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bound to them are of particular interest, while the overall model quality or the 
quality of part of the model outside the binding site, are not directly relevant.

A good way to assess how well a subset of atomic coordinates fits the 
experimental electron density, is the Real Space R-value (RSR) [7], which has 
been recommended by the X-ray Validation Task Force of the Worldwide PDB 

[8, 9]. The RSR measures a similarity score between the 2mFo-DFc and the 
DFc maps. The real-space correlation coefficient (RSCC) [6] is another well-

established measure of model fit to the experimental data. The use of the ED to 
validate the model will not catch all possible problems in the model [10], but 
they can show whether the model fits the data it was created from.

VHELIBS aims to enable non-crystallographers and users with little or no 
crystallographic knowledge, to easily validate protein structures, before using 
them in drug discovery and development. To that end, it features a Graphical 
User Interface (GUI) with carefully chosen default values, valid for most 
situations, but also allowing easy tuning of parameters for more advanced users.
A tool named Twilight [11, 12] has been recently published to evaluate ligand 
density. However, while VHELIBS focuses on assessing both the ligands and 
binding sites to aid model evaluation for drug discovery purposes, Twilight is 
ligand-centric and focuses on highlighting poorly modelled ligands. VHELIBS 
also enables the user to choose between the models from either the PDB [4, 13] 
or the PDB_REDO [14] databanks. Using PDB_REDO as the data source can 
have substantial benefits over using the PDB. PDB_REDO changes models 
both by re-refinement, incorporating advances in crystallographic methods 
since the original structure model (the PDB entry) was constructed and with 

limited rebuilding, mainly of residue side chains [15], improving the fit of 

models to the ED [16].
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Implementation

VHELIBS validates the binding site and ligand against the ED, in a semi-
automatic way, classifying them based on a scoring schema as 'good', 'bad' or 
'dubious'. This score is calculated taking several parameters into account (RSR, 
RSCC, and average occupancy by default, but more can be used). After 
performing the automatic analysis and classification of a target's binding site 
and ligand, it then enables the user to graphically review and compare them 
with their ED in order to make it easier to properly classify any 'dubious'-
labelled structure or re-classify any other structure based on actual visual 
inspection of the ED with the model. 

VHELIBS is mainly implemented using Python under Jython [17], with some 
critical parts implemented in Java. It uses Jmol [18] for the 3D visualization of 
models and EDs. Electron density maps are retrieved from the EDS [19, 20] or 
from the PDB_REDO databank, which are updated weekly with new data from 
the PDB. Models are downloaded from either the PDB or PDB_REDO 
according to the user settings. 
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Description of the algorithm

VHELIBS takes as input a user-provided list of either PDB [13] or UniProtKB 
[21] codes. The codes in these lists can be entered directly from the GUI or be 
provided in a text file. UniProtKB codes are mapped to their corresponding 
PDB codes, so what is parsed in the end is a list of PDB codes.

For each of these PDB codes, statistical data are retrieved from the EDS or 
from the PDB_REDO, depending on the source of the models being analysed 
(i.e. EDS data for models downloaded from the PDB and PDB_REDO data for 
models downloaded from the PDB_REDO). Ligands bound with residues or 
molecules included in the 'blacklist' exclusion list (see below) with a bond 
length < 2.1 Å are rejected. Those bound to molecules in the 'non-propagating' 
exclusion list (which can be modified by the user and by default contains 
mainly metal ions) are not rejected. The exclusion lists are composed of the 
most common solvent molecules and other non-ligand hetero compounds often 
found in PDB files, as well as some less common solvents and molecules which
were found to have very simple binding sites (e.g. a binding site consisting of 
just 1-2 residues). We also incorporated the buffer molecules from Twilight's 
list [11, 12]. The exclusion list from BioLip [22] was also considered, but 
deemed too restrictive. 

Once the ligands are determined, all the residues nearer than a specified 
distance (4.5 Å by default) are considered part of the binding site of that ligand. 
Then, every ligand and binding site residue is given a score and classified by 
that score based on the following algorithm (see also Figure 1):

 For each residue and component of each ligand and each binding site, 
the initial score is defined to be 0.

 For each unmet user-specified condition, the score is increased by 1. 
The user specified conditions are the value thresholds for several 
different properties of the model and the data (i.e. RSR, RSCC, 
occupancy-weighted B factor, R-free, resolution and residue average 
occupancy; the user may use only some of these properties).

 If the score remains 0, the ligand/residue is labelled as Good.
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 If the score is greater than the user-defined tolerance value, the 
ligand/residue is labelled as Bad.

 If the score is between 0 and the user-defined tolerance value, the 
ligand/residue is labelled as Dubious.

 At the end of all evaluations, the binding site and the ligand (for ligands 
with more than 1 'residue', i.e. those composed by more than one hetero 
compound in the PDB file) are labelled according to the highest score of
their components (i.e. a binding site with a Bad residue will be labelled 
as Bad regardless of how the rest of the residues are labelled, and a 
binding site can only be labelled as Good when all its residues are 
labelled as Good).

The results from this classification are saved to a CSV file (the results file) 
which can be opened by any major spreadsheet software and from there they 
can be filtered as desired (for good ligands, for good binding sites or for both). 
A file with a list of all the rejected PDB structures and ligands and the reason 
for the rejection is also generated next to the results file.

Up to this point, the automatic classification of ligands and binding sites is 
complete. Now the user can visually inspect the results in order to see whether a
binding or ligand labelled as Dubious can actually be marked as Good or not. 
When doing so, the user is presented with an interface like the one showed in 
Figures 2 and 3. The visualization of the binding site, the ligand and 
coordinates to examine (dubious or bad residues and ligands) and their 
respective EDs, can be customised in several ways through the GUI, being able 
to change colours, styles and even the contour level and radius of the EDs. 
Thus, the default visualization settings provide VHELIBS' users with the 
appropriate frame to easily reclassify dubious residues and ligands either as 
good or bad:

 good binding site residues are showed by default in white and with a 
wireframe. style in order to show the context where the possible 
reclassification is evaluated.
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 coordinates to exam for correctness are shown in ball and stick style and
coloured according to their B-factor.

 ligand coordinates are shown in ball and stick style and coloured in 
magenta (but can be coloured according to their B-factor if they need to 
be examined).

 ED for coordinates to exam is shown in yellow.

 ED for the complete binding site can be added to the visualization (in 
cyan) if necessary.

 ED for the ligand can be added to the visualization (in red) if necessary.

Hence, with this visualization frame, the user has all the information he/she 
needs in order to decide, for instance, whether: (a) binding site dubious 
coordinates could be relevant or not for protein-ligand docking results (if the 
dubious coordinates face opposite to the ligand, it is reasonable to think that 
their correctness does not affect protein-ligand docking results); and (b) ligand 
coordinates that were classified as bad or dubious by the automatic analysis can 
be changed to good because its experimental pose is the only possible for its 
corresponding ED (this usually happens with non flexible rings that have only 
ED for some of their atoms). In the online documentation 
(https://github.com/URVnutrigenomica-CTNS/VHELIBS/wiki) [23] there is 
more information on this and some practical rules for guiding such evaluation. 

VHELIBS can be used with different running conditions (i.e. with different 
profiles). The values of the default profiles [i.e. Default (PDB) and Default 
(PDB_REDO)] where chosen after careful visualization and comparison of 
models with their EDs, giving a default minimum RSCC of 0.9, a minimum 
average occupancy of 1.0, a maximum RSR of 0.4 and a maximum good RSR 
of 0.24 for PDB and 0.165 for PDB_REDO. The different RSR cut-offs for the 
PDB and PDB_REDO are the result of RSR being calculated using different 
software in the EDS (which uses MAPMAN [24]) and in PDB_REDO (which 
uses EDSTATS [25]). The third provided profile, Iridium, is based on the values
used in the construction of the Iridium set [26]. This profile is only provided as 
an example of how easy it is to adapt VHELIBS to use other values found in 
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literature. Note however that VHELIBS will yield slightly different results to 
those in the Iridium set, because VHELIBS uses the EDs and statistical data 
from EDS or PDB_REDO, while the authors of the Iridium set calculate all the 
data using different software and different EDs.

Key features of VHELIBS

 Many different parameters can be used to filter good models, and their 
threshold values can be adjusted by the user. Contextual help informs 
the user about the meaning of the different parameters.

 VHELIBS comes with three “profiles”, and the user can create custom 
profiles and export them for further use or sharing. 

 Ability to work with an unlimited amount of PDB codes (which can be 
read from a list).

 Ability to choose between models from PDB_REDO or from the PDB.

 Ability to work with an unlimited amount of UniProtKB [27] accession 
numbers and names (which can be read from a list). In that situation, all 
the PDB codes included at each UniProtKB entry in the list are analysed
by VHELIBS.

 VHELIBS runs in the Java Virtual Machine, and thus can run on any 
system with a recent version of a Java Runtime Environment, which is 
very likely already installed in user machines.

 VHELIBS consists of a single jar file, needing no installation. There are 
no dependencies other than Java.

 The user can load a results file from previous analysis and review the 
structures to see the ED fitting and then reclassify the model if needed. 
The resulting file from this can be opened again to resume, correct or 
just review the model with its ED, so the user can let a huge analysis run
over lunch or overnight and then review the results later at any time.
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 A user does not need to be familiar with any other software (although 
familiarity with Jmol [18] will help the user to make custom 
sophisticated views).

PDB_REDO changes to support VHELIBS

The PDB_REDO databank was upgraded to have per-residue RSR and RSCC 
values and downloadable EDs in the CCP4 [28] format for each entry. These 
ready-made maps not only make electron density visualisation possible in 
VHELIBS, but also in PyMOL [29] (a new plugin is available via the 
PDB_REDO website).

To assess how much of the previously observed model improvement in 
PDB_REDO is applicable to ligands and their binding pocket, we implemented 
two new ligand validation routines in the PDB_REDO pipeline: (1) EDSTATS 
[25] calculates the fit of the ligand with the ED; and (2) YASARA [30] 
calculates the heat of formation of the ligand (which is used as a measure of 
geometric quality) and interactions of the ligand with the binding pocket. The 
interactions measured in YASARA include the number of atomic clashes 
(bumps), number and total energy of hydrogen bonds, and the number and 
strength of hydrophobic contacts, π-π interactions, and cation-π interactions. 
The strengths of hydrophobic contacts, π-π interactions, and cation-π 
interactions are based on knowledge-based potentials [31] in which each 
individual interaction has a score between 0 and 1.

Results and Discussion

We performed an analysis of the ligand quality scores in the PDB and 
PDB_REDO, for more than 16,500 ligands (compounds described by the PDB 
as ‘non-polymer’; not chemically linked to the protein; with common 
crystallisation additives, such as sulphate and glycerol, excluded) in more than 
5900 structures and the results are summarised in Table 1. The results show that
ligands in PDB_REDO are better in terms of fit to the ED (better RSR and 
RSCC) and have more favourable geometry (lower heat of formation). 
Although the interactions with binding sites improve, the changes are very 
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small, except for the reduction in atomic clashes. This is to be expected, as 
ligand binding sites are typically the most important part of a structure model 
and much attention is paid to ensure the model is correct in that area. 
Nevertheless, in individual cases the improvement can be big enough to change 
a dubious ligand in a bad binding site to a good ligand in a good binding site 
(Figure 4).

All ligands and binding sites present in both the EDS and the PDB_REDO 
databanks were  analysed, using the appropriate default profiles [Default (PDB)
and Default (PDB_REDO)]. The results are summarised in Table 2 (for the 
binding sites) and Table 3 (for the ligands). In the case of the binding sites, the 
Good binding sites in the EDS are the 19.26%, while in the PDB_REDO they 
are the 35.92%, although only the 67% of the Good binding sites in the EDS are
classified as Good for the PDB_REDO, even having some of them classified as 
Bad. In the case of the ligands, however, the improvement in classification from
the PDB_REDO is far more significant: Good ligands go from 31.19 % from 
the EDS to a 63.66% from the PDB_REDO, having most of the Good ligands 
from EDS still classified as Good from PDB_REDO (94.54 %), and 
dramatically reducing Bad ligands from a 43% from EDS to a 3.64% from 
PDB_REDO, having most of these Bad ligands from EDS classified as Good 
from the PDB_REDO. Interestingly, our results suggest that, by default, a 
typical VHELIBS user should choose the Default (PDB_REDO) profile instead 
of the Default (PDB) one. From the 16830 binding sites that are labelled as 
Good by either of the default profiles, 85% of them are identified by the 
Default (PDB_REDO) profile [in contrast with only 45.58% being identified by
the Default (PDB) profile]. This is even more remarkable when the ligands are 
considered: from the 26028 ligands labelled as Good by either of the default 
profiles, 97.4% of them are identified by the Default (PDB_REDO) profile and 
only 47.7% are identified by the Default (PDB).

