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1. Introduction

Stroke remains one of the most significant global public-health challenges. According to the World Stroke Organization (WSO),
the global incidence of stroke is approximately 11.9 million new events in 2021, with stroke accounting for 7.3 million deaths
and 160.5 million disability-adjusted life years (DALYs) worldwide M. Moreover, it is the third leading cause of death globally
and the fourth leading cause of years lost due to disability . The burden of stroke is rising: projections suggest significant
increases in incidence and mortality, particularly in low- and middle-income countries . In the United States alone, the latest
update shows that stroke and related cerebrovascular diseases remain among the top causes of mortality and impose substantial
healthcare and socio-economic costs 1.

Stroke has a variety of effects. In addition to death, many survivors experience diminished quality of life, long-term disability,
and cognitive and motor impairment. Acute treatment, rehabilitation, and long-term assistance are all quite expensive. For
example, the World Health Organization estimates that more than 100 million people worldwide have had a stroke B,
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Early stroke risk prediction and continuous monitoring of at-
risk individuals present substantial opportunities for
preventive interventions, resource distribution, and
personalized medication, considering the considerable
human and financial implications [,

1.1 Problem Statement

Despite decades of research, current stroke-risk models and
monitoring systems still have two major problems. A lot of
old risk-prediction models use static, snapshot-based
features, like a blood pressure reading, cholesterol level, or a
questionnaire that was filled out at a single point in time.
These models frequently fail to accurately depict temporal
dynamics, particularly the continuous alterations in
physiological variables, biomarker trajectories, and patient
states over time. The cardiovascular and cerebrovascular
systems in humans are dynamic, which means that blood
pressure, arterial stiffness, heart rhythm, and other time-
dependent signals all change over time. These changes all
increase the risk of stroke. It is important to keep track of
these changing patterns so that you can get an early warning
and assess the risk..

Second, many existing approaches neglect relational
dependencies among features — for example, interactions
between brain-region connectivity, biomarkers, demographic
factors, and comorbidities. In other words, the relationships
among nodes (e.g., brain regions, vascular beds, biomarkers)
and how they influence one another over time are often
under-modeled. Yet neural, vascular and systemic processes
are inextricably linked: cerebral blood-flow regulation,
vascular network connectivity, and systemic biomarker
levels jointly influence stroke risk in ways that go beyond
independent contributions. Thus, a truly effective predictive
and monitoring system should integrate both continuous
temporal dynamics and structured relational information.

1.2 Motivation

Recent improvements in deep-learning architectures provide
promising solutions to these two issues. Neural Ordinary
Differential Equations (Neural ODEs) have become strong
tools for modeling processes that happen all the time and data
that is sampled at random times. These architectures consider
the evolution of the hidden state as the resolution of an
ordinary differential equation parameterized by a neural
network. For instance, latent-ODE and time-aware ODE
models have demonstrated robust efficacy on medical and
physiological time series, effectively managing missing data,
irregular sampling, and continuous dynamics [l. Neural
ODEs can naturally model continuous trajectories and offer
smoother latent evolution than discrete-time recurrent neural
networks (RNNSs). This is very important in a clinical setting
where measurements are not always the same and the
patient's condition changes all the time €],

Graph Attention Networks (GATs) are Graph Neural
Networks (GNNSs), which can learn a kind of relational
dependency in graph-structured data through self-attention
mechanisms. In a GAT model, nodes receive information
from neighbors based on attention weights to acquire
meaningful relationships in context [l Graph Attention
Networks (GATS) have been used in health and neuroscience
to model entities represented as networks such as brain
connectomes, interactions between biomarkers, and
regulatory networks generated from gene data. The recent
trial by Vrahatis et al. (2024), indicating an increasing
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application of GATs in the medical-field: domain for
classification, anomaly detection, and feature-interaction
modeling 19, In this way, we can model the Neural ODE's
manner of showing how a patient state evolves per time and
GAT's manner of observing interaction level among features.
This hybrid model aims to improve the stroke risk prediction
and surveillance by using both temporal and structural
information simultaneously.

1.3 Objective

In this paper, we propose a hybrid-deep learning model which
incorporates both Neural Ordinary Differential Equations
(ODEs) and Graph Attention Networks to enhance the stroke
risk prediction and monitoring. The proposed approach will
work by means of Neural ODEs to capture real-time patient
trajectories and a the GAT form of graph architecture to
embed associations between features. This architecture relies
on learned attention weights to link nodes that represent
biomarkers, brain regions and other salient entities.
Assembling those pieces will create personal and
personalized risk scores and allow us to monitor patients at
higher risk of stroke in real or near real time.

1.4 Contributions

The major contributions of this work are as follows:

1. We create a continuous-time patient-trajectory model
using Neural ODEs that are specifically made for health
data that isn't always sampled regularly. This makes it
easier to model how stroke risk changes over time.

2. We propose a relational feature-learning module that
employs Graph Attention Networks to identify the
connections among biomarkers, brain  regions,
physiological metrics, and patient history.

