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The routine use of high-throughput screening (HTS) systems in the drug discovery process
has resulted in an increasing need for fast, reliable analysis of massive amounts of data. A
new automated multidomain clustering method that thoroughly analyzes screening data sets
is used to examine both the active and the inactive compounds in a well-known, publicly
available data set based on primary screening. Large and small compound sets that defined
both chemical families and potential pharmacophore points were discovered. The detection of
structure-activity relationships (SAR), aided by the unique classification method, is described
in this article.

Introduction

With the advent of automated biological in vitro
bioassays and automated chemical synthesis, embodied
in high-throughput screening (HTS) and combinatorial
chemistry, the complete analysis of large sets of diverse
molecules, their structural motifs, and corresponding
levels of activity has become an emerging problem. The
scientists involved in HTS have presented the compu-
tational chemists with a set of new problems: effectively
managing, condensing, and utilizing the body of knowl-
edge contained in the massive amounts of data.

The focus of primary screening data analysis is to
identify lead compounds. The identification of individual
compounds or compound sets initially takes place by
examination of each compound and evaluation of the
corresponding biological information. A thorough analy-
sis is performed to identify useful structure-activity
relationship (SAR) information. At the end of the
process, the results of the automated analysis are
supplied to human experts who prioritize the com-
pounds of interest and reach a decision on the individual
promise of the identified leads based on various param-
eters. The problem of lead identification in HTS data
sets is the discovery and evaluation of information
within the data set that may be beneficial for drug
discovery. Information of this type can be obtained in a
variety of forms, mainly by isolating chemical families
that exhibit higher than average activity against the
target, by discovering important SAR1-4 information,
and by detecting significant pharmacophore points.5

Identification of chemical families can be performed
in a two-dimensional (2D) or three-dimensional (3D)
space.6-8 Two-dimensional families are obtained by
categorizing compounds with similar 2D structures or
substructures. Similarly, 3D families contain com-
pounds that have similarities in 3D space. Commonly,
chemical families are defined by a contiguous structure,
the scaffold, or by a Markush structure9 common to all
of the compounds in the family. Chemical classes that

exhibit favorable characteristics are often chosen as
candidates for follow-up studies.

One goal of HTS data analysis is to reduce the data
to a manageable level. Recent advances have been made
in quantitative structure-activity relational expert
system (QSAR-ES), as illustrated by the expert system
MCASE,10,11 with capabilities of learning from and
organizing data. A structural feature hierarchy orga-
nized from a predefined library of structural templates
has been employed by LeadScope to allow chemists to
explore large sets of chemical compounds, their proper-
ties, and their biological activities.12

The human immunodeficiency virus (HIV) is the
critical viral vector that causes AIDS, the acquired
immunodeficiency syndrome. The AIDS antiviral screen,
led by the National Cancer Iinstitute’s (NCI) Develop-
mental Therapeutic Program, has enabled the testing
of thousands of chemicals for their ability to inhibit the
HIV virus in a cell-based assay. These data, which have
been previously examined by Klopman and Tu using
MCASE10 and Roberts et al. using LeadScope, were
analyzed using the LeadPharmer/DrugPharmer/Tree-
Viewer suite of programs. (These programs are available
from Bioreason, Inc., 150 Washington Ave., Santa Fe,
NM, 87501; URL address: http://www.bioreason.com.)
Although HIV-1 virus inhibitors have been studied
extensively using molecular modeling and QSAR ap-
proaches, these methods are based on a small number
(less than 110) of congeneric molecules acting via a
single mechanism of action.13

Three drug discovery processes, exemplified in the
study of the anti-HIV-1 data set, will be addressed in
this paper: automated class identification, data-mining
queries for class prioritization, and extraction of SAR
information contained in the data. Moreover, a decision
support tool to selectively choose compounds for future
screening based on 2D substructure-based virtual screen-
ing is a valuable extension of the data management. The
LeadPharmer program along with its user interfaces,
DrugPharmer and TreeViewer, is an automated reason-
ing system that organizes the data into discreet classes
through the analysis of 2D structural elements from an
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active data set. The automated analysis is designed to
prioritize all of the lead classes, to gain information
about SAR models, and to identify the structural
domains responsible for activity.

