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Hormonal contraceptives (HCs) have been shown to be safe and effective when used correctly and consistently,
however, as other classes of drugs, they are also associated with adverse health outcomes. In this study, we aim to
explain the occurrence of common and unexpected HCs side effects (SEs) integrating drug-target, drug-SE and
protein-protein interaction (PPI) public databases. We created a tripartite network that includes three types of
vertices: SEs, drugs, and targets. The three layers are linked by means of the inter-layer associations drug-target
and drug-SE, whereas only the target layer is characterized also by intra-layer links (PPIs). We exploited the
drug-mediated association SE-target to identify the side effect modules defined as a network connected
component composed of target proteins plus the proteins needed to connect them. We found that module pro-
teins are associated with diseases/phenotypes and/or KEGG pathways related to the SEs. In particular, in many
cases, targets are not enriched in SE features, whereas investigating their neighborhood (here defined as the
proteins that allow the targets’ connection) we found SE-related pathways. These results show that HCs action
can perturb the targets’ neighborhood inducing unwanted reaction and that the proposed approach can help to
understand how, and through which molecular mechanisms, side effects can occur. The approach is general in its
nature: it can be applied to other drugs categories providing a support in identifying a subject-specific therapy

that takes into account comorbidities and lifestyle to reduce or avoid the most undesired side effects.

1. Introduction

To date, hormonal contraception is the most used contraceptive
method: hormonal contraceptives (HCs) are made of synthetic forms of
the hormones progesterone and oestrogen and prevent ovulation by
maintaining more consistent hormone levels. There are two main types
of HCs formulations: combined methods which contain both an oes-
trogen and a progestin, and progestogen-only methods which contain
only progestins. Combined hormonal contraceptives were developed to
prevent ovulation by suppressing the release of gonadotropins to avoid
an increase in estradiol levels. Progestogen-only methods, instead, rely
more heavily on changes in cervical mucus, which reduces sperm
viability and penetration.

Overall, these drugs have been shown to be safe and effective when
used correctly and consistently, however they are also associated with
adverse health outcomes. For HCs this is of particular interest: in fact,
side effects are one of the main causes of drug discontinuation and oral
contraceptive misuse and suspension, leading to more than three

* Corresponding author.
E-mail address: manuela.petti@uniromal.it (M. Petti).

https://doi.org/10.1016/j.imu.2023.101163

quarters of a million unintended pregnancies among young U.S. women
each year [1]. For example, progesterone-only contraceptive methods,
such as implants and hormonal intrauterine devices, tend to trigger or
worsen many dermatological conditions, including acne, hirsutism, al-
opecia, and even rosacea [2], which have a strong impact on a social
level and are hence highly unwanted by women. There are also some
more serious risks that scare women off from using hormonal contra-
ceptives; for example, it has been found that combined oral contracep-
tives use was associated with approximately two to four times the risk of
stroke compared with non-use, especially among women with migraine
with aura [3]. Furthermore, other common side effects are depression
[4], cardiovascular disease [5], alteration of glucose level [6] and more.

In general, the drug development process is made of many steps,
starting from lab analysis, and going to animal testing, then human
testing and finally the reviews and approvals followed by a constant
post-market safety monitoring [7]. This process is extremely slow, costly
and with a low success rate: approximately 90% of new drug researches
do not make it past the early development and toxicity testing, and many
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of the few drugs that make it to clinical trials fail because of side-effects
or adverse events. Moreover, also referring to the drugs on the market,
the mechanisms of many of them are still scarcely outlined, and unex-
pected and severe side effects can occur. This difficulty in understanding
the mechanisms behind adverse drug reactions (ADRs) is a consequence
of the difficulty of predicting the behavior of a drug once it enters the
human body: even if the drug was specifically chemically designed to
match a target protein, it might still match and interact with an
off-target (a protein with a similar structure to the target) or it might also
interact with other drugs or with nutrients (like food and alcohol).

