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Abstract

Artificial intelligence (AI) for medical image analysis is increasingly being developed for low-resource
settings, where specialist expertise, imaging equipment, labelled data, and computing resources may
be limited. We systematically reviewed 189 studies published between January 2021 and January 2026
to examine how these constraints relate to imaging modalities, clinical applications, and Al methods in
low-resource settings. Each study was also assessed against 15 criteria adapted from the FUTURE-AI
principles for trustworthy AL Shortages of clinical expertise were the most common constraint, and
portable or lower-cost imaging was widely used. Transfer learning was the most frequent technical
strategy (59%), followed by data augmentation (54%) and efficient model design (36%). Medical-image
pretraining and self-supervised learning were each used in 4% of studies, and model compression in
3%. Applications were concentrated in retinal disease, pulmonary disease, antenatal care, parasitic
diseases, and cervical screening. Beyond these technical and clinical patterns, the trustworthy Al
assessment showed a clear gap between documenting how systems were developed and demonstrating
how they performed under relevant local conditions. Subgroup performance was evaluated in 24% of
studies, intended users or realistic working conditions in 25%, and model explanations with intended
users in 4%. Consistent with this gap, among 15 studies that reported the same model and metric
during development and in the local setting, 12 performed worse locally. Future research should
prioritise representative local evaluation, intended-user assessment, demonstrated resource suitability,
and reproducible research practices.

Keywords: artificial intelligence; low-resource settings; medical imaging; global health

1. Introduction

Health inequities remain a pressing global problem. In low-resource settings (LRS), access to
medical imaging is constrained by shortages of specialist clinicians, limited imaging and computational
infrastructure, and access to high-quality annotated data [1,2]. Artificial intelligence (AI) could help
address these constraints by providing diagnostic and screening capacity where specialist review is
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limited [3,4]. Realising this potential, however, requires evidence that these systems remain effective
in the populations, devices, and care settings for which they are intended.

Medical imaging is one area in which Al has been widely studied, with applications spanning
image acquisition, segmentation, registration, annotation, and disease classification [5-7]. In global
health research, however, it is important to distinguish between two related but different contexts.
Low-resource settings describe constraints at the point of care, whereas low- and middle-income
countries (LMICs) describe country-level economic status [8,9]. We use LRS to describe the care setting
and LMIC to describe the country context.

Several characteristics of LRS can limit the development and translation of medical imaging Al
Training data often originate from high-resource institutions and may not represent the populations,
disease profiles, or imaging devices encountered in LMICs [1,3]. Limited computing capacity, unreliable
power, and restricted connectivity can constrain the deployment of imaging and Al systems [10,11].
Shortages of specialist clinicians can shift image acquisition and interpretation towards non-specialist
health workers and portable modalities such as ultrasound and radiography [11,12]. Disease priorities
also differ, with neglected tropical diseases, high-burden infectious diseases, and maternal and neonatal
conditions carrying substantial burden in LMICs while receiving comparatively limited attention in Al
research.

Existing reviews have examined individual diseases [13-15], regions [16], imaging modalities [17],
and barriers to implementing Al in resource-constrained healthcare settings [18]. Recent work has
expanded this evidence base to include AI implementation, deployment, and diagnostic imaging
applications in LMICs [19,20]. Our review complements these studies by linking how medical imaging
Al systems are developed and applied with the evidence reported for trustworthy Al in the settings
they target. We examine this across imaging modalities and clinical applications using a structured
assessment adapted from the FUTURE-AI consensus guideline [21], covering fairness, universality,
traceability, usability, robustness, and explainability.

Specifically, we ask which constraints shape Al development and deployment in LRS (Q1); which
methodologies are used to address these constraints (Q2); in which clinical applications and imaging
modalities these approaches have been demonstrated (Q3); and to what extent studies report evidence
relevant to trustworthy Al in the settings they target (Q4). Our aim is to characterise the reported
evidence for trustworthy Al in LRS.

2. Identified Challenges in LRS

Al for medical imaging in low-resource settings must operate under constraints that affect data
collection, model development, clinical use, and long-term sustainability. We organise these challenges
into seven areas relevant to the studies in this review.

Infrastructure:

Limited access to imaging equipment remains a major constraint. LMICs have markedly fewer
CT and MRI systems per capita than high-income countries [12], while unreliable power, limited
computing capacity, and poor connectivity can restrict both imaging services and Al-supported work-
flows [11,19,22]. These conditions favour portable and lower-cost ultrasound and smartphone-based
microscopy [13,23]. Health-system constraints beyond the clinic also affect whether Al-supported
screening leads to clinical benefit, including referral, follow-up, and access to treatment [8,24].

Human resources:

Shortages of specialist clinicians limit both image acquisition and interpretation. Radiologist
availability is much lower in low- and middle-income countries than in high-income countries [12].
These shortages have encouraged task shifting, in which selected imaging or clinical tasks are per-
formed by trained non-specialist health workers. Portable ultrasound programmes, for example, rely
on non-radiologist operators in resource-constrained settings [3,25]. Al systems intended for these
settings must therefore account for user training, workload, clinical responsibility, and workflow inte-
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gration [19,22]. Limited local technical expertise can further constrain model adaptation, monitoring,
and maintenance.

Data and research representation:

Locally representative imaging data remain difficult to collect and share. Available datasets may
be small, fragmented across institutions, or poorly representative of the populations and devices in
which Al systems are ultimately evaluated [18,19]. Models trained predominantly on high-resource
datasets may therefore perform differently when applied to local populations or acquisition conditions.
Limited local data also restrict model adaptation and subgroup evaluation.

