Turkish Journal of Science & Technology Research Paper
19(1), 223-235, 2024 https://doi.org/10.55525/tjst.1396312

Use of 3D-CAPSNET and RNN models for 4D fMRI-based Alzheimer’s Disease Pre-detection

Ali ISMAIL!, Gonca Gok¢e MENEKSE DALVEREN **
I Graduate School of Natural and Applied Sciences, Atilim University, Ankara, Turkiye
2 Software Engineering Department, Engineering Faculty, Atilim University, Ankara, Turkiye
! alykotbb95@gmail.com, *? gonca.menekse@atilim.edu.tr

(Gelis/Received: 27/11/2023; Kabul/Accepted: 15/03/2024)

Abstract: Predicting Alzheimer's disease (AD) at an early stage can assist more successfully prevent cognitive decline.
Numerous investigations have focused on utilizing various convolutional neural network (CNN)-based techniques for
automated diagnosis of AD through resting-state functional magnetic resonance imaging (rs-fMRI). Two main constraints face
the methodologies presented in these studies. First, overfitting occurs due to the small size of fMRI datasets. Second, an
effective modeling of the 4D information from fMRI sessions is required. In order to represent the 4D information, some studies
used the deep learning techniques on functional connectivity matrices created from fMRI data, or on fMRI data as distinct 2D
slices or 3D volumes. However, this results in information loss in both types of methods. In order to model the spatiotemporal
(4D) information of fMRI data for AD diagnosis, a new model based on the capsule network (CapsNet) and recurrent neural
network (RNN) is proposed in this study. To assess the suggested model's effectiveness, experiments were run. The findings
show that the suggested model could classify AD against normal control (NC) and late mild cognitive impairment (IMCI)
against early mild cognitive impairment (eMCI) with accuracy rates of 94.5% and 61.8%, respectively.

Key words: Alzheimer’s disease preliminary diagnosis, machine learning, magnetic resonance imaging,
convolutional neural network, recurrent neural network.

4B fMRI Tabanh Alzheimer Hastaliginin On Tespiti icin 3B-CAPSNET ve RNN Modellerinin
Kullanilmasi

Oz: Alzheimer hastaligimn (AH) ilerlemesinin erken tahmini, bilissel gerilemenin daha etkili bir sekilde yavaslatilmasina
yardimei olabilmektedir. Dinlenme durumu fonksiyonel manyetik rezonans gériintiileme (dd-fMRG) kullanilarak otomatik AH
tanist igin evrisimli sinir aglarma (ESA) dayali farkli yontemlerin uygulanmasina yonelik gesitli calismalar yapilmistir. Bu
calismalarda tanitilan yontemler iki biiyiik zorlukla karsilagmaktadir. Birincisi, fMRG veri kiimeleri kiigiik boyutta oldugundan
agirt uyum gozlemlenebilmektedir. Tkincisi, fMRG oturumlarinin 4 boyutlu (4B) bilgilerinin verimli bir sekilde modellenmesi
gerekmektedir. Calismalardan bazilari, derin 6grenme yontemlerini, 4B bilgiyi modellemek i¢cin fMRG verilerinden olusturulan
fonksiyonel baglanti matrislerine veya ayr1 2B dilimler veya 3B hacimler olarak fMRG verilerine uygulamistir. Ancak bu
durumun her iki yontem tiiriinde de bilgi kaybina neden oldugu gézlemlenmistir. Bu ¢alismada, AD tanisi i¢in fMRG verilerinin
uzay-zamansal (4B) bilgilerini modellemek amactyla Kapsiil ag1 (CapsNet) ve tekrarlayan sinir agini1 (RNN) temel alan yeni
bir model énerilmektedir. Onerilen modelin etkinligini degerlendirmek igin deneyler yapilmistir. Sonuglara gére, dnerilen
modelin AH’na kars1 normal kontrol (NK) ve geg hafif biligsel bozukluk (GHBB) ile erken hafif bilissel bozukluk (EHBB)
smiflandirma gorevlerinde sirasiyla %94.5 ve %61.8 dogruluk elde edebildigi goriilmiistiir.

Anahtar kelimeler: Alzheimer hastalif1 tespiti, makine 6grenmesi, manyetik rezonans goriintiileme, evrisimli sinir aglari,
yinelemeli sinir agi.

