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ABSTRACT

Artificial intelligence (AI) applied to laboratory-derived biomarkers and point-of-
care (POC) diagnostics offers substantial potential for early disease detection, but
analytical performance does not necessarily translate into clinical actionability,
particularly in resource-constrained settings. This scoping review mapped evidence
on Al-enabled early disease detection using laboratory biomarkers, POC
diagnostics, and multimodal approaches, with emphasis on validation, clinical
utility, affordability, equity, and LMIC transferability. Following Joanna Briggs
Institute methodology and PRISMA-ScR guidance, relevant primary studies were
identified through structured literature searching and citation screening, extracted
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using a standardized framework, and appraised using PROBAST+AI and
QUADAS-2. Of 151 records identified, 86 studies met the inclusion criteria.
Discriminative performance was generally high (AUROC frequently 0.80-0.99),
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but only 29% reported independent external validation, 16% prospective or field
validation, and 12% explainability; 5 studies (6%) provided evidence of practical
clinical utility or implementation. Multimodal Al represented 14% of studies, while
9 studies (10%) were judged at high risk of bias. Forty-three studies (50%) had
explicit LMIC relevance, with the most translationally mature evidence relying on
existing diagnostic infrastructure. Overall, substantial translational gaps remain
between algorithmic performance and clinically actionable deployment. The
proposed Algorithm-to-Bedside Readiness Framework and Resource-Limited Al

Scoping Review Diagnostic Implementation Pathway provide structured approaches for advancing

validated, equitable, and resource-appropriate diagnostic Al implementation.

1. INTRODUCTION

Delayed diagnosis remains one of the most consequential and preventable contributors to poor outcomes
across acute and chronic disease alike. In sepsis, each hour of delayed recognition and appropriate
treatment is associated with measurably worse survival, yet clinical recognition based on vital signs and
clinician judgment alone is known to lag the underlying pathophysiology [1, 2]. In vector-borne and
parasitic diseases such as malaria and dengue, the interval between symptom onset and confirmed
diagnosis determines whether treatment or triage occurs before or after the point of irreversible
deterioration [3, 4]. In chronic, insidious conditions chronic kidney disease, type 1 diabetes, systemic lupus
erythematosus the diagnostic delay is measured not in hours but in months to years, during which
asymptomatic organ or immune injury accumulates before a diagnosis is ever made [5]. Across this
spectrum of acuity, the shared clinical problem is the same: outcomes improve when detection moves
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earlier in the disease course, and the health system's capacity to detect early is bounded by the diagnostic
tools available at the point of first contact [6].

Laboratory biomarkers and point-of-care (POC) diagnostics represent the most widely deployable
class of tools for closing this gap, precisely because they do not require the imaging infrastructure,
specialist interpretation, or lengthy sample-referral pathways that many advanced diagnostic modalities
demand. A single complete blood count, a lateral-flow rapid test, or a panel of routine chemistry values
can, in principle, be obtained within minutes at nearly any level of a health system, from a tertiary referral
hospital to a rural primary-care clinic. The clinical value of these tools has historically been constrained
less by their availability than by the interpretive burden they place on already-stretched clinical and
laboratory staff a single CBC report contains dozens of individual values whose joint pattern, not any
single value in isolation, often carries the diagnostically relevant signal [7-9].

It is precisely this joint-pattern-recognition problem that artificial intelligence and machine learning
are, in principle, well suited to address, and the past decade has seen rapid growth in Al applications across
diagnostic medicine from image-based deep learning in radiology and pathology to tabular machine
learning applied to electronic health record and laboratory data. Within laboratory medicine specifically,
the International Federation of Clinical Chemistry and Laboratory Medicine has recognized the trajectory
clearly enough to issue formal working-group recommendations for how machine learning should be
developed, validated, and documented when applied to clinical laboratory data itself an indication that the
technology has moved from experimental curiosity to a matter requiring professional-body governance
[10].

Multimodal data integration combining laboratory-derived biomarkers with POC diagnostic outputs,
clinical variables, and, where available, imaging or genomic data offers a further, largely untested,
opportunity: individual data modalities each capture only part of a disease process, and their joint analysis
may in principle reveal patterns invisible to any single modality alone. Where this has actually been tested
within the available evidence synthesized in this review, the results are encouraging for example, an
integrated genetic, clinical, and lifestyle cardiovascular risk model outperforming single-modality
comparators within the same study but such head-to-head multi-modal-versus-single-modality
comparisons remain the exception rather than the rule, and the promise of multi-modal Al in diagnostics is,
at present, considerably ahead of the available evidence that would be needed to confirm it as a general
principle rather than a set of isolated positive examples.

This evidence gap between technical promise and clinical evidence is the central translational problem
this review is built to interrogate. A model that achieves an area under the receiver-operating-characteristic
curve of 0.95 in a single retrospective cohort has showed that a pattern exists in that dataset; it has not
showed that the pattern will hold in a different population, that clinicians will trust and act on its output,
that the health system can deliver its output fast enough to matter, or that doing so improves a patient-
relevant outcome. High documented performance and clinical usefulness are conceptually and empirically
distinct claims, and, as this review's synthesis indicates, the literature at present overwhelmingly
documents the former while rarely establishing the latter.

Resource-limited settings sharpen this problem rather than merely adding a further consideration to it.
A diagnostic Al system that assumes reliable electricity, broadband connectivity, cloud computing access,
or a supply chain for specialized reagents is not a scaled-down version of a solution appropriate for well-
resourced settings it is, in an clinically relevant sense, a different technology, requiring its own evidence
base regarding accuracy, robustness, and appropriateness under the actual operating constraints of the
health systems in which it would need to function [11]. A model validated exclusively in a tertiary
academic hospital in a high-income country carries no inherent presumption of transferability to a rural
primary-care clinic in a low-income country, and this review treats that transferability as an empirical
question to be classified explicitly for every included study, rather than an assumption to be waived.

Several prior reviews have addressed adjacent pieces of this landscape Al-enhanced point-of-care
diagnostics for infectious disease in resource-constrained settings specifically, Al interpretation of point-
of-care ultrasound in low-resource settings, Al in digital pathology, and Al-liquid-biopsy integration for
cancer detection and this review's comparison against that existing literature (Table 1) confirms that each
addresses a narrower slice of the landscape than the question posed here: narrower by disease (infectious
disease only, or oncology only), by modality (imaging only, or liquid biopsy only), or by both. None
integrates laboratory-derived biomarkers and POC diagnostics across disease domains while
simultaneously applying a structured, evidence-hierarchy-based framework for distinguishing technical
feasibility from clinical usefulness and actionability [12].

© 2026 International Journal Press - Licensed under CC BY 4.0 Page 2



JPHACI - Journal of Predictive Health Analytics and Clinical Informatics Vol. 1(3) - 2026 1-28

The gap this review addresses, therefore, is not the absence of any prior synthesis of Al in diagnostics
the literature on that broader topic is now large but the absence of a synthesis organized around the specific
translational question of what evidence currently supports moving from an analytically promising
algorithm to a clinically actionable, validated, affordable, and equitably deployable early-detection system,
evaluated consistently across disease domains and explicitly stratified by resource setting. This review's
purpose is to answer that question as rigorously as the currently available evidence allows, to state plainly
where the evidence is strong and where it is not, and to propose a structured framework grounded in what
this evidence base actually shows rather than in aspirational claims about Al's potential for what remains to
be established before these systems can be responsibly deployed at the point of care in the settings that
most need them.

This review makes four contributions that, to our knowledge, have not previously been combined
within a single synthesis. First, it evaluates laboratory-derived biomarkers and point-of-care diagnostics
jointly and across disease domains, rather than restricting attention to a single technology (point-of-care
testing alone, or liquid biopsy alone) or a single disease category (infectious disease alone, or oncology
alone), as each of the six most closely related prior reviews identified in this synthesis does (Table 1).
Second, it operationalizes and applies, across all included studies, an explicit seven-level evidence-
actionability hierarchy that separates technical feasibility from showed practical clinical utility allowing
the review to report, for the first time in this literature to our knowledge, the proportion of Al-diagnostic
studies that reach genuine deployment-stage evidence rather than only reporting aggregate discrimination
statistics. Third, it classifies every included study's relevance to resource-constrained settings on an explicit
five-category transferability scale (LMIC-developed, LMIC-validated, LMIC-deployed, high-income-
evidence-potentially-transferable, or uncertain transferability), rather than treating "LMIC-relevant" as a
binary label. Fourth, it derives two original conceptual frameworks directly and traceably from patterns
observed in the included evidence the Algorithm-to-Bedside Readiness Framework and the Resource-
Limited Al Diagnostic Implementation Pathway intended as practical tools for researchers, laboratories,
and health systems assessing the translational maturity of a given Al-diagnostic system, rather than as
generic recommendations

Table 1. Comparison of this review with the closest related prior reviews identified in the search.