To demonstrate how VHELIBS can be used, we chose as a test case the human 
Dipeptidyl peptidase 4 (DPP-IV). We first used the corresponding UniProtKB 
name, DPP4_HUMAN, with the Default (PDB_REDO) profile. There are 74 
different PDB structures listed in the UniProtKB entry for this protein. The 
automatic analysis of all of these structures took an average of 2 min. and 0.43 
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s. on an AMD FX-8150 machine running Ubuntu 12.04.1 LTS amd64 and Java 
(OpenJDK) 1.6.0_24, with some of the time being spent downloading data from
the PDB_REDO (with cached PDB_REDO data, and thus without downloading
it, the average is 1 min. 15.78 s.). 

Out of the original 74 PDB structures, 10 were rejected because there was no 
PDB_REDO data available for them (1J2E, 1NU6, 1NU8, 1R9M, 1R9N, 
1RWQ, 1WCY, 2BUB, 2JID and 2QKY). This mostly happens when a PDB 
entry lacks experimental X-ray reflection data, which is the case for the ten 
structures listed. From the remaining 64 structures, 44 had no ligands, resulting 
to 20 structures. These 20 PDB_REDO models showed 450 possible ligand-
binding site pairs, of which 9 were rejected because the ligand was covalently 
bound to a residue, and 366 were rejected because the ligand was either 
blacklisted or covalently bound to a blacklisted ligand. Most of these rejected 
ligand-binding sites include molecules such as SO4 that are marked as hetero 
compounds by the PDB, covalently bound ligands (e.g. mannose/MAN in 
2BGN), or metal ions (e.g. sodium or mercury) that are not usually used for 
drug discovery purposes. The valid ligand-binding site pairs were 75. Of these, 
55 were labelled as good ligands, 57 as good binding sites and 43 as good 
ligand and binding site (Table 4). 

With 55 good ligands and 57 good binding sites (43 of them being good binding
sites with good ligands) there should be enough good structures for most use 
cases, so it would not be necessary to review the dubious ones. However, if that 
were not the case, the user can review dubious cases to see if they could be 
good enough for the specific purposes. Figure 2 show one example of a good 
ligand with a dubious binding site whereas Figure 3 shows a dubious ligand 
with a bad binding site. The user can also review the good structures if looking 
for false positives, or review the bad ones in the hope of finding good enough 
structures there (which is very unlikely using the default profiles).
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Conclusions

Currently there is no other tool to easily check model to ED fitting for binding 
sites and ligands, and available alternatives need a lot of scripting or console 
commands for each structure.

There are several use cases where VHELIBS can prove very helpful:

 When choosing structures to use for a protein-ligand docking: with 
VHELIBS the user can choose the structures with the best modelled 
binding sites.

 For choosing structures where both the binding site and the ligand are 
well modelled, in order to validate the performance of different docking 
results. This could make it possible to obtain a new gold standard for 
protein/ligand complexes that can be used for the validation of docking 
software and that could be significantly larger and more diverse than 
those being currently used (i.e. the Astex Diverse Set [32] and the 
Iridium set [26]).

 For choosing structures where both the binding site and the ligand are 
well modelled, in order to obtain reliable structure-based 
pharmacophores that pick the intermolecular interactions that are 
relevant for modulating the target bioactivity. This is important in drug-
discovery workflows for finding new molecules with similar activity to 
the co-crystallised ligand.

 To obtain well modelled ligand coordinates in order to evaluate the 
performance of 3D conformation generator software that claims to be 
able to generate bioactive conformations.

Our study allows to conclude also that, in general, binding site and ligand 
coordinates derived from PDB_REDO structures are more reliable than those 
obtained directly from the PDB and, therefore, highlights the contribution of the
PDB_REDO database to the drug-discovery and development community.
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Availability and Requirements

 Project name: VHELIBS (Validations Helper for Ligands and Binding 
Sites)

 Project home page: http://urvnutrigenomica-
ctns.github.com/VHELIBS/

 Operating System(s): Platform independent
 Programming language: Python, Java
 Other requirements: Java 6.0 or newer, internet connection.
 License: GNU AGPL v3
 Any restrictions to use by non-academics: None other than those 

specified by the license (same as for academics).

List of abbreviations

ED: Electron Density

PDB: Protein Data Bank

GUI: Graphical User Interface

RSR: Real Space Residual

RSCC: Real Space Correlation Coefficient

DPP-IV: Dipeptidyl peptidase 4
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Figures

Figure 1: Automatic ligand and binding site classification; This diagram shows
the process by which the ligands and binding sites of each PDB/PDB_REDO 
model are classified based on how well does the model fit the ED.
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Figure 2: Example of a good ligand with a dubious binding site; Here we can 
see a ligand (S14 B1002 in PDB entry 2FJP [33]) and its binding site, from the 
results from the analysis of DPP4_HUMAN using the Default (PDB) profile. 
The only dubious residue from the binding site is the one with the yellow ED 
and represented by ball and stick, coloured by temperature factor.
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Figure 3: Example of a dubious ligand with a bad binding site; Here we can see
a ligand (AZV A 1 in PDB entry 3Q8W [34]) and its binding site, from the 
same analysis as in Figure 2. As can be seen, some residues from this binding 
site hardly fit their ED (in yellow). The ligand mostly fits its ED, but it still has 
some discrepancies.

94

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



Figure 4: The guanosine-5’-monophosphate binding site in chain C of PDB
entry 1A97 [35] is an example of a ligand and binding site flagged respectively
as dubious and bad in the PDB (left panel: upper with cyan ED for the binding
site and red ED for the ligand; lower with default view: yellow ED for dubious
and bad residues), but as good in PDB_REDO (right panel: upper with cyan ED
for the binding site and red ED for the ligand;  lower with previously bad or
dubious residues with orange ED). The RSR and RSCC of the ligand improve
from 0.154 to 0.065 and from 0.86 to 0.97, respectively. Two extra hydrogen
bonds are introduced, improving the total hydrogen bonding energy from -157
kJ/mol to -199 kJ/mol. The all atom root mean square deviation of the ligand is
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0.6 Å. Of the residues in the binding site, arginine 69 and the boric acid

molecule improve most significantly in terms of fit to the ED.

Tables

Table 1: Average validation scores for ligands in PDB and 

PDB_REDO

Validation score a PDB average b PDB_REDO average b

RSR c 0.120 0.104

RSCC c 0.90 0.92

Heat of formation (kJ/mol) d -1011 -1067

Hydrogen bonding energy 

(kJ/mol) d

-57.7 -58.8

Hydrophobic contact strength d,e 16.20 16.43

π-π interaction strength d,e 1.26 1.28

cation-π interaction strength d,e 1.17 1.19

Number of atomic clashes d 9.1 7.9
a Lower is better for RSR, heat of formation, hydrogen bonding energy 

and number of atomic clashes. Higher is better for RSCC, hydrophobic 

contact strength, π-π interaction strength and cation-π interaction 

strength. 

b Overage over 16904 ligands (13703 for heat of formation) in 5932 

structure models. 

c Calculated using EDSTATS [25]

d Calculated using YASARA [30] using the atomic coordinates as-is. 
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Strained ligand conformations give high values.

e The average reported is the average sum of all interactions for a single ligand.
Table 2. All binding sites present in both PDB and PDB_REDO were

analysed. In this table it can be seen how were they classified

when coming from the EDS or from the PDB_REDO databank .

PDB_REDO

good bad dubious

EDS good 5145 1600 926 7671

bad 5500 3727 8395 17622

dubious 3659 2953 7915 14527

14304 8280 17236 39820
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Table 3. All ligands present in both PDB and PDB_REDO were analysed.
In this table it can be seen how were they classified when coming from the
EDS or from the PDB_REDO databank.

PDB_REDO

good bad dubious

EDS good 11741 16 662 12419

bad 9819 1206 6098 17123

dubious 3790 229 6259 10278

25350 1451 17236 39820
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Table 4. Number of complexes classified as good, bad or dubious after
applying VHELIBS to 75 ligand/DPP-IV binding site complexes using the
Default (PDB_REDO) profile.

binding site

good bad dubious

ligand good 43 0 12 55

bad 0 0 0 0

dubious 14 0 6 20

57 0 18 75
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Abstract

Computational  target  fishing  methods  are  designed  to  identify  the  most

probable target of a query molecule. This process may allow the prediction of

the  bioactivity  of  a  compound,  the  identification  of  the  mode  of  action  of

known drugs, the detection of drug polypharmacology, drug repositioning or the

prediction  of  the  adverse  effects  of  a  compound.  The  large  amount  of

information  regarding  the  bioactivity  of  thousands  of  small  molecules  now

allows the development of these types of methods. In recent years, we have

witnessed the emergence of many methods for in silico target fishing. Most of

these methods are based on the similarity principle, i.e., that similar molecules

might  bind  to  the  same targets  and have similar  bioactivities.  However,  the

difficult  validation  of  target  fishing  methods  hinders  comparisons  of  the
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performance of each method. In this review, we describe the different methods

developed for target prediction, the bioactivity databases most frequently used

by these methods, and the publicly available programs and servers that enable

non-specialist  users  to  obtain  these  types  of  predictions.  It  is  expected  that

target  prediction  will  have  a  large  impact  on drug development  and on the

functional food industry.

102

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



Highlights

• In recent years, a great number of methods for target prediction or drug

repositioning have been developed.

• Most methods rely upon similarity with molecules whose bioactivity is

known and other information for target prediction.

• The  difficulties  in  validating  predictions  hinder  comparisons  of  the

performance of different methods.

• Target fishing methods could have a large impact on drug research and

functional food industry.

Keywords

Computational  Target  Fishing,  Reverse  Screening,  Drug  Repositioning,

Polypharmacology, Drug Research, Functional Foods
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1. Introduction

In  contrast  to  virtual  screening,  which  is  used  to  search  large  libraries  of

compounds for molecules that are most likely to bind a specific target, the aim

of reverse screening, also known as  in silico  or computational target fishing

[1,2] or reverse pharmacognosy  [3], is to identify the most likely targets of a

query molecule. This approach allows the prediction of the bioactivity of the

query molecule or its mechanism of action. In addition, these techniques can be

used  to  predict  the  adverse  effects  of  a  compound  [4,5],  to  detect  drug

polypharmacology [6–8], or to reposition drugs [7,9–13].

Known drugs have,  on average,  six molecular targets on which they exhibit

activity [14]. Polypharmacology, the ability of small molecules to interact with

multiple proteins, is of particular interest for rationally designing more effective

and less toxic drugs. Drug repositioning, the process of finding new uses for

known drugs, is a promising way to explore alternative indications for existing

drugs [13]. Because the successful launch of a single new drug is estimated to

cost  approximately  U.S.  $800 million  and takes  a  staggering  15 years,  and

because very few compounds that start  a clinical trial  emerge to the market

[10], finding new uses for old drugs could be economically advantageous.

Taking into account that several databases, such as ChEMBL, contain millions

of  molecules  and  information  about  their  bioactivity,  it  is  now  becoming

feasible  to  merge  the  known “chemical  space”  and  “biological  space”  into

models  that  will  enable  us  to  generate  biological  “spectra”  to  predict  the

phenotypic activity of new molecules based on their chemical structures and the

known  bioactivities  of  structurally  similar  compounds  [15].  Although  the

current methods of virtual screening could be successfully adopted for target
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fishing,  the  differences  in  the  general  tasks  of  these  methods  justify  the

independent development of new in silico techniques for target fishing.

2. Computational methods for target fishing

Various computational methods have been developed to predict the molecular

targets of a compound [1,16]. These methods were initially classified into four

groups:  chemical  similarity  searching,  data  mining/machine  learning,  panel

docking, and the analysis of bioactivity spectra [16,17]. Recently, other classes,

such as protein-structure-based methods, have been proposed [18]. Below, we

summarize the main characteristics of some of these methods.

2.1 Molecular similarity methods

This section describes chemical similarity methods and shape-based similarity

methods.  The simplest  methods for  target  prediction  are  based  on chemical

similarity and the use of current knowledge about the bioactivity of millions of

small  molecules.  These  methods  are  based  on  the  “chemical  similarity

principle,”  which  states  that  similar  molecules  are  likely  to  have  similar

properties  [19,20].  Thus,  the  targets  of  a  molecule  can  be  predicted  by

identifying proteins with known ligands that  are highly similar to  the query

molecule  [16]. The advantage of these methods is that they only require the

computation  of  the  similarity  between  compounds  [19,21].  An  outline  of  a

chemical  similarity  method  is  shown  in  Figure  1.  In  this  method,  a  small

molecule is represented as a chemical fingerprint.  Fingerprints  are a way of

encoding the structure of a molecule. The most common type of fingerprint is a

series of binary digits (bits) that represent the presence or absence of particular

substructures in the molecule.  The interested reader is referred to  [22] for a

review about fingerprints. To compare the fingerprints of two molecules, the
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Tanimoto coefficient or any other similarity criterion can be used. The more

similar two compounds are,  the closer the Tanimoto coefficient will be to 1.

Several databases describing the bioactivities of thousands or millions of small

molecules or the activities of known drugs can be used for target prediction (see

Table 1 and reference [1]).

Keiser et  al.  [23] used a similarity ensemble approach to compare protein

targets by the 2D similarity of the ligands that they are known to bind. The

authors  screened a  dataset  of  3,665 drugs,  including drugs  approved by the

FDA and investigational drugs, against a database of 65,241 ligands organized

into 246 protein targets taken from the MDL Drug Data Report database. Their

study  revealed  unanticipated  associations  between  thousands  of  drugs  and

ligand sets  [23]. Of the 30 most promising drug-target associations that were

tested experimentally, 23 were confirmed, and 5 of the 23 were shown to be

potent (<100nM) modulators of their predicted target  [23]. Thus, their  study

demonstrated the power of using simple ligand-based similarity searches.

