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Abstract: Stroke is one of the leading causes of mortality and long-term disability worldwide, with ischemic and
hemorrhagic strokes being the two primary subtypes. Accurate prediction of stroke outcomes is crucial for early
intervention and improved patient management. In this study, we develop a predictive risk model using a
Feed-Forward Neural Network (FFNN) to classify and assess risk factors associated with ischemic and hemorrhagic
strokes. The model is trained on a dataset consisting of clinical, demographic, and physiological variables to
distinguish between stroke subtypes and predict patient prognosis. Performance is evaluated using accuracy,
sensitivity, specificity, and the area under the ROC curve (AUC-ROC). The results demonstrate that the FFNN
model achieves high predictive accuracy (95.87%) for training and (80%) for testing in classifying stroke types and
estimating risk. This study highlights the potential of deep learning techniques in enhancing stroke risk assessment
and decision-making in clinical practice.
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1. INTRODUCTION

Indonesia’s Sustainable Development Goals (SDGs) aim to ensure healthy lives and promote
well-being for all people at all ages [1]. One of the points of concern in this sector is deaths
caused by non-communicable diseases (NCDs). NCDs are one of the health issues of concern in
Indonesia, as the incidence of non-communicable diseases tends to increase every year. One of
them is stroke. The World Stroke Organization (WSO) says about 85% of people in the world
have a risk of stroke [2]. Stroke is a disease of the brain in the form of impaired blood flow to the
brain, appearing suddenly, progressively, and rapidly caused by blood clots (ischemic) or rupture
of blood vessels in the brain (hemorrhagic). Ischemic stroke is the most common type of stroke
with an incidence rate of 87% while hemorrhagic stroke is 13% [3]. Ischemic stroke can develop
into hemorrhagic stroke through the mechanism of blood reperfusion in damaged ischemic tissue
through recanalization of occluded arteries, dysfunction of the blood brain barrier, or ischemic
areas supplied by collateral arteries [4]. Ischemic infarction that becomes hemorrhagic can occur
over a 2-14 day period, usually within the first week. Stroke is also one of the catastrophic
diseases with the third highest financing after heart disease and cancer, reaching IDR 5.2 trillion
in 2023, 90% of strokes can be prevented through risk factor control [2].

This shows the importance of early stroke treatment and prevention. In this context,
statistical modeling has an important role [5-15]. Statistical modeling is one way to detect stroke
early and also analyze the factors that affect the incidence of stroke [16]. Traditional statistical
models, such as logistic regression and decision trees, have been widely used for stroke outcome
prediction [17,19]. However, these models often struggle with capturing complex, non-linear
relationships among multiple risk factors. In contrast, machine learning techniques, particularly
Feed-Forward Neural Networks (FFNNs), have demonstrated significant advantages in handling
high-dimensional and non-linear data structures [20].

Several studies have been conducted to model stroke using FFNNs, which have contributed
greatly to improving stroke diagnosis and risk prediction. The first study, from Gao [21] explored
the application of Feed-Forward Neural Networks (FFNNs) in predicting brain stroke using
one-dimensional data. The research aims to assess the effectiveness of FFNNs in handling
structured, numerical input for stroke prediction. This uses FFNNs and traditional machine
learning methods, which include Extreme Gradient Boosting (XGBoost), Support Vector
Machine (SVM), and Decision Tree (DT) methods, then compares the prediction performance
among these methods. The FNN achieved the best performance, which reaches an accuracy rate
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of 81% at most, and the accuracy rate is very close to methods that use other methods. The study
suggests that FFNNs can be effectively used for early stroke risk assessment based on structured
health data. Another study from Someeh et al. [22], utilized a longitudinal dataset consisting of
stroke patient records, including demographic, clinical, and lifestyle factors. Variables such as
age, blood pressure, comorbidities, stroke severity scores, and rehabilitation progress are
included in the analysis. The study explored different scenarios for the number of layers, with a
minimum of 5 and a maximum of 17 hidden units being chosen as optimal. The optimal model is
MLP (40-9-2) showing the highest values for all diagnostic indices.

Previous research tends to be limited to the use of brain stroke. Most previous studies
separate ischemic and hemorrhagic stroke models, limiting generalizability. This study combines
both stroke types, making the model applicable to a broader patient population. This research will
also analyze in more detail the factors that affect the risk of stroke as an improvement. Many prior
works rely on traditional statistical models, which may fail to capture complex, non-linear
interactions between risk factors. The use of FFNNs allows for better pattern recognition and
higher predictive accuracy. From this research with the hope of being able to provide

recommendations and solutions for stroke detection problems.

