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Brain tumors right decisions. In particular, deep learning models, which are a significant part of artificial intelligence,
Attificial intelligence have the ability to diagnose and process medical image datasets. In this concern, one of the deep learning
MobileNetV1 techniques (MobileNetV1model) is utilized to detect brain disease from 1265 images gathered from the
Medical images Kaggle platform. The behavior of this model is studied through four main metrics. This article deduced
Machine learning that this model has a significant effect in diagnosing these images from the most important metric,

which is accuracy, as it gained an accuracy result of more than 97%, which is an excellent effect.

1. Introduction

Brain tumors are grave medical conditions characterized by the development of abnormal masses or tumors within the
brain or surrounding tissues [1-3]. There are two types of brain tumors. The first type is called primary tumors that begin
in the brain, while the second type is metastatic tumors that spread to the brain from other parts of the body. Some of these
tumors are benign, non-cancerous tumors, while others are malignant tumors, which are cancerous tumors [4-6]. These
tumors vary according to their symptoms, size, and type. Common symptoms of brain tumors are headaches, seizures,
memory impairment, vision changes, hearing problems, difficulty speaking or understanding language, as well as numbness
in the extremities. Brain tumor specimen from a 16-year-old child is depicted in Figure 1. Medical specialists may operate
a range of treatment options for brain tumors, including surgical procedures, radiation therapy, and chemotherapy. The
treatment choice is typically based on the type and stage of the tumor. Brain tumors are among the most fatal medical
conditions in the United States, as evidenced by a 2020 statistical study performed by the American Cancer Society. This
report highlighted that brain tumors are particularly prevalent among adults in their thirties and forties [8]. In the United
Kingdom, patients with brain tumors suffer financial losses estimated at £14,783 annually, which is money spent on
treatment and physician visits. At the same time, the average cost for all cancers is £6,840 a year, and 16,000 people are
diagnosed each year with brain tumors, and the numbers are increasing yearly [9].

Artificial intelligence techniques play a significant and influential role in the medical domain by developing complex
algorithms that can automatically analyze and interpret large amounts of medical data [11-16]. This data includes various
types of medical imaging such as MRI [17], CT-scan [18], X-ray [19], and ultrasound [20], as well as other types of medical
data, such as genomics and electronic health records. The most famous of these techniques is deep learning, which is part
of machine learning. Deep learning algorithms extract features from medical datasets, learn new patterns, help diagnose
diseases, and help physicians and healthcare specialists make the right and accurate decisions [21-23]. Moreover, these
algorithms are used to classify medical images, such as breast cancer, brain cancer, COVID-19, and others. These
algorithms are characterized by their ability to predict heart disease, diabetes, Alzheimer’s, and other diseases, as well as
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asset in early diagnosis and personalized treatment planning. Deep learning algorithms have been proven to be highly
practical in classifying MRI brain tumor images [24][25]. These algorithms can automatically extract features from images
of varying sizes, making them particularly useful for medical imaging applications. With their ability to accurately identify
and classify tumor regions, these algorithms hold significant promise for enhancing the accuracy and speed of clinical
diagnoses. Recently, a lot of literature has been published about applying these algorithms in classifying images of brain
tumors and achieving high-accuracy effects. Convolutional neural networks (CNNs) have been particularly effective in
identifying different types of tumors, such as glioma, meningioma, and pituitary adenomas, as well as in distinguishing
between neoplastic and non-neoplastic images. These advances in the deep learning-based classification of brain tumor
images have the potential to improve the accuracy and efficiency of diagnosis and treatment planning for patients with
brain tumors [26-37].

Fig. 1. Brain tumor specimen from a 16-year-old child [10].

In this article, we propose an approach for the classification of brain tumor MRI images using a MobileNetV1 model. the
major contribution lies in the use of this powerful model, which has been shown to reach excellent results in image
classification tasks. To evaluate our approach, we utilized a dataset of 253 brain MRI images obtained from the Kaggle
platform, which are split into two classes: tumor and no tumor images. Given the limited size of this dataset, we performed
five operations to increase the number of images to 1265, allowing us to study the model's ability to classify these images
more thoroughly. We then assessed the performance of our approach using a variety of evaluation metrics. Finally, the
results demonstrate the efficacy of our approach in accurately classifying brain tumor MRI images and suggest that this
model could be valuable in enhancing the accuracy and speed of clinical diagnoses.

