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It has been revealed that intersubject variability (ISV) in intrinsic functional connectivity (FC) is associated with a
wide variety of cognitive and behavioral performances. However, the underlying organizational principle of ISV
in FC and its related gene transcriptional profiles remain unclear. Using resting-state fMRI data from the Human
Connectome Project (299 adult participants) and microarray gene expression data from the Allen Human Brain
Atlas, we conducted a transcription-neuroimaging association study to investigate the spatial configurations of
ISV in intrinsic FC and their associations with spatial gene transcriptional profiles. We found that the multimodal
association cortices showed the greatest ISV in FC, while the unimodal cortices and subcortical areas showed
the least ISV. Importantly, partial least squares regression analysis revealed that the transcriptional profiles of
genes associated with human accelerated regions (HARs) could explain 31.29% of the variation in the spatial
distribution of ISV in FC. The top-related genes in the transcriptional profiles were enriched for the development
of the central nervous system, neurogenesis and the cellular components of synapse. Moreover, we observed that
the effect of gene expression profile on the heterogeneous distribution of ISV in FC was significantly mediated by
the cerebral blood flow configuration. These findings highlighted the spatial arrangement of ISV in FC and their

coupling with variations in transcriptional profiles and cerebral blood flow supply.

1. Introduction

Intersubject variability (ISV) in the functional connectivity (FC) of
the human brain underlies individual differences in cognition and be-
havior (Finn and Todd Constable, 2016; Kelly et al., 2012; Smith et al.,
2015). Recently, resting-state fMRI (R-fMRI) studies suggested that the
ISV in intrinsic FC exhibited a sizeable regional variation for both adults
(Li et al., 2019; Mueller et al., 2013) and neonates (Gao et al., 2014;
Stoecklein et al., 2020), with higher ISV in multimodal association cor-
tices than in unimodal cortices. These regions with high ISV in FC can
not only predict individual differences in higher-order cognitive func-
tions (e.g., inhibition and fluid intelligence) but also provide valuable
information for individual identification (Finn et al., 2015; Horien et al.,
2019; Liu et al., 2018). Moreover, previous works demonstrated that the
overall spatial pattern of ISV in FC detected in the neonatal brain was
similar to the spatial distribution observed in healthy adults (Gao et al.,
2014; Stoecklein et al., 2020). The similar overall spatial distribution of
ISV in FC between the neonatal brain and the adult brain highlighted
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the effect of gene expression on the spatial distribution of ISV in FC.
Moreover, human twin studies have suggested that the FC is heritable
(Anderson et al., 2021; Ge et al., 2017; Glahn et al., 2010; Miranda-
Dominguez et al., 2018). The similarity in FC was greater for monozy-
gotic twins relative to dizygotic twins and unrelated individuals. How-
ever, the mechanism underlying the contribution of genetic factors to
the heterogeneous distribution of ISV in FC remains poorly understood.

Previous studies have begun to explore the genetic basis of hu-
man brain FC organization (Gao et al., 2014; Richiardi et al., 2015;
Vértes et al., 2016; Wang et al., 2015). In the study of Gao et al. (2014),
the genetic contribution to ISV in FC was estimated by comparing FC
variability across monozygotic twins, dizygotic twins and unrelated sin-
gleton pairs. They found that an increased degree of genetic sharing
(100% in monozygotic twins) was significantly associated with a de-
crease in FC variability, which indicated a strong genetic effect on ISV
in FC. However, the previous study on the genetic contribution to ISV
in FC mainly revealed the high heritability of FC, and which genes are
associated with the heterogeneous distribution of ISV in FC remains un-
known. Doan et al. (2016) identified human accelerated regions (HARs)

Received 20 May 2021; Received in revised form 28 October 2021; Accepted 16 November 2021

Available online 17 November 2021.

1053-8119/© 2021 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/)


https://doi.org/10.1016/j.neuroimage.2021.118743
http://www.ScienceDirect.com
http://www.elsevier.com/locate/neuroimage
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neuroimage.2021.118743&domain=pdf
mailto:daizhengj@mail.sysu.edu.cn
https://doi.org/10.1016/j.neuroimage.2021.118743
http://creativecommons.org/licenses/by-nc-nd/4.0/

L. Li, Y. Wei, J. Zhang et al.

of the human genome, which represented genomic loci with accelerated
divergence in humans compared to other species using the comparative
genome analysis. Genes located in human accelerated regions, labeled as
HAR genes, have been found to relate to neuron development processes,
such as cortical expansion, neurogenesis, and neuronal differentiation
(Doan et al., 2016; Wei et al., 2019; Won et al., 2019), and regulate
human-specific social and behavioral traits (Doan et al., 2016). Notably,
the effect of HAR genes involved in various functions across the entire
human body, which is not specific to the brain. Wei et al. (2019) then
identified a set of HAR genes, labeled as HAR-BRAIN genes, by overlap-
ping HAR genes set with BRAIN genes set, which were characterized as
significantly higher expressed in brain sites than non-brain sites. They
found that HAR-BRAIN genes played a crucial role in the cortical ex-
pansion and cortical organization of cognitive functional networks in
the human brain. Recent research suggested that cortical expansion has
been considered to be an influential factor affecting the heterogeneous
distribution of ISV (Mueller et al., 2013; Stoecklein et al., 2020). There-
fore, we speculated that the regional variation in gene expression profile
of HAR-BRAIN genes would be a potential genetic underpinning of the
heterogeneous distribution of ISV in FC. However, how the gene expres-
sion profile shapes the heterogeneous distribution of ISV in FC remains
largely unknown.

