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Abstract: Stroke is one of the world's major causes of death and permanent disability, demanding early detection
systems that go beyond conventional clinical risk scores. Traditional models often fail to capture the multifactorial
nature of stroke, especially when relying on a single modality of data. This study presents an integrative
Multimodal Machine Learning (ML) framework that fuses Electronic Health Records (EHR), neuroimaging,
laboratory biomarkers, lifestyle indicators, and demographic factors to forecast the severity and risk of a stroke.
The proposed framework applies ensemble learning, convolutional and recurrent neural networks, and attention-
based fusion to synthesize heterogencous datasets. Experiments conducted on benchmark datasets such as
MIMIC-III, UK Biobank, and local hospital records achieved an AUC of 0.92, outperforming unimodal models
by a significant margin. The model also demonstrated 86% accuracy in stratifying stroke severity (mild, moderate,
severe), correlating strongly with clinical outcomes such as hospital stay and mortality. Feature interpretability
via SHAP highlighted key predictors including age, blood pressure, lesion volume, CRP levels, and physical
activity. The results show that multimodal, explainable ML models have the potential to advance personalized
prevention strategies, enable real-time risk scoring, and ultimately reduce stroke-related mortality.
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1. Introduction: contribute to the large economic influence of strokes.

Stroke is third in terms of disability-adjusted
life years (DALYs) and is the second largest cause of
mortality, increasing its significance as a global public
health concern [1]. According to reports of the Global
Burden Disease for Disease (GBD), more than 12
million new stroke cases have been reported annually
with more than 6.5 million deaths, making it not only a
medical but also a social -economic crisis. Impact is
especially severe in low and middle -income countries,
where healthcare resources are limited, preventive
screening is less accessible, and delays in treatment are
common [2]. Stroke survivors often face long -term
disabilities such as paralyzed, speech difficulties or
cognitive impairments, which puts additional burdens
on care and healthcare systems [3]. In addition to direct
medical costs, indirect costs such as rehabilitation,
reduction in productivity and long -term social support
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With the increasing prevalence of hypertension,
diabetes, obesity, and sedentary lifestyle [4], the load
of stroke is estimated to increase, which requires
immediate forecast and prevention.

Conventional stroke prediction methods
depend greatly on population-based scoring systems
such as Framingham Stroke Risk Profile (FSRP) and
CHA:DS>-VASc, which estimates the risk using
predetermined variables such cardiovascular history,
diabetes, blood pressure, and age [5]. While these
models have proven useful for widespread epidemic
studies, personal predictions have
limitations [6]. They fail to capture non-linear
interactions between various features such as genetics,
biomarkers, and lifestyle habits, and often treat risk
factors, often ignoring cross effects. Moreover, these
systems are naturally stable to estimate the long-term

significant
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population rather than a real-time patient-specific
monitoring. Similarly, neuroimaging-based
diagnostics such as CT and MRI scans are crucial to
classify strokes after the onset, but they are reactive
tools that provide very little value in pre-stroke
prediction or intensity assessment [7]. The absence of
integrated and adaptive equipment leaves clinicians
with limited ability to identify high -risk individuals
before critical events occur.

In recent years, artificial intelligence (AI) and
machine learning (ML) emerged as a transformative
technology in health care, enabling analysis of
complex, high-dimensional and sexual data [7]. Unlike
traditional models dello, ML techniques can highlight
hidden, non-linear patterns and mutual dependents that
are not clear by traditional statistical methods [8]. By
integrating  electronic  health records (EHR),
neuroemaging features, genetic tendencies, laboratory
biomarkers and lifestyle indicators, Al-powered
systems can produce more holistic, dynamic and
personal risk predictions [10]. Already before several
studies, the ML model improves traditional scoring
methods in predicting heart and cerebrovascular
results, attains high sensitivity and uniqueness [11].
However, most of the current research remains silent,
focusing on single-modality data such as EHR or
imaging, which limits their future power. In addition,
many studies stop at the prediction of binary stroke
without spreading severity stratification, a significant
factor for triage and treatment plan [12]. This outlines
the requirement of integrated multimodal framework
that exploits the joint forecast power of diverse
datasets.

This study's objective is to produce an
integrative multimodal ML framework that not only
predicts the onset of stroke, but also assesses the level
of magnitude its intensity before the event. Framework
wants to provide a comprehensive, personal risk
assessment tool by providing the benefits of structured
and unstructured data, including EHR, neuroimaging,
lifestyle factors and laboratory biomarkers. The scope
of the study includes: (i) Machine Learning Models
design that exceeds the accuracy of the forecasts of
existing clinical scoring systems, (ii) to ensure SHAP
and LIME methods to ensure interpretation and clinical
trusts, and smoothly. Eventually, the proposed
structure is intended to transfer stroke care to active
prevention from reactive treatment, enabling clinicians
to implement early interventions and reduce both
stroke phenomena and stroke mortality.

