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Abstract: Alzheimer’s disease is a significant cause of mortality in older 
adults. It is characterised by the accumulation of amyloid-β (Aβ) and 
hyperphosphorylated tau in the brain. Structural magnetic resonance imaging 
(MRI) can detect these progressive brain changes in the early stages. This work 
presented an improved 3D-VGG-16 deep neural network model fused with 
three machine learning classifiers: GPC, SVM, and RF. The improved  
3D-VGG-16 incorporated the dropout technique, removed fully connected 
layers, and replaced them with new ones. To train and test T1-weighted 3D 
MRI images were utilised, a total of 445 images where 239 (AD-69, CN-170) 
from ADNI and 206 (AD-136, HC-70) from MIRIAD. The models achieved 
accuracies of 98.75%, 97.5%, and 93.75% (ADNI), and 96.25%, 93.75%,  
and 91.25% (MIRIAD) for 3D-VGG-16+GPC, 3D-VGG-16+SVM, and  
3D-VGG-16+RF. The proposed model with dropout, 3D data adaption, and 
simultaneous data evaluation demonstrated accurate AD classification, 
especially with the GPC classifier. 
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1 Introduction 

The human brain is considered one of the body’s most vital and intricate organs. The 
brain serves numerous crucial functions, including generating ideas, solving problems, 
thinking, making decisions, imagining, and retaining memories. The process of retaining 
and recalling information or experiences is commonly called memory. Our physical 
memory system retains a comprehensive archive of our lives and shapes our personality 
and identity. Memory loss resulting from dementia and the incapacity to identify our 
surroundings can be an alarming and distressing experience. Alzheimer’s disease (AD) is 
the most widespread type of dementia (AlSaeed and Omar, 2022). AD is a 
neurodegenerative disorder that tends to occur more frequently in older individuals. This 
disease slowly and progressively destroys areas of the brain responsible for memory, 
learning, thinking, and behaviour, ultimately leading to cognitive decline. Unfortunately, 
there is currently no known cure for AD, and it is irreversible (Weiner et al., 2015). 
Dementia affects about 50 million individuals globally, and the expense of offering 
healthcare and social services to them is comparable to that of the 18th largest economy 
in the world (Christina, 2018). It is anticipated that the number of new cases of AD and 
other types of dementia will triple by the year 2050, resulting in a total of 152 million 
individuals affected worldwide. This projection suggests that a new case of dementia will 
develop every 3 seconds on average. 

Distinguishing AD from the normal ageing process can be difficult due to the 
similarity in symptoms between the two (Huang et al., 2020; Castellazzi et al., 2020). The 
specific factors accountable for the development of AD are still unknown. Although the 
precise factors responsible for AD are still unidentified, there are numerous local and 
global brain parameters that impact cognitive abilities, and biomarkers like Cerebrospinal 
fluid (CSF) can serve as indicators of an individual’s condition (Zimmermann et al., 
2018). One can identify these characteristics by utilising advanced neuroimaging 
techniques such as magnetic resonance imaging (MRI), functional MRI (fMRI), and 
positron emission tomography (PET). Various neuropsychological evaluation tests, such 
as the mini-mental state examinations (MMSE), Alzheimer’s disease assessment scale 
cognitive (ADAS-Cog), and clinical dementia rating (CDR), are utilised for identifying 
individuals with AD (Kurlowicz and Wallace, 1999; Salmon and Bondi, 2009). These 
techniques allow tracking small variations in specific brain structure regions. However, it 
can be challenging for doctors to predict AD patients since generalising the biomarker 
variations is difficult (Zimmermann et al., 2018). When facing such situations, utilising a 
machine learning (ML) model trained with multiple multi-modal features can prove to be 
helpful in the classification of AD (Zhang and Shen, 2012; Zhang and Shen, 2011). 

Numerous ML approaches were employed for AD classification, and the results of 
these models exhibited a considerable degree of efficacy. Conventional learning-based 
methods typically involve three phases: identifying brain region of interests (ROIs), 
selecting features from them, and building classification models. The key challenge in 
traditional learning techniques is feature engineering, where manual feature selection and 
extraction impact model performance. Many researchers used structural MRI feature 
extraction and selection for AD classification through various methods, including 
multiview learning using grey matter (GM) (Liu et al., 2016), ROIs with statistical test  
(t-test) (Krashenyi et al., 2016), fuzzy-possibilistic tissue segmentation (Lazli et al., 
2018), and speeded up robust features (SURF) with grey level co-occurrence matrix 
(GLCM) (Thulasi and Varghese, 2018). Deep learning (DL) methodology has brought a 
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revolutionary change in recent decades, significantly distinguishing it from traditional 
ML techniques (Ji et al., 2019). DL automated the feature extraction process by learning 
directly from images through neural networks, eliminating the need for human experts to 
extract features manually. Various DL techniques were used for automatic feature 
extraction and selection, including stacked auto encoder (SAE) (Liu et al., 2015),  
3D-CNN [volumetric CNN (VoxCNN) and residual neural network (ResNet)] (Korolev 
et al., 2017), convolutional neural network (CNN) (Gunawardena et al., 2017), CNN 
(AlexNet) (Lin et al., 2018), 3D-ConvNet (Backstrom et al., 2018), ResNet50+Softmax 
(AlSaeed and Omar, 2022), FreeSurfer (Rallabandi et al., 2020), and convolutional neural 
network (ConvNet) (Ji et al., 2019). In recent times, CNN-based techniques have 
achieved exceptional accuracy and precision in classifying images (Ji et al., 2019). 
Recent advancements in AD classification involved combining CNNs with transformers 
or using different versions of transformers. Several papers in this field included the 
cascaded multi-modal mixing transformer (Liu et al., 2023), CNN and Swin-transformer 
(Xin et al., 2023), optimised vision transformer (OViTAD) (Sarraf et al., 2023),  
joint transformer architecture (Alp et al., 2024), and longitudinal transformer (Chen et al., 
2024). Classifying AD with traditional ML is challenging due to unstructured data  
like images. These models struggle with insufficient data, class imbalance, and  
labour-intensive manual feature extraction, often resulting in overfitting and poor 
generalisability. While capable of automatic feature extraction, DL models require large 
datasets and significant computational resources. They are also prone to overfitting with 
limited data and are less interpretable due to their black-box nature. Both ML and DL 
models face difficulties in integrating into clinical workflows. Although DL architectures 
perform well, selecting the most suitable architecture is a persistent challenge due to 
problem-specific requirements. 

