5. Difference between Covariate and Concept Shift.

4.1.3. Cross-Population Domain Shift

Cross-population domain shift refers to performance degradation that occurs when
models trained on data from one population are applied to data from another population
with different demographic, biological, or clinical characteristics [100]. Importantly, CPDS
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cannot be attributed exclusively to a single category of domain shift. Instead, it often
emerges at the intersection of covariate and concept shift. Formally, CPDS may arise when:

PPs(X) # PPT(X) or PPS(Y|X) # PPT(Y(X), )

where Ps and Pr denote source and target populations, respectively.

While CPDS is frequently dominated by covariate shift due to demographic-driven
differences in imaging characteristics, concept shift can also play a critical role. Population-
specific disease manifestations, clinical workflows, and labeling practices can alter the
semantic interpretation of visual patterns, thereby changing the conditional label distribu-
tion [101]. Therefore, CPDS should be understood as a compound form of domain shift
that encompasses both statistical distributional changes and semantic inconsistencies.

By explicitly situating CPDS at the overlap between covariate and concept shift, this
framework clarifies why mitigation strategies focused solely on statistical alignment are
often insufficient. It highlights the need for population-aware modeling, robust evaluation
protocols, and bias-aware learning strategies that account for both biological variability
and population-dependent label semantics [35].

These categories of domain shifts, therefore, provide a structured framework for
understanding how domain shift arises and how different shifts fall under the main broad
categories. Table 4 presents the categorization of studies on domain shift.

Table 4. Characterization of Domain Shift in Medical Imaging Literature.

Domain Shift Type  Specific Shift Subtype References Modality

Covariate Shift Population Shift (age, race, [14,18,27,33,89,90,92,96,99,102-112] X-ray, WSI, MRI,
sex, geography) CT, Ultrasound
Equipment variation (scanner, [41,113-122] Chest X-ray, MRI, CT, Fun-
vendor, resolution) dus, Dermoscopy
Acquisition protocol/Lighting/ [120] Chest X-ray
Image quality
Label distribution mismatch/ [22,29,123-132] X-ray, CT

Concept Shift inter-observer variation

P Task/domain change (e.g.,  [98,133-137] Retinal, skin lesions, CT,

CT — MRI) MRI, Chest X-ray

Our analysis identified approximately 20 studies explicitly addressing CPDS, pri-
marily using X-ray, MRI, and CT modalities (Table 4). CPDS is most frequently framed
as population shift within covariate shift, reflecting demographic variability and insti-
tutional heterogeneity [18,90]. Studies typically assess performance degradation across
multi-institutional or cross-regional datasets (e.g., U.S., European, and Asian cohorts), re-
vealing the compounding effects of demographic and equipment differences. The literature
consistently links CPDS to model underperformance on underrepresented populations,
underscoring its importance for equitable Al in healthcare.

In addition to population-level factors, the literature also highlights related techni-
cal sources of covariate shift, such as equipment variation, acquisition protocols, and
image quality, that indirectly influence cross-population generalization [116,118,120].
This diversity of imaging modality used in studies of CPDS reflects both the ubiquity
of these modalities in clinical workflows and their susceptibility to demographic and
institutional variability.

4.2. Techniques for Mitigating CPDS (RQ2)

RQ2: What deep learning techniques have been proposed to mitigate CPDS?
From the reviewed studies, a taxonomy of mitigation techniques was proposed based
on the methodology used and the underlying strategy adopted to address CPDS as pre-

https:/ /doi.org/10.3390/bdcc10030076



Big Data Cogn. Comput. 2026, 10, 76

13 of 34

sented in Figure 6. The mitigation strategies were clustered into three broad causes of
CPDS: Prevalence/label shift, Protocol variations, and Anatomical variations.

Figure 6 presents a taxonomy of Cross-Population Domain Shift (CPDS) mitigation
techniques organized according to the underlying source of population-induced shift, re-
flecting the clinical and demographic realities encountered when deploying medical imag-
ing models across diverse populations. We distinguish three primary categories: prevalence
and label distribution shift, protocol variation, and anatomical and biological variability.

CPDS Mitigation Techniques

Prevalence/ label Protocol Variation

distribution Shift (e.q. incorrect slice thickness

or contrast timing)

Anatomical and
biological variability

Learning
Strategy

Adversarial
Learrnig

v P
) () (=2

[Unsupervised-] {Semi-supervised] {

.

{ Domain
Adaptation

Model

Supervised-DA } Multi-task

learning

Transfer
learning

Continual
learning

Contrastive
learning

Figure 6. Taxonomy of CPDS mitigation techniques from reviewed literature: Techniques are grouped
by the primary source of population-induced shift they target: (i) Prevalence/label shift methods
correct class imbalance or diagnostic threshold differences; (ii) Protocol variation methods address
scanner or acquisition heterogeneity via representation alignment; (iii) Anatomical /biological variabil-
ity methods learn representations robust to population-specific physiology or disease presentation.

The first category, prevalence and label distribution shift, captures scenarios where
disease frequencies, class imbalance, or diagnostic thresholds differ across populations.
Mitigation strategies in this group, such as data augmentation, data harmonization, and
sample reweighting, aim to correct distributional imbalances rather than alter model
structure. The second category, protocol variation, addresses differences arising from
imaging acquisition practices, such as slice thickness or contrast timing, which frequently
co-vary with geographic or institutional context. Here, domain adaptation approaches
spanning unsupervised, semi-supervised, and supervised settings are commonly employed
to align representations across acquisition environments.

The third category, anatomical and biological variability, reflects population-specific
differences in physiology, morphology, and disease manifestation that cannot be adequately
addressed through statistical alignment alone. Methods in this group emphasize model
architecture and learning strategies, including adversarial learning, multi-task learning,
transfer learning, continual learning, and contrastive learning, to learn representations that
are robust to biologically meaningful variation rather than suppressing it.

Adversarial and representation-learning methods are categorized under anatomi-
cal/biological variability because their objective is not merely to align marginal feature
distributions, but to learn features that remain predictive despite population-specific
anatomical or pathological differences, a requirement distinct from harmonizing scanner-
induced artifacts.

