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Abstract: Chemical space has become a key concept in drug discovery. The continued growth in the number of molecules 

available raises the question regarding how many compounds may exist and which ones have the potential to become 

drugs. Analysis and visualization of the chemical space covered by public, commercial, in-house and virtual compound 

collections have found multiple applications in diversity analysis, in silico property profiling, data mining, virtual screen-

ing, library design, prioritization in screening campaigns, and acquisition of compound collections, among others. This 

review covers several techniques, computational programs and approaches that have been developed to visualize, navigate 

and study the chemical space of molecular databases. Techniques developed in our group are presented including a quanti-

tative assessment of the multi-fusion similarity maps. Additionally an application of 3D-similarity, based on the overlay 

of chemical structures, to represent the chemical space is introduced. Several comparisons of the chemical space covered 

by compound collections from different sources such as combinatorial libraries, drugs and natural products, or directed to 

specific therapeutic areas are also discussed. 

Keywords: Chemoinformatics, combinatorial libraries, data-driven analysis, data mining, molecular diversity, multi-fusion 
similarity maps, structure-activity relationships, virtual screening. 

INTRODUCTION 

 Drug discovery programs nowadays frequently involve a 
vast amount of data. For example, combinatorial chemistry 
and high-throughput screening generate large outputs that are 
stored in public, in-house or commercial databases [1, 2]. 
The continued growth in the number of molecules stored in 
these databases raises the question of how these molecules 
compare to each other and to the theoretical number of 
chemical structures (see below) in terms of number and di-
versity. A related question frequently asked when designing 
and screening new libraries [3] is concerned with the new 
libraries potential therapeutic interest with respect to cur-
rently known compounds. In order to conceptualize the total 
number of molecules, either real or virtual, the concept of 
chemical space or chemical universe is frequently used as an 
analogy to the cosmic universe. There are other terms that 
can be found in the literature that refer to the same space, for 
example multi-dimensional descriptor space, molecular-, 
diversity- and property space. Other terms that will be dis-
cussed later in this work are biologically active space, bind-
ing site-based chemical space, druglike-, medicinal chemis-
try-, pharmacological space and receptor relevant subspace. 

 Computational methodologies aimed at analyzing large 
amounts of data relevant to drug discovery have been re-
viewed elsewhere [4-8]. In this paper we review techniques 
aimed at obtaining a visual representation of chemical space 
as well as practical applications and conclusions derived 
from the visual comparisons of compound collections. 
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 This review is divided into a few sections. The impor-
tance of visualization in drug discovery and common compu-
tational techniques for representing chemical space are dis-
cussed first. Then several applications of chemical space 
visualization using different approaches are presented. Fi-
nally a brief example describing the combination of chemical 
space visualization with structural analysis is presented be-
fore the conclusion. 

WHAT IS CHEMICAL SPACE? 

 Despite the widespread use of the term chemical space 
there are few definitions that have been proposed for it. In a 
direct comparison with the cosmic space, Lipinski and Hop-
kins state that “chemical space can be viewed as being 
analogous to the cosmological universe in its vastness, with 
chemical compounds populating space instead of stars” [9]. 
Dobson in his insight defines chemical space as “the total 
descriptor space that encompasses all the small carbon-based 
molecules that could in principle be created” [10]. At a pre-
vious Horizon Symposia, entitled “Charting chemical space: 
finding news tools to explore biology”, chemical space was 
described as “the set of all possible molecular structures” 
[11, 12]. As it will be discussed in this review, the represen-
tation of the chemical space of a compound collection may 
vary with the particular set of descriptors and parameters 
used to define the space where the molecules will be located. 

HOW BIG IS THE CHEMICAL SPACE? 

 It is widely accepted that the chemical space is huge and 
that there is actually only a small fraction of molecules that 
are known. A yet smaller fraction of compounds seem to be 
relevant for medicinal chemistry purposes [11]. Different 
estimates have been proposed for the size of chemical space. 
For example Petit-Zeman describes the number of molecules 
to be between 10

18
 and 10

200
 [12]. Geysen et al. [13] mention 
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that the number of small molecules could be between 10
14

 
and 10

30
. Bohacek et al. estimated the number of compounds 

with a maximum number of 30 C, N, O and S atoms to be 
10

60
 [14]. Of course, this estimate will increase when consi-

dering larger and more complex structures. To illustrate this 
point, Dobson calculated the number of putative proteins 
containing 300 residues, average size of a natural protein, 
considering 20 different types of amino acids as more than 
10

390
 (20

300
). Ertl suggest that the organic chemistry space 

contains between 10
20

 and 10
24

 molecules synthetically fea-
sible using currently known synthetic methods [15]. Starting 
from three-dimensional structures of ligands obtained from 
the Protein Data Bank (PDB) [16], Ogata et al. [17] gene-
rated between 10

8
 and 10

19
 compounds by considering all 

possible combinations of atomic species. Atomic species 
were composed of C, N, O, S, Cl and different numbers of H 
atoms [17]. Fink et al. assembled a database containing all 
molecules up to 11 atoms of C, N, O, and F, considering 
simple valence, chemical stability and synthetic feasibility. 
This database contains 26.4 million compounds and 110.9 
million stereoisomers [18]. 

