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Abstract

Patchouli oil (Pogostemon Cablin) is an essential oil primarily used as a fixative ingredient in the perfumery and cosmetic
industries. The major component, patchouli alcohol (PA), is recognized as a key quality parameter, with higher contents being
desirable. However, the conventional method for quantifying PA, namely gas chromatography-mass spectrometry (GC-MS), is
relatively expensive, time-consuming, and destructive. Therefore, this study aimed to explore near-infrared (NIR) spectroscopy
combined with multivariate and machine learning algorithms, including partial least squares regression (PLSR), support vector
regression (SVR), and a hybrid method, partial least squares-support vector regression (PLS-SVR). The optimum results were
obtained using the PLS-SVR approach in combination with Savitzky-Golay 2nd derivative (SG 2nd ) preprocessing, achieving
RZC =0.9182, RMSEC = 2.1344, RZCV =0.9124, RMSECV =2.2085, Rzp =0.9317, RMSEP =2.2095, and RPD = 3.849. In conclusion,
NIR spectroscopy, in combination with the hybrid PLS-SVR method, could be used as a rapid, simple, low-cost alternative
method for estimating PA content in patchouli oil.

1. Introduction

Patchouli oil (Pogostemon Cablin) is widely recognized as a fixative ingredient in many products, especially in perfume and
skincare products. The blending of patchouli oil with other essential oil provides a strong base and long-lasting fragrance due
to the slow evaporation rate, leading to high scent tenacity [1]. Patchouli oil is also popular due to the therapeutic properties,
including antibacterial, antidepressant, anti-inflammatory, anti-allergy, and antinociceptive [2, 3, 4, 5]. The major constituent is
patchouli alcohol (PA), which is responsible for the unique aroma [6]. In addition, the quality of patchouli oil is commonly
determined by PA concentration. The higher the concentration of PA, the greater the quality of patchouli oil. PA content depends
on several factors, including harvested time, cultivated location, and production method [7].

The most frequently used methods for chemical composition analysis of patchouli oil are gas chromatography (GC) coupled
with mass spectrometry (MS). However, GC-MS is often considered to be time-consuming, relatively expensive, destructive, and
requires skilled operators. Consequently, near-infrared spectroscopy (NIR) has the potential to be an alternative analytical
method for obtaining chemical and physical properties of a sample [8]. This method is quick, non-destructive, low-cost, easy to
operate, and requires minimal or no sample preparation [9, 10]. NIR absorption bands are in the range between 780-2500 nm
and originate from overtones and combinations of hydrogen functional groups, including C = H,N = H,and O — H [11]. PA
(C45H4960) is a part of the sesquiterpene group containing hydrogen bonds. Therefore, NIR spectroscopy application is probably
suitable for the analysis.

Based on previous studies, NIR was found useful for quantitative and qualitative analysis of essential oil. In quantitative
analysis, this method demonstrated significant potential in predicting the yield of essential oil directly from the sources [12, 13]
and quantifying the major compounds [14, 15, 16, 17, 18]. For qualitative purposes, NIR is capable of differentiating between
pure and adulterated essential oil [19, 20, 21] and for chemotype determination [14, 22]. Moreover, NIR spectrum is associated
with chemical constituents in organic materials as the molecules are rich in hydrogen-bearing groups. This information is
foundational for quantitative and qualitative analysis using NIR spectroscopy [11].

