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Major depressive disorder (MDD) is a brain disorder often characterized by recurrent episode and remission phases. The molecular
correlates of MDD have been investigated in case-control comparisons, but the biological alterations associated with illness trait
(regardless of clinical phase) or current state (symptomatic and remitted phases) remain largely unknown, limiting targeted drug
discovery. To characterize MDD trait- and state-dependent changes, in single or recurrent depressive episode or remission, we
generated transcriptomic profiles of subgenual anterior cingulate cortex of postmortem subjects in first MDD episode (n= 20), in
remission after a single episode (n= 15), in recurrent episode (n= 20), in remission after recurring episodes (n= 15) and control
subject (n= 20). We analyzed the data at the gene, biological pathway, and cell-specific molecular levels, investigated putative
causal events and therapeutic leads. MDD-trait was associated with genes involved in inflammation, immune activation, and
reduced bioenergetics (q < 0.05) whereas MDD-states were associated with altered neuronal structure and reduced
neurotransmission (q < 0.05). Cell-level deconvolution of transcriptomic data showed significant change in density of GABAergic
interneurons positive for corticotropin-releasing hormone, somatostatin, or vasoactive-intestinal peptide (p < 3 × 10−3). A
probabilistic Bayesian-network approach showed causal roles of immune-system-activation (q < 8.67 × 10−3), cytokine-response (q
< 4.79 × 10−27) and oxidative-stress (q < 2.05 × 10−3) across MDD-phases. Gene-sets associated with these putative causal changes
show inverse associations with the transcriptomic effects of dopaminergic and monoaminergic ligands. The study provides first
insights into distinct cellular and molecular pathologies associated with trait- and state-MDD, on plasticity mechanisms linking the
two pathologies, and on a method of drug discovery focused on putative disease-causing pathways.
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INTRODUCTION
Major depressive disorder (MDD) is the world leading cause of
years lost due to disability, with annual and lifetime prevalence of
6% and 18%, respectively [1]. Episodic phases of MDD are
characterized by heterogeneous symptoms, including low mood,
anhedonia, cognitive impairments, and physiological symptoms
(i.e. activity and weight changes) [2]. For the majority of subjects,
MDD follows a periodic trajectory of recurring depressive episodes
of increasing severity, duration, and of progressive resistance to
antidepressants, separated by gradually shortening and incom-
plete remission phases, leading to treatment-resistance and
deteriorating functional fitness (Fig. 1A) [3]. This clinical trajectory
suggests the presence of an underlying trait-like and/or progres-
sive neuropathology, which might differ from that of episode or
remission “states” of MDD.
The subgenual anterior cingulate cortex (sgACC) lies at the

intersection of bottom-up sensory input and top-down cortical
control and is involved in the integrated processing of emotions,
including mood and reward [4]. Functional magnetic resonance
imaging studies show that the activity of sgACC is increased in
subjects with MDD, as well as in individuals with high neuroticism,
fear of peer rejection, and healthy humans during experimentally

induced sadness [5–7]. Successful antidepressant therapies
reverse the hyperactivity of the sgACC, making it the target and
suggested mediator of the therapeutic effects of deep brain
stimulation [8, 9]. Magnetic resonance spectroscopy and tran-
scranial magnetic stimulation studies suggest reduced gamma-
aminobutyric acid (GABA) levels and cortical inhibition as a
mechanism of sgACC dysregulation in MDD, which mostly
normalize after successful treatment [10–13]. Large-scale tran-
scriptomic studies in MDD postmortem sgACC samples demon-
strate dysregulation in the cytoskeleton, rearrangement of
neuronal processes, synaptic function, and presynaptic neuro-
transmission [14, 15] associated with GABA and glutamate
receptor signaling. At the cellular level, reduced glial and
increased neuronal densities were reported, associated with
reduction in axon and dendrites [16, 17]. Reduced expression of
markers for GABAergic interneurons targeting either the dendritic
(e.g. somatostatin) or perisomatic (parvalbumin) compartments of
pyramidal cells were reported, associated with reduced neuro-
trophic support [18–20].
To go beyond case-control studies and investigate molecular

correlates of disease trait or state, we performed RNAseq-based
transcriptome analysis of sgACC samples in postmortem cohort of
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subjects in the first or recurrent phase of episodes or remission,
and in healthy controls. We hypothesize that transcriptome
profiling provides a broader snapshot of functional state and
combined with ontological, systems biology, Bayesian network
and perturbagen-induced transcriptome analyses, would enable
the molecular characterization of disease trait, state, and
chronicity, as well as putative causal biological changes and
therapeutic targets (Supplementary Fig. 1).

MATERIAL AND METHODS
Human postmortem brain samples
Postmortem brain samples were collected during routine autopsies performed
at the Allegheny County Medical Examiner’s Office following procedures

approved by the University of Pittsburgh Committee for Oversight of Research
and Clinical Training Involving Decedents. Consensus DSM-IV diagnoses were
made by an independent committee of experienced clinicians using
information from structured interviews with family members, clinical records,
toxicology results, and standardized psychological autopsies. A similar
approach was employed to confirm the absence of a psychiatric diagnosis
in comparison subjects. The MDD cohorts were carefully matched with
controls to ensure that they did not differ in mean age, postmortem interval
(PMI), brain pH, or RNA integrity number (RIN). Ninety samples including 20
control subjects, 20 subjects in first MDD episode (E1), 15 in remission after a
single episode (R1), 20 in the recurrent episode (ER), and 15 in remission after
recurring episodes (RR) (Supplementary Table 1). Samples comprising all six
cortical layers were collected from coronal sections, as previously described
[21]. Samples from the same cohort had been previously used in a large-scale
proteomic study [22].

