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Abstract

Computational approaches for drug repurposing for viral diseases have mainly focused
on a small number of antivirals that directly target pathogens (virus centric therapies). In
this work, we combine ideas from collaborative filtering and network medicine for making
predictions on a much larger set of drugs that could be repurposed for host centric thera-
pies, that are aimed at interfering with host cell factors required by a pathogen. Our idea
is to create matrices quantifying the perturbation that drugs and viruses induce on human
protein interaction networks. Then, we decompose these matrices to learn embeddings of
drugs, viruses, and proteins in a low dimensional space. Predictions of host-centric anti-
virals are obtained by taking the dot product between the corresponding drug and virus
representations. Our approach is general and can be applied systematically to any com-
pound with known targets and any virus whose host proteins are known. We show that our
predictions have high accuracy and that the embeddings contain meaningful biological
information that may provide insights into the underlying biology of viral infections. Our
approach can integrate different types of information, does not rely on known drug-virus
associations and can be applied to new viral diseases and drugs.

Author summary

Drug repurposing is the re-use of de-risked compounds in humans for new therapeutic
indications. Computational approaches can help in this process by providing a ranking
of compounds with potential effect against a given disease. For viral diseases, computa-
tional methods have mainly focused on a small number of antivirals that directly target
pathogens (virus centric therapies). Another type of antiviral drugs is aimed at disrupt-
ing host cellular processes required for the viral infection, either directly or indirectly
(host centric therapies). In this work, we propose a novel computational approach
focused on host centric therapies that can make predictions on a large set of drugs. It
relies on the human protein-protein interaction network for identifying drugs that may
influence host cellular processes required for the viral infection, together with machine
learning techniques to enhance prediction accuracy by integrating information across
different viruses and drugs. We obtained predictions of drug efficacy for 143 viruses.
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We show that our method successfully identifies drugs with known evidence against
viruses among the top-ranked predictions. Furthermore, our model captures mean-
ingful biological information, providing insights into the underlying biology of viral
infections.

Introduction

Viral infections cause public health crises and numerous deaths across the world. COVID-
19 alone is thought to have been responsible for more than 6.9 million deaths worldwide
between December 2019 and September 2023 [1]. Developing new drugs against viruses is a
challenging, expensive and time-consuming task. Drug repurposing, the re-use of de-risked
compounds in humans for new therapeutic indications, may result in shorter development
times and lower costs.

Machine learning methods, and in particular collaborative filtering methods based on
matrix decomposition, have been developed for the problem of predicting drugs that can be
repurposed for non-infectious diseases [2-4]. These methods predict drugs based on simi-
larities in their pattern of effectiveness on a set of diseases. A few attempts have been made
to develop this type of methods, as well as other supervised learning approaches, for drug
repurposing for viral diseases. These techniques can recommend, for a given viral disease,
drugs that are already known to have efficacy against other viral diseases, which, with very
few exceptions, are drugs that directly target the viruses [5,6] (virus centric therapies). These
approaches are robust, as they combine knowledge about the effectiveness of drugs on dif-
ferent viruses. However, the number of virus centric drugs is still relatively small and there-
fore the possibilities for repurposing are very limited — there are only 45 drugs of this type
approved as antivirals in DrugVirus.Info, one of the largest resources for the exploration and
analysis of approved or experimental broad-spectrum antiviral drugs [7].

Another type of antiviral drugs is aimed at interfering with host cellular processes required
for the viral infection, either directly or indirectly (host centric therapies) [8-11]. Drug repur-
posing for host centric therapies could be applied to a much larger set of drugs, potentially to
any approved drug or compound available on the market. Drug repurposing for host centric
therapies has also been strongly advocated as these therapies are less prone to resistance than
those that target pathogens directly [8,9,12-14]. However, machine learning approaches do
not seem viable for this problem because of the even smaller number of approved host centric
drugs that can be used for training — DrugVirus.Info [7] contains only 5 host centric drugs
approved as antivirals.

Recently, a few methods have appeared that exploit ideas from network medicine for
drug repurposing in the context of viruses [5,15,16]. Network medicine based approaches
were originally developed for genetic diseases [17,18] and they rely on the fact that proteins
involved in a disease form a module in the human interactome [19]. Working on COVID-19,
Gysi et al. [15], Fiscon et al. [16], and Santos et al. [5] realized that the set of human proteins
that the virus used for replicating itself after entering the human cell (host proteins) also
constitutes a module in the interactome. When a drug binds to its targets it causes a pertur-
bation that is propagated through the interactome. Gysi et al. [15] and Santos et al. [5] were
able to calculate the extent of the perturbation that a drug induces on the host protein module
and thus its predicted effectiveness against the virus — that is, they could predict host centric
antivirals for COVID-19. However, while these methods were applicable to any approved
drug with known targets, their predictions were noisy due to our incomplete knowledge of the
human interactome, drug targets, and sets of host proteins.
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These two types of computational approaches seem to be complementary: collaborative
filtering methods based on matrix decomposition can combine knowledge about the effective-
ness of drugs for different viruses, and this makes them robust, but they are only applicable
to a few drugs; network medicine-based approaches can make predictions for any drug with
known targets, but are very noisy, and they could benefit from integrating knowledge about
other drugs and viruses. In this work, we propose an approach that combines ideas from
both areas for predicting host-centric antivirals. We use ideas from network medicine to infer
matrices representing how perturbations from drug targets and host proteins propagate on the
human protein-protein interaction network (PPI) - this can be done for any approved drug or
compound with known targets. We then decompose these matrices to embed drugs, viruses,
and proteins into a common low dimensional space - this effectively integrates knowledge
about different drugs and viruses. Predictions for drug repurposing are then obtained by sim-
ply taking dot products between these embeddings, thus facilitating interpretability. We show
that our predictions are accurate and that the learned representations for drugs, viruses, and
proteins encode meaningful biological information, such as membership to metabolic path-
ways, protein function, drug chemical structure, and drug Anatomical Therapeutic Chemical
(ATC) category. Our approach is general, it can be applied to new viral diseases and drugs,
and other types of information can be included in the inference process — we showcase this by
integrating transcriptomics information about viral diseases.

