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Review

Focused chemical libraries – design and 
enrichment: an example of protein–protein 
interaction chemical space

One of the many obstacles in the development of new drugs lies in the limited number 
of therapeutic targets and in the quality of screening collections of compounds. In this 
review, we present general strategies for building target-focused chemical libraries with 
a particular emphasis on protein–protein interactions (PPIs). We describe the chemical 
spaces spanned by nine commercially available PPI-focused libraries and compare 
them to our 2P2I3D academic library, dedicated to orthosteric PPI modulators. We show 
that although PPI-focused libraries have been designed using different strategies, 
they share common subspaces. PPI inhibitors are larger and more hydrophobic than 
standard drugs; however, an effort has been made to improve the drug-likeness of 
focused chemical libraries dedicated to this challenging class of targets.

Why is there a trend toward focused 
libraries?
The pharmaceutical industry is at a cross-
roads. This revolution is taking place at several 
levels: active policies regulating pharmaceuti-
cal spending, diminishing returns in R&D, 
health authorities establishing new require-
ments for drug approvals and ‘new approaches 
to science’ becoming more and more complex. 
This deep transformation has led pharmaceu-
tical companies to reposition their strategies, 
including slowing expenditures on R&D. As a 
direct consequence of these multiple changes, 
the number of drugs that receive approval 
every year is a barometer of how well the phar-
maceutical industry is facing these new chal-
lenges. 27 new drugs were approved in 2013, 
ten fewer than the year before; the unexpected 
increase since 2010 was not maintained. More 
disturbingly, in the last 5 years, only 11 mol-
ecules were issued annually, on average, by the 
‘big pharmaceutical companies’ [1]. Thus, the 
need to rationalize R&D at every stage of the 
pipeline is clearly apparent.

To face these changes, two challeng-
ing sources of improvement are currently 
being considered in the early stages of drug 
discovery: on the one hand, the selection of 
new relevant targets, and on the other hand, 

the quality of the compound collections used 
in screening campaigns. In other words, the 
success of the experimental screening tech-
niques used to identify innovative molecules 
depends equally on the specificity of the 
input, such as the quality of target selection, 
and on the chemical libraries used to find the 
‘hidden gems’ or active compounds that act 
on the selected targets.

The definition of the ‘ideal’ screening 
library has evolved over the years. In the early 
years of development, the pharmaceutical 
industry was guided by the concept of ‘one 
fits all’, in other words, the aim was to design 
very large and highly diverse screening collec-
tions that could be tested against all protein 
targets in exhaustive high-throughput screen-
ing (HTS). In an effort to reduce attrition 
rates in drug discovery, the quality of these 
libraries was improved by applying simple fil-
ters related to the concept of drug-likeness. 
Medicinal chemical knowledge based on the 
analysis of the physicochemical and absorp-
tion, distribution, metabolism, excretion 
and toxicity (ADMET) properties of known 
small-molecule drugs has led to the general 
acceptance of some simple rules of thumb fil-
ters, such as Lipinski’s ‘rule of five’ (Ro5) [2], 
Veber’s rule [3], Oprea’s rule [4] or the Pfizer 
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3/75 toxicity rule [5], which are used to remove unde-
sired compounds from screening collections [6]. These 
rules rely on the application of simple cut-offs for some 
standard molecular descriptors such as molecular 
weight (MW), octanol-water partition coefficient 
(LogP) or topological polar surface area (TPSA). More 
quantitative estimates of drug-likeness have 
been developed to avoid the use of binary cut-offs [7–11]. 

Although highly effective, screening strategies based 
on massive and highly diverse collections of compounds 
involve huge costs and major resources, and the ability to 
perform such studies is therefore limited to only a handful 
of screening facilities worldwide. In addition, this global 
approach has delivered lower hit rates than expected, 
especially for emerging classes of targets. Depending 
on the assay, hit rates typically range between 0.1 and 
5% [12]. Focusing chemical libraries toward a particu-
lar family of targets represents an effective alternative to 
improve the hit discovery process [13,14].

Historically, target-focused chemical libraries 
have been designed mainly to address G-protein-cou-
pled receptors (GPCRs), kinases and nuclear recep-
tors. More recently, as knowledge has grown regarding 
cellular protein interaction networks and their role in 
numerous cell disorders, protein–protein interactions 

(PPIs) have emerged as a new class of promising thera-
peutic targets [15–17]. The increasing amount of struc-
tural data concerning both PPI targets and their small-
molecule inhibitors has resulted in the development of 
dedicated structural databases [18–22]. On the one hand, 
analysis of the properties of protein–protein interfaces, 
especially hotspots and interfacial pockets, has resulted 
in the development of scoring functions and dedicated 
servers to assess the druggability of PPIs [23–30]. On 
the other hand, characterization of the profiles of PPI 
disruptors through the detailed ana lysis of their phys-
icochemical properties has allowed the development of 
PPI-focused libraries [15,18,22,31–37].

General methods for the construction of 
focused chemical libraries
Designing target-focused chemical libraries requires 
3D structural knowledge for various members of the 
target family and/or a set of known active small mol-
ecules to drive compound selection. This structural 
knowledge is accessible through the constant develop-
ment of structural-biology validation methods. Today, 
there are more than 90,000 protein structures in the 
protein data bank (PDB) [38–41], including approxi-
mately 1000 3D structures of drugs from the Drugbank 
database bound to their respective targets [42]. Mean-
while, more and more active compounds are continu-
ously being discovered and characterized through HTS 
or drug-discovery programs. 

Focused chemical libraries were first developed for 
GPCRs, protein kinases, proteases, nuclear receptors 
or polymerases, which correspond to the most studied 
therapeutic targets that have led to marketed drugs. 
Hundreds or even thousands of small-molecule modu-
lators have been experimentally tested, characterized 
and optimized for these targets. Furthermore, data 
can often be cross-correlated inside one target family 
because key features of the substrate binding mode or 
mode of action of these enzymes are generally con-
served across the entire family. Serine/threonine pro-
tein kinases are perfect examples of these properties. 
Kinases are among the most represented enzymes in the 
PDB and the serine/threonine kinase subfamily repre-
sents the third most abundant family with nearly 1500 
PDB entries. Lessons learned from one tyrosine kinase 
can often be extended to the entire family, or at least 
to the closest members. In the case of such large target 
families, the design of focused libraries can be driven 
by a ‘divide and conquer’ strategy based on the types 
of inhibitors and their inhibitory mechanisms [43–45].

Focused chemical libraries are generally designed by 
selecting compounds from larger and more diverse col-
lections of compounds using chemoinformatics tools 
based on ligand knowledge or target knowledge or, 

Key terms

Drug-likeness: Different rules of thumb have been 
proposed to assess the drug-likeness of chemical 
compounds. These filters are usually applied to remove, 
from screening collections, compounds that are unlikely 
to be developed as drugs due to their poor absorption, 
distribution, metabolism, excretion and toxicity properties. 
They are derived from the properties of known drugs or 
from bioavailability measurements of putative drugs. 

Descriptors: Molecular descriptors are experimentally 
measured or calculated parameters that reflect the 
physicochemical and structural properties of small 
molecules. Numerous descriptors of various level 
of complexity are available today. They have been 
classified into 1D, 2D or 3D categories according to 
the dimensionality of the structure that is needed to 
calculate them.

Quantitative estimate of drug-likeness: To circumvent 
the use of simple cut-offs, quantitative estimate of 
drug-likeness, reflecting the distribution of eight 
physiologically relevant molecular descriptors, has been 
proposed. Quantitative estimate of drug-likeness provides 
a score between 0 and 1, which allows compounds to be 
ranked. It has been used to quantify the ‘chemical beauty’ 
of drugs.

Target-focused chemical library: Correspond to 
collections of small molecule compounds that have been 
selected for their propensity to interact with a family 
of related targets. Targets within the family can be 
rather similar (such as kinases) or more diverse (such as 
protein–protein interactions). They are used to find primary 
hit compounds in high-throughput screening campaigns.
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ideally, a combination of both. The rationale for these 
approaches is briefly discussed below (more exhaus-
tive descriptions of these methods can be found in the 
literature [46–55]).

Ligand-based techniques
The most popular approaches to the design of focused 
target-specific libraries are based on the properties of 
known active compounds. Ligand-based techniques 
have a number of inherent advantages; for instance, 
protein structures are not needed and only a set of 
reference active compounds is required. Ligand-based 
methods can be divided into descriptor- or pharmaco-
phore-based techniques and shape recognition-based 
techniques.