Materials and Methods

NCI Anti-HIV-1 Database. The NCI’s HIV antiviral screen
utilized a soluble formazan assay14 to measure the ability of
compounds to protect human CEM cells from HIV-1-induced
cell death (URL: http://dtp.nci.nih.gov). In the primary screen-
ing set of results, the activities of the compounds tested in the
assay were described in three categories: confirmed active for
compounds that provided 100% protection, confirmed moder-
ately active for compounds that provided more than 50%
protection, and confirmed inactive for the remaining com-
pounds or compounds that were toxic to the CEM cells and
therefore appeared to not provide protection. For the purposes
of this analysis, the categories were assigned numeric values
of 0 (inactive), 1 (moderately active), or 2 (confirmed active)
and the average activity of a class was used as a measure of
its distribution.

The compounds used in our analysis included 385 confirmed
active, 996 confirmed moderately active, and 38 054 confirmed
inactive. All compounds were standardized in a data normal-
ization process to ensure their consistent and correct repre-
sentation.15 This automated process involved (i) conversion of
an SD file or SMILES string to a canonical SMILES that did
not retain chiral information, (ii) removal of salts and solvents,
(iii) removal of compounds containing metals, (iv) protonation
or deprotonation of ions, and (v) removal of invalid structures.
In addition, duplicate structures with lower activity were
removed to enable the explanation of SAR results. All struc-
tures and their corresponding biological activities were reg-
istered in a MySQL database in preparation for data analysis.

Automated Analysis. The algorithmic process used to grow
and postprocess phylogenetic-like trees (PGLT) is described
in detail in Nicolaou et al.16 Briefly, this process is based upon
a hybrid algorithm employing various techniques ranging from
neural networks and genetic algorithms to expert rules and
chemical substructure searching. It is of repetitive nature with
several reoccurring steps in the main part of the algorithm
and an initializing and a postprocessing step. The PGLT
algorithm does not use any information of biological activity
of the compounds and, hence, is unsupervised.

The initial step of the process constructs the root node of
the PGLT and populates it with all of the active molecules in
the HTS data set under investigation. The root node is
subjected to the key, repetitive part of the algorithm that
consists of the following steps: (i) a clustering algorithm is
used to group the molecules based upon the similarity of their
chemical descriptors using a neural network-based self-
organizing map method; (ii) the clustering results are pro-
cessed, and a set of “natural” clusters are selected; (iii) the
maximum common substructure for each cluster is learned
capturing a potentially new similarity axis among the com-
pounds of the cluster;17,18 (iv) the common substructures are
evaluated by a set of expert rules and eliminated if they do
not represent a significant gain in new knowledge or are
identical to either the parent node or the other subsets of the
parent node; (v) new nodes are created, one for each newly
found common substructure, and all compounds that are in a
parent node are queried with this substructure with matching
compounds added to the new nodes; (vi) new nodes are linked
to the parent node; and (vii) go nodes are selected from all
leaf nodes based upon a set of rules that define tree growth.
The process then iterates and performs these steps using the
go node as input. The process terminates when one of the
predefined criteria have been met as follows: (i) the terminal
nodes have a low molecular diversity coefficient, (ii) the
terminal nodes are below a specified size, or (iii) the tree has
built to a preset depth level.

An important feature is the ability of the algorithm to
accommodate the multidomain nature of chemical compounds.

Compounds are distributed into a diverse set of nodes. The
algorithm attempts to detect all structural features with
significant presence in the data set and constructs nodes
defined by those features regardless of the population of other
nodes. All of the nodes that are detected are completely
populated based on the maximum common substructure. Many
substructures may define a given class. This property of the
algorithm is aimed at discovering all structural types as well
as discovering underrepresented chemical classes.

