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Abstract

Background: Pre-eclampsia is the most common complication occurring during pregnancy. In the majority of
cases, it is concurrent with other pathologies in a comorbid manner (frequent co-occurrences in patients), such as
diabetes mellitus, gestational diabetes and obesity. Providing bronchial asthma, pulmonary tuberculosis, certain
neurodegenerative diseases and cancers as examples, we have shown previously that pairs of inversely comorbid
pathologies (rare co-occurrences in patients) are more closely related to each other at the molecular genetic level
compared with randomly generated pairs of diseases. Data in the literature concerning the causes of pre-eclampsia
are abundant. However, the key mechanisms triggering this disease that are initiated by other pathological
processes are thus far unknown. The aim of this work was to analyse the characteristic features of genetic networks
that describe interactions between comorbid diseases, using pre-eclampsia as a case in point.

Results: The use of ANDSystem, Pathway Studio and STRING computer tools based on text-mining and database-
mining approaches allowed us to reconstruct associative networks, representing molecular genetic interactions
between genes, associated concurrently with comorbid disease pairs, including pre-eclampsia, diabetes mellitus,
gestational diabetes and obesity. It was found that these associative networks statistically differed in the number of
genes and interactions between them from those built for randomly chosen pairs of diseases. The associative
network connecting all four diseases was composed of 16 genes (PLAT, ADIPOQ, ADRB3, LEPR, HP, TGFB1, TNFA, INS,
CRP, CSRP1, IGFBP1, MBL2, ACE, ESR1, SHBG, ADA). Such an analysis allowed us to reveal differential gene risk factors
for these diseases, and to propose certain, most probable, theoretical mechanisms of pre-eclampsia development
in pregnant women. The mechanisms may include the following pathways: [TGFB1 or TNFA]-[IL1B]-[pre-eclampsia];
[TNFA or INS]-[NOS3]-[pre-eclampsia]; [INS]-[HSPA4 or CLU]-[pre-eclampsia]; [ACE]-[MTHFR]-[pre-eclampsia].

Conclusions: For pre-eclampsia, diabetes mellitus, gestational diabetes and obesity, we showed that the size and
connectivity of the associative molecular genetic networks, which describe interactions between comorbid
diseases, statistically exceeded the size and connectivity of those built for randomly chosen pairs of diseases.
Recently, we have shown a similar result for inversely comorbid diseases. This suggests that comorbid and inversely
comorbid diseases have common features concerning structural organization of associative molecular genetic
networks.
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Background
Pre-eclampsia (PE) is the leading cause of maternal and
foetal morbidity and mortality. It is a pregnancy compli-
cation, predominantly occurring after 20-weeks of gesta-
tion, as well as in labour, and it is characterized by
multiple organ dysfunction syndromes, including the
dysfunction of the kidneys, liver, vascular and nervous
systems, and the foetoplacental complex [1,2]. The gen-
eral clinical symptoms of PE are oedema, proteinuria
and hypertension. The clinical outcome of PE may not
always be predictable. Either form of PE can be extre-
mely insidious, rapidly progressing, and, even in the
absence of one of its general symptoms, may lead to life
threatening complications for the mother and foetus [3].
In 70-80% of cases, PE is secondary to an underlying
disease [1]. Pre-eclampsia risk factors include cardiovas-
cular diseases (arterial hypertension), kidney, liver and
gastrointestinal tract diseases, endocrine disorders (obe-
sity, diabetes mellitus), and autoimmune diseases (anti-
phospholipid syndrome) [1,3,4]. According to meta-
analysis data, women with a history of PE have 1.79
times the risk of venous thromboembolism, 1.81 times
the risk of stroke, 2.16 times the risk of ischemic heart
disease and 3.7 times the risk of hypertensive disease,
compared with women without PE [5]. Thus far, it
remains unclear whether the presence of pathological
processes before pregnancy predisposes one to PE, or
whether defects in multiple organs and systems, induced
by PE, are responsible for the development of extrageni-
tal diseases in the future. Such joint manifestations of
diseases are called comorbidities [6] or syntropies [7].
Likewise, inversely comorbid [8] or dystropic [9] dis-
eases statistically rare co-occur in patients as compared
with co-occurrence that can be expected by chance. Pre-
viously, for asthma, tuberculosis, certain cancers and
neurodegenerative diseases, we have shown that inver-
sely comorbid diseases are more closely related to each
other at the molecular level in comparison with ran-
domly chosen pairs of diseases [10].
In recent years, bioinformatics methods have been

widely used for modelling different pathological pro-
cesses, analysing the molecular mechanisms of their
development, identifying possible markers, and systema-
tizing available data. Ample evidence regarding the influ-
ence of genetics on comorbidities has accumulated in the
literature. Computer-based, text-mining methods were
developed for efficient extraction of knowledge from the
scientific literature. At the present time, COREMINE and
MeSHOPs, which analyse the co-occurrence of biomedi-
cal terms [11,12], and STRING [13] and the MedScan
system, which are based on the parsing of natural lan-
guage texts [14], are widely used.
We have developed the ANDSystem, which was

designed for the automated extraction of knowledge

from natural language texts regarding the properties of
molecular biological objects and their interactions in liv-
ing systems [15]. Using this system, we have recon-
structed protein-protein networks for proteins that are
associated with water-salt metabolism and sodium
deposition processes in healthy volunteers [16], as well
as protein-protein interaction networks for Helicobacter
pylori, which are associated with the functional diver-
gence of H. pylori, isolated from patients with early gas-
tric cancer [17]. We have also reconstructed associative
networks representing molecular genetic interactions
between proteins, genes, metabolites and molecular pro-
cesses associated with myopia and glaucoma [18], and
with cardiovascular diseases [19].
In the current study, we used the ANDSystem for the

reconstruction of associative networks (the preeclampsia
associome) representing molecular genetic interactions
between genes associated with PE, diabetes mellitus
(DM), gestational diabetes (GD) and obesity (Ob). We
conducted an analysis of these networks to reveal differ-
ential and common risk factors for these diseases.
Finding pathways common to the indicated multifac-

torial diseases would contribute to a better understand-
ing of the characteristic features of pre-eclampsia
pathogenesis, as well as to the development of new diag-
nostic, preventative and therapeutic methods.

Results
Pre-eclampsia: its association, via comorbid genes, with
diabetes mellitus, obesity and gestational diabetes
The main goal of the current study was to identify comor-
bid genes whose dysfunction or mutation represent com-
mon risk factors for diseases that are concurrent with PE.
To this end, we relied on published data [3,4] regarding the
four most significant and widespread pathologies concur-
rent with PE: DM, Ob, GD and pyelonephritis. Further-
more, using the ANDSystem and Pathway Studio software,
we reconstructed associative networks (disease-protein/
gene-disease) comprising interactions between the above
diseases via their associated genes. Subsequently, reduction
was achieved by eliminating pyelonephritis, as genes asso-
ciated with nephritis were not associated with PE and the
other analysed disorders. Using the ANDSystem, we identi-
fied 1,051 proteins/genes associated with PE, Ob, DM and/
or GD. Using Pathway Studio, 1,138 proteins/genes were
identified. The results of both programs were in good
agreement regarding the number of genes in groups asso-
ciated with particular diseases (Figure 1). Unfortunately, we
were not able to use STRING for the reconstruction of
such networks, as this program does not provide informa-
tion about protein/gene-disease associations.
The number of proteins/genes common to different

combinations of the examined diseases is shown in
Figure 1. We assumed that comorbid diseases are more
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closely interrelated, via the common proteins/genes
associated with them, as compared with randomly cho-
sen disease pairs. To test this assumption, we calculated
the distribution of three relation indices of random dis-
ease-protein/gene-disease networks built for random
disease pairs: IAB (number of shared proteins), JAB (Jac-
card index) and MAB (Meet/Min). All three disease pairs
(PE & DM, PE & GD, PE & Ob) were significantly con-
nected by the IAB and JAB indices at p < 0.05 (Figure 2).
Only PE & DM pair was significantly different by MAB

index (p < 0.05) from randomly generated pairs of dis-
eases. Thus, PE and DM were found to be the most signif-
icantly associated disease pair for all three relation indices.
Next, we tested the hypothesis whether comorbid pro-

teins/genes common to comorbid disease pairs interact
more closely compared to a set of randomly chosen pro-
teins/genes. Comparison of the associative molecular

genetic networks with random ones demonstrated that
the networks that describe the interactions between the
comorbid proteins/genes for all three disease pairs (PE &
GD, PE & DM, and PE & Ob) exhibited significantly
greater connectivities than those of the random networks
(p < 0.001).
Of particular interest was an appended analysis of the

associative molecular genetic networks built for proteins
associated concurrently with four comorbid diseases
(PE, DM, Ob and GD). The three programs used to

Figure 1 Venn diagram demonstrating the intersections of the
lists of genes associated with the analysed diseases (PE, DM, GD,
Ob) according to the ANDSystem (A) and Pathway Studio (B).

Figure 2 Comparison of analysed and random networks by
intersection (A), Jaccard (B) and Meet/Min (C) indices. Bars show
the distribution of the value for the features of the associative
networks for randomly chosen disease pairs. Arrows indicate PE &
GD, PE & DM and PE & Ob comorbid disease pairs. Asterisks indicate
the position of inversely comorbid disease pairs (bronchial asthma
and pulmonary tuberculosis) [10].
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build this network were the ANDSystem, Pathway Studio
and STRING (Figure 3). As Figure 3A shows, the
ANDSystem network comprised 32 objects: 16 proteins
and 16 genes, as well as 142 interactions. The ANDSystem

has an advantageous feature: an object pair can also be
associated concurrently with links of several types. For
this reason, the number of associated object pairs, 87,
was smaller than the number of links. The ANDSystem

Figure 3 ANDSystem (A), STRING (B) and Pathway Studio (C) networks describing shared proteins/genes. Interactions between proteins/
genes concurrently shared in PE, DM, Ob and GD are shown. In the ANDSystem network, proteins are shown as balls, and patterns with double
helices designate genes. In the STRING network, proteins/genes are shown as balls (gene names are given). The colour and shape of the arrows
indicate the type of association between the objects in all the networks.
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represented cases of the regulation of protein activity (six
links), including up-regulation (two links) and down-
regulation (three links) of protein activity; gene expression
regulation (37 links), including up-regulation (seven links)
and down-regulation (seven links); protein-protein interac-
tions (two links); protein transport regulation (10 links);
catalysis (one link); expression (16 links) and association
(70 links). To compare the ANDSystem network with
those of the STRING and Pathway Studio, the ANDSys-
tem network was transformed into a protein-protein inter-
action network, with links from the genes assigned to their
respective proteins, while links from genes as separate
vertices were deleted from the network. Such a network
contained 45 interconnected protein pairs.
The STRING network (Figure 3B) contained 16 pro-

teins/genes, and 45 gene pairs connected by 47 links,
including five different types: activation (four links),
expression with inhibition (seven links), binding (one
link), post-translational modification (one link), and func-
tional links (34 links). The functional links in STRING
were determined on the basis of Neighbourhood in the
Genome, Gene Fusions, Co-occurrence Across Genomes,
Co-Expression, Experimental/Biochemical Data, Associa-
tion in Curated Databases, and Co-Mentioned in
PubMed Abstracts [13].
The network built by Pathway Studio (Figure 3C) con-

tained 16 proteins/genes, and 62 pairs of genes connected
by 98 links, including six different types: binding (five
links), expression (55 links), molecular transport (19
links), promoter binding (two links), protein modification
(one link) and regulation (16 links).
There was a significant difference between the comor-

bid and random networks (p < 0.001), not only for dis-
ease pairs, but also for the associative molecular genetic
networks that describe the interactions between proteins/
genes associated concurrently with all four diseases (PE,
DM, GD, Ob) (Figure 3A). These results demonstrated
that comorbid proteins/genes are presumably involved in
shared biological processes. This can explain the
increased number of interactions between proteins/
genes, as compared with those for associative molecular
genetic networks of randomly chosen proteins/genes.
Confirmation of this hypothesis would shed light on the
molecular mechanisms underlying the interactions
between comorbid diseases.

Analysis of overrepresentation of Gene Ontology
(GO) processes
Overrepresentation of GO biological processes was ana-
lysed for the group of proteins/genes associated with sin-
gle diseases (PE, DM, GD and Ob) and pairs of diseases
(PE & DM, PE & GD, PE & Ob), as well as concurrently
with all four diseases. In each of these cases, more than
1,000 overrepresented processes were found (Additional

file 1). Among these were a high number of quite general
processes for which thousands of genes have been anno-
tated. The connectivity rate (CR) was calculated for each
process listed in Additional file 1 to check how closely
the proteins/genes, which caused an overrepresentation
of processes, interacted. After ranking the overrepre-
sented biological processes according to the CRs, 313
processes had the highest CR (equal to 1) (see Additional
file 1). Just as expected, generalized, nonspecific biologi-
cal processes had smaller CR values in the majority of
cases as compared with specialized processes involving a
relatively small number of genes.
Among the overrepresented biological processes with a

maximum CR were positive regulation of monooxygenase
activity, regulation of fat cell differentiation, regulation of
lipid metabolic process, nitric oxide and carbon monoxide
metabolism, regulation of protein kinase B signalling
cascade, regulation of NF-kappa B transcription factor
activity, regulation of glucose metabolism and transport,
regulation of cellular response to oxidative stress, regula-
tion of cytokine production, regulation of cell cycle pro-
cess and others. Thus, the use of the CR index in the GO
enrichment analysis revealed the specific GO processes
and lower the rank of less informative general processes.