The rest of this article is organized as follows. In Section 2, we review recent studies published in 2022 that have explored
the use of deep learning models for the classification and diagnosis of brain tumor images. In Section 3, we provide details
on the dataset used in our study, as well as a description of the steps accepted to train and evaluate the MobileNetV1 model.
Section 4 presents and discusses the results obtained through the experiments. Finally, in Section 5, we draw conclusions
based on our study's findings and highlight avenues for future research.

2. Literature Survey

This section will investigate the latest research that employs deep learning techniques to predict brain tumor diseases. We
will organize the studies based on the specific algorithms utilized and provide a summary of the accuracy results achieved
in each study.

In a study conducted by Chattopadhyay and Maitra [38], they proposed a convolutional neural network (CNN) model with
activation algorithms such as softmax, RMSProp, and sigmoid to predict brain tumors from a dataset of 2892 MRI images.
A study concluded that the proposed model achieved more than 99% accuracy. Y ounis et al. [39] analyzed 253 MRI images
using the CNN, VGG-16, and Ensemble models in their study. The VGG-16 model was found to be the most effective in
diagnosing the images, achieving an accuracy of 98.15%. The CNN had an accuracy of 96%, while the Ensemble model
had an accuracy of 98.41%. In another study by Raza et al. [40], they applied a hybrid model named DeepTumorNet to
classify brain tumor disease. The dataset of this study includes 3062 MRI images of three different types of brain tumor
(glioma, meningioma, and pituitary tumor) collected from 233 patients during the period 2005-2010 at Nanfang Hospital
Guangzhou China and General Hospital Tianjin Medical University in China. The hybrid model reached a high accuracy
of more than 99%, which is a very high mark. Authors in [41] introduced a CNN for the classification of brain Magnetic
Resonance Imaging (MRI) scans into two categories: tumor and no-tumor. The dataset utilized in this study was comprised
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of 3000 images from the Kaggle platform, which included glioma, meningioma, pituitary tumor, and no tumor classes. The
proposed CNN model achieved excellent results, with an accuracy of 96.89% in accurately determining and classifying
these images. A study conducted by Zahid et al. [42], have employed the ResNet101 model for brain tumor classification.
Their studies included the MRI images and were divided into four classes: (1) native (T1=28,446 images), (2) postcontrast
T1-weighted (T1CE=28,969 images), (3) T2-weighted (T2=28,759 images), and (4) T2 fluid-attenuated inversion recovery
(FLAIR= 28,413 images). The proposed model has a high classification capacity, with a rating accuracy of 94.4%.

3. Martials and Model

3.1 Dataset Details

In this article, MRI images are obtained from the Kaggle platform [43]. This platform is considered one of the most
widespread online platforms for data science and machine learning, and it is available for everyone to download and host
the dataset. It was established in 2010 and acquired by Google in 2017, and since that time, it has become an important
center for artificial intelligence investigators. Also, this platform contributes to the development of skills and collaboration
with others in programming and data analysis. The dataset consists of 253 images (in JPEG format and grayscale) divided
into two classes: 155 images diagnosed with a tumor in the human brain and 98 images of healthy people (see Figure 2).
Indeed, more than the number of images is needed to conduct MobileNetV 1-model training. Therefore, the data redundancy
process was carried out utilizing five rotation methods, which are among the most common data redundancy methods.
Therefore, deep learning techniques are only recommended when the dataset is large [44][45]. After performing the data
replication process, the total images employed in this work became 1265 images split into 775 images with a brain tumor
and 490 images without a brain tumor. In addition, this image has been resized and standardized to 224 x 224 with 3
channels RGB because all the original images have different resolutions.

with a brain tumor

without a brain tumor

Fig. 2. Examples of images applied in this work.

