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Analysis of marketed drugs and commercial vendor libraries used in high-throughput screening suggests

that the medicinally relevant chemical space may be expanded to unexplored regions. Novel regions of

the chemical space can be conveniently explored with structurally unique molecules with increased

complexity and balanced physicochemical properties. As a case study, we discuss the chemoinformatic

profile of natural products in the Traditional Chinese Medicine (TCM) database and a large collection

assembled from 30 small-molecule combinatorial libraries with emphasis on assessing molecular

complexity. The herein surveyed combinatorial libraries have been successfully used over the past 20

years to identify novel bioactive compounds across different therapeutic areas. Combinatorial libraries

and natural products are suitable sources to expand the traditional relevant medicinal chemistry space.
Many drug discovery efforts focus on compound libraries com-

monly filtered using classical semi-empirical rules. A prominent

example is the seminal Lipinski’s Rule-of-Five (RO5) [1] that has

been revised over the past decade. Nowadays it is largely recog-

nized that ‘new molecular entities are moving away from the

traditional drug space’ [2,3] and that ‘as new targets emerge and

optimization tools advance, the oral drug-like space might

expand’ [4]. Commercial vendor libraries, which are the current

major source of small molecules for high-throughput screening

(HTS), have led to the identification of novel leads for traditional

drug targets, such as kinases, G protein-coupled receptors, and

ligand-gated ion channels [5]. However, such libraries have failed

for many classes of biological targets. This fact has been high-

lighted by Dandapani and Marcaurelle in their excellent commen-

tary [6], pointing out that such libraries interrogate a narrow range

of medicinally relevant chemical space. Emerging therapeutic

targets, such as DNA methyltransferases [7,8], or unidentified

targets could be successfully explored with larger and novel areas

of chemical space [2,6,9]. Such spaces can be appropriate to

identify potential lead compounds for the so-called ‘undruggable’
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targets (i.e. targets that lack small molecule starting points in the

traditional property space) [2].

Molecular complexity and chemical space
Molecular complexity is an attractive criterion to guide the selec-

tion of chemical libraries to experimentally explore largely

neglected chemical space [6,10]. A recent study showed that

compounds with a greater fraction of saturated carbons, which

is an intuitive measure of complexity, have a higher success rate in

the drug discovery process [11]. In that study the authors con-

cluded that ‘more highly complex molecules, as measured by

saturation, have the capacity to access greater chemical space’

[11]. In the same work, the authors also suggested that compounds

with increased complexity as measured by the degree of satura-

tion, might give rise to improved selectivity. This hypothesis has

been supported experimentally by Clemons et al. [12] who

screened across 100 diverse proteins, commercial compounds,

natural products, and synthetic compounds from academic

groups. Clemons et al. concluded that increasing the content of

sp3-hydridized and stereogenic atoms relative to compounds from

commercial sources, improves selectivity and frequency of bind-

ing [12]. These results are in accord with the ‘complexity model’ of

Hann et al. [13] which has been recently reviewed [14]. In an
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TABLE 1

Compound libraries considered in this study

Database (abbreviation) Sizea

30 combinatorial libraries (TPISR) 30,000

Traditional Chinese Medicine (TCM) 28,277

Natural products in ZINC (NP) 89,032

Approved drugs (DrugBank) 1731

Commercial vendor library (Maybridge) 14,400

NCI diversity (NCI) 1817

a Number of unique compounds considered in this study.
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independent study, analysis of the chemical complexity of the

compounds in the Molecular Libraries Small Molecule Repository

(MLSMR) using the fraction of saturated carbons as the measure of

complexity, led to the conclusion that natural products and

collections from academic and other research institutes are more

complex than libraries from commercial vendors [6]. Using the

same measures of complexity, Chen et al. showed the increased

complexity of natural products over other collections including

drugs, clinical candidates and bioactive molecules [15]. These

results further support the rationale to develop more complex,

‘natural product-like’ libraries for improved drug discovery [16].