1. Introduction
1.1 Preamble

Alzheimer’s disease (AD) is the sixth cause of death among older people in the United States [1]. It is expected
that the over-60 population will become 2 billion by 2050 which will be 21% of the world’s population after it
was 8% in 1950 [2]. This reveals a massive increase in the number of people affected by Alzheimer’s disease
estimated to be 100 million by 2050 [3]. AD is the most common type of dementia, it is a neurodegenerative
disease that occurs as a result of changes in amyloid and tau protein levels causing a disability of communication
between neurons and cell death in different brain regions resulting in the loss of cognitive abilities. Several brain
regions can be damaged due to AD as well as a reduction in some neurotransmitters. As a result, the functionality
for which a certain region or a neurotransmitter is responsible for is affected. For example, the hippocampus is
responsible for learning and memory, and it is more likely to get damaged before other regions. Also,
Acetylcholine (ACh), a neurotransmitter responsible for memory and learning is decreased in concentration. Other
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regions that are affected by AD include the left medial orbital part of the superior frontal gyrus, left caudate
nucleus, right middle frontal gyrus, left orbital part of the Inferior frontal gyrus, left triangular part of the inferior
frontal gyrus, and left inferior temporal gyrus [4]. Till now, there is no treatment for this disease, but an early
prediction of conversion to AD helps slow down the progression of dementia more effectively. Changes in the
brain associated with AD begin 20 years before AD symptoms appear [1]. It is more helpful for patients to predict
the progression of a patient from mild cognitive impairment (MCI) stage toward AD than distinguishing AD from
health normal control (NC) (see Figure 1 [5]). MCI is the cognitive decline stage before AD immediately, where
subjects in this stage suffer from mild cognitive ability loss but they are still able to do their daily activities without
any sign of dementia. This stage is categorized into early MCI (eMCI) and late MCI (IMCI). Another way of
categorizing subjects in this stage is to divide them into stable MCI (sMCI) and progressive MCI (pMCI) based
on developing AD or staying stable in a follow-up period [4]. The development of AD always occurs in a time
range of 6 to 36 months. However, diagnosis of Alzheimer’s disease in its early stages is more challenging than in
later ones, as distinguishing between sMCI and pMCI or IMCI and eMCI is very hard due to the high similarities
between brain changes in the distinguished cases.

A Whole-brain Activation Areas in Older Controls and Alzheimer Patients

B Medial Temporal Activation Areas in Older Controls and Alzheimer Patients
L;-24,-4,-28

. Older Controls Alzheimer Patients

Figure 1. Demonstrates the increase in fMRI activity in neocortical (A) and medial temporal (B) brain areas
of Alzheimer’s disease (in red) relative to healthy older control subjects (in yellow) [5].

The human brain consists of multiple regions that interact with each other, neurodegenerative diseases such
as AD are associated with a change in different brain regions’ activity as well as the interaction patterns between
different brain regions known as functional connectivity networks [6]. Different from structural magnetic
resonance imaging (sSMRI) (known traditionally as MRI) which scans the brain’s anatomical structure, functional
magnetic resonance imaging (fMRI) scans brain activity by capturing the blood oxygenation level-dependent
(BOLD) signal as the indicator for brain activity. The information on the brain’s functional disturbance provided
by fMRI proved to be very helpful with the diagnosis of several brain diseases at an early stage, as brain activity
changes happening as a result of AD or any of its previous cognitive decline stages happen earlier than structural
(anatomical) changes scanned by sSMRI [7]. There are two kinds of fMRI: resting-state fMRI (rs-fMRI) and task-
based fMRI. In rs-fMRI, the session is recorded while the subject is at rest. While in task-based fMRI, the subject
performs some cognitive tasks during the session. The majority of studies use rs-fMRI for automated AD diagnosis
due to being easier to obtain as the subjects are not performing any task which also reduces the motion artifacts
making the pre-processing of fMRI data less complicated. Still, fMRI is not yet reliable in the clinical diagnosis
of AD due to two major problems. First, sophisticated statistical analysis is required for useful information
extraction from raw fMRI. Second, the difficulty of fMRI visualization due to its complicated data structure. Here
comes the role of applying deep learning to fMRI images for automated medical diagnosis as a step toward making
fMRI applicable in clinical practice. An fMRI session is captured as a time series of brain volumes. In the literature,
very few studies investigated applying deep learning in fMRI-based AD diagnosis. The brain activity information
recorded by fMRI can be complementary with other neuroimaging biomarkers such as MRI and positron emission
tomography (PET) for more accurate diagnosis. However, it is still early to rely on fMRI for clinical diagnosis of
AD. Several challenges need to be overcome to make fMRI usage in automated diagnosis reliable and trustable.
An fMRI session is captured as a time series of brain volumes. Hence, one of the main challenges is the overfitting
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problem that goes back to training complex 4D models on fMRI datasets that are always available with small sizes
to capture the spatial and temporal features of the fMRI time-series [7].

