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a b s t r a c t 

Functional connectivity networks (FCNs) based on functional magnetic resonance imaging (fMRI) have 

been widely applied to analyzing and diagnosing brain diseases, such as Alzheimer’s disease (AD) and 

its prodrome stage, i.e. , mild cognitive impairment (MCI). Existing studies usually use Pearson corre- 

lation coefficient (PCC) method to construct FCNs, and then extract network measures ( e.g. , clustering 

coefficients) as features to learn a diagnostic model. However, the valuable observation information in 

network construction ( e.g. , specific contributions of different time points), as well as high-level and high- 

order network features are neglected in these studies. In this paper, we first define a novel weighted 

correlation kernel (called wc-kernel) to measure the correlation of brain regions, by which weighting fac- 

tors are learned in a data-driven manner to characterize the contributions of different time points, thus 

conveying the richer interaction information among brain regions compared with the PCC method. Fur- 

thermore, we build a wc-kernel based convolutional neural network (CNN) (called wck-CNN) framework 

for learning the hierarchical ( i.e. , from local to global and also from low-level to high-level) features for 

disease diagnosis, by using fMRI data. Specifically, we first define a layer to build dynamic FCNs using 

our proposed wc-kernels. Then, we define another three layers to sequentially extract local (brain region 

specific), global (brain network specific) and temporal features from the constructed dynamic FCNs for 

classification. Experimental results on 174 subjects (a total of 563 scans) with rest-state fMRI (rs-fMRI) 

data from ADNI database demonstrate the efficacy of our proposed method. 

© 2020 Elsevier B.V. All rights reserved. 
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. Introduction 

Accurate diagnosis of brain diseases, such as Alzheimer’s dis-

ase (AD) and its prodromal stage, i.e. , mild cognitive impair-

ent (MCI), is very important for early treatment and possible

elay of disease progression. As a complex network, the human

rain contains a large number of functional regions. The func-

ional interaction among these regions provides an important in-

ight into the basic mechanism and cognitive processes of the

rain ( Greicius et al., 2003 ). In the context of neuroimaging, func-

ional magnetic resonance imaging (fMRI) provides a non-invasive

ay to map the functional interaction of the brain. Based on fMRI

ata, functional connectivity networks (FCNs), which characterize

unctional interactions among brain regions, have been applied
∗ Corresponding author. 
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o brain disease analysis, and thus helping us better understand

he pathology of neurological disorders. Recently, FCNs constructed

ased on resting-state fMRI (rs-fMRI) have been widely applied in

he task of automated brain diseases diagnosis ( Guye et al., 2010;

ie et al., 2014a; Wee et al., 2012a ). 

Up to now, studies on FCNs typically focus on two aspects: 1)

raditional FCN , which usually implicitly assumes that functional

onnectivity is temporally stationary throughout recording period

n fMRI ( Sporns, 2011 ). However, these studies ignore the changing

roperties of FCNs over time. 2) dynamic FCN , which focuses on the

emporal changes of functional connectivity between specific brain

egions. Existing studies have suggested that the changing proper-

ies of functional connectivity over time may be associated with

ognitive and vigilance state ( Thompson et al., 2013; Chang et al.,

013 ), which are critical for better understanding the pathology

f brain diseases ( Hutchison et al., 2013; Zhang and Small, 2006;

iviniemi et al., 2011 ). Also, some studies have found that brain

iseases ( e.g. , AD/MCI) are related with temporal changes of func-

ional connectivities ( Jones et al., 2012; Wee et al., 2016 ). 

https://doi.org/10.1016/j.media.2020.101709
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2020.101709&domain=pdf
mailto:jbiao@nuaa.edu.cn
mailto:dgshen@med.unc.edu
https://doi.org/10.1016/j.media.2020.101709
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Fig. 1. Architecture of the proposed wck-CNN framework for dynamic FCN construction and analysis using fMRI data. There are four convolutional layers, i.e. , con1: con- 

nectivity construction layer, con2: regional feature extraction layer, con3: brain-network feature extraction layer and con4: temporal feature extraction layer, and two fully 

connected layers ( i.e. , FC1 and FC2) including 64 and 32 units, respectively. Here, the kernel sizes in four layers are 1 × L 1 , N × L 2 , N × L 3 and 1 × L 4 (with the correspond- 

ing kernel numbers of M 1 , M 2 , M 3 , M 4 ), respectively. T 1 , T 2 and T 3 denote the total operations of using kernel along temporal dimension for con1, con2 and con3 layers, 

respectively. T is the length of time series of each ROI, and N is the number of ROIs. 
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In these previous studies, the FCNs are usually constructed

by simply calculating the Pearson correlation coefficients (PCCs)

between time series from brain regions, and then the low-level

measures ( e.g. , clustering coefficients) are extracted from the con-

structed FCNs as features to train a diagnostic model ( e.g. , support

vector machine, SVM). However, these studies have several criti-

cal limitations. First , during the construction of FCNs, they neglect

the valuable observation information ( e.g. , specific contributions

of different time points). Intuitively, different time points could

have different contributions for characterizing interactions among

brain regions. In fact, studies have demonstrated that the func-

tional connectivity calculated at specific time points can extend the

usual pairwise interaction measures both in information and inter-

pretability ( Tagliazucchi et al., 2012; 2011 ). Second , the high-level

and high-order network features that could further improve the

performance are also neglected by these previous studies in feature

extraction step. In addition, since network construction, feature ex-

traction and classification are separately performed, it could yield

sub-optimal learning model, thus degrading the diagnosis perfor-

mance. 

To address these problems and motivated by recent successful

applications of convolutional neural networks (CNNs) in the natu-

ral image analysis field, in this paper we first define a weighted

correlation kernel (called wc-kernel) for calculating the correla-

tion between brain regions by using learned weights to charac-

terize the contributions of different time points. Compared with

previous methods ( e.g. , PCC), our proposed wc-kernel can capture

the specific contributions of different time points, thus conveying

richer interaction information among brain regions. Furthermore,

we build a wc-kernel based CNN (called wck-CNN) for construct-

ing FCNs and extracting the hierarchical ( i.e. , from local and global,

and also from low-level to high-level) high-order features for brain

disease classification, using fMRI data. Fig. 1 shows the architec-

ture of our proposed wck-CNN method. Specifically, we first de-

fine a layer to build dynamic FCNs using our proposed wc-kernels.

Here, we build multiple dynamic FCNs using multiple wc-kernels,

with each one reflecting temporal changes of FCNs, thus convey-

ing richer dynamic information of brain network. Then, we build

another three layers to sequentially extract local (brain region spe-

cific), global (brain network specific), and temporal high-level and

high-order features from the constructed low-level and low-order

functional connectivities for classification. We evaluate the pro-
osed wck-CNN method on 174 subjects (a total of 563 scans) with

s-fMRI data from the Alzheimer’s Disease Neuroimaging Initiative

ADNI) database, 2 which includes 48 healthy controls (HC), 50

arly MCI (eMCI), 45 late MCI (lMCI) and 31 AD. The experimen-

al results suggest that our proposed method can not only improve

he diagnostic performance compared with state-of-the-art meth-

ds, but also provide novel insights into the interaction patterns of

rain activities and their changes in diseases. 