Geographic and demographic heterogeneity:

Patient populations, disease prevalence, imaging devices, operator experience, and care pathways
can vary considerably between settings. Performance observed in one institution or population there-
fore cannot be assumed to generalise to another without appropriate evaluation. This is particularly
relevant when models move from high-income to low-resource settings, between urban and rural
services, or between acquisition devices [8,19].

Social and cultural context:

The use of Al in healthcare is shaped by the people and organisations that interact with it. Lan-
guage, trust, clinical roles, user experience, and local workflows can influence whether Al-supported
recommendations are accepted and used [18]. Evaluation should therefore extend beyond technical
performance to consider intended users and the context in which decisions are made. Human-centred
approaches similarly emphasise that successful adoption and safe use depend on how the technology
interacts with its users and the wider care system [24,26].

Financial sustainability:

The long-term use of Al systems depends on more than initial development costs. Hardware, soft-
ware, connectivity, integration, maintenance, training, and continuing technical support all contribute
to sustainability [3]. Technologies that depend on short-term external funding or cannot be integrated
into existing services may be difficult to sustain after research projects end. More broadly, long-term
sustainability depends on whether a technology can be supported within local organisational and
service capacity [26].

Regulation and governance:

Regulatory and governance frameworks for medical Al remain uneven across LMICs. Require-
ments for data governance, privacy, consent, accountability, and medical-device regulation differ
between jurisdictions and may still be developing [27]. These differences affect how data can be shared,
how AI systems can be evaluated and updated, and how responsibility is assigned when they are
introduced into clinical practice.

3. Survey Methodology

We conducted this review following established recommendations for systematic and scoping
searches [28,29]. We sought peer-reviewed studies reporting Al methods for medical image analysis
in low-resource settings (LRS), including studies framed around low- and middle-income countries
(LMICs), global health, and neglected tropical diseases.

Scope and definition of LRS:

We defined an LRS as a care setting in which at least one of four constraints applied: use of portable
or lower-cost imaging in place of a reference modality; limited access to specialist interpretation;
insufficient computing capacity, power, or connectivity for conventional Al workflows; or scarcity
of locally representative annotated data. We distinguish LRS from LMIC, which is a country-level
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economic classification based on gross national income [9]. We use LMIC for country-level statements
and LRS for the operational conditions described within individual studies.

Search strategy:

We searched PubMed, Scopus, and IEEE Xplore using terms covering three concepts: low-resource
settings, artificial intelligence, and medical imaging. The low-resource terms included LMIC, global-
health, and neglected-tropical-disease framings. The specific search strings for each database are
provided in Supplementary Table S1. The search ran on 20 January 2026, with Scopus and IEEE Xplore
limited to conference proceedings, and returned 2,852 records from PubMed, 1,096 from Scopus, and
1,220 from IEEE Xplore resulting in a total of 5,168 records.

Eligibility criteria:

We included peer-reviewed original research published in English in first- or second-quartile
journals according to the SCImago Journal Rank [30], or in conferences ranked C or higher in the CORE
2023 ranking [31]. Studies were required to report an Al methodology applied to medical imaging
data from human subjects and to have an LRS or LMIC context as a central aim. We excluded reviews,
opinion pieces, editorials, book chapters, and book sections, as well as studies without accessible full
text or with insufficient methodological or results reporting for assessment.

Screening and study selection:

Study selection followed the PRISMA 2020 statement [32] and is summarised in Figure 1. Two
reviewers (T.A., V.D.) independently assessed a stratified random sample of 250 records against the
eligibility criteria. This reference set was used to evaluate Llama 3.1 8B-Instruct [33] and Gemma 2 9B-
Instruct [34] using zero-shot and calibrated few-shot prompting for LLM-assisted screening. Calibrated
Gemma 2 was selected because it retained all reviewer-included records in the reference set. The
validation protocol and performance metrics are reported in Supplementary Section Sé.

Of the 2,636 records screened at title and abstract level, 250 belonged to the reviewer-annotated
reference set and 2,386 were screened by the selected model. A total of 1,181 articles proceeded to
full-text review, which was divided across four reviewers. After full-text assessment, 189 studies met
all eligibility criteria.

3.1. Data Analysis

The selected studies were analysed in two stages: a descriptive synthesis and an assessment of
reported trustworthy Al evidence using the FUTURE-AI framework [21].

Descriptive synthesis:

For each study, we analysed the imaging modality, AI methodology, model architecture and
reported parameter count, clinical application, dataset origin and size, study context, and resource
constraints addressed. Studies were grouped by Al technique, imaging modality, clinical application,
and resource constraint. Aggregate analyses included all 189 studies. Study-level characteristics are
provided in Supplementary Section S8.
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Figure 1. PRISMA flowchart for the study selection. Records identified are those dated within the review window,

January 2021 to January 2026. Records at venues outside the venue criterion were removed before title and abstract
screening.

Trustworthy Al assessment:

The second stage assessed the evidence each study reported for trustworthy Al in low-resource
settings. We scored all 189 studies against 15 binary criteria adapted from the six FUTURE-AI principles:
Fairness, Universality, Traceability, Usability, Robustness, and Explainability [21]. Table 1 defines each
criterion. Each was scored as reported (1) or not reported (0), based on the published record. Two
reviewers independently scored each study from the publication and supplementary material, with
disagreements resolved by consensus. Further scoring details and reliability analyses are provided
in Supplementary Section S3, and the released scoring sheet includes the final scores and supporting
evidence.
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Table 1. Trustworthy AI assessment criteria. Fifteen criteria adapted from the six FUTURE-AI principles for

trustworthy Al assessment of published Al studies in low-resource settings. Each criterion was scored as reported

(1) or not reported (0). Absence of evidence in the publication was scored as not reported.

