R. Kumar et al. International Journal of Computational Health and Machine Learning

Contents lists available at IJCHML IJ C H M L

International Journal of Computational Health and Machine COMPUTATIONAL HEALTH

Learning & MACHINE LEARNING

Journal Homepage: http://www.ijchml.com/
Volume 5, No. 5, 2026

Explainable AI-Driven Clinical Decision Support Systems for Real-Time
Cardiovascular Risk Stratification in Resource-Limited Settings

Riya Kumar', Aarti Reddy?

L Department of Health Informatics, Jawaharlal Nehru University

2 Department of Health Informatics, Indian Institute of Technology Delhi

ARTICLE INFO ABSTRACT

Received: 04/24/2026
Revised: 05/26/2026
Accepted: 06/12/2026

Cardiovascular disease remains the leading cause of global mortality,
disproportionately afflicting populations in low- and middle-income countries
where diagnostic infrastructure and specialist expertise are critically scarce.
Keywords: Conventional risk stratification frameworks, such as the Framingham

Explainable Artificial Intelligence, . . . . R
Risk Score and pooled cohort equations, exhibit limited applicability in

Cardiovascular Risk Stratification, Clinical
Decision Support Systems, Resource-Limited ~ heterogeneous, resource-constrained clinical environments due to their
Settings, Machine Learning Interpretability, reliance on complete laboratory panels and population-specific calibration.
Real-Time Prediction, Health Equity This paper presents a novel Explainable Artificial Intelligence—driven
Clinical Decision Support System (XAI-CDSS) designed to enable real-
time cardiovascular risk stratification under conditions of data sparsity,
computational constraint, and limited clinical oversight.

The proposed framework integrates gradient-boosted ensemble learning
with post-hoc interpretability mechanisms, specifically SHapley Additive
exPlanations (SHAP) and Layer-wise Relevance Propagation (LRP), to
produce transparent, clinician-interpretable risk assessments from routinely
available clinical parameters. A lightweight model architecture is optimized
for deployment on low-power edge devices, ensuring operability in settings
lacking continuous internet connectivity or high-performance computing
resources. The system is validated on a multi-site retrospective cohort
comprising over 18,000 patients across four sub-Saharan African and South
Asian clinical centers.

Experimental results demonstrate that the XAI-CDSS achieves an area
under the receiver operating characteristic curve (AUROC) of 0.891 +0.014
on held-out test sets, outperforming conventional scoring instruments
by a statistically significant margin (p < 0.001). Calibration analyses
confirm superior reliability, with a mean Brier score of 0.087, while SHAP
explanations exhibit high fidelity to domain clinical knowledge.

This work advances the translational potential of responsible Al in global
cardiovascular medicine, offering a scalable, trustworthy, and resource-aware
decision support paradigm with direct implications for equitable healthcare

delivery.
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1. Introduction

Cardiovascular disease (CVD) remains the foremost
cause of morbidity and mortality worldwide, accounting
for an estimated 17.9 million deaths annually and
representing nearly one-third of all global fatalities
[10]. The epidemiological burden of CVD is not
uniformly distributed; low- and middle-income countries
(LMICs) bear a disproportionate share of this burden,
with over 80% of CVD-related deaths occurring in
resource-constrained environments [12]. In these settings,
the confluence of inadequate diagnostic infrastructure,
shortage of specialist physician workforce, limited access
to advanced imaging modalities, and fragmented health
information systems creates a formidable barrier to
timely and accurate cardiovascular risk assessment. Early
identification of high-risk individuals could prevent a
substantial number of preventable deaths; however,
translating such identification into actionable clinical
pathways remains fundamentally constrained by the
inadequacy of conventional risk stratification tools in
diverse, data-sparse clinical environments [22].

The advent of artificial intelligence (AI) and machine
learning (ML) technologies has engendered unprece-
dented opportunities for transforming clinical decision
support systems (CDSS) in cardiology [2]. Contem-
porary deep learning architectures, ensemble methods,
and probabilistic graphical models have demonstrated
remarkable discriminative performance in risk predic-
tion tasks spanning coronary artery disease detection,
heart failure prognosis, and arrhythmia classification
[6, 21]. Nevertheless, the deployment of Al-driven
CDSS in real-world clinical practice—particularly in
resource-limited settings—confronts profound challenges
that extend beyond raw predictive accuracy. Chief among
these is the opacity of many high-performing models,
which function as proverbial “black boxes” that clinicians
cannot interrogate, audit, or trust with sufficient
confidence to integrate into high-stakes diagnostic
workflows [20]. The field of Explainable AT (XAI) has
emerged as a direct response to this translational deficit,
providing methodological frameworks through which
complex model predictions can be rendered transparent,
interpretable, and actionable for end users with varying
levels of technical sophistication [5].

1.1. The Global Burden of Cardiovascu-
lar Disease and Inequities in Risk
Stratification

Understanding the magnitude and heterogeneity of
CVD burden is essential to contextualizing the design
imperatives for any CDSS intended for real-world
deployment.  Cardiovascular diseases encompass a
spectrum of conditions including ischemic heart disease,
cerebrovascular accidents, heart failure, peripheral
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arterial disease, and cardiomyopathies, each demanding
individualized risk assessment strategies [14]. The Fram-
ingham Heart Study and its successor risk scores—such
as the Pooled Cohort Equations (PCE), SCORE2,
and ASCVD risk calculators—established foundational
principles of multivariable cardiovascular risk prediction,
incorporating variables such as age, sex, systolic blood
pressure, total cholesterol, high-density lipoprotein
cholesterol, smoking status, and diabetic status [19]. De-
spite their widespread adoption in high-income countries,
these instruments demonstrate significantly attenuated
predictive validity when applied to demographically
distinct populations in Sub-Saharan Africa, South Asia,
and Latin America, where differing genetic backgrounds,
dietary patterns, infectious disease comorbidities, and
environmental exposures substantially alter the risk
landscape [28].

In resource-limited settings specifically, a series of
structural deficiencies compound the epidemiological
challenge. Laboratory testing for lipid panels and
glycated hemoglobin (HbAlc) may be intermittently
unavailable or prohibitively expensive for patients;
electrocardiographic (ECG) equipment may be absent or
non-functional; and the expertise required to interpret
echocardiographic findings is frequently unavailable
outside tertiary referral centers [27]. Consequently,
primary care practitioners in these environments must
routinely make clinical decisions under conditions of
profound informational uncertainty, relying largely on
clinical acumen, sparse vital sign data, and rudimentary
symptom assessment. The systematic underdiagnosis
that results from this informational deficit carries cas-
cading consequences: patients presenting with advanced
heart failure or acute myocardial infarction who might
have been identified and managed preventively months
or years earlier now require resource-intensive acute
interventions, further straining already overwhelmed
health systems [17].

The mathematical formulation of classical cardiovascular
risk scores illustrates the additive linear assumptions
that characterize conventional tools. For a patient with
feature vector x € RP, the log-odds of a cardiovascular
event within a fixed time horizon under a logistic
regression framework is expressed as:

P(CVD event | x) u

log (1 — P(CVD event | x)) =B+ ;ﬂjxﬂ (1)
where By is the intercept term, (; are the regression
coefficients learned from training data, and z; denotes
the j-th clinical predictor. This linear formulation,
while interpretable, fundamentally constrains the model’s
capacity to capture non-linear interactions, threshold
effects, and latent subgroup heterogeneity that are
empirically abundant in real clinical populations [18].
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Non-linear models such as gradient boosted decision
trees and deep neural networks can substantially improve
discriminative performance, as measured by metrics such
as the area under the receiver operating characteristic
curve (AUROC) and calibration statistics, but they
sacrifice the inherent interpretability of the linear
form [4]. This tension between predictive power and
interpretability lies at the heart of the present work.

1.2. Artificial Intelligence in Cardiovas-

cular Clinical Decision Support:
Promise and Limitations

The integration of artificial intelligence into cardiovascu-
lar medicine has progressed with remarkable velocity
over the past decade, spanning applications from
automated ECG interpretation and imaging-based plaque
characterization to natural language processing of clinical
notes and wearable sensor data fusion [16]. Deep
convolutional neural networks (CNNs) applied to 12-lead
ECG signals have achieved cardiologist-competitive
accuracy in detecting atrial fibrillation, left ventricular
hypertrophy, and even subclinical structural heart disease
[26]. Recurrent architectures, including long short-term
memory (LSTM) networks and transformer-based mod-
els, have demonstrated strong performance in temporal
risk modeling using longitudinal electronic health record
(EHR) data [1]. Ensemble methods such as gradient
boosting machines—including XGBoost, Light GBM, and
CatBoost—have consistently outperformed traditional
regression-based risk scores on standard benchmark
datasets, offering favorable bias-variance trade-offs and
robustness to missing data [25].

Despite these impressive capabilities, the translation
of Al algorithms from research settings to clinical
practice has encountered significant headwinds. The
phenomenon of algorithmic brittleness—whereby models
trained on data from specific institutions or populations
fail to generalize to new clinical environments—has
been extensively documented in the literature and
represents a particularly acute concern for deployment
in LMICs, where training data from high-income
country cohorts may be badly misaligned with local
disease epidemiology and data collection conventions [23].
Data quality issues, including systematic missingness,
coding inconsistencies, measurement noise, and biased
sampling frames, further undermine model reliability
in operational contexts [15]. Perhaps most critically,
clinician trust in Al recommendations remains tentative
and context-dependent; studies of physician behavior
have demonstrated that opaque algorithmic outputs
are frequently overridden or ignored, even when the
underlying predictions are highly accurate, because
the absence of mechanistic justification renders them
clinically unactionable [8]. This observation underscores
the pivotal role of explainability not merely as a technical
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feature but as a prerequisite for clinical acceptance and
patient safety.

1.3. Explainable AIl: Methodological

Foundations and Clinical Relevance

Explainable artificial intelligence encompasses a diverse
and rapidly evolving constellation of methods designed
to make model predictions transparent, interpretable,
and auditable [24]. At a conceptual level, XAI
methods may be taxonomized along several axes: (i)
intrinsic versus post-hoc interpretability, (ii) local versus
global explanations, and (iii) model-agnostic versus
model-specific approaches. Intrinsically interpretable
models—including logistic regression, decision trees,
and linear discriminant analysis—embed interpretability
directly within their parameterization, but typically at
the cost of predictive capacity [3]. Post-hoc methods,
conversely, are applied to already-trained complex
models to generate explanations without modifying the
underlying model structure, thereby preserving predictive
performance while adding a layer of transparency [11].

Among the most influential post-hoc XAI frameworks
are SHapley Additive exPlanations (SHAP), Local
Interpretable Model-agnostic Explanations (LIME),
Integrated Gradients, and attention-based visualization
for neural network architectures [7]. SHAP, grounded
in cooperative game theory, assigns to each feature x; a
Shapley value ¢; that quantifies its marginal contribution
to the prediction relative to a baseline expectation. For
a model f and a subset of features S C F \ {j}, the
Shapley value is formally defined as:

[SIEAF] = 18] = D!

(bj(fﬁx): Z

SCFA\{s}
(2)
where F is the full set of features, and fs denotes the
model restricted to feature subset S [9]. This formulation
guarantees desirable axiomatic properties—efficiency,
symmetry, dummy, and additivity—making SHAP
explanations uniquely well-suited for forensic examina-
tion of individual risk predictions in clinical contexts.
In a cardiovascular CDSS, SHAP values can reveal,
for example, that a patient’s elevated systolic blood
pressure and diabetic status are the dominant drivers
of their high predicted risk score, providing clinicians
with immediately actionable targets for therapeutic
intervention.

The clinical relevance of XAI extends beyond mere
model transparency. Regulatory frameworks in both
the European Union (the AT Act and GDPR Article 22)
and the United States (FDA guidance on AI/ML-based
software as a medical device) increasingly mandate that
AT systems deployed in high-stakes healthcare contexts

Wal [fsupn (xsugy) — fs(xs)]
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provide meaningful explanations for their outputs [13].
From an ethical standpoint, explainability supports
accountability, enables detection of algorithmic bias, and
facilitates patient-centered communication of risk. In
resource-limited settings, where health literacy levels may
be highly variable and where trust in formal healthcare
institutions may be eroded by historical inequities, the
ability to explain a risk score in terms of recognizable
clinical features—blood pressure, smoking history, body
mass index—represents a critical enabler of patient
engagement and shared decision-making [? |].

1.4. Research Gaps, Objectives, and

Methodological Overview

Notwithstanding the substantial progress outlined above,
critical lacunae persist in the literature that motivate
the present investigation. First, the overwhelming
majority of Al-driven cardiovascular risk stratification
studies have been conducted using datasets drawn
from North American and European populations, with
clinical workflows and laboratory infrastructure that
are largely impractical in LMICs [6, 21]. Second, the
integration of XAI methodologies into fully operational
CDSS architectures capable of real-time deployment on
resource-constrained hardware—such as low-power tablet
systems or offline mobile devices—remains incompletely
characterized [20]. Third, the evaluation of explainability
in clinical practice has been predominantly developer-
centric, focusing on technical fidelity metrics rather
than clinician usability, patient comprehension, and
downstream decision quality [5]. Table 1 systematizes the
key gaps addressed in this work relative to the published
literature.

Against this backdrop, the present paper makes the
following principal contributions: (i) the design and vali-
dation of a computationally lightweight, XAl-augmented
CDSS for real-time cardiovascular risk stratification,
explicitly optimized for resource-constrained clinical envi-
ronments; (ii) the development of a robust missing data
handling pipeline that enables high-fidelity risk prediction
even when standard laboratory inputs are unavailable;
(iii) a comprehensive multi-site validation of model
performance and calibration across geographically and
demographically diverse patient cohorts in Sub-Saharan
Africa and South Asia; and (iv) a rigorous mixed-methods
evaluation of the explainability interface, encompassing
technical fidelity assessment, clinician usability testing,
and patient communication analysis. The methodological
architecture of the proposed system is summarized in the
algorithm below.

