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THE PREDICTION OF KOVATS RETENTION INDICES OF 
ESSENTIAL OILS AT GAS CHROMATOGRAPHY USING 

GENETIC ALGORITHM  

 
 
 
 
 
 
 
 
 
 
 
 

Abstract 

The Kovats retention indices (KRI) of 340 essential oil compounds had been 
successfully predicted using molecular descriptor data through a genetic 
algorithm (GA) approach. The genetic algorithmGA was used to select the 
optimal molecular descriptors. The selected molecular descriptors were then used 
to predict the Kkovats retention indices using multiple linear regression (MLR) 
and support vector regression (SVR) methods. The molecular descriptors of the 
essential oil compounds were calculated using Online Chemical Database 
(OCHEM) software, where it generated 184 molecular descriptors for 340 
compounds in the essential oils. The GA was run for 10 times, with 1000 iteration 
each, suggesting 5 most optimal molecular descriptors to be used in constructing 
Kovats retention index prediction model. As the results, MLR had R2 training = 
0.970, R2 testing = 0.970, RMSE training = 56.55, and RMSE testing = 56.99. 
Meanwhile SVR model produced R2 training = 0.981, R2 testing = 0.973, RMSE 
training = 44.62 and RMSE testing = 53.60. In Kovats retention index prediction 
test, the MLR model generated the average difference of the predicted values as 
high as 3.8% for the training set and 3.4% for the testing set. Meanwhile, SVR 
yielded 2.4% difference for the training set and 3.4% for the testing set. The 
number of compounds with the difference of predicted value above 10% from 
MLR model was 13 compounds for the training set and 1 compound for the 
testing set, while in the SVR model, the number reached 7 compounds for the 
training set and 1 compound for the testing set. In comparison with MLR, the 
SVR model successfully gave higher R2, lower RMSE, the lower average 
difference of the predicted value, and a smaller number of compounds with the 
difference above 10%. It suggests SVR model ability to predict the kKovats 
retention indices in higher accuracy, where the predicted kKovats retention 
indices are closed to the observed ones. In the conclusion of this research, the 
SVR is better than MLR method in predicting Kovats retention indices of the 
essential oil compounds. 

Keywords:  Genetic Algorithm, Molecular Descriptors, Multiple Linear 
Regression, Support Vector Regression, Kovats Retention Index, 
Essential Oils 
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1.  Introduction 

Essential oils are known as natural products extracted from plants, attracting many 
interests due to their various biological properties [1]. The composition of essential 
oils has been extensively investigated owing to the increase in commercial demand 
[2]. Essential oils have been utilized in a wide range of fields, such as in the 
production of antifungal [3], antibiofilm [4], algae controlling agent for water 
ecosystem [5], and fungal growth inhibitor in food products [6]. 

There are many types of essential oils contained within plants. Moreover, the 
essential oil content between one plant to another is very diverse [7]. A hyphenated 
method, Chromatography-Mass Spectroscopy, is the most popular method used in 
the identification of organic components within plants [8,9], including the essential 
oil. Plant extract components are separated through a chromatography based on 
their respective polarity [10], followed by the identification of the separated 
chemical components using Mass Spectrometry [11]. 

In the component analysis using gas chromatography (GC), retention time (a 
chromatography parameter) does not represent any information of the psycho-
chemistry or thermodynamic of the component. It is ascribed to the inaccuracy of 
the retention time against the changes in analytical conditions. In other words, the 
retention time of a component can be changed throughout the changes in the 
analytical condition [12]. To obtained more useful information, the retention time 
is converted to a retention index. The retention index has a correlationcorrelates with the carbon 
chain of an organic compound, thus, it can be used to predict the relative carbon 
number and polarity of the analyzed component [13,14].  

In general, a retention index is calculated by determining the dead time at the 
same analytical condition used to analyze the retention time. The dead time value 
can be determined using the inert gas or homologous series method [15]. 
Furthermore, the retention time and dead time values can be employed in 
calculating the retention index with the help of an algorithm. In this method, the 
accuracy of determining the dead time is very crucial [16,17], because it determines 
the accuracy in a retention index calculation. 

The correlation between a carbon number and a retention index indicates the 
correlation between the chemical structure and the retention index of a compound. 
Multivariate analysis also statistically reveals the pattern similarity among the 
retention indices of the compounds with similar chemical structures [18,19]. On 
that basis, we can calculate retention indices without firstly acquiring the dead time 
value, by utilizing the quantitative information of the chemical structure of a 
compound along with a genetic algorithm (GA). 

GA is initially proposed and developed by John Holland in 1960-1970s [20]. 
It is a part of the stochastic methods used to solve the optimization problem defined 
by fitness criteria. It applies Darwin’s evolution hypothesis and several genetic 
functions such as mutation and crossover [21]. Unlike the conventional 
optimization technique, which only relies on a single point-based searching; GA 
does the searching through a population of a solution. Therefore, it allows GA to 
have the probability of reaching the global optimum and helps to avoid the local 
stationary point [22]. Furthermore, the advantage of GA is an approach to solve 
phenomena by adopting the uncertainty principle as a stochastic concept. 

GA has been used in many applications, including in solving the optimization 
of the problem variation in engineering and sciences fields [23]. It also has been 
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used in other applications, such as arranging the research consultation schedule 
[24], predicting a dengue outbreak [25], classifying diabetic diseases [26], and 
classifying big data [27]. The previous studies had conducted the prediction of 
Kovats retention indices on flavor and fragrance compounds using GA and multiple 
linear regression, yielding a pretty good prediction [28]. Parveen et al. also had 
conducted a comparative study on MLR, support vector regression (SVR), and 
artificial neural network (ANN) models to predict the heavy metal sorption, where 
the SVR model appeared to be more superior than MLR and ANN [29].  

