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Abstract: Aging is a natural process that leads to debility, disease, and dependency. Alzheimer’s disease (AD) causes degeneration of the brain cells leading to cognitive decline and memory loss, as well as dependence on others to fulfill basic daily needs. AD is the major cause of dementia. Computer-aided diagnosis (CADx) tools aid medical practitioners in accurately identifying diseases such as AD in patients. This study aimed to develop a CADx tool for the early detection of AD using the Intelligent Water Drop (IWD) algorithm and the Random Forest (RF) classifier. The IWD algorithm an efficient feature selection method, was used to identify the most deterministic features of AD in the dataset. RF is an ensemble method that leverages multiple weak learners to classify a patient’s disease as either demented (DN) or cognitively normal (CN). The proposed tool also classifies patients as mild cognitive impairment (MCI) or CN. The dataset on which the performance of the proposed CADx was evaluated was sourced from the Alzheimer’s Disease Neuroimaging Initiative (ADNI). The RF ensemble method achieves 100% accuracy in identifying DN patients from CN patients. The classification accuracy for classifying patients as MCI or CN is 92%. This study emphasizes the significance of pre-processing prior to classification to improve the classification results of the proposed CADx tool.
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1  Introduction

Dementia is a progressive neurological disorder resulting in the deterioration of memory capability, cognitive skills, reasoning, understanding, judgment, emotions, personality, and behavior; in elderly patients, it affects their ability to perform daily activities [1]. Dementia is commonly diagnosed in the elderly, although it is not a common feature of the aging process. Dementia proceeds in three stages: early-stage, middle-stage, and late-stage. In early-stage dementia, patients show symptoms such as forgetfulness, losing track of time, and forgetting their way even in familiar places. Middle-stage dementia includes more severe symptoms such as repeating questions, forgetting recent events and the names of familiar individuals, wandering aimlessly, difficulty communicating, and behavioral changes. Late-stage dementia is characterized by an inability to recognize friends and relatives, difficulty in walking, and being unaware of place and time [2]. Overall, dementia is currently the seventh leading cause of death globally [3]. Dementia leads to AD or stroke. AD is a form of dementia and may account for 60%–70% of dementia cases. AD is a progressive disorder that causes the death of brain cells over time. Those over 80 years old are at substantial risk of being affected by AD. One in six individuals over the age of 80 years old is at an elevated risk of being affected by AD; one in fourteen aged between 65–80 years old is affected by AD [4]. AD detected in patients at an early age improves their prognosis. Medications can slow down the progression of AD symptoms. The early detection of AD helps the patient’s family to plan for the patient’s future. To improve clinicians’ ability to detect the onset of AD at an early stage, the present study aimed to develop and evaluate a CADx tool to enable the early and precise detection of AD. Previous related studies have shed light on techniques to classify patients with AD from CN patients and patients with MCI from CN patients using patient data extracted from neuroimaging techniques such as Magnetic Resonance Imaging (MRI), Functional Magnetic Resonance Imaging (fMRI), Fluorodeoxyglucose (FDG), Positron Emission Tomography (PET), and Diffusion Tensor Imaging [5]. FDG-PET provides a qualitative measurement of the brain’s metabolic activity and is an effective imaging modality for AD detection [6]. One study showed that the identification of asymmetrical brain features can provide a useful basis for the classification of disease conditions such as AD, early MCI (EMCI), and CN. The Quantum-enhanced Support Vector Machine (Q-SVM) and cost-sensitive SVM (C-SVM) provide better classification accuracy than the convolution neural network (CNN) method. The accuracy of SVM for CN and EMCI is 92.5% and 75.0%, respectively, whereas CNN achieves an accuracy of 93.0% and 90.5% for CN and AD, respectively [7]. Another study emphasized the importance of non-amyloid proteins as a deterministic feature for use in the early detection of AD. For the classification of AD, the SVM classifier achieved a sensitivity of 85%, a specificity of 70%, and an area under the curve (AUC) of 0.88 [8]. Principal component analysis (PCA) reduced the feature dimension of the fMRI resting-state images. The support vector regression (SVR) method classifies AD and MCI datasets with an accuracy of 98.53% [9]. The XG-Boost classifier on the ADNI dataset achieved an accuracy of 85.92% [10]. When using CAD-based approaches to detect AD, the genetic package GALGO for feature selection and classifiers such as RF, logistic regression (LR), SVM, and artificial neural networks (ANN) achieved better results compared to state-of-the-art methods with an AUC of 0.842 [11]. A RF-based feature selection model featuring a Gaussian-inspired algorithm achieved a higher classification accuracy of 78.8% over the SVM classifier and a classification accuracy of 75.6% for determining between patients with CN vs. EMCI [12]. Ensemble learning approaches featuring soft-voting classification are a reliable method in healthcare-related prediction tasks, especially for enhancing classification results [13]. The hybrid feature selection framework (using the significance analysis of microarray (SAM) filter) identifies the most deterministic biomarkers for AD detection and achieved an accuracy of 87% [14]. All the research studies discussed in this section are diagnosis systems developed to aid the effective early detection of AD by using machine learning or feature selection methods. In the above-discussed literature, the AD dataset mainly consists of medical images. There is an urgent need to develop a CADx tool that accurately classifies a patient’s condition as either DN or non-demented (NDN). To address this need, the present study provides a novel methodology that leverages the IWD algorithm for feature reduction and the RF classifier ensemble method. To the best of our knowledge, this study is the first of its kind to use clinical test data and medical features to classify the most deterministic features leading to a diagnosis of AD. The proposed CADx tool classifies patient data samples accurately into AD, MCI, and CN using a four-stage process: (i) acquiring patient data, (ii) feature reduction, (iii) classification, and (iv) performance evaluation. The patient data was acquired from the ADNI dataset [15]. Feature selection was performed by using the IWD algorithm to perform preprocessing before classification, which plays a major role in improving the performance of the proposed model. Compared to the state-of-the-art methods, our proposed RF classifier achieves better classification accuracy and a higher F1 score.

