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Abstract

Repurposing existing drugs to treat new diseases is a cost-effective alternative to de
novo drug development, but there are millions of potential drug-disease combinations to
be considered with only a small fraction being viable. In silico predictions of drug-disease
associations can be invaluable for reducing the size of the search space. In this work we
present a novel network of drugs and the diseases they treat, compiled using a combi-
nation of existing textual and machine-readable databases, natural-language processing
tools, and hand curation, and analyze it using network-based link prediction methods to
identify potential drug-disease combinations. We measure the efficacy of these methods
using cross-validation tests and find that several methods, particularly those based on
graph embedding and network model fitting, achieve impressive prediction performance,
significantly better than previous approaches, with area under the ROC curve above 0.95
and average precision almost a thousand times better than chance.

Author summary

Repurposing of existing drugs to treat new diseases is an important avenue for drug
development, but there are millions of potential drug-disease combinations to be con-
sidered with only a small fraction being viable. In this work we show how network-based
link prediction methods can be used to identify promising candidates for repurposing.
We assemble a novel network of drugs and the diseases they treat using a combination of
existing textual and machine-readable databases, natural-language processing tools, and
hand curation, then test a range of link prediction methods on it, finding that the best
such methods achieve impressive performance, correctly identifying more than 90% of
repurposing candidates in cross-validation tests.

1. Introduction

Drug repurposing, the practice of finding new uses for established medications, is a vital part
of the pharmaceutical development landscape [1-3]. A fundamental part of the repurposing
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process is the identification of promising candidate drugs, and a significant amount of effort
has been invested in the development of computational and statistical methods for perform-
ing this task [4-7]. In this paper, we approach the problem using tools from the burgeoning
field of network science [8], viewing it as a link prediction problem [9] on a network of drugs
and the conditions they treat.

Networks provide a convenient mathematical representation for many systems with com-
plex patterns of interactions, including a number that are of interest in pharmacological or
broader biomedical contexts. Examples include networks of drug interactions [10], networks
of drugs and their targets [11], and networks of genes and the diseases they are implicated
in [12]. A range of applications of network methods to medical and pharmaceutical problems
have been pursued in recent years [4,5,10-15].

In this paper we do two things: first, we compile an extensive network data set of drugs
and the diseases they treat, using a combination of existing data, both machine-readable and
textual, computational natural language processing, and human curation and data clean-
ing. The network represents a total of 2620 drugs and 1669 diseases. It differs from previous
drug-disease data sets in being larger and more complete, and in being based solely on explicit
therapeutic drug-disease indications, avoiding the use of associations inferred indirectly from,
for example, drug function, targets, or structure.

Second, armed with our data set we apply network methods to predict potential new ther-
apeutic drug-disease pairs. The data set takes the form of a bipartite network, also known as
an affiliation network, having two types of nodes, representing drugs and diseases, and con-
nections only between unlike kinds: a connection, or edge, between a drug node and a disease
node means that the drug is indicated for treatment of the disease—see Fig 1. Using this net-
work, we identify candidates for drug repurposing by link prediction. It is a common finding
in networks of all kinds that the available data are incomplete, that there are edges between
nodes that should be present in the data but are not, either because of measurement error or
because they have never been measured at all. Link prediction [9,16] is the process of attempt-
ing to identify these missing edges, usually based on observed patterns or regularities in the
network. For example, when examining a social network of friendships between individuals,
it would be surprising if the data showed that two individuals with a lot of common friends
were not themselves acquainted, so one might hypothesize that the data are incomplete—that
this connection really does exist but has failed to be recorded for some reason. It is a “missing
edge”
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Fig 1. A bipartite network of drugs and diseases of the type considered here. Nodes in the network are of two
types—drugs and diseases—and edges connect only nodes of unlike types to indicate which drugs are indicated for
treatment of which diseases. The network is assumed to be incomplete, so some edges that should be present are
missing from the data (dashed lines). Our goal is to identify these.

https://doi.org/10.1371/journal.pcbi.1013595.9001
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A wide range of computational methods for identifying missing edges have been devel-
oped. The simplest are little more than a formalized version of the “lots of friends in com-
mon” argument, but there are many more sophisticated ones as well. One popular set of
approaches makes use of graph representation learning methods such as non-negative matrix
factorization [17], node2vec [18], and DeepWalk [19], which construct a low-dimensional
embedding of the network. Another promising approach makes use of statistical models
of network structure, fitted to the input data. The most commonly used model in this con-
text is the degree-corrected stochastic block model [20,21], although other models, such
as hierarchical models [16] and non-degree-corrected models [22] have also been tried.
Musawi et al. [23] have given a comprehensive review of link prediction methods as applied
to biological networks.

Building on these works, in this paper we take a selection of link prediction algorithms,
including both new and existing methods, and apply them to our network of drug-disease
interactions. We run extensive cross-validation tests to quantify the performance of each
algorithm, removing a small fraction of edges at random from the network and testing the
algorithm’s ability to tell which ones were removed.

Our primary finding is that a subset of the algorithms perform well on this task, showing
an impressive ability to pinpoint the missing edges in the drug-disease network, as quanti-
fied by standard measures. The best of the methods we consider can achieve a measured area
under the ROC curve in excess of 0.95 and average prediction precision almost a thousand
times better than chance (although not in the same algorithm). Moreover, this performance
is achieved using purely network-based methods—no pharmacological input, other than the
network itself, is used. It is reasonable to suppose that a combination of network-based pre-
diction and pharmacological insight could improve the performance still further and our
methods could thus be used either alone or as part of a hybrid prediction strategy. Our goal
here, however, is not to create such a hybrid strategy, but specifically to test the use of link
prediction as a tool. We regard our work as a proof of concept demonstrating the performance
that can be achieved with link prediction in this context.

