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Abstract

Lipophilicity is therefore the characteristic of certain substances of "liking" fatty substances. From a chemical standpoint,
lipophilicity is a substance's affinity for non-polar solvents such as lipids. Lipophilicity is intimately linked to the concept of the
partitioning of a molecule between an aqueous phase and a lipid phase. The concept of lipophilicity, while easy to define, is
nevertheless not easy to quantify. In this study, we conducted a predictive analysis of the acidity constant of sixteen (16)
chlorophenols based on quantum-chemical molecular descriptors. The results obtained are satisfactory and promising regarding
the prediction and explanation of the acidity constant for this family of molecules. A QSPR (Quantitative Structure-Property
Relationship) model linking the acidity constant (pKa) to three molecular descriptors was developed. These molecular descriptors
namely ionization energy (IE), standard entropy of formation (A/S°), and the sum of the absolute values of Mulliken charges (Q)
enable the explanation and prediction of the acidity constant for this family of molecules. This model exhibited highly satisfactory
statistical and validation parameters. They indicate that the developed QSPR model is validated and performs well in predicting
the acidity constant. It can therefore be used to effectively predict the acidity constant of other molecules within its applicability
domain at a 95% confidence level.
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1. Introduction

The widespread use of synthetic organic compounds in in- of contamination include accidental spills, hazardous waste
dustry, agriculture, healthcare, and households represents a  disposal sites, storage tanks, and municipal landfills. To min-
major source of soil and water contamination. Other sources
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imize the environmental impact of organic pollutants, the re-
mediation of contaminated soil typically begins with the ex-
traction of pollutants into an aqueous phase, followed, if nec-
essary, by further chemical or biological treatments. Due to
their widespread use in bactericides, insecticides, herbicides,
and fungicides, chlorophenols constitute a significant source
of soil contamination [1]. Understanding the various physico-
chemical properties of these organic pollutants is essential for
designing remediation processes [2, 3]. The environmental
fate and transport of a chemical compound also depend on its
dissociation constant (Ka). This constant depends on the com-
pound's molecular structure, particularly the number of chlo-
rine atoms in the molecule. For chlorophenols, the dissocia-
tion constant increases (meaning the pKa decreases) as the
number of chlorine atoms in the molecule increases. Depend-
ing on the pKa value, chlorophenols undergo either complete
or partial dissociation [4]. When experimental data for these
physicochemical properties are unavailable, alternative meth-
ods are often employed. Among these, Quantitative Structure-
Property/Activity Relationships (QSPR/QSAR) have at-
tracted significant interest and are even recommended under
new regulations [5, 6]. They enable the development of math-
ematical relationships (models) linking physicochemical
properties and biological activities to molecular structure,
while also explaining the origins of these activities or proper-
ties and predicting them for molecules lacking experimental
data. The general objective is to model the acidity constant
using QSPR methods. More specifically, we will correlate the
acidity constant with certain quantum-chemical molecular de-
scriptors, using an experimental dataset comprising sixteen
(16) chlorophenols with the aim of explaining and predicting

said property for future chlorophenols falling within its ap-
plicability domain.

2. Materials and Methods

2.1. Materials

2.1.1. Experimental Database

Our study focused on an experimental dataset comprising
sixteen (16) chlorophenols. These compounds were sourced
from the work of Marianna Czaplicka [7], and experimental
acidity constants (pKa) are available for them. This dataset
was split into training and test sets. Various rules exist for se-
lecting training and test sets for any given family of com-
pounds [8]. For instance, a common guideline is to allocate
75% of the dataset to the training set and 25% to the test set
[9]. The most widely used approach among QSPR/QSAR
(Quantitative Structure-Property Relationship/Quantitative
Structure-Activity Relationship) practitioners is random split-
ting, which involves dividing the dataset through simple ran-
dom selection. However, it is recommended that the test set
comprise at least 20% of the dataset [10, 11]. In this study, the
experimental dataset was split randomly: eleven (11) mole-
cules representing approximately two-thirds (2/3) of the ex-
perimental dataset were used for the training set, while the re-
maining five (5) molecules representing approximately one-
third (1/3) served as the test set. Table 1 presents the two-di-
mensional structures of these molecules along with their ex-
perimental acidity constants.

Table 1. Experimental dataset [7].