Considering this challenge, the hypothesis of this study is to present a fusion 
architecture integrating DL and ML with optimised dropout regularisation to accurately 
classify AD patients. The study will utilise renowned publicly available brain MRI image 
datasets, specifically the Alzheimer’s disease neuroimaging initiative (ADNI) and 
minimal interval resonance imaging in Alzheimer’s disease (MIRIAD). To fine-tune the 
parameters of the classifiers, a grid search approach will be implemented. A detailed 
investigation will be conducted to evaluate the performance of various classifiers in 
conjunction with the DL model. Data from both repositories will be employed 
concurrently in the proposed architecture. In this regard, a fusion architecture of an 
improved 3D-VGG-16 neural network and three ML classifiers is proposed. Compared to 
the original Visual Geometry Group-16 (VGG-16) architecture, the improved version is 
designed for Three-Dimensional (3D) data and uses a dropout regularisation technique. In 
this version, fully connected layers at the end of the model are removed and replaced with 
new ones. This improved 3D-VGG-16 architecture is used to extract essential features 
from input images. These extracted features are then fed into the ML classifiers. This 
work uses three ML classifiers: Gaussian process classifier (GPC), support vector 
machine (SVM), and random forest (RF). The performance of each classifier is evaluated 
and compared to determine the optimal pairing with the improved 3D-VGG-16 network. 
The key contributions of this work are given below: 
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• The study proposes a fusion architecture that combines an improved 3D-VGG-16 
network with three ML classifiers. This work uses GPC, SVM, and RF classifiers. 
Using Google Colab cloud services reduces the need for graphics processing unit 
(GPU) computing hardware. 

• This study uses an improved 3D-VGG-16 to extract essential input features for 
subsequent classification. The dropout regularisation used in 3D-VGG-16 optimises 
its performance. To further enhance the generalisability of the model, it is trained 
and tested with two datasets: ADNI and MIRIAD. 

• This work proposes three approaches: 3D-VGG-16+GPC, 3D-VGG-16+SVM, and 
3D-VGG-16+RF. Results show that 3D-VGG-16+GPC outperforms the other two 
for both datasets. 

• Parameter tuning is done through grid search to optimise the performance of 
classifiers further. 

2 Materials 

This research utilised two renowned publicly available brain MRI datasets known as 
ADNI (2003) and MIRIAD (2012). The details of both the datasets related to the data 
distribution are listed in Table 1. Both datasets are comprised of two categories, number 
of subjects, gender distribution of these subjects, age range of the selected subjects, and 
the number of MRI images corresponding to each category in these two different 
repositories. Data consist of two binary categories known as AD and cognitively normal 
(CN) or healthy control (HC). Here, CN and HC are analogous to each other in respect of 
different repositories. 
Table 1 Demographic information of dataset from ADNI and MIRIAD 

Dataset Category Subjects Gender Age Number of 
MRI images 

ADNI AD 34 13M, 21F 57–90 69 
 CN 99 53M, 46F 60–91 170 
MIRIAD AD 46 19M, 27F 62–76 136 
 HC 23 12M, 11F 62–76 70 

In the ADNI dataset, approximately 26% of subjects belong to the AD category and 74% 
to the CN category. In the MIRIAD dataset, about 67% of subjects belong to the AD 
category and 33% to the HC category. In ADNI, there are 48% more CN subjects than 
AD subjects, while in MIRIAD, 34% more AD subjects than HC subjects. In the AD 
category, female subjects outnumber male subjects by 24% in ADNI and 18% in 
MIRIAD. In the CN/HC category, male subjects outnumber female subjects by 6% in 
ADNI and 4% in MIRIAD. The ages of all subjects from both datasets range from 57 to 
91. Overall, 445 MRI images were collected, with 239 from ADNI and 206 from 
MIRIAD. A further, more detailed description of this dataset is presented in subsequent 
subsections. 
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2.1 ADNI 

This study utilises structural MRI data sourced from the publicly available ADNI 
database (ADNI, 2003). ADNI researchers had collected and integrated multi-modal data 
covering various stages of AD. Their primary aim was to explore the potential fusion of 
MRI, fMRI, PET, genetic data, and clinical assessments to investigate the human brain’s 
structural and functional aspects. This was ultimately aimed at potentially curing AD. 
The ADNI dataset was acquired to illustrate the effectiveness of the proposed 
architecture. This dataset includes T1-weighted 3D MRI images with dimensions of  
192 × 192 × 160, with the first two dimensions representing a two-dimensional (2D) 
image’s dimensions and the third dimension representing the total slices in an MRI scan. 
It encompasses a total of 133 subjects, including 69 AD scans and 170 CN scans. 