The remainder of this paper is organized as follows. In Sect 1.1 we discuss previous work
on network-based methods for prediction of drug-disease therapeutic interactions, then in
Sect 2.1 we introduce our dataset and describe the methods used to assemble it. In Sect 2.2
we describe the link prediction algorithms for bipartite networks that we employ, some of
which are previously published while others are new but similar to previous methods for uni-
partite networks. Sect 3 presents the results of our cross-validation tests and a comprehensive
set of measurements of algorithm performance. We also report some formal results on link
prediction performance that allow us to place bounds on the number of missing edges in the
network and hence tell us about the quality of the data set and the number of potential oppor-
tunities for drug repurposing. In Sect 4 we give our conclusions. Some technical details are
presented in the Supporting Information, file S1 Text.

1.1. Previous work

A number of authors have considered network methods for drug repurposing [24-29],
although they have taken somewhat different approaches to the one presented here.

Gottlieb et al. [24] assembled a network similar to ours but smaller—about a quarter of the
size—using some of the same resources but different methodology. They perform link pre-
diction using similarity-based methods akin to the methods we describe in 2 Sect .3, and find
moderately good performance, as we also do, though not competitive with the more sophis-
ticated machine learning algorithms we consider. Wang et al. [25] took a somewhat similar
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approach with a small study based on an early version of the DrugBank database and employ-
ing a collaborative filtering algorithm that exploits network projections. Although they make
only a small number of predictions, their work clearly shows the promise of these types of
techniques. Huang et al. [26] offer a good example of indirect inference of drug-disease
interactions, combining measures of disease similarity derived from text mining with mea-
sures of drug similarity from chemical and protein-protein interaction data, and predict-

ing drug-disease combinations using a network label propagation algorithm. They obtain a
number of medically relevant predictions, although overall measures of prediction perfor-
mance are quite low. Zhang et al. [27] studied previously published datasets of known drug-
disease associations along with pharmacological data such as structure, targets, and drug
interactions, and proposed a new algorithm that combines these elements to predict drug-
disease interactions. The associations in the network include not only therapeutic interac-
tions but also other drug-disease associations such as side effects, and hence the predictions
also include non-therapeutic associations, a potentially useful output, although different from
our work, in the which the goal is to predict therapeutic associations only. Cohen et al. [29]
performed an unusual study that aimed to predict treatments for one specific disease, Covid-
19. This makes their network highly imbalanced: it has 8070 drug nodes but only 33 dis-

ease nodes, all versions of Covid-19. Prediction in this setting is a different task from the

one we consider, but Cohen et al. achieved some promising results using a neural network
method.

Abbas et al. [28] applied a range of link prediction methods, including some of the same
ones we consider, to various pharmacological networks, including drug-target and drug-
interaction networks as well as a drug-disease network. Their prediction results for the drug-
disease network are good, particularly in terms of average precision, but come with a caveat:
based on the sheer number of drug-disease interactions they claim, it appears unlikely that
all of these interactions correspond to confirmed therapeutic uses of drugs. Although details
about the data set are scarce, it appears that the majority of edges in the network are indirectly
inferred from other data. Moreover, the much larger number of interactions means that the
network density is significantly higher overall, which artificially increases algorithm preci-
sion under cross-validation—it is easier to make correct predictions if there are more such
predictions to be made.

Table 1 compares our data set with the data sets used in previous studies. Some, such as the
smaller data set of Zhang et al. [27], are of relatively modest size. Others such as the data set
of Abbas et al. [28] are much larger, but also more speculative as mentioned above. We give a
comparison of the performance of previous prediction methods with the method of this paper
in Sect 4.

Table 1. Comparison of the network studied in this paper with networks of drugs and diseases compiled in
previous work. The final column indicates the type of data used to construct the network and/or make predictions:
direct therapeutic interactions (Th), structure (S), genes (G), targets (Ta), enzymes (E), pathways (P), drug-drug
interactions (DD), disease ontology (O). Missing data are denoted by “-”.

Drugs Diseases Interactions Basis
This paper 2620 1669 8946 Th
Gottlieb et al. [24] 593 313 1933 Th
Wang et al. [25] 963 1263 - GO
Zhang et al. [27] 269 598 18416 Th, S, Ta, E, P, DD
Zhang et al. [27] 1323 2834 49217 Th
Abbas et al. [28] 5535 1662 466 656 -

https://doi.org/10.1371/journal.pcbi.1013595.t001
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2. Methods

Our first task is the construction of the bipartite network of drugs and the diseases they treat,
which involves a number of steps.

2.1. Drug-disease network

As discussed in the introduction, our network is based solely on known therapeutic drug-
disease associations. The starting point is the DrugBank database (version 5.1.10, circa
2024) [30], an online index of over 15000 drugs, with targets, chemical data, prescribing
information, and other details. Many of these drugs are experimental or of dubious thera-
peutic value and we remove a significant number from the set, including drugs not approved
for clinical use, drugs labeled as supplements, cosmetics, food or food additives, household
products, allergens, or contrast agents, and drugs belonging to no known category. A full
description of which drugs are removed is given in the Supporting Information, file S1 Text,
Sect 1.