Descriptor- or pharmacophore-based techniques
Descriptor-based techniques rely on the use of various 
parameters that describe the constitutional, electronic, 
geometrical, topological and molecular properties of 
small molecules. The basic assumption of descrip-
tor-based techniques is that molecules with similar 
descriptors share similar properties and, therefore, 
similar activities towards a given target family. There 
is a wide range of possible descriptors with different 
levels of complexity (1D, 2D and 3D) and pharmaco-
phores can be considered as advanced 3D descriptors. 
Creating a focused library requires the selection of rel-
evant descriptors and/or pharmacophores that can best 
segregate potential ligands of the targeted family from 
among all other small molecules. Descriptor selection 
is most frequently accomplished through computer-
assisted data mining using support vector machines, 
decision trees or neural networks [56,57].

Ligand-based selection is generally performed by 
applying similarity-search methods based on a known 
active chemical scaffold to a large and diverse database. 
This process is often referred as ‘scaffold hopping’, and 
relies on rapid and powerful database scanning for 
comparisons and alignments of molecular fingerprints 
to identify similar chemical entities. 2D and 3D ligand 
pharmacophore alignments can also be used to identify 
similarity subsets in the database.

Shape-recognition-based techniques
Given the assumption that shape complementarity is a 
prerequisite for the binding of a ligand to its target, it is 
reasonable to suppose that molecules with similar shapes 
could be active against similar targets. Shape-based vir-
tual screening has therefore become a popular method 
of identifying small-molecule compounds that resem-
ble a reference structure known to be active against a 
protein target of interest. Even if shape-recognition 
algorithms were not originally developed to address the 

design of family-focused libraries, they are well-suited 
to this task because they offer rapid computation and 
efficient computer-resource consumption. Based on 
known structures of some ligands for the target fam-
ily, one can perform rapid 3D-shape searches in large 
chemical databases and retrieve compounds that share 
similar shapes with known ligands. Shape-recognition-
based techniques can be divided into two subcategories: 
superposition- and nonsuperposition-based techniques. 
One of the most widely used algorithms for superposing 
and comparing compounds is Rapid Overlay of Chemi-
cal Structures [58–61]. This program was designed to 
perform large-scale 3D database searches using a super-
position method that finds similar but nonintuitive 
compounds. The two most popular nonsuperposition-
based algorithms are ESshape3D and Ultrafast Shape 
Recognition (USR) [62], which rely on eigenvectors and 
moments, respectively, as descriptors. In addition to their 
high-speed efficiency, the advantage of these methods 
is that the descriptors that are used are independent of 
molecular orientation and position. USR is an extremely 
fast algorithm (it has been shown to be able to compare 
a query compound to a database of 690 million con-
formers in seconds to minutes), which has prompted the 
addition of pharmacophoric descriptors and topologi-
cal information to the USR algorithm to increase the 
pertinence of the selected compounds [63–65].

Shape-similarity techniques are powerful because of 
their speed, but, more importantly, they often result 
in the identification of new inhibitors with innovative 
chemical scaffolds that can be used as novel leads in 
drug discovery.

Target-based techniques
3D structural data of protein targets have been used 
for many years to bias library design because of the 
progress in docking methods that are able to cor-
rectly predict the correct binding poses and energies 
of interactions. Docking is a successful approach for 
hit identification in structure-based virtual screening 
[66,67]. A high-throughput docking strategy is feasi-
ble for family-focused design if the targeted family 
contains a conserved active site. Gozalbes et al. have 
developed a systematic high-throughput docking 
strategy to design a kinase-focused library [68]. These 
authors docked 123 structurally diverse kinase ligands 
into three representative kinase 3D crystal structures, 
which led to the determination of score thresholds for 
each kinase that a query compound must meet to be 
assessed as a kinase-like inhibitor. Proof of concept was 
first established through virtual screening of two col-
lections of compounds: a collection of more than 2500 
drugs and drug-like compounds as a negative control, 
and a kinase-targeted library of 1440 compounds. The 
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strategy was then experimentally validated by testing 
60 compounds from the kinase-targeted library on 
41 kinases from five different families. The 60 com-
pounds were split into those that passed all thresholds 
and those that did not (30 compounds in each group). 
The overall hit enrichment was 6.7-fold higher in the 
first group, thus validating the approach for the genera-
tion of kinase-targeted libraries and the identification 
of scaffolds with high kinase inhibitory potential [68].

However, the application of docking to the design 
of focused libraries suffers two main limitations: it 
requires knowledge of the 3D structure or a high qual-
ity model of the target; and it incurs a high compu-
tational cost. Unlike ligand-based techniques, which 
are able to screen up to millions of compounds per 
second, docking is limited to only a few compounds 
per second. However, recent developments in graphics 
processing unit (GPU)-based docking algorithms have 
dramatically improved the computation efficiency and 
scalability, thereby permitting the use of the docking 
approach on a larger scale [69,70].

Ballester et al. have combined ligand- and target-
based techniques by using both USR and docking 
on two versions of an antibacterial target [71]. Using 
three known ligands as a query for the USR search in 
the 9 million-compound ZINC database, the authors 
selected 4379 compounds of similar shape and then 
processed them in four various hierarchical screenings 
using docking protocols. The 148 compounds with the 
highest docking scores were screened in vitro against 
the two dehydroquinases targets. The protocols identi-
fied 100 new inhibitors with calculated K

i
 values rang-

ing from 4 to 250 µM. Most importantly, more than 
50 new active molecular scaffolds were discovered, 
illustrating the benefits that a wide application of pro-
spectively validated in silico screening tools is likely to 
offer in antibacterial hit identification [71].

An example: PPI-focused libraries
Importance of PPIs as therapeutic targets
The need for innovation in drug discovery challenges 
pharmaceutical research to look beyond traditional 
targets in order to place pharmaceutical R&D back 
on track. Among the possible approaches to address-
ing this necessary selection of new relevant targets, 
PPI modulation is attracting considerable interest 
as knowledge increases regarding cellular protein 
interaction networks and their role in numerous cell 
disorders [72]. The human interactome, which is esti-
mated to consist of between 130,000 and 650,000 
PPIs [73,74], represents a large reservoir of potential new 
therapeutic drug targets. This perspective has pro-
pelled a new surge of research on this class of targets, 
which is often regarded as being poorly druggable 

because of the 3D structural and biophysical com-
plexity of the interfacial features of transiently formed 
complexes. 

Despite these difficulties, PPIs are becoming more 
accepted and popular targets because of the increasing 
number of successes in the development of PPI inhibi-
tors [75–99]. A recent survey of approximately 50 screen-
ing platforms from academia, small biotech companies 
and pharmaceutical industries has revealed that PPIs are 
screened on almost all platforms [100]. However, the low 
hit rates that are generally observed in HTS campaigns 
against PPI targets have guided a general effort in both 
academia and industry toward the design of dedicated 
libraries to cover the chemical space of PPI inhibitors. 

Academic efforts to design chemical libraries
The earliest efforts to develop small-molecule com-
pounds capable of disrupting PPIs were based on 
the mimicry of secondary structural elements of the 
interacting protein partner, such as beta-turns, alpha 
helices, beta strands or polyproline helices [101–110]. 
These peptidomimetics, designed to reproduce the ori-
entations of key amino-acid side chains, constitute an 
excellent source of compounds for the construction of 
PPI-focused libraries. However, this class of compound 
is restricted to protein–peptide interactions and cannot 
be used for globular PPIs. In the last decade, a large num-
ber of nonpeptidomimetic small-molecule compounds 
capable of disrupting protein–protein complexes have 
been identified. Several studies have been undertaken 
to characterize the chemical properties of these known 
PPI inhibitors by comparing them to other small-mol-
ecule compounds [15,18,22,31,32,34,37,111–113]. On average, 
PPI modulators are relatively hydrophobic, rigid, large 
(high MW), non-planar and non-linear compounds 
that often contain multiple aromatic residues that dif-
ferentiate them from standard drugs. These character-
istic properties have been used to design PPI-focused 
libraries by extracting putative PPI inhibitors from a 
large screening collection of compounds using super-
vised learning methods, such as decision trees [31,34,112] 
or support vector machines [37]. We have developed 
a medicinally oriented diverse PPI-focused library by 
applying our 2P2I

HUNTER
SVM algorithm to 8.3 mil-

lion compounds from the main commercially avail-
able chemical providers [36]. This library of 1664 com-
pounds has been plated and is currently being tested 
against several structurally diverse protein–protein tar-
gets, including PDZ domains, bromodomains and pro-
tein–peptide interactions. The properties of the 2P2I

3D
 

academic library are discussed below in comparison 
with available commercial libraries.

An alternative approach has been developed by 
Fry et al. [35]. Instead of using information regard-
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ing the PPI inhibitors, these authors used structural 
information concerning protein–protein complexes 
that contain alpha-helical binding epitopes to guide 
the design of novel PPI scaffolds. The resultant PPI-
targeting libraries were evaluated against a panel of PPI 
targets (MDM2, MDMX, BCL2, BCLXL, MCL1, 
BIR2, BIR3, JNK1 and NUR77) and revealed hits in 
the low–medium micromolar range corresponding to 
ligand-efficiency values in the range 0.15–0.24, which 
are reasonable for PPI inhibitors [18,120]. 