Reconstruction of associative pathways describing
potential molecular mechanisms via comorbid genes
involved in overrepresented GO biological processes
The next step of the current study was to reconstruct the
molecular pathways connecting PE with DM, Ob, and GD,
via interactions between the specific and comorbid genes.
The Pathway Discovery module of the ANDVisio software
was used to trace separate pathways in the network of
molecular genetic interactions associated concurrently
with all four pathologies. The Pathway Discovery module
was used to search for pathways in the network using pat-
terns set by the user.
The patterns were of the following type: <PE> - <any

protein/gene specific to PE> - <any comorbid protein/
gene> - <any protein/gene specific to Ob or GD, or DM>
- <Ob or GD, or DM>. The program chose all the path-
ways meeting the pattern’s criteria: the starting link was
PE; the second link of the chain should be one of the pro-
teins/genes associated with PE, exceptions were proteins/
genes comorbid for all four diseases (4-comorbid); the
third link should be one of the 4-comorbid proteins/
genes (PLAT, ADIPOQ, ADRB3, LEPR, HP, TGFB1,
TNFA, INS, CRP, CSRP1, IGFBP1, MBL2, ACE, ESR1,
SHBG, ADA); the fourth link should be one of the pro-
teins specific to Ob, GD, or DM, with the exception of 4-
comorbid proteins/genes. The last link should be one of
the diseases (Ob, GD or DM). The total number of iden-
tified pathways was more than 50. These were combined
into a single pathway network (Figure 4).
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Common, as well as specific, risk factors were distin-
guished for the following combinations of diseases: PE
and DM; PE and Ob; PE and DM, Ob; PE and DM, Ob,
GD; (see Figure 4). The largest number of connections
was obtained for the TNFA, TGFB1 and INS genes,
which revealed specialized GO processes with maximum
CRs, such as: «positive regulation of protein kinase B
signalling», «cascade regulation of NF-kappa B

transcription factor activity», «regulation of mitosis»,
«regulation of nuclear division», «regulation of protein
secretion MAPK cascade», «positive regulation of pro-
tein transport», «regulation of protein complex assem-
bly», «positive regulation of cell migration», «positive
regulation of secretion», «positive regulation of cellular
component movement», «positive regulation of orga-
nelle organization», «regulation of mitotic cell cycle»,

Figure 4 Associative network comprising genes connecting PE with DM, OB and GD.
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«regulation of immune effector process», «intracellular
protein kinase cascade», «regulation of cellular compo-
nent biogenesis», «regulation of cell cycle process»,
«regulation of organelle organization», «regulation of
cell cycle» (see Additional file 1).
An associative pathway network connecting PE, via

the PLAT, ADIPOQ, LEPR, TGFB1, TNFA, INS, IGFBP1,
ACE and ESR1 genes, with DM, OB and GD incorpo-
rated 66 genes with 167 connections (see Figure 4).
Most of these connections (78) corresponded to the
“association” type (shown in black). Sixty-nine of them
could be referred to “expression regulation” types and
13 as “co-expression” (shown in red); eight comprised
“down regulation”, “degradation regulation”, and “degra-
dation downregulation” (shown in violet).
The differential network of PE risk factors included

seven genes (interleukin-1-beta (IL1B), endothelial
(NOS3) NO-synthase, heat shock 70 kDa protein 4
(HSPA4), apolipoprotein J (CLU) and 5,10-methylenete-
trahydrofolate reductase (MTHFR).
Thus, whereas all the identified PE risk factors might

be treated as potential markers of this disease, the most
probable molecular mechanism underlying PE, DM, OB
and GD includes the pathway starting from the TGFB1,
TNFA, INS and ACE genes, through the IL1B, NOS3,
HSPA4 (HSP74), CLU and MTHFR genes, and even-
tually to PE.
Thus, the probable chains of molecular events on the

way to combined PE, in this context, are as follows:
TGFB1 or TNFA - IL1B - PE; TNFA or INS - NOS3 -
PE; INS - HSPA4 or CLU - PE; ACE - MTHFR - PE.

Discussion
The associative networks analysed in this work (see
Figures 1, 2, 3, 4) appeared to be significant for the
understanding of the nature of PE, thereby supporting
the hypothesis that PE represents a stable complex of
clinical manifestations [1,3,4]. The key players in the
reconstructed networks are comorbid genes which, on
the one hand, contribute to the development of PE and
its pathogenically related disorders, and, on the other
hand, may play the role of “triggers” in the presence of
other pre-eclampsia-promoting factors (genes and pro-
teins). Comorbid genes are characteristic of many multi-
factorial diseases [20]. Moreover, many comorbid
diseases may involve various pathophysiological mechan-
isms [20], and the construction of associative networks
makes it possible to understand their molecular
interrelations.
An analysis of reconstructed associative networks,

which describe interactions between comorbid proteins/
genes associated with different pair combinations of PE
with DM, Ob, and GD, demonstrated that comorbid dis-
eases differ in a statistically significant manner from

random disease pairs. The differences concern both the
number of common genes associated with the diseases
and the interactions between such genes. The number
of vertices in the comorbid networks, as well as the
number of interactions between the vertices, exceeded
those of random disease pairs. At the same time, the
density of connections in the associative molecular
genetic network describing the interactions between
proteins/genes associated concurrently with all four dis-
eases also differed significantly from those of the ran-
dom networks formed by random sets of proteins/genes.
Interestingly, we also observed the same regularity for
inversely comorbid diseases [10]. It has been shown that
the associative networks reconstructed for pairs of inver-
sely comorbid diseases, including bronchial asthma and
pulmonary tuberculosis, as well as nine pairs formed by
neurodegenerative (Parkinson disease, schizophrenia,
Alzheimer disease) and cancer diseases (colorectal neo-
plasms, prostatic neoplasms, lung neoplasms), signifi-
cantly differed from the networks that describe
interactions between random diseases. An example of
the mutual arrangement of inversely comorbid (bron-
chial asthma and pulmonary tuberculosis) and comorbid
diseases is shown in Figure 2.
Our current results are in many respects consistent

with those of epidemiological studies worldwide. It has
been amply demonstrated that the common risk factors
of PE were DM, Ob and GD [1,2,21-26]. In most stu-
dies, DM is a leading risk factor, as it occurs in more
than half of the women with PE [1,2,24]. Furthermore,
DM is more strongly associated with a late-onset of the
disease, which prevails among all the cases [24,25]. A
study of twin gestations supports our reasoning. In this
study, an evaluation of associated factors in PE gesta-
tions and a comparison of the incidence of pregnancy
complications among twins with and without PE
demonstrated that a high pregnancy body mass index
(BMI) and diabetes were associated with PE [27].
We identified 16 genes encoding shared proteins in

the molecular network, built using the literature- and
database-mining (ANDSystem, Pathway Studio and
STRING), that simultaneously connected with PE, DM,
GD and Ob. Most shared genes determined in this
study encode proteins controlling energy metabolism,
and are associated with the immune response and
inflammation.
An analysis of the associations of these genes with PE

and DM, GD and Ob obtained in case-control, family-
based, and meta-analyses studies, which we conducted
using the HuGE Navigator, revealed that 14 of the 16
shared genes were associated with at least one of the
diseases (see Table 1). Two genes (CSRP1 and PLAT)
had never been shown to be associated with PE and
DM, GD and Ob. Four shared genes (ACE, ADIPOQ,
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MBL2, TNFA) were found to be associated with all the
diseases.
We believe that the identification of these genes in the

current study is of importance because they encode pro-
teins important for the development of diseases, as con-
firmed by experimental studies (Table 1).
Angiotensin-converting enzyme (ACE) plays a key role

in regulating blood pressure by influencing vascular
tone by activating the vasoconstrictor angiotensin II and
inactivating the vasodilatory peptide bradykinin. Inter-
individual differences in blood ACE levels are at least in
part explained by the presence of an insertion/deletion
(I/D) polymorphism in intron 16 of the ACE gene, with
higher ACE levels observed in D allele carriers. The
results of many studies confirmed the association of
ACE polymorphism with PE [28]. Other studies have
indicated that the ACE gene is a factor that contributes
to the manifestation of GD [29], diabetic nephropathy
and Ob [30,31].
It has been shown that polymorphisms in the adipo-

nectin gene (ADIPOQ) modulate the circulating concen-
tration of adiponectin. Abnormal adiponectin levels, as
well as ADIPOQ polymorphisms, have been associated
with PE [32]. Some variants of this gene are associated
with the occurrence of GD [33], while other polymorph-
isms may contribute to type 2 DM risk [34] and Ob in
adults [35].
Mannose-binding lectin (MBL) is involved in the

maintenance of an inflammatory environment in the
uterus. High MBL levels have been associated with suc-
cessful pregnancies, whereas low levels are involved in
PE development. Association between polymorphisms in

the structural and promoter regions of the MBL2 gene
and PE have been evaluated [36]. MBL gene polymorph-
isms are associated with GD and with type 2 DM
[37,38]; in addition, MBL deficiency may confer a risk of
Ob and insulin resistance [39].
Tumour necrosis factor-alpha (TNF-a) participates in

the immune response and inflammation. Many studies
have showed that there is an association between the
TNFA gene and PE among Europeans [2,40]. The -308
G–>A polymorphism of the TNFA promoter gene is
involved in the pathophysiology of insulin resistance and
GD [41]. The same polymorphism is a genetic risk fac-
tor for the development of type 2 DM [42]. Individuals
who carry the -308A TNFA gene variant have a 23%
greater risk of developing obesity compared with con-
trols, and they showed significantly higher systolic arter-
ial blood pressure and plasma insulin levels, supporting
the hypothesis that the TNFA gene is involved in the
pathogenesis of the metabolic syndrome [43].
The PE associome contains more links than each of the

individual networks. The identified, shared genes have
been classified according to GO. Such a network was
needed for a GO overrepresentation analysis. The pre-
sence of processes identified by the GO analysis in the
pathogenesis of PE is not surprising. The central hypoth-
esis of our understanding of PE is that it results from
ischaemia of the placenta, which in turn releases factors
into the maternal circulation that are capable of inducing
the clinical manifestations of the disease [2]. Multiple
pathogenetic mechanisms have been implicated in this
disorder, including an imbalance between angiogenic and
anti-angiogenic factors, autoantibodies to the type-1
angiotensin II receptor, platelet and thrombin activation,
defective deep placentation, intravascular inflammation,
endothelial cell activation and/or dysfunction, and oxida-
tive and endoplasmic reticulum stress that promote the
differentiation of trophoblasts from a proliferative to an
invasive phenotype, regulate cell homeostasis through
their involvement in post-translational modifications and
protein folding, and induce the release of proinflamma-
tory cytokines and chemokines. Other mechanisms
include hypoxia and trophoblast invasion, which down-
regulate the expression of transforming growth factor b3
(TGF-b3) and hypoxia-inducible factors (HIF-1a and
HIF-2a) [2,44]. These results indicated the contribution
of common, non-specific, pathological processes to the
development of PE, DG, GD and Ob.
In addition to the identification of common proteins/

genes associated with different pathological processes,
another goal of the study was to find unique markers for
PE. To do so, we reconstructed potential mechanisms of
molecular interactions using the ANDSystem software, a
program that allows the identification of the largest num-
ber of links (see Figure 4). Although the central network

Table 1. Statistics of gene-disease associations for PE,
DM, GD and Ob obtained with the HuGE Navigator

Gene name PE DM GD Ob

ACE 39 244 2 77

ADA - 6 - -

ADIPOQ 4 156 4 176

ADRB3 1 49 4 145

CRP 2 20 - 28

CSRP1 - - - -

ESR1 7 21 - 36

HP 2 36 - 5

IGFBP1 - 7 - 5

INS 1 88 4 26

LEPR 7 35 1 154

MBL2 4 14 1 1

PLAT 2 3 - 1

SHBG - 6 1 7

TGFB1 8 33 - 8

TNFA 24 132 5 83

The number of associations determined by case-control, family-based and
meta-analysis studies are shown.
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core of these pathways contained only nine common
genes (PLAT, ADIPOQ, LEPR, TGFB1, TNFA, INS,
IGFBP1, ACE, ESR1), it incorporated 68 genes with 174
connections between them, and differential factor risks of
PE were identified: the IL1B, NOS3, HSPA4, CLU and
MTHFR genes. The contributions of many of these genes
to the pathogenesis of PE has been confirmed by numer-
ous studies [2,45-50]. Here, we showed for the first time
that these genes can be specifically involved in the patho-
genesis of PE. However, it is not yet clear why these genes
have a greater involvement in PE. The possible trigger
mechanisms of combined PE are linked to the processes
that are carried out by the products of the identified
genes, namely, inflammation (IL1B), endothelial dysfunc-
tion (NOS3), heat shock and stress (HSPA4), stabilizing
cell membranes at diverse fluid-tissue interfaces and pro-
tecting the vascular endothelium from an attack by some
factors in plasma, such as active complement complexes
(CLU), and homocysteine metabolism (MTHFR).
In addition, the results are of particular importance in

regard to the theory of confounding assumptions as false
mechanisms of genetic association when the factor is
associated with a confound, but not the phenotype, and a
confound, in turn, is associated with the phenotype
[51,52]. The identified genes can act as such a confound.

Conclusions
The current results broaden our knowledge of the molecu-
lar mechanisms of the interactions between comorbid dis-
eases. This reconstruction of associative molecular genetic
networks that describe interactions between PE and
comorbid diseases (GD, Ob, and DM) differed significantly
from partner networks built for random disease pairs. Net-
works between PE and comorbid diseases had a larger
number of genes and links between them. With this in
mind, it is of interest that similar features of associative
network structure have been observed for inversely comor-
bid diseases [10]. It can be suggested that comorbid and
inversely comorbid relationships between diseases involve
larger sets of closely interrelated genes larger than those
for random pairs of diseases. In the future, we intend to
perform a scale analysis that connects different disease
pairs to detect potential comorbid/inversely comorbid dis-
eases for all the possible disease pairs via which these dis-
eases can interact. Reconstruction and analysis of the PE
associome is useful for revealing the genetic factors
involved in the pathogenesis of the disease and for identify-
ing its differential risk factors, as well as for modelling the
theoretical mechanisms of PE development in pregnant
women with underlying diseases, such as DB, Ob or GD.

