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a b s t r a c t 

Recent works have shown that hyper-networks derived from blood-oxygen-level-dependent (BOLD) fMRI, 

where an edge (called hyper-edge) can be connected to more than two nodes, are effective biomarkers 

for MCI classification. Although BOLD fMRI is a high temporal resolution fMRI approach to assess alter- 

ations in brain networks, it cannot pinpoint to a single correlation of neuronal activity since BOLD signals 

are composite. In contrast, arterial spin labeling (ASL) is a lower temporal resolution fMRI technique for 

measuring cerebral blood flow (CBF) that can provide quantitative, direct brain network physiology mea- 

surements. This paper proposes a novel sparse regression algorithm for inference of the integrated hyper- 

connectivity networks from BOLD fMRI and ASL fMRI. Specifically, a least absolution shrinkage and selec- 

tion operator (LASSO) algorithm, which is constrained by the functional connectivity derived from ASL 

fMRI, is employed to estimate hyper-connectivity for characterizing BOLD-fMRI-based functional interac- 

tion among multiple regions. An ASL-derived functional connectivity is constructed by using an Ultra- 

GroupLASSO-UOLS algorithm, where the combination of ultra-least squares (ULS) criterion with a group 

LASSO (GroupLASSO) algorithm is applied to detect the topology of ASL-based functional connectivity 

networks, and then an ultra-orthogonal least squares (UOLS) algorithm is used to estimate the connec- 

tivity strength. By combining the complementary characterization conveyed by rs-fMRI and ASL fMRI, 

our multimodal hyper-networks demonstrated much better discriminative characteristics than either the 

conventional pairwise connectivity networks or the unimodal hyper-connectivity networks. Experimen- 

tal results on publicly available ADNI dataset demonstrate that the proposed method outperforms the 

existing single modality based sparse functional connectivity inference methods. 

© 2018 Elsevier B.V. All rights reserved. 
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1. Introduction 

Alzheimer’s disease (AD) is the most common cause of de-

mentia in people over 65 years old ( Barker et al., 2002; Wil-

son et al., 2012; Zhu et al., 2017 ). Recently, it has been reported

that a new case of AD is expected to develop every 33 s, and

by 2050 it will result in nearly a million new cases each year

( Association, 2016 ; Li et al., 2018b ). As a prodromal stage of AD,
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ild cognitive impairment (MCI) has gained a great deal of at-

ention recently due to its high progression rate to AD. Exist-

ng studies show that people with MCI, especially MCI involv-

ng memory problems (i.e., amnestic MCI), are more likely to de-

elop AD than people without MCI ( Kantarci et al., 2009; Mitchell

nd Shiri-Feshki, 2009 ). Therefore, early diagnosis of MCI is of

reat importance for preventing, slowing or stopping its progres-

ion to AD ( Li et al., 2017c; Ward et al., 2013 ). In the past years,

he combination of neuroimaging-based techniques and graph the-

ry has been shown powerful for exploring the pathological un-

erpinnings of AD and MCI ( Brier et al., 2014; Li et al., 2013;

ark and Friston, 2013; Wang et al., 2013 ). For example, the

unctional connectivity networks derived from functional mag-

etic resonance imaging (fMRI) based on the blood-oxygenation-
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evel-dependent (BOLD) signals, which can characterize the

ognitive-related interaction patterns between brain regions at

est, have been used for the MCI classification ( Chen et al., 2011;

eng et al., 2012; Li et al., 2014; Petrella et al., 2011 ). 

Most of the existing functional connectivity network studies

or MCI classification used the pairwise correlation-based approach

o characterize the functional relationship between two brain re-

ions ( Hayasaka and Laurienti, 2010; Kaiser, 2011; Smith et al.,

013; Sporns, 2011; Wee et al., 2012a ). However, such analysis may

ot be accurate in revealing the active cognitive activities of the

rain since, based on neurological findings ( Huang et al., 2010 ), a

rain region predominantly interacts directly with a few of other

rain regions in neurological processes. Moreover, recent neuro-

ogical studies have demonstrated significant high-order interac-

ions (i.e., interaction among more than two brain regions) in neu-

onal spiking, local field potentials, and cortical activities ( Ganmor

t al., 2011; Ohiorhenuan et al., 2010; Yu et al., 2011 ). Based on this

nding, Jie et al. (2016) derived a functional connectivity hyper-

etwork from BOLD fMRI data for characterizing the high-order

nteractions between three or more brain regions, and achieved

 better AD classification performance compared to the conven-

ional pairwise connectivity method. Davison et al. (2015) con-

tructed hyper-networks and characterized hyper-connectivity on

he basis of its topology structure, anatomy, and task-specificity.

n their study, hyper-connectivity was demonstrated to be a more

ffective measure to characterize functional brain dynamics than

yadic connectivity. Gu et al. (2017) proposed a hypergraph rep-

esentation method based on the BOLD fMRI data, which reveals

hree specific classes of hyper-edges: bridges, stars and clusters,

epresenting bipartite, focal and spatially distributed architectures,

espectively. Furthermore, a novel learning-based hyper-network

as recently proposed to characterize complex connectivity pat-

erns among multiple brain regions ( Zu et al., 2018 ). A hypergraph

earning method is first employed to construct the hyper-edges

nd then a sparse constraint based on the discrimination power

nd the intra-group consistency is applied to suppress the spu-

ious hyper-connectivity ( Zu et al., 2018 ). Nevertheless, one main

eficiency of their hyper-networks method is that it only considers

he interaction among multiple brain regions from a single modal-

ty (i.e., BOLD fMRI) data, ignoring the complementary information

onveyed by other imaging modalities ( Li et al., 2017b ). 

An ample number of studies have demonstrated the advantage

f integrating complementary information from multiple modali-

ies for improving representation capacity and classification per-

ormance ( Gao et al., 2015; Liu et al., 2014; Wee et al., 2012b;

hu et al., 2013 ). Multiple imaging modalities can reflect spe-

ific characteristics of the brain structure and function from dif-

erent views. For instance, BOLD fMRI provides the regional inter-

ctions happened when the subject is in the absence of an explicit

ask. While arterial spin labeling (ASL) perfusion MRI, as a rela-

ively new noninvasive functional MRI technique, measures cere-

ral blood flow (CBF) by using arterial water as an endogenous

racer ( Borogovac and Asllani, 2012; Liang et al., 2014 ). Particularly,

SL perfusion MRI, which measures CBF directly and noninvasively,

an provide a more direct quantitative correlate of neural activ-

ty than BOLD fMRI ( Cavusoglu et al., 2012; Havlicek et al., 2015 ),

nd thus is applied to characterize the inter-regional interactions

f brain activities via constructing the functional connectivity net-

orks in a recent study ( Liang et al., 2014 ). However, ASL perfu-

ion MRI presents some drawbacks (i.e., lower signal-to-noise ratio

SNR), reduced temporal resolution, and increased power deposi-

ion) compared to BOLD fMRI ( Alsop et al., 2015 ). To combine the

enefits of both modalities, ( Gao et al., 2015 ) integrated ASL fMRI

nformation into BOLD fMRI sequences at the feature level in a uni-

ed MCI classification framework. Their results suggested that the

usion of BOLD and ASL fMRI can improve the performance of MCI
lassification. Additionally, Jann et al. (2015) presented a frame-

ork for independent and joint functional connectivity analyses

f BOLD fMRI and ASL perfusion MRI to identify modality-specific

rain networks. Their experimental results showed that the func-

ional connectivity in brain networks was correlated with the re-

ional CBF of the associated networks. These results suggest that

oint functional connectivity network analyses by using BOLD and

SL can characterize the spatiotemporal and quantitative proper-

ies of brain networks in a relatively more comprehensive manner.

owever, to the best of our knowledge, there is no study that con-

tructs hyper-network by integrating ASL perfusion MRI with BOLD

MRI time series for MCI classification. 

It is well-known that the brain network modeling method has a

reat impact on the performance of the MCI classification ( Jie et al.,

016 ). Recent studies have shown that the sparse representation

ased network modeling approaches can reduce spurious connec-

ions and improve performance for MCI classification ( Rosa et al.,

015; Zanin et al., 2012 ). For example, ( Wee et al., 2014 ) con-

tructed the functional connectivity based on the Group LASSO

ith a l 2, 1 regularizer for classifying patients with MCI from nor-

al control (NC). Their experimental results demonstrated that

he sparse functional connectivity approach yields markedly im-

roved classification performance compared to the conventional

earson correlation-based networks. Through the sparse represen-

ation model, all other regions will be considered simultaneously

nd those regions with genuine functional interactions to the tar-

et brain region would stand out. However, those sparse represen-

ation based network modeling methods inevitably face the over-

tting problem due to the use of the classic least squares criterion

 Li et al., 2017a ) as the interruption by the highly noisy informa-

ion in fMRI time series may not provide reliable estimations of

he brain networks. 