Commercially available libraries
Several commercial PPI-focused libraries containing 
from 378 to 125,418 compounds that were designed 
using machine learning approaches, rules of thumb 
such as Ro4, scaffold hopping or dedicated synthesis 
are available from several providers (Table 1). Here, we 
present the collections of small-molecule compounds 
specifically dedicated to PPI targets that can be easily 
purchased.

Asinex
Asinex (Moscow, Russia) has used dedicated synthesis 
to design active compounds against PPI targets that lack 
potential ADMET and solubility liabilities. Asinex used 
an algorithm based on combining highly hydrophilic 
3D-like scaffold cores that are enriched in hydrogen-
bond acceptors and donors with PPI-specific lipophilic 
peripheries to build a collection of 11,177 compounds. 

Chemdiv
The design of the Chemdiv (CA, USA) PPI librar-
ies was primarily inspired by the concept of ‘escaping 
from flatland’ [121]. The global library of PPI modu-
lators consists of 125,418 compounds subdivided 
into 11 subsets corresponding to specific PPI targets 
(e.g., MDM2, PDZ and CD16A), chemical fami-
lies of scaffolds (cyclic Ugi-based compounds, spiro 
compounds and eccentric compounds) or shapes of 
recognition elements (beta-turns, helices, beta-sheets, 
strands and loops). The Eccentric subset contains 
6684 nonreactive compounds that correspond to origi-
nal scaffolds that lie outside the field of heteroaromatic 
compounds [122]. This subset has been shown to cover 
a chemical space similar to the one described by our 
2P2I

HUNTER
SVM model [36]. 

Life Chemicals
Life Chemicals (ON, Canada) offers three PPI-focused 
libraries. The similarity PPI library (23,532 com-
pounds) was prepared by comparing the Life Chemi-
cals stock collection to compounds in the Timbal data-
base [18,21], using a Tanimoto similarity cut-off of 85%. 
The ‘Ro4’ PPI library (4364 compounds) was obtained 
by applying the Ro4 filter to the screening collection 
of compounds [15]. A decision-tree approach adopted 
from the literature with two descriptors (RDF070m 
and Ui) was used to design the machine learning set, 
which is composed of 869 compounds [31,32]. In the 

Table 1. List of protein–protein interaction-focused chemical libraries analyzed in this work. 

Provider Library Source Method Number of 
compounds

Ref.

Asinex 
(Moscow, Russia)

PPI Commercial Dedicated synthesis 11,177 [114]

ChemDiv 
(CA, USA)

PPI Commercial PPI-biased chemistry 125,418 [115]

ChemDiv Eccentric Commercial PPI-biased chemistry 6684 [115]

Life Chemicals (ON, 
Canada)

Similarity Commercial Similarity search 23,532 [116]

Life Chemicals Machine 
learning

Commercial Decision tree 869 [116]

Life Chemicals Ro4 Commercial Ro4 4364 [116]

Otava 
(ON, Canada)

Tree™ Commercial Decision tree 1332 [117]

Otava Analogs™ Commercial Similarity search 1027 [117]

Otava BRD4 Commercial BRD4 focused 373 [118]

iSCB/CRCM 
(Marseille, France)

2P2I3D Academic Machine learning and Ro4 1664 [119]

For each library, the provider, name of the collection, source, general methods to prepare the library, number of compounds and link to the 
website of the provider are given. 
PPI: Protein–protein interaction; Ro4: Rule of four.
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original papers, it was demonstrated that RDF070m 
partially correlates with MW at MW <400, and, there-
fore, compounds with MW ≥400 were discarded from 
this library.

Otava
The PPI-focused libraries designed by Otava (ON, 
Canada) comprise compounds that were selected on 
the basis of recently published PPI inhibitor models 
and scaffold hopping. The ‘Tree™ library’ (1332 com-
pounds) was designed using a decision-tree algorithm 
based on several molecular-shape and functional-
group descriptors [112]. The ‘Analogs™ library’ 
(1027 compounds) was prepared using a similarity 
search (ECFP4 fingerprints and a Tanimoto cut-off 
of 40%) with known active PPI inhibitors from the 
TIMBAL database [18,21]. These two libraries were fil-
tered using Lipinski rules while considering the higher 
MW and LogP values of known PPI inhibitors. The 
MW constraints were set between 300 and 700 g.
mol-1, and the LogP cut-off was between 1 and 6. In 
addition, compounds with reactive groups as well as 
promiscuous inhibitors, were removed. The ‘receptor-
based BRD4 inhibitors focused library’ was designed 
by docking each compound into the binding site of the 
BRD4 x-ray crystal structure (PDB ID: 4J0S).

PPI chemical-space coverage
Standard drug-like molecular descriptors
Standard molecular descriptors that are commonly 
used to assess the drug-likeness of small-molecule 
compounds were calculated for the nine commer-
cial libraries and for our academic library 2P2I

3D
 

(Figure 1 & Table 2). PPI inhibitors are known to pre-
sent high MW compounds. However, the median MW 
value is below 500 g.mol-1 for all chemical libraries, 
and 90% of the compounds exhibit MWs that range 
from 300 to 600 g.mol-1, which reflects the desire to 
design libraries with medicinally driven potential. It is 
important to note that although the high MW of PPI 
inhibitors has long discouraged medicinal chemists, 
some recent successes of orally available drugs, such 
as navitoclax from Abbott Laboratories (IL, USA; in 
Phase 2 despite a MW of 974.6 g.mol-1), have demon-
strated that high MW is not necessarily an obstacle to 
the development of drugs against PPI targets [124–127]. 
The vast majority of PPI inhibitors in the focused 
libraries possess fewer than five hydrogen-bond donors 
(a median of approximately one) and fewer than 
ten hydrogen-bond acceptors (a median of approxi-
mately six). Most compounds in PPI-focused librar-
ies are compliant with Lipinski’s ‘Ro5’ for these two 
descriptors. The low number of hydrogen-bond donors 
is related to the hydrophobic nature of protein–protein 

interfaces with few hydrophilic residues. PPI inhibitors 
are considered to be highly hydrophobic compounds 
as reflected in the relatively high LogP values. For all 
libraries, the median MLogP value is below 4.15, as 
represented by the cut-off value in Lipinski’s ‘Ro5’. 
Although PPI inhibitors are hydrophobic compounds, 
the currently available PPI-focused libraries were pre-
pared such that most compounds with high LogP val-
ues were discarded. Although PPI inhibitors are gener-
ally described as anti-Ro5 compounds, ana lysis of the 
available PPI libraries demonstrates that a large number 
of compounds are compliant with Lipinski’s ‘Ro5’ with 
values ranging from 81.2 to 98.9%, with an average of 
91.7 ± 6.2% (Figure 1, left panels). Moreover, it should 
be noticed that there is currently a general tendency to 
incorporate compounds that exhibit larger MWs and 
higher hydrophobicities than those of orally available 
drugs into commercial screening collections [128].

Veber et al. have shown that a polar surface area of 
less than or equal to 140 Å2 and a number of rotatable 
bonds of fewer than or equal to ten are correlated with 
oral bioavailability in rats [3]. The median values for 
these two criteria in the PPI-focused libraries are below 
the cut-offs defined by Veber (Figure 1 & Table 2). As 
a consequence, the percentage of compounds that fol-
low Veber’s rule is relatively high, ranging from 64.4% 
for the Eccentric library from Chemdiv, to 100% for 
the machine learning set from Life Chemicals with an 
average of 93.4 ± 10.5% (Table 3 & Figure 2).

According to the definitions of Lipinski et al. [2], 
Veber et al. [3], Oprea [4], Walters and Murcko [129], 
and Rishton [130], the Eccentric library contains less 
drug-like compounds than the other PPI-focused 
libraries (Table 3 & Figure 2). However, even for this 
library, which contains new and unusual ring scaffolds 
[122], the majority of the compounds satisfy the various 
drug-likeness conditions.

It has been shown that PPI inhibitors contain more 
rings than standard drugs [15,18,32], which could be cor-
related with the high propensity of aromatic amino 
acids to act as hot-spots at protein–protein interfaces 
[131]. Many small-molecule inhibitors have therefore 
been designed to mimic interfacial interactions, includ-
ing pi/pi, CH/pi and hydrophobic packing interactions. 
Most compounds in the available PPI libraries contain 
between three and five rings (Figure 1 & Table 2).

