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Human cognition is usually underpinned by intrinsic structure and functional neural co-activation in
spatially distributed brain regions. Owing to lacking an effective approach to quantifying the covarying
of structure and functional responses, how the structural-functional circuits interact and how genes
encode the relationships, to deepen our knowledge of human cognition and disease, are still unclear.
Here, we propose a multimodal covariance network (MCN) construction approach to capture interregional
covarying of the structural skeleton and transient functional activities for a single individual. We further
explored the potential association between brain-wide gene expression patterns and structural-
functional covarying in individuals involved in a gambling task and individuals with major depression
disorder (MDD), adopting multimodal data from a publicly available human brain transcriptomic atlas
and 2 independent cohorts. MCN analysis showed a replicable cortical structural-functional fine map
in healthy individuals, and the expression of cognition- and disease phenotype-related genes was found
to be spatially correlated with the corresponding MCN differences. Further analysis of cell type-specific
signature genes suggests that the excitatory and inhibitory neuron transcriptomic changes could account
for most of the observed correlation with task-evoked MCN differences. In contrast, changes in MCN of
MDD patients were enriched for biological processes related to synapse function and neuroinflammation
inastrocytes, microglia, and neurons, suggesting its promising application in developing targeted therapies
for MDD patients. Collectively, these findings confirmed the correlations of MCN-related differences
with brain-wide gene expression patterns, which captured genetically validated structural-functional
differences at the cellular level in specific cognitive processes and psychiatric patients.
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Introduction

Multimodal fusion takes advantage of complementary infor-
mation from multiple neurophysiological techniques, e.g.,
functional magnetic resonance imaging (fMRI), diffusion MRI
(dMRI), structural MRI (sMRI), and electroencephalography
(EEG). This will help us explore the complex interplay of
structural-functional alterations in the brain of healthy controls
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(HCs) [1] or patient populations [2]. Despite the increased
effort in exploring multimodal fusion, unimodal approaches
are still the mainstream when investigating the covariance
networks (CNs), as CNs usually reflect the interindividual
covariation in brain morphology of different brain areas [3].
The integration of functional and structural modalities helps
deepen our understanding of cognitive processing, as well as
improve clinical diagnostics [4,5]. EEG in particular provides
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excellent temporal resolution for the continuous reading out
of the brain’s electrical activity, which is advantageous to prob-
ing the fine-grained temporal process of human cognition [6].
In this regard, our previous study investigating data fusion from
multiple modalities has demonstrated that the addition of EEG
improved analytical sensitivity [7]. Moreover, there is a con-
sistent degree of topological isomorphism between whole-brain
functional and structural networks [8], and the structural-
functional couplings are not fixed but rather present significant
flexibility during task execution [9] and dynamic reorganiza-
tion in brain diseases [10]. Hence, rather than constructing
CNs by unimodal information, in our current work, individual
multimodal CN (MCN) is proposed to capture the interre-
gional structural-functional covarying patterns from multiple
modalities. Methodologically, as an extension of the morpho-
metric similarity network [11], MCN can be constructed for a
single individual and potentially used to capture the brain’s
altered structural-functional covariance related to specific cog-
nitive processes (e.g., decision-making) or psychiatric disorders
[e.g., major depression disorder (MDD)].

Manifestation of human brain networks in both functional
[12] and structural connectomes [13] is highly heritable,
implying that brain connectivity is genetically encoded. In
this regard, functional connectivity has been proposed to be
encoded by the transcriptome, which could be the underlying
mediating factor between the human genome and cognition
[14]. In addition, structural organization underlies and con-
strains functional connections, and the latter may be a more
suitable mediator than structural connectivity between genes
and cognitive processes and behaviors [14]. Hence, accurately
quantifying the interregional covariant relationship between
the brain’s transient functional activities and structural frame-
work by MCN is vital to understanding how brain circuits
interact to satisfy the needs of cognitive functions, and how
genes encode such interactions.

Establishing how neurobiological processes combine to
underpin human cognition requires multiscale and multimodal
information, including genetic and cell-specific transcriptomic
assessments, as well as brain functional and structural datasets.
In recent decades, human brain imaging genetics appeared as
a promising approach to exploring the molecular mechanism
of the structural and functional connectome organizations [15].
Particularly, the Allen Human Brain Atlas (AHBA) has been
largely applied to probe brain transcriptomic changes related
to various brain connectivity in human neuroimaging [16].
Specifically, multiple lines of evidence have reached a consensus
regarding the relationship between conserved gene expression
patterns and structurally/functionally relevant circuits under-
lying brain cognition [17,18]. The combined neuroimaging and
gene expression datasets have also provided insight into how
pathological alteration in the cellular architecture through tran-
scriptomic dynamics drives macroscale functional and struc-
tural brain network changes in different disease conditions [19],
such as schizophrenia [20]. To date, the relationship between
cognition and disease-specific structural-functional covarying
patterns with corresponding molecular and cellular alterations
in the human brain remains largely unknown.

Understanding how macroscopic structural-functional
connectomes are intertwined to influence cognition and
behavior through genes, cells, circuits, and networks is an
important and promising research field in human neurosci-
ence. Here, we first develop an approach to construct MCN for
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a single individual by combining multiple modalities of MRI
with electrophysiological signals, aiming to capture the structural-
functional covarying patterns for different brain states or
disease conditions. Once the replicability and robustness of
individual MCNs were assessed in 2 independent datasets,
partial least squares (PLS) regression was performed to map
these MCN variations to anatomically patterned gene expres-
sion from the AHBA. Finally, functional enrichment analyses
were implemented to illustrate the aggregated ontological
pathways for cognition- or disease-specific genes, which were
further linked to specific cell types contributing most to the
transcriptomic variations corresponding to the alterations
in MCN.

Results

Study design and overview

In this study, neuroimaging, electrophysiological, and tran-
scriptomics data were integrated to investigate the interre-
gional structural-functional covariance by MCN and to
determine potential associations between MCN and gene
expression (Fig. 1). Two independent cohorts, a discovery
cohort recruiting healthy participants to perform a classical
gambling task and a resting-state validation cohort of MDD
from the EMBARC Project [Establishing Moderators and
Biosignatures of Antidepressant Response in Clinical Care,
National Institute of Mental Health (NIMH)-funded multi-site
clinical trial project for MDD] [21], were included to explore
these associations. First, the resting-state multimodal datasets
of healthy participants in both cohorts were applied to test the
capacity and validate the replicability of our developed MCN
in capturing interregional structural-functional covarying in
the human brain (Fig. 1A). Then, for the discovery cohort, we
established the relationship between task-evoked MCN changes
(Fig. 1B) and whole-brain gene expressions adopting the AHBA
dataset, and further extracted a list of genes underlying
task-related structural-functional covarying. Finally, we
explored the relationships underlying MDD-MCN abnor-
malities in the validation cohort with the AHBA transcriptomic
data to probe the molecular mechanism of brain structural-
functional changes in MDD patients (Fig. 1B and C).

Replicable multimodal covariance patterns
in 2 cohorts

For both cohorts, we first evaluated the structural MCNs
(S-MCNs) constructed by DTT and T1 features, which exhibited
the anatomical framework of intrinsic structures, depicted in
the first column of Fig. 2A and B. Meanwhile, MCNs were
constructed by resting-state EEG features (E-MCNs), showing
the interregional interactions of functional activity (the second
column of Fig. 2A and B). Although MRI reflects highly spatial-
resolved brain information and EEG captures the time-resolved
functional activity, the fusion of multimodal features is still
unexplored when investigating the CNs. As such, based on
the structural framework, the resting-state fMRI or EEG
features were merged to testify how functional dynamics
covary with its morphological substrates, and the structural-
functional MCNs (SF-MCNs) and structural-EEG MCNs
(SE-MCNs) were accordingly constructed (the third and fourth
columns of Fig. 2A and B, respectively). In addition, the com-
bination of the fMRI and EEG features further constitutes the
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Fig.1.Overview of the analysis pipeline. (A) Construction of multimodal covariance network (MCN) for a single individual. MCN was constructed across multimodal structural
and functional information that were parcellated by the Desikan-Killiany (D-K) atlas (a total of 308 regions). (B) Cognition- or disease-related changes in MCN. Two independent
cohorts were included: Task-evoked MCN alterations were investigated in the discovery cohort, while the validation cohort probed the MDD-related MCN changes. (C) Gene
annotation. Transcriptome and MCN associations were first established by partial least squares (PLS) regression, based on which enrichment analyses were implemented on

genes related to the first component of PLS (PLS1).

functional-EEG MCNs (FE-MCNs), which preliminarily cap-
ture the intramodularity covarying of the visual, somatomotor,
and limbic networks (the fifth column of Fig. 2A and B).
Importantly, as displayed in the sixth column, the integration
of the structural, functional MRI, and EEG features, i.e., the
structural-functional-EEG MCNs (SFE-MCNs), eventually
presents the strengthened modular covarying within the visual,
somatomotor, and limbic networks.

