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Abstract: Neurological and behavioral symptoms arising from medical conditions can significantly impact
daily life due to their influence on brain structure and function. Early and accurate detection of these
conditions is crucial, prompting significant interest in the application of computer-aided algorithms for
diagnosis. Recent advancements in artificial intelligence (Al), particularly deep learning, offer novel
solutions. Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) are being
explored for their potential to analyze medical imaging data, such as Magnetic Resonance Imaging (MRI)
scans, in the identification of these conditions. Deep learning algorithms demonstrate promising results with
high accuracy. The accuracy rates for certain architectures, such as 18-layer CNN models, have been reported
to exceed 98% in studies utilizing the powerful computer systems equipped with CUDA-enabled GPUs and
large data sets of MRI scans from initiatives like Alzheimer’ s Disease Neuroimaging Initiative (ADNI).
These results indicate that deep learning-based methods have the potential to improve and expedite medical
diagnoses, paving the way for advancements in patient care.

Index Terms — Deep Learning, Machine Learning, ADNI, MRI, Alzheimer’s, CNN, Review

|. INTRODUCTION

As we age, our bodies undergo a universal biological process that leads to a decline in physiological
function across different organ systems, including the central nervous system (CNS). This decline in cognitive
abilities often speeds up after the age of 60. While some degree of age-related cognitive decline is normal, a
portion of the population experiences a more pronounced decline that can develop into neurological disorders.
These disorders, such as Alzheimer’ s disease (AD), ataxia, Bell” s palsy, and brain tumors, can be highly
debilitating and even life-threatening. A recent study published in “Lancet Neurology” estimated that nearly
47 million people globally, primarily in mid-to-late life, are affected by such neurological disorders,
significantly impacting their daily function and healthcare resource utilization.

Given the vast spectrum of neurological disorders, this study focuses on AD and dementia due to their
prevalence and significant healthcare burden. AD is a progressive neurodegenerative disorder characterized by
the accumulation of amyloid plaques and neurofibrillary tangles in the brain, leading to cognitive decline and
functional impairment. Early diagnosis of AD is crucial, as it allows for earlier intervention and potentially
better patient outcomes. The primary pathological hallmark of AD is the abnormal accumulation of proteins,
forming “plaque-tau tangles” composed of neurofibrillary tangles within the brain. While this protein
buildup is the main driver of AD and dementia, its presence allows for medical intervention through advanced
neuroimaging techniques. Early diagnosis relies on identifying the characteristic structural changes in the brain
associated with AD progression. Mild cognitive impairment (MCI) is a pre-symptomatic stage of AD, and
identifying individuals with MCI at an early stage is critical, as it offers the best window for intervention and
potentially delaying progression to a more severe stage of AD. Research suggests that MCI may or may not
progress to full-blown AD within 1.5 years of initial symptoms. Structural magnetic resonance imaging
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(sSMRI), functional magnetic resonance imaging (fMRI), and fluorodeoxyglucose positron emission
tomography (FDG-PET) are key imaging techniques used to detect functional alterations, individual
metabolism, and neuronal connectivity related to AD [12]. These advanced imaging techniques provide
valuable data for clinicians in diagnosing AD and monitoring disease progression.

Medical research has established a predictable pattern of progression for AD. This pattern, utilizing a
patient’ s electronic health record (EHR) data, which comprises lab tests, vital signs, medications, and
treatment history, is a valuable and effective method for assessing the accuracy of the individual’ s risk for
AD dementia. The widespread adoption of EHRs and readily available computing power have paved the way
for utilizing artificial intelligence (Al), including machine learning (ML) and deep learning (DL) algorithms,
for analyzing vast amounts of data. This approach helps reduce human error in identifying patterns and
improves early detection accuracy. This study will explore the application of Al-based techniques, particularly
ML and DL algorithms, for early AD detection and prediction of disease progression. We will examine the use
of predictive modeling techniques in ML, such as decision trees, support vector machines (SVM), and k-means
clustering, which leverage statistical data for risk assessment. Additionally, we will investigate the role of DL
in leveraging high-computational resources for analyzing medical images. Techniques like convolutional
neural networks (CNNs), recurrent neural networks (RNNs), and deep neural networks (DNNs) will be
explored in the context of AD diagnosis. Our study will conduct a comprehensive analysis of relevant research
that utilizes the techniques. The information will be sourced through extensive searches on reputable databases
such as PubMed and Google Scholar to ensure the most current and accurate data is obtained. We believe that
this research will provide valuable insights and benefit those interested in deep learning techniques for early
AD diagnosis and progression prediction.