Absent from the DrugBank database is a concise list of the conditions each drug is used
to treat. To obtain such a list we use a combination of strategies. Some drugs in the database
are accompanied by a Unique Ingredient Identifier or UNII code, an alphanumeric code
that allows cross-listing with other databases. Using these identifiers we queried another
database, the NIH NCATS Inxight database [31], which includes machine-readable informa-
tion on drug indications. DrugBank entries without a UNII code, or for which no uses are
listed on Inxight, were further divided into two groups, those for which DrugBank contains
human-readable indications, and those for which it does not. Drugs in the latter category
were queried on the DailyMed database, another, smaller US federal database, which con-
tains human-readable indications for some drugs. If no indications are found the drug was
discarded.

This leaves us with a subset of drugs with human-readable indications, either from
DrugBank or from DailyMed, typically in the form of a few sentences of English text. These
indications were parsed using the OpenAl large language model (LLM) GPT-3.5 to return
a machine-readable list of diseases and conditions for each drug. (We also conducted some
tests with GPT-4, the most advanced model available to us at the time of this study, but
found no discernable difference in performance that would justify using this more expen-
sive model.) Some drug indications contained no disease information that the LLM was able
to extract and these were discarded. (A subset of the drugs for which no interactions were
found were also checked manually and no instances of overlooked interactions were found.)
Finally, the entire network was reviewed by hand to confirm its accuracy. This included ver-
ifying that each interaction extracted by the LLM was genuinely supported by the corre-
sponding drug indication, in order to catch potential LLM “hallucinations,” and the con-
solidation of duplicates—drugs or diseases that appear under multiple names. For example,
we found entries for “Type II diabetes” and “Diabetes mellitus 2,” which refer to the same
condition.

The final data set consists of 2620 drugs and 1669 diseases, with 8946 edges connecting
drugs to diseases they are known to treat. This leaves over 4.3 million unconnected drug-
disease pairs. It is our goal to predict which among these are the most promising candidates
for drug repurposing. An image of the complete network is shown in Fig 2, although the sheer
number of nodes makes clear visualization challenging. Fig 3 shows perhaps a more infor-
mative visualization, of a portion of the network, corresponding to diseases in ten common
disease categories and drugs that treat them.
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Fig 2. Visualization of the complete network of drugs, diseases, and their therapeutic interactions. Drug nodes
are shown in blue and disease nodes in yellow.

https://doi.org/10.1371/journal.pchi.1013595.9002
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Fig 3. A visualization of the network of drugs and diseases. In this figure, we show (circles) a subset of the diseases in our network, those
falling in the ten most common disease categories, as labeled, along with the shared drugs that connect them together (gray squares).

https://doi.org/10.1371/journal.pcbi.1013595.9003

2.2. Link prediction

Link prediction [9] is the task of estimating which edges are missing from an observed net-
work. In the context of our drug-disease network this is equivalent to predicting specific
drugs that can be used to treat specific diseases. Link prediction is a well-studied problem in
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network science and a range of methods have been proposed for the task. Our primary goal in
this paper is to investigate the efficacy of these methods for drug repurposing.

Link prediction methods can in principle make use of a variety of ancillary information
about network nodes and their characteristics. For instance, one can imagine a method that
employed chemical or structural information about drugs, clinical knowledge such as pre-
scribing practice, or information about drug targets. A number of techniques that use such
information for identifying drug repurposing candidates have been proposed in the past
the topological information contained in the network of drugs and diseases.

All network-based link prediction methods adopt basically the same framework. One
computes some “prediction score” for every pair of nodes, which indicates, often on an
arbitrary scale, how likely those nodes are to be connected by an edge, with higher values
denoting higher likelihood. Then one sorts those values in decreasing order to create a list of
potential missing edges from most to least likely. Typically, interest will focus on the initial
entries in the list, which represent the most promising candidates, and a good link predic-
tion algorithm is one for which a large number of these initial entries turn out to be correct
predictions.

The heart of the algorithm is the definition and calculation of the prediction scores. Here
we consider a variety of possible scores, drawing inspiration from various sources, including
previously proposed algorithms for unipartite networks, representation learning methods,
probabilistic models of network structure, and methods developed for the related problems of
collaborative filtering and document classification. In detail the methods we consider are as
follows.

2.3. Elementary algorithms

In some contexts successful link prediction can be performed using surprisingly simple
heuristics. Liben-Nowell and Kleinberg [9] have tested a range of such methods based on
node degrees, path lengths, and network similarity measures. Perhaps the simplest of these
methods is the degree-based heuristic they call “preferential attachment,” after the well-
known class of network growth processes by that name. Under this method, the prediction
score for a drug-disease node pair u,v is simply equal to the product d,d, of the degrees
(i.e., the number of edges) at each of the nodes.

Another group of elementary algorithms are those based on node similarity. Similarity
measures in network science are measures that quantify how similar pairs of nodes are in
purely topological terms. For unipartite networks the most common similarity measures, such
as cosine similarity and Jaccard coefficient, are proportional to the number of network neigh-
bors two nodes have in common, differing only in how that number is normalized. One can
then use these similarity measures directly as prediction scores.

Generalizing this notion to bipartite networks involves some subtleties. We want to predict
edges between nodes of unlike kinds (drugs and diseases in our application), but by definition
such nodes do not share any neighbors: a disease node only has drug neighbors and a drug
node only has disease neighbors. Instead, therefore, we define a prediction score between a
drug node u and a disease node v to be the sum of the similarities between v and other dis-
eases that u is known to treat. In other words, our link prediction algorithm looks for diseases
that are similar to those for which u is already used.