1.2. Related Work and Contribution

For more than a decade, various machine learning methods have been proposed for automated AD diagnosis
based on rs-fMRI data. The first conventional approach introduced in the literature was using Pearson’s correlation
coefficients between pairs of brain regions to construct a functional connectivity (FC) network (matrix)
representing the temporal functional relationships between different brain regions from an fMRI scan after using
regions of interest (ROI) template (e.g., AAL) to extract the regions between which the connectivity network is of
the analysis interest. Each element in this matrix denotes the Pearson correlation coefficient between the time
series of a pair of ROIs. Then, using a feature extractor to extract from the FC matrices the discriminative features
to be used in training a machine learning model for classifying different AD stages. For example, Jie et al. applied
a graph-kernel method to FC networks to measure the topological similarity between different subjects as a feature
extractor to train an SVM for classification [8]. Different from previous studies that used a single SVM, Bi et al.
proposed a random SVM cluster to overcome the information loss problem encountered with a single SVM [9].
Each SVM in the cluster is built by randomly selecting a set of samples and their FC features achieving higher
feature diversity. To categorize a sample, the prediction by the majority of the multiple SVMs is used. Jie et al.
constructed dynamic connectivity networks (DCNs) and extracted both temporal variability features (e.g., the
temporal correlation between brain regions) and spatial variability features (e.g., spatial variability within a
specific brain region) neglected by most of the studies that existed before [6]. They used a manifold regularized
multi-task feature learning model to extract the most important features on which a multi-kernel SVM was trained
for disease classification.

However, the aforementioned methods have the disadvantages of feature extraction and the classifier’s
training being performed as two separate processes in addition to performing feature extraction in a handcrafted
manner, which degrades the classification performance. Thanks to deep learning, both processes can be
automatically combined into a single training process. Hence, the literature shifted toward applying deep learning
methods, particularly convolutional neural networks (CNNs) to FC networks directly leading to significantly better
classification accuracy, as feature extraction is directed by the classification feedback through the training process.
Also, deep neural networks are capable of learning more hidden disease-related patterns. For example, He et al.
constructed an FC matrix by calculating the time series correlation coefficient between each pair of brain regions
based on both the variance of the mean value of all voxel time series in the two brain regions over time and the
covariance of the time series mean value of the two brain regions [10]. Then, feeding the adjacency matrix of each
subject into a simplified instance of 3D-MobileNet [11] architecture. In another study, Duc et al. applied ICA to
fMRI data to generate an FC matrix representing the time-series correlations between 16 different independent
components (brain regions) for each subject [12]. Then, from these matrices, 3D ICA feature maps were obtained
using dual regression and fed into a 3D VGG-Net model. With another approach to decrease the fMRI dataset’s
small size overfitting effect, Wang et al. utilized PCANet [13] on FC matrices [14]. The choice of PCA was due
to its unsupervised nature that eliminates its need for feedback adjustment parameters, making it an efficient choice
for small datasets. Lin et al. introduced their end-to-end CRNN framework where they combined a CNN with an
LSTM to model the 4D information [15]. They applied CNNs to dynamic FC (dFC) networks for extracting the
temporal features based on which an LSTM was used to model the sequential information of the dFC networks.
To perform the spatiotemporal analysis avoiding the 4D information complexity and model the 4D features at the
same time, Jia et al. used mReHo transformation [16] that represents the whole time series of volumes as a single
volume [17]. In the study, a 3D-PCANet was trained on the mReHo volumes as the classifier model. Due to the
small size of the fMRI dataset, a disparity in sample distribution is encountered causing overfitting. As a solution
for this problem, graph autoencoder (GAE) was applied over a node-edge connectivity graph that represents each
node’s (brain region) connectivity profile over the time series [18]. Graph theory helps to model the spatiotemporal
pairwise correlation between brain regions by encoding the nodes and edges of a graph into a latent vector space
to capture hidden information despite the disparity of a dataset. The GAE was trained as the generator part of a
generative adversarial network (GAN) [19] that reconstructs the brain connectivity graphs to enforce the GAE to
better learn the connectivity graph features benefiting from the discriminator’s loss. In [20], a 3D-CNN was trained
on fMRI images, and the temporal dimension was neglected. While Wang et al. applied a 2D-CNN to ROIs and
then passed the extracted spatial features from sequential fMRI volumes to an LSTM to model the temporal
features, they neglected the third spatial dimension [21].