Since hierarchical modularity is generally considered as an
organizing principle of the human brain [22], the network
modularity was computed and compared among various
MCNs. As expected, the network modularity was consistently
increased with the fusion of more brain modalities, and espe-
cially, the SFE-MCN modularity is significantly and consist-
ently increased when compared to that of S-MCN, SF-MCN,
E-MCN, and SE-MCN in both cohorts (P < 0.05; Fig. 2C and
D). Although no significant difference was identified between
the SFE-MCN and FE-MCN modularity (P = 0.12), enhanced
network modularity of SFE-MCN compared with the FE-MCN
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can still be observed (Fig. 2C and D). More importantly, the
modular parameter of SFE-MCN was significantly different
between resting- and task-state in the discovery cohort
(Fig. 2E), as well as between MDDs and HCs in the valida-
tion cohort (Fig. 2F). No such interstate and intergroup differ-
ences are identified for S-MCN, E-MCN, SF-MCN, SE-MCN,
and FE-MCN. In addition, taking the task behaviors into
account, we then explored the relationships between the task
MCN properties [i.e., the characteristic path length (L), global
efficiency (Ge), local efficiency (Le), and clustering coefficient
(O] and risky performance during the gambling task for the
discovery cohort (Table S4 and Supplementary Results 1).
Specifically, for S-MCN, E-MCN, and SF-MCN, no correlations
between network properties and risky rates were identified
(P> 0.05). Interestingly, although the SE-MCN, FE-MCN, and
SFE-MCN properties were identified to be significantly related
to the risky performance (P < 0.05), SFE-MCN exhibited the
highest correlation coefficients (Table S4 and Fig. 2G; C: r =
0.51, P=0.01; L: r = —0.53, P = 0.01; Ge: r = 0.54, P < 0.01;


https://doi.org/10.34133/research.0171

Research

= Visual = Somatomotor = Dorsal attention = Default mode  Limbic == Frontoparietal = Ventral attention

c 0.45 = D 0.56 — E 0.45 pik F 0.6+
0.50 = : |
0.40 0.40 0.5 X
z @ . 0.45 N S
5 i f % ¢
S 0.35 4 0.40 0.354 0.4 /)
= OY00YY wdefed 50644090
= 0.35 .
0.30 . 0.304 0.3+
A= Ly 0.30 - ‘
" e W Rest W Task WS HC == MDD
025 T Ll T T T 1 T T . T T T ] 025 T 1 T I 1 02 T T I Ll 1
S E SF SE FE SFE § E SF SE FE SFE E SF SE FE SFE E SF SE FE SFE
23)=0.51, P=0.01 23)=-0.53, P=0.01 23)=0.52, P=0.01
G 031 23) L, 0.45 035 n2s)
0.29 - 0.43 - 0.33 A
o 3 5
027 A 0.41 0.31 1
025 0.39 - ~ . 029
0 02 04 06 08 0 0.2 04 06 08 0 0.8 0
Risky rate Risky rate
181)=-0.18, P = 0.01 181)=0.18, P =0.01
H 0.36 aten 0.5 abucil 0.49
: o
0.34 | ® 038 o W
0.46 0.47 - g
¢ 032 - 3 3 0.36
0.42 - 0.45 4
0.3 4 0.34
' L
028 T T T 038 T T T 0.43 T T T 032 T T T
0 10 20 30 40 0 10 20 30 40 0 10 20 30 40 0 10 20 30 40
HAMD score HAMD score HAMD score HAMD score

Fig.2.MCN in the discovery and validation cohort. (A) Resting-state MCNs of the discovery cohort. (B) Resting-state MCNs of the validation cohort. S-MCN: MCN constructed
by sMRI; E-MCN: MCN constructed by EEG; SF-MCN: MCN constructed by sMRI and fMRI; SE-MCN: MCN constructed by sMRI and EEG; FE-MCN: MCN constructed by fMRI
and EEG; SFE-MCN: MCN constructed by sMRI, fMRI, and EEG. (C) Modularity of various MCNs in the discovery cohort. (D) Modularity of various MCNs in the validation cohort.
The colored violins represent the modularity of S-MCN, E-MCN, SF-MCN, SE-MCN, FE-MCN, and SFE-MCN, respectively, and the binary color-coded line with asterisk reflects
a significant modularity difference between 2 corresponding MCNs represented by the 2 colors (P < 0.05). (E) MCN modularity of the resting state and gambling task in the
discovery cohort. (F) MCN modularity of HCs and MDDs in the validation cohort. The asterisk indicates the significant difference in the modularity (P < 0.05). (G) Relationships
between the task SFE-MCN properties and risky rates in the discovery cohort. (H) Relationships between the SFE-MCN properties of the MDD and HAMD scores in the validation
cohort. The black line represents the fitted curve, and the colored circles denote the participants.

Le: r = 0.52, P = 0.01), suggesting the highest potential and =~ MDD patients in the validation cohort, the relationships bet-

sensitivity of SFE-MCN in reflecting individual cognitive per-
formance. Namely, the inclusion of EEG attributes with high
temporal precision effectively increases the sensitivity of MCN
in detecting cognition-related neural activity. Likewise, for the
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ween MCN properties and the Hamilton Depression Rating
Scale (HAMD) were also assessed in Table S5. In detail, no
significant correlations were identified between clinical scales
and properties of S-MCN, E-MCN, SE-MCN, SE-MCN, or
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FE-MCN (P > 0.05). Only the L (r = 0.18, P = 0.01) of SFE-
MCN exhibited a significant positive correlation with the
HAMD scores, and the Ge (r = —0.21, P< 0.01), Le (r = —0.19,
P=0.01),and C (r=—0.18, P = 0.01) of SFE-MCN exhibited
negative relationships (Fig. 2H), which is helpful to track the
disease severity of depression patients.

Furthermore, the sum of the weighted linkages between a
specific area and its connections to others was calculated and
defined as the regional MCN. Then, the grand average regional
MCNs of the discovery and validation cohort were separately
calculated, and Pearson’s correlation was adopted to probe the
spatial similarity of regional MCN between the 2 independent
cohorts. From Table S6, we found that the regional MCN rep-
licability between the 2 cohorts was increased, along with the
addition of information from more modalities, and especially,
among these MCNss, the spatial patterns of the regional SFE-
MCN showed the strongest correlation between the 2 groups
of healthy participants [, = 0.96, P, ;, < 0.001; the spatial
autocorrelation was corrected by a “spin”-based method [23]].
Figure 3 then illustrates the grand average regional SFE-MCN
topologies of healthy participants from the discovery (Fig. 3A)
and validation cohort (Fig. 3B), as well as the similarity anal-
ysis of regional SFE-MCN between the 2 cohorts (Fig. 3C).
Overall, given the high sensitivity and replicability of SFE-
MCN in detecting the structural-functional covarying of the
human brain, our subsequent analyses were primarily per-
formed on SFE-MCNs to further uncover the cognition- and
disease-specific gene expressions in the discovery and valida-
tion cohort, respectively. Hence, MCN refers to SFE-MCN in
the following results, unless stated otherwise.

Cognitive task-evoked changes in MCN
We then mapped the resting- and task-state regional MCNs of
the discovery cohort (Fig. 4A and B), based on which the task-
rest  map was obtained by performing a paired-sample t test
(Fig. 4C). Negative t values indicate attenuated structural-
functional covarying in participants involved in the gambling
task in contrast to a rest condition, and vice versa. As exhibited
in Fig. 4D, when shifting from baseline to fulfill the demanding
needs of the gambling task, significantly decreasing frontal
covarying, as well as increasing parietal and temporal covarying
were identified. Meanwhile, the cortical areas were further real-
located to the Yeo 7 functional networks. Interestingly, when
reconfiguring from rest to the gambling task, the brain exhib-
ited significantly increased structural-functional covarying in
Yeo limbic network but decreased covarying in Yeo somato-
motor and dorsal attention networks (Fig. 4E). Further inves-
tigation found the asymmetric but moderately correlated (r =
0.43, P <0.001) regional MCN alterations between the left and
right hemispheres (Fig. S1A and Supplementary Results 3).
In addition, the task-rest  map has a significant spatial cor-
relation with the resting-state regional MCN [r(3,, = —0.82,
Py, <0.001; Fig. 4F], suggesting that brain areas with stronger
structural-functional covarying exhibit stable baseline config-
urations, while others tend to flexibly shift to fulfill the needs
of the task performance. Negative t values and positive mean
MCN jointly represent stable baseline patterns in rest relative
to the task, which was exhibited in 54.46% decoupling of the
brain regions, whereas 30.03% had positive f values and nega-
tive mean MCN, indicating dedifferentiation when individuals
were involved in the gambling task relative to the rest. Also, the
corresponding MCN properties between the 2 states were further
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compared. In Fig. 4G, during the gambling task, decreased C,
Ge, and Le and prolonged L, deviating from the resting state,
were identified, coinciding with the extensive attenuated regional
MCN in Fig. 4C.

Cortical gene expression related to cognitive

task-evoked changes in regional MCN

Thereafter, to investigate the relationship between gambling-
evoked MCN alterations (Fig. 5A) and transcriptomic variations,
the AHBA transcriptomic dataset and PLS regression were
applied. Thereinto, the first PLS component (PLS1) represented
the cortical expression map that is strongest related to the task-
rest MCN differences (Fig. 5B), and the corresponding PLS1
could explain 32% of the variance in the task-rest MCN differ-
ences (P, < 0.001). No statistical significance was achieved
for the other PLS components (P,.,,, > 0.05; Table S7 and
Supplementary Results 4); therefore, only PLS1 was included
in the subsequent analysis. As exhibited in Fig. 5C, the PLS1
weighted gene expression map was found to be spatially cor-
related with the task-rest £ map [r(45) = 0.57, Py, < 0.001].
Furthermore, applying univariate one-sample Z tests, the can-
didate gene list was ranked with their normalized weights of
PLS1, and 927 positively (PLS1*: Z > 5) and 1,355 negatively
(PLS17: Z < —5) weighted genes were identified. Moreover, the
gene expression level of each PLS1* or PLS1™ gene was signif-
icantly related to the task-rest MCN t value (Fig. 5D). Afterward,
applying Metascape analysis [24], the Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathways and Gene Ontology
(GO) biological processes were aligned with the PLS1" and
PLS1™ gene list, respectively. As provided in Fig. 5E and F, for
the PLS1™ gene list, after discarding discrete enrichment clus-
ters and correcting for enrichment terms (Pppg < 0.01), the top
14 GO biological processes including “synaptic signaling,” “sig-
nal release,” and “regulation of ion transport” were identified,
as well as 4 KEGG pathways (e.g., “CAMP signaling pathway”
and “neuroactive ligand-receptor interaction”). In addition, the
PLS1™ gene list was enriched for 5 GO biological processes includ-
ing the “inorganic ion transmembrane transport” and “action
potential,” together with 3 KEGG pathways, such as the “MAPK
signaling pathway” (Fig. S2 and Supplementary Results 5).

