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Independent component analysis (ICA) has been widely used ifunctional magnetic
resonance imaging (fMRI) data analysis to evaluate functial connectivity of the brain;
however, there are still some limitations on ICA simultanesly handling neuroimaging
datasets with diverse acquisition parameters, e.g., diffent repetition time, different
scanner, etc. Therefore, it is dif cult for the traditional CA framework to effectively handle
ever-increasingly big neuroimaging datasets. In this resech, a novel feature-map based
ICA framework (FMICA) was proposed to address the aforemeianed de ciencies,
which aimed at exploring brain functional networks (BFNs)talifferent scales, e.g., the
rst level (individual subject level), second level (ingeoup level of subjects within a
certain dataset) and third level (intergroup level of suljes across different datasets),
based only on the feature maps extracted from the fMRI datags. The FMICA was
presented as a hierarchical framework, which effectively ade ICA and constrained
ICA as a whole to identify the BFNs from the feature maps. Theirsulated and real
experimental results demonstrated that FMICA had the excleint ability to identify the
intergroup BFNs and to characterize subject-speci c and goup-speci c difference of
BFNs from the independent component feature maps, which shiply reduced the size of
fMRI datasets. Compared with traditional ICAs, FMICA as a mie generalized framework
could ef ciently and simultaneously identify the variant BNs at the subject-speci c,
intragroup, intragroup-speci ¢ and intergroup levels, inplying that FMICA was able to
handle big neuroimaging datasets in neuroscience research

Keywords: fMRI, feature maps, big neuroimaging data, ICA, subje
intergroup analysis

ct-speci ¢ analysis, intragroup analysis,

INTRODUCTION

Blood oxygen level dependent (BOLD) functional magnetionesice imaging (fMRI) has been
used as an e ective neuroimaging tool to study functional mectivity, which can reveal the
neural correlates of cognitive processes, among multiplécedbrain regionsBiswal et al., 1995,
1997; Kawashima et al., 2000; Greicius et al., 2003; Yarg 2084; Shi et al., 201plA recent
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research interest in the literature is to study functionalclustering Esposito et al., 20050r retrospective matching of
connectivity at multiple levels using fMRI techniquée et al., the componentsl(angers, 2090 Additionally, by incorporating
2012, and for this purpose a variety of well-known methodsthe intragroup sources as a priori of ICA model, called ICA-R
have been utilized, e.g., general linear model (GlEvision  (ICA with referencest.u and Rajapakse, 2006; Shi et al., 2)15a
et al., 1994; Bagarinao et al., 2))08ustering methodsGolay it is expected to obtain the more accurate subject-speci crbrai
et al., 1998; Fadili et al., 2000; Cordes et al., 2002; Zhamg e sources. For example, a novel group information guided ICA
2011; Ren et al., 2014; Tang et al., 3pphncipal/independent model (GIG-ICA) with the spatial reference of the intragroup
component analysis (PCA/ICAylcKeown et al., 1998; Biswal sources generated by TCGICA#lhoun et al., 200Ilwas able
and Ulmer, 1999; Baumgartner et al., 2000; Kiviniemi et alto extract more accurate subject-speci ¢ brain sources ttnmn t
2000; Beckmann and Smith, 2QP4parse dictionary learning traditional ICA (Du and Fan, 201)3
(Georgiev et al., 2007; Lv et al., 2015a,b; Wang et al., p&téa Though the ICA or ICA-based models have been widely
As a representative of the model-based methods, GLM reqairesused to analyze the fMRI data, the aforementioned methods
prior knowledge of design matrix. Therefore, GLM is not alde t have the many kinds of de ciencies. For example, the multi-
detect intrinsic brain functional networks (BFNs) at thestiag  step PCA operations in TCGICA, SCGICA and GIG-ICA for
state where no design matrix is available. On the contranges data reduction, possibly eliminate the subtle signélsr(les and
no prior knowledge on the spatial or temporal pattern prior of Nandy, 200%, which likely is not quite proper for handling
the BFNs is required, the data-driven methods are more widelthe big neuroimaging data; since tensor ICA assumes common
used in functional connectivity study. Examples of such dataTCs among subjects, it is inappropriate for when they are
driven methods include spatial ICA/{cKeown et al., 1998&and  dierent, such as in a resting-state study or when events are
temporal ICA Biswal and Ulmer, 1999 assuming the spatial randomized between subjects; the single-subject ICAs alge h
and temporal independence, respectively, while probabilistithe disadvantage that since the data are noisy, the components
ICA (PICA) carries out a probabilistic modeling, to achievemight not be necessarily unmixed in the same way for all stibje
an asymptotically unique decomposition of the fMRI dataMoreover, to our knowledge, these methods are just applied
(Beckmann and Smith, 20pR4ther ICA methods for fMRI data in BFNs identi cation at individual or/and intragroup levg,
analysis include an approach making use of spatial regularignd there is a need to further investigate BFNs identi catio
of sources \(alente et al., 2009and the models combining the at intragroup-speci c and intergroup levels, especially asros
sparsity and the mutual independence of componeftslioun the multiple fMRI datasets with di erent acquisition parameters
etal., 2013; Wang et al., 2013, 2))16 improve the accuracy of such as variant time of repetition (TR) and di erent kinds of
the estimated brain sources. scanners. In this study, a generalized feature-map baséd IC
In order to investigate the commonality of the functional model (FMICA) is proposed to address the aforementioned
connectivity inferred by ICAs across a group of subjectagidy  de ciencies, which can be used to analyze the big fMRI datasets
ve group analysis methods have been developed by marst individual, intragroup and intergroup levels.
researchersdalhoun and Adali, 2002 The rst group analysis The remainder of this paper is organized as follows. Theory
method performs ICA on the average of the fMRI data across alind methods of FMICA are rstly presented in the next section,
subjects, with the underlying assumption that all subjeaseh and followed by the description of the experimental designsand
common time courses (TCs) and spatial maps (SMs$imithorst  subsequent section on BFN identi cation ability validatiosing
and Holland, 200}t The second method, temporal concatenationboth the simulation data and real fMRI datasets of task and rest
group ICA model (TCGICA), performs ICA on the temporal at the subject-speci ¢, intragroup and intergroup levelssiies
concatenation of the fMRI data for all subjects, which alloars f and discussions are then presented, followed by nal conahss
unique TCs for each subject but assumes common group SMslated to the advantages and limitations of FMICA.
(Calhoun et al., 2001 The third one was spatial concatenation
group ICA model (SCGICA), which allows for unique SMs
but assumes common TCsS{ensen et al., 2002However, THEORY AND METHODS