Il. RELATED WORKS

2.1 Past Studies

Neurological disorders like Alzheimer’s Disease (AD) pose significant healthcare challenges due to
their progressive nature and increasing prevalence. Early diagnosis is crucial for timely intervention and
improved patient outcomes. This review investigates the application of advanced machine learning (ML) and
deep learning (DL) techniques for the early detection of neurological disorders, with a particular focus on AD.
Recent advancements in ML and DL offer promising avenues for developing robust models for early AD
detection. We explore “state-of-the-art” approaches that leverage diverse datasets to address the challenges
associated with this task (refer to Table 2 for a summary of these challenges).

The effectiveness of ML and DL models heavily relies on the quality and type of data used for training
and validation. This review examines studies published within the past decade, focusing on the variety of data
sources employed in these studies (detailed in Table 3). These sources can be categorized as Publicly available
open datasets: The Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset is a widely used resource due
to its comprehensive range of data modalities, including neuroimaging data and clinical information. Custom
datasets: Some studies create customized datasets through image augmentation techniques to expand the
available data and improve model generalizability. Patient-driven datasets are an important source of real-
world data that significantly enhance the clinical relevance and generalizability of the model. These datasets
are collated from various healthcare institutions and contain a wealth of information that can be used to improve
patient outcomes. By analyzing patient data in real-world settings, researchers can gain a better understanding
of the effectiveness of treatments and interventions, as well as identify new patterns and trends in patient care.
As aresult, patient-derived datasets play a crucial role in advancing healthcare research and improving patient
care. Convolutional Neural Networks (CNNs) have emerged as a prominent technique for analyzing medical
images due to their ability to extract relevant features automatically. One recent study by Mehmood et al.
(2021) [1] employed a multi-layered CNN model with custom convolutions on ADNI data. This approach
aimed to enhance the prediction accuracy of AD. The authors trained their model on a moderate-sized dataset
of 300 samples divided into four classes: AD, normal control (NC), early mild cognitive impairment (EMCI),
and late mild cognitive impairment (LMCI). The model achieved an accuracy score of approximately 80%,
demonstrating multi-layered CNNs’ potential for AD diagnosis. Other studies, such as those by Odusami et al.
(2021) [24] and Venugopalan et al. (2021) [33], explored variations of CNN architectures like 18-layered
CNNs and 3D CNNs on comparable datasets. While these studies introduced architectural novelties, a detailed
evaluation of their performance and limitations is required to assess their effectiveness. This review will delve
deeper into such comparisons and highlight areas for further research [32].
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Table 1: Reference studies

S. Reference Year Study |Evaluation| datasets Issues/
no. Challenge Future
S Perspective
1 [35] 2020 Zhang
et al. v ‘ v ‘ v ‘ v ‘
2 [30] 2020 Segato
et al. v ‘ X ‘ v ‘ X ‘
3 [23] 2020  Noor
et al. v ‘ v ‘ v ‘ v ‘
4 [19] 2022 Lima
et al. v ‘ v ‘ v ‘ v ‘
5 12] 2020 Altinka
a
e%/al. v ‘ v ‘ X ‘ X ‘
6 5] 2023 Arya
et al. v ‘ v ‘ v ‘ v ‘
7 [34] 2023 Warren
et al. v ‘ v ‘ v ‘ v ‘
7 This 2024 Sankalp
Paper
et at. v ‘ v ‘ v ‘ v ‘
Table 2: AD identification approaches studied
Feature
Categories Measures/Factors
Affecting Clinical Notes Discharge
summary
Laboratory CSF, vitals, medications,
medical history, other lab
tests. Common demographics age, gender,
education, race Genetic
APOE ¢4, family history
Neuroimaging MRI (structural, functional, unspecified),
PET (FDG, amyloid)
Cognitive assessments MMSE, ADAS-Cog, others (CDR, FAQ)

2.2 Extraction of features for Visible Anomalies

This study investigates the potential of hippocampal atrophy as a biomarker for early AD diagnosis.
According to recent research, the combination of magnetic resonance imaging (MRI) scans and powerful deep
learning algorithms shows promising results in identifying the shrinkage in the hippocampus as well as
distinguishing accurately between various stages of Alzheimer’s Disease (AD). This advanced imaging
technique has significantly impacted the early detection and motoring of AD, which can lead to more effective
treatment and management of the disease [14]. Furthermore, Hill et al. (2014) suggest MRI as the only currently
qualified biomarker for diagnosing AD and other neurological disorders [10].

