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Abstract 

This study employs cross-correlation analysis to evaluate the alignment of 

agarwood oil compounds detected using Gas Chromatography-Mass 

Spectrometry (GC-MS) and GC-MS coupled with Gas Chromatography-Flame 

Ionization Detector (GC-FID). A total of 96 GC-MS samples and 120 GC-

MS/GC-FID samples were analysed, to identify significant chemical compounds 

for essential oil classification. The results identified γ-eudesmol and 10-epi-γ-

eudesmol as the most consistently detected marker compounds, with γ-eudesmol 

and dihydro-β-agarofuran exhibiting the highest correlation (R=0.767). 

Additionally, 10-epi-γ-eudesmol and γ-eudesmol (R=0.763, lag = 0) showed 

strong alignment, confirming consistency between GC-MS and GC-MS/GC-FID 

detection. A correlation threshold of R>0.5 and a lag constraint of ±6, ensuring 

the selection of well-aligned compounds. Cross-correlation plots and heatmap 

visualizations validated alignment patterns and retention time stability. The 

findings demonstrate the effectiveness of cross-correlation analysis in identifying 

reliable marker compounds for agarwood oil classification. Future work could 

explore advanced retention time alignment techniques, machine learning-based 

classification models, and expanded datasets to improve the reliability of 

agarwood oil authentication and essential oil standardization. 

Keywords: Agarwood oil, Cross-correlation, Essential oil classification, GC-MS, 

GC-MS/GC-FID. 
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1.  Introduction 

Agarwood oil, derived from the Aquilaria species, is one of the most valuable 

essential oils due to its distinctive fragrance, medicinal properties and high 

economic value [1-3]. Its therapeutic applications have long been recognized in 

traditional medicine systems and recent studies have highlighted its 

pharmacological potential, including anti-inflammatory and antimicrobial effects 

[2]. In addition to its medical use, agarwood oil is a prized component in luxury 

perfumes and incense products, and its global demand continues to grow, 

contributing significantly to the economies of producing countries [1, 4]. The 

quality of agarwood oil is primarily determined by its chemical composition, which 

varies depending on species, extraction techniques and environmental conditions 

[4]. An overview of agarwood production stages is shown in Fig. 1, and 

representative agarwood oil samples are presented in Fig. 2.  

 

(a) Aquilaria trees cultivated in a 

plantation in Assam, India. 

 

(b) Cross-sectional view of stems 

showing resin-impregnated zones. 

 

(c) Chiseled and cleaned resinous wood fragments. 

Fig. 1. Stages in the production of  

resinous agarwood from Aquilaria trees [1]. 

 

Fig. 2. Agarwood oil samples arranged by  

concentration from K1 (lowest) to K7 (highest). 
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To analyse this chemical profile, Gas Chromatography-Mass Spectrometry 

(GC-MS) and Gas Chromatography-Flame Ionization Detector (GC-FID) are 

widely used analytical techniques, with GC-MS enabling precise compound 

identification based on mass spectral data and GC-FID providing sensitive 

quantitative analysis of volatile compounds [5-11]. However, differences in 

detection sensitivity, peak intensities, and retention times between these techniques 

present challenges for establishing a standardized quality assessment system.  

Cross-correlation analysis offers a statistical approach to evaluate the alignment 

of compounds detected by both techniques, enabling systematic comparison of 

detection consistency and retention time synchronization. By identifying highly 

correlated compounds, this study aims to establish reliable chemical markers that can 

support species classification, authentication, and quality grading of agarwood oil. 

The research by Hoque et al. [12] has primarily focused on GC-MS profiling of 

agarwood oil, with limited studies examining compound consistency across 

multiple analytical techniques. The integration of GC-MS with GC-FID allows for 

a more comprehensive evaluation of compound stability and detection patterns, 

which is critical for improving standardized grading systems [11, 13-15]. 

According to Adhikari et al. [16], cross-correlation analysis has been widely 

utilized in various scientific fields, including metabolomics, environmental studies, 

medical imaging, and food science, to analyse relationships between variables over 

time or across different datasets [17].  