In this paper, we propose a novel ultra-least-squares-based

unctionally-weighted LASSO (FW-LASSO) method to construct 

ultimodal hyper-network for MCI classification, which integrates

nformation from BOLD fMRI and ASL perfusion MRI data. The

ey idea of our proposed method is to use the functional con-

ectivity information derived from the ASL fMRI data as the con-

traint to guide the regression process of FW-LASSO for extract-

ng interactions among multiple brain regions from the BOLD

MRI to construct hyper-connectivity networks. As BOLD fMRI has

igher SNR and higher temporal resolution, hyper-connectivity

nalysis based on BOLD signals is more reliable than ASL fMRI

 Jann et al., 2015 ). Moreover, since CBF is proposed as a close

arker for metabolic activity ( Jann et al., 2015 ), employing the

SL-derived functional connectivity information as a constraint

an supplement metabolic-related information, which is inacces-

ible by BOLD because its effect originates from an intricate in-

erplay between changes in CBF, cerebral blood volume (CBV)

nd oxygen consumption ( Borogovac and Asllani, 2012 ), for the

yper-connectivity construction. Specifically, in order to obtain the

etabolic-related functional connectivity information from ASL, an

ltra-GroupLASSO regression algorithm, which is composed of a

roup LASSO (GroupLASSO) algorithm and an ultra-least squares

ULS) criterion ( Li et al., 2017a ), is proposed to detect the topol-

gy of the ASL-based networks. Then, we apply an UOLS algorithm

 Guo et al., 2016 ), which consists of the ULS criterion and an or-

hogonal least squares (OLS) algorithm ( Li et al., 2018a ), to estimate

he strength of the identified ASL-based connections. In the Ultra-

roupLASSO algorithm, a group constraint item (i.e., l 2,1 ) is used

o ensure an identical network topology across individuals while

t the meantime preserving the individual-specific information via

ifferent connectivity values ( Wee et al., 2014 ). In addition, the

ombination of the Ultra-Group-LASSO algorithm and the UOLS al-

orithm not only extracts the classical dependent relation between

he ASL time series of a region pair, but also uses the dependent
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relation of the associated weak derivatives to avoid the overfitting

problem. As a generalization of the strong derivative (i.e., the

derivative in the usual sense) that can only be calculated for the

differentiable functions, the weak derivatives allow the computa-

tion of all integrable functions ( Guo et al., 2016 ). The weak deriva-

tives can solve nondifferentiable problems in the derivation pro-

cess of the strong derivative. Considering both the strong deriva-

tive and the weak derivative helps the model to fit the ASL fMRI

time series with the more precise relationship between differ-

ent time points. Therefore, both the Ultra-GroupLASSO algorithm

and the UOLS algorithm, which include the weak derivatives in

the formulation, are able to avoid the overfitting problem, which

is often encountered in the conventional least squares criterion

( Li et al., 2017a ). To validate the effectiveness of our proposed

method, multimodal hyper-networks from ASL perfusion and BOLD

fMRI data are constructed for MCI classification. We extract three

types of hyper-network features constructed and use a manifold

regularized multi-task feature selection method (M2TFS) ( Jie et al.,

2016 ) to jointly select the most discriminative region-related fea-

tures. We finally use the selected features to train a multi-kernel

support vector machine (SVM) ( Li et al., 2018c ) for MCI classi-

fication. Experimental results showed promising improvement in

classification performance, demonstrating the superiority of our

proposed method compared to the-state-of-the-art single modal

hyper-connectivity-based methods. 

In summary, the contribution of our proposed method is three-

fold. First, we proposed a novel MCI classification framework,

which provides a new scheme for the fusion of multiple neu-

roimaging modalities. To the best of our knowledge, our method

is among the first to use the multimodal hyper-network that fuses

the complementary information from BOLD fMRI and ASL fMRI

in neuroimaging studies. Second, we proposed a novel FW-LASSO

method to construct the multimodal hyper-networks that combine

BOLD fMRI and ASL fMRI data to characterize functional connec-

tivities within the human brain. Compared with the conventional

pairwise correlation approach, our proposed multimodal hyper-

network modeling method is more comprehensive in characteriz-

ing the interactions among multiple brain regions that are work-

ing together. Third, we took into consideration the discrepancy be-

tween the weak derivatives of the observed signals and the model

prediction function via the ULS criterion. The estimated functional

connectivity networks are more reliable as the ULS criterion can

avoid the overfitting problem. 

The rest of the paper is organized as follows. Materials and

Methodology section furnishes information on the data acquisi-

tion and post-processing, followed by the proposed framework for

constructing multimodal hyper-networks using complementary in-

formation from BOLD fMRI and ASL fMRI. Then, we evaluate the

performance of our proposed framework for MCI classification in

Experiments and Results section. Further, findings, methodological

issues, and limitations of our proposed framework are discussed

extensively in Discussion section. Finally, we conclude this paper

in Conclusion section. 

2. Materials and methodology 

2.1. Dataset 

In this study, the BOLD fMRI and ASL perfusion data were col-

lected from 28 MCI individuals and 33 normal controls (NCs). For

BOLD fMRI, all the subjects were scanned using a standard echo-

planar imaging (EPI) sequence on a 3 Tesla Siemens TRIO scan-

ner with the following parameters: TR = 30 0 0 ms, TE = 30 ms, ac-

quisition matrix = 74 × 74, 45 slices, and voxel thickness = 3 mm.

One-hundred and eighty resting-state fMRI volumes were acquired.

Standard preprocessing pipeline of the fMRI images was performed
sing Statistical Parametric Mapping 8 (SPM8) software package

hich includes removal of first 10 fMRI volumes, slice timing

orrection, head-motion correction, regression of nuisance signals

ventricle, white matter, global signal, and head-motion with Fris-

on’s 24-parameter mode ( Friston et al., 1996; Wee et al., 2016 )),

ignal de-trending, and band-pass filtering (0.01–0.08 Hz). Next, the

rain space was parcellated into 90 ROIs based on the automated

natomical labeling (AAL) atlas ( Tzourio-Mazoyer et al., 2002 ). 

For ASL perfusion MRI, we used a pulsed ASL (pASL) sequence

o record brain perfusion with the following parameters: acquisi-

ion matrix = 64 × 64, voxel size = 3.44 × 3.44 × 6 mm 

3 , TE = 21 ms,

R = 50 0 0 ms, inversion time (TI) = 700 ms and 1800 ms, saturation

top time = 1600 ms, flow limit = 5 cm/s, 71 images with alterna-

ion of labeled and non-labeled images, parallel imaging (iPAT)

actor = 2, and PICORE Q2Tips labeling scheme ( Luh et al., 1999 ).

reprocessing of ASL images was performed using a Matlab and

PM-based ASL perfusion fMRI data processing toolbox, ASLtbx

 Wang et al., 2008 ). The preprocessing steps include raw image

uality checking, integer-to-float format conversion, independent

abel and control motion correction, coregistration, spatial smooth-

ng, cerebral blood flow (CBF) calculation, outlier cleaning, statisti-

al analysis, and contrast definition ( Wang et al., 2008 ). ASL images

ere registered to their structural images using affine registration

lgorithm provided in SPM. 

.2. Methods 

Fig. 1 illustrates a framework of our proposed multimodal

yper-network for MCI classification, which includes three main

teps: (1) employ an Ultra-GroupLASSO algorithm and an UOLS al-

orithm to detect functional network topology; (2) integrate the

omplementary information of ASL fMRI and BOLD fMRI by apply-

ng FW-LASSO algorithm to construct multimodal hyper-networks;

3) extract three types of network features from hyper-networks,

ollowed by an M2TFS method to jointly select the most discrim-

native features, and use a multi-kernel SVM on the selected fea-

ures for MCI classification. In addition, a detailed description of

tep (2) is provided in Fig. 2 . In the following sections, we give the

etailed procedure of our proposed method. 