By structuring CPDS mitigation strategies around the nature of population shift
rather than algorithmic convenience, this taxonomy highlights why methods effective for
scanner or protocol harmonization may fail under true demographic shift. It provides
a clinically grounded framework for selecting mitigation strategies that align with the
specific challenges posed by cross-population generalization in medical imaging.
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4.2.1. Data-Centric Approaches

Data-centric approaches aim to reduce domain divergence by enriching or normalizing
the data distribution by modifying or augmenting the available data to better reflect the
variability of the target domain. They do not change the model architecture but attempt to
reduce the distribution gap through data manipulation.

Data Augmentation:

Is the process of creating a synthetic version of the data through randomized trans-
formations (flips, rotations, noise) used to increase dataset diversity and promote feature
invariance [138]. GAN-based augmentation and Fourier-domain perturbations further
mimic inter-site variability, improving generalization across hospitals and scanners. This
can be achieved by defining a standard augmentation T that modifies an input x but
preserves its original label y, as shown in Equation (6)

(", y") = (T(x),y) 6)

Equation (7) demonstrates how to incorporate data augmentation into the train-
ing objective by expressing the loss as an expectation over both data and augmentation
distributions.

L(0) = E(xy)p[Er~7[l(fo(T(x)),y)]] )

Stacke [33] addressed domain shift in histopathology images by applying a color and
intensity data augmentation pipeline to the Camelyon-17 dataset, aiming to reduce color
variability and enhance model generalization across slides from different medical centers.
Similarly, Garrucho [118] conducted a multi-center study on deep learning models for
mammography, introducing a single-source training approach where models are trained on
data from one domain and tested on previously unseen centers. Their results revealed that
all detectors experienced performance declines when applied to new domains. However,
the model with data augmentation consistently outperformed the cross-domain approaches,
demonstrating improved generalization without relying on target-domain images.

While augmentation can improve robustness, it can also introduce or amplify biases if
not applied carefully. If the original dataset lacks fundamental diversity (e.g., is missing
entire demographic groups), augmentation cannot create meaningful new information and
may simply reinforce existing imbalances [139].

Data Harmonization:

Data homogenization and intensity normalization align image characteristics across
populations or equipment types [42,140]. These approaches enhance consistency in ap-
pearance and reduce scanner- or region-induced bias, though they require access to multi-
population data.

Overall, studies report moderate but consistent gains in AUC and Dice scores when
employing augmentation or harmonization. For example, BigAug [102] and ASPECTS [116]
improved cross-domain segmentation accuracy by 3-8%, while local fine-tuning on regional
data (e.g., Thai CXRs) increased AUROC to 0.91 [107].

Yin [42] addressed domain shift in pulmonary nodule detection by aligning CT scan
features from different scanners. They proposed adversarial frequency alignment (AFA),
which uses frequency attention maps and adversarial training to create domain-invariant
representations while preserving image fidelity. Their approach, tested on a reorganized
LUNAT16 dataset (LUNA-DG), outperformed other domain generalization methods and of-
fers a promising strategy to improve model generalization across diverse imaging settings.
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Data harmonization techniques are not widely used because they require the availabil-
ity of data from both populations (source and target domains). As such, the methods might
not be suitable for situations where target domain data is not available due to privacy or
underrepresentation reasons. Table 5 presents a summary of data-centric techniques for

mitigating CPDS.

Table 5. Summary of data-centric approaches for CPDS mitigation in medical image analysis.

Methodology

Findings/Performance

Deep stacked transformation (Bi-
gAug) using long augmentation
pipeline mimicking domain shifts;
encourages feature invariance.

Improves generalization to un-
seen modalities and institutions.

GAN-based augmentation of MR
images for realistic variability.

Improves Dice score and gen-
eralization to out-of-domain se-
quences.

Article Category

Zhang [102] Data-centric
Chen [115] Data-centric
Zhu [98] Data-centric

Shared latent Gaussian mixture to
generate synthetic bridge images.

Smoother modality adaptation
and better segmentation.

Garrucho [118] Data-centric

Single-centre training evaluated on
unseen centres.

Outperforms cross-domain pool-
ing in 4/5 centres.

Li[116] Data-centric

Fourier-based augmentation via am-
plitude spectrum diversification.

Boosts unseen-modality perfor-
mance with low computational
cost.

Chamveha [107]  Data-centric

Local retraining of CNN on
target population.

AUROC = 0.91; reduces work-
load by 5.6%.

Xue [22] Data-centric

Cross-centre lung-region

Improves mAP from 0.5 to 0.95.

detection evaluation.

Table 5 shows that data-centric strategies like augmentation, data harmonization, and
cross-domain fine-tuning effectively reduce covariate shift (CPDS) in medical imaging.
Methods such as deep CNNs, GAN-based augmentation, and BigAug improve prediction
accuracy, Dice scores, and model robustness on new domains. Additionally, combining
datasets from different populations and local retraining further boosts generalizability.
Overall, data diversity and augmentation are key to overcoming CPDS challenges.

4.2.2. Model-Centric Approaches

Model-centric approaches modify model architectures or learning strategies to better
handle the variability of the target domain. They do not operate on the data. They operate
at the training stage to enhance domain robustness. Five categories were identified.

Domain Adaptation:

Domain adaptation (DA) is a technique aimed at reducing distributional discrepancy
between source and target domains. This can be implemented through multiple strate-
gies, including discrepancy minimization (e.g., MMD, CORAL), feature normalization, or
adversarial training. Supervised, semi-supervised, and unsupervised DA have all been
explored [33]. Among these, Adversarial DA, where a discriminator enforces domain con-
fusion, is the most effective and widely used DA technique [18,103]. Musa et al. achieved a
28% accuracy gain on Nigerian CXRs using supervised ADA, while He et al. [114] improved
average AUC by 7-12% using a Wasserstein-discrepancy DA model.

The main goal is to learn a feature representation f that predicts well and is indistin-
guishable between domains, using an objective function with two components.

£(9) = ‘Ctask(f(xS)/yS) +A- Edomain(f(xS)/f(xT)) (8)
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where:

Lyask is the task loss (e.g., cross-entropy) on labeled source data (xg, ys),
L domain Measures the distance between source f(xs) and target f(xr),

A is a hyperparameter that balances the two objectives.