Methods
We used three systems that allowed the automated
reconstruction of networks that describe the interactions

between proteins/genes and diseases: STRING [13],
Pathway Studio [14] and ANDSystem [15].
The ANDSystem was developed for the automated

extraction of facts and knowledge regarding the relation-
ships between proteins, genes, metabolites, microRNAs,
cellular components, molecular processes, and their
associations with diseases from published scientific texts
and databases. To extract knowledge from texts in the
ANDSystem, the shallow parsing method was applied.
Pathway Studio is a software application developed for
the navigation and analysis of biological pathways, gene
regulation networks and protein interaction maps. The
program uses the natural language processing approach
to extract knowledge from the texts of scientific publica-
tions. STRING is a database and a web resource that
contains information about protein-protein interactions
(including physical and functional interactions) that is
mainly based on the use of text-mining methods.
The associative networks for the considered disease

pairs were graphs whose vertices were diseases and
human proteins/genes, while the edges were the associa-
tions between diseases and proteins.
The following indices of relation between a pair of

associative networks were used: (1) the intersection
index, IAB = |A ∩ B| equal to the intersection size of pro-
tein sets A and B composed of proteins concurrently
associated with diseases DA and DB; (2) the Jaccard
index [53] was calculated as the ratio of IAB to the com-
bination of sets A and B involving at least one of the

diseases DA and DB, JAB =
IAB

|A ∪ B| ; (3) Meet/Min [54]

was calculated as MAB =
IAB

min(|A| , |B|), where the

denominator denotes the size of the minimum of sets A
and B.
The statistical significance of the relation indices for

the analysed diseases in the associative networks was
determined by comparing these networks with the asso-
ciative ones formed by pairs of randomly chosen diseases.
For such an analysis, we used the ANDSystem because
this program allows the comparison of reconstructed net-
works with random ones generated using the ANDCell
knowledge base. All the interactions between proteins,
genes, metabolites, diseases and other objects described
by the ANDSystem are deposited in the ANDCell knowl-
edge base, which is a module of this system [15]. The
total number of diseases described in ANDCell was
4,075; of these, 991 were not found to be associated with
any human protein. Such diseases were discarded from
the analysis. To build the distribution of the relation
indices for random disease pairs, 10,000 random disease
pairs were generated (see Additional file 2). The P-value
for the analysed disease pairs was calculated as the
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proportion of 10,000 random networks with the same or
larger CR as in the examined pairs of diseases. The asso-
ciative networks were reconstructed using the ANDSys-
tem and Pathway Studio programs. STRING was not
used for this purpose because it gave no information
regarding interactions between protein/gene and dis-
eases. The associative networks for the analysed disease
pairs included only interactions of the disease-protein/
gene type; the interactions between proteins/genes were
discounted. As a result, to analyse the interactions
between proteins/genes in the associative networks, addi-
tional protein/gene-protein/gene associative molecular
genetic networks were built using the ANDSystem, Path-
way Studio and STRING. The statistical significance of
the connectivity of the associative molecular genetics net-
works built for the analysed disease pairs was also deter-
mined by comparing them with random networks. In
such a case, for each analysed associative molecular
genetic networks, 1,000 random networks were generated
using the ANDSystem (only human proteins/genes were
considered).
The statistical significance (p-value) of the difference

between the connectivity of the analysed network and that
of the random networks was also determined, like in the
case of the associative networks, as the proportion of ran-
dom networks with the same or greater number of links
between the vertices compared with the number of links
in the analysed network. The random molecular genetic
networks were built according to the following rules. Pro-
teins/genes considered as vertices in the random networks
were taken from the ANDCell knowledge base. To ensure
that the proteins/genes in the random networks were
represented at a level of study close to that of the pro-
teins/genes from the analysed networks, we considered
only those random proteins/genes whose connectivity rate
was the same as connectivity rate of proteins/genes from
the analysed networks. The set Qi was formed for each i-
th vertex of the analysed network. Qi was composed of all
the proteins/genes from the ANDCell knowledge base
having an interaction number in ANDCell equal to the
protein/gene interactions in the knowledge base repre-
sented by the i-th vertex. The protein/gene for the i-th
vertex of the random network was chosen by chance for
the set Qi . The links between the vertices in the random
networks were set according to the interactions described
in the ANDCell knowledge base.
The results of the automated extraction of information

regarding the interactions between proteins/genes and
diseases were tested manually. The recognition correct-
ness of the object names in the text, as well as the pre-
sence of their interactions, was tested. The lists of
shared and specific proteins were reduced by expert eva-
luation to retain only those participating in the patho-
genesis of both diseases for shared proteins, and in the

pathogenesis of either disease for specific proteins, as
shown previously [10].
The BINGO tool [55] was used to evaluate the overre-

presentation of the biological processes for the consid-
ered protein/gene set. The enrichment was evaluated
using a hypergeometric test with the Benjamini and
Hochberg FDR correction using the whole annotation as
a reference set. The human Uniprot-GOA Gene Asso-
ciation file (release 2013_05) was used as the custom
annotation file. In addition to the statistical significance
of the overrepresentation, the overrepresented GO pro-
cesses were characterized by the CR of the respective
proteins/genes in the associative molecular genetics net-
work built for intersection of the four studied diseases.
The CR for the protein group of the examined network
involved in the overrepresented GO biological process
was calculated as the ratio of the number of the protein
pairs connected by the network protein pairs of the
given group to the number of all possible pairwise com-
binations of proteins of this group. As is known, the
reconstruction quality of the molecular genetic networks
is related frequently to the problem of the completeness
of information regarding the interactions between pro-
teins. For this reason, to build the network, we took
advantage of three independent programs: ANDSystem,
Pathway Studio and STRING, with their parameters set
by default.

Additional material

Additional file 1: Excel spreadsheet file containing information
regarding the characteristics of overrepresented biological
processes.

Additional file 2: Excel spreadsheet file containing information
regarding the distribution of the relation indices of the disease-
protein-disease associative networks.

Competing interests
The authors declare that they have no competing interests.

Authors’ contributions
Expert analysis of the pathogenetic contributors (diabetes mellitus,
gestational diabetes and obesity) was done by ASG, ESV, VSP, ONA, EVM,
MSZ and VSB. The development of methods, programs, calculations and
analyses of the structural organization of the molecular genetic networks
was done by EST, PSD, OVS, TVI, NAK and VAI. All authors read and
approved the final manuscript.

Acknowledgements
The work was supported in part by the Russian Science Foundation grant
No. 14-24-00123 (development of methods, programs and reconstruction
and analysis of the pre-eclampsia associative networks) and Saint-Petersburg
State University grant No. 1.38.79.2012 (expert analysis of the pathogenetic
contributors: diabetes mellitus, gestational diabetes and obesity).

Declarations
Publication of this article has been funded by the Russian Science
Foundation grant No. 14-24-00123.

Glotov et al. BMC Systems Biology 2015, 9(Suppl 2):S4
http://www.biomedcentral.com/1752-0509/9/S2/S4

Page 10 of 12

http://www.biomedcentral.com/content/supplementary/1752-0509-9-S2-S4-S1.xlsx
http://www.biomedcentral.com/content/supplementary/1752-0509-9-S2-S4-S2.xlsx


This article has been published as part of BMC Systems Biology Volume 9
Supplement 2, 2015: Selected articles from the IX International Conference on
the Bioinformatics of Genome Regulation and Structure\Systems Biology (BGRS
\SB-2014): Systems Biology. The full contents of the supplement are available
online at http://www.biomedcentral.com/bmcsystbiol/supplements/9/S2.

Authors’ details
1Federal State Budget scientific Institution “#34;The Research Institute of
Obstetrics, Gynecology and Reproductology named after D.O. Ott”, St.
Petersburg, Russia. 2Saint-Petersburg State University, St. Petersburg, Russia.
3The Institute of Cytology and Genetics of the Siberian Branch of the Russian
Academy of Sciences, Novosibirsk, Russia. 4Novosibirsk State University,
Novosibirsk, Russia.

Published: 15 April 2015

References
1. Bilano VL, Ota E, Ganchimeg T, Mori R, Souza JP: Risk factors of pre-

eclampsia/eclampsia and its adverse outcomes in low- and middle-
income countries: a WHO secondary analysis. PLoS One 2014, 9:e91198.

2. Chaiworapongsa T, Chaemsaithong P, Yeo L, Romero R: Pre-eclampsia part
1: current understanding of its pathophysiology. Nat Rev Nephrol 2014.

3. Young BC, Levine RJ, Karumanchi SA: Pathogenesis of pre-eclampsia. Annu
Rev Pathol 2010, 5:173-92.

4. Duckitt K, Harrington D: Risk factors for pre-eclampsia at antenatal
booking: systematic review of controlled studies. BMJ 2005, 330:565.

5. Bellamy L, Casas J-PP, Hingorani AD, Williams DJ: Pre-eclampsia and risk of
cardiovascular disease and cancer in later life: systematic review and
meta-analysis. BMJ 2007, 335:974.

6. Feinstein AR: The pre-therapeutic classification of co-morbidity in chronic
disease. Journal of Chronic Diseases 1970, 23:455-468.

7. Pfaundler M, Seht L: Über Syntropie von Krankheitszuständen. Zeitschrift
für Kinderheilkunde 1921, 30:100-120.

8. Ibáñez K, Boullosa C, Tabarés-Seisdedos R, Baudot A, Valencia A: Molecular
evidence for the inverse comorbidity between central nervous system
disorders and cancers detected by transcriptomic meta-analyses. PLoS
genetics 2014, 10:e1004173.

9. Freidin MB, Puzyrev VP: Syntropic genes of allergic diseases 2010.
10. Bragina EY, Tiys ES, Freidin MB, Koneva LA, Demenkov PS, Ivanisenko VA,

Kolchanov NA, Puzyrev VP: Insights into pathophysiology of dystropy
through the analysis of gene networks: an example of bronchial asthma
and tuberculosis. Immunogenetics 2014, 66:457-65.

11. Jenssen TK, Laegreid A, Komorowski J, Hovig E: A literature network of
human genes for high-throughput analysis of gene expression. Nat
Genet 2001, 28:21-8.

12. Cheung WA, Ouellette BFF, Wasserman WW: Quantitative biomedical
annotation using medical subject heading over-representation profiles
(MeSHOPs). BMC bioinformatics 2012, 13:249.

13. Franceschini A, Szklarczyk D, Frankild S, Kuhn M, Simonovic M, Roth A, Lin J,
Minguez P, Bork P, Mering C von, Jensen LJ: STRING v9.1: protein-protein
interaction networks, with increased coverage and integration. Nucleic
Acids Res 2013, 41(Database):D808-15.

14. Nikitin A, Egorov S, Daraselia N, Mazo I: Pathway studio–the analysis and
navigation of molecular networks. Bioinformatics 2003, 19:2155-7.

15. Demenkov PS, Ivanisenko TV, Kolchanov NA, Ivanisenko VA: ANDVisio: a
new tool for graphic visualization and analysis of literature mined
associative gene networks in the ANDSystem. In Silico Biol 2011,
11:149-61.

16. Larina IM, Kolchanov NA, Dobrokhotov IV, Ivanisenko VA, Demenkov PS,
Tiĭs ES, Valeeva OA, Pastushkova LK, Nikolaev EN: [Reconstruction of
associative protein networks connected with processes of sodium
exchange’ regulation and sodium deposition in healthy volunteers by
urine proteome analysis]. Fiziol Cheloveka 2012, 38:107-15.

17. Momynaliev KT, Kashin SV, Chelysheva VV, Selezneva OV, Demina IA,
Serebryakova MV, Alexeev D, Ivanisenko VA, Aman E, Govorun VM:
Functional divergence of Helicobacter pylori related to early gastric
cancer. Journal of proteome research 2010, 9:254-67.

18. Podkolodnaya OA, Yarkova EE, Demenkov PS: Application of the ANDCell
computer system to reconstruction and analysis of associative networks
describing potential relationships between myopia and glaucoma.
Russian Journal of Genetics: Applied Research 2011, 1:21-28.

19. Sommer B, Tiys ES, Kormeier B, Hippe K, Janowski SJ, Ivanisenko TV,
Bragin AO, Arrigo P, Demenkov PS, Kochetov AV, Ivanisenko VA,
Kolchanov NA, Hofestädt R: Visualization and analysis of a cardio vascular
disease- and MUPP1-related biological network combining text mining
and data warehouse approaches. J Integr Bioinform 2010, 7:148.

20. Puzyrev VP, Freidin MB: Genetic view on the phenomenon of combined
diseases in man. Acta Naturae 2009, 1:52-7.

21. Mahaba HM, Ismail NA, El Damaty SI, Kamel HA: Pre-eclampsia:
epidemiology and outcome of 995 cases. J Egypt Public Health Assoc
2001, 76:357-68.

22. Wendland EM, Duncan BB, Belizán JM, Vigo A, Schmidt MI: Gestational
diabetes and pre-eclampsia: common antecedents? Arq Bras Endocrinol
Metabol 2008, 52:975-84.

23. Schneider S, Freerksen N, Röhrig S, Hoeft B, Maul H: Gestational diabetes
and pre-eclampsia–similar risk factor profiles? Early Hum Dev 2012,
88:179-84.

24. Ornaghi S, Tyurmorezova A, Algeri P, Giardini V, Ceruti P, Vertemati E,
Vergani P: Influencing factors for late-onset pre-eclampsia. J Matern Fetal
Neonatal Med 2013, 26:1299-302.

25. Lisonkova S, Joseph KS: Incidence of pre-eclampsia: risk factors and
outcomes associated with early-versus late-onset disease. Am J Obstet
Gynecol 2013, 209:544-e1.

26. Dadelszen P von, Magee LA: Pre-eclampsia: an update. Curr Hypertens Rep
2014, 16:454.

27. Lučovnik M, Tul N, Verdenik I, Novak Z, Blickstein I: Risk factors for pre-
eclampsia in twin pregnancies: a population-based matched case-
control study. J Perinat Med 2012, 40:379-82.

28. Buurma AJ, Turner RJ, Driessen JH, Mooyaart AL, Schoones JW, Bruijn JA,
Bloemenkamp KW, Dekkers OM, Baelde HJ: Genetic variants in pre-
eclampsia: a meta-analysis. Hum Reprod Update 2013, 19:289-303.

29. Dostálová Z, Bienertová-Vasků AJ, Vasků A, Gerychová R, Unzeitig V:
[Insertion-deletion polymorphism in the gene for angiotensin-
converning enzyme (I/D ACE) in pregnant women with gestational
diabetes]. Ceska Gynekol 2006, 71:369-73.

30. Yu Z-YY, Chen L-SS, Zhang L-CC, Zhou T-BB: Meta-analysis of the
relationship between ACE I/D gene polymorphism and end-stage renal
disease in patients with diabetic nephropathy. Nephrology (Carlton) 2012,
17:480-7.

31. Mao S, Huang S: A meta-analysis of the association between
angiotensin-converting enzyme insertion/ deletion gene polymorphism
and the risk of overweight/obesity. J Renin Angiotensin Aldosterone Syst
2013.

32. Machado JS, Palei AC, Amaral LM, Bueno AC, Antonini SR, Duarte G, Tanus-
Santos JE, Sandrim VC, Cavalli RC: Polymorphisms of the adiponectin gene
in gestational hypertension and pre-eclampsia. J Hum Hypertens 2014,
28:128-32.

33. Low CF, Mohd Tohit ER, Chong PP, Idris F: Adiponectin SNP45TG is
associated with gestational diabetes mellitus. Arch Gynecol Obstet 2011,
283:1255-60.

34. Chu H, Wang M, Zhong D, Shi D, Ma L, Tong N, Zhang Z: AdipoQ
polymorphisms are associated with type 2 diabetes mellitus: a meta-
analysis study. Diabetes Metab Res Rev 2013, 29:532-45.

35. Wu J, Liu Z, Meng K, Zhang L: Association of adiponectin gene (ADIPOQ)
rs2241766 polymorphism with obesity in adults: a meta-analysis. PloS
One 2014, 9:e95270.

36. Vianna P, Silva GK Da, Santos BP Dos, Bauer ME, Dalmáz CA, Bandinelli E,
Chies JA: Association between mannose-binding lectin gene
polymorphisms and pre-eclampsia in Brazilian women. Am J Reprod
Immunol (New York, NY: 1989) 2010, 64:359-74.