The main contributions of this paper are four-fold. First , we de-

ne a wc-kernel to measure the correlation of brain regions, with

eights learned in a data-driven manner to characterize specific

ontributions of different time points. The proposed wc-kernel is

ifferent from previous methods ( e.g. , PCC method) that equally

reat all time points. Second , we build a unified wck-CNN frame-

ork for defining FCNs and extracting hierarchical connectivities

or disease diagnosis based on rs-fMRI data. To the best of our

nowledge, this is among the first attempt to define the correla-

ion kernel in CNN for characterizing the interactions among brain

egions, and to build a unified CNN framework for dynamic FCN

onstruction and analysis using fMRI data. Third , we provide an im-

lementation for performing inference on brain network data. Fi-

ally , we investigate the changing connectivity patterns in AD/MCI

atients. 

The rest of the paper is organized as follows. In Section 2 , we

riefly review the related studies. Then, we describe the data used

n the experiments, and present our proposed method and learn-

ng framework in Section 3 . In Section 4 , we describe conducted

xperiments and present corresponding results. In Section 5 , we

resent discussions regarding the experiments and results. Finally,

e conclude this paper in Section 6 . 

. Related works 

.1. Functional connectivity network 

FCNs that characterize the temporal correlation among blood

xygen level dependent (BOLD) signals of brain regions have

hown great potential for understanding the functional activ-

ties of both healthy and abnormal human brains. Numerous

http://adni.loni.usc.edu
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tudies have applied FCNs to analyzing brain diseases, including

D ( Wang et al., 2013 ) and MCI ( Bai et al., 2011 ), and reported a

eries of abnormal connectivity linked to specific brain regions, in-

luding hippocampus ( Bai et al., 2009; Supekar et al., 2008 ), amyg-

ala ( Yao et al., 2013 ) and posterior cingulate cortex ( Greicius et al.,

004 ). Also, studies in FCNs have found changes in network prop-

rties for patients with brain diseases, such as disrupted small

orld characteristics (characterized by high degree of clustering

nd short path length) in AD/MCI patients ( Stam et al., 2007; Sanz-

rigit a et al., 2010 ). 

Conventional studies on the FCNs usually compute the cor-

elation between brain regions over the whole scan period in

s-fMRI ( Sporns, 2011 ), which implicitly assume that the func-

ional connectivity is temporally stationary. However, recent stud-

es demonstrate that the functional connectivity exhibits fluctua-

ions over time ( Catie Chang, 2010; Kiviniemi et al., 2011; Wang

t al., 2019a ), and thus a large number of studies have resorted

o dynamic FCN to characterize the temporal changes of functional

onnectivity ( Hutchison et al., 2013 ), and attempt to reveal the as-

ociation between temporal changes in functional connectivity and

rain diseases ( Jones et al., 2012; Damaraju et al., 2014; Sako ̆glu

t al., 2010; Starck et al., 2013 ). For example, studies in ( Jones et al.,

012; Wee et al., 2016; Zhang et al., 2018 ) have reported that rs-

MRI changes in AD/MCI patients extend beyond traditional ( i.e. ,

tationary-based) FCNs. 

Currently, studies on dynamic FCNs mainly focus on three as-

ects ( i.e. , three levels): 1) temporal properties of functional con-

ectivity between brain regions ( Zalesky et al., 2014; Kucyi and

avis, 2014 ) (connectivity based level), 2) temporal variabilities of

rain regions ( Zhang et al., 2016; Jie et al., 2018 ) (region-based

evel), and 3) changing patterns of the whole network ( Zhang et al.,

016 ) (network-based level). These studies suggest that the hu-

an brain is intrinsically organized into a dynamic interaction

etwork ( Fox et al., 2005; Sadaghiani and Kleinschmidt, 2013 ),

emonstrating remarkable spatial-temporal variabilities in its func-

ion and structure ( Sadaghiani and Kleinschmidt, 2013; Sadaghiani

t al., 2010 ). Therefore, changing properties of dynamic FCNs may

rovide a critical cue for understanding the pathological underpin-

ings of brain diseases ( Hutchison et al., 2013; Zhang et al., 2016;

ang et al., 2019b ). However, measuring the changing properties

f dynamic FCNs have been remaining as challenging tasks due to

he complexity of the human brain ( Hutchison et al., 2013; Preti

t al., 2017 ). 

On the other hand, these studies usually investigate the dynam-

cs of FCNs using group analysis methods, this cannot be used for

dentifying patients with brain diseases from HCs at the individual

evel. 

.2. Connectivity-network-based classification 

Recently, machine-learning-based methods have been applied

o brain network analysis and automatic diagnosis of brain dis-

ases ( Arbabshirani et al., 2013; Guye et al., 2010; Jie et al., 2014a;

ee et al., 2014b ). Connectivity-network-based learning methods

ypically include three main steps, i.e. , connectivity network con-

truction, feature extraction and classifier construction. 

.2.1. Connectivity network construction 

In the literature, a series of functional network construc-

ion methods have been proposed (see ( Qiao et al., 2018; Smith

t al., 2011 ) for a comprehensive review), including correlation-

ased methods ( Sporns, 2011 ), graphical models ( Bullmore et al.,

0 0 0; Friston et al., 20 03 ), and sparse-learning-based meth-

ds ( Wee et al., 2014a ). Among them, correlation-based meth-

ds ( e.g. , PCC) are the most commonly used, since they usually
an obtain relatively high sensitivity for detecting network struc-

ures ( Smith et al., 2011 ), and have been widely applied to the

nalysis of FCNs ( Zhang et al., 2016; Sporns, 2011 ), including the

D/MCI classification ( Seeley et al., 2009; Wee et al., 2012b ). But,

n the PCC method, all time points are assumed to contribute

qually for computing the functional connectivity, thus ignoring

he specific contributions of different time points. Intuitively, dif-

erent time points could have different contributions for charac-

erizing interactions between brain regions. Actually, existing stud-

es have demonstrated that the resting brain spends most of the

ime near the critical time points ( Tagliazucchi et al., 2012 ). Also,

tudies have shown that the functional connectivity constructed

t some specific time points ( e.g. , the time points with a rela-

ively large amplitude BOLD fluctuation) can yield very important

etwork properties ( Tagliazucchi et al., 2011 ). Hence, considering

he specific contributions of different time points could potentially

rovide further clues about the dynamic organization of resting

tate brain activity. 