2. MATERIALS AND METHODS

This section presents the study dataset's description and the introduction of stroke ischemic
stroke hemorrhagic, and Feed-Forward Neural Networks (FFNNs) model.

2.1. DATASET

In this study we use primary data from Brain Hospital Dr. Drs. M. Hatta Bukittinggi, Sumatera
Barat, Indonesia. In this research we used 273 samples which consist of 68 hemorraghic stroke
patients and the other is ischemic stroke patients. For validation accuracy, we divide the dataset
into two parts for each validation, 80% for training and 20% for testing. We use software-R to

analyze all methods in this research. Table 1 provides variables of the models used in this study.
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TABLE 1. Research Variables

Notation Variable Name Scale (Information)
0= Hemorraghic Stroke
Y Stroke )
1=Ischemic Stroke
X Hvoertensi 1= No
ertension
! yP 2=Yes
X, Age Ratio
1= Male
X5 Gender
2= Female
o ) 1= Village
X4 Living Environment .
2= City
Xs LDL Ratio
X HDL Ratio
1 = Normal
X Cholesterol
2 = Abnormal
Xg Urid Acid Ratio
¥ Trighveerid 1 = Normal
riglyceride
K d 2 = Abnormal
1 = Normal
X1 Blood Sugar
2 = Abnormal

2.2. STROKE CLASSIFICATION AND RISK FACTOR
Stroke is a neurological disorder that occurs due to a disruption in the blood supply to the brain,
leading to brain tissue damage and loss of neurological function. According to [23,24], stroke is
generally classified into two main types, namely ischemic stroke and hemorrhagic stroke.
Ischemic stroke occurs when the blood supply to a part of the brain is blocked by a blood clot or
plaque, while hemorrhagic stroke is caused by the rupture of a blood vessel in the brain, leading
to bleeding within or around brain tissue [25,26].

Ischemic strokes are categorized into two main types based on their mechanisms: thrombotic
and embolic. Thrombotic stroke occurs when a blood clot forms locally in an artery supplying
the brain, often as a result of atherosclerosis or hardening of the arteries. On the other hand,

embolic stroke happens when a blood clot or other embolic material forms elsewhere in the body
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(typically the heart) and travels through the bloodstream to block a brain artery [27].

Hemorrhagic strok primarily consists of two types: intracerebral hemorrhage (ICH) and
subarachnoid hemorrhage (SAH). Intracerebral hemorrhage occurs when a blood vessel within
the brain ruptures, causing blood to flow into the brain tissue [28]. This type of bleeding is often
caused by chronic hypertension. Subarachnoid hemorrhage results from the rupture of an
aneurysm or vascular malformation on the brain's surface, leading to blood accumulation in the
subarachnoid space between the brain and the skull. Intracerebral hemorrhage (ICH) is the
second most common subtype of stroke and a critical disease usually leading to severe disability
or death. ICH is more common in Asians, advanced age, male sex, and low- and middle-income
countries.
2.3. FEED-FORWARD NEURAL NETWORKS
In general, the process of working a Neural Network (NN) resembles the way the human brain
processes sensory input data, received as input neurons. Furthermore, neurons are interconnected
with synapses (nodes), and signals from neurons working in parallel are combined to produce
information or reactions [29]. Some types of neural networks include back-propagation (feed
forward), recurrent network, self-organizing map, radial basis function network, and so on. There
are several components that must be considered in the NN modeling method, namely neurons,
layers, activation functions, and weights. These components will greatly influence in determining
the NN model because the formation of the NN model is based on the number of neurons in the
input layer, hidden layer, and output layer as well as the activation function [29]. The
Feed-Forward Neural Network (FFNN) is one of the neural network models that is widely used in
various fields.

The FFNN model architecture consists of one input layer, one or more hidden layers, and one
output layer [30]. One of the important things in designing a back-propagation architecture is
choosing a sigmodial activation function in Equation (1), which has been used by many

researchers [22].

1) f(x) = fa + 2 wyy;).

The term, "feed-foreward" describes how this neural network processes the pattern and recalls
patterns. Neurons are normally coupled foreword when implementing FFNN and every layer of

the NN holds connections to the next node. For instance, from the input to the hidden layer (HL),

but however, there are no links backwards as could be seen in Figure 1.



