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Abstract 

 

This study aims to evaluate the implementation and effectiveness of the Adaptive Neuro-

Fuzzy Inference System (ANFIS) based Quantitative Structure Retention Relationship 

(QSRR) to predict the Kovats retention index of compounds in gas chromatography. The 

model was trained using 340 essential oil compounds and their molecular descriptors. 

The evaluation of the ANFIS models revealed promising results, achieving an R2 of 0.974, 

an RMSE of 48.12, and a MAPE of 3.3% on the testing set. These findings highlight the 

ANFIS approach as remarkably accurate in its predictive capacity for determining the 

Kovats retention index in gas chromatography. This study provides valuable perspectives 

on the efficiency of retention index prediction through ANFIS-based QSRR methods and 

the potential practicality in compound analysis and chromatographic optimization. 

 

 

Copyright: © 2023 by the authors. This is an open-access article distributed under the 

terms of the Creative Commons Attribution-NonCommercial 4.0 International License. 
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1. Introduction 

The Kovats Retention Index is a dimensionless quantity 

used to express the relative retention time of a 

compound in a chromatographic column, normalized to 

the retention time of a reference compound [1]. This 

index is instrumental in identifying and comparing 

compounds based on their elution order and retention 

behavior under specific chromatographic conditions. It 

serves as a crucial tool for researchers to understand 

how compounds interact within chromatography and 

make informed decisions about compound identification, 

purity, and composition [2]. 
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The accurate prediction of Kovats RI holds immense 

significance in various scientific and industrial 

applications. It aids in compound identification, allowing 

researchers to match observed retention times with 

reference values, enabling reliable identification even in 

complex mixtures. Furthermore, Kovats RI prediction 

contributes to the optimization of chromatographic 

methods by assisting in selecting appropriate stationary 

phases, temperatures, and carrier gases, thereby 

enhancing separation efficiency and resolution. 

Researchers have developed different methods for 

calculating the retention index in gas chromatography to 

achieve accurate results. These methods include the 

direct approach [3, 4], which uses the marker approach, 

and the indirect approach [5, 6], based on the 

homologous series approach and algorithm. Some of 

these techniques have shown good accuracy and 

practical applications, such as using iteration, 

spreadsheets, and statistical analysis. However, these 

methods still involve challenging laboratory procedures, 

particularly in obtaining precise standard series retention 

data, which is essential for accurate calculations [7]. 

In recent years, various modeling methods have been 

applied to predict the retention in gas chromatography. 

One of the popular and efficient methods among them is 

the Quantitative Structure-Retention Relationship (QSRR) 

[8, 9]. The key idea behind QSRR is to correlate the 

molecular descriptors of a compound with its retention 

index, enabling scientists to predict the retention 

behavior of new or unknown compounds without the 

need for extensive experimental measurements [10]. 

This approach is particularly valuable when dealing with 

a large number of compounds, as it saves time and 

resources compared to traditional trial-and-error 

experimental methods. 

QSRR can be done using machine learning algorithms. In 

previous works, researchers have explored various 

approaches, including Multiple Linear Regression [11], 

Neural Network [12, 13], and Support Vector Regression 

[14, 15]. These methods have demonstrated good 

performance in establishing quantitative relationships 

between the chemical structure descriptors of 

compounds and their corresponding retention times or 

indices in gas chromatography. 

Another potential method that can be used for QSRR is 

the Adaptive Neuro-Fuzzy Inference System (ANFIS), 

which was introduced by Jang in 1993 [16]. Many 

researchers have utilized this method to tackle various 

problems in the fields of science and engineering [17–20]. 

ANFIS is a hybrid computational model that combines 

neural networks and fuzzy logic principles to create a 

powerful tool for modeling complex systems [21]. The 

advantages possessed by this method include its 

capability to adapt, fast learning capacity, and utilization 

of fuzzy logic, which allows ANFIS to handle uncertain or 

imprecise data, enhancing its robustness in dealing with 

real-world datasets [22]. 

This study addresses an important gap in gas 

chromatography, specifically in predicting Kovats 

retention indices for essential oils. While various 

predictive methods have been employed for this 

purpose, there is a need to explore alternative 

approaches that may offer improved accuracy and 

effectiveness. ANFIS, which has yet to be widely studied 

in this context, provides an opportunity to fill this gap and 

evaluate its potential for predicting Kovats retention 

indices. As a relatively less explored method in this 

context, ANFIS presents an opportunity to fill this gap and 

evaluate its potential as a robust tool for Kovats retention 

index prediction. We aim to contribute to the 

development of more precise retention index prediction 

methods within the field of gas chromatography, 

particularly for essential oil analysis. 

