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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. In this study, we modeled the octanol/water partition 

coefficient of a family of alkylpyridines using quantum-chemical molecular descriptors. Two molecular descriptors were 

calculated in this context: electronic energy (ET) and the energy gap (ΔEgap). QSPR (Quantitative Structure-Property 

Relationship) methods enabled us to correlate the octanol/water partition coefficient with these two molecular descriptors. The 

statistical and validation parameters are satisfactory. Statistical indicators have demonstrated a strong correlation between the 

octanol/water partition coefficient and these two independent variables. Validation parameters confirm that the established model 

is valid and performs effectively in predicting the octanol/water partition coefficient for the family of alkylpyridines studied. 

Consequently, it can be used to reliably predict the octanol/water partition coefficient for alkylpyridines within this same family 

provided they fall within the model's applicability domain at a 95% confidence level. From now on, designing new alkylpyridines 

with specific octanol/water partition coefficients requires only adjusting the two parameters of this model: electronic energy (ET) 

and the energy gap (ΔEgap). This work will thus simplify the task for experimental chemists synthesizing this family of 

molecules, provided they fall within the applicability domain of the developed QSPR model. 
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1. Introduction 

For over a century, chemists have been developing methods 

for the synthesis of pyridine; interest in this field is unlikely to 

wane, given the enduring importance of the pyridine core in 

both biological and chemical contexts. Many naturally occur-

ring pyridine-based alkaloids are derivatives of nicotinic acid. 

Although picoline was isolated in 1846 [1], the elucidation of 

the pyridine structure by Körner and Dewar in 1869 and 1871, 
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respectively marked the beginning of significant chemical re-

search in this area [2]. Historically, many pyridine syntheses 

have relied on the condensation of amines and carbonyl com-

pounds. These methods, along with other techniques for pre-

paring the pyridine ring, are often characterized by the number 

of atoms contributed by each fragment to the formation of the 

six-membered aza-heteroaromatic ring. Pyridine derivatives 

constitute an important class of aza-heterocycles found in nu-

merous natural products, active pharmaceutical ingredients, 

and functional materials [3-6]. Diploclidine [7] and nakina-

dine A [8] are two examples of recently isolated, structurally 

diverse natural products containing a pyridine core. Pyridine-

derived drugs include atazanavir [9] (Reyataz) and imatinib 

mesylate [10] (Gleevec). These drugs are prescribed for the 

treatment of human immunodeficiency virus (HIV) infection 

and chronic myeloid leukemia, respectively. Pyridine deriva-

tives are also incorporated into polymers such as polyvi-

nylpyridine [11]. Prior to the organic synthesis of drugs, 

knowledge of the octanol/water partition coefficient is crucial, 

as it helps elucidate how drugs are absorbed by the human 

body. When experimental values for these physicochemical 

properties are unavailable, alternative methods to experimen-

tation are often employed. Among these, Quantitative Struc-

ture-Property/Activity Relationships (QSPR/QSAR) have at-

tracted significant interest and are even recommended under 

new regulations [12, 13]. They enable the development of 

mathematical relationships (models) linking physicochemical 

properties and biological activities to molecular structure; fur-

thermore, they allow for explaining the origins of these activ-

ities or properties and predicting them for molecules lacking 

experimental data. The general objective is to model the oc-

tanol/water partition coefficient using QSPR methods. More 

specifically, we will correlate the octanol/water with certain 

quantum-chemical molecular descriptors, using an experi-

mental dataset comprising fifteen (15) alkylpyridines. 

2. Materials and Methods 

2.1. Materials 

2.1.1. Experimental Database 

Our study focused on an experimental dataset comprising 

fifteen (15) alkylpyridines. These compounds were sourced 

from the work of James Sangster [14] and have available ex-

perimental water/octanol partition coefficients. This dataset 

was split into training and test sets. Several rules exist for se-

lecting training and test sets for any given family of com-

pounds [15]. For instance, a common guideline is to allocate 

75% of the dataset to the training set and 25% to the test set 

[16]. The most widely used method among QSPR/QSAR 

(Quantitative Structure-Property Relationship/Quantitative 

Structure-Activity Relationship) practitioners is random split-

ting, which involves dividing the database through simple ran-

dom selection. However, it is recommended that the test set 

comprise at least 20% of the database [17, 18]. Accordingly, 

the experimental database was split randomly: ten (10) mole-

cules were used for the training set (representing two-thirds of 

the experimental database), while the remaining five (5) mol-

ecules (representing one-third of the experimental dataset) 

were used for the test set. Table 1 presents the two-dimen-

sional structures of these molecules along with their oc-

tanol/water partition coefficients. 