for most resting-state fMRI functional connectivity studies hi . he rel h .
SCGICA does not perform so well as TCGICAcpmithorst In this section, the related theory of ICA and ICA-R is presaht

and Holland, 200) possibly because the assumption of th(_:]‘ollowed by the detailed procedures of FMICA and some key

unique time course across subjects, is more appropriate thapSues in FMICA implementation.

the common-SM assumption. The fourth group ICA method

called tensor-ICA concatenates the multi-subject fMRI datBFNs Extraction and ICA/ICA-R

along a separate third dimension, and estimates a single patiihe BFNs extraction has been formulated as a source separatio
temporal, and subject-speci c mode for each component tgroblem, based on the functional integration property of the
attempt to capture a multidimensional structure of the databrain (McKeown et al., 1998; Du and Fan, 2013; Shietal., 9015a
(Beckmann and Smith, 20)5with the assumption of both This source separation problem can usually be divided into blind
temporal and spatial consistency across the subjects. The ftsource separation (BSS) and semi-blind source separati@S5B
group analysis approach, makepast-ho@nalysis of the single- depending on whether the prior is given or not. With the respect
subject ICAs, to combine the components into groups by spatigb ICA model, as a representative of BSS, it is assumed that the
correlation Gchopfetal., 2010; Wang et al., 2)%2lf-organized observed fMRI mixtures (denoted X9 are linearly mixed by a
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set of non-Gaussian sources, namely BFNs (denot&)j agich  where the correspondingly intergroup feature mapsCSare
can be formulated as used as the spatial references. On the other hand, in order to
extract the subject-speci c feature ma;ﬁ:(:‘k) corresponding
XD AS (1) tothe subject dat®uly, 1 i ng,andl k m,the
similar ICA-R procedure with spatial reference is implemented
The goal of ICA is to estimate an unmixing mat¥¥, such that  on eachICS,. It is noteworthy that the spatial references may
the estimated source$ computed by the following equation are p5ve two choices: the intergroup feature maptCS or the

good approximation of the true sources corresponding intragroup-specifc feature mdp€$. Repeating

the above procedure for Datagefl k m), all the
Y D WX 2 N . . .
corresponding |_ntragroup-speC|d]3IC$( and subject-specic
To solve Equation (1), many ICA algorithms have been proposed€ature mapdls, (1 i ) are retrieved. However, when
e.g., the commonly used InfomaR¢Il and Sejnowski, 19pand the number of the involved datasets 42, i.e,m D 1, the
FastICA Hyvarinen and Oja, 1997 third level ICA decomposition procedure is not implemented,

ICA-R model of SBSS incorporates the prior spatial referenc@d Poth the intergroup and intragroup-speci ¢ feature maps
(denoted asr), and can be modeled in a constrained ICA&r€ not generated. Facing this situation, the subject-speci

framework, to the following constrained optimization proble  feature maps ICS)) are also obtained by ICA-R, where the
intragoup feature maps3ICS) determined by the second level

maximizeJy),st.gy) Oandh(y) D E(y?) 1Do0, (3) ICA decomposition procedure are used as the required spatial

references.
whereJ(y) is the contrast function of a standard ICA algorithm, ~ Further, the corresponding statistical parametrical maps
andg(y) D "(y,r) ,with"(y,r) denotes the closeness betweer(SPMs) forlCs, GICS, GICS andGICS (1 i ng and

y (the estimated BFN) and the reference signaind signiesa 1 k  m) are obtained by the z-score transformation, where
threshold parameter used to restrain the distance betwemmd the BFNs are generated by threshing the corresponding SPMs
r. To solve Equation (3), the Lagrange multiplier method can bavith cluster size controlling.

utilized to search for the solution using Newton-like leamg (Lu Finally, in FMICA, it is worthy of noting that the intragroup
and Rajapakse, 20))6xed-point learning (Lin et al., 200Y, or ~ or intergroup BFNs are identi ed by the second or third level
multi-object optimization Du and Fan, 201)3 ICA decomposition procedure, while the intragroup-speci c or
subject-speci ¢ BFNs are both identi ed by ICA-R procedure
FMICA using the ones at the intragroup or intergroup level as refiees.
Supposing that there ara scanned fMRI datasets, i.e., Datgset Itis expected that the BFNSs at the intergroup, intragroup-sjeeci
1 k m, the fMRI data of subject in Dataset is and subject-speci c levels, have some degree of similarigath
denoted asSuly, where 1 i ng, 1 k m, and  other in spatial distribution, but orderly capture the comnoess

ng signifying the subject number in DatagetAs described in across di erent groups, the speci ¢ activation parts of the splati
Figure 1, the FMICA model mainly consists of three levels ofdistribution within a certain group and within a single st
ICA decomposition and two re-estimation of group-speci ¢ and data. In a word, for a given intergroup BFN, the corresponding
subject-speci ¢ feature maps using ICA-R: (1) the rst (ordiég intragroup-speci ¢ or subject-speci ¢ one belongs to the same
subject) level ICA decomposition dBulj to obtain the feature kind of BFN, but captures the group-speci ¢ or subject-speci ¢
maps, i.e., independent componeneﬁ(, where 1 i ng  dierence in spatial distribution of BFN.

