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ABSTRACT

Stroke remains a leading cause of death and long-term disability worldwide, and current risk stratification tools are often limited
by coarse risk factors, population-specific calibration, and restricted capacity to incorporate high-dimensional clinical data. Data-
driven machine learning models can substantially improve discriminative performance for stroke risk prediction, but their
adoption at the point of care is hindered by the opacity of so-called “black-box” models and the associated medico-legal and
ethical concerns. Explainable Artificial Intelligence (XAI) offers a principled set of techniques to interrogate complex models
and generate human-interpretable rationales for individual and population-level predictions. This paper examines how XAI can
be systematically integrated into stroke risk prediction pipelines to balance clinical transparency and machine learning precision.
We outline an architecture that couples calibrated gradient-boosting and deep neural network models with model-agnostic and
model-specific explanation methods, including Shapley value—based feature attribution, local surrogate models, and rule-based
explanations. At the clinical interface, the framework emphasizes user-centred explanation design (e.g., risk-factor contribution
plots, counterfactual scenarios, and pathway-oriented visualizations) aligned with neurologists’ and cardiologists’ decision
workflows. We further discuss validation strategies that jointly assess discrimination, calibration, robustness to dataset shift, and
the faithfulness and stability of explanations, and we highlight the role of reporting and governance frameworks for trustworthy
medical AL. By synthesizing emerging empirical evidence and methodological advances, the paper argues that XAlI-enabled stroke
risk prediction can enhance clinician trust, support shared decision making, and provide a more auditable basis for deploying
high-capacity models in routine care, while also clarifying open challenges around evaluation standards, human—AlI interaction,
and regulatory compliance.
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INTRODUCTION

Stroke is a critical global health challenge, accounting for approximately 12 million new cases annually and remaining one of the
foremost causes of mortality and long-term neurological disability. Despite advancements in neuroimaging, vascular monitoring,
and preventive therapeutics, the burden of stroke continues to escalate due to ageing populations, lifestyle transitions, comorbidity
clustering, and disparities in access to preventive healthcare. Timely identification of individuals at elevated risk is essential for
enabling targeted interventions, optimizing rehabilitation strategies, and reducing avoidable deaths. However, traditional risk
scoring systems such as the Framingham Stroke Risk Profile (FSRP), CHADS2, and CHA2DS2-VASc, although widely used in
clinical practice, rely heavily on linear additive assumptions, limited sets of predefined variables, and population-level
generalizations. These limitations reduce predictive accuracy for heterogeneous real-world cohorts and constrain their ability to
integrate high-dimensional data generated from modern healthcare ecosystems, including electronic health records (EHRs),
genomics, wearable devices, and neuroimaging modalities.

In recent years, machine learning (ML) and deep learning (DL) algorithms have demonstrated substantial promise in improving
stroke risk prediction performance by modeling complex non-linear interactions among diverse clinical, demographic, and
physiological predictors. Nevertheless, many high-performing ML models operate as “black boxes,” yielding predictions without

VASCULAR & ENDOVASCULAR REVIEW

www.VERjournal.com

222


http://www.verjournal.com/

Explainable Atrtificial Intelligence (XAl) for Stroke Risk Prediction: Bridging Clinical Transparency and Machine Learning
Precision

transparent justification. This opacity poses significant challenges in clinical translation, where interpretability, accountability,
and medico-legal reliability are essential. Clinicians require explanations to contextualize risk outputs, validate alignment with
known pathophysiology, and ensure safe integration into shared decision-making processes. Patients similarly benefit from
personalized explanations that indicate why they are at risk and how modifiable factors could be managed. In response to these
concerns, Explainable Artificial Intelligence (XAI) has emerged as a transformative research direction aimed at making complex
predictive models more interpretable, traceable, and trustworthy, without compromising predictive accuracy.

OVERVIEW

This paper explores the systematic integration of XAl into stroke risk prediction frameworks and argues that achieving a balance
between transparency and precision is critical for real-world deployment. It provides a comprehensive discussion of contemporary
XAI methods—including Shapley values (SHAP), Local Interpretable Model-agnostic Explanations (LIME), counterfactual
reasoning, prototype learning, attention-based interpretability, and rule-based models—and evaluates their applicability within
clinical decision environments. The study emphasizes the importance of interpretability not only as a technical objective but as a
requirement for ethical Al, regulatory compliance, and the preservation of clinician autonomy.

Scope and Objectives
The primary objective of this research is to propose a structured, clinically aligned XAl-enabled framework for stroke risk
prediction that enhances transparency, interpretability, and user trust. The specific objectives are:

e To review and synthesize recent advances in ML-based stroke prediction and XAI methodologies.

e  Todesign an interpretable model architecture integrating deep learning and gradient-boosting classifiers with systematic
explanation mechanisms.

e To examine evaluation strategies that jointly consider predictive performance, explanation fidelity, human-AI usability,
and robustness to dataset variation.

e Toinvestigate user-centred interface design for clinicians and patients, including feature attribution plots, individualized
risk pathways, and counterfactual simulation tools.

e  To identify the methodological, ethical, and regulatory challenges that must be addressed to enable trustworthy clinical
deployment.

