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ARTICLE INFO ABSTRACT

Keywords: Alzheimer’s disease (AD) is a neurological illness that causes cognitive impairment and has no known treatment.
AD progression detection The premise for delivering timely therapy is the early diagnosis of AD before clinical symptoms appear. Mild
3D CNN

cognitive impairment is an intermediate stage in which cognitively normal patients can be distinguished from
those with AD. In this study, we propose a hybrid multimodal deep-learning framework consisting of a 3D
convolutional neural network (3D CNN) followed by a bidirectional recurrent neural network (BRNN). The
proposed 3D CNN captures intra-slice features from each 3D magnetic resonance imaging (MRI) volume, whereas
the BRNN module identifies the inter-sequence patterns that lead to AD. This study is conducted based on
longitudinal 3D MRI volumes collected over a six-months time span. We further investigate the effect of fusing
MRI with cross-sectional biomarkers, such as patients’ demographic and cognitive scores from their baseline
visit. In addition, we present a novel explainability approach that helps domain experts and practitioners to
understand the end output of the proposed multimodal. Extensive experiments reveal that the accuracy, preci-
sion, recall, and area under the receiver operating characteristic curve of the proposed framework are 96%, 99%,
92%, and 96%, respectively. These results are based on the fusion of MRI and demographic features and indicate
that the proposed framework becomes more stable when exposed to a more complete set of longitudinal data.
Moreover, the explainability module provides extra support for the progression claim by more accurately
identifying the brain regions that domain experts commonly report during diagnoses.

Multimodal information fusion
Time-series data analysis
Explainable Al

1. Introduction during the early stages of the disease [3]. Mild cognitive impairment

(MCI) is often regarded as a transitional stage in the progression from

To date, Alzheimer’s disease (AD) has remained perhaps the most
degenerative chronic brain disease and primarily affects people over the
age of 65 [1]. The World Health Organization [2] recently reported that
50 million people are living with AD, and this figure is predicted to triple
by 2050. Unfortunately, there is no cure for AD at the time, and existing
therapies can only slow its progression [2]. Early diagnosis is critical
because the available treatment options for AD are most successful
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normal health to AD [4]. According to recent studies, 10-15% of people
with MCI progress to AD every year [5]. Numerous machine learning
(ML) techniques have been proposed by the research community in the
medical domain to distinguish between different classes of cognitive
impairments, including stable MCI and progressive MCI [6]. However,
many of these techniques mainly focus on a single modality of data or
baseline (BL) data. Disease diagnosis based on a single modality may
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increase the chances of misdiagnosis. In addition, analysis of degener-
ative brain diseases (e.g., Alzheimer’s and Parkinson’s) based on a BL or
data from a single visit makes it difficult to distinguish between cogni-
tively normal (CN) and MCI due to the high resemblance of the brain
tissues [7].

AD is a severe form of cognitive impairment, in which domain ex-
perts rely on analyzing the patient’s cognitive health using multi-
modalities [8]. Most studies on AD diagnosis are based on a single
modality, such as positron emission tomography (PET), magnetic reso-
nance imaging (MRI), or cognitive scores (CSs) [9]. In many of these
studies, the problem of AD diagnosis is formulated as a binary classifi-
cation task (e.g., CN vs. AD) to simplify the training process. For
instance, Bron et al. [10] organized a computer-aided diagnosis
competition of dimensial (CADDemential) to compare traditional ML
techniques for AD diagnoses. They evaluated 29 ML algorithms that only
used MRI data gathered from a single visit to predict the outcomes. The
best accuracy was only 63% for the classification of the three-class
problem, namely, CN, MCI, or AD. Jiang et al. [11] proposed an
eight-layer deep convolutional neural network (DCNN) model that uti-
lizes batch normalization and dropout layers to deal with the problem of
overfitting. This model relied on neuroimaging modalities, specifically
MRI images, for the input data and resulted in an outperforming clas-
sification accuracy using 7399 CN subjects and 7399 patients with AD.
Zhang et al. [12] proposed a novel and lightweight binary classifier to
distinguish CN from AD by using whole-brain 3D MRI volumes. They
utilized only the axial slice from the 3D MRI volume and preprocessed
them through a standard preprocessing step, such as spatial normali-
zation, skull stripping, and stationary wavelet entropy. A neural network
(NN) with a single layer was utilized, and the network parameters were
trained using a particle swarm optimizer, achieving approximately 93%
accuracy.

The diagnostic procedure for AD performed by the different studies
mentioned above is mainly based on MRI modality alone. However,
fusing multimodal data has been proven to enhance the accuracy of ML
models in the medical domain [14,15]. In the case of AD diagnosis, it has
been shown that combining neuropsychological battery results, CSs,
demographics, and neuroimaging data, leads to significant improvement
in model performance while reducing negative effects related to noise
[15]. In addition, the resultant models are widely acceptable in the
medical environment because of the multimodal diagnostic procedure.
For instance, Zhang et al. [12] proposed a multimodal neural network
based on MRI scans, cerebrospinal fluid (CSF) tests, and fluorodeox-
yglucose PET(FDG-PET) scans to distinguish CN, MCI, and AD. Xu et al.
[13] used volumetric MRI, FDG-PET, and florbetapir PET modalities to
classify MCI and AD. Huang et al. [16] proposed combining MRI and CSF
modalities to differentiate CN individuals from those with MCIL. Gray
et al. [17] incorporated four modalities (FDG-PET, MRI, CSF, and ge-
netic features) and trained a random forest (RF) model for CN, MCI, and
AD. However, these studies utilized only a single time step (i.e., all data
came from a single BL visit, with no follow-up data collected).
Furthermore, no attention was given to a possible time-series aspect of
the data, which would have allowed researchers to examine the influ-
ence of how sequential features change over time, allowing for im-
provements in classification performance. In addition, ignoring
subsequent time steps from a given dataset eliminates the most critical
information that defines the disease progression [8,14].

Time-series data management and analysis are crucial for the
assessment of brain-related diseases [60]. However, very limited
research based on time-series data analysis has been conducted,
particularly in the field of AD progression detection. For example,
Chincarini et al. [18] performed MRI-based AD progression detection
using time-series data from the Alzheimer’s disease neuroimaging
initiative (ADNI) dataset. They used four MRI volumes as input data for
each patient (i.e., two volumes from the BL visit, one volume taken at a
12-month follow-up appointment, and one from an appointment 24
months after the initial visit). Their focus was on capturing the

364

Information Fusion 92 (2023) 363-388

morphometry of the hippocampal subregions to track the physical pro-
gression of AD. They formulated their problem as two binary classifi-
cation tasks (CN vs. AD and CN vs. MCI). They achieved an area under
the receiver operating characteristic (AUROC) curve of 93% for the CN
vs. AD task and 88% for the CN vs. MCI task. Similarly, Moradi et al. [19]
used MRI data to train a semi-supervised ML-based algorithm to predict
the transition of patients from MCI to AD over the next three years.
Moore et al. [20] trained a classic RF model to examine the correlation
between pairs of data points as they changed over different time steps. In
this experiment, demographic features, along with physical data from
scans of the patient’s brain and their CSs, were utilized to predict AD.
The use of multimodal data for building DL-based diagnostic systems has
been highly encouraged by domain experts. This is because it enhances
the possibility of building accurate, stable, and medically intuitive
models, as is evident from the aforementioned studies [21].

In the medical domain, physicians do not accept diagnoses from DL-
based algorithms that provide accuracy based on a test dataset [21]. The
ability of a model to justify why a specific diagnosis is being made is
critical in the medical domain. Systems with this capability are called
explainable artificial intelligence (XAI) systems [22]. A fully XAI system
can explain the inner mechanisms involved in making specific decisions
with the intention of involving a community. According to the European
General Data Protection regulations, the use of black-box models is
strictly prohibited in various domains, particularly in healthcare sys-
tems, and the retractability of decisions made by such systems is
discouraged by medical experts [23]. An artificial intelligence (AI)
system for the medical domain should have a certain level of trans-
parency to convince medical practitioners and encourage human spe-
cialists to take on board the system’s recommendations, as they use all
their judgment and experience when making treatment decisions. Many
scholars have suggested that humans cannot explain or justify their
decisions at certain times [24]. Explainability is crucial for Al to be used
in a secure, ethical, fair, and trustworthy manner while being a key
enabler for its real-world application. Many XAl-based studies in the
medical domain have shown excellent results by visually explaining
selected features utilized in the decision-making process of a model
[22]. However, these studies deal with the diagnostic process of AD as a
classification task using either a single modality of data or BL data,
without considering the time dimension of the data. The existing
explanation methods provided by deep-learning (DL) systems are mainly
designed to specify explanatory feature maps, such as saliency maps,
class activation maps (CAMs), and gradient-weighted CAMs (Grad--
CAMs). By default, these systems are not capable of representing the
temporal aspects of features found in 2D time-series data [25]. Despite
the successful deployment of CAMs and Grad-CAMs in various domains,
they cannot be easily adopted in the medical domain. This is because
these types of visual representations do not provide exact pixel-level
information specifying the exact tissue location being damaged over
time, which is crucial in neurodegenerative diseases such as AD.

In this study, we propose a framework that uses a deep 3D CNN
followed by a bidirectional recurrent neural network (3D-CNN-BRNN)
to predict the progression of AD. Fig. 1 presents a generic overview of
the proposed framework, and further details of the model architecture
are provided in Section 3.3. We optimize a hybrid DL model that com-
bines the capabilities of 3D CNNs, recurrent neural networks (RNNs),
and feed-forward neural networks, outperforming models in previous
studies [26-28]. Our architecture relies on longitudinal 3D MRI volumes
recorded over three time steps (BL, month 6 (M06), and month 12
(M12)). Given these data, our model can predict the medical condition
of a patient three years later (i.e., at month 48 (M48)). The designed
framework is an end-to-end DL model in which the 3D CNN module
captures inter- and intra-slice features of 3D volumes by analyzing a
patient’s time-series volumes to produce a latent representation of
convolutional features. Unlike previous studies, the BRNN module was
precisely designed to track inter-volumetric relationship features
extracted from a 3D CNN module that evolves over different time steps.
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Fig. 1. Birds eye view of the proposed framework.

Furthermore, we also studied the effect of fusing other critical modal-
ities, such as demographic and cognitive biomarkers recorded at the BL,
with the deep features extracted from the 3D-CNN-BRNN model for AD
progression detection. Medical experts are interested in determining
reasons for specific medical decisions. XAI helps models elicit under-
standable explanations of their output to different audiences [22]. To
the best of our knowledge, the time-series visual explainability of 3D
MRI neuroimages has not been explored in the literature on AD. After
optimizing the DL-based model to achieve its best performance, we
extended the model to provide time-series explainability using visual
representations over 3D images to further justify the model’s decision.
This module tracks the regions in the brain tissue over time to help the
model recognize patients with AD. The proposed approach addresses
both issues by choosing the guided Grad-CAM, which provides
voxel-level activation maps as we go through each time step of the 2D
MRI slices.
The key contributions of our study are summarized as follows.

e We propose a novel DL model (3D-CNN-BRNN) to address the limi-
tations of the existing deep models for detecting AD progression. Our
model predicts the progression of AD 3 years after the final data
collection visit, that is, at month 48, which is an acceptable period
for the patient’s caregivers and family to appropriately respond to
the patient’s various situations. The model performs predictions
based on data from patients’ longitudinal MRIs, along with their CSs
and demographic features recorded at the BL.

e We propose a novel XAI technique for the 3D visualization of time-
series data. We visualize the time-dependent aspects of longitudi-
nal MRI data collected for AD progression detection. To the best of
our knowledge, no study in the field of AD progression detection has
provided a temporal XAI approach for classification tasks based on
longitudinal 3D MRI input data. This enables domain experts to
visually inspect the progressive patterns of AD in any given patient
detected by the proposed framework. Furthermore, the proposed
framework can be adopted in a healthcare system with acceptable
detection accuracy, being classified as a white-boxed model.
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e We investigate the relationship between using time-series data mo-
dalities and improvements in the true positive detection rate to
further enhance the trustworthiness of the proposed model.

e Extensive experiments on the ADNI dataset are conducted in various
settings. A thorough analysis of our model’s performance and com-
parison with other classic models, that is, 3D VGG13 and 3D
ResNet18, showed that our model outperformed all other models on
a variety of evaluation metrics, even under different conditions.

The remainder of this paper is structured as follows. Section 2 in-
cludes a detailed discussion of the materials and methods of this study.
Section 3 explains the implementation of the proposed framework,
while Section 4 presents the experimental results and analysis. Section 5
discusses the proposed explaninability approach. Section 6 discusses the
limitations of this study, and Section 7 concludes the study by high-
lighting the key findings along with some suggestions for future
research.