Because they can be calculated quickly, 2D fingerprints have been widely used

for similarity searching in target fishing. However, 3D chemical descriptors can

also  be  used  [17],  although  calculating  them  is  computationally  more

expensive. Because they contain more information, the predictions based on 3D

fingerprints would be expected to be better than those based on 2D fingerprints.

However,  in some cases, methods that use 2D fingerprints outperform those

methods  that  use  3D  fingerprints  in  correct  target  prediction  [24].  3D

descriptors work better in cases of low structural similarity [24]. 

A  known  limitation  of  chemical  similarity  approaches  is  that  inactive

compounds can sometimes exhibit good similarity with active molecules if they

have been obtained by modifying an active compound at some key position that
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was crucial  for its  interactions  [25].  These inactive compounds can be false

positive predictions of  target  fishing methods.  In  addition,  in  some cases,  a

large group of false negatives is also expected, because not all types of active

compounds for a specific target have been identified.

Shape-based similarity methods use 3D shape comparisons between molecules,

usually comparing the shape of the molecular volume, but other “shapes” can

be compared, like the electrochemical surface. This can be done with software

such  as  ROCS  [26],  Phase  Shape  [27],  ESHAPE3D  [28],  PARAFIT  [29],

ShaEP  [30] and USR  [31] as some examples. Shape-based methods have the

potential  of  detecting  similarities  between  molecules  with  different  atomic

structures,  thus  making  them  specially  useful  for  scaffold-hopping.

Pharmacophores and some molecular fingerprints (like Spectrophores [32] and

many pharmacophore-based fingerprints [33]) can also include 3D information

[22,33].  All  these 3D methods require  ligand conformations.  In  many cases

(where there is no known biologically active conformation for the molecule), a

single low-energy conformer is used, although it can be biologically irrelevant.

Another approach is to get the conformation of the molecules by aligning them

to  a  known  bioactive  conformation  of  a  known  ligand.  However,  2D

fingerprint-based  methods  give  better  performance  than  3D  shape-based

methods in virtual screenings  [34].  In other cases, combining  chemical and

shape similarity measures significantly increases the target prediction accuracy

[35].

After obtaining the highest  similarity coefficient between a query compound

and  the  compounds  in  an  annotated  database,  it  is  important  to  assess  the

statistical significance of the similarity. Two structures are usually considered

similar if the Tanimoto coefficient between them is higher than 0.85. However,
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this  value  is  not  always  reliable  [36].  Keiser  et  al.  [37] used  an  E-value

computed from the 2D similarity with the set of ligands of a target. This E-

value is derived from the statistics of similarity values with all ligands (above a

certain threshold), and it indicates how likely it would be to find a molecule

with  a  given  average  similarity  to  the  set  of  ligands  of  a  target.  The

SwissTargetPrediction server uses a probability derived from a cross-validation

analysis to rank the targets and estimate the accuracy of the predictions [25].

2.2 Data mining and machine learning methods

One of the major challenges of an in silico target fishing method is to identify

the  biological  consequences  of  the  query  molecule  binding  to  its  predicted

targets.  For  this  reason,  more  complex methods have  been developed.  Data

mining and machine  learning-based methods,  also  known as  chemogenomic

approaches, usually combine fingerprints and some type of machine learning

approach,  such  as  self-organizing  maps  [38],  Bayesian  classifiers  [4],  or

network  classification  [39],  to  develop  predictive  models.  These  methods

usually  require  the  use  of  systematic  nomenclature  in  the  training  set

(normalized target names) [16,17] and depend on reliable training data sets [2].

Associations  between  target  names  and  chemical  sub-structures  can  be

extracted automatically across target class sets with inductive machine learning.

Chemical features correlated with specific target binding are then stored in the

form  of  multiple-target  models.  The  target  fishing  problem  is  thus  one  of

compound classification  on a  grand scale  involving thousands of  individual

target class models [17].

Bender et al.  [4] used normalized side-effect annotations in the World Drug

Index and a multicategory Bayes Model that employed ECFP4 fingerprints to
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build a model for adverse drug reactions. On average, 90% of the adverse drug

reactions observed with known, clinically used compounds were detected [4].

2.3 Protein structure-based methods

Other  computational  target  fishing  methods  use  the  protein  structure  of  the

targets to predict novel bioactivities. Protein docking [40–42], pharmacophore

searching  [43],  or  protein−ligand  interaction  fingerprints  can  be  used  [18].

These methods are limited to targets with resolved structures. Docking a query

molecule  to  a  large  group  of  x-ray  resolved  structures  demands  large

computational power or an extraordinary amount of time. In addition, docking

is  not  a  very  reliable  way  to  investigate  ligand-target  interactions,  as  no

statistically significant relationship exists between docking scores and ligand

affinity  [16].  Despite these limitations, specific docking programs and servers

for target fishing, called inverse docking methods,have been developed (Table

2), in some cases reducing the computing time required and developing special

scoring measures [18].

2.4 Methods based on analysis of bioactivity spectra

The activities of a compound across a series of biological readouts,  such as

gene  expression  profiles  or  protein  microarrays,  can  also  be  viewed  as

molecular descriptors and used for target prediction [16,44,45]. These methods

use  experimental  values  of  the  query  molecules  and  require  a  reference

collection, such as the Connectivity Map [46], of gene expression profiles from

cultured human cells treated with bioactive small molecules. Wang et al.  [47]

demonstrated  that  the  on-target  and  off-target  effects  of  a  drug  could  be

characterized  by  drug-induced  in  vitro genomic  expression  changes.  The

Mantra  2.0  web  server  [48] (Table  2)  explores  similarities  between  drug-
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induced transcriptional profiles and represents this information as a network.

Visual  inspection of the neighboring drugs and communities helps to  reveal

modes of action and suggests new applications of known drugs [48].

A similar approach uses a disease gene expression signature, derived from the

set of differentially expressed genes between a disease and a healthy control

sample, that is compared to gene expression profiles of drugs. Drugs with gene

expression patterns that are oppositional to the disease gene expression pattern

represent putative novel therapeutic indications [11].

3. Validation of the methods

A  fundamental  issue  when  developing  a  novel  method  for  predicting  or

classifying is validating the method. Validation allows  the comparison of the

performance of different methods. However, most of the articles describing a

novel computational method for target fishing do not validate their results or

compare their  method with existing ones.  Ideally,  to compare the predictive

capacity of different methods, the same dataset must be applied to all of the

methods  being  compared.  This  dataset,  used  to  test  the  performance of  the

predictive methods as a community standard,  is  usually  called a  benchmark

dataset. For predicting drug–protein interactions, a benchmark dataset manually

constructed by Yamanishi et al. [49] has frequently been used [42]. Recently, a

benchmark dataset consisting of more than 155,000 ligand-protein pairs from

894  human  protein  targets  has  been  proposed  for  future  target  prediction

methods  [15].  Although there are  several  web servers publicly available  for

target fishing (see Table 2), most of the developed methods are not available

on-line or as stand-alone programs. This lack of availability is an important

difficulty for comparing different methods.
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One possible way of validating a target fishing method would be to check how

often known targets fall within the best-scoring predicted ones in the output of a

method  [25]. Ideally, however, the known target-compound information must

not  be  used  by  the  predictive  method;  otherwise,  the  validation  would  be

obvious. To obtain a more balanced dataset that better reflects the much larger

number of non-interacting protein–ligand pairs, additional negative interactions

must be included [25]. This requirement can be met by linking the molecules of

the test set to randomly chosen targets  [25]. Machine learning-based methods

usually  use  cross-validation  [50,51].  Cross-validation  consists  of  defining  a

training set, which is used for training the method, and a test set (a group of

compounds with known targets) that it is used to validate the method. However,

cross-validation often overestimates model performance. Overfitting is another

problem, which occurs when a model performs well on a training set and much

worse on subsequent data.

Retrospective  analysis  has  been used to  validate  some of  the  computational

target  fishing  methods  [25].  An example of  retrospective analysis  would  be

using an initial version of a database to train or create a method and then using

molecules that have been added to a newer version of the same database to test

the  method.  This  strategy  cannot  be  used  to  compare  the  performance  of

different methods. Gottlieb and coworkers [52] used 2,552 unique drug–disease

associations  that  were  being  investigated  in  clinical  trials  to  validate  their

method.  Twenty-seven  percent  of  the  associations  were  predicted  by  their

method  [52]. This approach is an interesting way to validate a target fishing

method, although not all of the associations that are being investigated are true.

The best way to validate a predictive method is experimentally. Lounkine et al.

[5] performed a large-scale prediction and testing of drug activity on side-effect
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targets. More than 600 marketed drugs were computationally screened against a

set of 73 protein targets, and approximately half of the positive predictions were

subsequently confirmed experimentally [5]. Cheng et al. [39] used a supervised

inference  method  to  predict  new  drug-target  interactions  for  12,483  FDA-

approved and experimental drug-target binary links.  In vitro assays confirmed

the novel targets of five old drugs [39]. Campillos et al.  [53] used phenotypic

side-effect similarities to infer whether two drugs shared a target. When their

method  was  applied  to  marketed  drugs,  unexpected  drug-drug  relationships

were  discovered.  Using  in  vitro binding  assays,  the  authors  experimentally

validated 12 out of 20 of the unexpected drug-drug relationships [53].

4. Examples of target predictions

Although a lot of methods of target fishing have been developed, only a few of

them have confirmed their predictions in vitro or in vivo and have showed their

capacity  for predicting unexpected new cross-target  binding events.  Most of

these  unexpected  relationships  have  been  found  in  the  field  of  drug

repositioning.  Because the safety profiles of approved drugs  are  known,  the

development of alternative indications are cheaper and potentially faster  [13].

Below we summarize some examples in this field: 

Using an electrostatic and shape 3D similarity search of a database of approved

drugs to a previously identified inhibitor of DNA methyltransferase, Olsalazine,

an approved anti-inflammatory drug was predicted, and further characterized, as

a novel DNA hypomethylating agent [54]. 

From  gene expression measurements from 100 diseases and gene expression

measurements on 164 drug compounds, Sirota and coworkers [55]  developed a
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computational approach to predict novel therapeutic indications on the basis of

comprehensive testing of molecular signatures in drug-disease pairs. From their

predictions, these authors experimentally validated the use of the antiulcer drug

cimetidine as a candidate therapeutic in the treatment of lung adenocarcinoma,

demonstrating its efficacy both in vitro and in vivo [55]. In a similar approach,

from the comparison between data measuring gene expression in Inflammatory

Bowel Disease (IBD) samples and gene expression from 164 small-molecule

drug  compounds,  Dudley  and  coworkers  [56] found  that  topiramate,  an

anticonvulsant drug not previously described to demonstrate efficacy for IBD or

any related disorders of inflammation or the gastrointestinal tract, might serve

as a therapeutic option for IBD in humans. 

Using side-effect similarities and a network analysis, Campillos and coworkers

[53] identified new unexpected drug targets. Rabeprazole,  an antiulcer drug,

and the nervous system drugs paroxetine and fluoxetine were found to inhibit

the dopamine receptor DRD3 and to bind the serotonin receptor HTR1D [53]. 

Using a network-based inference method, Cheng et al. [39] predicted, and then

confirmed  in  vitro,  that  montelukast,  an  agonist  of  cysteinyl  leukotriene  1

receptor,  is  a  also  a  DPP-IV  inhibitor,  and  that  diclofenac,  simvastatin,

ketoconazole, and itraconazole show polypharmacological features on estrogen

receptors.

Based on a structural similarity with pharmacophores of a known prostanoid TP

recpetor, Ting and Khasawneh [57] showed that glybenclamine, an antidiabetic

drug, has antithrombotic activity in mouse models. 

Using the MANTRA web-server, based on network theory and non-parametric

statistics on gene expression data, Iorio et al. [44] correctly predicted the mode
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of action for nine anticancer compounds. In addition, they were able to discover

the  unexpected  similarity  between  cyclin-dependent  kinase  2  inhibitors  and

Topoisomerase inhibitors [44]. 

Based on the chemical similarity between ligands, Keiser et al.  [37] found the

unexpected  relationships  between  methadone,  emetine  and  ioperamide  with

muscarinic M3, alpha2 adregergic and neurokinin NK2 receptors, respectively. 

Using the one-dimensional drug profile matching Kovacs et al. [58] found that

nitazoxanide, an antiprotozoal agent that interfere with the electron transfer, is

also  a  peroxisome  proliferator-activated  receptor  agonist,  showing  that

nitazoxanide lower fasting blood glucose levels and improve insulin sensitivity

in type diabetic rats.

