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There is evidence supporting the presence of brain gene expression differences between suicides and nonsuicides. Such differences have been implicated in suicide pathophysiology. However, regulatory factors un
derlying these gene expression differences have not been fully understood. Therefore, the identification of dif
ferences in regulatory mechanisms, i.e., transcriptional factors between suicides and non-suicides is crucial for
the understanding of suicide neurobiology. In this study, we conducted a transcription factor network meta-study
with freely available data from the prefrontal cortex of suicides and non-suicides with different mental disorders,
including major depression disorder, bipolar disorder and schizophrenia, as well as healthy controls. Disorderspecific characteristics of suicides and non-suicides transcription factor networks were detected, i.e., the pres
ence of immune response genes in both suicides and non-suicides with major depression disorder networks. Also,
we found the presence of ESR1, which has been implicated to give resilience to social stress, in the non-suicides
network but not in the suicides with major depression network. Suicides and non-suicides with bipolar disorder
shared only three genes in common: FOS, CRY1 and PER2. In addition, we found a higher number of genes
involved in immune response in the non-suicides with bipolar disorder compared to the suicides with bipolar
disorder network. The suicides and non-suicides with schizophrenia networks exhibited clear differences,
including the presence of circadian cycle genes in the suicides with schizophrenia network and their absence in
the non-suicides with schizophrenia network. The results of this study provide insight on the regulatory
mechanisms underpinning transcriptional changes in the suicidal brain.

1. Introduction
Suicide is a complex phenomenon, where environmental, social and
biological factors interact (Zai et al., 2012). Whereas there is some un
derstanding of the social and environmental factors associated with
suicide, its neurobiology remains unclear (Pandey and Dwivedi, 2010;
Lengvenyte et al., 2019). Despite being performed on limited sample
sizes, post mortem brain studies on suicides have improved our under
standing of suicide neurobiology (Pandey and Dwivedi, 2010; Almeida
and Turecki, 2016).
Such post mortem studies have allowed the identification of gene
expression alterations in the suicidal brain (for review see Fiori and

Turecki, 2010 and Zhou et al., 2020). However, regulatory factors un
derlying these gene expression alterations have not been fully under
stood. So far, the study of gene expression regulatory factors in suicide
has been mainly focused on DNA methylation (Haghighi et al., 2014;
Policicchio et al., 2020; Roy and Dwivedi, 2017). Consequently, little is
known about the role of other regulatory mechanisms in the transcrip
tional alterations found in the suicidal brain, i.e. transcription factors
(TF).
TF control the initiation of transcriptional cascades (Tovar et al.,
2015), regulating hundreds to thousands of downstream genes (Johnson
et al., 2007). Furthermore, mutual regulation among TF, i.e., TF regu
lating other TF, underlies major complex biological functions, such as
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cell proliferation and differentiation (Neph et al., 2012). Therefore, the
study of regulatory networks involving transcription factors might
provide new insights on the underpinning of the already-known brain
gene expression differences between suicides and non-suicides.
To enhance the reliability and generalizability of our results, in this
study, we performed a TF network meta-study in suicides and nonsuicides in the context of different psychiatric disorders. First, we
collected gene expression data from the prefrontal cortex of suicides and
non-suicides with different psychiatric comorbidities, including major
depression disorder (MDD), schizophrenia (SZ) and bipolar disorder
(BD), as well as non-suicides without mental disorders from public re
positories. Then, we inferred the TF networks for each group, and we
identified the common and contrasting characteristics between the
networks of suicides and non-suicides within each psychiatric disorder.

