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Abstract. Stroke has remained among the top contributors to mortality and chronic disability 

over the past few years. The prediction of the likelihood of patients having strokes has remained 

a challenge despite the development of risk scores, statistical models, and machine learning 

algorithms, due to the limitations associated with the dynamic interactions between various 

genetic, physiological, behavior-related, and environmental factors. In addition, most healthcare-

related digital twins employ a vast array of IoT sensors that not only increase healthcare costs 

but also lack the necessary scalability. This review considers a software-based digital twin 

solution that combines machine learning and agent-based modeling for the prediction of stroke 

risk within a dynamic, personalized approach. The solution is more effective since it does not 

depend on hardware-based monitoring systems, but instead on data gathered from various 

sources including clinical data, patient behavior, and environmental factors. Through the ABM 

component, interactions are simulated among the various risk factors, which are then processed 

by the machine learning component into dynamic risk scores that change based on the patient 

situation. Through a systematic review of various models used in predicting the risk of stroke, 

including risk scores and more advanced deep learning and hybrid models, the various 

advantages and disadvantages are highlighted. The proposed software-based digital twin solution 

is more scalable and inclusive, and can work within various healthcare systems without the need 

for expensive IoT infrastructure. 

Keywords: Digital Twin; Stroke Prediction; Agent-Based Modeling; Machine 

Learning in Healthcare; Software-Driven Models; Personalized Medicine; 
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1. Introduction

Stroke continues to be one of the most threatening health issues faced by the world-

wide population, ranked as the second-leading cause of death and a significant source 

of permanent disability worldwide. According to the World Health Organization, this 

condition affects the larger population in lower and middle-class countries predomi-

nantly [1]. The root cause lies in the obstruction or hemorrhage of blood supply reach-

ing the brain, causing major health, economic, and social consequences [2]. Unpredict-

ability related to factors such as high blood pressure, diabetes, and genetic predisposi-

tion has made stroke both common and difficult to forecast [3]. 

Traditional models for predicting stroke rely on statistical methods or machine learn-

ing alone with a small set of clinical features. Although these models give reasonably 
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good predictions, they are not adaptable to individual patient situations. Recent devel-

opments in digital twin technology provide a promising approach for modeling patient 

health behaviors in a virtual setting. 

Currently, most digital twinning solutions for healthcare depend on hardware or IoT 

components, where continuous sensor data streams require advanced infrastructural 

support. This creates a pressing need for software-driven digital twinning solutions. 

This study fills this knowledge gap by developing a hybrid digital twin framework in-

tegrating ML predictions and ABM behaviors for stroke risk assessment. 

however, risk-scoring systems have a major drawback in being overly reliant on data 

from particular demographics, neglecting key individual-specific factors. Machine 

learning algorithms have increased prediction accuracy but tend to be computationally 

intensive and inapt as adaptive models due to their dependence on large quantities of 

quality data. Recently, the notion of a Digital Twin has appeared as a revolutionary 

strategy in medicine, seeking to build a virtual replica for each unique individual [11]. 

Such a replica could integrate data from various sources, simulate disease evolution, 

and predict future trajectories, enabling physicians to analyze risks on a dynamic basis 

and provide more personalized treatment options [12]. Exploratory analyses have indi-

cated that digital twins could be applied in cardiology, oncology, and rehabilitation, 

profoundly influencing stroke treatment and prevention [13]. 

2. Bibliometric Analysis of Digital Twin and Stroke Prediction Research 

A bibliometric study was performed on publications regarding Digital Twin appli-

cations in healthcare, with a focus on stroke prediction. Fig. 1 shows the annual trend 

of publications from 2013 to 2024. There is a low growth rate between 2014 and 2019, 

with fewer than 50 documents in some years. A sharp rise is noticed post-2020, with a 

remarkable year-by-year increase. After 2021, the number of publications exceeds 100, 

then doubles in 2022, reaching a peak of almost 600 publications in 2024, demonstrat-

ing a tremendous increase in research interest. 
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Fig. 1. Annual growth of publications related to Digital Twin and stroke prediction (2013–2024). 
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Fig. 2 illustrates the number of published documents according to author contribu-

tions. The top contributing authors include Theotokatos G., Lip G.Y.H., Ding S., Co-

vache-Busuioc R.A., and Tadros M., reflecting the multidisciplinary nature of this re-

search field spanning engineering, cardiology, and neurology 
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Fig. 3 depicts the number of published documents according to author affiliation 

from top worldwide institutions. Harvard Medical School leads with the highest num-

ber of publications (approximately 47 documents), followed by the University of Cam-

bridge (~32), Massachusetts General Hospital, King’s College London, and University 

College London (~28–30 each). The Ministry of Education of the People’s Republic of 

China, the University of Edinburgh, and the University of Washington contribute an 

average of 25–27 publications, while Inserm, University of Strathclyde, and the Uni-

versity of Oxford report around 23–24 documents each. 
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Fig. 3. Leading institutions contributing to research on Digital Twin and stroke prediction. 