Results

Host centric therapies aim at interfering with host cellular processes required for viral infec-
tion. In other words, given a virus, these therapies attempt to perturb the area in the human
interactome that is also perturbed by the viral infection. Our key idea to combine network
medicine and collaborative filtering is to learn embeddings for drugs and viruses in a latent
space such that their representation is similar when they perturb similar areas in the inter-
actome. In this way, prediction scores for host-centric antivirals can be obtained by simply
taking the dot product between the corresponding drug and virus representations. Our
assumption is that drugs, viruses and proteins in the interactome can all be represented as
latent feature vectors (or signatures) in a low-dimensional space of size k, and that these latent
features vectors capture molecular or cellular mechanisms related to the effect of drugs and
viral infections.

Fig 1 presents an outline of our method. The signatures are obtained by decomposing
matrices that encode the network medicine notion of perturbations caused by drugs and
viruses on the interactome. These are matrix A(nD X nP) and matrix B(nv X nP) in Fig le,
and they are obtained by diffusing drug targets and host proteins on the PPI, respectively
(Fig 1a) - they quantify how much drugs and viruses perturb the human protein interac-
tion network. The rows of A and B correspond to n,, drugs, and n, viruses, respectively,
while their columns refer to the same set of n, proteins on the PPI. By decomposing A, we
obtain a representation for each drug and each protein in a k -dimensional space (rows of
n, xk matrix D and columns of k xn, matrix P respectively, Fig le). By decomposing B
we obtain a representation for each virus and each protein in the same k -dimensional space
(rows of n, xk matrix V and columns of P respectively, Fig 1e). Importantly, matrices A
and B are decomposed simultaneously and the fact that they share the same set of proteins
constrains the decompositions — note that the matrix P in Fig le is shared between the two
decompositions. In other words, we impose the constraint that the protein representations
obtained by decomposing A is the same as the representations obtained when decompos-
ing B, and these shared representations ensure the integration of the data that appear in A
and B. Also note that all the values in A and B are non-negative, and we choose to impose
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Fig 1. Overview of our approach. A) The human protein interaction network containing host proteins (red) and drug targets (blue) for a
given virus and drug, respectively. B) Perturbation caused by a drug. Given a drug, to quantify the perturbation that it causes on a protein in
the PPI network, we calculated the maximum value of the 2-step random walk kernel between each drug target and the protein. For each drug,
we then binarized the values obtained for every protein in the PPI with threshold T} , and stored as a row in A. C) Perturbation caused by a
virus. Given a virus, to quantify the perturbation that it causes on a protein in the PPI network, we calculated the maximum value of the 2-step
random walk kernel between each viral host protein and the protein. For each virus, we then binarized the values obtained for every protein
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in the PPI with threshold T}, and stored as a row in B. D) Gene expression data. Given a virus, we tested whether genes were differentially
expressed between infected cell lines (or tissues) and control cell lines (or tissues). We then created a vector of 0s, 1s and -1s corresponding to a
row in matrix G, where 0 indicates no significant difference in expression, 1 indicates up-regulation in the infection, and -1 indicates down-
regulation. E) Matrix decomposition. We decompose the three matrices A, B and G simultaneously, by minimizing Eq. 1. These decomposi-
tions provide us with an embedding for each drug, virus and gene in a low dimensional space of size k. Note that matrices P and V are shared,
thus constraining the three decompositions. F) Efficacy scores. We obtain drug efficacy scores by taking the dot product between drug (D) and
virus (V) representations in the low dimensional space. G) Ranking of drugs. For each virus, we obtain a ranking of drugs according to their
predicted efficacy. In our training set, n,, = 2,197, n, = 143, n, = 17,644, n. = 17,977.

https://doi.org/10.1371/journal.pcbi.1012876.9001

matrices D and P to be also non-negative as this has been shown to lead to more interpreta-
ble latent features [20].

The quality of the signatures can be improved by adding further biological knowledge about
the processes involved in the infection. This knowledge can be included in our framework as
further constraints to our decomposition, and we showcase this for gene expression data. Gene
expression profiles of viral infections are often available, and they are informative of the effects
of the infection on human cells. Moreover, we can assume that viruses that cause a similar
effect on gene expression in human cells are more likely to respond similarly to a treatment. To
integrate gene expression information, we learn representations of genes as vectors in the same
low-dimensional space as drugs, viruses, and proteins. As before, data integration takes place
through matrix sharing between different decompositions. This is done by decomposing a third
n, xn, matrix G (Fig le), which encodes how much viruses perturb the transcriptome (Fig
1d). The rows of G refer to the same n, viruses on matrix B, and the columns correspond to
n, geneson the gene expression data. This matrix is obtained by analysing differences in gene
expression during the infection: the G, entry of G is assigned a value of 0, 1, or —1. A zero
indicates no significant difference in expression or missing data, and the values 1 and —1 indi-
cate gene up-regulation, or gene down-regulation, respectively. By decomposing G, we obtain
a representation for each virus and each gene in the same k -dimensional space (rows of V'and
columns of kxn, matrix U respectively, Fig le). Notice that the virus representation (V) is
shared between the decompositions of B and G. In this way, we constrain the virus representa-
tions so that they tend to be similar for viral diseases with similar gene expression profiles. Also,
values in V are non-negative to facilitate feature interpretability [20].

Our final predictions (matrix X available in S1 File) are obtained by taking the dot prod-
uct between the drug and virus representations in the latent space (Fig 1f). Notice this is
fundamentally different from what is done in usual matrix decomposition-based collabo-
rative filtering for reccommendation systems [2-5]. In fact, these models obtain predictions
for a given association matrix (e.g., drug-virus associations) by decomposing it into lower

dimensionality matrices and then recombining them by taking their dot product - that is, the
matrices being multiplied are the result of decomposing the original association matrix. Here,
we obtain predictions by multiplying matrices that are learned from different decompositions.
For this reason, our predictions will be correct only if the representations of viruses and drugs
are related to the underlying mechanisms of action of drugs and viruses. In other words, our
latent features need to be biologically meaningful and compatible - for example, representing
biological processes involved in viral diseases and drug effects. Indeed, in the biological inter-
pretation section, we show that this is the case.