VISUALIZATION IN DRUG DISCOVERY 

 In the current drug discovery process either at the level of 
hit identification or lead optimization stage, it is common to 
deal with multivariate data sets with high complexity [19]. 
This is the result of the increasing advances in the fields of 
combinatorial chemistry, high-throughput screening and the 
multiple read outs that can be obtained from in silico and 
phenotypic screening, functional genomics, adsorption, dis-
tribution, metabolism, excretion and toxicity (ADMET) pro-
filing [19, 5]. Examples of publicly available databases that 
may contain thousands or even millions of compounds for 
analysis have been reviewed recently [1, 2]. To better under-

stand the underlying information contained in multivariate 
data sets, dimensionality reduction techniques as well as the 
development of visualization methods have been the focus of 
intense research [19-21]. Data visualization has been widely 
recognized as a useful tool to obtain information from large 
quantities of data [20, 22, 23]. In this context, the term vis-
ualization can be understood as any methodology that pro-
jects data in lower-dimensional space, usually two or three 
dimensions, while maintaining a large percentage of the in-
formation from the higher-dimensional space [20, 24]. In this 
scenario, applications of data visualization in drug discovery 
include, but are not limited to, the prioritization of molecules 
in a compound library for synthesis or biological evaluation 
[20]; diversity analysis [24-26]; analysis of high content 
screening data [27]; structure-activity relationships [28]; 
virtual screening [29, 26] and ADME profiling [30]. A num-
ber of computer programs and tools are available with po-
werful graphics for data visualization. Several commercial 
and publicly available resources are summarized in Table 1. 
Some of these programs include algorithms to perform clus-
tering and conduct a dynamic analysis of the data. 

 An example of visualizing the ADME profiling of the 
Binding Database [31] is illustrated in Fig. (1). The figure 
shows the results for 3,913 active compounds (i.e., IC50  
1000 nM, as annotated in the Binding Database) directed to 
11 targets. Molecules were prepared with LigPrep [32] and 
ADME-related properties or descriptors were computed with 
QikProp [33]. The histogram at the upper left of Fig. (1) 
shows the distribution of the 3,913 compounds over the tar-
gets. The histogram at the lower left shows the distribution 
of calculated LogP. The pie chart displays three computed 
properties namely apparent Caco-2 cell permeability, number 
of likely metabolic reactions and human oral absorption. The 

Table 1. Examples of Commercial and Publicly Available Resources for Visualization and Analysis of Chemical Space 

 

Program / Tool Description  Web Site 

Spotfire 
Suite of applications for interactive visualization 

and data analysis 
http://spotfire.tibco.com 

Partek 
Software for visualization and data analysis with 

statistical tools 
http://www.partek.com 

Miner3D 
Integrated data –driven 3D visualization and data 

analysis program 
http://www.miner3d.com 

SciTegic Pipeline Pilot Platform for retrieval, filtering, and data analysis http://accelrys.com 

DiverseSolutions 
Suite of tools to visualize, compare and select 

libraries 
http://www.tripos.com 

PartiView 
Open source interactive viewer for 4-dimensional 

datasets 
http://virdir.ncsa.uiuc.edu/partiview 

InfVis Visual data mining tool http://www2.chemie.uni-erlangen.de/research/information_visualization 

VlaaiVis 
Tool for visualization of structure-activity rela-

tionships 
http://www.vlaaivis.com 

Ingenuity Pathways 
Analysis 

Program for the searching, visualization, and 
analysis of targets, biomarkers, and biological 

functions 

http://www.ingenuity.com/products/pathways_analysis.html 

ChemSpaceShuttle  
Graphical interface based on linear and non-linear 

projection techniques and clustering algorithms 
http://gecco.org.chemie.uni-frankfurt.de 

Interactive SOM to mine 
the NCI Antiviral Screen 

SOM of approximately 42,000 compounds in the 
NCI Antiviral Screen 

http://cactus.nci.nih.gov/services/som_qsar 
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number at the top of each pie chart indicates the number of 
molecules in that chart. The X-axis represents binned values 
of the predicted apparent Caco-2 cell permeability in nm/sec. 
Values lower than 25 nm/sec mean poor permeability 
whereas values grater than 500 nm/sec mean great perme-
ability [33]. The Y-axis indicates the number of likely meta-
bolic reactions, also binned in three categories. In this case, 
it is not desirable to have more than 8 metabolic reactions 
[33]. The pie charts are shaded by the predicted qualitative 
human oral absorption as low (white), medium (gray) and 
high (black). The visualization depicted in Fig. (1) is useful 
to rapidly capture the profile of ADMET-related properties 
of the data set. The dynamic nature of some visualization 
programs (Table 1) helps to quickly explore specific rela-
tionships in the data. 

 As discussed above, the analysis of the chemical space of 
a compound collection is typically a multi-dimensional  
descriptor problem where visualization techniques are re-
quired to project all compounds in a lower dimensional 
space, amenable to analysis by the human eye. Several mo-
lecular representations (e.g., descriptors, properties, etc.) and 
dimension reduction techniques have been used to visualize 

the chemical space and extract useful information. These 
techniques along with applications of the techniques are dis-
cussed in the following section. 

COMPUTATIONAL APPROACHES TO VISUALIZE 
THE CHEMICAL SPACE 

 Visualization of the chemical space of a compound  
collection will largely depend on two main factors: the mo-
lecular representation of the molecules to define the multi-
dimensional descriptor space (vide supra), and the visualiza-
tion technique used to reduce the multi-dimensional space 
into a two- or three-dimensional graph. Noteworthy, the 
chemical space of a compound collection will not be unique 
as it will depend on the particular representation used to de-
fine the multi-dimensional space [35]. In other words, 
changes in chemical representation are likely to change 
neighborhood relationships in chemical space [36, 37] pro-
ducing a “lack of invariance of chemical space” [36]. 