.2.1. Construction of multimodal hyper-connectivity networks 

To integrate individual advantages of ASL fMRI and BOLD fMRI

n the functional connectivity network construction, we propose

 novel FW-LASSO algorithm that employs functional connectivity

nformation derived from ASL fMRI data as a constraint to con-

truct hyper-networks for characterizing BOLD-based interactions

mong multiple brain regions. Here, these hyper-networks com-

ine the high-order interactions among brain regions and the mu-

ual information between BOLD fMRI and ASL fMRI, called multi-

odal hyper-networks in this paper. Particularly, the major differ-

nce between our method and the adaptive LASSO ( Chatterjee and

ahiri, 2013 ) is that our method determines the weight directly ac-

ording to the functional connectivity analysis based on ASL data,

hile the latter uses l 2 initial estimation to reweight l 1 penalty.

he LASSO is used to represent the functional interactions based

n BOLD fMRI data and ASL-derived functional connectivity con-

traint will guide the regression process. The neuroscience basis

f our method is that CBF changes are one of the primary con-

ributors to the intrinsic BOLD fluctuations and the functional con-

ectivity is positively correlated with the regional CBF ( Jann et al.,

015; Tak et al., 2015 ). That is, if CBF signals of two ROIs are highly

orrelated, their BOLD-based functional connectivity should be pe-

alized less. Otherwise, those weak ASL-derived functional connec-

ions should be penalized with larger weights. To measure the cor-

elation between CBF signals over each pair of ROIs, a functional

onnectivity strength matrix will be derived from the ASL fMRI
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Fig. 1. The flowchart of our proposed method. 
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ata. Then, the penalty weight F ji for the connectivity between the

 -th ROI and the j -th ROI is given as follows ( Yu et al., 2016 ): 

 ji = e −
ρ2 

ji 
σ . (1) 

here ρ ji denotes the ASL-derived functional connectivity strength

etween the i -th ROI and the j -th ROI, and σ is the mean of all

ubjects’ standard variances for the connectivity strength (i.e., ρ ji ).

he ASL-derived functional connectivity matrix ρ is constructed

rom the ASL perfusion data by using the combination of an Ultra-

roupLASSO algorithm and an UOLS algorithm. Here, the Ultra-

roupLASSO algorithm is composed of a group LASSO algorithm

 Wee et al., 2014 ) and the ULS criterion ( Li et al., 2017a ), while

he UOLS algorithm consists of the ULS criterion and an OLS al-

orithm ( Guo et al., 2016 ). The detailed description for the Ultra-

roupLASSO algorithm and the UOLS algorithm is given in the next

ection. 

Accordingly, supposing that we have P ROIs and N subjects

i.e., P = 90 , N = 61 in the experiments), our proposed FW-LASSO,

hich is applied to represent functional interactions among multi-

le brain regions based on the high SNR BOLD signals, can be given
y: 

in 

αi 

1 

2 

∥∥∥∥∥x i −
P ∑ 

j � = i 
x j α ji 

∥∥∥∥∥

2 

2 

+ λ
P ∑ 

j � = i 
F ji 

∣∣α ji 

∣∣
1 
. (2) 

here F ∈ R 

P × P is the weight matrix, which is constructed from

he ASL data by using the functional connectivity information,

ith each element F ji being inversely proportional to the func-

ional connectivity strength between the j -th ROI and the i -th ROI,

i = [ α1 i , · · · , α ji , · · · , αPi ] denotes the coefficient vector that quan-

ifies the extent of the influence from other ROIs to the i -th ROI, x i 
s the BOLD fMRI time series reflecting integrated information of

hanges in CBF, CBV and oxygen consumption for the i -th ROI, and

is a regularization parameter used to controls the sparsity of the

onnectivity matrix. In particular, different λ values correspond to

ifferent sparse model solutions, with a larger λ value indicating

 sparser connectivity network. Additionally, Eq. (2) is similar in

oncept, but not identical, to the adaptive LASSO, since the weight

 ji in Eq. (2) is from the ASL-derived functional connectivity, in-

tead of learning from the dataset. Hence, the FW-LASSO estimates
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Fig. 2. Illustration of the procedure for constructing multimodal hyper-networks. 

 

 

w  

·  

p

 

w  
in Eq. (2) can also be solved by the least angle regress (LARS) al-

gorithm ( Efron et al., 2004 ) as follows: 

min 

α′ 
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∥∥∥∥∥x i −
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′ 
ji 

∥∥∥∥∥
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+ λ
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∣∣α′ 
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∣∣
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(3)
here α
′ 
ji 

= F ji α ji ( F ji > 0 ) , x ′ 
ji 

= x ji / F ji and α′ 
i 
= [ α

′ 
1 i 

, · · · , α
′ 
ji 
,

· · , α
′ 
Pi 

] . Eq. (3) is a standard l 1 -norm regularized optimization

roblem. 

For investigating the interactions among different brain regions,

e use the FW-LASSO to construct a multimodal hyper-network for
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ach subject, with each ROI as a node. Let V and E be the vertex set

nd the hyper-edge set of a hyper-network G , respecrtively. Then,

or each subject with P ROIs, a hyper-network G = ( V, E ) with P

ertices can be constructed, where each of its vertices represents

n ROI. Specifically, a hype-edge e i is constructed by linking the

entroid ROI (i.e., i -th ROI) to other ROIs with the corresponding

on-zero elements in the coefficient vector αi in Eq. (2) . Further-

ore, following the work in ( Jie et al., 2016 ), to capture multi-level

nteractions among ROIs, we employ multiple λ values in the FW-

ASSO method for generating a group of sub-networks for each

ubject. 

.2.2. Construction of the ASL-derived connectivity strength matrix ρ
During the construction of multimodal hyper-networks, the

SL-derived connectivity strength matrix ρ plays an important

ole in the fusion of complementary information from ASL fMRI

nd BOLD fMRI. In order to obtain the ASL-derived connectiv-

ty strength matrix ρ, two necessary steps are implemented: 1)

he topology detection of the connectivity networks via an Ultra-

roupLASSO algorithm, by incorporating the ultra-least squares

ULS) algorithm with the group LASSO (GroupLASSO) algorithm; 2)

stimation of connectivity strength based on the detected network

opology via an ultra-orthogonal least squares (UOLS) algorithm. In

articular, we further extract the dependent relation of the asso-

iated weak derivatives between the fMRI time series of a region

air, using the ULS criterion in both the Ultra-GroupLASSO algo-

ithm and the UOLS algorithm to avoid the overfitting problem

hat is commonly encountered in the conventional least squares

riterion ( Li et al., 2017a ). Additionally, it is worth noting that the

rst step is crucial since the Ultra-GroupLASSO algorithm can filter

ut insignificant or spurious connections for the subsequent esti-

ation of the connectivity strength in the second step. In the fol-

owing subsection, we provided a detailed description to demon-

trate how the ASL-derived connectivity matrix ρ is obtained from

he ASL fMRI data. 

An Ultra-GroupLASSO algorithm is proposed to detect the topol-

gy structure of ASL-derived functional networks as below: 

f 
(
θi 

)
= 

N ∑ 

n =1 

∥∥ψ 

n 
i −A 

n 
i θ

n 
i 

∥∥2 

2 
+ 

N ∑ 

n =1 

L ∑ 

l=1 

∥∥D 

l ψ 

n 
i − D 

l A 

n 
i θ

n 
i 

∥∥2 

2 
+ � 

∥∥θi 

∥∥
2 , 1 

. 

(4) 

here ψ 

n 
i 

denotes the ASL fMRI time series of the i -th ROI

or the n -th subject, A 

n 
i 

= [ ψ 

n 
1 
, . . . , ψ 

n 
i −1 

, ψ 

n 
i +1 

, . . . , ψ 

n 
P 

] denotes a

atrix including all ROIs time series except the i -th ROI, θi =
 θ1 

i 
, . . . , θn −1 

i 
, θn +1 

i 
, . . . , θN 

i 
] indicates the coefficient matrix, θn 

i 
=

 θn 
1 i 

; . . . ; θn 
( i −1 ) i 

; θn 
( i +1 ) i 

; . . . ; θn 
Pi 

] is a coefficient vector roughly

howing the impact of other brain regions on the i -th ROI since

he Ultra-GroupLASSO is a biased estimation, ϖ> 0 is the regular-

zation parameter used to control the sparsity of the model, and

 θi ‖ 2, 1 is the summation of l 2 -norms of θn 
i 

, i.e., 
∑ 

i ‖ θn 
i 
‖ 2 . More-

ver, D 

l ψ 

n 
i 
(t) , where D 

l is the l -th order weak derivative, is defined

y ( Li et al., 2017a ): 

∫ 
 

0 , T ] 

ψ 

n 
i ( t ) D 

l ϕ ( t ) dt = ( −1 ) 
l ∫ 

[ 0 , T ] 

ϕ ( t ) D 

l ψ 

n 
i ( t ) dt. (5)

or all test function ϕ(t) ∈ C ∞ 

0 
( 0 , T ) which is smooth and compact

upport on [0, T ]. 