NIR information is difficult to interpret due to the large amount of data and the presence of many overlapping peaks, causing
broad bands [23]. To address this problem, chemometrics have been developed to extract relevant information between NIR
spectral information and the chemical composition of samples [24]. By using chemometrics, a calibration model was
established, and the sample analysis could be executed. Multivariate data analysis, as a part of chemometrics, is used to
interpret NIR spectral information, both for quantitative and qualitative analysis. It includes principal component analysis (PCA),
soft independent modelling of class analogy (SIMCA), partial least squares regression (PLSR), multiple linear regression (MLR),
principal component regression (PCR), and linear discriminant analysis (LDA) [25]. Currently, machine learning algorithms are
also used to extract NIR information, such as support vector machine/regression (SVM/SVR), and multilayer perceptron (MLP)
[22, 26].
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In the context of quantitative analysis, regression methods such as PCR, MLR, and PLSR are commonly applied to build a
calibration model on NIR data. Among these methods, PLSR is the most frequently used due to simplicity, speed, and strong
performance. However, this method only deals with linear relationships. Consequently, machine learning algorithms that work
with nonlinear relationships, such as support vector regression (SVR), have been implemented in many cases of NIR
spectroscopy analysis. Studies on the prediction of volatile oil components in Mentha haplocalyx powder showed that SVR
outperformed PLSR, achieving higher coefficients of determination (R? > 0.9) and lower prediction errors [27]. Detection of
cyclic adenosine monophosphate content from red jujube was successfully predicted by SVR, providing better results than
PLSR [28]. In another study, SVR showed more favorable results in NIR prediction of ascorbic acid and titratable acidity of
acerola fruit [29].

Based on the discussion above, this study aims to develop a rapid and non-destructive method for PA determination in
patchouli oil using NIR spectroscopy. Although several works have explored the quantification of PA using NIR [30, 31, 32], none
have performed a nonlinear regression method for model development. Therefore, in this study, both linear and nonlinear
regression approaches—represented by PLS and SVR, respectively, were used to build NIR prediction model of PA. A hybrid
method of PLS-SVR was also investigated, in which dimensionality reduction was performed first using PLS, followed by
regression using SVR. The combination of NIR spectroscopy with linear and nonlinear regression models was developed to
achieve robust models, thereby benefiting the evaluation of patchouli oil quality.

2. Material and Method
2.1 Patchouli oil samples and reference analysis

A total of 75 samples of patchouli oil were obtained from different suppliers and locations in Indonesia. The majority were
sourced from the biggest producers of patchouli oil; Sumatera, Java, and Sulawesi, then the rest were from Nusa Tenggara,
Maluku, and Papua. To expand the range of concentration of PA, twenty-five samples were prepared by spiking patchouli oil
with a lower PA concentration with patchouli oil containing a higher PA content. All samples were stored in amber glass bottles
to protect from the light.

As the reference values of PA quantification, gas chromatography coupled with mass spectrometer (GC-MS) analysis was
carried out using 7890 GC with auto sampler and 5975 mass selective detector (Agilent Technologies). The experimental
conditions included the following oven temperature program: initial temperature at 60°C and held for 0 minute, increased at
2°C/min to 150°C and held for 1 minute, then raised to 20°C/min to 210°C, where it was held for 10 minutes. The injector
temperature (split ratio 250) was set to 250°C, and helium was used as the carrier gas at a flow rate of 0.6 mL/min.

2.2 NIR spectroscopy measurements

The spectra of each sample of patchouli oil were recorded from 1000-2500 nm using FT-NIR N-500 Fiber Optic Solid with
Transreflectance Adapter (Buchi, Switzerland). About 5 millilitres of patchouli oil were placed in the beaker, and the
transreflectance head was put into it to collect NIR spectrum. The transreflectance mode was applied as the sampling method.
Three times scanning was carried out for each sample, hence, 300 spectra were acquired (100 samples x 3 scans). The spectra
of each sample were not averaged to determine the reproducibility of NIR spectroscopy method [21].

2.3 Data analysis
2.3.1 Spectral preprocessing

Before the spectral preprocessing, patchouli oil samples were divided into a calibration set (70% of samples) and prediction set

(30% samples). As each sample was scanned three times, it is essential to ensure that all replicates of a single sample remain

on the same data partition (either calibration or prediction) to avoid data leakage. Each of spectra dataset then were

preprocessed, as raw spectra typically contain noise, baseline drift, background effects, and stray light interference [24] that

could lead to inaccurate predictions. Various preprocessing methods, such as Savitzky-Golay (SG) polynomial derivatives (1st

and 2nd derivative), Autoscale, Standard Normal Variate (SNV), and Multiplicative Scatter Correction (MSC) were performed
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before regression modelling. SNV and MSC is used to minimize the physical variability between samples due to scattering
effects caused by dispersion, particle size, and the difference in signal intensity [33, 25]. The 1st derivative SG (SG 1st ) is
capable of removing baseline from spectra, while 2nd derivative SG (SG 2nd ) can remove baseline and linear trend [33]. In this
study, both SG 1st and SG 2nd incorporated a smoothing process in the calculation and used 15 points of window length with a
polynomial order of 2.