Compound 2D structure and name

Training set

OH
Cl
CP 1
2-Chlorophenol
OH
Cl
CP 2
Cl

2,4-Dichlorophenol

20

pKaexp

8.300

7.500
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Compound

CP 3

CP 4

CP 5

CP 6

CP 7

CP 8

CP 9

2D structure and name

OH

2,4,5-Trichlorophenol

OH

Cl
2,4,6-Trichlorophenol

Cl
Cl Cl

2,3,4,5-Tetrachlorophenol

OH
Cl Cl

2,3,5,6-Tetrachlorophenol

(s

Cl
3-Chlorophenol
OH

Cl

"

21

pKaexp

6.500

7.000

6.000

6.200

5.200

8.800

6.700
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Compound

CP_10

CP_11

Test set

CP_12

CP_13

CP_14

CP_15

2D structure and name

2,6-dichlorophenol

OH
Cl % Cl

3,5-dichlorophenol
OH
01\@01
Cl
2,3,6-Trichlorophenol
OH
Cl
4-Chlorophenol

OH
o4
Cl

2,3-Dichlorophenol

OH
jog
Cl

2,5-Dichlorophenol
OH
i Cl
Cl

3,4-Dichlorophenol

22

pKaexp

6.900

6.000

9.100

6.400

6.400

7.400
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Compound 2D structure and name
OH
Cl Cl
CP_16
Cl
Cl

2,3,4,6-Tetrachlorophenol

2.1.2. Used Theory Level and Softwares

The GaussView 5.0 [12] software was used to represent the
3D structure and visualize the studied molecules. Then, the
Gaussian 09 software [13] was used for optimization and fre-
quency calculation (temperature 298.15 Klevin, pressure 1 at-
mosphere, in vacuum). The theory level used is B3LYP/6-
311+G (d,p). As for 2D structures, they have been represented
with chemsketch [14]. The EXCEL software! was used for
graphic representation. The XLSTAT software? was used for
modeling and statistical tests. For the calculation of the obser-
vation levers, the minitab 18° software was used.

1) Microsoft Corporation (2010) Microsoft Excel 2010

2) Addinsoft (2014) XLSTAT (Version 2014.5.03)

3) Minitab, LLC. (2017) Minitab Statistical Software (Ver-
sion 18)

2.2. Methods

2.2.1. Statistical Analysis

To develop a QSPR (Quantitative Structure-Property Rela-
tionship) model, a data analysis method is required. This
method quantifies the relationship between the studied prop-
erty and the molecular structure (descriptors). There are sev-
eral methods for the implementation of a model and the anal-
ysis of its statistical data. But the one we used in our study is
Multiple Linear Regression (MLR) (Many explanatory varia-
bles).

The general form of the Multiple Linear Regression (MLR)
equation [15] is written as follows:

Y =ap +a;Xy +aX, + -+ apX, (1)
where Y represents the dependent variable (or response), Xi,
Xa,..., Xn correspond to the independent variables or de-
scriptors included in the model, aj, as, ..., an are the regression
coefficients associated with these descriptors, and ao denotes
the constant term of the model. For given values of the explan-
atory variables Xi, Xa,..., Xn, the response variable Y is as-

23

pKaexp

5.300

sumed to follow a normal distribution. Furthermore, the de-
scriptors included in a regression model should exhibit low
correlation with each other to avoid multicollinearity prob-
lems. To ensure the statistical robustness of the model, the
maximum number of descriptors should generally not exceed
one-fifth of the total number of components in the training set.
A regression model that is well-fitted to the experimental data
results in a scatter plot where the points are distributed close
to the regression line, thus demonstrating the quality of the fit.

2.2.2. Molecular Descriptors

(i). Selection Criteria for Molecular Descriptors

Criterion 1: There must be a linear dependency relationship
between the response Y (the property under study) and the ex-
planatory variables X; (molecular descriptors). Under these
conditions, the absolute value of the linear correlation coeffi-
cient |R| between the response (property) and the explanatory
variables (molecular descriptors) must be greater than or equal
to 0.50 [16].

IR| >0.50

Criterion 2: In a QSPR study, two molecular descriptors are
considered independent when they are not correlated with
each other. Statistically, this means that knowing the value of
one does not allow for the prediction or explanation of the
value of the other. For a set of distinct descriptors, it is there-
fore necessary to perform a bivariate data analysis that is, to
calculate the correlation coefficient r for each pair within the
set of descriptors in order to assess the degree of intercorrela-
tion. This type of analysis, known as objective analysis, makes
it possible to reduce the number of descriptors without involv-
ing the dependent variable (the activity or property). Depend-
ing on the value of the correlation coefficient r, the relation-
ships between two descriptors can be interpreted as follows
[17]:

1) r > 0.97, the descriptors are strongly correlated,;

2) > 0.90, the descriptors are moderately correlated;

3) r<0.90, the descriptors are weakly correlated;

4) r < 0.50, the descriptors are considered uncorrelated.
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In the context of constructing a QSPR model, two strongly
or slightly correlated descriptors cannot be simultaneously in-
cluded in the same regression equation due to the multicollin-
earity issues they may cause. Furthermore, since the correla-
tion can be either positive or negative, the analysis performed
in this work relies on the absolute value of the correlation co-
efficient. The various molecular descriptors calculated and
used in this study are presented below:

(ii). Calculated Molecular Descriptors

Three molecular descriptors were calculated in this work:
ionization energy (IE), standard entropy of formation (ASY),
and the sum of the absolute values of Mulliken charges (Q).

1) Tonization energy (IE)

According to the Koopmans approximation [18], the ioni-
zation energy is defined as the negative of the energy of the
highest occupied molecular orbital (HOMO). It is expressed
by the following relation:

IE= - Enomo 2)

2) Standard entropy of formation at 298 K (A¢S 0(298K))

The standard entropy of formation at 298 K, denoted
ArS°(298K), is determined using the atomic entropy values
(S°(X,298K) extracted from the JANAF Thermochemical
Tables [19], together with the molecular entropy obtained
through quantum chemical calculations. The expression pro-
posed by J. W. Ochterski [20] for evaluating the formation en-
tropy of a molecular system is given as follows:

AS°(298K) = S°(M,298K) — ¥ xS°(X,298K)  (3)

x represents the number of atoms of species X present in

molecule M

where S°(M, 298K) = M is the standard absolute
entropy of the molecule

3) Sum of the absolute values of Mulliken charges

As the name suggests, Q is the sum of the absolute values
of the Mulliken charges in the molecule. It is given by the fol-
lowing relation:

Q=2iq; 4)

where q; the Mulliken atomic charge of atom i in the mole-
cule

(iii). Statistical and Validation Parameters

The relationships 5, 6, 7 and 8 were used to calculate many
statistical and validation parameters:
ESS = Z(Yi,cal - ?exp)z (5)

TSS = Z(Yi,exp - ?exp)z (6)

24

RSS = Z(Yi,exp - Yi,cal)2 (7)

TSS = ESS + RSS (8)
where TSS: Total Sum of Squares; ESS: Extended Sum of
Squares; RSS: Residual Sum of Squares.

1) Determination coefficient (R?) [21]

The determination coefficient is given by the following re-
lationship:

X (Yiexp—Yi (:al)2 RSS
R? = 1 — 2 ke Theal) _ g RS9
Z(Yi,exp_Yexp)2 TSS (9)
with
Y (Yical=Yexp)? _ ESS
T TN Ziexp~Yexp)? i\] TSS (10)

2) Standard deviation (s) [22]

It is an indicator of dispersion. It provides information on
how the distribution of data is performed around the average.
The closer its value is to 0, the better the adjustment and the

more reliable the prediction.
_ | Rss
- n—-p-1

3) Adjusted determination coefficient (RZgjusted) [23]

It allows to measure the robustness of a model unlike R2.
This coefficient is used in multiple regressions because it
takes into account the number of parameters (descriptors) of
the model.

Z(Yi,exp_Yi,cal)2
n-p-1

(11)

_ (n—Intercept) RSS __ 1— (n—Intercept) (
"TSS '
R?)

2 —
Radjusted =1 n-p-1 n-p-1

(12)

4) Fisher-Snedecor coefficient (F) [24]

It allows to test the global significance of linear regression.
A globally significant regression equation contains at least a
relevant explanatory variable to explain the dependent varia-
ble. The Fisher-Snedecor coefficient is related to the determi-
nation coefficient by the following relationship:

RZ
"1-R2

n-p-1 ESS _ n-p-1
p 'RSS  p

F= (13)

5) Cross-validation coefficient (QZ0) [25]
It measures the accuracy of the prediction on the data of the
training set

1— Z(Yi,exp_Yi,pred)2 =1— PRESS

Qfoo =
= 2
Z(Yi,exp _yexp) TSS

(14)

According to Erickson et al. [26], a model with a Q%,o >
0.50 is satisfactory for prediction. Conversely, a model with
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a Qfyp > 0.90 is considered excellent.