Fig. 1 RNAseq-based identification of trait and state-dependent phasic molecular changes in MDD. A Clinical evidence frequently shows
recurrent episodes of MDD (valleys) of increasing severity, reduced therapeutic response and shorter remission periods (crests), B Numbers of
differentially expressed genes associated with different contrasts (p < 0.05). C Heatmap of gene expression changes corresponding to the
MDD-all (top two panels) and MDD-phasic (bottom two panels) contrasts. The colored bars at the bottom of each panel are visual summaries
of gene effects within the section above. The MDD-all contrast shows consistent up or downregulation of genes across the various phases of
MDD, compared to controls. The MDD-phasic contrast shows “waves” of gene changes that coincide with the episode and remission phases of
MDD. Note that the “wave” pattern observed here is from cross-sectional, not longitudinal analysis. D Venn Diagram showing intersection of
up- and downregulated genes associated with MDD-all, MDD-episode, MDD-remission, Episode/remission, and Phasic contrasts. Note the
highest intersection between Episode/Remission and Phasic contrasts.
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RNA extraction and sequencing library preparation
Total RNA was extracted from the sample homogenates using RNeasy Mini
kit (Qiagen, Cat.No.74104) with in-column DNAse treatment using RNAase-
Free DNase (Qiagen, Cat.No.79254). Sequencing libraries were prepared
using SMARTer Stranded Total RNA-seq kit (Clontech Laboratories, Cat. No.
634876). All steps involved were performed according to the manufac-
turer’s protocol.

Sequencing and data generation
Pooled libraries were sequenced in illumina HiSeq2500 to generate 2 × 100
paired end reads. On average ~41million paired end reads were generated
(Supplementary Table 1, sequencing details), which were aligned to
human reference genome GRCh38 provided by Ensembl using HISAT2
aligner. Count data were then generated for the reads aligned to exons
and transcripts using the GenomicFeature and GenomicAlignments
packages in R and gene model (GTF file) provided by Ensembl. On
average, 9.7 million unique reads aligned to 21,705 genes considered for
all downstream analysis, were obtained per sample.

Experimental contrasts and differential expression analysis
After removing low expressed genes (mean row sum ≤5 counts across all
90 samples), 21,684 genes were included in differential expression analysis
(Supplementary Table 1). The experimental design allowed the following
contrasts to be examined using the DESeq2 R package: (1) MDD-all: all
MDD cohorts versus Controls, (2) MDD-episode: two MDD episode cohorts
versus Controls (En | C), (3) MDD-remission: two remission cohorts versus
controls, (4) Episode/Remission: two MDD episode cohorts versus two
remission cohorts (En | Rn), and (5) MDD-phasic: capturing gene expression
patterns coupled to the phasic changes across groups.

Analytical details of the contrasts
The curve fitting for MDD-phasic was performed in two steps in R. For the
first step, the command “pData$MDD-Phasic= sin(−pi/2+ 2* pi/2* pData
$group)” adds a vector named MDD-phasic to the sample phenotype data.
The vector is used to model the sinusoidal nature of the cohort. Here -pi/2
and pi/2 captures the down and up phase, respectively. The constant 2
ensures that the model searches for alternate down and up pattern.
“pData” denotes phenotype data table and “group” denotes the cohort.
Within different group the order is preserved as C→ E1→ R1→ ER→ RR.
The second step involved using the MDD-phasic column in the phenotype
data as contrast (like other contrast) for finding genes associated with it.
For all contrasts, we regressed out the effect of top three covariates
explaining highest variability in our data (Supplementary Fig. 2, Age, Sex,
and postmortem interval (PMI)). This was implemented using a Likelihood
ratio test employing a full design of ~Age+ Sex+ PMI+ Contrast and a
reduced design of ~Age+ Sex+ PMI. A p-value threshold of 0.05 was used.

Pathway enrichment analysis
Biological pathways affected in different contrasts were determined using
gene set enrichment analysis (GSEA) [23] (Supplementary Table 1). The
21,684 genes ranked by Wald statistic were tested against the three Gene
Ontologies (GO): Biological Process (GOBP), Molecular Function (GOMF) and
Cellular Component (GOCC). Updated gene set (pathway) lists were
obtained from the Bader lab (http://download.baderlab.org/EM_Genesets/).
To compare the effect of MDD pathology across different contrasts, the
normalized enrichment score of significant pathways (P value < 0.05, q value
< 0.25) was used to generate heatmaps.
A focused analysis of a priori functional themes was performed to better

identify the character of the biological changes in the enrichment results.
Specifically, we selected significantly enriched pathways which either (1)
contained the name of the functional theme based on a text-based query
or (2) were identified as child terms (nested pathways) of pre-selected
parent terms which represent the theme.

Hypergeometric analysis
As a cross validation of our study, we looked for overlap between gene sets
associated with different contrasts (p value < 0.05) and lists of differentially
expressed genes provided by the authors in the following studies: Pantazatos
et al. [24], Ramaker et al. [25], Scifo et al. [22], Labonte et al. [26], and Ding et al.
[27]. The significance of the overlap was assessed using hypergeometric
distribution implemented by Geneoverlap package in R [28]. Given two gene-
lists, a significance test for their overlap can be described using

hypergeometric distribution performed with a genomic background repre-
senting universe of known genes (21196 gene, default used by the package).
The null-hypothesis represents an odd-ratio < 1 whereas the alternate
hypothesis represents an odd-ration > 1. A similar analysis was performed to
assess enrichment of different cell-type clusters in the WGCNA modules
(described later in the Bayesian Network analysis).

Quantitative polymerase chain reaction (qPCR)
Differentially expressed (DE) genes belonging to a leading-edge subset
(core set of transcripts that accounts for the enrichment signal [23]) in our
enrichment analysis were used to validate the differential expression
results using qPCR (Supplementary Fig. 3). Top five samples representing
either control or diseased state were selected based on their expression
profile. Total RNA (same as used for generating the sequencing libraries)
were reverse transcribed to cDNA using PrimeScript RT Master Mix
(TaKaRa). cDNA, primers, and TB Green Premix ExTaq (Tli RNaseH Plus)
(TaKaRa) were mixed in 96-well PCR plate, and qPCR was performed in
triplicate using CFX96 Real-Time System (Bio-Rad). Results were normalized
to GAPDH internal control. Primers used are detailed below.

