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Linking molecular structure to chromatographic behavior:  
a quantitative structure-retention relationship study  

of Olea europaea L. essential oil components 

Abstract. A robust quantitative structure-retention relationship (QSRR) model was developed to accu-
rately predict the linear retention indices (LRI) of 51 essential oil compounds. Molecular descriptors were 
calculated using alvaDesc software, and model construction was achieved through a multiple linear regres-
sion (MLR) approach. A rigorous variable selection process identified relevant descriptors, resulting in 
a statistically significant model with strong predictive performance (R² = 0.9533, Q²LOO = 0.9339, Q²LMO 
= 0.9293, RMSE tr = 55.0581, s = 50.0169). External validation further confirmed the model’s reliability, 
demonstrating excellent predictive capability (R²ext = 0.9381, Q²F1 = 0.9361, Q²F2 = 0.9354, Q²F3 = 0.9646, 
CCCext = 0.9663, RMSEext = 40.3308). The findings highlight the efficiency of the QSRR-MLR model in 
predicting retention indices, providing valuable insights into molecular properties influencing compound 
retention. Additionally, the applicability domain assessment ensured reliable predictions within the studied 
chemical space. This methodology offers a deeper understanding of chromatographic behavior and presents 
potential for application to other chemical classes for predictive modeling.
Keywords: QSRR, essential oil, volatile chemicals, prediction set, validation.

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Introduction 
 
The essential oils are aromatic and volatile 

chemicals extracted from plants by distillation under 
steam [1]. They smell like the original plant they 
were taken from. Essential oils have been used for 
therapeutic purposes for thousands of years; they are 
also fascinating and potent plant-based substances. 
They have been quite significant up till the current 
day. Essential oils also have various uses in the 
fields of flavoring, food, perfume, and the cosmetics 
industry [2, 3]. The olive tree (Olea europaea L.), a 
member of the Oleaceae family, is a regional 
specialty [4, 5]. Antioxidant, antibacterial, antiviral, 
hypoglycemic, anti-inflammatory, and anticancer 
bioactivities are only some of the many attributed to 
olive bioactive components. Because of its potential 
health advantages, olive bioactive components have 
attracted much attention [6]. 

The primary techniques for identifying these 
plant oils are gas chromatography (GC) and liquid 
chromatography (LC). In GC analysis, volatile 

chemicals or molecules with low volatility which 
may be chemically transformed to more appropriate 
molecules are often separated and analyzed using 
this approach [7]. When utilized under controlled 
analytical circumstances, the GC’s single output 
parameter (retention index) allows for the 
identification of any volatile chemical [6]. Several 
intermolecular interactions, including dipole-diploe 
forces, dipole-induced forces, hydrogen bonds, etc., 
affect whether a compound elutes or is retained [8]. 
Looking for a quantitative link between molecular 
structure and GC retention indices is a fundamental 
task in chemistry. More theoretical depth may be 
gained by understanding the relationships between 
mobile and stationary phases by correlating 
retention time values and molecular structure. In 
addition, they may provide crucial details on how 
chemical structure influences retention behavior and 
potential absorption and elution processes [9]. 

One of the aims of this scientific endeavor is to 
allow accurate prediction of physicochemical 
properties of compounds based only on their 
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molecular structure [10]. Many different approaches 
can be employed in establishing a relationship 
between the molecular structure of a compound and 
the physicochemical characteristics; quantitative 
structure-property relationship (QSPR) is one of the 
successful methods that has been used for this 
purpose. Each QSPR study has as its foundation the 
pursuit of optimal quantitative relationships for use 
in property prediction from molecular structures 
[11]. Once a solid relationship has been established, 
it may be used to predict similar characteristics in 
other buildings that are still without any kind of 
measurement or even design. QSRRs are statistical 
models that allow for the prediction of retention 
indices of new compounds by quantifying the 
relationship between a molecule's structure and its 
chromatographic retention index [12]. These 
relationships may provide theoretical light on the 
complex interplay that occurs between chemicals, 
mobile phases, and stationary phases during 
chromatographic analyses. They are also able to 
give useful information on the influence of the 
structure of the chemicals on the behavior of 
retention as well as the probable mechanisms behind 
adsorption and elution processes [13]. Studies using 
QSRR to estimate retention indices (RI) for a 
variety of organic compounds have been published 
in recent years. Choosing the right set of variables is 
essential for these methods to provide accurate 
predictions [14, 15]. 

