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We have applied a variable selection k nearest neighbor quantitative structure-activity
relationship (kNN QSAR) method to develop predictive QSAR models for 157 epipodophyllo-
toxins synthesized previously in our ongoing effort to develop potential anticancer agents. QSAR
models were generated using multiple topological descriptors of chemical structures, including
molecular connectivity indices (MCI) and molecular operating environment descriptors. The
157 compounds were separated into several training and test sets. The robustness of QSAR
models was characterized by the values of the internal leave one out cross-validated R2 (q2) for
the training set and external predictive R2 for the test set. The significance of the training set
models was confirmed by statistically higher values of q2 for the original data set as compared
to q2 values for the same data set with randomly shuffled activities. kNN QSAR models were
compared with those obtained with the comparative molecular field analysis method; the kNN
QSAR approach afforded models with higher values of both q2 and predictive R2. One of the
best models obtained from kNN analysis using MCI as descriptors provided q2 and predictive
R2 values of 0.60 and 0.62, respectively. QSAR models developed in these studies shall aid in
future design of novel potent epipodophyllotoxin derivatives.

Introduction
Etoposide (VP-16, Figure 1a) and teniposide (VM-26,

Figure 1b) are two semisynthetic glucosidic cyclic acetals
of podophyllotoxin (Figure 1c). They are currently used
in the chemotherapy for various types of cancer, includ-
ing small cell lung cancer, testicular carcinoma, lym-
phoma, and Kaposi’s sarcoma.2,3 To improve their
clinical efficacy and overcome the problems of drug
resistance, myelosuppression, and poor oral availabil-
ity,4-6 we have been engaged for years in the synthesis
and testing of epipodophyllotoxin derivatives.7-18 In-
terestingly, although podophyllotoxin is known as an
antimicrotubule agent, the epipodophyllotoxins, its 4â-
congeners, are potent inhibitors of DNA topoisomerase
II. The proposed mechanism of epipodophyllotoxins’
antitopoisomerase II activity is to inhibit the catalytic
activity of the target enzyme by stabilizing the covalent
topoisomerase II-DNA cleavable complex.19,20

An early structure-activity relationship (SAR) study21

suggested that the structural features essential for the
antitopoisomerase activity include 4′-demethylation,
4-epimerization, and 4-substitution. On the basis of this
assumption, most of our research efforts have been
focused on exploring different 4-substituted 4′-O-dem-
ethylepipodophyllotoxin (DMEP) derivatives. Some of
these derivatives (e.g., NPF and GL-331)16,22 have
displayed better pharmacological profiles than those of
etoposide. GL-331 has been successfully pushed into
phase II clinical trials against gastric carcinoma, colon
cancer, nonsmall cell carcinoma, and etoposide-resistant
malignancies.23

To construct an informative SAR model and improve
further design of potentially bioactive compounds, a
previous molecular modeling study from these groups24

applied comparative molecular field analysis (CoMFA)25

and CoMFA/q2-guided region selection (GRS)26 tech-
niques to build three-dimensional (3D) quantitative SAR
(QSAR) models for 102 DMEP derivatives. The contour
plots of the final model matched well with the composite
pharmacophore model proposed by MacDonald27 and
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Figure 1. Representative epipodophyllotoxin derivatives. (a)
Etoposide; (b) teniposide; (c) podophyllotoxin; (d) generalized
structure of epipodophyllotoxins.
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agreed with the hypothesis24,28 that the variously sub-
stituted region at C4 is responsible for drug interaction
with the DNA minor groove. On the basis of these
models, several novel analogues were designed and
synthesized.17,18,29 Some of them showed comparable or
superior biological activities in terms of cellular protein-
DNA complex formation,18 as compared to the etoposide
prototype.