.2.2. Feature extraction 

Feature extraction aims to extract meaningful features from

he constructed FCNs, followed by feature selection ( e.g., t -test

nd recursive feature elimination (RFE) Wee et al., 2011 ) to se-

ect the most discriminative feature subset for improving the

earning performance. Among existing feature extraction meth-

ds, one simple approach is to extract/combine local network

easures ( e.g. , connectivity strengths, clustering coefficients, path

engths) as features for classification of brain diseases. For ex-

mple, Chen et al. (2011) used connectivity strength features for

D/MCI classification. Wee et al. (2011) extracted clustering coeffi-

ient features from white matter networks for identification of MCI

atients. Zanin et al. (2012) explored sixteen topological features

rom FCNs to classify the MCI patients from the HCs (healthy con-

rols). One of the limitations for these studies is that they only ex-

ract local network features, thus ignoring global topological prop-

rties of networks. On the other hand, recent studies proposed

ore advanced method to learn global network features for brain

isease classification ( Jie et al., 2014b ). Also, some studies attempt

o integrate local and global network features for improving the

lassification performance of brain diseases ( Jie et al., 2014a; Wen

t al., 2018 ). All studies suggest the effectiveness of using local and

lobal network features for brain disease diagnosis. 

However, the major disadvantage of the existing methods is

hat they usually focus on the low-order network measures, thus

eglecting high-order network features. Actually, studies in neu-

oscience have found significant high-order interactions in corti-

al activities ( Ohiorhenuan et al., 2010; Yu et al., 2011 ), and re-

ent studies also indicate that, compared with the low-order FCNs,

he high-oder functional connectivity can convey more complex in-

eractions ( Chen et al., 2017 ). Hence, high-order network features

ould provide important information to help discover disease-

elated biomarkers to further improve the classification perfor-

ance. 

.2.3. Classification 

Based on features extracted from constructed brain net-

orks, various classifiers, including support vector machine

SVM) ( Wee et al., 2012b ), logistic regression classifier ( Uddin et al.,

013 ), and decision tree ( Arbabshirani et al., 2013 ), have been used

or identifing patients with brain diseases ( e.g. , AD Chen et al.,

011 , MCI Wee et al., 2012b and schizophrenia Sakoglu et al., 2009 )

rom HCs. However, since the three key steps ( i.e. , connectivity

etwork construction, feature learning and classification) are sep-

rately performed in these methods, they could yield sub-optimal

earning model, thus decreasing the classification performance. 
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Table 1 

Characteristics of the studied subjects (Mean ± Standard deviation). MMSE: Mini-Mental 

State Examination. 

Group HC eMCI lMCI AD 

Male/Female 20/28 20/30 27/18 16/15 

Age 76.0 ± 6.8 72.4 ± 7.1 72.3 ± 8.1 74.7 ± 7.4 

MMSE 28.8 ± 1.4 28.1 ± 1.6 27.1 ± 2.1 21.8 ± 3.3 

TR 3.00 ± 0.004 2.97 ± 0.148 3.00 ± 0.003 3.00 ± 0.001 

Image resolution 3.29 ± 0.13 3.31 ± 0.04 3.28 ± 0.17 3.30 ± 0.08 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2 

Characteristics of scans of all 174 subjects at 

nine stages. 

Scan stage HC eMCI lMCI AD 

Baseline 37 42 37 31 

6 m 29 38 30 24 

12 m 31 40 27 18 

24 m 37 40 29 21 

36 m 6 5 8 5 

48 m 2 0 2 0 

60 m 4 0 4 0 

72 m 6 0 5 0 

84 m 2 0 3 0 
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2.3. Convolutional neural network 

As powerful learning methods that can extract high-level, task-

oriented features for prediction, deep learning approaches, e.g. ,

convolutional neural networks (CNNs), have been successfully ap-

plied to various tasks in medical image analysis, such as image seg-

mentation ( Dvorak and Menze, 2015; Zhu et al., 2017; Lian et al.,

2018 ), image synthesis ( Xiang et al., 2018; Pan et al., 2018; 2019 ),

and brain disease diagnosis ( Liu et al., 2017; 2018; Lian et al.,

2019 ). However, deep learning models in these previous studies are

usually trained over original MR images or original image patches

rather than the connectivity networks. So far, few studies have ap-

plied deep learning methods to brain connectivity analysis. For ex-

ample, Kawahara et al. (2016) recently built the first connectivity-

network-oriented deep learning method for predicting cognitive

and motor developmental outcome scores of preterm infants. Un-

fortunately, this method focuses on traditional FCNs, and thus can-

not be used for dynamic FCN analysis. Another study ( Henaff et al.,

2015 ) explored to generalize convolutional operation to graph data,

with graphs as input signals. However, since the FCNs are the fully-

connected weighted graphs, these methods cannot be directly ap-

plied to FCN data. 

To address the above-discussed problems, in this paper we first

proposed a wc-kernel to measure the correlation between brain re-

gions by using learned weights to characterize contributions of dif-

ferent time points. Then, we construct a unified CNN-based learn-

ing framework for constructing dynamic FCNs, learning hierarchi-

cal high-order features, and classifying patients from HCs, by using

fMRI data. The experimental results on the ADNI dataset demon-

strate the effectiveness of our proposed method. 

3. Material and method 

3.1. Subjects and fMRI data preprocessing 

In this study, we use a total of 174 subjects with rs-fMRI data

from ADNI database, including 48 HCs, 50 early MCI (eMCI), 45

late MCI (lMCI) and 31 AD. There, respectively, include 154, 165,

145, 99 scans for HC, eMCI, lMCI and AD subject groups, cover-

ing nine possible stages ( i.e. , baseline, 6, 12, 24, 36, 48, 60, 72 and

84 months). There are 147 subjects with baseline scans, and other

27 subjects without baseline scan. Data acquisition is performed as

follows: the image resolution is 2 . 29 − 3 . 31 mm for inplane and

3.31 mm slice thickness, TE = 30 ms and TR =2 . 2 − 3 . 1 s . For each

subject, there are 140 volumes. Table 1 presents the demographic

and clinical information of these subjects. It is worth noting that

the TR parameters are matched for eMCI vs. HC groups (with the

p -value as 0.29) and AD vs. HC groups (with the p -value as 0.24).

The image resolutions are also matched for both pairs of groups

(with the corresponding p -values as 0.13 and 0.42, respectively).

In addition, Table 2 illustrates the characteristics of scans of all

subjects at nine stages. As one can observe, in most cases, sam-

ples in four categories (i.e., HC, eMCI, lMCI and AD) are generally

balanced, while eMCI and AD have no samples at late stages (e.g.,

48th month). 
Following Jie et al. (2018) , image pre-processing is performed

sing a standard pipeline in FSL FEAT software package, 3 includ-

ng removing the first 3 volumes, slice time correction, motion cor-

ection, bandpass filtering, and regression of white matter, CSF, and

otion parameters. Since the head motion has substantial effects

n FCN measures ( Van Dijk et al., 2012 ), the scans with large head

otion are discarded. That is, we have removed subjects with head

otion more than 2.0 mm in any of direction or 2 ◦ in any of the

otation axis. The head motion profiles are matched for eMCI vs.