2. Materials and Methods 

2.1. Dataset 

In this study, the dataset comprises a total of 340 

compounds collected from the literature of Babushok 

[23]. These compounds serve the target variable, with 

their molecular properties represented by five distinct 

descriptors used as features. Molecular descriptors are 

mathematical representations of molecular properties 

generated by algorithms [24–26]. They numerically 

describe the physical and chemical information of a 

compound, enabling the prediction of the Kovats 

retention index. The molecular descriptors, namely 

ATSc1, VCH-7, SP-1, Kier1, and MLogP, were obtained 

from our previous works and have been identified as 

optimal choices based on selection through genetic 

algorithms. Table 1 provides a detailed overview of the 

molecular descriptors used in this study and their 

respective explanations. 

To ensure a reliable and unbiased evaluation of the ANFIS 

model's predictive ability, we perform a dataset split into 

a training set and testing set, comprising 80% and 20% of 

the data, respectively [27, 28]. This partitioning is 

accomplished using the random splitting method, 

ensuring a representative distribution of data in both 

subsets. The visualization of the kernel density 

estimation for the training and testing sets is presented 

in Figure 1. 
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Table 1. Overview of the molecular descriptors in this study. 

Descriptor Name Definition 

ATSc1 The Moreau-Broto autocorrelation descriptors with the incorporation of partial charges 

VCH-7 Calculates the Kier & Hall Chi chain indices for orders 3, 4, 5, and 6. 

SP-1 Computes the Kier & Hall Chi path indices with orders ranging from 0 to 7 

Kier1 The descriptor used for computing Kier and Hall kappa molecular shape indices 

MLogP Moriguchi octanol-water partition coefficient calculation. 

 

Figure 1. Kernel density estimation of the training and testing sets. 
 

2.2 ANFIS 

ANFIS is rooted in the theoretical foundation of fuzzy 

logic, designed to handle imprecise and uncertain 

information. Fuzzy logic employs linguistic variables and 

membership functions to represent and analyze vague 

data, thereby facilitating effective decision-making in 

uncertain environments [29]. ANFIS employs a hybrid 

learning algorithm that combines gradient descent and 

least squares estimation. This approach optimizes model 

parameters iteratively, refining fuzzy rules and 

membership functions to align with data patterns and 

enhance predictive accuracy. The ANFIS method consists 

of five layers. The explanation for each layer is as follows: 

• In layer 1, there are nodes that provide output in the 

form of fuzzy membership grade from input with 

node functions: 

 

𝑂𝑖
1 =  µ𝐴𝑖  (𝑥), (1) 

where x is the input of node i, and µ𝐴𝑖 is the linguistic 

label.  

• In layer 2, there are nodes multiplying the incoming 

signal and sending the multiplication result as output: 

 

𝑂𝑖
2 = 𝑤𝑖 =  µ𝐴𝑖(𝑥) ×  µ𝐴𝒊(𝑦), 𝑖 = 1,2 (2) 

The output of each node represents the firing 

strength of a rule (another T-norm operator that 

performs an AND operation can be used as a node 

function in this layer).  

• In layer 3, there is an adaptive node/unfixed and 

labeled N. The output of the node in this layer is the 

result of calculating the ratio of the firing strength of 

the i-th rule to the total number of firing strengths in 

layer 2. 

 

𝑂𝑖
3 =  𝑤̅ =

𝑤𝑖

𝑤1 + 𝑤2
, 𝑖 = 1,2. (3) 

The output generated at this layer will be referred to 

as normalized fire strengths. 

• In layer 4, the summation process is carried out at this 

layer: 

 

𝑂𝑖
4  =  𝑤̅𝑖𝑓𝑖  =  𝑤̅𝑖(𝑝𝑖𝑥 + 𝑞𝑖𝑦 + 𝑟𝑖), (4) 

where 𝑤̅𝑖 is the output of layer 3, and {𝑝𝑖 , 𝑞𝑖 , 𝑟𝑖} is the 

set of parameters. The parameters in this layer will be 

called consequent parameters. 

• In layer 5, there is one node labeled, which will 

calculate the overall result as the sum of all incoming 

signals. 