Computationally, all latent features (D, V, P, U ) are learned jointly by minimizing the
following cost function:

F(D.P.V.U)=|A~DP[ + [B-VE[ + afe—vU] + AJD[ + X[
AV + AJOF, <1>
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where |||| is the Frobenius norm . The first three terms in Eq. 1 are used to obtain approxi-
mate decompositions of A, B, and G, respectively. The parameter « is used for controlling the
effect of gene expression signatures on the model - note that setting « to 0 or 1 amounts to
completely disregard or fully include expression data, respectively. The last four terms are used
for regularization and their importance is controlled by parameters A, for i=1, 2, 3, 4. All
learned matrices (D, V, P, U) are initialized with small random values with D, V, and P being
nonnegative (see Methods).

Evaluation

To evaluate the accuracy of our predictions, we used the DrugVirus.info database [7] that
provides evidence of drug efficacy against viruses at different stages of drug development. We
selected data about host-centric antivirals, resulting in a set of 435 known drug-virus associa-
tions at different stages of drug development between 79 drugs and 55 viruses. We used this
dataset, that we shall refer to as “assessment set”, to evaluate the systems performance on the
binary classification task of predicting whether a drug was effective or not for a specific virus.

Training our model amounts to learning appropriate drug and virus representations in
latent space. This can be done using any available set of drug targets, virus host proteins
and infection related gene expression profiles. In fact, our learning procedure does not
make use of any information about drug efficacy against viruses — the data matrices we
use for learning only encode the perturbations caused by drugs and viruses on the inter-
actome and on the transcriptome. Importantly, using larger datasets for learning provides
extra constraints to the system and therefore we expect to obtain better representations,
which in turn should lead to more accurate predictions. In the experiments presented
here, to learn drug and virus representations we used data from 2197 drugs approved by
the US Drug and Food Administration (FDA) with known human targets from DrugBank
[21,22], and 143 viruses that cause human diseases and have known host proteins from
the Human-Virus Interaction Database (HDVIDB) [23] (see Methods for details about the
datasets). Fifty-five out of these 143 viruses were also present in our assessment set, and
therefore we could use the predictions obtained for them to assess the performance of our
system. The accuracy of the predictions for the remaining 88 viruses could not be verified,
but they are provided in S1 File. Finally, gene expression data were available for only 34
viruses, 25 of which were in our assessment set. The results presented here were obtained
with the model that had the lowest value of the cost function (Eq. 1) among 200 models
trained with different random initializations. The value of o was set to 1, thus we fully
included of gene expression data.

For each of the 55 viruses we calculated the area under the Receiver Operating Character-
istic (ROC) curve and the recall at top 150 (that is, the number of correct predictions in the
top 150 out of the total number of drugs for that virus). These values are summarized in the
boxplots in Fig 2, while Note A in S1 Text shows the performance for other levels of recall (at
top 10, 50, 100, 200 ). Fig 2 (and Note A in S1 Text) also reports, for comparison, the perfor-
mance obtained using a standard network medicine approach based on diffusing the labels on
the PPI network (for its implementation see Note B in S1 Text).

These results clearly demonstrate that our approach provides significantly greater accu-
racy than network medicine-based methods, without compromising applicability, as it can be
applied to any compound with known targets and any virus with known host proteins. The
good performance of our model is due to its ability to synergistically combine information
about different viruses: the noise in the prediction obtained using network medicine-based
approaches for one virus is reduced by integrating knowledge about other viruses. This can be
easily verified by learning the drug and virus representations in latent space using only data
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Fig 2. Evaluation of our method against standard network medicine approach. For each of the 55 viruses in our
assessment set, and each method (standard network medicine approach [5], and our method), we obtained a ranking
of drugs according to their predicted efficacy score, and calculated the Area under the ROC curve (AUC) and Recall
at top 150 . Boxplots summarizing: left) the values of the area under the ROC curves for the different viruses; right)
the recall at top 150 for the different viruses. For these experiments, the value of a (in Eq. 1) was set to 1, thereby
indicating the inclusion of gene expression data. Our method achieved a median AUC of 0.73 and a median recall

at the top 150 of 0.14, whereas the standard network medicine approach obtained a median AUC of 0.67 and a

median recall of 0. Notably, the number of viruses with an AUC below 0.5 was 11 for the standard network medicine
approach, but only 4 for our method.

https://doi.org/10.1371/journal.pcbi.1012876.9002

about the 55 viruses in the assessment set, rather than the larger set of 143 viruses. Results of
this experiments are presented in Note C in S1 Text where we can see that the performance of

our system is lower when we use fewer viruses.

We found two approaches that are focused on host centric drugs, by Fiscon et al [16]
(named SAveRUNNER) and by Li et al [24], but neither of the two are applicable to viruses
in a general and systematic way. The first one requires the manual compilation of a list of
diseases related to the viral disease in question, while the second one requires knowledge
of virus host dependency genes. Although we realize it is a questionable choice, we applied
the method of Fiscon et al [16] to our dataset by using the other viral diseases as potentially
related (for method details see Note D in S1 Text). Results are reported in Note D in S1 Text.
We also applied the approach of Li et al [24,25] - the only method we found that is focused on
host centric drugs and does not rely on principles from network medicine - to the few viruses
for which data is available (only 12 out of 55 viruses), and results are reported in Note E in
S1 Text. Although these results may be somewhat influenced by the choice of related diseases
in SaveRUNNER and by the limited number of viruses applicable in the case of Li et al., our
method outperforms both approaches. Finally, other existing approaches for drug repurpos-
ing for viruses that are based on collaborative filtering [5,6] could not be used for compari-
sons, because they do not focus on host centric drugs.

The effect of integrating gene expression data

One important aspect of our model is the possibility to include other types of data. In this
paper we integrated transcriptomics information, but other types of data could be used in the
same way by modifying Eq. 1. To test the effect of this data integration on the prediction we
performed an ablation study, in which gene expression data was not used (this amounts to
setting o =0 in Eq.1).
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Fig 3 summarizes as boxplots the area under the ROC curve and the recall at top 150
when running our model with 200 different initializations. We observe that the integration
of gene expression data improves results considerably. Making viruses closer in the latent
space when they have similar gene expression profiles results in better predictions, because
viruses with similar gene expression profiles will tend to respond similarly to a treatment.
Notably, our model can exploit this information even when it is available for only a small
subset of the viruses (as specified earlier, gene expression data was available only for 34
viruses out of 143).