2.2 MIRIAD 

The publicly available MIRIAD dataset comprises 206 MRI brain scans, including  
46 AD and 23 HC subjects. This dataset consists of 3D T1-weighted MRI images sized at 
256 × 256 × 124. The images were acquired using a 3D T1-weighted inversion recovery 
prepared fast spoiled gradient Recalled (IR-FSPGR) sequence with a 24 cm field of view 
and 1.5 mm coronal partitions. The scans employed a repetition time (TR) of 15 ms, an 
echo time (TE) of 5.4 ms, a flip angle of 15 degrees, and an inversion time (TI) of  
650 ms (MIRIAD, 2012). Notably, the datasets did not specify the AD stage in the AD 
patient images. In these experiments, multiple images from a single patient were treated 
as independent, similar to images from different patients. 

3 Proposed methodology 

This section presented the methodology for developing an automatic AD classification 
system using a fusion architecture. Figure 1 illustrates the proposed system framework. 
The process started with the pre-processing of 3D T1-weighted brain MRI images from 
two datasets, ADNI and MIRIAD, which included AD and CN/HC images.  
Pre-processing involved skull-stripping, intensity normalisation, and down-sampling. 
Next, features were extracted from these pre-processed images using an improved  
3D-VGG-16 neural network architecture. These features were then classified using three 
different algorithms: GPC, SVM, and RF. Finally, the performance of these classifiers 
was evaluated and compared to determine the most effective fusion architecture for AD 
classification. 
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Figure 1 Framework of the proposed automatic system 

 

3.1 MRI data pre-processing 

The 3D T1-weighted brain MRI images underwent three preprocessing stages:  
skull-stripping, intensity normalisation, and down-sampling. Skull-stripping utilised the 
Brain Surface Extractor (BSE) tool developed by Shattuck et al. (2001), which was 
integrated into BrainSuite (Shattuck and Leahy, 2002). This tool effectively distinguished 
brain and non-brain regions through diffusion filtering, Marr-Hildreth edge detection, and 
morphological operations, completing the extraction rapidly in approximately 3.5 (± 0.4) 
seconds (Rehman et al., 2020). Its efficiency has led to its widespread adoption for MRI 
skull-stripping in various studies (Hwang et al., 2019; Roy and Maji, 2015; Laha et al., 
2018). Next, intensity normalisation reduced pixel value variations across different scans. 
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This normalisation provided various advantages, such as preventing larger numbers from 
eliminating smaller ones, mitigating the negative effects of outliers, and facilitating faster 
neural network convergence. To achieve this, the following formula was utilised: 

, ,
, ,

min( )
max( ) min( )

x y z
x y z

OV OV
V

OV OV
−

=
−

 (1) 

where Vx, y, z denoted the voxel value at coordinates (x, y, z) in the resulting image, and 
OVx, y, z represented the original image with its complete set of pixel values (Fan et al., 
2021). Down-sampling was then performed to reduce the MRI scan size. This entailed 
removing slices lacking sufficient information after skull-stripping. The initial and ending 
slices generally contained very little information, with the most essential information 
found in the middle slices. Therefore, 40 slices from the beginning and end of the ADNI 
dataset were removed. Similarly, 31 slices from the beginning and end of the MIRIAD 
dataset were removed. This process reduced the dimensions of MRI scans to 192 × 192 × 
80 and 256 × 256 × 62 for ADNI and MIRIAD, respectively. See Figure 2 for a visual 
overview of the MRI scan pre-processing. 

Figure 2 Pre-processing framework of MRI scans 
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3.2 Improved 3D-VGG-16 architecture 

Pre-processed MRI images were then ready for crucial feature extraction using the 
improved 3D-VGG-16 architecture. This section explained the proposed method’s 
architecture and how it differed from the original VGG-16 architecture. 

Original VGG-16 
VGG-16 is a deep CNN for image classification, comprising 13 convolutional layers,  
5 max-pooling layers, and 3 FCs. It learned intricate features via convolutions, pooling, 
and Fully Connected layers (FCs), yielding a class probability distribution using a 
softmax activation function. This was expressed as: 

( )( )( )2 1( )3 f xfy softmax f=  (2) 

where x denoted the input image, f1, f2, and f3 represented the convolutional, max pooling, 
and FC layers, respectively, and y signified the resulting probability distribution across 
classes (Simonyan and Zisserman, 2015). Figure 3 shows the original VGG-16 
architecture (Rohini, 2021; Khuyen, 2021). 

Figure 3 Original VGG-16 architecture (see online version for colours) 
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Improved 3D-VGG-16 
Several modifications were applied to improve the VGG-16 architecture for our task. 
First, this architecture was designed for 3D datasets, so it is named 3D-VGG-16. To 
design the 3D-VGG-16, 3-dimensional convolutional filters and max-pooling were used 
to ensure compatibility with 3D datasets. The number of filters in each convolutional 
layer is indicated in brackets in Figure 4. For example, ‘Conv 1-1 (64)’ means the first 
block’s first layer used 64 filters, where the first number represents the block number, the 
second number represents the layer number within that block, and the number in brackets 
represents the filters used in that layer. Second, this architecture used a dropout 
regularisation technique to optimise its performance. Dropout regularisation is a 
technique used in training neural networks to prevent overfitting. During training, 
dropout worked by randomly ‘dropping out’ or ignoring a certain percentage of neurons 
in the network for each iteration. This meant that each training iteration updated the 
model using a slightly different subset of neurons, forcing the network to become less 
reliant on specific neurons and to learn more robust features. By preventing the network 
from depending too heavily on particular neurons, dropout helped the model generalise 
better to new data, ultimately improving its performance. Third, the original VGG-16 
included three FC layers with 40,96, 4,096, and 1,000 units after the 13th convolutional 
layer. However, these FC layers were removed, and new FCs were added. The last FC 
layer originally had 1,000 units designed to classify 1,000 classes. Since this task 
involved binary classification, the FC layers were modified accordingly. The improved 
version of the VGG-16 architecture is shown in Figure 4. This architecture was used for 
feature extraction; these features were further applied to ML classifiers – GPC, SVM, and 
RF. These classifiers are discussed in detail further. 

