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Food fraud, particularly in coffee, is increasingly prevalent worldwide and poses
significant risks to consumers. This study aimed to analyze the purity of coffee
products in the Bandar Lampung market and evaluate the validity of Fourier
Transform Infrared (FTIR) spectroscopy and chemometric methods. The research
methodology includes preparing reference standards, coffee sampling from
various sellers in Bandar Lampung, establishing calibration and validation sets,
performing FTIR analysis, and data processing using Principal Component
Analysis (PCA) and Partial Least Squares (PLS) with Minitab software. A total of
five coffee samples collected from the Bandar Lampung market were analyzed,
and this work should be considered a preliminary investigation due to the limited
sample size. PCA was employed as an exploratory tool to classify coffee types and
identify potential adulterants. The PCA results indicated that samples A, B, and C
clustered closely with the robusta coffee standard, while samples D and E showed
slight deviation, exhibiting spectral characteristics associated with corn powder.
These findings are consistent with the regional context of Lampung, one of the
major coffee-producing regions in Indonesia, where robusta is predominantly
cultivated. In addition, PCA suggests that corn is the dominant adulterant
compared to rice. Based on these observations, the quantitative analysis was
performed using a PLS model developed from robusta coffee and corn adulterant
mixtures. The model demonstrated high apparent internal performance under
the present experimental conditions (R? > 0.999), with relatively low calibration
and prediction errors. However, these results should be interpreted with caution
due to the limited number of samples and calibration design, which may increase
the risk of overfitting. The estimates are therefore specific to the studied mixtures
and experimental conditions. Predictions from the PLS model indicate that
robusta coffee content in the sampled products ranges from approximately 71.7%
to 98.2%, reflecting variability in the composition of the analyzed samples. The
developed model is intended for quantifying corn adulteration in coffee samples
and demonstrates the potential of FTIR-chemometric approaches for rapid coffee
authentication.

1. Introduction

Indonesia is an agrarian country rich in natural

resource potential, particularly in the

This sector consists of five sub-sectors: food crops,
plantations, livestock, forestry, and fisheries. Among

these, the plantation sub-sector thrives, as most
plantation crops flourish in tropical climates such as
those found in Indonesia. Coffee is one of the key
plantation products of the country. According to the
Directorate General of Plantations, Indonesia ranks
fourth globally as a coffee producer, behind Brazil,

agricultural sector.
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Vietnam, and Colombia, with a total coffee plantation
area of approximately 1.262 million hectares. The
majority of this area (98.14%) is comprised of
smallholder plantations, while large estates account for
only 1.86% [1]. Among the coffee types cultivated, robusta
coffee dominates, covering 79.36% or approximately
968.88 thousand hectares, while arabica coffee accounts
for 20.64%, with an average area of 251.94 thousand
hectares. Coffee plantations in Indonesia are primarily
located on the island of Sumatra (approximately 60%),
while the remaining plantations are distributed across
Java (14%), Sulawesi (12%), Nusa Tenggara (10%), and
Kalimantan (3%). Specifically, in Sumatra, Lampung
Province is the second-largest coffee producer, yielding
117,311 tons annually [2].

Coffee (Coffea sp.) is a flagship plantation crop that
significantly contributes to the country’s foreign
exchange earnings [3]. With its high economic value,
coffee is a vital source of income for over 1.5 million coffee
farmers in Indonesia [4]. Moreover, coffee is one of the
most popular beverages worldwide and among the most
widely traded agricultural commodities.

Perceptions of coffee quality vary from producers to
consumers. At the exporter and importer levels, coffee
quality is influenced by several factors, including bean
size, defect count, regulations, product availability,
characteristics, and pricing. In coffee powder processing,
quality is determined by aspects such as moisture
content, stability of characteristics, origin, price,
biochemical components, and flavor quality. At the
consumer level, coffee choices are influenced by price
considerations, aroma, taste preferences, health impacts,
and environmental and social concerns [5]. Purity is a key
determinant of coffee quality. Especially during imports,
effective monitoring of supply is challenging, often
relying on taste tests as indicators of product quality.
Standards for maximum acceptable carbohydrate content
have been established through ISO analysis and national
regulations in England (BSCPIA/BSCMA 1995) and France
(Syndicat Frangais des Fabricants de Café Soluble 1999)
[6].