Although Ultra-GroupLASSO can accurately filter out insignifi-

ant or spurious connections, the non-zero estimated coefficients

annot be directly regarded as the connectivity strengths be-

ween brain regions since they are biased due to group-constrained

parse penalization. Hence, to obtain an unbiased estimate of the

onnectivity strength, the UOLS algorithm is used to estimate the

onnectivity strength between the ASL fMRI time series of two
rain regions ( Guo et al., 2016 ). ROIs with the corresponding non-

ero elements in the coefficient vector θn 
i 

in Eq. (4) are deemed

o be correlated to the i -th ROI. Supposing that Q ROIs have been

ound correlated to the i -th ROI, the ASL-derived functional con-

ectivity between the i -th ROI and the other Q ROIs can be esti-

ated by: 

f 
(
ρn 

i 

)
= 

∥∥ψ 

n 
i − �n 

i ρ
n 
i 

∥∥2 

2 
+ 

L ∑ 

l=1 

∥∥D 

l ψ 

n 
i − D 

l �n 
i ρ

n 
i 

∥∥2 

2 
. (6) 

here �n 
i 

= [ ψ 

n 
j 1 

, ψ 

n 
j 2 

, . . . , ψ 

n 
j Q 

]( i.e., j q � = i, q = 1 , 2 , · · · , Q ) is the

atrix including ASL fMRI time series of Q ROIs, and ρn 
i 

=
 ρn 

j 1 ,i 
;ρn 

j 2 ,i 
; . . . ;ρn 

j Q ,i 
] ( i.e., j q � = i, q = 1 , 2 , · · · , Q ) is the coeffi-

ient vector (i.e., the connectivity strength). Then, for the n -

h subject, the ASL-derived connectivity strength matrix is ρ =
 ρn 

1 
, · · · , ρn 

i 
, · · · , ρn 

P 
] . Detailed computational process for the

OLS algorithm is provided in Appendix A . 

.2.3. Feature extraction and selection 

Topological properties derived from a hyper-network provide

uantitative measures to effectively study the differences in terms

f brain functional organization between MCI and NC ( Jie et al.,

016 ). Thus, we extract three types of clustering coefficients from

he constructed multimodal hyper-networks as features for MCI

lassification. Given a multimodal hyper-network G = ( V, E ) , let

 ( v ) be the hyper-edges adjacent to the vertex v , i.e., M(v ) =
 e ∈ E : v ∈ e } , and let N ( v ) be the neighboring vertices to v , i.e.,

(v ) = { u ∈ V : ∃ e ∈ E, u, v ∈ e } . Accordingly, three different types

f clustering coefficients on vertex v can be computed as follows

 Jie et al., 2016 ): 

C C 

1 ( v ) = 

2 

∑ 

u,q ∈ N ( v ) I ( u, q, ¬ v ) 
| N ( v ) | ( | N ( v ) | − 1 ) 

. (7) 

C C 

2 ( v ) = 

2 

∑ 

u,q ∈ N ( v ) I 
′ ( u, q, v ) 

| N ( v ) | ( | N ( v ) | − 1 ) 
. (8) 

C C 

3 ( v ) = 

2 

∑ 

e ∈ M ( v ) ( | e | − 1 ) − | N ( v ) | 
| N ( v ) | ( | M ( v ) | − 1 ) 

. (9) 

here u, q, v ∈ V and e ∈ E , I( u, q, ¬ v ) = 1 if there exists e ∈ E such

hat u, q ∈ e but v �∈ e , and 0 otherwise. I ′ ( u, q, v ) = 1 if there ex-

sts e ∈ E such that u, q, v ∈ e , and 0 otherwise. Three types of clus-

ering coefficient features represent the topological properties of

he multimodal hyper-connectivity network from three different

erspectives. Specifically, the HCC 

1 denotes the number of neigh-

oring vertices that have connections not facilitated by vertex v .

n contrast, the HCC 

2 denotes the number of neighboring vertices

ith connections facilitated by vertex v , showing that these nodes

ay share some brain functions with each other and vertex v . The

CC 

3 denotes the amount of overlap among adjacent hyper-edges

f vertex v . 

Additionally, note that not all features extracted from the mul-

imodal hyper-networks are relevant to MCI pathology. Thus, in

rder to remove those irrelevant or redundant features, following

he work in ( Jie et al., 2016 ), we perform a manifold regularized

ulti-task feature selection (M2TFS) method to jointly select the

ost discriminative features. Let S c = [ s c 
1 
, · · · , s c n , · · · , s c 

N tr 
] T ∈ R N tr ×P 

e three sets of features from a total of N tr training subjects, and

 = [ y 1 , · · · , y n , · · · , y N tr 
] T ∈ R P be the response vector for those

 tr training subjects, where s c n = [ HC C 

c ( v i ) ] i =1: P ∈ R P is the vec-

or of clustering coefficient features from the n -th training sub-

ect on task c (in our case, each task represents feature learning

n one type of clustering coefficients), and y n be the class label

or the n -th training subject. Then, the M2TFS method is given by
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Fig. 3. The classification performance of different regularization parameters λ and 

ϖ. The abscissa denotes nine groups of different regularization parameter λ, where 

1 represents that λ value is [0.1], 2 denotes that λ value is [0.1, 0.2], and 3 denotes 

that λ value is [0.1, 0.2, 0.3], …, 9 represents that [0.1, 0.2, …, 0.9]. 
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Jie et al. (2016) : 

min 

Z 

1 

2 

C ∑ 

c=1 

‖ 

Y − S c z c ‖ 

2 
2 + β

C ∑ 

c=1 

( S c z c ) 
T 

D 

c ( S c z c ) + γ ‖ 

Z ‖ 2 , 1 . (10)

where D 

c = L c − W 

c is the combinatorial Laplacian matrix on

task c . W 

c is a matrix, which describes the similarity of sub-

jects on the c -th task, with each element defined as W 

c 
nm 

=
exp ( −‖ s c n − s c m 

‖ 2 /h ) . Here, h is a free parameter to be tuned em-

pirically. L c is a diagonal matrix with L c nn = 

∑ N tr 
m =1 

W 

c 
nm 

. Moreover,

Z = [ z 1 , z 2 , · · · , z C ] ∈ R P×C is a coefficient matrix with C as the total

number of tasks (i.e., C = 3 ), and ‖ Z‖ 2 , 1 = 

∑ P 
i =1 ‖ z i ‖ 2 is the group

sparsity regularizer that encourages features from different tasks to

be jointly selected, where z i is the i -th row vector of Z . In Eq. (10) ,

β and γ are the associated regularization coefficients. The values

of h , β and γ can be determined via an inner cross-validation on

the training subjects. 

2.2.4. Classification 

A multi-kernel SVM ( Li et al., 2015 ) technique is employed to

fuse three types of clustering coefficient features selected by the

M2TFS method for classification, which is given as follows: 

k ( f n , f m 

) = 

C ∑ 

c=1 

μc k c ( f c n , f 
c 
m 

) . (11)

where f c n is the selected features of the n -th subject from the c -

th task, k c ( f c n , f 
c 
m 

) denotes the linear kernel function on the c -th

task between the n -th and m -th subjects, and μc is a non-negative

weight coefficient with 

∑ C 
c=1 μ

c = 1 . In addition, we adopt a

coarse-grid search strategy via a cross-validation on the training

subjects to optimize μc . Once we obtain the optimal μc , the stan-

dard SVM can be performed for MCI classification. 

2.2.5. Implementation details 

In this work, a nested leave-one-out cross-validation (LOOCV)

scheme is implemented to evaluate the performance and general-

ization power of our proposed method. Specifically, in each cross-

validation, one subject is selected as a testing subject, the re-

maining subjects are used to train the classifier. Repeat the en-

tire process with each subject being left out once as a testing sub-

ject to estimate the classification performance. We employ LIBSVM

toolbox to implement the multi-kernel SVM classifier, and a grid

search is applied to determine the optimal weights μc for inte-

grating multiple kernels based on another LOOCV on the training

subjects within the range [0, 1] at a step size of 0.1. Besides, we

normalize each extracted feature from all training subjects, and

then the associated feature of testing data is normalized based

on the training data. It should be noted that the inner LOOCV on

the training data is used to optimize the parameters h, β and γ ,

which identify a set of the most discriminative features for MCI

classification, while the outer LOOCV is used to evaluate the gen-

eralizability of learning model. In addition, the optimal λ value in

Eq. (2) and the optimal ϖ value in Eq. (4) are determined via a grid

search. 