To further characterize these candidate genes for the cognitive
task, we compared the PLS1 results with a previous meta-analysis
of genome-wide association study (GWAS) of educational attain-
ment and cognitive performance [25]. Interestingly, the PLS1"
(PLS17) genes overlapped significantly with genes from GWAS
(Pperm < 0.05; Fig. 5G). Then, a multi-gene list meta-analysis
between GWAS genes and the PLS1™ (PLS17) gene list was per-
formed. Consistently, we found that 17 of 20 enrichment path-
ways from GWAS overlapped with the PLS1" genes, including
“synaptic signaling,” “brain development,” “regulation of ion
transport,” and “behavior” (Fig. 5H), while 15 of 20 enrichment
pathways from GWAS were overlapped with the PLS1™ genes,
including “regulation of neuron projection development” and
“cell junction organization” (Fig. 5I). The detailed distribution
of overlapped ontology terms is exhibited in Figs. $3 and S4.

Cellular characterization of the cognitive
task-related genes

Using previously defined cell class gene sets [19], we found that
the PLS1" and PLS1~ genes were expressed primarily in both
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P ... <0.01) and inhibitory neurons (PLS1": 91 genes, P, <

erm perm

0.01; PLS1™: 128 genes, P,,,,, < 0.01; Fig. 6). Likewise, genes
specific to astrocytes (PLS1": 104 genes, P, < 0.01) and
endothelial cells (PLS17: 116 genes, P,,,, = 0.01) were over-
represented in the PLS1" and PLS1™ genes, respectively (the
first column of Fig. 6A and B). Consistently, enrichment anal-
ysis of cell type-specific gene lists verified that alterations
of MCN were significantly enriched for biological processes
related to neuronal cells (the second column of Fig. 6A and B).

MDD-MCN changes correlated with transcriptomic
variations from the validation cohort

Here, not only within the HCs, MCNs of MDD patients were
further constructed, subserving as the validation cohort.
Figure 7A exhibits the grand average cortical map of regional
MCN in HCs and MDDs. We then mapped the case-control
t statistics and the statistically significant differences in regional
MCN between MDDs and HCs in Fig. 7C and B, respectively.
Thereinto, negative t denotes decreased structural-functional
covarying in MDDs in comparison with HCs, and vice versa.
Specifically, the increased regional MCN is mainly located in
the brain areas such as inferotemporal and insula for patients
with MDD, while the decreased regional MCN was only found
in the lateral occipital area (Pppg < 0.05; Fig. 7B). Likewise, for
the validation cohort, the regional MCN alterations were cor-
related (r = 0.52, P < 0.001; Fig. S1B and Supplementary
Results 3) but asymmetric between the 2 hemispheres
(P < 0.05). When using the spatial pattern of the network
(SPN) features extracted from MCNs [26], an accuracy of
90.71% could be achieved to recognize MDD patients from
healthy populations, which confirmed that MCN can facilitate
the individual-level pattern recognition and further validated
the capacity of MCN in capturing the MDD-specific structural-
functional abnormalities.

Thereafter, PLS regression was also applied, and the corre-
sponding results showed that PLS1 (Fig. 7D) can explain 34%
of the variance in the case—control MCN differences, signifi-
cantly more than expected by chance (P, < 0.001). However,
the other PLS components were not statistically significant
by the permutation testing (P, > 0.05; Table S8 and
Supplementary Results 4), and thus unconsidered for the
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following analysis. Particularly, the weights of PLS1 gene
expression were significantly positively correlated with these
MCN differences [r(,,5 = 0.58, P, < 0.001; Fig. 7E], which
were further ranked by a univariate one-sample Z test (Fig. 7F).
Metascape was then performed to align the GO biological pro-
cesses and KEGG pathways with the PLS1* or PLS1™ gene list.
For the PLS1" gene list (Z > 5), the enriched biological pro-
cesses included “synaptic signaling,” “secretion by cell,” and
“cellular divalent inorganic cation homeostasis” (Fig. 7G
and H). Meanwhile, we found 4 significantly enriched KEGG
pathways, such as “circadian entrainment” and “neuroactive
ligand-receptor interaction” Additionally, Metascape analysis
of the PLS1™ gene list (Z < —5) identified 7 GO biological pro-
cesses such as “regulation of system process,” “regulation of
membrane potential,” and “trans-synaptic signaling,” while
no KEGG pathways were enriched (Supplementary Results 7
and Fig. S5).

Furthermore, based on 3 recent GWAS research [27-29],
genes relating to the MDD phenotype were compiled. As
exhibited in Fig. 71, we found that 119 of 333 (35.75%) genes
of GWAS significantly overlapped with the MDD-related PLS1*
and PLS1™ genes (P, < 0.05). Moreover, enrichment path-
ways of the PLS1™ (PLS17) genes comprise 13 of 19 pathways
of genes from the MDD GWAS (Fig. 7] and K), which included
“head development,” “synaptic signaling,” and “regulation of
ion transport” The detailed distribution of overlapped ontology
terms is exhibited in Figs. S6 and S7. Besides, we found 12
well-known candidate genes for MDD in the PLS1 genes
[30], among which 10 genes were significantly associated with
regional alterations in MCN, including HTRIA, CNR1, SST,
TACI, PDEIA, MAOA, CUX2, CHRM2, HTR5A, and ARRA2A
(Pepr < 0.05; Supplementary Results 9 and Fig. S8).

Afterward, we found that the PLS1" genes were expressed
primarily in astrocytes (156 genes, P,,,,, < 0.01) and microglia
(113 genes, P,.,,, < 0.01) (Fig. S9A), while genes specific to
excitatory neurons (228 genes, Py, < 0.01) and inhibitory
neurons (161 genes, P, < 0.01) were overrepresented in the
PLS1™ gene set (Fig. S9B). Consistently, Metascape analysis
of cell type-specific genes uncovered that changes in MDD-
MCN were significantly enriched for synapse function and
neuroinflammation-related processes in astrocytes, microglia,
and neurons, such as “synapse organization,” “signaling path-
way, and “synaptic signaling”
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Reproducibility of SFE-MCN superiority and brain modalities, MCN further presents the visually strength-
corresponding transcriptomic profile ened modular covarying within the visual, somatomotor, and

limbic networks. Quantification analysis also verified that the
We further validated the superiority and repeatability of SFE-  network modularity was consistently increased with the fusion

MCN, as well as transcriptional profiles linked to regional  of more modalities; especially, the modularity of SFE-MCN is
MCN alterations using a different brain atlas, i.e., the human  significantly larger than that of S-MCN, SF-MCN, E-MCN, and
Brainnetome atlas [31]. First, the identically derived S-MCN,  SE-MCN (P < 0.05; Fig. S10B). Besides, significantly increased
E-MCN, SE-MCN, SE-MCN, FE-MCN, and SFE-MCN were = modular parameters of the resting state in contrast to the task
assigned to each of the Yeo 7 functional networks (Fig. SI0A  state were found for both SE-MCNs and SFE-MCNss (P < 0.05;
and Supplementary Results 11). Results show that the spatial ~ Fig. S10C), whose network properties were further found to be
patterns of MCN constructed by the Brainnetome atlas were  significantly correlated with the risky rates of the gambling task
similar to those constructed by the Desikan-Killiany (D-K) (P < 0.05; Table S9 and Fig. S10D). Namely, using a different
atlas (Fig. 2A and B); particularly, with the addition of more  brain atlas, we complementally validate the superiority and
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repeatability of SFE-MCN in capturing the cognition-specific
structural-functional covarying of the human brain.
Thereafter, leveraging the identical strategy, the task-rest ¢
map of MCN was obtained based on the Brainnetome atlas,
and PLS regression was performed to map these MCN var-
iations to anatomically patterned gene expression from the
AHBA. Results show that PLS1 could explain 32% of the vari-
ance in the task-rest MCN differences (P.,,,, = 0.01), close to
that based on the D-K atlas. Thereinto, we found that 837 PLS1*
(Z>5) genes and 1,140 PLS1™ (Z < —5) genes were significantly
overexpressed in cortical regions, consisting of 1,977 regional
MCN gene list differences. To further validate the gene list
obtained by MCN analysis, a multi-gene list meta-analysis [24]
was conducted between the PLS1* (PLS17) gene lists obtained
from the D-K and Brainnetome atlas. Notably, the gene lists
derived from the 2 atlases were highly overlapped (left panel of
Fig. S11 and Supplementary Results 11). More importantly, the
enrichment pathways were also highly overlapped with only one
pathway not matched (right panel of Fig. S11 and Supplementary
Results 11), further validating the generalized relationship
between gene expression and the regional MCN alterations.
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Discussion

Until recently, the majority of investigations in neuroimag-
ing using individual CN have left the multimodal informa-
tion unfused, although further integration would allow a more
comprehensive understanding of the brain’s structural and
functional interactions. Hence, rather than using only uni-
modal features, our MCNs combine information from multiple
structural and functional measurements in a single subject to
assess the interregional covarying patterns. In addition, the link
between MCN and transcriptional data was also examined to
delineate the relationship between transcriptomic profile and
structural-functional covarying in specific cognitive processes
and psychiatric patients. To our best knowledge, no study to date
has explored the molecular basis of cognition- and disease-
specific structural-functional covarying in the human brain.