2  Background

Artificial Intelligence (AI) models feature built-in knowledge and perform inductive reasoning to predict data missing from a given dataset. Machine learning (ML) (a form of AI that makes predictions from data patterns) uses computational algorithms that enable models to perform clustering, classification, and prediction depending on the problem domain. Furthermore, ML algorithms can provide accurate pattern discovery in datasets and make interesting predictions about likely outcomes. These predictions aid decision-making and predicting values for any model [16]. ML algorithms are classified as unsupervised, supervised, and semi-supervised. Unsupervised ML algorithms cluster data in an unlabeled dataset, whereas supervised ML algorithms classify or predict target features in a labeled dataset. CADx tools leverage the decision-making capability of supervised algorithms to predict likely disease outcomes, which is helpful for aiding radiologists to diagnose a patient’s condition [17]. Datasets for supervised learning algorithms comprise a set of input features and a labeled output for every data sample.

2.1 Biomarkers of Alzheimer’s Disease

AD is caused by the formation of highly toxic soluble amyloid β (Aβ) in high concentrations. Soluble Aβ is difficult to assess due to the unavailability of clinical assessment tests [18]. The rate of solubility of Aβ and the quantity of Aβ in different pools are major factors that affect the disease state of AD. The two essential biomarkers for the diagnosis of AD are deposits of β-amyloid peptide (Aβ) and the flame-shaped neurofibrillary tangles of the microtubule-binding protein tau. There is a correlation between Aβ and the Apolipoprotein E (ApoE): the latter interacts with the former resulting in neuronal cell death [19]. ApoE is a lipid transporter in the cerebrospinal fluid that contributes to neuronal repair; it is also a gene that causes the onset of sporadic and familial AD. The ApoE 4 gene increases the probability of the onset of AD [20]. Inflammation, neurodegeneration, glial activation, and neurodegenerative proteins increase in beta-positive individuals, resulting in cognitive decline [21–23]. Researchers suggest that further comparative research on biomarkers is essential to establish that plasma Aβ is a potential biomarker for the detection of AD [24]. The presence of tau tangles in the brain is detected by using the radioactive probe, Flortaucipir, which adheres to the fibrillar tau in multiple areas and can be detected via PET imaging [25]. The Clinical Dementia Rating (CDR) is a global assessment technique that generates Sum of Boxes (SOB) scores. The CDR-SOB score is a quantitative index that can be compared to global CDR-SOB scores. It was hypothesized that CDR-SOB scores offer high prediction accuracy in identifying patients with MCI or AD. The Alzheimer’s Disease Assessment Scale (ADAS) provides an assessment of cognitive dysfunction in AD patients by estimating the severity of cognitive dysfunction. The modified ADAS rating scale for the ADAS-Cog test provides a more prominent biomarker of AD. ADAS assesses executive function, daily functioning, and delayed recall to detect the early cognitive changes characteristic in patients deteriorating from MCI to dementia [26]. Rey’s Auditory Verbal Learning Test (RAVLT) is a neuropsychological assessment tool to determine patients’ episodic memory. Episodic memory plays a vital role in the cognitive assessment of dementia symptoms. RAVLT is one of the most effective biomarkers for the detection of AD in patients with memory issues [27]. The Functional Activities Questionnaire (FAQ) is a measure of patient independence in performing functional activities. The extent of the atrophy of the medial temporal lobe of the brain predicts the occurrence of AD. The medial temporal lobe is responsible for normal cognitive function and is adversely affected by AD. The size of the temporal lobe is smaller in patients with dementia compared to that of patients without dementia and stands out as one of the most critical biomarkers of dementia [28]. The Logical Memory Delayed Recall Total (LDELTOTAL) score also provides a measure of AD.

