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Predictive modeling of the human hepatoma (Huh-7D12) cancer line of a series of
bis- (S5-arylidene-rhodanine-3-yl) diamine.

Abstract

This work deals with the prediction of the antiproliferative activity of eighteen (18) substances derived
from bis-5-arylidene rhodanine against human hepatoma tumor line (Huh-7D12). while applying the
functional density theory (DFT) method to the B3LYP / 6-31G (d, p) level, theoretical descriptors were
determined and correlated with antiproliferative (Huh-7) activity by linear regression multiple (RML).
This correlation has shown that the electron energy, the energy of the lowest vacant molecular orbital
(ELumo) and the molecular volume (VM) are the quantum and geometric descriptors that best influences
the antiproliferative activity of the molecules studied. The coefficient of determination R* indicates that
97.9% of the molecular descriptors defining this model are taken into account with a standard deviation
of 0.015. The significance of the model reflected by the Fischer test is estimated at 123.648. The
robustness of the model given by the cross-validation correlation coefficient (Q%cv) is 97.9%. This
model has been validated by Tropsha criteria. The very good correlation between these three descriptors
and the Huh-7 activity was confirmed by the nonlinear multiple regression (RNML) method with better
statistical data. (R* = 0,998 ; Q’cy = 0,998 ; RMSE = 0,006).

Mots clés : RML, RMNL, Huh-7D12, bis-5-arylidéne rhodanine, Molecular Descriptors.

1. Introduction

The liver is an organ of the digestive system that ensures a particular role of purification of the body. It
is also a key organ of body to eliminate toxic compounds. Several types of tumors can develop in this
organ, the most common form is hepatocellular carcinoma (or hepatocarcinoma). Hepatocellular
carcinoma (HCC) is the most common primary liver tumor in the world. The incidence is globally
eleven (11) out of one hundred thousand men (100,000) and 1.5 out of 100,000 women [1], and
accounts for about 500,000 deaths, the third leading cause of cancer deaths [2]. Surgery, chemotherapy
and irradiation are the main therapeutic approaches to cancer, chemotherapy being an important part of
the treatment of cancer patients. However, its success is limited due to the lack of selectivity of tumor
cells over normal cells, resulting in insufficient drug concentrations in tumors, systemic toxicity, and the
appearance of drug-resistant tumor cells [3]. Targeted molecular therapy can cause less damage to
normal cells and may have fewer side effects than other types of cancer treatment. It therefore gains
importance because of their specificity with respect to cancer cells, while sparing their toxicity for non-
targeted cells. It is in this context that Coulibaly et al [4] synthesized a series of bis-5-arylidene
rhodanine derivatives to evaluate their potential as anticancer agents. The in vitro antiproliferative
activity of synthesized bis-5-arylidene rhodanine has been studied on the human hepatoma (liver) cancer
cell line (Huh-7D12). These compounds, which are very active against the Huh-7D12 line, represent a
promising starting point for the development of new, more potent anticancer agents in the future. In this
context, the study of Quantitative Structure-Activity Relation (QSAR) is well adapted. The remarkable
advances known in the development of computer tools and techniques are of considerable help to the
use of this science. This study is a highly sought-after technique because it favors the reduction of the
number of experiences that are often long, dangerous and costly in terms of time and finance [5-8]. The
descriptors are determined by the methods of quantum chemistry. This QSAR study has its origins in
the studies carried out by Hansch [9] and by Free and Wilson [10]. Indeed, Hansch has established
models relating biological activity with the hydrophobic, electronic and steric properties of molecules.
In general, the QSAR model is based on a fifth (1/5) of the initial database. The QSAR model is a
mathematical relation that allows to correlate quantitatively the Huh-7D12 line of the series of
molecules and their physicochemical properties (descriptors). In this work, the main goal is to apply
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QSAR modeling to develop robust and reliable models capable of predicting the antiproliferative
activity of a series of twenty (18) bis-5-arylidene rhodanine derivatives against the tumor line of human
hepatoma (Huh-7D12).

2. Material and methods
2.1. Materials and Method of Calculation

Eighteen (18) molecules of bis-5-arylidene rhodanine derivatives were used in this study (Table 1).
Their minimum inhibitory concentration (IC50) varies between 75 and 133 pM. The minimum
inhibitory concentration (IC50) is the lowest concentration required to achieve an antiproliferative
response. Biological data is usually expressed as the opposite of the log 10 activity base (-log10 (C)) to
obtain higher mathematical values when the structures are biologically very efficient [11; 12]. The
antiproliferative activity is expressed by the antiproliferative potential pIC50 which is calculated from
the following equation (1):

PICsy = —logyo(ICs0 * 107°) €Y)

Where IC50 represents the median inhibitory concentration of a drug required for 50% inhibition in
vitro.

