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INTRODUCTION

PODOPHYLLOTOXIN OCCUPIES A UNIQUE POSITION among 
lignan natural products because of its anticancer activities. 

Attempts to use it in the treatment of human neoplasia were 
mostly unsuccessful due to complicated side effects that include 
damage to normal tissues.1,2 Later on, more potent and less toxic 
anticancer agents such as etoposide (VP-16) and teniposide 
(VM-26), the semisynthetic derivatives of podophyllotoxin, 
were synthesized.3 Prompted by the clinical successes of the 
podophyllotoxin, significant efforts have been focused on devel-
oping new analogs that have a similar mechanism of action yet 
with superior properties such as low or nil toxic side effects and 
better oral availability. Many podophyllotoxin analogs have been 
isolated, and via molecular manipulation, a large number of 
semisynthetic derivatives have been developed. Over the years, 
a number of podophyllotoxin derivatives have been prepared, 
and the list of derivatives prepared has been reviewed by 
Damayanthi and Lown4 Most of these analogs have exhibited in 
vitro anticancer activity against different tumor cell lines.5 
Moreover, the study and assessment of these have permitted the 

clinical development and their usage in the treatment of different 
types of cancer. A rational approach for the discovery of a phar-
maceutically acceptable, economically viable, podophyllotoxin-
based anticancer drug awaits development of a global mechanism 
of action model for organic cyclolignans and/or a predictive 
quantitative structure-activity relationship (QSAR) model. With 
the advent of parallel synthesis methods and technology, we 
might also expect the number of anticancer podophyllotoxin 
derivatives to be tested to achieve dramatic growth. Hence, there 
is a need of development of predictive QSAR models for the 
rapid prediction of cytotoxic activity of novel podophyllotoxin 
analogs and virtual prescreening.

QSAR is one of the most important methods in chemomet-
rics, which gives information that is useful for drug design and 
medicinal chemistry.6,7 It correlates the biological activity of 
the molecules to their physical or chemical parameters.8,9 There 
are many examples available in literature in which QSAR mod-
els have been used successfully for the screening of compounds 
for biological activity.10-13 Although comparative molecular 
field analyses (CoMFA) are statistically excellent and offer 
good predictive performance, they are inherently limited to the 
need to align with the database molecules correctly within 3D 
space. Nevertheless, especially for structurally diverse mole-
cules, unambiguous 3D alignment to initiate the CoMFA proc-
ess is still a difficult task. The determination of the “active” 
conformation that each compound will retain is a critical issue 
due to the unavailability of X-ray structure. We should have 
some knowledge or hypothesis regarding active conformations 
of the molecules under study as a prerequisite for structural 
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A quantitative structure-activity relationship (QSAR) model has been developed between cytotoxic activity and structural 
properties by considering a data set of 119 podophyllotoxin analogs based on 2D and 3D structural descriptors. A systematic 
stepwise searching approach of zero tests, a missing value test, a simple correlation test, a multicollinearity test, and a genetic 
algorithm method of variable selection was used to generate the model. A statistically significant model (rtrain

2 = 0.906; qcv
2 = 

0.893) was obtained with the molecular descriptors. The robustness of the QSAR model was characterized by the values of 
the internal leave-one-out cross-validated regression coefficient (qcv

2) for the training set and rtest
2 for the test set. The overall 

root mean square error (RMSE) between the experimental and predicted pIC50 value was 0.265 and rtest
2 = 0.824, revealing 

good predictability of the QSAR model. For an external data set of 16 podophyllotoxin analogs, the QSAR model was able 
to predict the tubulin polymerization inhibition and mechanistically cytotoxic activity with an RMSE value of 0.295 in com-
parison to experimental values. The QSAR model developed in this study shall aid further design of novel potent podophyl-
lotoxin derivatives. (Journal of Biomolecular Screening 2010:528-540)
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alignment. Hence, the developed models based on CoMFA may 
not suit the drug design because of a false conformational 
hypothesis. However, we were motivated to explore possible 
alternatives that would use alignment free descriptors derived 
from 2D or 3D molecular topology and thus alleviate frequent 
ambiguity of structural alignment typical of 3D QSAR meth-
ods. Accordingly, in this QSAR study, we have applied E-state, 
electronic, structural, topological, quantum mechanics, and 
physicochemical-based descriptors, which can be calculated 
without structural alignments. The behavior of QSAR model is 
examined with a variety of statistical parameters,14 and the 
contribution of various descriptors is analyzed.

MATERIALS AND METHODS

Core structure of podophyllotoxin

The scaffold structure of the natural podophyllotoxin con-
sists of 5 rings—namely, the A, B, C, D, and E rings (Fig. 1). 
The structural derivatives of podophyllotoxin have been devel-
oped by modifications of these rings and possess different 
levels of cytotoxic activity. These include A-ring modifica-
tions, B-ring modifications, C-ring modifications, D-ring mod-
ifications, E-ring modifications, or C- and D-ring modifications.