Figure 4 Proposed improved 3D-VGG-16 architecture (see online version for colours) 

 

The proposed network architecture includes five convolutional blocks, each block 
consisting of two to three convolutional layers (Conv) with ReLU activation functions, 
followed by max-pooling layers for spatial downsampling and dropout layers for 
regularisation to prevent overfitting. Dropout rates varied from 0.1 to 0.3. Different 
dropout rates were used for convolutional blocks: 0.1 for conv1, 0.2 for conv2 and conv3 
blocks, and 0.3 for conv4 and conv5 blocks. The output layer used a 0.3 dropout rate. The 
convolutional filters increased in number progressively across the blocks, with 64, 128, 
256, and 512 filters, respectively. After the final convolutional block, the feature maps 
were flattened and passed through a fully connected dense layer with 512 units, followed 
by a dropout layer. The network concluded with a softmax layer for binary classification,  
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outputting probabilities for AD and CN categories for both the ADNI and MIRIAD 
datasets. In this architecture, both datasets were applied simultaneously at the input, and 
the classification output was displayed simultaneously at the output. So, this architecture 
has one more benefit: it acts as a multiple input and output architecture. 

3.3 ML classifiers 

Various ML classifiers, such as SVM, RF, AdaBoost, decision tree, K-nearest neighbour 
(KNN), Gaussian Naive Bayes, quadratic discriminant analysis (QDA), and GPC, were 
available. The extracted feature set from the 3D-VGG-16 model was applied to all these 
classifiers to find the best three classifiers. Out of all these classifiers, GPC, SVM, and 
RF performed much better than other classifiers. So, these three classifiers were selected 
for this work. 

GPC 
A Gaussian process involves random variables, with an infinite number having a joint 
Gaussian distribution (Rasmussen and Williams, 2005). Unlike Gaussian distribution for 
vectors, it deals with functions defined by a mean function μ(x) = E[Y(x)] and a 
covariance function k(x, x′) = E[(Y(x) –μ(x))(Y(x′) –μ(x′))] (Williams and Barber, 1998). 
Like SVM, various kernel functions can be the covariance function for Gaussian 
processes. A commonly used form is 

( )2
1

1

1( , ) exp
2

d

l l l
l

k x x θ w x x θ
=

  
 
  

′ ′= − − +  (3) 

Here, xl represents the lth element of x, and θ = (θ°, θ°, w1, …, wd) represents the positive 
hyperparameters of the covariance function. The GP model’s output spans the real axis, 
but a transfer function can be applied to map it to the (0, 1) interval, representing the 
probability of class 1. For binary classification, the logistic function y = σ(a) is commonly 
employed as the transfer function, where σ(a) = 1/(1 + e–a)). Unlike regression, which 
uses the Gaussian distribution, classification employs the Bernoulli distribution to 
characterise the probability distribution over the target value t ∈ {0, 1}, where  
t ~ Bern(σ(a)). In two-class problems, calculating the predictive distribution is essential 
for making predictions. 

( ) ( ) ( )

( )
* * * * *

* * *

1 | 1 |

 

P t t P t a P a t da

σ P a t da

= = =

=




 (4) 

where a* = a(x*), and σ* = σ(a*) (Wang et al., 2009). 

SVM 
The SVM classifier maximises the margin around the hyperplane (wT x + b) that separates 
samples from different classes. Here, w is the weight vector, x is the input vector, and  
b is the bias term (Vapnik, 2013). Each sample i = 1, …, m, consists of an  
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N-dimensional feature vector xi and a class label yi ∈ {+1, –1}. Maximising the margin is 
equivalent to minimising this expression: 

* * * 2
, ,

1

1, , arg min || ||
2

m

w b ξ i
i

w b ξ w C ξ
=

= +   (5) 

( )s.t. 1 ; 0; 1, ...,T
i i i iy w x b ξ ξ i m+ ≥ − =≥  

In the soft-margin SVM equation, parameter C determines the weight of the 
misclassification penalty ξi within the margin. The final weight vector w* represents the 
combined influence of all features on the classifier (Bron et al., 2015). 

RF 
A RF classifier comprises multiple decision tree classification models, {h(x, θk), k = 1, 2, 
3, …, N}, where each parameter {θk} is a distinct stochastic vector. Given an independent 
variable X, a decision tree classification model is selected through a voting process to 
determine the optimal classification result (Sun et al., 2021). During tree construction, 
features are chosen randomly, and the Gini index G(T) for a specific feature is calculated 
using equation (6). 

2

1

( ) 1
c

i
i

G T p
=

= −  (6) 

The equation uses ‘c’ for the number of classes and ‘pi’ for the class ‘i’ proportion in T. 
The split node is determined by selecting the feature with the lowest Gini index. This 
decision tree ranks features, helping the RF selection algorithm choose the most relevant 
ones, reducing computation time, and improving classification accuracy (Thushara et al., 
2020). 