The domain discrepancy £4omain is measured using methods like Maximum Mean Discrep-
ancy (MMD), adversarial losses (DANN), or statistical moment matching (CORAL) [141,142].

Domain adaptation is particularly relevant in CPDS imaging, where variability arises
from demographics and access to target data is somewhat limited or unavailable [114]. The
majority of studies in CPDS utilize one form of DA to minimize the domain shift between
source and target data [18,21,103,123,143].

Domain Generalization (DG) resembles Domain Adaptation (DA) but aims to learn
domain-invariant features without access to target domain data. This approach addresses
the common clinical challenge where data from new hospitals is unavailable during training,
making DG both more realistic and demanding [35].

Transfer Learning;:

Transfer learning aims to reuse a model developed for one task (the source task) as
the starting point for a model on a second, related task (the target task). Fine-tuning
pre-trained models (e.g., Resnet) on small local datasets substantially improves cross-
population performance [107,144]. Transfer learning is widely adopted due to its simplicity
and efficiency, with accuracy improvements ranging from 5-10% in low-data settings.

Ghafoorian [145] showed that re-training a CNN model for brain lesion detection using
transfer learning with target population data greatly improved accuracy. Hansun [24] used
transfer learning, model ensembling, and a rejection mechanism for TB detection, boosting
sensitivity and reducing false positives. These studies demonstrate that transfer learning
effectively improves cross-population model performance, with limited target data.

Adversarial Learning;:

Adversarial learning (AL) is a training paradigm based on a minimax optimization
scheme in which competing networks (e.g., feature extractor and discriminator) are trained
to enforce invariance or robustness [146]. Adversarial domain adaptation (e.g., DANN-style
methods) lies at the intersection of DA and AL; it uses adversarial learning as a mechanism
to achieve the objective of domain adaptation [104]. In such cases, adversarial training is
not a separate mitigation category but rather an implementation strategy for distribution
alignment. However, adversarial learning can also be employed beyond domain adaptation.
For example, to suppress sensitive demographic attributes, enforce fairness constraints, or
improve robustness to anatomical variability, without explicitly performing source—target
alignment [115]. AL with Generative Adversarial Networks (GANs) was also employed
together with domain adaptation or data augmentation to train a model that learns domain-
invariant feature representations. However, adversarial DA is the most widely used AL
approach, in which a domain discriminator is trained to distinguish source vs. target
features. In contrast, the feature extractor is trained to confuse the discriminator, thereby
extracting features common to both domains [14]. The objective function for adversarial
training is described in (9)

mGianaX V(D/ G) = Ex~pdata(x) [logD(x)] + IE:z~pz(z) [log(l - D(G(Z))>] (9)

where the discriminator (D) tries to maximize this function (make it good at spotting fakes).
The generator (G) tries to minimize this function (make D fail).
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GAN-based frameworks, such as CycleGANs and TUNA-Net [143], generate syn-
thetic images in the style of the target population to bridge visual gaps. These methods
achieved near-supervised AUCs (e.g., 96.3% vs. 98.1%) on pediatric pneumonia detection,
demonstrating strong robustness to demographic differences.

This concept of synthetic data generation has also been applied in other contexts. For
example, Mahmoud [147] utilized a GAN with reverse flow to generate synthetic endoscopy
images for underrepresented groups, thereby improving accuracy and robustness. Such
augmented diversity can mitigate domain shift by exposing the model to a wider variety
of appearances.

In the unsupervised setting (no target labels), this generative image-level adaptation
approach yielded the best performance among several DA methods compared to other
methods [106]. Valliani [148] uses Adversarial domain adaptation to improve model perfor-
mance on radiographic data derived from multiple out-of-sample healthcare populations.
Their adapted models outperformed non-adapted models. Beyond adversarial training,
some works use discrepancy-based DA.

Adversarial augmentation techniques introduce domain variability that helps models
learn invariant features and improve robustness to domain shifts, though they can be
computationally demanding and require careful validation of synthetic images. Adversarial
domain adaptation remains the most widely used approach for mitigating cross-population
domain shift (CPDS).

Multi-Task Learning (MTL):

MTL jointly trains auxiliary tasks (e.g., segmentation + classification) to learn shared
representations and improve generalization [108]. While some studies report modest gener-
alization improvements, results vary depending on task alignment and data diversity [149].
For instance, one approach is to add a domain classification head to the network (predict-
ing the source of the data) in parallel with disease prediction, allowing the model to be
explicitly aware of domain differences [150].

However, some studies suggest that the effectiveness of MTL for CPDS depends
on the type of data and nature of the task [151]. Additionally, Jie et al. [152] found that
adding a domain-classification task without adversarial inversion yielded only minor
gains. The shared representations in their multi-task model did not significantly enhance
cross-population generalization.

Continual Learning (CL):

Continual learning updates models sequentially with new population data while
retaining prior knowledge. Techniques such as Elastic Weight Consolidation (EWC) and
Learning without Forgetting (LwF) mitigate catastrophic forgetting. improved target-
domain AUC by over 10% without full retraining, suggesting continual adaptation as a
practical strategy for evolving clinical data [27].

By adjusting to changes in distribution over time and making sure that models remain
up to date with a variety of populations, continuous learning can help address CPDS.
This is particularly important in practice because models deployed in hospitals might
require retraining regularly when they are exposed to new patient demographics. However,
continual learning techniques require access to the target domain data, which limits their
potential in certain places where new population data is not available.

Collectively, model-centric approaches, especially adversarial DA and transfer learn-
ing, are the most widely used and empirically successful methods for CPDS mitigation.
They directly target population variability and consistently outperform non-adaptive base-
lines. The summary of model-centric approaches is presented in Table 6.
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Table 6. Summary of model-centric approaches for CPDS mitigation and reported outcomes.

Study  Technique (s) Modality/Domain Context ~ Reported Outcomes

[18] Supervised adversarial domain adaptation ~ Chest X-ray data from three =~ Improved target performance with
(domain-adversarial training with a dis-  populations. Accuracy ~ 90%, AUC =~ 0.96 on
criminator) to learn domain-invariant fea- Nigerian test set, outperforming
tures. baseline models.

