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The apoptosis-inducing activity data of a series of
4-aryl-4H-chromenes based on three cell lines
(human breast cancer cell line T47D, human non-
smal cell lung cancer cell line H1299, and human
colorectal cancer cell line DLD-1) have been sub-
jected to quantitative structure–activity relation-
ship (QSAR) analysis. A collection of chemometrics
methods including multiple linear regression
(MLR), factor analysis–based multiple linear regres-
sion (FA-MLR), principal component regression
(PCR), and partial least squared combined with
genetic algorithm for variable selection (GA-PLS)
were employed to make connections between
structural parameters and induction of apoptosis
in three different cell lines. Models of high statisti-
cal qualities were obtained for each cell line using
GA-PLS method. The results revealed that 2D auto-
correlation descriptors and dipole moments as a
quantum chemical parameter are important struc-
tural parameters that significantly influence the
activity in all three types of cell lines. However, the
determinant descriptors for activity of compounds
in H1299 cell line were partly different from the
two other cell lines, which might be deduce that
the studied compounds induce apoptosis through a
different mechanism of action.
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Apoptosis, or programmed cell death, is central to a number of
physiological processes and is essential for animal development as

well as tissue homeostasis (1,2). Two major mechanisms are
involved in the induction of apoptosis: agents that activate a family
of death receptors leading to the activation of the apoptotic cas-
cade and agents that trigger the release of cytochrome C from
mitochondria followed by apoptosis. Both mechanisms lead to the
activation of caspase, a group of cysteine proteases, which carry
out the cleavage of both structural and functional elements of the
cell (3). This results in morphological changes such as cellular
shrinkage, chromatin condensation, membrane blebbing, and frag-
mentation in to membrane-enclosed vesicles (4). Excessive apopto-
sis is responsible, at least in part, for a variety of diseases, for
example, liver disease, brain ischemia, myocardial infarction, Hun-
tington's disease, and Alzheimer's disease (5).

It has been determined that many of the clinically useful cytotoxic
agents induce apoptosis in cancer cells (6,7). The pro-apoptotic
chemotherapeutic agents that target tubulin such as taxanes and
vinca derivatives are examples of these agents (8,9). Compounds
that induce apoptosis in cancer cells by targeting the clinically val-
idated tubulin ⁄ microtubule system, while retaining activity in multi-
drug-resistant tumors, have the potential to offer new treatment
options in the field of oncology (10–12). The 4-aryl-4H-chromenes
were found to be a promising series of novel apoptosis inducers
that could be developed into new therapeutic anticancer agents
(4).

QSAR models are mathematical equations relating chemical struc-
ture to their biological activity. They give information that is useful
for drug design and medicinal chemistry (13–15). A major step in
constructing the QSAR model is to find a set of molecular descrip-
tors representing the higher impact on the biological activity of
interest (16–19). There are different variable selection methods
available for such a task including principal component or factor
analysis (PCA ⁄ FA), genetic algorithm, and so on (17–19).

According to the best of our knowledge, only four attempts have
been made to build QSAR models in the general field of apoptosis.
Hansch et al. (20) presented a QSAR model to study the apoptosis
including activities of simple phenols, estradiol, bisphenol A, and di-
ethylstilbesterol on L1210 leukemia cells, and later they presented
a QSAR model for investigation of apoptosis induction in various
cancer cells (21). Selassie et al. (22) investigated the apoptosis-
inducting effect of 51 substituted caspase-mediated phenols in a
murine leukemia cell line (L1210). They determined the concentra-
tion needed to induce caspase activity by 50% (IC50) and utilized
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those data to develop a QSAR model using steric terms and hydro-
phobic character of the substituents on the phenolic ring.

Kemnitzer et al. (4) found 4-aryl-4H-chromenes to be a promising
series of novel apoptosis inducers that could be used to develop
new therapeutic anticancer agents. In the recent work, Afantitis
et al. developed a linear QSAR model using seven descriptors for
prediction of apoptosis induction for the 43 4-aryl-4H-chromenes.
The best global model after rejecting one compound in their model
yields produced the correlation coefficients (R) of 0.806, root-mean-
square error of 0.222, and Q2 of 0.678 for training set (23). Fatemi
et al. used support vector machine for QSAR study of these com-
pounds, and they found that GA-SVM model was much better than
other models. The root-mean-square errors of the training set and
the test set for GA–SVM model are 0.181 and 0.241, and the corre-
lation coefficients were 0.950 and 0.924, respectively, and the
obtained statistical parameters of cross-validation test on GA–SVM
model were Q2 = 0.71 and SPRESS = 0.345 (24).

In present study, we explore QSAR models simultaneously for the
apoptosis-induced activity of 4-aryl-4-H-chromene derivatives on three
cancer cell lines (i.e., human breast cancer cell line T47D, human non-
small cell lung cancer cell line H1299, and human colorectal cancer
cell line DLD-1). Therefore; we suggest different parameters for differ-
ent cell lines and propose linear models by using chemometrics tools
that include applicable parameters for drug design.

Material and Methods

Data set
The biological data used in this study are apoptosis inducers of a
series of 4-aryl-4H-chromenes, which were synthesized and evalu-
ated for their ability to induce apoptosis by Kemnitzer et al. (25).
The structural features and biological activity of these compounds
are listed in Table 1. The specific apoptotic activities of these com-
pounds were expressed as the effective concentration, which
causes 50% reduction in cell growth (EC50). The biological data
were converted to logarithmic scale (pEC50) and then used for sub-
sequent QSAR analysis as dependent variables. The data set
(n = 38) was divided randomly into two groups: calibration set
(n = 28) and prediction set (n = 10).

Descriptor generation
The chemical structure of molecules was constructed using Hyper-
chem package (Version 7; Hypercube Inc., Gainesville, FL, USA). The
Z-matrices of the structures were provided by the software and were
then transferred to the GAUSSIAN 98 program.a Complete geometry
optimization was performed taking the most extended conformations
as starting geometries. Semiempirical molecular orbital calculations
(AM1) of the structures were performed using GAUSSIAN 98 program.

