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2.1.1 Physicochemical Properties

Dimitris K. Agrafiotis The first attempts to quantify molecular diversity focused on
3-Dimensional Pharmaceuticals, Inc., Exton, PA, USA physicochemical properties as a means of defining the diver-
sity space. These properties can be calculated using standard
molecular modeling and quantum mechanical packages, and
include the dipole moment, HOMO and LUMO energies, heat
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Conclusions 759 Surface area, and many others. These properties have a long
Related Articles 760 history in the field of structureactivity correlation. They cap-
References 760 ture steric, electronic, and lipophilic characteristics which are

known to play a critical role in the transport and binding of

a drug to its target. Molecular property descriptors have been

used for diversity profiling by Willet};” Martin et al.8 Lewis

Abbreviations et al.? Brown and Martin'®!'and many others, and have been
extensively reviewed by Kubiny?

ACD = Available Chemicals Directory; CAS Chemical
Abstracts Service; CSB: Cambridge Structural Database; o )
DEC = dynamically expanding context; FA factor ana- 2:1.2 Molecular Connectivity Indices

lysis; LVQ = learning vector quantization; MDS multi- Molecularconnectivityor topological indices (se®opolog-
dimensional scaling; NNE nearest-neighbor table; PGA jca| Indices) are numerical quantities based on certain invari-
principal component analysis; QSAR quantitative structure  ants or characteristics of molecular graph¥ They too have
activity relationships; SOM-= self-organized map. a long history in QSAR (se@uantitative Structure Activity
Relationships in Drug Desigh and are designed to capture
molecular properties such as size, ring structure, heteroatom
1 INTRODUCTION content, branching, saturation, etc.
] o ) Topological indices can be divided into four main classes
Molecular diversity is the study of the structural, physic- gepending on their logical derivation: (1) indices based on
ochemical, and biological heterogeneity of molecular collecthe adjacency matrix, including the total adjacency index, the
tions. It has emerged at the dawn of a new era in experimentaiagreb group indices, the Randic connectivity index, the Platt
drug discovery, marked by the arrival of massively parallelindex, the compatibility code, and the largest eigenvalue index;
synthesis and high-throughput screening. Traditionally, medic¢2) indices based on the topological distance matrix, including
inal chemistry was based on a serial, systematic modificatiofhe Wiener index, the polarity number, the distance sum, the
of chemical structure, using molecular similarity as a mean\tenburg polynomial, the mean square distance, the Hosoya
to rationalize, organize, and prioritize experiments. It is baseghdex, and the distance polynomial; (3) centric indices, includ-
on the similar property principlethat is the assumption that ing the generalized graph center; and (4) information-theoretic
structurally similar compounds will exhibit similar physico- indices, including the Shannon index, the chromatic infor-
chemical and biological properties. However, revolutionarymation index, the orbital information index, the topological
advances in synthetic and screening technology have enabl@gformation superindex, the electropy index, and the Merrifield
the simultaneous synthesis and biological evaluation of largand Simmons indices:14
chemical libraries containing hundreds to tens of thousands of The use of topological indices for molecular diversity stud-
compounds. Molecular diversity has emerged as a result dés became popular owing to their minimal computational
this paradigm shift, and represents, in many ways, a generafequirements and the widespread availability of Kier and
ization of the concept of molecular similarity from individuals Hall's Molconn-X suite!® This program computes a wide
to collections. range of topological indices based on molecular connectivity,
The study of molecular diversity is a new and incompletelyshape, electrotopological state, topological equivalence, infor-
understood field. It is closely related to molecular similar-mation content, and subgraph counts (number of rings, paths,
ity, structure-activity correlation, and statistical series design, clusters, etc.). Topological indices provide a convenient and
which are thoroughly reviewed in numerous tex¢sThis arti-  inexpensive means of quantifying molecular structure, vali-
cle records our current awareness, and outlines the most impagiated by years of experience in the field of structativity
tant advances in terms of theory, methodology, and practiceorrelation.
It is divided into four sections that address issues related to
molecular representation, dimensionality reduction, quantifica:
tion and subset selection, and visualization. The reader is als%'l'3 Substructure Keys
referred to excellent reviews by Martin et &lBlaney et al Substructure keys encode molecular information in the form
and Martin et aP of binary arrays or bitmaps (s&abstructure Searchifjigeach
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element (or bit) in the array can take the values ‘true’ or ‘false’,  Another popular metric is the Euclidean distance which, in
and indicates the presence or absence of a specific structutthle case of binary sets, can be recast in the form:

feature or pattern in the target molecule. Substructure keys

were originally designed for large-scale database searching, E = /N — [XOR(x, NOT(y))| 4)
but have also proven effective in similarity applications.

To define a structural key, one defines the structural feawhere NOT() denotes the binary complement of The
tures of interest, assigns a bit to each one of these feature@xpressionXOR(x, NOT(y))| represents the number of bits
and generates the bitmap for each compound in the databagbat are identical inc and y (either 1s or Os). The Euclidean
Typical features include the presence, absence, or minimudistance is a good measure of similarity when the binary
number of occurrences of a particular element (e.g., the presets are relatively rich, and is mostly used in situations in
ence of at least one, two, or three nitrogen atoms)’ unusuavhich similarity is measured in a relative sense. Of all the
or important electronic configurations and atom types (e.g.indices mentioned above, Tanimoto is perhaps the most com-
doubly-bonded nitrogen or aromatic carbon), common funcmonly used. As we will see below (Section 2.2), these simple
tional groups such as alcohols, amines, etc., certain primitivéubstructure keys, when used with an appropriate clustering
and composite rings, and ‘disjunctions’ of unusual features thainethodology, have been surprisingly successful in discrimi-
are rare enough not to be worth an individual bit, yet extremelynating active from inactive compounds.
important when they do occur (typically, these unusual features
are assigngd a common bit that is set if any one of the patterns 1 4 Hashed Fingerprints
is present in the target molecule). The generation of the keys
is time-consuming since it requires a substructure search for One of the major shortcomings of substructure keys is the
each pattern represented in the bitmap and for each moleculack of generality. The information they encode and their
in the database (a problem of quadratic or cubic time complexeffectiveness in database searching depends critically on the
|ty) However, once the keys are generated, database Searchiﬁ@Oice of features that go into their construction. For Slmllarlty
involves Boolean operations between binary vectors, which argtudies, this is not necessarily a disadvantage, since it gives
performed very rapidly by digital computers. the designer the flexibility to select what he or she thinks are

It should be noted that in most commercial database syghe most pertinent features for the application at hand.
tems, the choice of structural features encoded in the substruc- Hashed fingerprints are a related class of descriptors that
ture keys is aimed primarily at minimizing retrieval time. This eliminate the arbitrary component from the encoding process.
is often application and database dependent. For instance, drdgst like structural keys, fingerprints were designed primarily
databases may encode functional groups of particular intere§pr database applications, are binary in nature, and are derived
to medicinal chemists, while an organometallic database magfirectly from the connection table. Unlike structural keys,
contain features related to metal-containing functionalities. Ifowever, fingerprints do not depend on a predefined fragment
any case, it turns out that these substructure keys contain sudictionary to perform the bit assignment. Instead, every pattern
ficient information about the molecular structures to permitin the molecule up to a predefined path length is systematically
meaningful similarity comparisons. A number of similarity €numerated, and serves as input to a hashing algorithm that
metrics have been proposed for binary descriptors (both sulrms ‘on’ a small number of bits at pseudo-random positions
structure keys and molecular fingerprints; see befowpe N the bitmap. Because the number of possible patterns far

most frequently used ones are the normalized Hamming di€xceeds the length of the fingerprint, bits are shared, so to
tance: speak, among a large but unknown number of patterns. For

database applications this is not a problem, since every bit
_ IXORG, y)l N that is set in the pattern’s fingerprint will also be set in
N the molecule’s fingerprint which makes database screening
_ ) ) deterministic and fast. This is not the case for similarity
which measures the number of bits thr.;lt.are. different betweegppncaﬁons_ However, although it is conceivable that two
x andy, the Tanimoto or Jaccard coefficient: different molecules may have exactly the same fingerprint,
the probability of this happening is extremely small for all
IAND (x, y)| . ; o
= ORI ) but the simplest cases. Experience suggests that the similarity
IORGx, ) between two fingerprints is a good indicator of the similarity

which is a measure of the number of substructures shared tween the two structures. In addition, owing to their higher

two molecules relative to the ones they could have in common2€NSity and potential for overlapping patterns, fingerprints are
and the Dice coefficient: more compact and have a higher discriminatory ability as the

structures become more complex. A number of studies have
2|AND(x, y)| shown that, at least for diversity analysis, fingerprints and
T TR )  substructure keys are just as effective (see Section 2.2).

Most of the descriptors discussed in this review require

In the equations listed above, AND(y) is the intersection an enumerated structure, i.e., the full connection table of

of binary setsc andy (bits that are ‘on’ in both sets), IOR(y) the reference molecule. For combinatorial libraries and for

is the union or ‘inclusive or’ ofc and y (bits that are ‘on’ in  certain kinds of descriptors, this is not necessary. Downs

eitherx or y), XOR is the ‘exclusive or’ ofx andy (bits that and Barnar® have recently presented an elegant method

are ‘on’ in eitherx or y, but not both),|x| is the number of to compute molecular fingerprints based on the precursors,

bits that are ‘on’ inx, andN is the length of the binary sets using techniques developed for Markush structure handling in
measured in bits (a constant). chemical patents.