In computational chemistry, Ali et al. [18] applied cross-correlation in their 

study on natural lead compounds against hemagglutinin-esterase surface 

glycoproteins in human coronaviruses, using principal component analysis and 

molecular dynamics simulations to investigate molecular interactions. This 

demonstrates the relevance of cross-correlation in studying molecular behaviour, 

similar to its application in compound profiling for essential oils. 

In environmental science, Manco et al. [17] studied the cross-correlations of 

biogenic volatile organic compounds (BVOCs) emissions to differentiate 

phenological stages and environmental stress factors in Mediterranean sorghum 

plantations. Their findings underscore the role of cross-correlation in analysing 

volatile organic compound (VOC) emissions, which is directly relevant to 

agarwood oil research, where VOCs determine oil quality and classification. 

Similarly, Mi et al. [19] employed cross-correlation to evaluate the effects of salt 

concentration on microbial diversity and the quality of spontaneously fermented 

radish paocai, demonstrating the utility of cross-correlation in food chemistry. This 

application parallels the detection of compound variations in agarwood oil using 

cross-correlation techniques. 

Beyond chemistry and environmental science, cross-correlation has been 

applied in medical imaging to study blood flow patterns. A study conducted by 

Bakker et al. [20] used cascaded plane wave ultrasound to measure blood velocity 

vectors in the carotid artery, employing cross-correlation techniques for tracking 

motion in biological tissues. This highlights the versatility of cross-correlation in 

signal analysis, aligning with its use in compound detection in chromatography.  

Additionally, Duma et al. [21] examined carbon-13 lineshapes in solid-state 

NMR and studied coherent CSA-dipolar cross-correlation, which is crucial for 

analysing structural properties of labelled compounds. This is directly related to 
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chromatographic techniques like GC-MS and GC-FID, where spectral data is 

analysed for compound identification. Similar analytical approaches, combining 

chromatographic and spectroscopic techniques, have been used for catalyst 

characterization and pharmaceutical analysis [22-24]. In addition to essential oil 

profiling, chromatographic and chemometric methods have been widely utilized in 

environmental monitoring and wastewater treatment studies, underscoring their 

versatility across diverse analytical domains [25-27].  

While such studies highlight the broad applicability of these techniques, the 

specific role of cross-correlation in synchronizing GC-MS and GC-FID datasets 

remains underexplored. This study aims to evaluate the alignment of chemical 

compounds detected in agarwood oil using cross-correlation analysis applied to 

data obtained from GC-MS and GC-MS coupled with GC-FID techniques. It 

focuses on assessing the similarity in compound peak intensities and retention times 

between two datasets.  

One dataset is based on four high-quality Aquilaria malaccensis samples, while 

the other includes four Aquilaria species. The objective is to identify consistently 

detected and strongly correlated compound pairs that can serve as reliable chemical 

markers. By establishing statistically aligned markers across platforms, this study 

provides a foundation for developing robust and standardized classification 

frameworks for agarwood oil. The results are expected to support industrial needs 

related to authentication, quality grading, and regulatory compliance based on 

chemical profiling. 

2.  Research Methodology 

2.1. Data Collection and Compound Identification 

This study utilizes two datasets obtained through GC-MS and GC-MS coupled with 

Gas GC-FID to analyse agarwood oil compounds. The first dataset consists of 96 

samples from Aquilaria malaccensis, classified as high-quality essential oils, 

sourced from the Forest Research Institute Malaysia (FRIM) and Universiti 

Malaysia Pahang Al-Sultan Abdullah (UMPSA). These institutions were selected 

due to their established protocols and ability to provide well-characterized 

agarwood oil samples with consistent extraction and analysis conditions. Their 

contributions enabled a controlled environment for compound identification and 

cross-correlation analysis.  

In this study, the samples underwent hydro-distillation after water soaking (5-

21 days) and drying, and seven significant compounds were identified: β-

agarofuran, α-agarofuran, 10-epi-γ-eudesmol, γ-eudesmol, eudesmol, longifolol 

and hexadecanolm [5], coded as C1, C2, C3, C4, C5, C6 and C7, respectively. 

