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Abstract: The study of the quantitative structure activity relationship (QSAR) of liver cancer was carried out using a series
of twenty-five (25) molecules derived from thioureas. The molecular descriptors were obtained after optimization of all these
molecules at the B3LYP/6-31+ G (d, p) computational level. The multiple linear regression (MLR) method was used to carry
out this study. The use of this method has thus made it possible to obtain a model from the molecular descriptors that are the
lipophilicity LogP, the bond lengths d(C=N2) and d(N2-Cphenl), the vibration frequency v (C =0O) and the number of atoms.
The results of the statistical indicators obtained from the model (R2=0.906; RMCE=0.198; F= 21.170), allow us to say that this
model is acceptable, robust and has good predictive power. Also, the vibration frequency of the carbon-oxygen double bond
(C=0), the length of the C-N2 bond and the lipophilicity (LogP) were found to be the priority descriptors in the prediction of
the anticancer activity of the liver. Moreover, all the criteria of Tropsha et al. were verified by our model. Moreover, the
analysis of the domain of applicability of this model shows that a prediction of the anticancer activity of new derivatives of
thiourea is acceptable when its leverage value is less than 1.06, otherwise the anticancer activity of the liver of this compound
could not be reliably predicted.

Keywords: QSAR, RML, Thiourea Derivatives, Lipophilia (LogP), Area of Applicability

chemotherapy is the most common method and remains less
expensive than surgery and radiotherapy. Tumors in the
metastatic phase can be easily treated with chemotherapy [8].
It is in this context that there is a constant demand for new
anti-cancer treatments and agents [9].

1. Introduction

Liver cancer is the third leading cause of death among
cancers worldwide [1]. Africa and Asia remain the two
continents with the highest incidence of liver cancer [2].

Treatments include surgery, radiotherapy and chemotherapy,
among others. Current treatment modalities including
chemotherapy are often accompanied by high toxicity,
including normal or healthy cells, and resistance to drugs,
even if these are combined. [3-7]. The treatment of cancer is
indeed difficult and remains a huge challenge because of a
lack of specificity of treatment on malignant cells, without
healthy or normal cells being also affected [5]. However,

The research, design and development of drugs remains a
tedious process strewn with pitfalls and which requires a
colossal investment of time and money [10]. The discovery of
an actual drug molecule requires about 15 years of research
[11]. It is in view of all this that new lines of research based on
predictive methods of the activities and properties of
molecules have emerged, in particular the QSAR (Quantitative
Structure Activity Relationship) methods. These predictive
methods have greatly reduced biological tests and facilitated



Science Journal of Chemistry 2023; 11(3): 78-87 79

the design of new therapeutic compounds [12]. Nowadays, the
development and constant performance of increasingly reliable
computer tools has enabled a boom in the use of molecular
modeling in drug research and design. The use of alternative
methods to experimentation, based on mathematical models,
including the Quantitative Structure Activity Relationship or
RQSA method, has thus become of great interest because of its
many advantages [13].

Thioureas remain one of the most active families of
anticancer molecules and constitute excellent building blocks
or "scaffolds" in the discovery of new cancer candidates.

They have a variety of therapeutic applications,
particularly in cancer treatment [14, 15]. Thioureas are a
class of organic compounds with the general formula
(R1R2N) (R3R4N) C=S. Their structures are similar to those
of ureas except that the sulfur atom is replaced by that of

oxygen [16, 14] (Figure 1).
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Figure 1. Structures of urea, thiourea and thiourea derivatives.

The properties of ureas and thioureas differ significantly due
to the difference in electronegativities between oxygen and
sulfur [16]. Thioureas and their derivatives are widely used in
the medical field as drugs and have shown numerous
biological activities. One of the most important applications of
thiourea derivatives is their anticancer activity. Many thioureas
are used in many cancer therapies and many of them are in the
clinical trial phase. Thiourea derivatives are among the most
active anticancer drugs that remain effective in cytotoxicity
[15, 17]. In the present work, a QSAR study was conducted on
a series of thiourea derivatives active as potential anticancer
agents using DFT (Density Functional Theory).