C groups (corresponding to p-value on mean motion equaling to

.48) and AD vs. HC groups (corresponding to p-value equaling to

.21). Structural skull stripping is performed using FSL, which is

sed to register the fMRI data to the Montreal Neurological Insti-

ute space. 6 mm Gaussian kernel is performed to smooth the fMRI

ata. The subjects with more than 2.5 min of large frame-wise dis-

lacement (FD > 0.5) are not included in this study (i.e., excluded

efore data inclusion). Here, we do not perform data scrubbing

 i.e. , removing volumes with FD > 0.5) because it could introduce

dditional artifacts for the subsequent dynamic network analysis.

he BOLD signals are band-pass filtered (0.015 ≤ f ≤ 0.15Hz). The

rain space of fMRI scans is partitioned into the 116 regions of in-

erest (ROIs) using the automated anatomical labeling (AAL) tem-

late ( Tzourio-Mazoyer et al., 2002 ). Table S1 in the Supporting In-

ormation gives the IDs and names of 116 ROIs. For each subject,

he mean time series are extracted from each ROI, and the time

oint signal of each ROI is normalized as following: 

f (s ) = (s − μi ) /σi (1)

here s corresponds to the time point signal from the i th ROI, and

i and σ i denote the mean and standard deviation of time series

rom the i th ROI, respectively. 

.2. Proposed weighted correlation kernel 

To capture specific contributions of different time points, we

efine a wc-kernel for measuring the correlation between brain re-

ions, i.e. , 

 ( x i , x j ) = 

L 1 ∑ 

l=1 

w 

l x 

l 
i x 

l 
j (2)

http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FEAT
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here x i is the normalized (using Eq. (1) ) time series from

he i th ROI, x l 
i 

is the corresponding time point signal, w =
 w 

1 , w 

2 , . . . , w 

L 1 ] denotes a learnable weight vector, and the ker-

el size is 1 × L 1 . 

According to the definition in Eq. (2) , our proposed wc-kernel

alculates the correlation between a pair of ROIs by using a learn-

ble weight vector w to characterize specific contributions of dif-

erent time points. It is easy to show that our defined wc-kernel

educes to the PCC when all elements in w equal to 1. Therefore,

ur defined wc-kernel is actually an extension of the PCC, thus can

onvey richer interaction information of brain regions compared

ith the PCC method. 

.3. Architecture of the proposed wc-kernel based CNN 

As shown in Fig. 1 , our proposed wck-CNN framework contains

our convolutional layers and two fully connected layers. A recti-

ed linear unit (ReLU) is used as the activation function of each

ayer, and each fully connected layer is followed by dropout with a

ate of 0.50 ( Hinton et al., 2012 ). The input of our proposed wck-

NN method is time series from all ROIs, and the output (via soft-

ax) is the probability of the subject belonging to each of four

ategories ( i.e. , AD, lMCI, eMCI and HC). Here, M 1 , M 2 , M 3 and M 4 

re the numbers of kernels in the four convolutional layers, respec-

ively. In the following, we will present the details of the four con-

olutional layers. 

.3.1. Connectivity construction layer 

We define the first convolutional layer ( i.e. , connectivity con-

truction layer) for constructing FCNs using our defined wc-

ernels, with time series of ROIs as the input. Given a wc-kernel

 defined in Eq. (2) , the output of this layer is a matrix C ∈ R N 
2 ×T 1 

ith 

 (i −1) ×N+ j,t = k ( § t i , § 
t 
j ) (3)

here §i ∈ R T denotes the whole time series of the i th ROI, § t 
i 

cor-

esponds to segment of time series when performing the t th oper-

tion of sliding kernel along the temporal dimension (correspond-

ng to time series of ROIs), T 1 is the total operations of sliding ker-

el along the temporal dimension, T is the length of time series,

nd N is the number of ROIs. 

According to Eq. (3) , the convolutional operation along the spa-

ial dimension (corresponding to any pair of ROIs) calculates func-

ional connectivity between a pair of ROIs, reflecting their interac-

ions. And, the FCN ( i.e. , matrix) is concatenated into a vector rep-

esented as one column in C . For example, C (i −1) ×N+ j−1 ,t denotes

he functional connectivity between ROIs i and j with performing

he t th operation of sliding kernel along the temporal dimension.

eanwhile, the convolutional operation along the temporal dimen-

ion calculates different functional connectivities of the same pair

f ROIs within different segments of time series, which is similar to

he sliding window method in the conventional dynamic FCN con-

truction, reflecting temporal dynamics of functional connectivity.

hus, the matrix C represents a set of FCNs, which characterizes

he dynamics of FCNs, reflecting both spatial and temporal changes

f functional connectivity. Finally, the output of this layer with M 1 

c-kernels is a 3 D tensor, which contains M 1 dynamic FCNs, con-

eying richer dynamics of brain networks. 

.3.2. Regional feature extraction layer 

To extract region-specific features, we define a regional feature

xtraction layer using the dynamic FCNs produced by the connec-

ivity construction layer as the input data. Specifically, we set the

ize of kernels to N × L 2 , and set the stride along both dimensions

 i.e. , temporal and spatial dimensions) to ( N , 1). 
In regional feature extraction layer, the convolution along the

patial dimension is a feature mapping for each ROI, which can

e interpreted as calculating a single output value for each ROI

 by computing the weighted combination of functional connec-

ivity connected to ROI i across L 2 ( > 1) neighboring FCNs. The

onvolution along the temporal dimension corresponds to different

eature mappings of the same ROI, reflecting temporal changes of

ach specific ROI. It should be emphasized that, since the features

xtracted in this layer are calculated based on series of functional

onnectivities of specific ROI across multiple FCNs, there feature

re high-order, and characterize temporal variability of brain re-

ions. 

.3.3. Brain-network feature extraction layer 

Following the regional feature extraction layer, we build a

rain-network feature extraction layer to learn the brain-network-

pecific features, with the regional feature representations as the

nputs. Specifically, we set the size of kernels is N × L 3 , and set

he size of stride along both dimensions to (1, 1). 

In this layer, the convolution along the spatial dimension is

 feature mapping for the whole FCN, which can be interpreted

s calculating a single output value for whole FCN by computing

he weighted combination of all region-specific features across L 3 
 > 1) neighboring time points. The convolution along the temporal

imension corresponds to different mappings for the whole FCN,

haracterizing the temporal properties of the brain network. Sim-

lar to the regional feature extraction layer, the features extracted

n this layer are also high-order. 

.3.4. Temporal feature extraction layer 

To reduce the feature dimensionality and thus decrease the

omplexity of learned model, we further build a temporal feature

xtraction layer to learn temporal feature of the whole FCN. Specif-

cally, we set the size of kernels is 1 × L 4 , set the size of stride

long both dimensions to (1, 1), and perform an average-pooling

AP) operation after convolution to map all features into a feature.

herefore, the output of this layer with a learned kernel can be in-

erpreted as a measure for the temporal variability of the whole

ynamic FCN. 

It is worth noting that in the proposed wck-CNN method, the

rst convolution layer ( i.e. , connectivity construction layer) is used

or constructing dynamic FCNs ( i.e. , sets of FCNs), which character-

zes the dynamics of FCNs. The last three convolution layers ( i.e. ,

egional feature extraction layer, brain-network feature extraction

ayer and temporal feature extraction layer) are used for extract-

ng the high-level and high-order network dynamic features from

onstructed FCN sets for subsequence classification. 