Primer name Sequence (5ʹ ≥ 3ʹ)

RHOB-F TCGGAGCTAAGATGGTGTTAT

RHOB-R GGTCAAGTCCTGTTCATGC⋝
CRYM-F CAAGGAGAGGTACGGGTCT

CRYM-R CCAGGGTGACTGTGATGA

ARID5B-F GAACCCGCACAAACCTAC

ARID5B-R TGCCTAAGACCTGGAACTG

CNTN2-F AACACTGCCAACCTGACC

CNTN2-R CACCAAGACAAGCCCTTT

DDX25-F AGGGATTGATGTGAAGCAG

DDX25-R CTATGCGGTGGAGGTAGG

STX1A-F ACGACCAGTGAGGAGCTG

STX1A-R GCTTCGAGATGCTGGAGT

VEGFA-F CCTTGCTGCTCTACCTCCAC

VEGFA-R ATGATTCTGCCCTCCTCCTT

Cellular deconvolution analysis
To estimate the cell type proportion and identify putative disease-
associated cellular differences, we adapted the deconvolution analysis
described by Baron et. al. [29] and implemented in bscqsc package in R.
The analysis consists of the following five steps.
A) Identifying cell-type-specific marker-genes: Using the single nucleus

data set for Anterior cingulate cortex available form Allen brain atlas, we
first identified cluster of cell types and markers specific to each cluster
(Supplementary Table 2) using SEURAT package in R for single cell analysis
[30]. In order to segregate cell clusters based on subtle differences in
expression, the resolution parameter was set to 1.2
B) Building the reference basis matrix of marker-genes: This matrix

contains the highly discriminatory marker-gene expression of each cell-
type cluster averaged across all the cells of a given cell type cluster. For a
given cluster, we considered a gene specific to a cluster only when it
showed ≥3-fold difference in expression when compared to its expression
in other cell clusters.
C) Estimating proportions: The resulting reference matrix was used to

estimate cell proportion in different cohorts and contrast using Support
Vector Regression implemented by CIBERSORT package in R [31]. For MDD-
all, MDD-episode, MDD-remission, and Episode/Remission, the Wilcoxon test
was used to estimate the significance of altered cell-type proportion
(Supplementary Table 2). For MDD-phasic as detailed above, linear model
was fitted across all cohort (with order preserved as C→ E1→ R1→ ER→ RR)
and F-test was used to estimate the significance of altered cell-type
proportion (Supplementary Table 2).
D) Adjusting the bulk tissue gene expression differences for density: In

order to know the influence of a cell-type, we have to look for the overall
changes with and without it. In other words, are the disease-related
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changes affect by the cell type showing significant change in density? To
estimate this possibility, we need to regress out the influence of changes in
cell type ratios and compare it with the results obtained without regressing
it (i.e., the results from original differential expression analysis). If the
findings (in terms of significantly up and down genes) persist after
regression, it indicates that the change is associated with cell-type whose
ratio was regressed. Based on this principal, we statistically regress out the
effect of a cell types of cluster (DTI-cluster) which showed the significant
change in proportion in Episode/Remission contrast. This was implemen-
ted by expanding the design-model used for finding differential expression
between episode and remission cohort by incorporating the estimated
cell-type proportion (from step C) in the design matrix.
E) Finding cell-type specific differential expression: As described

previously [32] and implemented in the csSAM (a package in R) we use
the two separate differential expression analyses, (i.e. with and without
regressing the cell proportion) to fit a linear model that estimates
interaction term between cell proportion and contrast to find cell type
cluster specific differential expression.

Bayesian network analysis
To find probabilistic causal associations of disease states with gene co-
expression modules representing different biological themes we used
weighted gene coexpression network analysis (WGCNA) [33] and
Pigengene [34] package in R. First, we used consensus WGCNA to
generate co-expression modules common across samples and compared
them between control and disease states. For each cohort, count data
normalized based on size factor (using DESeq2 package in R [35]) was used
to create a matrix of pairwise Pearson correlations between genes, which
was then transformed to a signed adjacency matrix using power β= 12. To
calculate the interconnectedness between genes, which defines “mod-
ules”, we derived the topological overlap, which gives a biologically
meaningful measurement of similarity between two genes, based on their
co-expression relationship with all other genes [36]. We then identified
consensus modules between the control and the diseased cohorts using
blockwiseConsensusModules function [37] with consensusQuantile setting
set to 0.50. We obtained 22-consensus modules with numeric label 1 to 22
and color labels for all. Label 0 and color grey was assigned to genes not
assigned to any module and was removed from further analysis. The
identified modules were functionally characterized using all three Gene
Ontologies and top pathways with Bonferroni corrected p-value < 0.05
were used to label the modules.
The first principal component (the eigengene) summarizes a given

module by accounting for the maximum variability of all its constituent
genes. It is used as a proxy for the overall gene expression of this module
and to identify mechanisms associated with disease states.
Using the Pigengene R package [34], module eigengenes were used as

random variables to train a Bayesian network that modeled the probabilistic
dependencies between all modules. In order to establish the probabilistic
dependencies (which in the DAG network is represented by the direction)
an otherwise correlational network must be anchored with an external data
(called causal anchors or genetic priors, as explained by Zhang et al. [38].
For example, in many instances SNPs data available with the transcriptomic
data is used as anchor [38]. In absence of such data and to simplify our
inference, we have included the experimental groups (i.e., labels of the
cohort) as a categorical variable called Disease node. Specifically, the
Disease node is an observed variable that can take one of the following
values: Control (C), first Episode (E1), first Remission (R1), Recurrent Episode
(ER), and Recurrent Remission (RR). There can be many possible directional
associations between the disease node and other nodes, (which in our case
are gene modules identified using WGCNA). The best direction however is
selected based on average of 1000 permuted networks using all nodes. As
the consensus is drawn from all disease cohorts the network essentially
models MDD, regardless of trait and state.