Table 1. Series of studied alkylpyridines (experimental database) 

[14]. 

Compound 2D structure and name LogPexp 

Training set   

PM_1 

N

 

Pyridine 

0.650±0.05 

PM_2 

N

CH3  

4-Methylpyridine 

1.220±0.10 

PM_3 

N CH3H3C

 

2,6-Dimethylpyridine 

1.680±0.15 

PM_4 

N

H3C
 

4-n-Propylpyridine 

2.100±0.20 
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Compound 2D structure and name LogPexp 

PM_5 

N CH3H3C

CH3  

2,4,6-Trimethylpyridine 

1.880±0.25 

PM_6 

N

CH3

CH3

CH3

 

2-Tert-butylpryridine 

2.400±0.25 

PM_7 

N

CH3  

4-Pentylpyridine 

3.450±0.30 

PM_8 
N

 

2-Phenylpyridine 

2.630±0.25 

Compound 2D structure and name LogPexp 

PM_9 

N

 

4-Phenylpyridine 

2.590±0.10 

PM_10 

N

CH3  

4-Heptylpyridine 

5.000±0.50 

Test set 

PM_11 

N CH3

 

2-Methylpyridine 

1.110±0.15 

PM_12 

N

CH3  

3-Methylpyridine 

1.200±0.15 
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Compound 2D structure and name LogPexp 

PM_13 

N

CH3

 

2-Ethylpyridine 

1.690±0.15 

PM_14 

N

H3C
 

4-n-Butylpyridine 

3.130±0.30 

PM_15 

N

H3C
 

4-Hexylpyridine 

4.350±0.40 

2.1.2. Used Theory Level and Softwares 

The GaussView 5.0 [19] software was used to represent the 

3D structure and visualize the studied molecules. Then, the 

Gaussian 09 software [20]was used for optimization and fre-

quency calculation (temperature 298.15 Kelvin, pressure 1 at-

mosphere, in vacuum). The theory level used is B3LYP/6-

311G (d,p). As for 2D structures, they have been represented 

with chemsketch1. The EXCEL software2 was used for 

graphic representation. The XLSTAT software3 was used for 

modeling and statistical tests. For the calculation of the obser-

vation levers, the minitab 184 software was used. 

1) (2015) ACDLABS 10. Advanced Chemistry Develop-

ment Inc. 

2) Microsoft Corporation (2010) Microsoft Excel 2010 

3) Addinsoft (2014) XLSTAT (Version 2014.5.03) 

4) Minitab, LLC. (2017) Minitab Statistical Software (Ver-

sion 18) 

2.2. Methodes 

2.2.1. Statistical Analysis 

To develop a Quantitative Structure-Property Relationship 

(QSPR) 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 generalized relation of the equation of a Multiple Lin-

ear Regression (MLR) [21] is as follows: 

Y = a0 + a1X1 + a2X2 + ⋯ + anXn        (1) 

In this expression, Y is the response or dependent variable, 

X1, X2,., Xn are descriptors (characteristics or independent 

variables) present in the model with corresponding regression 

coefficients a1, a2,., an, respectively, and a0 is the constant term 

of the model. For given values of X1, X2,., Xn, the response Y 

must also follow a normal distribution. The descriptors in a 

regression model should not be highly correlated. For a statis-

tically reliable model, the maximum number of descriptors 

should be on the order of one-fifth of the number of compo-

nents in the training set. A regression model that fits the pro-

vided data well will produce a scatter plot, thus showing the 

deviation of the points from the line of best fit. 

2.2.2. Molecular Descriptors 

(i). Selection Criterion for Molecular Descriptors 

In a QSAR study, two molecular descriptors are said to be 

independent when they are not correlated with each other. Sta-

tistically, this means that knowing the value of one does not 

allow us to predict or explain the value of the other. For a set 

of different descriptors, it is therefore necessary to perform a 

bivariate data analysis, that is, to calculate the correlation co-

efficient r between each pair of descriptors in order to assess 

the degree of intercorrelation. This type of analysis, called ob-

jective analysis, makes it possible to reduce the number of de-

scriptors without involving the dependent variable (activity or 

property). Depending on the value of the correlation coeffi-

cient r, the relationships between two descriptors can be inter-

preted as follows [22]: 

1) If r > 0.97, the two descriptors are considered strongly 

correlated, 
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2) If r > 0.90, the two descriptors are considered moderately 

correlated, 

3) If r < 0.90, the two descriptors are considered weakly 

correlated, 

4) If r < 0.50, the two descriptors are considered uncorre-

lated. 