[74] Multitask learning for glioma segmen-  Brain MRI The proposed multi-task network,
tation and IDH genotyping to mitigate MTTU-Net, improves the Dice score
data heterogeneity by 1.23% for glioma segmentation,

and improves the AUC and accuracy
by 2.13% and 4.2%, respectively.

[150] Federated learning for domain generaliza- ~ Multiple  public = CXR  The model outperformed single-
tion (collaborative training across institu-  datasets. dataset training in cross-institution
tions without data pooling). tests, yielding higher AUROC on un-

seen hospital data.

[138] Neural-style transfer to overcome the gen- 3D cardiovascular MRI Improved dice score by 29.9% com-
eralization limitations of deep learning seg- pared to the baseline models.
mentation models

[147] Unsupervised reverse domain adaptation ~ Endoscopy improved AUC by 78.7% by using re-
for synthetic medical images via adversar- verse domain adaptation.
ial training

[148] Ameliorating the effect of dataset chestradiography The model achieved an average inter-
shift using generative adversarial nal test AUC of 78.07% and an average
networks (GANSs) external test AUC of 71.43%.

[146] unsupervised domain adaptation to trans-  prostate cancer histopathol- ~ The network achieved 76.9% accu-
fer the discriminative knowledge obtained ~ ogy WSI racy, and the TCGA network achieved
from the source to the target domain with- 83.0% accuracy, both outperforming
out labels the 73.5% baseline.

[24] Ensemble transfer learning + rejection = TB detection from CXR; Achieved 94.9% (Montgomery) and
mechanism (EfficientNet ensemble with ~ Montgomery (USA) vs.  92.8% (Shenzhen) accuracy, TB detec-
post-hoc uncertainty rejection). Shenzhen (China) datasets. tion improved from 84-88%.

[144] Baseline cross-population evaluation (no  CXR abnormality screening ~ Observed major performance drop
adaptation; trained /tested across popula-  across national datasets. across populations, confirming CPDS
tions). impact and the need for adaptation.

[22] Multi-source training and feature visual- ~ Lung region detection, Pub-  Training on merged data improved
ization for domain generalization. lic CXRs sources. performance (mAP 0.954 — 0.978

on JSRT).

[105] Attention-guided partial domain adapta- ~ Pneumonia CXR datasets. Improved target-domain  accu-
tion (aligning shared classes via attention). racy/AUC vs. baseline unsupervised

DA.

[103] Unsupervised domain adaptation (UDA)  Cardiomegaly  detection = Adapted models outperformed
via feature alignment (Wasserstein dis-  in CXR. source-only models on AUC, confirm-
tance minimization). ing the effectiveness of DA.

[137] Dynamic extension networks with class- ~ CXR classification (publicvs. ~ Reduced domain gap, improved
boundary alignment. local hospital datasets). target-domain accuracy while preserv-

ing source-domain performance.

[27] Continual learning (Joint Training, EWC, = ChestX-rayl4 — MIMIC- Improved target performance and re-
LwF) for sequential adaptation. CXR transfer. duced forgetting. JT AUC = 92.66%,

LwF = 82.37%.

[153] Multi-task Supervised Contrastive Learn- ~ CXR datasets for lung seg- ~AUC improvement of 1.03-5.33%, av-
ing (MTSCL) framework. mentation, COVID-19, and  erage accuracy 75.19%.

abnormality detection.

[142] End-to-end CNN-GNN for multi-label tho- ~ NIH ChestX-ray14 dataset. Achieved mean AUC = 82.66%, out-
racic disease classification. performing standard CNN baselines.

[148] GAN-based domain adaptation. CXR data from four Target AUC improved from

medical centers. 714% to 73.8%, showing benefit
of adversarial adaptation.

[111] Selective optimization of underserved = MIMIC-CXR (target) andlo- Improved fairness across gender,

groups to reduce bias.

cal datasets.

age, and ethnicity without loss of
overall performance.

4.3. Common Datasets and Evaluation Metrics in CPDS Studies (RQ3)

RQ3: What datasets and evaluation metrics are commonly used to assess the effective-

ness of CPDS mitigation techniques?

In this subsection, we discussed common datasets and evaluation metrics used to

assess the impact of CPDS.

https:/ /doi.org/10.3390/bdcc10030076



Big Data Cogn. Comput. 2026, 10, 76

19 of 34

4.3.1. Datasets

The studies on cross-population domain shift draw upon a variety of medical imaging
datasets, often pairing a large source dataset with a different-population target dataset
from diverse hospitals (primarily North American), which serve as rich source domains.
The most frequently used source datasets include NIH ChestX-ray14 [154], CheXpert [46],
and MIMIC-CXR [155], representing large, Western hospital cohorts. Target datasets often
come from different geographic or demographic regions, such as PadChest (Spain) [156],
VinDr-CXR (Vietnam) [157], Shenzhen (China), or locally collected datasets from LMICs
(e.g., Nigeria, Thailand). This pattern highlights the dominance of Northern data sources
and the relative scarcity of African and South Asian datasets.

Cross-population studies typically involve at least two datasets: one from a well-
established international database (e.g., NIH, MIMIC, CheXpert) and another from a
different region or patient group (e.g., country-specific collections, such as those from India,
China, Nigeria, or pediatric cohorts). Table 7 lists the public datasets used in each study

from our selection.

Table 7. A Sample of Open-Source Medical Imaging Datasets and Repositories.

Dataset Name

Primary Authors/Institution

Modality

Approx. Size

URL

MIMIC-CXR

Johnson et al. (MIT, BIDMC), USA

Chest X-ray (CXR)

377,110 images

https:/ /physionet.org/content/
mimic-cxr/2.0.0/ (accessed on
10 December 2025).

CheXpert

Irvin, et al. (Stanford AIMI), USA

Chest X-ray (CXR)

224,316 images

https:/ /stanfordmlgroup.
github.io/competitions/
chexpert/ (accessed on 21
November 2025).

LIDC-IDRI

Armato et al. (TCIA Consortium), USA

Lung CT

1018 cases

https:/ /wiki.
Canccrimagingarchivc.nct/
display/Public/LIDC-IDRI
(accessed on 10 November 2025)

BraTS Challenge

Menze et al. (BraTS Consortium), Intl.

