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1. Introduction
According to The Tufts Center for the Study of Drug Development,
the development and marketing approval for a new molecular
entity takes more than 13 years and around US$2.6 billion.
Moreover, the cost of putting a new drug into the market has
dramatically increased since the 1970s [1]. This raise in the drug
development cost has led to a dramatic shrinkage of the efficiency,
which is measured in terms of the number of new approved drugs
per billion US dollars of research and discovery spending [2].
Factors that have contributed to the raise of drug development
costs include increased clinical trial complexity, larger clinical trial
size, greater assessment of safety and toxicity drug profiles, or
evaluation on equivalent drugs to accommodate payer demands
for comparative effectiveness data [2]. Simultaneously, the emergence of high-throughput technologies such as high-throughput
screenings (HTS) or next-generation sequencing has led into a
drug discovery paradigm shift from the traditional single drug
perspective to a more target-centric view [3]. The application of
these technologies alongside the increasing complexity of the
treating diseases and the growing intricacy of the mechanism of
action of the drug has also significantly increased the costs of
preclinical stages. Hence, there is an urgent need for readjusting
the drug discovery process to tackle these new problems. More
specifically, modern drug discovery programs should be able to
deal with the massive amount of data generated in the initial
stages of the drug discovery pipeline [4].
In this scenario, computational methods can play a significant role to decline the time and costs of preclinical stages.
Over the last 30 years, computational methods have helped to
the development of new therapeutics [5,6]. However, we are
still far from extracting all their potential when applied to the
drug discovery field. This review is oriented to present how
computational methods in general, and network-based methods in particular, could be used to optimize the preclinical
stages of the drug discovery process.

2. Right target and right drug
Wrong selection of the molecular target (i.e. weak association
between protein targets and the treating disease) implies lack
of the expected efficacy, which is the most important cause of
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failure in clinical trials [7,8]. The lack of efficacy problem is
even more prominent when dealing with complex and multifactorial diseases such as cancer or Alzheimer’s disease.
Consequently, selecting the right target requires the complete
understanding of the entire interconnected system where
molecular targets play very specific role(s) on a large and
precise machinery. That is the reason of why many novel
computational methods for target identification are including
molecular networks to better represent the biological system
to intervene [9,10]. Moreover, network-based representation
enables the integration of multiple sources of information.
Information such as protein–protein interaction (PPI), target
druggability assessment, gene–disease association, compound–protein interaction, or protein–side effects association
that eventually resembles the reality in which the decision of
the molecular target is based upon multiple distinct factors.
Frequently, the selected molecular target plays multiple functions in the cell. Hence, inhibition of the target can lead to severe
side effects that do not compensate the positive ones [11]. A less
harmful alternative consists on the specific regulation of the
molecular interaction that is associated to the treating disease.
Application of network biology can help to identify new PPIs
amenable to be disrupted by small-molecule treatments.
Unfortunately, targeting PPIs is a very challenging task [12], and
the progress is still limited to certain classes of PPIs [13].
The multifactorial nature of some diseases prevents them
from using a single pharmacological intervention [14]. In such
cases, the combination of multiple therapeutic entities may be
required for treating the disease. However, the development
of multidrug treatments leads to a more complex scenario,
where it is not only important the identification of the molecular targets, but also, whether the combination of drugs
provides a synergistic effect. The combinatorial explosion,
consequence of the larger number of variables, prompted
the development of computational methods aiming to predict
which of those combinations have the best pharmacological
profile. In spite of the accuracy of such methods is far from
optimal [15], computational prediction of compound-pair
activity will be needed in the future where combinatorial
drug regimes will be more frequent as a consequence to the
increasing understanding of the target diseases.
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3. Networks to the service of mechanism of action
identification
Once the association between the molecular target(s) and the
treating disease is validated, the drug discovery process
focuses on identifying molecules able to perform the desired
pharmacological activity through the modulation of the candidate target(s) (i.e. the so-called hits). A variety of screening
approaches exist to identify hits molecules [16]. Some modern
drug discovery pipelines include an HTS of library of thousands or even millions of compounds against the candidate
target. However, mining into the massive amount of generated data in the search for hits with the desired bioactivity can
be a challenging task. Moreover, the expenses associated with
application of HTS prevent them from a broader application.
This problem is chiefly evident in the academia environment,
where the resources are usually limited and where the search
for molecules usually pursuers a proof-of-concept goal instead
of the development of new pharmaceutics. In such cases, the
application of in silico methods for ligand–target interaction
prediction provides a cheaper and more accessible opportunity. Over the last years, there has been a significant increase
in the number of publicly available computational methods
for compound–target prediction [6]. This improvement is
partly consequence of the creation of public bioassays and
screenings databases such as ChEMBL [17] or PubChem [18]
among others, which led to the development of more precise
and wider applicable computational methods. Most of these
methods leverage biological networks to represent the vast
and heterogeneous public data [19]. More specifically, they
build interconnected network where nodes represent pharmacological and epidemiological entities (e.g. compounds, drug
cocktails, proteins, side effects, biological assays, and populations like counties) and edges represent any type of relationship among them (e.g. similarity, interaction, and coexistence).
The final network is eventually used by a predictive model
that forecasts new associations between the compounds and
the candidate target [20–24]. Some of these networks also
provide structural information of the protein–ligand interaction [25,26]. In fact, structural information of the compound–
target interaction is essential for a hit bioactivity improvement,
which combined with administration, distribution, metabolism, excretion, and toxicity (ADMET) optimization further
develops hits towards the so-called leads molecules [27].

treatment development. To make things worse, the emergence of drug resistance reduces the duration of clinical benefits in many cancer therapies. Consequently, preclinical
models should integrate multiple factors coming from different sources of information. Computational network-based
approaches can face this challenge. We specifically discussed
how target validation and hit identification processes benefit
from the application of such approaches. We also trust that
the predictive power of computational methods will significantly improve with the increase in publicly available drug
discovery data. This is particularly necessary in fields like protein–protein inhibition, in which the discovery of a new PPI
inhibitor can lead to the identification of new targetable
structurally similar PPIs [13]. However, the application of computational models to the continuously increasing amount of
biomedical data gives raise to new problems and challenges.
Future network-based models will have to handle unprecedented amount of data. Moreover, the intrinsic noisy nature of
biological data manifests the need for new algorithms able to
find non-evident relationships from multiple-source data.
Hence, future research should also focus on the development
of large-scale and noise-free algorithms, which should replace
those previously created to deal with less amount and more
homogeneous data.
In summary, the integration of computational networkbased methods would not only reduce the time and expenses
of preclinical stages but also lead to more precise medicines,
which eventually translates into lower drug attrition rates.
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4. Expert opinion
The increasing growth in the cost of bringing a new drug into
the market is not sustainable. Hence, modern drug discovery
programs should readjust their pipelines to incorporate new
strategies able to deal with the emerging problems of preclinical stages. The classic paradigm of one disease, one drug,
and one target is no longer valid for most diseases.
Alternatively, current drug discovery programs confront
much more complex scenarios, including the modulation of
multiple targets or the combination of multiple drugs.
Moreover, diseases such as cancer cannot be treated as a
single entity. Rather, each cancer type has a unique fingerprint
that needs to be individually considered for more precise
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