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The prevalence of ischemic stroke in Indonesia continues to increase, highlighting
the need for rapid and accurate diagnostic approaches. Computed Tomography
(CT) imaging plays a crucial role in the early detection of ischemic stroke,
particularly within the therapeutic window of 3—4.5 hours after symptom onset. This
study aimed to develop and evaluate a website-based ischemic stroke detection
system using a MobileNet deep learning model integrated with CT scan image
analysis. A Research and Development (R&D) approach employing the Rapid
Application Development (RAD) framework was applied. The model was developed
using 2,000 CT scan images obtained from a Kaggle dataset, comprising 1,000
ischemic stroke images and 1,000 normal control images. The dataset was divided
into training and validation sets, with 800 images per class used for training and
200 images per class used for validation. External clinical validation was conducted
using 600 CT scan images collected from hospitals, consisting of 300 ischemic
stroke images and 300 normal control images. Model performance was evaluated
using accuracy, precision, sensitivity, and specificity metrics, while system usability
was assessed using the System Usability Scale (SUS). The developed model
achieved an accuracy of 92.25%, precision of 92.00%, sensitivity of 92.50%, and
specificity of 92.00% on the validation dataset. However, performance decreased
during external clinical testing, yielding an accuracy of 71.50%, precision of
73.12%, sensitivity of 68.00%, and specificity of 75.00%. These findings are
consistent with previous studies indicating that models trained solely on public
datasets often experience performance degradation when applied to real-world
clinical data, emphasizing the importance of multi-institutional training datasets and
extensive external validation. The usability evaluation produced an average SUS
score of 83, indicating excellent user acceptance and system usability. The
proposed website-based MobileNet model demonstrates strong potential as an
accessible tool for supporting early ischemic stroke detection from CT scan images
and may be further enhanced through the incorporation of multi-slice or volumetric
imaging data to improve clinical performance.
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1. INTRODUCTION

Ischemic stroke is a condition where blood flow to the brain stops due to a blockage
in the cerebral blood vessels (Dewi & Fitraneti, 2024). The blockage is caused by a blood
clot, or thrombosis, that forms within a blood vessel or by a blood clot traveling from
elsewhere in the body to the brain (embolism). When blood flow is interrupted, the brain's
oxygen and nutrient supply is reduced, causing the death of brain cells in the affected
area. This blockage can cause acute neurological disorders, such as hemiparesis,
difficulty speaking (aphasia), and vision and cognitive impairment that can be long-lasting
or permanent (Kovacs et al., 2023; Pu et al., 2023).

Ischemic stroke accounts for approximately 80-85% of all stroke cases worldwide.
Global Burden of Disease Study. In 2019, ischemic stroke resulted in more than 7.63
million new cases annually and was the leading cause of death. Stroke is the leading
cause of long-term disability and the second leading cause of death worldwide (Feigin et
al., 2021; Zhu et al., 2022). Riskesdas data shows that the prevalence of stroke increased
from 7 per 1000 population in 2013 to 10.9 per 1000 population in 2018. This reflects the
high burden of ischemic stroke in developing countries such as Indonesia (Herpich &
Rincon, 2020). In the elderly population, the prevalence of ischemic stroke is increasing,
with most cases occurring in individuals over the age of 60. Therefore, early detection and
management of risk factors in elderly individuals is important to reduce the prevalence of
ischemic stroke and its impact on quality of life (Hartanto, 2024; Wahyuningsih & Martiwi,
2025).

CT scan plays a crucial role in the early diagnosis of ischemic stroke, especially in
the acute phase, where rapid imaging is essential to exclude bleeding and determine
appropriate therapy. Non-contrast CT (NCCT) is a commonly used imaging modality in
the initial evaluation of ischemic stroke. One of the key findings observed on CT during an
ischemic event is early hypodensity, reflecting areas of reduced blood perfusion and
cellular damage resulting from infarction. These hypodensity changes are important in
differentiating between ischemic and hemorrhagic strokes, where hemorrhagic strokes will
show areas of hyper density indicating bleeding (Nukovic & et all, 2023). Golden time in
the management of ischemic stroke, it refers to the critical period that occurs in the first 3-
4.5 hours after symptoms appear, where rapid medical intervention can minimize brain
tissue damage and increase the patient's chances of neurological recovery (Ishariani &
Rachmania, 2021). In clinical practice, delays often occur in the diagnosis and treatment
of stroke. One contributing factor is the time required to read and interpret CT scan
images. Research shows that the average time to CT scan in non-hemorrhagic stroke
patients at a hospital in Semarang was 463.59 minutes, which is much longer than the
time needed for optimal medical decision-making Click or tap here to enter text. The mean
time for CT Scan examination from the onset of symptoms to neuroimaging examination
in ischemic stroke patiens in Ghana was 28.2 hours. Click or tap here to enter text.To
overcome these challenges, it is important to implement technology-based systems, such
as artificial intelligence (Al), which can speed up CT scan interpretation automatically and
increase efficiency in medical decision making, in accordance with the principles time is
brain, which emphasizes the importance of rapid treatment in ischemic stroke patients.