with the hgu133a.db and hgu133plus2. db packages, respectively (Carl
son, 2016a, 2016b).
In a subsequent step, both microarray platforms were merged with
the mergeExprs function from the MergeMaid package using only those
probes common to both microarray platforms (22,283 probes) (Cope
et al., 2004). Next, gene expression values were log (2)-transformed and
normalized using the quantile method (Smyth and Speed, 2003). Probes
were filtered with the following criteria: i) control probes, ii) unanno
tated probes, i.e. probes without Entrez ID, iii) cross-reactive probes.
Technical replicates, as well as data from subjects with an unknown
cause of death, were removed from the analysis. Next, samples with a
detection p-value >0.05, (probes whose signal did not differ substan
tially from the microarray background) in >40% of the evaluated probes
were filtered out.
Finally, individuals were classified into groups according to their
cause of death (suicides or not suicides) and their comorbid psychiatric
disorder: i) suicides with MDD (S-MDD), ii) suicides with BD (S-BD), iii)
suicides with SZ (S-SZ), iv) non-suicides with MDD (NS-MDD), v) nonsuicides with BD (NS-BD), vi) non-suicides with SZ (NS-SZ) and vii)
non-suicides without mental disorders (CTR). Inclusion criteria for
classifying individuals in the suicide groups (S-MDD, S-BD and S-SZ)
were death by self-inflicted injuries and the presence of a psychiatric
disorder, i.e., MDD, BD or SZ, according to the clinical information
accompanying each dataset.
Meanwhile, inclusion criteria for classifying individuals in the nonsuicide groups was death by non-self-inflicted injuries and the pres
ence of a comorbid psychiatric disorder (MDD, BD, SZ). CTR group in
cludes individuals whose death was caused by non-self-inflicted injuries
and did not have any mental disorder according to the clinical infor
mation from each dataset. To visualize the data and evaluate the pres
ence of batch effects, we performed a Principal Component Analysis
(PCA). Batch effects were corrected by a multivariate analysis with the
ARSyN package (Nueda et al., 2012).

2. Methods
2.1. Gene expression data collection
Gene expression data from suicides (individuals who died by selfinflicted injuries) and non-suicides (individuals who died by a cause
other than suicide) with MDD, SZ, and BD, and non-suicides without any
mental disorder were retrieved from public databases. For this purpose,
a search using the keywords suicide and self-inflicted was performed in
the following databases: NCBI Gene Expression Omnibus (GEO), Stanley
Neuropathology Consortium Integrative Database from the Stanley
Medical Research Institute (SMRI) (Kim and Webster, 2019), and the
ArrayExpress database from the European Molecular Biology Laboratory
European
Bioinformatics
Institute
(http://www.ebi.ac.uk/arra
yexpress/) (Parkinson et al., 2007).
Inclusion criteria for dataset selection were the following: i) gene
expression data from human post mortem samples, ii) gene expression
data from bulk tissue of the prefrontal cortex, iii) availability of raw gene
expression data, and iv) availability of demographic and clinical infor
mation, i.e., age, sex, cause of death (suicide/non-suicide), post mortem
interval, and psychiatric diagnosis (MDD, SZ or BD). We chose the
prefrontal cortex, as it is considered a relevant area in suicide neurobi
ology, since structural, functional and molecular disturbances have been
identified in this region (Raust et al., 2007; Richard-Devantoy et al.,
2014).
Initially, 25 candidate datasets were identified. As our algorithmic
implementation works best with uniform data, only those datasets ob
tained with Affymetrix array platforms were considered. Thus, datasets
obtained with microarray platforms other than Affymetrix were
excluded from the analysis. In order to analyze as many probes as
possible, only datasets using the Affymetrix Human Genome U133A
Array (HG-U133A) and Affymetrix Human Genome U133 Plus 2.0 Array
(HG-U133P2) microarrays, which contain 22,283 probes and 54,120
probes, respectively, were selected. Meanwhile, datasets obtained with
the Affymetrix Human Genome U95 Version 2 Array (HG-U95Av2) were
excluded to the limited number of probes contained in this array (12,626
probes). Finally, datasets containing duplicated data were eliminated.
No ethics committee approval was required, since all datasets were
downloaded from properly documented public databases. Ten datasets
fulfill the inclusion-exclusion criteria and were included in the analysis.
A flowchart of dataset selection is shown in Supplementary Figure S1.

