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Abstract—Early diagnosis of mild cognitive impairment
(MCI) may effectively prevent its development to Alzheimer’s
disease. Function connectivity (FC) of the brain networks
is a widely used biomarker for MCI detection. However,
FC estimated by predefined metrics may be unable to fully
characterize the brain signals. This article aims to develop a
deep learning framework directly applied to the brain signals
for improved MCI diagnosis. A resting-state functional mag-
netic resonance imaging (rs-fMRI) dataset containing normal
controls (NCs), early MCI (EMCI), and late MCI (LMCI) was used to develop and evaluate our model. Blood-oxygenation-
level-dependent (BOLD) signals were measured by the fMRI. A 1-D pointwise convolution was employed to freely capture
the spatial features, and a diagonal structured state space sequence (S4D) model was designed to extract the temporal
features, particularly the long-term dependence of the BOLD signals. The proposed model was evaluated on three
classification tasks, i.e., NC versus EMCI, EMCI versus LMCI, and NC versus EMCI versus LMCI, with repeated tenfold
cross validation. Accuracy, sensitivity, specificity, and area under the receiver operating characteristic curve were
calculated as performance metrics. For the two binary classification tasks, our model achieves the best performance
in all metrics among seven state-of-the-art (SOTA) methods. For the three-category classification, despite slightly
lower sensitivity, our model produces an overall superior performance than other methods. Our results indicate that
long-term dependence of the BOLD signals may contribute significantly to MCI detection, providing useful information
for automated diagnosis of MCI.

Index Terms— Functional magnetic resonance imaging (fMRI), mild cognitive impairment (MCI), spatial filter, structured
state-space sequence (S4) model.

I. INTRODUCTION

M ILD cognitive impairment (MCI) is a prodromal stage
of Alzheimer’s disease (AD), i.e., the most prevalent

dementia form in the elderly population characterized by
progressive perceptive and cognitive deficits. AD is an irre-
versible neurodegenerative disease and lacks effective clinical
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treatment [1]. It is reported that a considerable amount of MCI
patients, e.g., 10%–15% per year, may convert to AD [2]. Early
diagnosis and appropriate treatment and intervention of MCI
can effectively prevent such conversion [3]. However, diagnos-
ing MCI in an early stage can be a challenging task due mainly
to the uncertain etiology, relatively mild symptoms, and subtle
differences in the cognitive function between MCI patients and
healthy elderly people [4]. Automated MCI diagnosis tools
may, therefore, be demanded in clinical practice.

With recent advances in artificial intelligence, digital
biomarkers have been extensively employed for automatic
detection of many diseases [5], [6], [7]. Several stud-
ies have struggled to develop automated MCI diagnosis
using advanced brain imaging techniques, such as elec-
troencephalography (EEG) [8], functional near-infrared spec-
troscopy (fNIRS) [9], and magnetic resonance imaging (MRI)
[10]. In particular, the blood-oxygenation-level-dependent
(BOLD) signals measured by the resting-state functional
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MRI (rs-fMRI) can capture neuronal activities by measuring
the time-varying blood oxygenation level within structurally
segregated and functionally specialized brain regions. It is,
therefore, widely employed as a noninvasive measure for MCI
diagnosis.

Based on the BOLD signals, brain functional connectivity
(FC) has been extensively employed for MCI identifica-
tion [11], [12], [13], [14], [15], as MCI is reported to associate
with disconnection syndrome within the brain network [15].
By assuming stationary interactions between different brain
regions throughout the whole recording period, static FC was
first investigated by Qiao et al. [13], Yu et al. [16], and
Zhang et al. [17]. Besides, taking the discover that the FC is
dynamic rather than stationary into consideration [12], recent
studies have proposed dynamic FC for MCI diagnosis by
dividing the BOLD signals into consecutive segments using
a sliding window [12], [15], [18].

