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Deep learning-based CAD system
for Alzheimer’s diagnosis using
deep downsized KPLS

Syrine Neffati'™!, Kawther Mekki' & Mohsen Machhout?

Alzheimer’s disease (AD) is the most prevalent type of dementia. It is linked with a gradual decline in
various brain functions, such as memory. Many research efforts are now directed toward non-invasive
procedures for early diagnosis because early detection greatly benefits the patient care and treatment
outcome. Additional to an accurate diagnosis and reduction of the rate of misdiagnosis; Computer-
Aided Design (CAD) systems are built to give definitive diagnosis. This paper presents a novel CAD
system to determine stages of AD. Initially, deep learning techniques are utilized to extract features
from the AD brain MRIs. Then, the extracted features are reduced using a proposed feature reduction
technique named Deep Downsized Kernel Partial Least Squares (DDKPLS). The proposed approach
selects a reduced number of samples from the initial information matrix. The samples chosen give rise
to a new data matrix further processed by KPLS to deal with the high dimensionality. The reduced
feature space is finally classified using ELM. The implementation is named DDKPLS-ELM. Reference
tests have been performed on the Kaggle MRI dataset, which exhibit the efficacy of the DDKPLS-based
classifier; it achieves accuracy up to 95.4% and an F1 score of 95.1%.
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Alzheimer disease (AD), a form of serious brain illness afflicting elderly patients, is one of the four major
leading causes of death around the globe, following in line after heart disease, cancers, and brain hemorrhages'.
Approximately 50 million people suffering from dementia are distributed throughout the world, almost 60%
in low and middle-income countries. Dementia affects 5-8% of the population aged 60 and above at any given
time. By 2030, projections show that people with dementia will grow to 82 million, increasing to 152 million
by 2050!. This overall increase is greatly influenced by the growing number of dementia patients in lower to
middle-income countries, with nearly ten million new cases reported each year. Neurologically, AD is a chronic
neurodegenerative disorder that gradually damages brain tissue and ultimately leads to the death of nerve cells
in the brain. It gradually leads to the deterioration of the patient’s cognition and memory, commonly referred to
as senile dementia. Besides this, Alzheimer’s disease results in a decline in the patient’s performance of activities
of daily living, including handwriting, talking, and reading, in addition to identifying relatives and friends*°.
AD is classified into three stages: early, moderate cognitive, and late stage. Patients with moderate cognitive
impairment exhibit aggression, while those in the late stage are also at risk for complications such as heart failure
and may even develop terminal respiratory failure. It is not easy to diagnose dementia, therefore routine clinical
follow-up on AD is essential at all three stages?, including general practitioner consultation, comprehensive
neuropsychiatric evaluation, and MRI or PET scans.

With the development of computer technology, scientists are paying increased attention to its applications
in medical and biological fields. This includes the development of Computer-Aided Diagnostic (CAD) systems,
which mainly help specialists with the early diagnosis of diseases using information extracted from various
imaging modalities. Noninvasive image-based CAD systems, particularly MRI-based analysis for the brain
disease, greatly improved diagnostic performance and provided substantial clinical gain®. Recently, MRI-based
CAD systems show significant potential for distinguishing AD subjects from elderly controls®. CAD systems
were developed so as to make use of the analytical and computational power of computers to deal with the
intricacy of medical images. This technology has been very effective in separating benign from malignant
diseases or lesions®. The development of a mature CAD system has to be built on two key principles in order to
yield optimum results: dimensionality reduction, that is, feature selection or extraction, and classification. These
are the key principles that grow the performance of the systems?®.
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Research in dimensionality reduction, especially when applied to clinical diagnosis, involves the crucial
minimization of patient misdiagnosis’. Partial Least Squares (PLS)? and Principal Component Analysis (PCA)°
have been among the most widely used linear features extraction methods in image classification. However,
conventional PCA and PLS techniques have difficulty producing accurate feature extraction from nonlinear
relationships among variables. Besides, a series of nonlinear approaches to PLS and PCA - including neural
networks'’, local methods!!, and the kernel trick'? - have been implemented!?. Kernel methods have become
quite popular due to their ability to solve various problems both linearly and non-linearly'. Techniques which
have gained very high popularity are Support Vector Machines (SVM)'4, Kernel PCA (KPCA)'®, Kernel Partial
Least Square (KPLS)!6, among others; these are extremely efficient approaches with good performance on real-
life problems, rendering fantastic results. Generally, kernel methods map the data to an Hilbert space to map
the data into a higher-dimensional feature space, dimensionality is indeed reduced during projection to lower-
dimensional subspaces to capture the maximum variance of data. This now ensures that there is no need to
explicitly consider this higher-dimensional space via the kernel trick as it increases dimensionality to reduce it>.
Whereas all kernel methods use the kernel trick, they differ slightly among themselves. For instance, in KPCA,
the projections are made to enhance the variance of the input data within the feature space; while in KPLS the
projections are made keeping in view of both the target data and the transformed input data'®. Today’s KPLS
has emerged as a faster and more elegant technique for feature extraction from Magnetic Resonance Images
(MRIs). One of its main advantages is that it relies solely on the development of a calibration that does not
require nonlinear optimization with a kernel function or the problem of stability, keeping it as straightforward
as traditional PLS'. Through dimensionality reduction of the data while maintaining critical features, the
approach is made computationally efficient and thus improves the classification accuracy. The method proposed
not only tackles the problem of handling MRI data in high dimension but also adds strength and accuracy to
the Alzheimer’s disease classification, thus providing a potential tool for early diagnosis and better patient care.