 Several visualization techniques used to explore struc-
ture-activity relationships, conduct structural analysis and 
other applications in drug discovery have been summarized 
by Agrafiotis [28] and Maniyar [20]. A number of multidi-

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (1). Visualization of computed ADME profile of 3,913 molecules from the Binding Database [31] with the program Spotfire Deci-

sionSite 9.1.1. [34]. Histograms depict the distribution of the molecules over 11 targets (top) and distribution of LogP (bottom). The pie 

charts show the computed apparent Caco-2 cell permeability (nm/sec) as binned values on the X-axis, and number of likely metabolic reac-

tions as binned values on the Y-axis. Charts are further distinguished by the predicted qualitative human oral absorption as low (white), me-

dium (gray) and high (black). Each pie chart has a number at the top indicating the number of compounds. 
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mensional data mining tools are available such as hierarchi-
cal clustering, decision trees, multidimensional scaling, ge-
netic algorithms, neural networks and support vector ma-
chines. Two common visualization methods used so far to 
represent chemical space are principal component analysis 
(PCA) and self-organizing maps (SOMs) also known as  
Kohonen networks. As it will be shown later in multiple  
examples, many studies have been conducted using PCA or 
SOMs or in some cases both techniques. Other visualization 
techniques that will be discussed are multi-fusion similarity 
(MFS) maps, radar plots, Sammon mapping, activity-seeded 
structure-based clustering, singular value decomposition, 
minimal spanning tree, k-means clustering, generative topo-
graphic mapping (GTM) and hierarchical GTM. 

 Briefly, PCA is a linear projection technique in which 
data vectors are projected into lower dimensions called prin-
cipal components [38]. The principal components are linear 
combinations of the original variables. Specifically, the prin-
cipal components are the eigenvectors of the variance-
covariance matrix of the original matrix (i.e., initial multi-
dimensional space). The first principal component corr-
esponds to the largest eigenvalue and explains the largest 
amount of the variance, that is, the largest amount of infor-
mation from the initial variables. The second principal  
component corresponds to the second largest eigenvalue and 
so on. The eigenvectors (i.e., principal components) are or-
thogonal to each other. The underlying application of this 
approach in data visualization is that much of the variation in 
the data set of the original multi-dimension space can be 
frequently explained by two or three principal components. 
The low number of principal components can be represented 
in a two- or three-dimensional coordinate system. The rela-
tive distance that exists between compounds in the PCA de-
rived chemical space becomes a measure of their similarity 
with respect to the particular molecular representation used 
[39]. 

 In contrast to PCA, SOM is a nonlinear multidimensional 
mapping tool that belongs to the artificial neural network 
methods [40-42]. In SOMs a set of objects is typically 
mapped into a rectangular array of nodes. Similar objects are 
mapped into the same or proximal nodes. In contrast,  
dissimilar objects map into distant nodes [28]. Each neuron 
is assigned a number of weights that correspond to the num-
ber of input variables (i.e, descriptors). In the learning stage 
of a Kohonen network, the values of the weights in the nodes 
are first assigned as random numbers. Then, a molecule of 
the data set is projected into the neuron that has the closest 
weight values to the input variables of the molecule. This 
neuron is named the winning neuron. In the following steps 
the weight of the winning neuron and neighboring neurons 
are updated. After the adjustments of weights, a second 
molecule from the data set is taken and a single neuron is 
selected as a winner, the weights are then adjusted and the 
process is repeated until all molecules in the data set are  
assigned to a specific neuron [43]. 

 In the next two sections applications of the techniques 
mentioned above for visualizing the chemical space of com-
pound collections are described. Table 2 summarizes repre-
sentative examples. 

 

EXPLORING DIVERSITY IN CHEMICAL SPACE 

Comparing Data Sets from Multiple Sources 

 Library selection and design, screening campaigns and 
virtual screening are examples of tasks in drug discovery that 
often require the comparison of data sets from multiple 
sources such as combinatorial chemistry, known drugs, natu-
ral products, target oriented compound collections, and di-
verse data sets. Representative examples of the chemical 
space covered by compound databases from diverse sources 
are reviewed next. 

Drugs, Natural Products, Combinatorial Libraries and 

Other Sets 

 Using PCA, a two-dimensional representation of the 
chemical space was generated for three compound collec-
tions containing 3,287 natural products, 10,968 drug mole-
cules and a random selection of 13,506 molecules obtained 
from combinatorial libraries [44]. Molecules were repre-
sented using ten descriptors including the number of C-N, C-
O, C-S, C-halogen bonds, number of chiral centers and ro-
table bonds, ratio of aromatic atoms to ring atoms, ring fu-
sion degree, number of hydrogen-bond donors and number 
of hydrogen-bond acceptors. Visualization of the chemical 
space along with analysis of the descriptors distribution  
provided valuable insights for characterizing the diversity of 
the three different data sets. It was concluded that natural 
products and compounds obtained from combinatorial libra-
ries have very different properties. It was found that combi-
natorial compounds are significantly less diverse than natural 
products and drug molecules, and that compounds from 
combinatorial libraries occupy a region of the chemical 
space where natural products show low diversity [44]. In a 
similar study, the chemical space of natural products and 
drugs was visualized using SOMs [55]. 

 In a separate study, Shelat et al. [3] used PCA and radar 
plots to compare the chemical space of six different types of 
screening libraries including 12,361 natural products, 4,749 
bioactive molecules, 33,178 molecular fragments, 86,246 
structures satisfying the Lipinski’s Rule of 5 [56], 15,060 
molecules from diversity-oriented synthesis (DOS) and 
7,958 drugs. Chemical structures were represented by mo-
lecular properties such as molecular weight (MW), octa-
nol/water partition coefficient (logP), number of hydrogen-
bond donors and acceptors and polar surface area, among 
others. It was concluded that molecules from diversity-
oriented synthesis cover a different region of the chemical 
space [3]. 