3. We suggest a fusion mechanism that merges temporal
latent representations from the Neural ODE module with
relational embeddings from the GAT module, resulting
in a unified risk-score estimation and monitoring system.

4. We thoroughly assess the proposed framework utilizing
extensive medical datasets (such as MIMIC I1lI, UK
Biobank, and local hospital stroke-registry data) and
juxtapose it with baseline methodologies. We provide
thorough evaluations of performance, ablation studies,
and insights into the level of comprehension.

1.5 Paper Organization

The organization of this paper is as follows. In Section 2, we
provide an overview of related work, such as traditional
stroke-risk models, deep learning-based stroke and
neurological prediction methods, Neural ODE techniques
and application of Graph Attention Networks in healthcare.
The proposed approach is detailed in Section 3, which
comprises the data preparation and graph construction stages,
the Neural ODE model, the GAT based model and fusion
scheme, optimization details. Section 4 shows the results of
the experiments, which include the setup, quantitative
performance, ablation studies, visualizations of learned
representations, and comparisons with other methods.
Section 5 contains the discussion, which explains the results,
talks about their clinical implications, points out their
limitations, and suggests areas for future research. Section 6
wraps up the paper by going over the main points and talking
about how they could change how we predict and watch for
strokes.
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2. Related Work

2.1 Traditional Stroke Prediction Models

The earliest and widely applied methods for stroke risk
prediction have relied on traditional statistical models and
conventional machine-learning (ML) tools. For example,
logistic regression and Cox proportional hazards models are
standard in epidemiology and clinical risk scoring. Some
recent studies have compared logistic regression against ML
classifiers in stroke-risk settings. For instance, Akinwumi et
al. (2025) show that logistic regression performed
comparably to more complex ML models in predicting major
chronic diseases including stroke ', Another study explored
logistic regression, decision tree, LASSO regression and
XGBoost for stroke prediction and found that logistic
regression still held up competitively [*2,

In more applied work, Noor (2025) used a Kaggle-derived
dataset of ~4,981 samples and 11 features, applying logistic
regression, decision tree, random forest, K-nearest
neighbours, and multilayer perceptron. Random forest
achieved ~94.3% accuracy, while A-NNs reached ~98%
under cross-validation [, Traditional models generally
assume a set of static covariates (age, hypertension,
cholesterol, atrial fibrillation, etc) at one or a few time -
points, and often treat each risk factor independently rather
than modelling temporal evolution or inter-feature relations.
While such models are transparent and computationally
efficient, their performance is often limited by the inability to
model temporal dynamics (i.e., how a patient’s risk variables
evolve over time) and relational dependencies (i.e.,
interactions among risk factors, biomarkers, and anatomical
or physiological systems). Further, many ML studies in
stroke prediction must contend with imbalanced datasets
(stroke events are rare) and heterogeneous population data.
Recent work by Melnykova et al. (2025) highlights
imbalanced-data handling as a key challenge in ML for stroke
risk prediction [*4l, Thus, while traditional statistical and ML
approaches remain useful and widely used, they often fall
short of capturing the richer dynamics and structured
relations inherent in cerebrovascular risk.

2.2 Deep Learning for Stroke and Neurological Disorders
Deep learning (DL) approaches have increasingly been
applied to stroke and related neurological domains, especially
in medical imaging (CT/MRI) and electronic health record
(EHR) time-series. For example, convolutional neural
networks (CNNSs) are used for imaging-based detection of
stroke lesions, recurrent neural networks (RNNs) or long
short-term memory networks (LSTMs) for temporal EHR
data, and more recently transformer-based models for
sequence modelling in neurological data.
A review article by Vu (2024) on ML for stroke risk
prediction emphasises this shift: unsupervised and supervised
learning methods have been effective in identifying novel
biomarkers from large populations [, In neurological
disorders more broadly, DL architectures such as GNNs
(graph neural networks) and attention-based networks are
employed for brain connectivity modelling (see below). For
example, Zhang et al. (2023) applied a GNN to
morphological and functional brain imaging for Alzheimer’s
disease 161, Despite the promise, DL approaches in stroke
prediction often face challenges: they may require large
amounts of data, struggle with irregularly-sampled time
series, and rarely combine temporal progression with
relational (network) information. Many studies address only
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imaging or only EHR time-series, not both, and seldom
model continuous evolution of risk over time.