Convolutional Neural Networks (CNN) has proven to be one of the main solutions in
diagnosing ischemic stroke, thanks to its ability to automatically process and analyze
medical images (Chen et al., 2022; Pan et al., 2021). CNNs offer exceptional accuracy,
but the processing time required to analyze medical images poses a major challenge in
emergency situations, especially when a diagnosis must be made within a limited
timeframe. Research on the development of CNN with DenseNet201 in the detection of
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osteoarthritis obtained an average accuracy, sensitivity and specificity value of 87.6% and
can be used as an alternative diagnostic tool while still referring to confirmation and
justification by radiologists (Nurfadhillah et al., 2023). The development of more efficient
and faster CNN models, such as MobileNet become important. MobileNet is a CNN
architecture specifically designed to address the computational complexity issues of larger
CNN models. Research shows MobileNet can maintain high accuracy in detecting lesions,
while reducing the latency that often occurs in other CNN architectures, such as ResNet
and Inception V3 (Alshardan et al., 2024). Research on CNN U-Net architecture can
effectively perform segmentation automatic region of interest (ROI) of the kidney on renal
scintigraphy images with high accuracy (Gitawiarsa et al., 2026).

Previous research shows the model MobileNet has excellent performance in medical
image classification tasks, with high accuracy and minimal computational resource usage
(Ogundokun, 2023). In addition, other studies confirm MobileNet offers an excellent
balance between efficiency and accuracy, making it an ideal choice for disease detection,
on systems with hardware limitations (Alshardan et al., 2024). Integration MobileNet the
ischemic stroke detection system is expected to overcome the challenges of slow
processing times, improve the speed of diagnosis, and support faster medical decision-
making, which is crucial in the management of ischemic stroke patients. Previous research
has shown that although CNNs can provide high accuracy, the time-consuming process
limits their effectiveness in emergency situations, where rapid treatment is essential
(Salehi et al., 2023). A limitation of previous CNNs is their relatively long processing time,
so website-flask-based innovation is needed that offers real-time advantages. The novelty
of this research is the development of a website-based CNN with Flask, thus enabling the
trained CNN model to be accessed directly via a web-based platform. Implementation of
Flask in a system based on a web for real-time processing. It is hoped that it will accelerate
diagnosis and support more timely medical decision-making, which is very important in
the management of ischemic stroke patients.The aim of this study is to develop a CT scan
image-based ischemic stroke detection model by using MobileNet, which is integrated in
website to speed up and simplify the process of diagnosing ischemic stroke.

. METHOD

This study employed a Research and Development (R&D) approach using the Rapid
Application Development (RAD) framework to develop and evaluate a website-based
ischemic stroke detection system utilizing the MobileNet deep learning architecture. The
study used a publicly available brain CT scan dataset obtained from Kaggle, consisting of
axial non-contrast CT images, which represent the standard imaging modality for routine
brain CT examinations and the primary diagnostic tool for acute ischemic stroke
assessment.

The dataset comprised 2,000 CT scan images, including 1,000 normal control
images and 1,000 ischemic stroke images. The images were divided into training and
validation datasets, with 800 normal and 800 ischemic stroke images allocated for model
training, while 200 normal and 200 ischemic stroke images were reserved for validation.
To evaluate the model's generalizability in real-world settings, external clinical validation
was performed using 600 CT scan images collected from Boyolali Regional Hospital,
consisting of 300 normal control images and 300 ischemic stroke images.

The inclusion criteria were high-resolution CT scan images with clear diagnostic
labels and without significant image artifacts. The exclusion criteria included images with
unclear labels, motion artifacts, image acquisition errors, or poor image quality that could
affect interpretation and model performance.