These compounds are detailed in Table 1, which presents the chemical compound 

dataset and their respective peak areas (%) for different agarwood oil qualities. The 

second dataset contains 120 samples from four Aquilaria species (A. beccariana, 

A. malaccensis, A. crassna and A. subintegra), extracted at the BioAromatic  

Research Centre of Excellence (BARCE), UMPSA, using hydro-distillation, 

followed by dilution in analytical-grade dichloromethane (DCM) for GC-MS and 

GC-FID analysis. The identification of compounds in this dataset was conducted 

using mass spectral libraries (NIST, Wiley, HPCH2205.L) for GC-MS and linear 

retention indices for GC-FID [28].  
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Among the compounds identified, six significant compounds consisting of β-

selinene, dihydro-β-agarofuran, δ-guaiene, 10-epi-γ-eudesmol, γ-eudesmol and 

pentadecanoic acid were selected for further analysis, as they were consistently 

present across all four species of Aquilaria oil.  These compounds, designated as 

Ca, Cb, Cc, Cd, Ce, and Cf, were chosen for their reliability as chemical markers 

for species classification. Their peak area (%) values are summarized in Table 2.  

Notably, Cd and Ce exhibited relatively higher peak areas in A. malaccensis, 

suggesting their prominence in this species. In contrast, Cc and Cb showed a more 

balanced distribution across species, indicating broader market potential. The 

variation in compound intensity across species, despite overall presence, highlights 

their potential discriminative power. These datasets were specifically chosen to 

enable cross-correlation analysis, supporting the identification of well-aligned 

marker compounds for essential oil quality grading and species differentiation. 

Table 1. Identified chemical compounds and peak area (%)  

from GC-MS analysis for different agarwood oil qualities 

Code Compounds 
Peak Area (%) 

RG HG MNS HIGH 

C1 β-agarofuran  3.96 3.47 2.21 2.37 

C2 α-agarofuran  2.98 2.41 1.42 2.01 

C3 10-epi-γ-eudesmol  21.01 9.58 5.04 10.34 

C4 γ-eudesmol 1.38 11.11 12.36 9.92 

C5  longifolol  0.00 0.00 0.00 0.00 

C6 hexadecanol 0.00 0.00 0.00 0.00 

C7 eudesmol  0.00 0.00 0.00 0.00 

Table 2. Identified chemical compounds and peak area (%) from  

GC-MS coupled with GC-FID analysis from four Aquilaria oil species 

Code Compounds 
Peak Area (%) 

AB AM AC AS 

Ca β-selinene  0.66 0.56 0.11 0.37 

Cb dihyro-β-agarofuran  1.25 0.55 0.48 0.44 

Cc δ-guaiene 0.74 2.02 0.21 0.35 

Cd 10-epi-γ-eudesmol 0.34 6.73 2.54 2.16 

Ce  γ-eudesmol 0.26 2.17 0.95 1.85 

Cf pentadecanoic acid 0.15 0.15 0.14 0.46 

2.2. Data Pre-Processing 

Figure 3 presents a structured workflow outlining the methodology used for cross-

correlation analysis in agarwood oil compounds. The workflow consists of multiple 

stages, from data collection to compound selection and visualization, ensuring a 

systematic approach to identifying significant marker compounds for quality 

grading and species classification. 

The process begins with data collection, where GC-MS data serves as the input, 

and GC-MS coupled with GC-FID data serves as the output. The GC-MS dataset 

consists of chemical compounds extracted from high-quality agarwood oil samples, 

while the GC-MS/GC-FID dataset contains compounds from four different 
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Aquilaria oil species. The integration of these datasets allows for a comparative 

analysis of chemical composition. 

 

Fig. 3. Workflow of cross-correlation analysis for agarwood oil compounds. 

Once the data is collected, it undergoes preprocessing to enhance consistency 

and accuracy. Several essential steps are involved in this phase: 

• Normalization: Standardizes peak area values to minimize variations in 

instrument sensitivity. 