CoMFA is one of the most popular methods for QSAR
and is characterized by reasonable simplicity and a clear
physicochemical sense of steric and electrostatic de-
scriptors.30 However, despite many successful applica-
tions, several problems have persisted with this method.
As we have shown previously,24 the results of conven-
tional CoMFA may often be nonreproducible due to a
sometimes strong dependence of the cross-validated
correlation coefficient, q2, on the orientation of rigidly
aligned molecules on the users’ terminal. Other groups
have demonstrated that q2 is dependent on the lateral
shift of molecules along the CoMFA grid.31 We have
provided a solution to this problem24,26 by developing a
q2-GRS method, which was based on the rational
selection of only the most significant regions in the steric
and electrostatic fields of aligned molecules. Neverthe-
less, especially for structurally diverse molecules, un-
ambiguous 3D alignment to initiate the CoMFA process
is still a difficult task. In some reported cases, CoMFA
has been effectively applied only by having the knowl-
edge of 3D receptor structures.32,33

We, as well as other researchers,34 were motivated
to explore possible alternatives that would use align-
ment-free descriptors derived from two-dimensional
(2D) molecular topology and, thus, alleviate frequent
ambiguity of structural alignment typical for 3D QSAR
methods. Accordingly, in this QSAR study, we have
applied topological indices developed on the basis of
chemical graph theory.35,36 Furthermore, we have imple-
mented the concept of variable selection, a process that
has been investigated recently by a number of research-
ers34,37,38 using such optimization methods as evolution-
ary,39,40 genetic,41,42 or simulated annealing (SA) algo-
rithms.43,44 From these considerations, we have developed
the variable selection approach, k nearest neighbor
(kNN) QSAR,45 which employs topological descriptors
of chemical structures. Variable selection techniques
choose the most informative variables and eliminate
irrelevant variables to improve the signal-to-noise ratio
in the resulting models. Additionally, these techniques
are not computationally intensive and are practically
automated. They have produced predictive models that
were comparable or superior to those obtained with
conventional CoMFA.

In this paper, we have applied the kNN QSAR
method45 to a data set of 157 epipodophyllotoxin deriva-
tives, which were synthesized and tested in one of our
laboratories previously. The kNN QSAR models were
generated using molecular connectivity indices (MCI)46,47

and molecular operating environment (MOE)48 descrip-
tors. MCI descriptors are derived from 2D molecular
topology, while MOE descriptors incorporate a large
variety of numerical descriptions, derived from both 2D
molecular topology and 3D molecular topography. The
latter descriptors, which combine both topological and
topographical information, are perhaps more informa-

tive than topological indices; yet, they are still insensi
tive to 3D alignment.

To generate statistically robust and, most impor-
tantly, validated models, all compounds in the original
data set were separated into several training and test
sets, using specially designed diversity sampling meth-
ods. Variable selection QSAR models were generated for
the training set and applied to predict biological activi-
ties of the test set. The robustness of the models was
evaluated from the values of the internal leave one out
cross-validated R2 (q2) for the training set and external
R2 (predictive R2) for the test set. We have also at-
tempted to apply the CoMFA25 3D QSAR method to the
same data set but without much success. The kNN
QSAR models afforded higher q2 and predictive R2 as
compared to CoMFA. The results of our studies dem-
onstrate the effectiveness of the kNN QSAR approach
and provide rationale for further design and synthesis
of novel potent epipodophyllotoxin derivatives.

Biological Activity Data

All compounds in this study were tested for their
ability to form intracellular covalent topoisomerase II-
DNA complexes. The assay procedures have been de-
scribed previously.7 The activity data are originally
expressed as the percentage of cellular protein-DNA
complex formed (PCPDCF) and were transformed by
taking the natural logarithm of PCPDCF, i.e., ln-
(PCPDCF). These transformed activities were used in
the subsequent CoMFA and variable selection studies.

Initially, multiple training and test sets were gener-
ated to investigate the relationship between q2 and nvar.
Then, a molecular diversity sampling tool, SAGE (stimu-
lated annealing guided evaluation, see Computational
Materials and Methods),49 was applied to split the 157
epipodophyllotoxin derivatives into training (Table 1)
and test (Table 2) sets on the basis of their chemical
diversity in multidimensional descriptor space.

