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Abstract

Major depressive disorder (MDD) has been shown to involve widespread changes in
low-level sensorimotor and higher-level cognitive functions. Recent research found
that a primary-to-transmodal gradient could capture a cortical hierarchical organiza-
tion ranging from perception and action to cognition in healthy subjects, but a promi-
nent gradient dysfunction in MDD patients. However, whether and how this cortical
gradient is linked to subcortical impairments and whether it is reflected in the micro-
scale neurotransmitter systems and cell type-specific transcriptional signatures
remain largely unknown. Data were acquired from 323 MDD patients and 328 sex-
and age-matched healthy controls derived from the REST-meta-MDD project, and
the human brain neurotransmitter systems density maps and gene expression data
were drawn from two publicly available datasets. We investigated alterations of the
primary-to-transmodal gradient in MDD patients and their correlations with clinical
symptoms of depression and anxiety, as well as their paralleled subcortical impair-
ments. The correlations between MDD-related gradient alterations and densities of
the neurotransmitter systems and gene expression information were assessed,
respectively. The results demonstrated that MDD patients had a compressed
primary-to-transmodal gradient accompanied by paralleled alterations in subcortical
regions including the caudate, amygdala, and thalamus. The case-control gradient dif-
ferences were spatially correlated with the densities of the neurotransmitter systems
including the serotonin and dopamine receptors, and meanwhile with gene expres-
sion enriched in astrocytes, excitatory and inhibitory neuronal cells. These
findings mapped the paralleled subcortical impairments in cortical hierarchical organi-
zation and also helped us understand the possible molecular and cellular substrates
of the co-occurrence of high-level cognitive impairments with low-level sensorimotor

abnormalities in MDD.
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1 | INTRODUCTION

Major depressive disorder (MDD) is a common and highly heteroge-
neous psychiatric condition characterized by pervasive and persistent
low mood, accompanied by diminished interests, cognitive dysfunction,
and physical symptoms (Drysdale et al., 2017). Previous studies on the
brain mechanisms underlying MDD mainly focused on emotional dys-
regulation and high-level cognitive deficits (Zhao et al., 2021), while an
increasing number of studies attached significance to MDD-related
low-level sensorimotor processes, such as visual processing (Bubl
et al, 2010) and pain perception (Fitzgerald, 2013). However, the
abnormal co-occurrence or transition of high-level cognitive processing
with low-level sensorimotor activity underlying MDD clinical charac-
teristics is still poorly understood, and possible microscale neurobiolog-
ical signatures and macroscale neuroimaging indexes in the brain are
especially needed to explain these abnormalities.

As a fundamental organizational principle for information proces-
sing, brain network hierarchy was thought to direct the propagation
of low-level sensorimotor information along multiple cortical relays
into high-level transmodal areas, which responsible for processing
increasingly abstract and complex information (Huntenburg
et al., 2018). By combining resting-state functional magnetic reso-
nance imaging techniques and a manifold learning method,
researchers recently mapped brain network hierarchy in a gradient
manner (Margulies et al., 2016). This gradient method complemented
discrete anatomical and functional parcellation approaches and incor-
porated potentially signal-mixed brain connectomes into continuous
representations along the cortical surface (Huntenburg et al., 2017).
Typically, the principal primary-to-transmodal gradient could be
described as an intrinsic geometry of the cortex which started with
primary sensory and motor regions, and extended to the hierarchical
apex of brain systems, including the default mode network (DMN)
and some transmodal regions (Haueis, 2021). The gradient could sepa-
rate specific information processing (such as sensory and cognitive
processes) from high-level processes and achieve gradually transition-
ing from low-level processes to high-level functional attributes in
healthy participants (Haak & Beckmann, 2020; Hong et al., 2019;
Sepulcre et al., 2012). Given the concurrence of sensation and cogni-
tive processing abnormality in patients with MDD, the description of
the primary-to-transmodal gradient in MDD probably enabled us to
understand this co-deficit from the brain hierarchy organizational
principal perspective. Along this pattern, it might be hypothesized that
MDD patients might present successive destruction between
low-level and high-level brain networks. In addition to the increasingly
recognized cortical functional impairments in patients with MDD,
accumulating studies emphasized that the paralleled alterations in
subcortical regions (Chung et al., 2011; Mayberg, 1997; Phelps &
LeDoux, 2005). Indeed, prior studies showed that the dysregulated
interactions of subcortical and cortical systems might involve the
MDD-related pathological mechanism, including deficits in the
amygdala-prefrontal (Anderson Collins, Chin, et al., 2020), frontal-
striatal (Greene et al., 2020), and thalamus-prefrontal circuits (Siegel

et al, 2014). These impaired subcortical and cortical alterations

offered additional insights into illuminating brain multiple system-wide
integration and the neurobiological underpinnings of MDD. However,
how the subcortical areas exhibit paralleling disruptions with cortical
gradient remains poorly understood.