In mathematical terms, we define o(v,v") to be the similarity between disease nodes v
and v/, and N(u) to be the set of diseases that u is known to treat. Then the prediction score
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for drug u to treat disease v is

x(u,v) = Z a(nv). (1)
v eN(u)
One can also imagine defining prediction scores based on similarity between drugs: we
could consider a particular disease v and look for drugs that are similar to ones currently used
to treat it. This would give the alternate definition

x(u,v) = Z o(u,u'). (2)

u' eN(v)

We have experimented with both approaches, but find that Eq (1) gives distinctly superior
performance to Eq (2), so we do not pursue (2) further here.

Eq (1) can be implemented with any of the many standard measures of node similarity
in networks. We here consider the five with definitions given in Table 2: common neigh-
bor count, cosine similarity, Jaccard coefficient, Dice (or Dice-Serensen) coefficient, and the
hub-suppressed index. All of these are based on the number of common neighbors between
nodes, as described above, or equivalently the number of paths of length two. In addition, we
consider one further measure, which we call the “Katz similarity” in recognition of its close
similarity to the well-known Katz centrality [34], which counts paths of all lengths, but with
less weight given to longer ones [35]. All of these similarity measures were originally devel-
oped for use with standard (non-bipartite) networks, but they can be applied straightfor-
wardly, without modification, to our bipartite case. We have also experimented with some
other common similarities, but find that they give clearly inferior results, so we do not pursue
them.

2.4. Machine learning

The algorithms of the previous section are simple heuristics that do not attempt to make use
of any deeper structure in the network, but a variety of other algorithms have been proposed
that employ machine learning methods to extract more complex structural information. Here
we consider a representative set of algorithms from this class, including standard algorithms
and some perhaps less familiar recent proposals.

Singular value decomposition (SVD): This standard matrix-based method constructs a
low-rank approximation to the incidence matrix B of the bipartite network. The incidence

Table 2. Definitions of similarity measures o (1, v) between network nodes used in Eq (1). In these expressions,
u and v are nodes, d;, and d, are their degrees (the number of edges connected to them), and n,, is the number of
common network neighbors between u and v. For nodes of degree zero, all of these measures (except the common
neighbors measure) give 0/0, in which case the similarity is defined to be zero.

Similarity measure Formula
Common neighbors Nuy
nMV
Cosine similarity dudy
T
Jaccard coefficient dy +dy - nyy
Myy
1
Dice coefficient 3(du+dy)
T
max(dy,dy)

Hub-suppressed index
https://doi.org/10.1371/journal.pchi.1013595.t002
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matrix is the rectangular matrix with elements B,,, = 1 if drug u is indicated to treat disease v
and 0 otherwise. In this algorithm one first computes the singular value decomposition B =
USV”, where U and V are orthogonal matrices and § is the diagonal matrix of singular val-
ues, then one discards (i.e., sets to zero) all but the K largest singular values, giving a modi-
fied diagonal matrix §', and then computes the rank-K matrix B’ = US'V7. The elements of
this matrix are used to predict the missing edges—larger (more positive) elements indicate
higher prediction certainty. We use the SVD implementation in the LAPACK linear alge-
bra library. We have tested the algorithm for various values of K and find the best results
around K = 60.

Probabilistic latent semantic analysis (PLSA): An important class of algorithms are those
based on graph embeddings. These methods attempt to place the nodes of a network at posi-
tions in a Euclidean space such that nodes with similar positions (in some sense) are con-
nected by edges and others are not. Perhaps the simplest version of this idea in the present
bipartite context is one in which we assign vectors r, to nodes of one type and s, to nodes
of the other type, and the edge between u and v is a random variable with probability equal
to the inner product r,, - s,. The dimension K of the vectors is a free parameter that can be
tuned to give optimal results. This approach has been employed particularly in document
classification, leading to the method known as probabilistic latent semantic analysis or
PLSA [36]. Here we retask this method for our drug-disease network and use an expectation-
maximization (EM) algorithm to fit the PLSA model (see [37] and Supporting Information,
file S1 Text, Sect 3), then use the probabilities r,, - s, to predict the most likely missing edges.
We find best results for vector dimension around K = 90.

Non-negative matrix factorization (NNMF): The embedding used for PLSA can be thought
of as an approximate decomposition of the incidence matrix into a product of two non-
negative matrices whose columns are the vectors r, and s,. In addition to the EM algorithm
above, a variety of other methods exist for finding such decompositions, based on vari-
ous notions of approximation error, with the most common using a simple mean-squared
error [17,38]. Such approaches are known generically as non-negative matrix factorization
algorithms. We use the implementation in the scikit-1learn Python package, which
employs a mean-squared error. We find best results for vector dimension around K = 80.

Node2vec: Node2vec is a graph embedding method developed by Grover and Leskovec [18]
that uses biased random walks to train a machine learning model. The random walks gener-
ate sequences which are used as neighbor sets for nodes, from which the model then learns
an embedding. The embedding dimension is a free parameter and we find best results for
dimension K = 256. We use the implementation of node2vec in the pytorch-geometric
Python package [39].

Generic bipartite network embedding (GEBE?): Another embedding-based method is the
GEBEP method of Yang et al. [40], which finds embeddings by splitting the problem into two
parts: first it computes a similarity between nodes of the same type, analogous to the measures
of Sect 2.3, then it computes weighted paths between nodes of different types. These are then
combined into a single objective function and optimized to learn the embedding. Link pre-
diction is performed by training a logistic regression classifier on the combined embedding
vectors of node pairs and using the output of the classifier as the prediction score.