Recent studies have focused on enhancing 
QSRR models by incorporating advanced feature 
selection techniques and expanding datasets to 
improve prediction accuracy and robustness. Some 
used multiple linear regression (MLR) and partial 
least squares (PLS) models with descriptors chosen 
by a genetic algorithm to predict retention for 80 
oils including 20 test compounds [16, 17]. The 
support vector machine (SVM) nonlinear models 
were used in other studies employing the same 
dataset as a means of enhancing prediction 
performance [16]. In other work, QSRR models 
have also been published for retention indices of 
essential oils using GA with MLR or PLS, kernel 
PLS and Levenberg-Marquardt artificial neural 
networks [18-20]. Driouche and Messadi [21] 
developed a QSRR model for the prediction of 
retention indices of essential oil constituents from 
Thymus vulgaris Lamiaceae and demonstrated its 
efficiency and reliability through external 
validation. Navabi et al. [22] developed a GA-MLR 
and GA-BPANN model for predicting retention 

indices of essential oil components in Polygonum 
minus essential oil. 

The objective of this study is to develop a robust 
QSRR model for predicting the retention indices of 
51 essential oil components derived from Olea 
europaea L. grown in Mediterranean and arid 
regions of Algeria. By employing advanced 
statistical methods and validation techniques, this 
work aims to provide accurate and reliable 
predictions of LRIs, contributing to a deeper 
understanding of the chromatographic behavior of 
essential oils and their molecular properties. 

 
Materials and methods 
 
Dataset collection 
This study used experimental linear retention 

index (LRI) data sourced from the work of Tlili et 
al. [23]. The LRI values, presented in Table 2, were 
determined through GC-MS analysis were 
performed with a Varian CP-3800 gas-
chromatograph equipped with a DB-5 capillary 
column and a Varian Saturn 2000 ion trap mass 
detector. The dataset includes 51 volatile 
compounds identified in Olea europaea L. cultivars, 
providing detailed insight into their 
chromatographic retention characteristics.  

Descriptors generation 
The structures of the compounds are produced 

using MarvinSketch V24.3.0 [24]. Thereafter, PM7 
semi-empirical method has been used in MOPAC 
software (version 2016, Stewart Computational 
chemistry) [25] to improve the finale geometry. The 
resulting minimum-energy conformations were used 
to calculate three-dimensional geometrical 
descriptors with alvaDesc (version 3.0.4) [26]. 
These descriptors, derived from the 3D arrangement 
of atoms, capture molecular shape, size, and spatial 
orientation. They help distinguish between 
structurally similar compounds and reflect 
conformational variability across molecules.  

Dataset Division 
The current challenge in QSRR model 

development is building a model that can accurately 
predict the behavior of new chemical compounds. 
When external experimental data are not available 
for validation, a common approach is to divide the 
available dataset into two parts: a training set used 
to construct the model, and a prediction set used to 
assess its predictive performance. The prediction set 
typically represents 15 to 40% of the total dataset 
[27]. 
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Dataset Division 
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for validation, a common approach is to divide the 
available dataset into two parts: a training set used 
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typically represents 15 to 40% of the total dataset 
[27]. 

In this study, the Kennard and Stone algorithm 
(CADEX) [28], was used to divide the 51 
compounds based on their molecular descriptors. 
This deterministic method ensures an even and 
representative distribution of samples across the 
descriptor space. The algorithm starts by selecting 
the two most dissimilar samples using Euclidean 
distance, then iteratively adds the next most distant 
compound from those already selected. This process 
continues until all compounds are ranked. 

The dataset was split into a training set of 35 
compounds and a prediction set of 16 compounds. 
The training set was used to establish the 
relationship between the descriptors and the linear 
retention index (LRI), while the prediction set was 
used to evaluate the model’s robustness, goodness-
of-fit, and external predictive power. 

Model development and validation 
The quantitative structure-retention relationship 

(QSRR) model was developed using the Multiple 
Linear Regression (MLR) technique, based on the 
ordinary least squares (OLS) method as 
implemented in the QSARINS software (version 
2.2.4) [29]. This modeling approach was selected 
for its simplicity, reproducibility, and 
interpretability. After preparing and splitting the 
dataset, molecular descriptor selection was 
performed on the training set by evaluating all 
possible combinations of up to four descriptors. This 
step ensured exhaustive coverage of low-
dimensional models before considering more 
complex ones. The optimal model was chosen based 
on its leave-one-out cross-validation coefficient 
(Q²LOO), ensuring a balance between predictive 
performance and model simplicity. 

The final regression equation takes the general 
form of:  

 
𝑦𝑦𝑦𝑦� = 𝑏𝑏𝑏𝑏0 + 𝑏𝑏𝑏𝑏1𝑥𝑥𝑥𝑥1 + 𝑏𝑏𝑏𝑏2𝑥𝑥𝑥𝑥2+. . . +𝑏𝑏𝑏𝑏𝑛𝑛𝑛𝑛𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛 (1) 

 
where ŷ  is the predicted linear retention index 
(LRI); ix are the selected molecular descriptors, and 

ib are their respective regression coefficient. Only 

descriptor with p-values ≤  0.05 were retained to 
ensure statistical significance and reduce overfitting. 