Biological interpretation

It is interesting to investigate whether the learned representations for drugs, viruses, proteins
and genes encode meaningful information about the biology of the problem. Since each run of
the method results in a different representation, we first needed to verify whether our repre-
sentations are reproducible across different runs. We followed the reproducibility procedure
used by Alexandrov et al. [26] to study cancer mutational signatures and by Galeano et al to
study drug and side effects signatures [27] (see Methods). We saw that the average reproduc-
ibility scores were above 0.6, suggesting that the signatures were highly reproducible (see
Note F in S1 Text). Therefore, any set of signatures could be considered for our analysis and
the results presented here refer to the one with the lowest cost (Eq. 1) out of 200 different
runs.

Drugs and viruses that share infection related pathways tend to have similar
signatures. Several studies suggest that drugs targeting pathways that are associated with
captures certain biological aspects of the problem, we expect drugs targeting pathways
involved in a specific viral infection to display a signature resembling that of the virus. One
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[Ye)
AN A o
o
<
NS °
S & 4 o
=]
[SIIN T 2
= g s
8 &
° kel o
[0} O «— |
= o = o
~
=}
0
o 4
=]
[oe]
©
o ° 8 . o
T T < T T
Without gene expression With gene expression Without gene expression With gene expression

Fig 3. The effect of integrating gene expression data. We evaluated our method over 200 runs with and without gene expres-
sion data. A) Area under the ROC curve. For every run, we obtained the area under the ROC curve for each of the 55 viruses in
our assessment set and calculated the median value. The 200 median values are summarized in the orange (with gene expres-
sion) and blue (without gene expression) boxplots. B) Recall at top 150. For every run, we calculated the median recall at top-
150 across 55 viruses. These values are summarized in the boxplots.

https://doi.org/10.1371/journal.pcbi.1012876.9003

PLOS Computational Biology | https:/doi.org/10.1371/journal.pcbi. 1012876  April 2, 2025 8/22



https://doi.org/10.1371/journal.pcbi.1012876.g003

PLOS COMPUTATIONAL BIOLOGY Host centric drug repurposing for viral diseases

way to check this is to test if drugs and viruses that share infection related metabolic pathways
tend to have a higher signature similarity than those that do not.

We analysed KEGG (Kyoto Encyclopedia of Genes and Genomes) [30] pathways that were
differentially expressed in human cell lines when treated with a drug [31] or infected by a virus
in our dataset (see Methods). Any pathway divides drugs and viruses into two groups: those
for which the pathway is differentially expressed, and those for which it is not. We wanted to
verify whether there exist pathways such that the representation of drugs and viruses in the
first group are closer than those in the second group. And, if such pathways exist, whether
they were involved in a viral infection.

To do this, for each pathway, we collected two groups of similarities: one group containing
cosine similarities between the representation of drugs and viruses that share the pathway,
and one group containing cosine similarities between the representations of drugs and viruses
that do not share the pathway. We then applied the one-sided Wilcoxon signed-rank test with
multiple testing correction [32] to check for significant statistical differences between the two
groups of similarities (see Methods).

After analysing the embedding similarities for each pathway, we found three pathways for
which drugs and viruses are significantly closer when they share the same pathway. Impor-
tantly, all three pathways are linked to viral infection processes. The pathways were: “prote-
asome”, “regulation of actin cytoskeleton”, and “P53 signalling pathway”. The “proteasome”
pathway is involved in host response to viral infections [33], “regulation of actin cytoskeleton”
is manipulated by viruses during infection [34], and “P53 signalling pathway” have been
linked to viral infections and potential treatments against viruses [35-37]. “Proteasome” is a
protein-destroying apparatus involved in many essential cellular functions, including antigen
processing for appropriate immune response and inflammatory responses [33]. The “regula-
tion of the actin cytoskeleton” plays a crucial role in the control of cell shape and movement
[38]. During a viral infection, it is often co-opted by the virus to facilitate the infection process
[34], resulting in a reorganization of the actin cytoskeleton [39]. Finally, “p53 signalling path-
way” has been shown to play a key role in antiviral innate immunity by both inducing apopto-
sis in response to viral infection, and enforcing the type I interferon response [37]. Because of
this role, for evolutionary reasons, many viruses encode p53 antagonistic proteins [37].

Fig 4a shows the average cosine similarities between drugs and virus signatures, for
drug-virus pairs that do not share any of the three pathways (“proteasome”, “regulation of
actin cytoskeleton”, and “P53 signalling pathway”) and for those that do. We observe that the
second group has significantly higher similarities than the first one (p-value = 2.925x10°*).

Drug signatures are related to DrugBank pathways, ATC categories and chemical
structures. We investigated whether drugs with similar action and chemical structure tend
to have a similar representation in the latent space. To test this, we analysed the relation
between drug signatures, DrugBank drug-action pathways, ATC categories and drug chemical
structure. We were able to collect drug information for different subsets of our original data:
DrugBank pathways for 645 drugs, ATC categories for 1828 drugs, and chemical structure
for 1800 drugs. We tested whether drug pairs that share drug pathways, ATC categories or
have similar chemical structure are closer in the latent space than drug pairs that do not share
these properties. As before, we used the cosine similarity to measure proximity between drugs
pairs representations in the latent space.

We found that the cosine similarity of drug representations is higher for drug pairs
that share DrugBank pathways than those that do not (Wilcoxon signed-rank test, p-value
<107'%), and higher for drug pairs within the same top-level category of ATC than those
within different categories (Wilcoxon signed-rank test, p-value = 6.581 x 10~*) - see Fig 4a
and 4b, respectively.
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Fig 4. Relation between signatures and the biology of the problem. A) Average cosine similarity between signatures. For each type of pair
between entities (drug-virus pairs, drug pairs, protein pairs and gene pairs), the blue and orange bars show the average cosine similarity of signatures
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for pairs that do not share pathways and pairs that share pathways, respectively. The pathways correspond to three selected KEGG pathways (“pro-
teasome”, “regulation of actin cytoskeleton”, and “P53 signalling pathway”) for drug-virus pairs, all KEGG pathways for protein pairs and gene pairs,
and DrugBank pathways for drug pairs. The black lines indicate the confidence interval around the means. Pairs that share pathways tend to have

a higher similarity. B) Similarities between drugs according to ATC categories. In the heatmap, the value in position (i, j) corresponds to the
average cosine similarity of signatures between a drug that belongs to category i and a drug that belongs to category j. For visualization, we normalized
all values according to the maximum value in the corresponding column. Drugs within the same category tend to have a more similar representa-