and 1 k m; (2) the second (or intragroup) level ICA  Based on the above description, FMICA is a quite generalized
decomposition on the aggregated feature maps,lljéijgg for framework using feature maps, which is e ective to capture the
Datasef, to obtain the feature maps at intragroup level, i.e.common BFNs (i.e.5ICS GICS), subject-specic ones (i.e.,
GICK for Dataset, 1  k  m; (3) the third (or intergroup) ECS() and intragroup-speci ¢ ones (i.e(3ICS). This implies
level ICA decomposition on the aggregated feature maps acro#isat FMICA can be used to not only explore the subject-speci ¢
the datasets (Datagetl k m), i.e.,Glcéj?ﬁ’, to extract dierences within a group, but also to reveal the intragroup-
the intergroup feature maps across the di erent datasets, i.eSpeci c di erences across the multiple datasets.

GICS (4) the ICA-R algorithm rst runs on theéICS regrading

Dataset(1 k m)toextractthe correspondingly intragroup- gome Key Points in FMICA Implementation
speci ¢ feature maps, i.d3ICS, then on thdC§, regardingSuly  \vith respect to the FMICA implementation, the number
@ ng, 1k m) to obtain the correspondingly of jndependent components (IC) in ICA decomposition at
subject-speci ¢ featured maps (denotedias,). di erent levels should be rst addressed. For the rst levelA
Speci cally, in order to make the last procedure in FMICA decomposition procedure (depicted iRigure 1), the Laplace
more apparent, the corresponding details are described in thgpproximation (Vlinka, 2000 previously used in probabilistic
following. On the one hand, for extracting the intragroup- ICA for fMRI data analysis §eckmann and Smith, 20D4s
speci ¢ feature maps, i.eGICS, 1 k m, the ICA-R used to estimate the components number for each single-subje
algorithm (Du and Fan, 2013is implemented on eacICS, fMRI data; for the second level ICA decomposition, the mean
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FIGURE 1 | Framework of FMICA.
order corresponding to all subjects within the same dataset il k m is used due to the situation of the dierent

used, while the average order is usually used as the numbsession scans of the same subjects under the same condition
of intragroup level components in TCGICAC@lIhoun et al., (for example, Experiment 2 of Section Experimental Designs);
2001; Li et al., 20Q7implemented in the GIFT software (http:/ otherwise, the stability measure retrieved by ICASS0nperg
mialab.mrn.org/software/gift/index.html); for the thdievel ICA et al., 200}t is used to determine the optimal components
decomposition, the average number of componentGICS,  number, where ICASSO runs from the minimum number (i.e.,
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minfx x D #(GICS), 1 k  mg to the maximum one (i.e., Visual Task Dataset
maxfx xD #(GICg), 1 k mg to obtain the stability values Six subjects (4 males and 2 females) took part in this visual
under di erent order number. Speci cally, #() is an operation task experiment, all informed about the purpose of this study
of obtaining the components number of the intragroup featureand all the participants included in this study provided written
mapsGICS, 1k  m (for example, Experiment 3 of Section informed consent according to procedures approved by the IRB
Experimental Designs). Moreover, in this research, FMICA $akeof East China Normal University (ECNU). The designed visual
advantage of the FastICAd{varinen and Oja, 1997and GIG-  paradigm was a two-state©FFON/ 3 block design with
ICA (Du and Fan, 2013 to perform the ICA decomposition a duration of 40 s. At the “ON” state, visual stimulus was
and ICA-R decomposition, respectively. Additionally, sithe  corresponding to a radial blue/yellow checkerboard, rengrat
performance of ICA-R depends on the accuracy of the spatial Hz. While at the “OFF” state, the participants were required
referenceslu and Fan, 2013; Wang et al., 2014, Shiet al., 201540 focus on the cross presented at the center of the screen. The
slightly thresholded feature maps which are more similarite t BOLD fMRI data were acquired in the Shanghai Key Laboratory
real activated BFNs are used as spatial references, where diélagnetic Resonance of ECNU, on a Siemens 3.0 Tesla scanner
corresponding z threshold value is set to 1.0 empiricallyalijm  with a gradient echo EPI with 36 slices providing whole-brain
the z-threshold value and the cluster size threshold aréos2®0  coverage, TRD 2.0 s, scan resolutioD 64 64, in-plane
and 10 voxels, respectively, to obtain the ultimate BFNs. resolutionD 3.75 3.75 mm; the slice thickness was 4 mm; and
the slice gap was 1 mm. This dataset was also used in our previous
study Ren et al., 2004