The regions with high ISV in FC, which are primarily located in
the prefrontal and parietal cortices, largely overlap with the regions
with high cerebral blood flow (Liang et al., 2013). Resting-state cerebral
blood flow (CBF) reflects the regional metabolism level and is a funda-
mental physiological property of the human brain (Satterthwaite et al.,
2014). Moreover, resting-state CBF is also influenced by genetic factors
that are involved in neurogenesis and neuron development (Goyal et al.,
2014). In addition, a previous study has found that the genes that influ-
ence brain metabolism also regulate FC (Glahn et al., 2010). Hence, we
speculated that the brain metabolism level might mediate the effect of
gene expression on ISV in FC.

To uncover the mechanism underlying the contributions of genetic
factors to ISV in FC, we conducted a transcription-neuroimaging associ-
ation study (Fig. 1 for schematic of this study). Our first aim was to in-
vestigate the spatial configurations of ISV in FC based on high-resolution
R-fMRI data from the Human Connectome Project (HCP; 299 adult par-
ticipants) (Van Essen et al., 2013) and their relationship to a variety of
cognitive abilities based on the meta-analysis method of the NeuroSynth
database (Yarkoni et al., 2011). Based on previous studies (Gao et al.,
2014; Mueller et al., 2013), we hypothesized that the high ISV in FC
would be located in the association cortices, which tend to be respon-
sible for higher-order functions. Our second aim was to investigate the
relationship between gene expression profiles obtained from the Allen
Human Brain Atlas (Hawrylycz et al., 2012) and intersubject variability
in FC by directly examining the overlapping spatial variations of gene
expression profiles and ISV in FC. We hypothesized that the expression
of HAR-BRAIN genes, which are crucial for brain neuron development,
would significantly correlate with ISV in FC. Our third aim was to ex-
amine the potential mediation effect of resting-state CBF by conducting
a mediation analysis to model the relationships among the gene expres-
sion profile, CBF, and the spatial distribution of ISV in FC.

2. Materials and methods
2.1. Participants

Data of 339 unrelated healthy adults from the released dataset of 900
participants were obtained from the Human Connectome Project (HCP;
Van Essen et al., 2013). Since the HCP provides data from a large number
of twins and non-twin siblings, we only selected unrelated participants,
each with a unique family ID, to avoid confounding effects induced by
shared genetic and environmental factors within a family structure. All
participants were between 22 and 37 years old and had provided written
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informed content. The HCP project was approved by the Institutional
Review Board of Washington University in St. Louis.

2.2. R-fMRI data acquisition

All R-fMRI data were collected using a customized 32-channel
Siemens 3T Connectome Skyra scanner. During scanning, the partici-
pants were asked to open their eyes, stare at the bright cross-hair on a
black background, and relax. The R-fMRI data were collected in two ses-
sions on two different days. Each session consisted of two run scans with
a left-to-right (LR) and a right-to-left (RL) phase encoding direction, re-
sulting in 4 resting-state run scans for each participant. Each R-fMRI run
was acquired using a multiband gradient-echo-planar imaging sequence
as follows: time repetition (TR) = 720 ms, time echo (TE) = 33.1 ms,
flip angle = 52°, field of view = 208x180 mm?2, matrix = 104x90, 72
slices, voxel size = 2x2x2 mm3, multiband factor = 8, and 1200 vol-
umes (scanning time: 14.4 min). To eliminate the potential impact of
different phase encoding directions on our findings, our analyses were
restricted to the R-fMRI data with LR phase-encoding runs in two dif-
ferent sessions.

2.3. R-fMRI data preprocessing

The R-fMRI data were first preprocessed by the HCP according to
the HCP minimal preprocessing procedure (Glasser et al., 2013), which
included gradient distortion correction, head motion correction, image
distortion correction, spatial transformation to the Montreal Neurolog-
ical Institute (MNI) space, and intensity normalization. Forty partici-
pants were discarded due to excessive head motion in either session with
the exclusion criteria of mean frame-wise head motion above 0.14 mm
(filename: Movement_RelativeRMS_mean.txt) (Finn et al., 2015). There-
fore, 299 participants (28.46+3.69 years old, 139 male/160 female)
were used for subsequent analyses. Further data preprocessing con-
ducted by the current study was performed using the Data Process-
ing Assistant for Resting-State fMRI (DPARSF) (Yan and Zang, 2010;
Yan et al., 2016) and Statistical Parametric Mapping software (SPM12;
http://fil.ion.ucl.ac.uk/spm). These additional preprocessing steps we
performed included: (1) removing linear trend; (2) regressing out nui-
sance signals [including 24 head motion parameters (Friston et al.,
1996), cerebrospinal fluid, white matter and global signals (Birn et al.,
2006; Fox et al., 2009)]; and (3) performing temporal bandpass filtering
(0.01-0.1 Hz). The residuals were used to construct FC matrix.

2.4. FC matrix construction

To construct the whole-brain FC matrix, the parcellation atlas with
625 similar-sized regions was used to parcellate the brain gray matter
(excluding cerebellum) into 625 regions of interest (ROIs), which pre-
served the automated anatomical labeling (AAL) landmarks (Dai et al.,
2019; Tzourio-Mazoyer et al., 2002; Zalesky et al., 2010). The time se-
ries were then extracted from each ROI by averaging the time series
of all voxels within that region. Finally, the Pearson’s correlation co-
efficients between the time courses of each possible pair of ROIs were
calculated and normalized using Fisher’s z-transformation, resulting in
a 625x625 FC matrix for each participant.