Nowadays, the chemical structure information of a compound has been widely 
described and quantified in several parameters, known as molecular descriptors. 
Several descriptors, such as BCUTc(-11) (eigenvalue), AMR (atom addition logP 
and molar refractivity), MOMI(-R) (moments of inertia and ratios of the principal 
moments), etc., have been extensively used in computational chemistry. Molecular 
descriptor calculation can be conducted with easy-to-operate and cost-free Online 
Chemical Database software [30]. 

In this research, molecular descriptors of the essential oil compounds are 
calculated with Online Chemical Database. Afterward, the descriptor selection is 
conducted through GA to obtain the optimal molecular descriptors. The selected 
molecular descriptors will further be used to develop a prediction model for Kovats 
retention indices using MLR and SVR methods. The results obtained from the MLR 
and SVR will be compared to determine which model yields the best results. 

 

2.  Materials and Method 

2.1.  Integrated Development Environment (IDE) 

The source-code editor used for this research was Visual Studio Code. It was used 
to build the GA by using the Perl programming language. Descriptor calculation 
was conducted by using Online Chemical Database (OCHEM). RStudio as IDE for 
R was also used to build MLR and SVR models. 

2.2.  Dataset Collection 

The dataset used for this research was that of essential oil compounds obtained 
from Babushok et al. [31]. There are 340 compounds within the dataset, where 90% 
of the dataset were used as the training set and the other 10% were used as the 
testing set. It was conducted as such to ensure the fitness of the built model. The 
data distribution of the compounds within the training set and testing set can be 
seen in Fig. 1. 

Commented [DS4]: The authors must describe in detail the 
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Fig. 1. The distribution of the compounds within the training set and 

testing set. 

2.3.  Descriptor Calculation 

Molecular descriptors of the essential oil compounds were calculated with 
calculating descriptors feature using OCHEM. Several examples of the calculated 
descriptor class are topological, geometrical, constitutional, and hybrid descriptors. 
From the calculation, as many as 184 molecular descriptors were obtained, which 
was employed later. 

2.4.  Descriptor Selection 

In constructing the model, molecular descriptors of the essential oil compounds 
were used as an independent variable. In practice, the obtained number of molecular 
descriptors is overwhelmingly high, therefore, a method to select optimal molecular 
descriptors is required. This step was meant to ease the interpretation, prediction 
ability, and speed up the model construction [30]. 

GA method was used for the selection of the most optimal molecular descriptor. 
There are five major steps in GA, including the initialization of the initial 
population, calculation of the fitness value for each individual within the 
population, selection of the individual as parent candidates, crossover to produce 
offspring, and mutation. Fig. 2 presents the pseudocode of GA. 
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Fig.2. Pseudocode of GA [23]. 

2.5.  Constructing Prediction Model 

The results of molecular descriptor selection using GA were then used to construct 
the prediction model of the Kovats retention indices for the essential oils. The 
regression model was build using MLR and SVR methods.  

The linear equation used to calculate the linear correlation between a Kovats 
retention index and a molecular descriptor in the MLR method is expressed below: 

����� =  �	 + � ���
�

���
 

(1) 

Where c_o represents intercept, c_i represents the regression coefficient of the 
molecular descriptor (D_i), and n represents the number of the selected molecular 
descriptor [32]. For the SVR method, the regression equation is presented as 
follow: ���� = � • ϕ��� + � (2) 

Where w and b respectively represent slope and offset of the regression line, x 
is high dimensional input space, and ϕ is the kernel function that can map the input 
space x to higher-dimensional space. The function of f(x) can be calculated by 
minimizing the following equation: 

12 ��� + 1� � ������
�

���
�, ��� 

(3) 

Where 1/2 w^T w is a term characterizing the model complexity, c(f(x_i ),y_i) 
is a loss function, y is the target and n is the number of samples [33,34]. 

2.6. Result Analysis 
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The coefficient of determination (R2) and RMSE obtained was used to judge the 
result of the prediction model of the Kovats retention indices. R2 indicates the value 
of the independent variable combination collectively affecting the value of the 
dependent variable, meanwhile, RMSE is a method used to evaluate the accuracy 
of the results yielded by a prediction model. The better model can be judged based 
on the higher R2

 and lower RMSE. R2 and RMSE are defined in the following 
equations: 

�� =  ∑ ���!�" # �$���� ��
 ∑ ��� # �$���� ��  

(4) 

�%&' =  (∑ ��� # �)������ �  

(5) 

 

Where ��!�"  is the fitted value, �$  is the average of observed values, ��  is the 
observed value, �)� is the predicted value and n is the number of data [34]. 

3.  Results and Discussions 

In this research, GA was built to select the five most optimal molecular descriptors 
used as independent variables in constructing the prediction model of the Kovats 
retention indices. GA was run 10 times with 1000 iterations, respectively. GA was 
constructed based on the flowchart in Fig. 3. 
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Fig. 3. GA flowchart to predict the Kovats retention indices. 

The first step taken was reading the dataset of the essential oils and determining 
the values of x and y variables. The next step included the determination of the 
iteration number. Afterwards, GA started the initialization() process which aimed 
to call the initial population with the gene number as many as $n_gen and 
chromosome number as many as $n_chrom. 

The process was then followed by the calculate_fitness(), selection(), 
crossover(), and mutation() as many as $iteration. In calculate_fitness(), the 
program checked the value of each gene in each chromosome within the initial 
population. Molecular A molecular descriptor would be used if the gene had the 
value of 1, and would not be used if the value was 0. The RMSE values of each 
chromosome within the population were calculated and stored in @fitness. 

Next, the parent selection was conducted using the roulette wheel selection 
method. The selected parents were used in the crossover(), by crossing both parents 
using the single-point crossover method, resulting in offsprings. RMSE of the 
offsprings were was then calculated. There are possibilities where the offsprings 
experienced a mutation, in such cases, the bit flip mutation method was used. Then, 
the elitism() process was run to replace the chromosome of the initial population 
with higher RMSE  through a comparison with the RMSE of the offsprings. The 
program would stop if the iteration number reached $iteration—the obtained result 
after running GA as many as 10 times can be seen in Table 1. 