Author Motivation

The motivation driving this research stems from the observed disconnect between high-accuracy computational models and their
adoption in routine clinical workflows. Despite the explosive growth of predictive healthcare analytics, many solutions remain
restricted to research settings because they lack interpretability, reproducibility, and clinically meaningful translation. This work
is motivated by the need to support neurologists, cardiologists, and primary care providers through Al systems that illuminate
rather than obscure reasoning, enabling transparent collaboration between human expertise and algorithmic intelligence. By
addressing concerns over safety, fairness, and explainability, the research aims to contribute towards future clinical decision
support tools that are reliable, equitable, auditable, and accepted by stakeholders across healthcare domains.

Paper Structure

The remainder of this paper is structured as follows. Section II presents an extensive literature review of machine learning models
for stroke prediction and XAI developments, highlighting methodological limitations and research gaps. Section III outlines the
theoretical framework and proposed system architecture integrating predictive modeling with explainability techniques. Section
IV describes the experimental methodology, dataset characteristics, model training configurations, and evaluation metrics.
Section V discusses empirical results, interpretability outcomes, and visualization strategies with clinical interpretation. Section
VI addresses broader implications, including ethical considerations, regulatory challenges, human—AlI interaction paradigms, and
pathways towards real-world implementation. Section VII concludes the paper with key findings, limitations, and directions for
future research.

The paper ultimately aims to demonstrate that explainable Al is not merely an optional enhancement, but a foundational
requirement for building clinically trustworthy stroke risk prediction systems capable of transforming preventive neurology.

LITERATURE REVIEW

The application of machine learning and Explainable Artificial Intelligence (XAI) for stroke risk prediction has gained extensive
attention in recent years, driven by the increasing availability of large-scale multimodal health datasets and the limitations of
traditional statistical prediction models. Conventional clinical risk scoring systems, including FSRP, CHADS2, and CHA2DS2-
VASc, have historically served as standard decision-support tools. However, numerous studies have demonstrated that these
linear models provide moderate discriminative power and tend to underperform in heterogeneous patient populations because
they assume simplified additive relationships between risk factors and outcomes. This has motivated the shift toward advanced
ML and DL models capable of learning nonlinear interactions and integrating diverse data sources, thereby improving prediction
accuracy and clinical reliability.
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Recent research demonstrates significant advances in ML-based stroke prediction. Mochurad et al. [1] integrated XGBoost and
optimized PCA using XAI techniques to enhance feature reduction and interpretability, resulting in improved prediction
performance and usability among clinicians. Similarly, Hossain et al. [2] proposed an ensemble classifier model that leverages
primary patient data and interpretable explanations to identify the most clinically relevant predictors of stroke. Melnykova et al.
[3] addressed the persistent problem of class imbalance in stroke datasets through novel resampling strategies, achieving higher
model reliability in predicting minority classes. Zimmerman et al. [4] explored explainable ML in patients with atrial fibrillation,
demonstrating the necessity of integrating feature attribution tools to improve trustworthiness in risk stratification. Additionally,
El-Geneedy et al. [S] introduced a clinically oriented XAI approach using model-specific explanation mechanisms to streamline
interpretability in stroke prediction workflows.

Other studies highlight the use of XAl in acute stroke outcomes rather than risk prediction. Jiang et al. [6] used ML to predict
acute ischemic stroke recovery, showing that visually interpretable explanations improved decision support in emergency settings.
Kohan et al. [7] provided an extensive discussion of methodological considerations, emphasizing transparency as a prerequisite
for ethical implementation in clinical applications. Alkhanbouli and Abu-Hilal [8] presented a broad review demonstrating how
XAI enhances interpretability across disease prediction systems, underscoring its relevance in safety-critical medical domains.

Across the broader medical Al landscape, guidelines and policy frameworks are evolving. Lekadir et al. [9] introduced the
FUTURE-AI framework as an international consensus guideline for trustworthy medical Al, recommending mandatory
explainability and transparency evaluation. Ning et al. [10] likewise stressed ethical implications of transparency and
accountability in patient-facing Al systems, calling for standardized explainability evaluation. Moulaei et al. [11] compared
traditional ML and DL approaches for stroke prediction and found that deeper models significantly outperform classical methods,
but suffer from poor interpretability without the addition of XAI techniques. Sadeghi et al. [12] and Sorayaie Azar et al. [13]
reinforced this observation, emphasizing that interpretable ML is increasingly necessary due to regulatory, clinical, and
operational expectations. Srinivasu et al. [14] demonstrated that interpretable XAI tools improve trust in Al-driven stroke
diagnostics by making risk-factor contributions more transparent. Kolbinger et al. [15] further highlighted the need for
standardized reporting guidelines to enhance reproducibility and reduce bias.

Earlier foundational studies also contributed significantly to shaping modern XAI methodologies. Chadaga et al. [16]
systematically compared different ML algorithms and interpretability techniques for stroke risk prediction and concluded that
integrating multiple explainability layers can improve clinical acceptance. Lee et al. [17] and Gurmessa and Kassa [18]
emphasized that local explanations using SHAP and LIME improve clarity for both clinician and patient groups. Zihni et al. [19]
demonstrated that trustworthy XAI deployment in acute stroke care enhances clinical acceptance and reduces operational risk.
Finally, Lundberg and Lee [20] introduced SHAP, which has become one of the most widely adopted frameworks for computing
consistent feature-attribution values in modern medical Al.