Fig. 4 illustrates the country-wise distribution of published documents. The United 

States leads with over 570 documents, followed by China (~450) and the United King-

dom (~300). India contributes approximately 220 documents. European nations such 

as Italy and Germany contribute 140–160 documents each, while Australia and Canada 

each report just over 120. The Netherlands, Spain, and France contribute around 80–

100 documents each. 
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Fig. 4. Country-wise distribution of research publications on Digital Twin and stroke prediction. 

Need for Software-Driven and Agent-Based Approaches 

Healthcare systems need solutions that can scale effectively, affordably, and adap-

tively. A purely software-based implementation of a digital twin: (1) decreases reliance 

on the constant deployment of IoT hardware; (2) implies improved compatibility and 

integration with traditional EHRs; and (3) aids fast model update and policy simulation. 

Agent-based modeling increases the effectiveness of the framework by modeling pa-

tients as autonomous agents who change their behavior, lifestyle, and reactions to in-

terventions over time—critical for stroke risk factors that depend on dynamic variables 

such as medication adherence, exercise, stress, and environment. 

3. Digital Twin in Healthcare: Current Landscape 

The concept of the Digital Twin originated in aerospace and manufacturing, where 

virtual replicas of physical assets were employed to optimize design and monitor per-

formance for predicted failure [24]. This concept has evolved into dynamic virtual rep-

resentations of patients, organs, or physiological systems that evolve with continuous 

real-world data inputs [25–28]. A Digital Twin in medicine is not a static model but a 

living simulation integrating biological, behavioral, and environmental factors. Its es-

sential characteristics are personalization, adaptability, and predictive capability. By 

integrating heterogeneous data such as clinical records, imaging, wearable devices, and 

patient-reported outcomes, Digital Twins can mirror the real-time status of a patient 

and simulate potential health trajectories [30–35]. 

Applications of Digital Twins in healthcare are diverse and promising. In cardiology, 

patient-specific heart models have been developed to simulate electrophysiological be-

havior, optimize treatment strategies for arrhythmias, and predict outcomes of surgical 

interventions. In neurology, Digital Twins offer insights into disease progression, treat-

ment response, and rehabilitation planning for neurodegenerative disorders like Parkin-

son’s and Alzheimer’s disease. In oncology, Digital Twins represent tumor growth and 

response to chemotherapy or radiotherapy, helping personalize treatment plans. 

While Digital Twins are being increasingly applied in various medical domains, their 

application in stroke prediction remains limited. Stroke is a highly complex disorder 
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caused by an interplay of genetic, physiologic, lifestyle, and environmental risk fac-

tors—making it a perfect candidate for the Digital Twin approach. However, most pub-

lished research has focused on stand-alone prediction models rather than dynamic inte-

grated simulations. There is an evident gap in using Digital Twins to integrate various 

risk factors, continuously update individual health profiles, and provide real-time per-

sonalized stroke risk assessments. 

3.1 Hybrid Digital Twin Architecture 

A digital twin framework should include two highly interconnected components: (1) 

Machine Learning Component — predicts basic stroke risk by employing supervised 

models based on clinical data; (2) Agent-Based Module — simulates individual patient 

behavior and environment interaction, dynamically adjusting risk levels. 

3.2 Data Integration 

An important innovation in this research consists in combining different data 

sources: clinical information (age, blood pressure, diabetes, cholesterol levels); behav-

ioral variables (smoking behavior, exercise levels, patient compliance); and environ-

mental and contextual data such as stress indicators and lifestyle trends. This multi-

source data integration takes place within a software-based framework. 

Digital 
twin 

model

Simulation 
/ 

Prediction

Clincal 
feedback

Patient 
data

Clinical 
data

Fig. 5. Framework of a Digital Twin Model for Healthcare showing integration of patient data, clinical 

data, and wearables feeding into the digital twin model for simulation/prediction and clinical feedback. 