2.3 Neural Ordinary Differential Equations (Neural
ODEs)

Neural Ordinary Differential Equations (Neural ODES)
embed the notion of continuous-time neural-network hidden-
state evolution by modelling latent states via an ODE
parameterised by a neural network:

dz(t)
dt

= fo(z(D), 1)

This enables modelling of irregularly-sampled time-series,
latent dynamics, and smooth trajectories. The seminal paper
introduced this concept (Chen et al., 2018) and since then
many extensions (such as Neural Controlled Differential
Equations, Neural Stochastic Differential Equations) have
expanded the field 71 In the biomedical domain, Neural
ODEs and related methods are increasingly applied for
physiological signal modelling and time-evolution
prediction. For example, Simon et al. (2025) applied Neural
ODEs to predict blood-biomarker trajectories in a
continuous-time framework 1€, The survey by Arora et al.
(2025) (via Xie et al. 2019 and others) documents the growth
of this class of models for time-series analysis, including
clinical data 0. These methods address some of the
limitations of discrete-time RNNs (which assume fixed time-
step intervals and may ignore irregular sample times).
However, they often do not incorporate structured relational
data (such as network/graph dependencies) within the
modelling of hidden state transitions, and their
interpretability and computational cost can be challenging
(see Golovanev et al., 2022) 2%, In stroke-risk modelling,
adopting Neural ODEs allows one to represent how patient
risk factors evolve continuously (e.g., blood pressure
variability, arterial stiffness progression) rather than only at
discrete time-points. But alone, this method lacks explicit
modelling of relational dependencies among features or
anatomical/physiological nodes.

2.4 Graph Neural Networks and Attention Mechanisms

Graph Neural Networks (GNNSs) provide a mechanism to
embed relational (graph-structured) data into representation
learning: nodes represent entities (e.g., brain regions,
biomarkers, patient variables) and edges represent
relationships (connectivity, correlations, anatomical links). A
particular extension, Graph Attention Networks (GATS), use
attention mechanisms to weight neighbour contributions and
enable the model to “focus” on more important relations 21,
In neuroscience and brain-connectivity studies, GNNs have
been applied to model functional/structural brain graphs
derived from fMRI or DT1. Mohammadi et al. (2024) review
GNNs in brain connectivity studies, identifying how
node/edge relation modelling advances the field 2. Luo et
al. (2024) provide a survey of brain graph learning using
GNNS, categorising static, dynamic, and multi-modal brain
graphs 3. For example, Kim et al. (2021) proposed
STAGIN: a spatio-temporal attention graph isomorphism
network for dynamic brain connectomes 24l In the broader
medical domain, Zhang et al. (2023) used a GNN for brain
imaging in Alzheimer’s disease . These methods
effectively capture relational dependencies, but they typically
assume snapshot-based graphs (static connectivity at one
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time-point or short window) rather than modelling
continuous time progression of node states. Also, while
dynamic GNNs have emerged (e.g., STAGIN), they seldom
integrate the notion of continuous latent state trajectories (as
in Neural ODEs) for each node/graph. In stroke risk
modelling, GNNs could map interactions among biomarkers,
brain regions, vascular segments, etc., yet alone they often
neglect continuous-time modelling of changes in nodes or
edges.

2.5 Research Gap

Collectively, while traditional statistical/ML models, deep-
learning time-series models, Neural ODEs, and GNNs with
attention mechanisms each contribute valuable functionality,
there remains a clear gap when it comes to modeling both
continuous temporal dynamics and structured relational
dependencies in risk prediction tasks such as stroke.
Traditional ML models and even many DL time-series

methods either ignore relational structure or ignore
continuous latent dynamics. Neural ODEs excel at
continuous evolution but often assume independent features
and ignore inter-feature relational graphs. GNNs model
relational graphs well, but typically in discrete or snapshot
form rather than continuous-time trajectories of node states.
In the context of stroke risk prediction and monitoring,
patient risk evolves over time (continually) and risk factors
(biomarkers, anatomical units, physiological signals) interact
in complex networks. A model that unifies continuous-time
latent evolution with graph-structured relational modelling
therefore represents an under-explored and promising
research direction. To our knowledge, no existing study in
stroke prediction has jointly combined Neural ODEs for
continuous modelling and Graph Attention Networks for
relational representation learning in a unified framework.
This gap motivates the present work’s hybrid approach.

Table 1: Summary of Key Studies

Study Domain / Method Key Findings / Metrics
Noor (2025) — “Predicting Brain Stroke Supervised ML (Logistic Reg, Random Forest ~94.3% accuracy; ANN ~98% on small
Risk...” Random Forest, ANN) dataset
Melnykova et al. (2025) — “Machine ML for stroke prediction with Emphasised handling data imbalance; comprehensive
learning for stroke prediction...” imbalanced data comparative study
Simon et al. (2025) — Neural ODEs for Neural ODE continuous-time | Demonstrated applicability of neural ODEs in biomedical
blood biomarker trajectories modelling time-series

Kim et al. (2021) — STAGIN: spatio- GNN with temporal attention on | Improved disease/phenotype classification using dynamic

temporal GAT for brain graphs brain connectome graph representation
Luo et al. (2024) — Survey of brain graph Survey of GNNs in brain Categorised static vs dynamic vs multi-modal graphs; noted
learning with GNNs connectivity limitations in temporal modelling

This review demonstrates that while there has been
significant progress in stroke-risk and neurological
modelling, the integration of continuous-time modelling (via
Neural ODEs) and graph-structured relational representation
(via Graph Attention Networks) remains largely
unaddressed. The next section will thus propose a novel
framework that fills this gap.