. Experiments and results 

.1. Experimental settings 

We perform two groups of experiments, including 1) two bi-

ary classification tasks, i.e. , eMCI vs. HC and AD vs. HC classifica-

ions, 2) a multi-class classification task, i.e. , AD vs. lMCI vs. eMCI

s. HC classification, by using a 5-fold cross-validation. Specifically,

or each classification task, the set of subjects with baseline scan

s (roughly) equivalently partitioned into five subsets. One subset

s used as the testing set. The remaining four subsets and sub-

ects without baseline scan are combined to construct the train-

ng set. In addition, in each cross validation we select 15% train-

ng subjects as the validation data for tuning the parameters. It

s worth noting that, to enhance the generalization ability of our

odel, all scans of each training subject are used as training data,

ith each scan as an independent sample but with the same class
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Table 3 

Performance of all methods in two binary classification tasks, i.e. , eMCI vs. HC 

and AD vs. HC classifications. ACC = Accuracy. 

Method eMCI vs. HC (%) AD vs. HC (%) 

ACC ACC HC ACC eMCI ACC ACC HC ACC AD 

Baseline 57.1 48.1 65.6 73.3 77.8 66.7 

SVM 63.6 50.0 75.0 75.0 80.0 66.7 

CNN 72.0 68.7 74.8 76.4 76.7 77.8 

DFCN-CNN 74.8 63.3 84.5 78.3 78.0 80.0 

wck-CNN-1 81.8 90.0 75.0 85.8 82.5 91.7 

wck-CNN 84.6 83.3 85.7 88.0 87.8 88.9 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4 

Performance of all methods in the multi-class classification task, 

i.e. , AD vs. lMCI vs. eMCI vs. HC classification. ACC = Accuracy. 

Method 

AD vs. lMCI vs. eMCI vs. HC (%) 

ACC ACC HC ACC eMCI ACC lMCI ACC AD 

Baseline 30.6 20.0 38.9 30.0 33.3 

SVM 35.0 22.0 69.5 21.0 6.7 

CNN 44.2 32.2 74.6 28.3 22.2 

DFCN-CNN 50.0 38.3 53.0 53.8 58.3 

wck-CNN-1 54.5 52.2 62.7 45.0 55.6 

wck-CNN 57.0 68.9 52.4 56.7 44.4 

t  

c  

r  

m  

p  

w  

T  

m

 

f  

(  

t  

i  

i  

w  

w  

i  

p  

C  

C  

c  

c  

w  

d  

C  

o  

t  

r  

2

 

s  

A  

s  

4

4

 

p  

n  

o  

k  

e  

m  

o  

w  

n  

T  

F  

t  

d  

n  

a  
label. We evaluate the performance by computing the overall ac-

curacy of all categories, and the accuracy for each category. In the

experiment, we set the parameters as followings: T = 137 , T 1 = 34 ,

T 2 = 33 , T 3 = 32 , M 1 = 16 , M 2 = 32 , M 3 = 64 , M 4 = 64 , L 1 = 70 ,

L 2 = 2 , L 3 = 2 and L 4 = 8 . In connectivity construction layer, we set

the size of stride along temporal dimension to 2. Notably, other

scans (excepting for the baseline) of the testing subjects are not

selected as training data or testing data. 

4.2. Methods for comparison 

We first compare the proposed method with traditional FCN

based on the SVM method (denoted as SVM ). Specifically, in the

SVM method, the FCN of each subject is first built by computing

the PCC between the whole time series of a pair of ROIs. The lo-

cal clustering coefficients of all 116 ROIs are then extracted from

constructed FCNs as features. A t -test method with the thresh-

old ( i.e. , p−value < 0.05) is used for feature selection, followed

by a linear SVM with default parameters for classification. Besides,

we also compare with the baseline method using the connectiv-

ity strengths from traditional FCNs as features, where t -test and a

linear SVM with default parameters are also used for feature se-

lection and classification, respectively. Here, a one-to-all strategy is

used for multi-class classification task. 

To evaluate the contributions of a series of essential compo-

nents used in the proposed method, we compare wck-CNN with its

three variants. These variants include 1) CNN method using tradi-

tional FCNs (denoted as CNN ), 2) CNN method using dynamic FCNs

(denoted as DFCN-CNN ), and 3) wck-CNN method without using

high-order feature information (denoted as wck-CNN-1 ). The CNN

and DFCN-CNN methods are implemented to contain the Con2,

Con3, Con4 and two fully connected layers (without our proposed

wc-kernel based network construction layer), while using the tra-

ditional FCNs and dynamic FCNs as input layers, respectively. Here,

following Wee et al. (2016) , the FCNs and dynamic FCNs are built

by computing the PCC between the time series of ROIs, and the

dynamic FCNs are constructed using an overlapping sliding win-

dow method with the window length equal to 70, and the trans-

lation step equal to 2. These methods have the same parameters

as our proposed wck-CNN method excepting for setting M 1 = 1

in both methods ( i.e. , CNN and DFCN-CNN) and T 1 = T 2 = T 3 = 1

in the CNN method. In wck-CNN-1 method, no high-order fea-

tures are extracted in regional feature extraction layer and brain-

network feature extraction layer, i.e. , L 1 = 1 and L 2 = 1 . 

4.3. Classification performance 

Tables 3 and 4 summary the results of all methods for two bi-

nary classification tasks and the multi-class classification task, re-

spectively. As can be seen from Tables 3 and 4 , our proposed wck-

CNN method outperforms the competing methods in all the three

classification tasks. For instance, our proposed wck-CNN method

yields the accuracy of 84.6% and 88.0% for eMCI vs. HC classifica-
ion and AD vs. HC classification, respectively, while the best ac-

uracies obtained by the competing methods are 74.8% and 78.3%,

espectively (where wck-CNN-1 is still a variant of our proposed

ethod). For AD vs. lMCI vs. eMCI vs. HC classification, our pro-

osed wck-CNN method achieves the overall accuracy of 57.0%,

hile the best overall accuracy of the competing methods is 50.0%.

hese results suggest the effectiveness of our proposed wck-CNN

ethod for brain disease diagnosis. 

In addition, from Tables 3 and 4 , we can summarize another

our interesting observations. First , the wc-kernel based methods

 i.e. , wck-CNN-1 and wck-CNN) perform better than the conven-

ional PCC based method ( i.e. , baseline, SVM, CNN and DFCN-CNN),

ndicating the effectiveness of our defined wc-kernel in convey-

ng the interaction information among brain regions. Second , the

ck-CNN method can achieve higher performance in comparison

ith wck-CNN-1 method, demonstrating the advantage of explor-

ng high-order information from connectivity networks. Third , com-

ared with traditional learning methods ( i.e. , baseline and SVM),

NN-based methods ( i.e. , CNN, DFCN-CNN wck-CNN-1 and wck-

NN) can achieve much higher performance, suggesting that CNN

an capture the underlying properties of brain networks, and thus

an be better applied for brain network analysis. Finally , compared

ith traditional FCN-based methods ( i.e. , baseline, SVM and CNN),

ynamic FCN based methods ( i.e. , DFCN-CNN, wck-CNN-1 and wck-

NN) can achieve higher accuracies, indicating that the dynamics

f FCNs can provide useful information for better understanding

he pathology of brain diseases, which is consistent with results

eported in the existing studies ( Hutchison et al., 2013; Jones et al.,

012; Wee et al., 2016 ). 