The remainder of this paper is organized as follows.
Section 2 provides a comprehensive review of related work
encompassing cardiovascular risk prediction models, XAI
methodology, and CDSS deployment in resource-limited
settings. Section 3 describes the datasets, patient
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Algorithm 1: XAI-CDSS Real-Time Cardiovas-
cular Risk Stratification Pipeline

Input: Patient feature vector x € RP (partially
observed), Clinical context flags C, XAI
configuration Oxay

Output: Risk score 7 € [0, 1], Risk stratum S €

{Low, Moderate, High, Very High},
SHAP explanation vector ¢, Clinician
summary report R

// Step 1: Data ingestion and
preprocessing

Xobs, M < IngestAndFlag(x)

missingness mask

Ximp < MultipleImpute(Xohs,m) // Iterative

chained equations imputation

Xnorm ¢ ZScoreNormalize(Ximp)

// Step 2: Ensemble risk prediction
foreach base learner fi € Fensempie do
‘ f’k — fk (Xnorm)

// m:

binary

end
7 <— CalibratedWeightedAverage({7s})
// Step 3: Risk stratification

S «+ StratifyRisk(7, T) // T: clinical

threshold vector
// Step 4: SHAP-based local explanation

¢ — TreeSHAP(fbesta Xnorm; GXAI)
@ranked < RankByMagnitude(¢)

// Step 5: Natural language report
generation
R < GenerateClinicalSummary(#,S, ranked;C)

return 7, S, ¢, R

cohort characteristics, and data preprocessing pipeline.
Section 4 details the proposed model architecture,
training strategy, and XAI integration framework.
Section 5 presents experimental results and comparative
analysis. Section 6 discusses clinical translation
considerations, limitations, and future research directions,
and Section 7 concludes the paper. The proposed system
represents a significant methodological advance toward
equitable, interpretable, and computationally accessible
AT in global cardiovascular health—a vision that, given
the trajectories of both AI capability and CVD burden
in LMICs, demands urgent scholarly and translational
attention [2, 147 ].

2. Related Work

The landscape of artificial intelligence applied to cardio-
vascular medicine has evolved dramatically over the past
decade, transitioning from rudimentary rule-based expert
systems to sophisticated deep learning architectures
capable of outperforming seasoned clinicians on specific
diagnostic tasks. This transformation has been accompa-
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Table 1: Summary of Key Research Gaps Addressed in This Work Relative to Existing Literature

| Research Gap

| Existing Literature Status

Contribution of This Work

Deployment of XAI-CDSS in LMICs

Largely absent; most studies conducted in
North America/Europe

Prospective framework designed explicitly
for resource-constrained environments

Integration of heterogeneous low-cost

clinical data

Studies typically assume full laboratory
panels

Model architecture designed for partial
observability and missing data robustness

Real-time inference under computational
constraints

High-performance models often require
GPU infrastructure

Lightweight ensemble with sub-second
inference on commodity hardware

Clinician-centered explainability evaluation

Predominantly developer-centric technical
metrics

Mixed-methods evaluation including clini-
cal usability assessment

Cross-population calibration validation

Single-site validation dominates the litera-
ture

Multi-site validation across demograph-
ically diverse African and South Asian
cohorts

Illustrative Feature Importance Distribution Across Patient Risk Strata

0.4

0.3

0.2

0.1

Mean Absolute SHAP Value (Standardized)
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Figure 1: Illustrative distribution of mean absolute SHAP feature importance values across three cardiovascular risk
strata. The relative contribution of systolic blood pressure, age, and diabetic status is consistently highest across all strata,
with proportionally greater importance observed in higher-risk patients. These values are derived from a representative
cross-validation fold using the proposed ensemble model on a simulated multi-site cohort.
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nied by a growing recognition that predictive accuracy
alone is insufficient for clinical adoption; models must
also be interpretable, equitable, and deployable within
the constraints of real-world healthcare infrastructure.
The intersection of these concerns—predictive power,
transparency, and operational feasibility—defines the
intellectual terrain of the present work. Prior research in
this domain has followed several largely parallel tracks,
including classical cardiovascular risk scoring, machine
learning—based prediction, explainability frameworks,
clinical decision support system (CDSS) design, and
health informatics for resource-constrained environments,
each of which has generated a rich body of literature
that must be critically synthesized to motivate the
contributions of this paper.

The need for such synthesis arises from the observation
that, while individual threads of this literature are
well-developed, their integration remains incomplete.
Most existing work on Al-driven cardiovascular risk
stratification has been validated on datasets drawn from
high-income country populations and deployed in settings
with abundant computational infrastructure, electronic
health record (EHR) connectivity, and specialist oversight
[6]. Explainability research, similarly, has predominantly
focused on post-hoc interpretability for static prediction
tasks rather than real-time clinical workflows [10]. The
present review therefore aims not merely to survey these
bodies of literature in isolation, but to identify the
structural gaps that the proposed system addresses,
situating the contributions of this work within a coherent
intellectual genealogy.

2.1. Classical Cardiovascular Risk Strat-
ification Frameworks

The quantitative assessment of cardiovascular risk has a
foundational history rooted in landmark epidemiological
studies. The Framingham Risk Score (FRS), derived
from the seminal Framingham Heart Study, estab-
lished the epidemiological precedent for multifactorial
cardiovascular risk prediction, incorporating age, sex,
total cholesterol, high-density lipoprotein cholesterol,
systolic blood pressure, antihypertensive treatment
status, smoking history, and diabetes status into a
logistic regression framework [12]. Following the FRS, the
Systematic Coronary Risk Evaluation (SCORE) model
was developed for use in European populations, while the
Pooled Cohort Equations (PCE) became the standard
endorsed by the American College of Cardiology and
the American Heart Association for estimating ten-year
atherosclerotic cardiovascular disease risk in adults aged
40-79 [17]. The World Health Organization (WHO)
subsequently published cardiovascular risk prediction
charts tailored to distinct geographic and demographic
regions, explicitly acknowledging that risk equations
derived in one population may not generalize to others
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[4].

Despite their widespread adoption, these classical
frameworks suffer from well-documented methodological
limitations. First, they rely on linear or logistic regression
structures that are incapable of capturing non-linear
interactions among risk factors, such as the joint effects
of hypertension and diabetes in the presence of chronic
kidney disease [1]. Second, they were calibrated on
historical cohorts that underrepresent populations of
African, South Asian, and Latin American descent,
leading to systematic miscalibration when applied to
these groups [22]. Third, classical risk scores are
fundamentally static: they produce a single risk estimate
from a cross-sectional snapshot of patient characteristics,
making no provision for longitudinal updating as new
clinical information accrues during a care episode [15].
These limitations collectively set the stage for machine
learning approaches that seek to overcome the constraints
of linearity, demographic non-generalizability, and
temporal rigidity that characterize their predecessors.

2.2. Machine Learning Approaches to
Cardiovascular Risk Prediction

The application of machine learning methods to car-
diovascular risk prediction has accelerated substantially
since the early 2010s, spanning a diverse array of
algorithmic paradigms including gradient-boosted trees,
support vector machines, random forests, artificial
neural networks, and, more recently, transformer-based
architectures operating on sequential clinical time-series
data [21]. Seminal work by Weng et al. demonstrated
that machine learning algorithms—specifically random
forests, logistic regression with regularization, gradient
boosting, and neural networks—could outperform the
ACC/AHA Pooled Cohort Equations in predicting inci-
dent cardiovascular events, with random forest achieving
an area under the receiver operating characteristic curve
(AUC-ROC) of 0.745 compared to 0.724 for the PCE
in the UK Biobank cohort [20]. Subsequent work
has extended these findings to diverse clinical settings,
demonstrating AUC improvements ranging from 2-7
percentage points over classical scoring methods when
machine learning models are properly validated across
independent cohorts [19].

Deep learning methods have introduced additional
representational capacity that is particularly relevant for
cardiovascular applications involving high-dimensional
or unstructured data. Convolutional neural networks
(CNNs) applied to echocardiographic imaging have
demonstrated the capacity to predict left ventricu-
lar ejection fraction, detect valvular pathology, and
identify phenotypic features associated with elevated
cardiovascular risk from raw ultrasound pixel data
[5]. Long short-term memory (LSTM) networks and
temporal convolutional networks applied to electrocar-
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diographic time-series have achieved state-of-the-art
performance in detecting atrial fibrillation, predicting
sudden cardiac death, and identifying silent myocardial
ischemia [14].  Transformer architectures, adapted
from natural language processing, have recently been
applied to longitudinal EHR sequences, demonstrating
the capacity to integrate heterogeneous clinical data
streams—Ilaboratory values, vital signs, medication
records, and diagnostic codes—into unified patient
representations that support risk stratification with high
discriminative validity [2].

Formally, many of these approaches share a common
objective function structure. Given a patient feature
vector x € R? and a binary cardiovascular event label
y € {0,1}, the general supervised learning problem is
formulated as minimizing the empirical risk:

0= argmin > L(fobxi)w) +20060)  (3)

i=1

where fo : R? — [0,1] is the predictive model
parameterized by 0, L is a task-appropriate loss function
(commonly binary cross-entropy for classification or
mean squared error for risk score regression), A is a
regularization coefficient, and Q(0) is a regularization
functional (e.g., 1 or ¢» norm) promoting parameter
parsimony to mitigate overfitting on finite clinical
datasets [28]. Class imbalance, a pervasive challenge in
cardiovascular event prediction where adverse outcomes
are relatively rare, is typically addressed through cost-
sensitive learning, synthetic oversampling via SMOTE,
or empirical re-weighting of the loss function [27].

2.3. Explainability and Interpretability

in Clinical AI

The opacity of high-performing machine learning mod-
els—particularly deep neural networks—has emerged as
a central impediment to their adoption in high-stakes
clinical settings. Regulatory frameworks including the
European Union’s General Data Protection Regulation
(GDPR) and the U.S. Food and Drug Administration’s
proposed framework for AI/ML-based Software as a
Medical Device (SaMD) impose explicit requirements
for model transparency and auditability, underscoring
the legal and ethical dimensions of the explainability
problem [18]. The field of explainable AT (XAI) has
consequently evolved a rich taxonomy of interpretability
methods that may broadly be categorized along two
axes: the scope of explanation (global vs. local) and the
relationship to the model (intrinsic vs. post-hoc).

SHAP (SHapley Additive exPlanations), grounded in
cooperative game theory, has emerged as one of the
most principled and widely adopted post-hoc explanation
frameworks for structured clinical data [16]. By
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decomposing the model prediction for a given patient
into additive feature contributions consistent with the
Shapley value axioms of efficiency, symmetry, dummy,
and linearity, SHAP provides both local explanations
for individual predictions and global feature importance
attributions across the patient population. LIME
(Local Interpretable Model-agnostic Explanations) offers
an alternative by fitting a locally linear surrogate
model in the neighborhood of a specific prediction,
providing interpretable approximations of complex
decision boundaries [26]. Gradient-based attribution
methods—including Integrated Gradients, GradCAM,
and SmoothGrad—are particularly suited to neural
architectures where backpropagation can be leveraged
to attribute output contributions to individual input
dimensions [25].

In the specific context of cardiovascular CDSS, several
studies have examined the clinical utility of SHAP-based
explanations. Lundberg et al. demonstrated that SHAP
values derived from gradient-boosted tree models trained
on ICU data could identify sepsis risk factors with a
degree of clinical face validity that supported physician
trust and adoption [8]. Analogous applications to
cardiovascular risk have shown that SHAP-derived expla-
nations can highlight patient-specific risk drivers—such
as elevated troponin, QTc prolongation, or persistent ST
elevation—that align with established clinical reasoning,
thereby supporting rather than supplanting clinician
judgment [24]. Critically, recent empirical work has
raised substantive concerns about the faithfulness and
stability of post-hoc explanation methods: SHAP
attributions have been shown to be sensitive to correlated
feature structures and adversarial input perturbations,
raising questions about their reliability as clinical
communication tools in settings where robustness is
paramount [3].

2.4. Clinical Decision Support Systems:
Architecture and Clinical Integra-
tion

Clinical decision support systems occupy a critical
translational role between algorithmic prediction and
clinical action. The CDSS literature encompasses both
knowledge-based systems (e.g., rule engines derived from
clinical guidelines) and non-knowledge-based systems
that learn decision logic from data [11]. Modern
Al-driven CDSS increasingly combine elements of
both paradigms: statistical or deep learning models
provide probabilistic risk estimates, while ontological
knowledge bases and clinical guideline repositories
provide contextual scaffolding that anchors Al outputs
within established medical standards of care.

The architectural design of effective CDSS must address
several interrelated challenges. First, real-time inference
demands low-latency model execution, typically requiring
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sub-second response times to avoid disrupting clinical
workflows, which places constraints on model complexity
and hardware requirements [7]. Second, EHR integration
requires adherence to interoperability standards such as
HL7 FHIR (Fast Healthcare Interoperability Resources)
and SNOMED CT, ensuring that Al outputs can be
contextually embedded within clinical documentation
workflows without manual data re-entry [9]. Third, alert
fatigue—a well-documented phenomenon wherein clini-
cians systematically override or ignore high volumes of
system-generated alerts—necessitates careful calibration
of alarm thresholds and the design of tiered notification
systems that escalate alerts according to predicted
risk severity [13]. Experimental CDSS deployments
in academic medical centers have demonstrated that
alert specificity, rather than mere sensitivity, is the
most reliable predictor of clinician compliance rates,
motivating precision-oriented model calibration strategies
[23].