2.3. Co-expression networks construction
A transcriptional co-expression network is a graphical representation
of gene-gene interactions, where each node corresponds to a gene, and a
pair of nodes is connected to an edge if there is a significant coexpression relationship between them (Stuart, 2003). Transcriptional
co-expression networks were inferred from normalized and
batch-corrected gene expression data for each one of the groups.
Co-expression networks were constructed with the ARACNE algo
rithm (Margolin et al., 2006). Briefly, this algorithm compares the
expression of every combination of two genes to identify the gene pairs
with statistically significant and high mutual information (MI) (Char
aniya, 2008). The MI was used as a metric of co-expression between two
genes.
2.4. Assessment of networks comparability
To compare the network structure among the groups and to assess
their comparability, we calculated the following metrics for each
network: i) number of nodes (genes) and edges (connections between
the genes), ii) density (measure of the proportion of existing connections
in the network relative to its potential number of connections), iii)
number of components (maximal set of nodes where each pair of nodes
is connected by a path), iv) network diameter (shortest distance between
the two most distant nodes in the network), v) maximum component
size, vi) average path length (average number of steps along the shortest
paths for all possible pairs of the network nodes) and viii) transitivity
(overall probability for the network to have adjacent nodes inter
connected, which can be interpreted as the existence of tightly con
nected clusters).
In addition, we calculated the degree of each node, which is the
number of connections it has to other nodes and it is one of the defining

2.2. Data pre-processing
Raw gene expression data from the selected datasets were down
loaded and preprocessed as follows. First, data of each array platform
HG-U133A and HG-U133P2 were processed separately. Raw probe in
tensities were background corrected with the rma method (Irizarry et al.,
2003) implemented in the affy package (Gautier et al., 2004) for both
platforms separately. Then, microarray probes were annotated, i.e.
assigning them to their respective Entrez ID number and gene symbol
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3. Results

measures of any network. Then, to gain an overall glance of the coexpression networks structure and identify possible degree differences
among the networks, the degree cumulative frequency distribution of
each network was plotted. Furthermore, all metrics were recalculated
removing the data from the orbitofrontal cortex, which corresponds to
the samples from Brodmann areas 10 and 11 in this study (Kringelbach,
2005), to determine whether our results were influenced by the brain
subregion where the samples were obtained.

3.1. Gene expression data collection
Ten datasets fulfill the inclusion-exclusion criteria and were included
in the analysis. From these, eight datasets were obtained from GEO and
two from SMRI. All datasets were obtained with the Affymetrix array
platform; seven gene expression datasets were obtained using the HGU133A array and three with the HG-U133-P2 array. The datasets

2.5. Relevance networks

Table 1
Description of data sets included in the gene expression meta-analysis.

The Relevance Networks method consists of the selection of genes
that share a high MI, i.e., genes whose expression profiles are highly
predictive of one another. Using this method, we selected only those
gene pairs at or above the top 0.01% MI values in each condition, which
were later depicted as edges in the graphical representation of each
network (Butte and Kohane, 2000). In addition to the selection of the top
MI interactions, only interactions involving TF, including TF-TF and
TF-gene interactions, were further analyzed. Gene-gene interactions
involving human TF were obtained from the RegNetwork database (Liu
et al., 2015). Only those interactions with experimental evidence and
high confidence level according to RegNetwork were included in the
analysis. From the information obtained from RegNetwork, the regula
tory hierarchy of each network was reconstructed i.e., the identification
of the TF acting as regulators and the TF and genes regulated by them.
This regulatory hierarchy was later represented by the direction of the
edges connecting the nodes in the graphical representation of the rele
vance networks. We will refer as directed relevance networks to the
networks that resulted from this network construction process.
Then, each directed relevance network was visualized in Cytoscape
(Shannon et al., 2003). Finally, we performed a comparison of the
directed relevance networks of suicides and non-suicides of each mental
disorder, as well as in comparison with the CTR directed relevance
network by identifying their common and contrasting nodes and edges
using Venn diagrams. Gene expression data pre-processing, networks
construction and comparison methods are summarized in Fig. 1.