5. Conclusions

In recent years, a large number of computational target fishing methods have

been developed. This abundance has been made possible by the availability of

large  libraries  of  information  about  the  bioactivity  of  compounds  and  by

advances in methodology. Understanding the biological mechanisms of current

drugs and integrating this information with additional resources are essential

steps  for  making  more  reliable  predictions.  However,  efforts  are  needed  to

validate  the  results  of  different  prediction  methods.  The  creation  of  a

benchmark dataset will enable a proper comparison of the performance of  in

silico target prediction methodologies. Identification of new targets for novel

compounds or existing drugs and the prediction of adverse effects will facilitate

drug discovery and the development of new ingredients for functional foods.

114

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



Acknowledgements

This  manuscript  was  edited  for  English  grammar  and  usage  by  American

Journal Experts. This study was supported by grant AGL2011-25831/ALI from

the Spanish Government and ACC1Ó program [TECCT11-1-0012] and grant

XRQTC from ‘Generalitat de Catalunya’.

References

[1]  A.  Koutsoukas,  B.  Simms,  J.  Kirchmair,  P.J.  Bond,  A.  V Whitmore,  S.
Zimmer,  et  al.,  From  in  silico  target  prediction  to  multi-target  drug
design: current databases, methods and applications., J. Proteomics. 74
(2011) 2554–2574.

[2]  L.  Wang,  X.-Q.  Xie,  Computational  target  fishing:  what  should
chemogenomics researchers expect for the future of in silico drug design
and discovery?, Future Med. Chem. 6 (2014) 247–249.

[3]  S.  Blondeau,  Q.T.  Do,  T.  Scior,  P.  Bernard,  L.  Morin-Allory,  Reverse
pharmacognosy: another way to harness the generosity of nature., Curr.
Pharm. Des. 16 (2010) 1682–1696.

[4] A. Bender, J. Scheiber, M. Glick, J.W. Davies, K. Azzaoui, J. Hamon, et al.,
Analysis  of  pharmacology  data  and  the  prediction  of  adverse  drug
reactions  and  off-target  effects  from  chemical  structure.,
ChemMedChem. 2 (2007) 861–873. doi:10.1002/cmdc.200700026.

115

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



[5]  E.  Lounkine,  M.J.  Keiser,  S.  Whitebread,  D.  Mikhailov,  J.  Hamon,  J.L.
Jenkins, et al., Large-scale prediction and testing of drug activity on side-
effect targets., Nature. 486 (2012) 361–367. doi:10.1038/nature11159.

[6] A.S. Reddy, S. Zhang, Polypharmacology: drug discovery for the future.,
Expert Rev. Clin. Pharmacol. 6 (2013) 41–47. doi:10.1586/ecp.12.74.

[7] J. Achenbach, P. Tiikkainen, L. Franke, E. Proschak, Computational tools
for  polypharmacology and repurposing.,  Future Med.  Chem.  3 (2011)
961–968. doi:10.4155/fmc.11.62.

[8] V.I.  Pérez-Nueno, V. Venkatraman, L.  Mavridis, D.W. Ritchie,  Detecting
drug  promiscuity  using  Gaussian  ensemble  screening.,  J.  Chem.  Inf.
Model. 52 (2012) 1948–1961.

[9] T.T. Ashburn, K.B. Thor,  Drug repositioning: identifying and developing
new uses for existing drugs., Nat. Rev. Drug Discov. 3 (2004) 673–683.
doi:10.1038/nrd1468.

[10] C. Chong, D. Sullivan, New uses for old drugs, Nature. 448 (2007) 645–
646.

[11]  J.T.  Dudley,  T.  Deshpande,  A.J.  Butte,  Exploiting  drug-disease
relationships for computational drug repositioning., Brief. Bioinform. 12
(2011) 303–311. doi:10.1093/bib/bbr013.

[12]  V.I.  Pérez-Nueno,  A.S.  Karaboga,  M.  Souchet,  D.W.  Ritchie,  GES
Polypharmacology  Fingerprints:  A  Novel  Approach  for  Drug
Repositioning.,  J.  Chem.  Inf.  Model.  54  (2014)  720–734.
doi:10.1021/ci4006723.

[13] Z. Liu, H. Fang, K. Reagan, X. Xu, D.L. Mendrick, W. Slikker, et al., In
silico drug repositioning: what we need to know., Drug Discov. Today. 18
(2013) 110–115. doi:10.1016/j.drudis.2012.08.005.

116

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



[14] J. Mestres, E. Gregori-Puigjané, S. Valverde, R. V Solé, The topology of
drug-target interaction networks: implicit dependence on drug properties
and  target  families.,  Mol.  Biosyst.  5  (2009)  1051–1057.
doi:10.1039/b905821b.

[15] A. Koutsoukas, R. Lowe, Y. Kalantarmotamedi, H.Y. Mussa, W. Klaffke,
J.B.O.  Mitchell,  et  al.,  In  silico  target  predictions:  defining  a
benchmarking data set and comparison of performance of the multiclass
Naïve Bayes and Parzen-Rosenblatt  window.,  J.  Chem. Inf.  Model.  53
(2013) 1957–1966. doi:10.1021/ci300435j.

[16]  A.  Bender,  D.W.  Young,  J.L.  Jenkins,  M.  Serrano,  D.  Mikhailov,  P.A.
Clemons,  et  al.,  Chemogenomic  data  analysis:  prediction  of  small-
molecule targets and the advent of biological fingerprint., Comb. Chem.
High  Throughput  Screen.  10  (2007)  719–731.
doi:10.2174/138620707782507313.

[17] J.L. Jenkins, A. Bender, J.W. Davies, In silico target fishing: Predicting
biological targets from chemical structure, Drug Discov. Today Technol.
3 (2006) 413–421. doi:10.1016/j.ddtec.2006.12.008.

[18]  K.T.  Schomburg,  S.  Bietz,  H.  Briem,  A.M.  Henzler,  S.  Urbaczek,  M.
Rarey,  Facing  the  challenges  of  structure-based  target  prediction  by
inverse virtual screening., J. Chem. Inf. Model. 54 (2014) 1676–1686.
doi:10.1021/ci500130e.

[19] M.A. Johnson, G.M. Maggiora, Concepts and Applications of Molecular
Similarity, John Wiley & Sons, New York, 1990.

[20]  J.C.  Adams,  M.J.  Keiser,  L.  Basuino,  H.F.  Chambers,  D.-S.  Lee,  O.G.
Wiest,  et  al.,  A mapping  of  drug  space  from the  viewpoint  of  small
molecule  metabolism.,  PLoS  Comput.  Biol.  5  (2009)  e1000474.
doi:10.1371/journal.pcbi.1000474.

117

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



[21] B. Chen, K.J. McConnell, N. Wale, D.J. Wild, E.M. Gifford, Comparing
bioassay response and similarity ensemble approaches to probing protein
pharmacology.,  Bioinformatics.  27  (2011)  3044–3049.
doi:10.1093/bioinformatics/btr506.

[22] A. Cereto-Massagué, M.J. Ojeda, C. Valls, M. Mulero, S. Garcia-Vallvé, G.
Pujadas,  Molecular  fingerprint  similarity  search  in  virtual  screening.,
Methods. (2014). doi:10.1016/j.ymeth.2014.08.005.

[23] M.J. Keiser, V. Setola, J.J. Irwin, C. Laggner, A.I. Abbas, S.J. Hufeisen, et
al.,  Predicting  new  molecular  targets  for  known  drugs.,  Nature.  462
(2009) 175–181.

[24]  J.H.  Nettles,  J.L.  Jenkins,  A. Bender,  Z.  Deng,  J.W. Davies,  M. Glick,
Bridging chemical and biological space: “target fishing” using 2D and
3D  molecular  descriptors.,  J.  Med.  Chem.  49  (2006)  6802–6810.
doi:10.1021/jm060902w.

[25] D. Gfeller,  A. Grosdidier,  M. Wirth,  A. Daina,  O. Michielin,  V.  Zoete,
SwissTargetPrediction:  a  web server  for  target  prediction  of  bioactive
small  molecules.,  Nucleic  Acids  Res.  42  (2014)  W32–W38.
doi:10.1093/nar/gku293.

[26]  P.C.D.  Hawkins,  A.G.  Skillman,  A.  Nicholls,  Comparison  of  Shape-
Matching and Docking as Virtual Screening Tools,  J.  Med. Chem. 50
(2007) 74–82. doi:10.1021/jm0603365.

[27] G.M. Sastry, S.L. Dixon, W. Sherman, Rapid shape-based ligand alignment
and virtual screening method based on atom/feature-pair similarities and
volume overlap  scoring.,  J.  Chem.  Inf.  Model.  51  (2011)  2455–2466.
doi:10.1021/ci2002704.

[28]  Chemical  Computing  Group  Inc.,  Molecular  Operating  Environment
(MOE), (2013).

118

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



[29] J.-H. Lin, T. Clark, An analytical, variable resolution, complete description
of static molecules and their intermolecular binding properties., J. Chem.
Inf. Model. 45 (2005) 1010–1016. doi:10.1021/ci050059v.

[30] M.J. Vainio, J.S. Puranen, M.S. Johnson, ShaEP: molecular overlay based
on shape  and  electrostatic  potential.,  J.  Chem.  Inf.  Model.  49  (2009)
492–502. doi:10.1021/ci800315d.

[31]  P.J.  Ballester,  W.G.  Richards,  Ultrafast  shape  recognition  to  search
compound databases for similar molecular shapes., J. Comput. Chem. 28
(2007) 1711–1723. doi:10.1002/jcc.20681.

[32]  Spectrophores
TM

 —  Open  Babel  v2.3.1  documentation,  (n.d.).
http://openbabel.org/docs/dev/Fingerprints/spectrophore.html  (accessed
September 18, 2014).

[33]  M.J.  McGregor,  S.M.  Muskal,  Pharmacophore  fingerprinting.  2.
Application to primary library design.,  J.  Chem. Inf.  Comput.  Sci.  40
(1999) 117–125.

[34]  V.  Venkatraman,  V.I.  Pérez-Nueno,  L.  Mavridis,  D.W.  Ritchie,
Comprehensive  comparison  of  ligand-based  virtual  screening  tools
against the DUD data set reveals limitations of current 3D methods., J.
Chem. Inf. Model. 50 (2010) 2079–2093.

[35] D. Gfeller, O. Michielin, V. Zoete, Shaping the interaction landscape of
bioactive  molecules.,  Bioinformatics.  29  (2013)  3073–3079.
doi:10.1093/bioinformatics/btt540.

[36] G. Maggiora, M. Vogt, D. Stumpfe, J. Bajorath, Molecular similarity in
medicinal  chemistry.,  J.  Med.  Chem.  57  (2014)  3186–3204.
doi:10.1021/jm401411z.

119

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



[37] M.J. Keiser, B.L. Roth, B.N. Armbruster, P. Ernsberger, J.J. Irwin, B.K.
Shoichet,  Relating  protein  pharmacology  by  ligand  chemistry.,  Nat.
Biotechnol. 25 (2007) 197–206. doi:10.1038/nbt1284.

[38]  D.  Reker,  T.  Rodrigues,  P.  Schneider,  G.  Schneider,  Identifying  the
macromolecular  targets  of  de novo-designed chemical  entities  through
self-organizing  map  consensus.,  Proc.  Natl.  Acad.  Sci.  U.  S.  A.  111
(2014) 4067–4072. doi:10.1073/pnas.1320001111.

[39] F. Cheng, C. Liu, J. Jiang, W. Lu, W. Li, G. Liu, et al., Prediction of drug-
target interactions and drug repositioning via network-based inference.,
PLoS  Comput.  Biol.  8  (2012)  e1002503.
doi:10.1371/journal.pcbi.1002503.

[40] Z. Gao, H. Li, H. Zhang, X. Liu, L. Kang, X. Luo, et al., PDTD: a web-
accessible  protein  database  for  drug  target  identification.,  BMC
Bioinformatics. 9 (2008) 104. doi:10.1186/1471-2105-9-104.

[41] H. Luo, J. Chen, L. Shi, M. Mikailov, H. Zhu, K. Wang, et al., DRAR-CPI:
a  server  for  identifying  drug repositioning potential  and adverse  drug
reactions via the chemical-protein interactome., Nucleic Acids Res. 39
(2011) W492–W498. doi:10.1093/nar/gkr299.

[42] Y.-C. Wang, C.-H. Zhang, N.-Y. Deng, Y. Wang, Kernel-based data fusion
improves the drug–protein interaction prediction, Comput. Biol. Chem.
35 (2011) 353–362. doi:10.1016/j.compbiolchem.2011.10.003.

[43] X. Liu, S. Ouyang, B. Yu, Y. Liu, K. Huang, J. Gong, et al., PharmMapper
server:  a  web  server  for  potential  drug  target  identification  using
pharmacophore  mapping  approach.,  Nucleic  Acids  Res.  38  (2010)
W609–W614. doi:10.1093/nar/gkq300.

[44] F. Iorio, R. Bosotti, E. Scacheri, V. Belcastro, P. Mithbaokar, R. Ferriero, et
al.,  Discovery  of  drug  mode  of  action  and  drug  repositioning  from

120

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



transcriptional  responses.,  Proc.  Natl.  Acad.  Sci.  U.  S.  A.  107 (2010)
14621–14626. doi:10.1073/pnas.1000138107.