 

𝑂𝑖
5  =  ∑ 𝑤̅𝑖𝑓𝑖

𝑖
=  

∑ 𝑤𝑖𝑓𝑖𝑖

∑ 𝑤𝑖𝑖
 (5) 

 

We utilize a type-3 ANFIS model that follows the type-3 

fuzzy reasoning method. The ANFIS model has two sets 

of parameters, namely premise and consequent 

parameters, which we update during the learning 

process. For parameter updates, we employ a hybrid 
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algorithm that combines least square estimation and 

gradient descent. Specifically, we update the consequent 

parameters during the forward step using least square 

estimation, while the backward step involves updating 

the premise parameters using gradient descent. 

To construct the ANFIS model, we opt for the Gaussian 

membership function, employing two membership 

functions. To obtain the values for the Gaussian 

membership function parameters (i.e., mean and 

standard deviation), we cluster the dataset using the 

Fuzzy C-Means clustering method with two clusters. Thus, 

the mean and standard deviation of each of these 

clusters are utilized as the parameters for the Gaussian 

membership function [30]. 

2.3. Performance Evaluation 

The evaluation of the model's predictive capabilities is 

conducted using various statistical metrics, namely the 

coefficient of determination (R2), root mean square error 

(RMSE), and mean absolute percentage error (MAPE). 

These metrics were employed together to gains 

comprehensive insights into the model's accuracy, 

goodness of fit, and ability to make reliable predictions 

for practical applications. 

The equations for R2, RMSE, and MAPE are presented in 

equations 6, 7, and 8, respectively: 

𝑅2 =
 ∑ (𝑦𝑖

𝑓𝑖𝑡
− 𝑦̅𝑛

𝑖=1 )2

 ∑ (𝑦𝑖 − 𝑦̅𝑛
𝑖=1 )2  (6) 

 

𝑅𝑀𝑆𝐸 =  √
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1

𝑛
 (7) 

 

𝑀𝐴𝑃𝐸 =  
1

𝑛
∑ |

𝑦𝑖 − 𝑦𝑖
𝑓𝑖𝑡

𝑦𝑖
|

𝑛

𝑡=1

 (8) 

 

where 𝑦𝑖
𝑓𝑖𝑡

 is the fitted value,  𝑦̅ is the average of the 

observed values, 𝑦𝑖 is the observed value, 𝑦̂𝑖 is the 

predicted value, and n is the amount of data. The 

acceptable range values for the evaluation metrics R2, 

RMSE, and MAPE are commonly used as guidelines to 

assess the performance of predictive models across 

various studies. R2 values greater than 0.6 indicate a 

reasonably good fit of the model to the data, suggesting 

that a substantial proportion of the variance is captured. 

An RMSE less than 10% of the target value range suggests 

that the model's average prediction error is within an 

acceptable range. Likewise, a MAPE of less than 10% 

indicates that the model's predictions demonstrate a 

high level of accuracy relative to the observed values.  [31, 

32]. 

3. Results and Discussion 

The ANFIS model was utilized in this study to predict the 

Kovats retention index of essential oils. Four iterations of 

the model were trained, each with a different learning 

rate (0.1, 0.01, 0.001, and 0.0001). We employed different 

learning rates in the training process to investigate the 

impact of learning rates on the performance of the ANFIS 

model in predicting the Kovats retention index of 

essential oils. The learning rate is a hyperparameter that 

controls the step size of the gradient descent 

optimization algorithm during training. A higher learning 

rate allows the model to update its parameters more 

quickly, but it may risk overshooting the optimal solution 

and result in unstable convergence. Conversely, a lower 

learning rate leads to more cautious parameter updates, 

potentially leading to slower convergence but with better 

stability. All models underwent 50 epochs of training. 

Then, we evaluated their performance on both the 

training set and the testing set. Evaluating the training set 

allows us to assess how well the models have learned the 

training data, providing insight into their ability to fit the 

training data accurately. On the other hand, evaluating 

the testing set serves as an important step to assess the 

generalization capability of the models, indicating how 

well they can make predictions on unseen data and 

highlighting any overfitting issues that might have arisen 

during the training process. The results of this evaluation 

are presented in Table 3. 

The model with a learning rate of 0.001 stands out by 

achieving the highest R2 score (0.986), along with the 

lowest RMSE (39.37) and MAPE (2.5%) on the testing set. 

These results underline its superior predictive capability 

in comparison to other learning rates. Several key factors 

contribute to this outcome. Primarily, the adoption of 

smaller steps during parameter updates promotes a 

gradual convergence toward the optimal solution, 

fostering stability throughout the training process. This 

measured approach minimizes the risk of overshooting 

optimal values, thus maintaining a consistent and 

accurate convergence trajectory. 