To assess internal model performance and 
robustness, two cross-validation techniques were 
applied: Leave-One-Out (LOO) and Leave-Many-
Out (LMO). The Q2

LOO value, indicating how well 
the model predicts compounds not included during 
training, was calculated using the following 
equation:  

 

𝑄𝑄𝑄𝑄𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿2 = 1 −
� �𝑦𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖⁄ − 𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖�

2𝑛𝑛𝑛𝑛

𝑖𝑖𝑖𝑖𝑖𝑖
∑ (𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖 − 𝑦𝑦𝑦𝑦�)2𝑛𝑛𝑛𝑛
𝑖𝑖𝑖𝑖=1

 (2) 

 
where iy is the experimental value, /ˆ i iy is the 
predicted value for compound i when it is omitted 
from the training set, and y is the mean of the 
experimental values in the training set.  

For external validation, the dataset of 51 
compounds was divided using the Kennard and 
Stone (CADEX) algorithm into training set of 35 
compounds and a prediction set of 16 compounds. 
This deterministic method ensures a representative 
and uniform distribution across the descriptor space. 
The model’s predictive performance was assessed 
using several statistical indicators, such as Q²F1, 
Q²F2, Q²F3 and CCCext (Eq. 3-8), which have been 
previously described and discussed in our earlier 
publications [30-32]. 
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where next and ntr are the number of compounds in 
the prediction and training sets, and try and exty  are 
the means of the training and prediction 
experimental values.  

To verify the statistical robustness and eliminate 
the possibility of chance correlation, a Y-randomi-
zation test (Y-scrambling) was conducted. The 
dependent variable (LRI) was randomly permuted, 
and models were rebuilt. A sharp drop in Q2 values 
after scrambling confirmed the model’s validity. 

Applicability domain 
The model's applicability domain was assessed 

using the Williams plot, which shows standardized 
residuals alongside leverage values. Williams plots 
are used to identify outliers and establish a 
confidence interval for the model's predictions [33]. 
It guarantees that the investigation adheres to the 
third principal of the OECD [34]. Leverage is 
calculated as:  

 
ℎ𝑖𝑖𝑖𝑖 = 𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝐸𝐸𝐸𝐸(𝑋𝑋𝑋𝑋𝐸𝐸𝐸𝐸𝑋𝑋𝑋𝑋)−1𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖 (9) 

 
where xi is the descriptor row vector of the query 
compound, and X is the n*k matrix containing k 
model descriptor values for n training set com-
pounds. Transpose of matrix/vector denoted by the 
superscript ’’T’’ the control leverage h* is fixed at 
(3k+1)/n, where k is the number of model parame-
ters and n is the number of observations used to 
compute the model. Compounds with hi > h* or resi-
duals outside ±3 standard deviations were consi-
dered influential or outlier compounds, respectively. 

The QSRR-MLR model developed in this study 
met all these conditions, demonstrating excellent fit, 
predictive power, and structural interpretability. 
These results confirm the model’s reliability for 
predicting LRI values of essential oil constituents 
and its applicability in chromatographic behavior 
modeling. 

 
Results and discussion 
 
Modeling of the linear retention index (LRI) 
In this study, the linear retention indices (LRI) 

of essential oil compounds were modeled using a 
quantitative structure-retention relationship (QSRR) 
approach based on multiple linear regression 
(MLR). The modeling was performed using the 
QSARINS software [29] a robust platform for 
building, validating, and interpreting QSAR/QSPR 
models using a genetic algorithm-based variable 
selection approach and extensive internal and 

external validation techniques. The regression 
model is expressed as:  

 
LRI=373.90+1.83 BertzCT+116.71 

Hy+284.87 Chi1_EA(ed)-262.53 Mor25v 
(10) 

 
where: BertzCT: Bertz complexity index; Hy: 
Hydrophilic factor; Chi1_EA(ed): Connectivity-like 
index of order 1 from edge adjacency mat. Weighted 
by edge degree; Mor25v: 3D-MoRSE.signal 25 / 
weighted by van der Waals volume. 

The model’s accuracy and predictive 
performance were evaluated using key statistical 
metrics summarized in Table 1. 

