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Abstract
The human cerebral cortex is the source of many complex behaviors and is a vulnerable target of various neuropsychiatric
disorders, but transcriptional profiles linked to cerebral cortical volume (CCV) differences across brain areas remain
unknown. Here, we screened CCV-related genes using an across-sample spatial correlation analysis in 6 postmortem brains
and then individually validated these correlations in 1091 subjects with different ages and ethnicities. We identified 62
genes whose transcriptional profiles were repeatedly associated with CCV in more than 90% of individuals. CCV-related
genes were specifically expressed in neurons and in developmental periods from middle childhood to young adulthood,
were enriched in ion channels and developmental processes, and showed significant overlap with genes linked to brain
functional activity and mental disorders. The identified genes represent the conserved transcriptional architecture of the
human cerebral cortex, suggesting a link between conserved gene transcription and neocortical structural properties.
Key words: cerebral cortex, functional annotation, gene expression, magnetic resonance imaging, mental disorder

Introduction
The human cerebral cortex is composed of multiple areas with
different structural and functional properties. As the sum of
cell and non-cell components (CCs), the cerebral cortical volume (CCV) can be accurately quantified by structural magnetic
resonance imaging (MRI). CCV variations have been associated
with individual differences in complex cognitive capabilities
(Elmer et al. 2014; Becker et al. 2015; Smolker et al. 2015), and
different patterns of CCV changes have been reported in neuropsychiatric disorders (Whitwell et al. 2007; Lai 2013; Xiao et al.
2015). Although we know about the high heritability of structural
neuroimaging measures (Joshi et al. 2011; de la Torre-Ubieta et al.

2018), we barely understand the genetic architecture accounting
for regional CCV variations in the human brain.
The genetic architecture of cortical areas could be detected
by investigating across-individual associations between genetic
variants and neuroimaging measures. Although candidate gene
analyses have identified a few genetic loci associated with CCV
variations in several cortical areas (Nenadic et al. 2015; Udden
et al. 2017; Xu et al. 2017), the generalization of these findings
is difficult because only a few genetic variants from the whole
human genome have been examined in rather small populations. To identify genetic variants associated with neuroimaging
measures in an unbiased way, large-scale genome-wide association studies have been performed and have revealed a few
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Methods
Discovery Participants
The discovery experiment was performed in six donated brains
with both transcriptome and structural MRI data from the AHBA
(http://human.brain-map.org). A total of 3702 tissue samples
were extracted from these brains with scalpel-based manual

macro-dissection and laser microdissection. Using a custom
Agilent 8 × 60K cDNA array chip, microarray data of each tissue
sample were obtained with approximately 60 000 probes to capture the expression of 20 783 genes. To minimize non-biological
systematic biases while maintaining biological variations,
normalization was applied both within and between brains
by the Allen Institute for Brain Science. Three-dimensional
T1-weighted structural MRI was also collected from the six
donors shortly after the time of death and prior to tissue
dissection.

Validation Participants
The validation experiments were implemented with structural
MRI data from four independent datasets involving participants
of different ages and ethnicities. Dataset 1 included 300 healthy
young adults (150 females and 150 males; age range: 22–35 years
old) from the Human Connectome Project (HCP) (https://www.hu
manconnectome.org/study/hcp-young-adult) (Van Essen et al.
2012; Van Essen et al. 2013). Dataset 2 included 300 healthy young
Chinese individuals (CHY) (150 females and 150 males; age
range: 18–30 years old). Dataset 3 included 228 healthy elderly
subjects (110 females and 118 males; age range: 60–90 years
old) from the Alzheimer Disease Neuroimaging Initiative (ADNI)
(http://www.adni-info.org/) (Mueller et al. 2005a, 2005b; Jack
et al. 2008). Dataset 4 included 263 healthy elderly Chinese
individuals (CHE) (111 females and 152 males; age range:
40–75 years old).

AHBA Probe Selection
For the same gene, in a single tissue sample, different probes
could obtain different gene expression values due to the different probe sensitivities. Thus, we chose one probe for one gene
according to the following principles: (1) probes without Entrez
ID were excluded; (2) when two probes were available for a gene,
the one with higher average expression across tissue samples
was retained; and (3) if more than two probes were accessible,
the one most correlated with the others was preserved.