[45] D. Emig, A. Ivliev, O. Pustovalova, L. Lancashire, S. Bureeva, Y. Nikolsky,
et  al.,  Drug  target  prediction  and  repositioning  using  an  integrated
network-based  approach.,  PLoS  One.  8  (2013)  e60618.
doi:10.1371/journal.pone.0060618.

[46] J. Lamb, E.D. Crawford, D. Peck, J.W. Modell, I.C. Blat, M.J. Wrobel, et
al., The Connectivity Map: using gene-expression signatures to connect
small molecules, genes, and disease.,  Science. 313 (2006) 1929–1935.
doi:10.1126/science.1132939.

[47] K. Wang, J. Sun, S. Zhou, C. Wan, S. Qin, C. Li, et al., Prediction of drug-
target  interactions  for  drug  repositioning  only  based  on  genomic
expression  similarity.,  PLoS  Comput.  Biol.  9  (2013)  e1003315.
doi:10.1371/journal.pcbi.1003315.

[48]  D.  Carrella,  F.  Napolitano,  R.  Rispoli,  M.  Miglietta,  A.  Carissimo,  L.
Cutillo, et al., Mantra 2.0: an online collaborative resource for drug mode
of  action  and  repurposing  by  network  analysis.,  Bioinformatics.  30
(2014) 1787–1788. doi:10.1093/bioinformatics/btu058.

[49]  Y.  Yamanishi,  M.  Araki,  A.  Gutteridge,  W.  Honda,  M.  Kanehisa,
Prediction  of  drug-target  interaction  networks  from the  integration  of
chemical  and  genomic  spaces.,  Bioinformatics.  24  (2008)  i232–i240.
doi:10.1093/bioinformatics/btn162.

[50] T. van Laarhoven, S.B. Nabuurs, E. Marchiori, Gaussian interaction profile
kernels for predicting drug-target interaction., Bioinformatics. 27 (2011)
3036–3043. doi:10.1093/bioinformatics/btr500.

[51] X. Liu,  I.  Vogt,  T. Haque, M. Campillos,  HitPick: a web server for hit
identification  and  target  prediction  of  chemical  screenings.,

121

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



Bioinformatics.  29  (2013)  1910–1912.
doi:10.1093/bioinformatics/btt303.

[52] A. Gottlieb, G.Y. Stein, E. Ruppin, R. Sharan, PREDICT: a method for
inferring  novel  drug  indications  with  application  to  personalized
medicine., Mol. Syst. Biol. 7 (2011) 496. doi:10.1038/msb.2011.26.

[53] M. Campillos, M. Kuhn, A.-C. Gavin, L.J. Jensen, P. Bork, Drug target
identification using side-effect similarity., Science. 321 (2008) 263–266.
doi:10.1126/science.1158140.

[54] O. Méndez-Lucio, J. Tran, J.L. Medina-Franco, N. Meurice, M. Muller,
Toward drug repurposing in epigenetics: olsalazine as a hypomethylating
compound active in a cellular context., ChemMedChem. 9 (2014) 560–
565.

[55]  M.  Sirota,  J.T.  Dudley,  J.  Kim,  A.P.  Chiang,  A.A.  Morgan,  A.  Sweet-
Cordero, et al., Discovery and preclinical validation of drug indications
using compendia of public  gene expression data.,  Sci.  Transl.  Med. 3
(2011) 96ra77. doi:10.1126/scitranslmed.3001318.

[56] J.T. Dudley, M. Sirota, M. Shenoy, R.K. Pai, S. Roedder, A.P. Chiang, et
al.,  Computational  repositioning  of  the  anticonvulsant  topiramate  for
inflammatory bowel disease., Sci. Transl. Med. 3 (2011) 96ra76.

[57] H.J. Ting, F.T. Khasawneh, Glybenclamide: an antidiabetic with in vivo
antithrombotic activity., Eur. J. Pharmacol. 649 (2010) 249–254.

[58]  D.  Kovács,  Z.  Simon,  P.  Hári,  A.  Málnási-Csizmadia,  C.  Hegedűs,  L.
Drimba,  et  al.,  Identification of  PPARγ ligands with One-dimensional
Drug  Profile  Matching.,  Drug  Des.  Devel.  Ther.  7  (2013)  917–928.
doi:10.2147/DDDT.S47173.

122

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



[59] E.E. Bolton, Y. Wang, P.A. Thiessen, S.H. Bryant, PubChem: Integrated
Platform of Small Molecules and Biological Activities, in: Annu. Rep.
Comput.  Chem.,  American  Chemical  Society,  Washington,  DC, 2008:
pp. 217–241. doi:10.1016/S1574-1400(08)00012-1.

[60] N. Hecker, J. Ahmed, J. von Eichborn, M. Dunkel, K. Macha, A. Eckert, et
al.,  SuperTarget  goes  quantitative:  update  on  drug-target  interactions.,
Nucleic Acids Res. 40 (2012) D1113–D1117. doi:10.1093/nar/gkr912.

[61] M. Olah, M. Mracec, L. Ostopovici, R. Rad, A. Bora, N. Hadaruga, et al.,
WOMBAT: World of Molecular Bioactivity, in: Chemoinformatics Drug
Discov., 2005: pp. 221–239. doi:10.1002/3527603743.ch9.

[62] J.J. Irwin, B.K. Shoichet, ZINC--a free database of commercially available
compounds for virtual screening., J. Chem. Inf. Model. 45 (n.d.) 177–
182. doi:10.1021/ci049714+.

[63] T. Liu, Y. Lin, X. Wen, R.N. Jorissen, M.K. Gilson, BindingDB: a web-
accessible database of experimentally determined protein-ligand binding
affinities.,  Nucleic  Acids  Res.  35  (2007)  D198–D201.
doi:10.1093/nar/gkl999.

[64] A.P. Bento, A. Gaulton, A. Hersey, L.J. Bellis, J. Chambers, M. Davies, et
al., The ChEMBL bioactivity database: an update., Nucleic Acids Res. 42
(2014) D1083–1090. doi:10.1093/nar/gkt1031.

[65]  V.  Law, C.  Knox,  Y.  Djoumbou,  T.  Jewison,  A.C.  Guo,  Y.  Liu,  et  al.,
DrugBank 4.0: shedding new light on drug metabolism., Nucleic Acids
Res. 42 (2014) D1091–D1097. doi:10.1093/nar/gkt1068.

[66]  Drug  and  target  protein  structures  in  the  PDB,  (n.d.).
http://www.ebi.ac.uk/thornton-srv/databases/drugport/  (accessed
September 18, 2014).

123

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



[67] P. Romero, J. Wagg, M. Green, D. Kaiser, M. Krummenacker, P. Karp,
Computational  prediction  of  human  metabolic  pathways  from  the
complete human genome, Genome Biol. 6 (2004) R2. doi:10.1186/gb-
2004-6-1-r2.

[68] D.S. Wishart, T. Jewison, A.C. Guo, M. Wilson, C. Knox, Y. Liu, et al.,
HMDB 3.0--The Human Metabolome Database in 2013., Nucleic Acids
Res. 41 (2013) D801–D807. doi:10.1093/nar/gks1065.

[69] M. Kanehisa, S. Goto, Y. Sato, M. Kawashima, M. Furumichi, M. Tanabe,
Data,  information,  knowledge  and  principle:  back  to  metabolism  in
KEGG.,  Nucleic  Acids  Res.  42  (2014)  D199–205.
doi:10.1093/nar/gkt1076.

[70]  MDDR,  (n.d.).
http://accelrys.com/products/databases/bioactivity/mddr.html  (accessed
September 18, 2014).

[71] J. Nickel, B.-O. Gohlke, J. Erehman, P. Banerjee, W.W. Rong, A. Goede, et
al.,  SuperPred:  update  on  drug  classification  and  target  prediction.,
Nucleic Acids Res. 12 (2014) W26–W31. doi:10.1093/nar/gku477.

[72] L. Wang, C. Ma, P. Wipf, H. Liu, W. Su, X. Xie, TargetHunter: an in silico
target  identification  tool  for  predicting  therapeutic  potential  of  small
organic molecules based on chemogenomic database., AAPS J. 15 (2013)
395–406. doi:10.1208/s12248-012-9449-z.

[73] J. Gong, C. Cai, X. Liu, X. Ku, H. Jiang, D. Gao, et al., ChemMapper: a
versatile web server for exploring pharmacology and chemical structure
association based on molecular 3D similarity method., Bioinformatics.
29 (2013) 1827–1829. doi:10.1093/bioinformatics/btt270.

[74]  S.  Kim  Kjærulff,  L.  Wich,  J.  Kringelum,  U.P.  Jacobsen,  I.
Kouskoumvekaki, K. Audouze, et al., ChemProt-2.0: visual navigation in

124

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



a  disease  chemical  biology  database.,  Nucleic  Acids  Res.  41  (2013)
D464–D469. doi:10.1093/nar/gks1166.

[75] J.-C. Wang, P.-Y. Chu, C.-M. Chen, J.-H. Lin, idTarget: a web server for
identifying  protein  targets  of  small  chemical  molecules  with  robust
scoring functions and a divide-and-conquer docking approach., Nucleic
Acids Res. 40 (2012) W393–W399. doi:10.1093/nar/gks496.

[76]  A.  Lagunin,  A.  Stepanchikova,  D.  Filimonov,  V.  Poroikov,  PASS:
prediction  of  activity  spectra  for  biologically  active  substances.,
Bioinformatics. 16 (2000) 747–748. 

125

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



Figures

Figure 1. Chemical similarity through the comparison of fingerprints can be

used to predict novel targets or functions of a query molecule.
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Table 1. Databases and web resources useful for in silico target fishing.

Database URL Description Reference

BindingDB http://www.bindingdb.org/bind/

Database of measured binding
affinities, focusing primarily on the

interactions of proteins considered to be
drug-targets with small, drug-like

molecules

[63]

ChEMBL http://www.ebi.ac.uk/chembl
Contains 2D structures, calculated

properties, and abstracted bioactivities
of drug-like small molecules

[64]

DrugBank http://www.drugbank.ca/
Contains information about drugs and

drug targets
[65]

DrugPort
http://www.ebi.ac.uk/thornton-

srv/databases/drugport/

Provides an analysis of the structural
information available in the PDB

relating to drug molecules and their
protein targets

[66]

HumanCyc http://humancyc.org/
Provides an encyclopedic reference and
computer-queryable database of human

metabolic pathways
[67]

Human
Metabolom
e Database

http://www.hmdb.ca/
Contains detailed information about
small-molecule metabolites found in

the human body
[68]

KEGG http://www.genome.jp/kegg/
Integrated database resource containing

information about pathway maps,
metabolites, small molecules, and drugs

[69]

MDL Drug
Data Report

http://accelrys.com/products/dat
abases/bioactivity/mddr.html

Contains over 150,000 biologically
relevant compounds and well-defined

derivatives
[70]

PubChem
http://pubchem.ncbi.nlm.nih.gov

/

Open repository for experimental data
identifying the biological activities of

small molecules
[59]

SuperTarget
http://bioinf-

apache.charite.de/supertarget_v2
/

Extensive web resource for analyzing
drug-target interactions

[60]

WOMBAT
http://www.sunsetmolecular.com

/
Contains chemical series from

published literature
[61]

ZINC https://zinc.docking.org

Free database of commercially
available compounds for virtual

screening. It provides subsets with
actives for many ChEMBL targets.

[62]
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Table  2.  Web  servers  that  can  be  employed  for  in  silico target

fishing

Server Method URL
Referenc

e

ChemMapper
3D similarity (molecular shape and
chemotype features) computation

http://lilab.ecust.edu.cn/chemmapper/ [73]

ChemProt 2.0 Fingerprint based
http://www.cbs.dtu.dk/services/ChemProt-

2.0/
[74]

DRAR-CPI Docking based http://cpi.bio-x.cn/drar/ [41]

HitPick

Combines 2D fingerprints and a
machine learning method based on a
Laplacian-modified naive Bayesian

model

http://mips.helmholtz-
muenchen.de/proj/hitpick

[51]

idTarget
Divide-and-conquer docking

approach
http://idtarget.rcas.sinica.edu.tw/ [75]

Mantra 2.0
Network theory and non-parametric

statistics on gene expression data
http://mantra.tigem.it/ [48]

PASS ONLINE

Fingerprint based Bayesian
approach based on the knowledge

base about structure-activity
relationships for more than 260,000

compounds

http://www.pharmaexpert.ru/passonline/ [76]

PharmMapper Pharmacophore based
http://59.78.96.61/pharmmapper/index.ph

p
[43]

Similarity
ensemble
approach

(SEA)

Fingerprint based http://sea.bkslab.org/ [37]

SPiDER
Self-organizing map-based

prediction
http://modlab-

cadd.ethz.ch/software/spider/
[38]

SuperPred
A combination of 2D, 3D, and

fragment similarity values
http://prediction.charite.de/ [71]

SwissTargetPre
diction

A combination of 2D and 3D
similarity values

http://www.swisstargetprediction.ch/ [25]

TarFisDock Docking based http://www.dddc.ac.cn/tarfisdock/ [40]
TargetHunter Fingerprint based http://www.cbligand.org/TargetHunter/ [72]
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Anglerfish is a new freely available web server that does fast target prediction

for  small  molecules.  It  does  so  by  combining  several  different  molecular

fingerprints  (which can be chosen by the user)  and by leveraging ChEMBL

activity  data  to  predict  potential  new  targets  for  the  query  molecule  and

quantifying its potential bioactivity value towards those targets (measured as a

standardized  pX  value).  The  method  has  been  validated  using  data  from

different ChEMBL versions, by being able to reliably predict activities from a

newer ChEMBL version by using exclusively data from an older version and a

combination  of  three  fingerprints  (i.e.,  RDKit  Fingerprint  and  FP3  and

MACCS166  from  OpenBabel).  Anglerfish  can  be  used  for  free  at

http://anglerfish.urv.cat.

