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Abstract

The main aim of this study is to propose a novel convolutional neural network, named BrainNeXt, for the automated brain
disorders detection using magnetic resonance images (MRI) images. Furthermore, we aim to investigate the performance of
our proposed network on various medical applications. To achieve high/robust image classification performance, we
gathered a new MRI dataset belonging to four classes: (1) Alzheimer’s disease, (2) chronic ischemia, (3) multiple sclerosis,
and (4) control. Inspired by ConvNeXt, we designed BrainNeXt as a lightweight classification model by incorporating the
structural elements of the Swin Transformers Tiny model. By training our model on the collected dataset, a pretrained
BrainNeXt model was obtained. Additionally, we have suggested a feature engineering (FE) approach based on the
pretrained BrainNeXt, which extracted features from fixed-sized patches. To select the most discriminative/informative
features, we employed the neighborhood component analysis selector in the feature selection phase. As the classifier for
our patch-based FE approach, we utilized the support vector machine classifier. Our recommended BrainNeXt approach
achieved an accuracy of 100% and 91.35% for training and validation. The recommended model obtained the test
classification accuracy of 94.21%. To further improve the classification performance, we suggested a patch-based DFE
approach, which achieved a test accuracy of 99.73%. The obtained results, surpassing 90% accuracy on the test dataset,

demonstrate the effectiveness and high classification performance of the proposed models.

Keywords BrainNeXt - MRI dataset - Deep feature engineering - INCA

Introduction

The brain is the most basic structure of the central nervous
system (Garman 2011). It is one of the most complex and
mysterious organs in the body (Petrynski et al. 2023; Singh
et al. 2023). This organ works through neural networks and
neural communication (Majhi et al. 2019). The nerve cells
in the brain transmit electrical and chemical signals to the
various organs of the body to control their working patterns
(Levitan and Kaczmarek 2002). In this way, sensory,
cognitive, emotional and physical abilities are controlled,
which are basic human components (Tan and Nijholt
2010). These capabilities enable individuals to engage with
the external world and interact with their surroundings.
Structurally, the brain consists of four lobes, namely the
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frontal, parietal, temporal, and occipital lobes (Lu et al.
2022). Ongoing investigations indicate that each lobe is
linked to distinct activities. For instance, the frontal lobe
plays a role in cognitive functions (Ventura-Campos et al.
2022) such as problem-solving, behavioral control, and
personality expression, whereas the parietal lobe facilitates
environmental awareness and spatial orientation (Bruner
et al. 2023). Similarly, the temporal lobe is involved in the
control of skills related to smell and hearing (Thalbourne
et al. 2003). The occipital lobe, at the back of the brain,
generally controls visual processing and vision-related
functions (Dong et al. 2012). As might be expected, dam-
age of these lobes affects the functions of the relevant lobe
and causes different symptoms and diseases in individuals.
As a result of brain damage, diseases such as AD,
Parkinson’s disease (PD), schizophrenia and epilepsy can
occur, severely impacting an individual’s quality of life
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and, in advanced stages, resulting in mortality (Emard et al.
1995; Németh et al. 2006; Welsh 2001).

Early diagnosis plays a key role in improving the peo-
ple’s quality of life with brain disorders (Paulsen et al.
2013). Early detection can potentially halt, slow or treat
disease progression. Currently, cutting-edge artificial
intelligence (AI) technologies offer compelling solutions in
this area. Recent advances, particularly in signal and image
processing, have enabled the early diagnosis of many dis-
eases (Saqib et al. 2023). An extensive review of the lit-
erature reveals remarkable accuracy in the classification
and interpretation of medical images, including but not
limited to magnetic resonance images (MRI), computed
tomography (CT) scans and X-rays (Chakraborty and Mali
2023). This paper presents a novel, lightweight methodol-
ogy called “BrainNeXt” for the initial diagnosis of selec-
ted brain-related disorders. We introduced a new
generation CNN model to automate the classification of
AD, MS, and CI, and this model is termed BrainNeXt. In
addition, a BrainNeXt-based deep FE approach is sug-
gested. To develop this deep FE model, local features are
extracted using fixed-size patches inspired by vision
transformers.

Literature review

Medical image classification using machine learning
methods is one of the most frequently studied topics in the
literature (Celard et al. 2023). In this study, AD, MS and CI
were classified using MRI images. In the review of the
literature, it was noted that there was no study in which
these diseases were considered as a whole. we explore the
distinctive clinical presentations, temporal profiles, and
radiological characteristics of two prominent diseases: MS
and AD. AD is recognized as an inflammatory disorder that
primarily manifests through recurrent neurological deficits
in young patients. Notably, it is characterized by distinctive
white matter lesions with a predilection for the pericallosal
white matter, juxtacortical region, brainstem, and spinal
cord. On the other hand, AD typically exhibits a more
gradual cognitive decline, initially affecting episodic
memory and subsequently extending to other cognitive
domains. This progression is accompanied by medial
temporal atrophy and the deposition of beta-amyloid and
phosphorylated tau, which can be effectively demonstrated
using PET imaging. For this reason, the literature review
presented in this study consists of studies including the
classification of related diseases. Some recent studies on
machine learning-based classification of the diseases con-
sidered in this study are summarized in Table 1.

An examination of the literature studies listed in Table 1
shows that both signal processing (Amooei et al. 2023;
Dogan et al. 2023) and image processing/deep learning
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(DL) methods (Balasundaram et al. 2023; Kaplan et al.
2023) are used in the diagnosis of brain-related diseases.
Some of these studies aim to determine the severity of the
disease (Balasundaram et al. 2023; Murugan et al. 2021;
Pandian and Udhayakumar 2023), while others only make
a classification between healthy and diseased (Acar et al.
2022; Alsharabi et al. 2023; Payares-Garcia et al. 2023). In
addition, some studies include different types of diseases
together (Amooei et al. 2023; Faisal et al. 2023). However,
these studies generally aim to classify neurodegenerative
diseases (Payares-Garcia et al. 2023). In our study, in
addition to AD and MS, which are neurodegenerative
diseases (MS is primarily characterized as an inflammatory
disorder, although it also involves a component of neu-
rodegeneration), chronic ischemia is also included in the
dataset and classified. Chronic ischemia is not a neurode-
generative disease. Ischemia is a condition of reduced
blood flow to tissues and is a condition that can be seen in
any tissue in the body (Walter 2022; Zhang et al. 2019).
Among the elderly population, ischemia is a frequently
observed disorder, often resulting from uncontrolled
hypertension, diabetes, dyslipidemia, and various other
genetic predisposing conditions (Das et al. 2023). Early
diagnosis and treatment of chronic ischemia is therefore
important to increase the quality of the life.