3.2 MobileNetV1 Model

MobileNetV1 is a convolutional neural network architecture created for highly efficient image classification on mobile and
embedded devices. It was first presented in 2017 by a group of researchers working for Google. This model is based on a
simplified architecture that operates depthwise separable convolutions to reduce the number of parameters and
computational costs while maintaining high image fidelity. Moreover, this model allows the network to be deployed on
mobile devices with limited computational resources, making it suitable for various applications, especially in medical
imaging. To clarify, this model is characterized by the fact that it contains two layers, the first is named the depthwise
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convolution, and it performs a lightweight filtering process by applying one convolutional filter for each input channel.
The second layer, a pointwise convolution (1 X 1 convolution), is responsible for creating new features through linear
computing combinations of the input channels. The MobileNetV1 architecture is composed of a series of depthwise
convolutional layers, then pointwise convolutional layers and global average pooling. The depthwise convolutions operate
on each input channel separately, while the pointwise convolutions combine the media and output the final classification
scores. The global average pooling layer is utilized to reduce the spatial dimensions of the feature maps and produce a
compact feature vector that can be used for classification. In addition, this model has been demonstrated to achieve high
accuracy on various image classification tasks while using fewer parameters and less computation than other state-of-the-
art models. It has since been extended to different variants, such as MobileNetV2 and MobileNetV3, which further enhance
on the efficiency and accuracy of the original model. Algorithm 1 describes the steps of implementing this model with a
description.

Algorithm 1: MobileNetV1’s Steps

Step-1: Input image x and pre-processing,

Step-2: The 1% layer is a depthwise convolution layer, which applies a separate convolutional filter to each input channel, performing a
lightweight filtering process. This can be expressed as:

y = DWConv(x)
Where: y is the output feature map, DW Conv is the depthwise convolution operation, and x is the input image. The depthwise convolution
operation can be written as:
yi=kixxli

Where: y_i is the output of the i — th channel, k_i is the i — th filter, and x_i is the i — th input channel.
The 2" layer is a pointwise convolution layer, which combines the filtered channels to create new features through linear computing
combinations. This can be expressed as:

y = PWConv(y)
Where: y is the output feature map, PW Conv is the pointwise convolution operation, and y is the input feature map from the depthwise
convolution layer. The pointwise convolution operation can be written as:

y =W xx

Where: y is the output feature map, W is the weight matrix, and x is the input feature map.
Step-3: Pooling is the resulting feature maps are then passed through a global average pooling layer. This layer reduces the spatial
dimensions of the feature maps and produces a compact feature vector that can be used for classification. This can be expressed as:

y = AVGPool(y)
Where: y is the input feature map, and AVGPool is the global average pooling operation. The global average pooling operation can be
written as:

yi= (1+N)* sum(x_i)
Where: y_i is the i — th output channel, x_i is the i — th input channel, and N is the total number of input channels.
Step-4: The feature vector is then passed through a series of fully connected layers. These layers use the features to predict the probability
of each class. This can be expressed as:
y = FC(y)

Where: y is the input feature vector, and FC is the fully connected layer operation. The fully connected layer operation can be written as:

y=W=xx+b
Where: y is the output feature vector, W is the weight matrix, x is the input feature vector, and b is the bias vector.

Step-5: A softmax activation function is applied to the output of the fully connected layers. This can be expressed as:
y = Softmax(y)

Where: y is the input feature vector, and Softmax is the softmax activation function.

Step-6: Output

4. Results and discussion

This section will discuss the results obtained from this MobileNetV1 model. This model is developed and trained by Python,
with a range of widespread libraries such as Keras, Numpy, PIL, Scipy, Pandas, Matplotlib, and Seaborn. All training
experiments were performed using an NVIDIA 3050 RTX GPU with 16 GB of RAM for more immediate processing and
Windows-10. The dataset is divided into 80% training data (n=1012) and 20% testing data (n=253). The distribution of the
dataset is visualized in Figure 3. Figure 4 illustrates the workflow from data input to evaluation metric output.