347



The development process consisted of eleven stages. First, CT scan image datasets
were collected and organized. Second, the required libraries for image preprocessing,
model development, training, and evaluation were imported. Third, image classes were
defined as either normal or ischemic stroke. Fourth, image preprocessing was conducted,
including image normalization to standardize pixel intensity values, resizing all images to
512 x 512 pixels, and image augmentation to increase dataset variability and reduce the
risk of overfitting. Fifth, the dataset was partitioned into training (80%) and validation (20%)
subsets. Sixth, the MobileNet convolutional neural network architecture was implemented
for image classification. Seventh, the model was trained using the prepared dataset.
Eighth, model performance was evaluated using accuracy, precision, sensitivity, and
specificity metrics. Ninth, external clinical validation was conducted using hospital-based
CT scan images. Tenth, the web-based application framework was developed and
integrated with the trained MobileNet model. Finally, website usability was assessed.

Descriptive quantitative analysis was used to summarize model performance and
usability evaluation results. Website usability was evaluated using the System Usability
Scale (SUS) questionnaire administered to five expert users, comprising two radiologists
and three radiographers. SUS scores were analyzed descriptively to determine user
acceptance and system usability. Ethical approval for the study was obtained from the
Health Research Ethics Committee of Poltekkes Kemenkes Semarang (Approval No.
197/EA/F . XXII1.38/2026).

. RESULTS AND DISCUSSION

The study used a public dataset of brain CT scans from Kaggle, and the images
used were axial sections, as they are the gold standard for routine brain CT scans. The
following is an overview of the dataset and clinical data for normal and ischemic CT scan
images.

(b) © (d)
Figure 1. (a) Dataset Image Kaggle Normal (b) Dataset Image Kaggle Stroke Ischemic; (c)
Clinical image Normal (d) Clinical image Ischemic Stroke

In figures 1, CT scan images are shown brain between normal patients (a) and
ischemic stroke (b) are image from the dataset Kaggle, while (c) and (d) are image of
clinical data. In Figure (d) there is an arrow indicating the presence of hypodensity in the
area white matter, which is one indication of the condition ischemic stroke.
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Figure 2. Flowchart detection model ischemic stroke CT scan image-based scan by using
MobileNet.

The model training process is carried out with the MobileNetV2 architecture using

training data and evaluating its performance on validation data for 75 epochs with a batch
size of 16. The model will be saved if val accuracy increased. Val loss describes the size
of the model prediction error on validation data.Val loss the decrease indicates that the
error is getting smaller so that the generalization improves. Meanwhile, val accuracy
shows the percentage of correct predictions on validation data, val accuracy increasing
means the classification ability is getting better. The training process is shown in figure 4:
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increasing, indicating that the learning process is running quite stably. Model evaluation
using a confusion matrix, the validation data of 200 normal images and 200 ischemic
images is shown in Figure 4 below:

Confusion Matrix

180

160

Normal

140
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- 100

True label

- 80
Stroke 1 r 60

F 40

T - 20
Normal Stroke —

Predicted label

Figure 4. Confusion matrix for training data testing.

Figure 4 shows confusion matrix on a model trained to detect CT scan images
normal and ischemic stroke. Based on confusion matrix the value is known TP is 185,
which indicates the number of stroke cases that were correctly predicted as strokes. FN
of 15, meaning the model still failed to detect 15 stroke cases and misclassified them as
normal. Next, a more in-depth evaluation was conducted using accuracy, precision,
sensitivity, and specificity metrics to comprehensively describe the model's performance.

Table 1. Evaluation matrix of data set model of detection system for ischemic stroke.

Metrics Yield (%)
Accuracy 92.25%
Precision 92.00%
Sensitivity 92.50%
Spesifisity 92.00%

Based on Table 1, it shows good model performance and is relatively balanced in
both groups.

Model evaluation on clinical datasets was performed using CT scan images brain
non-contrast cuts axial at Boyolali Regional Hospital. The evaluation stage was carried out
using confusion matrix. Here are the results confusion matrix from model testing on the
clinical dataset used:
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Figure 5. Confusion matrix of clinical data testing

Figure 5. shows confusion matrix for models trained to detect CT scan images
normal and ischemic stroke in clinical data. A TP value of 204 indicates the number of
stroke cases correctly predicted as stroke. A FN of 96 means the model still failed to detect
96 stroke cases and incorrectly classified them as normal. Furthermore, based
onconfusion matrix more detailed performance metrics were calculated, namely accuracy,
precision, sensitivity, and specificity.

Table 2. Evaluation of Clinical Data Model Performance.

Metrics Yield (%)
Accuracy 71.50%
Precisio 73.12%
Sensitivity 68.00%
Spesifisity 75.00%

The evaluation results using clinical data showed that the model performance
decreased compared to the results on the validation data.

