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Abstract We describe an approach to isolate molecular scaffolds and R-groups from known chemical
compounds in order to generate scaffold and R-group databases from two large compound collections,
OptiverséM and Maybridg&. The distributions of molecular scaffolds and R-groups in the parent
databases were analysed and compared. We find that a limited number of scaffolds and R-groups ac-
count for the majority of database compounds and that most of the scaffolds occur only once or twice in
the compound databases. Diversity analysis suggests that the compound and scaffold databases have
similar molecular diversity. Implications for library design are discussed.
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and similarity are important aspects of combinatorial library
design [3]. Libraries may be designed reaction-based, i.e.,
) . ) ) . by specifying starting materials and chemical transforma-
Combinatorial chemistry and high throughput screeningions for different reactions, or product-based, i.e., by gen-
methods have modified approaches to drug discovery in @rating combinations of defined molecular frameworks, or
significant way [1,2]. Many thousands of compounds cangcaffolds, and R-groups [4,5]. A major challenge in library
now be prepared by combinatorial means and screenegksign is to find a reasonable balance between molecular
against biological targets. This scenario is changing the wagiyersity, however defined, and synthetic feasibility of com-
computational chemistry supports drug discovery programspyted compounds [5]. Product-based design strategies de-
T'he efficient design of combinat'orial libraries and the analy.-pend on the availability of molecular scaffolds. If scaffold
sis of large amounts of screening data have become majqpraries are available, synthetically accessible scaffolds can
challenges for computational chemists. Molecular diversitype pre-selected before compound libraries are computed.
This provides an opportunity, among others, to consider syn-
thetic feasibility of compounds early in the design process.
- To aid in product-based library design, we generate and ana-
Correspondence tal. Bajorath lyse databases of molecular scaffolds from known com-

Present addres&hetagen Inc., 600 Broadway, Seattle, WA pounds. Here we describe a computational method to iso-
98122, USA. late scaffolds and R-groups and apply this technique to two
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conceptually different databases. Analysis of scaffold and iRedicinal chemistry. Only a very limited number of com-
group distributions shows that a limited number of recurrgmbdunds in these databases (1,214 in OV and 1,060 in MB)
molecular fragments dominate the composition of compourasitain no ring structes. These compounds were removed
from the databases prior to our arsig. All computations
were carried out with MOE [9]. As described in the Results
section, an algorithm was developed to isolate scaffolds and

in the evaluated databases.

Materials and methods

58,239 compounds and intermediates commonly used in

Figure 1 The diagram illus-
trates the approach applied in
this study to isolate scaffolds
and R-groups from compound
databases. For each com-
pound, we identify ring struc-
tures, break bonds between
rings and the rest of the mol-
ecule, and determine whether
the resulting fragments con-
tain R-groups. If not, the bro-
ken bond is part of a linker
and the reconnected frag-
ments represent a possible
scaffold. The process is re-
peated until no new connec-
tion points and R-groups are
found
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R-groups from knowrtompounds. This algithm was im-
plemented in MOE using SVL code [10]. Average Tanimoto
) . coefficients (T) [11] were calculated using a 2D fingerprint
For our analysis, two different compound databasq$p). partitioning of compound and scaffold databases into
Optiversé (OV) [6] and Maybridg&" (MB) [7] were used ynique classes of molecules was carried out using the
as e;xamples. OV is a screening library, based on d'VerﬁMaSAR-Cluster function [13] of MOE using 57 MDL
design [8], and contains 117,976 compounds. MB contaifi§key-type structural fragments [14,15], the number of aro-
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Table 1 Representative scaffolds and R-groups isolated following the approach described in Figure 1

Molecule [a] Scaffold R-groups
O
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[::]/A\//\\ [i:] COCH,CH,CH,
0] NO, 0
H,C
4ae S B
NH,
O  CH,
0 i
Ly 0
| S
CN o OH ©