Outlier detection was performed using PCA in combination with Hotelling T2 ellipse after each preprocessing only in calibration
set. Preprocessed spectra of patchouli oil were projected into PCA map, then Hotelling T2 ellipse (confidence level at 95%) was
adopted onto this PCA projection [34]. Samples found outside the ellipse confidence limit were identified as the outliers and
were removed before calibration to increase model robustness.

2.3.3 Regression tools

PLSR, SVR, and PLS-SVR algorithms were applied to investigate the correlation between NIR spectra and PA concentration. The
number of latent variables (LVs) in PLSR model was optimized using GridSearchCV procedure from Sckit-learn library (Python),
with the range of 1 to 5 LVs. The same procedure was used to determine the optimal hyperparameters for SVR, including C as
the cost of constraints violation (0.1, 1, 5, 10, 20, 25, 50), epsilon (g) representing the margin of tolerance (0.1, 0.25, 0.50, 0.75,
0.9), and gamma (y ) parameter (0.0001, 0.001, 0.01, 0.1, ‘scal€’). A radial basis function (RBF) kernel was selected for SVR, as
it typically provides better performance than other kernels (linear, polynomial, and sigmoid) [27] and can handle non-linear
cases. Ten-fold cross-validation was applied to all models, facilitating the assessment of predictive ability using an internal
validation procedure. This step was performed by dividing the calibration set into 10 subsets and consecutively excluding each
group, fitting a model, and assessing model predictions of the excluded samples.

In the case of the PLS-SVR method, dimensionality reduction was first conducted using PLS to transform the high-dimensional
spectra into a reduced set of latent variables (LVs), with the number of LVs adjusted from 1 to 5, as in PLSR. The resulting latent
variables were then used as inputs for the SVR model, following the same hyperparameter optimization strategy as applied to
SVR alone. Summary of NIR data analysis is presented in Fig. 1.

2.3.4 Model evaluation

The performance of models was evaluated using statistical terms, such as correlation coefficient of calibration (R.2), root
mean squared error of calibration (RMSEC), correlation coefficient of prediction (Rp?), root mean squared error of prediction
(RMSEP), correlation coefficient of cross-validation (R¢y?), root mean squared error of cross-validation (RMSECV), and residual

predictive deviation (RPD) of prediction set. The R? values for each dataset must be close to 1 with low RMSE values to obtain a
robust model. RPD is defined as the ratio between the standard deviation of PA concentration on the prediction set and the
RMSECV. A model with RPD value higher than 2.5 indicates strong predictive ability, while a value ranging from 2-2.5 and 1.5-2
represents good and moderate predictive performance, respectively. RPD value below 1.5 demonstrates poor accuracy and is
insufficient for practical application [35].

2.3.5 Software for NIR data analysis

NIR data analysis was conducted in Python 3.12.4 coding language by Jupyter Notebook in an Anaconda environment. The
codes use a library from Scikit-learn and numerical SciPy, NumPy, and Pandas.