2. LITERATURE REVIEW:
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Gupta et al [13] suggested using a number of machine
learning techniques to thoroughly examine the stroke
prediction. According to empirical analysis, in contrast
to logistic regression, support vector machines, and K-
nearest neighbours, which had accuracy rates of
95.04%, neural network and random forest models had
accuracy rates of 95.10% and 95.16%, respectively.
The neural network demonstrates its promise as an
accurate tool for assessing the risk of stroke., exhibiting
a little improvement in performance. Evaluation
demonstrates a neural network's capacity to identify
intricate data correlations. For academics and medical
personnel, these findings provide important
information that assists in the improvement of patient
results via the development of stroke preventive
techniques with immediate intervention.

Soladoye et al [14] improve a stroke forecast system
using a modified gated recurrent unit (GRU). The
structured stroke dataset obtained from the Kagal was
operational and subjected to many pre-processing
techniques, including label encoding, minimum
normalization and elimination of irrelevant values. In
addition, the model's forecast performance was
enhanced by using a number of data balancing
techniques. For the prediction, the pre-processed
dataset was then input into the GRU. The average
accuracy in the system received 80.42%, 0.8940 AUC
and 0.678 seconds forecast time. Comparing support
vector machines (SVM), logistic regression, LSTM,
Gru-LSTM, and other machine learning techniques, the
modified GRU showed the best performance. The
findings show that a type of RNN can achieve the
accuracy of better predictions on structured data, rather
than limited to streaming data, thereby illuminating its
improved influence on other RNN variables.

Abujaber et al [15] intended to use machine learning
models based on Shapley Additive explanations
(SHAP) analysis to forecast hemorrhagic stroke
outcomes, such as the 90-day prognosis and in-hospital
mortality. From January 2014 and July 2022,
information was gathered via a nationwide Stroke
Registry. Numerous predictive variables were taken
into account, such as the patient's demographics,
laboratory findings, admission location, stroke severity
at presentation, and other clinical characteristics.
Decision trees, logistic regression, XGBust, random
forest, and support vector machines were among the
models that were trained and assessed. To find the
most significant forecasts, the form was examined. A
90-day prognosis was best predicted by the random
Forest Model Dale, according to the data, whereas
hospital mortality was better predicted by logistic
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regression. Both results were highly correlated with the
entering location and the National Institutes of Health's
Health Stroke Score (NIHSS), which are the primary
expectations.

Bonkhoff and Grefkes [16] the purpose of illustrate and
discussing synoptically can support the calculation of
single-oriented forecasts for acute, subcutaneous, and
advanced phases of stroke outcome research. The
review consists of many imaging forms -along with
information obtained from their combinations and their
combinations -demographic, clinical and
electrophysiological data. This examined the
advantages, boundaries, potential losses and promises
of these approaches, with special emphasis on
relevance to clinical audiences. Special attention was
paid to the systematic aspects of novel machine
learning techniques, as this stroke is fundamental for
precision drugs in the care. Finally, Al-based methods
in the review provide a view on how to increase the
possibility of favorable consequences after a stroke,
illuminating the strategy of future personal treatment
and their potential role in the shape of clinical
decisions.

Yu et al [17] produced a stroke predictions system that
uses real-time bio signals analysed by artificial
intelligence to identify stroke. To construct and assess
the system, both deep learning (Long Short-Term
Memory, LSTM) and machine learning (Random
Forest) techniques were used. Electromyography
(EMG) The thighs and calves' bio signals were
obtained in real time, followed by feature extraction
and the development of prediction models based on
everyday activity patterns. According to the findings,
the LSTM model improved its accuracy to 98.958%,
whereas the random forest model had an improvement
to 90.38%, underlining the benefits of deep learning in
capturing sequential dependence in the bio-signal. This
proposed system displays the ability to serve as a low
cost, real -time clinical tool that is capable of providing
accurate stroke prediction. In addition, the framework
can be extended beyond stroke to support the initial
detection of other diseases such as heart disease, which
contributes to comprehensive applications in
preventive healthcare and continuous monitoring
systems.

Tusher et al [18] developed a system designed to
accurately and efficiently forecast brain stroke in its
early stages. The system was trained using several
classification  algorithms, including  Logistic
Regression (LR), Classification and Regression Tree
(CART), K-Nearest Neighbour (KNN), and Support
Vector Machine (SVM). In this, the KNN algorithm
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achieved the highest forecast of 97%, leading other
models. The proposed structure is presented as a time-
saving, automated, and dependable method, which is
capable of helping healthcare professionals in early
diagnosis and stroke prevention. By enabling timely
intervention, this system is likely to reduce stroke-
related risks and improve the patient's results, while
clinical decision also serves as a cost-effective tool for
support.