3. Experiments and results 

3.1. Classification performance 

As a common practice, the classification performance of our

proposed method is evaluated by measuring the classification ac-

curacy (ACC), sensitivity (SEN), specificity (SPE), and area under re-

ceiver operating characteristic (ROC) curve (AUC). Besides, the bal-

anced accuracy (BAC), which is defined as the arithmetic mean of
ensitivity and specificity, is computed to avoid the inflated per-

ormance on imbalanced datasets. To construct the optimal multi-

odal hyper-networks for MCI classification, the proposed method

mploys a grid search to find the optimal values of parameters λ
nd ϖ, where λ varies in 9 group values (i.e., [0.1], [0.1, 0.2], [0.1,

.2, 0.3], …, [0.1, 0.2, …, 0.9]) and ϖ varies in a specified range (i.e.,

0.0 01, 0.0 02, …, 0.0 09]). Fig. 3 gives the corresponding classifica-

ion results for partial parameters. The results show the best clas-

ification accuracy of 86.9% when using λ= [0.1, 0.2, …, 0.8] and

= 0.006. 

Our proposed method is first compared with the single-

odality-based methods and a multimodal-based comparing ap-

roach. The single-modal-based methods include the approach

hat employs the conventional LASSO to construct hyper-networks

nly from a single imaging modality (i.e., BOLD fMRI and ASL

MRI separately) (called LASSO-BOLD and LASSO-ASL, respectively),

nd the Ultra-GroupLASSO-ASL method that constructs hyper-

etworks only from ASL fMRI via the Ultra-GroupLASSO regression

lgorithm. The multimodal comparison methods include Ultra-

roupLASSO-ASL-constrained-BOLD, UOLS-ASL-constrained-BOLD,

nd BOLD-constrained-ASL. To demonstrate the superiority of us-

ng the combination of Ultra-GroupLASSO and UOLS algorithms

or the hyper-network construction and MCI classification, we

ompare our proposed method with the Ultra-GroupLASSO-ASL-

onstrained-BOLD and UOLS-ASL-constrained-BOLD methods. In

he Ultra-GroupLASSO-ASL-constrained-BOLD method, only the

ltra-GroupLASSO algorithm is used alone to estimate the ma-

rix ρ, while in the UOLS-ASL-constrained-BOLD method only the

OLS algorithm is used alone to estimate the matrix ρ. In order

o investigate the difference between the ASL fMRI constrained

yper-network and the BOLD fMRI constrained hyper-network, we

ompare the proposed method with the BOLD-constrained-ASL

ethod. The only difference between the two multimodal meth-

ds is that our proposed method uses the ASL fMRI functional

onnectivity to constrain the l 1 penalty in the BOLD fMRI-based

yper-networks, while the comparison method uses the BOLD fMRI

unctional connectivity to constrain the l 1 penalty in the ASL fMRI-

ased hyper-networks. Furthermore, we also compare the perfor-

ance of our proposed method with a recently proposed method

alled Weighted Sparse Group Representation (WSGR) ( Yu et al.,

017 ). This method integrates the functional connectivity strength,

roup structure, and sparsity in a unified framework for MCI clas-

ification. In all above comparison methods, we extract three types

f clustering coefficients (i.e., HCC 

1 , HCC 

2 and HCC 

3 ) from hyper-

etworks, and perform feature selection using the M2TFS method,



Y. Li, J. Liu and X. Gao et al. / Medical Image Analysis 52 (2019) 80–96 87 

Table 1 

Classification performances for all the comparison methods. 

Method ACC (%) AUC SEN (%) SPE (%) BAC (%) 

LASSO-ASL 65.6 0.68 53.6 75.8 64.7 

Ultra-GroupLASSO-ASL 73.8 0.76 71.4 75.8 73.6 

LASSO-BOLD 75.4 0.82 64.3 84.9 74.6 

UOLS-ASL-constrained-BOLD 70.5 0.78 64.3 75.8 70.0 

Ultra-GroupLASSO-ASL-constrained-BOLD 78.7 0.83 71.4 84.9 78.1 

BOLD-constrained-ASL 72.1 0.77 67.9 75.8 71.8 

WSGR 78.7 0.89 71.4 84.9 78.1 

Proposed 86.9 0.90 82.1 90.9 86.5 

LASSO-ASL: This single-modal-based method employs the conventional LASSO to construct hyper- 

networks from ASL fMRI; Ultra-GroupLASSO-ASL: This approach uses the Ultra-GroupLASSO al- 

gorithm to construct hyper-networks from ASL fMRI; LASSO-BOLD: This single-modal-based 

method employs the conventional LASSO to construct hyper-networks from BOLD fMRI; UOLS- 

ASL-constrained-BOLD: This multimodal-based method uses a weighted LASSO to construct the 

hyper-network based on BOLD fMRI data, l 1 penalty in the weighted LASSO is reweighted based 

on the ASL-derived functional connectivity information obtained by the UOLS algorithm; Ultra- 

GroupLASSO-ASL-constrained-BOLD: On the basis of the UOLS-ASL-constrained-BOLD method, re- 

place the UOLS algorithm with the Ultra-GroupLASSO algorithm; BOLD-constrained-ASL: The only 

difference with the proposed method is that this method uses the BOLD fMRI functional connec- 

tivity to constrain the l 1 penalty in the ASL fMRI-based hyper-networks. 

Fig. 4. ROC curves for all comparison methods. 
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ollowed by a multi-kernel SVM for classification. Table 1 gives the

lassification performance of all competing methods, while Fig. 4

raphically illustrates their ROC curves. 

As shown in Table 1 , our proposed method outperforms all

ompeting methods with a relatively large margin. Specifically, our

roposed method yields an accuracy of 86.9% while the second

est method yields only 78.7%, an 8.2% of improvement. Our pro-

osed method obtains an AUC of 0.90, indicating excellent diag-

ostic power. Furthermore, our proposed method performs sig-

ificantly better than all competing methods in all other perfor-

ance measures. Fig. 4 shows the ROC curves of all comparison

ethods. It can be observed that the proposed method achieves

he largest area under ROC curves, indicating its excellent diag-

ostic ability with respect to the changes of discrimination thre-

hold. 
.2. The most discriminative regions 

Besides achieving high classification performance, it is also im-

ortant to selected biologically meaningful features for classifica-

ion. We thus investigate the most discriminative features (cor-

esponding to ROIs) that are selected by our method. Since the

eatures selected in each LOOCV fold are different, we define the

eatures selected in all folds that contribute to the best classifi-

ation performance as the most discriminative features, and then

efer the corresponding regions as the most discriminative regions.

n order to evaluate the discriminative power of each discrimina-

ive feature, we perform the standard t -test between two groups,

.e., MCI group and NC group. Table 2 gives the most discrimina-

ive regions and their corresponding p -values, where regions with

heir p -values smaller than 0.05 are shown in bold text. Those
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Table 2 

List of the most discriminative regions selected during MCI classification. 

No. Regions p -value(HCC1) p -value(HCC2) p -value(HCC3) 

1 SFGdor.L 0.459 0.014 0.060 

2 SFGdor.R 0.008 0.839 0.971 

3 MFG.L 0.539 0.003 0.033 

4 IFGoperc.L 0.670 0.025 0.004 

5 ORBinf.R 0.972 0.308 0.508 

6 SMA.R 0.366 0.090 0.448 

7 OLF.R 0.269 0.654 0.073 

8 ORBsupmed.R 0.571 0.239 0.048 

9 REC.L 0.790 0.384 0.609 

10 INS.L 0.451 0.825 0.841 

11 HIP.R 0.019 0.027 0.294 

12 CAL.L 0.509 0.209 0.021 

13 SOG.R 0.114 0.192 0.164 

14 MOG.L 0.504 0.025 0.017 

15 MOG.R 0.575 0.056 0.048 

16 PoCG.R 0.965 0.100 0.029 

17 SPG.L 0.106 0.001 0.012 

18 SPG.R 0.963 0.756 0.209 

19 IPL.L 0.715 0.123 0.247 

20 ANG.L 0.049 0.465 0.685 

21 PCUN.L 0.288 0.099 0.068 

22 PCL.L 0.325 0.130 0.098 

23 CAU.L 0.031 0.103 0.007 

24 CAU.R 0.858 0.283 0.081 

25 PAL.L 0.343 0.113 0.024 

26 STG.R 0.306 0.100 0.137 

27 ITG.R 0.241 0.257 0.121 
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identified most discriminative regions include orbitofrontal cortex,

frontal gyri, rectus gyrus, temporal gyri, insula, hippocampus, pari-

etal gyrus, angular gyrus, precuneus, occipital gyri, caudate nu-

cleus, and paracentral lobule, which have been found to be asso-

ciated with MCI pathology in the previous studies ( Bokde et al.,

2006; Feng et al., 2012; Kim et al., 2010; Mascalchi et al., 2014;

Wee et al., 2016; Zhu et al., 2016 ). On the other hand, as shown

in Table 2 , most of the p -values of those selected most discrimina-

tive features are smaller than 0.05, indicating that those selected

features have good discriminative power. This also partly explains

why our proposed method shows an excellent classification perfor-

mance. 