Connectivity map (Cmap) analysis
Cmap contains expression profiles induced by ~19,000 different small
molecules (perturbagens) in ~77 different cell lines [39]. Genes in module 10
were submitted as query in the Cmap API (https://clue.io/query). The output
file (cs_nlx476251.gct) containing the raw weighted connectivity scores for
all molecules, or perturbagens, tested in different experimental conditions
and cell types was used for further analysis. A connectivity scores
summarizes the similarity between the query and signature profile of a
perturbagen based on Kolmogorov-Smirnov enrichment statistics [23]. To
compare an observed connectivity score to all others in the database we

calculate the percentile score, referred as “tau”. The weighted connectivity
score ranges from −1 to +1 and accordingly the tau ranged from −100 to
+100. Negative and positive scores indicate dissimilarity and similarity
between query and perturbagen signatures, respectively. In this study we
restricted our search space to all perturbagen tested in three neuronal cell
lines (NEU, NEC.KCL, NPC) available in the Cmap database [39]. As described
before [39], we summarized the multiple experimental conditions under
which a given perturbagen was tested in a given cell line separately for each
cancer and neuronal cell lines based on the largest effect size magnitude
between 33rd and 67th percentile. To select the top perturbagen candidate,
we used the rank-ordered row sum of tau score [39].

Drug target identification
Using the available two-dimensional (2D) structures (http://lincsportal.ccs.
miami.edu/SmallMolecules/catalog) for top drugs associated with Module
M10 and M16 molecules we searched for protein target and target class
(protein family to which the target belongs) using SwissTargetPrediction, a
web tool based working on structure function relationship of drugs and
biomolecule [40]. Note that M16 was neither downstream nor directly
upstream of disease the node and thus served as reference against which
the drugs associated with M10, the one directly connected to disease
node, was accessed. A drug can potentially dock to many protein targets of
different target class with different probabilities. We reported the target
class with highest docking probabilities.

RESULTS
MDD trait and state are characterized by distinct biological
changes in sgACC
RNAseq-based expression profiles from sgACC samples were
obtained from one control (C) and four cohorts of MDD subjects
during a first depressive episode (E1), remission after first episode
(R1), recurrent episode (ER) or remission after recurrent episodes
(RR) (Supplementary Table 1). Differential expression and biologi-
cal pathway analyses were performed along the following group
contrasts: MDD-all, comparing control samples to all other cohorts
and representing depression-trait; MDD-episode, comparing con-
trol samples with those in depressive state; MDD-remission,
comparing control samples with those in remission state; Episode/
remission, a direct comparison of depressive and remission states,
and MDD-phasic, capturing the oscillating changes between
depression and remission (Fig. 1B and methods). Events captured
by MDD-all were considered MDD-trait pathologies while those
captured by the last four contrasts were considered as MDD-state
pathologies.
Overall, upregulated genes were more common than down-

regulated genes across contrasts (Fig. 1B, Supplementary Table 1).
The MDD-all contrast showed consistent up- or downregulation
patterns of gene expression regardless of phases, compared to
controls (Fig. 1C). The MDD-phasic contrast revealed robust
patterns of gene expression that cross-sectionally oscillated with
episodes and remission phases (“waves-pattern” in Fig. 1C). The
MDD-phasic gene-set overlapped substantially with the Episode/
Remission contrasts (Fig. 1D), which captured the range of the
“wave-pattern”. Aside from genes shared with MDD-all (Fig. 1D),
minimal overlap was observed between genes identified in the
MDD-episode and MDD-remission contrasts.
Upregulated pathways (p value < 0.01; FDR < 0.25) were similarly

more common than downregulated pathways (Fig. 2, Supplemen-
tary Table 1). For the MDD-all contrast, multiple pathways
associated with inflammation, immune-system, angiogenesis, and
vascular growth factors were upregulated. Other upregulated
pathways included transcription associated with stress response
and protein modification processes (JNK-cascade, MAPK-activity,
auto-ubiquitination; Supplementary Table 1). Few downregulated
pathways were observed and associated with mitochondrial-
function, bioenergetics, and neuropeptide-signaling.
Results for the MDD-episode and MDD-all contrasts were highly

similar (Fig. 2, Columns 1-2) for upregulated pathways related to
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immune-system, inflammatory-response, translation related to
stress response and aspects of protein-modifications, and down-
regulated pathways related to bioenergetic functions. For
neurotransmission, pathways associated with Voltage-gated-
potassium-channels and transporter activities were downregu-
lated, in addition to neuropeptide signaling pathways.
The MDD-Remission contrast, similar to the MDD-all and MDD-

episode contrasts, was associated with upregulated inflammation-
and immune-related pathways, although limited to innate versus
both adaptive- and innate-immunity in the MDD-episode contrast
(Fig. 2, Column-3). Additional changes included multiple upregu-
lated pathways related to cytoskeleton, axonal and extracellular
matrix, suggesting a structural and cellular reorganization during
remission.
Finally, the direct Episode/remission contrast (Fig. 2, column-4)

was associated with downregulated (during episode)
bioenergetic-related pathways (ATP, cellular-respiration, and
Mitochondrion-related pathways), consistent with findings from
the Episode- or Remission-contrasts. Surprisingly, we observed an
additional large downregulation during episodes of multiple
pathways related to the structure and function of all neuronal
compartments (cytoskeleton, organelles, matrix, axon, dendrites,
synapse, channel, receptor/transmission dendrite, vesicle-