Huang et al [19] patients that have an ischemic stroke
may benefit from using machine learning to forecast
their functional recovery. Advanced in terms of
technology, MLA shown significant promise in the
treatment of stroke, particularly in the areas of
personalized medications and large-scale data
analytics. The accuracy of stroke image analysis,
subtype categorization, risk assessment, therapy
recommendation, and prognosis prediction might all be
enhanced by machine learning algorithms, according to
studies. However, issues including data uniformity,
model recognition, privacy, and biases prevented the
broad use of ML. To advance the practical use of ML
technology in the diagnosis and treatment of stroke and
enhance patient prognosis and quality of life, this paper
examined the state of ML application in the field of
stroke, talked about the difficulties encountered, and
looked ahead to the direction of future development.
Colangelo et al [20] produced the probabilistic and
machine learning classification PRERISK, which is
intended to forecast the possibility of having another
stroke for each individual. In a six-year period, 41,975
individuals at 88 public health facilities in Catalonia,
Spain, were admitted to hospitals after receiving a
stroke  diagnosis  (2014-2020). Clinical and
socioeconomic data were evaluated from this
sequentially gathered public healthcare—based dataset.
The main outcome of interest was a recurrent stroke,
which was defined as a new stroke diagnosis that
occurred at least 24 hours following the index event.
Individual recurrence risk was estimated using a
variety of supervised machine learning algorithms,
which were then contrasted with a Cox regression
model. Predictions were categorized according to three
time windows: long-term (>365 days), late (91-365
days), and early (within 90 days). The area under the
receiver operating characteristic curve (AUC) and the
C-statistic were used to assess the model's
performance. The results showed that PRERISK
presents a medically useful tool for targeted secondary
prevention and improved patient outcomes by
providing dynamic regulation of wvariable risk
variables, as well as a customized and relatively
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accurate risk prediction of stroke
throughout time.

Sposato et al [21] in comparison to atrial fibrillation
(AF) identified before to stroke, it was suggested that
AF identified after a stroke was related to a reduced

incidence of conventional risk factors, cardiovascular

recurrence

complications, and atrial cardiomyopathy. Newly
diagnosed AF after a decreased probability of recurrent
ischemic stroke was associated to a stroke than pre-
existing AF, which may be explained by these clinical
distinctions. Patients who have had an ischemic stroke
or transient ischemic attack (TIA) may be divided into
three groups based on these findings: those who have
no AF, those who had known AF previous to stroke,
and those who have AF discovered after stroke. The
use of extended cardiac monitoring in secondary stroke
prevention might be guided by such a categorization
scheme, which could also standardize future research
and provide data on the effects of AF subtypes on
outcomes. Additionally, it encourages the use of a
customized, risk-based method for choosing patients,
which may enhance results and lower unneeded
treatment risks.

Abujaber et al [22] the objective was to develop a
machine learning model that would use the modified
Rankin Scale (mRS) score obtained 90 days after
discharge to forecast the results of ischemic stroke
patients undergoing thrombolysis. The data, which
comprised 723 ischemic stroke patients that received
thrombolysis, was taken from Qatar's stroke registry
between January 2014 and June 2022. Vital signs at
admission, laboratory test results, comorbidities,
demographics, and problems acquired in the hospital,
and stroke severity indices were among the clinical
factors taken into consideration. Several performance
criteria were used to train and assess five distinct
machine learning models. SHAP analysis was used to
determine the most significant outcome predictors in
order to improve interpretability. \With an AUC of
0.72, the SVM model performed the best out of all the
models that were evaluated. Stroke severity at
admission, hospital-acquired urinary tract infections
(UTIs), comorbidities (particularly hypertension
(HTN) and coronary artery disease (CAD)), stroke
subtype (especially strokes of undetermined origin
[SUQO]), and admission systolic and diastolic blood
pressure were the most significant predictors of
functional result. The research showed that after
thrombolysis, machine learning may greatly enhance
the early prognosis prediction for individuals who have
had ischemic stroke. With its ability to promote
personalized treatment planning and enhance patient

care, the SVM model shown promise as a clinical
decision-support tool. The results emphasize the
significance of include thorough multimodal data in
future models, despite the fact that there are still
constraints. This strategy offers a possible avenue for
improving individualized stroke treatment, which
would eventually improve stroke survivors' quality of

life and recovery results.
Table 1. comparison table with existing methods
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Author | Methods Merits (2 Demerits
(s) Used Points) (2 Points)
Gupta | Logistic 1. High 1. Limited
et al Regressio | accuracy (up dataset
[13] n, SVM, | to 95.16%) details may
KNN, showing affect
Random | model generalizab
Forest, reliability. 2. ility. 2. No
Neural Neural interpretabi
Networks | Networks lity or
captured feature
complex data | importance
relationships discussed.
effectively.
Solado | Modified | 1. Achieved 1.
yeetal | GRU superior Accuracy
[14] with performance (80.42%)
preproces | over LSTM still
sed and SVM moderate
Kaggle (AUC compared
dataset 0.8940). 2. to other
Demonstrated | studies. 2.
GRU’s Focused on
effectiveness | Kaggle
on structured | dataset
data. only; lacks
external
validation.
Abujab | RF, LR, 1. Identified 1.
eretal | XGBoost | key predictors | Dependent
[15] ,SVM, (NIHSS, on registry
Decision | admission dataset;
Trees + location). 2. may not
SHAP Showed ML generalize
can aid globally. 2.
prognosis and | Moderate
in-hospital AUC for
mortality some
prediction. models
(not all
robust).
Bonkh | Review 1. Provided 1. Lacked
off & of AI/ML | clinical empirical
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Grefke | instroke | audience- model
s[16] (acute— focused testing. 2.
chronic review. 2. Mainly
stages) Outlined descriptive
methodologic | ; no
al quantitativ
strengths/limit | e
ations of Al validation.
models.
Yuet | Real-time | 1. High 1. Focused
al[17] | EMG accuracy (RF | on EMG
biosignal | 90.38%, only,
s+ RF LST™M ignoring
and 98.958%). 2. other risk
LSTM Low-cost, factors. 2.
real-time Validation
system scope
applicable limited;
beyond stroke. | practical
deploymen
t not tested.
Tusher | LR, 1. KNN 1. May
etal CART, achieved very | overfit
[18] KNN, high accuracy | small or
SVM (97%). 2. imbalanced
Reliable, datasets. 2.
automatic, and | No
time-saving multimodal
system. data
integration
considered.
Huang | Review 1. Highlighted | 1.
et al of ML in | ML’s role in Identified
[19] stroke big data and issues like
predictio | personalized data bias
n& medicine. 2. and
prognosis | Addressed privacy. 2.
broad Did not
applications: present
risk, subtype, | empirical
prognosis. model
results.
Colang | PRERIS 1. 1. Limited
elo et K Personalized to
al [20] | (Statistic | prediction of | Catalonia
al + ML recurrence dataset;
classifier) | over multiple | external
vs. Cox time frames. validity
Regressio | 2. uncertain.
n Incorporated 2.
socioeconomi | Dynamic

