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ABSTRACT

Autism spectrum disorder (ASD) is a neurological and developmental disorder. Traditional
diagnosis of ASD is typically performed through the observation of behaviors and interview
of a patient. However, these diagnosis methods are time-consuming and can be misleading
sometimes. Integrating machine learning algorithms with neuroimages, a diagnosis method,
can possibly be established to detect ASD subjects from typical control subjects. In this
study, we develop deep learning methods for diagnosis of ASD from functional brain net-
works constructed with brain functional magnetic resonance imaging (fMRI) data. The
entire Autism Brain Imaging Data Exchange 1 (ABIDE 1) data set is utilized to investigate
the performance of our proposed methods. First, we construct the brain networks from
brain fMRI images and define the raw features based on such brain networks. Second, we
employ an autoencoder (AE) to learn the advanced features from the raw features. Third,
we train a deep neural network (DNN) with the advanced features, which achieves the
classification accuracy of 76.2% and the receiving operating characteristic curve (AUC) of
79.7%. As a comparison, we also apply the same advanced features to train several tradi-
tional machine learning algorithms to benchmark the classification performance. Finally, we
combine the DNN with the pretrained AE and train it with the raw features, which achieves
the classification accuracy of 79.2% and the AUC of 82.4%. These results show that our
proposed deep learning methods outperform the state-of-the-art methods.

Keywords: autism spectrum disorder, autoencoder, deep learning, functional brain network,
functional magnetic resonance imaging.

1. INTRODUCTION

AUTISM SPECTRUM DISORDER (ASD) is a neurological and developmental disorder that begins early in
childhood and lasts even one’s whole life. ASD affects patients’ behavior and social interactions.
Patients have shown a wide variety of behavioral abnormalities such as impaired social skills, incoherent
speech/behaviors, and attention deficit, which give the term spectrum in ASD naming. According to
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Hirvikoski et al. (2016), ASD patients are more likely subjected to premature death than healthy controls, and
unfortunately, there are no effective medical treatments for ASD. However, an early diagnosis can help
clinicians and caregivers to take preliminary measures and provide necessary preventions to maintain certain
level of patients’ normal lives. Early diagnosis has been proven to be a no-easy task after many years’
extensive research. Traditional questionnaire-based diagnosis methods include Autism Diagnostic Ob-
servation Schedule (Lord et al., 1989) and Autism Diagnostic Interview (Lord et al., 1994), where the
diagnosis is typically performed through the observation of behaviors and assessment of patients’ interview
answers. Unfortunately, these diagnosis methods are subjective and inefficient and can be misleading
sometimes because there are no specific identifiable behaviors that can be described as ASD in an objective
way. Therefore, it is imperative to devise reliable methods that can diagnose ASD more accurately and
efficiently in a quantitative or semiquantitative way without purely relying on behavioral questions.

With the advance of neuroimaging technology (Khosla et al., 2019; Martino, 2019) and artificial in-
telligence (Russell and Norvig, 2020), neuroimages have been widely used to understand brain disorders
through functional and/or structural studies. Among all the imaging modalities, magnetic resonance im-
aging (MRI) is one of the excellent tools to study brain disorder due to its high resolution and noninvasive
imaging mechanism. MRI can be used to extract information about physical structures and functional
activities of human brains using different imaging configurations and protocols.

Of the different MRI techniques, the resting-state functional MRI (rs-fMRI) provides information about
the neural activities of human brains by measuring blood oxygen levels variations, that is, blood oxygen
level dependent (BOLD) signal, at regular time steps. The BOLD signal reflects brain activities and hence
gives an indirect way to study the brain functionalities and brain networks in a noninvasive way. Instead of
studying the raw fMRI images data sets due to its high-dimension but low-samples characteristics, an
effective alternative approach is to use the graph-theoretic or network-based theory to extract the hidden
features out of the fMRI data and reduce the noise components and compress the raw fMRI data for further
artificial intelligence algorithms. A brain network is composed of nodes and edges connecting nodes, where
the nodes are the regions of interest (ROIs). In network-based approaches, a brain network is constructed
from fMRI data by parcellating a brain cortex into different ROIs. In a weighted functional brain network,
ROIs are nodes while their edge weights are typically determined, by the (full or partial) Pearson corre-
lation coefficient (PCC), other mathematical measures such as tangent space (Dadi et al., 2019) or recently
developed dynamic time warping (Meszlenyi et al., 2017), between ROI pairs extracted out of blood
oxygen level time series signals.

With the ever-increasing amount of brain neuroimaging data, machine learning and artificial intelligence
(Murphy, 2013; Russell and Norvig, 2020) enabled algorithms are widely adapted to extract the brain
functional connectivity networks and hence detect meaningful biomarkers for ASD diagnosis. Many studies
incorporated features extracted from brain functional networks into machine learning pipelines to detect ASD
subjects from typical control subjects (Shen et al., 2017; Lundervold, 2019; Zhu et al., 2019; Yin et al., 2020).

Heinsfeld et al. (2017) proposed a transfer learning-based ASD diagnosis method using brain functional
networks extracted from fMRI time series by using PCCs from the Autism Brain Imaging Data Exchange 1
(ABIDE 1) data set (Poldrack et al., 2017; Martino, 2019) to detect ASDs. A deep neural network (DNN)
classifier was first pretrained using a stacked denoising autoencoder (AE) and the input features fed into the
AEs were the upper half of the connectivity matrix constructed by the PCCs of all pairwise ROIs. The
authors reported a classification accuracy of 70.0% for the entire ABIDE 1 data set, and it was the state-of-
the-art at the publishing time. In Eslami et al. (2019), a classification accuracy of 70.1% was reported for
the diagnosis of ASD on the ABIDE 1 data set. Eslami et al. also utilized an AE to pretrain a single layer
perceptron, and the trained AE was used as a feature extractor and the perceptron as the classifier. It was
reported an average classification accuracy of 63.0% for the individual sites of ABIDE 1. The Riemannian
geometry of the functional connectivity was studied in Wong et al. (2018). Using the log-Euclidean and
affine-invariant Riemannian matrices in the machine learning algorithms, the authors achieved an accuracy
of 71.1% for the entire ABIDE 1 data set.

