@ PLOS|ONE

Check for
updates

G OPEN ACCESS

Citation: Jorba G, Aguirre-Plans J, Junet V, Segu-
Vergés C, Ruiz JL, Pujol A, et al. (2020) In-silico
simulated prototype-patients using TPMS
technology to study a potential adverse effect of
sacubitril and valsartan. PLoS ONE 15(2):
€0228926. https://doi.org/10.1371/journal.
pone.0228926

Editor: Hans-Peter Brunner-La Rocca, Maastricht
University Medical Genter, NETHERLANDS

Received: September 10, 2019
Accepted: January 26, 2020
Published: February 13, 2020

Peer Review History: PLOS recognizes the
benefits of transparency in the peer review
process; therefore, we enable the publication of
all of the content of peer review and author
responses alongside final, published articles. The
editorial history of this article is available here:
https://doi.org/10.1371/journal.pone.0228926

Copyright: © 2020 Jorba 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.

Data Availability Statement: All data and software
is accessible in http://sbi.upf.edu/data/tpms

RESEARCH ARTICLE

In-silico simulated prototype-patients using
TPMS technology to study a potential adverse
effect of sacubitril and valsartan

Guillem Jorba'?**, Joaquim Aguirre-Plans®2%*, Valentin Junet'3, Cristina Segu-Vergés',
José Luis Ruiz', Albert Pujol’, Narcis Fernandez-Fuentes®, José Manuel Mas'*,
Baldo Oliva?*

1 Anaxomics Biotech SL, Barcelona, Catalonia, Spain, 2 Structural Bioinformatics Group, Research
Programme on Biomedical Informatics, Department of Experimental and Health Science, Universitat Pompeu
Fabra, Barcelona, Catalonia, Spain, 3 Institute of Biotechnology and Biomedicine, Universitat Autbnoma de
Barcelona, Cerdanyola del Vallés, Catalonia, Spain, 4 Department of Biosciences, U Science Tech,
Universitat de Vic-Universitat Central de Catalunya, Vic, Catalonia, Spain

® These authors contributed equally to this work.
I These authors are joint senior authors on this work.
* baldo.oliva@upf.edu (BJ); xouse @anaxomics.com (JMM)

Abstract

Unveiling the mechanism of action of a drug is key to understand the benefits and adverse
reactions of a medication in an organism. However, in complex diseases such as heart dis-
eases there is not a uniqgue mechanism of action but a wide range of different responses
depending on the patient. Exploring this collection of mechanisms is one of the clues for a
future personalized medicine. The Therapeutic Performance Mapping System (TPMS) is a
Systems Biology approach that generates multiple models of the mechanism of action of a
drug. Each molecular mechanism generated could be associated to particular individuals,
here defined as prototype-patients, hence the generation of models using TPMS technology
may be used for detecting adverse effects to specific patients. TPMS operates by (1) model-
ling the responses in humans with an accurate description of a protein network and (2)
applying a Multilayer Perceptron-like and sampling strategy to find all plausible solutions. In
the present study, TPMS is applied to explore the diversity of mechanisms of action of the
drug combination sacubitril/valsartan. We use TPMS to generate a wide range of models
explaining the relationship between sacubitril/valsartan and heart failure (the indication), as
well as evaluating their association with macular degeneration (a potential adverse effect).
Among the models generated, we identify a set of mechanisms of action associated to a bet-
ter response in terms of heart failure treatment, which could also be associated to macular
degeneration development. Finally, a set of 30 potential biomarkers are proposed to identify
mechanisms (or prototype-patients) more prone of suffering macular degeneration when
presenting good heart failure response. All prototype-patients models generated are
completely theoretical and therefore they do not necessarily involve clinical effects in real
patients. Data and accession to software are available at http://sbi.upf.edu/data/tpms/.
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Introduction

Systems biology methods are an increasingly recurring strategy to understand the molecular
effects of a drug in complex clinical settings [1]. Some of these methods apply computer sci-
ence techniques and mathematical approaches to simulate the responses of a drug. In 2005, the
Virtual Physiological Human initiative was founded with the objective of developing computa-
tional models of patients [2]. Later, they defined the concept of In Silico Clinical Trials as “the
use of individualized computer simulation in the development or regulatory evaluation of a
medicinal product, medical device, or medical intervention” [3]. Since then, In Silico Clinical
Trials have been adopted in several occasions in preclinical and clinical trials [1].

However, current methodologies do not consider the inter-patient variability intrinsic to
pharmacological treatments, missing relevant information that should be incorporated into
the models. Indeed, there are many parameters influencing the Mechanisms of Action (MoA)
in such therapies, including demographic data of the patient, co-treatments or clinical history.
Thus, by modelling all molecular mechanisms affected by the drug, the diversity of responses
observed in patients during or after the treatment could be explained.

The Therapeutic Performance Mapping System (TPMS) [4] is a method used to elucidate
all the possible MoAs that could exist between an input drug and a pathology or adverse effect.
It is a systems biology approach based on the simulation of patient-specific protein-protein
interaction networks. TPMS incorporates data from different resources and uses the informa-
tion from the drugs and diseases under study to generate multiple models of potential MoAs.
In the last years, TPMS has been broadly used in different clinical areas and with different
objectives [5-12], in some cases being validated in the posterior experiments [6,11,12]. Our
working hypothesis is that a set of MoAs can represent the different responses to a drug in
cells and that a real population of patients is the result of a myriad of cell responses. Thus, we
define a prototype-patient as an abstract case with all cells responding to a single MoA.

Here, we propose the application of TPMS and protein-network approaches in the specific
case study of the drug combination sacubitril/valsartan, used for the treatment of Heart Failure
(HF). HF is becoming a major health problem in the western world due to its increasing hospi-
talization rates [13], with a prevalence being influenced by many factors like age, nutritional
habits, lifestyles or genetics. This complicates the development of treatments and the identifi-
cation of universal biomarkers to stratify the population. To facilitate this segmentation, it is
necessary to understand the molecular details of the treatment and the pathology. Sacubitril/
valsartan (marketed by Novartis as Entresto®) is a drug combination that shows better results
than conventional treatments by reducing cardiovascular deaths and heart failure (HF) read-
missions [14]. In pharmacological terms, it is an angiotensin receptor-neprilysin inhibitor.
Consequently, it triggers the natriuretic peptide system by inhibiting neprilysin (NEP) and
inhibits renin-angiotensin-aldosterone system by blocking the type-1 angiotensin II receptor
(AT1R) [15]. In a previous work, TPMS was already applied to unveil the MoA of sacubitril/
valsartan synergy, revealing its effect against two molecular processes [9]: the left ventricular
extracellular matrix remodeling, mediated by proteins like gap junction alpha-1 protein or
matrix metalloproteinase-9; and the cardiomyocyte apoptosis, through modulation of glyco-
gen synthase kinase-3 beta. However, several publications warned about the potential long-
term negative implications of using a neprilysin inhibitor like sacubitril [15-19]. Neprilysin
plays a critical role at maintaining the amyloid-f homeostasis in the brain, and the alteration
of amyloid-B levels has been linked to a potential long-term development of Alzheimer’s dis-
ease or Macular Degeneration (MD) [15,17,19-21]. During the clinical trials PARADIGM-HF
and PARAGON-HF with sacubitril/valsartan no serious effects were detected [14,22]. Still,
their patient follow-up was relatively short and not specialized in finding neurodegenerative
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specific symptoms. For this reason, in a forthcoming PERSPECTIVE trial (NCT02884206) a
battery of cognitive tests was taken [18]. In line with this, the application of systems biology
methods may shed light to the potential relationship between the treatment and the adverse
effect.

In this study, we used TPMS and GUILDify v2.0 to analyze the relationship between sacubi-
tril/valsartan, HF and MD in entirely theoretical models. Because these are theoretical models
it is important to note that they are not associated with clinical effects in real patients, they
only point on potential mechanisms to explain potential adverse effects. We analyzed a popula-
tion of MoAs that describe the possible protein links from a sacubitril/valsartan treatment to
HF and MD phenotypes. We clustered the MoAs in groups according to their response inten-
sity and labelled them as high or low efficacy of treating HF and possibility of causing MD. We
then compared these sets of MoAs and proposed a list of biomarkers to identify potential cases
of MD when using sacubitril/valsartan. Simultaneously, we used GUILDify v2.0 web server
[23] as an alternative approach to compare the biomarkers proposed by TPMS and reinforce
the results.

Materials and methods

1. Biological Effectors Database (BED) to molecularly describe specific
clinical conditions

Biological Effectors Database (BED) [5,24] describes more than 300 clinical conditions as sets
of genes and proteins (effectors) that can be “active”, “inactive” or “neutral”. For example, in a
metabolic protein-like network, an enzyme will become “active” in the presence of a catalyst,
or become inactivated when interacting with an inhibitor (see further details in supplementary
material).

2. TPMS modelling

The Therapeutic Performance Mapping System (TPMS) is a tool that creates mathematical
models of the protein pathways underlying a drug/pathology to explain a clinical outcome or
phenotype [4-10]. These models find MoAs that explain how a Stimulus (i.e. proteins activated
or inhibited by a drug) produces a Response (i.e. proteins active or inhibited in a phenotype).
In the present case study, we applied TPMS to the drug-indication pair sacubitril/valsartan
and HF. Regarding the drug, we retrieved the sacubitril/valsartan targets from DrugBank [25],
PubChem [26], STITCH [27], SuperTarget [28] and hand curated literature revision. As for
the indication, we retrieved the proteins associated with the phenotype from the BED [5,24].