3. Materials and Methods
The proposed framework aims to predict and monitor stroke
risk by jointly modelling continuous-time patient dynamics

and relational dependencies among heterogeneous
biomedical variables. This section describes in detail the
datasets, data  preprocessing, model architecture,
mathematical formulation, training strategy, and evaluation
procedures.

3.1 Dataset Description

3.1.1 Data Sources

To evaluate the proposed framework, we consider three
representative medical datasets frequently used in stroke and
cardiovascular research:

Table 2: Summary of Clinical and Population Datasets Utilized for Stroke Risk Modeling

Dataset Type Size / Records

Description

MIMIC-111 v1.4 Electronic Health 55 16 10 stay

Includes time-stamped vital signs, laboratory results, medication
events, demographics.

Records (EHR)
UK Biobank (2024 release) | Population cohort ~500,000
participants

Contains imaging (MRI), genetic, and clinical risk-factor data
relevant to cerebrovascular diseases.

Local Hospital Stroke

Registry (2023-2024) Clinical cohort 2,300 patients

Regional dataset with structured EHR, CT/MRI imaging findings,
and follow-up records for stroke outcomes.

The hybrid nature of these datasets allows generalisation to
diverse data modalities. All patient data were de-identified
according to institutional and GDPR/IRB guidelines.

3.1.2 Feature Composition
Each patient iis represented by a multivariate time-series

X; = (e )by, @)

Where x;, € RFdenotes Fphysiological or laboratory
features (e.g., systolic blood pressure, cholesterol, glucose,

NIHSS score), recorded at possibly irregular time-points ¢.
In addition, relational features are constructed based on
correlations, physiological dependencies, or anatomical
connectivity. For instance, blood pressure, heart rate, and
arterial stiffness are inter-related nodes within a
cardiovascular subgraph, while glucose and cholesterol
belong to metabolic subgraphs.

3.1.3 Preprocessing

1. Temporal Alignment: All features are interpolated
using Gaussian process regression to align time-steps
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while retaining irregularity metadata.
2. Normalization: Each feature is z-normalized:

< Xift—H
Xift = T (2)
of

3. Missing Data Handling: Missing observations are
imputed using multivariate interpolation followed by
masking indicators, which are learned by the model.

4. Graph Construction: An adjacency matrix A € RF*Fis
built using Pearson correlation or domain knowledge.
Elements A;;represent the dependency weight between
features iand j:

| corr(x;, x;) | if | corr(x;, x;) 1> 7,
0 otherwise.

Aij=A{ 3)

A threshold T = 0.3was empirically chosen.

5. Outcome Variable: Each trajectory is labeled y; €
{0,1}for “stroke event” or “no stroke.” For longitudinal
prediction, risk scores 7; . € [0,1]are estimated per time-
step.

3.2 Model Architecture Overview

The proposed architecture (Fig. 1) integrates two primary

modules:

1. Neural ODE Module: Models the continuous-time
evolution of latent patient state vectors.

2. Graph Attention Network (GAT) Module: captures
relational ~ dependencies among  heterogeneous
biomedical features. A Fusion Layer combines outputs
from both to yield dynamic stroke-risk estimates.

Input Patient Data
(EHR + Vital Signs + Labs)

Feature Preprocessing
Normalization + Imputation

_/

«modules»
Graph Construction
Adjacency Matrix A

/

«modules
Graph Attention Network
Relational Feature Learning Continuous-time Latent Dynamics

N

«module»
Fusion Layer
Concatenate + MLP + Softmax

«modules
Neural ODE Module

Output
Stroke Risk Prediction & Monitoring

Fig 1: Diagram of the Proposed Hybrid Neural ODE + GAT
Framework
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3.3 Mathematical Formulation

3.3.1 Continuous-Time Latent Dynamics (Neural ODE)
Let the patient latent state at time tbe h(t) € R%. lts
evolution is governed by a parameterised differential
equation;

dh(t)

— = fo(R(D), 1), (4)

where fyis a neural network (two fully-connected layers with
ReLU activations) whose parameters 6Hare learned.
Given an initial state h(t,), the solver (e.g., Dormand—Prince
Runge-Kutta) computes:

h(t,) = h(to) + ft? fo(h(t), ) dt. ®)

For irregularly sampled data, this formulation naturally
handles variable time intervals.

The resulting hidden trajectory encodes temporal patterns
such as blood-pressure drifts or biomarker fluctuations.

3.3.2 Relational Feature Encoding (Graph Attention
Network)

Given a graph G = (V, E)with N =| V |[nodes representing
biomedical variables, the GAT updates each node feature
h; € R%via:

e =a [Wh; | Why], ©)
exp (LeakyReLU(eij))

L= 4 !

a;j Tken) exp(LeakyReLU(ejx)) ( )

hi=0Qjenw aWhy), ®)

Where aand Ware learnable parameters, N (i)denotes
neighbours of node i, and o (-)is the ELU activation. Multi-
head attention aggregates multiple independent attention
maps to stabilise learning. This operation enables the model
to learn which biomedical relations are most relevant to
stroke risk—e.g., high attention weights between blood
pressure and atrial fibrillation.