Two descriptors are considered strongly correlated (r > 0.97) 

or moderately correlated (r > 0.90) and cannot be used simul-

taneously in the same RQSA/RQSP model. However, since a 

correlation can also be negative, we will consider the absolute 

value of the correlation coefficient in our work. The molecular 

descriptors calculated in this work are described as follows: 

(ii). Calculated Molecular Descriptors 

Two molecular descriptors were calculated in this study: the 

electronic energy (ET) and the energy gap (ΔEgap) 

Electronic Energy (ET) 

This is the total energy of the molecule. It is given by the 

Gaussian 09 software after optimization and frequency calcu-

lations. 
Energy gap (ΔEgap) 

The energy gap is the energy between the Highest Occupied 

Molecular Orbital (HOMO) and the Lowest Unoccupied Mo-

lecular Orbital (LUMO). It is an important stability indicator 

[23]. 

ΔEgap= ELUMO-EHOMO             (2) 

(iii). Paramètres Statistiques Et De Validations 

The relationships 3, 4, 5 and 6 were used to calculate many 

statistical and validation parameters: 

ESS = ∑(Yi,cal − Y̅exp)2            (3) 

TSS = ∑(Yi,exp − Y̅exp)2           (4) 

RSS = ∑(Yi,exp − Yi,cal)
2           (5) 

TSS = ESS + RSS               (6) 

where TSS: Total Sum of Squares; ESS: Extended Sum of 

Squares; RSS: Residual Sum of Squares. 
Determination coefficient (𝑅2) [24] 

The determination coefficient is given by the following re-

lationship: 

R2 = 1 −
∑(Yi,exp−Yi,cal)2

∑(Yi,exp−Y̅exp)2 
= 1 −

RSS

TSS
        (7) 

with 

R = ±√
∑(Yi,cal−Y̅exp)2

∑(Yi,exp−Y̅exp)2 = ±√
ESS

TSS
         (8) 

Standard deviation (s) [25] 

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. 

s = √
∑(Yi,exp−Yi,cal)2

n−p−1
= √

RSS

n−p−1
           (9) 

Adjusted determination coefficient (R2
adjusted) [26] 

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. 

Radjusted
2 = 1 −

(n−Intercept)

n−p−1
.

RSS

TSS
= 1 −

(n−Intercept)

n−p−1
. (1 −

R2)                   (10) 

Fisher-Snedecor coefficient (F) [27] 

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: 

F =
n−p−1

p
.

ESS

RSS
=

n−p−1

p
.

R2

1−R2         (11) 

Leave-One-Out cross-validation (𝑄𝐿𝑂𝑂
2 ) [28] 

It measures the accuracy of the prediction on the data of the 

training set 

QLOO
2 = 1 −

∑(yi,exp−yi,pred)2

∑(yi,exp−y̅exp)
2 = 1 −

PRESS

TSS 
       (12) 

According to Erickson et al. [29], a model with a 

QLOO
2 > 0.50 is satisfactory for prediction. Conversely, a 

model with a QLOO
2 >0.90 is considered excellent. 

Cross-validation criteria (PRESS) [28] 

The sum of the quadratic prediction errors. PRESS (Predic-

tion Sum of Squares) is defined by the relationship: 

PRESS = ∑(yi,exp − yi,pred)2           (13) 

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: 

SDEP = √
∑(yi,exp−yi,pred)2

n
= √

PRESS

n
        (14) 

In these expressions, n is the number of molecules in the 

training set, p is the number of explanatory variables. yi,exp 

and yi,pred are respectively the experimental and predicted 
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values of property for molecule i and y̅exp is average value 

of the property for the training set. 
Todeschini’s parameter ( 𝑅𝑃

2𝑐 ) [30] 

RP
2𝑐  is the corrected form of P. P. Roy’s parameter noted 

RP
2  [31]. 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: 

RP
2𝑐 = R√R2 − Rr

2             (15) 

with Rr
2 , the average value of Rri

2  of the models obtained 

with the randomized property. 
External validation coefficient (𝑄𝑒𝑥𝑡

2 ) [32] 

It measures the accuracy of the prediction on the test set 

data. 