2.1. Building the Human Protein Network (HPN). To apply the TPMS approach and
create the mathematical models of MoAs, a Human Protein Network (HPN) is needed before-
hand. In this study, we used a protein-protein interactions network created from the integra-
tion of public and private databases: KEGG [29], BioGRID [30], IntAct [31], REACTOME
[32], TRRUST [33], and HPRD [34]. In addition, information extracted from scientific litera-
ture, which was manually curated, was also included and used for trimming the network. The
resulting HPN considers interactions corresponding to different tissues to take into account
the effect of the Stimulus in the whole body.

2.2. Defining active/inactive nodes. We define the state of human proteins as active or
inactive for a particular phenotype, including its expression (as active) or repression (as inac-
tive) extracted from the GSE57345 gene expression dataset [35] as in Iborra-Egea et al [9] (see
turther details in supplementary material).
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2.3. Description of the mathematical models. The algorithm of TPMS takes as input sig-
nals the activation (+1) and inactivation (-1) of the drug target proteins, and as output the
BED protein states of the pathology. It then optimizes the paths between both protein sets and
computes the activation and inactivation values of all proteins in the HPN. Each node of the
protein network receives as input the output of the incoming connected nodes and every link
is given a weight (w;). The sum of inputs is transformed by a hyperbolic tangent function that
generates a score for every node, which becomes the “output signal” towards the outgoing con-
nected nodes. The w; parameters are obtained by optimization, using a Stochastic Optimiza-
tion Method based on Simulated Annealing [36]. The models are then trained by using the
general restrictions (i.e. defined as edges and nodes with the property of being active or inac-
tive) and the specific conditions set by the user. Details of the approach are shown in Fig 1 and
supplementary material.

3. Measures to compare sets of MoAs

To understand the relationships between all potential mechanisms we defined some measures
of comparison between different sets of solutions. We expect that a drug will revert the condi-
tions of a disease phenotype; subsequently, a drug should inactivate the active protein effectors
of a pathology-phenotype and activate the inactive ones. In this section we describe the mea-
sures used in the present study to analyze and compare sets of MoAs from different views (see
further details in supplementary material).

3.1. TSignal. To quantify the intensity of the response of a MoA, we defined TSignal as
the average signal arriving at the protein effectors (equation in supplementary material).

3.2. Distance between two sets of MoAs. We used the modified Hausdorff distance
(MHD) introduced by Dubuisson and Jain [37] as the distance between two or more sets of
MoAs in order to determine their similarity. Details of the equations are explained in the sup-
plementary material.

3.3. Potential biomarkers extracted from MoAs. In order to extract potential biomarkers
when comparing sets of MoAs, we first defined the best-classifier proteins. These are proteins
inside the HPN that allow to better classify between groups of models and are identified fol-
lowing a Data-Science strategy (see supplementary material). Best-classifier proteins are usu-
ally strongly related to the intensity of a response and are proteins with values differently
distributed between the groups of MoAs analyzed. For this study, and for the sake of simplic-
ity, we focused only on the 200 proteins (or pair of proteins) showing the higher classification
accuracy. Assuming the hypothesis that the selected MoAs are representative of individual
prototype-patients, these proteins could be used as biomarkers to classify a cohort of patients.

Then, we applied the Mann-Whitney U test to compare the distributions of the best-classi-
fier proteins values between the groups and selected those proteins with significant difference
(p-value< 0.01). We also restricted the list to proteins having an average value with opposite
sign among groups (i.e. positive vs. negative or vice versa) and named them as differential best-
classifier proteins. By following this strategy, we can identify two groups of differential best-
classifier proteins: those active in the first group (positive output signal in average) and inactive
in the other (negative output signal in average), and the opposite.

Results and discussion

We applied TPMS to the HPN using as input signals the drug targets of sacubitril/valsartan
(NEP / AT1R) and as output signals the proteins associated with HF extracted from the BED.
Out of all MoAs found by TPMS, we selected the 200 satisfying the largest number of restric-
tions (and at least 80% of them) to perform further analysis.
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Fig 1. Scheme of how to apply TPMS to find the Mechanisms of Action (MoA) of a drug. (a) Scheme of the method, transmitting
information over the Human Protein Network (HPN) using a Multilayer Perceptron-like and sampling. (b) After a given number of
iterations, we obtain a collection of Mechanisms of Actions (MoA). Rows represent the MoAs and columns the output signal values of
the proteins (nodes of the network). The final column shows the accuracy of the model as a percentage of the number restrictions
accomplished. (c) 200 MoAs are selected (coloured in the slide) and sorted by TSignal. The first quartile is defined as the Low-disease
group, and the fourth quartile as High-disease group. The distribution of the output signals of the two groups of MoA are shown in (d)
(High-disease in red and Low-disease is in blue).

https://doi.org/10.1371/journal.pone.0228926.9001

Note that TPMS was only executed once, optimizing the results to satisfy the restrictions on
HF data. The values of MD are obtained by measuring the signal arriving at the MD effectors,
which are part of the HPN and also receive signal. This procedure was chosen because we
defined HF as the indication of the drug (sacubitril/valsartan), while MD is a potential adverse
effect.

1. Stratification of MoAs

In order to compare models related to a good or bad response to the treatment, or those more
prone to lead towards potential MD adverse effect, we stratified the MoAs. For HF, or treat-
ment response, MoAs were ranked by their TSignal and then split in four quartiles. The first
quartile (top 25%) contains MoAs with higher intensity of the response, which in turn corre-
sponds to lower values of the effectors associated with HF phenotype (we named them as
“Low”-disease MoAs). On the contrary, the fourth quartile (bottom 25%) collects MoAs with
lower intensity of response (thus, we named as “High”-disease MoAs) (S1 File). On the other
hand, for MD, the first quartile (top 25%) contains MoAs with higher intensity, which as an
adverse event, correspond to models with high values of the effectors associated to MD (we
named them as High-adverseEvent MoAs). The fourth quartile (bottom 25%) collects MoAs
with lower intensity of response (thus, we named as Low- adverseEvent MoAs) (S1 File). Note
that, in the following steps and because HF and MD groups were extracted from the same 200
set of models, common MoAs between different HF and MD-defined sets could be expected.

2. Comparison of MoAs with high/low TSignal associated to HF or MD

We calculated the modified Hausdorff distance between the groups of MoAs (High-MD, Low-
MD, High-HF and Low-HF) to elucidate their similarity values (S1 File). In this sense, the
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higher the distance between the groups is, the more different they are. We used these distances
to calculate a dendrogram tree (see S1 File) showing that MoAs associated with a bad response
to sacubitril/valsartan for HF (high-HF) are more similar (i.e. closer) to MoAs linked to a
stronger MD adverse effect (high-MD). It is remarkable that the distances between Low- and
High-HF and between Low- and High-MD are larger than the cross distances between HF and
MD. However, by the definition of distance (equation 3 in supplementary material), it cannot
account for the dispersion among the MoAs within and between each group. Therefore, for
each set we calculated the mean Euclidean distance between all the points and its center,
defined by the average of all points (see S1 File). As a result, all groups showed very similar dis-
persion values.

In order to have a global and graphical view of the distance between the individual MoAs,
we generated a multidimensional scaling (MDS) plot calculated using MATLAB (see Fig 2).
MDS plots display the pairwise distances in two dimensions while preserving the clustering
characteristics (i.e. close MoAs are also close in the 2D-plot and far MoAs are also far in 2D).
Focusing on the Low-HF group depicted in blue circles, we observe that there is no clear ten-
dency to cluster with any of the MD groups. There are few cases of Low-HF MoAs coinciding
in the space with Low- or High-MD MoAs. This implies that a good response to sacubitril/val-
sartan of HF patients would not be usually linked to the development of MD. Moreover, no
clear distinction is found when plotting only the MD MoAs within the Low-HF group (see S1
File). However, regarding the set of High-HF MoAs, we can differentiate two clusters of
MoAs: one related to the High-MD group (green crosses); and the other close to MoAs of the
Low-MD group (black crosses) (see S1 File).

Assuming the hypothesis that different MoAs correspond to distinct prototype-patients, we
conclude that for the specific set of patients for which sacubitril/valsartan works best reducing
HEF, it would be more difficult to differentiate between those presenting MD and those who do
not. Instead, for the High-HF group, patients having MD could indeed be easily distinguished
from those not presenting MD as side effect. However, because Low-HF group has more rele-
vance to the clinics, specific functional analyses were performed in this specific group, as seen
in following sections. Finally, we highlight that, as these distinct groups of prototype-patients
are theoretical simulations, they don’t reflect the clinical effects of real patients.

3. Identification and functional analysis of potential biomarkers

For this section, we identified the nodes (i.e. proteins) significantly differentiating two groups
of models (using a Mann-Whitney U test) for which the average of output signals have oppo-
site signs (see methods in 3.3). After that, the function of the identified proteins was extracted
from Gene Ontology (GO).