Population/

Previous modality LMIC Validation Limitation What this

review Year | Scope focus focus emphasis noted review adds

Farquharet = 2026 POC POC only Yes, Notes only 6.8% | Infectious Adds non-

al. (Al- diagnostics, primary prospective field = disease infectious

Enhanced infectious focus validation only; POC disease

POC disease only only domains,

Diagnostics laboratory

for (non-POC)

Infectious biomarkers,

Diseases in and cross-

Resource- domain multi-

Limited modality

Settings) analysis

Al- - POCUS Imaging Yes 29 studies from Imaging This review

Enhanced imaging only 1196 records modality excludes

POC only, single = imaging-only

Ultrasound technology = studies by

in Low- design but

Resource incorporates

Settings POC

(scoping diagnostics

review) broadly, not
just ultrasound

Radiologic = — Radiological Imaging Yes 51 studies, 33 Imaging- Directly

al imaging imaging only countries only; does complementar

Al in not address  y: this review

LMICs lab/POC deliberately

(scoping biomarkers = covers the

review) non-imaging,
laboratory/PO
C space that a
radiology-
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Population/
Previous modality LMIC Validation Limitation =~ What this
review Year | Scope focus focus emphasis noted review adds
focused review
does not
address
Liquid 2026 = Oncology, Oncology No specific | Meta-analysis of = Single- This review
biopsy + Al liquid biopsy only LMIC cfDNA-based disease- situates liquid
systematic focus detection category biopsy as one
review/met (cancer), modality
a-analysis single- among many,
modality compared
(liquid across disease
biopsy) domains
Al for - Health systems = Not Yes Notes trust/cost- = Not This review
strengtheni broadly diagnostics effectiveness diagnostics = provides the
ng -specific gaps -focused diagnostics-
healthcare specific
systems in evidence this
LMICs broader review
(scoping does not
review) attempt
Leukemia - Leukemia only = Imaging No Dataset-focused | Single This review
AI/DL (blood/marr (ALL-IDB, etc.) = disease situates
diagnosis OW smears) leukemia-Al
(scoping findings within
review) the broader
hematological-
malignancy
and multi-
disease
evidence base
Racial bias = — Algorithmic Not No 12 studies on Methodolo = This review
in clinical bias, cross- disease- bias-mitigation gy-focused, = identifies the
ML disease specific methods not disease- = near-total
(scoping early- absence of
review) detection- subgroup
focused reporting

within disease-
specific early-
detection
studies
specifically, as
distinct from
the general
bias-methods
literature: a
more concrete,
actionable gap
than the
general bias-
methods
literature
addresses

2. METHODS

2.1 Protocol and Registration

The review followed Joanna Briggs Institute (JBI) methodology for scoping reviews and and was
documented according to the PRISMA extension for Scoping Reviews (PRISMA-ScR) [13]. A review
protocol specifying the objectives, research question, eligibility criteria, and search strategy was developed
in advance and is available as supplementary material. The protocol was registered on the Open Science
Framework (OSF Registries).
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2.2 Research Question

This review addressed the following question, framed using the Population—Concept—Context (PCC)
structure recommended for scoping reviews: What is the extent, nature, and methodological maturity of the
evidence on Al-enabled systems that use laboratory biomarker or point-of-care diagnostic data for early
detection of disease, and to what extent does this evidence support deployment in resource-constrained
settings? Population: patients or populations evaluated for early detection of disease, diagnosis, screening,
or risk stratification in any healthcare context. Concept: application of Al or machine learning to
laboratory-derived biomarkers, point-of-care diagnostic outputs, or multi-modal combinations of these.
Context: clinical healthcare settings, with particular attention to resource-limited and LMIC settings.

2.3 Eligibility Criteria

Primary studies that evaluated Al or machine learning for early detection of disease, diagnosis, screening,
or clinically relevant risk identification, using laboratory-derived biomarkers, point-of-care diagnostic
outputs, or multi-modal combinations of these, in human healthcare contexts, with sufficient
methodological detail to extract population characteristics, diagnostic modality, Al method, and at least
one performance metric, were considered eligible. Studies were excluded when they were purely technical
Al papers without a healthcare application; applied Al only to treatment optimization or administrative
workflows; applied Al exclusively to radiological or histopathological imaging without a laboratory or
point-of-care component; were editorials or conference abstracts lacking extractable data; or were
duplicate publications. Each included study was independently classified for its relevance to LMIC settings
rather than assumed, using five categories: LMIC-developed, LMIC-validated, LMIC-deployed,
potentially transferable from a high-income-country setting, or of uncertain transferability.

2.4 Operational Definitions

The principal terms used in this review were defined operationally in Table 2, to avoid the ambiguity that
affects much of the underlying literature.

Table 2. Definitions and conceptual boundaries used throughout this review.

Term Operational definition used in this review

Early detection Identification of disease before the point at which it would
otherwise have been clinically recognized through standard
care-seeking pathways; encompasses screening, preclinical
detection, and early-stage-post-symptom diagnosis as
distinct sub-categories (below)

Screening Testing of asymptomatic or undifferentiated individuals
not selected on the basis of a presenting complaint
referable to the target condition

Preclinical detection Identification of biological evidence of disease before any
clinical symptom has emerged (e.g., the SLE proteomic
model predicting disease before clinical diagnosis)

Early-stage diagnosis after symptom onset Diagnostic confirmation of a condition that has already
produced a presenting complaint, distinguished from risk
prediction or screening

Risk prediction Estimation of future probability of developing a condition,
distinct from detecting a condition already present
Multimodal Al Genuine integration of data from different measurement

domains (e.g., laboratory + imaging, or genomic + clinical)
within a single model. Multiple biomarkers drawn from the
same underlying panel (e.g., several CBC indices) do not
constitute multi-modality under this definition

Clinically actionable An Al output that (i) changes a clinical decision, (ii) is
interpretable by the intended clinical user, (iii) uses a
threshold with clinical meaning, (iv) is available within a
clinically relevant timeframe, and (v) has an established
subsequent clinical action: evaluated per this review's 7-
level evidence-actionability hierarchy (Figure 2), not
inferred from discrimination statistics alone

LMIC-developed Model trained on data originating in a low- or middle-
income-country setting
LMIC-validated Model (regardless of development setting) with validation

performed on independent LMIC data
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Term Operational definition used in this review

LMIC-deployed System with documented use in routine or pilot clinical
service in an LMIC setting

HIC-evidence, potentially transferable Developed and validated exclusively in high-income-

country settings, with no LMIC validation, but using
inputs/methods plausibly transferable

Uncertain transferability Insufficient information to classify, or specialized/costly
inputs that make LMIC transfer implausible without
considerable adaptation

Note. These definitions were applied consistently during screening and data extraction; studies that
did not report enough detail to be classified against a given definition were noted as such rather than
assumed to comply with it.

2.5 Information Sources and Search Strategy

A structured search of the literature was undertaken across biomedical and multidisciplinary sources,
guided by the search terms and concept groups specified in the review protocol (artificial intelligence,
early detection, laboratory-derived biomarkers, point-of-care diagnostics, and resource-constrained settings,
in combination), and and extended through backward- and forward-citation screening from relevant
articles and reviews. Searching was conducted iteratively across about twenty-six disease and technology
domains spanning infectious disease, sepsis, cardiometabolic disease, hematological malignancy, and
maternal-child health, together with cross-cutting methodological themes including explainability, equity,
and cost-effectiveness. Each candidate record was individually checked for existence and, where possible,
current peer-review status before inclusion in the working library. Per-database retrieval counts and filters,
as specified by PRISMA-S reporting guidance, were not separately logged, and this is addressed in the
Limitations.

2.6 Selection of Sources of Evidence

Records were retrieved through structured searches organized by disease and technology themes across
about 26 disease and technology domains, combined with backward and forward citation chaining; every
candidate record was individually checked for existence and, where possible, current peer-review status
before inclusion in the working library (n = 151). A further nine methodological and reporting-guideline
documents (TRIPOD+AI/PROBAST+AI, FUTURE-AI, the WHO ethics and governance guidance,
DECIDE-AI, PRISMA-ScR, QUADAS-2, JBI scoping-review guidance, Arksey and O'Malley's
foundational framework, and the IFCC working-group recommendations on machine learning in
laboratory medicine) were identified separately as methodological references rather than as disease-
specific evidence and are cited accordingly throughout. No duplicate records were identified, as the
working library was constructed additively with duplicate-checking applied at the time each record was
added.

During title and abstract screening, 39 of the 151 records were excluded as reviews, meta-analyses, or
narrative syntheses rather than primary research; these were retained separately as a comparator pool for
the review-comparison analysis (Table 1) rather than discarded. The remaining 112 records were assessed
in full text for eligibility, at which a further 17 were excluded: eight for lacking extractable primary data
(conceptual proposals, narrative or perspective pieces, secondary surveys, or background citations not
specific to disease early detection), five for addressing the wrong outcome or concept (behavioral or care-
seeking prediction rather than diagnostic classification using laboratory or point-of-care data, a non-
machine-learning statistical score, or population-level surveillance rather than patient-level diagnosis), two
for using an ineligible modality (artificial intelligence applied exclusively to radiological or
histopathological imaging without a laboratory or point-of-care component, per the pre-specified eligibility
criterion), and two for reporting no results (trial registrations or study protocols without completed
findings). After these exclusions, 86 studies remained for the evidence synthesis (Figure 1).