4. Stroke Prediction Techniques: A Review of Existing Models 

The challenge of stroke risk prediction has long been a concern in the medical re-

search community owing to the complex nature of the phenomenon. A number of mod-

els have been developed over the years from traditional statistics to machine learning 

and deep learning algorithms, each with distinct advantages and constraints [63]. 

 Innovative Components 

The outstanding innovative features of the proposed model lie in: (1) Hybrid ML & 

ABM Integration — a new approach integrating ML for predictive capability and ABM 

for adaptability; (2) Software-Driven Digital Twin — a model that does not require 
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hardware dependence unlike IoT-based DT models; (3) Adaptive Risk Score — risk 

scores for stroke are updated adaptively using simulated patient-agent scenarios; (4) 

Scenario Simulation — enables simulation of the effect of lifestyle modifications or 

treatment changes on a patient’s stroke risk. 

4.1 Traditional Statistical Models 

The initial attempts to predict stroke were based on statistical models. The Cox pro-

portional hazards regression model and multivariate regression techniques are popular 

in identifying and quantifying risk factors. Established risk scores such as FSRP and 

CHA₂DS₂-VASc utilize clinical variables like age, hypertension, diabetes, and smoking 

to estimate stroke risk. These models are relatively straightforward to interpret, cheap, 

and widely useful at the population level; however, their reliance on predefined varia-

bles limits their predictive power since they do not capture nonlinear interactions and 

dynamic interplay among diverse risk factors. 

4.2 Machine Learning Approaches 

To overcome the limitations of statistical approaches, machine learning has garnered 

growing attention in stroke risk prediction. Support Vector Machines (SVM), Random 

Forests (RF), and Artificial Neural Networks (ANN) have demonstrated capabilities in 

processing large amounts of data and identifying intricate variable patterns. SVM has 

been demonstrated in exploring high-dimensional datasets, RF in addressing nonline-

arities, and ANNs in exploring underlying patterns within patient datasets. Machine 

learning has numerous advantages over conventional risk scores because of its accuracy 

in exploring electronic health records, medical imaging, and genetic factors . However, 

machine learning tends to be a “black box,” resulting in a lack of understanding of the 

underlying prediction logic. 

4.3 Deep Learning Hybrid Methods 

Deep learning has been utilized for stroke prediction and analysis using imaging data 

like CT and MRI scans. CNNs have shown potential in predicting early symptoms of 

ischemia or hemorrhage. RNNs and LSTM networks have proven effective in modeling 

temporal data patterns from patients, such as continuous measurement of vital signs. 

Combinations of machine learning and deep learning algorithms have also been pro-

posed, integrating clinical predictors with image and genetic data to design more holis-

tic predictive models. Although highly promising, these algorithms remain computa-

tionally intensive and often less interpretable, raising concerns about clinical ac-

ceptance and trustworthiness . 

4.4 Comparative Analysis and Baseline Models 

Traditional methods remain important as reference models due to their interpretabil-

ity and ease of application. Machine learning and deep learning models give better re-

sults related to accuracy and versatility but tend to lack interpretability and are highly 

data-dependent. In the evaluation of model effectiveness, universally accepted models 

such as the Framingham Stroke Risk Profile, CHA₂DS₂-VASc, and machine learning 

baselines including Random Forests, SVMs, and ANN classifiers serve as important 

references to enable researchers to identify whether improvements are possible with 
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Digital Twin concepts incorporating Agent-Based Modeling . Table 1 compares these 

models based on their tools, data sources, and applicability. 

Table 1. Comparison of Stroke Prediction Model Types. 

Model 

Type 

Examples 

(Tools/Algo-

rithms) 

Data 

Used 

Strengt

hs 

Weakness Applica-

bility 

Traditional 

Statistical 

Cox Regres-

sion, Framingham 

Stroke Risk Profile, 

CHA₂DS₂-VASc 

Clinical 

variables (age, 

BP, diabetes, 

smoking, his-

tory) 

Easy to 

interpret; 

low cost; 

validated in 

populations 

Limited accu-

racy; ignores 

nonlinear interac-

tions; poor adapt-

ability 

Baseline 

screening in 

clinics and 

population 

studies 

Machine 

Learning (ML) 

