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1. Introduction 
Agarwood, a highly valued fragrant resin, is produced by trees of the genus Aquilaria, which belongs 

to the family Thymelaeaceae [1]–[3]. These trees are indigenous to the Indomalesia region, encompassing 

parts of Southeast Asia such as Malaysia, Indonesia, and Thailand [4], [5]. Agarwood has been esteemed 

for centuries across various cultures for its use in perfumes, incense, and traditional medicines [4]. The 

formation of agarwood is a defence response to natural infections or injuries, leading to the accumulation 

of a dark, aromatic resin within the heartwood [1], [6]. Because of its rarity and market appeal, agarwood 

is recognized as one of the world’s most expensive natural resources [7], [8]. 

Despite its economic and cultural significance, the Aquilaria genus faces challenges in conservation 

and sustainable utilization. Overharvesting due to high demand has led to a significant decline in wild 
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 Agarwood, derived from the Aquilaria species, is among the most valuable 

aromatic resources, yet frequent species misidentification hampers 

conservation efforts and compliance with trade regulations. This study 

applied a chemometric ANN framework to classify four Aquilaria species 

(A. malaccensis, A. beccariana, A. subintegra, and A. crassna) based on essential 

oil composition. A total of 720 samples (180 per species, each analyzed in 

triplicate) were extracted by hydrodistillation and profiled using GC–MS 

coupled to GC–FID. Six compounds were consistently detected, and three 

(δ-guaiene, 10-epi-γ-eudesmol, γ-eudesmol) were retained for 

classification based on ≥95% detection frequency and >0.2% relative 

abundance. Pearson correlation guided feature selection, and ANN models 

were trained using both a 70:15:15 train–validation–test split and stratified 

5-fold cross-validation with 1000 bootstrap resamples. The optimized 

network achieved near-perfect performance, with a mean accuracy of 

~99.8% (95% CI: 99.6–100.0), and precision, recall, and F1 scores all 

exceeding 99.5%. In comparison, bootstrapped confidence intervals were 

tightly bounded at 100%, confirming robustness against data leakage. 

These findings demonstrate that correlation-guided feature selection 

combined with ANN modeling enables reproducible and highly accurate 

species authentication, offering a practical framework for integration into 

agarwood quality control, conservation monitoring, and international trade 

compliance.  
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populations [4], [9]–[12]. As a result, multiple Aquilaria species have been placed under the protection 

of the Convention on International Trade in Endangered Species of Wild Fauna and Flora (CITES) and 

are also classified on the Red List maintained by the International Union for Conservation of Nature 

(IUCN) [13]. Efforts have been made to cultivate Aquilaria trees to meet market demands and reduce 

pressure on wild populations. However, the success of these initiatives is hindered by challenges in species 

identification and classification [4]. 

A critical issue in the conservation and commercial utilization of Aquilaria species is the frequent 

misidentification of species [8], [14]. This misidentification arises from a lack of comprehensive 

taxonomic information and the morphological similarities among species. Accurate species identification 

is essential for implementing effective conservation strategies, ensuring compliance with international 

trade regulations, and maintaining the quality and authenticity of agarwood products [4], [13]. The 

current taxonomic ambiguities impede these efforts, highlighting the need for reliable classification 

methods. 

In response to these challenges, this study aims to develop a chemometric classification model for 

Aquilaria species based on the chemical composition of their essential oils. By employing statistical 

techniques such as Pearson correlation analysis for feature selection and ANN for classification, the 

research seeks to establish a robust, efficient, and accurate method for species identification. The 

approach involves analyzing essential oil samples from various Aquilaria species using gas 

chromatography-mass spectrometry (GC-MS) and gas chromatography flame ionization detector (GC-

FID), followed by data processing and model development. This approach is intended to improve species 

authentication, contribute to conservation initiatives, and safeguard the authenticity of agarwood 

products in the international market. 

2. Method 
This study followed a structured approach to classify selected Aquilaria species based on the 

characteristics of their essential oils. The method involved organized sample collection, consistent 

extraction procedures, chemical analysis, and data processing. All steps were carried out under controlled 

conditions to ensure accuracy and reliability. The following subsections describe the study design, 

laboratory procedures, and data analysis methods in detail. 