# Item Criteria

Fairness

1 Individual data character- ~ Characteristics of the individuals in the study population are reported, such as age, sex, ethnicity, or clinical
istics characteristics.

2 Subgroup evaluation Performance is reported separately for at least one relevant patient, population, or characteristic subgroup.

Universality

https://doi.org/10.20944/preprints202610.0843.

3 Resource-appropriate de-  The system is adapted to resource constraints of the intended setting, such as limited compute, hardware,
sign connectivity, or cost.
4 Local involvement People or institutions from the intended setting participate in the study design, data collection, system
development, or evaluation. Affiliation alone does not qualify.
5 Local adaptation The model is recalibrated, fine-tuned, retrained, or otherwise adapted using local data, with performance

evaluated in the local setting. Fine-tuning a pretrained model on local data counts.

Traceability

6 Method documentation The model architecture, training procedure, and key training settings are reported in sufficient detail to
understand how the model was developed.

7 Data provenance The data source and acquisition process are reported, together with ethics approval and consent information
or a documented waiver.

8 Open resources A working public link is provided to the code, trained model, or dataset. Availability on request does not
qualify.

Usability

9 Intended user The people expected to use the system are identified, such as community health workers, nurses, clinicians,

sonographers, or radiologists.

The clinical task and intended setting of use are described, including relevant information on the care setting,
equipment, or user role.

The system is evaluated with intended users or under realistic conditions of use, beyond evaluation on a
fixed retrospective dataset.

10 Intended use

1 Usability evaluation

Robustness

12 Representative
data

13 Robustness evaluation

training  The training data include data from the target low-resource population or setting rather than exclusively
from higher-resource settings.
Performance is evaluated on independent data or under relevant variation in site, population, device,

operator, acquisition, or image quality.
Explainability
14 Explanation provided
15 Explanation evaluation

An explainability or interpretability method is applied to the model and examples of its output are reported.
The study evaluates whether intended users find the explanation useful or understandable.

For Universality, we additionally compared reported development and target-setting performance
when the same model and metric were available on independent data from the low-resource setting
addressed by the study. Comparisons across different models, configurations, or external reference
values were excluded. Performance changes were calculated relative to each study’s development
value.

4. Identified Technical Solutions

The 189 included studies used several technical strategies to address constraints in data availability,
computation, and imaging hardware. Figure 2 summarises the main approaches, including efficient
model design, transfer learning, data augmentation, self-supervised learning, and model compression.
Study-level details are provided in Supplementary Section S8.

CC BY license.
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Figure 2. Technical approaches considered for addressing constraints in low-resource settings. The figure

summarises efficient model design, learning techniques, and model compression approaches examined in the
review. Knowledge distillation is included within model compression but was not reported in any of the 189
included studies.

4.1. Efficient Model Design

Efficient model design aims to reduce computational requirements by using architectures with
fewer parameters or lower-cost operations. It was reported in 68 of 189 studies (36%), making it
the third most common technical strategy after transfer learning and data augmentation. Common
architecture families included MobileNet [35-37], ShuffleNet [38], EfficientNet [39,40], and lightweight
attention-based models such as MobileViT [41]. MobileNet variants were used most often, particularly
in smartphone-based optical imaging and digital microscopy. Song et al. [42] replaced standard U-Net
convolutions with depthwise separable convolutions for oral cancer segmentation, reporting a model
about six times smaller and twice as fast.

Some studies also measured performance on target hardware. Schilpzand et al. [43] reported
placental segmentation in 19 ms per image on a smartphone paired with a low-cost ultrasound probe,
and Gomes et al. [44] benchmarked a MobileNetV2 gestational-age model on four Android phones.
Other studies used much larger models without reporting on-device performance, including an
80-million-parameter ViT-B/16 model [45] and a 76.65-million-parameter EfficientNetB7 model [46].

4.2. Learning Techniques

Learning techniques can reduce the need for labelled data or training from scratch. The main
approaches reported in the included studies were data augmentation, transfer learning, and self-
supervised learning.

Data augmentation:

Data augmentation increases training diversity without collecting new images, typically by
modifying existing images or generating synthetic examples. It was reported in 103 of 189 studies
(54%). Most studies used transformations such as rotation, flipping, cropping, colour changes, or
intensity variation. Only three studies generated new images with generative models. Wang et al.
[47] used a latent diffusion model to generate fetal ultrasound images and reported improved zero-
shot classification on African cohorts, while Shuai et al. [48] combined real and diffusion-generated
fundus photographs and reported improved F1 score on low-quality images. A smaller group used
augmentation to reproduce imaging conditions expected in the target setting. Lin et al. [49] simulated
low-field MRI from high-field scans, and Wu et al. [50] simulated noise associated with portable OCT.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Other studies modified existing images or transferred image regions containing cells or rare findings
between images [51,52].