Motivations and our models

We have three essential motivations and these motivations
are defined as follows:

Firstly, our motivation stems from the need to curate a
comprehensive dataset consisting of MR images, specifi-
cally targeting cases of AD, MS, and chronic ischemia
disorders. Our goal is to thoroughly investigate the classi-
fication capabilities of our proposed methods on this
carefully collected dataset.

Secondly, we are driven by the objective of proposing a
novel DL network. In the 2020s, transformer models have
demonstrated remarkable performance in classification
tasks, surpassing the commonly used convolutional neural
networks (CNNs) such as ResNet. Thus, to keep pace with
these advancements, a new generation of competitive
CNNs has emerged, one of which is ConvNeXt (Liu et al.
2022). Through our research, we aim to present the
effectiveness and potential of this new CNN model.

Lastly, we are motivated to introduce a fresh approach
to deep FE, incorporating transfer learning and fixed-size
patch division. Leveraging the pretrained BrainNeXt
model, we extract deep features from each patch using the
training signals. Our objective is to showcase the high
classification capability offered by this novel deep FE
approach.
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Table 1 State-of-the-art automatic brain disorder detection

Author(s) Data Data Method Highlights
type
Murugan et al. (2021) MRI MiD-896  Data augmentation, Custom-designed The data is balanced with data
MoD-64 CNN (DEMNET) augmentation
vMD- AD is classified according to their level
2240 The computational complexity is high
CO-3200 Classification performance is high
(> 95%)
Kaplan et al. (2021) MRI AD-569 Feed-forward local phase quantization Three datasets were used for validation
CO-601 network Binary classification was performed
(> 99%)
Garcia et al. (2023) MRI AD-60 Spatially informed Bayesian neural A dataset with 5 classes was used
MCI-30 network, custom-designed CNN Neurodegenerative diseases are analyzed
PD-70 The computational complexity is high
MS-30 Accuracy is relatively low (= 83%)
CO-150
Faisal et al. (2023) GRFs HD-20 Custom-designed CNN (NDDNet) A dataset with 4 classes was used
PD-15 Neurodegenerative diseases are analyzed
ALS-13 The computational complexity is high
CO-16 While successful results were obtained in
binary classification, relatively low
accuracy was achieved in multiclass
classification (~ 83%)
Amooei et al. (2023) GRFs HD-20 Data augmentation, Spectrogram A dataset with 4 classes was used
PD-15 g?\?;ﬂfg}?&on’ wavelet transform, Neurodegenerative diseases are analyzed
ALS-13 i The computational complexity is high
CO-16 Accuracy is high (> 99%)
Dogan et al. (2023) EEG AD-12 Primate brain pattern, TQWT, iterative The computational complexity is linear
CO-11 majority voting, kNN Dataset is relatively small
Binary classification was performed
(~ 92%)
Alsharabi et al. (2023) MRI AD-358 AlexNet-based quantum transfer learning Neurodegenerative diseases are analyzed
PD-423 method The computational complexity is high
CO-229 Binary classification was performed
(> =96%)
Pandian and Udhayakumar MRI CIS-87 Chaotic Leader-Selective Particle Swarm Two datasets were used for validation
(2023) RRMS- Optimization, Hybrid deep CNN The levels of MS disease are categorized
87 Classification performance is high
PPMS-87 (> 98%)
SPMS-87
CO-87
Acar et al. (2022) MRI MS-971 Data augmentation, Custom designed The data is balanced with data
C0-971 CNN augmentation
The computational complexity is high
Binary classification was performed
(= 98%)
Balasundram et al. (2023) MRI MiD-896  Custom designed CNN Two datasets were used for validation
MoD-64 AD is classified according to their level
vMD- The computational complexity is high
2240 Classification performance is relatively
CO-3200 high (> 94%)
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Table 1 (continued)

Author(s) Data Data Method Highlights
type

Kaplan et al. (2023) CT AD-569 Patch division, LBP, LPQ and HOG, Two datasets were used for validation
MRI CO-601 NCA, SVM The computational complexity is linear

Binary classification was performed
(= 100%)

MCI mild cognitive impairment, CO control, CIS clinically isolated syndrome, RRMS relapsing—remitting MS, PPMS primary progressive MS,
SPMS secondary progressive MS, HD Huntington’s disease, ALS amyotrophic lateral sclerosis, MiD mild demented, MoD moderate demented,

vMD very mild demented, GRF ground reaction force

We suggest both a new generation CNN and deep FE
models. BrainNeXt shares similarities with ConvNeXt,
albeit with a different configuration. ConvNeXt introduces
a novel block structure employing 7 x 7 and 1 x 1 con-
volutions to create an inverted bottleneck, layer normal-
ization, and the Gaussian Error Linear Unit (GELU)
activation function. In contrast, BrainNeXt adopts 7 x 7
and 1 x 1 convolutions to form an inverted bottleneck and
employs leaky rectified linear units (ReLU), similar to
DarkNet, along with batch normalization. Additionally, we
employ maximum pooling and concatenation layers to
construct the proposed BrainNeXt architecture.

Transformers have commonly utilized fixed-size patches
to extract image features. Building upon this attribute of
transformers, we propose an exemplary deep-FE approach.
Our model divides the input image into patches of size
32 x 32. We train the proposed BrainNeXt using the
training dataset and utilize the global average pooling
(GAP) layer of the pretrained BrainNeXt to extract features
from both patches and the entire image. Neighborhood
Component Analysis (NCA) (Goldberger et al. 2004) fea-
ture selector (FS) has been applied. The Support Vector
Machine (SVM) (Vapnik 1998) has been used and the
chosen features have been utilized as the input of the used
SVM.

In summary, this paper presents a new generation of
CNN and deep FE models. By conducting extensive
experiments and analyses, we demonstrate the classifica-
tion capability and potential applications of these proposed
models.

Innovations and contributions

Innovations

e To the best of our knowledge, our collected dataset is
the first to include images related to MS, AD, and
chronic ischemia. Hence the dataset is used for the

automated classification of MS, AD and ischemia
classes. A novel BrainNeXt model developed using
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CNN architecture. The proposed BrainNeXt achieved
high classification performance for input MRI images.
Additionally, BrainNeXt is a lightweight CNN since it
contains fewer than 10 million (about 8.9 million)
learnable parameters.

e We introduced a new generation deep FE approach. It
demonstrated a high classification performance with
linear time complexity (computationally efficient).
Also, the BrainNeXt-based deep FE approach has
improved the test classification accuracy of BrainNeXt.

Contributions

We collected the MRI dataset belonging to MS, AD, and
chronic ischemia classes. We achieved the classification
accuracy of over 90% on the collected MRI image
dataset using our proposed BrainNeXt model.

