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Development of Predictive in Silico Cytotoxic Activity Model
to Predict the Cytotoxicity of a Diverse Set of Colchicine
Binding Site Inhibitors
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Abstract

Microtubule-targeting agents often have limitations to the development of resistance. Colchicine binding site (CBS)
agents have several advantages compared with other tubulin inhibitors. Numerous medications in this class are less
susceptible to multidrug resistance that restricts the viability of different inhibitors. In the present study, molecules that
bind to the CBS of tubulin are collected from PubMed literature against the A549 cancer cell line. Regression models
were established between the descriptor and IC, value of all the compounds present in the training set based on
significant molecular fingerprints using multiple linear regression (MLR). Fifteen most significant descriptors selected
include Burden modified eigenvalue descriptors, PaDEL-weighted path descriptor, autocorrelation descriptor, topo-
logical distance matrix descriptor, MLFER descriptor, Barysz matrix descriptor, chi path cluster descriptor, and validated
using internal and external validation parameters. The selected MLR-GA model has R*=%t¢ = 0.7895, Q° , = 0.76577,
RZpred =0.7419,and R = 0.77373. An applicability domain is also defined so that it defines the chemical space that the
model can predict. The above details suggest a good predictive model for CBS inhibitors that can predict the IC, value
of the unknown chemical compound.

Keywords: IC50, Microtubule, Colchicine, Descriptor, Regression, QSAR

Cite This Article: Kumar Sahu S, Kumar Ojha K, Kumar Singh V. Development of Predictive in Silico Cytotoxic Activity Model
to Predict the Cytotoxicity of a Diverse Set of Colchicine Binding Site Inhibitors. EIMO 2022;6(2):172-181.

n a eukaryotic cell, microtubules play an important role

in the cell cytoskeleton, formed by a- and B-tubulin het-
erodimers in a head-to-tail manner. Moreover, Microtu-
bules also play an essential role in cellular functions, such
as cytoplasmic and intracellular transport of organelle
movement in spindle formation, as well as in the mainte-
nance of cell shape. The dynamic features of a microtu-
bule’s continuous polymerization and depolymerization
determine its function.” The duplicated chromosomes of a
cell are divided into two identical sets during mitosis before
the cell is cleaved into two new daughter cells. Cell cycle
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arrest and apoptosis can be induced by disrupting the mi-
crotubule dynamic equilibrium. As a result, microtubules
have emerged as an important target for anticancer thera-
py. Several drugs have been identified as tubulin inhibitors.
Microtubule-targeting compounds can be separated into
two categories based on their method of action: microtu-
bule-stabilizing agents that increase polymerization and
microtubule-destabilizing agents that inhibit tubulin po-
lymerization.”

Tubulin inhibitors can attach to several sites on the tubulin
heterodimer, the most common of which are the vinca al-




kaloid, taxane, and colchicine binding site (CBS).? In com-
parison to other tubulin inhibitors, microtubule-targeting
agents usually have limitations in developing resistance.
CBS agents, on the other hand, have various advantages.
The CBS is located between the a- and B-tubulin dimers.
4 Colchicine itself is an FDA-approved drug for gout, but
it also has implications for different inflammatory diseas-
es such as familial Mediterranean fever pericarditis and
Behcet’s disease.®™ Many drugs that bind to CBS are less
sensitive to multidrug resistance (MDR), which reduces
the effectiveness of other inhibitors.”! The overexpression
of class Il tubulin, which affects the conformation of the
taxane binding site but does not confer resistance to drugs
that bind to the CBS, is one of the major causes of drug
resistance, suggesting that the CBS may circumvent resis-
tance.? Microtubules are important regulators of endo-
thelial cells and vasculature network formation, and it has
been shown that CBS is an attractive target for a tumor’s
established vasculature.”!

Publications related to CBS inhibitors have increased over
the last decades.?®#'8 Most of the inhibitors were devel-
oped to address conventional MDR in the last few years,
which gives enough data to build a cytotoxic activity mod-
el purely based on known tubulin inhibitors.['

QSAR is the most used chemometrics approach for obtain-
ing data that are useful for drug discovery and medicinal
chemistry. It relates a molecule’s bioactivity to its physical
or chemical properties. Descriptors are numerical values
that represent all of the physical and chemical attributes
stored with the chemical structure. The IC,  value rep-
resents the response or dependent variable in the QSAR
model, whereas these descriptors represent independent
variables. In the literature, there are numerous examples of
QSAR models being successfully used to screen chemicals
for their biological activities.l>-?2

Previously, many QSAR and pharmacophore models
were built to predict the biological activity values of
colchicine binding inhibitors and to analyze the mech-
anism of some particular scaffolds.'®%24 Some models
were developed with noncolchicine binding inhibitors
and are based on a set of compounds with few scaffolds.
8 Thus, there is a need for models based on known col-
chicine binding inhibitors to predict and identify novel
colchicine binding inhibitor molecules, which can give a
more accurate result.

Tian et al. previously built a 3D-QSAR pharmacophore
model using 26 tubulin inhibitors using the HypoGen al-
gorithm; however, there were insufficient data to build
a better QSAR model.”® Similarly, Zhang et al. built a
model employing 116 compounds (e.g., arylthioindoles,
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thiazoles, benzol[blfuran, colchicine, and CA4) as tubulin
inhibitors, but did not specify which binding site they
were targeting, although the binding site plays an essen-
tial role.'® We built a single QSAR model for predicting
the biological activity of heterogeneous compounds that
bind to the CBS because earlier QSAR models used only a
specific scaffold.

