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Abstract

Red ginger (Zingiber officinale var. rubrum) is a potential spice commodity widely used in the food and pharmaceutical industries due to
its high gingerol content, which has antioxidant, anti-inflammatory, and anticancer properties. This study aims to develop a predictive
model for gingerol content and classification model for harvest age in Indonesia fresh red ginger using chemometrics and machine
learning based on Ultraviolet-Visible (UV-Vis) spectroscopy. Samples from three harvest ages (7, 8, and 9 months after planting)
were analyzed using a UV-Vis spectrometer. UV-Vis spectral data were acquired and processed using several spectral preprocessing
techniques, namely baseline correction, Savitzky-Golay (SGs), Multiplicative Scatter Correction (MSC), and first derivative (D1). The
analysis was performed using Partial Least Squares (PLS) and Artificial Neural Network (ANN) for prediction, as well as Principal
Component Analysis (PCA), Linear Discriminant Analysis (LDA), k-NN, Random Forest, and Support Vector Machine (SVM) for
harvest age classification. The ANN paired with SGs+D1 with 2 hidden nodes achieved the best predictive performance (R? = 0.66, r =
0.74), with RMSEC and RMSEP of 0.7062 and 0.8317, respectively. Meanwhile, the SVM model with a combination of Baseline+D1
preprocessing achieved a harvest age classification accuracy of 0.91and precision, recall, and F1-score of 0.93 each. The findings of
this research yield significant practical implications for both advanced post-harvest technology and the phytopharmaceutical industry.
By delivering a highly precise classification model, this work lays a solid technical foundation required to design high-throughput,
automated, and cost-effective sorting systems tailored for fresh Indonesian red ginger matrices.
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1. INTRODUCTION

Ginger (Zingiber officinale) is a widely cultivated spice with a
high antioxidant content, exhibiting immense potential as a
primary functional ingredient in the healthcare and pharma-
ceutical industries (Bellik, 2014). Indonesia’s national ginger
production, which reaches approximately 198,878 tons per
year, underscores its prominent role as an industrial commod-
ity used extensively in refreshing beverage formulations and
traditional medicine, including standardized herbal medicines
and phytopharmaca (of Statistics, 2024). Red ginger possesses
the highest concentration of oleoresins, essential oils, and pun-
gency. This distinct, pungent profile is governed by volatile phe-

nolic ketones in the oleoresin matrix, specifically gingerol and
shogaol. Notably, the accumulation of gingerol (23% to 25%)
and shogaol (18% to 25%) in red ginger significantly exceeds
levels in the gajah and emprit varieties, making it a superior
pharmaceutical asset (Prasad and Tyagi, 2015).

Chemically, gingerol consists of a homologous series of
phenolic ketones, with 6-gingerol standing out as the most
pharmacologically active component due to its potent anti-
cancer, anti-inflammatory, and antioxidant properties (Wang
et al., 2014). Consequently, industrial Standard Operating
Procedures (SOPs) mandate rigorous screening and verifica-
tion of raw materials through a Certificate of Analysis (CoA)
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to ensure compliance with physical, chemical, and microbio-
logical quality standards before processing (Sembiring et al.,
2025). In the Indonesian agricultural landscape, red ginger is
systematically harvested between 7 and 9 months after plant-
ing to optimize the yield of these active secondary metabolites.
However, recent studies indicate that harvest age dramatically
alters the oleoresin and gingerol/shogaol equilibrium, making
precise maturity determination crucial for downstream qual-
ity control and phytochemical standardization, especially for
health product ingredients(Zhang et al., 2022).

Conventionally, the chemical identification and quantifica-
tion of gingerol rely on destructive analytical techniques, such
as High-Performance Liquid Chromatography (HPLC) and
Gas Chromatography-Mass Spectrometry (GC-MS). These
methods are inherently destructive, highly expensive and time-
consuming, require specialized human resources, and occasion-
ally suffer from baseline peak overlap during complex matrix
identification (Ho and Su, 2015). Due to these constraints,
fresh red ginger supplied by local farmers and micro-businesses
frequently lacks reliable chemical quality data. This lack of real-
time standardization creates a major supply chain bottleneck,
resulting in a severe quality deficit in which raw materials fail
to meet strict industrial pharmaceutical benchmarks.

To resolve this limitation, optical spectroscopy combined
with chemometrics has emerged as a powerful non-destructive
alternative for rapid agro-industrial assessment. While Near-
Infrared (NIR) spectroscopy has been extensively evaluated,
Ultraviolet-Visible (UV-Vis) spectroscopy offers a highly cost-
effective instrumentation option with exceptional sensitivity
to electronic transitions in organic phenolic structures such as
gingerol (Razavi and Kenari, 2023). Nevertheless, raw UV-Vis
spectral data obtained from biological tissues often suffer from
pronounced baseline shifts, light scattering, and overlapping
peaks, due to the complex physical-chemical matrix of fresh
rhizomes. Hence, mathematical preprocessing operations such
as Savitzky-Golay smoothing (SGs), Multiplicative Scatter Cor-
rection (MSC), and baseline correction are indispensable for
minimizing systematic background noise and optimizing the
signal-to-noise ratio (Maldonado et al., 2023; Rinnan et al.,
2009). Extraction of precise qualitative and quantitative matri-
ces from these overlapping signals further necessitates robust
chemometric modeling. While linear chemometric tools such
as Partial Least Squares (PLS), Principal Component Analysis
(PCA), and Linear Discriminant Analysis (LDA) are widely
used (Wold et al., 2001), they struggle to capture complex
nonlinear variations. Conversely, Artificial Neural Networks
(ANN) offer distinct machine learning advantages in handling
non-linear spectral properties, potentially providing superior
predictive capabilities (Massart et al., 1998; Sinaga, 2026).

Although several studies have utilized UV-Vis or NIR spec-
troscopy combined with PLS and ANN to evaluate phytochem-
ical profiles in standard ginger species (Johnson et al., 2021;
Subositi et al., 2022), a substantial knowledge gap persists re-
garding the optimization of raw materials in their fresh or wet
states. Conventional spectroscopic calibrations predominantly
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rely on dried or extracted samples, which remain impractical
for rapid farm gate or factory reception sorting. This study
distinguishes itself from the existing literature and establishes
scientific novelty through three interconnected pillars.

This research focuses on a specific, authentic dataset of In-
donesian red ginger (Zingiber officinale var. Rubrum) to chart
the optical fingerprints of this regional variety. This work di-
rectly addresses the industrial bottleneck of predicting unstable
gingerol content within a fresh, high-moisture matrix, where
water absorption typically distorts absolute quantitative cali-
bration. To address the low absolute prediction accuracy in
wet conditions, we introduce a paradigm shift by leveraging
rapid maturity as a robust alternative. A strategic integration
of multi-class classification (LDA, SVM, RF, k-NN) and quan-
titative prediction (PLS, ANN) was introduced. By merging
harvest age discrimination (7, 8, and 9 months) with gingerol
estimation, this framework identifies the highest-accuracy path-
way to develop an automated smart sorting system. Ultimately,
this integrated approach provides a practical, high-throughput
engineering solution to mitigate raw material quality deficits,
allowing agro-industries to efficiently sort and standardize fresh
red ginger based on maturity clusters before chemical process-
ing

&

2. EXPERIMENTAL SECTION

2.1 Materials

The fresh red ginger was harvested from Cianjur, West Java,
Indonesia. The red ginger has a harvest age of 7, 8, and 9
months. Each harvested age consists of 80 samples, for a total of
90 fresh red ginger rhizome samples. Red Ginger is separated
from the stem and then washed with water. The fresh red
ginger should be stored at room temperature for a day.