H
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2.1.5 Atom Pairs and Topological Torsions layers are constructed by summing a given property over all

. . : atoms in a side-chain at a given bond distance away from
Atom pairs and topological torsions represent another solu;

. . the attachment point. The properties considered by the Chiron
tion }9 the problgm of generality that plagues SUbStrUCturegroup were the radius, and the acidic, basic, hydrogen bond
kehys. Atorr:j pairs a,[ﬁ pf\tterns fOf tthe. for%a,» B d—aj, donor, hydrogen bond acceptor, and aromatic character of the
wheréa; and a; are the types of aloms and j, reSpec-  5i5m The similarity between two substituents was computed

tively, and d is their topological distance measured as they, '-,mnaring the corresponding atom layer tables element by
number of bonds alqng the shortest path connecting thes, ement, and dividing the sum of the minimum by the sum of
atoms. A molecule witth atoms has:(n — 1)/2 atom pairs, _the maximum values in each cell.

although some of them may not be unique. The topologi-
cal torsion is of the formu; — a; — ax — a,, Wherei, j, k,
and m are sequentially bonded atoms, andis again the 2.1.7 2D Autocorrelation Vectors
type of thei-th atom. In their original implementation, atom
types included the atomic number, number of neighbors, ands

number ofr electrons. Recently, how%/gr, these descigptorﬁirst application of this concept in the field of QSAR was pre-
were expanded to include physicochemicalnd geometr sented by More&d who proposed an autocorrelation function

fea_tures. Physicochemigal atom pairs in_clude b_inding PrOPty encode the topology of a molecular graph:

erties, atomic lo@ contributions and partial atomic charges.

In terms of binding pr_operties, atom types are divided into A(d) = Zpi’ P (6)
seven classes: (1) anions, (2) cations, (3) neutral hydrogen i

bond donors, (4) neutral hydrogen bond acceptors, (5) polar ) ) )
atoms, (6) hydrophobic atoms, and (7) other. Hydrophobic and’here p; and p; are an atomic property on atonisand j,
charge atom types are determined by assigning each atom igspectively, and IS the topological distance between the.two
a pair of overlapping bins, and using the indices of the binsitoms measured in bonds along the shortest path. Typically,
themselves as the actual atom types. Geometric atom pairs &p8ly path lengths of size 2 to 8 are considered. Properties of
similar to the regular atom pairs with the exception that the/nterest include volume, electronegativity, hydrogen bonding
topological distance is replaced by the through-space distan&haracter, and hydro_phoblcny. Autocorrelation vectors offer
of the corresponding atoms in some low-energy conformatiopeveral advantages, in that they are compact, independent of
of the target molecule. the original atom numbering, and their length is independent

The similarity between two structures is measured by: ~ Of the size of the molecule. ,
In the original study, a separate autocorrelation vector was

Autocorrelation is a technique that allows the compression
variable-length information into a fixed-length vector. The

K computed for each desired property, and the resulting set was
Zmin(ﬁk,fjk) reduced into a smaller number of variables using principal
s@, j) = k=1K = (5)  component analysis. Topological autocorrelation vectors were
05 Zf’k n Z Fu also used by Gasteigféras input to a Kohonen ne_twork_whlch
poct ! —~ J successfully separated dopamine from benzodiazepine recep-

tor agonists, even when these compounds were buried among
where f;; is the count of thé-th descriptor in thé-th structure, a large and diverse set of chemicals extracted from a commer-
and K is the union of all unique descriptors ihand ;. cial supplier catalog. Gasteigéhas also extended the concept
This index ranges from 0 to 1, with 1 indicating completeto three dimensions, by introducing a spatial autocorrelation
identity and O indicating that the two structures have nothingvector based on properties measured on the molecular sur-
in common. face. These spatial autocorrelation vectors were used to model
Atom pairs and topological torsions have two desirablethe activity of 31 steroids against the corticosteroid binding
properties: (1) they are easy to compute; and (2) they caglobulin, and the cytosolic Ah receptor activity of 78 poly-
discriminate between closely related compounds. Geometribalogenated aromatic compounds. These descriptors were also
and topological atom pairs are equally effective in similarity found to be effective in describing the diversity of combinato-
searching, but the new generation of descriptors seem toal libraries, also through the use of Kohonen networks (see
perform worse than the original ones in their overall ability Section 5.5§3
to discriminate biologically active from inactive compounds.
As one would expect, which set does better than another variez';1 8 B-cut Values
greatly from probe to probe, and is very difficult to predict a™
priori. Searching for a universal definition of a chemical pro-
perty space, Pearlm#hfound the solution to a class of
descriptors inspired by Burden’s work on molecular identi-
fication numberg® Burden suggested that a molecular identi-
Atom layers were introduced by Martin et®in order to  fication number could be constructed based on the two lowest
capture the topological distribution of chemical features arounaigenvalues of av x N symmetric matrix representing the
a combinatorial core that are believed to play a critical role inhydrogen-suppressed connection table of the molecule. Diag-
receptor binding. The basic idea is that atoms that are closemal elements were replaced by the atomic numbers, while
to the attachment point contribute differently to binding thanoff-diagonal elements were assigned a value of 0.1 times the
those that are more distant. Unlike most of the descriptorsominal bond type if the corresponding atoms were bonded,
described so far, these properties apply only to combinatoriadr 0.001 if the two atoms were not bonded, with an addi-
libraries and are therefore much more limited in scope. Atontional score of 0.01 being added to the (off-diagonal) terminal

2.1.6 Atom Layers
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nodes. Later, Rusinko and Lipkus applied Burden’s concephave focused on a related class of descriptors known as 3D
for similarity searching using a 60 000-membered subset of thpharmacophore keys.
CAS (Chemical Abstracts Service) registry, and found that his
Ia}pproac_h _cor_npared ngl with results obtained from an eStabZ.l.lo 3D Pharmacophore Keys
ished similarity searching procedure.
Pearlman extended this concept to multiple dimensions, by The concept of a pharmacophore key was introduced by
constructing three classes of matrices, using atomic charg&heridan and co-workei%as a means to account for the poten-
atomic polarizability, and hydrogen bond related propertiedial for intermolecular interactions in a 3D database search.
across the diagonal, and a combination of interatomic disPharmacophore keys are 3D structural keys whose ‘interest-
tances, overlaps, computed bond orders, etc., off the diagonahg’ features include known macromolecular recognition sites.
These properties were selected based on their importance Trhese sites include hydrogen bond donors, hydrogen bond
receptorligand recognition. A six-dimensional property space acceptors, positively charged centers, aromatic ring centers,
was then defined using the lowest and highest eigenvalues (Bnd hydrophobic centers. The pharmacophore itself is defined
Cut values) of a representative matrix from each of these threas a set of three or four centers forming a triangle or tetrahe-
classes. Given the large number of combinations of diagonalron. To generate the key, the pharmacophores exhibited by
and off-diagonal properties, the final choice was the one thaa particular conformation or ensemble of conformations are
produced the most uniform distribution of compounds in themapped onto appropriate bits in the binary set. This process is
chemical space, as determined byecriterion. The properties illustrated in Figure 1.
themselves can be computed at multiple levels of theory, rang- Just like structural keys, pharmacophore keys can be readily
ing in rigor and computational complexity. Pearlman reportedgextended to account for multiple conformations. Three-point
that B-Cut values based solely on the connection table werpharmacophore keys also lend themselves to visualization in
proven satisfactory for most diversity profiling tasks. the form of a three-dimensional scatter plot (see Section 5.4).
The resulting six-dimensional space is small enough tdA number of people have followed up Sheridan’s work, most
permit diversity analysis based on partitioning (binning). Thishotably the groups at Chemical DesiginRhone-Poulené
is described in greater detail below (Section 4.6). and Abbott°
One of the main uses of pharmacophore keys is to address
questions related to molecular similarity and chemical diver-
2.1.9 3D Structural Keys sity. Clearly, a diverse selection of compounds should exhibit
The use of three-dimensional information for diversity a large number of pharmacophores, which should, in turn, be
analysis appears obvious, if not necessary, if one considereflected in the union (or ‘inclusive or’) of their corresponding
the origins of biological specificity. Indeed, receptors andpharmacophore keys. Davies and Bridremployed an itera-
enzymes recognize shapes and electronic properties, rathidve selection procedure that takes into account the flexibility
than specific substructures or atom types. This idea, which ca@f the compounds and the amount of overlap between their
be traced back to Fischer's lock-and-key model and Ehrlich’'gespective keys. The procedure is described in greater detail
pharmacophore hypothesis, has had a profound impact opelow (see Section 4.8).
modern drug design, experimental and computational alike.
3D s_tructur_al keys are the e>_<tension of sub_structure keys_ B 111 Electronic Fields
three dimensions. They are binary sets designed to function
as screens for fast 3D database searching applic®idhs.  The success of 3D-QSARhas prompted Cramer and co-
Most of these systems involve two-center keys that record theorkers® to develop descriptors based on the steric fields of
distances or angles between two ‘interesting’ features suchingle side-chain conformers ‘topomerically’ aligned around
as particular atom types, centroids of aromatic rings, ring2 common combinatorial core. This ‘topomeric’ alignment
normals, and attachment points of functional groups. The keyttempts to find a representative conformation for each side-
is computed by defining a set of atom types, and allocating ghain attached to a particular variation site on a combinatorial
fixed number of bits to each unique pair. Each bit correspondéemplate. The process starts with a low-energy conformation
to a particular distance range for the two features. To generagenerated by a model-building routine, which is then fitted as a
the key, the features of interest are mapped onto the targéigid body onto the template using least-squares minimization.
molecule, and the distance of each pair is recorded onto th&he torsions of the rotatable bonds are then adjusted one by
bitmap by turning on the corresponding bit.
Naturally, 3D structural keys require the availability of ) Donor )
a three-dimensional structure of the target molecule. Earlier i A e
database systems relied on a single low-energy conforma- Ponor Donor
tion, determined either crystallographically or computationally “*<°P*°" Acceptor Ring
using a fast structure-generation software packagEhese Donor
rigid screens were later modified to include flexible keys that
take into account conformational flexibility. In the interest of
efficiency, the conformational search procedure embedded in
these systems is relatively crude and does not rule out highly

strained conformations. One disadvantage of 3D structurgtigyre 1 Three-point pharmacophore key generation. Each pharma-

Keys is the poor representation of shape and_ chirality, and theéophore pattern present in the reference molecule is ‘projected’ onto
limited number of features that can be effectively represented particular bit position, determined by the three ‘atom’ types and

in a finite string. To address these limitations, several groupgheir mutual distances