37. Megia A, Gallart L, Fernández-Real J-MM, Vendrell J, Simón I, Gutierrez C,
Richart C: Mannose-binding lectin gene polymorphisms are associated
with gestational diabetes mellitus. J Clin Endocrinol Metab 2004, 89:5081-7.

38. Muller YL, Hanson RL, Bian L, Mack J, Shi X, Pakyz R, Shuldiner AR,
Knowler WC, Bogardus C, Baier LJ: Functional variants in MBL2 are
associated with type 2 diabetes and pre-diabetes traits in Pima Indians
and the old order Amish. Diabetes 2010, 59:2080-5.

39. Fernández-Real JM, Straczkowski M, Vendrell J, Soriguer F, Pérez Del
Pulgar S, Gallart L, López-Bermejo A, Kowalska I, Manco M, Cardona F,
García-Gil MM, Mingrone G, Richart C, Ricart W, Zorzano A: Protection from
inflammatory disease in insulin resistance: the role of mannan-binding
lectin. Diabetologia 2006, 49:2402-11.

Glotov et al. BMC Systems Biology 2015, 9(Suppl 2):S4
http://www.biomedcentral.com/1752-0509/9/S2/S4

Page 11 of 12

http://www.biomedcentral.com/bmcsystbiol/supplements/9/S2


40. Harmon QE, Engel SM, Wu MC, Moran TM, Luo J, Stuebe AM, Avery CL,
Olshan AF: Polymorphisms in inflammatory genes are associated with
term small for gestational age and pre-eclampsia. Am J Reprod Immunol
2014, 71:472-84.

41. Chang Y, Niu XM, Qi XM, Zhang HY, Li NJ, Luo Y: [Study on the
association between gestational diabetes mellitus and tumor necrosis
factor-alpha gene polymorphism]. Zhonghua Fu Chan Ke Za Zhi 2005,
40:676-8.

42. Sefri H, Benrahma H, Charoute H, Lakbakbi El Yaagoubi F, Rouba H,
Lyoussi B, Nourlil J, Abidi O, Barakat A: TNF A -308G>A polymorphism in
Moroccan patients with type 2 diabetes mellitus: a case-control study
and meta-analysis. Mol Biol Rep 2014.

43. Sookoian SC, González C, Pirola CJ: Meta-analysis on the G-308A tumor
necrosis factor alpha gene variant and phenotypes associated with the
metabolic syndrome. Obes Res 2005, 13:2122-31.

44. Ehsanipoor RM, Fortson W, Fitzmaurice LE, Liao W-XX, Wing DA, Chen D-BB,
Chan K: Nitric oxide and carbon monoxide production and metabolism
in pre-eclampsia. Reprod Sci 2013, 20:542-8.

45. Lachmeijer AM, Nosti-Escanilla MP, Bastiaans EB, Pals G, Sandkuijl LA,
Kostense PJ, Aarnoudse JG, Crusius JB, Peña AS, Dekker GA, Arngrímsson R,
Kate LP ten: Linkage and association studies of IL1B and IL1RN gene
polymorphisms in pre-eclampsia. Hypertens Pregnancy 2002, 21:23-38.

46. Serrano NC, Casas JP, Díaz LA, Páez C, Mesa CM, Cifuentes R, Monterrosa A,
Bautista A, Hawe E, Hingorani AD, Vallance P, López-Jaramillo P: Endothelial
NO synthase genotype and risk of pre-eclampsia: a multicenter case-
control study. Hypertension 2004, 44:702-7.

47. Chen M, Yuan Z, Shan K: Association of apolipoprotein J gene 866C–>T
polymorphism with pre-eclampsia and essential hypertension. Gynecol
Obstet Invest 2005, 60:133-8.

48. Fekete A, Vér A, Bögi K, Treszl A, Rigó J: Is pre-eclampsia associated with
higher frequency of HSP70 gene polymorphisms? Eur J Obstet Gynecol
Reprod 2006, 126:197-200.

49. Mütze S, Rudnik-Schöneborn S, Zerres K, Rath W: Genes and the pre-
eclampsia syndrome. J Perinat Med 2008, 36:38-58.

50. Wang XM, Wu HY, Qiu XJ: Methylenetetrahydrofolate reductase (MTHFR)
gene C677T polymorphism and risk of pre-eclampsia: an updated meta-
analysis based on 51 studies. Arch Med Res 2013, 44:159-68.

51. Vanderweele TJ: Sensitivity analysis: distributional assumptions and
confounding assumptions. Biometrics 2008, 64:645-9.

52. Vanderweele TJ, Mukherjee B, Chen J: Sensitivity analysis for interactions
under unmeasured confounding. Stat Med 2012, 31:2552-64.

53. Jaccard P: The distribution of the flora in the alpine zone. New Phytol
1912, 11:37-50.

54. Goldberg DS, Roth FP: Assessing experimentally derived interactions in a
small world. Proc Natl Acad Sci USA 2003, 100:4372-4376.

55. Maere S, Heymans K, Kuiper M: BiNGO: a Cytoscape plugin to assess
overrepresentation of gene ontology categories in biological networks.
Bioinformatics 2005, 21:3448-9.

doi:10.1186/1752-0509-9-S2-S4
Cite this article as: Glotov et al.: Molecular association of pathogenetic
contributors to pre-eclampsia (pre-eclampsia associome). BMC Systems
Biology 2015 9(Suppl 2):S4.

Submit your next manuscript to BioMed Central
and take full advantage of: 

• Convenient online submission

• Thorough peer review

• No space constraints or color figure charges

• Immediate publication on acceptance

• Inclusion in PubMed, CAS, Scopus and Google Scholar

• Research which is freely available for redistribution

Submit your manuscript at 
www.biomedcentral.com/submit

Glotov et al. BMC Systems Biology 2015, 9(Suppl 2):S4
http://www.biomedcentral.com/1752-0509/9/S2/S4

Page 12 of 12



Toxicological Effects of the Different Substances in
Tobacco Smoke on Human Embryonic Development by a
Systems Chemo-Biology Approach
Bruno César Feltes1, Joice de Faria Poloni2, Daniel Luis Notari3, Diego Bonatto1*

1 Department of Molecular Biology and Biotechnology, Biotechnology Center of the Federal University of Rio Grande do Sul, Federal University of Rio Grande do Sul, Porto

Alegre, RS – Brazil, 2 Institute of Biotechnology, University of Caxias do Sul, Caxias do Sul, RS – Brazil, 3 Computational and Information Technology Center, Universidade

de Caxias do Sul, Caxias do Sul, RS – Brazil

Abstract

The physiological and molecular effects of tobacco smoke in adult humans and the development of cancer have been well
described. In contrast, how tobacco smoke affects embryonic development remains poorly understood. Morphological
studies of the fetuses of smoking pregnant women have shown various physical deformities induced by constant fetal
exposure to tobacco components, especially nicotine. In addition, nicotine exposure decreases fetal body weight and bone/
cartilage growth in addition to decreasing cranial diameter and tibia length. Unfortunately, the molecular pathways leading
to these morphological anomalies are not completely understood. In this study, we applied interactome data mining tools
and small compound interaction networks to elucidate possible molecular pathways associated with the effects of tobacco
smoke components during embryonic development in pregnant female smokers. Our analysis showed a relationship
between nicotine and 50 additional harmful substances involved in a variety of biological process that can cause abnormal
proliferation, impaired cell differentiation, and increased oxidative stress. We also describe how nicotine can negatively
affect retinoic acid signaling and cell differentiation through inhibition of retinoic acid receptors. In addition, nicotine causes
a stress reaction and/or a pro-inflammatory response that inhibits the agonistic action of retinoic acid. Moreover, we show
that the effect of cigarette smoke on the developing fetus could represent systemic and aggressive impacts in the short
term, causing malformations during certain stages of development. Our work provides the first approach describing how
different tobacco constituents affect a broad range of biological process in human embryonic development.
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Received October 12, 2012; Accepted March 15, 2013; Published April 29, 2013

Copyright: � 2013 Feltes et al. This is an open-access article distributed under the terms of the Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original author and source are credited.

Funding: This work was supported by research grants from the Conselho Nacional de Desenvolvimento Cientı́fico e Tecnológico (CNPq; Grant Number 474117/
2010-3), the Programa Institutos Nacionais de Ciência e Tecnologia (INCT de Processos Redox em Biomedicina-REDOXOMA; Grant Number 573530/2008-4; http://
www.cnpq.br), Fundação de Amparo a Pesquisa do Rio Grande do Sul FAPERGS (PRONEM Grant Number 11/2072-2; http://www.fapergs.rs.gov.br) and CAPES
(Cordenação de Aperfeiçoamento de Pessoal do Ensino Superior; http://www.capes.gov.br). The funders had no role in study design, data collection and analysis,
decision to publish, or preparation of the manuscript.

Competing Interests: The authors have declared that no competing interests exist.

* E-mail: diegobonatto@gmail.com

Introduction

There are more than 4,800 compounds present in the

particulate and vapor phases of cigarette smoke [1], and many

of these compounds are considered to represent a human health

risk [2]. Known constituents of cigarette smoke include isoprene,

butadiene, polycyclic aromatic hydrocarbons (PAHs), aldehydes,

metals, N-nitrosamines, and aromatic amines, in addition to many

others [1]. Although extensive anti-tobacco public advertisements

promote smoking cessation in pregnant women, a considerable

number of women still smoke during their pregnancies and/or are

exposed to tobacco smoke via passive smoking [2], [3], [4].

We addressed two major issues in this work. Although prenatal

smoke exposure has been previously associated with innumerable

malformations during fetus growth and development and disrup-

tions of reproductive physiology, there are gaps in the knowledge

of how tobacco components (TCs) affect the developing embryo in

pregnant women in a systemic way, [2], [3], [5], [6]. This

knowledge gap is the first issue that we address. Interestingly, these

abnormalities are not tissue specific or related to any unique

pathway but, rather, are systemic and connected to a broad range

of birth defects [2], [4]. The second issue that we address relates to

the fact that nicotine is the principal psychoactive constituent of

tobacco, understanding its biological effects on fetal and maternal

health is critical, as it may affect distinct biochemical pathways

when compared to other tobacco smoke constituents. Studies

concerning the morphological effects of tobacco smoke constitu-

ents in fetuses from both active and passive smoking women have

shown significant alterations in weight, fat mass and most

anthropometric parameters as well as in the placenta with

alterations in protein metabolism and enzyme activity [7]. These

alterations are the results of a direct toxic effect on the fetal cells or

an indirect effect through damage to, and/or functional distur-

bances of the placenta [7]. One possible explanation that could

link nicotine and the negative regulation of development is retinoic

acid (RA) signaling. RA is an indispensable molecule involved in

the regulation of gene expression and cell-cell signaling during

early development [8]. RA can cross the cell membrane and bind
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to specific nuclear receptors, such as retinoic acid receptors

(RARs) and retinoid6receptors (RXRs) [8]. Studies regarding the

role of RA receptors during embryogenesis have shown that RARs

are essential for the expression of HOX genes and skeletal

development [8], [9]. Nicotine has been previously associated with

inhibition of the RARb gene in lung cancer, which suggests that

nicotine affects RA signaling in human tissues [10]. Therefore, RA

signaling is a plausible pathway through which nicotine could

affect cell differentiation and cause human fetal morphological

abnormalities. However, the molecular mechanisms underlying

the progression or the cause of fetal abnormalities related to

cigarette smoking remain unknown.

To understand these mechanisms, we performed systems

chemo-biology analyses to elucidate the nature and number of

proteins and modules that are associated with prenatal tobacco

smoke exposure. Different protein-protein interaction (PPI) and

chemical-protein interaction (CPI) networks derived from inter-

actome projects were described. In a first analysis, we prospected

and analyzed a network using a list of 95 commonly found harmful

tobacco constituents [2], to elucidate how these substances could

act together to influence embryonic and fetal development. In a

second systems chemo-biology analysis, we prospected data on the

interactome and small compounds for nicotine alone and

examined how they could negatively affect cell differentiation

and bone development and lead to morphological abnormalities.

Furthermore, we conducted gene ontology (GO) analyses of the

major biological processes derived from the PPI and CPI

networks. Supporting the hypotheses gathered from systems

chemo-biology analyses, a landscape network study was performed

using available transcriptomic data of placenta and cord blood

isolated from passive smoking women and non-smoking women

[11].

A model of how selected TCs could influence embryonic

development was generated. We also developed a separate model

of how nicotine could affect cell differentiation and bone

development. Taken together, our systems chemo-biology data

are the first to show how tobacco smoke can affect fetal and

embryonic development in a systemic matter at the molecular

level.

Materials and Methods

Interactome Data Mining and Design of the Chemo-
biology Network

To design chemo-biology interactome networks and to elucidate

the interplay between development and TCs, the metasearch

engines STITCH 3.1 [http://stitch.embl.de/] and STRING 9.0

[http://string-db.org/] [12], [13] were used. In this sense, a list of

51 commonly found TCs, many of them with known concentra-

tions in the mainstream and sidestream tobacco smoke [2] were

used as initial seed for network prospection in STITCH. STITCH

software allows visualization of the physical connections among

different proteins and chemical compounds, whereas STRING

shows protein-protein interactions. Each protein-protein or

protein-chemical connection (edge) shows a degree of confidence

between 0 and 1.0 (with 1.0 indicating the highest confidence).

The parameters used in STITCH software were as follows: all

prediction methods enabled, excluding text mining; 20 to 50

interactions; degree of confidence, medium (0.400); and a network

depth equal to 1. The results gathered using these search engines

were analyzed with Cytoscape 2.8.2 [14]. In addition, the

GeneCards [http://www.genecards.org/] [15], [16], KEGG

[http://www.genome.jp/kegg/] [17], iHop [http://www.ihop-

net.org/UniPub/iHOP/] [18], PubChem [http://pubchem.ncbi.

nlm.nih.gov/], ALOGPS 2.1 [http://www.vcclab.org/lab/

alogps/] [19], AmiGO 1.8 [http://amigo.geneontology.org/cgi-

bin/amigo/go.cgi] [20], and Gene Expression Atlas [http://www.

ebi.ac.uk/gxa/] [21] search engines were also employed using

their default parameters.

To prospect protein-protein and chemical-protein interactions

(PPI and CPI, respectively), we entered each TC into the STITCH

program. TCs that were not present in the STITCH database (or

those that did not shown any protein connections) and particularly

well described components, such as nitric oxide, phenol and

carbon monoxide, were excluded from the analysis.

Different small CPI and PPI networks were obtained (data not

shown), and these networks were further analyzed using Cytoscape

2.8.2. Each network generated by STITCH and STRING was

combined into a large network using the Advanced Merge

Network function, which was fully implemented in Cytoscape

software.

