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To identify strokes, which rank among the leading global causes of death, doctors commonly employ computed tomography (CT) imaging.
Researchers are increasingly applying deep learning (DL) and machine learning (ML) methods to improve the accuracy of stroke classification and
detection. In particular, DL methods have demonstrated significant potential in segmenting stroke regions within brain medical images. However,
training convolutional neural networks from scratch is challenging due to dataset size constraints. Achieving timely and precise stroke diagnosis
remains a significant hurdle. The purpose of this research is to classify brain stroke cases using CT scan images through transfer learning strategies.

Pretrained architectures including ResNet, VGG, Inception, and EfficientNet are utilized, with optimization carried out in the fastai framework to
improve computational efficiency and reduce training time. We developed these artifical intelligence (Al) systems by training them with data,
making adjustments throughout the process to ultimately categorize patients as having a stroke or not. We evaluated different models using
measures such as accuracy, speed, and how well they differentiate normal and stroke-affected CT scans of the brain. This helped us choose the most
effective model. In this research, ResNet50 outperformed other models in accuracy (88%), and DCNN was the most time-efficient model.
KEYWORDS: Stroke, CT image classification, convolutional neural networks, deep learning, feature extraction

A sudden interruption of blood flow to the brain triggers a stroke, a
medical emergency requiring immediate attention." A lot of brain cells
could die because of this, which could lead to problems like paralysis,
speech problems, and vision problems. Early diagnosis and treatment are
very important for limiting damage and making things better for patients.
Itis important to note that ischemic stroke is a heterogeneous condition,
and the evolution of an ischemic lesion can differ greatly among patients.
Factors such as collateral circulation, reperfusion timing, and individual
biological responses influence the rate and extent of tissue damage, making
lesion progression highly variable. This heterogeneity complicates timely
diagnosis and prognosis, further emphasizing the need for advanced
computational methods that can adapt to diverse clinical presentations.
Computed tomography (CT) scans help doctors evaluate and diagnose
stroke patients because they show information about the brain's structure.
However, it may be difficult to accurately identify and differentiate a
stroke spot on a (T scan. The capability to identify an ischemic lesion on
noncontrast (T is influenced by multiple factors, including the size and
anatomical location of the lesion, the underlying cause, and even the
availability of supporting clinical information. Radiologists often rely on
a neuroanatomical hypothesis to guide their interpretation, rather than
depending solely on image contrast. This highlights both the challenge
and importance of integrating computational tools that can support lesion
recognition under such complex conditions. Due to the complexity of the
pathology and the small magnitude of the signs of complications from a
stroke, existing image analysis techniques cannot adequately explain the
variety of seizure symptom patterns on the brain. Several technologies

have been applied to detect brain strokes in CT scans to discriminate

them from other forms of damage. Medical imaging is urgently needed

for prompt and precise diagnosis, especially for neurological disorders

like stroke. However, current techniques also often encounter problems

in efficiently processing and analyzing the massive amount of medical
images. As a result, the diagnosis may be postponed, negatively affecting
the patient. Through the implementation of advanced methodologies,
such as fastai, which simplifies deep learning (DL) model development
and deployment, = the challenges can be overcome to provide faster and
more accurate diagnosis of stroke. This allows for enhanced image contrast,
extraction of the most relevant features, and, subsequently, application

of transfer learning models. DL algorithms display high-level results in
various image designations, including the brain infarcts identification.

One study by Gao et al° created a way to group (T brain images using DL.
First, they used a dataset to teach DL networks. Then, they tested how

well they could group different brain diseases using (T scan data. The
study employs hybrid convolutional neural network (CNN) architecture

and an advanced hand-crafted method with the objective of classifying

(T brain images into Alzheimer’s disease (AD), lesion, and normal aging
categories. Kuo et al* used a large dataset to train their hybrid CNN-based
classification model and demonstrated accurate classification performance
at finding and locating hemorrhages. This could help doctors find people
who have had a brain bleed quickly and help them. The study utilizes a fully
CNN.In studies reported by references 7 and 8, fully CNN were utilized for
automated brain image classification trained on head (T scans to detect
acute intracranial hemorrhage, demonstrating performance exceeding that
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of radiologists. While the performance of the 2
studies is commendable, they did not employ
transfer learning or fastai techniques in their
methodologies. In addition to the architecture,
various data characteristics significantly impact
the training of a transformer model. A dataset®
of 285 (T brain images were categorized into
Alzheimer's disease, lesion, and normal aging
classes. Given the study’s small dataset, transfer
learning techniques could be employed to
mitigate this limitation. A study by Gautam et
al° combines CNN, Vision Transformers (ViT),
and AutoML for stroke classification with CT
scans, improving diagnostic accuracy and
easing radiologist workload. VGG-16, VGG-19,
ResNet50, and ViT were individually assessed
for slice-level predictions, without leveraging
fastai techniques. While existing literature
extensively explores DL5™ techniques for
classification, there is a notable absence of
integration with the fastai library, limiting
both efficiency and accuracy. Furthermore,
the prevalent use of small datasets' in these
studies hinders robust model development.
Additionally, while machine learning (ML)">"*
techniques are frequently applied in medical
imaging for various diseases, the focus on brain
infarction remains limited.” " To address these
gaps, this research aims to enhance the accuracy
and speed of brain infarction classification
based on transfer learning® and integrating
fastai?' techniques. Through these efforts, the
study seeks to achieve greater efficiency and
a reliable framework for diagnosis, thereby
addressing critical needs in clinical practice.
This research examines how DL can be used to
improve the diagnosis of brain strokes. To train
our DL models, we employed switch learning
techniques within the fastai DL framework.
Transfer learning speeds up the process of
making models by using weights that have
already been learned. The process of learning
traits from different types of data also helps
improve model performance. Fastai makes it
possible for ML models to give more accurate
and timely results by simplifying the training
process. Generalizing DL models?- for stroke
detection across diverse datasets is a challenge.
We can make DL models quickly and well with
the help of fastai and transfer learning.

The key contributions of this study are
outlined as follows:

« Anovel preprocessing pipeline

combining segmentation-based

methods was applied to increase image
contrast, thereby supporting improved
brain infarct diagnosis.

«  (Timages were preprocessed and
standardized to correct inconsistencies
and improve quality.

«  Theimages were transformed into
binary matrices, after which a feature
selection model was employed to
extract the essential aspects.

- Transfer learning models, such as
VGG-16, ResNet50, Inception v3 and
DCNN, were utilized within the fastai
framework to enable efficient and
accurate brain infarct detection.

«  Finally, a performance comparison
of these models was conducted,
accompanied by an assessment of their
advantages and disadvantages.

First, we provide an introduction to brain
stroke and review a wide range of studies on
utilizing transfer learning for medical image
interpretation, with a specific focus on detecting
brain infarcts. Then, we go into detail about the
data and methods that were used to classify
strokes. Next, there was a thorough look at
how well the models performed classification.
The classification results and their clinical
significance are evaluated and discussed. Finally,
we briefly talk about the main findings and
possible future research paths.

LITERATURE SURVEY

We conducted a literature review to look
into the studies on useful models that are
currently used to quickly group brain infarcts
into different groups. A thorough study of how
ML techniques can be used to help people who
have had a brain stroke was done by Sirsat et al.'
They talked about the pros, cons, and uses of ML
in identifying and finding strokes while looking
at a number of studies. The review synthesized
existing research in the field and identified
promising avenues for future inquiry.