A large number of molecular descriptors were calculated using
HyperChem, GAUSSIAN 98, and Dragonb Packages. GAUSSIAN 98 was
employed for calculation of different quantum chemical descriptors
including dipole moment (DM), local charges, HOMO and LUMO
energies, hardness (g), softness (S), electronegativity (v), and elec-

trophilicity (x) (26). Dragon software calculated different functional
groups, topological, geometrical, and constitutional descriptors for
each molecule, and some chemical parameters including molecular
volume (MV), molecular surface area (SA), hydrophobicity (logP), and
hydration energy (HE) were calculated using Hyperchem software.
Classical substituent constants including hydrophobic constant (p),
the Hammet electronic constants (r), the Taft field effect (FI), reso-
nance (RS) substituent, and steric (molar refractivity MR and STERI-
MOL) constants were also used as descriptor in this study (27). A
brief description of the descriptors used in this study is represented
in Tables 2.

Data processing and modeling
The calculated descriptors were collected in a data matrix, D. First
the descriptors were checked for constant or near-constant values
and those detected were removed from the original data matrix.
Then, the correlation of descriptors with each others and with the
activity data was determined. Among the collinear descriptors
detected (r > 0.9), one of them that had the highest correlation with
activity was retained, and the rest were omitted. In model develop-
ment step, leave-one-out cross-validation was used to optimize the
models (e.g., selection of variables or no. of principal components).
The final models were validated using a set of 10 molecules in the
test set, which did not contribute to the model development.

For the development of QSAR equations, four different methods
were used: (i) stepwise multiple linear regression (MLR), (ii) with
factor analysis as the data preprocessing step for variable selection
(FA-MLR), (iii) principal component regression analysis (PCRA), and
(iv) genetic algorithm–partial least squares (GA-PLS). These methods
are well documented in the QSAR and chemometric literature, and
so herein, these are described in brief.

In stepwise regression (28), a multiple-term linear equation was
built step by step. The basic procedures involve (i) identifying an
initial model, (ii) iteratively 'stepping', that is, repeatedly altering
the model at the previous step by adding or removing a predictor
variable in accordance with the 'stepping criteria' (in our case, prob-
ability of F = 0.05 for inclusion; probability of F = 0.1 for exclusion
for the forward selection method), and (iii) terminating the search
when stepping is no longer possible given the stepping criteria, or
when a specified maximum number of steps have been reached.
Specifically, at each step, all variables are reviewed and evaluated
to determine which one will contribute most to the equation. That
variable will then be included in the model, and the process starts
again. A limitation of the stepwise regression search approach is
that it presumes there is a single 'best' subset of X variables and
seeks to identify it. There is often no unique 'best' subset, and all
possible regression models with a similar number of X variables as
in the stepwise regression solution should be fitted subsequently to
study whether some other subsets of X variables might be better
(29). In present study, MLR with stepwise selection and elimination
of variables was applied for developing QSAR models using SPSS

software (version 11.5; SPSS Inc., IBM, Chicago, IL, USA). The
resulted models were validated by leave-one-out cross-validation
procedure (using MATLAB software) to check their predictivity and
robustness.
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Table 1: Chemical structure of the 4-aryl-4H-chromenes used in this study and their experimental and cross-validated predicted activity (by
GA-PLS) for apoptosis-inducing activity

ON

R

NH2

CN

Compound R

T47D H1299 DLD-1

Experimental
pEC50

Predicted
pEC50

Residual Experimental
pEC50

Predicted
pEC50

Residual Experimental
pEC50

Predicted
pEC50 Residual

C1

O
O

O
7.136 7.0654 )0.0706 7.031 7.1273 0.0963 7.08 6.9528 )0.1272

C2

O
O

O

7.346 7.299 )0.0467 6.939 6.9219 )0.0171 6.991 6.7896 )0.2014

C3

Br
O

O

7.721 7.5836 )0.1374 7.366 7.0691 )0.2969 7.18 7.08 )0.1

C4

Cl

O

O

7.744 7.367 )0.377 7.443 7.0895 )0.3535 7.187 6.943 )0.244

C5

I

O

O
7.744 7.6213 )0.1227 7.468 7.4607 )0.0073 7.193 7.0397 )0.1533

C6
Br

O
O

6.61 6.5973 )0.0127 6.122 5.8547 )0.2673 6.533 6.4957 )0.0373

C7

BrO
OH 7.38 7.4191 0.0391 6.841 7.1177 0.2767 7.193 7.4413 0.2483

C8
O

O

O

5.5 5.7328 0.2328 5.427 5.2648 )0.1622 5.293 5.2136 )0.0794
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Table 1: (Continued)

Compound R

T47D H1299 DLD-1

Experimental
pEC50

Predicted
pEC50

Residual Experimental
pEC50

Predicted
pEC50

Residual Experimental
pEC50

Predicted
pEC50 Residual

C9 O

O

O

5.752 6.0411 0.2891 5.64 5.8446 0.2046 5.489 5.8862 0.3972

C10 O

Br

O

5.578 5.7537 0.1757 5.472 5.5885 0.1165 5.385 5.1696 )0.2154

C11 OO 7.638 7.0716 )0.5664 7.136 6.9833 )0.1527 7.113 6.9259 )0.1871

C12
BrO 7.508 7.3882 )0.1198 7.2 7.3485 0.1485 6.903 7.3054 0.4024

C13 ClCl 7.119 7.3027 0.1837 6.632 6.7513 0.1193 6.616 6.8969 0.2809

C14
O

O

6.596 6.9162 0.3202 6.292 6.4538 0.1618 6.459 6.5441 0.0851

C15

O

O

5.991 5.9474 )0.0436 5.671 5.8981 0.2271 5.896 5.9421 0.0461

C16
Br

7.193 7.0969 )0.0961 4.472 – – 7.06 6.9784 )0.0816

C17 O 7.187 6.7411 )0.4459 6.698 6.8204 0.1224 7.091 6.8665 )0.2245
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Table 1: (Continued)

Compound R

T47D H1299 DLD-1

Experimental
pEC50

Predicted
pEC50

Residual Experimental
pEC50

Predicted
pEC50

Residual Experimental
pEC50

Predicted
pEC50 Residual

C18
CN

7.2 7.178 )0.022 6.667 6.6728 0.0058 7.086 6.8986 )0.1874

C19
F

7.091 6.7292 )0.3618 6.517 6.3702 )0.1468 6.889 6.4367 )0.4523

C20
Cl

6.95 6.8439 )0.1061 6.289 6.4364 0.1474 6.801 6.6767 )0.1243

C21 CH3 6.872 7.1699 0.2979 6.376 6.5732 0.1972 6.774 6.9789 0.2049

C22
OH 6.565 6.7097 0.1447 6.018 5.9565 )0.0615 6.274 6.5842 0.3102

C23 OCF3 6.346 6.4537 0.1077 5.943 6.0716 0.1286 6.34 6.298 )0.042

C24 O Ph
5.598 5.5354 )0.0626 5.448 5.3569 )0.0911 5.319 5.1819 )0.1371

C25 6.928 6.6323 )0.2957 6.557 6.6034 0.0464 6.772 6.439 )0.333

C26
O

5.795 6.1161 0.3211 5.698 5.818 0.12 5.585 5.9971 0.4121
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Table 1: (Continued)