The SUS questionnaire was administered to radiographers and radiologists as users
directly involved in CT scan examinations and image interpretation. Respondents were
asked to try the main flow website, including login, filling in patient data, uploading CT
images, viewing detection results, and downloading results. The obtained SUS score is
used to quantitatively describe the quality of the user experience and assess whether
website has been quite easy to operate as a medium for implementing an ischemic stroke
detection model.

Rating usability website this study involved 5 respondents consisting of 3
radiographers and 2 radiologists. The characteristics of the respondents were 4 (80%)
men and 1 (20%) woman. The age of the respondents was 25-39 years old (2 people)
(40%) and 40-54 years old is 3 people (60%). The SUS score results of each respondent
were in the range of 80-85 with an average of 83, which indicates a good assessment
usability website relatively consistent and high among respondents.

The performance of a model is greatly influenced by the quality and quantity of the
dataset (Schmidt et al., 2024). Research on the optimal kernel in the thorax lung window
CT scan to produce optimal anatomical image quality is the U90 kernel (Bequet et al.,
2019). This research uses a dataset open-source obtained from Kaggle. Kaggle is one of
the platform crowdsourcing which is often used in data science and provide a variety of
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real-life data science challenges and has been widely used by many researchers (Li et al.,
2024). In addition, the dataset open source also supports transparency and reproducibility
and encourages datasets to become more accessible, inclusive, and representative
(Alberto et al., 2023). The larger the size of a dataset, the longer the model training time
will be (Zantvoort et al., 2024).This dataset was balanced to reduce the risk of model bias
in predicting the majority class. Previous research has shown that an unbalanced dataset
will bias the model toward the maijority class, resulting in lower detection performance for
the minority class (Gentili et al., 2024). In addition, a balanced dataset can also maintain
more stable performance (Gurcan & Soylu, 2024).

Level Import library is the process of calling and including a library (library/module)
into the program so that the functions, classes, and methods contained within it can be
used. Next, the process is carried out define class which functions to define the class
groups that exist in the model as well as the related data and functions that are neatly
arranged, can be reused, and are easy to develop (Gleixner et al., 2021). Next stage image
preprocessing is the initial stage of preparing raw images before they are analyzed or
modeled, with the aim of improving the quality and uniformity of the image, so that the
algorithm can learn patterns more effectively and produce more accurate performance
(Archana & Jeevaraj, 2024). Image preprocessing used in this study is resize and
normalize. Previous research stated that 512x512 resolution images from the MIT dataset
Indoors scenes showed quite satisfactory results, namely an increase in Top-1 accuracy
of 3% to 26% (Rahimzadeh et al., 2024).

In this study, the dataset from Kaggle. It is divided into two groups training data and
validation data. Training data is the data set used to train the model to learn patterns during
the learning process. Validation data is a separate data set used during training to
periodically evaluate the model's performance (Liu et al., 2025). Research by Bichri et al.
(2024) shows that using a training data proportion of more than 70% tends to provide more
optimal model performance (Bichri et al., 2024). After the dataset is divided, the model
development stage continues. The ischemic stroke detection model in this study uses a
CNN architecture MobileNet. This architecture was chosen because MobileNet is a
lightweight CNN architecture from Google which prioritizes computational efficiency for
image classification/detection tasks on limited devices by utilizing depth wise separable
convolution so that the number of parameters and computational load are reduced
significantly without a large decrease in accuracy (Howard et al., 2017). Research on the
development of a data recording system using the Rapid Application Development
method, integrated with HMSI on web-based CT-Scan examinations at Bhayangkara
Level | Hospital showed very good results (Hayati et al., 2024).

The next stage is the model training process which is carried out for 75 epoch with
batch size 16, so that the weight updates are carried out gradually and stably at each
iteration mini-batch. Election 75 epoch aims to provide sufficient time for the model to learn
image patterns optimally (Miseta et al., 2024). To maintain model quality and prevent
overfitting, used Early Stopping which will stop training when performance on validation
data no longer improves over a number of times epoch certain (Miseta et al., 2024). In
addition, the Model Checkpoint applied to save the best performing models based on
validation metrics Val Accuracy, so that the final model used is the model in the most
optimal condition during training. Training is also supported by Learning Rate Schedule,
namely the learning rate setting that is adjusted throughout the training process so that
optimization is more effective (Albarrak et al., 2022).

