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Accuracy

GLCM 73.16 74.31 75.91 75.14 74.93

GLRLM 71.36 71.85 72.34 72.76 73.44
BraTS

GLSZM 73.69 71.94 73.49 72.35 73.11

Average 72.74 72.7 73.91 7343 73.83

GLCM 75.20 73.80 74.50 74.75 74.25

GLRLM 74.40 72.90 73.80 73.15 73.60
TCIA

GLSZM 73.60 75.10 74.90 74.35 74.75

Average 74.40 73.60 74.07 74.08 74.20

GLCM 74.71 76.05 77.13 76.58 76.81

GLRLM 72.85 73.42 74.12 73.64 73.98
FIGSHARE

GLSZM 76.07 74.91 75.94 7549 75.72

Average 74.04 74.46 75.06 75.24 75.50

Included are the average performance metrics for every dataset.





OPS/images/fncom-18-1423051/fncom-18-1423051-t002.jpg
Dataset Model Sensitivity pecificity Precision Accuracy
AlexNet 8139 8143 82.04 81.93 8173
SqueezNet 82.19 83.29 82.95 83.07 8278
VGGl16 82.63 82.14 83.09 82.79 8254
InceptionV3 84.95 8523 8531 85.49 85.19
Xeeption 8536 85.94 8597 85.43 8527
BalS UNet 86.49 87.09 87.12 8671 8634
VNet 86.91 86.97 87.04 87.12 87.01
UNett+ 88.13 88.27 87.38 8751 8721
FusionNet 90.19 89.77 89.84 90.07 89.92
FusionNet-Seq-ResNet 93.06 93.34 93.41 93.79 93.81
FusionNet-Seq-ResNet+Radiomics 95.19 95.37 95.46 95.83 95.79
UNet 8234 8278 83.02 82.69 82.88
VNet 83.12 8345 8321 8334 83.17
UNett+ 81.87 81.98 8245 82.13 8228
TClA FusionNet 91.56 91.23 91.92 91.64 91.74
FusionNet-Seq-ResNet 93.02 93.71 93.19 93.93 94.09
FusionNet-Seq-ResNet + Radiomics 95.07 95.84 94.98 94.93 95.16
UNet 8621 86.45 8632 8639 86.28
VNet 87.03 86.89 87.12 87.08 87.17
UNett+ 87.45 8751 87.38 87.62 87.49
FIGSHARE FusionNet 91.67 92.78 92.45 91.72 92.59
FusionNet-Seq-ResNet 94.21 94.34 94.47 93.15 93.28
FusionNet-Seq-ResNet+Radiomics 95.17 95.81 95.67 95.72 95.86
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Model Precision Recall (%) F1-score (%) Accuracy (%)
LSTM-RNN 094 0.94 0.94 094
DNN 0.86 0.86 0.84 0.86
DT 085 0.86 085 086
LR 092 092 092 092
SVM 0.84 0.80 074 0.80
GNB 0.87 0.73 075 073
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No. of tumor =~ Segmentation Segmentation results

types of tumor into

grades Accuracy Precision Recall F-Measure
Convolutional neural A total of five Only Glioma brain 98.14% 98.31% _— —_—
networks (CNN) using grid tumor types tumors are
search optimization (Irmak, classified into
2021) grades II, 111, and

v
Multiclass support vector Three tumor types —_ 98.92% —_ —_ _
machine (M-SVM) (Magsood
etal, 2022)
Four models of deep Three tumor types —_ 86.80%, 86.85%, — 86.83%,
convolutional neural and normal cases 85.34%, 85.12%, 84.98%,
networks: 93.15%, 93.14%, 93.11%,
inceptionresnetv2, 91.24% 91.20% 91.08%
inceptionv3,
transfer learning,
brain-tumor-net model
(Shoaib et al,, 2022)
Histogram differencing and Four tumor types . 97.3% = — —
KNN (Nida-Ur-Rehmanetal., | and healthy brain
2017) MRI images
Proposed Model: binary Ten tumor types Into four grades 99.40 % 99.32% 99.45% 99.28%
convolution neural network and healthy brain (Grade I to Grade
(BCNN) MRI images 1V) and healthy

brain MRI images
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S. No ypes Number of MRI
images