EXPERIMENTAL TESTS
Test-Retest Task-Related Datasets for Motor,

anguage, and Spatial Attention

his test-retest fMRI datasets for motor, language and spatial
attention functions were downloaded from the openfmri websi
(https://openfmri.org/dataset/5orgolewski et al., 20).3Three
task-related fMRI time series (motor, covert verb genergtard
Experimental Datasets landmark tasks) were selected to validate our proposed FMICA
Simulation Dataset model. Ten healthy subjects (median age 52.5 yearsDnfif,
The SimTB toolbox (http://mialab.mrn.org/softwargllen etal., max D 58) included four males and six females, of which
2012; Erhardtetal., 20)was used to generate simulation datasethree were left-handed and seven right-handed. Each subjec
including 20 subjects. Each subject data was with ¥48 148 was scanned twice, either 2 (eight subjects) or 3 (two stg#)jec
voxels, 12 spatial sources and 120 time points aDTXs (s). The days apart. All subjects were provided with the written infexan
baseline intensity was set to 800, and the baseline map wassh consent and this study was approved by South East Scotland
in Figure S1A. Each source, depicted in Figure S1B, represanteResearch Ethics Committee 01. The fMRI data acquisition
spatial pattern that underwent certain activation over timieio  parameters were set as follows: GE Signa HDxt 1.5T MRI scanner,
sources (10 and 12) shared task-related modulation in agfditi FOVD 256 256 mm, in-plane matri¥> 64 64, slice thickness
to having unique uctuations. For source 10, the strength ofD 4 mm, slice numbeD 30, TRD 2.5 s, ip angleD 90 .
task-modulation (expressed as the ratio between task evemhe number of volumes in time series regarding the motor,
amplitude and unigue event amplitude) was set to 4, while taskeovert verb generation and landmark tasks were 173, 184, and
relatedness was smaller for source 12, set to 2. Task-ntamula 238, respectively. For the convenience of description, themot
was introduced with a block design (24 s on, 24s o0, ve blogks covert verb generation and landmark tasks were denoted as
convolved with a canonical hemodynamic response function tdask1, Task2, and Task3, respectively.
simulate the slow dynamics of the vascular resporisésion
et al., 199k Activation for the other 10 sources was describedlest-Retest NYU Resting-State Datasets
solely uniqgue hemodynamic uctuations with no task-reldte The test-retest resting-state fMRI datasets with 25 normal
variation. All sources had unique events that occurred véth participants were drawn from the Human Connectome Project
probability of 0.2 at each TR. For task-modulated sources (1(http://www.nitrc.org/projects/nyu_trtZuo et al., 2010 All the
and 12), unique events were added with smaller amplitudegarticipants included in this study were provided with written
(0.2 and 0.4, respectively). For sources not of interest st t informed consent according to procedures approved by the
modulation), the unique amplitude was 1. For all sources, théRB of New York University (NYU). Also, the fMRI data were
percent signal change was centered at 3 with a standard @®viat collected according to protocols approved by the institutiona
of 0.25. Additive noise was included to reach a speci ed @sttr  review boards of NYU and the NYU School of Medicine. Each
to-noise ratio of 1. The time courses corresponding to theparticipant was scanned three times at rest by a Siemens Allegr
simulated 12 sources were depicted in Figure S1C. To simulaB0 Tesla MRI scanner and the fMRI data for each subject
the subject-speci ¢ variations in spatial domain, modi aattis  consisted of 197 contiguous EPI functional volumes QR s,
such as translation, rotation, expansion, and contractiware TE D 25 ms, ip angleD 90, slice numbeD 39, matrixD 64
also randomly added to each source of each subject, where the64, FOVD 192 192 mn?, acquisition voxel siz® 3 3
corresponding parameters were depicted in Figure S1D. 3 mm?). Data of sessions 2 and 3 were collected 5-16 months

In this section, the e cacy of the proposed FMICA model, was
validated on the simulation data, task-related fMRI data an
resting-state fMRI data. The details of the designed experisnen
were presented as follows.
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(mean 11 4 months) after session 1 with an interval of 45 min.for motor, language, and spatial attention and the visuak tas
A high-resolution T1-weighted magnetization prepared gesdi dataset. The corresponding pipeline consisted of the following
echo sequence was also obtained for each participant (MPRAGdEeps: the rst level ICA on each aforementioned dataset for
TRD 2.5 ms, TED 4.35 ms, TID900 ms, ip angleD 8, slice obtaining the initial FMs, the second level ICA for extracfithe

numberD 176, FOVD 256 256 mnt). intragroup FMs, the third level ICA for retrieving the intengup
) FMs and the ICA-R procedure using the intergroup FMs as the
Data Preprocessing references for obtaining the intragroup-speci ¢ FMs.

All computations of this study were performed on a personal

computer with intel(R) Core(TM) i5-3210M 2.5 GHz CPU and IRESULTS AND ANALYSIS

4 GB RAM. The operation system platform was Windows 7. Al

steps for preprocessing or processing were run on the MatlaResults of Experiment 1

platform (Matlab 2012b, Mathworks Inc., Sherborn, MA, USA). According to Experiment 1, the BFN detection ability of FMICA
No preprocessing step was involved for the simulation datasedt the subject-specic and intragroup levels was designed to

For the other real data, the widely used DPARSEN and be validated on the simulation dataset. The order in botht rs

Zang, 201) batch processing pipeline with embedding SPM§individual) and second (intragroup) level ICA decomposition

software (http://www. l.ion.ucl.ac.uk/spm/) was used to flem  was set to 13 (twelve designed sources and one background

the preprocessing operations including slice-timing, motionsource). Firstly, the 12 sources determined by FMICA at

correction, spatial normalization to the Montreal Neurologi intragroup level were displayed Figure 2, which were highly