Bayesian personalized ranking (BPR): Bayesian personalized ranking [41] is a matrix factor-
ization technique, originally developed for recommender systems, that works by maximizing
the probability for each drug individually that a known interaction between the drug and a
disease is ranked higher than an unknown one. We use the implementation in the LightFM
Python package [42].
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Intra-class connection triadic closure (ICTC): The ICTC method of Shin et al. [43] leverages
artificial neural networks to perform link prediction. The method uses a linear graph autoen-
coder to learn implicit similarities between nodes of the same type, then uses these to predict
the presence of edges in a manner similar to the methods of Sect 2.3.

2.5. Probabilistic network models

An alternative approach to link prediction is a statistical one in which one fits a probabilis-
tic model of network structure to the observed network. Various models have been used for
this purpose. An early example is the work of Clauset et al. [16], who proposed a hierarchi-
cal model that captures structure at multiple scales. More recent work has found success using
various versions of the stochastic block model (SBM) [44]. Guimera and Sales-Pardo [22]
were among the first to adopt this approach, employing the SBM in its original unmodified
form, but better results are typically found using the variant “degree-corrected” SBM [20,21].
In this model nodes are divided into some number of groups, and edges fall between them
with probabilities that depend on group membership, but with a bias that increases probabil-
ities for edges connected to nodes with high degree in the observed network. Link prediction
is performed by calculating the change in the likelihood of the network when a single edge is
added and using these changes as the prediction scores.

We consider two variants of this approach. The first is a Bayesian version of the stan-
dard degree-corrected model in which group memberships are sampled using a single-node
Markov chain Monte Carlo algorithm [45] and prediction scores are averaged over the result-
ing samples. The second is a “microcanonical” version of the model in which the numbers of
edges, rather than their probabilities, depend on group membership, and states are sampled
using a non-local cluster Monte Carlo [21].

3. Results

We evaluate the performance of each of our link prediction algorithms on the drug-disease
network using cross-validation. We randomly remove 10% of the edges in the network then
measure the ability of an algorithm, when applied to the remaining network, to tell which
ones were removed. The procedure is repeated 50 times for each algorithm and the results
averaged. Success is measured by four standard metrics:

1. Area under the Receiver Operating Characteristic curve (AUROC): Perhaps the most
common measure of binary classifier performance, this measure is equal to the area
under the ROC curve, i.e., the curve of true positive rate as a function of false positive
rate, from start to finish of a run of the algorithm, all the way from the most promis-
ing prediction to the least. Thus each complete run for each algorithm produces a
single numerical AUROC value. Values run from 0.5 to 1, with higher values being
better. AUROC can be thought of as a measure of how thorough or complete an algo-
rithm’s predictions are. If we consider one of the removed edges to have been success-
fully predicted if an algorithm ranks that edge higher than the average non-edge, then
the AUROC score is equal to the fraction of edges successfully predicted. Thus a value
close to 1 indicates an algorithm that gives very complete results and misses few of the
predictions it aims to make. The AUROC value can also be used to estimate the num-
ber of unknown interactions waiting to be discovered in a network—see Sect 3.2. A
weakness of the measure is that AUROC values are insensitive to dilution of the predic-
tions by false positives: there can be many wrong results among the right ones without
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affecting the score greatly, a problem that becomes particularly apparent in sparse data
sets such as ours.

2. Area under the precision/recall curve (AUPR): In practical situations, we often do care
about dilution of the predictions with false positives, in which case the precision—the
fraction of predictions that are correct—can be a more useful measure of performance.
AUPR averages the precision over values of the recall (i.e., the true positive rate), which
automatically weights the results towards the most promising predictions (those with
highest prediction score), since recall varies most rapidly in the early part of a run.

We quote AUPR results as a percentage and they can be read, broadly speaking, as the
average probability that a prediction the algorithm makes is correct.

3. Normalized AUPR: For sparse data sets we expect the raw precision numbers to be
small—we are searching for a small number of needles in a very large haystack, so even
an algorithm that does far better than chance will still have low precision. For this rea-
son precision is often normalized relative to the baseline prevalence, i.e., the fraction
of true positives in the entire test set. The normalized value measures how much more
likely the algorithm is to return a true positive on the average guess than would a ran-
dom, no-skill classifier.

4. Top-k precision: For large prediction problems such as ours it is often the top predic-
tions that are of most interest. A drug developer cannot reasonably be expected to
look through all four million drug-disease combinations in our data set, but a care-
fully curated selection of the most promising candidates could be very useful. The top-k
precision is a measure of an algorithm’s ability to generate a high-quality selection. It
is equal to the fraction of correct predictions among the top k. In this paper we quote
figures for the top 100.

The extent to which one cares about ROC curves versus precision/recall curves or top-k
precision depends on one’s goals. A clinical researcher (or a patient) with an interest in a par-
ticular condition or set of conditions might focus on high AUROC values, since they would
want a thorough algorithm that is successful at finding all or most of the promising repur-
posing candidates, including those they care about, and misses very few. A drug developer,
on the other hand, might focus on algorithms with high precision, since these would return
the highest-quality predictions, and hence offer the best chance of finding drugs that can be
usefully repurposed. In general, we find that higher AUROC figures correspond to lower
precision, and vice versa, so one can score well on one or the other but not both.