Transfer learning:

Transfer learning reuses a model or representation learned on another dataset and adapts it to
a new task, reducing the need to train a model from scratch. It was the most frequently reported
learning technique, used in 112 of 189 studies (59%). Most studies used ImageNet-pretrained general-
purpose vision models [53], particularly ResNet-50 (47 studies), Inception-V3 (26), VGG-16 (24), and
DenseNet-121 (16). For example, Sendra-Balcells et al. [54] used transfer learning for fetal-plane
classification across five African countries with as few as two training patients from each target centre,
while Capellan-Martin et al. [55] compared medical-image pretraining and training from scratch for
paediatric tuberculosis detection. Medical-image pretraining was reported in 8 of 189 studies (4%).
These included histopathology foundation models, public chest radiograph and fundus datasets, and
fetal ultrasound data from another country [54-58].

Self-supervised learning;:

Self-supervised learning uses unlabelled images to learn representations that can later be adapted
to a labelled task. It was reported in 8 of 189 studies (4%). Applications included cervical cytology,
histopathology, parasite detection, cardiovascular assessment, and chest radiography. Stegmiiller et al.
[51] used DINO pretraining on unlabelled Pap smear slides for cervical cytology, while Akhter et al.
[59] used a self-supervised jigsaw task for silicosis detection on chest radiographs.

4.3. Model Compression

Model compression reduces model size or computational requirements through techniques such
as knowledge distillation, pruning, and quantisation. Knowledge distillation trains a compact student
model to reproduce the outputs of a larger teacher [60]. Six of the 189 studies (3%) used at least one
compression technique. None used knowledge distillation. Pruning was used in three studies and
quantisation in four, with one study applying both. Among the 68 studies using efficient model design,
six also used pruning or quantisation.

Pruning:

Pruning removes model parameters judged to contribute least to performance [61]. It was reported
in 3 of 189 studies, all of which also used efficient model design and transfer learning. Montalbo [62]
reduced a pretrained network from 55 million to 441 thousand parameters, with accuracy decreasing
from 98.67% to 97.41%. Bhoopalan et al. [63] combined pruning and quantisation in a vision transformer
and reported 120 ms latency on a Raspberry Pi 4.

Weight quantisation:

Quantisation represents model weights at lower numerical precision to reduce memory and
computational requirements [64]. It was reported in 4 of 189 studies (2%), including smartphone
and edge-device applications [63,65—-67]. Memon et al. [65] benchmarked its classifier across several
platforms and reported 0.11 s inference on an Android phone, with a small loss of accuracy.

5. Clinical Applications

The 189 included studies covered a broad range of imaging modalities, clinical applications, and
resource constraints. Most used data from low- or middle-income countries, with 177 of 189 studies
(94%) including data from at least one LMIC. By design, 56 studies collected their data prospectively
for the study, and one of them was a randomised trial [68]. We organise the findings by imaging
modality, resource constraint, and clinical application. Figure 3 links these three dimensions, and
study-level characteristics are provided in Supplementary Section S8.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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5.1. By Modality

Five modalities accounted for 168 of 189 studies (89%): digital microscopy (53), optical imaging
(34), ultrasound (33), X-ray (25), and fundus photography (23). The remaining studies used CT (5),
MRI (7), optical coherence tomography (5), or more than one modality (4). Figure 4 shows publication
trends across the leading modalities.

Several studies used portable or lower-cost modalities in place of more conventional imaging
approaches. Examples included ultrasound for breast assessment [69], handheld cervical imaging [70],
lung ultrasound [71], and low-field MRI [72].

5.2. By Resource Constraint

The most frequently reported constraint was limited clinical expertise, identified in 152 of 189
studies (80%). Several studies aimed to support non-specialist users, including fetal ultrasound systems
designed for midwives or other frontline operators [44,73,74].

Low-cost or portable imaging was reported in 91 studies (48%). These studies addressed barriers
such as limited access to fixed imaging equipment, specialist-dependent acquisition, or image quality
from lower-cost devices. Some focused on improving the usability of constrained hardware, including
super-resolution for ultrasound [75].

Connectivity or infrastructure limitations were reported in 79 studies (42%), limited sample size in
69 (37%), suboptimal modality or image quality in 61 (32%), and computational resource limitations in
52 (28%). Sixteen studies were framed around neglected tropical diseases, most commonly parasitology
applications. Figure 3 links imaging modalities and clinical applications to these reported constraints.
Because studies could address more than one constraint, the categories are not mutually exclusive.

Imaging modality Clinical application Resource constraint addressed
IDigitaI microseopy (53) IRetinaI disease (28)
— -

Clinical expertise shortage (152)
IPuImonary disease (19)

B Opticalimaging(34)
A\ IAntenatal care (18)

NTD it 5 Low-cost/Portable device (91)I
Ultrasound (33) / parasites (18)

ICervicaI cancer (17)
Infrastructure (79)
X-ray (25) 4
— ’I Malaria (15)

M Tuberculosis (12)

M Fundus imaging (23) Sample size (69)'

B Oral cancer (11)

) M Anaemia and blood (8)
—CF6) L\ = Cancer (other) (7) S (6”I
AN W Neurological (7)

m Breast cancer (6)

= Cardiovascular (4) Computational resources (52)'
\ —-Musculoskeletal (3)

—OCT(5) < — Dental imaging (3)

=Skin disease (3) Neglected tropical disease context (16)m
—Infectious disease (2)

_’M'Rli(’7)'f'ji:::~~'~~ -

— Multi-modality (4) —— WOtherapplications (8) Other-(5)—

Figure 3. Imaging modality, clinical application, and reported resource constraint across the 189 included studies.
Node labels show the number of studies in each category, and flow width represents the number of studies sharing
each combination. Studies could report more than one resource constraint, so counts in the right-hand column
exceed 189. Applications outside the named groups are pooled as “Other applications”.
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Figure 4. Trends by imaging modality. Annual numbers of included studies are shown for the five most frequently
reported imaging modalities, with all remaining modalities pooled as “Other modalities”. Total studies per year
are shown above the panel. The 2026 count covers only the three weeks up to the search date of 20 January 2026
and is therefore excluded from the trend plot.