Table 1. The results of GA. 

Test Selected Descriptors R2 RMSE 

1 ATSc2, VCH-6, SP-2, TPSA, WTPT-1 0.968 57.59 

2 ATSc2, VCH-5, SP-1, WNSA-3,TopoPSA 0.967 58.93 

3 ATSc1,VPC-6,SP-1,tpsaEfficiency,nAtomLC 0.966 59.67 

4 ATSc2,VPC-5,SP-1,RPSA,WTPT-1 0.964 61.58 

5 ATSc1,VC-4,PPSA-1,WNSA-3,MW 0.958 66.46 

6 ATSp1,C3SP3,SP-1,WNSA-3,MDEC-11 0.960 64.78 

7 ATSc2,C2SP3,SP-1,WNSA-3,Weta1.unity 0.966 59.63 

8 ATSc2,SPC-5,VP-0,RNCS,MW 0.966 60.04 

9 ATSc1,VCH-7,SP-1,Kier1,MLogP 0.970 56.55 

10 ATSc1,SCH-6,SP-1,Kier1,MLogP 0.969 57.10 

Table 1. presents the molecular descriptor selected using GA with 10 times 
testing. The best result was obtained at the ninth test, where the RMSE was 56.55 
and R2 was 0.970. Molecular descriptors selected at the ninth test are ATSc1, VCH-
7, SP-1, Kier1, and MLogP. Generally, the distribution portrayal for the R2 and 
RMSE can be observed in the boxplot. The boxplot generated from the test results 
of the GA can be observed in Fig. 4. 
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Fig. 4. The boxplot of the GA test results. 

The higher the correlation coefficient of the prediction model, the smaller the 
errors in the built prediction model. The explanation of the selected molecular 
descriptors along with their correlation can be seen in Table 2. In this table, the 
correlation refers to Pearson’s correlation, where SP-1 shows a high correlation 
against the retention indices (0.971), followed by MW (0.961), WTPT-1 (0.956), 
and VP-0 (0.924). 

Table 2. Explanation The explanation for the selected molecular descriptors 

along with their correlations. 

No. Name Definition Correlation 

1 SP-1 
Evaluates the Kier & Hall Chi path 
indices of orders 0,1,2,3,4,5,6 and 7 

0.971 

2 MW 

Descriptor based on the weight of 
atoms of a certain element type. If no 
element is specified, the returned 
value is the Molecular Weight 

0.961 

3 WTPT-1 
The weighted path (molecular ID) 
descriptors described by Randic. They 
characterize molecular branching. 

0.956 

4 VP-0 
Evaluates the Kier & Hall Chi path 
indices of orders 0,1,2,3,4,5,6 and 7 

0.924 

5 Kier1 
Descriptor that calculates Kier and 
Hall kappa molecular shape indices. 

0.896 

6 MLogP 
Moriguchi octanol-water partition 
coefficient 

0.856 

7 SP-2 
Evaluates the Kier & Hall Chi path 
indices of orders 0,1,2,3,4,5,6 and 7 

0.815 

8 ATSp1 
The Moreau-Broto autocorrelation 
descriptors using polarizability 

0.758 

9 PPSA-1 
A variety of descriptors combining 
surface area and partial charge 
information 

0.646 

10 C2SP3 
Characterizes the carbon connectivity 
in terms of hybridization 

0.643 

11 nAtomLC 
Returns the number of atoms in the 
largest chain 

0.468 
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No. Name Definition Correlation 

12 Weta1.unity 
Holistic descriptors described by 
Todeschini et al . 

0.258 

13 SPC-5 
Evaluates the Kier & Hall Chi path 
cluster indices of orders 4,5 and 6 

0.197 

14 MDEC-11 
Evaluate molecular distance edge 
descriptors for C, N, and O 

0.190 

15 VPC-6 
Evaluates the Kier & Hall Chi path 
cluster indices of orders 4,5 and 6 

0.184 

16 VPC-5 
Evaluates the Kier & Hall Chi path 
cluster indices of orders 4,5 and 6 

0.175 

17 C3SP3 
Characterizes the carbon connectivity 
in terms of hybridization 

0.145 

18 VC-4 
Evaluates the Kier & Hall Chi cluster 
indices of orders 3,4,5,6 and 7 

0.107 

19 ATSc1 
The Moreau-Broto autocorrelation 
descriptors using partial charges 

0.082 

20 VCH-7 
Evaluates the Kier & Hall Chi chain 
indices of orders 3,4,5 and 6 

0.030 

21 VCH-6 
Evaluates the Kier & Hall Chi chain 
indices of orders 3,4,5 and 6 

0.018 

22 TopoPSA 
Calculation of topological polar 
surface area based on fragment 
contributions . 

0.016 

23 SCH-6 
Evaluates the Kier & Hall Chi chain 
indices of orders 3,4,5 and 6 

0.006 

24 VCH-5 
Evaluates the Kier & Hall Chi chain 
indices of orders 3,4,5 and 6 

0.003 

25 TPSA 
Calculation of topological polar 
surface area based on fragment 
contributions 

-0.071 

26 ATSc2 
The Moreau-Broto autocorrelation 
descriptors using partial charges 

-0.147 

27 WNSA-3 
A variety of descriptors combining 
surface area and partial charge 
information 

-0.256 

28 RPSA 
A variety of descriptors combining 
surface area and partial charge 
information 

-0.267 

29 tpsaEfficiency 
Topological polar surface area 
efficiency 

-0.422 

30 RNCS 
A variety of descriptors combining 
surface area and partial charge 
information 

-0.481 

The molecular descriptor, selected at the ninth test, was used to construct the 
prediction model of the Kovats retention indices using MLR and SVR. The obtain 
parameters from MLR are compared with the SVR model to identify which model 
gives the best result. 
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Table 3. The test result of the MLR and SVR models. 