2.2 CADx for the Detection of Alzheimer’s Disease

As previously mentioned, our proposed CADx tool for the detection of AD involves four stages: (i) data acquisition, (ii) feature selection, (iii) classification, and (iv) performance evaluation. In the first phase, researchers acquire patient data from a suitable dataset. By integrating data from cognitive tests, imaging, and clinical results, ADNI [15] makes an important contribution to the acquisition and validation of data drawn from medical images. The second phase, feature selection, entails a preprocessing technique that aims to identify feature interactions and reveal the most deterministic features for the prediction of early-onset AD [29]; it aims to select feature sets that collectively provide a high degree of accuracy in the classification of the data sample into labels. A previous work achieved a significant increase in classification accuracy due to the use of feature selection [30]. Feature selection broadly consists of the filter, wrapper, and embedded methods. In the filter method, features are filtered based on their ranking within a certain threshold. The wrapper method is based on the optimal feature subset search [31]. The embedded method may be used with any feature selection technique; the efficiency of the method is validated via classifiers such as SVM or decision tree. In the final phase of our proposed CADx tool, the classification stage classifies the test sample based on the training dataset. Compared to conventional supervised algorithms where a single model performs the data fitting, ensemble methods integrate multiple weak learners to improve the performance of the model [32]. LR is an extended version of linear regression [33]. Fig. 1 illustrates the proposed architecture of our CADx tool along with the ML algorithms. In the second phase, the proposed CADx IWD algorithm performs feature selection on the ADNI dataset to identify the features correlated with the labelled data. In the third phase, the RF classifier is adopted to allocate patients as either DN or CN. RF is an ensemble-based ML algorithm that integrates the classification results of multiple weak learners based on a majority voting scheme. Random samples and random features from the dataset provide the inputs to multiple decision trees. Random sampling with replacement allows the same samples to be inputted into more than one decision tree. This ensures that the data samples are trained by multiple decision trees and accurately classify the test data sample. The last phase of the proposed model is performance evaluation. The metrics of accuracy, F1 score and ROC are used to evaluate the model.
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Figure 1: Proposed CADx for AD detection

3  Proposed Methodology for Alzheimer’s Disease Detection

This section describes the methodology used to develop and test the proposed AD detection CADx tool.

3.1 Dataset

The dataset obtained from ADNI (sample size: N = 1900) included 96 features [5] that represent patient data from the MRI medical imaging modality accompanied by clinical diagnosis. A 1.5 Tesla MRI scan device was used for most patients. The labeled feature classifies patient data as CN, diagnosed with dementia, and diagnosed with MCI. The Open Access Series of Imaging Studies (OASIS) dataset is a crisp dataset with highly influential features [34]. Python was used to implement our proposed CADx tool. The data set consisted of 96 features including the target feature. The original dataset was split into two: (i) DN vs. CN patients, and (ii) MCI vs. CN patients.