Effectiveness and repeatability of MCN

We first validated the effectiveness of the MCN method in 2
independent MRI-EEG cohorts. For comparison, in addition
to the resting-state MCNs constructed by integrating all MRI-EEG


https://doi.org/10.34133/research.0171

Research

B Statistically significant regions F Ranked PLS1 loadings
L _{‘1-\:;_\-,_,._‘ R
Yo %@f’ﬁ\ A0 Qf g& Gene Z score
g AN 2y
Q‘g"—/ - é&\ @J NKAIN4 14.48
& “5‘;“ GABRB1 13.79
'1\.\_;’7 p. oA 19 £9
‘\_t\ e .-\“\. FPKIA 1 4
A\@; PID
g
B ¢ valve
5 -3
) ) D, ; E o3 T
Regional MCN differences Weighted gene expression map !
(case-control t map) (PLS1 score) 2 0.15 i
_— R g . p
x 2 54 EEPD1 -13.87
w
é - _ KCNAB3 -14.19
. _ 146} 5050 TRPC3 1465
0.3 : Pspin < 0.001
EELS 1 score 4 2 0 R NKX6-3 -14.90
-3 3 -0.2 0.2 Case-control t value
8
G 5 @ @ Regulation of cell adhesion
@ 35-55 55-75 7595 =95

] H
[

@
GO: synaptic signaling
GO: secretion by cell @
KEEG: neuroactive ligand- ®

MAPK cascade

receptor interaction 7
GO: cellular divalent inorganic _|
cation homeostasis

GO: regulation of ion transport -

GO: MAPK cascade —

GO: regulation of cell adhesion

GO: regulated exocytosis - =)

KEEG: circadian entrainment -

KEEG: cAMP signaling pathway -
KEEG: Rap1 signaling pathway -

GO: negative regulation of transport -
GO: regulation of membrane potential ®
GO: regulation of system process - Secretion by cell

Cellular divalent inorganic
cation homeostasis

0 15 30

Metascape -Log,o(Fpg) “*Negative regulation of transport

K

Regulation of cell cycle process

Regulation of cell projection organization
Negative regulation of cellular component organization
R ion of ion transmembrane transport
Regulation of system process

Protein phosphorylation

Head development

Cell morphogenesis

Cell junction organization

Cell-cell adhesion

~ Response to oxidative stress

Synaptic signaling

Chromatin organization

DNA metabolic process

Histone modification

Pathways in cancer

Cation transmembrane transport

Protein medification by small protein conjugation
Cellular response to organic cyclic compound

Synapse organization

Regulation of synapse structure or activity
Cell-cell adhesion

Regulation of secretion by cell
Regulation of cellular localization
Secretion by cell

Neuron projection development
Regulation of ion transport

MNegative I of cellular P
Regulation of system process
Synaptic signaling

Head development

Regulation of trans-synaptic signaling
Regulation of MAPK cascade
Regulation of harmane levels

Rap1 signaling pathway

Regulation of cell adhesion

Negative regulation of transport
Pathways in cancer

=

y ic lupus erytt Systemic lupus erythematosus
s 2 g 2 e
E 3 5 5
2 ] diide W 0

Fig.7.Transcriptomic decoding of the MDD-related structural-functional covarying differences. (A) Mean MCN pattern of HCs and MDDs. (B) Significant differences in cortical
areas between MDDs and HCs (P;pr < 0.05). (C) Case—control comparison (t map) of regional MCN. (D) Cortical map of regional PLS1 scores. (E) Correlations between
regional alterations in MCN regional and PLS1 scores [, = 0.58, Py, < 0.001]. (F) Ranked PLS1 loading. (G) Functional enrichment analysis of PLS1* genes (Pepg < 0.01).
(H) Metascape enrichment network visualizes the inter- and intracluster similarities of enriched terms. (I) Overlapped genes between the PLS1*/PLS1™ genes and that from
GWAS. (J) Overlapped ontology terms between the PLS1" genes and that from GWAS. (K) Overlapped ontology terms between the PLS1™ genes and that from GWAS.

Jiang et al. 2023 | https://doi.org/10.34133/research.0171 10


https://doi.org/10.34133/research.0171

Research

modalities (SFE-MCN), CNs constructed by structural MRI
(S-MCN) or EEG alone (E-MCN), and the pairwise combina-
tion of the structural, functional MRI, and EEG features (i.e.,
SE-MCN, SE-MCN, and FE-MCN) were also investigated. As
illustrated, when functional features were merged into the CNs’
construction, corresponding state-specific modules, such as
YEQO-visual, limbic, and somatomotor networks [32-34], were
highlighted. These hierarchical modules appeared increasingly
prominent when features of all modalities were further fused.
Quantitative analysis consistently confirmed that the modu-
larity measurement of SFE-MCNs was consistently increased
when compared to that of S-MCN, SE-MCN, E-MCN, SE-MCN,
and FE-MCN in both cohorts. This coincided with our hypoth-
esis since the inclusion of functional attributes would increase
the sensitivity of MCN in detecting brain neural activity based
on the intrinsic morphological framework. Especially EEG
provides complementary temporal resolution to MRI for con-
tinuous reading out of the fine-grained details of cognitive pro-
cesses [6].

Modularity facilitates the dynamic shifting between brain
segregation and integration and is constantly adjusted to fulfill
the needs of cognition. As demonstrated, modularity will decrease,
along with increased cognitive demands [35]. This was con-
sistently observed in our current results as the modularity of
the task-state SFE-MCN was significantly decreased than that
of the rest. Likewise, in comparison with HCs, the SFE-MCN
modularity of MDDs was significantly attenuated, aligning with
the “disconnectivity” commonly recognized in MDD patients
[36]. No such interstate and intergroup differences are identi-
fied in S-MCN, E-MCN, SF-MCN, SE-MCN, and FE-MCN.
Additionally, considering that the gambling task in the discov-
ery cohort requires the maximized profit, the risky decision,
which was more conducive to achieving this goal, was quanti-
tatively investigated to explore its relationship with MCN prop-
erties. Generally, the larger C, Ge, and Le, as well as a smaller
L, index higher information processing efficiency of the human
brain [37]. As such, when SFE-MCN is operating efficiently, it
will result in a higher risky rate to achieve the goal of benefit
maximization. For the validation cohort, the SFE-MCN prop-
erties of MDD were found to be correlated with the corre-
sponding HAMD scores, which have the potential to track the
severity of depression in patients. However, these correlations
were relatively weak or could not be achieved by the limited
information provided merely by S-MCN, E-MCN, SF-MCN,
SE-MCN, and FE-MCN. Of note, the superiority of SFE-MCN
was also validated using the Brainnetome atlas. In addition,
given the highly consistent SFE-MCN patterns among different
healthy individuals from both cohorts, SFE-MCNs are proven
to be replicable and have great potential for capturing the
cognition- or disease-specific structural-functional covarying
in the human brain. Hence, SFE-MCN was further adopted to
uncover the cognition- and disease-specific gene expressions in
the discovery and validation cohort, respectively.

Cognition-specific MCN changes and potential links
with transcriptomic patterns

As we know, decision-making relies on a complex set of cog-
nitive processes that are orchestrated across various brain
modules to achieve a satisfying gain. At the task onset, visual
information is quickly transmitted and processed in the occip-
ital and parietal cortex; then, except for the areas responsible
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for primary sensory processing, neuronal ensembles of the
frontal and parietal cortex that are associated with attention
and working memory [38,39] are activated to establish strong
interactions to other regions for decision making. Therefore,
in contrast to the resting state that functions as a highly inte-
grated interoceptive state, the modular covarying within the
somatomotor and dorsal attention networks experienced sig-
nificant suppression, which further establish extensive inter-
action with other functional subnetworks. Concurrently, the
flexibly adaptive behavior during the task will involve a host of
brain areas of the limbic system [40,41], further resulting in
stronger structural-functional covarying in the limbic network.

Alterations in brain connectivity may owe to numerous
factors, e.g., neuronal changes at the genetic transcriptomic,
molecular, and cellular levels [42]. Based on the multivariate
PLS approach, we discovered that distributions of whole-
brain weighted gene expression were significantly colocal-
ized with gambling-evoked structural-functional alterations.
Furthermore, the PLS1* and PLS1~ genes may play essential
roles in the operation of gambling-related high-level cognitive
functions as their expression levels were either positively or
negatively associated with the task-rest MCN differences. For
example, the positively weighted gene CALB2 is of great signif-
icance for synaptic transmission, forming the basis of memory
and learning [43]. The impact of NEFL on synapses and plas-
ticity has also been suggested [44]. The down-regulation of
NEFH in alcoholics may be related to the changed behavioral
responses usually observed in addiction [45], which is consist-
ent with the potential addictive behavior when an individual
is involved in a gambling condition.

The topologically clustered interaction networks derived
from these positively and negatively weighted genes were
enriched for a series of KEGG pathways and GO biological
processes highly relevant to brain cognition. Here, the observed
KEGG pathways including “neuroactive ligand-receptor inter-
action” and “retrograde endocannabinoid signaling” may reg-
ulate multiple neural or synaptic neurotransmission functions,
such as pain, motor control, and cognition [46,47]. Especially,
the “synaptic signaling” process showing the highest Metascape
value was reported to influence synaptic maturation and sta-
bility [48]. In addition, ion transport is of great significance for
the stability of brain neural circuits [49], and the expression
profile of the genes related to potassium ion transport may be
involved in the spatial heterogeneity of module dynamics [50].
As such, the enrichment of “inorganic ion transmembrane
transport,” “regulation of transmembrane transport,” and “reg-
ulation of ion transport” pathways in our study may thereby
mediate the structural-functional modular configuration when
involved in the gambling task. More importantly, significantly
overlapped candidate genes and largely shared pathways with
GWAS of educational attainment and cognitive performance
provide further support for the sensitivity and reliability of
candidate genes and pathways obtained by the PLS method in
our discovery cohort.

We further investigated how cell type-specific manners
influence cognition-specific structural-functional covarying.
As illustrated, excitatory and inhibitory neurons occupy a high
proportion under the gene expression profiles obtained by the
PLS, followed by astrocytes and endothelial cells. Generally,
the functional and structural plasticity of the brain needs selec-
tive and organized modulation of inhibitory and excitatory
synapses to promote the representation of behaviorally essential
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sensory stimuli while maintaining the excitability of the overall
network [51]. In parallel, the excitatory/inhibitory balance is
considered to be a potential mechanism that plays an essential
role in mental processes and the formation of the higher cog-
nitions evoked by tasks [52]. Besides, we found that the regu-
lation of gene expression during the gambling task was also
related to astrocytes, which was consistent with a previous
study reporting that sensory information processing is asso-
ciated with the coordinated activity of cortical neurons and
astrocytes [53]. Moreover, astrocytes are adept at dynamically
controlling glutamate at specific synapses, further influencing
postsynaptic neuronal activity and potentially driving individ-
ual task behavior [54]. Finally, leveraging multimodal struc-
tural and functional features, we found that most enriched
pathways were associated with excitatory/inhibitory neurons,
astrocytes, and endothelial cells.