3. Results and discussion

3.1 Reference data analysis

The concentration of PA on patchouli oil samples determined by GC-MS analysis had values in the range of 5.22-58.20%.
Table 1 shows that the differences in mean and standard deviation between the full dataset, calibration, and prediction set on
PA content were not statistically significant. These results show that the NIR data splitting into calibration and prediction sets
was reasonable and reliable for further analysis [36].
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Table 1
Descriptive statistics for patchouli alcohol prediction on patchouli oil

Dataset groups Sample number Maximum (%) Minimum (%) Mean (%) Standard deviation

Full dataset 100 58.2 5.22 26.56% 8.53%
Calibration set 70 58.2 5.22 26.85% 8.54%
Prediction set 30 39.41 6.13 25.88% 8.50%

3.2 NIR spectral features

The NIR spectra of patchouli oil raw data are shown in Fig. 2. The absorption peaks of the spectrum are observed in several
regions, with the most intense peaks found in the range of 2300-2500 nm. Other peaks were also observed in 1195, 1415,
1637,1708-1715,1752, 2045-2170 nm. The band at around 1195 nm corresponds to C-H second overtone[37] while the peak
at around 1415 could be associated with the O-H stretch first overtone [38, 20]. The bands between 1610-1752 nm were
probably due to C-H first overtone [39] [37]. The region of 2045-2170 and 2300-2500 might be related to O-H and C-H
combination bands, respectively [39, 40, 38]. Due to the many overlapping bands found in these spectra, quantitative analysis is
complex to investigate by direct interpretation. Therefore, multivariate analysis was conducted to predict PA content from NIR
spectral characteristics.

3.3 Spectral preprocessing result

Five preprocessing techniques were applied, followed by outlier detection using Hotelling T? (significance level a = 0.05). The
visualization of NIR spectra after preprocessing —autoscaling, SG 1st, SG 2nd, SNV and MSC— and outlier removal are shown in
Fig. 3. The original data shows notable amplitude variation in the region above 2200 nm. The SG 1st and SG 2nd treatments
flattened the baseline to zero, with the SG 2nd revealing sharper absorption peaks. SNV and MSC preserved the spectral shape,
with SNV rescaled the spectra absorbance unit into 5, while MSC mantained in the original scale. Compared to the original
spectra, SNV and MSC brought the spectra visually close together, particularly above 2200 nm. In contrast, autoscaling
exhibited chaotic spectral features.

The outlier classification results for each method were also slightly different. A summary of outlier removal process is
presented in Table 2. Notably, the outlier detection was exclusively performed for calibration set to enhance model robustness.

The summary of outlier detection Zib(lglizbration set for each preprocessing
method
Preprocessing Initial spectra Outlier detected Final spectra
(3 times scan/samples)
None 300 25 275
Autoscale 300 25 275
SG 1st 300 27 273
SG 2nd 300 27 273
SNV 300 19 281
MSC 300 19 281

As shown in Table 2, the SG 1st and SG 2nd derivative technique detected a higher number of outliers compared to the other
preprocessing methods, whereas MSC and SNV resulted in fewer outliers. However, the quantity of outliers cannot be used to
judge whether a method is suitable. These outlier variations can be attributed to the distinct mathematical operations of each
preprocessing techniques.
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3.4 Model evaluation using PLSR, SVR, and PLS-SVR

This section presents the results of NIR spectroscopy modeling using three different regression methods, namely PLSR, SVR,
and PLS-SVR, under various preprocessing methods. The models were evaluated based on the performance metrics (R% RMSE,
and RPD) on calibration, cross-validation, and prediction datasets, to determine the most accurate method for predicting PA
content on patchouli oil. Several pre-processing data (SNV, SG 1st, SG 2nd, MC, and the combination) were applied into NIR
spectral to remove undesired information, commonly through noise and scattering effects removal, baseline correction, and
other physical phenomena during measurement before building calibration models. Due to the independent outlier removal
applied to each preprocessed dataset, the final number of spectra used for calibration (N) slightly varied between models.

3.4.1 PLSR Model Results

In this study, the number of latent variables (LVs) for all PLSR models was set in the range of 1-5, as LVs are a critical
parameter in PLS that directly affect model accuracy. An insufficient number of LVs can eliminate the useful information from
the original data, leading to reduced model predictive ability, while excessive LVs may incorporate irrelevant noises, resulting in
an overfitting model [41]. Therefore, finding the optimum number of LVs is a critical step in PLSR. The GridSearchCV procedure
implemented in Python was used to calculate the optimal number of LVs by minimizing the RMSE in cross-validation.