2.2 Preparation of Red Ginger Extract for HPLC Analysis
The preparation of red ginger powder extract followed the
method reported by Maisaroh et al. (2025) with slight modifi-
cations. 4 mg red ginger was chopped and mixed with 40 ml
etanol (Merck), then sonicated for 80 minutes. The solution
was then filtered and centrifuged for 10 minutes at 10 °C using
a Tomy MX-3807 high-speed centrifuge to obtain the super-
natant. The supernatant was dried in a vacuum oven at 40 °C.
The resulting red ginger extract was stored under refrigerated
conditions until analysis.

2.3 Determination of Total Gingerol

The gingerol total from fresh red ginger was determined us-
ing an ultra-high-performance liquid chromatography (UH-
PLC) method using a Shimadzu liquid chromatography system
(UPLC Shimadzu, LC20AD, Shimadzu Co., Japan). Standard
solutions of 6-gingerol, 8-gingerol, and 10-gingerol were pre-
pared by dissolving accurately weighed portions of the stan-
dards in acetonitrile. Calibration mixtures were prepared with
final concentrations of 32.5, 62.5, 125, 250, and 500 ug/mlL.
Separation was performed on a C18 reversed-phase column
using a mobile phase composed of 0.1% formic acid (A) and
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acetonitrile (B). The flow rate was 1 mL/min, the injection vol-
ume was 20 ul, and the column temperature was maintained
at 25 °C (Guo et al., 2019). UV absorbance was monitored be-
tween 200 and 400 nm, and with quantification at 280 nm. For
the determination of gingerol content, the red ginger extract
was diluted to 2000 ppm, filtered through a PTFE hydrophilic
syringe filter (0.22 um pore size, 18 mm diameter), and trans-
ferred into a 2 mL vial.

2.4 Moisture Content

The moisture content method described in the Indonesian
National Standard (SNI) 01-2891:1992. A total of 5 g of fresh
Indonesian red ginger was accurately weighed and placed in
a pre-weighed container. The sample was dried in an oven
at 105 °C for 24 hours, then cooled in a desiccator for 15
minutes and reweighed. The process of heating in the oven,
cooling in the desiccator, and reweighing was repeated until
a constant weight was obtained. The moisture content was
calculated based on the difference in weight before and after
drying using the following equation:

Moisture content (%) = % x 100% (1)
W = The sample weight before drying (g)
W1 = The weight loss after drying (g)

2.5 Data Spectral Collection

Fresh Indonesian red ginger spectrum collected based on har-
vest ages of 7, 8, and 9 months. Each harvest consisted of 30
samples. The samples were placed in a UV-Vis Spectrometer
(Ocean Optics Maya Pro 2000) over the wavelength range of
200-900 nm, with a spectral resolution of 1 nm. Spectral were
acquired in triplicate, yielding 90 spectral per harvesting age.

2.6 Preprocessing Data Spectral

Data processing of spectral data is very important to minimize
interference from wave interference and noise that appears in
the measurement results. Spectral data processing is performed
using MATLAB R2018a (MathWorks Inc., USA). The prepro-
cessing methods used include Savitzky-Golay smoothing (SGs),
baseline, MSC, and their combinations with first derivatives
(Yu et al., 2022). The Savitzky—Golay algorithm fits a polyno-
mial to successive segments of the spectrum, thereby replacing
the original data points with smoothed values that preserve the
overall shape and key spectral features (CAMO, 2015). Es-
sentially, SGs are employed to reduce random high-frequency
instrumental noise present in the spectral without significantly
distorting signal characteristics. In this study, SGs are particu-
larly critical because fresh red ginger samples contain complex
cellular structures that can cause minor high-frequency fluctu-
ations in UV-Vis light reflectance, which must be eliminated
to reveal the true chemical absorption of gingerol (Castillejos-
Mijangos et al., 2022).

© 2026 The Authors.
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Multiplicative scatter correction (MSC) was utilized to cor-
rect spectral variations arising from differences in particle size
and other physical properties of the samples. This method
effectively minimizes undesired multiplicative and additive ef-
fects, such as signal amplification and baseline shifts, thereby
enhancing spectral comparability(Munir et al., 2021). For fresh
red ginger, MSC is indispensable because of the rhizome’s un-
even surface slices and fibrous texture, which naturally intro-
duce variations in optical path length and light scattering. By
applying these methods, spectral differences caused by physical
sample variations are decoupled from the chemical variations
of gingerol content (Rinnan et al., 2009; Naskar et al., 2025).

Baseline correction plays a crucial role in transforming
spectral that initially exhibit non-uniform absorbance offsets.
By aligning the spectral’s starting positions along the vertical
axis, this method produces a more consistent and comparable
dataset. In UV-Vis measurements of fresh agricultural prod-
ucts, baseline drift often occurs due to sample moisture variabil-
ity and slight positioning inconsistencies at the spectrometer
window. Baseline correction ensures that these external opti-
cal offsets do not interfere with the quantitative modeling of
gingerol (Eilers and Boelens, 2005).

Furthermore, combinations of the first derivative with the
aforementioned preprocessing techniques were also investi-
gated. The application of the first derivative enhances spectral
resolution by reducing baseline drift and sharpening spectral
peaks, enabling clearer identification of relevant spectral fea-
tures associated with the chemical constituents of fresh red
ginger. Since the UV-Vis spectrum of gingerol often overlaps
heavily with other phenolic compounds and pigments (such as
anthocyanins, which give red ginger its distinctive color), the
first derivative is used to resolve these overlapping peaks. This
isolation allows the machine learning models (ANN and LDA)
to capture specific wavelengths highly correlated with gingerol
and harvest maturity (Pasquini, 2003; Cen and He, 2007).

2.7 Classification Model for Harvesting Age

In this study, Principal Component Analysis (PCA) was per-
formed using Matlab R2018a as an initial, unsupervised ex-
ploratory tool to reduce data complexity and visualize the distri-
bution patterns of the high-dimensional spectral dataset. This
statistical technique operates by transforming hundreds or thou-
sands of highly correlated spectral variables into a significantly
smaller set of uncorrelated variables, known as principal compo-
nents (PCs), typically fewer than ten, by identifying the factors
that capture the largest sources of variation in the dataset (Park
etal., 2008). Each PC is a linear combination of the original
variables, where the first principal component (PC;) accounts
for the highest proportion of variance, and subsequent com-
ponents (PCg, PCg, etc.) are constructed to be orthogonal to
one another, with the total explained variance systematically
decreasing in the order of PCy > PCg > PCg (Granato et al.,
2018). Beyond effective dimensionality reduction, the primary
merit of employing PCA in this research lies in its capacity as
an unbiased exploratory method that does not incorporate class
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label information, thereby allowing for an objective evaluation
of the inherent data structures and the natural tendency of the
red ginger samples to cluster according to their respective h
arvest ages (7, 8, and 9 months).

