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Article History Abstract
Received 30 August 2024 The Kovats retention index is a critical parameter in gas chromatography used for the
Revised 28 October 2024 identification of volatile compounds in essential oils. Traditional methods for determining
Accepted 5 November 2024 the Kovats retention index are often labor-intensive, time-consuming, and prone to
Available Online 14 November 2024 inaccuracies due to variations in experimental conditions. This study presents a novel
approach combining Artificial Neural Networks (ANN) with Particle Swarm Optimization
Keywords: (PSO) to predict the Kovats retention index of essential oil compounds more accurately
ANN-PSO and efficiently. The ANN-PSO hybrid model leverages the strengths of both techniques:
Gas chromatography the ANN's capacity to model complex nonlinear relationships and PSO's capability to
Molecular descriptors optimize hyperparameters by finding the global optimum. The model was trained using a
Optimization technique dataset of 340 essential oil compounds with molecular descriptors, with the performance

evaluated based on Root Mean Squared Error (RMSE) and Mean Absolute Percentage
Error (MAPE). Results indicate that a simpler ANN configuration with one hidden neuron
achieved the lowest RMSE (80.16) and MAPE (5.65%), suggesting that the relationship
between the molecular descriptors and the Kovats retention index is not overly complex.
This study demonstrates that the ANN-PSO model can serve as an effective tool for
predictive modeling of the Kovats retention index, reducing the need for experimental
procedures and improving analytical efficiency in essential oil research.
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1. Introduction chromatography for identifying and comparing volatile
compounds, playing a critical role in essential oil analysis
[1, 2]. By consistently calculating retention times across
varying chromatographic setups, the Kovats retention

The Kovats retention index, introduced by Ervin Kovats in
1958, serves as a standardized metric in gas
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index is widely used to support the qualitative analysis of
complex mixtures, such as those found in essential oils
[3]. Accurate identification of individual components
within essential oils is essential for understanding their
aromatic and therapeutic properties [4], and the Kovats
retention index facilitates this by offering a reliable
reference point [5, 6].

However, traditional methods for determining the Kovats
retention index rely on experimental measurements,
which are often labor-intensive, time-consuming, and
susceptible to variations in experimental conditions [7, 8].
These limitations create challenges in achieving precise
and reproducible results, especially when analyzing large
datasets or conducting high-throughput studies. As the
demand for faster and more accurate analysis grows,
these traditional methods increasingly fall short,
highlighting the need for efficient alternatives.

In recent years, machine learning has gained significant
attention as a powerful tool for solving complex problems
across various scientific disciplines [9-12]. Its ability to
learn from large datasets and model intricate patterns
has led to its widespread adoption in fields such as drug
discovery [13-15], finance [16-18], and materials science
[19-21]. Among various machine learning methods,
Artificial Neural Networks (ANNs) show particular
potential due to their ability to model nonlinear
relationships [22, 23].

Despite the effectiveness of ANNs in modeling complex
nonlinear relationships, they often face challenges such
as getting stuck in local minima during the training
process and requiring careful tuning of numerous
hyperparameters to achieve optimal performance [24,
25]. These limitations can result in suboptimal
predictions and reduced generalizability of the model. To
address these challenges, hybrid models that integrate
ANNs with optimization techniques, such as Particle
Swarm Optimization (PSO), offer a compelling solution
[26]. PSO, an optimization algorithm inspired by the
social behavior of birds, enhances ANN training by
efficiently exploring the parameter space to find global
optima, leading to improved model accuracy and
reliability [27]. While PSO has been applied to optimize
machine learning models in various domains, its
potential for improving Kovats retention index prediction
in essential oils remains underexplored.

This study aims to bridge this gap by developing a hybrid
ANN-PSO model to predict the Kovats retention index in
essential oils, providing a computational approach that
combines the strengths of ANN's nonlinear modeling with
PSO's optimization efficiency. This hybrid model is
expected to enhance the accuracy and reliability of

Kovats retention index predictions, offering an effective
alternative to traditional experimental methods. Doing
so contributes to essential oil research and proposes a
methodology that could streamline workflows in this
field.

The structure of this paper is as follows: Section 2 details
the materials and methods used in the study, including
data acquisition, model architecture, and evaluation
criteria. Section 3 presents the results of the study,
including a comparison between traditional and hybrid
methods, along with a discussion of implications,
limitations, and suggestions for future research. Finally,
Section 4 concludes the paper, summarizing the findings
and outlining potential directions for further
investigation in this area.