Qext
2 = 1 −

n

next

PRESS(test)

TSS
           (16) 

here, next refers to the number of test set compounds 
Parameter (RMSEP) [32] 
External predictive ability of QSPR (Quantitative Struc-

ture-Property Relationship) model may further be determined 

by root mean square error in prediction given by: 

RMSEP = √
∑(yexp (test)−ypred(test))2

next

        (17) 

Roy K. et al. parameters (𝒓𝒎
𝟐̅̅ ̅̅  and ∆𝒓𝒎

𝟐 ) [33] 

For the acceptable prediction, the value of ∆rm
2  should 

preferably be lower than 0.20 when the value of rm
2̅̅̅̅  is more 

than 0.50. 

rm
2̅̅̅̅ =

(rm
2 +r′

m
2

)

2
                (18) 

∆rm
2 = |rm

2 − r′m
2 |              (19) 

here rm
2 = r2(1 − √r2 − r0

2)         (20) 

and 

r′m
2 = r2(1 − √r2 − r0

′2)          (21) 

The parameters r2 and r0
2

 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 r0
′2

 bears the same meaning but 

uses the reversed axes. 

External validation criteria or "Tropsha’s criteria" [28, 34] 
There are five such criteria: 

1) Criterion 1: Rext
2 > 0.70 

2) Criterion 2: Qext
2 > 0.60 

3) Criterion 3: 
|Rext

2 −R0
2|

Rext
2 < 0.1 and 0.85<k<1.15 

4) Criterion 4: 
|Rext

2 −R0
′2|

Rext
2 < 0.1 and 0.85<k’<1.15 

5) Criterion 5: |Rext
2 − R0

2| < 0.3 

where, Rext
2  stands for the determination coefficient of 

molecules for the test set; R0
2  represents the determination 

coefficient of the regression between predicted and experi-

mental values for the test set without intercept; R0
′2 is the de-

termination coefficient of the regression between experi-

mental 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 

k’ is the slope of the correlation line (experimental values ac-

cording to the predicted values with intercept = 0). 

2.2.3. Domain of Applicability 

The usefulness of a QSPR model lies in its predictive ca-

pacity for new chemical compounds. Thus, once the QSPR 

model is built, its domain of applicability (DA) must be de-

fined. A model is considered valid only within its domain of 

applicability, and only the prediction of new compounds fall-

ing within this domain can be considered reliable, not an ex-

trapolation of the model. The most common method for defin-

ing the DA is based on determining the leverage value of each 

compound [35]. The Williams plot (plotting of standardized 

or studentized residuals R as a function of leverage values hii) 

is used in this study to visualize the DA of the developed 

QSPR models. A lever is a kind of distance from the centroid 

of points in the space of explanatory variables. It identifies 

observations that are anomalously far from the others. For an 

observation i, the lever is expressed as follows: 

hii = xi(XTX)−1xi
T              (22) 

where xi is the descriptor vector of the considered composite, 

X is the descriptor matrix derived from the descriptor values 

of the training set, and the threshold is defined as follows: 

h∗ =
3 (p+1)

n
                 (23) 

where n is the number of compounds in the training set, and p 

is the number of descriptors in the proposed model. It should 

be noted that [36]: 

1) If the hii value of a compound in the training set is greater 

than the threshold value h*, the structure of that compound 

strengthens the developed model. 

2) If all data points are located in the region of 0 ≤ hii ≤ h* 

and −3σ ≤ R ≤ 3σ, the developed model can be considered 

statistically acceptable and valid. 

3) Any compound with a standardized residual greater than 

three standard deviations (R > 3σ) and a leverage value less 

than the threshold (hii < h*) can be considered an outlier in 

the response (Y outlier). 

4) Conversely, if the leverage value of a compound is 

greater than the threshold value (hii > h*) while the R-squared 

value is less than 3 standard deviations, this compound can be 
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considered structurally influential (X outlier). This stabilizes 

the developed model and makes it more accurate. It is called 

an influential good point. 

5) Compounds with hii > h* strengthen the model when 

they are part of the training set, but otherwise will have ques-

tionable predicted values without necessarily being outliers, 

as the residuals may be low. 

2.2.4. Shapiro-Wilk Test 

The Shapiro-Wilk test [37] 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: 

W =
[∑ ai(yn−i+1−yi)

k=[
n
2

]

i=1
]

2

∑ (yi−y̅)2
i

 with −𝑎𝑖 = 𝑎𝑛−𝑖+1     (24) 

yi corresponds to the series of sorted data. 