Compositionally, the included studies were concentrated in infectious disease and sepsis-related
applications (COVID-19, tuberculosis, malaria, dengue, human immunodeficiency virus, hepatitis,
antimicrobial resistance, and sepsis across adult, pediatric, and neonatal populations), which together
accounted for about half of the 86 included studies, with the remainder distributed across cardiometabolic
and renal disease, hematological malignancy, autoimmune disease, maternal-fetal health, and newborn
screening. This distribution reflects the search strategy's deliberate weighting toward disease domains most
relevant to the review's central question regarding resource-constrained settings, and should not be read as
a representative epidemiological sample of the artificial-intelligence-in-diagnostics literature as a whole.
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A structured, itemized log of all 151 records, their screening disposition, and where excluded the
specific reason for exclusion, is provided as supplementary material, consistent with PRISMA-ScR's
requirement for a documented and reproducible exclusion log.

PRISMA-ScR Flow Diagram

From Algorithm to Bedside: Al for Early Disease Detection Using Multimaodal
Laboratory Biomarkers and POC Diagnostics in Resource-Limited Settings

IDENTIFICATION
Records identified via structured, theme-based
searching and citation chaining (n = 151)
+ 9 methodology/reporting-guideline
documents identified separately

L Il J

l

Duplicates removed (n = 0)

Excluded:
wrong study design

Title/abstract records screened (n = 151)

(reviews)
(n = 39)

Full-text records assessed
for eligibility (n = 112)

Excluded (n = 17):
* No primary data (n = 8)
+ Wrong outcome/
- -, concept (n = 5)
+ Wrong modality,
imaging-only (n = 2)
* No results

Studies included in evidence {protocol only) (n = 2)
synthesis (n = 86)
L y J
l

Reports assessed for critical appraisal
(PROBAST+AI / QUADAS-2)

Data extraction (n = 86 studies)

Separate pools (not part of n=86):
n = 39 reviews —» comparison-with-previous-reviews analysis | n = 9 methodology/framework citations - Methods section

Figure 1. PRISMA-ScR flow diagram of study identification, screening, and selection.
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2.7 Data Charting Process and Data Items

Study information was extracted with a standardized data-charting framework capturing bibliographic
information, population characteristics, disease and outcome definitions, diagnostic modality, AI/ML
method and architecture, validation strategy, documented performance metrics, explainability approach,
resource requirements, equity considerations, cost data, and regulatory and ethical considerations.
Performance metrics were extracted only as documented by the primary study; no metric was derived,
imputed, or converted. A subset of studies identified as bearing most directly on the review's central
questions underwent additional full-text verification to confirm exact performance figures, sample sizes,
and bibliographic details.

2.8 Critical Appraisal

The included studies were critically assessed using PROBAST+ALI for prediction-model development and
validation studies (n=76) and QUADAS-2 with PROBAST+ALI elements for studies with an index-test-
versus-reference-standard diagnostic-accuracy design (n=10). Appraisal assessed participant and data-
source selection, predictor and outcome definition, analysis methods, and applicability, with particular
attention to overfitting, circular predictor-outcome relationships, small sample sizes, class imbalance, and
absence of independent external validation [14, 15].

2.9 Synthesis of Results

Because of considerable clinical and methodological heterogeneity across disease domains, biomarker
types, and outcome definitions, a quantitative meta-analysis was not performed, consistent with JBI
guidance for scoping reviews. The findings were synthesized narratively across sixteen pre-specified result
domains (Results) and classified against a seven-level evidence-actionability hierarchy technical feasibility,
internal validity, external validity, prospective validity, practical clinical utility, implementation, and
equity and scalability developed for this review to distinguish analytical performance from showed clinical
usefulness and actionability (Figure 3) [16, 17].

3. RESULTS

3.1 Characteristics of the Evidence Base

Eighty-six studies met inclusion criteria (Figure 1, PRISMA-ScR flow diagram), drawn from a broader
pool of 151 identified records after exclusion of 39 reviews/meta-analyses (retained separately for
comparison in Table 1) and 17 records excluded for wrong study design, wrong outcome, wrong modality,
or absence of documented results. The evidence base was disease-heterogeneous by design: no single
condition accounted for more than 10% of included studies (COVID-19-related laboratory prediction, n=9,
was the largest single cluster; dengue/typhoid, n=8; tuberculosis/malaria point-of-care applications, n=7;
hematological/CBC-based applications, n=7). This heterogeneity is consistent with the review's scoping
(rather than disease-specific systematic) design and precluded meta-analysis, in line with the pre-specified
methodological framework.

Overall Workflow of Al-Assisted Laboratory and Point-of-Care Diagnosis

+ Laboratory/POC Biomarker i i Risk/Diagnosis ini i Patient
Patient Clinical Sample
P Testing Generation Prediction Management
e __a F4 — ) . . (2]
LlonIT h s 2.0 En €3 v 3720 MEIM & @
\ = -} ey o=
é S & 2 e
\ :

1 13 « Blood « Biochemical « Genetic biomarkers « Cleaning « Classification « Evidenze-based ~—

« Urine * Hematological + Protein biomarkers + Normalization » Prediction [EooemmerEisions e
« Saliva » Molecular + Metabolite biomarkers « Feature extraction + Risk scoring S A patient management

« Rapid tests « Integration * Treatment guidance

Figure 2. Overall workflow of Al-assisted laboratory and point-of-care diagnosis.

The workflow links sampling, laboratory/POC testing, biomarker generation, data processing, AI/ML
analysis, risk prediction, decision support, and patient management.( ai generated image )
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Publication years spanned from 2016 to 2026, with a pronounced concentration in 2024-2026 (about
two-thirds of included studies), reflecting the rapidly evolving nature of this literature already anticipated
in the protocol. Seven of the 86 included studies (8%) remain preprints without confirmed peer review at
the time of this review (medRxiv and arXiv); these are explicitly labeled as such throughout the synthesis
rather than treated as equivalent to peer-reviewed evidence.

Geographically, the available evidence was split between high-income-country-generated studies and a
considerable and, in this particular corpus, better-represented-than-might-be-expected contingent of studies
developed in or explicitly validated for low- and middle-income-country settings. Forty-three of 86 studies
(50%) carried explicit LMIC relevance (developed in, validated in, or deliberately designed for a resource-
limited context); thirteen were unambiguously LMIC-developed and -tested end to end (e.g., Zimbabwe,
Bangladesh, Nepal, Ethiopia, Vietnam, Pakistan, Nigeria, Sri Lanka, Colombia, Rwanda, Uganda). This
should not be read as representative of the field's overall geographic balance the literature search's search
strategy deliberately weighted several themes (neonatal sepsis, dengue, malaria, sickle cell disease,
malnutrition) toward LMIC contexts precisely because the review's central question required that evidence,
and the resulting proportion is a function of search design as much as of the literature's true composition.

Table 3. Characteristics of the 86 included studies.

Characteristic Category n %
Publication status Peer-reviewed 79 92%
Preprint (not yet peer- 7 8%
reviewed)
Publication period 2016-2023 ~26 30%
2024-2026 ~60 70%
Geographic/resource LMIC-developed (end-to- 13 15%
relevance end)
Any explicit LMIC 43 50%

relevance (developed,
validated, or purpose-

designed)
HIC-only, no stated LMIC 43 50%
relevance

Disease domain cluster Infectious disease/sepsis ~45 52%

(incl. COVID-19, dengue,

TB, malaria, HIV, hepatitis,

AMR)

Non-communicable/chronic = ~25 29%
disease (CVD, CKD,

diabetes, stroke,

autoimmune)

Maternal-child health, ~16 19%
hematological malignancy,

newborn screening

Modality type Single-modality 74 86%
Multimodal 12 14%
Al architecture (where Classical ML 19 22%*
classifiable) (RF/XGBoost/LR/SVM/ens
emble)
Deep learning 15 17%*
(CNN/RNN/attention)
Both compared within 3 3%*
study
Not clearly classifiable 49 57%*

from available notes
Note. Percentages for Al-architecture classification are of the full N=86, the large "not classifiable"
category reflects a named extraction-completeness limitation (Section 3.6) rather than an absence of
describable methodology in the underlying studies.

3.2 Disease Domains Targeted for Early Detection

Included studies clustered into broad disease categories: infectious disease and sepsis (adult, neonatal, and
pediatric sepsis; COVID-19; dengue/typhoid; tuberculosis; malaria; HIV; hepatitis B/C; antimicrobial
resistance prediction) accounted for the largest share (about 45 of 86 studies), followed by non-
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communicable and chronic disease applications (cardiovascular disease, chronic kidney disease, diabetes,
stroke, autoimmune disease) at about 25 studies, and a smaller cluster of maternal-child health,
hematological malignancy, and newborn-screening applications (about 16 studies). Oncology-focused
multi-modal liquid-biopsy studies were comparatively underrepresented in the final included set (n=2)
relative to their prominence in the wider literature search (a considerablely larger number of oncology-Al
records were identified but excluded at screening, the majority being reviews, narrative commentaries, or
imaging-only studies falling outside the pre-specified eligibility criteria) a pattern that itself illustrates the
risk of conflating a heavily published subfield with a well-validated one.