Drugs, Target-Focused and Diverse Sets 

 The chemical space of four compound collections inclu-
ding 1,055 compounds from DrugBank, 1,990 molecules 
from NCI Diversity, a collection of 77 FDA-approved psy-
chotic drugs and a set of 196 active molecules in a kappa 
opioid receptor binding assay obtained from World of Mo-
lecular Bioactivity (WOMBAT) was compared using PCA 
[26]. Molecules were represented with MDL keys finger-
prints. The similarity matrix, constructed using the Tanimoto 
coefficient, was then subjected to PCA and the first three 
principal components were used to generate a  
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three-dimensional representation of the chemical space. The 
distribution of molecules in the chemical space was in 
agreement with the individual similarities of the compound 
collections. The three-dimensional representation for the 
above described data sets and for a small set of HIV reverse 
transcriptase inhibitors obtained from the Binding Database 
were used as a reference to develop MFS maps [26]. MFS 
maps have been demonstrated to be a very useful technique 
to visualize the chemical space in two dimensions and to 
extract quantitative information about the relationships in 
data sets (vide infra). Following a similar methodology the 
chemical space of a set of 48 compounds obtained from a 
combinatorial library has been visualized [57]. 

Diversity and Size of Chemical Space with Virtual  
Collections 

 In order to explore the chemical space of small organic 
molecules and evaluate the potential of finding new drugs, 

large collections with virtual compounds have been assem-
bled. The chemical space of the virtual libraries has been 
compared to space of known molecules. 

 Fink et al. constructed a virtual library containing 13.9 
million compounds with low MW (<160 Daltons) [58]. To 
obtain a representation of the chemical space of this data set, 
molecules were described by means of topological and phys-
icochemical properties relevant to drugs such as MW, logP, 
number of hydrogen-bond donors and acceptors, fraction of 
rotable bonds, and topological polar surface area (TPSA). 
The multi-dimensional space was reduced with PCA and 
visualized using the first two principal components. The 
chemical space of the virtual library was compared with the 
space covered by a reference data set with 36,227 known 
compounds. The reference set was assembled from commer-
cial and publicly available compound libraries and the size 
of the molecules were limited to those containing no more 
than 11 main atoms. The comparison revealed that the virtual 

Table 2. Representative Approaches to Visualize the Chemical Space of Different Data Sets and Applications 

 

Data Sets Molecule Representation Visualization Technique Application Ref. 

Natural products, drugs and compounds from 
combinatorial libraries 

Topological properties PCA Diversity analysis [44] 

Natural products, drugs, bioactive molecules, 
Lipinski’s rule of 5 compliant, compounds from 
DOS and molecular fragments 

Topological and physico-
chemical properties 

Radar plots and PCA Diversity analysis [3] 

Drugs, bioactive molecules and diverse set Binary fingerprints 
Multi-fusion similarity 
maps 

Diversity analysis and 
development of MFS maps 

[26] 

Combinatorial libraries 
Spatial autocorrelation 
descriptors  

SOMs Diversity analysis [45, 46] 

Combinatorial libraries Binary fingerprints 
Multi-fusion similarity 
maps 

Diversity analysis and 
library selection 

This 
work 

Combinatorial libraries Shape-based 3D-similarity PCA Diversity analysis  
This 
work 

Natural products 
Topological and physico-
chemical properties 

PCA 
Development of 
ChemGPS-NP. Biologi-

cally relevant space  

[39] 

MDDR 
Two-dimensional topologi-
cal fingerprints and 3D 

structural fingerprint 

Branched tree obtained 
with a minimal spanning 

tree 

Development of drug-
target networks 

[47,48] 

AChE inhibitors, MDDR and combinatorial 
libraries 

BCUT descriptors selected 
with activity-seeded struc-
ture-based clustering 

Two- and three-
dimensional plots 

Development of receptor-
relevant subspace 

[49] 

GPCR and kinase ligands Physicochemical properties 
Generative topographic 
mapping (GTM) and hier-

archical GTM 

Explore large data sets [20] 

Compounds with anti-cancer activity 
Two-dimensional molecular 
descriptors 

PCA Diversity analysis [50] 

Estrogens, monoamino oxidase inhibitors, pesti-
cides and other sets 

Topological and binary 
descriptors 

Singular value decomposi-
tion and minimization 
procedure 

Diversity analysis and 
design 

[51] 

Compounds with anti-AIDS activity 
Topological pharmacophore 
descriptors 

Diverse algorithms 
Development of Chem-
SpaceShuttle  

[52] 

Orally active compounds VolSurf descriptors 
TS-SOM, Sammon map-
ping, U matrix and k-
means clustering 

Diversity analysis [53] 

Toxic and nontoxic Proprietary fingerprint SOMs 
Diversity analysis and 
classification studies 

[54] 
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library covers the chemical space more densely than the ref-
erence set, and that it populates regions of high-polarity not 
occupied by the reference set [58]. The study supports the 
notion that there are several small organic molecules still 
unknown but synthetically accessible, covering a wide range 
of properties that may lead to bioactive compounds. The 
chemical space was also used to visualize results of a virtual 
screening experiment for G-protein coupled receptors 
(GPCRs), kinases and ion channels [58]. 

 More recently, Fink et al. assembled a virtual library of 
synthetically accessible molecules containing no more than 
11 atoms of C, N, O and F. The library contains 26.4 million 
molecules (vide supra) [18]. The chemical space of the vir-
tual collection was visualized using PCA and SOMs. For 
PCA, molecules were described with six topological and 
physicochemical properties namely MW, logP, number of 
hydrogen-bond donors and acceptors, number of rotable 
bonds, and TPSA. The chemical space was visualized using 
the first two principal components. Similar to the compari-
son described above for the 13.9 million compound set, the 
virtual library was compared with a reference collection of 
known compounds concluding that the virtual library con-
tains compounds in high-polarity regions not occupied by the 
known molecules. In order to build the SOMs autocorrela-
tion descriptors were used. Several different properties were 
mapped into the resulting SOMs including structural types, 
presence or absence of chirality and lead-likeness [18]. Addi-
tionally, results of a virtual screening experiment for GPCRs, 
kinases and ion channel modulators were mapped into the 
SOMs. More recently this group has developed a method-
ology to travel through chemical space [59]. 

