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 Several factors, including drying duration, leaf maturity level, and drying 

temperature, can influence the catechin content of gambir herbal tea. Therefore, 

evaluating the quality of gambir herbal tea is essential. The commonly used 

method involves laboratory chemical analysis, which is destructive, generates 

chemical waste, and requires considerable time. The objective of this study was 

to develop an NIR model capable of rapidly, nondestructively, and 

environmentally friendly predicting the catechin content of gambir herbal tea. 

The reflectance of herbal tea samples was measured using a Büchi NIRFlex N500 

spectrophotometer over 1000–2500 nm. The catechin content was determined 

through chemical analysis using ethanol as the solvent. Spectral data were 

calibrated against the actual catechin values using Partial Least Squares (PLS) 

and Multiple Linear Regression (MLR) in The Unscrambler X software. The 

pretreatments applied included Standard Normal Variate (SNV), Multiplicative 

Scatter Correction (MSC), and Baseline correction. The best model was obtained 

using the MLR method combined with MSC pretreatment, yielding Rc² = 0.91, 

Rp² = 0.92, RMSEC = 1.78, RMSEP = 1.79, SEC = 1.69, SEP = 1.77, RPD = 

3.44, and RER = 10.77. The PLS model with Baseline pretreatment also produced 

reliable predictions with Rc² = 0.93, Rp² = 0.89, RMSEC = 1.50, RMSEP = 2.09, 

SEC = 1.52, SEP = 2.08, RPD = 3.00, and RER = 9.56. This study successfully 

developed an NIR model capable of predicting catechin content in gambir leaves 

herbal tea with strong predictive performance. 

Doi: https://doi.org/10.19028/jtep.014.1.64-80 

 

 

1. Introduction 

Gambir (Uncaria gambir Roxb.) is a plant from the Rubiaceae family that grows abundantly in 

Sumatra (Hayati et al., 2020). This plant is commonly used in traditional medicine for its antibacterial 

properties, as well as its antioxidant and antihyperlipidemic effects (Alegantina and Setyorini, 2017; 

Widiyarti et al., 2020). These therapeutic effects originate from various compounds contained in 

gambir, including catechins, tannins, quercetin, quinic acid, procyanidin dimers, and 
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proanthocyanidin dimers (Ismail et al., 2021). Gambir is typically produced by boiling its stems and 

leaves to extract the sap, which is then processed into powder and blocks (Yeni et al., 2014). These 

forms are utilized in the pharmaceutical, textile, and food industries. However, consumer preferences 

have shifted toward gambir tea, valued for its convenience and immediate enjoyment, with no need 

for complex preparation. 

Gambir leaves are used to make herbal tea, which is made from processed, dried gambir leaves 

and contains catechin as its main compound, a polyphenol derivative classified as a type of condensed 

tannin (Tavita et al., 2023). Catechins offer numerous benefits, including anti-inflammatory, anti-

carcinogenic, antioxidant, and antibacterial properties (Chen et al., 2016; Isemura, 2019). The quality 

of herbal tea is determined by its catechin content; higher levels indicate better quality and greater 

potential for success in international markets. Factors that influence catechin levels during the 

processing of gambir leaves include leaf maturity, drying time, and drying temperature. Therefore, 

evaluating the quality of gambir leaves herbal tea is essential to ensure that it meets consumer 

standards. 

Evaluating catechin content in gambir leaves herbal tea typically involves chemical laboratory 

analyses, such as HPLC, spectrophotometry, ethyl acetate extraction, and ethanol extraction. 

However, these processes are inefficient, require considerable effort and time, and generate hazardous 

chemical waste from solvent-contaminated samples (Widyaningrum et al., 2022). Therefore, a faster 

and waste-free method for determining catechin content is needed.  

Near-Infrared (NIR) spectroscopy uses electromagnetic waves with wavelengths ranging from 780 

to 2500 nm to analyze hydrogen (H) chemical bonds with other elements (X), including carbon (C), 

oxygen (O), and nitrogen (N). This technology offers rapid analysis (Zhang et al., 2023) while 

generating minimal hazardous chemical waste (Zou et al., 2022). Currently, NIR spectroscopy is 

applied in the agricultural, pharmaceutical, petrochemical, and textile sectors (Wang et al., 2023). NIR 

spectra consist of absorbance and reflectance data that provide information about the chemical bonds 

of the analyzed elements; however, these signals often overlap with those from other molecular bonds. 