When examining neurological disorders, researchers often focus on the hippocampi using various
imaging modalities like functional magnetic resonance imaging (fMRI), positron emission tomography (PET),
and standard MRI (sMRI) scans. These techniques have revealed that, in addition to dementia, reduced
fluorodeoxyglucose (F-FDG) uptake in the hippocampi and cortex is another indicator of AD [21][22][31].
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I11. BACKGROUND

3.1 Understanding Alzheimer’s Disease and Neurological Disorder

Alzheimer’s disease (AD) represents a significant global health challenge, with current estimates
exceeding 47 million cases worldwide. This neurodegenerative disorder profoundly impacts the lives of
patients and their families, causing substantial stress and disruption to daily routines. While the high prevalence
of AD is concerning, attributing it solely to medical negligence is inaccurate. Early and accurate diagnosis can
be challenging due to the often subtle and non-specific nature of AD symptoms. These can include memory
lapses, diminished focus, and difficulties with language — as highlighted by Akash Shah et al. (2020) [29].
Unlike physical ailments, these symptoms may be initially misinterpreted as a natural consequence of aging.
AD is the most common form of dementia, accounting for 60-80% of dementia cases globally in older adults
[12]. Other dementia subtypes, such as vascular dementia and Lewy body dementia, contribute a smaller but
still significant portion, with hundreds of thousands of individuals affected worldwide.

Table 3: Past studies referred to in this study

Research Studies Model Data Sets
Atif Mehmood and
colleagues (2021) The CNN of multi-layers Data sets from ADNI
Modupe Odusami and
Colleagues (2021) 18-layered CNN Data sets from ADNI
Janani Venugopalan and
Colleagues (2021) 3D CNN Data sets from ADNI
Amnaya Pradhan and
E:Z%Iia;gues DenseNet169, VGG19 Kaggle Data set
Akash Shah and colleagues
(2020) SVM Classifier based on
voting
Xboost Random forest Yearwise collected
classifier dataset
Huanhuan Ji and colleagues
(2019) ConvNet Data sets from ADNI
Firouzeh Razavi and
((:%Iegl)gues Softmax Regression Data sets from ADNI
1
Jyoti Islam and colleagues
(2018) Deep CNN Data sets from ADNI
Priyanka Thakare and
colleagues SVM Smt. Kashibai Navale
(2016)

Medical Hospital Pune

Diagnosing the specific type of dementia can be challenging, as many symptoms overlap with the
general effects of aging. Memory loss, impaired thinking and reasoning, language difficulties, poor judgment,
behavioral changes, and personality alterations are all commonly observed. The lack of readily distinguishable
symptoms between various dementia types underscores the importance of advanced computational algorithms
in modern diagnostic approaches. Researchers and medical professionals are increasingly turning to these tools
for improved early detection and differentiation of dementia subtypes.

Unfortunately, the prognosis for AD is currently limited. The disease is progressive, meaning symptoms
worsen over time. While there is no definitive cure to date, ongoing research efforts are actively exploring
potential treatment options.

3.2 Image and Dataset

This research leverages data collected by the Alzheimer’s Disease Neuroimaging Initiative (ADNI) a
public-private partnership established in 2003. Led by principal investigator Michael W. Weiner, MD, ADNI’s
primary objective was to assess the utility of serial magnetic resonance imaging (sSMRI), positron emission
tomography (PET), and other biomarkers, along with neuropsychological assessments, in studying the
progression of mild cognitive impairment (MCI) and early Alzheimer’s disease (AD) [14].

The ADNI database offers a rich resource for researchers investigating AD. Studies have primarily
focused on T1-weighted MRI (T1-MRI) and fluorodeoxyglucose (FDG)-PET images due to their distinct
properties and the extensive collection available on the ADNI platform. Detailed information regarding data
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acquisition protocols can be found in Jack et al. (2008) [14]. Data segmentation refers to the process of
classifying images into distinct labels. In the context of AD research, segmented datasets often categorize
images into four primary classes: normal control (NC), early mild cognitive impairment (EMCI), late mild
cognitive impairment (LMCI), and AD. The number of samples per class can vary significantly, ranging from
approximately 300, as ob- served in Mehmood et al. (2021) [1], to over 6,000 as reported in Pradhan et al.
(2021) [28] (refer to Table 1 for details).

