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ABSTRACT

Objective: This study aimed to identify key clock genes closely associated with major depressive disorder (MDD)
using bioinformatics and machine learning approaches.

Methods: Gene expression data of 128 MDD patients and 64 healthy controls from blood samples were
obtained. Differentially expressed were identified and weighted gene co-expression network analysis (WGCNA)
was first performed to screen MDD-related key genes. These genes were then intersected with 1475 known
circadian rhythm genes to identify circadian rhythm genes associated with MDD. Finally, multiple machine
learning algorithms were applied for further selection, to determine the most critical 4 circadian rhythm
biomarkers.

Results: Four key circadian rhythm genes (ABCC2, APP, HK2 and RORA) were identified that could effectively
distinguish MDD samples from controls. These genes were significantly enriched in circadian pathways and
showed strong correlations with immune cell infiltration. Drug target prediction suggested that small molecules
like melatonin and escitalopram may target these circadian rhythm proteins.

Conclusion: This study revealed discovered 4 key circadian rhythm genes closely associated with MDD, which
may serve as diagnostic biomarkers and therapeutic targets. The findings highlight the important roles of
circadian disruptions in the pathogenesis of MDD, providing new insights for precision diagnosis and targeted
treatment of MDD.

INTRODUCTION

Major depressive disorder (MDD) is a prevalent
and debilitating psychiatric condition characterized
by persistent low mood, diminished interest, sleep
disturbances, feelings of worthlessness, and recurrent
thoughts of death [1-2]. According to the latest cross-
national data, more than half of the global population
can expect to develop one or more mental disorders
by the age of 75 years, with similar rates between
males and females. These disorders typically first
emerge during childhood, adolescence, or young
adulthood, with a peak incidence around age 15 years
and a median age of onset of 19-20 years [3]. As a

leading cause of disability worldwide, MDD imposes
a substantial burden on individuals, families, and
healthcare systems [4, 5]. Despite the availability
of pharmacological and psychotherapeutic inter-
ventions, current treatments for MDD have
significant limitations. Antidepressant medications,
such as selective serotonin reuptake inhibitors and
glutamate modulators, often have suboptimal
efficacy, high relapse rates, and undesirable side
effects [6, 7]. Cognitive-behavioral therapy, a common
psychological intervention, also faces challenges in
terms of patient accessibility and long-term
effectiveness. Importantly, the underlying patho-
genesis of MDD remains incompletely understood,
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hindering the development of more effective and
personalized treatment strategies.

The multifactorial nature of MDD involves
complex interactions between genetic, neuro-
biological, and environmental factors. Disturbances
in neurotransmitters systems, signaling pathways,
the hypothalamic-pituitary-adrenal (HPA) axis, and
inflammatory responses have all been implicated in
the pathogenesis of MDD [8]. Moreover, altered
expression of biomarkers, such as brain-derived
neurotrophic factor (BDNF), has been closely linked to
the onset and progression of disorder [9]. Elucidating
the clinical molecular characteristics of MDD is
crucial for improving our understanding of its
pathogenesis and enabling the development of novel
diagnostic and therapeutic approaches.

Emerging evidence suggests that disruptions in
circadian rhythms, the endogenous 24-hour cycles
that regulate physiological processes, may play a
pivotal role in the pathophysiology of MDD [10-12].
Patients with MDD commonly exhibit circadian rhythm
disturbances, such as sleep abnormalities, disrupted
temperature rhythms, endocrine dysregulation, and
metabolic abnormalities [13]. These observations
indicate that the biological clock governing circadian
rhythms in MDD patients may be dysfunctional. Notably,
some circadian genes, such as Brain and Muscle
ARNT-Like 1 (BMAL1), have been demonstrated to
significantly influence the onset and progression of
MDD [14]. However, the specific roles of circadian
mechanisms in MDD remain underexplored, and many
potentially important circadian genes associated with
the disorder are yet to be identified.

Importantly, this study adopts an integrative approach
by combining advanced bioinformatics analysis
and machine learning algorithms to systematically
investigate the role of circadian rhythm disturbances
in MDD [15]. Unlike previous studies that have
primarily focused on individual circadian genes, our
comprehensive analysis aims to identify novel key
circadian biomarkers that can distinguish MDD
patients from healthy controls. Moreover, we further
explore the functional relevance of these circadian
biomarkers in MDD pathogenesis, such as their
associations with immune cell infiltration, and utilize
computational drug discovery methods to predict
potential therapeutic compounds targeting the key
circadian proteins. The findings from this multilayered
investigation are expected to provide new mechanistic
insights into the circadian rhythm-MDD connection
and pave the way for developing more effective
diagnostic and treatment strategies for this debilitating
psychiatric disorder.

MATERIALS AND METHODS
Data collection

Two gene expression profiles (GSE98793 and
GSE76826) related to MDD were retrieved from
the Gene Expression Omnibus database (GEO,
https://www.ncbi.nlm.nih.gov/geo/). GSE98793 and
GSE76826 were from GPL570 and GPL17077
platforms, respectively. The GSE98793 dataset
included 128 patients with MDD and 64 healthy
controls. The GSE76826 dataset included 12 patients
with MDD and 12 healthy controls. MDD was
determined by SIGH-D scores higher than 8. Gene
expression in both datasets was from human blood
samples.

In addition, a total of 1475 human circadian rhythm
genes (CRGs) were obtained from the Circadian Gene
Database (CGDB, http://cgdb.biocuckoo.org/), MSigDB
database  (https://www.gsea-msigdb.org/gsea/msigdb/)
and Genecards database (https://www.genecards.org/)
(Supplementary Table 1). These genes were used as the
basis of this study.

In this study, GSE98793 was used as the training set
for screening potential therapeutic targets for MDD
and selecting circadian rhythm related key genes. The
GSE76826 dataset was used as the validation set to
verify the reliability of the prediction model.

Identification of circadian rhythm genes (CRGsS)
related to MDD

Differential expression analysis

The GSE98793 dataset was used for differential gene
expression analysis. First, the gene chip data in
GSE98793 were normalized using the limma package in
R software, and the genes were annotated. Differentially
expressed genes (DEGs) between MDD patients and
normal samples in the training set were screened with a
threshold of P-value < 0.05.

Weighted gene co-expression network (WGCNA)
analysis

We further analyzed the differential genes in MDD
using WGCN analysis. Through WGCNA, functionally
related gene co-expression modules were identified, and
an unsigned co-expression network was constructed.
First, clustering analysis of differential gene expression
profiles was performed, and outliers were removed.
Next, a “soft” threshold (B) value generated by the
“pickSoftThreshold” algorithm was selected to construct
an adjacency matrix and convert it to a topological
overlap matrix (TOM). Then, high co-expression gene
modules were generated by dynamic tree cutting.
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Finally, gene significance (GS) and module
membership (MM) were calculated to determine the
correlation between module feature genes (ME) and
clinical traits. Differentially expressed genes that were
closely related to the pathogenesis of MDD were
screened in modules with GS >0.5, MM >0.5, and
P-value < 0.05.