N NEENENNENENEEE NENNENEEEEE BERE

Pharmacophore Key
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one starting from the bond closest to the template, using 2.2 Descriptor Validation
simple set of topological precedence rules. Once the alignment
is complete, the steric field of the side-chain is computed usin%S
a CoMFA-like approach. These fields can then be used t?u
compute a similarity index between two compounds using the[C
root of the squares of the differences in steric field value

summed over all lattice points in the CoMFA region, or h
some other equivalent distance function. The utility of thesan
descriptors was demonstrated by classifying 736 commercially
available thiols into 231 bioisosteric clusters which wereg
consistent with results obtained from a clustering study base

on _ﬁ? fingerprints and thed Tanidmoto _st,)irrzjilarigy coeffiCient.  gyentually be made on the basis of their ability to discriminate
e ‘topomeric’ procedure described above attempts Qe from inactive compounds. The most comprehensive

circumvent the alignment problem that plagues most field; 4 Py ; o
: ; ) y specifically designed to address this issue was reported
based QSAR techniques. While the assumption that templatey, gy and Martid from Abbott Laboratories. What makes

based combinatorial compounds can be aligned with respe eir contribution unique is the unprecedented size of the

to their common core is certainly a reasonable one, it 'Yata set used in their analysis. In particular, four data sets

not as clear how this technique could be used to comparfere examined, containing in excess of 20000 structures

multiplg Iibraries or heterogeneous.comp.ound cqllections, 0Eynthesized as part of past and on-going research projects at
even libraries where the template itself is a variable site (xppott. This set included three different sets of compounds
synthetic approach that is becoming quite common). tested against monoamine oxidase and two other proprietary
enzyme assays, and a collection of over 16 000 compounds that
2.1.12 Affinity Fingerprints were tested over the years in the company’s high-throughput
_ o o screens.

While the vast majority of diversity analyses focus on  Thgjr aim was to identify which combination of descriptors
the intrinsic structure of the |nd|V|dan compounds, therfe aréynd clustering methodologies were more effective in separat-
some approaches that rely exclusively on the behavior of actives from inactives. The quality of the classification was
these c_ompounds in their target environment. Such a biologimeasured by comparing the proportion of actives in clusters
cally oriented approach was first introduced by researchers @bntaining at least one active, to the proportion of actives in
Terrapin?* which built on the strengths of the company’s fluo- the data set as a whole, excluding, of course, any active sin-
rescent polarization high-throughput screening technology. IRjietons. In total, seven types of descriptors (MACCS, Unity
this approach, the molecular descriptor is the pattern of bindingng paylight fingerprints, Unity 3D rigid and flexible descrip-
affinities (expressed in the form of égvalues) of a particu- tors, and two pharmacophore descriptors developed in-house),
lar compound against a predefined set of protein targets. Thignd four different clustering methodologies (Jar@sitrick,
vector, which is called the affinity fingerprint, can be used inward, group-average, and Guenoche) were examined. They
much the same way as an ordinary multivariate descriptor t¢ound that the 2D descriptors were considerably more effec-
establish similarity relationships and perform diversity studiestjve, as was Ward'’s hierarchical agglomerative clustering algo-

The choice of protein targets is of paramount importanceithm. In a subsequent study, they also found that this trend
if the results are to be statistically significant and of generals mirrored in the ability of these descriptors to predict other
utility. As a minimum requirement, the proteins must be ablereceptorligand recognition determinants such as hydropho-
to recognize a wide range of organic compounds, which can beicity, dispersion, electrostatics, and steric and hydrogen bond-
achieved by recording the binding information up to the limitsing capability. These results were consistent with previous
of detection of the underlying biological assay. Moreover, thereports by the Sheffield groupand suggest that the exist-
affinity patterns of these proteins must be uncorrelated anghg 3D descriptors provide a rather poor representation of the
linearly separable. A systematic analysis of several hundregbceptor binding potential of a molecule, perhaps owing to the
candidates resulted in a set of 18 proteins, which are nowmited number of conformations and poor geometric descrip-
used routinely for screening new compound collections.  tions involved. 3D descriptors are in general parsimonious,

The similarity between affinity fingerprints provides an and do not provide the same density of sampling and careful
empirical way to assess the chemical variety of a chemicaselection of features that are typically involved in 3D QSAR
library. Kauva?* suggests that an estimate of the diversity ofanalysis.

a given set of compounds can be determined based on the In a related study, Patterson et*akeported an alternative
maximum separation and most frequently occurring distancenethod for validating descriptors based on the concept of a
between two affinity vectors in the collection. Although this ‘neighborhood radius’. Their objective was to develop a gen-
is a rather crude and qualitative measure, the mathematicatral method for identifying descriptors with a high discriminat-
nature of the affinity fingerprint makes more robust diversitying power that would allow the detection of activity ‘islands’,
analyses (see Section 4) readily applicable. From a drug desigre., regions in property space with a relatively high density of
perspective, affinity profiling has one important limitation: biologically active compounds. Their approach was to compare
it cannot be used in a predictive mode for an unknownthe differences in the descriptor values against the differences
(untested) class of compounds. It is, however, conceivable that the biological activities for a set of related compounds. If
it may be possible to predict the biological profiles of knownthe descriptor is to be useful as a measure of similarity, the
compounds against new protein targets through traditionalesulting plot should exhibit a characteristic trapezoidal distri-
regression techniques. bution revealing a ‘neighborhood behavior’ for that descriptor.

As we pointed out in the introduction, the underlying
sumption behind any diversity-based selection is that struc-
rally similar compounds should exhibit similar physicochem-
al and biological properties. What is less clear is how one
efines similarity and where the similarity cutoff lies; that is,
ow similar two compounds need to be for this statement to
old true.

Despite the lack of a universal and rigorous definition
r molecular diversity, there seems to be general agreement
at the choice of descriptors and similarity metrics should
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The method was applied to 20 data sets, and 11 descriptotee resolution of the sampling procedure. Many believe that
were ranked by their validity in series design. They concludegharmacological property space requires at least 20 unigue
that 2D fingerprints and 3D CoMFA fields far outperformed dimensions. A hypercube of 20 dimensions hag®2r 1
physicochemical properties such as fognd molar refractiv-  corners. Even for a coarse grid of only five values for each
ity, while topological descriptors such as connectivity indices,dimension, there are 1®points that one needs to sample to
atom pairs and autocorrelation vectors fell in the middle of thefully explore the diversity space. While many of these points
spectrum. Interestingly enough, they also found that 2D finmay be inaccessible due to chemically disallowed combina-
gerprints based on the whole molecule performed worse thafions, there is still an astronomical number of possibilities

those based on the side chains alone, which they attributed ¥emaining that far exceeds the capacity of modern synthetic
a diluting effect by the template. Patterson’s study consideregechnology.
one descriptor at a time, and did not account for the possibility
of correlations between two or more descriptors. . . . .
3.2 Dimensionality Reduction

For diversity profiling, high-dimensional representations

3 DIMENSIONALITY REDUCTION pose a number of problems. The first, and perhaps most impor-
. o tant, is the presence of substantial correlation between vari-
3.1 The Curse of Dimensionality ables. Strictly speaking, correlation is not a problem caused by

When dealing with multivariate molecular representationsaving many variables; it is quite possible to have complete
one becomes quickly aware of a problem known as the Cursgorre_lanon W|th on_ly two or thrge variables, but the probablllty
of dimensionality. This term was first introduced by Bellffan  Of this happening increases with the number of variables used.
to describe the complexity of combinatorial optimization over 1€ importance of correlation depends on the application at
many dimensions, where the computational effort was foun and, but in general redundant variables tend to exert undue
to scale exponentially with the dimensionality In statistics, ~nfluence in the analysis. Moreover, if the features are to be
this expression is used to describe the sparsity of data in highés€d for property prediction or classification (which is the nat-
dimensions. Indeed, our intuition based on two- and threelral next step of any diversity-based design), over-fitting can
dimensional geometry is of limited use as we move to high-be a serious threat. The existence of a Iargg_ nu_mber of vari-
dimensional spaces. The following two examples illustrate?Pl€s can cause most regression and classification techniques
the point. Consider, for instance, the fraction of the volumet© focus on the idiosyncrasies of the individual samples and

of a d-dimensional hypercube contained within the inscribedl0Se sight of the broad picture that is essential for generaliza-
hyperspheré? tion beyond the training set. Finally, as the dimensionality of

the space increases, the size of the computational effort needed
ni’? - to perform the analysis can be daunting even for today’s most
= d429-11(d/2) (D powerful computers.
. Fortunately, most multivariate data %¢ are almost never
Ford=1, 2,3, 4,5 6, and 7/, is 1, 0.785, 0.524,  ; gimensional. That is, the underlying structure of the data is
0.308, 0.164, 0.081, and 0.037, respectively. It is clear thalmost always of dimensionality lower thah In the interest
.an Increases, the center of the hypercube F’ecomes INSIGNIBt harsimony, and to simplify the analysis and representation
icant and its volume is concentrated near its comers. Thig¢ ihe ata, it is often desirable to reduce the dimensionality
apparent paradox has also been demonstrated by Wé§mary¢ e space by eliminating dimensions that add very little to

by conS|de_r|n% thgehhypervolume ofa :]hm sheﬂ, .., the vol-yne gyerall picture. We must stress that none of the methods
ume contained within two concentric hyperspheres, one with o il pe discussed here guarantees to extract the most

radlu_5r and the other with a slightly smaller radlus,—_ & The_ ._important features for the application at hand. There is always
fraction of the V‘?'“"?e of th.e larger sphere contained Wlthlnthe possibility that some critical piece of information is left
the two spheres is given by: behind, buried under a pile of redundancies. Experience in

P many different application areas has shown that, in practice,
1- ;) ——1 ®  this situation does not arise often.