[
n

2
] is the integer part of the ratio 

n

2
 

𝑎𝑖 are constants generated from the mean and the vari-

ance-covariance matrix of the quantiles of a sample of size n 

following a normal distribution. The constants an−i+1 are 

provided in specific tables. The W statistic can therefore be 

interpreted as the coefficient of determination (the square of 

the correlation coefficient) between the series of quantiles 

generated 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: 

H0: 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. 

If W < Wcritical, reject H0            (25) 

If W > Wcritical, do not reject H0         (26) 

3. Results and Discussion 

3.1. Values of Calculated Molecular Descriptors 

In this study, two molecular descriptors were calculated: the 

energy gap (ΔEgap) and the electronic energy (ET). Addition-

ally, the correlation between these two descriptors was exam-

ined using a correlation matrix. Table 2 presents the values of 

these molecular descriptors for both the training set and the 

test set. 

 

Table 2. Values of calculated molecular descriptors. 

Training set 

Compound LogPexp ∆Egap (eV) ET (a. u.) 

PM_1 0.650 4.8054 -248.3469 

PM_2 1.220 4.8517 -287.6760 

PM_3 1.680 4.7042 -327.0091 

PM_4 2.100 4.8379 -366.3245 

PM_5 1.880 4.7348 -366.3380 

PM_6 2.400 4.7392 -405.6490 

PM_7 3.450 4.8396 -444.9729 

PM_8 2.630 3.8626 -479.4599 

PM_9 2.590 3.9333 -479.4544 

PM_10 5.000 4.8400 -523.6214 

test set 

Compound LogPexp ∆Egap (eV) ET (a. u.) 

PM_11 1.110 4.6760 -284.6780 

PM_12 1.200 4.7579 -287.6751 

PM_13 1.690 4.7755 -327.0024 

PM_14 3.130 4.8398 -405.6487 

PM_15 4.350 4.8398 -484.2971 

3.2. Normality Test for Experimental 

Octanol/water Partition Coefficients 

Before any QSPR modeling, it is essential to test the nor-

mality of the experimental data to be modeled in this case, the 

octanol/water partition coefficient. The Shapiro-Wilk test is 

used to verify the normality of the data. A summary of the test 

parameters is provided in Table 3. 

Table 3. Shapiro-Wilk test parameter values. 

W Wcritical p-value 𝟏 − 𝛂  

0.9403 0.881 0.3865 0.05 

Analysis of the data in Table 3 shows that the calculated p-

value is greater than 1 − α = 0.05 (5% significance level). Re-

garding Wcritical, the value is lower than the calculated W. Con-

sequently, the experimental octanol/water partition coefficient 

values follow a normal distribution. This normality is con-

firmed by the distribution of the scatter plot along the first bi-

sector (the line defined by y = x) (Figure 1). 

http://www.sciencepg.com/journal/ijctc


International Journal of Computational and Theoretical Chemistry http://www.sciencepg.com/journal/ijctc 

 

56 

 
Figure 1. Model P-P plot (LogPexp). 

3.3. Study of the Intercorrelation Between 

Molecular Descriptors 

The correlation between the two descriptors must be zero 

or low to avoid any redundancy of information. The table be-

low shows the correlation coefficient value between the two 

calculated molecular descriptors. 

Table 4. Descriptor correlation matrix. 

Variables ∆Egap  ET 

∆Egap 1.0000  

ET 0.4822 1.0000 

Based on the data in Table 4, the absolute value of the linear 

correlation coefficient between the energy gap (∆Egap) and the 

electronic energy (ET) is less than 0.50 (|r| < 0.50). This value, 

being below 0.50, indicates the absence of correlation between 

these molecular descriptors. Consequently, these two de-

scriptors can coexist within the same QSPR model. A QSPR 

model will therefore be developed using these two molecular 

descriptors. 

3.4. Development of the QSPR Model: LogP=f 

(ΔEgap and ET) 

A QSPR model based on the energy gap (∆Egap) and elec-

tronic energy (ET) was developed using the XLSTAT model-

ing software. 
QSPR model regression equation 
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. Regression coefficient values for the model. 