 
 

Table 1 – Statistical performance indicators for the training and 
prediction sets 
 

Statistical Parameters 
Training Set Prediction Set 

R2 0.954 R²ext 0.915 
Q2LOO 0.946 Q²F1 0.909 

RMSEtr 25.70 Q²F2 0.904 
s 23.40 Q²F3 0.910 

 
 
The QSRR model shows strong statistical 

performance in both training and prediction sets. In 
the training phase, the model achieved an R2 of 
0.954, indicating that 95.4% of the variation in 
experimental LRI values is captured by the selected 
descriptors. The Q2

LOO value of 0.946, close to R2, 
confirms model robustness and lack of overfitting. 
Low RMSE (25.70) and standard error (s=23.40) 
indicate accurate predictions within the training 
data. The high Fisher statistic (F=208.50) supports 
the significance of the regression. 

External validation further confirms model 
reliability. The prediction set yielded R2

ext = 0.915, 
with Q²F1, Q²F2, and Q²F3 all above 0.90, exceeding 
the OECD’s threshold (>0.5) for valid QSAR 
models. The external concordance correlation 
coefficient (CCCext = 0.957) and RMSEext = 20.57 
affirm high predictive power and low prediction 
error. Together, these metrics demonstrate that the 
model is both statistically sound and externally 
predictive. 

Table 2 illustrates the prediction results and the 
values of the descriptors used in the model 
developed. 

The coefficients and associated statistical 
parameters are summarized (Table 3). 
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where next and ntr are the number of compounds in 
the prediction and training sets, and try and exty  are 
the means of the training and prediction 
experimental values.  

To verify the statistical robustness and eliminate 
the possibility of chance correlation, a Y-randomi-
zation test (Y-scrambling) was conducted. The 
dependent variable (LRI) was randomly permuted, 
and models were rebuilt. A sharp drop in Q2 values 
after scrambling confirmed the model’s validity. 

Applicability domain 
The model's applicability domain was assessed 

using the Williams plot, which shows standardized 
residuals alongside leverage values. Williams plots 
are used to identify outliers and establish a 
confidence interval for the model's predictions [33]. 
It guarantees that the investigation adheres to the 
third principal of the OECD [34]. Leverage is 
calculated as:  

 
ℎ𝑖𝑖𝑖𝑖 = 𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝐸𝐸𝐸𝐸(𝑋𝑋𝑋𝑋𝐸𝐸𝐸𝐸𝑋𝑋𝑋𝑋)−1𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖 (9) 

 
where xi is the descriptor row vector of the query 
compound, and X is the n*k matrix containing k 
model descriptor values for n training set com-
pounds. Transpose of matrix/vector denoted by the 
superscript ’’T’’ the control leverage h* is fixed at 
(3k+1)/n, where k is the number of model parame-
ters and n is the number of observations used to 
compute the model. Compounds with hi > h* or resi-
duals outside ±3 standard deviations were consi-
dered influential or outlier compounds, respectively. 

The QSRR-MLR model developed in this study 
met all these conditions, demonstrating excellent fit, 
predictive power, and structural interpretability. 
These results confirm the model’s reliability for 
predicting LRI values of essential oil constituents 
and its applicability in chromatographic behavior 
modeling. 

 
Results and discussion 
 
Modeling of the linear retention index (LRI) 
In this study, the linear retention indices (LRI) 

of essential oil compounds were modeled using a 
quantitative structure-retention relationship (QSRR) 
approach based on multiple linear regression 
(MLR). The modeling was performed using the 
QSARINS software [29] a robust platform for 
building, validating, and interpreting QSAR/QSPR 
models using a genetic algorithm-based variable 
selection approach and extensive internal and 

external validation techniques. The regression 
model is expressed as:  

 
LRI=373.90+1.83 BertzCT+116.71 

Hy+284.87 Chi1_EA(ed)-262.53 Mor25v 
(10) 

 
where: BertzCT: Bertz complexity index; Hy: 
Hydrophilic factor; Chi1_EA(ed): Connectivity-like 
index of order 1 from edge adjacency mat. Weighted 
by edge degree; Mor25v: 3D-MoRSE.signal 25 / 
weighted by van der Waals volume. 

The model’s accuracy and predictive 
performance were evaluated using key statistical 
metrics summarized in Table 1. 

 
 

Table 1 – Statistical performance indicators for the training and 
prediction sets 
 

Statistical Parameters 
Training Set Prediction Set 

R2 0.954 R²ext 0.915 
Q2LOO 0.946 Q²F1 0.909 

RMSEtr 25.70 Q²F2 0.904 
s 23.40 Q²F3 0.910 

 
 
The QSRR model shows strong statistical 

performance in both training and prediction sets. In 
the training phase, the model achieved an R2 of 
0.954, indicating that 95.4% of the variation in 
experimental LRI values is captured by the selected 
descriptors. The Q2

LOO value of 0.946, close to R2, 
confirms model robustness and lack of overfitting. 
Low RMSE (25.70) and standard error (s=23.40) 
indicate accurate predictions within the training 
data. The high Fisher statistic (F=208.50) supports 
the significance of the regression. 