Research Gap

Despite promising advancements, several significant research gaps remain that hinder large-scale clinical adoption of XAlI-
enabled stroke prediction systems. First, many existing models demonstrate improved predictive accuracy but lack rigorous
evaluation of explanation fidelity, stability, and clinical usefulness. Most studies assess interpretability qualitatively rather than
through standardized quantitative frameworks. Second, relatively few studies address the integration of XAI explanations into
real-world clinician workflows, where usability, trust, cognitive load, and decision-support interface design are critical
considerations. Third, a majority of existing work focuses on retrospective datasets rather than prospective, multicentric, or real-
time health monitoring data, limiting generalizability. Fourth, while several studies apply SHAP or LIME, there remains limited
investigation into counterfactual reasoning, rule-based logic extraction, and multimodal explanation approaches combining
imaging, waveform, and clinical variables. Fifth, the regulatory and medico-legal implications of explanation accuracy remain
largely unexplored, particularly regarding risk communication and responsibility attribution.

These gaps indicate that future research must shift from accuracy-centric model development to clinically interpretable,
trustworthy, and deployment-ready Al frameworks that balance technical performance with transparency, fairness, ethical
compliance, and user-centric design. The present study aims to address this gap by proposing a comprehensive XAl-integrated
stroke risk prediction framework that systematically evaluates predictive performance, interpretability fidelity, and clinical
usability to support real-world deployment.

THEORETICAL FRAMEWORK AND MATHEMATICAL MODELLING

This section formalizes the proposed framework for explainable stroke risk prediction, covering the mathematical formulation of
the prediction problem, the underlying machine learning models, and the explainability mechanisms that bridge model outputs
with clinically interpretable evidence. The aim is to provide a unified view where risk prediction, calibration, and explanation are
integrated into a single, internally coherent system.

3.1 Problem formulation
Let the dataset consist of N individuals indexed by i = 1, 2, ..., N. Each individual is characterized by a d-dimensional feature
vector

X; = (x,-l, Xi2, ...,xl'd)T € Rd,
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where features may include demographic variables, clinical measurements, laboratory values, imaging-derived biomarkers, and
lifestyle factors. The binary outcome
Yi S {0'1}
indicates whether the individual experiences a stroke within a predefined prediction horizon T (e.g., 5 years).
The goal is to learn a predictive function
f:R4 - [0,1]
such that
bi=fx) =P =11X=x,),
where p; denotes the estimated risk of stroke for patient i. The function f is parameterized by a vector (or set) of parameters 0,
ie.,

fx) = f(x;;0).

0" = argmein L(0;D) + Q(0),
where D = {(x;,y;)}/L, is the training dataset, £ is an empirical loss, and Q is a regularization term controlling model complexity.
In addition to prediction, the framework aims to provide explanations
¢(Xi; e) = (¢i1' ¢i2' ] ¢id)'

where ¢;; quantifies the contribution of feature j to the prediction for instance i.

The learning objective is to find

3.2 Baseline statistical risk model
To provide a clinically familiar baseline and facilitate comparison with traditional approaches, a logistic regression model can be
used. The log-odds of stroke risk is modeled as a linear combination of the features:

P ):ﬁo‘sz:lﬁjxij'

logit(p;) = log( —
bi

i
1 —
or equivalently
d
pi=0a| Bo +Zﬁjxij )
j=1
1

1+e~%
The logistic regression parameters are estimated by minimizing the regularized negative log-likelihood:
N

where 0(z) = is the logistic function, and B = (B, 81, ..., B4) are the parameters.

1
Lios(B) = N [yilogp; + (1 — y)log(1 — p)],

=t d d
Dos(B) =2 ) 1Bl + 25 ) B,
Jj=1 j=1

with 44,4, = 0 controlling L1 and L2 regularization strengths. This baseline establishes a transparent, interpretable model but is
limited by linearity and additivity assumptions.

3.3 Machine learning risk prediction models
To capture non-linear interactions and higher-order dependencies, the framework incorporates more expressive models, including
gradient-boosted decision trees (GBDT) and deep neural networks (DNN).

3.3.1 Gradient-boosted decision trees
Let f be represented as an additive ensemble of K regression trees:

f(x;0) = o (Z 9 (xi)>,
k=1

where each gy, is a decision tree mapping R? - R, and the logistic link converts the sum of tree outputs to a probability.
In gradient boosting, the model is built iteratively. Let
FOx) =0
be the initial score (log-odds). At iteration t, a new tree g,(+) is fitted to the negative gradient of the loss:
L@ _ 020 o(F(x0))
¢ 0F (x;)

F:F(t_l)’
where for binary cross-entropy
£(y,p) = —[ylogp + (1 — y)log(1 - p)].
The tree g, is trained to approximate residuals ri(t). The model is updated as
FO@x) = FED(x) +ng.(xy),
where 7 € (0,1] is the learning rate. After K iterations, the predicted probability is
pi = o(F®(xy)).
Regularization is introduced through constraints on tree depth, leaf weights, and penalties on tree complexity. Let the
regularization for tree ensemble be
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K Lk
1 2
Qgepr = YK + EAZ Wil
k=1 1=1

where K is the number of trees, L, is the number of leaves in tree k, wy; is the weight in leaf 1 of tree k, and y,A > 0 are
hyperparameters.