Model 
Training set Testing set 

R2 RMSE R2 RMSE 
MLR 0.970 56.55 0.970 56.99 
SVR 0.981 44.62 0.973 53.60 

In Tabel 3., the comparison between MLR and SVR models can be observed. 
MLR model generates R2 training = 0.970, R2 testing = 0.970, RMSE training = 
56.55 and RMSE testing = 56.99. Meanwhile SVR yields R2 training = 0.981, R2 

testing = 0.973, RMSE training = 44.62 and RMSE testing = 53.60. The results 
suggest that SVR has higher R2 and lower RMSE in comparison with the MLR 
model. The prediction plots of Kovats retention indices for MLR and SVR models 
are presented in Fig. 5. 

 

Fig. 5. Prediction plots of Kovats retention indices for MLR and SVR 

models. 

In Fig. 5, it can be observed the Kovats retention index prediction of the 
essential oil compounds using MLR and SVR models. In the plot using MLR, the 
R2 obtained is 0.970; while higher R2 is given by SVR (0.982). In the next figure, 
the residual (the difference between the predicted value and the observed value of 
the Kovats retention indices obtained from the dataset) is presented (Fig. 6). 
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Fig. 6. Residual plots of Kovats retention indices from MLR and SVR 

models. 

The comparison between the observed and predicted Kovats retention indices 
obtained from the MLR and SVR models on the training set could be in Table 4. 

Table 4. The comparison of predicted and observed values of the MLR and 

SVR models for the training set. 

No. Compounds Observed 
Predicted Difference(%) 

MLR SVR MLR SVR 
1 Abietatriene 2033 1953 2033 4.1 0.0 
2 Acetic acid 633 526 633 20.4 0.0 
3 Acetoin 684 662 665 3.3 2.9 
4 Acetophenone 1042 1015 1024 2.7 1.8 
5 2-Acetylfuran 884 907 884 2.5 0.0 
6 Alloaromadendrene 1459 1460 1402 0.1 4.1 
7 allo-Ocimene 1116 1020 962 9.4 16.0 
8 Anethole, (E)- 1265 1201 1265 5.4 0.0 
9 p-Anisyl alcohol 1250 1143 1155 9.4 8.3 
10 Ar-Curcumene 1471 1515 1480 2.9 0.6 
11 Aromadendrene 1439 1460 1402 1.4 2.7 
12 Artemisia alcohol 1072 1074 1072 0.2 0.0 
13 Artemisia ketone 1048 1027 1058 2.0 1.0 
14 Benzaldehyde 937 949 928 1.2 1.0 
15 Benzeneacetaldehyde 1016 1045 1063 2.8 4.4 
16 Benzyl benzoate 1734 1719 1691 0.9 2.6 
17 Benzyl salicylate 1837 1859 1786 1.2 2.8 
18 Bicycloelemene 1336 1367 1342 2.3 0.4 
19 Bicyclogermacrene 1490 1473 1450 1.2 2.8 
20 β-Bisabolene 1500 1505 1488 0.4 0.8 
21 α-Bisabolol 1668 1605 1634 3.9 2.1 
22 β-Bisabolol 1659 1610 1638 3.1 1.3 
23 Borneol 1153 1090 1148 5.7 0.4 
24 Bornyl acetate 1270 1275 1270 0.4 0.0 
25 β-Bourbonene 1382 1444 1382 4.3 0.0 
26 α-Bulnesene 1501 1527 1513 1.7 0.8 
27 Bulnesol 1653 1617 1635 2.2 1.1 
28 Butan-1-ol, 2-methyl- 722 738 718 2.2 0.6 
29 Butanal, 2-methyl- 643 683 643 5.8 0.0 
30 2,3-Butanedione 566 605 604 6.5 6.2 

31 
Butanoic acid, 2-
methyl- 828 808 828 2.5 0.0 

32 1-Butanol 652 677 655 3.8 0.4 

33 
2-Buten-1-ol, 3-
methyl- 751 712 689 5.5 9.1 

34 Cadalene 1655 1543 1512 7.2 9.5 
35 α-Cadinene 1527 1529 1515 0.1 0.8 
36 α-Cadinol 1640 1629 1640 0.7 0.0 
37 Camphene 947 1013 955 6.6 0.8 
38 Camphene hydrate 1136 1104 1136 2.9 0.0 
39 α-Campholenal 1107 1098 1115 0.9 0.8 



        13 

 
 
Journal of Engineering Science and Technology            Month Year, Vol. XX(Y) 

 

No. Compounds Observed 
Predicted Difference(%) 

MLR SVR MLR SVR 
40 Camphor 1125 1050 1127 7.2 0.2 
41 3-Carene 1007 1018 948 1.1 6.2 
42 Carotol 1593 1604 1593 0.7 0.0 
43 Carvacrol 1283 1218 1197 5.3 7.2 
44 Carvacrol acetate 1354 1394 1360 2.8 0.4 
45 Carvone  1218 1134 1179 7.4 3.3 
46 Caryophyllenyl alcohol 1560 1591 1561 2.0 0.1 
47 α-Cedrene 1411 1458 1411 3.2 0.0 
48 Cedrol 1597 1558 1576 2.5 1.3 
49 Chamazulene 1710 1494 1453 14.5 17.7 
50 β-Chamigrene 1470 1487 1472 1.1 0.1 
51 Chavicol 1237 1198 1186 3.2 4.3 
52 Chrysanthenone 1104 1087 1134 1.5 2.6 
53 1,8-Cineole 1022 1073 1112 4.8 8.1 
54 Cinnamaldehyde, cis- 1178 1145 1194 2.9 1.3 
55 Cinnamaldehyde, trans- 1239 1145 1194 8.2 3.8 
56 Citronellal 1134 1111 1145 2.1 0.9 
57 Citronellol 1212 1168 1167 3.8 3.8 
58 Citronellyl acetate 1336 1338 1306 0.1 2.3 
59 α-Copaene 1376 1450 1394 5.1 1.3 
60 p-Cresol 1052 989 977 6.4 7.6 
61 p-Cresol, 2-methoxy- 1163 1127 1152 3.2 0.9 
62 α-Cubebene 1352 1433 1387 5.7 2.5 
63 β-Cubebene 1384 1435 1384 3.6 0.0 
64 Cubebol 1505 1499 1505 0.4 0.0 
65 β-Curcumene 1503 1503 1493 0.0 0.7 
66 β-Cyclocitral 1196 1105 1140 8.2 4.9 
67 p-Cymen-7-ol 1270 1226 1259 3.6 0.9 
68 p-Cymen-8-ol 1165 1154 1161 1.0 0.4 
69 m-Cymene 1012 1070 1025 5.4 1.3 
70 o-Cymene 1032 1077 1032 4.2 0.0 
71 p-Cymene 1015 1070 1025 5.1 1.0 
72 Cyperene 1399 1467 1424 4.6 1.7 

