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Functional connectivity (FC) has become a leading method rfaesting-state functional
magnetic resonance imaging (rs-fMRI) analysis. Howevemhe majority of the previous
studies utilized pairwise, temporal synchronization-basd FC. Recently, high-order FC
(HOFC) methods were proposed with the idea of computing “caelation of correlations”
to capture high-level, more complex associations among thérain regions. There are two
types of HOFC. The rst type istopographical pro le similarity-based HOFQtHOFC) and
its variant,associated HOFC(@HOFC), for capturing different levels of HOFC. Instead of
measuring the similarity of the original rs-fMRI signals thithe traditional FC (low-order
FC, or LOFC), tHOFC measures the similarity of LOFC pro lesd., a set of LOFC values
between a region and all other regions) between each pair ofrhin regions. The second
type isdynamics-based HOFC(dHOFC) which de nes the quadruple relationship among
every four brain regions by rst calculating two pairwise dgamic LOFC “time series” and
then measuring their temporal synchronization (i.e., tengral correlation of the LOFC
uctuations, not the BOLD uctuations). Applications have shown the superiority of
HOFC in both disease biomarker detection and individualizkdiagnosis than LOFC.
However, no study has been carried out for the assessment ofetst-retest reliability of
different HOFC metrics. In this paper, we systematically eduate the reliability of the two
types of HOFC methods using test-retest rs-fMRI data from 2§12 females, age 24.48

2.55 years) young healthy adults with seven repeated scansvith intervalD 3-8 days).
We found that all HOFC metrics have satisfactory reliabiljitspeci cally (1) fair-to-good
for tHOFC and aHOFC, and (2) fair-to-moderate for dHOFC withelatively strong
connectivity strength. We further give an in-depth analysiof the biological meanings
of each HOFC metric and highlight their differences comparkto the LOFC from the
aspects of cross-level information exchanges, within-/bveen-network connectivity,
and modulatory connectivity. In addition, how the dynamic malysis parameter (i.e.,
sliding window length) affects dHOFC reliability is alsovastigated. Our study reveals
unique functional associations characterized by the HOFC airics. Guidance and
recommendations for future applications and clinical reserch using HOFC are provided.
This study has made a further step toward unveiling more comlpx human brain
connectome.
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INTRODUCTION and individualized classi cation based on the features ¢f al
the FCs.
Functional connectivity (FC), as originally proposed as the However, such a one-to-one pairwise FC calculation has a
temporal dependence between di erent spatially-distant brairwell-known limitation since it reveals only simple temporal
regions riston et al.,, 1993 has become the major method synchronization between two brain regionBigure 1A). With
to analyze resting-state functional magnetic resonancaging simple FC, the high-level relationship among the brain regio
(rs-fMRI) data @iswal et al., 2010; Fox and Greicius, 2010may not be fully captured. To address this issue, we have
Van Dijk et al., 2010; Friston, 2011; Yeo et al., 2011; Foproposed several metrics to capture high-level relationshiged
et al., 201p Except for the seed-based correlation that mainlyon “correlation's correlation,” namely high-order FC (HOFC
focuses on voxel-wise massive one-to-one FC, the mosthmong the brain regions. There are twmajor typesof HOFC.
adopted FC analysis strategy is pairwise correlation of regio The rst is calculated based on the topological architectafe
averaged rs-fMRI signals for each pairMfrain regions, often the complex brain FC networks. As shown Figure 1B by
resulting in anN N FC matrix that represents whole-brain extracting a regional one-to-all FC pro le that constituteset
functional connectome. Various post-processing methodstean of the FC strengths between one region to all other regiors, w
applied to these matrices to detect the potential connectivitgan characterize the FC topographical similarity for each phir
biomarkers for brain diseases, including mass-univadatdyses the brain regions by calculating a second round of correlati
that reveal group-level FC dierences, or pattern cognitionon these regional FC pro lesZhang H. et al., 2006 This

A Region b's tHOFC profile A

Region c's LOFC proﬁle_,-':

weak
aHOFC

Region b's LOFC profile

Region a's LOFC profile Region ¢'s LOFC profile

FIGURE 1 | The diagram for illustrating the hierarchical de nitions dfOFC (A), tHOFC (B), and aHOFC(C). The original version of tHOFC is illustrated in the subplot
(B), and its variant measuring inter-level interactions, nanigthe associated HOFC (aHOFC), is illustrated in the subpl¢C). For simplicity, only three regions of interest|
(regions a, b, and c) are used to demonstrate the LOFC and the ®IFC. For an illustration of the LOFC pro les of each region i(B), only ve other brain regions are
used (regions 1-5) to calculate the LOFC strength with regis a—c. For each region's tHOFC pro le, ve of the regions 1-5'sLOFC pro les are used for illustration,
each of which has 4-6 regions connected. Different line witis indicate different connectivity strengths. For each typ of connectivity metrics, we show both strong
and weak connectivity strengths. The black curves indicat¢he LOFC, the blue curves represent the tHOFC, and the red cues depict the aHOFC.

Frontiers in Neuroscience | www.frontiersin.org 2 August 2017 | Volume 11 | Article 439


http://www.frontiersin.org/Neuroscience
http://www.frontiersin.org
http://www.frontiersin.org/Neuroscience/archive

Zhang et al. High-Order FC Reliability

metric captures the high-level functional similaritiesveentwo a brief segment of the data to conduct LOFC analysis for
brain regions beyond the traditional temporal synchroniaat generating an instantaneous whole-brain LOFC network. By
based merely on the raw rs-fMRI signals. We have shown thatpoving the window segment forward, a set of “dynamic” whole-
with such a “correlation of correlations” strategy, this HO  brain LOFC is generated. For each pair of the brain regions,
metric reveals complementary information to the traditiona there is adynamic LOFC time series re ecting the time-
FC for biomarker detection for brain diseaséh@ng H. et al., varying LOFC; it can be further correlated with tlgnamic
2016. From then on, we call the traditional FC as low-orderLOFC time series from another pair of brain regions, thus
FC (LOFQ, and usdopographical pro le similarity-based HOFC measuring high-level, quadruple interactions among fouaibr
(tHOFQ to name this topographical similarity-based HOFCregions or two brain region pairsChen et al., 201§a We
method. If two regions have strong tHOFC, they have quitecall this as dynamics-based HOF@HOFQ, which can be
similar LOFC patterns to all the brain regions but they mayénav regarded as a “hyperlink” connecting two “hypernodes,” and
quite distinct rs-fMRI signals. Further comparison of tHOFC each of the hypernodes represent a regular link between two
between the mild cognitive impairment (MCI) and the healthy brain regions Figure 2). Since the dynamic LOFC may re ect
elderly groups has unveiled novel potential biomarkers folyea adaptive and state-related temporary functional architestthe
Alzheimer's diseases (AD) detectiodh@ng H. et al.,, 2006 dHOFC can measure the coherence of such processes, thus
Later on, a variant of tHOFC, named as “associated HOFCan reveal what LOFC cannot nd. In addition, as shown in
(aHOFQ, was also proposed for further assessment of th&igure 2 by calculating dHOFC on every quadruplet, we get
resemblance between the topographical pro le of LOFC and tha larger connectivity matrix of dHOFC compared with the
of the tHOFC Eigure 10, which indicates a modulation and small LOFC matrix. This indicates that we can use dHOFC
inter-level functional association between the low- andhii to further construct more complex brain functional networks
level functional organizations. aHOFC has demonstrated itwith more information introduced. This HOFC method has
better performance than LOFC and even the tHOFC in MClbeen successfully applied to early MCI detecti@nén et al.,
classi cation gZhang et al., 201)70f note, although both tHOFC 20163 and early AD detection@hen et al., 201§bas well as
and aHOFC measure high-level functional association, stils  prediction of overall survival time of patients with brain glas
the pairwise relationship characterized, similar to paipdi©FC.  (Liu et al., 201} all with signi cantly better accuracy than
Thesecondype of HOFC is based on a di erentinterpretation LOFC.
of the “correlations' correlation” and can measure more @bex Despite success in the abovementioned series of studies and
relationship than a pairwise one. Rather than using the wholéhe promising future of the HOFC applications, an essential
length of the rs-fMRI signals to obtaistatic LOFC, we use question of how reliable and reproducible of such high-level
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FIGURE 2 | The calculation of dHOFC. This schematic plot shows how dHOE is calculated and how the amount of information is increasgfrom LOFC network to
dHOFC network. Pairwise static LOFC only generates a 264 264 matrix, representing the static low-order brain functinal network. By performing the
sliding-window based dynamic LOFC (dLOFC) calculation faach pair of brain regions (i.e.i and |, and j and k, respectively), two dLOFC time series are generated.
A further correlation of these two time series produces dHOE among the four regionsi, I, j, and k. The information is geometrically increased in its amount, knen
using dHOFC matrix rather than LOFC to represent a brain netwk.
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FC metrics is still unanswered. Compared to the traditionaMATERIALS AND METHODS
LOFC with its test-retest reliability systematically assel, Data

which is fair-to-good when examined in both region¥wang . . )
et al., 201) and voxel-wise mannersSpehzad et al., 2009; We adopted a pupllc_ly available test-retest data (http:{/dx.d
Somandepalli et al., 20),%he state-of-the-art HOFC algorithms orgI/.18:I.15387(/jfcp_|ndldco.rkr)..?nu1(): as part of thel ngiorfl'_ﬁ?n

still lack comprehensive reliability assessment. Timeiuation Relia ||t_y alnd Repro hUCII ;]'ty (d ?RR)Z(JOdetzg"SO » ISId 15
of HOFC reliability is crucial for their broader applications dataset Includes 30 healthy adults (age —50 years old,
Only with adequate reliability, we can then expect the deigct females) with 10 repeated rs-fIMRI scans (seSS|or_1$) within 1
HOFC biomarkers, or the HOFC-based disease detection, to Bgonth. The 10-session rs-fMRI scans are essential for more

reproducible. Notably, the recent revisits of previously faso accurate reliability estimation because it cons_titqtgsqadee
biomarker detection studies have found that those biomerke samples aboththe group (# of repeated scarag)dindividual (#

could not be properly reproducedHprrigan et al., 201y of squects) levels; howeve.r, many previous test-retdabiiy
which has been ringing a warning bell to the eld and furthersu,Jdles only ,'“'SEd two sessmr&éng etal,, 20113),.ng5te on
increases the urgency of HOFC reliability study. In this paperth's datgset, intra-class correlation (ICC_) for test-retesiability _
we will systematically evaluate the test-retest relighdf both evaluation can be more accurately estimated based on multiple
topographical similarity-based HOFC (tHOFC and aHOI:C)repeated scans. Another advantage of this dataset is that the