Data set

A total of 119 podophyllotoxin analogs were used in the 
study and were taken from various sources belonging to differ-
ent ring modifications. These molecules were divided ran-
domly into 81 molecules in the training set and 38 molecules in 
the test set. The analogs included in Tables 1 to 4 were obtained 
from Gordaliza et al,15 and the analogs included in Table 5 
(aza-podophyllotoxin) were taken from Hitotsuyanagi et al.16 
The natural and prepared compounds (Tables 1-5) were evalu-
ated in vitro for establishing their cytotoxicity against cell cul-
tures of P-388, a murine leukemia cell line, at similar laboratory 
conditions and experimental setup. Studies on in vitro cytotox-
icity of podophyllotoxin and its analogs reported mostly on the 
P-388 cell line because of its resistance to the anticancer drug 
vinorelbine.17 All 119 analogs were categorized into the follow-
ing 5 sublibraries.

Sublib-I, commonly known as tetralinelactones, consists of 29 com-
pounds (1-29; Table 1). These molecules were rationally designed 
as functional mimics of natural podophyllotoxin with the goal of 
simplifying the chemical synthesis and improving the cytotoxic 
activity. Structural modifications are mainly introduced at vary-
ing radicals at position 7 in the podophyllotoxin scaffold. Reports 
have been made on compounds with oxygenated substituents in 
the form of ethers, esters, and diverse nitrogen radicals.

Sublib-II contains compounds (30-70) known as nonlactonic tetra-
lines (Table 2). Structural modifications in this group include 

the opening of the lactone ring (D-ring) in the podophyllotoxin 
scaffold, giving rise to compounds with different degrees of 
oxidation at positions C-9 and C-9′. In general, these molecules 
lack any lactone rings.

Sublib-III also includes a group of lignans (71-85) that have hete-
rocyclic rings fused to the cyclolignan skeleton (Table 3). This 
group is commonly called pyrazolignans and isoxazolignans, 
and they were obtained by reacting podophyllotoxin with dif-
ferently substituted hydrazines and hydroxylamines.

Sublib-IV includes the compounds (86-91) commonly called lac-
tonic and nonlactonic naphthalene (Table 4). These molecules 
were obtained by structural modification of C- and D-rings and 
have proportionally much lower activity.

Sublib-V contains compounds (92-119) commonly known as aza-
podophyllotoxin analogs (Table 5). The preparation of this 
group of compounds requires selective chemical manipulation 
of the 2 aromatic rings (B- and E-rings) of the podophyllo-
toxin scaffold. These molecules are readily prepared from 
anilines, benzaldehydes, and tetronic acid or 2,3-cyclopen-
tanedione in good to excellent yield and have also shown  
better cytotoxic activity.

To use the QSAR model developed in this study for predic-
tion of tubulin polymerization inhibition (TPI), we used an exter-
nal data set of 16 podophyllotoxin derivatives that is included in 
Table 6. The experimental activity of these molecules was stud-
ied for the ability to inhibit in vitro assembly of chicken brain 
microtubules18 and was expressed as IC50 values for TPI.

Building of molecular structures

All these podophyllotoxin analogs were built from the scaf-
folds by different ring modification and substitution of func-
tional groups, as mentioned in Tables 1 to 6. The scaffold 
structure of podophyllotoxin has been extracted from the co-
crystallized structure of podophyllotoxin and tubulin (PDB ID: 
1SA1). We used Maestro-molecular builder for building the 
other structural derivatives (Tables 1-6) by modifying the 

FIG. 1.  The scaffold structure of podophyllotoxin.
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scaffold structure of podophyllotoxin. LigPrep19 was used for 
final preparation of ligands. LigPrep is a utility of the 
Schrödinger software suite that combines tools for generating 
3D structures from 1D (Smiles) and 2D (SDF) representation, 
searching for tautomers and steric isomers and performing a 
geometry minimization of ligands. The ligands were energy 
minimized using the Macromodel module of Schrödinger with 
default parameters and applying molecular mechanics force 
fields (MMFFs). A truncated Newton conjugate gradient 
(TNCG) minimization method was used with 500 iterations 
and a convergence threshold of 0.05 kJ/mol.

Descriptor calculation

All the molecular descriptors such as E-state indices; log P; 
superpendentic index; structural, symmetrical, topological, 
lead likeness, electronic Wang-Ford atomic charge, and 
extended Hückel partial charge functions; bulk; moments; 
orbital energies; molecular connectivity indices; gravitational 
indices; hydrophobicity; steric and thermodynamic factors; and 
topological descriptors were calculated using ADME Model 
Builder software package (version 4.5).20 These descriptors 
help differentiate the molecules mostly according to their size, 
degree of branching, flexibility, and overall shape. Some of the 
descriptors included in the study are listed and described in 
Table 7.

Screening of descriptors and development of the QSAR model

A set of 372 molecular descriptors was calculated using the 
ADME Model Builder software package (version 4.5). A sys-
tematic search in the order of missing value test, zero test, cor-
relation coefficient, multicollinearity, and genetic algorithm 
was performed to determine significant descriptors using the 
ADME Model Builder (version 4.5) software package. Any 
parameter that was not calculated (missing value) for any 
number of the compounds in the data set was rejected in the 
first step. Some of the descriptors were rejected because they 
contained a zero value for all the compounds (zero tests). To 
minimize the effect of collinearity and to avoid redundancy, a 
correlation matrix was developed with a cutoff value of 0.6 and 
the variables physically removed from the analysis that showed 
exact linear dependencies between subsets of the variables and 
multicollinearity (high multiple correlations between subsets of 
the variables). From the descriptors, the set of descriptors that 
would give the statistically best QSAR models was selected by 
using a genetic function approach implemented in the ADME 
Model Builder (version 4.5) software package. The genetic 
algorithm (GA) starts with the creation of a population of ran-
domly generated parameter sets. The usage probability of a 
given parameter from the active set is 0.5 in any of the initial 
population sets. The sets are then compared according to their 
objective functions. The parameters set used for the GA 