3.4 Performance analysis 

The effectiveness of the proposed methodology was evaluated using several key 
parameters, including accuracy (ACC), sensitivity (SEN), specificity (SPE), precision, 
recall, and F-measure (F1-score). These parameters were defined based on the counts of 
true positive (TP), true negative (TN), false positive (FP), and false negative (FN) as 
specified in equations (7)–(11) (AlSaeed and Omar, 2022; Hwang et al., 2019; Beheshti 
et al., 2017; KP and P, 2022): 

TP TNACC
TP FP FN TN

+=
+ + +

 (7) 

/ Re TPSEN call
TP FN
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 (8) 
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TNSPE
TN FP

=
+

 (9) 

TPPrecision
TP FP

=
+

 (10) 

( )- 2
( )

precision recallF measure
precision recall

∗= ∗
+

 (11) 

4 Experimental results and discussion 

This section presented the experimental setup and results, including software and 
hardware configuration details. It discussed the 3D-VGG-16 model for feature extraction 
and GPC, SVM, and RF classifiers for classification. To validate the proposed 
architecture, computed outcomes were compared with other techniques. 

4.1 Experimental configuration 

The experiments were conducted in a Python environment using Google Colaboratory 
Pro (Google Colaboratory, n.d.), which offered a hosted GPU for Python code execution. 
Python libraries, including TensorFlow (n.d.), Keras (Medium, n.d.), Scikit-learn 
(Medium, n.d.), Numpy (Medium, n.d.), and Nibabel (Neuroimaging in Python – 
NiBabel 5.3.0.dev5+g773e3c40 Documentation, n.d.), were employed. The study focused 
on brain anatomy analysis using ADNI (2003) and MIRIAD (2012) MRI datasets in the 
Neuroimaging Informatics Technology Initiative (NIFTI) format. The analysis of these 
images focused particularly on the coronal plane (x-z plane), which was known to 
provide advantages (Park and Moon, 2016). The dataset was randomly divided into the 
ratio 75:25 for training and testing. A weight initialisation technique was applied to 
mitigate the vanishing gradient problem. Adam optimiser was used here with default 
parameters β1 = 0.9 and β2 = 0.999, and it is initialised with a learning rate of 0.0001. 
Different dropout rates were used for different convolutional layers. 0.1 for conv1  
block, 0.2 for conv2 and conv3 block, and 0.3 for conv4 and conv5 block is used. The 
3D-VGG-16 model used categorical cross-entropy loss and a dropout rate of 0.3 for the 
output layer. During training, the learning rate was reduced by 20% if validation accuracy 
remained stagnant for ten consecutive epochs. Early stopping halted training if validation 
loss didn’t decrease for 30 consecutive epochs. The hyperparameter selected for the 
model’s training is stated in Table 2. A grid search method was used to select these 
specific parameters. Various combinations of parameters were trialled and tested to 
choose the selected parameters. With the help of these parameters, the proposed model 
achieved optimised results. 
 

 

 

 



   

 

   

   
 

   

   

 

   

    Alzheimer’s disease classification 13    
 

    
 
 

   

   
 

   

   

 

   

       
 

Table 2 Hyperparameters used for the proposed model 

Regularisation technique Dropout 
Model 3D-VGG-16 
Learning rate 0.0001 
No. of epochs 300 
Batch size 16 
Loss function Categorical cross-entropy 
Optimiser Adam 
Dropout rate 0.1, 0.2, 0.3 
Activation function ReLu, Softmax 

4.2 Performance analysis 

Various experiments aimed to find the best 3D-VGG-16 and classifier model 
combination for efficient AD classification. Fusion architecture used various ML 
classifiers: 3D-VGG-16+GPC, 3D-VGG-16+SVM, and 3D-VGG-16+RF. To implement 
this approach, classifiers’ parameters required tuning for optimisation through a grid 
search across various combinations. The GPC and SVM classifiers utilised radial basis 
function (RBF) and Linear kernels, necessitating tuning of ‘c’ and ‘gamma’ for SVM, 
‘n_estimators’ and ‘max_depth’ for RF, and ‘gamma value’ for GPC’s RBF kernel. 
These parameter values were chosen from [c = 0.0001, 0.001, 0.01, 0.1, 1, 10, 100, 
1,000], [gamma = 0.0001, 0.001, 0.01, 0.1, 1, 10, 100, 1,000], [n_estimators = 5, 6, 7, 8, 
9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20], [max_depth = 5, 6, 7, 8, 9], and [gamma 
value = 0.11, 0.22, 0.33, 0.44, 0.55, 0.6, 0.7, 0.8, 0.9, 1.0]. Figure 5 illustrates the 
parameter tuning process for optimising classification accuracy using GPC, SVM, and 
RF classifiers. Each graph displayed the classification accuracy of the ADNI and 
MIRIAD datasets for different parameter combinations. In the GPC graph, accuracy 
improved with tuning and peaked at around 0.987 for ADNI and 0.962 for MIRIAD. The 
SVM graph showed a steady increase in accuracy, reaching 0.975 for ADNI and 0.937 
for MIRIAD. Similarly, the RF graph indicated that accuracy improved with tuning, 
achieving approximately 0.937 for ADNI and 0.912 for MIRIAD. In summary, tuning 
parameters enhanced accuracy for all classifiers, with GPC achieving the highest 
accuracy on both datasets. 
Table 3 Performance of classifiers on ADNI and MIRIAD 