d — oo . . . . . .
This discussion will focus on two main techniques to

Thus, for higher dimensions, the volume of the hyper-perform the reduction: (1) principal component analysis; and
sphere is concentrated mostly on its surface. According t¢2) factor analysis. Both of these techniques attempt to find an
equation (8), if the data is uniformly distributed, most of the appropriate low-dimensional representation of the covariance
samples will be found near the boundaries of the featurematrix. Other approaches such as multi-dimensional scaling,
space. These two simple examples illustrate that the concept abn-linear mapping, and Kohonen networks are reviewed
‘neighborhoods’ in higher dimensions is somewhat distortedpriefly in this section, and discussed in greater detail in
if the neighborhoods are ‘local’, they are virtually empty; if Section 5.
they are not empty, then they are not ‘local’. This has impor-
tant consequences in many st_atistical applications. T_here i§,‘2_1 Principal Component Analysis
for example, a common ambition among many practitioners
of combinatorial chemistry to synthesize a ‘universal library’  Principal component analysis (PCA) is a statistical tech-
containing every possible pharmacophore. Some have gormdque with a long history in multivariate data analysis (see
as far as suggesting that this can be achieved with a mei@hemometrics: Multivariate View on Chemical Problem¥’
20000 carefully selected compourtisWhether this is pos- PCA reduces a set of partially cross-correlated data into a
sible depends on the definition of pharmacophore space argmaller set of orthogonal variables (principal components)

fa

_Va) =Var—e)
fo= Va(r) =1 (
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without a significant loss in the contribution to variation. In (common factors) or with a single variable (unique factors).
effect, the method detects and combines descriptors whiclihe specific association between the original variables and the
behave in a similar way into a new set of variables that arelerived factors is described in the form of loadings, which
non-correlated, i.e., they are orthogonal. are derived from the magnitude of the eigenvalues of the
Principal components are computed by diagonalizing thecovariance matrix. Factor loadings are inherently indetermi-
variance-covariance matrix. This is a square symmetric matrixnate. Rotation attempts to put these factors into a simple
whose diagonal elements represent the variances of each gésition, so that each variable is loaded highly on one fac-
the measured variables, and the off-diagonal elements repregr, and all factor loadings are either large or near zero. A
sent their covariances. The elements of this matriy, are  number of different rotation methods are available, including

computed using equation (9). varimax, quartimax, and equimax. The varimax method max-
L imizes the variance of the loadings, and is the most widely
= (o — used.
M=M= N ;(xkl H) G = ) ® On the surface, factor analysis and principal component
analysis are very similar. Both rely on an eigenvalue analysis
whereu; is the mean of variable of the covariance matrix, and both use linear combinations of
v variables to explain a set of observations. However, in PCA
1 the quantities of interest are the observed variables themselves;
Hi= NZX” 19 ihe combination of these variables is simpl fi
~ ply a means for

simplifying their analysis and interpretation. Conversely, in
andN is the number of observations in the data set. The eigerfactor analysis the observed variables are of little intrinsic
vectors of this matrix are the principal components, and thesalue; what is of interest is the underlying factors.
eigenvalues are their respective variances. Thus, the number of Factor analysis has been used by Cummins &t ab
PCs is equal to the number of the original variables. Howeverieduce a set of 61 molecular properties to four factors, which
if there is some redundancy in the data, it is usually sufficienivere then used to compare the diversity of five chemical
to retain only the first few PCs that account for ‘most’ of the databases (see Section 4.6). It was also explored by Gibson
variance in the original data. This limit is arbitrary, and is usu-et al4! in a comparative study of 100 different heterocyclic
ally determined by heuristic rules (typically, a threshold of 904romatic systems, but they concluded that FA did not reduce
or 95% is used). Finally, the original data is transformed byine complexity of the analysis, and did not offer any significant
using equation (11): advantages over PCA.

X' =VTx (12
3.2.3 Multi-dimensional Scaling, Non-linear Mapping, and
whereVT is the transpose of the eigenvector matxxs the Kohonen Networks
original multivariate sample, and are the coordinates of that . . ) ) )
sample in the transformed space. Multi-dimensional scaling (MDS), non-linear mapping, and

The main advantage of PCA is that it makes no assumption§ohonen networks (seldeural Networks in Chemistryrepre-
about the probability distributions of the original variables. TheSent alternative techniques that can be used for dimensionality
elements of each eigenvector, which are called loadings, refleégduction. The first two were designed to reproduce coordi-
the influence of the original variables in that eigenvector, and'ates from a distance or similarity matrix, while the latter
are used to establish natural associations between variabldgatures data abstraction by means of prototyping, achieved
PCA (as well as factor analysis) are sensitive to outliersthough a powerful self-organizing principle. In the first two
missing data, and poor correlations between variables due te@chniques, the reduction is effected by reconstructing a low-
poorly distributed variables. The method has been employedimensional coordinate set from a distance matrix computed
by a number of groups, including Martin et &l.Gibson from a higher-dimensional representation, while in the latter
et al.** and many others. the original property vectors are onto a two-dimensional cell
array arranged in a way that preserves the topology and den-
sity of the original data set. These reduced representations can
subsequently be used for a variety of pattern recognition and

Factor analysis(FA) is a closely related technique that classification tasks. Because these methods are ideally suited
attempts to extract coherent subsets of variables that are rdbr visual inspection, they are discussed in greater detail in
atively independent from one another (s€bemometrics: Section 5.

Multivariate View on Chemical Problems® It is often the

case in science that the variable we are interested in is not

directly observable. However, it is often possible to measuret DIVERSITY METRICS AND SELECTION

other quantities that reflect the underlying variable of inter- ALGORITHMS

est. Factor analysis is an attempt to explain the correlations

between variables in the form of underlying factors, which are4 1 cjustering

themselves not directly observable, and which are thought to

be representative of the underlying process that has created Because of its long tradition in molecular similarity appli-
these correlations. cations, clustering was one of the first methods to be applied

Factors are linear combinations of original variables. Theyin diversity analysis (se€hemometrics: Multivariate View
may be associated with two or more of these variableon Chemical Problemp® In general terms, clustering is a

3.2.2 Factor Analysis
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multi-variate analysis technique that seeks to organize informa4.2 Maximin
tion about variables in a set of relatively homogeneous groups

called ‘clusters’. These clusters must be internally homoge-

neous (members of a single cluster must be similar to gacg} implementation, though not necessarily for its efficiency.
other) and externally heterogeneous (members of two dn‘ferl-vI

ent clusters must be dissimilar to each other). Contrary to oth%ﬁ:ﬂm}&ISin?e?rrﬁagjﬁogrgsr?r;n::it?/tt:mgasgtc; rgg;( |g:(|zc%rt;|_e

multivariate techniques, cluster analysis lacks a comprehenswléaOunds The process starts with a randomly chosen compound
boc_li_);l of stat|st|fcal theqry ar:d IS heurllst|;: in natlurg First and builds up the selection by adding one compound at a time.
ere are ourf rpajor Steps n t():us elr ang yS|sa Irs I’ j‘rburing each iteration, the algorithm evaluates all the remain-
appropr!atef f’et 0 Seatur%s must i e selected, an scae i'Hg candidates (that is, every compound that is not already a
a meaningiul way. Second, a similarity matrix must be con-p,emper of the selection), and selects the one whose distance
structed, that records the distances between each pair of objegsy it nearest neighbor in the existing set is maximal. This
in the collection. Third, a decision must be made about th"Erocedure scales to the square of the number of compounds
number and interpretation of the clusters. Finally, the clusteheing considered, and becomes impractical for larger designs.
solution must be validated by visual or statistical means. An alternative implementation was presented by HeSsand
Clustering metho.dologl.es fall into two main Categor'esAgrafiotis,““ who used the maximin criterion itself as a diver-
b?‘sed on the way in which the clusters are f°fm?d- Nor"sity function that was optimized using a simulated annealing
hierarchical clustering (also known as-nearest-neighbor approach. The first application of maximin was reported by

clusterin_g) produc_es a single set of clusters based_ on Somye jiness!® but many people have followed suit, including
user-defined criteria. The most popular member of this fam'IyPoIinsky,“'G Chapmaf” and others ’

particularly for diversity related tasks, is the JarRatrick

algorithm. This method constructs the clusters by computing
the k nearest neighbors of each object, and then clustering.3 Stepwise Elimination
objects together if they are on each other's nearest neighbor
lists and share some minimum number of nearest neighborﬁ,]
The major advantage of this method is speed; its mai
disadvantage is its tendency to generate either too mal

Among all the selection algorithms presented in this review,
aximin stands out for its conceptual simplicity and ease

Many of the algorithms discussed in this section construct
e solution from the bottom up, that is starting from the null
Set and incrementally augmenting this set until the desirable

hierarchical clustering, whose output is represented in the foran the maximum similarity principle. In particular, thex N
of a dendrogram or a tree. Hierarchical clustering may be t0pgjmjjarity matrix is scanned to identify the largest element,
down and employ logical division, or bottom-up and employ o one of the compounds associated with that element is

aggregation. In top_-doyvn clustgrlng, the process starts Witg|ected at random and eliminated. The process continues until
a single cluster which is recursively subdivided into smaller, single compound is left in the set. This algorithm sorts the

and smaller groups until each object is a member of its OWomnounds in reverse order of dissimilarity, placing the most
cluster (singletons). Conversely, bottom-up approaches stafferse molecules at the top of the list.
with singletons and work their way to the top by combining

clusters together to form larger collections. In general, cluster _
analysis is guided primarily by experience and heuristic rules4.4 Cluster Sampling