and dynamics-based HOFC (dHOFC) at the single connectio?“'_hﬁIe p(re]nodf of data cpllecnon waz Eorgpldfe;ed W'_T_T]',n 1 ;nonth,th
level using repeated rs-fMRI scans. Note that good test-retefth €ach rs-fMRI session separated by 3—4 days. This reduees

reliability of HOFC will indicate that the estimated HOFC potential inference of other longitudinal factors to theiadlility

from a subject based on one rs-fMRI session can be Iargeyt'mzt'orlﬂsum az develo.%rlﬁnt, plast|0|ty,dettg. Thlsftsbuals_
replicated based on the data of the same subject but fro arredoutin accordance wi e recommendations of thet

another rs-fMRI session. In addition. if a method or metric cOMmittee of the Center for Cognition and Brain Disorders at
is proven to be test-retest reliable, 'its result could be morE"’ngZIR'O_u Normal Universi_ty. All subjects gave written i_"f“?‘d
robust to noise, thus can be more easily to be reproduceﬁonsent in accordance with the.DecIaratl_on of Helsinki. The
by other researchers. Another aim of this HOFC test-retes’?rom‘?(_)I was appr(_)ve(_j by the ethics committee of the Qentgr for
reliability study is to investigate the underlying neurolsigical Cognition and Brain Disorders at Hangzhou Normal University

meaning of the HOFC metrics according to the reliability The dgtal was acqhuiredl by _ahGIZ_MR750 3'3 fTesIaﬂ\l/\I/IRFTI
evaluation. Test-retest reliability and its di erence foredent scanner, including both a T1-weighted image (used for rs-

connections are informative to let us draw conclusions, eisilg registration) and an _rs-fMRI (echo-planar imaging, TRITE
on dierentiating the noise from the signal. For example,Z'OOO/SO_ ms, voxel sii23.4 3.4 _3'4 mrr_?’, shce_ ““mbe'[_’
previous studies found that the noise-related componentwaeti 43, matrix sizd (,54 64 64, 10min, 3,00 t'm? points). During
from independent component analysis (ICA) on the rS_ﬂlelrs.-fMRl, aI.I subjects stared aF a Xathn point on the screen
have lower test-retest reliability than that of the bioladiy without falling asleep. For detailed d_atamformatlon, peesfer
meaningful components representing brain functional netigor to the data release and CORR websites.
(Zuo et al., 201 Finally, as the HOFC is still a new concept to
the eld, a timely test-retest reliability assessment wibyide Data Preprocessing
guidelines to further studies to prevent from unreliableus The rs-fMRI preprocessing was carried out based on DPARSF
being misinterpreted. v2.3 (van and Zang, 20)@vith routine procedures following the
We hypothesize that all the HOFC metrics (tHOFC, aHOFC previous studiesNjao et al., 2015; Yu et al., 2011 includes:
and dHOFC) have at least fair test-retest reliability, vamieeans (1) removing the rst 5 time points, (2) slice timing correctip
the major pattern of the HOFC can be largely reproduced3) head motion correction, (4) unied segmentation of the
based on a repeated rs-fMRI scan, because these metrits-weighted image after it was aligned to the rs-fMRI data,
were proposed to re ect stable and biologically meaningfu(5) warping the rs-fMRI data based on the deformation eld
brain functional organizations that could thus be consiéte produced by the previous step to the Montreal Neurological
Di erent from tHOFC and aHOFC, dHOFC is based on Institute (MNI) standard space, (6) spatially smoothing with-a 6
dynamic LOFC which captures transient brain states. Althoug mm Full Width at Half Maximum (FWHM) isotropic Gaussian
such dynamic LOFC could be dierent at a dierent time kernel, (7) band-pass Itering (0.01-0.1 Hz), and 8) regmessi
(such as dierent rs-fMRI scans), we think that the secondout covariate signals including the rst- and second-order
round of correlations based on the dynamic LOFC time seriepolynomial functions, averaged signals from the white nratte
could produce stable dHOFC that may re ect higher-leveland cerebrospinal uid (CSF), as well as ffiéston 24parameter
brain functional organization (i.e., synchronized braitate head motion curves. Similar to our previous workshen et al.,
transition). Therefore, we also proposed that the dHOFC i2016), we did not conduct data scrubbing to remove the data
considerably test-retest reliable. As an important inuergs  with larger frame-wise head motion. Although this step could
factor, whether dierent parameter settings such as di erentfurther reduce head motion e ect to LOFC analysiver et al.,
sliding window lengths could aect the dHOFC reliability 2014, scrubbing itself will interrupt the temporal structure of
will be also investigated. Based on the reliability resultghe data and probably introduce artifacts into the dynamicR@©
practical guidelines and recommendations are provided foanalysis (dutchison et al., 20)3efore the dHOFC calculation.
future studies. Instead, we used a stringent head motion exclusion criterion
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That is, the subject with head motion larger than 1.5 mm orset of all brain regions), the tHOFRj&an be de ned as,
1.5 in anyrs-fMRI session was discarded. The rs-fMRI sessions

with too many ¢ 3) subjects discarded were not used for the P k LOFGc LOFG. LOFGy LOFG.
test-retest reliability estimation. Therefore, sessi#Bs#6, and tHOFG;jD g F 5 >
#10 were discarded. Only 7 rs-fMRI sessions and 25 subjects (13 "  LOFG, LOFG. 2 « LOFGy LOFG.

males, 12 females, age 24.48.55 years old, ranging from 20

to 30 years old) were nally chosen for the following analysisyherek 2 R, k 60, j. Before such correlation, all the LOFC values
We also calculated the percentage of the rs-fMRI frames witjere transformed ta-scores using Fishersto-z transformation
excessivex0.5) frame-wise displacement based on Power et algg satisfy the hypothesis of the second round of Pearson's
method (ower et al., 20)4or each subject and each session; algrrelation. Of note, self-connections of the two regionerev

the remained subjects have5% (i.e., 14) frames with excessivegyclyded, i.e., the LOFC pro le of each region is a 262-length
micro-head motion. In addition, we further test whether dat \ector (262D 264-2).

scrubbing will a ect the LOFC, tHOFC, and aHOFC estimation  The aHOFC is de ned further based on the topographical
by conducting the similar analysis based on the scrubbea, @&t pr les of the tHOFC. It measures the similarity between

we anticipated, the reliability did not change signi cantly the LOFCtopographical pro les and théHOFC topographical

pro les. Each brain region, when viewed from di erent levels,
LOFC: Temporal Synchronization of could interact with all other regions in both low-level (i.eOFC)
rs-fMRI Signals and high-level (i.e., HOFC) manners. The aHOFC focuses on

We rst calculate the traditional FC (i.e., LOFC) based onsuchamodulatory association between the two levels. Duhieg

the pair-wise temporal correlation of the preprocessed rs-fMRRHOFC calculation, both LOFC and tHOFC pro les were rst
Lettingx; .t/ andx; .t/ represent the rs-fMRI signals for two brain Similar to the calculation of tHOFC. Similarly, we ut¢OFG.

regionsi andj at time pointt (t D 1, ...,T), the LOFG can be to represent the tHOFC pro le for regiom, where HOF¢ D
de ned as HOFGyjk2 rkeo - The Pearson's correlation between any

tHOFC; and any LOFCde nes aHOFG:

P
LOFG D o1-Xi -t XXt X aHOFG D
K= 9p
Loxitlh w2 L% %2 | tHOFCy HOFC,_ LOFG. LOFG.
4 LE=

| d —— 2 F —_— 2
. tHOFGy tHOFG « LOFG, LOFG,

whereX; is the mean of the rs-fMRI signals at regionA 264-

region brain atlasifower et al., 20)3vas used to parcellate the yherek 2 Rk 6Di,j. The motivation of aHOFC is that,

brain; each region of interest (ROI) was represented by a sphefge think there are not only low-level and high-level FCs
with 5-mm radius. The mean rs-fMRI signals from each ROliy the brain, but also inter-level interactions between IQOF

were extracted. LOFC matrix with the size of 264264 was  and tHOFC connecting the two levels of FCs, similar to the
calculated for each subject for each session, which ses@d acommon observations in many other biological networks, e.g
baseline for comparison with the topographical similaritysbé  pjerarchical organization and self-resemblance acrostipies

HOFC methods (tHOFC/aHOFC). spatial scalesquimera et al., 2003 Supposing that, in the
human brain, the LOFC may collect and process information

tHOFC/aHOFC: Similarity of Topographical and the tHOFC may abstract information via the hierarchy

Connectivity Pro les (i.e., correlation's correlation), the possible functioof such

tHOFC and aHOFC calculations are straightforward withoutinter-level connections could be (1) to facilitate the two
free parameters to be estimated, both of which characteriz8vels of information talking to each other, (2) to let the
the relationship between two brain regions. However, theyow-level information guide high-level abstraction, and) (3
characterize dierent pairwise relationship from that of the to change the way of low-level information collection for a
LOFC due to the dierence in the input “signals’ (for LOFC better high-level information integration. In addition,rdm
calculation, the input signals are the rs-fMRI time series; fat ~ robust system point of view, a network or complex biological
tHOFC, they are regional LOFC pro le). Di erent input signals System could be less fragile and more resilient to the tadgete
may cause prominent di erence between LOFC and tHOFC (o,pathological attacks if it has inter-level connections. mgkirain
aHOFC) between the same two brain regions. In fact, we hawsychophysiological interaction modeling as an example, high-
found that two brain regions with little temporal synchroaiton  level preset of a psychological status (e.g., attention)levey

(indicating weak LOFC) have highly similar topographical I@F change sensory information collection, processing, anthegis.
pro les (suggesting strong tHOFC). All the evidence together suggests the existence of suchtem in

Speci cally, tHOFC was calculated by column-wiselevel connection. We have applied the aHOFC to early detection
correlation for each pair of the columns (with each columnof AD; compared with LOFC, using aHOFC as features not only
representing the LOFC pro le of each brain region) from the 264improved the classi cation accuracylfang et al., 20Q)7but