Currently, food fraud, particularly in coffee
commodities, is on the rise in Indonesia, resulting in
adverse effects for consumers [7]. Visually detecting
mixed materials in ground coffee is difficult, particularly
when adulterants have similar color and particle size.
Various substances have been reported as coffee
adulterants, including corn, rice, maize, soybeans,
chicory, barley, and coffee husks, which are often used to
reduce production costs [8]. In this study, corn and rice
were selected as representative adulterants due to their
widespread availability, relatively low cost, and physical
characteristics that resemble ground coffee, making
them suitable for intentional mixing. In addition, both
commodities are commonly produced in the Lampung
region, providing a practical basis for their potential use
in local coffee adulteration practices. The economic
incentive to substitute or partially replace coffee with
these materials is driven by the price difference between
coffee and these agricultural products, which can lead to
increased profit margins for unscrupulous producers.

Therefore, the development of a rapid and reliable
method for detecting such adulteration is essential to
ensure product authenticity and protect consumers.

The choice of analytical methods for identifying,
discriminating, and authenticating the purity of natural
products focuses on the chemical components present in
these materials. Several laboratory techniques, including
High-Performance Liquid Chromatography (HPLC), Gas
Chromatography (GC), Thin Layer Chromatography
(TLC), and various spectroscopic techniques (UV-Vis,
FTIR, and NMR), combined with chemometric methods,
are available for this purpose [9].

The use of Fourier Transform Infrared (FTIR)
spectroscopy as an analytical technique is highly
advantageous due to its efficiency, speed, and cost-
effectiveness [10, 11]. FTIR spectra can differentiate
among various materials, even when additional
substances, such as corn and rice powders, are mixed with
coffee powder. The FTIR spectrum can effectively
distinguish between pure coffee and coffee mixed with
additives, even when the exact chemical composition is
unknown. However, the complexity of FTIR spectra can
pose challenges for direct interpretation and
visualization, making multivariate analysis techniques,
such as chemometrics, essential for simplifying this
process [12]. Multivariate analysis is a statistical
approach used to understand data structures in high-
dimensional spaces [13].

In cases of coffee adulteration, rice powder and corn
powder are frequently used as fillers because of their low
cost, availability, and visual similarity to ground coffee
[14]. The presence of such adulterants can compromise
the chemical composition, taste, and integrity of coffee
products. To address this issue, this study employs FTIR
spectroscopy combined with chemometric techniques,
specifically Principal Component Analysis (PCA) and
Partial Least Squares (PLS), to quantitatively detect and
differentiate adulterated coffee samples. This approach
aims to support efforts in safeguarding product quality
and consumer trust through accurate, non-destructive
analytical methods.

This research focuses on identifying both the type of
coffee (robusta or arabica) and detecting potential
adulterants in the coffee samples available in the Bandar
Lampung market. Robusta and arabica are the two most
widely cultivated coffee varieties in Indonesia, with
robusta accounting for nearly 80% of total production
[15]. Ensuring the authenticity of these coffee types is
essential, given their differing quality attributes and
market values [16].

In this study, PCA was employed as an exploratory
tool to classify coffee samples and identify potential
adulterants. This approach provides a basis for selecting
the most relevant coffee type and adulterant for further
quantitative analysis. Therefore, this study primarily
focuses on the analysis of robusta coffee adulterated with
corn using a PLS regression model, while arabica coffee
and rice are included as reference materials for
comparative and exploratory purposes.
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2. Experimental

This research applied FTIR spectroscopy combined
with chemometric analysis to evaluate the authenticity of
coffee products. The methodology included preparing
reference standards, collecting market samples,
acquiring spectra, and performing multivariate data
analysis using PCA and PLS. Model development and
validation were conducted to assess the accuracy and
reliability of the proposed approach. The experimental
procedures and analytical methods are described in detail
in the following subsections.

2.1. Materials and Tools

The materials used in this study consisted of arabica
coffee beans, robusta coffee beans (purchased from
certified coffee bean traders), rice, corn, distilled water,
and five commercial coffee powder samples obtained
from the Bandar Lampung market.

It should be noted that the number of samples used
in this study was limited (n = 5). In standard chemometric
practice, a larger sample size is generally required to
develop a robust and statistically reliable calibration
model. Therefore, the calibration model presented in this
work should be regarded as preliminary and exploratory
in nature.

The instruments and equipment used in this study
included bowls, a blender, baking trays, sieves, a mortar
and pestle, spatulas, an analytical balance, plastic bottles,
scissors, labels, an FTIR spectrophotometer, a personal
computer, and Minitab 19 software.