The organization of this paper is as follows: a review of the related work is covered in section “Methods and
approach”. In section “Suggested DDKPLS for dimensionality reduction’, the methods and approach are outlined.
Identification of the deep learning technique used for feature extraction and proposed DDKPLS method is in
section “Optimization with Tabu search algorithm”. Section “ELM-based classifier” explains the Tabu search
algorithms utilized for optimization. Section “Experiments” covers the classifier, ELM. Section “Clinical
integration and deployment considerations” outlines the experimental setup and presents the results, while
section “Conclusion and future work” concludes and explores future work.

Related work

Alzheimer’s is a medical term that indicates the progressive degradation of body functions caused by neurological
problems found mostly in older adults. However, the disease progresses towards dementia with time. Commonly,
first symptoms include cognitive decline, loss of memory, loss of ability to execute daily activities, and lack of
recognition of familiar people. As the disorder progresses, the person may get bedridden and lose control of the
body parts and eventually loses the ability to speak'®. Brain MRIs of the patient are the most accurate means
of diagnosing the different stages of AD. This part gives a brief overview of the recent approaches based on
traditional features and deep features for detection purposes of AD. To summarize, the current methodologies
of AD detection can be classified into two groups: traditional feature-based and deep learning-based approaches.

Approaches based on traditional features

Traditional methods for diagnosing Alzheimer’s Disease mainly rely on automated extraction techniques.
However, they often overlook texture-based approaches, which examine patterns in MRI scans to detect
abnormalities in specific brain regions. Another statistical based texture and outline analysis could thus mean
that approach-haulting method is based on histogram data for feature extraction. One of the foremost would
mean histogram of oriented gradients'®, which calculates the pixels by computing gradients®. Although the
HOG captures a significant amount of the local shape information, it is weak in terms of extraction of spatial
relations. An improvement to HOG, endowing with pyramid structures, is the pyramid histogram of oriented
gradients.

Similarely to histogram of oriented gradients, pyramid histogram of oriented gradients exhibits the extraction
of local shape features and development of spatial relationship between pixels of the image. Additionally,
there is also some attention by researchers to another statistical method dealing with analyzing second-order
characteristics from gray-level image matrices?!. The Gray Level Co-occurrence Matrix approach is used for
feature extraction by using a combination of direction, distance, and frequency. The five major properties derived
from this method include correlation, energy, contrast, entropy and homogeneity?2. A study was performed by
Sorensen et al.” on texture analysis through different pixel feature extraction from neighboring pixels and local
shape regions. This study introduced the Local Binary Pattern (LBP) as a widely adopted method for creating
a binary pattern according to its threshold value. A study conducted by Ahonen et al.?* on gradient binary
patterns which extend binary patterns through relative gradients in all directions. Gradients are determined,
and transformed images are histogrammed. A texture feature based on Fourier transform was generated by
extracting the real and imaginary elements of the image by local phase quantization. The image texture map is
subjected to bit plane analysis using the ISO feature according to?. Feature selection using EEG signals for early
detection of AD has also been suggested in%.

Approaches based on deep features

Different deep learning techniques have been developed to categorize stages of AD. Most require pre-processing
steps such as image registration or denoising, but some methods may perform these steps directly from raw
images, without pre-processing and feature selection. A deep learning technique is reported by Ngiam et al.?,
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which uses stacked autoencoders to process several image types for the classification of AD and Cognitive
Normal (CN) cases. Subsequently, Li et al.?® developed a 3D CNN to train samples using both PET and MRI
modalities. This method successfully took advantage of the non-linear relationships between these modalities
and PET data were predicted from known MRI patterns. Cheng et al.? employed two separate 3D CNNss to train
on PET and MRI modalities. The extracted features from these techniques were then integrated using a 2D CNN
for an improved accuracy. Korolev et al.*® presented a method that combines residual neural networks (NN) with
two distinct 3D CNNss for an automated diagnosis of AD. In addition to two-dimensional and three-dimensional
CNNs, autoencoders (AE) have been used to learn encoded features that can successfully differentiate between
AD and CN modalities. Zhang et al.*! made use of sparse autoencoder (SAE) for very high-level feature learning,
followed by deep neural network (DNN) at the final stage, attaining a 84.6% classification accuracy. Shifting
the focus to unsupervised learning for handling real-time data, Suresha®? dealt with unsupervised learning in
AD detection. MRI images are processed using the histogram of oriented gradients (HOG), and a deep neural
network (DNN) is then developed for learning HOG features. The DNN was then used for classifying AD and
MCI patients by applying it to images using a corrected Adam optimizer. An efficient accuracy was achieved
using the deep neural network (DNN) with a corrected Adam optimizer for classifying patients with Alzheimer
disease and mild cognitive impairment as compared to other earlier state-of-the-art models. The authors
Shankar et al.** found the group grey wolf optimization technique applicable for the detection of AD. After
denoising their MRI images, the conventional features such as texture, transformation, and histogram-based
properties were extracted. The features were made use of by GGWO classifiers to improve the performance
of K-Nearest Neighbor (KNN), Decision Trees (DT) and CNN. Prabha et al.>* have developed a framework
that can classify healthy and affected brains from MRIs. The first stage of this process is essentially optimized
segmentation for our white and grey matter in MRIs. Following segmentation, the most relevant features were
selected using PCA based on GLCM features and an improved version of the Cuckoo search method. Finally,
images of healthy brains were identified using a support vector machine classifier. The researchers Lu et al.>
implemented the bat algorithm for classifying normal and pathological brain MRIs by optimizing the ELM
classifier. Some of the final layers of AlexNet were replaced with ELM layers, and the chaotic bat method was
used to optimize the number of layers required in the ELM. Within early diagnosis classification as being used in
the ADNI dataset, deep learning methodologies tend to be associated more with end-to-end CNN architecture
than classical machine learning®. Abdul-Azeem et al.>¢, for example, apply adaptive thresholding to handle light
variations in images and augment the data for larger dataset size. In this case, the multiple class AD biomarkers
are considered as a target for the end-to-end deep 3D CNN, which uses the whole image as input. The accuracy
of classifying AD features without prior knowledge is by far end-to-end fast and precise. This approach may be
used and improved further by designing RNNs as a diagnostic for AD. For evaluating the images, Cui et al.¥,
considered longitudinal features and fed them as inputs to a combined RNN with CNN model. The recent focus
in research has centered around transfer learning in order to address the issues of limited amounts of data in
the AD domain. Accordingly, Dubey®® has researched a multi-class problem based on transfer learning using
Kaggle’s AD dataset.