3.2 Feature Selection

The IWD algorithm (a heuristic optimization algorithm) was developed in 2009 [35] and proposed as an efficient feature selection method for the detection of breast cancer [36]. It is based on water finding its way through the soil and draining into a larger body such as a river, sea, or ocean. Water flows through the soil as a swarm of water droplets that then amalgamate with the main water body. The path of a single water droplet was analyzed and modeled as the basis for IWD. In our proposed model, feature selection is performed by the IWD algorithm. The water droplet starts with an initial velocity and soil content of zero. The prime objective of IWD is to find the minimal cost path in a graph. IWD is suitable for feature selection as it selects the best features and removes the redundant and least significant features. In this study, IWD was selected as a feature selection algorithm based on previous research where IWD was proven to improve the model performance [37]. The main components of water drop ω are soil content Sω and velocity of the water drop Vω. As the waterdrop flows through the soil, the soil content and velocity are expected to undergo dynamic natural changes. Hence, the values of both the parameters Sω and Vω are updated dynamically. To reach the optimal solution, it is critical to assess how much soil is eroded along a water drop’s path. The fitness value is computed based on the reduction of soil content along the water drop’s route. The number of features is visualized as a graph G(V,E) where V is the set of features and E is the edge that connects feature i with feature j. Each waterdrop path represents the set of features that may converge to form the optimal solution. The waterdrop at node i represents the current feature node and selects the next node j by the rank of features. There are different methods for variable ranking like Chi-Square, correlation coefficient (CC), information gain (IG), and gain ratio (GR). In this study, the GR follows the variable ranking method [38]. The gain ratio is calculated as GR(Vk)=IG(Vk)SP(Vk)

SP(Vk)=−∑i=0r−1fi,1+fi,0mlog2⁡fi,1+fi,0m∀ k is the variable and m is the number of records

Step 1: Convert the dataset into a graph of features and edge values. Static variables include the number of water drops Nω. The variables avbvcv are the parameters of the velocity of the water drops. The variables asbscs update the soil of the local path. S0 is the initial value of the soil. The dynamic parameters include the feature list of each water drop Flω where ω represents the water drop and l represents the feature list. The other parameters are soil eroded by water drop Sω, that is Sij, and the velocity of the water drop Vω.

Step 2: The water drops ω at the feature node i choose the next feature node j in the graph based on the probability function ωP. ωP is based on the GR ranking. The attributes of the dataset are ranked; low-ranking attributes are filtered to form a reduced-data subset. The ranking is performed by using GR ranking. The velocity (t) is updated as  Vω(t+1)=Vω(t)+avbv+cvSijin every iteration.

The soil eroded ΔSij=asbs+csΔt is updated in every iteration.

Δt=fn(i,j,Vω)=H(i,j)Vw(t+1) is the time required for the water drop to traverse from node i to j.

Sij=(1−ρn)Sij−ρnΔSij(1)

Step 3: The optimal solution TB=arg(min)q(Tw)∀Tw is selected from the set of solutions provided by the IWD algorithm.

On finding the best solution, the path through the soil that provides the best solution is updated as

Sij=(1+ρs)Sij−ρs1qTw(2)

Step 4: Steps 2 & 3 are repeated for the maximum number of iterations.

3.2.1 Proposed Algorithm for Feature Selection
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fs is the selected feature set that is a set of strong deterministic variables possessing a high degree of correlation with the target variable The feature set has a high impact on classification accuracy. Feature selection significantly improves the performance of the classifier. The selected feature set fs is the input to the classifier. This provides improved accuracy, sensitivity, and specificity compared to the high-dimensional dataset under study. The complexity of the IWD algorithm is O(nm) where n is the number of iterations and m is the number of water droplets.

3.3 Classification

Classification in this proposed CADx framework is performed via the ensemble method, bagging, which is a bootstrap aggregation-based ensemble technique [39]. In bagging, the classifier model classifies the sample dataset with multiple weak learners working in parallel. The training data for these weak learners is generated by random sampling with replacement. The training data sample for each weak learner is not mutually exclusive. Hence, the probability of any data sample being part of the dataset is equal for all weak learners. The data distribution phase for weak learners is known as the bootstrap. After the weak learners are trained with the random data samples, the test data samples are then classified individually by each weak learner. The final classification result of the test data is based on majority voting. This subsequent phase to bootstrapping is the aggregation phase. RF was chosen as a classifier for the ADNI dataset. The final classification result of the test data is based on majority voting from the output of all weak learners. This subsequent phase to bootstrapping is the aggregation phase. In the present study, RF was chosen as the classifier for the ADNI dataset. The sample datasets Ð1,Ð2,Ð3,…..,Ðn are input for each weak learner −L1,−L2,−L3,……−Ln. The ŋ weak learners give ŋ classification results for the single data sample. The majority vote decides the class of the test data sample [40]. The respective classification accuracy of the binary classification algorithms, LR, DT, and K-Nearest Neighbor (KNN), are compared with the RF ensemble classification method. AdaBoost is also a well-known classifier for identifying healthy persons from those with dementia and MCI that is used in the Cognitive Assessment of Smart Home Resident (CA-SHR) approach [41]. LR is used in novel smartphone-based end-to-end frameworks to improve the daily routine of cognitively impaired patients [42]. Smart health care systems have been developed to diagnose skin lesions [43].