Gao et al® created a way to group CT brain
images using DL. First, they used a dataset to
teach DL networks. Then, they tested how well
they could group different brain diseases using
(T scan data.

Li et al" built a model and tested how well it
could find and group blood spots. It was done
so that doctors could find and treat people with
brain bleeds more quickly.
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Khan et al* dreviewed recent machine ML
and DL approaches for detecting 4 major brain
diseases: Alzheimer’s disease, brain tumor,
epilepsy, and Parkinson’s disease. They analyzed
147 research articles, discussed commonly used
datasets and feature extraction techniques,
and compared different Al-based diagnostic
methods. The study also summarized key
findings and highlighted major challenges
and future directions in Al-based brain disease
diagnosis.

Alarge dataset was used by Kuo et al? to teach
the system and show that it was good at locating
hemorrhages. This could help doctors quickly
identify patients who have had a brain bleed.

A CNN-DL technique was applied by Chin et al®
to construct a ML model for early ischemic stroke
detection. They taught the program how to
correctly recognize the first signs of an ischemic
stroke by using data that was relevant, which
might help facilitate a quicker response.

In their study, Khan et al* proposed a DL model
for identifying and delineating bleeding tumors
in brain CT scans. With the help of DL methods,
they made a model that could correctly find
and split CT scan area of blood. This would help
doctors find and treat people who have brain
hemorrhages.

In their article, Dourado et al* described an
open DL framework for online medical picture
recognition that is based on the Internet of
Health Things (IoHT). Interoperability and linking
of loHT devices make it possible for DL algorithms
to be used for real-time medical picture
recognition through the framework. The goal
of the plan is to make medical picture analysis
faster and easier to access, so that diagnoses can
be made quickly and correctly.

In their study, Liu et al" proposed a combined
ML framework for stroke prediction based on
medical datasets with class imbalance. Because
the data were not all the same, they used
different ML methods, including undersampling
and oversampling, to make the model better
at predicting strokes. The method tries to make
better guesses about brain strokes, even though
the data are not all in one place. This might help
clinicians catch strokes early and stop them.

A DL Internet of Things (loT) system for
rapid stroke detection in head (T images was
introduced by Dourado Jr. et al.> loT gadgets
and DL are used by the system to find and spot
strokes right away. The loT gadgets are used in
this way to use DL models that help doctors find
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a stroke early and properly. This would allow
them to move quickly, potentially helping the
patient do better.

Karthik et al?® used a fully convolutional
network (FCN) to make a deep-trained method
for sorting ischemic lesions from different types
of magnetic resonance imaigng (MRI) data. They
used a set of multimodal MRI scans to make the
FCN model, which correctly separates ischemic
regions and helps doctors diagnose and plan
treatment for people who have had an ischemic
stroke by combining different imaging types.

He et al” were the first to describe deep
residual learning, a new type of neural network
design that uses leftover connections to make
training of very deep networks more efficient.
Their technique significantly improved photo
recognition accuracy, which made it simpler to
train previously challenging deep models. This
innovation is currently a major component of
modern CNN design.

In their article, Howard et al®® proposed
MobileNets, a series of CNNs optimized for
resource-constrained environments, such as
mobile and embedded devices. Because they
need a significant reduction in parameters and
processing resources to achieve the same level
of performance, these networks perform very
well in real-time and resource-constrained
applications. A key part of mobile artificial
intelligence (Al) is the Mobile Nets design, which
lets devices with limited computer power do a
variety of visual tasks.

Simonyan and Zisserman? came up with the
idea of extremely deep convolutional networks,
which made a big step forward in the field of
large-scale picture recognition. This important
finding has greatly helped the fields of DL and
picture analysis.

To find out the carotid artery intima-media
thickness using ultrasound images, Savas et
al* compared different DL models. The authors
proposed a new DL architecture, CAIMTUSNet,
and demonstarted that it performed better than
existing models for medical image analysis,
therby supporting improved cardiovascular
health assessment.

DenseNet, a new neural network design
enhancing both efficiency and classification
performance in DL for computer vision, was
proposed by Huang et al.*" There are tight and
efficient links between each layer and every
other layer, which helps gradient flow and
feature reuse. This approach improved both
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the usability and cost-effectiveness of DL
architectures in computer vision. It also helped
the models perform better on tests of grouping
pictures.

Proposed by Chollet,* this Xception
architecture employs depth-wise separable
convolutions to enhance the learning capability
of deep neural networks. With this method,
you can quickly and easily describe the links
between space and channels. Xception did better
at several computer vision tasks, which shows
how important it is for DL projects to use efficient
convolutions.

In their work, Szegedy et al*® presented
Inception-v4, an updated iteration of the
Inception CNN designed for improved
performance. The study came up with new
design ideas and parts that would make feature
extraction and network depth more efficient.
Their work moved the field of computer vision
forward by making CNN work better and helping
with jobs like identifying and sorting photos.

Kingma et al** advanced the field of
DL by proposing a technique that enables
more effective learning of neural network
representations. New research in neural networks
and representation learning is often shown
at the International Conference on Learning
Representations. Alhatem and Savas investigated
the use of transfer learning for classifying stroke
using various computer science techniques.’
They discussed using models that had already
been trained to make stroke classification more
accurate and helped come up with better ways to
use medical images to diagnose strokes.

An extensive investigation of medical image
segmentation and feature extraction was
presented by Chowdhary and Acharjya.” They
talked about the newest findings and changes
that have happened in this area.

Zhang et al® created a (NN method that can
be understood and that changes the model itself
in real time to correctly group different types of
ischemic strokes.

Salau and Jain® conducted a comprehensive
study on feature extraction methods, detailing
the various types, techniques, and their
applications.

To improve the accuracy of identifying
different types of ischemic strokes while keeping
model interpretability, Fan et al* used electronic
health data to compare 6 ML models for
predicting arterial atherosclerosis in people who
do not have any symptoms.

Ortiz-Ramén et al*’ investigated the use of
texture analysis in brain MRI scans to identify
ischemic stroke lesions. Researchers have
made strides in finding these defects and
understanding how strokes change the brain.
This has big effects on how they treat stroke
patients. Han et al*® came up with a new way to
classify ischemic stroke subtypes that includes
the reasons and treatments in order to make the
classification more accurate. Goldstein et al™
applied the Trial of ORG 10172 in Acute Stroke
Treatment guidelines to enhance the accuracy of
stroke subtype classification. As a result, strokes
were put into more accurate groups. Sung, Lin,
and Hu® used text mining and supervised ML
to create a methodology for ischemic stroke
phenotyping utilizing electronic medical records
(EMRs). Govindarajan et al™ made a classification
method for stroke sickness that is based on
ML, which makes the diagnosis more accurate.
Walsh™ reviewed the current state and future of
noninvasive monitor devices for finding strokes
before patients get to the hospital. The study
discussed the technology’s future possibilities
and gave an overview of how it works now.
Salucdi, Polo, and Vrba™ came up with a new
learning-by-examples method that can be used
to invert microwave scattering data from patients
with stroke in real time. Using advanced signal
processing techniques, this method makes it
easier to understand the data and could lead to
better stroke identification. Bajaj et al"” conducted
an evaluation of 3 ML models for stroke detection,
comprising 0zNet-mRMR-NB, Logistic Regression,
and an Ensemble CNN, based on medical imaging
datasets. They developed the Ensemble CNN
by combining ResNet and VGG19, achieving
the highest accuracy (92.43%) and strong
performance metrics. The study demonstrates
that integrating multiple CNN architectures
improves prediction accuracy and has potential
for clinical application in timely stroke diagnosis.