AHBA Tissue Sample Selection
AHBA provides anatomically precise genome-wide transcription maps of the human brain, including the neocortex, basal
ganglia, hippocampus, cerebellum, and brainstem. It has been
suggested that these major brain structures have large transcriptional differences (Hawrylycz et al. 2012). The inclusion of
non-neocortical tissue samples would introduce biases into the
transcriptional analysis. To investigate the molecular mechanisms of the CCV of the human brain without these biases, we
only included neocortical tissue samples from the AHBA dataset
in this study.

Mapping Tissue Samples to the Human Brain Atlas
The Montreal Neurological Institute (MNI) coordinates for tissue
samples were used to map tissue samples to the brain atlas
(Richiardi et al. 2015; Forest et al. 2017). Here, the Human
Brainnetome Atlas was selected because it provided a finegrained parcellation of the human brain and divided the neocortex into 210 non-overlapping areas based on the connectivity
properties (Fan et al. 2016). We mapped the MNI coordinates of
each neocortical tissue sample to this atlas to assign the tissue
sample to its corresponding brain region. In this way, most tissue
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genetic loci associated with volumes of the whole brain, gray
matter, and subcortical nuclei (Stein et al. 2012; Hibar et al. 2015;
Xia et al. 2017; Elliott et al. 2018). However, none of these studies
have reliably identified any genetic loci associated with CCV
variations in any cortical areas, mainly due to the lack of enough
samples.
Although across-individual transcriptome–neuroimaging
correlation analysis could be used to identify CCV-related
genes, this type of analysis generally requires a large sample
of donated brains with both transcriptomic and neuroimaging
data. However, thus far, there have been no such big datasets.
An alternate method is to identify CCV-related genes by
investigating spatial correlations between gene transcription
and CCV across cortical areas in a single or several postmortem
brains (Fornito et al. 2019). For example, the Allen Human
Brain Atlas (AHBA), including six postmortem brains with
both transcriptomic and neuroimaging data, has been used
to identify genes associated with neuroimaging measures of
connectivity and myelin (Forest et al. 2017; Ritchie et al. 2018).
Additionally, based on the fact that the cortical gene expression
patterns are highly conserved across individuals (Hawrylycz
et al. 2015), several studies have associated transcriptomic data
from postmortem brains with group-averaging neuroimaging
maps from other living brains and have revealed conserved
gene expression linked to neuroimaging measures (Hawrylycz
et al. 2015; Richiardi et al. 2015; Wang et al. 2015; Kong et al.
2017; Liu et al. 2019). The method has also been used to identify
transcriptomic architecture associated with neuroimaging
alterations resulting from neuropsychiatric disorders (Romme
et al. 2017; Romero-Garcia et al. 2018). However, no study has
explored CCV-related genes using transcriptome–neuroimaging
association analysis.
In this study, we aimed to identify the CCV-related transcriptional architecture conserved across individuals, as
this information could provide clues for understanding the
genetic underpinnings of CCV variations between cortical
areas in normal subjects and the molecular mechanisms
underlying regional CCV changes in neuropsychiatric disorders.
Transcriptome–neuroimaging association analysis was initially
performed in six AHBA brains to screen out genes whose
transcriptional profiles were correlated with CCV across
neocortical samples. The reproducibility and generalization of
these correlations were individually validated in 1091 subjects
from four independent healthy populations with different ages
and ethnicities. Only genes showing consistent correlation with
CCV in more than 90% of individuals in every dataset were
defined as CCV-related genes. The transcriptional properties
of these genes were analyzed by tissue, cell type, and spatial–
temporal specific expression analyses. The functions of these
genes were annotated by gene set enrichment analysis, and their
clinical significance was indicated by calculating the overlap
between these genes and those involved in neuropsychiatric
disorders. The data generation and analysis pipelines are shown
in Figure 1.
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samples were assigned to specific brain regions. For an
unmatched sample, we tested whether the sample could be
mapped to the 26-connected neighboring voxels around the MNI
coordinates (within a 3-voxel distance from the coordinates).
If yes, the tissue sample was matched to the brain region
containing the matched voxel; otherwise, the tissue sample
was discarded. Finally, 1554 neocortical samples from 2748
cerebral samples provided by AHBA were matched to specific
brain regions and were included in further analyses.