This study presents a novel lightweight DL approach
called BrainNeXt. It achieved high classification perfor-
mance with fewer learnable parameters. Additionally, we
demonstrated the explainable artificial intelligence (XAI)
capabilities of BrainNeXt by highlighting important
regions in each class to provide confidence to clinicians.
We suggested a patch-based deep FE approach called
BrainNeXt-based deep FE approach to enhance the test
classification performance of the recommended
BrainNeXt.

Dataset

The dataset used in this work was obtained retrospectively
and consists of four classes: (1 AD, (2) chronic ischemia,
(3) MS, and (4) control. Four radiologists meticulously
assessed and approved the collected images. The MRI
scans were conducted between 01/01/2016 and 31/12/2023,
with the radiologists carefully selecting the most relevant
images. The dataset comprised of T2-weighted FLAIR
images collected from 2,100 Turkish and Arabic
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participants aged between 32 and 89. This dataset includes
1269 female and 831 male MRIs collected from a medical
center. The sample collected images are shown in Fig. 1.

The attributes of this dataset have been tabulated in
Table 2.

Our proposals

In this work, we introduce BrainNeXt, a novel framework
designed to address the challenges associated with brain-
related tasks. Furthermore, we propose an innovative FE
approach, built upon the foundations of BrainNeXt. In this
section, the details of the suggested deep models have been
explained.

BrainNeXt

In this research, we introduce BrainNeXt, a novel genera-
tion convolutional neural network (CNN) specifically tai-
lored for brain-related tasks. To ensure its efficiency, we
leverage the lightweight structure of the ConvNeXtV2
model (Woo et al. 2023). Within the BrainNeXt frame-
work, we employ an inverted bottleneck design for con-
volutions, employing 7 x 7 and 1 x 1 convolutional
kernels. Additionally, maximum pooling with a filter size
of 3 x 3 and stride of 2 x 2 is utilized for compression. To
augment the number of filters, we leverage depth con-
catenation. Notably, we have made modifications to the
ConvNeXt block, resulting in the creation of our

(iii) MS

Fig. 1 Sample images used from the dataset used

customized ConNeXt block and ConvNeXt V2 block.
Figure 2 provides a visual representation of these blocks.

By using the above block (similar to ConvNeXt blocks),
we have created the presented BrainNeXt. The details of
the presented BrainNeXt are outlined in Table 3.

To better explain the proposed BrainNeXt, the graphical
explanation is given in Fig. 3.

As depicted in Fig. 3, the presented BrainNeXt model
incorporates several key components. Firstly, we employ a
ConvNeXt-like block, which exhibits similarities to the
ConvNeXt architecture. Secondly, the DarkNet activation
function, utilizing leaky ReLU, is employed to enhance the
model’s representational capabilities. Finally, the structural
elements of the swin transformer or ConvNeXt V2 tiny are
incorporated into the model’s design.

It is worth noting that the presented BrainNeXt model
possesses approximately 8.9 million trainable parameters,
rendering it a lightweight convolutional neural network
(CNN). This characteristic allows for efficient training and
inference while maintaining competitive performance.

BrainNeXt-based exemplar FE approach

To enhance the FE process, we have presented an exemplar
(fixed-size patch) model built upon the pre-trained Brain-
NeXt network. The suggested FE approach, which lever-
ages the capabilities of the presented BrainNeXt, is
illustrated in Fig. 4. The diagram provides a high-level
overview of the key components and their interactions

(iv) Healthy control

@ Springer
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Table 2 Details of the collected

dataset used No Class Number of images Number of participants

Train Test Train Test

1 AD 900 296 448 148

2 Chronic ischemia 302 84 148 43

3 MS 897 339 440 167

4 Control 1027 403 514 192

Total 3126 1122 1550 550
—196—0 _l%_D —196—D During the FEX phase, we resize the input image to a
size of 224 x 224 and create fixed-size patches with
D7x7,96 D7x7,96 D7x7,96 dimensions of 32 x 32. This process results in the creation
N LN BN of 49 patches ((%)2). We utilize the global average
pooling layer of the proposed BrainNeXt network as the
Lo s L LS S FEX, generating features from both the patches and the raw
GELU GELU+ GRN Leaky ReLU image. As a result, we obtain a total of 50 feature vectors
(49 patches + 1 raw image). Finally, these 50 feature
1x1,96 1x1,96 1x1,96 vectors are merged to create a single final feature vector.
BN The raw image (224 x 224) provides a holistic view of
A Va the entire MRI, enabling the model to capture global fea-
Tr T Tr tures, such as general structural patterns and large-scale
abnormalities. In contrast, fixed-size patches (32 x 32)
ConvNeXt ConvNeXt V2 BrainNeXt focus on localized regions of the image, allowing the

Fig. 2 Block designs of the ConvNeXt, ConvNeXt V2 and the
proposed BrainNeXt. **D7 x 7: Depthwise convolution with 7 x 7
sized kernel, LN: Layer Normalization, GELU: Gaussian Error Linear
Unit, BN: Batch Normalization, ReLLU: Rectified Linear Unit

within the FE approach, showcasing its efficacy in
extracting informative features from the data.

As depicted in Fig. 4, our suggested approach consists
of three fundamental phases: (i) exemplar deep feature
extraction (FEX), (ii) FS, and (iii) classification.

model to detect fine-grained details, such as small lesions
or subtle abnormalities that may be overlooked in the
global context. The global average pooling layer in
BrainNeXt extracts representative features from both the
patches and the raw image, processing these inputs uni-
formly to ensure consistency in FEX. Combining features
from these two perspectives (global and local) improved
the classification ability of the approach. Additionally,
using 32 x 32 patches reduces the time complexity of the
FEX process while maintaining high performance. Hence,
the patch size of 32 x 32 provided the best results.

Table 3 Details of the

BrainNeXt approach Layer Input size ~ Operation Output size
Stem 224 x 224 4 x 4, 96, stride: 4 56 x 56
Layer 1 56 x 56 [d7 x 7,96 28 x 28

1 x1,384 | x2
| 1x1,96
Layer 2 28 x 28 [d7 x 7,192 14 x 14
1x1,768 | x2
| 1x1,192 |
Layer 3 14 x 14 [d7 x 7,384 7 x7
1 x1,1536 | x6
| 1x1,384 |
Layer 4 7x7 [d7 x 7,768 7 x 7
1x1,3072 | x2
| 1x1,768 |
Output size 7 x 7 Global average pooling, fully connected layer, softmax Number of classes

Number of learnable parameters

8.9 Millions

@ Springer
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Fig. 3 Graphical overview of Overview of the BrainNeXt

the presented BrainNeXt
Images ”
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Fig. 4 Schematic depiction of
the proposed BrainNeXt-based Images
FE architecture. **fp: fixed-size

patch, f: feature vector, CI:
chronic ischemia
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To select the most informative features from the gen-
erated feature vector, we employ NCA (Goldberger et al.
2004). NCA utilizes a distance metric, such as L1-norm/
Manhattan distance, to compute the weights of the features.
It employs an optimizer, such as stochastic gradient descent
(SGD), and generates non-negative features. NCA can be
viewed as a FS variant of the k-nearest neighbors (kNN)
(Peterson 2009) and is known to enhance the classification
capabilities of the classifiers. Given its effectiveness, NCA
is a widely recognized and popular FS within the field of
FE.