5.3. By Medical Domain

Retinal disease was the largest application group (28 studies), followed by pulmonary disease
other than tuberculosis (19), antenatal care (18), parasitic and other neglected tropical diseases (18),
cervical cancer (17), malaria (15), and tuberculosis (12) (Figure 3). Children were the imaged population
in 19 studies (10%), and a further 19 studies involved fetal imaging.

Antenatal care.

All 18 antenatal studies used ultrasound for tasks including gestational age estimation, fetal
biometry, placenta localisation, fetal-plane assessment, and detection of congenital abnormalities.
Examples included mobile gestational-age estimation from blind sweeps in the USA and Zambia [44],
fetal-plane classification across five African countries [54], and prospective evaluation of an integrated
portable ultrasound system in Zambia and the USA [76].

Cancer screening.

Cancer applications included cervical, oral, and breast screening. Of the 17 cervical cancer studies,
10 analysed cervical images and 7 microscopy slides. Smartphone or handheld imaging was used for
automated visual assessment [70,77,78]. Smartphone-based oral cancer screening was evaluated in
India [79], while portable ultrasound was used for breast assessment in Mexico [69].
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Pulmonary disease.

Pulmonary applications focused mainly on tuberculosis and COVID-19. Nine of the 12 tuberculo-
sis studies used chest radiographs, including prospective evaluations in Ethiopia and India [80,81].
Ultrasound was also evaluated for tuberculosis [71]. Nine studies addressed COVID-19, while smaller
groups covered lung cancer, silicosis, and other pulmonary conditions.

Ophthalmology.

Retinal studies addressed diabetic eye disease, retinopathy of prematurity, glaucoma, and
retinoblastoma, with 22 of 28 using fundus photographs. External validation of retinopathy-of-
prematurity screening was reported in India, Nepal, and Mongolia [82,83]. Diabetic-retinopathy
studies included feasibility and prospective evaluations in Brazil and India [84,85]. Fundus pho-
tographs were also used to estimate cardiovascular risk factors [86].

Infectious and neglected tropical diseases.

Fourteen of the 15 malaria studies used digital microscopy, including parasite detection in
thick blood smears [87]. Low-field MRI was also used to assess cerebral malaria [72]. Eighteen
studies addressed other parasitic and neglected tropical diseases, mainly schistosomiasis and soil-
transmitted helminths. Most used microscopy, including edge-device detection of schistosomiasis eggs
in Nigeria [67].

Other applications.

Smaller application groups included anaemia and other blood disorders, neurological disease,
cardiovascular disease, and skin, dental, and musculoskeletal imaging. Examples included bone
mineral density estimation from X-ray images in Vietnam [88] and anaemia detection from smartphone
images of the conjunctiva and sclera [89].

6. Trustworthy AI Evidence

We assessed the 189 studies against 15 criteria adapted from the FUTURE-AI principles [21] for
low-resource settings (Table 1). Across the eight criteria that describe a study’s system, data, and
intended use, evidence was reported in an average of 64% of studies. The corresponding average was
38% across the seven criteria requiring evidence beyond that description, such as evaluation, local
participation or adaptation, and public release of research materials. Figure 5 summarises reporting
across the six principles. Per-criterion results, reviewer agreement, and per-modality results are given
in Supplementary Sections S2 to 54, and the per-study scores in the released scoring sheet.
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Figure 5. Reported trustworthy Al evidence across the 189 included studies. (a) Average reporting of the criteria
within each FUTURE-AI principle. Each bar shows the mean number of studies reporting the criteria within that
principle, with the corresponding percentage of the 189 studies. These percentages do not represent the proportion
of studies satisfying every criterion within a principle. (b) Distribution of the number of criteria reported per
study, out of 15. Per-criterion results are provided in Supplementary Section S2.

Fairness:

Fairness was assessed through reporting of individual characteristics and subgroup performance.
Characteristics of the individuals whose images were used, such as age, sex, or clinical characteristics,
were reported in 58% of studies, and performance for at least one subgroup in 24%.

Universality:

Universality was assessed through resource adaptation, local involvement, and local adaptation
followed by evaluation. Local involvement was reported in 77% of studies, resource adaptation in
57%, and local adaptation followed by evaluation in 48%. The last criterion includes fine-tuning a
model pretrained on general-purpose images on local data. Fifteen studies reported the same model
and metric on both their development data and held-out data from the low-resource setting they name
(Figure 6). Twelve reported lower performance in the local evaluation, and three reported performance
that was unchanged or higher. Only one study reported directly comparable results before and after
a local adjustment [90]. Every other study that adapted locally reported only the adapted result, or
values that are not comparable (Supplementary Section S5).
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Performance change between development and local evaluation

Bl Worse in the target setting than in development (12 of 15 studies)
Bl Same or better in the target setting (3 of 15 studies)
() After the model was adjusted to local data (one of the studies that declined)

3.9 » 6.57 (MAD)

3.11 - 4.03 (MAE)