and a partial volume estimation (Tohka et al. 2004) were applied
to assess the fraction of each tissue type in every voxel. After
the structural images were segmented into gray matter (GM),
white matter, and cerebrospinal fluid, the GM concentration
maps were normalized into the MNI space. The normalized
CCV map was obtained by multiplying the normalized GM
concentration maps by the nonlinear determinants generated
from the normalization procedure. These CCV maps were
resliced to a cubic voxel of 1.5 mm and smoothed with a full
width at half maximum Gaussian kernel of 8 mm.

Imaging Data Preprocessing
We calculated a voxel-wise CCV map for each subject using the
VBM8 implemented in Statistical Parametric Mapping (SPM8,
http://www.fil.ion.ucl.ac.uk/spm). In tissue segmentation, an
adaptive maximum a posteriori technique (Rajapakse et al. 1997)

CCV Extraction for Each Sample
To establish the spatial correspondence between the CCV and
gene expression for each tissue sample, we drew a sphere with
a 3-mm radius on the CCV map of each individual centered on
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Figure 1. Data generation and analysis pipeline. This study comprises discovery experiment, validation experiment, and functional annotation. The discovery
experiment is performed in six AHBA brains with both transcriptomic and structural neuroimaging data. A total of 1554 samples are assigned to the neocortex.
After establishing the anatomical correspondence between transcriptomic and neuroimaging data for each sample, the CCV and gene expression (20 736 genes) of this
sample are extracted. Then Pearson correlations between CCV and expression of each gene are performed across neocortical samples, and genes showing significant
correlation with CCV are included in the validation experiment. The validation experiment is performed in 1091 subjects from four healthy populations with different
ages and ethnicities. The expression data of the discovered genes are extracted from AHBA brains, and the CCV values of the 1554 neocortical samples are obtained from
structural MRI images of each individual from the 4 datasets. Pearson correlations between CCV and gene expression are then performed across neocortical samples
in each individual, and genes showing consistent significant correlation with CCV in more than 90% of individuals in every dataset are included in the annotation
analysis. The identified CCV-related genes are annotated by tissue, cell type, and spatial–temporal specific expression analysis. Gene set enrichment analysis was
used to identify the functions of these genes, and Fisher’s exact test was used to demonstrate the genetic overlap with mental disorders.
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Identification of the CCV-Related Genes
In the discovery experiment, both the gene expression and
CCV of each neocortical sample were obtained from the same
donor. Pearson correlation was performed between the CCV and
the expression of each gene across all 1554 samples from all
donors. Genes with significant correlations (Bonferroni correction for the number of genes) with the CCV were used for further
validation analyses.

Individual-Level Validation for CCV-Related Genes
In validation experiments, gene expression was derived from
the AHBA dataset, and the CCV was derived from four independent datasets. We calculated Pearson correlation coefficients for
the correlation between the expression of the identified genes
from the discovery experiment and the CCV of each individual from each validation dataset across all 1554 neocortical
samples. Genes that were consistently significantly correlated
(Bonferroni correction for the numbers of genes and subjects)
with the CCV in more than 85%, 90%, and 95% of individuals
in each of the four validation datasets were screened out. To
balance false positive and negative rates and to increase the
interpretability of the results with enrichment analyses, only
genes that were consistently significantly correlated with CCV
in more than 90% of individuals in each of the four validation
datasets were defined as CCV-related genes and were used in
the following analyses.

Permutation Test to Distinguish Significant Results
from Random Results
To distinguish effective correlations from random ones, we randomly shuffled gene expression values (10 000 permutations)
among tissue samples and calculated correlations between the
CCV and the permutated gene expression data using the same
methods mentioned above. Then, we recorded the number of
genes identified in each permutation test. Finally, we compared
the number of genes identified in the real expression data with
the number of genes identified in each permutated expression
dataset to determine whether our results were different from
random results.