3.3 Laboratory Biomarkers Used by Al

The modalities most frequently paired with AI/ML across included studies were: routine hematological
parameters (complete blood count and its derived indices neutrophil-to-lymphocyte ratio, monocyte
distribution width, RDW), used across sepsis, cardiovascular, COVID-19, dengue, and hematological-
malignancy applications; routine clinical chemistry (creatinine, liver enzymes, albumin, coagulation
parameters); inflammatory/immunological markers (CRP, procalcitonin, D-dimer); and, in a smaller but
analytically prominent subset, molecular/genomic data (whole-genome sequencing for antimicrobial
resistance, gene-expression panels for stroke and severe dengue, blood transcriptomics for pediatric
diabetes, serum proteomics for lupus). A clear and clinically clinically relevant pattern emerged: studies
restricted to routine, low-cost, widely available laboratory parameters (CBC-derived indices in particular)
were both common and, per the critical appraisal (Section 3.5 ), more plausibly transportable to resource-
constrained settings than studies relying on specialized panels (multi-gene expression signatures, whole-
genome sequencing, multi-omic proteomic/metabolomic profiling), which whatever their analytical
performance face a considerablely higher infrastructure barrier to translation.

Types of Laboratory, Point-of-Care and Clinical Data
Used by Al Models

(8] pocona—J (8, Jcincioa

UL ) aborstryoota——

—

U

Blood Biomarkers
(e.g., glucose, CRP,
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Figure 3. Laboratory, point-of-care, and clinical data sources used by Al models.

Al-based diagnostics may combine laboratory measurements, POC outputs, and relevant clinical
information after harmonization and standardization..( ai generated image )

Table 4. Laboratory biomarker categories and representative Al applications identified in this review.

Biomarker category
Routine hematology (CBC and
derived indices)

Representative applications in this
review

Sepsis detection (MDW+CBC), AMI
classification (SHAP on CBC),

© 2026 International Journal Press - Licensed under CC BY 4.0

LMIC feasibility (this review's
judgment)

High routine, low-cost, widely
available
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Representative applications in this LMIC feasibility (this review's
Biomarker category review judgment)

anemia/leukemia screening, heart

failure risk (CBC-derived, externally

validated), dengue confirmation

(single CBC exam)
Routine clinical chemistry Liver fibrosis (routine labs only, High to moderate

hepatitis B), CKD prognosis, stroke

severity (routine blood/urine)

Inflammatory/coagulation markers Sepsis (CRP/PCT/MR- Moderate some assays less universally
proADM/lactate), COVID-19 available
mortality (D-

dimer/platelets/neutrophil/lymphocyte
), stroke (D-dimer, homocysteine)
Molecular/genomic (WGS, gene- Antimicrobial resistance prediction Low near-term sequencing
expression panels) (WGS, MALDI-TOF), stroke gene- infrastructure-dependent
signature, severe dengue 8-gene panel,
childhood-diabetes transcriptomics
Proteomic/multi-omic SLE serum proteomics, NAFLD Low specialized, costly
stacked multi-modal
(genetic+clinical), lung cancer multi-
omics liquid biopsy
Zero-/minimal-cost clinical predictors = Pre-eclampsia zero-cost screening Highest explicitly designed for no-lab-
(no lab test) (clinical characteristics only), CKD access settings
Bangladesh minimal non-pathology
feature subset

Note. Categories are illustrative rather than exhaustive and are not mutually exclusive; several
included studies used biomarkers spanning more than one category.

3.4 Point-of-Care Diagnostic Technologies

POC-specific evidence clustered around three technology families: (i) smartphone- or low-cost-
microscope-coupled image classification for microscopy-dependent diagnoses (malaria thick/thin blood
smears, sickle cell morphology), where Al is used to augment or partially replace manual microscopy; (ii)
lateral-flow/rapid-test image interpretation via smartphone camera and deep learning (HIV rapid tests,
general LFA reading), directly targeting the well-documented human-interpretation-variability problem in
rapid diagnostic testing; and (iii) paper-based/microfluidic molecular assays coupled to on-device or cloud
Al interpretation (the Uganda malaria DNA-diagnostic system) [18]. Genuinely field-deployed POC-AI
evidence (as opposed to laboratory bench validation of POC-adjacent technology) remained rare the
Uganda malaria system, the South African HIV rapid-test classifier, and the UK CURIAL-Rapide
laboratory-free triage tool were the clearest examples of POC-ALI systems evaluated, at least in part, in real
operational use rather than solely on retrospectively collected specimens [18—20]. Such devices
increasingly sit within cloud- and loT-connected smart-healthcare systems [21].

Table 5. Point-of-care technologies paired with Al in the included evidence.

Validation maturity reached (this

POC technology Applications identified review)
Smartphone-camera + deep learning Malaria thick/thin blood smear Level 3—6 (HIV reader: field pilot
image classification reading, HIV lateral-flow rapid-test deployment; malaria: mixed, mostly
reading, sickle cell morphology Level 2-4)
screening
Paper-based/microfluidic molecular Uganda malaria DNA diagnostic Level 4-6 (field-validated, Uganda)
assay + Al (blockchain-secured)
Fluorescence/portable digital P. falciparum detection (Tanzania) Level 3-4
microscopy
Laboratory-free clinical-variable CURIAL-Rapide COVID-19 triage Level 6 (routine deployment)
triage + POC analyser
Al-assisted chest radiograph screening = Romania national TB screening Level 5-6 (national program scale)
+ molecular confirmation program
Low-cost automated microscopy Sickle cell disease/beta-thalassemia Level 3—4 (multi-site comparative)
vs. reference-standard comparison multi-test comparison (Nepal/Canada)

Note. Validation maturity is expressed using the seven-level evidence-actionability hierarchy defined
in Section 3.11 and Figure 3.
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3.5 Single-Modality Versus Multimodal Al

Applying this review's strict pre-specified definition of multi-modality (genuine integration of data types
from different measurement domains e.g., laboratory plus imaging, or genomic plus clinical rather than
multiple biomarkers drawn from the same underlying test panel), only 12 of 86 included studies (14%)
were genuinely multi-modal; the remaining 74 (86%) were single-modality, most frequently laboratory-
only. Among the 12 multi-modal studies, several explicitly tested whether multi-modal integration
improved on single-modality performance rather than assuming it: the UK Biobank cardiovascular study
(integrated genetic, clinical, and lifestyle data, AUC 0.85, higher than single-modality comparators
documented within the same study) and the lung-cancer liquid-biopsy multi-omics study (multi-omic
fusion improved discrimination relative to any single modality alone). This overall pattern multi-modal
integration providing a real, quantified improvement over single-modality baselines in every study that
actually tested the comparison is encouraging, but the small number of studies that performed this
comparison (as opposed to simply asserting multi-modal superiority without a single-modality baseline)
means the finding should be treated as suggestive rather than established. This review's caution against
assuming multi-modal Al is automatically superior is corroborated: it is superior where tested, but it is
tested infrequently [22, 23].

3.6 AI Architectures and Modelling Strategies

Classical machine-learning algorithms (random forest, XGBoost, gradient boosting, logistic regression,
support vector machines, and related ensemble/tree-based methods) were used, alone or as the best-
performing model among several compared, in at least 19 of 86 studies where architecture could be clearly
classified; deep-learning architectures (convolutional neural networks for image-based tasks,
recurrent/attention-based architectures for sequence or time-series data) appeared in at least 15 studies,
concentrated heavily in image-based applications (microscopy, blood-smear, and radiograph classification)
and blood-based deep phenotyping (the Gaussian-process/RNN sepsis model). A further 3 studies
explicitly compared classical ML against deep learning within the same study; in the remaining about half
of studies, the specific architecture could not be confidently classified from the extracted notes without
full-text methods-section review, a genuine extraction-completeness limitation acknowledged here rather
than resolved by inference. Feature-selection and interpretability-oriented preprocessing (LASSO, Boruta,
SHAP-guided feature reduction) appeared as an explicit methodological step in a minority of studies, most
consistently in the LMIC-oriented studies that were deliberately designing for minimal, low-cost feature
sets (e.g., the Bangladesh CKD screening study's explicit comparison of full versus minimal non-pathology
feature subsets). Neural computation is following a similar path in clinical image diagnostics [24].
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The pipeline covers sampling, biomarker measurement, quality control, preprocessing, feature
selection, model development, evaluation, and clinical interpretation..( ai generated image )

3.7 Diagnostic and Predictive Performance

Across the included studies, documented performance was generally high when measured on the study's
own internal or held-out test data: AUROC/AUC values in the 0.80-0.99 range were common across
nearly every disease domain, and several studies documented sensitivity or specificity figures above 95%.
This apparent consistency of high performance is precisely the pattern this review's interpretive framework
warns against over-relying upon. Just documented metrics are presented here; no metric was derived,
imputed, or converted between measures. A recurring and clinically clinically relevant asymmetry
appeared in several studies: high specificity paired with comparatively modest sensitivity (the Hong Kong
multi-wave COVID-19 study: AUC up to 95.8% but sensitivity only 55.5-77.8%), or high sensitivity
paired with very low positive predictive value in a low-prevalence population (the Colombia severe-
dengue model: sensitivity 86.4% but PPV only 20.9%). Both patterns illustrate that a single headline
discrimination statistic (AUC) can obscure clinically consequential trade-offs that determine whether a
model's output is actually actionable at the point of care directly illustrating this review's central distinction
between technical performance and practical clinical utility [4, 25].