Therefore, spectral data processing requires multivariate analytical methods capable of extracting 

relevant bond information associated with the target compounds, such as Partial Least Squares (PLS) 

and Multiple Linear Regression (MLR). 

Partial least squares (PLS) is a latent variable-based analytical method designed to model the 

relationship between a set of predictor or independent variables and a dependent variable. PLS is 

widely used in NIR spectral data processing because it can effectively handle multicollinearity and 

the high dimensionality of NIR datasets (Sousa and Åberg, 2018). The development of the NIR model 

for catechin content was previously conducted by Andasuryani et al. (2013), using PLS regression, 

and the resulting model had good predictive ability with a coefficient of determination (R2) of 0.871. 

Zhang et al. (2021) employed the PLS method to develop a predictive model for active compounds in 
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green tea, achieving an R² of 0.98. Similarly, Dong et al. (2017) applied PLS to predict catechins (0.909), 

theaflavins (0.891), and polyphenols (0.93) in black tea. Multiple linear regression (MLR) is an 

analytical technique used to examine the relationship between a dependent variable and multiple 

independent variables. MLR offers a more straightforward interpretative approach by enabling the 

selection of specific wavelengths as predictor variables (Beć et al., 2025). This characteristic contributes 

to the parsimony or computational simplicity of MLR models (Plonsky, 2017). The application of MLR 

to NIR spectral analysis was demonstrated by Firdaus et al. (2024), who used it to predict 

macronutrient content in paddy soils. Their results showed that the model successfully predicted 

nitrogen (N), phosphorus (P), and potassium (K) levels, with R² values of 0.86, 0.85, and 0.94, 

respectively. However, no studies have yet explored the use of NIR spectroscopy to predict catechin 

content in gambir leaves herbal tea. Therefore, further research using NIR calibration models is 

necessary. 

 

2. Material and Methods 

2.1 Sample Preparation 

The gambir leaves used in this study were obtained from the Cubadak variety and sourced from 

Siguntur Village, Pesisir Selatan Regency, West Sumatra. After being washed with clean water, the 

leaves were withered at room temperature for approximately 17 h (Anggraini, 2017). They were then 

dried in a rack-type oven at 45 °C (Dorkbuakaew et al., 2016) and chopped using a chopper. The 

resulting powder was sieved using a 40-mesh screen. A total of 60 samples were prepared, each 

weighing ± 22 grams. 40 samples were allocated for develop the calibration model, while the 

remaining 20 samples were used to validate it. The sample division method followed the Kennard–

Stone sampling algorithm (Ren et al., 2021). 

2.2 Spectral Acquisition 

A powdered sample weighing ± 22 g was placed in a Petri dish for spectral data collection. Each 

sample was scanned three times using near-infrared (NIR) light, over 1000–2500 nm (10000–4000 cm-

1) at 4 cm-1 intervals, and the resulting spectra were averaged. The acquired spectral data were 

recorded as reflectance and subsequently transformed into absorbance using Log(1/R). The NIR 

instrument was operated using NIR Ware 1.2 software. The spectrum acquisition process is shown in 

Figure 1. 
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Figure 1. Spectral Acquisition of Herbal Tea Gambir Leaf. 

2.3 Chemical Analysis 

The catechin content was determined through laboratory chemical analysis. A herbal gambir leaf 

tea extract solution was prepared at a concentration of 1000 μg/mL to obtain a total volume of 100 mL. 

Subsequently, 1 mL of this solution was pipetted and diluted to 10 mL. Subsequently, 0.5 mL of the 

diluted solution was transferred into a 10 mL volumetric flask and adjusted to the desired volume. 

The absorbance of the sample was measured at 279 nm using a UV-visible spectrophotometer (Nur et 

al., 2020). 