Multi-atlas label propagation with expectation-maximization (MALP-EM) is a frequently em- ployed
framework for automated segmentation of brain MRI images. This approach leverages label fusion from
multiple atlases, along with label refinement techniques that incorporate the expectation-maximization (EM)
algorithm to achieve optimal results. Studies referenced in Table 1, including Ledig et al. (2015) [6],
demonstrate the effectiveness of the MALP-EM framework in achieving desired segmentation accuracy.
Notably, within the MCI class, further sub-segmentation into EMCI and LMCI categories is often performed
based on DSM-5 criteria, enhancing the dataset’s utility for detection and prediction tasks.

Table 4: Visualizing dataset

Research Studies Model Total NC EMCILMCI AD
samples

Atif Mehmood

and colleagues The CNN of multi- 300 85 70 70 75

(2021) layers

Modupe Odusami and

Colleagues (2021) 18-layered CNN 138 25 25 25 25

Janani Venugopalan

and 3D CNN 503 132 104 266

Colleagues (2021)

Amnaya Pradhan

and DenseNet169, 6000
Colleagues (2021) VGG19

Akash Shah and

colleagues (2020) SVM Classifier

based

Xboost Random

forest classifier 437 72 14
Huanhuan Ji
and colleagues ConvNet 615 182 254 179
(2019)
Firouzeh Razavi and
colleagues (2019) Softmax Regression 99 52 43 56 51
Jyoti Islam and
colleagues (2018) Deep CNN 416 73 75 62 33
Priyanka Thakare
an SVM 988 400 661 169

colleagues (2016)

1V. DEEP LEARNING METHODOLOGIES IN STUDY

4.1 Data Pre-Processing

Pre-processing of medical images is a crucial initial step in machine learning (ML) and deep learn- ing
(DL) pipelines for computer-aided diagnosis (CAD) of Alzheimer’s disease (AD). Tools like Roboflow and
zxtools streamline this process. A common pre-processing technigue involves image resampling to a resolution
compatible with the chosen model. Square-shaped samples with sizes ranging from 221x221 to 416x416 pixels
are frequently used. Padding of 1-2 pixels is applied to maximize feature extraction during the convolution
process, often employing a 3x3 kernel filter [7]. For paired datasets containing both MRI and PET scans, rigid
registration aligns each PET image to its corresponding MR image within the ADNI database [37].

Selecting a region of interest (ROI) is crucial for feeding relevant information to the models. The
hippocampus is a particularly important ROI due to its well-established role in AD diagnosis [15]. However,
computational limitations may necessitate image cropping to reduce image size. Recent studies have explored
using a larger 5x5 kernel size to compensate for this downscaling. In datasets with pre-segmented ROIs, such
as the hippocampus region, the ROI coordinates are readily available. For paired MRI-PET datasets, a random
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sample of the initial MR image serves as a template for affine registration [13]. This process calculates center
points across all MR images, generating an affine matrix for each image to define the central region. This
approach fosters robust dataset creation suitable for various CAD algorithms.

Finally, for PET images that have been rigidly registered to their corresponding MR counter- parts for
hippocampal analysis, isotropic resampling is performed to achieve a uniform spacing of Imm.

4.2 Methodologies

Convolutional neural networks (CNNs) are a powerful type of deep learning architecture inspired by
the structure and function of the visual cortex [17]. These feedforward neural networks consist of multiple
layers of interconnected artificial neurons, enabling them to excel at processing large-scale images. Traditional
machine learning (ML) approaches often rely on handcrafted feature extraction techniques for medical image
analysis. In contrast, CNNs leverage convolutional layers to automatically learn relevant features directly from
the image data. This automated feature learning capability is a significant advantage of CNNs compared to
traditional ML methods [34][4][3].