There are many different topics that are
related to neural networks and DL uses. An online
guide called Neural Networks and DL, written by
Michael Nielsen, provides information about
neural network concepts and DL methods.
Pedregosa et al® developed Scikit-learn, a widely
used Python library that offers a versatile toolkit
for applying various ML algorithms. Due to their
work, ML methods are now much easier to find
and use in the Python computer community.
Fastai is a high-level APl that was created by
Jeremy Howard and Sylvain Gugger*' to make
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it easier for developers to make and train DL
models. Neural Networks: Tricks of the Trade,
written by Orr and Miiller, is a great resource
for people who work with neural networks. This
collection gives methods and points of view

that help the field grow. Raj et al developed a
way to group brain strokes into different groups,
called StrokeViT. They used automatic ML and
vision transforms in their study to improve

the accuracy of stroke classifications. Gautam
and Raman’® came up with a way to correctly
separate brain hemorrhagic and ischemic strokes
that used CNN. Their study uses cutting-edge
ways to improve how strokes are grouped.
Karthik et al® looked at the newest advances

in MRI and DL and how they might be used to
diagnose brain strokes. Their study shows how
DL methods might be combined with advanced
image techniques to make better plans for
finding strokes. Wang et al** discussed how ML
has changed the way medical imaging is done.
Their study shows that ML methods are being
used more and more with picture restoration
techniques. HiResCAM, a way to describe CNN's
decisions, was created by Draelos and Carin.”
HiResCAM is a good alternative to Grad-CAM,
which is often used to explain CNN's decisions.
HiResCAM is better than Grad-CAM in many
ways, such as being more accurate and easier to
understand. Research was done by Magadza and
Viriri2 shows he most recent progress on how to
use DL methods to group brain tumors. Folego et
al® made the suggestion of using a whole-brain
3D-CNN MRI to find AD. By mixing cutting-edge
imaging techniques with DL, their method
makes it easier to diagnose AD. Haller et al*
introduced the RADIOLOGY checklist, a valuable
tool for assessing the clinical application of Al
technologies in neuroradiology. In this area, the
checklist rates the value and healing importance
of Al apps. RadimageNet is a large open-source
database of medical images created by Mei et al®
that can be used for radiology transfer learning.
RadilmageNet is a very useful tool for making
and testing DL models for different radiology
uses. Bajaj et al* applied and categorized data
augmentation techniques on brain (T images to
expand the training dataset and improve deep
learning model performance. They evaluated

4 augmentation levels—absent, basic,
intermediate, and advanced—to determine
which approach enhances accuracy and
robustness. The study aimed to identify the most
effective augmentation strategy for reliable brain

stroke detection, with the goal of making transfer
learning in medical image processing more
effective and efficient. Wang et al*” developed

a novel federated semi-supervised learning
(FSSL) framework utilizing data from 6 centers to
enhance lung tumor segmentation performance.
They introduced a dynamically updated algorithm
for model parameter aggregation, leveraging
both the quality and quantity of dlient data.
Additionally, they explored the FAIR data
principle to increase data accessibility in the
federated learning network, leading to improved
segmentation results compared to traditional

DL and recent FSSL methods. Pérez-Velasco et
al®used DL and explainable Al to understand
the brain mechanisms behind motor imagery.
They found that focusing on a broader brain
activation network improved decoding accuracy.
By applying SHAP to electroencephalogram
data, they identified the involvement of multiple
brain regions beyond M1and S1, leading to
better electrode configuration for high brain-
computer interdace (BCI) accuracy. Farkhani et
al* evaluated DL segmentation tools, including
a novel volumetric segmentation model with
self-attention, on FLAIR MRI data from the

LISA project. They explored weighted loss
functions and ensemble models, achieving

high segmentation performance comparable

to expert raters, and validated their approach

on an independent dataset from the MICCAI
WMH challenge, demonstrating superior
generalizability. Lo et al*’ developed a deep

(NN (DCNN) model for automatic identification
of acute ischemic stroke using noncontrast

(T (NCCT) images. They trained a program
(ResNet18) on 2,400 brain scans, using prior
information from general images for high
accuracy. They also compared program designs
and data augmentation, achieving 90% accuracy,
demonstrating DLs efficacy in stroke diagnosis.
Abbaoui et al’’ completely investigated DL
models for precisely arranging ischemic strokes
utilizing clinical information from Morocco.

They used the OSEMN approach and transfer
learning with VGG-16, achieving a remarkable
validation accuracy of 90%, outperforming other
state-of-the-art models like ResNet50, Inception
v3, and VGG-19. Their discoveries feature the
viability of VGG-16 and stress the significance of
choosing reasonable models for clinical imaging
undertakings, displaying the capability of trend
setting innovations in working on analytic
exactness and medical care results.
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The review provides insight on how to
make cerebrum stroke classification models
that function accurately. Studies show that
these models can be used to find, evaluate,
and treat strokes. There are still problems
regarding unequal data, ethics, and making
quick diagnoses, even though these models can
have the ability to improve patient results. These
problems need to be fixed so that these methods
can be used more in medical picture analysis.

We found that the fact that many models were
trained on small datasets made their learning
curves longer. To solve these problems, we used
transfer learning methods along with the fastai
package. Fastai is a DL library that facilitates the
training and deployment of ML models. Through
the use of transfer learning, we can train a new
model on a smaller dataset using a pretrained
model as a starting point. Our training methods
help our models learn and perform better than
traditional methods.

Research gaps. Many studies in the literature
review employ DL techniques but lack integration
with the fastai library. The majority of studies
utilize small datasets, posing a limitation to
the research. ML techniques are predominantly
applied in studies focusing on different diseases.
Traditional methods contribute to slower
performance across various studies.

Objectives. We aimed to improve the accuracy
and adequacy of brain infarct classification
through the incorporation of transfer learning
and fastai techniques. In this technique, we
incorporate various significant changes. To
improve brain infarct classification exactness and
dependability and make analyses more exact,
we set progressed ML procedures into practice.
Second, we aimed to accelerate the categorization
process so clinical experts can assess patients
more rapidly, which prompts improved patient
care. Third, transfer learning was utilized to get
benefits from recently trained models, further
developing proficiency and versatility, particularly
in circumstances where data were restricted.
Lastly, to work on the general adequacy of
our DL system, we included the fastai library,
which is known for its adaptability and speed,
to streamline the model building, training, and
evaluation procedures.

METHODOLOGY

In this research, we used the fastai library to
quickly and accurately dlassify strokes from brain
(Timages.
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FIGURE 2. Computed tomography scan (without strokes)

Dataset compilation. To train and evaluate
our model, a large number of brain stroke CT
scan images were required. For this purpose,
we utilized the Brain Stroke (T Image Dataset,
available on Kaggle, a widely used online
platform for data science resources. This dataset
comprises CT images collected from multiple
medical institutions, providing diverse samples
for effective stroke detection. We use 2,250
images from this website (Figures 1and 2).
However, the dataset does not uniformly specify
the time interval between symptom onset and
(T acquisition. As a result, the images likely
represent a mixture of acute and subacute
ischemic stroke stages. Since lesion detectability
on NCCT is strongly time dependent—with early
ischemic changes being subtle and later changes
more pronounced—this variability might have
influenced both the ground truth labeling and
the performance of our models.