2. Materials and Methods
2.1. Materials

W. Bai et al. [18] carried out in vitro tests of a series of
molecules of the thiourea family and their derivatives on
cancerous cells, among others HepG2 (human hepatoma cell
line) in which the percentages of inhibition at 10 uM of
anticancer activities, in particular antiproliferative and
antitumor. The twenty-five (25) molecules derived from
Thioureas the subject of our QSAR study. They were coded
from TH1 to TH 25. Their designation codes, numbers and PI
inhibition percentages are listed in Table 1.

Table 1. 2D Structures, Designation Codes, Numbers and PI Inhibition Percentages Twenty-Five (25) Molecules of Proposed Thiourea Derivatives.
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2.2. Methods

2.2.1. Level of Computational Theory

In QSAR studies, DFT methods are generally able to
satisfactorily generate a variety of molecular properties
because they have a better predictive capacity by reducing
computation times and design costs for new drugs [19-22].
The prediction of anticancer activity of thiourea derivatives
quantum chemical calculations were performed using
Gaussian 09 software [23] with its GaussView 05 graphical
interface. In this work All molecules were optimized and the
theory level B3LYP/6-31+G (d, p) was used to determine the
molecular descriptors. The modeling was developed using
the statistical method of linear multiple regression (RML)
which is implemented in FExcel [24] and XLSTAT [25]
spreadsheets.

Biological data are usually expressed in logarithm to
obtain better mathematical values when the structures are
biologically active [26, 27].

Anti-cancer activity activity will be expressed logAAC as
a function of the PI inhibition potential defined by equation
(1) [28-30]:

PI D
logAAC :logm - log " (1)

PI: Percentage inhibition

D: Molar volume concentration or absorbed dose

M: Molecular molar mass

2.2.2. Molecular Descriptors Used

Five (05) theoretical molecular descriptors were
determined for the development of our QSAR model. These
are the LogP lipophilicity, the C=N2 and N2-Cphenl bond
lengths, the vibrational frequency of the v (C=0) bond, and
the number of fluorine atoms F in the molecule.

A lipophilic substance is a substance that "likes oil".
Lipophilia is a physico-chemical parameter which therefore
expresses the affinity of a molecule for a lipid environment
[31]: oil, cell membrane, lipid solvent. It is commonly
measured by the distribution of the molecule, neutral,
soluble, between water and another immiscible solvent:
generally n-octanol (or octan-1-ol) [32-35]. The lipophilicity
is evaluated in a practical way from the decimal logarithm
value of the partition coefficient logP, and which is equal to
the logarithm of the ratio of the concentrations of the
substance studied in octanol and in water logP = log
(Coct/Ceau). Thus: If logP > 0; then P>1, the molecule is
lipophilic. It is soluble in the lipid phase: it is then non-polar.
If logP < 0 then P<1, the molecule is hydrophilic, it is soluble
in water: it is then polar. Molecular lipophilia occupies a
prominent place in the study of chemical substances with
medicinal properties [36]. It is the most important
physicochemical descriptor for the biological activity of a
drug appearing in 70% of QSAR methods [33]. Lipophilia is
involved in determining the pharmacokinetic and
pharmacodynamic properties as well as the bioavailability
and permeability of drugs [34, 36]. According to Gnewuch et
al [37], logP gives a measure of the infiltration of a drug

through cell membranes and its subsequent migration into the
cell nucleus. For these authors; If logP < 0 the molecule is
too hydrophilic, it has poor lipid, and therefore membrane,
permeability. If 0 < logP < 3 the molecule has biological
activity, good permeability and solubility. If logP > 0 the
molecule has high solubility and good penetration into cell
membranes but low aqueous solubility and cannot be
transported by blood plasma. In this work, the Chemsketck
software [38] allowed us to determine the logP values.

Bond lengths are geometric descriptors that can be
determined from the relative positions of a molecule in space
and require knowledge of the 3D structure of the molecule.
This can be obtained experimentally but most often by
empirical or ab initio molecular modeling, thus requiring a
certain calculation time [39]. The bond lengths d(C-N2) and
d(N2-Cphenl) and the vibration frequency of the carbon-
oxygen bond v (C=0) used in our work were obtained using
Gaussian 09 software [23] with its GaussView 05 graphical
interface and are illustrated in Figure 2 below.
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Figure 2. Bond lengths d(C-N2) d(N2-Cphenl) and bond vibration
frequency v (C=0).