Fig 4 shows average ROC and precision/recall curves for a selection of our algorithms and
Table 3 summarizes the values of the performance metrics listed above. Inspecting the lat-
ter we note first that all algorithms give AUROC scores significantly above the baseline value
of 0.5, indicating acceptable performance on the basic link prediction task. There is nonethe-
less some significant variation. The simple degree-based algorithm is the least competitive
and not recommended for this application. The similarity-based algorithms on the other
hand do surprisingly well: they all have similar performance with AUROC scores around
0.86, except for the Katz similarity, which fares less well. The machine learning algorithms
PLSA, SVD, NNMF, node2vec, BPR, and GEBEP are in the same vicinity but a little worse,
but it is the final three algorithms that stand out for their impressive performance accord-
ing to this metric—the ICTC deep learning algorithm and the two versions of the SBM,
with the microcanonical SBM giving the best performance of all, with an AUROC score
close to 0.95.
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Fig 4. (a) Receiver operating characteristic (ROC) curves for seven of the best performing algorithms. The
dashed diagonal line represents the expected performance of a no-skill (random) classifier. Inset: Area under the
curve (AUROC) for the microcanonical SBM for various fractions of edges removed. (b) Precision/recall curves
for the same selection of algorithms. Colors are the same as in (a). Inset: Top-100 precision and area under the
prediction/recall curve (AUPR) for each algorithm.

https://doi.org/10.1371/journal.pcbi.1013595.9004

Moreover, even this figure is an underestimate. Under normal conditions the performance
of any algorithm can be expected to improve as we increase the number of edges in the train-
ing data set, which we can do by removing fewer edges for cross-validation. The inset to Fig 4
shows AUROC values for the microcanonical SBM for 10%, 5%, and 2% of edges removed.
One cannot continue all the way zero—there have to be some edges to predict—but by
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Table 3. Performance measures for link prediction algorithms, estimated from 50 repetitions of cross-validation with 10% of edges removed from the network. We
divide our algorithms into three categories: “Elementary” denotes algorithms based on node degrees or simple similarity measures such as counts of common neighbors
between node pairs; “Machine learning” denotes methods such as matrix factorization, Bayesian, and deep-learning methods; “SBM” denotes network-based methods
that make use of the stochastic block model. The performance measures we use are the area under the ROC curve (AUROC), the area under the precision/recall curve
(AUPR), area under the precision/recall curve normalized by prevalence, and precision over the top 100 predictions. Numbers in parentheses indicate standard errors

on the trailing digits. Numbers in bold indicate the best performers. Running time is for a single run of each algorithm.

Area under curve
Algorithm ROC Precision/recall PR normalized Top-100 precision Time (sec)
Elementary Degree 0.721(2) 0.35(2)% 17(1) 4.7(3)% 1
Common neighbors 0.860(1) 7.9(1)% 384(5) 44.8(8)% 1
Cosine similarity 0.860(1) 9.7(2)% 474(9) 45.6(9)% 1
Jaccard coefhicient 0.863(1) 13.8(2)% 678(9) 56.9(9)% 1
Dice coefficient 0.862(1) 11.5(2)% 565(8) 49.4(9)% 1
Hub-suppressed index 0.861(1) 12.9(2)% 630(9) 52.8(10)% 1
Katz similarity [35] 0.789(2) 7.7(1)% 376(5) 44.4(6)% 4
Machine learning PLSA [36,37] 0.812(2) 4.3(1)% 209(4) 9.6(5)% 10
SVD 0.835(1) 20.0(2)% 970(10) 73.3(7)% 40
NNMEF [17,38] 0.844(1) 18.6(2)% 908(11) 68.7(7)% 57
Node2vec [18] 0.821(2) 13.4(2)% 655(10) 51.0(9)% 3984
GEBEP [40] 0.750(1) 0.31(1)% 15(1) 5.9(1)% 20
BPR [41] 0.860(1) 9.98(16)% 487(8) 46.3(8)% 17
ICTC [43] 0.916(1) 33(1)% 16103) 27.7(6)% 242
SBM DCSBM [20,22,45] 0.898(1) 3.1(1)% 154(6) 25.0(8)% 367
Microcanonical SBM [21] |0.949(1) 4.3(1)% 209(5) 26.7(8)% 4964

https://doi.org/10.1371/journal.pchi.1013595.t003

extrapolating we estimate the AUROC at zero to be 0.967 +0.001. Presumably in real-world
applications of the method to drug repurposing one would use the entire data set, in order

to get the best results possible, so this figure may be the most realistic one for practical appli-
cations. (This assumes that one has the computational resources to analyze the entire net-
work, but for a sparse network such as ours this is not an issue.) Broadly speaking, the figure
of 0.967 means that the microcanonical SBM algorithm is successful at identifying more than

96% of true drug-disease interactions.

AUPR figures also vary substantially across algorithms, but they favor different algorithms
from the AUROC scores. All of the similarity-based methods return respectable AUPR val-
ues in the vicinity of 8% or more. The best is the algorithm based on the Jaccard coefficient,
with an AUPR score of 13.8% and a normalized value of 678, meaning that the algorithm is
on average more than 600 times better at identifying drug-disease interactions than a no-skill
random classifier. The two versions of the SBM fare less well in this test and in particular the
microcanonical model, which is so impressive in terms of the AUROC measure, scores only
4.3%. Among the machine learning algorithms some get very poor AUPR scores, such as the
GEBEP algorithm with a score under 1%. But the relatively simple singular value decompo-
sition method is the standout on this test, with an AUPR score of 20.0% and performance
almost a thousand times better than chance. Moreover, the leading predictions of this algo-
rithm are substantially better even than this, with a top-100 precision value of 73.3%, meaning
that almost three-quarters of the first 100 predictions are correct. The NNMF algorithm also
does well, with a top-100 precision of 68.7%.