Specificity of CCV-Related Genes to CCV
To investigate whether CCV-related genes are unique to the CCV
and do not generalize to other brain structure measurements,
we performed two additional tests: (1) we tested whether CCVrelated genes were different from those associated with volumes
of subcortical structures (SSV) and the cerebellar cortex, and
(2) we tested whether CCV-related genes were also associated
with cortical thickness (CT) and surface area (SA). Please see the
Supplementary Methods.

Tissue-Specific Expression Analysis
We used an online tissue-specific expression analysis (TSEA)
tool (http://genetics.wustl.edu/jdlab/tsea/) to determine the specific tissues in which CCV-related genes were overrepresented.
Specifically, a specificity index probability (pSI = 0.05, 0.01, 0.001,
and 0.0001, permutation corrected) was used to determine how
likely a gene was to be specifically expressed in a given tissue
relative to all other tissues. Fisher’s exact test was used to
evaluate the significance of overlap between CCV-related genes
and those enriched in a particular tissue. The false discovery
rate (FDR) caused by multiple comparisons was corrected using
the Benjamini and Hochberg method (FDR-BH correction) with a
corrected P value of 0.05.

Cell Type-Specific Expression Analysis
It has been suggested that brain-wide transcriptional variations
reflect the distribution of major types of cells such as neurons,
oligodendrocytes, and astrocytes (Oldham et al. 2008; Hawrylycz et al. 2012). Here, an online cell type-specific expression
analysis (CSEA) tool (Dougherty et al. 2010) (http://genetics.wu
stl.edu/jdlab/csea-tool-2/) was used to identify the cell types
in which the CCV-related genes were overexpressed. It should
be noted that the CSEA tool employs a cell-type transcriptomic dataset from the mouse brain, and thus, not all CCVrelated genes could be matched to their homologs in the mouse
brain. Generally, matched genes surviving a pSI (how likely a
gene is to be specifically expressed in a given cell type relative
to all other cell types included in the analysis) of 0.05 were
classified into four main cortical cell types (neuron, astrocyte,
oligodendrocyte, or immune cell), and the corresponding distribution of each cell type was depicted. If a gene was specifically expressed in more than one cell type, this gene would
be included in the calculation of the distribution of both cell
types. The results from CSEA analysis were further validated
using another transcriptome database for seven cell types in
the adult mouse brain (Zhang et al. 2014). Based on the highest
FPKM (fragments per kilobase of transcript sequence per million
mapped fragments) value among the seven cell types, we determined the cellular preference of expression for each matched
CCV-related gene and then calculated the distribution of each
cell type.

Spatial–Temporal Specific Expression Analysis
To explore the spatial–temporal expression features of
CCV-related genes, we again used CSEA to investigate the
transcriptional enrichment of CCV-related genes in the cerebral
cortex during different developmental windows. Here, the pSI
(0.05, 0.01, 0.001, and 0.0001, permutation corrected) represents
how likely a gene is to be specifically expressed in a given
developmental stage relative to all other stages. Besides the
integral analysis of CCV-related genes, individual genes with
specific cortical expression in any developmental stage under a
stringent threshold (pSI = 0.0001) were also identified, and their
spatial–temporal expression curves were depicted with the tool
from the Human Brain Transcriptome project (Kang et al. 2011)
(http://hbatlas.org/).