When the PGLT is complete, several postprocessing steps
are employed to condense and enhance the information
contained therein. Again, a hybrid system employing both
expert rules and statistical methods is used to extract further
information from the PGLT analysis. In the first step, molec-
ular similarity methods based on both fingerprint and graph-
based representations of the compounds in a node are used to
examine whether or not the compounds in a node are structur-
ally similar enough to represent a chemical class. Nodes for
which the compounds have sufficient chemical similarity are
marked as homogeneous. The second step annotates all of the
unique homogeneous nodes as classes or subclasses based upon
a set of expert rules related to the number of compounds in
the class and the composition of those compound sets. Sub-
classes may be derived from more than one class and are
annotated with the ID of each class to which it is related. All
compounds that are not defined by the classes are defined as
singletons. This method of classification completely categorizes
all of the active molecules in classes or as singletons. The third
step provides the comparison of the active compounds of the
data set under investigation with the corresponding inactive
compounds. The inclusion of the entire inactive data set for a
complete analysis is important for class characterization and
SAR determination. Inactive compounds are added to the root
node and then filtered using common substructure queries for
each node. All inactive compounds that match such queries
are placed into the node that was used to generate the query.
The automated generation of R-tables for all classes, sub-
classes, and singletons is the fourth step. Last, the nodes
representing structurally homogeneous families are further
processed and populated with statistical values related to the
activity of the compounds in the node (mean, standard
deviation, and percent actives). Furthermore, substructures
defining the node hierarchy are examined and the relation-
ships among node attributes are evaluated to determine which
nodes may contain SAR information.

Results

Classification. The advantages of building a classi-
fication structure based on the PGLT algorithm are
exemplified in the following set of results. A phyloge-
netic tree was built containing 177 structural classes
defined by 1-3 learned substructures. These substruc-
tures could be contiguous or noncontiguous. Of the 1381
compounds, 93.8% was classified (Tables 1-3). The
multidomain nature of the classification was evident in
the following statistic: the average number of classes
into which a compound fell was 5.2.19 Overall, 130
classes had overlapping membership while 47 classes
had unique membership.

A range of known chemical families were featured
prominently in the list of classes. Among others, the
algorithm discovered a well-known large class (class 1)
consisting of a collection of 183 compounds containing
a tetrahydrofuran (THF) substructure. The majority of
members of this class consisted of the nucleosides,
including pyrimidine, dihydropyrimidine, and purine
nucleosides (Figure 1). Active compounds that contained
the THF without the heterocycle were not as well-
represented. An overlapping class (class 2) was defined
by the pyrimidine substructure. The majority of the
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membership from class 2 contained the pyrimidine
nucleoside framework; however, there were representa-

tives containing pyrimidines without a sugar and py-
rimidine nucleoside mimics (Figure 2). The class char-
acteristics for classes 1 and 2 are shown in Table 4.

In the classification, 86 compounds were not defined
and were labeled singletons. These singletons are based
on the active set alone: 19 singletons had corresponding
inactive structures associated with them that contained
the entire structure of the singleton as a substructure
(Table 5). Interestingly, three singletons had an activity
value of 2 (confirmed active), while the majority of 83
singletons had an activity value of 1 (moderately active).

Class Prioritization. The automated method is used
to classify the active compounds according to structural
motifs without regard to biological activity. Incorpora-
tion of the biological information after the classification
is complete may lead to further understanding of the
data set including highlighting classes based on either

Table 1. Selected Large Classes

Table 2. Selected Well-Represented Classes

Table 3. Selected Underrepresented Classes with Low Number
of Corresponding Inactives

Figure 1. Members of class 2 defined by a THF substructure.
Compounds 1-4 contain a heterocycle attached to a sugar
substructure. Compounds 5 and 6 contain the THF without
the additional heterocycle but are nonetheless unique members
of this class.
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a high activity (Table 6) or a high range of activity
(Table 7). Classes with a higher range of activity may
be classes that contain SAR. These classes that display
SAR should have a higher potential for optimization.
The SAR can be derived from the automated classifica-
tion (see below) or by expert visualization of the
compounds within a class.

Classes that uniquely describe the active compounds
relative to the inactive compounds are also of high

interest (Table 8). These classes are discovered by using
the parameter “percent actives”, which is defined as the
number of active compounds divided by the total
number of compounds in a class. A high percent actives
attribute of a class indicates that the defining substruc-
ture(s) differentiated the active compounds relative to
the inactive compounds in a particular HTS screen.
These classes may be targeted for 2D substructure
virtual screening for the preparation of test lists from
an unscreened compound library. The purpose of this
procedure is to prepare new lists of compounds to be
tested that should be enriched in active compounds
relative to the total unscreened library. All of the active
compounds within the unscreened library will not be
found; however, the subset of compounds that are
screened should be enriched in active compounds rela-
tive to inactive compounds. The new active compounds
discovered will have substructure similarities with
regard to the original active set.