264 LOFC matrix. Letting LOFRGepresents the LOFC pro le also identi ed di erent discriminative features as poteritidD
for regioni, and LOFG D LOFGyjx2 rkep (WhereR s the biomarkers.
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Of note, by de nition,tHOFG and LOFG could be di erent, for each pair of the brain regions was rst calculated using
and thus it is also possible to calculate “self-associateElO a widely adopted sliding-window strategy (i.e., with window
or aHOFG:. Similarly,aHOFG is not necessary to equal to length! D 30 time points or 60 s, step sif2 1 time point
aHOFG. Di erent from the previous studyZhang et al., 2097~ ©F 2 s); then two dynamic LOFC time series (involving four

where the nally obtained aHOFC matrices were converted td€9ions) were correlated using Pearson's correlation taipce

; ; P .. dHOFC between one region pair to another region pair. Letting
be symmetric by adding each subjects dHOFC matrix with I'[SSLOFC. / represent the dynamic LOFC strength within a brief

transpose and dividing the result by two, we did not forcetime window from to C | 1. and the dLOEC time series

the aHOFC matrices derived in this study to be symmetrigyetyeen regionand| can be characterized based on
as our purpose was to assess the aHOFC's reliability rather

than to construct undirected aHOFC networks and make P a1 xitl x x.tl X

certain neurobiological conclusions. However, to makerttean dLOFG,. / D ¢ P . !

connectivity matrices comparable among LOFC, tHOFC and Pcra %t X 2P ¢ tl X
. . . tD 1. i tD |- |

aHOFC, we changed the diagonal values in the nally obtained _ _

aHOFC matrix to be zeros, i.e., in this study we did not D1, ::,T ! CUil2R 60

count for the self-associated HOFC. In the future, we should .

further use the directed aHOFC network with non-zero self-Wherex; represents the mean value of such a brief segment
associated HOFC as de ned by an asymmetric aHOFC matriRf the rs-fMRI signal starting from . Similarly, we can
and apply directed network analysis methods on the aHOFde ne the dLOFC time series between regiopsand k
network to reveal more informatiorfrigure 1summarize all the as dLOFG. / D1, :::,T ! Cljk2R,j6Dk. The
three pairwise FC metrics. See the rst three columns of thdurther Pearson's correlation between the two dLOFC tintéese
Table 1 for the summarized di erences among these three Fcde nes dHOFC between region pairs | andj -k based on,
metrics.

5 o S
51! dLOFG . / dLOFG dLOFG. / dLOFG

dHOFCﬂ’jk D¥r
T icC1 =2 Pt ¢ w2
o1~ dLOFG . / dLOFG b1~ dLOFGy. / dLOFGy
dHOEC: Correlation between Pairwise wheredLOFG, indicates the mean value of thdiLOFG time
LOFC D . series along the whole time. Based on the combination theory
ynamics a 264 264 LOFC matrix has 264 (264-1)/2D 34716

The calculation of dHOFC is quite di erent from that of the ~ . : - .
topographical similarity-based HOFC metrics (tHOFC/dHOF-C) unique region pairs, thus a complete d.H.OFC qetwork will h_ave
as the tHOFC/aHOFC measures static connectivity but JHOFG4716 34716 in size and over 600 million unique four-region
is calculated based on dynamic, time-varying LOFC pro lesCombinations. This will increase the amount of connectomic
As for the network topology, dHOFC also di ers from tHOFC information and may reveal novel information that cannot be
and aHOFC. As shown iffigure 2 and summarized in the rst discovered by LOFC/tHOFC/dHOFC. For more details, please
three columns ofable 1, for dHOFC calculation, dynamic LOFC see the previous papetfien et al., 201§a

TABLE 1 | Differences among LOFC and various HOFC metrics.

Input Output Test-retest reliability
LOFC BOLD signals Temporal synchronization, functional  Fair-to-good; nearly all connections have fair or better t@bility. Within-network
coherence connections have better reliability; high-level cognitivfunction-related
connections have better reliability.
tHOFC Regional LOFC topographical ~ To what extent two regions share Fair-to-good; similar to LOFC reliability, but with reduce reliability at
pro les similar LOFC topographical pro les within-network connections. Better reliability at intenretwork connections (esp.
between high-level cognition and primary regions).
aHOFC  Both regional LOFC and To what extent topographical LOFC Fair-to-good; similar to LOFC reliability, but with furthrereduced reliability at
regional tHOFC topographical modulates topographical tHOFC within-network connections. Better reliability at interetwork connections.
pro les
dHOFC  Dynamic, time varying LOFC Temporal synchronization of two Fewer connections have fair or better reliability. Strongv{thin-network and
time series between two brain time-varying LOFC time series among modulatory) connections have fair-to-moderate reliabiji. Between-network
regions four brain regions connections have poor reliability. Shorter window length wduces better
reliability.

BOLD, Blood-oxygen-level dependent; LOFC, low-order functional camectivity; tHOFC, topographical similarity-based high-order functional carectivity; aHOFC, associated HOFC;
dHOFC, dynamics-based HOFC.
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In the previous classi cation-orientated studies, to avoidfor investigation of the dHOFC in the primary functional
the curse of dimensionality, dHOFC matrix dimension wassystem; we also chose 17 ROIs from the fronto-parietal task
further reduced based on hierarchical clustering, whiahegates control network (FPN) and 15 from the salience network (SN)
relatively fewer clusters by grouping similarly co-varigshdmic  to investigate dHOFC in the high-level cognitive function-
LOFC time series together. By doing so, we can detect r@lated brain systems. Se@ure 3 and Table 2 for the details
few hundreds of the clusters and calculate dHOFC based ahe ROI de nitions. Therefore, we separately generated a
the clusters' centroidsCQhen et al., 2019aIn the current dHOFC matrix for the primary areas (with the size of 325
reliability study, it is not necessary to conduct such aterieg 325, where 32 26 25/2) and another dHOFC matrix
analysis because we are focusing only on the reliabilitthef t for two high-level functional areas (with the size of 496
dHOFC links, while clustering itself is irrelevant to such a496, where 496D 32 31/2, since there are totally 32
goal and will unnecessarily introduce an additional paranet high-level function-related ROIs, 3B 17 C 15). Of note,
(i.e., the total number of clusters) which could complicatethis is the rst paper to systemically investigate the possible
the current study. Therefore, in this paper, we chose a feweurobiological correlation of the dHOFC in the specic
ROIs from the total 264 of them to generate a relativelyfunctional systems.
smaller and more interpretable dHOFC network. Speci cally, Di erent window length could aect the
we chose 26 ROIs from the hand-associated sensorimotor areascuracy of dynamic LOFC H@tchison et al., 2013

TABLE 2 | ROI de nitions for dHOFC calculation.

# Orig # X y z Suggested system # Orig # X y z Suggested system
1 16 10 2 45 Sensorimotor Hand 1 186 47 10 33 Fronto-parietal Control
2 17 7 21 65 Sensorimotor Hand 2 187 41 6 33 Fronto-parietal Control
3 18 7 33 72 Sensorimotor Hand 3 188 42 38 21 Fronto-parietal Control
4 19 13 33 75 Sensorimotor Hand 4 189 38 43 15 Fronto-parietal Contrb
5 20 54 23 43 Sensorimotor Hand 5 190 49 42 45 Fronto-parietal Control
6 21 29 17 71 Sensorimotor Hand 6 191 28 58 48 Fronto-parietal Control
7 22 10 46 73 Sensorimotor Hand 7 192 44 53 47 Fronto-parietal Control
8 23 23 30 72 Sensorimotor Hand 8 193 32 14 56 Fronto-parietal Contro
9 24 40 19 54 Sensorimotor Hand 9 194 37 65 40 Fronto-parietal Control
10 25 29 39 59 Sensorimotor Hand 10 195 42 55 45 Fronto-parietal Control
11 26 50 20 42 Sensorimotor Hand 11 196 40 18 40 Fronto-parietal Contl
12 27 38 27 69 Sensorimotor Hand 12 197 34 55 4 Fronto-parietal Control
13 28 20 29 60 Sensorimotor Hand 13 198 42 45 2 Fronto-parietal Control
14 29 44 8 57 Sensorimotor Hand 14 199 33 53 44 Fronto-parietal Control
15 30 29 43 61 Sensorimotor Hand 15 200 43 49 2 Fronto-parietal Control
16 31 10 17 74 Sensorimotor Hand 16 201 42 25 30 Fronto-parietal Control
17 32 22 42 69 Sensorimotor Hand 17 202 3 26 44 Fronto-parietal Control
18 33 45 32 a7 Sensorimotor Hand 18 206 31 33 26 Salience Network
19 34 21 31 61 Sensorimotor Hand 19 207 48 22 10 Salience Network
20 35 13 17 75 Sensorimotor Hand 20 208 35 20 0 Salience Network
21 36 42 20 55 Sensorimotor Hand 21 209 36 22 3 Salience Network
22 37 38 15 69 Sensorimotor Hand 22 210 37 32 2 Salience Network
23 38 16 46 73 Sensorimotor Hand 23 211 34 16 8 Salience Network
24 39 2 28 60 Sensorimotor Hand 24 212 11 26 25 Salience Network
25 40 3 17 58 Sensorimotor Hand 25 213 1 15 44 Salience Network
26 41 38 17 45 Sensorimotor Hand 26 214 28 52 21 Salience Network

27 215 0 30 27 Salience Network

28 216 5 23 37 Salience Network

29 217 10 22 27 Salience Network

30 218 31 56 14 Salience Network

31 219 26 50 27 Salience Network

32 220 39 51 17 Salience Network

Orig #, Original ROI index in the 264 brain region atlas. X, y, z, cafinates of each ROI's center in the MNI space. Suggested system: the functi@h system suggested by the atlas. We
deleted 3 ROIs in the salience network, 8 ROIs in the fronto-parietal ctol network, and 3 hand sensorimotor ROIs since their belongingness to the ggested functional systems is
less replicable across different data sets as suggested bfower et al. (2013)
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FIGURE 3 | ROl locations for three functional networks used for dHOFCaiculation. The underlying brain image is the ICBM152 tempile. Left is right and right is left.

(Leonardi and Van De Ville, 2015; Zalesky and Breakspear)20Jgarts: between-subject lf) and within-subject (or inter-session
thus may further a ect dHOFC and its reliability. Therefore, variance, 2) sum of variance. The theoretical de nition of
we further examined the relationship between the windowCC is:

length and the test-retest reliability of the dHOFC withihet 5
hand sensorimotor areas. The above calculation was repeated ICCD — W
with di erent window length settings (i.e., 20, 40, and 50 &m b C &

points, corresponding to 40, 80, and 100 s, asOR s). Of

note, the window length of 20 and 30 time points are within thebUt the estimation of the ICC based on real samples can be

recommended range (30-60 s) from previous studiésigsky written by:
and Breakspear, 20),while the larger values (i.e., 80—100 s) are MS, MSy
also used in previous dynamic LOFC studiesgnardi and Van ICCD MSC k 1 MS,

De Ville, 2015.