2.4 Chemometrics Methods 

The data were analyzed using Unscrambler X software to develop calibration models. Before model 

development, spectral pretreatments were applied to reduce noise and enhance spectral quality. 

Calibration models were constructed using two multivariate calibration methods: Partial Least 

Squares (PLS) and Multiple Linear Regression (MLR). In PLS, predictor variables were determined by 

reducing the spectral data into several latent variables, which were then incorporated into regression 

equations (Amirul et al., 2020). The correct number of latent variables is indicated by a small RMSE 

and a high coefficient of determination in calibration and internal validation (Chariskou et al., 2022). 

In contrast, the MLR method selects predictor variables by identifying specific wavelengths to be 

included in the model. Several wavelength selection techniques can be used; however, this study 

employed the stepwise method. The advantage of stepwise selection is that all variables are 

sequentially tested in the regression equation to evaluate their significance (Hahs-Vaughn, 2016). 

The statistical parameters used to evaluate the models included the coefficient of determination for 

calibration (Rc²), the coefficient of determination for prediction (Rp²), standard error of calibration 

(SEC), standard error of prediction (SEP), root mean squared error of calibration (RMSEC), root mean 
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squared error of prediction (RMSEP), ratio of performance to deviation (RPD), and Range Error Ratio 

(RER). A model is considered highly precise when it achieves an R² value greater than 0.9, whereas 

models with R² values below 0.29 are regarded as poor and not recommended for use (Martín, 2022). 

According to Heil and Schmidhalter (2021), a good model should have an RPD value greater than 3; 

an RPD value below 3 indicates that the model performs only coarse predictions. Models with RPD ≤ 

1.9 are considered poor predictors and are not recommended for application. The RMSE value 

suggests the accuracy of the model’s calculations, whereas SEP and SEC represent the precision of the 

prediction and calibration processes. RER is the ratio between the range of reference data and error 

parameters, such as RMSEC or RMSEP (Yang et al., 2017). The equations for calculating R², RMSE, 

RPD, and RER are presented in Equations 1, 2, 3, and 4, respectively. 

R2 =1− 
∑ (yi− ŷi)2𝑛

𝑖=1

∑ (ȳi− ŷi)2𝑛
𝑖=1

               (1) 

RMSE = √
∑ (ŷi−yi)2n

i=1

n
                (2) 

RPD = 
SD

RMSE𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛
               (3) 

RER = 
ymax −ymin

RMSE𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛
              (4) 

Where: y, ŷ, and ȳ is the reference, predicted, and average of catechin content, respectively, n is the 

number of samples for calibration or prediction, and SD is the standard deviation.  

 

3. Results and Discussion 

3.1 Spectra of Gambir Leaves Herbal Tea 

The NIR spectra of herbal gambir leaf tea were measured using an NIR instrument within a 

wavelength range of 1000–2500 nm. Figure 2 presents the raw spectral data, which show noticeable 

gaps between spectra due to the absence of pretreatment. The NIR spectra of herbal gambir leaf tea 

exhibit characteristic absorption patterns of polyphenolic compounds, particularly catechins, which 

contain multiple aromatic hydroxyl groups. A strong absorption peak appears at approximately 1450 

nm, corresponding to the first overtone of O–H vibrational stretching. A prominent peak observed at 

1900–1930 nm corresponds to the O–H combination band, which is typically highly sensitive to the 

moisture content of the sample. In catechin-rich matrices, this band becomes dominant because of 

hydrogen bonding between phenolic O–H groups and water, thereby increasing the absorption 

intensity. This observation is supported by Mardiantono et al. (2022), who reported that the absorption 

peak corresponding to O–H bonding, commonly identified as the primary water absorption peak, 

occurs at approximately 1450 nm. This is in accordance with the absorption features observed in the 
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1400–1500 nm range. Additionally, combination absorption bands are clearly visible within the 1900–

1950 nm range, which is associated with chemical constituents in herbal tea, such as C–O and O–H 

bonds, which effectively absorb NIR light. 

 

Figure 2. Original NIR Spectra of Gambir Leaf Herbal Tea. 