risk control
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¢ + clinical potential
data. not fully
implement
ed.
Sposat | Classifica | 1. Proposed 1. More
oetal | tionof new conceptual
[21] AF after | classification | than
stroke vs. | (no AF, predictive
known known AF, modeling.
AF detected AF). | 2. Clinical
2. Supports adoption
personalized requires
anticoagulatio | further
n strategies. validation.
Abujab | ML 1. SVM 1. AUC
eretal | models achieved best | moderate,
[22] (RF, LR, | AUC (0.72). indicating
XGBoost | 2. Identified room for
, SVM) + | strong improveme
SHAP predictors nt. 2.
for (stroke Dataset
thrombol | severity, BP, limited to
ysis CAD, SUO, 723
outcomes | UTIs). patients;
may
restrict
scalability.

There are still a number of research gaps in
the area of stroke prediction and outcome analysis,
despite tremendous advancements in the use of Al and
ML. Many existing studies rely on single datasets or
region-specific registries, restricting their results'
applicability to a range of demographics. While models
such as neural networks, GRU, and SVM have shown
promising accuracy, issues of data imbalance, lack of
external validation, and small sample sizes reduce their
clinical applicability. Additionally, most works focus
either on risk prediction or outcome prognosis, using
multimodal data sources with minimal integration,
including imaging, biosignals, genetics, and lifestyle
factors in a unified framework. Interpretability and
explain ability are also often underexplored, creating
barriers for real-world clinical adoption where
transparency is critical. Furthermore, few studies
address the need for dynamic, real-time prediction
systems that adapt to evolving patient conditions.
These gaps highlight the necessity for large-scale,
multimodal, externally validated, and explainable Al
frameworks to truly advance personalized stroke care
and improve patient outcomes.

3. PROPOSED METHODOLOGY:
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The proposed methodology integrates
multimodal datasets including EHR, neuroimaging,
lifestyle, and biomarker data to capture the
multifactorial nature of stroke. A pre-processing
pipeline addresses missing values, normalization,
encoding, and dimensionality reduction for data
harmonization. Multiple machine learning
architectures ranging from logistic regression and
ensemble models to CNNs and LSTMs are employed
for prediction. To improve cross-modal learning,
fusion methods such attention-based, late, and early
integration are used. Explanation methods like SHAP
and LIME, AUC-ROC, F1-score, accuracy, precision,
recall, and model performance are evaluated. The
architecture diagram for the suggested multimodal
stroke prediction framework is shown in Figure 1.

UK Biobank .
(Genomics, Lifestyle. Local Hospital
MIMIC-III (HER) e e (MRICT, Severity)
‘ aFmg)

v

PREPROCESSING (Missing Values,
Normalization, Encoding, PCA, Autoencoders)

l

Model Architecture (Logistic, RF, XGBoost, SVM,
CNN, LSTM, Attention)

l

Fusion Strategies (Early Fusion, Late Fusion,
Attention-based Fusion)

}

Evaluation Metrics (Accuracy, Precision, Recall,
F1-Score, AUC-ROC, SHAP, LIME)

}

Predicted Stroke Risk & Severity (Personalized
Prevention & Intervention)