PPI inhibitors are more three-dimensional and 
possess more asymmetric centers than compounds 
developed for other targets, such as enzymes and recep-
tors [132]. PPI-focused chemical libraries have therefore 
been designed to ‘escape from flatland’ [121], as indi-
cated by the fact that the Fsp3 ratio (i.e., the number 
of sp3 hybridized carbons divided by the total carbon 
count) is greater than 0.3 for most compounds in the 
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Figure 1. Physicochemical profile of compounds from protein–protein interaction libraries. Properties of the 
compounds from the various protein–protein interaction-focused libraries are compared using box plots for eight 
standard molecular descriptors. The thin bars represent the complete range distribution for a given property 
and boxes correspond to 90% of the compounds (from 5 to 95% of the distribution). Median values are shown 
through a color change (from dark to light orange), whereas average values are indicated as dark brown circles. 
Cut-off values used in standard drug-likeness rules are highlighted using dotted lines.  
†Carbon bond saturation index corresponding to the number of sp3 hybridized carbons to the total number of 
carbon atoms. 
MW: Molecular weight; Ro4: Rule of four; TPSA: Topological polar surface area.
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PPI-focused libraries (Figure 1 & Table 2). Compounds 
from the three Otava libraries exhibit lower Fsp3 val-
ues, while ‘Ro4 library’ from Life Chemicals and our 
academic 2P2I

3D
 library, which has been filtered to 

remove most compounds with low Fsp3 values, contain 
more three-dimensional compounds. 

On average, although the PPI-focused libraries were 
prepared using different approaches, they share some 
common properties, as indicated by the ana lysis of their 
standard molecular descriptors (Figure 1 & Table 2). 
To better compare the chemical space spanned by 
the various libraries, we used principal component 
analysis.

Delimited reference chemical subspaces
Several approaches have been developed to visualize 
and compare large chemical databases [133–138]. We 
used a recently developed method to build delimited 
reference chemical subspaces (DRCS) [139,140]. A 
major advantage of this approach is that it provides 
a simple method of representing and comparing 
chemical spaces using contour delimitation. First, 
we compared the chemical space spanned by our 
2P2I

3D 
academic library to those covered by the nine 

commercially available PPI libraries (Figure 3). As 
shown previously, the chemical spaces occupied by 
the various libraries are similar, which can be attrib-
uted to the comparable definitions of the general pro-
file of PPI inhibitors used to design these libraries. 
To further compare the chemical-space coverage, we 
used reference chemical spaces defined by Le Guil-
loux et al. [139,140]. Several reference subspaces have 
been defined using MOE 2D molecular descriptors 
and the principal component analysis dimensional-
ity reduction method, starting from 6.63 million 
compounds representative of 73 providers [140]. The 
various PPI-focused libraries were projected in the 
MOE2D DRCS to allow visual comparison of these 
libraries by means of three contours correspond-
ing to subspaces of drug-like (Lipinski+), nondrug-
like (Lipinski-) and pharmaceutical compounds Ta
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Key terms

Delimited reference chemical subspace: Represent an 
easy way of visualizing and comparing chemical subspaces. 
They are used to create a visual contour representative of 
the densest portion of the chemical space spanned by a set 
of compounds in a reduced-dimension space. 

Chemical spaces: The chemical space of a set of 
compounds can be seen as the region sampled by these 
molecules in the universe of all chemical compounds. It is 
highly dependent on the set of descriptors that are used 
to describe the compounds. They can be easily visualized 
using dimensionality reduction methods such as principal 
component analysis.
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(Figure 4). A general overview of the various libraries 
confirms that all PPI libraries cover a similar subspace 
of the chemical space, as could be expected for target-
specific libraries (cyan contour in Figure 4, middle top 

panel).There is an obvious tendency to incorporate 
mainly drug-like compounds in commercial librar-
ies, as evidenced by the chemical space they occupy, 
which primarily lies in the drug-like subspace. This is 

Table 3. Drug-likeness indices.

Provider Library Lipinski (%) Veber (%) Oprea (%) Walters (%) Rishton (%)

Asinex 
(Moscow, 
Russia)

PPI 93.5 97.8 86.8 95.0 96.9

ChemDiv (CA, 
USA)

PPI 94.1 97.8 89.7 96.5 96.8

ChemDiv Eccentric 81.2 64.4 63.0 73.9 74.4

Life Chemicals 
(ON, Canada)

Similarity 98.2 99.6 94.2 99.0 98.4

Life Chemicals Machine learning 95.6 100.0 97.6 99.6 99.7

Life Chemicals Ro4 92.1 98.5 85.1 94.6 95.1

Otava (ON, 
Canada)

TreeTM 98.9 99.5 97.1 97.2 97.4

Otava AnalogsTM 96.4 98.6 95.0 99.2 99.0

Otava BRD4 84.9 91.7 73.7 84.5 87.6

iSCB/CRCM 
(Marseille, 
France)

2P2I3D 82.3 85.7 67.9 78.5 83.5

Minimum 81.2 64.4 63.0 73.9 74.4

Maximum 98.9 100.0 97.6 99.6 99.7

Average ± SD 91.7 ± 6.2 93.4 ± 10.5 85.0 ± 11.9 91.8 ± 8.9 92.9 ± 7.9

For each library, the percentage of compounds that comply with standard drug-like rules is indicated. The different scores were computed 

using Dragon 6 [123]. 
PPI: Protein–protein interaction; Ro4: Rule of four; SD: Standard deviation.

Figure 2. Drug-likeness of compounds from protein–protein interaction libraries. Radar graph showing the 
percentage of compounds that obey commonly used drug-likeness rules for the various protein–protein 
interaction-focused libraries (actual values are given in Table 3). The different drug-like scores were computed 
with Dragon 6 [123].
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particularly true for the machine learning and simi-
larity sets from Life Chemicals, Otava BRD4 and, 
to a slightly lesser extent, ChemDiv. This observa-
tion can be correlated with high percentages of low 
MW compounds in these libraries (Figure 1). Con-
cerning the academic library, although the majority 
of the compounds lie within the drug-like subspace, 
a significant number of compounds lie outside this 
chemical space extending in the nondrug-like and 
pharmaceutical subspaces. The DRCS ana lysis using 
MOE2D descriptors clearly indicates that most com-
pounds from the various PPI libraries occupy a spe-
cific chemical space that lies between drug-like and 
nondrug-like regions. This observation reflects both 
the different properties of PPI inhibitors compared 
with standard drugs (higher MW and higher LogP) 
and the desire, especially by commercial providers, 
to remove potential ADMET and solubility liabilities 

by applying drug-like filters in the construction of 
screening libraries.

Future perspective
In this work, we reviewed the growing interest in the 
design of focused libraries, with a particular empha-
sis on PPI-targeted libraries. We determined that the 
vast majority of libraries focused on PPI that are cur-
rently available through commercial providers were 
developed using pharmacological or physicochemical 
filters, in addition to machine-learning methods using 
the general profile of PPI inhibitors as a guide. These 
filters or algorithms were applied to extract potential 
PPI inhibitors from the large screening collections of 
the major providers, which had previously been fil-
tered through other drug-likeness filters, such as the 
well-known Lipinski’s ‘Ro5’. Thus, the resulting com-
pounds from these libraries are a selection of existing 

Asinex ChemDiv
All

ChemDiv
Eccentric

Life Chemicals
Machine learning

Life Chemicals
Rule of four

Life Chemicals
Similarity

Otava
Analogs™

Otava
BRD4

Otava
Tree™
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Figure 3. Comparison of the chemical space defined by our academic 2P2I3D library and the chemical space of 
commercially available protein–protein interaction libraries. A principal component analysis model was built 
for the 2P2I3D library using the nine molecular descriptors defined in Table 2 and delimited reference chemical 
subspace tools as described in Le Guilloux et al. [140]. The resulting average contour representing the 2P2I3D 
subspace in the first two principal components is shown in orange. The nine commercial protein–protein 
interaction libraries were then projected on 2P2I3D chemical space (each blue dot corresponds to one compound).
The first two principal components accounted for more than 52% of the entire data variance (70% for the first 
three components). 
PC1: First principal component; PC2: Second principal component.
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compounds (a selected subpopulation) more than a 
de novo synthesis of compounds according to rules 
identified through the ana lysis of successfully vali-
dated PPI modulators. This important bias is clearly an 
obstacle to innovation and certainly the Achilles’ heel 
limiting the expected success of addressing this chal-
lenging class of targets. The discovery of innovative 
compounds with original and dedicated scaffolds will 
certainly occur once the field is sufficiently mature to 

yield compounds that have not been proposed in the 
current libraries. 