Table 6. Validation categories and representative documented performance ranges across the 86 included studies.

Representative

AUC/performance range
Validation category n (of 86) % where documented
External/independent 25 29% 0.71 (external, decayed) to
validation 0.97 (well-preserved)
Prospective/field validation = 14 16% Sens 87.5%-97.8%, spec

85.4%—-100% (deployment-
stage examples)

Internal validation only 11 13% AUC/accuracy

(explicit single-cohort) frequently >0.85, unverified
beyond development data

Validation approach 36 42% Not comparable: reporting

unclear/not documented gap itself is the finding

Note. Performance ranges are documented exactly as stated in the source studies; no metric was
derived, imputed, or converted between measures. The complete per-study extraction is available as a
supplementary data file.

3.8 Internal Versus External Validation

The critical-appraisal findings showed that, only 25 of 86 studies (29%) documented external or
independent-cohort validation, and a further 14 (16%) documented prospective or field validation; the
remaining 47 studies (55%) documented internal validation only or did not clearly report their validation
strategy. Where independent external validation was performed, performance frequentlythough not
universally declined relative to internal/development-cohort figures (Section 3.7 above and the critical-
appraisal synthesis, Pattern 2), with declines ranging from modest (KNHANES oculomics model,
essentially preserved) to considerable (Brazil-to-USA cardiovascular model, AUC 0.871—0.786; MALDI-
TOF antimicrobial-resistance model, AUROC decline of 0.10-0.25 over an 18-month location/time shift;
CKD-MBD biomarker model, AUC 0.95—0.74 from training to prospective evaluation) [26—29].

3.9 Prospective and Real-World Evaluation

Prospective evaluation in actual or intended clinical settings as distinct from retrospective validation on a
held-out split of already-collected data was identified in 14 studies (16%), and of these, only a small subset
progressed to actual clinical deployment or silent/shadow implementation testing: the CURIAL-Rapide
laboratory-free COVID-19 triage tool (independent external validation across three NHS trusts,
prospective evaluation at Oxford, and live deployment at the John Radcliffe Hospital); the deep-learning
HIV rapid-test reader (pilot field deployment across 60 fieldworkers in rural KwaZulu-Natal); the Uganda
smartphone malaria DNA-diagnostic system (field-validated in Tororo district schools); the Romania
national tuberculosis AI-CXR screening program (prospective national screening, 2019-2023); and a
pediatric emergency-department sepsis antibiotic-acceleration model tested via silent implementation
before live use. These five studies represent the clearest Level 5-6 evidence (practical clinical
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utility/implementation) in the entire corpus a strikingly small fraction (about 6% of included studies) of an
evidence base numbering in the dozens [18-20, 30, 31].

3.10 Explainability and Human-AI Interaction

Ten of 86 studies (12%) documented an explainability method (SHAP in the majority of cases, with LIME
and inherently interpretable architectures decision trees, nomograms in a minority), a proportion notably
lower than the prominence of explainability as a dedicated research theme might suggest (the literature
search identified a considerable separate XAl-in-diagnostics literature, comprising review and meta-
analysis papers about explainability methods in clinical decision support generally, rather than
explainability embedded within disease-specific early-detection studies). Where explainability was
documented, it was used predominantly for feature-importance identification and biomarker discovery
(e.g., SHAP-identified CBC features for AMI classification, SHAP-identified minimal feature subsets for
LMIC-appropriate CKD screening) rather than for prospectively tested clinician-facing decision supportno
included study documented a formal evaluation of whether clinicians' trust, understanding, or decision-
making changed as a result of an explanation, a gap directly relevant to DECIDE-AI's human-factors
emphasis [32].

3.11 Clinical Actionability

Applying the seven-level evidence-actionability hierarchy proposed in this review across the 86 included
studies: 13 studies (15%) sat at Level 1 (technical feasibility only), 29 (34%) at Level 2 (internal validity),
29 (34%) at Level 3 (external validity), 10 (12%) at Level 4 (prospective validity), 3 (3%) at Level 5
(showed practical clinical utility), and 2 (2%) at Level 6 (implementation in a routine workflow). No
included study presented evidence corresponding to Level 7 (showed equity and scalability across
resource-constrained settings as a formally evaluated outcome, as opposed to a stated aspiration or design
intent). This distribution has the pyramid shape one would expect of a translationally immature field
attrition is steep and roughly monotonic from Level 1 through Level 6 and is presented visually in Figure 3.
Framed against this review's central thesis, only 5 of 86 studies (about 6%) provide evidence that would
support a claim of genuine clinical usefulness and actionability as operationally defined in this review (a
showed change in clinical decision-making or workflow, evaluated prospectively or in deployment) the
great majority of the literature, however methodologically sound within its own terms, indicates that an
algorithm can detect or predict, not that a health system can safely act on that prediction.

3.12 Resource Requirements and Feasibility

Explicit, quantified resource-requirement reporting (compute, connectivity, hardware cost, technician
training time) was uncommon across the included evidence, and no included study documented a formal
benchmark of computational or hardware feasibility, such as on-device inference time on low-cost
hardware, despite such benchmarking being readily achievable and directly relevant to resource-
constrained settings. The more common pattern across the broader evidence base was implicit resource-
appropriateness studies using only routine, already-collected laboratory parameters (Section 3.3) are de
facto more resource-feasible even where the authors do not frame the work in explicit feasibility terms set
against a considerable minority of studies (multi-omic, whole-genome-sequencing, and specialized-
proteomic approaches) whose resource requirements would, on their face, exclude most resource-limited
laboratory settings for the foreseeable future regardless of analytical performance.

Table 7. Resource-limited implementation considerations identified across the included evidence.

Consideration
Locally available data as design
starting point

Edge/offline computation feasibility

Minimal/zero-cost feature design

Finding

Most translationally mature LMIC
evidence built around already-
deployed diagnostic infrastructure
(rapid tests, routine CBC, existing
microscopy)

Not directly tested by any included
study; identified as a priority for
future LMIC-oriented Al-diagnostics
research

Explicit comparison of full

vs. minimal feature subsets; minimal
subset often near-equivalent
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Uganda malaria; Zimbabwe Neotree
sepsis

Evidence gap (Section 3.16, Table 8)

Bangladesh CKD screening; pre-
eclampsia zero-cost screening
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Consideration Finding [Nlustrative study

Test heterogeneity within "low-cost" Not all low-cost tests equivalent Sickle cell/beta-thalassemia multi-test

category across phenotypes: some miss specific =~ comparison (0% sensitivity for trait in
conditions entirely some tests)

Local retraining needs Cross-site/cross-time performance MALDI-TOF AMR study (authors'
decay implies local recalibration is own conclusion)
likely necessary, not optional

Digital-infrastructure precursor Digitization of records/data flow often = Neotree (Zimbabwe); digital

requirement precedes any Al application pathology feasibility study (Brazil)

Note. Illustrative examples are drawn from the studies discussed in Section 3.12 and Discussion
Section 4.9.

3.13 Equity and Population Generalizability

Direct empirical evidence of algorithmic bias or population-transferability limits within the disease-
specific evidence base itself was found in the cross-country/cross-population validation studies already
discussed (Sections 3.7-3.8): the Nigeria pneumonia CXR transferability failure and the Brazil-to-USA
cardiovascular performance decline are the clearest disease-specific illustrations. Broader equity-
methodology evidence, including landmark demonstrations that clinical algorithms can encode racial bias
through biased proxy variables, was identified but treated as background/discussion literature rather than
disease-specific primary evidence, since it addresses algorithmic bias as a general phenomenon rather than
early-disease-detection specifically. The near-total absence of studies reporting demographic subgroup
performance breakdowns (by ethnicity, sex, or socioeconomic status) within the disease-specific early-
detection literature itself as opposed to the separate equity-methodology literature is a substantive evidence
gap in its own right [27, 33, 34].

3.14 Cost and Health-System Considerations

Formal health-economic evaluation was documented in only a small number of included studies. The
clearest example the China diabetic-retinopathy Al screening program economic evaluation across 251,535
participants provides direct empirical support for this review's central thesis at the health-economics level:
the most diagnostically accurate Al configuration (sensitivity 93.3%, specificity 87.7%) was, in that
specific analysis, also the most cost-saving configuration, but the same analysis showed that this need not
hold in general several less-accurate configurations in the same modeled parameter space would have been
more cost-saving under different assumptions, and several higher-sensitivity configurations gained
additional quality-adjusted life-years only at considerablely higher incremental cost. This is among the
strongest pieces of evidence in the entire corpus that "most accurate" and "most cost-effective" are
empirically separable questions requiring their own dedicated analysis, not a corollary automatically
following from diagnostic performance [35].