On the other hand, Fig. 2 presents the total loss on the training

ubjects and validation subjects in each fold of cross validation for

D vs. lMCI vs. eMCI vs. HC classification task. From Fig. 2 , we can

ee that our proposed wck-CNN method can converge fast within

0 epoch. 

.4. Connectivity analysis 

Furthermore, we investigate the connectivity constructed by our

roposed wck-CNN method. Specifically, we first construct the dy-

amic FCNs ( i.e. , the output of connectivity construction layer in

ur proposed wck-CNN method) for all subjects using the wc-

ernels learned in the first fold cross-validation of AD vs. lMCI vs.

MCI vs. HC classification task. Figure S1 in the Supporting Infor-

ation plots the weight values of these 16 wc-kernels. We can

btain 16 dynamic FCNs ( i.e. , 16 sets of FCNs) for each subject

ith 16 wc-kernels. For simplicity, we calculate the average brain

etwork for each dynamic FCN ( i.e. , set of FCNs) of each subject.

hus, we obtained 16 average brain networks with 16 dynamic

CNs for all subjects. Then, we test the group difference of func-

ional connectivity in each average brain network using the stan-

ard t -test. Fig. 3 reports the obtained results on 16 average brain

etworks (denoted as wck1 to wck16) for (a) eMCI vs. HC groups,

nd (b) AD vs. HC groups. For comparison, Fig. 3 also reports the
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(a) Total loss on the training subjects
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(b) Total loss on the validation subjects

Fig. 2. Total loss of the proposed wck-CNN method with 80 epochs in each fold cross-validation (from left to right) for AD vs. lMCI vs. eMCI and NC classification task. Here, 

(a) total loss on the training subjects, and (b) total loss on the validation subjects. 
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roup difference of functional connectivity in the traditional FCNs

nd dynamic FCNs constructed by the overlapping sliding windows

ethod. Here, we set p -values more than 0.05 to 1 for clarity. 

From Fig. 3 , we can make three interesting observations for

ost of average brain networks, compared with the traditional

CNs and dynamic FCNs. First , there are more discriminative func-

ional connectivity (with the corresponding p -value less than 0.05)

n both eMCI vs. HC groups and AD vs. HC groups, suggesting that

ur proposed wc-kernel based dynamic FCNs are more discrimi-

ative. Second , there are more obvious patterns. For instance, the

iscriminative functional connectivity between AD and HC groups

ocus on connections with specific brain regions, including lat-

ral surface, parietal lobe, limbic lobe and sub cortical gray nuclei,

hich have been widely reported in the previous studies. Table 5

emonstrates these specific brain regions that have significant dif-

erences of function connectivity for two group pairs ( i.e. , eMCI vs.

C groups and AD vs. HC groups). Finally , there contain few dis-

riminative functional connectivity between brain regions within

he cerebellum, but have some discriminative functional connectiv-

ty between the cerebellum and the cerebrum, suggesting that the

erebellum might be related with AD/MCI and it may provide use-

ul information for disease prognosis ( Baldaçara et al., 2011; Weis

t al., 2004 ). 

From Fig. 3, Table 5 , we can see that, compared with HC group,

ome functional connectivity on specific brain regions, such as

iddle cingulate gyrus, posterior cingulate gyrus, inferior parietal

obule, supramarginal gyrus and paracentral lobule, are all signif-

cantly changed for the eMCI group and the AD group, indicating

hat those brain regions may be much related to the early stage of

D. Besides, there are more discriminative functional connectivity

nd more brain regions with significant differences of functional

onnectivity for the AD subjects compared with the eMCI subjects.

his implies that, with the disease progress, more functional con-

ectivity and brain regions are affected by the AD. 

To further visualize the differences of connectivity networks for

ifferent groups, we construct an average connectivity network for

ach group ( i.e. , AD, eMCI and HC groups). Specifically, following

he step of average brain network construction in the 1 st para-

raph of this subsection, we also compute the 16 dynamic FCNs us-

ng 16 wc-kernels learned in the first fold cross-validation of AD vs.

f  
MCI vs. eMCI vs. HC classification task, and then compute a total

verage connectivity network for all 16 dynamic FCNs of subjects

n each group. Finally, we compute the difference of average con-

ectivity networks between these groups. Fig. 4 plots the differ-

nce in average connectivity strength of the ROIs from Table 5 be-

ween two pairs of groups ( i.e. , eMCI vs. HC groups, and AD vs.

C groups). Here, the color represents the corresponding differ-

nce value. From Fig. 4 , we can observe significant reductions in

onnectivity strengths for the eMCI/AD groups compared with the

C group, indicating possible disruptions in connectivity between

hese brain regions, as reported in the existing studies ( Wang et al.,

013; Bai et al., 2011; Supekar et al., 2008; Yao et al., 2013 ). In

ddition, as can be seen from Fig. 4 , the changes in connectivity

trengths are more significant for the AD subjects compared with

he eMCI subjects, indicating that the damage of AD on the brain

unction is gradually enhanced along the disease progress. 

In order to evaluate the generalization of the proposed method,

e further test the group difference of functional connectivity in

verage brain networks of testing subjects in the first fold cross-

alidation of AD vs. lMCI vs. eMCI vs. HC classification task. Fig-

re S2 in the Supporting Information gives the obtained results. For

omparison, Figure S2 also gives the group difference of functional

onnectivity in the traditional FCNs and dynamic FCNs of these

esting subjects. As can be seen from Fig. S2, the proposed wc-

ernel based dynamic FCNs are also more discriminative on both

MCI vs. HC groups and AD vs. HC groups, i.e. , there still includes

ore discriminative functional connectivity (with corresponding p -

alue less than 0.05) for most of average brain networks in com-

arison with those of traditional FCNs and dynamic FCNs, indicat-

ng the efficacy of our proposed method. 

.5. Discriminative power of learned features 

In this section, we investigate the discriminative power of fea-

ures learned in our proposed wck-CNN method. Specifically, we

rst extract 64 features (corresponding to the output of temporal

eature layer in our proposed wck-CNN method) of all subjects by

sing the learning model in the first fold cross-validation of the

our-class classification task. It worth noting that each of the 64

eatures can be treated as a measure of network properties, which
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Fig. 3. Group difference of functional connectivity constructed using different methods for (a) eMCI vs. HC groups, and (b) AD vs. HC groups. Here, p -values more than 0.05 

are set to 1, colors in (a) and (b) denote the value of − log 10(p-value), and {wck1,..., wck16} correspond to the dynamic FCNs constructed by using the proposed method 

with 16 different wc-kernels, respectively. Dynamic FCN is constructed by using the overlapping sliding windows method. See Table S1 in the Supporting Information for the 

names of these 116 ROIs. 
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Table 5 

Important brain regions with significant difference of functional connectivity for (left) eMCI vs. HC groups, and 

(right) AD vs. HC groups. 

eMCI vs. HC groups AD vs. HC groups 

Name Abbr. Name Abbr. 