To assess the performance of model, we utilized six evaluation metrics: accuracy, sensitivity, specificity, precision, F1-
score, and AUC. These metrics were computed using the confusion matrix, which enables us to evaluate the model's ability
to diagnose images. Mathematical equations 1-5 are used to compute the evaluation metrics. Figure 5 illustrates the

confusion matrix.
TP+TN

Accuracy = ———
y TN+TP+FN+FP

()
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with a brain tumor

without a brain tumor

Sensitivity = TNTfTP 2)

Specificity = T;ivFP 3)

Precision = —— 4)
TP+FP

Precisionx Sensitivity (5)
Precision+ Sensitivity

F1 — score = 2 *
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The effects of this analysis are presented in Figure 5, which shows TP =96, FN =3, FP = 6, and TN = 148. Table 1 displays
the evaluation metrics obtained from training the model five times using a cross-validation value (k = 5). The model's
ability to classify disease and identify tumor and no-tumor images is reflected in its ability to make 244 correct predictions
and 9 incorrect predictions. The model's performance is illustrated in Figure 6, which shows a histogram with a standard

deviation. Additionally, Figure 7 displays the model's ability to distinguish between the two classes (tumor and no-tumor),
as indicated by the impressive AUC score of 97%.

MobileNetV1-Confusion Matrix

140
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Tumor
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No tumor

- 20

Tumor No tumor
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Fig. 5. Confusion matrix

TABLE 1. Performance results
Evaluation Matrix

MobileNetV1 Accuracytstd Sensitivity tstd Specificity+std Precisiontstd | Fl-scoretstd | AUC

Model 0.973 + 0.009 0.970 &+ 0.022 0.961 +0.014 0.941 £0.045 0.95540.032 | 97%
Training Time: 113866.89 second
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5. Conclusion and future work

In this article, the MobileNetV1 model is utilized to predict brain tumor disease through more than 250 images taken from
the Kaggle platform. This model's practice was studied through an evaluation metrics and the ability to separate between
classes (tumor and no-tumor). After completing the experiments, it was found that the model's performance has a
remarkable ability to make the correct diagnosis, as it reached an accuracy of more than 97%. In addition, it has excellent
potential in separating between categories, as it achieved a separation result of more than 97%. The results of the other
metrics, where the sensitivity reached 97%, the specificity was over 96%, Precision exceeded 94%, and the Fl-score
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surpassed 95%. In future research, another experiment will be conducted using the MobileNetV2 and MobileNetV3 models
and studying their practices in analyzing the same dataset and making comparisons.

Funding
No funding was received for this study. All expenses associated with this research were covered by the authors

Conflicts Of Interest

The authors should pledge that they don’t have any conflict of interest in regards of their research. If there are no conflict
of interest then authors can declare the following "The authors declare no conflicts of interest".

Acknowledgment

The preferred spelling of the word “acknowledgment” in America is without an “e” after the “g”. Avoid the stilted
expression “one of us (R. B. G.) thanks ...”. Instead, try “R. B. G. thanks...”. Put sponsor acknowledgments in the
unnumbered footnote on the first page.

References

[1] Chinnam S. K. R., Sistla V., and Kolli V. K. K., “Multimodal attention-gated cascaded U-Net model for automatic brain tumor
detection and segmentation,” Biomedical Signal Processing and Control, vol.78, pp:103907, September 2022.
https://doi.org/10.1016/j.bspc.2022.103907

[2] Tamrakar S. and Parsai M. P., “Brain Tumor Detection Based on Watershed Segmentation and Classification Using Deep Learning,”
International Journal of Scientific Research & Engineering Trends, vol.8, no.6, pp:2097-2015, December 2022.

[3] Kirk N., Echols M. S., Reavill D., Gasper D., and Wilcox C., “Diagnosis of Seminoma With Metastasis to the Brain and Kidneys in
a Moluccan Eclectus (Eclectus roratus) Using Advanced Contrast Based Imaging,” Journal of Avian Medicine and Surgery, vol.36,
no.3, pp:325-332, November 2022. https://doi.org/10.1647/21-00024

[4] Ghajar-Rahimi G., Kang K., Totsch S. K., Gary S., Rocco A., et al., “Clinical advances in oncolytic virotherapy for pediatric brain
tumors,” Pharmacology & Therapeutics, vol.239, pp:108193, November 2022. https://doi.org/10.1016/j.pharmthera.2022.108193