Table 3 shows the performance of PLSR models. Compared to the original data, preprocessing of NIR data by SG 1st and SG
2nd methods slightly enhanced the model performances of PLSR, with almost all R? exceeding 0.85 (except R%c for SG 1st )
and for RMSE less than less than 3.2. across all datasets. The best model of PLSR was obtained by applying SG 2nd, which
produced the lowest values of RMSEP, as well as the highest values of R?; and RPD. The R%; and R?; values were close to 0.9,
and the value of RPD was higher than 3, indicating that the model has excellent predictive accuracy and robustness [24].
Although SG 1st model showed a higher R?C value, the SG 2nd model provided better prediction performance, as indicated by
higher R?P and lower RMSEP. Second derivative preprocessing method eliminates baseline and linear trend, while also
smoothing the NIR spectrum to minimize reduction of signal-to-noise ratio [33]. Furthermore, PLSR with autoscaling exhibited
identical performance to model without preprocessing. This is expected, as the PLSRegression library in Python performs
autoscaling by default during its operation. Scattering plots between predicted and measured PA using the best PLSR models
are shown in Fig. 4.

Statistical evaluation of the regression mTc?;(l(Ias?:‘or PA content determination using PLSR
Preprocessing N LVs Calibration Cross-validation Prediction RPD
R2, RMSEC(%) R%y RMSECV(%) RZ, RMSEP(%)
None 275 5 0.8260 3.0546 0.7945 3.319 0.8521 3.2513 2.616
Autoscale 275 5 0.8260 3.0546 0.7945 3.319 0.8521 3.2513 2.616
SG st 273 4 09113 2.1775 0.8394 2.9294 0.8628 3.1318 2.715
SG 2nd 273 3 0.8995 2.3652 0.8571 2.8203 0.8965 2.7206 3.126
SNV 281 3 0.7425 3.9268 0.7025 4.2204 0.659 49374 1.722
MSC 281 3 0.7431 3.9214 0.7031 4.2161 0.6563  4.9571 1.716

N = number of spectra in calibration dataset after outlier removal

Interestingly, the application of standard normal variate (SNV) and multiplicative scatter correction (MSC), resulted in less
satisfactory performance for the NIR spectra of patchouli oil. The R? and RMSE values for calibration and prediction of both
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models were approximately 0.66—0.74 and 3.93-4.94, respectively, with an RPD less than 2, which is insufficient for model
applications. Moreover, these results were also inferior compared to that of non-preprocessed spectra.

This implies that some valuable information related to the properties of interest may have been removed during preprocessing
using SNV and MSC. SNV and MSC belong to the group of scatter-correction methods, which are developed to minimize the
physical variability between samples due to light scattering [33]. Typically, light scattering occurs in powder materials, while in
pure liquids, such as patchouli oil, it is minimized. Consequently, SNV and MSC failed to improve the PA prediction models. The
result is consistent with previous studies in NIR analysis, showing that NIR preprocessing method could sometimes lead to
poorer model performance compared to the original spectra [42, 43]. In some cases, the scattering information may include
crucial details and the removal can adversely affect model accuracy. Furthermore, a multiplicative effect may also be present,
making modelling more challenging [43]. Another study have reported that MSC may eliminate information correlated to the
target quantification (y) from the spectral signal (X), thereby leading to innacurate model prediction [44].

In the case of patchouli oil, previous studies have also applied NIR spectroscopy and PLSR to quantify PA content, albeit with a
smaller sample sizes and narrower concentration ranges. For instance, [30] reported that PA models had R? of 0.74, RMSEC of
4.162, RMSEP of 4.666, and an RPD of 1.8 using PLSR. A better result was obtained by [31], which reported R?, RMSEC, and RPD
values of 0.8852, 3.847, and 3.02, respectively. Compared to these studies, the current work presents a notable improvement in
PA prediction accuracy.