2.5. ISVin FC

ROI-level ISV. To derive the spatial distribution map of ISV in FC
across the whole brain, we calculated the ISV in FC pattern based on
each ROI (Fig. 1). The FC map of each ROI was denoted as a 624-
dimensional real vector F;(s, t), where ie{1, 2, ..., 625}, se{1, 2, ...,
299}, te{1, 2} indicated the respective indices of ROIs, participants,
and scan sessions, and each element corresponded to the FC between
ROI i and the remaining 624 ROIs. Given an ROI i and a participant s,


http://fil.ion.ucl.ac.uk/spm

L. Li, Y. Wei, J. Zhang et al.

Neurolmage 245 (2021) 118743

A Intersubject Variability Map (Y) B Gene Expression Profile (X)
F(Sz,']) Donor{ Samples
F(s,2 Average Average 7
between-subject™  within-subject ! Genes {
F(s,1) Sessse";';; variability variability RO Ilevel ISVimatrix N
(s T
Fi(s:,2) Subject 2 ll‘wl f:‘ E Iqlu“(| K7
secson 1 I !Il.dl : 7\
ession Lol At 18 L
Session 2 A T b Donor 6 ’ Smles e O\
Subject1 T it \
- o Genes
F (S Average Average 1 BOlS
between-subject == within-subject \
Sezse“;;;n 2 variability variability 3]
Subject n
Average across all subjects
E Enrichment Analysis C Partial Least Squares Regression

D Gene-Specificity Anaysis

ROl-level ISV

I

PLS component —

F Mediation Analysis

ROl-level
CBF

Permuted runs

Gene ROl-level
(PLS component) | | ISV

Empirical correlation:

Correlation (null model)

ROIs
ROIs

Y
maximize
association

ISV

Fig. 1. Schematic diagram of study design and methodology. (A) Using the repeat-measured R-fMRI data from HCP to calculate the ROI-level ISV in FC. (B) Using the
microarray gene expression data across cortical regions from the Allen Human Brain Atlas to obtain the average gene expression profiles across six donors. (C) Using
the partial least squares regression to investigate the association between the distribution of ISV in FC and gene expression profiles. (D) Gene-specificity analysis of
ISV-related transcription-neuroimaging associations. (E) Gene enrichment analysis for top-related genes. (F) Mediation analysis for testing the relationships between
the genes, resting-state CBF and ISV in FC. ISV, intersubject variability; FC, functional connectivity; PLS, partial least squares; CBF, cerebral blood flow.

the within-subject variability in ROI-level FC between two sessions was
quantified as

V() =1 - corr(Fi(s, 1), Fy(s,2)), )

where corr was the function of the Pearson’s correlation. The average
within-subject variability of two different participants s; and s, for ROI
i was defined as

MY (5105) = 3 () + VY ()] @

In addition to the within-subject variability, the between-subject
variability between s; and s, for ROI i in each scan session was esti-
mated as

I/iB(sl,sz,t) =1- corr(Fi(sl,t), Fi(sz,l)). 3)

The average between-subject variability of two different participants
across two sessions for ROI i was defined as

M",-B(Slvsz)z%[ViB(Slssz’IHV,-B(Slvsbz)]~ “

Based on the above definitions, we defined the intersubject variabil-
ity (ISV) of ROI i between two different participants s; and s, by remov-
ing the average within-subject variability M V,.W(sI ,5,) from the average
between-subject variability MV (s, s,), i.e.,

ISVi(s1,55) = MVB(s1,5,) = MV (51, 5,). ©)

The intersubject variability ISV;(s) of an ROI i regarding a single
participant s was then calculated as the mean of the intersubject vari-
abilities between s and the other 298 participants. By averaging the in-
tersubject variabilities across all of the participants, we obtained the
average ISV of ROI i as follows:

299

ISV, Z ISV(s). (6)

i~ 299

Finally, we repeated the above computation for all 625 ROIs, result-
ing in a 625x1 ISV map.

Within-module-level ISV. To quantify the ISV in FC at the modu-
lar level, the 625 ROIs were partitioned into seven functional modules
(Yeo et al., 2011), including the visual (Vis), somatomotor (Mot), dorsal
attention (dATN), ventral attention (VATN), limbic (LMB), frontopari-
etal (FPN), and default mode network (DMN). In particular, each ROI
was assigned to the module that had the maximum number of voxels
overlapping with the ROI. Notably, 19 ROIs in the subcortical region
were not involved in the construction of the within-module FC maps
because they did not overlap with any of the above modules. For each
module, we first extracted the FC values between all pairs of ROIs within
the module to produce the within-module FC maps. Then, the ISV of the
within-module FC patterns was calculated in a similar way as that of
the above ROI-level ISV, except that the FC map of each ROI was re-
placed by the within-module FC map (for more details, please refer to
the Supplementary materials). As such, we obtained a 299x7 within-
module-level ISV matrix, in which each element was the mean of the
intersubject variabilities between a single participant and the other 298
participants within the related module.

To compare the mean within-module-level ISV difference between
different modules, a nonparametric permutation test (N = 10,000) was
performed. The false discovery rate (FDR) correction was adopted for
multiple comparisons with a significance threshold of p < 0.05.

2.6. Behavioral data

To investigate the mechanism of how the regional ISV in FC under-
lies previously observed individual differences in specific behavior and
cognition, a NeuroSynth meta-analysis was implemented to assess be-
havioral topics associated with regional ISV using the NeuroSynth meta-
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analytic database (http://www.neurosynth.org) (Yarkoni et al., 2011).
Specifically, the original ISV map was split into 20 intervals with five-
percentile increments (i.e., intervals from 0-5% to 95-100%) and then
binarized to obtain 20 binary maps. Each of the 20 binary maps was
used as an input to the meta-analysis, and the outputs of the analysis
were z-statistics associated with the 23 behavioral topics representing
a wide range of behaviors (e.g., motor, emotion, and working mem-
ory) (Margulies et al., 2016; Preti and Van De Ville, 2019). NeuroSynth
meta-analysis could provide additional insights into detailed differences
in ISV composition patterns of the brain regions involved in different
cognitive functions.