To perform the classification task, we apply SVM
(Vapnik 1998) to the selected features obtained from NCA.
The following steps outline the methodology employed in
this approach.

Step 1: Resize the image to 224 x 224.

Step 2: Apply patch division operator and create 49
patches and the size of each patch is 32 x 32.

ol i, jj, k) = Im(i +ii — 1,j 4 jj — 1,k),
i€{1,33,65...,193},k € {1,2,3}

j€{1,33,65...,193},ii € {1,2,...,32},jj
€{1,2,...,32},h e {1,2,...,49}

(1)

Herein, fp defines fixed-size patch and Im is image. The
above equation mathematically defines the patch division
process.

Step 3: Extract features by using global average pooling
layer of the trained BrainNeXt.

Jv1 = BrainNeXt(Im, GAP) (2)
fons1 = BrainNeXt(fp", GAP) (3)

where fv defines the feature vector and the proposed
BrainNeXt defines as a function. The parameters of the
BrainNeXt(., .) function is the used input and the used layer
for FEX. In this step, 50 feature vectors have been created.
As can be noted in Table 2, the length of each feature
vector is 768.

Step 4: Construct final feature vector by merging the
generated 50 feature vector.

F(g+768 x (t— 1)) = fu(q),t € {1,2,...,50},q
€ {1,2,...,768} (4)

Herein, F' is the feature vector with a length of 38,400
(=768 x 50).

Step 5: 1dentify the most informative 100 features out of
the generated 38,400 features.

index = NCA(F,y) (5)
s(w,r) = F(w,index(r)),w € {1,2,...,n},r
€ {12,...,100} (6)

@ Springer

where s defines the selected feature vector, NCA(.,.)
implies the NCA FS, index represented the qualified
indexes of the features by generating NCA, y is actual
output and n defines the number of the observation (MRIs).

Step 6: Classify the selected features by deploying
SVM.

The given six steps above have been defined the sug-
gested FE approach.

Experimental results

In this research, we have presented two image classification
models: the presented BrainNeXt model and the Brain-
NeXt-based FE approach. To implement these models, we
utilized the MATLAB programming environment, specif-
ically leveraging the MATLAB deep network designer
tool. Below, we provide the details of the parameters
employed in these proposed models.

To obtain classification results, we trained the Brain-
NeXt model using the designated train dataset. The training
process involved the utilization of parameters outlined in
Table 4. Throughout the training phase, we monitored and
recorded the performance metrics on both the training and
validation datasets. The graphical representations of these
results have been observed in Fig. 5, providing valuable
insights into the approach’s progress and performance.

The final validation accuracy for the trained BrainNeXt
model was computed as 91.35%. We proceeded to evaluate
its performance on the test dataset. Additionally, we
employed the proposed BrainNeXt-based approach on the
test images during the second phase of evaluation. To
assess the quality of the test results, we employed various
metrics, including classification accuracy, precision, recall,
and Fl-score. These metrics were computed by extracting
the confusion matrices, which provide valuable insights
into the model’s performance for each class. The confusion
matrices, highlighting the distribution of predictions and
ground truth labels, are illustrated in Fig. 6.

Per the Fig. 6, the computed evaluation metrics have
been summarized in Table 5.

Table 5 presents the comprehensive class-wise and
overall results of both proposed models. The presented
BrainNeXt achieved a commendable test accuracy of
94.21%, while the exemplar FE approach attained an
impressive test accuracy of 99.73%. These outcomes
unequivocally demonstrate the effectiveness of our sug-
gested BrainNeXt approach for MRI classification, show-
casing the utility of patch-based transfer learning.

Furthermore, we computed the total number of learnable
parameters in the proposed BrainNeXt approach, which
amounts to 8.9 million. This result underscores the
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Table 4 Hyperparameters used for the proposed models

Model Parameters Value
BrainNeXt Split ratio Training: 70%, validation: 30%
Solver SGDM
Validation 50
Frequency
Epoch 30
Mini Batch Size 32
L2 10
Regularization
Momentum 0.1
Initial learning  0.01
rate
BrainNeXt- Size of the 32 x 32
based FE patch
FEX function Global average pooling layer
FEX 50 feature vectors (the length of each feature vector is 768) are extracted by deploying the global average
pooling layer, patches and the MRI
Feature merging The length of the final feature vector is 38,400
FS The most informative 100 features are selected
Classification SVM: Kernel function: Cubic, C value (box constraint level): 1, coding: One-vs-all, validation: tenfold
cross-validation (CV)

100 architecture, we have developed the BrainNeXt model to
90l enhance the classification performance in this research. To
0l provide further insights into the model’s classification
ol efficacy, we incorporated an explainable method known as

Accuracy (%)
3

30

20r —Training
10 F — Validation

0 . . , . . . , . . )
0 3 6 9 12 15 18 21 24 27 30

Epoch

Fig. 5 Training and validation curves obtained for the suggested
approach

lightweight nature of the model, affirming its status as a
compact CNN.

Discussions

In our approach, we collected a novel MRI dataset com-
prising four categories. The purpose of collecting this
dataset was to augment the exposure and comprehensive-
ness of our suggested approach. Inspired by the ConvNeXt

a gradient-weighted class activation map (Grad-CAM). By
deploying Grad-CAM, we generated heat maps for a
selection of sample images, illustrating the regions of
interest and highlighting the model’s attention. These
informative heat map images have been illustrated in
Fig. 7, enabling a deeper understanding of the BrainNeXt
model’s classification capabilities using an explainable
method.

Figure 7 showcased the ability of the presented Brain-
NeXt to focus on distinct regions of interest (ROI) for each
class. Notably, the proposed BrainNeXt model accurately
identifies and emphasizes abnormal areas in the case of
disorders while emphasizing corner regions to extract dis-
tinguishing features from healthy MRIs. These inter-
pretable findings, as showcased in Fig. 6, served as the
foundation for our proposal of a patch-based FE approach.
By extracting informative features from the patches, we
successfully developed a patch-based deep FE approach,
which exhibits a test accuracy that surpasses BrainNeXt by
5.52% (99.73%—94.21%).