Following the exploratory PCA analysis, supervised classi-
fication models were developed to accurately categorize fresh
Indonesian red ginger samples by harvest age (7, 8, and 9
months). Linear Discriminant Analysis (LDA) was employed
as the baseline classification method, which maximizes the ratio
of between-class variance to within-class variance to achieve
optimal class separation (Qu and Pei, 2024). To evaluate and
potentially enhance classification performance against com-
plex non-linear spectral patterns, the performance of LDA was
compared with three prominent machine learning algorithms:
Support Vector Machine (SVM), k-Nearest Neighbors (k-NN),
and Random Forest (RF). To ensure optimal classification ac-
curacy, the hyperparameters for each machine learning model
were carefully tuned as follows (Table 1).

Table 1. Hyperparameters for Different Algorithms Using Ma-
chine Learning

Model Parameter Value
SVM Kernel RBF
Kernel Scale Auto
(A% 5 Fold
Standardization Z.-score
KNN K 5
Distance Euclidean
(0\Y 5 Fold
RF Number of Trees 200
OOB On
(A% 5 Fold

2.8 Prediction Model for Gingerol Content

The gingerol content prediction models in this study were
developed and compared using Partial Least Squares (PLS)
regression and an Artificial Neural Network (ANN). PLS is
a robust linear regression approach that is highly suitable for
calibration with a relatively small number of samples, effec-
tively handling the high dimensionality and collinearity of com-
bined chemical and spectroscopy datasets (Williams and Norris,
1987). However, to address the potential non-linear relation-
ships between the UV-Vis spectral and gingerol concentration,
an ANN model was constructed.

The ANN model developed in this research utilized a su-
pervised learning method trained with the backpropagation
algorithm. The backpropagation algorithm is highly versatile
and widely applicable for multilayer networks that incorpo-
rate different activation functions under a supervised learning
paradigm (Rumelhart et al., 1986). To establish robust calibra-
tion models, minimize data selection bias, and ensure a reliable
evaluation of both linear and non-linear algorithms, a 5-fold
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cross-validation technique was systematically implemented for
both methods. Under this validation scheme, the entire dataset-
comprising UV-Vis spectral data over 220-450 nm and the
corresponding reference gingerol content-was randomly parti-
tioned into five equal-sized subsamples. In successive iterations,
four folds were used as the training set to calibrate the models.
In contrast, the remaining fold was reserved as the independent
validation set for testing, allowing every sample to be used for
both training and testing across five replication cycles.

For the linear approach, the PLS regression model opti-
mized the latent variables within each fold to handle the high
dimensionality of the spectral data. Concurrently, the non-
linear ANN architecture was constructed using three sequential
layers: an input layer (spectral wavelengths), a hidden layer,
and an output layer (predicted gingerol content). The net-
work training process within each fold was executed in MAT-
LAB R2018a (MathWorks Inc., USA) and configured as a
feed-forward multi-layer perceptron (MLP) trained with the
Levenberg-Marquardt backpropagation algorithm for a maxi-
mum of 1,000 epochs and 1,000 iterations.

The LLM algorithm was selected due to its fast convergence
rate and high efficiency in minimizing errors in spectroscopic
non-linear mapping (Hagan and Menhaj, 1994). Statistical
parameters, including the coeflicient of determination (R?),
root mean square error of calibration (RMSEC), and root mean
square error of prediction (RMSEP), were calculated across
the folds to assess the performance and predictive capability of
each model. The best predictive framework was determined
by the highest R? value, the lowest prediction errors (RMSEC
and RMSEP), and the model’s overall stability, offering a fast,
robust, and non-destructive method for monitoring gingerol
levels using UV-Vis spectroscopy.

3. RESULTS AND DISCUSSIONS

3.1 Gingerol Content of Red Ginger in Different Harvesting
Age

Indonesian red ginger contains 6-gingerol, 8-gingerol, and 10-
gingerol. These chemical compounds are useful in the health

sector, exhibiting anti-inflammatory (Yiicel et al., 2022), antiox-
idant (Alharbi et al., 2022), antivirulence (Fareid et al., 2025),
anticancer (Abdull Rahim et al., 2023), antimicrobial (Fareid

et al., 2025), and antidiabetic effect (Rahmawati et al., 2022).
Among its bioactive constituents, 6-gingerol is considered the

major compound contributing to its antibacterial (Elfaky et al.,
2024), antioxidant (Ahmed et al., 2021), and anticancer proper-
ties (Wala et al., 2022), highlighting the potential of red ginger

as a valuable raw material for the health and pharmaceutical

industries.

The determination of gingerol content in red ginger sam-
ples using High-Performance Liquid Chromatography (HPLC)
is highly effective because 6-gingerol, as the major bioactive
compound, is generally more readily detected due to its rel-
atively higher concentration compared to other minor con-
stituents, which may be present at lower levels or exhibit weaker
detectability within the HPLC system. The HPLC method
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is universally recognized as a robust tool for the separation,
identification, and quantitative analysis of organic compounds
from complex herbal and agricultural matrices (Gusti et al.,
2021; Riwu et al., 2023; Salamah et al., 2025).

In regional agro-industrial research, validated HPL.C meth-
ods have been widely used to establish rigorous baselines for
natural antioxidant profiles and to quantify target secondary
metabolites from Indonesian endemic flora (Rahmawati et al.,
2023). Furthermore, optimizing such chromatographic pro-
tocols remains essential to ensure that complex plant-based
compounds are accurately resolved and mapped before imple-
menting high-throughput spectral predictions (Cahyani et al.,
2023). Figure 1 presents the HPLC analysis results of fresh In-
donesian red ginger, showing the presence of several chemical
compounds.

Table 2. Identification of Major Compounds in Fresh Indone-
sian Red Ginger

RT (min) Name of the Molecular Formula
Compound
4.884 6-Gingerol C17Hg604
9.437 8-Gingerol Ci19HgpO4
11.619 10-Gingerol Co1H3404
20.811 6-Shogaol C17HOg

Based on HPLC analysis of fresh red ginger, the chro-
matograms in Figure 1 confirm the successful separation and
identification of the target gingerol homologs. The compounds
were well resolved with distinct retention times (RT): 6-gingerol
at 4.884 min, 8-gingerol at 9.437 min, and 10-gingerol at
11.619 min (Table 2). From the peak area integrations, 6-
gingerol was confirmed as the most dominant compound, fol-
lowed by 8-gingerol and 10-gingerol, indicating its strong po-
tential as a major source of functional ingredients for pharma-
ceutical raw materials.

In Indonesia, the pharmaceutical industry requires red gin-
ger raw materials to contain at least 1.5% gingerol total con-
tent. Therefore, the recommended harvest age for red ginger
intended for medicinal raw materials is at least 9 months to
ensure compliance with industrial quality standards. This was
further supported by the present study, which showed that the
highest gingerol content was found in ginger harvested at 9
months (2.56 + 0.1%), whereas ginger harvested at 7 months
contained only 1.18 + 0.48% gingerol. The measured gingerol
content in fresh red ginger samples is presented in Table 8.