Multi-modal MRI (T1, Tlc,
T2, FLAIR)

Varies by year

https://www.med.upenn.edu/
cbica/brats/ (accessed on 10
November 2025)

OASIS

Marcus et al. (Washington Univ.), USA

Brain MRI

3 datasets

https:/ /www.oasis-brains.org/
(accessed on 08 December 2025)

fastMRI

Zbontar et al. (NYU Langone Health & FAIR),
USA

Knee & Brain MRI

8.4 TB total

https:/ /fastmri.med.nyu.edu/
(accessed on 20 November 2025)

Camelyon16/17

Ehteshami Bejnordi et al. (Radboud UMC),
Netherlands

Whole-Slide
(Histopathology)

Images

399 slides (Cam16)

https:/ /camelyon16.grand-
challenge.org/ (accessed on 10
October 2025)

PadChest

Bustos et al. (Univ. of Valencia), Spain

Chest X-ray (CXR)

160,868 images

https:/ /bimcv.cipf.es/bimcv-
projects/padchest/ (accessed on
21 October 2025)

ChestXray-14 (NIH)

Wang et al. (NTH Clinical Center), USA

Chest X-ray (CXR)

112,120 images

https:/ /nihcc.app.box.com/v/
ChestXray-NIHCC (accessed on
21 October 2025)

TCIA (Repository)

NCI/TCIA Consortium, USA

Various (CT, MRI,
WSI, etc.)

PET,

100s  of
(hosts intl.)

collections

https:/ /www.
cancerimagingarchive.net/
(accessed on 10 October 2025)

ADNI

ADNI Consortium (PI: Mueller, S.G., et al.),
USA/Canada

MRI, PET

Varies by phase

https:/ /adni.loni.usc.edu/ (ac-
cessed on 16 December 2025)

COVID-19  Image
Data Collection,
Intl.

Cohen, J. P, Morrison, P., & Dao, L.

CXR, CT

1100+ images

https:/ /github.com/ieee802
3/covid-chestxray-dataset
(accessed on 16 December 2025)

TCGA (Repository)

NCI/NHGRI Research

Network), USA

(TCGA

Histopathology, MRI, CT

>20,000 cases

https:/ /wiki.
cancerimagingarchive.net/

display /Public/ TCGA+
Collections (accessed on 25
December 2025)

COVID19-CT-
Dataset

Zhao, J., Zhang, Y., et al. China

CT

349 CT scans

https://github.com/UCSD-AI4
H/COVID-CT (accessed on 25
December 2025)
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Table 7. Cont.

Dataset Name

Primary Authors/Institution

Modality

Approx. Size

URL

Guangzhou Pedi- Kermany, D.S,, etal. (Guangzhou Women &  Chest X-ray (CXR) 5863 images https:/ /data.mendeley.com/

atric CXR (Pneumo-  Children’s Med. Ctr.), China datasets /rscbjbr9sj/2 (accessed

nia) on 10 October 2025)

Nigeria CXR  Musa et al. (Kaggle), Nigeria Chest X-ray (CXR) 2000 images https:/ /www.kaggle.com/

Dataset datasets/aminumusa/nigeria-
chest-x-ray-dataset (accessed on
21 November 2025)

JSRT Dataset Horry, et al. (JSRT), Japan Chest X-ray (CXR) 154 images https:/ /wiki.

lung nodules cancerimagingarchive.net/
display /Public/JSRT (accessed

on 10 December 2025)

In Table 7, we summarize the selection of prominent open-source medical imaging
datasets and repositories that were used for benchmarking in CPDS studies. The table
categorized each dataset by name, primary authors or institution, and the specific imaging
modality, which includes diverse types like Chest X-ray (CXR), Computed Tomography
(CT), Magnetic Resonance Imaging (MRI), and whole-slide histopathology. Furthermore,
the table quantifies the approximate size of each dataset, identifies its country of origin, and
provides a direct URL for access, offering a valuable resource for researchers seeking data
for conditions ranging from lung diseases and brain tumors to Alzheimer’s and COVID-19.

4.3.2. Evaluation Metrics

Despite the increasing application of deep learning in medical imaging analysis, the
assessment of model performance across heterogeneous populations continues to lack
standardization. While there is no single metric to measure and quantify domain shift
across all scenarios, researchers have relied on statistical distribution distance to measure
domain shift (e.g., maximum mean discrepancy (MMD), which often correlates with model
performance degradation.

The majority of reviewed studies (85%) predominantly utilize conventional evaluation
metrics such as accuracy, AUC, and Fl-score [14,27,99,107,118,142,151]. However, these
metrics often fail to comprehensively measure performance degradation arising from cross-
population domain shifts. For example, AUC is often the most reported performance metric
due to its robustness to class imbalance. Accuracy, sensitivity, specificity, F1-score, and
G-Mean complement AUC in evaluating model reliability across domains [103]. A strong
CPDS mitigation method minimizes AUC or accuracy drop from source to target domains,
often a 5-20% gap without adaptation, reduced to <10% after applying domain-adaptive
methods [18,114]. Statistical significance tests are occasionally mentioned to confirm that
improvements resulting from adaptation are significant (e.g., p < 0.05). By and large,
though, the focus is on practical metrics that quantify generalization [111]. Therefore, to
move toward equity, performance must be measured with fairness-aware metrics that go
beyond overall accuracy. While standard metrics are essential, they can mask significant
performance disparities across subgroups.

Table 8 outlines the primary evaluation metrics used in each study. As seen, AUC and
accuracy are nearly universal, often showing how the existing work falls short in quantify-
ing bias and equity. State-of-the-art fairness metrics, such as Positive-Sum Fairness, Group
Benefit Equality, and intersectional fairness, such as FAIR-MED, should be employed [158].

Additionally, while AUC is less sensitive to class imbalance, it frequently does not
capture disparities in predictive performance among demographic subgroups, thereby
overlooking issues of fairness. Sensitivity and specificity, though clinically significant,
may also fluctuate substantially across populations due to intrinsic differences in under-
lying data distributions. Table 8 summarizes the most commonly employed evaluation
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metrics, detailing both their primary functions and notable shortcomings when applied
in the context of domain shifts. These constraints underscore the critical need to select
evaluation measures that reflect not only predictive accuracy but also fairness, calibration,
and generalizability across diverse demographic cohorts. In future research, the adop-
tion of robust, context-sensitive metrics, such as subgroup-disaggregated reporting and
calibration-aware scores, will be essential to promote equitable and reliable deployment of

Al in medical imaging.