tion (see values on the diagonal). C) 3D representation of virus signatures. Dots correspond to virus signatures after embedding them in 3D using
t-SNE. Colours correspond to virus families. D) Virus clustering. Dendrogram obtained by hierarchical clustering of the virus signatures using single
linkage and cosine distance. Each colour corresponds to a virus family. Viruses belonging to some families, such as Adenoviridae, Papilomaviradae,
and Flaviviridae, tend to form a few separate clusters. This is in accordance with the fact that the genomes of some viral families, such as Adenoviridae,
form separate groups. E) Drug chemical similarity. Drug pairs were ordered according to the value of their chemical similarity and then divided into
100 groups of equal size. Each group is represented by a dot, whose x-coordinate is the average chemical similarity and y-coordinate is the average
signature similarity between drugs within that group. We found a positive and significant correlation between signature similarity and drug chemical
similarity (Spearman’s correlation coefficient = 0.326, p-value = 0.0009 ). F) Protein functional similarity. Similarly, we divided the protein pairs
into 100 groups according to their semantic similarity and obtained, for each group, the average signature similarity (y-axis) and the average semantic
similarity (x-axis) according to the corresponding biological processes on Gene Ontology. We found a positive and significant correlation between
signature similarity and functional similarity (Spearman’s correlation coefficient = 0.436 , p-value = 5918 X 10™°).

https://doi.org/10.1371/journal.pcbi.1012876.9004

Each square in Fig 4b shows the mean similarity between embeddings of drugs within
the corresponding ATC categories. In the Fig, each value was normalized by the highest
values in its column (hence the matrix is not symmetric, and the main diagonal is not
necessarily filled with ones). The normalization highlights that, in the embedding space,
drugs are often closer to drugs that belong to the same ATC category than to drugs from
different categories.

We also found that the cosine similarity between drug representations is positively cor-
related with chemical structure similarity (Spearman’s correlation coefficient = 0.326, p-value
= 0.0009 ) - see Fig 4e. In the Fig, drug pairs were ordered according to the value of their
chemical similarity and then divided into 100 groups of equal size. Each group is represented
by a dot, whose x-coordinate is the average chemical similarity and y-coordinate is the average
signature similarity between drugs within that group.

Drug target signatures are related to protein function. We investigated whether drug
target proteins that share similar functions tend to have similar representations in our latent
space. To check this, we analysed the relation between drug target signatures and Gene Ontology
(GO) terms. We were able to associate 1972, 2107, and 2106 drug target proteins to terms
in the biological processes, cellular components, and molecular GO function categories,
respectively (see Methods). We calculated the ResnikISM semantic similarities [40] between
every pair of protein in each category and the cosine similarity between the corresponding drugs
pairs representations in the latent space. Protein pairs were then ordered according to the value
of their semantic similarity and then divided into 100 groups of equal size. Fig 4f (and Note
G in S1 Text), shows each group as a dot, whose x-coordinate is the average semantic similarity
and y-coordinate is the average signature similarity between proteins within that group. We
measured the Spearman’s correlation coefficient (Scc) between these two similarities for all 100
points. We found a positive and significant correlation for all categories: biological processes (Scc
= 0.436, p-"value = 5.918 x10~°), cellular components (Scc = 0.332, p-value = 0.0007 ) and
molecular function (Scc = 0.546 , p-value = 4.093x10°).

Protein and gene signatures are related to KEGG pathways. We checked whether
proteins that share metabolic pathways tend to have similar representations in our latent
space. We were able to associate 4694 proteins in our original PPI set to KEEG pathways.
We observed that protein pairs that share the same metabolic pathways tend to have a more
similar representation than those that do not (Wilcoxon signed-rank test, p-value <10'°)

see Fig 4a.
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We also checked whether genes that share metabolic pathways tend to have similar rep-
resentations in our latent space. We were able to associate 4271 genes in our original set to
KEGG metabolic pathways. We observed that gene pairs that share KEGG pathways have a
more similar signature that those that do not (Wilcoxon signed-rank test, p-value <107'°, see
Fig 4a).

Analysis of the relation between virus signatures and virus families. It is interesting to
investigate whether virus signatures relate to the virus taxonomy. The small size of our dataset
(143 viruses belonging to 14 viral families) does not warrant the use of statistical tests to
compare virus families. Instead, we attempted to cluster and visually explore virus signatures
across the different families: we performed a single-linkage hierarchical clustering of the virus
signatures using cosine distance (one minus cosine similarity) (see Fig 4d) and plotted the
signatures after embedding them in 3D using t-SNE (see Fig 4c).

The Figs show that representations of viruses belonging to some families, such as Adenovi-
ridae, Papilomaviradae, and Flaviviridae, tend to cluster into a few separate groups. This is in
accordance with the fact that the genomes of some viral families, such as Adenoviridae, form
separate groups [41]. Interestingly, some dengue serotypes (DENV-1, DENV-3, and DENV-4)
are represented close to each other in the dendrogram, suggesting that their representations
capture their genetic similarity.

Analysis of top predictions for Dengue and Ebola viruses

The aim of our method is to provide, for a given virus, a shortlist of the most promising drugs
for repurposing. Our model outputs a matrix containing efficacy scores for each drug-virus
pair, where each row represents a drug, and each column represents a virus. To rank the drugs
for a specific virus, we focus on the corresponding column of the matrix and we sort it in
descending order: a higher prediction score corresponds to a better rank position.

We stored the matrix of predictions obtained by our model on the aforementioned 143
viruses and 2,197 drugs in an Excel table (S1 File). To demonstrate the efficacy of our method,
here we analyse a few of the top-ranked drugs in five columns of that table, corresponding to
4 serotypes of the Dengue virus (DENV-1, DENV-2, DENV-3, and DENV-4), and the Ebola
virus (EBOV).

Among the top-ranked drugs for Dengue virus, we encountered Resveratrol, a phytoalexin
secreted by plants. Resveratrol has demonstrated in vitro activity against Dengue virus due to
its ability to inhibit HMGB1 migration out of the nucleus, thereby enhancing the production
of interferon-stimulated genes [42]. Out of the 2,197 drugs in our dataset, Resveratrol was in
the 9 position for three serotypes of dengue virus (DENV-1, DENV-3, and DENV-4), and in
the 11" position for DENV-2.