For predicting Alzheimer’s disease, various pre-trained nets such as VGG, ResNet, AlexNet, Inceptionv3,
DenseNet, and GoogleNet have been used in assessing performance. They discover a much better result with
the pre-trained weights in VGG for predicting AD. As for current research, using all the extracted features in a
deep learning model would require a very complicated and time-consuming structure. The work of Saraswathi
et al.>? describes the feature selectionby utilizing genetic algorithm and particle swarm optimization optimizers
to extract features from voxel-based morphometry. The performance of the ELM model increases the multiclass
classification accuracy to 94.57% using all selected features. Additionally, various pre-trained models were
adapted for AD detection, as demonstrated by Shanmugam et al.’. Deep feature extraction has proven to be
beneficial in the early diagnosis of certain diseases in its several recent studies. Azzali et al.*! used a vectorial
genetic algorithm-based deep feature extractor for handwriting pattern identification of early-stage AD patients.
Another related research has been citied for using geometry group in feature extraction employing GConv
module and RFSM in image feature extraction to detect AD. This work is indicated by Wang et al.*2. Other
studies have also reported employing deep feature extractors for early detection of various diseases*>~*3.

Methods and approach

The objective of this work is to improve the classification accuracy of MRI images for early AD diagnosis using
deep learning and convolutional neural networks. This paper proposes developing and evaluating a disease
diagnosis framework that employs CNNs for feature extraction. Subsequently, these extracted features are
reduced using a Downsized Kernel Partial Least Squares (DKPLS) technique to obtain a significantly downsized
set of features. The combination of these feature extraction and feature reduction techniques forms the proposed
Deep Downsized Kernel Partial Least Squares (DDKPLS) method. The outline of the design of this work is given
in the block diagram presented in Fig. 1, summarizing the overview of the methodology. The sequential flow of
the process is also illustrated in Fig. 2.

The suggested research is divided into three phases. The first phase consists of acquisition and preprocessing,
during which MRI data is collected and prepared for analysis. Proper preprocessing of data is essential in
ensuring the reliability and reproducibility of findings in the sequential steps. In the second phase, the DDKPLS
technique is used for dimensionality reduction. A deep learning approch is used first for feature extraction then
the suggested DKPLS method is used as a feature reduction method. Here, an approach is devised to obtain
a compact version of the MRI data that preserves the maximum information needed for AD detection. The
DDKPLS method helps identify important patterns and key features that are needed to classify MRI data into
specific groups. Last, but not least, the final phase will apply classification using Extreme Learning Machines
(ELMs). ELM is selected for its competence in capturing fast learning speed and strong generalization power.

Scientific Reports |

(2025) 15:18556 | https://doi.org/10.1038/541598-025-03010-x nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

z Proposed DDKPLS \
technique

{ Feature
extraction

Feature
reduction

Final
DKPLS : ELM results

_____________

Input
MRIs

learning

[
i
i Deep
i
i

Images to be

_____________________

Images for

training prediagnosed

Dimensionality reduction

| |
| |
| Feature extraction & |
| |

I

(Classification)

A

Prediction

v
Classification results

Fig. 2. Flowchart depiction of the proposed analysis framework.

The classifier exploits these extracted features and assigns MRI data into various classes for accurate and effective
diagnosis.

The proposed DDKPLS method finds the right balance between accuracy and efficiency. It outperforms other
dimensionality reduction techniques, like PCA, KPCA, and KPLS, by offering better classification while keeping
computations low. KPCA and KPLS handle non-linear patterns well, but DDKPLS achieves higher accuracy
without the extra complexity. This makes it a great choice for early AD diagnosis especially when using large
datasets. More details and experiments are covered in the “Experiments” section.