Image data preprocessing. Every image
from the dataset went through the following
important steps in our preprocessing pipeline.
First, it resized an image to 224224 pixels, since
allimages being the same resolution influences
the stability of the model. Next, it converted
each image into an RGB color space. This kept
the color representation of all images uniform
and helped the model learn the visual features in
each image effectively. Finally, the preprocessed
images were converted to NumPy arrays. These
arrays hold the values of pixel intensity for each
image, thus working with our model in training
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and evaluation task. The data were then ready to
go into the model for more in-depth analysis and
classification after the completion of this step.
(lass labels. Having added the class names
to our dataset, we started by making 2 records,
normal_label and stroke_label. For the
normal_label, we set each component to 0,
which demonstrates the normal class. Then for
the stroke_label, we set each component to 1,
demonstrating the stroke range. We merged
these components with the + operator to make a
single list named target_label. This accumulated
list contained the class names of all pictures in
our dataset, where normal pictures are addressed
by the mark 0 and stroke pictures by the name 1.
Finally, we printed the length of the target_label
list. It distinguished the total number of images
in our dataset. This gave a total of 2,501 images.
Convertimage data and target labels into array.
Here, we converted our image data and labels
into an interpretable format using the ML model.
We had just converted our graphics into NumPy
arrays, which is like numbers that a computer
can understand. This way, we could retrieve the
pixel values of each of the images and process
them quickly. Similarly, we transformed the list
of labels into a NumPy array. Each label in this list
corresponded to the class of the corresponding
image. These changes improved the process of
training and testing our ML model, respectively,
making it more efficient and simpler. After these
steps, our data was ready for the next phase of
analysis.

Preparation of training and testing sets. In
this step, training and testing sets were created
from the dataset. Train_test_split function was
used to split our dataset. We allocated 10% of
the dataset for testing to make sure that we had
enough unseen data to evaluate our model’s
performance. Setting Shuffle=True ensured
that our data was randomly shuffled before
splitting, reducing any bias in the dataset. After
splitting, we checked the sizes of our training
and testing datasets and printed out the results.
This approach helped balance our training and
testing datasets, facilitating effective training
and testing of the model.

Scale the data. This was the step in which we
prepared the image data for training the model.
It allowed us to adjust the values of the pixels
in the images. Each pixel was divided into 255
units, which is the maximum value a pixel can
take. This scaling process was crucial to help
the model effectively learn from the data. This
increased the pixel values between 0 and 1
across all components to a similar scale, and it
kept any single component from totally driving
the learning process to help our model learn in
amore accurate and efficient way. After scaling,
both x_train_s and x_test_s had modified
image data, ready for training. This scaling of the
data allowed our model to exploit information
from the image better, resulting in much better
performance in terms of training and testing.

Image data visualization. In this part of our
research, we plotted some samples from our
dataset with their class labels. We first defined
the class labels for 2 classes to be “Normal” and
“Stroke” for the classes present in the dataset.
Next, we set up a figure for the images and
arrange them in a 64 grid within the figure. We
then looped through the first 24 images in our
training dataset (Figure 3).

Procedure. We utilized different versions
of CNNs, including DCNN, VGG-16, ResNet50,
and Inception v3, which have been trained on
ImageNet, a comprehensive dataset containing
millions of images. These models learned to
recognize general features in images, which was
helpful for tasks such as categorizing images. We
applied these models to detect brain strokes as
follows:

1. Choose a dataset: First, we gathered a
dataset containing images of brains,
some with strokes and some without.

2. Merge the images: We combined the
images of brains with strokes and those
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without strokes into 1 dataset.

3. Select pretrained models: We selected
some pretrained CNN models, mentioned
earlier.

4.  Train the models: Transfer learning
technique was used, where we took the
pretrained model and fine-tuned it on
our dataset. We did this using the fastai
library, which helped with DL tasks.

5. Evaluate the performance: We used
appropriate metrics to measure how
well our model was doing at detecting
strokes.

6. Compare results: We repeated the
process with other transfer learning
techniques or different pretrained
models to see which one performed best
for our task.

Al Ll ot mnal

Through these steps, we determined the
optimal transfer learning approach for precise
brain infarct classification, thereby enhancing
stroke diagnosis and treatment outcomes.
(Figure 4).

Overview of transfer learning techniques
for medical imaging. This section focuses on
transfer learning using CNNs pretrained on the
ImageNet dataset, which contains 1.28 million
images across 1,000 classification categories.
ResNet50™ is one of these architectures. This
model is a 50-layer deep neural network,
intended to mitigate the vanishing gradient
problem by incorporating shortcut connections. Tranates bowring
Because of its ability to capture very complex
features, ResNet50 has been successful in a
variety of computer vision applications, including
image segmentation.

MobileNet-V2" is a CNN model designed
to be computationally efficient while
maintaining good accuracy. It does this by :
using skip connections and linear bottleneck ' .
blocks. MobileNet-V2 consists of 16 segments e 19 5ifH
and is primarily used for tasks such as image
classification because of its balance between e ] .
computational cost and accuracy. Known for T I u! “1 ml i“ m 1
its winning performance in the 2014 ImageNet ks L D T B
competition, the VGG-16 scheme™ relies on a
coherent scheme of 33 convolutional filters - A
at stride 1and 2x2 max pooling layers at stride
2.This scheme has made VGG-16 a cornerstone
model in computer vision.

EfficientNet™ goes beyond the traditional

CN.N qlgonthm by introducing a new way of FIGURE 4. Proposed flowchart of the process
thinking. This method measures all aspects of

FIGURE 3. Sample dataset images showcasing the dataset’s diversity
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TABLE 1. Metrics for evaluating deep convolutional neural network performance

EPOCH | ACCURACY | _VALID_L0SS | RECALL SCORE | ERROR RATE | PRECISION_SCORE | F1_SCORE | TRAIN _LOSS | TIME (SECONDS)
0 0.60 0.81 0.51 0.40 0.52 0.51 131 0.20
1 0.67 0.76 0.49 0.33 0.63 0.55 1.12 0.21
2 0.69 0.78 0.53 0.31 0.65 0.59 1.00 0.22
3 0.74 0.64 0.53 0.26 0.77 0.63 0.86 0.22
4 0.72 0.64 0.46 0.28 0.75 0.57 0.74 0.21
5 0.73 0.58 0.60 0.27 0.71 0.65 0.65 0.18
6 0.78 0.53 0.61 0.22 0.80 0.69 0.59 0.17
7 0.76 0.54 0.61 0.24 0.77 0.68 0.54 0.17
8 0.79 0.51 0.64 0.21 0.80 0.71 0.52 0.17
9 0.79 0.51 0.64 0.21 0.80 0.71 0.50 0.17

the mesh (depth, width, and shape) accurately
with a single optimized multiplier. This approach
enables EfficientNet to achieve high accuracy
while maintaining its functionality, making it
highly applicable to diverse computer vision
applications. EfficientNet differs from standard
ad-hoc scaling methods in that it uses set
scaling factors to improve processing speed

and efficiency, as well as to scale the mesh
appropriately. Image labeling is a popular
method, as it is used to solve problems because it
can be scaled up or down.