Identification of CRGs related to MDD

By intersecting the differential co-expressed genes
obtained from the WGCNA network with the 1475
CRGs downloaded from the database, common genes
were determined. These common genes were CRGs
that influence the occurrence and development of
MDD.

Construction of protein-protein interaction (PPI)
networks and functional enrichment analysis of
CRGs

Protein-protein interaction (PPl) network analysis
was performed for the CRGs related to MDD using
the STRING online server (https://string-db.org/).
Cytoscape 3.7.2 was used to visualize the results, and
the degree parameters of the nodes in the network were
analyzed.

To investigate the potential biological functions and
signaling pathways of CRGs in the pathogenesis of
MDD, functional enrichment analysis of MDD-related
CRGs was performed using the online DAVID
database (https://david.ncifcrf.gov/). Gene Ontology
(GO) functional annotation and Kyoto Encyclopedia of
Genes and Genomes (KEGG) functional enrichment
analyses were applied for the analysis of MDD-related
CRGs. The GO analysis covered three dimensions:
biological processes (BP), cellular components (CC),
and molecular functions (MF). It is a systematic
method and process for annotating genes and
their expression products. KEGG is an integrated
database of genomic, chemical and systemic functional
information, which is widely used for enrichment
annotation of gene pathways. GO and KEGG analyses
used a screening criterion of P-value < 0.05, and
results were visualized.

Identification of key CRGs related to MDD using
machine learning

Three machine learning algorithms including least
absolute shrinkage and selection operator (LASSO)
logistic regression, support vector machine-recursive
feature elimination (SVM-RFE), and random forest
(RF) were utilized to identify key feature molecules
among the differentially expressed CRGs in the
GSE98793 database.

Key CRGs were selected based on LASSO
model, SVM-RFE algorithm, and random forest model
using R packages “rms”, “e1071”, and “randomForest”,
respectively. Finally, the overlapping genes identified by
the three machine learning algorithms were determined
as key diagnostic circadian rhythm biomarkers with
critical roles in predicting MDD.

Validation of expression and ROC analysis for key
CRGs

The expression levels of key CRGs in blood samples
from MDD patients and normal controls were measured
and verified by Wilcoxon rank sum test using the two
datasets. First, the expression levels of key CRGs were
determined in MDD patients and normal controls using
the GSE98793 dataset as the training set. Then, the
expression of these key CRGs was validated in the
GSE76826 dataset.

To further test the accuracy of the key CRG selection
in this study, and evaluate the diagnostic value of
key CRGs as MDD biomarkers, receiver operating
characteristic (ROC) curve analysis was performed on
the GSE98793 and GSE76826 datasets using the
“pROC” package in R.

Immune infiltration analysis

CIBERSORTx  (https://cibersortx.stanford.edu/), a
computational tool based on single-cell RNA
sequencing (scRNA-seq) data, can be utilized to infer
the composition and relative proportion of immune cells
in bulk tissues [16]. To further elucidate the relationship
between MDD and immune cells, we uploaded the gene
matrix data containing blood samples from depressed
patients and normal controls to the CIBERSORTX
database, and calculated the correlations between these
genes and 22 types of immune cells. Wilcoxon rank
sum test was used for analysis, and p < 0.05 was
considered statistically significant. Subsequently, we
also examined the distribution of potential key CRGs in
immune cells as well as changes occurring in blood
samples from normal controls versus depressed patients.

Prediction of potential small molecule drugs

To uncover potential small molecule drugs that regulate
key CRGs, we utilized Drug-Gene Interaction Database
(DGldb 4.0, http://dgidb.genome.wustl.edu/) and
Connectivity Map (CMap) database (https://clue.io)
simultaneously. DGIldb integrates drug-gene, drug-
variant, and drug-tumor interactions from various
public databases, enabling rapid discovery of potential
drug targets and mechanisms of action [17]. CMap
is a reliable, well-recognized genomics-based tool for
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discovering drugs to prevent diseases, which can predict
drugs that may reverse or induce the expression of
genes encoding a biological state through enrichment
scores of positive and negative values [18]. We
preferentially selected DGIldb results with higher-
ranking scores and CMap database results with negative
enrichment scores.

Molecular docking validation

To validate the direct targeting interactions
between key CRGs and predicted drugs, molecular
docking was performed using Discovery Studio
software (version 2019). First, three-dimensional
structure files of key circadian rhythm target
proteins and drugs were downloaded from the RCSB
Protein Data Bank (PDB, http://www.rcsh.org/) and
PubChem (https://pubchem.nchi.nlm.nih.gov/) databases,
respectively. Then, these protein and small molecule
structures were imported into Discovery Studio
software. To prepare for docking calculations, proteins
and small molecules were preprocessed, including
cleaning small molecule structures, adding partial
charges, predicting small molecule protonation states
to make them suitable for docking. Next, we defined
the binding pocket regions of interest on the three-
dimensional structures of the target proteins as the
docking sites. Finally, LibDock in Discovery Studio
was utilized for automatic molecular docking, which
searches for the optimal binding modes between ligands
and target proteins by rigid docking and inverse docking
algorithms within the defined docking sites. After
docking, LibDock scores were calculated for each
ligand-target protein complex. Higher LibDock scores
indicate stronger binding affinity between the ligand
and target protein. Through this molecular docking
process, we can evaluate the binding affinities between
small molecule drugs candidates and the target proteins,
thereby guiding drug optimization of drug design.

Availability of data and materials

The datasets analyzed during the current study are
available in the Gene Expression Omnibus repository
(Accession Number: GSE98793 and GSE76826).

RESULTS
Identification of DEGs and WGCNA analysis

To explore genes associated with the occurrence and
development of MDD, we first performed differential
expression analysis on 64 normal samples and 128
MDD serum samples in GSE98793 dataset. The results
showed that 1458 DEGs were identified between MDD
patients and normal samples, including 676 down-

regulated and 782 up-regulated genes (Figure 1A). The
hierarchical clustering of DEGs was shown in Figure
1B. No abnormal samples were detected after clustering
analysis with high threshold B of 12 (Figure 1C). Based
on the dynamic tree cut algorithm, 8 gene modules were
constructed with a minimum module size of 28, deep
split of 4, and a maximum module distance of 0.25,
including turquoise, brown, blue, pink, yellow, black,
green and grey module (Figure 1D). Upon analyzing the
connectivity of the module eigengenes (MEs), it was
discovered that when the separation among modules
exceeded 0.25, the genes within each module could
operate independently (Figure 1E). By calculating the
correlation coefficients between the modules and the
clinical features of Major Depressive Disorder (MDD),
it was found that all modules were significantly
associated with MDD (Figure 1F). According to the
criteria of [IMM|>0.5 and |GS|>0.5, 954 genes highly
correlated with MDD were identified from the 8 co-
expressed gene modules (Figure 2). These hub genes
exhibited expression patterns closely related to MDD
phenotype, and were therefore defined as MDD-related
targets.