2. Materials and Methods
2.1. Dataset Collection

This study uses a dataset of 340 essential oil compounds
compiled by Babushok et al. [28]. The dataset
encompasses volatile compounds commonly present in
essential oils, each with distinct structural and chemical
properties. These compounds were analyzed using a
dimethyl silicone stationary phase, a widely used
nonpolar phase in gas chromatography known for
delivering consistent retention times across diverse
compounds.

We applied a stratified split to partition the data into 80%
for training and 20% for testing to facilitate effective
model training and evaluation [29]. This stratified
approach maintains the original distribution of
compound classes or other relevant properties within
each subset, ensuring that the test set is representative
of the entire dataset. This careful balance prevents
skewed model performance  and enhances
generalizability. The distribution of compounds across
the training and testing sets is illustrated in Figure 1,
demonstrating that the sampling approach preserves the
diversity of compound characteristics within both
subsets.

2.2. Molecular Descriptors Calculation

Molecular descriptors are numerical values that
represent different properties of a molecule, allowing us
to summarize its structure and chemical characteristics
in a way that can be used for analysis and prediction.
These descriptors capture essential features such as the
molecule's size, shape, electronic properties, and the
types of atoms or bonds it contains [30]. By translating
these complex molecular attributes into simple,
quantitative values, molecular descriptors make it easier
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Figure 1. Distribution of essential oil compounds: (a) Training set (80% of data) and (b) Testing set (20% of data).

Table 1. Molecular descriptors used in this study and their descriptions.

Descriptor Description

ATSc1 Centered Broto-Moreau autocorrelation of lag 1 weighted by atomic masses
VCH-7 Valence connectivity index chi-7

SP-1 Simple path count descriptor representing single bonds in a molecule

Kier1 First-order Kier & Hall molecular connectivity index

MlogP Moriguchi octanol-water partition coefficient (log P)

to analyze and compare different molecules [31]. This is
useful in computational modeling, where descriptors
allow researchers to predict how a molecule might
behave under certain conditions, like how it might
interact with other chemicals or how it might perform in
a chemical process.

In our study, we selected five key molecular descriptors
from a previous study by Idroes et al. [32]. These
descriptors were calculated using the Chemical Modelling
Environment (OCHEM) platform [33], an online tool that
automates calculating various molecular descriptors.
From a large set of potential descriptors, the top five were
chosen based on their importance to the model,
identified using a genetic algorithm approach that helps
pick the most relevant factors. The top five descriptors
are listed in Table 1.

2.3. Artificial Neural Network-PSO (ANN-PSO)

The ANN-PSO is a hybrid approach that combines an ANN
with PSO to improve prediction accuracy. An ANN is a
computational model inspired by the neural networks in
the human brain. It consists of interconnected nodes or
neurons organized into layers: an input layer, hidden
layers, and an output layer [34, 35]. This study uses ANN-
PSO to model the relationship between molecular
descriptors and the Kovats retention index. The ANN
component captures complex, nonlinear patterns in the
data, while PSO optimizes the ANN's parameters to
enhance performance.

The ANN in this study is structured with five input nodes,
each representing a molecular descriptor, a single output
node for the predicted Kovats retention index, and
various hidden layers ranging from 1 to 9 to test different
configurations. The forward propagation in the ANN is
described by Equation 1:

y=fWx +b) )

where y is the output, W represents the weights,
x denotes the input features, b is the bias, and f is the
activation function.

In PSO, each particle's velocity and position are updated
in each iteration based on its own previous experiences
(personal best) and the best position found by the entire
swarm (global best). The velocity and position updates
are governed by Equations 2 and 3, respectively:

vi(t+1) =wv;(¢) + cl 11+ (p; — x;(8)) + c2

12+ (g - x(0)) @

where v;(t) is the current velocity of particle i at time ¢,
x;(t) denotes the current position of particle i , p; is the
particle’s personal best position, gis the global best
position of the swarm, w is the inertia weight, managing
the balance between exploration and exploitation, c¢1 and
c2 are the cognitive and social coefficients, respectively,
rland r2are random values uniformly distributed
between 0 and 1, adding randomness to particle
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movements. These equations enable particles to explore
the solution space dynamically, iteratively moving toward
optimal weight and bias configurations for the ANN.