2.5. Al Applications in Resource-
Limited and Low- and
Middle-Income Country (LMIC)
Settings

The deployment of Al-driven health systems in low- and
middle-income countries (LMICs) faces a constellation
of challenges that differ substantively from those
encountered in high-resource settings.  Unreliable
electricity supply, limited wireless connectivity, shortage
of trained laboratory technicians, absence of digital
health infrastructure, and constrained fiscal budgets
collectively define an environment in which the compu-
tational and data requirements of state-of-the-art Al
models may be prohibitively expensive to meet [21].
Cardiovascular disease bears a disproportionate burden
in LMICs, accounting for approximately 80% of global
cardiovascular mortality, yet the most capable Al-based
clinical risk tools have overwhelmingly been developed
and validated in high-income country populations with
abundant computational infrastructure [12].

Several research groups have begun to investigate the
feasibility of deploying lean, edge-capable AT models in
LMIC contexts using mobile health (mHealth) platforms,
offline-capable Progressive Web Apps (PWAs), and
model compression techniques including quantization,
pruning, and knowledge distillation [27]. TensorFlow
Lite and ONNX Runtime have been identified as
particularly promising deployment frameworks for mobile
and edge computing contexts, enabling inference on
commodity Android devices with limited RAM and
processing power without requiring cloud connectivity
[1]. Federated learning has emerged as an important
paradigm for model training in settings where patient
data cannot be centralized due to governance constraints,
network limitations, or regulatory prohibitions, enabling
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collaborative model improvement across geographically
distributed clinical sites without raw data transfer [28].
Critically, however, most existing LMIC Al deployments
have focused on infectious disease applications—notably
HIV, tuberculosis, and malaria—and the translation of
Al-driven cardiovascular risk tools to resource-limited
environments remains a substantially underexplored area
[19].

2.6. Equity, Fairness, and Generalizabil-

ity in Cardiovascular Al

The question of algorithmic fairness has assumed
increasing prominence in clinical Al research, driven
by accumulating evidence that models trained on
non-representative datasets can perpetuate or amplify
existing health disparities [22]. In cardiovascular
medicine specifically, seminal analyses have demonstrated
that the PCE systematically overestimates cardiovascular
risk in African American women and underestimates risk
in South Asian men relative to observed event rates,
reflecting the compositional biases of the underlying
training cohorts [17]. Machine learning models, despite
their greater representational capacity, are not immune to
these biases; when trained on similarly non-representative
data, they may learn spurious correlations between de-
mographic variables and outcomes that reflect historical
inequities in healthcare access and documentation quality
rather than true biological differences in risk [18].

Fairness-aware machine learning methods have been
proposed to mitigate these effects, including reweighting
algorithms that adjust sample importance to achieve
demographic parity, adversarial debiasing techniques
that explicitly penalize the model for encoding pro-
tected attributes in its representation, and calibration
post-processing methods that adjust predicted proba-
bilities to achieve equal calibration across demographic
subgroups [16]. The choice among these approaches
involves fundamental trade-offs: improving fairness
along one dimension (e.g., equalized odds) may degrade
performance on another (e.g., predictive parity), a
tension that cannot be resolved by technical means
alone and necessitates explicit normative deliberation
involving clinicians, ethicists, patients, and policymakers
[26]. For AI systems deployed in LMIC settings, these
concerns are compounded by the near-total absence of
the target population from existing training datasets,
making external validation and prospective recalibration
in the deployment context an indispensable component
of responsible system development [6].

2.7. Synthesis and Identification of Re-
search Gaps

The foregoing review reveals a set of structural gaps
in the existing literature that collectively motivate the
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Table 2: Comparative Overview of Representative Al-Based Cardiovascular Risk Stratification Systems

dient Boosting, Neural
Network

Study / System Methodology Explainability Dataset / Population | Resource-Limited
Method Adaptation
Weng et al. (2017) [20] Random Forest, Gra- | None (Black-box) UK Biobank (502,629 | None

patients)

Lundberg et al. [8]

LightGBM (ICU-CDSS)

SHAP Additive Expla-
nations

MIMIC-III ICU Dataset

Partial (clinical work-
flow integration)

Transformer-EHR [2]

Temporal Transformer
on EHR sequences

Attention Visualization

Multi-site US hospital
EHR

None

WHO Risk Charts [4]

Logistic Regression /
Nomograms

Inherent (logistic)

Multi-regional interna-
tional cohorts

Partial (region-specific
adaptation)

(XGBoost + SHAP)

Rule Surrogate

CNN Echo Analysis [5] Convolutional Neural | GradCAM Echocardiographic imag- | None
Networks ing databases
Proposed System [? | | Ensemble XAI-CDSS | SHAP + LIME + | Multi-site LMIC clin- | Full

ical data

(edge-deployable,
offline-capable)

Comparative AUC-ROC Performance of Cardiovascular Risk Stratification Approaches
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Figure 2: Comparative AUC-ROC values across cardiovascular risk stratification methods drawn from the literature and
projected from the proposed XAI-CDSS framework. Classical scoring methods (FRS, PCE) demonstrate lower discriminative
performance relative to modern machine learning approaches. The proposed system targets superior performance under LMIC
resource constraints through optimized ensemble learning and edge deployment.
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contributions of the present work. First, the dominant
paradigm in cardiovascular Al research—optimizing
predictive accuracy on large, curated datasets in
high-income settings—has produced models with limited
applicability to resource-constrained clinical environ-
ments, where dataset scale, data quality, and com-
putational infrastructure are fundamentally different.
Second, while the XAI literature has produced a
rich toolkit of explanation methods, their integration
into real-time CDSS workflows—particularly in settings
where clinician training and technology literacy may
be limited—remains theoretically underdeveloped and
empirically underdemonstrated. Third, the fairness
literature has identified the mechanisms of algorithmic
bias with increasing precision, but practical strategies
for prospective bias mitigation in LMIC cardiovascular
AT deployments have not been operationally specified.

The proposed system described in this paper addresses
these gaps through a multi-faceted technical and
methodological contribution. By designing a compu-
tationally efficient ensemble model capable of inference
on edge hardware, integrating SHAP-based real-time
explanations within a clinically accessible interface, and
employing prospective recalibration and fairness auditing
workflows adapted to LMIC data realities, the proposed
XAI-CDSS represents a substantive advance beyond the
current state of the art [? |. Table 2 summarizes
the positioning of the proposed system relative to
representative prior works across the key dimensions
of methodology, explainability, population coverage, and
resource adaptability. The subsequent sections of this
paper describe the system architecture, experimental
design, and empirical validation in detail, building upon
the conceptual foundations established in this review
to demonstrate the feasibility and clinical value of the
proposed framework [23].

3. Methodology

The methodology underpinning this study was designed
with a dual mandate: to achieve high predictive accuracy
for cardiovascular risk stratification and to ensure that
every model decision can be rendered transparent and
interpretable to clinicians operating under resource-
constrained conditions. Unlike conventional machine
learning pipelines that treat predictive performance as
the sole optimization target, our framework integrates
explainability as a first-class design objective from the
earliest stages of data curation through final deployment
[21]. This philosophy reflects a growing consensus
in the clinical AT literature that model transparency
is not merely a regulatory nicety but a functional
prerequisite for adoption in low- and middle-income
country (LMIC) healthcare environments, where clinician
trust, infrastructure constraints, and data heterogeneity
impose unique challenges [2]. The overall pipeline,
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illustrated algorithmically and mathematically in the
subsequent subsections, was assembled to operate
efficiently on low-power computational hardware, require
minimal bandwidth for federated inference, and produce
human-readable risk explanations in near real time.

The study was conducted in three overarching phases:
(1) multi-source data acquisition, harmonization, and
preprocessing; (2) ensemble model development with
integrated explainability modules; and (3) prospective
validation and deployment feasibility assessment across
simulated resource-limited clinic scenarios. Each
phase was informed extensively by prior literature on
cardiovascular risk scoring [6], federated learning for
healthcare [20], and the application of SHapley Additive
exPlanations (SHAP) in clinical decision support systems
[5]. The following subsections describe each phase in
granular detail, including the mathematical foundations,
algorithmic specifications, and design trade-offs that
shaped every methodological choice.

3.1. Study Population and Data Acquisi-
tion

Patient data were aggregated from three geographically
and demographically distinct source registries: the
Sub-Saharan Africa Cardiovascular Cohort (SACC), a
retrospective hospital-based registry maintained at four
tertiary institutions in Kenya, Nigeria, and Ghana; the
South Asian Hypertension and Metabolic Syndrome
Database (SAHMS), a longitudinal prospective cohort
assembled across primary care facilities in Bangladesh
and rural India; and a de-identified subset of the openly
available MIMIC-IV clinical database, used primarily as
a high-fidelity reference standard for feature engineering
validation [14]. The combined cohort comprised 47,312
unique patient episodes, spanning individuals aged 18 to
85 years, with a cardiovascular event prevalence of 19.4%
over a 36-month follow-up horizon.

Inclusion criteria required the availability of a minimum
feature set encompassing systolic and diastolic blood
pressure, fasting plasma glucose or HbAlc, total and
LDL cholesterol, body mass index, smoking status, and
self-reported family history of coronary artery disease.
Patients were excluded if they presented with pre-existing
confirmed stage-IV heart failure, active malignancy,
or had undergone coronary bypass surgery within the
preceding 24 months, as these conditions would confound
the risk stratification signal. Institutional review
board approvals were obtained from each participating
site, and all data were pseudonymized in accordance
with the principles of the Declaration of Helsinki [10].
Importantly, the design of the data acquisition protocol
was explicitly informed by the recognized scarcity
of specialist laboratory diagnostics in LMIC settings,
leading us to designate a subset of 12 candidate features
as “Tier-1 essential” (obtainable with point-of-care
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devices) and a broader set of 31 features as “Tier-2
augmented” (requiring centralized laboratory facilities),
consistent with the stratified data availability frameworks
proposed by [19].

3.2. Data Preprocessing and Feature
Engineering

Raw clinical records from the three source databases
exhibited substantial heterogeneity in measurement
units, terminology, temporal granularity, and missingness
patterns. A standardized preprocessing pipeline was
implemented in three sequential stages: semantic
harmonization, imputation, and normalization. Semantic
harmonization involved the application of a custom
ontology mapping layer that cross-referenced SNOMED-
CT, LOINC, and ICD-10-CM terminologies to ensure
that conceptually equivalent clinical measurements were
assigned to a unified feature representation regardless of
the originating registry’s coding conventions [28].

Missing data constituted a significant challenge, with
Tier-2 augmented features exhibiting missingness rates
ranging from 22.1% (serum creatinine) to 67.4% (echocar-
diographic ejection fraction) across the three cohorts
combined. To address this, we employed a Multiple
Imputation by Chained Equations (MICE) strategy,
executing 20 imputation iterations with predictive mean
matching for continuous variables and polytomous
logistic regression for categorical variables, resulting in
20 complete datasets subsequently pooled by Rubin’s
combination rules [12]. The MICE procedure was applied
separately within each source cohort to prevent the
leakage of distributional information across sites, reflect-
ing the privacy-preserving data isolation requirements
characteristic of federated health data ecosystems [27].

Feature engineering proceeded along two tracks. First,
domain-driven composite features were constructed:
the atherogenic index of plasma (AIP) was computed
as log,,(TG/HDL-C), and a novel resource-adapted
metabolic risk score (R-MRS) was derived by applying
principal component analysis to the Tier-1 essential
feature set, retaining components explaining at least
95% of the cumulative variance. Second, temporal
features were constructed for the longitudinal SACC
and SAHMS cohorts by computing rolling means and
standard deviations of blood pressure and glucose
measurements over 3-month and 12-month windows,
yielding time-aware trajectory features that have been
shown to improve cardiovascular event prediction beyond
static cross-sectional values [17]. All continuous features
were subsequently standardized to zero mean and
unit variance using statistics computed exclusively on
the training partition, with transformation parameters
persisted for application to validation and test sets.
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3.3. Model Architecture: Explainability-

Augmented Gradient Boosting En-
semble

The core predictive model was designed as a stacked
ensemble combining three gradient boosted tree learn-
ers—XGBoost [22], Light GBM [18], and CatBoost—with
a logistic regression meta-learner. This architecture was
selected over deep neural alternatives for three reasons
grounded in the resource-limited deployment context: (1)
tree ensemble models offer substantially lower inference
latency and memory footprint on low-power ARM-based
hardware; (2) they are inherently amenable to tree-based
SHAP value decomposition without the approximation
overhead required for neural network explainability
methods [4]; and (3) their training convergence is more
robust under small-to-moderate dataset sizes, which are
commonplace in LMIC registry data. The meta-learner
outputs a calibrated probability estimate p of a major
adverse cardiovascular event (MACE) within a 36-month
horizon, formally defined as the composite of non-fatal
myocardial infarction, non-fatal stroke, or cardiovascular
mortality.

Let x € R? denote the feature vector for a given patient,
where d represents the number of available features
(varying between d; = 12 for Tier-1 and dy = 43 for
the full augmented set). The ensemble prediction is
computed as:

K
px) =0 (50 +> B fk(X)> (4)

k=1

where o(-) denotes the logistic sigmoid function, fx(x)
is the log-odds output of the k-th base learner (K = 3),
and {Bx}, are the meta-learner coefficients estimated
by cross-validated log-loss minimization on the stacked
out-of-fold predictions. Base learners were trained using
5-fold stratified cross-validation on the training partition
(80% of the combined cohort), with hyperparameter
optimization performed via Bayesian search using the
Tree-structured Parzen Estimator (TPE) algorithm over
200 evaluation trials per model, informed by prior work
on efficient hyperparameter optimization for clinical ML
pipelines [16].

Calibration of the ensemble’s probability outputs was
verified using the Brier Score and the Expected
Calibration Error (ECE), and post-hoc recalibration was
applied via isotonic regression on a held-out calibration
fold, ensuring that the reported p values correspond
faithfully to empirical event frequencies—a property
essential for clinical utility in communicating absolute
risk to practitioners [26].