2. Materials and methods

The proposed framework is presented in detail in this section. Our
method uses MRI along with demographic features and CSs to detect the
progression of AD. Fig. 2 presents an overview of the proposed frame-
work. The proposed DL model is composed of a 3D CNN followed by a
BRNN for the detection of AD progression. The 3D CNN is responsible for
capturing the intra-slice features among the N inputs given for each time
step, whereas the BRNN takes as input N sets of time-series data (i.e., N
sequences) to calculate AD progression via the binary scores given as its
output. These scores specify whether the patient will progress to AD.

The proposed 3D-CNN-BRNN framework comprises four stages.
Stage 1 performs essential preprocessing steps on each MRI volume to
remove unwanted artifacts and to transform the data into a standard
format. Subsequently, the 110 most informative coronal slices are
extracted from the preprocessed input volumes. Slice selection is per-
formed after calculating the total half-volume size measured on either
side of the central slice in the 3D volume. In this way, we use only the
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most informative 2D slices, which enable the proposed network to
capture the most representative feature vectors for AD. In Stage 2, the
3D CNN module extracts deep features from the input 3D MRI volumes.
Then, to extract deep features from the longitudinal data in the BL~M6
and BL~M12 scans, volumes of the same brain for each time step are
passed to the 3D CNN to calculate deep features between these time-
separated scans. A 3D CNN is designed to extract spatial and temporal
features simultaneously, as shown in [29]. However, in the proposed
framework, we leverage the capability of 3D CNN models to capture
spatial features and the intra-slice relation of the 3D MRI volume at
every single time step, that is, BL, M06, and M12. Because we are using
time-series MRI volumes, the extracted spatial and intra-slice deep fea-
tures of the 3D CNN model are used by the BRNN to capture
inter-volume relationships for 3 time steps. By the model design, a 3D
CNN is dedicated to learning the deep spatial and inter-slices features
while the BRNN is designed to learn the spatial and inter-volume fea-
tures. This is the main reason for dedicating the BRNN to learning deep
spatial and intra-volume features. The extracted features are then for-
warded to Stage 3, where the extracted features from the three volumes
are used as the input to the BRNN model to learn the inter-volume
temporal features. A BRNN was selected because the time-series was
not very long. The features extracted from the BRNN are concatenated
first from both forward and backward directions and then passed
through further 256-unit and 128-unit fully connected layers. Separately
from the MRI data being processed through the 3DCNN and BRNN, other
modalities such as CS and demographic features are processed through
two stacked, fully connected layers with 32 and 16 units, respectively.
The output feature vector is then fused with the output feature vector
from the RNN module, forming 128- and 16-dimensional feature vec-
tors. The concatenated feature vector is then further processed through
two fully connected layers to classify each patient as either converted or
normal. In addition to classification, we provide further visual repre-
sentations of the spatial and temporal features from Stage 4 to help
interpret and understand the classifications. This step further validated
the reliability of the proposed network for real-world use, making it
more medically acceptable to domain experts.

Stage 1: Image Preprocessing: In the first step, extraneous infor-
mation is removed from the raw MRI volume, allowing for easier com-
parison of the various brain scans. To achieve this, all MRI volumes were
passed through a standard preprocessing pipeline [30]. Image reor-
ientation, bias field correction, skull stripping, and registration to the
standard template space are among the preprocessing steps used in the
pipeline.

Reorientation to standard space: Preprocessing operations, such as
setting the image orientation or flipping left and right, are critical. These
operations form the basis of this essential preprocessing step, which
allows us to maintain consistency in voxel processing and interpretation
across a variety of software and systems. Many full-featured open-source
visualization tools can be used for free, including FSLEyes [31] and
FreeView [32]. We used FSLEyes to visualize our data, which allowed us
to find that some images had been rotated by 180°. We used the
fslreorient2std tool from FSL to reorient these images before further
processing.

Bias field correction: Numerous factors, such as the patient’s position
in the MRI scanner or the version of the scanner itself, can cause
brightness issues in the resulting MR image. When these brightness is-
sues are seen in MR images, they are caused by low-frequency,
smoothed, and undesirable signals inside the scanner. This can affect
the overall quality of each image. Failure to correct such in-
homogeneities can negatively affect the effectiveness of any subsequent
steps, including skull stripping and tissue segmentation. In our scenario,
the N4 bias field correction algorithm was utilized from the advanced
normalization tools (ANTs) [33]. It is an advanced N3 bias-field
correction algorithm that uses an improved B-spline fitting routine to
allow multiple resolutions in the correction process.

Skull stripping: Skull stripping is the process of isolating brain tissue
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from non-brain tissue in an MRI image of the brain. Once a brain mask is
accurately calculated, the remaining body parts (e.g., residual neck
voxels) can easily be eliminated from the brain region. This type of extra
information acts as noise and contributes to the high dimensionality of
the training data, while making the classification task more complex. In
this study, we employed a software tool called the Brain Extraction Tool
(BET2) [34], implemented in FSL, for skull stripping. Because consid-
erable parts of the neck region were present in our scans, this approach
failed to accurately identify the brain regions in our earlier investiga-
tion. Instead, we employed a strategy that incorporates segmentation
phases to provide more robust outcomes to overcome this issue.

MNI152 standard template registration: Template registration is the
process of aligning images based on brain structures, to simplify the
process of comparing different images. In this study, the MNI152 [35]
template space was used to perform the affine transformation. This
process does not deform the image because it involves only basic
transformation steps such as rescaling, rotation, translation, and
shearing. Registration was performed using the FLIRT tool in FSL, and
correlation ratios were used as the similarity metric.

Stage 2: Feature Learning via 3D CNN: In Stage 2, we extracted
spatial and temporal deep features from the 3D MRI volumes using the
proposed DCNN module.

Convolution operation: Most existing CNN architectures are designed
for 2D images, indicating that these architectures cannot efficiently
encode spatial information from the 3D volumes that we must use as
inputs. However, alternative architectures, such as 3D ConvNets, model
temporal information much better than 2D ConvNets. They can process
both spatial and temporal features simultaneously, which is not the case
for 2D ConvNets. Temporal information from the image is typically lost
immediately after every convolution operation in the 2D ConvNets. A
typical 3D CNN comprises alternatively stacked 3D convolution opera-
tions followed by a rectified linear unit (ReLU) activation function to
generate feature maps for each filter. The feature maps obtained by the
convolution layer comprise the discriminatory information from the
input image. These feature maps were further downsampled using a 3D
max-pooling layer.

3D Max-pooling: In 3D ConvNets, max-pooling is a downsampling
strategy that not only reduces the spatial dimension of the given input
but also reduces the depth dimension of the input 3D volume. This is
performed by calculating the maximum value from an h x w x d-size
sub-block from an input volume of size h x w x d as specified by a kernel

(h=k)

of predefined size k and stride s. The output of such an operation is 7D

w=k) . (d=k)
(s+1) (s+1)

features that help distinguish input volumes. As input data move from
lower layers to higher levels, the max-pooling layer compresses and
optimizes the features, making them more robust to distortions and
geometric variances.

Network regularization via dropout layer: Dropout is a popular regu-
larization approach that works by randomly choosing neurons at
different layers of a neural network. This concept was first presented by
Hinton et al. [36] to address the problem of network overfitting. The
dropout sets the output of a particular neuron in the hidden layer to zero
based on the predefined dropout ratio. The ratio provides the probability
of a single neuron being dropped during the training process. Conse-
quently, if the probability value is set to 1, all neurons in the hidden
layer will become 0. During the back-propagation step, the dropped
neurons participate neither in a forward pass nor in the backward pass.
The neural network becomes simpler and more generalizable to the
input data when a dropout layer is introduced into the hidden layers.

Stage 3: Temporal Feature Learning via BRNN and Information
Fusion: RNNs are a special type of neural network used to analyze
sequential inputs; they were specifically designed for natural language
processing tasks [37]. RNNs are effective in capturing temporal features
from sequences; however, they suffer from a vanishing gradient problem
[38]. Long short-term memory (LSTM) models are known as an

X

X

. The max-pooling operation helps preserve the most crucial
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advanced variant of RNNs that utilize a mechanism that preserves ‘cell
state’ to learn the long-term dependencies while forgetting the less
important information [39]. However, LSTMs are slow when used with
many parameters, which makes them prone to overfitting. To circum-
vent these issues, we used an RNN with a bidirectional architecture to
efficiently learn long-range temporal dependencies and overcome the
vanishing gradient problem. Fig. 3 presents an unfolded BRNN archi-
tecture for N time steps.

One RNN instance receives the input sequence in the normal order,
whereas the other RNN receives the same input sequence in reverse
order. The outputs of both RNNs were concatenated and forwarded to
the next hidden layer. By leveraging the simplicity and effectiveness of
BRNNSs, we can choose to use BRNNs to appropriately capture features of
the progression of AD by considering information from both the future
and past time steps.

Let us suppose that x represents an input having length T and the
recurrent network consists of I input units, H hidden or intermediate
units, and K output units. x! is the i{™} input at ¢ time step. Let afand b}
denote the input of the network and the nonlinear identifiable activation
function of the j element at ¢ time, respectively. We initiate with t = 1
and iteratively call Eqgs. (1) and (2) to obtain the entire sequence of
implicit units.

1
ay ="y wax, + €))]
i=1

H
t—1
E wy bl

H=1
)

where 0 represents the hyperbolic tangent function, which is a non-
linear activation function. a}, represent the hidden state of the forward
pass. Similarly, Eq. (3) can be used to compute the output unit of the
network.

H
o 1
a, = 5 wib},
h

The activation function influences the objective function of the RNN
model, not only on the network’s output layer but also on the hidden
layer of the following time step, as shown in Eq. (4).

0, , K H
E =0 (a;) ( E 52,th + E 5;T1Whhr>
J k=1 W =1

In each step, the weights of the inputs and outputs of the hidden layer
units are equal. As stated in Eq. (5), we can sum the series to obtain the
derivative of each layer weight.

3)

€]

(5)

Forward Layer

Backward Layer

Hidden laykr

Hidden Lavir
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AD is characterized by the progressive deterioration of cognitive
abilities [41]. Moreover, age and education level are important factors
in accurately assessing the progression of AD [7,13]. In the current
study, we investigated the effect of fusing patient demographics and CSs
using neuroimaging data to detect AD. In the proposed pipeline, the
system learns deep features from the patient’s CSs and demographic
data and fuses them with the deep features coming from the BRNN.
Furthermore, the output from the BRNN is classified as converted or
normal status.

Stage 4: Model Explainability: We briefly explain the existing
techniques available for highlighting and localizing the important re-
gions in the input image that lead to the classification of the system to
help visually explain the CNN’s result.

Class activation map (CAM): Class activation maps were originally
designed for a specific network architecture, where the global average
pooling (GAP) layer is applied to each feature map at the final convo-
lution layer to help interpret prediction decisions made by the CNN.

Let F*c R" *V denote the GAP layer from a CNN architecture with a
total of k feature maps and width u and height v from the last layer. The
weight matrix of the k-th feature map may be wf of class c. Then, a
prediction score at the output layer, S;, may be computed as a sum of the
weight matrix of the GAP layer, as shown in Eq. (6).

Se= Y WiF = iy flx y) =D wifi(x, ¥)
k k Xy Xy k

©

where f,(x, y) expresses the activation from spatial locations (x, y) in

the k-th feature map. The CAM computes the activation of all feature

maps, as represented by M. € R" * ¥ for class ¢ in Eq. (7).

My = Y wifi(x, y) ™
k

Because the prediction score, S, is the sum of all M. ,), the CAM
reflects the relevance of each spatial location (x, y) in the final class
activation map. Consequently, we can highlight ROIs inside the input
image that show the most significant areas to a specific class by simply
up-sampling the CAM equal to the input image.

Grad-CAM: Grad-CAM refers to the use of the gradient flow in the
backward direction to the input layer to produce visual representations.
In contrast to the CAM, the Grad-CAM does not require a GAP layer.
Instead, it uses a single fully connected or dense layer. Therefore, the
Grad-CAM visualization method does not require the modification of the
existing CNN architecture to produce visualization maps. The Grad-CAM
for a particular class, C, can be calculated as the weighted sum of the k
feature maps. Furthermore, the ReLU activation function is employed on
the feature maps to remove the effect of negative gradients for a given
class, C. As described mathematically in Eq. (8), the spatial components
in the feature maps linked with negative weights are likely to correspond
to other classes in the image.
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Fig. 3. Unfolded BRNN architecture for N time steps [40].
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Grad_M.(x, y) = ReLu <Z(l£ﬁ(x Y)> ®
3

Here, of represents the weights computed by the S, gradients with
respect to the k-th feature map, as in Eq. (9).

a5,
=y 3

F ) a X

(€C)]
)

According to Eqgs. (8) and (9), «f, is equal to wf, in the CAM approach.
As a result, applying ReLU as an activation to omit spatial pixels with
negative weights makes Grad-CAM different from CAM in such cases.
Fig. 4 shows some Grad-CAM activation maps from the proposed
network that specify the salient brain regions that influence the AD
detection result.