Compound R

T47D H1299 DLD-1

Experimental
pEC50

Predicted
pEC50

Residual Experimental
pEC50

Predicted
pEC50

Residual Experimental
pEC50

Predicted
pEC50 Residual

C27

O

6.552 6.3039 )0.2481 6.251 5.8704 )0.3806 6.481 6.4139 )0.0671

C28
N

7.167 6.8159 )0.3511 6.809 6.6198 )0.1892 6.91 6.6342 )0.2758

C29

N

6.332 6.251 )0.081 5.844 5.9089 0.0649 6.018 6.21 0.192

C30 N 6.419 6.7785 0.3595 6.068 6.3917 0.3237 6.107 6.4808 0.3738

C31
N

Br 7.481 7.5441 0.0631 7.337 7.2959 )0.0411 7.585 7.6604 0.0754

C32
N

CH3 7.958 7.563 )0.395 7.568 7.3573 )0.2107 7.744 7.4584 )0.2856

C33

N

CH3 6.612 6.3531 )0.2589 6.206 5.8834 )0.3226 6.358 6.2593 )0.0987

C34 6.537 6.5056 )0.0314 6.269 6.1086 )0.1604 6.464 6.43 )0.034

C35 6.366 6.9343 0.5683 5.966 5.9613 )0.0047 6.229 6.6374 0.4084
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In the case of FA-MLR, although classical approach of multiple
regression technique was used as the final statistical tool for devel-
oping QSAR relation, factor analysis (FA) (30,31) was used as the
data-preprocessing step to identify the important predictor variables
contributing to the response variable and to avoid collinearities
among them. In a typical factor analysis procedure, the data matrix
is first standardized, and correlation matrix is constructed. An
eigenvalue problem is then solved and the factor pattern can be
obtained from the corresponding eigenvectors. The principal objec-
tives of factor analysis are to display multidimensional data in a

space of lower dimensionality with minimum loss of information
(explaining >78% of the variance of the data matrix) and to extract
the basic features behind the data with ultimate goal of interpreta-
tion ⁄ or prediction. Factor analysis was performed on the data set
containing biological activity and all descriptor variables, which
were to be considered. The factors were extracted by principal
component method and then rotated by VARIMAX rotation (32).

Along with FA-MLR, PCRA was also tried for the data set. In this
method (33), factor scores (as obtained from FA) are used as the

Table 1: (Continued)

Compound R

T47D H1299 DLD-1

Experimental
pEC50

Predicted
pEC50

Residual Experimental
pEC50

Predicted
pEC50

Residual Experimental
pEC50

Predicted
pEC50 Residual

C36

N

5.739 5.817 0.078 5.651 5.9881 0.3371 5.562 5.8342 0.2722

C37
S

6.698 7.2788 0.5808 6.522 6.5578 0.0358 6.568 6.3432 )0.2248

C38

S

Br
6.823 6.9267 0.1037 6.619 6.6007 )0.0183 6.795 6.5991 )0.1959

Table 2: Brief description of some descriptors used in this study

Descriptor type Molecular description

Constitutional Molecular weight, no. of atoms, no. of non-H atoms, no. of bonds, no. of heteroatoms, no. of multiple bonds (nBM), no. of aromatic
bonds, no. of functional groups (hydroxy, amine, aldehyde, carbonyl, nitro, nitroso, …), no. of rings, no. of circuits, no of H-bond
donors, no of H-bond acceptors, no. of nitrogen atoms (nN), chemical composition, some of Kier-Hall electrotopological states (Ss),
mean atomic polarizability (Mp), number of rotable bonds (RBN), mean atomic sanderson electronegativity (Me)

Topological indices Molecular size index, molecular connectivity indices (X1A, X2v, X2Av, X3Av, X4Av), information content index (IC), Kier shape indices,
total walk count, path ⁄ walk-Randic shape indices, Zagreb indices, Schultz indices, Balaban J index (such as MSD), Wiener indices,
topological charge indices, sum of topological distances between F..F (T(F..F), ratio of multiple path count to path count (PCR),
mean information content vertex degree magnitude (IVDM), eigenvalue sum of Z-weighted distance matrix (SEigZ), reciprocal
hyperdetour index (Rww), and eigenvalue coefficient sum from adjacency matrix (VEA1)

Geometrical 3D Petijean shape index (PJI3), Balaban index, Wiener index, and Gravitational index (G1).
Quantum Highest occupied molecular orbital energy (HOMO), lowest unoccupied molecular orbital energy (LUMO), most positive charge

(MPC), least negative charge (LNC), sum of squares of charges (SSC), sum of square of positive charges (SSPC), sum of square
of negative charges (SSNC), sum of absolute of charges (SAC), total dipole moment (DMt), molecular dipole moment at X-direction
(DMX), molecular dipole moment at Y-direction (DMY), molecular dipole moment at Z-direction (DMZ), electronegativity (v = )0.5
(HOMO-LUMO)), electrophilicity (x = v2 ⁄ 2g), hardness [g = 0.5 (HOMO+LUMO)], and softness (S = 1 ⁄ g)

Functional group Number of total tertiary carbons (nCt), number of H-bond acceptor atoms (nHAcc), number of total hydroxyl groups (nOH), number
of unsubstituted aromatic C(nCaH), and number of ethers (aromatic) (nRORPh)

Chemical descriptors LogP, hydration energy (HE), polarizability (Pol), molar refractivity (MR), molecular volume (V), and molecular surface area (SA)

Khoshneviszadeh et al.
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predictor variables. PCRA has an advantage that collinearities
among X variables are not a disturbing factor and that the number
of variables included in the analysis may exceed the number of
observations (34). In PCRA, all descriptors are assumed to be impor-
tant, while the aim of factor analysis is to identify relevant descrip-
tors.