Enrichment Analyses
Conserved CCV-related genes were functionally annotated
using the ToppGene portal (Chen et al. 2009) (https://toppgene.
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the MNI coordinates of the tissue sample. The mean value of the
CCV values of all voxels within each sphere was defined as the
CCV of the tissue sample. If a sphere is extended outside the
binary mask of its corresponding neocortical area, only voxels
in the sphere that overlapped with the binary mask of the area
were included in the calculation of the CCV of the sphere. From
the CCV maps of the six donated AHBA brains, 452, 354, 149,
212, 194, and 193 spheres were extracted for each. However, all
1554 spheres (corresponding to tissue samples) were extracted
for each participant in the 4 validation datasets.
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cchmc.org/) to identify significant enrichment in gene ontology
(GO) and human phenotype databases (FDR-BH correction,
P < 0.05). Since major mental disorders have shown CCV
changes, we also detected overlap between CCV-related genes
and genes with differential expression in mental disorders. We
first screened genes that survived FDR correction (P < 0.05) in
differential expression analysis (Gandal et al. 2018), and then, we
used the Fisher exact test (P < 0.05) to identify significant overlap
between CCV-related genes and those involved in mental
disorders, with 20 736 genes as the background list. The tested
mental disorders included autism spectrum disorders (ASD),
schizophrenia (SCZ), bipolar disorder (BD), major depression
(MD), and alcohol abuse disease (AAD). We further confirmed
the results using the same method, except that differentially

expressed genes (DE) were obtained from a meta-analysis of
mental disorders (Gandal et al. 2018).

Statistical Analyses
The identification of CCV-related genes was performed using
Pearson correlation (two-tailed) with Bonferroni correction for
the number of genes (P < 0.05/20736 = 2.41 × 10−6 ). The validation
of the CCV-related genes was performed using Pearson correlation (two-tailed) with Bonferroni correction for the number
of genes and subjects (P < 0.05/13 784/1091 = 3.33 × 10−9 ). Overlap
between CCV-related genes and genes related to mental disorders was analyzed using Fisher’s exact test (P < 0.05), with 20 736
genes as the background list.
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Figure 2. Genes associated with CCV. Orange represents positive correlation, and blue represents negative correlation between CCV and gene expression. The outermost
ring represents −log10 (P) of the association test for each individual (a dot) in the validation experiment. The significant P value (Bonferroni correction) is shown in
orange (positive correlation) or blue (negative correlation) dot, and the non-significant P value is shown in gray dot. The middle ring represents the percentage of
consistently significant correlations in each dataset sorted clockwise as HCP, CHY, ADNI, and CHE. The black dashed circles from the outside to inside represent
the probabilities of 90%, 92%, 94%, 96%, 98%, and 100%, respectively. The innermost ring represents correlation coefficient between gene expression and CCV in the
discovery experiment; a darker color indicates a greater correlation coefficient (see also in Supplementary Tables S4 and S5).
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Results
Demographic and Imaging Information of Participants

CCV-Related Genes Found in the Discovery Experiment
In the discovery experiment, 1554 neocortical samples were
selected from a total of 3702 samples from 6 donated brains from
the AHBA data. After establishing the spatial correspondence
between each tissue sample and each sphere drawn from
the CCV map, Pearson correlations were performed between
the expression of each gene and the CCV values across all
1554 neocortical samples. We found that 13 784 of the 20 736
genes showed significant correlations with CCV (Bonferroni
correction, P < 0.05/20 736 = 2.41 × 10−6 ). The QQ plot for correlations between the CCV and gene expression is shown
in Supplementary Figure S1.A. We found that the observed
correlations were much more significant than the expected
correlations.

CCV-Related Genes Confirmed in the
Validation Experiments
Individual-level validations were used to identify conserved
transcriptomic architecture associated with the CCV in most
individuals. We performed spatial correlations between the
expression of each of the 13 784 discovered genes and the CCV
values of each of the 1091 subjects from the 4 datasets including
independent healthy populations with different ages and ethnicities. Genes showed a consistent correlation with the CCV in
more than 85%, 90%, and 95% of individuals in every dataset, as
demonstrated in Supplementary Table S3. However, only genes
with a consistently significant correlation with the CCV (Bonferroni correction, P < 0.05/13 784/1091 = 3.32 × 10−9 ) in more than
90% of individuals in every dataset were defined as CCV-related
genes. A total of 62 genes were identified as CCV-related genes
(Fig. 2, Supplementary Figure S2, Supplementary Tables S4 and
S5). Among them, 20 genes showed positive correlations and
42 genes demonstrated negative correlations with the CCV. The
representative correlation maps between gene expression levels
and CCV in the discovery experiment are shown in Figure 3.