This study configures PSO with specific parameters that
effectively guide the particles toward optimal solutions.
Cognitive coefficient c¢1 and social coefficient c2 are both
set to 2. The cognitive coefficient encourages particles to
move toward their own best-known positions (personal
learning), while the social coefficient directs them toward
the global best position found by the swarm (social
learning). The inertia weight w linearly decreases from 0.9
to 0.4 during training, balancing exploration with
exploitation to avoid premature convergence on
suboptimal solutions.

The swarm size is set to seven particles in this study,
calculated based on the structure of the ANN. Given that
the ANN has five input nodes and a single output node,
the total swarm size is determined by the Equation 4:

Swarm Size = (num;nputs + 1) X numyeurons
+ (numyeurons + 1) x 1

(C))
Each particle represents a possible configuration of
weights and biases, and the swarm explores these
configurations over 1000 maximum iterations.

During each iteration, the particles adjust their
configurations to minimize the root mean square error
(RMSE) of predictions on the training set. This iterative
process concludes when the global best fitness reaches a
pre-defined threshold or the maximum number of
iterations is reached, ensuring that the ANN-PSO
approach converges on an accurate and generalizable
solution for predicting the Kovats retention index.

2.4. Performance Evaluation

To evaluate the proposed ANN-PSO model's
performance in predicting the Kovats retention index,
four widely used error metrics are employed: coefficient
of determination (R?), RMSE, mean absolute error (MAE),
and mean absolute percentage error (MAPE). These
metrics comprehensively assess the model's predictive
accuracy [36].

The coefficient of determination (R?) is a statistical
measure that explains the proportion of the variance in
the actual Kovats retention index values that is
predictable from the model's predictions. R? values range
from O to 1, where a value closer to 1 indicates that the
model can explain a larger proportion of variance,
demonstrating high predictive accuracy. A high R?
indicates that the model captures most of the variability
in the data, signaling good overall fit.

Root Mean Square Error (RMSE) is another important
metric, measuring the average magnitude of the errors
between predicted and actual values. RMSE is the square
root of the mean squared differences between predicted
and actual values, which means it penalizes larger errors
more heavily. This sensitivity to large errors makes RMSE
particularly useful for evaluating models where
minimizing substantial deviations is important. A lower
RMSE suggests higher accuracy of the model.

Next, Mean Absolute Error (MAE) provides an intuitive
measure of prediction error by calculating the average
absolute differences between predicted and actual
values, without emphasizing larger deviations as in RMSE.
MAE offers insight into the model's general performance
by highlighting the average error magnitude across all
predictions, with lower values indicating better
performance.

Lastly, Mean Absolute Percentage Error (MAPE) measures
the average error in terms of percentage, making it
especially valuable for understanding the model's
relative accuracy. MAPE is calculated by taking the
average of the absolute percentage errors between
predicted and actual values, expressing accuracy in
percentage terms. A lower MAPE value suggests that the
model provides accurate predictions relative to the true
values, which is useful for interpreting accuracy on a
relative scale.

The formula for R?, RMSE, MAE, and MAPE are presented
in Equations 5, 6, 7, and 8, respectively:

X0 — 9’

RP=1-TF7F7—"F= 5
XL 0= 3)? ®
1 n
RMSE = |~ (i = 92 ©)
i=1
1 n
MAE == |y; = | ™
i=1
100 |y; — 3,
MAPE = —z |—| 8)
e

where y; represents the actual Kovats retention index, #,
denotes the predicted Kovats retention index, and n is
the total number of observations.

In addition to evaluating the proposed ANN-PSO model
using these metrics, its performance is also compared
with several other machine learning models, including
ANN Backpropagation (ANN-BP), Logistic Regression (LR),
K-Nearest Neighbors (KNN), and Support Vector Machine
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Table 2. Performance of ANN-PSO model with different hidden neuron counts.