Screening of MDD-related CRGs

Given the well-established relationship between
circadian rhythm dysregulation and MDD, we sought
to identify the key circadian genes associated with
MDD pathogenesis. By intersecting the 954 MDD-
related targets identified in the previous step with
a comprehensive list of 1475 known CRGs, we
successfully identified 75 common targets between the
two gene sets (Figure 3). These 75 overlapping genes
were considered as the MDD-related CRGs, which may
play crucial roles in the circadian rhythm disruptions
underlying MDD development and progression.

PPI1 network construction and functional enrichment
analysis

To gain deeper insights into the molecular mechanisms
underlying the involvement of the 75 identified MDD-
related CRGs, we constructed a protein-protein
interaction (PPI) network using these genes (Figure
4A). The complex interconnections observed within this
PPI network suggest that these CRGs may function in a
coordinated manner to influence MDD pathogenesis.

To further elucidate the biological functions and
pathways associated with these 75 MDD-related CRGs,
we performed GO and KEGG enrichment analyses
(Figure 4B-4D). The top 10 enriched GO terms covered
a wide range of biological process, cellular component
and molecular function. In biological process category,
these CRGs were significantly enriched in transcription
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the CRGs were found to be involved in CTP binding,
kinase binding, unfolded protein binding, and protein
activity.

The KEGG pathway analysis identified the
top 10 significantly enriched pathways, including
proteoglycans in cancer, thyroid hormone signaling
pathway, estrogen signaling pathway, transcriptional
misregulation in cancer, circadian rhythm, cocaine
addiction, and endocrine resistance. These results
suggest that the MDD-related CRGs identified in
this study may play crucial roles in regulating
diverse biological processes and signaling pathways,
particularly those involved in circadian rhythm,
neuroendocrine function, and cancer-related pathways,
which are closely linked to MDD pathogenesis.

Screening of key MDD-related CRGs using machine
learning

To further identify the key CRGs most closely
associated with MDD, we applied three machine
learning methods - LASSO regression, SVM-RFE, and
Random Forest - to the 75 MDD-related CRGs
identified previously. First, we constructed a LASSO
regression model to predict MDD status using the 75
CRGs. Ten-fold cross validation determined the optimal
regularization parameter A as 0.03 (Figure 5A). The
LASSO model identified 21 feature genes that could
accurately distinguish MDD samples from normal
controls (Figure 5B). Next, we employed the Random
Forest algorithm to rank the 75 CRGs by feature
importance. The top 30 genes were selected as key
feature genes (Figure 5C, 5D). We also performed
SVM-RFE analysis, which identified 22 genes with
good classification accuracy between MDD and normal
samples (Figure 5E, 5F). These 22 genes were ranked
by Avg rank (Figure 5G). By integrating the results of
three machine learning algorithms, we finally identified
4 common key CRGs: ABCC1 (ATP-binding cassette
subfamily C member 2), APP (Amyloid precursor
protein), HK2 (Hexokinase 2), and RORA (RAR
related orphan receptor A) (Figure 5H). These 4 key
CRGs were considered the most promising potential
biomarkers of circadian rhythm dysfunction in MDD
patients.

Expression analysis and dataset validation of key
CRGs

To validate the clinical relevance of the 4 key CRGs
(ABCC2, APP, HK2, and RORA) identified in the
previous section, we examined their expression in blood
samples from MDD patients and healthy controls using
the GSE98793 dataset as a training set and GSE76826
as an independent validation set. As illustrated in

Figure 6A, 6C, three key CRGs - ABCC2, APP, and
HK2 - exhibited significantly up-regulated in the blood
samples of MDD patients relative to healthy controls,
across both the training and validation datasets. In
contrast, the expression of the circadian rhythm gene
RORA was significantly down-regulated in MDD
samples. To further evaluate the diagnostic potential
of these 4 key CRGs as biomarkers for MDD-related
circadian rhythm dysfunction, we performed receiver
operating characteristic (ROC) curve analysis. As
illustrated in Figure 6B, 6D, the area under the ROC
curve (AUC) values for all 4 key CRGs were greater
than 0.70 in both the training and validation datasets,
suggesting they have good diagnostic accuracy in
distinguishing MDD patients from healthy individuals.

Analysis of immune cell infiltration

To explore the potential involvement of immune
dysregulation in MDD, we first compared the
abundance of 22 different immune cell types between
blood samples from MDD patients and healthy controls.
As shown in Figure 7A, the immune cell composition
profiles were distinct between the two groups.
Correlation analysis of immune cell populations
revealed several notable relationships (Figure 7B).
Neutrophils were strongly negatively correlated with
Monocytes (r = —0.74) and T cells CD8 (r = —0.71),
while Macrophages M1 was positively correlated with
T cells CD4 memory activated (r = 0.59). Further
comparison of the immune cell infiltration levels
between MDD and normal blood samples identified
several significantly altered cell types (Figure 7C).
Neutrophils were significantly increased, while B cells
memory, T cells CD8, Dendritic cells resting were
significantly decreased in the blood of MDD patients
compared to healthy controls.

To investigate the potential links between the 4 key
CRGs (ABCC2, APP, HK2, and RORA) and immune
cell infiltration, we performed correlation analyses
(Figure 8A-8D). ABCC2 was significantly positively
correlated with Neutrophils and activated NK cells, but
negatively correlated with T cells CD8 and Monocytes.
APP showed positively correlated with Monocytes and
resting NK cells, but negatively correlated with resting
Dendritic cells and B cells memory. HK2 was positively
associated with Neutrophils and activated NK cells,
while negatively associated with T cells CD8 and B
cells memory. Interestingly, RORA exhibited positive
correlations with T cells CD8 and Monocytes, but
negative correlations with Neutrophils and naive T cells
CD4. These results suggest that the key CRGs identified
in this study may be closely linked to the dysregulation
of specific immune cell populations in MDD, which
could contribute to the pathogenesis of the disease.
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Further investigation into the underlying mechanisms is
warranted.

Prediction of small molecule drugs and molecular
docking

To identify potential small molecule drugs that could
modulate the imbalanced circadian rhythms associated
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Figure 5. Screening of key MDD-related CRGs using machine learning methods. (A) Optimal A selection for LASSO regression
model. (B) LASSO coefficient profiles of the 21 feature genes. (C) Top 30 feature importance from random forest algorithm. (D) Top 30
important genes ranked by random forest algorithm. (E) Accuracy rate plot of SVM-RFE model. (F) Error rate plot of SVM-RFE model. (G)
Top 22 genes with lowest error rate ranked by SVM-RFE. (H) Venn diagram for screening of the 4 key CRGs (ABCC1, APP, HK2, and RORA) by

integrating LASSO, SVM-RFE and Random Forest algorithms.
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3-Bromopyruvic acid was the sole compound associated
with HK2 in the CMAP database (Figure 9).