Recent QSAR studies have relied on vast, heterogeneous
data sets containing a wide range of structurally varied
molecules. A total of 213 chemicals that bind to tubulin’s
colchicine binding domain were obtained from PubMed
literature, which was tested against the A549 cancer cell
line. Regression models were developed using multiple
linear regression (MLR) based on significant molecular de-
scriptors. Finally, the contribution of several descriptors
was studied, and the best prediction model was chosen by
comparing model measures, model performance, and ac-
curacy as per the Organization for Economic Cooperation
and Development criteria (OECD).

Methods

Figure 1 depicts a flow diagram of the study’s workflow.
This includes a large-scale QSAR model for predicting
and analyzing the inhibitors of the CBS, which was carried
out according to OECD guidelines: (i) a defined endpoint
for the data set; (ii) an unambiguous learning algorithm;
(i) a defined QSAR model applicability domain (AD); (iv)
acceptable goodness of fit, robustness, and productivity
measurements; and (v) a mechanistic interpretation of the
QSAR model.

Figure 1. Workflow of QSAR modeling, in which is as follows: (1) mo-
lecular structures were collected and curated; (2) 2D and 3D optimi-
zation and descriptors generation and assigning plC50 value to the
respective structure; (3) the data set was divided into training and
test set; (4) built model on training set data by deleting highly cor-
related data and selecting signification descriptors; (5) the perfor-
mance of the model is evaluated by R2, Q2, RMSE, and other statisti-
cal parameters; (6)an applicability domain (AD) is defined.
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Data Collection and Activity Evaluation

The publication related to inhibitors of CBS of tubulin in-
creased in the last few years. This gives us the required
data to achieve a predictive QSAR model. A total of 213
colchicine binding inhibitors against the A549 cancer cell
line were collected from the PubMed literature of the last
10 years (Fig. 2). All of these compounds were divided into
three groups, Sublib-I, Sublib-Il, and Sublib-II1,2% based
on the types of molecules. All of the molecules with their
IC, values are presented in Table S1-517, which are avail-
able in supplementary material.

Sublib-I: Combretastatin A4 (CA-4) connecting cis double
bond bridge and two hydrophobic rings. Several deriva-
tives were reported by structural modification of CA-4. All
of the structures with different structural modifications are
represented in the following libraries.

Diaryl-heterocyclic analogues of combretastatin A-4 (Table
S1),  5-(2-chlorophenyl)-4-(4-(3,5-dimethoxyphenyl)pipera-
zine-1-carbonyl)-2H-1,2,3-triazole (MAY) (Table S2), 3-O-acy-
lated derivatives (Table S3), 2-morpholin-4-yl-5-nitro-benzo-
ic acid 4-methylsulfanyl benzyl ester derivatives (Table S4),
2-aryl-4-(3,4,5-trimethoxybenzoyl)-5-substituted-1,2,3-tri-
azoles (Table S5), pyridine-bridged CA-4 analogues (Table S6),
docking-based virtual screening of CA-4 (Table S7), CA-4 is
mediated by metabolic modification of the 3-hydroxy-4-me-
thoxyphenyl's phenolic hydroxyl and ether groups (Table
S$8), diaryl-heterocyclic analogues of CA-4 (Table S9), 3,6-dia-
ryl-7H-[1,2,4] triazolo [3,4-b][1,3,4]thiadiazines (Table S10).

Sublib-1l: Podophyllotoxin is a five-ring system isolated
from the roots and rhizomes. Various podophyllotoxin an-
alogues have recently been developed to find novel anti-
cancer drugs with improved therapeutic efficacy and over-
come medication resistance by structural alteration. These
are represented in the following libraries.

Table S11 represents the podophyllotoxin derivatives hav-
ing C- and E-ring modification and Table S12 represents B-,
C-, and E-ring modified structure.

Figure 2. Graph represents an increment of publication related to colchi-
cine binding inhibitors from the Pubmed literature of the last 10 years.

Sublib-Ill: Other CBS inhibitors (represented in the follow-
ing libraries).

benzo[c]acridinediones  (Table  S13),  N-aryl-6-me-
thoxy-1,2,3,4-tetrahydroquinoline derivatives (Table S14),
2-phenylquinoline-4-carboxamide derivatives (Table S15),
1-indolyl acetate-5-nitroimidazole (Table $16),[1,2,4]tri-
azolo[1,5-a]pyrimidines (Table S17).

Building of Molecular Structures and Descriptor Calculation

All the collected molecules are 2D represented using Mar-
vinSketch (https://chemaxon.com/products/marvin) soft-
ware and are converted to their 3D representation and
optimized geometrically using ChemSketch 3D viewer by
acdlab (https://www.acdlabs.com/). Each of these com-
pounds had associated in vitro cytotoxic activity values
(IC,,values) against the A549 cell line.

Here, we generate all the 2D and 3D descriptors using
PaDEL-Descriptor software including atom-type electro-
topological state descriptors, 2D autocorrelations, WHIM,
Petitjean shape index, and count of chemical substructures
identified by Laggner. File formats were converted to SD
format and saved and exported to PaDEL-Descriptor soft-
ware V2.20, which is an open Source Software available for
the calculation of molecular descriptors and fingerprints. A
set of 1400 molecular descriptors was calculated for all the
213 molecules.