In a DNN-based ASD diagnosis method presented in Kong et al. (2019), the authors extracted features
from brain networks and used the F-score to select the dominant features. The features were then fed into
the machine learning pipeline as inputs to a deep learning-based classifier. The deep learning-based
classifier consisted of two stacked AEs and a softmax layer for classification output. The authors achieved a
classification accuracy of 90.4%. However, the data were only from a single site of the ABIDE 1 data set,
and hence, it did not reflect the site variance and the fMRI scanner configuration variations and usually this
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type of variance was critical for practical clinical applications due to different application scenarios. In
some other studies, the higher classification accuracy for diagnosing ASD subjects was also achieved
(Yahata et al., 2016; Watanabe and Rees, 2017). These studies also only included certain parts of the
ABIDE 1 data set instead of the whole one and they could not generalize well enough to accommodate the
site variations when including the entire ABIDE 1 data set. Hence, these types of study were not suitable
for practical deployment. According to Arbabshirani et al. (2017), the authors stated that the studies related
to the diagnosis of ASD tended to have high accuracy for the data set from a single site and the accuracy
declined with the data set from multiple sites.

Therefore, it is imperative to design diagnosis methods with high classification accuracy over the whole
ABIDE 1 data set, and it can also generalize well to accommodate different scanners and site configurations
with potential to be deployed in real clinical settings. This type of generalizations is highly sought after by
hands-on practitioners as the real-world applications are not necessarily well aligned with protocol, and it is
very common for medical research and data acquisition that some data fields or items are missing. In Mostafa
et al. (2019), a new set of features was proposed for the diagnosis of ASD by turning to graph theories for
better hidden feature extractions and compressions. In this article, the spectrum of the Laplacian matrix of
brain functional networks was introduced as new high-level features and then combined with three network
centralities: assortativity, clustering coefficient, and average degree. Even using traditional machine learning
algorithms such as support vector machines (SVM), a classification accuracy of 77.7% was achieved, which is
the highest at that time over the entire ABIDE 1 data set (Heinsfeld et al., 2017). This have demonstrated that
the features extracted from a graph theory point of view is very effective, and it also serves as a mechanism to
reduce the dimension of the typical high-dimension learning problem related to fMRI data processing.

In this study, we are extending the work proposed in Mostafa et al. (2019) and Mostafa et al. (2020) and
studying the performance with different configurations and parameterizations. The same 871 subjects from
the ABIDE 1 data set are used to conduct this study to accommodate the site variations and scanner
configuration differences. The raw features introduced in Mostafa et al. (2019) and Mostafa et al. (2020),
that is, the spectrum of Laplacian matrices, assortativity, clustering coefficient, and average degree of brain
networks are adapted to be used in this study, and then, an AE is trained to learn the hidden representations
from the raw brain network connectivity models. The learned high-level hidden representations are then
used to train several machine learning models such as SVM, K-nearest neighbor (KNN), and DNN to
benchmark different classifiers for the diagnosis of ASD.

The average performances are comparable to those of the state-of-the-art methods (Yahata et al., 2016;
Arbabshirani et al., 2017; Watanabe and Rees, 2017), for example, a DNN with the graph-theoretic-based
features can achieve the classification accuracy of 76.2% and the receiver operating characteristic curve
(AUC) of 79.7%. As a comparison, we also apply the same feature sets to train several traditional machine
learning algorithms to benchmark the classification performance. We further combine the DNN with the
pretrained AE and then train the AE-based feature extractor and the classification network with raw
features. The mixed encoder and classification network achieve an accuracy of 79.2% and the AUC of
82.4%, and it gives better results than that reported in Mostafa et al. (2019). We also adapt the learnt hidden
representations by AE network and DNNS to traditional machine learning algorithms such as SVM, KNN,
and subspace discriminant. These shallow models also show improved performance with the best classi-
fication accuracy of 74.6% and the AUC of 78.7%.

In summary, the reported graph theory enabled features that are effective in both feature extraction and
dimension reduction. The features extracted by resorting to the spectrum of Laplacian matrix and other
graph characteristics are capturing the important hidden representation of the human brain functional
connectivity networks constructed by using PCCs. It is also demonstrated that these features can also help
the traditional machine learning methods, and hence it is, in turn, a proof that the proposed feature
construction methods are valid and effective.

2. METHODS
2.1. ABIDE data set

ABIDE 1 data set is a frequently used data set related to the diagnosis of ASD. In this data set, there include
rs-fMRI images, T1-weighted images, and phenotypic information of subjects suffering from ASD as well as
healthy ones. The data were collected from 17 different research sites around the globe. In ABIDE 1, there are
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in total 1112 test subjects. Of the total 1112 subjects, 539 are ASD subjects and 573 are healthy control
subjects. Analyzing the image acquisition techniques and phenotypic information provided in Poldrack et al.
(2017) and Martino (2019), it is evident that ABIDE 1 covers a wide range of scanners, configuration
parameters, age groups, and so on. Because of the heterogeneity and variations of subjects and scanning
protocol variations among intersite data, ABIDE 1 is in general a rather complicated data set to deal with. It is
typically observed that many machine learning algorithms, shallow or deep models, cannot generalize well
across the whole ABIDE I data set. Therefore, a machine learning method that can perform well across the
whole ABIDE 1 may have the potential to deal with the variations of different scanner configurations and
phenotypic differences and may be suitable to generalize well in the real-world clinical settings.

To be consistent and fair, we compare the proposed methods in this article with other publications
(Yahata et al., 2016; Arbabshirani et al., 2017; Heinsfeld et al., 2017; Watanabe and Rees, 2017; Mostafa
et al., 2019; Mostafa et al., 2020) under the same structure and similar setups. Hence, we have experi-
mented with the same 871 subjects, among which 403 are ASD subjects and 468 are typical control
subjects. And this more or less aligns with other state-of-the-art publications.

2.2. Data preprocessing and brain networks

Instead of creating brain functional networks from the raw rs-fMRI images, it is necessary to preprocess
fMRI raw data to remove motion artifacts and perform other denoising procedures. The preprocessing
pipeline is fairly straightforward and standard. We apply the AFNI (Analysis of Functional Neurolmages)
(Cox, 1996) and FSL (FMRIB’s Software Library) (Jenkinson et al., 2012) software packages to both rs-
fMRI and T1-weighted images. The purpose of using T1-weighted images is to register rs-fMRI images to
the normalized Montreal Neurological Institute (MNI) space/template. The same preprocessing steps as in
Mostafa et al. (2019) and Mostafa et al. (2020) are used to remove the noises from rs-fMRI data and hence
get prepared for subsequent ROIs extraction steps.