73 
2,4-Decadienal, 
(2E,4E)- 1291 1204 1238 7.3 4.3 

74 
2,4-Decadienal, 
(2E,4Z)- 1273 1204 1238 5.8 2.8 

75 Decanal 1186 1212 1244 2.1 4.7 
76 1-Decanol 1259 1268 1260 0.7 0.0 
77 2-Decenal, (E)- 1239 1205 1239 2.9 0.0 
78 Decyl acetate 1392 1437 1392 3.2 0.0 
79 Dendrolasin 1561 1647 1682 5.2 7.2 
80 Dihydrocarveol 1182 1185 1182 0.3 0.0 
81 Dill apiole 1596 1589 1596 0.4 0.0 
82 1,4-Dimethoxybenzene 1138 1073 1084 6.0 5.0 

83 
2,5-Dimethoxy-p-
cymene 1407 1369 1346 2.7 4.5 

84 Dimethyl trisulfide 948 1034 948 8.3 0.0 
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No. Compounds Observed 
Predicted Difference(%) 

MLR SVR MLR SVR 
85 Dodecanoic acid 1564 1529 1523 2.3 2.7 
86 1-Dodecanol 1460 1465 1460 0.4 0.0 
87 2-Dodecenal, (E)- 1444 1402 1443 3.0 0.0 
88 β-Elemene 1388 1437 1422 3.4 2.4 
89 Elemicin 1521 1479 1521 2.8 0.0 
90 Elemol 1536 1527 1560 0.6 1.6 

91 
4,5-Epoxy-2-decenal, 
(E)- 1362 1263 1238 7.8 10.0 

92 Ethyl acetate 598 650 639 7.9 6.5 
93 Ethyl benzoate 1151 1199 1182 4.0 2.6 
94 Ethyl decanoate 1380 1456 1409 5.2 2.0 
95 Ethyl dodecanoate 1578 1653 1632 4.5 3.3 
96 Ethyl hexadecanoate 1978 2047 2012 3.4 1.7 
97 Ethyl hexanoate 983 1062 1014 7.4 3.1 
98 Ethyl isovalerate 836 907 876 7.8 4.6 
99 Ethyl linoleate 2151 2231 2151 3.6 0.0 

100 Ethyl octanoate 1181 1259 1185 6.2 0.3 
101 Ethyl tetradecanoate 1778 1850 1812 3.9 1.9 
102 2-Ethylfuran 689 869 815 20.7 15.5 
103 α-Eudesmol 1641 1593 1606 3.0 2.2 
104 β-Eudesmol 1634 1595 1604 2.4 1.9 
105 Eugenol 1340 1333 1329 0.5 0.9 
106 Eugenol acetate 1485 1516 1486 2.1 0.1 
107 β-Farnesene, (E)- 1449 1464 1466 1.0 1.1 
108 α-Farnesene, (E,E)- 1496 1466 1463 2.1 2.3 
109 α-Farnesene, (Z,E)- 1481 1466 1463 1.0 1.2 
110 β-Farnesene, cis- 1444 1464 1466 1.3 1.5 
111 Farnesol, (2Z,6E)- 1705 1604 1687 6.3 1.1 
112 Farnesol, (2E,6E) 1710 1604 1687 6.6 1.4 
113 Farnesol, (2Z,6Z)- 1687 1604 1687 5.2 0.0 
114 Farnesol, (2E,6Z)- 1691 1604 1687 5.4 0.2 

115 
Farnesyl acetone, 
(5E,9E) 1914 1804 1914 6.1 0.0 

116 Fenchone 1073 1061 1121 1.1 4.2 
117 Furaneol 1030 960 1030 7.2 0.0 
118 Furfural 807 836 798 3.4 1.1 
119 Furfural, 5-methyl- 933 898 883 3.9 5.6 
120 Furfuryl alcohol 832 895 838 7.0 0.7 
121 Geranial 1247 1103 1138 13.1 9.6 
122 Geraniol 1239 1156 1167 7.2 6.2 
123 Geranyl butanoate 1537 1543 1536 0.4 0.1 
124 Geranyl formate 1283 1243 1205 3.2 6.5 
125 Geranyl isobutanoate 1491 1496 1500 0.4 0.6 
126 Geranyl isovalerate 1588 1585 1588 0.2 0.0 
127 Geranyl propanoate 1449 1444 1429 0.3 1.4 
128 Geranylacetone 1431 1360 1431 5.2 0.0 
129 Germacrene A 1491 1511 1489 1.3 0.1 
130 Germacrene B 1535 1505 1496 2.0 2.6 
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No. Compounds Observed 
Predicted Difference(%) 

MLR SVR MLR SVR 
131 Germacrene D 1476 1518 1480 2.7 0.3 
132 Gleenol 1574 1634 1632 3.7 3.6 
133 o-Guaiacol 1064 1068 1085 0.4 1.9 
134 Guaiacol, 4-ethyl- 1254 1237 1254 1.4 0.0 
135 Guaiacol, p-vinyl- 1284 1239 1256 3.7 2.2 
136 α-Guaiene 1442 1528 1514 5.6 4.8 
137 Guaiol 1589 1618 1637 1.8 2.9 
138 2-Heptadecanone 1883 1861 1927 1.2 2.3 