2.2. Preparation of Pure Coffee Standards

The preparation of pure coffee samples involved
selecting medium-roasted arabica and robusta coffee
beans. The beans were then ground into powder [17].

2.3. Preparation for Coffee Adulterants

The preparation of adulterants was carried out using
corn and rice. Corn powder was prepared from husked dry
corn through milling followed by sieving. Rice powder
was prepared by washing the rice, followed by milling and
sun-drying; after drying, the powder was sieved [18]. To

ensure comparable thermal treatment and minimize
spectral  differences resulting from processing
conditions, both rice and corn standards were roasted
prior to grinding under the same conditions as the coffee
standard (210°C for 10 minutes) [19].

2.4. Preparation of Calibration and Validation Sets

The calibration and validation sets were prepared by
mixing arabica or robusta coffee with corn powder or rice
powder at predetermined concentrations. The validation
set was prepared independently of the calibration set
using mixtures of known composition. These validation
samples were not selected based on PCA results but were
specifically designed to evaluate the predictive
performance and generalization capability of the PLS
model. This procedure was carried out to assess the ability
of the model to identify coffee powder and detect
adulterants in commercial market samples.

A calibration set consists of samples with known
categories or compositions that are used to construct a
chemometric classification model [20]. In this study, the
calibration set included concentration levels of 0, 20, 40,
60, 80, and 100%. The 0% concentration corresponded to
pure roasted corn or rice powder, whereas the 100%
concentration corresponded to pure arabica or robusta
coffee. The compositions used in the calibration set are
presented in Table 1.

The calibration model was developed using six
mixtures with varying composition ratios. However, it
should be noted that the number of samples used in this
study was relatively limited for chemometric modeling,
potentially reducing the robustness and generalizability
of the resulting PLS model. Therefore, the developed
model should be considered preliminary.

Table 1 presents the proportions of arabica or robusta
coffee mixed with roasted corn or rice powder at various
concentrations, ranging from 100% pure coffee to 100%
pure roasted adulterant, used to prepare the calibration
set. Each concentration level was prepared in duplicate.
Calibration and validation sets were constructed using
independently prepared mixtures to avoid pseudo-
replication and ensure model robustness.

Table 1. Mixture composition used for the calibration set

Arabica/robusta coffee Corn/rice powder Concentration Total mass Category
(mg) (mg) (%) (mg)
100 0 100 100 Pure coffee
80 20 80 100 Coffee mixture
60 40 60 100 Coffee mixture
40 60 40 100 Coffee mixture
20 80 20 100 Coffee mixture
0 100 0 100 Pure corn/rice powder
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2.5. Fourier Transform Infrared (FTIR) Spectrum
Measurement

The calibration and validation sets were prepared by
mixing corn or rice powder with arabica or robusta coffee
at predetermined composition levels. These sample sets
were used to evaluate the ability of the chemometric
model to identify coffee powder adulteration in
commercial market samples.

All samples were analyzed using an Agilent Cary 630
FTIR Spectrophotometer equipped with a diamond
attenuated total reflectance (ATR) crystal. Powdered
samples were directly placed onto the crystal surface and
measured under consistent pressure to ensure
reproducible contact. Spectral acquisition and
preprocessing were performed using the instrument
software, including ATR correction and pathlength
normalization, to improve spectral comparability among
samples. FTIR spectra were recorded in the range of
4000-650 cm* with a spectral resolution of 4 cm-% Each
spectrum was obtained by averaging 32 co-added scans to
improve the signal-to-noise ratio, while background
spectra were collected under identical conditions prior to
sample analysis. Each sample was measured in duplicate

(9.

Prior to analysis, all samples were stored under
controlled conditions to minimize moisture variation,
since moisture can significantly influence FTIR spectra,
particularly in the O—H stretching region.

2.6. Chemometric Analysis

Prior to PLS modeling, autoscaling was applied to the
spectral data to ensure that all variables contributed
equally to the analysis. PLS regression was then
performed using the nonlinear iterative partial least
squares (NIPALS) algorithm.

The optimal number of latent variables (LVs) was
determined based on the minimum root mean square
error of cross-validation (RMSECV) value. Based on this
criterion, two latent variables were selected for the final
model to minimize overfitting while maintaining model
robustness. Cross-validation was carried out using the
leave-one-out method.