Hidden Training Set Testing Set

Neurons R? RMSE MAE MAPE (%) R? RMSE MAE MAPE (%)
1 0.888 105.37 82.61 7.27 0.912 107.01 87.46 7.63%
2 0.913 92.83 72.90 6.15 0.927 97.19 80.57 6.88
3 0.878 109.91 86.28 7.17 0.916 104.19 80.35 6.65
4 0.893 103.06 81.01 6.82 0.925 98.98 79.26 6.71

5 0.858 118.65 91.99 7.68 0.911 107.57 82.18 6.74
6 0.878 110.22 85.86 7.23 0.920 101.93 78.76 6.53
7 0.868 114.46 89.03 7.35 0.913 106.41 80.37 6.46

8 0.857 119.16 93.85 7.72 0.908 109.54 82.49 6.67

9 0.872 112.71 88.06 7.27 0.915 105.06 79.09 6.42

Table 3. Performance comparison of ANN-PSO, ANN-BP, LR, KNN, and SVR-RBF models in predicting the Kovats retention index.

Model Training Set Testing Set

R? RMSE MAE MAPE (%) R? RMSE MAE MAPE (%)
ANN-PSO 0.913 92.83 72.90 6.15 0.927 97.19 80.57 6.88
ANN-BP 0.888 111.17 86.51 7.38 0.919 105.26 79.84 6.32
LR 0.450 245.97 164.74 14.51 0.431 278.60 226.96 19.01
KNN 0.929 88.46 67.61 5.77 0.887 124.03 93.36 7.16
SVR-RBF 0.888 111.25 85.76 7.26 0.917 106.56 79.98 6.09

with Radial Basis Function kernel (SVM-RBF). This
comparison highlights the relative effectiveness of the
ANN-PSO model in accurately predicting the Kovats
retention index across different algorithms.

3. Results and Discussion

The application of the hybrid ANN-PSO model for
predicting the Kovats retention index in essential oils
demonstrated that varying the number of neurons in the
hidden layer significantly impacted model accuracy and
generalizability. Table 2 summarizes the performance
metrics for models with hidden neuron counts ranging
from 1 to 9, evaluated across both the training and
testing datasets.

The results reveal that the choice of hidden neuron count
substantially affects the ANN-PSO model's predictive
capability for the Kovats retention index. The model with
two hidden neurons emerged as the best performer
overall, achieving the highest R? values (0.913 for training
and 0.927 for testing) and the lowest error metrics across
RMSE, MAE, and MAPE. This configuration shows that a
simpler model architecture can effectively capture key
data patterns, avoiding the common pitfalls of overfitting
and underfitting.

As the number of hidden neurons increased beyond two,
the model's performance showed variability, with a
general trend toward reduced accuracy. Models using
five or more hidden neurons displayed increased RMSE
and MAPE values, suggesting a tendency toward
overfitting. In these cases, the models became overly
complex and demonstrated reduced generalizability to
unseen data. The model maintained a reasonable

balance between complexity and accuracy for
configurations with three and four hidden neurons,
achieving R? values close to those observed in the two-
neuron configuration, although with slightly elevated
error metrics.

Conversely, configurations with three and four hidden
neurons presented a more moderate performance,
maintaining reasonable R? values close to those obtained
with two neurons but with slight increases in error
metrics. This indicates that these models can capture
essential data relationships without the excessive
complexity that can impact generalizability. However,
they did not match the performance of the simpler two-
neuron model, highlighting the importance of limiting the
model to the optimal complexity required for the task.

The performance of the ANN-PSO model was compared
to other machine learning models, including ANN-BP, LR,
KNN, and SVR-RBF. This comparative analysis,
summarized in Table 3, highlights the advantages and
limitations of each model in predicting the Kovats
retention index.

The ANN-PSO model outperformed most of the other
models across the majority of evaluation metrics,
achieving high R? values and low error metrics on the
testing set. This indicates that the ANN-PSO model is
accurate and generalizes well to new data, showing
superior prediction quality compared to the traditional
ANN-BP and SVR-RBF models. The optimization
introduced by the PSO component significantly
contributed to this performance by improving weight and
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Figure 2. Actual vs. predicted plot of Kovats retention index for
ANN-PSO model with two hidden neurons.
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Figure 3. Residual plot Kovats retention index for ANN-PSO
model with two hidden neurons.

bias configuration beyond what standard

backpropagation methods could achieve.