2.1. Study Design and Sample Collection 
The objective of this study was to classify four Aquilaria species ( Aquilaria subintegra,  Aquilaria 

beccariana, Aquilaria crassna, and Aquilaria malaccensis) through analysis of their essential oil 

compositions. The extraction of the essential oils was performed at the BioAromatic Research Centre 

of Excellence (BARCE), Universiti Malaysia Pahang Al-Sultan Abdullah (UMPSA). All essential oil 

extractions, chemical analyses, and data processing were performed under controlled conditions within 

the same facility. The selected species are among the most commonly cultivated and commercially 

relevant agarwood-producing trees in Southeast Asia. 

A total of 720 essential oil samples were used, with 180 samples representing each species. The 

sampling was uniformly distributed across six chemical compounds, ensuring balanced representation. 

For each compound, 30 samples per species were analysed to facilitate a structured and consistent dataset. 

Sample collection was standardized to minimize variability, and plant materials were authenticated to 

confirm species identity. Collected agarwood chips were thoroughly cleaned and stored in a controlled 

environment before extraction. The study adhered to a standardized sampling protocol to ensure the 

uniformity of materials across all groups. The consistency in collection and handling was critical in 

maintaining the integrity of the chemical profile data. Data organization followed a structured matrix, 

with individual samples as rows and compound concentrations as columns. 

2.2. Essential Oil Extraction and Chemical Analysis 
Essential oils were extracted by hydrodistillation, a widely used method in essential oil research. Prior 

to distillation, ground agarwood chips were soaked in water for several days to facilitate the breakdown 
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of parenchymatous tissue and oil glands. The softened material was then subjected to hydro-distillation 

for 3–5 days. Extracted oils were collected and diluted in analytical-grade dichloromethane (DCM) to 

improve solubility for subsequent chemical analyses. 

All analyses were performed using GC–MS in combination with GC–FID, as illustrated in Fig. 1. 

GC–MS was employed for qualitative identification, while GC–FID provided quantitative data [15]–

[18]. The GC–MS system consisted of an Agilent 7890B GC coupled to a 5977A Mass Spectrometer 

Detector (MSD) and fitted with a DB-1ms column (30 m × 250 µm × 0.25 µm). The inlet temperature 

was set at 250 °C, with helium as the carrier gas at a constant flow of 1.0 mL/min. The oven program 

started at 80 °C, increased at 3 °C/min to 250 °C, and was held for 3 min. The auxiliary heater was 

maintained at 260 °C, the MS source at 230 °C, and the MS quad at 150 °C, operating in Electron 

Impact (EI) mode at 70 eV. 

The GC–FID system employed the same GC unit and column, with identical oven conditions. The 

inlet temperature was set at 250 °C, and the detector operated at 250 °C without an auxiliary heater. 

These parameters were selected to optimize resolution and sensitivity for the target compounds. Each 

sample was analysed in triplicate to ensure reliability. Compound identification was confirmed against 

multiple spectral libraries, including NIST 14, Wiley7Nist05.L, and HPCH2205.L, with a minimum 

similarity threshold of ≥80%. The results were expressed as peak areas, forming the basis for subsequent 

statistical and machine learning-based classification. 

 

Fig. 1. GC×GC System with Dual Detection: MS and FID [15] 

Compounds consistently identified and targeted for analysis included dihydro-β-agarofuran, β-

selinene, δ-guaiene, 10-epi-γ-eudesmol, pentadecanoic acid, and γ-eudesmol. The chemical profile for 

each species was documented as peak area percentages, forming the basis for statistical and machine 

learning-based classification 

2.3. Data Processing and Statistical Analysis 
The raw chromatographic data were organized into a structured matrix, with rows representing 

individual essential oil samples and columns corresponding to the six quantified chemical compounds. 

Compound abundances were expressed as relative peak areas (% of total ion current) obtained from GC-

FID/GC-MS. To ensure comparability across compounds and to minimize sample-level variability, the 

dataset was normalized using z-score standardization across compounds. No log-transformation was 

applied. 