Guided Grad-CAM: Despite its popularity, the Grad-CAM technique
has one drawback: it does not provide any notable indication of the
exact pixel involved. To obtain exact voxel location information in terms
of their influence on the decision-making process, we chose to use the
guided backpropagation approach [42]. Eq. (10) can be applied to
evaluate the gradient of the predicted score of class C, y°, with respect to
input image x.

@

I (10

m. =

In guided backpropagation, the positive values of the gradient are
backpropagated and the negative values are set to zero. Let G! be a
gradient backpropagated through layer I and f**' = ReLu(f'), then Eq.
(11) defines the backpropagation process.

G = (£)> 0 (G")

After generating the highlighted region associated with the partic-
ular backpropagation, we utilize attention mapping according to m, =
ReLu(m,) that visualizes each pixel; it only has a positive impact on
score y°. Fig. 4 shows the different attention maps provided by the CAM
and guided Grad-CAM algorithms.

1D

3. Experimental setup

The proposed framework was implemented using the PyTorch
(1.7.0) library. All experiments were conducted on a workstation with
an NVIDIA GeForce GTX TITAN X GPU with 12 GB RAM. The proposed
3D-CNN-BRNN model was trained in an end-to-end manner, and an
Adam optimizer was used for parameter optimization. With an extensive
search over various hyperparameter settings for optimization, the
learning rate used for training was 0.00027, momentum was set to 0.9,
and weight decay rate was set to 0.1 x 1075, The number of training and
validation batches varied based on the number of time steps in the input
data. We used training and validation batch size sets for five input
volumes when training with only the BL data. The batch size was
reduced by one as the number of input time steps increased. For two
time steps, the mini-batch size was further reduced to four volumes by
passing 4 x 2 volumes [BL, M06] for each patient. In the case of three
time steps, 3 x 3 volumes [BL, M06, M12] were passed for each patient.
Stratified cross-validation (CV) was used in each fold to provide a
balanced batch during the training phase. The number of epochs was set
to 120, where the loss reached the minimum value at each fold in the 5-
fold CV process.

3.1. Implemented 3D CNN architectures

We compared the proposed model with two well-known CNN ar-
chitectures: 3D ResNet18 [43] and 3DVGG13 [44]. As we are dealing
with a 3D version of CNN models, to the best of our knowledge, no
official standard architecture can be altered from a 2D deep model to a
3D model. Note that we implemented 3D ResNet18 and 3D VGG13 from
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scratch and used them for comparison with our proposed architecture.
We selected these models because they have approximately the same
number of trainable parameters and relatively similar network archi-
tectures. In particular, our model consists of ten layers, which is com-
parable to 3D VGG13 and 3D ResNetl8. In addition, we empirically
observed during the optimization of the proposed model that, as the
model’s number of layers increases, it can easily overfit to the training
data. This observation suggests that any benchmark comparison of our
model with large-sized architectures, such as DenseNet 121 or Incep-
tionNet, should be avoided. A brief explanation of each comparative
model is provided below.

3D ResNet: This architecture resolves the problem of performance
degradation as network depth increases. He et al. [45] addressed the
issue of deeper networks by introducing a concept called a residual
connection. The ResNet architecture directly connects two or more
layers via residual connections, allowing a certain portion of the infor-
mation from the previous network layers to be preserved. This mecha-
nism ensures stability in network performance and prevents the
gradients in the deeper layers from becoming very small during the
backpropagation step. For instance, if x is the input parameter of the
network and H(x) is the target output, then F(x) H(x) — x is the
residual connection that allows ResNet to learn across the sub-module
such that the target output can be F(x) 4+ x. Mathematically, the resid-
ual connection can be defined as in Eq. (12).

i = flu+Fla, k) 12)
where x; is the input, x;,1 is the output of the 1-th residual block, f is the
activation function, F is the residual function, and k represents the
convolution kernel. Fig. 5 shows the ResNet’s residual connection [45].

In this study, we utilized 3D ResNet18 as the backbone architecture
to extract the deep features from each 3D MRI volume. The obtained
feature maps were utilized to train a BRNN for the progression-detection
task. The input size of the 3D volume was set to 110 x 110 x 110, and
the Adam optimizer was used for parameter tuning. Other hyper-
parameters were set, such as the hyperparameters used for training the
proposed DCNN model, that is, the learning rate and batch size.

3D Visual Geometric Group (VGG): VGG is a well-known DCNN
designed and evaluated on the ImageNet dataset. It is an improved
version of the classic AlexNet model, where, in the VGG model, the 11 x
11 and 5 x 5 filters in AlexNet are replaced with a series of 3 x 3 kernel
sizes. This mechanism significantly reduces the number of learnable
parameters in the network without affecting its generalization ability
during the training phase. A max-pooling layer of 2 x 2 is applied after
each convolutional layer to reduce the spatial dimension of the input
feature map. The rectified linear unit (ReLU) is an activation function
utilized in all hidden layers of this network. Owing to the successful use
of the VGG model in various computer vision tasks, we chose to use the
3D VGG model as the backbone feature extractor in the proposed
framework. Feature maps from the final convolution layers were ob-
tained for each 3D volume at each time step, that is, BL, M06, and M12.
The obtained feature maps were flattened and forwarded to the BRNN to
analyze the progressive patterns of AD. A detailed discussion of the
proposed BRNN is provided in Table 1. The backbone VGG model was
trained in an end-to-end manner by inputting a 110 x 110 x 110 vol-
ume. All the hyperparameters were kept similar to those used for the
training and testing of the proposed CNN-BRNN architecture, that is,
batch size, learning rate, number of epochs, etc.

3.2. Evaluation metrics

The generalization capability of a trained model must be assessed by
using multiple evaluation metrics. Stratified k-fold CV is a technique
that preserves the percentage of each class and reduces the biased
learning behavior of any model. This study used a stratified 5-fold CV
technique to assess the model. In addition, various evaluation metrics
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Fig. 4. Guided-Grad-CAM- and Grad-CAM-enabled voxels.
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Fig. 5. Example of residual block learning.

were employed to demonstrate the quality-of-fit of the proposed model.
The most common evaluation metrics used are accuracy, precision,
recall, and AUROC. We also evaluated our model using the defined
metrics because these metrics are commonly used measures in bioin-
formatics literature, helping to compare our results with those of other
studies [46,15].

Accuracy: Percentage of instances successfully classified out of the
total number of test instances.

Precision: Percentage of accurately classified positive instances out of
all predicted positive instances.

Recall: Percentage of accurately classified positive instances out of all
instances in the actual class.

Area under the curve (AUC): AUC is another evaluation metric
designed to evaluate the classification performance of a ML model at
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various classification thresholds. The AUC score is a balanced evaluation
metric that considers both true-positive and false-positive rates. The
mean area under the curve (mAUC) form of the AUC result takes all
ordered pairings of categories (i, j) and then calculates the likelihood
that a randomly picked element from category i has a better estimated
chance of being categorized as category i than a randomly selected
element from category j and then all these probabilities are averaged. A
perfect classifier has an AUC score of 1, whereas a classifier that makes
random guesses has an AUC of 0.5.

3.3. Model architecture

In our experiments, the proposed architecture was optimized by
using a well-known grid-search hyperparameter-tuning technique. We
conducted many experiments to optimize the most critical hyper-
parameters of the proposed model, including the number of convolu-
tional layers, the size of the convolutional kernel (i.e., 3 x 3, 5 x 5), the
layer regularization parameter using a dropout layer in the range be-
tween 0.1-0.001, the number of BRNN layers, the number of BRNN
units, the number of dense layers, and the number of neurons in each
dense layer. An optimized 3D CNN was used to extract spatiotemporal
features from the 3D MRI volume at each time step. The 3D CNN has 10
convolution layers and four max-pooling layers. The max-pooling layers
were employed after the 2nd, 4th, and 7th convolution layers. The
reason for not using a max-pooling layer after each convolutional layer
was to preserve the spatial and temporal dimensions of the input volume
to learn a wide range of features in both directions. However, the
disadvantage of not using polling layers after each convolutional layer is
that the training time can be increased. In the proposed network, we
address this problem by determining the optimal number of kernels and
kernel size at each layer [47,48]. We used eight 3 x 3 x 3 kernels in the
1st and 2nd layers, and the spatial and depth dimensions of the feature
maps with a 2 x 2 x 2 max-pooling layer were reduced by a stride of
two, followed by a 30% dropout layer. We increased the number of
kernels as the spatial dimensions of the feature maps decreased and the
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Table 1
Architectural details of the proposed network.

Layer Layer Name Number of Kernels Kernel Output Size
D Size/Stride
0 Input - - 110 x 110 x
110
1 Convl 8 3x3x3/1 8 x 110 x
110 x 110
2 Conv2 8 3x3x3/1 8 x 110 x
110 x 110
4 MaxPool3D - 2x2x2/2 8 x 110 x
110 x 110
3 Dropout - - 8 x 55 x 55
0.3) x 55
4 Conv3 16 3x3x3/1 8 x 55 x 55
x 55
5 Conv4 16 3x3x3/1 16 x 55 x 55
x 55
6 MaxPool3D - 2x2x2/2 16 x 55 x 55
x 55
7 Dropout - - 16 x 27 x 27
0.3 x 27
8 Conv5 32 3x3x3/1 16 x 27 x 27
x 27
9 Conv6 32 3x3x3/1 32 x27 x 27
x 27
10 Conv7 32 3x3x3/1 32 x 27 x 27
x 27
11 MaxPool3D - 2x2x2/2 32x27x27
x 27
12 Dropout - - 32x13x13
0.4) x 13
13 Conv8 64 3x3x3/1 32x13x13
x 13
14 Conv9 64 3x3x3/1 64 x 13 x 13
x 13
15 Conv10 64 3x3x3/1 64x13x13
x 13
16 MaxPool3D - 2x2x2/2 64x13x13
x 13
17 Dropout - - 64 x 6 x 6 x
0.4 6
18 Flatten - - 13,824
19 BRNN Layer # of layers =1, # of - 13,824 + 17
recurrent units =512
20 Fully - - 128
Connected
21 Fully - - 64
Connected
22 Softmax - - 2

depth dimensions of the feature maps increased. Sixteen kernels were
used in the 3rd and 4th convolutional layers, and the outputs of these
layers was passed through the ReLU activation function, max pooling,
and a 30% dropout layer. Thirty-two kernels were used in the 5th, 6th,
and 7th layers with the ReLU activation function, max-pooling layer,
and 40% dropout layer. Finally, 64 kernels were used at the 8th, 9th, and
10th layers with the ReLU activation function, max-pooling layers, and a
40% dropout layer. Throughout the network, the RELU activation
function was used. The output of the last convolutional layer was flat-
tened to a 1D feature vector that represents the input volumes from each
time step, and the vector is passed to a BRNN to capture the temporal
features. The proposed BRNN comprises a single layer with 512 recur-
rent units in both directions. To benefit from our multimodal input data,
we passed combined demographic and CS vectors to a 2-layered fully
connected neural network with layer sizes of 32 and 16 neurons. The
output of the last layer of this deep neural network (DNN) (i.e., 16
feature vectors) was then concatenated with the output of the BRNN
before further processing a network with three dense layers having 128,
64, and 2 hidden units, respectively. The output from the final layer’s
two units describes the chance of the patient progressing to AD or not,
and it does this by outputting probabilities between 0 and 1. The se-
lection of convolution and dense layers in the proposed network
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architecture is a result of extensive experimentation with various ar-
chitectures. In addition, the proposed network was further evaluated by
inspecting its internal mechanisms using XAI techniques. We generate
attention maps for each slice from the input 3D volumes, and it does this
for a total of 110 slices corresponding to the number of channels in the
input volume. These maps show the attention from the network at
specified locations that contribute to the context of the final prediction
results. Therefore, we present 2D attention maps and 3D-rendered brain
volumes that show progressive atrophy of brain tissues during the pro-
gression of AD. The overall technical steps are visually represented in
Fig. 6.

4. Results

We evaluated our model using different modalities and compared its
accuracy with that of other state-of-the-art deep models in the literature.
We performed four different experiments to investigate the effects of
adding multimodal input data: 1) progression detection using MRI mo-
dality only, 2) progression detection using MRI and demographic fea-
tures, 3) progression detection using MRI and CSs, and 4) progression
detection using MRI, demographics, and CSs. Moreover, we investigated
the effect of adding more time steps to the input data on model accuracy.
A stratified 5-fold CV technique was employed for training and testing.
To find the best classifiers and avoid data leakage, MRI scans from the
training datasets were not reused during the testing procedure. We
calculated and compared the average of each model achieved using four
different evaluation metrics: accuracy, precision, recall, and AUC.