Recently, computational approaches have been developed to inves-
tigate the mechanisms behind side effects by trying to connect the mo-
lecular scale (drug-protein interactions) and the phenotypic scale (side
effects). The biggest trend that emerged is to exploit freely available
knowledge- and data-bases, network analysis and multidisciplinary
skills. For example, Kuhn et al. "integrated phenotypic data obtained
during clinical trials with known drug-target relations to identify
overrepresented protein-side effect combinations” [8]: the authors used
the sets of predicted targets to explain the majority of the studied side
effects, however their approach can only make predictions for proteins
that are the targets of a certain number of drugs. Lee et al. aimed to
"automatically discover the relationship between biological processes
and side effects by building a multi-level network of drug-biological
processes influenced by the association of targets with side effects".
Their hypothesis is that if some drugs cause the same side effect, their
biological process is thought to be possibly related to their side effect
[9]. In another study, the central idea was to apply a large-scale analysis
to identify overrepresented ADR-pathway combinations through merg-
ing clinical phenotypic data, biological pathway data, and drug-target
relations. They found that frequent ADRs were associated with more
pathways than rare and infrequent ADRs, and that perturbing a certain
pathway can cause changes in multiple organs, rather than in one spe-
cific organ [10]. Furthermore, other approaches [11,12] suggested the
use of the concept of network module. This concept comes from the
definition of modularity, a measure of the strength of division of a
network into modules: thus, a module is a set of nodes densely connected
to each other and with sparse connections with nodes in different
modules. A first application of this concept was proposed by Chen et al.
[12]: their aim was to build and study an ADR-protein network to
identify ADR-ADR associations and predict new ADR-related proteins. In
particular, they applied an agglomerative clustering method and iden-
tified highly modular sets composed of both ADRs and ADR-related
proteins [14]. Later, Guney [11] defined and analyzed side-effect
modules with the aim to predict side effects not present in SIDER (a
database containing information on marketed medicines and their
recorded adverse drug reactions [13]. Using proximity measures, he
found that drug targets are closer in the interactome to the proteins
inducing the known side effects.

From the above introductory discussion, the understanding and the
prediction of side effects is still an open problem. In particular, all the
proposed methodologies consider all the types of drugs in the same
model: this approach can help in understanding relations between dis-
eases and similarities between different therapies providing potential
insights for drug repositioning purposes. However, coming to a
conclusion about a specific type of therapy based on an aspecific
investigation, cannot help in the selection of the most appropriate drug
to avoid or limit specific side effects based on single-patient needs.

In this study, we aim to characterize frequent and unexpected HCs
side effects at the molecular level by integrating databases (drug-target
associations, drug-side effect associations, protein-protein interactions)
and investigating the role of the drug target network neighborhood. To
reach this goal, we first identify the set of target proteins eliciting each
side effect, and then we project these proteins onto the human inter-
actome: if they are not a connected component, we build the side effect
module adding the proteins needed to connect them. Lastly, for each
side effect, we used the enrichment analysis tool Enrichr [14-16] for
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checking if the associated module is enriched in diseases/phenotypes
and/or KEGG pathways that explain the side effect.

2. Materials and methods
2.1. Drugs and targets

To collect data about drugs and their targets we used Drugbank [17].
Our version of the database dates to March 24, 2021: at that moment
14315 drugs were available. To select the specific set of drugs (i.e.,
hormonal contraceptives), we used the MeSH Id associated with each
drug. Inside the category "Contraceptive Agents", we considered every-
thing except spermicides, hormonal contraceptives for males or drugs
which had only an abortive function (while keeping the ones which
acted both as a contraceptive and abortive medication). Finally, we
decided to focus exclusively on drugs labeled as approved or
investigational-approved.

In the end, we obtained 24 drugs which matched all these re-
quirements. However, only for 21 of them there was information about
their targets on Drugbank. Moreover, 3 of them (estradiol benzoate,
estradiol cypionate and estradiol valerate) were considered as one drug
because they are made with the same molecule and differ only in the
attached fatty acids, which allow different properties during adminis-
tration; in fact, these drugs have the exact same targets. So, the final set
of analyzed drugs and targets was made of 19 drugs and 21 targets
(Table 1).