Source Value 
Standard er-

ror 
t Pr > |t| 

Consta

nt 
-

10.5088 
1.3658 -7.6941 0.0001 (***) 

∆Egap  1.4993 0.2429 6.1719 0.0005 (***) 

ET -0.0151 0.0010 
-

14.6733 
< 0.0001 

(***) 

 

|tcritical| = 2.36 

The regression coefficients in Table 5 assigned to the vari-

ous explanatory variables (the two molecular descriptors) lead 

to the following regression equation: 

LogPtheo = -10.5088+1.4993∆Egap-0.0151ET 

The regression equation clearly shows that the regression 

coefficient for the energy gap (∆Egap) is positive, whereas the 

coefficient for the electronic energy (ET) has the opposite sign. 

Consequently, the octanol/water partition coefficient in-

creases as the energy gap increases and decreases as the elec-

tronic energy increases. Indeed, an increase in the energy gap 

leads to an increase in the octanol/water partition coefficient. 

Conversely, an increase in the (negative) electronic energy 

leads to a decrease in the octanol/water partition coefficient. 

It is also observed that the p-values for the intercept and the 

two molecular descriptors in the QSPR model fall within the 

[0; 0.001 [range, indicating a highly significant influence (***) 

on the octanol/water partition coefficient. Thus, determining 

these two molecular descriptors is essential for evaluating the 

octanol/water partition coefficient of the family of molecules 

studied. The absolute values of the t-statistic and the contribu-

tion values reveal that electronic energy (ET) makes the largest 

contribution (70.39%), indicating that it is the primary predic-

tive descriptor for the octanol/water partition coefficient of the 

pyridine family studied. The energy gap, meanwhile, contrib-

utes 29.61%. 
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 
D

F 
Sum of 

squares 
Mean 

square 
F 

Pr > 

F 

Model 2 12.8534 6.4267 
108.18

35 

< 

0.000

1 

Error 7 0.4158 0.0594   
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Source 
D

F 
Sum of 

squares 
Mean 

square 
F 

Pr > 

F 

Corrected 

total 
9 13.2692    

(***) signifies "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 octanol/water partition coefficient of the series of pyri-

dines studied. This high level of significance is confirmed by 

the very high value of the Fisher coefficient (F = 108.1835), 

which is well above the significance threshold (Flimit = 4.74). 

More precisely, at least one of the explanatory variables is rel-

evant for explaining the dependent variable (octanol/water 

partition coefficient). A summary of the parameters deter-

mined using the ANOVA table is presented in Table 7. 

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. 

n R 𝐑𝟐  𝐑𝐚𝐝𝐣𝐮𝐬𝐭𝐞𝐝
𝟐   s F 

10 0.9842 0.9687 0.9597 0.2437 108.1835 

Table 7 shows a very high correlation coefficient (R = 

0.9842), indicating that the octanol/water partition coefficient 

is strongly correlated with the three calculated molecular de-

scriptors. Regarding the adjusted coefficient of determination 

(Radjusted
2 ), it provides greater precision than the standard co-

efficient of determination (R2). The Radjusted
2  value is 

0.9597, revealing that 95.97% of the experimental variance in 

the octanol/water partition coefficient is explained by the 

model's descriptors. Furthermore, the low standard deviation 

(s = 0.2437) indicates a good fit and high prediction reliability. 

These statistical parameters yielded satisfactory results, 

demonstrating the high quality of the developed QSPR model. 

However, validation tests are necessary to avoid overestimat-

ing the model's predictive capability regarding truly external 

molecules. 

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). 

Leave-One-Out cross-validation of the model 
The Leave-One-Out cross-validation parameters are listed 

in Table 8. 

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

model. 

n 𝐐𝐋𝐎𝐎
𝟐   𝐫𝐦

𝟐 (𝐋𝐎𝐎)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅   ∆𝐫𝐦
𝟐 (𝐋𝐎𝐎)  PRESS SDEP 

10 0.9185 0.6890 0.0000 1.0819 0.3289 

It is noteworthy that the model's LOO cross-validation co-

efficient is 0.9185, exceeding 0.90 (  QLOO
2 > 0.90 ). This 

demonstrates the model's excellence in predicting the oc-

tanol/water partition coefficient for the studied family of mol-

ecules. Furthermore, the model successfully predicts the par-

tition coefficients for approximately 92 of the 100 molecules 

in the training set. The developed model thus exhibits high 

predictive capability regarding the training set molecules. This 

result indicates that the developed QSPR model is highly sta-

ble showing minimal sensitivity to the Leave-One-Out proce-

dure as evidenced by the very high QLOO 
2  and R2 (coeffi-

cient of determination) values, thereby confirming its robust-

ness. Regarding the average coefficient  rm
2 (LOO)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅, the value 

is 0.6890 (above the 0.50 threshold), while ∆rm
2 (LOO) is be-

low 0.2. Consequently, the developed model is considered ac-

ceptable for predicting the octanol/water partition coefficients 

of the training set molecules. To determine whether the estab-

lished QSPR model is the result of chance, a Y-randomization 

test was performed. 
Model Y-randomization test 
For the randomization, a circular permutation was per-

formed (i.e., 9 iterations). A summary of the mean parameter 

values from the randomization test is provided in Table 9. 