Several measures, such as Pearson’s correlation [19], partial
correlation [20], coherence [21], and phase-locked value [22],
have been proposed to estimate the interactions between
different brain regions in order to establish stationary or
dynamic FC. Based on the established FC, traditional machine
learning approaches consisting of manual feature extraction
and classification [16], [17], [18], [23], [24] or deep learning
approach extracting the spatial, temporal, and/or spatiotem-
poral representation automatically have been investigated for
effective MCI diagnosis [25], [26], [27], [28], [29], [30]. These
methods can extract information from predefined FC and have
achieved promising performance in MCI diagnosis.

However, the effectiveness of FC-based methods may be
determined by the metrics used in the estimation of the inter-
actions between different regions. In general, a complex FC
incorporating multiple metrics has a stronger representation
ability for MCI diagnosis than a simple FC using only one
metric [23]. Furthermore, a predefined FC is usually insuffi-
cient to fully characterize the BOLD signals and, thus, may
result in loss of valuable information for following analysis,
limiting its performance for MCI diagnosis.

To overcome these limitations, some studies have proposed
to use deep neural networks for the estimation of the dynamic
FC of the brain [31]. Yet, a more straightforward idea is to
extract spatial, temporal, and/or spatial–temporal representa-
tion directly from the original BOLD signals rather than the
FC. In fact, many studies have employed 1-D convolutional
neural networks (1-D CNNs) [32] and long short-term memory
(LSTM) networks [33] to learn features directly from the
BOLD signals for the diagnosis of autism. One limitation of
the 1-D CNN is that the output features at each layer are
constrained by the receptive field of the kernel size, resulting
in limited (local) temporal representation.

With the assumption that the observed BOLD signals are
generated by a sequence of underlying mental processes,
recent studies have proposed deep state-space models (SSMs)
to learn spatial–temporal features from the BOLD signals [34].
Moreover, a structured state-space sequence (S4) model can be
obtained by specifying the state-transition matrix in the SSM
as a high-order polynomial projection operator (HiPPO) [35].
The HiPPO matrix allows the S4 model to capture long-term

temporal dependencies in the BOLD signals and, therefore,
has achieved promising performance in related tasks, such
as the diagnosis of autism spectrum disorders and depression
disorders [34]. However, training the S4 model, in particular,
the state-transition matrix, efficiently requires several compu-
tational tricks. Parameterizing the state-transition matrix as a
diagonal plus low-rank (DPLR) matrix was proposed for faster
computation [36]. Moreover, a single diagonal matrix is further
proposed as an approximation of the state-transition matrix for
improved computation, which is referred to as S4D [36], [37].

Despite the promising performance in the diagnosis of
autism and depression, the aforementioned methods directly
applied to the BOLD signals have seldom been employed
for the diagnosis of MCI. The aim of this article is to
develop a deep learning model directly applied to the BOLD
signals for effective MCI diagnosis. To this end, a pointwise
spatial convolution is employed to learn spatial representation
directly from the BOLD signals, permitting the interpretability
of extracted spatial features. In addition, an S4D model is
employed to capture the temporal, particularly long-term,
representation. The effectiveness of the proposed model on
MCI diagnosis has been evaluated on the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) database.

II. MATERIALS AND METHODS

A. Materials and Preprocessing
The adopted public dataset, ADNI-2, consists of structural

and functional MRI of NC and patients with early MCI
(EMCI), late MCI (LMCI), and AD. Three classification tasks
were tested in this article, including two binary classification
tasks, i.e., NC versus EMCI and EMCI versus LMCI, and
one classification among NC, EMCI, and LMCI. The adopted
patient size was 172, 188, and 161 for NC, EMCI, and LMCI,
respectively.

For each subject, T 1-weighted structural and functional
images were acquired at the rest state (subjects had their
eyes open). The fMRI parameters were TE = 30 ms, TR =

3000 ms, voxel size = 3 × 3 × 3.3 mm3, number of slices =

48, flip angle = 80 degrees, and number of volumes = 140.
The first three volumes were excluded from further analysis
in order to avoid magnetization disequilibrium.

A standard pipeline was employed to preprocess the struc-
tural and functional images. First, the structural images were
anterior commissure (AC)—posterior commissure (PC) cor-
rected and resampled to 256 × 256 × 256 with a resolution
of 1 × 1 × 1 mm3. The N3 algorithm [38] was then
used for intensity-inhomogeneity correction. The corrected
structural images were finally skull-stripped and registered to
the Montreal Neurological Institute (MNI) space.