3.1. Identification of best-classifier proteins differentiating HF responses. After com-
paring High- vs Low- HF groups, we found a total of 45 differential best-classifier proteins
associated with the treatment response (6 Low-HF-active/High-HF-inactive and 39 Low-HF-
inactive/High-HF-active) (see Fig 3A and S1 File). To pinpoint the biological role of these pro-
teins, we first identified the GO enriched functions (see S1 File) and then searched in the liter-
ature for evidences linking them with HF. As a result, we found that the differential best-
classifier proteins Low-HF-active/High-HF-inactive point towards an important role for actin
nucleation and polymerization mechanisms in drug response (reflected by the functions regu-
lation of actin nucleation, regulation of Arp2/3 complex-mediated actin nucleation, SCAR com-
plex, filopodium tip, or dendrite extension). In fact, the alteration of actin nucleation and
polymerization mechanisms has been reported in heart failure [38-40]. Interestingly, a role for
the activation of another differential best-classifier candidate, ATGR2, has been proposed to
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Fig 2. Multidimensional scaling plot of the distances between the Mechanisms of Action (MoA) of the four groups defined. Each
point represents a MoA. Axes are defined by the most representative dimensions.

https://doi.org/10.1371/journal.pone.0228926.9002

mediate some of the beneficial effects of angiotensin II receptor type 1 antagonists, such as val-
sartan [41,42]. On the other hand, the results of the differential best-classifier proteins Low-
HF-inactive/High-HF-active are linked to phosphatidylinositol kinase mediated pathways
(phosphatidylinositol-3,4-bisphosphate 5-kinase activity) and MAP kinase mediated pathways
(MAP kinase kinase activity, best classifier proteins MAPK1, MAPK3, MAPK11, MAPK12 or
MAPK13). In this case, both signaling pathways have been associated to cardiac hypertrophy
and subsequent heart failure [43,44]. These outcomes clearly lead towards the idea that High-
HF models are a representation of prototype-patients with a worst response to the treatment,
while Low-HF models are related to more beneficial response to the medication. A more
detailed explanation can be found in the supplementary material.

3.2. Identification of best-classifier proteins differentiating MD responses. We identi-
fied 57 differential best-classifier proteins of MD (28 Low-MD-active/High-MD-inactive and
29 Low-MD-inactive/High-MD-active) (see Fig 3B and S1 File). Again, we searched for rela-
tionships between these proteins and MD by identifying the GO enriched functions (see S1
File) and searching for links in the literature. Some of the proteins and functions highlighted
in the current analysis had been related to MD in previous works. The presence of dendritic
spine development and dorsal/ventral axon guidance related proteins emphasizes the role of
sacubitril/valsartan in dendritic and synaptic plasticity mechanisms, which had been previ-
ously linked to MD [45]. Furthermore, valsartan treatment has been reported to promote
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output signal of each protein in High-group is presented versus its value in Low-group. Differential signals (Diff., shown as triangles) are defined as those with
opposite sign when comparing High versus Low average, and a p-value < 0.01 when calculating the Mann-Whitney U test between the two distributions of
signals. Best-classifier proteins (BCP) are colored in red, otherwise they are blue. Sizes of markers are proportional to p-values of the Mann-Whitney U test.

https://doi.org/10.1371/journal.pone.0228926.g003

dendritic spine development in other related neurodegenerative diseases, such as Alzheimer’s
disease [46]. Other enriched functions are implicated in growth factor related pathways, which
are known to be involved in wet MD pathogenesis [47]. Moreover, neovascularization in the
wet variant of MD has been linked to the signaling of some of the growth factors detected as
sacubitril/valsartan-associated MD classifiers in this study, including FGF1 [47] and PDGF
[48,49]. A more detailed explanation can be found in the supplementary material.

3.3. Identification of potential biomarkers differentiating MD responses in Low-HF.
Because of its clinical relevance, we decided to focus on analyzing the special case of proto-
type-patients in which the treatment reduces HF (Low-HF) but produces MD adverse effect
(High-HF). In order to find these prototype-patients, we: (i) identified 13 Low-HF N Low-MD
MoAs and 12 Low-HF N High-MD MoAs; and (ii) compared the protein signal of the two
groups and proposed 30 potential biomarkers (Table 1). Among the proposed biomarkers, we
found 16 proteins active in Low-HF N Low-MD MoAs but inactive in Low-HF N High-MD
(15 of them shared with MD best-classifier proteins). On the other hand, 14 proteins were
identified as inactive in Low-HF N Low-MD and active in Low-HF N High-MD MoAs (12 of
them were MD best-classifier proteins). We calculated the GO enriched functions of these two
groups and observed that “phosphatidylinositol bisphosphate kinase activity” is enriched
among proteins that are active in Low-HF N Low-MD MoAs. Instead, “fibrinolysis” was found
to be enriched among proteins active in Low-HF N High-MD MoAs (Table 2). With this, we
conclude that among the group of prototype-patients for which sacubitril/valsartan improves
HF treatment response, the modulation of fibrinolysis could play a role at inducing the MD
adverse effect. Moreover, we propose 12 best-classifier proteins that may be considered as bio-
markers for good prognosis of the side effect.

In fact, since neovascular MD development is characterized by subretinal extravasations of
novel vessels derived from the choroid (CNV) and the subsequent hemorrhage into the photo-
receptor cell layer in the macula region [51], it might be reasonable to think that the
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Table 1. Potential biomarker proteins, with opposite signal in Low-HF N Low-MD and Low-HF N High-MD MoAs.

Uniprot ID Gene symbol Gene name (LMD) | (HMD,) | | /[LMDxHMD]| | Adjusted P- BCP
value
1 P02675 FGB Fibrinogen beta chain -0.576 | 0.814 0.685 1.297E-03 MD
2 043639 NCK2 Cytoplasmic protein NCK2 0.620 | -0.697 0.657 1.656E-04 MD
3 P54762 EPHBI1 Ephrin type-B receptor 1 0.317 | -0.677 0.464 3.669E-04 HF&MD
4 | Q9Y4H2 IRS2 Insulin receptor substrate 2 0.417 | -0.465 0.440 8.181E-04 MD
5 060674 JAK2 Tyrosine-protein kinase JAK2 -0.747 | 0.249 0.431 1.656E-04 MD
6 P06241 FYN Tyrosine-protein kinase Fyn 0.591 | -0.236 0.373 2.466E-04 HE&MD
7 P30530 AXL Tyrosine-protein kinase receptor UFO 0.392 | -0.330 0.360 2.111E-04 MD
8 Q02297 NRG1 Pro-neuregulin-1, membrane-bound isoform 0.672 | -0.188 0.355 2.111E-04 MD
9 P32004 LICAM Neural cell adhesion molecule L1 -0.373 | 0.309 0.339 1.297E-03 HF&MD
10 | Q05586 GRIN1 Glutamate receptor ionotropic, NMDA 1 -0.174 | 0.620 0.329 1.955E-04 MD
11| P05230 FGF1 Fibroblast growth factor 1 -0.152 | 0.688 0.323 8.181E-04 HF&MD
12| P18084 ITGB5 Integrin beta-5 0.436 | -0.236 0.321 2.111E-04 MD
13 P01583 IL1A Interleukin-1 alpha 0.174 | -0.472 0.287 1.955E-04 MD
14| P10275 AR Androgen receptor 0.349 | -0.201 0.265 8.008E-04 MD
15| P15%41 MUCI1 Mucin-1 subunit alpha 0.099 | -0.652 0.254 6.905E-04 HF&MD
16 | 014757 CHEK1 Serine/threonine-protein kinase Chk1 0.436 | -0.142 0.248 1.549E-03 MD
17| P15391 CD19 B-lymphocyte antigen CD19 -0.131 | 0.357 0.216 8.160E-03 MD
18| P61981 YWHAG 14-3-3 protein gamma, N-terminally processed 0.174 | -0.236 0.203 2.783E-03 -
19| Q9Y478 PRKABI1 5’-AMP-activated protein kinase subunit beta-1 0.261 | -0.142 0.192 5.682E-03 MD
20 P62158 CALM1; CALM2; Calmodulin-1 {EC0:0000312|[HGNC:HGNC:1442} -0.282 | 0.107 0.174 9.405E-03 MD
CALM3
21| P06748 NPM1 Nucleophosmin 0.261 | -0.107 0.167 3.618E-03 MD
22| 015357 INPPL1 Phosphatidylinositol 3,4,5-trisphosphate -0.261 | 0.094 0.157 3.618E-03 MD
5-phosphatase 2
23| P17081 RHOQ Rho-related GTP-binding protein RhoQ -0.218 | 0.094 0.143 9.794E-03 MD
24| P35354 PTGS2 Prostaglandin G/H synthase 2 0.044 | -0.472 0.143 3.669E-04 MD
25| P42684 ABL2 Abelson tyrosine-protein kinase 2 -0.218 | 0.094 0.143 9.794E-03 MD
26 | Q15109 AGER Advanced glycosylation end product-specific -0.267 | 0.063 0.130 8.160E-03 -
receptor
27 | P07585 DCN Decorin -0.044 | 0.236 0.101 5.682E-03 MD
28| PO05155 SERPING1 Plasma protease C1 inhibitor -0.044 | 0.236 0.101 5.682E-03 MD
29 | P05121 SERPINE1 Plasminogen activator inhibitor 1 -0.044 | 0.236 0.101 5.682E-03 -
30| P14770 GP9 Platelet glycoprotein IX 0.044 | -0.236 0.101 5.682E-03 MD