Table 9. Mean parameter values for model randomization. 

Randomized param-

eter 
𝐑𝐫

𝟐  𝐬𝐫  𝐅𝐫  𝐑𝐏
𝟐𝒄   

Mean value 0.1667 1.2515 0.8624 0.8814 

The mean value of the randomized coefficient of determi-

nation (Rr
2) is very low (Rr

2 = 0.1667), indicating that the re-

gression line equation accounts for only 16.67% of the data 

point distribution (octanol/water partition coefficient). Fur-

thermore, there is significant dispersion of the data points 

around the regression line, confirmed by a high randomized 

standard deviation (sr=1.2515). The very low value of the ran-

domized model statistic ((Fr = 0.8624) indicates that the ran-

domized model equation is not significant. Regarding 

Todeschini’s corrected parameter ( RP
2𝑐 ), its value is 0.8814, 
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which is well above 0.50 ( RP
2𝑐 > 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 Model Validation 

External validation applies only to the test set. Parameters 

were determined for this validation, and Tropsha’s criteria 

were verified. 
Statistical parameters for external model validation 

Table 10. Statistical parameters for external model validation. 

nex

t 
𝐑𝐞𝐱𝐭

𝟐  𝐐𝐞𝐱𝐭
𝟐   𝐫𝐦

𝟐 (𝐭𝐞𝐬𝐭)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅  ∆𝐫𝐦
𝟐 (𝐭𝐞𝐬𝐭)  

PRES

S 

(test) 

RMSE

P 

5 
0.996

8 
0.958

8 
0.9669 0.0000 

0.273

0 
0.2337 

An analysis of the data in Table 10 reveals that the model 

possesses very high predictive power, evidenced by the high 

external validation coefficient value (Qext
2 = 0.9588). This 

indicates that, for every 100 molecules in the test set, the 

model successfully predicts the octanol/water partition coeffi-

cients for approximately 96 of them. Furthermore, 99.68% of 

the experimental variance in the acidity constant is explained 

by the model's descriptors. Regarding (  rm
2 (test)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ) avg, the 

value exceeds 0.50, while the value for ∆rm
2 (test) is below 

0.2. Thus, the developed model is acceptable for predicting 

the properties of the test set molecules. Additionally, the five 

Tropsha criteria have been satisfied. 
Verification of the model's Tropsha criteria 
1) Criterion 1: Rext

2 = 0.9968 > 0.70 

2) Criterion 2: Qext
2 = 0.9588 > 0.60 

3) Criterion 3: 
|Rext

2 −R0
2|

Rext
2 = 0.0009 < 0.1  and k =

0.9224 with 0.85 < k < 1.15 

4) Criterion 4: 
|Rext

2 −R0
′2|

Rext
2 = 0.0009 < 0.1  and k’ =

 1.0816 with 0.85 < k’ < 1.15 

5) Criterion 5: |Rext
2 − R0

2| = 0.0009 < 0.3 

It is observed that all five of Tropsha's criteria are met. Con-

sequently, the model performs very well in predicting the oc-

tanol/water partition coefficient of the molecules in the test set 

from the experimental database. 

Ratio 𝜏 =
𝐿𝑜𝑔𝑃𝑒𝑥𝑝

𝐿𝑜𝑔𝑃𝑡ℎ𝑒𝑜
⁄  of the test set 

The model's performance was also evaluated by analyzing 

the ratio τ =
LogPexp

LogPtheo
⁄ for the test series. The values 

obtained are summarized in Table 11. 

Table 11. Values of the ratio 𝜏. 

𝐋𝐨𝐠𝐏𝐞𝐱𝐩  𝐋𝐨𝐠𝐏𝐭𝐡𝐞𝐨  𝛕  

1.1100 0.8130 1.3652 

1.2000 0.9812 1.2230 

1.6900 1.6032 1.0542 

3.1300 2.8905 1.0829 

4.3500 4.0815 1.0658 

Analysis of Table 11 shows that the values of the ratio τ 

are essentially equal to unity. This demonstrates that the 

model performs very well in predicting the octanol/water par-

tition coefficient for the series of molecules studied and can 

be used to predict values for other molecules in the same fam-

ily. 