 In a separate work, Ogata et al. [17] generated between 
10

8
 and 10

19
 compounds starting from three-dimensional 

structures of ligands (vide supra). In this study, the chemical 
space of molecules of different set sizes, i.e., molecules se-
lected at random, molecules with non-leadlikeness filters and 
molecules from commercially available chemical libraries 
were compared using PCA. MDL keys and molecular  
properties including MW, logP, solvent accessibility surface 
areas, molecular refractivity, and others, were used to repre-
sent the molecules. This comparison shows that the chemical 
space of known compounds is smaller than the space of the 
virtually generated structures [17]. 

Combinatorial Libraries 

 The chemical space of combinatorial libraries has been 
visualized by means of SOMs and spatial autocorrelation 
descriptors [45, 46]. One example is the chemical space of 
three combinatorial libraries with the scaffolds xantane, cu-
bane and adamantane. The three libraries contained more 
than 87,000 compounds together. The SOMs showed a good 
separation of the xantane and cubane libraries in chemical 
space. The cubane and adamantane libraries, however, could 
not be distinguished in the SOMs, covering a similar region 
of the chemical space [45, 46]. 

 In a separate study, the chemical space of 7,200 small 
molecules from a combinatorial library with four points of 
diversity was visualized using PCA [60]. Molecules were 
described with MW, computed LogP, atom and bond type 
counts, electronegativity, connectivity, shape, and electro-
topological descriptors. In order to analyze contributions to 

diversity, the four substitution positions were mapped into 
the chemical space and structure-activity relationships were 
performed for deacetylase inhibitory activity [60]. A similar 
methodology using PCA was employed to represent the 
chemical space of the 125 compounds in a benzodiazepine 
combinatorial library with three points of diversity [61]. 
Molecules were represented using a number of descriptors 
including topological indices. Multiple combinatorial libra-
ries have also been visualized in BCUT-derived diversity 
spaces using a cell-based methodology [25]. 

 MFS maps (vide supra) is a recent method proposed for 
the visual characterization and comparison of compound 
databases. MFS maps are based on data-fusion similarity 
measures and characterize the relationship of test molecules 
(e.g., combinatorial libraries), to a set of reference mole-
cules. The approach, explained extensively elsewhere [26], 
has recently been used to explore structure-activity relation-
ships of compounds obtained from mixture-based combina-
torial libraries [62]. Here we show an implementation of this 
method in order to compare combinatorial libraries. In Fig. 
(2) the comparison of three combinatorial libraries (test 
molecules), with a set of known 1,055 drugs (reference 
molecules) obtained from DrugBank [63] is depicted. Each 
library is made up of 31,320 compounds and has three points 
of diversity. The libraries, denoted here as I-III, have identi-
cal side chain functionalities at each position (R1 = 29 rea-
gents, R2 = 27 reagents and R3 = 40 reagents). Thus, the li-
braries differ only in the chemical nature of the central sca-
ffold that is also depicted in Fig. (2): I (N-benzyl-1,4,5-
trisubstituted-2,3-diketopiperazine), II (N-benzyl-1,4,5-
trisubstituted-2,3-piperazine) and III (N-methyl triamine) 
[57, 64]. Fig. (2A) portrays the MFS map comparing libra-
ries I-III with molecules from DrugBank. The X-axis indi-
cates the mean similarity of each molecule in a given combi-
natorial library with all molecules in DrugBank. The Y-axis 
denotes the similarity value of each molecule in a given 
combinatorial library with the most similar molecule in 
DrugBank (i.e., the maximum similarity). Note that the refe-
rence set is not shown explicitly in the map [26]. To compute 
the similarities, molecules were represented with MDL keys 
[65] as implemented in the Molecular Operating Environ-
ment (MOE) program [66] and the similarity was computed 
with the Tanimoto coefficient [67]. For clarity, Fig. (2B-D) 
display the libraries in separate maps. From the MFS maps it 
is readily observed that, out of the three combinatorial libra-
ries, I has, in general, the largest mean and maximum simi-
larity values with respect to the known drugs. As opposed to 
I, library III has the lowest mean and maximum values. This 
means that, out of the three libraries, library III is the most 
dissimilar to drugs collected in DrugBank. Furthermore, the 
relatively low similarity values of molecules in library III 
with respect to known drugs, particularly the maximum simi-
larities, indicates that library III is a good candidate to ex-
plore other regions in chemical space not covered by known 
drugs. In order to further quantify the MFS maps, the distri-
bution of the mean and maximum similarity values is sum-
marized at the bottom of the figure. The corresponding 
maximum, third quartile, median, first quartile and minimum 
values of the two distributions further support the above 
conclusion that library III is the most dissimilar to the refer-
ence and is a good candidate to expand the chemical space 
covered by known drugs represented in DrugBank. Interest-
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ingly, library II is arranged into two well defined clusters as 
an effect of the presence of hydroxyl groups at the R1, R2 and 
R3 positions. Compounds in the lower right cluster of library 
II have a hydroxyl group at either, R1, R2 or R3 substituent. 
Noteworthy, the MFS map approach can be applied to virt-
ually any drug discovery program by choosing the appropri-
ate reference and test molecules [26]. For example, for a 
virtual screening application the reference collection could 
be a set of active compounds in a particular assay and the 
test set could be an in-house or commercially available data-
base. An alternative method for conducting a quanti-tative 

comparison of combinatorial libraries is the Diversity Space 
methodology [68, 69]. 