Suggested DDKPLS for dimensionality reduction

The proposed DDKPLS technique for dimensionality reduction can be divided into two phases. First, we begin
by constructing and validating a deep learning model (CNN) for deep feature extraction. Second, the validated
model will be utilized as input to the DKPLS to form the final DDKPLS approach. In the experiments to evaluate
the performance of this technique by analyzing the features extracted by the CNN (ResNet) from the fully
connected layer, and then reduced by DKPLS, we use the widely-recognized conventional ML classifier: ELM.
Figure 3 depicts the detailed steps of the proposed DDKPLS and Fig. 4 presents workflow diagram of DDKPLS
for dimensionality reduction. The different steps will be explained further in the following subsections.
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CNN for deep feature extraction

The methodology for building an AD diagnosis approach involves the following steps: first, MRI data collection.
In the second stage, image preprocessing involves resizing each MRI image to an appropriate size for the CNN
model. Following this, we employ the pre-trained convolutional neural network ResNet50 to extract MRI image
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features for use in the subsequent classification stage. In this step, we will use ELM to classify. At the last stage, we
will compare results, analyze efficiency, effectiveness for metrics for evaluation, and contrast with recent studies.

The proposed pre-trained CNN model (ResNet-50¢) comprises five convolution blocks followed by pooling
layers and a fully connected (FC) layer. The convolutional and pooling layers work together in extracting features
from MRIs. This process uses local connections for feature detection and pooling to merge similar features into
one. The FC layer produces the output for each MRI input at the classification stage. In addition to classifying
tasks, the FC layers can be replaced by those of other classifiers such as ELM, Random Forests (RF) or Support
Vector Machine (SVM).

The whole set of data after collection and image preprocessing is separated into three portions: training,
validation and testing. The training set, being a labeled dataset, is used to train the CNN model for tasks such
as feature extraction, where the CNN model is capable of performing theorical tasks such as feature extraction-
hence generalizing MRI feature vectors for fully connected layers. These feature vectors are used as input for the
classifier. The validation set is being used to evaluate the quality of training fit for the model while fine-tuning
it. This work utilizes a pre-trained ResNet-50 CNN*S, implemented with TensorFlow?” and Keras*®, for MRI
analysis.

Convolutional layer

Convolutional layers* are the most basic unit and fundamental component of deep learning Convolutional
Neural Networks (CNNs). These layers mainly perform the feature extraction process, releasing a set of 2D
matrices known as feature maps. Each convolutional layer contains a set number of filters that function as feature
extractors, identifying patterns by applying convolution operations to the input image. ResNet50 has (7 x 7),
(1 x 1),and (3 x 3) filter sizes. During training, a filter learns to catch a low-level feature for images, like colors,
edges, blobs, and corners.

Pooling layer

The purpose of this subsampling layer (pooling layer?’) is to reduce the size of feature maps resulted from
the convolutions. The most popular pooling operation is max pooling, which minimizes feature map by
picking maximum from small regions in the image. Max-pooling takes (2 X 2), non-overlapping image areas
and extracts the highest value from each. This (2 x 2) pooling layer decreases the area of the featured map
to a quarter. Max pooling helps reduce overfitting by simplifying the representation of image regions. It also
decreases computational costs by cutting down the number of parameters. Average pooling, which is another
form of pooling, works in a similar way to max pooling but calculates the averages of (2 X 2) blocks to produce
a subsampled image instead of selecting the maximum value.

Batch normalization layer

It adjusts the output of the convolution layer®. It normalizes the batch by adjusting the mean to zero and the
variance to one. This method accelerates the training process by allowing the use of higher learning rates. It also
stops gradients from vanishing during backpropagation. Furthermore, deep learning that use these layers can
better handle poor weight initialization.

Dropout layer

This layer is designed to reduce overfitting by randomly deactivating neurons during the training process*’. The
dropout rate parameter specifies how many neurons are dropped, which affects the chances of neuron removal.
This technique is applied only during training.

Fully connected layer

It serves as the final layer in the ResNet50 network®. It functions as a classifier, connecting the various layers in
the network and delivering the final classification outcome. Typically, it is succeeded by a final layer that employs
a Softmax function. This layer has been adjusted to optimize ResNet50 for classifying AD. These layers can be
substituted with other classifiers. In our project, we will test how well the CNN performs when we use ELM
classifier.

DKPLS for feature reduction

KPLS

Principle Kernel methods address the limitations of linearity in PLS approaches by mapping data into a high-di-
mensional nonlinear feature space®. These techniques estimate the nonlinear latent variables with an approx-
imately linear computational cost. Thus, the kernel trick can be applied to linear systems in combination with
PLS theory. Defined in the feature space, forms a nonlinear kernelized version of linear PLS’!. This approach
therefore performs a nonlinear transformation of the input variables z;, 7 = [1;2;. .. ; N], mapping them in a
feature space F, as expressed in Eq. 1:

d:a;e RN - ®(x) e F (1)

That being said, the curse of dimensionality makes all the nonlinear mappings of the unfolded data samples
impossible to compute. The resolution to this problem is the characterization of the Mercer kernel k(.,.) as the
inner product between two mapped samples®*:
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k(i ;) = ((2:), ©(x5)) = (i) P(x;)" )

where ®(z;) € R**P, [i=1;2;.;N], and D being the dimension of the feature space. The kernel function must
comply with Mercer’s theorem. As stated in Eq. 2, the Gram matrix K € RV *¥ is evaluated according to the
following equation:

K =o(X)d(Xx)" 3)

with ®(X) = [p(z1)", o(22)", ..., o(zn)"].
There are multiple kernel functions available, but mostly used ones are Radial Basis Function (RBF) kernel and
polynomial kernel as illustrated in Table 152,

Algorithm Lindgren et al. provided the kernelized PLS techniques that take data matrix optimization into ac-
count™. Firstly, mean centering is done in a high-dimensional space. Next, the following formula is used to get
the Gram matrix K:

K« (In — 21,0 K (1, — 1,17) 4)
n n

Where 1,, refers to a vector of ones of length N and I,, represents an identity matrix with N dimensions. In the
present case, it is to examine a modified version of the PLS-algorithm where, instead of scaling the weight vectors
W and C, we have scaled the score vectors T and U to unit vector norms according to>!. Furthermore, a new
score vector T is required for ensuring a deflation phase based on the corresponding rank-one deflation of K and
Y matrices. In fact, the following formula is involved in calculating K and Y:

K« (I, — tt"K(I, —tt") = K — tt" — Ktt" + tt" Ktt" (5)
Y« Y-ty (6)
where I, represents an identity matrix of size N.
After computation of the kernel, predictions concerning training and testing instances are calculated. The
prediction outcomes for the training instances are expressed as:
Y = KUT"KU) 'T"Y )
The prediction outcomes corresponding to the testing instances are written as:

V. = K, UTTKU) 'T"Y 8)

where K indicates the kernel matrix of the test instances.
The standard phases of KPLS are summarized in the ten steps outlined in Algorithm 1.

Algorithm 1

1. Compute and center the kernel matrix.

2. Initialize variables: set¢ = 1, K1 = K,andY; = Y.

3. Randomly choose any column from Y as the initial value for w;.

4. Comgute t; = K u, then normalize ¢; by dividing it by its norm, i.e.,
t; = 57
5. Com“pﬂ#e i =Y

6 Update u; = Yicq, and normalize ¢; by dividing it by its norm, i.e.,

If t; i]as converged, proceed to step 8. Otherwise, return to step 3 and repeat the process.
8 Perform deflation on K and Y’
9. Repeat steps 3 through 6 to extract additional latent variables.
10. Construct the cumulative matrices 7" and U

Kernel name Formula and parameters
k(a,y) = exp (ol - y]?)
RBF Kernel —llz —ylI*
k(z,y) =exp | ——5—
202

o: RBF kernel parameter
k(z,y) = Ty + o)

k(z,y) = (" y)*
d: Degree of the polynomial kernel

Polynomial Kernel

c: Positive constant

Table 1. Mathematical formulations and parameters of common kernel functions.
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Suggested DKPLS
We propose in this study a DKPLS model that chooses a smaller subset of samples from the measurement
variables in the initial information matrix. This set of samples can be used to construct a new data matrix.

Principle The proposed method simplifies MRIs by selecting the most relevant features. It extracts a subset
from the feature matrix to create a reduced KPLS matrix based on the chosen latent components. Then, the
smallest possible KPLS matrix with the most informative features is used to ensure to efficiency of the model.
The suggested DKPLS matrix plays a key role in the DDKPLS-ELM algorithm.

The proposed method approaches each LC {w; }i—1...p by a modified input data qﬁ(m(;itent) € p{ai}im1
that have the highest projections in w; direction®. The projection d)(:c(Liitent)is expressed in Eq. 9 where L

represents the number of LCs:
Bx, )= x ki(x),i=1...L )

Thereafter, all input data vectors ¢{x”};—1. s are projected on w; LCs and only mgitwt € p{ai}im1

satisfying Eq. 10 are retained.

(z)(xl:[/atent)i = manE[l,ILI] r,‘b(:rj)l
{ (b(leatent)i#j < C (10)

where ( is a given threshold.
The downsized matrix is obtained as follows once the downsized dataset has been determined:

1 2 L T
XT‘ = [xLa,tent; L Latents -+ chLtent} (11)

Furthermore, a new reduced kernel matrix K, associated with the kernel function k is defined as shown in
Eq. 15:
k(z1,71) ... k(z1,z1)
K, = : : € RM*F (12)
k(:nL,xl) k({EL,:L'L)

Algorithm Algorithm 2 presents the main steps of the proposed DKPLS algorithm, and Fig. 5 presents the
corresponding organigram.

Algorithm 2

1. Gather the initial consistent blocks of information {x; };=1.. N to be trained, and apply scaling.
2. Compute and scale the kernel matrix K.

3. Project {; };=1.. v onto the LCs {w; }, and select the latent variables xgatem that satisfy equation 10.
4. Construct the reduced kernel matrix /. € R** " as given by equation 15.
5. Compute the DKPLS model.

6. Make forecasts using the Extreme Learning Machine (ELM).

i)

Optimization with Tabu search algorithm
In this work, we use the Tabu Search (TS) algorithm to optimize the kernel parameter utilized in the DKPLS
method, in order to ensure an efficient algorithm with improved generalization and reduced complexity. The
primary goal of this research is to develop a fast and effective classifier. To achieve this, the first step involves
selecting an appropriate kernel (in this case, the RBF kernel)*>. The second step focuses on optimizing ., the
RBF kernel parameter, as it plays a crucial role in the generalization capability of the proposed DKPLS technique.
Actually, o affects the outcome of the feature space partitioning. It leads to under-fitting if it is too small, and
it leads to over-fitting if it is too large. If it is too small, it causes underfitting, while if it is too large, it leads to
overfitting. The optimal value of o is defined as the one that improves the accuracy by minimizing the error rate.
The initial solution of the TS method is set with the aim of optimizing the proposed DKPLS algorithm. The
parameter o is imposed in the limits defined by [276, 2], taking into account the constraints of parameter o.
The method identifies the best classification accuracy by sequentially evaluating the closest unused neighbor
values of o, continuing this process until all neighbors have been considered. Finally, the optimal value of ¢ is
determined™.
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Fig. 5. Flowchart of DKPLS.

w; = [wi1, W2, Wis, ..., Wipn] | the weight vectors that associate the input

neurons to the j th hidden neuron

Bi = [Bi1, Biz, Bis, - - -, Bim] T | the weight vectors that associate the output

neurons to the jth hidden neuron

b the bias of the jth hidden neuron
w;T; is the inner product of w; and x;
h a sigmoid function

Table 2. Equation 14 parameters.