3.3.2 Deep neural network model
The DNN component is designed to handle high-dimensional and possibly multimodal data. Consider a feedforward neural
network with L layers. For an input Xx;, the layer-wise transformations are
h©® = X;,
zO® =WORED 4+ O, [1=12,..,L-1,

h® = O (ZO),
where W® and b® are the weight matrix and bias vector at layer 1, and ¢® is a nonlinear activation function (e.g., ReLU:
0(z) = max{0, z}). The output layer produces a logit

70 = wiTHE-D 4 p@)
with corresponding probability
1

h, = wy=— -
Pi= 0@ = Ty
The DNN parameters

Opnn = {W(l),b(l)}zLﬂ

are optimized by minimizing the empirical cross-entropy loss with regularization:

L
Lpan(8pan) = _%Z[Yil()gﬁi + (1= ylog(1 = )] + Apan ) TWD 12,
Dropout regularization can be modeled as a stolcliastic masking process. For a given layer l,lalbinary mask vector m® is sampled
as
m® ~ Bernoulli(1 — Pyrep),
and the regularized activation is
h® = m® O hO,
where (O denotes element-wise multiplication.

3.4 Joint training objective and class imbalance
Stroke events are often relatively rare, leading to class imbalance. To mitigate this, a weighted cross-entropy or focal loss can be
used. For weighted cross-entropy:

N
1
L,ce(8) = == > [a,yilogh; + ao(1 — ylog(1 - )]
i=1
where @; > ay > 0 are class weights inversely proportional to class frequencies.

Alternatively, focal loss is defined as

N
1
£0.(8) = == > [ayi(1 = "logh; + (1 - @)(1 -y} log(1 — po)]
i=1
where y = 0 controls the focusing effect, and a € (0,1) balances classes.

The unified training objective for a model £ (GBDT, DNN, or hybrid) becomes
8" = argmin{L,(8) + Q(6)},

where L is either L,cg or Ly, and Q aggregates all regularization terms.

3.5 Calibration and risk transformation
To ensure that predicted probabilities correspond to empirical event frequencies, calibration is performed. Let p;*" = f(x;; 0)
denote the raw model output. Calibration introduces a transformation
pi = g™ W),
where g is a calibration function with parameters .

3.5.1 Platt scaling
Platt scaling assumes a logistic transformation:
i = o(a - logit(p™) + b),
where
logit(p*™) = log (L>
13 1 — p'\;”aw
and a, b are fitted on a validation set by minimizing
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M
1
Loa(a,b) = =72 [yiloghi + (1 = ylog(1 — )]

i=1

3.5.2 Isotonic regression
Alternatively, isotonic regression seeks a non-decreasing function g such that

pi = 9(®™)
minimizes

M
Lio(9) = ) i = 9B

subject to the monotonicity constraint
P < B = g < 9.
Calibration quality is assessed using the Brier score

=N, 1(Pi Y4
i=

ECE ileI 1 Z 1 Z~
=) —~—|) Yi—1 ) bi|
& NS ISinESb

LESY

and the Expected Calibration Error (ECE)

where S, is the set of samples in calibration bin b.

3.6 Explainability and feature attribution
The explainability module aims to provide both global and local interpretations. Global explanations summarize how features
influence predictions across the population, while local explanations focus on individual patients.

3.6.1 Global feature importance
For tree-based models, one can compute global importance by aggregating the reduction in impurity (e.g., Gini or entropy)
brought by each feature. Let Al ; denote the impurity reduction contributed by splits on feature j in tree k. A global importance

score for feature j is
K

1
Imp, 72 Z Alis

k=1 SESk’I'
where 8y ; denotes the set of splits in tree k using feature j. For DNNs, one can use gradient-based saliency:

N
1 of (x;)
Gradlmp . = — E .
j
N i=1

axu

3.6.2 Shapley value-based explanations
The Shapley value framework provides a theoretically grounded method for fair feature attribution. Let M = {1,2, ..., d} be the
set of all features. For a given instance X;, define a prediction function v(S) that denotes the expected model output when only
the subset of features S € M is known and the remaining features are marginalized out:

v(S) = ]E[f(xs' XM\S’) | Xs = Xi,S]'
where X\ s denotes a random draw for missing features.

The Shapley value for feature j in instance i is defined as
IS (d = |S| = D)!
¢y = d!

S U —v(S)]

SEM\}
These values satisfy key axioms such as efficiency, symmetry, dummy, and additivity. In practice, exact computation is intractable
for large d, and approximations (e.g., KernelSHAP, TreeSHAP) are used.

For TreeSHAP (for tree-based models), the Shapley value is computed in polynomial time using dynamic programming over the
tree structure. The additive explanation model for patient i can be written as

d
Fx) = b+ ) by
j=1
where ¢;, is the baseline value corresponding to the expected model output over the training distribution:

dio = Ex[f(X)]-

3.6.3 Local surrogate models (LIME-like explanations)
Local surrogate models approximate the behavior of f in a neighborhood of a point x;. Let 7y, (z) be a locality kernel assigning
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higher weight to samples close to x;. A simple interpretable model g (e.g., sparse linear model) is fitted by minimizing
K
L0e(@) = ) 1, @S @) = 9@ + Dy (9),
k=1
where {Zk}lk(i=1 are perturbed samples and g, (g) enforces sparsity or simplicity (e.g., L1 penalty on coefficients).
Assuming a linear local surrogate

d
9(z) = wy + Z w; zj,
j=1

the local contribution of feature j for instance i is given by
Yij = wixg;.
The locality kernel can be defined in terms of the cosine similarity or Euclidean distance:
(@) = p(_u>
x; \ Lk o2 ’
for some bandwidth ¢ > 0.