Table 8. Comparison of Evaluation Metrics used in CPDS studies.

Metric

Purpose

Limitations Under Domain Shift

AUC (Area Under the Curve)

Measures the ability of the model to distinguish between
classes. Useful under class imbalance.

May not reflect fairness across
subgroups if the threshold is fixed.

Accuracy Overall proportion of correct predictions can be misleading  Inflated if one class dominates; not
under imbalance. sensitive to imbalance.

F1 Score Harmonic mean of precision and recall. Balances false Sensitive to class distribution; unstable
positives and negatives. when one class is rare.

Sensitivity (Recall) True positive rate. High sensitivity means fewer Performance may vary greatly across
false negatives. subgroups; not population-invariant.

Specificity True negative rate. High specificity reduces false positives.  Less meaningful if the negative class is

rare or the context is skewed.
Precision (PPV) Proportion of correct identifications. Affected Can be unstable across domains with

by prevalence.

different prevalence rates.

Balanced Accuracy

Average of sensitivity and specificity. Handles imbalance
better than plain accuracy.

More robust, but still doesn’t account for
subgroup fairness.

Youden’s Index

Summarizes the performance of sensitivity + Specificity-1.

Rarely used, doesn’t capture
the calibration.

Matthews Correlation Coefficient (MCC)

Brier Score

takes all four confusion matrix categories into account.
More informative under an imbalance.
Measures the accuracy of probabilistic predictions. Lower

Not widely adopted in medical DL;
complex to interpret.
Assumes probabilistic output; hard to

is better. calibrate across population.

4.4. Limitations and Research Gaps

RQ4: What limitations and research gaps remain in current CPDS literature?
Despite notable progress, the review identifies several persistent gaps:

*  Limited external validation: Most studies evaluate models on a single target dataset,
lacking rigorous cross-population testing.

e Data imbalance and underrepresentation: African, South American, and low-
resource populations remain largely absent from public medical datasets.

* Inconsistent evaluation protocols: Performance metrics and data splits vary widely,
hindering reproducibility.

*  Overreliance on Western datasets: Nearly 80% of reviewed studies used NIH, CheX-
pert, or MIMIC-CXR as their primary source.

e  Ethical and fairness considerations: Few studies quantify or mitigate demographic
bias explicitly.

Future research should prioritize developing inclusive global datasets, standard-
ized cross-population benchmarks, and fairness-aware domain adaptation techniques.
Continuous learning and federated paradigms offer promising directions for scalable,
privacy-preserving generalization across diverse clinical environments.

4.5. Discussion

This review provides an exhaustive synthesis of how cross-population domain shift
(CPDS) primarily manifests and is mitigated in deep learning-based medical image anal-
ysis. CPDS fa as a covariate shift driven by demographic differences, such as age, sex,
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and ethnicity, which alter image distributions and degrade model performance across
cohorts. Variations in equipment, acquisition protocols, and disease prevalence compound
this effect, leading to notable accuracy drops when algorithms are applied to data from
new hospitals or regions. Thus, improving model generalization requires addressing
both population heterogeneity and imaging variability. While numerous techniques have
been proposed, no single strategy completely resolves CPDS. Even state-of-the-art mod-
els remain biased toward specific demographic groups, such as paediatric or minority
populations, confirming a persistent research gap [22]. To ensure fair and robust Al, both
model development and validation must explicitly consider demographic diversity and
dataset representativeness.

4.5.1. Methods for Addressing Cross-Population Domain Shift

Mitigation strategies can be broadly classified into data-centric and model-centric ap-
proaches. Data-centric methods enhance or harmonize datasets to reflect target populations
more accurately. Advanced augmentation, synthetic data generation (e.g., GAN-based
style transfer), and inter-site normalization reduce variability in imaging appearance. For
instance, Choi et al. [28] demonstrated that GAN-generated image variants improve robust-
ness to unseen domains.

Model-centric approaches, by contrast, adjust architectures or the learning process to
mitigate CPDS. Domain adaptation, especially adversarial adaptation using discriminators,
remains the most popular strategy, as shown by Lafarge et al. [104] for histopathology and
by subsequent works in CXR analysis using models like TUNA-Net. Multi-task learning,
where networks jointly learn disease classification and auxiliary tasks (e.g., demographic or
segmentation), has also shown promise in encouraging generalizable representations [159].
Transfer learning continues to be effective when limited target-domain data are available,
while continual learning enables progressive adaptation as new populations emerge [27].

Federated learning further extends this principle by enabling distributed training
across institutions without sharing sensitive data, enabling collaborative model training
without centralized data pooling. These studies [150,160,161] have demonstrated improved
generalization using federated learning, where models were evaluated across multiple
hospitals. Collectively, the studies indicate that combining multiple strategies, diverse data,
adaptive models, and privacy-preserving collaboration yields the best progress toward
cross-population robustness.

Consequently, beyond algorithmic factors, CPDS is strongly shaped by privacy regu-
lations and data governance frameworks that restrict access to demographically diverse
medical data [162]. Regulations such as the General Data Protection Regulation (GDPR) in
Europe and the Health Insurance Portability and Accountability Act (HIPAA) in the United
States limit cross-institutional and cross-border data sharing, fragmenting datasets along
geographic and institutional lines [163,164]. While essential for patient protection, this frag-
mentation reduces exposure to underrepresented populations during model development,
thereby exacerbating CPDS [97,160]. Privacy-preserving approaches such as federated
learning partially address data-sharing constraints but introduce additional challenges,
including non-identically distributed client populations, heterogeneous labeling practices,
and limited access to demographic attributes for fairness evaluation, which may amplify
bias if not carefully managed [158,165]. Collectively, these factors emphasize that CPDS
is not only a technical challenge but also a structural and regulatory one, necessitating
solutions that jointly consider algorithmic robustness and policy-aware data governance.

