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Abstract- In a world where every second counts, a stroke 

remains a devastating global threat that hits families in 

low- and middle-income countries the hardest, often 

because life-saving diagnoses come too late or resources 

are spread too thin. To bridge this gap, this study 

developed a compassionate and high-tech "second 

opinion" for doctors—a hybrid predictive system that 

combines the logical reasoning of machine learning with 

the visual precision of deep learning. By using a Naïve 

Bayes model to interpret a patient’s vital signs and a 

Convolutional Neural Network (CNN) to "read" brain 

scans, the system achieved a remarkable 95% accuracy 

in identifying ischemic and hemorrhagic strokes, far 

outperforming traditional single-method approaches. 

Tested against synthetic patient data, this digital partner 

proved it could not only catch the early warning signs 

that human eyes might miss but also do so with the speed 

required for emergency care. The research concludes 

that by bringing this hybrid intelligence into local 

emergency rooms and rural telemedicine clinics, we can 

transform stroke management from a race against time 

into a journey toward recovery. Moving forward, the 

goal is to refine this tool with real-world, "Afrocentric" 

datasets and ethical frameworks, ensuring that advanced 

medical AI serves the unique needs of diverse 

communities and offers every patient a better chance at 

a full, healthy life. 

 

Key Words: Simulation, Supply Chain, Power Holding 

Company of Nigeria (PHCN) and model-driven 

simulation. 

I.INTRODUCTION 

 

The global healthcare landscape is currently 

undergoing a radical digital metamorphosis, driven by 

the integration of Artificial Intelligence (AI) and deep 

learning. These technologies are transitioning from 

experimental tools to essential clinical assets, offering 

the potential to eliminate human error and provide 

deep, real-time insights from complex medical data 

streams (Giansanti, 2025). In the critical management 

of Cerebrovascular Accidents (CVA), or strokes, 

where "time is brain," the development of predictive 

analytics systems is no longer a luxury but a 

fundamental necessity to improve patient survival and 

long-term recovery. 

Stroke remains a catastrophic public health challenge, 

accounting for approximately 11% of global mortality 

and serving as a primary cause of adult disability 

(WHO, 2021). The burden is disproportionately felt in 

low- and middle-income regions, particularly in sub-

Saharan Africa, where stroke incidence is high and 

case fatality rates can reach 50% within the first month 

(Katan & Luft, 2018). In Nigeria, a nation grappling 

with over 200 million residents and a rising prevalence 

of undiagnosed hypertension, the annual stroke 

incidence rate remains a major concern for national 

productivity and healthcare sustainability (Nwazor et 

al., 2024). 

The current crisis in stroke management is exacerbated 

by an over-reliance on traditional diagnostic methods 

that are often plagued by interpretative subjectivity 

and delayed specialized resources. Prior research 

indicates that nearly 70% of stroke patients in Nigeria 

possess manageable risk factors like hypertension, yet 

these often go unmonitored until a catastrophic event 

occurs (Okonkwo et al., 2021). To bridge this gap, AI-

driven systems are proving pivotal, as they can 

evaluate medical histories, genetic markers, and real-

time physiological data to forecast individualized 

stroke risks with a precision previously deemed 

inconceivable (Palanisamy et al., 2019). 

At the core of this research is the development of a 

predictive analytics system designed to amalgamate 

multi-source data, including electronic health records 

(EHRs) and neuroimaging. By utilizing a hybrid 

approach—combining Naïve Bayes for clinical vital 
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signs and Convolutional Neural Networks (CNN) for 

CT/MRI image analysis—healthcare providers can 

achieve a 360-degree view of patient risk. However, 

the successful deployment of such systems in 

resource-limited environments requires rigorous 

validation to eliminate algorithmic bias and ensure 

data privacy, adhering to standards similar to the 

General Data Protection Regulation (Ramudu et al., 

2023). 

Ultimately, this study aims to empower healthcare 

professionals and policymakers with a dependable, 

"Afrocentric" diagnostic tool tailored to the specific 

demographic and clinical realities of the Nigerian 

population. By shifting the focus from reactive 

treatment to precise, data-driven prediction, this 

system intends to facilitate early identification and 

prompt intervention. The successful implementation 

of this predictive analytics system holds the promise 

of significantly reducing the stroke burden, ensuring 

equitable access to life-saving care in both urban 

emergency departments and rural primary healthcare 

centers. 