Introduction
The fast growth of freely available bioactivity data resources like PubChem1–

3,  BindingDB4,5 or  ChEMBL6 during  the  last  decade  has  enabled  the

development  of  approaches  that  leverage  all  these  data  in  order  to  predict

bioactivities.

One  of  such  approaches  is  Target  Fishing,  also  known  as  reverse

pharmacognosy,  reverse  screening, polypharmacology  prediction,  drug

repurposing,  drug  reprofiling or  target  prediction7, which  is  the  opposite

approach  to  that  of  Virtual  Screening8,9:  in  Virtual  Screening,  bioactive

compounds for a given target are sought; in Target Fishing the starting point is

the small  molecule,  for which a target is sought. It  is thus a very appealing
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approach for drug repurposing (with the associated benefits when compared to

developing a new drug10) and in order to study known or prospective drugs'

potential adverse effects or polypharmacology (which is likely, given that, on

average, each known drug has 6 different molecular targets11). Current Target

Fishing methods can be broadly classified in two categories, pretty much like

Virtual Screening: target-centric methods, which often rely on machine learning

models built on top of known activity data for a set of targets, with some that

take the structural models of the targets into account or even dock the query

compounds to a wide range of targets; and ligand-centric methods, which rely

on  some similarity  metric  between  the  query  molecule(s)  and  some known

bioactive molecule7. Ligand-centric Target Fishing methods have the advantage

of requiring much less known information about the targets, being that a single

known active compound can be enough to identify a new putative target for a

query molecule, while for target-centric methods either the structural model of

the  target  or  a  sizeable  amount  of  actives  and  inactives  (in  order  to  build

prediction models) need to be known7. 

Among the molecular similarity metrics used for ligand-centric approaches

both  in  Target  Fishing  and  in  Virtual  Screening,  molecular  fingerprint

Tanimoto  similarity  index12 is  a  common  choice  that  enables  the  easy

comparison of compounds by taking into account different sets of their features

(depending on the fingerprinting algorithm chosen13).  There are some freely

accessible  Target  Fishing  that  implement  molecular  fingerprint  similarity

search7, with some even enabling the user to choose which fingerprint to use14.

The combination,  or data fusion,  of the similarities from different molecular

fingerprints has proven to increase Virtual Screening performance15, but this has

not yet been leveraged by any freely available Target Fishing tool or service.

Thus,  we  provide  a  novel  Target  Fishing  approach  leveraging  several
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simultaneous  molecular  fingerprint  similarities  and  ChEMBL6 activity  data

fusion, with a fast and freely accessible online implementation: Anglerfish.

Implementation and Methods

Molecule Database

The  molecule  database  used  in  Anglerfish  was  derived  from  a  subset  of

ChEMBL version 22.  This subset consists of all  compounds with Pubchem

Bioassays  of  type  B  (data  measuring  binding  of  compound  to  a  molecular

target)  whose target  was a  protein or protein complex,  its  activity  could be

expressed in nM (as “standard unit” in ChEMBL) and whose standard type was

either of AC50, EC50, ED50, IC50, ID50, Ka, Kb, Kd, Ke, Ki, LC50, LD50,

Potency or XC50. All these different activity measures were normalized into a

pX  value  equivalent  to  ChEMBL’s  pChEMBL6,  calculated  as

9−log(standard _value) , where standard_value is the representation of the

activity in nM. When more than one activity was found for a single compound-

target pair, all values were averaged. 

Molecular  fingerprints  of  each  of  the  supported  types  (9  at  present)  are

calculated for each molecule in the database and stored for similarity searches.

Algorithm
Provided a query molecule and a given set of molecular fingerprints (which are

discussed  below),  each  fingerprint  is  calculated  for  the  query  and  then  a

similarity search against the Anglerfish database is performed.  The results of

these similarity searches are then combined, and for each active hit an average
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similarity  measure  between  the  used  fingerprints  is  calculated.  Using  these

similarities and the ChEMBL activites of these molecules, a pX activity value

for the query molecule is predicted for each target. 

The available fingerprints are:

• Key-based fingerprints:

◦ MACCS16616  (OpenBabel and RDKit implementations)

◦ OpenBabel FP317

◦ OpenBabel FP417

• Topological (path-based) fingerprints:

◦ RDKit topological fingerprint (daylight-like)18

◦ RDKit Torsion19

◦ RDKit Atom Pairs20

◦ OpenBabel FP2 (daylight-like)17

• Circular fingerprints

◦ RDKit Morgan (ECFP)21

Similarity searches are performed through the ChempFP22 library.  Cinfony23,

pybel24 and Indigo25 are used internally too.
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Interface

Anglerfish provides a simple and an easy to use web-based front-end. On the

landing site (see Figure 1), the user can provide a query molecule by 3 possible

means: providing a SDF file containing a single molecule, writing its SMILES,

or  writing  its  InChI26 code.  Following  this,  the  user  can  also  select  which

molecular fingerprints to use for the similarity search. 
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Figure 8. Anglerfish landing page, from where a new search can be 

launched
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After submitting this form, a confirmation screen (see Figure 2) will be shown

to make sure everything is correct.  Once confirmed, the activity search will

start, and the user will be redirected to a waiting page showing the status of the

search. The user will be provided with a unique URL pointing to that page,

which will show the search results once they are available (usually in a couple

of minutes). This URL can be saved for future reference to the search results.
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Once the results are ready, they will automatically load and they will be shown

as a table (see Figure 3) with the following fields: target name, predicted pX,

highest average similarity, lowest average similary and hits (number of similar

active compounds for that target). This table is interactive and can be sorted by

any of the columns and it also allows for complex search criteria in its search

box. By default it is sorted by descending average similarity and then by the

predicted pX in descending order, meaning the targets for which the predicted

activity is most likely will show at the top of the results. The results table can

be downloaded as a CSV spreadsheet.

Clicking  on  the  “Hits”  column  leads  to  a  detailed  view  of  the  similarities

between the query and each active compound for that target (see Figure 4).
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Figure 10. View of the results page
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Figure 11.Detailed results view, showing each activity match and their 

individual similarities

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



Validation

For the validation of the method, a new database was built,  using the same

procedure, with the previous version of ChEMBL (version 21). A set of 217

molecules were selected from the database built from the latest ChEMBL, such

as:

• They  were  different  enough  between  them  according  to  all  tested

fingerprints (Tanimoto < 0.7)

• They were not present in ChEMBL 21

• Their  targets  were  present  in  ChEMBL  21,  and  they  had  active

compounds that could be included in the Anglerfish database

This  way,  the  predicted  activities  of  these  compounds  against  the

ChEMBL21-based  database  could  be  compared  against  their  known  actual

activities from ChEMBL22.

For the predicted activity, we tested 3 different formulas:

1. The  first  one  was  the  average  activity  weighted  with  the  average

similarities:

 
∑ pX i×avg_tanimotoi

∑ avg_tanimotoi

Where avg_tanimoto is the average of the Tanimoto similarity between

the query and the active molecule for all the fingerprints chosen.

This formula comes from the assumption that the average Tanimoto similarity

to an active will show how much of that activity can we expect on the query
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molecule. With this formula, a molecule that shows the highest similarity to

known actives  will  have the average of the activities of those actives as its

predicted activity. Lower similarities will lower the predicted activity value, but

will also contribute less to it. However, it can still be the case that a lot of low-

similarity and low-activity known actives can affect negatively the predicted

activity. There is also the added problem that whenever there are more than one

known active, the predicted activity cannot be as high as the highest known

activity,  even if  it  is  the  only  one  from a  very  similar  known active.  This

formula  is  also  sensitive  to  the  number  of  known actives:  the  more  known

actives a target has, the more the predicted activity tends to a lower value. For

this  reason,  we  also  tried  the  next  formula,  in  an  attempt  to  avoid  these

problems.

2. The highest product of activity and average similarity:

max( pX i×avg_tanimotoi)

In this case, the predicted activity is the highest product of the similarity with

the query and the activity value (pX) of a known active. This takes into account

both  the  activity  and the  similarity  to  the  query,  but  is  insensitive  to  noise

caused by too many known actives or too many dissimilar actives. This formula

however has the problem of being potentially too optimistic for the predicted

activity,  since  a  very  potent  known  active  could  hide  many  actually  more

similar but not so active results. This, again, prompted us to develop yet another

formula to predict the activity.

3. The weighted  activity  scaled by the average similarity that produces
the highest product of activity and average similarity:

 
∑ pX i×avg_tanimotoi

∑ avg_tanimotoi

×avg_tanimoto j ;
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for avg_tanimoto j×pX j=max (pX i×avg_tanimotoi)

In this last formula, we tried to combine the prior two methods, basically by

multiplying the result of the first formula by the Tanimoto similarity that yield

the highest product with its activity (the second formula).

The  validation  was  tested  for  all  fingerprints  and  all  possible  fingerprint

combinations of up to 3 different fingerprints, yielding a total of 129 different

combinations.   Performance  of  the  predictions  was  assessed  with  both

Kendall’s tau-b coefficient and the % of predictions within 1 pX of the known

value.

142

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



Results and Discussion

The predicted activities were plotted against their known counterparts in scatter

plots, like those on Figure 5. The differences between the predicted values and

the  known  values  were  plotted  as  Gaussian  distributions,  such  as  those  in

Figure 6. The plots for every fingerprint combination and formula can be found

in the supplementary data.

Comparing the validation set predicted activities to their known activities, we

can see in figure 5 that both the first and third formulas tend to predict activities

within  a  certain  range  regardless  of  the  known  activity,  yielding  a  low

correlation  between  them.  The  second  formula,  however,  shows  higher

correlation between predicted and known activities across different fingerprint

combinations.  It is with the second formula too that we find the 2 fingerprint

combinations  with the  µ closest  to  0 (≈-0.04),  that  is,  those whose average

difference  between  predicted  and  known  values  are  closer  to  0.  These  2

combinations are  essentially  the same: the RDKit’s daylight-like fingerprint,

OpenBabel’s  key-based  FP3 and either  of  the  MACCS166 implementations

(OpenBabel or RDKit). With either of these combinations, 50% of the predicted

activities are within 1 pX unit of their known values, which is increased to an

80% within 2 pX units of the known activities, as can be seen in Figures 5 and

6.  

Based  on  these  results,  Anglerfish  uses  the  second  formula  for  activity

prediction, and those fingerprints are enabled by default.
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Figure 12. Predicted
activity pX vs known
activity for the
combination of
RDKit, FP3, and
(OpenBabel) MACCS
fingerprints, from top
to bottom using the
formulas 1
(“weighted”), 2
(“scaled”) and 3
(“expected”) for the
predicted pX value.
The green and red
lines delimit the
intervals within 1 and
2 pX of the known
value, respectively.
The blue line
intersects the exact
matches.
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Figure 13. Distribution of the deviation of the predicted activities from 

their known using the second formula (“scaled”) values for the same 

fingerprints as in figure 5. Plots for the rest of formulas and fingerprint 

combinations cna be found in the supplementary data.

An  example  target  search  was  done  borrowing  chlorotrianisene  from

SwissTargetPrediction27 as the example molecule, since it has some described

activities  not  present  in  ChEMBL6 for  some  target  which  are  present  in

ChEMBL: Cyclooxygenase-1 (COX-1)28 and Estrogen Receptor alpha (ER)29.  

As we can see from the results in Figure 3,  besides the match against itself that

gives the Ferritin light chain activity,  we can find among the first  predicted

targets  both  COX-1  and  ER.  The  second  listed  predicted  target,  Androgen
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Receptor,  has  described  activity  within  ChEMBL  for  this  molecule  (from

PubChem bioassay30),  though  as  a  functional  assay  (type  “F”)  and  without

activity  values  usable  by  Anglerfish.  This  leaves  at  the  very  least  3  true

positives (without counting the self-match) among the first results.

Conclusions

Most  target  fishing  software  solutions  and  on-line  tools  make  use  of  2D

similarity methods7, specially molecular fingerprints. While others combine a

single  2D  fingerprint  with  other  different  approaches  for  target  fishing,

Anglerfish  is  the  only  one  to  combine  several  different  2D  molecular

fingerprints, which provides it with very fast similarity searching and thus fast

output results (usually available after just a couple of minutes). The novelty in

Anglerfish  is  also  in  not  just  predicting  potential  new  targets  for  a  given

molecule, but also in estimating its activity value; this can help prioritize targets

with  a  potentially  higher  activity  or  avoid  those  with  a  very  low predicted

activity. 

Supporting Information. 