Feature selection was performed using Pearson correlation analysis, which is widely applied in 

chemometrics and multivariate analysis to identify linear dependencies between variables and to detect 

redundancy in datasets [19]. Compounds showing high intercorrelation were flagged to prevent 

overrepresentation of redundant information. Based on this analysis, three representative chemical 

compounds were retained as classification inputs. This dimensionality reduction ensured that the most 

informative features were used for species discrimination, thereby improving model interpretability and 

reducing the risk of overfitting. 
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2.4. Artificial Neural Network Classifier 
Artificial Neural Networks (ANNs) were employed as the primary classification framework due to 

their capacity to capture complex, nonlinear relationships in chemical profile data. Two complementary 

evaluation strategies were designed to ensure model robustness, minimize overfitting, and provide 

statistically reliable performance estimates. 

2.4.1. ANN Training with Levenberg–Marquardt and Early Stopping 
In the first setup, the dataset was randomly partitioned into training (70%), validation (15%), and 

test (15%) subsets, following standard practice in supervised learning. The ANN architecture employed 

two hidden neurons and was trained using the Levenberg–Marquardt backpropagation algorithm 

(trainlm) with mean squared error (MSE) as the loss function. Early stopping was applied with a 

maximum of six validation failures, a maximum of 1000 epochs, and a convergence goal of 1 × 10⁻⁶. This 

strategy prevented overfitting by selecting the model weights at the optimal validation epoch. 

Classification performance was evaluated on the test set in terms of accuracy, sensitivity (recall), 

specificity, and precision, derived from the confusion matrix. All implementations were carried out in 

MATLAB R2023b using the Deep Learning Toolbox. 

2.4.2. Stratified K-Fold Cross-Validation with Bootstrapping 
In the second setup, stratified 5-fold cross-validation was implemented to ensure balanced class 

representation in each fold and to prevent sample-level data leakage. The ANN was configured with 10 

hidden neurons and trained using scaled conjugate gradient backpropagation (trainscg) with cross-

entropy loss. No internal data splitting was performed, as CV controlled the training and testing 

partitions. Performance was assessed using macro- and micro-averaged accuracy, precision, recall, and 

F1-score, computed according to the definitions of [20]. To quantify statistical uncertainty, 1000 

bootstrap resamples at the sample level were used to estimate 95% confidence intervals. Per-class 

performance (precision, recall, and F1-score) was also reported with bootstrapped confidence intervals 

to evaluate species-level discrimination. 

This dual evaluation framework (train–validation–test with early stopping and stratified cross-

validation with bootstrapping) provided a robust and statistically rigorous assessment of ANN 

performance. By combining internal validation with repeated resampling strategies, the approach 

minimized overfitting and ensured reproducibility and generalizability of the classification outcomes. 

Unlike earlier studies on agarwood oils that relied on Principal Component Analysis (PCA), Linear 

Discriminant Analysis (LDA), or regression models for dimensionality reduction and classification, our 

approach combines dual detection (GC–MS + GC–FID), correlation-guided feature selection, and a 

rigorously validated ANN. This design reduces redundancy, captures potential nonlinear relationships 

between compounds, and provides more reproducible results compared to traditional linear chemometric 

techniques. Cross-validation and bootstrapping procedures were performed using the Statistics and 

Machine Learning Toolbox in MATLAB R2023b. 

3. Results and Discussion 
This section presents the findings of the study, focusing on the chemical composition of essential 

oils derived from four Aquilaria species and the application of data analysis techniques for species 

classification. The results include the identification and quantification of chemical compounds, the 

evaluation of inter-compound relationships through correlation analysis, and the classification 

performance of an ANN model. Together, these findings provide insights into species-specific chemical 

profiles and demonstrate the effectiveness of a computational approach for accurate species 

differentiation. Further details and interpretations are discussed in the following subsections. 

3.1. Identification and Quantification of Major Volatile Compounds in Aquilaria Species 
The chemical analysis of essential oils extracted from four Aquilaria species (A. malaccensis, A. 

beccariana, A. subintegra and A. crassna) revealed consistent detection of six key compounds. These 

compounds were identified as pentadecanoic acid,  δ-guaiene, dihydro-β-agarofuran, 10-epi-γ-
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eudesmol, γ-eudesmol, and β-selinene. Each compound's presence was confirmed using GC-MS for 

qualitative analysis and GC-FID for quantitative measurement [4], [15], [21], [22]. This dual-detection 

approach ensured both the accurate identification and precise quantification of the compounds [15], 

[23].  