Institute (MNI) EPI template and spatial smoothing with thelful approximate to the simulated ground truth sources. The Pearso

width at half maximum (FWHM) equal to 6 mm. Speci cally, correlation coe cients between the 12 estimated intragpou

considering magnetization equilibrium, the rst ten voles sources and the corresponding 12 ground truth sources were

were discarded for the test-retest NYU datasets. For thie tas0.9783, 0.9672, 0.989, 0.9858, 0.9634, 0.9687, 0.96877,0.9

related datasets, no rst volumes were discarded. 0.9717, 0.9670, 0.9868, and 0.9703, respectively, qtisatjta
The z threshold of the z-scored SPMs from all the real fMRImplying the e ectiveness of FMICA in the intragroup BFNs

datasets was set to 2.0, and the least active cluster sizetias identi cation. Moreover, in order to investigate the intre@up

10 voxels. The BFNs were displayed by the MRIcroN softwaf®FNs estimation from the di erent ratios of the retained ICA

(https://www.nitrc.org/projects/mricron), and their lotans components of the intragroup level to that of the individual

were assessed by the PickAtlas toolbbtalfijian et al., 2003, level, FMICA was performed with a variety of such intragroup-

2009. to-individual ratios on the simulation dataset to obtaineth
intragroup-level BFNs, and then the mean and standard
Experimental Designs deviation (std) values of Pearson correlation coe cienetween
Three kinds of experiments were designed to validate ththe estimated intragroup sources and the corresponding iggou
e ectiveness of FMICA in this study. truth sources at each run were calculated. As shown in Table S

Experiment 1: the simulation dataset with only one sessiofrom which, one could draw a conclusion that increasing the
was used to validate e ectiveness of FMICA in two aspectsiumber of retained components at the individual level had no
i.e., the BFN identi cation ability at the subject-speci mé e ect on performance, while greatly increasing the number of
intragroup levels. Specically, the third level ICA step wasetained components at intragroup level had a certain degfee
not involved in this experiment. The corresponding pipelinenegative impact on the estimated intragroup sources, passibl
consisted of three procedures: the rst level ICA on simwati due to the over-spilt e ects in ICA decomposition in the
dataset for obtaining the initial FMs (ICs), the second |d@#A  simulation dataset. Table S1 also demonstrated that using3he 1
for extracting the second level (or intragroup) FMs and the }CA components in both rst-level and second-level ICA exhikite
R procedure using the intragroup FMs as the references fgyood BFNs identi cation performance in this simulation dag.
obtaining the subject-speci c BFNs, respectively. The subject-specic BFNs for each simulated subject

Experiment 2: the NYU resting-state datasets with threevere also estimated by FMICA, and then the correlation
sessions were used to validate e ectiveness of FMICA in threepe cients between these estimated subject-speci ¢ BFNs and
aspects, i.e., the BFN identi cation ability at the subjspecic, the corresponding ground truth sources for each subject were
intragroup-speci ¢ and intergroup levels. The correspondingalso calculated, with the mean correlation coe cient agdhe
pipeline consisted of the following steps: the rst level ICA on12 sources for each subject denoted as its subject-speci s BFN
fMRI datasets of each rest session for obtaining the initial FMddenti cation accuracy, which was compared to those of the
the second level ICA for extracting the second level FMs, thiaditional ICA model, demonstrating superior subject-speci c
third level ICA for obtaining the intergroup FMs and the ICA- BFNSs identi cation ability as shown ifigure 3
R using the intergroup FMs as the references for obtaining the
intragroup-speci ¢ and subject-speci ¢ FMs, respectively. Results of Experiment 2

Experiment 3: the ability of capturing the group di erence In this experiment, the test-retest NYU resting-state datase
of intrinsic BFNs across the multiple kinds of datasets usingvith three sessions were used to validate e ectiveness of
FMICA was validated using a combination of the test-retesthe proposed FMICA model on identifying the BFNs at the
NYU resting-state datasets, the test-retest task-reldtgdsets intergroup, intragroup-specic, and subject-specic levelst A
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FIGURE 2 | The simulated ground truth sources and the intragroup soures estimated by FMICA.

Eighteen intrinsic BFNs at the intergroup and intragroup-
speci ¢ levels for the resting session 1 (S1), session 2 (S2),
e and session 3 (S3) were selected visually by the experts from
——|CA the estimated components by FMICA, as displayeéFigure 4,

FMICA respectively, with the involved Talairach Daemon (TD) lobes,
Brodmann areas, Automated Anatomical Labeling (AAL) atlas
regions, and the representative MNI coordinates, presented in
Table 1L The components IC1-IC4 were referred to the well-
known default mode network (DMN;Raichle et al., 2001;
Damoiseaux et al.,, 2006; De Luca et al., 200fhich were
divided into four sub-networks4uo et al., 201)j IC5, IC6, IC7,
and IC10 were called the auditory network, predominant visua
network, lateral visual network, and sensorimotor network,
respectively Beckmann et al., 2005; Damoiseaux et al., 2006;
De Luca et al., 2006; Schopf et al., 2010; Wang et al.,);2012
IC8 and IC9 were involved with the working memory function
0.8¢ ] related brain regions\{fang et al., 2012, 2013; Iraji et al.,
2019; IC11 and IC12 involved dorsal parietal and lateral
prefrontal cortex, which were two split separate components
e e o a w  a w of a dorsal pathway networkDamoiseaux et al., 2008; Schopf
12345678 91011121314151617181920 et al., 2010; Wang et al., 2012, 251€13 was the salience