The available interactome is vast compared with the 
number of PPI targets that can presently be modulated 
using small molecules. We are, therefore, far from 
covering the entire chemical space of druggable PPI 
targets. As knowledge increases, specifically structural 
information regarding both the target and the inhibi-
tors, it will become possible to better characterize the 
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Figure 4. Projection of protein–protein interaction-focused libraries on delimited reference chemical subspace 
contours. The various PPI libraries were projected in the MOE 2D delimited reference chemical space as described 
in Colliandre et al. [139] using the open-source software screening assistant [141,142]. Compounds are shown by 
black dots. The Prestwick library, which contains 1200 small-molecule drugs, is shown as a reference. Three 
contours representing drug-like (Lipinski+, in blue), non-drug-like (Lipinski- in green) and pharmaceuticals (in red) 
that were defined in the original paper from a set of more than 6.5 million compounds are shown. The contour 
representing the PPI subspace defined in this review from all available libraries is shown with a cyan contour (top 
middle panel). The cumulated variance for the first two principal components is 44% (54% for the first three 
components). 
PC1: First principal component; PC2: Second principal component; PPI: Protein–protein interaction.
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general profile of inhibitors for each family of PPI 
targets, which will lead to the development of more 
specific and selective compounds. As a result, it will be 
possible to design more efficient PPI-focused libraries 
dedicated to each class of PPI targets.

In the meantime, an obvious track for the design of 
new original scaffolds is related to the three-dimen-
sionality of the compounds [121,132]. There is already 
a general tendency toward attempting to escape from 
‘flatland’ by removing the flat and hydrophobic com-
pounds that pollute commercial libraries and gener-
ate false positives or nonspecific hits. Compounds 

with a higher number of asymmetric carbons (natural 
products or those obtained through organic synthesis) 
constitute another possible track that should be 
investigated in greater detail in the future. These inno-
vations (e.g., three-dimensionality, number of asym-
metric carbons or new original scaffolds) represent a 
way to avoid the clear trend toward the development 
of compounds of higher MW, increased hydrophobic-
ity and greater number of aromatic rings [128]. The 
main challenge in the future most likely lies in the 
hands of organic and medicinal chemists in the field 
who are striving to design novel compounds dedicated 

Executive Summary

Why is there a trend toward focused libraries?
•	 The number of new molecular entities approved annually has been in constant decline over the last 50 years. A possible track to 

overcome this crisis in the pharmaceutical industry involves the expansion of the number of druggable targets and the proper 
design of the collection of compounds. 

•	 The quality of the collection of compounds used in high or medium throughput screening campaigns is essential to increase hit 
rates, lower attrition rates and reduce the cost of drug development. It is commonly admitted nowadays that chemical libraries 
need to be diverse. For the design of medicinally oriented libraries, absorption, distribution, metabolism, excretion and toxicity 
filters are generally applied to remove undesired compounds. 

•	 The design of small or medium size diverse focused-libraries dedicated to a particular class of targets is regarded as an efficient 
way to enhance the quality of small molecule compound collections when prior knowledge regarding reference compounds or 
the target is available. Methods generally used to focus chemical libraries involve ligand-based and structure-based approaches.

Protein–protein interaction-focused libraries
•	 Despite their reputation for being poorly druggable targets, protein–protein interactions (PPI) are emerging as a new class of 

innovative targets. They are involved in numerous biological pathways and cell disorders, such as cancer pathogenesis, which 
makes them an attractive class of therapeutic targets.

•	 Historically, the design of focused libraries dedicated to PPI involved modified peptides and peptidomimetics that reproduce 
secondary structural elements at the protein interface. PPI are considered as difficult targets for the design of small-molecule 
inhibitors through drug discovery because of the properties of the binding interface. A major breakthrough came with the 
characterization of interfacial hotspot residues accounting for most of the binding energy between the two partners. Since then, 
thousands of small-molecule inhibitors have been developed for more than 60 targets. Several dedicated databases have been 
developed to gather knowledge on both PPI druggable targets and their modulators.

•	 A general profile of a PPI inhibitor has been defined based on the increasing number of success stories. Compared to standard 
drugs, PPI modulators are larger, more hydrophobic and more three-dimensional, with a greater number of rings and higher 
aromaticity. 

•	 Several commercially available PPI-focused libraries have been designed using machine learning approaches, rules of thumb 
such as the ‘rule of four’, scaffold hopping or dedicated synthesis. We have built 2P2I3D, a small academic diverse PPI-focused 
library, by applying a supervised vector machine algorithm on 8.3 million compounds representing the major chemical 
providers commercially available. Compounds that did not contain privileged scaffolds identified as core structures in numerous 
therapeutics and compounds with low three-dimensionality were excluded from the final library composed of 1664 small 
molecules.

PPI chemical-space coverage
•	 Delimited reference chemical space analyses revealed that, although PPI-focused libraries presented in this review have been 

prepared using different strategies, most compounds share a common subspace that lies between ‘drug-like’ and ‘nondrug-like’ 
regions. The various libraries exhibit a relatively high percentage of drug likeness, showing that undesirable compounds have 
usually been removed during the preparation of the chemical libraries.

Future perspective
•	 Compounds in most PPI-focused libraries available today were extracted from large screening collections. A better 

characterization of the structure and dynamics of protein interfaces, through success stories in drug development, will result 
in the design of more potent and more selective modulators. In return, the general profile of PPI inhibitors will be better 
characterized and it will be possible to design more efficient focused libraries dedicated to subclasses of PPI targets. The next 
generation of small molecules dedicated to PPI targets should involve the design of new original scaffolds specifically addressing 
the specific chemical space of this difficult class of target.
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to this difficult class of targets, which most certainly 
represents a bright future for the pharmaceutical 
industry.

Acknowledgements
We would like to thank P Bonnet, S Bourg and V Le Guilloux from 

the group of Structural Bioinformatics and Chemoinformatics 

(Institut de Chimie Organique et Analytique [ICOA], UMR 

7311) for helpful discussions regarding delimited reference 

chemical subspaces tools.

Financial & competing interests disclosure
The authors have no relevant affiliations or financial 

involvement with any organization or entity with a financial 

interest in or financial conflict with the subject matter 

or materials discussed in the manuscript. This includes 

employment, consultancies, honoraria, stock ownership 

or options, expert testimony, grants or patents received or 

pending, or royalties. 

No writing assistance was utilized in the production of this 

manuscript.

References
Papers of special note have been highlighted as:  
• of interest; •• of considerable interest

1 Munoz B. The FDA approvals of 2013: a watershed? Forbes, 
3rd January (2014).  
www.forbes.com/sites/bernardmunos/2014/01/03/the-fda-
approvals-of-2013-a-watershed/

2 Lipinski C, Lombardo F, Dominy B, Feeney P. Experimental 
and computational approaches to estimate solubility and 
permeability in drug discovery and development settings. 
Adv. Drug Deliv. Rev. 46(1–3), 3–26 (2001).

3 Veber DF, Johnson SR, Cheng HY, Smith BR, Ward KW, 
Kopple KD. Molecular properties that influence the oral 
bioavailability of drug candidates. J. Med. Chem. 45(12), 
2615–2623 (2002).

4 Oprea TI. Property distribution of drug-related chemical 
databases. J. Comput. Aided Mol. Des. 14(3), 251–264 
(2000).

5 Hughes JD, Blagg J, Price DA et al. Physiochemical drug 
properties associated with in vivo toxicological outcomes. 
Bioorg. Med. Chem. Lett. 18(17), 4872–4875 (2008).

6 Lajiness MS, Vieth M, Erickson J. Molecular properties that 
influence oral drug-like behavior. Curr. Opin. Drug Discov. 
Devel. 7(4), 470–477 (2004).

7 Gleeson MP, Hersey A, Hannongbua S. In-silico ADME 
models: a general assessment of their utility in drug 
discovery applications. Curr. Top. Med. Chem. 11(4), 358–
381 (2011).

8 Gleeson MP, Hersey A, Montanari D, Overington J. 
Probing the links between in vitro potency, ADMET and 
physicochemical parameters. Nat. Rev. Drug Discov. 10(3), 
197–208 (2011).

9 Bickerton GR, Paolini GV, Besnard J, Muresan S, Hopkins 
AL. Quantifying the chemical beauty of drugs. Nat. Chem. 
4(2), 90–98 (2012).

10 Gleeson MP, Modi S, Bender A et al. The challenges 
involved in modeling toxicity data in silico: a review. Curr. 
Pharm. Des. 18(9), 1266–1291 (2012).

11 Gleeson MP, Montanari D. Strategies for the generation, 
validation and application of in silico ADMET models in 
lead generation and optimization. Expert Opin. Drug Metab. 
Toxicol. 8(11), 1435–1446 (2012).

12 Gupta S. New drug development. In: Drug Discovery and 
Clinical Research. JayPee Brothers Medical Publishers Ltd, 
Delhi, India, 1–135 (2011).

13 Gregori-Puigjané E, Mestres J. Coverage and bias in 
chemical library design. Curr. Opin. Chem. Biol. 12(3), 
359–365 (2008).

14 Lipkin MJ, Stevens AP, Livingstone DJ, Harris CJ. How 
large does a compound screening collection need to be? 
Comb. Chem. High Throughput Screen. 11(6), 482–493 
(2008).