MDD-related changes in the macroscale brain organizational hier-
archy might be regulated or reflected by some microscale factors such
as neurotransmitters, gene expression, and cells. Positron emission
tomography (PET) and single photon computed tomography (SPECT)
imaging provided the whole-brain density distribution of some neuro-
transmitter systems such as dopamine, serotonin, and neuropeptides
(Dukart et al., 2021; Hesse et al., 2017; Kaller et al., 2017). Using a
neuroimaging-neurotransmitter association analysis method, previous
studies found that abnormal brain functional activity was closely asso-
ciated with dopaminergic and serotonergic dysfunction in depression
and schizophrenia (Chen et al., 2021; Malhotra et al., 1998; Park
et al., 2022). Recent studies on schizophrenia have also confirmed the
imbalanced relationship between neurotransmitters and brain func-
tional networks (Conio et al., 2020). On the other hand, the microar-
ray dataset of Allen Human Brain Atlas (AHBA) could establish a
connection between the microscale transcriptome gene profiles and
macroscale brain networks (Elman et al., 2017; Fornito et al., 2019;
Hibar et al., 2015). A previous connectome-transcriptome association
study showed that the structural connectome in MDD patients was
associated with gene expression profiles which ontologically enriched
synapse-related terms (Li, Seidlitz, et al., 2021). The gene enrichment
techniques and emerging single-cell expression data also enabled us
to assess the relationship between cell type-specific gene expressions
and neuroimaging phenotypes (Seidlitz et al., 2020). For instance, pre-
vious studies pointed out that cortical somatostatin interneurons and
astrocytes might be related to the abnormal neuroimaging phenotypes
of MDD (Anderson, Collins, Kong, et al., 2020). Recent study found
that the primary-to-transmodal gradient of MDD patients was associ-
ated with gene expression involving transsynaptic signaling and cal-
cium ion binding (Xia et al., 2022). However, there is limited
knowledge regarding whether and how neurotransmitter systems and
cell type-specific transcriptional signatures reflect the impaired
primary-to-transmodal gradient in MDD.

In the present study, we were to examine the MDD-related
primary-to-transmodel gradient with its paralleled subcortical alter-
ations, and characterize the neurotransmitter systems and cell type-
specific transcriptional signatures which accounted for the abnormal
functional connectome gradient. Using a dataset drawn from the mul-
ticenter data meta-analysis project for resting-state functional mag-
netic resonance imaging (fMRI) of depression (REST-meta-MDD), we
first revealed the abnormal gradient patterns and their related subcor-
tical impairments in MDD patients. We then investigated their genetic
associations and neurotransmitter substrates based on publicly avail-
able data (Dukart et al., 2021; Hibar et al., 2015). This exploratory
research highlighted subcortical alterations associated with MDD-
related cortical hierarchical organization and helped us understand the
possible molecular and cellular substrates of the co-occurrence of
high-level emotional and cognitive deficits with low-level sensorimo-

tor abnormalities in MDD.
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2 | MATERIALS AND METHODS

21 | Phenotypic and imaging dataset

The demographic and clinical characteristics of the participants were
summarized in Table 1. Three hundred and twenty-three MDD
patients and 328 healthy controls (HC) were included in the present
study. The participants were part of the DIRECT Consortium (Chen
et al.,, 2022; Yan et al., 2019) for publicly available data of brain imag-
ing of depression (http://rfmri.org/REST-meta-MDD). More informa-
tion about the inclusion and exclusion criteria can be seen in our
Supporting Information. The contributing sample size and data acqui-
sition parameters of each site can be found in Table S1, and demo-
graphic data and group differences by site can be found in Table S2.
The diagnosis of MDD was determined by the criteria of the Diagnos-
tic and Statistical Manual of Mental Disorders, Fourth Edition
(DSM-IV) or the International Classification of Diseases 10 (ICD-10)
criteria for MDD. The depression severity was assessed by the
17-item Hamilton Rating Scale for depression (HAMD) and anxiety
severity was rated using the Hamilton Anxiety Scale (HAMA). The site
differences in HAMD and HAMA scores were found in Table S3. The
study has been approved by the ethics committees of each site and
written informed consent was received from each subject prior to the
formal testing. Brain image preprocessing was performed according to
a standardized protocol using the DPARSF software (http://www.

rfmri.org/) and details were described in the Supporting Information.

2.2 | Functional connectome gradient analysis

The functional connectome gradient was mapped by using the Brain-
Space toolbox (http://github.com/MICA-MNI/BrainSpace). For each
participant, functional connectivity (FC) matrices were first computed
using Pearson's correlation coefficient based on the average time
series of all region of interest pairs from 980 parcels using Zalesky's
template and then normalized using Fisher's z-transformation (Zalesky

TABLE 1 Demographic data and group differences.

Characteristics

Sex (M/F) 323 (120/203)
Age (years) 35.149 + 11.767
Mean FD 0.105 £ 0.038

11.195 + 3.280
20.889 + 5.648
20.845 + 8.091
46.874 + 60.726
112/109/102

Education level (years)
HAMD scores

HAMA scores

Duration of illness (months)®

On medication/non-medication/unknown

MDD (mean + SD)

et al., 2010). Following previous research (Margulies et al., 2016), a
cosine similarity matrix was constructed to capture connectivity topo-
graphical similarities based on the top 10% of FC and further scaled to
a normalized angle matrix. The diffusion map embedding was imple-
mented to decompose the normalized angle matrix into the gradient
components, which explained connectivity variations across different
brain areas. Following previous studies, we set the a parameter of the
present gradient algorithm to 0.5 in the diffusion process (Haak &
Beckmann, 2020; Margulies et al., 2016; Park et al., 2022). After con-
structing group-level gradient template which were generated from a
mean FC matrix across all MDD and HC participants, the gradient
components of each participant were finally realigned in the group-
level gradient template by applying the Procrustes rotation
approaches, ensuring that subsequent analyses were conducted on
the same gradient architecture across all participants (Figure 1a).