In general, the concentrations of all three gingerol com-
pounds increased with increasing harvest age, with samples
harvested age of 9 months showing the highest levels among
the evaluated groups. This trend indicates that plant maturation
plays a significant role in the biosynthesis and accumulation
of bioactive compounds, particularly gingerols. In addition
to gingerol content, moisture content was also measured as a
complementary parameter in the analysis. This is important

© 2026 The Authors.
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Table 3. The Gingerol Total Content in Fresh Indonesian Red
Ginger

Harvest Age  Gingerol Total Content (%)
7 Month 1.18 £ 0.48
8 Month 1.23 £ 0.89
9 Month 2.56 £0.11

because moisture content can profoundly influence optical ab-
sorbance measurements, which are highly sensitive to water
molecules and hydrogen bonding.

High moisture levels in fresh red ginger can significantly
distort spectral characteristics and, consequently, compromise
the accuracy of quantitative analytical models. In the field of
Indonesian agricultural and food chemometrics, managing the
complex interplay among plant matrices, moisture variations,
and target bioactive compounds remains a central challenge
for ensuring prediction reliability (Gusti et al., 2021). Fur-
thermore, investigating these physical-chemical interactions is
essential because fluctuations in matrix composition can cause
baseline shifts that mask underlying organic peaks (Yudha S.
et al., 2024). The moisture content values of fresh red ginger
are presented in Table 4. Based on the moisture content mea-
surements of the 90 samples, no significant differences were
observed among red ginger harvested at 7, 8, and 9 months.

3.2 Uv-Vis Spectral Characteristic

UV-Vis spectral are generated when incident light interacts
with a sample and is absorbed at specific wavelengths corre-
sponding to electronic transitions within the molecule, in which
electrons move from one energy level to another (Skoog et al.,
1996). The interpretation of UV-Vis spectra is based on under-
standing how molecular electrons absorb energy and transition
between orbitals. These transitions may include 7 — 7%, n
— 7*, or charge transfer processes, depending on the chemi-
cal structure and functional groups present in the compounds
(Hollas, 2004). Figure 2 illustrates the original UV-Vis spectral
of fresh Indonesian red ginger within the wavelength range of
200-900 nm.

The chemical constituents of the analyzed material influ-
ence the presence of peaks and valleys in a spectral. In addition
to chemical factors, spectral features are influenced by the
sample’s physical properties, such as particle size and surface
characteristics (Blanco and Villarroya, 2002). Based on the
average absorbance spectral shown in Figure 2, the absorbance
intensity within the 500-900 nm wavelength range appears
relatively stable, with minimal variation across samples. This is
evidenced by the closely overlapping spectral lines correspond-
ing to different harvesting ages, particularly between red ginger
harvested at 7 and 8 months. This indicates that this region is
less informative and lacks sufficient sensitivity to discriminate
gingerol content or differentiate samples based on harvest age.

In contrast, the wavelength range of 200-220 nm exhibits
considerable noise, as indicated by sharp, irregular fluctuations

Page 1410 of 1422



Siregar et. al.

Science and Technology Indonesia, 11 (2026) 1406-1422

| T T T T I T T L T I T T T T I T T T T I T T T T I T ]
5 PDA Multi 1 282 nm, 4 nm
i @ i
50 -
5 | |
<
E | _
Q | J
n
S
Q_25— -
n
0 i i
o
s N 4
un
[(e]
i A i i i
©° @ o9 < b < < o
B B : i i
oL AN 22 - U g
P R T N S T R R
0 5 10 15 20 25

Retention time (min)

Figure 1. HPLC Chromatogram of Chemical Compounds in Indonesian Red Ginger

Table 4. The Moisture Content of Fresh Indonesian Red Ginger

Harvest Age Moisture Content (%)
(Month) Value Minimum Maximum

7 86.01 +4.59 76.05 92.23

8 85.09+5.13 74.55 94.25

9 85.24 £ 5.20 77.04 94.34
e ‘ ! ! ' NI A in the spectral curves. This instability may arise from instru-
—— 8 Months ] mental limitations and strong absorption of solvent or matrix
1.25 9 Months ] components at low wavelengths. Therefore, this region was
excluded from further analysis. Subsequent analysis was fo-
1.00 cused on the wavelength range of 220-450 nm, where more
’;i distinct and chemically relevant absorbance features are ob-
‘E s served. This region is particularly important for compounds
'é - containing conjugated systems, such as phenolic compounds

g and gingerol derivatives.
= 025 Gingerols, including 6-gingerol, possess aromatic rings with
conjugated double bonds and carbonyl groups, which con-
0.00 ] tribute to characteristic electronic transitions. The absorption
] bands observed in the range of approximately 270-300 nm
—0=at . . | . . 1 ] are commonly associated with 7 — 7* transitions of the aro-
200 300 400 500 600 700 800

Wavelength (nm)

Figure 2. Original UV-Vis Absorbance Spectral in the Range of
200-900 nm
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matic ring system, while weaker bands at higher wavelengths
may be attributed to n — 7* transitions involving carbonyl
functional groups (Skoog et al., 1996; Hollas, 2004). These
spectral characteristics are consistent with the presence of phe-
nolic structures and support the use of this wavelength region
for analytical modeling. Furthermore, variations in absorbance
intensity within this region may reflect differences in gingerol
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concentration across samples with different harvesting ages.
Therefore, the selected range of 220-450 nm provides more
relevant chemical information and improves the robustness of
subsequent chemometric analysis for predicting gingerol con-
tent and classifying red ginger samples. The original UV-Vis
spectral within this selected wavelength range (220-450 nm)
are presented in Figure 3.

T T T T T T T T T T T

—— 7 Months 1
—— 8 Months 1
—— 9 Months

1.4

—_
[ 8]

Intensity (a.u.)
5

o
)

0.6

1 1 1 1 1 1 1 1 1 1 1 1
220 240 260 280 300 320 340 360 380 400 420 440
Wavelength (nm)

Figure 3. Original UV-Vis Absorbance Spectral in the Range of
220-450 nm

Based on the average UV-Vis absorbance spectral within the
wavelength range of 220-450 nm shown in Figure 3, several
prominent absorbance peaks are observed, particularly at 220-
230 nm and 280-290 nm. Clear differences in absorbance in-
tensity among harvesting ages are evident at these wavelengths,
indicating that these regions are highly informative for analyt-
ical modeling. The observed variation in absorbance follows
the linear relationship described by the Beer—-Lambert law, sug-
gesting that changes in spectral intensity are directly associated
with differences in gingerol concentration with harvest age. In
general, the spectral intensity increases with increasing harvest-
ing age of red ginger. This observation is consistent with the
Beer-Lambert law, as described by Mintele and Deniz (2017),
which states that the absorbance of a solution is directly pro-
portional to the concentration of the absorbing species and the
optical path length.