FIKA, CHAMIDAH, SAIFUDIN, SIREGAR

FiGURE 1. Architecture of Feed-Forward Neural Network

2.4. ALGORITHM OF BACK-PROPAGATION IN FFNNS

The FFNNs has shown its success in application to complex problem solving by providing

supervised learning through a very popular algorithm, namely the back-propagation algorithm [31].

The back-propagation algorithm based on the training data {((n);(n))} with upper bound N and

lower bound (n — 1) can be described as follows [31]:

)

Initialization. Assume that no prior information is available and randomly select a very

small value.

. Make the training data as input. In the network, determine the training cycle (epoch) of the

training data. For each set of training data, perform the forward and backward
computations in steps 3 and 4, respectively.

Suppose the training data is denoted as ((n),(n)), with input vector (n) in the input layer and
response vector d(n) in the output layer. Calculate the weighted sum and signal function of
the network in a layer-by-layer forward fashion. The weighted sum [(n) for neuron j in

layer [ is given by [32] as follows:
1) = 32wy P ()
where yl.(l"l) (n) isthe output of the signal function of neuron i in the previous layer [-1 at

the n-th iteration, and ij(l) is the weight of neuron i in layer [ derived from neuron j in layer
[-1.

iv. Backward computation, to calculate the value of § (local gradient)
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v. lIterate over the forward and backward computations in steps 3 and 4 by assigning new
epochs to the training data until the selected stopping criteria are met.
2.5. METRICS EVALUATION
We evaluate the performance of a Feed-Forward Neural Network (FFNN) for classification
ischemic stroke and hemorraghic stroke. The key metrics used for assessment include [33]:
(i). Determining of Confusion Matrix as given in Table 2.

TABLE 2. Confusion Matrix 2 X 2

Prediction
Observation : :
Hemorraghic Ischemic
Hemorraghic Noo N1
Ischemic Nio nqq

(i1). Determining classification accuracy by using the following formula:

Ngg + Nq1
Accuracy = X 100%
Moo + No1 + Nyp + Nq1

(ii1). Calculating sensitivity value by using the following formula:
Moo

sensitivity = ———
Moo t No1

(iv). Calculating specificity value by using the following formula:

UZY)

specificity = I
22 21

(v). Calculating AUC value and ROC curve by using the following formula:
1
AUC = 3 (sensitivity + specificity)

A rough guide for classifying the accuracy of a diagnostic test is used AUC Classification as
presented by the following table [34].
TABLE 3. AUC Classification

Range AUC values Categorical
090 - 1.00 Excellent Classification
0.80 - 090 Good Classification
0.70 - 0.80 Fair Classification
0.60 - 0.70 Poor Classification

050 - 0.60 Failure
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3. RESULTS AND DISCUSSIONS

3.1. CHARACTERISTICS OF RESEARCH VARIABLES

Descriptive statistics is a procedure for summarizing and presenting a collection of observations
or data sets. This is achieved by displaying frequency distributions in tabular and graphical
formats (e.g. bar charts, histograms, polygons), by calculating measures of central tendency (e.g.
mode, median, mean), and measures of variability (e.g. variance, standard deviation). Selection
of the appropriate measure depends on the variable measurement scale, which can be categorical
(nominal or ordinal) and non-categorical (interval or ratio). In the data category, the types of
descriptive statistics displayed are frequency and percentage [35]. So the first descriptive
statistical analysis aimed at continuous scale predictor variables is given in Table 4.

TABLE 4. Descriptive Statistics Continuous Predictor Variables

Measure Age LDL HDL Urid Acid
Mean 49.205 144,736 99.867 24.466
Variance 21.2 7839.827 14104.745 851.140
Minimum 36 25 16 1.4
Maximum 60 1458 663 148

Table 4 presents the descriptive statistics for four predictor variables: Age, LDL
(Low-Density Lipoprotein), HDL (High-Density Lipoprotein), and Urid Acid. The mean age of
the sample is approximately 49.21 years, with a variance of 21.20, and an age range from 36 to
60 years. LDL levels have a mean of 144.74 mg/dL and a large variance of 7839.83, indicating
high variability in cholesterol levels across individuals, with values ranging from 25 to 1458
mg/dL. Similarly, HDL levels show a high mean of 99.87 mg/dL and an even larger variance of
14,104.75, with values ranging from 16 to 663 mg/dL, suggesting extreme differences in HDL
concentration among subjects. For Urid Acid, the mean is 24.47 mg/dL, with a variance of
851.14, and values ranging from a minimum of 1.40 to a maximum of 148 mg/dL. The high
variances, especially in lipid-related measures, point to significant dispersion in these biological
indicators among the study population, which could influence the outcomes in stroke type
prediction or classification.