To further validate the potential interactions between
these small molecule drugs and the 4 key CRGs, we
performed molecular docking analysis. As shown
in Table 1, APP, RORA, ABCC2 exhibited good
docking interactions with their respective predicted
compounds. Specifically, Isochlorogenic acid B had
the tightest binding with APP (LibDock score of
126.536), Melatonin showed the highest docking value
with RORA (125.850), and Cefamandole exhibited
the highest affinity to ABCC2 (110.523). In contrast,
3-Bromopyruvic acid had a relatively low LibDock
score of 53.369 with HK2, suggesting the need for
further experimental verification of its interaction.
The top 4 docking results are presented in Figure 10.
These findings provide strong bioinformatics support
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for the potential of small molecule drugs to modulate
the key circadian rhythm genes associated with MDD
pathogenesis. Further in vitro and in vivo studies are
warranted to validate the therapeutic implications of
these drug-target interactions.

DISCUSSION

MDD is a debilitating mental illness with high mortality
and disability. Recent epidemiological surveys reveal
that the number of individuals suffering from MDD
worldwide surpasses 350 million, with the COVID-19
pandemic markedly exacerbating the global burden of
depression [19]. Emerging evidence has highlighted the
significance of circadian rhythm abnormalities in the
pathogenesis of MDD. Disruptions in sleep disorders
patterns, diurna activity, hormone secretion, and other
physiological processes regulated by the circadian clock
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Figure 8. Correlation analysis between key circadian rhythm genes and immune cell infiltration levels. (A) ABCC2. (B) APP. (C)

HK2. (D) RORA.
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Table 1. Molecular docking results between 4 key CRGs and predicted drugs.

Number Name Database Target I\élc?:ﬁ?ﬂ:gr Intgggtr:(telon Libsore
1 Ferulic acid DGldb APP C10H1004 3.99 105.341
2 Isochlorogenic acid B DGldb APP Cas5H24012 3.99 126.536
3 Scyllitol DGldb APP CsH1206 3.99 67.178
4 Melatonin DGldb RORA C13H16N202 2.38 125.850
5 Citalopram DGldb RORA CooH21FN2O 1.25 111.481
6 Talinolol DGldb ABCC2 C20H33N303 1.17 110.625
7 Tenofovir DGldb ABCC2 CgH14N504P 0.97 110.189
8 Sulfinpyrazone DGldb ABCC2 C23H20N203S 0.78 97.771
9 Cefamandole DGldb ABCC2 C18H18Ns0sS2 0.78 110.523
10 3-Bromopyruvic acid cMAP HK2 C3H3BrOs —0.4368 53.369

represent core features of depressive disorders [11, 20—
21]. While some CRGs located in the suprachiasmatic
nucleus region of the hypothalamus, such as 5-
hydroxytryptamine (5-HT), Basic helix-loop-helix
ARNT-like protein 1 (BMALZ1), Peroxidase 1-3 (Per 1-
3), Nuclear receptor subfamily 1 group D member 1
(NR1D1), and D site-binding protein (DBP), have
been observed in patients with MDD, the intricate
functions of these CRGs pose formidable obstacles to
their utilization as potential targets for the prevention,
diagnosis, and treatment of the disorder [22, 23].
Fortuitously, the advent of bioinformatics and machine
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learning techniques has rendered the elucidation of
disease pathogenic mechanisms and the identification
of prospective disease biomarkers more feasible
endeavors.

In the present study, we endeavored to synergistically
leverage transcriptomic, bioinformatic, and machine
learning approaches to explore potential CRGs
biomarkers and investigate the influence of CRGs on
the pathogenesis of MDD. Firstly, our findings revealed
that several commonly disease-associated targets, such
as RORA, Nuclear receptor subfamily 1 group D
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Figure 9. Structures of 10 potential small molecule drugs predicted to be associated with the 4 key CRGs from DGIdb and

CMap databases.

www.aging-us.com

11

AGING



member 2 (NR1D2), Circadian locomotor output cycles
protein kaput (CLOCK), and Cullin-1 (CUL1), were
significantly enriched among CRGs within the circadian
rhythm pathway. RORA can activate the expression of
NR1D2, while NR1D2 in turn inhibits RORA, showing
reciprocal regulation between them. Additionally, both
RORA and NR1D2 can activate the transcription of
circadian genes CLOCK, BMALL, Cryptochrome-1

A

(CRY1) via ROM elements [24, 25]. As a
transcriptional activator, CLOCK can activate the
expression of downstream genes such as Per and Cry
through the E-box (Enhancer element) element [26].
The CLOCK-BMAL1 complex can also activate the
transcription of CULL, promoting the degradation of
circadian proteins [27]. The evidence presented above
indicates that circadian rhythm disruption represents a
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Figure 10. Top molecular docking results for 4 key CRGs and potential drugs. (A) Isochlorogenic acid B with APP. (B) Melatonin

with RORA. (C) Citalopram with RORA. (D) Talinolol with ABCC2.
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crucial factor influencing the pathogenesis of depressive
disorders. It is noteworthy that we found the circadian
mechanisms in MDD might also be associated with
cancer-related pathways and hormone-related pathways.
MDD is a comorbidity of wvarious cancers that
significantly increases the risk of other unhealthy
outcomes in patients [28]. One study has shown that
prostate cancer patients are prone to develop depressive
mood after surgery due to disrupted circadian rhythms
[29]. Alterations in hormone and endocrine functions
play an important role in the pathophysiological
mechanisms of MDD. Currently, preliminary trials of
hormone therapy have shown good preliminary results
in MDD, including corticotropin releasing factor
antagonists, glucocorticoid receptor antagonists, thyroid
hormone-based HPT axis treatments, and estrogen
replacement therapy of HPG axis [30].

To further identify potential circadian biomarkers
associated with MDD, we employed three machine
learning techniques to improve the efficiency and
accuracy of biomarker screening. A panel of 4 key
CRGs—ABCC2, APP, HK2, and RORA—were
identified and validated that are strongly associated
with MDD. ABCC2, APP and HK2 were significantly
upregulated, while RORA was downregulated in blood
of MDD patients. The consistent differential expression
patterns and robust diagnostic performance of these
CRGs across two independent blood transcriptomic
datasets provide compelling evidence for their potential
utility as biomarkers of MDD-related circadian rhythm
disturbances. ABCC2, also known as multidrug
resistance-associated protein 2 (MRP2), belongs to
the ATP-binding cassette (ABC) transporter family,
participating in the transport of drugs and pathogenic
metabolites [31]. It has been found that the expression
and function of ABCC2 exhibit circadian rhythmic
patterns, the transcription of which is inhibited by
Rev-erba, a downstream gene of BMALI1/CLOCK
[32]. Existing studies have demonstrated that the
function of ABCC2 impacts the pharmacokinetics and
pharmacodynamics of antidepressant medications,
thereby influencing therapeutic outcomes [33]. ABCC2
may be implicated in the pathogenesis of MDD through
its involvement in the transport of neurotransmitters and
hormones across the blood-brain barrier. For instance,
elevated plasma levels of 5-HT, a crucial antidepressant
neurotransmitter, have been demonstrated to suppress
ABCC2 expression [34]. This finding corroborates
the trend observed in our research results. Moreover,
ABCC2 also regulates the transport of glucocorticoids,
which are critical mediators of the stress response and
intimately associated with the onset and progression of
depressive disorders [35]. APP is a transmembrane
protein mainly located in synaptic regions of neurons,
involved in regulating synapse formation, neurotrophy