The results obtained using XAI are given below:

@ Springer
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1 10 11
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(a) BrainNeXt

o 2 1 83
)

©
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2
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4
1 2 3 4

Predicted Class

(b) BrainNeXt-based FE

Fig. 6 Confusion matrices obtained for the two models. **AD, 2: Chronic ischemia, 3: MS, 4: Control

Table 5 Results (%) of the

suggested deep models for the Model Class Accuracy Precision Recall F1-score
test dataset BrainNeXt AD - 94.83 92.91 93.86
CI - 83.54 78.57 80.98
MS - 94.08 93.81 93.94
Control - 95.90 98.76 97.91
Overall 94.21 92.09 91.01 91.52
BrainNeXt-based FE AD - 99 100 99.50
CI - 100 98.81 99.40
MS - 100 99.41 99.70
Control - 100 100 100
Overall 99.73 99.75 99.55 99.65

e Figure 7c indicates the ability of our model to focus on
regions related to AD pathology, such as cortical
atrophy and ventricular enlargement.

e Figure 7d highlights ischemic lesions and regions of
reduced perfusion.

e Figure 7g demonstrates white matter lesions of MS
cases, particularly in periventricular regions.

e Figure 7h shows the corners (black areas) and high-
lights the absence of abnormalities.

In our deep FE approach, we selected the most infor-
mative 100 features out of the initially generated 38,400
features. To accomplish this, we employed iterative NCA
on the generated feature set. The range of iteration was
defined to include 100-1000 features, allowing for the
computation of classification accuracies for the selected
901 feature vectors. These comprehensive results, delin-
eating the classification performance across different fea-
ture vector sizes, are presented in Fig. 8.

@ Springer

In Fig. 8, we present the classification accuracies
obtained through the utilization of an SVM classifier with
tenfold CV on the test image dataset. It is evident from
Fig. 8 that the highest classification accuracy was achieved
when employing the selected 100 features.

In our deep FE approach, the SVM classifier was chosen
as the primary classifier due to its exceptional performance
among the tested classifiers. Consequently, we exclusively
employed SVM as the classifier in our model. To demon-
strate the superiority of the SVM (Vapnik 1998), we
compared its classification accuracy with conventional
classifiers, including decision tree (DT) (Safavian and
Landgrebe 1991), linear discriminant (LD) (Zhao et al.
1998), efficient logistic regression (ELR) (Tsangaratos and
Ilia 2016), naive Bayes (NB) (Ng and Jordan 2002), kNN
(Maillo et al. 2017), multi-layer perceptron (MLP) (Biswas
and Mia 2015), random forest (RF) (Pal 2005), and SVM.
The classification accuracies of these classifiers are



Cognitive Neurodynamics (2025)19:53

Page 11 of 17 53

(g) Heatmaps of MS MRIs

Fig. 7 Grad-CAM results obtained for sample MRI images

illustrated in Fig. 9, providing a comprehensive overview
of their relative performance.

As illustrated in Fig. 9, among the eight tested classi-
fiers, the SVM classifier exhibits the highest accuracy,
achieving an impressive 99.73% accuracy. The kNN clas-
sifier follows closely as the second-best performer, with an
accuracy of 99.38%.

We have compared the performance of our approach
with other deep-learning models such as (1) DenseNet201
(Huang et al. 2017), (2) ResNet50 (He et al. 2016), (3)
MobileNetV2 (Sandler et al. 2018), (4) DarkNet53 (Red-
mon and Farhadi 2017), (5) ShuffleNet, (Zhang et al. 2018)
(6) NasNetMobile (Zoph et al. 2018), (7) InceptionV3
(Szegedy et al. 2016), (8) InceptionResNetV2 (Szegedy
et al. 2017), (9) GoogLeNet (Szegedy et al. 2013), (10)

(h) Heatmaps of healthy MRIs

AlexNet (Krizhevsky et al. 2012), (11) VGG19 (Simonyan
and Zisserman 2014), and (12) SqueezeNet (Iandola et al.
2016). We employed these networks to create a FE
approach to select the most informative 100 features. The
obtained test accuracies are depicted in Fig. 10, high-
lighting the superior performance of our proposed Brain-
NeXt (13th CNN in Fig. 10).

We compared our proposed BrainNeXt model with 12
other CNN-based models. As shown in Fig. 10, the Den-
seNet201-based exemplar deep FEX model achieved an
accuracy of 98.22%, making it the second highest-per-
forming network in Fig. 10. However, our proposed
BrainNeXt-based model obtained the highest classification
accuracy of 99.73%. Furthermore, we extended our eval-
uation by comparing the results of our proposed

@ Springer
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Fig. 8 Classification accuracies 1r
of the selected feature vectors
with various sizes
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Fig. 9 Comparisons of accuracies obtained by various classifiers

BrainNeXt-based model with other state-of-the-art models.
The comparative outcomes are tabulated in Table 6,
offering a concise summary of the performance compar-
ison between our model and the leading models in
biomedical image classification.

As shown in Table 6, most of the studies are focused on
DL. These methods have high computational complexity,
but they achieve high classification success (Marwa et al.
2023). In our study, FEX is achieved by using our archi-
tecture. In this way, a lightweight approach has been
obtained compared to the literature. Literature studies
generally focus on disease level (Balasundaram et al. 2023)

@ Springer

300 400 500 600 700 800 900
Number of features

0.995
0.99

0.985

<
©
®©

Accuracy
o
©
~
(9]

0.97

0.965

0.96

0.955 . . . . . . . . . . . )
5 6 7 8

Deep Network

Fig. 10 Classification accuracies for various deep networks

or disease detection (binary classification) (Acar et al.
2022). In our paper, a new multi-class dataset was collected
and classified. Garcia’s approach (Payares-Garcia et al.
2023) is similar to our study in terms of the dataset.
However, some neurodegenerative diseases (Alzheimer,
Mild cognitive impairment, PD, and MS) are considered in
their study. In our dataset, in addition to neurodegenerative
diseases (AD and MS), CI is also included and there is no
such dataset in the literature. Moreover, when the accuracy
values of the studies given in Table 6 are analyzed, our
model is prominent. The model developed in this research
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Table 6 Comparisons with other MRI classification models