Furthermore, a recent investigation[32] reported that PA yielding r values between 0.910 and 0.980, with SEC, SEP, and RPD
values ranging from 0.658% to 0.908%, 0.759% to 0.920%, and 2.43 to 5.04, respectively. While that study reported excellent
statistical parameters, their model was developed using a narrower concentration (24-34%) from only 8 provinces in Indonesia.
In contrast, the present study XXXtilizes broader range of PA concentration ( 5-58%) with samples obtained from more diverse
regions across Indonesia. Despite the complexity of the dataset, this work demonstrates high model robustness, achieving an
R? for prediction of 0.8965 with RMSEC and RMSEP values less than 3 and RPD of 3.126. These results suggest that the current
model may be more suited for industrial applications.

3.4.2 SVR model results

Support vector regression (SVR) is the extended version of the machine learning application support vector machine (SVM),
usually applied for quantitative analysis in various subjects. A comprehensive explanation of SVM and SVR has been published
in previous studies [45, 46]. In SVM, the core concept is the construction of an optimal hyperplane that separates data in a high-
dimensional feature space using kernel functions. The optimal hyperplane is defined by maximizing the margin, that is, the
distance between the hyperplane and the nearest data points (support vectors) [47]. Numerous studies have used NIR
spectroscopy with SVR to perform multivariate calibration due to the ability to handle non-linear problems. The accuracy of SVR
model is based on the selection of hyperparameters, cost (C), epsilon (€), and kernel parameter (gamma (7)) [48]. The C
parameter acts as penalty control for any cases that are outside of the regression tolerance margin (set based on €). A high
value of C indicates cases outside of the tolerance margin are severely penalized, decreasing the training bias, making it
potentially overfit. Meanwhile, low value may lead to a greater training bias, producing an underfitted model [26, 48]. E is
tolerance margin where no penalty given when the training cases in the regression do not fall more from the hyperplane and
within € value. A higher value of € will probably produce high error and an underfitted model, while an extremely low value may
result in an overfitted model [26].

In contrast to PLSR, SVR models used full spectrum without dimensionality reduction. As presented in Table 4, the SG 1st
preprocessing with SVR produced the highest prediction performance, with an R%, of 0.8518, RPD values of 2.612, and the
lowest RMSEP of 3.2554, indicating acceptable model performance. Furthermore, calibration and cross-validation results
supported this performance, with RZC =0.8763, RMSEC = 2.571, RZCV=O.8243, RMSECV = 3.064, suggesting good generalization

ability and a minimal risk of overfitting, shown by a small gap between RZC and Rzp.

The optimal combination of SVR hyperparameters (C, v, and € ) was determined using GridSearchCV. As shown in Table 3, all
data preprocessed were best fitted with -y value of 0.001, while the optimal values of C and € values varied depending on the
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preprocessing method. Scatter plots between predicted and actual reference using the best models of SVR with SG 1st
preprocessing method are presented in Fig. 5.

Table 4
Statistical evaluation of the regression models for PA content determination using SVR
Preprocessing N Hyperparameter Calibration Cross-validation Prediction RPD
€ 2 RMSEC 2 RMSECV 2 RMSEP
\varvecy R% Ry R%,
None 275 0.1 50 0.75 0.7704 3.5084 0.7438 3.7061 0.8106 3.6800  2.311
Autoscale 275 0.0001 20 0.75 0.8459 28746 0.8003 3.2721 0.8435 3.3452 2542
SG 1st 273  0.0001 10 0.1 0.8763  2.571 0.8243 3.064 0.8518 3.2554 2612
SG 2nd 273 0.0001 25 0.1 0.9453 1.7453  0.8939 2.4305 0.8137  3.6491 2.331
SNV 281  0.0001 50 0.1 0.8775 2.7087 0.8152 3.3259 0.7765 3.9969 2.128
MSC 281  0.0001 50 0.1 0.8773 2.71 0.8158 3.3211 0.7829 3.9399 2.159

N = number of spectra in calibration dataset after outlier removal

Similar to the PLSR method, SNV and MSC preprocessing also produced less satisfactory results using SVR approach, as
indicated by the lowest R%, values (< 0.8) and RPD values (2.128). Furthermore, the SNV and MSC-based model exhibited
overfitting, evidenced by a notable gap between RZC and R2p (>0.1). These results strongly support the earlier observation in the

PLSR section that SNV and MSC may eliminate substansial chemical information relevant to the prediction of PA in patchouli
oil, even when dimensionality reduction is not applied and a non-linear method, such as SVR, is used.