Combinatorial libraries as promising sources of
complex molecules
In addition to natural products, combinatorial libraries also repre-

sent a rich source of complex molecules. Combinatorial chemistry,

combined with HTS and other screening methodologies, con-

tinues to have a key role in drug discovery [17–19]. Several groups

in pharmaceutical companies, universities and research institutes,

such as the University of Cambridge, the University of Pittsburgh,

the Broad Institute of Harvard and Massachusetts Institute of

Technology (MIT), the Howard Hughes Medical Institute, to name

a few, have made significant contributions to expand the chemical

space with combinatorial libraries. Among these groups, the Tor-

rey Pines Institute for Molecular Studies (TPIMS) has developed

over the past two decades a set of small-molecule combinatorial

libraries assembled in a so-called ‘scaffold ranking plate’ which

contains more than 35 libraries. The compound collections have

been prepared over the years to introduce diversity in structures

and chemical properties. Experimental evidence has shown that

this plate is a valuable tool to rapidly select the most promising

scaffolds for further screening and identifying novel lead com-

pounds [17,18,20]. Experiments across several targets suggest that

the small-molecule libraries contain compounds not present in

other compound collections frequently used for lead identifica-

tion [17,18,20]. As part of a continued effort to combine combi-

natorial chemistry with computational approaches for accelerated

drug discovery [21], chemoinformatic analysis of combinatorial

libraries has revealed that some of these libraries occupy the

chemical space of marketed drugs and the MLSMR library, whereas

other libraries will explore new regions of chemical space [22–24].

These libraries have been characterized and described quantita-

tively by means of molecular scaffolds, molecular properties, and

structural fingerprints [22,23].

Expanding the chemical space with combinatorial
libraries and natural products
As discussed above, combinatorial libraries and natural products

represent promising sources to interrogate novel regions of medic-

inally relevant chemical space. As a case study, we surveyed the

molecular complexity and computed physicochemical character-

istics of 30 small-molecule combinatorial libraries present in the

scaffold raking plate (Figure S1 in the Supplementary information).

We also surveyed the complexity and profile of physicochemical

properties of TCM which is a large collection of natural products

available in the public domain [25]. The profile of these collections

was compared with approved drugs and general screening collec-

tions including a diverse set from the National Cancer Institute
(NCI) database, a set of natural products from commercial vendors

and a diverse commercial vendor library.

The core-scaffolds of the 30 combinatorial libraries [17,18,20]

are depicted in Figure S1. Random subsets of 1000 compounds per

combinatorial library were assembled in a single data set contain-

ing 30,000 compounds referred in this work as the TPIMS Scaffold

Ranking Library (TPISR). It has been shown that random samples

of 1000 molecules are representative of the molecular diversity

[22,26]. The combinatorial libraries were enumerated with Mole-

cular Operating Environment (MOE) [27]. TCM, which was

assembled by the China Medical University and Asia University

in Taiwan, and the MIT in USA, was retrieved from the collection’s

website (downloaded on October 2011) [25]. Natural products

from commercial sources (denoted as ‘NP’ onwards) were obtained

from the ZINC database (downloaded on March 2011) [28]. The

collection of drugs from DrugBank [29] and the National Cancer

Institute Diversity II (denoted ‘NCI’ onwards) were retrieved from

ZINC (downloaded on March 2011). The Maybridge HitFinderTM

database which represents the drug-like diversity of more than

56,000 organic compounds from the Maybridge Screening Collec-

tion was used as the commercial vendor library [Maybridge: http://

www.maybridge.com]. All databases were prepared with MOE by

disconnecting group I metals in simple salts and keeping the

largest fragments. Unique compounds were selected. To avoid bias

in the comparison, all molecules with molecular weight (MW)

over 1100 in the reference collections were excluded. In total, we

analyzed 28,277 compounds from TCM; 89,032 compounds from

NP; 1731 compounds from DrugBank; 14,400 compounds from

the commercial vendor library (Maydridge); and 1817 compounds

from NCI. Table 1 summarizes the compound libraries considered

in this work.