We also checked the available information about drugs’ other pro-
tein interactors: enzymes, transporters and carries. The enzymes of this
drug category, as well as the transporters, generally belong to the same
family. Indeed, all the drugs exploit Cytochromes P450 (CYPs) family for
the enzymes (11 out of 18 exclusively CYPs, while the others mainly add
proteins of the UGT family to other CYP enzymes), and Solute carrier
(SLC) family and ATP-binding cassette (ABC) family for the transporters.
More generally, these protein families are commonly used by many
medications of different categories, for example CYP enzymes metabo-
lize 90 percent of drugs [18]. For this similarity between all the studied
drugs in terms of enzymes and transporters, we decided to exclude these
categories of drugs interactors to avoid not discriminating specific
protein-side effect associations. Lastly, the carriers used by HCs are ALB
and SHBG: these proteins are included in the study because they are also
targets.

Table 1
Set of analyzed hormonal contraceptives and their targets.

Drug Name Target

Etonogestrel PGR

Desogestrel PGR ESR1

Megestrol acetate PGR NR3C1

Levonorgestrel PGR ESR1 NR3C1 SRD5A1 AR SHBG

Progesterone PGR ESR1 NR3C1 AR SHBG NR3C2 CYP17A1 OPRK1
ORM1 ESR2

Norethisterone PGR NR3C1 AR

Estradiol ESR1 ESR2 NR112 CHRNA4 GPER1 MT-ATP6 BECN1

Ethynodiol diacetate PGR ESR1

Norgestimate PGR ESR1 AR

Ethinylestradiol ESR1 NR1I2

Mestranol ESR1

Drospirenone PGR NR3C1 AR NR3C2

Estrone sulfate ESR1 ESR2

Norelgestromin PGR AR ALB

Hydroxyprogesterone PGR

caproate

Norethynodrel ESR1 AR SHBG

Norgestrel PGR SRD5A1 AR

Gestrinone PGR ESR1 NR3C1 AR SHBG GNRHR

Estradiol valerate

ESR1 ESR2 NR1I12 CHRNA4 GPER1 MT-ATP6 BECN1
NCOA2 HSD17B2 ESRRG
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2.2. PPI network

The Protein-Protein Interaction (PPI) network was retrieved from the
literature [19]. It contains a total of 16470 nodes (proteins) and 233957
edges (protein-protein interactions). Amongst the 21 considered targets,
only one of them (HSD17B2) was not present in the network and was
therefore ignored during the analysis.

2.3. Side effects
Side effects (SEs) were gathered from:

@ Offside Database (downloaded on 12 April 2021) [20].

@ Sider Database (downloaded on 7 April 2021) [13].

@ FDA Labels (FDA sources consulted in April 2021)

@ RxList, an online medical resource (consulted in April 2021) [21].

@ NDrugs, an online resource about generic drugs (consulted in April
2021) [22].

@ Wikipedia (consulted in April 2021)

As none of these sources contained exhaustive information on all of
the 19 considered drugs, we have manually integrated the information
applying the same selection criteria for all of them, to obtain consistent
and coherent data.

For each drug, we examined each of the listed resources, and
collected the related side effects only when information about the side
effect frequency and the placebo effect frequency were available or
could be calculated from the data provided. Regarding the frequency, it
is worth noting that the drug-side effect associations do hold a degree of
subjectivity. In fact, drug safety surveillance strongly relies on sponta-
neous reporting of adverse reactions/side effects. This system is at times
affected by underreporting, which might be due to many causes like lack
of knowledge about pharmacovigilance, lack of time, the belief that only
serious or previously unknown ADRs should be reported and more [23,
24]. Moreover, there is not a standard method to present toxicity data;
the FDA has released guides seeking to standardize adverse effects
reporting, but they are more subjective than concrete [25]. On the other
hand, over-reported drug-SE associations can happen as a consequence
of topics of broad and current interest (autism, vaccines) and are also
known to be frequent in mental-health patients [26]. The
above-mentioned biases in drug-SE associations’ frequency can affect
the selection of SE of interest, however in our work, they do not have an
impact on the method used to analyze them.