The gradient measurements were calculated at global level and
regional level. Three global level measurements for the first two con-
nectome gradients were calculated, including the gradient variation,
gradient dispersion, and gradient range. Specifically, the gradient vari-
ation was calculated as the variance of the given gradient values, indi-
cating the standard deviation of the gradient scores across the whole
brain, and a greater variation reflected a higher heterogeneity in the
connectivity pattern across brain regions. The gradient dispersion was
measured as the squared Euclidean distance between the centroid of
each pair of subnetworks in the gradient space determined by the first
two gradients. A greater dispersion value meant a more discrete distri-
bution between different subnetworks in the gradient space. The gra-
dient range was defined as the difference between the highest
positive and lowest negative values of the given gradient values. A
larger gradient range indicated a greater differentiation in the
encoded connectivity pattern between the regions located at
the opposite ends of the gradient. For the regional level gradient, the
gradient score of each region served as the gradient measurement of
this region and gradient measurements of each subnetwork were
achieved by the abovementioned Yeo’ s functional network partition
(Yeo et al., 2011). We utilized the ComBat model to correct the site

HC (mean + SD) t/x? p

328 (113/215) 0.516 472°
34.872 + 14.265 0.270 .788°
0.109 + 0.040 —~1.263 .207°
13.150 + 3.507 —8.304 <.001°

Abbreviations: F, female; FD, framewise-displacement; HAMA, Hamilton Anxiety Scale; HAMD, 17-item Hamilton Rating Scale for depression; HC, healthy

control; M, male; MDD, major depressive disorder; SD, standard deviation.
2The p-value was obtained by a chi-square test.

bThe p-value was obtained by a two-tailed two-sample t-test.

“Data on the duration of illness was available for 277 patients.
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The flowchart for mapping functional connectome gradients. (a) The cortical functional connectivity matrix (left) was transformed

to a normalized angle matrix (middle) and the diffusion map embedding was used to capture the gradient components. (b) The core connectome
gradients in the MDD patients and controls, including the principal gradient (left) and the second core gradient (middle). The scatter plot of the
first two gradients represented the gradient space (right). (c) Global (left) and system-based (right) histograms showing extreme values were
suppressed in MDD compared to controls while those in the mid-range increased, indicating a compressed primary-to-transmodal gradient in
MDD. Arrows indicated the direction of the significant differences between the MDD ad controls. DAN, dorsal attention network; DMN, default
mode network; FPCN, frontoparietal control network; HC, healthy controls; LIM, limbic network; MDD, major depressive disorder; SMN,
sensorimotor network; VAN, ventral attention network; VIS, visual network.

effects on the gradient maps and measurements with age, sex, and
diagnosis as covariates (Xia et al., 2022; Yu et al., 2018). Besides, we
also investigated the associations between primary-to-transmodel
gradient and brain network topology indexes in MDD (Supporting
Information).

The case-control gradient differences were computed by using
independent-sample t-test with age, sex, years of education, and head
motion (mean framewise-displacement [FD]) as covariates. The
threshold of statistical significance was set at 0.05 and correction for
multiple comparisons was performed using the false discovery rate
(FDR corrected). The Pearson correlation analysis was performed to
investigate the associations between all abnormal gradient measure-
ments and clinical features with age, sex, education level, and mean
FD as covariates. The significance level threshold was set at p < .05
with FDR correction. The mediation analysis was conducted to assess

whether global gradient metrics were mediators in the relationship
between the HAMA scores and HAMD scores, or vice versa. The
mediation analysis was conducted using the mediation package in
R. The detailed steps to be examined were: (1) effect ¢ (the total
effect) indicated the relationship between HAMA scores and HAMD
scores; (2) effect a meant the relationship between HAMA scores and
gradient metrics (i.e., gradient range); (3) effect b represented the rela-
tionship between gradient metrics and HAMD scores; and (4) effect
ab (the indirect effect) meant the indirect effect between HAMA and
HAMD scores, indicating whether the relationship between HAMA
and HAMD scores was significantly reduced after controlling for gra-
dient metrics. The effect ¢’ indicated a direct effect after controlling
the mediation effect. Participants' age, sex, educational level, and
head motion (mean FD) were controlled as covariates in all mediation
analyses. The significance of the indirect effects was tested based on
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10,000 nonparametric bootstrapping with a 95% confidence interval
(CI) that did not include zero.

2.3 | Subcortical-weighted gradients

We used the subcortical-weighted gradient to examine MDD-related
subcortical parallel impairments accompanied with the alteration in cor-
tical gradient (Park, Bethlehem, et al., 2021; Park, Hong, et al., 2021).
Specifically, the subcortical structures of each brain hemisphere were
first parcellated into the accumbens, amygdala, caudate, hippocampus,
pallidum, putamen, and thalamus according to the Harvard-Oxford
subcortical structural atlas (Kennedy et al., 1998). Subcortical-cortical
FC maps (14 x 980) were constructed by computing the Pearson cor-
relation coefficients between the average time series of the subcortical
and cortical regions. For group analyses, the correlation coefficients
were converted using Fisher's z-transformation to improve normality.
The subcortical-weighted gradient was generated by weighting cortical
gradient space (determined by the first two gradients) with the
subcortical-cortical FC matrix and projected into subcortical regions.
The case-control differences of the subcortical-weighted gradient
were assessed using independent-sample t-test after controlling for

age, sex, education level, and head motion (mean FD).

2.4 | Associations between connectome gradient
dysfunction in MDD and neurotransmitter systems

We tried to characterize the molecular architecture of neurotransmit-
ter systems underlying the MDD-related gradient alterations by eval-
uating the spatial relationship between the gradient alterations and
density distribution of neurotransmitter systems derived from prior
PET/SPECT studies (Dukart et al., 2021; Park et al., 2022). Following
prior studies (Chen et al., 2021; Park et al., 2022), we adopt 10 neuro-
transmitter systems including receptors of 5-HT1a, 5-HT1b, 5-HT2a,
D1, and D2, transporters of dopamine transporter, noradrenaline
transporter (NAT), serotonin transporter, and neurotransmitters of
18F fluorodopa and gamma-aminobutyric acid a (GABAa; https://
github.com/juryxy/JuSpace). We first linearly rescaled all PET/SPECT
maps to make neurotransmitter intensity values between 0 and
100 and then averaged densities across 980 regions defined by
Zalesky's template. We calculated the spatial correlations between
the case-control t-map values and each neurotransmitter map. The
significance of the correlation coefficients was assessed using
10,000 times spherical rotations-based spatial autocorrelation,
corrected permutation test followed by FDR to adjust for multiple

comparisons.