3.4 Performance Evaluation

The performance of the proposed CADx method is evaluated by measures of accuracy and F1 score. The measures of true positive (TP), true negative (TN), false positive (FP), and false negative (FN) for both datasets, ADNI and OASIS, are computed for accuracy and F1 score.

Accuracy=TP+TNTP+TN+FP+FN(3)

F1score=2(recall∗precision)recall+precsion(4)

The popular metric, receiver operating characteristic curve (ROC), is used to evaluate medical diagnostic expert systems. The ROC curve displays the trade-off between the true positive rate (TPR) and the false positive rate (FPR). This plot of TPR and FPR features the different cutoff results in the ROC curve. The ROC curve is based on measures of sensitivity and specificity. The efficiency of the model increases with the progressing concave curve. The AUC determines the classification capability of the model. The AUC value indicates the location of the ROC curve [44].

4  Results and Discussion

The feature sets selected by the IWD algorithm are tabulated in this section. This section provides a detailed discussion of the significance of the features selected by the IWD algorithm for AD diagnosis. The performance metrics of accuracy and F1 score for the RF, KNN, LR, and DT classifiers are evaluated experimentally and tabulated in this section, as well as the data visualization graphs depicting the interaction among features of the dataset, and the ROC curves for the classifiers.

4.1 Definition of Parameters

In the proposed CADx tool, setting the attributes to optimal values in the IWD algorithm leads to favorable results. The attributes for the IWD feature selection algorithm are set depending on the work carried out by [35,36]. The number of water drops is set to a constant value of 100. The number of iterations for the IWD algorithm is set as 40. The initial velocity of the waterdrop Vω is set as 0.1. The initial parameters for the velocity attributes av,bv,cv are set as 1.0, 0.01, and 1.0, respectively. The cross-fold validation value is set as 10, which is commonly used in SVM classifiers. The alpha value and soil parameters are set as 1, 1.0, 0.01, and 1.0 for the IWD algorithm in this study. The soil update parameter is set as 0.9, which was selected by random selection. The ranks of the features are stored as a separate vector that has random values for each feature ranging from one to the number of features. Epsilon ρ is a constant parameter introduced in the function Sij; this is a small positive number to prevent division by zero. The value of ρ is set as 0.01. The original feature set has 96 features including the target feature.

4.2 Results and Discussion of the Feature Selection Phase

The IWD algorithm effectively performs the feature reduction, and the key feature set is selected. The feature set selected for DN vs. CN is included in Table 1 and the feature set selected by IWD for MCI vs. CN is included in Table 2. The reduced feature set for OASIS is given in Table 3.

[image: images]

[image: images]

[image: images]