In detail, For the textual sources (FDA labels, RxList, NDrugs, Wiki-
pedia), we used the frequency definitions given by the Council for In-
ternational Organizations of Medical Sciences (CIOMS) as reported by
WHO: following this guide, we only selected side effects that were either
classified as common or as very common. As for the placebo effect, we
assumed that the information present on the labels (and therefore also
on the websites that reported it) was already taking it into account, as
stated on the FDA website [27]. On the other hand, for both Offsides and
Sider databases, we set specific thresholds to the available metrics. In
particular, in Offsides, we considered the “mean_reporting frequency”
(mrf) and the “Proportional Reporting Value” (PRR), setting the
following thresholds: mrf >0.01 (to consider side effects that are at least
common) and PRR >1 (to consider only the side effect for which the real
frequency is greater than the placebo one). Analogously, for the side
effects selection from Sider, we applied the criteria: the side effect fre-
quency had to be greater than 0.01 while also being greater than the
placebo frequency (we computed the PRR ourselves by exploiting the
available data).

As a result of the side effects collection process, we excluded the drug
Norethynodrel, because the needed information was not available on any
of the consulted sources. Furthermore, there are two special cases: for
two of 18 remaining drugs, there wasn’t any information or commercial
product with the molecule on its own; by looking at the drugs’ labels we

Informatics in Medicine Unlocked 36 (2023) 101163

found that they are (generally/mostly) sold as a combined medication
with another molecule. Hence, from now on, we will refer to "ethynodiol
diacetate" and "norelgestromin" as "ethynodiol diacetate + ethinyles-
tradiol" and "norelgestromin + ethinylestradiol".

Finally, similar or too specific side effects were grouped into broader
categories and renamed appropriately; for example, breast tenderness,
breast enlargement or swelling, breast pain etc. were all considered as
breast discomfort (see Table S1 for all the details). In the end, for the
analyses that follow, we considered only unexpected side effects, the less
accepted by the patients and often unexplained ones. We considered as
expected those SEs that affect the reproductive system (e.g. breast
discomfort and changes in menstrual bleeding patterns) and thus we
finally obtained 56 side effects.

2.4. Side effects modules

To try to explain the side effects at the molecular level, we first
identified which are the proteins related to a particular side effect by
integrating the different types of relations described above: protein-
protein interactions, drug-target associations, drug-side effect associa-
tions. Thus, we built a multipartite graph: in our case we have three
layers (target-drug-side effect) as shown in Fig. 1.

To associate the side effects with proteins, we substituted the direct
link between the two pairs “target-drug” and “drug-side effect”, with the
indirect and drug-mediated relation “target-side effect”: this is equiva-
lent to hiding the middle layer (the drug layer) inside the tripartite
graph.

Doing so, for each side effect, we obtained the set of targets associ-
ated with it on at least one occasion. At this point, we projected these
target proteins onto the PPI network and, in the cases they are not a
connected compontent, we further investigated their neighborhood. To
identify the targets’ neighborhood, we exploited the concept of disease
module proposed by Wang and Loscalzo [28] defining the side effect
module as a network connected component composed of target proteins
plus the proteins needed to connect them. Each module is thus obtained
by starting from the target proteins and expanding the module with an
iterative process that leads to the addition of proteins that connect the
disconnected targets. This process conforms to the Seed Connector Al-
gorithm (SCA) proposed by Wang and Loscalzo [28], differing in the fact
that we will not stop the process until we obtain a connected component
and, in doing so, we do not discriminate between paths of the same
length needed to connect the remaining targets. In the rest of the work,
we refer to this process using the definition of Target Connector Algo-
rithm (TCA).