In comparison, the ANN-BP model performed adequately
but with higher RMSE and MAE values, reflecting that
while backpropagation is effective, it does not achieve the
same degree of optimization and error reduction as the
PSO-enhanced version. The KNN model showed strong
performance on the training set, with an R? of 0.929, the
highest among all models tested. However, its
performance dropped considerably on the testing set,
with an R? of 0.887 and increased RMSE and MAPE values,
suggesting potential overfitting. The SVR-RBF model

demonstrated performance similar to the ANN-BP, with a
slight improvement in MAE and MAPE on the testing set
but still unable to match the accuracy and generalizability
of the ANN-PSO. LR produced the weakest results, with
low R? values (0.450 for training and 0.431 for testing) and
the highest RMSE and MAPE values across both datasets.
This outcome reflects the limitations of linear models in
capturing the nonlinear relationships present in the
dataset, reinforcing the necessity of nonlinear methods
for Kovats retention index prediction.

Because the ANN-PSO model with two hidden neurons
demonstrated strong predictive accuracy, we conducted
further analysis to validate its performance. Figure 2
presents the actual versus predicted Kovats retention
index values for both the training and testing datasets.
The consistent proximity of both training and testing data
points to this line highlights the model's robust accuracy
and generalizability across datasets, supporting the
efficacy of the ANN-PSO approach in accurately
predicting retention indices in essential oil compounds.

Following the model's predictions analysis, we examined
the residuals, which represent the differences between
the actual and predicted Kovats retention index values.
The residual plot, shown in Figure 3, visualizes these
residuals across both the training and testing datasets.
Ideally, residuals should be randomly distributed around
zero, indicating that the model does not systematically
overestimate or underestimate the Kovats retention
index across the range of actual values. While the
residuals for both the training and testing datasets are
generally centered around the zero line, there is
noticeable scattering in this plot. This dispersion
indicates that the ANN-PSO model may struggle slightly
with extreme values, leading to occasional under- or
overestimations. Although most residuals fall within an
acceptable range, several large residuals suggest areas
where the model's consistency could be improved,
particularly in accurately capturing variability at the
upper and lower ends of the retention index range.

This study introduces a hybrid ANN-PSO model that
effectively predicts the Kovats retention index for
essential oils, underscoring the potential of integrating
machine learning with optimization techniques for
improved accuracy in chemical analysis. Utilizing
molecular descriptors and advanced machine learning
methods offers a non-experimental alternative that saves
both time and resources, facilitating rapid analysis of
complex mixtures found in essential oils. The high
predictive accuracy of the ANN-PSO model suggests that
similar hybrid techniques could be beneficial for broader
applications in analytical chemistry, particularly in fields
requiring high-throughput analysis and real-time
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predictions. Moreover, the methodology demonstrated
here could support advancements in essential oil quality
control, formulation, and therapeutic applications, where
precise component identification is essential.

While the ANN-PSO model showed promising accuracy
and generalizability, several limitations warrant
consideration. First, the dataset used was limited to 340
compounds, which may restrict the model's performance
when applied to an expanded set of essential oils or
volatile compounds with diverse structures. Additionally,
while  PSO contributed to effective parameter
optimization, it requires computational resources that
may limit its applicability in low-resource settings.
Another limitation is the model's performance on
extreme values, as observed in the residual analysis,
which suggests that the model may underperform for
outliers in the Kovats retention index range. Lastly, PSO
optimization can be sensitive to initial parameter choices
and may require fine-tuning specific to the dataset to
avoid premature convergence, which could limit its
scalability and transferability.

Future research should consider expanding the dataset
to include a wider range of compounds and molecular
structures, which would enhance the model's robustness
and generalizability. It is essential to adopt effective data
split techniques to ensure proper model evaluation.
Utilizing data splits such as an 70/30 training-to-test ratio,
or employing k-fold cross-validation, can provide a
comprehensive assessment of model performance.
Incorporating additional molecular descriptors or using
descriptor selection techniques like recursive feature
elimination could further refine predictive performance.
Investigating ensemble learning techniques, where
multiple models contribute to final predictions, may also
improve robustness and accuracy, particularly in cases
with outliers.

4. Conclusions

this study presents a hybrid ANN-PSO model for
predicting the Kovats retention index in essential ails,
leveraging the strengths of ANN's nonlinear modeling
with PSO's optimization capabilities. The model achieves
high predictive accuracy and generalizability, marking a
significant advancement over traditional experimental
methods. While limitations regarding dataset diversity
and parameter sensitivity exist, the ANN-PSO model
demonstrates the potential for improving essential oil
analysis, offering a fast and reliable alternative. This
approach has promising implications for furthering
essential oil research and chemical analysis
methodologies, laying a foundation for future
enhancements in computational prediction models.
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