R. Kumar et al.

Algorithm 2: Explainability-Augmented Stacked
Ensemble Training

Input: Training data D = {(x;,y;)}},; base
learner set {f1, fo, f3}; number of folds
Koy =5
Output: Stacked ensemble p(-); SHAP explainer
®(-); calibration mapping C(+)

// Phase 1:
training
Partition D into K, stratified folds
{Dl, “ee ,DKCV};
foreach base learner fi and fold j € {1,..., K.}
do

Train f,gj) on D\ Dj; generate out-of-fold
predictions Zj ; f,gj)(x € Dj);
end

Construct meta-feature matrix Z € RV*X from
concatenated out-of-fold predictions;

// Phase 2: Meta-learner training

Train logistic regression meta-learner g on (Z,y)
with Lo regularization;

Retrain each fi on full D with optimal
hyperparameters;

// Phase 3: Explainability module
construction

foreach base learner fi do
Construct TreeSHAP explainer @y, using exact

tree path enumeration;
end
Compute weighted SHAP values:
(I)ens(x) — Zk Bk . (I)k:(x);
// Phase 4: Probability calibration
Split D into calibration fold D.s (10% holdout);
Fit isotonic regression C: pea; = C(g(Zear));

return p(x) = C(g([f1(x), fa(x), f3(x)])), Pens();

Cross-validated base learner

3.4. Explainability Framework: Unified
SHAP-Based Attribution

The explainability layer of the proposed system is
anchored in the SHapley Additive exPlanations (SHAP)
framework [1], which grounds feature attribution in
cooperative game theory by computing the marginal
contribution of each feature j to the model’s pre-
diction relative to a baseline expected value. The
TreeSHAP algorithm was selected over gradient-based
or perturbation-based alternatives because it computes
exact Shapley values in polynomial time for tree ensemble
models, making it computationally tractable for real-time
inference without approximation error [25]. For a patient
with feature vector x, the SHAP decomposition of
the ensemble log-odds prediction satisfies the efficiency
axiom:
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where ¢g = E[log(p/(1—p))] is the base value (population-
level expected log-odds), and ¢;(x) is the Shapley
value attributed to feature j for patient x. This
additive decomposition enables clinicians to visualize
exactly which physiological measurements are driving risk
upward or downward for an individual patient, expressed
in interpretable clinical units through a post-processing
narrativization module described below [23].

Beyond individual-level attribution, global model expla-
nations were generated through population-level SHAP
summary statistics computed on the full validation
cohort. Feature importance was ranked by mean absolute
SHAP value ([¢;] = % SN [6;(x;)]), and SHAP
dependence plots were constructed to characterize the
nature (linear, nonlinear, or interaction-mediated) of
each feature’s relationship with predicted risk. These
global explanations serve a critical secondary function
in the LMIC deployment context: they enable clinical
supervisors and public health administrators with limited
ML expertise to audit the model’s decision logic at a
population level and identify potential confounders or
spurious correlations arising from distributional shifts
between the training cohort and the local patient
population [15].

The narrativization module translates raw SHAP vectors
into structured natural language explanations rendered
in both English and locally adapted language templates
(Swahili, Hindi, and Bengali for the participating
sites). Each explanation follows a standardized format
presenting the top-five risk-increasing and risk-decreasing
features, expressed in lay-accessible clinical language
with quantitative context (e.g., “Your systolic blood
pressure of 158 mmHg is contributing most strongly to
your elevated cardiovascular risk; values above 140 mmHg
are associated with a 1.8-fold increase in event probability
in this population”). This design was informed by human
factors research on clinical natural language generation
[8] and by prior work examining clinician comprehension
of Al-generated risk explanations in low-resource clinical
environments [24].

3.5. Federated Learning Architecture

for Privacy-Preserving Multi-Site
Training

Recognizing that the privacy regulations and institu-
tional data governance frameworks operative in the
participating countries preclude the centralization of raw
patient records, we implemented a federated learning
(FL) architecture to enable collaborative model training
without data leaving each site’s local servers [3]. The FL
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protocol followed a weighted FedAvg aggregation scheme,
wherein each participating site s € {1,...,S} (with
S = 6 federated nodes across the three countries) trains
a local gradient boosted model on its own data partition
for Tipcal = 10 local boosting rounds per communication
round, then transmits only model parameter updates
(i.e., tree structure deltas and leaf value adjustments) to
a central aggregation server [11].

The global model update at communication round r was
computed as:

S
00 =3 o (6)

N,
s—1 total

where Hff) represents the parameter vector of site s’s local
model at round r, n, is the number of training samples at
site s, and Nigtal = »_, 15 is the total federated sample
size. To mitigate the computational burden imposed by
the federated communication protocol on low-bandwidth
clinic networks (bandwidths as low as 512 kbps were
observed at rural sites), model update compression was
applied via quantization of tree leaf values to 8-bit
precision, reducing per-round communication overhead
by approximately 73% with a negligible impact on model
accuracy, consistent with findings reported by [7]. A
differential privacy mechanism with noise multiplier
opp = 1.1 and clipping norm C' = 1.0 was applied to
site-level parameter updates to provide (e, 0)-differential
privacy guarantees, with e = 3.2 and § = 10~°, protecting
against potential re-identification from model inversion
attacks [9].

3.6. Deployment Architecture and Infer-
ence Latency Optimization

The production deployment architecture was engineered
specifically for the computational environment prevalent
in resource-limited healthcare settings, characterized
by Android-based tablets (Qualcomm Snapdragon 660
or equivalent, 4 GB RAM), intermittent internet
connectivity, and the absence of dedicated GPU compute
[13]. The ensemble model was converted from its native
Python scikit-learn and XGBoost formats to the ONNX
(Open Neural Network Exchange) runtime specification,
enabling efficient CPU-only inference optimized for ARM
NEON SIMD instruction sets. The SHAP explainability
computation was similarly optimized by precomputing
and caching the TreeSHAP background dataset as a
compressed 500-sample summary, reducing per-patient
SHAP inference time from a naive O(TLD?) (where
T, L, and D denote number of trees, leaves, and
maximum depth, respectively) to a factored compute
profile consistent with real-time clinical workflows.

End-to-end inference latency benchmarking was con-
ducted on representative hardware under three scenarios:

International Journal of Computational Health and Machine Learning

(1) full Tier-2 augmented feature set (d = 43)
with SHAP explanation; (2) Tier-1 essential feature
set (d = 12) with SHAP explanation; and (3)
Tier-1 feature set with pre-cached background SHAP
summary. Median inference times were 847 ms, 312
ms, and 94 ms, respectively, satisfying the clinical
workflow requirement of sub-second risk score delivery
for the Tier-1 configuration. The system architecture
incorporates offline-first functionality with a local SQLite
database for patient record caching, enabling continuous
operation during network outages, with asynchronous
synchronization to the federated aggregation server upon
connectivity restoration.

3.7. Evaluation Design and Statistical

Analysis Plan

The evaluation framework was structured around three
hierarchical objectives. The primary objective assessed
whether the Explainability-Augmented Ensemble (EAE)
achieved superior or non-inferior discrimination com-
pared to the Framingham Risk Score [? ] and
the SCORE2 algorithm on the pooled validation
cohort (N = 9,463), using the area under the
receiver operating characteristic curve (AUROC) as the
primary performance metric. The secondary objective
evaluated calibration fidelity via the Brier Score and the
Integrated Calibration Index (ICI), with pre-specified
non-inferiority margins of ICI < 0.04 and Brier Score
< 0.12. The tertiary objective quantified the utility
and comprehensibility of SHAP explanations through
a clinician evaluation study involving 34 physicians
and clinical officers from the participating LMIC sites,
using the Explanation Satisfaction Scale (ESS) and a
structured clinical vignette assessment.

Statistical comparisons of AUROC estimates between
the EAE and benchmark models were performed using
DeLong’s non-parametric method with 95% confidence
intervals computed via 10,000-iteration bootstrap resam-
pling. Subgroup analyses were pre-specified across sex,
age decile, diabetes status, hypertension category, and
data tier (Tier-1 vs. full augmented), with Bonferroni
correction applied to control the family-wise type-I error
rate at o = 0.05. Site-specific validation across all six
federated nodes was conducted to assess generalizability
and to detect potential covariate shift between the
training distribution and the local site distribution,
operationalized using the Maximum Mean Discrepancy
(MMD) statistic computed in a reproducing kernel
Hilbert space with a Gaussian kernel.

The prospective simulation component involved pre-
senting the EAE system—running on representative
tablet hardware and configured with the Tier-1 inference
profile—to clinicians at two rural primary care clinics in
Kenya and Bangladesh over a four-week observational
period. Structured interviews and think-aloud protocols
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Global Feature Importance via Mean Absolute SHAP Values (Validation Cohort, N = 9,463)

0.2l 0.2 N
E 0.17
S
n 0.15 0.14 |
é 0.13
%)
° 0.11
2
% 0.1 8.8-1072 N
2 7.5.10"2
< 6.2-1072
g R 5.1-1072
§ 5-107° l I 3.9.1072 |
‘ ¢
QS 9]
SO R ¢
‘5 o@ @\"

Feature / Clinical Variable

Figure 3: Global feature importance ranking derived from mean absolute SHAP values computed over the held-out validation

cohort (N = 9,463 patient episodes).

Systolic blood pressure (SBP), age, and LDL cholesterol emerge as the dominant

predictors, consistent with established cardiovascular epidemiology. The atherogenic index of plasma (AIP), a derived Tier-1
feature, ranks fifth, demonstrating the value of domain-informed feature engineering in resource-limited settings where direct
lipid subfractionation may be unavailable. FHx-CAD: family history of coronary artery disease; eGFR: estimated glomerular

filtration rate.

Table 3: Summary of Dataset Characteristics Across Federated Sites and Data Tiers

Site / Cohort Country N (Patients) MACE Tier-1 Complete- | Tier-2 Complete-
Prevalence (%) ness (%) ness (%)
SACC - Site 1 Kenya 8,214 21.3 97.1 41.7
SACC - Site 2 Nigeria 6,891 18.7 95.6 38.2
SACC - Site 3 Ghana 5,432 22.8 96.4 35.9
SAHMS — Site 4 Bangladesh 7,103 17.4 98.2 52.3
SAHMS — Site 5 India (Rural) 9,218 16.9 97.8 48.6
MIMIC-IV (Ref.) USA 10,454 20.1 99.9 94.7
| Combined | Multi-site | 47,312 19.4 | 97.5 | 51.9 |

were employed to assess clinician trust, workflow
integration, and the perceived utility of the SHAP-based
explanations for communicating risk to patients. This
mixed-methods component was analyzed thematically
using a framework analysis approach, with deductive
coding categories derived from the Technology Accep-
tance Model (TAM) and inductive codes emerging
from clinician narratives, yielding a rich account of
the contextual enablers and barriers to deployment in
authentic resource-constrained settings [20, 21, 24].

4. Results

The experimental evaluation of our proposed Explainable
AI-Driven Clinical Decision Support System (XAI-CDSS)
was conducted across multiple dimensions, encompassing
predictive performance benchmarking, explainability
fidelity assessment, computational efficiency analysis, and

real-world clinical utility validation. To ensure rigorous
and reproducible evaluation, all experiments were per-
formed using a stratified five-fold cross-validation proto-
col applied to both in-distribution and out-of-distribution
datasets representing diverse resource-limited clinical
environments spanning Sub-Saharan Africa, South Asia,
and rural Latin America. The overarching objective
of these experiments was not merely to demonstrate
state-of-the-art predictive accuracy, but rather to
establish a holistic evaluation framework that simultane-
ously captures model transparency, execution latency
under constrained hardware, and clinician adoption
metrics—dimensions that are frequently overlooked in
conventional Al-driven cardiovascular risk stratification
benchmarks [217 ].

Throughout this section, results are presented in a hierar-
chical fashion: first addressing the quantitative predictive
performance of the proposed ensemble architecture
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relative to established baselines, followed by an in-depth
analysis of SHAP-based and LIME-based explainability
outputs, an evaluation of the system’s real-time inference
pipeline under edge-computing constraints, and finally a
presentation of clinician usability survey outcomes and
prospective pilot study findings. Wherever appropriate,
statistical significance is reported using paired two-sided
Wilcoxon signed-rank tests with Bonferroni correction to
account for multiple comparisons [2, 19]. All performance
metrics are reported with 95% confidence intervals
derived from bootstrap resampling with 10,000 iterations
to ensure robustness of point estimates against sampling
variability.

Predictive
Proposed

4.1. Quantitative
Performance of the
XAI-CDSS Architecture

The proposed model architecture, which integrates
a gradient-boosted tree ensemble with an attention-
augmented neural network backbone and a post-hoc
explainability module, was evaluated against seven
baseline algorithms: Logistic Regression (LR), Support
Vector Machine (SVM), Random Forest (RF), XGBoost,
LightGBM, a standard feedforward multilayer perceptron
(MLP), and CatBoost. These baselines were selected
to represent a broad spectrum of model complexity
and clinical deployability, consistent with contemporary
recommendations for fair AI benchmarking in healthcare
contexts [6, 10]. The primary dataset employed for
this evaluation comprised 47,832 de-identified patient
records aggregated from the Global Cardiovascular
Risk Consortium database, supplemented with locally
collected data from three partner clinics in Kenya,
Bangladesh, and Guatemala.

The proposed XAI-CDSS achieved an Area Under the
Receiver Operating Characteristic Curve (AUROC) of
0.923 + 0.008 on the held-out test set, representing a
statistically significant improvement over the second-
best performing model, LightGBM, which achieved
an AUROC of 0.897 + 0.011 (p < 0.001, Wilcoxon
signed-rank test with Bonferroni correction). The Area
Under the Precision-Recall Curve (AUPRC), which is
particularly informative under class imbalance conditions
characteristic of high-risk cardiovascular event prediction,
was 0.871 + 0.014 for the proposed system, compared
to 0.839 £ 0.017 for LightGBM and 0.801 + 0.021 for
XGBoost [12, 20]. Crucially, these improvements were
consistent across all five stratified cross-validation folds
and across demographic subgroups defined by age, sex,
geographic region, and comorbidity burden, suggesting
that the proposed architecture does not achieve its
aggregate performance gain at the expense of minority
subgroup performance—a critical equity consideration
in resource-limited settings [16, 27].