The bold part indicates that the corresponding p -values are less

than 0.05. 

3.3. Analysis of connectivity on the most discriminative regions 

We further analyze the connectivity among brain regions to fur-

ther understand the pathology of MCI by computing the average

hyper-edges based on the selected regions for each group (i.e., MCI

group and NC group), as disruption of functional connectivity in

the brain network may suggest the aberrant of healthy brain func-

tions and activities. Specifically, we repeat the following steps to

construct hyper-edges of each group for each selected region listed

in Table 2 . First, we construct 90 hyper-edges (for the case of to-

tally 90 brain regions used in this paper) for each subject by using

Eq. (2) , in which λ is a fixed value and the penalty weight F ij is

decided by setting a fixed parameter ϖ in Eq. (4) . Then, for each

group, we compute the number of occurrence of each region in

the hyper-edges that share the same centroid node. Next, we cal-

culate the average degree of the hyper-edges for all subjects, which

is denoted as d . Finally, for each group, in the hyper-edges whose

centroid node belongs to the selected regions, top d regions with

the highest occurrence number are selected to construct the cor-

responding average hyper-edge. Here, we round d to the nearest

integer greater than or equal to d , since the degree of the av-

erage hyper-edges should be an integer. Fig. 5 graphically illus-

trates the average hyper-edges constructed on 8 selected regions
ith p-values smaller than 0.05 (as the centroid node of the av-

rage hyper-edges) between the MCI group and the NC group for

he fixed λ = 0 . 5 and ϖ= 0 . 006 . Here, λ = 0 . 5 and � = 0 . 006 are

he optimal parameters determined by a grid search for construct-

ng hyper-networks. Each average hyper-edge is shown in a sub-

gure with the red nodes denoting the centroid nodes and linked

o other nodes (i.e., the blue nodes). As shown in Fig. 5 , there are

bvious differences in terms of the hyper-network structure be-

ween the MCI group and the NC group. 

Additionally, a connectivity graph (CG) is induced from the con-

tructed hyper-networks to graphically analyze the connectivity

mong brain regions. Here, nodes in the CG represent brain regions

nd the connectivity weight between each pair of nodes in the CG

qual to the number of adjacent hyper-edges between each pair of

odes in the constructed hyper-network of each subject. Therefore,

arger connectivity weight between a pair of nodes indicates that

his pair of nodes involves more in hyper-edges. For each subject,

e construct a CG by the constructed hyper-network. Then, we

erform the standard two-sample t -test to evaluate the difference

f each connection in CG between NC and MCI groups. Connections

ith their p -value smaller than 0.05 are considered as the most

iscriminative connections and are shown in Fig. 6 . Fig. 6 (a) graph-

cally shows the p -values of all connections in the CG, and Fig. 6 (b)

hows the connections with p -value smaller than 0.05 (i.e., the p -

alues larger than 0.05 are set to 1). As shown in Fig. 6 (a) and (b),

ost of the connections are concentrated in some specific brain

egions, including frontal gyrus, amygdala, occipital gyrus, infe-

ior parietal gyri, precuneus, paracentral lobule, and temporal gyri.

able 3 provides the top 10 regions with the highest occurrence

requency. Note that the regions listed in Table 3 were identified to

e associated with MCI pathology ( Bozzali et al., 2006; Nobili et al.,

010; Wee et al., 2012b; Xu et al., 2007 ) and are partly overlapped

ith the regions selected in the classification (i.e., brain regions in

able 2 ), indicating the efficacy of our proposed method. 

.4. Subject consistency 

Since subjects within the same population should have simi-

ar brain connection structure, the subject consistency of the con-

tructed networks can be used as an indicator to estimate the ef-

cacy of the brain network construction method ( Varoquaux et al.,

010 ). Hence, the higher the subject consistency of the constructed

etworks, the better the network construction method is. To quan-

ify how similar the functional (hyper-)connectivity of subjects

rom the same group, we employ a commonly used metric, i.e.,

ice Similarity Coefficient (DSC), as defined as follows: 

SC = 

2 T P 

( 2 T P + F P + F N ) 
. (12)

here TP , FP , and FN are the true positive, false positive, and

alse negative, respectively. High DSC indicates high subject con-

istency in the brain connection structure. A high DSC in-

icates a high consistency of network topology among sub-

ects from the same population. We calculate the DSC value of

he hyper-networks constructed by our proposed method and

he DSC values of six comparison methods (i.e., LASSO-ASL,

ASSO-BOLD, UOLS-ASL-constrained-BOLD, Ultra-GroupLASSO-ASL-

onstrained-BOLD, BOLD-constrained-ASL, and WSGR). Fig. 7 shows

he DSC values of NC and MCI populations for the proposed

ethod and the comparison methods. 

There is no significant difference in terms of DSC values be-

ween MCI and NC populations for all methods. The DSC value

f our proposed method is higher than the DSC values of all

he competing methods, demonstrating that integrating ASL-fMRI

nd BOLD-fMRI data based on the Ultra-GroupLASSO-UOLS algo-

ithm and FW-LASSO algorithm increases subject consistency in
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Fig. 5. The average degree of hyper-edges for NC and MCI for 8 brain regions listed in Table 2 . Each sub-figure represents a hyper-edge between the corresponding brain 

region (indicated by the red node) and other nodes. The average degree of hyper-edges for a node is computed from the top d ROIs with the highest occurrence number 

among all subjects. 
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Fig. 6. Visualization of p -values on connections between regions. Colors denote the corresponding p -value. (a) The p -values on connections between regions. (b) The con- 

nections with the p -value less than 0.05. 

Table 3 

The top 10 regions with the highest occurrence frequency in the discriminative connections and 

their frequency of occurrence. 

No Regions Frequency of occurrence No Regions Frequency of occurrence 

1 IFGoperc.L 16 6 STG.L 11 

2 MOG.L 15 7 AMY.R 10 

3 ORBsup.R 13 8 CUN.L 10 

4 MFG.R 11 9 SMG.R 10 

5 ORBsupmed.R 11 10 PCUN.L 9 

Fig. 7. DSC values for the proposed method and the comparison methods. 
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the learned connection structure. Furthermore, the DSC values of

the ASL fMRI constrained multimodal methods (i.e. UOLS-ASL-

constrained-BOLD, Ultra-GroupLASSO-ASL-constrained-BOLD, and

the proposed method) is higher than the DSC value of BOLD fMRI

constrained multimodal method (i.e. BOLD-constrained-ASL), indi-

cating that the intra-group consistency of the hyper-network struc-

ture generated by using ASL fMRI as a constraint in the multimodal

integration process is higher than the case of using BOLD fMRI.

This is reasonable since the ASL fMRI, which measures cerebral

blood flow (CBF) by using arterial water as an endogenous tracer,

enjoys marked advantages in inter-subject consistency and reliabil-

ity relative to BOLD fMRI ( Weber et al., 2013 ). 

4. Discussion 

4.1. Significance of results 

As the basic step of brain network analysis, accurate construc-

tion of brain network enables a deeper understanding of the struc-
ural and functional organizations of the brain. Since different

odality characterizes the brain from different perspectives, some

tudies have been resorted to constructing multimodal brain net-

orks that can provide a more comprehensive characterization

f the brain. However, most of the existing multimodal network

odeling methods are solely based on the conventional pair-wise

orrelation networks, which only characterize the low-order in-

eractions between paired brain regions. We therefore propose a

ew method to construct the multimodal hyper-connectivity net-

ork for the brain disease diagnosis. In our method, the multi-

odal hyper-network is constructed based on BOLD fMRI and ASL

erfusion MRI using a newly derived FW-LASSO regression algo-

ithm, where the weights of the sparse penalty are obtained based

n the functional connectivity derived from ASL time series. Dif-

erent from the existing methods, our proposed method can not

nly characterize high-order interactions among multiple brain re-

ions, but also integrate the complementary information from dif-

erent modalities. The experimental results on a MCI dataset sug-
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Fig. 8. The classification performance with different combinations of β , γ and h values. 



92 Y. Li, J. Liu and X. Gao et al. / Medical Image Analysis 52 (2019) 80–96 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

s  

o  

t  

t  

w

4

 

i  

p  

a  

d  

s  

b  

l  

t  

r  

w  

s  

o  

p  

fi  

i  

p  

i  

c  

t  

t  

M  

h  

t  

a  

l  

r  

d  

c

4

 

d  

i  

i  

c  

s  

t  

w  

i  

2  

r  

f  

o  

m  

o  

s

 

r  

t  

l  

[  

t  

u  

γ  

T  

m  
gest that, compared to the existing pairwise connectivity-network-

based methods, our proposed method can significantly improve the

performance of brain disease classification. 