The main component of a CNN is the convolutional layer. Convolutional filters, also called kernels,
are used on the input image to extract localized features by performing element wise multiplication and
summation. These filters are shared across different parts of the image, which helps in reducing computational
complexity and promoting parameter efficiency [25]. Pooling layers further downsize the feature maps while
preserving essential information, leading to a more robust representation of the input data. Fully connected
layers at the end of the network integrate the extracted features and perform classification or regression tasks.
Compared to other feed- forward neural networks, CNNs require a smaller number of connections and
parameters due to weight sharing within convolutional layers. This characteristic makes them computationally
more efficient and well-suited for large-scale image recognition tasks. Additionally, CNNs benefit from faster
training times due to the reduced number of parameters and efficient processing of image data. These
advantages have cemented their position as a cornerstone of modern deep-learning architectures.

4.3 Evolution Metrics and Feature Selection Techniques

The performance of machine learning models is typically evaluated using various metrics. Ac- curacy,
a common metric, reflects the proportion of correctly classified instances. Libraries like sci-kit-learn provide
tools for calculating such metrics and understanding model performance [27]. Our investigation explored
various ML algorithms, including Support Vector Machines (SVM), XGBoost, and others listed in Table 3.
These algorithms were carefully chosen based on their established performance in medical image classification
tasks. To ensure a robust evaluation, a sequential forward feature selection process was implemented using
libraries like scikit-learn and extending. This approach iteratively selects features that contribute most
significantly to model performance [9]. Additionally, 10-fold cross-validation was employed to mitigate
overfitting and provide a more reliable estimate of model generalizability [16].

The selection of the “random state” parameter is crucial during model training. This parameter controls
the random seed used for splitting data into training and validation sets. Setting the random state to 0 ensures
consistent image selection across training runs, facilitating model reproducibility [28]. While the random state
is typically set to O for consistency in traditional machine learning, CNNs often benefit from using a random
seed during training to introduce variability and potentially improve model generalizability.

Accuracy = (TP + TN)/(TP + TN + FP + FN) 1)

Avrtificial Neural Networks (ANNSs) are a class of machine learning models inspired by the structure
and function of the human brain. Similar to the biological brain, ANNSs consist of interconnected layers of
artificial neurons that process and analyze information. These networks typically comprise input, hidden, and
output layers, and their learning algorithms enable them to improve performance iteratively. Gorji et al. (2022)
[8] proposed a novel approach using pseudo- Zernike moments (PZMs) for differentiating Alzheimer’s
disease (AD) from control subjects (CN) within mild cognitive impairment (MCI) datasets. This method
leverages ANNS to achieve accurate classification.
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input layer hidden layer 1 hidden layer 2 output layer

Figure 1: artificial neural network architecture

Table 5: ML techniques and performance

Machine Learning Methods Accuracy Obtained
(%)
Voting Classifier

87.45
Decision Tree Classifier

82.86
SVM - support vector machine

82.87
XgBoost 86.02

Pattern recognition neural networks (PRNNSs) often employ a feed-forward architecture for
information processing. Additionally, learning vector quantization (LVQ) is a prominent technique for data
classification tasks in AD research [25]. Studies have reported promising results using these approaches, with
accuracies exceeding 98% achievable with deeper architectures like 18-layered CNNs [26]. A significant
advantage of deep learning models lies in their ability to learn hierarchical feature representations. Lower
layers within the network typically capture low-level image features, while higher layers progressively extract
more complex and abstract representations [36]. This hierarchical learning capability is particularly valuable
for analyzing medical images, where subtle features can hold significant diagnostic potential.

Stacked autoencoders (SAEs) represent another type of deep learning architecture that can be
employed for feature extraction in neuroimaging analysis. SAEs are known for their ability to learn latent
representations of data, uncovering hidden patterns within the original neuroimaging and biological features
[11]. The dataset utilized in our research originated from the ADNI database. It comprised baseline magnetic
resonance imaging (MRI) scans, along with 18F-fluorodeoxyglucose (FDG) PET images, providing valuable
biological information.

4.4 Recurrent Neural Network for AD

Recurrent neural networks (RNNs) have emerged as a promising tool for modeling the progressive
nature of Alzheimer’s disease (AD). Unlike traditional feed-forward networks, RNNs can capture temporal
dependencies within data sequences, making them well-suited for analyzing longitudinal medical records. Li
et al. (2019) proposed a prognostic model for early-stage MCI and AD prediction. Their approach utilized a
Long Short-Term Memory (LSTM) autoencoder to generate deep MRI image representations [20]. These
representations, along with hand-crafted features such as hippocampal volume and demographic data, were
fed into a regression model (“Cog regression model”) to predict clinical scores for early AD detection. This
method offers a valuable tool for clinicians by automating the prediction process and reducing human effort.

