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Asymmetry of Chemical Similarity**

Xin Chen* and Frank K. Brown?!

The concept of chemical similarity plays an important role in
modern medicinal chemistry. Based on the similar property
principle, which states that compounds with similar chemical
structures should possess similar physicochemical properties
and biological activities, chemical similarity calculations have
been conducted in many applications of computer-assisted
drug discovery such as chemical database searches,”” molecu-
lar diversity analysis,”’ and QSAR.™ Interestingly, almost all the
chemical similarity measures adopted so far are symmetric and
do not depend on the order of comparison. In other words,
the similarity value of compound a to compound b is always
assumed to be equal to that of compound b to compound a.
However, this assumption may be overstated and unnecessa-
ry.”) Herein we present the first evidence of the presence of
asymmetry in chemical similarity measures by an empirical
study of two large pharmaceutical databases. The implications
of the new findings on the practical use of chemical similarity
searches in lead identification are discussed as well.

Although chemical similarity can be measured in numerous
ways, the most popular usually involve two major compo-
nents: structural descriptors, which represent chemical struc-
tures in a certain numerical way so that they can be easily
compared, and similarity coefficients, which provide a mathe-
matical formula for calculating similarity values based on the
numerical values of all the structural descriptors.

Three popular structural descriptor sets, MACCS keys,”® Day-
light fingerprints,” and atom pairs,” were used in this study to
avoid potential bias on one particular descriptor set. They are
all topological fragment-based descriptors and have been im-
plemented in the commercial or corporate chemical database
search systems. The choice of these three descriptor sets also
reflects our real interest in studying similarity measures in the
context of searching large pharmaceutical databases.

The similarity coefficients used in this study are Tversky coef-
ficients.” They can be defined by the set-theoretic approach
as:

(ANB) :
(A—B)+(1-a)B_A)+(ANB) M

s(a,b) = p

Here, s(a,b) denotes the similarity value of compound a to
compound b. As illustrated in Figure 1, A and B represent the
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Figure 1. lllustration for the set-theoretic definition of Tversky coefficients.

sets of structural descriptors for the two compared compounds
a and b, respectively. (A—B) and (B—A) stand for the sets of
structural descriptors that are unique to compounds a and b,
respectively. (ANB) represents the set of structural descriptors
that are common to both compounds. a is an adjustable pa-
rameter within the range of [0,1] that controls the relative con-
tributions from the two compared compounds. In fact, Tversky
coefficients represent a class of association coefficients with
adjustable relative weights on the two compared compounds.
They offer the flexibility to model complicated similarity rela-
tionships beyond the simple metric assumption, which implies
minimality,"® symmetry™ and triangle inequality."” In this
study, we focus only on using Tversky coefficients to study the
symmetry—asymmetry characteristics of chemical similarity
measures. Specifically, when a=0.5, Equation (1) becomes the
more popular Dice coefficient, which is symmetric and also
monotonic with another highly popular Tanimoto coefficient.
When «a is not equal to 0.5, s(a,b) becomes different from
s(b,a), and therefore, the Tversky coefficient becomes asym-
metric.

Two large pharmaceutical databases, the NCI anti-AIDS data-
base™ and the J&J corporate database,™ were used as the
test data sets for this empirical study. After certain data clean-
ing, the former contains 37942 compounds with 1067 being
actives, and the latter contains 983407 compounds including
70833 actives belonging to 11 selected activity classes
(Table 1).

Simulated similarity searches were conducted to investigate
the performance of Tversky coefficients with different a values,
that is, different degrees of asymmetry. Each active compound
was used as the probe to rank the rest of the database (target

Table 1. Activity classes selected for study in the J&) corporate database.
No. Activity Class Target Family No. of Actives
1 ZAP70 inhibitor kinase 2871
2 VEGF receptor inhibitor kinase 2830
3 JAK3 inhibitor kinase 3407
4 ABL inhibitor kinase 2092
5 5-HT,¢ receptor inhibitor GPCR 8183
6 H1 receptor inhibitor GPCR 7884
7 opiate receptor p inhibitor GPCR 6102
8 MMP?9 inhibitor protease 2097
9 PTP1B inhibitor phosphatase 23990
10 NE transporter inhibitor transporter 3368
n hERG channel inhibitor ion channel 8009
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compounds) according to their similarity values s(probe,target)
calculated by Equation (1), from the most to least similar. The
a parameter in Equation (1) was systematically adjusted from 0
to 1 with a small increment of 0.01. As a result, the average hit
rate with the change of both the « value and the number of
the nearest neighbors is demonstrated in Figures 2 and 3 for
the NCI anti-AIDS and J&J corporate databases, respectively.
The hit rate was calculated as n/m, for n active compounds
present among the top m nearest neighbors. This is depicted
in the color scale, with red representing a high hit rate and the
blue representing low.