Gene Expression Data for the Main Associated Nodes of
Tobacco Components

To determine whether mRNA sequences associated with

specific proteins connected to each TC could be present during

development, we searched the transcriptome data from the Gene

Expression Atlas [22]. We used the protein name and expression

data for Homo sapiens embryos and fetuses as the initial inputs. The

expression data indicated overexpressed and underexpressed genes

(Table S1 in Supporting Information S1). Gene Expression Atlas

infers the expression data for a specified gene by providing a list of

experimental studies [22]. We considered a gene overexpressed or

underexpressed based on the number of studies that matched the

expression state of our input. Proteins that are only present in

embryonic tissue were colored green, whereas proteins that are

only present in fetal tissue were colored pink (Table S1 in

Supporting Information S1). The blue nodes indicate the presence

of a protein in both embryonic and fetal tissue (Table S1 in

Supporting Information S1). Uncolored nodes (default color white)

connected to TCs were either not present in any of the selected

tissues in the initial input or were not found in the Gene

Expression Atlas database (Fig. 1).

Additionally, we evaluated the transcriptomic data gathered

from placenta and cord blood of passive smoking women (termed

group ‘‘a’’), with cord blood cotinine levels .1.0 ng/mL, and

from non-smoking women (group ‘‘b’’), with cord blood cotinine

levels ,0.15 ng/mL [11]. For this purpose, the matrix file

GSE30032 (available at Gene Expression Omnibus [http://

www.ncbi.nlm.nih.gov/geo]) was used and a mean value of

expression for each gene was generated for both groups ‘‘a’’ and

‘‘b’’. The mean value of expression was then overlaid in CPI-PPI-

derived subnetworks with the software ViaComplex 1.0 [23]. By

providing gene expression data and interactomic networks, the

software ViaComplex generates a landscape view of gene

expression in a specific network.

Solubility Predictions for Major Tobacco Component-
associated CPI-PPI Networks

To predict the solubility of each TC in an aqueous environ-

ment, such as in blood and plasma, we used the program

ALOGPS 2.1 [http://www.vcclab.org/lab/alogps/]. ALOGPS

allows simulation of the probable solubility of a given compound

determined based on its structural formula or CAS number.

Compounds with a solubility of less than 35 g/L [values of

ALOGpS and logS (exp)] were considered lipophilic. ALOGPS

2.1 was used with its default parameters.

Tobacco Smoke and Human Embryonic Development
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Figure 1. A binary network of chemical-protein and protein-protein interactions (CPI-PPI network) generated by the program
Cytoscape 2.8.2. (A) The main network, showing 49 known substances present in tobacco, 1177 nodes (49 substances, 1128 proteins) and 7522
edges (connections). Proteins were colored to identify the tissue in which they were present: (i) pink indicates fetal tissue; (ii) green, embryonic tissue;
and (iii) dark blue, both fetal and embryonic tissues. In addition, each substance was colored according to its solubility: (i) yellow indicates lipophilic
and (ii) light blue, hydrophilic. We observed that nicotine resided in a module apart from the major network (A). Therefore, we separated it from the
major CPI-PPI network and colored its module purple. (B) The nicotine subnetwork is shown separately from the major CPI-PPI network. It contained
proteins related to retinoic acid signaling and retinoic acid (lipophilic molecule). (C) The final major CPI-PPI network after the nicotine module was
extracted.
doi:10.1371/journal.pone.0061743.g001
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Module Analysis of Major Tobacco Component-
associated CPI-PPI Networks

The large CPI-PPI network obtained from the initial search

(Fig. 1) was analyzed in terms of the major cluster or module

composition using the program Molecular Complex Detection

(MCODE) [24], which is available at http://baderlab.org/

Software/MCODE. MCODE is based on vertex weighting by

the local neighborhood density and outward traversal from a

locally dense seed protein to isolate the dense regions according

to given parameters stipulated by the researcher [24]. The

parameters for cluster finding were as follows: loops included;

degree cutoff, 2; expansion of a cluster by one neighbor shell

allowed (fluff option enabled); deletion of a single connected

node from clusters (haircut option enabled); node density cutoff,

0.1; node score cutoff, 0.2; kcore, 2; and maximum network

depth, 100. Each cluster generates a value of ‘‘cliquishness’’ (Ci),

which is the degree of connection in a given group of proteins.

Thus, the higher the Ci value, the more connected the cluster

[24].

Centrality Analysis of the Major Tobacco Component-
associated CPI-PPI Networks

Centrality analysis was performed using the program CentiS-

caPe 1.2 [25]. In this analysis, the CentiScaPe algorithm evaluates

each network node according to the node degree, betweenness and

closeness to establish the most ‘‘central’’ nodes (proteins/chemi-

cals) within the network. Thus, the most relevant node for a

determined biochemical pathway or module can be obtained and

further analyzed. In general terms, the closeness analysis (1)

indicates the probability that any protein/chemical compound

(node in our network) is relevant to another protein/chemical

compound (node) in a signaling network or its associated network

[25], as determined using Equation (1):

Clo(v)~
1P

w[v dist(v,w)
ð1Þ

where the closeness value of node v (Clo(v)) is determined by

computing and totalizing the shortest paths among node v and all

other nodes (w; dist(v,w)) found within a network (1). The average

closeness (Clo) score was obtained by calculating the sum of

different closeness scores (Cloi) divided by the total number of

nodes analyzed (N(v)) (Equation 2).

SCloT~

P
iCloi

N(v)
ð2Þ

The higher the closeness value compared to the average closeness

score, the higher the relevance of the protein/chemical compound

to other protein nodes within the network/module. In turn, the

betweenness indicates the number of the shortest paths that go

through each node (Equation 3) [25], [26]:

Bet(v)~
X

s=v=t

ssw(v)

ssw

ð3Þ

where ssw total number of the shortest paths from node s to node

w, and ssw (v) is the number of those paths that pass through the

node. The average betweenness score (Bet) of the network was

calculated using equation (4), where the sum of different

betweenness scores (Beti) is divided by the total number of nodes

analyzed (N(v)):)].

Figure 2. HBs found in the major CPI-PPI network. Betweenness and node degrees were assessed using the program CentiScaPe. Among the
143 HBs, 53 proteins are present in both tissues, reinforcing the idea of a prolonged effect of CS on embryonic development.
doi:10.1371/journal.pone.0061743.g002
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Figure 3. Cluster analysis of the major CPI-PPI network indicating clusters 1, 4, 11, 16 and 20. Cluster 1 (A) is composed of 83 nodes and
565 edges, with Ci = 6,843. The associated hydrophilic constituents are urethane, N-nitrosoanabasine, N-methylpyrrolidine and pyridine. The lipophilic
constituents are toluene, 4-aminobiphenyl, 5-methylcrysene, benz[a]anthracene, chrysene, benzo[b]fluoranthene, 7H-dibenzo[c,g]carbazole and 2-
naphthylamine. Related GO terms: oxidation reduction and unsaturated fatty acid metabolic processes. Cluster 4 (B) is composed of 90 nodes and 411
edges, with Ci = 4,567. The associated hydrophilic compounds are urethane, N-nitrosoanabasine, N-methylpyrrolidine, arsenic, selenium and
cadmium, and the lipophilic compounds are acrolein, crotonaldehyde, toluene, xylene, ethylbenzene, benz[a]anthracene, styrene and 2-
naphthylamine. Related GO term: oxidation reduction. Cluster 11 (C) is composed of 23 nodes and 74 edges, with Ci = 3,217. Only the lipophilic
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SBetT~

P
iBeti

N(v)
ð4Þ

Thus, nodes with high betweenness scores compared to the

average betweenness score of the network are responsible for

controlling the flow of information through the network topology.

The higher a node’s betweenness score, the higher the probability

that the node connects different modules or biological processes,

such nosed are called bottleneck nodes.

Finally, the node degree (Deg(v)) is a measure that indicates the

number of connections (Ei) that involve a specific node (v)

(Equation 5):

Deg(v)~
X

Ei ð5Þ

The average node degree of a network (Deg) is given by equation

6, where the sum of different node degree scores (Beti) is divided by

the total number of nodes (N(v)) present in the network:

SDegT~

P
iDegi

N(v)
ð6Þ

Nodes with a high node degree are called hubs [25] and have

key regulatory functions in the cell.

Gene Ontology Analyses of Major Tobacco Component-
associated CPI-PPI Networks

The CPI-PPI modules generated by MCODE were further

studied by focusing on major biology-associated processes using

the Biological Network Gene Ontology (BiNGO) 2.44 Cytoscape

plugin [27], available at http://www.cytoscape.org/plugins2.

php#IO_PLUGINS. The degree of functional enrichment for a

given cluster and category was quantitatively assessed (p-value)

using a hypergeometric distribution. Multiple test correction was

also assessed by applying the false discovery rate (FDR) algorithm

[28], which was fully implemented in BiNGO software at a

significance level of p,0.05. The most statistically relevant

processes were taken into account when developing the interaction

model.

compound isoprene is present in this cluster. Related GO term: steroid biosynthetic processes. Cluster 16 (D) is composed of 15 nodes and 36 edges,
with Ci = 2,400. The associated hydrophilic compound is butyraldehyde. Related GO term: lipid modification. Cluster 20 (E) is composed of 29 nodes
and 65 edges, with Ci = 2,241. The associated lipophilic compounds are acrolein, 2-naphthylamine, 1,3-butadiene, cyclopentane and 4-
aminobiphenyl. Related GO terms: prostaglandin metabolic processes and unsaturated fatty acid metabolic processes. A merge of clusters 1, 4 and 20
(F). Clusters 11 and 16 did not show any proteins overlapping with any other cluster.
doi:10.1371/journal.pone.0061743.g003

Figure 4. Cluster analysis of the major CPI-PPI network and the modules related to cell-cell signaling. Cluster 2 (A) is composed of 73
nodes and 354 edges, with Ci = 4,849. Cluster 2 contains the two hydrophilic substances cadmium and methylamine. Related GO term: regulation of
cell communication. Cluster 18 (B) is composed of 13 nodes and 30 edges, with Ci = 2, 304. Cluster 18 contains one hydrophilic compound,
trimethylamine, and one lipophilic compound, ethylbenzene. Related GO term: cell-cell signaling.
doi:10.1371/journal.pone.0061743.g004
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Figure 5. A merge of clusters 3, 6, 17 and 21. In (A), cluster 3 is composed of 14 nodes and 65 edges, with Ci = 4,643. The associated hydrophilic
components are urethane, beryllium and polonium-210. Related GO terms: RNA-splicing and nucleobase, nucleoside, nucleotide and nucleic acid
metabolic processes. Cluster 6 (B) is composed of 24 nodes and 102 edges, with Ci = 4,250. The associated lipophilic constituents are 1,3-butadiene
and chrysene. Related GO term: nucleobase, nucleoside and nucleotide metabolic processes; cluster 17 (C) is composed of 35 nodes and 83 edges,
with Ci = 2,371. The hydrophilic constituents present include catechol and arsenic. Related GO term: regulation of nucleobase, nucleoside nucleotide
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Results and Discussion

Data Prospecting and Topological Design of a Major CPI-
PPI Network of Different Tobacco Constituents

Systems chemo-biology tools allow interactome networks of

high-throughput data to be designed for CPI and PPI networks. In

this sense, systems chemo-biology and systems pharmacology tools

have been employed in different research areas, like prospection of

new anticancer drugs [29], in order to evaluate the interaction of

different small molecules with proteins and the main biological

pathways potentially affected by these compounds.

Initially, our analysis was based on a list containing 95 TCs,

extracted from [2]. From this initial list, we excluded compounds

such as carbon monoxide, nitric oxide and phenol, which have

different pleiotropic effects within a cell and could lead to the

overrepresentation of many biological pathways not directly linked

to development. In addition, we excluded all compounds without

any protein target described, resulting in a final list containing 51

TCs commonly found in the mainstream and sidestream tobacco

smoke (Table S2 in Supporting Information S1).

We have examined the relationship between 51 TCs and

embryonic development pathways using systems chemo-biology

tools. It should be noted that many of the thousands of substances

in tobacco smoke are considered to represent public hazards, and

some have carcinogenic potential [2]. Despite the growing interest

in the elucidation of molecular pathways that can be affected by

these compounds, many TCs do not have a known molecular

target in the cell. However, our selected list of 51 TCs represents

those substances with well described concentration in tobacco

smoke, making them particularly attractive for experimental

hypothesis testing. Moreover, these 51 TCs have some type of

interaction with proteins already described, allowing systems

chemo-biology studies. From this initial list of 51 TCs, we

generated 51 small CPI-PPI networks (data not shown). Both

STRING and STITCH add the nodes with the highest probability

to be connected to a given node. Therefore, to create different

CPI-PPI networks, we identified 20 to 50 additional proteins

linked to each compound using only STITCH and STRING data

and merged all of the networks using the Advanced Network

Merge tool, which generates a single large network (referred to as

the ‘‘main network’’, Fig. 1A). After creating the small networks,

we found that RA receptors were present in the nicotine network.

We decided to expand the nicotine network by adding a small

network including RA and proteins related to RA signaling and

embryonic development (Fig. 1B). The nicotine module was

extracted from the first network to be studied independently

because it showed a distinct module within the main network.

The resultant network after the nicotine module was extracted

was referred to as the ‘‘major CPI-PPI network’’ and was

composed of 898 nodes and 3,452 edges (Fig. 1C). It should be

noted that, after merging each of the small CPI-PPI networks, two

substances, 3-aminobiphenyl and dicyclohexyl, did not display any

proteins in common with other compounds and were excluded

from the analysis. Remarkably, the major CPI-PPI network did

not show a wide overlap among the nodes, which indicates that

TCs may have a broad influence and most likely affect different

bioprocesses.

We next aimed to strengthen our understanding of our

networks. We examined two types of data: (i) transcriptome data

for each node directly associated with TCs to clarify whether the

mRNA and, by inference, the proteins were present in the fetus

(pink color), embryo (green color) or both (blue color) (Fig. 1,

Table S1 in Supporting Information S1); and (ii) solubility

predictions for the TCs and how this factor may influence the

developing organism by characterizing each TC as hydrophilic or

lipophilic (hydrophobic) (Fig. 1, Table S2 in Supporting Informa-

tion S1). Nodes that did not show expression were left with

uncolored (white) (Fig. 1, Table S1 in Supporting Information S1).

Interestingly, the majority of the nodes (145 of 234 total nodes;

Fig. 1) have some role in human embryonic development, and

thus, may affect the development of the organism. To predict TC

solubility, we used the program ALOGPS 2.1. Among 48 TCs in

our major CPI-PPI network (Fig. 1), we identified 21 lipophilic

compounds and 27 hydrophilic components. Of the 27 hydro-

philic components, 10 are inorganic, and 17 are organic (Table S2

in Supporting Information S1).