Despite the classification performance improvement achieved by applying CNNs to FC networks or mReHo
representations, both representations have the drawback of losing some spatial and temporal information. Also,
applying 3D-CNNs to the fMRI session’s volumes separately neglects the temporal dimension totally, and
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applying 2D-CNNs to fMRI volumes’ slices neglects the third spatial dimension resulting in information loss in
both cases. To preserve both spatial and temporal information, Li et al. introduced a concatenation of a 3D-CNN
with an LSTM applied directly to fMRI scans [22]. In this model, the spatial feature maps generated by the 3D-
CNN from all volumes along the fMRI time-series are passed sequentially to the LSTM to model the temporal
relationship along the fMRI time-series. To model the 4D information, eliminating the complexity of the CNN-
RNN combination, Parmar et al. designed a 3D CNN with the first two convolutional layers ofa (1 X 1 x 1) kernel
to learn the temporal features hierarchically [7], then the spatial features of the volumes in the time-series were
learned through the following layers. Although CNN-based methods achieved efficient results being the best in
fMRI-based AD diagnosis, an overfitting problem still exists, especially when applying CNNs to small-size
datasets, which is always the case for most of the medical datasets, including fMRIs.

In this study, to develop an effective method for early-stage diagnosis of AD we introduce a CapsNet-RNN
model to efficiently learn the spatiotemporal features of fMRI data for AD diagnosis tackling the small-size dataset
problem that causes overfitting. We propose to utilize an enhanced version of CNNs called Capsule Network
(CapsNet) introduced by Sabour et al. [23] as a solution to the overfitting problem encountered with traditional
CNNs, combined with a recurrent neural network (RNN) to model the 4D information of fMRI sessions. In other
words, to address the issue of overfitting in medical datasets, such as fMRIs, the Capsule Network (CapsNet), a
modified version of traditional CNNs created specifically for this use, was combined with an RNN to simulate the
spatiotemporal characteristics of fMRI data. The spatial characteristics of every volume in an fMRI time-series
were extracted using CapsNet to create a feature vector. Next, to simulate the temporal features along the fMRI
volume time-series, the vectors of the time-series are successively input to an RNN. CapsNet was introduced with
two main modifications to solve two major problems in traditional CNNs. First, it replaces the scalar feature
detectors lacking efficient representation of the spatial correlation between different entities (shapes) produced by
a conventional CNN with the capsule concept, dividing output feature maps into several groups and viewing each
group of the output feature maps as a grid of capsules. Each capsule outputs a vector and the length of a vector
indicates the probability that the entity (shape) represented by its capsule exists at this capsule’s location in an
image, while the orientation of this vector encodes different properties of the entity such as pose, position, size,
orientation, deformation, and texture. Second, instead of the pooling operation that results in information loss, it
applies a routing-by-agreement algorithm to alleviate this problem and model the relationship between lower-level
entities constructing higher-level ones in the image features hierarchy. In our proposed CapsNet-RNN model, the
CapsNet outputs a feature vector representing the spatial features of each volume in the fMRI time series. The
vector of each volume is then given to an RNN to model the temporal dependency information between the fMRI
volume sequences. The proposed model is able to achieve 94.5% and 61.8% accuracy for the AD vs. NC and IMCI
vs. eMCI classification tasks, respectively.

2. Proposed Model

In this section, firstly, CapsNet and RNN models are overviewed to comprehend the structure of the proposed
model. Then, the architecture of the proposed model is explained.

2.1. CapsNet

CNNs have proven to be efficient with image classification, especially in the medical domain. However,
CNNe s still suffer from some drawbacks that are more obvious with small datasets, which is almost the case for
medical image datasets. CNNs suffer from two major drawbacks [23]: first, they use scalar feature detectors, which
do not efficiently capture the spatial relationships between different entities. This makes CNNis less robust to affine
transformations, which means that a CNN needs to be trained on a big dataset containing most, if not all, possible
transformations, while medical datasets like fMRIs are usually of small size with respect to a deep learning model’s
number of parameters, which causes the trained model to overfit the dataset. The second drawback is performing
pooling after each convolutional layer to reduce the number of parameters for achieving a lower computational
complexity. This reduction of parameters results in precise position information loss. To solve these issues,
CapsNet applies two concepts: vector-output capsules and routing-by-agreement as a replacement for scalar
feature detectors and max-pooling operation, respectively.

2.1.1. Vector-output capsules

A CapsNet can have one or more convolutional capsule layers; each layer performs convolution on the
resulting convolutional capsules (feature maps) from the previous layer. Convolution is used to maintain the shared

226



Ali [SMAIL, Gonca Gokge MENEKSE DALVEREN

weight property of CNNs (knowledge replication across space) by learning the reusable feature detectors across
the entire image. Each convolutional capsule represents a shape entity, where a convolutional capsule is a group
of N feature maps; the number of these feature maps is referred to as the number of atoms. This group of N feature
maps can be viewed as a grid of capsules, each capsule outputting a vector. At each location on this grid, there is
a capsule’s N-dimensional output vector that consists of the feature detectors at the same location across this group
of N feature maps forming the convolutional capsule. The length of a capsule’s output vector represents the
probability of the existence of the entity (e.g., rectangle, triangle, etc.) represented by its convolutional capsule at
this capsule’s location. While the orientation of the capsule’s output vector encodes various properties of the entity
it represents, including different types of instantiation parameters such as pose, position, size, orientation,
deformation, and texture. The capsules of each convolutional capsule layer represent a set of entities at a certain
level in a hierarchy of shape complexity, where the entities in a higher layer are constituents of entities from the
layer below.