Subject Number network as reported byvienon and Uddin (2010@and Uddin
FIGURE 3 | The comparative curves of spatial correlation regarding th (2015) IC14 was the basal gan_g“a network, 'nVOl\,"ng mainly
subject-speci ¢ sources identi ed by ICA and FMICA, respectivéy, for the caudate nucleus and putamehlaﬂl etal, 20193; IC15 involved
simulated 20 subjects on simulation dataset. the cerebellum posterior lobe and a portion of calcarine area
in the occipital lobe; IC16 was located at the brainstem
and cerebellum, e.g., cerebellar vermis; IC17 involvedhiyai
the subject-speci ¢ level, compared to the intrinsic BFNsrfro brodmann areas 47 and 34, e.g., the superior temporal pole;
di erent subjects, the intrinsic BFNs originated from theelient  1C18 was located at a portion of the limic and frontal
sessions of the same subject should be more correlated. Mereo cortex, e.g., hippocampus, some areas of superior frontal gyrus
the intragroup-speci ¢ intrinsic BFNs from di erent sessions etc. The successful identi cation of the aforementionedlwe
should be also highly correlated with each other due to tlghhi known intrisic BFNs at the intergroup and intragroup-speci ¢
reproducibility of the intrinsic BFNs$hehzad et al., 2009; Zuo levels demonstrated the e ectiveness of the proposed FMICA
etal., 2010; Wang et al., 20}6b model.

Spatial correlation comparison of subject-specific sources
detected by ICA and FMICA on simulation dataset

0.95

0.9

0.85¢;

Correlation Coefficients

0.75
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FIGURE 4 | The spatial map distribution of the intrinsic BFNs at the iBtgroup and intragroup-speci c levels on test-retest restig-state datasets: the rst column
depicted the intergroup intrinsic BFNs from the three restassions; the second, third, and fourth columns displayed ta intragroup-speci c intrinsic BFNs from the rst
(S1), secon d (S2), and third (S3) rest session, respectivel
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TABLE 1 | The location information of the 18 intrinsic BFNs from the &-retest

resting-state datasets shown inFigure 4 : the MNI coordinates (in mm), the Spatial map correlation curve among the group-specific

involved brain lobes, Brodmann areas and AAL atlas regionsif each network. 1 networks detected by FMICA on resting-state datasets

IC Representative  TD lobes/Brodmann areas/AAL atlas

number MNI coordinates

(X,Y,Z)inmm 0.95

IC1 0, 57,30 Parietal Lobe, Frontal Lobe/brodmann areas 7, 40 by b
9/Frontal_Sup_Medial_L, Frontal_Sup_Medial_R, ‘2 0.94 f \ ;
Angular_R, Precuneus_R, Precuneus_L, Angular_L < i

IC2 2,55,7 Frontal Lobe, Limbic Lobe/brodmann areas 10, % ;
31/Frontal_Sup_Medial_L, Precuneus_L 8 0.85 :

IC3 11, 56, 18 Limbic Lobe, Parietal Lobe/brodmann area o )
23/Precuneus_R, Precuneus_L "% 08 :

IC4 2, 77,41 Parietal Lobe/brodmann area 7/Precuneus_L [ . : E3

IC5 58, 15,11 Temporal Lobe/brodmann areas 42, S’ __:80”(::: ’2? _" %:
41/Temporal_Sup_L 0.751 orr( ) ) 5 i, ]

IC6 3, 83,6 Occipital Lobe/brodmann area 18/Calcarine_R - Corr(S2,83) E k]

IC7 28, 94, 1  Occipital Lobe, Middle Occipital Gyrus/brodmann ’
area 17/Occipital_Sup_L, Occipital_Sup_R, 0.7+ i
Occipital_Mid_L

IC8 43, 56,51 Parietal Lobe, Frontal Lobe/brodmann areas 7, 1 é é "1_ é é % é é 1'0 1'1 1'2 1'3 1'4 1'5 1I6 1'7 18
8/Frontal_Mid_L, Parietal_Inf_L IC Number

IC9 50, 583,46 Parietal Lobe, Frontal Lobe/brodmann area 40/
Frontal_Mid_R, Parietal_Inf_R FIGURE 5 | The spatial map correlation curves among the correspondirly

IC10 0, 19,53 Frontal Lobe/brodmann areas 3, intragroup-speci c intrinsic BFNs identi ed by FMICA from the rst (S1),
4/Supp_Motor_Area_R, Postcentral_L, Precentral_R second (S2), and third (S3) session of resting-state datasg respectively.

IC11 27, 56,53 Parietal Lobe/brodmann area 7/Parietal_Inf_L,
Parietal_Inf_R

IC12 1,19, 40 Frontal Lobe/brodmann areas 32,
9/Cingulum_Mid_R, Cingulum_Mid_L, between pairs of BFNs under comparison for each subject were
Frontal_Mid_L, Frontal_Mid_R shown inFigure 6, whereFigures 6A,Bwere for across-sessions

Ic13 44,20, 3 Z/';’:;i't;"It’ni/bcrﬁsmf”;:rfjslﬁz’Tri . and across-subjects comparison, respectively. Similar to BVIC
Frontal_Inf Orb_ R, Supp. Motor_Area. L the BFNs identi ed by the rst level ICA were also compared

IC14 20,7,6 Sub-lobar/Putamen/Caudate_L, Putamen_R, among sessions of the same SUbJECt and among di erent
Putamen_L subjects, respectively, and mean correlation coe cientsiaen

IC15 6, 80, 17  Occipital Lobe, Cerebellum Posterior pairs of BFNs under comparison for each subject were also
Lobe/brodmann area 18/Calcarine_L, Vermis_6, shown inFigures 6C,Dfor across-sessions and across-subjects
Cerebelum_6_R, Cerebelum_6_L comparison, respectively. It was worth noting that the 18 imgic