Molecular complexity
Several measures of complexity have been reported including MW

[30–33]. In this survey, we focused on intuitive and well-estab-

lished measures that are increasingly being used to compare the

complexity of compound collections so that the results can be

directly compared with other reports. Carbon bond saturation was

defined by fraction sp3 (Fsp3) where Fsp3 = (number of sp3 hybri-

dized carbons divided by total carbon count) [11]. Overall, a larger

Fsp3 value indicates that the molecule is more likely to have a 3D

structure (i.e. the structure would be less flat) [11,15]. Stereoche-

mical complexity was defined as the proportion of carbon atoms

that are chiral [12], F-Chirality = (number of chiral carbon atoms

divided by total carbon count). MOE was used to calculate the
www.drugdiscoverytoday.com 719
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number of chiral carbon atoms and the total carbon count. Maes-

tro 9.2 [34] was used to calculate the number of sp3 hybridized

carbons.

Carbon bond saturation
Figure 1 shows cumulative distribution function (CDF) curves and

box plots summarizing the distribution of Fsp3 values of TPISR,

TCM, and other reference collections. Selected statistics from the

CDFs are also shown in the figure. In agreement with previous
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Molecular complexity of chemical libraries. Cumulative distribution function and box p
in this work. The yellow boxes enclose data points with values within the first and third 

respectively; the lines above and below indicate the upper and lower adjacent values.
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reports, approved drugs have higher Fsp3 values than the com-

mercial vendor library (Maybridge) (e.g. compare the correspond-

ing median and mean values). The calculated mean Fsp3 value for

drugs obtained from DrugBank, 0.45, is similar to the mean values

reported for other collections of drugs (0.47 and 0.40) [11,15].

Similarly, low Fsp3 values have been calculated for other commer-

cial vendor libraries (e.g. mean of 0.30 for commercial compounds

in MLSMR) [6]. The low Fsp3 values for the commercial vendor

library of this work were comparable to the low values of the NCI
1 DrugBank
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lots of the molecular complexity measures of the compound libraries analyzed
quartile; the black and blue triangles denote the mean and median distributions,

 The red squares indicate outliers. Selected statistics of each distribution are also

itional Chinese Medicine; TPISR, Torrey Pines Institute Scaffold Ranking Library.



Drug Discovery Today � Volume 17, Numbers 13/14 � July 2012 REVIEWS

R
ev
ie
w
s
�
IN
F
O
R
M
A
T
IC
S

data set. The higher values of Fsp3 for NP as compared to com-

mercial vendor libraries are in agreement with the higher values

reported for natural products from different sources [6,15].

Figure 1 clearly shows that TCM and TPISR have the highest

Fsp3 values with mean and median values of approximately

0.59. These values are similar to the values reported for other

natural product databases and metabolites (e.g. median values of

0.59 and 0.63, respectively) [15]. Based on previously published

studies about molecular complexity [11], the results of this com-

parison support the hypothesis that TPISR and TCM have the

capacity to explore novel areas of chemical space. As discussed

earlier, databases with greater complexity than commercial data-

bases, have a greater chance to identify compounds that better

complement the spatial requirement of target proteins [11]. A

potential caveat, however, is that screening the entire highly

complex collections might not lead to a large number of hits.

Stereochemical complexity
Figure 1 also shows the distribution of F-Chirality values [12] for

all the six databases. Similar to the trends observed with the Fsp3

values, the set of drugs showed increased content of stereogenic

atoms relative to the commercial vendor library and NCI. The

median and mean values of F-Chirality for the commercial library

(Maybridge) (0.00 and 0.01, respectively) are in agreement with

the low values reported for other commercial vendor libraries

[12]. NP showed similar F-Chirality values as compared to drugs.

TCM showed the highest F-Chirality values (e.g. median and

mean of 0.19 and 0.20, respectively) which are similar values

reported for a different natural product database [12]. TPISR has a

distribution of F-Chirality values comparable to NP and currently

approved drugs (similar mean and medians) but with less stan-

dard deviation. In agreement with previously formulated hypoth-

eses, the increased F-Chirality values of TPISR and TCM relative

to compounds from commercial sources support the fact that

these collections are attractive sources of high-value probes and

drugs [12].