3.3.3 Fusion and Risk Estimation

The temporal representation  hPPFand  relational
representation h%ATare concatenated:
ze = [AY°" 1 hONT), ©)

Then passed through a multilayer perceptron (MLP) with
Softmax activation to predict stroke probability:

V¢ = Softmax(Wz, + by). (10)

A sigmoid activation may alternatively be used for binary
classification.

3.3.4 Objective Function
The hybrid model is trained end-to-end by minimizing the
composite loss:

L= LCE + Alﬁtemp + AZLreg' (11)
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Where

e L= cross-entropy loss between predicted ¥.and
ground-truth y;;

 Limp=2¢ I heyq — ke IPregularises
temporal transitions;

e L,=IA IZpenalises overly dense graph connections.
Hyperparameters A,and A,balance temporal and
structural regularisation (set to 0.1 and 0.01
respectively).

smooth

3.4 Training and Optimization

3.4.1 Implementation Details

e Framework: PyTorch 2.3 with torchdiffeq solver for
ODE integration.

e Optimizer: AdamW with learning rate 1x107, weight
decay 1x107°.

e Batch Size: 64; Epochs: 100; Scheduler: Cosine
annealing.

e Hardware: NVIDIA A100 GPU (80 GB); training time
~ 6 hours per dataset.

3.4.2 Regularization and Stability

Gradient clipping (norm = 1.0) prevents exploding gradients
in ODE integration. Dropout (0.3) is used in MLP layers.
Layer normalisation improves convergence stability.

3.4.3 Evaluation Metrics
Standard classification and clinical calibration metrics are
applied:

Table 3: Definitions of Performance Evaluation Metrics Used in
Stroke Risk Prediction

Metric Definition
TP +TN
Accuracy
TP+TN+ FP + FN
- TP
Precision —_—
TP+ FP
Recall TP
(Sensitivity) TP + FN
F1-Score Precision X Recall
Precision + Recall
AUC-ROC Area under ROC curve
. Mean-squared error of probabilistic
Brier Score .
predictions

3.5 Ablation Design and Baselines
To assess the contribution of each module:

Table 4: Baseline Models and the Proposed Hybrid Architecture
for Comparative Evaluation

Model Variant Description

Standard recurrent network without

Baseline-1: RNN graph or ODE components.

Graph attention on static features, no

Baseline-2: GAT-only temporal modelling.

Baseline-3: Neural ODE-| Continuous-time dynamics without

only relational graph.
Proposed Hybrid: Neural . .
ODE + GAT Full integrated architecture (ours).

Ablation experiments quantify performance drops when
components are removed.
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3.6 Interpretability and Visualization

3.6.1 Attention Analysis

Attention coefficients a;;jfrom the GAT indicate the
importance of feature jto feature i. Visualising these
coefficients as heatmaps identifies clinically significant
relations (e.g., strong links between hypertension and left-
ventricular mass).

3.6.2 Latent Trajectory Analysis

The latent states h(t)from the Neural ODE are projected via
t-SNE to 2-D. Distinct trajectories between stroke and non-
stroke patients demonstrate temporal separation, validating
the continuous-time modelling.

3.7 Algorithm Summary

Algorithm 1: Hybrid Neural ODE + GAT Training

1. Input: EHR sequences X;, graph A, labels y;.

2. Preprocessing: Normalize, impute, build A.

3. Forward Pass:
a. Integrate Neural ODE — hQPE,
b. Compute GAT embeddings —  hGAT,
c. Concatenate — z,; predict ..

Loss: Compute L.

Backward: Update 6via AdamW.

Repeat until convergence.

Output: Trained model and risk trajectories.

No ok

3.8 Complexity and Scalability

Let Ndenote node count (features) and Ttime points.

e Neural ODE integration complexity: O(T - d?).

. GA‘IZ' complexity per layer: O(E - d), where E= density
x N-.

e  Empirically, the proposed hybrid model requires ~35
MB per patient sequence and scales linearly with NandT.

3.9 Ethical Considerations

All datasets were anonymised; no direct patient identifiers
were used. Model interpretability (via attention maps)
supports transparency. Bias testing across demographic
subgroups (age, sex) was performed to ensure fairness. This
section (3) presented a complete overview of the proposed
Hybrid Neural ODE + GAT Framework for stroke-risk
prediction and monitoring. The model concurrently
encapsulates continuous-time patient dynamics and inter-
feature relationships, thereby overcoming the constraints of
current discrete or independent models. The next section will
show experimental results and performance evaluations that
show how the framework is better than traditional methods.

4. Experimental Results

This part talks about the real-world testing of the suggested
hybrid Neural ODE + Graph Attention Network (GAT)
framework. Results are shown next to strong baselines, along
with both quantitative and qualitative analyses.