The 264 ROI-based parcellation scheme reported in Power et al. (2011) was used to parcellate the brain
region into 264 ROIs for fMRI time series extraction. Specifically, a brain cortex was divided into 264 ROls,
and each ROl is referred as a node of the network, and then, the BOLD time series from fMRI for each ROI is
hence constructed. A brain functional network is composed of nodes and edges. Brain connectivity network
approaches to understand the brain from functional networks point of view require an anatomical or data-
driven functional atlas to create connections between ROIs and to construct a brain functional network for
further study. Even though no single functional/anatomical atlas has dominated, an underlying assumption is
that such a valid functional atlas exists (Logothetis, 2008; Glover, 2011). Under this framework, the nodes are
naturally the individual ROI region itself and the edge weights of the brain network are defined by PCCs
between the time series of pair-wise ROIs. The PCC, r,,, of two time series, x and y, is calculated as follows:

Fay = b1 —X) (5 —)
Vot =20 (n—3)?

where s is the length of time series, x;, and y,, are the 5™ components of vectors x and y, respectively, ¥ and
y are the means of vectors x and y, respectively. The PCC ranges from —1 to + 1, where a positive PCC
indicates the similarity between the activation patterns of a particular ROI pair, and a negative PCC
indicates the dissimilarity between the activation patterns of a particular ROI pair. Figure 1 gives a
simplified diagram on how functional network is constructed from fMRI data. The raw fMRI data are first
converted into time series of per each ROI, and then, PCCs on ROI pairs are constructed and visualized as a
connectivity matrix. Alteration in the brain functional network may lead to biomarker discovery for
predicting brain disorders. fMRI may help researchers and clinicians detect brain functional abnormalities
that cannot be found with other imaging techniques/modalities, especially when the changes caused by
brain disorders such as ASD are minor and no significant structural changes are shown at most of the
disease progression. In combination with deep learning models, functional networks constructed from fMRI
data are becoming prevalent in many brain studies and even clinical trials.

, ey

2.3. Features extraction from a graph-theoretic perspective

To create a matrix representation of a brain functional network as shown in Figure 1, for the simplicity of
feature extraction, a 264 X 264 connectivity matrix directly out of the anatomical parcellation atlas (Powell
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Time Repetition

FIG. 1. PCC-based functional connectivity network.
PCC, Pearson correlation coefficient.

et al., 2011) was defined for each functional network without further dimension reduction method being
used. The elements of the connectivity matrix are the corresponding edge weights denoted by the PCC
parameters. Similar to Mostafa et al. (2019) and Mostafa et al. (2020), we apply different threshold 7 > 0
to filter noisy elements in the connectivity matrix, CM = (cmi, j)nxn’ as the fMRI time series are noisy and
limited by relatively low resolution compared with structural MRI and easily contaminated by random
perturbations such as head movements during the fMRI scan. Each element cm; ; is denoted by the PCC
between the ith and jth ROI. Thus, the adjacency matrix A = (a,-, J')an is constructed out of the connectivity
matrix by applying the threshold T to the absolute value of PCC in the connectivity matrix as follows:

1, if cm; Z T
—1, ifcm,;j S—T

0, ifi=j

0, otherwise

2)

The above thresholding method reduces the random disturbance due to the inherent system noise by
fRMI itself. To some extent, this type of threshold operation reduces the raw feature space dimension and
also increases the stability of the downstream machine learning algorithms. The graph theory, also called
the graph Laplacian, is a matrix representation of a graph, and it can be used to construct many useful
properties from a graph theory point of view. One of the many import characteristics is that it can also be
used to construct low-dimensional embeddings. This low-dimension embeddings can be very useful for
machine learning applications such as dimension reduction in our framework. Here, we consider the
spectral techniques to perform dimensionality reduction. This technique relies on the basic assumption that
the data lie in a low-dimensional manifold in a high-dimensional space (Belkin, 2003). The Laplacian
matrix of an undirected graph G=(V, E) (V denotes the vertex and E denotes the edges) from the adjacency
matrix can be calculated as follows:

L(G)=D(G)-A(G), 3)

where A(G) is the adjacency matrix and D(G) is the degree matrix, D= (d; ;) calculated as follows:

nXxr

ai ks if i=j
di.j= k; ! 7o )
0, otherwise

From Equation (3), we can see that the Laplacian matrix is the difference between the degree matrix
D(G) and the adjacency matrix A(G). In this article, after creating the matrix representation of the brain
network and accordingly constructing its Laplacian matrix representation, we use the spectrum of the
Laplacian matrix as a portion of raw features to reduce the dimensionality of the raw connectivity matrix
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CM= (cmi, f)an’ where the spectrum of a Laplacian matrix is its all eigenvalues. An eigenvalue 4 of a

matrix M can be obtained by solving its following characteristic equation:
P(A)=det(M—AI)=0, 5)

where [ is an identity matrix. Other than the spectrum of the Laplacian matrix, topological centralities, that
is, assortativity, clustering coefficient, and average degree are also calculated as some other raw features for
machine learning algorithms. The assortativity is a preference for a network’s node to attach to others that
are similar under certain metric. To calculate the assortativity and the clustering coefficient, the adjacency

matrix A is first transformed to A= (a; ;) as follows:

(1 ifa;; >0
dij= { 0, otherwise ©®)

The assortativity is then calculated as shown in Equation (7) (Mijalkov et al., 2017):

2
! > i jer kiki— {l_l Zi,jeL% (ki+kj)} o
r= 5
! Zi,jeL% (kzz"'k/z) - {171 Zi,jeL% (ki+k.i)}

where k; and k; are the respective degrees of nodes i and j, and [ is the number of edges in the graph with
the adjacent matrix A. A positive assortativity coefficient indicates that nodes tend to link to other nodes
with similar degree/strength (Mijalkov et al., 2017). The assortativity coefficient is analogous to the PCC
that assesses the association between two continuous variables. The assortativity coefficient measures the
correlation between every pair of nodes that are connected. It is a number between —1 and 1, just very
similar with correlation coefficients. A large positive value indicates that connected nodes tend to share
similar characteristics; a large negative value means that connected nodes tend to possess very different
properties, and a value close to 0 means no strong association between connected nodes.