MDD-related MCN changes and potential links with

brain transcriptomic patterns

The disease-specific structural-functional abnormality and its
relationship with transcriptomic profile were also explored for
MDD patients in the validation cohort. First, we found that
patients with MDD exhibited significantly enhanced regional
MCNs in contrast to that of HCs. Considering that MDD has
been generally accepted as a “dysconnectivity” brain disorder
from both structural and functional dimensions, the synchro-
nous attenuation of anatomical morphology and functional
activity thereby experienced significant enhancement in brain
areas including the inferior temporal, fusiform, and insula.
Furthermore, a previous study has suggested that MDD could
be regarded as a network-based disease with consistent alter-
ations in functional connection modes [36], and more impor-
tantly, these functional alterations are associated specifically
with structural dysconnectivity in depression patients [55],
which echoes our current result.

Thereafter, PLS was applied, and the strong correlations
detected between MDD-related gene expression and regional
MCN alterations demonstrated the sensitivity of MCNs in
detecting MDD-specific molecular variations. Then, the PLS1*
and PLS1™ genes were significantly enriched for several KEGG
pathways and GO biological processes. Thereinto, the 4 KEEG
pathways, i.e., “Rap1 signaling pathway;” “cAMP signaling path-
way; “circadian entrainment,” and “neuroactive ligand-receptor
interaction,” have also been proposed in previous studies about
MDD-related pathogenic mechanisms [15,56]. As for the GO
biological processes, the “synaptic signaling” pathway influenc-
ing synaptic stability and maturation [48] was identified with
the highest Metascape value. Postmortem research has shown
that MDD patients have fewer synapses and lower expression
of genes correlated with synaptic function [57]. The preclinical
study also demonstrated lower synaptic density in the experi-
mental model of MDD, specifically in the hippocampal regions
and prefrontal cortex [48]. Importantly, consistent with the
results of MDD-related GWAS, we identified similar synapse-
related ontology terms, further validating the sensitivity and
reliability of genes and pathways captured by the PLS method
in the validation cohort. Hence, synaptic deficits in MDD could
be a target for clinical treatment. Future work may focus on
investigating the in vivo synaptogenesis effects of rapid-acting
antidepressants in humans, and alternative therapies (e.g., exercise
and mindfulness) that can strengthen synaptic linkages and
stabilize the brain network effects.
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We finally explored whether the genes of MDD-related
structural-functional alteration could be translated into alter-
ations of specific cell types. Our result showed that astrocytes
exhibited the greatest proportion among the gene expression
profiles obtained by PLS1™. As reported previously, alterations
in the density of glial cells have been found in MDD [58].
Astrocytes secrete signaling molecules that promote synapse
formation and function and release other bioactive substances
to regulate synaptic transmission [59], therefore implicating a
novel and active role for astrocytes in promoting synapse for-
mation and function. Strikingly, this was quite consistent with
the above discussion that the synaptic deficit has been identified
as a critical pathological trait in MDD, and astrocytes have been
regarded as key mediators of neuroinflammation involved in
MDD pathogenesis [60]. Besides, the dysregulation of gene
expression in MDD was also associated with microglia and
excitatory/inhibitory neurons. In essence, the activated micro-
glia phenotype is associated with depression, contributing to
the precise regulation of microglia to investigate the therapeutic
mechanism of depression [61], and neurons are also concerned
as the target cell types in MDD pathophysiology [62]. Thus,
understanding the role of these cells in synaptic function and
inflammation promises to be a fruitful area for future investi-
gation in understanding how to build targeted therapies for
MDD patients.

One limitation of our current work was that due to only 2
right hemispherical data being available in the AHBA dataset,
the relationship between genes and regional MCN alterations
cannot be accounted for in the entire brain. Although we have
identified a relatively high correlation between the left and right
regional MCN alterations, some right hemisphere-specific
genes are still inevitably missed due to the hemispherical asym-
metry. In future work, it will be valuable to profile brain-wide
MCN alterations by using more fully characterized transcrip-
tomes with the construction of more whole-brain gene expres-
sion atlases.

Materials and Methods

Experimental design

With the approval of the Ethics Committee of the University
of Electronic Science and Technology of China, 25 right-
handed participants (4 females, aged 25.64 + 1.65 years) were
enrolled in the discovery cohort. None of them had ever used
prescribed medication over an extended period or had any
family or personal history of neurological or psychiatric dis-
eases. Written informed consent was accordingly obtained
from all the subjects before the multimodal data collection.
Participants in the discovery cohort performed a classical gam-
bling experiment according to a standard protocol [63], during
which resting- and task-state fMRI/EEG datasets were col-
lected, while the dMRI and T1 images were scanned before
and after the experiment, respectively. The gambling experi-
ment included a 5-min resting state and 8 blocks of gambling
tasks, and in each block, 40 trials were designed. In each trial,
to notify the participant to focus on the computer screen, a thin
cross sign was presented on the screen and lasted 500 ms; 2
adjacent squares presented 2,000 ms, writing “¥25” or “¥5” In
the following 2,000 ms, the participant was requested to press
the corresponding button to select one bet, and a white screen
lasting 500 ms was set for a short rest. Afterward, the chosen
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square turned red or green to signal a monetary loss or a win
(i.e., green for a win and red for a loss), which lasted 2,000 ms.
After finishing one loop per trial, the next trial would initiate
immediately. The task took about 30 min in total for each
participant.

The validation brain imaging and EEG datasets, plus demo-
graphic and clinical information, for 200 unmedicated MDD
patients (119 females, aged 38.33 + 13.50 years) and 40 sex- and
age-matched HCs (22 females, aged 36.87 + 14.81 years) were
acquired from the EMBARC study. Details about the EMBARC
study design can be found in [21]. Participants were enrolled
at the University of Michigan (UM), the University of Texas
Southwestern Medical Center (TX), Columbia University
(CU), and Massachusetts General Hospital (MG), under the
approval of the institutional review boards from the 4 sites. All
of them provided written informed consent. HAMD was used
to estimate depressive severity for MDD patients. During the
experiment, EEG, T1, dMRI, and resting-state fMRI data were
recorded for both the MDD patients and the HCs, and the
participant was asked to relax their minds, inhibit eye move-
ments, and keep still as possible. Seventeen MDDs and 5 HCs
were discarded owing to large head motion (translation > 3.0 mm
or rotation > 3.0°) and artifacts in EEG signals. Finally, 183
MDDs and 35 healthy individuals were included in the follow-
ing analysis.

Multimodal data acquisition

For the discovery cohort, MRI data were collected on a 3.0-T
MRI scanner (GE Discovery MR750, USA) via a whole-head,
8-channel, standard coil. Details about the data collection
parameters are presented in Table S1. During the gambling
task, we used the E-prime 2.0 software (Psychology Software
Tools Inc., USA) to exhibit the task procedures on a screen,
from which participants can watch the experiment with a mir-
ror attached to the head coil. Appling the ASA-Lab Amplifier
(ANT Neuro), EEG datasets with 64 channels (Ag/AgCl elec-
trodes, the 10-20 system) were collected at 500 Hz. Thereinto,
AFz and FCz electrodes were applied as the ground and refer-
ence, respectively, and 2 extra electrodes were placed to mon-
itor the electrooculogram and electrocardiogram, respectively.
During online recording, the impedance of all electrodes
remained consistently below 5 k€2, and 0.01 to 70 Hz bandpass
filtering was adopted.

MRI data in the validation cohort were recorded on a 3.0-T
MRI scanner with different manufacturers. Detailed data col-
lection parameters were presented in Table S2, and the EEG data
were also recorded from CU, MG, TX, and UM. Specifically, at
the UM, EEG data with a nose reference were recorded by a
32-bit NeuroScan Synamp (Compumedics) system and a Lycra
stretch electrode cap (60 electrodes, 0.5 to 100 Hz bandpass fil-
tering, 250 Hz sampling rate). Likewise, at the TX, EEG data
with a nose reference were recorded by a 32-bit NeuroScan
Synamp system and a Lycra stretch electrode cap (62 electrodes,
DC-100 Hz bandpass filtering, 250 Hz sampling rate). As for
the MG, EEG data were recorded by a Geodesic Net system
with Cz as reference (129 electrodes, 0.01 to 100 Hz bandpass
filtering, 250 Hz sampling rate). At the CU, EEG data with an
active reference at electrode locations PPO2 and PPO1 were
recorded by a 24-bit BioSemi system and a Lycra stretch elec-
trode cap (72 electrodes, DC-251.3 Hz bandpass filtering,
256 Hz sampling rate).
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Data preprocessing

Using FreeSurfer (v6.0; http://surfer.nmr.mgh.harvard.edu/),
the structural T1 images were first processed by following
procedures: motion correction and averaging of T1 weighted
images, removal of nonbrain tissue, automated Talairach trans-
formation, segmentation of subcortical structures, intensity
normalization, skull stripping, pial surface construction, and
gray/white interface construction [64,65].

The FMRIB Software Library (FSL) [66] package was adopted
for DTI preprocessing. By looping through individual images,
we first performed a data quality assessment to check gross
artifacts, such as interleave artifacts and signal dropouts caused
by sudden participant motion. Then, images of each participant
were corrected for eddy current-induced distortion and par-
ticipant motion effect using the FMRIB Diftusion Toolbox. The
first BO image was adopted to produce the brain mask by the
Brain Extraction Tool, and the linear least-squares fitting was
applied to estimate the diffusion tensor model.

Using the Data Processing & Analysis of Brain Imaging
(DPABI http://rfmri.org/DPABI) toolkit, fMRI data were pre-
processed by multiple steps. Concretely, the first 10 volumes
were discarded, while the remaining ones were corrected for
temporal differences and head motion. Thereafter, images were
spatially normalized into the standard Montreal Neurological
Institute (MNI) space, which was further resliced at a resolution
of 2 X 2 X 2 mm’, spatially smoothed [6 mm full-width at half-
maximum (FWHM)], and bandpass-filtered (0.01 to 0.1 Hz).
Finally, regression of averaged cerebrospinal fluid signal, white
matter signal, and 24 parameters acquired from the rigid-body
head motion correction was performed.