Data Preprocessing and Selection of Significant
Descriptors

The data set is preprocessed, which is the deletion of miss-
ing values. Here, our response value is IC50, but as the unit
of all IC, values is in the micrometer range, we convert IC-
510 pIC, (-log IC50) because higher values indicate expo-
nentially greater potency, so plC_becomes our Y (depen-
dent variable). We use all the other features as our inputs
x (independent variables). The calculated molecular de-
scriptors (x) were normalized by a technique that preserves
range (maximum and minimum) which scales the data, so
every feature sits in the range 0-1.

The selection of relevant descriptors is most important be-
cause the process reduces the number of input descriptors
when developing a predictive model which reduces the
computational cost of modeling and improves the per-
formance of the model. In the first phase, any parameter
that was not calculated (missing value) for any number
of compounds in the data set was rejected. Some of the
descriptors were discarded because all of the compounds
had a zero value (zero tests). To reduce the influence of col-
linearity and eliminate redundancy, a correlation matrix
was created with a cutoff value of 0.9, and variables that
showed exact linear dependencies between subsets of



the variables and multicollinearity were removed from the
analysis (high multiple correlations between subsets of the
variables). A systematic search was performed in the order
of missing value test, zero tests, multi co-linearity, and de-
scriptors were discarded by applying a genetic algorithm
(GA) to select the best significant descriptors toward the
biological activity value.*"! There are numerous examples
in the literature where MLR-GA methods were used suc-
cessfully for the selection of a significant set of descriptors
as powerful search techniques based on the evolution of
biological systems for QSAR modeling.#>*4 GA is a natural
variable selection method that belongs to the class of evo-
lutionary algorithm techniques inspired by natural evolu-
tion. Here, we set the parameters: number of iterations to
100, equation length (number of descriptors) to 15, muta-
tion probability to 0.3, the initial number of equations gen-
erated to 500, and the number of top equations selected in
each equation to 30 based on mean absolute error-based
criteria.

Building and Evaluating the QSAR Regression Model

The development of a model MLR is an approach that
demonstrates a direct link between a dependent variable
Y (IC50) and an independent variable x (descriptors). The
model is fitted to minimize the sum of square discrepancies
between experimental and predicted values of s biologi-
cal activities. The dependent variable (IC50) Y in regression
analysis is dependent on x (descriptors); however, MLR ex-
amination expands this concept to include more than one
variable, and the regression equation comes in the form:

where Y is the dependent variable, bs are standard errors
(SEs) of constant, cs are regression coefficients for corre-
sponding x values (descriptors), and a is a regression con-
stant. In the current work, the models were built with the
simple MLR method with the selected variables from GA
using DTC-QSAR_v1.0.5 (https://dtclab.webs.com/soft-
ware-tools).

The established QSAR models are judged by the statistical
parameters N (humber of substances in regression), K (num-
ber of descriptors), and R? (squared correlation coefficient);
Q? (cross-validated correlation coefficient), pred R? (R? for
external test set), and F-test (Fischer’s value) for statistical
significance. The difference in the experimental activity
of the data set determined by the regression equation is
measured by the regression coefficient R2. A QSAR model
is thought to be predictive if the accompanying conditions
are fulfilled: R2> 0.6, Q* > 0.6, and pred R2> 0.5. The F-test
reflects the proportion of variation clarified by the model,
which varies due to the regression error. The F-test has high
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estimations, indicating that the model is statistically signif-
icant. The model’s overall strength is demonstrated by the
low standard error of projected R?, Q? and pred R

Internal and External Validation of the QSAR Model

The cross-validation technique was used to internally val-
idate the modeled QSAR equation. This method provides
more information regarding the predicted reliability of the
QSAR equation. In this study, the leave-one-out cross-val-
idation technique was used, and the cross-validated Q* ,
was evaluated using the expression:

where Y, is the average observed concentration of the
training set, Y is the observed concentration,andY_, is the
predicted concentration. The squared correlation coeffi-
cient (R2) was calculated to compare the predicted value
obtained by the QSAR equation with the observed concen-
trations from the experiment, but the issue with R?is that
it always increases as we add more features to the mod-
el, even if they are unrelated to the response. Therefore,
choosing the model with the highest R?is not a reliable ap-
proach for choosing the best model. R?adjusted for this is
also defined, and unlike R?, the error predicted by adjusted
R2will begin to increase as model complexity becomes very
high. R?adjusted is defined as

Because of its diagnostic means of evaluating the model’s
predictive power, the cross-validated Q*  value is often
smaller than the R?value of the QSAR model.**!

The best combination of training and test data (i.e,, Compd
ID, descriptor matrix, and response) was fed into the MLR-
plusValidation 1.3 (https://dtclab.webs.com/software-tools)
program, which uses the cross-validation method (leave-
one-out) and test set validation based on model acceptable
criteria to validate the model internally and externally. Gol-
braikh and Tropsha provided the following statistical prop-
erties of the test set for a better QSAR model with strong
predictive powerte!:

Here, R?represents the squared correlation coefficient be-
tween observed and predicted activities, r?° represents the
squared correlation coefficient between predicted and
observed activities, and k and k' represent the regression
slopes passing through the origin.
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Here Y andY are the predicted and observed ac-
pred_test obs_test

tivities of test set compoundsandY, . is the average val-

ues of the training set observed activity compounds.