Comparison between model-predicted values and experi-

mental values of the octanol/water partition coefficient for the 

test set. 
The theoretical values of the lipophilicity parameter were 

compared with the experimental values using the regression 

constants from the LogPtheo=f (LogPexp) plots in Figure 2 and 

the LogPexp=f (LogPtheo) plots in Figure 3. 

 
Figure 2. Plot of LogPtheo=f (LogPexp) for the model test series 

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

(intercept = 0). 

Based on Figures 2 and 3, the slope values k = 0.9224 and 

k’ = 1.0816 are very close to unity. This indicates that the cal-

culated LogP value is very close to the experimental value 

(LogPtheo=f (LogPexp), resulting in a ratio close to unity. The 

external validation results further demonstrate that the model 

performs very well in predicting the LogP of the studied series 

of molecules. It can be effectively used to predict the LogP of 

new pyridines falling within its applicability domain. 

3.7. Correlation Between Model-predicted 

Values and Experimental Values of the 

Octanol/water Partition Coefficient 

The distribution of data points around the regression line in 

Figure 4 reveals a strong linear correlation between the model-

predicted LogP values and the experimental values. Figure 5 

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 

is validated and acceptable for LogP prediction. This also re-

flects the suitability of the level of theory employed to develop 

this QSPR model. 

 
Figure 4. LogPtheo-LogPexp scatterplot of the model. 

 
Figure 5. Similarity between model-predicted LogP values and ex-

perimental LogP values. 

3.8. Normality Test for Model-derived Data 

The Shapiro-Wilk test was used to verify the normality of 

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

marized in Table 12. 

Table 12. Shapiro-Wilk test parameters for the model. 

W Wcritical p-value 𝟏 − 𝛂 

0.9675 0.881 0.8196 0.05 

Analyse of the values in Table 12 shows that the calculated 

p-value is greater than 1 − α = 0.05 (5% significance level). 

Regarding Wcritical, 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 6). 

 
Figure 6. Model P-P plot (LogPtheo). 
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3.9. Applicability Domain of the Model 

The applicability domain of the established QSPR model 

was defined using the Williams diagram, which is a graphical 

representation of studentized residuals versus leverage values. 

The figure below shows this Diagram. 

 
Figure 7. William’s diagram of the model. 

On the William’s diagram, it can be seen that the studen-

tized residuals for all observations in the training set fall 

within ±3 standard deviation units. The same applies to the 

test set. All leverage values are below the threshold h* = 

0.9000. This indicates that no observation in either set is an 

outlier. The external validation results demonstrate that the 

model can be used to predict the octanol/water partition coef-

ficient for future pyridines belonging to the same family and 

falling within the model's applicability domain. 

4. Conclusion 

This study focused on modeling the octanol/water partition 

coefficient of fifteen (15) pyridines using quantum chemical 

descriptors. A multiparametric QSPR model was developed, 

based on the energy gap (ΔEgap) and electronic energy (ET). 

This model exhibits highly satisfactory statistical and valida-

tion parameters, 𝑅2 =0.9687; 𝑅𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑
2 =0,9597; s=0.2437; 

F=108.1835; Q2
LOO=0.9185; 𝑟𝑚

2 (𝐿𝑂𝑂)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅=0.6890; ∆𝑟𝑚
2 (𝐿𝑂𝑂)= 

0.0000); 𝑅𝑒𝑥𝑡
2 =0.9968; Q2

ext=0.9588; 𝑟𝑚
2 (𝑡𝑒𝑠𝑡)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ =0.9669; 

∆𝑟𝑚
2(𝑡𝑒𝑠𝑡)= 0.0000. These various parameters demonstrate 

that the developed QSPR model is validated and performs 

well in predicting the octanol/water partition coefficient; it is 

considered an acceptable predictive model. Consequently, it 

can now be used to predict the octanol/water partition coeffi-

cient of future pyridines belonging to the same family and fall-

ing within its applicability domain. Therefore, future work 

will involve using this model to design new pyridines with de-

sired octanol/water partition coefficients. 
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QSPR Quantitative Structure-Property Relationship 

QSAR Quantitative Structure-Activity Relationships 

MLR Multiple Linear Regression 
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SDEP Standard Deviation of Error of Prediction 
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