Dataset Model Classifiers Accuracy Sensitivity Specificity Precision F-measure 
ADNI 3D-VGG-16 GPC 98.75 99.9 97.5 99.9 98.73 
 3D-VGG-16 SVM 97.5 99.9 95 97.5 97.56 
 3D-VGG-16 RF 93.75 95 92.5 94.9 93.82 
MIRIAD 3D-VGG-16 GPC 96.25 92.5 99.9 95.12 96.10 
 3D-VGG-16 SVM 93.75 99.9 87.5 92.7 94 
 3D-VGG-16 RF 91.25 85 97.5 90.24 90.66 
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Figure 5 Parameter tuning to achieve best classification accuracy with (a) GPC (b) SVM and  
(c) RF classifiers (see online version for colours) 

  
(a)     (b) 

 
(c) 

Table 3 presents the classifier’s performance based on the selected parameters after  
fine-tuning. For the ADNI dataset, 3D-VGG-16+GPC achieved an accuracy of 98.75%, 
sensitivity of 99.9%, specificity of 97.5%, precision of 99.9%, and F-measure of 98.73%. 
In comparison, 3D-VGG-16+SVM performed well but not as effectively as 3D-VGG-
16+GPC, with parameters of 97.5%, 99.9%, 95%, 97.5%, and 97.56%. 3D-VGG-16+RF 
exhibited slightly lower performance than both classifiers, with metrics of 93.75%, 95%, 
92.5%, 94.9%, and 93.82%. Similarly, for the MIRIAD dataset, 3D-VGG-16+GPC 
achieved an accuracy of 96.25%, sensitivity of 92.5%, specificity of 99.9%, precision of 
95.12%, and F-measure of 96.1%. The 3D-VGG-16+SVM performed well but not better 
than the 3D-VGG-16+GPC, with parameters of 93.75%, 99.9%, 87.5%, 92.7%, and 94%. 
The performance of 3D-VGG-16+RF was slightly lower than that of both classifiers, with 
metrics of 91.25%, 85%, 97.5%, 90.24%, and 90.66%. The results indicated that the GPC 
classifier performs better than SVM and RF for both datasets. The confusion matrices for 
all approaches are shown in Figure 6. Each matrix compared actual and predicted 
classifications: Figures 6(a) and 6(d) showed results for 3D-VGG-16 with GPC,  
Figures 6(b) and 6(e) used SVM, and 6(c) and 6(f) used RF. For the ADNI dataset, the 
models achieved high accuracies: Figures 6(a) and 6(b) both had much better 
classification, with only one and two misclassifications each, while Figure 6(c) showed 
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slightly more errors. For the MIRIAD dataset, Figure 6(d) maintained high accuracy with 
only three errors, Figure 6(e) had slightly more misclassifications, and Figure 6(f) 
showed the highest error rate among the models. These results implied that while all 
models performed well, the GPC were generally more accurate in distinguishing AD 
from CN subjects. Additionally, Table 4 presents class-specific performance using the 
confusion matrix for the 3D-VGG-16+GPC classifier on both datasets. This showed that 
the GPC classifier maintained consistent performance for both classes in the datasets. All 
classifiers illustrated consistently impressive performance, with GPC exhibiting the 
highest accuracy, followed by SVM and RF. These results indicated that the proposed 
model could perform effectively with different datasets. 

Figure 6 Confusion matrices, (a) 3D-VGG-16+GPC (b) 3D-VGG-16+SVM, and  
(c) 3D-VGG-16+RF for ADNI dataset and (d) 3D-VGG-16+GPC  
(e) 3D-VGG-16+SVM, and (f) 3D-VGG-16+RF for MIRIAD dataset (see online 
version for colours) 

 
(a) (b) (c) 

 
(d) (e) (f) 

Table 4 3D-VGG-16+GPC experimental results with ADNI and MIRIAD 

Dataset Category Precision Recall F1-score Support  
(sample count) 

ADNI CN 97.56 99.9 98.72 40 
 AD 99.9 97.5 98.69 40 
 Accuracy   98.75 80 
 Macro avg 98.73 98.7 98.74 80 
 Weighted avg 98.73 98.7 98.74 80 
MIRIAD HC 99.9 92.5 96.06 40 
 AD 93.02 99.9 96.34 40 
 Accuracy   96.25 80 
 Macro avg 96.51 96.25 96.24 80 
 Weighted avg 96.51 96.25 96.24 80 
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Figure 7 Graphical analysis of classification performance based on ROC, PR, KS statistic plot 
for (a), (b), (c) GPC and (d), (c), (f) SVM classifier (see online version for colours) 

  
(a)     (b) 

   
(c)     (d) 

  
(e)     (f) 
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Figure 8 Graphical analysis of classification performance based on ROC, PR, KS statistic plot 
for (a), (b), (c) RF classifier, calibration plot for (d) MIRIAD and (e) ADNI dataset 
(see online version for colours) 

  
(a)     (b) 

  
(c)     (d) 

 
(e) 
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Figures 7 and 8 present graphical analyses illustrating the effectiveness of the architecture 
in classification. The Receiver Operating Characteristic (ROC) curve assessed the True 
Positive Rate- False Positive Rate (TPR-FPR) trade-off for binary classification models. 
The precision-recall (PR) curve evaluated the balance between precision and recall. The 
Kolmogorov-Smirnov (KS) statistic plot compared data distribution differences between 
the two sets. Calibration plots evaluated the alignment between predicted probabilities 
and actual outcomes, indicating the reliability of probability estimates and potential bias. 
Models with a larger area under the curve (AUC) values in the ROC and PR curves were 
deemed to have better predictive power. The AUC values of the ROC curves for GPC, 
SVM, and RF classifiers were 0.99, 0.99, and 0.97, respectively. Similarly, the AUC 
values of the PR curves for GPC, SVM, and RF classifiers were 0.995, 0.988, and 0.974, 
respectively. The GPC classifier demonstrated a higher AUC value than the SVM and RF 
classifiers. Models with higher KS statistic values demonstrated superior discriminatory 
power. The KS statistic values for the GPC, SVM, and RF classifiers were 0.925, 0.90, 
and 0.875, respectively. The GPC classifier exhibited a greater KS statistic value than the 
SVM and RF classifiers. Hence, the analysis highlights that the GPC classifier 
outperformed the SVM and RF classifiers. 