These findings are consistent with previous studies. Suk-
weenadhi et al. (2023) reported strong absorption at 200 nm,
224 nm, 226 nm, and 282 nm for standard mixtures of gingerol-
related compounds. Meanwhile, You et al. (2019) demon-
strated that 280 nm provides higher sensitivity and superior
peak resolution compared to 280/282 nm, which are com-
monly used reference wavelengths according to ISO standards.

Furthermore, the separation of spectral patterns among
samples harvested age at 7, 8, and 9 months supports their
utility in classification models. Techniques such as Principal
Component Analysis (PCA) or supervised classification algo-
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rithms are likely to leverage these wavelength regions as key
discriminative variables, enabling effective differentiation based
on harvest age. As a complementary validation, the compara-
tive graph of average gingerol total content across harvest ages
(Figure 4) demonstrates a consistent trend with the observed
spectral variations. This alignment between chemical reference
data and spectral features further confirms the reliability of the
selected wavelength range (220-450 nm) for both quantitative
prediction and classification.

2.56

1.5F

113 1.23

1.0F

0.5F

Average gingerol content (%)

7 8 9
Harvest age (months)

0.0

Figure 4. Comparison of the Average Gingerol Total Content
Based on the Harvesting Age of Fresh Indonesian Red Ginger

Furthermore, HPLC analysis revealed a similar trend: an
increase in the total content of the three major gingerol com-
pounds with increasing harvest age. Specifically, red ginger
harvested at 9 months exhibited the highest average gingerol
content compared to samples harvested at earlier stages, as
presented in Figure 4. The consistency between the UV-Vis
spectral patterns and the HPLC results indicates that the ob-
served increase in absorbance intensity is strongly associated
with the elevated concentration of gingerol compounds. This
finding confirms that the Beer—Lambert relationship applies
to UV-Vis spectral analysis of fresh red ginger, supporting the
reliability of this technique for monitoring changes in chemical
composition associated with harvesting age.

3.3 Preprocess UV-Vis Spectral
The application of preprocess methods illustrate in Figure 5.
The application of SGs results in smoother spectral profiles
by reducing high-frequency noise (Figure 5a). However, no
substantial differences are observed between the original and
SGs-treated spectral in overall spectral patterns, indicating
that this method primarily enhances signal quality without
significantly altering spectral features.

Additional preprocessing methods, including baseline cor-
rection and multiplicative scatter correction (MSC), were also
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applied. As shown in Figure 5b, baseline correction produces
a noticeable visual shift in the spectral, particularly at the lower
portion of the curves. Spectral that initially exhibited non-
uniform absorbance offsets become more aligned along the
vertical axis, resulting in a more consistent baseline across sam-
ples.

MSC was employed to correct for baseline variations and
spectral distortions caused by differences in measurement con-
ditions or instrumental fluctuations. As shown in Figure 5c,
MSC improves spectral uniformity, reducing intensity vari-
ability compared to the raw data. This method operates by
adjusting each spectral to a common reference, effectively min-
imizing multiplicative scattering effects while preserving the
original absorbance scale. Visually, MSC stabilizes spectral pat-
terns across samples, thereby facilitating more reliable chemical
interpretation.

Further preprocessing involved combining SGs, baseline
correction, and MSC with the first derivative (D1), as shown
in Figures 5d, e, and 5f, respectively. The incorporation
of the first derivative enhances spectral resolution by reducing
baseline drift and sharpening spectral peaks, allowing for clearer
identification of relevant spectral features.

Opverall, these combined preprocessing approaches improve
the visibility of significant spectral characteristics, stabilize sig-
nal variation, and enhance the performance of subsequent mul-
tivariate analysis. As shown in Figures 5d-5f, the resulting
spectra are more structured, with sharper, more distinct peaks.
These improvements indicate that the preprocessing combina-
tions effectively reduce noise and baseline interference while
highlighting subtle spectral differences among samples.

8.4 Principal Component Analysis (PCA) of Red Ginger
Based on Harvesting Age
Spectral data were analyzed using Principal Component Anal-
ysis (PCA) to qualitatively evaluate the distribution and clus-
tering patterns of the spectral dataset. The UV-Vis spectral
range employed in this study was 220-450 nm, a region pre-
viously identified as the most informative for analysis. In this
study, PCA was applied as an exploratory tool to facilitate visual
interpretation of spectral groupings based on different treat-
ments. PCA reduces the dimensionality of the dataset while
preserving the most significant sources of variation, enabling
the identification of natural clustering patterns. This method
provides an efficient representation of the overall dataset by
extracting principal components that capture the maximum
variance within the spectral data (Park et al., 2003). Before
PCA, spectral were corrected or preprocessed to minimize the
effects of noise and wavelength interference in the raw spectral
data. This step is essential to improve the accuracy and stability
of the analysis, ensuring that the extracted components reflect
meaningful chemical variation rather than instrumental or en-
vironmental artifacts (Siregar et al., 2018). Figure 6 presents
the PCA results obtained from the original UV-Vis spectral.
The PCA results for UV-Vis spectral based on the original
data did not exhibit clear or significant clustering among the
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different harvest age groups of red ginger. Therefore, a further
PCA analysis was performed on the preprocessed spectral data
to enhance discrimination capability. To enhance the visibil-
ity of these characteristic absorption features, first derivative
(D1) preprocessing was applied in combination with previously
implemented methods, including Savitzky—Golay smoothing
(SGs+D1), baseline correction (baseline+D1), and multiplica-
tive scatter correction (MSC+D1). The application of the first
derivative improves spectral resolution by emphasizing sub-
tle peak variations that may not be clearly observable in the
original spectral, thereby enhancing the detection of chemi-
cally relevant information associated with gingerol compounds.
The PCA score plots of the UV-Vis spectral after these pre-
processing combinations are presented in Figure 7 (a-c). All
three preprocessing approaches demonstrate a similar pattern
of separation, with a more distinct clustering trend than the
results from the original and singly preprocessed spectral. This
indicates that incorporating the first derivative significantly im-
proves PCA’s ability to capture meaningful variation related to
harvesting age.

However, the separation between samples harvested at ages
8 and 9 months remains suboptimal, as indicated by the notice-
able overlap in the PCA score plots. This overlap suggests that
the chemical composition, particularly the gingerol content,
between these two harvesting stages is relatively similar. Ac-
cording to the Beer—Lambert law, this observation implies that
the absorbance values-and thus the concentration of gingerol-
do not differ substantially between harvesting ages of 8 and
9, resulting in limited spectral differentiation. Overall, the
results indicate that derivative-based preprocessing enhances
spectral discrimination, although further advanced modeling
approaches may be required to achieve complete classification
between closely related harvest stages.