External validation further confirms model 
reliability. The prediction set yielded R2

ext = 0.915, 
with Q²F1, Q²F2, and Q²F3 all above 0.90, exceeding 
the OECD’s threshold (>0.5) for valid QSAR 
models. The external concordance correlation 
coefficient (CCCext = 0.957) and RMSEext = 20.57 
affirm high predictive power and low prediction 
error. Together, these metrics demonstrate that the 
model is both statistically sound and externally 
predictive. 

Table 2 illustrates the prediction results and the 
values of the descriptors used in the model 
developed. 

The coefficients and associated statistical 
parameters are summarized (Table 3). 

Table 2 – List of names, experimental, predicted LRI, and descriptors values involved in the model 
 

ID Name Status Exp.LRI Pred. LRI BertzCT Hy Chi1_EA 
(ed) Mor25v 

1 hexanal Tr 802 831.064 41.445 -0.802 1.644 -0.025 
2 (E)-2-hexenal Tr 856 875.783 64.58 -0.802 1.644 -0.034 
3 (Z)-3-hexen-1-ol Tr 857 914.321 48.142 -0.088 1.644 0.022 
4 1-hexanol Tr 869 872.599 27.361 -0.088 1.644 0.036 
5 n-nonane Tr 900 907.511 33.303 -0.954 2.144 0.102 
6 heptanal Tr 903 899.535 50.349 -0.828 1.894 0.036 
7 (Z)-2-heptenal Tr 958 955.484 74.456 -0.828 1.894 -0.009 
8 6-methyl-5-hepten-2-one Tr 987 985.815 118.529 -0.848 1.695 -0.042 
9 (E,E)-2,4-heptadienal Tr 1011 980.633 100.954 -0.828 1.894 0.08 
10 limonene Tr 1032 1064.477 162.877 -0.96 1.779 0.009 
11 phenylacetaldehyde Tr 1045 1074.079 170.744 -0.848 1.919 0.229 
12 n-undecane Tr 1100 1099.823 49.059 -0.965 2.644 0.017 
13 linalool Tr 1101 1110.171 154.256 -0.294 1.733 0.021 
14 phenylethyl alcohol Tr 1111 1111.710 155.406 -0.213 1.919 0.261 
15 (E,E)-2,6-nonadienal Tr 1153 1194.102 122.69 -0.864 2.394 -0.055 
16 menthone Tr 1154 1102.784 148.952 -0.877 1.851 -0.119 
17 methyl chavicol Tr 1197 1191.035 209.257 -0.877 2.093 0.228 
18 safranal Tr 1198 1174.535 231.257 -0.877 1.655 -0.031 
19  -cyclocitral Tr 1222 1146.305 198.918 -0.877 1.655 -0.149 
20 1,2-benzisothiazole Tr 1223 1205.518 245.642 -0.742 1.851 0.224 
21 carvone Tr 1244 1233.890 223.027 -0.877 1.837 -0.117 
22 (E)-2-decenal Tr 1262 1232.220 105.44 -0.877 2.644 -0.055 
23 bornyl acetate Tr 1287 1283.986 269.495 -0.835 2.12 0.342 
24 (E,Z)-2,4-decadienal Tr 1293 1253.442 133.808 -0.877 2.644 0.062 
25 theaspirane I Tr 1298 1341.364 264.409 -0.905 2.157 0.097 
26 p-vinylguaiacol Tr 1314 1251.880 256.736 -0.206 1.862 0.375 
27 theaspirane II Tr 1315 1392.556 264.409 -0.905 2.157 -0.098 
28 phenylethyl propionate Tr 1351 1381.369 245.264 -0.822 2.627 0.358 
29 (E)- -damascenone Tr 1382 1527.077 327.145 -0.905 2.285 -0.034 
30 n-tetradecane Tr 1400 1371.431 74.039 -0.975 3.394 -0.034 
31 dihydrodehydro- -ionone Tr 1422 1457.342 292.357 -0.905 2.32 0.027 
32 (E)-geranylacetone Tr 1454 1449.609 229.62 -0.905 2.685 0.015 
33 dihydroactinidiolide Tr 1536 1404.142 288.465 -0.822 1.998 -0.11 
34 caryophyllene oxide Tr 1581 1557.778 330.327 -0.917 2.521 0.122 
35 benzophenone Tr 1627 1609.632 352.152 -0.905 2.885 0.477 
36 benzaldehyde Pr 963 951.392 158.826 -0.828 1.624 0.302 
37 3-ethenyl pyridine Pr 969 998.288 172.826 -0.828 1.624 0.221 
38 (E,Z)-2,4-heptadienal Pr 997 980.896 100.954 -0.828 1.894 0.079 
39 octanal Pr 1002 1011.323 59.588 -0.848 2.144 -0.063 
40 p-cymene Pr 1028 1059.216 180.078 -0.96 1.779 0.149 
41 1-octanol Pr 1071 1030.862 43.832 -0.213 2.144 0.035 
42 nonanal Pr 1103 1082.127 69.129 -0.864 2.394 -0.002 
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ID Name Status Exp.LRI Pred. LRI BertzCT Hy Chi1_EA 
(ed) Mor25v 