From the point of view of pharmaceutical development these two algorithms, SVD and
NNME may be the most promising. Some of the others also perform well on the precision
measures—the Jaccard, Dice, and hub-suppressed similarities all score around 50% for

instance—but are not competitive with SVD and NNME

Opverall, these results suggest that network-based link prediction algorithms can be a use-
tul tool for identifying candidates for drug repurposing, substantially reducing the amount
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of work necessary to make each successful identification. (We do not give specific predictions
of drug-disease pairings here, but interested readers can reproduce our entire set of over four
million predictions from the posted data and code.)

In passing, we also note an interesting coincidence in the dimension of the representations
of the network found by several of our algorithms. For SVD we find that the ideal number
of singular values to retain is about 60. For NNMF the equivalent number is 80, for PLSA it
is 90, and the degree-corrected stochastic block model finds about 30 communities each of
drugs and diseases, for a total of around 60 overall. (Exact numbers vary slightly during a run
and from one run to another.) The fact that these disparate algorithms are all successful in
their predictions and give similar dimensions for the data may be a hint that there are about
60 to 90 different classes of drugs/diseases in the data, an observation that could be of phar-
macological interest. (An exception is the node2vec algorithm, for which the best results were
obtained with a significantly higher embedding dimension of 256.)

3.1. Running time

The algorithms we consider vary substantially in the amount of time they take to run.
Approximate running times for a single run of each algorithm on all 4.3 million drug-disease
combinations, measured in seconds of CPU time on conventional hardware circa 2024, are
listed in Table 3. The elementary similarity-based methods, such as common neighbor counts
and cosine similarity, are fastest, taking around one second of CPU time each. (The Katz sim-
ilarity is slower, at 4 seconds, but still fast.) Although they are not the absolute winners in
terms of prediction success, these algorithms do score well, particularly on precision, so they
might be of use in cases where speed is important.

The machine learning algorithms are generally more computationally demanding, and in
particular the singular value decomposition and non-negative matrix factorization methods
are relatively slow, with SVD taking about 40 seconds of CPU time for a single run. Even this,
however, is not a significant amount of time in a typical application where one only needs
to run the algorithm once. Moreover, SVD and NNMEF are both highly parallelizable and on
modern multicore processors the wallclock running time of standard multithreaded imple-
mentations is only a fraction of the CPU time—15 seconds or so was typical in our tests of the
SVD algorithm.

The three algorithms that perform best in terms of AUROC scores are also some of the
most demanding—ICTC and the two versions of the stochastic block model. The ICTC algo-
rithm, like many neural network methods, can be accelerated by the use of GPUs, but without
such aids takes 8 minutes per run. And the microcanonical SBM, which has the best AUROC
score overall, is the most demanding algorithm in our tests, with a running time of over an
hour per run.

Balancing prediction success with speed, and assuming a preference for high preci-
sion rather than high AUROC scores, our overall pick for best algorithm is the singular
value decomposition method, which runs in a few seconds and gives outstanding precision.
Non-negative matrix factorization is also competitive. For applications requiring high speed,
the similarity-based algorithms may be attractive, with the algorithm based on the Jaccard
coeflicient being the top performer in terms of prediction success.

3.2. Bounds on the number of possible discoveries, false positives,
and precision

In the Supporting Information, file S1 Text, Sect 2 we derive a theoretical bound on the
AUROC statistic. Under the assumption that our algorithms are equally good at predicting
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true missing edges in the network and edges that are randomly removed for cross-validation,
we show that the value A of the statistic must satisfy A < 1 -, where y is the fraction of
node pairs in the network that are not observed to be connected by an edge but which are
in truth—these are edges that are missing from the data set and they represent the potential
successful predictions that we could make using our algorithms.

Inverting the inequality, we see that

u<2(1-A), (3)

which places a limit on the number of missing edges waiting to be discovered in the net-
work. This inequality applies to the AUROC score for any algorithm and any fraction of edges
removed for cross-validation, so we are at liberty to choose the algorithm that returns the
highest value in order to achieve the best bound. In our case, the highest value is the extrap-
olated value of A = 0.967 obtained for the microcanonical SBM algorithm, and, substituting
into Eq (3), this implies that the fraction of possible drug-disease interactions remaining to be
discovered in our network is at most 2 X (1-0.967) = 0.066, or 6.6% of the total. At first glance
this seems like a small fraction, but it still translates into a substantial number of potential
predictions because of the sheer size of the network. The number of node pairs unconnected
by an observed edge is 2620 X 1669 — 8946 = 4.36 million and the maximum number of poten-
tial drug applications waiting to be discovered is 6.6% of this figure, or about 288 000, so there
is plenty of room for exploration.

As further shown in the Supporting Information, file S1 Text, we also have an upper bound
1 <2(1-A) on the fraction v of false positives in the data set, which is thus also limited to
6.6%. Because of the sparsity of the data set, however, this imposes a much sharper limit, since
the number of observed interactions is relatively small, at just 8946. Taking 6.6% of this figure
implies we have a maximum of just 590 possible false positives in our data set. This tells us
something about the quality of the data: at most 590 of the recorded therapeutic drug-disease
combinations are in error.

Finally, as shown in the Supporting Information, file S1 Text, the precision is also affected
by the presence of missing edges in the network—it is reduced by a factor of 1 - u, as are mea-
sures proportional to precision such as AUPR and top-k precision. Given that 0 < 1 < 0.066 in
our case, we have 0.934 <1 - u < 1, which places relatively tight bounds on 1 - u. In practice
this means that the measured values of precision should be reasonably reliable and moreover
that, to the extent they are modified in the presence of missing edges, they will be increased,
not decreased, because the true precision is equal to the measured value divided by 1 - . Thus
for instance the 20% figure we find for AUPR under the SVD algorithm could be a (slight)
underestimate—the true value could lie anywhere between 20.0% and 20.0/0.934 = 21.4%.