Class prioritization also yields classes of lower rank.
Two types of lower priority classes may be discerned
using DrugPharmer: threshold classes and classes that
contain compounds that have a nonspecific interaction

Figure 2. Members of class 2 defined by a pyrimidine substructure. Compounds 1-3, 7, and 8 contain a pyrimidine directly
attached to a cyclic ether substructure. Compounds 9-11 contain the pyrimidine without a sugar substructure, but are nonetheless
unique members of this class.

Table 4. Class Characteristics of Classes 1 and 2

descriptor
no.

actives
avg.

activity SD
no.

inactives
%

actives

class 1 pyrimidine 205 1.49 0.5 3382 5.72
class 2 THF 183 1.62 0.49 1345 11.98

Table 5. Selected Singletons with Corresponding Inactives

Table 6. Selected Classes with High Median Activity
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with the assay. Threshold classes may be difficult to
optimize and therefore are of lower priority. Two con-
ditions define threshold classes. Threshold classes con-
tain active compounds whose activities are close to
the threshold, as well as similar inactive compounds
that make SAR difficult to determine (Table 9). Drug-
Pharmer extracted the classes that met some of the
requirements of threshold classes, but the chemist must
determine whether the actives are structurally compa-
rable to the inactive compounds and whether SAR can
be discovered or not. If there is no comprehensible SAR,
the class may be considered at the threshold. If there
is SAR, then the class may be a low activity class, which
would have higher priority. One active and several
inactive compounds in one threshold class are il-
lustrated in Figure 3. Compounds 12 and 13 were
moderately active, but there were no useful SAR rela-
tionships that could be discovered when comparing
compounds 12 and 13 to compounds 14-16. This
suggests that this class would be difficult to optimize

and would not be a desirable choice for follow-up
chemistry studies.

The classes that contain compounds that interact with
the assay in a nonspecific manner have similar mea-
sured activities and contain few, if any, inactive struc-
tures. Classes of this type will have a signature of a very
low range of activity and a very high percent actives
value and, thus, are easily discovered within the data
set. No nonspecific inhibitors were discovered in the NCI

Table 7. Selected Classes with High Median Activity and High
Range of Activity

Table 8. Unique Active Substructures Defined by the
Classification: Classes with a High Percent Active Value

Table 9. Threshold Classes
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HIV data set: this may be due in part to the inclusion
of toxic compounds in the inactive set.

Classes that contain potential false positives are
characterized by having a small number of active
compounds and a large number of similar inactive
compounds (Table 10). Members of these classes should
be retested to determine their activity. DrugPharmer
extracted the classes that met some of the requirements
of false positive classes. However, because many classes
contain inactive structures that are not of great similar-
ity to the active compounds, the chemist must determine
whether these classes truly need retesting. False posi-
tives are exemplified in a class containing a 4-cyano-5-
amino-oxazole substructure (Figure 4). The active com-
pound (compound 17) may be a uniquely active compound
but should be retested considering all of the inactives
of similar structure.

SAR Analysis. DrugPharmer extracts the classes
with a higher range of activity because these classes
may possess SAR. These classes are targeted for SAR
analysis in DrugPharmer and TreeViewer.

SAR can be discovered within the classification in
three ways. SAR is extracted within a class directly from
R-tables or from two methods using class to subclass
relationships that are derived from the defining sub-
structures and corresponding average activity changes.
The second and third methods have enabled the dis-

covery of SAR by observing the increased substructure
definition of the child node or the subclass with con-
comitant changes in activity. Although statistically
significant differences between two compound sets are
the most useful in determining SAR, a qualitative un-
derstanding of early SAR derived from noisy HTS data
sets can be valuable. In addition, the SAR learned from
HTS data sets may be qualitatively distinct from the
SAR learned from a combinatorial or focused library.