2.5 | Gene expression dataset and preprocessing

The gene expression data was obtained from six neurotypical adult

donors in the AHBA (http://human.brain-map.org). This gene

microarray data of brain tissue samples was preprocessed using the
abagen  toolbox  (https://www.github.com/netneurolab/abagen)
according to a recommended pipeline (Arnatkeviciute et al., 2019).
Briefly, the genetic probes were reannotated using the information
provided by previously published guidelines. The intensity-based fil-
tering was performed to filter those probes with values that did not
exceed the background noise and the threshold was set as 50%. Each
of all tissue sample was spatially registered to the Montreal Neurolog-
ical Institute (MNI) coordinate space according to the T1-weighted
images of each donor, and tissue samples were assigned to brain
regions based on their MNI coordinates (https://github.com/chrisfilo/
alleninf). Following a previous well-done study about connectome gra-
dient, the microarray data was mapped onto a cortical parcellation
with 360 brain regions defined by Glasser's atlas (Xia et al., 2022).
Considering right hemisphere data was available from only two
donors, gene expression analysis was conducted in 180 regions of the
left hemisphere. Some brain regions that could not be assigned to any
tissue sample were excluded following previous studies, resulting in
the remaining 148 brain regions. Gene expression values were nor-
malized for each donor across brain regions using a robust sigmoid
function and then rescaled to the unit interval. Finally, a gene expres-
sion map (148 regions x 15,631 genes) was obtained for further

gradient-transcriptome association analysis.

2.6 | Identification of MDD-related genes
associated with the altered primary-to-transmodal
gradient in MDD

To capture the genetic correlation with the MDD-related changes of
the primary-to-transmodal gradient, we performed the gradient-
transcriptome association analysis using partial least squares regres-
sion (PLS). Specifically, we aligned the case-control differences of the
primary-to-transmodal gradient to the Glasser's atlas respectively.
The PLS was adopted to identify the association between the expres-
sion patterns for all 15,631 genes and the case-control differences in
the primary-to-transmodal gradient. The gene expression data and
the case-control gradient differences were set as the predictor vari-
able and the response variable, respectively. The statistical signifi-
cance of the variance explained by the PLS components was tested
based on spherical rotations using a spatial autocorrelation corrected
permutation analysis (10,000 times). For the significant PLS compo-
nent map, we computed the spatial correlations between the
weighted gene expressions and case-control gradient differences.
The significance of the correlation coefficient was tested using a per-
mutation analysis (10,000 times). Finally, the PLS weight of each gene
was transformed into a z-score value by dividing the weight by the
standard deviation. The standard deviation of the corresponding
weights is derived from 10,000 instances of bootstrapping. We
ranked all genes according to their z-score weights in the PLS compo-
nents. We tested the null hypothesis of zero weight for each gene
based on univariate one-sample Z tests, and the list of genes with an

FDR of 1%o (positively or negatively) was called as the PLS gene list
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corresponding to MDD-related regional alterations in the primary-
to-transmodal gradient.

We wanted to further capture the relationships between MDD-
related changes of the primary-to-transmodal gradient and MDD-
related genes. All 24 MDD-related genes were first identified based
on previous well-done research (Li, Seidlitz, et al., 2021), including
ADRA2A, AVPR1B, CHRM2, CNR1, CREB1, CRH, CRHR1, CRHR2,
CUX2, GAD2, GPR50, HTR1A, HTR1B, HTR1D, HTR3A, HTR5A, MAOA,
PDE1A, SLC6A2, SLC6A4, SST, TAC1, TPH1, and TPH2. We screened
the 12 genes that overlapped with the 15,631 background genes in
the AHBA dataset and accessed their relationships with the gradient
alteration. Significance was set at p < .05 with 10,000 times spatial
autocorrelation corrected permutation test and adjusted by FDR.

2.7 | MDD-related cell type-specific gene
expression

We exploratory analyzed differential gene expression for each cell
type in a brain sample from microarray data, and seven specific
cell classes were adopted including astrocytes, excitatory neurons,
inhibitory neurons, microglia, endothelial cells, oligodendrocyte pre-
cursors and oligodendrocytes. The gene sets of each cell type were
obtained from previous large-scale single-cell studies using postmor-
tem cortical samples (Di Biase et al., 2022; Li, Seidlitz, et al., 2021;
Seidlitz et al., 2020). We overlapped the gene set of each cell type
with the PLS1 rank gene list, and then computed the number of over-
lapped genes in each cell type. The significant level of the number of
the overlapped genes was set at p < .05 with 10,000 times spatial
autocorrelation corrected permutation test and adjusted by FDR. The
overlapped genes of each cell type were included in the gene enrich-
ment analysis for interpreting the biological insights of gene expres-
sion data using Metascape analysis (https://metascape.org/gp/index.
html#/main/stepl). The statistically significant level of enrichment

analysis was set to p < .05 with FDR correction.