In addition, we used the program CentiScaPe 1.2 to examine

the major CPI-PPI network for the most relevant proteins/

compounds (Figs. 1 and 2). In a scale-free biological network, the

most important nodes are the so called hub-bottlenecks (HBs) [30]

because they combine the bottleneck function (nodes that

controlling the information flow in a given network and displaying

a betweenness score above the network average) and property

hubs (nodes with a number of connections above the average node

degree value of the network). Thus, HBs are critical nodes in a

biological network [30]. In our analysis, we observed 143 HB

nodes, of which 30 are TCs, and 53 were marked as present in

both the fetus and embryo, 17 only in the embryo, 7 only in the

fetus and 36 in neither the fetus nor embryo (white nodes) (Fig. 2).

White nodes present in all of the networks are either not connected

directly with the selected compound or do not show expression in

any of the selected tissues. Because we only colored the direct

nodes associated with a TC, it is clear that the TCs have a broad

impact during development, acting in critical nodes that are

necessary for development.

Furthermore, we sought to evaluate which TCs have the

broadest effects on the major CPI-PPI network. Therefore, a

closeness analysis was performed. Considering that the nodes

showing the highest closeness are most relevant to the greatest

number of nodes in a network [25], it can be assumed that the

TCs exhibiting the highest closeness are those with the greatest

systemic effects and impact the greatest number of proteins. A

graph of closeness and betweenness was generated, showing that

33 TCs (from a total of 48) present closeness value above the

average closeness of the network (Fig. S1 in Supporting

Information S2). This finding is consistent with our interpretation

that TCs have a systemic effect, impacting different proteins and

physiological processes.

To understand how TCs interact with their targets, we analyzed

the major CPI-PPI network for modules. From these analyses, we

obtained the major TCs that affect different modules. After

extraction of the nicotine subnetwork, MCODE found 22

significant modules (Figs. 3–7). Once the modules were obtained

(Figs. 3–7), a gene ontology (GO) analysis was performed.

Biological processes that are important for the development of

organisms were listed (Table S3 in Supporting Information S1).

Likewise, we performed additional GO analyses for the selected

HBs (Table 1) and in each cluster (Tables S4–S25 in Supporting

and nucleic acid metabolic processes. Cluster 21 (D) is composed of 22 nodes and 49 edges, with Ci = 2,227. The associated hydrophilic constituent is
beryllium, and the lipophilic constituent is crotonaldehyde. Related GO term: regulation of DNA metabolic processes. The union of clusters 3, 17 and
21 (E). Cluster 6 did not show any proteins overlapping with any other cluster.
doi:10.1371/journal.pone.0061743.g005
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Information S1). Clusters that were not associated with significant

GO terms due to a lack of data or were highly speculative in our

analysis were excluded (Tables S13, S15 to S18, S22 and S25 in

Supporting Information S1, Fig. S2 in Supporting Information

S2).

Systemic Effects of Tobacco Smoking in Human
Embryogenesis: Redox and Prostaglandin Metabolic
Processes

The modularity data gathered from the major PPI-CPI

network (Fig. 1C) were subjected to GO analysis. The GO

analysis of clusters 1, 4, 11, 16, and 20 (Fig. 3A–E) revealed

five main process annotations: (i) oxidation-reduction (redox), (ii)

prostaglandin metabolism, (iii) steroid biosynthesis, (iv) lipid

modification, and (v) unsaturated fatty acid metabolism (Tables

S4, S7, S14, S19 and S23 in Supporting Information S1). Given

the overlap among the different processes, these subnetworks

were merged into a single network (Fig. 3F). It was observed

that lipophilic molecules (e.g., chrysene, toluene, benz[a]anthra-

cene, benzo[b]fluoranthene, 7H-dibenzo(c,g)carbazole, 2-naph-

thylamine, 4-aminobiphenyl and 5-methylchrysene; Table S2 in

Supporting Information S1) were observed to be most

connected to the proteins annotated as being involved in redox

processes (Fig. 3A). Tobacco consumption has been associated

with altered redox mechanisms and the generation of oxidative

stress, leading to an inflammatory response [31], [32], [33],

[34]. In this sense, within the merged network (Fig. 3F), two

prostaglandin synthases (PTGS1 and PTGS2), and two 5-

lipooxygenases (ALOX5 and ALOX15B), which play a role in

the synthesis of leukotrienes [35], were identified. PTGSs are

not only related to inflammatory responses when they are

present at high levels in tissues but are also associated with

normal pregnancies due to promoting adequate circulatory

adaptation and regular maternal-fetal blood flow [32], [36]. In

addition to the results of our GO analyses, it is known that

maternal smoke diminishes prostaglandin levels, which causes

low birth weight [36]. In addition, arsenic (Fig. 3B), which is

present in this module, is related to increased oxidative stress

via redox mechanisms [37]. Considering the data amassed in

this module, it is possible to speculate that pro-oxidative

stimulation by TCs, such as those included in Fig. 3, can

generate a pro-inflammatory cascade, followed by downregula-

tion of PTGSs and increased availability leukotriene, which

promotes a continuous pro-inflammatory process. To corrobo-

rate this information, we used the transcriptomic data available

for placenta and cord blood of passive smoking and non-

smoking women [11]. In fact, the transcriptomic data analysis of

placenta and cord blood of passive smoking women using

landscape evaluation of the clusters 1, 4, and 20 (Fig. S1 in

Supporting Information S3) indicated that the PTGS and

ALOX genes are underexpressed when compared to non-

smoking women. Interestingly, almost all glutathione S-transfer-

ase genes (e.g., GSTM1, GSTA1), which catalyze the conjuga-

tion of reduced glutathione with toxic xenobiotic substrates and

confer antioxidative stress protection [38], are also downregu-

lated in the placenta and cord blood of passive smoking women

(Fig. S1 in Supporting Information S3), supporting the idea that

TCs induce a pro-oxidative condition in embryo.

Systemic Effects of Tobacco Smoking on Human
Embryogenesis: Regulation of Cell Communication and
Cell-cell Signaling

Cellular communication is of great importance for embryonic

development, being essential to coordinate the different biochem-

ical signals required to control cellular differentiation and

migration. Interestingly, GO analysis of clusters 2 and 18 (Fig. 4)

revealed two related processes: (i) regulation of cell communication

and (ii) cell-cell signaling (Tables S5 and S21 in Supporting

Information S1). Considering the different proteins found in

cluster 2 (Fig. 4A), two nodes appear to be important TC targets:

(i) signal transducer and activator of transcription 3 (STAT3),

which is related to cell-cell signaling in stem cell cultures [39]; and

(ii) colony stimulating factor receptor-b (CSF2RB), a CSF2

receptor molecule that is important for post-blastocyst embryonic

development, embryo differentiation, and implantation [40].

Epidermal growth factor (EGF) and its receptor EGFR were also

present in this subnetwork (Fig. 4A). EGFR is a plasma

membrane glycoprotein that is necessary for implantation and

epithelial differentiation as well as for cell signal transmission

during embryogenesis [41], [42]. It should be noted that both EGF

and EGFR were linked to cadmium and methylamine (Fig. 4A) in

our systems chemo-biology data. Other growth factors, such as

nerve growth factor (NGF) and transforming growth factor a
(TGFA), are also present in cluster 2. It is possible that the selected

constituents, cadmium and methylamine (Fig. 4), can play a

negative role in cell-cell signaling via inhibition of growth factors

and its receptors. Considering the transcriptomic data available for

the placenta and cord blood of passive smoking women [11], we

observed that EGFR gene and other cell-cell signaling-associated

genes are downregulated when compared to non-smoking women

(Figs. S2 and S3 in Supporting Information S3).

It should be noted that in the major CPI-PPI network, 1,3-

butadiene is linked to HOXD13 (Fig. 1C), whose mutations are

associated with abnormal limb length [43]. Considering that

tobacco abuse can lead to limb aberrations in newborns [3], the

HOXD cluster should be an interesting target with respect to

understanding the effects of cigarette compounds during develop-

ment. Moreover, cluster 2 (Fig. 4A) contains ERBB2, ERBB3 and

ERBB4, which are all members of the tyrosine kinase family and

show a similar structure to EGFR, which appears to be crucial for

skeletal development [44], and are also downregulated in the

placenta and cord blood of passive smoking women (Fig. S2 in

Supporting Information S3).

Systemic Effects of Tobacco Smoking in Human
Embryogenesis: Metabolism of DNA, DNA Damage
Stimulus, the Cell Cycle and Chromatin Organization

In the GO analysis of clusters 3, 6, 17 and 21 (Fig. 5), we

identified two related processes: (i) RNA-splicing and (ii) metab-

olism of nucleotides and DNA (Tables S6, S9, S20 and S24 in

Figure 6. Subnetworks derived from the merge of clusters 5, 8 and 9. In (A), Cluster 5 is composed of 69 nodes and 315 edges, with
Ci = 4,565. The associated hydrophilic components are vinyl acetate and ethylamine. Related GO terms: response to DNA-damage stimulus and cell
cycle. cluster 7 (B) is composed of 13 nodes and 54 edges with Ci = 4,154. The associated hydrophilic compound is dimethylamine. Related GO term:
chromatin organization. Cluster 8 (C) is composed of 85 nodes and 338 edges with Ci = 3,976. The associated lipophilic constituents are acrolein and
benzo[b]fluoranthene, whereas the hydrophilic constituents are urethane and arsenic. Related GO terms: DNA-damage stimulus and regulation of cell
cycle. Cluster 9 (D) is composed of 16 nodes and 58 edges, with Ci = 3,625. The hydrophilic constituent present is trimethylamine. Related GO term:
cell cycle processes. The union of clusters 5, 8 and 9 (F). Clusters 7 did not show any proteins overlapping with any other cluster.
doi:10.1371/journal.pone.0061743.g006
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Supporting Information S1). TCs were found associated with the

metabolism of nucleotides in four different clusters, but each

cluster contained different interacting compounds, including both

hydrophilic (catechol) (Fig. 5C to 5E) and lipophilic (chrysene

and 1,3-butadiene, crotonaldehyde) (Fig. 5B) as well as organic

(chrysene and 1,3-butadiene) (Fig. 5B) and inorganic (beryllium,

Figure 7. A binary network of the interactions between chemical compounds and proteins generated by the program Cytoscape
2.6.3, which contained 330 proteins and 4078 connections. Nicotine appears in the network as the green node, and RA appears as the blue
node. White nodes are connected to both compounds are proteins. A) A subnetwork generated by the program Cytoscape containing 49 nodes and
281 edges and showing the proteins with direct connections with nicotine. B) A subnetwork generated by the program Cytoscape containing 130
nodes and 1,471 edges and showing the proteins that make direct connections with RA.
doi:10.1371/journal.pone.0061743.g007
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polonium-210 and arsenic) substances (Fig. 5A, 5C, 5D, and
5E). Remarkably, in cluster 6, these substances are linked to

HPRT1 (Fig. 5B), a hypoxanthine phosphoribosyltransferase that

is responsible for the metabolism of purines [45].

Moreover, 1,3-butadiene, has been found to be linked to

increased genotoxic stress due to DNA damage through the

formation of DNA-DNA cross-links at adenine and guanine

nucleobases by its metabolites, 1,2,3,4-diepoxybutane and 3,4-

epoxy-1,2-butanediol [46], [47]. The compound 1,3-butadiene

has also been associated with epigenotoxic effects caused by the

loss of global DNA methylation and trimethylation of histone H3

lysines 9 and 27 and H4 lysine 20, all of which are known for their

roles in regulating gene expression patterns [47].

Next, in the GO analysis of clusters 5, 8 and 9 (Fig. 6), we

identified two related processes: (i) DNA damage stimulation and

(ii) the cell cycle (Tables S8, S11 and S12 in Supporting

Information S1). In this cluster, arsenic binds directly to PLM

(Fig. 6B and 6D), which is a protein with functions involved in

chromatin organization, cell differentiation, DNA repair, protein

sequestration and post-translational modifications [http://www.

genecards.org]. PML is linked to significant proteins that regulate

cell cycle such as p53, p300 and BING2 (Fig. 6B and 6D).

Another TC, urethane, is directly connected to FOS (Fig. 6B and
6D), a central protein involved in proliferation, and TNF, a pro-

inflammatory cytokine. Urethane is reported to alter placental

morphology and down-regulates cell cycle genes as well as

cytokines and other growth factors [48]. Interestingly, TCs

downregulate the expression of genes associated with the

metabolism of nucleotides and DNA, and cell cycle, as observed

by transcriptomic analysis (Figs. S4 and S5 in Supporting

Information S3).

In the GO analysis of cluster 7 (Fig. 6B), we only identified

chromatin organization (Table S10 in Supporting Information S1)

as a major biological process. Cluster 7 included dimethylamine,

which is connected to MBD2 (Fig. 6B), a protein associated with

regions of methylated DNA in CpG islands that can recruit histone

deacetylases (HDACs) and DNA methyltransferases [http://www.

genecards.org]. DNA methylation is also correlated with gene

silencing through polycomb repression complexes (PRC) [49].

PRC is involved in the silencing of many HOX genes [49], which

are critical for normal fetus development. Additionally, MBD2 is

correlated with the inactivation of sexual chromosomes and is a

candidate for recruiting DNA-methyltransferases (DNMTs) to the

silenced promoters of long-term repressed genes [50]. Taking into

account the effects of TCs in the expression of genes associated to

chromatin remodeling, like HDACs, it can be observed that

placenta and cord blood of passive smoking women showed a

downregulation of those genes (Fig. S6 in Supporting Information

S3), supporting the idea that TCs can affect chromatin remodeling

during embryogenesis.

Effect of Nicotine on Retinoic Acid Signaling, Cell
Proliferation and Differentiation

A second analysis using systems chemo-biology tools was

developed to elucidate the relationships between nicotine, RA

signaling and cell differentiation in the fetus during embryonic

development in female smokers. The extracted subnetwork was

examined separately due the distinct module involving nicotine

and its interacting proteins. RA was added to the network because

we observed that many proteins connected to nicotine are related

to embryonic development and RA signaling.

Thus, the amassed data allowed the design of a major CPI

network associated with nicotine and RA signaling (Fig. 7), which

revealed several proteins that related to embryonic development,

stress responses, and cell proliferation. Several of the proteins in

the CPI network are directly connected to nicotine, including (i)

VEGFA, a factor that induces blood vessel formation (angiogen-

esis) [51]; (ii) DNMT1, a DNA methyltransferase responsible for

the methylation of 59CpG islands in DNA (Fig. 7) [52]; (iii), FOS

and JNK1 (MAPK8), which are both inducers of cell proliferation

[53], [54]; and (iv) SOD2, which is responsible for mitochondrial

superoxide dismutation. In addition, many proteins involved in

cellular responses to stress, DNA damage and inflammation are

interconnected with nicotine in the CPI network (Fig. 7).