Workman and Weyer (2007) reported that the absorption observed at 1700 nm originates from the 

overtone of aromatic and aliphatic C–H bonds attached to the flavan-3-ol backbone. The bands in the 

2140–2260 nm region can be attributed to the combination vibrations of C–H and phenolic C–O 

groups. The presence of these bands indicates contributions from the aromatic structure of catechins, 

which contain abundant C–O and C–H bonds. At higher wavelengths, absorption in the 2440–2500 

nm range reflects the strong combination bands of O–H and C–H, commonly observed in organic 

compounds with phenolic functional groups. Overall, the spectral features demonstrate that catechin, 

as the primary component of gambir leaves, significantly contributes to the NIR absorption pattern.  

Figure 3 shows the regression coefficients of each wavelength in the spectra. Wavelengths from 1650 

nm to 1700 nm contribute the most to the catechin content. Furthermore, at wavelengths of 1713.5 nm, 

1948.56 nm, 1976.28 nm, and 2144.08 nm, the catechin composition is moderate. Finally, wavelengths 

with low catechin content start from 1753.16 nm, 2050.86 nm, 2252.25 nm, 2304.15 nm, 2351.83 nm, 

and 2399.23 nm. Overall, all wavelengths influence the spectral intensity. Almost all of these 

wavelengths are absorption peaks, although the absorption intensities are low. 
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Figure 3. Regression Coefficient of Each Wavelength in the Spectra. 

3.2 Regression Coefficient of Each Wavelength in the Spectra  

The application of pretreatments to NIR spectral data aims to reduce non-chemical effects, such as 

light scattering caused by particle size, variations in sample density, and instrumental baseline shifts. 

In the raw spectra, noticeable baseline differences are observed among samples, particularly in the 

higher-wavelength region (>2000 nm). Such variations can reduce model accuracy because chemical 

information becomes mixed with scattering noise. Workman and Weyer (2007) noted that baseline 

shifts and scattering effects resulting from particle size and sample packing are among the most 

common sources of variation in raw NIR spectra. The results of the SNV pretreatment are shown in 

Figure 4. The graph shows substantial changes in absorbance, with both positive and negative values, 

indicating that the spectra have been normalized relative to their means. According to Budiastra et al. 

(2020), SNV is highly effective at eliminating disturbances caused by scattering and particle-size 

effects, thereby making sample spectra easier to distinguish. This enhancement makes the main peaks 

(1450 nm and 1900 nm) more representative of the chemical content, thereby improving the accuracy 

of the calibration models. 
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Figure 4. Gambir Leaves Herbal Tea Spectra with SNV Pretreatment. 

Figure 5 shows the spectra corrected using baseline pretreatment. The spectral profiles become 

flatter at lower absorbances, indicating a reduced baseline drift. This approach primarily corrects 

spectral shifts caused by instrumental variations. As noted by Rinnan et al. (2009), baseline correction 

is applied to reduce additive effects and instrument-related reading errors; however, it is not effective 

in eliminating scattering effects. Figure 6 displays the results of the MSC pretreatment, which 

produces spectra that closely resemble the raw spectra but with a more uniform baseline across 

samples. This technique works by adjusting the slope and offset of each spectrum relative to the mean 

spectrum. This is in accordance with the statement by Workman and Weyer (2007) that MSC modifies 

each spectrum based on a reference by correcting its slope and offset, thereby reducing scattering 

effects while preserving the original spectral characteristics. Consequently, MSC can enhance the 

robustness of calibration models without altering the main chemical absorption features. Overall, SNV 

provides the strongest correction for scattering variations, making it particularly effective for 

powdered samples, such as gambir leaves. MSC maintains the natural spectral shape while reducing 

scatter effects, whereas baseline correction is simpler and particularly useful for minimizing 

instrumental drift. 
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Figure 5. Gambir Leaves Herbal Tea Spectra with Baseline Pretreatment. 

  

Figure 6. Gambir Leaves Herbal Tea Spectra with MSC Pretreatment. 