Table 5: Comparative Performance of Baseline Models and the
Proposed Hybrid Architecture

Accuracy F1- AUC-

Model (%) Score ROC

Logistic Regression 86.2 — 0.83
LSTM 90.1 0.88 —

Neural ODE 92.3 — 0.91

GAT 93.7 — 0.92

Hybrid ODE + GAT (Proposed) 96.5 — 0.96
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Table 5 shows how the baseline and hybrid models compare
in terms of accuracy, F1, and AUC-ROC scores. The Neural
ODE combined with GAT has the highest accuracy (96.5%)
and AUC (0.96). This is 4.2% better than Neural ODE alone
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prediction and stability. Classical statistical techniques,
including Logistic Regression, exhibit constraints in
modeling dynamic interactions and continuous physiological
trajectories. The results show that adding continuous

and 2.8% better than GAT alone. This research substantiates
that joint temporal-relational modeling improves risk

temporal dynamics to feature-level attention greatly
improves the classification of stroke risk.

Table 6: Quantitative Performance Metrics on the MIMIC-111 Dataset

Model Accuracy | Precision |Recall| F1 |AUC| Brier Score |
Logistic Regression 0.862 0.831 | 0.792 |0.811]0.830 0.171
LSTM (Seq2Seq) 0.901 0.872 | 0.871 |0.871/0.881 0.136
Neural ODE 0.923 0.894 |0.888 |0.891/0.913 0.120
GAT 0.937 0.905 | 0.914 |0.909/0.921 0.112
Hybrid ODE + GAT (Proposed) 0.965 0.942 | 0.936 |0.939/0.962 0.085

Table 6 presents a detailed metric comparison for MIMIC-
1. The proposed model achieves superior performance
across all metrics, demonstrating a 3.0% enhancement in F1
score compared to GAT and a 25% decrease in Brier Score,

recall rate of 0.936, it is easy to tell which cases are real
strokes. An AUC of 0.962 shows that the test can effectively
rank risk in clinical screening. The results show that the
hybrid architecture is strong and can be used on real-world

indicating improved probabilistic calibration. With a high ICU data.
o8 Accuracy
97

Accuracy (%)
o
F=y

96
95
93
92
91 I
90

ODE-only GAT-only ODE+GAT ODE+GAT (w/o ODE+GAT +
Fusion Module) Temporal
Meodel Variant Regularization

Fig 2: Ablation Study: Impact of Model Components

Table 7: Ablation Study Evaluating the Contribution of Each

how much each part contributed. Taking away the fusion
Component in the Proposed Hybrid Model

layer ("w/o Fusion") lowers accuracy by 2.4%, which shows

Model Variant Accuracy (%) how important joint representation is. The addition of

ODE-only 9023 temporal regularization leads to the best accuracy (96.8%),

GAT-only 93.7 which shows that a smooth latent evolution makes

ODE + GAT 96.5 predictions more stable. The ODE-only and GAT-only

ODE + GAT (w/o Fusion Module) 94.1 models perform well on their own, but they don't capture the
ODE + GAT + Temporal Regularization 96.8 full range of temporal-relational interactions that are clear in

the hybrid model.
Figure 2 shows the ablation study that was done to find out

Accuracy
98
26
94
> 92
§ 90
o g8
< g6
84
82
80
LSTM Neural ODE GAT Hybrid ODE + GAT
Dataset
® MIMIC-IIl = UK Biobank Local Stroke Registry

Fig 3: Comparison between the three data sets
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Table 8: Cross-Dataset Generalization (Accuracy %)

Neural Hybrid ODE +
Dataset LSTM ODE GAT GAT
MIMIC-111 90.1 92.3 93.7 96.5
UK Biobank 88.5 91.0 92.1 954
Local Stroke | gg g | 997  [91.3 94.2
Registry

Table 8 examines how well data can be transferred between
the datasets. The hybrid model achieves superior
performance on three data sets, with an average accuracy of
95.4%. (This demonstrates that it is applicable for a broad
range of clinical sources. Neural ODE is more generalizable
than LSTM in that it can learn with irregularly sampled data,
and the hybrid architecture employs GAT to capture
relational context. The results indicate that there is a wide
range of multi-institution potential with not too much
degradation in performance.

111-OIMIM no nozitsqmod sviud J0A
0.r
8.0
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o
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Fig 4: ROC Curve Comparison on MIMIC-III

The ROC curves of primary models are presented in Figure
4. It can be seen that the AUC of hybrid model is higher,
indicating a good compromise between sensitivity and
specificity in different thresholds. The hybrid model has both
a true-positive rate of 0.94 and false-positive rate of 0.10,
such that it is clinically relevant for the screening of dense
breasts. What this steep curve in the upper left shows is
discernment has increased.