Computational Materials and Methods
CoMFA Method. Structures were generated, and CoMFA

was performed with Sybyl molecular modeling software.50 The
default Sybyl settings were used except as otherwise noted.
All calculations were performed on a Silicon Graphics Octane
workstation.

Structure Alignment. The aligned structures of etposide,
1-72, and 120-146 were directly adapted from the previous
study.24 The structures of 72-119 and 147-156 were gener-
ated by modifying the X-ray crystal structure of 124. Structure
optimization, field-fit minimization, charge calculations, and
structural alignment of all compounds 72-119 and 147-156
were performed as previously described.24 The lowest-energy
conformers were obtained using the genetic algorithm search
method as implemented in Sybyl (population of 100 and
generations of 5000 with randomized seed turned on). The
torsion angle around the rotatable bond linking the C ring and
R group (rot. 1 in Figure 1d) was modified manually to fit that
of 124.

Conventional CoMFA. CoMFA was performed with the
QSAR option of Sybyl as described previously.24 The steric and
electrostatic field energies were calculated using sp3 carbon
probe atoms with a +1 charge.

q2-GRS CoMFA. We executed q2-GRS CoMFA following the
routine described earlier.26 In contrast to standard CoMFA,
this modified method leads to reproducible q2 values that are
independent of the orientation of aligned molecules on the user
terminal. Additional details of this approach were discussed
in the original publication.26
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Table 1. Structure and Activity of Training Set Molecules

2296 Journal of Medicinal Chemistry, 2002, Vol. 45, No. 11 Xiao et al.



Table 1. (Continued)

Modeling of Epipodophyllotoxin Derivatives Journal of Medicinal Chemistry, 2002, Vol. 45, No. 11 2297
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Table 1. (Continued)
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kNN QSAR Modeling. Generation of Molecular De-
scriptors. All chemical structures were generated using Sybyl
software.50 MCI46,47 and MOE48 descriptors were generated for
the variable selection QSAR study. Molecular topological
indices were obtained with the MolConnZ program (MZ
descriptors),52 and MOE descriptors were generated with the
QuaSAR-descriptor option implemented in MOE molecular
modeling software.48

MolConnZ Descriptors. Over 400 different topological
indices were generated using MolConnZ 3.50.52 Many of these
descriptors characterize chemical structure, but some depend
on the arbitrary numbering of atoms in a molecule and are
introduced solely for bookkeeping purposes. After descriptors
containing no structural information (bookkeeping descriptors,
as well as descriptors with zero value or zero variance) were
eliminated, only 150 chemically relevant descriptors were

Table 1. (Continued)
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Table 2. Structure and Activity of Test Set Molecules
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eventually used in this study. Because the absolute scales for
MCI descriptors can differ by orders of magnitude, all descrip-
tors were range-scaled prior to distance calculations to avoid
disproportional weightings in multidimensional MCI descrip-
tor space.

MOE Descriptors. MOE is a unique and flexible software
system designed specifically for molecular computing.48 In
addition to 2D topological indices (e.g., Kier and Hall con-
nectivity and κ shape indices), the MOE system also generates
descriptors representing physical properties (e.g., molecular
refractivity, logP), pharmacophore feature descriptors (e.g.,

counts of hydrogen bond acceptor/donor atoms), and 3D
molecular descriptors that are insensitive to 3D alignment
(e.g., potential energy descriptors). In this study, 191 MOE
descriptors were calculated for the original data set using the
QuaSAR-descriptor option implemented in the MOE system.

kNN QSAR Algorithm. The kNN QSAR method,45 uses
the kNN classification principle53 and a variable selection
procedure. Briefly, pairwise similarity is characterized by
Euclidean distance between any two compounds in the mul-
tidimensional descriptor space. A subset of nvar descriptors is
selected randomly (nvar is a number between 1 and the total