2.7. Gene expression

2.7.1. AHBA dataset

To characterize the genetic underpinnings of ISV in FC, the gene sym-
bol list of 415 brain-expressed HAR genes (further referred to as HAR-
BRAIN genes) was first obtained from Wei et al. (2019), and the gene
expression profiles of these HAR-BRAIN genes were extracted from the
complete microarray gene expression data from the Allen Human Brain
Atlas dataset (AHBA) (http://human.brain-map.org/static/download)
(Hawrylycz et al., 2012). AHBA consists of expression profiles of 20,700
genes measured by 58,692 probes for 3702 spatially distinct tissue sam-
ples collected from the postmortem brains of six human donors (all with-
out a history of neuropsychiatric or neuropathological disorders) (for de-
tails, see Table S1 and Supplementary materials). Tissue samples of the
left hemisphere were included in this study, as data from all six donors
were available for the left hemisphere, and only two donors were avail-
able for the right hemisphere. The local gene expression values of each
sample were accompanied by the X, Y, and Z coordinates in MNI152
space indicating where the samples were extracted, allowing us to map
expression values to other brain atlas.

After obtaining the gene expression values and the MNI152 co-
ordinates for each sample from AHBA, we adapted a data-reduction
and mapping procedure similar to that of Wei et al. (2019) and
Romme et al. (2017) to map the gene expression values of tissue samples
in AHBA to brain regions of AAL-625 atlas. First, for each donor, expres-
sion values from multiple probes corresponding to the same gene were
averaged to generate 20,700 gene expression levels for each sample, ac-
cording to the instructions in the Probe.csv of each donor’s microarray
data files. Further, gene expression values of all genes on each sample
were normalized by dividing by the average gene expression value of
the sample. Second, samples outside the left hemisphere were excluded
according to the sample annotation in SampleAnnot.csv of each donor’s
microarray data files. Third, we calculated the minimal Euclidean dis-
tance between the reported MNI coordinates of samples and the MNI
coordinates of all gray matter voxels located in the left hemisphere of
the AAL-625 atlas to find the closest voxel for each sample. Each sample
was assigned to a particular ROI to which the closest voxel belonged,
and a distance threshold of 2 mm was used to eliminate the inaccurate
assignment of ROL. We checked the assignment by visual examination
to ensure that the location of the sample overlapped with that of the
assigned ROI. After performing the above procedure, tissue samples of
six donors were spatially mapped to 302 ROIs.

The gene expression data were computed for each ROI by averaging
the expression data of the samples mapped to that particular ROI. Gene
expression data of each gene were normalized to z-scores across all ROIs
in each donor’s dataset. Normalized gene expression data were then av-
eraged across six donors to obtain a 302x20,700 group-level gene ex-
pression matrix. Gene expression data of 415 HAR-BRAIN genes were
extracted from the complete group-level gene expression data matrix,
resulting in a 302x415 HAR-BRAIN gene expression matrix. To inves-
tigate whether the HAR-BRAIN genes were more highly expressed par-
ticularly in the modules with high within-module-level ISV (e.g., FPN,
DMN, dATN), the HAR-BRAIN gene expression matrix was first aver-
aged across genes to obtain the average gene expression for each ROI
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and then averaged within each of the seven functional modules. A non-
parametric permutation test (N = 10,000) was performed to compare the
mean gene expression difference between modules with FDR for multi-
ple comparisons correction.

2.8. Relationship among ISV in FC, HAR-BRAIN gene expression, and CBF

2.8.1. Correlation between ISV map and HAR-BRAIN gene expression
profile

To test our hypothesis that the HAR-BRAIN gene expression may be a
genetic root of the heterogeneous distribution of ISV in FC, we used par-
tial least squares (PLS) regression to identify the expression patterns of
HAR-BRAIN genes that were significantly correlated with ISV in FC. PLS
regression is a multivariate analysis aiming to identify the components,
which were linear combinations of the weighted gene expression scores
(predictor variables), that were the most predictive to ISV in FC (re-
sponse variables). PLS regression has been widely used for neuroimag-
ing and transcriptional data analyses (Liu et al., 2020; Morgan et al.,
2019; Seidlitz et al., 2018; Vértes et al., 2016; Whitaker et al., 2016).
Here, we used the code shared by Whitaker et al. (2016) to conduct the
PLS regression.

To examine whether the real R? of the component that explained
more than 10% of the total variance (Liu et al., 2020) was significantly
larger than that achieved by chance, we permutated 10,000 spatial-
autocorrelation-preserving surrogate maps using the generative model-
ing implemented in BrainSMASH software (Brain Surrogate Maps with
Autocorrelated Spatial Heterogeneity, Burt et al., 2020) to generate the
R? null model for PLS regression. The reason for generating spatial-
autocorrelation-preserving surrogate map rather than completely ran-
dom map was to alleviate the confounding effect driven by spatial auto-
correlation structure, which is a ubiquitous property of spatially embed-
ded brain data, and to capture the transcriptomic-neuroimaging associa-
tion that cannot be solely attributed to general spatial trends (Burt et al.,
2020; Fornito et al., 2019; Markello and Misic, 2021). We also used
a similar permutation test with spatial autocorrelation controlled to
examine the significance of the empirical spatial correlation between
PLS components and the ROI-level ISV map. Moreover, to determine
whether the HAR-BRAIN genes were more specifically associated with
the ISV map than the other genes, we conducted two types of gene-
specificity analyses. Specifically, we randomly selected equal number
of HAR-BRAIN genes (i.e., 415 genes) from the pool of 2564 BRAIN
genes (excluding HAR-BRAIN genes, type I) and 20,285 AHBA genes
(excluding HAR-BRAIN genes, type II) to repeat the PLS regression for
10,000 times, respectively. The BRAIN genes featuring as significantly
more expressed in brain tissues compared to other available body sites
were obtained from Wei et al. (2019). The Spearman’s correlations be-
tween the PLS components and the ISV map obtained from 10,000 repe-
titions constituted two null models (type I and type II). Furthermore, we
used the bootstrapping method to estimate the error in the estimation
of the weight of each gene and divided the weight of each gene by the
estimated error to generate the corrected weight. We ranked the genes
according to their corrected weights, which represented their contribu-
tions to the PLS component.