Support Vector 

Machine (SVM), 

Random Forests, 

ANN 

Clinical + 

EHR data; life-

style factors 

Higher 

accuracy 

than tradi-

tional 

scores; cap-

tures com-

plex patterns 

Data-depend-

ent; limited inter-

pretability 

("black box") 

Hospital-

level risk pre-

diction; EHR-

based screen-

ing 

Deep 

Learning (DL) 

CNN, RNN, 

LSTM 

Imaging 

(CT, MRI), se-

quential health 

data 

Excel-

lent in image 

recognition; 

captures 

temporal 

patterns 

Requires 

large datasets; 

computationally 

intensive 

Early 

stroke detec-

tion from im-

aging; moni-

toring systems 

Hybrid 

Approaches 

ML + DL, mul-

timodal models 

Clinical + 

Imaging + Ge-

netic + Behav-

ioral 

Compre-

hensive 

modeling; 

integrates 

heterogene-

ous data 

Complex; 

high cost; inter-

pretability chal-

lenges 

Precision 

medicine; ad-

vanced re-

search models 

5. Stroke Agent-Based Modeling in Healthcare 

Agent-Based Modeling (ABM) encompasses a computational methodology that 

simulates the actions and interactions of independent entities, here called agents, within 

a specified environment. Each agent is an individual unit—a patient, a cell, or a 

healthcare provider—possessing unique characteristics, behaviors, and decision-mak-

ing rules. In contrast to classical mathematical models that rely on population aggre-

gated data, ABM captures heterogeneity by modeling individual variability and local 

interactions. This bottom-up modeling paradigm enables researchers to observe how 

complex system-level patterns emerge from the collective behaviors of agents . 
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5.1 Applications of ABM in Simulating Physiological and Behavioral Processes 

ABM has been used extensively in various fields within the healthcare industry, from 

the biological scale up to the population scale. Physiological ABM models include the 

immune system response to diseases and infections. At the population scale, ABM has 

demonstrated its effectiveness in modeling patient behavior, delivery of healthcare, and 

spreading of diseases among communities. In epidemiology, for example, agent-based 

modeling has played an integral role in grasping the outbreak dynamics of diseases like 

influenza and COVID-19, using agents with properties such as age, health condition, 

mobility, and social structures to track contact patterns and demonstrate how diseases 

propagate or are affected by vaccination or quarantine  

5.2 Potential of ABM in Modeling Stroke-Related Risk Interactions 

Stroke is a complex clinical entity with influences from genetic background, lifestyle 

factors, comorbidities, and environmental factors. ABM is uniquely suited to represent 

these dynamic interactions and heterogeneities. Agents can be assigned risk attributes 

based on familial history or genetic predispositions. Lifestyle variables such as diet, 

exercise, alcohol consumption, and smoking can be incorporated, and agents modify 

their behaviors based on changing environmental conditions, social influences, or 

healthcare interventions. Comorbidities including diabetes, obesity, and cardiovascular 

disease further define an agent’s risk profile. Environmental factors such as air quality, 

socioeconomic status, and access to healthcare can be expressed as external conditions 

that affect agent behavior and health outcomes. By simulating these interactions, ABM 

can reproduce the nonlinear pathways leading to stroke onset, progression, and recur-

rence. 

5.3 How ABM Complements Digital Twin Development 

Digital Twins in healthcare aim to produce a personal and dynamic model for each 

individual. ABM enhances this by allowing the model to analyze dynamics between 

various factors on both the individual and system levels. Implementing ABM in the 

digital twin model makes it possible to simulate the trajectory of every individual’s 

health while considering the variability within their genes, lifestyle, and environment. 

The adaptability offered by ABM ensures that the digital twin remains a living repre-

sentation of the patient as new data become available through patient reports, medical 

files, or imaging studies. ABM also enables investigation of ‘what-if’ scenarios, allow-

ing health practitioners to predict how changes in diet, medication, or lifestyle can af-

fect a patient’s likelihood of having a stroke . 

ABM further promotes the scalability of Digital Twins. While regular Digital Twins 

might deal with specific patients, ABM makes it possible to create population-level 

digital models with unique properties, providing insights for both personalized treat-

ment and population health policies. ABM-enhanced Digital Twins can allow govern-

ment bodies to analyze the effect of community interventions on stroke incidence. 

The majority of current stroke prediction models are based on traditional statistical 

techniques (Cox regression), standalone ML models (SVM, Random Forest, deep 

learning), or hardware-dependent digital twins using wearable sensors. The approach  
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Table 2. Comparison of Stroke-Prediction Studies and Author Contributions (parameters, meth-

ods, outcomes). 