43 1,4-Dimethyl-DELTA.-3-
tetrahydroacetophenone Pr 1150 1156.890 202.918 -0.877 1.707 -0.105 

44 (E)-2-nonenal Pr 1163 1136.662 94.901 -0.864 2.394 -0.03 
45 2-phenylethyl formate Pr 1177 1277.730 197.603 -0.79 2.467 0.261 
46 n-dodecane Pr 1200 1156.257 56.439 -0.969 2.894 0.123 
47 n-tridecane Pr 1300 1279.479 66.107 -0.972 3.144 -0.009 
48 (E,E)-2,4-decadienal Pr 1317 1245.304 133.808 -0.877 2.644 0.093 
49 eugenol Pr 1358 1369.930 269.563 -0.244 2.157 0.318 
50 (Z)-jasmone Pr 1395 1340.027 233.389 -0.888 2.306 0.055 
51 (E)- -ionone Pr 1488 1476.244 292.357 -0.905 2.32 -0.045 

 
 
Table 3 – Characteristic of the descriptors in the optimal MLR model 
 

Descriptor Coefficient Std. Coefficient Std. Error (+/-) Co. int. 95% p-value 
Intercept 373.90 – 44.53 90.9323 0.000 
BertzCT 1.83 0.812 0.10 0.204 0.000 

Hy 116.71 0.136 41.57 84.8926 0.0083 
Chi1_EA(ed) 284.87 0.561 23.57 48.1442 0.000 

Mor25v -262.53 -0.189 64.93 132.6146 0.0003 
 
 
The statistical quality of the model is high, as 

indicated by the very low p-values (< 0.01) for all 
descriptors, confirming their significant contribution 
to the prediction of the linear retention index. 

Assessing the model’s applicability domain is a 
key part of the validation process. The Williams plot 

(Fig. 1) shows standardized residuals versus levera-
ge values, which reflect how similar each compound 
is to those in the training set. All residuals fall 
within the ±3s range, except for one training 
compound ((E)- - damascnone), identified as a Y 
outlier due to a likely error in its experimental value. 

 
 

 
 

Figure 1 – Williams plot of the developed MLR model showing  
standardized residuals versus leverage values 

 
 

Continuation of the table
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ID Name Status Exp.LRI Pred. LRI BertzCT Hy Chi1_EA 
(ed) Mor25v 

43 1,4-Dimethyl-DELTA.-3-
tetrahydroacetophenone Pr 1150 1156.890 202.918 -0.877 1.707 -0.105 

44 (E)-2-nonenal Pr 1163 1136.662 94.901 -0.864 2.394 -0.03 
45 2-phenylethyl formate Pr 1177 1277.730 197.603 -0.79 2.467 0.261 
46 n-dodecane Pr 1200 1156.257 56.439 -0.969 2.894 0.123 
47 n-tridecane Pr 1300 1279.479 66.107 -0.972 3.144 -0.009 
48 (E,E)-2,4-decadienal Pr 1317 1245.304 133.808 -0.877 2.644 0.093 
49 eugenol Pr 1358 1369.930 269.563 -0.244 2.157 0.318 
50 (Z)-jasmone Pr 1395 1340.027 233.389 -0.888 2.306 0.055 
51 (E)- -ionone Pr 1488 1476.244 292.357 -0.905 2.32 -0.045 

 
 
Table 3 – Characteristic of the descriptors in the optimal MLR model 
 

Descriptor Coefficient Std. Coefficient Std. Error (+/-) Co. int. 95% p-value 
Intercept 373.90 – 44.53 90.9323 0.000 
BertzCT 1.83 0.812 0.10 0.204 0.000 

Hy 116.71 0.136 41.57 84.8926 0.0083 
Chi1_EA(ed) 284.87 0.561 23.57 48.1442 0.000 

Mor25v -262.53 -0.189 64.93 132.6146 0.0003 
 
 
The statistical quality of the model is high, as 

indicated by the very low p-values (< 0.01) for all 
descriptors, confirming their significant contribution 
to the prediction of the linear retention index. 

Assessing the model’s applicability domain is a 
key part of the validation process. The Williams plot 

(Fig. 1) shows standardized residuals versus levera-
ge values, which reflect how similar each compound 
is to those in the training set. All residuals fall 
within the ±3s range, except for one training 
compound ((E)- - damascnone), identified as a Y 
outlier due to a likely error in its experimental value. 