DenseNet'® employs dense connectivity, in
which every layer communicates directly with all
other layers within a block, so that all preceding
layers contribute to its input and its own feature
maps are propagated forward to all following
layers. Due to its densely connected design,
it provides improvement, which encourages
feature reuse, enhances gradient flow, and yields
effective parameter utilization. DenseNet is
very helpful for image categorization and other
computer vision issues. Xception,"”"® which
stands for extreme version of Inception, is a CNN
architecture developed by Google. It has been
proven to outperform Inception v3 on various
computer vision tasks, including those using
datasets like ImageNet, ILSVRC, and JFT. Xception
stands out in image classification and feature
extraction due to its use of a modified depthwise
separable convolution. This technique efficiently
captures intricate image details by performing
computations more efficiently compared to
standard convolutions.

In our research, we tested these models using
data for detecting strokes in brain CT scans. All
experiments were performed using a system
equipped with 12 GB RAM and a Colab GPU.

To implement the pretrained CNN models, we
used the Keras package, and at the backend we
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use TensorFlow. Neural weights were updated
throughout the training process using the Adam
optimization approach, which was dependent on
the training data.” Ten epochs of training time
and a batch size of 20 was used in training of
models.

Evaluation metrics for binary
classification models. Binary dlassification
models that divide data into 2 classes are
commonly assessed using several key metrics.

«  Loss: Measures the model’s performance
during training based on the selected loss
function.

« True positives (TPs): Instance that are
correctly predicted as positive.

«  False positives (FPs): Instances that are
incorrectly predicted as positive.

«  True negative (TNs): Instances that are
correctly predicted as negative.

- False negatives (FNs): Instances that are
incorrectly predicted as negative.

« Accuracy: The proportion of correctly
dlassified instances out of the total
instances.

{TP+TN)

Accuracy = ——————d __
Y= TrerrrTREEN)

« Precision: The proportion of correctly
predicted positive instances out of all
instances predicted as positive.

TP
(TP+FP)

Precision =

+ Recall: Indicates how effectively the
model identifies all actual positive cases.

TF

Recall Score = TN

Area under the curve (AUC) of a receiver
operating characteristic (ROC) curve:
Summarizes the overall performance

of a binary classification model. It
represents the probability that the
model ranks a randomly chosen positive
instance higher than a randomly chosen
negative instance.

AUC = [ TPR(t)dt

AUC: Represents the total area under
the ROC curve, summarizing the model’s
ability to distinguish between classes.
True positive rate or sensitivity at
threshold t [TPR(t)]: The proportion

of actual positives correctly identified
by the model at a given classification
threshold.

(lassification threshold (t): A value
between 0 and 1 that determines

the cutoff for classifying instances as
positive or negative—~0 means all
instances are classified as negative, 1
means all are classified as positive.
Integral (/): Denotes the summation of
the area under the curve.

EXPERIMENTAL RESULTS

Assessment of model performance. We
carefully looked at each model to find out how
well it can make predictions,and evaluated
measures such as F1 score, memory, and accuracy
to show where each class is good and where it
needs to improve. Using accuracy and weighted
average F1 score, in addition to the F1 score,
we provide a detailed evaluation of the model’s
performance. This comprehensive analysis
highlights not only the accuracy of the models
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but also their ability to distinguish and correctly Prediction/Actual/Loss/Probability
classify instances across different classes.

DCNN. In training, images were resized and 0/1/6.30 / 1.00 0/1/4.59 /0.99 0/1/3.98 /0.98
batch transforms for diversity were applied. T

After 10 epochs, the model has a training loss
of 0.50 and a validation loss of 0.51, indicating
good fit and generalization. It achieved 78.67%
accuracy on validation data but had a 21.33%
error rate. The recall score was 64.13%, and
the precision score was 79.73%. The F1score,
representing balance, was 0.71. Each epoch
took approximately 17 seconds (Table 1).
These metrics give a snapshot of the model’s
performance and improvement over training.

A visual examination of the model’s
performance is shown in Figure 5. It allows
us to check the dlassification accuracy of the
model based on the comparison of the model’s
predictions and the actual scores. In addition,
the figures show the difficulty level of each
forecast and give a hint about areas that can
be optimized. In addition, the probability
distribution of the model’s predictions gives the
degree of confidence in the classification. This
detailed visualization helps to assess the general
model’s performance in terms of accuracy and
predictiveness.

The grid format of the model’s predictions
is displayed in Figure 6, beside the associated
ground truth lines. This kind of visualization
gives a fast and efficient way of measuring
model performance under different conditions.
Through analysis of the network, we can know
the model’s capability in handling studies and
its possible strengths or weaknesses; analysis of
the network helps assess the model’s capability
to handle various cases, identify its strength
and weaknesses, validate its performance, and
highlight areas for further improvement.

Figure 7 shows how well the model
performed in putting the data into 2 groups
via the confusion matrix. In class 0, there were
137 events, and 19 of these were incorrectly
anticipated by the model as class 1 (FP), while
118 were accurately identified as class 0 (TN).
In class 1 there were 88 samples, of which 25
samples were incorrectly identified as class 0
(FN) but 63 were correctly identified as class 1
(TP). This confusion matrix illustrates the model’s
performance in detail, highlighting its accuracy
in classifying samples and indicating its specific

FIGURE 6. Actual performance of deep convolutional neural network model

error.
Table 2 dives deeper into the performance score, and precision metrics. Class 0 exceled classifications for this class were correct. It also
of this model for each class, using recall, F1 with a precision of 83%, meaning 83% of its achieved a high recall of 86%, indicating it
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Actual

Confusion matrix

19

Predicted

FIGURE 7. Confusion matrix for deep convolutional neural network model

TABLE 2. Performance metrics for binary classification using DCNNs

| REGLL___ | SUPPORT

Class 0 0.86
Class 1 0.72
Weighted average 0.80
Accuracy N/A
Macro average 0.79

DCNN: deep convolutional neural network; N/A: not applicable

captured 86% of actual class 0 instances. For
class 0 the F1 score of 84% demonstrated a great
balance between recall and precision. For class 1,
the model demonstrated a precision of 77% and
arecall of 72%, resulting in an F1 score of 74%.
Overall, the model achieved an accuracy of 80%.
Macro and weighted F1 scores of 79% and 80%,
respectively, suggest uniform performance across
the classes.

V/GG-16. This model, highly regarded for
its balance between clarity and efficiency, is a
powerful tool for computer vision tasks. This
16-layer CNN with 138 million parameters
leverages several techniques to achieve optimal
performance. (T scans were resized and
augmented with random flipping, rotation,
and brightness variation. This strategy enables
the model to learn more robust features and
generalize effectively to unseen image. Table
3 showcases VGG-16's promising improvement
over 10 training epochs. Starting with a training
loss of 1.15 and validation loss of 0.72, the
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F1SCORE
137
88
225
225
225

model steadily reduced training loss to 0.43 by
the tenth epoch. This indicates the model was
effectively learning from the data. Validation
loss follows a similar trend, stabilizing at a low
of 0.33. Accuracy reflects this progress, rising
from 0.59 to a well-performing 0.86. The error
rate correspondingly dropped from 0.41 to
0.14, demonstrating a significant improvement
in correct classifications. VGG-16 also excels
atidentifying specific classes within the data.
Recall scores, which measure the model’s ability
to capture relevant instances, increased to 0.77.
The precision score measures how many of the
model’s positive predictions are true positives
(TP) in the predictions of the model, was high
at 0.85. The F1 score, which balances precision
and recall, reached 0.81, confirming the overall
effectiveness of the model in classifying classes.
Encouragingly, the training time remained
consistent throughout the process, averaging 23
to 25 seconds each time.