1 CNS Lymphoma 800

2 Glioblastoma 600

3 Meningioma 600

4 Metastases 400

5 Astrocytoma 600

6 Cystic Pituitary Adenoma and 500
Meningioma

7 Ependymomas 600

8 CNS Embryonal Tumor NOS 500

9 Oligodendrogliomas 500

10 Hemangioblastomas 500

11 Healthy brain MRI images 1,000
Total 6,600






OPS/images/fncom-18-1418280/fncom-18-1418280-g020.gif





OPS/images/fncom-18-1418280/fncom-18-1418280-g019.gif
1 i
T R

' i, i
H

01 s o s poos o fuan_wos

L





OPS/images/fncom-18-1418280/fncom-18-1418280-g018.gif
B ———
- wnoa 00

i
i

o —— =






OPS/images/fncom-18-1418280/fncom-18-1418280-g017.gif





OPS/images/fncom-18-1418280/fncom-18-1418280-g016.gif
PE TR ———

PRSP
a
o,
e
v

B

T
labelled folders






OPS/images/fncom-18-1418280/fncom-18-1418280-g015.gif





OPS/images/fncom-17-1251301/fncom-17-1251301-g002.gif





OPS/images/fncom-17-1251301/fncom-17-1251301-g003.gif





OPS/images/fncom-17-1251301/crossmark.jpg
(®) Check for updates





OPS/images/fncom-17-1251301/fncom-17-1251301-g001.gif
Ao

Neural Time Series

x

pochorfox]

Sequental
Samples

n
o xed e e
e BB

Unrolied DAG.
forTme Series

Rolled CFC.
Botwoen Regons






OPS/images/fncom-17-1251301/fncom-17-1251301-t002.jpg
Edge p-value Region name Reported by

(a) CN > AD

HES_L — ROL_L 0.0008 Heschl’s gyrus Hiinggi et al., 2011; Dhanjal et al., 2013

ITG_R— ITG_R 0.001 Inferior temporal gyrus Palmer and Burns, 1994; Scheff et al., 2011

SOG_L - SOG_R 0.001 Superior occipital gyrus Beyer et al., 2009 Mao et al,, 2021

SFG_L — SFG_R 0.001 Superior frontal gyrus Brachova et al,, 1993; Lue et al.,, 1996

MFGorb_R — IFGorb_R 0.002 Middle frontal gyrus Neufang et al., 2011; Zhou et al., 2013

THA_R — THA_L 0.002 Thalamus Braak and Braak, 1991; de Jong et al., 2008

SMG_L - SMG_R 0.002 SupraMarginal gyrus Grignon et al., 1998; Desikan et al., 2009

10G_L - IOG_R 0.005 Inferior occipital gyrus Johnen etal,, 2015; Wu et al,, 2023

SMG_R — SMG_L 0.005 SupraMarginal gyrus Grignon et al., 1998; Desikan et al., 2009

PCC_L— ANG_L 0.006 Posterior cingulate gyrus Villain et al., 2008; Mascali et al., 2015; Caminiti et al.,
2020

(b) CN < AD

PHG_R — PHG_R 0.0008 Parahippocampal gyrus Van Hoesen et al,, 2000; Thangavel et al., 2008

REC_R — REC_R 0.004 Gyrus rectus Mblsi et al., 1987; Nochlin et al., 1993; Sheline et al.,
2010

CER6_R — CER4_5_R 0.008 Cerebellum Joachim et al., 1989; Jacobs et al., 2018

IFGtriang_R — MFG_R 0.008 Inferior frontal gyrus Eliasova et al., 2014; Cajanus etal., 2019

CER7b_L — ITG_R 0.008 Cerebellum Joachim et al., 1989; Jacobs et al., 2018

FFG_R — ITG_R 0.008 Fusiform gyrus Whitwell, 2010; Ma et al., 2020

CUN_L - SOG_L 0.014 Cuneus He etal., 2007; Niskanen et al., 2011

VER1_2 — VER3 0.014 Vermis Sjdbeck and Englund, 2001; A Mavroudis et al., 2013

CAL_L - SOG_L 0.014 Calcarine fissure Ren et al., 2020; Yang et al., 2020

PCL_L— PCL_L 0.017 Paracentral lobule Garcia Martin et al., 2013; Yang et al., 2019

The corresponding source brain regions are in agreement with regions reported in literature (right column) as impacted by AD.
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@ cteristic MCI AD

Number of subjects 41 54 34 -
Sex (M/F) 19/22 29/26 16/18 0.16
Age (years) 749464 | 742+7.1 | 74474 0.86
Education (years) 165+23 | 157426 | 154+£25 022
MMSE 291+14 | 278+19 | 219+£42 | <107M

The second to fourth columns present group characteristics, mean = SD. The fifth column
presents p-values for the statistical significance of the inter-group differences. Differences in
Sex was assessed using a Chi-Squared test and differences in Age, Education and MMSE using
non-parametric analysis of variance by Kruskal-Wallis test.
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Proposed model

Technique

U-Net Model for Brats 2017 and 2018 dataset segmentation
2D CNN with ensemble machine learning techniques
Redefined CNN Model with modified classification

Deep CNN on OCT Images

NN with NN Classifier

NN with Enhanced Classifiers

Convolutional Neural Network (CNN)-based hybrid model
Convolutional Neural Network (CNN) using TensorFlow
Deep Learning Models (Convolutional Neural Networks - CNN)
Evaluation of deep convolutional neural network (CNN) models for brain tumor classification
NN for brain tumor classification

Efficient net on T1 Weighted Data

Agglomerative Clustering Based Approach

VGG19, Inception-v3, and ResNets0

Convolutional Neural Network (CNN) & VGG19

NN

convolutional neural networks (CNNs)

NN & SqueezeNet

ResNet0V2

Parallel deep convolutional neural networks

VGG 16 and basic CNN Architecture

Efficeint Net model Using transfer learning

Custom CNN with advance layer arrangement.