Clustering coefficient is a measure of the degree that the nodes in a graph tend to cluster together. The
clustering coefficient quantifies the abundance of connected triangles in a network and is a major de-
scriptive statistics of networks (Masuda et al., 2018). To calculate the clustering coefficient, at first, we
compute the number of triangles associated with each node (denoted by f;) as follows:

Bo=diag(Ax U(A)xA), 8

where diag(X) is the operator that takes the diagonal elements of a matrix X, and U (A) is the upper
triangular matrix of A. The clustering coefficient C is calculated as follows:

_1 Ba (i)
C‘f(%“(dix(di—l)))’ ®

where fis the total number of nodes in the network with the adjacent matrix A and d; is the degree of node i.

Average degree is simply the average number of edges per node in the graph. The average degree of a
graph G=(V, E) is another measure of how many edges are in set E compared with number of vertices in
set V. The average degree (denoted by Q) of a network is calculated directly from the adjacency matrix
A= (é,-,j)nxn as follows:

2 fof -
Q=;x22ai,,-, (10)
where f is the total number of nodes in the network with the adjacent matrix A.

2.4. Feature transformation

The feature normalization across samples or data sets is an important step for machine learning algo-
rithms as the raw feature values may have very diverse numerical ranges due to different variations. This
wide range of the original features may bias the results. Therefore, it is common to normalize the features
and bring them into comparable levels before feeding them to machine learning pipelines. Because the size
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of the Laplacian matrix is 264 X264 as each row/column represents one ROI, there are 264 eigenvalues for
each Laplacian matrix. The eigenvalues are sorted in ascending order for each subject ranging from 0 to
+o00. However, when the eigenvalues are normalized by the maximum eigenvalue of each subject, the
contribution of each eigenvalue is measured over all the subjects. The contribution of an eigenvalue for a
particular subject is ignored in this scenario. Here, in this article, we normalized the eigenvalues for a
subject rather than normalizing each eigenvalue over all subjects using the equation as follows:

,_ z—min(zg)
 max(z) -min(z)’

11

where z is an original value and is the normalized value. After normalization, the maximum value and the
minimum value in the spectrum of each Laplacian matrix are 1 and 0, respectively. These two features are
excluded from the raw feature set as they are now constants. The assortativity, clustering coefficient, and
average degree are normalized when calculated by Equations (7), (9), and (10), respectively.

2.5. AE and representation learning

An AE is a type of artificial neural network used to learn hidden representations of the data in an
unsupervised manner (Schmidhuber, 2015). The goal of AEs is to minimize the reconstruction error
between the input and the output and learn important hidden representation shown in the data. Typically, an
AE can learn representations of the data and can be used to reduce the dimensionality of the input data
(Baldi, 2012). The latent representation learned by AEs outperforms those handcrafted and predefined
features in many applications. Hence, it is a very efficient tool to perform feature construction and di-
mension reduction, and it helps alleviate the requirement of feature engineering by experts in an unsu-
pervised manner.

Figure 2 shows the architecture of a typical AE. There are three main components of the AE: encoder,
latent representation, and decoder. The encoder compresses the input data and learns a latent representation,
which is an equivalent but compressed representation of the input data. The decoder aims to reconstruct the
input data from the latent representation. There are a total of three hidden layers, one input layer, and one
output layer in the proposed AE architecture. In the consecutive layers of the encoder, the number of
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FIG. 2. A simplified architecture of a symmetric autoencoder.
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neurons decreases from 267 (input layer) to 200 (hidden layer 1). Then, the information learned by the
encoder is projected into the latent space representation through 10 neurons (hidden layer 2). Then, in the
decoder, the number of neurons increases from 200 (hidden layer 3) to 267 (output layer) to guarantee
the symmetric structure the AE. Hence, the decoder reconstructs the data from the latent representation in a
symmetric way. In a word, AEs compress the input into a lower dimension representation and then
reconstruct an output from this representation as close to the input as possible. Therefore, the AE is trying
to recreate x’ from the input data x by minimizing the reconstruction error, L(x, x'), where L is the mean
squared error between the original input and the reconstructed output in general. Rather than using the AE
to replicate the input information to the output, the latent representation can be used as the features to train
machine learning algorithms for various tasks. The latent representation learned by AE networks is a high-
level abstraction of the input data.

2.6. AE-based feature extraction

When using the AE network as a feature extractor, the latent representation of the data is considered the
high-level features. These high-level features are then used as an input of different classifiers for ASD diagnosis
(Hosseini-Asl et al., 2016; Guo et al., 2017). In the case of a feature extraction, the AE is very prevalent
because it can learn the nonlinear interactions between the raw and the hidden high-level features through
the nonlinear activation functions. It is common that transformation, wrapping, and embedding are some of
the common feature selection methods. However, these methods can only find the linear relation among the
features. The kernel method can find some simple nonlinear relationship of the features, but the learning of the
model greatly depends on the kernel itself and the model capacity is small (Han et al., 2018). The efficacy of a
machine learning algorithm greatly depends on feature construction and selections. The more discriminant the
input features, the better machine learning algorithms can perform on a given data set. Unnecessary and
redundant features can make models complicated and easily get overfitted, and reduce the efficacy of machine
learning algorithms. An AE-based feature selection scheme works better than the traditional feature selection
algorithms in many applications and can abstract the input features automatically (Han et al., 2018).

As AEs in general can discover the high-level latent representation of the input features and compress the
feature space, it is very effective for high-dimensional low-sample data sets such fMRI data sets. It is rather
expensive to acquire fMRI data under real clinical environment and especially many research institutes and
hospitals are under strong regulations for data acquisition and research usage. fMRI data inherently are of
very high dimension, but the samples are relatively scarce. AE-based methods naturally can be suitable for
this task and can enable data compression and feature selection. It has been used by many researchers for
fMRI data feature compression and selection under the frameworks of brain network models (Baldi, 2012;
Abraham, 2017). The features selected by AEs are effective and they can be used by traditional machine
learning algorithms for better performance as well. Figure 3 gives the proposed AE-based deep learning
model for classification for fMRI data. The features constructed in Section 2.3 are compressed by an
encoder to extract the abstract latent representations and then fed into a classification network followed
right after the encoder. Despite from using the AE as a feature extractor, a neural network-based classifier is
developed with an AE. The architecture of our proposed neural network is shown in Figure 3.