Table 2. (Continued)
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number of the original descriptors) as a hypothetical descriptor
pharmacophore (HDP). The nvar is set to different values in
several different runs, and the HDP is validated by a standard
leave one out cross-validation procedure, where one compound
is eliminated from the training set and its biological activity
is predicted as the average activity of k most similar molecules
in the training set (k ) 1-5). The optimization process is
driven by a generalized SA technique using q2 as the objective
function (eq 1) to find the best descriptor pharmacophore that
maximizes the q2 value of the kNN model.

where yi and ŷi are the actual and predicted activities of the
ith compound, respectively, and yj is the average activity of
all compounds in the training set.

Additional details of the kNN method implementation,
including the description of the SA procedure used for sto-
chastic sampling of the descriptor space, are given elsewhere.45

We enhanced recently the original kNN method by using
weighted molecular similarity54 as follows. In the original
method,45 the activity of each compound was predicted as the
algebraic average activity of its kNN compounds in the
training set. However, in general, the topological distances
between a compound and each of its kNNs are not the same
in the descriptor space. Thus, the weight principle was applied
in this QSAR method to give a higher weight to the neighbor
with a smaller distance from the unknown compound and the
activity of the unknown was calculated as follows

where K is the number of kNNs in the kNN QSAR model; di

is the Euclidean distance between the compound and its ith
nearest neighbor; Wi is the weight for the ith nearest neighbor;
Yi is the actual activity value for the ith nearest neighbor; and
Yunknown is activity value of the unknown compound predicted
from the activities of its kNNs.

The kNN QSAR algorithm generates an optimal k value and
an optimal nvar subset of descriptors, which provide a QSAR
model with the highest value of q2. Figure 2 shows the overall
flowchart of the kNN method.

Algorithm for Selection of Training and Test Sets. As
we have demonstrated earlier,55 a high q2 is necessary, but
not sufficient criteria of a good model. To obtain a robust
model, both training set q2 and predictive (test set) R2 should
be applied to validate the model. Two independent algorithms
were used in this study to split the original data set into
training and test sets. Models were developed for different
training sets and validated using q2 > 0.4 and predictive
R2 > 0.6 as a fitness measure to generate the best possible
model.

An algorithm similar to the stochastic cluster analysis (SCA)
method developed earlier by Reynolds and co-workers56 was
used to select training and test sets based on the diversity
sampling in the MCI descriptor space. The volume of the
original descriptor space is normalized to 1, and then, the
volume corresponding to an individual point representing a
compound is defined as 1/N, where N is the number of
representative points in the descriptor space. The most active
compound is selected and included into the training set. A
sphere is constructed with its center at the representative
point of this compound and with radius R ) c(V/N)1/K.. Here,
K denotes the number of descriptors, and c refers to the
dissimilarity level. Compounds corresponding to representative
points within this sphere, other than the center, are included
in the test set, and all of the points within this sphere are
then excluded from the initial set. The point with the smallest
distance from the first representative point is selected as the
second center, and the above procedure is repeated until all
of the compounds are assigned to either training or test set.
This algorithm allows construction of training sets that cover
the whole descriptor space occupied by representative points.
The dissimilarity level can be varied to construct models with
training and test sets of different sizes. A higher dissimilarity
level c gives a smaller training set and a larger test set. As
anticipated, the distribution of compounds between test and
training sets is sensitive to the types of descriptors used in
the calculation.