Author(s) Aim/number of classes Method Validation Performance
(%)
Payares- Neurodegenerative disease detection (AD, MCI, PD, Spatially informed Bayesian neural ~ Holdout Acc. = 83.0
Garcia et al. MS, Healthy)/ Five class problem network, custom-designed CNN validation Sen. = 85.0
2023 70:15:15
( ) ( ) Spe. = 81.0
Fl1. =82.0
Tatli et al. MS disease detection (MS, myelitis, control)/ Three Neighborhood component analysis, tenfold CV Acc. =97.63
(2024) class problem CNN Pre. = 97.23
Fl.=97.23
Acar et al. MS disease detection/ Two class problem Data augmentation, Custom fivefold CV  Acc. =98.0
(2022) designed CNN Sen. = 97.9
Spe. =98.3
Pre. = 98.2
Balasundram  AD severity detection (Non-demented, Mildly Custom designed CNN Holdout Acc. = 94.10
etal. (2023)  demented, very mildly demented, Moderate validation Pre. = 95.65
demented)/ Four class problem (80:20) Rec. = 91.66
Fl. =93.61
El-Geneedy AD severity detection (Non-demented, Mildly Data augmentation, Custom Holdout Acc. = 99.68
et al. (2023) demented, very mildly demented, Moderate designed CNN validation Sen. = 100
demented)/ Four class problem (80:20) Spe. = 100
Auc. = 100
Abbas et al. AD detection/ Two class problem Jacobian map feed CNN 15-fold CV Acc. = 94.20
(2023) Sen. = 94.64
Spe. = 93.75
Auc. = 96.66
Hussain et al. AD detection/ Two class Custom designed CNN Holdout Acc. =97.75
(2020) validation Auc. = 99.21
(80:20)
Our method ~ AD, MS, CI, control detection/ Four class problem Custom-designed CNN tenfold CV Acc. =99.73
(BrainNeXt), deep FEX from Pre. = 99.75
BrainNeXt, FS with NCA and
SVM Rec. =99.55
F1. = 99.65

surpassed 99% in all metric values. These results showcase
the superiority of the suggested method.

Table 6 compares the binary and multi-class tasks. The
binary classification tasks (e.g., detecting a specific disease
or distinguishing between sick and healthy cases) are less
complex due to two classes. The multi-class tasks, such as
our 4-class classification presents additional challenges as
it involves various diseases and healthy controls. The
proposed BrainNeXt and BrainNeXt-based deep FE mod-
els perform better for 4-class task compared to the binary
classification tasks, highlighting the high classification
capabilities of the proposed models.

BrainNeXt has the ability to extract clinically significant
features using the modified ConvNeXt structure and inter-
layer concatenation functionality.

In the BrainNeXt-based deep FE approach, the proposed
BrainNeXt architecture, combined with patch-based
(transformer-like) FE, is able to extract discriminative
features across all classes. The inclusion of chronic
ischemia with neurodegenerative diseases (AD and MS)
provides a dataset that is more representative of real-world
scenarios. Advanced FS techniques, such as NCA assists in
the extraction of salient features and boost the classification
performance. Additionally, the recommended model was
compared to the base version of ConvNeXt, and the test
classification accuracies of these models are shown in
Fig. 11.

Figure 11 indicates that BrainNeXt achieved higher test
classification performance than ConvNeXt due to the use
of concatenation and leaky ReLU functions.

@ Springer



53 Page 14 of 17

Cognitive Neurodynamics (2025)19:53

The obtained/calculated results highlight the superior
classification performance of our proposed approach
compared to other state-of-the-art models.

Key points of our research are outlined below:

e We acquired a new MRI dataset encompassing AD,
chronic ischemia, MS, and control cases. We have
made this dataset publicly available, aiming to con-
tribute to the field of biomedical image classification.

e A lightweight CNN model, BrainNeXt, was introduced,
boasting a mere 8.9 million trainable parameters.

e Inspiring the advantages of ConvNeXt and vision
transformers (ViT), we proposed both the BrainNeXt
model and an exemplar deep FE approach.

e Our proposed models achieved high test accuracies of
94.21% and 99.73%, respectively.

e Notably, we did not rely on any fine-tuning operations
to attain these high classification performances.

e The presented BrainNeXt model exhibited the lowest
accuracy for the chronic ischemia class, likely due to
the limited availability of MRI samples for this class.
Conversely, the control class yielded the highest
accuracy, likely due to its larger sample size.

Demerits:

e The potential to test the proposed BrainNeXt model on
larger and more diverse MRI datasets to further validate
its performance.

e The possibility of exploring different versions of the
BrainNeXt model, such as nano, femto, tiny, base, and
large, to assess their respective capabilities and
scalability.

94571

94.21 ¢

94.03 1

93.5¢

Test Accuracy (%)

93 ' ;
ConvNeXt BrainNeXt

CNN

Fig. 11 Test classification accuracies obtained for ConvNeXt and
BrainNeXt models using the collected dataset
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Future works:

e We intend to test our developed model by collecting
more diverse images belonging to various races and
severity of classes.

e Various versions (Nano to large) of the proposed
BrainNeXt model can be developed for different
applications.

e We may have to modify the proposed model using
patches to detect classes with unclear or overlapping
Ssymptoms.

e A novel XAI interface can be employed to assist
clinicians in confirming their findings.

e Our developed BrainNeXt model can be used to as a
next-generation intelligent radiologist assistant for
clinicians.

Conclusions

Our research has demonstrated the superiority of our pro-
posed approach in achieving high-performance classifica-
tion results for MRI image analysis. Through the
development of the BrainNeXt model, we have introduced
a lightweight CNN architecture with a compact parameter
count of only 8.9 million. This innovative model capital-
izes on the strengths of ConvNeXt and ViT, enabling
efficient and effective FEX for accurate classification.

Our presented BrainNeXt reached 94.21% test accuracy
and our BrainNeXt-based deep FE approach yielded
99.73% on the test dataset. The computed experimental
result underscored the high classification performance of
the presented BrainNeXt. Especially, these outstanding
results were obtained without applying fine-tuning opera-
tions to underscore the high MRI classification capability
of our proposed models.

Our proposals have contributed to the advancement of
biomedical image classification and serve as a foundation
for future investigations in this domain since we designed a
new network by using the structure of the CNNs for the
2020s.

For future research, expanding the evaluation of the
BrainNeXt model on larger and more diverse MRI datasets
will enable us to assess its performance robustness and
generalization capabilities. Additionally, exploring various
versions of the BrainNeXt model, including nano, femto,
tiny, base, and large variants, can further elucidate the
model’s scalability and potential for broader application
domains. Moreover, patch-based models like transformers
and ConvMixer can be proposed to increase validation
scores.



Cognitive Neurodynamics (2025)19:53

Page 15 of 17 53

Acknowledgements We gratefully acknowledge the Ethics Commit-
tee, Firat University data transcription.

Funding Open access funding provided by the Scientific and Tech-
nological Research Council of Tiirkiye (TUBITAK). This research
received no external funding.

Data availability statement The data presented in this study are
available on request from the corresponding author. The data are not
publicly available due to restrictions regarding the Ethical Committee
Institution.

Declarations

Conflict of interest The authors declare no conflict of interest.

Institutional review board statement The study was approved by the
local ethical committee, Ethics Committee of Firat University (2023/
08-03).