Although many mitigation techniques have demonstrated success under general do-
main shift, particularly scanner, vendor, or protocol-induced variability [35,41,114,116,118],
their effectiveness does not reliably translate to cross-population domain shift (CPDS).
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Mitigation methods that perform well under general domain shift often fail under cross-
population domain shift (CPDS). CPDS reflects not only distributional differences but
also biologically and clinically meaningful variation across populations that alters the
relationship between image features and diagnostic labels [151,166]. Statistical align-
ment techniques, such as adversarial adaptation and image harmonization, are effective
when domain differences primarily affect appearance (e.g., scanner or protocol shifts)
but rely on the assumption of invariant label semantics, which frequently breaks under
CPDS [99,106,130,136,146].

While feature-alignment methods such as adversarial domain adaptation effectively
minimize distributional divergence in input features (i.e., addressing covariate shift), they
operate under the assumption that the conditional label distribution P(Y | X) remains
invariant across domains. In CPDS scenarios, however, concept shift frequently arises due
to population-specific disease manifestations, heterogeneous diagnostic criteria, or varying
clinical thresholds [92,99]. When the semantic relationship between imaging features
and diagnostic labels differs across populations, aligning feature distributions without
accounting for label-shift can inadvertently suppress clinically relevant, population-specific
biomarkers or amplify annotation biases [14,90]. Consequently, mitigation strategies for
CPDS must incorporate mechanisms that explicitly model or adapt to changes in P(Y I X),
such as label-aware adaptation, uncertainty-calibrated prediction, or subgroup-specific
threshold optimization [100,137].

In contrast, the results from the reviewed literature indicate that representation-centric
approaches, including self-supervised learning, multi-task learning, and continual adapta-
tion, better handle CPDS by promoting clinically meaningful invariance while allowing
controlled population-specific learning [22,27,107,138,145,153,159,165]. These observations
highlighted the need for population-aware method selection and disaggregated evaluation,
as aggregate performance metrics often mask failures in underrepresented groups.

4.5.2. Datasets and Evaluation Metrics Benchmarks
Datasets

Beyond simple underrepresentation, important geographic differences in disease epi-
demiology and imaging practice contribute directly to CPDS [83,101]. Large datasets such
as ChestX-ray14 [154], CheXpert [46], and MIMIC-CXR [155] primarily reflect adult popu-
lations with higher prevalence of chronic cardiopulmonary conditions and standardized
digital acquisition protocols. In contrast, datasets from LMIC contexts, including VinDr-
CXR [157] and locally collected African or Asian cohorts, often contain higher proportions
of infectious diseases such as tuberculosis and advanced pneumonia, frequently captured
at later clinical stages [18]. Differences in scanner type, portability, exposure control, and
image digitization further alter contrast, noise characteristics, and anatomical visibility,
inducing covariate shift [21]. Additionally, variations in diagnostic thresholds and an-
notation practices across regions introduce potential concept shift [98]. These combined
epidemiological and technical disparities illustrate that CPDS reflects structural healthcare
and infrastructure differences rather than a purely statistical distribution gap.

Evaluation Metrics

In the reviewed literature, the evaluation metrics predominantly utilized are aggregate
performance metrics, including Area Under the Curve (AUC), accuracy, Fl-score, sensitivity,
specificity, and the Dice coefficient. These aggregate metrics continue to serve as the primary
evaluation criteria within CPDS research [35,151,159,165]. This review reveals that fairness-
aware and subgroup-level evaluation is rarely operationalized in practice [164]. Among
the reviewed studies included in this review, the majority (85%) reported only aggregate
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metrics, without stratifying performance by demographic or population subgroup. A
smaller subset of studies (15%) reported subgroup-disaggregated performance, typically
stratified by age, sex, or acquisition site, most commonly in the form of subgroup-specific
AUC or sensitivity.

Fairness Evaluation

However, aggregate metrics often fail to capture performance disparities across demo-
graphic subgroups. Accuracy can be unreliable in imbalanced datasets, and AUC, while
robust to imbalance, may obscure fairness issues. For instance, a model reported over 75%
accuracy simply by predicting most of the cases as negative, given the low prevalence of
positive cases in cancer classification with pathology and genomic features [131]. Addi-
tionally, Chamveha et al. [107] reported clear AUC degradation when testing CXR models
across datasets, illustrating how traditional metrics underestimate domain shift.

To systematically evaluate algorithmic fairness in CPDS, researchers should move
beyond aggregate scores to assess group fairness metrics, including Demographic Par-
ity (equal prediction rates across groups), Equalized Odds (equal true positive and false
positive rates), and Calibration (consistent risk interpretation across groups) [167,168].
In clinical contexts, Equalized Odds and Calibration are often more ethically appropri-
ate than Demographic Parity, as the latter may ignore legitimate differences in disease
prevalence across populations [169]. However, applying these metrics in CPDS scenarios
presents challenges, particularly regarding the availability of robust protected attribute
data (e.g., race, socioeconomic status) and the risk of perpetuating historical biases present
in electronic health records [170]. To actively promote algorithmic fairness through evalua-
tion, we recommend a three-tiered approach: (1) Stratified Reporting, where performance
metrics are mandatorily disaggregated by key demographic variables during validation;
(2) Threshold Optimization, where decision thresholds are tuned per subgroup to equalize
error rates rather than maximizing global accuracy; and (3) Uncertainty Quantification,
ensuring that model confidence is calibrated across groups to prevent over-reliance on
predictions for underrepresented populations [171]. By embedding these fairness-aware
metrics into the standard evaluation pipeline, researchers can transition from passive bias
detection to active bias mitigation, ensuring CPDS tools enhance rather than exacerbate
health inequities.

Consequently, explicit use of formal fairness metrics was rare. Only 6 studies (12%)
employed metrics such as equalized odds, demographic parity, or related fairness criteria,
despite frequent conceptual references to fairness and bias mitigation [165,166,172,173].
Even among studies reporting subgroup performance, few assessed disparities system-
atically or evaluated worst-group performance, and none adopted fairness metrics as a
primary evaluation endpoint. These findings indicate a clear gap between the growing
theoretical emphasis on fairness in CPDS and its practical implementation in empirical
studies [101].

Table 6 presents evaluation metrics across the reviewed literature, distinguishing be-
tween aggregate-only evaluation, subgroup-stratified reporting, and formal fairness metric
usage. The results indicate that most CPDS studies remain evaluated under assumptions of
population homogeneity, potentially masking clinically meaningful performance disparities
across demographic groups.