Table 1.  Podophyllotoxin Derivatives (Tetraline Lactones) with Cytotoxic Activities against the P-388 Cell Line

Structure Number R1 R2 IC50 (µM) Structure Number R1 R2         IC50 (µM)

1 OH H 0.012 15 = N-OMe 0.2
2 H H 0.010 16 H H 0.10
3 H H(2-OMe) 0.01 17 H H(2-OMe) 0.23
4 OH H(4′-OH) 0.027 18 OH H 6.0
5 OAc H 0.625 19 OAc H 0.55
6 OMe H 0.06 20 OAc H(2-OMe) 1.02
7 H OH 0.06 21 OMe H 0.12
8 H Ac 0.05 22 H OH(2-OMe) 0.11
9 H OMe 0.06 23 H OAc 0.44
10 H Cl 0.6 24 H OAc(2-OMe) 0.51
11 Cl H 0.6 25 H OMe 0.12
12 = O 1.8 26 H H Δ7 0.013
13 = N-OH 2.3 27 = O 12.0
14 = N-OAc 2.1 28 = N-OH 2.3
  29 = N-OMe 2.3
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Table 2.  Podophyllotoxin Derivatives (Nonlactonic Tetralines) with Cytotoxic Activities against the P-388 
Cell Line and New Proposed Structural Derivatives with Unknown Cytotoxic Activity

Structure Number R1 R2 R3 IC50 (µM) Structure Number Structure    IC50 (µM)

30 OH H H   1.2 35 23.3
31 H OH H 12.0  
32 H OMe H 11.6  
33 H OMe Ac   9.7  
34 OMe H Ac   9.7  
 

36

 

3.5

53—59. 62—81 82—92.

Structure Number R1 R2 R3 R4 IC50 (µM)
Structure 
Number R1 R2 R3 R4 IC50 (µM)

37 H H OH COOMe 0.058 47 H OMe OAc CH2OAc 9.7
38 H H OAc COOMe 0.21 48 H OH OH CH2OH 47.9
39 H H OAc CH2OAc 5.14 49 H OH OH COOMe 1.1
40 OH H OH CH2OH 23.9 50 = O OH COOMe 5.63
41 OH H OH COOMe 0.22 51 = O OAc COOMe 0.20
42 OAc H OAc CH2OAc 7.4 52 = N-OH OAc COOMe 2.0
43 OAc H OAc COOMe 1.1 53 H H CHO COOMe 2.34
44 OMe H OH CH2OH 23.2 54 H H = N-OMe COOMe 2.30
45 OMe H OAc CH2OAc 19.4 55 H H = N-OMe COOMe 10.94
46 H OMe OH CH2OH 11.6 56 H H = N-allyl COOMe 2.5

Structure Number R1R→R1 R2 IC50 (µM) Structure Number R1 R2 IC50 (µM)

57 CH2OH COOMe 0.02 64 CH = N-OH COOMe 2.27
58 CHO CH2OH 0.25 65 CH =N-OMe COOMe 0.22

59 CHO COOMe 0.23 66 COOMe 0.20

60 CH = N-NH2 COOMe 0.57 67 CH2OH 1.00

61 CH = N-NH-CH2CF3 COOMe 0.48 68 0.57

62 CH = N-NH-Ph COOMe 1.94 69 6.25

63 CH = N-NH-Ph CH2OH 1.02 70 5.66
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includes mutation 0.1, crossover 0.9, population 300, number 
of generations 1000, r2 floor limit 50%, and objective function 
r2/N_par. The form of the objective function favors sets that 
have r2 as high as possible while minimizing the number of 
parameters used as descriptors. The higher the score, the higher 
the probability that a given set will be used for the creation of 
the next generation of sets. Creation of a consecutive genera-
tion involves crossovers between set contents, as well as muta-
tions. The algorithm runs until the desired number of generations 
is reached. Equations were developed between the observed 
activity and the descriptors. The best equation was taken based 
on statistical parameters such as squared regression coefficient 

(r2) and leave-one-out cross-validated regression coefficient 
(qcv

2).

Validation of the QSAR model

The predictive capability of the QSAR equation was deter-
mined using the leave-one-out cross-validation method. The 
cross-validation regression coefficient (qcv

2) was calculated by 
the following equation:
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Table 3.  Podophyllotoxin Derivatives (Pyrazolignans and Isoxazolignans) with Cytotoxic Activities against 
the P-388 Cell Line and New Proposed Structural Derivatives with Unknown Cytotoxic Activity

98-109. 110-111 112-114 115-120

Structure Number R1 R2 IC50 (µM) Structure Number R1 R2         IC50 (µM)

71 Ph COOH 1.9 75 m-NO2Ph COOMe 4.5
72 Ph COOMe 1.00 76 p-MePh COOMe 1.00
73 Ph CH2OH 4.1 77 Me COOMe 5.6
74 Ph CH2OAc 4.7  