[5] Ullah N., Khan J. A., Khan M. S., Khan W., Hassan 1., “An Effective Approach to Detect and Identify Brain Tumors Using Transfer
Learning,” Applied Sciences, vol.12, no.11, pp:1-17, June 2022.https://doi.org/10.3390/app12115645

[6] Schiiz J., Pirie K., Reeves G. K., Floud S., and Beral V., “Cellular Telephone Use and the Risk of Brain Tumors: Update of the UK
Million Women Study,” Journal of the National Cancer Institute, vol.114, mno.5, pp:704-711, May 2022.
https://doi.org/10.1093/jnci/djac042

[7] Nayak D. R., Padhy N., Mallick P. K., Zymbler M., and Kumar S., “Brain Tumor Classification Using Dense Efficient-Net,” Axioms,
vol.11, no.1, pp:1-13, January 2022. https://doi.org/10.3390/axioms11010034

[8] Special Section: Cancer in Adolescents and Young Adults, Cancer Facts & Figures 2020, pp:29-43. Available online:
https://www.cancer.org/content/dam/cancer-org/research/cancer-facts-and-statistics/annual-cancer-facts-and-figures/2020/special-

section-cancer-in-adolescents-and-young-adults-2020.pdf

[9] Exposing the financial impact of a brain tumour diagnosis, Brain Tumour Research. Available online:
https:/www.braintumourresearch.org/campaigning/stark-facts

[10] Ye Z., Srinivasa K., Meyer A., Sun P., Lin J., et al., “Diffusion histology imaging differentiates distinct pediatric brain tumor
histology,” Scientific Reports, vol. 11, n10.4749, pp:1-12, February 2021. https://doi.org/10.1038/s41598-021-84252-3

[11] Aggarwal, K., Mijwil, M. M., Sonia, Al-Mistarehi, AH., Alomari, S., Gok M., Alaabdin, A. M., and Abdulrhman, S. H., “Has the
Future Started? The Current Growth of Artificial Intelligence, Machine Learning, and Deep Learning,” Iraqgi Journal for Computer
Science and Mathematics, vol.3, no.1, pp:115-123, January 2022. https://doi.org/10.52866/ijcsm.2022.01.01.013

[12] Kapoor R., Walters S. P., and Al-Aswad L. A., “The current state of artificial intelligence in ophthalmology,” Survey of
Ophthalmology, vol.64, no.2, pp:233-240, April 2019. https://doi.org/10.1016/j.survophthal.2018.09.002

[13] Barragan-Montero A., Javaid U., Valdés G., Nguyen D., Desbordes P., et al., A’rtificial intelligence and machine learning for
medical imaging: A technology  review,”  Physica  Medica, vol.83, pp:242-256, March 2021.
https://doi.org/10.1016/j.ejmp.2021.04.016

[14] Mijwil M. M., Aggarwal K., Doshi R., Hiran K. K., Sundaravadivazhagan B. “Deep Learning Techniques for COVID-19 Detection
Based on Chest X-ray and CT-scan Images: A Short Review and Future Perspective,” Asian Journal of Applied Sciences, vol.10,
no.3, pp:224-231, July 2022. https://doi.org/10.24203/ajas.v10i3.6998



https://doi.org/10.1016/j.bspc.2022.103907
https://doi.org/10.1647/21-00024
https://doi.org/10.1016/j.pharmthera.2022.108193
https://doi.org/10.1093/jnci/djac042
https://doi.org/10.3390/axioms11010034
https://www.cancer.org/content/dam/cancer-org/research/cancer-facts-and-statistics/annual-cancer-facts-and-figures/2020/special-section-cancer-in-adolescents-and-young-adults-2020.pdf
https://www.cancer.org/content/dam/cancer-org/research/cancer-facts-and-statistics/annual-cancer-facts-and-figures/2020/special-section-cancer-in-adolescents-and-young-adults-2020.pdf
https://www.braintumourresearch.org/campaigning/stark-facts
https://doi.org/10.1038/s41598-021-84252-3
https://doi.org/10.52866/ijcsm.2022.01.01.013
https://doi.org/10.1016/j.survophthal.2018.09.002
https://doi.org/10.1016/j.ejmp.2021.04.016
https://doi.org/10.24203/ajas.v10i3.6998