A zip archive is provided containing the detailed results from the validation

process, for each of the activity prediction methods and the set of molecules

used. Prediction scatter plots and deviation distribution plots are also provided. 
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Conclusions

The literature reviews that are part of this thesis have been extensively cited

in  all  kinds  of  papers  in  the  field,  both  for  molecular  fingerprint  similarity

search in virtual screening1–35 and for   in silico   target fishing15,36–56. But most

interesting is the fact that the published tools developed as part of this thesis

have been proven useful by the cheminformatics community: 

The first objective of this thesis (“To create a freely available tool with a

graphical interface to facilitate the validation of virtual screening approaches

by making decoy molecule library building easier and more accessible.”) was

tackled by developing DecoyFinder, which has been widely downloaded and

used throughout the world for the validation of virtual screenings57–89, and it has

also  been  an  inspiration  for  others  to  implement  their  own  in-house

algorithms90–97, improve available resources98 and even its code has been used as

the  foundation  for  a  decoy  library  building  web  service99.  It  has  also  been

featured in a number of reviews of the field100–107 and books89,108. Of note is its

use  in  furthering  research  against  diseases  such  as  malaria61,65,78,82,

cancer58,67,68,80,81,88,  visceral  leishmaniasis60,63,69,  HIV83,  hepatitis  C62,

Alzheimer’s85,86,  Parkinson’s57,86,  and diabetes74,77,79,89,  among others and other

health-related research, such as on novel antibacterial agents64,66,73. 

The results of from the  Molecular weight-based decoys: a simple decoy set

finding alternative for fingerprint similarity approaches manuscript have been

integrated into DecoyFinder. However, since it has not yet been published, its

future impact cannot be assessed, but it has the potential to further spread the
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usage  of  DecoyFinder  by  turning  it  more  suitable  for  ligand-based  virtual

screening approaches.

The development of VHELIBS was the answer to the second objective (“To

develop a publicly available target fishing service with quantitative bioactivity

prediction.”), which was dealt with with the collaboration of the creators of the

PDB_REDO. It has also been widely downloaded, and although this has not

translated yet in  such a wide range of publications as DecoyFinder, besides

being directly used for the selection of appropriate structure models89,109, it has

also  been used to  validate  the  development  of  a  new virtual  screening web

service110 and to assess the overall reliability in general of the available protein-

ligand crystallography models111. It has also been positively featured into many

reviews of the field107,108,112–122. In addition to this, VHELIBS has been used  to

teach  undergraduate  students  about  the  quality  features  of  crystallographic

Protein Data Bank structures and how to assess them.

Both  tools  have  clearly  filled  a  need  in  their  respective  niches,  having  a

significant impact too, and thus, can be considered a success. 

The  last  objective  of  this  thesis  (“To develop  a  publicly  available  target

fishing service with quantitative bioactivity prediction”) led to the development

of Anglerfish, which was just recently made publicly available and does not

have yet a published paper, which means that at the moment of this writing it

still has not had the chance to have a meaningful impact in the field. However,

given its characteristics, hopefully it will be seen as a valuable resource in the

cheminformatics ecosystem in the near future.

154

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



References

(1) Perricone, U.; Wieder, M.; Seidel, T.; Langer, T.; Padova, A.; Almerico,
A. M.; Tutone, M. ChemMedChem 2017.

(2) Himmat, M.; Salim, N.; Al-Dabbagh, M.; Saeed, F. Molecules 2016.

(3) VanPatten, S.; Sun, S.; He, M.; Cheng, K. J. Med. 2016.

(4) Muegge, I.; Mukherjee, P. Expert Opin. Drug Discov. 2016, 11 (2), 137–
148.

(5) Duesbury,  E.  Applications  and  Variations  of  the  Maximum Common
Subgraph for the Determination of Chemical Similarity, 2015.

(6) Skoda,  P.;  Hoksza,  D.  In  2016  IEEE  International  Conference  on
Bioinformatics and Biomedicine (BIBM); IEEE, 2016; pp 1220–1227.

(7) Zhang, L.; Ai, H.; Chen, W.; Yin, Z.; Hu, H.; Zhu, J.; Zhao, J.; Zhao, Q.;
Liu, H. Sci. Rep. 2017, 7 (1), 2118.

(8) Dong, J.;  Cao, D.-S.;  Miao, H.-Y.;  Liu,  S.;  Deng, B.-C.;  Yun, Y.-H.;
Wang, N.-N.; Lu, A.-P.; Zeng, W.-B.; Chen, A. F. J. Cheminform. 2015,
7 (1), 60.

(9) O’Boyle, N.; Sayle, R. J. Cheminform. 2016.

(10) Borrel,  A.  Development  of  Computational  Methods  to  Predict  Pocket
Druggability and Profile Ligands using Structural, 2016.

(11) Skinnider, M. A.; Johnston, C. W.; Edgar, R. E.; Dejong, C. A.; Merwin,
N. J.; Rees, P. N.; Magarvey, N. A. Proc. Natl. Acad. Sci. U. S. A. 2016,
113 (42), E6343–E6351.

(12) Garcia Castro, M.; Zimmermann, S. ‐ Angewandte 2016.

(13) Zulkefli,  Z.  B.;  Malim,  N.  H.  A.  H.;  Al-Laila,  M.  H.  In  2016  3rd
International  Conference  on  Computer  and  Information  Sciences
(ICCOINS); IEEE, 2016; pp 282–286.

155

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



(14) Wang, L.; Forni, F.; Ortega, R.; Liu, Z.; Su, H.  IEEE Trans. Automat.
Contr. 2016, PP, 1–1.

(15) Minkiewicz, P.; Darewicz, M.; Iwaniak, A.; Bucholska, J.; Starowicz, P.;
Czyrko, E. Int. J. Mol. Sci. 2016, 17 (12), 2039.

(16) Rogo, M. Modeling and synthesis of antiplasmodial benzoxazines from
natural products of Kenya, 2016.

(17) Sarupinda,  T.  I.  Modelling  cellular  permeability  via  carrier  mediated
transport, 2015.

(18) Neves, B. J.; Muratov, E.; Machado, R. B.; Andrade, C. H.; Cravo, P. V.
L. Expert Opin. Drug Discov. 2016, 11 (6), 557–567.

(19) Vass, M.; Kooistra, A. J.; Ritschel, T.; Leurs, R.; de Esch, I. J.; de Graaf,
C. Curr. Opin. Pharmacol. 2016, 30, 59–68.

(20) B, W. K.; Pasupa, K. Neural Information Processing; Hirose, A., Ozawa,
S.,  Doya,  K.,  Ikeda,  K.,  Lee,  M.,  Liu,  D.,  Eds.;  Lecture  Notes  in
Computer Science; Springer International Publishing: Cham, 2016; Vol.
9947.

(21) Koes, D. Comput. Drug Discov. 2016.

(22) Warszycki, D.; Śmieja, M.; Kafel, R. Mol. Divers. 2017.

(23) Zhou, B.; Sun, Q.; Kong, D.-X. Oncotarget 2016, 7 (22).

(24) Janet, J. P.; Kulik, H. J. Chem. Sci. 2017, 1–50.

(25) Lee, A. A.; Brenner, M. P.; Colwell, L. J. Proc. Natl. Acad. Sci. U. S. A.
2016, 113 (48), 13564–13569.

(26) Koutsoukas, A.; St. Amand, J.; Mishra, M.; Huan, J. Front. Environ. Sci.
2016, 4.

(27) Kinjo,  A.  R.;  Bekker,  G.-J.;  Suzuki,  H.;  Tsuchiya,  Y.;  Kawabata,  T.;
Ikegawa, Y.; Nakamura, H.  Nucleic Acids Res. 2017,  45 (D1), D282–
D288.

156

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



(28) Garcia-Castro, M.; Zimmermann, S.; Sankar, M. G.; Kumar, K. Angew.
Chemie Int. Ed. 2016, 55 (27), 7586–7605.

(29) Daina, A.; Michielin, O.; Zoete, V. Sci. Rep. 2017, 7, 42717.

(30) Zoete, V.; Daina, A.; Bovigny, C.; Michielin, O.  J. Chem. Inf. Model.
2016, 56 (8), 1399–1404.

(31) Vilar, S.; Hripcsak, G. Brief. Bioinform. 2016, bbw048.

(32) Rafati-Afshar,  A.  Unified  processing  framework  of  high-dimensional
and overly imbalanced chemical datasets for virtual screening., 2017.

(33) Lima, A. N.; Philot, E. A.; Trossini, G. H. G.; Scott, L. P. B.; Maltarollo,
V. G.; Honorio, K. M. Expert Opin. Drug Discov. 2016, 11 (3), 225–239.

(34) Hoksza,  D.;  Skoda,  P.  In  2016  IEEE  Conference  on  Computational
Intelligence  in  Bioinformatics  and  Computational  Biology  (CIBCB);
IEEE, 2016; pp 1–6.

(35) Bajusz, D.; Rácz, A.; Héberger, K. J. Cheminform. 2015, 7 (1), 20.

(36) Wong, V. K.-W.; Law, B. Y.-K.; Yao, X.-J.; Chen, X.; Xu, S. W.; Liu,
L.; Leung, E. L.-H. Pharmacol. Res. 2016, 111, 546–555.

(37) Akhtar, F.; Sharif, H.; Mallick, M.; Zahoor, F. Polish Pharm. Soc. 2017,
74 (2), 321–329.

(38) Wu, X.; Chen, X.; Dan, J.; Cao, Y.; Gao, S.; Guo, Z.; Zerbe, P.; Chai, Y.;
Diao, Y.; Zhang, L. Sci. Rep. 2016, 6, 25491.

(39) Lo, Y.-C. Chemical Dissection of the Cell Cycle for Anticancer Drug
Discovery and Target Identification, University of California, 2016.

(40) Sol,  C.;  Rubio-Carrasco,  K.;  Díaz-Juárez,  A.;  Soledad;  González-
Covarrubias, V.; Fuentes-Noriega, I.  J. Mex. Chem. Soc. 2014,  58 (3),
287–302.

(41) Qiu, Z.-C.; Dong, X.-L.; Dai, Y.; Xiao, G.-K.; Wang, X.-L.; Wong, K.-
C.; Wong, M.-S.; Yao, X.-S. Int. J. Mol. Sci. 2016, 17 (12), 2116.

157

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



(42) Lauria, A.; Bonsignore, R.; Bartolotta, R.; Perricone, U.; Martorana, A.;
Gentile, C. Curr. Pharm. Des. 2016, 22 (21), 3073–3081.

(43) Medina-Franco,  J.  L.  Epi-Informatics :  discovery  and  development  of
small molecule epigenetic drugs and probes.

(44) Shmelkov, E.; Grigoryan, A.; Swetnam, J.; Xin, J.; Tivon, D.; Shmelkov,
S. V.; Cardozo, T. Front. Physiol. 2015, 6 (DEC).

(45) Mori, M.; Cau, Y.; Vignaroli, G.; Laurenzana, I. ACS Chem. 2015.

(46) Peón, A.; Dang, C. C.; Ballester, P. J. Front. Chem. 2016, 4, 15.

(47) Ye, X.-Y.; Ling, Q.-Z.; Chen, S.-J.  Evid. Based. Complement. Alternat.
Med. 2015, 2015, 983951.

(48) Lo, Y.; Senese, S.; Li, C.; Hu, Q.; Huang, Y. PLoS Comput 2015.

(49) Huang, T.; Mi, H.; Lin, C.; Zhao, L.; Zhong, L. L. D.; Liu, F.; Zhang, G.;
Lu, A.; Bian, Z. BMC Bioinformatics 2017, 18 (1), 165.

(50) Kapoor,  S.;  Waldmann,  H.;  Ziegler,  S.  Bioorg.  Med. Chem. 2016,  24
(15), 3232–3245.

(51) Méndez-Lucio, O.; Naveja, J. J.; Vite-Caritino, H.; Prieto-Martínez, F.
D.; Medina-Franco, J. L. J. Mex. Chem. Soc. 2016, 60 (3), 168–181.

(52) Silveira-Dorta, G.; Sousa, I. J.; Fernandes, M. X.; Martín, V. S.; Padrón,
J. M. Eur. J. Med. Chem. 2015, 96, 308–317.

(53) Chen, S.; Cui, M. Molecules 2017.

(54) Cruz-Monteagudo,  M.;  Schürer,  S.;  Tejera,  E.;  Pérez-Castillo,  Y.;
Medina-Franco, J. L.; Sánchez-Rodríguez, A.; Borges, F.  Drug Discov.
Today 2017.

(55) Awale, M.; Reymond, J.-L. J. Cheminform. 2017, 9 (1), 11.

(56) Luo, Q.; Zhao, L.; Hu, J.; Jin, H.; Liu, Z.; Zhang, L. PLoS One 2017, 12
(2), e0171433.

(57) Bhayye, S. S.; Roy, K.; Saha, A. Med. Chem. Res. 2014,  23 (8), 3705–
3713.

158

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



(58) Xu, Y.; Yue, L.; Wang, Y.; Xing, J.; Chen, Z.; Shi, Z.; Liu, R.; Liu, Y.
C.;  Luo,  X.;  Jiang,  H.;  Chen,  K.;  Luo,  C.;  Zheng,  M.  J.  Chem.  Inf.
Model. 2016, 56 (9), 1847–1855.