Figure 8 shows the comparison between the

predictions of the model and the actual scores
for each prediction and the associated loss. It also
shows the distribution of predicted probabilities,
providing a confidence level contained in its
verses. This visualization facilitates the process of
evaluating both the accuracy and predictability
of the model.

Figure 9 uses the grid structure to display the
model predictions along with the ground truth
lines of the encounter. This type of visualization
provides a quick and efficient way to assess
the overall feasibility of a model under various
conditions. By analyzing the interaction, we can
look at the model’s performance across groups
and identify potential strengths or weaknesses.
This valuable tool serves 2 purposes: to verify the
validity of the model and to identify areas for
improvement.

Figure 10 is a confusion matrix that shows
the performance of the model on 2 sets of
factors as they were divided. There were 138 in
class 0, 12 of which were incorrectly identified
as class 1 (FP), and 126 correctly identified as
class 0 (TN). There were 87 eventsin class 1; 20
were incorrectly identified as class 0 (FN), while
67 were correctly identified as class 1 (TP). This
model did well with class categorization.

Table 4 shows an in-depth look at how well
the model did in 2 different groups. In class
0, the model detected 88% of actual class 0
instances and had a precision of 85%. Only 72%
of the actual events were identified for class 1,
while accurately predicting 76% of the positive
events. The model’s F1 score for both macro and
weighted averages was 0.81, and its overall
accuracy was 0.82. This suggests that the model’s
capacity to categorize cases into these 2 classes is
balanced. Class 0 prioritized precision, while class
1 prioritized recall, reflecting a classic trade-off.

ResNet50. This section explores the
performance of a ResNet-50 model for image
classification tasks. The model leverages several
techniques to achieve optimal results (Table 5).
Images were resized, and data augmentation
techniques were applied. This helps the model
learn from a wider variety of image presentations
and improve its generalization capability. Over
10 training epochs, the model demonstrated
significant improvement. Training loss steadily
decreases from 1.25 to 0.37, indicating the model
was effectively learning from the data. Notably,
validation loss remained stable at a low value of
0.32, suggesting the model was not overfitting.
This is further supported by the accuracy rising
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TABLE 3. List of evaluation metrics for VGG-16

EPOCH TIME (SECONDS)
0 0.59 0.73 0.6 0.41 0.47 1.15 0.53 0.28
1 0.74 0.53 0.64 0.26 0.67 0.97 0.66 0.25
2 0.77 0.47 0.71 0.23 0.70 0.87 0.70 0.23
3 0.81 0.44 0.79 0.19 0.73 0.75 0.76 0.24
4 0.82 0.39 0.74 0.18 0.78 0.66 0.76 0.24
5 0.80 0.40 0.66 0.20 0.79 0.59 0.72 0.23
6 0.82 0.35 0.72 0.18 0.80 0.53 0.76 0.24
7 0.86 0.34 0.77 0.14 0.86 0.49 0.81 0.25
8 0.85 0.33 0.77 0.15 0.84 0.45 0.80 0.24
9 0.86 0.33 0.77 0.14 0.85 0.43 0.81 0.24

from 0.70 to a well-performing 0.88, signifying
asignificant increase in correct classifications.
The corresponding error rate decreased from
0.30t0 0.12. The model was also successful in
identifying specific classes in the data. The recall
score, which reflects the ability of the model

to capture context, increased significantly to
0.86. The precision score was high at 0.79. The
F1score of 0.83 was decent enough in balancing
precision and recall, showing the model’s overall
effectiveness in classifying classes. The training
time remained consistent at an average of 25
seconds, which is very encouraging.

Figure 11 illustrates the outcome obtained
by merging the images for a more intricate
assessment of the model’s performance. This
is where the model predictions are compared
against the ground truth scores, and rapid
classification accuracy can be assessed. The
statistics highlight the problem associated with
the prediction and, hence, could be helpful to
identify places where the model faces difficulty.
Other than that, the probability distribution of
the model’s predictions is a representation of
the classifier’s confidence in the classification.

In general, the overall feature remains a very
good indicator to consider in terms of model
performance measurement, whether for
accuracy or confidence.

Figure 12 illustrates ground truth lines
adjacent to model predictions. By analyzing
the interaction, we can look at the model’s
performance across groups and identify potential
strengths or weaknesses. This valuable tool
serves two purposes verifying the model's
accuracy and pinpointing areas for improvement.

Figure 13 shows the outcomes of a binary
classification task. In total, the model was right
about 88.89% of the time, correctly predicting
137 cases of class 0 and 62 cases of class 1. The

o/l f 2.06 7 0.87

QL /1.7 F0.82

Pradiction/actual/Loss/Probability

o/l / 3.41 /) 0.97

/1 /1.97 /) 0.86

o/l /1.64 f0.81

1/0 f 2.60 /) 0.93

FIGURE 8. Predicted and actual results for VGG-16

model worked very well, correctly labeling about
89.55% of the examples that should have been
in class 0. It also did a good job with recall. The F1
score was approximately 87.04%, demonstrating
the model’s capability of having the proper
balance between precision and recall which
results in correctly identifying relevant events
while controlling for FPs.

Table 6 shows the classification report which
gives an in-depth analysis for the 2 classes,
showing that for class 0, the recall (0.92) allowed
the model to identify 92% of the true instances
while also showing that the accuracy (0.82) was
correct only for 82% of the class 0 predictions.
The F1score of 0.87 indicates a proper balance
of precision and recall. Class 1 had a precision of
0.86, meaning that 86% of predicted instances
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was correct, and a recall value of 0.73, which
means that 73% of actual instances were
identified. These scores resulted in an F1 score
of 0.83, which indicates that precision and recall
performed satisfactorily. Overall, the model
ranking on class 0 and class 1 scored an accuracy
of 0.80. Macro and weighted averages provide
better benchmark scores and help evaluate

the balance among classes, particularly in the
presence of class imbalance.

Inception v3. All images were resized and
data augmentation methods, including flips,
rotations, and brightness adjustments, were
applied to enhance the diversity of the training
dataset. Over the course of 10 training epochs,
the model’s training loss decreased steadily,
demonstrating its ability to capture underlying




©2026, Matrix Medical Communications. This document contains copyrighted and proprietary information, images, and marks of Innovations in Clinical Neuroscience (ICNS). No reproduction or use of
any portion of the contents of these materials may be made without written consent of ICNS. To order reprints of any ICNS article, please contact infof@matrixmedcom.com.
To request copyright permissions for ICNS articles, please visit the Copyright Clearance Center Marketplace.

TABLE 4. Optimizing VGG-16 for accurate binary
classification

F1
SUPPORT SCORE PRECISION

(lass 0 0.88 146 0.86 0.85
(lass 1 0.72 79 0.74 0.76

Mado —oe0 25 080 081
average
Weighted o) 25 082 0s2
average

Accuracy N/A 225 0.82 N/A

N/A: not applicable

patterns. The validation loss remained relatively
stable, indicating that the model was not
overfitting to the training data. Both accuracy
and recall improved as the model progressed,
reflecting its enhanced capability to correctly
classify images and identify instances within
each class. Precision also showed improvement.
The F1 score was favorable. Training was
computationally efficient, with each epoch
completed in approximately 18 to 19 seconds on
average (Table 7).
f Figure 14 shows how well the model
/ - ' performed in classifying data. In class 0, among
133 i?ctual class 0 instances, th.e mpdel correctly
classified 118 (TNs). However, it mistakenly
: - classified 15 instances as class 1 (FPs). In class 1,
Confusion matrix the model correctly identified 59 out of 92 actual
class 1instances (TPs) and missed 33 instances
by predicting them as class 0 (FNs).