VISUALIZING FOCUSED CHEMICAL SPACES 

 Several efforts have been made to classify small mole-
cules according to their target types. Following the assump-
tion that similar molecules have similar activity [70, 71], the 
biologically active space or biochem space [24] would be 
formed, at least in principle, by separated clusters of com-
pounds each one associated with a different receptor [9]. 
However, it is not possible to produce a unique general bio-

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (2). Multi-fusion similarity map comparing combinatorial libraries I-III with 31,320 compounds each, and known drugs from Drug-

Bank. The reference set (DrugBank) is omitted in the map (see text for details). Panel A displays the three libraries and panels B-D depicts 

the libraries separately. The bottom tables indicate the minimum (Min), first quartile (Q1), median, third quartile (Q3) and maximum-

similarity distribution of each library. 
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chem space [24] due to the “lack of invariance of the chemi-
cal space” [36]. The chemical space will depend on the par-
ticular molecular representation (vide supra) as well as the 
different ways to compute molecular similarity [35, 72]. 
What that being said, several approaches have been used to 
represent biochem, druglike, pharmacological and related 
chemical spaces on a case by case basis. Representative  
approaches with specific applications are discussed below. 

Druglike, Pharmacological and Other Focused Spaces 

ChemGPS and ChemGPS-NP 

 The chemical global positioning system or ChemGPS is 
an approach developed to represent and navigate through 
druglike [73]; pharmacokinetically [74] and biologically 
relevant [39] chemical space. The approach is analogous to 
Mercator convention in geography. In ChemGPS or its  
variant ChemGPS-NP [39], the chemical space is  
constructed using a set of objects that are represented by 
chemical structures. The objects include a set of satellite 
structures and a set of core structures. The satellite structures 
are molecules with extreme values (e.g., at least one property 
value) that are located intentionally outside the chemical 
space establishing the limits of the chemical space under 
study. The notion of satellite structures can be related to the 
abstract molecular basis vectors proposed recently to  
represent chemical space [37]. The core structures maintain 
the balance of the model filling the core of the chemical 
space [73]. In addition to the objects a set of rules are also  
required. The set of rules are associated with the descriptors 
and are provided by the principal properties derived with 
PCA. To construct the druglike chemical space or drug 
space [73] the set of descriptors are associated with drug like 
characteristics including properties related to the size,  
lipophilicity, polarizability, charge, flexibility, rigidity, and 
hydrogen bond capacity [73]. Following this approach, a 
pharmacokinetically relevant space was constructed  
considering 18 VolSurf descriptors associated with ADME 
properties [74]. For ChemGPS-NP [39] a total of 35  
descriptors including MW, TPSA, AlogP and several other 
counts of atoms and topology related properties were used. 
In each case, a chemical space was constructed for a training 
set: the ChemGPS data set for the drug and pharmacokineti-
cally relevant spaces were composed of 423 compounds [73, 
74] and the ChemGPS-NP was formed with 1,779 molecules 
[39]. The corresponding ChemGPS and ChemGPS-NP were 
used to estimate, via PCA score predictions, the properties of 
test sets. Thus, the ChemGPS corresponding to drug space 
was employed to classify 22,000 compounds with few  
outliers. The ChemGPS-NP was used to predict 619,382 
compounds with no outliers. The ChemGPS approach is  
applied in chemography, defined as “the art of navigating the 
chemical space” [73, 75]. The ChemGPS and ChemGPS-NP 
are intended to be reference systems to compare different 
sets of molecules [73, 39]. 

Pharmacological Space 

 The pharmacological space of several different targets 
included in the MDL Drug Data Report (MDDR) has been 
represented as a branched tree obtained with a minimal 
spanning tree [47, 48] and as molecular property spaces [76]. 
Related drug-target networks including known FDA-
approved drugs collected in the DrugBank database have 

also been published recently [77]. Several other applications 
of target-based networks are reviewed in ref. [7]. 

Receptor-Relevant Subspace 

 Pearlman and Smith [49] developed the concept of recep-
tor-relevant subspace in which the dimensions of the chemi-
cal space are defined such as the active compounds for that 
receptor are tightly clustered. Molecules were represented 
using BCUT descriptors and the dimensionality reduction 
was carried out with the algorithm activity-seeded structure-
based clustering developed by the same authors [49]. As an 
example, 74 active acetylcholinesterase (AChE) inhibitors 
were visualized in the corresponding AChE-receptor-
relevant subspace within the chemistry space of 70,000 
MDDR compounds. Two virtual combinatorial libraries 
were also visualized in the same graph [49]. Representing 
the chemical space with metrics relevant to the AChE recep-
tor produces that active AChE inhibitors are near neighbors 
of each other. Pearlman and Smith showed that they were 
unable to cluster active compounds in the chemical space if 
this is constructed using irrelevant metrics to the AChE re-
ceptor. As a consequence, active compounds could be 
missed in virtual screening based on a chemical space  
designed with irrelevant metrics. 

Binding Site-Based Chemical Space 

 A visualization of the so-called binding site-based 
chemical space of structures from the PDB has been  
generated using PCA [78]. In this study, structures in com-
plex with small molecules containing carboxylate groups 
(176 binding sites), 180 sulfonate moieties and 101 phospo-
nate groups were analyzed. Binding sites were represented 
using experimental and theoretical descriptors including fre-
quency distribution of residue types, formal charge, hydro-
gen bonding, number of water molecules, hydrophobicity, 
flexibility and bulkiness. The binding site-based chemical 
space was used to analyze the bioisosteric relationships 
among the carboxylic, sulfonic and phosphonic groups [78]. 