Development of AD

The AD of the proposed model is defined as the area of
chemical space compound structure and response where
the model can predict accurately. One of the most signif-
icant goals of QSAR modeling is to anticipate the activity
of new chemical compounds that fall inside the AD of the
created model. The accuracy of any QSAR model is de-
pendent on the accuracy of these novel compounds’ pre-
dictions. The AD of a QSAR model specified the chemical
structure space defined by the properties of the molecules
in the training set. In this case, the AD is defined by Roy and
Kar’s basic standardization approach.*” The descriptors of
the training set should ideally follow a normal distribution
pattern. Therefore, according to this, 99.7% of the popula-
tion set remains within 3 standard deviations (SD), and if
the associated standardized descriptors of the compound
are larger than +3 SD, the compound may be an outlier in
the training set or outside AD in the test set.

Mechanistic Interpretation of Feature Importance

Feature importance analysis can assist in identifying fea-
tures that are crucial for bioactivity. The dependency be-
tween the descriptors and the plC, values is defined by the
mutual information (MI) technique using the scikit-learn
python mutual information library.*®# It is equal to zero if
the two variables are independent and a high value means
high dependency.

Results

In silico QSAR analysis selecting descriptors based on the GA,
a multilinear regression model was developed containing 15
optimum descriptors. The final selected MLR-GA model is:

plC, = 11.95784(££0.98072) - 1.5729(x1.25867) SpMin8_
Bhi -1.09622(+0.49337) VR1_DzZ -8.7476(+1.48314) ATS6v
+5.09357(x1.40762) SPC-5 -2.90358(+0.48462) MATS2c
+4.17124(x1.12727) SpMax4_Bhv  -4.23574(+0.61635)
ATSC3e -1.10742(+0.35732) VE3_D +1.42696(+1.71113) Sp-
Min2_Bhs+4.88608(+1.01668) MLFER_L-4.23956(+0.76338)
SpMin5_Bhi+7.67107(+0.70273) WTPT-4 -4.5866(+0.42955)
AATS3e-1.95703(+0.6097) SpMin3_Bhp-0.41569(+1.62157)
SpMin2_Bhm

(N,.,=153,SEE=0.582, R’  =0.77372, RZadjusted =0.7895,
PRESS = 40.30803, F = 27.12717, Q*> , = 0.71863, average

rm? (LOO) = 0.62706, Arm? (LOO) = 0.14376, N, = 57,R* _,

=0.7419,R?,_, = 0.71883),

From the above model, it can be deduced that the 15 most
significant descriptors contained Burden modified eigen-
value descriptor, PaDEL-weighted path descriptor, autocor-
relation descriptor, topological distance matrix descriptor,
MLFER descriptor, Barysz matrix descriptor, and chi path
cluster descriptor. The details are presented in Table 1. The
MI between the descriptors and plIC, defines that all the
values are greater than zero. Higher the value is more de-
pendent that particular feature to pIC_s.

The values of R = 0.77372 and R’ = 0.71883 confirm
the good extrapolation between the training and test sets
of data. Furthermore, the QSAR model is reliable because
of the small variation between R*and Q*_, (<0.5%). Figures
3-6 show a plot of predicted IC, values versus experimen-
tal IC, values, as well as the residual between experimental
and predicted values. All descriptors with their decreasing
order of ranking for dependency toward plIC, are shown in
Figure 7, which indicates that descriptor WTPT-4 shows a
higher dependency for plC50.

Figure 3. Represents the difference between observed and predict-
ed IC50 values of train set compounds.

Figure 4. Represents the difference between observed and predict-
ed IC50 values of test set compounds.
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Table 1. provides a detailed description of the descriptors used in the model. The details about descriptors are taken from the padel descriptor list

Descriptor name Details of descriptors Descriptor type Contribution
SpMin8_Bhi Smallest absolute eigenvalue of Burden Burden modified eigenvalues Negative
modified matrix - n 8 / weighted by relative
first ionization potential
VR1_Dzz Smallest absolute eigenvalue of Burden Barysz matrix Negative
modified matrix - n 3 / weighted by relative
polarizabilities
ATS6v(2D autocorrelations) Smallest absolute eigenvalue of Burden Autocorrelation Negative
modified matrix - n 2 / weighted by
relative mass
SPC-5(2D) Simple path cluster, order 5 Chi path cluster Positive
MATS2c Smallest absolute eigenvalue of Burden Autocorrelation Negative
modified matrix - n 5 / weighted by relative
first ionization potential
SpMax4_Bhv Largest absolute eigenvalue of Burden Burden modified eigenvalues Positive
modified matrix - n 4 / weighted by relative
van der Waals volumes
ATSC3e(2D autocorrelations) Centred Broto-Moreau autocorrelation Autocorrelation Descriptor Negative
of lag 3 weighted by Sanderson
electronegativity
VE3_D(2D matrix-based descriptors)  logarithmic coefficient sum of the last Detour matrix Negative
eigenvector from topological distance matrix
SpMin2_Bhs Topological Distance Matrix Descriptor Burden modified eigenvalues Positive
MLFER_L Solute gas-hexadecane partition coefficient Molecular linear free energy relation  Positive
SpMin5_Bhi Smallest absolute eigenvalue of Burden Burden modified eigenvalues Negative
modified matrix - n 5 / weighted by relative
first ionization potential
WTPT-4 Sum of path lengths starting from oxygens Weighted path Positive
AATS3e Average Broto-Moreau autocorrelation - lag 3 Autocorrelation Negative
/ weighted by Sanderson electronegativities
SpMin3_Bhp Smallest absolute eigenvalue of Burden Burden modified eigenvalues Negative
modified matrix - n 3 / weighted by relative
polarizabilities
SpMin2_Bhm Smallest absolute eigenvalue of Burden
modified matrix - n 2 / weighted by relative mass Burden modified eigenvalues Negative

Figure 5. The difference between experimental and predicted activi-

ty values of twenty numbers of compounds in the training set.