15 Morelli X, Bourgeas R, Roche P. Chemical and structural 
lessons from recent successes in protein–protein interaction 
inhibition (2P2I). Curr. Opin. Chem. Biol. 15(4), 475–481 
(2011).

16 Mullard A. Protein–protein interaction inhibitors get into 
the groove. Nat. Rev. Drug Discov. 11(March 2012), 173–175 
(2012).

l	 Describes the advancement in drug discovery efforts 
against protein–protein interactions, ‘the unmined biology 
gold reserve’.

17 Makley LN, Gestwicki JE. Expanding the number of 
‘druggable’ targets: non-enzymes and protein–protein 
interactions. Chem. Biol. Drug Des. 81(1), 22–32 (2013).

18 Higueruelo AP, Schreyer A, Bickerton GRJ, Pitt WR, 
Groom CR, Blundell TL. Atomic interactions and profile of 
small molecules disrupting protein–protein interfaces: the 
TIMBAL database. Chem. Biol. Drug Des. 74(5), 457–467 
(2009).

l	 Describes the first hand-curated database dedicated to 
small molecule protein–protein interaction inhibitors and 
provides general molecular properties of the modulators.

19 Bourgeas R, Basse M-J, Morelli X, Roche P. Atomic analysis 
of protein–protein interfaces with known inhibitors: the 
2P2I database. PLoS ONE 5(3), e9598 (2010).

20 Basse MJ, Betzi S, Bourgeas R et al. 2P2Idb: a structural 
database dedicated to orthosteric modulation of 
protein–protein interactions. Nucleic Acids Res. 41(Database 
issue), D824–D827 (2013).

21 Higueruelo AP, Jubb H, Blundell TL. TIMBAL v2: 
update of a database holding small molecules modulating 
protein–protein interactions. Database (Oxford) 2013, bat039 
(2013).

22 Labbé CM, Laconde G, Kuenemann MA, Villoutreix BO, 
Sperandio O. iPPI-DB: a manually curated and interactive 
database of small non-peptide inhibitors of protein–protein 
interactions. Drug Discov. Today 18(19–20), 958–968 (2013).

23 Kozakov D, Hall DR, Chuang GY et al. Structural 
conservation of druggable hot spots in protein–protein 



1304 Future Med. Chem. (2014) 6(11) future science group

Review    Zhang, Betzi, Morelli & Roche

interfaces. Proc. Natl Acad. Sci. USA 108(33), 13528–13533 
(2011).

	l		l	 Authors used a variety of small probe molecules in 
combination with conformational sampling of the target to 
define and predict druggable sites at the protein interface.

24 Sugaya N, Furuya T. Dr. PIAS: an integrative system for 
assessing the druggability of protein–protein interactions. 
BMC Bioinformatics 12, 50 (2011).

25 Wanner J, Fry DC, Peng Z, Roberts J. Druggability 
assessment of protein–protein interfaces. Future Med. Chem. 
3(16), 2021–2038 (2011).

26 Koes DR, Camacho CJ. PocketQuery: protein–protein 
interaction inhibitor starting points from protein–protein 
interaction structure. Nucleic Acids Res. 40(Web Server 
issue), W387–W392 (2012).

27 Metz A, Ciglia E, Gohlke H. Modulating protein–protein 
interactions: from structural determinants of binding to 
druggability prediction to application. Curr. Pharm. Des. 
18(30), 4630–4647 (2012).

28 Ulucan O, Eyrisch S, Helms V. Druggability of dynamic 
protein–protein interfaces. Curr. Pharm. Des. 18(30), 
4599–4606 (2012).

29 Hamon V, Morelli X. Druggability of protein–protein 
interactions. In: Understanding and Exploiting Protein–
Protein Interactions as Drug Targets. Future Science Ltd, 
London, UK, 18–31 (2013).

30 Higueruelo AP, Jubb H, Blundell TL. Protein–protein 
interactions as druggable targets: recent technological 
advances. Curr. Opin. Pharmacol. 13(5), 791–796 (2013).

31 Reynes C, Host H, Camproux AC et al. Designing focused 
chemical libraries enriched in protein–protein interaction 
inhibitors using machine-learning methods. PLoS Comput. 
Biol. 6(3), e1000695 (2010).

32 Sperandio O, Reynès C, Camproux A, Villoutreix B. 
Rationalizing the chemical space of protein–protein 
interaction inhibitors. Drug Discov. Today 15(5–6), 220–229 
(2010).

33 Sperandio O. Editorial: toward the design of drugs on 
protein–protein interactions. Curr. Pharm. Des. 18(30), 4585 
(2012).

34 Villoutreix BO, Labbé CM, Lagorce D, Laconde 
G, Sperandio O. A leap into the chemical space of 
protein–protein interaction inhibitors. Curr. Pharm. Des. 
18(30), 4648–4667 (2012).

35 Fry D, Huang KS, Di Lello P et al. Design of libraries targeting 
protein–protein interfaces. ChemMedChem 8(5), 726–732 
(2013).

36 Hamon V, Brunel JM, Combes S, Basse MJ, Roche P, 
Morelli X. 2P2Ichem: focused chemical libraries dedicated 
to orthosteric modulation of protein–protein interactions. 
MedChemComm 4(5), 797–809 (2013).

37 Hamon V, Bourgeas R, Ducrot P et al. 2P2I HUNTER: a tool 
for filtering orthosteric protein–protein interaction modulators 
via a dedicated support vector machine. J. R. Soc. Interface 
11(90), 20130860 (2014).

38 Berman HM, Westbrook J, Feng Z et al. The protein data 
bank. Nucleic Acids Res. 28(1), 235–242 (2000).

39 Gutmanas A, Alhroub Y, Battle GM et al. PDBe: Protein 
Data Bank in Europe. Nucleic Acids Res. 42(Database issue), 
D285–D291 (2014).

40 Berman HM, Kleywegt GJ, Nakamura H, Markley JL. The 
future of the protein data bank. Biopolymers 99(3), 218–222 
(2013).

41 Rose PW, Bi C, Bluhm WF et al. The RCSB Protein Data 
Bank: new resources for research and education. Nucleic Acids 
Res. 41(Database issue), D475–D482 (2013).

42 DrugBank database. 
www.drugbank.ca

43 Vieth M, Sutherland JJ, Robertson DH, Campbell RM. 
Kinomics: characterizing the therapeutically validated kinase 
space. Drug Discov. Today 10(12), 839–846 (2005).

44 Harris CJ, Hill RD, Sheppard DW, Slater MJ, Stouten PF. The 
design and application of target-focused compound libraries. 
Comb. Chem. High Throughput Screen. 14(6), 521–531 (2011).

45 Sutherland JJ, Gao C, Cahya S, Vieth M. What general 
conclusions can we draw from kinase profiling data sets? 
Biochim. Biophys. Acta 1834(7), 1425–1433 (2013).

46 Acharya C, Coop A, Polli JE, Mackerell AD. Recent advances 
in ligand-based drug design: relevance and utility of the 
conformationally sampled pharmacophore approach. Curr. 
Comput. Aided Drug Des. 7(1), 10–22 (2011).

47 Favia AD. Theoretical and computational approaches to 
ligand-based drug discovery. Front. Biosci. (Landmark Ed.) 16, 
1276–1290 (2011).

48 Ripphausen P, Nisius B, Bajorath J. State-of-the-art in 
ligand-based virtual screening. Drug Discov. Today 16(9–10), 
372–376 (2011).

49 Sukumar N, Das S. Current trends in virtual high throughput 
screening using ligand-based and structure-based methods. 
Comb. Chem. High Throughput Screen. 14(10), 872–888 
(2011).

50 Wilson GL, Lill MA. Integrating structure-based and ligand-
based approaches for computational drug design. Future Med. 
Chem. 3(6), 735–750 (2011).

51 Chen L, Morrow JK, Tran HT, Phatak SS, Du-Cuny L, Zhang 
S. From laptop to benchtop to bedside: structure-based drug 
design on protein targets. Curr. Pharm. Des. 18(9), 1217–1239 
(2012).

52 Cheng T, Li Q, Zhou Z, Wang Y, Bryant SH. Structure-based 
virtual screening for drug discovery: a problem-centric review. 
AAPS J. 14(1), 133–141 (2012).

53 Pirhadi S, Shiri F, Ghasemi JB. Methods and applications 
of structure based pharmacophores in drug discovery. Curr. 
Top. Med. Chem. 13(9), 1036–1047 (2013).

54 Sheppard DW, Lipkin MJ, Harris CJ, Catana C, Stouten PF. 
Strategies for small molecule library design. Curr. Pharm. 
Des. 19, 1–9 (2013).

55 Sheppard DW, MacRitchie JA. Building in molecular 
diversity for targeted libraries. Drug Discov. Today Technol. 
10(4), e461–466 (2013).