4.1. Dataset

The ADNI dataset was used for this study, which is an open-source
platform [49]. The ADNI program was initiated in 2003 as a
public-private partnership with a capital budget of $60 million for five
years. The main purpose of the ADNI was to determine whether col-
lecting and recording serial MRI, PET, and other clinical tests, bio-
markers, and neuropsychological assessment data would allow
researchers to track the progression of MCI and pinpoint the develop-
ment of AD as early as possible. Identifying crucial biomarkers of the
early progression of AD will prove beneficial to researchers and doctors
attempting to develop novel therapies while monitoring their efficacy.
Progress in this area would also reduce the time and expense that clinical
trials would incur on subjects.

The ADNI dataset comprises various critical modalities (i.e., patient
demographics, CSs, and MRI). It has been used extensively in the liter-
ature [42-44]. Most studies focus on BL data without considering the
sequential aspect of time-series data. In addition, the ADNI dataset
collects patient data on a regular basis (i.e., every six months). We
noticed that the timespan between the longitudinal time steps in other
datasets such as the National Alzheimer’s Coordinating Center (NACC)
[51], Australian Imaging, Biomarker & Lifestyle Flagship Study of
Ageing (AIBL) [52], and Minimal Interval Resonance Imaging in Alz-
heimer’s Disease (MIRIAD) [52] is not regular (e.g., one year or six
months). Our study was based on 564 MRI volumes at three time steps,
that is, a total of 1692 (564 x 3) MRI volumes. We used 3T T1-weighted
anatomical sequences recorded using the volumetric 3D MPRAGE pro-
tocol, with a 1 x 1 x 1 mm voxel resolution. All MRI volumes in our
study were passed through a standard preprocessing pipeline, as shown
in Stage 1 of Fig. 2. Among the 564 MRI volumes, 282 subjects were
classified as CN at all time points. One hundred subjects were CN at their
BL visit but converted to AD within 3 years following the final visit in
M12 (i.e., at M48). At the same time, 182 participants were classified as
having AD during all visits. We combined 100 converted participants
with AD. In this way, the AD class had 182 subjects who had AD from BL
until M48, while the 100 subjects were those who were CN at the
beginning and converted to AD at M48. These converted subjects are
referred to as converted/progressed to AD. Similar to other related studies
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Fig. 6. Proposed framework for AD progression detection using longitudinal data and time-series visual explainability.

on AD progression detection [27,15], we combined converted and AD
subjects. The resulting dataset was class-balanced and comprised 282
subjects in the CN and AD classes. We utilized three modalities from the
ADNI dataset. The first is demographic data, which include three fea-
tures: gender, age, and education. The second modality is the CS and
selected critical biomarkers, including 13 features (e.g., APOE4,
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ADAS13, FAQ, MMSE, and four different types of RAVLT scores). The
third modality is 3D MRI neuroimaging, which is prepared by employing
the ADNI dataset using the FreeSurfer' brain image analysis package.

! FreeSurfer: http://surfer.nmr.mgh.harvard.edu
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Table 2
Mean standard deviation of the 17 selected demographic and CSs at BL visit of CN, converted, and AD patients.
Variable Meaning CN (n = 282) Converted (n = 100) AD(n = 182)
ADAS-13 13-item AD assessment scale 05.34+03.16 07.15+03.14 20.64+7.58
FDG Fluorodeoxyglucose 0.30£00.50 0.50+0.50 0.88+0.72
TAU A Protein 937.274+663.5 488.15+535.1 532.0 + 401
PTAU A Protein 225.614+248.9 128.96+122.64 300+209.16
CDRSB Clinical Dementia Rating 41.36+139.11 12.53+12.48 35.72449.0
MMSE Mini-Mental State Examination 04.13+05.87 03.63+02.03 9.62+03.99
RAVLT Immediate Rey Auditory Verbal Learning Test 28.01+08.20 29.42:+00.81 22.78+03.03
RAVLT Learning Rey Auditory Verbal Learning Test 43.36+14.07 42.59+07.64 21.37+08.83
RAVLT Forgetting Rey Auditory Verbal Learning Test 08.65+10.22 05.57+02.12 02.57+04.46
RAVLT Percentage Forgetting Rey Auditory Verbal Learning Test 06.02+10.48 03.52+02.65 07.80+17.20
FAQ Functional Activities Questionnaire 69.26+40.48 103.34+51.58 159.74+107.62
MOCA Montreal Cognitive Assessment 07.62+31.41 0.37+00.99 15.77+24.64
Hippocampus Hippocampus Volume 11.704+29.18 93.82+61.61 31.29+92.92
AGE Age 72.70+05.70 74.50+04.02 74.57+08.18
PTGENDER Gender 0.41+00.49 0.49+00.50 0.54+00.49
PTEDUCAT Education 16.59+02.54 15.78+02.80 15.54+02.78
APOE4 No. of ¢4 alleles of APOE 01.10+00.75 0.30+00.68 0.274+00.76
Table 3
Comparison of the proposed network with other deep models using only MRI input data.
DL Model Times Steps Mean Accuracy Mean Precision Mean Recall mAUC
3DResNet18 [43] BL 0.714+0.01 0.7940.06 0.6240.12 0.7140.02
BL~MO06 0.74+0.02 0.86+0.02 0.60+0.06 0.74+0.03
BL~M12 0.774+0.04 0.86+0.01 0.674+0.09 0.7440.03
3D VGG13 [44] BL 0.814+0.02 0.8540.04 0.7640.08 0.8140.02
BL~MO06 0.82+0.08 0.85+0.09 0.78+0.07 0.82+0.14
BL~M12 0.994+0.07 0.9940.05 0.994+0.03 0.994+0.07
Proposed Network BL 0.8440.01 0.87+0.01 0.8340.03 0.8440.01
BL~MO06 0.8440.02 0.86+ 0.04 0.8440.04 0.8440.01
BL~M12 0.86+0.02 0.89+0.03 0.85+0.03 0.86+0.01

The first two modalities were collected only during the BL visit. These
features have been extensively used in the literature and are mainly used
by experts in the medical domain [21,54]. All chosen features have been
linked to the development of AD in the literature and are summarized in
Table 2.

4.2. Experiment 1: progression detection using MRI modality

In Experiment 1, we utilized only the MRI modality in the training
and testing processes of each model (i.e., the proposed network, 3D
ResNet18, and 3D VGG13). We then recorded the output of several
evaluation metrics, namely, the average accuracy, average precision,
average recall, and average AUC, to comprehensively evaluate each
model. Furthermore, we compared the AUC of each model to investigate
the effect of adding more training data from longitudinal time steps and
its impact on the stability of a network.

Results using MRI modality: Table 3 shows the experimental re-
sults of the proposed network compared to 3D ResNet18 and 3D VGG13.
We conducted various experiments to analyze the effect of adding more
data in subsequent time steps, that is, data from BL, BL~M6, and
BL~M12 visits. Currently, there are three time steps from the available
longitudinal data for each patient. Missing data points were handled
using forward and backward filling techniques.

At the BL, our proposed network outperformed 3D ResNet18 and 3D
VGG13 by achieving a mean accuracy of 0.84+0.01%, mean precision of
0.87+0.01%, mean recall of 0.83+0.03%, and mAUC of 0.84+0.01%. At
the BL, 3D ResNet18 achieved a mean accuracy of 0.71+0.01%, mean
precision of 0.794+0.06%, mean recall of 0.62+0.12%, and mAUC of
0.71+0.02%; 3D VGG13 achieved a mean accuracy of 0.81+0.02%,
mean precision of 0.851+0.04%, mean recall of 0.76+0.08%, and mAUC
of 0.81+0.02%. By analyzing MRI data from two time steps, that is,
adding the longitudinal data from BL~MBS6 visits, the proposed network
again outperformed all other networks by achieving a mean accuracy of
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0.84+0.02%, mean precision of 0.86+0.04%, mean recall of 0.84
+0.04%, and mAUC of 0.84-£0.01%. By contrast, 3D ResNet18 achieved
a mean accuracy of 0.74+0.02%, mean precision of 0.86+0.02%, mean
recall of 0.60+0.06%, and mAUC of 0.74+0.03%. 3D VGG13 performed
better than 3D ResNet18, achieving a mean accuracy of 0.82+0.08%,
mean precision of 0.851+-0.09%, mean recall of 0.78+0.07%, and mAUC
of 0.800.14%. Finally, analysis of MRI data from all three time steps
revealed that 3D VGG13 achieved a significant improvement in all
evaluation metrics, achieving a mean accuracy of 0.99+0.07%, mean
precision of 0.994+0.05%, mean recall of 0.99+0.02%, and mAUC of
0.99+0.07%. Our proposed network achieved a mean accuracy of 0.86
+0.02%, mean precision of 0.89+0.03%, mean recall of 0.85+0.03%,
and mAUC of 0.86+0.01%. 3D ResNet18 achieved a mean accuracy of
0.77+0.04%, mean precision of 0.86+0.01%, mean recall of 0.67
+0.09%, and mAUC of 0.74+0.03%. Using three time steps, 3D VGG13
achieved the best results, but the model variance remained high. The
explanation for these results could be that adding more time steps to the
other models, especially 3DVGG13, causes the model’s performance to
fluctuate owing to overfitting to the noise presented from these extra
time steps. However, this was not the case in our model. The statistics
show that the proposed network achieves stability over all the time
steps. This indicates that the proposed network can identify affected
brain regions and become more confident as it is exposed to new data of
the same subjects collected sometime after the BL data.

Comparison of the DL models using MRI modality: Fig. 7 shows a
performance comparison of the proposed network when using only the
MRI modality with AUC as the metric. The performance of the proposed
network was compared with that of other classic deep neural networks,
3D ResNet18 and 3D VGG13. The evaluation matrix used in the per-
formance comparison was based on the mAUC. The performance of each
network was investigated based on longitudinal input data.

As shown in Fig. 7, the proposed model achieves 84% mAUC using
the BL data compared with 3D ResNet18 and 3D VGG13, which achieve
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Fig. 8. ROC curves for the proposed framework, 3D VGG13, and 3D ResNet18 using only MRI modality.

71% and 81%, respectively. We also investigated the effect of longitu-
dinal data on the performance of AD progression detection models. In
the proposed model, we passed the input volume from the 3D CNN for
each time step, that is, BL + MO06, and flattened the feature vector after
the final convolution layer. After obtaining the N feature vector for each
time step, we forwarded these two sequences to the BRNN to compute
the progression of AD over a time span of six months. Thus, we improved
the mAUC for 3D ResNet18 by 4%, achieving 74%. We did not observe
any significant improvements in the proposed network or 3D VGG13.
Finally, by evaluating each model using input data from three steps, that
is, BL + M06 + M12, over a 12-month time span, we found that our
model achieved a 2% improvement to 86% mAUC. With this input data
setup, 3D VGG13 significantly improved and outperformed all models

by achieving a 99% mAUC.

We further studied the diagnostic ability of each model by estimating
class-specific ROC curves. Fig. 8 shows the cross-validated AUCs of the
models using the MRI modality at only BL, BL + M06, and BL + MO06 +
M12. The reason for a single deviated point in the AUC curve is the logits
obtained in the final layer of the proposed network. We used the cross-
entropy loss function from the PyTorch library, which applies the Sig-
moid or SoftMax activation function at the last layer based on the
number of classes during the training step [55]. We used the same logits
to calculate the AUC curve, as shown in Fig. 8. The sensitivity of the
proposed network was 84.2% compared to that of 3D VGG13 and 3D
ResNet18, which achieved 81.7% and 71.9%, respectively. The true
positive rate is expected to improve as the network starts receiving data

Table 4
Comparison of proposed network and other deep models using multimodal data (MRI + demographics).
DL Model Times Steps Accuracy Precision Recall mAUC
3D ResNet18 [43] BL 0.74+0.04 0.79+0.04 0.70+0.09 0.74+0.05
BL~MO06 0.7540.04 0.84+0.04 0.73+0.04 0.74+0.04
BL~M12 0.731+0.04 0.77+0.08 0.76+0.05 0.73+0.03
3D VGG13 [44] BL 0.82+0.03 0.85+0.04 0.77+0.05 0.82+0.02
BL~MO06 0.8040.07 0.84+0.08 0.75%+0.09 0.81+0.07
BL~M12 0.821+0.04 0.87+0.04 0.75+0.08 0.82+0.04
Proposed Network BL 0.88+0.13 0.89+0.14 0.88+0.10 0.88+0.1
BL~MO06 0.9040.07 0.90+0.06 0.921+0.07 0.90+0.03
BL~M12 0.9610.02 0.99+0.01 0.924+0.05 0.96+0.01
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from subsequent time steps from the same patient. Using BL + MO06, the
sensitivity of 3D ResNet18 improved to 74.2%, whereas it remained the
same for the other two models. Furthermore, using BL + M06 + M12 led
to a significant increase in the sensitivity achieved by our network.

4.3. Experiment 2: progression detection using MRI and demographic
features

Experiment 2 shows the effect of combining two modalities (i.e., MRI
and demographics) to investigate the contribution of demographic fea-
tures in the progression of AD.

Results using MRI and demographic features: Table 4 shows the
effect of utilizing multimodal input data on the detection of AD pro-
gression. Three demographic features were combined with MRI features
during the training phase when only BL MRI images were used.