85 - 60.1 (sensitivity)
0.919 - 0.73 (AUROC)
87.1 - 71.1 (AP)

76.6 - 63.3 (specificity)
0.976 - 0.813 (AUROC)
0.92 - 0.79 (accuracy)
0.84 - 0.73 (F1)

0.992 - 0.8751 (AUROC)
0.969 - 0.86 (AUROC)

84 - 76 (sensitivity)

0.87 - 0.87 (AUROC)
92.26 — 93.14 (accuracy)
0.728 —» 0.762 (AUROC)

Bone age — Rassmann 2025

Retinal age — Nielsen 2025

Cervical screening — Phiri 2026

COVID-19 triage — Murphy 2023

Malaria microscopy — Shewajo 2023
Retinopathy of prematurity — Coyner 2022
Diabetic retinopathy screening — Shuai 2025
Rheumatic heart disease — Roshanitabrizi 2026
Oral lesion triage — Talwar 2023

Glaucoma — Chaurasia 2025

Tuberculosis — Okada 2024

Schistosomiasis — Diaz 2025

Cervical precancer (CIN2+) — Brenes 2022
Retinal screening — Acharyya 2024

Diabetes screening — White 2024

T T T T T T
-80 -60 -40 -20 0 +20
Relative change in reported performance (%)

Figure 6. Change in reported performance between development and local evaluation for the 15 studies reporting
the same model and metric in both [48,78,82,86,90-100]. Each bar shows the change relative to the study’s
development value, with the two reported values shown beside it. Error metrics are signed so that a negative
change always indicates worse performance. Because the studies use different performance metrics, these changes
are not pooled and should not be interpreted as comparable clinical effects. On the top row, the arrow and
diamond indicate performance after population-specific adjustment, the only study reporting directly comparable
values before and after local adjustment [90]. AUROC, area under the receiver operating characteristic curve; AP,
average precision; F1, macro-averaged F1 score; MAD, mean absolute difference in months; MAE, mean absolute
error in years.

Traceability:

Traceability was assessed through method documentation, data provenance, and public availabil-
ity of research materials. Method documentation was reported in 67% of studies and data provenance
in 58%. A working public link to code, model weights, or a dataset was provided in 33%, a further 43
studies offered materials only on request, and 84 provided none.

Usability:
Usability was assessed through reporting of the intended user, the intended use, and evaluation
with intended users or under realistic conditions. The intended user was identified in 80% of studies

and the intended use in 83%. Evaluation with intended users or under realistic conditions was reported
in 25%.

Robustness:

Robustness was assessed through the representativeness of training data and evaluation on
independent data or under relevant variation. Representative training data were reported in 74% of
studies and robustness evaluation in 58%. Of the 109 studies reporting robustness evaluation, 53 also
reported local adaptation followed by evaluation.

Explainability:

Explainability was assessed through the provision of model explanations and their evaluation
with intended users. An explanation, usually a saliency or attention map, was reported in 33% of
studies, and an evaluation of the explanation with intended users in 4%. Explainability had the lowest
average reporting of the six principles, at 18%.
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7. Discussion

This review examined how medical imaging Al research addresses resource constraints and
what evidence studies report for trustworthy Al in low-resource settings. The findings show that
these constraints shape both imaging choices and model development. Portable and smartphone-
based imaging address limitations in equipment and specialist access, while transfer learning, data
augmentation, and efficient architectures address constraints in labelled data and computation. Clinical
applications were also shaped by these constraints, with prominent areas combining high diagnostic
need with portable or lower-cost imaging, including antenatal care, retinal disease, cervical screening,
and parasitic diseases. The trustworthy Al assessment, adapted from the FUTURE-AI principles [21],
shows a complementary pattern. Studies report how systems are developed more consistently than
they report evidence of how those systems perform across the populations, devices, users, and
conditions they target.

By examining these dimensions together, the review links resource constraints, methodological
choices, clinical applications, and the evidence reported for trustworthy Al in the settings studied.

7.1. Constraints and Methods

Technical choices often followed the constraints identified by the studies. Transfer learning and
data augmentation addressed limited labelled data, efficient architectures addressed computational
constraints, and portable imaging addressed limited access to conventional equipment. Al-supported
workflows also aimed to extend specialist tasks to non-specialist users. These approaches solve
different parts of the problem, so no single method establishes suitability for a low-resource setting. A
model can require little labelled data yet remain unsuitable for available hardware, while a lightweight
architecture does not by itself demonstrate acceptable latency, memory use, or performance on the
device where it is expected to run.

Imaging choices can also change the technical problem. Some studies used lower-cost or portable
modalities where conventional equipment was less accessible, including handheld cervical imaging
and low-field MRI. These substitutions can alter image quality and acquisition conditions. A small
number of studies addressed this directly during model development by simulating lower-quality
acquisition conditions [49,50].

Evidence of computational suitability was less consistent. Some studies proposed systems for low-
resource use while reporting models of 77-80 million parameters without on-device measurements [45,
46], and model compression was reported in only 3% of studies. Efficient architecture design and
demonstrated hardware suitability are therefore different claims. The latter requires evidence such as
target-device latency, memory requirements, and connectivity needs, consistent with recommendations
to evaluate systems under conditions representative of use [21].