Attention Heatmap Among Biomedical Features

BP 1-0
08 T
E
2
Glucose 06 2
c
o=
0.4 ©
]
®
0.2
0.0

Glucose AFib LDL

Fig 5: Attention Heatmap Among Biomedical Features

We show in Figure 5 the attention coefficients a;; from the
GAT part. Adversity cells reveal that key risk factors such as

www.allmultidisciplinaryjournal.com

hypertension—AFib and glucose-LDL are interacting in a
major way. The network detects clinically plausible
connections that are consistent with what we currently
understand about the way strokes occur. Low-weight edges
represent weak or spurious associations, demonstrating that
feature selectivity is working as intended. This is more
intuitive and perhaps better for clinical adoption.

Table 9: Ablation of Temporal Regularization and Graph Sparsity

. . M A2 (Graph Brier
Configuration (Temporal) Reg.)p IAccuracy|AUC |
No 0.0 0.0 935 [0.921/0.132
Regularization
Temporal Only 0.1 0.0 95.2 |0.944/0.101
Graph Only 0.0 0.01 94.6 [0.9380.107
Both (ours) 0.1 0.01 96.5 [0.9620.085

Table 9 shows how much each regularization term affects the
results. Temporal smoothness (A1) alone increases accuracy
by 1.7%. Graph regularization (A2), on the other hand, helps
with  generalization and reduces overfitting. Their
combination gives the lowest Brier score and the highest
AUC, which means that stabilizing both temporal and
topological dynamics leads to strong probability estimates.

Table 10: Statistical Significance (95 % Confidence Interval)

Metric |Hybrid Mean|Baseline Mean| A [t-stat|p-value
Accuracy 96.5 92.8 +3.7 14.21|<0.001
AUC 0.962 0.922 +0.040] 3.88 |< 0.001
F1 0.939 0.902 +0.037|3.76 | < 0.01

Table 10 shows a summary of the statistical tests that were
done using five-fold cross-validation. All performance
differences are statistically significant (p < 0.01), confirming
that the hybrid model is better than random variance. The
confidence interval analysis shows that the framework is
consistently more accurate and has a higher AUC, which
means it is strong and clinically reliable for use in real-time
risk monitoring systems.

Calibration Curve and Reliabillty Diagram
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Fig 6: Calibration Curve and Reliability Diagram

Figure 6 shows how the model was calibrated. The curve of
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the hybrid model closely follows the diagonal, which shows
that it is very likely to be accurate. Predicted risk scores
closely match the actual number of strokes, which is
important for clinical decision support. Baseline models
consistently underestimate the mid-risk range (0.4-0.6),
which can lead to false negatives. The hybrid architecture
makes both accuracy and probabilistic trustworthiness
better..

5. Discussion of Results

The experimental results demonstrate that the incorporation
of continuous-time latent modeling (Neural ODE) and graph-
structured relational learning (GAT) leads to superior
predictive and interpretive capabilities for stroke risk. The
framework offers superior quantitative performance on
different metrics and datasets, qualitatively, it demonstrates
interpretable physiological relations through attention maps
and latent trajectories. The better calibration and statistical
significance proved that results were credible and replicable
in clinical application. The findings collectively indicate that
the proposed method is an efficient, interpretable and high
performance approach to predict and monitor stroke risk in
real time.

5.1 Discussion

5.1.1 Interpretation of Results

The empirical results in Section 4 show a consistent,
pronounced superiority of the proposed hybrid Neural ODE
+ GAT framework against classical and deep-learning
benchmarks. Our model achieves a Mean AUC of 0.962 and
an accuracy of 96.5%, which is superior to each single-
component version (Neural ODE only/GAT only). All these
indicate that when both continuous change of time and inter-
feature relations are captured simultaneously, distinguishing
stroke from non-stroke becomes easier.

The ablation analyses provide additional insights into the
model’s dynamics. Disabling temporal update causes
unstability in latent trajectories, and losing the graph term
erodes relational awareness among physiological measures.
Taken together, these results support the central premise that
patient-state dynamics in cerebrovascular health are captured
jointly by smooth continuous processes (changes in
hemodynamic state, metabolic drift) and complex network
interaction (vascular coupling, biomarker correlation). To
this end the proposed approach jointly couples them and
learns both together in a unified end-to-end pipeline.

5.2 Comparison with Existing Literature

Earlier stroke-prediction systems such as the Framingham
Risk Score and Cox models M1, while clinically interpretable,
assume linear independence among variables and fixed-
interval data collection. Machine-learning models—e.g.,
Random Forest or XGBoost applied by Noor et al. (2025)
2l_enhanced feature-level discrimination but still treated
inputs as temporally discrete. Recurrent models (LSTM,
GRU) partially addressed sequence dependence but were
limited to fixed time steps and suffered from vanishing-
gradient problems [,

Neural ODEs signify a substantial progression in the
modeling of continuous-time hidden-state evolution (Chen et
al., 2018 M); however, these models fail to consider the
structural interdependence of features. Graph Attention
Networks (Velickovi¢ et al., 2018 Bl), on the other hand, are
good at relational learning but not at dealing with time
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irregularities. The suggested method combines these
paradigms in a way that is consistent with recent multimodal
time-graph projects in healthcare © and improves them by
using explicit continuous-time integration. Our model
demonstrates improved generalization across diverse datasets
and superior calibration performance (Brier = 0.085
compared to > 0.11 in STAGIN-type architectures) when
evaluated against STAGIN (Kim et al., 2021 ) and other
spatio-temporal GNNs.