 
 

 
 

Figure 1 – Williams plot of the developed MLR model showing  
standardized residuals versus leverage values 

 
 

All leverage values (hi) remain below the 
threshold (h* = 0.429), indicating that no compound 
exerts excessive influence on the model. This 
confirms that the MLR model provides reliable 
linear retention index (LRI) predictions. The model 
can be applied to screen chemical databases or 
virtual compounds, using the applicability domain 
to exclude structurally dissimilar molecules.  

Figure 2 shows the correlation between the 
predicted and experimental linear retention index 
(LRI) values obtained using the QSRR-MLR model. 
Red dots represent the training set, while blue dots 
correspond to the external prediction set. Most 
points are closely aligned along the diagonal line, 
indicating a strong agreement between observed and 
predicted values. 

 
 

 
 

Figure 2 – Plot of predicted vs Experimental LRI values 
 

 
The determination coefficients (R2 = 0954 for 

the training set and R2
ext = 0.915 for the prediction 

set) confirm that the model performs well both in 
fitting the training data and in predicting unseen 
data. The absence of major outliers supports the 
robustness and reliability of the regression model in 
capturing retention behavior based on molecular 
descriptors. 

Figure 3 illustrates the results of the Y-
randomization (or Y-scrambling) test used to assess 
the statistical reliability of the QSRR model. Red 
and yellow dots represent the R2 and Q2 values, 
respectively, for models developed from randomly 
shuffled response data. The blue dots in the upper 
right corner correspond to the original model’s R2 
and Q2 values. 

The randomized models yield significantly 
lower R2 and Q2 values, mostly clustered near or 

below zero, clearly separated from the original 
model’s performance. This confirms that the 
developed QSRR model is not a result of chance 
correlations. It demonstrates genuine predictive 
ability based on meaningful structural information 
encoded in the selected descriptors. 

Model descriptors interpretation  
The regression model obtained in equation 10, 

provides a coherent mechanistic view of the chro-
matographic retention of essential oil compounds on 
a DB-5 type nonpolar stationary phase. On such a 
column, the separation mechanisms are mainly 
governed by London dispersion forces, where 
retention increases with the size, molecular surface 
area, and boiling point of the analytes [35]. Analysis 
of the model coefficients allows us to decipher the 
quantitative influence of different molecular 
properties on the retention index. 
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Figure 3 – Y-Randomization test 
 

 
The topological descriptor Chi1_EA(ed) 

(connectivity index) and Bertz complexity index 
(BertzCT) positively influence retention, with 
respective coefficients of +284.87 and +1.83. The 
high coefficient of the Chi1_EA(ed) index reflects 
the electronic and topological connectivity of a 
molecule: a high value reflects a more rigid, better 
connected, and often conjugated or aromatic 
structure [36]. These characteristics promote 
polarization and π–π or dispersion interactions with 
the stationary phase, which prolongs the elution 
time. Similarly, BertzCT quantifies overall 
structural complexity by taking into account 
ramifications, cycles, and types of atoms present 
[37]. More complex and ramified molecules have an 
increased contact surface area and interact more 
strongly with the nonpolar DB-5 phase, which 
delays their elution. This behavior is well 
documented in QSRR models based on topological 
descriptors [38]. 

The Mor25v descriptor, derived from 3D-
MoRSE descriptors, has the most strongly negative 
coefficient (-262.53), acting as the main factor 
unfavorable to retention. The 3D-MoRSE 
descriptors encode precise information about the 
three-dimensional geometry of the molecule based 
on simulated electron diffraction [39]. The negative 
coefficient suggests that this descriptor is an 
indicator of molecular compactness or sphericity. A 
more compact molecule, for the same molar mass, 

has a smaller external contact surface, which 
significantly reduces the possible dispersion forces 
with the stationary phase [40]. The negative 
coefficient suggests that a molecular geometry 
leading to a more dispersed electron distribution 
(and therefore a smaller effective contact surface 
with the stationary phase) promotes faster elution. 