In addition, according to the previous studies on dynamicwhere MS, is the mean square of between-subject sum of
LOFC, small correlation values from the dynamic analysidaou variance,MS,, is the mean square of within-subject sum of
probably be caused by random noisepnardi and Van De Ville, variance, and is the number of repeated rs-fMRI scans (here
2019, we think that the reliability of the dHOFC which has weakk D 7). ICC is conceptually positive between 0 (not reliable at all)
connectivity strength could also be mainly contributed lyise.  and 1 (perfectly consistent between repeated measurembuts),
To this end, we also used a dHOFC threshold of 0.36 as suggests estimation can be negative in a few cases. We put the negati
by Leonardi and Van De Ville (2015jo further Iter the ICC values to be zeros as always done by previous stutlies(
dHOFC matrix. If there is a signi cant modular structure afte et al., 2011a Based on the value of ICC, reliability is usually
thresholding, we may be able to draw a conclusion that, aigfio  categorized as poor (ICD 0-0.2), fair (0.2-0.4), moderate (0.4—
weak dHOFC may be driven by noise, the relatively stronged.6), substantially good (0.6—0.8), and excellen®.8) (Landis
dHOFC could be biologically meaningful. This is becausé iha and Koch, 1977; Chen etal., 2015
all dHOFC connections are dominated by noise, the thresbdld  We rst calculated ICC for LOFC, tHOFC and aHOFC, as
dHOFC matrix will have a somewhat random spatial patternthey are convenient to compare. We then calculate ICC for
rather than a structured one. Similar to the tHOFC and aHOFCdHOFC in both primary functional systems (hand sensorimotor
test-retest reliability was also calculated for the re&di strong  areas) and high-level cognition-related functional netkeFPN
dHOFC connectivities. and SN), to compare the dHOFC in these primary and high-level

. functional systems.
Intra-Class Correlation for Test-Retest
Reliability Evaluation RESULTS
To investigate test-retest reliability of all types of HOFC
connections, we utilized a commonly adopted index called Ic¢dHOFC and aHOFC Have
(Shrout and Fleiss, 19Y9CC is a method based on the one- Moderate-To-Good Test-Retest Reliability
way analysis of variance (ANOVA) which divides the total sumAs shown inFigure 4, the test-retest reliability of the tHOFC
of variance across subjects and repeated rs-fMRI scans into ta@generally fair-to-moderate, although slightly lower rihthat
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FIGURE 4 | ICC value for each connection of LOFC, tHOFC, and aHOFC. Therte rows show test-retest reliability, as assessed by ICC atazh connection, for
LOFC, tHOFC, and aHOFC, respectively. From left to right atee ICC matrix without thresholding, ICC matrix showing the aenectivities with moderate or better
reliability (thresholded by ICC- 0.4), and the ICC distribution for all connections. In the rigtof each row, the vertical red line indicates ICMD 0.2, above which are the
connectivities with acceptable (fair or better) relialiifi the percentage of the connection with fair, moderate, god and excellent reliability are also shown.

of the LOFC. The test-retest reliability of the aHOFC is $&mi tHOFC compared with LOFC are mainly located at the weak
to that of the tHOFC, with slightly fewer connections havinglinks that connect dierent systems. Specically, we found
fair-to-moderate ICC. These results indicate that the tHOF that such links connectigh-level cognition-relatedetwork
and aHOFC are still reliable metrics. An interesting nding (DMN, FPN, or SN) andprimary function-related network
that the overall pattern of the reliable connections are guit (sensorimotor or visual network). For example, as indicatgd b
consistent among the LOFC, tHOFC and dHOFC, all of whichwhite arrows inFigure 5C the tHOFC links between the DMN
show prominently better reliability for the connections hih  and the hand sensorimotor regions, as well as those between
default mode network (DMN), as well as those within the FPNthe SN and visual areas, show great (by 0.2) increase in their
and SN, respectively (see those major blocks in the main delgo ICC values. Notably, the group-averaged aHOFC matrix isaquit
and o -diagonal of theFigure 4). In addition, we also notice similar to that for LOFC and tHOFC, with the strong aHOFC
that the o -diagonal connections among the DMN, FPN, and SNlinks mainly located within modules, and the weak aHOFC &ink
have also high reliability. All these high-reliability awections, between modules (result not shown). Similarily, aHOFC shows
although a little bit weakened, still exist for tHOFC and dHO.  the similar result as the tHOFC for the links with increasé&d
values, where such increase and reduction in the ICC valies a
Links with Increased Re“abl“ty for tHOFC even more prominentiigure 6A).
and aHOFC, Compared with LOFC We further show the speci ¢ brain regions with prominent
In addition to the overall reduction of reliability for reliability increment by comparing aHOFC with LOFC. To do
tHOFC/aHOFC compared with LOFC, we further found this, for each brain region, we summarized the extent of ICC
interesting increased reliability for several tHOF&gure 5)and  increment across all the aHOFC connections to this regioth wi
aHOFC (igure 6) links. Di erent from the reduced reliability increased ICC. Di erent regions have various extent of kality
for mainly intra-network strong connections (s&égures 5A,B  increment (see the bar plot under the matrixEifjure 6A). Such
for the block pattern), the links with increased reliabililgy  di erences are further drawn irFigure 6B with di erent sizes
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FIGURE 5 | The test-retest reliability difference between tHOFC and@FC. For better understanding which functional system comibutes to such ICC increment, we
also show the group-averaged LOFC in(A) and the group-averaged tHOFC in(B) across all subjects and all rs-fMRI sessions. Nine functi@h systems are shown,
with higher intra-system connectivity and sparse inter-sstem connectivity. The tHOFC with increased reliabilit§C) are located mostly atinter-system links (as also
highlighted by white arrows). The functional systems with emy increased reliability are marked ifC) above the matrix and under the names of the functional system
The abbreviations of the functional systems are: mot (sensinotor), cing-oper (cingulo-opercular), aud (auditoryyis (visual), fpn (fronto-parietal task control network)
sn (salience network), sub (subcortical regions), att (&mtion-related networks including the dorsal and ventraltéentional systems).

-
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FIGURE 6 | The test-retest reliability differences between aHOFC andOFC. Subplot(A) shows the difference in ICC values between aHOFC and LOFC folla
connections, with the quantitative measurement of ICC gairof each brain region (i.e., the sum of ICC increment across ate connections to each region) shown as
a bar graph under the matrix. Such ICC increment is further vislized as the size of the node for all the brain regions in a &in surface(B). Different colors indicate
different functional systems.

of the nodes (with a bigger node indicating greater religbil Strong dHOFC in the Primary Functional

increment for its aHOFC links). The brain regions with the System Has Fair-To-Moderate Reliability
greatest reliability increment are mainly distributed hethigh-  The group-averaged dHOFC within 26 hand sensorimotor ROIs
level Cognitive function-related areas, such as the meathal (One of the primary functional System) across all Subjectd an
lateral prefrontal cortices. all sessions is represented by a larger matrix, which shows a
Taken together, our results show that both tHOFC andsigni cant structure with spatial sparsityF{gure 7A). For all the
aHOFC have general moderate or better reliability, and tha825 324/2D 52650 dHOFC hyperconnections (by treating
the tHOFC and aHOFC indeed capture novel (mostly high-the 325 region pairs as hypernodes), their test-retest iiétiab
level cognition-related) information as indirectly re tsd by the is shown as an ICC matrix with the same dimension (325
higher reliability than LOFC. 325) in Figure 7B with its thresholded (ICC> 0.2) version
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or better (ICC> 0.2) test-retest reliability.

FIGURE 7 | Test-retest reliability of dynamics-based HOFC (dHOFC) the primary functional system(A) Averaged dHOFC matrix across all subjects and all imaging
sessions, showing the dHOFC strength for every possible higorder links; (B) ICC matrix, indicating test-retest reliability for all dHGF links; (C) dHOFC links with fair

(highlighting only the fairly or better reliable dHOFC) sho

in Figure 7C Although many dHOFC links have acceptable
reliability as indicated byFigure 7C speci ¢ amount of the
dHOFC links with ICC> 0.2 is only 11.63% of all possible
dHOFC links Figure 8A). We have noted that the dHOFC links
with higher reliability tend to be those with greater contieity
strength. If only counting for strong dHOFC (i.e., group nmea
dHOFC > 0.36), a half (49.5%) of such connections will have
acceptable reliabilityHigure 8B). Figure 9 shows the dHOFC
matrix from a randomly selected subject from each of the seve

rs-fMRI sessions. We can see that the overall individual dHOFC

spatial patterns are consistent across di erent rs-fMRI session
However, there are signi cant block structures in the group
averaged dHOFC matrixHigure 7A) but it is less prominent at
the individual-level Figure 9). This di erence could be due to
the relatively high individual variability in many dHOFOnks.
While the group average could retain individually consisten
dHOFC links, it also suppressed those with relatively higlrint
subject variability, thus creating such prominent blockusture

in the mean dHOFC matrix.

Strong dHOFC in the High-Level Functional

Systems Has Better Reliability

In addition to assessing the reliability for within-primary
functional system dHOFC, we also investigated the religtof
high-level cognition-related dHOFC by calculating the dRO

in the two typical high-order functional systems, i.e., tiRNFand
SN.Figure 10Ashows the group-averaged dHOFC in these high-
level systems, whikigure 10Bshows their reliability. Since there
are two functional systems involved, the dHOFC can be divide
into three main types (sefeigure 10Cand also the summary in

Figure 11) based on the functional system belongingness of the

four brain regions that constitute a dHOFC hyperlink:
Within-network dHOFCFor each dHOFC consisting of four

two intra-FPN ROIs. In this case, both hypernodes are intra-
FPN, thus we call this type of dHOFC linksithin-FPN
dHOFC. Similarly, we can de neithin-SNdHOFC between
two hypernodes that both constitute intra-SN ROIs. This
type of the dHOFC characterizes within-network high-order
relationship, which has moderate connectivity strength and
acceptable reliability (see the rst two big blocks in the mai
diagonal of the matrices iRigure 10).