Accuracy
9340 and 92.20%
96.47%
933%
94.90%
95.86%

96%

95.4%

90%

Up to 97.8%
97.12%
9338%
98.78%
98.04%

90%

98.01%
98.93%

96%

96.5%
96.34%

98%

97%

98.27%





OPS/images/fncom-18-1418546/fncom-18-1418546-t001.jpg
Study

Huand Razmjooy (2021)

Sadad etal. (2021)

Raza etal. (2022)

Gurunathan and Krishnan
(2021)

Methil (2021)

Aggarwal etal. (2023)

Xiong etal. (2021)

Kumar Sahoo et al. (2023)

Ge etal. (2020)

Taher etal. (2022)

Khan etal. (2022)

Mahmud et al. (2023)

Chattopadhyay and Maitra

(2022)

Bitto etal. (2023)

Gayathri etal. (2023)

Objective

‘The aim is o create a metaheuristic-based system for the early

detection of brain tumors, utilizing automated procedures. The focus is
on tumor segmentation, feature extraction, and classification,
employing a deep belief network.

“To develop an automated computer-assisted diagnosis system for carly
detection of tumors in brain, with a focus on segmentation,
classification, and performance enhancement through preprocessing

and data augmentation.

‘The aim was to introduce DeepTumorNet, a hybrid deep learning

model designed for precise classification of three types of brain tumors

(glioma, meningioma, and pituitary tumor). This model utilizes a
modified GoogLeNet architecture and employs the leaky ReLU

activation function.

‘The objective was to create an automated computer-aided method for
detecting and locating brain tumors in MRI images. This method was
utilizing deep learning algorithms and consist of three sub-modules:
preprocessing, classification, and segmentation.

To develop a novel method using image preprocessingand a
convolutional neural network (CNN) to detect brain tumors from

diverse brain images.

“The proposal aims to introduce an efficient method for brain tumor
segmentation utilizing an Improved Residual Network (ResNet). This
method addresses the gradient diffusion issue in Deep Neural
Networks (DNN) and aims to enhance segmentation accuracy in MRI
images.

‘The goal was to create an FPGA-based accelerator for brain tumor
segmentation. This aims to enhance segmentation speed, reduce

computational complexity, and maintain high accuracy.

“The aim was to develop an intelligent system for automatically
extracting and identifying brain tumors from 2D contrast-enhanced
MRI images. This system was addressing challenges related to accurate

diagnosis and the time-consuming nature of manual examination.

‘The objective was to tackle the challenge of glioma classification from
MRI scans through a proposed deep semi-supervised learning
framework. This framework integrates deep CNN features and a novel
3D-2D consistent constraint. Additionally, it leverages synthetic MRIs
generated by Generative Adversarial Networks (GANS) to augment the

training data.

‘The aim was to develop transfer-learning-based models and a
Convolutional Neural Network (CNN) called BRAIN-TUMOR-net for
classifying brain MRI

performance of these models will be compared with pre-trained

ages into tumor or normal cases. The

models (InceptionResNetv2, Inceptionv3, and ResNet50) and tested on
publicly available datasets.

‘The aim is to develop a hierarchical decp learning method using a
convolutional neural network (CNN) to detect and classify brain

tumors into glioma, meningioma, pituitary, and no-tumor categories.

To develop a convolutional neural network (CNN) architecture for
efficient identification and classification of brain tumors using MRI

images.

‘The proposed model aims to introduce a highly accurate automatic
method using a convolutional neural network (CNN) to segment brain

tumors from 2D MRI images.

“To identify brain tumors in MRI images using convolutional neural
network designs and data preprocessing techniques to achieve

competitive performance.

Assess the effectiveness of the VGG-16 architecture, a Convolutional
Neural Network (CNN) model, for accurate brain tumor detection

through deep learning.

Remarks

‘The proposed method incorporates an enhanced version of the
seagull optimization algorithm for both feature selection and image

classification

Evolutionary algorithms and reinforcement learning, along with
transfer learning, are employed for multi-classification of brain

tumors, showcasing a comprehensive approach to diagnosis.