In Figures 2 and 3, all the hit-rate maps clearly show an
asymmetric color pattern with the red region inclined to the
right side, indicating that greater a values are generally more
favored for higher hit rates. In other words, Tversky measures
with a higher weight on the probe compound generally out-
perform those with a higher weight on the target compound
in terms of the ability to retrieve active analogues. This can
serve as evidence of the presence of asymmetry in chemical
similarity measures. The observed asymmetry can be interpret-
ed by the directionality or inequality that is inherent in a
chemical similarity search: the probe compounds used in prac-
tice are always active, whereas the target compounds can be
either active or inactive so that their unique structural descrip-
tors may not be as important as those of the probe com-
pounds regarding their contribution to biological activity.

Figures 2 and 3 also clearly indicate that the degree of asym-
metry is positively correlated to the degree of similarity itself,
in general. In other words, the red region becomes ever more
inclined to the right side with an increasing number of nearest
neighbors. Therefore, to retrieve more remotely similar active
compounds, a more asymmetric similarity measure should be
used, that is, more weight should be put on the probe com-
pound. On the other hand, to retrieve more highly similar
active compounds, approximately equal weights should be put

COMMUNICATIONS

on both the probe and target compounds, leading to a mea-
sure close to symmetric.

An additional observation from Figures 2 and 3 is that the
maximum hit rates generally appear between « values of 0.5
and 1.0, not at a=1.0 as claimed by Blankley and Wild.® This
indicates that a weight scheme totally biased on probe com-
pounds usually will not lead to optimal performance. Despite
the diminished importance of the unique structural descriptors
of target compounds, they do have the potential to positively
contribute to biological activity. Totally ignoring their contribu-
tion may lead to suboptimal performance.

The implication of the findings presented herein is that the
relative weights on probe and target compounds can be ad-
justed to more effectively achieve different purposes of a simi-
larity search. One goal we frequently pursue in drug discovery
is to find compounds that are highly similar to the known ac-
tives. For example, these actives may come from HTS screen-
ing or serendipity, and we want to quickly identify and test
their analogues to confirm the series and hopefully find some
preliminary SARs. Then, highly symmetric similarity measures
should be the choice for this purpose, based on the results of
this study. Another goal we often seek is to identify remotely
similar analogues. For example, when we follow the lead struc-
tures reported by our competitors, we may wish to identify
some new structures that are similar to these lead structures
so that they will have better chances of being active as well,
yet not so similar that they fall under protection of the com-
petitors’ patents. In this case, we now know highly asymmetric
similarity measures should be adopted.

Asymmetry can be easily introduced into many other popu-
lar similarity measures, such as that recently proposed by
Flinger et al.™ We expect to see more studies on this concept
and more applications of the related techniques in computer-
assisted drug discovery in the future.
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Figure 2. Hit-rate maps for the NCI anti-AIDS database using a) atom pairs, b) Daylight fingerprints, and ¢) MACCS keys as structural descriptors. Average hit

rate is represented in the color scale shown.
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Figure 3. Hit-rate maps for the J&J corporate database using a) atom pairs, b) Daylight fingerprints, and c) MACCS keys as structural descriptors. Average hit

rate is represented in the color scale shown.

Experimental Section

The MACCS keys, Daylight fingerprints, and atom pairs were gener-
ated by MOE"® Daylight toolkits,"” and an in-house C++ pro-
gram based on the report by Carhart et al.,® respectively. Both the
databases were subject to data cleaning to remove compounds
with molecular weights outside the range of 60-600 Da, resulting
in more druglike databases. As a result, the NCI anti-AIDS database
contains 251 conformed actives, 816 confirmed moderate actives,
and 36875 confirmed inactives. Both the confirmed actives and
confirmed moderate actives were treated equally as actives and
the conformed inactives as inactives in this study. Table 1 lists 11
activity classes selected for study from the J&J corporate database.
A cutoff of 10 um was arbitrarily selected so that all the com-
pounds with an ICs, or K; value below 10 um were treated as ac-
tives, while all the compounds with ICs, or K; values above 10 pm
and all the untested compounds were treated as inactives. All the
simulated similarity searches were done by an in-house C++ pro-
gram.
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Tversky coefficients - virtual screening
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