The three demographic features were patient age, gender, and edu-
cation level. Combining demographic features with MRI features
significantly improves the proposed network compared with using only
the input data from the MRI modality. At the BL, our proposed model
outperformed 3D ResNet18 and 3D VGG13 by achieving a mean accu-
racy of 0.88+013, mean precision 0.89+0.14, mean recall 0.88+0.10,
and mAUC of 0.88+0.1. 3D ResNet18 achieved a mean accuracy of 0.74
+0.04, mean precision 0.79+0.04, mean recall 0.70+0.09, and mAUC of
0.74+0.05. 3D VGG13 achieved a mean accuracy of 0.824+0.03, mean
precision 0.85+0.04, mean recall 0.77+0.05, and mAUC of 0.82+0.02.
Furthermore, by using longitudinal data from BL~MS6, only 3D
ResNet18 and the proposed network improved their overall accuracy.
The proposed model again outperformed all other models by achieving a
mean accuracy of 0.90+0.07%, mean precision of 0.90+0.06%, mean
recall of 0.92+0.07%, and mAUC of 0.90+0.03%. Finally, with three
time steps of data, that is, (BL~M12), 3D ResNet18, and 3D VGG13
could not improve and were affected by the noise in the training data.
Particularly 3D VGG13 In particular, the overall accuracy of 3D VGG13
degraded compared with the performance on MRI modality only
because of either interpreting the fused demographic features as noise or
lacking epochs to converge for better performance. For BL~M12, 3D
ResNet18 achieved a mean accuracy of 0.734+0.04%, mean precision of
0.77+0.08%, mean recall of 0.76+0.05%, and mAUC of 0.73+0.03,
whereas 3D VGG13 achieved a mean accuracy of 0.82+0.04%, mean
precision of 0.87+0.04%, mean recall of 0.754+0.08%, and mAUC of
0.82+0.04%. However, the response of our model for BL ~ M12

100

Information Fusion 92 (2023) 363-388

surpassed all other models by achieving a mean accuracy of 0.96
+0.02%, mean precision of 0.99+0.01%, mean recall of 0.92+0.05%,
and mAUC of 0.96+0.01%. The proposed model significantly improved
its accuracy and reduced the variance at (BL+M12) by demonstrating a
more accurate and reliable performance.

Comparison of the DL models using MRI and demographic mo-
dalities: Fig. 9 shows the effect of multimodal data on detecting the
progression of AD. These models used MRI data fused with the patients’
demographic features. The demographic features included marital sta-
tus, age, and education level.

Overall, after fusion, the mAUC increased, and each model improved
the mAUC as it was exposed to more time-step data of the same patents.
The proposed model achieved 88% mAUC compared with 3D ResNet18
and 3D VGG13, which achieved 74% and 82%, respectively. Using data
from two time steps, that is, BL and M06, 3D ResNet18 achieved 74%,
3D VGG13 achieved 81%, and the proposed network achieved 90%.
Finally, using data from three time steps, our model outperformed all
other models by achieving a 96% mAUC compared with 3D ResNet18
and 3D VGG13, which achieved mAUCs of 73% and 84%, respectively.

Fig. 10 illustrates the diagnostic ability of each model by estimating
class-specific ROC curves. The figure shows the cross-validated AUC
results based on the longitudinal MRI data, that is, BL, BL + M06, and BL
+ MO06 + M12 MRI data fused with demographic features based on data
collected at the BL. The sensitivity of the proposed network was 88%,
whereas those of 3D VGG13 and 3D ResNet18 were 82.1% and 74.4%,
respectively. Furthermore, the true positive rate of the proposed
network improved when using training data from two time steps, that is,
BL + MO06 fused with demographic features from the BL. Our model
achieved 89.8% accuracy using data from two time steps, which is a
1.89% improvement compared with using only BL + demographic data.
Moreover, the proposed model using BL + MO06 input data outperformed
the other networks, 3D VGG13 and 3D ResNet18, which achieved 80.7%
and 74.4%, respectively. Finally, using the BL + M06 + M12 + de-
mographic features, the proposed network outperformed all other
models and data combinations, achieving a significant improvement of
approximately 6%, reaching an AUROC of 96%. The AUROC from the
other models, that is, 3D VGG13 and 3D ResNet18, was not stable and
achieved values of 82.2% and 73%, respectively.

0i 3D ResNetl8

#% 3D VGG13

Proposed Network

920

mAUC (%)
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Fig. 9. Performance comparison of the proposed framework with 3D VGG13 and 3D ResNet18 using two modalities (MRI + demographics).
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Fig. 10. ROC curves of the proposed framework, 3D VGG13, and 3D ResNet18 using MRI and demographic features.
Table 5
Comparison of proposed network with other deep models using multimodal data (MRI + CSs).
DL Model Times Steps Accuracy Precision Recall mAUC
3D ResNet18 [43] BL 0.74+0.04 0.88+0.04 0.70+£0.05 0.73+0.05
BL~MO06 0.7540.02 0.85+0.07 0.714+0.06 0.7340.02
BL~M12 0.7840.04 0.88+0.06 0.76+ 0.05 0.7840.02
3D VGG13 [44] BL 0.82+0.02 0.89+0.04 0.77+0.05 0.82+0.02
BL~MO06 0.89+0.04 0.87+0.04 0.85+0.04 0.89+0.03
BL~M12 0.88+0.01 0.91+0.03 0.8540.03 0.8940.02
Proposed Network BL 0.8940.05 0.931+0.04 0.8840.05 0.8840.05
BL~MO06 0.90+0.04 0.90+0.03 0.96+0.04 0.94+0.02
BL~M12 0.96+0.02 0.95+0.01 0.9240.03 0.914+0.03

4.4. Experiment 3: progression detection using MRI and CSs

To investigate the progression of AD by analyzing the cognitive
abilities of patients, we trained our model with CSs fused with MRI data.
This combination of data allowed the model to detect essential patterns
from each modality known for disease progression. Furthermore, the
detection abilities of different models were compared using the AUC
metric, as discussed in the previous sections.

Results using MRI and CSs: Table 5 shows the effects of combining
CSs with MRI as input data. The CSs were recorded at the BL and are
summarized in Table 2. These include genetic biomarkers (APOE4),
physical biomarkers (e.g., hippocampal volume), and behavioral test
statistics (e.g., ADAS13, FAQ, MMSE, and four different types of RAVLT
scores). By fusing CSs with MRI longitudinal data, our proposed model
outperformed all the other models, that is, 3D ResNet18 and 3D VGG13,
in all data combinations. Our model achieved a mean accuracy of 0.89
+0.05%, mean precision of 0.934+0.04%, mean recall of 0.88+0.05%,
and mAUC of 0.88+0.5% at the BL. 3D ResNet18 achieved a mean ac-
curacy of 0.7440.04%, mean precision of 0.88+0.04%, mean recall of
0.70£0.05%, and mAUC of 0.73+0.05%. 3 G VGG13 achieved a mean
accuracy of 0.82+0.02%, mean precision of 0.89+0.04%, mean recall of
0.7740.05%, and mAUC of 0.824+0.02% at the BL.

Further, each model improved in accuracy when using two time steps
of training data, and we chose data from BL ~ M6. Our model out-
performed other models by achieving a mean accuracy of 0.90+0.04%,
mean precision of 0.90+0.03%, mean recall of 0.96+0.04%, and mAUC
of 0.94+0.02%. Moreover, the proposed model showed significant im-
provements when using three time steps of input data, i.e., BL. ~ M12, by
achieving a mean accuracy of 0.96+0.02%, mean precision of 0.95
+0.01%, mean recall of 0.92+0.03%, and mAUC of 0.91+0.03%. 3D
ResNet18 achieved a mean accuracy of 0.784+0.04%, mean precision of
0.88+0.06%, mean recall of 0.764+0.05%, and mAUC of 0.7840.02%.
3D VGG13 achieved a mean accuracy of 0.89+0.04%, mean precision of
0.87+40.04%, mean recall of 0.854-0.04%, and mAUC of 0.89+0.03% for
BL ~ M12. According to the results in Table 5, the proposed network has
more stable performance as the number of steps changes and out-
performs the other models with various input data combinations. This
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indicates that the proposed network can identify brain regions affected
by AD, and its output becomes more confident as it is exposed to new
data from subsequent time steps. As previously noted, adding more time
steps improves the performance of all DL models. In addition, adding
more data increased the stability of all the models by reducing the
fluctuation in variance. However, using data from only two time steps
increased the noise in our model even though the overall model per-
formance was improved.

Comparison of the DL models using MRI and CSs: Fig. 11 shows
the effect of multimodal data on the progression of AD. The multimodal
data combined the MRI data with the patient’s CSs. Our model out-
performed all the other models when using MRI data from three time
steps, achieving 89%, 94%, and 91% mAUC for BL, BL + M06, and BL +
MO06 + M12 MRI data, respectively. 3D ResNet18 achieved 73%, 73%,
and 78%, whereas 3D VGG13 achieved 82%, 89%, and 88% mAUC
when using BL, BL + MO06, and BL + M06 + M12 MRI input data,
respectively.

Fig. 12 shows the cross-validated AUC results for models using lon-
gitudinal MRI data, that is, BL, BL + MO06, and BL + M06 + M12 MRI
data fused with cognitive features from the BL. The sensitivity of the
proposed network was 88% compared with that of 3D VGG13 and 3D
ResNet18, which achieved 82.1% and 74.4%, respectively. Further-
more, the true positive rate of the proposed network improved when
using training data from two time steps, that is, BL + MO06 data fused
with demographic features from the BL. Using data from two time steps,
our model achieved 89.8%, which is a 1.89% improvement compared
with using only BL + demographic data. Moreover, the proposed model
using only BL + MO06 data still outperformed the other networks, 3D
VGG13 and 3D ResNet18, which achieved 80.7% and 74.4%, respec-
tively. Finally, using BL + M06 + M12 data + demographic features, the
proposed network outperformed all the other models and input data
combinations. It significantly improved by approximately 6%, reaching
an AUROC of 96%. By contrast, 3D VGG13 and 3D ResNet18 did not
achieve stability, obtaining AUROC scores of 82.2% and 79.9%,
respectively.
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Fig. 11. Performance comparison of the proposed framework with 3D VGG13 and 3D ResNet18 using MRI and CSs.
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Fig. 12. ROC curves of the proposed framework, 3D VGG13, and 3D ResNet18 using MRI and CSs.
Table 6
Comparison of proposed network with other deep models using the three modalities.
DL Model Times Steps Accuracy Precision Recall mAUC
3D ResNet18 [43] BL 0.724+0.04 0.78+0.02 0.69+0.04 0.7240.04
BL~MO06 0.7440.03 0.84+0.02 0.67+0.04 0.7340.03
BL~M12 0.75+0.03 0.85+0.06 0.69+0.05 0.7540.02
3D VGG13 [44] BL 0.83+0.03 0.87+0.02 0.78+0.06 0.83+0.03
BL~MO06 0.8610.04 0.91+0.04 0.80+0.07 0.86+0.03
BL~M12 0.92+0.03 0.98+0.02 0.87+0.03 0.934+0.01
Proposed Network BL 0.93+0.01 0.96+0.02 0.88+0.03 0.92+0.01
BL~MO06 0.9540.02 0.9510.02 0.921+0.04 0.90+0.01
BL~M12 0.92+0.01 0.92+0.03 0.921+0.05 0.934+0.01

4.5. Experiment 4: progression detection using MRI, demographics, and
CSs

In Experiment 4, we fused all three modalities (MRI, demographics,
and CSs) and investigated the effect of multimodalities on AD progres-
sion detection. We evaluated the performance of the three comparative
models, that is, the proposed network, 3D VGG13, and 3D ResNet18. We
also investigated the effects of combining multimodal data and longi-
tudinal MRI on the stability and robustness of the model.

Results using MRI, CSs, and demographic: Table 6 shows the
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combined effect of fusing all input data modalities, including BL de-
mographic and CS data, with the time-series data from the MRI mo-
dality. With such a setup, each model drastically boosted the accuracy.
However, the proposed model still outperformed all other models with
all data combinations.