Tableau 1 : molecular structure and antiproliferative activity of the eighteen molecules used.
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2.2. Calculation Level

The relationship between the values of the biological activity of the studied molecules and their
molecular structures was established thanks to the quantum chemistry calculations realized with the
Gaussian software 09[13]. Calculations were performed using the Functional Density Theory (DFT)
method, which is known to generate a variety of molecular properties [14—17] in QSAR studies that
increases predictability, reduces computational time, and influences cost of designing new drugs [11;
18]. The theoretical level of B3LYP / 6-31G (d, p) was used to determine the molecular descriptors. The
modeling was carried out using the multilinear regression method implemented in Excel tables [19] and
XLSTAT [20].

2.3. Quantum Descriptors

In order to develop a QSAR model, some descriptors of the DFT have been determined. In particular the
electronic energy (E) which represents the electronic contribution of all of the atoms of each molecule
and the energy of the lowest vacant orbital (ELymo). These energies were calculated as part of
Koopmans' approximation [21]. We have also calculated the molecular volume, which is a geometric
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descriptor thanks to the software molinspiration [22]. The molecular volume is the volume occupied by
the molecule and is generally expressed in cubic Angstroms (A*) [23; 24].

For all the descriptors studied, the analysis of the bivariate data, that is to say the calculation of the
linear correlation coefficient R between each pair of the set of descriptors, is less than 0.95 (R <0.95),
which means that these different descriptors are independent of each other [25; 26; 11].

2.4.Régressions Multiple Linéaires et non Linéaire (RML et RMNL)

The Multiple Linear Regression (RML) statistical method is one of the most popular modeling methods
due to its ease of use and ease of interpretation. It has been used to study the relationship between
biological activity (dependent variable) and theoretical descriptors (independent variables) [27]. RML
minimizes differences between actual and expected values. The advantage of RML is that it is very
transparent, since the algorithm is available, and that predictions can be made easily [28]. The RML
method is based on the assumption that the property depends linearly on the different variables (the
descriptors), according to the relation:

Y:a0+2al~Xi (6)

With: Y is the dependent variable (to explain or predict); X;: the independent (explanatory) variables; n
is the number of explanatory variables; @, is the constant of the equation of the model; a;: descriptor
coefficients in the model equation.

This method was also used for the selection of molecular descriptors used in multiple nonlinear
regression (RMNL). Multiple linear and nonlinear regressions were used to predict the effects on the
activity of bis-5-arylidene rhodanine derivatives on Huh-7D12 cancer cells. Multiple nonlinear
regression is a nonlinear method (exponential, logarithmic, polynomial, ...) which makes it possible to
determine the mathematical model making it possible to explain nonlinearly as well as possible the
variability of a property or activity Y according to molecular descriptors X. In all our work we have
used the polynomial model based on the descriptors proposed by the linear model which will be raised
to the power 2 according to the following equation:

n
Y=ay+ ) aiX;+b X %

i=1
With: Y is the dependent variable (to explain or predict); X;: the independent (explanatory) variables; n
is the number of explanatory variables; &, is the constant of the equation of the model; a; and b;:
descriptor coefficients in the model equation.
RML and RMNL were generated using the XLSTAT software version 2016 [29] to predict the
anticancer activity ICsp. The equations of the different models were evaluated by the coefficient of
determination (R?) which measures the adequacy of the model and the predictive power of the QSAR
model; the Root Mean Square Error (RMSE) which must be less than 10% of the range of the target
property value [30]; the Fischer test (F) Test F, for the statistical significance of the model (higher is
high, the better is the same set of descriptors and chemicals) [31] and the cross correlation coefficient
(Q%cv) which allows for evaluate the predictive power associated with a QSAR model (Q2, > 0,6 for a
satisfactory model while for an excellent model Q%, > 0,9 ) [32]. These different statistical parameters
are given by the following expressions:

_ Z(yi,exp - yi,theo)2

R?=1 >
Z(yi,exp - yi,exp)

(2)
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_ Z(yi,exp - yi,theo)
RMSE—\/ —— 3)

2
F = Z(yi,theo _Yi,exp) . n—k-1

4)
Z(yi,exp - yi,theo)2 k
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Qv = — 2 S)
Z(yi,theo - Yi,exp)

Where:

Yiexp : The experimental value of antiproliferative activity on Huh-7D12 cell lines.
Vi theo : The theoretical value of the antiproliferative activity.