We want to point out that the discussion of the combinatorial

libraries is focused on TPISR (i.e. a portion of the collection of

small-molecules libraries present in the scaffold ranking plate as a

whole). We followed this approach because the experimental

screening of the entire scaffold ranking plate is the first step in

the identification of lead compounds (see above). However, each

library in TPISR was characterized in detail as shown in Figure S2 in

the Supplementary information which shows the distributions of

the Fsp3 and F-Chirality values of each of the 30 combinatorial

libraries.

Physicochemical properties
Physicochemical properties have been used extensively to define

and compare the property space of approved drugs, bioactive com-

pounds and other molecular databases. Several of these properties

have served as the basis to establish classical semi-empirical rules,

such as the seminal Lipinski’s RO5 [1] or the Veber’s rule-of-three

[35]. Of note, the RO5 was derived from drug candidates that

reached Phase II and studies with newly marketed drugs indicate

that these classical rules are not necessarily valid [2,36]. The follow-

ing properties were computed with the MOE program: hydrogen

bond donors (HBD), hydrogen bond acceptors (HBA), the octanol
and/or water partition coefficient (SlogP), topological polar surface

area (TPSA), number of rotatable bonds (RB), and MW.

Figure 2 summarizes the distribution of six physicochemical

properties of the six compound collections. The three important

molecular properties of polarity, flexibility and size are described

by HBD, HBA, SlogP, and TPSA; RB; and MW, respectively. These

descriptors have been extensively used to compare the property

space of drugs, combinatorial libraries, natural products and other

compound databases [22,23,37,38]. According to Fig. 2, the dis-

tribution of the properties of TPISR associated with polarity are,

overall, comparable to drugs, NP, NCI, and the commercial vendor

library but with less standard deviation. An exception is the SlogP

values that are higher for TPISR as compared to drugs, NP and the

commercial compounds (but lower than the SlogP values for TCM).

Of note, recent analysis reviewed by Leach and Hann [14] suggests

that off-target promiscuity increases with MW and, in particular

with lipophilicity. However, the relationship between promiscuity

and lipophilicity has not been clearly established due, in part, to the

different definitions of ‘promiscuity’ employed in the studies [14].

TCM has the largest values of HBD, HBA, SlogP, and TPSA with

respect to the other five collections as reflected by the corresponding

mean and median values. Regarding flexibility, TPISR has higher

values of RB as compared to the other compound collections,

followed by TCM. NCI is the least flexible according to this measure.

Concerning the size, in general, TCM has the largest molecules

followed by TPISR. NP, the commercial vendor library, and currently

approved drugs have similar distributions of MW whereas the NCI

diversity set has the lowest MW values. Interestingly, studies com-

paring drugs launched before 1983 (‘old’ drugs) and drugs lunched

between 1983 and 2002 (‘new’ drugs) reveal that the mean and

median RB and MW values are larger in new drugs [2,3]. Table S1 in

the Supplementary information summarizes the distributions of the

property values for each of the 30 libraries in TPISR (Figure S1).

Taken together, these results show that TPISR and TCM are able to

sample and expand the property space of drugs and other currently

available general screening collections. The overall high lipophili-

city of TPISR and TCM suggest that these collections might be not as

selective as indicated otherwise by the measures of molecular com-

plexity discussed above.

Structure fingerprints
Inter-library similarity
TPISR, TCM and other selected libraries were compared using

fingerprints including Molecular Access System (MACCS) keys

(166 bits), graph-based three-point pharmacophore (GpiDAPH3)

and typed graph distances (TGD) fingerprints implemented in

MOE. Fingerprints with different design were used to reduce the

dependence of chemical space with structure representation

[39,40]. Inter-library similarity can be evaluated by means of

multifusion similarity maps [41] which have been used to compare

combinatorial libraries and other compounds collections [42,43]

and nearest-neighbor curves. These curves represent the distribu-

tion of the maximum similarity values of molecules in a test set

with respect to the molecules in the reference set [41]. In this work,

random subsets of 1000 compounds from TPISR and TCM were

used as test sets while the commercial vendor library and drugs

were reference sets. Additional comparisons with TCM as the

reference set were also performed.
www.drugdiscoverytoday.com 721
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FIGURE 2