As summarized in Table 1, the relative peak areas (%) of these six compounds varied significantly 

across the four species. Notably, 10-epi-γ-eudesmol demonstrated the highest abundance in A. 

malaccensis (6.73%), which was markedly higher than its concentration in the other species. This high 

abundance suggests a species-specific characteristic that could be critical for classification. In contrast, 

β-selinene exhibited relatively low and consistent peak areas across all species, ranging from 0.11% in 

A. crassna to 0.66% in A. beccariana. This uniform distribution indicates that β-selinene may not be a 

strong distinguishing marker among the species. Other compounds displayed more moderate variations. 

For example, δ-guaiene was most abundant in A. malaccensis (2.02%) and significantly lower in A. 

crassna (0.21%). Similarly, γ-eudesmol was more prevalent in A. malaccensis (2.17%) and A. subintegra 

(1.85%), while dihydro-β-agarofuran showed minimal variation among species, maintaining peak areas 

between 0.44% and 1.25%. These variations in relative abundance among species provide a foundation 

for their differentiation. 

Table 1.  Main Volatile Compounds Found in Oils Extracted from Aquilaria Plants 

Identifier Detected Compounds Detection Method Relative Abundance (%) 
AM AB AS AC 

A β-selinene GC-MS, GC-FID 0.56 0.66 0.37 0.11 
B dihyro-β-agarofuran GC-MS, GC-FID 0.55 1.25 0.44 0.48 
C δ-guaiene GC-MS, GC-FID 2.02 0.74 0.35 0.21 
D 10-epi-γ-eudesmol GC-MS, GC-FID 6.73 0.34 2.16 2.54 
E γ-eudesmol GC-MS, GC-FID 2.17 0.26 1.85 0.95 
F Pentadecanoic acid GC-MS, GC-FID 0.15 0.15 0.46 0.14 

 

The hierarchical representation of the dataset (Fig. 2) visually categorizes the 720 total samples (180 

samples per species) and highlights the uniform distribution of six chemical compounds across all 

samples. This structured dataset ensured reliable comparative analysis and facilitated the subsequent 

statistical modelling and classification tasks. 

 

Fig. 2. Hierarchical Representation of Dataset for Aquilaria Species and Chemical Compounds 



709 International Journal of Advances in Intelligent Informatics   ISSN 2442-6571 

 Vol. 11, No. 4, November 2025, pp. 704-718 

 

 

 Noramli et al. (Chemometric classification and authentication of four Aquilaria species from essential oil profiles using…) 

3.2. Feature Selection based on Pearson Correlation 
A Pearson correlation analysis was carried out to explore the correlations among six chemical 

compounds identified in various Aquilaria species. The main goal was to identify overlapping or 

redundant variables that could be eliminated to enhance computational performance without losing 

essential chemical information [24]–[28]. Table 2 presents a reference scale used to interpret correlation 

coefficients, helping to determine the strength and direction of associations between variable pairs [4].  

As detailed in Table 2, coefficients within the range of 0.80 to 1.00 are considered to represent a very 

high correlation, whereas values between 0.60 and 0.79 indicate a high correlation. A moderate 

correlation is reflected in coefficients from 0.40 to 0.59, while those falling between 0.20 and 0.39 suggest 

a low correlation. Values ranging from 0.00 to 0.19 indicate little to no linear correlation [16]. These 

categories assist in refining feature selection by identifying the most informative variables and filtering 

out those with minimal contribution [4], [29]–[31]. 

Table 2.  Range Correlation for Pearson Correlation 

Coefficient Range Degree of Correlation 
0.8 - 1.0 Very high correlation 

0.6 - 0.79 High correlation 

0.4 - 0.59 Moderate correlation 

0.2 - 0.39 Low correlation 

0.0 - 0.19  Minimal or no linear relationship detected 

 

Variables that are highly correlated often provide overlapping information and can negatively impact 

the efficiency of data processing [32], [33]. As a result, it is important to detect and exclude these 

redundant variables to simplify the dataset while ensuring that critical chemical characteristics are 

retained [4], [33], [34]. The correlation matrix illustrated in Fig. 3 highlights key correlations among 

the compounds, offering further insight into their mutual associations. 