Another drug that has shown in vitro activity against Dengue virus is Dasatinib [43,44], an
anticancer agent. Its antiviral activity is attributed to the inhibition of Fyn kinase and c-Src
protein kinase [43,44]. Dasatinib was encountered in position 17 for DENV-1 and DENV-4,
position 18 for DENV-3, and position 21 for DENV-2.

Cyclosporine, an immunosuppressant agent, has demonstrated in-vitro activity against
Dengue virus [45], possibly due to its ability to block the interaction between host cyclo-
philins and viral NS5 protein [45]. Cyclosporine was encountered in position 66 for
DENV-4.

Among the top-ranked drugs for Ebola virus, we encountered Verapamil, a drug used to
treat cardiovascular diseases that inhibited EBOV infection in vitro [46] and was shown to
block endosomal calcium channels that are required by Ebola virus to entry into host cells.
Our method ranked Verapamil in 7 position, out of 2,197 drugs.
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Estrogen receptor modulators, such as Raloxifene, Tamoxifen, and Diethylstilbestrol, also
ranked highly in our model (15th, 23rd, and 48th positions, respectively) and have shown in
vitro activity against EBOV [47]. In vivo experiments with other estrogen receptor modulators
suggest that this drug class inhibits EBOV infection through mechanisms unrelated to the
classical estrogen pathway [47].

The statin class of medications, primarily used to lower cholesterol levels, also achieved
high predicted efficacy scores against EBOV, with Atorvastatin, Pitavastatin, Lovastatin, Rosu-
vastatin, and Simvastatin ranked between 31st and 65th positions. In vitro studies indicate
that these drugs suppress EBOV infectivity by interfering with glycoprotein processing [48].

Anticancer drugs such as Sunitinib and Erlotinib achieved the 82nd and 91st highest
prediction scores, respectively, and have demonstrated antiviral effects against EBOV in
both in vitro and in vivo (murine model) studies [49]. In addition, clinical trials have been
proposed to investigate their potential as EBOV infection treatments (ClinicalTrials.gov
Identifier: NCT02380625) [50]. These drugs act by inhibiting host cell kinases, specifically
AAKI and GAK, which are essential for the intracellular trafficking of several viruses,
including EBOV [49].

Other drugs that appear in the top-100 in our list and have demonstrated antiviral activity
for Dengue virus and EBOV are shown in Note H in S1 Text.

Discussion

Machine learning methods for drug repurposing rely on large datasets of drug-disease asso-
ciations. Many of these methods are agnostic of the biology of the problem, which is framed
simply as the problem of predicting known associations. For viruses, there are only a few
approved antivirals, most of which are virus centric, directly targeting the pathogens.

To obtain predictions for a much larger set of drugs that could be repurposed for host
centric therapies, we propose a method that exploits the biology of the problem. Our approach
integrates different types of information about viral infections to learn latent space representa-
tions of viruses, drugs and genes that are biologically meaningful and represent biological pro-
cesses involved in viral diseases and drug effects. This is done by effectively combining ideas
from collaborative filtering and network medicine: we decompose matrices that are generated
by diffusing processes on PPI networks. In this way, our method is able to synergistically
combine information about network perturbations caused by different drugs and viruses, thus
leading to better predictions.

From the machine learning point of view, an interesting aspect of our method is that it
obtains predictions by multiplying latent representations obtained from different decomposi-
tions. Notice that this is different from standard matrix factorization techniques and also Col-
lective Matrix Factorization [51], where predictions rely on the product of matrices obtained
from the same decomposition. We have shown that, the larger the datasets involved in the
decomposition the better the representations - this is because the system is more constrained.
Better representations, in turn, lead to more accurate predictions.

We have shown that our method outperforms a standard network medicine approach,
achieving higher AUC and recall. Notably, for 8 out of the 11 viruses that had an AUC of
0.5 or lower with the standard network medicine approach, our method produced an AUC
greater than 0.5 (see Note I in S1 Text). Most of these viruses—LASV, HAdV-19, FLUBV,
EMCV, HCoV-NL63, and EV-D68—are associated with less than 10 host proteins in our
datasets. This suggests that the limited available data was insufficient for the standard network
medicine approach to produce effective predictions. However, our method was able to over-
come this limitation by integrating information across multiple viruses.
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Our model is flexible, and it allows the integration of different types of data. We showcase
this by integrating transcriptomics information of viral diseases. Our experiments show that
integrating this data improves predictions, even when this data is available for only a small
number of viruses.

We have shown that our method provides meaningful and reproducible representations for
viruses, drugs, proteins and genes. Our signatures are related to drug chemical structure, pro-
tein function, and biological pathways involved in drug effects and viral infections. Thus, our
learned representations might be useful for other tasks involving drugs, viruses, proteins or
genes. These results also suggest that our latent features capture cellular mechanisms related
to viral diseases and drug action.

One of the potential impacts of this work is to accelerate drug development for viral diseases.
Our method can be applied to any virus, and it only requires the virus host proteins and drug
target information. This data is becoming more readily available: Krogan et al [52] identified the
332 host proteins for SARS-CoV-2 only three months after the virus had been sequenced; large
set of drug targets are currently known and can also be predicted with good accuracy [53,54].

This work aims to shortlist a set of drugs that could potentially be repurposed for a virus.
Like other drug repurposing methods [2-5,15,16], our approach cannot predict dosage. Deter-
mining the appropriate dosage, along with evaluating drug’s safety and effectiveness against
specific viruses, must be carried out experimentally in the later stages of drug development.

Like any machine learning algorithm, our method is affected by different sources of noise
in the data, including incomplete knowledge of drug-target interactions, host proteins, protein
interactions, and transcriptomics data. Additionally, approaches that diffuse information
across large networks are sensitive to the number of seed nodes in the system. In our case,
this means that drugs with a large number of known targets are likely to cause significant
perturbations in the PPI network, resulting in high prediction scores. For example, drugs with
many known targets, such as Fostamatinib, or certain vitamins and supplements, may receive
disproportionately high efficacy scores. Therefore, the expertise and judgment of scientists are
essential for filtering the model’s outputs before proceeding to in vitro validation.