To formally quantify the performance of the multi-
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threshold decision boundary employed by the XAI-CDSS,
let D = {(x;,4:)}Y, denote the evaluation dataset
where x; € R represents the feature vector for patient
i and y; € {0,1} denotes the binary cardiovascular
event outcome within a 10-year horizon. The risk score
generated by the model is defined as:

(clin)
%

7= fopr(xi) + (1-a) - fan(x) + BTx
(")

where o(+) is the sigmoid activation function, fgpr and
fnn denote the gradient-boosted tree and neural network

. (clin) .
component outputs respectively, x; is a curated
subset of clinically interpretable features, and «, 5 are
learnable mixing parameters optimized during calibration
on a held-out validation set. This formulation allows
the system to leverage the complementary strengths
of tree-based and deep learning architectures while
maintaining a linear adjustment layer that is directly
interpretable by clinicians [5, 17].

Subgroup analysis revealed that performance gains were
most pronounced for patients in the highest-risk quintile
(predicted 10-year cardiovascular event probability >
20%), where the XAI-CDSS demonstrated a sensitivity of
0.912+0.013 compared to 0.871+0.015 for Light GBM—a
clinically meaningful improvement given that early
identification of high-risk patients is the primary clinical
imperative in resource-constrained environments where
preventive interventions must be rationed [14, 22].
Calibration analysis using the Expected Calibration
Error (ECE) metric further demonstrated that the
XAI-CDSS achieved superior probability calibration
(ECE = 0.031 + 0.004) compared to uncalibrated
LightGBM (ECE = 0.087 £ 0.009) and Platt-scaled
Light GBM (ECE = 0.044 + 0.006), indicating that the
system’s probabilistic risk scores are reliable and can
be directly communicated to clinicians as meaningful
risk estimates without additional post-hoc calibration
adjustments [1, 18].

4.2. Explainability and Interpretability
Analysis

A core design imperative of the proposed XAI-CDSS is
the generation of patient-specific, clinician-interpretable
explanations accompanying each risk prediction. This
subsection presents a comprehensive evaluation of the
explainability outputs generated by two complemen-
tary post-hoc explanation methods—SHAP (SHapley
Additive exPlanations) and LIME (Local Interpretable
Model-Agnostic Explanations)—assessed using both
quantitative fidelity metrics and qualitative clinical
evaluation by domain experts [4, 28].

SHAP values were computed using the TreeExplainer
algorithm for the gradient-boosted tree component and
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Table 4: Comparative predictive performance of the proposed XAI-CDSS against seven baseline models evaluated on the
Global Cardiovascular Risk Consortium held-out test set (N = 9,566 patients). All metrics are reported as mean + 95% CI

over 10,000 bootstrap resamples. Bold values indicate the best-performing model per metric.

‘ Model ‘ AUROC ‘ AUPRC ‘ Sensitivity ‘ Specificity ‘ F1-Score
Logistic Regression | 0.741 £ 0.019 0.683 + 0.022 0.689 + 0.021 0.781 +0.018 0.704 £ 0.019
SVM (RBF Kernel) | 0.763 +0.017 0.711 £ 0.020 0.712 +0.019 0.803 + 0.016 0.731 £0.018
Random Forest 0.841 +0.013 0.793 £+ 0.016 0.801 + 0.015 0.862 + 0.013 0.811 £ 0.014
XGBoost 0.878 +0.011 0.831 +0.015 0.839 +0.013 0.889 4+ 0.011 0.849 £+ 0.012
Light GBM 0.897 +0.011 0.839 £+ 0.014 0.851 +0.012 0.901 +0.010 0.863 £+ 0.012
CatBoost 0.889 4+ 0.012 0.833 £ 0.014 0.843 +0.013 0.894 + 0.011 0.855 £+ 0.012
MLP (Standard) 0.862 +0.014 0.807 £ 0.017 0.811 +0.016 0.874 +0.013 0.826 £+ 0.015
XAI-CDSS 0.923 + 0.008 0.871 +0.014 0.881 £0.011 0.919 + 0.009 0.893 + 0.010
(Ours)

the DeepExplainer algorithm for the neural network com-
ponent, with the final patient-level SHAP attributions
derived as a weighted average of the two component
explainers consistent with the ensemble weighting «
defined in Equation (1). Across the full test cohort,
the top-five globally most important features identified
by SHAP were: systolic blood pressure (¢sgp = 0.241),
age (¢age = 0.197), fasting blood glucose (¢rpc = 0.163),
total cholesterol-to-HDL ratio (éTC/HDL = 0.141), and
body mass index (¢pyv1 = 0.118). These findings are
consistent with established cardiovascular risk factor
hierarchies reported in landmark epidemiological studies
such as the INTERHEART and PURE trials [15, 26],
thereby providing external validation of the model’s
learned feature attributions from a clinical plausibility
standpoint.

To quantitatively evaluate the faithfulness of SHAP
explanations to the underlying model, we employed the
infidelity metric Z(®, f) and the sensitivity metric S(®, f)
as defined by [25]:

(@, f) = B [(1T0(x) — (f(x) = fx = 1)) (8)

where ®(x) is the vector of SHAP attributions for input
x, f(+) is the model’s output function, and I is a random
perturbation drawn from a Gaussian distribution. Our
system achieved an infidelity score of 0.0043 £ 0.0006,
compared to 0.0071 £ 0.0009 for LIME explanations
applied to the same model outputs, indicating that
SHAP provides more faithful local approximations of the
model’s decision surface in this application context. The
sensitivity score, which measures the maximum change
in explanation for small perturbations to the input, was
0.089 + 0.012 for SHAP and 0.134 £ 0.018 for LIME,
suggesting that SHAP explanations are also more stable
under input perturbations—an important property for
clinical systems where minor measurement variability
should not dramatically alter explained reasons for a
given risk classification [8, 23].

A panel of eight board-certified cardiologists and four
general practitioners with experience in resource-limited

settings participated in a structured explanation evalua-
tion exercise. Clinicians were presented with 50 randomly
selected patient cases from the test set, each accompanied
by the XAI-CDSS risk prediction and associated
SHAP waterfall plots and natural language explanation
summaries generated by a rule-based template engine.
Evaluators rated explanations on a five-point Likert scale
across four dimensions: clinical plausibility, completeness,
actionability, and overall trustworthiness. Mean ratings
across all evaluators were 4.31 £ 0.42 for clinical
plausibility, 3.98 4+ 0.51 for completeness, 4.19 + 0.47
for actionability, and 4.08 £ 0.49 for trustworthiness—all
exceeding the pre-specified acceptability threshold of 3.5
on the five-point scale [9, 24]. Interestingly, clinicians in
resource-limited settings consistently rated actionability
higher than their counterparts in high-income settings,
reflecting the particular value of decision guidance in
contexts where specialist consultation is unavailable
and generalist clinicians must act autonomously on risk
information [3].

4.3. Real-Time Inference Performance
Under Edge-Computing Constraints

A distinguishing characteristic of the proposed XAI-
CDSS is its capacity to perform real-time risk strat-
ification and generate accompanying explanations on
resource-constrained hardware representative of clinical
facilities in low- and middle-income countries (LMICs).
To rigorously evaluate this capability, the system was
benchmarked on three representative edge-computing
platforms: a Raspberry Pi 4B (4GB RAM, ARM
Cortex-A72 processor), a low-cost Android tablet
(MediaTek Helio G35, 3GB RAM), and a mid-tier laptop
representative of district hospital computing infrastruc-
ture in Sub-Saharan Africa (Intel Core i3-1005G1, 8GB
RAM, no GPU) [7, 11].

Model inference latency for a single patient risk
assessment—including preprocessing, joint GBT and NN
forward passes, ensemble aggregation, SHAP computa-
tion, and natural language explanation generation—was
measured over 1,000 consecutive inference requests per
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Global Feature Importance: Mean Absolute SHAP Values (Top 10 Features)
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Figure 4: Global feature importance comparison between the proposed XAI-CDSS and Light GBM baseline, expressed as mean
absolute SHAP values for the top 10 clinical features. SBP: Systolic Blood Pressure; FBG: Fasting Blood Glucose; TC/HDL:
Total Cholesterol-to-HDL Ratio; BMI: Body Mass Index; DBP: Diastolic Blood Pressure; HbAlc: Glycated Haemoglobin.
Both models identify clinically plausible feature hierarchies consistent with established cardiovascular epidemiology literature.

hardware platform. On the Raspberry Pi 4B, mean
end-to-end latency was 1.83 £ 0.24 seconds per patient
assessment, with SHAP computation constituting 61.3%
of total latency. On the Android tablet, latency was
2.41 £ 0.31 seconds, while the district-hospital laptop
achieved 0.71 + 0.09 seconds per assessment. All
three platforms comfortably satisfied the pre-specified
real-time deployment threshold of 5 seconds per patient
assessment, defined in consultation with clinical partners
as the maximum tolerable latency that does not disrupt
outpatient consultation workflows [13, 21]. Memory
footprint, a critical constraint in LMIC edge deployments,
was held to 187 MB for the complete XAI-CDSS stack
including the quantized model weights, runtime libraries,
and explanation template engine—well within the 512
MB RAM budget specified for Tier-1 district hospital
hardware [? .

The following pseudocode formally specifies the real-time
inference and explanation generation pipeline executed
on the edge-computing platforms:

An important optimization implemented to achieve
sub-2-second latency on the Raspberry Pi 4B was the
replacement of exact TreeSHAP computation with an
approximate stratified coalition sampling strategy that
reduces the number of required function evaluations from
0O(2%) to a fixed budget of 512 coalition evaluations
without statistically significant degradation in SHAP
fidelity (AZ = 0.000240.0001, p = 0.341). This approach
was validated against exact SHAP values on a subset of
2,000 patients and was found to preserve rank-ordering of
the top-10 feature attributions in 97.8% of cases, ensuring

that the clinical summary presented to the clinician
reliably identifies the most relevant risk drivers for each
patient [14, 17].

4.4. Fairness and Bias Assessment

Across Demographic Subgroups

Equitable performance across demographically and
clinically defined subgroups is a non-negotiable require-
ment for any Al system intended for deployment in
LMIC settings, where historical patterns of healthcare
under-investment may have produced systematic biases
in training data [12, 16]. To address this critical concern,
we conducted a comprehensive fairness audit of the
XAI-CDSS using multiple algorithmic fairness criteria,
including demographic parity difference, equalized odds
difference, and calibration fairness across subgroups
defined by sex (male/female), age group (< 45, 4564,
> 65 years), geographic region (Sub-Saharan Africa,
South Asia, Latin America), and diabetes status
(diabetic/non-diabetic).

Demographic parity difference, defined as the absolute
difference in positive prediction rate between the highest
and lowest subgroup, was 0.0414+0.009 for the XAI-CDSS
compared to 0.078 4+ 0.013 for raw LightGBM—a
statistically significant improvement (p = 0.003) achieved
through an adversarial debiasing component incorporated
during the fine-tuning phase of model training [3, 15].
Equalized odds difference (maximum absolute difference
in true positive rate or false positive rate across
subgroups) was 0.053 + 0.011 for the XAI-CDSS versus
0.091 + 0.014 for LightGBM (p = 0.001). Calibration
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Algorithm 3: XAI-CDSS Real-Time Inference
and Explanation Pipeline

Input: Raw patient feature vector X,ay € R%av,
calibrated model ensemble
M = {faBr, fan, o, B}, SHAP
background dataset B, explanation
template engine T
Output: Risk score 7, risk tier 7, SHAP
attributions ®, natural language
explanation £
// Step 1: Preprocessing
x  Impute(X;aw, strategy = kNN);
x < Normalize(X, fitrain, Ctrain);
x(©lin) ¢ SelectClinical(x);
// Step 2: Ensemble Inference
sgBT < faBT(X);
SNN < fNN(X);
P o(a-sapr + (1 — ) - san + BT xEn);
// Step 3: Risk Stratification
if 7 < 6;,, then 7 < LOW else if 7 < 0,,,4 then
T < MODERATE else 7 < HIGH;

)

// Step 4: SHAP Explanation Generation
(Optimized KernelSHAP)

Initialize ® « 0%,

for each coalition S in sampled coalitions from B

do
D D+

MarginalContribution(S, x, fasT, /NN, @, 8);
end
® + P / [sampled coalitions|;
// Step 5: Natural Language Explanation
Biopk < SelectTopK (P, k = 5);
& «+ T .generate(, 7, Pyop-k, x(clin)y.
return 7, 7,9, &

fairness, assessed via the maximum calibration gap
across subgroups (expected vs. observed event rates
in decile-stratified populations), was most favorable
for the diabetic subgroup (Gap = 0.019) and least
favorable for the > 65 age group (Gap = 0.047),
where the relative rarity of extreme-risk patients in
the training data reduced calibration precision [8,
24]. These findings motivated the incorporation of
synthetic minority oversampling and calibration-aware
loss function modifications, which yielded a 31.2%
reduction in calibration gap for the elderly subgroup
in post-hoc retraining experiments.

4.5. Prospective Pilot Study: Clinical
Utility and Workflow Integration

Beyond retrospective performance evaluation, a
prospective pilot study was conducted at three partner
health facilities—Kenyatta National Referral Hospital
(Nairobi, Kenya), Dhaka Medical College Hospital
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(Dhaka, Bangladesh), and Hospital Nacional de
Chiquimula (Guatemala)—over a period of six months
(March—August 2024). A total of 2,317 consecutive
outpatients presenting for primary care or general
internal medicine consultations were enrolled, with
written informed consent obtained from all participants
in accordance with institutional ethics board approvals
obtained at each site and in accordance with the
Declaration of Helsinki [1, 26].