Fouladvand et al. (2008) also demonstrated the effectiveness of LSTMs for analyzing MRI data in the
context of AD diagnosis [33]. However, their study highlighted the limitations associated with incomplete or
unprocessed data, emphasizing the importance of robust data pre-processing pipelines. Building upon these
prior works, Lee et al. (2019) introduced the concept of a Multimodal Recurrent Neural Network (MRNN)
for predicting MCI-to-AD conversion [18]. MRNNSs represent a variant of RNNs specifically designed to
handle multimodal data. This approach integrates information from diverse sources, including demographics,
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neural imaging phenotypes, cognitive performance, and cerebrospinal fluid (CSF) measurements, all of which
are considered relevant for AD progression modeling. The proposed MRNN architecture utilizes a Gated
Recur- rent Unit (GRU) to process the time-series data from each modality. The individual outputs are then
concatenated and fed into a final layer for prediction. This approach leverages the inherent temporal
information within the data alongside the rich variety of features provided by the multimodal approach.
Consequently, the MRNN can potentially achieve more accurate predictions compared to models relying
solely on individual data modalities.

Table 6: Deep learning architectures and

performance CNN network (types
used) Accuracy Obtained
(%)

Convolutional neural network (CNN) 80
18-layered CNN 98
3D CNN 88

V. STATISTICAL ANALYSIS AND EVALUATION

5.1 Performance Measures

The performance of machine learning (ML) and deep learning (DL) models is typically assessed us-
ing a variety of metrics. Three of the most commonly employed metrics include accuracy, precision, and
recall. Before delving into the specific calculations of these metrics, it’s crucial to establish a clear
understanding of their underlying concepts.
Precision quantifies the proportion of true positive predictions among all predicted positive cases.
Mathematically, it is defined as: (Equation 2 Here, TP (True Positives) represents the number of instances
correctly classified as positive, and FP (False Positives) denotes the number of instances incorrectly classified
as positive. A high precision value indicates that the model is effective at minimizing false positive
predictions. In the context of medical diagnosis, high precision is particularly important as it reduces the
likelihood of misclassifying healthy individuals as having a disease.

Precision = (TP)/(TP + FP) (2)

Sensitivity, also known as recall, represents the ability to capture true positive predictions among all
actual positive cases. Mathematically, it is defined as: (Equation 3) Here, TP (True Positives) represents the
number of instances correctly classified as positive, and FN (False Nega-:tives) denotes the number of
instances incorrectly classified as negative (when they actually belong to the positive class). A high recall
value indicates that the model is effective at identifying all true positive cases. In the context of medical
diagnosis, high recall is crucial as it minimizes the risk of missing true disease cases. The trade-off between
precision and recall is an essential consideration when evaluating model performance.

Recall = (TP)/(TP + FN) 3)

While accuracy is a commonly used metric, it can be misleading in imbalanced datasets, where one
class significantly outnumbers the others. Mathematically, it is defined as: (Equation 1) Here, TP (True
Positives) represents the number of instances correctly classified as positive, TN (True Negatives) denotes
the number of instances correctly classified as negative, FP (False Positives) refers to the number of instances
incorrectly classified as positive, and FN (False Negatives) rep- resents the number of instances incorrectly
classified as negative. Accuracy reflects the overall proportion of correctly classified instances. However, it
is essential to consider precision and recall alongside accuracy for a more comprehensive evaluation,
especially in imbalanced classification tasks.
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Table 7: Precision, Accuracy and Recall

Classifier Accuracy (%) Precision (%) Recall (%)

SVM 95.96 94.70 97.78
K-NN 95.53 95.81 96.67
AdaBoos 95.00 96.00 94.44
t

XgBoost 94.38 94.18 95.56

Scikit-learn and matplotlib are popular Python libraries that provide tools for generating in- formative
visualizations of model performance metrics. One such visualization is the confusion matrix. The confusion
matrix is a tabular representation that summarizes the performance of a classification model. It includes the
counts of true positive (TP), true negative (TN), false positive (FP), and false negative (FN) predictions for
each class.

1. True Positive (TP): These represent instances correctly classified as the positive class (e.g., AD in
this case).

2. False Positive (FP): These represent instances incorrectly classified as the positive class (e.g., non-
AD samples mistakenly classified as AD).