56 Geppert H, Vogt M, Bajorath J. Current trends in ligand-
based virtual screening: molecular representations, data 
mining methods, new application areas, and performance 
evaluation. J. Chem. Inf. Model 50(2), 205–216 (2010).



www.future-science.com 1305future science group

Focused chemical libraries – design & enrichment: an example of protein–protein interaction chemical space    Review

57 Butkiewicz M, Lowe EW, Mueller R et al. Benchmarking 
ligand-based virtual high-throughput screening with the 
PubChem database. Molecules 18(1), 735–756 (2013).

58 Rush TS, Grant JA, Mosyak L, Nicholls A. A shape-based 
3-D scaffold hopping method and its application to a 
bacterial protein–protein interaction. J. Med. Chem. 48(5), 
1489–1495 (2005).

59 Tawa GJ, Baber JC, Humblet C. Computation of 3D queries 
for ROCS based virtual screens. J. Comput. Aided Mol. Des. 
23(12), 853–868 (2009).

60 Ebalunode JO, Zheng W. Molecular shape technologies in 
drug discovery: methods and applications. Curr. Top. Med. 
Chem. 10(6), 669–679 (2010).

61 AbdulHameed MD, Chaudhury S, Singh N, Sun H, 
Wallqvist A, Tawa GJ. Exploring polypharmacology using 
a ROCS-based target fishing approach. J. Chem. Inf. Model 
52(2), 492–505 (2012).

62 Ballester PJ. Ultrafast shape recognition: method and 
applications. Future Med. Chem. 3(1), 65–78 (2011).

63 Cannon EO, Nigsch F, Mitchell JB. A novel hybrid ultrafast 
shape descriptor method for use in virtual screening. Chem. 
Cent. J. 2, 3 (2008).

64 Armstrong MS, Finn PW, Morris GM, Richards WG. 
Improving the accuracy of ultrafast ligand-based screening: 
incorporating lipophilicity into ElectroShape as an extra 
dimension. J. Comput. Aided Mol. Des. 25(8), 785–790 
(2011).

65 Schreyer AM, Blundell T. USRCAT: real-time ultrafast shape 
recognition with pharmacophoric constraints. J. Cheminform. 
4(1), 27 (2012).

66 Sutherland JJ, Nandigam RK, Erickson JA, Vieth M. Lessons 
in molecular recognition. 2. Assessing and improving cross-
docking accuracy. J. Chem. Inf. Model. 47(6), 2293–2302 
(2007).

67 Meng XY, Zhang HX, Mezei M, Cui M. Molecular docking: 
a powerful approach for structure-based drug discovery. 
Curr. Comput. Aided Drug Des. 7(2), 146–157 (2011).

68 Gozalbes R, Simon L, Froloff N, Sartori E, Monteils C, 
Baudelle R. Development and experimental validation of 
a docking strategy for the generation of kinase-targeted 
libraries. J. Med. Chem. 51(11), 3124–3132 (2008).

69 Korb O, Stützle T, Exner TE. Accelerating molecular 
docking calculations using graphics processing units. 
J. Chem. Inf. Model 51(4), 865–876 (2011).

70 Wu J, Hong B, Takeda T, Guo JT. High performance 
transcription factor-DNA docking with GPU computing. 
Proteome Sci. 10(Suppl. 1), S17 (2012).

71 Ballester PJ, Mangold M, Howard NI et al. Hierarchical 
virtual screening for the discovery of new molecular scaffolds 
in antibacterial hit identification. J. R. Soc. Interface 9(77), 
3196–3207 (2012).

72 Morelli X, Hupp T. Searching for the Holy Grail; 
protein–protein interaction analysis and modulation. EMBO 
Rep. 13(10), 877–879 (2012).

73 Stumpf M, Thorne T, de Silva E et al. Estimating the size of 
the human interactome. Proc. Natl Acad. Sci. USA 105(19), 
6959–6964 (2008).

74 Venkatesan K, Rual J, Vazquez A et al. An empirical 
framework for binary interactome mapping. Nat. Methods 
6(1), 83–90 (2009).

75 Arkin MR, Whitty A. The road less traveled: modulating 
signal transduction enzymes by inhibiting their 
protein–protein interactions. Curr. Opin. Chem. Biol. 13(3), 
284–290 (2009).

76 Wilson AJ. Inhibition of protein–protein interactions using 
designed molecules. Chem. Soc. Rev. 38(12), 3289–3300 
(2009).

77 Zinzalla G, Thurston DE. Targeting protein–protein 
interactions for therapeutic intervention: a challenge for the 
future. Future Med. Chem. 1(1), 65–93 (2009).

78 Selivanova G. Therapeutic targeting of p53 by small 
molecules. Semin. Cancer Biol. 20(1), 46–56 (2010).

79 Ballatore C, Brunden KR, Trojanowski JQ, Lee VM, Smith 
AB, Huryn DM. Modulation of protein–protein interactions 
as a therapeutic strategy for the treatment of neurodegenerative 
tauopathies. Curr. Top. Med. Chem. 11(3), 317–330 (2011).

80 Fry D. Small-Molecule Inhibitors of Protein–Protein 
Interactions. Vassilev L, Fry D (Eds). Springer, NJ, USA 
(2011).

81 Garner AL, Janda KD. Protein–protein interactions and 
cancer: targeting the central dogma. Curr. Top. Med. Chem. 
11(3), 258–280 (2011).

82 Wilson CG, Arkin MR. Small-molecule inhibitors of IL-2/
IL-2R: lessons learned and applied. Curr. Top. Microbiol. 
Immunol. 348, 25–59 (2011).

83 Bienstock RJ. Computational drug design targeting 
protein–protein interactions. Curr. Pharm. Des. 18(9), 1240–
1254 (2012).

84 Fry DC. Small-molecule inhibitors of protein–protein 
interactions: how to mimic a protein partner. Curr. Pharm. 
Des. 18(30), 4679–4684 (2012).

85 Khoury K, Dömling A. P53 MDM2 inhibitors. Curr. Pharm. 
Des. 18(30), 4668–4678 (2012).

86 Fayne D. De-peptidising protein–protein interactions – big 
jobs for small molecules. Drug Discov. Today Technol. 10(4), 
e467–e474 (2013).

87 Grillo-Bosch D, Choquet D, Sainlos M. Inhibition of PDZ 
domain-mediated interactions. Drug Discov. Today Technol. 
10(4), e531–e540 (2013).

88 Ivanov AA, Khuri FR, Fu H. Targeting protein–protein 
interactions as an anticancer strategy. Trends Pharmacol. Sci. 
34(7), 393–400 (2013).

89 Milroy LG, Brunsveld L, Ottmann C. Stabilization and 
inhibition of protein–protein interactions: the 14-13-3 case 
study. ACS Chem. Biol. 8(1), 27–35 (2013).

90 Mori M, Vignaroli G, Botta M. Small molecules modulation 
of 14-13-3 protein–protein interactions. Drug Discov. Today 
Technol. 10(4), e541–547 (2013).

91 Ottmann C. Small-molecule modulation of protein–protein 
interactions. Drug Discov. Today Technol. 10(4), e499–500 
(2013).

92 Silvian L, Enyedy I, Kumaravel G. Inhibitors of 
protein–protein interactions: new methodologies to tackle 



1306 Future Med. Chem. (2014) 6(11) future science group

Review    Zhang, Betzi, Morelli & Roche

this challenge. Drug Discov. Today Technol. 10(4), e509–e515 
(2013).

93 Wilson CG, Arkin MR. Probing structural adaptivity at 
PPI interfaces with small molecules. Drug Discov. Today 
Technol. 10(4), e501–508 (2013).

94 Zhou G, Chu S. Discovery of small molecule fusion 
inhibitors targeting HIV-1 gp41. Curr. Pharm. Des. 
19(10), 1818–1826 (2013).

95 Zinzalla G. Understanding and Exploiting Protein–Protein 
Interactions as Drug Targets. Future Science Ltd, London, 
UK (2013).

96 Falchi F, Caporuscio F, Recanatini M. Structure-based 
design of small-molecule protein–protein interaction 
modulators: the story so far. Future Med. Chem. 6(3), 
343–357 (2014).

97 Ferro S, De Luca L, Morreale F et al. Synthesis and 
biological evaluation of novel antiviral agents as protein–
protein interaction inhibitors. J. Enzyme Inhib. Med. Chem. 
29(2), 237–242 (2014).

98 Jin L, Wang W, Fang G. Targeting protein–protein 
interaction by small molecules. Annu. Rev. Pharmacol. 
Toxicol. 54, 435–456 (2014).

99 Nero TL, Morton CJ, Holien JK, Wielens J, Parker 
MW. Oncogenic protein interfaces: small molecules, big 
challenges. Nat. Rev. Cancer 14(4), 248–262 (2014).