IC16 2, 39, 25  Midbrain, Brainstem, Cerebellum/Vermis_1_2, BFNs at the intergroup level were used as the templates to match
Vermis_4_5, Cuneus_L the best ones from the individual FMs generated by the rselev

Ic17 81,13, 20 Z;‘;Ima' Lobe, Limbic Lobe/brodmann areas 47, ICA decomposition on each session data of each subject, gimin

] n_SU|a—R’ Temporal_Pole_Sup L at overcoming the random order of the components. Moreover,
IC18 32, 17, 27 Limbic Lobe, Frontal Lobe/brodmann area

10/ParaHippocampal_R, Hippocampus_L, based on the contr_asF values presentedrigures 6A,G ar_1d
Frontal_Mid_R, Frontal_Sup_R the contrast ones inFigures 6B, two sampleT-tests with
signi cance level equal to 0.05 were implemented, respdgtive
where the mean value (0.5644, marked Higure 6A) of all
points in Figure 6Awas signi cantly larger than the one (0.3168,

From Figure 4, it could be observed that the intrinsic marked inFigure 6C of all points in Figure 6C with p value
BFNs at the intragroup-speci c level from each session werequalto 6.1630 e 89, and the mean value (0.3591 Rigure 6B)
quite approximate to the corresponding ones at the intergroupf all points inFigure 6Bwas also signi cantly larger than the one
level. Meanwhile, three pairs of mutual correlations among th (0.1853, marked ifrigure 6D) of all points inFigure 6D with p
intragroup-speci ¢ BFNs estimated from the three sessiomsew value equal to 2.1511 e 172 The mean values of the points in
calculated, as shown iRigure 5, from which high correlations Figures 6B,Dcorresponding to the rstlevel ICA were relatively
could be clearly observed, demonstrating great reprodligiloif ~ small, and this was possibly due to that some BFNs could be
the intrinsic BFNs across the sessions. identi ed at the intergroup level, but not separated at thege

At the subject-speci c level, the BFNs identi ed by FMICA subject level by the traditional ICA. However, the ICA-R re-
were compared among sessions of the same subject and amagiimation procedure in FMICA could identify most of BFNs at
di erent subjects, respectively, and mean correlation cderts  the single subject level, demonstrating that the proposed FMICA
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FIGURE 6 | The correlation bar chart of 18 intrinsic BFNs against 25 sybcts on the test-retest resting-state datasets:(A) denoted the mean across-sessions
correlation among the intrinsic BFNs estimated by FMICA fohe different sessions of the same subject(B) denoted the mean across-subjects correlation among the
intrinsic BFNs estimated by FMICA for the different subject§C) denoted the mean across-sessions correlation among the iminsic BFNs estimated by FastICA for the
different sessions of the same subject(D) denoted the mean across-subjects correlation among the imtnsic BFNs estimated by FastICA for the different subjects.

could identify the subject-speci c BFNs more e ectively thdret Task2, and Task3) and the visual task dataset. Namely, there
traditional ICA did. were ten datasets as the input of FMICA, i.e., the resting-state
To intuitively compare the performance between the proposedatasets with three sessions, three test-retest tastedaelatasets
FMICA and the traditional ICA, the spatial maps of IC1 (i.e., Taskl, Task2, and Task3) with two sessions and thlvis
(DMN) identi ed by FMICA and FastICA for all three sessions task dataset with one session. In this experiment, as destrib
of the rst four subjects (for space limitation) as shown inin Section Some Key Points in FMICA Implementation, the
Figures 7A,B respectively, were taken as an example, from whictCASSO method was used to determine the optimal order for
it was obvious that the DMNs identi ed by FMICA had higher the intergroup-level analysis based on the stability measure
across-sessions than across-subjects consistency anth mué the estimated components for each order, as shown in
higher both across-sessions and across-subjects congisteFigure S2, demonstrating that the estimated components had
compared to the results of FastICA, implying that FMICA the highest mean/median stability and relatively smaluealof
had higher subject-speci ¢ BFNs identi cation capabilityath  standard deviation (STD) and inter-quartile range (IQR),emh
traditional ICA. the order was equal to 57. Therefore, the order was set to 57 in
In summary, results from the test-retest resting-stateadats Experiment 3.
demonstrated that the proposed FMICA model had high BFN Intragroup-speci ¢ BFNs for each of the 10 datasets and the
identi cation capability at intergroup, intragroup-speci cral  corresponding intergroup BFNSs, selected visually by the kxpe

subject-speci c levels. from the estimated components by FMICA, were showed in
] Figure 8 for the rst ve BFNs due to space limitation, and
Results of Experiment 3 results for the remaining 25 BFNs were shown in Figure S3. The

In this experiment, the intergroup and intragroup-specic TD lobes, Brodmann areas, AAL regions and the representative
analysis ability of FMICA was further validated by combiningMNI coordinates involved in these BFNs, were recorded in
the test-retest resting-state datasets, the test-resstrelated Table S2. It could be observed that most of the intrinsic
datasets for motor, language and spatial attention (i.eskTa BFNs extracted in Experiment 2 had high reproducibility in
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FIGURE 7 | The individual DMNs identi ed by FMICA and FastICA on the tesktest resting-state fMRI datasets with respect to four exarplars: (A) subject-speci ¢
DMNs identi ed by FMICA; (B) subject-speci c DMNs identi ed by FastICA.