Therapeutic and ADMET-Related Spaces 

 The comparison of compound collections targeted to spe-
cific therapeutic areas has been of interest in drug design 
projects. Examples of such databases reviewed ahead include 
GPCR ligands, molecules used in the treatment of cancer and 
compounds with anti-AIDS activity. Visualization of com-
pound databases related to ADMET properties such as orally 
active, toxic and metabolites are also presented. 

GPCR and Non-GPCR Ligands 

 The biochem space of a proprietary collection with more 
than 3,000 GPCR ligands, directed to 130 different receptors, 
was compared with a diverse set of the same size not targeted 
to GPCRs and obtained at random from a commercial data-
base. Molecules were represented using a dictionary-based 
fingerprint and a topological pharmacophore point histogram 
descriptor [24]. The similarity of the molecules was measured 
with the inverse Tanimoto coefficient. The biochem space was 
visualized with PCA and SOMs. In this study both visualiza-
tion techniques were compared in terms of the ability to dis-
tinguish between GPCR from non-GPCR ligands. SOMs 
showed a superior performance over PCA given the molecular 
representations and conditions of the study [24]. 
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 In a separate study, 11,800 compounds screened across 
four GPCR targets and one kinase target, were visualized by 
means of GTM and hierarchical GTM [20]. Molecules were 
represented with 11 whole-molecule physicochemical properties 
including molecular weight, molecular solubility, polar sur-
face area and AlogP. Visualization using GTM and hierar-
chical GTM was compared with PCA and SOM. The GTM 
plots showed clearer clusters of compounds and were more 
informative than visualizations with PCA and SOM. This 
work applied to compounds screened against GPCR and 
kinase targets can be applied to other large data sets. The 
integration of the GTM approach with dynamic tools (Table 
1) can further enhance the interpretation of the results [20]. 

Cancer Medicinal Chemistry Space 

 Cancer medicinal chemistry space has been visualized 
using PCA [50] comparing the regions in the space covered 
by 12,714 compounds with known cancer activity, 36,683 
known cancer inactives and 109,466 hit-like compounds 
obtained from the ZINC database. Compounds were repre-
sented with 48 two-dimensional molecular descriptors asso-
ciated with the atomic nature, molecular size, polarity, lipo-
philicity and flexibility of the molecules. One of the major 
conclusions derived from the study is that anticancer com-
pounds occupy a much wider area of the chemical space than 
the one covered by the hit-like molecules [50]. 

5-HT3 Antagonists and HIV-1 Protease Inhibitors 

 The chemical space of the 5-hydroxytryptamine 3 (5-
HT3) receptor antagonists and HIV-1 protease inhibitors has 
been visualized using Sammon mapping, a non-linear  
mapping technique [79]. In the same study different struc-
tural representations were compared. The molecules were 
part of a virtual screening study involving 118,346 mole-
cules from WOMBAT and 149,414 molecules from MDDR 
[79]. To construct the Sammon mapping, molecules were 
represented with Daylight fingerprints, topological auto-
correlations descriptors and radial distribution function. 
Visualization of the chemical space was helpful for further 
interpreting the virtual screening results [79]. 

Estrogens, Monoamino Oxidase Inhibitors and Other Sets 

 Xie et al. applied singular value decomposition as a low-
dimensional projection method to represent the chemical 
space of four data sets with compounds in the range of 58 to 
27,255 structures [51]. Datasets were formed by molecules 
with different types of biological activity, for example, es-
trogens, monoamino oxidase inhibitors and pesticides. The 
method was able to project similar structures close together 
in the two-dimensional maps [51]. 

NCI AIDS Antiviral Screen 

 The data mining and visualization tool ChemSpaceShuttle 
[52] combines diverse algorithms for multi-dimension reduc-
tion including linear and non-linear projection techniques and 
SOMs [52]. The approach has been applied in compound  
selection and focused library design. As an example, the NCI 
AIDS collection was analyzed with ChemSpaceShuttle to 
visualize the separation between actives and inactives. The 
29,184 molecules analyzed were represented using topological 
pharmacophore descriptors. A version of ChemSpaceShuttle is 
available on the Web (Table 1). SOMs have also been applied 

to visualize the chemical space of approximately 42,000 com-
pounds in the NCI AIDS antiviral screen. The SOM is avail-
able on the Web (Table 1). 

Orally Active Compounds 

 The chemical space of 9,114 orally active compounds 
from the MDDR-3D database has been visualized by means 
of tree-structured SOM (TS-SOM) which  is a variation of a 
basic SOM [53]. TS-SOM includes a neighborhood function 
criterion and hierarchical clustering. Molecules were repre-
sented using VolSurf descriptors. Other techniques em-
ployed for visualization were Sammon mapping, U matrix 
and k-means clustering. In this study the four techniques 
provide similar results of clustering the orally active data set. 
Furthermore, the methods proved to effectively map a large 
number of compounds using physicochemical characteristics 
[53]. 

Toxic and Non-Toxic Molecules 

 A visualization of the chemical space of toxic and non-
toxic molecules was reported using SOMs [54]. In a series of 
SOMs, a total of 16,085 toxic compounds from the Registry 
of Toxic Effects of Chemical Substances were represented 
along with a set of 17,000 compounds obtained from the 
Investigational Drugs database. Four categories were repre-
sented by the toxic molecules namely mutagenic, tumori-
genic, irritant and reproductive effective. Chemical struc-
tures were described in terms of proprietary molecular fin-
gerprints and the similarity was measured with the Tanimoto 
coefficient. The SOMs were valuable for visually distin-
guishing between toxic and non-toxic compounds and were 
useful tools for further interpreting fragment-based statistical 
analysis and other classification studies performed in the 
same work [54]. 