Regression of NIR spectra using SVR tends to produce overfitted model for SG 2nd, SNV, and MSC preprocessing methods, as
reflected in the noticeable gaps between their Rzp and RZC values. The most remarkable gap was found on NIR spectra

preprocessed with SG 2nd which had a gap above 0.1. Generally, R% has higher values than R%p, but when the gap between R%;
and R2P is too large, it indicates that the model fits the calibration dataset well, but fails to generalize to the new data

(prediction dataset) [49]. Overfitting the model in SVR may be attributed to improper selection of the hyperparameters (C, 7,
and €). In this case, the selected SVR hyperparameters may be unsuitable for NIR spectra preprocessed using the SG 2nd, SNV,
and MSC in PA prediction.

Compared to the best model in PLSR (SG 2nd ), the SVR model (SG 1st ) produced a lower model performance, characterized
by lower R2 values across all datasets, as well as lower RPD, and higher RMSE values. Despite this, this model also did not
result overfit models because the difference values between R?. and R%, were relatively close. A similar trend was observed in
the rapid quantification of total volatile basic nitrogen (TVB-N) content in beef and pork; there, NIR combined with PLSR
provided superior performance (RZC =0.9858, RMSEC =1.41, R2p=0.9366, RMSEP = 3.15) compared to full-spectrum SVR (RZC =
0.9846, RMSEC =1.58, R2P=0.831 4, RMSEP = 4.61) [50]. Another study investigating the prediction of cellulose, hemicellulose
and lignin content in crop straws similarly found that the full-spectrum was inferior to PLSR for all three components, as

indicated by its lower R2P values and RPD, and higher RMSEP [51]. Additionally, the full spectrum of SVR models also exhibited
relatively worse performances compared to PLSR in predicting soluble solid content in citrus fruit, although the differences
between the two methods were not statistically significant [52].

3.4.3 PLS-SVR model results

PLS-SVR combines PLS for dimensionality reduction with SVR as a nonlinear regressor. Dimensionality reduction aims to
improve model accuracy by removing redundant features, irrelevant information, and noise associated with the target variable
[53]. Additionally, this step also enables faster computational processing. In this method, PLS replaces the original with a few
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latent variables (LVs) [54]. PLS dimensionality reduction result was used as the input for SVR. The LVs number applied in SVR
was similar to those used in PLSR. The results of PLS-SVR method for PA prediction using NIR spectroscopy are shown in
Table 5. Additionally, the graphics depicting the relationship between predicted and actual reference of PA content using the
best models NIR by PLS-SVR with SG 2nd preprocessing methods are shown in Fig. 6.

Table 5
Statistical evaluation of the regression models for PA content determination using PLS-SVR
Preprocessing N Hyperparameter Calibration Cross-validation Prediction RPD
€ 2 RMSEC 2 RMSECV 2 RMSEP
\varvecry R% R%cy RZ,
None 275 0.0001 10 0.75 0.8007 3.2685 0.7779 4.3508 0.7841 3.9287 2165
Autoscale 275 0.0001 10 0.75 0.8007 3.2685 0.7779 4.3508 0.7841 3.9287 2165
SG 1st 273 0.0001 50 0.5 0.9327 1.8959 0.9179 2.0949 0.8779 2.9542  2.879
SG 2nd 273  0.0001 50 0.25 009182 21344 09124 2.2085 0.9317 2.2095 3.849
SNV 281  0.0001 5 0.75 0.7223 4.0775 0.7046 4.2058 0.6419 5.0597  1.681
MSC 281  0.0001 5 0.9 0.7242 4.0632 0.7055 4.1989 0.6387 5.0825 1.152