The functional images were first corrected for slice timing
by interpolation. Head motion was then corrected by rigid
body transformation with mutual information as the cost
function. The corrected fMRI was rigidly registered to the cor-
responding T 1 MR images and aligned to the MNI space. The
automated anatomical labeling (AAL) template [39] was then
employed to demarcate the functional images into 116 brain
regions of interest (ROIs), resulting in 116-channel BOLD
signals. Spatial filtering using a Gaussian kernel with a 4-mm
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Fig. 1. Scheme of the proposed deep learning frame work. (a) Entire framework, (b) S4D module, and (c) S4D block.

full-width at half-maximum (FWHM) and temporally filtering
between 0.01 and 0.1 Hz were applied to the obtained BOLD
signals.

B. Proposed Model
The idea of this article was to develop a deep learning

model that extracts spatial and temporal features directly from
the BOLD signals for effective MCI diagnosis. The scheme
of the proposed model is shown in Fig. 1, which consists
of three main parts. First, a pointwise convolution layer was
applied for a direct and shallow spatial representation of the
preprocessed multichannel BOLD signals in order to mix
information from different channels (ROIs). Then, an S4D
module was employed to learn the long-term dependency
and the discriminant temporal information from the spatially
mixed time sequences. Finally, a classification part consisting
of a pointwise convolution layer and a global average pooling
(GAP) was utilized, responding for category-feature extraction
and disease prediction.

1) Shallow Spatial Representation: Pointwise convolution is
a very simple structure (1 × 1 convolution) and has been
widely employed to mix information across multiple channels
as a spatial filter [40], [41], [42], [43]. It is, therefore, applied
directly to the multichannel BOLD signals for a shallow spatial
representation in this article, as shown in Fig. 1(a). In general,
the pointwise spatial convolution can be formulated as follows:

Y = [W1 W2 · · · WH ]T [X1 X2 · · · XL ] (1)

where Xk (k = 1:L , L the number of time samples) is a
C-channel column vector, e.g., the BOLD signal at the time
instance k, Wi (i = 1:H , H the number of spatial filters) is
a C-dimensional spatial filter (column vector), and Y is the
output with the dimensions of H × L .

In this article, the pointwise convolution layer was employed
for effective learning of the interaction patterns among mul-
tiple brain regions. Each feature map generated by one
pointwise filter contains information from all channels (ROIs),
while H pointwise convolution filters could extract H dif-
ferent interaction patterns according to the weights of each
filter. To alleviate the overfitting issue, the pointwise convo-
lution layer was followed by a dropout layer in this article,
which randomly dropped units (along with their connections)
from the neural network during training to prevent excessive
coadapting [44].

Different from graphic-neural-network (GNN)-based meth-
ods that generally take FC as the input [28], [29], the pointwise
convolution layer frees the calculation of FC and is easier to
implement for learning spatial patterns or interaction patterns.
Moreover, by analyzing the weights of pointwise convolution
filters, it is possible to show the significant brain regions and
discriminative interaction patterns.

2) Temporal Representation and Deep Spatial Fusion: The
core of the proposed method was to integrate a diagonal struc-
tured SSM (S4D) model into the deep learning framework,
enabling its ability to learn temporal features with long-term
dependencies. The working principles of the S4D model are
briefly summarized hereafter.

An SSM represents a linear, time-invariant, and finite-
dimensional dynamical system as a set of input, output, and
state variables in the first-order differential equations [45]. Its
continuous form is defined as follows:

x ′(t) = Ax(t) + Bu(t)

y(t) = Cx(t) + Du(t) (2)

where u(t) is a 1-D input signal; x(t) is an N -dimensional
latent state; y(t) is a 1-D output signal; and A ∈ CN×N ,
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B ∈ CN×1, C ∈ C1×N , and D ∈ C1×1 are the state-space
matrices.