Figure 6. The difference between experimental and predicted activi-
ty values of twenty numbers of compounds in the test set.
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Figure 7. Shows the descriptor dependency towards the dependent
variable that is pIC50. Higher the value shows higher dependency.

Discussion

The important step in building a QSAR model is the se-
lection of significant descriptors. The highest-performing
model was not necessarily the best. The chemical space is
diverse, and the goal of a good machine learning model
is to generalize well from the training data. Here, the per-
formance of the model may be less compared with previ-
ously built models but it covers all of the chemical spaces
without any loss of data. This allows to make predictions
accurately the model has never seen. A total 1400 number
of descriptors were generated and only 15 optimum de-
scriptors were selected. The whole data set was split ran-
domly into training (70%) and test set (30%). Further, all the
calculations are done with training set compounds only. A
systematic search performed in the order of missing value
test, zero tests, multi co-linearity, and descriptors was dis-
carded by applying a GA to select the best significant de-
scriptors toward the biological activity value.

Previously, a QSAR model was built for CBS using structur-
al diversity of the selected 116 compounds as tubulin in-
hibitors by Zhang and group using Discovery Studio, who
concluded that a new molecule should have strong van
der Waals attraction, which affects the activity value. Sim-
ilarly, the addition of polar groups to the model increases
the activity of colchicine. Also, variations of the steric and
electrostatic nature of compounds can lead to an increase
or decrease in the activity.'®

Here, the model was built using freely available tools, built
using 213 molecules of heterocyclic scaffolds taken from
PubMed literature from the last 10 years reported as CBS
inhibitors. Feature importance analysis by mutual infor-
mation was used to evaluate the relative importance and
contribution of each descriptor to the model. The first de-
scriptor in the model, which has the highest contribution
is WTPT-4 defined as the sum of path lengths starting from
oxygen. Itindicates that the presence of oxygen with differ-
ent path lengths plays a major role in anticancer activity.>”

SpMin3_Bhp, SpMin2_Bhm, SpMin5_Bhi, and SpMin8_Bhi

have a negative contribution to the model and are the de-
scriptors of the absolute eigenvalue of Burden modified
matrix of n = 1-8, weighted relative polarizabilities, relative
mass, and relative first ionization potential. The first ion-
ization potential is an atomic property that represents the
outermost electronic state. It is an estimation of the ener-
gy needed to remove one valence electron from a neutral
atom. It indicates that the presence of a less electronega-
tive atom or group increases the anticancer activity, as a
less electronegative atom or group requires less ionization
potential.>"

SpMax4_Bhv is the largest absolute eigenvalue of Burden
modified matrix n = 4, weighted by relative van der Waals
volumes. SpMin2_Bhs is the topological distance matrix
descriptor. Increasing the relative van der Waals volumes
affect the anticancer activity.5?

Similarly, VR1_DzZ, ATS6v, and MATS2c have a negative
contribution to the model and are the descriptors of the
absolute eigenvalue of Burden modified matrix of n= 1-8,
weighted by relative polarizabilities, relative mass, and rel-
ative first ionization potential. The descriptors are the in-
dex of molecular branching with the smallest value corre-
sponding to the chain graph and the highest value to the
most branch graph.®? As the descriptors are negatively
related to the anticancer activity, it may be concluded that
decreasing the complexity of the molecule may increase
the anticancer activity.®**¥ SPC-5 is defined as a simple
path cluster of order 5 that has a positive impact on the
model.

VE3_D is described as the logarithmic coefficient sum of
the last eigenvector from the topological distance matrix.
This descriptor encodes electronic, topological, and other
geometrical aspects of the compound. The presence of the
descriptor in the QSAR model indicates the role of steric
and electronic interaction influencing anticancer activity. It
utilizes the molecular linear free energy relation.®®

AATS3e is negatively correlated to the model defined as
average Broto-Moreau autocorrelation-lag3 weighted by
Sanderson electronegativity. It is distributed along with
the topological structure and calculated at a given spatial
lag usually ranging from 1 to 8. It may be concluded that
surrounding electronegativity decreases the anticancer
property.> MLFER_L is defined as the overall or summa-
tion of solute hydrogen bond acidity that has a positive
contribution to the model.®”

The model with selected descriptors passed the acceptabil-
ity criteria proposed by Golbraikh and Tropsha (Table 2). Re-
gression statistics, that is the p-value of the model, suggests
that the coefficient of the descriptors used in this model are
statistically significant at a confidence interval of 95%.



Table 2. represents the acceptability criteria of a predictive model
proposed by Golbraikh and Tropsha.

Parameter Model score Threshold score

Q, 0.71863 (Threshold value Q*>0.5)

R 0.77372 (Threshold value R?>>0.6)

Rt 0.72318 (Threshold value R*>0.6)

[r,2-r2| 0.05088 (Threshold value |r0A2-r'0A2|<0.3)

k 0.98571 (Threshold value: [0.85<k<1.15 and]
[(r>-r?)/r] 0.00602 ((r-r?)/r)<0.1

k 1.00378 [0.85<k'<1.15

[(r-r2)/r] 007638 ((r*-r2)/r)<0.1)

A standardized approach of the AD defined all the com-
pounds of the training set present within the AD except
6 compounds (3, 56, 27, 36, 69, and 75). However, the dif-
ference between observed and predicted values is low. As
a result, these compounds can be considered influential
in fitting the model performance not necessarily outliers
to be deleted from the training data set. Similarly, com-
pounds 21, 39, and 5 show outside the AD, but maximum
compounds of the test set present within the AD show the
confidence within the defined AD.