Viexp : The mean value of the experimental values of cytotoxicity.

A model is considered efficient according to Eriksson et al [33], when R?- QZCV< 0,3.
The RML model has been validated by the Tropsha et al criteria defined as follows:

1) R%est >0,7, 2) ng Test = 0,6, 3) |R%est N Rg| <03,
2 _p2 2 ' _p2
4y BresRol 4 4ng 0,85 < k < 1,15, 5) RTest™R%| - 1 404 0,85 < K < 1,15
Test Test

3. Results and Discussions

3.1. Multiple Linear Regression (RLM)

The set of twelve (12) molecules used in the different test sets and the six (6) molecules of the
validation set for each model are presented in Table 2. The Pearson correlation matrix between the

different physicochemical descriptors are given in Table 3.

Table 2: Molecule Database of Test Set and Validation Set

Molecules Epumo (eV) E (eV) VM(A3) pIC50
Test Set
R1 -2.826 -44466.076 247.200 4.125
R3 -2.772 -81733.576 427.200 3.914
R4 -2.696 -54906.250 356.120 3.983
R6 -2.686 -88026.892 488.390 3.886
R11 -2.684 -54002.939 377.690 3.967
R12 -2.722 -51863.049 344.080 4.000
R15 -2.826 -44466.076 247.200 4.125
R18 -2.657 -85887.274 459.180 3.975
R7 -2.686 -88026.892 488.390 3.886
R8 -2.684 -54002.939 377.690 3.967
R9 -2.754 -54906.239 356.120 3.932
R13 -2.826 -44466.076 247.200 4.125
Validation Set

R2 -2.787 -56016.551 376.070 3.928
RS -2.841 -76603.759 403.270 3.959
R10 -2.657 -85887.274 459.180 3.975
R17 -2.787 -56016.551 376.070 3.928
R14 -2.773 -46605.703 280.800 3.963
R16 -2.860 -78617.369 401.650 3.955

Table 3: Values of the bivariant linear correlation coefficients of the descriptors

‘ ELumo (eV) E (eV) VM (A)
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ErLumo (ev) 1
E (ev) -0.585 1
VM(A®) 0.812 -0.928 1

The linear correlation coefficients R calculated from the series of descriptors are less than 0.95 (R
<0.95). This reflects the non-dependence of the descriptors used to develop the models. The correlation
between the experimental IC50 inhibition concentrations and the theoretical descriptors of the studied
molecules is presented below. Figure 1 represents the correlation between the experimental activities
and the theoretical activities predicted by the model. The negative or positive sign of the coefficient of a
descriptor of the model reflects the effect of proportionality between the evolution of the biological
activity and this parameter of the regression equation. The negative sign indicates that when the value of
the descriptor is high, the biological activity decreases. The positive sign reflects the opposite effect.
The equation obtained is shown below:

pICSP = 7.454 4+ 1.0392  ELUMO — 7.4381.10 — 06 * E — 2.9477.10 — 03 VM

N=12 R?>=0.979 Q’cv=0.979 RMSE=0.015 F=123.648 R%- Qv =0.00

This model indicates that HOMO energy, electron energy and molecular volume explain to about 98%
(R* = 0.979) the variability of experimental anticancer activity. The negative signs of the coefficients of
the electronic energy (E) and the molecular volume (VM), indicate that the anticancer activity will be
improved for low values of these descriptors. And the positive sign of the energy of the lowest vacant
orbital (ELumo) also indicates that anticancer activity will be improved for high values of this energy.
The meaning of the model is expressed by the Fischer coefficient F = 123.648: the correlation
coefficient of the cross validation chv = 0.979 reflects an excellent robustness of the model (QZCV>
0.9). This model is acceptable with R*— Q*cy = 0,979 - 0,979 = 0,000 < 0,3.

RMIL model
v=0,9789x + 0,0842

R* =0,9789
410 4
E 405
; 4,00 -
%. 3,05
3.85 . . .
3,85 3,90 3,95 4,00 4,05 4,10 4,15
plC50 (théo)
@ Training Set Test Set Linear (Training set)
Figure 1: Regression line of the obtained RML model
RML similarity curve
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Figure 2: Similarity curve of the experimental and predicted values of the RML model
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3.1.1. Verification of Tropsha Criteria

The results of the calculation of the Tropsha criteria of the RML model are as follows:

R’%est =0.987>0.7 ng Test — 0.987>0.6 |R%€St - R(2)| =0.0128 < 0.3
2 _p2
—|RT1§;t Rsl — 0.0130 < 0,1 and 0.85 < k = 1.00 < 1.15 ;
Test

2 _p2
[Rfest =213l _ 00130 < 0,1 and 0.85 < k' = 1.00 < 1.15

R%ESC
The model is therefore acceptable for predicting Huh7 anticancer activity because it meets the five

criteria of Tropsha [34-36].