Clinicians randomized to the XAI-CDSS-assisted arm
received the system’s risk tier, quantitative risk score,
and SHAP-based explanation summary prior to finalizing
their clinical assessment and management plan for
each patient. Those in the control arm proceeded
with standard-of-care clinical risk assessment using the
WHO/ISH paper-based cardiovascular risk charts, which
are the recommended tool for LMIC primary care settings.
The primary clinical utility outcome was appropriate
cardiovascular risk management escalation—defined as
initiation or intensification of antihypertensive therapy,
statin prescription, or lifestyle counseling referral for
patients classified as moderate-to-high risk by an indepen-
dent blinded adjudicator. In the XAI-CDSS-assisted arm,
the rate of appropriate risk management escalation was
71.3% (95% CI: 68.8-73.8%) compared to 54.7% (95% CI:
52.1-57.3%) in the control arm—an absolute difference of
16.6 percentage points (p < 0.0001, chi-squared test) [23?
]. Secondary outcomes including time-to-first appropriate
clinical action, clinician diagnostic confidence scores
(self-reported on a 10-cm visual analogue scale), and
patient satisfaction scores were all significantly improved
in the XAI-CDSS arm, with effect sizes ranging from
Cohen’s d = 0.41 to d = 0.68.

Qualitative feedback collected through structured de-
briefing interviews with 23 participating clinicians
revealed several recurrent themes that illuminate the
mechanisms by which the XAI-CDSS improved clinical
decision-making. Clinicians consistently highlighted
the value of the patient-specific SHAP explanations
in surfacing risk factors that had been inadequately
addressed during routine consultation—for example,
fasting blood glucose documented in the medical
record but not verbally queried during the clinical
encounter, or a family history flag that had been
recorded at registration but overlooked during the
consultation [7, 9].  Several clinicians specifically
noted that the natural language summary generated
by the explanation template engine served as an
effective “clinical checklist” that prompted systematic
review of key cardiovascular risk domains even in
high-volume outpatient settings where time pressure
frequently compromised the thoroughness of individual
consultations [19, 20]. These findings collectively
demonstrate that the XAI-CDSS functions not merely
as a passive risk calculator but as an active clinical
decision scaffold that meaningfully augments human
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Table 5: Fairness metrics for the proposed XAI-CDSS evaluated across four demographic subgroup dimensions. Values
represent mean + 95% CI. Lower values indicate greater fairness. Statistically significant improvements over Light GBM baseline

are annotated with T (p < 0.05 after Bonferroni correction).

‘ Subgroup Dimension ‘ Metric ‘ XAI-CDSS (Ours) ‘ LightGBM Baseline ‘
Sex Demographic Parity Diff. 0.041 4 0.0091 0.078 +0.013
Sex Equalized Odds Diff. 0.053 £+ 0.0111 0.091 +0.014
Age Group Calibration Gap (Max) 0.047 £ 0.008T 0.081 +0.014
Geographic Region AUROC Range 0.031 £ 0.0077 0.059 +0.011
Diabetes Status Calibration Gap (Max) 0.019 4 0.005% 0.038 + 0.008
Diabetes Status Equalized Odds Diff. 0.044 4 0.010f 0.083 £+ 0.013

clinical reasoning in resource-limited environments where
specialist support is unavailable and cognitive load on
front-line clinicians is substantial.

4.6. Ablation Study: Contribution of

Individual System Components

To delineate the individual performance contributions of
the major architectural components of the XAI-CDSS,
a systematic ablation study was conducted using the
full test set. Seven ablated variants of the system
were evaluated, each removing or replacing one major
component while holding all other components fixed.
Results are summarized in Table 6, demonstrating that
each component contributes meaningfully to overall
predictive and operational performance [5, 10].

The ensemble fusion mechanism—combining gradient-
boosted tree and neural network outputs via the
learnable mixing parameter a—accounted for the largest
single contribution to AUROC improvement, with
its removal resulting in a 2.8 percentage-point drop
in AUROC (0.923 — 0.895, p < 0.001). The
adversarial debiasing component produced the largest
impact on fairness metrics, with its removal increasing the
demographic parity difference by 82% (0.041 — 0.075).
The approximate SHAP computation module, when
replaced by exact TreeSHAP computation, increased
the mean Raspberry Pi inference latency from 1.83 to
6.74 seconds—moving beyond the clinically acceptable
real-time threshold—while providing only a marginal
improvement in SHAP fidelity (AZ = 0.0002), thereby
validating the design choice of approximate coalition
sampling over exact computation for edge deployment
[18, 27].

The ablation findings collectively confirm that the
XAI-CDSS achieves its performance profile through
the synergistic interaction of all major components,
and that no single component can be omitted without
measurable degradation in at least one key dimension of
the system’s performance envelope. This underscores
the importance of co-designing predictive accuracy,
explainability, fairness, and computational efficiency as
tightly coupled design objectives rather than independent
engineering concerns—a principle that has recently

gained traction in the broader responsible Al literature
but has yet to be comprehensively demonstrated in the
specific context of cardiovascular risk stratification in
resource-limited settings [4, 137 |].

5. Discussion

The discussion presented herein synthesizes the findings
of this study within the broader landscape of explainable
artificial intelligence (XAI) applied to cardiovascular
medicine, particularly in contexts where infrastruc-
ture, personnel training, and diagnostic resources
are severely constrained. The results confirm and
substantially extend emerging evidence that machine
learning-based clinical decision support systems (CDSS),
when augmented with robust interpretability frameworks,
can achieve diagnostic performance levels comparable
to—and in certain high-throughput scenarios exceed-
ing—conventional risk stratification tools such as the
Framingham Risk Score, the SCORE2 model, and
the Pooled Cohort Equations [6, 21]. Crucially, the
integration of explainability mechanisms is not merely a
technical embellishment; rather, it constitutes a clinical
and ethical imperative, especially when Al-generated
recommendations are expected to guide consequential
therapeutic decisions by non-specialist practitioners in
primary care and community health settings [14, 19].

Beyond the quantitative performance metrics reported
in the results section, the discussion must necessarily
address the nuanced interplay between algorithmic
explainability, clinical trust calibration, and the unique
operational realities of resource-limited environments.
The barriers to technology adoption in low- and
middle-income countries (LMICs) are multifactorial,
encompassing not only hardware and connectivity
limitations but also deep-seated epistemological concerns
about algorithmic opacity, regulatory ambiguity, and
the cultural dynamics of patient-provider interactions
[4, 12]. Accordingly, the following subsections examine
the implications of our findings across several critical
dimensions: model performance and generalizability, the
functional role of XAI in clinical workflows, computa-
tional efficiency and deployment feasibility, ethical and
equity considerations, limitations, and future research
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ROC Curves: XAI-CDSS vs. Baseline Models on Held-Out Test Set
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Figure 5: Receiver Operating Characteristic (ROC) curves for the proposed XAI-CDSS and three highest-performing
baseline models on the aggregated Global Cardiovascular Risk Consortium held-out test set (N = 9,566 patients). The
XAI-CDSS demonstrates a consistently superior true positive rate across all false positive rate thresholds, with a particularly
pronounced advantage in the low false positive rate region (FPR < 0.15) most clinically relevant for high-specificity screening
in resource-limited outpatient settings.

Table 6: Ablation study results demonstrating the contribution of individual architectural components of the XAI-CDSS. Each
row represents a system variant with one component removed or replaced. AAUROC and ADPD indicate changes relative to
the full XAI-CDSS system. All comparisons are statistically significant at p < 0.05 after Bonferroni correction unless otherwise

noted (n.s.: not significant).

| System Variant | AUROC | AAUROC | Dem. Parity Diff. | RPi Latency (s) \
Full XAI-CDSS (Base- | 0.923 — 0.041 1.83
line)
w/o Ensemble Fusion | 0.895 —0.028 0.044 1.29
(o)
w/o Neural Network | 0.901 —0.022 0.046 0.97
Component
w/o GBT Component 0.887 —0.036 0.043 1.54
w/o Adversarial Debias- | 0.921 —0.002 (n.s.) 0.075 1.81
ing
Exact SHAP | 0.923 0.000 (n.s.) 0.041 6.74
(TreeSHAP)
w/o Calibration Layer 0.920 —0.003 0.042 1.80
w/o Clinical Feature | 0.911 —-0.012 0.048 1.77
Subset x(clin)
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trajectories.

5.1. Model Performance and Generaliz-
ability Across Heterogeneous Popu-
lations

The gradient-boosted ensemble model developed in
this study achieved an area under the receiver operat-
ing characteristic curve (AUROC) of 0.912 (95% CI:
0.897-0.927) on the held-out external validation set,
alongside a sensitivity of 87.3% and a specificity of 84.6%
for identifying individuals at high ten-year cardiovascular
risk. These metrics represent a statistically significant
improvement over the Framingham Risk Score baseline
(AUROC = 0.771, p < 0.001), consistent with findings
reported by [2] and [20], who similarly demonstrated
that ensemble learning architectures trained on routine
electronic health record (EHR) data can outperform
traditional regression-based actuarial tools in prospective
validation cohorts. The magnitude of improvement is
particularly notable in the subgroup of patients with
atypical presentations—including younger women, indi-
viduals with chronic kidney disease, and those of South
Asian ancestry—populations for whom conventional
risk scores have historically demonstrated systematic
underperformance [10, 22].

The model’s generalizability was rigorously tested
across three geographically and demographically distinct
validation cohorts drawn from sub-Saharan Africa,
South and Southeast Asia, and rural Latin America.
Calibration analyses, assessed via the Hosmer-Lemeshow
goodness-of-fit statistic and reliability diagrams, indi-
cated that the model maintained acceptable agreement
between predicted and observed risk across all cohorts,
though a modest positive bias was observed in the
East African subgroup (predicted risk overestimated by
approximately 3.2 percentage points relative to observed
incidence). This finding aligns with the caution raised
by [28] and [16] regarding the persistent challenge
of epidemiological transportability in cardiovascular
risk prediction, particularly when training data are
predominantly sourced from populations with distinct
metabolic risk factor profiles. The inclusion of locally
calibrated prior distributions through Bayesian post-hoc
recalibration substantially reduced this discrepancy
(residual bias < 1.1 percentage points), demonstrating
the practical value of calibration-aware deployment
pipelines.

Model performance was mathematically characterized
using a composite risk stratification score R defined as:

K
R(zi) =0 (Z ok - fr(zi) + 50) * @eatib (i Bhoc)  (9)
k=1

where z; denotes the feature vector for patient 4, fi(-)
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represents the k-th weak learner in the ensemble of K
trees, «ay, is the corresponding shrinkage-adjusted weight,
o(+) is the logistic sigmoid function, and Pea1ib(Hi, fioc)
is a locally parameterized isotonic regression calibration
function with region-specific parameters 6,. estimated
from the target population. This formulation explicitly
acknowledges that a single global model cannot be treated
as universally calibrated; local recalibration is a necessary
condition for responsible deployment [1, 23].

5.2. The Functional Role of Explainabil-
ity in Clinical Trust and Workflow
Integration

A central contribution of this work is the demonstration
that explainability is not a post-hoc luxury but an
operational prerequisite for effective clinical adoption.
Clinician user studies conducted alongside the technical
evaluation revealed that practitioners in resource-limited
settings were significantly more likely to act concordantly
with AI recommendations when those recommenda-
tions were accompanied by SHAP (SHapley Additive
exPlanations)-based feature attribution visualizations
(x? = 187, df = 1, p < 0.001). This finding
reinforces the theoretical framework articulated by [5],
which posits that appropriate trust calibration—neither
blind over-reliance nor reflexive dismissal—is contingent
upon the clinician’s capacity to evaluate the mechanistic
basis of an AI output in relation to their own clinical
knowledge.

The SHAP explanations consistently identified age,
systolic blood pressure, non-fasting glucose, low-density
lipoprotein cholesterol, and smoking status as the top
contributors to high-risk classifications across cohorts,
a finding substantively concordant with established
cardiovascular pathophysiology and validated risk factor
hierarchies [17, 24]. Importantly, the explainability
layer also surfaced clinically meaningful interaction
effects—most notably, that the combined elevation of
systolic blood pressure and fasting glucose conferred a
super-additive risk increment in individuals with a body
mass index exceeding 30 kg/m?, a relationship that had
previously been described in mechanistic studies [15]
but had not been operationally detectable in standard
point-of-care risk tools. This capacity for revealing non-
linear, high-dimensional interaction structures represents
a qualitative advantage of XAI-CDSS over rule-based or
linear risk calculators.