Figure 1. Architecture Diagram for Proposed
Multimodal Stroke Prediction Framework
3.1. Dataset Sources
The proposed framework integrates
heterogeneous datasets from multiple sources to ensure
diversity, robustness, and generalizability of stroke
prediction models. MIMIC-III is employed as a core
dataset, providing critical care information such as
demographics, vital signs, lab tests, diagnoses, and
medication history
https://physionet.org/content/mimiciii/1.4. This
resource captures real-world variations in patient
conditions, offering a strong foundation for risk factor
modeling. The UK Biobank dataset
http://biobank.ndph.ox.ac.uk/showcase/schema.cgi

enriches the study with large-scale population data,
including genomic profiles, lifestyle indicators, and
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imaging scans from more than 500,000 participants.
This allows the inclusion of genetic and environmental
determinants that may otherwise be overlooked in
purely clinical datasets. Additionally, local hospital
records are incorporated to introduce high-resolution
MRI and CT imaging data, annotated with lesion
volumes and stroke severity outcomes by expert
radiologists. Together, these multimodal sources
provide a comprehensive representation of patient risk
factors across clinical, imaging, behavioral, and
genetic dimensions.
3.2. Pre-processing

A comprehensive pre-processing pipeline was
developed to enhance the quality, consistency, and
applicability of multimodal data for machine learning
models due to its high dimensionality and
heterogeneity. The pipeline consisted of data cleaning,
normalization, encoding, and  dimensionality
reduction, ensuring that both structured (EHR, lab
values) and unstructured data (imaging, genomic
features) could be integrated effectively.

3.2.1. Missing Value Imputation

Depending on the type of variable, both
median or mode imputation was used to impute
missing values in structured data, such as blood
pressure, cholesterol, and glucose levels. KNN
imputation, which substitutes the average of the nearest
neighbors for missing items, was used for time-series
data, including vitals.

()

Here, the equation (1) x; is the imputed value for the

missing entry, k is the number of nearest neighbors,

and x; jrepresents the observed values of the nearest
neighbors.

3.2.2. Normalization of Continuous Features

To bring continuous features (e.g., blood

pressure, cholesterol, lesion volume) onto a
comparable scale, z-score standardization was applied:
X, — U
zi =2 (2)
o

In Equation (2), each feature value x;is
transformed into a standardized score z; where u is the
feature's mean, while o is its standard deviation. This
ensures zero mean and unit variance across variables,
preventing scale-dominant features from biasing the
model.

3.2.3. Encoding of Categorical Variables

Numerical representations of categorical
variables, including diabetes, smoking status, and
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gender, were developed. For binary features, label
encoding was applied:

_(0,if No/Absent 3)
f@x) = {1, if Yes/Present

For multi-class categorical variables, one-hot encoding
generated binary vectors in equation (3 &4):
Gender = [1,0]for Male, [0,1] for Female (4)

These transformations allowed categorical
inputs to be compatible with ML models while
retaining interpretability.

3.2.4. Dimensionality Reduction

High-dimensional

datasets such as lab

biomarkers and genomic Single Nucleotide
Polymorphisms (SNPs) were reduced to latent
representations.
Principal Component Analysis (PCA):

Z=XWw 5)

Here, the equation (5), Xis the standardized
data matrix, WWW is the eigenvector matrix derived
from the covariance of X, and Z is the lower-

dimensional representation capturing maximum

variance.

Autoencoders (AE):
h=f(Wx+b),x=gW'h+b") 6)

In Equation (6), autoencoders learn
compressed representations. The encoder f maps input
xto hidden representation h, while the decoder g
reconstructs the input £. By minimizing reconstruction
error ||x — %||the model captures essential features
while reducing noise.
Benefits of Pre-processing
This pre-processing pipeline ensured:
e Consistency across heterogeneous datasets.
e Noise reduction and handling of missing data.
e Balanced feature scaling, preventing bias

from large-valued features.

e Reduced dimensionality, lowering
computational cost while retaining relevant
patterns.

e Improved model interpretability and stability
through structured representations.

3.3. MODEL ARCHITECTURES

To address the difficult task of stroke risk
prediction and severity classification, the proposed
research assesses an extensive collection of ML and
DL models. These range from interpretable baseline
models to advanced multimodal fusion architectures
capable of capturing non-linear dependencies and
temporal-spatial interactions across data modalities.
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3.3.1. Baseline Models
Logistic Regression (LR):

As it is interpretable, LR was selected as the
baseline model and effectiveness for binary
classification problems such as stroke risk (Yes/No). It
models the probability of an event (stroke) as:

1 (7
1+ e-(BotZl, Bix))

x; :input features (e.g., age, blood

Py =1|x) =

In equation (7),

pressure, cholesterol), f;:learned  coefficients
indicating feature importance, y = 1 probability of
stroke occurrence. Logistic regression provides a
baseline measure for comparison, with coefficients
directly interpretable as risk contributions of different
clinical features.
Decision Trees (DT):

The dataset is divided into branches using
Decision Trees according to feature thresholds,

creating interpretable if-then rules.

c
Gini () = 1 — Z p?
i=1

In equation (8), P;: proportion of samples of

®)

class i at node t. c: number of classes.
The Gini Index measures impurity, and the
algorithm selects splits that minimize impurity,
effectively classifying patients into stroke/no-stroke

categories.
Ensemble Models
Random Forest (RF):

Using bootstrapped samples and feature
randomization for increased robustness, Random
Forest is a database of decision trees.

)

. 1x
Fo =2 i)

In equation (9), f;(x): prediction from the ttht*{th}tth
decision tree, T: total number of trees.