and requires that the user makes certain decisions which may another technique developed by Taylwas cluster sam-
have a profound influence on the results of the classificationp"ng_ This is a nearest-neighbor approach that, unlike con-
The most complete study of similarity clustering in chemi-yentional cluster analysis, never explicitly partitions the space
cal systems was presented by Willettho carried out a sys- into a set of clusters. The method starts by constructing a
tematic comparison of four different clustering methodologies nearest-neighbor list for every compound in the database, using
including the Ward and group-average hierarchical agglomery similarity threshold of 0.8 (minimum similarity necessary for
ative methods, the minimum diameter polythetic hierarchical pair of compounds to be considered neighbors). The nearest-
divisive method, and the JarviBatrick nearest neighbor algo- neighbor lists of all the compounds are combined to form the
rithm. The methods were tested on a set of 5982 compoundsearest-neighbor table (NNT) of the database. Having con-
characterized by 13 molecular properties, and the results wergructed the NNT, the selection algorithm proceeds as follows:
evaluated by means of simulated property prediction experihe first molecule to be extracted is the one that occurs most
iments. These experiments suggested that the J&atsick  often in the NNT, since this would tend to be at the center of
algorithm is not an appropriate choice for clustering moleculathe most densely populated region in the property space. All
property data, and that any of the first three methods shouldlearest neighbors of the selected molecule are then marked as
be preferred. A subsequent study by Brown and Martin hasheld’, which means that they become unavailable for selec-
confirmed these finding$. tion. The next compound selected is the one that occurs most
In order to design a diverse series, the user typically selectsften in the NNT and is not marked as held. This is typically
a representative from each cluster (usually the centroid), anthe center of the second most densely populated region in the
then optionally examines this resulting subset for possiblespace. This compound'’s neighbors are then held, and the pro-
multi-colinearities. If the selection is non-orthogonal, suspectess continues until all compounds are either chosen or held.
compounds are replaced with other members of the same cluBoth cluster sampling and stepwise elimination are intuitive
ter, and the new solution is re-evaluated. This cycle continueand robust procedures, but scale to the squar&/,ofvhich
until a quasi-orthogonal set is identified. makes them impractical for large data sets.
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4.5 Experimental Design The objective of D-optimal design is to identify points that
are not only spread out in property space, but are also orthogo-
nal. This is achieved by maximizing the volume in covariance
space; the determinant is large when the variances are large
t'i.e., the points are spread out) and when the co-variances are

In what is still considered by many the most complete
work in the field, Martin and co-workers at Chifbreported a
selection technique based on the principles of statistical exper

mental design (seexperimental Desig). Their objective was . A

to provide a rational method for selecting a representative Seitmﬁllagyeai;Pe?e/nirirﬁggggt%g?l)c.aa-%%tlr:rilgl)e;/se’ dmtofag([:'h(i):vee
of amines and C_arboxylle acids to _be used as S|de-<_:ha|ne aNhis task. Other criteria include A-, G-, and l-optimality which
capping groups itV-substituted glycine peptoid combinatorial are also model-based, and S- and U-optimality which are

libraries. istance-based and are designed to fill up space and maximize
It was clear that the set of descriptors used to define thgpread g P ep

O B B 1 el ot Whie he metho s statsically soun, s ot e cear
cally relevant information, the group employed a wide range oSt how mugh spread is sacrificed to achieve a hlgher rank.
molecular descriptors that were classified in four broad classeg‘?‘s":""‘.n et &° have recently shown that the loss may in fact
(2) lipophilicity; (2) shape and branching; (3) chemical func- € q.une.substantlal. Their 'd.ea was to cast the D-optimal
tionality; and (4) receptor binding. Lipophilicity was described criterion in the form' of an objective function that measureq
by means of octanelvater partition coefficients, calculated by e diversity of a given set of compounds, and then maxi-

ClogP, HINT, or LOGKOW. Shape, flexibility, branching mize this function using a Monte Carlo technique to identify
and ring structure were described by a set of 81 topologi-the most diverse set. Their approach, which is discussed in

cal indices, including the molecular weight, the number ofgreater d?ta'_l below (see Section 4.7), showed that the D-
elements, heavy atoms and bonds, 70 connectivity indiceé’,pt'm"’“ cr_ltenon favors the extremes of _the_ featur_e space, and
and seven shape descriptors (see Section 2.1.2). Using prip,egnds to ignore the central region. This is particularly true
cipal component analysis, these 81 descriptors were subs@{-hen .the number of points selected far, exceede the dimen-
quently reduced to five latent variables which captured ggoFionality of the space. However, Hassan’s analysis was based
and 87% of the variance of the amine and carboxylate datq" & linear model (i.e., the design matrix did not include
sets, respectively. The chemical functionality descriptors wer@nY higher-order terms) which may partially account for this
computed indirectly, by first constructing a pairwise distance®dundancy (when the model contains fewer terms than the
matrix using Daylight fingerprints and the Tanimoto similar- number_ of ebservatlons, duplicates |ntr0(_juce an estimate of
ity coefficient, followed by multi-dimensional scaling (MDS, Uncertainty in the response surface). It is possible that the
see Section 5.6) to reduce these fingerprints to a small numbéiclusion of higher-order terms will partially compensate for
of continuous variables (5 to 7) that reproduced all the Orig_thls redundancy, but this remains to be demonstrated. It is
inal dissimilarities with an error of around 10%. Finally, the S0 not clear whether the method can handle large data sets,
receptor binding potential of each side-chain was described b§nd become a more general experimental design tool for drug
atom layers emanating from the peptoid backbone and descriiscovery. _ . .

ing hydrophobic, hydrogen bonding, and polar functionalities ~ Finally, we should point out that Martin’s work is not

in the form of an autocorrelation-like data table. These tableéhe first application of experimental design for compound
were then used to compute pairwise similarities, which wereselection. These principles have been practiced for many years
subsequently reduced to five continuous variables using clad? Statistical series design and structuetivity correlation.
sical MDS. These descriptors were combined to form a seMarsili and Sallet® in 1993, reported an almost identical
consisting of log?, five shape and branching PCs (or sevenapproach for selecting multivariate synthetic analogs, using the
in the case of the carboxylates), five chemical functionalitydeterminant of the covariance matrix and a fractional factorial
MDS dimensions, and five receptor recognition MDS dimen-design procedure, implemented in the program Analogs. At
sions. Within each set, the descriptors were rescaled to zefbat time, however, combinatorial chemistry was still at its
mean and unit variance for the first component, assigning, ifnfancy, and that work was largely ignored.

effect, lesser weight to the remaining PCs and MDS dimen-

sions. R -

Having defined a suitable property space, the actual seleél-'6 Partitioning Techniques
tion was carried out using a statistical technique known as The quadratic time complexity of most diversity algorithms
D-optimal design. D-optimal design takes as input a desigias led a number of groups to investigate alternative partition-
matrix, X, and selects a subset of points from a larger pooing techniques. These techniques partition the property space
of candidates that maximize the determinant of the ‘informa-into a set of multi-dimensional cells, by dividing each axis into
tion matrix’, XTX. The rows ofX represent the monomers a finite number of equally sized bins. Assigning a compound
or compounds, and the columns represent the original fedo a particular cell is a direct and extremely fast indexing oper-
tures, or higher-order terms such as their squares, cubes, ation. The method is flexible and intuitive, and is ideally suited
cross terms. This, in effect, minimizes the determinant of thdo a variety of diversity-related tasks. Identifying and filling
inverse, which is the variance of the parameter estimates fadiversity voids is straightforward, as is selecting diverse sub-
the model that is encoded by the design matrix. The actuatets from a larger collection, and comparing the redundancy,
algorithm builds up the design in a stepwise manner, startingomplementarity, and diversity content of multiple collections.
with the null set (or some pre-selected set of compounds), anidowever, in order to truncate the combinatorially explosive
gradually augmenting that set by including the monomer thaenumeration of discrete cells, the method requires a low-
best complements the existing solution, until the maximumdimensional representation of chemical space. This problem
number is reached. was addressed differently by different groups.
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Pearlman'® solution was to construct a six-dimensional the feature space. The resulting density functions for two of
space using the highest and lowest eigenvalues (B-Cut vathese factors are shown in Figure 2.
ues) of three atom association matrices which encoded charge,
atomic polarizability, and hydrogen bpndin.g information (seey 7  gigchastic Techniques
Section 2.1.8). The main problems with this approach are the
lack of a physical interpretation and rather unclear significance Most of the algorithms described so far are greedy in
of the extreme eigenvalues (Burden contests that the smalpature. That is, the selection proceeds in a stepwise manner
est eigenvalue contains contributions from every atom, an®y making decisions that make the most sense at the time,
therefore reflects the topology of the entire molecule). Alsoout do not actually guarantee that the optimal solution will be
there is plenty of evidence suggesting that an adequate descrifpund. Selecting subsets of compounds from larger collections
tion of chemical space requires substantially more than si¥ a combinatorial problem of enormous proportions. In its
dimension$. But perhaps the greatest shortcoming of Pearl-simplest form, this is the infamouschoosek problem: given
man’s approach is the lack of published results supporting hign n-membered collection and a numbkr find the k most
work. diverse compounds in that population. The number of different

Cummins et af? used a similar approach to compare thek-membered subsets of anmembered set is given by the
diversity of five chemical databases containing in excess opinomial:
300000 structures. These included two drug databases (CMC n n!
and MDDR), two databases of commercially available com- (k) = ok 12
pounds (ACD (Available Chemicals Directory) and SPECS),
and a collection of proprietary compounds synthesized as paifthis problem is NP-complete, and the cardinality of that space
of the research efforts at the Wellcome Foundation, known ats enormous even for the most conservative cases encountered
the Wellcome Registry. The initial set of descriptors includedin combinatorial design. This has prompted Agraffdtf®
a standard set of topological indices and an estimate of thend Hassan et 4% independently to propose an alternative
free energy of solvation. Highly correlated or discrete featuresolution based on Monte Carlo sampling. Their idea was to
were eliminated, and the resulting set of 61 properties waslefine an objective function that measures the diversity of
subjected to factor analysis which identified four factors thatany conceivable subset of compounds, and then use simulated
explained 90% of the variance in the data. The diversity ofannealing to identify the optimal set.
each data set was then computed as the fraction of the total Simulated annealing is a global, multivariate optimization
volume occupied by that set, using a Riemann-style approactechnique based on the Metropolis Monte Carlo search algo-
A trimming procedure was also employed to eliminate outliersrithm. The method starts from an initial random state, and
and focus the analysis on the more densely populated areaswalks through the state space associated with the problem of

Factor 2

ACD BW CMC MDDR SPECS

Figure 2 A comparison of the property distributions of five chemical databases using factor analysis