Source

Dataset

Microarray
platform

Brodmann
area

Suicides:
Non
suicides

Reference

GEO

GSE21138

HG-U133P2

46

15:44

GEO

GSE92538

46/9

31:102

GEO

GSE53987

46

19:49

GEO

GSE54567

9

7:21

GEO

GSE54568

9

5:25

GEO

GSE5388

9

11:49

GEO

GSE5389

11

6:15

GEO

GSE54570

9

3:23

SMRI

SMRI 2

46/10

5:14

SMRI

SMRI 7

46

20:77

Narayan
et al. (2008)
Hagenauer
et al. (2018)
Lanz et al.
(2015)
Chang et al.
(2014)
Chang et al.
(2014)
Ryan et al.
(2006)
Ryan et al.
(2006)
Chang et al.
(2014)
Kim &
Webster
(2019)
Iwamoto
et al. (2005)

HG-U133A

Abbreviations: SMRI, Stanley Medical Research Institute; GEO, NCBI Gene
Expression Omnibus; HG-U133A, Affymetrix Human Genome U133A Array; HGU133P2, Affymetrix Human Genome U133 Plus 2.0 Array.

Fig. 1. Summary of gene expression data processing for the generation of directed relevance networks from the prefrontal cortex of suicides and non-suicides with
psychiatric disorders. a) Gene expression data pre-processing. From public databases, we retrieved ten gene expression datasets that fulfill the inclusion-exclusion
criteria of the present study. Data from each microarray platform were background corrected and annotated separately. Next, all gene expression data were merged
and quantile normalized. Then, we performed a principal component analysis to identify possible batch effects. b) Network construction and comparison. Batch
effect corrected data were used to calculate mutual information among the genes. Next, we evaluated the comparability of the networks. Then, we selected the top
0.01% of mutual information values and interactions involving transcription factors for representing the directed relevance networks that were compared among the
groups. Abbreviations: SMRI, Stanley Medical Research Institute; GEO, NCBI Gene Expression Omnibus; HG-U133A, Affymetrix Human Genome U133A Array; HGU133P2 Affymetrix Human Genome U133 Plus 2.0 Array. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version
of this article.)
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relevance networks of suicides and non-suicides within each mental
disorder, as well as in comparison to the CTR condition.
Looking at the directed relevance networks from suicides and nonsuicides with MDD we identified clear differences in their nodes,
except for the TF JUN, TFAP2A and FOS that were common to both
conditions. In the S-MDD network we found genes involved in cell cycle
and proliferation (SMAD2, SMAD7, CCDN1, SOS2), and immune
response (STAT4, IL-6, IRF9). Similarly, we found genes in the NS-MDD
directed relevance network linked to cell proliferation and immune
response, such as MAPK13 and the TF ETS1, as well as genes encoding
for hormone receptors (AR, ESR1). Compared to the CTR network, only
the TF FOS was found in the MDD and CTR networks. However, the TF
ESR1 was found in both the CTR and NS-MDD networks. Directed
relevance networks of suicides and non-suicides with MDD are shown in
Supplementary Figure S2 and their similarities and differences are
marked in Fig. 4.
Regarding the directed relevance networks for BD, only the circadian
cycle genes CRY1 and PER2, and the TF FOS overlapped in the S-BD and
NS-BD networks. On one hand, the S-BD directed relevance network
included the circadian cycle gene CLOCK and genes involved in cell
proliferation (MAPK13, E2F1, ARNT). On the other hand, the NS-BD
network had genes involved in the latter biological process (ETS1,
ETS2, MYBL1, FATA1, MYB, SMAD2, TFDP1) as well. In addition, we
found genes participating in the inflammatory response (NFKB1, RELB
and AKT3) in the NS-BD directed relevance network. When comparing
the BD to the CTR directed relevance network, we found clear differ
ences, as only the TF FOS overlapped the three networks and ETS2 was
found in the CTR and NS-BD networks. Directed relevance networks of
suicides and non-suicides with BD networks are shown in Supplemen
tary Figure S2 and their similarities and differences are marked in Fig. 4.
Genes found in the directed relevance networks from suicides and
non-suicides with SZ were clearly distinct, as they share only one gene in
common (CCND1), which was also found in the CTR directed relevance
network. The S-SZ directed relevance network had genes involved in the
circadian cycle (CRY1, PER2), and cell proliferation (SMAD4, MAPK13,
MAPK14). Meanwhile, in the NS-SZ directed relevance network we
found genes participating in immune functions (CEBPE, STAT5B,
CREBBP). Directed relevance networks of suicides and non-suicides with
SZ are shown in Supplementary Figure S2 and their similarities and
differences are marked in Fig. 4.