The raw data were re-referenced to a neutral reference of
the Reference Electrode Standardization Technique (REST)
[67]. Independent component analysis (ICA) was applied to
the re-referenced EEG signals to exclude ocular artifacts [68],
followed by [0.5, 30] Hz offline bandpass filtering. Thereafter,
for the discovery cohort, the resting-state data were segmented
with 5-s length, while the task data were segmented by [—200,
1,800] ms (0 ms is the stimulus onset) with a [—200, 0] ms
baseline correction. Segments with high-amplitude artifacts
were discarded with a threshold of +60 pV. Concerning the
validation cohort, 10-s-length segmentation and +100-pV arti-
fact removal were conducted. Finally, to match the head model
and high spatial resolution of MRI, standardized low-resolution
electromagnetic tomography (SLORETA) [69] was performed
to reconstruct the brain activities on the cortical layer.

MCN construction

Based on the D-K atlas, the cortical surface of each participant
was first divided into 308 spatially contiguous regions [20,70].
Meanwhile, the parcellated D-K atlas was expanded and interpo-
lated to the corresponding dMRI and fMRI volumes, as well as to
the participant’s EEG source space. Considering the delicate differ-
ences of the head model in MRI and EEG sources, 303 of 308 brain
regions, which belonged to Yeo 7 functional networks includ-
ing the somatomotor, default mode, limbic, frontoparietal, ventral
attention, dorsal attention, and visual network, were matched and
then included in the following procedures. Please refer to Table S3
for information on those unmatched and discarded regions.

For each brain region, 9 structural features, i.e., fractional
anisotropy, mean curvature, Gaussian curvature, cortical thick-
ness, surface area, gray matter volume, mean diftusivity, folding
index, and curved index, were calculated from the T1 and DTI
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images, respectively. For resting-state functional images, the
regional homogeneity, the fractional amplitude of low-frequency
fluctuations, and the amplitude of low-frequency fluctuation
in each region were computed by averaging the values of all
voxels in the region. As for task fMRI images, as well as resting
and task EEG data, the time series per region were extracted
and the mean time series of all voxels in this region were cal-
culated. To determine functional interactions, for the fMRI
time series, Pearson’s correlation between paired regions of
interest (ROIs) was computed, while the phase-locking value
was used to evaluate the interregional phase synchronization
for source EEG signals. Thereafter, based on the networks of
both fMRI and EEG, multiple nodal parameters, including
eigenvector centrality, closeness centrality, betweenness cen-
trality, and degree centrality, were calculated via the brain con-
nectivity toolbox (BCT; http://www.nitrc.org/projects/bct/) [71].

Afterward, each functional and morphometric feature vector
was z-normalized, and Pearson’s correlations were applied to the
merged functional and morphometric feature vector for paired
ROIs, leading to 303 X 303 adjacent matrices for each participant.
Hence, for 303 ROIs of the D-K atlas, the corresponding MCN
€ R™” can be calculated as follows:

PCC , PCC PCC

L1 "2 7 W03
PCC , PCC PCC
McN=| "2 P22 W2.,303 (1)
PCC . PCC PCC
| W303,1 W3032 W303,303

where wf] cc

and roi,.

Based on the constructed MCNs, network measures were cal-
culated as well. Here, an adapted community detection algorithm
[72] with an additional “final-tuning” algorithm [73] was applied
to estimate the average network modularity across 100 runs of
this algorithm. Then, network properties, i.e., C, Le, Ge, and L,
which evaluate the potential for functional segregation and inte-
gration, were estimated by the BCT [71]. Furthermore, to validate
the repeatability of MCN construction, resting-state MCNs of
HCs in these 2 independent cohorts (i.e., the discovery and val-
idation cohort) were statistically correlated with each other by
using Person’s correlation.

is Pearson’s correlation coefficient between roi;

Group comparisons of MCNs

Based on the MCN adjacency matrix, the sum of the weighted
linkages between a given region and its connections to others
was calculated as the regional MCN. To mine the potential
differences of MCN under different brain states (i.e., resting
versus task) for the discovery cohort, paired-sample f tests were
performed with an false discovery rate (FDR) correction, and
t map (contrast = task — rest) was generated.

For the validation cohort, owing to some technical variability
and systematic bias attributed to different scanners and imaging
parameters, the multimodal parameters, such as DTI fractional ani-
sotropy and MRI cortical thickness, could differ among the 4 sites
(i.e, UM, TX, CU,and MG). Therefore, the ComBat method [74,75]
was applied to the 4 imaging datasets. Notably; to further control the
confounding of the site with age and gender, we first regressed out
the variation explained by age and gender. As such, regional MCNs
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were combined from 4 sites for MDD patients and healthy individ-
uals, respectively, and based on these individual MCNS, the inde-
pendent sample ¢ tests with an FDR correction were conducted to
capture any potential MCN differences between MDDs and HCs.

Classification of MDDs and HCs

The SPN approach [26] was first applied to extract the dis-
criminative features from MCNs of MDD patients and HCs.
Thereafter, the corresponding SPN features were used to train
the linear discriminant analysis (LDA) classifier that would be
applied in the individual-level classification of patients with
MDD and healthy populations. To evaluate the classification
performance, following the protocols reported previously [76],
the leave-one-out cross-validation (LOOCYV) strategy was used.

Transcriptomic and genomic analyses

The AHBA transcriptomic dataset (http://human.brain-map.
org) [77] was used in this study. The corresponding preproc-
essing was performed according to a recommended standard
protocol (https://github.com/BMHLab/AHBAprocessing) [16].
Meanwhile, given that only 2 right hemispherical data were
included in the AHBA dataset, following the previous studies
[11,15], only the left hemisphere was considered. Thereafter, to
determine the relationship between transcriptional levels for
all 10,027 genes and the regional MCN changes, PLS regression
was adopted, and the expression levels of 10,027 genes were
applied as predictor variables to predict the regional MCN
alterations. The first PLS component (PLS1) represented the
cortical expression map that is strongest related to the MCN
differences. Additionally, permutation testing was implemented
to calculate the statistical significance of the variance explained
by the PLS component (5,000 times) [20]. To assess the contri-
bution of each gene to PLS1, the bootstrapping procedure was
adopted. The ratio of the weight of each gene to its bootstrap
standard error was applied to compute the Z score for each
gene, and the genes were then ranked by their contributions to
PLS1 [20]. Two sets of candidate genes with an FDR < 0.05
were generated, corresponding to the regional MCN changes
either positively, PLS1* (Z > 5), or negatively, PLS1™ (Z < —5).
In addition, Metascape analysis was performed to estimate the
enrichment of KEGG pathways and GO biological processes
[24] for the PLS1* and PLS1~ genes, respectively. The enrich-
ment pathways were considered under a significance level of
0.01 and further corrected by FDR.

The significant PLS1*/PLS1™ genes generated from the
discovery and validation cohorts were also compared with the
candidate gene lists of a large-scale meta-analysis of education
attainment GWAS [25] and 3 combined MDD GWAS studies
[27-29]. A permutation test [78] was first applied to estimate
the P values of overlapped genes between the PLS1*/PLS1~
genes and the genes related to human cognition or MDD from
the GWAS results. Then, a multi-gene list meta-analysis [24]
was applied to test whether the PLS1* (PLS17) genes shared
enrichment pathways with the GWAS-derived results, which
were thresholded at 0.01 with FDR correction.

Genes expressed in specific cell types

Given the cellular diversity of the human brain, an indirect
method [19] was performed in the current work to allocate the
PLS1" (PLS17) gene list to 7 canonical cell classes. Specifically,
data from 5 different single-cell studies were compiled to
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acquire genes of each cell type, and following Seidlitz et al. [19], we
reorganized cell types into 7 canonical classes. Then, we over-
lapped the PLS1" (PLS17) gene list with genes of each cell type,
respectively, to assign cognition- or MDD-specific gene lists to cell
types. To calculate the P value of the number of overlapped genes
in each cell type, permutation tests [78] were performed with FDR
correction. Subsequently, enrichment analysis was applied to
investigate the enrichment pathways in genes involved in each cell
type, which were thresholded at 0.01 and corrected by the FDR.

Validation analysis

Following the identical strategy used for the D-K atlas, S-MCN,
E-MCN, SE-MCN, SE-MCN, FE-MCN, and SFE-MCN were
also constructed based on the human Brainnetome atlas [31].
The network modularity and properties were quantitatively cal-
culated and statistically compared by the paired-sample ¢ tests.
Then, the task-rest  map was obtained and PLS regression was
adopted to map these MCN variations to anatomically patterned
gene expression from the AHBA. To further verify the gene lists
obtained by MCN analysis, a multi-gene list meta-analysis [24]
was conducted between the PLS1" (PLS17) gene lists obtained
from the D-K and Brainnetome atlas. All obtained pathways
were thresholded for significance at 5%, corrected by the FDR.

Acknowledgments

Funding: This work was supported by the ST 2030-Major Projects
(#20227.D0208500, #20227D02114000, and #202271D0208900);
the National Natural Science Foundation of China (#62103085,
#61961160705, #U19A2082, and #62006197); the Science and
Technology Development Fund, Macau SAR (file no. 0045/2019/
AF)); the Key R&D Projects of Science & Technology Department
of Sichuan Province (#23ZDYF(0961); and the Scientific Research
Foundation of Sichuan Provincial People's Hospital (#2021LY21).
Author contributions: Conceptualization: PX., EL., and L.J;
supervision: PX. and EL.; funding acquisition: PX., EL.,and D.Y;;
methodology: L.J. and L.X; formal analysis: L.J., RH., QY., and
B.Z.; visualization: C.Y. and Y.L.; investigation: Y.P. and C.Y;
resources: Y.P. and Y.S.; writing—original draft: L.J. and EL,;
writing—review and editing: PX., L.X,, D.Y,, B.Z., T.Z,, and
B.B.B. Competing interests: The authors declare that they have
no competing interests.

Data Availability

The transcriptomic dataset can be found at: https://human.
brainmap.org/static/download. The MRI-EEG data of the val-
idation cohort (EMBARC data) are publicly available at https://
nda.nih.gov/edit_collection.html?id=2199. Depression-related
genes are available at http://help.brain-map.org/download/
attachments/2818165/HBA_ISH_GeneList.pdf?version=1&-
modificatioDate=1348783035873&api=v2. Compiled cell-
specific gene set list is available at https://staticcontent.
springer.com/esm/art%3A10.1038%2Fs41467-020-170515/
MediaObjects/4 1467_2020_17051_MOESM8_ESM.xIsx.
Supplementary Data 1 provided the PLS1 genes of the discovery
cohort. Other information is available upon reasonable request.