4.3 Comparison with other studies 

The suggested approach has demonstrated promising results on both datasets, using three 
different classifiers for performance assessment. These outcomes underline the 
effectiveness of our approach, which is further compared to state-of-the-art techniques. 
Table 5 presents the performance comparison between our proposed method and other 
techniques. The 3D-VGG-16 based approach achieved better performance, particularly 
with 3D-VGG-16+GPC, achieving an accuracy of 98.75%, nearly on par with 
ResNet50+Softmax (AlSaeed and Omar, 2022). Similarly, 3D-VGG-16+SVM and  
3D-VGG-16+RF also delivered impressive results compared to SVM-based (Liu et al., 
2016; Lazli et al., 2018; Lin et al., 2018; Rallabandi et al., 2020; AlSaeed and Omar, 
2022) and ResNet50+RF (AlSaeed and Omar, 2022) techniques. Figure 9 compared 
various methods based on their feature extraction and classification strategies. Our 
approach combined DL and ML, using a DL architecture for feature extraction and an 
ML classifier for classification. The comparison revealed that our approach performed 
better than other DL+ML and ML-based techniques. It achieved better results than 
specific DL-based methods (Liu et al., 2015; Korolev et al., 2017;  Backstrom et al., 
2018) and was nearly equivalent to others (Ji et al., 2019; AlSaeed and Omar, 2022). 
Thus, our approach exhibited better performance than other methods. 
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Table 5 Performance comparison of the proposed approach with other techniques 
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Figure 9 Performance comparison of our approach with techniques uses, (a) ML for feature 
extraction and classification (b) DL for feature extraction and classification (c) DL for 
feature extraction and ML for classification (see online version for colours) 

  
(a)     (b) 

  
(c) 

4.4 Discussion 

The study proposed a fusion architecture by combining 3D-VGG-16 with three ML 
classifiers, resulting in three fused models. Among them, the 3D-VGG-16 + GPC model 
demonstrated better performance. The dropout regularisation in the 3D-VGG-16 and 
parameter tuning of classifiers through grid search significantly optimised the model’s 
performance. Evaluations with the ADNI and MIRIAD datasets showed that the  
3D-VGG-16+GPC model outperformed SVM and RF classifiers in accuracy, sensitivity, 
specificity, precision, and F-measure. Table 3 shows the evaluated parametric values for 
both datasets. For ADNI data, the GPC classifier achieved the highest accuracy (98.75%), 
specificity (97.5%), precision (99.9%), and F-measure (98.73%). The highest sensitivity, 
at 99.9%, was attained by both the GPC and SVM classifiers. For MIRIAD data, the GPC 
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classifier again achieved the highest accuracy (96.25%), specificity (99.9%), precision 
(95.12%), and F-measure (96.10%), while the SVM classifier achieved the highest 
sensitivity (99.9%). These results indicate that the GPC classifier outperformed SVM and 
RF for AD classification across both datasets. 

Comparing results with other state-of-the-art techniques highlighted the 
advancements brought by the proposed model. Liu et al. (2016) reported 93.83% 
accuracy using multiview learning with GM + SVM on the ADNI dataset, which is 
substantially lower than the 98.75% achieved by the GPC classifier. Lazli et al. (2018) 
achieved 73% accuracy using Fuzzy-Possibilistic Segmentation + SVM, indicating a 
significant performance gap. Liu et al. (2015) achieved 91.40% accuracy with SAE + 
Softmax, and Korolev et al. (2017) reported 79% and 80% accuracy using VoxCNN + 
Softmax and ResNet + Softmax, respectively. Lin et al. (2018) achieved 90% accuracy 
with AlexNet + SVM, while Ji et al. (2019) reported 98.59% accuracy using ResNet50, 
NASNet, and MobileNet + Softmax. Backstrom et al. (2018) achieved 98.37% accuracy 
using 3D ConvNet + Softmax, and AlSaeed and Omar (2022) reported 92% and 85.7% 
accuracy using ResNet50 + SVM and ResNet50 + RF, respectively. The proposed 
approach 3D-VGG-16 + GPC model performed better than all these methods, except for 
a comparable accuracy of 99% reported by AlSaeed and Omar (2022) using ResNet50 + 
Softmax. These results highlight the effectiveness and potential of the 3D-VGG-16 + 
GPC model for clinical application. 

The graphical analysis of different performance metrics provided further validation. 
The ROC curves for each classifier showed that the 3D-VGG-16+GPC model 
consistently achieved a higher AUC across both datasets, indicating better performance in 
distinguishing between AD and non-AD cases. The PR curves also showed higher PR 
values for the GPC classifier compared to others, validating its reliability and accuracy. 
Integrating DL with traditional ML classifiers significantly enhanced AD classification. 
The high sensitivity and specificity of the GPC classifier implied a substantial reduction 
in misdiagnoses, which was crucial for improving patient outcomes. Accurate and early 
detection of AD is critical for effective disease management and treatment planning. The 
proposed model’s consistent high accuracy and reliability across different datasets 
suggested robust potential for clinical application. In summary, the 3D-VGG-16+GPC 
model excelled in classifying AD, surpassing other models and recent studies. Results 
from various metrics and graphical analyses highlight the model’s robustness and 
reliability. This approach highlights the benefits of combining DL feature extraction with 
advanced ML classifiers. The key findings of the work are summarised below. 