included in the analysis are described in Table 1.
3.2. Sample description
Final sample included 541 individuals, classified in the following
groups: i) S-MDD (n = 44), ii) S-BD (n = 44), iii) S-SZ (n = 34i), iv) NSMDD (n = 53), v) NS-BD (n = 60), vi) NS-SZ (n = 72) and vii) CTR (n =
234). Sample characteristics are summarized in Table 2.
3.3. Data pre-processing
After quality control filtering, 10, 428 probes were obtained. The
PCA indicated a batch effect associated with the microarray platform
used for obtaining gene expression data, as shown in Fig. 2A. This batch
effect was corrected by a multivariate analysis with the ARSyN package
(Nueda et al., 2012). Sample clustering associated with other possible
covariates was not detected including age, sex, Brodmann area, dataset
and post mortem interval. After batch effect removal, the first two prin
cipal components of this dataset together explained 22.44% of the total
variability among the groups and the PCA plot showed separation
among the groups, as shown in Fig. 2B.
3.4. Co-expression networks construction and their comparability
Transcriptional networks of suicides and non-suicides with MDD, BD
and SZ as well as CTR were inferred using the ARACNE algorithm.
Network metrics were highly similar for all the evaluated parameters.
All networks had a single component comprising 8677 nodes and the
number of edges ranged from 376,402 to 376,409. Network metrics are
summarized in Table 3. The distributions of degree values followed a
decreasing sigmoid pattern, which indicates a higher number of nodes
with low degree values than those nodes with high degree values in all
networks, as shown in Fig. 3. In general, these findings suggest that the
networks were comparable in their overall topology. The network
metrics obtained after removing the samples from the orbitofrontal
cortex did not differ substantially from those obtained including such
area, which suggests that our results were not driven by a specific brain
subregion. The recalculated metrics without the orbitofrontal cortex
data are shown in the Supplementary Table S1.
3.5. Directed relevance networks

4. Discussion

We selected those gene pair interactions involving TF that were at or
above the top 0.01% MI values in each condition to construct the
directed relevance networks of each group. In the directed relevance
networks visualization, TF and genes are represented by vertices and the
connections among them are represented by edges. Then, we identified
the common and contrasting nodes and edges between the directed

The presence of mental disorders is one of the strongest risk factors
for suicide death (Nock et al., 2010; Brådvik, 2018; Bertolote and
Fleischmann, 2002). It is estimated that around 90% of individuals who
died by suicide had at least one mental disorder (Fleischmann et al.,
2005; Cho et al., 2016; Turecki and Brent, 2016). Therefore, the study of
completed suicide in the context of mental disorders is needed to iden
tify both disorder-specific neurobiological abnormalities as well as those
abnormalities that could be found in all suicides independently of their
comorbid mental disorder.
The understanding of the molecular mechanisms underpinning
transcriptional changes in the suicidal brain leading to phenotypical
differences between suicides and non-suicides is crucial to identify po
tential pharmacological targets and the design of adequate suicide
prevention measures. These preventive measures could be applied in
individuals at high suicide risk, as in the case of individuals with psy
chiatric disorders.
To improve our understanding of the regulatory transcriptional
mechanisms in the suicidal brain, in this study, we identified similarities
and differences among TF networks in the prefrontal cortex of suicides
and non-suicides with different mental disorders associated with sui
cide. To best of our knowledge, this is the first network analysis focused
on transcriptional factors in the suicidal brain. Previous network studies
have been restricted to long non-coding RNA networks (Zhou et al.,