• Retention Time Alignment: Ensures that compounds detected in both datasets 

are correctly matched by adjusting for slight variations in retention times. 

• Handling of Missing Data: Removes compound pairs that lack corresponding 

matches in both datasets. 

• Interpolation: Adjusts sample sizes to maintain uniformity, enabling 

meaningful comparisons between GC-MS and GC-FID results. 

After preprocessing, the cross-correlation analysis is conducted using 

MATLAB’s ‘xcorr’ function [29]. This step quantifies the similarity between 

compounds by computing correlation coefficients (R-values) and evaluating the lag 

shift between peaks [18, 30]. The cross-correlation results provide insights into how 

well the compound intensities align across the two datasets. 

Then, a heatmap representation of the correlation coefficients is generated to 

provide a comprehensive overview of the relationships between GC-MS and GC-
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MS/GC-FID compounds. The heatmap enables the visual identification of` strongly 

correlated compound pairs, highlighting potential marker compounds for essential 

oil quality grading and species differentiation [31]. 

Following the heatmap analysis, a decision-making step is introduced to assess 

the significance of each compound pair based on the following criteria: 

• R-value greater than 0.5, indicating a moderate to strong correlation. 

• Lag within ±6, ensuring minimal misalignment between GC-MS and GC-

MS/GC-FID peaks.  

Compound pairs that satisfy both conditions are prioritized for further 

classification analysis. The top 10 compound pairs with the highest correlation 

values (𝑅 > 0.6𝑅)  and minimal lag shifts are selected for detailed evaluation, 

where their alignment patterns, detection consistency, and peak shifts are examined 

in greater depth. For compound pairs that do not meet the selection criteria (𝑅 ≤
0.5𝑅 or Lag > ±6), instead of being discarded, they undergo further assessment. 

Additional preprocessing adjustments, such as realigning retention times or 

refining normalization techniques, may be applied to improve correlation accuracy. 

If variations remain, these compounds are documented as potentially significant 

but requiring further validation for classification. 

2.3. Performance Criteria for Cross-Correlation Selection 

The selection of significant compound correlations between GC-MS and GC-MS 

coupled with GC-FID datasets is based on the discrete-time cross-correlation 

function, which measures the similarity between compound peak intensities across 

both techniques. The correlation coefficient, denoted as 𝑅𝑥𝑦[𝑘], is computed using 

the following formula in Eq. (1) [32]: 

𝑅𝑥𝑦[𝑘] = ∑ 𝑥[𝑛] ∙ 𝑦[𝑛 + 𝑘]𝑛                               (1) 

where 𝑥[𝑛] and y[𝑛]represent the peak intensities of a compound detected in the 

GC-MS and GC-MS/GC-FID datasets, respectively, while 𝑘 denotes the lag shift 

between the two signals. The cross-correlation function helps determine how well 

a compound detected in GC-MS corresponds to its presence in GC-MS/GC-FID, 

considering potential shifts in detection time.   

To ensure reliable selection of compounds, two performance criteria are 

applied. The first criterion is the correlation strength, where only compound pairs 

with a correlation coefficient greater than 0.5 (𝑅𝑥𝑦[𝑘] > 0.5)  are considered 

significant. A correlation coefficient closer to 1 indicates a strong relationship 

between the compound intensities in both datasets, whereas values below 0.5 

suggest weak or inconsistent relationships, which may not be suitable for 

classification purposes.  

The second criterion is the lag constraint, which ensures that the compound 

detection is well-aligned across both techniques. A compound pair is only 

considered valid if the lag shift 𝑘 is within ±2, meaning that its detection in GC-

MS and GC-MS/GC-FID does not deviate by more than two time points. This 

tolerance accounts for minor variations in retention time due to instrument 

conditions or experimental factors. If the lag shift exceeds this range (𝑘 > ±2), the 
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compound pair is considered misaligned and excluded from further analysis to 

maintain data consistency. 

These threshold values were selected based on standard practices in signal-

based compound comparison and observed retention time variation in GC 

platforms. They serve to balance sensitivity and reliability by capturing compound 

pairs with consistent detection while minimizing noise and misalignment due to 

instrument variability. 