Through these results shown in Table 1 , we demonstrate the

superiority of our proposed method from three aspects. First,

the Ultra-GroupLASSO-ASL method outperforms the LASSO-ASL

method, implying the advantages of considering both the group

structure in the network and the derivative information of the fMRI

time series during the ASL-derived functional connectivity con-

struction. Second, all the classification performance of the Ultra-

GroupLASSO-ASL-constrained-BOLD method and the UOLS-ASL-

constrained-BOLD method are inferior to our proposed method,

demonstrating that the combination of the Ultra-GroupLASSO and

the UOLS algorithm can provide a more accurate representation

that eventually facilitates the MCI classification. This is reasonable

since the estimated coefficients based on Ultra-GroupLASSO algo-

rithm alone are biased as the result of group-constrained sparse

penalization, while only using the UOLS algorithm inevitably gen-

erates different network topologies for different subjects, which

may degrade the generalization performance of the classifiers.

Third, our proposed method significantly outperforms the BOLD-

constrained-ASL method in all performance measures, indicating

that the ASL fMRI constrained BOLD fMRI hyper-network performs

better than the BOLD fMRI constrained ASL fMRI hyper-network.

This can be interpreted as the ASL fMRI, which has higher inter-

subject consistency, can provide a more reliable constraint for the

hyper-network construction than BOLD fMRI. Moreover, the LASSO-

BOLD method outperforms the LASSO-ASL method, suggesting that

constructing hyper-networks based on BOLD fMRI can represent

functional interactions among multiple brain regions more pre-

cise than ASL fMRI in this paper. To further verify the effect of

the ASL-derived functional connectivity constraint on the hyper-

edges construction, we compare DSC of hyper-networks modeled

by our proposed method with that of the BOLD-fMRI method. DSC

of our proposed method is higher than that of the method without

the ASL-derived functional connectivity constraint (i.e., the LASSO-

BOLD method). This result suggests that the method with the ASL-

derived functional connectivity information can model the brain

functional connectivity with larger subject consistency. This re-

sult demonstrates the benefits of multimodal integration for hyper-

connectivity estimation and the effectiveness of employing the

ASL-derived functional connectivity information to constrain the

BOLD-fMRI-based hyper-network construction. Overall, these re-

sults complement each other and further indicate the efficacy of

our proposed method. 

In addition, our findings also suggest that the brain regions

identified by our proposed method are highly relevant to MCI

pathology as reported in previous studies, including orbitofrontal

cortex ( Khazaee et al., 2014 ), frontal gyri ( Bell-McGinty et al., 2005;

Liu et al., 2013; Zhang et al., 2015 ), rectus gyrus ( Fleisher et al.,

2009 ), temporal gyri ( Bokde et al., 2006 ), insula ( Fei et al., 2014 ),

hippocampus ( Bell-McGinty et al., 2005 ), parietal gyrus ( Bell-

McGinty et al., 2005; Bokde et al., 2006 ), angular gyrus ( Bokde

et al., 2006; Khazaee et al., 2014 ), precuneus ( Bozzali et al., 2006 ),

occipital gyri ( Nobili et al., 2010 ), caudate nucleus ( Khazaee et al.,

2014 ), and paracentral lobule ( Wang et al., 2012 ). On the other

hand, through analyzing the interaction of the selected brain re-

gions, we found that the hyper-network structure of the MCI group

is obviously different from that of the NC group. Alterations of

the hyper-network structure may indicate a disruption in the brain

functional organization in MCI patients. In particular, the pattern

of alteration in functional connectivity involving the hippocam-

pus may provide clues on the underpinnings of cognitive deficit

in MCI ( Schapiro et al., 2016 ). Further analysis on the connectiv-

ity of hyper-networks demonstrates that the significantly altered

connections observed in MCI patients are primarily located on the
pecific brain regions that are usually linked to AD and MCI pathol-

gy ( Yao et al., 2013 ). Moreover, we also find the increased func-

ional connectivity within each brain lobe and the decreased func-

ional connectivity between brain lobes in MCI patients, in line

ith other resting-state fMRI based AD study ( Wang et al., 2007 ). 

.2. Regularization parameters λ and ϖ in network construction 

In our proposed method, a group of multimodal hyper-networks

s constructed using the FW-LASSO defined in Eq. (2) , with multi-

le λ values (or sparsity level) to capture multi-level interactions

mong brain regions. Besides, in the Ultra-GroupLASSO algorithm

efined by Eq. (4) , the regularization parameter ϖ can control the

parsity of the ASL-derived connectivity network. The network will

e dense and susceptible to noise when a small ϖ is used, while a

arge ϖ will make the network have the relatively sparse connec-

ivity. Selecting the suitable value of ϖ can help to filter out spu-

ious connections in the ASL-derived functional connectivity net-

orks, thereby providing a reliable prior knowledge for the con-

truction of hyper-network using FW-LASSO regression algorithm

n BOLD fMRI data. As the parameters λ and ϖ have a great im-

act on the construction of multimodal hyper-network, the identi-

cation of suitable network model parameters is crucial for achiev-

ng a good classification performance. Thus, a grid search is em-

loyed to find the optimal values of parameters λ and ϖ. As shown

n Fig. 3 , the classification accuracy can be improved with the in-

rease of the number of λ values with fixed ϖ. This result suggests

hat the hyper-networks, which contain more multi-level interac-

ion information, reflect greater structural differences between the

CI group and the NC group, indicating the advantage of using

yper-networks with multiple sparsity levels. Also, Fig. 3 shows

hat, with a fixed λ value, the classification performance is largely

ffected by the change of ϖ value, suggesting the importance of se-

ecting the optimal ϖ value for final classification. Actually, this is

easonable since the parameter ϖ controls the sparsity of the ASL-

erived functional networks and hence the structure of the finally

onstructed hyper-networks. 

.3. Parameters h, β and γ in feature selection 

In this study, we perform a M2TFS method to select the most

iscriminative features, which includes two regularization items,

.e. a Laplacian regularization term and a group sparsity regular-

zer. The regularization parameters β and γ balance the relative

ontributions of the Laplacian regularization term and the group

parsity regularizer. The Laplacian regularization term preserves

he discriminative information of the data from each type of net-

ork topological features (i.e., HCC 1 , HCC 2 and HCC 3 ), and thus can

nduce more discriminative features for classification ( Jie et al.,

015 ). The group sparsity regularizer is used to eliminate the ir-

elevant and redundant features while encourage different types of

eatures of the same vertex to be jointly selected. A larger value

f γ leads to a less number of the selected features. In the M2TFS

ethod, h is a parameter controlling the magnitude of similarity

f subjects. A larger h value results in a larger similarity value of

ubjects. 

We perform a series of experiments to investigate how the pa-

ameters of M2TFS (i.e. β , γ and h ) jointly affect the classifica-

ion performance of our proposed method. Specifically, we calcu-

ate the classification accuracies with varied parameters (i.e., β =
 75 : 2 : 95 ] , γ = [ 6 . 5 : 0 . 1 : 7 . 5 ] , h = [ 20 : 2 : 38 ] ). Fig. 8 provides

he ACCs with respect to different combinations of β , γ and h val-

es. The classification accuracy changes smoothly with varied β ,

and h , demonstrating the robustness of the proposed framework.

he optimal classification performance (ACC = 86.9%) is achieved at

ultiple combinations of β , γ and h , including (79, 7.2, 24), (83,
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Fig. 9. The average ACCs for different parameters values, (a) β , (b) γ and (c) h . 
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Fig. 10. ICC values of three types of features with the different number of λ values. 
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.1, 28), (83, 7.2, 24), (85, 7.3, 24), (87, 7.2, 26), (89, 7.2, 22), (95,

.1, 20), indicating that the optimal performance is not achieved by

hance. We further calculate the average ACCs of each β , γ and

 value and the classification results are illustrated in Fig. 9 . The

verage ACCs of each β and h value are in the relatively narrow

ange of [78.9%, 79.9%] and [79.0%, 79.8%], respectively. This in-

icates that the classification performance is relatively stable with

espect to the change of β and h . Furthermore, the average ACC

f more than 82% can be achieved over a range of 0.71 ≤γ ≤ 0.73.

hen γ becomes too small or too large, the classification accuracy

ecreases. This is reasonable since γ controls the sparsity of the

eature selection process and determines the scale of the selected

eature subset for classification. When γ is too small, the irrele-

ant and redundant features may be reserved, thus deteriorating

he generalization performance of the classifier. Meanwhile, when

is too large, some discriminative features may be excluded, caus-

ng the loss of the critical classification information. 