Au-

thor 

Re-

gion 

Data 

Sources 

Key 

Parame-

ters 

Mod

el/Meth

od 

Main 

Contribution 

Key Limita-

tions 

Boeh

me et al. 

(2017) 

USA 
Longitu-

dinal clinical

Age, 

SBP, 

TC/HDL, 

DM, smok-

ing 

 

Cox 

risk score 

First popu-

lation risk 

score for stroke 

Limited to 

aggregate linear 

effects 

Chun 

et al. 

(2021) 

China 
EHR +

labs 

BMI, 

SBP, LDL, 

HbA1c, 

smoking 

 
Ran-

dom For-

est 

ML ex-

ceeds classical 

scores on EHR 

Single-cen-

ter; class imbal-

ance 

Qiu et 

al. (2023) 
EU 

EHR +

lifestyle 

Diet, 

activity, al-

cohol, BP 

 SVM 

(RBF) 

Added life-

style improves 

risk 

Limited ex-

ternal validation 

Chen 

et al. 

(2024) 

USA 

EHR +

sociodemo-

graphic 

SES in-

dex, insur-

ance, 

comorbids 

 Gra-

dient 

Boosting 

Social de-

terminants 

quantified 

Missingness 

handling ad-hoc 

Jo et 

al. (2023) 
Korea 

MRI +

CT + EHR 

Lesion 

vol., 

NIHSS, BP 

 CNN 

+ LR 

Imaging + 

clinical fusion 

Small imag-

ing cohort 

Mon-

dal et al. 

(2023) 

India EHR 

BP, 

DM, lipids, 

family hx 

ANN 

(3 layers) 

LMIC-

specific cali-

bration 

Limited fea-

ture breadth 

Chun 

et al. 

(2021) 

UK 
Biobank 

+ genetics 

PRS, 

BP, BMI, 

AF 

XGB

oost 

Genetics 

improves dis-

crimination 

Potential an-

cestry bias 

Lip et 

al. (2022) 
EU 

EHR +

meds 

Med 

adherence, 

BP trend 

 
LST

M (tem-

poral) 

Captures 

temporal 

trends 

Requires 

dense time series 

Grout 

et al. 

(2024) 

USA 
EHR +

environment 

PM2.5, 

heat index, 

ZIP-SES 

 RF + 

SHAP 

Explaina-

bility of drivers 

Spatial con-

founding 

Jiang 

et al. 

(2023) 

EU 
Imaging 

+ labs 

Plaque 

metrics, 

LDL, CRP 

Hy-

brid 

CNN+G

BM 

Multi-

modal fusion 

pipeline 

Compute in-

tensive 



 
    333A Comprehensive Review of Digital Twin Models for Stroke …         

Au-

thor 

Re-

gion 

Data 

Sources 

Key 

Parame-

ters 

Mod

el/Meth

od 

Main 

Contribution 

Key Limita-

tions 

Heo et 

al. (2019) 
USA EHR 

BP 

control tra-

jectories 

Baye

sian sur-

vival 

Survival-

time risk esti-

mates 

Fewer behav-

ioral vars 

Bhute 

et al. 

(2025) 

India 
EHR +

SES 

BP, 

DM, to-

bacco, in-

come 

 Cat-

Boost 

Robust to 

missing data 

Limited im-

aging 

Sing-

hai et al. 

(2024) 

India 
EHR +

lifestyle 

To-

bacco, diet,

BMI, BP 

 Tab-

Net 
 

Interpreta-

ble tabular DL 

Needs larger 

validation 

Zim-

merman 

et al. 

(2025) 

USA 

EHR +

SDOH +

env. 

Hous-

ing, food 

access 

 

 
GBM 

+ SHAP 

Equity-

aware explana-

tions 

Data sparsity 

in SDOH 

proposed herein combines ML and ABM to capture both prediction and behavior, 

supports dynamic patient-specific simulations, and offers greater scalability and flexi-

bility due to its software-centric design. Table 2 compares stroke prediction studies 

across different regions, highlighting data sources, parameters, models, and contribu-

tions.  