Conclusion

In this study, we built a QSAR model for the prediction of
IC,, of the unknown chemical compound for the CBS of
tubulin on the training set compounds by using the MLR-
GA approach. A set of 213 compounds collected from
PubMed literature that binds to CBS of tubulin is used for
the model building. From the set of 1400 descriptors, 15
optimum descriptors were selected as highly contribut-
ing to the biological activity value. Cross-validation of the
model (LOO), Troposha’s metrics, and rm? metrics validate
the internal and external predictabilities of the model de-
veloped using training and test sets. The selected MLR-GA
model has R? | '=0.77372, R? . ., =0.7895 and R? =
0.7419. Also, the evaluation of AD shows that the model is
reliable to make predictions within the chemical space for
which it is developed.
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Supplementary material

Table S1 series of thiazole-2(3H)-thiones with a 4-(3,4,5-trimethoxyphenyl) moiety as diaryl-
heterocyclic analogues of combretastatin A-4 with IC50 value against A549 cancer cell line.

diaryl-heterocyclic analogues of combretastatin A-4 !

0

]

weo ~" | ~

o 100-120 =
COMPOUND X R IC50
100 CH» H 6.45
101 NMe H 0.622
102 NBoc H 30
103 NCH(CHz3)2 7.3
104 @) H 0.488
105 NH H 4.31
106 NAc H 0.133
107 NAc 2-methyl 8.35
108 NAc 3-methyl 30
109 NAc 4-methyl 0.764
110 NAc 3,4 dimethyl 2.61
111 NAc 2,5 dimethyl 30
112 NAc 2-fluro 4.65
113 NAc 3-fluro 30
114 NAc 4-fluro 30
115 NAc 4-chloro 0.628
116 NAc 4-bromo 9.06




117 NAc 4-methoxy 1.1

118 NAc 4-nitro 0.684
119 NAc 3-nitro-4-methoxy 30
120 NAc 3-amino-4-methoxy 0.648

Table S2 5-(2-chlorophenyl)-4-(4-(3,5-dimethoxyphenyl)piperazine-1-carbonyl)-2H-1,2,3 with
IC50 value against A549 cancer cell line.

5-(2-chlorophenyl)-4-(4-(3,5-dimethoxyphenyl)piperazine-1-carbonyl)-2H-1,2,3- triazole
(MAY)?
COMPOUND STRUCTURE IC50

7 ¢ 7’“\N 0.052
@fi
o) N/\

Table S3 3-O-acylated derivatives with IC50 value against A549 cancer cell line.

3-O-acylated derivatives®

COMPOUND STRUCTURE IC50

1 3.816

Table S4 2-morpholin-4-yl-5-nitro-benzoic acid 4-methylsulfanyl benzyl ester (IMB5046) with
IC50 value against A549 cancer cell line.



2-morpholin-4-yl-5-nitro-benzoic acid 4-methylsulfanyl benzyl ester derivatives (IMB5046)

COMPOUND

STRUCTURE

IC50

13

0.199

/S—< —O o
O/\\N ) O
N N\,

Table S5 series of 2-aryl-4-(3,4,5-trimethoxybenzoyl)-5-substituted-1,2,3-triazoles with 1C50
value against A549 cancer cell line.

2-aryl-4-(3,4,5-trimethoxy-benzoyl)-5-substituted-1,2,3-triazoles !

0

MeO.
]
N N
MeO ~ |

= R

e /
COMPOUND X R IC50
100 CHa H 6.45
101 NMe H 0.622
102 NBoc H 30
103 NCH(CHzs). 7.3
104 0) H 0.488
105 NH H 431
106 NAc H 0.133
107 NAc 2-methyl 8.35
108 NAc 3-methyl 30
109 NAc 4-methyl 0.764
110 NAc 3.4 dimethyl 2.61




111 NAc 2,5 dimethyl 30
112 NAc 2-fluro 4.65
113 NAc 3-fluro 30
114 NAc 4-fluro 30
115 NAc 4-chloro 0.628
116 NAc 4-bromo 9.06
117 NAc 4-methoxy 1.1
118 NAc 4-nitro 0.684
119 NAc 3-nitro-4-methoxy 30
120 NAc 3-amino-4-methoxy 0.648

Table S6 Pyridine-bridged combretastatin-A4 (CA-4) analogues with IC50 value against A549
cancer cell line.

Pyridine-Bridged Analogues of Combretastatin-A4*
R3 R4
R1 E \ R5
== R4
N
R
2 19-20 R R,
R
COMPOUND | R; R» R; R4 Rs IC50
19 H OMe OMe OMe H 9
20 H H OMe H H 2
21 OMe H OMe H H 0.079

Table S7 two novel and potent tubulin inhibitors reported by Liu et al with IC50 value against
A549 cancer cell line.