In addition to the diversity sampling method described
above, the training and test sets were also selected using the
SAGE method developed recently in our group.49 The major
objective of SAGE is to obtain a subset of M points (molecules)
that are optimally diverse and representative in the descriptor
space. Because an exhaustive evaluation of all combinations
of M points from an available pool of N objects is computa-
tionally prohibitive, the SA algorithm58,59 was adapted as an
efficient stochastic optimization technique. Briefly, compounds
in a data set are represented as points in the multidimensional
descriptor space. The diversity of a subset of points is
measured by a specially designed diversity function,49 and a
desired number of optimally diverse points (compounds) are
selected using SA algorithm as the optimization tool.49 In this
study, the original data set was subdivided into three catego-
ries based on the biological diversity (the inactive with
ln(PCPDCF) less than 3.0, the moderate active with ln-
(PCPDCF) between 3.0 and 4.5, and the highly active with
ln(PCPDCF) more than 4.5). An individual diversity sampling
was performed in each category to generate the final training
and test sets.

Robustness of QSAR Models. The robustness of these
QSAR models was established by comparing the q2 values for
the models derived from experimental training sets with those
from so-called random data sets, which are generated by
random shuffling of compound activities. The statistical
significance of QSAR models for training sets was evaluated
with the standard hypothesis testing method.57 In this ap-
proach, two alternative hypotheses are formulated as follows:
(i) H0: h ) µ; (ii) H1: h > µ, where µ is the average value of q2

for random data sets and h is the q2 value for the actual data
set. The decision-making is based on a standard one tail test,
in which a Z score is calculated and compared with the tabular
critical values of Zc at different levels of significance (R)57 to
determine the level at which H0 should be rejected.

Figure 2. Flowchart of the modified kNN method.
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Results and Discussion
Generation of Training and Test Sets. Because

the results of the kNN method are sensitive to the
selected number of variables, nvar, and optimal nvar are
not known a priori, multiple models should be generated
to examine the relationship between q2 and nvar. In this
study, the original data set was divided into several
selections of training and test sets, and different models
were constructed using the kNN QSAR method and MCI
descriptors. The robustness of these models was vali-
dated by comparing q2 values derived from the actual
data set and those from data sets with randomized
activity values. The 30 best models are described in
Table 3, which also reports the best q2 values for models
generated for activity-shuffled data sets. Higher q2

values were obtained consistently for the actual data
set as compared to data sets with randomized activities.
These results were examined with the one tail hypoth-
esis test, and models for the actual data set were found
to be significantly better than those for data sets with
randomized activities in terms of Z scores (Table 4). As
the nvar increased from 10 to 50 with a step of 10, the
values of q2 did not change significantly. However, with
an increased number of compounds in the test sets (and
decreased size of corresponding training sets), the test
set R2 values also decreased, as could be expected
because of a decreasing (thus, insufficient) size of the
training set. These calculations allowed us to identify
the smallest training set (120 compounds) that would

still afford reasonable prediction of the corresponding
test set. To compare the performances of CoMFA and
kNN QSAR, a molecular diversity sampling tool, SAGE,49

was applied to split the 157 epipodophyllotoxin deriva-
tives into training (120 compounds, Table 1) and test
(37 compounds, Table 2) sets on the basis of their
chemical diversity in the CoMFA descriptor space.

CoMFA/q2-GRS Modeling. Both conventional and
q2-GRS CoMFA were as applied to model the 157
epipodophyllotoxin derivatives. As shown in Table 5, the
q2 and predictive R2 of conventional and q2-GRS CoMFA
were 0.41 and 0.36, and 0.43 and 0.39, respectively.
Despite the higher diversity and larger number of
compounds included in this calculation, the results were
comparable to those obtained previously.24 However, the
low q2 and R2 values make it impossible to use these
models for reliable predictions.