Structure Number R IC50 (µM) Structure Number R IC50 (µM)

78 H 10 82 COOMe 23
79 CHO 21 83 COOMe(4′-OH) 12
80 CH2Ac 2.2 84 CH2OH 2.6
81 COOH 2.2 85 CH2O 2.4

Table 4.  Podophyllotoxin Derivatives (Lactones and Nonlactonic Naphthalene) with Cytotoxic 
Activities against the P-388 Cell Line

121-122 123-126

Structure Number R IC50 (µM) Structure Number R1 R2 IC50 (µM)

86 H 5.1 89 Ac H 5.90
87 OAc 44.25 90 Ac Me 16.59
88 H Me 12.20 91 H OMe 2.15
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where ypred, yexp, and ỹ are the predicted, experimental, and 
mean values of experimental activity, respectively. Also, the 
accuracy of the prediction of the QSAR equation was validated 
by F value, r2, and radj

2. A large F indicates that the model fit is 
not a chance occurrence. It has been shown that a high value of 
statistical characteristics is not necessary for the proof of a 
highly predictive model.21,22 Hence, to evaluate the predictive 
ability of our QSAR model, we used the method described by 
Golbraikh and Tropsha21 and Roy and Roy.22 The values of the 
correlation coefficient of predicted and actual activities and the 
correlation coefficient for regressions through the origin (pre-
dicted vs. actual activities and vice versa) were calculated 
using the regression of analysis Tool-pak option of Excel, and 
other parameters were calculated as reported by the above 
authors.21,22 The determination coefficient in prediction, qtest

2 , 
was calculated using the following equation22:

q
Y Y
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2
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where Ypredtest
 and YTest are the predicted value based on the 

QSAR equation (model response) and experimental activity 
values, respectively, of the external test set compounds.  
–
YTraining is the mean activity value of the training set compounds. 
Further evaluation of the predictive ability of the QSAR model 

for the external test set compounds was done by determining 
the value of rm2 by the following equation22:

rm r r rtest test test
2 2 2 21

0
= − −( )| | ,

where rtest
2  is the square correlation coefficient between experi-

mental and predicted values and r2
test0

 is the squared correlation 
coefficient between experimental and predicted values without 
intercept for the external test set compounds. The values of k 
and k′, slopes of the regression line of the predicted activity 
versus actual activity and vice versa, were calculated using the 
following equations21:
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  and  

where yi and yi are the predicted and experimental activities, 
respectively.

Further statistical significance of the relationship between 
activity and the descriptors was checked by randomization test 
(Y-randomization) of the models. The Y column entries were 
scrambled and new QSAR models were developed using same 
set of variables as present in the unrandomized model. We have 
used a parameter, Rp

2, 23 which penalizes the model R2 for the 
difference between squared mean correlation coefficient (Rr

2) 
of randomized models and squared correlation coefficient (R2) 

Table 5.  Aza-Podophyllotoxin Derivatives with Cytotoxic Activities against the P-388 Cell Line

	 	
	 Modification 1	 Modification 2
                        Substitution of B- and E-ring at 1 and 2 analogs:

Modification 1 Modification 2

Structure Number B-Ring E-Ring IC50 (µM) Structure Number B-Ring E-Ring IC50 (µM)

92 I VII 100 106 I VII 0.0018
93 II VII 80 107 II VII 0.0017
94 III VII 100 108 III VII 4.9
95 III VIII 39 109 III VIII 0.76
96 III XII 2.0 110 III XII 0.77
97 IV VII 29 111 IV VII 2.6
98 V VII 100 112 V VII 0.0041
99 VI VII 63 113 VI VII 0.92
100 I VIII 40 114 I VIII 0.048
101 I IX 100 115 I IX 0.0053
102 I X 100 116 I X 0.13
103 I XI 60 117 I XI 0.0053
104 I XII 100 118 I XII 0.030
105 I VII 71 119 I VII 0.028
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of the nonrandomized model. The Rp
2 parameter was calculated 

by the following equation:

R R R Rp r
2 2 2 2= ⋅ − .

This parameter, Rp
2, ensures that the models thus developed are 

not obtained by chance. We have assumed that the value of Rp
2 

should be greater than 0.5 for an acceptable model.
To check the intercorrelation of descriptors, variance infla-

tion factor (VIF) analysis was performed. The VIF value is 
calculated from 1/(1 − r2), where r2 is the multiple correlation 
coefficient of one descriptor’s effect regressed on the remain-
ing molecular descriptors. If the VIF value is larger than 10, 
information of descriptors can be hidden by correlation of 
descriptors.24,25

RESULTS AND DISCUSSION

The 119 active compounds with their acute cytotoxicity 
(IC50 values in µM) to the P-388 cell line were randomly 
divided into a training set of 81 compounds and a test set of 38 
compounds. With the wide range of difference between the IC50 
values and the large diversity in the structures, the combined 
data set of 81 molecules and 38 molecules is ideal as a training 
and test set, as both sets do not suffer from bias due to the 
similarity of the structures. The various molecular descriptors 
(372 in total) as described in Table 7 were calculated initially. 
By applying a missing value test, a zero test, a correlation test 
with a cutoff value of 0.6, and a multicollinearity test with a 
cutoff value of 0.9, we have discarded the most likely param-
eters, resulting in 117 parameters. Further additional parame-
ters were discarded by applying the GA, and finally 8 
parameters were selected for the development of the QSAR 
equation. Taking a brute-force approach, we increased the 
number of parameters in the QSAR equation one by one and 
evaluated the effect of adding a new term to the statistical qual-
ity of the model. As the squared correlation coefficient, r2, can 
be easily increased by the number of terms in the QSAR equa-
tion, we took the cross-validation correlation coefficient, qcv