Highlighted cells correspond to proteins that are part of the Top-HF U Top-MD U Top-Drug set, the top-scoring proteins according to GUILDify. Columns show: the
protein name (as UniprotID, gene-symbol and gene-name), the average of the signal in in Low-MD (<LMD>) and High-MD (<HMD>) in the selected sets of MoAs
and a measure of the strength of the signal in both distributions (calculated as /LMDxHMD), the significance (adjusted P-value) ensuring that both distributions of
signals are different, and whether the protein has been considered best-classifier in MD of HF (BCP).

https://doi.org/10.1371/journal.pone.0228926.t001

modulation of fibrinolysis and blood coagulation pathways could play a role. The reported
implication of some fibrinolysis related classifiers, such as FGB, SERPINEI (PAI-1), and
SERPING]I, in neovascular MD development seems to support this hypothesis [52-54].
Besides, valsartan might be implicated in this mechanism, since it has been reported to modu-
late PAI-1 levels and promote fibrinolysis in different animal and human models [55,56]. In
addition, the presence of several other MD related classifiers in this list, such as IRS2 [57],
PTGS2 [58], DCN [59] and FGF1 [60], further supports the interest of the classifiers as bio-
markers of MD development in sacubitril/valsartan good responders. Still, we would like to
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Table 2. Top 10 Gene Ontology functions enriched from proteins with opposite signal in Low-HF N Low-MD and Low-HF N High-MD MoAs.

Low-HF N LMD+ HMD- Low-HF N HMD+ LMD- Overlapped functions
GO name LOD | P-val. GO name LOD | P-val. GO name LOD | P-val.
1 | phosphatidylinositol-4,5-bisphosphate 1.89 | 0.03600 | fibrinolysis 2.51 | 0.00050 | response to stimulus 1.19 | <0.00050
3-kinase activity
2 | cellular response to UV 1.87 | 0.04200 | negative regulation of wound | 2.13 | 0.00050 | positive regulation of 1.24 | <0.00050
healing transport
3 | phosphatidylinositol bisphosphate kinase | 1.87 | 0.04200 | negative regulation of blood 2.12 | 0.00850 | positive regulation of 1.13 | 0.00051
activity coagulation biological process
4 | vascular endothelial growth factor 1.86 | 0.04200 | negative regulation of 2.12 | 0.00850 | positive regulation of 1.18 | <0.00050
receptor signaling pathway hemostasis developmental process
5 | positive regulation of protein kinase B 1.70 | 0.01050 | negative regulation of 2.10 | 0.01050 | positive regulation of cellular | 1.04 | 0.00294
signaling coagulation process
6 | negative regulation of apoptotic signaling | 1.68 | 0.00050 | platelet alpha granule lumen | 1.96 | 0.02300 | positive regulation of response | 1.04 | 0.00417
pathway to stimulus
7 | peptidyl-tyrosine phosphorylation 1.63 | 0.01400 | regulation of epithelial cell 1.96 | 0.02300 - - -
apoptotic process
8 | regulation of apoptotic signaling pathway | 1.63 | <0.00050 | regulation of blood 1.91 | 0.02800 - - -
coagulation
9 | peptidyl-tyrosine modification 1.62 | 0.01400 | regulation of hemostasis 1.91 | 0.02800 - - -
10 | protein tyrosine kinase activity 1.61 | 0.01850 | regulation of coagulation 1.89 | 0.03450 - - -

Functional enrichment analysis from FuncAssociate [50].

https://doi.org/10.1371/journal.pone.0228926.t002

highlight that the biomarkers have been proposed using a theoretical approach, and that the
clinical effects studied may not be present in real patients.

4. Analysis of proposed biomarkers with GUILDify

In the previous section, we proposed 30 proteins that could potentially help to identify HF
patients at risk of developing MD. To corroborate these biomarkers, we tested how many of
them are found using a different approach also based on the use of functional networks. For
this purpose, we used GUILDify v2.0 [23], a web server that extends the information of dis-
ease-gene associations through the protein-protein interactions network. GUILDify scores
proteins according to their proximity with the genes associated with a disease (seeds). Using
this web server, we identify a list of top-scoring proteins that are critical on transmitting the
perturbation of disease genes through the network. The network used by GUILDify is
completely independent from the HPN used in the TPMS, becoming an ideal, independent
context to test the potential biomarkers.

Thus, we used GUILDify to indicate which of the potential biomarkers identified by TPMS
may have a relevant role in the molecular mechanism of the drug. We ran GUILDify using the
two targets of sacubitril/valsartan (NEP, AT1R) as seeds, and selected the top 2% scored nodes
(defined as the “top-drug” set). We did the same with the phenotypes of HF and MD, using as
seeds the 124 effectors of HF and 163 effectors of MD from the BED database. We merged the
top scored sets of HF, MD and top-drug (“top-drug U top-HF U top-MD”) and studied the
overlap with the set of 30 biomarkers proposed in the previous section. 10 of the candidate bio-
markers are found in the merged set “top-drug U top-HF U top-MD” and are consequently
significant (see S1 File).

Some of these candidates can be functionally linked to both diseases and the drug under
study. For example, among these 10 classifiers, AGER has been implicated in both HF [61],
through extracellular matrix remodeling, and MD development [62], through inflammation,
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oxidative stress, and basal laminar deposit formation between retinal pigment epithelium cells
and the basal membrane; furthermore, this receptor is known to be modulated by AT1R [63],
valsartan target. Similarly, FGF1 has been proposed to improve cardiac function after HF [64],
as well as to promote choroid neovascularization leading to MD [47]. Moreover, FGF1 is regu-
lated by angiotensin II through ATGR2 [65], another protein suggested as classifier in the cur-
rent analysis that is known to mediate some of the effects of AT1R antagonists, such as
valsartan [41,42]. Another candidate, NRG1, has been linked to myocardial regeneration after
HF [66] and is known to lessen the development of neurodegenerative diseases such as Alzhei-
mer’s disease [67], which shares similar pathological features with MD [68]. NRGL is also
linked to the expression of neprilysin [67], sacubitril target. ITGB5 has been identified as risk
locus for HF [69] and its modulation has been linked to lipofucsin accumulation in MD [70].
Interestingly, ATGR1 inhibitors have been reported to modulate ITGB5 expression in animal
models [71]. Finally, IL1A has been proposed as an essential mediator of HF pathogenesis
[72,73] through inflammation modulations, and serum levels of this protein have been found
increased in MD patients [74]. In addition, as described in previous sections, classifiers FGB,
SERPINEI, and SERPINGI have been linked to MD [52-54] and are also known to play a role
in HF development [75-78]. According to these findings, the 10 potential biomarkers pro-
posed by TPMS and identified with GUILDify might be prioritized when studying good
responder HF patients at risk of MD development.

Limitations

Although TPMS returns the amount of signal from the drug arriving to the rest of the proteins
in the HPN, this signal is only a qualitative measure. We are not using data about the dosage of
the drug or the quantity of expression of the proteins. However, we are already working to
make TPMS move towards the growing tendency of Quantitative Systems Pharmacology. The
quantification of the availability of drugs in the target tissue for each patient opens the oppor-
tunity to have an accurate patient simulation to do in silico clinical trials.

Conclusions

It exists an increasing need for new tools to get closer to real life clinical problems and the Sys-
tems Biology-based computational methods could be the solution needed. The specific case of
sacubitril/valsartan stands out because of the amount of resources invested in the safety of the
drug and the concern on the possible risk of inducing amyloid accumulation-associated condi-
tions, such as macular degeneration (MD), in the long term. In this study, we applied TPMS
technology to uncover different Mechanisms of Action (MoAs) of sacubitril/valsartan over
heart failure (HF) and reveal its molecular relationship with MD. For this approach, we
hypothesize that each MoA would correspond to a prototype-patient. The method is then used
to generate a wide battery of MoAs by performing an in silico trial of the drug and pathology
under study. TPMS computes the models by using a hand curated Human Protein Network
and applying a Multilayer Perceptron-like and sampling method strategy to find all plausible
solutions. After analyzing the models generated, we found different sets of proteins able to
classify the models according to HF treatment efficacy or MD treatment relationship. The sets
include functions such as PI3K and MAPK kinase signaling pathways, involved in HF-related
cardiac hypertrophy, or fibrinolysis and coagulation processes (e.g. FGB, SERPINE1 or SERP-
ING1) and growth factors (e.g. FGF1 or PDGF) related to MD induction. Furthermore, we
propose 30 biomarker candidates to identify patients potentially developing MD under a suc-
cessful treatment with sacubitril/valsartan. Out of this 30, 10 biomarkers were also found in
the alternative, independent molecular context proposed by GUILDIfy, including some HF
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and MD effectors such as AGER, NRG1, ITGB5 or IL1A. Further studies might prospectively
validate the herein raised hypothesis.

We notice that the models generated with TPMS are completely theoretical and thus, they
are not associated with clinical effects of real patients. Consequently, the biomarkers proposed
on the basis of these models are also theoretical and would require an experimental validation.
Still, TPMS represents a huge improvement for studying the hypothetical relationship between
a drug and an adverse effect. Until now, there were not enough tools that allow to perform an
exhaustive study on the MoAs of an adverse effect. Now, with the MoAs and biomarkers pro-
posed by TPMS, we provide the tools for this type of research.