kNN Modeling. kNN analysis selects only the most
informative descriptors to build QSAR models for the
training set molecules. Both MCI and MOE descriptors
were applied in this study, and the number of variables
(nvar) was set to 10, 20, 30, 40, and 50 for both types of
descriptors. At each predefined nvar, three models were
generated using each type of descriptor, respectively.
The best 10 models obtained with the kNN analysis are
presented in Table 5 in comparison with CoMFA
models. To evaluate the robustness of these models, both
q2 and predictive R2 were calculated. The MOE descrip-
tors provided models with the best q2 of 0.55, which was
slightly better than CoMFA models. The models derived
from 2D topological indices (MCI) gave consistently
higher q2 values (0.56-0.63), regardless of the number
of descriptors used. Several of these models also afforded
acceptable prediction accuracy (R2 > 0.6), especially
when more than 20 descriptors were used. The robust-
ness of these models was further validated by the
activity-shuffling experiment as described above. The
best q2 values for models derived from the data sets with
randomly shuffled activity data are also included in
Table 5. The robustness of these models was examined
and confirmed by the one tail hypothesis test. Z scores
and the corresponding critical values (Zc) at the signifi-
cance level (R) of 0.001 for the best two models are
shown in Table 4.

A frequency analysis of the topological indices impli-
cated in the 10 best models demonstrated a significant
convergence in specific variables as well as variable
classes. Nineteen variables were found in most of the
10 best models (with frequency above 5 out of 10), and

Table 3. Results of kNN Modeling Using MCI Descriptors for
Different Training and Test Sets

test set size model no. nvar k value q2 Rpred
2 qran

2 a

19 1 10 3 0.56 0.68 0.21
2 20 2 0.63 0.62 0.24
3 30 2 0.61 0.64 0.12
4 40 2 0.58 0.64 0.17
5 50 2 0.58 0.70 0.09

28 6 10 2 0.42 0.53 0.28
7 20 2 0.61 0.58 0.23
8 30 2 0.58 0.64 0.19
9 40 4 0.50 0.70 0.13

10 50 2 0.59 0.65 0.12
37 11 10 2 0.62 0.38 0.25

12 20 2 0.48 0.32 0.19
13 30 3 0.61 0.60 0.20
14 40 3 0.54 0.61 0.16
15 50 2 0.53 0.41 0.12

41 16 10 4 0.46 0.37 0.29
17 20 4 0.54 0.38 0.17
18 30 2 0.65 0.45 0.30
19 40 2 0.61 0.50 0.14
20 50 2 0.53 0.41 0.08

46 21 10 2 0.48 0.19 0.21
22 20 2 0.60 0.57 0.24
23 30 4 0.52 0.49 0.17
24 40 1 0.56 0.49 0.18
25 50 2 0.63 0.51 0.10

60 26 10 2 0.54 0.40 0.27
27 20 2 0.53 0.26 0.19
28 30 2 0.63 0.26 0.11
29 40 2 0.53 0.35 0.11
30 50 2 0.63 0.38 0.13

a qran
2 is the best value of 10 independent calculations.

Table 4. Results of the One Tail Hypothesis Testing

model no. 13 14 33 34

Z score 13.7 11.4 13.4 11.9
Zc (R ) 0.001) 4.31 4.30 4.28 4.25

Table 5. Comparison of QSAR Models Obtained with Training
and Test Sets of 120 and 37 Epipodophyllotoxin Derivatives,
Respectively

model no. nvar k value q2 Rpred
2 qran

2

31 10 2 0.63 0.31 0.24
kNN/MCI 32 20 1 0.60 0.30 0.21
descriptors 33 30 2 0.60 0.62 0.21

34 40 3 0.56 0.62 0.14
35 50 2 0.58 0.52 0.20

36 10 2 0.52 0.42 0.16
kNN/MOE 37 20 2 0.55 0.47 0.22
descriptors 38 30 3 0.45 0.62 0.15