2, 
as the limiting factor for a number of descriptors to be used in 
the final model. It was observed that the qcv

2 value increased 
until the number of descriptors in the equation reached 7, as 
shown in Table 8. With further addition of parameters to the 
equation with 7 descriptors, there was a decrease in the qcv

2 
value of the model. So, the number of descriptors was restricted 
to 7 in the final QSAR model. The best significant relationship 
for the cytotoxic activity has been deduced to be

pIC50 = –1.39 + 11.3 SHDW5 + 0.07 DIP + 4.26 V5CH – 2.87 
SNMN – 0.3 L/B2 + 0.05 SRMX – 0.23 GEOM4

(n = 81; r 2
train = 0.906; s = 0.246; PRESS = 4.842;  r 2

adj = 0.872; q2
cv = 

0.893; F test = 24.3)

where n is the number of compounds in the training set, 
rtrain

2 is the squared correlation coefficient, s is the estimated 

Table 6.  Experimental IC50 Value for In Vitro 
Tubulin Polymerization Inhibition by Podophyllotoxin 

Analogs (External Validation Set)

Structure 
Number Name Structure IC50 (µM)

1 Podophyllotoxin 0.6

2 Epipodophyllotoxin 5.0

3 Deoxypodophyllotoxin 0.5

4 β-Peltatin 0.7

5 α-Peltatin 0.5

6 4′-Demethylpodophyllotoxin 0.5

7 4′-Demethylepipodophyllotoxin 2.0

8 4′-Demethyldeoxypodophyllotoxin 0.2

9 Dehydropodophyllotoxin 25

10 Anhydropodophyllol 1.0

11 Podophyllotoxin cyclic sulfide 10

12 Podophyllotoxin-cyclic ether 1.0

13 Deoxypodophyllotoxin-cyclic ether 0.8

14 Deoxypodophyllotoxin-cyclopentane 5.0

15 Deoxypodophyllotoxin-cyclopentanone 5.0

16 Deoxypodophyllotoxin-cyclic sulfide 10
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standard deviation about the regression line, radj
2 is the square 

of the adjusted correlation coefficient for degrees of freedom, 
F test is the measure of variance that compares 2 models dif-
fering by 1 or more variables to see if the more complex model 
is more reliable than the less complex one (the model is  
supposed to be good if the F test is above a threshold value), 
and qcv

2 is the square of the correlation coefficient of the 

cross-validation using the leave-one-out cross-validation tech-
nique. The QSAR model developed in this study was statisti-
cally ( rtrain

2 = 0.906, qcv
2 = 0.893, F test = 24.3) best fitted and 

consequently was used for prediction of cytotoxic activities 
(pIC50) of training and test sets of molecules, as reported in 
Tables 9 and 10. The relationships between predicted (both 
training and test) activities and the corresponding experimen-
tal activities are shown in Figures 2 and 3. The rtrain

2 and qcv
2 

values of 0.906 and 0.893, respectively, of the model corrobo-
rate with the criteria for a QSAR model to be highly predic-
tive.21 The standard error of estimate for the model was 0.246, 
which is an indicator of the robustness of the fit and suggested 
that the predicted pIC50 based on equation (1) is reliable. The 
developed model was further validated by a randomization 
technique. The values of Rr

2 and R2 were determined, which 
were then used for calculating the value of Rp

2. Models with 
Rp

2 values greater than 0.5 are considered statistically robust. 
If the value of Rp

2 is less than 0.5, then it may be concluded 
that the outcome of the model is merely by chance, and it is 
not at all well predictive for truly external data sets. In this 
data set, values of Rp

2 for all the 100 models were well above 
the stipulated value of 0.5 (Rp

2: 0.674-0.795). Therefore, it can 
be concluded that besides being robust, the model developed 
is well predictive.

The intercorrelation of the descriptors used in the QSAR 
model (1) was very low (below 0.6), which is in conformity to 
the study that, for a statistically significant model, it is neces-
sary that the descriptors involved in the equation should not be 
intercorrelated with each other.14 To further check the intercor-
relation of descriptors, VIF analysis was performed. In this 
model, the VIF values of these descriptors are 1.337 (SHDW5), 
1.527 (DIP), 1.091 (V5CH), 1.143 (SNMN), 1.302 (L/B2), 
1.091 (SRMX), and 1.727 (GEOM4), which are less than the 
threshold value of 10.24,25

Table 7.  List of Descriptors Used in the Study

Type Descriptors

E-state indices Electrotopological state indices
Electronic Partial positive surface area, partial negative surface area, relative positive charge, relative negative charge, relative positive charged 

surface area, relative negative charged surface area, weighted positive charged partial surface area, weighted negative charged 
partial surface area, fractional negative charged partial surface area, fractional positive charged partial surface area, Hückel 
molecular orbital indices, highest occupied molecular orbital, lowest unoccupied molecular orbital, free valence value, nucleophilic 
superdelocalizability, free radical superdelocalizability, heat of formation, dipole moments, energy of the highest occupied orbital, 
energy of the lowest unoccupied orbital, electronegativity, hardness