Between-network dHOFChis type of dHOFC characterizes
the high-order relationship between two intra-network
links (or hypernodes) which belong to di erent functional
networks. For example, a hypernode that connects two FPN
ROIs has dHOFC with another hypernode that connects two
SN ROlIs (i.e., an “intraFPN-to-intraSN” hyperlink). This type
of the dHOFC measures high-order functional association
between two functional systems. Interestingly, such dHOFC
are mostly weak in the connectivity strength and have overal
poor reliability Figures 10B,J.

Modulatory dHOFCThis is a new type of connectivity that
has not been de ned in the previous studies. It contains
two hypernodes, at least one of which contains an inter-
network link. This type of the dHOFC constitutes the most
part of the dHOFC matrix. There are two subtypes for
the modulatory dHOFC. The rst subtype consists of the
dHOFC between onater-networkhypernode and onéntra-
networkhypernode, e.g., the dHOFC between an intra-FPN
hypernode and an FPN-SN link. The second subtype is that
both of the hypernodes are the inter-network links. Both of
these two cases are able to characterize high-order furadtio
relationships manifesting as “one functional systeiwdulates
another.” Compared with the rst two types of the dHOFC,
the modulatory dHOFC show extensive connections (see the
third main block in the main diagonal oFigure 10A) and
acceptable reliabilityRigure 100.

ROIs, all ROIs belong to the same functional system. Fof\S shown inFigure 1Q the mean dHOFC strength matrix and
example, a link between two intra-FPN ROls (regarded athe dHOFC reliability matrices have highly similatructured
intra-FPN hypernode) has dHOFC with another link betweenand blockedpatterns. Please note that we did not re-arrange
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FIGURE 8 | Distribution of test-retest reliability (ICC values) forerdHOFC links.(A,B) Results for the primary functional system(C,D) results for the high-level
functional systems.(A,C) show the distribution of the ICC values for all dHOFC links, vile (B,D) show the distribution of the ICC values for the relatively sing (i.e.,
mean dHOFC> 0.36) dHOFC links. We selected the hand sensorimotor areassaan example of the primary functional system, and selecteddth fronto-parietal task
control network and salience network as examples of the higthevel cognition-related functional systems. Again, theed line indicates the same ICC threshold of 0.2;
the bars on the right side of the red line are the numbers of dHBEC links with fair or better reliability.

FIGURE 9 | Individual dHOFC matrices for all 7 sessions. The dHOFC mateis for the hand sensorimotor network of a randomly selectedubject (#9) are plotted.

the columns and the rows of these matrices ip@st hoavay before calculating dHOFC and re-arranging the columns and
(e.g., based on module detection using the dHOFC strength)he rows of these matrices in an order of rstly intra-FPN, the
instead, we just grouped the same type of the hypernodestra-SN, and nally FPN-to-SN. Merely through this a priori
(three types: intra-FPN, intra-SN, and FPN-to-SN) togethelgrouping and rearranging could we reveal such an interesting
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FIGURE 10 | Test-retest reliability of dHOFC in the two high-level cogdtion-related functional systems. We selected the frontgarietal task control network and
salience network as examples of the high-level functionalystem. (A) Averaged dHOFC matrix;(B) ICC matrix for all dHOFC links(C) ICC matrix for the dHOFC links
with fair or better reliability (ICC 0.2). The order of dHOFC links in the matrices is rearrangedccaording to the types of the “hypernodes” (where a hypernode
represents a dynamic link between two brain regions). If theypernode consists of two brain regions that are both from thdronto-parietal task control network, we
call it“intraFPN” hypernode and re-order them into the rst 136 (136D 17  16/2) columns of the dHOFC matrix. We further re-group the 10%105D 15 14/2)
hypernodes which consist of two brain regions both from the alience network {(ntraSN) and put them after the intraFPN hypernodes. At last, we putlathe remaining
255 (255D 17  15) hypernodes (consisting of one region from FPN and the oér from SN, thus called inter-network’FPN-SN” hypernodes) after the intraSN
hypernodes. In this way, the dHOFC matrix is rearranged. Aceding to different types of hypernodes, there are also thredifferent types of (dHOFC) hyperlinks.
Among them, the “within-FPN” (with both hypernodes being intraFPN nodes) antwithin-SN” (with both hypernodes being intraSN nodes) are both indicaet by black
arrows; the between-network dHOFC hyperlinks (named heresa‘intraFPN-intraSN” with one hypernode from intraFPN and another from intraSN)re indicated by
the red arrows; and all the remaining dHOFC hyperlinks are naed as “modulatory” dHOFC (with at least one hypernode belonging to théFPN-SN” type) as
indicated by the green arrows.

systems show meaningful and visually detectable and sgstem
di erences in the test-retest reliability, which becomes rmo
prominent when only looking at the connections with fair
or better reliability Figure 10Q. That is, for between-
network dHOFC, their connectivity strength is weak, and
their connectivity reliability is also poor, while the other aw
types of the dHOFC have both greater strength and better
reliability. At the subject levelFigure 12 shows the dHOFC
matrices derived from all the seven rs-fMRI sessions of theesam
subject (subject #9), with a roughly stable pattern.

Compare with the dHOFC in the primary functional system,
those in the high-level functional systems hdetterreliability
for several (mainly the between-network and the modulafory
connections while lower reliability for several other (migi
within-network) connections Figure 8C). When only looking
at the strong and putative connections, dHOFCs in the high-
level system are more reliablBigure 8D), with more (66.4%)

FIGURE 11 | Three types of dHOFC and their overall connectivity strenigtand connections characterized as fairly reliable or better

reliability. dHOFGyithin-net is the within-network dHOFC, including within-FPN
and within-SN hyperlinks(A); dHOFGyetween-net is the between-network

dHOFC (including “intraFPN-intraSN” hyperlinkgB); dHOFCoqulate iS the =R R H H
modulatory dHOFC links(C) which can be further categorized into two cases S“dlng WIndOW Length Slgnl Cantly

(case 1: both of the two hypernodes belong to the'FPN-SN” type; case 2: Affects dHOFC Rellablllty

one of the two hypernodes belongs to the*FPN-SN” type while the other We further show how the length of sliding window (or the

belonging to eitherintraFPNor intraSNtype). window width), an important parameter for both dynamic LOFC
and dHOFC analyses, will a ect dHOFC reliability. The ICC
matrices based on di erent window lengths of 40, 80, and 100s

structured and block-like pattern for both dHOFC strengthdan are shown inFigure 13 Together with the main dHOFC ICC

reliability. result using a window length of 60 &igure 70, we, for the

Dierent from the dHOFC in the primary functional rst time, revealed that the setting of sliding-window lehg
system Figure 7), the dHOFC of the two high-level functional signi cantly a ected the dHOFC test-retest reliability. &ter
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FIGURE 12 | Individual dHOFC matrices of the same subject for all 7 sessis. The dHOFC matrices for the high-level cognition-relatenetworks (fronto-parietal task
control and salience networks) from a randomly selected sybct (#9) are plotted. Note this is the same subject for demastration the reliability of dHOFC within the
primary functional system inFigure 9. The parcellation of the dHOFC matrix is based on the differd types of the hypernodes (seeFigure 10).

FIGURE 13 | ICC of the dHOFC calculated based on different window lengthegtings (40s, 80s, and 100s in panelsA—C, respectively). The dHOFCs in the hand
sensorimotor areas (the primary functional system) are sho. The dHOFC links with ICC> 0.2 (fair reliability or better) are indicated in orange-tred colors.

window length generated better reliable dHOFC. Based on th@ynamic LOFC time series, and the overestimated LOFC cls&ange
ICC values, the window length of 40, 60, 80, and 100 producesay cause bias in the following dHOFC calculation.
77.3, 49.5, 30.3, and 18.9% fairly reliable (I€®.2) dHOFC
links among all the strong dHOFC link${gure 14. DISCUSSION

We still chose the window length setting of 60 s as the main
dHOFC result, because the previous comprehensive simulat€édeneral Discussion
experiments have shown that a too short window length settingn this paper, we assessed the test-retest reliability of all
may cause limited sample size in the calculation of dynamiexisting HOFC (high-order FC) metrics extracted from young
LOFC within each window and couldverestimatéhe dynamic  healthy adultsTable 1summarized all de nitions and potential
FC. In other words, with small window length, we may in ate biological meanings for all the HOFC metrics involved. We
the window-based LOFC estimations and increase the posgibil found that, in general, all the methods have acceptable test-
of type-I error in nding the signi cant dynamic FC. This will, retest reliability. Please also s@&able 1 for a summary of
in turn, compromise the dHOFC calculation because dHOFGll reliability assessment results, afigure 11 for specially
is based on the second round of the correlation analysis on theummarized connectivity strength and reliability chaeatstics

Frontiers in Neuroscience | www.frontiersin.org 14 August 2017 | Volume 11 | Article 439



Zhang et al. High-Order FC Reliability

estimation of the HOFC's test-retest reliability. We bedidhat
this novel test-retest reliability studies on such stat¢he-art
connectomic metrics could have instructive meanings talvar
understanding how the human brain is functionally orgamize