and neuroplasticity. The participation of APP in
circadian mechanisms is associated with disruption
of CLOCK/BMALL regulatory elements, interference
with circadian gene expression, and disturbance of
circadian rhythms [36, 37]. It is well-established that
aberrant splicing and metabolism of the APP, leading
to the production of beta-amyloid, constitutes the
critical pathological basis for Alzheimer’s disease. An
accumulating body of evidence suggests the existence
of a shared genetic foundation between MDD and
Alzheimer’s disease [38, 39]. These findings illustrate
that APP also plays a pivotal role in the pathogenic
mechanisms underlying depressive disorders. On one
hand, aberrant APP metabolism and amyloid aggregation
can induce neuronal injury and apoptosis, which is
consistent with the hippocampal and cortical atrophy
observed in patients with MDD [40]. On the other hand,
APP also influences the expression of proteins
associated with neuroplasticity, such as brain-derived
neurotrophic factor (BDNF) and Postsynaptic density
protein 95 (PSD-95), thereby disrupting synaptic
remodeling, which may represent a critical molecular
event in the onset of depressive episodes [41]. HK2 is a
rate-limiting enzyme that catalyzes the phosphorylation
of glucose and plays a key role in glycolysis. The
involvement of HK2 in circadian mechanisms is
associated with effects on glucose metabolism in the
body. Singh Gurjit et al. found that HK2 in the brain
of North American wood frogs exhibited circadian
rhythmic expression changes, which was related to the
regulation by the bHLH family transcription factor
MondoA-MLX complex [42]. This study provided clues
on the rhythm of biological clock and metabolism.
Another study showed that specific deletion of the
circadian gene BMAL1 would affect mRNA expression
and activities of HK2 and phosphofructokinase 1
(PFK1) in tissues, further influencing systemic glucose
homeostasis [43]. The above studies demonstrated the
key evidence of HK2 in circadian rhythms and glucose
metabolism in the body. The RORA gene encodes the
retinoic acid-related orphan receptor alpha (RORa),
a member of the nuclear receptor superfamily. RORa
plays a crucial role in regulating various physiological
processes, including circadian rhythms, energy homeo-
stasis, neurodevelopment, and immune function. Both
genetic polymorphisms in RORA and alterations in its
expression levels have been closely associated with an
increased susceptibility to depressive disorders [44-46].
As a core clock protein, functional disruptions in RORa
can directly impair the regulation of circadian rhythms,
thereby increasing the risk for developing depressive
disorders [47—49]. Moreover, RORa participates in the
regulation of neurogenesis and neuroplasticity through
modulating the expression of crucial molecules such as
BDNF and 5-HT, processes that are intimately linked to
the neurobiological underpinnings of MDD [50, 51].
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Recent studies have also uncovered a potential
role for RORo in influencing inflammation-
associated processes relevant to MDD through its
immunomodulatory functions [52, 53]. In summary,
the four genes ABCC2, APP, HK2, and RORA are
respectively involved in crucial molecular events
and physiological processes intimately linked to
the pathogenesis of depressive disorders, including
neurotransmitter transport, amyloid metabolism, energy
dysregulation, and circadian disruption. Their aberrant
expression patterns provide potential biomarkers for
the precise diagnosis of depression and evaluation
of its severity. A comprehensive understanding of
the multifaceted roles played by these biomarkers
in governing diurnal rhythmicity, neuroplasticity, and
mood homeostasis will shed light on the underlying
biological pathways implicated in depressive sympto-
matology and inform the development of integrated
therapeutic approaches.

Notably, the analysis of immune cell infiltration in
blood samples revealed distinct alterations in MDD
patients compared to healthy controls. This finding was
consistent with a previous report in the field [52].
Specifically, Neutrophils were significantly increased,
while memory B cells, CD8+ T cells, and resting
Dendritic cells were significantly decreased in MDD
patients. The increased infiltration of Neutrophils, a
pro-inflammatory cell type, in MDD blood samples is
consistent with the growing body of evidence linking
neuroinflammation and immune dysregulation to the
pathogenesis of depressive disorders [53]. Conversely,
the reduced levels of memory B cells, CD8+ T
cells, and resting Dendritic cells suggest a potential
impairment in adaptive immune responses and antigen
presentation in MDD patients [54, 55]. These findings
align with previous reports of altered lymphocyte and
antigen-presenting cell populations in depression [56].
Importantly, the correlation analyses between the 4
key CRGs and the infiltration levels of immune cell
populations provide valuable insights into the potential
mechanisms linking circadian rhythm disturbances and
immune dysregulation in MDD. For instance, the strong
positive correlation between RORA and the infiltration
of CD8+ T cells and Monocytes suggests that RORA
may play a pivotal role in regulating the anti-
inflammatory functions of these immune cell types
[57, 58]. Conversely, the negative correlations between
RORA and Neutrophils, as well as naive CD4+ T cells,
indicate that disruption of RORA-mediated circadian
control could contribute to the pro-inflammatory state
observed in MDD.

Importantly, the observed correlations between the 4
key CRGs and the infiltration levels of specific immune
cell populations, such as neutrophils, T cells, and NK

cells, suggest a potential mechanistic link between
circadian rhythm disruption and immune dysregulation
in MDD. This finding is consistent with growing
evidence supporting the critical role of neuroimmune
system imbalances in the development and progression
of depressive disorders [59]. However, in contrast to
previous studies that have primarily focused on
individual circadian genes or immune markers [60, 61],
the present work has uniquely identified a panel of
CRGs that are closely associated with both circadian
and immune perturbations in MDD. Similarly, the
positive associations between ABCC2, APP, and HK2
with the infiltration of Neutrophils and activated NK
cells, coupled with the negative correlations with CD8+
T cells and Monocytes, imply that dysregulation of
these CRGs may impair the balance between pro-
inflammatory and anti-inflammatory immune responses
in MDD. These findings build upon the growing body
of evidence highlighting the critical role of the brain-
immune axis in the pathophysiology of depressive
disorders [62]. The present study’s identification of a
panel of key CRGs and their associations with specific
immune cell populations represents a significant
advancement compared to previous research that has
primarily focused on individual circadian genes or
immune markers. These findings provide a more
comprehensive understanding of the complex interplay
between disrupted circadian rhythms and immune
dysregulation in MDD, and offer potential targets for
the development of novel diagnostic and therapeutic
strategies.