Next, Table 5 shows a description of each category of predictor variables for the response

variable. Description of the predictor variables using cross tabulation. Cross tabulation is a
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procedure that presents in the form of a frequency distribution two or more categorical variables
simultaneously. Each category in each variable is cross-classified with each other [36].

Table 5, displays a detailed cross-tabulation between various predictor variables and the type
of stroke hemorrhagic or ischemic experienced by 273 patients. The data show that ischemic
stroke is significantly more common, accounting for 75.1% of the total cases, while hemorrhagic
stroke represents only 24.9%. Among individuals with hypertension, a high percentage (87.2%)
experienced ischemic strokes, suggesting a strong association between hypertension and
ischemic stroke. In contrast, among those without hypertension, a greater proportion (36.7%) had
hemorrhagic strokes. Regarding gender, males had a higher incidence of ischemic stroke (79.4%)
compared to females (69%), whereas females had a slightly higher proportion of hemorrhagic
stroke (31%) than males (20.6%). Living environment appears to have a modest effect, with

individuals from both villages and cities showing a similar distribution of ischemic stroke

(around 75%).
TABLE 5. Cross Tabulation Between Predictors and Response Variable
Stroke
Variables Hemorrhage Ischemic Total
n Percentage n Percentage
. No 51 36.7% 88 63.3% 139

Hypertension

Yes 17 12.8% 116 87.2% 133

Male 33 20.6% 127 79.4% 160
Gender

Female 35 31% 78 69% 113
Living Village 45 24.7% 137 75.3% 182
Environment City 23 25.3% 68 74.7% 91

No 47 37.3% 113 89.7% 126
Cholesterol

Normal 21 14.3% 92 62.7% 147
Triglyceride No 67 24.8% 203 75.2% 270

Normal 1 33.3% 2 66.7% 3
Blood sugar No 35 26.9% 95 73.1% 130

Normal 33 23.1% 110 76.9% 143

Total 68 24.9% 205 75.1% 273
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Cholesterol levels also show a noticeable relationship: 89.7% of those with high cholesterol
suffered ischemic strokes, while only 62.7% with normal cholesterol levels did so, suggesting
elevated cholesterol may increase the risk of ischemic stroke. Similarly, elevated triglyceride
levels are linked to ischemic stroke, with 75.2% of those affected falling into this category, while
those with normal levels had a lower proportion of ischemic cases (66.7%). Blood sugar levels
present a similar pattern; 76.9% of individuals with normal blood sugar experienced ischemic
strokes, compared to 73.1% among those with high blood sugar, though the difference is less
pronounced. Overall, the table suggests that risk factors such as hypertension, male gender,
elevated cholesterol, and high triglycerides are more closely associated with ischemic stroke,
while the absence of these conditions may relate more to hemorrhagic stroke.

3.2. STROKE RISK MODELING BASED ON FEED-FORWARD NEURAL NETWORKS

The Feed-Forward Neural Network (FFNN) model used in this study has a 10-10-1 architecture,
which consists of 10 neurons in the input layer, 10 neurons in the hidden layer, and 1 neuron in
the output layer for binary classification and obtained through the trial and error process of
finding the best neuron is shown in Table 6.

TABLE 6. Best Model Based on Training Data

Fungsi Maximum
Neuron Accuracy Sensitivity Specificity AUC
Aktivasi Iteration
5 50 0.8670 0.8519 0.8720  0.8619
6 50 0.8624 0.5370 0.9695 0.7532
7 50 0.8945 0.8519 0.9085 0.8802
Sigmoid
8 50 0.9220 0.7963 0.9634  0.8798
9 50 0.9633 0.8889 0.9878 0.9383
10 50 0.9587 0.9444 0.9634  0.9539

Training model was conducted using an entropy-based optimization algorithm (entropy fitting)
with a maximum of 50 iterations. During the training process, the error function value decreased
significantly from an initial value of 162.26 to a final value of 21.42, indicating that the model
successfully found representative patterns from the input data. The activation function used in
this research is the sigmoid activation function as follows :