This section discusses the features selected by the feature selection algorithm IWD and the validity of the features according to medical theory. As mentioned in the introduction, the risk of patients being affected by dementia drastically increases with age. The feature selection algorithm selected the age feature as one of the deterministic features that improves the model’s classification accuracy for DN/CN samples in the OASIS dataset. The advantage of CDR-SOB scores is increased precision in the detection of the stages of dementia in support of the hypothesis of the medical study stating that CDR-SOB is a strong predictor of AD in patients; the IWD algorithm selected the same feature in both the datasets of ADNI [45]. The ADAS scale is an important biomarker that differentiates patients with MCI from those with DN, which supports the early detection of AD. The feature selection algorithm IWD also selected the feature ADASQ4 as a critical feature for dementia patients, but not an essential feature for MCI patients [46]. The Mini-Mental State Exam (MMSE) score was used to directly predict the occurrence of dementia in the patients. A severely demented score is <12 out of 30, a moderately demented score is 13–20, and a mildly demented score is 20–24 [47]. The MMSE score is a critical feature for diagnosing DN. The FAQ questionnaire score is considered a significant feature for DN/CN datasets. The FAQ is a questionnaire for dementia patients that identifies activities that can be performed dependently or independently on a 5-point scale. Aiding the medical theory, the proposed algorithm selected FAQ as a deterministic feature for detecting DN but not MCI. RAVLT, a neuropsychological assessment tool for assessing episodic memory was selected as a critical feature for the MCI/CN dataset. There is an excellent correlation between AD and excess whole-brain volume loss. A study on the potential biomarkers of AD progression showed a correlation between excess whole-brain volume loss and AD [48]. MRI imaging results are an excellent modality to compute whole-brain atrophy rates. The brain boundary shift integral is used to calculate brain atrophy rates. An investigation revealed a linear relationship between the atrophy rate and coincident change in each neuropsychiatric score [49]. Changes in neuropsychiatric scores have an impact on patients’ dementia status. The experimentally proven biomarker, whole-brain volume, is also selected as a biomarker by the proposed feature selection algorithm. The pathological changes that have occurred in the selected areas of the brain in the final stages of dementia are found to be critical. The entorhinal cortex of the ventromedial temporal lobe draws significant attention in AD patients as its layers become altered. Research findings indicate that this cortex area is heavily damaged by AD [50]. A neuroanatomical study of mammals discovered that the entorhinal cortex stimulates the axons that interconnect the hippocampal formation bidirectionally with the other parts of the cortex. The degeneration of this part of the cortex could result in the onset of AD and affect the progress of the disease in due course [51]. The selected feature set for AD includes the features that medical practitioners also investigate as the most discriminating features such as CDR-SOB, MMSE, FAQ, RAVLT, and whole-brain atrophy rates. These features are validated by medical references in this section.

4.3 Results and Discussion of Classification Phase

The classification of the proposed CADx model is performed by using the ensemble method RF. The performance evaluation of the proposed CADx model is performed by comparing the classification accuracy of the proposed model with other common classifiers including logistic regression, decision trees, and KNN. The proposed model was implemented using Python. The classification accuracy scores of all the classifiers for the datasets DN/CN and MCI/CN for the ADNI dataset are listed in Table 4. The classification accuracy score for DN/NDN using the OASIS dataset is also included in Table 4. The F1 scores for the classification of DN/CN and the classification of MCI/CN using the ADNI dataset are shown in Table 5. The classification accuracy of the model for the selected features from the ADNI dataset is tabulated in Table 6. The F1 score for the selected key features from the ADNI dataset is provided in Table 7.
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The CADx model proposed in the present study for the diagnosis of AD is intended to assist medical practitioners in the diagnosis of the disease. In this vein, the model must exhibit high performance in terms of evaluation metrics. Tables 4 and 5 show that the performance of the LR and decision tree classifiers for the selected feature set is comparable. The RF ensemble method achieves 100% classification accuracy for the dataset DN/CN. The F1 score is 100% for CN and DN with a feature-reduced dataset.

The performance of the LR model is on par with RF as the dataset is linearly separable. For large datasets, computing the distance between data points is costly, which degrades the performance of the KNN algorithm. The KNN model shows degradation in performance for high-dimensional datasets. Feature scaling resulting in a dataset with reduced features improves the KNN model performance.

The decision tree classifier is a single tree that is built to full length taking into consideration all the features in the reduced dataset. RF has multiple decision trees; each tree considers random samples and features for training. The bootstrap and aggregation phases improve the classifying power of the model significantly. When the feature set is limited to the most deterministic features in the DN/CN dataset, the RF ensemble classifier improves classification accuracy. This method provides a remarkable increase in classification accuracy when feature selection is performed for the dataset MCI/CN. In conclusion, all the classifiers show improved performance with the selected features compared to the complete feature set in the ADNI dataset. Three optimal features were selected for the OASIS dataset. This minimum feature set does not possess the deterministic quality to classify the target variable and provide improved results. The original dataset with all features provides better results compared to the selected feature dataset. The classifiers in this study show a deterioration in classification performance when the dataset is reduced to just three features. This study’s most crucial finding was that all the classifiers, including RF, demand the use of the optimal feature dataset to achieve improved classification results. The optimal feature dataset significantly improves the performance of the classification model. Therefore, the researchers recommend the ensemble method RF as the optimal classifier for the ADNI dataset. From the experimental results, we can conclude that the methodology implemented in this study is promising for assisting medical practitioners in the diagnosis of AD. The following section presents data visualizations of the OASIS and ADNI datasets.