ELM-based classifier

ELM is a single hidden layer feed-forward network (SLEN) presented by Huang et al.*. The utilised structure in
ELM is typically a SLEN structure composed of: (1) an input layer, (2) a hidden layer, and (3) an output layer. In
training we consider a sample as follows:

X ={zs,yi}i=1.n
€ri = [m“’wﬂ’”"sz;] cR" (13)
Yi = [Yi1, Yi2s -+, Yim) € R™

where the number of instances is N and the number of output nodes is m. In regression applications the number
of output nodes is equal to 1, while in classification applications m is the number of labels, classes or categories.
For an ELM with SLEN the output function with N hidden layer nodes is:

flwi) =y =21, Bih(wjzi +b;) (14)
i€ [1,N]

Equation 14 parameters are summarized in Table 2.
Equation 14 can be reformulated as follows:
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h(w1x1 +4 bl) - h(wkxl 4 bk)
H= : " 5 (15)
h(wizy +b1) ... h(wkzny + bi) Nxk
i
T
2
= yi
: T
T Y2
with Bk kxms B = HYY withY = |~ and H is the Moore-Penrose pseudo—inverse57 of H:
y’{ Nxm
HY =(H"H)"'.HT (16)

Thus the output of the classifier is as follows
f(@) = h(z)B = h@) (= + H H) " HTY (7)

Introducing kernel to the basic ELM conception make the classifier more reliable. If we suppose that h(x) is
unknown as an implicit function®, we apply the Mercers settings on ELM, and determine a kernel matrix for
ELM as follows:

KELA{ = HHT . KELM(i,j) = h(:cl)h(x]) = K(xi,xj) (18)

with H = [h(21)7,...,h(zn)T] is the output matrix of the hidden layer that maps data z; from the input
space to the hidden layer feature space, and it is unassociated to target value y; and output nodes m. Kernel
matrix is associated particularly to input data xi and training samples N.

The output function of ELM is presented by the following equation

K(z,x1)

flz) =( (é + Kprm) 'Y) (19)

Experiments

All preprocessing steps and model development were conducted using Python (Python 3.8;%%). The code utilized
libraries such as Keras®, Scikit-learn®!, and TensorFlow*” for the machine learning pipeline. The model was built
using the Keras Sequential API, with the TensorFlow backend for training and evaluation.

Performance evaluation metrics
This research work assesses the evaluation of the proposed method against existing models on a number of
recognized metrics that shed light on the model classification capability.

- Accuracy: measures the overall effectiveness of the classifier based on the ratio of all correctly classified in-
stances to total instances measured. It is defined as:

TP+ TN
A - 20
CUrAY = TP Y TN+ FP+ FN (20)

- F1 score: it is a measure that balances precision and recall: a pseudo counterpart that in some ways compen-
sates for the inherent yin and yang of varying degrees of precision and recall.

Precision x Recall
Fl1=2 21
x Precision + Recall 1)

where Precision and Recall are calculated as follows:

. TP
Precision = m (22)
TP
Recall = m (23)

- Sensitivity: (otherwise recognized as recall or true positive rate) is the measure of the model’s ability to cor-
rectly find true positive instances. It is calculated as follows:
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TP
Sensitivity = TP 1 FN (24)

- Specificity: also referred to as true negative rate, it is used to quantify the ability of the model to predict neg-
ative instances correctly. Mathematically, the specificity can be expressed as:

TN
Speci ficity = TN+ TP (25)

where TP refers to the true positive as the amount of images positively classified correctly, TN as true negatives
refers to the amount of images negatively labeled correctly, and FN is defined by the misleading label of actually
positive images, while FP is described by a positive label of an actually negative image. For multiclass classification,
a one-against-all approach is used, which is a generalized formula for the binary classification problem.

Experiments on Kaggle dataset

The proposed DDKPLS-ELM framework was validated using the Kaggle MRI dataset®?, which consists of 6,400
MRI images in four classes: non-demented (ND), very mildly demented (VMiD), mildly demented (MiD), and
moderately demented (MoD). The dataset consists of images with an original size of 176 x 208 pixels. Sample
images representing the four classes are presented in Fig. 6.

The dataset was split into an 80(%) training set (5,121 images) and a 20(%) testing set (1,278 images)
while ensuring a balanced distribution of classes. Initially, deep features were extracted using the pretrained
model ResNet-50, well suited to capture structural abnormalities associated with Alzheimer’s disease, such as
hippocampal atrophy and cortical thinning. The extracted features were then subjected to reduction through
DDKPLS, enhancing computational efficiency while preserving prominent discriminant information. Finally,
the reduced feature set was classified using the ELM classifier, which is characterized by a fast learning speed
with high accuracy.

The DDKPLS model is based on the RBF kernel, the expression of which can be found in Table 1. The optimal
scaling factor o corresponding to the kernel has been determined through application of TS algorithm as
discussed before. To demonstrate the efficacy of the DDKPLS approach, ELM classifier was paired with DDKPLS
for data classification. A 10-fold cross-validation (10-CV) procedure was adopted for our experiments. In our
tests, partitioning of 4 separate classes was applied. We have used the one-against-all method while performing
these experiments and defined no dementia as the reference group. The confusion matrix from the first run of
CV is shown in Fig. 7.