With a bilinear method, the discrete form SSM is defined
as follows [46]:

xk = Axk−1 + Buk

yk = Cxk + Duk (3)

where A = (I−1/2·A)−1(I+1/2·A), B = (I−1/2·A)−11B,
C = C, D = D, and 1 is the step size utilized to convert the
continuous sequence to a discrete one. Omitting D and setting
the initial state x0 = 0, (3) can be unrolled as follows [37]:

yk = CAkBu0 + CAk−1Bu1 + · · · + CABuk−1 + CBuk

y = K ∗ u, K =

(
CB, CAB, . . . , CAL−1B

)
(4)

where L is the length of the input sequence uk . The SSM
model can, therefore, be interpreted as a sequence-to-sequence
convolution layer, in which K is the convolution kernel or filter
with learnable parameters A, B, C, and D.

The basic SSM performs actually very poorly in practice
due most probably to possible gradient scaling exponentially in
the sequence length, i.e., the vanishing gradients problem [47].
The HiPPO theory of continuous-time memorization [35] is
then incorporated into the SSM model [37]. Specifying the
structure of the state matrices A and B as HiPPO matrices can
theoretically and empirically enable the state x(t) to memorize
the history of the input u(t) [35], [48]. Several structures have
been proposed for the state matrices [35], [49], among which
the HiPPO-FouT structure introduced in [49] is employed in
this article, as given by

Ank =



−2, n = k = 1
−2

√
2, n = 1, k odd

−2
√

2, k = 1, n odd
−4, n, k odd
2πk, n − k = 1, k odd
−2πn, k − n = 1, n odd
0, otherwise

Bn =


2, n = 1
2
√

2, n odd
0, otherwise.

(5)

Training K efficiently requires several computational tricks.
Studies have proposed to parameterize A as a DPLR matrix for
faster computation of the convolution kernel using the Cauchy-
kernel algorithm [36], [37]. Recent studies have proposed
a single diagonal matrix to approximate the state-transition
matrix A for improved computational efficiency, resulting in
a model referred to as S4D, which is the key component of
the deep learning model proposed in this article, as shown
in Fig. 1(c).

The S4D model performs sequence-to-sequence mapping of
1-D input signal. In order to process the H signals generated
by the spatial convolution layer, a number of S4D models,
e.g., H , were employed with each handling one channel.
The feature maps generated by each S4D were activated
by a Gaussian error linear unit (GeLU), which is reported
to generate better performance than traditional activations,

such as ReLU and ELU [50]. The GeLU is generally cal-
culated as follows:

GeLU(x) = 0.5x
(

1 + tanh
[√

2/π
(
x + 0.044715x3)]). (6)

A dropout layer was used after the GeLU in order to alleviate
the overfitting issue.

Then, a pointwise convolution layer was employed to fuse
multichannel features, i.e., mapping an H × L feature map to
a 2H × L feature map. The output of the pointwise convolu-
tion was divided into two feature maps with dimensions of
H × L for each, denoted as a and b, by a gated linear
unit (GLU). The GLU outputted the (H × L) feature map,
calculated as a⊗σ(b), where ⊗ represented elementwise prod-
uct and σ represented sigmoid activation, which performed
a gating mechanism that helped gradients flow through the
layers and allowed for faster convergence [51]. The H S4D
models, GeLUs, dropout, pointwise convolution, and the GLU
composed a basic S4D block, as shown in Fig. 1(c).

The S4D block was the key component of the S4D module
designed for spatial–temporal representation of the BOLD
signals [Fig. 1(b)]. The output feature maps of the S4D block
first passed through another dropout layer and were then added
to the input feature maps of the S4D block, building a residual
connection that enabled improved optimization through mit-
igating and vanishing gradients [52]. A normalization layer
was employed to normalize the residual feature maps on
every single batch along the input dimension of the channel,
leading to smoother gradients, faster convergence, and better
generalization [53]. In this article, a cascade of S4D modules
was used to build a deep network for effective capture of the
long-term dependency of the BOLD signals.