DIVERSITY OF CHEMICAL LIBRARIES 11

interest by generating a series of small, stochastic steps. AM.9 Conformational Sampling
objective function maps each state into a valu&ithat mea-

7 "
sures its fitness. In the problem at hand, a state is a unique Chapmafi” has recently reported a rather ambitious
k-membered subset of compounds from thenembered set Substituent-based algorithm that makes explicit use of multiple
its fitness is the diversity associated with that set, and the steI Wflen_c;zrgy_ gonfotrhm?tlons. The a;]pproach” 'St bas;.# on ¢ a
is a small change in the composition of that set (usually of'MFarnty ndex: thal measures ‘how well two difieren
the order of £10% of the points comprising the set). While conformers can b_e superimposed in terms of their steric and
downhill transitions are always accepted, uphill transitions are;pc’la.r characteristics. The conforme'rs may belong to the same
or different molecules, and are aligned using an analytical

accepted Wit-h a propability that is inversely proportional to ntinuous function and a gradient minimization procedure
the energy (fitness) difference between the two states (usuall%’]e objective of this algorithm is to find an orientation that.

exp(—AE/kgT)). 90 . von T
Hassan used the maximin, power-sum, and product funcnaximizes the overlap of steric bulk and polar functionalities.

tions, while Agrafiotis’ original implementation was based on anle .the.conformersd at:e allgnepl, thﬁ stde_rlc compo?ent ﬂf
maximin and a volumetric diversity measure of his own device SMarty is computed by summing the distances of eac
atom in each conformer from the nearest atom in the other

The convergent nature of this algorithm is shown in Figure 3 L .
for the case of a simple 2D uniform data set: conformer. Similarly, the polar component is computed by

Although their methods were similar, the motivations of SUmming the distances of each partially or formally charged
the two groups appear to be rather different. Hassan et agfOUP Of ach conformer from the nearest group of the same
wanted to compare the performance of different diversity metSign of the other conformer.
rics, while Agrafiotis was interested in a much more general 10 compute the diversity of a set of compounds, each

method that could encode any desirable selection criteriof’0/€Cule is subjected to a systematic conformational search,
(similarity, predicted activity, cost and availability of start- @nd the lowest-energy conformations are recorded. Each con-

ing materials, reaction block design, etc.) and would allowformer of each compound is then compared to every other
complex multi-objective selections in advanced decision supeonformer of every compound, ar]d the diversity of the system
port systems. His work was the first detailed report on arlS computed using equation (13):

ambitious project known as DirectedDiversity>2 which
integrates combinatorial, structural, and computational che- DM)=>" > min(d(c. ¢)) | = TAS(m) 13
mistry under a unifying data management system. He later mert | \eecom €€

applied this algorithm to study other diversity metrics with
surprising resulf8%* (see Sections 4.11 and 4.12), and haswhere M is the set of all compounds;(m) is the set of all
also reported evolutionary and genetic variants of this generalonformers of compound:, and C the set of all conformers
sampling approach. of all compoundsT AS(m) is an entropic term that penalizes
highly flexible compounds, and is a function of the number
of rotatable bonds. The selection of the most diverse set is
carried out using a greedy algorithm akin to maximin. The
Diversity analysis is greatly simplified if the chemical system builds up the solution incrementally, starting with the
space is of binary nature. Unlike continuous properties, binaryull set, and adding one compound at a time until the required
descriptors such as structural keys and hashed fingerprints canmber is reached. Each compound is chosen by evaluating the
be compared using fast binary operations to render quick estdiversity that would be added by each remaining candidate to
mates of molecular similarity, diversity, and complementarity.the existing set, and selecting the one that contributes the most.
For example, the similarity between two compounds can be The merits of this approach were assessed in two ways.
computed as a function of the intersection of their respectivd-irst, by computing the similarity matrix of the naturally
descriptors (logical AND), whereas diversity can be estimatedccurring amino acids using the measure described above, and,
based on their union (logical OR). This can be exploited in asecond, by testing the diversity selection procedure on a set of
number of different ways, elegant examples of which can bel371 commercially available carboxylic acids. In the case of
found in the work of Shemetulsk?, Pickett®® and Davies!  the amino acids, the results were intuitive and suggested that

4.8 Boolean Logic

0.5

Figure 3 Selection of 25 diverse points from a uniform 2D data set using Agrafiotis’ simulated annealing approach: (a) initial state; (b) best

0.5
(a)

0.5

0.5

(b)

state found after first cycle; (c) best state found after 31st cycle

0.5
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the measure of similarity is indeed a reasonable one. In ththese species can be described as a function of their mutual

case of the carboxylates, the selection compared favorably tdissimilarity. The more distinguishable the species, the greater

random controls, and identified reagents that were quite diverseir information content. To cast this idea in the form of

in terms of shape, size, and functionality. an equation, Lin proposed that the diversity (or information
To say that this method is computationally intensive iscontent) of a system be described as a function of the entropy:

probably an understatement. As a result, it can be applied

only to small collections, and is probably best suited for I = Smax—S (14)

screening reagents for combinatorial libraries. Even then, some

topological and heuristic pruning is necessary to truncate thgnere

number of compounds and reduce the complexity of the task.

While the method is intellectually robust and intuitive, it N N
remains to be seen whether it offers any significant advantages S=- Z Z pijlnp;; (15)
over existing techniques to justify the extra effort required. i=1 j=1

N is the total number of compoundsp,; is the probability
of finding the i-th individual in the j-th species (given by

A couple of groups have reported diversity methods basedome function of their dissimilarity), arhax is the maximum
on an analysis of the spatial relationships of intramoleculaentropy of the system.
functionalities. Boy@® reported a method, called HookSpace, While the use of information theory seems like a natural
that measures diversity based on the spatial distribution ofhoice, the actual implementation suffers from a number of
distances between user-defined functional groups. In particutisadvantages. In a recent artiefewe reported that a strict
lar, each pair of functional groups in a given compound wasapplication of this approach produced extremely unbalanced
aligned on thexy plane so that one of the groups was placeddesigns, and clustered points at maximum separation along
along thex axis with the head atom at the origin, and the otherthe diagonal of the feature space. We believe that this is due
was positioned on they plane, with the head-to-tail vector to the use of the wrong type of ‘information’, and to the
pointing in the positiver direction. Once the alignment was implicit assumption that ideal designs should be equiprobable
complete, the position of the head atom of the second groupg.e., that the pairwise intermolecular dissimilarities should be
on thexy plane was recorded. This process was repeated fogs uniform as possible). In a personal communication, Lin
every pair of functional groups in each structure, and for everysyggested that our results could be an artifact of the similarity

structure in the database. The plane was then partitioned measure used in our study, but a detailed response has yet to
into a finite number of Ce"s, and each cell recorded either th%ppear in print. As of this Writing, the debate is still open.

total number of functional groups, or the number of differ-
ent functional groups at that position. This permitted diversity . .
measurements by computing the percentage of non-vacant cefls12  Cosine Coefficient

on thexy plane, similar to the method described by Pearl- g circumvent the quadratic time complexity that plague
man. The authors used this approach to compare the structurglany diversity algorithms, Willett and co-work&tproposed
diversity of the Available Chemicals Directory (ACD), the ap aiternative approach based on the cosine coefficient of sim-
Cambridge Structural Database (CSD), and a benzodlazepailrarity_ In this appoach, the diversity of a set of compountls,

combinatorial library, using a theoretical reference space. The)e defined by the mean pairwise intermolecular dissimilarity:
concluded that the ACD covered 85% of that space, whereas

the CSD and the benzodiazepam library covered only 34% N N
and 13% of the space, respectively. It is quite likely, how- ZZ"(’V 7
ever, that this difference reflects the different origins of the i—1 j=1
three-dimensional structures of these compounds (computed bA)=1- N2
versus experimental), rather than the intrinsic functional and
geometric diversity of the two databases. whereo(i, j) is the similarity between two compoundsand

In a related approach, Bartl@ttpresented a system that j, in A, andN is the total number of compounds i Like
compared the diversity of different combinatorial templatesmany indices of this kind, in order to evaludi¢A) one needs
using the angles between the bond vectors connecting the core compute the similarity matrix(i, j), which scales to the
to the substituent. The method followed the spirit of the Caveagquare of the number of compounds in the data set. However,
approach, and the results were presented in a visual form. the authors showed that if the cosine coefficient is employed
to compute the pairwise similarities, Equation (16) can be
transformed into a functional form that can be evaluated in

410 Vector Analysis

(16)

411 Information Theory

linear time:
Lin®® has proposed an alternative method for quantifying
diversity based on Shannon’s information theory. His method DA)=1— & & 17)
is based on the recognition that a diversity design attempts to N?

maximize the information content of the resulting selection,

and that this could be quantified using Shannon’s classica¥here

entropy equation. The basic concept in Lin's approach is N

that every collection of compounds represents a finite number a, = Zw(i)m(i) (18)

of distinguishable species, and that the ‘distinguishability’ of P
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The ‘weights’w(i) are given by: few variables, the eye cannot follow many of the dynamic
1 changes in the pattern of points during brushing.
w(i) = T (19
Zm(i %) 5.2 Chernoff Faces, Andrews’ Curves, Star Diagrams,
= and Parallel Coordinate Plots

The methods described in this section have not actually
been applied in diversity studies. They are, however, quite
common in multivariate analysis and are presented here for

wherea, - a. is the dot product of the vecta, with itself,
andm(i, k) is thek-th property of the-th compound.
The cosine coefficient is applicable to any situation in which

the compounds can be represented in a vectorial form, e.g., b ecshaelﬁ:fl; ?ggzlegfgisirsﬁ le alvohs that associate variables
a set of topological indices or computed molecular properties. pie glyp