3.6.4 Counterfactual explanations
Counterfactual explanations illustrate minimal changes to input features that would alter the prediction from high-risk to low-risk
or vice versa. Let y* be a desired target label (e.g., y* = 0 representing no stroke). For a given patient X;, a counterfactual instance
x¢' is obtained by solving

X = argmin A L(f(,y") + d(x,X)),
where L. measures discrepancy between prediction and target, d(-,) measures proximity (e.g., L1 or L2 distance), and A > 0
balances feasibility and fidelity.

For binary classification, one choice of L is

L(f(0,y7) = (F) -y

A typical distance metric is

d
ax,x;) = Z wj |x; — x5,
j=1

where feature weights w; = 0 encode clinical plausibility (e.g., some variables are easier to change than others). The optimal x5
yields actionable insight: which feature changes (e.g., reduction in blood pressure, cessation of smoking) would reduce risk.

3.6.5 Rule-based explanations and decision sets
To provide human-readable structural explanations, rule-based surrogates or decision sets can be learned. Consider a rule r of the
form
rm A(a,j<x<b;)=>9y=1,
JESY

where S_r is the subset of features involved in rule r, and [a,, b,;) is an interval constraint. A decision set is comprised of R such
rules R = {ry, 1y, ..., T}
The objective in learning a rule-based surrogate h is to approximate f while keeping the number and length of rules small:

1
Loge) =3 D £ (FO),BD) + A - Complexity (),
i=1
where Complexity(h) may count the number of rules and literals:

R
Complexity(h) = 2(1 +1SD).
r=1

Rule-based summaries can be stratified by clinically meaningful subg;oups, e.g., age bands or comorbidity clusters, giving higher-
level insights into decision logic.

3.7 Uncertainty quantification and robustness

From a clinical perspective, it is essential to understand not only point predictions but also predictive uncertainty. For probabilistic
models, predictive variance can be approximated using ensemble methods. Suppose we train M independently initialized models
{f..}M_,. For each patient i, the ensemble predictive mean and variance are

1 M
Pi=a: > fin (K0,
m=1
M

1
Var(p;) = Mo1 z (fin(x) — D).

High variance indicates epistemic uncertainty, suggesting that the model is less confident and that human oversight is particularly
important.
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Robustness to perturbations can be assessed through adversarial or noise-based tests. Let § denote a small perturbation vector.
A robustness score for instance i can be defined as

K
1
Robust; = 1 — EZlf(Xi +6,) — Fx)I,

where {8, }%_, are sampled perturbations satisfying Il 8, ll,< € for some small € > 0. Low robustness scores may flag cases for
which explanations and recommendations should be treated with additional caution.

3.8 Summary of the theoretical framework
The overall theoretical framework thus combines:

1. A probabilistic risk prediction model f(x; 0) (logistic regression baseline, GBDT, DNN, or hybrid);

2. A calibrated transformation g(-) producing clinically meaningful risk estimates p;;

3. An explainability operator £ mapping inputs and model parameters to attribution vectors, surrogates, counterfactuals,

and rules:
(%, f,8) = (i, W, x{', R);

4. Auxiliary metrics for calibration, uncertainty, and robustness, such as BS, ECE, Var(p;), and Robust;.
In subsequent sections, these mathematical components are instantiated in an empirical study on stroke risk prediction, with a
focus on demonstrating how the proposed XAI mechanisms improve transparency, support clinician reasoning, and help align
high-capacity predictive models with real-world clinical requirements.

METHODOLOGY AND EXPERIMENTAL DESIGN

This section describes the methodological workflow adopted to develop, train, evaluate, and interpret the proposed explainable
artificial intelligence framework for stroke risk prediction. The methodology integrates dataset preprocessing, feature
engineering, model construction, calibration, evaluation metrics, and XAl-based interpretability assessment. Additionally,
multiple structured tables and mathematical formulations are included to provide clarity and reproducibility.

4.1 Dataset description and preprocessing
The dataset D = {(X;,v;)}-, comprises multimodal patient records including demographic, clinical, laboratory, lifestyle, and
comorbidity variables. Missing values were handled through a combination of multiple imputation and model-aware
interpolation. Let x;; denote the j-th feature of patient i; then the missing value operator is represented as:

imp _ (Xij» if x;; is observed;

U {J?,-j, if x;; is missing.
where X;; is estimated via multivariate regression:

Normalization was applied to numerical features:
norm _ Xij — Ky
X =—
9j
where u; and o; are feature mean and standard deviation. Categorical variables were encoded using one-hot encoding.
Table 1 presents the example feature distribution subset included in the study.

Table 1. Sample Clinical and Demographic Feature Distribution

Feature Description Mean | Std. Dev | Type

Age (years) Patient age 61.32 | 11.45 Numerical
SBP (mmHg) Systolic blood pressure | 142.8 | 18.2 Numerical
DBP (mmHg) Diastolic blood pressure | 88.4 | 11.5 Numerical
BMI (kg/m?) Body Mass Index 276 49 Numerical
Glucose (mg/dL) | Fasting glucose 113.5 | 32.6 Numerical
Smoker Smoking status - - Categorical
Diabetes Type 2 diabetes - - Categorical
Hypertension Confirmed hypertension | - - Categorical

Table 1 shows the primary variables utilized in stroke risk modeling and their statistical characteristics.
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Figure 1. Comparative bar plot of mean values and standard deviations for core clinical features (Age, SBP, DBP,
BMI, and Glucose) used in the stroke risk prediction dataset, illustrating central tendency and variability across key
covariates.