Authors last name et al, Mesopotamian Journal of Computer Science Vol. (2021), 2021, 560-571

[15] ShukurB. S. and Mijwil M. M., “Involving Machine learning as Resolutions of Heart Diseases,” International Journal of Electrical
and Computer Engineering, vol.13, no.2, pp:2177-2185. April 2023. http://doi.org/10.11591/ijece.v13i2.pp2177-2185

[16] Hamamoto R., Suvarna K., Yamada M., Kobayashi K., Shinkai N., et al., “Application of Artificial Intelligence Technology in
Oncology: Towards the Establishment of Precision Medicine,” Cancers, vol.12, no.12, pp:1-33, November 2020.
https://doi.org/10.3390/cancers12123532

[17] Zhao X., Ang C. K. E., Acharya U. R., and Cheong K. H., “Application of Artificial Intelligence techniques for the detection of
Alzheimer’s disease using structural MRI images,” Biocybernetics and Biomedical Engineering, vol.41, no. 2, pp:456-473, June
2021. https://doi.org/10.1016/j.bbe.2021.02.006

[18] Mijwil, M. M. and Al-Zubaidi, E. A., “Medical Image Classification for Coronavirus Disease (COVID-19) Using Convolutional
Neural Networks,” Iragi Journal of Science, vol.62, no.8, pp: 2740-2747, August 2021. https://doi.org/10.24996/ijs.2021.62.8.27.

[19] Mijwil, M. M., “Implementation of Machine Learning Techniques for the Classification of Lung X-Ray Images Used to Detect
COVID-19 in Humans,” Iraqi Journal of Science, vol.62, n0.6., pp: 2099-2109, July 2021. https://doi.org/10.24996/ijs.2021.62.6.35.

[20] Shen Y., Chen L., Yue W., and Xu H., “European Journal of Radiology,” European Journal of Radiology, vol.139, pp:109717,
June 2021. https://doi.org/10.1016/j.ejrad.2021.109717

[21] Battineni G., Sagaro G. G., Chinatalapudi N., and Amenta F., “Applications of Machine Learning Predictive Models in the Chronic
Disease Diagnosis,” Journal of Personalized Medicine, vol.10, no.2, pp:1-11, March 2020. https://doi.org/10.3390/jpm10020021

[22] Jerez J. M., Molina I., Garcia-Laencina P. J., Alba E., Ribelles N., et al., “Missing data imputation using statistical and machine
learning methods in a real breast cancer problem,” Artificial Intelligence in Medicine, vol.5, no.2, pp:105-115, October 2010.
https://doi.org/10.1016/j.artmed.2010.05.002

[23] Dhahri H., Al Maghayreh E., Mahmood A., Elkilani W., and Nagi M. F., “Automated Breast Cancer Diagnosis Based on Machine
Learning  Algorithms,” Journal of Healthcare Engineering, vol.2019, no.4253641, pp:1-12, November 2019.
https://doi.org/10.1155/2019/4253641

[24] Akkus Z., Galimzianova A., Hoogi A., Rubin D. L., and Erickson B. J., “Deep Learning for Brain MRI Segmentation: State of the
Art and Future Directions,” Journal of Digital Imaging, vol. 30, pp:449—459, June 2017. https://doi.org/10.1007/s10278-017-9983-
4

[25] Lundervold A. S. and Lundervold A., “An overview of deep learning in medical imaging focusing on MRL,>” Zeitschrift fiir
Medizinische Physik, vol.29, no.2, pp:102-127, May 2019. https://doi.org/10.1016/j.zemedi.2018.11.002

[26] Mijwil M. M., Doshi R., Hiran K. K., Al-Mistarehi AH, and G6k M., “Cybersecurity Challenges in Smart Cities: An Overview
and Future Prospects,” Mesopotamian journal of cybersecurity, vol.2022, pp:1-4, 2022. https://doi.org/10.58496/MJCS/2022/001