Using the first method of SAR extraction, relation-
ships within a class can be observed using automatically
generated R-tables. Visualization and sorting of R-tables
in DrugPharmer allow the user to extract SAR from a
class. This type of early SAR extraction may be ob-
served later in biological secondary screens. Several
cases of this type of SAR extraction are exemplified in
three distinct classes (see examples in Figures 1-3). The
compounds in the nucleoside class (Figure 5) were
distributed into several categories based on the R1 and
R4, yielding potency-enhancing and -lowering features.
The greater the number of representative compounds
within a category, the greater the statistical signifi-
cance of the SAR discovered. The 3′-azido-thymidine and
3′-fluoro-thymidine analogues are of greater potency,
while the 3′-hydroxy-N-alkyl-cytosine or 3′-hydroxy-
thymidine analogues were of lower potency. The N-
palmitoyl-cytosine and cytosine analogues were of greater
potency.

The 4,4′-diamino-styrene 2,2′-bis-sulfonate class was
also studied in order to discover SAR from R-tables
(Figure 6). In examining this class, several potency-
enhancing and -lowering features were found. Two of
the three azo-containing categories of compounds were
potency-enhancing. The categories that contained phen-
yl or quinoline R-groups were potency-lowering.

The third class that was examined to discover SAR
was a diverse phenyl sulfonamide class (Figure 7).
Within this class were two similar categories containing
a chlorothiophenol. Of these two, the benzamide in the
position meta to the sulfonamide was potency-enhanc-
ing, while the methyl substituent in the position meta
to the sulfonamide was potency-lowering. A third cat-
egory containing 13 compounds contained an acridine
system, but this substitution had no net effect on
activity.

The second method of automated SAR extraction is
defined by tree growth. A parent node to child node
relationship that is determined by the PGLT algorithm
can reveal SAR; however, the compounds within a
parent node must have high structural similarity in
order to ensure the extraction of relevant information.
Several examples of SAR discovered using this method
are shown in Table 11 (classes 3-23). In this table, six
parent classes (classes 3, 6, 9, 13, 16, and 20) were
compared to those two or three child classes with larger
common substructures that had the potential to reveal
the most SAR information based upon the difference in
average activity between the parent and the child.

Figure 8 shows the relationship between the parent
class 3 and two of its more highly defined children,
classes 4 and 5. Class 4 contained compounds of higher
average potency and was described by an azidothymi-
dine phosphate ester. Class 5, described by a thymidine
phosphonamidate, contained compounds of lower aver-

Figure 3. Threshold class: compounds 12 and 13 were
moderately active. Compounds 14-16 were inactive.

Table 10. Potential False Positives
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age potency, suggesting that the phosphonamidate is a
potency-lowering feature.

The polyoxygenated ether parent class 6 has two more
highly defined child classes (Figure 9). The more potent
class 7 was described by a large multicyclic diester
functionality, while the less potent class 8 was described
by a hexose triacetate substructure.

Class 9 was specified by two noncontiguous substruc-
tures, phenyl and nitro (Figure 10). Three child classes
of varying average activity were subsequently defined.
While the biphenyl sulfone (class 11) was an activating
feature, an o-nitrophenyl-phenyl sulfone (class 10) gave
rise to a highly active set of compounds. Class 12,
defined by a phenyl sulfonate moiety, which was a
substructure noncontinguous to the phenyl and nitro
functionalities, contained compounds of lower activity.

From the automated classification of a subset of the
total active set, consisting of compounds with a molec-
ular weight of 500 or less, a new categorization rich in
SAR information was produced. The parent to child
relationships exemplified in classes 13-23 (shown Table
11) revealed an expanded understanding of the SAR
within the data set. Class 13 included the pyrimidine
nucleosides (Figure 11). The 3-azidothymidine members
of this class (class 14) created a new class of higher
overall potency. The compounds containing a 3′-hy-
droxylamine functionality (class 15) were of lower
potency. Class 16, defined by a smaller substructure
than class 13 and containing a broader sampling of
nucleosides, was subdivided into three classes of varying
activity (Figure 12). Class 17 contained a highly active
set of 3′-fluoropyrimidine nucleosides. Class 18 con-
tained methylcytosine derivatives of higher average
potency than the parent class. Class 19, defined by a
purine nucleoside substructure, contained compounds
of lower potency.

Figure 4. Potential false positives: compound 17 is active, but compounds 18-25 are inactive.

Figure 5. SAR derived from an R-table based on the active
compounds of a nucleoside class. R4 ) CH3, H, or F; R5 ) H,
ester, phosphodiester, or phosphotriester.