3.15 Ethical, Regulatory and Governance Issues

Explicit engagement with ethical, regulatory, or governance dimensions (data privacy, consent, algorithmic

accountability, regulatory pathway) within the primary evidence base itself was rare; where it appeared, it

was almost always in the framing/discussion sections of papers describing field deployments (the

CURIAL-Rapid and HIV rapid-test studies both discuss real-world deployment governance considerations)
rather than as a formally evaluated study outcome. This mirrors the broader pattern already noted for

explainability (Section 3.10) and equity (Section 3.13): ethics, governance, and explainability all exist as

considerable, mature literatures in their own right (reflected in the WHO Al-ethics guidance, FUTURE-AI,

and DECIDE-AI frameworks that inform this review's methodology) but are not yet routinely integrated as

evaluated components within the disease-specific early-detection studies that constitute the bulk of the

primary evidence base [20, 36, 37].

3.16 Evidence Gaps

Synthesizing across Sections 3.1-3.15, five evidence gaps are most consequential for the translational
question this review set out to answer:

1. The external/prospective evaluation gap (Sections 3.8-3.9): the great majority of the available
evidence (~55%) has not been tested beyond a single internal cohort, and even the minority that has been
externally validated shows inconsistent, currently unpredictable transportability.
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2. The multi-modality-evaluation gap (Section 3.5): multi-modal Al is uncommon (14% of studies)
and rigorous single-vs-multi-modal comparison rarer still, despite multi-modal integration showing a
consistent, if thinly evidenced, advantage where actually tested.

3. The explainability-integration gap (Section 3.10): explainability methods exist as a mature separate
literature but are rarely embedded, and never prospectively human-factors-tested, within disease-specific
early-detection studies.

4. The equity-and-subgroup-reporting gap (Section 3.13): near-total absence of demographic subgroup
performance reporting within the disease-specific literature itself.

5. The cost-effectiveness gap (Section 3.14): formal economic evaluation is rare, and the one clear
example in this corpus indicates that accuracy and cost-effectiveness are separable questions meaning the
absence of economic evaluation elsewhere in the corpus is not a minor omission but leaves the single most
policy-relevant question for resource-limited deployment largely unanswered.

Together, these gaps define the translational distance between "the algorithm can detect" and "the
health system can safely and affordably act" that motivates the Discussion and the proposed Algorithm-to-
Bedside Readiness Framework (Section 5 and Figure 3).

Table 8. Evidence gaps identified in this review and corresponding research priorities.

Evidence gap
External/prospective evaluation

Multimodal-vs-single-modality testing

Explainability-clinical-integration

Current state (this review)
29% external, 16% prospective

14% multi-modal; direct comparison
rarer still
12% report XAl; none test human-

Research priority

Multi-site consortia; funding for
multi-year prospective designs
Mandate single-modality baseline
reporting in multi-modal-Al studies
Joint XAI + DECIDE-Al-style

factors impact human-factors evaluation as standard

design
Demographic subgroup/equity Near-absent in disease-specific studies = TRIPOD+AI/PROBAST+AI
reporting subgroup reporting as a submission
requirement

Health-economic evaluation Mandatory cost-effectiveness

component for LMIC-targeted Al-
diagnostic proposals

Standard reporting of
compute/connectivity/hardware
assumptlons
Silent/shadow-implementation phase
as a standard pre-deployment step
Standards for Al-diagnostic post-
market surveillance appropriate to
LMIC regulatory capacity

Note. Research priorities follow directly from the gaps described in Section 3.16 and are elaborated
further in Discussion Section 4.13.

The included studies were critically assessed using PROBAST+AI (n=76 prediction-model
development and validation studies) and QUADAS-2 with PROBAST+ALI elements (n=10 studies with an
index-test-versus-reference-standard diagnostic-accuracy design, comprising MALDI-TOF antimicrobial-
resistance prediction, malaria microscopy, HIV rapid-test image reading, tuberculosis chest-radiograph
screening against GeneXpert confirmation, sickle cell disease test panels, and dengue complete-blood-
count-based confirmation). Full per-study appraisal judgments are provided as supplementary material;
this subsection presents the pattern-level synthesis across the corpus.

Overall, 9 studies (10%) were judged to be at high risk of bias, 41 (48%) raised some concerns, and 36
(42%) were judged low-to-moderate risk (Table 9). No study was judged unambiguously low risk across
every domain; even studies in the low-to-moderate category typically had at least one domain most often
calibration reporting or blinding of outcome assessment that could not be confirmed from the information
available.

Validation status was the dominant determinant of appraisal outcome. External or independent
validation was performed in 25 studies (29%), prospective or field validation in 14 (16%), internal
validation only in 11 (13%), and validation approach was not clearly documented in the remaining 36
(42%). Collapsing the latter two categories, about 55% of included studies (47/86) presented no evidence
beyond a single internal cohort or an unclearly documented validation strategy, a pattern consistent with
the overlapping antimicrobial-resistance and cardiovascular-disease meta-analyses identified during
screening, several of which similarly called for greater independent external validation.

1 clear example in full corpus

Resource-requirement quantification Quantified in no included study

Workflow-integration evidence 2/86 studies

Post-deployment monitoring 0/86 studies report this
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Where independent external validation was performed, model performance frequently declined
relative to internal or development-cohort estimates. Illustrative examples include a cardiovascular risk
model developed in Brazil and externally validated in the United States (area under the curve 0.871
internally versus 0.786 externally), a MALDI-TOF antimicrobial-resistance model whose discriminative
performance declined by 0.10-0.25 points over an 18-month period when applied to data from an unrelated
location and time, a chronic kidney disease biomarker model whose performance declined from 0.95 in
training to 0.74 in prospective evaluation, and a pediatric pneumonia chest-radiograph model whose
accuracy declined considerablely when a model trained in the United States was applied to Nigerian data
[27-29, 33]. External validation did not uniformly result in declining performance: a cardiovascular risk
model incorporating oculomics data and a nonalcoholic fatty liver disease model validated across the
United Kingdom and China both showed well-preserved external performance. No single study
characteristic reliably predicted which pattern a given model would follow, although models restricted to
routine, low-cost, and widely standardized inputs appeared more likely to transport successfully than
models relying on specialized assays or population-specific electronic health record features [26, 38].

Four recurring methodological concerns accounted for most high-risk-of-bias classifications. First,
four studies documented near-perfect or "perfect" classification performance without independent external
validation, including a childhood-diabetes transcriptomic classifier, a Pseudomonas aeruginosa
antimicrobial-resistance model based on whole-genome sequencing, and two leukemia classification
models; near-ceiling accuracy in a single retrospective cohort without independent external validation is
treated throughout this review as a signal warranting caution rather than as an indicator of superior
performance [39-42]. Second, one chronic kidney disease prognosis study used serum creatinine as both a
predictor and, via estimated glomerular filtration rate, part of the diagnostic definition of the outcome
being predicted a circularity explicitly identified and avoided by a separate, more methodologically robust
study addressing the same condition in a low-resource setting] [5, 43]. Third, two studies presented very
small discovery-stage samples (a sepsis biomarker study with a total sample of 33, and a stroke gene-
signature study with a combined discovery and validation sample of 63) as though generalizable. Fourth, a
small number of additional concerns, including a highly imbalanced case-control ratio in one discovery-
stage stroke study, accounted for the remaining high-risk classifications [44—46].

Explainability methods (SHAP, LIME, or an inherently interpretable architecture) were documented in
10 of 86 studies (12%), a smaller proportion than the prominence of explainability as a research theme
might suggest. Explainability methods identified during the literature search were concentrated in a
separate body of methodological and review literature addressing clinical decision support generally, rather
than embedded within the disease-specific early-detection studies that constitute the bulk of the available
evidence reviewed here.

Calibration assessment and explicit handling of missing data, both components of the PROBAST+AI
analysis domain, could not be systematically assessed across the included studies from the information
available without full-text methods-section review of all 86 papers, and are addressed as a field-wide
reporting gap in the Discussion rather than scored on a per-study basis.

Table 9. Summary of risk-of-bias judgments across the 86 included studies (PROBAST+AI/ QUADAS-2).

Dominant contributing
Overall judgment n % factors
HIGH risk of bias 9 10% Near-perfect/perfect
performance claims without
independent external
validation (4); circular
reasoning/information
leakage (1); very small
samples (2); imbalanced
case/control ratio (2)
SOME CONCERNS 41 48% Predominantly: validation
strategy unclear or internal-
only, with no other major
red flag
LOW-MODERATE risk of = 36 42% External or prospective
bias evaluation performed, no
major additional concern
flagged;
calibration/missing-
data/blinding reporting

© 2026 International Journal Press - Licensed under CC BY 4.0 Page 18



JPHACI - Journal of Predictive Health Analytics and Clinical Informatics Vol. 1(3) - 2026 1-28

Dominant contributing
Overall judgment n % factors

could not be independently

confirmed for any study in

this category (a broader

reporting gap discussed

further below)

Note. Full per-study judgments, including the specific concerns contributing to each rating, are
provided in the supplementary critical-appraisal data file.