To identify the possible biological functions of ISV-related genes,
in line with prior studies (Anderson et al., 2020), we performed gene-
category enrichment analysis (GCEA) for the top-ranked related genes
with positive weight (top 10%) in the first few significant components
by using the SBP-spatial ensemble null model implemented in a re-
cently released toolbox (Fulcher et al., 2021). Compared with randomiz-
ing gene-to-category assignments, SBP-spatial ensemble null model uti-
lizes an ensemble of phenotypes with a given spatial autocorrelation
structure, preserving the properties of the gene expression data (e.g.,
within-category gene coexpression and similar spatial autocorrelation
structure) and the spatial autocorrelation characteristic of the original
phenotype simultaneously, which may help to build a more conserva-
tive spatially constrained null distribution to reduce the false positive
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rate (Fulcher et al., 2021). Specifically, we used the Gene Ontology
(GO) term hierarchy files (data version 2019-04-17) and corresponding
annotation files for Homo sapiens (goa_human.gaf), which were down-
loaded from the Gene Ontology Resource (Ashburner et al., 2000) on
April 17, 2019 (Fulcher et al., 2021) to examine whether the top-ranked
related genes were enriched for the predefined GO categories that have
specific functional interpretations in three functional categories, includ-
ing biological process, cellular component, and molecular function. Ac-
cording to the pipeline of the GCEA toolbox, we completed the gene-to-
category annotations and preprocessed the hierarchy relationships be-
tween GO categories, and further restricted our analysis to GO categories
with 10-200 gene annotations (Fulcher et al., 2021). For each GO cate-
gory, we simulated 10,000 spatially autocorrelated surrogate ISV maps
using the BrainSMASH software (Burt et al., 2020) to constitute the null
model to test the significance of category-level gene score, which was
measured as the average spatial correlation between ISV map and gene
expression profile of multiple genes within the category. The p-values
were estimated after fitting the Gaussian distribution to the estimated
null distribution and the resulting p-values were corrected across GO
categories through FDR with p < 0.05. The GO categories with an FDR
p-value below 0.05 were reported.

2.8.2. Correlation between ISV map and the CBF map

To explore whether the spatial distribution of ISV in FC can reflect
the CBF configuration, we compared the spatial distributions of the ISV
map and those of the CBF map in the resting state, which shows the
brain regions’ metabolic costs (Satterthwaite et al., 2014). Specifically,
according to the MNI coordinates of the voxels within each ROI, the
blood flow values of the corresponding coordinates were extracted from
the CBF map and averaged to obtain an ROI-level CBF map based on
the AAL-625 atlas. Notably, we deleted 12 ROIs in which the blood flow
values of more than 90% of voxels within that ROI were zeros. Then,
we calculated the spatial correlation between the ROI-level ISV map and
CBF map and performed spatial-autocorrelation-preserving permutation
test to examine the significance of the empirical spatial correlation.

2.8.3. Mediation analysis

To test the hypothesis that the CBF distribution mediated the con-
tribution of the gene expression profile to the ISV map, a bootstrapped
mediation analysis was performed using the simple mediation model
(model 4) from the PROCESS macro in SPSS (Hayes, 2017). The medi-
ation analysis was conducted with 5000 bootstrap samples to generate
bias-corrected confidence intervals (CI). The indirect effect was consid-
ered significant when the bootstrapped 95% CI did not include zero
(Hayes, 2017).

3. Results

3.1. Spatial distribution of ISV in FC across brain regions and intrinsic
modules

We observed that the spatial distribution of ISV in FC [measured
by Eq. (6)] was regionally heterogeneous (Fig. 2A). The association
cortices, including the prefrontal (dorsolateral superior frontal gyrus,
middle frontal gyrus, inferior frontal gyrus), temporal (middle tempo-
ral gyrus, superior temporal gyrus), and parietal lobe (supramarginal
gyrus), showed high ISV. Meanwhile, the unimodal cortices, including
the primary visual (cuneus, lingual gyrus, superior occipital gyrus), sen-
sorimotor (postcentral gyrus, precentral gyrus), and subcortical areas
(pallidum, caudate nucleus, thalamus, amygdala) showed low ISV. This
pattern was compatible with previous observations of individual vari-
ability in FC (Mueller et al., 2013).

For within-module-level ISV, visual inspection indicated that higher-
order cognitive modules, including FPN and dATN, had the highest vari-
ability, whereas LMB and the primary modules, including the Vis and
Mot, had the lowest variability (Fig. 2B) (for details, see Table S2). The
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permutation test revealed that the ISV of the four higher-order cognitive
modules (FPN, dATN, DMN, vATN) was significantly higher than that
of LMB and the primary modules (Vis, Mot) (ps < 0.035, 10,000 permu-
tations, FDR corrected). In addition, the ISV of VATN was significantly
lower than that of FPN and dATN (ps < 0.024, 10,000 permutations,
FDR corrected) (for details, see Table S3).