6) Cross-validation criteria (PRESS) [25]

The sum of the quadratic prediction errors. PRESS (Predic-
tion Sum of Squares) is defined by the relationship:

PRESS = ¥ (Viexp — Yipred)’ (15)

This criterion is used to select models with good predictive
power. (we always look for the smallest PRESS). A standard
deviation of error of prediction (SDEP) is calculated from

PRESS:
: -V 2
SDEPZ\/WZ PRESS
n \ n

In these expressions, n is the number of molecules in the
training set, p is the number of explanatory variables. y; ey,
and y;preq are respectively the experimental and predicted
values of property for molecule i and y.,,, is average value of
the property for the training set.

7) Todeschini’s parameter ( °R3) [27]

°R% s the corrected form of P. P. Roy’s parameter noted
R% [28]. It allows to know if the model is due to chance cor-
relations or not. If this parameter is greater than 0.50, the
model is not due to a chance correlations. It is defined as:

(16)

‘R% = R/R% — R2 a7
with RZ, the average value of R2, of the models obtained with
the randomized property.

8) External validation coefficient (QZ,,) [29]

It measures the accuracy of the prediction on the test set
data.

2 —1— n PRESS(test)
ext ™ TSS

Next (18)
here, nex: refers to the number of test set compounds
9) Parameter (RMSEP) [29]
External predictive ability of QSPR (Quantitative Struc-
ture-Property Relationship) model may further be determined
by root mean square error in prediction given by:

(19)

RMSEP = \[ 2 exp(est) Ypred(test)®

Next

10)Roy K. et al. parameters (r,2 and Ar2) [30]

For the acceptable prediction, the value of Ar2 should
preferably be lower than 0.20 when the value of r2, is more
than 0.50.

J— 2 12
r[zn — (r‘m-;r‘ m) (20)
At =Irj —1'h 2D

25

here rrzn = r2(1 —Jr¢ — rg) (22)
and
r'2 =r?(1—4r2—rp?) (23)

The parameters r? and r? are the determination coeffi-
cients between the observed and predicted values of the com-
pounds (training set or test set) with and without intercept, re-
spectively. The parameter ri? bears the same meaning but
uses the reversed axes.

11)External validation criteria or "Tropsha’s criteria" [25,

31]

There are five such criteria:

1) Criterion 1: R%, > 0.70

2) Criterion 2: Q% > 0.60

% < 0.1 and 0.85<k<1.15
'RZR%‘“Z' < 0.1 and0.85<k’<1.15
5) Criterion 5: |R%,, — R3] < 0.3

where, RZ%,, stands for the determination coefficient of mol-
ecules for the test set; R3 represents the determination coeffi-
cient of the regression between predicted and experimental
values for the test set without intercept; R is the determina-
tion coefficient of the regression between experimental and
predicted values for the test set without intercept. k stands for
the slope of the correlation line (values predicted according to
the experimental values with intercept = 0) and Kk’ is the slope
of the correlation line (experimental values according to the

predicted values with intercept = 0).

3) Criterion 3:

4) Criterion 4:

2.2.3. Test De Shapiro-Wilk

The Shapiro-Wilk test [32] is very popular and is based on
the parameter W. Compared to other tests, it is particularly
powerful for small sample sizes (n < 50). The test statistic is
written as:
k=[5 ’
izt ain-i+1-Vi)

Ti(yi—v)?

W = [ with —a; = ap_i44 (24)

y; corresponds to the series of sorted data.
E] is the integer part of the ratio ~

a; are constants generated from the mean and the variance-
covariance matrix of the quantiles of a sample of size n fol-
lowing a normal distribution. The constants a,_;,, are pro-
vided in specific tables. The W statistic can therefore be inter-
preted as the coefficient of determination (the square of the
correlation coefficient) between the series of quantiles gener-
ated from the normal distribution and the empirical quantiles
obtained from the data.

The null and alternative hypotheses of the Shapiro-Wilk test
are as follows:
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Ho: The sample of size n follows a normal distribution.

H1: The sample of size n does not follow a normal distribu-
tion.

The value of the W statistic is higher the more credible the
agreement with the normal distribution.

IfW< Wcriticals rej ect HO (25)

If W > Waitical, do not reject Ho (26)

3. Results and Discussion

3.1. Values of Calculated Molecular Descriptors

In this study, three molecular descriptors were calculated:
ionization energy (IE), standard entropy of formation (AsSP),
and the sum of the absolute values of Mulliken charges (Q).
Additionally, the correlation between pKa and the molecular
descriptors, as well as the pairwise correlations between the
descriptors themselves, were examined using the correlation
matrix. Table 2 presents the values of these various descriptors
for both the training set and the test set.