3. True Negative (TN): These represent instances correctly classified as the negative class (e.g., non-
AD samples correctly identified as such).

4. False Negative (FN): These represent instances incorrectly classified as the negative class (e.g., AD
samples mistakenly classified as non-AD).

Analyzing the confusion matrix allows researchers to gain insights into various aspects of model
performance, including:
Overall accuracy: This can be calculated as the sum of TP and TN divided by the total number of samples.
Specificity (True Negative Rate): This is the proportion of true negative predictions among all actual negative
cases (TN / (TN + FP)). Sensitivity (Recall): This is the proportion of true positive predictions among all
actual positive cases (TP / (TP + FN)). Utilizing the confusion matrix in conjunction with other metrics like
precision and recall provides a comprehensive understanding of model strengths and weaknesses, facilitating
informed decision- making when evaluating model suitability for a specific classification task.

5.2 Accuracy, Recall and Precision

The receiver operating characteristic (ROC) curve is a graphical representation of a classification
model’s performance at all possible classification thresholds. It depicts the trade-off between sensitivity
(recall) and specificity (true negative rate) for a binary classification task. ROC curves are constructed by
plotting the true positive rate (TPR) on the y-axis against the false positive rate (FPR) on the x-axis. The TPR
is equivalent to recall, while the FPR is calculated as 1 - specificity.

Models with superior performance exhibit ROC curves that approach the upper left corner of the
graph. This indicates a high true positive rate (correctly identifying positive cases) alongside a low false
positive rate (minimizing misclassification of negative cases). The F1-score is a harmonic mean of precision
and recall, providing a single metric to summarize a model’s performance. Mathematically, it is defined as:
(Equation 4). Here, precision and recall are calculated as described previously. The F1-score ranges between
0 and 1, with a value of 1 indicating perfect balance between precision and recall. This metric is particularly
useful in imbalanced datasets, where accuracy alone can be misleading. A high Fl-score signifies a model’s
effectiveness in correctly classifying both positive and negative cases.

fl —score = 2(TP)/2(TP) + FP + FN 4)

IJCRT2406046 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org ] a438


http://www.ijcrt.org/

www.ijcrt.org © 2024 1JCRT | Volume 12, Issue 6 June 2024 | ISSN: 2320-2882

Table 8: ML approach analysis; Acc. (%); Sensitivity (%); Specificity (%); Precision (%);
Recall (%); F1-score (%)

ML Algorithm Data Acc. Sensitivity Specificity Precision Recall F1-Score
Set
SVM FMRI 100 80 70
K-means
clustering PET 76.56
Logistic
Regression
(LR) ADNI 98.12 90 95
Random Forest
(RF) FMRI  98.42 85 95
Logistic
regression
CV (LRCV) MRI 86.1 87.5 91.3 89.4
Multinomial LR FMRI 89
AdaBoost Over
Sampled 91.16 92.32 92.22
XgBoost Over
Sampled 91.6 91.42 93.33
K-NN Over
Sampled 95.53 95.81 96.67

5.3 Hyper-Parameter Optimization

Hyperparameters are critical parameters of a machine learning model that control its learning process
and influence its final performance. Selecting optimal hyperparameter values is crucial for maximizing model
accuracy and generalizability. Grid search cross-validation (GridSearchCV) is a widely used technique for
hyperparameter optimization. This method systematically evaluates a predefined grid of hyperparameter
values and selects the combination that yields the best performance on a validation dataset. Stratified 10-fold
cross-validation can be employed within GridSearchCV to mitigate the impact of imbalanced class
distributions.

SVMs are a common machine learning algorithm used for classification tasks. Hyperparameter tuning
plays a significant role in optimizing SVM performance. An example grid search for an SVM classifier might
involve exploring different values for three hyperparameters: cost, gamma, and kernel function. The cost (C)
parameter plays a crucial role in balancing training error and model complexity. A higher cost value puts
greater emphasis on reducing training errors, but it may also increase the risk of overfitting the model.
Conversely, a lower cost value may result in underfitting. Common cost values to explore might range from
1 to 30. Gamma (Y): This parameter controls the influence of each training instance on the decision boundary.
Higher gamma values correspond to stronger influence from closer training points, while lower gamma values
lead to smoother decision boundaries. Exploring a range of gamma values such as [1, 0.1, 0.01, 0.001, 0.0001]
can be beneficial. Kernel Function: The kernel function defines the similarity measure between data points.
Common kernel functions for SVMs include Radial Basis Function (RBF), Sigmoid, and Linear kernels. Grid
search can be used to evaluate the performance of the SVM with different kernel functions on data obtained
from both original and oversampled datasets.