The number of fluorine F atoms in the molecule is a
constitutional molecular descriptor. The number of atoms in a
molecular system remains the simplest descriptor to
determine or represent because it does not take into account
any geometric or electronic consideration.

2.2.3. Estimating the Predictive Ability of a QSAR Model

The quality of a QSAR model, once developed: is linked
to its reliability, its robustness and its predictive nature, must
be established using statistical analysis criteria including the
coefficient of determination R?, the standard deviation (S) or
the Root Mean Square Error (RMCE), the cross-validation
and Fischer correlation coefficients F, R% S and F relate to
the adjustment of the calculated and experimental values.
They describe the predictive capacity within the limits of the
model, and make it possible to estimate the precision of the
values calculated on the test set [27, 40]. The cross-validation
coefficient provides information on the predictive power of
the model; which is said to be "internal" because it is
calculated from the structures used to build this model. The
coefficient of determination R? gives an evaluation of the
dispersion of the theoretical values around the experimental
values. Thus, the quality of the modeling is better when the
points are close to the fitted line [41]. The adjustment of the
points to this line can be evaluated by the coefficient of
determination. These different parameters are calculated
according to the following expressions:
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The Coefficient of determination R?

N 2
RZ =1- Z(yi.exp_Y_l,theo)Z (2)
Z(yi,exp_yi,exp)

With:

Yiexp: €xperimental value of the biological activity

Vi theo: theoretical value of the biological activity

Viexp : Mean value of the experimental values of the
biological activity.

The Root Mean Square RMCE Error is another statistical
indicator used. It is used to assess the reliability and accuracy

of a model:
2
RMCE = _[20iexp~Yitneo)” .
n-k—-1

The closer the value of R? is to 1, the more the theoretical
and experimental values are correlated.

The Fisher F test is also used to measure the level of
statistical significance of the model, ie the quality of the
choice of descriptors constituting the model.

2

_ Y(vithéo—Yiexp)  n—k-1 4

= A, “4)
Z(Yi,exp‘)’i,théo)

The coefficient of determination of the cross-validation
makes it possible to evaluate the accuracy of the prediction
on the learning set. It is calculated using the following
relationship:

_ 2 2
2 _ Y(itheo=Tiexp) ~2(Vithéo=Viexp) 5
QCU - _ 2 ( )
Y(Vithéo—TViexp)

2.2.4. Model Acceptance Criteria

According to Eriksson et al. [42], The performance of a
mathematical model is characterized by a value of Q2 ;
QZ%, > 0.5 for a satisfactory model, and Q%, > 0.9 when
for the excellent model. According to these authors, given a
test set, a model will perform well if the acceptance criterion
R? — Q2, < 0.3 is respected.

According to Tropsha et al. [43-46], for the external
validation set, the predictive power of a model can be
obtained from five criteria. These criteria are as follows:

1)R2,, > 0.7,

2) ng Test =~ 0.6,

3) |R%est - R(z)l <03,

2 _p2
4y Rrest=Ral g 1 o1 0.85 < k < 1.15,

Test

2 o2
5y Brest=R%l _ 0 1 61 0.85 < k' < 1.15.

Test

2.2.5. Domain of Applicability (DA)

The domain of applicability (DA) of a QSAR model is the
physico-chemical, structural or biological space, in which the
model equation can be applied in order to be able to make
predictions for new compounds [47]. It is the region of the
chemical space which includes the compounds of the training
set and the similar or analogous compounds, which are close
in this same space [48]. It therefore appears necessary and
even mandatory to determine the domain of applicability
(DA) of a QSAR model. It is a method based on the variation
of the standardized residuals of the dependent variables with
the distance between the values of the descriptors and their,
called levers. These levers constitute the elements of a matrix
H called hat matrix, which is a projection of the experimental
values of the explained variable in the space of values of the
predicted variable as follows

Ypréd = Hyexpé (6)

is given by expression (7):
H=XX'X)"1xt (7
The value of its standardized residual of Any compound
that falls within the scope of the model included in the

interval [-30 ; +30 ]., where ¢ is the standard deviation.
The critical value of the lever (h*) is fixed at:

_ 3(k+1)
- n

h* (®)
Where n is the number of test compounds used; k is the
number of model descriptors.