Most available antidepressants nowadays work through
monoamine mechanisms [63]. To effectively explore
drugs targeting key CRGs, this study performed
screening, prediction and analysis of antidepressant
drugs for 4 key CRGs, and obtained some referable
results including melatonin and citalopram. Melatonin
or melatonin receptor agonists are currently the main
and effective drugs for regulating circadian rhythm
disorders in MDD [64]. Agomelatine, the first approved
antidepressant targeting melatonin receptors, significantly
improved sleep quality and reduced waking in patients
[65]. Citalopram, a selective serotonin reuptake inhibitor,
is increasingly used for MDD treatment. It has the
advantage of a rapid onset of action and exerts a
significant antidepressant effect by modulating multiple
neurotransmitters, including dopamine, GABA, and
norepinephrine [66, 67]. In addition, we also screened
some natural products from plants such as ferulic
acid and isochlorogenic acid B. Ferulic acid has been
proven to produce significant antidepressant effects in
animal models of MDD through various mechanisms,
providing a solid basis for its clinical application [68].
Ferulic acid can significantly improve APP deposition-
induced neurofunctional impairments by activating the
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PI3K/Akt signaling pathway [69]. Isochlorogenic acid
B, abundant in plants like honeysuckle, chrysanthemum
leaves, propolis, was found to have good effects on
improving MDD and neuroinflammation. Its mechanism
is associated with regulating brain-derived neurotrophic
factor signaling pathways [70]. More data are needed to
support the direct effects of alternative drugs on MDD.

In summary, this integrative study revealed four key
circadian rhythm genes (ABCC2, APP, HK2, and
RORA) that are closely associated with MDD
pathogenesis and may serve as promising diagnostic
biomarkers and therapeutic targets. The identified
genes were found to be functionally involved in
circadian rhythm regulation, neuronal processes, immune
responses, and metabolic pathways implicated in MDD.
Additionally, these genes showed significant correlations
with immune cell infiltration profiles, highlighting the
potential contribution of circadian rhythm disruption
and neuroinflammation to MDD etiology. Furthermore,
we predicted several small molecule compounds that
could directly target these circadian proteins, providing
a foundation for future drug development efforts.
Collectively, our findings shed new light on the intricate
relationships between circadian rhythms, immune
dysregulation, and MDD pathophysiology, paving the
way for more effective diagnosis, prevention, and
treatment strategies for this debilitating disorder.

Looking ahead, further experimental validation of the
identified circadian biomarkers and their functional
roles in MDD pathogenesis is warranted. Additionally,
preclinical and clinical studies are needed to evaluate
the therapeutic potential of the predicted circadian
rhythm-modulating compounds for MDD treatment.
Given the multifaceted nature of MDD, a combinatorial
approach targeting multiple circadian genes and
pathways may be required for optimal therapeutic
efficacy. Furthermore, integration of circadian rhythm
monitoring and chronotherapeutic interventions into
existing treatment paradigms could enhance the
personalization and precision of MDD management. By
elucidating the complex interplay between circadian
rhythms, neurobiological processes, and environmental
factors in MDD, we can pave the way for more holistic
and tailored strategies to alleviate the substantial burden
imposed by this prevalent mental health disorder.
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SUPPLEMENTARY MATERIALS

Supplementary Table

Supplementary Table 1. 1475 circadian rhythm genes (CRGs) collected from the MSigDB database.