Why Focusing on HOFC's Test-Retest
Reliability?
Besides characterizing pair-wise temporal synchronizatdn
rs-fMRI BOLD signals and building such traditional LOFC brain
networks, researchers are also eager to look for the methods
that can capture more complex functional organization of the
human brain, i.e., HOFC. The HOFC may have more generalized
de nition, as long as it captures more complex functional
organization, e.g., hierarchical FC architecturé€si(es et al.,
2009, modularity/rich-club from deep analysis to the LOFC
networks {an den Heuvel and Sporns, 20Qllhypergraph
consisting of hypernodes and hyperlinks€ et al., 20)gcross-
modality associationHoney et al., 200%and context-sensitive
divergence lermundstad et al., 20)3but here we only focus
on the narrowly de ned HOFC metrics, which are the metrics
that have been explicitly proposed to be “high order” based
on “correlation's correlation.” Of note, a previous studystr
calculated dynamic local LOFC and then calculated regional
covariance of the regional dynamic local LOFC time series
(Deng et al., 2006 which is somewhat also based on the
correlation of correlations. We think that this method is neo
like the dHOFC, but still characterizing the pairwise relasbip
since the rst round of correlations are collapse into regabn
time series. Although this paper did not provide reliability or
reproducibility results, it did show a highly structured higevel
functional organization. Another recent work also calcatht
topographical LOFC pro les4hang J. et al., 20)@nd their
dynamics, but they further calculated the similarity amaragrh
brain region's topographical LOFC pro les across time to de ne
FIGURE 14 | ICC distributions for all strong dHOFC links with different indow a, Vanatlon_bafsed metlrlc for each bral,n regl,on,' Therefd)lne,y
length settings (40s, 80s and 100s in panelsA-C, respectively). The dHOFCs did not use inter-regional topographical similarity to de ne
in the hand sensorimotor areas (the primary functional sysmn) are used. The HOFC but rather using intra-regional time varying topograpai
strong dHOFC links are de ned as those having group-averagediHOFC > information to capture brain function. All these state-dfd-
0.36_. Th_e r_ed line in_dicates an IC_C t_h_reshold of 0.2 (thus, thaght side of this art studies have indicated that Characterizing high-ord&lin
red line indicates fair or better reliabilty). functional organization is the common research interest an
also a hot topic. Therefore, test-retest reliability on thesOFC
metrics is highly necessary.
for di erent types of the dHOFC links. The goal of presenting  Of all the studies which explicitly de ned or adopted HOFC,
such reliability analysis results is to obtain new knowketgsed the tHOFC characterizes similarity of the topographical LOFC
on the reliability analysis for better understanding thelbgical pro le between any two brain regions; theHOFC de nes a
meaning of di erent types of HOFC, deriving guidance for fuéur di erent pair-wise topographic pro le similarity which is actlig
HOFC studies, and accelerating wider clinical applicatiosiagr a cross-level (i.e., the modulation between the low-leval an
HOFC. the high-level FC organizations among brain regions) HOFC
To our best knowledge, there is no such reliability studpbef measurement; and theHOFCde nes an even more complex,
on the HOFC metrics. We note that there is a recent study.e., four region-based functional relationships by adogtin
investigating the reproducibility of dynamics LOFC-basedib  dynamic LOFC pro les, where the covariance of two LOFC
transient status detection across di erent data sétsr¢l et al., dynamic time series naturally re ect a modulatory interiact.
2016, which suggested that a few transient LOFC patterns arBased on the network belongingness of every four brain regio
reproducible; but this study didn't go further to analyze thgi ~ we have the opportunity texplicitly de ne di erent types of
order FC and its reproducibility. Here, we use a dedicatedsktt high-level modulation rather than jusihherently considering
with amply repeated scans and sample size to produce an accurateh high-level functional coherence like most of the engsti
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LOFC dynamics studies on brain “status.” In summary, all the
HOFC metrics are methodologically innovative and statehef-

art. Most importantly, these metrics may characterize di eren
aspects of biologically meaningful functional organizatio
architecture, which is systematically di erent from LOFQ |
order to further validate this argument, we need to assess th
reliability to add further support to this hypothesis.

Reasons and Factors That May Cause
Variation in HOFC Reliability

There are several factors that could cause the dierence in

reliability among the HOFC metrics. Next, we will discuss the
possible contributing factors that may lead to such di erenae
HOFC reliability, which include:

Various types of noise and artifagesg., cardiac pulsation
and head motion) in the rs-fMRI data may interfere LOFC
estimation Chang and Glover, 2009; Power et al., 20wich

to generate the “null model” of dHOFC and determine which
is signi cantly strong. Here, to make fair comparison among
di erent window lengths, we use the prede ned threshold of
dHOFC> 0.36 to identify strong dHOFC links. However, such
a rule does not apply to several LOFC, tHOFC and aHOFC
links, such as the connections among the DMN, FPN, and SN;
interestingly, their weak connectivities are astonishjrsgable
across repeated scans (5ggures 4-6).

The subject's varying statiecently, studies on brain LOFC
dynamics have revealed that the brain functional network is
not a static but a continuously changing systeru{chison

et al.,, 2013; Calhoun et al., 2014; Preti et al., in press
Decompositions to the LOFC spatiotemporal dynamics have
revealed a few instantaneous LOFC network patterns that
occur from time to time and switch to each other with certain
transformation probability, which may represent di erent
brain “statuses’Allen et al., 201)4 The occurrence frequency
and the dwelling time of the status may be substantially

often leads to overestimated LOFC due to the structured and di erent in dierent rs-fMRI sessions; moreover, several
spatially overspread noise. Since HOFC is calculated based onstatuses may not occur at all during a particular scanning

LOFC, the noise and artifacts can interfere HOFC as well,

although the e ect will be di erent for HOFC compared to
LOFC.
The complexity of the algorithrRirst, noise problem can be

exaggerated when there are more operations (“correlation's

correlation”) applied on the data. In other words, the noise-

induced error may propagate and increase by further steps

of correlation analysis. Similar substantial reliabifiégluction

has been witnessed in the previous reliability studies on the

graph-theoretic analysis-derived network properties frora th
LOFC network (Vang et al., 2001 Moreover, dHOFC has
several freely estimable parameters, one of which is thaglid
window length. From therigure 7C and Figures 13-14, we
can see that window length indeed a ects dHOFC reliability
(with the shorter window length leading to more reliable
dHOFC). Therefore, if using dHOFC to detect potential
disease biomarkers, we manot only have a risk in the
reliability reduction due to the computational complexityyt

session Abrol et al., 201p Such a variation could be larger

if the interval of the repeated scans is longer. Although
our test-retest data were acquired within a month, such
a period will still allow unneglectable changes in subjects
physical and mental conditions (e.g., drowsiness) to happen
and lead to di erences in status switching and their occuaen
frequency. Since HOFC is proposed to measure high-level
brain functional architecture, a small variation may stiket

its reliability. We think that dHOFC could be a ected more
because this metriper sas directly estimated on the basis of
dynamic analysis.

Head motion.Although we had stringently controlled head
motion e ect according to the strict data inclusion criteria
head motion can still be a source of the reduced reliability.
We believe that the head motion will have more e ect on
dHOFC estimation because sliding window-based analysis
uses fewer samples to conduct temporal correlation, such that
the robustness to the head motion-related artifacts coutghdr

alsohave to decide the optimal parameter setting. On the other This argument has been supported by both previous studies
hand, tHOFC and aHOFC do not have free parameters as long (Laumann et al., 20)6and the leftward shift of the ICC

as the region-averaged rs-fMRI signals are obtained.
The HOFC strength itse/n interesting nding for all types
of HOFC (and the LOFC previously) is that, generally,

histogram fromFigure 4to Figures 8A,C
Other unavoidable factgrsuch as the changing condition and
status of the MRI scanner, will likely to a ect the test-retest

connections with greater strength may be more reliable, and reliability.

vice versa. Such a phenomenon is more prominent for the
dHOFC. This may be because weaker connectivities are more,

likely to be a ected by the noise and artifacts. Of note, it isBiological Meaning of HOFC Indicated by

di cult to determine the threshold for weak/strong dHOFC as Reliability Assessment Result

the parametric testing, such as thtests tends to overestimate Based on reliability analysis, we may have a chance to réwsit
the “signi cant” dHOFC, i.e., even a small dHOFC could beunderlying biological meaning of the HOFC. Our result hasrfou
signi cantly large due to a large number of sliding windows major implications. First, we examined which HOFC links have
and the statistical dependence among nearby windows. Basealiability gain when comparing tHOFC (and aHOFC, with the

on the suggestion of previous dynamic FC studydnardi

similar result) and LOFC. We found that the links with better

and Van De Ville, 201f even a large dynamic FC could reliability than those of the LOFC are highbtructuredwith
be purely induced by noise. Thus, we use a relatively lardgghly speci edanatomical location. Most of them are the inter-