An independent validation set of separately prepared
mixtures was used to evaluate the predictive performance
of the model, thereby minimizing the risk of pseudo-
replication and overfitting. This approach is consistent
with commonly recommended practices in chemometric
modeling. Model performance was evaluated using
RMSECV, RMSEC, and RMSEP, along with residual
analysis to assess prediction errors.

3. Results and Discussion

This section presents the results of FTIR
spectroscopy combined with chemometric analysis for
the identification of adulteration in coffee products. PCA
was first employed to evaluate spectral variations and
clustering patterns among samples, followed by PLS
regression for quantitative prediction of coffee purity and
adulterant concentration. The performance of the
developed models was further evaluated to assess their

predictive capability and potential applicability for coffee
authentication.

3.1. Sampling Locations

This research aimed to assess the authenticity of
coffee products available in the Bandar Lampung City
market, located in the southern region of Sumatra Island,
Indonesia. The study involved several key steps:
preparing standard samples of arabica coffee, robusta
coffee, roasted rice powder, and roasted corn powder;
collecting commercial coffee powder samples from
various local markets in Bandar Lampung (5.4294° S,
105.2625° E); and performing qualitative and quantitative
analysis using FTIR spectroscopy. All standard materials,
including arabica and robusta coffee beans, rice, and corn,
were obtained from certified coffee shops and traditional
markets within the city.

The commercial coffee samples were randomly
selected from different locations, as illustrated in
Figure 1. The relatively small number of samples used in
this study represents a significant limitation. In
chemometric modeling, a larger dataset (typically more
than 20 mixtures) is generally recommended to ensure
statistical validity and to minimize the risk of overfitting.
FTIR spectra were recorded for all samples, and the
resulting data were analyzed using Minitab 19 software to
develop and validate the chemometric models.

3.2. FTIR Spectral Analysis of Coffee and Adulterants

FTIR spectroscopy was employed to analyze the pure
standards of arabica coffee, robusta coffee, roasted rice
powder, and roasted corn powder. The resulting IR
spectra, shown in Figure 2, reveal several distinctive
peaks that enable differentiation between coffee and
potential adulterants based on their chemical
composition. A prominent peak at 3272 cm™!, observed
with stronger intensity in rice and corn powders than in
coffee samples, is associated with O-H stretching
vibrations, likely due to the higher starch content in these
adulterants. In contrast, a characteristic peak at
3008 cm™!, attributed to C=C stretching in cis double
bonds from lipid compounds, appears only in arabica and
robusta coffee, highlighting the lipid-rich profile unique
to coffee.
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Figure 1. Sampling locations in Bandar Lampung,
Indonesia. Base map source: Badan Informasi Geospasial
(BIG) [21]
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Figure 2. FTIR spectra of coffee and adulterant standards
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Figure 3. FTIR spectra of robusta coffee, corn flour, and
samples A-E

In the 2922 cm™ region, all four samples exhibit
peaks; however, the absorbance is notably higher in
coffee, suggesting a greater concentration of aliphatic
C—- H groups. Similarly, at 2855 cm~, absorbance bands
appear exclusively in the coffee samples, corresponding
to symmetric and asymmetric C—H stretching in methyl
and methylene groups, primarily found in lignin, a
structural polymer abundant in coffee beans.

A series of carbonyl-related peaks further
distinguishes coffee from the adulterants. The band at
approximately 1745 cm™ is associated with C=0
stretching vibrations, although this region is complex
and may include contributions from lipids, chlorogenic
acid derivatives, caffeine-related compounds, and other
constituents. Therefore, assigning this peak to a single
compound, such as quinic acid, should be interpreted
cautiously [22]. Peaks at 1699 cm-'and 1648 cm-! are also
stronger in coffee and correspond to C=0 vibrations from
free fatty acids and other carbonyl-containing
compounds. The 1600 cm™ peak likely reflects
contributions from secondary metabolites such as
caffeine, trigonelline, and nicotinic acid, which are
characteristic of coffee.

The region from 1458 to 1373 cm™ exhibits more
intense bands in coffee, attributed to aliphatic C-H

bending vibrations. Additional peaks at 1237, 1150, and
1022 cm?, observed only in coffee samples, are linked to
C-O0 stretching vibrations in esters and polysaccharides
such as chlorogenic acid and lignin. In contrast, rice and
corn powders exhibit higher absorbance in the 992-702
cm region, which is commonly associated with
glycosidic C—0—-C stretching vibrations in amylose and
amylopectin, the primary components of starch.