[27] Mijwil M. M., Sadikoglu E., Cengiz E., and Candan H., “Siber Giivenlikte Yapay Zekanim Rolii ve Onemi: Bir Derleme,” Veri
Bilimi, vol.5, no.2 pp:97-105, December 2022

[28] Mijwil M. M., Aljanabi M., and Ali A. H., “ChatGPT: Exploring the Role of Cybersecurity in the Protection of Medical
Information,” Mesopotamian Journal of  cybersecurity, vol.2023, pp:18-21, 1 February 2023.
https://doi.org/10.58496/MJCS/2023/004

[29] Mijwil M. M., Aljanabi M., and ChatGPT, “Towards Artificial Intelligence-Based Cybersecurity: The Practices and ChatGPT
Generated Ways to Combat Cybercrime,” Iraqi Journal For Computer Science and Mathematics, vol.4, no.1, pp:65-70, January
2023. https://doi.org/10.52866/ijcsm.2023.01.01.0019

[30] Mijwil M. M., Salem I. E., and Ismaeel M. M., “The Significance of Machine Learning and Deep Learning Techniques in
Cybersecurity: A Comprehensive Review,” Iragi Journal For Computer Science and Mathematics, vol.4 no.1, pp:87-101, January
2023, https://doi.org/10.52866/ijcsm.2023.01.01.008

[31] Mustaffa S. N. F. N. B. and Farhan M., “Detection of False Data Injection Attack using Machine Learning approach,”
Mesopotamian journal of cybersecurity, vol. 2022, pp:38—46, July 2022. https://doi.org/10.58496/MJCS/2022/005

[32] Mijwil M. M., Filali Y., Aljanabi M., Bounabi M., Al-Shahwani H., and ChatGPT, “The Purpose of Cybersecurity in the Digital
Transformation of Public Services and Protecting the Digital Environment,” Mesopotamian journal of cybersecurity, vol.2023, pp:1-
6, January 2023. https://doi.org/10.58496/MJCS/2023/001

[33] Salem L. E., Mijwil M. M., Abdulgader A. W., Ismaeel M. M., Alkhazraji A., and Alaabdin A. M. Z., “Introduction to The Data
Mining Techniques in Cybersecurity,” Mesopotamian journal of cybersecurity, vol.2022, pp:28-37, 30 May 2022.
https://doi.org/10.58496/MJCS/2022/004

[34] Aljanabi M., Ghazi M., Ali A. H., Abed S. A., and ChatGPT, “ChatGpt: Open Possibilities,” Iragi Journal For Computer Science
and Mathematics, vol. 4, no. 1, pp: 62—64, January 2023. https://doi.org/10.52866/ijcsm.2023.01.01.0018

[35] Mijwil M. M., Aggarwal K., Doshi R., Hiran K. K., and Gék M., “The Distinction between R-CNN and Fast R-CNN in Image
Analysis: A Performance Comparison,” Asian Journal of Applied Sciences, vol.10, no.5, pp:429-437, November 2022.
https://doi.org/10.24203/ajas.v10i5.7064



http://doi.org/10.11591/ijece.v13i2.pp2177-2185
https://doi.org/10.3390/cancers12123532
https://doi.org/10.1016/j.bbe.2021.02.006
https://doi.org/10.24996/ijs.2021.62.6.35
https://doi.org/10.1016/j.ejrad.2021.109717
https://doi.org/10.3390/jpm10020021
https://doi.org/10.1016/j.artmed.2010.05.002
https://doi.org/10.1155/2019/4253641
https://doi.org/10.1007/s10278-017-9983-4
https://doi.org/10.1007/s10278-017-9983-4
https://doi.org/10.1016/j.zemedi.2018.11.002
https://doi.org/10.58496/MJCS/2022/001
https://doi.org/10.58496/MJCS/2023/004
https://doi.org/10.52866/ijcsm.2023.01.01.0019
https://doi.org/10.52866/ijcsm.2023.01.01.008
https://doi.org/10.58496/MJCS/2022/005
https://doi.org/10.58496/MJCS/2023/001
https://doi.org/10.52866/ijcsm.2023.01.01.0018
https://doi.org/10.24203/ajas.v10i5.7064