In the proposed AE-based DNN classification model, the first two hidden layers are the same as the
encoder and latent representation of the AE in Figure 2. The encoder is first trained by the labeled training
data, and the network parameters are adapted as part of the classification network. In other words, the
pretraining of an AE network is needed to learn the latent features. However, after the latent representation
instead of the decoder, we have used two new layers (hidden layer 3’ and hidden layer 4'). Finally, the
probability of data belonging to a particular class is predicted at the output layer. The output probability is
used as the criterion for classifications, and then, a binary decision is made according to the probabilities of
classes. At the end, the ASD diagnosis results are given based on the prediction model built.

2.7. Preprocessing pipeline and connectivity models

fMRI has the potential to reveal functional biomarkers of neuropsychiatric disorders, but the data have
high dimension and are noisy by itself. However, extracting such biomarkers is extremely difficult for ASD
due to complex neuropathologies (Abraham, 2017). Large multisite data sets increase sample sizes to
reduce this complexity but comes with the cost of uncontrolled heterogeneity. This heterogeneity raises
new challenges in realistic diagnostic scenarios.
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FIG. 3. Proposed autoencoder-based classifier for ASD diagnosis. ASD, autism spectrum disorder.

Different preprocessing and brain functional network construction normally give different outputs and
pose a serious challenge to the performance of machine learning algorithms. Different preprocessing and
functional connectivity model may lead to significantly different results, and some machine learning
algorithms cannot fit well into different preprocessing pipelines and functional network construction
methods. In this study, we demonstrate the feasibility of intersite classification of ASD with ABIDE I data
set. However, in the previous sections, we did not discuss the impact of the preprocessing and functional
network extraction pipeline on the performance of algorithms. In other words, we also need to investigate
whether the preprocessing pipelines and functional connectivity construction methods matter and whether
different pipelines provide the consistent performance under the proposed AE-based classifiers.

In this section, we summarize some frequently used preprocessing pipelines and connectivity extraction
methods (Dadi et al., 2019; Yao et al., 2019). We try to create a comparison strategy to study the impact of
different preprocessing methods and functional connectivity model construction methods. The corre-
sponding simulation results are presented in the results as well. Figure 4 gives a comparison flowchart for
different preprocessing and network construction methods. In the first step of the pipeline, ROIs are
estimated from the training set either through atlas methods such as Harvard Oxford (Desikan et al., 2006)
and MODL (massive online dictionary learning) (Mensch et al., 2018) or data-driven methods such as
dictionary learning (Mensch et al., 2016), canonical independent component analysis (GroupICA or Ca-
nlCA) (Varoquaux et al., 2010). The second step consists of extracting time series signals of interest from
all the participants, and the extracted time series of all the ROIs are turned into connectivity features via
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Partial Correlation

Tangent Embedding

Parcellation Methods: Oxford-Harvard, ICA, K- Time Series Extraction Connectivity/Network Model Classification
Means, MSDL, MODL, Ward etc.

FIG. 4. Different preprocessing and connectivity model for ASD classifications.
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covariance estimation at the third step. In combination with other constructed features or transformation,
these features are fed into a supervised learning algorithm for classification and yield an accuracy score. As
a result, an instance of machine learning pipeline is formed for intersite prediction.

2.8. Comparison and data preparation

In this study, we follow the footsteps of Dadi et al. (2019) and utilize the preprocessing and connectivity/
network estimation pipeline. The resulting time series and scripts from Dadi et al. (2019) are used to
produce different types of parcellation and covariance estimation (connectivity model) combination for the
comparison as stated in Section 2.7.1. The data and scripts in Dadi et al. (2019) are used to prepare the
preprocessed data and connectivity matrix, and then, the processed data are utilized in MATLAB for further
testing different machine learning pipelines, as shown in Figure 4.

3. RESULTS AND DISCUSSION

In this section, we evaluate the proposed AE-based classifier by comparing to some well-know machine
learning algorithms such as SVM and KNN. Then, experiments and discussions on different preprocessing
and covariance parameterization methods are presented.

3.1. Experimental setup

We implement an AE-based feature extraction pipeline. As abovementioned, the decoder reconstructs
the input data at the output from the latent representation. Therefore, if the reconstruction error is small
enough under some measures such as mean square errors, it indicates that the latent variables have learned
the salient features of the input data. Thus, the latent variables can produce discriminative and salient
representation (advanced features) of the input data. In general, AE network projects the input data from a
high-dimension space to a relatively low-dimension latent space and preserve the discriminative features of
the original space. These features learnt by the AE network now can be used in machine learning algo-
rithms for the purpose of classification between ASD and healthy subjects. To evaluate the performance of
the AE-based feature extractor, the entire data set is divided into two sets of subjects: 80% training data
(697 subjects) and 20% testing data (174 subjects). We perform 10-fold cross-validation (CV) by randomly
shuffling and splitting each data set into 10-folds. The average accuracy was reported as the overall
accuracy on ABIDE data set.

3.2. Comparison study with classic machine learning methods

The AE network is trained by using only the training data split. After completing the training, the AE is
used to learn the features from the testing data. Then, the extracted features of the training data are used to
train all the machine learning algorithms available in the classification learner toolbox in MATLAB. SVM
and KNN with different kernels, and subspace discriminant of the ensemble method normally give better
and consistent results consistently. The high-level representations learned by the AE networks are effective
and capture the inherent characteristics in this sense as it can improve the overall performance for different
machine learning algorithms. Therefore, we include the results of only the aforementioned machine
learning algorithms. The illustration of the framework is shown in Figure 5.

The 10-fold CV was conducted with random shuffling to ensure that the results are not biased by the data
split itself. Meanwhile, we carry out the experiments by adjusting the threshold value T from 0 to 0.6, with
all the edges with positive or negative PCCs. The accuracy and the AUC are the metrics that are used to
evaluate the prediction performance and standard deviation to evaluate the stability. The results of the
experiments are shown in Table 1.