Supplementary Materials
Supplementary Methods
Supplementary Results

Tables S1 to S9

Figs. S1 to S11

Jiang et al. 2023 | https://doi.org/10.34133/research.0171

References

1. Philiastides MG, Tu T, Sajda P. Inferring macroscale brain
dynamics via fusion of simultaneous EEG-fMRI. Annu Rev
Neurosci. 2021;44:315-334.

2. SuiJ, QiS, van Erp TGM, Bustillo ], Jiang R, Lin D, Turner JA,
Damaraju E, Mayer AR, Cui Y, et al. Multimodal neuromarkers
in schizophrenia via cognition-guided MRI fusion. Nat
Commun. 2018;9(1):3028.

3. Yun]J-Y, Boedhoe PSW, Vriend C, Jahanshad N, Abe Y, Ameis SH,
Anticevic A, Arnold PD, Batistuzzo MC, Benedetti F, et al.
Brain structural covariance networks in obsessive-compulsive
disorder: A graph analysis from the enigma consortium. Brain.
2020;143(2):684-700.

4. QiS, Calhoun VD, van Erp TG, Bustillo J, Damaraju E, Turner JA,
Du Y, Yang J, Chen ], Yu Q, et al. Multimodal fusion with
reference: Searching for joint neuromarkers of working
memory deficits in schizophrenia. IEEE Trans Med Imaging.
2017;37(1):93-105.

5. Zhao S, Wang G, Yan T, Xiang J, Yu X, Li H, Wang B. Sex
differences in anatomical rich-club and structural-functional
coupling in the human brain network. Cereb Cortex.
2021;31(4):1987-1997.

6. Chang C, Chen JE. Multimodal EEG-fMRI: Advancing insight
into large-scale human brain dynamics. Curr Opin Biomed
Eng. 2021;18:Article 100279.

7. Jiang L, Li E, Chen B, Yi C, Peng Y, Zhang T, Yao D, Xu P.

The task-dependent modular covariance networks unveiled
by multiple-way fusion-based analysis. Int ] Neural Syst.
2022;32(7):Article 2250035.

8. Misi¢ B, Betzel RE, de Reus MA, van den Heuvel MP,

Berman MG, Mclntosh AR, Sporns O. Network-level
structure-function relationships in human neocortex. Cereb
Cortex. 2016;26(7):3285-3296.

9. Medaglia JD, Huang W, Karuza EA, Kelkar A,
Thompson-Schill SL, Ribeiro A, Bassett DS. Functional
alignment with anatomical networks is associated with
cognitive flexibility. Nat Hum Behav. 2018;2(2):156-164.

10. Koubiyr I, Besson P, Deloire M, Charre-Morin J, Saubusse A,
Tourdias T, Brochet B, Ruet A. Dynamic modular-level
alterations of structural-functional coupling in clinically
isolated syndrome. Brain. 2019;142(11):3428-3439.

11. Seidlitz J, Vasa E, Shinn M, Romero-Garcia R, Whitaker KJ,
Vértes PE, Wagstyl K, Kirkpatrick Reardon P, Clasen L, Liu S,
et al. Morphometric similarity networks detect microscale
cortical organization and predict inter-individual cognitive
variation. Neuron. 2018;97(1):231-247.

12. Miranda-Dominguez O, Feczko E, Grayson DS, Walum H,
Nigg JT, Fair DA. Heritability of the human connectome: A
connectotyping study. Netw Neurosci. 2018;2(2):175-199.

13. Arnatkeviciute A, Fulcher BD, Oldham S, Tiego J, Paquola C,
Gerring Z, Aquino K, Hawi Z, Johnson B, Ball G, et al. Genetic
influences on hub connectivity of the human connectome. Nat
Commun. 2021;12(1):4237.

14. Bertolero MA, Blevins AS, Baum GL, Gur RC, Gur, RE,

Roalf DR, Satterwaite TD, Bassett DS. The human brain's network
architecture is genetically encoded by modular pleiotropy. ArXiv.
2019. https://doi.org/10.48550/arXiv.1905.07606.

15. LiJ, Seidlitz J, Suckling J, Fan E, Ji GJ, Meng Y, Yang S,
Wang K, Qiu J, Chen H, et al. Cortical structural differences
in major depressive disorder correlate with cell type-specific
transcriptional signatures. Nat Commun. 2021;12(1):1647.

15


https://doi.org/10.34133/research.0171
https://human.brainmap.org/static/download
https://human.brainmap.org/static/download
https://nda.nih.gov/edit_collection.html?id=2199
https://nda.nih.gov/edit_collection.html?id=2199
http://help.brain-map.org/download/attachments/2818165/HBA_ISH_GeneList.pdf?version=1%26modificatioDate=1348783035873%26api=v2
http://help.brain-map.org/download/attachments/2818165/HBA_ISH_GeneList.pdf?version=1%26modificatioDate=1348783035873%26api=v2
http://help.brain-map.org/download/attachments/2818165/HBA_ISH_GeneList.pdf?version=1%26modificatioDate=1348783035873%26api=v2
https://staticcontent.springer.com/esm/art%3A10.1038%2Fs41467-020-170515/MediaObjects/4 1467_2020_17051_MOESM8_ESM.xlsx
https://staticcontent.springer.com/esm/art%3A10.1038%2Fs41467-020-170515/MediaObjects/4 1467_2020_17051_MOESM8_ESM.xlsx
https://staticcontent.springer.com/esm/art%3A10.1038%2Fs41467-020-170515/MediaObjects/4 1467_2020_17051_MOESM8_ESM.xlsx

Research

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

sy =

linking brain-wide gene expression and neuroimaging data.
Neuroimage. 2019;189:353-367.

Whitaker K], Vértes PE, Romero-Garcia R, Vasa F,
Moutoussis M, Prabhu G, Weiskopf N, Callaghan ME,
Wagstyl K, Rittman T, et al. Adolescence is associated

with genomically patterned consolidation of the hubs of

the human brain connectome. Proc Natl Acad Sci U S A.
2016;113(32):9105-9110.

Richiardi J, Altmann A, Milazzo A-C, Chang C,
Chakravarty MM, Banaschewski T, Barker GJ, Bokde ALW,
Bromberg U, Biichel C, et al. Correlated gene expression
supports synchronous activity in brain networks. Science.
2015;348(6240):1241-1244.

Seidlitz J, Nadig A, Liu S, Bethlehem RAI, Vértes PE,
Morgan SE, Vésa E Romero-Garcia R, Lalonde FM, Clasen LS,

et al. Transcriptomic and cellular decoding of regional brain
vulnerability to neurogenetic disorders. Nat Commun.
2020;11(1):Article 3358.

Morgan SE, Seidlitz J, Whitaker KJ, Romero-Garcia R,
Clifton NE, Scarpazza C, van Amelsvoort T, Marcelis M,

van Os ], Donohoe G, et al. Cortical patterning of abnormal
morphometric similarity in psychosis is associated with brain
expression of schizophrenia-related genes. Proc Natl Acad Sci
U S A.2019;116(19):9604-9609.

Trivedi MH, McGrath PJ, Fava M, Parsey RV, Kurian BT,
Phillips ML, Oquendo MA, Bruder G, Pizzagalli D,
Toups M, et al. Establishing moderators and biosignatures of
antidepressant response in clinical care (EMBARC): Rationale
and design. ] Psychiatr Res. 2016;78:11-23.

Sporns O, Betzel RE. Modular brain networks. Annu Rev
Psychol. 2016;67:613-640.

Vésa E, Seidlitz ], Romero-Garcia R, Whitaker KJ, Rosenthal G,

Vértes PE, Shinn M, Alexander-Bloch A, Fonagy P, Dolan RJ, et al.

Adolescent tuning of association cortex in human structural brain
networks. Cereb Cortex. 2018;28(1):281-294.

Zhou Y, Zhou B, Pache L, Chang M, Khodabakhshi AH,
Tanaseichuk O, Benner C, Chanda SK. Metascape provides a
biologist-oriented resource for the analysis of systems-level
datasets. Nat Commun. 2019;10(1):Article 1523.

Okbay A, Wu Y, Wang N, Jayashankar H, Bennett M,
Nehzati SM, Sidorenko J, Kweon H, Goldman G, Gjorgjieva T,
et al. Polygenic prediction of educational attainment within and
between families from genome-wide association analyses in 3
million individuals. Nat Genet. 2022;54(4):437-449.

Xu P, Xiong X, Xue Q, Li P, Zhang R, Wang Z, Valdes-Sosa PA,
Wang Y, Yao D. Differentiating between psychogenic
nonepileptic seizures and epilepsy based on common spatial
pattern of weighted EEG resting networks. IEEE Trans Biomed
Eng. 2014;61(6):1747-1755.

Wray NR, Ripke S, Mattheisen M, Byrne EM, Abdellaoui A,
Adams MJ, Agerbo E, Air TM, Andlauer TME Bacanu S-A, et al.
Genome-wide association analyses identify 44 risk variants and
refine the genetic architecture of major depression. Nat Genet.
2018;50(5):668-681.

Levey DE, Stein MB, Wendt FR, Pathak GA, Zhou H, Aslan M,
Quaden R, Harrington KM, Nuiiez YZ, Overstreet C, et al.
Bi-ancestral depression GWAS in the million veteran program
and meta-analysis in >1.2 million individuals highlight new
therapeutic directions. Nat Neurosci. 2021;24(7):954-963.
Howard DM, Adams M]J, Clarke T-K, Hafferty JD, Gibson J,
Shirali M, Coleman JRI, Hagenaars SP, Ward ], Wigmore EM,

Jiang et al. 2023 | https://doi.org/10.34133/research.0171

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

et al. Genome-wide meta-analysis of depression identifies 102
independent variants and highlights the importance of the
prefrontal brain regions. Nat Neurosci. 2019;22(3):343-352.
Zeng H, Shen EH, Hohmann JG, Oh SW, Bernard A, Royall JJ,
Glattfelder KJ, Sunkin SM, Morris JA, Guillozet-Bongaarts AL,
et al. Large-scale cellular-resolution gene profiling in human
neocortex reveals species-specific molecular signatures. Cell.
2012;149(2):483-496.