Supporting information

S1 File. Extended version of materials and methods; S1-S5 Figs; S1-S13 Tables.
(DOCX)

Author Contributions
Conceptualization: Narcis Fernandez-Fuentes, José Manuel Mas, Baldo Oliva.

Data curation: Guillem Jorba, Valentin Junet, Cristina Sega-Vergés, José Luis Ruiz, José
Manuel Mas.

Formal analysis: Guillem Jorba, Joaquim Aguirre-Plans, Cristina Segu-Vergés, Albert Pujol,
Narcis Fernandez-Fuentes, José Manuel Mas, Baldo Oliva.

Funding acquisition: José Manuel Mas.

Investigation: Guillem Jorba, Joaquim Aguirre-Plans, Cristina Segu-Vergés, Narcis Fernan-
dez-Fuentes, José Manuel Mas, Baldo Oliva.

Methodology: Guillem Jorba, Joaquim Aguirre-Plans, Albert Pujol, Narcis Fernandez-Fuen-
tes, José Manuel Mas, Baldo Oliva.

Resources: José Manuel Mas.

Software: Guillem Jorba, Joaquim Aguirre-Plans, Albert Pujol, José Manuel Mas.
Supervision: José Manuel Mas, Baldo Oliva.

Validation: Guillem Jorba, Joaquim Aguirre-Plans, José Manuel Mas, Baldo Oliva.
Visualization: Guillem Jorba, Joaquim Aguirre-Plans.

Writing - original draft: Guillem Jorba, Joaquim Aguirre-Plans, Cristina Segu-Vergés, Narcis
Fernandez-Fuentes.

Writing - review & editing: Guillem Jorba, Joaquim Aguirre-Plans, Valentin Junet, Cristina
Segu-Vergeés, José Luis Ruiz, Albert Pujol, Narcis Fernandez-Fuentes, José Manuel Mas,
Baldo Oliva.

References

1. Pappalardo F, Russo G, Tshinanu FM, Viceconti M. In silico clinical trials: concepts and early adoptions.
Brief Bioinform. 2018; 1—10. https://doi.org/10.1093/bib/bbw095

2. Viceconti M, Clapworthy G. The virtual physiological human: Challenges and opportunities. 2006 3rd
IEEE International Symposium on Biomedical Imaging: From Nano to Macro—Proceedings.
20086. pp. 812—815. doi:10.1109/isbi.2006.1625042

PLOS ONE | https://doi.org/10.1371/journal.pone.0228926  February 13, 2020 12/16


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0228926.s001
https://doi.org/10.1093/bib/bbw095
https://doi.org/10.1109/isbi.2006.1625042
https://doi.org/10.1371/journal.pone.0228926

@ PLOS|ONE

TPMS for in silico simulations of patients

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

Viceconti M, Henney A, Morley-Fletcher E. In silico clinical trials: how computer simulation will transform
the biomedical industry. Int J Clin Trials. 2016; 3: 37. https://doi.org/10.18203/2349-3259.ijct20161408

Anaxomics Biotech SL. TPMS technology [Internet]. 2018. Available: http://www.anaxomics.com/tpms.
php

Pujol A, Mosca R, Farrés J, Aloy P. Unveiling the role of network and systems biology in drug discovery.
Trends Pharmacol Sci. 2010; 31: 115-123. https://doi.org/10.1016/j.tips.2009.11.006 PMID: 20117850

Herrando-Grabulosa M, Mulet R, Pujol A, Mas JM, Navarro X, Aloy P, et al. Novel Neuroprotective Mul-
ticomponent Therapy for Amyotrophic Lateral Sclerosis Designed by Networked Systems. PLoS One.
2016; 11: e0147626. https://doi.org/10.1371/journal.pone.0147626 PMID: 26807587

Gomez-Serrano M, Camafeita E, Garcia-Santos E, Lépez JA, Rubio MA, Sanchez-Pernaute A, et al.
Proteome-wide alterations on adipose tissue from obese patients as age-, diabetes- and gender-spe-
cific hallmarks. Sci Rep. 2016; 6: 1-15. https://doi.org/10.1038/s41598-016-0001-8

Perera S, Artigas L, Mulet R, Mas JM, Sardén T. Systems biology applied to non-alcoholic fatty liver dis-
ease (NAFLD): treatment selection based on the mechanism of action of nutraceuticals. Nutrafoods.
2014; 13: 61-68. https://doi.org/10.1007/s13749-014-0022-5

Iborra-Egea O, Galvez-Montén C, Roura S, Perea-Gil |, Prat-Vidal C, Soler-Botija C, et al. Mechanisms
of action of sacubitril/valsartan on cardiac remodeling: a systems biology approach. npj Syst Biol Appl.
2017; 3: 1-8. https://doi.org/10.1038/s41540-016-0001-0

Romeo-Guitart D, Forés J, Herrando-Grabulosa M, Valls R, Leiva-Rodriguez T, Galea E, et al. Neuro-
protective Drug for Nerve Trauma Revealed Using Artificial Intelligence. Sci Rep. 2018; 8: 1879. https:/
doi.org/10.1038/s41598-018-19767-3 PMID: 29382857

Lorén V, Garcia-Jaraquemada A, Naves JE, Carmona X, Mafiosa M, Aransay AM, et al. Anp32e, a pro-
tein involved in steroid-refractoriness in ulcerative colitis, identified by a systems biology approach. J
Crohn’s Colitis. 2019; 13: 351-361. https://doi.org/10.1093/ecco-jcc/jjy171 PMID: 30329026

Iborra-Egea O, Santiago-Vacas E, Yurista SR, Lupén J, Packer M, Heymans S, et al. Unraveling the
Molecular Mechanism of Action of Empagliflozin in Heart Failure With Reduced Ejection Fraction With
or Without Diabetes. JACC Basic to Transl Sci. 2019; 4: 831-840. https://doi.org/10.1016/j.jacbts.2019.
07.010 PMID: 31998851

Van Riet EES, Hoes AW, Wagenaar KP, Limburg A, Landman MAJ, Rutten FH. Epidemiology of heart
failure: The prevalence of heart failure and ventricular dysfunction in older adults over time. A system-
atic review. Eur J Heart Fail. 2016; 18: 242-52. https://doi.org/10.1002/ejhf.483 PMID: 26727047

McMurray JJV, Packer M, Desai AS, Gong J, Lefkowitz MP, Rizkala AR, et al. Angiotensin—Neprilysin
Inhibition versus Enalapril in Heart Failure. N Engl J Med. 2014; 371: 993—1004. https://doi.org/10.
1056/NEJMoa1409077 PMID: 25176015

Singh JSS, Burrell LM, Cherif M, Squire 1B, Clark AL, Lang CC. Sacubitril/valsartan: Beyond natriuretic
peptides. Heart. 2017; 103: 1569—-1577. https://doi.org/10.1136/heartjnl-2017-311295 PMID: 28689178

Ponikowski P, Voors AA, Anker SD, Bueno H, Cleland JGF, Coats AJS, et al. 2016 ESC Guidelines for
the diagnosis and treatment of acute and chronic heart failure. Eur Heart J. 2016; 37: 2129-2200m.
https://doi.org/10.1093/eurheartj/ehw128 PMID: 27206819

Feldman AM, Haller JA, DeKosky ST. Valsartan/sacubitril for heart failure: Reconciling disparities
between preclinical and clinical investigations. JAMA—J Am Med Assoc. 2016; 315: 25-26. hitps://doi.
org/10.1001/jama.2015.17632 PMID: 26641736

Riddell E, Vader JM. Potential Expanded Indications for Neprilysin Inhibitors. Current Heart Failure
Reports. 2017. pp. 134—145. https://doi.org/10.1007/s11897-017-0327-y PMID: 28281174

Zhang Z lu, Li R, Yang FY, Xi L. Natriuretic peptide family as diagnostic/prognostic biomarker and treat-
ment modality in management of adult and geriatric patients with heart failure: Remaining issues and
challenges. J Geriatr Cardiol. 2018; 15: 540-546. https://doi.org/10.11909/j.issn.1671-5411.2018.08.
008 PMID: 30344534

Baranello RJ, Bharani KL, Padmaraju V, Chopra N, Lahiri DK, Greig NH, et al. Amyloid-Beta Protein
Clearance and Degradation (ABCD) Pathways and their Role in Alzheimer’s Disease. Curr Alzheimer
Res. 2015; 12: 32—46. https://doi.org/10.2174/1567205012666141218140953 PMID: 25523424

Ohno-Matsui K. Parallel findings in age-related macular degeneration and Alzheimer’s disease. Prog
Retin Eye Res. 2011; 30: 217-238. https://doi.org/10.1016/j.preteyeres.2011.02.004 PMID: 21440663

Solomon SD, Rizkala AR, Gong J, Wang W, Anand IS, Ge J, et al. Angiotensin Receptor Neprilysin Inhi-
bition in Heart Failure With Preserved Ejection Fraction: Rationale and Design of the PARAGON-HF
Trial. JACC Hear Fail. 2017; 5: 471-482. https://doi.org/10.1016/j.jchf.2017.04.013 PMID: 28662936