We observed a connection between nicotine and JNK1 through

their association with RARa in the CPI network (Fig. 7). JNK1 is

Table 1. Major bioprocesses associated with the hub-bottleneck subnetwork.

GO-ID GO p-value
Corrected p-
value k* n# Proteins

55114 Oxidation-
reduction

4.4610216 9.0610214 26 645 CYP3A5;CYP1B1;PTGS2;CYP2C19;CYP2B6;PGD;PTGS1;
ALDH3A2;AKR1C3;GSR;GPX1;FMO1;GPX4;HMOX1;
GPX3;CAT;NQO1;HADH;CYP1A1;CYP2C8;MAOB;IDO1;
CYP2E1;CYP1A2;DECR1;SOD2;LDLCQ3;ALDH7A1;G6PD;
AKR1B1;TXN;ALDH2;MPO

48545 Regulation
of steroid
hormone stimuli

1.3610213 1.8610211 18 225 TNF;PTGS2;MAP2K1;RELA;PTGS1;MAOB;BRCA1;
MAPK1;FOS;CCND1;CDKN1A;EP300;HMOX1;GPX4;
GPX3;ALDH2;INSR;NGF

42127 Regulation
of cell
proliferation

1.3610212 1.5610210 30 848 CSF2;TNF;GNAI2;PTGS2;PTGS1;TAC1;GPX1;INS;HMOX1;IFNG;SHC1;
EGF;INSR;MYC;EGFR;KAT2B;IL8;MAP2K1; RELA;TP53;IDO1;STAT1;
MBD2;BRCA1;SOD2;MAPK1; CDKN1A;CCND1;IL2;NGF

42981 Regulation
of apoptosis

9.3610212 9.4610210 29 282 CSF2;TNF;PTGS2;MMP9;GPX1;APP;INS;ALB;HMOX1; SOS1;IFNG;CAT;NQO1;
EGFR;RELA;GRIN2A;TP53;IDO1; STAT1;BRCA1;SOD2;MAPK1;CDKN1A;F2;MPO;PDCD6;
GSTP1;IL2;NGF

10646 Regulation
of cell
communication

6.0610210 2.661028 31 1154 CSF2;TNF;GNAI2;PTGS2;CD8A;GRB2;TAC1;GPX1;APP;
INS;SOS1;HMOX1;IFNG;CHRNA4;SHC1;CAT;EGF;INSR;
AGAP2;EGFR;MAP2K1;RELA;MAOB;GRIN2A;TP53;
MBD2;PTPN11;LAP3;CCND1;IL2;NGF

*Number of nodes for a given GO in the network;
#Total number of proteins for a given GO annotation.
doi:10.1371/journal.pone.0061743.t001
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expressed when the cell undergoes cellular stresses, such as

inflammation, oxidative stress, and heat [55]. In a murine model,

nicotine was found to be related to the expression of JNK1 in

respiratory system tissues through nicotinic receptors and receptor

kinins B1 and B2, whose stimulation by bradykinin leads to

increased levels of intracellular Ca2+ [53]. Cellular stress can

activate JNK1, which phosphorylates RARa and causes its

proteosomal degradation [55].

Supporting the idea that nicotine can induce the activation of

pro-inflammatory cascades and different cellular stress pathways,

the placenta and cord blood of passive smoking women showed an

upregulation of interleukin receptors (e.g., IL2RA; IL2RB),

VEGFA, FOS, JAK1, among others (Fig. S7 in Supporting

Information S3). Moreover, genes associated with antioxidative

stress, like SOD2, are underexpressed when compared to non-

smoking women (Fig. S7 in Supporting Information S3).

The systems chemo-biology analysis performed in this study also

showed that nicotine is directly connected to the protein CYP26A1

(Fig. 7), whose coding gene is downregulated in placenta and cord

blood of passive smoking women (Fig. S7 in Supporting

Information S3). This protein is responsible for regulating RA

levels [56] and is expressed in a spatial-temporal manner during

the development of mice, mainly in the anterior segment of the

embryo and in the neural crest-derived mesenchyme [56].

However, inhibition of this protein generates an accumulation of

RA and leads to deformities in the embryo, such as abnormalities

in the cerebellum, urogenital tract, and spinal cord [56].

Moreover, nicotine exhibited 22 proteins in common with RA

(Table 2). These proteins are mostly related to the immune

system, stress, and cell proliferation (Table 2), indicating that

nicotine affects RA signaling through cellular stress caused by

constant tobacco use. Interestingly, we observed that nicotine was

directly linked with VEGFA in our analysis (Fig. 7). Exposure to

nicotine could results in an increase in pro-inflammatory signaling,

leading to abnormal expression of VEGFA and other placental

growth factors, reducing uroplacental blood flow and culminating

in fetal growth restriction [57] (Fig. 8), an idea that is supported

by transcriptomic data (Fig. S7 in Supporting Information S3).

Role of Nicotine in the Differentiation of Bone Tissue
An indirect association of nicotine with RA receptors was

observed in the network via the influence of nicotine on the

transcription factor JUN (Fig. 7). The JUN protein can be

activated by the action of JNK1 during osteoblast differentiation

[58]. In a smoking woman the blood concentration of nicotine are

maintained at a stable level depending on the degree of tobacco

use [59]. During embryogenesis, constant levels of nicotine can

affect bone development, and morphological data have demon-

Table 2. The relationships between common proteins, nicotine and RA and their specific biochemical functions. These data were
obtained from the GeneCards (http://www.genecards.org) and iHop (http://www.ihop-net.org/UniPub/iHOP/) databases.

Protein Biological function Role

VEGFA Growth factor Crucial role in angiogenesis, vasculogenesis and endothelial growth

TGFB1 Cytokine Acts in differentiation, proliferation, adhesion and migration; also a potent stimulator
of bone growth

ALPP Alkaline phosphatase Expressed in the placenta

HSF Transcription factor Activated under conditions of heat or other cellular stress

FGF2 Growth factor Involved in tumor growth, development of the nervous system, cell differentiation
and angiogenesis

TH Hydroxylase Hydroxylase that functions in the physiology of adrenergic neurons

FOS Nuclear phosphoprotein Nuclear phosphoprotein that participates in cell differentiation, proliferation and
apoptosis

IL10 Cytokine Involved in the immune response against pathogens and in the inflammatory
response; also related to the intestinal immune system

DNMT1 Methyltransferase DNA methylation and the establishment of methylation patterns

IL1 Cytokine Involved in the immune response to pathogens and the inflammatory response

AKT1 Kinase Involved in tumor formation, angiogenesis and insulin regulation

BAX Transcription factor Pro-apoptotic protein

ALPL Alkaline phosphatase Mineralization of bone matrix

BCL1 (IL5) Cytokine Involved in the immune response against pathogens and the inflammatory response

NOS2A Nitric oxide synthase Produces nitric oxide (NO)

PPARG Proliferator peroxisome receptor Regulator of adipocyte differentiation and glucose homeostasis

K60 (IL8) Chemokine Involved in the inflammatory response; angiogenesis inducer

CREB1 Transcription factor Controls circadian rhythm, tumor suppressors and the expression of various genes
involved in cell survival

PLAU Protease Involved in extracellular matrix degradation and possibly tumorigenesis

IL2 Cytokine Essential in the proliferation of T-cells of the immune system. Stimulates the
production of B-cells, monocytes and natural killer cells

KDR (VEGFR) Growth factor Plays a crucial role in vasculogenesis and angiogenesis

RARB Retinoic Acid Receptor Involved in cell differentiation, cell growth arrest, and signaling and transcription of
target genes

doi:10.1371/journal.pone.0061743.t002
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strated a decrease in bone and cartilage growth [60]. An additional

impact of nicotine on bone tissue differentiation involves the

relationship with the BMP2 and BSP proteins. The BMP protein

family includes the most potent osteogenic growth factors

described to date [51] and is connected to nicotine (Fig. 7). A

study in rabbits showed that treatment with nicotine affects BMP2

RNA levels and the activity of osteoblasts [51]. Similarly, the BSP

protein is a glycoprotein that acts on bone mineralization, which

has also been described as being inhibited by nicotine in rat

osteoblast cells [61]. Corroborating these findings, the transcrip-

tomic data of placenta and cord blood of passive smoking women

support the fact that nicotine and other TCs inhibit the expression

of BMP2 (Fig. S8 in Supporting Information S3).

Modularity and Centrality Analyses Linking Nicotine with
Abnormal Embryonic Development

Once the CPI network was generated (Fig. 7), we aimed to

understand which major protein clusters might be present. In this

sense, the CPI network (Fig. 7) showed the presence of six

modules with a coefficient of cohesion greater than or equal to

3.00 (Clusters 1–6, Fig. S3 in Supporting Information S2). It was

observed that nicotine appeared in clusters 1–4 (Fig. S3A–D in

Supporting Information S2), but not associated with RA (only in

Fig. S3C in Supporting Information S2), which exhibits many

connections other than nicotine in the network. Nicotine is

connected to 49 proteins with 281 connections, and RA is

connected to 130 proteins with 1,471 connections (Fig. 7). From

the systems chemo-biology analysis, it was observed that nicotine

more readily clustered in a network focused on proteins involved

in development and cellular stress (Fig. 7). We also observed that

certain clusters did not contain either nicotine or RA (Figs. S3E

and F in Supporting Information S2). In cluster 5 (Fig. S3E in

Supporting Information S2) there are a prevalence of proteins

linked to (i) chromatin remodeling, such as EZH2, EED, SUZ12,

DNMT1, DNMT3A, DNMT3B, HDAC2, HDAC4, HDAC5,

and (ii) development and differentiation, including several HOX

proteins [A1, 1C (A5), 4B (D4), 2I (B1), B13, B4 and 4F (A11)],

PAX1, PAX6, NANOG, RAR, RXRb, NOTCH1, CYP2B6, and

CYP26A1.

To identify the major nodes within the CPI network (Fig. 8), we

calculated betweenness, closeness and node degree centralities.

From these analyses, two graphs were generated containing the

proteins that showed the highest centrality values (Figs. S4 and S5

in Supporting Information S2). Interestingly, these nodes present a

similar relevance order in both graphs. Thus, RA, nicotine, JNK1,

p300, AKT1, p53 and ERK showed the highest betweenness,

closeness and node degree values (Figs. S4 and S5 in Supporting

Figure 8. A molecular model illustrating how nicotine could potentially affects differentiation. In the first part of the model (I), it can be
observed that by generating cellular stresses, nicotine promotes the recruitment of JNK1 through the influx of intracellular Ca2+. JNK1, by itself,
promotes the inhibition of RARa. Finally, nicotine promotes the inhibition of CYP26A1, which generates an accumulation of RA in the cell and an
increase in cell proliferation. In the second part of the model (II), the inhibition of BMP2 and BSP is promoted by nicotine, which results in the
negative regulation of bone mineralization and skeletal development. In addition, nicotine promotes a pro-inflammatory reaction that recruits VEGF
and placental growth factors, which leads to an impairment of the endovascular trophoblast, resulting in a fetal growth restriction.
doi:10.1371/journal.pone.0061743.g008
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Information S2). As these proteins play major roles in cellular

physiology, it was expected that they would exhibit higher values

for the three variables. The proteins with the highest values were

taken into consideration in the design of a molecular model of the

effect of nicotine on embryonic development (Fig. 8). In the

centrality analysis, it was observed that p300 appeared as an

important node, showing the highest values of betweenness,

closeness, and the node degree (Figs. S4 and S5 in Supporting

Information S2). This scenario demonstrates that there is a major

influence of p300 on the network regarding the number of

connections with other proteins (92 proteins), the implications of

its importance for neighboring proteins (closeness) and its

relationships to clusters and bioprocesses (betweenness). Therefore,

the negative regulation of this protein induced by nicotine can also

lead to fetal malformations and could be a potential study target

for understanding the influence of nicotine in development.

Noteworthy, the transcriptomic analysis of extraembryonic tissues

extracted from pregnant passive smoking women showed a

downregulation of p300-coding gene (Fig. S8 in Supporting

Information S3).

An important issue that should be addressed in the future is the

influence of the major nicotine metabolites on the activity of the

enzymes and proteins observed in this work. It has been reported

that 70–80% of nicotine is metabolized to cotinine by CYP2A6 to

produce nicotine and a cytoplasmic aldehyde oxidase [62].

However, nicotine can generate an elevated number of different

metabolites, whose mechanism of action is not clear [62].

Additionally, the mechanism of detoxification of nicotine and

cotinine is based on the glucuronidation of both molecules,

accounting for 40–60% of the nicotine found in urine [62].

Unfortunately, for the majority of compounds present in tobacco

smoke observed in this work, the data about its metabolization or

detoxification are virtually unknown. The use of metabolomic

techniques associated with systems chemo-biology tools should

improve our understanding of how nicotine and other TCs

physiologically affect development.

Conclusions

In the present study, we showed, using systems chemo-biology

tools, how the primary harmful constituents of tobacco interact

with specific biological processes and affect them. Our cluster

analysis results show that TCs act in many bioprocesses, including

cell communication and signaling, hormone synthesis and

Figure 9. A model of the interactions from a systemic view showing how TCs affect development. In (A), we show that increasing TC
levels generate a pro-inflammatory cascade by increasing the levels of PTGS1 and PTGS2. PTGSs are associated with inflammatory responses and are
essential for normal pregnancy. Disturbances in PTGS expression could cause impairments in fetal development. TCs are connected to ALOX5 and
ALOX15B, which are proteins involved in the synthesis of leukotriene, a molecule that plays pivotal roles in pro-inflammatory responses. The
consequence of (A) is low birth weight in newborn infants, abortions and increased proliferation. Moreover, in (B), TCs are linked to BING2 and USP2,
which are proteins related to increased activity of MDM2. This MDM2 mediated up-regulation can rapidly down-regulate p53 protein, leaving the cell
more susceptible to DNA damage. TCs also down-regulate HPRT1, diminishing purine metabolism. This system exhibits a relationship with increased
proliferation. The systems in (C) shows that TCs are associated with the generation of superoxides due to up-regulating NADH oxidase, which
increases ROS levels and, consequently, oxidative stress. Increased oxidative stress is known to be related to birth defects. In addition, system (C) is
associated with low birth weight and low neutrophil activity. Moreover, (D) shows the relationship between TCs and low hormone synthesis and
signaling. Exposure to TCs could have a negative effect on androgen and estrogen solubility due to acting on the UGT cluster. TCs could also be
associated with low levels of cholesterol synthesis due to increasing the levels of CYPs and diminishing the levels of FDFT1 and FDPS, which are two
enzymes related to cholesterol synthesis. Low cholesterol availability would decrease general hormone synthesis. In addition, TCs affect the transport
of cholesterol to the mitochondria by acting on the membrane protein StAR. Finally, in (E), the system shows the relationships between TCs and
decreased global gene expression and cellular differentiation and signaling. The activities of the TCs would increase the levels of MBD2, a methylation
enzyme. DNA methylation is related to gene silencing. We postulate that TCs could affect the PRC2 complex via its methylation and disturb gene
expression, including that of HOX genes. TCs could also have a negative effect on gene expression by increasing YWHAH levels, which would
decrease the levels of the master kinase PDPK1 and is linked to AKT activation and SMAD nuclear translocation. In addition, NOTCH signaling could
be affected through the action of TCs on APP activation.
doi:10.1371/journal.pone.0061743.g009
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signaling, DNA metabolism, DNA repair, and inflammation,

whose results were supported by landscape network analysis of

transcriptomic data of extraembryonic tissues gathered from

passive smoking women and non-smoking women. Although these

processes have wide effects on cellular and embryonic physiology,

they can be disturbed by the levels of the constituents of tobacco

smoke. Because these effects are complex, we developed an

interaction which comprises two main mechanisms associated with

TCs: increased inflammatory processes (Fig. 9A), and negative

regulation of gene expression, cell differentiation and cell signaling

(Fig. 9B). The systems model is related to low birth weight, an

increased probability of abortion, morphological abnormalities

(mainly in the skeletal system), low neutrophil activity and

increased proliferation rates. Furthermore, our model can help

improve knowledge and provide new insights regarding how the

chemicals in tobacco cause the many morphological abnormalities

observed in the newborn offspring of smoking pregnant women.