Figure 14 visualizes how the model’s
predictions compare to the true labels, revealing
12 both correct classifications and errors. It also
shows how confident the model is in each guess
(via probabilities) and the severity of its mistakes.

Figure 15 provides displays a grid of images
along with what the model predicted (actual
label) and what the image truly represents
(expected label). This shows how well the model
performed across different models and groups.
By looking at where the predicted score differs
from the expected score, it shows what kind of
1 20 image the model struggled with and areas for
improvement.

Table 8 involves the performance of the
model for each class. It reveals that the model
was good at identifying class 0, with high

Actual

. . accuracy and recall. However, it did not perform
o . - wellin class 1, although overall accuracy was
Predicted still good at 79%, and other metrics, such as the

F1 score, show a balanced performance in both
FIGURE 10. Confusion matrix of VGG16 classes.
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TABLE 5. Metrics for evaluating ResNet50 image classification

ACCURACY | TRAIN_LOSS | PRECISION SCORE | VALID_LOSS | RECALL SCORE | ERROR RATE | F1_SCORE | TIME(SECONDS)

0 0.70 1.25 0.55 0.67 0.32 0.40 0.25
1 0.72 1.05 0.57 0.70 0.60 0.28 0.58 0.25
2 0.76 0.94 0.60 0.50 0.74 0.24 0.66 0.25
3 0.77 0.81 0.64 0.47 0.65 0.23 0.65 0.24
4 0.81 0.69 0.69 0.4 0.72 0.19 0.71 0.25
5 0.84 0.57 0.75 0.33 0.75 0.16 0.75 0.25
6 0.87 0.49 0.81 0.3 0.78 0.13 0.79 0.25
7 0.86 0.45 0.77 0.32 0.81 0.14 0.79 0.24
8 0.87 0.40 0.78 0.31 0.83 0.13 0.81 0.25
9 0.88 0.37 0.79 0.32 0.86 0.12 0.83 0.25
DISCUSSSION Prediction/Actual/Loss/Probability

This section delves into comparative models
using figures and tables. Bar graphs and other
charts show how accuracy changes over time,
making it easy to see which model performs
best. The tables summarize the research
parameters, and allow us to look at the strengths
and weaknesses of each model in different areas.

Training loss. All models showed a
decreasing trend, indicating successful learning.
DCNN stands out with the most consistent
decline (Figure 17).

Validation loss. DCNN again showed the
most consistent decrease, while VGG-16 and
Inception v3 had fluctuations, and ResNet50
started higher before stabilizing (Figure 18).

Training accuracy. VGG-16 consistently
achieved the highest training accuracy, followed
closely by ResNET50, while DCNN and Inception
v3 exhibit comparable but slightly lower accuracy
values (Figure 19).

Validation accuracy. DCNN and Inception v3
were consistent. VGG-16 showed improvement,
and ResNet50 progressed initially before
stabilizing (Figure 20).

Class 0 metrics. DCNN led in precision, recall,
and F1 score. VGG-16 and ResNet50 had similar
scores (Figure 21).

Class 1 metrics. DCNN outperformed other
models, having the highest precision, recall, and
F1 score. VGG-16 and ResNet50 had comparable
scores (Figure 22).

Class 0 accuracy. VGG-16 had the highest
accuracy, followed by ResNet50. Inception v3 and
DCNN lagged behind (Figure 23).

Class 1 Accuracy. The DCNN was at the
forefront, followed by VGG-16 and ResNet50,
while Inception v3 trailed behind (Figure 24).

Implications. Overall, DCNN had the
highest average accuracy, followed by VGG-16

o1/ 2.98 7095

0f1/2.42 f0.91

oLy 2.74 70.94

=Ie

1/0 f 2.28 7 0.90

10/ 2.56 /092

FIGURE 11. Prediction and actual loss and probability of ResNet50 model

and ResNet50 (Table 9). While Inception v3
had balanced metrics, its overall F1 score was
slightly lower than the other models. Table
10 highlights the pros and cons of each model,
which can aid in choosing the most suitable
option for one’s specific needs.

Table 11 shows a comparison of our results
with previous studies. Alhatemi et al® applied
arange of deep neural network models
(DenseNet121, ResNet50, Xception, MobileNet,
VGG-16, and EfficientNetB2) for stroke vs
nonstroke MR scan classification using transfer
learning. The study datasets contained 1,901
training images, 475 validation images, and 250
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testimages, with data augmentation employed
to enhance learning of the DL model. Advanced
EfficientNetB2 model produced the best
outcome, with overall accuracy, precision, recall,
and F1 score at 98.8%, thereby demonstrating
state-of-the-art performance compared with
previously reported methods on the same
dataset. As an alternative, Lo et al® focused on
building an automation system for the detection
of acute ischemic stroke utilizing DCNN using
NCCT images with a total of 1,254 grayscale
NCCT images obtained from 96 patients and 121
healthy controls with high accuracy, sensitivity,
and specificity. They found model accuracy when
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= o - trained from scratch to be at least equivalent to,
if not better than, a transfer learning—trained
model, but it did have hints of a genuine domain
quality for acute ischemic stroke diagnosis,

for use with specific scanners. Abboui et al*’
conducted a detailed study of DL models for
accurate cerebral ischemic stroke classification
using Moroccan medical data. The VGG-16
framework was implemented using transfer
learning, and data enhancement techniques
were used to improve the performance of the
model. The developed model outperformed
other state-of-the-art models in terms of
validation accuracy, including ResNet50 (87.0%),
Inception v3 (82.0%), VGG-19 (81.0%) and
achieved an impressive validation accuracy of
90%.

Comparing our research findings with existing
studies on ischemic stroke classification using (T
FIGURE 12. Actual performance of ResNet50 model scans, we have demonstrated superior accuracy
rates across multiple models. Our results
outperform previous studies, with our DCNN
Confusion matrix model achieving an accuracy of 79.0%, VGG-16
at 86.0%, ResNet50 at 88.0%, and Inception
v3 at 79.0%. Additionally, our approach boasts
faster processing times, with respective average
times of 19, 24, 25, and 20 seconds, further
16 underscoring the efficacy of our methodology
in stroke diagnosis. Although prior studies boast
high accuracy and good performance indices,
they do not consider the issue of time. In our
study, we not only obtained high accuracy,
but also stressed the importance of timely
diagnosis by incorporating the fastai study and
emphasizing it in-depth. This integration allowed
1 10 62 us to evaluate the computational effort and
execution time of the models, ensuring that they
can be successfully applied in clinical settings.
Furthermore, we provided a comprehensive
analysis of class 0 (normal) and class 1 (stroke)
= i results for each case to analyze the models under

Predicted different conditions. In addition to providing
helpful insights, we provided visual results,
increasing the interpretation and dlarity of our
findings, which is critical to gaining trust and
TABLE 6. Optimizing ResNet50 for accurate binary classification acceptance by the medical profession. Overall,

PRECISION our study aims to bridge the gap between
Class 0 0.87 130 0.92 the efficacy of DL models for diagnosis during
Class 1 0.79 95 0.73 traumatic brain injury and their practical utility.
Weighted Average 0.83 225 0.84 It should also be recognized that lesion visibility
Macro average 0.83 225 0.82 on NCCT is not absolute but context-dependent.
Accuracy 0.80 225 N/A Factors such as lesion size, depth, and vascular
territory play a major role in detectability, and
small or early infarcts may remain inconspicuous.