6. Conceptual Architecture for a Software-Only Digital Twin 

The concept of a Digital Twin in healthcare has generally been associated with ad-

vanced hardware systems where data streams from IoT devices, wearable sensors, and 

clinical monitoring tools feed into virtual models. While effective in producing high-

fidelity simulations, this architecture’s reliance on costly physical devices restricts 

scalability and limits accessibility, especially in resource-constrained environments. To 

address these challenges, a software-only Digital Twin architecture is proposed, de-

signed to function without dependency on IoT-based infrastructure  

The framework consists of four primary modules: data integration, agent-based sim-

ulation, predictive analysis, and feedback. At the base level, the framework retrieves 

information from multiple digital sources including electronic health records, lab re-

sults, medical imaging studies, prescription information, and lifestyle reports. This in-

formation is standardized in a unified framework for interoperability. The simulation 

module models stroke risk factors as autonomous agents. The machine learning engine 

analyzes outcomes from these simulations in real-time, producing personalized stroke 

risk values. Feedback channels enable the interpretation of predictions and simulations 

to adjust strategies accordingly  
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6.1 Multi-source Data Integration 

Risks for stroke are multifaceted and depend on clinical history, behavior patterns, 

and environmental factors. The key advantage of the proposed Digital Twin is its ability 

to harmonize diverse variables for a holistic patient profile  

• Clinical data: demographics, blood pressure, cholesterol levels, glucose levels, 

comorbid conditions (hypertension and diabetes), and imaging records (CT and 

MRI scans). 

 

• Behavioral data: lifestyle factors such as smoking, alcohol consumption, eating 

habits, physical activity, and medication compliance, measured using surveys or 

apps. 

 

• Environmental data: external conditions including air quality, socioeconomic sta-

tus, geographic location, and access to healthcare facilities. 

 

6.2 Agent-Based Simulation of Stroke Risk Dynamics 

The agent-based modeling layer is the most critical layer of the proposed architec-

ture. Each risk factor—such as high blood pressure, smoking, and obesity—is repre-

sented by an autonomous agent with set behaviors and interaction rules. Agents interact 

with each other to simulate the accumulation, change, and degradation of risks over 

time [90]. This dynamic modeling enables simulation of what-if situations. For exam-

ple, modifying agents related to smoking cessation and blood pressure management 

enables analysis of how stroke risk affects that particular individual. 

6.3 Machine Learning Prediction Engine within the Twin 

The predictive power of the Digital Twin rests on the machine learning engine em-

bedded within the framework. This layer uses algorithms like Random Forests, Gradi-

ent Boosting, and Deep Neural Networks to analyze results produced from agent-based 

simulations. These models improve their predictions over time by learning from larger 

datasets [91–93]. The predictive engine offers personalized and dynamic risk scores 

that change in real-time, departing from current models that make static predictions. If 

a patient improves medication adherence and physical activity levels, the risk scores 

are recalculated to reflect reduced risks. 

6.4 Advantages of Eliminating IoT Devices 

The proposed software-only approach offers several key advantages: 

• Scalability: By removing reliance on physical devices, the model can be imple-

mented across diverse healthcare systems regardless of technological infrastruc-

ture. 

 

• Cost Reduction: IoT-based systems involve huge financial investments in devices, 

maintenance, and transmission infrastructure. The software approach minimizes 

these costs, making advanced predictive tools more accessible. 

 

• Accessibility: A model relying on routinely collected health data is inclusive, al-

lowing consideration across socioeconomic groups where wearable technologies 

are impractical or unaffordable. 

 

• Ease of Integration: Since most healthcare systems already maintain digital rec-

ords, little disruption is involved in incorporating the software-only Digital Twin 

into existing EHR platforms. 

 



 

• Sustainability: Reduced hardware dependence decreases the ecological footprint 

due to lower electronic waste and energy requirements for producing and main-

taining IoT devices. 
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Through the promotion of cost-effectiveness, inclusiveness, and environmental sus-

tainability, the proposed model is consistent with global healthcare goals including eq-

uity and efficiency  

7. Evaluation and Benchmarking 

The development process of the software-based Digital Twin stroke prediction sys-

tem should be accompanied by a rigorous evaluation process to ensure acceptable ac-

curacy and predictable performance across diverse healthcare contexts  

7.1 Framework for Validating the Digital Twin Model 

Validation of the Digital Twin in stroke prediction should be framed based on both 

internal and external validation procedures. Internal validation tests the model on data 

used during development phases (cross-validation, bootstrapping) to identify overfit-

ting. External validation entails applying the model on data from other centers or geo-

graphic locations to determine generalization ability 

The evaluation framework should incorporate three distinct phases: 

7.1.1 Baseline Performance Assessment: Compare the Digital Twin against ex-

isting stroke risk models such as the Framingham Stroke Risk Profile, CHA₂DS₂-

VASc score, or recent machine learning benchmarks to establish whether the pro-

posed system offers tangible improvements in predictive performance. 