The band observed at approximately 812 cm~! shows
relatively higher absorbance in coffee samples and may be
attributed to out-of-plane C—H bending vibrations of
alkenes. However, this band is not uniquely specific and
should be considered as a supporting spectral marker,
possibly related to unsaturated components such as fatty
acids present in coffee [23].

3.3. Characterization of Coffee Samples Using FTIR
Spectroscopy

The FTIR spectra of the coffee samples (Figure 3)
revealed peaks at wavenumbers consistent with those of
the coffee and adulterant reference standards. Samples A,
B, and C showed strong absorbance at 3008 cm™ and
1237 cm™, characteristic of robusta coffee, indicating
close similarity to the pure robusta reference. In contrast,
samples D and E exhibited prominent peaks at 3272 cm™!
and 992 cm™, corresponding to starch-rich materials
such as corn flour, suggesting possible adulteration.
While the peak positions across the samples were
generally similar, differences in absorbance intensity
indicate variations in the concentration of specific
components. These intensity differences provide insight
into the relative purity of the samples and the potential
presence of adulterants.

3.4. Chemometric Analysis Using Principal Component
Analysis (PCA)

PCA is amultivariate technique that reduces a dataset
by transforming correlated variables into a smaller
number of uncorrelated variables, known as principal
components (PCs), which capture the maximum variance
[24]. The first principal components (PC1 and PC2)
account for the largest proportion of variance in the data
and thus reflect the main underlying structure. Higher-
order components, on the other hand, tend to capture less
systematic variation and may represent noise [25].

In this study, PCA was employed as a qualitative tool
to examine clustering patterns of the coffee samples
relative to four reference standards: arabica coffee,
robusta coffee, rice powder, and corn powder. The
dominant standard component was later used to
construct calibration and validation sets for quantifying
adulteration levels.

FTIR spectra in the 4000—-650 cm™ region served as
the basis for PCA, with specific wavenumbers selected for
their diagnostic peaks. Transmittance values were
converted to absorbance, and both single and duplicate
measurements were included to enhance data reliability.
The resulting eigenvalues, summarized in Table 2,
illustrate the proportion of variance explained by each PC
and support the discrimination between pure and
adulterated coffee samples.
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Table 2. PCA eigenvalues and explained variance

Component Eigenvalue Proportion Cumulative
PC1 8.0355 0.670 0.670
PC2 2.8432 0.237 0.907
PC3 0.7720 0.064 0.971
PC4 0.2439 0.020 0.991
PCs5 0.0488 0.004 0.995
PC6 0.0259 0.002 0.997
PC7 0.0201 0.002 0.999
PC8 0.0068 0.001 1.000
PC9 0.0029 0.000 1.000
PC10 0.0008 0.000 1.000
PC11 0.0000 0.000 1.000
PC12 0.0000 0.000 1.000

Eigenvalues reflect the proportion of variance
explained by each PC in a dataset [26]. A commonly used
criterion considers PCs with eigenvalues > 1 as significant
contributors to data variation, while those < 1 are
considered less influential [27].

As shown in Table 2, the first principal component
(PC1) has the highest eigenvalue of 8.0355, accounting for
67.0% of the total variance. The second component (PC2)
explains an additional 23.7%, with an eigenvalue of
2.8432. Together, PC1 and PC2 capture 90.7% of the total
variation, which is sufficient for meaningful data
interpretation and dimensionality reduction.

To determine the optimal number of PCs to retain, a
scree plot is used (Figure 4). This plot displays the
eigenvalues against the component numbers, helping to
visualize the point at which additional components
contribute minimally to explaining the variance. Based on
the scree plot, PC3 has an eigenvalue of 0.7720, which is
below the threshold of 1, indicating limited contribution
to data variation and reduced reliability for
interpretation. Therefore, only PC1 and PC2, both with
eigenvalues greater than 1, were selected. This reduction
suggests that the original 12 variables can be effectively
represented in two dimensions, as illustrated in the score
plot (Figure 5).

9
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Figure 4. Scree plot of PCA eigenvalues from selected
wavenumber peaks
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Figure 6. 3-dimensional PCA plot

The PCA score plot visualizes sample grouping based
on variance along PC1 and PC2, which accounted for the
largest proportion of total variance [26]. As shown in
Figure 5, samples A, B, and C (including their duplicates)
clustered closely with the robusta coffee standard,
suggesting strong compositional similarity. In contrast,
samples D and E appear more distant from the robusta
standard, with the duplicate of sample E positioned
nearer to the corn powder standard, indicating possible
adulteration. The proximity of sample E to the corn
reference in the PCA space may indicate similarities in
spectral characteristics. Nevertheless, this observation
should be interpreted cautiously, as no complementary
analytical methods were used to confirm adulteration.