Metabolites and Non-Metabolites 

 The chemical space of 1,811 metabolites and 4,598 non-
metabolites has been visualized using SOMs [80]. Molecules 
were represented using radial distribution functions and 
global molecular descriptors (topological and physicochemi-
cal). It was observed that the global molecular descriptors 
were more accurate for distinguishing metabolites from non-
metabolites [80]. 

STRUCTURAL ANALYSIS AND CHEMICAL SPACE 

 In addition to the multi-dimensional data reduction  
techniques reviewed above, structural analysis has been use-
ful for exploring the chemical space of compound collect-
ions. Substructural analysis in drug discovery has been re-
viewed by Villar et al. [81]. Applications of this technique 
includes a chemotype-based hierarchical classification of the 
NCI AIDS collection [82], structural classification of natural 
products [83], molecules assayed for pyruvate kinase activity 
and pesticides [84], and visualization of the molecules  
patented for activity on kinases [85]. 

 Fig. (3) presents a recent substructural analysis of a com-
binatorial library, II, (Fig. 2) conducted by our group with 
the program Molecular Equivalence Indices (MEQI) [86]. 
The most representative cyclic systems, with a population of 
at least of 700 molecules, are displayed. In MEQI, cyclic 
systems (e.g., frameworks) are formed by removing the side 
chains (i.e., all vertices of degree one) from the initial 
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chemical graph [86]. Each cyclic system is assigned a code 
of five characters that uniquely identify that chemotype [87]. 
In Fig. (3) the number of compounds in the combinatorial 
library with the indicated cyclic system is shown in paren-
thesis. Interestingly, just six cyclic systems account for about 
one third of the entire library with 31,320 compounds (vide 
supra). The two most populated cyclic systems (i.e., chemo-
type identifiers RJ7LM and YW1QP) were further mapped 
into the chemical space of II, also depicted in Fig. (3). The 
chemical space was generated with the overlay of three-
dimensional structures. To obtain this representation, 10 di-
verse molecules were selected with the MaxMin approach 
algorithm implemented in MOE [66] using MDL keys and 
the Tanimoto coefficient. A low energy conformation was 
selected for each of the 10 diverse molecules that was em-
ployed to perform a 3D-similarity analysis with the Rapid 
Overlay of Chemical Structures (ROCS) program [88]. The 
conformation library was obtained with OMEGA [89]. The 
comboscore similarities of each of the molecules in the li-
brary with each of the 10 diverse molecules formed a 10-
dimensional matrix that was subject to PCA. The first three 
principal components represented in Fig. (3) explain 72.6% 
of the total variance. Noteworthy, molecules with the same 
cyclic system occupy a similar region in the chemical space. 
For example, molecules with the cyclic system RJ7LM all 
occupy a similar region in chemical space that is distinct 
from those molecules with the cyclic system YW1QP (Fig. 
3). Similar conclusions can be obtained from mapping the 
chemical space of other cyclic systems in the library. Con-
clusions from the visual analysis suggest that molecular 
frameworks play an important role in the distribution of 
molecules in the chemical space and therefore can help to 
guide expeditions through the chemical space. Further inves-
tigation on the chemical space representation derived from 
shape-based 3D-similarity analysis, including the effect on 
the number and diversity of reference molecules, is being 
conducted in our group and will be reported in a separate 
work. 

CONCLUSION 

 Current definitions of chemical space and the general 
intuition of this concept usually refer to all possible mole-
cules. Attempts to quantify the size of chemical space reveal 
that, similar to the cosmic universe, it could be infinite. In 
this context, a small number of molecules is currently known 
and it seems that an even smaller number of compounds 
have therapeutic interest. Among the plethora of computa-
tional techniques used to obtain information from large 
and/or multi-dimensional data like the ones generated in 
many current drug design projects, data visualization offers 
an intuitive approach for finding associations in complex 
data. Visualization of the chemical space has been useful for 
assessing the diversity of different data sets, exploring the 
relationships among collections and evaluating the potential 
for covering other regions in chemical space yet to be ex-
plored. Further applications include support in library selec-
tion and design, virtual screening and the development of 
algorithms to assess molecular representation and diversity. 
Visualization of the chemical space, however, is not a trivial 
task. The final representation will depend on the molecular 
description that typically leads to multi-dimensional spaces, 
and on the algorithm to reduce the dimensionality. The goal 
is to portray the original multi-dimensional data into two- or 
three-dimensions amenable to interpretation by the human 
eye. Investigation of novel ways to represent molecules and 
the development of algorithms, programs and approaches for 
visualization is the subject of intense research. To this ex-
tent, our group is currently developing approaches for repre-
senting chemical space using shape-based 3D-similarity as 
well as using MFS maps to study molecular diversity in 
combinatorial libraries. 
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ABBREVIATIONS 

5-HT3 = 5-Hydroxytryptamine 3 

AChE = Acetylcholinesterase 

ADMET = Absorption, distribution, metabolism,  
   excretion and toxicity 

AIDS = Acquired immune deficiency syndrome 

DOS = Diversity-oriented synthesis 

FDA = U.S Food and Drug Administration 

GPCR = G-protein-coupled receptor 

GTM = Generative topographic mapping 

LogP = Octanol/water partition coefficient 

MDDR = MDL Drug Data Report 

MEQI = Molecular equivalence index 

MFS = Multi-fusion similarity 

MOE = Molecular Operating Environment 

MW = Molecular weight 

NCI = National Cancer Institute 

PCA = Principal component analysis 

PDB = Protein Data Bank 

ROCS = Rapid overlay of chemical structures 

SOM = Self-organizing map 

TPSA = Topological polar surface area 

TS-SOM = Tree-structured self-organizing map 

WOMBAT = World of molecular bioactivity 
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