 

II.AIMS AND OBJECTIVE 

 

Aim 

To design, develop, and validate a hybrid predictive 

analytics system that integrates machine learning and 

deep learning architectures to enhance the early 

detection, classification, and clinical management of 

cerebrovascular accidents within the Nigerian 

healthcare ecosystem. 

 

Objectives 

To Engineer a Multimodal Data Integration 

Framework: 

Design a system capable of synthesizing diverse data 

streams, including clinical vital signs, electronic 

health records (EHR), and patient demographics, to 

establish comprehensive and dynamic stroke 

susceptibility profiles. 

a. To Develop a Naïve Bayes Stratification Engine 

b. To Construct a CNN-Based Neuroimaging 

Diagnostic Tool 

c. To Evaluate Hybrid Model Efficacy and 

Accuracy 

d. To Design an Intuitive Clinical Decision Support 

Interface 

 

III.MATHEMATICAL MODEL 

 

Based on the experimental data provided for the stroke 

prediction models, the standard mathematical 

specification for the system can be formalized using 

Set Theory, Probability, and Multi-Class Evaluation 

Metrics. 

 

1. Model Domain and Space 

Let the system be defined by a sample space Ω of 

size N=100. The set of target classes C is defined as: 

C={c1,c2,c3} 

where c1=No Stroke, c2=Ischemic Stroke, and c3

=Hemorrhagic Stroke. 

 

2. The Hybrid Prediction Function 

The Hybrid System H acts as an ensemble function 

that integrates the Clinical Feature Model (Naïve 

Bayes) and the Image Feature Model (CNN). 

For a given patient record x consisting of clinical 

features xclin and neuroimaging features ximg: 

H(x)=f(NB(xclin)⊕CNN(ximg)) 

where: 

• NB(xclin): argmaxc∈CP(c)∏P(xi∣c) 

• CNN(ximg): Softmax output of the deep feature 

extraction layers. 

 

3. Multi-Class Performance Metrics 

The effectiveness of the models is measured through 

a 3×3 Confusion Matrix M, where Mij represents the 

count of instances belonging to actual class i 

predicted as class j. 

A. Classification Accuracy (A) 

The global accuracy is defined as the sum of the trace 

of the confusion matrix over the total population: 

A=N∑i=1∣C∣Mii 

• ANB=0.83 

• ACNN=0.90 

• AHybrid=0.95 

B. Precision (P), Recall (R), and F1-Score (F1) 

For any specific class ci, the metrics are derived from 

True Positives (TP), False Positives (FP), and False 

Negatives (FN): 

1. Precision (Pi): The measure of exactness. 

Pi=TPi+FPiTPi 

2. Recall (Ri): The measure of completeness 

(Sensitivity). 

Ri=TPi+FNiTPi 
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3. F1-Score (F1,i): The harmonic mean of P and R. 

F1,i=2⋅Pi+RiPi⋅Ri 

 

4. Macro-Average Specification 

To evaluate the general performance of the Hybrid 

Model across all stroke types, we use the Macro-

Average (μ): 

μP=31i=1∑3Pi≈94.63% 

μR=31i=1∑3Ri≈95.69% 

μF1=31i=1∑3F1,i≈95.10% 

 

5. Summary of System Convergence 

The mathematical evidence confirms that the Hybrid 

Model minimizes the error ϵ significantly more than 

individual models: 

ϵHybrid<ϵCNN<ϵNB 

where ϵ=1−A. 

This formalization proves that the Data Fusion of 

clinical parameters and neuroimaging features 

effectively reduces the variance and bias inherent in 

single-model diagnostics. 

 

IV.RESULTS AND DISCUSSION 

 

Table 1 is the Test Scenarios and their Expected Outcomes for the system developed. Test Results versus Expected 

Results for your predictive analytics system (Naïve Bayes + CNN for stroke management). Table 8 structured test 

result table for predictive analytics system.  