After identifying the SE modules, for each side effect, we performed
the enrichment analysis of the module through EnrichR [14-16]. To
evaluate the perturbation induced by targeting drug proteins, we
focused also selectively on the connector proteins (the secondary tar-
gets) of each module performing their enrichment analysis and con-
fronting the results with the current available literature.

3. Results and discussion
3.1. The bipartite networks

We used the data gathered from Drugbank to create a bipartite drug-
target network with a total of 40 nodes belonging to the two different
groups; this network has 71 edges, leading to a 9% density. The network
is shown in Fig. 2 where drugs are colored in orange and targets in green,
while the size of a node is directly proportional to the number of links (i.
e. drug-target associations) it has. Looking at the nodes’ distribution, it is
evident that targets mostly have a degree smaller than 3 with a
maximum value of 13, while drugs can reach a maximum of 10 and
present less cases that have only one connection (i.e. one target).

With the same process we built the drug-side effect network (Fig. S1).
This network is made of 18 drugs and 82 side effects and has a density of
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Fig. 1. Toy representation of the proposed procedure: the tripartite network including the three types of vertices on the left; SE-target bipartite network obtained
substituting the direct link between the two pairs “target-drug” and “drug-SE” with the indirect and drug-mediated relation “target-SE” in the middle; side effect
module composed of target proteins (in teal) and secondary target (in lilac) on the right.
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Fig. 2. The drug-target bipartite network: targets are on the left side colored in teal, while drugs are on the right colored in orange. The bigger the size of a node, the
more interactions it has. The degree distribution is shown for the two sets of nodes: targets and drugs in the lower left and right panels respectively. (For inter-
pretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

7%; half of the drugs have less than 18 side effects, but no drug has less
than 3. On the other hand, many side effects are associated with only one
drug, while few of them are associated with the majority of the drugs (e.
g. headache, weight change).

3.2. Tripartite network

The final tripartite network is made of 18 drugs, 21 targets and 82
side effects, and it is the results of the union between the drug-target
network and in the drug-side effects network; it is structured in 3

layers, with drugs at the center allowing the indirect connection of
targets and side effects. The tripartite network is shown in Fig. 3 and can
be found in the supplementary material in the form of an edge list.

The target layer is the only one characterized also by intra-layer links
(protein-protein interactions): most of the target proteins didn’t have
any kind of interaction among themselves, except for a small group of 7
targets that make up a connected component (see Fig. 3). Amongst these
seven proteins, there are some of the main targets of hormonal contra-
ceptives like PGR and ESRI1.

Approximately half of the considered drugs only target proteins
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Fig. 3. The tripartite network: targets are on the left side colored in teal, drugs are in the middle layer colored in orange and side effects are on the right colored in
yellow. The target layer is the only one characterized also by intra-layer links (protein-protein interactions) shown in the circle at the bottom. (For interpretation of
the references to color in this figure legend, the reader is referred to the Web version of this article.)

belonging to this connected component (class D1, see Table 2), while the
other ten drugs have more diversified targets (class D2).

Starting from this categorization of the drugs, we identified the side
effects that only happen when using drugs belonging to D1 and thus
linked only to proteins that already make up a connected component.
Given the impossibility to construct a module and the small number of
targets involved to perform the enrichment analysis, we decided to
discard these side effects which are: increased body temperature, uri-
nary incontinence, dry lips and pancreatitis (for example urinary in-
continence is associated only with ESR1).

Table 2
Drugs classification.

D1 Etonogestrel, Desogestrel, Megestrol acetate, Norethisterone, Norgestimate,
Mestranol, Drospirenone, Estrone sulfate, Hydroxyprogesterone caproate

D2 Levonorgestrel, Progesterone, Estradiol, Ethynodiol diacetate +
Ethinylestradiol, Norelgestromin + Ethinylestradiol, Norgestrel, Gestrinone,
Estradiol valerate, Norethynodrel