Actual

FIGURE 13. Confusion matrix of ResNet50 modell

N/A: not applicable
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TABLE 7. Evaluating Inception v3 for binary classification

TIME (SECONDS)
0 0.60 0.52 131 0.81 0.4 0.51 0.51 0.19
1 0.67 0.63 1.12 0.76 0.33 0.49 0.55 0.23
2 0.69 0.65 1.00 0.78 0.31 0.53 0.59 0.23
3 0.74 0.77 0.86 0.64 0.26 0.53 0.63 0.23
4 0.72 0.75 0.74 0.64 0.28 0.46 0.57 0.22
5 0.73 0.71 0.65 0.58 0.27 0.60 0.65 0.19
6 0.78 0.8 0.59 0.53 0.22 0.61 0.69 0.18
7 0.76 0.77 0.54 0.54 0.24 0.61 0.68 0.18
8 0.79 0.80 0.52 0.51 0.21 0.64 0.71 0.18
9 0.79 0.80 0.50 0.51 0.21 0.64 0.71 0.17

Moreover, lesion cause and accompanying
clinical information, when integrated with
neuroanatomical hypotheses, significantly
enhance diagnostic certainty. Our proposed
approach should therefore be viewed as a
complementary tool that augments, rather than
replaces, the neuroanatomical reasoning applied
by dlinicians.

Limitations. One limitation of our study is
that we relied on existing datasets rather than
an original dataset, which may introduce bias.

In addition, our focus on 1 modality, CT scan,
may limit the generalizability of our findings.
Combining other methods and performing real-
time validation in clinical settings could increase
the practical applicability and accuracy of our
model. Another limitation of this study is the
lack of standardized information regarding the
time of NCCT acquisition relative to stroke onset.
Since lesion detectability on CT is strongly time-
dependent, with early ischemic changes often
being subtle and late changes more conspicuous,
the inclusion of scans from different temporal
stages may have affected both ground truth
labeling and model performance. Future work
should focus on datasets with well-documented
imaging timelines to better capture the dynamic
evolution of ischemic lesions.

CONCLUSIONS AND FUTURE
DIRECTIONS

This research explored how DL models
could be used to classify brain strokes using CT
scans. To speed up training and enhance model
performance, we employed transfer learning,
amethod that leverages pretrained models
that trained on large image datasets. Various
pretrained CNN architectures, such as ResNet,
VGG, Inception, and EfficientNet, were fine-
tuned using a dataset of CT scans labeled for

Confusion matrix
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FIGURE 14. Confusion matrix of Inception v3 model

normal and stroke-affected brains. The fastai
library was crucial in facilitating the training

process and potentially reducing training times.

We evaluated model performance using several
metrics, including accuracy, precision_score,
train_loss, valid_loss, error_rate, recall_score,
f1_score, and time, both in training and testing
cases. Through iterative adjustments and
rigorous evaluation, ResNet50 emerged as the
most accurate model, achieving an impressive
88% accuracy in identifying stroke presence

in (T scans. Additionally, we found that the

ICNS

DCNN model took the least amount of time
for training. These findings underscore the
promise of DL techniques, particularly when
coupled with transfer learning and the fastai
library. By harnessing pretrained models and
optimizing training procedures, DL holds the
potential to enable quicker and more accurate
patient categorization based on (T scans. This
advancement could significantly enhance patient
outcomes by facilitating timely and precise
diagnosis, leading to more effective stroke
treatment strategies.
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Prediction/Actual/Loss/Probability Still, there are a number of ways that more
study and development could be done. To
begin, making more detailed changes to the
hyperparameters might make the models
work better, especially for brain stroke cases.
Additionally, looking into the use of ensemble
methods—for example, combining best
features from several models—might lead
to better results. We might get a better
understanding of how the models make
decisions with the use of other modalities,
such as MRI and angiography. Also, collecting
and using larger, more varied datasets might
make it easier to check how well the models
work in more situations. Finally, conducting
user studies and putting these models to use
in real-world situations could show that they
work in such settings.

1/0 f 5.48 / 1.00 0/l 2.76 7 0.94 0/l 2.64 f0.93

1/0/ 1.87 7 0.85 0f1/ 1.8370.84

of1 /1.74 f0.82 oyl / 1.63 f0.80

AVAILABILITY OF DATASET

We got the data used for this study from
the publicly available dataset Brain Stroke
(T Image Dataset on Kaggle, a popular data
science and ML platform. (T images were
sourced from a number of medical institutions.
We used the CT images in this study for
detection of brain stroke.

FIGURE 15. Prediction vs actual loss and probability of Inception v3 model
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FIGURE 24. Comparison model accuracy for class 1

TABLE 9. Evaluating model performance: a comparison of 4 approaches
PRECISION SCORE | ACCURACY (%) RATE (%) SCORE
73.13 78.51 2149 69.19
72.94 77.82 22.18 70.79
ResNet50 73.77 78.36 21.64 67.68

Inception v3 72.99 78.29 21.71 66.54
DCNN: deep convolutional neural network

AVERAGE F1
SCORE

DCNN
VGG-16

TABLE 10. Choosing the right tool: a comparison of ML model strengths and weaknesses

ADVANTAGES LIMITATIONS

+ Recall with high precision for all classes ) LO.W reaall for c.lass !
DCNN - @il + Minor decline in performance

« Effect of skewed dlass distribution

VEG-16 « Improved detection of class 1 cases + Reduced overall performance

- Significantly reduced false negatives for class 1~ + Impact of skewed class representation on metrics

« Strong precision and sensitivity » Resource-intensive processing
ResNet50 - Well-balanced F1 metrics - Risk of overfitting

+ Outstanding model performance « Interpretability limitations
gzt « Strong performance on both classes (F1score)  « Limited recall for class 1
3 + Well-balanced trade-off between precisionand - Slightly lower overall accuracy

recall « Potential impact of class imbalance

DCNN: deep convolutional neural network
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TABLE 11. Comparison of findings to previous work

ACCURACY (%), | TIME (SECONDS),
ALGORITHM M°DA”TY RESPECTIVELY | RESPECTIVELY

Alhatemietal® DenseNet121, ResNet50, Ischemic MRimages 98.8, 96, 50, 96.4, N/A

(2022) Xception, MobileNet, VGG-16  stroke 97.6,98.4

Loetal® Inception v3, AlexNet, Acute ischemic a 60.89,81.77, N/A

(2021) Transferred ResNet101 stroke 85.78,80.89

Abbaouietal”’  VGG-16, ResNet50, Inception  Ischemic MRl scans 90.0, 87.0, 82.0, N/A

(2024) v3,VGG-19 stroke 81.0

L DCNN, VGG-16, ResNet50,  Ischemic 79.0, 86.0, 88.0,

)R Inception v3 stroke a 79.0 19,24,25,20

(T: computed tomography; DCNN: deep convolutional neural network; MRI: magnetic resonance imaging; N/A: not

applicable
of acute ischemic stroke by computed 51.  AbbaouiW, Retal S, Ziti S, El Bhiri B, Moussif
tomography using deep convolutional neural H. Ischemic stroke classification using VGG-16
networks. J Digit Imaging. 2021;34(3): convolutional neural networks: a study on
637-646. Moroccan MRI scans. Int J Online Biomed Eng.

2024;20(2):61-77. [MH
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