From Table 1, we can observe that the better classification results are achieved when a threshold is
applied to the connectivity matrix. It is concluded that the threshold applied can reduce the noise in the
fMRI time series and hence improve the random disturbance caused by fMRI scan. This is a common
approach that is adapted by many researchers, and it has been proven to be simple but effective. Both ACC
and AUC are the highest for the threshold value of 7 = 0.4. This might be explained by the fact that fMRI
data itself are noisy and easily contaminated by head motions. With a threshold being applied to correlation



‘sauryoew 103094 1oddns ‘INAS ‘JoquSTou Jsareou-3 ‘NN ‘10J0BIX9 2Injed) se Jopodudoine yym sdois urewr dy) Jo uonensn[y °s *“OLi

juemmLSIq
adedsqng

asv
Jo sisousei(q

Jopeyxy Japodunaomy
ammeay

" Arpodu’;
OOz SO o . i A

“Aluoasn feucsied 104 ‘Z2/S0/E0 Te Woo'gnd1BTRI | MMM W4} 98°86T T2'S9 Aq papeojunmoq

soglenua )

ASojodoy,

san[eAnasiy

uoydenXT
aanjeayg

THIAD-S1

156



‘sauryorW 103094 J1oddns ‘NAS ‘UOTIBIASD PIEPURIS ‘APIS JUAIOYJR0D UONB[ALIOD UOSIEdd ‘DDd 10qUSIau Isareau-3[ ‘NN ‘Ao onsuejoereyd Suneredo Suraredar NV DIV

TDLLs ODe6evsS LWD6L9 ®DLEY FD9Ey (6€) 609 (€1 €69 TSty (I'D 18 (97 095 91 979 (€2 679 (€0 I'SS (91) €4S 90=1
@) 619 (€109 DTLL LDEE9 (€169 T LY FD60L (81 €S9 (80819 (§€)6SS (D T1eL (1D669 (08 €19 (99 68 S0=L
1L 909969 FDYLL TDPIL TDO6L (€D YL 6D LLL TDYIL T 60L (9€) 699 (I'DOSL (L0 TIL 8DEIL TD 089 y'o=.
ODEL DTS @O STL 6DYS9 QDECIL DTS 9Tl (09 T99 (T 89 B TI9 (9 S69 (620919 (L0) 169 (I'T)8€9 €0=1
QDL 9689 (€D EyL (€999 (60 LvL (0S8 @D 6L Q1199 (09 9IL (T 9L9 (Lo geL (T e6e9 (TDOIL (L) L99 T0=1
LD 9soy ED66S ODYeL 91DSs9 ODIvL DLy QDSIL O1DTSY 60 L9 (90 965 (60 60L (ID+Ly (I'DTL9 (1D ¥'€9 1'0=1L
(€999 (09019 FOOTIL LD ES9 (€) 189 (8D €€9 (9O L'89 (LD 9€9 (€979 S ¢Ls ONTTL (09 SLY (OF) #99 (9€) €719 0=1
DDd 2AneSau
@DLSY FDET9 €DIEL LSS ODFoL 18S9 (IDSOL (€DFS9 (€079 LD L6es @DEIL LDy (61 €S9 (I TI9  um s3pa [y
D0d eansod
078 HD66S (8L (1'9) 1'89 (020 80L @D 89 (0°¢) 0L (T 69 (1) SLS 61D LYS (1D TOL |1 TT9 L ¥LS (00 TLS UM Sa8pa [V
onv 20V onv 20V onv 20V onv 20V onv 20V onv 20V onv 20V uonIpuod
Sutpjoysaay
(apis) 9 ‘JuvuNULIOSID (ap1s) % ‘NNY (ap1s) % ‘NNY (apis) % ‘NN (apis) % ‘WAS (apis) % ‘WAS (ap1s) % ‘WAS
2opdsqng pays1o4 2U1S0) wnpap UpISSNDL) 25400 UvISSNDL) Wnipap ADUI]

JOLOITES dINLVH] ddSV-dddOONHOLNY dHL 40 SISATVNY HONVINIOJddd °[ dT1dV],

“Ajuo esn feucsied 104 “ZZ/E0/E0 Te W0 GNALBCR I MMM WO 98'€6T ' TZ'S9 Aq papeojumod

157



Downloaded by 65.21.193.86 from www.liebertpub.com at 03/03/22. For personal use only.

158 YIN ET AL.

parameterization, it can be considered as a high-pass filter to eliminate the minor perturbations caused by
different noise sources.

This observation is consistent with the study of Eslami et al. (2019), and the correlations with a threshold
in general yield better performance. However, a significant amount of information is lost when applying a
larger threshold. It is evident from the results of thresholds 7=0.5 and 7=0.6. Also, the results are
comparatively better when the information of both positive edges (edges with positive PCC) and negative
edges (edges with negative PCC) are combined. This is also very interesting and coincides with the
instincts. The negative edges also have useful information, and it can be viewed as less connected or
possible links between two distinct ROIs. It seems to suggest that it is not wise to directly ignore the
negative correlations between ROI time series as some previous work has done. This seems to be different
from the assumptions that many other publications used as many researchers directly ignore the negative
correlations without considerations.

3.3. Comparison study with DNN methods

To develop the DNN-based classifier, we first pretrain the AE in a similar way as the previous method.
Then, we train the DNN as a classifier with the hidden representation from the well-trained AE (as shown in
Fig. 3). The first two hidden layers of the deep neural are pretrained with the weights and biases of the first
two hidden layers of the AE, and then, a classification network with softmax output layers is connected to
the trained first two layers of the AEs. A 10-fold CV is used to evaluate the performance of the proposed
DNN classifier. In the training process, the DNN classifier is trained on 784 subjects, and the performance
of the model is evaluated on the testing set of 87 subjects. Finally, the average accuracy over all the 10-
folds is averaged as the accuracy of the model so as to avoid data bias for a particular experimental run. We
have repeated 10 times the process of training the AE and 10-fold CV of the DNN. Each time the subjects
are selected randomly, that is, the test and training data split is random. The process is depicted in Figure 6.

To illustrate the effectiveness of pretraining, we also develop a DNN classifier without the pretraining.
Other than pretraining, everything else is kept the same for both DNN classifiers. We repeat the 10-fold CV
10 times for both the DNN classifiers. The comparison of the performance of the DNN with and without the
pretraining is shown later.