 

Fig. 3. Pearson Correlation Matrix Showing Chemical Composition Across Aquilaria Species 

The analysis revealed a high correlation with r = 0.652 between compound A and compound B, 

implying that they may contribute overlapping information to the dataset and could be considered 

redundant in predictive models. Likewise, compound E and compound  D showed a very high correlation 

which r = 0.8173, suggesting comparable chemical behavior between the two. In contrast, the results 

also identified strong negative correlations, such as that between compound  B compound  E (r = –

0.7394). This inverse correlation implies that as the concentration of one compound increases, the other 
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tends to decrease. Such negative correlations are important for understanding the interactions between 

chemical compounds and their potential role in distinguishing between species. 

Table 3 summarizes how effectively each compound explains variation in the remaining compounds, 

emphasizing the degree of their individual correlations. The analysis identified compounds C, D, and E 

as having the highest capacity to account for correlations with multiple other compounds. Compounds 

C and B exhibited similar levels of influence, particularly with respect to compounds A, E, and D. To 

address multicollinearity, compound B was chosen to represent this pair, as it demonstrated a slightly 

broader correlation pattern across the dataset. Selecting these three compounds for further analysis 

allowed for dimensionality reduction while retaining the key chemical features necessary for meaningful 

interpretation. 

Table 3.  Explanatory Power of Chemical Compounds in Aquilaria Species Classification 

Chemical Compounds Explanatory Power 
A C, B 

B A, E, D 

C A, E, D 

D C, B, E 

E B, C, D, F 

F E 

 

This approach is supported by findings from a previous study [31], where correlation analysis was 

used to investigate associations among the chemical compositions of Centaurea essential oils and their 

antimicrobial properties. That study highlighted how correlation analysis can help identify the most 

relevant chemical components, improving efficiency by reducing redundant variables and analysis time. 

3.3. Artificial Neural Network (ANN) Classification Performance 
The optimized ANN model was developed using three selected compounds (C, D, E) as input 

features. The network architecture consisted of a feedforward neural network with a single hidden layer. 

The optimal number of hidden neurons was identified through systematic evaluation of configurations 

ranging from one to ten. The dataset comprised 360 samples, partitioned into training (70%), validation 

(15%), and testing (15%) subsets. 

As summarized in Table 4, the configuration with two hidden neurons achieved the best overall 

performance, yielding 100% accuracy, sensitivity, precision, and specificity. This configuration also 

produced the lowest mean squared error (MSE) of 0.0000971 and the shortest execution time (0.9167 

seconds). 

Table 4.  Performance Evaluation of the ANN Model with Varying Neurons 

Number 
Hidden 
Neuron

s 

Accurac
y (%) 

Sensitivit
y (%) 

Specificit
y (%) 

Precisio
n (%) 

Num 
Epoc

h 

Trainin
g Time 

(s) 

Testin
g Time 

(s) 

Overall 
Executio
n Time 

(s) 

Performanc
e MSE 

1 98.33 96.67 98.89 96.67 7 0.8775 0.0067 0.8842 0.016667000 

*2 100.00 100.00 100.00 100.00 24 0.9079 0.0088 0.9167 0.000097100 

3 100.00 100.00 100.00 100.00 12 0.9878 0.0076 0.9954 0.000000464 

4 100.00 100.00 100.00 100.00 8 1.1300 0.0078 1.1378 0.000001633 

5 100.00 100.00 100.00 100.00 12 1.2632 0.0097 1.2729 0.000000214 

6 100.00 100.00 100.00 100.00 11 1.9804 0.0138 1.9942 0.000154520 

7 100.00 100.00 100.00 100.00 8 1.9662 0.0114 1.9776 0.000144820 

8 100.00 100.00 100.00 100.00 12 2.0846 0.0106 2.0952 0.000002577 

9 100.00 100.00 100.00 100.00 8 2.0312 0.0079 2.0391 0.000000141 

10 100.00 100.00 100.00 100.00 8 2.0272 0.0102 2.0374 0.000000071 

a. Note: *2 = Best hidden neuron configuration using LM algorithm 
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The absence of misclassifications is further illustrated in the confusion matrix (Fig. 4). 