3.2. Spatial distribution of ISV in FC reflected a cognitive spectrum from
primary to higher-order functions

By overlapping the 20 binary ISV maps with the 23 behavioral
topic maps available from the NeuroSynth database, we found that low-
ISV regions were more related to primary functions, such as "motor",
"multisensory processing", and "auditory processing", and high-ISV re-

"o

gions were related to higher-order functions, such as "language", "cogni-
tive control", "working memory", "numerical cognition" and "inhibition"
(Fig. 2C). The behavior of the topics arranged from bottom to top cor-
responded to the function of the modules in Fig. 2B that was sorted

according to the within-module-level ISV.

3.3. Expression profile of HAR-BRAIN genes across brain regions and
intrinsic modules

To investigate how the spatial distribution of ISV in FC was related
to the expression of 415 HAR-BRAIN genes, we mapped the samples in
the AHBA dataset to the ROIs, and estimated the average expression of
415 HAR-BRAIN genes for each ROI. HAR-BRAIN genes showed high-
level expression in regions of the frontal cortices (medial superior frontal
gyrus, orbital superior frontal gyrus, dorsolateral superior frontal gyrus),
temporal pole (superior temporal gyrus, middle temporal gyrus), and
anterior cingulate and paracingulate gyri. Meanwhile, the visual cor-
tices (fusiform gyrus, lingual gyrus) and subcortical regions (thalamus,
pallidum, parahippocampal gyrus, caudate nucleus, putamen) displayed
low-level gene expression (Fig. 3A). Hence, there was an overall ten-
dency that the average expression of HAR-BRAIN genes increased from
subcortical regions and primary areas to the association cortices.

The permutation test indicated that the HAR-BRAIN genes showed
significantly higher expression levels in LMB, DMN, dATN, vATN, and
FPN than in Vis (ps < 0.024, 10,000 permutations, FDR corrected), but
no significant difference was detected among these five modules (for
details, see Table S4 and S5). In addition, the gene expression in the
DMN was significantly higher than that in the Mot (p = 0.024, 10,000
permutations, FDR corrected) (Fig. 3B).

3.4. Gene expression profile was associated with the spatial distribution of
ISVin FC

Using PLS regression, we found that two significant components ex-
plained 31.29% of the variance in ISV (p < 0.001, permutation tests
with spatial autocorrelation corrected, 10,000 permutations) (Fig. S1
and S2). Specifically, the first partial least squares component (PLS1)
represented a significantly positive association between ISV in FC and a
gene expression profile characterized by high expression mainly in the
prefrontal, parietal, and lateral temporal areas (Spearman’s p = 0.532,
p = 0.0004, permutation tests with spatial autocorrelation corrected,
10,000 permutations) (Fig. 3C, 3D). The second independent partial
least squares component (PLS2) also represented a significantly posi-
tive association between ISV in FC and a gene expression profile dis-
playing high expression predominantly in the subcortical, temporal and
prefrontal areas (Spearman’s p = 0.432, p = 0.0011, permutation tests
with spatial autocorrelation corrected, 10,000 permutations) (Fig. 3F,
3G). The results of type I gene-specificity analysis showed that the
Spearman’s correlation between PLS1, PLS2, and ISV in FC was sig-
nificantly higher than that of the null model (PLS1: p < 0.001; PLS2:
p = 0.0167), which was based on equally sized random gene sets taken
from BRAIN genes (Fig. 3E, 3H). The type II gene-specificity analysis
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based on the AHBA gene pool found that the Spearman’s correlation be-
tween PLS1 and ISV remained significantly higher than that of the null
model (p = 0.0078) (Fig. S3A), while the association between PLS2 and
ISV was no longer significant (p = 0.2613) (Fig. S3B). These findings
suggested that the spatial expression pattern of PLS1 component played
a specific role in shaping the spatial distribution of ISV in FC.

The GCEA results showed that the transcriptional profile of PLS1
component was significantly enriched in GO categories related to the
biological processes involved in central nervous system development,
regulation of cell development, neurogenesis, neuron differentiation
and metabolic process (ps < 0.05, FDR corrected), and the transcrip-
tional profile of PLS1 component was significantly enriched in GO cate-
gories associated with the cellular components of the synapse, synaptic
membrane, plasma membrane (integral component and intrinsic compo-
nent), and cell junction (ps < 0.05, FDR corrected). Moreover, the tran-
scriptional profile of PLS1 component was also significantly enriched in
GO categories related to the molecular function such as protein binding
and ion binding (ps < 0.05, FDR corrected). Meanwhile, the GCEA re-
sults of the transcriptional profile derived from PLS2 component were

similar to that of PLS1 component (ps < 0.05, FDR corrected). Detailed
results of GCEA, which included the significant GO category name, gene
symbol, category scores, original and corrected p-values, were tabulated
in Supplemental Table 1-6 (Supplemental Table 1-3 for PLS1 and 4-6
for PLS2).

3.5. CBF mediated the association between the gene expression profile and
ISVin FC

As reported by Satterthwaite et al. (2014), brain CBF varied region-
ally in the resting state, with high CBF primarily distributed in the bilat-
eral dorsolateral prefrontal cortex, superior and medial frontal cortex,
posterior cingulate cortex, lateral temporal cortex and inferior parietal
lobes (Fig. 4A). A significant positive correlation was shown between
the CBF and ISV in FC (Spearman’s p = 0.336, p = 0.0034, permuta-
tion tests with spatial autocorrelation corrected, 10,000 permutations)
(Fig. 4B). Additionally, we found that higher gene expression of PLS1
was associated with higher CBF (path a: f = 0.313, p < 0.001). After
controlling the influence of PLS1, higher CBF was related to higher ISV
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(path b: g = 0.201, p < 0.001). After considering the effect of CBF, the
effect of PLS1 on ISV was weakened (path ¢ g = 0.378, p < 0.001,
from path c: § = 0.441, p < 0.001). Furthermore, mediation analysis
revealed that CBF was a significant mediator (indirect effect = 0.063,
95% CI = [0.031, 0.104]), partially explaining the positive association
between PLS1 and ISV (Fig. 4C, top), while CBF did not mediate the
positive association between PLS2 and ISV (indirect effect = 0.019, 95%
CI = [-0.008, 0.050]) (Fig. 4C, bottom).