Suplementary motor area left L.SMA Superior frontal gyrus (dorsal) left L.SFGdor 

Suplementary motor area right R.SMA Superior frontal gyrus (dorsal) right R.SFGdor 

Middle cingulate gyrus left L.MCG Middle frontal gyrus left L.MFG 

Middle cingulate gyrus right R.MCG Middle frontal gyrus right R.MFG 

Posterior cingulate gyrus left L.PCG Inferior frontal gyrus (opercular) left L.IFGoperc 

Posterior cingulate gyrus right R.PCG Inferior frontal gyrus (opercular) right R.IFGoperc 

Inferior occipital gyrus left L.IOG Inferior frontal gyrus (triangular) left L.IFGtriang 

Inferior parietal lobule left L.IPL Inferior frontal gyrus (triangular) right R.IFGtriang 

Supramarginal gyrus left L.SMG Superior frontal gyrus (media) left L.SFGmed 

Precuneus left L.PCUN Superior frontal gyrus (media) right R.SFGmed 

Precuneus right R.PCUN Middle cingulate gyrus left L.MCG 

Paracentral lobule left L.PCL Middle cingulate gyrus right R.MCG 

Paracentral lobule right R.PCL Posterior cingulate gyrus left L.PCG 

Middle temporal gyrus left L.MTG Posterior cingulate gyrus right R.PCG 

Inferior temporal right R.ITG Inferior parietal lobule left L.IPL 

Inferior parietal lobule right R.IPL 

Supramarginal gyrus left L.SMG 

Supramarginal gyrus right R.SMG 

Angular gyrus right R.ANG 

Paracentral lobule right R.PCL 

Pallidum left L.PAL 

Pallidum right R.PAL 

Thalamus left L.THA 

Thalamus right R.THA 

Superior temporal gyrus right R.STG 
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Fig. 4. The difference in average connectivity strength for (a) eMCI vs. HC groups, (b) AD vs. HC groups. 
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eflects the temporal properties of dynamic FCNs. Then, we calcu-

ate the discriminative power of all 64 features in both group pairs

 i.e. , eMCI vs. HC groups, and AD vs. HC groups), using the standard

 -test. Figs. 5 and 6 plot the obtained p -values for both group pairs,

espectively. For comparison, in Figs. 5 and 6 we give the discrim-

native power of features learned by the compared methods ( i.e. ,

aseline, SVM, CNN, DFCN-CNN and wck-CNN-1). It is worth noting

hat there are all 6670 connectivity strength features in baseline

ethod and 116 clustering coefficient features in the SVM method,

hile, there are 64 features in all CNN-based methods ( i.e. , CNN,

FCN-CNN, wck-CNN-1 and wck-CNN). In addition, Table 6 gives

he average and median of the p -value for all features in both

roup pairs. 
As can be seen from Figs. 5 to 6 and Table 6 , most of the

eatures learned in our proposed wck-CNN method have p -values

maller than 0.001, suggesting good discriminative power between

atients and HCs. In addition, the features learned by our wck-CNN

re more discriminative than the features learned by the compet-

ng methods. This validates the effectiveness of our proposed wck-

NN method for learning the network features, and also partly ex-

lains why our proposed wck-CNN method can yield better classi-

cation performance compared with the competing methods. 

Moreover, we feed the features learned by wck-CNN to SVM for

lassification, to further study the discriminative power of these

eatures. Specifically, we first calculate 64 learning features for all

ubjects by using the learning model obtained in one of 5-fold
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Fig. 5. The discriminative power of learning features between eMCI and HC groups for all methods ( i.e. , (a) baseline, (b) SVM, (c) CNN, (d) DFCN-CNN, (e) wck-CNN-1 and 

(f) wck-CNN). 
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wck-CNN). 

Table 6 

The average and median of p-value for learning features in both 

group pairs ( i.e. , eMCI vs. HC groups, and AD vs. HC groups. 

Method eMCI vs. HC AD vs. HC 

Mean Median Mean Median 

Baseline 0.36 0.29 0.29 0.17 

SVM 0.43 0.36 0.27 0.21 

CNN 0.06 < 1 E − 6 0.05 < 1 E − 6 

DFCN-CNN 0.11 < 1 E − 6 0.06 < 1 E − 6 

wck-CNN-1 0.10 < 1 E − 6 0.03 < 1 E − 6 

wck-CNN 0.08 < 1 E − 6 0.03 < 1 E − 6 

 

 

 

 

 

Table 7 

The total accuracy of all methods using features learned in three classification 

task (%). 

Method eMCI vs. HC AD vs. HC AD vs. lMCI vs. eMCI vs. HC 

Baseline 55.8 66.7 24.6 

SVM 61.0 72.9 25.4 

CNN 74.1 75.8 48.5 

DFCN-CNN 74.1 76.4 52.5 

wck-CNN-1 80.8 81.6 55.2 

wck-CNN 81.1 85.3 57.6 

e  

a  

d  

m  

u

cross-validations. Then, we train a linear SVM (with default pa-

rameters) using the learned features for the training subjects, and

apply the trained SVM to the testing subjects. Table 7 reports the

obtained average accuracy in all 5-fold cross-validations for three

classification tasks of eMCI vs. HC, AD vs. HC, and AD vs. lMCI vs.
MCI vs. HC. For comparison, Table 7 also shows the classification

ccuracy of features learned by the competing methods using tra-

itional SVM classifier. It is worth noting that no feature selection

ethod is performed in all methods ( i.e. , all learned features are

sed for training model and classification). 
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As we can see from Table 7 , the features learned by our pro-

osed wck-CNN method can yield better classification accuracy

hat the features generated by the competing methods. These re-

ults further indicate the discriminative power of our wck-CNN

ethod. 

. Discussion 

.1. Significance of results 

FCNs have been widely applied to diagnosing physiological and

sychiatric disease, such as AD and MCI. To construct FCNs, the

CC method is usually used to measure the correlation among dif-

erent brain regions ( Aerts et al., 2016; Zhang et al., 2016; Córdova-

alomera et al., 2017 ). The main disadvantage of the PCC method

s treating different time points equally, thus ignoring specific con-

ributions of different time points. In this paper, we define a novel

c-kernel to measure the correlation among brain regions, learn-
ng different weights to characterize specific contributions of dif-

erent time points. We then construct a unified wck-CNN frame-

ork for brain disease classification based on fMRI data. To the

est of our knowledge, our proposed method is among the first

ttempt to define the correlation kernel for characterizing the in-

eractions between brain regions, and to build a CNN framework

or dynamic FCN analysis using fMRI data. The experimental re-

ults on 174 subjects from ADNI database show that our proposed

ck-CNN method outperforms several state-of-the-art FCN-based

ethods, demonstrating that our proposed method may provide

mportant clues to reveal the underlying interactions of brain re-

ions, and thereby contribute to the understanding of disease neu-

opathology and the development of diagnostic imaging. 