secretion, extracellular-matrix), multiple aspects of synaptic
function, neurotransmission mediated by glutamate, GABA,
dopamine, catecholamines, and multiple membrane transporter
functions involving potassium- and calcium-gated voltage chan-
nels. This suggests multiple moderate state-dependent changes
affecting multiple aspects of neuronal signaling that are only
detectable by direct comparison between remission and episode
phases and missed when traditionally comparing MDD subjects to
controls. Changes matching the oscillatory nature of the disease
trajectory (MDD-phasic) identified similar functional themes as in
the Episode/Remission contrast (Fig. 2, Column-5), although to
lower degrees.
Results were validated using three approaches. First, we

compared our results to RNAseq data from three independent
MDD versus control studies [24–26]. This analysis revealed
significant overlap (Hypergeometric-overlap test) of differentially
expressed gene lists from Pantazatos et al. with MDD-episode (Up:
p= 0.05), MDD-phasic (Up: p= 0.046) and trend-level overlap of
MDD-all (Up: p= 0.062); Ramaker et al. with MDD-episode (Up:
p= 0.020), Episode/remission (Up: p= 0.002, Down: p= 0.042),
MDD-phasic (Up: p= 0.00014) and Labonte et al. with Episode/
remission (BA25: Up: p= 4.78−06, Down: p= 0.00033), MDD-phasic
(Up: p= 8.70−04, Down: p= 0.035). Second, comparison to mass

Fig. 2 Profiles of biological pathway affected in the various MDD group contrasts. Altered pathways associated with different biological
themes (left) per contrast. The blue and orange colors represent up- and downregulated pathways, respectively. The vertical columns to the
right indicate broad association of trait or state pathologies with biological themes. Trait and State were mostly defined by the first contrast
(MDD-ALL), then by consistency across related biological pathways. For instance, See Supplementary Table 1 for details and further biological
theme re-grouping.

R. Shukla et al.

5

Molecular Psychiatry



spectrometry-based proteomics results in the same cohort [22]
showed significant correlation (n= 3000 genes/proteins; R= 0.34;
p= 9.34 × 10−94) and overlaps between protein and gene changes
for the MDD-episode (p= 0.02), Episode/Remission (p= 0.043),
and trend-level overlap for the MDD-remission (p= 0.062)
contrasts. Third, technical validation by qPCR showed highly
concordant results for leading-edge genes (core set of differen-
tially expressed transcripts that accounts for the enrichment
signal) in key affected pathways within different contrasts
(p < 2.2 × 10−16; Supplementary Fig. 3A, B).
Together, these results uncovered two parallel pathological

entities: a depressive trait pathology associated with inflamma-
tion, immune-system activation and decreased bioenergetics, and
a depressive-state pathology matching clinical phases and
associated with reduced cell structure and neurotransmission
during episodes.

RNA-seq data deconvolution identified SST-, VIP- and CRH-
expressing interneurons as affected by phasic state-
dependent changes in MDD
The present data were derived from gray matter samples where
relative cell densities and associated biological signals are masked.
To address this limitation, we used layer-specific single nucleus
RNAseq data from ACC (from Allen-Brain-Atlas) and statistical
methods to deconvolute it. We identified 19 cell-type clusters
(Fig. 3A), characterized in two stages: First, globally, using
pyramidal-neurons, interneurons, astrocytes, oligodendrocytes,
microglia, and neuroglia markers (Fig. 3B), and second, locally,
based on the genes most enriched in each cluster (Fig. 3C), for
instance, the GABAergic interneuron markers PVALB, SST, VIP and
CRH as enriched genes in clusters 5, 4, 7 and 8 respectively. Next,
we identified discriminatory gene-sets for these 19 cell-type
clusters (Fig. 3D, Supplementary Table 2) and used them to

Fig. 3 Cell-type deconvolution of gray matter RNAseq reveals gene expression changes in synchrony with MDD phases for CRH-, SST- and
VIP-expressing GABAergic interneurons. A Clustering of human anterior cingulate cortex single nuclei RNAseq data from Allen Brain Atlas. B
Clusters were characterized globally using known markers of pyramidal neurons (SLC17A7), interneurons (GAD1 and GAD2), astrocytes (GFAP),
oligodendrocytes (OPALIN), microglia (CX3CR1) and neuroglia (PDGFRA). C Clusters were characterizing locally using the top enriched
expressed genes (upregulated) by cluster. C1) Cluster 5 enriched with PVALB. C2) Cluster 4 enriched with SST. C3) Cluster 7 enriched with VIP. C4)
Cluster 8 enriched with CRH. Note that some clusters have overlapping expression of different markers. For instance, cluster 8 (CRH) is also
enriched in SST and VIP. D Heatmap of highly discriminative gene, i.e., markers used as reference for estimating relative cell densities in (E).
Rows represent genes and columns represent the cluster identified in (A). Only representative clusters are shown here. E Density differences of
cluster 8 cell types in Episode/remission contrast (right) and phasic contrast (left). The y-axis shows the relative densities of cluster 8 cell types
while the x-axis represents different cohort used in the study, matching the expected 1–2% cell-type representation for the associated
markers. Wilcoxon test and F-test were used to estimate the significance for Episode/remission and phasic contrast, respectively. *<0.05. Please
see Supplementary Table 2 for changes in cellular densities across all cell-type cluster F) Layer specific distribution of cluster 8 neurons (yellow
in A, red in F). Note the high enrichment of cluster 8 neurons in layers 1 and 2/3.
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estimate the relative cell-type densities in the cohort datasets [31].
Results show that cluster-8, which co-expressed SST, VIP and CRH
genes usually expressed in dendrite targeting interneurons
(henceforth: DTI-cluster) displayed lower marker gene expression
in episode compared to remission phases (p < 0.042, Fig. 3E, right
panel) and that these changes followed a phasic trajectory
matching the illness states (p < 0.016, Fig. 3E, left panel). DTI-
cluster also corresponds to the “neuropeptide-signaling” gene
group previously identified in the MDD-All, MDD-episode and
MDD-Phasic contrasts (Fig. 2). An analysis of layer-specificity
further showed enrichment of DTI-cluster genes in cortical layers 1
and 2/3 (Fig. 3F). Validating our results, we observed significant
overlap (HGA, q < 0.03) of DTI-cluster with a list of 566 genes
obtained from meta-analysis of MDD across corticolimbic regions,
including the sgACC [27].
Next, we investigated the putative impact of altered DTI-cluster