Figure 6. Qualitative SAR derived from an R-table of a 4,4′-
diamino-styrene 2,2′-bis-sulfonate class.

Figure 7. Qualitative SAR derived from an R-table of a
phenyl sulfonamide class.
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Class 20 was a broadly defined class containing a
variety of nitrogen-containing heteroaromatics. This
class was subsequently refined in the classification to
yield three smaller classes of varying activities (Figure
13). The most active subset of class 20, described by a
thionobenzimidazole substructure, afforded a highly
potent set of compounds (class 21). The majority of
members of class 22 contained a phenyl dihydrothiophene
substructure. Class 22 was of similar average activity
as the parent class. The benzo-fused heteroaromatic
substructure defined class 23, which was of lower
potency.

The third method of automated SAR extraction is
defined by class/subclass relationships. SAR from class

to subclass or across subclasses, a property independent
of tree growth, can be discovered. Subclasses, in general,
have greater structural definition than the correspond-
ing classes. An example of the investigation of SAR from
subclass relationships within a broadly defined class is
summarized in Figure 14 and Table 12. The nucleoside-
containing class 24, defined by two noncontiguous
heteroaromatic and alkane substructures, was further
refined to the slightly more potent class 25, defined by
a substructure that included a nitrogen-containing
aromatic attached to a sugar moiety. Class 25 was split
into three classes of varying average activities. Two
classes contained potency-enhancing features: the 3′-

Table 11. SAR Derived from the Automated Classification: Parent to Child Relationships, Revealing Potency-Enhancing and
-Lowering Substructures

no. actives avg. activity % actives activity change description of class effect on potency

class 3 42 1.74 68 pyrimidine ether phosphorus ester
class 4 7 2.00 100 0.26 AZT phosphate ester enhancing
class 5 8 1.50 100 -0.24 thymine phosphonamidate lowering

class 6 51 1.37 5.0 polyoxygenated ether
class 7 14 1.86 93 0.49 multicyclic diester enhancing
class 8 6 1.00 3.5 -0.37 hexose triacetate lowering

class 9 77 1.22 2.9 phenyl; nitro
class 10 10 1.75 47 0.52 o-nitrophenyl-phenyl sulfone enhancing
class 11 55 1.55 35 0.32 o-nitrophenyl sulfone enhancing
class 12 10 1.10 24 -0.12 sulfonate lowering

class 13 29 1.69 45 pyrimidine nucleosides
class 14 19 1.95 66 0.26 AZT analogues enhancing
class 15 7 1.14 33 -0.55 hydroxylamine pyrimidine nucleosides lowering

class 16 68 1.54 20 nucleosides
class 17 7 2.00 78 0.46 fluoro thymidine nucleosides enhancing
class 18 8 1.75 35 0.21 methylcytosine nucleosides enhancing
class 19 11 1.27 12 -0.27 purine nucleosides lowering

class 20 31 1.29 3.9 heteroaromatic with 2 nitrogen atoms
class 21 4 2.00 80 0.71 thionobenzimidazoles enhancing
class 22 18 1.22 25 -0.07 phenyl dihydrothiophenes none
class 23 5 1.10 1.1 -0.29 benzo-fused heteroaromatic lowering

Figure 8. Parent and child node relationships. Phosphorus
nucleosides. The numbers indicate the difference in average
activity of the compounds within the parent class and the child
class.

Figure 9. Parent and child node relationships. Polyoxygen-
ated ethers. The numbers indicate the difference in average
activity of the compounds within the parent class and the child
class.

Figure 10. Parent and child node relationships. Phenyl- and
nitro-containing class. The numbers indicate the difference in
average activity of the compounds within the parent class and
the child class.

Figure 11. Parent and child node relationships. Pyrimidine
nucleosides. The numbers indicate the difference in average
activity of the compounds within the parent class and the child
class.
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fluoro-pyrimidine nucleosides (class 26) and the thymi-
dine nucleosides (class 27). The purine nucleosides (class
28), also a subset of class 25, revealed a potency-
lowering substructure. The thymidine nucleoside class
27 was increasingly defined by the classification to yield
more SAR information. Class 29, described by a 3′-azido
functionality, contained compounds of greater average
activity, while class 30, described by a 3′-hydroxy
moiety, contained compounds of less average activity.