Furthermore, we found that the functional connectivity con-

tructed by the proposed wck-CNN method is significantly differ-

nt between patient and HC groups, suggesting that this func-

ional connectivity could convey important interaction information

or brain function analysis. Also, this connectivity mainly focuses
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on specific disease-related brain regions that have been widely re-

ported in previous studies, including lateral surface ( Buckner et al.,

2009 ), parietal lobe ( Buckner et al., 2009; Han et al., 2012 ), lim-

bic lobe ( Zhou et al., 2008; Ni et al., 2017 ) and sub cortical gray

nuclei ( Yao et al., 2013; Liu et al., 2012 ). For example, it has been

reported that the activity in the default mode network (including

the brain regions of posterior cingulate gyrus, hippocampus and

middle frontal gyrus) might be directly related to the pathology of

AD ( Buckner et al., 2008; Klaassens et al., 2017 ). Also, we found

more significant changes in functional connectivity for the AD pa-

tients compared with eMCI patients, suggesting that the damage of

AD on the brain function is gradually enhanced along the disease

progress. 

Finally, we found that, compared with the traditional FCNs, the

dynamic FCNs can achieve better results in automated brain dis-

ease diagnosis. This indicates that the dynamics of functional con-

nectivity might be linked with the changes of brain function and

cognitive ability. 

It is worth noting that, besides the FCN construction and dis-

ease diagnosis, our proposed wck-CNN method provides an ap-

proach to measure the changing properties of dynamic FCNs. So

far, the latter task is still challenging due to the complexity of

the human brain. Our results show that, compared with the fea-

tures learned by the competing methods, the features learned by

our wck-CNN method are more discriminative, and thus can yield

better classification performance. This suggests that our proposed

wck-CNN method can capture the important network properties

and thus could be used for measuring the changing properties of

dynamic FCNs. Besides, our proposed wck-CNN method is a gen-

eral FCN-based CNN framework, which can also be applied to other

FCN-based analysis tasks, such as regression/prediction of some

clinical scores (e.g., MMSE) and age. 

5.2. Effect of size of proposed wc-kernel 

It has been suggested that functional connectivity around 30–

60 s of fMRI data can produce robust results in brain connectiv-

ity network analysis ( Jones et al., 2012; Shirer et al., 2012 ). In our

proposed wc-kernel, the parameter L 1 determines kernel size ( i.e. ,

the number of time points) in functional connectivity network con-

struction. To investigate the effects of this parameter on classifica-

tion performance of our proposed wck-CNN method, we test differ-

ent values for the parameter L 1 from {20, 40, 70}. Fig. 7 plots the

classification accuracy with respect to different L 1 values. For com-

parison, in Fig. 7 we also give the classification accuracy of other

two dynamic FCN based methods ( i.e. , wck-CNN-1 and DFCN-CNN)

with respect to different kernel sizes or sliding window lengths

( i.e. , L 1 = { 20 , 40 , 70 } in the wck-CNN-1 method and sliding win-

dow length equaling to {20, 40, 70} in the DFCN-CNN method). 

As we can see from Fig. 7 , for all parameter values, our pro-

posed wck-CNN method consistently outperforms methods of wck-

CNN-1 and DFCN-CNN on three classification tasks, further sug-

gesting the efficacy of our proposed wck-CNN method. Also, the

classification performance of two wc-kernel based methods ( i.e. ,

wck-CNN and wck-CNN-1) outperforms DFCN-CNN method, which

shows the effectiveness of our defined wc-kernel in conveying the

interactions of brain regions. Moreover, from Fig. 7 we can see that,

the classification accuracies of the proposed wck-CNN on three

classification tasks are little affected with different parameter val-

ues of L 1 , indicating our proposed method is very robust for the

wc-kernel size. 

5.3. Effect of multiple scans of subjects 

Because we have only a limited number of subjects, we use all

scans (at all stages) of training subjects as independent samples to
rain different models in the experiments. To evaluate the effect of

his step, we test the classification performance of our proposed

ck-CNN method using only one scan of each training subject.

pecifically, we use the baseline scan of training subjects as train-

ng data to train the proposed wck-CNN model. The results show

hat the proposed wck-CNN method only using the baseline scans

ields the accuracies of 72.7%, 78.5% and 45.6% for eMCI vs. HC, AD

s. HC, and AD vs. lMCI vs. eMCI vs. HC classification tasks, respec-

ively. These results are inferior to those of the proposed wck-CNN

ethod using all scans at all stages of training subjects, indicating

hat it using more scans can enhance the generalization ability of

he model. 

.4. Limitations 

Although our proposed method achieves good performance in

oth FCN construction and diagnosis, this study is limited by the

ollowing three aspects. First , the neurobiological basis for fluctu-

tions in functional connectivity overtime is still unclear ( Kudela

t al., 2017; Zhang et al., 2016 ). In spite of the large studies in dy-

amic FCNs, researchers find it difficult to determine which fluc-

uations are actually due to neuronal activity or just noise. Second ,

rain parcellation ( i.e. , the definition of brain regions) is the very

asic step for FCN construction and analysis, and we apply the AAL

emplate to brain parcellation in the current study, while using dif-

erent brain parcellations will yield different brain networks with

ifferent connectivity ( Zalesky et al., 2010 ). In our future work, we

ill evaluate the influence of using different brain parcellations on

he performance of our proposed method. Third , the size of the

ataset is small, although we use all scans of all subjects with rs-

MRI data from ADNI. As our future work, we will evaluate our

roposed method on larger datasets with brain diseases other than

D, such as attention deficit hyperactivity disorder (ADHD). Third ,

he size of the dataset is small, and the dataset used in this studies,

lthough we use all scans of all subjects with rs-fMRI data from

DNI. As our future work, we will evaluate our proposed method

n larger datasets with brain diseases other than AD, such as at-

ention deficit hyperactivity disorder (ADHD). Fourth , in our exper-

ments, we validate the proposed model on subjects with multiple

ifferent scan parameters, which could affect the generalization of

he proposed method. As the further work, we will evaluate the

erformance of the proposed method on datasets with the same

can parameter. Finally , due to the limitation of ADNI data, in this

tudy, we could not provide the exact amyloid/tau on PET/CSF to

btain the percent of MCI with evidence of AD pathophysiology. 

. Conclusion 

In this paper, we define a novel wc-kernel for characterizing

ich interaction information between brain regions. Different pre-

ious methods ( e.g. , PCC method) that equally treat all time points,

ur proposed wc-kernel measures the correlation of brain regions,

ith learned weights to characterize specific contributions of dif-

erent time points. We further build a wc-kernel based CNN frame-

ork for dynamic FCN construction and analysis using fMRI data.

xperimental results on the ADNI dataset demonstrate the effec-

iveness of our proposed method. 
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