0 CH,, CN, OH
- 1

OH

[a] prototypic compounds

matic bonds, hydrogen bond acceptors, and fraction of rotat-The ratio of the number of original compounds to scaf-
able bonds per molecule as descriptors [16]. folds is 2.2 for OV and 3.7 for MB. Thus, on average, we
isolate a unique scaffold from every two OV and from every
four MB compounds. However, the distribution of scaffolds
in the databases is far from average. For both OV and MB, a
small number of scaffolds represent a large percentage of the
] ) o ) compounds. Table I’sts some of the scaffolds that dominate
We use a hierarchical description of molecules, akin to, {pg composition of MB and OV molecules. In OV, 4,205 scaf-
example, Bemis & Murcko [17], and define a "scaffold” as@qs (8% of all scaffolds) account for 50% of all compounds.
molecular fragment without R-groups, and an "R-group” ays, 48,324 scaffolds (92%) occur in 58,988 compounds
any functional group or (non-ring) side chain with only on@ompound/scaffold ratio of 1.2). In MB, 767 scaffolds (5%)
connection point to the rest of the molecule. R-groups & ount for 50% of the compounds. Thus, ~14,923 scaffolds
distinct from linkers that connect ring structures and that q8%9%) occur in 29,120 compounds (compound/scaffold ratio
part of scaffolds. Table 1 shows prototypic examples of COp}-1.9). Thus, in both databases, more than 90% of the scaf-
pounds, scaffolds, and Regrps. An algathm to isolate scaf- fo|gs occur only once or twice. Table 2 shows that the most
folds and R-groups is described in Figure 1. This algorith@quently observed scaffolds are small aromatic structures
has been implemented in MOE using SVL (the programdg neterocycles and that OV and MB have three identical
provided as supplementary material). Using this approagRgffolds in their top ten lists.

52,529 unique scaffolds and 4,486 R-groups were isolatedsjgnificant trends are also detected when R-group distri-
from OV compounds and 15,690 scaffolds and 2,851 R-groypgions are analysed. Small numbers of R-groups are found
from MB. Only 2,945 scaffolds and 407 R-groups were idefr the majority of compounds. Table 3 lists the prevalent R-
tical in OV and MB. Thus, combined databases contain 65,?Jr6ups in OV and MB. In both cases, the top ten R-groups
scaffolds and 6,930 R-groups. account for almost 75% of R-groups in the databases, and
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Table 2 Top ten scaffolds in the Optiverse and Maybridge databases
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Maybridge Optiverse
No. Scaffold Percent [a] Scaffold

Percent [a]
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[a] fraction of database compounds that share this scaffold
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Table 3 Top ten R-groups in the Optiverse and Maybridglﬁscussion

databases

A variety of methods have been developed to identify bio-
R-group Rank Percent  Accumulated % |ogically active molecules by database analysis [18,19], screen

databases for molecules with desired properties [20], and iden-
Optiverse: tify drug-like molecules [21,22]. By contrast, our approach
-CH, 1 26.5 26.5 was primarily developed to sample molecular scaffolds for
-OCH, 2 11.8 38.3 product-based library design. It is important to note that our
-OH 3 9.0 47.3 algorithm follows a hierarchical description of molecules and
-Cl 4 8.9 56.2 is not reaction-based. Thus, it is conceptually different from
-NO, 5 5.6 61.7 techniques that divide molecules on the basis of chemical
-F 6 3.5 65.3 reaction information such as RECAP [23]. The method de-
-CF, 7 2.9 68.2 scribed here is in part similar to the molecular framework
-Br 8 2.5 70.7 analysis of Bemis and Murcko [17] who analysed 5,120 com-
-CH,CH, 9 1.8 72.5 pounds in the Comprehensive Medicinal Chemistry database
-COOCH,CH, 10 15 73.9 [14]. It was found that these 5,120 molecules include 1,179

distinct frameworks and that 32 of these frameworks account
Maybridge: for the shape of 50% of these molecules, when 2D shape
-Cl 1 20.1 20.1 descriptors were applied [17].
-CH, 2 19.7 39.7 Our algorithm was designed to analyse compounds with
-CF 3 71 46.9 ring structures, and non-ring compounds were therefore de-
-OC3H3 4 6.0 52.9 leted from OV and MB prior to application of the method.
-F 5 4.9 57.8 Nevertheless, we were able to analyse the OV and MB data-
-NO 6 4.8 62.6 bases, since only 2,274 of a total of 176,215 compounds in
-OH2 7 3.7 66.3 these databases (~1.3 %) did not contain ring structures. OV
-CN ) 3.1 69.5 and MB were selected as examples because they represent
-NH 9 28 72.3 different types of compound databases, a diverse combinato-
Br 3 10 25 74.8 rial screening library (OV) and a compound collection fo-