3.  Results and Discussion 

This study analysed the correlation between seven compounds detected in the GC-

MS dataset, coded as C1 to C7, and six significant compounds from the GC-

MS/GC-FID dataset, labelled as Ca to Cf. The GC-MS compounds correspond to 

β-agarofuran (C1), α-agarofuran (C2), 10-epi-γ-eudesmol (C3), γ-eudesmol (C4), 

eudesmol (C5), longifolol (C6) and hexadecanol (C7), while the GC-MS/GC-FID 

compounds include β-selinene (Ca), dihydro-β-agarofuran (Cb), δ-guaiene (Cc), 

10-epi-γ-eudesmol (Cd), γ-eudesmol (Ce) and pentadecanoic acid (Cf). 

The heatmap in Fig. 4 provides an overview of the correlation strengths between 

7 GC-MS compounds (C1-C7) and 6 GC-MS/GC-FID compounds (Ca-Cf). By 

visually analysing the colour gradient, distinct patterns emerge, indicating varying 

levels of compound alignment across the two analytical techniques. Warmer 

colours (yellow-green) indicate higher correlations (R>0.6). Moderate correlations 

(0.5<R<0.6) appear in green-blue tones, while cooler colours (blue) represent 

weaker correlations (R<0.5). 

 
Fig. 4. Heatmap of cross-correlation coefficients  

between GC-MS and GC-MS/GC-FID compounds. 

In general, C3 and C4 exhibit the strongest correlations with GC-MS/GC-FID 

compounds, as seen in the yellow-green regions of the heatmap (R>0.6). This 

suggests that these compounds are consistently detected across both GC-MS and 

GC-MS/GC-FID, making them strong candidates for essential oil classification and 

species differentiation. Their high correlation values indicate a stable presence in 
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agarwood oil, reinforcing their suitability as marker compounds. In contrast, C1 

and C2 show moderate correlations (0.5<R<0.6), appearing in green-blue areas of 

the heatmap. This suggests that while these compounds are somewhat aligned 

across both techniques, their correlation is not as strong as C3 and C4, possibly due 

to variations in peak intensity, instrumental detection, or retention time shifts. 

These moderate correlations indicate that C1 and C2 may still be relevant for 

classification but require further validation. 

On the other hand, C5, C6 and C7 exhibit the weakest correlations (R<0.5), as 

indicated by the predominantly blue regions in the heatmap. These low correlation 

values suggest poor alignment between GC-MS and GC-MS/GC-FID detections, 

which could be due to compound volatility, co-elution effects, or differing 

instrument sensitivities. While these compounds are still considered in the analysis, 

their inconsistent detection reduces their reliability as marker compounds for 

classification purposes. 

Table 3 presents the compound pairs with the highest cross-correlation values 

with R > 0.7, ranked based on their correlation coefficient 𝑅𝑥𝑦[𝑘]. It quantifies the 

similarity between compound intensities in both datasets, while the best lag (𝑘) 
represents the shift in detection time between GC-MS and GC-MS/GC-FID. A lag 

of 0 indicates simultaneous detection, whereas positive or negative lag values 

suggest that one technique detected the compound earlier than the other. 

Table 3. Highest cross-correlation (R > 0.7) values and  

corresponding lag between GC-MS and GC-MS/GC-FID compounds 

GC-MS compound 
GC-MS/ 

GC-FID 
Cross-Correlation Lag Interpretation 

C4 Cb 0.767 4 
Cb detects earlier by 4 

steps 

C4 Ce 0.767 -6 
C4 detects earlier by 6 

steps 

C3 Ce 0.763 0 Detected at the same time 

C3 Cb 0.756 9 
Cb detects earlier by 9 

steps 

C3 Ca 0.749 0 Detected at the same time 

C4 Ca 0.741 0 Detected at the same time 

C3 Cf 0.735 0 Detected at the same time 

C4 Cf 0.734 0 Detected at the same time 

From Table 3, C4 exhibited the highest correlation with two GC-MS/GC-FID 

compounds, Cb and Ce, both with R = 0.767. However, their retention time 

alignment varied, with Cb detected 4 steps earlier (lag = 4) and Ce detected 6 steps 

later (lag = -6), indicating a strong correlation but with minor retention time shifts 

across techniques. Similarly, C3 vs. Ce demonstrated a strong correlation (R = 

0.763) with a lag of 0, suggesting a perfect alignment between GC-MS and GC-

MS/GC-FID detection.  