4. DISCUSSION

4.1 Principal Findings

The evidence synthesis comprised 86 studies applying AI/ML to laboratory biomarker- and/or point-of-
care-diagnostic-based early detection of disease, spanning infectious disease, sepsis, cardiovascular and
metabolic disease, hematological malignancy, maternal-fetal health, and newborn screening. Reported
analytical performance was, with striking consistency, high (AUROC/AUC frequently 0.80-0.99).
Evidence supporting genuine clinical usefulness and actionability was not: only 29% of studies
documented independent external validation, only 16% documented prospective or field validation, only
12% documented any explainability method, and only about 6% (5 of 86 studies) provided evidence
corresponding to Level 5 or 6 of this review's evidence-actionability hierarchy showed practical clinical
utility or real-world implementation. Multimodal AI, while theoretically motivated and empirically
promising in the small number of studies that tested it directly, remained uncommon (14%). Formal cost-
effectiveness evaluation was rarer still, and the one clear example identified showed that diagnostic
accuracy and cost-effectiveness are empirically separable questions, not a single question answered by the
same analysis.

4.2 Why High Accuracy Is Not Sufficient

The evidence synthesized here makes this review's central thesis difficult to avoid: a high AUROC in a
retrospective, single-center, internally validated cohort is evidence of an association within that dataset,
and nothing more, until independently showed otherwise. Several of the highest-performing models in this
corpus (near-perfect or "perfect” classification claims in the childhood-diabetes transcriptomic study and
two leukemia multi-omics/self-attention studies) carried no independent external validation at all the
studies most likely to be cited for their impressive headline statistics are, on the appraisal conducted here,
among the least well-supported in terms of generalizability. This is not a criticism of the individual
investigators, most of whom operated within normal disciplinary conventions for early-stage Al method
papers; it is a structural observation about what the current publication and evaluation ecosystem for
diagnostic Al research rewards, and it is precisely the pattern this review's evidence hierarchy is designed
to make visible rather than obscure behind an aggregate "Al shows promise" narrative.

4.3 The Validation Gap

Fifty-five percent of included studies presented no evidence beyond a single internal cohort. Where
independent external validation was performed, the direction of the finding was informative but not
uniform: considerable performance decay was observed in a cross-country cardiovascular model (Brazil to
USA), in an antimicrobial-resistance MALDI-TOF model tested across an 18-month location/time shift,
and in a chronic-kidney-disease biomarker model moving from training to prospective evaluation while a
South Korean oculomics cardiovascular model and a UK-to-China nonalcoholic-fatty-liver-disease model
both showed well-preserved external performance. No single study characteristic in this corpus reliably
predicted which pattern a given model would follow, though a plausible signal did emerge: models
restricted to routine, standardized, widely available inputs (basic CBC-derived indices, vital signs)
appeared more likely to transport than models built on population-specific electronic-health-record features
or specialized assays whose measurement characteristics may vary meaningfully across laboratories and
populations. This observation should be treated as hypothesis-generating rather than established, given the
small number of studies in this corpus that performed genuine cross-population independent external
validation with enough methodological detail to compare directly.
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4.4 The Multimodal Evidence Gap

Just 12 of 86 studies met this review's strict definition of multi-modal integration, and fewer still directly
compared multi-modal against single-modality performance within the same study design. Every study in
this corpus that did perform that direct comparison found an advantage for the multi-modal approach a
striking, if statistically fragile, degree of consistency given the small sample of qualifying studies. This
creates an asymmetric evidentiary situation: the theoretical case for multi-modal Al is strong, the empirical
case where actually tested is also strong, but the number of studies willing or able to test it directly (as
opposed to building a multi-modal system without a single-modality baseline for comparison) is small
enough that the finding cannot yet be generalized with confidence. Given the infrastructure and data-
integration burden multi-modal systems typically impose precisely the burden most acute in resource-
constrained settings the absence of larger-scale, prospectively designed multi-modal-versus-single-
modality trials represents one of the more consequential gaps identified in this review.

4.5 The Laboratory-to-Algorithm Interface

A pattern visible across several disease themes in this corpus concerns not the Al methodology itself but
the upstream question of which laboratory or POC signal is fed into the model in the first place. The
clearest illustration is the recurring circular-reasoning risk identified in chronic kidney disease prediction,
where serum creatinine (and its transformation, eGFR) was used by one study as both a predictor and,
implicitly, part of the diagnostic definition of the outcome being predicted a problem explicitly and
directly addressed by a separate, better-designed CKD study in the same corpus, which deliberately
constructed a "non-pathology-test" feature subset to avoid exactly this circularity. This is a laboratory-
medicine-specific methodological hazard that a purely computer-science-oriented review of "Al in
healthcare" would be less likely to surface, and it argues for laboratory professionals' direct involvement in
Al model design not merely as data providers, but as co-designers who understand which input-outcome
relationships are definitionally circular versus genuinely predictive.

4.6 Poc Diagnostics and Al in Resource-Limited Settings

The most mature evidence relevant to LMIC settings in this corpus the Uganda smartphone malaria DNA-
diagnostic system, the South African HIV rapid-test image classifier, the Zimbabwe Neotree neonatal
sepsis tool, the Bangladesh/South Asia CKD screening model, and the Nepal/Canada sickle cell disease
multi-test comparison shares a common design feature: each was built around a data modality already
deployable in the target setting (a rapid test, a routine blood draw, a low-cost microscope) rather than
requiring new specialized infrastructure [5, 8, 9, 11, 18, 19]. This is an clinically relevant corrective to a
design pattern visible elsewhere in the broader Al-diagnostics literature, in which a system is developed
using whatever data modality is convenient in a well-resourced academic setting and LMIC applicability is
asserted rather than designed for from the outset. The sickle cell disease comparative study offers a further,
more specific lesson: not every "low-cost" test performs equivalently across all clinically relevant
phenotypes several of the evaluated low-cost tests had zero sensitivity for beta-thalassemia trait despite
excellent performance for severe sickle cell disease, a distinction with direct clinical consequences that a
single aggregate "low-cost test works well" summary would have obscured.

4.7 Explainability and Clinical Trust

Explainability methods (predominantly SHAP) were applied in only 10 of 86 studies, and in every one of
those cases, explainability was used as an analytical or biomarker-discovery tool for the investigators
rather than as a prospectively tested clinician-facing decision-support feature. No study in this corpus
documented measuring whether an explanation changed a clinician's trust, understanding, or behavior the
human-factors question DECIDE-AI is specifically designed to evaluate. This suggests that "explainable
AI" and "Al that clinicians can appropriately trust and act on" are currently two separate research programs
rather than one, and that the considerable, mature XAI methods literature identified in this review's search
(a body of review and meta-analysis papers about explainability techniques generally) has not yet been
meaningfully integrated into the disease-specific early-detection literature that would need to adopt it for
explainability to have any bearing on clinical usefulness and actionability.

4.8 Bias, Fairness and Population Transferability

Direct, disease-specific evidence of population-transferability limits was identified in this corpus (the
Nigeria pneumonia chest-radiograph transferability failure when a US-trained model was applied to
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Nigerian data; the Brazil-to-USA cardiovascular performance decline), but systematic demographic
subgroup performance reporting (by ethnicity, sex, age strata, or socioeconomic status) was essentially
absent from the disease-specific early-detection studies themselves [27, 33]. The broader algorithmic-
fairness literature including landmark demonstrations that healthcare algorithms can encode racial bias
through biased proxy variables provides part of the conceptual and methodological toolkit for addressing
this gap, but that toolkit has evidently not yet been widely applied within the specific literature synthesized
here. Given that resource-constrained settings are, almost by definition, the settings least represented in the
training data of most Al systems developed to date, this absence of subgroup-level transferability evidence
is a first-order equity concern, not a secondary methodological nicety [34].

4.9 Infrastructure and Affordability

Few studies quantified their resource requirements explicitly to the point of absence: no included study
documented a formal benchmark of computational or hardware feasibility, of the kind that would directly
test whether a proposed system could run on the infrastructure available in a resource-limited setting rather
than merely using low-cost input data. The more common situation across the broader evidence base was
implicit rather than evaluated resource-appropriateness: many studies used only routine, low-cost
laboratory inputs without framing this choice explicitly as a feasibility design decision, while a
considerable minority (multi-omic, whole-genome-sequencing, and specialized-proteomic studies) used
approaches whose infrastructure requirements would exclude most resource-limited laboratory settings
regardless of analytical merit. The absence of a distinguishing vocabulary in most primary studies between
"this uses cheap inputs" and "we evaluated whether this is deployable" is itself a gap the field's reporting
conventions should address.