• The best fusion architecture is 3D-VGG-16+GPC, followed by SVM and RF. 

• Dropout regularisation enhanced generalisability, resulting in consistent performance 
across both datasets. 

• ROC, PR, and KS statistic plots validated the proposed approach. The AUC values 
were 0.99 for ROC, 0.995 for PR, and 0.925 for the KS statistic. These high AUC 
and KS statistic values indicated the reliability and robustness of the 3D-VGG-16 
model for AD classification. 

• Compared to state-of-the-art methods, the proposed architecture outperformed all 
except for ResNet50+Softmax (AlSaeed and Omar, 2022), which showed 
comparable performance. 
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The key differences of the proposed architecture compared to existing ones are as 
follows. 

• Dropout was used in every layer of the architecture with varying rates. 

• Classifier parameters were tuned using the grid search method. 

• The proposed 3D-VGG-16 architecture was designed for 3D data, unlike the original 
VGG16, which was for 2D data. 

• It was trained and tested with ADNI and MIRIAD datasets. 

• Both datasets were applied, and their outcomes were evaluated simultaneously. 

On the basis of the detailed investigation of the proposed model’s performances, it is 
inferred that 3D-VGG-16+GPC achieved better values for the different metrics as 
compared to the others. The final conclusions, including various limitations of this study 
and future directions, are presented in the next section. 

5 Conclusions 

This work introduces an improved 3D-VGG-16 architecture for early-stage AD 
classification using structural MRI images. 3D-VGG-16 is used for feature engineering 
tasks that involve crucial input feature extraction. The extracted features are utilised  
for classification using GPC, SVM, and RF classifiers. The three approaches,  
3D-VGG-16+GPC, 3D-VGG-16+SVM, and 3D-VGG-16+RF, are trained and tested on 
MRI images from the ADNI and MIRIAD datasets. The effectiveness of the approaches 
is examined using various performance metrics such as ACC, SEN, SPE, F-measure, and 
precision. The accuracies attained for 3D-VGG-16+GPC, 3D-VGG-16+SVM, and  
3D-VGG-16+RF are 98.75%, 97.5%, and 93.75% using the ADNI dataset and 96.25%, 
93.75%, and 91.25% using MIRIAD dataset, respectively. The models’ performances are 
analysed using metrics such as ROC, PR, and KS-statistic curves. The 3D-VGG-16+GPC 
model shows higher AUC values for ROC (0.99), PR (0.995) curves, and KS statistic 
value (0.925) as compared to the other two models. The investigation of results highlights 
that the 3D-VGG-16+GPC classifier performs better than the 3D-VGG-16+SVM and 
3D-VGG-16+RF. The class-specific performance of 3D-VGG-16+GPC, as per the 
confusion matrices for both datasets, shows consistent performance for both classes. All 
three classifiers illustrate impressive performance, where GPC exhibits the highest 
accuracy, followed by SVM and RF. These results indicate that the proposed fusion 
architecture can perform effectively with multiple datasets. While the proposed model 
demonstrated significant improvements, certain limitations still need to be addressed. 
Despite achieving a 98.75% accuracy, further enhancement is possible. Selecting varying 
dropout rates for each layer is time-consuming which requires numerous experiments. 
The proposed model only performs binary classification and is not designed for survival 
analysis. This opens the door for future research on techniques like transformers to refine 
AD classification performance. Another promising direction is to explore an adaptive or 
guided dropout technique to automatically select the optimal rate for different layers. In 
future, this research work will be expanded to include multi-class with various modalities 
and to perform survival analysis for disease progression with time. 
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Appendix 

Table A1 List of abbreviations 

Abbreviation Full Form Abbreviation Full form 
MRI Magnetic resonance 

imaging 
AUC Area under the curve 

AD Alzheimer’s disease MIRIAD Minimal interval resonance 
imaging in Alzheimer’s disease 

ML Machine learning 2D Two-dimensional 
DL Deep learning CN Cognitively normal 
GPC Gaussian process classifier HC Healthy controls 
SVM Support vector machine 3D Three-dimensional 
RF Random forest IR-FSPGR Inversion recovery prepared fast 

spoiled gradient recalled 
ADNI Alzheimer’s disease 

neuroimaging initiative 
TR Repetition time 

VGG Visual geometry group TE Echo time 
CSF Cerebrospinal fluids TI Inversion time 
fMRI Functional MRI BSE Brain Surface Extractor 
PET Positron emission 

tomography 
FCs Fully connected layers 

MMSE Mini-mental state 
examinations 

ACC Accuracy 

ADAS-Cog Alzheimer’s disease 
assessment scale cognitive 

SEN Sensitivity 

CDR Clinical dementia rating SPE Specificity 
ROIs Region of interests TP True positive 
sMRI Structural mri TN True negative 
GM Grey matter FP False positive 
SURF Speeded up robust features FN False negative 
SAE Stacked auto encoder GPU Graphics processing unit 
ConvNet/CNN Convolutional neural 

network 
NIFTI Neuroimaging informatics 

technology initiative 
VoxCNN Volumetric cnn RBF Radial basis function 
ResNet Residual neural network GLCM Grey level co-occurrence matrix 
ROC Receiver operating 

characteristic 
TPR True positive rate 

KS Kolmogorov-Smirnov FPR False positive rate 

 