7.1.2 Dynamic Validation: Since the Digital Twin adjusts to new data inputs as 

time progresses, it must be validated under conditions that reflect real-world up-

dates. 

7.1.3 Clinical Simulation Testing: Clinically simulate the model to verify 

whether it performs well when healthcare practitioners utilize it as an aid in deci-

sion-making processes. 

7.2 Performance Metrics: Accuracy, Sensitivity, Specificity, AUC 

To assess the performance of the Digital Twin, the following predictive modeling 

performance measures must be considered: 

7.2.1 Accuracy: The proportion of correct predictions for the total number of 

instances. This gives a general idea about the model but lacks relevance in medical 

applications with imbalanced databases where non-stroke cases predominate. 

7.2.2 Sensitivity (Recall): Indicates how well a model predicts people who suf-

fer from stroke risks—a high priority in stroke prediction since missing high-risk 

individuals means lost prevention opportunities. 

7.2.3 Specificity: Reflects the model’s ability to correctly identify patients who 

are not at risk of stroke (true negatives), important to avoid overburdening 

healthcare systems with unnecessary testing. 
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7.4 Scalability and Adaptability in Diverse Healthcare Settings 

The software-based Digital Twin model is adaptable and scalable. Unlike IoT-based 

systems, the software-based system relies on existing digital health records and self-

reported data, enabling implementation across all sizes of healthcare environments. The 

adaptability test should affirm the proposal’s effectiveness across different population 

demographics (young vs. old, urban vs. rural). The model should also be tested for its 

potential to integrate with existing healthcare workflows and decision-support tools. 

Table 3 outlines key performance parameters. 

Table 3. Key Evaluation Metrics for Stroke Prediction Models. 

Metric Definition Clinical Significance 

Accuracy 

Proportion of correct predictions 

(true positives + true negatives) over 

all cases 

Provides an overall measure of correctness, 

but may be misleading with imbalanced datasets 

Sensitivity 

(Recall) 

Proportion of actual stroke cases 

correctly identified (true positives / 

all positives) 

Ensures high-risk patients are detected early, 

minimizing missed opportunities for prevention 

Specificity 

Proportion of non-stroke cases 

correctly identified (true negatives / 

all negatives) 

Reduces false alarms, preventing unneces-

sary interventions and healthcare burden 

Precision 

Proportion of predicted high-risk 

cases that are truly at risk (true posi-

tives / predicted positives) 

Important for minimizing false positives and 

building clinician trust 

F1 Score 
Harmonic mean of precision and 

recall 

Balances sensitivity and precision, especially 

useful in imbalanced clinical datasets 

AUC-ROC 

Area under the ROC curve; 

measures ability to discriminate be-

tween stroke and non-stroke cases 

across thresholds 

High AUC indicates reliable discrimination, 

crucial for clinical decision-making 

Calibration 

Agreement between predicted 

risk probabilities and observed out-

comes 

Ensures predictions are realistic and inter-

pretable for guiding patient-level interventions 

8. Research Gaps and Future Directions 

The use of Digital Twin models and Agent-Based Modeling approaches in stroke 

prediction represents a promising shift. Despite the vast opportunities, limitations still 
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persist in adoption and implementation. Addressing these limitations is crucial to en-

sure that Digital Twin technology is not only technically feasible but also ethically ac-

ceptable within the health sciences  

8.1 Current Limitations in Digital Twin and ABM Adoption 

Though Digital Twins have become popular in healthcare, their development is 

largely in the experimental phase for most use cases, including stroke prediction. The 

most significant challenge is posed by the heterogeneity and fragmentation of data. 

Healthcare data is normally scattered across different systems, formats, and organiza-

tions, hindering standardization and creating challenges for the interoperability of clin-

ical, behavioral, and environmental data  

Another constraint is the lack of adequate longitudinal big data, especially regarding 

the complicated interactions of risk factors. Stroke, impacted by the dynamic interac-

tions of genetics, lifestyle, and comorbid conditions, demands longitudinal data that 

changes according to patient conditions. Current approaches to modeling are limited in 

that they are static representations and therefore inadequate for dynamic predictions. 