3 | RESULTS

3.1 | Connectome gradient dysfunction in MDD

The gradient analysis flowchart was shown in Figure 1. In the present
study, we focused on the first two principal components capturing
the maximum connectome variance (Figure 1b). The first or
primary-to-transmodal gradient was anchored at one end by the pri-
mary network (which included the visual network [VIS] and
sensorimotor network [SMN]), and at the other by the transmodal or
DMN regions. The second or visual-to-sensorimotor gradient was
organized along a gradual axis defined by the VIS at one end and the
SMN at the other. The gradient space was established with a coordi-
nate system in which the y-axis indicated the primary-to-transmodal
gradient and the x-axis measured the visual-to-sensorimotor gradient.
In the coordinate system, the gradient variables of the DMN regions
were plotted in the upper extreme while those of the primary

networks were found in the lower extreme (Figure 1b). As shown in
Figure 1c, the histogram of the primary-to-transmodal gradient exhib-
ited a compressed hierarchical organization in MDD compared to HC,
indicating a trend toward a dedifferentiated connectome profile
between the primary network and DMN. The subnetwork-level gradi-
ent scores were acquired according to Yeo's functional network tem-
plate. The system-based histogram showed that MDD patients had
increased gradient values in the VIS and SMN, but decreased values in
the DMN.

As shown in Figure 2a, there were statistically significant case-
control differences using three global measures including the gradient
variation (t = —4.216, p <.001, Cohen's d = —0.331), dispersion
(t = —2.443, p = .015, Cohen's d = —0.192), and range (t = —4.836,
p < .001, Cohen's d = —0.379). The MDD group exhibited significant
correlations between the HAMD scores and three measures including
the gradient variation (r= —0.176, p =.002), gradient dispersion
(r=-0.139, p =.013), and gradient range (r= —0.188, p <.001).
Additionally, the gradient range was significantly correlated with the
HAMA scores in MDD (r = —0.120, p = .032). Results from the medi-
ation effect analysis showed that the gradient range partially mediated
the relationship between the HAMA and HAMD scores (ab = 0.016,
p =.026, 95% Cl =[0.0012, 0.0395]). There were no significant
mediation effects of coping on the relationship between the HAMD
and HAMA scores when the gradient range was as the mediated
variable.

The case-control comparison results of the regional level gradient
were shown in Figure 2b. Compared with HC, MDD patients showed
significantly lower gradient scores in the DMN (t = —4.074, p < .001,
FDR corrected, Cohen's d = —0.315), but higher scores in the VIS
(t =3.269, p =.003, FDR corrected, Cohen's d = 0.296) and SMN
(t = 3.335, p = .003, FDR corrected, Cohen's d = 0.261). The gradient
scores of the VIS, SMN, and DMN were significantly correlated with
the HAMD scores in MDD (VIS: r = 0.135, p = .026; SMN: r = 0.140,
p = .026; DMN: r = —0.175, p = .012; FDR corrected). No significant
case-control differences between the global or regional level gradient

measures were observed in the sensorimotor-to-visual gradient.

3.2 | Subcortical-weighted gradients

As shown in Figure 3, the case-control comparison results showed
that the subcortical-weighted gradients in the left and right caudate
(t=-3.151, p=.024, FDR corrected, Cohen's d = —0.247 and
t = —2.783, p = .039, FDR corrected, Cohen's d = —0.218) were sig-
nificantly decreased in MDD. Additionally, MDD exhibited a decrease
in the left thalamus (t = —2.232, p =.026, uncorrected) and an
increase in the right amygdala (t = 2.394, p = .017, uncorrected).

3.3 | Associations between connectome gradient
dysfunction in MDD and neurotransmitter systems

Figure 4a showed a flowchart for building spatial correlations of a
cortex-wide neurotransmitter map with the case-control connectome
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gradient differences. As shown in Figure 4b, the case-control differ-
ences of the primary-to-transmodal gradient demonstrated statisti-
cally significant negative associations with 5-HT1a, 5-HT1b, 5-HT2a3,
and D1 receptor densities (5-HT1a: r = —0.23, p <.001; 5-HT1b:
r=-0.083, p = .015; 5-HT2a: r = —0.137, p < .001; D1: r = —-0.131,
p <.001), and positive correlations with NAT density (r = 0.085,
p = .015). The significance was based on 10,000 times permutation

tests with spatial autocorrelation correction and adjusted by FDR.

3.4 | Cell type-specific gene expression of the
MDD-related alterations in the primary-to-transmodal
gradient

The cortical gene expression profiles corresponding to the case-
control gradient differences were shown in Figure 5. The brain surface
on the left side of Figure 6a mapped the case-control differences of
the primary-to-transmodal gradient. The right subplot of Figure 5a
indicated the spatial gene expression organization in the brain, which
presented high expression mainly in the parietal-occipital areas and
low expression in the prefrontal areas based on the first PLS compo-
nent (PLS1). The scatterplot in the middle side of Figure 5a indicated
that the PLS1 values were significantly positively related to the case-
control gradient differences in the primary-to-transmodal gradient
(r=0.521, p <.001). There were 1079 positively weighted (PLS1+)
and 1129 negatively weighted (PLS1—) genes at a threshold value of
FDR of 1%o.. As shown in Figure 5b, there were 12 MDD-related
genes that overlapped with the 15,631 AHBA background genes.
Therein, six gene expressions exhibited statistically significant
correlations with the case-control t values, including five negative
(CNR1: r=-0.294, p=.009; HTR1A: r= -0.231,
p =.022; MAOA: r = —0.217,p = .022; PDE1A: r = —0.237, p = .022;
and SST: r= —0.263, p =.022) and a positive correlation (CUX2:
r=0.303, p =.009). The CNR1 and CUX2 gene expression exhibited

correlations

the largest negative correlation and positive correlation with case-
control gradient differences in MDD, respectively. The significance
was based on 10,000 times permutation tests with spatial autocorre-
lation correction and adjusted by FDR.