 

Fig. 4. Confusion Matrix Summarizing Species Classification Performance using The ANN Model 

To further illustrate the model's classification capability, a three-dimensional scatter plot (Fig. 5) was 

generated using the selected compounds as axes. The plot clearly shows the separation of the four 

Aquilaria species into distinct clusters, reflecting the model’s ability to accurately differentiate species 

based on their chemical profiles. This visualization complements the confusion matrix, providing a clear, 

intuitive understanding of species separability within the dataset. 

 

Fig. 5. 3D Scatter Plot of Aquilaria Species Classification Based on Essential Oil Composition 
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3.4. ANN with Stratified K-Fold Cross-Validation and Bootstrapping 
To enhance methodological rigor and minimize the risk of data leakage, a second evaluation was 

conducted using stratified 5-fold cross-validation, with all replicates of a given sample confined to the 

same fold. Each fold employed an ANN with 10 hidden neurons, trained using scaled conjugate gradient 

backpropagation with cross-entropy loss. Following cross-validation, 1000 bootstrap resamples were 

applied to estimate 95% confidence intervals (CIs) for each performance metric. Table 5 presents the 

macro- and micro-averaged performance metrics. Across all folds, the ANN achieved 100% accuracy, 

precision, recall, and F1-scores. The 95% CIs consistently converged at [100.00–100.00], reflecting the 

stability of the classifier. 

Table 5.  Macro- and micro-averaged ANN performance (5-fold CV, 1000 bootstraps) 

Metric Macro (%) (95% CI) Micro (%) (95% CI) 

Accuracy 100.00 (100.00–100.00) 100.00 (100.00–100.00) 

Precision 100.00 (100.00–100.00) 100.00 (100.00–100.00) 

Recall 100.00 (100.00–100.00) 100.00 (100.00–100.00) 

F1-score 100.00 (100.00–100.00) 100.00 (100.00–100.00) 

 

Per-class evaluation (Table 6) confirmed perfect species-level discrimination, with precision, recall, 

and F1-scores all at 100%, supported by bootstrapped confidence intervals. 

Table 6.  Per-class ANN performance with 95% confidence intervals (bootstrapped, n = 1000) 

Class (Species) Precision (%) (95% CI) Recall (%) (95% CI) F1-score (%) (95% CI) 

A. Subintegra 100.00 (100–100) 100.00 (100–100) 100.00 (100–100) 

A. Beccariana 100.00 (100–100) 100.00 (100–100) 100.00 (100–100) 

A. Crassna 100.00 (100–100) 100.00 (100–100) 100.00 (100–100) 

A. Malaccensis 100.00 (100–100) 100.00 (100–100) 100.00 (100–100) 

 

3.5. Discussion 
This study successfully developed a chemometric model for distinguishing four Aquilaria species (A. 

beccariana, A. malaccensis, A. crassna, and A. subintegra) based on their essential oil chemical profiles. 

The chemical analysis revealed six key compounds present across all species, with compound D showing 

the highest concentration in A. malaccensis. Pearson correlation analysis identified compound C, 

compound D, and compound E as the most significant compounds, leading to their selection as input 

features for an ANN. The ANN model achieved perfect classification performance, with 100% accuracy, 

sensitivity, specificity, and precision. 

These results are consistent with previous studies, where chemical profiles have been utilized for 

species identification in plants, including Aquilaria [35]. The use of volatile compounds, such as those 

identified in this study, has been shown to provide reliable markers for differentiation. For example, δ-

guaiene (C) and 10-epi-γ-eudesmol (D) have been highlighted in past literature for their role in the 

characteristic aroma of agarwood, confirming their relevance as discriminative features [10], [36], [37]. 

The application of Pearson correlation for feature selection is an effective method for reducing 

dimensionality, as seen in other studies that employed similar approaches in plant-based chemometrics 

[26], [31]. 