Finally, there lacks integration between Digital Twins and healthcare workflows, with 

many medical practitioners finding it challenging to interpret and apply AI-driven out-

comes effectively without user-friendly interfaces and EHR integration. 

8.2 Ethical and Data Privacy Considerations 

Ethical challenges arising with Digital Twin adoption are equally significant. The 

technology requires highly sensitive patient data, ranging from genomics to behavioral 

and environmental indicators. Data privacy, data security, and patient consent are un-

derlying considerations. Cyber-attacks, data breaches, and secondary use of health data 

are sources of serious concern. Transparency and interpretability are also key ethical 

aspects; clinicians and patients must be able to understand how predictions are gener-

ated. Black-box models, especially in deep learning, pose challenges in accountability 

when predictions influence critical medical decisions. 

8.3 Integration with Cloud Computing, Federated Learning, and Blockchain 

Further development of Digital Twins will need to build on advanced technologies 

to overcome current limitations. Cloud computing offers the scalable infrastructure re-

quired to support intensive ABM and ML computations, enabling continuous model 

updates accessible to healthcare providers worldwide without local high-performance 

computing resources. 

Federated learning addresses the challenge of fragmented datasets while preserving 

privacy. Instead of centralizing patient data, federated learning allows models to be 

trained locally at different hospitals or institutions, with only model updates shared 

across networks. This would enable Digital Twins to learn from global populations, 

improving generalizability and reducing bias in stroke prediction. 

Blockchain technology can further consolidate trust and security in Digital Twin 

ecosystems. With blockchain, decentralized, tamper-proof ledgers can assure data in-

tegrity, secure sharing, and patient-controlled access rights over data. In a Digital Twin 
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context, blockchain could provide significant regulation on data use for transparency 

and accountability  

8.4 Future Scope: Precision Medicine, Continuous Updates, Adaptive Learning 

The future envisions Digital Twins in stroke treatment that provide precision medi-

cine, where predictions and treatment actions will be personalized. Using the results of 

genomic, proteomic, and metabolomic analysis together with traditional clinical infor-

mation, the vision foresees development of highly individualized risk profiles that not 

only predict stroke occurrence but also pinpoint specific preventive strategies. 

Continuous updates represent another interesting area. Reinforcement learning and 

adaptive AI could be combined in digital twins to enhance predictions and interventions 

by learning from patient outcomes. If a proposed lifestyle change leads to decreased 

blood pressure and subsequently reduced stroke risk, this success could be adapted for 

a digital twin to predict similar outcomes for similar patients. If interventions do not 

work, a corresponding adjustment could be made by the digital twin. There is also po-

tential in applying Digital Twins not only at the personal level but also in population-

level health management, helping determine risk areas, allocate resources, and strate-

gize prevention programs. 

9. Conclusion 

This review has examined the achievements of stroke treatment using advanced pre-

dictive tools, particularly Digital Twins and agent modeling. The literature indicates 

that despite substantial advances using statistical methods or artificial intelligence al-

gorithms for stroke risk stratification, these methods often remain limited in fully grasp-

ing genetic, behavioral, and environmentally induced variables. While accuracy en-

hancements using deep learning or hybrid methods seem possible, they obviously lack 

general flexibility or individualization. 

The software-based Digital Twin model introduced in this paper fills the mentioned 

gaps by overcoming reliance on IoT sensors and using a wide range of data—from 

patient data and life habits to environmental influences—through a single effective and 

economical solution. The combination of agent-based simulation adds a dynamic com-

ponent for the interactions among risks. The novelty of this solution is that it can work 

purely with software components, making it more accessible, less costly to implement, 

and more broadly applicable, especially in developing or middle-income countries that 

cannot afford sophisticated devices. 

Future prospects regarding the use of Digital Twins in stroke management suggest 

immense transformative power. Through effective proactive and personalized 

healthcare delivery, this approach has the potential to bring a paradigm shift from reac-

tive to proactive healthcare. Its adaptability provides ample scope for application in 

precision medicine. Through the software-based and agent-based Digital Twin ap-

proach, there is immense scope to reduce the burden of strokes globally. 

This paper proposes and illustrates the use of a newly developed software-based dig-

ital twin for predicting the risks associated with strokes by employing artificial intelli-
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gence combined with agent-based modeling. This hybrid model is designed to over-

come the limitations of previous stroke prediction models and digital twins by being 

flexible and requiring minimal hardware support. 
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