N = number of spectra in calibration dataset after outlier removal

The best PLS-SVR (SG 2nd ) model resulted in better predictive performance, as evidenced by higher R?P (> 0.9) and RPD (> 3.5)
values, as well as lower RMSEP compared to the best PLSR and SVR models. Moreover, using this preprocessing technique, no
model overfitting was observed, as indicated by minimal discrepancy between R2C and R?P. This demonstrates that
preprocessing NIR spectra with SG 2nd, followed by PLS dimensionality reduction, effectively removed irrelevant features for PA
prediction. Furthermore, SVR model’s using RBF kernel succesfully captured the non-linear relationships from the PLS-reduced
data.

Similar to PLSR, the most accurate prediction of PLS-SVR model was obtained using NIR data preprocessed by SG 2nd, but with
addition of SVR tuning parameters of C = 50, € = 0.25, and -y =0.0001. Moreover, the effect of autoscaling did not result in any
difference compared to the original spectra, similar with PLSR result. This suggests that the default autoscaling in the Python
PLSRegression library is performed internally by PLS algorithm itself. Consequently, the model performances results for both
the original spectra and the autoscaled were identical.

The optimized PLS-SVR (SG 2nd ) has higher prediction accuracy over both the best PLSR (SG 2nd ) and the full-spectrum SVR
model (SG 1st). A significant improvement was observed in the RPD values, where PLS-SVR achieved a higher RPD (3.849)
compared to PLSR (3.126) and SVR (2.612). This indicates that combining PLS-based dimensionality reduction with nonlinear
SVR enhances the model performance at handling spectral data for PA prediction.

These results are in agreement with [27], who reported that volatile compounds in Mentha haplocalyx leaves could be predicted
significantly better using PLS-SVR (C = 31.6228, v =0.0031623, € =0.1) than PLSR based on NIR spectroscopy. The PLS-SVR
model achieved R? values greater than 0.9 for both calibration and prediction sets, along with low RMSEC and RMSEP values (<
0.1). In contrast, the PLSR model produced R? values between 0.8 and 0.9, with RMSEC and RMSEP values generally exceeding
0.1. Quantification of essential oil content in spearmint (Mentha spicata) leaves using NIR spectroscopy coupled with PLS-SVR
also demonstrated better predictive ability compared to PLSR and SVR [26].

The improved performance of the PLS-SVR models in predicting PA content after PLS-based dimensionality reduction in
patchouli oil may be attributed to several factors, including better handling of non-linearity relationship and/or the
characteristics of sample constituents [55]. In addition, the selection of RBF as a non-linear kernel plays an important role in
improving model performance. The choice of kernel is highly impactful on the execution of SVR. Several studies in NIR
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application coupled with SVR used RBF kernel due to the ability in reducing computing intricacy of the calibration set and the
excellent performance compared to others [27, 56]. In the context of essential oil authenticity, SVR was also used to estimate
adulterant levels. Using an RBF kernel, the detection of castor oil levels as an adulterant in sandalwood oil could be predicted

accurately (R%, = 0.9998 and RMSEP 0.00804) with C, -y, and € values of 31.6228, 0.001, and 0.01, respectively [22].

4. Conclusion

In conclusion, PA content from patchouli oil can be predicted using NIR spectroscopy coupled with multivariate and machine
learning methods. Among the various methods evaluated, including PLSR (linear regression), SVR (non-linear regression), and
PLS-SVR, the PLS-SVR model using SG 2nd derivative demonstrated the best predictive ability as evidenced by higher R? values
and lower error performance, particularly in the prediction set (R%» = 0.9317, RMSEP = 2.2095). RPD obtained from this method
was also satisfactory, as the values were close to four, indicating excellent model prediction. Furthermore, the sample size and
range of patchouli oil concentration used in this study were quite large, suggesting strong model generalization and has
potential for practical application.
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