3.5 Classification Models Performance

The classification was performed using spectral data in the 220-
450 nm wavelength range in the UV-Vis region, which was
identified as the most informative range for analysis. Based on
the classification model evaluations of the UV-Vis spectral of
red ginger, it was observed that the combination of the classi-
fication algorithm and the spectral data pretreatment method
strongly influenced model performance. Table 5 compares
performance metrics for machine learning model classification.
The LDA model built using the original spectral achieved an
accuracy of 0.76, with relatively balanced precision 0.76, recall
0.75, and F1-score 0.75. This indicates that the raw spec-
tral data already contain relevant information for classification;
however, performance remains moderate due to noise and
spectral variability. The combination of baseline correction
with the first derivative (baseline+D1) restored model perfor-
mance to a higher level (accuracy = 0.80), comparable to that
of MSC alone. This indicates that derivative preprocessing
is more effective when applied to properly baseline-corrected
spectral. The best classification performance was achieved with
MSC combined with the first derivative (MSC+D1), yielding
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Figure 7. PCA Score Plots of UV-Vis Spectral After Preprocessing: (a) SGs+D1; (b) Baseline+D1; (c) MSC+D1

the highest accuracy, precision, recall, and F1-score (all equal
to 0.90). This result demonstrates that the combination of scat-
ter correction and derivative enhancement provides optimal
conditions for highlighting subtle spectral differences associ-
ated with harvesting age. The MSC step effectively minimizes
non-chemical variability, while the first derivative enhances
resolution and emphasizes relevant spectral features associated
with gingerol compounds.

© 2026 The Authors.

On the other hand, in the raw (original) dataset without
any preprocessing, the model performances were relatively
poor; the accuracy for Support Vector Machine (SVM) and
k-Nearest Neighbors (k-NN) was only 0.33, while Random
Forest (RF) achieved a marginally higher accuracy of 0.47.
This deficient performance across all evaluation parameters-
including accuracy, precision, recall, and F1-score-indicates
that raw UV-Vis spectral lack the robust discriminatory power
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needed to differentiate red ginger samples by harvest age. This
limitation is primarily due to non-informative spectral varia-
tions, such as baseline shifts, instrumental noise, variations in
absorbance intensity, and highly overlapping absorption bands
among samples (Rinnan et al., 2009) Consequently, crucial
chemical information related to physiological changes during
harvesting maturity could not be effectively extracted by the
classification models in their initial state.

The application of Savitzky—Golay smoothing (SGs) yielded
only limited improvements, raising the SVM accuracy to 0.43,
while k-NN and RF achieved 0.82 and 0.4 1, respectively. This
implies that smoothing alone is insufficient to enhance the
discrimination power of the models regarding harvest age. Al-
though SGs effectively suppress localized random high-frequ-
ency instrumental noise, it fails to eliminate systematic baseline
drift and light scattering variations that mask underlying chem-
ical markers (Cen and He, 2007). Conversely, baseline cor-
rection provided a more pronounced enhancement, with both
SVM and RF attaining an accuracy of 0.66. This improvement
underscores the vital role of baseline alignment in stabilizing
spectral patterns, thereby allowing the algorithms to discern
maturity-related differences. Meanwhile, the Multiplicative
Scatter Correction (MSC) pretreatment delivered a moderate
performance enhancement on SVM (accuracy = 0.64; F1-score
= 0.65), yet it failed to outperform baseline correction, par-
ticularly when applied to RF and k-NN. This indicates that
MSC-based scatter correction was not the dominant factor in
improving UV-Vis spectral classification for this fresh red gin-
ger dataset. The most substantial performance breakthrough
was achieved when preprocessing techniques were coupled with
the first derivative (D1).

The combination of SGs + D1 elevated the accuracies of
SVM, k-NN, and RF to0 0.88, 0.76, and 0.84, respectively. Sim-
ilarly, the MSC + D1 combination demonstrated high eflicacy,
achieving classification accuracies of 0.89 with SVM and 0.86
with RF. However, the optimal overall synergy was achieved by
combining Baseline + D1 preprocessing with the SVM classifier.
Under this configuration, the SVM model achieved an accuracy
of 0.91, a precision of 0.98, a recall of 0.91, and an F1-score
of 0.91. These higher metrics indicate that the model not
only achieves excellent true-positive rates but also maintains
an exceptional balance between identifying true class mem-
berships and minimizing cross-class misclassifications across
harvest ages.

The comparative analysis demonstrates that while the linear
LDA model provides a solid and stable baseline classification-
achieving its peak accuracy of 0.90 under the MSC + D1
framework-it is ultimately outperformed by advanced machine
learning approaches when coupled with optimal spectral pre-
processing. The raw, non-preprocessed datasets fail universally
across all algorithms due to severe spectral overlaps, baseline
drifts, and physical scattering inherent in fresh rhizome ma-
trices. However, once these non-informative variances are
systematically suppressed, the non-linear classification capabili-
ties of machine learning algorithms become highly pronounced.

© 2026 The Authors.
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Baseline + D1 achieved the absolute pinnacle of classification
synergy for the SVM model, with an outstanding accuracy of
0.91 and precision, recall, and F1-score of 0.93 each. This
superior performance underscores the capacity of SVM to con-
struct more precise, high-dimensional separating hyperplanes
compared to the linear boundaries of LDA, particularly when
handling complex biochemical transitions during the late mat-
uration stages of red ginger. Consequently, while LDA with
scatter-derivative preprocessing remains a viable option, inte-
grating baseline correction and first-derivative mathematical
enhancement with an SVM classifier is highly recommended
as the most robust and accurate non-destructive framework for
predicting harvesting age via UV-Vis spectroscopy.

3.6 PLS Model for Total Gingerol Prediction

The calibration and validation results of the PLS models for
UV-Vis spectral, including those with various preprocessing
treatments, are summarized in Table 6. Meanwhile, Figure
8 presents the calibration and validation plots for the best-
performing preprocessing method, illustrating the relationship
between predicted and reference gingerol values.
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Figure 8. Calibration and Validation Results of PLS Model for

Gingerol Prediction

Based on the results presented in Table 6, the statistical
parameters obtained from the calibration and validation of the
UV-Vis spectral data, both original and preprocessed using
Partial Least Squares (PLS) regression, indicate that the linear
models do not meet the optimal criteria commonly required
for reliable quantification. The coefficient of determination
(R?) values across all treatments remains significantly below
the desirable agro-industrial threshold (< 0.80), suggesting
that the developed linear frameworks exhibit limited overall
predictive capacity.

Among the evaluated preprocessing techniques, the Base-
line correction method yielded the best performance, achieving
a correlation coeflicient (r) of 0.57 and a coeflicient of determi-
nation (R?) of 0.81. This was closely followed by the Baseline
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Table 5. Comparison of Statistical Performance Metrics for Classification Models

Preprocess Data Parameter LDA SVM KNN RF
Original Accuracy 0.76  0.33 0.33 047
Precision 0.76  0.11 0.11 047

Recall 0.75 033 0.33 047

F1 Score 0.75 0.17 0.17 0.46

SGs Accuracy 0.71 0.43 032 041
Precision 0.72 043 032 041

Recall 0.72 0.43 032 041

F1 Score 0.70 043 0.32 041

Baseline Accuracy 0.71 0.66 0.57 0.66
Precision 0.72 0.66 0.53 0.66

Recall 0.72 0.66 0.57 0.66

F1 Score 0.72 0.66 0.53 0.66

MSC Accuracy 0.80 0.64 053 0.53
Precision 0.81 0.66 048 0.52

Recall 0.81 0.64 0.53 0.53

F1 Score 0.81 0.656 0.48 0.53

SGs+D1 Accuracy 0.59 0.88 0.76 0.84
Precision 0.72 0.88 0.78 0.84

Recall 0.62 0.88 0.76 0.84

F1 Score 0.60 0.88 0.73 0.84

Baseline+D1 Accuracy 0.80 0.91 0.78 0.87
Precision 0.81 0.93 0.87 0.88

Recall 0.81 0.91 0.78 0.87

F1 Score 0.81 091 075 0.87

MSC+D1 Accuracy 090 0.89 0.70 0.86
Precision 090 0.89 0.83 0.86

Recall 0.90 0.89 0.70 0.86

F1 Score 0.90 0.89 0.62 0.86

combined with first derivative (Baseline + D1), which achieved
an R? of 0.26 (r = 0.51, LV = 4). In contrast, applying SGs
alone severely degraded the linear model, resulting in the low-
est predictive capacity (R? = 0.04, r = 0.35), even though it
exhibited a high mathematical consistency of 80.16%.