By systematically evaluating different hyperparameter combinations using GridSearchCV, re-
searchers can identify the configuration that optimizes model performance for a specific dataset and task. This
optimization process can significantly improve model accuracy, precision, and other performance metrics.
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V1. IsSUES, CHALLENGES AND FUTURE PERSPECTIVES

Even after having achieved high-performance measures, still the detection of AD using DL and ML
leaves researchers with unsolved errors. Just like the CNN or convolutional neural network limiting the
complete detection of AD in the early stages i.e. initiation of the symptoms in hippocampi. A major issue is
faced at the time of detection in the brain MRIs of old aged patients as the multi-layered CNN becomes even
more complex while extracting the required features from scans.

» Complexity of multi-layered CNN while extracting features

* Loss of data while feature extraction

* CNNs limitation to data loss

» The limited availability of labeled data for supervised architectures

* Adversarial noise in the scans makes it difficult to detect disease

« Image acquisition in a non-standardized manner makes the dataset misleading or unfit for usage

The studies mention the reusability of produced models for early detection of diseases as grave as
dementia and Alzheimer’s. Although the limitations of the datasets and related DL and ML models have a
major impact on the present problem, overcoming similar issues is fairly possible in the future. The scope of
DL models such as CNN, RNN, GNN, and AE supported with transfer learning methods fetched highly varying
results in terms of performance creating the look-through hole for future perspective where this goal surely
deems achievable. Suggestions for the researchers continuing the topic in the future include the usage of semi-
supervised and unsupervised learning algorithms to extract the maximum benefits from both labeled and
unlabeled datasets.

Table 9: DL approach analysis; Acc. (%); Sensitivity (%); Specificity (%); Precision

(%); Recall (%); F1-score (%)

DL Model Data Set Acc. Sensitivity Specificity Precision Recall F1-Score
DASE ADNI 9195 89.49 93.82
DBM OASIS 91.76  90.59 92.96
2D CNN OASIS +
Local data 90 86 94
AlexNet OASIS 92.85
ADVIAN Oasis +
Local data 98.25 97.65 97.86
3D- ADNI 98.83
DenseNets
ADGNET KACD
(6400 99.69 99.61
subjects)
ResNet-50 ADNI 97.10 95.5 95.3
Inception V4 OASIS 96.25
DenseCNN2 ADNI 92.5 88.2 94.9
3D CNN ADNI +
MRIAD 914 92.32 92.42
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Table 10: Literature review summary for limitations in prior studies

Author Technique Limitations

Janghel and SVM, K-means clustering Imbalance dataset

Rathore

Gao et al. Novel 3DMgNet Architecture Low model sensitivity

Memon et al. LR, DT, SVM Low sensitivity

Dinu and Manju  Random forest and tree bagger Low sensitivity

Salehi et al. CNN Imbalance dataset

Eke et al. Support vector machine Improvement in acc.

Leong and DNN, RF, GBM, LR Low sensitivity

Abdullah

Wang et al. CNN High computational
cost

Liu et al. Linear SVC, LRCV, bagging, Acc. needs

MLP improvement

Revathi et al. RF, multinomial LR Low acc.

Goenka and Tiwari 3D-CNN High computational
cost

VII. CONCLUSION

Diagnosis and early detection of neurological disorders such as Alzheimer’s as majorly discussed in
this article, brain tumors, etc has always been one of the most challenging tasks and will surely be deemed
the same in the future as well, although computer engineers are constantly putting in hours to build the
required machines to help patients and doctors by advancing the early detection process and reducing the
scope for human error. For classification problems of identifying the stage and type of neurological disorder,
CNN are most widely preferred and used model by researchers to provide strong outputs. Performance of
known ML techniques including SVM, K-NN, AdaBoost, etc, confirmed the competitive performance with
over 95% accuracy achieved, yet overfitting of the model is one major problem that requires addressing.

A noticeable scope for the future can be focusing on the major classification phase as so far in the
aforementioned studies, the point of focus was majorly on feature extraction and formatting the datasets. With
a crisp focus on the classification details, novel models can be brought to light with new insights into
neurological disorder diagnosis and detection.
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