Information content Information of atomic composition index, superpendentivity index
Spatial Radius of gyration, Jurs descriptors, shadow indices, area, density, length-to-breath ratios
Structural Topological symmetry, geometrical symmetry, combined symmetry, conformational flexibility indices, molecular distance edge 

descriptors, moment of inertia indices, geometric moment indices, number of single bonds, number of aromatic bonds
Thermodynamic Average energy, bond strain energy, angle strain energy, nonbonded strain energy, torsional strain energy, total strain energy of molecule
Lead likeness Log P (Meylan, Howard), Log S, Log P (Moriguchi, Hirono)
Topological Wiener index, Kier and Hall molecular connectivity indices, path count and length descriptors, topological polar surface area (TPSA), 

Balban indices

Table 8.  Statistical Assessment of Quantitative Structure-
Activity Relationship (QSAR) Equations  

with Varying Number of Descriptors

Number of 
Descriptors QSAR Equation r2 Press q2

1 pIC50 = −5.57 + 10.7 SHDW5 0.402 29.27 0.325
2 pIC50 = −3.69 + 11.9 SHDW5 + 

0.09 DIP
0.561 21.38 0.514

3 pIC50 = −3.83 + 12.0 SHDW5 + 
0.104 DIP + 2.77 V5CH

0.582 20.54 0.524

4 pIC50 = −3.13 + 11.6 SHDW5 + 
0.09 DIP + 4.01 V5CH − 2.16 
SNMN

0.651 17.85 0.592

5 pIC50 = −2.65 + 11.1 SHDW5 + 
0.11 DIP + 3.89 V5CH − 1.94 
SNMN − 0.4 L/B2

0.713 13.82 0.684

6 pIC50 = −2.29 + 11.3 SHDW5 + 
0.11 DIP + 3.81 V5CH − 2.03 
SNMN − 0.49 L/B2 + 0.05 
SRMX

0.826 10.71 0.751

7 pIC50 = −1.39 + 11.3 SHDW5 + 
0.07 DIP + 4.26 V5CH − 2.87 
SNMN − 0.3 L/B2 + 0.05 
SRMX − 0.23 GEOM4

0.906 4.842 0.893

8 pIC50 = 0.05 + 7.85 SHDW5 + 0.04 
DIP + 3.70 V5CH − 2.26 SNMN 
− 0.81 L/B2 − 0.08 GEOM4 − 
0.004 SHDW3

0.922 9.372 0.781
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Table 9.  Observed and Predicted Cytotoxic Activity to the P-388 Cell Line of the Training Set of Podophyllotoxin Derivatives

pIC50 (µM)            pIC50 (µM)

Compound No. Observed Predicted Residual Compound No. Observed Predicted Residual

2 2.00 2.24 0.24 68 0.24 0.32 0.08
3 2.00 1.77 0.23 69 −0.80 −0.68 0.12
6 1.22 0.84 0.38 71 −0.28 −0.23 0.05
7 1.22 0.66 0.56 72 0.00 0.40 0.40
8 1.30 1.22 0.08 73 −0.61 −0.77 0.16
9 1.22 0.89 0.33 74 −0.67 −0.68 0.01
11 0.26 0.15 0.11 76 0.00 −0.07 0.07
12 0.27 0.38 0.11 77 −0.75 −1.03 0.28
15 0.70 −0.02 0.72 78 −1.00 −0.82 0.18
16 1.00 0.46 0.54 79 −1.32 −1.29 0.03
17 0.64 1.04 0.40 80 −0.34 −0.73 0.39
19 0.26 0.62 0.36 81 −0.34 −0.07 0.27
21 0.92 0.64 0.28 87 −1.65 −1.24 0.41
22 0.96 1.27 0.31 90 −1.22 −1.43 0.21
23 0.36 0.74 0.38 91 −0.18 −0.36 0.18
24 0.29 −0.24 0.53 92 −2.00 −1.70 0.30
27 −1.08 −1.25 0.17 93 −1.90 −1.80 0.10
29 −0.36 −0.32 0.04 96 −0.30 −1.02 0.72
30 −0.08 0.04 0.12 97 −2.00 −1.97 0.03
32 −1.06 −0.92 0.14 100 −1.60 −1.39 0.22
33 −0.99 −0.67 0.32 103 −1.78 −1.71 0.07
34 −0.99 −1.44 0.45 104 −2.00 −1.54 0.46
37 1.24 1.07 0.18 105 −1.85 −1.77 0.08
38 0.68 0.91 0.23 106 2.74 2.17 0.57
44 −1.37 −1.71 0.34 108 −0.69 −0.34 0.35
45 −1.29 −1.08 0.21 111 −0.41 0.50 0.91
47 −0.99 −0.93 0.06 113 0.04 0.40 0.36
49 −0.04 −0.30 0.26 114 1.32 0.79 0.53
51 0.70 0.29 0.41 115 2.28 2.18 0.10
52 −0.30 −0.02 0.28 116 0.89 1.22 0.33
53 −0.37 −0.39 0.02 98 −2.00 −1.67 0.33
55 −1.04 −0.73 0.31 99 −1.80 −1.92 0.12
56 −0.40 −0.43 0.03 101 −2.00 −2.88 0.88
57 1.70 1.80 0.10 102 −2.00 −1.76 0.24
59 0.64 0.43 0.21 107 2.77 2.44 0.33
61 0.32 0.34 0.02 109 0.12 0.06 0.06
62 −0.29 −0.16 0.13 110 0.11 0.28 0.17
63 −0.01 −0.16 0.15 112 2.39 1.69 0.70
64 −0.36 −0.46 0.10 117 2.28 2.75 0.47
66 0.70 0.90 0.20 118 1.52 1.32 0.20
67 0.00 −0.12 0.12  

pIC50 = −log IC50.