Permutation Test to Distinguish Significant Results
from Random Results
We randomly shuffled gene expression values (10 000 permutations) among samples and calculated correlations between
the CCV and the permutated gene expression data. We
found that the observed P values calculated from the permutated gene expression data are not different from the
expected P values. Three representative QQ plots are shown in
Supplementary Figure S1.B–D. In tests with 10 000 permutations,
no significant genes were found in 9806 tests, and the largest
number of significant genes found in the 2 tests was 18 genes,
substantially fewer than our previous finding of 62 significant

Specificity of CCV-Related Genes to the CCV
In the discovery experiment, 8647 genes demonstrated significant sample-wise correlations with SSV (Bonferroni correction,
P < 0.05/20 736 = 2.41 × 10−6 ). In the validation experiments, 828
genes showed consistently significant correlations with SSV
(Bonferroni correction, P < 0.05/8647/1091 = 5.30 × 10−9 ) in more
than 90% of individuals at each of the four validation datasets.
Among the 828 genes, only three genes overlapped with 62
CCV-related genes (Supplementary Figure S3A). In addition,
6869 genes demonstrated significant sample-wise correlations
with the cerebellar cortical volume (Bonferroni correction,
P < 0.05/20 736 = 2.41 × 10−6 ) in the discovery experiment.
However, no genes passed the stringent threshold (Bonferroni
correction, P < 0.05/6869/1091 = 6.67 × 10−9 in more than 90%
individuals at each of the four validation datasets) in the
validation experiments. These findings indicate that most of the
62 CCV-related genes are unique to the CCV and are not present
in other volumes of subcortical structures and the cerebellar
cortex.
We found that 2664 genes were associated with CT and that
5 genes were associated with SA. Among the 62 CCV-related
genes, 58 genes overlapped with CT-related genes, but none
overlapped with SA-related genes (Supplementary Figure S3B).
These findings indicate that most CCV-related genes influenced
cortical volume via influencing cortical thickness.

CCV-Related Genes Are Specifically
Expressed in the Brain
If the transcriptome–neuroimaging association analysis is reasonable; the identified genes should show specific expression
in the brain. To test this hypothesis, we used an online TSEA
tool to identify the specific tissue in which CCV-related genes
were significantly overrepresented. The pSI (0.05, 0.01, 0.001,
and 0.0001) was applied to determine how likely a gene
was to be specifically expressed in a given tissue relative
to all other tissue in the analyses. We found that CCVrelated genes were significantly enriched in brain tissue, even
under the most stringent pSI threshold of 0.0001 (Fig. 4A).
According to tissue-specific expression results at the threshold
of pSI = 0.05 (Supplementary Figure S4), we identified 23 brainspecific genes with specific expression in brain tissue and
10 tissue-shared genes without specific expression in any
tissues (Supplementary Figure S5A) and compared correlation
coefficients between brain-specific genes and tissue-shared
genes. We found that brain-specific genes showed a weaker
negative correlation (t = −1.142, P = 0.022) and a similar positive
correlation (t = 2.424, P = 0.269) than tissue-shared genes (see
Supplementary Methods, Supplementary Figure S5B). These
findings indicate that both brain-specific genes and tissueshared genes are important for the CCV.

CCV-Related Genes Are Specifically Expressed in
Neurons
To show the cell type-specific expression of CCV-related genes,
we depicted the distribution of these genes with their specific
expression (pSI = 0.05, a gene is specifically expressed in a
given cell type relative to all other cell type in the analyses)
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Five independent datasets were included in this study: (1) 6
postmortem brains from the AHBA with both transcriptomic
and structural MRI data; (2) 300 healthy young subjects from the
HCP; (3) 300 CHY; (4) 228 healthy elderly subjects from the ADNI;
and (5) 263 CHE. Only structural MRI data were available for the
latter four datasets. The demographic data of these datasets
are shown in Supplementary Table S1. The MRI parameters for
these datasets are displayed in Supplementary Table S2.

genes (Supplementary Figure S1.E). These analyses indicate that
the 62 genes identified in our study are not a random result.
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in four main cortical cell types using an online CSEA tool
(Dougherty et al. 2010; Xu et al. 2014). Notably, 53% of the
genes showed significant specific expression in neurons
(Fig. 4B and Supplementary Table S6A). We also used another
transcriptome database containing seven cell types in the
adult mouse brain (Zhang et al. 2014) to validate the results
derived from the CSEA tool. Based on the highest FPKM value
among the seven cell types, we found that 48% of CCV-related
genes were preferentially expressed in neurons (Fig. 4B and
Supplementary Table S6B). These findings suggest that these
genes may affect the CCV by modulating cortical neurons.