3) Classification: A classification part was designed to pre-
dict the score of each label. It consisted of another pointwise
convolution layer, a dropout layer, and a GAP layer. The
pointwise convolution layer was designed to extract category
features from the input feature maps and generate one feature
map for each corresponding category using 1 × 1 convolution.
The GAP transformed the category features into category
confidence or prediction scores by averaging the features of
each category. Finally, the classification result was generated
by feeding the GAP-resulted vector directly into the softmax
layer. Compared to fully connected layers, GAP could avoid
overfitting caused by the full connection and was more robust
to time translations of the BOLD signals, as it summed out
the temporal information [54].

C. Methods for Comparison
In order to evaluate its effectiveness, the proposed method

was compared with the following state-of-the-art (SOTA)
methods.

1) Strength- and Similarity-Guided Group Sparse Represen-
tation (SSGSR): The GSR is jointly guided by low-order FC
and high-order FC. The resulted weights are then used as
features in SVM for classification [23].

2) Attention-Diffusion-Bilinear Neural Network: The strength
of node interactions is learned by an attention-diffusion-
bilinear neural network (ADB-NN) framework through cou-
pling FC and structural connectivity (SC) and is further
aggregated for diagnosis [25].
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3) Spatiotemporal Graph Convolutional Network: A spa-
tiotemporal graph convolutional network (ST-GCN) is trained
on short subsequences of the BOLD time series to model the
nonstationary nature of FC, and the importance of graph edges
within ST-GCN is helpful for prediction [26].

4) Dynamic Effective Connectivity With a Virtual Adversarial
Training Convolutional Neural Network: The dynamic effective
connectivity is built with a group-constrained Kalman filter
algorithm. Then, the local features are extracted by a virtual
adversarial training convolutional neural network (VAT-CNN)
and inputted into a high-order connectivity weight-guided
graph attention network for feature aggregation [27].

5) Sparse Representation With Latent Temporal Dependency
(SRiLT): The brain FC is constructed by introducing temporal
dependency and sequential information with a latent variable.
The coefficients of the constructed brain FC are used as
features for MCI classification [24].

6) Spatiotemporal Aggregated Attention Network: The spa-
tial and dynamic relationships among different ROIs are
simultaneously extracted by the spatiotemporal aggregated
attention network (STAA) module with a self-attention mecha-
nism and dynamic GCN. The extracted features are aggregated
and further fed into a classifier [28].

The methods in [23], [24], [25], [26], and [27] are originally
evaluated independently under quite different sample sizes.
These methods are later reproduced in [28] based on the same
dataset as that used in this article. The results reproduced
in [28] are, therefore, considered for simple and fair compar-
isons. However, the patient size in [28] (154 NC, 168 EMCI,
and 120 LMCI) is slightly smaller than that of this article
(172 NC, 188 EMCI, and 161 LMCI) due to the specific
exclusion criterion adopted in [28].

D. Experiment Setting and Implementation Details
Based on the adopted ADNI-2 dataset, three classification

tasks were tested in our study in order to evaluate the effective-
ness of the proposed model, including two binary classification
tasks, i.e., NC versus EMCI and EMCI versus LMCI, and
a three-category classification task among NC, EMCI, and
LMCI. To fully assess the generalization performance of the
model, a tenfold cross-validation strategy was used. The model
was trained on nine groups and applied to the remaining group
to evaluate the classification performance, rounding until all
groups underwent classification. Accuracy (ACC), sensitivity
(SEN), and area under the receiver operating characteristic
curve (AUC) were considered as performance metrics. The
cross-validation procedure was repeated for ten random subdi-
visions, and the average and standard deviation of the adopted
metrics were considered.

To train the S4D model embedded in the proposed deep
learning framework, the state matrices A, B, C, and D needed
to be first initialized. In this article, the S4D-Lin initial-
ization [36] was implemented, where the S4-FouT HiPPO
matrix A in (5) was approximated by a diagonal matrix, with
the diagonal elements ann = jnπ − 0.5. Diagonal approxi-
mation of A permitted fast computation of the SSM model
while keeping the ability to capture long-term dependencies.
Besides, for model simplicity, all elements in B was set

to 1, as it were reported that a trainable B provides minor
improvement [36]. Finally, C and D were randomly initialized.