3. Results and Discussion

Our QSAR study was conducted on a series of twenty-five
(25) molecules derived from Thioureas active as potential
anticancer agents using DFT by the B3LYP method in 6-
31+G (d, p). Their HepG2 liver anticancer activities are
given by the decimal logarithm Log AAC HepG2 calculated
from their Inhibition percentages at 10uM. These thiourea
derivatives were grouped into two groups, seventeen (17)
were used for the learning game and eight (08) for the
validation game. The modeling of the anticancer activity was
carried out from five descriptors which are the lipophilic
LogP, the bond lengths d(C=N2) and d(N2-Cphenl), the
vibration frequency v (C=0) and the number of fluorine F
atoms in the molecule. The values of the descriptors as well
as those of the experimental biological activities of the
compounds are recorded in Table 2.

Table 2. Experimental physicochemical and log AAC HepG2 descriptors of the training and validation sets.

Molecules Log P d(C=N2) (&) d(N2-Cphenl) @A) v (C=0) (cm™) F logAAC HepG2
Learning Set

TH1 3.580 1.374 1.417 1734.860 1.000 6.881

TH2 4.250 1.371 1.422 1730.660 0.000 7.140

TH3 4.350 1.372 1.418 1733.790 4.000 7.255

TH4 4.900 1.376 1.422 1742.020 3.000 8.025

THS5 5.270 1.375 1.423 1741.780 6.000 8.019
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Molecules LogP d(C=N2) A) d(N2-Cphenl) A& v (C=0) (cm™) F logAAC HepG2
TH6 3.580 1.374 1.417 1735.500 0.000 7.084
TH7 3.860 1.376 1.417 1732.220 0.000 6.927
THS8 5.520 1.377 1.423 1728.770 0.000 6.613
TH9 3.740 1.379 1.420 1742.290 2.000 6.514
TH10 3.900 1.380 1.421 1742.140 3.000 6.513
TH11 4.410 1.380 1.419 1742.450 1.000 7.094
TH12 4.500 1.380 1.421 1742.650 4.000 7.154
TH13 5.060 1.380 1.410 1742.320 4.000 7.874
TH14 5.420 1.376 1.421 1742.290 7.000 8.050
THI15 3.470 1.377 1.423 1742.410 1.000 7.125
TH16 3.410 1.379 1.420 1742.140 1.000 6.571
TH17 3.740 1.380 1.420 1742.190 1.000 6.789
Validation Set
TH18 3.420 1.375 1.418 1735.490 0.000 6.845
THI19 3.340 1.376 1.422 1741.980 0.000 7.248
TH20 2.980 1.378 1.421 1741.820 0.000 6.496
TH21 7.000 1.376 1.423 1734.140 6.000 8.055
TH22 3.580 1.381 1.419 1742.430 1.000 6.170
TH23 6.930 1.375 1.423 1740.360 6.000 8.598
TH24 6.400 1.375 1.424 1734.000 6.000 7.893
TH25 5.560 1.375 1.423 1743.210 6.000 7.722

3.1. Interdependence of Descriptors

The different descriptors used for the model must be independent of each other. This interdependence of these descriptors is
measured using the partial correlation coefficients aij, The values of the partial correlation coefficients aij in Table 3.

Table 3. Correlation matrix between the different physico-chemical descriptors.

Variables Log P d(C=N2) d(N2-Cphenl) v (C=0) F

Log P 1.000 -0.037 0.125 -0.045 0.589
d(C=N2) -0.037 1.000 -0.124 0.664 0.059
d(N2-Cphenl) 0.125 -0.124 1.000 0.037 0.033
v (C=0) -0.045 0.664 0.037 1.000 0.504
F 0.589 0.059 0.033 0.504 1.000

The partial correlation coefficient aij contained in Table 3 between the pairs of descriptors is less than 0.7 (aij < 0.70). This
result reflects the independence of the descriptors used to develop the model.