The spatial distribution of the genes that overlapped between
seven cell type-specific genes and the fore-mentioned PLS1— gene
list was described in Figure 6a. As shown in Figure 6b, the gene list
was significantly involved in astrocytes, excitatory and inhibitory neu-
number = 181, p <.001;
number = 95, p <.001; inhibitory neurons: number = 84, p = .033;

rons (astrocytes: excitatory neurons:
10,000 times permutation tests with spatial autocorrelation and
adjusted by FDR). The Gene Ontology enrichment analysis of cell
type-specific genes indicated that the case-control gradient differ-

ences were significantly enriched (p < .05, FDR corrected) for biologi-

cal processes associated with astrocytes and neurons, mainly
including signaling, biological regulation, and cellular process
(Figure 6c¢).

4 | DISCUSSION

The present study characterized MDD-related cortical functional
alterations from a perspective of functional connectome gradient and
further searched for other possible macroscale neuroimaging indexes
and microscale neurobiological signatures to explain these changes.
Specifically, we identified that subcortical paralleled impairments were
mainly in the caudate, amygdala, and thalamus. We found that the
neurotransmitter systems which were associated with the abnormal
primary-to-transmodal gradient in MDD mainly involved the serotonin
and dopamine. Besides, our integrative analysis of imaging and tran-
scriptomic data established an association between MDD-related gra-
dient changes and gene expression enriched in astrocytes, excitatory
and inhibitory neurons. This research found abnormal cortical hierar-
chical organization was accompanied with subcortical impairments
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(a) Flowchart of neurotransmitter systems association analysis
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FIGURE 4 The associations between MDD-related gradient alteration and distributions of neurotransmitter systems. (a) Flowchart of
neurotransmitter system association analysis. (b) Spatial correlations of each neurotransmitter map with case-control gradient difference t-map.
The radar plot showed the correlation coefficients value. *p < .05, 10,000 times permutation tests with spatial autocorrelation and adjusted by
false discovery rate (FDR). DAT, dopamine transporter; FDOPA, 18F fluorodopa; GABAa, gamma-aminobutyric acid a; NAT, noradrenaline
transporter; SERT, serotonin transporter.

and linked to molecular architectures and cell type-specific transcrip- We found that the primary-to-transmodal gradient in MDD
tional signatures in MDD, which could yield new insights toward an exhibited a prominent compression with regional tunings in the pri-
integrative understanding of MDD pathophysiology. mary network and DMN. Specifically, the smaller gradient spatial
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(a) Cortical gene expression correlated with case—control t-map
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FIGURE 5 Gene expression profiles related to the primary-to-transmodal gradient alterations in MDD. (a) The case-control t-values of the
primary-to-transmodal gradient were mapped onto the brain surface (left). The first PLS component (PLS1) was identified from a gene expression
profile (148 regions x 15,631 genes). A scatterplot (middle) showed the PLS1 were positively correlated with the case-control t-map (10,000
times permutation tests with spatial autocorrelation corrected). The PLS1 represented a transcriptional profile characterized by high expression
mainly in the parietal-occipital areas but low expression in the prefrontal areas (right). (b) MDD-related genes linked to the case-control t-values
of the primary-to-transmodal gradient. Twenty-four MDD-related genes were first identified from the Allen Human Brain Atlas dataset and

12 genes that overlapped with the 15,631 background genes were then selected. Of these, six genes were found to be significantly positively
correlated with the case-control t-map of the primary-to-transmodal gradient (left). The CNR1 (middle) and CUX2 (right) gene expression showed
the largest negative and positive correlation with the case-control t-value. *p < .05, 10,000 times permutation tests with spatial autocorrelation
and adjusted by false discovery rate. MDD, major depressive disorder; PLS1, the first partial least squares regression component.

variation, narrower gradient range, and lower gradient dispersion at
global level were found. These metrics suggested that the brain net-
work architecture of MDD patients deviated from a normal hierarchi-
cal organization toward connectivity dedifferentiation between the
primary and transmodal networks. The dedifferentiated gradient pat-
tern was complemented by excessive global integration based on
graph-theoretical analysis (Figure S1). These findings were consistent
with a prior study (Xia et al., 2022). All three global gradient metrics
had significant correlations with greater shortest path length, smaller
clustering coefficient of the brain networks, and excessive integration
of the limbic network and DMN. We found significant correlations
between the global gradient measurement and the HAMD scores

across all patients and abnormal gradient range was also significantly

correlated with the HAMA scores. Anxiety and depression symptoms
are common co-occurring symptoms in MDD and subsequently con-
tribute to increased severity and higher rates of recurrence (Hamilton
et al., 2015; He et al., 2019; Li, Liu, et al., 2021). However, the under-
lying neurobiological substructures linking anxiety and depression
symptoms in MDD patients have not yet been fully understood. Thus,
we further employed mediation analysis to examine whether connec-
tome gradient phenotype played a role in the relationship between
anxiety and depression symptoms. The results indicated that the anxi-
ety affected the depression severity via the disrupted gradient, which
suggested that abnormal gradient pattern might act as an intermediate
in the relationship between anxiety and depression symptoms in

MDD patients. These findings had additional heuristic value for
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(a) Regional gene expression maps of each cell type from overlapping genes
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FIGURE 6 Cell type-specific gene expression to the primary-to-transmodal gradient alterations in major depressive disorder (MDD). (a) The
MDD-related spatial gene expressions of seven cell types. The mean gene expression value of each region was calculated for each cell type from
the PLS1— gene list and then visualized on the brain surface. (b) The number of overlapping genes for seven cell types. (c) Gene ontology terms
enriched for overlapping genes of each cell type. *p < .05, 10,000 times permutation tests with spatial autocorrelation and adjusted by false

discovery rate. OPCs, oligodendrocyte precursors.

understanding the origins of MDD with comorbid anxiety and its
potential brain underpinnings.