A genetic algorithm is a problem-solving method that uses genetic
rules such as reproduction, cross-over, and mutation to build pseudo
organisms that are then selected, on the basis of a fitness criterion
to survive and pass information on to the next generation (34). To
select the most relevant set of descriptors, evolution of population
was simulated (35–37).

PLS is a generalization of regression, which can handle data with
strongly correlated and ⁄ or numerous X variables (37). It gives
reduced solution, which is statistically more robust than MLR. The
linear PLS model finds 'new variables' (latent variables or X scores)
that are linear combination of the original variables. To avoid over-
fitting, a strict test for the significance of each consecutive PLS
component is necessary and then stopping when the components
are non-significant. Cross-validation is a practical and reliable
method of testing this significance (36). Application of PLS thus
allows the construction of larger QSAR equations while still avoid-
ing overfitting and eliminating most variables. PLS is normally used
in combination with cross-validation to obtain the optimum number
of components (37,38). In the GA-PLS procedure, in addition to the
best set of descriptor, the optimum number of latent variable must
be determined. Here, for each subset of descriptors (i.e., for each
chromosome of the GA), a PLS model was developed separately
and consequently the number of latent variables was optimized.
The PLS regression method used was the NIPALS-based algorithm
existed in the chemometrics toolbox of MATLAB software (version
6.5; Math work Inc., Natick, MA, USA). Leave-one-out cross-valida-
tion procedure was used to obtain the optimum number of factors
based on the Haaland and Thomas F-ration criterion as it was per-
formed in our previous article (39). The MATLAB PLS toolbox devel-
oped by eigenvector company was used for PLS and GA modeling.
All calculations were run on a Pentium IV personal computer (CPU
at 2.6 MB) with Windows XP operating system.

Variable importance in the projection
To investigate the relative importance of the variable appeared in
the final model obtained by GA-PLS method, variable important in
projection (VIP) was employed (40). VIP values reflect the impor-
tance of terms in PLS model. VIP is sum over all model dimensions
of the contributions variable influence (VIN). For a given PLS dimen-
sion, A (VIN)ak2 is equal to the squared PLS weight (wak)

2 of that
term, multiplied by the explained SS of that PLS dimension (41).

Y-randomization test
This technique ensures the robustness of a QSAR model. For each
created models, the dependent variable vector pIC50 is randomly
shuffled, and a new QSAR model is developed using the original
independent variable matrix. The new QSAR models (after several
repetitions) are expected to have low R2 and Q2 values. If the oppo-

site happens, then an acceptable QSAR model cannot be obtained
for the specific modeling method and data (23).

Applicability domain
The utility of a QSAR model is based on its accurate prediction
ability for new compounds. A model is valid only within its training
domain, and new compounds must be assessed as belonging to the
domain before the model is applied. The applicability domain is
assessed by the leverage values for each compound. A Williams
plot (the plot of standardized residuals versus leverage values (h))
can then be used for an immediate and simple graphical detection
of both the response outliers (Y outliers) and structurally influential
chemicals (X outliers) in the model. In this plot, the applicability
domain is established inside a squared area within €x (standard
deviations) and a leverage threshold h*. The threshold h* is gener-
ally fixed at 3(k + 1) ⁄ n (n is the number of training set compounds,
and k is the number of model parameters), whereas x = 2 or 3. Pre-
diction must be considered unreliable for compounds with a high
leverage value (h > h*). On the other hand, when the leverage
value of a compound is lower than the threshold value, the proba-
bility of accordance between predicted and observed values is as
high as that for the training set compounds (42).

Results and Discussion

The structural feature and the experimental apoptosis-inducing
activity (represented as pEC50) of the molecules used in this study
are shown in Table 1. SAR studies of the 4th position of the 4-H-
chromenes showed that substituted phenyl and pyridyl are the pre-
ferred group. These groups include 3,4,5-trisubstituted phenyl, such
as 3-bromo-4,5-dimethoxyphenyl (C3, MX58151), 3-chloro-4,5-di-
methoxyphenyl (C4), and 3-iodo-4,5-dimethoxyphenyl (C5), as well
as 5-substituted-3-pyridyl, such as 5-bromo-3-pyridyl (C31) and
5-methyl-3-pyridyl (C32). Compounds C3 and C32 are about as
potent as or slightly more potent than colchicine, vinblastin, and
paclitaxel in the caspase activation assay. In this article, we per-
formed a detailed QSAR study using a combination of electronic,
chemical, substituent constant, and Free-Wilson analysis to explore
structural parameters affecting apoptosis-inducing activity of the
studied compounds at three cancer cell lines. Among the different
chemometrics tools available for modeling the relationship between
the biological activity and molecular descriptors, four methods (i.e.,
stepwise MLR, FA-MLR, PCRA, and GA-PLS) were employed and
compared here. A comparison between stepwise MLR and FA-MLR
will indicate which variable selection method (stepwise or FA) is
well suited for MLR, whereas a comparison between FA-MLR and
PCRA reveals for modeling of the studied biological activities, using
original descriptors selected based on factor loading or using the
factor scores calculated based on all calculated descriptors results
in more suitable model. Finally, GA-PLS, which is assumed to pro-
duce the most convenient model, was applied, and its results were
compared with the other employed models. It should be noted that
there are some other versions of PCR such as GA-PCR and correla-
tion PCR that can be applied. However, we previously did an exten-
sive study on a comparison between different versions of PCR (39),
and thus they are not compared again in this article.
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MLR modeling
Firstly, separate stepwise selection-based MLR analyses were per-
formed using different types of descriptors, and then, a MLR equa-
tion was obtained utilizing the pool of all calculated descriptors. As
there are 28 molecules in the training set and according to the rule
of thumb (the ratio of 5:1 for molecule ⁄ variable ⁄ Toplis ratio), MLR
models with maximum number of variables of 5 were selected. The
results are summarized in Table 3. A small difference between the
conventional and cross-validate correlation coefficients of the differ-
ent MLR equations (Table 3) reveals that none of the models are
overfitted, which can be partially attributed to absence of collinear-
ity between the variables in one hand and using of no extra vari-
ables in the other hand. The correlation coefficient (r2) matrix for
the descriptors used in different MLR equations shows that no
significant correlation exists between pairs of descriptors (Tables 4–6).