To determine the most viable model, priority is typically
given to architectures with higher Ratio of Prediction to De-
viation (RPD) values, higher r values, and robust consistency
parameters (ideally between 80% and 110%). Furthermore, a
minimal discrepancy between the Root Mean Square Error of
Calibration (RMSEC) and the Root Mean Square Error of Pre-
diction (RMSEP) indicates strong precision and low geometric
bias (Williams and Norris, 1987). Under these considerations,
while the SGs model demonstrated high consistency (80.16%),
its extraordinarily low validation capacity (R? = 0.04) makes it
functionally obsolete.

Consequently, the Baseline-preprocessed PLS model with
12 latent variables represents the best linear compromise for
predicting gingerol content in fresh red ginger, yielding RM-

© 2026 The Authors.

SEC = 0.0032%, RMSEP = 0.0084%, RPD = 1.21, CV =
70.06%, and a consistency of 37.53%. Nonetheless, these op-
timized values still fall short of the requirements for robust
quantitative screening. The validation R? of 0.81 indicates
that the linear model accounts for only 317% of the biochemical
variability within the samples, while the high CV (70.06%) sug-
gests substantial prediction dispersion. Finally, the maximum
achieved RPD of 1.21 reinforces that the linear PLS approach
remains inadequate for high-precision absolute quantification,
as values below 1.5 are typically considered insufficient for reli-
able non-destructive prediction in fresh agricultural matrices.

The calibration and validation plots shown in Figure 8 fur-
ther support these findings. The data points are widely scattered
around the regression line, which ideally should follow a 45°
slope. A prominent structural anomaly is observed near the
origin (x = 0), where a severe vertical clustering of data points
spans from negative prediction values up to approximately
0.02%. This distinct phenomenon strongly indicates that at
low gingerol concentrations, the linear PLS framework cannot
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Table 6. Comparison of Statistical Parameters from PLS Model
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9 RMSEC RMSEP CV Consistency

Preprocess LV r R %) %) %) RPD %)
Original 12 0.49 0.18 0.0036 0.0092 76.31 1.11 39.62
SGs 9 035 0.04 0.0080 0.0099 82.78 1.08 80.16
Baseline 12 0.57 0381 0.0032 0.0084 70.06 1.21 37.53
MSC 12 0.51 021 0.0025 0.0090 74.88 1.13 27.63
SGs + D1 8 0.48 0.16 0.0042 0.0098 77.55 1.10 44.90
Baseline + D1 4 051 0.26 0.0082 0.0087 72.69 1.17 37.18
MSC + D1 6 047 0.21 0.0021 0.0090 75.256 1.13 23.58

successfully resolve true biochemical absorption peaks from
the overarching spectral noise and water-matrix interference
inherent in fresh, wet biological tissues.

For instance, a comparative benchmark utilizing Near-In-
frared Spectroscopy (NIRS) on dried ginger for gingerol total
prediction achieved a robust cross-validation capability with an
R? > 0.70 and RPD of approximately 2 via PLSR calibration
(Johnson et al., 2021). This massive discrepancy is directly
attributable to the state of the plant matrix; while the refer-

Unlike PLS, which models linear relationships, an ANN was
employed to capture potential nonlinear relationships between
gingerol concentration and UV-Vis spectral absorbance data.
The calibration and validation results of the ANN models based
on UV-Vis spectral data are presented in Table 7. Meanwhile,
Figure 9 illustrates the performance of the best ANN model,
showing the relationship between predicted and reference gin-
gerol values during model evaluation.
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provides diagnostic evidence of model underfitting, indicating
that a strict linear combination of latent variables cannot ade-
quately capture the complex, non-linear chemical interactions
within the fresh red ginger matrix. Overall, these visual profiles
conclusively demonstrate that the UV-Vis based PLS model,
irrespective of the baseline or derivative preprocessing steps
applied, lacks the necessary mathematical flexibility for precise
quantification. Consequently, capturing these complex spectro-
chemical trends demands a transition toward more advanced
nonlinear modeling frameworks, such as artificial neural net-
works, or the implementation of targeted variable selection
algorithms to eliminate uninformative wavelengths.

8.7 ANN Model for Total Gingerol Prediction

The absorbance spectral obtained from UV-Vis spectroscopy,
previously preprocessed and analyzed using PLS, were further
evaluated using an Artificial Neural Network (ANN) approach.

© 2026 The Authors.

Actual gingerol content (%)

Figure 9. Calibration and Validation Results of ANN Model for
Gingerol Prediction

Based on the results presented in Table 7, the statistical
parameters obtained from the calibration and validation of
the UV-Vis spectral data utilizing the non-linear ANN frame-
work demonstrate a noticeable shift in data-mapping behavior
compared to the linear PLS approach. Across all evaluated
preprocessing regimes, the network architectures optimized
their hidden-layer capacities using a remarkably small number
of hidden nodes, typically 1-5.

The ANN model paired with SGs+D1, with 2 hidden nodes,
achieved the best mathematical fit, yielding a correlation co-
efficient (r) of 0.74 and a coefficient of determination (R?)
of 0.66. This indicates that the network’s non-linear trans-
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Table 7. Comparison of Statistical Parameters from ANN Model
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Node r R? RMSEC RMSEP RPD CV  Consistency
Original 4 0.71 0.54 0.7820 0.7766 1.29 68.73 91.37
SGs 5 0.66 0.51 0.7248 0.7760 1.27 66.44 96.50
Baseline 2 0.63 0.48 0.7520 0.7919 1.31 68.38 95.30
MSC 2 0.72 0.56 0.6783 0.7556 1.36 67.07 90.72
SGsD1 2 0.74 0.66 0.7062 0.8317 1.27 71438 92.58
BaselineD1 1 0.70 0.60 0.7229 0.7844 1.27 68.81 92.42
MSCD1 2 0.66 0.52 0.9473 0.9118 1.10 80.25 105.63

fer functions captured up to 66% of the biochemical variance
in gingerol levels. Other preprocessing methods also showed
moderate validation fits, such as the Multiplicative Scatter Cor-
rection (MSC) with 2 nodes (r = 0.72, R? = 0.56) and the
Baseline+D1 with 1 node (r = 0.70, R2 = 0.60).