The compressed primary-to-transmodal gradient in MDD was
also observed at the regional level, such as MDD patients exhibiting
greater gradient scores of the VIS and SMN, and lower gradient scores
of the DMN. The DMN comprised cortical regions that are maximally
geodesic distant from the input/output systems of the sensory and
motor cortex that may support the stimulus-independence of mind-
wandering (Liang et al., 2020; Scalabrini et al., 2020; Yang, Chen,
et al., 2021). The DMN was linked to self-focused rumination and
abnormal self-referential processes in MDD (Chen et al., 2020; Zhou
et al., 2020). The maximal spatial distances between the DMN and pri-
mary network were thought to be an optimized hierarchical

organization ensuring functional specialization of different brain mod-
ules (Cui et al., 2021; Yan et al., 2019; Zhou et al., 2020). The com-
pression of the primary-to-transmodal gradient indicated excessive
between-network integration or a dedifferentiation of network orga-
nization, for example the DMN undergoing degradation. Converging
evidence suggested that MDD was associated with visual and sensori-
motor abnormalities, as listed in the “repetitive behaviors and inter-
ests” syndrome cluster in the diagnosis criterion for MDD (Chadick &
Gazzaley, 2011; Yan et al., 2019). Further studies highlighted the
“sensory-first” hypothesis (Buyukdura et al, 2011;
et al., 2015; Snyder, 2013), which indicated that the disrupted pat-

terns in the primary visual and SMNs were not limited to sensory-

lwabuchi

related clinical problems, but might contribute to higher-level



5% | WILEY

XIAO ET AL.

cognitive deficits and then these together affected network hierarchi-
cal architecture (Adams et al., 2015; Humes et al., 2013; Park, Haak,
et al., 2021). We speculated that those changes in the primary sys-
tems might have cascading effects on the high-order transmodal func-
tional systems, and this bottom-up dysregulation ultimately resulted
in clinical multiple domains impairments in MDD. The findings based
on subcortical-weighted manifolds complement these findings. By
projecting subcortical-cortical connectivity patterns into cortical gra-
dient space, the subcortical-weighted gradients could be used to
examine parallel shifts of altered cortical gradients in subcortical
regions. We found that the corresponding subcortical parallel impair-
ments with MDD-related cortical gradient alterations were mainly
located in the amygdala, thalamus, and caudate. These regions were
widely interconnected with the cortex via reciprocal connections that
relay and modulate cortical activity, which led to the “dysregulated
interactions” hypothesis in MDD patients (Chung et al, 2011;
Mayberg, 1997; Phelps & LeDoux, 2005). Our results provided consis-
tent support that both cortical and subcortical regions can be orga-
nized together into brain networks hierarchy.

The monoamine hypothesis held that MDD was associated with
abnormal function of neurotransmitters including serotonin and/or
dopamine in the brain (Jiang et al., 2022; Sekiguchi et al., 2023; Sun
et al, 2022). To evaluate the association between neurotransmitters
and altered gradient patterns in MDD, we accessed the topographical
relationship between the spatial distribution of several neurotransmit-
ter systems and gradient-related alterations in MDD. Our results
showed that the serotonin and dopamine presented a spatial associa-
tion with the abnormal primary-to-transmodal gradient in MDD. It
was inferred that the alterations of the brain hierarchical organization
in MDD might be regulated by some microscale factors such as neuro-
transmitters. For example, previous studies have found that D1 recep-
tor played an important role in regulating anxiety-like behaviors
related to depression (Liang et al., 2022), while a major target of cur-
rent antidepressant drugs was the serotonin system (Conio
et al., 2020; Mulinari, 2012; Wainwright & Galea, 2013). Our explor-
atory research provided an indirect way of bridging the technology
gap between changes in image phenotypes and neurotransmitter sys-
tems, which provided a microscale molecular association to account
for the alterations of the primary-to-transmodal gradient in MDD.
However, we associated the gradient-related changes with
neurotransmitter topographies and had no information regarding neu-
rotransmitter activity, which was previously reported as low levels in
MDD (Fries et al., 2023). Future studies might seek to expand these
findings based on potentially more detailed techniques.

Using gradient-transcriptome association analysis, we found a
cortical spatial pattern of gene expression that was significantly corre-
lated with MDD-related
to-transmodal gradient. This spatial distribution was consistent with a

regional changes in the primary-
previous MDD gradient study, which exhibited high expression in the
parietal-occipital regions and low expression in the prefrontal regions
(Xia et al., 2022). Correlation analysis with MDD-related risk genes
showed that 6 of 12 risk genes were related to abnormal primary-

transmodal gradient. Therein, the CNR1 gene showed the greatest

negative correlation and its high expression was located mainly in the
medial prefrontal areas. The CUX2 gene exhibited the greatest posi-
tive correlation and high expression in the primary sensory and visual
cortex. As a key component of the endocannabinoid system, the
CNR1 contributed to the support of the molecular architecture of pro-
cessing reward and perception of certain basic emotions, and was
even regarded as a promising genetic predictor for diagnosis of MDD
and treatment response to antidepressants (Icick et al., 2015; Yang,
Nolte, et al., 2021; Yao et al., 2018). For example, previous research
has shown that variations in CNR1 modulated the striatal response to
emotional faces (Anderson, Collins, Chin, et al, 2020; Mecca
et al,, 2021; Tsuboi et al., 2022). Similar to CNR1, the CUX2 was also a
gene earlier noted to be a candidate gene for MDD and related to
multiple functions and activity of neurons (Abbass et al., 2018; Ma
et al., 2022). Notably, we did not have accessed to the gene expres-
sion characteristics of our samples. Our findings just suggested that
the spatial alignment between MDD-related aberrant gradient pattern
and gene expression from AHBA donors was broadly similar, which
might limit the ability to determine the effects of genetic variations on
abnormal gradient patterns (Romero-Garcia et al., 2019). Within-
subject studies assessing the relationship between genetic and neuro-
imaging data will be needed.