Table 2. Values of the calculated molecular descriptors.

Compound 1IE (eV) AS°(kcal/mol. K) Q (e) pKaexp
Training set

CP_1 6.6372 -360.3591 5.1978  8.300
CP 2 6.6802  -365.1694 6.5945  7.500
CP 3 6.8097  -370.6553 6.2894  6.500
CP 4 6.8470  -370.3228 5.3140  7.000
CP 5 6.8636  -370.2912 9.5107  6.000
CP 6 6.9823 -375.9055 5.6736  6.200
CP 7 7.1271 -375.8802 6.1576  5.200
CP_8 6.6641 -359.7067 3.8694  8.800
CP 9 6.8285 -365.4809 7.8791  6.700
CP_10 6.9728 -364.6327 4.5216  6.900
CP_11 6.9194  -370.6237 8.9318  6.000
Test set

CP 12 6.4546  -359.6120 4.1392  9.100
CP_13 6.8375 -365.5567 5.8338  6.400
CP 14 6.8389  -365.2283 6.5735  6.400
CP_15 6.6590 -364.7527 4.0762  7.400
CP_16 6.9458 -375.7771 7.2321  5.300

26

3.2. Normality Test for Experimental Acidity
Constants

Before any QSPR modeling, it is essential to test the nor-
mality of the experimental data to be modeled in this case, the
pKa values. The Shapiro-Wilk test is used to verify the nor-
mality of the data. A summary of the test parameters is pro-
vided in Table 3.

Table 3. Shapiro-Wilk test parameter values.

Weritical p-value 1-a

0.9431 0.8870 0.3887 0.05

Analysis of the data in Table 3 shows that the calculated p-
value is greater than 1 — o= 0.05 (5% significance level). Re-
garding Woritical, the value is lower than the calculated W. Un-
der these conditions, the experimental values of the acidity
constant follow a normal distribution. This normal distribution
is confirmed by the scatter plot's alignment along the line y =
x (Figure 1).

04

Empirical distribution function

0.6 0.8 1

Figure 1. P-P plot (pKaexp) of the model.

3.3. Study of the Intercorrelation Between
Molecular Descriptors and pKa, and
Between Pairs of Molecular Descriptors

First, there should be a linear dependency between the pKa
and the calculated molecular descriptors. Furthermore, the
correlation between pairs of descriptors must be zero or low
to avoid information redundancy. The table below presents the
correlation coefficients between the various calculated molec-
ular descriptors and the acidity constant.
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Table 4. Descriptor correlation matrix.

Variables IE AS° Q pKa
IE 1.0000

AS° -0.8030 1.0000

Q 0.1852 -0.3650 1.0000

pKa -0.8691 0.8948 -0.5853 1.0000

The correlation matrix shows that the absolute values of the
correlation coefficients (|R|) between pKa and the molecular
descriptors are all greater than 0.50. This indicates that the
molecular descriptors correlate with the property being mod-
eled. For the pairs (Q, A:S®) and (Q, IE), the absolute values of
the correlation coefficients are found to be less than 0.50 (Jr| <
0.50). These values, all below 0.50, indicate an absence of cor-
relation between these descriptors when considered in pairs.

Regarding the molecular descriptors A«S® and IE, it is observed
that |r| < 0.90; consequently, these two descriptors are consid-
ered to be weakly correlated. In light of the foregoing, these
three descriptors can therefore coexist within the same QSPR
model. A QSPR model will thus be developed based on these
three parameters.

3.4. Development of the QSPR Model: pKa=f
(IE, AfSO and Q)

A multiparametric QSPR model based on ionization energy
(IE), standard entropy of formation (AS°), and the sum of the
absolute values of Mulliken charges (Q) was developed using
XLSTAT software.

1) Regression equation of the QSPR model

The XLSAT software enabled us to determine the coeffi-
cients of the regression equation for the developed QSPR
model. The regression coefficients are summarized in Table 5.

Table 5. Model regression coefficient values.