Satisfied with the robustness of the QSAR model devel-
oped using the training set, we have applied the QSAR model 
to an external data set of podophyllotoxin analogs constituting 
the test set. As the experimental values of IC50 for these inhib-
itors are already available, this set of molecules provides an 
excellent data set for testing the prediction power of the QSAR 
model for new ligands. Table 10 represents the predicted pIC50 
values of the test set based on equation (1). The overall  
root mean square error (RMSE) between the experimental  
and predicted pIC50 values was 0.265, which reveals good 

predictability. The estimated correlation coefficients between 
experimental and predicted pIC50 values with intercept (rtest

2) 
and without intercept (r2

test0
) were 0.824 and 0.768, respectively. 

The value of [(rtest
2 − r2

test0
)/rtest

2] = (0.824 − 0.768)/0.824 = 
0.068, which is less than 0.1 (stipulated value)21 and thus vali-
dates the usefulness of the QSAR model for predicting the 
biological activity of the external data set. Also, the values of 
k and k′ were 0.946 and 1.233, which are well within the 
specified ranges of 0.85 and 1.15.21 The values of rpred

2 = 0.933 
and rm2 = 0.629 were found to be in the acceptable range,22 
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Table 10.  Observed and Predicted Inhibitory Activity to the P-388 Cell Line of the Test 
Set of Podophyllotoxin Derivatives

pIC50 (µM) pIC50 (µM)

Compound No. Observed Predicted Residual Compound No. Observed Predicted Residual

1 1.92 0.97 0.95 46 −1.06 −1.21 0.15
4 1.57 0.31 1.26 48 −1.68 −1.80 0.12
5 0.20 0.44 0.24 50 −0.75 −0.68 0.07
10 0.22 0.37 0.15 54 −0.36 −0.47 0.11
13 −0.36 −0.30 0.06 58 0.60 0.73 0.13
14 −0.32 −0.11 0.21 60 0.24 −0.05 0.29
18 −0.78 0.24 1.02 65 0.66 0.96 0.30
20 −0.01 0.11 0.12 70 −0.75 −0.92 0.17
25 0.92 1.76 0.84 75 −0.65 −0.57 0.08
26 1.89 1.91 0.02 82 −1.36 −1.60 0.24
28 −0.36 0.02 0.38 83 −1.08 −1.11 0.03
31 −1.08 −0.92 0.16 84 −0.41 −0.53 0.12
35 −1.37 −0.78 0.59 85 −0.38 −0.10 0.28
36 −0.54 −1.12 0.58 86 −0.75 −0.78 0.03
39 −0.71 −0.69 0.03 88 −1.09 −1.08 0.01
40 −1.38 −1.09 0.29 89 −0.77 −0.43 0.34
41 0.66 0.80 0.14 94 −2.00 −1.96 0.04
42 −0.87 −0.82 0.05 95 −1.59 −1.52 0.08
43 −0.04 0.21 0.25 119 1.55 1.78 0.23

pIC50 = −log IC50.

FIG. 2.  Relationship between predicted and experimental activities as per equation (1) of the training set compounds.

thereby indicating the good external predictability of the 
QSAR model.

Podophyllotoxin is a clinically effective anticancer agent that 
represents perhaps the most significant addition to the pharma-
copoeia of cancer chemotherapeutic agents in the past decade.26 

However, new findings related to its activities, mechanism of 
action, and pharmacological properties have been unveiled. The 
accepted mechanism of action of podophyllotoxin and its struc-
tural derivatives revealed that these molecules preferentially 
inhibit tubulin polymerization, which leads to arrest of the cell 
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Table 11.  Observed and Predicted Inhibitory Activity to Tubulin Polymerization of the 
Validation Set of Podophyllotoxin Derivatives

pIC50 (µM)

Compound No. Compound Name Observed Predicted Residual

1 Podophyllotoxin 0.22 0.73 0.51
2 Epipodophyllotoxin −0.70 −0.14 0.56
3 Deoxypodophyllotoxin 0.30 0.55 0.25
4 β-Peltatin 0.15 −0.04 0.19
5 α-Peltatin 0.30 0.33 0.03
6 4′-Demethylpodophyllotoxin 0.30 0.36 0.06
7 4′-Demethylepipodophyllotoxin −0.30 0.34 0.64
8 4′-Demethyldeoxypodophyllotoxin 0.70 0.80 0.10
9 Dehydropodophyllotoxin −1.40 −1.13 0.27
10 Anhydropodophyllol 0.00 −0.27 0.27
11 Podophyllotoxin cyclic sulfide −1.00 −0.90 0.10
12 Podophyllotoxin-cyclic ether 0.00 −0.37 0.37
13 Deoxypodophyllotoxin-cyclic ether 0.10 0.12 0.02
14 Deoxypodophyllotoxin-cyclopentane −0.70 −0.70 0.00
15 Deoxypodophyllotoxin-cyclopentanone −0.70 −0.66 0.04
16 Deoxypodophyllotoxin-cyclic sulfide −1.00 −1.01 0.01

pIC50 = −log IC50.