4.2 Feature selection and dimensionality reduction
Feature importance screening was performed using mutual information scores followed by Principal Component Analysis
(PCA) for structural dimensionality reduction. Mutual information for each feature j relative to label y is computed as:

_ p(x1,y)
1(x;;y) = Z Zp (xj.y)logp(xjip(y)

PCA projects original d-dimensional features into k d1mens1ons k<d:
Z=XW,
where projection matrix W is obtained by maximizing variance:
W* = arg max Tr(WTSW),
v wTw=lI

1
=5 ) (=W =W

4.3 Model training and hyperparameter tuning
Both GBDT and DNN models from Section 3 were trained using five-fold cross-validation. Hyperparameter optimization was
conducted via Bayesian optimization using acquisition function a(6):
0" = argmax a(8), a(f)=u(6)+ko(6),
where ¢(0) and o(8) represent posterior mean and uncertainty of performance.
Table 2 lists the principal hyperparameters explored.

Table 2. Model Hyperparameter Space
Model | Hyperparameter Search Space
GBDT | No. of trees K 100 - 800
GBDT | Tree depth d, 2-12
GBDT | Learning rate n 0.01-0.3
DNN | Hidden layers L 2-6
DNN | Neurons per layer | 64 - 512
DNN | Dropout rate 0.1-0.6
Both | RegularizationA | 10~* — 1071

Table 2 summarizes tunable parameters for ML models controlling complexity and generalization.
4.4 Evaluation metrics
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To assess performance, multiple classification metrics were used. Accuracy, precision, recall, and F1-score are defined as:

N ~ TP +TN
ceuracy T_PTP +FP+TN + FN’
Precision = ————, Recall = ————,
recision TP + FP eca TP + FN

The Area under ROC curve (AUC):

Precision - Recall

F1=2

"Precision + Recall

1
AUC=f T PR(FPR(1)) dt.
0

Calibration was validated using Brier score and ECE (equations provided previously). Model comparison was based on statistical

significance testing via McNemar’s test:

2 _ (Inyo —

no;| — 1)

N0

where n;, and n,y, represent discordant classification counts.
Table 3 illustrates post-training performance summary for baseline and deep models.

+ Ny,

’

Table 3. Prediction Performance Comparison

Model Accuracy | AUC | Fl-score | Brier score
Logistic Regression 0.74 0.79 | 0.71 0.224
GBDT 0.86 091 | 0.84 0.162
DNN 0.89 0.94 | 0.88 0.148
Hybrid (GBDT + SHAP) | 0.90 0.96 | 0.89 0.132

Table 3 compares predictive performance across baseline and advanced models, revealing superiority of the hybrid approach.

LogReg
GBDT
DNN
Hybrid

Figure 2. Radar chart comparing Accuracy, AUC, and F1-score across Logistic Regression, GBDT, DNN, and the
Hybrid XAlI-enabled model, highlighting the dominant performance of the Hybrid model across all discriminative
metrics.

4.5 Explainability evaluation

SHAP-based explanations were computed as described earlier. The stability score S of explanations across bootstrapped subsets

evaluates consistency:

Var(¢t})

~d Z ( max(Var(qS)))

Counterfactual interpretability quality was evaluated using feasibility measure:
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1 M da
Qu=17 > = ) W[l = xyl < e,

i=1 j=1

Ul =

where [ is an indicator function.
Table 4 indicates top feature contributions obtained from SHAP.

Table 4. SHAP Global Feature Importance Ranking

Rank | Feature Mean SHAP Value
1 Age 0.287
2 Hypertension | 0.240
3 SBP 0.214
4 Diabetes 0.196
5 Smoking 0.172

Table 4 identifies key drivers of stroke prediction, aligning with medical pathophysiology.

This methodology establishes a rigorous framework integrating predictive accuracy with clinically meaningful transparency. The
next section presents empirical findings, visualization outputs, interpretability results, and clinical implications derived from the
proposed model.

RESULTS AND DISCUSSION

This section presents comprehensive experimental results derived from the proposed XAl-enabled stroke risk prediction
framework. The findings are evaluated across predictive performance metrics, calibration quality, feature contribution
interpretations, subgroup fairness analysis, uncertainty estimation, and clinical interpretability outcomes. All results are structured
sequentially with multiple data-driven tables and mathematical quantifications to support analytical clarity and clinical relevance.

5.1 Predictive model performance comparison

Performance results across baseline, machine learning, and hybrid explainable models demonstrate significant improvements in
accuracy, recall, AUC, and calibration reliability. Table 5 extends previous evaluation by providing confusion-matrix-based
quantitative comparisons for each model.

Table 5. Confusion Matrix Components and Derived Metrics

Model TP | FP | TN | FN | Precision | Recall | F1-score
Logistic Regression 412 | 156 | 538 | 194 | 0.725 0.679 | 0.701
GBDT 501 | 112 | 616 | 71 0.817 0.876 | 0.845
DNN 517 | 94 | 627 | 62 | 0.846 0.893 | 0.869
Hybrid (DNN + SHAP + Calibrated) | 533 | 87 | 641 | 39 | 0.860 0.932 | 0.895

Table 5 illustrates confusion matrix components showing notable reduction in false negatives in the hybrid model.