Table 8 provides details of recent papers that discuss some of the latest research. From the tabulated data it can be concluded that the RF ensemble method with feature selection as a preprocessing phase achieves higher accuracy and F1 scores compared to the state-of-the-art methods.
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Table 9 provides data visualization of the OASIS dataset. Fig. 2.1 represents age vs. brain volume. In dementia patients, brain volume decreases with the worsening of the disease. The graph represents how age affects the whole-brain volume. Fig. 2.2 shows the mapping of clinical dementia rating vs. age. The graph indicates that the clinical dementia rate is higher in patients > 65 years old. This supports the notion that dementia is widely prevalent in patients in the >65 age group. Fig. 2.3 represents the distribution of MMSE scores among DN and CN patients. The inference is that the MMSE score is low for DN patients and high for CN patients. Fig. 2.4 represents how dementia is related to patients’ educational levels. The graph shows that while dementia is prevalent among the educated population, dementia is less prevalent in patients with more than 20 years of education.
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Fig. 3.1 provides a heat map for feature interaction in the OASIS dataset. Fig. 3.2 provides a heat map for the DN/CN ADNI dataset. Fig. 3.3provides a heat map for the ADNI dataset MCI/CN.
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Figure 3.1: Heat map for the OASIS dataset
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Figure 3.2: Heat map for the ADNI DN/CN dataset
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Figure 3.3: Heat map for the ADNI MCI /CN dataset

Fig. 4.1 provides a visualization of gender and marital status for DN and CN patients in the ADNI dataset; it shows that the dementia rate is higher among divorced and widowed patients than among married patients. A recent study investigated the link between depression and dementia; it found that patients with prolonged depression are at a high risk of being affected by dementia [53]. Depression is more prevalent in non-married individuals than in married individuals of both sexes [54]. Fig. 4.2 shows the gender vs. marital status visualization for MCI and CN patients using the ADNI dataset. Married patients are less likely to be affected by MCI compared to unmarried patients of both sexes.
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Figure 4.1: Dementia vs. gender vs. marital status for the DN/CN dataset
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Figure 4.2: Dementia vs. gender vs. marital status for the MCI/CN dataset

Fig. 5.1 shows the LDELTOTAL feature with the entorhinal feature for DN/CN. The entorhinal feature has a direct correlation with the prediction of AD onset [55]. The figure shows that for male patients with DN, the LDELTOTAL feature value is in the range of 0–15, whereas for female patients it is in the range of 0–25. The entorhinal value occupies a higher range for female DN patients compared to male DN patients. Fig. 5.2 shows the relationship between the LDELTOTAL feature with the FAQ feature for DN/CN. CN patients had lower FAQ values compared to DN patients. The two classes of DN and CN can be classified perfectly with the FAQ scores.
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Figure 5.1: The LDELTOTAL feature with entorhinal feature for DN/CN
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Figure 5.2: The LDELTOTAL feature with FAQ feature for DN/CN

Fig. 6.1 shows the plotting of the LDELTOTAL feature with the entorhinal feature for MCI/CN. The entorhinal value was between 0–4000 for CN male and female patients. However, the entorhinal value was between 1500–4500 for male MCI patients and 0–4000 for female MCI patients. Fig. 6.2 shows the LDELTOTAL feature with the FAQ feature for DN/CN. The FAQ feature is a significant deterministic feature that perfectly classifies the MCI and CN classes.

[image: images]

Figure 6.1: The LDELTOTAL feature with the entorhinal feature for the MCI/CN dataset
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Figure 6.2: The LDELTOTAL feature with FAQ feature for the MCI/CN dataset

Fig. 7.1 illustrates the ROC for DN/CN, which is the measure of the performance of the classification model. This is the optimal ROC curve, with an AUC of 1. The highest AUC value indicates that the classes of DN and CN are perfectly classified with no errors. There is no overlap between the distribution of the results. The graph shows a complete separation of the DN and CN classes. Fig. 7.2 illustrates the ROC curve for MCI/CN with the RF classifier, with an AUC of 0.90 AUC. In this case, the classifier detects more TPs and TNs.
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Figure 7.1:  ROC for the DN/CN ADNI dataset with RF classifier
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Figure 7.2: ROC for the MCI/CN ADNI dataset with RF classifier