Then, the AdamW optimizer and a cosine annealing sched-
uler were used for weight decay regularization as suggested by
previous work [36]. The AdamW optimizer modifies Adam to
recover the original formulation of weight decay regularization
and, therefore, is a powerful tool for improving the accuracy
and speed of deep learning models [55]. The cosine annealing
scheduler allows the learning rate to decay in the shape of a
cosine function during training and, therefore, is helpful for
convergence [56].

Following prior works [34], [36], the training parameters
were set as follows: dropout rate = 0.5, epoch = 200, batch
size = 16, number of S4D module or layer = 4, learning rate =

1 × 10−4 and weight decay = 0 for S4D, and learning rate =

5 × 10−4 and weight decay = 1 × 10−4 for other layers.
Moreover, the number of spatial filters, i.e., H in (1), was set
to 256, and the same for the number of state variables (N ). The
proposed model as well as the SOTA methods for comparison
were implemented with PyTorch on a GPU (NVIDIA RTX
3090 24 GB).

III. RESULTS

A. Performances of Our Model and the SOTA Methods
The classification performance of the proposed deep learn-

ing framework for the three classification tasks is reported
in Table I, together with the SOTA methods. It is clear that,
for the two binary classification tasks, the proposed model
performs the best in all metrics as compared to the SOTA
methods. In particular, it achieves an ACC, AUC, and SEN
of 87.4%, 95%, and 86.4%, respectively, for the classification
between NC and EMCI, and 85.0%, 93%, and 89.0% for the
classification between EMCI and LMCI.

For the three-category classification task among NC,
EMCI, and LMCI, the proposed model yields the highest
ACC and AUC among all the methods, i.e., 77.9% and
92%, respectively. The sensitivity of the proposed model
for distinguishing NC among all the labels, i.e., SENN ,
is relatively low as compared to the SOTA methods, i.e.,
ranking the fourth among the seven methods. Apart from
SENN , the proposed model produces slightly lower sensitivity
for distinguishing EMCI and LMCI, i.e., SENE = 80.1%
and SENL = 76.1%, respectively, both ranking the second
among all the methods. Therefore, taking all the metrics into
consideration, the proposed model produces the best overall
performance for the three-category classification task.

B. Ablation Experiments
To illustrate the effectiveness of the proposed deep learning

framework for spatial–temporal representation, two ablation
experiments are performed on the same dataset. The first
one was to assess the contribution of the shallow spatial
presentation in Fig. 1(a) by simply removing this layer. The
second one was to examine the effectiveness of the S4D
model for temporal representation by replacing the S4D blocks
in Fig. 1(c) with popular recurrent neural networks (RNNs),
which also perform spatial–temporal representation through
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TABLE I
PERFORMANCE OF OUR MODEL AND THE SOTA METHODS

TABLE II
RESULTS OF THE ABLATION EXPERIMENTS

sequence-to-sequence mapping and involve an intermediate
hidden state, similar as the S4D block. The RNNs adopted
in this article for ablation experiments include GRU [57],
LSTM [58], bidirectional GRU (BGRU), and bidirectional
LSTM (BLSTM) [58].

The results of the ablation experiments are reported in
Table II. While removing the shallow spatial representation,
the performance of the proposed method decreases in all
metrics for the three classification tasks except for one, i.e., the
sensitivity of the classification between NC and EMCI. These
results demonstrate the contribution of shallow spatial point-
wise convolution to the proposed deep learning framework.
Besides, among all the models for temporal representation, the
S4D method yields the highest values in all metrics, indicating
the superiority of the S4D method for temporal representation
of the BOLD signals.

IV. DISCUSSION

A. General Discussion
This article proposes an effective deep learning framework

for improved MCI diagnosis. A key feature of the proposed
framework is the employment of a diagonal-structured SSM
for temporal representation of the BOLD signals. In fact, SSM
has been widely used to model a time series as well as the
fMRI and achieved promising results in the diagnosis of autism
spectrum disorders and depression disorders [34]. In our study,
we integrate the SSM in our deep learning framework for the
first time for MCI detection, which lies in the main novelty
of this article. Besides, a simple 1-D pointwise convolution is
adopted for spatial representation, enabling fully free spatial
characterization of the BOLD signals as well as the inter-
pretability of the learned spatial features.