At the BL, our proposed model achieved a 0.934+0.01 mean accuracy,
0.96+0.02 mean precision, 0.88+0.03 mean recall, and 0.92+0.01
mAUC. 3D ResNet18 achieved a 0.72+0.04 mean accuracy, 0.78+0.02
mean precision, 0.69+0.04 mean recall, and 0.72+0.04 mAUC. 3D
VGG13 achieved a 0.83+0.03 mean accuracy, 0.87+0.02 mean
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Fig. 13. Comparison of the proposed framework with 3D VGG13 and 3D ResNet18 using MRI, demographics, and CSs.

precision, 0.78+0.06 mean recall, and 0.83+0.03 mAUC at the BL. Each
model saw improvements in accuracy with two time steps of training
data, that is, BL ~ M6. The proposed model outperformed the other
models by achieving a 0.95+0.02 mean accuracy, 0.95+0.02 mean
precision, 0.924+0.04 mean recall, and 0.90+0.01 mAUC. At BL ~ M6,
3D ResNet18 achieved a 0.744+0.03 mean accuracy, 0.84+0.02 mean
precision, 0.67+0.04 mean recall, and 0.73+0.03 mAUC. 3D VGG13
achieved 0.86+0.04 mean accuracy, 0.91+0.04 mean precision, 0.80
+0.07 mean recall, and 0.86+0.03 mAUC. Moreover, the proposed
model significantly improved with three time steps of data, i.e., BL~
M12, obtaining a 0.92+0.01 mean accuracy, 0.92+0.03 mean precision,
0.9240.05 mean recall, and 0.934-0.01 mAUC. However, 3D ResNet18
achieved a 0.75+0.03 mean accuracy, 0.851+0.06 mean precision, 0.69
40.05 mean recall, and 0.7540.02 mAUC. 3D VGG13 achieved a 0.92
+0.03 mean accuracy, 0.984+0.02 mean precision, 0.87+£0.03 mean
recall, and 0.93+0.01 mAUC at BL~ M12. The described experiments
confirmed that the proposed method is stable from the beginning but
improves as it is exposed to subsequent time steps in the longitudinal
data. Furthermore, adding multimodal training and testing data makes
each model more accurate in recognizing AD progression.
Comparison of DL models using MRI, demographic, and CS data:
Fig. 13 shows a comparison of the proposed network against the other
networks, using MRI, demographics, and CS input data from different
time steps. These models consider all numerical features available by
including demographics and CSs; that is, three features from de-
mographics and 14 features from CSs. The proposed model achieved
very stable results using data from each time step by achieving 92%,
90%, and 93% mAUC when using the BL, BL + MO06, and BL + MO06 +

M12 MRI data, respectively. 3D VGG13 achieved 83%, 86%, and 93%,
respectively, and 3D ResNet18 achieved 72%, 73%, and 75% mAUC
using BL, BL + M06, and BL + M06 + M12 MRI data, respectively.

Fig. 14 shows the cross-validated AUC results when using longitu-
dinal MRI data, that is, MRI data from BL, BL. + M06, and BL + M06 +
M12 fused with demographic + cognitive features from the BL. Here, we
analyze the effect of using longitudinal MRI data along with aggregated
features from demographic and CS data.

The sensitivity of the proposed network using BL MRI data and all
aggregated features was 92%, outperforming all other models in our
comparison, that is, 3D VGG13 and 3D ResNetl8. These achieved
AUROC values of 83% and 72.4%, respectively. The AUROC achieved
when using BL + M12 MRI data degraded to 90.4% for the proposed
network, but it still outperformed the other models: 3D ResNetl8
(AUROC = 72.5%) and 3D VGG13 (AUROC = 86.1%). This degradation
was probably caused by noise in the input training data. Finally, when
using BL + M06 + M12 MRI data + aggregated features, the proposed
network outperformed all the other models by significantly improving
its AUROC to 93%. The other models, 3D VGG13 and 3D ResNetl8,
achieved AUROCsS of 92.7% and 75.4%, respectively.

4.6. Selecting the best combination of modalities

Fig. 15 shows the effectiveness of the proposed network in terms of
the mAUC from two dimensions, that is, how the proposed model per-
forms as (longitudinal) input data from subsequent time steps are added
to the training data. Furthermore, we investigated the effect of utilizing
multimodal data on mAUC. As shown in previous experiments, we used
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ROC: 3DCNN-BRNN vs. 3D VGG13
vs. 3D ResNet18 at BL~M06 (MRI+D+C)

ROC: 3DCNN-BRNN vs. 3D VGG13
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1.0 -

10 ) Sl B e o a0 I ————
= ————T = - -7 n | oo ==—— et
= - -7 7 = — =" 7 & —_—_—— - 7
= -— EiRd Z 0.8 e -~ s s | - 4
5 0.8 —— - R g 0. ',— - e 5 0.8 : - 7

G - = b

E ,’ ,/” i g ] ,a” /// E 1 ,a"’ ///

0.6 1 .- < Cos, 1 __-" P Dol 11~ P

£ L-" g £ I g 2 1 7

= ] PRe & 1y Pid P51 1y JRe

woal I ’ w 0.4 ] ’ 044 111 ’

S 0.4 2 2 0.

£ n - £ 1 e £ I e

‘g n JRe g 1 7 g L] Re

=
% 02{ ¥ 7 =W Random Prediction (AUROC = 0.50) % 0.2 "Il 7 = Random Prediction (AUROC = 0.50 & 02 M1 7 == Random Prediction (AUROC = 0.50
= ,' 7 Proposed Network (AUROC = 0.92) = ¥ - s Proposed Network (AUROC = 0.90) 2 I R Proposed Network (AUROC = 0.93)
= e B 3]) ResNet18 (AUROC = 0.72) = v’ [ 3D ResNet18 (AUROC =0.73) & v, N 3D ResNet18 (AUROC = 0.75)
0.0 = 3D VGG13 (AUROC = 0.83) 0.0 B 3D VGG13 (AUROC = 0.86) 0.0{ ¥ = 3D VGG13 (AUROC = 0.93)
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate (1 - Specificity)

False Positive Rate (1 - Specificity)

False Positive Rate (1 - Specificity)

Fig. 14. ROC curves of the proposed framework, 3D VGG13, and 3D ResNet18 using MRI, demographics (D), and CSs (C).
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Fig. 16. ROC-AUC curve of the proposed network using multimodal data.
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the mAUC as the performance metric for testing and comparing the
models because it is proportional to the other metrics.

We calculated results using only BL MRI input data, BL + M06 MRI
input data, and BL + M06 + M12 MRI input data. The results show that
our model achieved a mAUC of 86% with only BL MRI input data (p <
0.001) and BL + MO06 MRI input data (p < 0.005). However, the per-
formance achieved a significant boost as we added data from the third
time step, that is, M12, and the mAUC reached with this input data was
86% (p < 0.005). We also investigated the effects of adding demographic
features to the input data for progression detection. By adding de-
mographic features recorded at the BL to the BL MRI, BL MRI + M06 MRI
data, and BL + M06 + M12 MRI input data, the proposed model ach-
ieved 88%, 90%, and 96% mAUC, respectively. Demographic features
that we used included age, gender, and education level. In addition, we
investigated the effect of fusing CSs with the MRI data. The proposed
model achieved mAUCs of 89%, 94%, and 91% by fusing CSs with the
respective MRI input data from one, two, and three time steps, respec-
tively. Finally, we investigated the effect of combining all modalities,
that is, MRI, demographic feature, and CS data. The proposed model
achieved mAUCs of 92%, 90%, and 93% by fusing all additional mo-
dalities with the respective MRI input data from one, two, and three time
steps, respectively. It should be noted that the proposed model achieved
a mAUC of 96% when using MRI data from all three time steps fused
with demographic features, outperforming all other combinations of
input data.

Fig. 16 shows a sensitivity analysis of the proposed network from two
perspectives: (1) from a time-series perspective with only MRI input
data, that is, scan data from BL, BL~MO06, and BL~M12 and (2) from a
multimodal input data perspective, that is, using MRI, MRI + de-
mographic (D), MRI + CS, and MRI + demographic (D) + CS as the input
data. The AUROC achieved by the proposed network using only data
from the MRI modality at BL was 84.2%. The accuracy remained the
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same when adding BL~MO06 and BL~M12 to the time-series input data,
and no significant improvements were made; however, the false positive
rate was reduced as the model was given subsequent time step data from
the longitudinal MRI data. The model significantly improved the true-
positive rate when demographics features were fused with the MRI
data. The demographic features utilized here were the patient’s age,
gender, and education.

The model achieved 88% AUROC by fusing these data with BL. MRI
data. In addition, with MRI data from two time steps, that is, BL~MO06,
the AUROC improved by 1.8% compared with fusing with just BL MRI
data that reached an AUROC of 89.8%. This shows that the proposed
model can capture temporal features as it sees longitudinal data from
subsequent time steps. Using data recorded at three different time steps,
the model significantly boosted its true-positive rate and achieved a 96%
AUROC. Furthermore, by fusing the MRI data with CSs, the proposed
model achieved an AUROC of 88.5% when fused with only BL MRI data.
The model achieved a drastic boost when fusing BL~M06 MRI data,
achieving a 93.6% AUROC when receiving data from two time steps.
However, the AUROC falls to 90.9% when using all three time steps of
MRI data, that is, BL~M12. Finally, by combining the demographics +
CSs recorded at the BL with the MRI data, the model achieved 92%,
90.4%, and 93.1% AUROC when using BL, BL~M06, and BL~M12 MRI
input data, respectively.

4.7. Comparison with current state-of-the-art methods

In this study, we proposed a novel architecture that improves the
performance of existing models for the detection of AD progression. The
proposed method utilizes multimodal data to extract critical features
from each input modality and utilizes all of them to detect the pro-
gression of AD. The 3D CNN used in the proposed network captures
intra-slice features from various input MRI volumes of the same patient

Table 7
Comparison of the proposed model with various models from previous studies.
Ref. Year Sub#  Modality Performance ML Method
ACC PRE SEN AUC
[56] 2017 272 FDG-PET 92.16 — 88.46 — RF-Robust SVM
[52] 2018 1984 50 landmarks extracted and utilized from MRI 93.70 — 9460 98.60 CNN
[50] 2018 1051 FDG-PET 93.58 — 91.54 — DNN
[2] 2019 1737 D, CS — — — 96.58  Multilayer perceptron
[57] 2019 1105 FreeSurfer-based numerical features extraction from MRI, PET, — — — 94.00 LSTM
and DTI modalities
[26] 2019 830 MRI 91.33 — 86.87 93.22 Stacked-CNN bidirectional gated recurrent
unit
[51] 2019 742 Six volumetric MRI biomarkers — — — 90.00 LSTM
[58] 2019 186 Cortical models, cortical metrics, and ADAS cognitive test 100 — 100 — SVM
[54] 2019 488 66 numerical features (i.e., CS, PET, MRI, and sociodemographic) — — — 87.00 SVM, Kernel Ridge Regression
[59] 2020 449 MRI biomarkers 85.00 — 86.30 94.00 Linear mixed effects
[60] 2020 1677 Hippocampus features and CS — — — 91.00  RNN with filling strategy
[61] 2020 485 Hippocampus segmented regions from MRI volumes 92.00 — 92.00 — Logistic regression, K-nearest neighbor,
SVM, decision tree, and RF
[27] 2020 1536 Statistical measures (MRI, PET, CS, assessment data, and 92.62 94.02 98.82 — Stacked CNN bidirectional LSTM
neuropathological data)
[62] 2020 509 MRI 84.00 — 92 — CNN-Ensemble learning
[53] 2020 1371 Neuropsychological tests and biomarkers (MRI, PET, CS, 74.55 84.68 84.80 — Bidirectional LSTM
neuropathological data, and Comorbidities)
[71 2021 1029 Comorbidities, CS, brain disorder and not brain disorder medicine 98.00 99.63 99.70 — RF, decision tree, logistic regression, SVM,
and k-nearest neighbor
[63] 2021 151 MRI 90.00 — — 96.20  Temporally Structured SVM
[64] 2021 492 Cropped hippocampal regions from MRI — — — 88.00  DeepAtrophy
[65] 2020 216 MRI 8890 — — 92.50 3D DenseNet
[66] 2021 1757 16 ADNI and 6 NACC biomarkers (MRI, PET, and CSF) — — — 93.40 Modified Logistic Function
[67] 2022 1371 Neuropsychological tests and biomarkers MRI, CS, Comorbidities, =~ 93.87  94.07 94.07 — 2-staged AD progression detection
and CSF
[68] 2022 1500 MRI 94.34 — — — RESU-Net
[28] 2022 400 MRI 90.83 — 95.00 — FDN-ADNet
[69] 2022 809 MR, PET, and Single Nucleotide Polymorphism — — — 96.00  Multi-Classification Framework
[70] 2022 559 MRI, PET, CS, neuropathological data, and Comorbidities 98.56 98.56 98.56 98.56 Ensemble Classifier
Ours® 2022 1692  MRI, D, and CS 96.00 99.00 92.00 96.90 3D-CNN-BRNN

(Sub# = Number of subjects, ACC= Accuracy, PRE=Precision, SEN=Sensitivity, AUC=Area under the curve).
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at different time steps and combines these with the feature vector
extracted from the CSs and demographic data. This combination of a
CNN using CSs and demographic input data is enhanced by further
processing its outputs using a BRNN to capture intra-slice features over
different time steps. The network was evaluated using MRI-only, MRI +
CS, MRI + demographics, and MRI + CS + demographics input data. Our
framework achieved accurate and stable results using the proposed
architecture.