139 
2,4-Heptadienal, 
(2E,4E)- 983 908 907 8.3 8.4 

140 Heptanal 881 916 915 3.8 3.7 
141 Heptanoic acid 1077 1037 1070 3.9 0.7 
142 2-Heptanol 886 929 905 4.6 2.1 
143 1-Heptanol 956 973 956 1.7 0.0 
144 2-Heptanone 868 876 868 1.0 0.0 

145 
5-Hepten-2-ol, 6-
methyl- 975 968 944 0.8 3.3 

146 2-Heptenal, (E)- 931 909 908 2.4 2.5 

147 
Hexadec-9-enoic acid, 
(Z)- 1935 1920 1935 0.8 0.0 

148 Hexadecanal 1797 1803 1857 0.3 3.2 
149 Hexadecanoic acid 1955 1923 1940 1.7 0.8 
150 Hexanal 777 818 796 5.0 2.4 
151 Hexanoic acid 985 938 973 5.0 1.3 
152 1-Hexanol 855 874 856 2.2 0.1 
153 1-Hexanol, 2-ethyl- 1015 1049 1031 3.2 1.5 
154 2-Hexen-1-ol, (E)- 850 865 847 1.8 0.3 
155 3-Hexen-1-ol, (E)- 837 866 848 3.4 1.3 
156 3-Hexen-1-ol, (Z)- 842 866 848 2.8 0.7 

157 
2-Hexen-1-ol, acetate, 
(E)- 993 1037 986 4.2 0.7 

158 2-Hexenal, (E)- 827 811 788 2.0 4.9 
159 3-Hexenal, (Z)- 770 808 785 4.7 2.0 
160 3-Hexenyl acetate, (Z)- 986 1037 986 4.9 0.0 

161 
3-Hexenyl benzoate, 
(Z)- 1550 1586 1550 2.2 0.0 

162 
3-Hexenyl butanoate, 
(Z)- 1166 1252 1177 6.9 0.9 

163 Hexyl benzoate 1554 1593 1555 2.4 0.1 
164 Hexyl butanoate 1177 1259 1185 6.5 0.7 
165 α-Himachalene 1445 1505 1493 4.0 3.2 
166 β-Himachalene 1501 1500 1501 0.0 0.0 
167 Himachalol 1648 1605 1638 2.7 0.6 
168 α-Humulene 1449 1472 1462 1.6 0.9 
169 β-Humulene 1448 1476 1458 1.9 0.7 
170 Indole 1273 1199 1206 6.1 5.6 
171 Isoborneol 1148 1090 1148 5.3 0.0 
172 Isobornyl acetate 1271 1275 1270 0.3 0.1 
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No. Compounds Observed 
Predicted Difference(%) 

MLR SVR MLR SVR 
173 Isobutanol 616 625 616 1.4 0.0 
174 Isoitalicene 1378 1403 1372 1.8 0.4 
175 Isopentyl acetate 858 892 860 3.9 0.2 
176 Isophorone 1092 990 1005 10.3 8.7 
177 Isophytol 1939 2021 2031 4.1 4.5 
178 Isovaleric acid 826 787 805 4.9 2.6 
179 Lavandulol 1155 1127 1134 2.5 1.9 
180 Ledol 1583 1557 1583 1.7 0.0 
181 Limonen-4-ol 1158 1159 1162 0.0 0.4 
182 Limonene 1024 1060 1012 3.4 1.2 
183 Linalool 1086 1112 1100 2.3 1.3 
184 Linalool acetate 1242 1296 1272 4.2 2.3 
185 Linalool propanoate 1318 1413 1408 6.7 6.4 
186 Linoleic acid 2105 2112 2108 0.3 0.1 
187 Longifolene 1404 1466 1413 4.2 0.6 
188 p-Menth-2-en-1-ol, cis- 1115 1156 1150 3.5 3.0 

189 
p-Menth-2-en-1-ol, 
trans- 1114 1156 1150 3.6 3.1 

190 p-Mentha-1,5-dien-8-ol 1145 1149 1156 0.4 1.0 

191 
p-Mentha-2,8-dien-1-
ol, cis- 1117 1151 1151 3.0 3.0 

192 
p-Mentha-2,8-dien-1-
ol, trans- 1107 1151 1151 3.8 3.8 

193 Menthofuran 1153 1219 1270 5.4 9.2 
194 Menthol 1163 1189 1180 2.2 1.4 
195 Menthone 1137 1140 1175 0.2 3.2 
196 Menthyl acetate 1281 1367 1323 6.3 3.1 
197 Methional 866 827 840 4.7 3.0 

198 
Methyl 3-
phenylpropionate 1247 1285 1247 2.9 0.0 

199 p-Methyl anisole 1002 991 1002 1.1 0.0 
200 Methyl benzoate 1074 1091 1091 1.5 1.6 
201 Methyl chavicol 1178 1198 1261 1.7 6.6 
202 Methyl decanoate 1309 1347 1280 2.8 2.3 
203 Methyl eugenol 1376 1340 1306 2.7 5.3 
204 Methyl hexadecanoate 1909 1938 1892 1.5 0.9 
205 Methyl hexanoate 907 953 920 4.8 1.4 
206 Methyl linoleate 2079 2123 2079 2.1 0.0 
207 Methyl octadecanoate 2112 2131 2091 0.9 1.0 
208 Methyl octanoate 1110 1150 1081 3.5 2.7 
209 Methyl oleate 2081 2128 2086 2.2 0.2 
210 Methyl salicylate 1173 1228 1190 4.5 1.4 
211 Methyl tetradecanoate 1709 1741 1709 1.8 0.0 
212 3-Methyl-1-butanol 721 723 705 0.3 2.3 