Additionally, C3 vs. Cb showed a slightly lower but still strong correlation (R 

= 0.756) with a lag of 9, indicating that Cb was detected significantly earlier in GC-

MS/GC-FID. Several other compound pairs, such as C3 vs. Ca (R = 0.749), C4 vs. 

Ca (R =  0.741), C3 vs. Cf (R = 0.735) and C4 vs. Cf (R = 0.734) also exhibited 
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high correlation values and demonstrated strong correlations with perfect alignment 

(lag = 0), suggesting their consistency across both techniques and indicating their 

potential role as marker compounds for agarwood oil classification. To further 

illustrate these findings, Fig. 5 presents the cross-correlation plots for the 

compound pairs with the highest correlation (R > 0.7). 

 
(a) C4 vs. Cb 

 
(b) C4 vs. Ce 

 
(c) C3 vs. Ce 

 
(d) C3 vs. Cb 

 
(e) C3 vs. Ca 

(f) C4 vs. Ca 

 
(g) C3 vs. Cf 

 
(h) C4 vs. Cf 

Fig. 5. Cross-correlation plots for compound  

pairs with  the highest correlation (R > 0.7). 

In addition to the highest correlation values (R > 0.7), 13 compound pairs 

exhibited moderately high correlations within the range of 0.6 ≤ R ≤ 0.7, as shown 

in Table 4. These results indicate strong detection alignment between GC-MS and 

GC-MS/GC-FID, though with slightly greater variations in retention time 

synchronization compared to the highest correlation group. 

Several compounds in this category demonstrate near-perfect alignment (lag = 

0), suggesting that they are consistently detected by both techniques at the same 

time, reinforcing their reliability as potential marker compounds for agarwood oil 

classification. Examples include C3 vs. Cd (R = 0.690), C3 vs. Cc (R = 0.663), C2 

vs. Ce (R = 0.659), C2 vs. Cf (R = 0.636) and C2 vs. Ca (R = 0.612). These pairs 

exhibit detection consistency, further validating the compatibility between the two 

analytical methods. 
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Table 4. High moderate cross-correlation (0.6 ≤ R ≤ 0.7) values and 

corresponding lag between GC-MS and GC-MS/GC-FID compounds. 

GC-MS compound GC-MS/ GC-FID Cross-Correlation Lag Interpretation 

C4 Cd 0.693 -6 C4 detects earlier by 6 steps 

C3 Cd 0.690 0 Detected at the same time 

C1 Ce 0.676 -3 C1 detects earlier by 3 steps 

C3 Cc 0.663 0 Detected at the same time 

C1 Cb 0.659 7 Cb detects earlier by 7 steps 

C2 Ce 0.659 0 Detected at the same time 

C4 Cc 0.652 -5 C4 detects earlier by 5 steps 

C2 Cb 0.645 10 Cb detects earlier by 10 steps 

C2 Cf 0.636 0 Detected at the same time 

C1 Cf 0.628 -4 C1 detects earlier by 4 steps 

C1 Ca 0.617 -2 C1 detects earlier by 2 steps 

C2 Ca 0.612 0 Detected at the same time 

C1 Cd 0.606 -3 C1 detects earlier by 3 steps 

For compounds with positive or negative lag values, the detection shifts may be 

attributed to instrumentation sensitivity, chromatographic separation differences or 

sample preparation factors. Notable examples of positive lag values include C1 vs. 