DeepTumorNet utilizes a modified GoogLeNet architecture with 15
additional layers, enhancing the expressiveness of the model for

feature extraction.

Morphological-based segmentation methodology is utlized for

precise identification of tumor regions.

“The proposed method, combining histogram equalization and
NN, achieved impressive recall rates of 98.55% on the training set
and 99.73% on the validation set, demonstrating ts effectiveness in
accurately detecting brain tumors across various shapes,sizes,

textures, and locations.

“The study highlights the potential of Improved ResNet in advancing

brain tumor segmentation, with pror

ing implications for medical

diagnosis and treatment planning.

‘The FPGA-based accelerator presents a promising approach for
automatic segmentation and remote diagnosis of brain tumors. This
contributes to enhancing eficiency and accuracy in medical

imaging analysis.

‘The YOLO2 based transfer learning approach achieves a high
classification accuracy further enhancing the diagnostic capability
of the system.

“The proposed scheme achieves promising resuls on two

datasets, demonstrating good performance in IDH-mutation

pre
on TCGA and MICCAI datasets, respectively.

nand glioma grading, with accuracies of §6.53 and 90.70%

‘Transfer-learning-based models and BRAIN-TUMOR-net are
introduced for classification, with BRAIN-TUMOR-net achieving
the

hest accuracy levels across different MRI datasets.

‘The proposed HDL2BT system demonstrated high precision
(92.13%) and a low miss rate (7.87%), outperforming previous
‘methods in detecting and segmenting brain tumors, thus providing
valuable clinical assistance to physicians.

“The proposed CNN model achieved an accuracy of 93.3%, an AUC
0f 98.43%, a recall of 91.19%, and a loss of 0.25, outperforming.
ResNet-50, VGG16, and Inception V3, indicating its reliability for

carly detection of brain tumors.

“The proposed CNN-based model achieved an impressive accuracy
0£99.74%, surpassing existing methods and significantly aiding
doctors in the accurate and timely detection of brain tumors from

MRI images.

‘The study combines MRI-based image datasets, employs various
data preprocessing techniques and image augmentation methods,
and utilizes five pre-trained models to achieve high accuracy and
precision in brain tumor identification, with ResNet-50 performing
the best at 96.76% accuracy.

‘The fine-tuned VGG-16 model achieved a high accuracy of 94%
after hyperparameter optimization, demonstrating strong
sensitivity, specificity; precision, recall, and F1 scores compared to

other techniques for brain tumor detection.
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Input: MRI brain images dataset with four categories: glioma, meningioma, no
tumor, and pituitary tumor.

Output: Classification of MRI images into one of the four categories.

Preprocessing:
+ Load the MRI brain images from the dataset.

+ Resize the images to 200x200 pixels for standardization.

2. Model Architecture:

+ Initialize a Sequential model.

+ Add six convolutionallayers with ReLU activation:

« First layer: 64 filters of size 7x7, padding='same| input shape (200, 200, 1).
+ Second layer: 128 flters of size 77, padding = same.

+ “Third layer: 128 filters ofsize 77, padding='same.

+ Fourth layer: 256 flters of size 77, padding='same.

« Fifth layer: 256 fiters of size 7x7, padding='same’

« Sixth layer: 512 filters ofsize 77, padding="same!

+ Afier each convolutionallayer, add a batch normalization layer and a
max-pooling layer with pool size (22).

+ Flatten the output to feed into the fully connected layers

+ Add two fully connected layers with ReLU activation, 1,024 and 512 neurons,
respectively, ach followed by a dropout ayer with a dropout rate of 0.25.

+ Addan outputlayer with four neurons (corresponding to the four categories)
with softmax activation.

3. Compilation:

+ Compile the model using the SGD optimizer with a learning rate of 0.001,
loss function as categorical_crossentropy, and metric as
‘categorical_accuracy’

4. Data Augmentation:

+ Use ImageDataGenerator for real-time data augmentation, including

rescaling and horizontal flipping.
5. Training:

+ “Train the model on the training dataset using the flow_from_directory
method with a batch size of 32 and 100 epochs, employing callbacks for early
stopping and learning rate reduction on plateau.

6. Evaluation:

« Evaluate the model on a separate test dataset.
« Compute and plot the training and validation accuracy and loss over
the epochs.

+ Generate a confusion matrix to evaluate the models classification performance.
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Augmentation technique Value

rescale 1255
featurewise_center False
samplewise_center False
featurewise_std_normalization False
samplewise_std_normalization False
zca_whitening False
rotation_range 0
zoom_range 0
width_shift_range 0
height_shift_range 0
horizontal_flip True

vertical_flip False
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If (val_loss;1 > val_loss, ) for (1) epochs, stop training.
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