Pretraining also relied heavily on general-purpose models. Most transfer-learning studies used
architectures pretrained on ImageNet [53], while medical-image pretraining was reported in only
eight studies. Self-supervised learning was also reported in eight studies, despite its potential to
make use of unlabelled local data [101]. No included study used RadlmageNet [102]. This does
not imply that medical-domain pretraining would necessarily improve performance, since its value
depends on the modality, task, and similarity between the pretraining and target data. The limited
use of medical-domain pretraining, self-supervised learning, and model compression also identifies
opportunities for comparative methodological research. Future studies should test whether these
approaches reduce requirements for labelled data, computation, or memory under representative
low-resource conditions, instead of assuming that their theoretical advantages translate to a particular
application.

7.2. Clinical Evaluation Across Applications

Clinical applications differed in how far studies had progressed from model development to
evaluation in realistic clinical settings. Cervical screening and tuberculosis radiography more often

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202610.0843.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org | NOT PEER-REVIEWED | Posted: 10 October 2026 https://doi.ora/10.20944/preprints202610.0843.v1

15 of 24

included evaluation with intended users or under realistic conditions, whereas malaria microscopy
studies more often remained at model-development evaluation. Diabetic retinopathy studies more
frequently reported evaluation on independent data or under relevant variation. Similar technical
approaches, including transfer learning and efficient architectures, appeared across applications at
very different stages of evaluation. These comparisons are based on relatively small application groups,
but they suggest that differences in reported trustworthy Al evidence may partly reflect differences in
evaluation stage.

Programme context may also influence how far evaluation progresses. Tuberculosis and cervical
screening include studies conducted within organised screening or diagnostic programmes, where
threshold selection, workflow integration, and product evaluation become relevant [103,104]. Malaria
microscopy studies in this review were more often evaluated at an earlier stage. Differences in devel-
opment stage, programme context, and available evaluation infrastructure are plausible explanations,
although this review did not test them.

Antenatal ultrasound shows that intended-user evaluation need not be deferred until late-stage
implementation. In a prospective study, novice operators acquired blind-sweep ultrasound and
Al-supported measurements were compared with standard biometry performed by expert sonogra-
phers [76]. When the intended user is central to the system design, user and workflow evaluation
can therefore be incorporated earlier. This is consistent with DECIDE-AI, which distinguishes pre-
clinical model evaluation from early live clinical evaluation, where human factors and safety become
increasingly important [105].

7.3. Local Performance

Robustness evaluation and local adaptation address related but different questions. Evaluation on
independent data or under relevant variation was reported in 58% of studies, while 48% reported local
adaptation followed by evaluation. Independent evaluation can show whether performance holds
beyond the development data, but it does not necessarily test the population, device, operator, or
acquisition conditions of the setting the system targets. Local adaptation, in turn, shows that a model
was adjusted to local data, but its value can only be judged if performance is then evaluated in that
setting. The common requirement is therefore representative local evaluation.

Local adaptation should not be treated as necessary for every system. A model that performs
adequately on representative local data may require no adjustment. Where performance does change,
adaptation can range from recalibrating a decision threshold to fine-tuning model parameters. The
World Health Organization, for example, recommends threshold selection for computer-aided tubercu-
losis detection according to intended use [104], while fine-tuning has improved performance in some
external populations [106]. The relevant question is therefore not whether a model was adapted, but
whether local evaluation showed that adaptation was needed and whether the adjustment improved
performance.

The within-study comparison of development and local performance reinforces the importance
of local evaluation (Figure 6). In 12 of the 15 studies, performance was lower locally, showing that
performance can change across populations, devices, sites, and acquisition conditions. Comparable
before-and-after evaluations of local adjustment were almost absent, so direct evidence of how much
adaptation can recover remains scarce.

7.4. Research Priorities

The findings point to four priorities for future research in low-resource settings. These priorities
concern representative evaluation, intended-user assessment, demonstrated computational suitability,
and reproducible and reusable research practices. They should be interpreted in relation to the
development stage and intended use of each system, since early model-development studies cannot be
expected to provide the same evidence as prospective or implementation-stage evaluations.

First, future studies should evaluate models on data that represent the populations and conditions
in which they are intended to be used. This includes subgroup analysis where relevant and comparison
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before and after local adjustment when adaptation is performed. Multi-institutional, locally governed
data collaborations could support larger and more representative datasets, independent evaluation,
and analyses across relevant population groups [18].

Second, intended users should be incorporated more consistently into evaluation. Studies usually
identified who was expected to use a system, but far fewer evaluated systems with those users or
under realistic working conditions. Explainability showed the same imbalance. Explanations were
often presented but rarely evaluated with the people expected to interpret them. This gap has also
been reported across medical imaging Al more broadly [107]. Studies that incorporated intended users
from the outset show how technical evaluation can be combined with evaluation by those users [76]
and with assessment of usability [108].

Third, claims of suitability for resource-constrained settings should be supported by measure-
ments on the hardware and infrastructure for which a system is proposed. Future work should
therefore include target-device testing, memory and latency measurements, and connectivity require-
ments where these are relevant to the intended use.

Fourth, future research should make methods and research resources easier to reproduce, assess,
and reuse. This includes clear documentation of methods and data provenance, release of code or
model weights where appropriate, and explicit statements about access conditions when data cannot
be shared openly. Openness is not equivalent to reproducibility, and unrestricted sharing is not always
appropriate for sensitive clinical data. Clear access conditions can nevertheless support independent
evaluation while respecting governance constraints [18,109].