2.1.2. Routing-by-agreement

To assign parts to the wholes, an algorithm called routing-by-agreement is used to couple each capsule
representing an entity in a capsule layer with the capsules of the entities (parts) in the layer below. This routing-
by-agreement process iteratively takes place between each capsule layer and its previous layer for a defined
number of iterations within a single training iteration for the whole network. There is a coupling coefficient
between each capsule in the capsule layer and each capsule in the lower layer, indicating the extent to which a
lower-level capsule (entity) is probably a part of a higher-level capsule. The input to a capsule s; is calculated as

a weighted sum over all “prediction vectors” Wy; for this capsule. These prediction vectors are calculated by
multiplying the output vectors u; of all capsules in the layer below by a weight matrix W;; that is learned through

the training process as in (1) [23]:
s; = i Cijlj; u;; = Wju,. (1)

The following squashing function is applied to capsule input vectors to shrink their values slightly below 1
as they are used as probability values as follows in (2):

Is;l* s; @

T sl

=~

where a capsule j receives an input s; and outputs a vector v;. The summation of prediction vectors ;; is weighted
by coupling coefficients c;; and the coupling coefficients between capsule i and all the capsules in the layer above
sum to 1. A coupling coefficient ¢;; is computed by a “routing softmax” whose initial logits are log prior
probabilities b;; that a capsule i should be coupled to capsule j as in (3):

_ exp(bi)-)
U Zgexp )
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The logits b;; are initially set to zero, and their optimal values are learned iteratively through the dynamic
routing-by-agreement process based on measuring the agreement between a capsule output v; and the prediction
vector U;; from capsule i. The agreement is calculated as the scalar product a;; = v; - Uj;, then added to the
current logit b;; to calculate the new logits and coupling coefficient values for the following iteration and so on.
The routing-by-agreement algorithm is demonstrated in Table 1.
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Table 1. Routing algorithm.

Routing algorithm

1: ROUTING(T;;, 7, 1)

2 for all capsule { in layer [ and capsule j in layer (I + 1): b;; « 0.

3 for r iterations do

4: for all capsule i in layer I: C; « softmax(b;) P softmax computes Eq. 3

5 for all capsule j in layer (I +1): S; « %; C;; l7]-|i

6 for all capsule j in layer (I + 1): V; « squash(S;) » squash computes Eq. |

7 for all capsule i in layer [ and capsule j in layer (I + 1): b;; « by; + Uj“-. V;
return V;

2.2 Recurrent Neural Networks

RNNs are used to label, classify, or generate sequences. Data is input to an RNN as a sequence of feature
vectors [24]. An RNN can be used to predict a class for each feature vector in the sequence or to predict a class
for the whole sequence. RNNs are used with any kind of data that contains sequential dependencies. Therefore,
RNNs s are used for applications like natural language processing and forecasting time series.

2.3 Proposed Model

The proposed model consists of two parts: a CapsNet to capture the spatial features of volumes in the fMRI
time series, followed by an RNN to capture the temporal features across the time series. CapsNet first receives an
fMRI time series sample of five volumes to extract the spatial features from each volume as a 32D feature vector.
Then, these five vectors are fed sequentially into the RNN to model the temporal features of this volume sequence,

followed by a fully connected layer for final prediction.

2.3.1. CapsNet Architecture

We designed our CapsNet architecture to start with a convolutional layer with a 3D kernel of size 5, stride 1,
valid (zero) padding, and 16 output channels, followed by 2 other convolutional layers with a 3D kernel of size 5,
stride 2, valid padding, 32 and 64 output channels, respectively. The convolutional layers are followed by 3
convolutional capsule layers; the output of each is 32 convolutional capsules, each consisting of 8 atoms. Note
that the size of a convolutional capsule’s grid in a convolutional capsule layer is the size of the feature maps
generated from the convolution operation in this layer, and the number of capsules in a convolutional capsule’s
grid is equal to the size of this grid. Each convolutional capsule layer has a 3D kernel of size 3, stride 2, and
padding 1. The architecture of the CapsNet is illustrated in Figure 2. It should be noted that the number of
convolutional capsules from the previous layer to the first convolutional capsule layer is equal to 1, as the previous
one is a traditional convolutional layer.
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Output: 32 capsules with a size of 8 atoms