4. Discussion

In this paper we have described the construction of a data set of 2620 drugs and 1669 diseases
and conditions for which they are indicated, based on several pre-existing, publicly avail-
able databases, analyzed using a combination of machine learning methods and human data
curation. The resulting data set describes 8946 known drug-disease interactions.

We have used this data set to test the performance of a basket of algorithms for net-
work link prediction, with the goal of identifying potential candidates for drug repurposing.
These methods regard the data set as a bipartite network of drugs and diseases, with edges in
the network indicating which drug treats which disease, then attempt to identify potential
missing edges, which would represent unknown drug-disease pairs. This is a formidable
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task—there are more than four million possible pairs to consider—but nonetheless several of
the algorithms appear to perform well.

Performance of each algorithm is tested using cross-validation, in which a small fraction
(in this case 10%) of edges are removed from the network and then the algorithm attempts
to predict the removed edges. We find good success with three algorithms in particular. An
algorithm based on the probabilistic network model known as the microcanonical stochas-
tic block model returns an area under the ROC curve of 0.949, which increases to 0.967 when
extrapolated to the full network without edges removed for cross-validation, meaning roughly
speaking that the algorithm successfully predicts over 96% of the missing edges in the net-
work. These predictions however may be diluted with false positives strewn among them, an
issue that is addressed by another performance measure, the precision. By this measure two
other algorithms, based on singular value decomposition and non-negative matrix factoriza-
tion, perform well. These algorithms give AUPR scores of 0.20 and 0.19 respectively and pre-
cision of 73% and 68% on their top 100 predictions, indicating that over two-thirds of those
predictions are correct. From the point of view of a drug developer hoping to find promis-
ing candidates, this may well be the most important statistic, and these the most promising
algorithms.

These results compare favorably with previous network-based approaches for drug
repurposing. Perhaps the most successful among the previous approaches is that of
Zhang et al. [27], who achieved AUROC scores up to 0.87 and AUPR up to 0.26 using their
matrix factorization method. Their method, however, has access to many additional forms of
data, such as structure, targets, and enzymes that ours does not, and moreover does not use
direct therapeutic interactions as input, so this is not an apples-to-apples comparison. As dis-
cussed in the introduction, we anticipate that in a production setting the methods we study
could be combined with methods based on other data to create a hybrid approach that has the
best of both worlds.

Also competitive is the approach of Gottlieb et al. [24], who used an algorithm based on
node similarity reminiscent of those discussed in Sect 2.3, achieving an AUROC score of
0.90, though they give no results for AUPR. Abbas et al. [28], testing a large selection of previ-
ously published algorithms, achieved generally lower AUROC scores up to 0.70 on their drug-
disease network, but impressively good AUPR scores, as high as 0.82 for an algorithm based
on SimRank. The latter should be taken with a pinch of salt, however. As discussed in Sect 1.1,
the network used by Abbas et al. is much denser, by a factor of about 25, than the network we
study, and precision is proportional to density, all other factors being equal. For instance, a
no-skill random classifier will guess correct interactions with probability precisely equal to
the density. Thus we would expect a significantly higher AUPR score for any algorithm on the
network of Abbas et al. than on a network of much lower density. Moreover, as mentioned
in Sect 1.1, a large majority of the interactions in the network of Abbas et al. appear not to be
confirmed drug-disease therapeutic interactions, so the algorithm is for the most part both
training on and predicting different kinds of connections than the confirmed interactions that
we focus on. Other studies, such as that of Wang et al. [25], do not give quantitative measures
of performance against which to make a comparison.

The primary current limitations on our prediction performance are two-fold. First, algo-
rithms are only as good as the data we feed into them and, while we have taken pains to
ensure the quality of our data set as described in Sect 2.1, it is limited by the source data from
which it was constructed, which is certainly incomplete and may contain errors. Nonetheless
the data are good enough to reliably identify the strongest algorithms for link prediction in
this context, and the quality and completeness of the data can be expected to improve over
time, so that future studies need only apply those algorithms to such improved data to achieve
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improved results. The second limitation of the approach, as mentioned above, is that we use
only known therapeutic drug-disease interactions to make our predictions. As discussed in
the introduction, we expect that in a production setting our methods would be combined with
other data to improve the quality of the results still further.

One issue we have not tackled in this paper, but which is of potential interest, is the identi-
fication of false positives in the data set. All of our link prediction algorithms give prediction
scores for every pair of nodes in the network, both those currently unconnected, which are
of interest for repurposing, and those currently connected. An unusually low score for one of
the latter would indicate a drug-disease interaction that is indicated in the data set but which,
in the eyes of the algorithm, appears suspicious: if we hadn’t already been told of this interac-
tion, we would have been unlikely to predict its existence. Such drug-disease pairs could be
false positives—drugs that do not in fact treat the diseases they are claimed to. It is a straight-
forward calculation to find such pairs, but it is not the focus of the present paper so we leave it
for future work.

Supporting information

S1 Text. Section 1. Selection of drugs included in the data set. Section 2. Theoretical limits
on performance. Section 3. Expectation-maximization algorithm for PLSA. Section 4. Algo-
rithm parameters. Table A. Categories of drugs removed from the data set, along with the
number in each category. Note that the total number of drugs removed is less than the sum of
the entries in the right-hand column because some drugs belong to more than one category.
Table B. Parameters controlling each algorithm.
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