The performance metrics presented in the confusion matrix presented in Fig. 7) and from Table 3, alongside
the overall accuracy, sensitivity, and specificity values, highlight the effectiveness of the proposed DDKPLS-ELM
method in classifying different stages of AD from MRIs. The confusion matrix shows that the model performs
exceptionally well, especially when distinguishing “No dementia” (98.7%) and “Moderate AD” (100%). It
accurately identifies all “Moderate AD” cases, with no misclassifications, and reliably detects “No dementia” with
high precision. In addition, the model shows solid performance in the “Very mild AD” and “Mild AD” classes,
with only a small percentage of misclassifications, indicating its potential to effectively differentiate between
various stages of AD. These results highlight the model’s strong ability to classify AD stages with high accuracy,
demonstrating its promise for real-world clinical use.

The classification results indicate that the DDKPLS-ELM system that we propose performs well on all
dementia classes. The Non-Demented (ND) class attains a precision of 95.0% and an extraordinary recall of
98.7%, thus giving rise to a strong F1 score of 96.8%. This implies that the model is maximizing the true positives
with regard to non-demented individuals and minimizing false negatives, which is crucial in clinical diagnostics
to safeguard against the misclassifications of healthy individuals. For Very Mildly Demented (VMiD), the
precision is calculated at 91.3% and the recall at 90.5%, and hence the F1-score amounts to 90.9%. While these

() (d)

Fig. 6. Sample images of the four AD classes: (a) MID (b) MOD (c) ND (d) VMD.
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Fig. 7. Confusion matrix of DDKPLS-ELM.

Class | Accuracy (%) | Recall (%) | F1-Score (%) | Samples
ND 95.0 98.7 96.8 640
VMiD |91.3 90.5 90.9 448
MiD 95.5 92.4 93.9 179
MoD 100.0 100.0 100.0 12
Overall | 95.4 94.8 95.1 1,278

Table 3. Classification metrics for dementia categories.

scores lie slightly lower than those for ND, they remain commendable and become critically important for early
detection, where even slightest signs may escape casual observation. In the Mildly Demented (MiD) category,
high precision (95.5%) and recall (92.4%) yield an F1-score of 93.9%: thus, the model shows great potential
for distinguishing mild stages of dementia, which is vital for timely intervention and treatment planning.
Interestingly, the Moderately Demented (MoD) class achieved immaculate scores (100%) for precision, recall,
and F1-score. Despite the small support size (12 samples), it shows that the model can completely distinguish
certain moderate dementia cases without making mistakes. The overall performance of the system shows 95.4%
precision, 94.8% recall, and 95.1% F1-score, with a total of 1,278 samples. This verifies the effectiveness of the
DDKPLS-ELM framework for higher diagnostic accuracy for Alzheimer’s disease. The good performance of the
model, even at very early dementia stages, indicates its potential for clinical usage by supporting early diagnosis
and improving patient management.

The performance of the proposed DDKPLS method was evaluated in this work and compared with other
kernel-based dimensionality reduction algorithms for AD classification on the Kaggle MRI dataset and results
are presented in Table 4.

From the results shown in Table 4, we can see that DDKPLS performed better than traditional methods,
achieving the best sensitivity (94.8%), specificity (97.9%), accuracy (95.4%), and F1-score (93.8%). Compared to
PCA with low sensitivity (81.2%) but high specificity (92.0%) and PLS with good sensitivity (87.9%) but lowered
specificity (82.6%), DDKPLS brings a balanced performance in identifying AD and non-AD cases. Kernel-
based methods such as KPCA and KPLS improved on PCA and PLS, with KPLS achieving an accuracy score of
89.9%, demonstrating the merit of kernel transformations in feature extraction. Still, DDKPLS outperforms all
earlier methods by effectively reducing the dimensionality of extracted features while retaining the most relevant
information for classification. These results imply that the DDKPLS-based CAD system markedly improves
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Method | Sensitivity (%) | Specificity (%) | Accuracy (%) | F1 Score (%)
PCA 81.2 92.0 87.1 78.4
PLS 87.9 82.6 85.3 80.5
KPCA 86.4 89.9 87.2 82.4
KPLS 88.4 91.3 89.9 84.8
DDKPLS | 94.8 97.9 95.4 93.8

Table 4. Comparison of the proposed algorithm with other kernel-based methods using the Kaggle database.

Primary study | Dataset | Accuracy (%) | F1 score (%)
Khan et al.% ADNI | 86.84 -

Bangyal et al.® | Kaggle | 94.61 -
Lin et al.® ADNI 79.9 -
Marcus etal.® | ADNI | 75.1 -

Ghazal etal.®” | Kaggle |91.7 93.7
Sharma etal.®® | Kaggle |90.4 90.4
DDKPLS Kaggle | 95.4 93.8

Table 5. Comparison of various AD detection approaches.

diagnostic accuracy by limiting misdiagnosis and serves as an excellent candidate for early and trustworthy AD
detection in clinical uses.

The comparison of various methods of Alzheimer’s disease detection, based on accuracy and F1 score, is
summarized in Table 5. It provides a broad set of performances of different methods on different datasets,
highlighting the newly proposed DDKPLS-ELM method.