3 Final capsule layer

]
]

3D kernel of size5, 3D kernel of size5, 3D kernel of size5,

stride 1, stride 2, stride 1,

padding 0, padding 0, padding 0, 3D kernel of size3, Two 16D Capsules
16 output channels 32 output channels 64 output channels stride 2,

padding 1

32D Flattened vector

Figure 2. The CapsNet architecture used in the proposed model consisting of a convolutional layer with a
3D kernel of size 5, stride 1, valid (zero) padding, and 16 output channels, followed by 2 other convolutional
layers with a 3D kernel of size 5, stride 2, valid padding, 32 and 64 output channels, followed by 3 convolutional
capsule layers.

Between every two capsules in two consecutive convolutional capsule layers, there should be a weight matrix,
as explained in Section 2.1.2. Thus, it is expected to have a number of weight matrices equal to (number of
convolutional capsules in the lower layer X number of convolutional capsules in the higher layer x grid dimension
of the lower convolutional capsule layer x grid dimension of the higher convolutional capsule layer), which means
an explosive number of parameters. To reduce the number of parameters and replicate knowledge across space, an
approach is applied. Based on this approach, a set of filters convolving the convolutional capsules in the lower
layer was used, like traditional convolution, which replaces a set of pixels equal to the kernel size by a pixel, a set
of capsules is replaced by a capsule. Thus, the weights between the capsules of two convolutional capsule
(convolutional capsule) layers are the weights of convolutional filters (playing the role of weight matrices W;;
mentioned in Section 2.1.2).

The final layer in the CapsNet stage of the proposed model is composed of two 16D capsules; each of these
two capsules outputs a 16D vector, where two vectors represent the spatial features of an fMRI volume, not acting
as class capsules like the original CapsNet architecture introduced in [23]. Here, the capsules in the last
convolutional capsule layer use a separate weight matrix W;; between each capsule i in this layer and each capsule

j in the final layer of CapsNet. No convolution is applied between these two layers.
2.3.2 Recurrent Neural Network Architecture

In our model, we used an RNN to model the fMRI time series properties. Therefore, the two output vectors
by CapsNet representing the spatial features of each volume are flattened as a single 32D vector, then all the
flattened vectors are fed as a sequence to the RNN for modeling the temporal features of the volumes’ time series.
In the RNN architecture, there is a single layer with 64 hidden cells. Finally, the output of the RNN is passed to a
fully connected layer with a single neuron, after which a sigmoid function is applied to perform the binary
classification. Overall, the architecture of the proposed model based on CapsNet and RNN is illustrated in Figure
3.
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Tl | CapsNet ) RNN

T2 CapsNet | RNN

Tn‘ CapsNet ) RNN FC Class Label

Figure 3. The architecture of the Vproposed model with an RNN to model the fMRI time series properties.
3. Experiments

3.1. Dataset and Pre-processing

Experiments were performed in order to evaluate the efficiency of the proposed model. In the experiments,
rs-fMRI data acquired from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database [25] was used. The
rs-fMRI dataset contains four classes of a total of 147 subjects, including 34 AD subjects, 34 NC subjects, and 80
MCI subjects divided into 40 eMCI and 40 IMCI. For each subject, 140 volumes were acquired in a session, with
each volume consisting of 36 — 48 slices. Each slice is of size 64 x 64, slice thickness is 3.1 mm, TE (echo time)
is 30 ms, and TR (repetition time) is 2200 — 3100 ms. The rs-fMRI dataset was pre-processed using the SPM 12
toolbox [26] and MATLAB 2022b. The pre-processing steps included removing the first three volumes for
magnetization equilibrium, head motion correction, slice timing correction, and spatial smoothing by a Gaussian
kernel with a full-width-at-half-maximum (FWHM) of 6 mm. Finally, fMRIs were co-registered with T1-weighted
MRIs of the same subjects to normalize the fMRIs onto the standard 152 Montreal Neurological Institute (152
MNI) space. By the end of this process, the dimension of fMRI volumes is changed from 64 % 64 x 48 to 61 x 73
x 61 due to the deformations applied by the spatial normalization module to register the images into the standard
space.