Beyond their statistical relevance identified through correlation analysis, the three selected markers 

(δ-guaiene, 10-epi-γ-eudesmol, and γ-eudesmol) are also biologically and chemotaxonomically 

plausible discriminators of Aquilaria species. All three compounds are sesquiterpenes derived from the 

mevalonate pathway, which is central to the biosynthesis of resinous volatiles in agarwood. δ-guaiene 
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has long been recognized as a key contributor to the characteristic fragrance of agarwood and is often 

used as a quality marker distinguishing wild versus cultivated resin [10], [36]. Oxygenated sesquiterpenes 

such as 10-epi-γ-eudesmol and γ-eudesmol are frequently associated with species-specific differences in 

secondary metabolism and have been proposed as chemotaxonomic indicators of both species identity 

and resin maturity [22], [37]. Their recurrence in previous phytochemical investigations supports their 

role as stable and biologically meaningful features for classification, thus reinforcing the robustness of 

their selection as ANN inputs in this study. 

Importantly, this work advances beyond conventional train–test splits by incorporating a more 

rigorous validation framework. In addition to the random 70, 15, 15 percent split, a stratified 5-fold 

cross-validation was employed, ensuring that all replicates of a given sample were confined to the same 

fold to prevent information leakage. Model evaluation was further strengthened by bootstrapping with 

1000 resamples at the sample level to derive 95% confidence intervals for performance metrics. Across 

both experiments, the ANN consistently achieved 100% macro- and micro-averaged accuracy, precision, 

recall, and F1-scores, with confidence intervals tightly bounded at [100.00–100.00]. Per-class 

performance metrics similarly indicated perfect discrimination of each species. This agreement between 

validation approaches reinforces the robustness of the selected feature set and the ANN classifier. 

Earlier chemometric studies of agarwood oils have employed PCA, LDA, and regression-based 

models for classification. While these methods provide useful dimensionality reduction and linear 

discrimination, they are constrained by assumptions of linearity, sensitivity to multicollinearity, and 

limited capacity to capture complex nonlinear relationships among compounds. Furthermore, such 

approaches often rely on large sets of input variables, which can reduce reproducibility across datasets. 

Beyond these chemometric techniques, other machine learning approaches have also been explored. 

In [38], agarwood oils and woods were classified using an electronic nose (E-nose) and a k-Nearest 

Neighbour (kNN) classifier, achieving 94.5% accuracy. A Convolutional Neural Network (CNN) model 

was proposed in [39] for agarwood grade classification based on Gabor filter feature extraction and the 

percentage of black color in the wood, reporting 98% accuracy. In [40], a Decision Tree classifier 

constructed from significant GC–MS-derived compounds in agarwood oils yielded 94.7% accuracy. The 

feasibility of E-nose profiling using Support Vector Machine (SVM) classifiers was demonstrated in [41],  

achieving 93.7% accuracy. While these studies highlight the potential of both sensor-based and 

chemometric approaches, they are often constrained by odor variability, reliance on visual cues, or 

moderate reproducibility across species. 

In contrast, the present study introduces three key innovations: (i) the integration of GC–MS and 

GC–FID dual detection for comprehensive chemical profiling, (ii) Pearson correlation-guided feature 

selection to identify a minimal and biologically relevant compound triad, and (iii) a rigorously validated 

ANN framework incorporating both early stopping and cross-validation with bootstrapping. Collectively, 

these innovations enabled perfect classification (100% across all metrics), surpassing the performance 

stability reported in earlier works. A comparative overview is summarized in Table 7. The high 

classification accuracy achieved in this study demonstrates the potential of machine learning, particularly 

ANN, in botanical classification tasks. By focusing on a small subset of compounds, this research was 

able to simplify the model without compromising performance. This contrasts with traditional methods, 

where extensive chemical analysis is often required to capture all relevant data. The results suggest that, 

for practical applications, this approach could be used to authenticate Aquilaria species cost-effectively 

and efficiently, addressing the issues of overharvesting and misidentification that currently affect the 

industry [13].  

However, there are several limitations to this study. The research was limited to four Aquilaria 

species, and while the model performed exceptionally well, it may not generalize to other species within 

the Aquilaria genus or other plants with similar chemical profiles. Additionally, the dataset used was 

relatively small, which could limit the model’s robustness in real-world applications with larger, more 

diverse datasets. Furthermore, no explicit batch correction procedures, QC injections, or internal 

standards were employed, and samples were not randomized across analytical runs. We acknowledge this 

as a limitation, and future studies should incorporate pooled QC samples, internal standards, and 
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randomized run orders to minimize batch effects and improve reproducibility. Future studies could focus 

on expanding the dataset to include more species and replicate the model in different geographic regions 

or under various environmental conditions [4], [5], [42]. Furthermore, the addition of more advanced 

machine learning techniques, including support vector machines and random forests, could further 

enhance the model’s accuracy and generalizability [43]–[48]. 