The observed superior results in Tables I and II demonstrate
the effectiveness of the proposed deep learning framework.
In particular, all metrics in Table II show better performance
of S4D than other temporal representation methods, such as
GRU [57], LSTM [58], BGRU, and BLSTM [58]. These
results may suggest that long-term dependence of the fMRI
may contribute significantly to MCI detection, similar to
the diagnosis of autism spectrum disorders and depression
disorders [34].

The ability of the S4D to capture long-term dependency
depends on the structuration of the state-transition matrix to
an HiPPO. Among several available HiPPO forms, a general
framework referred to as HiPPO-FouT is adopted in this
article, which performs a projection onto truncated Fourier
functions [49]. For computational efficiency, the HiPPO matrix
is usually decomposed into a DPLR matrix [37]. In this
article, only a diagonal matrix is used as an approximation
of the HiPPO matrix. The superior results for all the three
classification tasks confirm our choice of HiPPO-FouT as well
as the diagonal approximation.

Note that the sensitivities of the three-category classification
are slightly lower than some of the SOTA methods. This is
most probably due to the fact that, in this article, the model
parameters are picked from previous works [34], [36], which
are mainly optimized for accuracy rather than sensitivity.
Besides, those studies focus only on binary classification
[34], [36]. In order to improve the sensitivity of three-category
classification, one strategy may be the use of nested cross
validation, in which the model parameters can be optimized
based on the sensitivity obtained on the validation set. Another
possibility is to train three binary classifiers, with each dis-
tinguishing between one label and others. Then, the final
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Fig. 2. Visualization of the spatial filter for the classification between EMCI and NC. (a) Heat map of the spatial filter. (b) Difference in the averaged
WT of the resulted features (WTEMCI − WTNC).

Fig. 3. Visualization of the spatial filter for the classification between EMCI and LMCI. (a) Heat map of the spatial filter. (b) Difference in the
averaged WT of the resulted features (WTEMCI − WTLMCI).

classification result of a test sample can be obtained using the
voting of the three binary classifiers. In fact, our preliminary
results show very good sensitivity for the binary classification
between NC and MCI (EMCI + LMCI), i.e., ACC = 85.2%,
AUC = 0.90, and SEN = 92.1%.

B. Feature Characterization
The shallow pointwise spatial convolution enables the visu-

alization of the spatial filters as well as the generated feature
maps. Specifically, the most significant spatial filter deter-
mined by ablation experiment, e.g., removal of which will
result in the largest drop in the performance, is visualized.
In addition, Morlet wavelet transform (WT) is applied to the
feature map outputted from the determined spatial filter. The
average WT over all subjects in each group, i.e., NC, EMCI,
and LMCI, is calculated, and the difference in the average WT
between two groups is illustrated.

Fig. 2 shows the heat map of the most significant spatial
filter (a) and the difference in the average WT of the outputs
of the spatial filter for the classification between NC and

EMCI (b). As shown in Fig. 2(a), large weights of the
spatial filter can be observed in several brain regions, such
as regions, such as vermis, cerebellum, and the right frontal
gyrus. Fig. 2(b) shows a clear power increase in the frequency
band around 0.02–0.03 and 0.05–0.08 Hz in the outputs of the
spatial filter for EMCI patients as compared to NC.

For the classification between LMCI and EMCI, large
weights of the spatial filter are observed in right-middle frontal
orbital gyrus, left postcentral gyrus, right-middle temporal
pole, and right crus II of cerebellum, as shown in Fig. 3(a).
Besides, a clearly higher power is observed in the frequency
band around 0.01–0.02 Hz in the resulted feature maps of
the EMCI patients as compared to that of the LMCI patients,
as illustrated in Fig. 3(b).