threshold to determine strong dHOFG (.36). In future, non-

network connectivities between the high-level and the priyna

parametric analysis, such as permutation test can also be uskohctional systemsHigure 5C). The primary systems are the
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sensorimotor and visual areas, while the high-level fr@l a brain region acting as a common driving source, so that
systems include the DMN, FPN and SN, which have a perfeeny dLOFC links sharing the same driving region had quite
agreement with so-called “triple networksViénon, 201). The  similar dynamic patterns along time. For example, the dHOFC
triple networks have been proposed to be responsible for higlremong dLOF@,, dLOFGg, ..., dLOFGR (which all share the
order cognitive functions, such as task control, attentisalf- region #1) are stronger than the dHOFC between dL@F&hd
awareness, etc. Meanwhile, many neurological and psyahiatidLOFCGs4 (because they share no region). This could indicate
diseases (such as AD and schizophrenia) have abnormalitiee organization architecture of the dHOFC in the sensoriorot
commonly located at such three networks. The incrementstfte system; that is, many strong dHOFC hypernodes (dLOFC links)
retest reliability for the tHOFC and aHOFC indicates thaeth share a common driving source from a single brain region and
tHOFC canmore reliablyestimate the connections between thethis can form a “star-shaped” local topological structureisTh
high-level and low-level brain networks. These results suppostar-shaped cluster could be the basic unit for high-levelrbr
the previous nding using the tHOFC, that is, the topographicalfunctional organization. Traditionally, it is impossible teveal
LOFC prole can suppress noise in several linksh¢ng H. such a high-level spatiotemporal organization architecture
et al.,, 201§ Because these “reliability enhanced” links are Fourth, in this study, we have included two high-level
mostly the weak connections, if the noise level is not fabiera functional systems (FPN and SN) for dHOFC analysis. The
these connectivities cannot be used for biomarker detactioreliability matrix has shown a structured and inherently
and disease classi cation due to the noise-induced rditgbi well-organized pattern Kigures 10B,Q, consistent with the
reduction. Our result suggests that tHOFC and aHOFC coulgattern of the dHOFC strengthHgure 10A). Based on the
be more suitable for such studies if these particular (algfou complexity of the dHOFC's de nition (involving four regionef
weak) connections are of interest. From another viewpoinig t characterizing a hyperlink of dHOFC), we have further sepatat
result indicates that tHOFC and aHOFC are able to model thelHOFC hyperlinks into thewithin-network between-network
feedforward and feedback functional relationships, whicaym and, completely newnodulatorytypes (containing hybrid inter-
re ect information exchange between the high-level and thenetwork connection(s) as hypernode(s); $égure 110. Note
primary areas. that, previously, there is no study on the third type of the
Second, after visualizing the extent of the reliabilitynglair  connections. We found that the between-network dHOFC,
each brain region, we found that the mostly bene ting nodeswhich consists of two intra-network hypernodes for each @& th
are the medial frontal regions in the DMN and the lateraltwo networks, respectively, are nearly zero (weak conneg}tion
frontal regions in the FPN and SNF{gure 6B), indicating the This result indicates that the two high-level functionasgms,
importance of these areas in such a cross-level informatioas shown by their respective nearlyncorrelated dynamic
exchange. Moreover, we, for the rst time, show that theseonnectivity proles, may work quiteindependently The
medial and lateral frontal regions could be functionallydartant  reliability of such type of dHOFC is also poor, meaning that
based on the reliability gain against LOFC. In the futuresuch weak high-order connectivities are prone to be a ected by
more e orts should be made on these putative but weak highnoise. However, the within-network dHOFC, similar to preng
order cross-level interactions between the triple netwoiks ndings for the within-network LOFC, is relatively strong
the primary functional areas. The importance of such a typ@and much more reliable than the between-network dHOFC
of HOFC links could be diminished if only traditional LOFC or LOFC. The most interesting nding is that thenodulatory
is used. Based on this nding, we have a further tentativalHOFC, especially when both hypernodes are inter-network
assumption that, for the neurodegenerative diseases, ssich @nnections (with the two ROIs of each hypernode belonging to
AD and the neurodevelopmental disorders, such as autisrtwo di erent functional systems), are also relatively stronighw
spectrum disorder, at the very beginning, the pathologicabetter reliability. This result indicates that the brainnfttional
attack (such as neuro brillary tangles and amyloid beta-jpt organization is not in a one-by-one or pairwise manner. The
deposition in AD) could rst occur at these frontal areastwo high-level functional networks mayot only interact with
(Braak and Braak, 1991At this early stage, there is usually each other via pairwise LOFCbut alsohave extensive and
no signi cant cognitive abnormalities for the patient®Ve deep modulatory relationship in a high-order way. Such a high
hypothesize that it is such high-order cross-level feedbdck order relationship can be further divided into two subtypes
feedforward connections that could be aected at this periogkigure 11Q, re ecting di erent modulatory interactions. In
and the high-level to primary information exchanges arlyltke this sense, the dHOFC may be able to model more complex
be already changedraditional LOFC is less reliable for such interactions among the brain networks that cannot be easily
connections, thus early detection is di cult and less sénsi. If  modeled using the traditional inter-network LOFC.
tHOFC, especially aHOFC, is used as connectivity-basedaeaetr  Finally, as shown byFigure 10A there are strong o -
we could have much larger chances to detect such early buesubtliagonal connections for the case 1 of the modulatory dHOFC,
changes. indicating that the two high-level cognitive function-rédal
Third, as shown inFigure 7A, the group-level dHOFC networks indeed communicate with each other more in a more
matrix in the hand sensorimotor system shows the prominentomplex manner than any LOFC can capture. However, when
modular structure (i.e., small blocks along the main diagjosf compared the connectivity strength of the similar o -diagdna
the dHOFC matrix). The dHOFC strength within modules is LOFC (i.e., the mean inter-network LOFC between the FPN
higher than that between modules. Further investigatioreaded and SN), for the strongest 50 connections, we found that
that the higher dHOFC in each of the block or module hadthe dHOFC values are signi cantlyp(< 0.0001) larger than
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LOFC (Figure 15. Moreover, such a type of the dHOFCs has
acceptable reliability. Therefore, we propose that the moduyat

dHOFC with each of the two hypernodes connecting with
both networks (seé&igure 11G case 1) can better characterize
inter-network functional association via complex high-orde
modulatory interactions. In the future, this type of dHOFC
could be speci cally selected as features to search for patent

dHOFC implementation should be careful due to its
lower reliability compared with that for static LOFC or
HOFC. However, within-network and modulatory dHOFC
or relatively strong dHOFC are still suciently reliable.
Future dHOFC studies should focus on these dHOFC
links.

Data processing parameters, such as sliding-window length

biomarkers of brain disease if inter-network connectivythe
main target.

Suggestions and Guideline to Future HOFC
Study

Based on the ndings on HOFC reliability, we give several
suggestions to future studies that focus on high-order

brain functional organization or its modulation by dierent

experimental states or diseases:

The tHOFC and aHOFC may have less reliability for within-
network connections than LOFC, but are still moderately

reliable. If interested in the within-network connectiyjtit's
better to use LOFC.

The tHOFC and aHOFC have higher reliability for the weak
between-network connections. If interested in such type of

should be carefully determined for dHOFC calculation. Too
small window length may be less robust to noise and may
lead to spuriously high “reliability.” A window length of 60s
is a recommended choice for robust dHOFC estimation with
adequate reliability.

For early diagnosis studies, in order to increase detection
sensitivity, it's better to choose a certain type of HOFC
to characterize the subtle connectivity abnormalitiesr Fo
example, weak connections might be more likely to be
a ected by the pathological attacks than strong connections;
all the HOFC metrics have satisfactory reliability for theak
connections.

While static LOFC does not have adequate sensitivity for
biomarker detection, modulatory dHOFC, especially the case
1, could be an alternative approach to estimate those deeply
inherent inter-network interactions.

connections, it's better to use tHOFC or aHOFC. The tHOFC
seems to haveoth acceptable reliability for within-network

connectivityand more reliable between-network connectivity. LIMITATIONS AND FUTURE WORKS

Due to such a trade-o , the tHOFC may be more suitable for
the exploratory whole-brain network analysis, including ot First, in this paper, we only focused on the reliability ases

within- and between-network connectivities.

of the connectivity strength without going further to assdke

The aHOFC is especially reliable for modeling high-levetejiapility of graph-theoretical analysis-based networtgerties,
feedback and feedforward relationship between the higktle \yhich we think deserves a dedicated research after more

cognition-related and the primary functional systems, Wi

suitable for studies on top-down or bottom-up connectivitie

FIGURE 15 | Comparison between inter-network LOFC and modulatory
dHOFC. The inter-network LOFC shown in the rst bar are the layest 50
LOFC links between fronto-parietal task control and salieze network. The
modulatory dHOFC shown in the second bar are the largest 50 dBFC links
for the third category of three different types of dHOFC (i.ewith both
hyper-nodes being the inter-network connections). Error &r shows the
standard deviation. Thep-value is derived from non-parametric group
difference test (Mann-Whitney test, two-tailed).

suitable complex network construction approach for the HOFC
is proposed. Second, this paper is dedicated to investigating
HOFC reliability, the further study on the biological rei@aship
(validity) between the HOFC strength and neurocognitive
measurements or disease states are not our main goal and will
be investigated in the future. Third, the test-retest taility with
varied inter-scan interval (especially the intra-sessidiabdity)

will better disentangle the mixed e ect of in uencing factoos

the HOFC reliability. This is especially important for the dHOF
because it is based on the dynamic LOFC which is theorsticall
expected to be uctuating. Although the dHOFC calculates the
coordination of the dynamic LOFC, making this HOFC metric
more like a measurement of “trait” than “state,” a dedicated
study on how the changing brain “state” may a ect the trait
characterization is highly required. Finally, due to thereased
dimensionality, we only calculate dHOFC for a few functibna
systems. In the future, the better algorithm needs to be predos
to overcome such a limitation and extend our understandiig o
the neurobiological meaning of the dHOFC in the whole-brain
level.

AUTHOR CONTRIBUTIONS

HZ, YZ, and XC analyzed the data. HZ drafted the manuscript.
DS conceived this work, led the project, and revised the paper.

Frontiers in Neuroscience | www.frontiersin.org

18

August 2017 | Volume 11 | Article 439



Zhang et al.

High-Order FC Reliability

FUNDING

ACKNOWLEDGMENTS

This work was supported in part by NIH grants (EBO06733We thank the distribution of the multi-session test-retestaset
EB008374, MH100217, MH108914, AGO041721, AGO04937denerously provided by Dr. Bing Chen and Dr. Xi-Nian Zuo,
AG042599, AG053867, EB022880, MH110274), and Nationahd the subjects who participated in the tedious ten-session
Natural Science Foundation of China (NSFC) Grant (61473190resting-state fMRI scans.

REFERENCES

from structural connectivity.Proc. Natl. Acad. Sci. U.S.A06, 2035-2040.
doi: 10.1073/pnas.0811168106

Abrol, A., Chaze, C., Damaraju, E., and Calhoun, V. D. (2016). “TheHorrigan, S. K., Courville, P., Sampey, D., Zhou, F., and Cai, St\2Réplication

chronnectome: Evaluating replicability of dynamic connectivityt@ats in

7500 resting fMRI datasets,” i@onference proceedings: Annual International

Conference of the IEEE Engineering in Medicine and Biologry$0rlando,
FL), 5571-5574.

Allen, E. A., Damaraju, E., Plis, S. M., Erhardt, E. B., Eicheleyd Calhoun, V. D.
(2014). Tracking whole-brain connectivity dynamics in the negtstate Cereb.
Cortex24, 663—-676. doi: 10.1093/cercor/bhs352

Biswal, B. B., Mennes, M., Zuo, X. N., Gohel, S., Kelly, C., Smih, 8tal. (2010).
Toward discovery science of human brain functi®moc. Natl. Acad. Sci. U.S.A.
107, 4734-4739. doi: 10.1073/pnas.0911855107

Braak, H., and Braak, E. (1991). Neuropathological stageing obAt&r-related
changesActa NeuropathoB2, 239-259. doi: 10.1007/BF00308809

Calhoun, V. D., Miller, R., Pearlson, G., and Adali, T. (2014). Thrernectome:
time-varying connectivity networks as the next frontier in fM&ita discovery.
Neuron84, 262—274. doi: 10.1016/j.neuron.2014.10.015

Chang, C., and Glover, G. H. (2009). E ects of model-based phygasb
noise correction on default mode network anti-correlations and cotiefe.
Neuroimagel 7, 1448-1459. doi: 10.1016/j.neuroimage.2009.05.012

Chen, B., Xu, T., Zhou, C., Wang, L., Yang, N., Wang, Z., et &15p
Individual variability and test-retest reliability revealed by teepeated
resting-state brain scans over one montRPLoS ONE 10:e0144963.
doi: 10.1371/journal.pone.0144963

Chen, X., Zhang, H., Gao, Y., Wee, C. Y., Li, G., and Shen, D6§20High-order
resting-state functional connectivity network for MCI clasation. Hum.
Brain Mapp.37, 3282—-3296. doi: 10.1002/hbm.23240

Chen, X., Zhang, H., and Shen, D. (2016Bhsemble Hierarchical High-Order
Functional Connectivity Network for MCI Classi catigxthens: MICCAI.