3.3. Module-based explanation of the HCs side effects

As described in the previous sections, we focused on the frequent and
unexpected side effects (N = 52) of hormonal contraceptives identifying
their associated drug target proteins. In our study, we do not assume the
unique hypothesis that a side effect can be elicited by the associated
targets, but we also assume that the drug’s action in targeting specific
proteins may induce a perturbation in the targets’ neighborhood. Based
on these hypotheses, to try to understand the molecular mechanisms of
the HCs side effects, we exploited the definition of the disease module
[29,30]. This module definition goes beyond the concept of topological
module (a locally dense network neighborhood) because it is based on
the hypothesis of its overlap with a connected component of genes
involved in the same disease/phenotype and with functional modules
(aggregation of genes with similar or related functions) [31]. Several
module-based algorithms have been proposed to identify the disease
modules [28,32-34] exploiting topological and/or functional features of
known disease-associated genes and, among them, we decided to exploit
the method proposed in Ref. [28]. This choice is based on the fact that
for the purposes of the study, we do not aim at the complete
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topological/functional characterization of the target proteins to find
other similar ones, rather we want to investigate if a side effect may be
induced as a perturbation in the neighborhood common to and linking
not connected targets. To do this we have proposed the Target
Connector Algorithm (TCA), a modified version of SCA which fits the
purpose of the study of side effects, and its application to the HCs
adverse reactions identified 23 modules.

Each identified module can be associated with one or more side ef-
fects. This is due to the fact that some drugs use many of the available
therapeutic targets, so side effects associated with many drugs end up
being linked to the same targets and, as a consequence, having the same
side effect module. In particular, thirteen out of 23 modules are uniquely
associated with a side effect, the other 10 are instead associated with
more side effects. Fig. 4-A shows the composition of each module: their
size varies in the range 3-46 nodes and in more than half of the cases (13
out of 23 modules), the number of secondary targets (i.e. the proteins
connecting drug targets) is greater than the number of the targets.
Interestingly, the size of the identified modules is not correlated with the
number of associated side effects (see Fig. 4-B). In fact, two of the largest
modules (both composed of 44 proteins) represent two opposite situa-
tions: one of them (module 2 in Fig. 4) is related to a single side effect,
while on the other (module 3 in Fig. 4), 7 different side effects are
mapped.

Below, we provide a detailed description of the module-based
explanation of a selected set of HCs side effects. The selection includes
common side effects of many HCs (e.g. depressed mood occurs as a side
effect of 10 different drugs) and side effects related to greater concern in
the use of hormonal contraception (e.g weight change), that usually also
cause the discontinuation of the drug.

3.3.1. Depressed mood
Depressed mood occurs as a side effect of 10 different drugs. The
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Fig. 4. Bar diagrams showing the number of proteins that make up each
module distinguishing between target and secondary proteins (panel A) and the
number of associated side effects (panel B).
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enrichment analysis performed with EnrichR (category: Diseases/Drugs,
section: DisGeNET) revealed that target proteins are strongly enriched in
“Mental Depression” (adjusted p-value = 6.093 x 10~!) and “Depres-
sive Disorders” (adjusted p-value = 2.201 x 10~'%), however they are
not significantly involved in pathways related to depression (EnrichR,
category: Pathways, section: KEGG 2021 Human). On the other hand, by
looking at the 28 secondary targets, we found a significant enrichment in
the KEGG pathways: “Oxidative phosphorylation” (adjusted p-value =
2.41 x 107°) and “Pathways of neurodegeneration” (adjusted p-value =
4.83 x 10~*) which have been studied for their role in the development
of depressive symptoms [35,36].

3.3.2. Nervousness

Nervousness is a quality of feeling anxious, worried, or alarmed with
respect to a normal and calmer state of mind. This side effect occurs with
7 of the investigated drugs. A first explanation can be found in the tar-
gets: many of them are in fact associated with “Mood Disorders”
(EnrichR, category: Diseases/Drugs, section: DisGeNET; adjusted p-
value = 3.71 x 107°) and “Social Stress” (EnrichR, category: Diseases/
Drugs, section: DisGeNET; adjusted p-value = 4.31 x 10~%). However, it
is worth noting that only the secondary targets are significantly enriched
in the “Retrograde endocannabinoid signaling pathway” (adjusted p-
value = 5.13 x 10~). This pathway is relevant when studying a nervous
or stressed state of mind because “The endocannabinoid (eCB) system
has emerged as a central integrator linking the perception of external
and internal stimuli to distinct neurophysiological and behavioural
outcomes (such as fear reaction, anxiety and stress-coping), thus
allowing an organism to adapt to its changing environment” [37].