cused on molecules commonly used in medicinal chemistry
(MB). Our analysis revealed that a limited number of scaf-
"Rank” is based on the occurrence of the R-group in thglds and R-groups dominate the composition of compounds
database compounds and given in "Percent”. "Accumun both databases, and that more than 90% of identified mo-
lated %" means the total percentage of the R-group in thecular scaffolds occur only once or twice in these large com-
database together with higher ranked R-groups (e.g.,;-Cldound collections. In cluster analysis studies on a variety of
-OCH,; -and -OH account for 47.3 % of all R-groups in theompound databases usingcBlculations with a 75% simi-
Optiverse database). larity cutoff, a 40% overlap between a small subset of OV
and MB but no undistinguishable compounds £T1) were
detected [15]. Our findings provide a molecular explanation
the majority of R-groups occur only once. Common orgarfier these earlier observations.
functional groups, including halogen substituents, nitro- and The compound and scaffold databases display a very simi-
hydroxyl-groups are among the top ten Regs. The me- lar degree of diversity, suggesting that R-groups, as defined
thyl group alone accounts for 25% of the R-group occurren¢gsein, do not significantly increase molecular diversity in
in OV and 20% in MB. these databases. This suggestion may seem counter-intuitive
Table 4 summarises results of diversity analysis on thet is consistent with two of our findings: The vast majority
compound and scaffold databases. Similar averagallies of scaffolds occur only in one compound and, secondly, a
between 0.3 and 0.4 were obtained for both OV and MB agidlall number of R-groups dominate the compounds in both
the resulting scaffold databases. Since averagealtula- databases. fus, scaffolds largely capture the diversity of
tions can only detect significant differences in overall divettatabase compounds, when isolated as described here.
sity, we have also partitioned the compound and scaffold da-Taken together, our findings have several implications for
tabases to determine the number of unique compound clagseduct-based library design. The relatively small sets of pref-
in each database [13]. Although the compound databasessae@tially used molecular scaffolds in these databases pro-
much larger than the scaffold databases, the number of unigjde preferred pathways for compound synthesis. However,
classes and unique compounds are similar in each case. Thusss biased distribution of scaffolds in designed libraries
on the basis of the calculations sumiset in Table 4, the may be desirable. The diversity encoded in these molecular
molecular diversity of isolated scaffolds is similar to the décaffolds can only be significantly increased if scaffolds are
versity of the compound databases. decorated with many different combinations of R-groups.
Thus, design strategies that explore combinations of care-
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Table 4 Diversity anaysis. Thenumber of unique classes and the number of singletons (unique molecules), obtained by
partitioning of the database, are reported for each compound and scaffold database

Maybridge Optiverse
Size Unique Singletons  Ta] Size Unique Singletons  Ta]
classes classes
Compounds 58,239 337 18 0.33 117,976 402 8 0.36
Scaffolds 15,690 358 19 0.36 52,529 390 10 0.37

[a] average Tanimoto coefficient

fully selected molecular scaffolds and large R-group libra8- Patterson, D. E.; Cramer, R. D.; Ferguson, A. M.; Clark,

ies are thought to provide a balance between molecular di-R. D.; Weinberger, L. EJ. Med. Chem1996 39, 3049.

versity and synthetic feasibility of computed compounds.9. MOE, Molecular Operating Environment, Chemical Com-

puting Group, Montreal, Canada;

Supplementary material available The SVL code to iso- http://www.chemcomp.com/feature/deploy.htm

late scaffolds and R-groups from compound databases is g@-SVL, Scientific Vector Language;

vided to accompany the manuscript. http://www.chemcomp.com/feature/svl.htm
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