Table 2
Sample characteristics.
Group

N

Sex (M:F)

Age (years)

PMI (hours)

S-MDD
S-BD
S-SZ
NS-BD
NS-MDD
NS-SZ
CTR

44
44
34
60
53
72
234

34:10
25:19
21:13
30:30
32:21
56:16
168: 66

43.9 ± 13.8
44.15 ± 10.6
36.32 ± 8.9
49.16 ± 12.4
51.75 ± 12
47.72 ± 11.6
49.06 ± 12.6

21.24
32.74
32.79
30.25
20.55
29.01
25.21

± 8.5
± 15.8
± 15.7
± 16.2
± 7.9
± 13.9
± 12.3

Values indicate number of subjects unless otherwise indicated. Continuous data
is presented as mean ± standard deviation. Abbreviations: Male, M; Female, F;
PMI, Post-mortem interval. S-MDD, suicides with major depression disorder; NSMDD, non-suicides with major depression disorder; S-BD, suicides with bipolar
disorder; NS-BD, non-suicides with bipolar disorder; S-SZ, suicides with
schizophrenia; NS-SZ, non-suicides with schizophrenia; CTR, non-suicides
without mental disorders.
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Fig. 2. Principal component analysis (PCA) scatter plot of the samples. A) Using quantile-normalized gene expression levels, a batch effect related to the
microarray platform was detected. B) After multi-dimensional normalization using ARSyN. The first two principal components (PC1 and PC2) demonstrated a clear
separation of the groups. Abbreviations: HG-U133A, Affymetrix Human Genome U133A Array; HG-U133P2 Affymetrix Human Genome U133 Plus 2.0 Array; S-MDD,
suicides with major depression disorder; NS-MDD, non-suicides with major depression disorder; S-BD, suicides with bipolar disorder; NS-BD, non-suicides with
bipolar disorder; S-SZ, suicides with schizophrenia; NS-SZ, non-suicides with schizophrenia; CTR, non-suicides without mental disorders. (For interpretation of the
references to color in this figure legend, the reader is referred to the Web version of this article.)
Table 3
Networks metrics.
Network

Number of nodes

Number of edges

Density

Number of components

Graph Diameter

Maximum component size

Average Path Length

Transitivity

S-MDD
S-BD
S-SZ
NS-BD
NSMDD
NS-SZ
CTR

8677
8677
8677
8677
8677

376,404
376,406
376,407
376,409
376,402

0.01
0.01
0.01
0.01
0.01

1
1
1
1
1

4
4
4
4
4

8677
8677
8677
8677
8677

2.496603
2.506126
2.530075
2.479395
2.483662

0.065974
0.07147
0.081662
0.057622
0.059028

8677
8677

376,407
376,405

0.01
0.01

1
1

4
4

8677
8677

2.480743
2.483539

0.061382
0.057694

Abbreviations: S-MDD, suicides with major depression disorder; NS-MDD, non-suicides with major depression disorder; S-BD, suicides with bipolar disorder; NS-BD,
non-suicides with bipolar disorder; S-SZ, suicides with schizophrenia; NS-SZ, non-suicides with schizophrenia; CTR, non-suicides without mental disorders.

2018).

a key factor in the suicidal phenotype, where stress response abnor
malities have been widely documented (Steinberg and Mann, 2020).
Similar to the nucleus accumbens, the prefrontal cortex is a key brain
region implicated in MDD and suicidal behavior (Liu et al., 2017).
Hence, gene expression changes in the latter area are likely to play a role
in stress response and subsequently in suicidal behavior.