(59) Astolfi, A.; Iraci, N.; Sabatini, S.; Barreca, M.; Cecchetti, V. Molecules
2015, 20 (9), 15842–15861.

(60) Pandey,  R.  K.;  Verma,  P.;  Sharma,  D.;  Bhatt,  T.  K.;  Sundar,  S.;
Prajapati, V. K. Biomed. Pharmacother. 2016, 83, 141–152.

(61) Kaalia, R.; Srinivasan, A.; Kumar, A.; Ghosh, I. Mach. Learn. 2016, 103
(3), 309–341.

(62) Wei, Y.; Li, J.; Qing, J.; Huang, M.; Wu, M.; Gao, F.; Li, D.; Hong, Z.;
Kong, L.; Huang, W.; Lin, J. PLoS One 2016, 11 (2), e0148181.

(63) Pandey, R. K.; Kumbhar, B. V.; Sundar, S.; Kunwar, A.; Prajapati, V. K.
J. Recept. Signal Transduct. 2017, 37 (1), 60–70.

(64) Perdih,  A.;  Hrast,  M.;  Pureber,  K.;  Barreteau,  H.;  Grdadolnik,  S.  G.;
Kocjan, D.; Gobec, S.; Solmajer, T.; Wolber, G. J. Comput. Aided. Mol.
Des. 2015, 29 (6), 541–560.

(65) Shah, P.; Tiwari, S.; Siddiqi, M. I. Med. Chem. Res. 2014, 23 (7), 3308–
3326.

(66) Škedelj, V.; Perdih, A.; Brvar, M.; Kroflič, A.; Dubbée, V.; Savage, V.;
O’Neill, A. J.; Solmajer, T.; Bešter-Rogač, M.; Blanot, D.; Hugonnet, J.
E.; Magnet, S.; Arthur, M.; Mainardi, J. L.; Stojan, J.; Zega, A. Eur. J.
Med. Chem. 2013, 67, 208–220.

(67) Zhou,  N.;  Xu,  Y.;  Liu,  X.;  Wang,  Y.;  Peng,  J.;  Luo,  X.;  Zheng,  M.;
Chen, K.; Jiang, H. Int. J. Mol. Sci. 2015, 16 (6), 13407–13426.

(68) Sun, R.; Li, X.; Li, Y.; Zhang, X.; Li, X.; Li, X.; Shi, Z.; Bao, J. J. Mol.
Model. 2015, 21 (5), 133.

(69) Pandey, R. K.; Kumbhar, B. V.; Srivastava, S.; Malik, R.; Sundar, S.;
Kunwar, A.; Prajapati, V. K. J. Biomol. Struct. Dyn. 2017, 35 (1), 141–
158.

159

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



(70) Larif,  S.;  Ben  Salem,  C.;  Hmouda,  H.;  Bouraoui,  K.  J.  Mol.  Graph.
Model. 2014, 53, 1–12.

(71) Li, J.; Zhou, N.; Liu, W.; Li, J.; Feng, Y.; Wang, X.; Wu, C.; Bao, J. J.
Biomol. Struct. Dyn. 2016, 34 (5), 1101–1112.

(72) Gangwal, R. P.; Damre, M. V.; Das, N. R.; Dhoke, G. V.; Bhadauriya,
A.; Varikoti,  R. A.; Sharma, S. S.; Sangamwar, A. T.  J. Mol. Graph.
Model. 2015, 57, 80–98.

(73) Perdih, A.; Hrast, M.; Barreteau, H.; Gobec, S.; Wolber, G.; Solmajer, T.
Bioorganic Med. Chem. 2014, 22 (15), 4124–4134.

(74) Bhadauriya,  A.;  Dhoke,  G.  V.;  Gangwal,  R.  P.;  Damre,  M.  V.;
Sangamwar, A. T. Mol. Divers. 2013, 17 (1), 139–149.

(75) Barreca,  M.  L.;  Iraci,  N.;  Manfroni,  G.;  Gaetani,  R.;  Guercini,  C.;
Sabatini, S.; Tabarrini, O.; Cecchetti, V.  J. Chem. Inf. Model. 2014,  54
(2), 481–497.

(76) Xu, H.; Wang, Z.;  Liang, X.;  Li,  X.;  Shi,  Z.;  Zhou, N.;  Bao, J.  Mol.
Biosyst. 2014, 10 (6), 1524–1537.

(77) Pathania, S.; Randhawa, V.; Bagler, G. PLoS One 2013, 8 (4), e61327.

(78) Gangwal,  R.  P.;  Dhoke,  G.  V.;  Damre,  M.  V.;  Khandelwal,  K.;
Sangamwar, A. T. J. Comput. Med. 2013, 2013, 1–9.

(79) Buchholz,  T.  Pflanzliche  Sekundärprodukte  als  Inhibitoren  von
ausgewählten Verdauungsenzymen, 2013.

(80) Ye, Y.; Zhang, B.; Mao, R.; Zhang, C.; Wang, Y.; Xing, J.; Liu, Y.-C.;
Luo, X.; Ding, H.; Yang, Y.; Zhou, B.; Jiang, H.; Chen, K.; Luo, C.;
Zheng, M. Org. Biomol. Chem. 2017, 15 (17), 3648–3661.

(81) Kesherwani,  M.;  Raghavan,  S.;  Gunasekaran,  K.;  Velmurugan,  D.  J.
Biomol. Struct. Dyn. 2017, 1–23.

(82) Pandey, R. K.; Narula, A.; Naskar, M.; Srivastava, S.; Verma, P.; Malik,
R.; Shah, P.; Prajapati, V. K. J. Biomol. Struct. Dyn. 2016, 1–14.

160

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



(83) Islam, M. A.; Pillay, T. S. Mol. BioSyst. 2016, 12 (3), 982–993.

(84) Manhas, A.; Lone, M. Y.; Jha, P. C. J. Mol. Graph. Model. 2017.

(85) Gurung, A. B.; Aguan, K.; Mitra, S.; Bhattacharjee, A. J. Biomol. Struct.
Dyn. 2016, 1102 (just-accepted), 1–40.

(86) Mohammad  Shahid.  Integrative  Systems  Approaches  Towards  Brain
Pharmacology and Polypharmacology, 2013.

(87) LUO,  Qi-Yao;  WANG,  Zi-Yun;  JIN,  Hong-Wei;  LIU,  Zhen-Ming;
ZHANG,  L.-R.  Acta  Physico-Chimica  Sin. 2016,  32 (10),  2606–
2619(14).

(88) Li, J.; Wang, H.; Li, J.; Bao, J.; Wu, C.  Int. J. Mol. Sci. 2016,  17 (7),
1055.

(89) Garcia-Vallve, S.; Guasch, L.; Mulero, M. In Foodinformatics; Springer
International Publishing: Cham, 2014; pp 151–176.

(90) Colomina Perat, J. C. Polifarmacología, desarrollo de una herramienta de
&quot;screening&quot;  de posibles  nuevos fármacos  activos  para  una
determinada  proteína  &quot;target&quot;,  Universitat  Oberta  de
Catalunya, 2016.

(91) Murgueitio, M. S.; Wolber, G.; Daniela Schuster, P. Targeting the first
barrier  in  immune  response:  design  of  novel  TLR2  antagonists  and
binding mode investigation, 2013.

(92) Pei, F.; Jin, H.; Zhou, X.; Xia, J.; Sun, L.; Liu, Z.; Zhang, L. Chem. Biol.
Drug Des. 2015, 86 (5), 1226–1241.

(93) Wei, Y.; Li, J.; Chen, Z.; Wang, F.; Huang, W.; Hong, Z.; Lin, J. Eur. J.
Med. Chem. 2015, 101, 409–418.

(94) Husby, J.; Bottegoni, G.; Kufareva, I.; Abagyan, R.; Cavalli, A. J. Chem.
Inf. Model. 2015, 55 (5), 1062–1076.

(95) Xia, J.; Jin, H.; Liu, Z.; Zhang, L.; Wang, X. S.  J. Chem. Inf. Model.
2014, 54 (5), 1433–1450.

161

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



(96) Drwal,  M. N.; Banerjee,  P.;  Dunkel,  M.; Wettig,  M. R.;  Preissner, R.
Nucleic Acids Res. 2014, 42 (W1), W53–W58.

(97) FU Haiyang，YAN Zhihui， LIN Runfang2，DIAO Aipo1，XIAO

Dongguang. J. Tianjin Univ. Sci. Technol. 2014, 29 (863), 2013–11.

(98) Mysinger,  M.  M.;  Carchia,  M.;  Irwin,  J.  J.;  Shoichet,  B.  K.  J.  Med.
Chem. 2012, 55 (14), 6582–6594.

(99) Wang, L.; Pang, X.; Li, Y.; Zhang, Z.; Tan, W. Bioinformatics 2016, 55
(8), btw783.

(100) Braga,  R.;  Alves,  V.;  Silva,  A.;  Nascimento,  M.;  Silva,  F.;  Liao,  L.;
Andrade, C. Curr. Top. Med. Chem. 2014, 14 (16), 1899–1912.

(101) Yuriev, E.; Holien, J.; Ramsland, P. A. J. Mol. Recognit. 2015, 28 (10),
581–604.

(102) Chen, Y.-C. Trends Pharmacol. Sci. 2015, 36 (2), 78–95.

(103) Xia, J.; Tilahun, E. L.; Reid, T.-E. E.; Zhang, L.; Wang, X. S. Methods
2015, 71 (C), 146–157.

(104) Xia, J.; Tilahun, E. L.; Kebede, E. H.; Reid, T. E.; Zhang, L.; Wang, X.
S. J. Chem. Inf. Model. 2015, 55 (2), 374–388.

(105) Braga, R. C.; Andrade, C. H. Curr. Top. Med. Chem. 2013, 13 (9), 1127–
1138.

(106) Cruz-Monteagudo,  M.;  Schürer,  S.;  Tejera,  E.;  Pérez-Castillo,  Y.;
Medina-Franco, J. L.; Sánchez-Rodríguez, A.; Borges, F.  Drug Discov.
Today 2017.

(107) Pirhadi,  S.;  Sunseri,  J.;  Koes, D. R.  J.  Mol.  Graph. Model. 2016,  69,
127–143.

(108) Ambure, P.; Aher, R. B.; Roy, K. In  Computer-Aided Drug Discovery;
2014; pp 257–296.

162

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



(109) Garcia-Vallvé,  S.;  Guasch,  L.;  Tomas-Hernández,  S.;  Del  Bas,  J.  M.;
Ollendorff, V.; Arola, L.; Pujadas, G.; Mulero, M. J. Med. Chem. 2015,
58 (14), 5381–5394.

(110) Labbé, C. M.; Rey, J.; Lagorce, D.; Vavruša, M.; Becot, J.; Sperandio,
O.;  Villoutreix,  B. O.;  Tufféry,  P.;  Miteva,  M. A.  Nucleic  Acids Res.
2015, 43 (W1), W448–W454.

(111) Deller, M. C.; Rupp, B. J. Comput. Aided. Mol. Des. 2015, 29 (9), 817–
836.

(112) Peach, M. L.; Cachau, R. E.; Nicklaus, M. C.  J. Mol. Recognit. 2017,
e2618.

(113) van Beusekom, B.; Perrakis, A.; Joosten, R. P. Methods Mol. Biol. 2016,
1415, 107–138.

(114) Emsley, P. Acta Crystallogr. Sect. D Struct. Biol. 2017, 73 (3), 203–210.

(115) Weichenberger, C. X.; Afonine, P. V.; Kantardjieff, K.; Rupp, B.  Acta
Crystallogr. Sect. D Biol. Crystallogr. 2015, 71 (5), 1023–1038.

(116) Lamb, A. L.; Kappock, T. J.; Silvaggi, N. R.  Biochim. Biophys. Acta -
Proteins Proteomics 2015, 1854 (4), 258–268.

(117) Touw, W. G.;  Joosten,  R. P.;  Vriend, G.  J.  Mol.  Biol. 2016,  428 (6),
1375–1393.

(118) Zheng,  H.;  Hou,  J.;  Zimmerman,  M.  D.;  Wlodawer,  A.;  Minor,  W.
Expert Opin. Drug Discov. 2014, 9 (2), 125–137.

(119) Wlodawer, A.; Minor, W.; Dauter, Z.; Jaskolski, M. FEBS J. 2013, 280
(22), 5705–5736.

(120) Grinter, S. Z.; Zou, X. Molecules 2014, 19 (7), 10150–10176.

(121) Touw, W. G.; Baakman, C.; Black, J.; Te Beek, T. A. H.; Krieger, E.;
Joosten,  R.  P.;  Vriend,  G.  Nucleic  Acids  Res. 2015,  43 (D1),  D364–
D368.

(122) Joosten, R. P.; Long, F.; Murshudov, G. N.; Perrakis, A. IUCrJ 2014, 1
(4), 213–220.

163

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



164

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



165

UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 



UNIVERSITAT ROVIRA I VIRGILI 
Development of tools for in silico drug discovery 
Adrià Cereto-Massagué 