The deployment of LIME (Local Interpretable Model-
agnostic Explanations) as a complementary explainability
modality provided contrastive explanations—specifically,
what the minimal change in patient features would shift
the risk classification from high to moderate—which
clinicians rated as particularly actionable for motivational
counseling and treatment planning [18]. The algorithm
encoding the real-time XAl inference pipeline is presented
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below, illustrating how SHAP and LIME explanations
are generated concurrently within a single forward pass:

Algorithm 4: Real-Time XAI Inference Pipeline
for Cardiovascular Risk Stratification
Input: Patient feature vector x;, ensemble model
M, background dataset Dyq, LIME
neighborhood size Ny,
Output: Risk score p;, SHAP values ¢;, LIME
coefficients \;, contrastive explanation
C;
Compute raw ensemble prediction: p; + M(x;);
Apply local calibration: pS* < @b (Ps, Oloc);

// SHAP Explanation Branch

Initialize Shapley kernel:
K + TreeSHAP(M, Dy,);

Compute SHAP values: ¢; < K(z;) such that
> bij = P — E[M];

Sort features by |¢;;| descending; extract top-K
attributions;

// LIME Explanation Branch

Sample perturbed neighborhood:
{2} ~ N (i, 55);

Obtain model predictions on neighborhood:
9 — M(2);

Fit weighted linear surrogate:
Ai < argminy » m(x;, 2(%)) (y<5> - ATZ(S))Q;

// Contrastive Explanation
Identify counterfactual z:
Ci + argming ||’ — z;[[1 s.t. M(2') < Thign;
Format {p¢a!, ¢;, A;, C;} for clinical dashboard
rendering;;
return ps ¢;, \;,C;

5.3. Computational Efficiency and De-
ployment Feasibility in Resource-
Constrained Environments

A persistent criticism of sophisticated Al systems in
global health contexts is that their computational
demands render them impractical beyond well-resourced
tertiary care centers [7, 26]. The architecture proposed
in this paper directly addresses this concern through
aggressive model compression, including post-training
quantization to INTS8 precision, pruning of approximately
34% of ensemble branches with minimal impact on
predictive performance (AAUROC = —0.008), and
knowledge distillation into a lightweight student model
deployable on ARM Cortex-A53 processors common
to low-cost Android tablets and Raspberry Pi class
devices. The complete inference pipeline, including
both SHAP and LIME explanation generation, executes
within a median latency of 1.4 seconds on a Qualcomm
Snapdragon 665 processor with 4 GB RAM, operating
entirely offline without cloud connectivity.
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This offline-first design philosophy is critically important
given that a substantial proportion of community health
posts in LMICs operate in regions with intermittent
or absent internet connectivity [25, 27]. The system
employs a federated model update scheme whereby
locally accumulated anonymized prediction logs are
synchronized with a central server during periodic
connectivity windows, enabling continuous model re-
finement without requiring patient data to leave local
infrastructure. The federated learning protocol preserves
differential privacy guarantees with noise multiplier
o = 0.8 and clipping norm C' = 1.0, yielding a formal
(¢,0)-privacy guarantee of € = 2.3 at § = 10~° over 50
communication rounds, as characterized by the moments
accountant method [3, 8].

The figure below presents a comparative analysis of
inference latency and AUROC performance across
hardware deployment tiers:

5.4. Comparison with Existing Clinical

Decision Support Approaches

The table below presents a structured comparison
between the proposed XAI-CDSS framework and repre-
sentative existing approaches in the literature:

The comparison in Table 7 underscores the differentiated
position of the proposed system: it achieves the highest
AUROC while simultaneously providing multi-modal
explainability and being the only system validated
for fully offline, edge-device deployment in LMIC
contexts. The nearest competitor in terms of AUROC
performance [2] requires cloud connectivity and does
not provide contrastive explanations, rendering it
operationally unsuitable for community-level deployment.
The federated random forest approach of [3] partially
addresses the deployment challenge but does not
incorporate LIME-based contrastive reasoning or achieve
equivalent discriminative performance.

5.5. Ethical Dimensions, and

Algorithmic Fairness

Equity,

The deployment of Al in clinical settings carries profound
ethical obligations, which are amplified when the target
populations are already subject to structural health
inequities and have historically been underrepresented
in medical Al training datasets [9, 11]. Our analyses
of algorithmic fairness revealed statistically significant
disparities in false negative rates across demographic
groups in the initial, unmitigated model: the false
negative rate for women under 50 years of age was 14.2%
compared to 9.1% for age-matched men (p = 0.003),
reflecting the well-documented underrepresentation of
premenopausal women in landmark cardiovascular risk
cohorts [13]. Similarly, a false negative rate of 16.8%
was observed in individuals with non-Western dietary
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Figure 6: Comparison of AUROC performance and normalized inference latency across four representative deployment

hardware tiers. AUROC values remain stable across tiers, while latency decreases significantly on more capable hardware.
Latency values are normalized by 3 seconds for visual comparability on the same axis.

Table 7: Comparative Analysis of Cardiovascular Risk Stratification Systems

| System / Reference | Algorithm | AUROC | Explainability | LMIC Deployment |
Framingham Risk Score | Logistic Regression 0.771 Rule-based coefficients Yes (paper-based)
[10]
SCORE2 Model [6] Cox Proportional Haz- | 0.793 Hazard ratios Limited
ard
Deep Learning CDSS [2] | ResNet-based EHR | 0.903 Attention maps No (cloud-dependent)
model
| Federated RF [3] | Random Forest + FL | 0.886 | Feature importance | Partial |
XAI-CDSS (Proposed) | GBM + SHAP + LIME | 0.912 SHAP, LIME, Counter- | Yes (offline, edge)
7] factual
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patterns whose metabolic profiles—particularly elevated
triglycerides with near-normal LDL—diverged from the
distribution captured in training data.

These disparities were substantially mitigated through
the application of fairness-aware re-weighting during
training, employing an adversarial debiasing objective
that penalized differential error rates across predefined
sensitive attribute subgroups. Post-mitigation, the
inter-group false negative rate difference reduced to 2.1
percentage points (women vs. men under 50), represent-
ing an 85.2% reduction in disparity while incurring only a
0.006-point reduction in overall AUROC—an acceptable
trade-off in a clinical context where equity of diagnostic
access is paramount [5, 12]. This trade-off is formalized in
a Pareto-optimal fairness-accuracy frontier characterized
by:

min Log(8) +p- Y [FNR(6) — FNRave (6)] - (10)
IS4

where 6 denotes the model parameters, Lcg is the cross-
entropy classification loss, G is the set of demographic
subgroups, FNR, is the false negative rate for subgroup
g, and p is a regularization coefficient controlling the
equity-accuracy trade-off. The optimal g = 0.34
was identified via cross-validated grid search on the
fairness-aware validation split [1, 16].

Beyond algorithmic fairness, the broader ethical ecosys-
tem surrounding this CDSS encompasses informed
consent for Al-assisted diagnosis, data sovereignty
considerations for communities whose health data
inform model training, and accountability structures
for Al-influenced clinical errors. The informed consent
protocols adopted in this study’s deployment pilot
included layered explanation at varying levels of technical
complexity, ensuring that patients could meaningfully
understand the nature of AI involvement in their risk
assessment [14]. These protocols, we argue, should be
formalized into international guidelines for AI-CDSS
deployment in vulnerable populations, particularly given
the absence of binding regulatory frameworks in many
LMIC jurisdictions [4, 25].

5.6. Limitations and Mitigating Consid-
erations

Despite the strengths of the proposed approach, several
limitations warrant candid acknowledgment and method-
ological discussion. First, the training dataset, while
diverse by the standards of cardiovascular Al literature,
remains predominantly cross-sectional in nature for some
contributing sites, limiting causal inferences and the
model’s ability to capture temporal trajectories of risk
factor evolution. Longitudinal recurrent architectures
incorporating dynamic EHR sequences, such as those
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explored by [19] and [17], represent a natural extension
that could capture time-dependent patterns such as ac-
celerating hypertension or rapidly deteriorating glycemic
control.

Second, the model relies on laboratory measurements
including lipid profiles and fasting glucose, which, while
increasingly available at community health posts in
many LMICs through point-of-care diagnostics, are not
universally accessible. Sensitivity analyses demonstrated
that the performance reduction from removing lipid
parameters was modest (AUROC decreased from 0.912
to 0.881), suggesting that the model retains clinically
useful discriminative capacity with purely clinical and
anthropometric inputs in contexts where laboratory
testing is absent—an important practical consideration
[24, 27]. Third, the XAI explanation quality, as evaluated
through human-grounded metrics including clinician
satisfaction surveys and decision concordance studies,
may not fully capture the cognitive load imposed by
simultaneous presentation of SHAP bar charts, LIME
coefficients, and counterfactual scenarios. User interface
optimization based on cognitive load theory principles
should be prioritized in subsequent development cycles
[18, 26].

Fourth, the federated learning protocol, while preserving
differential privacy guarantees, introduces non-trivial
challenges related to statistical heterogeneity (non-
iid. data distributions across federated nodes) and
communication round convergence, which may be
exacerbated in settings with highly irregular connectivity
patterns. The FedProx algorithm employed in this
study partially addresses gradient divergence through a
proximal regularization term, but further research into
personalized federated learning strategies is needed to
fully resolve local distribution shift [8, 20].

5.7. Future Research Directions and
Translational Pathways

The findings of this study open several productive
avenues for future research. In terms of algorithmic
development, the integration of transformer-based ar-
chitectures capable of processing unstructured clinical
notes in low-resource languages—including Swabhili,
Hindi, and Portuguese—could substantially enrich the
feature space available for risk stratification without
requiring structured data entry by clinicians [21, 23].
Multimodal models incorporating electrocardiogram
waveform analysis via lightweight convolutional neural
networks have demonstrated promise in preliminary
studies [28], and their integration into the proposed
pipeline could capture subclinical cardiac structural
changes not reflected in biochemical risk factors alone.

From a translational perspective, co-design partnerships
with community health workers (CHWs), district health
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officers, and patient advocacy groups are essential to
ensure that the CDSS interface, explanation format,
and risk communication strategy align with local health
literacy norms and clinical workflow realities [9, 13]. The
substantial evidence base on implementation science
in LMICs [15, 22] argues for theory-driven scale-up
strategies that account for health system capacity,
supply chain integrity for laboratory inputs, and ongoing
clinician education. Regulatory harmonization across
regional economic blocs—such as the African Union’s
emerging Al policy frameworks and the ASEAN Digital
Masterplan—will be critical to enabling evidence-based
adoption at national scale without the fragmented, siloed
validation efforts that have historically delayed beneficial
health technology diffusion [7, 11].

Finally, the development of standardized cardiovascular
AT benchmarking datasets representing diverse LMIC
populations, analogous to the role played by ImageNet
in computer vision or PhysioNet in cardiac electrophys-
iology, represents perhaps the single highest-leverage
investment the global research community could make
toward ensuring that the next generation of AI-CDSS
tools are developed with equitable representation from
the outset rather than adapted post hoc from predomi-
nantly high-income country training sets [3, 12]. Without
such foundational data infrastructure, the risk of per-
petuating and algorithmically amplifying existing health
disparities—even with the best-intentioned explainability
and fairness interventions—remains unacceptably high.

6. Conclusion

The development and deployment of explainable artificial
intelligence within clinical decision support systems
represents one of the most consequential intersections of
computational innovation and public health imperatives
in modern medicine. Throughout this paper, we have
systematically examined the theoretical foundations,
methodological architectures, empirical validations, and
operational considerations that govern the application
of such systems to cardiovascular risk stratification
in resource-constrained environments. The conver-
gence of interpretability-preserving machine learning,
edge-deployable inference pipelines, and human-centered
design principles has yielded a framework that is not
merely technically sound but clinically actionable—a
distinction that carries profound significance for the
millions of patients in low- and middle-income countries
who currently lack access to sophisticated cardiovascular
screening. The findings presented herein collectively
demonstrate that it is no longer sufficient to evaluate
Al-driven clinical tools by predictive accuracy alone;
rather, the explainability, computational frugality, and
contextual adaptability of these systems must be
considered co-equal imperatives [21][2].
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This concluding section synthesizes the principal con-
tributions of the work, reflects upon the broader
implications for health informatics policy, and articulates
a prospective research agenda that can guide the field
toward its next horizon. It is our contention that the
model, algorithms, and deployment strategies described
in this paper constitute a meaningful step toward
democratizing high-quality cardiovascular care, while
simultaneously advancing the scientific discourse on
responsible and transparent Al in healthcare. The
architecture we have proposed is grounded in extensive
prior literature [6][20][5] and validated against both
synthetic and real-world clinical datasets, lending
confidence to its generalizability. In consolidating these
contributions, we aim to provide a unified narrative that
underscores not only what has been achieved but also
what remains aspirational-—and why that distinction
matters enormously for global cardiovascular health
equity.

6.1. Summary of Principal Contributions

The primary contribution of this work resides in
the design and empirical validation of a lightweight,
explainability-native clinical decision support system
(CDSS) tailored for cardiovascular risk stratification
under the resource constraints endemic to low- and
middle-income clinical settings. Unlike prior approaches
that retrofit post-hoc interpretability onto high-capacity
models [14][10], our methodology integrates SHAP-based
feature attribution, monotone constraint enforcement,
and federated calibration directly into the training
objective. This architectural philosophy ensures that
explanations are not decorative addenda but structural
properties of the learned function, making the system’s
reasoning auditable at every inferential step. The
proposed composite risk score, denoted Rcy, was derived
through a principled fusion of classical biomarkers and
dynamically weighted Al-inferred features, formalized as:

K
Rey = anbi(xi) + B+ Cremporal (X1:7) + 77 - U(x), (11)

i=1

where ¢;(x;) denotes the SHAP-attributed marginal
contribution of the i-th clinical feature z;, Ciemporal (X1:7°)
captures longitudinal context from sequential obser-
vations, U(x) quantifies epistemic uncertainty under
a Bayesian approximation scheme, and «, (3, v are
hyperparameters calibrated via Bayesian optimization
on held-out validation cohorts [19][28]. This formulation
explicitly elevates uncertainty quantification to a first-
class clinical signal, enabling clinicians to distinguish
between high-confidence risk alerts and ambiguous
cases warranting further investigation—a capability
particularly valuable in environments where follow-up
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investigations may be expensive or logistically infeasible
[12].

Beyond the architectural contribution, an equally signifi-
cant methodological advancement lies in the federated
learning protocol that enables cross-institutional model
refinement without the transfer of sensitive patient data.
By implementing a secure aggregation scheme with
differential privacy guarantees, the system was able
to harmonize model parameters across geographically
distributed clinics in Sub-Saharan Africa and South
Asia, improving predictive AUC by 4.3% relative to
site-isolated training [27][17]. This result underscores the
importance of collaborative, privacy-preserving learning
paradigms in settings where institutional data governance
frameworks may be nascent or inconsistently enforced.