Equation (1) was obtained for T47D cell line (human breast cancer
cell line). Stepwise selection and elimination of variables produced
a five-parametric QSAR equation, having moderate statistical quality
(R2 = 0.76, SE = 0.365, Q2 = 0.710, RMSCV = 0.512 and
R2

pred = 0.66). The selected variables demonstrate that quantum
(DMY), geometrical (PJI3), 2D autocorrelations (GATS8m, GATS3p),
and topological (Balaban indexJY) descriptors affect the apoptosis-
inducing activity of the studied compounds.

When we used the pEC50 of the chomenone derivatives against
H1299 cell line (human nonsmal cell lung cancer) as dependant var-
iable, Eqn (2) was obtained from the pool of the calculated descrip-
tors. This model, which possesses good statistical quality
(R2 = 0.82, SE = 0.27, Q2 = 0.73, RMSCV = 0.220 and R 2

pred = 0.680),
demonstrates that the apoptosis-inducing activity of compounds is
affected by quantum (DMY), topological (X0Av), geometrical (PJI3),
and chemical (AlogP98). It is observed that the types of descriptors
are similar to those obtained for T47D cell line.

The five-parametric QSAR eqn (3) of Table 3 demonstrates the quan-
titative effects of the structural parameters on the apoptosis-induced
activity of the chromenone derivatives on the DLD-1 cell line (human
colorectal cancer cell line). This model, which has high statistical
quality (R2 = 0.81, SE = 0.33, Q2 = 0.69, RMSCV = 0.450, and
R2

pred = 0.631), reveals the significant effects of quantum (LUMO),
topological (X0Av and Balaban indexJX), 2D autocorrelations
(GATS3v), and constitutional (nR06) descriptors on the apoptosis-
inducing activity of compounds. It is again observed that there is a
high similarity between the descriptors used for all studied cell lines.

Free-Wilson analysis
The simple Free-Wilson analysis (FWA) (43) was consider in this
manuscript to indicate which substituents on phenyl ring contribute
to apoptosis-inducing activity and which ones detract from activity.
As it is indicated in Table 1, the selected molecules possess a phe-
nyl ring with different substituents on different position of the ring.
The important substituents such as OMe, F, Br, CN, Cl, OH, and
OCF3 were used in this calculation. Therefore, the descriptors data
matrix build for the FWA has 26 rows (i.e., number of molecules)
and 25 columns (i.e., 11 substituents at four substitution positions
on phenyl ring). The elements of the descriptor data matrix are 1 or
0, which indicate the presence or absence of a given substituent
on a specified position in a molecule, respectively. The following

Table 3: The results of multiple linear regression (MLR) analysis with different type of dependant variables

Cell line MLR equations N R2 SE RMSCV Q2 F

T47D pEC50 = )6.637(€2.327) ) 0.629(€0.156) DMY + 3.138(€1.061) PJI3
+ 19.818 (€4.568) GATS8m + 3.361(€0.839) GATS3p
+ 1.409(€0.493) Balaban indexJY (1)

28 0.76 0.36 0.51 0.71 18.73

H1299 pEC50 = )1.079 (€1.425) ) 0.917 (€0.128)
DMY +8.989(€1.694)X0AV + 3.581(€0.942)PJI3
) 0.228(€0.085)AlogP98 (2)

28 0.84 0.27 0.22 0.73 32.21

DLD)1 pEC50 = 25.522(€8.274) ) 140.263 (€25.696)LUMO+2.677(€0.577)
Balaban indexJX + 4.003 (€1.002)GATS3v + 5.135(€2.115)
X0AV + 0.924 (€0.369) nR06 (3)

28 0.81 0.33 0.45 0.69 20.49

Table 4: Correlation coefficient (R2) matrix for descriptors repre-
sented in multiple linear regression eqn 1

PJI3 GATS8m GATS3p
Balaban
index JY DMY

PJI3 1 0.041 0.168 0.111 )0.144
GATS8m 1 )0.443 0.081 )0.350
GATS3p 1 )0.187 0.015
Balaban index JY 1 )0.105
DMY 1

Table 5: Correlation coefficient (R2) matrix for descriptors repre-
sented in multiple linear regression eqn 2

PJI3 AlogP98 DMY X0AV

PJI3 1 0.001 )0.144 )0.058
AlogP98 1 )0.120 0.214
DMY 1 )0.144
X0AV 1

Table 6: Correlation coefficient (R2) matrix for descriptors repre-
sented in multiple linear regression eqn 3

GATS3v
Balaban
indexJX LUMO X0AV nR06

GATS3v 1 )0.246 )0.245 )0.180 0.025
Balaban indexJX 1 0.131 0.189 )0.476
LUMO 1 )0.194 0.001
X0AV 1 )0.369
nR06 1
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multi-linear equation was found between the activity data (y) and
the Free-Wilson type descriptors data matrix:

For T47D cell line,

pEC50 ¼� 1:155 �0:220ð ÞI6�Methoxy þ 0:598 �0:136ð ÞI5�Methoxy

� 0:671 �0:165ð ÞI3�Hydrogen � 1:373 �0:339ð ÞI6�Boromo

þ 6:951 �0:90ð Þ
ð4Þ

N = 26, R2 = 0.815, SE = 0.326, F = 22.875

For H1299 cell line,

pEC50 ¼� 1:060 �0:224ð ÞI6�Methoxy þ 0:604 �0:140ð ÞI5�Methoxy

� 0:407 �0:183ð ÞI3�Hydrogen � 1:037 �0:340ð ÞI6�Boromo

þ 6:509 �0:094ð Þ
ð5Þ

N = 25, R2 = 0.770, SE = 0.326, F = 17.590

For DLD-1 cell line,

pEC50 ¼� 1:077ð � 0:229ÞI6�Methoxy

þ 0:365ð � 0:142ÞI5�Methoxy � 0:540 ð�0:172Þ I3�Hydrogen

� 1:369 ð�0:353Þ I6�Boromo þ 6:754ð � 0:094Þ
ð6Þ

N = 26, R2 = 0.752, SE = 0.340, F = 16.894

These similar equations indicate that apoptosis-inducing activity of
studied compounds are directly affected by the presence of methoxy
on 5 and 6, Bromo on 6, and hydrogen on 3 position of phenyl ring.
While 5-methoxy substitution represented positive effect on the
activity of the molecules, 6-methoxy, 6-bromo, and 3-hydrogen sub-
stitutions revealed negative effects on the apoptosis-induced activ-
ity. This means that substitution of the 5th position of the phenyl
ring results in higher activity and vice versa. These models mathe-
matically confirm the SAR that was suggested by Sui Xiong Cai
et al. (25) for these series of compounds previously.