3.2. Multiple Linear Regression (MLR)
Equation (8) represents the determined QSAR model equation.

logAAC (HepG2) = 114.86329 + 0.68393  Log P — 173.87212 * d(C — N2) — 59.89 * d(N2 — Cphenl) +

0.12305 xv (C = 0) — 0.08679 x F 9)
The negative signs of the coefficients of the C-N2 and N2-
Cphenl bond lengths and of the number of fluorine atoms F Table 5. Tropsha criteria checks of the RML model external validation set.
reflect the fact that the anticancer activity is improved for  Statistical Parameters Tropsha criteria checks [46-49]
small values of these different molecular descriptors. On the Rz > 0.7 0.9059
other hand, this anticancer activity is improved for Qo i 0,8851
. e . . . |R? — R§| <0.3 0.0001
lipophilicity (LogP) and the vibration frequency of the C=0  |zz_gz o1 0.0001
bond because of the positive sign of their respective R? ) '
. .. c g . k 0.85<k <115 1,0162
coefficients. The statistical indicators of the model are given  |z2_pr
. = <0.1 0.0001
in Table 4. R?
k' 0.85 < k' < 1.15 0.9831

Table 4. RML model statistical analysis report. . . . . .
e The value of the coefficient of determination which is

Wl wfeosseilons Uy 0.9059 indicates that the estimated values of logAAC HepG2
Coefficient of determination R 0.9059 . . o .

Standard deviation RMCE 0.198 contain practically 90.1% of the experimental values. The
Fisher test F 21.170 standard deviation (RMCE = 0.198) expresses the small
C?efﬁcient of determination of the cross-validation Q2, 0.8851 variation of the predicted values with respect to the
R>-Q%, 0.021

Confidence Level o > 95% experimental mean. The value of the Fisher test which 21.170

is relatively high compared to the critical value Fer = 4.74
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[49]. This shows that the error made is less than what the
model explains [49]. For this model, the cross-validation
correlation coefficient is equal to = 0.8851 and =0.9059-
0.8851= 0.021 < 0. 3.. These different values reflect a
satisfactory model in accordance with the acceptance
criterion according to Eriksson et al. [42], the verifications of
the Tropsha criteria are recorded respectively in Table 5.

The values in Table 4 show that all the Tropsha criteria are

met. All these statistical indicators clearly show that the
model developed explains the anticancer activity of thiourea
derivatives in a statistically significant and satisfactory
manner. These different results are confirmed by the
regression graph of the RML model showing the theoretical
anticancer activity as a function of the experimental activity
shown in Figure 3.

Regression curve of the model

& 9:000
2, 8,500
& 8,000
g 7500 .
[ ) o

T L e

6,000
® 6,000

=

6,500 7,000

R*=0,9059

7,500 8,000 8,500 9,000

LogAAC (HepG2)

¢ Learning Set

¢ Validation Set

Linéaire (Learning Set)

Figure 3. The regression line of the RML model.

The regression curve of the RML model, after analysis,
shows that all the points are around the regression curve of
the RML model, confirmed by a low value of the difference
RMCE = 0.198 between the values of Log AAC (HepG2)

experimental and that of theoretical Log AAC (HepG2). This
good similarity between these values is illustrated by the
similarity curve of the model in Figure 4.

Model similarity curve

10.000
8.000
6.000
4.000
2.000
0.000

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

=0-=LogAAC HepG2

==0==pred(LogAAC HepG2)

Figure 4. The regression line of the RML model.

In view of all these observations, our model presents a
good reliability with a satisfactory predictive power on all the
compounds of the learning set. Our model is acceptable and
suitable for predicting the anticancer activity of our series of
thiourea derivatives.

3.3. Contribution of Model Descriptors

The predictive power of this model depends on five
theoretical descriptors. However, these different descriptors
do not have the same weight in this activity. It is important to
determine the contribution of each of these theoretical
descriptors to the anticancer activity of molecules that may
belong to the chemical space of application. The
determination of the contribution makes it possible to define
an order of priority of the descriptors thus facilitating the
arbitration at the level of the possible choice of the
parameters likely to be modified to achieve an optimal
activity. The values obtained are represented through the

diagram of figure 5.