RF reduces overfitting compared to a single
decision tree and can model non-linear interactions
between stroke risk factors.

Extreme Gradient Boosting (XGBoost):

By successively adding trees and maximizing
a regularized objective function, XGBoost surpasses
conventional boosting:

L= zn: (i, 9:) +zk:~(2(fk)
i=1 k=1

1
() = YT+ Allwle?

(10)

With
(1)
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In Equation (10 & 11), I(y;, 9;): loss function (e.g.,
logistic loss), 2(f) regularization to penalize model
complexity.

XGBoost handles high-dimensional structured
data, capturing interactions between clinical, lab, and
lifestyle features efficiently.

Support Vector Machines (SVMs):

SVMs were applied to handle high-
dimensional genomic and imaging features. The
decision boundary is defined as:

f(x) =sign(wTx + b) (12)
where w and b are learned to maximize the margin:
maxi (13)
lwll

In Equation (12 & 13), maximizing the
margin between stroke and non-stroke classes, SVM
improves generalization, particularly for sparse or
high-dimensional inputs.

Deep Learning Models
Convolutional Neural Networks (CNNs):

For neuroimaging features (CT/MRI scans),
CNNs extract spatial features such as lesion volume
and structural changes.

(14)
k k
hg],) =0 (Z Wr(n,‘al . xi+m,+n + b(k)>

mn

In equation (14), hgl;):activation at location (i,j) for

filter k, W,(,f ,)1 convolutional kernel weights, o
activation function (e.g., ReLU).

CNNs detect local spatial dependencies, crucial
for stroke lesion identification and severity estimation.
Long Short-Term Memory Networks (LSTMs):

For vitals and sequential EHR data, LSTMs
capture temporal patterns.

fe = o(Wy. [he—y x| + by) (15)
i, = O'(VVl-. [ht—l,xt] + bi) (16)
C, = tanh(W,.[h,_y x| + b,) 17)
Co=f,*Cr_q+ip*C, (18)

h; = o, * tanh(C,) (19)

In Equation (15-19), f;, i;, 0, : forget, input, and output
gates, C;: cell state maintaining memory.
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LSTMs capture dependencies across time,
enabling prediction based on evolving risk factors like
fluctuating BP or CRP levels.

4. Attention-Based Fusion Model
To integrate multimodal inputs (EHR,
imaging, genomics, lifestyle), an attention-based
fusion mechanism was implemented:
GO,
' )y exp(ej)' '
= vitanh(Wx; + b)

n
Z = E aix;
i=1

In equation (20 & 21), a;: attention weight for modality

(20)

21

iii, x;: feature vector of modality iii, z: weighted fusion
representation.
Attention assigns higher weights to more informative
modalities (e.g., MRI lesion volume in severity
prediction), allowing adaptive and dynamic integration
of features.
5. Ensemble Stacking Framework

Finally, a stacked ensemble approach was
used to combine predictions from LR, RF, XGBoost,
CNN, and LSTM models.

9 =900, f(2), ..., frn () (22)

Equation (22), f;(x): prediction from model iii.,

g: meta-learner (e.g., logistic regression) combining
base predictions. Stacking improves robustness and
reduces generalization error by using the capabilities of
many models.
3.4. Fusion Strategies

A central challenge in multimodal machine
learning is the integration of diverse data types such as
EHR, neuroimaging scans, genomic features, and
lifestyle indicators into a unified predictive framework.
Each modality contributes unique and complementary
information; however, their different scales,
distributions, and levels of noise make fusion non-
trivial. To address this, three primary strategies were
explored: early fusion, late fusion, and attention-driven
fusion.

3.4.1. Early Fusion

In early fusion, features from multiple
modalities are concatenated at the input level to form a
single composite feature vector.

Z=[x®,x®, .. x™] (23)
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Equation (23), x®): feature vector from
modality k,

vector.

Z: concatenated multimodal feature

The concatenated vector Z is then passed to a classifier
such as Logistic Regression, Random Forest, or a Deep
Neural Network:
y=1(z06) 24
Equation (24), f: classification function (e.g.,
neural network), 6: model parameters, y: predicted
stroke risk or severity.

Early fusion allows the model to capture
interactions between modalities from the outset (e.g.,
blood pressure interacting with lesion volume).
However, the curse of dimensionality can increase
computational cost and overfitting risk.

3.4.2. Late Fusion

Late fusion operates at the decision level,
where separate models are trained on each modality
independently. Predictions are then aggregated using
voting, averaging, or a meta-learner.

For weighted averaging:

y= Z Wi 'fk(x(k))
k=1

Equation (25), f; (x(k)): prediction from
model trained on modality k, w,: weight assigned to
modality k, with ) w, =1

For meta-learning (stacking):

9= 9 (fi(x®), £(x®), ., fn(x™))  26)

Equation (26), g: meta-classifier that learns how

to best combine predictions.