Authors last name et al, Mesopotamian Journal of Computer Science Vol. (2021), 2021, 560-571

[36] Mijwil M. M., Unogwu O. J., Filali Y., Bala L., and Al-Shahwani H., “Exploring the Top Five Evolving Threats in Cybersecurity:
An  In-Depth  Overview,”  Mesopotamian  journal  of  cybersecurity, vol.2023,  pp:57-63, March  2023.
https://doi.org/10.58496/MJCS/2023/010

[37] Al-Zubaidi, E. A., Mijwil, M. M., and Alsaadi, A. S., “Two-Dimensional Optical Character Recognition of Mouse Drawn in
Turkish Capital Letters Using Multi-Layer Perceptron Classification,” Journal of Southwest Jiaotong University, vol.54, no.4, pp.1-
6, Augusts 2019. https://doi.org/10.35741/issn.0258-2724.54.4.4

[38] Chattopadhyay A. and Maitra M., “MRI-based brain tumour image detection using CNN based deep learning method,”
Neuroscience Informatics, vol.2, no.4, pp:100060, December 2022. https://doi.org/10.1016/j.neuri.2022.100060

[39] Younis A., Qiang L., Nyatega C. O., Adamu M. J., and Kawuwa H. B., “Brain Tumor Analysis Using Deep Learning and VGG-
16 Ensembling Learning Approaches,” Applied Sciences, vol.12, no.14, pp:1-20, July 2022. https://doi.org/10.3390/app12147282

[40] Raza A., Ayub H., Khan J. A., Ahmad I, Salama A. S., et al., “A Hybrid Deep Learning-Based Approach for Brain Tumor
Classification,” Electronics, vol.11, no.7, pp:1-17, April 2022. https://doi.org/10.3390/electronics11071146

[41] Alanazi M. F., Ali M. U., Hussain S. J., Zafar A., Mohatram M., et al., “Brain Tumor/Mass Classification Framework Using
Magnetic-Resonance-Imaging-Based Isolated and Developed Transfer Deep-Learning Model,” Sensors, vol.22, no.1, pp:1-15,
January 2022. https://doi.org/10.3390/s22010372

[42] Zahid U., Ashraf 1., Khan M.A., Alhaisoni M., Yahya K. M., Hussein H. S., and Alshazly H., “BrainNet: Optimal Deep Learning
Feature Fusion for Brain Tumor Classification,” Computational Intelligence and Neuroscience, vol.2022, n0.1465173, pp:1-13,
August 2022. https://doi.org/10.1155/2022/1465173

[43] Chakrabarty N., Brain MRI Images for Brain Tumor Detection, Access date: March 2023. Available online:
https:/www.kaggle.com/datasets/navoneel/brain-mri-images-for-brain-tumor-detection

[44] Mijwil, M. M., Abttan R. A., and Alkhazraji A., “Artificial intelligence for COVID-19: A Short Article,” Asian Journal of
Pharmacy, Nursing and Medical Sciences, vol.10, no.1, pp:1-6, May 2022. https://doi.org/10.24203/ajpnms.v10i1.6961

[45] Hussain Z. F. and Ibraheem H. R., “Novel Convolutional Neural Networks based Jaya algorithm Approach for Accurate Deepfake
Video Detection,” Mesopotamian Journal of CyberSecurity, vol. 2023, pp:35-39, 2023. https://doi.org/10.58496/MJCS/2023/007



https://doi.org/10.58496/MJCS/2023/010
https://doi.org/10.35741/issn.0258-2724.54.4.4
https://doi.org/10.1016/j.neuri.2022.100060
https://doi.org/10.3390/app12147282
https://doi.org/10.3390/electronics11071146
https://doi.org/10.3390/s22010372
https://doi.org/10.1155/2022/1465173
https://www.kaggle.com/datasets/navoneel/brain-mri-images-for-brain-tumor-detection
https://doi.org/10.24203/ajpnms.v10i1.6961
https://doi.org/10.58496/MJCS/2023/007