Aguirre-Plans J, Pifiero J, Sanz F, Furlong LI, Fernandez-Fuentes N, Oliva B, et al. GUILDify v2.0: A
Tool to Identify Molecular Networks Underlying Human Diseases, Their Comorbidities and Their Drug-
gable Targets. J Mol Biol. 2019; 30117-2. https://doi.org/10.1016/j.jmb.2019.02.027 PMID: 30851278

PLOS ONE | https://doi.org/10.1371/journal.pone.0228926  February 13, 2020 13/16


https://doi.org/10.18203/2349-3259.ijct20161408
http://www.anaxomics.com/tpms.php
http://www.anaxomics.com/tpms.php
https://doi.org/10.1016/j.tips.2009.11.006
http://www.ncbi.nlm.nih.gov/pubmed/20117850
https://doi.org/10.1371/journal.pone.0147626
http://www.ncbi.nlm.nih.gov/pubmed/26807587
https://doi.org/10.1038/s41598-016-0001-8
https://doi.org/10.1007/s13749-014-0022-5
https://doi.org/10.1038/s41540-016-0001-0
https://doi.org/10.1038/s41598-018-19767-3
https://doi.org/10.1038/s41598-018-19767-3
http://www.ncbi.nlm.nih.gov/pubmed/29382857
https://doi.org/10.1093/ecco-jcc/jjy171
http://www.ncbi.nlm.nih.gov/pubmed/30329026
https://doi.org/10.1016/j.jacbts.2019.07.010
https://doi.org/10.1016/j.jacbts.2019.07.010
http://www.ncbi.nlm.nih.gov/pubmed/31998851
https://doi.org/10.1002/ejhf.483
http://www.ncbi.nlm.nih.gov/pubmed/26727047
https://doi.org/10.1056/NEJMoa1409077
https://doi.org/10.1056/NEJMoa1409077
http://www.ncbi.nlm.nih.gov/pubmed/25176015
https://doi.org/10.1136/heartjnl-2017-311295
http://www.ncbi.nlm.nih.gov/pubmed/28689178
https://doi.org/10.1093/eurheartj/ehw128
http://www.ncbi.nlm.nih.gov/pubmed/27206819
https://doi.org/10.1001/jama.2015.17632
https://doi.org/10.1001/jama.2015.17632
http://www.ncbi.nlm.nih.gov/pubmed/26641736
https://doi.org/10.1007/s11897-017-0327-y
http://www.ncbi.nlm.nih.gov/pubmed/28281174
https://doi.org/10.11909/j.issn.1671-5411.2018.08.008
https://doi.org/10.11909/j.issn.1671-5411.2018.08.008
http://www.ncbi.nlm.nih.gov/pubmed/30344534
https://doi.org/10.2174/1567205012666141218140953
http://www.ncbi.nlm.nih.gov/pubmed/25523424
https://doi.org/10.1016/j.preteyeres.2011.02.004
http://www.ncbi.nlm.nih.gov/pubmed/21440663
https://doi.org/10.1016/j.jchf.2017.04.013
http://www.ncbi.nlm.nih.gov/pubmed/28662936
https://doi.org/10.1016/j.jmb.2019.02.027
http://www.ncbi.nlm.nih.gov/pubmed/30851278
https://doi.org/10.1371/journal.pone.0228926

@ PLOS|ONE

TPMS for in silico simulations of patients

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

Anaxomics Biotech SL. Biological Effectors Database [Internet]. 2018. Available: http://www.
anaxomics.com/biological-effectors-database.php

Wishart DS, Feunang YD, Guo AC, Lo EJ, Marcu A, Grant JR, et al. DrugBank 5.0: A major update to
the DrugBank database for 2018. Nucleic Acids Res. 2018; 46: D1074—D1082. https://doi.org/10.1093/
nar/gkx1037 PMID: 29126136

Kim S, Thiessen PA, Bolton EE, Chen J, Fu G, Gindulyte A, et al. PubChem substance and compound
databases. Nucleic Acids Res. 2016; 44: D1202-D1213. https://doi.org/10.1093/nar/gkv951 PMID:
26400175

Szklarczyk D, Santos A, Von Mering C, Jensen LJ, Bork P, Kuhn M. STITCH 5: Augmenting protein-
chemical interaction networks with tissue and affinity data. Nucleic Acids Res. 2016; 44: D380-D384.
https://doi.org/10.1093/nar/gkv1277 PMID: 26590256

Hecker N, Ahmed J, von Eichborn J, Dunkel M, Macha K, Eckert A, et al. SuperTarget goes quantitative:
update on drug-target interactions. Nucleic Acids Res. 2011; 40: D1113-D1117. https://doi.org/10.
1093/nar/gkr912 PMID: 22067455

Kanehisa M, Furumichi M, Tanabe M, Sato Y, Morishima K. KEGG: New perspectives on genomes,
pathways, diseases and drugs. Nucleic Acids Res. 2017; 45: D353-D361. https://doi.org/10.1093/nar/
gkw1092 PMID: 27899662

Chatr-Aryamontri A, Oughtred R, Boucher L, Rust J, Chang C, Kolas NK, et al. The BioGRID interaction
database: 2017 update. Nucleic Acids Res. 2017; 45: D369-D379. https://doi.org/10.1093/nar/
gkw1102 PMID: 27980099

Orchard S, Ammari M, Aranda B, Breuza L, Briganti L, Broackes-Carter F, et al. The MintAct project—
IntAct as a common curation platform for 11 molecular interaction databases. Nucleic Acids Res. 2014;
42: 358-363. https://doi.org/10.1093/nar/gkt1115 PMID: 24234451

Fabregat A, Jupe S, Matthews L, Sidiropoulos K, Gillespie M, Garapati P, et al. The Reactome Pathway
Knowledgebase. Nucleic Acids Res. 2018; 46: D649—-D655. https://doi.org/10.1093/nar/gkx1132 PMID:
29145629

Han H, Cho JW, Lee S, Yun A, Kim H, Bae D, et al. TRRUST v2: An expanded reference database of
human and mouse transcriptional regulatory interactions. Nucleic Acids Res. 2018; 46: D380-D386.
https://doi.org/10.1093/nar/gkx1013 PMID: 29087512

Keshava Prasad TS, Goel R, Kandasamy K, Keerthikumar S, Kumar S, Mathivanan S, et al. Human
Protein Reference Database—2009 update. Nucleic Acids Res. 2009; 37: D767-D772. https://doi.org/
10.1093/nar/gkn892 PMID: 18988627

Liu 'Y, Morley M, Brandimarto J, Hannenhalli S, Hu Y, Ashley EA, et al. RNA-Seq identifies novel myo-
cardial gene expression signatures of heart failure. Genomics. 2015; 105: 83-9. https://doi.org/10.
1016/j.ygeno.2014.12.002 PMID: 25528681

Collet P, Rennard J-P. Stochastic Optimization Algorithms. Intell Inf Technol. 2011; 1121-1137. https://
doi.org/10.4018/978-1-59904-941-0.ch064

Dubuisson M-P, Jain AK. A modified Hausdorff distance for object matching. Proc 12th Int Conf Pattern
Recognit. 1994; 1: 566-568. doi:10.1109/ICPR.1994.576361

Patel VB, Wang Z, Fan D, Zhabyeyev P, Basu R, Das SK, et al. Loss of p47phox subunit enhances sus-
ceptibility to biomechanical stress and heart failure because of dysregulation of cortactin and actin fila-
ments. Circ Res. 2013; 112: 1542-56. https://doi.org/10.1161/CIRCRESAHA.111.300299 PMID:
23553616

Karsanov NV, Pirtskhalaishvili MP, Semerikova VJ, Losaberidze NS. Thin myofilament proteins in norm
and heart failure I. Polymerizability of myocardial Straub actin in acute and chronic heart failure. Basic
Res Cardiol. 1986; 81: 199-212. https://doi.org/10.1007/bf01907384 PMID: 3741358

Childers RC, Sunyecz I, West TA, Cismowski MJ, Lucchesi PA, Gooch KJ. Role of the Cytoskeleton in
the Development of a Hypofibrotic Cardiac Fibroblast Phenotype in Volume Overload Heart Failure. Am
J Physiol Heart Circ Physiol. 2018; 316: H596—-H608. https://doi.org/10.1152/ajpheart.00095.2018
PMID: 30575422

Liu YH, Yang XP, Sharov VG, Nass O, Sabbah HN, Peterson E, et al. Effects of angiotensin-converting
enzyme inhibitors and angiotensin Il type 1 receptor antagonists in rats with heart failure: Role of kinins
and angiotensin |l type 2 receptors. J Clin Invest. 1997; 99: 1926-35. https://doi.org/10.1172/
JCI119360 PMID: 9109437

Schrier RW, Abdallah JG, Weinberger HHD, Abraham WT. Therapy of heart failure. Kidney Int. 2000;
57: 1418-25. https://doi.org/10.1046/}.1523-1755.2000.00986.x PMID: 10760077

Aoyagi T, Matsui T. Phosphoinositide-3 kinase signaling in cardiac hypertrophy and heart failure. Curr
Pharm Des. 2011; 17: 1818-24. https://doi.org/10.2174/138161211796390976 PMID: 21631421