Source Value Standard error
Constant 57.3258 4.5374
IE -3.7528 0.7087
AS° 0.0636 0.0204
Q -0.2167 0.0384
Q IE
40% 38%

—

Figure 2. Molecular descriptor contribution diagram.

|tcritical | = 2.36

The regression coefficients in Table 5 assigned to the vari-
ous explanatory variables (molecular descriptors) lead to the
following regression equation:

pKageo = 57.3258-3.7528IE+0.0636A,8°-0.2167Q

27

t Pr > |t|
12.6340 <0.0001 (***)
-5.2952 0.0011 (**)
3.1153 0.0170 (*)
-5.6452 0.0008 (***)

The regression equation clearly shows that the regression
coefficients for ionization energy (IE) and the sum of the ab-
solute values of Mulliken charges (Q) are negative, whereas
the coefficient for standard entropy of formation has the op-
posite sign. Under these conditions, the acidity constant (pKa)
decreases as ionization energy and charge decrease; indeed,
an increase in these two independent variables (descriptors)
leads to a decrease in the acidity constant. Conversely, an in-
crease in standard entropy of formation leads to an increase in
the acidity constant. It is also observed that the p-values for
the intercept and the charge (Q) fall within the interval
[0; 0.001][, indicating a highly significant influence (***) on
the pKa. As for ionization energy, its p-value falls within the
interval 10,001; 0.01]; consequently, its contribution to pre-
dicting the property under study is very significant (**). In
contrast, the p-value for standard entropy of formation falls
within the interval ]0,01; 0,05], indicating a significant in-
fluence on the pKa. Thus, determining these three molecular
descriptors is essential for evaluating the acidity constant of
the family of molecules studied. The absolute values of the t-
statistic and the contribution values reveal that charge Q
makes the largest contribution (40.16%), indicating that it is
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the primary predictive descriptor for the acidity constant of the
chlorophenol family studied. lonization energy contributes
37.67%, while the standard entropy of formation contributes
22.16%. The ranking of the descriptors in descending order of
their contribution to the prediction of the acidity constant is as

follows: Q > IE > Afs(’ . The contributions of these de-
scriptors can be visualized in the following diagram:

2) Model Analysis of Variance (ANOVA) table

This table allows for the easy calculation of various statis-
tical parameters of the model.

Table 6. Model ANOVA table.

Source DF Sum of squares
Model 3 10.8113

Error 7 0.2705
Corrected total 10 11.0818

(***) means "Highly significant"

In Table 6 (ANOVA table), it can be seen that the p-value
falls within the range [0, 0.001), indicating that the model's
regression equation is highly significant (***) for predicting
the acidity constant of the series of molecules studied. This
significance is confirmed by the very high value of the Fisher
coefficient (F = 93.2600), which far exceeds the significance
threshold (Fiimit = 4.35). In short, at least one of the explana-
tory variables is relevant for explaining the dependent variable
(acidity constant). A summary of the parameters determined
using the ANOVA table is presented in Table 7.

3) Model statistical parameters

Various parameters related to the developed QSPR model
were calculated to assess its quality. These parameters are
summarized in the table below:

Table 7. Model statistical parameters.

2 2
n R R Radjusted S

11 0.9877 0.9756 0.9651 0.1966 93.2600

Table 7 shows a very high correlation coefficient (R =
0.9877), indicating that the acidity constant is strongly corre-
lated with the three selected molecular descriptors. Regarding
the adjusted coefficient of determination (RZgjysteq). it Pro-
vides greater precision than the standard coefficient of deter-
mination (R?). The Rf,djusted value is 0.9651, revealing that
96.51% of the experimental variance in the acidity constant is
explained by the model's descriptors. Furthermore, the low
standard deviation (s = 0.1966) indicates a good fit and high
prediction reliability. These statistical parameters yielded sat-
isfactory results, demonstrating the high quality of the devel-
oped QSPR model. However, validation tests are necessary to
avoid overestimating the model's predictive capability regard-
ing truly external molecules.

Mean square F Pr>F
3.6038 93.2600 <0.0001 (***)
0.0386
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3.5. Internal Model Validation

Internal validation of a QSPR model applies only to the
training set. The validation methods used are Leave-One-Out
(LOO) cross-validation and the property randomization test
(Y-randomization).

1) Leave-One-Out cross-validation of the model

The LOO cross-validation parameters values are summa-
rized in Table 8.

Table 8. Statistical parameters for the LOO cross-validation of the
model.

n Q%o r2(LO0) Ar(LO0) PRESS SDEP

11 0.9395  0.7117 0.0000 0.6699 0.2923

It is noteworthy that the model's LOO cross-validation co-
efficient is 0.9395, exceeding 0.90. This demonstrates the
model's excellence in predicting the acidity constant for the
family of molecules under study. Furthermore, the model suc-
cessfully predicts the acidity constants for approximately 94
of the 100 molecules in the training set. The developed model
thus exhibits high predictive capability regarding the mole-
cules in the training set. This result indicates that the devel-
oped QSPR model is highly robust showing minimal sensitiv-
ity to the Leave-One-Out procedure as evidenced by the very
high Q%o cross-validation coefficient and R? determina-
tion coefficient. Regarding the r2 (LOO) coefficient, its
value is 0.7117 (above 0.50), while the Ar2 (LOO) value is
below 0.2. Consequently, the developed model is acceptable
for predicting the acidity constants of the molecules in the
training set. To determine whether the established QSPR
model was the result of chance, a randomization test on the
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property under study was performed.