Experiment 3, and better across-sessions than acrossetlatassame correlation analysis were performed across the tesstret
consistency of the BFNs was also observed. Correlationsisalytask datasets of Tasks 1, 2, and 3 from the same subjects,
was performed to quantify such consistency in various casewith results presented ifrigure 9B showing also a high mean
Firstly, mean and std values of correlation coe cients angdhe correlation of 0.8314 and thus implying across-tasks shityla
intragroup-speci ¢ BFNs from di erent sessions of the resting of the intrinsic functional connectivity architecturé-inn et al.,
state datasets under the same condition (e.g., session 1 an@ll9. Finally, correlation analysis were performed on completel
session 2 of resting-state datasets), were calculated esdiged  di erent kinds of datasets sharing neither sessions nor sask

in Figure 9A, demonstrating a high mean correlation of 0.8464with results shown irFigure 9C indicating a low correlation of

and thus implying high across-sessions reproducibility of th 0.5814 inferior to that inFigures 9A,Band thus demonstrating
BFNs in resting-state dataset$/éng et al., 2019b Then, the that the proposed FMICA was able to e ectively capture the
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FIGURE 8 | The spatial map distribution of rst ve BFNs at the intergroupand intragroup-speci ¢ levels in Experiment 3: each column dpicted a BFN at the
intergroup and intragroup-speci c levels; Rest_S i denotedhe ith session of test-retest resting-state datasets; Tasi_S j denoted the jth session of Task i from the
test-retest task-related datasets; Visual denoted the visal task dataset.
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FIGURE 9 | The spatial correlation curves of the intragroup-speci ¢ BRs generated by FMICA among the test-retest resting-state dasets, three test-retest
task-related datasets and visual task dataset(A) the spatial map correlation curves among the intragroup-seci ¢ BFNs from the same kinds of datasets with
different sessions;(B) the spatial map correlation curves among the intragroup-seci ¢ BFNs with respect to the test-retest task-related datasets; (C) the spatial map
correlation curves among the intragroup-speci ¢ intrinsidBFNs from different kinds of datasets.

di erences of intragroup BFNs across the dierent kinds of This FMICA consisted of four main procedures: (1) the rst-
datasets. level ICA decomposition to extract independent component
To summarize, it could be stated that the proposed FMICAfeature maps for each dataset of each subject; (2) the second-
was e ective for the intergroup and intragroup-speci c analysi level ICA decomposition to obtain the intragroup feature
and could characterize the group-speci c di erence. maps for each dataset; (3) the third-level ICA decomposition
to acquire intergroup BFNs across multiple datasets; (4)
the ICA-R decomposition to extract intragroup-speci ¢ BFNs
DISCUSSION and subject-specic BFNs based on intragroup feature maps
and individual IC feature maps, respectively. On one hand,
In this paper, a BFNs parcellation model based on feature mapsince FMICA used only the feature maps identied by
called FMICA, was proposed with demonstrated e ectivenesshe single-subject level ICA and the subsequent hierarthica
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processing steps were incorporated for multi-level analysis, has also the potential to provide new options to the investayati
was able to e ectively handle the big neurocimaging datasetsf the dynamic characteristics of brain networks.

with di erent acquisition parameters. On the other hand,

the experimental results showed that FMICA had greaCONCLUSION

capability for brain network identi cation at the subject-

speci ¢, intragroup, intragroup-speci ¢ and intergroup lesel In this study, we proposed a generalized feature-map based
For example, the results dfigures 3 6, 7 demonstrated the ICA model, named FMICA, which aimed at facing the
FMICAs more e ective identi cation ability of the subject- ever-increasingly big neuroimaging datasets with diverse
specic BFNs in contrast to the traditional ICA method; acquisition parameters. This proposed model was e ective
based on the results showed iRigure 9, the intragroup- to characterize BFNs at the subject-specic, intragroup,
speci ¢ BFNs showed the better across-sessions than acro@stragroup-specic and intergroup levels. The success of
datasets consistency, while the intragroup-specic ones alsMICA also implied that the feature maps used as the
uncovered group-speci ¢ di erence in the spatial distribution single-subject representatives could not only reduce the
compared to the intergroup ones (showed figure 8 and high dimensions of the original fMRI data to a small

Figure S3). one, but also capture the useful common and distinct

. . properties embedded in each original data. In summary,
Comparison with Other Feature-Based ICA this proposed FMICA was expected to have wide applications
Methods in neuroimaging neuroscience research, e.g., determining

It was proposed to perform ICA analysis by summarizingindividual brain functional ROIs, characterizing di ereneef
fMRI data of each subject as a feature map and applyinBFNs among individual subjects or among the contrast groups,
subsequently traditional ICA algorithms on these featuraps,  etc.

where features could be the amplitude of low frequency

uctuations (ALFF) maps for resting-state data or T-statist ETHICS STATEMENT

maps for task-related data, yielding BFNs strikingly simita

but slightly noisier than the results of spatiotemporal groupln this study, all the participants included in this study
ICA analysis (i.e., TCGICACalhoun and Allen, 2003 Very of visual dataset, test-retest task-related datasets asth t
recently, another novel feature-based ICA model using seedetest NYU resting-state datasets provided written infodme
based functional connectivity as summarizing features wagonsent according to procedures approved by the IRB
proposed [raji et al., 201} with performance highly depending of East China Normal University (ECNU), South East
on the choice of seeds. The proposed FMICA in this papebcotland Research Ethics Committee 01 and New York
took spatial maps of the independent components of théJniversity (NYU), respectively. Thus, all subjects gave wamitt
subjects as feature maps for group analysis. FMICA coulthformed consent in accordance with the Declaration of
produce the comparable intragroup BFNs to the spatiotemporalHelsinki.

domain based group ICA, as shown in Figure S4, implying
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