3.1. Implementation Details

The Python-based Pytorch framework was used to implement and train the proposed model. Besides, Google
Colab Pro was used to perform the experiments, utilizing the NVIDIA A-100 GPU with 40 GB of RAM and 83.5
GB of CPU RAM. The proposed model was trained for two binary classification tasks: AD vs. NC and IMCI vs.
eMCI classifications. Binary cross-entropy was used as a loss function for the proposed model. The model was
trained using the Adam optimizer with a learning rate of le-6 and L2 regularization to prevent overfitting with a
regularization coefficient of 0.1. The training was completed in 20 and 15 epochs (to avoid overfitting) for the AD
vs. NC and IMCI vs. eMCI tasks, respectively. Moreover, the batch size was set to 2 for both classification tasks.
The proposed model was trained for nearly 1 hour and 10 minutes. It should be noted that the number of parameters
in our model is 4.4 M parameters. Furthermore, the GPU RAM consumption was 1.9 GB, and the CPU RAM
consumption used mainly for holding the dataset was 49.5 GB and 43.9 GB for AD vs. NC and IMCI vs. eMCI
tasks, respectively.

Before the implementation, the dataset was divided into three categories: 70% as training data, 10% as
validation data, and the remaining 20% as testing data. The proposed model was trained on 34 AD, 34 NC, 40
IMCI, and 40 eMCI subjects, taking a maximum of three sessions and two sessions from each subject in AD vs.
NC and IMCI vs. eMCI, respectively, due to memory constraints. Following an approach applied in [7], we
obtained the first 100 volumes from each session after the pre-processing stage and divided these 100 volumes
into 20 samples to have 5-volume time-series samples. Obtaining five samples from a single session increases the
number of trainable samples, leading to a higher generalization of the proposed model. Thus, 1680 AD, 1680 NC,
1460 IMCI, and 1460 eMCI samples were obtained to carry out the experiments.
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3.2 Results
3.2.1. Classification performance

The classification accuracy achieved by the proposed model for the two binary classification tasks is given in
Table 2. For the AD vs. NC classification task, it is clear that the proposed model achieved the accuracy at 100%,
100%, and 94.5% for training, validation, and testing datasets, respectively. For the IMCI vs. eMCI task, it
achieved the accuracy at 99%, 64.3%, and 61.8% accuracies for training, validation, and testing datasets,
respectively.

The loss and accuracy curves for the AD vs. NC task are plotted in Figure 4 and 5, respectively, and for the
IMC vs. eMCI task in Figure 6 and 7, respectively.

Table 2. Classification accuracy of the proposed model.

Accuracy AD vs. NC IMCI vs. eMCI
Training 100% 99%
Validation 100% 64.3%
Test 94.5% 61.8%
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Figure 4. Loss curves of AD vs. NC.

3.2.2. Comparison with State-of-the-Art Methods

In this section, the accuracy of the proposed method is compared with several state-of-the-art methods
proposed in the literature. We can see from Table 3 that the proposed model performs comparably well in terms
of testing accuracy to the recent studies for the AD vs. NC task. Besides, it can be seen that nearly all the models
reach high accuracies with the AD vs. NC task, while there is still a gap between the accuracies achieved by our
study and studies [6], [21] when performing IMCI vs. eMCI classification and those achieved by nearly all studies
in the AD vs. NC task. Thus, the IMCI vs. eMCI task and its similar sMCI vs. pMCI are reported to be challenging
tasks in the literature [4]. Hence, the authors are planning to consider enhancing the accuracy of the IMCI vs. eMCI
task in the near future.
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Figure 5. Accuracy curves of AD vs. NC.
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Figure 6. Loss curves of IMCI vs. eMCI.
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Figure 7. Accuracy curves of IMCI vs. eMCI.
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Table 3. Comparison with other studies.

Study Method Agcvs. IMCI vs. eMCI pMCI vs. sMCI Multi-Class
He et al. [10] ZD'CNEaifiElésed toFC 93% N/A N/A N/A
3D-CNN applied to 3D-
Duc et al. [12] ICA feature maps based on 85.27% N/A N/A N/A
FC networks.
Multi-task feature
Jie et al. [6] learning+SVM applied to N/A 78.8% N/A N/A
FC networks.
War[11g4e]t al. PCANfItl;;;?CléfS:d to FC 88% 100% N/A N/A
Jiaetal [17] | PCANetapplied to mReHO 80% N/A N/A N/A
transformation images.
. . Graph-CNN applied to
erak[l;(ér]h ctal brain connectivity node- 97.1% N/A N/A N/A
edge graph.
. CNN+LSTM applied to FC o AD vs eMCI vs IMCI
Linetal. [15] networks 92.8% N/A N/A Vs NC: 61.7%
2D-CNN-+LSTM applied to AD VS#%,/: s. NC:
. . o o .
Wang et al. [21] overlappllré%}vmdows of 90.28% 79.36% N/A AD vs. eMCI vs. IMCI
8. vs. NC: 60.67%
. § + i :
Lietal 220 | Nkt voumes timeeries. | 21377 NA NA M
A special configuration of
Parmar et al. [7] 3D-CNN to model the 4D AD vs. eMCI vs. IMCI
information applied to N/A N/A N/A vs. NC: 93%
fMRI volumes time-series.
Our study CapsNet +RNN applied to 94.5% 61.8% N/A N/A
fMRI volumes time-series.