3.3.1. DNN with/without pretrainings. Here, we show the DNN classifier without pretrainings, that is,
the AE training parameters are not directly utilized in the overall classification network. This generally gives the
worse result than the DNNs with pretrainings due to the limited samples in the fMRI data set, and most of the
time overfitting is becoming common. Table 2 gives the performance comparison of both the DNN classifiers.

From Table 2, we can observe that the DNN without pretraining can achieve a classification accuracy of
only 76.2% when the threshold is 7=0.2. It is a little surprising that the threshold to give the best
classification accuracy is not consistent with that (7'=0.4) of the traditional machine learning algorithm, as
shown in Section 3.2. The accuracy increases to 79.2% when pretraining is applied to the DNN classifier.
This classification accuracy improvement is consistent for every thresholding condition. So we can safely
conclude that the pretraining is very useful to boost the classification accuracy with litter overhead incurred.
From the standard deviation in Table 2, the DNN with pretraining is more stable (aka, the accuracies of all
the runs are showing relatively smaller standard variations) and consistent.

In both cases, that is, with/without pretraining, there is a consistent increase of accuracy and AUC after
applying some thresholds, rather than using all the PCCs/edges in the brain function network. For the DNN-
based classifiers, the accuracy is reaching its maximum at the threshold of 7=0.2 as highlighted in bold in
Table 2. In conclusion, even without using the pretraining techniques, the AEs still improve the performance
over the perception-based DNN classification methods reported in other work and show consistent behavior
for different thresholds. The pretraining or even transfer learning may even further improve AE-based
methods and reduce the requirements of training samples. The thresholds applied to filter out the random
disturbance shown in fMRI turn to be very effective, and there exists an optimal value that can delineate
appropriate noise level but not the useful brain activation patterns/activities that BOLD signal can reflect.

3.3.2. Traditional machine learning algorithms with pretrained AE. Both ASD and healthy
subjects are used to balance the training data set when training the AE. Even though the latent space
representation of AE creates discriminative and salient features of the input data, the difference in the
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TABLE 2. PERFORMANCE COMPARISON OF THE DEEP NEURAL NETWORK CLASSIFIER
WITH AND WITHOUT PRETRAINING

ACC, % (stdv) AUC, % (stdv)
Thresholding condition Without pretraining ~ With pretraining ~ Without pretraining ~ With pretraining
All edges with positive PCC 69.1 (7.4) 744 (1.4) 70.9 (10.3) 77.3 (1.3)
All edges with negative PCC 69.5 (0.6) 73.6 (1.1) 72.4 (1.0) 76.9 (0.9)
T=0 69.4 (5.2) 73.8 (1.7) 70.8 (7.0) 75.2 (2.1)
T=0.1 70.3 (3.4) 74.3 (1.3) 72.1 (4.1) 76.7 (0.9)
T=02 76.2 (4.1) 79.2 (0.8) 79.7 (0.7) 82.4 (0.8)
T=0.3 72.9 (1.0) 76.7 (1.1) 76.6 (1.4) 79.8 (1.2)
T=04 74.6 (1.1) 77.1 (1.8) 77.7 (0.9) 80.9 (1.4)
=05 75.5(1.2) 77.5 (1.1) 80.4 (1.4) 82.2 (0.9)
T=0.6 75.8 (1.7) 77.3 (1.5) 80.7 (1.9) 81.7 (3.4)

features between different classes is still not satisfactory (see Table 1 for traditional machine learning
algorithms). However, when the DNN is pretrained, the weights and biases of the hidden layers are ac-
cordingly updated to classify ASD and healthy subjects. As a result of the pretraining techniques, the weights
and biases of the encoder and the deduced latent space representation are also updated to create an improved
discriminative representation of the data. After completing the training of the DNN, the first two hidden layers
can be used to extract a more discriminative representation of features and then adapted as the input for other
machine learning algorithms. To enhance the performance of the feature extraction at first, we train the AE
from scratch until it converges. Then, we train the DNN with pretraining by adapting the AE weights to the
DNN classification network. After completing the training of the DNN, we use the first two hidden layers to
extract features and train different shallow machine learning algorithms such as SVM and KNN.

Table 3 shows the performance of traditional machine learning algorithms with the features adapted from
a pretrained AE. Comparing Tables 1 and 3, we can observe that there is an increase in performance due to
pretraining. The highest accuracy of 74.6% is achieved using the KNN classifier with the cosine kernel and
the threshold value of T=0.2, and the results are highlighted in bold in Table 3. In summary, the AE
network and pretraining methods are indeed capturing the inherent characteristic of the raw connectivity
model derived from fMRI time series. The latent representation learned by the pretrained AE can help boost
the traditional machine learning algorithms. We observed the similar performance of the thresholding
method, and it is necessary to involve such a technique to filter out the random disturbance caused by some
uncontrolled noise generated in fMRI scanning.

3.3.3. Comparison with some of the previous work in the literature. In this section, we compare
the results with some of previous state-of-the-art studies on ABIDE I data set using fMRI data. Table 4
shows a comparison of the proposed study with other state-of-the-art methods. We have compared our
study with only those studies, where the entire ABIDE 1 data set is used. From our perspective, this type of
study may have potential to find some real-world applications as the whole data set mimics the clinical
settings for different locations. As shown in Table 4, our proposed AE-based classifiers with pretraining
outperform all the previous studies. The comparison results indicate that our graph-theoretic approach-
based feature extraction methods may have grasped the inherent properties of the connectivity-based
networks and may have some reference meaning for biomarker discovery. The spectrum of Laplacian
matrix and other graph theory enabled features can reduce the dimensionality of the original high-
dimension connectivity model, and both the traditional machine learning algorithms and DNNs-based
methods all have better performance by resorting to these newly constructed features.

3.3.4. Results with different atlases, connectivity network, and classifiers. We use the pre-
processing time series from Dadi et al. (2019) to benchmark the proposed AE-based DNN classifier and
find whether the proposed feature extraction and deep learning algorithms are sensitive to different pa-
rameterization combinations. The findings are generally well aligning with the reference (Dadi et al., 2019)
except some minor difference. The comparison configurations are described in Section 2.7. Here, we only
report the findings in the sequel.
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TABLE 4. COMPARISON OF ACCURACY OF PROPOSED METHOD AND THE STATE-OF-THE-ART
CLASSIFICATION METHODS

Methods Accuracy (%)
Heinsfeld et al. (2017) 70.0
Eslami et al. (2019) 70.1
Wong et al. (2018) 71.1
Sakib et al. (2019) 71.7
Xing et al. (2019) 66.8
Proposed autoencoder-based feature extractor 74.6
Proposed autoencoder-based DNN classifier 79.2

DNN, deep neural network.