4.10 Clinical Workflow Integration

Just two studies in this corpus (CURIAL-Rapide's deployment at the John Radcliffe Hospital, and the
pediatric emergency-department sepsis model's silent-implementation phase) provided direct evidence of
integration into a live clinical workflow, and even these represent single-site experiences rather than
evidence of workflow integration replicated across settings. The remainder of the corpus, however strong
its underlying analytical performance, provides no direct evidence regarding how a given model's output
would be received, interpreted, or acted upon within the time pressures and existing decision-support
ecosystem of a real clinical service. This is consistent with the broader validation-gap finding (Section 4.3)
but represents a conceptually distinct evidence gap: workflow integration failure can occur even for a
model with excellent, externally validated analytical performance, if its output arrives too late, in the
wrong format, or without a clear associated clinical action precisely the actionability criteria this review's
framework is built around [20, 31].

4.11 Regulatory and Ethical Challenges

Regulatory and governance issues were infrequently evaluated formally within the primary evidence base
and, where present, was confined to the discussion sections of the few deployment-stage studies rather than
treated as an evaluated study outcome. This is unsurprising given that most included studies represent pre-
regulatory, developmental-stage research, but it does mean that this review's evidence base cannot speak
with authority to how well the WHO's ethics and governance principles, or FUTURE-AI's
fairness/universality/traceability/usability/robustness/explainability ~ framework, are actually being
operationalized in practice only that the disease-specific literature has not yet reached the stage of
development at which such operationalization would typically be documented [36, 37].

4.12 From Prediction to Clinical Action

Evidence density falls sharply between algorithmic prediction and routine clinical use. The few studies
reaching advanced actionability stages were designed as deployment or implementation programs rather
than model-development studies ending with performance metrics. The main translational gap is therefore
evidence that a model improves timely, safe, affordable, and equitable clinical action.
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Algorithm-to-Bedside Readiness Framework

From unmet clinical needs to real-world impact
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Figure 5. Algorithm-to-bedside readiness framework.

The framework progresses from clinical need and model development through validation, clinical
utility, workflow integration, economic assessment, and monitored implementation..( ai generated image )

Table 10. Translation barriers identified between algorithm development and clinical deployment.

Barrier

Absence of independent external
validation

Unpredictable cross-population/cross-
site performance decay

Overfitting / near-ceiling performance
without external check

Circular predictor-outcome design
Missing decision-impact evidence
Absent workflow-integration evidence

Unquantified resource requirements

Absent subgroup/equity reporting

Rare economic evaluation

4.13 Research Priorities

Evidence from this review

55% of studies never tested beyond
one internal cohort

Brazil-USA CVD (0.871—0.786);
MALDI-TOF AMR (-0.10 to —0.25
AUROC over 18 months); Nigeria
pneumonia CXR (US-trained,
Nigeria-tested)

4 of 10 HIGH-risk studies

CKD creatinine/eGFR case

>90% of corpus reports discrimination
only, not decision change

Just 2/86 studies (CURIAL-Rapide;
pediatric ED sepsis)

Explicit hardware/connectivity
benchmarking found in no included
study

Near-total absence in disease-specific
studies

1 clear health-economic evaluation in
full corpus (China DR screening)

Readiness-framework stage most

affected
Stage 4

Stage 4

Stages 2-3

Stage 2
Stage 6

Stage 7

Stage 8

Stage 9

— (cross-cutting)

Four priorities emerge: prospective multi-site external validation; direct comparison of multimodal models
with simpler single-modality baselines; integration of explainability with human-factors evaluation; and
prospective health-economic assessment for systems intended for resource-limited deployment.
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4.14 Proposed Implementation Pathway

The proposed Resource-Limited Al Diagnostic Implementation Pathway responds to the LMIC evidence:
the most translationally mature systems were designed around locally available diagnostic infrastructure.
External technologies should therefore be treated as hypotheses requiring local validation rather than
solutions transferred unchanged.

Resource-lelted Al Diagnostic Implementation Pathway

—— From Local Needs to Lasting Impact
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Figure 6. Resource-limited Al diagnostic implementation pathway.

The pathway emphasizes local need, available resources, data collection, model selection, local and
external validation, workflow integration, sustainability, and routine deployment..( ai generated image )

4.15 Implications for Laboratories, Clinicians, Researchers, Policymakers and Technology
Developers

For laboratories, Al development should involve laboratory professionals from the outset. Clinicians need
external-validation and clinical-actionability evidence in addition to accuracy. Researchers should make
prospective evaluation, validation, and economic assessment routine components. Health-system leaders
should evaluate imported tools locally and support locally led validation and implementation.

Common failure

observed in this Minimum
Stage Evidence required review benchmark Research priority
1. Analytical Model discriminates target Near-perfect Report on a held-out = Pre-registration of
feasibility in a dataset performance split at minimum feature set before
claimed with outcome-labeling to
tiny/unrepresentativ prevent circular
e samples (e.g., design

n=33 discovery-
stage sepsis

biomarker study
[43])
2. Model Documented feature Circular reasoning Explicit check that Standardized
development selection, handling of class (predictor predictors are not checklist for
imbalance definitionally definitionally part of = laboratory-
overlapping the outcome medicine-specific
outcome, as in leakage risks

CKD-creatinine
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Common failure
observed in this

Stage Evidence required review
case [43])
3. Internal Cross-validation or held-out | Reported without
validation test set external or temporal
check (55% of this
corpus)
4. External Independent-population or Performance decay
validation independent-site test undetected because

S. Prospective
clinical evaluation

6. Clinical utility

Evaluation on prospectively,
not retrospectively, collected
data

Demonstrated change in a
clinical decision or outcome

never tested
(Brazil-USA [27],
MALDI-TOF [28]
cases show decay IS
detectable when
tested)
Retrospective-only
design presented as
clinically validated

Accuracy
documented without
any decision-impact
measure (dominant
pattern, >90% of

corpus)

7. Workflow Evidence of function within | Just 2/86 studies in

integration routine clinical workflow this corpus
(CURIAL-Rapide,
pediatric ED sepsis)

8. Resource Quantified Not directly

feasibility compute/connectivity/hardw | quantified by any

are/training requirements included study;

inferred only from
input-data cost
(Section 3.12)

9. Equity Subgroup performance Almost entirely

assessment reporting absent in the

disease-specific
corpus (Section
3.13)

10. Regulatory Documented regulatory Not documented for
approval pathway/status any pre-deployment
study in this corpus
11. Deployment in routine Present in 2/86
Implementation service, beyond a pilot studies (CURIAL-
Rapide [20];
Romania TB
screening at
national-program
scale [30])
12. Post- Ongoing performance/drift Not documented for
deployment monitoring after deployment = any study in this
monitoring corpus

5. CONCLUSIONS

Minimum
benchmark

k-fold CV or
temporal split,
minimum

At least one
geographically or
temporally
independent test set

Formal prospective
cohort design

Decision-impact or
time-to-action
outcome measured

Silent/shadow
implementation
phase before live
use

Explicit statement
of
hardware/connectivi
ty assumptions

Performance
stratified by at least
one relevant
demographic/geogra
phic axis

Explicit regulatory-
status statement

Sustained use
beyond the study
period

A defined
monitoring/re-
validation schedule
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Research priority

Journals/reviewers
to require explicit
internal-validation
reporting
Multi-site consortia
for shared external
test sets by disease
domain

Funding structures
that support the
multi-year timeline
prospective studies
require

Trials measuring
decision change, not
only discrimination

Standard adoption
of silent-
implementation
testing as an
intermediate step
Mandatory
resource-
requirement
reporting in Al-
diagnostics methods
sections

Subgroup reporting
as a standard
TRIPOD+AI/PROB
AST+AI
expectation

Clear LMIC-
appropriate
regulatory pathways
for Al-based IVDs
Post-deployment
funding models, not
only development
grants

Standards for Al-
diagnostic post-
market surveillance
in low-resource
settings

Al applied to laboratory biomarkers and point-of-care (poc) diagnostics demonstrates substantial potential
for early disease detection, including in resource-limited settings. however, translation from algorithmic
performance to clinical actionability remains limited. among 86 included studies, only 25 (29%) reported
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external or independent validation, 14 (16%) prospective or field validation, 10 (12%) explainability, and 5
(approximately 6%) evidence of practical clinical utility or implementation. no study formally evaluated
equity and scalability across resource-constrained settings.

Multimodal integration was identified in 12 studies (14%), indicating emerging potential for
combining complementary laboratory and poc information, although direct comparisons with single-
modality approaches remained limited. in resource-limited settings, translational feasibility further depends
on local diagnostic infrastructure, workforce, connectivity, computational requirements, affordability, and
workflow compatibility.

The principal research priority is therefore to move beyond analytical performance toward externally
validated, prospectively evaluated, clinically interpretable, and contextually deployable ai systems. the
algorithm-to-bedside readiness framework and resource-limited ai diagnostic implementation pathway
proposed in this review provide structured approaches for this transition. ultimately, clinically actionable
diagnostic ai will require alignment of multimodal laboratory and poc data with robust validation, clinical
workflow, health-system capacity, and resource-appropriate implementation.
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