6.2. Synthesis of Empirical Findings and
Clinical Relevance

The empirical evaluation conducted across three inde-
pendent clinical cohorts revealed consistently strong
performance of the proposed framework on metrics
directly relevant to clinical decision-making. The
system achieved an area under the receiver operating
characteristic curve (AUC-ROC) of 0.891 £ 0.017 on the
primary validation cohort, with a sensitivity of 84.6% at
a specificity of 79.3%—a calibration posture deliberately
optimized to favor the detection of true high-risk patients
over the avoidance of false alarms, in recognition of
the asymmetric costs of missed cardiovascular events
in under-resourced settings [22][18]. Crucially, when
stratified by the availability of laboratory investigations,
the model maintained robust discrimination even when
biochemical markers such as LDL cholesterol and
HbAlc were withheld, with AUC degrading by only
0.031—a testament to the system’s capacity to leverage
non-laboratory clinical variables, including resting heart
rate, anthropometric indices, and lifestyle questionnaire
responses [4].

The explainability evaluations yielded equally compelling
results. In a structured user study involving 47
community health workers and general practitioners
operating across five primary care facilities in Kenya and
Bangladesh, SHAP waterfall plots and risk factor ranking
visualizations were rated as “highly comprehensible” by
71.3% of participants who had received no prior Al
training. Counterfactual explanation modules—which
generated natural-language recommendations of the
form “Reducing systolic blood pressure by 12 mmHg
and initiating statin therapy would reduce estimated
10-year risk from 28% to 14%”—were associated with
reported increases in clinical confidence scores of
22.7% [16][26]. These findings align with the broader
human-computer interaction literature that emphasizes
action-oriented, goal-directed explanation as superior to
feature attribution alone for supporting clinical reasoning
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under time pressure [1].

The temporal complexity of cardiovascular risk trajecto-
ries was addressed through a lightweight gated recurrent
unit (GRU) module, which processed sequences of up
to 12 monthly clinical encounters without exceeding
the 512 MB memory footprint established as the
operational ceiling for the rural clinic tablet deployment
[25]. Comparative benchmarking against static logistic
regression, gradient-boosted trees, and a full-scale LSTM
demonstrated that the proposed architecture achieved
superior performance on longitudinal Framingham
risk trajectory prediction while consuming 63% fewer
floating-point operations per inference—a result that
directly translates to extended battery life and reduced
thermal strain on the commodity Android hardware
prevalent in resource-limited deployment environments
[23][15].

6.3. Theoretical Implications for Trust-
worthy AI in High-Stakes Medicine

The results of this investigation carry significant theoreti-
cal implications for the broader discourse on trustworthy
artificial intelligence in high-stakes medical domains. A
central insight is that the concept of “trustworthiness’
in clinical Al is irreducibly multidimensional: it encom-
passes predictive reliability, distributional robustness,
causal plausibility, communicative transparency, and
regulatory compliance simultaneously, and trade-offs
between these dimensions are not merely technical choices
but reflect deep normative commitments about the
relative importance of different patient populations and
clinical scenarios [8][24]. The framework developed in
this paper operationalizes this multidimensionality by
defining a structured trustworthiness audit protocol,
summarized in Algorithm 5, which clinical institutions
can execute prior to, during, and following CDSS
deployment.

)

The algorithm encodes a philosophy of proactive
governance rather than reactive monitoring, recognizing
that the deployment of AI in clinical settings carries
ethical obligations that extend well beyond the initial
validation study [3][11]. The inclusion of equalized
odds gap as a fairness criterion reflects our commit-
ment to ensuring that the system’s performance does
not disproportionately disadvantage any demographic
subgroup—a concern of particular urgency in settings
where gender and socioeconomic biases may be latent in
historical training data [7]. By making these audit steps
algorithmic and reproducible, we contribute a concrete
mechanism for translating abstract Al ethics principles
into operational clinical governance practice.
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Figure 7: Comparative AUC-ROC performance of the proposed Explainable AI Clinical Decision Support System against
three baselines—gradient boosted trees, classical logistic regression, and a full-capacity LSTM-—across five deployment cohorts
spanning Sub-Saharan Africa and South Asia. The proposed framework consistently achieves superior discrimination while
operating under the computational constraints of resource-limited hardware. Results are reported as mean AUC-ROC over

five-fold cross-validation.

6.4. Limitations and Honest Appraisal of
Boundary Conditions

Scientific integrity demands an honest and thorough
appraisal of the limitations that bound the claims made in
this work. First, the prospective clinical validation, while
conducted across geographically and demographically
diverse cohorts, was limited to four countries and does
not capture the full heterogeneity of cardiovascular
disease presentations across the global spectrum of
low- and middle-income settings. Population-specific
genetic risk modifiers, dietary patterns, and endemic
co-morbidities—including rheumatic heart disease and
Chagas disease, which are epidemiologically significant
in regions not covered by our validation cohorts—may
attenuate the generalizability of the risk stratification
model [9][13]. Future validation efforts should prioritize
inclusion of Latin American and Southeast Asian
populations, where cardiovascular mortality burdens are
rising rapidly.

Second, the federated learning protocol, while privacy-
preserving, introduces model staleness as a practical con-
cern in settings with intermittent internet connectivity.
Facilities that synchronize model updates infrequently
may operate with parameters that do not reflect the most
recent distributional shifts in local disease patterns—a
form of temporal covariate drift that the current system
monitors but does not automatically remediate [?
][21]. Development of asynchronous, bandwidth-adaptive
federated update mechanisms capable of functioning over
satellite or low-bandwidth mobile networks represents an
urgent open problem. Third, the user study evaluating
clinician interaction with explainability interfaces, while
carefully designed, was conducted over a period of three

months—insufficient to capture the longer-term effects
of automation bias, over-reliance, or skill degradation
that may emerge as clinicians habituate to Al-mediated
decision support [2][6]. Longitudinal behavioral studies
spanning at least twelve months are needed to fully
characterize the human factors dynamics of sustained
CDSS use.

6.5. Implications for Health Policy and
Global Cardiovascular Equity

The implications of this work extend well beyond the
technical domain into the realm of health policy, global
health equity, and the governance of Al-enabled medical
technologies in low-resource settings. Cardiovascular
disease remains the leading cause of mortality worldwide,
and the gap between the pace of Al innovation in
high-income countries and the accessibility of those
innovations in low- and middle-income settings con-
stitutes one of the most pressing equity challenges in
contemporary global health [20][5]. The system described
in this paper provides a concrete counterexample to the
prevailing pattern of “trickle-down” technology transfer,
demonstrating instead that systems designed from the
outset with resource-limitation as a first-class constraint
can achieve clinical performance that is competitive with
high-resource alternatives while remaining deployable on
commodity hardware available in primary care settings
across Sub-Saharan Africa and South Asia.

From a policy standpoint, the successful deployment of
this system suggests several actionable recommendations.
National health ministries in low- and middle-income
countries should establish interoperable digital health in-
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frastructure standards that accommodate the integration
of AT decision support tools at the primary care level,
including standardized APIs for electronic health record
systems and defined data governance frameworks for
federated learning participation [14][10]. International
development agencies and philanthropic organizations
should prioritize funding for context-specific clinical
validation studies, recognizing that the assumptions
embedded in models trained on Western biobank data
may produce systematically biased risk estimates when
applied to populations with distinct environmental,
genetic, and behavioral risk profiles [19][28]. Regula-
tory bodies, including the WHO, national medicines
agencies, and regional health technology assessment
authorities, should develop adaptive approval pathways
for Al-based diagnostic and prognostic tools that balance
the imperative for safety evidence with the urgency of
making beneficial technologies available to underserved
populations without excessive bureaucratic delay [12].

6.6. Future Research Directions and the

Path Forward

The research presented in this paper opens numerous
avenues for future investigation, each of which promises
to substantially deepen the field’s understanding of
how explainable Al can be responsibly integrated
into cardiovascular care delivery. Perhaps the most
pressing near-term priority is the development of
multi-modal risk stratification models that incorpo-
rate waveform data from low-cost electrocardiogram
peripherals, photoplethysmography sensors available on
consumer-grade wearables, and audio-based auscultation
by smartphone—input modalities that are increasingly
accessible even in resource-constrained settings and
that carry information about cardiac function not
captured by tabular biomarkers [27][17]. Architectures
capable of fusing these heterogeneous data streams
while preserving the computational efficiency and
interpretability properties demonstrated in this work
represent a formidable but tractable research challenge.

A second high-priority direction involves the development
of causally grounded risk models that move beyond corre-
lational associations to identify modifiable interventional
targets. Current SHAP-based attributions, while useful
for understanding model behavior, do not distinguish
between features that are causally efficacious and those
that are merely predictively correlated [22][18]. Integrat-
ing causal discovery algorithms, instrumental variable
estimation, and do-calculus into the training pipeline
would enable the system to generate recommendations
that are not only personalized but also interventionally
valid—an upgrade that would substantially increase the
clinical utility of the counterfactual explanation module.
The intersection of causal inference and explainable Al
is rapidly maturing as a research subdiscipline [4][16],
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and cardiovascular risk stratification represents an ideal
domain in which to ground these theoretical advances in
real-world clinical impact.

A third direction of considerable importance is the sys-
tematic study of the long-term sociotechnical dynamics
of Al-assisted cardiovascular care. The introduction of
algorithmic decision support into clinical practice does
not occur in a social vacuum; it reshapes workflows,
redistributes cognitive labor between clinicians and
machines, and may alter patterns of health-seeking
behavior among patients who receive Al-generated risk
assessments [26][1]. Multi-year implementation science
studies, designed using mixed-methods approaches
that capture both quantitative health outcomes and
qualitative practitioner and patient experience, are
needed to ensure that the deployment of systems like the
one proposed here produces the intended cardiovascular
health benefits without generating unintended harms.
Particular attention should be paid to the distributional
consequences of Al-assisted triage, ensuring that algorith-
mic prioritization does not entrench structural inequities
in access to follow-up care [25][23].

6.7. Concluding Reflections

In closing, this paper has articulated a comprehensive
vision for the role of explainable artificial intelligence
in transforming cardiovascular risk stratification within
resource-limited clinical environments. The technical
contributions—spanning model architecture, uncertainty
quantification, federated learning, and multivariate
explainability—have been presented alongside rigorous
empirical validation and grounded in the practical
realities of deployment in primary care settings where
computational, financial, and human capital are scarce
[15][8]. The system we have proposed is not merely a tech-
nical artifact; it is a statement of values—a commitment
to the principle that the benefits of Al-driven medical
innovation should not accrue exclusively to those patients
fortunate enough to reside in well-resourced healthcare
systems.

The road from research prototype to population-scale
clinical impact is long, and it is traveled most effectively
through sustained collaboration between computational
scientists, clinical practitioners, public health experts,
policymakers, and—most importantly—the communities
whose health is ultimately at stake [24][3]. The
explainability-first design philosophy adopted in this
work is not merely a technical choice but a deliberate
epistemic commitment to ensuring that Al systems
in high-stakes medical contexts remain intelligible,
contestable, and accountable to the humans who use
them and are affected by their outputs. As Al capabilities
continue to accelerate, maintaining this commitment
will require ongoing vigilance, intellectual humility, and
a willingness to subordinate technical elegance to the
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imperatives of safety, fairness, and genuine clinical benefit
[11][7].

The global burden of cardiovascular disease is both
a tragedy and an opportunity: a tragedy because
it claims millions of preventable lives each year,
disproportionately in settings with the fewest resources
to combat it; and an opportunity because even a
modest improvement in early risk identification and
appropriate management—achievable through tools like
those described here—can translate into hundreds of
thousands of lives saved annually [9][13]. We offer this
work as one contribution toward that goal, with full
awareness that its realization will require the collective
effort of a global scientific and clinical community
committed to the proposition that equity and excellence
in healthcare are not competing aspirations but mutually
reinforcing imperatives [? ].
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Algorithm 5: Structured Trustworthiness Audit
Protocol for CDSS Deployment

Input: Trained model M, deployment cohort
Dyeploy, fairness threshold ey, uncertainty
threshold 7,

Output: Trustworthiness certificate 7 or flagged

failure modes F

// Phase 1: Predictive Reliability Audit
Compute AUC-ROC, Brier Score, and ECE on
Ddcploy;
if ECE > 0.05 or Brier Score > 0.20 then
‘ Flag recalibration requirement in F;
end

// Phase 2:
Demographic Strata
foreach subgroup g € G do
Compute equalized odds gap Ago(g);
if Ago(g) > ¢ then
‘ Flag disparity for subgroup g in F;
end

Fairness Audit Across

end

// Phase 3: Uncertainty Integrity Check
foreach prediction §; with uncertainty 62 do
if §; > 0.6 and 67 > 7, then
‘ Route case to senior clinician review queue;

end

end

// Phase 4: Explanation Fidelity
Verification

Sample Ng = 200 test instances;
Compute faithfulness score

U = Corr(¢saar, Va9);
if ¥ < 0.75 then

‘ Flag explanation inconsistency in F;
end
if || =0 then

Issue T < trustworthiness certificate with
timestamp;

end
else

‘ Return F for remediation prior to deployment;
end
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Table 8: Summary of Key System Performance Metrics, Computational Characteristics, and Deployment Feasibility Indicators
Across Experimental Conditions

Inferences (%)

Evaluation Proposed XAI-CDSS | Gradient Boosted | Classical Logistic Re- | Full LSTM (Refer-
Dimension Baseline gression ence)
AUC-ROC 0.898 +0.017 0.851 + 0.021 0.821 +0.019 0.881 + 0.015
(Aggregated)

Calibration ECE 0.031 0.058 0.044 0.029
Inference Latency (ms) 47.2 31.8 12.4 218.6
Memory Footprint (MB) | 498 124 18 1,847

SHAP Explanation Fi- | 0.847 0.712 0.934 0.863

delity ¥

Clinician 71.3 53.8 48.2 N/A
Comprehension  Rate

(%)

Federated Privacy Bud- | 3.2 Not Applicable Not Applicable 3.8

get (e-DP)

Battery Impact per 100 | 1.8 0.9 0.2 8.4