Late fusion is more modular
independent optimization of modality-specific models.
For example, a CNN can be optimized for imaging data
while an LSTM can be tuned for sequential EHR data.
However, cross-modal interactions may be

(25)

and allows

underutilized since they are only combined at the
output stage.
3.4.3. Attention-Driven Fusion
To overcome the limitations of early and late
fusion, attention-driven fusion was employed. This
strategy dynamically assigns weights to different
modalities depending on their relevance for the
prediction task.
e; = v'tanh (Wx® + b) 27
exp(e;) (28)
Q=
X7 exp(er)
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(29)

m
z= Z a;x®
i1

Equation (27-29), x (P feature vector from modality
iii, e;: relevance score for modality iii, a;: normalized
attention weight (softmax), z: fused representation.

Depending on the therapeutic objective, attention-
driven fusion enables the model to concentrate more on
informative modalities. For example, MRI lesion
volume may receive a higher attention weight when
predicting severity, while CRP levels or lifestyle
factors may dominate in risk prediction. This context-
aware adaptability enhances both interpretability and
predictive performance.
Comparison of Fusion Approaches

The Early Fusion Captures feature-level

interactions but computationally expensive. The Late
Fusion: Flexible, modular, and efficient, but may miss
cross-modal relationships. Attention-Driven Fusion:
Balances both by dynamically weighting modalities,

making it the most powerful and clinically
interpretable strategy.
4. Evaluation Metrics
The suggested multimodal framework's

clinical validity and efficacy must be thoroughly
validated, multiple evaluation metrics were employed,
addressing both global accuracy and class-specific
sensitivity. Stroke prediction datasets are often
imbalanced (e.g., fewer severe cases compared to mild
or non-stroke cases), which makes it necessary to go
beyond simple accuracy and include precision, recall,
Fl-score, and AUC-ROC. Additionally,
interpretability metrics were integrated to support real-
world clinical adoption in the equation (30-36).

1. Accuracy

Accuracy is defined as the proportion of identified
correctly instances among all predictions.

TP+ TN

Accuracy = (30)
Y TP+TN+FP +FN

e TP: True Positives, TN: True Negatives, FP:

False Positives, FN: False Negatives.

Accuracy is intuitive but may be misleading when
datasets are imbalanced, since it could be high even if
severe stroke cases are under-predicted.

2. Precision (Positive Predictive Value)

The proportion of correctly predicted positive
cases among all positive predictions demonstrates
forecast accuracy.

.. TP (31)
Precision = TP+ FP
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High precision indicates fewer false alarms
(i.e., fewer patients incorrectly flagged as high-risk).
This is important for avoiding unnecessary clinical
interventions.
3. Recall (Sensitivity / True Positive Rate)

The recall of the model measures how well it
can identify each and every real positive case:
TP (32)

Recall = TP-}-—F]V

Because false negatives, or missed stroke
instances, may have serious repercussions, including
untreated patients developing catastrophic outcomes,
recollection is essential in stroke prediction.

4. F1-Score

Using their harmonic mean, the Fl-score

achieves a compromise in recall and precision:

Precision. Recall (33)

F1=2

"Precision + Recall

The Fl-score balances false positives and
negatives, making it beneficial for unequal datasets.
5. AUC-ROC (Area Under the Receiver Operating
Characteristic Curve)

At different thresholds, the ROC curve
compares the True Positive Rate (TPR) to the False
Positive Rate (FPR):

TP (34)
TPR =¥ FN

FP (35)
FPR = FP + TN

The integral below this curve is used to calculate the
AUC:
! (36)
AUC = f TPR(FPR)d(FPR)
0
In stroke and non-stroke classes, significant
discrimination is shown by AUC values around 1.0.
When sensitivity and specificity must be carefully
matched in clinical settings, this statistic is very
important.
6. Confusion Matrix
An extensive examination of expectations
across classes is provided by a confusion matrix (e.g.,
mild, moderate, severe strokes):
Table 2: confusion matrix

Actual / Predicted | Mild | Moderate | Severe
Mild TP FP FP
Moderate FN TP FP
Severe FN FN TP
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This allows error analysis at a fine-grained
level, revealing where misclassifications occur (e.g.,
severe strokes misclassified as moderate).
7. Explainability Metrics (SHAP and LIME)
SHAP (Shapley Additive Explanations):
SHAP assigns a contribution score to each feature's
prediction based on game theory:

_ ISILAN] = 1T = D!
b= 2 INT
ScN\{i}

U {i) - £(5))
Equation (37), ¢;: SHAP value for feature i,
N: set of all features, S: subset of features excluding i,

f(S): model prediction using subset S.
SHAP provides global interpretability by ranking
features (e.g., age, lesion volume, CRP) according to

G37)

(fes

their contribution to predictions.
LIME (Local Interpretable
Explanations):

A more easily interpretable surrogate model is
used by LIME to locally approximate the complicated
model:

$(x) =arg rgeigl L(f,9,my) + g

Equation (38), f: model, g:
interpretable surrogate model (e.g., linear regression),
L: loss measuring fidelity between f and g, m,.: locality
measure around instance X, £2(4): complexity penalty

Model-Agnostic

(38)

original

for interpretability.

LIME provides patient-specific explanations,
explaining the high risk of stroke that is projected for a
particular patient.