For the three-category classification task among LMCI,
EMCI, and NC, large weights of the spatial filter are observed
in left supplementary motor area, left olfactory cortex, left
cerebellum 7b, right insula, left superior occipital gyrus, left-
middle temporal gyrus, left putamen, and vermis 6, as shown
in Fig. 4(a). Moreover, the resulted feature maps of each
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Fig. 4. Visualization of the spatial filter for the three-category classification. (a) Heat map of the spatial filter. (b) Difference in the averaged WT of
the resulted features between NC and LMCI. (c) Difference in the averaged WT of the resulted features between NC and LMCI. (d) Difference in
the averaged WT of the resulted features between EMCI and LMCI.

two classes show clear power difference in certain frequency
bands, as illustrated in Fig. 4(b)–(d).

It is noted that the spatial patterns learned by our model
are different from the traditional FC spatial patterns. This is
most probably due to the fact that an FC extracts the temporal
correlations between pairs of ROIs, while our pointwise spatial
convolution performs a free linear combination of all brain
regions.

C. Most Discriminative ROIs
To determine the most discriminative ROIs, we scaled the

absolute weights between 0 and 1 for each spatial filter
and ranked their importance according to the average scaled
weights over the ten repeated tenfold cross validation. Con-
sequently, the most ten discriminative ROIs for the three
different classification tasks are reported in Table III. It is clear
that a number of the ROIs identified from the three-category
classification task overlap with that from the two binary clas-
sification tasks, including TPOmid.R, HIP.L, ITG.L, OLF.R,
CAU.R, Cerebellum 6R, ROL.R, and Cerebellum 4&5L , con-
firming the importance of these ROIs for MCI diagnosis.

Note that many of the determined ROIs are located in
occipital, frontal, and temporal regions, suggesting those

TABLE III
TEN MOST DISCRIMINATIVE ROIS FOR THE

THREE CLASSIFICATION TASKS

regions to play an important role in MCI diagnosis, as reported
in previous studies [59], [60]. Other ROIs, such as INS.L,
DCG.R, OLF.R, ROL.R, left hippocampus, and CAU.R,
are also important for tracking the progression of AD/MCI,
in line with previous studies [29], [61], [62]. Besides, a few
discriminative ROIs are identified in the cerebellum and
vermis, indicating that the cerebellum and vermis also contain
important pathology information for MCI diagnosis, in line
with previous studies [31], [63]. These results suggest the
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spatial filters proposed in our model to reliably extract
significant activity from pathologically related brain regions.

D. Limitations and Future Work
Worthily to note that, despite the effectiveness of the

proposed pointwise spatial convolution, there are many other
methods for spatial presentation. However, these methods are
not investigated in this article due to the fact that the main
focus of this article is the employment of the S4D model for
temporal, particularly long-term, representation. Combining
the S4D model and different spatial representation methods as
spatial–temporal representation of the BOLD signals for MCI
diagnosis may be an interesting direction for future studies.

Besides, it is noticed that, in this article, the BOLD
signals consist of 116 channels (ROIs) derived from the
AAL template. Using other templates with more subdivided
ROIs can lead to an increase in the spatial resolution and
may, therefore, have an impact on the performance of MCI
diagnosis. Investigation of new templates with increased
spatial resolution and its influence on our proposed deep
learning framework for MCI detection may also be interesting
directions in future studies.

Moreover, a forward information flow is considered in our
S4D model. However, as a sequence-to-sequence mapping
method, it is also possible to implement the S4D model
with backward information flow. A bidirectional S4D may
extract more significant temporal representation as similar
bidirectional sequence to sequence methods, e.g., bidirectional
GRU and bidirectional LSTM (BLSTM) [58]. Future studies
may explore the effect of bidirectional S4D on temporal
representation of the BOLD signals and, thus, on the diagnosis
of MCI.

V. CONCLUSION

In this work, a novel deep learning neural network is
proposed for effective MCI diagnosis, in which a simple
pointwise convolution is employed for spatial representation
and an S4D model for temporal representation. The evaluation
results on the ADNI dataset with 521 samples show superior
performance of our methods for EMCI and LMCI diagnosis,
outperforming a number of SOTA methods. Moreover, visual-
ization of the spatial filters and the corresponding outputs show
the proposed method to be able to extract physiologically inter-
pretable features. Future studies may focus on bidirectional
S4D, a combination of S4D and different spatial representation
methods, as well as improving the spatial resolution of the
BOLD signals.
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