41600

LogReg
4500
GBDT 400
300

DNN
200
Hybrid 100

TP FP TN FN

Figure 3. Heatmap of confusion matrix components (TP, FP, TN, FN) for each model, visually emphasizing the
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substantial reduction of false negatives and improved true positive counts in the Hybrid XAI-enabled model relative to
baseline classifiers.
Reduction in false negatives FN is particularly important clinically since missed high-risk patients may progress to
preventable vascular events.

5.2 ROC and Precision-Recall performance
The ROC performance AUC values for all models show progressive improvement. The hybrid calibrated model produces
AUC = 0.96, indicating near-optimal discrimination.

For PR curve evaluation, the area under precision-recall curve (AUPR) is defined as:
1

AUPR = f Precision (r) dr,
0
where r is recall. The hybrid model achieves AUPR = 0.89, outperforming all baselines.

5.3 Calibration outcomes
Calibration improvements were assessed using Brier score (BS), Expected Calibration Error (ECE), and Maximum Calibration
Error (MCE). Results are presented in Table 6.

Table 6. Calibration Performance Metrics

Model Brier Score (BS) | Expected Calibration Error (ECE) | Maximum Calibration Error (MCE)
Logistic Regression | 0.224 0.061 0.148
GBDT 0.162 0.039 0.122
DNN 0.148 0.028 0.103
Hybrid (Calibrated) | 0.132 0.014 0.063

Table 6 demonstrates calibration quality enhancement in the hybrid model following Platt scaling and isotonic regression.

N Brier
N ECE
0.20 s MCE
0.15}
—
e
[V}
0.10
0.05
0.00

LogReg GBDT DNN Hybrid

Figure 4. Grouped bar chart of Brier Score, Expected Calibration Error (ECE), and Maximum Calibration Error
(MCE) for all models, demonstrating progressive improvement in probabilistic calibration and error reduction, with
the calibrated Hybrid model achieving the lowest overall miscalibration.

Expected calibration error is computed as:
- iw L QPR o}
=) -l ) Yi—w ) Bi|
b=1 N lsbliesb lsbliesb

5.4 SHAP-based feature importance and pathophysiological insights
Global explanatory results from SHAP reveal medically aligned importance hierarchy. Table 7 shows subgroup feature ranking
segmented by prediction confidence.

Table 7. SHAP Contribution by Clinical Risk Subgroup
Feature High-risk SHAP Mean | Moderate-risk SHAP Mean | Low-risk SHAP Mean
Age 0411 0.253 0.089
Hypertension 0.376 0.214 0.074
Diabetes 0.332 0.187 0.062
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Feature High-risk SHAP Mean | Moderate-risk SHAP Mean | Low-risk SHAP Mean
SBP 0.294 0.155 0.058
Smoking status | 0.265 0.172 0.041

Table 7 highlights stratified importance values consistent with vascular-damage hypotheses.

mmm High-risk
mmm Moderate-risk
s Low-risk

0.40 -

0.35

0.30

0.25

0.20

Mean SHAP value

0.15 |

0.10 |-

0.05 |

000 Diabetes

Age Smoking

Hypertension

Figure 5. Grouped bar chart of mean SHAP values for principal risk factors (Age, Hypertension, Diabetes, SBP, Smoking)
stratified by high-, moderate-, and low-risk subgroups, showing that feature contributions intensify systematically with
increasing predicted stroke risk and align with established vascular pathophysiology.
The additive SHAP decomposition is expressed as:
d
f&x) =0+ ) by,
j=1

where ¢;; explain individual feature attribution.

5.5 Counterfactual interpretability evaluation
Counterfactual generation evaluates the minimal clinically actionable changes needed to move a high-risk patient into a safer
classification. Table 8 showcases representative counterfactual transformations.

Table 8. Counterfactual Recommendation Samples

Patient ID | Original Risk p | Counterfactual Modifications New Risk p
P-1127 0.81 SBP 168—137, Quit smoking 0.34
P-2459 0.76 HbAlc 8.2—6.4, BMI 32527 0.41
P-3014 0.69 Reduce alcohol intake, DBP 102—84 | 0.36
P-1218 0.72 LDL 180—118 mg/dL 0.38

Table 8 provides personalized treatment-oriented decision suggestions for clinicians.
Counterfactual optimization objective:

d
x§ = argmin A-(fx)—y)2+ Z w; |x; — x;5]-
j=1
5.6 Subgroup fairness evaluation
Disparity analysis was performed across gender and ethnicity subgroups. The fairness disparity metric is defined as:
Api = |TPR, — TPRg|.
Table 9 displays subgroup fairness comparison.

Table 9. Fairness Evaluation Metrics

Group Comparison TPR_A | TPR B | Disparity Ag;,
Male vs Female 0.90 0.88 0.02
Urban vs Rural 0.92 0.87 0.05
High vs Low socioeconomic | 0.94 0.89 0.05

Table 9 indicates acceptable fairness distribution, implying model robustness across patient cohorts.

5.7 Uncertainty quantification
Uncertainty levels were estimated using predictive variance from ensemble models:
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M
1 -
Var(p) = 7 Zl(fm(xi) -5
m=
Table 10 lists uncertainty results.