Table 7 shows a comparison of the proposed method with the most
recent alternative methods developed for AD progression detection.
Most DL-based studies in the field of AD progression detection use time-
series data [19,55]. In addition, we found that selecting only a single
slice or working with a specific region from the entire MRI volume to
detect AD progression is a notable drawback of most existing techniques.
Such mechanisms typically result in a wide range of information losses,
which are critical for the stability of a model in a disease prediction task.
Time-series data analysis is prevalent in AD progression detection [19,
55]; however, the models used in these studies cannot be easily evalu-
ated because of the lack of explainability [50]. In many studies, the
problem of AD diagnosis has been addressed as a binary classification
task (e.g., CN vs. AD). They use traditional ML-based approaches to
distinguish between these two classes. For example, Lu et al. [50] pro-
posed an incomplete RF, robust support vector machine (SVM) approach
for the detection of cognitively impaired individuals. They built an
incomplete RF model by using FDG-PET image features, modeling its
outputs as noise-corrupted feature datasets and minimizing a loss
function based on these noisy data within a robust programming
framework. They reported an 88.46% sensitivity and 96% specificity
with BL data using only a single modality. Liu et al. [52] proposed a
multitask multi-channel DL framework by extracting 60 well-known
anatomical landmarks from brain MRIs and then using them as image
patches to train a DNN model to jointly perform classification and
regression. Uysal et al. [61] used targeted data from only the hippo-
campal brain region by using an ITK-SNAP tool to segment parts of the
scans from the rest of the brain volumes. Various ML models for
detecting AD progression were then trained using the processed data.
Cui et al. [26] proposed a 3D CNN + gated recurrent unit that uses
whole-brain MRI as the input data for AD classification. They used
time-series data consisting of data collected at six different time steps for
each patient and achieved a 92% accuracy using their proposed setup.
As mentioned before, they used whole-brain MRI volumes as input data,
which are usually considered to contain unnecessary voxels, increasing
the network’s processing load. In [51], Ghazi et al. proposed a gener-
alized method for training LSTM networks that can handle missing
values in both the input and output. They reported that they worked
with 63% of the missing data and achieved 90% AUC with their pro-
posed approach. They utilized volumetric features from the MRI mo-
dality (i.e., ventricles, hippocampus, whole brain, fusiform, middle
temporal gyrus, and entorhinal cortex) from 11 time steps over a
one-year period. Albright et al. [2] proposed a technique called the
“All-Pairs” method. Using this method, they compared all temporal
data-point pairs from each patient and attempted to capture the pro-
gression of AD. They conducted their study using 1737 patients from the
ADNI database and reported an mAUC of 96%. Hong et al. [57] utilized
ROI features, such as volume, cortical thickness, and surface areas
extracted by the FreeSurfer tool from MRI, PET, and DTI modalities.
They then designed an LSTM model with a fully connected layer and
activation layers to encode the temporal relations between the features
and the next AD stage. Nguyen et al. [60] proposed an RNN-based AD
progression detection model in which missing values were handled
using a minimal RNN approach, achieving an accuracy of 91%.
El-Sappagh et al. [27] conducted progression detection by using longi-
tudinal data collected at 15 different time steps. However, they did not
consider the gap between the last observed data and when the AD
classification was made (i.e., it consisted of an estimation problem
rather than a forecasting problem). Abuhmed et al. [53] proposed
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hybrid deep models based on multimodal time-series data from the
previous 18 months. They utilized a wide array of features extracted
from inputs, including MRI, PET, neuropsychological and CSs, and de-
mographics data, to perform two tasks: AD progression detection and CS
prediction. In their work, they used ready-made features provided by the
ADNI database. Lahmiri et al. [58] examined several ML models to
determine the extent to which the fractal dimensions of the pial,
gray/white boundary, and cortical ribbon can be used to classify AD
patients and healthy controls. Additionally, they evaluated the feasi-
bility of integrating the fractal dimensions of these cortical models
(cortical ribbon, pial surface, and logistic regression gray/white surface)
with cortical metrics (cortical thickness and gyrification index). In their
study, only the BL data from the ADNI dataset were used, and the ac-
curacy, sensitivity, and specificity were all reported to be 100%.
El-Sappagh et al. [7] reported a 98% accuracy by utilizing longitudinal
data at four time steps. They used a rich dataset composed of 1029
subjects for each modality, including demographics, CSs, brain disorder
medicine, non-brain disorder medicines, and comorbidities or disorders.
They investigated the performance of several ML-based algorithms,
including the decision tree, logistic regression, SVM, and k-nearest
neighbor. Their work was also based on the features already available in
the ADNI database.

Table 7 summarizes the five characteristics of each approach
described above: number of subjects used in the study, data modality,
number of time steps, performance, and architecture used. As noted in
this table, the proposed network outperformed most of the other state-
of-the-art models. The performance and robustness of the proposed
system represent an excellent starting point for building a clinical de-
cision support system for AD progression detection. Furthermore, the
model can explain features that influence the final decision. In addition,
the proposed model is more intuitive than most state-of-the-art methods.
This is because it examines a variety of multimodal longitudinal data
during the training process, which is critical for effectively assessing
mental health. Although the proposed model outperforms other state-of-
the-art DL-based models in the field of AD management, further im-
provements are still required before it can be deployed to help diagnose
actual patients.

Table 8 highlights the uniqueness of the present study compared

Table 8
Singular contributions of the proposed method when compared with state-of-
the-art techniques in AD progression detection.
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with the studies listed in Table 7. We determined the superiority of the (A) Does the method use time-series data? How many time steps does
proposed model over the methods proposed in previous studies by the method utilize?
evaluating certain criteria, such as: (B) Is the use of information fusion explored?

(C) Is a hybrid model proposed?
(D) Does the method utilize 3D MRI neuroimaging?

Fig. 17. 2D slices and 3D surface rendering along with activated brain regions for AD progression detection.
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(E) Does the method support an MRI-based visual XAI?

(F) Is a time-series XAI proposed?

(G) Does the method track affected brain regions over time using
voxel-level visualization?

In [28][51]1[54]1[56]1[581[601[611[63]1[641[671[70], BL data,
including only MRI, PET, and CSs, which are well-known biomarkers for
the diagnosis of patients with AD, were utilized. However, any longi-
tudinal training data or explanation of the decision-making process of
the proposed approaches was not included. Among all these studies
based on BL data only, the methods proposed in [58] and [28] out-
performed our proposed method by achieving 100% and 97% accuracy
and 100% and 95% specificity, respectively. In [2][7]1[26]1[27]1[53][55]
[571[621[651[661[681[69]1, longitudinal data were utilized and accept-
able accuracies for AD progression detection were reported. However,
voxel-level tissue damage caused by AD progression was not visualized
in any of these studies.

5. Model explainability

DL-based approaches have become the “method of choice” owing to
their automated feature learning and generalization capability. How-
ever, deep models are fundamentally complicated ML algorithms;
therefore, what information hidden in the brain scans causes these al-
gorithms to arrive at a specific result is unclear. To date, various XAI
techniques have been used to explain the decisions of deep models in the
medical domain. However, in longitudinal data analysis for AD pro-
gression detection, no appropriate XAI technique is currently available
to provide a visual explanation of the brain atrophy found in MRI data.
With the proposed model, we provide two visual explanations of the
model decision-making process: (1) voxel-level activation maps of 2D
MRI slices from each time step of the longitudinal data, and (2) 3D brain
surface rendering. Fig. 17 shows these 2D slices and 3D surface ren-
derings along with the activated brain regions in the CN, Converted, and
AD patients.

5.1. 3D surface rendering

CT and MR acquisitions provide sectional images that are not exactly
2D. These images are always thin volume slices. Therefore, the 3D
visualization of these slices is rather simple owing to their 3D nature.
The most common methods used for visualization are slicing, volume
rendering, and surface rendering [71]. However, 3D visualization is not
possible using the slicing approach. The surface-rendering approach
entails creating polygonal surfaces from the datasets and then rendering
them. On the other hand, volume rendering entails giving each data
element a color and opacity value and then projecting the components
directly onto an image plane without the need for geometric primitives.
Surface rendering is the depiction of surface structures or organs. For 3D
imaging of sectional scan data, surface rendering is a common visuali-
zation approach [71]. Surface extraction may be performed in two
ways:1) manually, using a standard template to identify the voxel co-
ordinates in a specific brain area of the 3D surface, and 2) automatically,
by executing the full preprocessing pipeline using advanced software
such as FreeSurfer [72] to visualize specific brain areas. Manual seg-
mentation techniques provide the most precise surface but are
time-consuming and difficult for the operator. Unfortunately, in large
systems, the currently available automated segmentation solutions that
require only basic human intervention cannot always be guaranteed to
perform successfully [73]. Hence, this study utilized manual mapping of
the brain segments, as shown in Fig. 17.

The 2D activation maps generated by the explainer were further
processed to produce a 3D surface rendering. The following steps
describe the process of generating 3D surface rendering. 1) Surface
acquisition: The brain surface data are collected and consist of four fields
in an ASCII text file with the suffix 'nv’: a) vertex number, b) vertex
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coordinates, c) triangle face number, and d) index of vertex making up
the triangles. As the vertex coordinates were translated into the MNI
space, the brain surface was obtained using the FreeSurfer tool. 2)
Volume mapping: The brain volume data, which might be in the form of
a T-map, Z-map, atlas, or any other volume data, are converted to the
NIFTI format. The Brainnetome Atlas [74] was used to examine the
structure-function links and compare neuroanatomical research. There
are currently 246 areas in the bilateral hemispheres of the Brainnetome
Atlas. Furthermore, by utilizing forward and reverse inference, the
atlas-connectivity-based parcellation-yielded areas are functionally
characterized according to the BrainMap database’s [75] behavioral
domain and paradigm class meta-data labels.

The number of intersection points in each brain area was used to
identify the brain regions that contributed most to the final classifica-
tion. The basic idea behind volume mapping is to use various techniques
to convert the vertex coordinates of the brain surface into voxels in an
image file and assign vertices to the associated values. The idea behind
drawing an ROI is to convert the voxels in an image file with the same
index into a 3D surface. The ROI volume and brain surface were pro-
cessed using box-smoothing methods. A MATLAB toolbox, BrainNet
Viewer [76], was used to render the surface. Fig. 17 shows the active
areas of the brain for each class at each time step. A detailed description
of each region is provided in Table S1 in the Supplementary file.

5.2. Voxel activations in 2D slice and 3D surface view

AD is associated with extreme difficulty in performing routine tasks,
with patients losing their ability to solve problems, plan, reason, use,
judge, and think. This is accompanied by increased confusion and
problems with speaking, vision, reading, concentration, and spatial and
temporal perception. As a result of these symptoms, a person’s mood and
personality shifts, and there is a loss of interest in favored pastimes or
social activities. A substantial amount of research has linked cognitive,
behavioral, and emotional changes to particular anatomical alterations
in brain tissue. We discuss how the proposed framework identifies these
changes in the context of cognitive deterioration with respect to time (as
a progressive problem).

Generating attention maps: We employed the MedCam Python li-
brary developed by Gotkowaski [77] to visualize salient features that
make significant contributions to the final determination of the output
class. Validation data with specified labels were fed to MedCam, and the
attention maps obtained were linearly integrated and normalized to
achieve understandable attention maps. The total number of attention
maps given by MedCam is equal to the shape of the input volume; in this
case, 110 x 110 x 110. Subsequently, these attention maps were
overlaid on the corresponding slice of the input volume to identify the
most salient voxels in the decision-making process. Fig. 17 shows the 2D
slices with the corresponding voxel details obtained from MedCam. The
visualized salient regions have statistical significance that may help
users of the system understand the decision-making process of the deep
model. The most discriminative features of a patient with CN and AD
status are shown along with those of patients who were initially CN but
progressed to AD within three years. Furthermore, multiple 2D slices
from each 3D volume were shown to illustrate the activated voxels from
different regions in each slice.

Activated brain regions for CN people: The first row in Fig. 17
shows that the brain regions that most easily differentiate CN persons
from AD patients are the rostral Hippocampus [78], medial Amygdala
[79], Globus Pallidus [79], lateral Amygdala [79], area 28/34 (EC,
Entorhinal cortex), and caudal area 35/36, that is, the Parahippocampal
gyrus [80]. For CN individuals, these regions remain the same over time
(i.e., in scans from time steps 1, 2, and 3). No progression can be noticed
in the visual illustrations of CN patients in Fig. 17, indicating that the
patient is in a stable state, and no regions deteriorate in time step 1 or
later in time steps 2 and 3.