CA-4 analugus’

N Q O

NN s o

\ 7
S N
22 O

23

COMPOUND IC50
22 1.68
23 2.33
24 1.78

Table S8 combretastatin A-4 is mediated by modification of the 3-hydroxy-4-methoxyphenyl's
phenolic hydroxyl and ether groups (B ring) with IC50 value against A549 cancer cell line.

ether groups ¢

CA-4 is mediated by modification of the 3-hydroxy-4-methoxyphenyl's phenolic hydroxyl and

COMPOUND | Rn X Y V4 Ro IC50
44 Et OMe H CH H 0.919
45 Et OMe H C-CHO H 10

46 Me OMe H CH H 0.47




47 Me H OMe CH H 1.7
48 Me OMe H C-CHO H 0.136
49 Me H OMe CH H 0.462
50 Me H OMe C-CHO H 0.045
51 Me OMe H C-CH,OH H 3.9
52 Me H OMe C-CH,OH H 0.014
53 Me OMe H C-CH=NOH H 0.76
54 Me H OMe C-CH=NOH H 0.0027
55 Me OMe H C-CN H 0.7
56 Me H OMe C-CN H 0.471
57 Me OMe H C-COOH H 3
58 Me H OMe C-COOH H 0.2092
59 Me OMe H C-COOMe H 0.519
60 Me OMe H C-CON(Me)(CH2).COOMe | H 0.316
61 Me OMe H C-CONH(CH:).COOEt H 0.156
62 Me OMe H C-CON(Me)CH2(COOMe), | H 0.112
63 Me OMe H C-COON(Me) (CH2): | H 1
COOH
64 Me OMe H C-CONH(CH,)COOH H 0.442
65 Me OMe H C-Br H 0.194
66 Me OMe H C-Br Br 0.034
67 Me OMe H N H 0.22
68 Me OMe H NMe H 0.003

Table S9 Diaryl-heterocyclic analogues of combretastatin A-4 with anticancer activity, a series of
thiazole-2(3H)-thiones containing the 4-(3,4,5-trimethoxyphenyl) moiety with IC50 value against
A549 cancer cell line.



3-Substituted-N-methylindole derivatives ’

Dt Dt T2

s S —

MeO X S
COMPOUND R IC50
69 H 10.2
70 Ph 12.8
71 2-Cl-Ph 14.6
72 4-Cl-Ph 11.6
73 4-F-Ph 214
74 H 17.5
75 Ph 12.1
76 2-Cl-Ph 13.8
77 4-Cl-Ph 6.7
78 4-F-Ph 15.8
79 4-OH-Ph 15.6
80 4-Cl 15.4

Table S10 3,6-diaryl-7H-[1,2,4]triazolo[3,4-b][ 1,3,4]thiadiazines with IC50 value against A549
cancer cell line.

3,6-diaryl- 7H-[1,2,4]triazolo[3,4-b][1,3,4]thiadiazines

R N/N

166-198




COMPOUND | Ry R R3 R4 Rs Rs IC50
166 OCH; OCH; OCH; H F H 21.2
167 OCH; OCH; OCH; H Cl H 23.2
168 OCH; OCH; OCH; H Br H 7.37
169 OCH; OCH; OCH; H CH;3 H 0.073
170 OCH; OCH; OCH; H CF; H 85.4
171 OCH; OCH; OCH; H OCH3 H 50.2
172 OCH3 OCH3 OCH3 H SCH; H 12.5
173 OCH; OCH; OCH; H OCH; H 16.3
174 OCH; OCH; OCH; H OCH3 NO» 16.5
175 OCH; OCH; OCH; H OCH3 NH; 1.58
176 OCH3 OCH; OCH; H OCH3 OBn 8.9
177 OCH3 OCH; OCH; H OCH3 OH 7.73
178 OCH3 OCH; OCH; H F F 78.1
179 H OCH; OCH; OCH; Cl H 1.37
180 H OCH3 OCH3 OCH3 CH;3 H 0.019
181 H OCH3 OCH3 OCH3 CF; H 0.46
182 H OCH; OCH; OCH; SCH; H 3.21
183 H OCH; OCH; OCH; OCH; F 8.88
184 H OCH; OCH; OCH; OCH; NO; 1.08
185 H OCH; OCH; OCH; OCH; NH: 2.94
186 H OCH3 OCH3; OCH3 OCH3 OBn 0.071
187 H OCH3 OCH3 OCH3 OCH3 OH 0.19
188 H OCH:O OCH;O H OCH; F 15.7
189 H OCH;O OCH:O H OCH3 NO» 0.062




190 H OCH,O OCH,O H OCH; NH, 16.3

191 H OCH-O OCH-O H OCHj3 OBn 0.079

192 H OCH2O OCH20O H OCH3 OH 3.68

193 H OCH3 OCH3 H OCH3 NO» 0.032

194 H OCH; OCH; H OCH3 NH: 4.2

195 H H H H OCHs NO» 0.015

196 H OCHs H H OCH; NH» 5.68

197 H H OCH; H OCHs NO, 0.038

198 H H OCHs H OCH; NH; 0.009
Table S11 Podophyllotoxin derivatives with IC50 value against A549 cancer cell line.

Podophyllotoxin derivatives®'

COMPOUND | R; R» R; R4 IC50

25 o /k OMe | OMe OMe | 0.0016

T
26 O OMe | OMe OMe | 0.0173




27 OCH; | OCH; OCH; | 0.0129
o)
o)
o) J<
; P
28 0 OCH; | OCH; OCHj; | 0.0068
O/k/NHZ
/
29 0 OCH; | OCH; OCH; | 0.0136
ALK
O
/ AN
30 0 OCH; | OCH; OCHj; | 0.0038
9) NH,
31 o) OCH; | OCH; OCHj; | 0.0028
@]
oL
N /
32 H OCH; | OCH; OCH; | 0.0147
N
>~
i
33 NH., OCH; | OCH; OCHj; | 0.0093
OH)\
i
34 0 OCH; | OCH; OCH; | 0.0201