213 
6-Methyl-5-hepten-2-
one 964 914 917 5.4 5.2 

214 p-Methylacetophenone 1161 1072 1104 8.3 5.1 
215 2-Methylpropyl 3- 989 1052 995 6.0 0.6 
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No. Compounds Observed 
Predicted Difference(%) 

MLR SVR MLR SVR 
methylbutanoate 

216 Myrcene 983 1020 962 3.6 2.1 
217 Myrcenol 1097 1178 1182 6.9 7.2 
218 Myristicin 1494 1445 1494 3.4 0.0 
219 Myrtenol 1182 1171 1182 1.0 0.0 
220 Naphthalene 1165 1197 1165 2.7 0.0 
221 Neral 1220 1103 1138 10.6 7.2 
222 Nerol 1216 1156 1167 5.2 4.2 
223 Nerol oxide 1140 1224 1200 6.9 5.0 
224 Neryl acetate 1344 1327 1297 1.2 3.6 

225 
2,4-Nonadienal, 
(2E,4E)- 1187 1105 1132 7.4 4.8 

226 
2,6-Nonadienal, 
(2E,6Z)- 1126 1102 1129 2.2 0.3 

227 Nonanal 1084 1113 1139 2.6 4.8 
228 Nonanoic acid 1269 1234 1228 2.9 3.3 
229 2-Nonanol 1090 1126 1101 3.2 1.0 
230 1-Nonanol 1157 1170 1157 1.1 0.0 
231 2-Nonanone 1073 1073 1091 0.0 1.6 
232 2-Nonenal, (Z)- 1125 1106 1133 1.7 0.7 
233 Nonyl acetate 1294 1339 1274 3.4 1.5 
234 Nopinone 1107 1023 1107 8.2 0.0 
235 Octadecanoic acid 2159 2120 2117 1.8 2.0 
236 1-Octadecanol 2060 2056 2060 0.2 0.0 
237 Octanal 982 1015 1029 3.2 4.6 
238 1-Octanol 1057 1071 1055 1.3 0.2 
239 3-Octanol 984 1043 1016 5.7 3.2 
240 Octanol acetate 1194 1240 1167 3.7 2.3 
241 3-Octanone 966 991 997 2.5 3.1 
242 2-Octen-1-ol, (E)- 1054 1062 1053 0.8 0.1 
243 1-Octen-3-ol 966 1037 1015 6.9 4.9 
244 1-Octen-3-one 956 989 996 3.3 4.0 
245 1-Octen-3-yl acetate 1091 1218 1148 10.4 5.0 
246 2-Octenal (E)- 1036 1008 1023 2.8 1.2 
247 Oleic acid 2113 2117 2113 0.2 0.0 
248 Pentadecanal 1696 1704 1761 0.5 3.7 
249 Pentadecanoic acid 1854 1825 1852 1.6 0.1 
250 2-Pentadecanone 1681 1664 1734 1.0 3.1 
251 Pentanal 675 719 678 6.1 0.4 
252 1-Pentanol 754 776 753 2.8 0.2 
253 1-Penten-3-ol 666 742 723 10.2 7.9 
254 2-Pentylfuran 979 1166 1211 16.0 19.1 
255 Perilla alcohol 1282 1219 1249 5.2 2.6 
256 Perilla aldehyde 1252 1167 1222 7.3 2.4 
257 α-Phellandrene 999 1066 1020 6.3 2.0 
258 β-Phellandrene 1021 1069 1019 4.4 0.2 
259 Phenol 957 930 917 2.9 4.3 
260 Phenylacetonitrile 1098 1083 1098 1.4 0.0 
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No. Compounds Observed 
Predicted Difference(%) 

MLR SVR MLR SVR 

261 
Phenylethyl 3-
methylbutanoate 1465 1532 1502 4.4 2.4 

262 2-Phenylethyl alcohol 1088 1104 1112 1.4 2.2 
263 Phytol 2099 2069 2077 1.4 1.1 
264 α-Pinene 935 1008 961 7.2 2.7 
265 β-Pinene 973 1008 963 3.5 1.0 
266 α-Pinene oxide 1085 1013 1085 7.1 0.0 
267 Pinocarvone 1140 1090 1131 4.6 0.8 
268 Piperitenone 1317 1132 1180 16.3 11.6 
269 Piperitone 1233 1137 1180 8.4 4.5 
270 Pulegone 1223 1136 1177 7.6 3.9 
271 Sabinene 968 1034 965 6.4 0.3 
272 Safrole 1271 1305 1309 2.6 2.9 
273 α-Santalene 1416 1327 1416 6.7 0.0 
274 β-Santalene 1453 1477 1440 1.6 0.9 
275 Santolina triene 903 983 937 8.1 3.6 
276 α-Selinene 1490 1504 1485 0.9 0.3 
277 β-Selinene 1481 1506 1481 1.6 0.0 
278 α-Sinensal 1728 1572 1660 10.0 4.1 
279 β-Sinensal 1670 1574 1663 6.1 0.4 
280 Styrene 979 964 979 1.6 0.0 
281 Terpinen-4-ol 1165 1162 1161 0.3 0.3 
282 α-Terpinene 1011 1065 1019 5.1 0.8 
283 Terpinolene 1079 1056 1017 2.2 6.1 
284 α-Terpinyl acetate 1333 1337 1302 0.3 2.4 
285 Tetradecanal 1595 1606 1659 0.7 3.9 
286 Tetradecanoic acid 1753 1726 1753 1.6 0.0 
287 1-Tetradecanol 1663 1662 1673 0.0 0.6 
288 α-Thujene 926 1030 968 10.1 4.3 
289 Thymol 1272 1218 1197 4.4 6.3 
290 Thymol acetate 1343 1394 1360 3.6 1.3 
291 Tricyclene 922 855 922 7.8 0.0 
292 Tridecanoic acid 1659 1628 1641 1.9 1.1 
293 2-Tridecanone 1479 1467 1518 0.8 2.6 
294 Umbellulone 1152 1108 1148 3.9 0.3 
295 Undecanal 1286 1310 1347 1.8 4.5 
296 Undecanoic acid 1458 1431 1411 1.9 3.4 
297 2-Undecanone 1276 1270 1306 0.4 2.3 
298 2-Undecenal, (E)- 1341 1303 1341 2.9 0.0 
299 Valencene 1483 1509 1491 1.7 0.5 
300 Vanillin 1358 1223 1195 11.1 13.7 
301 Veratrole 1113 1075 1089 3.5 2.2 
302 Verbenene 946 1023 946 7.5 0.0 
303 Verbenone 1184 1086 1129 9.0 4.8 
304 Viridiflorene 1489 1460 1415 2.0 5.2 
305 α-Ylangene 1370 1450 1394 5.5 1.7 
306 α-Zingiberene 1483 1512 1483 1.9 0.0 
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For the training set test using MLR, the difference was obtained being 3.8%, 
where there were 13 compounds having more than 10% difference. On the contrary, 
SVR gave an average difference of 2.4%, where only 7 compounds have more than 
10% difference.  The comparison of the observed and predicted Kovats retention 
indices obtained using MLR and SVR models on the testing set could be observed 
in Table 5. 