4.1. MDD directed relevance networks
Regarding suicides and non-suicides with MDD directed relevance
networks, we found the presence of genes involved in the immune
response in both. This finding is consistent with previous reports of
immune response alterations in individuals with MDD (Guo and Jiang,
2017). An interesting finding in the S-MDD directed relevance network
was the presence of TF involved in apoptosis, such as SOS2 and DDIT3.
An increased apoptosis has been identified in peripheral blood mono
nuclear cells of patients with MDD at high suicidal risk. Furthermore, it
has been hypothesized that neuroanatomical alterations in the
fronto-striato-limbic circuit in high-suicide individuals with MDD might
be caused by an increase in apoptosis (Amidfar et al., 2018). Thus, our
findings suggest the involvement of TF in the alteration of the apoptotic
process in suicides with MDD.
The presence of ESR1, which encodes the estrogen receptor α (ERα)
in both the NS-MDD and CTR directed relevance networks, but not in the
S-MDD directed relevance network was noteworthy. This gene has been
predicted as an upstream regulator of transcriptional changes associated
with resilience to social stress in the nucleus accumbens of mice (Lorsch
et al., 2018). Therefore, through its pro-resilience effect, ESR1 might be

4.2. BD directed relevance networks
Marked differences were found in the BD directed relevance net
works, as they shared only three genes in common: FOS, CRY1 and PER2.
The overlapping of two genes participating in circadian rhythm regu
lation (CRY1 and PER2) is remarkable as sleep disturbances and circa
dian rhythm dysfunctions have been extensively demonstrated in
patients with BD (Benard et al., 2019). Interestingly, the circadian
rhythm gene CLOCK was found only in the S-BD directed relevance
network. A CLOCK polymorphism was identified in patients with BD
with high-risk to attempt suicide after exposure to early life stressful
events (Benedetti et al., 2015). Whether the functional expression of this
CLOCK polymorphism is the alteration of the TF interactions in suicides
with BD is worthy of exploring in future research.
Also, we found a higher number of TF and genes participating in
immune response in the NS-BD directed relevance network (NFKB1,
27
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Fig. 3. Cumulative frequency of node degree distributions. The y-axis indicates the values for 1− degree cumulative distribution, while the x-axis indicates the
degree (number of adjacent edges of each node) for each network. Abbreviations: S-MDD, suicides with major depression disorder; NS-MDD, non-suicides with major
depression disorder; S-BD, suicides with bipolar disorder; NS-BD, non-suicides with bipolar disorder; S-SZ, suicides with schizophrenia; NS-SZ, non-suicides with
schizophrenia; CTR, non-suicides without mental disorders. (For interpretation of the references to color in this figure legend, the reader is referred to the Web
version of this article.)

RELB, JUN, SP1, REL, IL2, CCAAT, IL6, SMAD2) compared to the S-BD
directed relevance network. Immune alterations have been associated
with suicidal risk in patients with BD (Monfrim et al., 2014; Black and
Miller, 2015), as well as in patients with other mental comorbidities
(Dickerson et al., 2017). Therefore, the differences between S-BD and
NS-BD relevance networks in our results are possible candidates for
future research in the association between immune abnormalities and
suicide risk in BD.

genes involved in neuronal signaling, CREB has been postulated as a
candidate gene in suicide studies (Ludwig et al., 2017). There are mixed
reports regarding the expression of this gene in the brain of suicides
(Dwivedi et al., 2003; Pandey et al., 2007; Wang et al., 2018). Therefore,
the role of this gene in suicide requires further study.
Another interesting difference between suicides and non-suicides
with SZ directed relevance networks was the presence of circadian
cycle genes, CRY1 and PER2 in the S-SZ directed relevance network.
Sleep alterations are common in patients with SZ. However, an associ
ation between frequent insomnia and suicidal risk in patients with SZ
has been recently reported (Li et al., 2016). Therefore, our results
encourage the study of CRY1 and PER2 as possible mediators of this
association.
Twin and family studies have demonstrated a high genetic correla
tion among psychiatric disorders (Cross-Disorder Group of the