Cordes, D., Haughton, V., Carew, J. D., Arfanakis, K., and MéaawK.
(2002). Hierarchical clustering to measure connectivity in fMRétireg-

state dataMagn. Reson. Imaging0, 305-317. doi: 10.1016/S0730-725X(02)

00503-9

Deng, L., Sun, J., Cheng, L., and Tong, S. (2016). Charasteriinamic
local functional connectivity in the human brainSci. Rep.6:26976.
doi: 10.1038/srep26976

Fox, M. D., and Greicius, M. (2010). Clinical applications of resttate functional
connectivity Front. Syst. Neuroséi:19. doi: 10.3389/fnsys.2010.00019

Fox, M. D., Halko, M. A., Eldaief, M. C., and Pascual-Leone, ®123. Measuring
and manipulating brain connectivity with resting state functironnectivity
magnetic resonance imaging (fcMRI) and transcranial magnetmuétion
(TMS).Neuroimagé?2, 2232-2243. doi: 10.1016/j.neuroimage.2012.03.035

Friston, K. J. (2011). Functional and e ective connectivityeviewBrain Connect.
1, 13-36. doi: 10.1089/brain.2011.0008

Friston, K. J., Frith, C. D., Liddle, P. F., and Frackowiak, R1$93). Functional
connectivity: the principal-component analysis of large (PET) dsets.J.
Cereb. Blood Flow Metab3, 5-14. doi: 10.1038/jcbfm.1993.4

Guimera, R., Danon, L., Diaz-Guilera, A., Giralt, F., and Arenag2f03). Self-
similar community structure in a network of human interactiorghys. Rev. E
Stat. Nonlin. Soft Matter Phy88:065103. doi: 10.1103/PhysReVvE.68.065103

Hermundstad, A. M., Bassett, D. S., Brown, K. S., Amino, E. M., @tevD.,
Freeman, S., etal. (2013). Structural foundations of restirtg-atal task-based
functional connectivity in the human brairRProc. Natl. Acad. Sci. U.S.AL0,
6169-6174. doi: 10.1073/pnas.1219562110

Honey, C. J., Sporns, O., Cammoun, L., Gigandet, X., Thiran, J. Rili,Me
R., et al. (2009). Predicting human resting-state functionahneativity

study: melanoma genome sequencing reveals frequent PREX2 mutetidfies.
6:€21634. doi: 10.7554/eLife.21634

Hutchison, R. M., Womelsdorf, T., Allen, E. A., Bandettini, P. A.,
Calhoun, V. D., Corbetta, M., et al. (2013). Dynamic functional
connectivity: promise, issues, and interpretatioNeuroimage80, 360-378.
doi: 10.1016/j.neuroimage.2013.05.079

Jie, B., Wee, C. Y., Shen, D., and Zhang, D. (2016). Hyper-ctwite of
functional networks for brain disease diagnosited. Image Anal32, 84—100.
doi: 10.1016/j.media.2016.03.003

Landis, J. R., and Koch, G. G. (1977). The measurement of obsgrezment for
categorical datdBiometric83, 159-174. doi: 10.2307/2529310

Laumann, T. O., Snyder, A. Z., Mitra, A., Gordon, E. M., Gratton, &leyemo,
B., et al. (2016). On the stability of BOLD fMRI correlatioereb. Cortex.
doi: 10.1093/cercor/bhw265. [Epub ahead of print].

Leonardi, N., and Van De Ville, D. (2015). On spurious and real attans
of dynamic functional connectivity during reshNeuroimagel04, 430-436.
doi: 10.1016/j.neuroimage.2014.09.007

Liu, L., Zhang, H., Rekik, 1., Chen, X., Wang, Q., and Shen, D1 Outcome
Prediction for Patients with High-Grade Gliomas from Braimdfienal and
Structural NetworksAthens: MICCAI.

Mao, D., Ding, Z., Jia, W., Liao, W., Li, X., Huang, H., et al. (300&éw-frequency
uctuations of the resting brain: high magnitude does not ecfigh reliability.
PL0oS ONHO0:e0128117. doi: 10.1371/journal.pone.0128117

Menon, V. (2011). Large-scale brain networks and psychopathology
a unifying triple network model. Trends Cogn. Scil5, 483-506.
doi: 10.1016/j.tics.2011.08.003

Power, J. D., Mitra, A., Laumann, T. O., Snyder, A. Z., SchlagBar
L., and Petersen, S. E. (2014). Methods to detect, charagteaiad
remove motion artifact in resting state fMRNeuroimage84, 320-341.
doi: 10.1016/j.neuroimage.2013.08.048

Power, J. D., Schlaggar, B. L., Lessov-Schlaggar, C. N., &nseReS. E. (2013).
Evidence for hubs in human functional brain networkésuron79, 798-813.
doi: 10.1016/j.neuron.2013.07.035

Preti, M. G., Bolton, T. A., and Van De Ville, D. (in press). The dynami
functional connectome: state-of-the-art and perspectivé&uroimage.
doi: 10.1016/j.neuroimage.2016.12.061

Shehzad, Z., Kelly, A. M., Reiss, P. T., Gee, D. G., Gotimer, Kiinpd. Q.,
et al. (2009). The resting brain: unconstrained yet reliaBlereb. Corte9,
2209-2229. doi: 10.1093/cercor/bhn256

Shrout, P. E., and Fleiss, J. L. (1979). Intraclass correlatia@sinuassessing rater
reliability. Psychol. BulB6, 420-428. doi: 10.1037/0033-2909.86.2.420

Somandepalli, K., Kelly, C., Reiss, P. T., Zuo, X. N., Craddock, Rag,.C. G.,
et al. (2015). Short-term test-retest reliability of resting sts&If metrics in
children with and without attention-de cit/hyperactivity darder. Dev. Cogn.
Neuroscil5, 83-93. doi: 10.1016/j.dcn.2015.08.003

van den Heuvel, M. P., and Sporns, O. (2011). Rich-club orgaaizati
of the human connectome. J. Neurosci. 31, 15775-15786.
doi: 10.1523/JNEUROSCI.3539-11.2011

Van Dijk, K. R., Hedden, T., Venkataraman, A., Evans, K. C., i.&&aW.,
and Buckner, R. L. (2010). Intrinsic functional connectivias a tool for
human connectomics: theory, properties, and optimizatidnNeurophysiol.
103, 297-321. doi: 10.1152/jn.00783.2009

Wang, J. H., Zuo, X. N., Gohel, S., Milham, M. P., Biswal, B. B., and H&p11).
Graph theoretical analysis of functional brain networks: teséseevaluation

Frontiers in Neuroscience | www.frontiersin.org 19

August 2017 | Volume 11 | Article 439



Zhang et al. High-Order FC Reliability

on short- and long-term resting-state functional MRI daffd.oS ONB:e21976. near-infrared spectroscopy test-retest reliable?Biomed. Opt16:067008.
doi: 10.1371/journal.pone.0021976 doi: 10.1117/1.3591020
Yan, C. G., and Zang, Y. F. (2010). DPARSF: a MATLAB toolbox foZhang, J., Cheng, W., Liu, Z., Zhang, K., Lei, X., Yao, Y., ¢2@16). Neural,
“Pipeline” data analysis of resting-state fMAHront. Syst. Neurosci:13. electrophysiological and anatomical basis of brain-network véitialand its
doi: 10.3389/fnsys.2010.00013 characteristic changes in mental disordeéBsain: a journal of neurologyl 39,
Yeo, B. T., Krienen, F. M., Sepulcre, J., Sabuncu, M. R., Lashhari, 2307-2321. doi: 10.1093/brain/aww143

Hollinshead, M., et al. (2011). The organization of the human celetortex Zhang, Y., Zhang, H., Chen, X., and Shen, D. (20dyrid High-order Functional
estimated by intrinsic functional connectivity. Neurophysiol06, 1125-1165. Connectivity Networks Using Resting-State Functional fitRWild Cognitive

doi: 10.1152/jn.00338.2011 Impairment DiagnosisScienti ¢ Report.

Yu, R., Zhang, H., An, L., Chen, X., Wei, Z., and Shen, D. (2017)Zuo, X. N., Anderson, J. S., Bellec, P., Birn, R. M., Biswal, B.|&uiziX,
Connectivity strength-weighted sparse group representatisethabrain J., et al. (2014). An open science resource for establishing iligliab
network construction for MCI classi catiorlum. Brain Mapp 38, 2370-2383. and reproducibility in functional connectomicsScienti ¢ Data 1:140049.
doi: 10.1002/hbm.23524 doi: 10.1038/sdata.2014.49

Zalesky, A., and Breakspear, M. (2015). Towards a statisticat teZuo, X. N., Kelly, C., Adelstein, J. S., Klein, D. F., CastellanosX.F.
for functional connectivity dynamics. Neuroimage 114, 466-470. and Milham, M. P. (2010). Reliable intrinsic connectivity netwarkest-
doi: 10.1016/j.neuroimage.2015.03.047 retest evaluation using ICA and dual regression appro&téuroimage49,

Zhang, H., Chen, X., Shi, F., Li, G., Kim, M., Giannakopoulos, P., 2163-2177.doi:10.1016/j.neuroimage.2009.10.080
et al. (2016). Topographical information-based high-order fuorcal
connectivity and its application in abnormality detection for mildgnitive Conict of Interest Statement: The authors declare that the research was
impairment. J. Alzheimers Diseasg4, 1095-1112. doi: 10.3233/JAD- conducted in the absence of any commercial or nancial relatiops that could
160092 be construed as a potential con ict of interest.

Zhang, H., Duan, L., Zhang, Y. J., Lu, C. M., Liu, H., and Zhu, C.
Z. (2011a). Test-retest assessment of independent componerysisna Copyright © 2017 Zhang, Chen, Zhang and Shen. This is an opes-adige
derived resting-state functional connectivity based on fiomal near-infrared  distributed under the terms of the Creative Commons Attdhu.icense (CC BY).
spectroscopy.Neuroimage 55, 607-615. doi: 10.1016/j.neuroimage.2010The use, distribution or reproduction in other forums is figeh provided the
12.007 original author(s) or licensor are credited and that thginal publication in this

Zhang, H., Zhang, Y. J., Duan, L, Ma, S. Y., Lu, C. M., and Zhu, Cjournal is cited, in accordance with accepted academitiqaraldo use, distribution
Z. (2011b). Is resting-state functional connectivity reveaby functional  or reproduction is permitted which does not comply wittettezsns.

Frontiers in Neuroscience | www.frontiersin.org 20 August 2017 | Volume 11 | Article 439