100 HTStec. Future Directions of HTS Trends. HTStec, 
Cambridge, London, 1–9 (2012).

101 Yin H, Hamilton AD. Strategies for targeting protein–
protein interactions with synthetic agents. Angew. Chem. 
Int. Ed. Engl. 44(27), 4130–4163 (2005).

102 Fletcher S, Hamilton AD. Targeting protein–protein 
interactions by rational design: mimicry of protein 
surfaces. J. R. Soc. Interface 3(7), 215–233 (2006).

103 Davis JM, Tsou LK, Hamilton AD. Synthetic non-peptide 
mimetics of alpha-helices. Chem. Soc. Rev. 36(2), 326–334 
(2007).

104 Vagner J, Qu H, Hruby VJ. Peptidomimetics, a synthetic 
tool of drug discovery. Curr. Opin. Chem. Biol. 12(3), 
292–296 (2008).

105 Benyamini H, Friedler A. Using peptides to study 
protein–protein interactions. Future Med. Chem. 2(6), 
989–1003 (2010).

106 Azzarito V, Long K, Murphy NS, Wilson AJ. Inhibition 
of α-helix-mediated protein–protein interactions using 
designed molecules. Nat. Chem. 5(3), 161–173 (2013).

107 Hruby VJ, Cai M. Design of peptide and peptidomimetic 
ligands with novel pharmacological activity profiles. Annu. 
Rev. Pharmacol. Toxicol. 53, 557–580 (2013).

108 Isvoran A, Craciun D, Martiny V, Sperandio O, Miteva 
MA. Computational analysis of protein–protein interfaces 
involving an alpha helix: insights for terphenyl-like 
molecules binding. BMC Pharmacol. Toxicol. 14, 31 
(2013).

109 Akram ON, Degraff DJ, Sheehan JH et al. Tailoring 
peptidomimetics for targeting protein–protein interactions. 
Mol. Cancer Res. 12(7), 967–978 (2014).

110 Jayatunga MK, Thompson S, Hamilton AD. α-helix 
mimetics: outwards and upwards. Bioorg. Med. Chem. Lett. 
24(3), 717–724 (2014).

111 Pagliaro L, Felding J, Audouze K et al. Emerging classes 
of protein–protein interaction inhibitors and new tools for 
their development. Curr. Opin. Chem. Biol. 8(4), 442–449 
(2004).

	l		l	 Represents the first attempt at characterizing the chemical 
space spanned by protein–protein interaction inhibitors 
using principal component analyses.

112 Neugebauer A, Hartmann RW, Klein CD. Prediction of 
protein–protein interaction inhibitors by chemoinformatics 
and machine learning methods. J. Med. Chem. 50(19), 
4665–4668 (2007).

113 Wells JA, McClendon CL. Reaching for high-hanging fruit 
in drug discovery at protein–protein interfaces. Nature 
450(7172), 1001–1009 (2007).

	l		l	 In this pioneer review article, the authors analysed the 3D 
structures of six discontinuous protein–protein interfaces, 
for which small molecule inhibitors had been developed, 
to characterize the properties of druggable targets and the 
associated small molecule inhibitors.

114 ASINEX’s Protein–Protein Interactions (PPI) Library. 
www.asinex.com/PPI_Library.html

115 Drug-Like Compounds from ChemDiv. 
http://us.chemdiv.com/index.php?option=com_content&vie
w=article&id=85&Itemid=184

116 Life Chemicals: Online Building Blocks Shop. 
www.lifechemicals.com/downloads/9356/13062/13074

117 Target-focused libraries. 
www.otavachemicals.com/products/target-focused-libraries/
protein-protein-interaction

118 Bromodomain Containing Protein 4 Brd4-Focused Library. 
www.otavachemicals.com/targets/bromodomain-containing-
protein-4-brd4-focused-library

119 2P2I Hunter. 
http://2p2idb.cnrs-mrs.fr/2p2i_hunter.html

120 Fuller JC, Burgoyne NJ, Jackson RM. Predicting druggable 
binding sites at the protein–protein interface. Drug Discovery 
Today 14(3–4), 155–161 (2009).

121 Lovering F, Bikker J, Humblet C. Escape from flatland: 
increasing saturation as an approach to improving clinical 
success. J. Med. Chem. 52(21), 6752–6756 (2009).

l	 The authors demonstrate that three-dimensionality and 
the presence of chiral centers both correlate with success 
as compounds progress from discovery, through clinical 
testing, to drugs.

122 Marson CM. New and unusual scaffolds in medicinal 
chemistry. Chem Soc Rev. 40(11), 5514–5533 (2011).

123 Dragon 6. 
www.talete.mi.it

124 Tse C, Shoemaker AR, Adickes J et al. ABT-263: a potent and 
orally bioavailable Bcl-2 family inhibitor. Cancer Res. 68(9), 
3421–3428 (2008).

125 Ackler S, Mitten MJ, Foster K et al. The Bcl-2 inhibitor 
ABT-263 enhances the response of multiple chemotherapeutic 



www.future-science.com 1307future science group

Focused chemical libraries – design & enrichment: an example of protein–protein interaction chemical space    Review

regimens in hematologic tumors in vivo. Cancer Chemother. 
Pharmacol. 66(5), 869–880 (2010).

126 Tahir SK, Wass J, Joseph MK et al. Identification of expression 
signatures predictive of sensitivity to the Bcl-2 family member 
inhibitor ABT-263 in small cell lung carcinoma and leukemia/
lymphoma cell lines. Mol. Cancer Ther. 9(3), 545–557 (2010).

127 Gandhi L, Camidge DR, Ribeiro de Oliveira M et al. Phase I 
study of navitoclax (ABT-263), a novel Bcl-2 family inhibitor, 
in patients with small-cell lung cancer and other solid tumors. 
J. Clin. Oncol. 29(7), 909–916 (2011).

128 Zuegg J, Cooper MA. Drug-likeness and increased 
hydrophobicity of commercially available compound libraries 
for drug screening. Curr. Top. Med. Chem. 12(14), 1500–1513 
(2012).

129 Walters WP, Murcko MA. Prediction of ‘drug-likeness’. Adv. 
Drug Deliv. Rev. 54(3), 255–271 (2002).

130 Rishton GM. Nonleadlikeness and leadlikeness in biochemical 
screening. Drug Discov. Today 8(2), 86–96 (2003).

131 Moreira IS, Martins JM, Ramos RM, Fernandes PA, Ramos 
MJ. Understanding the importance of the aromatic amino-
acid residues as hot-spots. Biochim. Biophys. Acta 1834(1), 
404–414 (2013).

132 Fry DC, So S-S. Modulators of protein–protein interactions: 
importance of three-dimensionality. In: Protein–Protein 
Interactions in Drug Discovery. Wiley-VCH Verlag GmbH 
& Co. KGaA, Weinheim, Germany, 55–62 (2013).

133 Lipinski C, Hopkins A. Navigating chemical space for 
biology and medicine. Nature 432(7019), 855–861 (2004).

134 Renner S, van Otterlo WA, Dominguez Seoane M et al. 
Bioactivity-guided mapping and navigation of chemical 
space. Nat. Chem. Biol. 5(8), 585–592 (2009).

135 Reymond JL, Awale M. Exploring chemical space for drug 
discovery using the chemical universe database. ACS Chem. 
Neurosci. 3(9), 649–657 (2012).

136 Ruddigkeit L, Blum LC, Reymond JL. Visualization and 
virtual screening of the chemical universe database GDB-17. 
J. Chem. Inf. Model 53(1), 56–65 (2013).

137 Schwartz J, Awale M, Reymond JL. SMIfp (SMILES 
fingerprint) chemical space for virtual screening and 
visualization of large databases of organic molecules. 
J. Chem. Inf. Model 53(8), 1979–1989 (2013).

138 Oprea TI, Gottfries J. Chemography: the art of navigating in 
chemical space. J. Comb. Chem. 3(2), 157–166 (2001).

139 Colliandre L, Le Guilloux V, Bourg S, Morin-Allory 
L. Visual characterization and diversity quantification 
of chemical libraries: 2. Analysis and selection of size-
independent, subspace-specific diversity indices. J. Chem. Inf. 
Model 52(2), 327–342 (2012).

140 Le Guilloux V, Colliandre L, Bourg S, Guénegou G, Dubois-
Chevalier J, Morin-Allory L. Visual characterization and 
diversity quantification of chemical libraries: 1. creation of 
delimited reference chemical subspaces. J. Chem. Inf. Model 
51(8), 1762–1774 (2011).

l	 Describes the method to define delimited reference 
chemical subspace using principal component analyses and 
its application to comparing chemical libraries.

141 Screening Assistant 2. 
http://sa2.sourceforge.net

142 Le Guilloux V, Arrault A, Colliandre L, Bourg S, Vayer P, 
Morin-Allory L. Mining collections of compounds with 
Screening Assistant 2. J. Cheminform. 4(1), 20 (2012).