CCV-Related Genes Are Specifically Expressed
in the Middle and Late Developmental Stages
of the Cerebral Cortex
We used CSEA to explore the enrichment of CCV-related
genes in different developmental windows of the cerebral
cortex. In the integral spatial–temporal specific expression
analysis, these genes showed significant overexpression in
middle and late childhood, adolescence, and young adulthood (Fig. 4C), suggesting that CCV-related genes are critical
for the middle and late stages of cortical development. In
addition to the integral analysis, the spatial–temporal specific
expression of individual gene was also examined (Fig. 4D).
With a strict threshold of the temporal-specific expression
(pSI = 0.0001, determines how likely a gene is to be specifically
expressed in a given developmental stage relative to all
other stages), CABP1, KCNS1, and STAC2 genes consistently
showed gradually increased expression levels from birth to
adulthood.

CCV-Related Genes Are Enriched in Brain-Related
Molecular Functions, Development Processes, CCs,
Functional Neuroimaging, and Disease Phenotypes
To characterize the biological functions of CCV-related genes,
the ToppGene portal (Chen et al. 2009) was used to identify
significant enrichment in GO and human phenotypes. The
results of enrichment analyses of CCV-related genes are listed
in Supplementary Table S7 and are shown in Figure 5A. In
GO molecular functions, CCV-related genes were enriched
in various ion channels, including voltage-gated ion channel
(P = 0.0004), voltage-gated sodium channel (P = 0.002), and
voltage-gated potassium channel (P = 0.006). In GO biological
processes (BPs), these genes were overrepresented in multiple
development processes of the brain, such as central nervous system development (P = 0.023), forebrain development (P = 0.023),
and head development (P = 0.033). In GO cellular components,
these genes were enriched in neurons, axons, and a variety
of ion channel complexes, such as neuron part (P = 0.009),
main axon, (P = 0.002) and sodium channel complex (P = 0.001).
In human phenotypes, these genes were enriched in many
kinds of seizures, such as focal clonic seizures (P = 0.0005),
atypical absence seizures (P = 0.003), and generalized tonic–
clonic seizures with focal onset (P = 0.002), which is consistent
with the concept that primary seizures are typically caused by
abnormal cortical development (Petit et al. 2014; Hsieh et al.
2016).
With transcriptomic data, several studies have revealed
genes associated with functional MRI measures (Richiardi et al.
2015; Wang et al. 2015). We also examined overlap between
the identified CCV-related genes and those associated with
functional MRI measures, and we found significant overlap. For
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Figure 3. Correlations between gene expression and cerebral cortical volume (CCV). This figure shows three representative positive correlations (upper row) and three
representative negative correlations (lower row) between gene expression and CCV across the 1554 neocortical samples in the discovery experiment (see also in
Supplementary Tables S4 and S5.
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example, 10 of the CCV-related genes (P = 8.48 × 10−12 , Fisher’s
exact test) (Fig. 5C and Supplementary Table S8) overlapped
with those involved in the resting-state network (Richiardi et al.
2015), and 12 of the CCV-related genes (P = 4.20 × 10−22 , Fisher’s
exact test) (Fig. 5C and Supplementary Table S8) overlapped
with those linked to resting-state brain activity (Wang et al.
2015). These results indicate that some CCV-related genes are