4. Discussion

Using R-fMRI, gene expression, and CBF data, we showed that the
changes in the human genome during evolution played an important
role in shaping the distribution of ISV in FC. First, we found that ISV in

FC distributed heterogeneously across the whole brain, showing greater
ISV in multimodal association cortices whilst less ISV in unimodal cor-
tices and subcortical areas. Additionally, we found that the spatial dis-
tribution of ISV in FC reflected a cognitive spectrum from primary
to higher-order functions using a NeuroSynth meta-analysis. Second,
we demonstrated that the spatial distribution of ISV in FC was corre-
lated with the transcriptional profiles of HAR-BRAIN genes across re-
gions, and the most correlated genes were related to the development
of synapses and the central nervous system, neurogenesis, and neuron
differentiation. Finally, we revealed that the effect of the gene expres-
sion profile on the heterogeneous distribution of ISV in FC was signifi-
cantly mediated by the CBF configuration. Together, these findings may
enhance our understanding of the molecular and neural mechanisms
associated with the spatial arrangement of ISV in FC.
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4.1. Spatial distribution of ISV in FC

The overall pattern of ISV in FC observed in healthy young adults
was comparable with the distribution observed in healthy elderly people
(Mueller et al., 2013) and in infants (Gao et al., 2014; Stoecklein et al.,
2020), suggesting that the overall pattern of ISV in FC may be con-
sistent across different age groups. Previous studies have consistently
found that the spatial distribution of ISV in FC emerges during infancy
(Gao et al., 2014; Stoecklein et al., 2020), which may reveal the con-
tribution of genetic influences to ISV in FC. In addition, when com-
paring the pattern of ISV in FC of the neonate brain with that of the
adult brain, the association cortices demonstrated a marked increment
of ISV in FC for adults, which reflected that postnatal environmen-
tal and developmental factors were likely to contribute to ISV in FC
(Stoecklein et al., 2020). These results suggest that the genes and en-
vironment shape the ISV in FC together. In addition, previous studies
have shown that association cortices expanded dramatically during hu-
man brain evolution, while the primary cortices showed small corti-
cal expansion (Ardesch et al., 2019; Buckner and Krienen, 2013). The
association cortices also expanded more during postnatal development
and matured more slowly (Buckner and Krienen, 2013; Hill et al., 2010;

Tau and Peterson, 2010), which may make the association cortices more
susceptible to developmental environments, such as education, leading
to the observed high variability in FC. The function of primary cor-
tices may tend to be similar across individuals since the primary cor-
tices need to be relatively mature in early life to support early sur-
vival, such as supporting functions like vision and movement (Lin et al.,
2008; Smyser et al., 2010), making postnatal environment less influ-
ential on primary cortices. Notably, we found that the limbic system
exhibited the lowest variability among all functional modules, which
was inconsistent with its moderate variability observed in a previous
study (Fig. 2B; Mueller et al., 2013). The discrepancy may be caused by
different sample ages. Although the spatial distribution of ISV detected
in different age groups was similar in the overall pattern, which demon-
strated greater ISV in multimodal association cortices and less ISV in
unimodal regions (Gao et al., 2014; Ma et al., 2021; Stoecklein et al.,
2020), there are still some differences in the ISV values across differ-
ent age groups. For example, the multimodal association cortices of
adult brain demonstrated a marked increase in variability compared
with infant brain, which was thought to result from more interactions
between gene expression and environment over a longer period of time
(Gao et al., 2014; Stoecklein et al., 2020). Meanwhile, a recent study
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found that the individual variability in FC of the subcortical network,
which has a strong regional overlapping with the limbic system, in-
creased significantly with age, although it was still lower than that in
the association cortices (Ma et al., 2021). Further, they found that com-
pared with other functional networks, the individual variability in FC
of the subcortical network was relatively low in adults, while relatively
high in the elderly. Hence, it may be reasonable that our findings based
on young people (28 years old) were different from those based on older
people (52 years old) (Mueller et al., 2013), and further study is needed
to depict the development curve of ISV in FC across the lifespan.

4.2. Expression of synapse and neuron development-related genes was
associated with ISV in FC

We found that the expression profiles of the genes related to human
brain evolution (HAR-BRAIN genes) were positively correlated with the
spatial distribution of ISV in FC. In other words, HAR-BRAIN genes were
more highly expressed in the association cortices than in the unimodal
cortices, leading to an overall trend of higher gene expression in higher-
order cognitive modules than in primary modules, which was in accor-
dance with previous work done by Wei et al. (2019). The expression
of HAR-BRAIN genes is known to be involved in the evolutionary cor-
tical expansion of the human brain (Wei et al., 2019), which is con-
sidered a potential cause of ISV in FC (Mueller et al., 2013; Wang and
Liu, 2014). These findings suggested that the expression profiles of HAR-
BRAIN genes played an important role in shaping the distribution of ISV
in FC, which may be achieved by shaping the evolutionary cortical ex-
pansion of the human brain.