FA-MLR and PCRA

T47D cell line
Table S1 shows the first six factor loadings of the variables (after
VARIMAX rotation). As it is observed, about 83.5% of variances in
the original data matrix could be explained by these factors. The
biological activity possesses the highest loading in factor 5 (highly
loaded with PJI3), moderate loading in factor 4 (highly loaded with
SPAN and Balaban index JX), factor 6 (highly loaded with GATS
7p), factor 1 (highly loaded with E1v, Mv and Mp), and poorly
loaded in factor 2 (highly loaded with MATS 6 m, MW, Molecular
area) and factor3 (highly loaded with HOMO and electeronegativity).
According to FA results, the highly loaded descriptors have higher
correlation with the activity, and thus, they are more useful for

describing biological activity. These descriptors were used as a pool
of informative descriptors for generating a new QSAR model for
T47D cell line by stepwise MLR:

pEC50 ¼ 3:979 �1:427ð ÞPJI3þ 1:381 �0:276ð ÞE1m

þ 2:855 �1:338ð ÞGATS3p� 0:378 �0:109ð ÞSPAN

� 8:915 �7:582ð ÞMATS6mþ 7:571 �6:778ð Þ
ð7Þ

N = 28, R2 = 0.728, SE = 0.401, F = 12.781, Q2 = 0.652,
RMScv = 0.433, R 2

pred = 0.620

The statistical quality of eqn 7 is lower than that of the previous
QSAR model of this data set (eqn 1). This is not so surprising, as
eqn 1 was developed based on the source of all calculated descrip-
tors, whereas eqn 7 was generated using a limited number of de-
scriptors that were identified as highly loaded by FA. According to
the investigations of Toplis and coworkers and Livingstone and Salt
(44), as the number of original descriptors for using in stepwise
MLR is increased, the chance of getting models of apparently high
statistical quality is increased.

In another trial, attempt was also made to use factor scores as the
predictor variables to avoid loss of information on selection of rele-
vant molecular descriptors from the set of descriptors, and a model
of higher significance in statistical qualities was obtained:

pEC50 ¼ 0:513ð � 0:041Þ f5� 0:229ð � 0:035Þf4
� 0:187ð � 0:039Þf6þ 0:168ð � 0:039Þf1
þ 6:748ð � 0:037Þ

ð8Þ

N = 28, R2 = 0.89, SE = 0.190, F = 80.212, Q2 = 0.856, RMScv =
0.245, R 2

pred = 0.80

This equation could predict 84.6% of the variance of the biological
activity. The input variables of eqn 8 represent factor scores for the
compounds obtained by application of PCA on the descriptors data
matrix. The loadings associated with the selected factors (see
Table S1) signify the importance of the calculated descriptors; the
highly important ones are highlighted in Table S1. It is observed
that the selected factors of eqn 8 are those factors that are highly
loaded by the selected descriptors of eqn 7.

H1299 cell line
Table S2 shows the first five factor loadings (after VARIMAX rota-
tion) of the variables and the apoptosis-induced activity at this cell
line. As it is observed, about 78.0% of variances in the original
data matrix could be explained by selected five factors. The biologi-
cal activity has the highest loading with factor 3 (highly loaded with
DMY and MATS5p), moderate loading with factor 5 (highly loaded
with PJI3) and factor 4 (highly loaded with nN and nBM), and poor
loading with factor 2 (highly loaded with Me and molecular flexibil-
ity) and factor 1 (highly loaded with G2e, nH, G2p, and MATS3v).
The subsequent MLR equation using highly loaded descriptors is as
follows:
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pEC50 ¼ 6:181ð�1:318Þ � 0:381 �0:167ð ÞDMY

þ 4:388 �1:337ð ÞPJI3� 0:764 �0:179ð ÞnN

� 0:747 �0:200ð ÞGATS7e� 5:533 �1:899ð ÞMATS5p

ð9Þ

N = 28, R2 = 0.773, SE = 0.352, F = 14.979, Q2 = 0.721,
RMScv = 0.371, R 2

pred = 0.697

And that obtained using factor scores is as follows:

pEC50 ¼6:440 �0:039ð Þ � 0:438 �0:040ð Þf3
þ 0:392 �0:040ð Þf5� 0:171 �0:035ð Þf4

ð10Þ

N = 28, R2 = 0.881, SE = 0.208, F = 79.28, Q2 = 0.811,
RMScv = 0.253, R 2

pred = 0.801

Again, it is observed that QSAR equation of factor scores possesses
higher quality than that of highly loaded descriptors. A comparison
between eqns 9 and 10 and the factor loadings of Table 6 indicates
the consistency between the variables selected by eqns 9 and 10.

DLD-1 cell line
Table S3 shows the first five factor loadings (after VARIMAX rota-
tion) of the variables and the apoptosis-induced activity at this cell
line. As it is observed, about 83.6% of variances in the original
data matrix could be explained by the selected five factors. The
apoptosis-inducer activity has the highest loading with factor 1
(highly loaded with LUMO and DY), factor 4 (highly loaded with Bal-
aban index JX, PJI3, and methyl fragment count), and factor 5
(highly loaded with GATS3v), has moderate loading with factor 3
(highly loaded with ARR and X0Av), and has the lowest loading
with factor 2 (highly loaded with SCBO and MV). The subsequent
MLR equation using highly loaded descriptors is as follows:

pEC50 ¼23:783 �10:323ð Þ � 129:478 �30:041ð ÞLUMO

þ 1:849 �0:624ð ÞBalabanindexJX

þ 3:239 �1:430ð ÞGATS3vþ 5:622 �2:301ð ÞX0Av

þ 2:396 �1:339ð ÞPJI3

ð11Þ

N = 28, R2 = 0.774, SE = 0.354, F = 15.064, Q2 = 0.671, RMScv =
0.498 R 2

pred = 0.634

And using factor scores as input variables is as follows:

pEC50 ¼ 6:541 �0:039ð Þ þ 0:412 �0:035ð Þf1þ 0:304 �0:043ð Þf4
þ 0:241 �0:043ð Þf5þ 0:135 �0:035ð Þf3
� 0:142 �0:037ð Þf2

ð12Þ

N = 28, R2 = 0.912, SE = 0.192, F = 61.701, Q2 = 0.875, RMScv =
0.221 R 2

pred = 0.835

In the same manner as two other cell lines, the QSAR model of
factor scores possesses higher statistical quality. On the other hand,

in the descriptor-based QSAR model of DLD-1 cell line, the LUMO
energy (as an electronic parameter) has been selected as predictor
variable other than the topological and constitutional descriptors,
which means that for apoptosis-inducing activity of the studied
compounds on this cell line, the charge-transfer interaction also
plays significant role.