Informed consent statement Informed consent was obtained from all
subjects involved in the study.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

References

Abbas SQ, Chi L, Chen Y-PP (2023) Transformed domain convo-
lutional neural network for alzheimer’s disease diagnosis using
structural. MRI Pattern Recogn 133:109031

Acar ZY, Bagciftci F, Ekmekci AH (2022) A convolutional neural
network model for identifying multiple sclerosis on brain FLAIR
MRI. Sustain Comput Inf Syst 35:100706

Alsharabi N, Shahwar T, Rehman AU, Alharbi Y (2023) Implement-
ing magnetic resonance imaging brain disorder classification via
AlexNet—quantum learning. Mathematics 11:376

Amooei E, Sharifi A, Manthouri M (2023) Early diagnosis of
neurodegenerative diseases using CNN-LSTM and wavelet
transform. J Healthc Inform Res 7:104-124

Balasundaram A, Srinivasan S, Prasad A, Malik J, Kumar A (2023)
Hippocampus segmentation-based alzheimer’s disease diagnosis
and classification of MRI images. Arab J Sci Eng 48:1-17

Biswas SK, Mia MMA (2015) Image reconstruction using multi layer
perceptron (mlp) and support vector machine (svm) classifier and
study of classification accuracy. Int J Sci Technol Res 4

Bruner E, Battaglia-Mayer A, Caminiti R (2023) The parietal lobe
evolution and the emergence of material culture in the human
genus. Brain Struct Funct 228:145-167

Celard P, Iglesias EL, Sorribes-Fdez JM, Romero R, Vieira AS,
Borrajo L (2023) A survey on deep learning applied to medical

images: from simple artificial neural networks to generative
models. Neural Comput Appl 35:2291-2323

Chakraborty S, Mali K (2023) An overview of biomedical image
analysis from the deep learning perspective. In: Research
anthology on improving medical imaging techniques for analysis
and intervention, pp 43-59

Das SK, Chauhan NR, Mehto S (2023) Hypoxia responsive nanoma-
terials for cerebral ischemia diagnosis. In: Smart nanomaterials
targeting pathological hypoxia. Springer, pp 207-241

Dogan S et al (2023) Primate brain pattern-based automated
Alzheimer’s disease detection model using EEG signals. Cogn
Neurodyn 17:647-659

Dong M et al (2012) Tempo-spatial analysis of vision-related
acupoint specificity in the occipital lobe using fMRI: an ICA
study. Brain Res 1436:34—42

Emard J-F, Thouez J-P, Gauvreau D (1995) Neurodegenerative
diseases and risk factors: a literature review. Soc Sci Med
40:847-858

Faisal MAA et al (2023) NDDNet: a deep learning model for
predicting neurodegenerative diseases from gait pattern. Appl
Intell 53:1-13

Garman RH (2011) Histology of the central nervous system. Toxicol
Pathol 39:22-35

Goldberger J, Hinton GE, Roweis S, Salakhutdinov RR (2004)
Neighbourhood components analysis. Adv Neural Inf Process
Syst 17:513-520

He K, Zhang X, Ren S, Sun J (2016) Deep residual learning for image
recognition. In: Proceedings of the IEEE conference on
computer vision and pattern recognition, pp 770-778

Huang G, Liu Z, Van Der Maaten L, Weinberger KQ (2017) Densely
connected convolutional networks. In: Proceedings of the IEEE
conference on computer vision and pattern recognition,
pp 4700-4708

Hussain E, Hasan M, Hassan SZ, Azmi TH, Rahman MA, Parvez MZ
(2020) Deep learning based binary classification for alzheimer’s
disease detection using brain mri images. IEEE, pp 1115-1120

Tandola FN, Han S, Moskewicz MW, Ashraf K, Dally WJ, Keutzer K
(2016) SqueezeNet: AlexNet-level accuracy with 50x fewer
parameters and< 0.5 MB model size. arXiv:160207360

Kaplan E, Dogan S, Tuncer T, Baygin M, Altunisik E (2021) Feed-
forward LPQNet based automatic alzheimer’s disease detection
model. Comput Biol Med 137:104828

Kaplan E et al (2023) ExHiF: Alzheimer’s disease detection using
exemplar histogram-based features with CT and MR images.
Med Eng Phys 115:103971

Krizhevsky A, Sutskever I, Hinton GE (2012) Imagenet classification
with deep convolutional neural networks. Adv Neural Inf
Process Syst 25:1097-1105

Levitan IB, Kaczmarek LK (2002) The neuron: cell and molecular
biology. Oxford University Press, New York

Liu Z, Mao H, Wu C-Y, Feichtenhofer C, Darrell T, Xie S (2022) A
convnet for the 2020s, pp 11976-11986

Lu Y-C et al (2022) Maternal psychological distress during the
COVID-19 pandemic and structural changes of the human fetal
brain. Commun Med 2:47

Maillo J, Ramirez S, Triguero I, Herrera F (2017) kNN-IS: an
iterative spark-based design of the k-nearest neighbors classifier
for big data. Knowl Based Syst 117:3-15

Majhi S, Bera BK, Ghosh D, Perc M (2019) Chimera states in
neuronal networks: a review. Phys Life Rev 28:100-121

Marwa ELG, Moustafa HED, Khalifa F, Khater H, AbdElhalim E
(2023) An MRI-based deep learning approach for accurate
detection of Alzheimer’s disease. Alexand Eng J 63:211-221

Murugan S, Venkatesan C, Sumithra MG, Gao X-Z, Elakkiya B,
Akila M, Manoharan S (2021) DEMNET: a deep learning model

@ Springer


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

53 Page 16 of 17

Cognitive Neurodynamics (2025)19:53

for early diagnosis of Alzheimer diseases and dementia from MR
images. IEEE Access 9:90319-90329

Németh H, Toldi J, Vécsei L (2006) Kynurenines, Parkinson’s disease
and other neurodegenerative disorders: preclinical and clinical
studies. In: Parkinson’s disease and related disorders,
pp 285-304

Ng AY, Jordan MI (2002) On discriminative vs. generative classifiers:
A comparison of logistic regression and naive bayes. In:
Advances in neural information processing system, pp 841-848

Pal M (2005) Random forest classifier for remote sensing classifica-
tion. Int J Remote Sens 26:217-222

Pandian A, Udhayakumar G (2023) Improved multiple sclerosis
diagnosis with advanced deep learning techniques. Int J Imaging
Syst Technol 33:2128-2141

Paulsen JS et al (2013) A review of quality of life after predictive
testing for and earlier identification of neurodegenerative
diseases. Prog Neurobiol 110:2-28

Payares-Garcia D, Mateu J, Schick W (2023) Spatially informed
Bayesian neural network for neurodegenerative diseases classi-
fication. Stat Med 42:105-121