2) Model Y-randomization test

For the randomization process, a circular permutation (in-
volving 10 iterations) was carried out. A summary of the mean
values for the randomization parameters is provided in Table
9.

Table 9. Statistical parameters for the model's internal LOO valida-
tion.

Randomized param-
etor R Sr F; ‘Rp
Mean value 0.3718 1.0722  1.0056  0.7675

The mean value of the randomized coefficient of determi-
nation (R2) is very low (0.3718), indicating that the regression

line equation accounts for only 37.18% of the data point dis-
tribution (acidity constant). Furthermore, there is significant
dispersion of the data points around the regression line, as con-
firmed by a high randomized standard deviation (s.=1.0722).
The very low value of the randomized model's F-statistic
(F. = 1.0056) indicates that the randomized model equation
is not significant. Regarding Todeschini’s corrected parameter
( °R3), its value is 0.7675, which is well above 0.50. Since this
parameter exceeds 0.50, it is evident that the developed QSPR
model is not the result of chance correlations.

3.6. External Validation of the Model

External validation applies only to the test set. Parameters
were determined for this validation, and Tropsha's criteria
were verified.

3) Statistical parameters for model external validation

The values of the model's external validation parameters are
summarized in Table 10.

Table 10. Statistical parameters for model external validation.

Q3xt 1 (test)

DNext R%xt

5 0.9736 0.6210 0.8194

An analysis of the data in Table 10 indicates that the model
possesses acceptable predictive power, evidenced by the high
value of the external validation coefficient (Q2,, = 0.6210).
This implies that, for every 100 molecules in the test set, the
model successfully predicts the acidity constants for approxi-
mately 62 of them. Furthermore, 97.36% of the experimental
variance in the acidity constant is explained by the model's
descriptors. Regarding 12 (test), the value exceeds 0.50,
while the value for ArZ (test) is below 0.2. Thus, the devel-
oped model is acceptable for predicting the property in ques-
tion for the test set molecules. Additionally, the five Tropsha
criteria have been satisfied.

Vé&ification des critées de Tropsha du modée

Criterion 1. R2,, = 0.9736 > 0.70

Criterion 2: Q2% = 0.6210 > 0,60

2 _n2
Criterion 3 et _ 258 <01 and k=
ext
1.0786 with 0.85 < k < 1.15
2 _pI2
Criterion 4; RexRe’l _ 0 0558 < 01 and k' = 0.9259

ext

with 0.85 < k' < 1.15

Criterion 5: |RZ%,, — R3| = 0.0251 < 0.3

It is observed that all five of Tropsha’s criteria are met.
Consequently, the model performs very well in predicting the
acidity constant of the molecules in the test set from the ex-
perimental database.

ArZ (test) PRESS (test) RMSEP

0.0000 1.9089 0.6179

. _pK Qexp
4) Ratio T = Phkagp,

The model's performance was also evaluated by analyzing
PKaeyxp

Pkatheo
obtained are summarized in Table 11.

of the test set

the ratio T = for the test series. The values

. _ PKaexyp
Table 11. Ratio values T = PKineo’
_ PKagy
pKanP PKameo U - pKagpeo
9.1000 9.3255 0.9758
6.4000 7.1430 0.8960
6.4000 6.9985 0.9145
7.4000 8.2450 0.8975
5.3000 5.7833 0.9164

Analysis of Table 11 shows that the values of the ratio t =

PKaeyp
pKatheo
strates that the model performs very well in predicting the

acidity constant for the series of molecules studied and can be

are essentially equal to unity. This demon-
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used to predict values for other molecules in the same family.

5) Comparison between model-predicted values and exper-
imental values of the acidity constant for the test set

The theoretical pKa values were compared with the

experimental values based on the regression constants from
the pKameo=f(pKaexp) plots in Figure 3 and the pKaex,=f(pKa-
theo) plots in Figure 4.