Activated brain regions for AD patients: The third row in Fig. 17
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shows disease progression in an AD case. The patient was in a bad
condition during the BL scan. Many regions of the brain are affected. The
most affected brain regions include the Hippocampus [78], medial
Amygdala [79], caudal Hippocampus [79], lateral Amygdala [79],
dorsolateral Putamen [81], rostroventral area 20, that is, the Fusiform
gyrus [80], Globus pallidus [79], area 28/34 [79], and area Temporal
lobe (TL) (lateral PPHC and posterior Parahippocampal gyrus) [82].
Furthermore, the rostral area 21 and superior temporal Sulcus, that is,
the middle temporal Gyrus [83]; rostral area 22 and lateral area 38, that
is, the superior temporal Gyrus [84]; lateroventral area 37, that is, the
Fusiform Gyrus [83]; and the caudoventral of area 20 and intermediate
lateral area 20 and caudolateral of area 20, that is, the inferior temporal
Gyrus [85] and caudal Hippocampus [79] are the brain regions high-
lighted as influential by the proposed network at time steps 1 and 2 in
AD patients. In the AD patient who was diseased from the beginning,
most of the brain atrophy was already present in the very first scan, as
shown in Fig. 17. Using the proposed 3D visual and temporal explana-
tions, physicians can easily and intuitively track how the status of the
patient has changed over time. At time step 1, the patient’s status was
clearly negative owing to the number of affected brain regions compared
with a CN patient. In addition, by time step 2, the number of affected
regions increased compared with that in time step 1. By time step 3, the
situation had worsened because the number of affected regions had
increased considerably compared with that in time step 2. In our pro-
posed explanation output, physicians can see the newly affected regions
at every time step to accurately track the status of the patient.
Activated brain regions for converted patients: The second row in
Fig. 17 shows the disease progression in a converted case. Compared
with long-term AD patients, converted cases change rapidly from a
normal state to AD. The number and volume of the affected brain re-
gions increases rapidly over time. For converted patients, who were CN
at the beginning (i.e., at time step 1), the network looked at the same
regions used to identify CN status patients (time steps 1, 2, and 3). These
regions include the Hippocampus, Amygdala (medial and lateral), and
Parahippocampal regions. However, regarding the converted patient, by
time step 2, as the cognitive impairment in the patient increased,
additional affected regions were detected by the network, including the
Hippocampus [78], medial Amygdala [79], caudal Hippocampus [79],
lateral Amygdala [79], dorsolateral Putamen [81], and rostroventral
area 20, that is, the Fusiform Gyrus [80], Globus Pallidus [79], area
28/34 (EC, Entorhinal cortex) [79], and area TL [82]. For a patient who
converts to AD, by time step 3, as the patient succumbs completely to
AD, more than half of the brain tissue atrophies, including all the regions
specified for time steps 1 and 2. Additional affected regions are detected
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by the network, including the rostral area 21 and superior temporal
Sulcus, that is, the middle temporal Gyrus [86], rostral area 22, and
lateral area 38, that is, the superior temporal [86]; lateroventral area 37,
i.e., Fusiform Gyrus [80]; and the caudoventral of area 20, intermediate
lateral area 20, and caudolateral of area 20, that is, the inferior temporal
Gyrus [85] and caudal Hippocampus [79].

Fig. 18 shows a concise representation of the regions presented in
Fig. 17. The brain regions most affected by AD are the Basal Ganglia
(BG), Parahippocampal Gyrus (PhG), Amygdala (Amyg), and Hippo-
campus (Hipp). Fig. 17 shows a practical use case of a patient from each
category. The circular subregions represent the activation of that region
over all three time steps. For CN patients, both the left and right
dorsolateral Putamen (dIPu) regions were activated in all three time
steps (T1, T2, and T3). By examining this region, the proposed network
can discriminate CN individuals from AD patients. Other detected sub-
regions of the Basal Ganglia (BG) include the left and right Globus
Pallidus (GP), as well as the Nucleus Accumbens (NAC) at T1 and T2.
The A28/34 subregion of the PhG was activated at all three time steps. In
addition, A35/36c¢ and the Temporal Lobe showed activations in T2 and
T3. The Thalamus region was activated only in T1 and T3. Similarly, the
Amygdala (Amyg) and Hippocampus (Hippo) regions were activated at
different time steps in CN patients. For converted patients, dIPu and NAC
showed activation over all three time steps (T1, T2, and T3). In addition,
both the ventromedial Putamens (vimPu) were activated in T2 and T3.
Similarly, A28/34 and TL were activated over all three time steps. Most
of the subregions of the Amyg and Hippo were also activated. For pa-
tients with AD who had AD even at the beginning and continued in their
AD status throughout, the main activated subregions were the NAC over
all three time steps. In addition, dIPU was activated in the third time
step. Similarly, A28/34 and TL were activated over all three time steps
in AD patients. In addition to these regions, the Amyg and Hipp were
activated over all three time steps for AD patients.

The influential regions identified by the model for both AD and
converted patients were medically relevant. For example, under AD, the
subcortical areas of the Hippocampus and Amygdala in the medial
temporal lobe have repeatedly been identified as the most significant
regions [81]. Likewise, structural alterations in the Amygdala, a brain
area primarily responsible for emotional experiences and expressions,
have been linked to personality changes under AD, including increased
irritability and anxiety [72,73]. The Parahippocampal Gyrus, Thalamus,
and Putamen were also significantly stimulated in subcortical areas.
While the primary purpose of the Thalamus is to transport motor and
sensory impulses to the cerebral cortex controlling awareness and sleep,
the Dorsal Striatum is thought to have a direct role in subjective
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Fig. 18. Activated regions of the brain at different time steps.
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decision-making. The Putamen and Thalamus areas of the brain show
abnormalities that are typical in subjects with AD [74,75]. In addition to
the medial temporal lobe reported by many studies, we found peak ac-
tivations in the inferior and superior temporal Gyrus as well as in the
Fusiform gyrus, which are best known for use in pattern recognition (e.
g., face, body, object, or colors) [86].

These areas are also associated with decision-making and problem-
solving and are believed to be severely damaged in patients with AD.
This leads to increased lethargy, inappropriate behavior, and conditions
of being stuck in a loop of compulsive behavior [87]. In addition to the
Frontotemporal network, AD is characterized by deterioration of the
Precuneus region (see the converted case in Fig. 17 at time step 3),
which is a critical part of the Parietal lobe [88]. The Cerebellum has also
been increasingly examined as a brain region associated with the pro-
gression of AD and has been found to be a direct contributor to cognitive
and neuropsychiatric deficits in brain functionality. This region is
particularly important for cognitive and behavioral functions [89].
Deterioration of the Cerebellum causes several symptoms, including loss
of balance and coordination, tremors, difficulty in speaking, and
abnormal eye movement in elderly people. Finally, atrophy in the oc-
cipital lobe is associated with being unaware of the surroundings and
experiencing hallucinations and misperceptions. In addition, the oc-
cipital regions and their subregions, including the Calcarine, Cuneus,
and Lingual gyrus, are affected during AD progression (see the converted
case in Fig. 17 at time step 3).

5.3. Comparison of the proposed XAI approach with state-of-the-art
methods

We provide time-series explainability using visual representations of
3D images to justify the model’s decision. This module tracks the regions
in the brain tissue over time to help the model recognize patients with
AD. Various XAI techniques have been used to explain the decisions of
deep models in the medical domain. However, in longitudinal data
analysis for AD progression detection, there is currently no available XAI
technique to provide a visual explanation of brain atrophy found in MRI
data. With the proposed model, we provide two visual explanations of
the model decision-making process: (i) voxel-level activation maps of 2D
MRI slices from each time step of the longitudinal data and (ii) 3D brain
surface rendering.

Fig. 17 displays 2D slices and 3D surface renderings, along with the
activated brain regions in CN, Converted, and AD patients. For each
category, the model shows the activation of brain regions in a progres-
sive manner that defines tissue damage over time. Fig. 18 shows a
concise representation of the regions presented in Fig. 17. The encircled
subregions represent the activation of the brain region over the three
time steps. Only a limited number of studies on AD had been conducted
to explore the visual XAI features for explaining model decisions in a
medically relevant manner. To the best of our knowledge, the visual
explainability of longitudinal 3D MRI has not been explored in any other
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studies to highlight damaged brain regions. In addition, specific MRI
regions have not been tracked over time or their role in AD progression
has not been examined in any previous study. In this study, we proposed
novel solutions to both challenges.

Table 9 shows a list of the XAI approaches used when defining the
decision-making process of a model-based diagnostic framework. In
[90] and [91], SHAP values from well-known AD biomarkers were
determined, specifying their contribution to the decision-making pro-
cess of a model. In [92,93], and [94], saliency-based XAI approaches
were proposed by visualizing the feature maps of the hidden layers of a
DCNN. In [95], a 3D explainable residual block was proposed for the BL
3D MRI volume, whereas in [96], a GAN-based XAI approach for pro-
ducing multi-way counterfactual maps was proposed to explain the
decision of the proposed framework. Unlike the system proposed in this
study, none of these methods provide voxel-wise 2D and 3D explana-
tions for each slice in the longitudinal MRI, making them less adaptable
to the actual AD diagnosis environment of a health care system.

6. Current limitations

Although the proposed framework performed well on the ADNI
dataset under a variety of settings, some limitations still exist. First, the
parameters of the DCNN model, such as the number of layers, their size,
and the number of kernels in each layer, are optimally determined.
However, the proposed framework cannot be evaluated over other
datasets that either have an extremely limited number of longitudinal
subjects or are not publicly accessible. Second, we explored multimodal
data for AD progression detection. Our dataset was composed of longi-
tudinal MRIs with cross-sectional biomarkers at the BL only. We could
not investigate the effects of CSs and demographic features at different
time steps because of the unavailability of these features in a longitu-
dinal manner. Third, our model was trained from scratch. Owing to
compatibility issues with other available datasets (NACC, AIBL, and
MIRIAD), we could not fine-tune the existing framework trained on
other large-scale 3D medical image datasets that can further improve the
learning performance of the proposed framework. Finally, we mainly
focused on the visual explainability of the 2D slices of the proposed
framework and the 3D brain surface and ignored the visualization of
other modalities, such as demographics and CSs, in the progression
detection process. This is because our dataset was exclusively composed
of longitudinal MRI data.

7. Conclusion and future work

Alzheimer’s disease is the most severe form of dementia, and there is
currently no medically approved cure for this disease. The available
medical diagnostic systems are mainly based on cross-sectional data
collected from an initial BL visit, without the longitudinal aspect of the
available clinical data being considered. Conventional DL models
function as black-box models without explaining their decision-making.

Table 9
Comparison of our proposal with existing explainability techniques.
Ref. Year XAI technique Time Modality Tracking voxel level affected brain XAI category
series regions in the longitudinal MRI
[94] 2019  Saliency map No MRI No Gradient-based
[971 2020 Rule extraction No MRI No Argumentation-based
[92] 2020  Saliency map Yes MRI No Gradient-based
[95] 2021 Class activation map No MRI No Gradient-based
[90] 2021 SHAP No Demographics, MRI, genetics, lab tests, CS, and No Fuzzy rule
neuropsychological battery
[91] 2022  SHAP Yes Demographic, clinical, and neuropsychological No Game theory
assessment
[93] 2022  Saliency map No MR, PET, and neuropsychology test No Graph-based
[96] 2022  Counterfactual map Yes MRI No Visual explanation
Ours* 2022  Time-series-guided Yes MRI, Demographics, and CSs Yes Time-series visual
Grad-CAM explanation
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Existing DL models are extremely accurate; however, their real-world
adoption is hindered because doctors and regulators cannot verify
their results. This study proposed a novel framework for AD progression
detection using longitudinal MRI input data. We also investigated the
effect of multimodal input data by adding patients’ demographics and
CSs. The proposed network is composed of a 3D CNN followed by a
BRNN that outputs a decision based on the temporal features from
longitudinal MRI data. Our experiments show that the proposed model
achieves better results than existing state-of-the-art techniques for AD
progression detection by incorporating longitudinal and cross-sectional
data. We further proposed a novel explainability approach to help
doctors understand the decisions of the proposed network in a medically
acceptable way. The proposed network was optimized using a well-
known grid-search hyperparameter optimization technique. We ach-
ieved promising results that outperformed existing studies and other DL
models.

The main aim of this study was to explore the role of MRI time-series
data in predicting AD progression. The proposed model achieved high
and very stable results. However, fusing MRI with other modalities, such
as CSs and demographics, can further improve model performance. In
the future, we will explore the effect of fusing multimodal time-series
data on model performance. In addition, our current study proposed a
novel time-series visual explainability for 2D slices and 3D brain sur-
faces. However, medical experts prefer multiple explanations to trust the
model’s results. Thus, other XAI techniques that use additional modal-
ities, such as demographics and CSs, will be explored in future research.
We also plan to investigate the time-series aspects of other explainability
methods, such as SHAP [98], in combination with visual temporal
explainability. This will enable us to compare the contribution of each
modality in the decision-making process. Finally, we will compare the
performance of the proposed architecture with avant-garde 3D DL ar-
chitectures, with the potential to yield better performance scores than
those reported here. In addition, we will utilize state-of-the-art data
augmentation techniques to prepare MRI data for better model training,
as discussed in [99].
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