3.3.3. Musculoskeletal pain and diseases

Musculoskeletal disorders are injuries or disorders of the muscles,
nerves, tendons, joints, cartilage, and spinal discs. Again, the targets
were found to be involved in some musculoskeletal diseases such as
“Degenerative polyarthritis” (adjusted p-value = 5.82 x 107°), “Rheu-
matoid Arthritis” (adjusted p-value = 2.55 x 1074), “Arthritis” (adjusted
p-value = 6.26 x 10~4), “Osteoarthritis of the hand” (adjusted p-value
=2.03 x 107%) and “Osteoarthritis, Knee” (adjusted p-value = 8.29 x
1073). The secondary targets reinforce the relationship between this
module and musculoskeletal disorders by showing a significant enrich-
ment in the “Relaxin signaling pathway” (adjusted p-value = 6.26 x
1073); relaxin is a hormone that “exerts its regulatory effect on the
musculoskeletal and other systems through binding to its receptor in
various tissues, mediated by different signaling pathways. Relaxin alters
the properties of cartilage and tendon by activating collagenase. This
hormone is also involved in bone remodeling and healing of injured
ligaments and skeletal muscle” [38].

3.3.4. Weight change

Weight change (and in particular weight gain) is commonly cited as a
side effect of hormonal contraception, typically the cause of discontin-
uation or reluctance to initiate. The potential association between hor-
monal contraception and changes in weight is still an open debate
because a causal relationship between them has not been established
[39,40]. Our analysis reveals that the module identified for this side
effects (42 proteins including 19 targets and 23 secondary targets) is
strongly enriched (category: Diseases/Drugs, section: DisGeNET) in
“Obesity” (adjusted p-value = 5.508 x 107°) and “overweight”
(adjusted p-value = 2.227 x 10~®). Both the targets and the secondary
targets contribute to these significant enrichments; however, it is worth
noting that only the secondary targets are characterized by a significant
association with “Obesity” using OMIM database (adjusted p-value =
5.764 x 107°). Indeed, among them the presence of the POMC gene
stands out as it is a key mediator of satiety and gene mutations are
associated with obesity [41]. Furthermore, the new proteins associated
to weight change are enriched in thermogenesis (adjusted p-value =
5.764 x 10~>) and oxidative phosphorylation (adjusted p-value = 6.296
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x 1073), both these pathways have been studied in body weight change
and maintenance [42].

3.3.5. Ear and labyrinth disorders

This side effect appears as an adverse reaction only to Estradiol. The
module returned by TCA is the one for which the ratio between sec-
ondary targets and targets is the highest (14/7). By looking at enrich-
ment in KEGG pathways and DisGeNET disease-gene associations, for
the seven targets linked to this side effect, we could not find an expla-
nation for it. The secondary targets are instead significantly enriched in
“Ras signaling pathway”, “Calcium signaling pathway” and “Regulation
of actin cytoskeleton” with an adjusted p-value = 0.02 and “Apoptosis”
with an adjusted p-value = 1.025 x 10~2. These pathways are associated
with diseases that fall under the category of ear diseases on Kegg Dis-
ease’ like “deafness” and “bilateral sudden sensorineural hearing loss”.
Additionally, the secondary targets are enriched in the PI3K-Akt
signaling pathway (adjusted p-value = 4.28 x 107°); this pathway has
been found to be an intrinsic protective mechanism of the inner ear. In
particular, Chen et al. found that blockade of PI3K/Akt signaling path-
ways increases sensitivity to TTS noise-induced hearing loss [43].