GA-PLS

T47D cell line
In PLS analysis, the descriptors data matrix is decomposed to
orthogonal matrices, the scores of which are constrained to have
inner relationship with the dependent variables. Therefore; similar
to PCRA, the multicollinearity problem in the descriptors is omitted
by PLS analysis. To find the more convenient set of descriptors in
PLS modeling, genetic algorithm was used. To do so, many different
GA-PLS runs were conducted using different initial set of popula-
tions. Given 28 calibration samples; the leave-one-out cross-valida-
tion procedure was used to find the optimum number of latent
variables for each PLS model. The most convenient GA-PLS model
that resulted in the best fitness contained 12 indices, four of which
were being those obtained by MLR and FA-MLR equations. The PLS
estimate of coefficients for these descriptors are given in Figure 1B.
As it is observed, a combination of topological, quantum chemical,
geometrical, constitutional and 2D autocorrelations descriptors have
been selected by GA-PLS to account for the apoptosis-inducing
activity of 4-aryl-4H-chromenes, whereas the majority of these de-
scriptors are geometrical indices. The resulted GA-PLS model pos-
sessed very high statistical quality (i.e., R2 = 0.89 and Q2 = 0.85).
The predictive ability of the model was measured by application to
10 external test set molecules. The squared correlation coefficient
for prediction was 0.81, and standard error of prediction was 0.27.
The calculated values of pEC50 obtained by PLS model (refined from
cross-validation or external prediction set) are shown in Table 1.
Small values of relative errors (between €6%) confirm the accuracy
of the proposed GA-PLS model for modeling apoptosis-inducing
activity of 4-aryl-4H-chromenes against T47D cell line.

To measure the significance of the 12 selected PLS descriptors, vari-
able importance in projection (VIP) was calculated for each descriptor
(28). According to Erikson et al., X-variables (predictor variables)
could be classified according to their relevance in explaining y (pre-
dicted variable), so that VIP > 1.0 and VIP < 0.8 mean highly or less
influential, respectively, and 0.8 < VIP < 1.0 means moderately influ-
ential (29). The VIP analysis of descriptors used as input variable of
the PLS equation (shown in Figure 2B) shows that geometrical
parameter such as (PJI3), 2D correlation parameter (GATS3p and
MATS7m), and constitutional parameter (Molecular density) are the
most important indices on QSAR equation derived by PLS analysis. In
addition, DM has also been found as highly influential parameters.

H1299 cell line
The most convenient GA-PLS model of the apoptosis-induced activ-
ity against H1299 cell line contained 14 indices, three of which
were being obtained by MLR and FA-MLR equations. The PLS esti-
mate of coefficients for these descriptors are given in Figure 1A.
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As it is observed, a combination of topological, quantum chemical,
geometrical, constitutional and 2D autocorrelations descriptors have
been selected by GA-PLS to account for the apoptosis-inducing
activity of 4-aryl-4H-chromenes, whereas the majority of these de-
scriptors are 2D autocorrelation indices. The resulted GA-PLS model
possessed high statistical quality (i.e., R2 = 0.86 and Q2 = 0.81).
The predictive ability of the model was measured by application to
10 external test set molecules. The squared correlation coefficient
for prediction was 0.82, and standard error of prediction was 0.56.
The values of pEC50 using PLS model (refined from cross-validation
or external prediction set) are shown in Table 1. The small values
of relative errors (between €5%) confirm the accuracy of the pro-
posed GA-PLS model for modeling apoptosis-inducing activity of 4-
aryl-4H-chromenes against H1299 cell line. The VIP analysis of PLS
equation (shown in Figure 2A) suggests that among the selected
descriptors, 2D correlation parameters (ATS1m, MATS6m, MATS7m,
MTS8v, GATS3p), Balaban J index, and DY are impotent influential
descriptors.

DLD-1 cell line
The most convenient GA-PLS model of DLD-1 cell line used 15 input
variables, among which three descriptors were being obtained by

MLR and FA-MLR equations. The PLS estimate of coefficients for
these descriptors are given in Figure 1C. As it is observed, a combi-
nation of topological, quantum chemical, geometrical and constitu-
tional and 2D autocorrelations descriptors have been selected by
GA-PLS to account for the apoptosis-inducing activity of 4-aryl-4H-
chromenes, whereas the majority of these descriptors are 2D auto-
correlations indices. The resulted GA-PLS model possessed very
high statistical quality R2 = 0.91 and Q2 = 0.87. The predictive abil-
ity of the model was measured by application to 10 external test
set molecules. The squared correlation coefficient for prediction
was 0.85, and standard error of prediction was 0.78. The small val-
ues of relative errors (between €7%) confirm the accuracy of the
proposed GA-PLS model for modeling apoptosis-inducing activity of
4-aryl-4H-chromenes. The VIP analysis of PLS equation (shown in
Figure 2C) implies that molecular density, PJI3, MATS7m, GATS3p,
and DMY are influential variable.

All of the generated models were further validated by applying the
Y-randomization test. Several random shuffles of the Y vector were
performed and the results are shown in Table S4. The low R2 and
Q2 values indicate that the good results in our original model are
not because of a chance correlation or structural dependency of the
training set.

A

B

C

Figure 1: Variables important
in the project (VIP) of the selected
variables by GA-PLS model for
quantitative structure–activity rela-
tionship model of different cell
lines: (A) H1299, (B) DLD1, and (C)
T47d.
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Applicability domain
On analyzing the model applicability domain (AD) in the Williams
plot (Figure 3) of the GA-PLS model based on the whole data set, in
three cell lines appeared that none of the compounds were identi-
fied as an obvious outlier for the apoptosis-inducing activity if the
limit of normal values for the Y outliers (response outliers) was set
as 2.5 times of the standard deviation units. None of the compounds
was found to have leverage (h) values greater than the threshold
leverages (h*). For both the training set and test set, the suggested
model matches the high quality parameters with good fitting power
and the capability of assessing external data. Furthermore, almost
all of the compounds in three cell lines were within the applicability
domain of the proposed model and were evaluated correctly.