.4. Test-retest reliability of features 

In this study, we assess the test-retest reliability of three types

f network topological features (i.e., HCC 

1 , HCC 

2 and HCC 

3 ) sep-

rately using the mean IntraClass Correlation Coefficient (ICC)

 Koo and Li, 2016 ). The ICC of each type of features is calcu-

ated when using the first half and second half of the BOLD

MRI time series. The experimental results demonstrate that all

he features used in our proposed method are able to achieve

arge ICC values (i.e., ICC of HC C 

1 = 0 . 73 ± 0 . 12 , ICC of HC C 

2 =
 . 81 ± 0 . 13 , and ICC of HC C 

3 = 0 . 83 ± 0 . 04 , respectively), indi-

ating excellent reliability of these features. Furthermore, we

lso calculate the ICC of these features from nine multimodal

yper-networks constructed with nine sets of λ values (i.e.,

 0 . 1 } , { 0 . 1 , 0 . 2 } , . . . , { 0 . 1 , 0 . 2 , . . . , 0 . 9 } ), respectively. The experi-

ental results shown in Fig. 10 indicate that (1) ICC value of HCC 

1 

ncreases with the number of λ values included and becomes rel-

tively stable when the number of λ values included is larger than

, (2) ICC values of HCC 

2 and HCC 

3 are relatively robust to the

umber of λ values. 

.5. Hyper-connectivity analysis 

The hyper-connectivity inferred using ASL fMRI data and BOLD

MRI data simultaneously measures the correlation of the cere-

ral blood flow (CBF) and the blood-oxygenation-level-dependent

BOLD) signals among multiple brain regions, providing a high-

rder characterization of the interactions within the whole-brain

etwork. As shown in Fig. 5 , there are some obvious differences

n terms of the hyper-connectivity between the MCI group and the

C group. For example, in Fig. 5 (e), the right hippocampus (HIP.R)
s connected to the left hippocampus (HIP.L) and right parahip-

ocampal gyrus (PHG.R) in MCI, while it is connected to the right

arahippocampal gyrus (PHG.R) and right amygdala (AMYG.L) in

C. This can be interpreted as the sub-network of HIP.R, PHG.R,

nd AMYG.L for the MCI patients is disrupted by the pathologi-

al attacks. The connection between the HIP.R and AMYG.L in this

ub-network is broken, while HIP.R is connected to the HIP.L for

ompensating the loss of network efficiency ( Jie et al., 2016 ). It

as been reported that AMYG plays a primary role in the process-

ng of memory, emotional responses and decision making. The vol-

me reduction of AMYG is considered as a very early manifesta-

ion of AD/MCI ( Striepens et al., 2010; Yao et al., 2014 ). Previous

orks also reported that the HIP is a key brain region for mem-

ry ( Yue et al., 2018 ). The atrophy in the HIP is believed to be an

arly biomarker of AD/MCI, implying that our findings are in line

ith the previous studies ( Pereira et al., 2016; McDonald and Mott,

017 ). 

Noted that all brain regions in this hyper-connectivity (i.e. HIP,

HG, and AMYG) belong to the limbic system, which supports

ome important functions including long-term memory, cognition,

ehavior and emotion ( Nishijo et al., 2018 ). The damage to the

tructure of the limbic system may be a clinical symptom of

D/MCI ( Li et al., 2016 ). Furthermore, the left and right superior

rontal gyri (dorsolateral) (SFGdor) are both centroid brain regions

n the abnormal hyper-connectivity displayed in Fig. 5 (SFGdor.L in

ig. 5 (a) and SFGdor.R in Fig. 5 (b)). Therefore, the SFGdor is prob-

bly an important brain area associated with AD/MCI pathology.
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However, further exploration is required in the future to better un-

derstand the role of the SFGdor in human cognitive function. 

4.6. Limitations of the proposed method 

Although the classification results of this study using the mul-

timodal hyper-networks are encouraging, there are four major

limitations. (1) Our proposed method ignores the influence of

structural connectivity information on the functional brain net-

work construction. A variety of neuroscience research studies have

reported that axonal fiber connections are the structural sub-

strates of functional interactions, and stronger structural connec-

tions among ROIs indicate higher functional interactions ( Honey

et al., 2009; Li et al., 2010; Zhu et al., 2012 ). As a future work,

we will introduce anatomical constraint during the construction

of multimodal hyper-network. (2) To obtain a reliable constraint

for the hyper-network construction, a time-consuming complex

method is employed to derive the functional connectivity informa-

tion from ASL fMRI in this paper. In the future work, we will em-

ploy a more efficient functional connectivity estimation algorithm

to construct the ASL-derived functional connectivity constraint. (3)

In our study, when the FW-LASSO is used for integrating differ-

ent neuroimaging modalities, there should be a certain prior re-

lationship between these neuroimaging modalities similar to the

relationship between BOLD fMRI and ASL fMRI. But this relation-

ship doesn’t exist between most neuroimaging modalities. Hence,

it will be interesting to explore the integration of neuroimaging

modalities other than ASL fMRI and BOLD fMRI and derive appro-

priate integration method that able to fully utilize the complemen-

tary information of multiple modalities. (4) We used a relatively

small number of subjects in the current study. Nevertheless, the

obtained results do provide evidence on the efficacy of the pro-

posed method for distinguishing MCI individuals from healthy el-

derly subjects. In the future, we will validate the effectiveness of

the proposed framework using a larger dataset. 

5. Conclusion 

In this paper, we propose a novel multimodal hyper-network

modeling method for brain disease diagnosis. The proposed mul-

timodal hyper-connectivity networks encode complementary infor-

mation conveyed by multiple modalities, and thus provide a more

comprehensive representation of the brain functional organization.

We demonstrate the superiority of our proposed method by apply-

ing it for MCI classification. For the purpose of integrating com-

plementary information from multiple modalities and high-order

interaction information among different brain regions, we employ

a novel FW-LASSO regression algorithm to construct multimodal

hyper-networks from BOLD fMRI and ASL fMRI. Our major method-

ological contribution is that, by introducing the ASL-derived func-

tional connectivity constraint, we can effectively examine the

BOLD-fMRI-based functional dependences of brain regions within

the brain hyper-network. In addition, in order to acquire the

ALS-derived functional connectivity constraint for the FW-LASSO

regression algorithm, the combination of Ultra-GroupLASSO and

UOLS algorithm is employed to extract the connectivity strength

between brain regions from the ALS fMRI data. Specifically, the

GroupLASSO regression algorithm achieves a better generalization

performance in the brain disease classification, since the group

constraint ensures that the network topology tends to be iden-

tical for all individuals while still preserving individual informa-

tion via different connectivity strength values. Moreover, both the

Ultra-GroupLASSO algorithm and the UOLS algorithm with the ULS

criterion overcome the overfitting problem, which is common in

the conventional least squares criterion, by further extracting the
ependent relation of the associated weak derivatives. The experi-

ental results on a MCI dataset suggest that our proposed method

an improve the classification performance of brain disease. 
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ppendix A 

The strength estimation of ASL-derived functional connectiv-

ty networks using UOLS 

01: Inputs : ASL fMRI time series of the i -th ROI ψ i and its correlated Q ROIs 

ψ j q = { 1 , 2 , · · · , Q } ; 
02: Output : Corr ( Corr is the i -th row of the ASL-derived functional 

connectivity networks) 

03: index = { 1 , 2 , · · · , Q } , Corr = zero( P, 1 ) 

04: T l 
ψ i 

(τ ) = 

T 0 + τ∫ 
τ

ψ i (t ) D l ϕ( t − τ ) dt 

05: ψ = ψ i ∪ { T l ψ i (τ ) | l = 1 , · · · , L, τ = 0 , 1 , · · · , T − T 0 } 
06: for all q ∈ index do 

07: T l 
ψ j q 

(τ ) = 

T 0 + τ∫ 
τ

ψ j q (t ) D l ϕ( t − τ ) dt 

08: ω q = ψ j q ∪ { T l ψ j q (τ ) | l = 1 , · · · , L, τ = 0 , 1 , · · · , T − T 0 } 
09: end for 

10: while index � = [] do 

11: for all q ∈ index do 

12: er r q = 

〈 ω q , ψ 〉 2 
〈 ω q , ω q 〉〈 ψ, ψ 〉 , where 〈 ω q , ψ 〉 is the inner product of vectors 

ω q and ψ
13: end for 

14: maxerr = 0 , k = 0 

15: for all q ∈ index do 

16: if er r q > maxer r then 

17: maxer r = er r q , k = q 

18: end if 

19: end for 

20: Cor r n k = maxer r , ind ex = ind ex \{ k } 
21: for all q ∈ index do 

22: ω q = ω q − 〈 ω q , ω k 〉 
〈 ω k , ω k 〉 ω k 

23: end for 

24: end while 
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