In Fig. 5, we provide a graphical representation of the module under
investigation. We highlighted the proteins involved in pathways of in-
terest (here with a red outline). It is worth noting that they are not only
direct neighbors of the targets. In particular, two of them (ARAF and
VDAC1) are not first neighbors of any targets. Ignoring such proteins
with distance from the targets greater than 1 would result in the module
no longer being enriched in certain pathways. This is of particular in-
terest because it shows how simply gathering all the first neighbors of
the targets would bring to lose meaningful information. Moreover, given
how few the possible targets are for this therapeutic function and how
they are reused by many drugs, simply considering all the first neighbors
will bring us to have the same proteins (or subsets of them) for each side
effect, making the enrichment results undistinguishable and therefore
useless.

3.3.6. Gastrointestinal issues

This side effect is common to 10 different drugs and represents
another example of how the secondary targets help us have a clearer
idea of why it can happen. Its targets appear not to be connected to the
gastrointestinal apparatus or enriched in related pathways. However,
the second result for the pathway enrichment of the secondary targets is
the “retrograde endocannabinoid signaling pathway” (adjusted p-value
=1 x 10~%). This pathway has been previously linked with gastroin-
testinal issues: more specifically, some studies reveal an important (and
at times surprising) role for the endocannabinoid system in the control
of a variety of gastrointestinal functions, including motility, gut-brain
mediated fat intake and hunger signaling, inflammation and gut
permeability, and dynamic interactions with gut microbiota [44].

3.3.7. Thromboembolic diseases

Scientific and public attention to thromboembolism and hormonal
contraception has had dramatic consequences, both good and bad. The
spotlight on risk has helped to change norms regarding the public’s right
to know and assess dangers, but it also spiked pill scares, leading to
increased unplanned pregnancy, birth and abortion rates [45]. This side
effect looks to be caused mostly by drug targets, which are related to
“Venous Thrombosis” (adjusted p-value = 4.05 x 10’3), and of course to
the “Estrogen signaling pathway” (adjusted p-value 9.043 x 107°),
which has the power to increase the risk of both arterial and venous
thrombosis [46].

4. Conclusion
In this study we proposed a computational approach for dealing with

one of the main concerns in drug development and distribution: the
occurrence of side effects. Indeed, predicting side effects and explaining
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Fig. 5. The ear disorder side effect module. The module is composed of targets
(in teal) and secondary targets (in lilac). The nodes with a red outline are the
proteins enriched in pathways of interest for this side effect. (For interpretation
of the references to color in this figure legend, the reader is referred to the Web
version of this article.)

what causes them can improve the patient experience and stop unsafe
drugs from entering the market. Following previous studies which tried
to understand side effects by joining information about drugs, targets,
biological pathways and the human interactome, we carried out an in-
depth case study about hormonal contraceptives and implemented a
new method to investigate the molecular mechanisms of side effects.
Differently from previous works, we focused on a specific category of
drugs to obtain information that are therapy-specific and could easily be
used in real life situations. Moreover, we considered exclusively side
effects which are classified as common or very common, because they
are the ones which have the biggest impact on the patient’s life and their
frequency assures that they cannot be caused by an individual response
caused by genetic or phenotypic factors. To carry out this analysis we
gathered and integrated data from many online databases and manually
annotated side effects for the considered drugs (HCs) to then build and
study the side effect modules. The enrichment analysis revealed that
proteins composing the identified modules are associated with diseases/
phenotypes and/or KEGG pathways related to the SEs. In particular, as
expected, target proteins are mostly enriched in pathways related to the
HCs therapeutic functions and in some cases, they also appear related to
the side effects. Instead in other cases, targets do not explain SEs, while
investigating their neighborhood (defined as the proteins that allow the
targets’ connection), we found SE-related pathways. The potential of the
proposed method is that it can be applied to any category of drugs.
Further developments are certainly needed to consider also other
functional features of the module proteins that can explain the side
effects.
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