Cb (R = 0.659, lag = 7) and C2 vs. Cb (R = 0.645, lag = 10), indicating that the GC-

MS/GC-FID detection occurred earlier than GC-MS. Conversely, negative lag 

values were observed in C4 vs. Cd (R = 0.693, lag = -6), C1 vs. Ce (R = 0.676, lag 

= -3), C4 vs. Cc (R = 0.652, lag = -5), C1 vs. Cf (R = 0.628, lag = -4), C1 vs. Ca 

(R = 0.617, lag = -2) and C1 vs. Cd (R = 0.606, lag = -3), where GC-MS detection 

occurred earlier. These findings suggest moderate correlation with slight retention 

shifts, highlighting variations in how these compounds are detected across the two 

analytical methods. To complement the tabulated results, Fig. 6 displays the cross-

correlation plots for selected compound pairs within the high moderate correlation 

range (0.6 ≤ R ≤ 0.7). 

(a) C4 vs. Cd 
 

(b) C3 vs. Cd 
 

(c) C1 vs. Ce 

 
(d) C3 vs. Cc 

 
(e) C1 vs. Cb 

 
(f) C2 vs. Ce 
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(g) C4 vs. Cc 

 
(h) C2 vs. Cb 

 
(i) C2 vs. Cf 

 
(j) C1 vs. Cf 

 
(k) C1 vs. Ca 

 
(l) C2 vs. Ca 

 
(m) C1 vs. Cd 

Fig. 6. Cross-correlation plots for high | 

moderate compound pairs (0.6 ≤ R ≤ 0.7). 

Figure 7 illustrates three representative cross-correlation plots, showcasing 

different levels of correlation strength which are high, moderate and low 

correlations between GC-MS and GC-MS coupled with GC-FID compounds. 

These plots provide insight into how compound intensities align across the two 

analytical techniques and how retention time shifts influence correlation values. 

 

(a) 

 

(b) 

 

(c) 

Fig. 7. Representative cross-correlation plots showing the relationship 

between GC-MS and GC-MS coupled with GC-FID Compounds. (a) High 

correlation: Strong alignment with minimal lag, (b) Moderate correlation: 

Partial alignment with slight variations, (c) Low correlation: Weak 

alignment with inconsistent detection patterns. 

As shown in Fig. 7(a), the cross-correlation plot for C4 vs. Ce exhibits the 

highest correlation (R=0.767), with a lag of -6. This strong correlation suggests that 
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γ-eudesmol is consistently detected across both GC-MS and GC-MS/GC-FID, with 

only a minor retention time shift. The negative lag value indicates that C4 (γ-

eudesmol in GC-MS) appears slightly earlier than Ce (γ-eudesmol in GC-MS/GC-

FID), which may be attributed to differences in column polarity, instrumental 

settings, or slight variations in peak detection. 

The cross-correlation plot displays a well-defined peak, confirming that the 

signal patterns are highly similar despite the time shift. This result suggests that γ-

eudesmol is a reliable marker compound for agarwood oil characterization, as it 

maintains its presence across different chromatographic techniques. Figure 7(b) 

shows the cross-correlation plot for C2 vs. Ce (R=0.659, lag = 0) represents a 

moderate correlation, indicating that while these compounds show a reasonable 

level of similarity, they are not as strongly aligned as highly correlated pairs. The 

lag of 0 suggests that both compounds are detected at the same time across GC-MS 

and GC-FID, meaning no significant retention time shift is observed. 

However, the peak alignment in the cross-correlation function is broader and 

less defined than in the high-correlation case, implying that variations in peak 

intensity and shape may have contributed to a slightly lower correlation coefficient. 

This result suggests that while α-agarofuran and γ-eudesmol exhibit some degree 

of similarity in their detection patterns, their classification potential may require 

further investigation. Additional factors such as compound volatility, co-elution 

effects or minor instrumental fluctuations may influence the correlation strength. 