Table 7.  Comparative summary of representative agarwood classification/authentication studies 

Study Data Source Features / Inputs Classifier Reported 
Accuracy Key Limitations 

Mujahid et al. 

[38] 

Agarwood oils 

and woods (E-

nose) 

Odor sensor signals kNN 94.5% 

Odor variability; no 

compound-level specificity 

Yogapriya 

Dhanasekaran 

and M. Uma 

[39] 

Agarwood wood 

images 

Knot patterns, Gabor 

features, % dark area 

CNN 98% 

Image-based only; lacks 

chemical basis 

Ismail et al. [40] 

Agarwood oils 

(GC–MS) 

Selected significant 

compounds 

Decision 

Tree 

94.7% 

No dual detection; limited 

feature reduction 

Haqqi et al. [41] 

Agarwood oils 

and woods (E-

nose) 

Gas sensor array  SVM 93.7% 

Sensitive to noise; 

moderate reproducibility 

This study 

Essential oils 

from 4 species 

(GC–MS + GC–

FID) 

3 correlation-selected 

compounds (δ-

guaiene, 10-epi-γ-

eudesmol, γ-

eudesmol) 

ANN with 

dual 

validation 

and 

bootstrapping 

100% 

Limited to 4 species; no 

hybrid/adulterated 

samples tested 

 

Another important consideration is the potential occurrence of mixed-species, hybrid, or adulterated 

samples. Since these cases were not explicitly addressed in the present dataset, the ANN may provide 

uncertain or unreliable predictions when confronted with such inputs. To mitigate this limitation, 

practical safeguards can be implemented in future work. These include thresholding based on 

classification confidence (e.g., rejecting predictions with maximum class probability below 0.8) and the 

application of distance-based novelty detection methods to flag out-of-distribution samples. Specimens 

identified as uncertain could then be subjected to confirmatory analyses, such as DNA barcoding or 

extended chromatographic profiling. Incorporating such thresholding and reject strategies would 

enhance the robustness and reliability of chemometric classification in real-world applications where 

non-standard or adulterated samples may occur. 

In conclusion, this study demonstrates the feasibility of using chemometric techniques, particularly 

Pearson correlation and ANN, for the classification of Aquilaria species based on essential oil 

composition. The integration of stratified cross-validation and bootstrapped confidence intervals 

provides a statistically rigorous and reproducible evaluation framework, ensuring that the model 

outcomes are both accurate and robust. This approach offers a valuable tool for species authentication 

and conservation, providing a promising alternative to traditional morphological identification. Future 

research should aim to validate the model with larger datasets, incorporate thresholding strategies for 

uncertainty handling, and extend the framework to other aromatic plant species to broaden its scope and 

impact [49]–[51]. 

4. Conclusion 
This study demonstrates that combining correlation-guided feature selection with artificial neural 

network modeling provides a robust framework for the classification of Aquilaria species based on 

essential oil composition. The dual application of GC–MS and GC–FID enabled consistent detection of 

six key compounds, three of which were selected as discriminative markers due to their high detection 

frequency and relative abundance. Using these features, the optimized ANN achieved near-perfect 

classification accuracy, with tightly bounded confidence intervals confirming reproducibility and minimal 
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risk of data leakage. Compared with earlier chemometric and machine learning approaches, this 

framework delivered measurable improvements in performance while requiring fewer input variables, 

thus enhancing interpretability and efficiency. Beyond methodological contributions, the findings have 

practical implications for the authentication of agarwood products, compliance with international trade 

regulations, and conservation of endangered Aquilaria populations. Future work should extend validation 

to additional species, larger and more diverse datasets, and hybrid or adulterated samples, while exploring 

complementary algorithms such as support vector machines and ensemble classifiers. By integrating such 

refinements, chemometric–ANN approaches can become an integral component of species 

authentication workflows and sustainable management practices for agarwood resources. 
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