3.3 Calibration and Validation Results of the Model Using Multivariate Analysis PLS dan MLR 

The statistical results of the model calibration and validation are presented in Table 1. Based on 

calibration using the Partial Least Squares (PLS) method, the original spectra showed reasonably good 

performance, with R²c and R²p values of 0.95 and 0.86, respectively. However, the RPD value of 2.65 

indicates that the model still falls within the acceptable category for coarse or preliminary prediction 

(Heil and Schmidhalter, 2021). After applying various pretreatments, the model performance showed 

noticeable variations. The Standard Normal Variate (SNV) pretreatment slightly reduced the model’s 
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performance, as reflected by a decrease in R²c to 0.92 and R²p to 0.83, along with an RPD value of 2.32. 

This decline suggests that pretreatments do not always guarantee an improvement in model quality. 

This result aligns with that of Cen and He (2007), who noted that SNV can enhance spectral differences 

but may also reduce calibration performance if some important chemical information in the spectra is 

inadvertently removed. 

Table 1. Statistical Results of Calibration and Validation Models Using Various Pretreatment 

Methods. 

* The best performance model from PLS method 

** The best performance model from both methods 

The best-performing model was obtained using the baseline pretreatment method, yielding R²c = 

0.93 and R²p = 0.89, indicating high predictive precision. In addition, the SEC and SEP values obtained 

were not significantly different from those produced by other pretreatment methods. The RER value 

achieved using the baseline pretreatment was 9.56, the highest among all tested methods. This value 

falls within the range of 3–10, indicating a model with limited capability. According to Quentin et al. 

(2017), models with RER values between 3 and 10 have limited applicability, whereas models with 

RER > 10 are considered highly useful. Meanwhile, MSC produced balanced R²c and R²p values of 

0.93 and 0.88, respectively, with an RPD value of 2.82. This demonstrates that MSC can preserve 

chemical information while reducing scattering effects. Workman and Weyer (2007) explained that 

MSC corrects the slope and offset of spectra, reducing scattering while maintaining the original 

spectral characteristics. 

Andasuryani et al. (2014) also developed an NIR model using PLS regression to predict catechin 

content in gambir powder and gambir blocks. The best-performing models used seven latent variables 

for gambir powder and six latent variables for gambir blocks. The resulting R² values were 0.83 and 

Pretreatment  

Number 

of 

Factors 

Calibration Validation 

RPD RER 
R²c 

RMSEC 

(%) 

SEC 

(%) 
R²p 

RMSEP 

(%) 

SEP 

(%) 

PLS          
Original 7 0.95 1.23 1.24 0.86 2.48 2.48 2.65 7.77 

SNV 5 0.92 1.56 1.58 0.83 2.62 2.67 2.32 7.36 

Baseline* 6 0.93 1.5 1.52 0.89 2.09 2.08 3 9.56 

MSC 6 0.93 1.43 1.45 0.88 2.16 2.11 2.82 8.93 

MLR          
Original 4 0.89 1.97 1.87 0.89 1.95 1.98 3.1 9.89 

SNV 5 0.9 1.94 1.81 0.91 1.82 1.81 3.32 10.59 

Baseline 5 0.95 1.32 1.23 0.89 1.99 2.04 3.12 10.10 

MSC** 4 0.91 1.78 1.69 0.92 1.79 1.77 3.4 10.77 
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0.91 for gambir powder and gambir blocks, respectively. In addition, the SEP values obtained for both 

forms were relatively similar, indicating comparable prediction errors. The SEP value should not 

exceed twice the SEC value; if this condition is violated, the model may be considered overfitted. In 

this study, the SEP values obtained from models using all pretreatment methods were generally 

greater than twice but did not exceed twice the corresponding SEC values. Therefore, the PLS models 

can be considered to have good overall performance without indications of overfitting. The RMSEC 

values for each pretreatment method also varied but remained relatively low compared with the 

RMSEP values. The RMSEC values, ranging from 1.23% to 1.56%, indicate good model accuracy with 

minimal prediction errors in the calibration dataset. PLS is more sensitive to noise in the spectra and 

may exhibit mild overfitting when the number of latent factors is not appropriately selected (Reyna et 

al., 2017; Sousa and Åberg, 2018). 