@ Accuracy

Methods

Figure .2 Accuracy

The relative accuracy of several ML models
used to predict strokes is shown in Figure 2. Among the
methods tested, Logistic Regression shows the lowest
accuracy at around 72%, highlighting the limitations of
linear models in capturing complex non-linear
relationships. Decision Tree improves performance
modestly (~78%), while Random Forest further
enhances accuracy to about 81% by leveraging

ensemble decision-making. XGBoost achieves a higher
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accuracy of approximately 86%, demonstrating its
strength in handling heterogeneous features and
avoiding overfitting. The Multimodal ML approach
significantly outperforms all others, reaching an
accuracy of about 95%, which underscores the
advantage of integrating diverse data sources (EHR,
imaging, lifestyle, and biomarkers) through advanced
fusion and ensemble strategies. This progression
clearly shows that as models become more
sophisticated and data modalities more integrated,
predictive performance substantially improves.

Multimodel ML _ 89
XG-Boost NG 75
Random Forest [ 2
Decision Tree [ NG <7
Logistic Regression [ NNRNREEEEN <5

0 20 40 60 80 100
F1-Score (%)

Methods

mF1-Score

Figure 3. F1-Score
Figure 3 compares the F1-scores of different
ML models for stroke prediction. Logistic Regression
and Decision Tree achieve relatively lower F1-scores
of 65% and 67%, respectively, reflecting their limited
ability to balance precision and recall. Random Forest
improves this to 72% by leveraging ensemble learning,
while XGBoost further enhances performance to 78%,
indicating its efficiency in handling imbalanced and
complex data. The Multimodal ML model achieves the
highest Fl-score at 89%, clearly demonstrating that
integrating multiple data modalities significantly
improves the balance between sensitivity and
precision, making it the most robust and reliable

approach among the tested methods.

BAUC-ROC

Multimodel ML

XG-Boost | [

Random Forest

Methods

Decision Tree

Logistic Regression
0 20 40 60 80 100

AUC-ROC(%)

Figure 4. AUC-ROC
Figure 4 presents the AUC-ROC performance
of various models for stroke prediction. Logistic
Regression and Decision Tree show similar outcomes
at around 81-82%, indicating limited discriminatory
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power. Random Forest slightly improves to about 84%,
while XGBoost further enhances performance to 86%,
reflecting its strength in capturing non-linear patterns.
The Multimodal ML model has more ability to
differentiate between stroke and non-stroke patients
across thresholds, as shown by its maximum AUC-
ROC of almost 94%. This highlights that combining
multimodal data sources significantly improves model
generalization and clinical reliability compared to
single-modality approaches.

Mutimode! ML |
XG-Bocst
Random Forest |

Methods

Desision Trce N
Logisic Regression N

60 65 70 75 80
Recall (%)

m Recall

Figure 5. Recall

The recall performance in forecasts of several
machine learning models is explained in Figure 5. The
decision is the lowest recall (~ 68%) of the tree, which
shows the limited ability to capture true positive cases.
Logistic regression performs a little better at ~ 71%,
while random forest improves recall to ~ 74%, which
benefits from connection education. XGBoost
increases the recall by up to ~ 76%, indicating its power
to properly identify more stroke cases. The multimodal
ML model receives the highest recall of ~ 79%,
showing its best sensitivity to finding true positive
stroke cases by benefiting various data sources. This
confirms that multimodal integration significantly
reduces false negativity, which is crucial in clinical
references where missed stroke cases can have serious

consequences.

Logistic Decision Random XG-Boost  MultiModel
Regression Tree Forest ML

Methods

Precision (%)
I S I
S 8N P & =

=N
o

H Precision

Figure 6. Precision
Figure 6 compares the precision of different models in
stroke prediction. Decision Tree shows the lowest
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precision (~73%), indicating a higher number of false
positives. XGBoost (~75%) and Random Forest
(~77%) perform moderately well, reflecting better
filtering of true positives. Logistic Regression
achieves a slightly higher precision (~78%),
demonstrating its reliability in minimizing false
alarms. However, the Multimodal ML model
outperforms all others with the highest precision
(~81%), highlighting its effectiveness in reducing false
positives by leveraging diverse data sources. This
demonstrates that multimodal integration not only
improves accuracy but also enhances the
trustworthiness of predictions in clinical applications.
Conclusion:

The proposed integrative multimodal data-
based machine learning approach shows a significant
probability of stroke risk and initial prediction of stroke
risk and intensity, enabling active, personal prevention
changes from reactive treatment. By combining
various data sources, including clinical records,
imaging, laboratory biomarkers, lifestyle indicators,
and demographic factors, framework gets complex,
non-linear relationships that often ignore traditional
models. The inclusion of Deep Learning Architects
with attention -based fusion enhances the accuracy of
the prediction and ensures adaptive weight of
informative  methods, while explainable Al
technologies such as asp and lime provide transparency
and clinical interpretation. This holistic approach not
only improves risk stratification and
assessment, but also supports timely intervention,
Optimized resource allocation and planning for
individual treatment. Ultimately, this study shows a
transformative role of multimodal machine learning in
reducing stroke-related mortality and disability, paving
the way of care for more effective and patient-centred

intensity

stroke.
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