SLC2A2 SUMO3  SYNCRIP  CCT7 CCNEL CSMD1 PPARGCIA DDIT3 CBL CREB3L3  KMT2D  PI4KA
RBP2 GPR176  PDZD3 SSB DICERL ATM TNFRSF11A ATF3 Tsc2 TRH NAT2 SLC2A3
MEF2D PSMC4 AVPRIA  RABSB PEMT CYP2E1  EPHB2 CEBPG SPRY2 DGKQ DIO3 ADCY3
CLOCK ATF2 MAX SMCHD1  RGS20 VRK2 PTCHL1 NPAS3 GATD3 MPO ICAML APRT
PER?2 APP CRTC2 TAGLN2 PGR PSMBL1 NEUROD1 IL4 CYP3A4 SULT2A1  CAVIN2  BCKDK
PER3 FDFT1 CRTC3 RABIA XPA PSMD12  TRIM35 PNPLA3 MED9 TELO2 SULTIAL CYP7BL
PER1 PDE6B TDRKH HNRNPH3  SLC12A2  RHOA NCOR2 USP30 SEML EHMT2 FABP4 ENO2
CRY1 SUGPL RGS16 AHNAK SLC5AL GSR MYBBP1A DDC BRINP1 CDK6 IL6R HPRTL
ARNTL THBS1 GNAQ EIF3E NUP98 OLFML3  CSNKIALL MEF2A BLMH IKBKB ADRA2C  PDK1
CRY2 ACADS  TH RALY RAE1 RBL MIF GUSB GRMS5 TPO ucP2 SUCLA2
TIMELESS  CLTC H2BC11 AURKAIPL  NPSRL GCK HTR1B KDMLA ARID1A NMNATL  WEEL ATIC
NPAS2 PLCB4 SUV39H1  APMAP HELLS ABCB7 CALCA SRD5A1 RABGEFL  ABCC3 EGFR CTPSL
ARNTL2 GLO1 PRMTL MAGECL  IMMT ANGPTL2 MAPK3 DRD3 RAPIGAP  PKLR CYPIAl  FDXR
cIpC TIPIN RPS19 CPNE9 SUV39H2  SNCA TRIP12 PTGDR KCNOQ1 INPP5D CALB2 GNAIL
CSNK1D PPP2RIB  HMGAL HID1 CHI3LL IAK2 TERT ARRB1 FOSB PFKP HDC GNAI2
NR1D1 PRKDC  RPL36 SEPTIN? MAFK NR1H3 TNPO1 CYP11B2  GADD45A  PIK3R5 CDK2 GPT2
CSNK1E PRNP RPL39 ADAR APC ESRRB PRKN MREL1 TUBALB ACSF3 ARF1 HSD17B4
CIART SREBFL  APOE USF1 TF CAMKL  LEMD3 GLUL ABHD5 IRF4 GUCA2B  ITPR3
BHLHE40 ENOX2  KAT8 ERN1 MMP3 NCAML  UCHL5 PIK3C2A HS3ST2 MECR DUSP4 RAD21
BHLHE41  SLC41A1  ADRBL CDKN2A  COPA ATG14 TBL3 PPOX XBPL PANK2 CYPIBL  SMC3
RORA TBL1X CBX3 UBR5 SERPINF2  H2BC15  UBE20 PCNA NFE2 HAS3 FADS1 CHD2
DBP GRP GPI ZBTB17 STAR AQP3 COPS6 BAX HMGCR BAGALT2  CDC25A  ENPP2
PASD1 PPAT LEPR ATG7 MITF SPSB1 ZNF207 ADRB2 ANKK1 CIDEC JUNB PCBD1
NOCT XPO1 ZNF44 TRAF2 GSTP1 RPA2 LOC102724428  XDH HEBP1 FFARL FBXO31  PFKFB3
AANAT SPR PSME2 ORMDL3  PIK3R2 MAOA ZNF174 RPL3 CYP11B1 BRWD1 CLSPN VAPB
NR1D2 HAT1 METTL14  CES1 PEBP1 FHIT USP38 PSME4 FABP7 SERINC1  EGF CTBP2
FBXL3 RACKI  COPS2 BGLAP ABCBL CHRM3  0OGGl HUS1 DCP2 DHX29 FBXL14  EBP
SIRTL TGSL MAPK14  HES1 GIP NECTINI  KCNC2 PRDX6 SIML SLC25A27  ADK EMD
NFIL3 CHD9 cs NPY2R EPO THPO AHRR SYP MT2A SRPRB CYP17Al  GATAD2B
RAIL HELZ2 PPP2RSD  HRAS IFNAL RYR2 CDKN1B IGFIR CHD4 FUTS FBP1 HDAC10
GSK3B RASD1 HSPAS AGRP SLC9A3 AR PBRM1 RRAS2 CEBPE KCNG2 IDS PI4KB
OPN4 KITLG ZPBP2 SHBG PPP2CA GGT1 csT3 EPB41 MTAP YTHDC1  CACNAIA PTPN13
BTRC HBB HSF1 CDKNIA  ATR NRL1I2 ADORA2A GRM7 AFP EXOSC4 GLDC sDC4
NR3C1 EPASL P4HB RPS2 MTLF NR6AL PRKGL HABP2 GAPVD1 ENY2 ACACB  SDHD
CREBBP NFKB2 ALDOA ARNT2 FOXP3 MAGEC2  STXIA PRKCB RHOD H1-5 AK1 GNB2
CSNK2AL  LRPPRC  TLN1 ADCY1 TLR4 TACL TAB2 TRPAL ITGBL KMT5B AKRIBI  GNB4
HDAC3 HSPAS PDIAG NAGLU SLC6A3 GPT GFRAL CBLB PRKCD MTARC2  HADHB  SULT1A2
TP53 DNAJAL  HSPALA NOS1 HBAL SLC46A1  PURA FANCL ADSL DUSP6 LBR TINF2
PPARA MAGEDL  FOXO1 MAP2K7  CELF2 FGF21 EIF4G2 GRIK1 ALDHBAL  CXCLS ADD1 BAZ1B
ID2 WDR5 NCL PRKAA2  CNP RPS6KAL  MYF6 PTPRT ADCYS HSPA4 RBP4 cuL?
EP300 AFF2 SST SLC2AL TUBB DNAH8  PRKARLA QKI CAl4 HTR3A SULT2B1  EBF1
NCOA2 CEBPA  CCL2 SLCI6A1  YWHAB ccL4 BTG1 ATRIP CYP51AL H3-3B PDK4 GBA2
CREB1 BDNF HK1 TMPO YWHAQ IGFBP7 CLDNS5 COL9AL MANBA LPL AADAC  GGT7
CRTC1 ATOH7  LMNA HTT DLGAP1 ADIPORL  SNRNP200 TOB1 ccs oDC1 ADH7 SLC3A2
PROK2 APOAL PRKD1 HNRNPK ~ HNRNPHL  ADIPOR2  LDHD DSCAM AKS PIK3CG DDAHL  ST3GAL4
PPP1CA VCP PGK1 PRDX2 NASP JUND NCKAPL NTM SLC25A17  SSBPL MAOB BAZIA
PPP1CB FASN ACACA PSMC2 ETV6 PSMEL NCOA4 OPHN1 BRMS1 INTS2 DIO1 cDC16
PPP1CC YWHAE  MDH2 ATF1 STAT3 PIGF HLA-DQB1 RGS6 DNAIC2 GBA EXOSC2  DDHD2
NPY PAICS ENO1 VRK3 HTR2C CYP19AL  RBPMS RND3 PTGR?2 OPRM1 EXOSC3  HMGN2
NRIPL SIN3A HADHA HBA2 CGA CAT ZFR DOCK4 ERIL MC4R FBP2 CTPS2
RORC GFPT1 HSP90BI  SRC GAST PDE4D DAZAP2 SEC23IP NUDT3 HPGDS IFNB1 MTMR6
SERPINEL  GNB3 NME2 PRDX1 ucP3 EYAL STBDL ANKS1B PPM1L BAD VAMP2  RNF40
THRAP3 DRD4 PCCA RANBP2 ATP1AL OPCML  GTDC1 IRX1 COQ10B SCN1A 0SBP HNRNPAOQ
MTNRIA  APOB PCCB RPL10 NPM1 MYRIP APOH LRRCAC YIF1A NR5A2 AOCL MMS19
EZH2 MATR3  VDACL RUVBLL  ATPIA3 cuL3 GRM1 RNF19A SPTSSB KIF11 EXOSC5  MT1A
RBM4 YTHDF2  CYBSR3 RUVBL2  CRKL SERPINA7 MMADHC SORCS1 HIKESHI PDE4A TNRC6A  ABHD14B
KDM2A ADORAL SLC10A2  RPS14 MCM4 GNAL1 HNRNPA2B1 ATP10B MMP9 TRPV6 GIAL ATP6VOB
KMT2A GPRS50 HSD17B10  RPS17 TUFM FBXL17  ST3GALL CD180 NRARP TRPVS MCL1 GLYATL1