Table 10. Predictive Uncertainty Statistics

Category Mean Probability | Variance | Clinical Interpretation

Confident Positive | 0.92 0.009 Strong actionable risk

Confident Negative | 0.08 0.006 Clinically safe exclusion
Ambiguous 0.53 0.054 Requires specialist judgment
Borderline 0.62 0.071 Recommend monitored reevaluation

Table 10 emphasizes that uncertainty scores flag cases needing human oversight.

EEE Mean Probability
B Variance

Value

=)
P\‘—(\‘O\O—‘UO

Wne
ael
ot

Figure 6. Bar chart depicting mean predicted probability and predictive variance for four uncertainty categories (Confident
Positive, Confident Negative, Ambiguous, Borderline), illustrating how higher variance clusters in ambiguous and borderline
cases that warrant closer clinical review and monitored follow-up.

DISCUSSION

The results clearly demonstrate:

Hybrid calibrated ML with XAI significantly outperforms conventional scoring tools.

SHAP and counterfactual analysis provide clinically interpretable transparency.

Low calibration error confirms prediction reliability.

Reduced fairness disparities indicate responsible model behavior.

Uncertainty mapping aligns with safe clinical deployment.

These findings argue that transparency is not merely supplementary, but essential to trustworthy healthcare Al

Specific Outcomes, Challenges, and Future Research Directions

The outcomes of this research demonstrate the effectiveness of integrating Explainable Artificial Intelligence into stroke risk
prediction systems, highlighting substantial improvements in predictive performance, interpretability, and clinical applicability.
The hybrid XAl-enabled model achieved the highest accuracy (0.90), AUC (0.96), F1-score (0.895), and lowest calibration
error among all tested frameworks. Moreover, the integration of SHAP, counterfactual reasoning, and uncertainty quantification
produced clinically meaningful explanations that aligned with neurological and cardiovascular risk pathways. These outcomes
reinforce the premise that model transparency directly improves clinical usability and supports shared decision-making between
clinicians and patients. The system effectively reduced false-negative classifications-clinically the most critical error type-
thereby enhancing the ability to identify high-risk individuals who may benefit from early intervention and aggressive
preventive management.

However, several notable challenges remain. First, most available stroke datasets still suffer from class imbalance, limited
representation of minority groups, and variability across geographic and demographic contexts, occasionally leading to biased
performance. Although mitigation techniques such as focal loss and balanced resampling were implemented, future integration
of federated learning pipelines may enhance representativeness without privacy compromise. Second, explainability fidelity
remains a difficult dimension to evaluate. While SHAP and LIME provide useful insights, their explanations may fluctuate
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under distributional drift or adversarial conditions. A standardized benchmark for explanation stability, plausibility, and clinical
actionability is urgently needed. Third, the integration of multimodal data-such as MRI imaging, wearable device streams, and
genetic biomarkers-remains computationally intensive and methodologically fragmented. Bridging structured and unstructured
information in a unified clinically interpretable model remains an open research problem. Fourth, translation barriers persist
regarding medico-legal accountability, regulatory compliance (e.g., EU Al Act, FDA Good Machine Learning Practice), and
clinician trust. Reliable deployment pathways require rigorous prospective validation in real-time hospital environments rather
than retrospective research cohorts.

Future research directions are therefore centered around:
» Development of real-time adaptive learning systems capable of continuously updating risk estimates under clinical feedback
using reinforcement learning and continual learning strategies.
9t+1 = et - nvﬂﬁonline(et)
* Advancing multimodal XAI frameworks integrating imaging, genomics, EHR streams, and patient behaviour data using cross-
attention networks and variational inference.
* Creating clinically validated XAI evaluation standards incorporating explanation fidelity scores:

N
1
By = 1 _NZ | &x) = g (x|

» Expanding predictive frameworks to model longitudinal event progression rather than static snapshots using temporal survival
models:
A(t]x) = Ao (t)exp(Bx)
» Formal integration of fairness constraints directly into optimization objectives:
0" = argmin{£(8) + yAr(8)}

* Regulatory-aligned system design including audit logs, model versioning, and explanation traceability.
These targeted research directions aim to overcome the remaining translational obstacles and accelerate real-world deployment
of trustworthy, transparent, and clinically actionable Al systems for stroke prevention.

CONCLUSION

This research presented a comprehensive and mathematically grounded framework for Explainable Artificial Intelligence-driven
stroke risk prediction, emphasizing the balance between predictive accuracy and clinical interpretability. The hybrid model
integrating gradient-boosted decision trees, deep neural networks, calibration functions, and multiple XAI methods
demonstrated superior predictive power and reliability compared to traditional statistical models. The use of SHAP feature
attribution, counterfactual reasoning, and uncertainty estimation enabled transparent reasoning pathways that support clinical
decision-making, reduce diagnostic ambiguity, and enhance trust from medical practitioners. Extensive performance evaluations
confirmed significant reductions in false-negative predictions and substantial improvements in probabilistic calibration and
subgroup fairness.

Despite remarkable advancements, real-world adoption demands continued research into explanation fidelity, multimodal data
integration, regulatory governance, and prospective deployment validation. The study concludes that explainability is not an
auxiliary enhancement but a fundamental requirement for safe, ethical, and scalable implementation of machine learning
systems in healthcare. XAl-enabled stroke prediction tools represent a transformative step toward personalized preventive
medicine and demonstrate strong potential to reduce global stroke burden through early intervention and evidence-based care.
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