The role of nicotine in embryonic development has also not been

well studied. The analysis performed in this study demonstrates

that nicotine has an aggressive effect on cell differentiation,

affecting RA signaling in the embryo, inhibiting RA receptors due

to intracellular calcium influx and stimulating cell proliferation

proteins that antagonize RA activity. Osteoblast differentiation is

also affected by nicotine via inhibiting proteins that stimulate bone

tissue formation, which complements the TC model. Together,

these data show that the birth defects observed in morphological

studies could be caused by the negative action of nicotine on RA

signaling. The networks also show that the pro-inflammatory

pathway triggered by nicotine could be a factor leading to

decreased body weight in the fetuses of smoking women. Finally,

cluster analysis shows a systemic effect of nicotine, which could

affect the network in a more aggressive and short-term way via

cellular stress cascades.
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Supporting Information 2 Figure S1 Graph showing the

relationship of closeness and betweenness of the TCs in the major

CPI-PPI network. All nodes in the graph present a mean above

average in both closeness and betweenness. The color represents

the soluble property of the TCs (Light blue = hydrophilic and

Yellow = lipophilic). Three nodes have distinct color/shape, since

they shared a color with the adjacent node [Chromium = Large

width node (black); Cadmium = Diamond shape/blue colored;

and 7H-dibenzo[cg]carbazole = Orange node]. Figure S2 Clus-

ters excluded from the analysis due lack of literature data

associated with TCs and their given GO, therefore, being highly

speculative. In (A), Cluster 10 is composed by 12 nodes and 39

edges, with Ci = 3,250. The associated hydrophilic component is

furfural. Related GO: Glucose Catabolic Process and Pentose-

Phosphate Shunt. Cluster 12 (B) is composed by 16 nodes and 43

edges, with Ci = 2,750. The associated hydrophilic components

are cadmium and acrynolitryle. Related GO: Antigen Processing

and Presentation. Cluster 13 (C) is composed by 18 nodes and 48

edges, with Ci = 2,667. The associated hydrophilic component is

urethane and the lipophilic is xylene. Related GO: G-Protein

Coupled Receptor Protein Signaling Pathway. Cluster 14 (D) is

composed by 42 nodes and 109 edges, with Ci = 2,595. The

associated hydrophilic components are hydrazine, resorcinol,

nickel and chromium. Related GO: Regulation of Insulin

Signaling Pathway. Cluster 15 (E) is composed by 22 nodes and

55 edges, with Ci = 2,250. The associated hydrophilic components

are chromium and acrynolitryle. Whereas the lipophic are xylene,

chrysene, 5-methylcrysene, benz[a]anthracene and benzo[b]fluor-

acene. Related GO: Response to Chemical Stimuli. Cluster 19 (F)

is composed by 12 nodes and 27 edges, with Ci = 2,250. The

associated hydrophilic component is lead. Related GO: I-KappaB

Kinase/NF-KappaB Cascade. Cluster 22 (G) is composed by 20

nodes and 43 edges, with Ci = 2,150. The associated hydrophilic

components are cadmium, lead, pyrrole and arsenic. Related GO:

Heme Biosynthetic Process. Figure S3 Clusters 1 to 6, extracted

from the nicotine CPI-PPI network by MCODE. The blue node is

RA and the green node is nicotine. Cluster 1 (A) is composed by

159 nodes and 2373 edges, with Ci = 14, 925; Cluster 2 (B) is

composed by 227 nodes and 2649 edges, with Ci = 11,670; Cluster

3 (C) is composed by 207 nodes and 1793 edges, with Ci = 8,662;

Cluster 4 (D) is composed by 174 nodes and 1002 edges, with

Ci = 5,759; Cluster 5 (E) is composed by 89 nodes and 300 edges,

with Ci = 3,371; Cluster 6 (F) is composed by 12 nodes and 36

edges, with Ci = 3,000. Nicotine appears in four clusters (A to D),

whereas RA only in C, showing that nicotine is more easily

clustered. Figure S4 Graph showing the relationship of node

degree (ND) and betweenness (BT) using all proteins in the

nicotine CPI-PPI network. The seven most significant proteins

were selected (which are present near the value of 5.06103). The

dotted line shows the threshold of significance, and the values

above the line are considered more relevant. Figure S5 Graph

showing the relationship of closeness (CL) and betweenness (BT)

from all proteins in the nicotine CPPI-PPI network. The seven

most significant proteins were selected (which are present near the

value of 5.06103). The dotted line shows the threshold of

significance, and the values above the line are considered more

relevant.
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Supporting Information 3 Figure S1 Network representation

of cluster 1,4, and 20 obtained from STRING metasearch engine
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(A). This network was used for two-state landscape analysis of gene

expression (B). Coordinates (X- and Y-axis) represent normalized

values of the input network topology. Color gradient (Z-axis)

represents the relative gene functional state mapped onto network

according to the transcriptomic data input of GSE30032 series file

[placenta plus cord blood transcriptomic data from passive

smoking women (a) versus placenta plus cord blood from non-

smoking women (b)]. In this sense, the mathematical equation

z = a/(a+b) was used to calculated the relative gene functional state

of condition (a) and condition (b). Thus, the gene expression in

condition (a) is greater than condition (b) when z .0.55 (yellow to

red colors), lower than (b) when z ,0.45 (cyan to blue colors) and

equivalent to (b) when 0.45, z ,0.55 (green color). The landscape

was generated by ViaComplex 1.0 software with the following

options: plot as ‘‘3D-Graph’’, build on ‘‘node’’, resolution ‘‘level-

50’’, contrast ‘‘level-50’’, smoothness ‘‘level-50’’ and zoom ‘‘level-

50’’. Figure S2 Network representation of cluster 2 obtained from

STRING metasearch engine (A). This network was used for two-

state landscape analysis of gene expression (B). Coordinates (X-

and Y-axis) represent normalized values of the input network

topology. Color gradient (Z-axis) represents the relative gene

functional state mapped onto network according to the transcrip-

tomic data input of GSE30032 series file [placenta plus cord blood

transcriptomic data from passive smoking women (a) versus

placenta plus cord blood from non-smoking women (b)]. In this

sense, the mathematical equation z = a/(a+b) was used to

calculated the relative gene functional state of condition (a) and

condition (b). Thus, the gene expression in condition (a) is greater

than condition (b) when z .0.55 (yellow to red colors), lower than

(b) when z ,0.45 (cyan to blue colors) and equivalent to (b) when

0.45, z ,0.55 (green color). The landscape was generated by

ViaComplex 1.0 software with the following options: plot as ‘‘3D-

Graph’’, build on ‘‘node’’, resolution ‘‘level-50’’, contrast ‘‘level-

50’’, smoothness ‘‘level-50’’ and zoom ‘‘level-50’’. Figure S3
Network representation of cluster 18 obtained from STRING

metasearch engine (A). This network was used for two-state

landscape analysis of gene expression (B). Coordinates (X- and Y-

axis) represent normalized values of the input network topology.

Color gradient (Z-axis) represents the relative gene functional state

mapped onto network according to the transcriptomic data input

of GSE30032 series file [placenta plus cord blood transcriptomic

data from passive smoking women (a) versus placenta plus cord

blood from non-smoking women (b)]. In this sense, the

mathematical equation z = a/(a+b) was used to calculated the

relative gene functional state of condition (a) and condition (b).

Thus, the gene expression in condition (a) is greater than condition

(b) when z .0.55 (yellow to red colors), lower than (b) when z

,0.45 (cyan to blue colors) and equivalent to (b) when 0.45, z

,0.55 (green color). The landscape was generated by ViaComplex

1.0 software with the following options: plot as ‘‘3D-Graph’’, build

on ‘‘node’’, resolution ‘‘level-50’’, contrast ‘‘level-50’’, smoothness

‘‘level-50’’ and zoom ‘‘level-50’’. Figure S4 Network representa-

tion of cluster 3, 11 and 21 obtained from STRING metasearch

engine (A). This network was used for two-state landscape analysis

of gene expression (B). Coordinates (X- and Y-axis) represent

normalized values of the input network topology. Color gradient

(Z-axis) represents the relative gene functional state mapped onto

network according to the transcriptomic data input of GSE30032

series file [placenta plus cord blood transcriptomic data from

passive smoker women (a) versus placenta plus cord blood from

non-smoker women (b)]. In this sense, the mathematical equation

z = a/(a+b) was used to calculated the relative gene functional state

of condition (a) and condition (b). Thus, the gene expression in

condition (a) is greater than condition (b) when z .0.55 (yellow to

red colors), lower than (b) when z ,0.45 (cyan to blue colors) and

equivalent to (b) when 0.45, z ,0.55 (green color). The landscape

was generated by ViaComplex 1.0 software with the following

options: plot as ‘‘3D-Graph’’, build on ‘‘node’’, resolution ‘‘level-

50’’, contrast ‘‘level-50’’, smoothness ‘‘level-50’’ and zoom ‘‘level-

50’’. Figure S5 Network representation of cluster 5, 8 and 9

obtained from STRING metasearch engine (A). This network was

used for two-state landscape analysis of gene expression (B).

Coordinates (X- and Y-axis) represent normalized values of the

input network topology. Color gradient (Z-axis) represents the

relative gene functional state mapped onto network according to

the transcriptomic data input of GSE30032 series file [placenta

plus cord blood transcriptomic data from passive smoker women

(a) versus placenta plus cord blood from non-smoker women (b)].

In this sense, the mathematical equation z = a/(a+b) was used to

calculated the relative gene functional state of condition (a) and

condition (b). Thus, the gene expression in condition (a) is greater

than condition (b) when z .0.55 (yellow to red colors), lower than

(b) when z ,0.45 (cyan to blue colors) and equivalent to (b) when

0.45, z ,0.55 (green color). The landscape was generated by

ViaComplex 1.0 software with the following options: plot as ‘‘3D-

Graph’’, build on ‘‘node’’, resolution ‘‘level-50’’, contrast ‘‘level-

50’’, smoothness ‘‘level-50’’ and zoom ‘‘level-50’’. Figure S6
Network representation of cluster 7 obtained from STRING

metasearch engine (A). This network was used for two-state

landscape analysis of gene expression (B). Coordinates (X- and Y-

axis) represent normalized values of the input network topology.

Color gradient (Z-axis) represents the relative gene functional state

mapped onto network according to the transcriptomic data input

of GSE30032 series file [placenta plus cord blood transcriptomic

data from passive smoker women (a) versus placenta plus cord

blood from non-smoker women (b)]. In this sense, the mathemat-

ical equation z = a/(a+b) was used to calculated the relative gene

functional state of condition (a) and condition (b). Thus, the gene

expression in condition (a) is greater than condition (b) when z

.0.55 (yellow to red colors), lower than (b) when z ,0.45 (cyan to

blue colors) and equivalent to (b) when 0.45, z ,0.55 (green

color). The landscape was generated by ViaComplex 1.0 software

with the following options: plot as ‘‘3D-Graph’’, build on ‘‘node’’,

resolution ‘‘level-50’’, contrast ‘‘level-50’’, smoothness ‘‘level-50’’

and zoom ‘‘level-50’’. Figure S7 Nicotine-associated network

obtained from STRING metasearch engine (A). This network was

used for two-state landscape analysis of gene expression (B).

Coordinates (X- and Y-axis) represent normalized values of the

input network topology. Color gradient (Z-axis) represents the

relative gene functional state mapped onto network according to

the transcriptomic data input of GSE30032 series file [placenta

plus cord blood transcriptomic data from passive smoker women

(a) versus placenta plus cord blood from non-smoker women (b)].

In this sense, the mathematical equation z = a/(a+b) was used to

calculated the relative gene functional state of condition (a) and

condition (b). Thus, the gene expression in condition (a) is greater

than condition (b) when z .0.55 (yellow to red colors), lower than

(b) when z ,0.45 (cyan to blue colors) and equivalent to (b) when

0.45, z ,0.55 (green color). The landscape was generated by

ViaComplex 1.0 software with the following options: plot as ‘‘3D-

Graph’’, build on ‘‘node’’, resolution ‘‘level-50’’, contrast ‘‘level-

50’’, smoothness ‘‘level-50’’ and zoom ‘‘level-50’’. Figure S8
Retinoic acid-associated network obtained from STRING meta-

search engine (A). This network was used for two-state landscape

analysis of gene expression (B). Coordinates (X- and Y-axis)

represent normalized values of the input network topology. Color

gradient (Z-axis) represents the relative gene functional state

mapped onto network according to the transcriptomic data input
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of GSE30032 series file [placenta plus cord blood transcriptomic

data from passive smoker women (a) versus placenta plus cord

blood from non-smoker women (b)]. In this sense, the mathemat-

ical equation z = a/(a+b) was used to calculated the relative gene

functional state of condition (a) and condition (b). Thus, the gene

expression in condition (a) is greater than condition (b) when z

.0.55 (yellow to red colors), lower than (b) when z ,0.45 (cyan to

blue colors) and equivalent to (b) when 0.45, z ,0.55 (green

color). The landscape was generated by ViaComplex 1.0 software

with the following options: plot as ‘‘3D-Graph’’, build on ‘‘node’’,

resolution ‘‘level-50’’, contrast ‘‘level-50’’, smoothness ‘‘level-50’’

and zoom ‘‘level-50’’.
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