cell types on overall biological changes. Focusing on Episode/
remission (Fig. 3E, right), the most significant contrast, we
compared gene expression differences with and without regressing
out the variability associated with the cell type density differences
of the DTI-cluster. In total, 721 genes showed lower p values after
regression (Supplementary Table 2) and were associated with the
following biological pathways (q < 0.05) downregulated in episodes:
voltage-gated-potassium-channel-complex, postsynaptic-mem-
brane, asymmetric-synapse, axon-ensheathment, and regulation-
of-cell-morphogenesis (Supplementary Table 2). Finally, to assess
DTI-cluster-specific differential expression, we included the interac-
tion between DTI-cluster cell densities and the episode and
remission variables in a statistical linear model [41] and identified
75 upregulated and 175 downregulated (Supplementary Table 2,
p value < 0.01) genes (in episode) corresponding to upregulated
chemokine-binding
(q < 0.04) and downregulated nf-KappaB (q < 0.01) pathways.
Together, inferring cell type origin of gene expression revealed

state-dependent phasic changes affecting upper layers SST-, VIP-

and CRH-expressing interneurons, synchronized with reduced
neuronal signaling and related to inflammation and immune-
related events.

Investigating causality using Bayesian gene network analysis
While group contrasts and cell-based analyses provided biological
and cellular insight, they did not inform on causal links. For this,
we summarized the expression profiles across all five cohorts into
modules of co-expressed genes using consensus weighted gene
co-expression network analysis [33] and used the module
eigengenes to construct a Bayesian-network modeling probabil-
istic dependency between modules [34, 42]. Twenty-two con-
sensus modules were identified, containing 31 to 4494 genes.
Eighteen modules were enriched for at least one gene-ontology
functional category (q < 0.05; Fig. 4A, Supplementary Table 3) and
used to create the DAG (Fig. 4B). The direction of edges
and probabilistic dependencies were first inspected for biological
and theoretical consistency. For instance, module M05, the source
of all modules, is enriched in pathways associated with system-
development and connected to module M02 and M011, enriched
in pathways associated with nervous-system-development and
anatomical-structure-morphogenesis, respectively. Similarly, the
relationship between the immune-system and cytokines [43] was
captured by the high probability parent-child association between
module M21, enriched with immune-response, and module M10,
enriched with cytokine response pathways.
A “disease-node” capturing the disease phases across cohorts

(See methods) was also included in the DAG. This node was linked
to three DAG modules: module M13, enriched with innate-
immune-response, module M10, enriched with cytokine-response,
and response-to-stress, and module M21, associated with
defense–response and stress–response mostly associated with
oxidative stress, as suggested by the child module M17, enriched
with response-to-oxidative-stress and cellular-response-to-stress
(Supplementary Table 3). M10 had the highest probabilistic

Fig. 4 Prioritizing putative causal gene modules in MDD using Bayesian network. A Consensus gene modules were identified using the
combined RNAseq data across diseases phases and characterized using GO enrichment. GO terms highly enriched for each module are shown
on the left, and −log10(p-values) (FDR < 0.05) of enrichment tests for the GO term are shown on the right. The middle panels show the
enrichment of modules in the MDD contrasts (From Fig. 1B). The blue and yellow circles show enrichment in up- and downregulated genes
respectively for each module. The size of circles is proportional to the −log10 of p values associated the enrichment. The black dotted circles
represent the scale=−log10(p-value = 0.05). Note that module ME03, ME08, ME19 and ME22 were not associated with any GO terms and
were removed from further analysis. B Directed acyclic graph (DAG) obtained after fitting Bayesian network to the eigengenes of the
characterized consensus modules, which are shown as nodes. The edges represent the dependencies between nodes from early to later
(referred as parent to child). The thickness of the edges is proportional to the number of times, in percentage, the edge was detected in 1000
permutations used to generate the Bayesian-network. The connections of the “Disease” node to its child nodes are shown in red.
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association to the disease module and is a child to disease-
associated M13 and M21, making it the endpoint of the graph and
the most disease-associated module. This is supported by the
enrichment of M10 with upregulated pathways in all seven
contrasts (Fig. 4A). M10 was enriched in astrocyte (cluster-10, p <
0.02) and microglia (cluster-14, p < 5.3 × 10−9) markers, M13 in
SST-expressing interneuron (cluster-04, p < 0.03) and microglia
(cluster-14, p < 5.55 × 10−127) markers, whereas M21 was not
enriched in cell markers. As an independent validation, we looked
for hypergeometric-overlap with cell-specific gene-sets from
a previous study [44]. Module M10 was enriched in microglia
(p < 0.01), module M13 in microglia (p < 2.23 × 10−27) and module
M21 in endothelial-cells (p < 0.03). Overlap of module with lamina-
specific gene-sets [45] suggest the enrichment of all three
modules in layer-1 (M10: p < 1.2 × 10−14; M13: p < 2.29 × 10−27;
M21: p < 0.03), which coincides with the significant enrichment of
disease associated DTI-cluster cells in superficial layer-1 (Fig. 3F).
Together, the Bayesian-network organized gene-expression

from the control and MDD cohorts into a coherent and directional
graph. The direct association of the MDD module with three DAG
modules suggests that immune and cellular stress functions are
proximal and potentially causal to the trajectory and clinical
manifestation of the illness, and cell-enrichment analyses impli-
cate superficial layer inhibitory-neurons, glial, and immune-cells as
potential mediators.