Table 5. Comparison between the predicted and observed value of the MLR 

and SVR for the testing set. 

No Compounds Observed 
Predicted Difference (%) 

MLR SVR MLR SVR 
1 Abietadiene 2062 1949 2034 1.4 1.4 
2 p-Anisaldehyde 1223 1088 1093 11.9 11.9 
3 Benzyl acetate 1141 1175 1159 1.5 1.6 
4 Benzyl alcohol 1015 1003 991 2.4 2.4 
5 Butanoic acid 807 741 747 8.0 7.9 
6 Carvotanacetone 1221 1138 1181 3.5 3.4 
7 Citronellyl formate 1260 1252 1207 4.2 4.4 
8 Cuparene 1505 1473 1438 4.5 4.6 
9 Decanoic acid 1364 1332 1312 3.8 3.9 

10 Dodecanal 1389 1409 1449 4.2 4.1 
11 Ethyl butanoate 785 865 843 6.6 6.8 
12 Ethyl pentanoate 883 963 934 5.3 5.4 
13 Farnesyl acetate, (2E,6E)- 1818 1773 1769 2.8 2.8 
14 Geranyl acetate 1361 1327 1297 4.9 5.0 
15 1-Hexadecanol 1862 1859 1888 1.4 1.4 
16 Hexahydrofarnesylacetone 1833 1825 1933 5.5 5.2 
17 Hexyl 2-methyl butanoate 1224 1326 1265 3.0 3.2 
18 Hexyl acetate 996 1043 995 0.1 0.1 
19 Isopentyl isovalerate 1088 1150 1089 0.1 0.1 
20 α-Longipinene 1351 1429 1387 2.6 2.6 
21 Methyl cinnamate, trans- 1362 1283 1245 9.2 9.5 
22 3-Methylbutanal 633 667 627 0.8 0.8 
23 Myrtenal 1171 1121 1161 0.9 0.8 
24 2-Nonenal, (E)- 1136 1106 1133 0.2 0.2 
25 Octanoic acid 1175 1135 1151 2.1 2.0 
26 Patchouli alcohol 1653 1600 1590 4.0 4.0 
27 2-Pentenol, (Z)- 747 766 740 0.9 1.0 
28 2-Phenylethyl acetate 1230 1274 1239 0.7 0.7 
29 Salicylaldehyde 1020 1089 1116 8.9 8.7 
30 Spathulenol 1566 1554 1587 1.4 1.3 
31 α-Terpineol 1176 1150 1149 2.4 2.4 
32 Tridecanal 1491 1507 1554 4.1 4.0 
33 1-Undecanol 1358 1366 1360 0.2 0.2 
34 Yomogi alcohol 988 1037 1025 3.6 3.6 

 

For the testing set, both MLR and SVR models gave the an average difference 
of 3.4%, and only 1 compound was obtained with the difference being more than 
10%. As can be seen from the testing results of the training set and testing set, in 
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comparison with MLR, the SVR model gives lower differences and a smaller 
number of compounds that have more than 10% difference. 

4.  Conclusion 

This research has successfully constructed a GA which that can be used to select 
molecular descriptors as the independent variables for the Kovats retention index 
prediction model of the essential oil compounds. The descriptors, ATSc1, VCH-7, 
SP-1, Kier1, and MLogP, were selected as the optimal molecular descriptors. These 
molecular descriptors were later used for constructing MLR and SVR models. 

From the test conducted, MLR model gave R2 training = 0.970, R2 testing = 
0.970, RMSE training = 56.55, and RMSE testing = 56.99. Meanwhile SVR model 
produced R2 training = 0.981, R2 testing = 0.973, RMSE training = 44.62 and 
RMSE = 53.60. In Kovats retention index prediction, the MLR model generated 
average predicted values difference as high as 3.8% for the training set and 3.4% 
for the testing set. Meanwhile, SVR yielded 2.4% difference for the training set and 
3.4% for the testing set. The number of compounds with the predicted value 
difference above 10% obtained from the MLR model was 13 compounds for the 
training set and 1 compound for the testing set. Meanwhile from the SVR model, 
the number reached 7 compounds for the training set and 1 compound for the testing 
set. 

In comparison with the MLR model, the SVR model successfully had higher 
R2, lower RMSE, lower average predicted value differences, and fewer compounds 
with the predicted value difference above 10%. It suggests the SVR model has 
higher accuracy in predicting the Kovats retention indices, where the predicted 
values are close to the results obtained from the observation. In conclusion, the 
SVR method is better compared to the MLR method in predicting Kovats retention 
indices for essential oils. 
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