Cumulative distribution function (CDF) of the distribution of molecular properties. The tables summarize statistics of the CDFs. Abbreviations: HBA, hydrogen bond

acceptors; HBD, hydrogen bond donors; MW, molecular weight; NCI, National Cancer Institute; NP, Natural products; Q1, first quartile; Q3, third quartile; RB,

rotatable bonds; SD, standard deviation; TPSA, topological polar surface area; TCM, Traditional Chinese Medicine; TPISR, Torrey Pines Institute Scaffold Ranking

Library.
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FIGURE 3

Inter-library similarity. Cumulative distribution function (CDF) of the maximum structure similarity computed with MACCS keys/Tanimoto comparing the scaffold
ranking plate, TPISR (green), the Traditional Chinese Medicine (magenta), and the commercial vendor library (blue) with three reference collections (designated

along the left-hand side of the figure). The tables summarize statistics of the CDFs. Abbreviations: Q1, first quartile; Q3, third quartile; SD, standard deviation; TCM,

Traditional Chinese Medicine; TPISR, Torrey Pines Institute Scaffold Ranking Library.
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Figure 3 shows CDF curves of the maximum similarity of TPISR,

TCM and the commercial vendor library with three reference

libraries using MACCS keys. Selected statistics from the CDFs

are also shown. The name of the reference dataset is designated

along the left-hand side of the figure. The upper and middle panel

of Fig. 3 shows a comparison of TPISR (green) and TCM (magenta)

to drugs and the commercial vendor library, respectively. The

corresponding reference libraries are not represented in the CDFs.

The low values of the CDFs and the corresponding statistics clearly

indicate that the combinatorial libraries (TPISR) and the natural

products from TCM have compounds with different chemical

structures as compared to drugs and the diverse collection of

commercial compounds. We did not identify any compounds

that were both in the TPISR and any of the reference libraries.

This is in agreement with a previous analysis conducted with

representative in-house libraries [22–24,42]. Similar conclusions

were obtained with GpiDAPH3 and TGD representations.
The bottom panel of Fig. 3 shows a comparison of the TPISR

combinatorial libraries (green) and commercial compounds (blue)

to TCM which is used as a reference. The CDF shows that, on

average, the chemical structures of the commercial vendor library

are less similar to TCM as compared to the combinatorial libraries

[e.g. the mean and median of the maximum similarity values of the

commercial compounds (0.57 and 0.58) are lower than the corre-

sponding similarity values of the combinatorial libraries (0.67)].

The similarity values obtained with TGD were, overall, higher

than the similarity values obtained with MACCS keys and Gpi-

DAPH3 (data not shown). Similar results have been obtained for

several other data sets [39,44,45]. However, the overall relative

similarity of the test sets with the reference data sets in Fig. 3

remains the same.

The distribution of the maximum similarity values of each

combinatorial library in TPISR, TCM, drugs, and the commercial

vendor library to different reference sets is presented in Figure S3 in
www.drugdiscoverytoday.com 723
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FIGURE 4

Visual representation of the chemical space of the scaffold ranking plate.
TPISR (green) drugs (red), natural products from the Traditional Chinese

Medicine (magenta) and a commercial vendor library, Maybridge (blue). The

first three principal components account for 81.48% of the variance. For
clarity, panels a and b display two or the four collections, respectively, in the

same coordinate space.
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the Supplementary information. As mentioned above, a detailed

discussion of each of the 30 combinatorial libraries is beyond the

scope of this manuscript that is focused on the discussion of TPISR

as a whole, TCM and other compound collections.
724 www.drugdiscoverytoday.com
Visualization of the chemical space
A visual representation of the chemical space of random subsets of

1000 compounds selected from TPISR, TCM, the commercial

vendor library and drugs was obtained performing principal com-

ponent analysis (PCA) of the similarity matrix of the compound

databases (4000 compounds total) computed with MACCS keys

(166 bits) and the Tanimoto coefficient. Other representations can

be used [40]. Figure 4 shows a visual representation of the chemical

space of TPISR, TCM, drugs, and the commercial vendor library.