3) o(x) =

1
1+eX
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The following equations are the activation function for the hidden layer and architecture FFNNs

in Figure 2.

z; = 0(4.64 + 6.21x; + 1.41x, + 6.14x3 + 6.05x, + 4.96x5 — 15.74x4 + 1.01x,
—10.69xg — 1.56x9 + 6.55x)

z, = 0(7.77 + 22.97x, + 35.25x, + 9.65x3 + 25.51x, + 19.13x5 + 33.73x4
+ 8.06x; + 18.55xg + 13.27x9 + 43.24x4,)

z3 = 0(—2.95+ 21.94x, — 13.65x, + 3.95x3 + 15.95x, + 11.87x5 — 28.96x4
+ 0.56x; — 12.50xg + 1.03x9 + 19.30x,,)

Z4 = 0(—19.93 — 4.12x; — 1.34x, + 2.59x3 — 10.05x, — 7.57x5 — 27.22x¢ — 2.23x,
— 13.39x5 — 7.96x9 — 2.59x4)

zs = 0(13.99 — 1.89x; — 3.65x, + 10.28x3 — 10.16x, + 9.57x5 + 3.35x¢ + 12.11x,
+ 26.85x5 — 3.02x9 — 0.13x4)

zg = 0(—8.897 + 9.77x; + 19.13x, — 5.15x3 + 6.11x, + 10.40x5 + 20.98x,
+ 10.90x, + 4.55x5 + 7.73x9 + 31.98x4,)

z; = 0(7.00 + 63.95x; + 25.17x, — 36.19x3 + 23.46x, + 42.65x5 — 31.70x,
—17.27x;, — 22.43xg — 23.40x9 — 3.37x4¢)

zg = 0(—16.07 + 2.19x; — 18.01x, + 15.67x3 + 5.03x,4 + 5.02x5 + 2.99x,
— 13.53x7 — 7.57xg + 0.59x9 + 24.33x1¢)

Zg = 0(2.39 — 42.92x; — 48.50x, + 41.50x3 — 20.68x, + 13.33x5 — 12.37x4
— 26.92x; £ 5.87xg — 11.49x9 + 7.34x4¢)

Z19 = 0(—9.66 — 1.71x; — 23.90x, — 5.97x3 + 20.91x, — 31.70x5 — 0.47x4 +
15.79x, + 28.29 xg — 11.83x9 — 2.78x4).

B2
X1

X2
X3
X4

X5
o1 Y

X6
X7
X8
X9

X10

FIGURE 2. Architecture 10-10-1 FFNN Model
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Furthermore, the activation function of output layer is as follows:
4) y = g(2.58 + 4.04z, — 35.63z, — 19.54z3 + 2.59z, + 19.13z5 + 31.97z4 +
15.27z; + 16.24zg — 23.02z9 + 19.18z,).

The weights between neurons indicate the contribution of each input feature to the neurons
in the hidden layer. For example, the first neuron in the hidden layer (h1) receives the highest
positive weights from the third input (x3) and the fourth input (x,), which are 6.14 and 6.05
respectively, indicating that these two variables have a significant influence in shaping the
activation of neuron hl. Meanwhile, large negative weight values, such as -15.74 in neuron hl
from the 6th input (x¢), indicate an inhibitory contribution to the activation. The output layer
receives input from all 10 neurons in the hidden layer. The weight values in this layer show how
much influence each neuron activation has on the final prediction result. For example, neurons
h1 and h2 have large positive weights towards the output (13.27 and 43.24), indicating that their
activations strongly favor positive classification.

Overall, these results show that the FFNN architecture with one hidden layer and 10 neurons
is able to capture the nonlinear patterns in the data effectively. The consistent error reduction and
logical weight distribution indicate that the model has successfully learned the complex
relationships between features and provides a solid basis for accurate ischemic and hemorrhagic
stroke risk prediction. The model also provides interpretability at the neuron level, which allows
further analysis of the contribution of input variables to clinical outcomes.