As discussed earlier, there are two aims behind combining a CapsNet with an RNN in the same model. The
first is to model the 4D information by applying the model directly to the time series of fMRI volumes in order to
avoid information loss associated with applying CNNs to FC networks or mReHo transformation images, and the
second is to overcome the overfitting problem that occurs with traditional CNNs that was replaced with CapsNet.
From the comparison results, it has been observed that the proposed model and the studies introduced in [7] and
[22], which model the 4D information from the fMRI volume sequence directly, were able to achieve better
accuracies than the models introduced in [10], [12], [14], [15] (which apply CNNs to FC networks), and [17] (that
apply CNNs to mReHO images). Moreover, despite CapsNet being designed to achieve better generalization than
traditional CNNs, the method which applies CNNs with LSTM directly to fMRI volumes [22] still achieves better
accuracy than our model. Hence, we concluded that some enhancement is required in the pre-processing stage to
improve the performance of our model, which can be considered as a future work.

4. Discussion

The proposed CapsNet-RNN-based model exhibits a high capability of generalization and learning more
hidden patterns of interest from a small dataset and in a relatively small number of epochs. In addition, it efficiently
models the 4D information of fMRI sessions, which is unique to fMRI different from other neuroimaging
modalities.

Medical datasets generally suffer from being of small size including brain neuroimaging datasets. This is due
to several reasons, such as the difficulty of acquiring medical datasets from a wide range of subjects and privacy
and data protection concerns. Here, the role of CapsNet comes as a solution to one of the CNNs’ drawbacks that
becomes more obvious with smaller datasets. CNNs suffer from a lack of capturing sufficient affine transformation
features, as discussed earlier resulting in an overfitting problem. CapsNet with its representation of shape entities
as vectors and applying the routing-by-agreement algorithm can efficiently learn the relationship features of
assigning parts to wholes, which alleviates the need for big datasets to learn all possible affine transformations as
in the case of CNNs.

Regarding fMRI data, the CapsNet-RNN models both brain activity dynamic changes within a specific region
and dynamic FC between different regions across the fMRI time series. It does not need to construct FC matrices
as a pre-processing step, where it learns the spatiotemporal features entirely through the training process performed
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directly on fMRI images. Thus, it avoids the information loss associated with constructing FC networks or just
taking into account the spatial features and neglecting the temporal ones.

This relatively high accuracy reached in less than 20 epochs with the AD vs. NC task reveals the powerfulness
of CapsNet to generalize and converge in a relatively small number of epochs with small-size datasets. Similarly,
CapsNet converged to the desired classification accuracy in 10 epochs in another study utilizing it in a multi-class
brain tumor classification [27]. The promising results of CapsNet in the medical domain and other various domains
[28] show that CapsNet is revolutionizing computer-vision-related applications, thus it can be helpful with several
medical tasks such as diagnosis, prognosis, and segmentation.

5. Conclusion and Future Work

To capture the 4D information of the rs-fMRI time-series data for AD diagnosis, an end-to-end deep learning
model (CapsNet-RNN) is proposed in this study. Specifically, an RNN was concatenated with a version of standard
CNNs known as CapsNet, created for this purpose, to represent the spatiotemporal aspects of fMRI data, therefore
mitigating the overfitting issue associated with medical datasets, including fMRIs. The spatial characteristics of
every volume in an fMRI time series were extracted as a feature vector using CapsNet. Subsequently, an RNN is
trained with the time series vectors in order to model the temporal properties along the fMRI volume time series.
The robustness of CapsNet to obtain a reasonable generalization level on limited datasets is demonstrated by the
reasonably high accuracy (94.5%) reached in fewer than 20 epochs with the AD vs. NC task.

Although the results of applying the suggested model to fMRI data for AD diagnosis have been encouraging,
the pre-processing step still needs to be revised. Furthermore, it is also essential to enhance the proposed model
to achieve closer accuracy achieved by well-known models for the AD vs. NC task and to attain similar accuracy
for the AD vs. NC task along with more challenging tasks like the IMCI vs. eMCI task. As a future work,
combining different neuroimaging biomarkers, such as sMRI and PET with fMRI using CapsNets for AD
diagnosis needs to be investigated. Combining multi-imaging modalities can lead to better diagnosis accuracy in
clinical practice, as different modalities can provide complementary information to each other. Moreover, only
binary classification was used in this investigation. The suggested model is anticipated to be used in the near future
for multi-class classification of various phases of AD or possibly for differentiating AD from other types of
dementia.
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