These priorities sit within broader requirements for sustainable implementation. Financial sustain-
ability depends on whether systems can be procured, maintained, supported, and integrated within
local service capacity. Governance and regulation determine how data can be used, how systems
are overseen, and how responsibility is assigned [26,27]. These dimensions were not systematically
assessed in this review, but they affect whether systems with encouraging technical and clinical evalu-
ation results can be sustained in low-resource health systems. Table 2 brings these research priorities
together with the broader implementation considerations and identifies the stakeholders most directly
involved.

7.5. Limitations

Two limitations are particularly important for interpreting these findings. They relate to the
search and study selection, and to the operational definitions used in the trustworthy Al assessment.

The search and selection strategy may have affected the composition of the included literature.
The review was limited to English-language records indexed in PubMed, Scopus, and IEEE Xplore
and required low-resource terminology in the title or abstract. Studies framed only around a country,
clinical programme, or specific technology may therefore have been missed. Restricting journals and
conferences to ranked venues also excluded some workshops and biomedical-imaging proceedings that
might otherwise have met the eligibility criteria. These choices may have affected both the geographic
and methodological distribution of the included studies and the reporting patterns observed. LLM-
assisted title and abstract screening was calibrated against reviewer decisions, but some eligible records
may nevertheless have been excluded. The specific search terms for each database and screening
evaluation are provided in Supplementary Sections S1 and S6.
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Table 2. Priority gaps and recommended actions for medical imaging Al in low-resource settings. The first four
domains follow directly from the findings of this review. Financial sustainability and governance and regulation
are broader implementation considerations identified in the wider literature and were not systematically assessed
in the trustworthy Al assessment adapted from FUTURE-AI [21]. Abbreviations: LMIC, low- and middle-income
country; LRS, low-resource setting.

Domain

Priority gap

Recommended action

Primary stakeholders

Representative local
evaluation

Local data are often available, but sub-
group evaluation and comparison before
and after local adjustment are rarely re-
ported. Research activity is also concen-
trated in a limited number of countries and
clinical areas.

Evaluate models on data that represent the target
population, device, and care setting. Report sub-
group performance where relevant and assess the
effect of local adjustment when it is performed. Sup-
port multi-institutional, locally led data collabora-
tions and research in under-represented settings.

Researchers, governments,
data custodians, funders

Intended-user evalu-
ation

Intended users are usually identified, but
systems and model explanations are much
less often evaluated with those users or
under realistic working conditions.

Involve intended users in evaluation where appropri-
ate, including assessment of usability, workflow fit,
and whether model explanations are understandable
and useful.

end-users,
health-

Researchers,
communities,
system managers

Resource suitability

Systems proposed for mobile, portable,
or resource-constrained use often use
methods intended to reduce labelled-data,
memory, or computational requirements,
but these gains are not always demon-
strated under the data, hardware, and in-
frastructure constraints they are intended
to address.

Develop and compare methods that reduce data,
memory, and computational requirements, and eval-
uate these gains under representative hardware and
infrastructure constraints. Where resource efficiency
is claimed, report target-device latency, memory use,
and connectivity requirements.

Researchers, industry, im-
plementation partners, jour-
nals

Reproducible and
reusable research

Methods are more consistently described
than the availability of code, models, data,
and their access conditions.

Document methods clearly, state where data came
from and how they were collected, and release code,
model weights, or datasets where appropriate. When
materials cannot be shared openly, explain the access
conditions and restrictions.

Researchers, journals, data
custodians, ethics and gov-
ernance bodies

Financial sustain-

ability

Long-term use depends on affordability,
procurement, maintenance, licensing, con-
nectivity, and technical support, but these
factors are often outside technical model
evaluation.

Include realistic assumptions about costs, procure-
ment, maintenance, and support when proposing im-
plementation or sustained use in low-resource health
systems.

Governments, funders, in-
dustry, procurement agen-
cies

Governance and reg-
ulation

Long-term use also depends on clear rules
for data use, accountability, independent
evaluation, and ongoing oversight of de-
ployed systems.

Strengthen regulatory and evaluation capacity, de-
fine responsibilities for data governance and system
oversight, and establish mechanisms for indepen-
dent evaluation and ongoing performance monitor-

Regulators, governments,
international bodies, fun-
ders, industry

ing after deployment.

The trustworthy Al assessment also depends on the operational definitions used in this review.
Adapting the FUTURE-AI principles to low-resource settings required judgement, particularly for
criteria such as robustness, resource-appropriate design, and local adaptation, and agreement between
reviewers (Cohen’s k) was lower for these criteria than for directly observable features such as a
named intended user or publicly available resources. The reported percentages should therefore be
interpreted as estimates under the definitions in Table 1, with detailed agreement and sensitivity
analyses provided in Supplementary Section S3. The assessment was based on the published record.
Evaluations that may have been performed but were not reported were scored as not reported. The
scores therefore describe documented evidence, not all evaluation activities that may have occurred.
No separate risk-of-bias assessment was conducted, so the review does not establish the validity of
individual performance estimates.

8. Conclusion

This systematic review synthesised 189 studies of Al for medical image analysis in low-resource
settings, covering resource constraints, technical approaches, clinical applications, and reported
trustworthy Al evidence. The literature shows strong technical activity, particularly in portable
imaging, transfer learning, data augmentation, and efficient model design. However, studies more
consistently described how systems were developed than how they performed across the populations,
devices, users, and conditions they target.

Future research should prioritise representative local evaluation, intended-user assessment,
demonstrated resource suitability, and reproducible research practices. These priorities should be
matched to the development stage and intended use of each system, alongside broader considerations
of financial sustainability, governance, and regulation.
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