It has been used extensively in information retrieval systemsWlth facial features,_ such as the size _ano_l shape of the mouth,
es, nose, and facial outlif@ The motivation was the recog-

and is defined as the cosine of the angle formed by twoé% that h i | ble of discriminati
molecular property vectors: nition that humans are extremely capable of discriminating

faces, and that traditional visualization methods seemed to be

K less valuable in producing an emotional response. While this
Zm(i, kym(j, k) may be true for most multivariate data, it is certainly not the
o(, j) = codi, j) = k=1 (20)  case with chemical structure diagrams. .
L Andrew$! proposed representing each pointAi as a
> mi, k7Y m(j. k) curve, s(r), computed by a Fourier series of the original
k=1 k=1 variables:
Unfortunately, this dramatic performance improvement S(IXL, X2y -+ Xg) = & 4 xp SINZ + x5 COSE + x4 SiN 2
comes at a significant price. Using simple trigonometric V2
arguments and the stochastic approach outlined above, we +x5C0S2 4 - - (21

showed that the method has a general tendency to sample

the principal axes of the feature space and produce heavy This is an intriguing idea, as it allows each original mul-

redundancie®® This is due to the nature of the cosine tivariate point to be recovered from the curve. Since the

coefficient which looks only at the angles between the propertyandrews’ curve is dominated by the low-frequency terms,

vectors and ignores their distances, and, more importanthsome arbitrary decision must be made regarding the relative

to the use of a simple dissimilarity summation function for importance of the original variables.

measuring diversity. A simpler and perhaps more relevant representation is the
star®? The original axes are drawn as spokes on a wheel,
and the coordinate data values are plotted on these axes, and

5 VISUALIZATION connected by line segments. A more aesthetically pleasing
version was presented by Martin et al. in the form of a flower

The most difficult challenge in data analysis is to be able toplot (see below).
represent whatever complexities might be intrinsic to the data Another intriguing approach is Inselberg’'s parallel coordi-
in a simple and intuitive form. Visualization in an important nate plot®® The plot consists off evenly spaced parallel axes,
component of diversity analysis, and has attracted the interesépresenting the original variables. Each multivariate sample
of many groups. is represented as a piecewise linear curve connegtipgints
on these parallel axes. The disadvantage is that points which
share a common value in any of the dimensions cannot be
distinguished without use of color.

The presentation of multivariate data is often accomplished All methods described above are most valuable with small
in a tabular form, particularly with small data sets with data sets where the individual points are clearly identifiable.
named or labeled objects. Histograms provide a convenienVhen applied to large data sets like those encountered in
means of analyzing one variable at a time, but this type otombinatorial designs, these methods have a tendency to
variable-by-variable examination of multivariate data can beproduce ‘too much ink’ and confusion. One could always plot
overwhelming, and does not reveal any relationships betweea subset of the data (a process known as thinning), but this
variables. 2D scatter diagrams are more effective in thisisually compromises the interpretation.
respect, but they also present problems if the number of points
is substantial, and the dimensionality of the space is relativel
high. In this case, one needs to exgrmi(d — 1?/2 pairwise 5.3 Flower Plots
plots, which can be overwhelmingdfis larger than 5 or 6. A Martin et al® introduced flower plots as a means simultane-
technique known as brushing allows the analyst to highlightously to display all 16 molecular properties associated with a
a subset of points in a collection of graphs using a pointinggiven side chain in a peptoid library. Flower plots are col-
device. One way in which this can be achieved is by linkedorful variants of the star diagrams mentioned above. They
graphs; a particular subset of points is highlighted on onare circular bar graphs, with one ‘petal’ for each molecular
graph using a distinct color or synchronous blinking, andproperty or descriptor. Positive petals point outward, while
that characteristic is inherited in the linked graphs, includingnegative ones point towards the center of the graph. The size
other scatterplots, histograms, and regression plots. Even thig the petal is proportional to the value of that property, and
technique, however, has limitations. If there are more than #e central sphere is color-coded according to some additional

5.1 Histograms and Multivariate Scatter Diagrams
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described by means of five chemical functionality descriptors,
five shape descriptors, five atom-layer receptor recognition
descriptors, and the computed lBg
Flower plots are particularly useful in assessing the distribu-
Shape 7 tion of properties across a collection of compounds. Figure 5
shows the structures and associated flower plots of 18 side-
chains from a biased-substituted glycine peptoid combi-
Shape 1 natorial library. The structures on the first row are tyramine
itself and its closest analogs, while those in the lower rows are
side-chains chosen using a D-optimal experimental design pro-
Clogk cedure from a pool of 721 amines (see Section 4.5). Clearly,
the descriptors capture the structural similarity of the side-
Recepror 5 chains, and this is nicely reflected in the flower plots. However,
these graphs become impractical for larger data sets, and it is
not very clear (at least not to the author) that they aid more
in the perception of similarity than the structural diagrams
themselves.

Functionaliny 2

Fomctiomality 3

Figure 4 Flower plot of tyramine. There is one petal for each of
the five chemical functionality descriptors, five shape descriptors, fiv

receptor recognition descriptors, and the computedPlog %'4 Pharmacophore Plots

‘Pharmacophore plots’ are three-dimensional scatter dia-
property such a biological activity or similarity to a refer- grams that represent the three-point pharmacophores exhibited
ence compound. Figure 4 shows the flower plot of tyraminepy a particular structure. The axes represent the distances

OH OMe OH MeO OMe
< < < OMe < OH < < OMe
Cl F ; / /
%
FKAAN cF NN S
\/J@/ @3 NH, SR 7 SO,0H 7 NH,
COOH H [¢]
\
\)\/SH A £ i
NH, ‘ 7 N
| C S

TDB G
SRR

SRR ROR:

Figure 5 Structures and flower plots of 18 side-chains form a bia¥eslbstituted glycine combinatorial library based on the tyramine
submonomer (reproduced frodn Med. Chem.1995,38, 1431). The side-chains on the top row include tyramine and its five closest analogs.
The 12 side-chains in the lower rows were chosen by D-optimal design from a pool of 721 amines
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between the three centers, and each point represents a distinc’
pharmacophore, labeled by a symbol that indicates the three
centers, and color-coded according to whether it contains 1, 2,
or 3 identical centers. A typical pharmacophore plot generated
using Chemical Design’s Chem-X suite is shown in Figure 6. |
As we mentioned before (Section 2.1.10), pharmacophore __|
keys may be derived from a single conformation or an ensem- —|
ble of conformations. Moreover, pharmacophore maps of more }:
than one structure may be combined into a single plot, a tech- B
nigue that is particularly useful for visualizing and comparing H.7
the pharmacophoric diversity of combinatorial libraries.

Input Vector

5.5 Self-organizing Maps N |
Self-organizing maps (SOMs) or Kohonen netwéfksee —F:
\

Neural Networks in Chemistry were originally designed in R
an attempt to model intelligent information processing, i.e.,
the ability of the brain to form reduced representations of the SoM
most relevant facts without loss of information about their _ - .
inter-relationships. The general idea is to map a set of vectorielﬁ Igﬂ{evgcto'\f?slncc?rrr?p?grlzgtlt%ngl/eprgnr?eﬂ?or?f(c?elI};?:?rr\]:nn;]vigfk-rgﬁ q
samples onto a tWO'd'rT‘?”S'O”a' lattice in away that preservet%e one that is closer determines the location of the response
the topology of the original space. That is, samples that are
similar to each other in the input space should be found
‘close’ to each other in the output space. SOMs belong tdattice points. A widely used kernel is given in equation (22):
a class of neural networks known as competitive learning or
self-organizing networks. All neurons receive identical input,
and by means of lateral interactions, they compete in their
activities. The main application of the SOM is in visualizing
complex data on a two-dimensional array, and in creatingyherec is the matching neuror, andr; are the respective
abstractions reminiscent of these obtained from clusteringgcations of thec-th andi-th neurons on the lattica ( r; €
methodologies. , _ M?), a(r) is the learning rate, and(r) is the width of the
A Kohonen network maps a set efdimensional data sam- ernel. To ensure convergence, it is important that) — 0
ples onto an ordered collection of neurons which are typicallyys; . 0. After repeated application of this training principle,
arranged in a rectangular or hexagonal lattice (Figure 7). he weight vectors are relaxed and the map becomes globally
Each neuron/, in the network is associated with a ref- o qered. Each neuron is sensitized to a different domain of the
erence vector of weightsy = [ui1, tiz, - .-, in]. The M€t iy 4 snace and acts as a decoder of that domain.
work is trained in an iterative fashion: each data sample, *ager raining is finished, each data point is again presented

x = [81, &2, ..., &, Is presented to the network in a random 4, e network, and the matching neuron is determined. This
order, and its euclidean distance from each neuron is cor&%\/

puted. The neuron that is closest to the data sample is t focess is, in effect, a non-linear projection from anto a
- . - -dimensional . We shoul int out that M is pri-
location of the ‘response’. The weight;, of the matching o-dimensional space. We should point out that SOM is pri

neuron (and 1o a lesser extent those of the neighboring ne marily a clustering, visualization, and abstraction method. As
u ( 9 9 NeY3 most other techniques of this kind, feature selection is of

rons) are then adapted to approach the input sample using fAramount importance and some preprocessing may be nec-

neighborhood function or smoothing kernel defined over the:ssary to ensure meaningful results. Although SOMs can be

used for classification, there are a number of supervised vari-
e e . ants of the basic algorithm such as learning vector quantization
, p (LVQ) and the dynamically expanding context (DEC) that may
—_ o be more appropriate for this ta&k.
N The first application of SOM as a means of analyzing
) molecular similarity and diversity was reported by Gasteiger
I S and co-workers at the University of Erlang&hilheir approach
O R L " was demonstrated using three combinatorial libraries, origi-
nally designed by Rebek as potential inhibitors of the serine
protease trypsin. Only the xanthene and cubane libraries were
actually synthesized by Rebek. The adamantane library was
designed by Gasteiger as a mimic of the cubane library. The
- —— — L libraries were generated by combining the poly-functionalized
e e - xanthene, cubane, and adamantane scaffolds shown in Figure 8
— _ P with 19 L-amino acids, giving rise to 65341, 11191, and
11191 unique compounds, respectively.
Figure 6 Pharmacophore plot generated by Chemical Design's Each virtual compound was represented by a 12-
Chem-X software suite dimensional spatial autocorrelation vector computed according