39 40 3 0.43 0.72 0.16
40 50 4 0.36 0.60 0.14

CoMFA 0.41 0.36
q2-GRS 0.43 0.39
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nine specific variable classes were consistently employed
in all of the 10 models. A closer examination of these
selected variables and variable classes suggests that a
cluster of specific properties is responsible for successful
models. These specific properties include connectivity
valence path indices; difference connectivity simple path
indices; Shannon information index; electrotopological
state index values for hydroxyl oxygens, amino nitro-
gens, ether oxygens, or aromatic carbons; number of
hydrogen bond donors; electrotopological state indices
of sp3 carbon bonded to other carbon atoms; and elec-
trotopological state descriptors of potential internal
hydrogen bond strength. Although most of the proper-
ties are hard to interpret in the physicochemical sense,
some of them (e.g., atom type or bond type electrotopo-
logical state indices and hydrogen bond-related descrip-
tors) did imply that chemical features such as hydroxyl,
amino, aromatic ring, and hydrogen bond-forming atoms
are relevant to biological activities. This implication
shall facilitate our understanding of the SARs for
epipodophyllotoxin derivatives.

Data shown in Table 5 indicate that the models
obtained with 2D descriptors (MCI descriptors) had
higher quality with respect to q2 and predictive R2

values as compared to models obtained with 3D descrip-
tors (CoMFA) or with the combination of 2D and 3D
descriptors (MOE descriptors). Because preliminary
SAR studies have already demonstrated that the
(2R,3R,4S) stereochemistry is essential to maintain the
antitopoisomerase activity of epipodophyllotoxin deriva-
tives,60 these three chiral centers were left untouched
in all of our synthetic modifications. In addition, the
bulky pendant C-1 group is always R-oriented. Thus,
for all epipodophyllotoxin derivatives involved in this
QSAR study, the skeletal stereochemistry is basically
fixed, as would also be true for future design of novel
derivatives. In this context, 2D structural information
appears sufficient to formulate informative QSAR equa-
tions for these epipodophyllotoxins. Applying MCI or
MOE descriptors in QSAR formulation, rather than
force field descriptors, would eliminate the dependence
on the alignment rules and overall orientation, simplify
the preparation of data sets (exempted from operations
such as minimization, alignment, and optimization), and
shorten the computational time. Because of these desir-
able features, these descriptor types are recommended
for future QSAR studies, library design, or database
mining related to the epipodophyllotoxin derivatives.

The observed vs predicted activities generated with
the best model 33 (cf. Table 5) for the test are shown in
Figure 3. A careful analysis of outliers (i.e., molecules
with poorly predicted activities) indicates that these
molecules can be classified into two groups: (i) com-
pounds with meta substitution on the aromatic ring
(e.g., 125, 128, 129, 133, 135, 146, 149, 150, and 151)
and (ii) compounds with the highest (127, 141) or lowest
(146, 148, 149, and 151) activities. The inaccurate
activity prediction of meta-substituted molecules may
result from a possibility that a target other than
topoisomerase II mediates the activities of these mol-
ecules.51,60 Molecules with extreme activities are typi-
cally poorly predicted by the kNN QSAR method (which
interpolates activities of nearest neighbors of a given
compound). Further theoretical developments are un-

derway in our group to improve the extrapolating power
of QSAR methods.

Summary and Future Studies

In this study, we used a recently developed variable
selection kNN QSAR method45 to obtain QSAR models
for 157 epipodophyllotoxin derivatives and compared
results from this approach to those obtained with the
more popular CoMFA method. Using topological (MCI)
or a combination of topological and topographical (MOE)
descriptors of chemical structures, we have built several
robust QSAR models with high values of q2 (for training
sets) and predictive R2 (for test set); our efforts to build
similar quality models with the CoMFA method were
unsuccessful. The ambiguity of physicochemical inter-
pretation of topological descriptors makes the kNN
QSAR models not applicable to direct specific chemical
modifications of existing molecules. However, the high
predictive ability of the models allows virtual screening
of chemical databases or virtual libraries determined
by either synthetic feasibility or commercial availability
of starting materials to prioritize the synthesis of the
most promising candidates. Therefore, these models
should facilitate the rational design of novel derivatives,
guide the design of focused libraries based on the
epipodophyllotoxin skeleton, and facilitate the search
for related structures with similar biological activity
from large databases.
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