also associated with the functional properties of the cerebral
cortex.
Since CCV changes have been found in many mental
disorders, such as SCZ and ASD (Ecker et al. 2015; Xiao
et al. 2015), we also examined overlap between CCV-related
genes and DE in these mental disorders (Gandal et al. 2018).
Fisher’s exact test indicated that CCV-related genes significantly
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Figure 4. Specific expression analyses of the CCV-related genes. (A) Integral tissue-specific expression analysis shows that the CCV-related genes are specifically
expressed in the brain rather than other tissues (pSI = 0.05, 0.01, 0.001, and 0.0001). Dashed circles are −log10 (P) values representing the statistical significance of
specific expression in different tissues. (B) Cell type-specific expression analysis indicates that the CCV-related genes are overexpressed in neurons under a threshold
of pSI = 0.05 in CSEA tool (left pie) and based on the highest RPKM value among the seven cell types (right pie) (see also in Supplementary Table S6A,B). (C) Integral
spatial–temporal specific expression analysis reveals that the CCV-related genes are specifically expressed in the cerebral cortex during middle and late childhood,
adolescence, and young adulthood. Y axis is −log10 (P); if −log10 (P) > 10, then −log10 (P) = 10. (D) The spatial–temporal specific expression curves of the CABP1, KCNS1,
and STAC2 genes. Astro, astrocyte; Endo, endothelial cells; Immu, immune cells; MGL, microglia; MO, myelinating oligodendrocytes; NFO, newly formed oligodendrocyte;
OPC, oligodendrocyte precursor cell; Oligo, oligodendrocyte.
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overlapped with DE in ASD (P = 0.0002), SCZ (P = 0.0007), and
BD (P = 0.0008) (Fig. 5B,C and Supplementary Table S8). We also
used meta-results of the DE in ASD, BD, and SCZ (Gandal
et al. 2018) to validate this overlap. CCV-related genes still
overlapped with those of ASD (P = 1.59 × 10−8 ), SCZ (P = 0.006),
and BD (P = 0.017) (Fig. 5B and Table S8). These results suggest
that some CCV-related genes are involved in mental disorders.

Discussion
Transcriptome–neuroimaging association analysis of the whole
brain is an unbiased approach to identify genes linked to
neuroimaging measures. However, the reliable identification of
genes associated with interindividual differences of neuroimaging measures generally requires a large sample of donated
brains with both transcriptomic and neuroimaging data and
with good anatomical coverage. Due to the lack of such data,
researchers have investigated transcriptome–neuroimaging
associations across brain areas in a few donated brains (Forest
et al. 2017; Ritchie et al. 2018). Moreover, several studies have
associated the transcriptomic data from postmortem brains
with group-averaged neuroimaging maps from other living

brains to identify the conserved gene expression linked to
neuroimaging measures (Richiardi et al. 2015; Whitaker et al.
2016; Romme et al. 2017; Shin et al. 2017; Wong et al. 2018).
Here, transcriptome-CCV association analysis was initially
performed in six donated brains with both types of data to
avoid the strange results that can occur in association analysis
based on transcriptomic and neuroimaging data from different
individuals. Then, we performed stringent individual-level
validation in 1091 subjects from 4 independent populations
with different ages and ethnicities to ensure our findings were
highly generalizable to other individuals. Thus, the identified
CCV-related genes represent the conserved transcriptomic
architecture accounting for CCV variations between cortical
areas. However, non-conserved genes associated with CCV
variations between cortical areas and genes linked to CCV
variations between individuals cannot be reliably identified in
this study.
Both the plausibility and significance of this study were confirmed by functional annotations of the identified CCV-related
genes. These annotations showed highly specific expression in
the brain and significant enrichment in neurons and axons,
and nearly half of these genes showed specific expression in
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Figure 5. Functional annotations of the CCV-related genes. (A) The CCV-related genes are significantly enriched in molecular function (MF) of ion channels (left), BP
of brain development (middle left), CC of neuron and axon (middle right), and human phenotype of seizure (right). The y axis indicates -log10 (P) (FDR-BH correction),
and the size of each bubble depends on the number of the CCV-related genes overlapped with each gene set (see also in Supplementary Table S7). (B) The CCV-related
genes are significantly overlapped with those linked to ASD, SCZ, BD, and resting-state functional magnetic resonance imaging (rfMRI) measures. (C) The numbers of
the CCV-related genes overlapped with those linked to major mental disorders (left) and rfMRI measures (right).
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