3.3.4.1. Choice of atlas of the parcellation

The choice of atlas normally has a great impact on the prediction accuracy. There are two distinct types
of atlas construction methods: anatomical and data driven (Dadi et al., 2019). We used the same atlas
categories as stated in Dadi et al. (2019), and the data are publicly available at http://preprocessed-
connectomes-project.github.io/abide and http://team.inria.fr/parietal/files/2015/07/MSDL_ ABIDE.zip web
sites. During the experiments, we only vary the atlases and keep PCCs as the default connectivity measures
and DNN as the classifiers. The results appear to suggest that the multi-subject dictionary learning (MSDL)
atlas shows the robust performance out of all the anatomical and data-driven atlas approaches, but it does
not show dramatic performance gain. This observation is a bit off from what has been reported in Dadi et al.
(2019) as MSDL clearly outperforms many other atlases. This seems to suggest that the atlas may be
insensitive for our proposed graph-theoretic-based network construction approach. Data-driven and ana-
tomical atlases are acceptable and can effectively parcellate the brain regions under our settings.

3.3.4.2. Choice of connectivity network parameterization

Like Section 3.3.4.1 with all other configuration fixed, we compare the performance of full correlations,
partial correlations, and tangent space parameterization for connectivity network construction. Again, this
reports similar pattern as in Dadi et al. (2019). Tangent space parameterization tends to outperform full
correlations or partial correlations. Functional connectivity matrices built with tangent space parameteri-
zation have slightly better performance than full and partial correlation measures. While partial correlation
approaches are currently the dominant approach for connectivity matrix estimation in the literature, our
simulation results corroborate and resonate with the findings in Dadi et al. (2019) that tangent space
parameterization might be another alternatives and may have some potentials from geometric point of view.

3.3.4.3. Choice of classifier

As shown in Tables 1-3, in Section 3.2, we can clearly observe that even with the same feature com-
pression mechanism learnt by AEs, deep models outperform all the shallow models such as SVM, KNNss,
and its variants. Especially the deep models have an enormous capacity and it can still have the potential to
improve with a larger training data set. The fMRI data sets for ASD are gradually increasing and we expect to
DNN-based classifiers evolve with this data acquisition trend. The performance gap between classic shallow
models and deep learning models could be even enlarged in the future. Our results seem to lean toward deep
learning methods despite its disadvantage that it is hard to explain the biomarkers and data-hungry nature.

3.4. Discussion

3.4.1. Data acquisition heterogeneity. A lot of studies have devoted to using predictive models
on network connectivity for brain disorder diagnosis. Even the fundamental steps of a machine learning
pipeline are universal as shown in Figure 4. A challenge to such standard approach is the heterogeneity of
data acquisition protocols, prediction settings, and other experimental variations such as different scanner
configurations and clinical questionnaires. We have seen many excellent machine learning algorithms for
intersite data (Khosla et al., 2019). However, many of these models do not generalize well into intrasite
data sets while this seems to be the typical clinical settings. This type of heterogeneity hinders many
researches from being applied to clinical practices. Hence, we should always consider the real application
scenarios when we design a machine learning algorithm for fMRI data classifications.
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3.4.2. Feature construction and model selection. We systematically compare frequently used
functional network-based classification methods. Even though the connectivity-based fMRI classification
seems to be straightforward, different feature construction methods such as parcellation atlases and
covariance estimation have relatively significant impact on the predicative model performance. Un-
fortunately, there is no standard protocol for fMRI data preprocessing and connectivity model construction.
This has led to diverse preprocessing pipelines and renders the task of model performance comparison very
difficult for ASD diagnosis. Researchers tend to select a particular combination to report the results, and
this sometimes biases the realistic potential of a model, which makes it difficult to benchmark different
algorithms. Clearly, more systematic benchmarking is needed to fairly evaluate all the models.

We also find that classic models such as SVM appear as a good default choice of classifiers, and they
always provide a good starting point to tackle fMRI classification problems. SVM seems to be the go-to
classifier for many. The tangent space parameterization is less utilized probably due to its mathematical
complexity. Even there exist no systematic benchmarking methods, our simulation seems to suggest that
deep learning-based models in general are more promising compared with shallow models in many of the
parameter combinations. The graph theory enabled feature construction, aka, the spectrum of Laplacian
matrix and other graph properties shows great potential in this classification task, and it can to some extent
reduces the dimensionality and captures the inherent nature of the connectivity model from a network point
of view. As we can see, this type of feature construction is fairly simple but very effective.

4. CONCLUSIONS

In this study, we have presented the deep learning-based ASD diagnosis methods with the features
extracted from functional brain networks based on graph theory and AEs (Mostafa et al., 2019; Mostafa
et al., 2020). In the study, a DNN was pretrained with an AE, and we adapted the latent representations
learnt by the AE to traditional classification algorithms for benchmarking and transferred the weights to a
DNN-based classifier for improved performance. The performance improvement is consistent for both deep
models and traditional machine learning algorithms. It has shown that the classification accuracy of the
DNN-based classifier has increased due to the pretraining and outperformed all the classic predictive
models. Our proposed diagnosis method has achieved a classification accuracy of 79.2%, which is better
than the state-of-the-art methods on the ABIDE 1 data set. An AE-based feature selection method proposed
for the diagnosis of ASD has been proposed for improved performance. In this method, we have dem-
onstrated that the learning of the DNN classifier can be incorporated with the AE for the dimensionality
reduction. Traditional machine learning classifiers were also implemented to evaluate the performance of
the AE-based feature selection method and achieved a classification accuracy of 74.6%. Our proposed
feature construction methods and deep learning model can improve the diagnosis of ASD more accurately
and precisely than the state-of-the-art methods. Finally, we applied our pipeline to different data pre-
processing and covariance estimation configurations and discussed the comparison results.
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