Fan L, Li H, Zhuo ], Zhang Y, Wang J, Chen L, Yang Z, Chu C,
Xie S, Laird AR, et al. The human brainnetome atlas: A new
brain atlas based on connectional architecture. Cereb Cortex.
2016;26(8):3508-3526.

Marx E, Stephan T, Nolte A, Deutschlédnder A, Seelos KC,
Dieterich M, Brandt T. Eye closure in darkness animates
sensory systems. Neuroimage. 2003;19(3):924-934.

Marx E, Deutschlander A, Stephan T, Dieterich M,
Wiesmann M, Brandt T. Eyes open and eyes closed as rest
conditions: Impact on brain activation patterns. Neuroimage.
2004;21(4):1818-1824.

Lopes da Silva E, Witter MP, Boeijinga PH, Lohman AH.
Anatomic organization and physiology of the limbic cortex.
Physiol Rev. 1990;70(2):453-511.

Finc K, Bonna K, He X, Lydon-Staley DM, Kiithn S, Duch W,
Bassett DS. Dynamic reconfiguration of functional brain
networks during working memory training. Nat Commun.
2020;11(1):1-15.

Mulders PC, van Eijndhoven PE Schene AH, Beckmann CE
Tendolkar I. Resting-state functional connectivity in major
depressive disorder: A review. Neurosci Biobehav Rev.
2015;56:330-344.

SiY, Jiang L, Tao Q, Chen C, Li E, Jiang Y, Zhang T, Cao X,
Wan E, Yao D, et al. Predicting individual decision-making
responses based on the functional connectivity of resting-state
EEG. J Neural Eng. 2019;16(6):Article 066025.

Koenigs M, Barbey AK, Postle BR, Grafman J.

Superior parietal cortex is critical for the manipulation
of information in working memory. ] Neurosci.
2009;29(47):14980-14986.

Panichello ME, Buschman TJ. Shared mechanisms underlie
the control of working memory and attention. Nature.
2021;592(7855):601-605.

Cohen MX, Ranganath C. Reinforcement learning signals
predict future decisions. ] Neurosci. 2007;27(2):371-378.
Cohen MX, Elger CE, Weber B. Amygdala tractography
predicts functional connectivity and learning during
feedback-guided decision-making. Neuroimage.
2008;39(3):1396-1407.

Thivierge J-P, Marcus GE. The topographic brain: From
neural connectivity to cognition. Trends Neurosci.
2007;30(6):251-259.

Camp AJ, Wijesinghe R. Calretinin: Modulator of neuronal
excitability. Int ] Biochem Cell Biol. 2009;41(11):2118-2121.
Harrison PJ, Weinberger DR. Schizophrenia genes, gene
expression, and neuropathology: On the matter of their
convergence. Mol Psychiatry. 2005;10(1):40-68.

Iwamoto K, Bundo M, Yamamoto M, Ozawa H, Saito T,
Kato T. Decreased expression of NEFH and PCP4/

PEP19 in the prefrontal cortex of alcoholics. Neurosci Res.
2004;49(4):379-385.

Castillo PE, Younts TJ, Chavez AE, Hashimotodani Y.
Endocannabinoid signaling and synaptic function. Neuron.
2012;76(1):70-81.

16


https://doi.org/10.34133/research.0171

Research

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Fan T, Hu Y, Xin ], Zhao M, Wang J. Analyzing the genes and
pathways related to major depressive disorder via a systems
biology approach. Brain Behav. 2020;10(2):Article e01502.
Duman RS, Aghajanian GK. Synaptic dysfunction

in depression: Potential therapeutic targets. Science.
2012;338(6103):68-72.

Lajtha A, Gibson GE, Dienel GA. Handbook of neurochemistry
and molecular neurobiology: Brain energetics. Integration of
molecular and cellular processes. New York (NY): Springer
Science & Business Media; 2007.

Liu J, Xia M, Wang X, Liao X, He Y. The spatial organization
of the chronnectome associates with cortical hierarchy and
transcriptional profiles in the human brain. Neuroimage.
2020;222:Article 117296.

Carcea I, Froemke RC. Cortical plasticity, excitatory—inhibitory
balance, and sensory perception. Prog Brain Res. 2013;207:65-90.
Duncan NW, Wiebking C, Northoff G. Associations of regional
GABA and glutamate with intrinsic and extrinsic neural
activity in humans—A review of multimodal imaging studies.
Neurosci Biobehav Rev. 2014;47:36-52.

Lines ], Martin ED, Kofuji P, Aguilar ], Araque A. Astrocytes
modulate sensory-evoked neuronal network activity. Nat
Commun. 2020;11(1):Article 3689.

Gomez JA, Perkins JM, Beaudoin GM, Cook NB,
Quraishi SA, Szoeke EA, Thangamani K, Tschumi CW,
Wanat MJ, Maroof AM, et al. Ventral tegmental area astrocytes
orchestrate avoidance and approach behavior. Nat Commun.
2019;10(1):Article 1455.

de Kwaasteniet B, Ruhe E, Caan M, Rive M, Olabarriaga S,
Groefsema M, Heesink L, van Wingen G, Denys D. Relation
between structural and functional connectivity in major
depressive disorder. Biol Psychiatry. 2013;74(1):40-47.

Perez ], Tardito D, Racagni G, Smeraldi E, Zanardi R. Camp
signaling pathway in depressed patients with psychotic
features. Mol Psychiatry. 2002;7(2):208-212.

Kang HJ, Voleti B, Hajszan T, Rajkowska G, Stockmeier CA,
Licznerski P, Lepack A, Majik MS, Jeong LS, Banasr M,

et al. Decreased expression of synapse-related genes and

loss of synapses in major depressive disorder. Nat Med.
2012;18(9):1413-1417.

Cotter D, Mackay D, Landau S, Kerwin R, Everall I. Reduced
glial cell density and neuronal size in the anterior cingulate
cortex in major depressive disorder. Arch Gen Psychiatry.
2001;58(6):545-553.

Barres BA. The mystery and magic of glia: A perspective on
their roles in health and disease. Neuron. 2008;60(3):430-440.
Colombo E, Farina C. Astrocytes: Key regulators of
neuroinflammation. Trends Immunol. 2016;37(9):608-620.
Jia X, Gao Z, Hu H. Microglia in depression: Current
perspectives. Sci China-Life Sci. 2021;64(6):911-925.
Northoft G, Sibille E. Why are cortical GABA neurons relevant
to internal focus in depression? A cross-level model linking
cellular, biochemical and neural network findings. Mol
Psychiatry. 2014;19(9):966-977.

Jiang et al. 2023 | https://doi.org/10.34133/research.0171

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

Gehring W], Willoughby AR. The medial frontal cortex and
the rapid processing of monetary gains and losses. Science.
2002;295(5563):2279-2282.

Dale AM, Fischl B, Sereno MI. Cortical surface-based analysis:
I Segmentation and surface reconstruction. Neuroimage.
1999;9(2):179-194.

Fischl B, van der Kouwe A, Destrieux C, Halgren E, Ségonne F,
Salat DS, Busa E, Seidaman L], Goldstein J, Kennedy D, et al.
Automatically parcellating the human cerebral cortex. Cereb
Cortex. 2004;14:11-22.

Jenkinson M, Beckmann CE, Behrens TE, Woolrich MW,
Smith SM. Fsl. Neuroimage. 2012;62(2):782-790.

Yao D. A method to standardize a reference of scalp

EEG recordings to a point at infinity. Physiol Meas.
2001;22(4):693-711.

He T, Clifford G, Tarassenko L. Application of independent
component analysis in removing artefacts from the
electrocardiogram. Neural Comput Appl. 2006;15:105-116.
Pascual-Marqui RD. Standardized low resolution brain
electromagnetic tomography (sloreta): Technical details.
Methods Find Exp Clin Pharmacol. 2002;24 Suppl D:5-12.
Romero-Garcia R, Atienza M, Clemmensen LH, Cantero JL.
Effects of network resolution on topological properties of
human neocortex. Neuroimage. 2012;59(4):3522-3532.
Rubinov M, Sporns O. Complex network measures of
brain connectivity: Uses and interpretations. Neuroimage.
2010;52(3):1059-1069.

Newman ME]. Modularity and community structure in
networks. Proc Natl Acad Sci U S A. 2006;103(23):8577-8582.
Sun Y, Danila B, Josi¢ K, Bassler KE. Improved community
structure detection using a modified fine-tuning strategy.
Europhys Lett. 2009;86:28004.

Fortin J-P, Parker D, Tung¢ B, Watanabe T, Elliott MA,
Ruparel K, Roalf DR, Satterthwaite TD, Gur RC, Gur RE,

et al. Harmonization of multi-site diffusion tensor imaging
data. Neuroimage. 2017;161:149-170.

Fortin J-P, Cullen N, Sheline YT, Taylor WD, Aselcioglu I,
Cook PA, Adams P, Cooper C, Fava M, McGrath PJ, et al.
Harmonization of cortical thickness measurements across
scanners and sites. Neuroimage. 2018;167:104-120.

Zeng L-L, Shen H, Liu L, Wang L, Li B, Fang P, Zhou Z, Li Y, Hu D.
Identifying major depression using whole-brain functional
connectivity: A multivariate pattern analysis. Brain.
2012;135(Pt 5):1498-1507.

Hawrylycz MJ, Lein ES, Guillozet-Bongaarts AL, Shen EH,
Ng L, Miller JA, van de Lagemaat LN, Smith KA, Ebbert A,
Riley ZL, et al. An anatomically comprehensive atlas

of the adult human brain transcriptome. Nature.
2012;489(7416):391-399.

Romero-Garcia R, Seidlitz J, Whitaker KJ, Morgan SE,
Fonagy P, Dolan R], Jones PB, Goodyer IM, Suckling J, Vértes PE,
et al. Schizotypy-related magnetization of cortex in healthy
adolescence is colocated with expression of schizophrenia-
related genes. Biol Psychiatry. 2020;88(3):248-259.

17


https://doi.org/10.34133/research.0171