11.00
pKagye, = 1.0786*pKay,,
10.00 R2=0.9987
9.00
5 800
=h
7.00
6.00
5.00
5.00 6.00 7.00 8.00 9.00 10.00 11.00
pKanp

External validation

Linear (External validation )

Figure 3. Plot of pKatheo=f(pKaexp) for the model test series (intercept = 0).

11.00
10.00
pKagg, = 0.9259*pKay,,
9.00 R?=0.9987
5 8.00
=9
7.00
6.00
5.00
5.00 6.00 7.00 §.00 9.00 10.00 11.00
pKatheo

External validation

Linear (External validation )

Figure 4. Plot of pKaexp=f{pKatheo) for the model test series (intercept = ).

Based on Figures 3 and 4, the slope values k = 1.0786 and
k> =10.9259 are very close to unity. This indicates that the cal-
culated pKa value is very close to the experimental value
(pKameo=f(pKaexp)), resulting in a ratio close to unity. The ex-
ternal validation results further demonstrate that the model
performs very well in predicting the pKa of the studied series
of molecules. It can be effectively used to predict the pKa of
new chlorophenols falling within its applicability domain.

30

3.7. Correlation Between Model-predicted
Values and Experimental Values of the
Acidity Constant

The distribution of data points around the regression line in
Figure 5 reveals a strong linear correlation between the model-
predicted pKa values and the experimental values. Figure 6
shows a similarity between the curves representing the model-
predicted values and the experimental values, particularly for
the test set. Consequently, these graphs confirm that the model
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is validated and acceptable for pKa prediction. This also re-  this QSPR model.
flects the suitability of the level of theory employed to develop

11.00
10.00 pKa = 0.95;!6*pKzlixp +0.3087
R?=0.9308
9.00
2 a."'®
g 8.00 -
7.00 0.
"o
6.00 . ...
[ X0
5.00
5.00 6.00 7.00 8.00 9.00 10.00 11.00
pKae_\}.
@ Internal validation LOO (Training set)
Test set
s«ss« Linear (Internal validation LOO (Training set))
Figure 5. PKatheo-pKaexp scatter plot of the model.

11.00
10.00

9.00

8.00 /\
7.00 / . |
6.00 \/

5.00

pKa

4.00
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Molecule

D Aexp pKatheo

Figure 6. Similarity curve between model-predicted pKa values and experimental pKa values.

3.8. Normality Test for Model Data Table 12. Shapiro-Wilk test parameters for the model.
The Shaplro—Wllk test was used to verify the normality of W Weritique STt 1-a

the data derived from the model. The test parameters are sum-

marized in Table 12. 0.9496 0.8870 0.4837 0.05
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Analyse of the values in Table 12 shows that the calculated
p-value is greater than 1 — o = 0.05 (5% significance level).

Regarding W-critical, the value is lower than the calculated W.

Consequently, the normality hypothesis is consistent with our
data. This normal distribution is confirmed by the scatter plot's
alignment along the first bisector (the line defined by y = X)
(Figure 7).

0.9

0.8

T'heoretical cumulative distribution function
=
o

0.4
Empirical distribution function

0.6

Figure 7. P-P plot (pKatheo) of the model.

4. Conclusion

This study investigated the predicted variation of the acidity
constant of sixteen (16) chlorophenols based on quantum
chemical descriptors. A multiparametric QSPR model was de-
veloped, incorporating ionization energy (IE), standard en-
tropy of formation (AfS®), and the sum of the absolute values
of Mulliken charges (Q). The model demonstrates highly sat-
isfactory statistical and validation parameters, R?=0.9756;
R 4justea =0.9651; $=0.1966; F=93.2600; Q?.00=0.9395;
r2(L00) =0.7117; Ar2(LOO) = 0.0000); RZ, =0.9736;
Q%x=0.6210; 1,2 (test)=0.8194; ArZ(test)= 0.0000. These
various parameters demonstrate that the developed QSPR
model is validated and performs well in predicting the acidity
constant, making it an acceptable predictive model. Conse-
quently, it can now be used to predict the acidity constant of
future chlorophenols from the same family that fall within its
applicability domain. Therefore, future work will involve us-
ing this model to design new chlorophenols with desired acid-
ity constants.

Abbreviations
QSPR Quantitative Structure-Property Relationship
QSAR  Quantitative Structure-Activity Relationship
MLR Multiple Linear Regression
TSS Total Sum of Squares
ESS Extended Sum of Squares
RSS Residual Sum of Squares
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PRESS  Prediction Sum of Squares

SDEP Standard Deviation of Error of Prediction
HOMO  Highest Occupied Molecular Orbital

IE lonization Energy
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