We conducted cell type-specific characterization of the gradient-
related genes to assess which cell types might engender selective
brain gradient changes in MDD. Our findings indicated that the MDD-
related gradient alteration was associated with genes expressed pri-
marily in astrocytes and neurons. Astrocytes are generally recognized
to play supporting roles in the brain, yet emerging researches have
pointed out more direct roles of astrocytes for brain functions (Fee
et al., 2017; Rajkowska & Stockmeier, 2013; Tripp et al., 2011). For
example, much evidence from rodent models indicated that astrocytes
could not only detect serotonin and noradrenaline in synaptic trans-
mission, but also uptaked these neurotransmitters (Guo et al., 2022;
Portal et al., 2022; Zhang et al., 2023). The mechanism of astrocytes
involvement in MDD was thought to be through influencing synaptic
activity and modulating neuronal circuits, such as an imbalance
between excitatory and inhibitory neurons (Anderson, Collins, Chin,
et al, 2020; Li, Seidlitz, et al, 2021). Enrichment analysis of
gradient-related cell-types specific genes showed that the most
enriched pathway was also primarily in biological processes of astro-
cytes and neurons, suggesting the observed cell types associated with
gradient changes might directly arise through genetic factors tied to
risk variants of genes in identifying several cells. Our new findings
helped us to understand the key role of cell type-specific gene expres-
sion in MDD-related gradient compression.

Several issues need to be considered. First, the present sample
derived from the REST-meta-MDD Project did not have complete clin-
ical information, such as treatment response and duration of illness.
More than one third of patients had no information about whether
they are medication-experienced patients in current data. Although
our further analysis found that there was no statistically significant
case-control gradient difference between the patients with and with-

out medication, future studies should include more comprehensive
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metrics to examine possible effects from various MDD-related clinical
variables. Second, patients and controls were not matched by years of
education in the present sample. Alternatively, we controlled the
effect of education level as a covariate in the comparison analyses.
Future study should choose the matching participants to reduce its
influence. Third, the choice of the applied atlas in performing spatial
correlation may impact our findings. In the present study, we used
Zalesky's atlas to anatomically parcellate the human cerebral cortex
into 980 similar-sized brain regions (Zalesky et al., 2010). The atlas
was widely used to measure the topological properties of the cerebral
cortex networks in both morphometric and functional studies (Dai
et al., 2019; Tzourio-Mazoyer et al., 2002), and the efficacy and reli-
ability of functional gradients in a recent study (Zhang & Zang, 2023).
Another study used this atlas to measure the relationship between
cortical functional attributes and gene expression profiles from the
AHBA (Li, Wei, et al., 2021). Further studies should be conducted to
evaluate the effects of the choice of atlas on the present results.
Fourth, the gene data from the AHBA dataset was measured from
postmortem brain tissue of five healthy male donors and one healthy
female donor that did not fully capture the individual variation of gene
expression in the cortex. The neuroimaging-transcriptome association
analysis is based on a hypothesis that cortical gene expression pat-
terns are highly conserved across individuals (Hawrylycz et al., 2015).
Some genes that are not sufficiently conserved across individuals may
be missed and the statistical power of identified related genes may be
reduced in such analysis, which need to be taken into consideration
while interpreting these results. Fifth, gene expression data processing
may impact imaging-genetic results (Arnatkeviciute et al., 2019). We
preprocessed the gene expression microarray data by using a well-
done proposed standardized pipeline which is based on a systematic
assessment of the workflow combining AHBA and neuroimaging data
(Martins et al., 2021; Zhao et al., 2022). Despite these procedures, the
influence from different processing choices remained, and may fur-
thermore require additional caution in interpreting our findings. The
gene expression data from MDD patients was necessary for further
verifying the relationship between gradient-related changes and its
gene expression. Finally, we used spatial correlation to chart micro-
scale neurotransmitters and cellular signatures relating to the macro-
scale alteration of functional gradient in MDD, which yielded
suggestive associations but demonstration of genetic causative dis-
ease role required direct interventions. Therefore, our study was an
exploratory associated study, aiming at providing inspiration for
informing prognosis and guiding treatment. Future work of combining
spatial genome with individual-specific transcriptomic profiling will

deepen our understanding of pathophysiology in MDD.

5 | CONCLUSIONS

In summary, this study delineated a compressed primary-
to-transmdodal gradient in MDD patients and linked it to other mac-
roscale neuroimaging indexes and potential microscale neurobiological
characteristics. We found that alterations in subcortical gradients

involved the cortical gradient reconfiguration and paralleled

subcortical impairments were found in caudate, amygdala, and thala-
mus. In addition, gradient-related differences were associated with
dopaminergic and serotonergic systems, as well as cell type-specific
transcriptional signatures including astrocytes and neurons. These
findings were a step forward in an integrative understanding of MDD-
related co-deficits of sensory and cognitive in MDD patients with
convergent neurotransmitter and cellular signatures which are related

to the impairments of hierarchical organization.
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