The training data accuracy score of 92.25% indicates that the model has high
classification accuracy, which is important in a medical context because it directly impacts
patient safety and the accuracy of clinical decisions. Higher diagnostic accuracy supports
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improved service quality through earlier detection and reduced errors, as well as
strengthening patient trust in the communication and management process (Alharbi et al.,
2025). A precision value of 92.00% indicates that most of the positive predictions
generated by the model are true positive cases, so the risk false positive and the potential
for unnecessary management can be reduced. Precision plays a crucial role in medical
diagnosis because it reflects the system's accuracy in identifying disease, especially in
conditions with overlapping symptoms, thus making clinical decisions more targeted
(Hussain et al., 2022). The sensitivity value of 92.50% shows that the model has a high
ability to identify true positive stroke cases, so that the risk of stroke occurring is reduced
false negative or undetected cases can be suppressed. High sensitivity plays a crucial role
in supporting early detection and minimizing delays in treatment that could potentially
worsen outcomes.

The specificity value of 92.00% indicates that the model is able to correctly
recognize normal cases in a large proportion, so that the possibility of false positive and
unnecessary interventions can be minimized. Detection model research parkinson
disease based on deep learning using VGG Architecture has very high capability in
classifying parkinson disease MRI images-based and consistently recognizes subtle
neurodegenerative patterns in the substantia nigra, so this model has potential as an early
screening tool (Lestari et al., 2026)

Based on the evaluation results on clinical datasets, model performance
decreased compared to results on public data. Compared to previous performance (+92%
accuracy), there was a decrease of approximately 20% in accuracy, indicating limited
model generalizability when applied to real-world data. The most significant decrease was
seen in sensitivity (68.00%), indicating an increased risk of undetected cases (false
negative) in a clinical context. This is due to differences in data characteristics between
the training dataset and the clinical trial dataset. Previous research has shown that an
ophthalmology Al model trained on six public datasets experienced a decrease in AUC
from approximately 95% to 76.6% when tested on real clinical data. Furthermore, a multi-
hospital study in the ICU showed that the model deep learning that performed very well in
their home hospital experienced a reduction in AUROC of up to 0.20 when applied to other
institutions (Rockenschaub et al., 2024). Other studies also show a decrease in the
performance of sepsis prediction models due to temporal dataset shift in electronic
medical record data (Guo et al., 2022) In general, this performance decline is caused by
variations in patient populations, differences in examination protocols and imaging
devices, and more heterogeneous image quality.

In terms of system flow, the process starts when the user accesses website and
do login to ensure authenticated access. In this study, website ischemic stroke detection
(Sides-CT) obtained an average SUS score of 83 and was included in the category
acceptable so that it quantitatively describes that users assess website relatively easy to
understand, comfortable to operate, and supports the efficient completion of main tasks
(Alshamari, 2016). Benchmark SUS score used in website in literature digital health
mentions a score of 68 as a useful reference value for distinguishing usability “below” and
“above” the average, therefore website it's quite good with the above average category
(Hyzy et al., 2022). In addition, the SUS value category according to Van der Nat et al.
(2022) states that SUS values with a range of 71.5-85.5 are included in the category
usability "very good", while 85.6—100 is in the highest category (Van der Nat et al., 2022).
SUS value on website Sides CT of 83 is in the range of 71.5-85.5, then website can be
said to have quality usability “very good” based on that classification. Another study
reported a mean SUS of 74.3 and found that very positive experiences correlated with
increased perception suability, while very negative experiences correlated with a decrease
usability (Simola et al., 2023). Existence website. This only complements, not replaces the
role of clinicians and human elements in health services.
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Although the results of this study are quite good, there are still several limitations
that can be developed in further research. This study still uses a single slice as input, so
spatial information between slices is not analyzed. This condition has the potential to
cause problems. Slice selection Bias reduces the model's ability to capture ischemic lesion
variations for more accurate interpretation. Performance decreases on clinical data,
resulting in suboptimal generalization. While the model performed well on public data,
clinical data testing showed lower performance, indicating generalization challenges when
applied to real-world data.

4. CONCLUSION

Development of an ischemic stroke detection model based on CT scan images
shows high usability. It is suggested that the development of stroke detection models is
not limited to single-slice (2D), but extended to multi-slice or volumetric (3D) so that inter-
slice anatomical information can be utilized and lesion representation becomes more
comprehensive. In addition, it is necessary dataset expansion, particularly on multi-
institutional clinical data that includes a variety of devices and examination protocols, as
well as the implementation of generalization enhancement strategies to reduce
performance degradation during real-world implementation. Website, development can be
directed at strengthening implementation support features such as more informative
reporting, activity recording (logging), and evaluation usability continued with mixed
methods so that interface improvements and usage flows are more based on user needs
wedges.
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