The Hy (hydrophilic factor) descriptor has a 
positive coefficient (+116.71), indicating that 
polarity contributes modestly but significantly to 
retention. Although the DB-5 phase is essentially 
nonpolar, it contains about 5% phenyl groups, 
whose π electrons are polarizable. Thus, analytes 
with polar groups (hydroxyl, carbonyl, ester) can 
interact via induced dipole-dipole forces with the 
aromatic rings of the phase [40]. These interactions, 
although secondary to dispersion forces, slightly 
increase retention. In addition, more polar molecules 
generally have higher boiling points, which reduces 
their volatility and indirectly increases their 
retention. This behavior has already been observed 
in QSRR studies on polar compounds in essential 
oils [35]. The Hy (hydrophilic factor) descriptor has 
a positive coefficient (+116.71), indicating that 
polarity contributes modestly but significantly to 
retention. Although the DB-5 phase is essentially 
non-polar, it contains approximately 5% phenyl 
groups, whose π electrons are polarizable. Thus, 
analytes with polar groups (hydroxyl, carbonyl, 
ester) can interact via induced dipole-dipole forces 
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Figure 3 – Y-Randomization test 
 

 
The topological descriptor Chi1_EA(ed) 

(connectivity index) and Bertz complexity index 
(BertzCT) positively influence retention, with 
respective coefficients of +284.87 and +1.83. The 
high coefficient of the Chi1_EA(ed) index reflects 
the electronic and topological connectivity of a 
molecule: a high value reflects a more rigid, better 
connected, and often conjugated or aromatic 
structure [36]. These characteristics promote 
polarization and π–π or dispersion interactions with 
the stationary phase, which prolongs the elution 
time. Similarly, BertzCT quantifies overall 
structural complexity by taking into account 
ramifications, cycles, and types of atoms present 
[37]. More complex and ramified molecules have an 
increased contact surface area and interact more 
strongly with the nonpolar DB-5 phase, which 
delays their elution. This behavior is well 
documented in QSRR models based on topological 
descriptors [38]. 

The Mor25v descriptor, derived from 3D-
MoRSE descriptors, has the most strongly negative 
coefficient (-262.53), acting as the main factor 
unfavorable to retention. The 3D-MoRSE 
descriptors encode precise information about the 
three-dimensional geometry of the molecule based 
on simulated electron diffraction [39]. The negative 
coefficient suggests that this descriptor is an 
indicator of molecular compactness or sphericity. A 
more compact molecule, for the same molar mass, 

has a smaller external contact surface, which 
significantly reduces the possible dispersion forces 
with the stationary phase [40]. The negative 
coefficient suggests that a molecular geometry 
leading to a more dispersed electron distribution 
(and therefore a smaller effective contact surface 
with the stationary phase) promotes faster elution. 

The Hy (hydrophilic factor) descriptor has a 
positive coefficient (+116.71), indicating that 
polarity contributes modestly but significantly to 
retention. Although the DB-5 phase is essentially 
nonpolar, it contains about 5% phenyl groups, 
whose π electrons are polarizable. Thus, analytes 
with polar groups (hydroxyl, carbonyl, ester) can 
interact via induced dipole-dipole forces with the 
aromatic rings of the phase [40]. These interactions, 
although secondary to dispersion forces, slightly 
increase retention. In addition, more polar molecules 
generally have higher boiling points, which reduces 
their volatility and indirectly increases their 
retention. This behavior has already been observed 
in QSRR studies on polar compounds in essential 
oils [35]. The Hy (hydrophilic factor) descriptor has 
a positive coefficient (+116.71), indicating that 
polarity contributes modestly but significantly to 
retention. Although the DB-5 phase is essentially 
non-polar, it contains approximately 5% phenyl 
groups, whose π electrons are polarizable. Thus, 
analytes with polar groups (hydroxyl, carbonyl, 
ester) can interact via induced dipole-dipole forces 

with the aromatic rings of the phase [40]. These 
interactions, although secondary to dispersion 
forces, slightly increase retention. In addition, more 
polar molecules generally have higher boiling 
points, which reduces their volatility and indirectly 
increases their retention. This behaviour has already 
been observed in QSRR studies on polar compounds 
in essential oils [35]. 

 
Conclusion  
 
The QSRR-MLR model developed in this work 

provides an effective and interpretable approach for 
predicting the linear retention indices (LRI) of 51 
essential oil components from Olea europaea L. 
The model, built using a rigorously selected set of 
molecular descriptors, demonstrates strong statisti-
cal performance with high internal (R2 = 0.9533, 
Q2

LOO = 0.9339) and external validation metrics 
(R2

ext = 0.9381, Q2
F1-F3 > 0.93, CCCext = 0.9663). 

The selected descriptors reflect key structural fea-
tures-topological complexity, polarity, connectivity, 
and 3D molecular shape-that significantly influence 
chromatographic behavior. The model passed all 

recommended validation steps, including Y-
randomization and applicability domain analysis, 
confirming its reliability and robustness. These 
results support the use of QSRR-MLR as a practical 
and accurate tool for retention time prediction in 
essential oil analysis. The methodology can be 
extended to other volatile compounds datasets, 
facilitating compound identification, optimization of 
chromatographic methods, and molecular-level 
understanding of retention mechanisms. 
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