USP2 EXOC1 NMEL1 PSMC1 YWHAH SKP2 ING3 FOXN3 ZNF423 GRIK2 BRD4 AGMO
KDMS5A YWHAZ  PRKD3 WDR77 EEF1A2 TGFB2 ITPKL NAALADL2 MEISL MMP2 FXN ATP5FLD
NONO CALB1 MCCC2 RAN EIF4AL ANP32A  CYP2A6 ARL4A SCYLL AKT1 RPAL WAPL
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NAMPT TXN Mccel NOS2 MCMS5 PROKR2Z ~ HCRTRI1 NCOA7 TAC3 TET2 FDX1 ATP5MC3
RORB PLAT CAPZB CRHR1 C1QBP PSMA4 MTHFR NXPH1 SELE UCP1 RBP1 CIAO2B
CREM MEF2C  EROIA CCNA2 EIF4A2 G0S2 CREB3 RASSF8 PLK4 CREB3L1  TBXT 100G
NMU ADCY10  RPE65 TFEB MCM7 NFKB1 P2RXT7 SPCS3 RRBP1 CYP8B1 ABCCl  MSH6
ADCYAPL HERC2  NGF KRAS XRCC6 SDC3 PARP1 TANC2 RND1 RPSBKA5 ~ HMOX2  BACEL
MTNRIB  CHEK1  PIK3R1 FBXO05 KRT10 RPS6KB1  HSD11B2 LCORL NOTCH1 GCKR RNF2 SMN2
AHR SUMO1  THBD CYP21A2  NXN EIF4EBP1  STAG2 POF1B DHFR CYP1A2 SETD7 S100A1
PRL EDN1 FAM50B  CAD PPP2R2A  SCT PEPC TXNDC2  HIF1AN SULTIA3  SREBF2  PTMA
cuLL EIF2AK3  CDKN3 copss RPN1 PTEN INSL6 VTAL MT3 RBL1 RPL4 SPARC
NCOR1 CAMK2G ~ AGT DYNCIH1I  SLC25A5  SMAD3  SOX14 BRMSI1L USP46 TIMPL SLC27A1  UBE2N
METTL3  RPSA TKT TRPV1 TCP1 SNAIL FBXL12 KCTD8 HCFC1 PTGS2 CXXC1  ASCL1
MAPKS EEF2 NOS3 HDAC2 XRCC5 CD63 FBXL6 RHBDDL  RINGL PVALB PSMD8  RADIS
SFPQ CPNES HSPD1 SLC25A10  XRN2 GPD1 FBXLS PELI2 SEC13 CDH1 COX11  TOPBP1
KAT2B FLNA HNRNPL  TOP2A DDX20 TXNIP FBXL22 ZNF662 DMAP1 CCKBR H2AC6 RADYA
MAGEL2  MCM3 GRIN2B FBXO09 EFTUD2 KCNH4  ENSG00000265690 FERD3L PSMD13 CYPLIAL  CASP8 INTS?
SPSB4 ccT2 RPS3 FBX022 KHDRBS1 ~BACH1  HSD11B1 MAP9 COX7B HSPG2 EEA1 RAD1
ID3 ccT8 SoD1 ELANE KRT2 LY96 ELFS5 OR10R2 NUPS8 ME1 NFE2LL  NABP2
MTAL HNRNPA3 UBAL FGF8 PABPC1 CLECIB  ILIRN HDX RPS4X RPL38 SLC22A1  ACKRL
PRKCG HNRNPH2 CAND1 PHGDH PCBP1 HK2 ADRA2A CTXN3 MED30 PTS GDF15 PTPRD
IMPDH?2 CKAP4  GABBRL  ABCC2 PRDX4 TPTL ALPP cDc14c MED10 ILIA ATF7 cDC34
UBE3A IGFBPL  PTPA SDHA PTBPL PLINL TGFBI1 ZBTB20 CCND1 EIF4G1 BATF3 CLDN1
CDK5 CSNK1G2 SERPINA6  ACLY USP11 GRIN2C  TAT BRF1 PRKACB EIF3B CcoP1 CSF1
HIF1A UBA52  GNAS MTHFDL  AKAPS ACHE AVPRIB ScP2 PRKACG TCF7L2 ANGPTL8 NEUROGI
PHLPP1 HNRNPAL KDM2B NDUFS3  CCT4 TSPO cp TSHB PRKARIB  BMP4 DLK1 HDACSY
NROB2 G6PD GAPDH GMPS GPRASP1  PDPK1 HNRNPDL TCN1 PRODH BRCA2 CALR PLPL
ID1 PPP2RIA  CIRBP EEF1AL KPNAL PHB2 ROCK1 TCAP PRKAR2B  ABCC4 CSN2 PDE12
HCRT ccK ALAS1 ALDH9A1  MAP4 HFE TWIST1 BSX ADRB3 ALDH2 CDH13  GRIN2A
VIP SENP1 TFRC KHSRP PABPC4 ETS1 ARHGDIA JUN DHCR? LIPE ADCY5  FN1
SKP1 PPARD  TIMP3 sMmc4 CCT6A RHO NR1H4 GLUD1 SMC1A GHSR GLPIR GRIN1
HNF4A TRIM28  NOX4 ANAPC7  DDX17 CYP3A5  TLK2 TDO2 TAF1 DRD1 UBE2I IRS1
INS CTNNB1  COMT HSPA1B HNRNPF  RBCK1 KISS1 PSEN2 GNS GNRHR KMO ADARB1
LEP PIWILL  BVES BAG2 HNRNPM  ADH4 HSP90AB1 RBX1 NFKBIA MRGPRX1  PNMT MAP2K5
CA6 NPYSR  CSELL SMC2 ILF3 SF3A3 TPTEP2-CSNKIE  GSK3A CAMK2D  SCNSA BAG1 NEFH
DDB1 EGR3 CHEK2 SRM DDX3Y LDHA ENHO OPRL1 KMT2C SLC6A2 G6PC2 AKAP13
KLF10 CACULL  PPP2RSE  DNAJC? DHX15 TUBB3  ACTL6A PNOC SMARCD1  DDB2 ACER2  RADI7
KATS FBXL15  ACTN1 ATPSFIA  SCYL2 GSTM3  CTCF NR4AL ACBD3 CSNK1G3  HEBP2 SIRPA
RBM4B RPS6 KRT17 MARS1 GARSL1 LDHB ZNF704 1D4 RFX4 POU1F1 SLC48A1  CD47
USPOX CD36 GFPT2 DARS1 GEMINS IDI1 IL2RA CYP2C19  PPPAC TRIM24 RHNO1  CUL4B
PIWIL2 PSMD2  DDX3X DCTPP1 PABPC3 LDHC TNRC6B Yvi SETD2 FOSL2 BOK GNAZ
SIRT6 CPTIA  CCT5 EPRS1 SEC16A UGP2 GCH1 KCNH7 HNMT RBM3 RAB27A  VAMP?
KLF15 UBC PKM IARSL PPP2R2D  VAPA TYMS FKBP5 MFSD2A uSP21 PAX6 NES
IL6 NTS GSN RARSL oBI1 AZIN1 TPH2 GFAP IDH1 NQO2 MGMT UBE2K
TNF PSMC3  ACTN4 GCN1 CACNAIC HLA-DMA OXT AHCY ATF5 PAH ACTB AMBRA1
MAPKI0  PSMC5  MYH14 CYP7AL GC HERPUD1 ATF6 HCN2 IL2 MATIA ECE1 DCAF8
MAPK9 PSMD3  DDOST ERC2 PTGDS PPPIR3C  DIO2 BLZF1 APOA4 MAT2A STXBPL  WDR61
SIK1 PSMD11  FLNC DEFB1 SYVN1 IFNG PDC SLC24A3  RARG QDPR cpsi CEBPZ
VIPR2 PSMC6  EZR CEBPB RRH DUSPL VWF PLAU THRA MECP2 CYP2C8  DCAF7
HUWEL PSMD1  KRT6A CYP2D6 SCNSA OXTR ADCYAPIR1 MEN1 MYOD1 ST3GAL3  GALNS  INTS3
ASS1 PSEN1 PLEC CHKA LMAN1 TRRAP PFAS DROSHA  G6PC1 RAPGEF3  MAP2K3  NOL7
DDA1 DCAF11  DET1 PTPDC1 H2BC12L  MIR6883  BTBD9 CARTPT CDK4 CHRM1 CHRNB2  CLDN4
CRX DDX5 DHX9 DYRKIA  FAS GHRH HNF1B HOMERL  KCND2 KCNMAL  LGR4 MIR1281
MIR3064  MIR4751  MIR5047  MIRS5572  MTTP NLGN1  NPS NTRK1 NTRK3 OPN3 PAX4 PRF1
PRKAAL  PRKG2  PROK1 ROCK2 SETX SFTPC SIX3 uTS?2 UTS2R ZFHX3 ELOVL3  DELECI
CSF2 GHRHR  FBXL21P  TIMELESS HNRNPD  MYBBPIA KCNA2
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