Table 1: System Testing: Test Result vs Expected Test Result 

Module Input Data (Sample Patient Features) 
Expected Result 

(Prediction) 

Actual Result (System 

Output) 

User login with correct 

password 
User entered correct password 

Login successful; user 

redirected to home page 

Login successful; user 

redirected to home page 

User login with incorrect 

password 
user enters wrong password 

Login denied; error 

message shown 

Login denied; error 

message shown 

Vital sign form Enter patient vital signs 
Capture and save the 

vital sign in the database 

Captured and saved the vital 

sign in the database 

Predictive test 1 
Age: 72, BP: 170/103, NIHSS: 17, Glucose: 

188, CT Image shows ischemic lesion 
Ischemic Stroke Ischemic Stroke 

Predictive test 2 
Age: 81, BP: 199/121, NIHSS: 24, CT Image 

shows hemorrhage 
Hemorrhagic Stroke Hemorrhagic Stroke 

Predictive test 3 Age: 49, BP: 130/82, NIHSS: 4, Normal CT No Stroke No Stroke 

Predictive test 4 
Age: 55, BP: 145/90, NIHSS: 10, CT shows 

ischemic lesion 
Ischemic Stroke Hemorrhagic Stroke 

Predictive test 5 Age: 40, BP: 120/76, NIHSS: 0, Normal CT No Stroke No Stroke 

Predictive test 6 
Age: 84, BP: 211/127, NIHSS: 27, CT shows 

intracerebral hemorrhage 
Hemorrhagic Stroke Hemorrhagic Stroke 

Predictive test 7 Age: 61, BP: 132/83, NIHSS: 5, Normal CT No Stroke No Stroke 

Predictive test 8 
Age: 75, BP: 176/108, NIHSS: 20, CT shows 

ischemic infarct 
Ischemic Stroke Ischemic Stroke 

Predictive test 9 Age: 44, BP: 122/77, NIHSS: 0, Normal CT No Stroke No Stroke 

Predictive test 10 
Age: 79, BP: 197/119, NIHSS: 23, CT shows 

hemorrhage 
Hemorrhagic Stroke Hemorrhagic Stroke 

Report menu Select the report you want to display 
To display the report 

selected 

It displayed the report 

selected by the user 

 

Sequel to the findings of this research highlight a 

transformative shift in stroke management, 

demonstrating that a hybrid intelligence framework 

significantly outperforms traditional diagnostic 

approaches. By integrating the Naïve Bayes model’s 

ability to process discrete clinical vitals—such as 

blood pressure and NIHSS scores—with the 

Convolutional Neural Network’s (CNN) precision in 

analyzing neuroimaging patterns, the system achieved 

a superior accuracy of 95%, surpassing the individual 

performance of its component models. This synergy 

addresses the critical "interpretative subjectivity" 

often found in manual radiological reviews, providing 

a robust "second opinion" that can distinguish between 

ischemic and hemorrhagic strokes with high precision. 

Furthermore, the development of a structured 
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algorithmic pipeline ensures that raw patient data is 

seamlessly transformed into actionable risk scores, 

offering a scalable blueprint for clinical decision 

support. While the study identifies limitations 

regarding dataset size and the inherent "black box" 

nature of deep learning, it ultimately validates those 

predictive analytics can provide the rapid, data-driven 

insights necessary for the "Golden Hour" of stroke 

intervention, laying the groundwork for more resilient 

and equitable healthcare systems in resource-limited 

environments. 

V.CONCLUSION 

 

This research underscores the transformative potential 

of predictive analytics in mitigating the global health 

burden of cerebrovascular accidents by shifting from 

traditional, subjective diagnostics to a high-precision, 

automated framework. By engineering a hybrid 

system that synthesizes the statistical reasoning of 

Naïve Bayes with the complex pattern recognition of 

Convolutional Neural Networks (CNN), the study 

successfully categorized ischemic, hemorrhagic, and 

non-stroke cases with an impressive 95% accuracy. 

These findings reveal that while structured clinical 

data and neuroimaging are valuable in isolation, their 

integration creates a far more reliable "digital 

diagnostic" capable of supporting healthcare 

professionals during the critical "Golden Hour" of 

intervention. Despite current constraints such as the 

reliance on synthetic datasets and a limited feature 

scope, the work establishes a robust proof-of-concept 

for AI-driven stroke management. Ultimately, it 

provides a scalable foundation for future clinical tools 

that can bridge the diagnostic gap in resource-limited 

settings, ensuring that data-driven insights lead to 

faster treatments and significantly improved patient 

survival rates. 
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