B Ire —rif?
hei(t) = a(t) exp 2002 (22)
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Figure 8 Combinatorial scaffolds used by Sadowski, Wagener, and Gasti¢@rxanthene; (b) cubane; (c) adamantane

to equation (23): shown in Figure 9(b), the SOM again discriminated very effec-
tively between the xanthene and cubane/adamantane deriva-
A(d,, d,) = EZpip,- (23)  tives, but was unable to distinguish the cubane from the
N adamantane library, which is consistent with the conforma-
tional constraints imposed by their rigid cores.
where p; and p; are physicochemical property values com-  As we will see in Section 5.7, this discriminatory ability
puted at two randomly chosen pointgnd j, on the molecular is not so much due to the SOM procedure itself, but rather
surface (in this case, the molecular electrostatic potentigl), the nature of the spatial autocorrelation vector and the severe
is the distance between these points, ahd the total num-  conformational constraints imposed by the rigid cores used
ber of distances in the intervad/|, d,]. These autocorrelation in this study. The usefulness of this approach for comparing
coefficients compress shape and electronic information into aon-rigid systems that exhibit some degree of conformational
single low-dimensional vector, resulting in a compact, infor-flexibility remains to be seen. Nonetheless, SOMs are not
mative molecular descriptor with direct bearing on biologicallimited to autocorrelation coefficients, and can be applied
activity. to any molecular representation of vectorial nature. Given
These descriptors were used to train two Kohonen netthe conceptual simplicity of the output, SOMs can be very
works, arranged in a 5 50 rectangular array (Figure 9). effective for visualizing and comparing chemical libraries,
The first network was trained using the cubane and xanthengarticularly when they are coupled with advanced, interactive
libraries alone, and is shown in Figure 9(a), with each neuromraphical tools.
color-coded according to the most frequently occurring core.
The cubane library (black) forms a distinct cluster in the mid- _— . .
dle of the map, surrounded by the xanthene derivatives. Onl?'6 Multi-dimensional Scaling
3% of the total number of neurons were occupied by members Multi-dimensional scaling (MDS) emerged from the need
of both libraries, and they were all located on the peripheryto visualize a set of objects described by means of a similarity
of the cubane cluster. It is clear that the SOM procedure waser dissimilarity matrix. The technique originated in the field of
able to separate the two classes very effectively, which seemssychology and can be traced back to the work of TorgéPson
to suggest that the two libraries are structurally diverse anéind Kruskaf® The problem is to construct a configuration
non-redundant. of points in a low-dimensional space from information about
To prove that SOMs can also be used to assess the similathe distances between these points. In particular, given a set
ity of chemical libraries, a second network was trained usingof £ data points in the input spack;,i =1,2,...,k}, a
an additional virtual library based on the adamantane corgymmetric matrixd;; of the observed dissimilarities between
functionalized at the four bridgehead positions Figure 8(c). Aghese points, and a set of imagesxpfon a d-dimensional

(a) (b)

Figure 9 Self-organizing maps of: (a) the xanthene (light gray) and cubane (black) libraries; and (b) the xanthene (light gray), cubane (black),
and adamantane (dark gray) libraries
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display planelé;, i = 1,2, ..., k;& e :%}, the objective is to  Projection is only possible when the distance matrix is positive
place & onto the plane in such a way that their Euclideandefinite, meaningful projections can be obtained even when
distancess;; = |lx; — x;|| approximate as closely as possible this criterion is not satisfied. _ o
the corresponding valuek;. A sum-of-squares error function ~ As in MDS, the process starts with a finite set of samples
can be used to decide the quality of the embedding. TwdX:,i = 1,2, ..., k}, a symmetric dissimilarity matri¥;;, and
commonly used criteria are Kruskal's stress: a set of images of; on a display plan¢t;,i = 1,2, ..., k;§; €
M7}, and attempts to placé; onto the plane in such a
way that their Euclidean distancés = [|&; — &;| approximate
as closely as possible the corresponding valdgs The
) embedding (which can only be made approximately) is carried
out in an iterative fashion by minimizing an error function,
E(m), which measures the difference between the distance
matrices of the original and projected vector sets:

k
1—2(51']' ~d;)? Z[dij — &;(m))?/d;;

i<j

i<j

d,-z- k
Z J E du

i<j

(26)

i<j
T L e anere 1 s he eraton rumber () 15 minmize usin
natesé;; (2) computing the distances;; (3) finding a new set a steepest-descent algorithm. The initial coordinatgsare

of coordinatess; using a steepest descent algorithm such agetermmed at random, and are updated using equation (27):

Kruskal's linear regression or Guttman’s rank-image permu- Epg(m+ 1) = £,y (m) — LA py(m) 27
tation; and (4) repeating steps 2 and 3 until the change in the
stress function falls below some predefined threshold. wherea is the learning rate parameter, and

MDS can be metric and non-metric. Metric scaling operates
on the assumption that the input is either ratio or interval data A, (m) = 9E (m) PE(m) 28)
(quantitative), whereas the non-metric model requires that the e 08 pg (m) & pg (m)?

data is provided at the ordinal level of measurement, i.e., in

the form of ranks (qualitative). Thus, the non-metric model ~ The first non-linear mapping algorithm was presented by
imposes fewer restrictions, but is also less rigorous. UnlikeSammorf’ but just like MDS it too is only applicable to rela-
self-organizing maps, MDS does not require vectorial sampleively small data sets. Our group has developed an alternative
and is therefore much more generally applicable. self-organizing algorithm which is reminiscent of Kohonen'’s

The first application of MDS in the context of molecular SOM and neural network back-propagation, and allows the
diversity was presented by the group at Chfras a means scaling of very large data sef®.
for reducing the enormous dimensionality of binary chemi- Non-linear maps were introduced by Agrafiotis to visual-
cal descriptors. They found that the 2048-bit Daylight fin- ize protein sequence relationships in two dimensf§nand
gerprints associated with 721 commercially available primarywere later employed as a means of visualizing and com-
amines could be reduced to only five continuous variables thaiaring large compound collections, represented by a set of
reproduced all 260 000 original dissimilarities with a standardmolecular descriptor¥'®° The advantage of Sammon maps
deviation of only 10%. Similarly, only seven dimensions werecompared to Kohonen networks is that they provide much
required to reduce the 642000 pairwise similarities among @reater detail about the individual compounds and their inter-
set of 1133 carboxylic acids and acid chlorides to the sameelationships. A typical output is illustrated in Figure 10. In
precision. Although MDS was originally designed as a visu-this example, the data set consisted of 1000 three-dimensional
alization tool, the cpu requirements of the existing algorithmsrandom vectors, 90% of which were distributed normally
are prohibitive for visualizing large data sets such as thosearound three randomly chosen cluster centers, and the remain-
encountered in combinatorial library designs. This has beeing 10% were uniformly distributed in the unit cube. The
successfully achieved using a close relative of MDS known ashree-dimensional density function is shown in Figure 10(a)
non-linear mapping. and the corresponding non-linear map in Figure 10(b). It is
clear that the non-linear projection preserves the topology of
the original data set, and reproduces the three clusters in terms
of density, spread, and mutual separation.

Non-linear mapping is a multivariate statistical technique To provide a direct comparison between self-organized and
that is closely related to multi-dimensional scalfigJust non-linear maps, we applied our non-linear mapping algorithm
like MDS, the objective is to approximate local geometricon the xanthene, cubane, and adamantane libraries that were
relationships on a two- or three-dimensional plot. used by Gasteiger et &l. (Figure 11). The projection was

Non-linear mapping can be metric or non-metric, and iscarried out using the same 12-dimensional autocorrelation
therefore applicable to a wide variety of input data. This isdescriptors and the Euclidean metric as a pairwise measure
particularly useful when the (dis)similarity measure is notof dissimilarity. The resulting map is shown in Figure 11.

a true metric, i.e., it does not obey the distance postulates The map is sufficiently faithful, as manifested by a Sammon
and, in particular, the triangle inequality. Although an ‘exact’ and Kruskal stress values of only 10% and 8%, respectively.

5.7 Non-linear Maps
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@ b

Figure 10 Non-linear map of a 3D data set with three normally distributed clusters; (a) 3D scatter plot; (b) non-linear map

Figure 11 Non-linear map of the xanthene (blue), cubane (green), and admantane (red) libraries used by Gasteiger et al.

It is evident that the non-linear map is not only capable6 CONCLUSIONS
of reproducing the sharp separation between the planar and
tetrahedral systems that was observed in the self-organized Driven by revolutionary advances in automated synthesis
maps (Figure 9), but also revealed a more subtle distinctiomnd high-throughput screening, diversity profiling has become
between the cubane and adamantane libraries was not capturad indispensable tool in the hands of the medicinal chemists.
by the Kohonen network. It offers the potential of reducing the redundancy and cost
While the first application of this technique involved contin- of experiments, and can substantially increase the odds of
uous molecular descriptors, the programs were later extendetiscovering new drugs. Yet, despite its conceptual simplicity,
to include other molecular representations and molecular simdiversity remains an elusive concept that defies a rigorous
ilarity metrics such as substructure keys, hashed fingerprintslefinition. From a practical point of view, diversity is really
Tanimoto coefficients, ef® a design strategy that attempts to maximize the hit rate of
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high-throughput screening experiments. The choice of metricg4.

and descriptors can only be validated to the extent that they

meet this deceptively simple goal. Many people believe that®:

diversity is serendipity in disguise, and there are many studie$®
to suggest that this is true. Validation can only come from

comparison with appropriate control experiments, but these are
hard to design and too expensive to execute. We are clearlyg

at the dawn of an emerging field. Yet, we are guided by
decades of experience in the fields of molecular similarity and

structure-activity correlation, which provide a fertile ground 19.

for developing our theories and approaches. Finally, diversity

should never be taken for more than what it is; one should?O.
always remember that the optimal series for lead design i1

neither random nor maximally diverse.

22.
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