Table 5 compares the performance of varied approaches for detection of AD, particularly with respect to
accuracy and F1 score, which are defined as important metrics in diagnosing systems. The studies listed show that
AD detection using different datasets and methodologies were employed. The table indicates that the proposed
DDKPLS-elm method, which has achieved an accuracy of 95.4% and an F1 score of 93.8%, has outperformed
all studies mentioned. This shows that not only does the DDKPLS-based classifier exhibit superiority as far
as accuracy is concerned, but also it balances precision and recall, hence being a fairly good approach for AD
detection. The combination of the DDKPLS feature reduction followed by the ELM classification indicates an
intention to optimize performance from both accuracy and computational efficiency perspectives. The novelty
and efliciency of combining deep learning for feature extraction, DDKPLS for dimensionality reduction, and
ELM for classification for early AD detection are a major advancement in comparison with existing methods.

The proposed DDKPLS-ELM technique has several strengths that make it adapt for larger and more diverse
datasets. A major advantage of the DDKPLS model is its use of the RBF kernel, which captures complex non-
linear patterns. This is especially useful for larger datasets with variations in MRI quality, resolution, and patient
demographics. With increasing data, the ability of the proposed model to generalize is further supported by the
application of 10-fold cross-validation, ensuring that the model is tested on multiple subsets of the data to reduce
overfitting. The one-against-all method for multi-class classification, with a clear definition of “no dementia” as
the reference group is applied which ensures a consistent and reliable classification even as more diverse data
is introduced. In addition, the ELM classifier is ideal to handle larger datasets without sacrificing performance
thanks to its fast learning and strong generalization ability. The model can also be further enhance by employing
data augmentation techniques, which would help it adapt to different variations, making it more suitable to
diverse datasets. This is especially useful when dealing with MRIs from different clinical settings, scanners, or
patient groups.

To fully realize the potential of the DDKPLS-ELM framework, we need to explore how it performs in real-
world clinical settings. The system can significantly improve early AD detection by giving clinicians a reliable
and efficient tool for MRI analysis. Its fast and accurate processing of large imaging datasets can help streamline
diagnostics, allowing healthcare professionals to make quicker, more informed decisions. In some places, there
aren’t enough specialized radiologists. This framework can help by providing support and ensuring patients get
timely diagnoses, even with limited resources. By automating MRI analysis, the system helps reduce human
error and ensures more consistent, accurate results. Integrating it into clinical practice could improve patient
care, leading to earlier interventions and more personalized treatment for individuals affected by AD. The impact
of this framework depends on healthcare institutions using it. This will require ongoing teamwork with clinical
experts to make it easy to use and ensure it blends seamlessly into existing diagnostic routines.

Clinical integration and deployment considerations

The successful integration of the proposed DDKPLS-ELM framework into real-world clinical processes presents
both opportunities and challenges. With its impressive accuracy of 95.4% and an F1 score of 93.8%, the system
shows great promise in supporting clinicians with early AD detection. By delivering precise and efficient MRI
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image analysis, it could facilitate the decision-making process of physicians and enable better outcomes for
patients. By maintaining a strong balance between precision and recall without compromising efficiency, the
system proves to be a valuable support, especially in resource-constrained healthcare environments. However,
bringing this system into real-world clinical practice comes with important challenges. MRI scans vary between
healthcare institutions, which could affect performance. Using techniques like transfer learning or domain
adaptation can help ensure the model works well in different settings. Additionally, it's important for the
system’s decisions to be clear and understandable, especially for clinical use. Using explainable AI can improve
transparency and help build trust with healthcare professionals. It’s also important to ensure smooth integration
with hospital information systems and electronic health records (EHR), so the model supports existing workflows
rather than disrupting them. Moreover, it’s vital to carefully address regulatory requirements and patient data
privacy to ensure compliance with healthcare standards and guidelines. Despite these challenges, the impressive
results of the proposed framework demonstrate its strong potential for clinical use. Future efforts will focus on
enhancing its adaptability to different imaging environments, improving interpretability, and exploring practical
deployment strategies to support its adoption in real-world clinical settings.

Conclusion and future work

In this paper, we propose a novel method for selecting relevant features from MRIs for use in CAD systems.
The classification problem has been addressed so that the data are first modeled using the DDKPLS method
and then the MRIs are classified using ELM. In the current study, we have dealt with the issue of the huge
quantity of information that can be extracted from MRIs and which makes the computing time not acceptable
and which causes the detoriation of the classifier. The DDKPLS approach resembles the KPLS one. It reduces
the dimensionality of nonlinear process variables by projecting the data into a subspace with lower dimensions.
The idea is to ameliorate the performance of the CAD systems by modeling the data using the DDKPLS method.
The latter one has been put forward to deal with a nonlinear extension of PLS and provide better performances.
First, we applied the TS algorithm to select the optimal kernel parameter, ensuring the construction of the
best classifier for MRI classification. Once the parameter is selected, we build the DDKPLS model for feature
selection. The designed method has been coupled with ELM. The experimental results of diversified MRIs from
the Kaggle dataset have shown that the proposed DDKPL-ELM classifier presents the best accuracy rate and
the minimal computational cost compared to other known kernel-based methods. The results demonstrate the
effectiveness of the DKPLS-based classification methods over the linear PLS and PCA-based method and over
nonlinear KPLS and KPCA-based methods. In future work, we will ameliorate the suggested approach, we will
try to develop a classifier that focuses on detecting an early AD stage and we will investigate different medical
image modalities for AD.

Data availability
The datasets used in this study are publicly available on Kaggle at https://www.kaggle.com/.
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