Fig. 7.3 shows the ROC for DN/CN was highly positive, with an AUC of 0.99. This high AUC value indicates that the classifier is as good as the RF classifier in classifying the data as CN or DN. Fig. 7.4 shows the ROC for the ADNI dataset has an AUC of 0.93.
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Figure 7.3:  ROC for DN/CN ADNI dataset with LR classifier
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Figure 7.4: ROC for MCI/CN ADNI dataset with LR classifier

Fig. 7.5 shows the ROC for the DN/CN dataset using a decision tree classifier with an AUC of 0.97, which can be considered a good classifier for real-time medical data. Fig. 7.6 shows the ROC for the MCI/CN dataset with a decision tree classifier, with a relatively low AUC of 0.91. The performance of the decision tree classifier was lower compared to the other classifiers examined.
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Figure 7.5: ROC for DN/CN ADNI dataset with decision tree classifier
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Figure 7.6: ROC for MCI/CN ADNI dataset with decision tree classifier

5  Conclusion

This study compared different classifiers (LR, DT, KNN, and the RF ensemble method) for predicting the onset of AD for the ADNI and OASIS datasets. The results indicate that the RF ensemble method gives better results compared to the use of a single classifier. These results study strongly emphasize the importance of feature selection as a preprocessing step in the classification of AD patient data samples. This study furnishes the classification accuracy and F1 scores of the respective classifiers before and after feature selection. One significant finding was that feature selection inevitably enhanced the performance of the classification model for the voluminous multi-feature dataset. The study does not recommend feature selection for a crisp dataset with a few highly deterministic features because feature selection of a dataset with very few features drastically deteriorates the model’s performance. Therefore, optimization of the feature set is recommended for high-dimensional datasets to achieve good classification results. The limitation of the current research work is that a large dataset is required to train the model. Future work could investigate working with deep learning techniques on MRI images for the classification of patient data samples as either DN or CN. CNN can be customized to classify the MRI images as either DN or CN.
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Table 3: List of reduced feature sets for OASIS dataset
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Table 8: Comparison of the proposed methodology with state-of-the-art methodologies

Authors Dataset Methodology Performance Metrics
Eke et al. [8], 2021 ADNI SVM sensitivity (SN) > 80%; specificity (SP) > 70%;
AUC of at least 0.80
Buvaneswari et al. [9], 2021 ADNI PCA-SVR Accuracy-98.53%
Kavitha et al. [10], 2022 OASIS XG-Boost Accuracy—85.92%
RF Accuracy—86.92%
Bogdanovic et al. [52], 2022 ADNI  XG-Boost F1-score of 0.84
Proposed CADx ADNI RF Accuracy—-100%
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Table 4: Classification accuracy scores of all the classifiers for the dataset DN/CN and MCI/CN for
the ADNI and OASIS datasets before feature reduction

Classifier Classification accuracy score in % (complete feature set)
DN/CN (ADNI) MCI/CN (ADNI) DN/NDN (OASIS)

LR 99 82 92

Decision tree 98 94 84

KNN (n=5) 70 62 56

RF 99 95 92
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Table 9: Visualization of the OASIS Dataset
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Table 7: F1 scores of all the classifiers for the dataset DN/CN and MCI/CN for the ADNI dataset/
OASIS dataset after feature selection

Classifier Classification F1-score in % (after feature reduction)
ADNI OASIS
DN CN MCI CN DN NDN
LR 99 99 95 93 50 51
Decision tree 99 99 96 93 49 50
KNN (n=15) 73 76 91 84 48 57

RF 100 100 94 89 36 48
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Table 1: List of reduced feature sets for DN vs. CN dataset
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Table 6: Classification accuracy scores of all the classifiers for the dataset DN vs. CN and MCI vs. CN
for the ADNI dataset/OASIS dataset after feature selection

Classifier Classification accuracy score in % (after feature reduction)
DN/CN MCI/CN DN/NDN

LR 99 94 50

Decision tree 99 95 49

KNN (n =5) 75 88 53

RF 100 92 43
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Table 2: List of reduced feature sets for MCI vs. CN dataset
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Table 5: F1 scores of all the classifiers for the dataset DN vs. CN and MCI vs. CN for the ADNI
dataset/OASIS dataset before feature reduction

Classifier Classification F1-score in % (Complete feature set)
ADNI OASIS
DN CN MCI CN DN NDN
LR 98 99 8 75 93 90
Decision tree 98 98 96 92 91 91
KNN (n =5) 64 74 70 49 50 64

RF 100 100 96 93 97 95
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