PLOS ONE | https://doi.org/10.1371/journal.pone.0228926  February 13, 2020 14/16


http://www.anaxomics.com/biological-effectors-database.php
http://www.anaxomics.com/biological-effectors-database.php
https://doi.org/10.1093/nar/gkx1037
https://doi.org/10.1093/nar/gkx1037
http://www.ncbi.nlm.nih.gov/pubmed/29126136
https://doi.org/10.1093/nar/gkv951
http://www.ncbi.nlm.nih.gov/pubmed/26400175
https://doi.org/10.1093/nar/gkv1277
http://www.ncbi.nlm.nih.gov/pubmed/26590256
https://doi.org/10.1093/nar/gkr912
https://doi.org/10.1093/nar/gkr912
http://www.ncbi.nlm.nih.gov/pubmed/22067455
https://doi.org/10.1093/nar/gkw1092
https://doi.org/10.1093/nar/gkw1092
http://www.ncbi.nlm.nih.gov/pubmed/27899662
https://doi.org/10.1093/nar/gkw1102
https://doi.org/10.1093/nar/gkw1102
http://www.ncbi.nlm.nih.gov/pubmed/27980099
https://doi.org/10.1093/nar/gkt1115
http://www.ncbi.nlm.nih.gov/pubmed/24234451
https://doi.org/10.1093/nar/gkx1132
http://www.ncbi.nlm.nih.gov/pubmed/29145629
https://doi.org/10.1093/nar/gkx1013
http://www.ncbi.nlm.nih.gov/pubmed/29087512
https://doi.org/10.1093/nar/gkn892
https://doi.org/10.1093/nar/gkn892
http://www.ncbi.nlm.nih.gov/pubmed/18988627
https://doi.org/10.1016/j.ygeno.2014.12.002
https://doi.org/10.1016/j.ygeno.2014.12.002
http://www.ncbi.nlm.nih.gov/pubmed/25528681
https://doi.org/10.4018/978-1-59904-941-0.ch064
https://doi.org/10.4018/978-1-59904-941-0.ch064
https://doi.org/10.1109/ICPR.1994.576361
https://doi.org/10.1161/CIRCRESAHA.111.300299
http://www.ncbi.nlm.nih.gov/pubmed/23553616
https://doi.org/10.1007/bf01907384
http://www.ncbi.nlm.nih.gov/pubmed/3741358
https://doi.org/10.1152/ajpheart.00095.2018
http://www.ncbi.nlm.nih.gov/pubmed/30575422
https://doi.org/10.1172/JCI119360
https://doi.org/10.1172/JCI119360
http://www.ncbi.nlm.nih.gov/pubmed/9109437
https://doi.org/10.1046/j.1523-1755.2000.00986.x
http://www.ncbi.nlm.nih.gov/pubmed/10760077
https://doi.org/10.2174/138161211796390976
http://www.ncbi.nlm.nih.gov/pubmed/21631421
https://doi.org/10.1371/journal.pone.0228926

@ PLOS|ONE

TPMS for in silico simulations of patients

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

Ennis I, Aiello E, Cingolani H, Perez N. The Autocrine/Paracrine Loop After Myocardial Stretch: Mineral-
ocorticoid Receptor Activation. Curr Cardiol Rev. 2013; 9: 230—40. https://doi.org/10.2174/
1573403X113099990034 PMID: 23909633

Sullivan RKP, WoldeMussie E, Pow DV. Dendritic and synaptic plasticity of neurons in the human age-
related macular degeneration retina. Investig Ophthalmol Vis Sci. 2007; 48: 2782-91. https://doi.org/10.
1167/iovs.06-1283 PMID: 17525213

Sohn YI, Lee NJ, Chung A, Saavedra JM, Scott Turner R, Pak DTS, et al. Antihypertensive drug Valsar-
tan promotes dendritic spine density by altering AMPA receptor trafficking. Biochem Biophys Res Com-
mun. 2013; 439: 464-70. https://doi.org/10.1016/j.bbrc.2013.08.091 PMID: 24012668

Frank RN. Growth factors in age-related macular degeneration: Pathogenic and therapeutic implica-
tions. Ophthalmic Res. 1997; 29: 341-53. https://doi.org/10.1159/000268032 PMID: 9323725

Glenn JV, Stitt AW. The role of advanced glycation end products in retinal ageing and disease. Biochim
Biophys Acta—Gen Subj. 2009; 1790: 1109-16. https://doi.org/10.1016/j.bbagen.2009.04.016 PMID:
19409449

Grossniklaus HE, Green WR. Choroidal neovascularization. Am J Ophthalmol. 2004; 137: 496-503.
https://doi.org/10.1016/j.2j0.2003.09.042 PMID: 15013874

Berriz GF, Beaver JE, Cenik C, Tasan M, Roth FP. Next generation software for functional trend analy-
sis. Bioinformatics. 2009; 25: 3043—-3044. https://doi.org/10.1093/bioinformatics/btp498 PMID:
19717575

Nowak JZ. AMD-the retinal disease with an unprecised etiopathogenesis: In search of effective thera-
peutics. Acta Pol Pharm—Drug Res. 2014; 71: 900-16.

Yuan X, Gu X, Crabb JS, Yue X, Shadrach K, Hollyfield JG, et al. Quantitative Proteomics: Comparison
of the Macular Bruch Membrane/Choroid Complex from Age-related Macular Degeneration and Normal
Eyes. Mol Cell Proteomics. 2010; 9: 1031—46. https://doi.org/10.1074/mcp.M900523-MCP200 PMID:
20177130

Lee AY, Kulkarni M, Fang AM, Edelstein S, Osborn MP, Brantley MA. The effect of genetic variants in
SERPING1 on the risk of neovascular age-related macular degeneration. Br J Ophthalmol. 2010; 94:
915-7. https://doi.org/10.1136/bjo.2009.172007 PMID: 20606025

Higgins P. Balancing AhR-Dependent Pro-Oxidant and Nrf2-Responsive Anti-Oxidant Pathways in
Age-Related Retinopathy: Is SERPINE1 Expression a Therapeutic Target in Disease Onset and Pro-
gression? J Mol Genet Med. 2015; 8: 101. https://doi.org/10.4172/1747-0862.1000101 PMID:
25237384

Miyata M, Ikeda Y, Nakamura S, Sasaki T, Abe S, Minagoe S, et al. Effects of Valsartan on Fibrinolysis
in Hypertensive Patients With Metabolic Syndrome. Circ J. 2012; 76: 843-51. https://doi.org/10.1253/
circj.cj-12-0153 PMID: 22451451

Oubifia MP, De las Heras N, Vazquez-Pérez S, Cediel E, Sanz-Rosa D, Ruilope LM, et al. Valsartan
improves fibrinolytic balance in atherosclerotic rabbits. J Hypertens. 2002; 20: 303—10. https://doi.org/
10.1097/00004872-200202000-00021 PMID: 11821716

Albert-Fort M, Hombrebueno JR, Pons-Vazquez S, Sanz-Gonzalez S, Diaz-Llopis M, Pinazo-Duran
MD. Retinal neurodegenerative changes in the adult insulin receptor substrate-2 deficient mouse. Exp
Eye Res. 2014; 124: 1-10. https://doi.org/10.1016/j.exer.2014.04.018 PMID: 24792588

Zhang R, Liu Z, Zhang H, Zhang Y, Lin D. The COX-2-selective antagonist (NS-398) inhibits choroidal
neovascularization and subretinal fibrosis. PLoS One. 2016; 11: e0146808. https://doi.org/10.1371/
journal.pone.0146808 PMID: 26760305

Wang X, MaW, Han S, Meng Z, Zhao L, Yin Y, et al. TGF- participates choroid neovascularization
through Smad2/3-VEGF/TNF-a signaling in mice with Laser-induced wet age-related macular degener-
ation. Sci Rep. 2017; 7: 9672. https://doi.org/10.1038/s41598-017-10124-4 PMID: 28852052

Skeie JM, Zeng S, Faidley EA, Mullins RF. Angiogenin in age-related macular degeneration. Mol Vis.
2011; 17: 576-82. PMID: 21364907

Hegab Z, Gibbons S, Neyses L, Mamas M. Role of advanced glycation end products in cardiovascular
disease. World J Cardiol. 2012; 4: 90—102. https://doi.org/10.4330/wjc.v4.i4.90 PMID: 22558488

Banevicius M, Vilkeviciute A, Kriauciuniene L, Liutkeviciene R, Deltuva VP. The Association Between
Variants of Receptor for Advanced Glycation End Products (RAGE) Gene Polymorphisms and Age-
Related Macular Degeneration. Med Sci Monit. 2018; 24: 190—-199. https://doi.org/10.12659/MSM.
905311 PMID: 29317590

Pickering RJ, Tikellis C, Rosado CJ, Tsorotes D, Dimitropoulos A, Smith M, et al. Transactivation of
RAGE mediates angiotensin-induced inflammation and atherogenesis. J Clin Invest. 2019; 129: 406—
421. https://doi.org/10.1172/JC199987 PMID: 30530993