FIG. 3.  Relationship between predicted and experimental activities as per equation (1) of the test set compounds.

cycle in the metaphase and thus induces cytotoxicity to cancer 
as well as normal cells. Mechanistically, TPI is the cause, and 
the cytotoxicity is its response, and one can be predicted from 
the other. Therefore, a separate data set consisting of 16 analogs 
of podophyllotoxin (Table 6) was considered to evaluate the 
predictive accuracy of the developed QSAR model between  
TPI and cytotoxic activity. The experimental TPI activity and 
chemical structures of these 16 derivatives have been obtained 
from literature.18 For all these compounds, QSAR predictions 

produce a similar trend for tubulin polymerization inhibition, 
with an estimated correlation coefficient value of 0.799, even 
though the exact magnitudes of these values do not match very 
well with experimental values (Table 11). The RMSE between 
the experimental and predicted TPI was 0.295. Coupled with the 
good predictive ability of the QSAR model developed in this 
study, we believe that this model would perform well as a rapid 
screening tool to uncover new and more potent anticancer drugs 
based on podophyllotoxin derivatizations.
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Descriptors interpretation

Based on the developed QSAR model, it is observed that the 
important parameter that contributes to the potentiating activity 
is SHDW5, which is a set of geometrical descriptors. It indi-
cates standardized shadow area 5, relating to the size and shape 
of molecules. It is calculated by projecting the molecular sur-
face on 3 mutually perpendicular planes, XY, XZ, and YZ, 
assuming van der Waals radii for atoms.27-29 Basically, a mole-
cule is flatted into a plane by disregarding the third dimension: 
the area of the molecule that is projected onto the remaining 2 
dimensions defines the shadow area of interest. SHDW5 
descriptor is calculated as follows:

SHDW5 = area of the molecular shadow in the XZ plane/LXLZ.

LX and LZ are the maximum dimensions of the molecular sur-
face projections.

V5CH is the fifth-order chain molecular connectivity index; 
this descriptor contains information about the size and the degree 
of branching in a molecule. The descriptors SNMN and SRMX 
measure minimum nucleophilic superdelocalizability and maxi-
mum free radical superdelocalizability of the compounds (calcu-
lated using the Hückel calculation). Superdelocalizability is an 
indication of the electronic “richness” or “poorness” of a specific 
atom. Nucleophilic superdelocalizability looks at the concentra-
tion of unoccupied orbitals at each atom, and the radical superde-
localizability measures the concentration of all orbitals, occupied 
and unoccupied, at each atom. Occurrence of nucleophilic and 
radical superdelocalizabilities indicates that 2 reactivity mecha-
nisms can occur in the data set and may be the possible causes of 
the cytotoxicity. L/B2 is the length-to-breadth ratio of compounds 
calculated by rotating the molecule in the Z-axis in increments of 
N degrees. GEOM4 is the mass weighted length/width descriptor. 
The calculation involves diagonalization of the covariance matrix 
formed from the (x,y,z) coordinates of the atoms, translated to the 
center of mass of the structure. The contribution of each atom is 
weighted by its mass, and the resulting eigenvalues encode the 
magnitude of length, width, and thickness of the structure, taking 
into consideration atomic mass. DIP signifies dipole moment 
(calculated using single-point MOPAC [AM1]–based semiem-
pirical quantum mechanical methods); this descriptor considers 
only interactions of valence π electrons for adjacent atoms.

The descriptors used for the constructed QSAR model in 
this work encoded electronic, geometrical, and topological 
aspects of molecules. Appearances of these descriptors in the 
model reveal the role of electronic and steric interactions in 
inducing cytotoxicity to cancer cells.

CONCLUSION

We have compiled a virtual library of podophyllotoxin ana-
logs built through structural modification of scaffold structure 

of natural podophyllotoxin. We have demonstrated that the 
QSAR model developed in this study can be applied to estimate 
the cytotoxic activity with a high level of accuracy for a diverse 
set of podophyllotoxin analogs. Using a combination of topo-
logical and electrotopological state indices, as well as elec-
tronic and thermodynamic descriptors of chemical structures, 
we have built several robust QSAR models with high values of 
qcv

2 (for training sets) and predictive rtest
2 (for test sets). 

Moreover, the QSAR model makes a credible prediction model 
of tubulin polymerization inhibition possible. The calculated 
cytotoxic activity of a set of structural analogs demonstrates 
excellent linear correlation to the experimental cytotoxic activ-
ity. This model could be useful to predict the range of activities 
for new podophyllotoxin analogs. The information we have 
expressed in this study may lead to designing (synthesis) more 
potent podophyllotoxin derivatives for inhibition of tubulin 
polymerization, and thus the cytotoxic activity should guide the 
design of focused libraries based on the podophyllotoxin skel-
eton and facilitate the search for related structures with similar 
biological activity from large databases.
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