35 0 N\ OCH; | OCH; OCHs; | 0.0158
H I
0) Y
/ N
0
36 /N OCHs; | OCH; OCHs; | 0.0081
O
™
O N
HN
i
37 Q OCHs; | OCH; OCHs | 6.9
M
F
F F
38 OCH;4 OCHs; | OCH; OCHs | 1.8
OCHs
39 OCHs | OH OCHs; | 14.5

z




40 - OCH; 0 OCH; | 0.27
.
N
k{o
0
ONN/\/N
0
41 Cl OCH; | OCH3 OCHs | 0.18
i \<<
N
(@)
42 N—N OCH; | OCH; OCH; | 2.4
//
N W O
N
| o
43 OCH; | OH OCH; | 3.2

Table S12 Podophyllotoxin derivatives with IC50 value against A549 cancer cell line.

Podophylotoxin darivatives !!




Rz

121-123

5

OCHg3

OCH;3

HzCO

124

Ac

llfe]

OCH;

OCH;

Compound R Ri R IC50
1 H OH OCHjs 3.81
2 H OAc OCH;

3 OCH3 H H

Table S13 benzo[c]acridinediones with IC50 value against A549 cancer cell line.

benzo[c] acridine-diones '?

Compound R, R R3 IC50
125 H H H 100
126 H F H 8.23
127 H NO: H 83.2
128 H CH3 H 13.46
129 H OH H 45.44
130 H H OH 9.41
131 OH OCHj; H 14.5
132 OCH3 OH H 8.36
133 OCH; OCH3 H 1.31




134

OCH3

OCH3

OCH;

100

Table S14 N-aryl-6-methoxy-1,2,3,4-tetrahydroquinoline derivatives with IC50 value against

A549 cancer cell line.

N-Aryl-6-methoxy-1,2,3,4-tetrahydroquinolines '*
.
X N / X N \V N
159-160 161 162-165
COMPOUND X Y Z Ri 1C50
159 Br - - NHMe
160 Br - - ) i 1.6
—NH
3
161 Br - - 1
NH
162 Me CH N - 1
163 Me N N - 1
164 Cl N N - 0.93
165 NHMe N N - 0.21

Table S15 2-phenylquinoline-4-carboxamide derivatives with IC50 value against A549 cancer cell

line.

2-phenylquinoline-4- carboxamide derivatives '




203-208

218-223

COMPOUND Ri R» R3 IC50
203 - 4’ -OCH; - 20.5
204 - 4" -OCH2H; - 50
205 - 3'4’5" -OCH3 - 7.9
206 - 3" -SCH; - 50
207 - 2"-CH3,4’5-OCHs | - 23.7
208 - 2"-Cl,4’5"-OCH; | - 50
209 - 4’ -OCH; 4"-CH; | 18.5
210 - 3’4’5 -OCH3 4"-CH;s | 5.7
211 - 2" -CH3, 4" -OCH;3 4"-CH; | 11.6
212 - 4" -OCH; 3" -CH; | 30.5
213 - 3'4’5" -CH; 3"-CH3 | 17.8
214 - 2" -CH3, 4" -OCH; 3"-CH3 | 23.6
215 - 4" -OCH; 2"-CH;s | 50
216 - 2" -CH3, 4" -OCH; 2"-CH; | 45.7
217 - 2" -CH3, 4" -OCH; 4"-CH;s | 50
218 -CH3 | 4" -OCH3 4" -CH; | 46.7
219 -CH; | 3'4’5" -CH; 4" -CHs | 29.7
220 -CH3 | 2" -CH3, 4" -OCH;3 4"-CH; | 20.3
221 -Cl | 4" -OCH; H 30.1
222 -Cl | 3’4’5 -CH3 H 50




223 -F 2" -CHs3,4" -OCH; H 50

Table S16 1-indolyl acetate-5-nitroimidazole with IC50 value against A549 cancer cell line.

1-indolyl acetate e-5-Nitroimidazole '

S \\/\A\
S

COMPOUND R IC50
135 o-cl 4.24
136 m-Cl 5.02
137 p-Cl 4.51
138 o-Br 5.11
139 m-Br 6.03
140 p-Br 5.55
141 0-NO» 2.12
142 m-NO; 2.86
143 p-NO, 2.01
144 0-CH; 4.02
145 m-CHj; 4.32
146 p-CH; 3.88
147 0-CH3 3.11
148 m-OCH3 4.09
149 P-OCHj; 3.97
150 2,4-2-Cl 2




Table S17 [1,2,4]triazolo[1,5-a]pyrimidines with IC50 value against A549 cancer cell line.

[1,2,4] triazolo[1,5-a]pyrimidine derivatives '®

7

. /
/ —

AN

COMPOUND R 1C50
88 4-CH; 53.14
89 4-F 92.59
90 4-NO, 50.57
91 3-F,4-CH; 94.83
92 3-F, 4-OCH; 85.64
93 3,5-Bn, 52.46
94 3,4-Cl 26.67
95 2-NO,,4-OCH 94.47
96 4-Br 21.33
97 4-CF; 55.73
98 4-CH,CH; 65.21
99 4-CN 95.67
151 3-F 45.82
152 3-NO, 73.93
153 4-F 5.63
154 4-NO, 1.02
155 3-F, 4-CH; 95.86
156 3-NO,, 4-OCHj 16.08
157 3,5-Br, 28.28
158 3,4-Cl, 70.27