Peterson LE (2009) K-nearest neighbor. Scholarpedia 4:1883

Petryniski W, Staszkiewicz R, Szyndera M, Salwin D (2023) Time in
physics and the human mind: a system-theoretical approach.
J Biosens Bioelectron Res 106(1):2-7

Redmon J, Farhadi A (2017) YOLO9000: better, faster, stronger. In:
Proceedings of the IEEE conference on computer vision and
pattern recognition, pp 7263-7271

Safavian SR, Landgrebe D (1991) A survey of decision tree classifier
methodology. IEEE Trans Syst Man Cybern 21:660-674

Sandler M, Howard A, Zhu M, Zhmoginov A, Chen L-C (2018)
Mobilenetv2: inverted residuals and linear bottlenecks. In:
Proceedings of the IEEE conference on computer vision and
pattern recognition, pp 4510-4520

Saqib M, Iftikhar M, Neha F, Karishma F, Mumtaz H (2023) Artificial
intelligence in critical illness and its impact on patient care: a
comprehensive review. Front Med 10:1176192

Simonyan K, Zisserman A (2014) Very deep convolutional networks
for large-scale image recognition. arXiv:14091556

Singh A, Kukal S, Kanojia N, Singh M, Saso L, Kukreti S, Kukreti R
(2023) Lipid mediated brain disorders: a perspective. Prosta-
glandins Other Lipid Mediat 167:106737

Szegedy C, Zaremba W, Sutskever I, Bruna J, Erhan D, Goodfellow I,
Fergus R (2013) Intriguing properties of neural networks.
arXiv:13126199

Szegedy C, Vanhoucke V, loffe S, Shlens J, Wojna Z (2016)
Rethinking the inception architecture for computer vision. In:
Proceedings of the IEEE conference on computer vision and
pattern recognition, pp 2818-2826

@ Springer

Szegedy C, loffe S, Vanhoucke V, Alemi A (2017) Inception-v4,
inception-resnet and the impact of residual connections on
learning. In: Proceedings of the AAAI conference on artificial
intelligence, vol 1

Tan D, Nijholt A (2010) Brain-computer interfaces and human-
computer interaction. Springer

Tatli S et al (2024) Transfer-transfer model with MSNet: An
automated accurate multiple sclerosis and myelitis detection
system. Expert Syst Appl 236:121314

Thalbourne MA, Crawley SE, Houran J (2003) Temporal lobe lability
in the highly transliminal mind. Personality Individ Differ
35:1965-1974

Tsangaratos P, Ilia I (2016) Comparison of a logistic regression and
Naive Bayes classifier in landslide susceptibility assessments:
The influence of models complexity and training dataset size.
CATENA 145:164-179

Vapnik V (1998) The support vector method of function estimation.
In: Nonlinear modeling. Springer, pp 55-85

Ventura-Campos N, Ferrando Esteve L, Mir6-Padilla A, Avila C
(2022) Brain-anatomy differences in the commission of reversal
errors during algebraic word problem solving mind. Brain Educ
16:318-327

Walter K (2022) What is acute ischemic stroke? JAMA 327:885-885

Welsh MD (2001) Measurement of quality of life in neurodegener-
ative disorders. Curr Neurol Neurosci Rep 1:346-349

Woo S, Debnath S, Hu R, Chen X, Liu Z, Kweon IS, Xie S (2023)
Convnext v2: co-designing and scaling convnets with masked
autoencoders, pp 16133-16142

Zhang X, Zhou X, Lin M, Sun J (2018) Shufflenet: An extremely
efficient convolutional neural network for mobile devices. In:
Proceedings of the IEEE conference on computer vision and
pattern recognition. pp 6848-6856

Zhang G-L, Zhu Z-H, Wang Y-Z (2019) Neural stem cell transplan-
tation therapy for brain ischemic stroke: review and perspectives.
World J Stem Cells 11:817

Zhao W, Chellappa R, Nandhakumar N (1998) Empirical perfor-
mance analysis of linear discriminant classifiers. In: Proceedings.
1998 IEEE computer society conference on computer vision and
pattern recognition (Cat. No. 98CB36231). IEEE, pp 164-169

Zoph B, Vasudevan V, Shlens J, Le QV (2018) Learning transferable
architectures for scalable image recognition. In: Proceedings of
the IEEE conference on computer vision and pattern recognition,
pp 8697-8710

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.



Cognitive Neurodynamics (2025)19:53

Page 17 of 17 53

Authors and Affiliations

Melahat Poyraz' - Ahmet Kursad Poyraz” - Yusuf Dogan? -

Prabal Datta Barua® - Mehmet Baygin® - Sengul Dogan’
Rajendra Acharya®

P Sengul Dogan
sdogan@firat.edu.tr

Melahat Poyraz
m.erdogan0101 @hotmail.com

Ahmet Kursad Poyraz
akpoyraz @firat.edu.tr

Yusuf Dogan
yusufdogan9321@gmail.com

Selva Gunes
sgunes @firat.edu.tr

Hasan S. Mir
hmir@aus.edu

Jose Kunnel Paul
josekpaul87@yahoo.in
Prabal Datta Barua
Prabal.Barua@usq.edu.au

Mehmet Baygin
mehmet.baygin@erzurum.edu.tr

Turker Tuncer
turkertuncer @firat.edu.tr

Filippo Molinari
filippo.molinari @polito.it

Selva Gunes? + Hasan S. Mir® - Jose Kunnel Paul® -
- Turker Tuncer’ - Filippo Molinari® -

Rajendra Acharya
Rajendra.Acharya@usq.edu.au

Department of Radiology, Elazig Fethi Sekin City Hospital,
Elazig, Turkey

Department of Radiology, School of Medicine, Firat
University, 23119 Elazig, Turkey

Department of Electrical Engineering, American University
of Sharjah, Sharjah, UAE

Department of Neurology, Government Medical College,
Thiruvananthapuram, Kerala, India

School of Business (Information System), University of
Southern Queensland, Springfield, Australia

Department of Computer Engineering, Engineering Faculty,
Erzurum Technical University, Erzurum, Turkey

Department of Digital Forensics Engineering, Technology
Faculty, Firat University, Elazig, Turkey

Department of Electronics and Telecommunications,
Politecnico Di Torino, Turin, Italy

School of Mathematics, Physics and Computing, University
of Southern Queensland, Springfield, Australia

@ Springer


http://orcid.org/0000-0001-9677-5684

	BrainNeXt: novel lightweight CNN model for the automated detection of brain disorders using MRI images
	Abstract
	Introduction
	Literature review
	Motivations and our models
	Innovations and contributions
	Innovations
	Contributions


	Dataset
	Our proposals
	BrainNeXt
	BrainNeXt-based exemplar FE approach

	Experimental results
	Discussions
	Conclusions
	Data availability statement
	References