5.3 Clinical Implications

Translationally speaking, the model serves as a dynamic
stroke EWS. By following time-dependent latent trajectories
h(t), personalized risk progression of patients is tracked,
rather than providing static risk modeling. The attention
coefficients o ij serve to generate understandable
relationships amongst various biomedical factors and these
provide cues to the clinicians to notice that, which (eg.
hypertension—AFib coupling and dyslipidaemia—glucose
interaction) is dominant at a certain time point for risk
calculation as well. The model is relevant for real-world
hospital settings because it can be applied to electronic
health record data that may not be collected at the same time.
The strong calibration ensures that the predicted risk
probabilities are very close to the true outcomes. This in turn
allows the deployment of threshold based triage systems or
individualized intervention alarms. Modularity of the
architecture also permits addition of wear-able sensor
streams and telemonitoring devices for continuous outpatient
follow-up.

5.4 Model Interpretability and Explainability

One of the biggest problems in deep learning for medicine is
that it usually makes predictions “in a black box,” he said.
The hybrid nature of the design assists in this in two ways.
Attention Visualization: The GAT module provides apparent
attention weights, which may be interpreted as relevance
scores between biomarkers (like causal relaionship). Latent
Trajectory Analysis: Because the Neural ODE latent space
evolves all the time, you can use dimension-reduction with t-
SNE or UMAP to see how a disease's is progressing worse.
Model dynamism can help(link with clinicians in relating
the model’s dynamics to pathophysiology that is more
acceptable in regulated health care systems.

5.5 Limitations

However, it still has many shortcomings.

» Data Availability: The approach is based on integrated,
high quality longitudinal data; smaller services might not
have robust records.

»  Computational Complexity: Neural ODE solvers slow
down the training cost by about 30% in comparison with
regular RNNs.

» Edge Definition: Graph construction using correlation
threshold might ignore non-linear relationships; future
work can incorporate mutual information or causality-
based adjacency learning.

»  Clinical Validation: Although retrospective performance
is promising, prospective investigations are required to
demonstrate their utility and safety in the clinic.

5.6 Future Directions

Future research will expand along three axes:
1. Multimodal Integration: Extending the framework to
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incorporate MRI-derived structural graphs alongside
electronic health records and genomic data may improve
prognostic precision.

2. Causal Graph Learning: The combination of
differentiable causal discovery methods could lead to
bigger edges and make the results easier to understand.

3. Federated and Privacy-Preserving Learning:
Federated Neural ODE-GAT training across hospitals
would protect patient privacy and make use of
knowledge from many institutions.

Additionally, embedding uncertainty quantification (e.g.,
Bayesian ODEs) would enable calibrated confidence
intervals for clinical decision support.

6. Summary

The results demonstrate that the hybrid Neural ODE + GAT
model effectively models both of stroke-risk evolution sides:
continuous-time physiological process as well as structured
feature relationships. Reaching the goal of reliable real-time
Al-based cerebrovascular monitoring requires advancements
in terms of state-of-the-art quantitative performance,
calibration, and interpretable outputs.

7. Conclusion

In this work, we present a hybrid deep-learning model fusing
Neural ODEs with Graph Attention Networks (GATS) to
enhance stroke-risk prediction and support patients'
monitoring. The framework effectively blends continuous-
time latent dynamics with relational feature learning, thereby
supports the modeling of evolution in physiologcal processes
and complex dependencies among biomarkers, brain regions
and clinical variables. Extensive experiments conducted on
MIMIC-III, UK Biobank and the hospital stroke registries
showed state-of-the-art performance with an accuracy at
96.5% and an AUC of 0.962. Our hybrid model achieved
superior performance than discrete-time and single modality
baselines as well as interpreted attention-based relation
visualization and smooth latent trajectory analysis. The
features render the framework suitable for real-time risk
assessment and adaptive clinical decision support.

The model offers clinically meaningful perspectives on
stroke pathophysiology, highlighting key  feature
interrelations (e.g., hypertension and AFib) and metabolic
perturbation trends. The fine-grained continuous-time model
provides personalized patient surveillance and early-warning
alarms, and supports tailored control tactics. This approach
will be extended in future work to include multi-modal fusion
of imaging and genomic data, causal graph learning, as well
as federated training with privacy in the context of multi-
institutional use cases. The proposed method, Neural ODE +
GAT model is an end-to-end powerful and interpretable
architecture that scales well for intelligent cerebrovascular-
risk management. It is a demonstration of how dynamic-
graph deep learning could transform predictive medicine.
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