Moreover, we found that the HAR-BRAIN genes, which were highly
associated with ISV in FC, were significantly enriched for genes involved
in synapse development, development of the central nervous system,
neurogenesis, neuron differentiation and metabolic process. Previous
studies have demonstrated that neurogenesis and neuron differentiation
are critical processes in the generation and development of neurons in
the human brain (Ming and Song, 2011), suggesting that HAR-BRAIN
genes may affect ISV in FC by regulating neuron development and
synaptic pruning. In the gene-category enrichment analysis on the top
10% PLS1 genes, we observed some common HAR-BRAIN genes associ-
ated with human brain development. For example, ADCYAP1 modulates
dendritic spine maturation and morphogenesis (Hayata-Takano et al.,
2019), CDH10 is essential in managing the ratio of excitatory and in-
hibitory synapses on dendrites (Batool et al., 2019), and CTNNAZ2 is
widely expressed in the central nervous system and is critical for synap-
tic plasticity and brain morphogenesis (Terracciano et al., 2011). These
findings also suggested that HAR-BRAIN genes may influence ISV in FC
by involving synaptogenesis and synaptic plasticity.

We found that both the spatial variation of gene expression and that
of ISV followed a global spatial gradient, extending from primary senso-
rimotor cortices to higher-order association areas, which was consistent
with the well-known processing hierarchy of the human brain (for re-
view, see Huntenburg et al., 2018). To examine the potential role of
cortical hierarchy, we conducted a mediation analysis with the princi-
pal gradient scores sourced from Margulies et al. (2016) as the media-
tor. Results indicated that the principal gradient partially mediated the
positive association between the gene expression pattern of PLS compo-
nent and ISV map (please refer to Supplementary materials and Fig. S4).
When we controlled the influence of the principal gradient, the effect
of gene expression pattern on ISV distribution was weakened but re-
mained significant, which suggested that the relationship between gene
expression and ISV may exist beyond broad spatial gradient. Previous
studies have consistently found that brain-wide gene expression profile
follows hierarchical gradients (Burt et al., 2018; Fornito et al., 2019;
Hawrylycz et al., 2012). Moreover, the hierarchical gradient was con-
sidered to reflect a gradual increase in the degree to which stimuli un-
dergo multisensory integration, suggesting that individual differences

Neurolmage 245 (2021) 118743

were more likely to occur in advanced cognitive integration processes,
rather than in primary cognitive processes.

In the type II gene-specificity analysis based on 20,285 AHBA genes,
the correlation between PLS2 gene expression pattern and ISV distri-
bution was no longer significant, suggesting that the gene expression
pattern of PLS2 component may not be specifically related to ISV distri-
bution, but was driven by the general genome-wide expression pattern.
Hence, we suggest caution when interpreting the findings of PLS2 gene
expression pattern. Notably, the spatial correlations between PLS1 gene
expression profile and ISV map were both significantly higher than that
of BRAIN genes and AHBA genes, which highlighted the specific role of
PLS1 component in shaping the spatial pattern of ISV.

4.3. CBF map mediated the positive association between the gene
expression profiles and ISV in FC

We found that CBF partially mediated the positive association be-
tween the gene expression profiles of HAR-BRAIN genes and ISV in FC.
In other words, the brain regions with high levels of HAR-BRAIN gene
expression tended to receive more CBF and induce high ISV in FC. The
regions with high-level gene expression were mainly distributed in the
association cortices, which largely overlapped with the brain regions
with high CBF (Liang et al., 2013). Combining the results of gene en-
richment analysis and mediation analysis, we speculated that the high-
level gene expression in association cortices might drive the generation
of a greater number of synapses and more complex synapse connectivity
architecture (Goyal and Raichle, 2013). To support the normal develop-
ment of synapses and their neural activity in these regions, more blood
flow is required to provide nutrient supplies such as oxygen and glucose.
Moreover, a previous study found that the spatial variation in CBF was
positively associated with gene expression profiles related to synapse
formation and growth (Goyal et al., 2014; Richiardi et al., 2015), which
is consistent with our results. Moreover, CBF can influence the forma-
tion of FC. The fluctuation of CBF among individuals may result in ISV
in FC patterns, especially in the association cortices. The association
cortices with high CBF had a higher demand for metabolism and en-
ergy consumption, which may make them more vulnerable to fluctua-
tions in CBF among different individuals and insufficient blood supply
(Crossley et al., 2014). On the other hand, as mentioned above, CBF
plays an important role in synaptic development, so fluctuations in CBF
among individuals may also lead to individual differences in brain devel-
opment (Paniukov et al., 2020; Satterthwaite et al., 2014), especially in
association cortices where the developmental time course is longer than
that of primary cortices. These studies provide support for our finding
that brain CBF plays a role in mediating the relationship between the
gene expression profile and the heterogeneous distribution of ISV in FC.

5. Limitations

Several limitations of the current study should be considered. First,
the gene expression data from the AHBA were sampled from six donors
who had different ethnicities and sexes. This limited sample might have
created a bias in capturing the spatial variation in gene expression pro-
file. However, AHBA is currently the only publicly available database
that can provide high-resolution brain-wide mRNA gene expression
data. In the future, larger samples containing brain-wide genome-wide
gene expression data are needed to obtain a more reliable spatial pattern
of gene expression profile and verify our findings. Moreover, future re-
search could explore the relationship between the inter-individual vari-
ability of regional gene expression and regional ISV in FC based on larger
samples containing brain-wide genome-wide gene expression data. Sec-
ond, considering that the gene expression map and ISV map are both
calculated based on adult samples and the correlational method was
used in the current study, there are limitations in establishing causal
molecular mechanisms of the ISV pattern. The current study could be
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regarded as a preliminary study to explore the relationships between
the gene expression profile, CBF, and ISV in FC based on spatial similar-
ity. Third, the currently reported variability map was constructed based
on the imaging data of living participants, while the gene expression
data were derived from postmortem brains, and the CBF map was con-
structed based on another dataset. Therefore, the results may be influ-
enced by differences among the datasets, making it difficult to capture
the relationship among the gene expression profile, CBF, and ISV in FC
at the individual level. Future studies could implement individual-level
genome-wide analysis and metabolic data to help further understand
the genetic and physiological basis underlying ISV in FC.
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