Benchmark Datasets

Despite widespread adoption of benchmarking datasets, inconsistencies in these bench-
marks persist. Large datasets such as NIH ChestX-ray14 and MIMIC-CXR are commonly
used as sources, but few standardized cross-population benchmarks exist. Studies typically
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assemble their own multi-institutional combinations, hindering comparability [118]. Estab-
lishing shared benchmarks (e.g., training on Dataset A, testing on Dataset B) would enable
fairer comparisons and accelerate reproducibility.

Figure 7 demonstrates that the majority of publicly available medical imaging datasets
are sourced primarily from the United States and China, resulting in the marked underrep-
resentation of regions such as Africa and Latin America. This geographic concentration
introduces significant bias to existing benchmarks, thereby limiting the generalizability and
fairness of evaluations in medical imaging research. The analysis also identifies a subset of
datasets classified as "Intl’, which were compiled through collaborations across multiple
countries or institutions. For example, Wang et al. [174] developed an ’Intl’ dataset that
aggregates imaging data from diverse international sources. Such datasets are especially
significant because they offer a more representative sample of global populations and
can partially address the lack of regional diversity. Nevertheless, the overall availability
of public medical imaging datasets remains insufficient on a global scale. Consequently,
the majority of studies reported in the literature rely on private datasets, largely due to
concerns regarding patient privacy and data security [68,75,139].

Geographic origin of the open-source datasets

o
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2

2 2 2
. . - l | |
USA China Intl. Nigeria Japan Netherlands Spain
Country / Origin
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Figure 7. Dataset Representation and Geographic Bias.

4.5.3. Applications and Real-World Implementations

Real-world deployment remains the ultimate validation of CPDS mitigation. Several
studies have conducted external evaluations, where models trained on one population are
tested on independent sites or regions. Results consistently show performance degradation
without adaptation, as seen with CheXNet [9], which achieved radiologist-level accuracy on
NIH data but underperformed on external datasets. Conversely, federated and multi-center
collaborations have shown that training with diverse data improves generalization [118].
Commercial CAD systems for TB and COVID-19 now increasingly emphasize global
validation, signaling a move toward fairer Al tools. Nonetheless, most CXR models remain
research prototypes pending comprehensive cross-site trials [175].

4.5.4. Challenges and Future Directions

Persistent challenges include the scarcity of representative datasets, the risk of algorith-
mic bias, and limited interpretability. Most available datasets overrepresent Western or East
Asian populations, resulting in models that perform poorly in low- and middle-income
settings. Addressing this requires inclusive data curation and the careful validation of
synthetic augmentation. Fairness-aware training, as noted by Lee et al. [92], must become a
routine part of model development to mitigate race- or gender-related disparities.
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Additionally, model evaluation must look beyond aggregate performance; fu-
ture CPDS studies should adopt fairness-aware evaluation protocols tailored to cross-
population deployment. At a minimum, performance should be reported using subgroup-
disaggregated sensitivity, specificity, and AUC across relevant demographics (e.g., age, sex,
ethnicity, and geography), alongside disparity measures such as worst-group performance
and inter-group performance gaps. Where annotations permit, formal fairness criteria,
including equalized odds and equal opportunity, are particularly suitable for clinical tasks,
as they assess parity in error rates and true positive rates across populations. Subgroup-
stratified calibration error should also be reported to ensure probabilistic predictions
remain clinically reliable across populations. Collectively, these metrics offer a practical
and clinically grounded baseline for evaluating fairness and robustness under CPDS.

Explainability and transparency are equally vital: clinicians must understand model
reasoning to trust Al outputs. Future systems should integrate interpretability modules,
visual heatmaps, and textual explanations. Emerging frameworks such as federated and
continual learning will likely dominate as they enable models to evolve with new data
while preserving privacy. Finally, standardized benchmarks and fairness-aware evaluation
protocols with fairness metrics, such as demographic parity and equalized odds, were
not seen in the literature review; this needs to be addressed in the future to measure
progress consistently.

Future work should prioritize: (i) test-time adaptation frameworks that enable on-
the-fly model calibration using limited target-domain data without full retraining [130];
(ii) parameter-efficient fine-tuning of foundation models (e.g., MedSAM, BiomedCLIP)
for population-specific adaptation while preserving general knowledge; (iii) causal repre-
sentation learning to disentangle population-invariant disease features from confounding
demographic factors; and (iv) federated continual learning protocols that support privacy-
preserving, sequential adaptation across heterogeneous clinical sites [162].

5. Conclusions

This systematic review has examined the growing body of literature addressing cross-
population domain shift in deep learning-based medical imaging analysis. Across modal-
ities, from radiography and CT to MRI, ultrasound, and histopathology, our findings
confirm that models trained on one population often fail to generalize to others, primarily
due to demographic, geographic, and technical variability. Differences in patient age, sex,
ethnicity, scanner type, and acquisition protocol introduce systematic distributional shifts
that reduce performance when models are applied to new cohorts.

A wide range of mitigation strategies has been explored, including data augmentation,
transfer learning, domain adaptation, adversarial training, and harmonization. Our taxon-
omy shows that while individual methods can yield measurable improvements, no single
strategy alone can fully address CPDS. Instead, the most successful solutions integrate
diverse data sources, adaptive learning algorithms, and rigorous external evaluation.

By synthesizing 50 peer-reviewed studies, this review highlights key methodological
trends, commonly used datasets, and evaluation metrics such as AUC, accuracy, and F1-
score. We identify persistent challenges, including data imbalance, limited representation
from low- and middle-income countries, and inconsistent validation practices that hinder
progress toward equitable Al in healthcare. To achieve fairness and reliability, the research
community must prioritize inclusive data curation, transparent model evaluation, and
standardized benchmarks that explicitly test cross-population generalization.

Ultimately, overcoming cross-population domain shift is not only a technical bur-
den but also a moral responsibility. Ensuring that Al-based diagnostic systems perform
equitably across all populations is crucial to realizing the full potential of medical imag-
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ing analysis with Al, thereby delivering accurate, trustworthy, and universally beneficial
healthcare innovations.
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