4.3. SZ directed relevance networks
The SZ directed relevance networks exhibited clear differences
except for the CCND1 gene that was present in both suicides and nonsuicides with schizophrenia. In the NS-SZ directed relevance network
the presence of the CREB TF was remarkable. Due to its interaction with
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Fig. 4. Directed relevance networks from the prefrontal cortex of suicides and non-suicides. Each figure (rhombus or circle) denotes a gene; those genes
coding for transcription factors are denoted by rhombus, and those coding for non-transcription factors are denoted by circles. Arrows denote the direction of the
interaction between the genes. Colored boxes indicate transcription factor networks corresponding to each condition. Overlapped areas among the colored boxes
indicate the presence of common genes/edges among the represented networks. (For interpretation of the references to color in this figure legend, the reader is
referred to the Web version of this article.)

Psychiatric Genomics Consortium, 2013; Cross-Disorder Group of the
Psychiatric Genomics Consortium, 2019; Fuller and Reus, 2019). More
recently, similarities in the gene expression profile from the prefrontal
cortex of patients with different mental disorders have been identified
(Gandal et al., 2018). However, in our study we found marked differ
ences among the relevance networks inferred from the evaluated psy
chiatric disorders.
These differences could be due to the possible heterogeneity of the
evaluated samples, in terms of ancestry, severity and duration of the
disorders, and sample processing. Another aspect that could have
influenced our results is the manner of death, i.e., violent or non-violent

suicide, as specific molecular alterations in the suicidal brain have been
associated with suicide by violent means (Thalmeier et al., 2008; Punzi
et al., 2019). These variables were not measured or reported in most of
the original datasets. Consequently, their influence in the expression of
transcription factors in a suicidal context should be assessed in future
research.
Among other possible mechanisms leading to the observed differ
ences in the regulatory networks we can count epigenetic modifications
that might modulate promoter activity via differential binding to tran
scription factors and silencers, and the presence of genetic variations in
the TF binding sites sequence (Zai et al., 2012; Gilad et al., 2008).
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Furthermore, it is important to consider that suicidal behavior is the
result from the interplay of several contributors, including biological,
social and environmental factors (Mann, 2003). Thus, integrative
studies considering more than one data dimension might be useful in the
identification of both biological and non-biological factors influencing
gene expression and its regulatory factors in the suicidal brain.
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4.4. Limitations

Appendix A. Supplementary data

The limitations of the present study should be acknowledged. First,
the absence of data from suicides without mental disorders. Since most
of the suicides are committed by individuals with at least one mental
disorder, the lack of data from suicides without mental comorbidities in
databases is understandable. However, this lack of data limits the
identification of network characteristics that could be generalizable to a
higher number of suicides apart from the comorbid mental disorder.
Second, data from this study were obtained by microarrays. This
methodological issue restricted the description of transcripts to those
mapped in each platform. This limitation might be overcome by the use
of RNA-sequencing in future studies.
Third, some limitations inherent to post mortem studies should be
considered, such as the presence potential confounding factors not
evaluated during sample characterization in each study, i.e., disorder
severity, use of substances and medications not reported in the toxico
logical test and/or medical records. Thus, we cannot rule out that our
results are influenced by unevaluated factors, which should be further
addressed in future research. Our results should be replicated in other
samples and functional studies are required to elucidate the biological
effect of TF differences between suicides and non-suicides.
In conclusion, we have identified disorder-specific characteristics in
the composition of TF networks in the prefrontal cortex of suicides and
non-suicides with and without mental disorders. Our results suggest the
presence of key differences in the TF networks between suicides and
non-suicides with different psychiatric disorders. More studies are
needed in order to confirm our findings and to explore the functional
implications of the here described networks.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.jpsychires.2021.01.037.
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