All the predictions obtained by our model on the aforementioned 143 viruses are available
in S1 File. When applying our model to new viruses, the first step is to construct new matrices
B and G (in Fig 1) to be decomposed. We recommend including the largest possible number
of viruses in these matrices, as the strong performance of our model stems from its ability to
synergistically integrate information from different viruses. A suggested approach would be to
combine the new viruses with those used in this study to create a more comprehensive dataset.

Materials and methods
Datasets

Interactome. We used the PPI network obtained from Gysi et al [15]., which contains
327,924 interactions among 18,505 human proteins.

Drug-target associations. We obtained FDA-approved drugs and their drug targets from
DrugBank [21,22] and Gysi et al. [15] Our set of drugs consisted of 2197 FDA-approved
drugs. Our set of drug target associations consisted of 14941 pairs of drug and targets.

Drug-virus associations. We downloaded 1518 drug-virus associations from DrugVirus.
info database [7]. To select host-centric antivirals, we filtered drugs that have human targets
on the “Potential targets” field of DrugVirus.info database. We found 435 associations
between 55 viruses that are available from HDVIDB [23] and have associations with 79
host-centric antivirals with known targets in the interactome. We refer to this set as
“assessment set” and it is available in S2 File.
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Host proteins. We downloaded host protein data from HDVIDB [23]. We found 6152
host proteins for 143 viruses that cause human diseases with entries on the DrugVirus.info
[7] database. For each virus, we considered the union of host proteins across different strains.
Our final set of host proteins contains only those that have connections in the interactome.
For mapping viruses between HDVIDB and DrugVirus.info databases, we used both virus
names and abbreviations (see S3 File).

Virus families. We obtained virus families from DrugVirus.info [7] database.

Gene expression signatures of viral diseases. We downloaded gene expression data from
Gene Expression Omnibus (GEO) [55] for 34 viruses. The GEO accession numbers, and
further details are available in Note J in S1 Text.

DrugBank pathways. We downloaded 877 pathways for 645 drugs from DrugBank
(21,22].

KEGG pathways. We downloaded 186 KEGG [30] pathways from MSigDB [33].

Differentially expressed pathways in cells treated with drugs. We used DRUGPATH
database [31] to obtain KEGG pathways that are significantly differently expressed in cell lines
treated with drugs. We selected only pathways with significant p-value after multiple testing
correction. After mapping drug names to drug bank IDs, we obtained 77 KEGG pathways
that are differentially expressed for 548 drugs in our dataset.

Differentially expressed pathways in viral diseases. We used all 186 KEGG metabolic
pathways for the enrichment analysis of differentially expressed genes in 34 viral diseases.
We used values in matrix G (see Section Inference of Input Matrices) for identifying genes
that are up or down-regulated in viral infections. Then, for each virus, and each pathway, we
performed a hypergeometric test for identifying pathways that are overrepresented in the set
of down-regulated genes or in the set of up-regulated genes. We adjusted the p-values by the
false discovery rate [32] and used a significance level of 5% .

Construction of input matrices

The construction of input matrices A and B (Fig le) relies on the 2-step random walk kernel
for measuring the level of perturbation caused by drugs and viruses, respectively. For each
drug, the perturbation score corresponds to the maximum value of the 2-step random walk
kernel between its targets and a given protein (Fig 1b). For a virus, the perturbation score cor-
responds to the maximum value of the 2-step random walk kernel between the host proteins
and a given protein (Fig 1c). The construction of matrix G relies on tests of differential expres-
sion between infected cell lines (or tissues) and controls. For each virus, matrix G shows genes
that are up or down-regulated (Fig 1d). In the following, we describe details on the 2-step
random walk kernel and the construction of matrices A, B and G.

p-step random walk. We represent the PPI network by a graph G = (V, P) , where
V= {1, 2, np} is the set of nodes (proteins), and E is the set of links connecting the nodes
(protein interactions). Let W be the adjacency matrix of G. Then, W, = 1 if prqtein i and j
interact and 0 otherwise. Let L denote the normalized laplacian: L = I — D *WD 2 .Then
the p-step random walk kernel [56] is defined as

K = (a - L),

where a > 2. We set p and a to 2. We used the implementation from diffuStats R package
(57].

Matrix A. Matrix A isa n, Xn, matrix in which the entry A, is 1 if drug i perturbates
protein j according to a threshold T, , and 0 otherwise. We obtained a perturbation score by
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diffusing drug targets on the PPI. For each drug i and protein j in the interactome, we define
the perturbation score p; as the maximum value of the 2-step random walk kernel between
protein j and all targets of the drug i:

Py = max K,
where T(i) is the set of targets of drug 7, and K is the 2-step random walk kernel on the
human interactome. We set the threshold T, as the 90% quantile of the perturbation scores.
Then we defined A as:

L ifp, >T,
i~ |0, otherwise

We excluded each protein j in the interactome for which p, < T, for every drug i, that is,
proteins that are not “reachable” from any drug through the diffusion of drug targets in the
interactome. In addition, we removed proteins that are not “reachable” from any virus (see
section below). This ensures that A and B will have the same columns. The resulting number
of proteins was n, =17644 . We included data of n, =2197 drugs.

Matrix B. Matrix Bisa n, xn, matrix in which the entry B, is 1 if virus i perturbates
protein j according to a threshold T,, and 0 otherwise. We obtained a perturbation score
by diffusing host proteins on the PPI. For each virus i and protein j in the interactome, we
defined the perturbation score p, as the maximum value of the 2-step random walk kernel
between protein j and all host proteins of virus i:

by = o K
where H (1) is the set of host proteins of virus i, and K is the 2-step random walk kernel on
the human interactome. We set the threshold T, as the 90% quantile of the perturbation
scores. Then we defined B as:

1, ifpij >T,

i 0, otherwise

We excluded each protein j in the interactome for which p, < T, for every virus i,
that is, proteins that are not “reachable” from any virus through the diffusion of host
proteins in the interactome. In addition, we removed proteins that are not “reachable”
from any drug, as explained in the section above. Thus, we ensure B will have the same
columns as A.