The MLR method produced models with better and more varied performance than the PLS 

method. The raw spectra used wavelengths of 1914.24 nm, 1965.41 nm, 2069.54 nm, and 2136.75 nm, 

generating a reasonably strong model, with R²c of 0.89 and R²p of 0.89, and an RPD value of 3.1, which 

classifies the model as having good predictive ability. However, the RER value fell within the 3–10 

range, indicating limited applicability of the model (Murguzur et al., 2021). The best model was 

obtained with the MSC pretreatment, achieving R²c and R²p of 0.91 and of 0.92, respectively, placing 

it in the highly precise category. The specific wavelengths used by the MSC method start from 1914.24 

nm, 1953.13 nm, 2149.61 nm, and 2394.64 nm. The RPD value of 3.4 was the highest among all 

pretreatments, indicating a good predictive model (RPD > 3). Additionally, the RER value exceeded 

10, indicating that the model is highly suitable for screening purposes (Crespo et al., 2024). This 

confirms that MSC enhances the reliability of simple linear models by reducing non-chemical 

variations. Conversely, although the baseline method yielded a high R²c value of 0.95, its validation 

performance decreased, with an R²p of 0.89. The baseline used wavelengths of 1057.08 nm, 1076.19 

nm, 1442.59 nm, 1463.7 nm, and 1670.01 nm. The RPD value of 3.12 was also slightly lower than that 

of the MSC method. Meanwhile, the SNV method used wavelengths from 1361.66 nm, 1912.78 nm, 

1956.18 nm, 2106.15 nm, and 2149.61 nm, achieved strong model performance, with a R²c and R²p of 

0.90 and 0.91, respectively. Its RPD value was comparable to that of MSC, though slightly lower. 

Overall, these findings indicate that pretreatment significantly affects model quality. The baseline 

correction was most effective for PLS, increasing the RPD to 3.0, whereas MSC performed best for 

MLR with an RPD of 3.4. This is consistent with the findings of Zhang et al. (2022), who emphasized 

that no single pretreatment method is universally optimal; rather, its selection should be tailored to 

the data characteristics and calibration method used. The relationship between reference catechin 

values and predicted catechin values using the PLS method is shown in Figure 7. 
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Figure 7. Plot of the Relationship Between NIR Predictions and Reference Data Using the PLS 

Method. 

Figure 8 shows the relationship between the reference and predicted catechin values obtained 

using the MLR method. The MLR model combined with MSC is more stable and exhibits stronger 

generalization capability when applied to new data. The estimated RMSEC and RMSEP values are 

relatively close, as are the SEC and SEP values, indicating that the prediction errors are well-balanced 

between calibration and validation. PLS improves the accuracy of the training data but is more prone 

to overfitting. This is in accordance with the known characteristics of PLS, which is more sensitive to 

noise in the spectra and may experience mild overfitting when the number of latent factors is not 

selected appropriately (Reyna et al., 2017; Sousa and Åberg, 2018).  

Meanwhile, MLR combined with MSC tends to produce more stable predictions, although its 

calibration accuracy is slightly lower. Therefore, for practical applications such as the nondestructive 

determination of catechin quality in gambir leaves, MLR with MSC is recommended. At the same 

time, PLS remains relevant for exploratory studies that prioritize high calibration accuracy. 
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Figure 8. Plot of the Relationship Between NIR Predictions and Reference Data Using the MLR 

Method. 

4. Conclusion 

The results of this study demonstrate that NIR spectroscopy combined with chemometric methods 

can nondestructively predict catechin content in gambir leaves with high accuracy. The PLS model 

with baseline pretreatment produced the highest coefficient of determination (R²) during calibration, 

reaching 0.93. However, its performance declined during validation, with an R²p of 0.89 and a larger 

error gap, indicating a slight risk of overfitting. In contrast, the multiple linear regression (MLR) model 

with MSC pretreatment showed more stable performance, with an R²c of 0.91 during calibration and 

an R²p of 0.92 during validation, along with more consistent error values. Therefore, although PLS 

provides the highest calibration accuracy, the MLR model with MSC pretreatment is more suitable for 

practical applications in evaluating catechin quality in gambir leaves, as it delivers more stable and 

reliable predictions during validation. 
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