The three methods of SAR extraction are complemen-
tary. SAR extraction can differ in nature depending
upon the type of data set. While using the automated
classification to derive SAR, diverse data sets exhibit
coarse SAR, whereas focused data sets such as combi-
natorial libraries display refined SAR. For smaller, well-
defined classes, the R-tables are advantageous for the
discovery of SAR. In contrast, for large classes, or for
classes that do not have R-tables, the second and third
methods are superior.

Pharmacophore Point Identification. The rel-
evance of particular pharmacophore points can be
determined by the association of structural motifs with
the activity of a class. Furthermore, the percent actives
characteristic is an important indicator for pharma-
cophore point identification. Substructures that define
the active set relative to the inactive set are more likely
to interact with the enzyme or receptor binding site. Key
observations must be made in order to test the effect of

learned structural elements on activity. The SAR as-
sociated with the defining substructures may be a
function of the active compounds alone (average activity)
and/or a function of the total data set (percent actives).
Each classification can be explored for relevance of the
substructure keys to biological activity observed in a
specific assay.

Several examples of the information that may be
derived from multidomain classification are described.
The multidomain nature of compound 26 is illustrated
in three classes (Figure 15). Class 31 contains com-
pounds described by overlapping substructures: an
aromatic sulfonic acid with a carbonyl in the meta
position and an aromatic hydroxyl. Class 32 contains
compounds with a 3-hydroxy-biphenyl substructure.
Class 33 contains a tricyclic system, but this descriptor
defined a threshold class and may not be a key phar-
macophore point. Classes 31 and 32 exhibit a range of
activity and are potential SAR classes. When compared
to classes 32 and 33, class 31 has greater potency and
better definition with respect to the inactive compounds,
as revealed by the percent actives value. From this
information, it is possible to hypothesize that the
m-carbonyl-phenyl sulfonic acid with the aryloxy func-
tionality is the key pharmacophore point. Compound 26
yields the most useful information when clustered with
compounds in class 31.

The multidomain nature of compound 27 is illustrated
in three classes (Figure 16). Class 34, which is defined
by two noncontiguous substructures, an aryl ether and
a propane, contains compounds of greater average
activity and a percent actives value of 11.69. Class 35,
with phenyl propene and ethanol descriptors, is com-
prised of compounds of lower potency and a lower
percent actives value. Class 36, described by an acridone
system, contains only compounds of lower activity and
is considered a potential threshold class. Compound 27
is contained in a higher priority potential SAR class,
class 34. Class 34 may be a more valuable classification
based on optimization potential. Furthermore, class
34 is described by two substructures that may be
more valuable for describing potential pharmacophore
points: the aryl ether and the hydrophobic propane.

Compound 28 was characterized in two classes, as
illustrated in Figure 17. Class 37 was defined by two
noncontiguous substructures: an ethylamine and a
phenyl sulfonamide. Class 38 was defined by a large
substructure containing a triaminotriazine attached to
a phenyl sulfonamide. Because it had a range of activity,
class 37 contained more SAR information. If the clas-
sification was based solely on the triamino-triazine class
38, compound 28 would be considered a compound in a
threshold class of lower priority. The large substructure
describing class 38 was not an important pharmaco-
phore point. However, when placed in class 37, com-
pound 28 provided valuable SAR information in a class
that has optimization potential.

Discussion

The desire to speed up the drug discovery process
while increasing throughput has created a need for a
new set of cost-effective computational tools for rapid
and in-depth data analysis. Visual data-mining tools,
while allowing experts to explore and identify trends

Figure 12. Parent and child relationships. Nucleosides. The
numbers indicate the difference in average activity of the
compounds within the parent class and the child class.

Figure 13. Parent and child relationships. Heteroaromatic
compounds. The numbers indicate the difference in average
activity of the compounds within the parent class and the child
class.
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and relations in small- to medium-sized data sets, have
fallen short in their ability to analyze large, complex
data sets. There is an increasing demand for automated
approaches that can rapidly discover key information
contained in screening data in an unbiased manner.
Human experts can explore knowledge extracted by
these approaches, making informed decisions rather
than manually extracting knowledge and rules.