The first three principal components account for 81.48% of the

variance. Figure 4a displays TPISR (green) and drugs (red) and

Fig. 4b also shows the position in chemical space of TCM

(magenta) and the commercial vendor library (blue) within the

same coordinates. Figure 4a clearly shows that several compounds

from TPISR share the same structural space of drugs. Also, in

agreement with previous results for representative combinatorial

libraries, it is concluded that there are several compounds from

TPISR that cover sparsely and unexplored regions of the chemical

space of drugs as represented by MACCS keys [22]. The results of

the visual comparison of the chemical spaces are in agreement

with the quantitative similarity values captured in the CDFs of the

maximum similarity values discussed above.

Figure 4b shows that the commercial compounds share the

same area of chemical space as currently approved drugs. By

contrast, the natural products from TCM cover a different and

unexplored region of the chemical space of the combinatorial

libraries, drugs, and the commercial vendor library. Similar

conclusions were obtained in a recent analysis of the chemical

space of a specific implementation of TCM in ZINC [46]. The

similarity matrix that served as the basis to generate the che-

mical space in Fig. 4 can also be visualized as a heat map [23,46]

which is presented and discussed in Figure S4 in the Supporting

information.

Intra-library similarity
The intra-library similarity of the compound collections was

measured using MACCS keys. This fingerprint representation

was selected because of its widespread use for comparing com-

pound collections. In addition, MACCS keys gave similar trends

in similarity, although different absolute values, as compared to

GpiDAPH3 and TGD fingerprints (see above). Figure 5 shows the

distribution of the pairwise similarity values computed with

MACCS keys/Tanimoto using CDF curves. The CDFs and the

corresponding statistics summarized in Fig. 5 indicate that drugs

are the database with the least similarity (highest diversity) fol-

lowed by the commercial compounds, TCM and TPISR. The latter

two have comparable intra-library similarities (e.g. median and

mean values of 0.5). Also, drugs and the commercial vendor

library have comparable similarities (e.g. median and mean values

of 0.3). Similar conclusions can be obtained from the heat map in

Figure S4.

Concluding remarks
Comparisons of new versus old drugs and the lack of suitable

starting points for novel targets in the traditional medicinal

chemistry space is increasing the awareness to explore novel

regions of chemical space. A suitable way to expand the medicin-

ally relevant chemical space is screening libraries with structurally
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FIGURE 5

Intra-library similarity. umulative distribution function (CDF) of the intra-library similarity computed with MACCS keys and/or Tanimoto for four selected datasets.

The table summarizes statistics of the CDFs. Abbreviations: Q1, first quartile; Q3, third quartile; SD, standard deviation; TCM, Traditional Chinese Medicine; TPISR,

Torrey Pines Institute Scaffold Ranking Library.
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unique and complex compounds which also maintain balanced

physicochemical properties. It has been shown that compounds

with greater sp3 centers and higher stereochemical complexity

have higher success rates at different stages of the drug develop-

ment process. Moreover, compounds with increased complexity as

measured by the degree of saturation, may give rise to improved

selectivity although screening highly complex libraries may not

lead to a significant number of hits. Over the years, pharmaceutical

companies and several groups in different universities and

research institutes have developed small-molecule combinatorial

libraries and natural product-like libraries. Screening these collec-

tions has given rise to the identification of novel lead compounds.

The molecular complexity, physicochemical profile and structural

diversity of compound collections can be readily assessed using

chemoinformatic approaches. As a case study herein we surveyed

the complexity, structural diversity and properties profile of 30

small-molecule combinatorial libraries and a large collection of

natural products assembled in the TCM database. The high mole-

cular complexity and structural uniqueness of these collections

suggest that, overall, these databases are suitable to interrogate

novel regions of the neglected chemical space. Characterization of
the chemical space of the compound libraries generated with other

representations, such as ADMETox-related properties and aroma-

ticity [47] is warranted. This survey encourages the systematic

computational and experimental characterization of additional

combinatorial libraries and natural products collections to explore

their potential to expand the medicinally relevant chemical space.
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