3.3. EVALUATION METRICS OF THE BEST MODEL
The results of the model performance evaluation obtained from the calculation of the True Positive
(TP), True Negative (TN), False Positive (FP), and False Negative (FN) values obtained from the

confusion matrix in Figure 3.

o - 51 6
c
e
e
D
T
g
o
— - 3
0

Reference

FIGURE 3. Confusion Matrix of Training Data
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The results of evaluating the performance of the FFNN training model with variations in can be
seen in Table 7.
TABLE 7. Performance Evaluation of FFNN Training Model
FFNN Model Accuracy Sensitivity ~ Specificity AUC
10-10-1 0.9587 0.9444 0.9634  0.9539

The performance evaluation table of the Feed-Forward Neural Network (FFNN) model with

architecture 10-10-1, the model demonstrates excellent predictive capability in the context of
stroke risk modeling, specifically in distinguishing between ischemic stroke and hemorrhagic
stroke cases. Based on the Table 7, the accuracy of the model is 95.87%, indicating that the model
correctly classifies nearly 96 out of 100 patients into the correct stroke type category. This high
accuracy shows the model’s robustness in handling the input features, likely representing clinical,
demographic, and lifestyle variables relevant to stroke. The sensitivity (true positive rate) of 94.44%
reflects the model's ability to accurately identify patients with a particular type of stroke (e.g.,
hemorrhagic). This is crucial in medical diagnostics because a missed identification (false negative)
could lead to delayed or inappropriate treatment. A high sensitivity ensures that most of the actual
stroke cases are correctly detected by the model.

On the other hand, the specificity of 96.34% indicates the model’s strength in correctly
identifying non-cases (e.g., ischemic stroke when it is not hemorrhagic). This reduces the risk of
overtreatment or misallocation of clinical resources. Moreover, the Area Under the Curve (AUC)
value of 0.9539 signifies excellent discriminative ability of the model. AUC close to 1 implies that
the model is very effective in separating between the two classes, ischemic and hemorrhagic
strokes.

Next, we perform the testing data. Testing or testing FFNN is done after getting the results
with the best hyper-parameters that have been done in the previous training stage. In the testing
stage, the training data will be tested with testing data that has never been seen before, where these
results are considered the best and optimal after the training process and model performance
evaluation. Furthermore, calculations are carried out to print several model performance
evaluation matrices such as accuracy, sensitivity, specificity, and AUC based on the results of the

confusion matrix that has been calculated in the previous stage. The result is presented in Figure 4.
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=20

Prediction

-15

-10

Reference

FIGURE 4. Confusion Matrix of Testing Data

The results of evaluating the performance of the FFNN testing model with variations in can be
seen in Table 8.
TABLE 8. Performance Evaluation of FFNN Testing Model
FFNN Model Accuracy Sensitivity ~ Specificity AUC
10-10-1 0.8 0.5714 0.8780  0.7247

The Feed-forward Neural Network (FFNN) model with a 10-10-1 architecture achieved an
accuracy of 80% on the testing dataset. This indicates that the model correctly classified 80% of
the total stroke cases. However, a deeper evaluation of the sensitivity and specificity reveals an
imbalance in performance between the detection of hemorrhagic and ischemic stroke types.

The sensitivity value of 0.5714 suggests that the model correctly identified only 57.14% of
hemorrhagic stroke cases. This indicates that approximately 42.86% of hemorrhagic cases were
misclassified as ischemic. Such misclassification could be clinically dangerous, as hemorrhagic
strokes require different and often more urgent treatment strategies compared to ischemic strokes.
On the other hand, the model shows a relatively high specificity of 0.8780, meaning it is more
reliable in identifying ischemic stroke cases, with fewer false positives for this class. The Area
Under the Curve (AUC) value of 0.7247 reflects a moderate discriminative ability of the model
in distinguishing between hemorrhagic and ischemic stroke classes. In general, an AUC between

0.7 and 0.8 indicates an acceptable level of classification performance for binary outcomes.

4. CONCLUSIONS
This study demonstrates the application of a Feed-Forward Neural Network (FFNN) model with
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a 10-10-1 architecture in classifying stroke types hemorrhagic and ischemic based on relevant
clinical features. The model exhibited high accuracy during training (95.87%) and moderate
accuracy during testing (80%), with an acceptable AUC score of 0.7247 on the testing set.
However, while specificity remained high, indicating strong performance in identifying ischemic
strokes, the relatively low sensitivity suggests that the model struggled to accurately detect
hemorrhagic cases. These results highlight the model’s potential for assisting in early stroke type
prediction, but also emphasize the need for further refinement—particularly in enhancing
sensitivity before clinical deployment. Future research may focus on improving model
generalizability through hyper-parameter tuning, alternative architectures, and class balancing

strategies.
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