In this paper, we have analyzed the data from the
full NCI AIDS antiviral screen using a set of algorithms

to grow and postprocess PGLTs. This general approach
compared favorably with the techniques previously
reported for analysis of a similar data set using
MCASE10,11 or LeadScope.12 The advantage of the
MCASE system is its ability to learn and provide a set
of structural fragments statistically linked to ac-
tivity. In addition, it is unique in its ability to predict
the potential biological activity of an unknown com-
pound based upon these fragments. However, frag-
ments in a system like MCASE are limited in size

Figure 14. Discovering SAR from subclass relationships. The numbers indicate the change in the average activity of the compounds
in a class from a larger, diverse class to a smaller class defined by a larger substructure.

Table 12. Discovering SAR from Subclass Relationships

no. actives avg. activity % actives description of class effect on potency

class 24 42 1.52 8.3 heteroaromatic containing 2 nitrogen atoms; butane
class 25 7 1.62 26 nucelosides enhancing
class 26 8 1.85 72 3′-fluoro nucleosides enhancing
class 27 51 1.71 47 thymidine nucleosides enhancing
class 28 14 1.33 10 purine nucleosides lowering
class 29 6 1.86 86 3′-azido-thymidine nucleosides enhancing
class 30 77 1.30 19 3′-hydroxy-thymidine lowering

Figure 15. Multidomain compound 26, moderately active.
Highlighting indicates the learned substructures. The com-
pound in class 31 is described by two overlapping substruc-
tures depicted separately in the figure.

Figure 16. Compound 27, moderately active. Highlighting
indicates the learned substructures. The compound in class
34 is described by two overlapping substructures depicted
separately in the figure.
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(2-10 atoms) and are linear and, thus, do not contain
closed rings. Moreover, the number of compounds that
can be used in the analysis is limited to a few thousand,
forcing the user to examine only the structural proper-
ties of the active compounds while ignoring all of the
inactive compounds that may contain valuable SAR
information.

In contrast, LeadScope can easily reduce the informa-
tion obtained from an HTS screening set to a manage-
able level by classifying compounds into a set of hier-
archically structured chemical families using 2D molec-
ular fragments. To a large extent, the fragments in
LeadScope contain substructures based on functional
groups as well as cyclic and acyclic fragments. Lead-
Scope applies the same dictionary of structural frag-
ments for classification to each data set; the usefulness
of the resulting analysis is highly dependent on how well
the data set is classified by its fixed dictionary. In addi-
tion, the structural variations that may describe SAR
may not be identified by LeadScope techniques because
the variations in structure may be either too small or
too complex to be discovered with predefined fragments.

PGLT, like LeadScope, has been used to efficiently
analyze HTS screening data sets by using a hierarchy
of substructures as descriptors for structural classes.
In contrast to both MCASE and LeadScope, PGLT
fragments are based on cyclic or acyclic substructures
that are learned from small clusters of compounds
within the data set. As compared to other methods,
these fragments are more varied in size and complexity.
The fragments may be smaller, based on as little as two
atoms; larger, based on unlimited atom count or pre-
defined fragment size; or more complex, based on more
than one type of contiguous functionality or substruc-
ture. Moreover, the extraction of SAR from a large data
set is simplified when using the common substructures
defining PGLT classes and the R-tables derived from
those classes. The multidomain clustering method de-
scribed in this paper has enabled the automatic iden-
tification of classes, their prioritization based on class-
based reasoning, and the efficient extraction of SAR
information contained in the data.

Conclusion
The PGLT classification results exhibited the suc-

cessful use of the maximum common substructure
approach to capture and assess the relations of groups
of molecules and further elaborated on the quality of
the chemical families. The data analysis has also shown
that the method allows for the formation of structural
families from a given data set and the extraction of
detailed SAR information in an efficient manner. In

addition, partially because of the multidomain nature
of the PGLT classification, the method has proven to
be robust to the highly desirable property of discovering
under- and overrepresented structural families of com-
pounds within the data set. Key to this outcome are the
exploitation and accommodation of chemical data mul-
tidimensionality and the use of an array of methods
including chemical rule-based systems to guide the
learning process from screening data sets.

Abbreviations Used

HTS, high-throughput screening; SAR, structure-
activity relationship; QSAR, quantitative structure-
activity relationship; NCI, National Cancer Institute;
HIV, human immunodeficiency virus; PGLT, phyloge-
netic-like tree.
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