The MDD gene module identified in the Bayesian network is
associated with known antidepressant-related pathways and
novel drug targets
Assuming that the M10 MDD-associated module may have a
causal role in the illness, we looked for drugs that mimicked or
antagonized its gene-expression profile. For this, we probed the
M10 associated gene-set against the connectivity-map, a database
of transcriptomic responses to multiple molecules in diverse
cell types.
A total of 33 molecules were identified as antagonizing (Fig. 5)

and 50 molecules as mimicking (Fig. 5) the M10 gene-expression
profiles in neuronal cell lines, potentially reflecting therapeutic or
MDD-inducing effects, respectively [46]. Among the M10-
antagonizing molecules, three were either dopamine, its precursor
(glutamyl-dopamine) or its structural variant (6-nitrodopamine), 15
(45.45%) had G-coupled protein receptors (GPCRs) as their target
class, of which five were dopaminergic, four were serotonergic,
and two targeted the serotonin and/or dopamine transporters.
The other major class of drug target includes enzyme (6/33),
electrochemical transporter (4/33) and nuclear receptors (3/33).
Notably, seven of the identified drugs are either clinically used to
treat neuropsychiatric disorders or identified as a potential drug in
human postmortem studies (i.e. spermidine) [47].
Among the MDD-mimicking molecules (Fig. 5), 12 (24%) were of

GPCRs target class, of which 6 were serotonergic and three were
dopaminergic receptors (mostly with opposing effects of com-
pounds antagonizing the M10 expression profile), and one each
for opioid, melatonin, and adrenergic receptors. The other major
classes were epigenetic regulators (9/50, i.e., eraser, HDAC
inhibitors) and protease (5/50).
In contrast, using the M16 gene module, which is part of the

DAG, but not enriched in any MDD contrasts (Fig. 4A), only seven
and nine molecules were identified as having antagonizing or
mimicking effects and the target class associated with antagoniz-
ing molecules belonged to epigenetic regulators (3/7), nuclear
receptor (2/7), kinase (1/7) and voltage-gated channel (1/7).

DISCUSSION
The waxing-and-waning nature of MDD (Fig. 1A) across depression
and remission states is well studied in sgACC; but the molecular

correlates of MDD in this brain region are limited to case-control
setting, and molecular changes between and across states are
largely unknown. Here, using transcriptome profiles from human
postmortem sgACC subjects in depressive or remission phases of
MDD, and from control subjects, we uncovered two parallel
pathological entities (Fig. 1B): First, a stable MDD-state pathology
associated with inflammation, immune-activation, and reduced
bioenergetics, and second, a dynamic state-dependent pathology
(matching the clinical phases) associated with neuronal structure
and function, affecting both fast (GABA, glutamate) and slow
(catecholamines, neuropeptides) neurotransmitters, sets of
changes that are downregulated during episodes and not
observed or reversed during remission phases. Further in-silico
analyses provided perspective on cellular specificity and putative
causal processes: First, a cellular deconvolution analysis associated
CRH-, SST- and VIP-expressing dendrite targeting interneurons
with phasic MDD changes; Second, a probabilistic Bayesian-
network analysis suggested causal roles for immune-system
activation, cytokine-response, and oxidative-stress across MDD
phases. In support of this, the putative causal pathways were
antagonized by drugs associated with clinical response using a
drug-induced transcriptome database; thus, providing a new
approach for novel therapeutic-target discovery.

Dissociating trait and state pathologies of MDD
The MDD-trait and -state pathologies (Fig. 2) correspond to
distinct biological pathways. The MDD-trait pathology shows
robust links to inflammation and immune activation consistent
with prior reports [48]. These events often recruit extensive signal
transduction pathway protein modifications, such as proteins
phosphorylation in the MAPK pathway [49], and increased
demand on local blood supply, mediated by increased angiogen-
esis, which are both also associated here with MDD-trait
pathology. These findings are consistent with literature on MDD
for inflammation [50], immune-system activation [51], MAPK-
activation [49], but less so for angiogenesis [52].
“Trait” was defined based on statistical association with the

MDD-All contrast, but some of the identified trait phenotypes
displayed various degrees of significance in the separate contrasts.
For instance, pathways related to innate immunity were upregu-
lated in all three contrasts, but changes in adaptive immunity and
inflammatory response were limited to the MDD-All and MDD-
episode, suggesting state-dependent immune features. Reduced
bioenergetics was identified as trait pathology, represented by
decreased expression of genes implicated in mitochondrial
structure and function, and in cellular energy production. This
was observed in the MDD-All and MDD-Episode contrasts, but not
the MDD-remission, suggesting a partial reversal during remission,
as supported by significant results in the Episode/remission and
phasic contrast analyses. Reduced bioenergetics is consistent with
prior research in MDD [53] and associated with inflammation and
immune system activation [54, 55], hence linking the two MDD
trait-related main findings from this study.
The MDD-state pathology, as defined by all but MDD-all

contrast, was associated with the classical neurotransmission
changes reported in depression [56], negatively affecting excita-
tory glutamatergic and inhibitory GABAergic systems, voltage-
gated channel activities, and structural elements of neurotrans-
mission (axons, dendrites, vesicles), consistent with studies
showing reduced pyramidal neuron dendrites and sizes [57, 58].
The fact that these results are only observed in Episode/Remission
contrast suggests moderate state-dependent changes affecting
neuronal signaling that are more difficult to identify in case-
control studies. In contrast, neuronal structural components
(cytoskeleton, matrix, axons) were restored during remission
phases (i.e., significant in the MDD-remission contrast). These
results show that the often-reported neurotransmission related
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Fig. 5 Molecules antagonizing or mimicking the MDD-related expression profile. Connectivity map (Cmap)-based identification of
molecules antagonizing or mimicking the MDD-related DAG module 10 gene expression profile: Dissimilarity (representing antagonizing
effect, top panel), and similarity (representing disease mimicking effect, bottom panel) between drug-induced transcriptomic profiles derived
from neuronal cell lines and module 10 gene-sets, estimated by tau score (see methods), are shown. Significant Tau values (<−90 for
dissimilarity; >90 for similarity) are shown in increasing shades of blue and orange respectively. Molecule names in red are associated with
either monoaminergic or catecholaminergic systems while those in green with other known neurotransmitters. The target and target class for
each molecule was predicted using SwissTargetPrediction (see methods). Mode of action and notes taken from PubChem.
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pathology of MDD is state-dependent and mostly resolved during
remission of MDD, and that remission is further associated with
restructuring of intracellular elements and extracellular cell-to-cell
contacts.