3.1.2. Analysis of the contribution of the descriptors

The study of the contribution of the descriptors relating to the prediction of the antiproliferative activity
of the compounds was carried out for cancer cells of the human liver (Huh-7D12). This contribution of
the three descriptors in the prediction of the antiproliferative activity of the bis-5-arylidene rhodanine
derivatives was determined from the XLSTAT software version 2016[20]. The different contributions are
illustrated in Figure 3.

PIC50 / Standardized coefficients
(conf. limit 95%)

ELUMO

VM

Coefficients normalisés

Variable

Elumo(ev) Ee (ev) VM

Figure 3: Contribution of descriptors in the RML model

The decreasing order of the contribution of different descriptors in the prediction of the antiproliferative
activity of Huh-7D12 is: VM > E > E, ymo. According to this sequence, the molecular volume is the
priority descriptor followed by the electronic energy and finally the energy of the lowest molecular orbital
vacant.

3.2.NonLinear Multiple Regression (RMNL)

The statistical nonlinear regression method was used to improve the anticancer activity of the
compounds predicted quantitatively. It takes into account the three chosen descriptors (ELumo, E, VM).
It is the most common tool for studying multidimensional data. This statistical method is applied to the
data in Tables 3. The result obtained is the following:

pICEYP = 48.0625 + 30,8771*Epymo + 5.4404.10- “*E + 4.5621.10 VM + 5.5441*E yo” +
4.3026.10"'*E* - 8.4391.10"*VM®

N=12 R?>=0.998 Q’cv=0.998 RMSE = 0.006 R*= Q%*v=10.00

In this model, the descriptors (ELumo, E, VM) used, express the variability of the anticancer activity to a
little more than 99%. The correlation coefficient of the cross validation Q2,= 0.998 which shows the
very good robustness of the model (Q%, > 0.9). This model is acceptable with R? — Q%, = 0.998 —
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0.998 = 0.000 < 0.3. The regression line between the experimental and theoretical anticancer
activities of the test set (blue dots) and the test set (red dots) is shown in Figure 4.

FMNL model
415 4
410 - ¥ = 10,9882 + 0,007
ga40s4 0 TTEIT
[-I='- 400 4
= 395 -
- 3,50 4
3lEE T T T T T 1
3,85 3,90 3,95 4,00 405 4,10 4,15
PIC30 theo
® Training Set #Test Set Linear (Training set)
Figure 4: The regression line of the RMNL model
RMNL similarity curve
4.20 -
4.10 A \
42004 \ a A _ /
3.90 - \/ \ N ¥
3.80 ~
o

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

=@==)cu d'essai Jeu de Validation

Figure 5: Similarity curve of the RMNL model

For RMNL models, the very low value of the standard error (RMSE = 0,006) also demonstrates the
good similarity between predicted and experimental values (Figure 5). This curve shows a very good
evolution between the experimental values and predicted by the RMNL model of the anticancer activity
of the rhodanine derivatives studied.

Table 4: Values of the theoretical activity / experimental activity ratio of the validation set of the two

models.
Model RMNL
Compounds pClseexp pClsopred pClsopred/ pClspexp
R2 3.928 3.928 1.00
R5 3.959 3.959 1.00
R10 3.975 3.975 1.00
R17 3.928 3.928 1.00
R14 3.963 3.963 1.00
R16 3.955 3.955 1.00

All values in the pCI50pred / pCI50exp report tend to 1 (Table 4). This indicates a good correlation
between the theoretical and experimental toxicity of the rhodanines studied. This model is acceptable

for predicting the toxicity of thodanines on the human hepatoma line (Huh-7D12).

4. Conclusion

The electron energy, the highest occupied orbital energy (Egomo) and the molecular volume (VM) have
been used to describe and predict the activity of 18 molecules derived from bis-5-arylidene rhodanine
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against the cancer line. of human hepatoma (Huh-7D12). Multiple linear regression was used to quantify
the relationships between molecular descriptors and the properties of the antiproliferative activity of bis-
S-arylidene rhodanine derivatives. This study revealed a strong correlation between the experimental
antiproliferative activities and the theoretical descriptors calculated by DFT. In addition, the good
correlation between the Huh-7D12 activity and these three descriptors was confirmed by the nonlinear
multiple regression method. The molecular volume appears as the priority descriptor.
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