Matrix G. Matrix G is a n, xn, matrix describing gene expression profiles of viral
infections. For 34 viruses, we downloaded gene expression data from human cell lines (or
tissues) infected by the virus and control cell lines (tissues). Then, for each virus i and gene
j, we obtained a z-score measuring the difference between the average expression in infected
cell lines and control cell lines. To select the significant difference in expression we used a
significance level of 107°. We then defined G as

1, if gene j is significantly up —regulated for virus i
_|~L if gene jis significantly down — regulated for virus i
7| 0, if gene jis not significantly up differentially expressed,

or if data for gene j is not available for virus i
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Notice that G has n, =143 rows (viruses), but only 34 of them contain gene expression
information. The number of columns is n, =17967, which corresponds to the union of all
annotated genes across the 34 gene expression profiles.

Details of the learning algorithm

Our code is available at https://github.com/paccanarolab/VirusDrugRepo.

Initialization of the representations. Our model learns non-negative matrices for
representing drugs (D), viruses (V), and proteins (P), and a real valued matrix for representing
genes (U). The gene representation may include negative values for capturing the different
directions of changes in gene expression. We initialized D, V, and P with random values from
a uniform distribution in the interval [O, 0.001] . For initializing U, we used random values
from a uniform distribution in the interval [70.00 1, 0.001}.

Cost function optimization. For optimizing the cost function in Eq. 1, we used Adam
gradient [58]. We initialize the latent representations (D, V, P, and U) with random values (as
described in the previous section), and at each iteration, we update their values according to
the gradients and the second moments of the gradients. If the updates result in negative values
for D, V, and P (that should be nonnegative), we simply replace these negative values by zeros
[59]. The stopping criterion of the iterative process relies on the convergence criterion of the
cost function. That is, our method stops when the difference between the cost function of the
current iteration and the previous iteration is smaller than 10~*.

Hyperparameter setting. We did not fine-tune any hyperparameter of our model. We
set the number of hidden features to k = 15. For controlling the contribution of gene
expression data we used o =1. We set all regularization parametersto A =\, =\, =\, =
0.1. Note that the performance of our method is not sensitive to the choices of the
regularization parameters (see Note K in S1 Text).

Similarity measures

Cosine similarity. For measuring similarity between latent representations, we calculated the
cosine similarity, that is defined as follows. Let x and y be k -dimensional vectors corresponding
to representations learned by our model. Then the cosine similarity between x and y is obtained
by the dot product of the vectors divided by the product of the norm of each vector:

xy'
<yl
where  denotes the Euclidian norm of a vector.

Chemical similarity. To measure the chemical similarity between drugs, out of the 2197
drugs in our original set, we managed to obtain the SMILES representation for 1800 drugs
from DrugBank [21,22]. Then, we obtained the Daylight fingerprint and calculated the
Tanimoto similarity using python’s RDKit package (https://www.rdkit.org/).

Semantic similarity. To calculate the functional semantic similarity, we used GOssTo
[40,60]. We used the Resnik Integrated Similarity Metric (ISM)* provided by GOssTo with
default parameters. We restricted the GO relations to “is_a”, and “part_of”, and the evidence
codes of the GO annotations to EXP, IDA, IPL, IMP, IGI, IEP, TAS, IC. We obtained biological
process (BP) semantic similarities for 11223 proteins in our interactome, of which 1972 are
also in our set of drug targets. For cellular components (CC), we obtained semantic similarity
for 12734 proteins (2107 drug targets). Finally, we obtained molecular function (MF)
semantic similarities for 14511 proteins (2106 drug targets).
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Statistical analysis

Statistical test of proximity in the latent space. To test whether entity pairs in our model (e.g.,
drug-virus pairs, drug pairs, proteins pairs, virus pairs or gene pairs) are closer in the latent space
than other entity pairs, we used the one-sided Wilcoxon signed-rank test between the corresponding
cosine similarities of the representations. We considered a significance level of 0.05.

Correlation test. To measure the correlation between the cosine similarities of
representations learned by our model and other types of similarities (e.g., function similarity
between proteins, chemical structural similarity between drugs), we used the Spearman’s
correlation coefficient setting its significance level to 0.05.

Reproducibility analysis. Following Alexandrov et al. [26], we evaluated the reproducibility
of components by using these steps. First, we trained our model 200 times, each one with a
different seed for generating pseudorandom numbers. Each independent run of the method
gives a solution {Di , Vi, P, U } , where matrices D', V', P', U’ denote representations for

by e digg
with the lowest cost function at convergence (Eq. 1). We obtained matrices D, V, P, U by
concatenating the corresponding representations (D’, V', P', U') across the 100 selected runs
of the method. That is, matrix D corresponds to the concatenation of the columns of D",
D",..,and D" . Matrix V corresponds to the concatenation of the columns of V",

V% ,.,and V' We obtained P by aggregating the rows of P", P*,.,and P",and U by
aggregating the rows of U, U",..,and U™ . For each concatenated matrix (D, V, P, U),
we clustered the 100k aggregated features into k clusters, where k =15 (number of hidden
features). For D and V , it corresponds to clustering the columns, whereas for P,and U it
corresponds to clustering the rows. To obtain the clusters, we used kmeans++ based on cosine
distance implemented on the GMKMcharlie R package [61]. As each run of kmeans results in

a different clustering, we repeated the experiment 100 times and used a different seed for each
run. For each matrix (D, V, P, U), we selected the clustering we highest cosine-similarity-
based average silhouette width [62], which measures the tightness and separation of the

clusters. We can interpret the silhouette width as a measure of reproducibility of each signature
component. We show the silhouette for each of the k clusters if Fig S5, $6, S7, and S8 for D, V,
P, U, respectively. The final reproducibility score is obtained by the average silhouette across
all components.

drugs, viruses, proteins, and genes, respectively. Then we selected 100 solutions i

Supporting information

S1 Text. Supporting text describing setup of experiments and additional analyses. It
includes further evaluation of our method (recall at 20, 50, 100, and 200, top predictions for
dengue and Ebola, AUC for specific viruses), setup of standard machine learning approach,
additional experiments (effect of adding viruses, comparison against SaveRUNNER, and Li et
al, reproducibility analysis, relation between drug target signature and functional similarity for
cellular components and molecular function, and results with different hyperparameters), and
gene expression data information.

(PDF)

S1 File. Spreadsheet containing predictions obtained by our model for 143 viruses and 2917
FDA-approved drugs.
(XLSX)

S2 File. Spreadsheet containing host centric drug-viruas associations from DrugVirus.info
used for evaluating our approach.
(XLSX)
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