LogAAC HepG2 / Normalized coefficients
(Int. de conf. 95%)

15 v (TO)
1 Log P

’ | | ]
LIJ d(N2-(,Iphenl) F

d(CEN2)
VARIABLE

STANDARDISED COEFFICIENTS
)
in

Figure 5. Normalized coefficients of Anticancer Activity Model descriptors.

According to this graph, the importance of the weight of
the descriptors involved in our model decreases in absolute
value in the following order v (C=0) >d(C-N2) >logP> F > d
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(N2 —Cphenl). The contribution analysis shows that the
vibration frequency v (C=0) is the significant descriptor in
the prediction of the anticancer activity of the liver of our
model. The weights of the two other descriptors, namely the
length of the C-N2 bond remain just as preponderant. A high
lipophilicity value also improves the activity according to.
However, high logP values are a sign of high lipid solubility
and good penetration into cell membranes, but this implies
low aqueous solubility. This can impair the transport of the
drug by the blood plasma. According to their negative signs
of the coefficient, the other parameters a decrease in the
lengths of C-N2 and N2 —Cphenl bonds and the number of
fluorine F atoms in the molecule increases the anticancer
activity. The bond length between two atoms, which is
inversely proportional to the bond energy, depends, in all
rigor, of the molecule in which these are found. It depends, in
the case of organic compounds, on various factors such as the
hybridization of the orbitals and the electronic and steric
nature of the substituents. In practice, reducing the number of
fluorine atoms in the molecule seems to be the easiest
operation to perform among these three molecular descriptors
in order to improve the anticancer activity of thiourea
derivatives according to the model developed.

3.4. Model Applicability Domain (DA)

The domain of applicability (DA) of our model was
obtained using the method of levers. This method consists of
analyzing through a diagram called the Williams diagram. In
this diagram is represented the variation of the standardized
prediction residuals according to the values of the levers hi
of each of the compounds. These compounds having its
activity predicted by the model. Outliers are those whose
values differ significantly from the patterns and trends of
other values within the series. As for the influential
compounds, their values of the variation of the standardized
prediction residuals are outside the limit set by the critical
value h* symbolized by the line parallel to the axis of the
variation of the standardized prediction residuals. Any
compound that falls within the scope of the model must have
the value of its standardized residual included in the interval
[-30;+30].

Applicability Domain
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Figure 6. Williams diagram of standardized residues according to the levers
of the compounds used.

Figure 6 presents the Williams diagram which represents
the variation of the prediction residuals according to the
levers of the compounds where the points in blue represent
the samples of the learning set and in brown the samples of
the validation set.

An analysis of this diagram shows that all the samples of
the training games all have levers below the critical value. In
this series, there are no aberrant or influential compounds.
Thus, all the compounds that fall within the scope of the
model all have the value of their standardized residue
included in the interval of standardized residue limits —3 and
+3 of their standard deviation. All compounds therefore have
their levers below the threshold lever.

4. Conclusion

Our work consisted in establishing a relationship between
the anticancer activity of the liver and their physicochemical
properties characterized by molecular descriptors. Five
molecular descriptors, namely log P lipophilicity, C-N2 and
N2-Cphenl bond lengths, C=0 vibrational frequency and the
number of fluorine atoms in the different compounds allowed
us to explain the anticancer activity of the liver. Multiple
linear regression (MLR) was used as a method to establish
our mathematical model and provided the values of the
statistical indicators of the model (R220.9059; RMCE=0.198;
F=21.170). These values clearly show that our model is
acceptable, robust and has a good predictive power of the
anticancer activity of the liver studied. The analysis of the
contributions made it possible to show that the vibration
frequency of the carbon-oxygen bond (C=0), the length of
the C-N2 bond and the lipophilicity (LogP) appear as the
significant descriptors in the prediction of the anticancer
activity of the liver of our model. An increase in the
vibrational frequency of the C=O bond and reasonable
lipophilicity, with a decrease, among others, in the number of
fluorine atoms in the molecule improve the anticancer
activity of the liver according to our model. The analysis of
the domain of applicability of this model shows that a
prediction of the anticancer activity of new thiourea
derivatives is acceptable when its leverage value is less than
1.06, otherwise the anticancer activity of the liver of this
compound does not could be reliably predicted. Any proposal
for molecules aimed at improving the anticancer activity of
these thiourea derivatives should take this into account.
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