However, despite the apparent improvement in linear cor-
relation and R? scores, a critical look at the error profiles and
predictive standard metrics reveals severe architectural con-
straints. The absolute error parameters magnified significantly,
with the best model (SGs+D1) exhibitingan RMSEC of 0.7062
and an RMSEP of 0.8317. This inflation is further reflected
in the high Coefficients of Variation (CVs), which range from
66.44% to 80.25%, with the SGs+D1 model showing a CV of
71.43%. Such high CV thresholds indicate a substantial spread
in prediction errors relative to the actual reference concentra-
tions, fundamentally compromising the network’s analytical
precision.

The Ratio of Performance to Deviation (RPD) values across
all models remained extremely low, ranging from 1.10 (MSC-
+D1) to 1.836 (MSC). For the highest-fitting SGs+D1 frame-
work, the RPD was bounded at 1.27. This diagnostic constraint
is highly consistent with previous chemometric benchmarks
on high-moisture agricultural matrices; for instance, Yu et al.
(2022) similarly reported that mapping raw bioactive concen-
trations in ginger roots via conventional spectroscopic setups
frequently restricts RPD thresholds below 1.50 due to intense
water absorption bands scattering light.

Even though all models maintained excellent mathematical
stability-demonstrated by highly robust consistency parameters
well within the ideal range of 90.72% to 105.63% the low RPD
ceiling definitively disqualifies these networks from use as stan-
dalone absolute quantification tools. Because standard chemo-
metric conventions dictate that an RPD below 1.5 indicates
inadequate predictive performance for agricultural matrices,
these results confirm that while non-linear mapping enhances
pattern recognition, it remains insufficient to overcome the
compounding spectroscopic noise caused by the high-water
content and complex physical matrices of fresh red ginger.

Further insights can be drawn from the calibration and vali-
dation scatter plots of the optimized non-linear model shown in
Figure 9. Based on the validation parameters embedded in the
best architecture (hidden node = 2), the framework achieved
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RVal values of 0.628 and 0.394. It means that the ANN suc-
cessfully accounts for approximately 89.4% of the absolute
variance in gingerol content. Visually, compared to the pre-
vious linear PLS models, the non-linear ANN demonstrates
improved capability to align data points toward the ideal 45°
regression line, particularly at higher concentrations (>2.0%).

However, the data points still exhibit considerable disper-
sion around the calibration line, resulting in a substantial val-
idation error (RMSEVal = 0.7954) and a high coefficient of
variation (CV Val = 66.2%). A persistent challenge is observed
at the origin (x = 0), where a vertical array of predicted val-
ues spans from 0% up to nearly 2.2%. This structural scatter
confirms that even with non-linear mapping capabilities, the
neural network struggles to differentiate true low-level gingerol
absorption bands from the strong background noise and water
chemical matrices typical of undried, fresh red ginger.

Furthermore, the model yielded a low consistency index
of 65.0% and a restricted Ratio of Performance to Deviation
(RPDVal) of 1.284. While the nearly identical scattering
patterns between the calibration (blue) and validation (red)
datasets confirm that the system is free from overfitting, the
low consistency and suppressed RPD ceiling indicate under-
fitting. This suggests that a simple three-layer feed-forward
network with only two hidden nodes remains structurally lim-
ited when faced with complex biological matrices.

To highlight the profound impact of matrix complexity
on chemometric reliability, our moderate predictive results
were compared with previous spectroscopic investigations on
more uniform organic matrices. In a study targeting sucrose
content estimation using UV-Vis spectral absorbance, the appli-
cation of Support Vector Regression (SVR) and Partial Least
Squares Regression (PLSR) achieved exceptional validation
metrics, with the SVR model yielding an R? of 0.98, a very
low RMSE (0.97), and an extraordinary RPD of 5.80 (Razavi
and Kenari, 2028). While sucrose in honey or liquid solutions
presents a highly uniform, highly soluble target with distinct,
isolated spectral signatures, the gingerol content in fresh red
ginger is locked within an un-dried cellular structure. The over-
lapping electronic transitions of gingerol homologs are easily
obscured by the shifting baseline scattering of raw plant fibers
and dominant ambient water bands. Consequently, while a
clear chemical matrix allows linear or simple machine learn-
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ing models to reach high-precision quantification thresholds
(RPD> 5), the raw, multi-layered red ginger matrix heavily
dampens spectral resolution, verifying why our UV-Vis setup
functions optimally as a qualitative sorting framework rather
than an absolute quantitative assay.

The presence of these prominent residual errors and low
concentration outliers heavily dampens the R? scores, demon-
strating that further refinement is mandatory before UV-Vis
spectroscopy can be deployed for dependable, non-destructive
quantitative screening. These findings indicate that while the
ANN model demonstrates improved capability in capturing
non-linear relationships compared to linear approaches, its
predictive performance based on UV-Vis spectral remains in-
sufficient and requires further optimization, such as feature
selection, data augmentation, or advanced network tuning.
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Figure 10. Variable Importance in Projection (VIP) Score of
ANN Model

Variable Importance in Projection (VIP) analysis was per-
formed on the optimized ANN model. As illustrated in Figure
10, the top 20 selected wavelengths exhibited exceptionally
high VIP scores ranging from 2.30 to 3.13. The most critical
wavelengths identified by the network were centered at 286.757
nm, 814.506 nm, 254.978 nm, and 287.120 nm. These wave-
lengths are expected to exhibit high regression coefficients and
high variable importance in projection (VIP) scores, indicat-
ing strong contributions to predicting total gingerol content.
The sensitivity of these regions to both aromatic and carbonyl
chromophores enhances the robustness and predictive perfor-
mance of the model. Importantly, these chemically relevant
wavelength regions also play a critical role in chemometric
modeling.

4. CONCLUSIONS

This study successfully evaluated the use of UV-Vis spectroscopy
combined with chemometrics as a non-destructive tool for
monitoring the quality parameters of fresh Indonesian red gin-
ger according to harvest age. The raw spectral characteristics of
the fresh, wet rhizome matrix revealed major absorbance bands
in the ultraviolet region (220-450 nm), heavily dominated
by complex, overlapping electronic transitions from gingerol

© 2026 The Authors.
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homologs, alongside prominent baseline shifts and moisture-
induced light scattering typical of undried biological tissues.
The best classification model using SVM as a supervised classi-
fication method was obtained from the preprocessed spectral
data using Baseline+D1, with accuracy = 0.91, precision = 0.93,
f1-score = 0.91, and recall = 0.91. For quantitative estimation,
the ANN paired with SGs+D1 with 2 hidden nodes delivered
the best predictive capability (R% = 0.66, r = 0.74). However,
its high prediction errors (RMSEP = 0.8317) and limited RPD
ceiling (<1.36) indicate that it remains constrained for absolute
high-precision quantification due to water-matrix interferences.
Crucially, this research offers a substantial practical contribu-
tion to the development of post-harvest agricultural technology
and the phytopharmaceutical industry. The highly accurate
classification model developed in this work provides a solid sci-
entific foundation for the design of rapid, automated, and cost-
effective sorting systems for fresh Indonesian red ginger raw
materials. Instead of relying on destructive, time-consuming
chemical assays, industrial processing plants can deploy this
spectroscopic framework at the reception gate to fast-track
screening.
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