Moreover, the lower learning rate enhances the model's 

efficiency in traversing the intricate loss landscape, 

resulting in improved convergence accuracy. Another 

advantage lies in the ability of smaller learning rates to 

prevent the model from becoming trapped in local 

minima, thereby encouraging exploration within the 

optimization space. This cautious parameter update 

strategy effectively mitigates divergence, a common 

concern associated with higher learning rates. 

Furthermore, the fine-tuning of model weights is refined 

due to the precise adjustments offered by the reduced 
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Table 3. Performance evaluation of the ANFIS model. 

Learning Rate 
Training Set Testing Set 

R2 RMSE MAPE R2 RMSE MAPE 

0.1 0.983 42.57 2.7% 0.958 60.43 3.8% 

0.01 0.981 45.49 2.9% 0.962 57.73 3.6% 

0.001 0.986 39.79 2.6% 0.974 48.12 3.3% 

0.001 0.986 39.37 2.5% 0.963 56.82 3.8% 

 

 

Figure 2. Observed vs. predicted of the ANFIS model. 

 

Figure 3. Residual plot of the ANFIS model. 

learning rate. The associated smoother learning curves 

contribute to comprehensive training progress 

monitoring, promptly detecting any irregularities. 

The results also show that the model trained with a 

learning rate of 0.1 resulted in the worst performance on 

both the training and testing sets, likely because the 

learning rate is too high for our dataset, causing the 

model to diverge and making it difficult for the 

optimization algorithm to find the true minimum of the 

loss function. However, all ANFIS models demonstrated 

satisfactory predictive capability, and even the weaker 

performers yielded results within an acceptable range for 

practical applications. 

Importantly, the lower learning rate adeptly manages 

data and feature sensitivity, preventing overfitting and 

accommodating varying feature magnitudes. Lastly, the 

implicit regularization effect exhibited by lower learning 

rates steers the model towards capturing meaningful 

data patterns while resisting noise influence. However, 

the specific learning rate selection should be balanced 

based on the trade-off between convergence speed and 

stability to ensure the model's optimal performance in 

predicting the Kovats retention index.  

The results also show that the model trained with a 

learning rate of 0.1 resulted in the worst performance on 

both the training and testing sets, likely because the 

learning rate is too high for our dataset, causing the 

model to diverge and making it difficult for the 

optimization algorithm to find the true minimum of the 

loss function. However, all ANFIS models demonstrated 

satisfactory predictive capability, and even the weaker 

performers yielded results within an acceptable range for 

practical applications. 

To better understand the results achieved by the model 

when using a learning rate of 0.001, we are taking a closer 

look at its abilities through visualizations. Figure 2 shows 

the observed vs. predicted plot of the ANFIS model. It 

becomes clear that the data points are noticeably 

arranged close to a reference line. This line symbolizes an 

ideal scenario in which the observed and predicted 

values perfectly match. The proximity of the scattered 

data points to this reference line reflects how accurately 

the predictive model performs. When the data points are 

nearer to the line, it signifies a stronger agreement 

between the predicted outcomes and the actual 

observations. When data points are tightly clustered 

around the reference line, it indicates a positive outcome, 

implying that the predictive model has effectively 

captured the inherent patterns within the data. This 

alignment suggests that the model's predictions closely 

resemble the observed values, showcasing a dependable 

and robust predictive performance. 

Subsequently, Figure 3 displays the residual plot 

generated by our ANFIS model. This plot provides insights 

into the discrepancies or differences between the 

predicted values and the actual observed values within 

the model. It can be seen that the ANFIS regression model 

exhibited varying levels of accuracy across the dataset. 

Some data points show relatively small residuals, 

suggesting a close match between predicted and actual 

values. Overall, a general trend is observed wherein the 

residuals tend to center around zero, which shows that 
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the ANFIS model was adept at capturing the overall 

patterns present in the dataset.  

4. Conclusions 

In this study, we employed an ANFIS model to predict the 

Kovats retention index of 340 essential oil compounds. 

The ANFIS-based models demonstrated a strong 

predictive capacity, with the best result achieving an R2 of 

0.974, an RMSE of 48.12, and an MAPE of 3.3% on the 

testing set. These results underscore the ANFIS's 

potential for accurate Kovats retention index prediction, 

making it a valuable tool for compound analysis and 

chromatographic process enhancement. The 

demonstrated accuracy and reliability of ANFIS highlight 

its ability to expedite compound identification 

procedures, driving progress in scientific research and 

industrial applications. Future studies could consider 

expanding the dataset to cover a broader compound 

range and exploring the applicability of ANFIS for 

predicting additional chromatographic parameters. 
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