The cross-correlation plot for C5 vs. Cc (R= 0.289) illustrated in Fig. 7(c) shows 

a low correlation case, where the compound intensities exhibit significant 

inconsistencies between GC-MS and GC-MS/GC-FID. The low correlation 

coefficient suggests that these compounds are not strongly aligned, meaning their 

detection patterns differ across the two techniques. The plot exhibits a scattered and 

less pronounced peak, indicating weak similarity between the two signals. This 

could be due to multiple factors, such as variability in compound extraction 

efficiency, differences in detector response, or compound-specific interactions with 

the chromatographic column. The absence of a strong peak alignment suggests that 

C6 is not an ideal candidate for a marker compound, as its inconsistent detection 

and significant retention time shift reduce its reliability for classification. In 

contrast, Cc, while exhibiting a lower correlation, aligns better with other 

compounds and may still be reconsidered for further evaluation. 

This result reinforces the importance of excluding low-correlation compound 

pairs from further analysis, as they may introduce errors in quality grading and 

species differentiation. The findings highlight the necessity of using a correlation 

threshold (R>0.5) to ensure that only compounds with strong and meaningful 

relationships are considered in classification models. 

4.  Conclusion 

This study demonstrates the successful application of cross-correlation analysis to 

evaluate the alignment of agarwood oil compounds between GC-MS and GC-MS 

coupled with GC-FID techniques. By analysing 96 GC-MS samples and 120 GC-

MS/GC-FID samples, using peak area percentages (%) of seven GC-MS 

compounds (C1-C7) and six GC-MS/GC-FID compounds (Ca-Cf). The results 

indicate that C4 vs. Ce (γ-eudesmol vs. γ-eudesmol) and C4 vs. Cb (γ-eudesmol vs. 

dihyro-β-agarofuran) exhibited the highest correlation (R=0.767), confirming 



2122       N. A. S. A. Sabri et al. 

 
 
Journal of Engineering Science and Technology      December 2025, Vol. 20(6) 

 

strong consistency across both analytical methods. Additionally, C3 vs. Ce (10-epi-

ϒ-eudesmol vs. γ-eudesmol) demonstrated a strong correlation (R=0.763, lag = 0), 

indicating perfect alignment between GC-MS and GC-MS/GC-FID detection. 

The heatmap visualization revealed distinct correlation patterns, with C3 (10-

epi-γ-eudesmol) and C4 (γ-eudesmol) consistently showing high correlations 

across multiple compound pairs, while C1 (β-agarofuran) and C2 (α-agarofuran) 

exhibited moderate correlations, and C5 (longifolol), C6 (hexadecanol) and C7 

(eudesmol) displayed weaker alignment. The application of a correlation threshold 

of R>0.5 and lag within ±6, ensured the selection of well-aligned compounds 

reinforcing the robustness of the findings. 

Cross-correlation plots further reinforced these findings. Highly correlated 

compounds with minimal lag shifts, such as C4 vs. Ce and C3 vs. Ce, were 

identified as the most reliable marker compounds for agarwood oil classification. 

In contrast, C6 vs. Cc exhibited poor alignment (R=0.289, lag=15), suggesting poor 

alignment and inconsistent detection across both techniques. However, Cc, despite 

having a lower correlation value, demonstrated stable alignment with other 

compounds, suggesting potential for further validation. 

These findings underscore the effectiveness of cross-correlation analysis in 

identifying reliable chemical markers for agarwood oil quality classification. The 

identification of γ-eudesmol and 10-epi-γ-eudesmol as the most consistently 

detected compounds provides valuable insights for essential oil authentication. 

Future research should explore advanced retention time alignment techniques to 

further refine compound correlation accuracy across different analytical platforms. 

Incorporating machine learning models and expanding the dataset with more 

species and extraction methods can further enhance classification robustness. These 

strategies would improve the analytical reliability of agarwood oil assessment and 

support standardized grading for industrial and regulatory applications.  

While this study prioritized a focused subset of compounds to ensure analytical 

consistency and interpretability, it is acknowledged that the limited number of 

chemical markers may constrain the generalizability of the findings. Given the 

inherent chemical complexity of agarwood oil, which varies across species, 

environmental factors and extraction techniques, future work will aim to 

incorporate a broader range of compounds and more diverse sample sources. This 

expansion will be critical for validating the proposed approach and enhancing its 

applicability to large-scale essential oil authentication and classification systems. 
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