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sure of similarity between moleculesin some
property space and give valuesin therange of
0to1,with1lbeingidentical. Typica examples
are the Tanimoto coefficient and the Cosine
coefficient. For real-valued properties the Tan-
imoto isdefined as
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wherex;, iIsthevaued property i of molecule
A.Wheni cantakevauesd only0 or 1asina
bit string, then thisreducesto
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whereaisthe number of on-bitsin Aandc is
the number of bitsin common between A and
B. The Cosine coefficient can be defined as

=N
2 XiaXiB
i=1

Cosine = >

i=N i=N
2 (xiA)z E (xiB)2
i=I i=

C
\/ab

For field-based measures and overlap of eec-
tron density functions then the Carbo index
can be used (49), which is equivalent to the
Cosine coefficient.

Distance measures give 0 for identical
structures and have an upper bound defined
by the property space. The Euclidean and
Hamming distances are the most common:

i=N

Euclidean distance = \/ 2 (x;a — x:8)° >

i=|
Ja +b —2¢

i=N
Hamming distance = >, [xia — x:p| =
i=I

a+b—2c

The fundamental difference between similar-
ity and distance measures is that the latter

expressly include the absence o afeature (or
low values for real-valued properties) in the
measure of similarity. Thishasled tothe sug-
gestion (58) that, in the chemical domain at
least, such measures are best for relative sim-
ilarity; that is, ranking the similarity of two
moleculesto atarget, asopposed to measuring
the absolute similarity of moleculesfor which
similarity measures, are preferred.

Similarity and distance measuresform the
basis for most of the analysis and selection
methodsdescribedin the next section and the
reader isreferred to the reviews by Willett et
a. (2,and references therein) for afuller dis-
cussion of the characteristics and specific
properties of these measures.

2.2 Analysis and Selection Methods

I nthissection wedescribesomegeneral meth-
ods for analyzing and partitioning large data
sets, with particul ar referenceto selectingrep-
resentative or diverse subsets. Library design
also employs many of the strategies described
hereand isdiscussedin moredetail in Section
4. The methodsfall into two broad categories:
cell-based or partitioning methods and dis
tance-based methods. Partitioning methods
usethe population to definethelimitsfor cells
Into whichthecompoundsaredivided. Adding
or comparing to other compound setsrequires
identifying the cellsinto which the new com-
pounds would fall based on their descriptors.
Thisisvery rapid and the partitioning process
providesaframed reference for many design
tasks; for example, compoundscan be readily
identified to fill empty or poorly represented
cells. Potential issues are where to place the
cell boundaries and the handling of com-
poundsthat fall near to a cell boundary. Also,
new compounds may fall outside the range o
properties of theinitial population. Distance-
based methods, such asclusteringand dissm-
ilarity-based methods, require the calculation
of similarity between members of the popula-
tion and are thus population dependent. Add-
Ing new members to the population requires
recalculating similarities and could change
the distribution of compounds between the
clusters. ldentifying poorly represented or
empty areas of property spaceis not possible.
Each of these methodsisfurther describedbe-
low with examplesaf their application.