PLOS ONE | https://doi.org/10.1371/journal.pone.0228926  February 13, 2020 15/16


https://doi.org/10.2174/1573403X113099990034
https://doi.org/10.2174/1573403X113099990034
http://www.ncbi.nlm.nih.gov/pubmed/23909633
https://doi.org/10.1167/iovs.06-1283
https://doi.org/10.1167/iovs.06-1283
http://www.ncbi.nlm.nih.gov/pubmed/17525213
https://doi.org/10.1016/j.bbrc.2013.08.091
http://www.ncbi.nlm.nih.gov/pubmed/24012668
https://doi.org/10.1159/000268032
http://www.ncbi.nlm.nih.gov/pubmed/9323725
https://doi.org/10.1016/j.bbagen.2009.04.016
http://www.ncbi.nlm.nih.gov/pubmed/19409449
https://doi.org/10.1016/j.ajo.2003.09.042
http://www.ncbi.nlm.nih.gov/pubmed/15013874
https://doi.org/10.1093/bioinformatics/btp498
http://www.ncbi.nlm.nih.gov/pubmed/19717575
https://doi.org/10.1074/mcp.M900523-MCP200
http://www.ncbi.nlm.nih.gov/pubmed/20177130
https://doi.org/10.1136/bjo.2009.172007
http://www.ncbi.nlm.nih.gov/pubmed/20606025
https://doi.org/10.4172/1747-0862.1000101
http://www.ncbi.nlm.nih.gov/pubmed/25237384
https://doi.org/10.1253/circj.cj-12-0153
https://doi.org/10.1253/circj.cj-12-0153
http://www.ncbi.nlm.nih.gov/pubmed/22451451
https://doi.org/10.1097/00004872-200202000-00021
https://doi.org/10.1097/00004872-200202000-00021
http://www.ncbi.nlm.nih.gov/pubmed/11821716
https://doi.org/10.1016/j.exer.2014.04.018
http://www.ncbi.nlm.nih.gov/pubmed/24792588
https://doi.org/10.1371/journal.pone.0146808
https://doi.org/10.1371/journal.pone.0146808
http://www.ncbi.nlm.nih.gov/pubmed/26760305
https://doi.org/10.1038/s41598-017-10124-4
http://www.ncbi.nlm.nih.gov/pubmed/28852052
http://www.ncbi.nlm.nih.gov/pubmed/21364907
https://doi.org/10.4330/wjc.v4.i4.90
http://www.ncbi.nlm.nih.gov/pubmed/22558488
https://doi.org/10.12659/MSM.905311
https://doi.org/10.12659/MSM.905311
http://www.ncbi.nlm.nih.gov/pubmed/29317590
https://doi.org/10.1172/JCI99987
http://www.ncbi.nlm.nih.gov/pubmed/30530993
https://doi.org/10.1371/journal.pone.0228926

@ PLOS|ONE

TPMS for in silico simulations of patients

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

Garbayo E, Gavira JJ, De Yebenes MG, Pelacho B, Abizanda G, Lana H, et al. Catheter-based intra-
myocardial injection of FGF1 or NRG1-loaded MPs improves cardiac function in a preclinical model of
ischemia-reperfusion. Sci Rep. 2016; 6: 25932. https://doi.org/10.1038/srep25932 PMID: 27184924

Laké-Futé Z, Szokodi |, Sarman B, Foldes G, Tokola H, llves M, et al. Evidence for a Functional Role of
Angiotensin |l Type 2 Receptor in the Cardiac Hypertrophic Process in Vivo in the Rat Heart. Circulation.
2003; 108: 2414-22. https://doi.org/10.1161/01.CIR.0000093193.63314.D9 PMID: 14568903

Galindo CL, Ryzhov S, Sawyer DB. Neuregulin as a heart failure therapy and mediator of reverse
remodeling. Curr Heart Fail Rep. 2014; 11: 40-9. https://doi.org/10.1007/s11897-013-0176-2 PMID:
24234399

Xu J, De Winter F, Farrokhi C, Rockenstein E, Mante M, Adame A, et al. Neuregulin 1 improves cogni-
tive deficits and neuropathology in an Alzheimer’s disease model. Sci Rep. 2016; 6: 31692. https://doi.
org/10.1038/srep31692 PMID: 27558862

Kaarniranta K, Salminen A, Haapasalo A, Soininen H, Hiltunen M. Age-related macular degeneration
(AMD): Alzheimer’s disease in the eye? J Alzheimer’s Dis. 2011; 24: 615-31. https://doi.org/10.3233/
JAD-2011-101908 PMID: 21297256

Verweij N, Eppinga RN, Hagemeijer Y, Van Der Harst P. Identification of 15 novel risk loci for coronary
artery disease and genetic risk of recurrent events, atrial fibrillation and heart failure. Sci Rep. 2017; 7:
2761. https://doi.org/10.1038/s41598-017-03062-8 PMID: 28584231

Kaarniranta K, Sinha D, Blasiak J, Kauppinen A, Veréb Z, Salminen A, et al. Autophagy and hetero-
phagy dysregulation leads to retinal pigment epithelium dysfunction and development of age-related
macular degeneration. Autophagy. 2013; 9: 973-84. https://doi.org/10.4161/auto.24546 PMID:
23590900

Kawano H, Cody RJ, Graf K, Goetze S, Kawano Y, Schnee J, et al. Angiotensin Il Enhances Integrin
and a-Actinin Expression in Adult Rat Cardiac Fibroblasts. Hypertension. 2012; 35: 273-9. https://doi.
org/10.1161/01.hyp.35.1.273 PMID: 10642310

Bujak M, Frangogiannis NG. The role of IL-1 in the pathogenesis of heart disease. Arch Immunol Ther
Exp (Warsz). 2009; 57: 165-76. https://doi.org/10.1007/s00005-009-0024-y PMID: 19479203

Turner NA. Effects of interleukin-1 on cardiac fibroblast function: Relevance to post-myocardial infarc-
tion remodelling. Vascul Pharmacol. 2014; 60: 1-7. https://doi.org/10.1016/j.vph.2013.06.002 PMID:
23806284

Nassar K, Grisanti S, Elfar E, Like J, Like M, Grisanti S. Serum cytokines as biomarkers for age-
related macular degeneration. Graefe’s Arch Clin Exp Ophthalmol. 2015; 253: 699-704. https://doi.org/
10.1007/s00417-014-2738-8 PMID: 25056526

Zhang YN, Vernooij F, Ibrahim |, Ooi S, Gijsberts CM, Schoneveld AH, et al. Extracellular vesicle pro-
teins associated with systemic vascular events correlate with heart failure: An observational study in a
dyspnoea cohort. PLoS One. 2016; 11: e0148073. https://doi.org/10.1371/journal.pone.0148073
PMID: 26820481

Zaman AKMT, French CJ, Schneider DJ, Sobel BE. A Profibrotic Effect of Plasminogen Activator Inhibi-
tor Type-1 (PAI-1) in the Heart. Exp Biol Med. 2009; 234: 246-54. https://doi.org/10.3181/0811-rm-321
PMID: 19144865

Messaoudi S, Azibani F, Delcayre C, Jaisser F. Aldosterone, mineralocorticoid receptor, and heart fail-
ure. Mol Cell Endocrinol. 2012; 350: 266—72. https://doi.org/10.1016/j.mce.2011.06.038 PMID:
21784127

Chakravarthy U, Wong TY, Fletcher A, Piault E, Evans C, Zlateva G, et al. Clinical risk factors for age-
related macular degeneration: A systematic review and meta-analysis. BMC Ophthalmol. 2010; 10: 31.
https://doi.org/10.1186/1471-2415-10-31 PMID: 21144031

PLOS ONE | https://doi.org/10.1371/journal.pone.0228926  February 13, 2020 16/16


https://doi.org/10.1038/srep25932
http://www.ncbi.nlm.nih.gov/pubmed/27184924
https://doi.org/10.1161/01.CIR.0000093193.63314.D9
http://www.ncbi.nlm.nih.gov/pubmed/14568903
https://doi.org/10.1007/s11897-013-0176-2
http://www.ncbi.nlm.nih.gov/pubmed/24234399
https://doi.org/10.1038/srep31692
https://doi.org/10.1038/srep31692
http://www.ncbi.nlm.nih.gov/pubmed/27558862
https://doi.org/10.3233/JAD-2011-101908
https://doi.org/10.3233/JAD-2011-101908
http://www.ncbi.nlm.nih.gov/pubmed/21297256
https://doi.org/10.1038/s41598-017-03062-8
http://www.ncbi.nlm.nih.gov/pubmed/28584231
https://doi.org/10.4161/auto.24546
http://www.ncbi.nlm.nih.gov/pubmed/23590900
https://doi.org/10.1161/01.hyp.35.1.273
https://doi.org/10.1161/01.hyp.35.1.273
http://www.ncbi.nlm.nih.gov/pubmed/10642310
https://doi.org/10.1007/s00005-009-0024-y
http://www.ncbi.nlm.nih.gov/pubmed/19479203
https://doi.org/10.1016/j.vph.2013.06.002
http://www.ncbi.nlm.nih.gov/pubmed/23806284
https://doi.org/10.1007/s00417-014-2738-8
https://doi.org/10.1007/s00417-014-2738-8
http://www.ncbi.nlm.nih.gov/pubmed/25056526
https://doi.org/10.1371/journal.pone.0148073
http://www.ncbi.nlm.nih.gov/pubmed/26820481
https://doi.org/10.3181/0811-rm-321
http://www.ncbi.nlm.nih.gov/pubmed/19144865
https://doi.org/10.1016/j.mce.2011.06.038
http://www.ncbi.nlm.nih.gov/pubmed/21784127
https://doi.org/10.1186/1471-2415-10-31
http://www.ncbi.nlm.nih.gov/pubmed/21144031
https://doi.org/10.1371/journal.pone.0228926