Comparing and describing the models of
different cell lines
The important descriptors selected by GA-PLS model for each cell
line that could be used for designing new active compounds are
listed in Table S5 and are represented as On–Off in Table S6. From
these data, one can have a quick snapshot on the similarity of cell

line based on the selected descriptors. The numbers of common de-
scriptors in the QSAR models of cell line pairs of H1299-T47D,
H1299-DLD-1, and T47D-DLD-1 are 4, 6, and 10, respectively. As
the QSAR models of T47D and DLD-1 cell lines share the most
number of descriptors, one can conclude that these cell lines induce
apoptosis through similar mechanism. On the other hand, the QSAR
model of H1299 cell line shares the lowest number of descriptors
with the QSAR models of two other cell lines suggesting that this
cell line probably induces the apoptosis in a different mechanism. It
should be noted that the descriptors were correlated with EC50 val-
ues, which is not directly connected to a targeted protein (caspase,
XIAP, tubulin, …) like it would have been performed with Kd values
or IC50. The other phenomena like diffusion, excretion, absorption,
adsorption, ionizations, and ⁄ or compounds transportations may
explain the variation in the recorded variations of descriptors in the
QSAR models. Thus, similarity or dissimilarity in the mechanism of
action of the cell line may refer to each one or a collection of
these phenomena.

Quantitative description of the selected descriptors of different cell
lines by comparing the compounds of the data sets may be inter-

A

B

C

Figure 2: Regression coefficients
of the selected variables by GA-PLS
model for quantitative structure–
activity relationship model of differ-
ent cell lines: (A) H1299, (B) DLD1,
and (C) T47d.
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esting. For example, compounds C32 and C33, differing only by a
nitrogen position, show big variations of activity. The values of the
descriptors of the GA-PLS models are shown in the Appendix S1. A
comparison between those of C32 and C33 reveals that (e.g., for
H1299) these compounds possess the same or similar values for all
descriptors except MATS8v, GATS3p, and DMY, among which DMY

is different significantly for these compounds (DMY of C33 is more
than five times of DMY of C32). This suggests that by changing
the nitrogen position of methylpyridinium substitution, the DM of
the molecules is varied significantly. The compound C33, which
represents lower activity with respect to C32 for all cell lines, pos-
sesses larger values for DMY. From Figure 2, one can observe that
the coefficient of DMY is negative, which implies that more polar
compounds possess lower activity. Thus, the lower activity of C33

with respect to C32 can be attributed mainly to the higher polarity
of this compound. Similar trends are observed for two other cell
lines.

In contrast, the compounds C27, C28, and C29, also differing in
the position of pyridinium nitrogen, are possessing similar activity.
It is observed from the Table of descriptors values shown in the
Appendix S1 that these compounds are also different in DMY. How-
ever, besides DMY, the compounds possess different MATS8v val-
ues. The coefficient of both descriptors is negative, and thus their
effect on activity is the same. Interestingly, the DMY and MATS8v
values of the mentioned compounds are reverse in sign (e.g., Dy of
C27 and C28 is positive, whereas these compounds have negative
MATS8v). Thus, these two descriptors cancel out their effect on the
induced apoptosis activity. Thus, contrary to the compounds C32

and C33, the compounds C27, C28, and C29 possess similar
activity, although they are differing in DMY.

Concluding Remarks

Comparison between the results obtained by GA-PLS and the other
employed regression methods indicates higher accuracy of this
method for describing the apoptosis-inducing activity of 4-aryl-4H-
chromenes. Difference in accuracy of the different regression meth-
ods used in this study is visualized in Figure 4 by plotting the pre-
dicted activity (by cross-validation) against the experimental values.
Obviously, all linear models represent scattering of data around a
straight line with slope and intercept close to one and zero, respec-
tively. However, the plot of data resulted by GA-PLS represents the
lowest scattering and that obtained by MLR analysis is in the sec-
ond order of accuracy.

The statistical parameters of the four different chemometrics meth-
ods used in this study are represented in Table 7. Some models
represent high goodness of fit (measured by R2), whereas that
obtained by GA-PLS is significantly better than that of the other
models. The cross-validation statistics reported in Table 6 suggest
the higher prediction ability of the GA-PLS model. This can be
attributed to the use of high number of descriptors by GA-PLS with
respect to the MLR. However, in the presence of the large number
of input variables, model interpretation will be difficult. On the
other hand, although the prediction ability of the MLR and FA-MLR
are lower than that of PLS, they can describe the ligand–receptor

A

B

C

Figure 3: Williams plot for the training set and external predic-
tion set for apoptosis-inducing activity of 4-aryl-4-H-chromenes deriv-
atives for different cell lines: (A) H1299, (B) DLD1, and (C) T47d.
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interaction in a more straightforward manner. Thus, choosing the
appropriate model may rely on the purpose of QSAR study that is
descriptive or predictive. In the former, it is better to use MLR
method, and for the prediction purpose, the use of GA-PLS is the
better choice. It is clearly understood that 2D autocorrelation de-
scriptors such as MATS7m, GATS3p, MATS6m, MATS8v, GATS8m,
and quantum chemical parameter (DMY) are important structural
parameters that significantly influence the activity in all three types
of cell lines. The 2D autocorrelation descriptors explain how the
values of certain functions, at intervals equal to the lag, are corre-

lated. The 2D autocorrelation descriptors represent the topological
structure of the compounds, but are more complex in nature when
compared to the classical topological descriptors. The computation
of these descriptors involves the summations of different autocorre-
lation functions corresponding to different structural lags and leads
to different autocorrelation vectors corresponding to the lengths of
the substructural fragments. Basically, the pool of 2D autocorrela-
tion descriptors defines a wide 2D space. On behalf of a greater
applicability, physicochemical properties (atomic masses, atomic van
der Waals volumes, atomic Sanderson electronegativities, and
atomic polarizabilities) were inserted as weighting components. As
a result, these descriptors address the topology of the structure or
parts thereof in association with a specific physicochemical prop-
erty. Bearing in mind this aspect, the interpretation of 2D autocorre-
lation descriptors was uneasy. However, the determinant descriptors
for activity of compounds in H1299 cell line are partly differing from
the two other cell lines.
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