CRH-, SST- and VIP-expressing GABAergic cellular changes
across MDD episodes and remission
The cell-type deconvolution approach showed that CRH-, SST- and
VIP- expressing interneurons are dynamically affected in syn-
chrony with the episodes and remission phases of MDD. Reduced
CRH expression, consistent with dysregulated hypothalamus
pituitary adrenal stress axis in MDD, was previously reported in
subcortical regions [27], as well as in cortical layers [27]. Reduced
SST [20, 59] and VIP [60–62] expression were reported in several
independent cohorts. Importantly, VIP, CRH and SST are markers of
GABAergic interneurons with overlapping patterns of expression,
and that directly or indirectly inhibit pyramidal-cell dendrites [63].
These results are therefore consistent with a state-dependent
MDD-related pathology that affects the regulation of excitatory
input onto pyramidal cells, suggesting altered information
processing in MDD [64]. Reduced dendritic inhibition may also
contribute to the elevated sgACC activity during MDD-episodes.
The cellular deconvolution suggests variable densities of cell

types between MDD episodes and remissions (Fig. 3D, E), which is
questionable for non-dividing neurons. Deconvolution analysis
assumes that cell-type gene expression contributes linearly to its
fraction in bulk tissue [65]. Gene expression however, depends on
other parameters, such as cell size and functional status [66]. For
instance, we showed lower SST expression per cell in the sgACC of
MDD subjects, rather than fewer SST-positive cells [67]. The
association of change in expression per cell for CRH-, SST- and VIP-
expressing interneurons is also supported by analyses showing
that normalizing for putative cell-type differences enhanced the
MDD-related significance of cell-to-cell signaling and neurotrans-
mission, and that multiple pathways implicated in cell structure
(hence volume and function) were affected in phase with MDD-
episodes and remission.

A putative causal role for immune function and inflammation
in upper cortical layer cells in MDD
Bayesian-network analysis uses changes in association probabil-
ities between gene modules across multiple network iterations to
deduct potential causal flow [34, 38, 68]. Here, this analysis shows
that activation of immune function, inflammation, and oxidative
stress originating from or affecting inhibitory-neurons, glial,
endothelial and immune cells in upper cortical layers may have
causal roles across episode and remission phases. This suggests
the presence of sustained immune activation and other stressors
(oxidative-stress, inflammation), which affect CRH-, VIP- and SST-
expression neurons in upper cortical layers in synchrony with
episodes and remission, consistent with phasic changes in
neuronal structure and bioenergetics, and with the shift from
innate and adaptive immune activation during episodes to innate
immunity only during remission. In this way, the trait pathology
associated with immune/inflammation may increase the biological
vulnerability of the sgACC, setting it up for relapse into episode
state-like pathology, demonstrating a novel type of plasticity
associated with MDD.
Inferring causality needs interventional data [69]. In lack of such

data in postmortem studies, we used Bayesian network to infer
causality and validated the results using drug-induced transcriptomic
perturbation data. It is intriguing that the gene expression profile of
the Bayesian network module most associated with MDD could be
antagonized or mimicked in cell-lines by drugs targeting the
dopamine or monoamine systems, consistent with their roles in
MDD and therapeutics. Surprisingly, this was obtained from acute
drug exposure in cell-based systems lacking the complexity of the
brain or diseases timeframe. This suggests that complex biological

events across time and cell-systems in MDD may recruit a reduced set
of cellular processes, as identified by conserved gene coexpression
modules across states. This is consistent with the suggested
therapeutic or pro-disease targets (Fig. 5), which belong to biological
regulators (epigenetic, nuclear-receptor, and protein-modification), in
addition to single target molecules.
Together the integrated approach used in this study

suggests a temporal sequence assembling known hypotheses
of MDD, namely immune- and cellular stress-related phenom-
ena as causal upstream factors in series of state-dependent
plasticity events affecting excitatory and inhibitory neuro-
transmission, as well as serotonergic, glutamatergic, and
GABAergic dysfunctions.

Limitations
First, the heterogeneity of MDD was not investigated at symptoms
or variation in disease trajectory level but rather focused on
different contrasts at the group level. Second, besides the fact that
sex plays an important role in MDD [26], the data were not
stratified based on sex as this would have greatly reduced the
power of the analysis by reducing the sample sizes of all five
experimental groups. Third, as remission is predominantly
associated with medication, the effect of medication was not
removed from the analysis. Additionally, as most subjects were on
multiple drug class (anticonvulsant, antidepressants, antipsycho-
tics, and unknowns), it was not possible to untangle their effect
from the data. Fourth, due to lack of additional samples,
independent validation of the state-dependent and cell-specific
findings were not performed. Instead, we used available genomic
datasets to provide supporting evidence. Fifth, to avoid over-
fitting, the differential expression analysis considered only those
variables which accounted for >5% of total variability in the data.
Hence, amidst these limitations, additional relevant factors and
patterns of changes may still be uncovered. Sixth, as some
findings were previously reported (i.e., immune function, DTI
neurons), one can question the novelty of the present study.
However, reproducing results in independent cohorts, as in the
present study, is an important internal validation mandatory for
postmortem studies. Finally, the functional predictions and
suggested causal links obtained through bioinformatics analyses
should be interpreted as hypothesis-generating.

DATA AVAILABILITY
All datasets analyzed during the current study are available as supplementary tables.
Raw data (count matrix, fastq.gz, or.bam) are available from the corresponding author
on reasonable request.
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