The plot clearly shows how samples and standards
are grouped by spectral similarity. The closer the position
of points, the higher the similarity between the sample
and reference [28]. A 3-dimensional PCA plot (Figure 6)
provides additional visualization, especially for the
differentiation between coffee and corn powder
standards.

3.5. Chemometric Analysis Using Partial Least Squares
(PLS)

Based on Figures 7 and 8, differences in absorbance
at observed peaks are noted, particularly at wavenumbers
3008 and 1237 cm-. As the concentration increases, the
resulting spectrum becomes closer to that of robusta
coffee. Conversely, at wavenumbers 3272 and 992 cm™,
lower concentrations result in a spectrum resembling
that of corn powder. The variations in absorbance and the
resulting spectrum are likely influenced by the presence
and proportion of the mixture of robusta coffee and corn
powder concentrations.
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Data from the calibration and validation sets are
processed using the PLS method. This method is typically
represented in a graph showing the correlation between
actual  concentration (x-axis) and predicted
concentration (y-axis), obtained through a combination
of FTIR spectroscopy and chemometric analysis [29]. The
aim of using the PLS model is to mitigate the impact of
numerous irrelevant predictors on data variability,
thereby improving predictive accuracy and model
performance [30]. The effectiveness of the PLS
multivariate calibration technique is assessed using
parameters like R-Square (coefficient of determination)
and Root Mean Square Error (RMSE) [31]. An R-Square
value closer to 1indicates a stronger relationship between
the predictors and the response, whereas a lower RMSE
value indicates reduced prediction error and better model

quality [32].
3.6. Development of the PLS Calibration Model

The calibration set was used to develop a predictive
model that establishes correlations between the spectral
data (predictors) and adulterant concentration (response
variable). PLS regression produced a high correlation
coefficient (R) of 0.999981 and a Root Mean Square Error
of Calibration (RMSEC) of 0.14%. The PLS model showed
a very high degree of fit to the calibration data, with low
calibration error. However, these results should be

interpreted with caution, as the limited number of
samples may increase the risk of overfitting and lead to an
overestimation of model performance. The extremely
high R? values and low RMSEC observed in this study are
likely influenced by the small size of the calibration
dataset. In practical spectroscopic applications, such
near-perfect linearity is uncommon and may indicate
that the model is overfitted to the available data.
Consequently, the reported performance primarily
reflects the model's ability to fit the calibration dataset
rather than its predictive capability for independent
samples. The very low RMSEC demonstrates minimal
error during calibration, confirming the model’s
reliability in quantifying adulteration levels [33]. The
calibration analysis curve is shown in Figure 9.

3.7. Evaluation of Calibration Model Using Validation
Set with PLS

The validation set was employed to assess the
predictive accuracy of the calibration model. Using PLS
regression, the validation results showed a high
correlation coefficient (R) of 0.999926 and a Root Mean
Square Error of Prediction (RMSEP) of 0.66%. An R2 value
close to 1 indicates that the model effectively explains
most of the variation in the response variable, while the
low RMSEP reflects minimal error in predicting
adulterant concentrations during validation [34]. The
validation curve is presented in Figure 10.

The PLS plots (Figures 9 and 10) show a strong linear
relationship between predicted and actual values.
However, this apparent agreement should be interpreted
with caution, as the limited number of samples may
contribute to an overfitting effect, resulting in an
artificially high degree of linearity.

10 —&— Finsd
¥ =0,0347 +0,0023
R?=0.999981

80

60

40

Calenlated Response

0 20 40 60 80 100
Actual Response

Figure 9. PLS response plot (calibration set)
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Figure 10. PLS response plot (validation set)
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The limited number of calibration samples (n = 6)
represents a significant limitation of this study. In
chemometric modeling, such a small dataset increases
the likelihood of overfitting, where the model closely fits
the calibration data but may not generalize well to new
samples. This may explain the extremely high R> values
obtained in this study. Therefore, the reported model
performance should be interpreted with caution, as it may
overestimate the true predictive capability of the model.

In addition to peak identification, the quantitative
analysis is based on variations in absorbance intensity
across the FTIR spectra. Changes in absorbance at specific
wavenumber regions, particularly those associated with
carbonyl and carbohydrate-related vibrations, contribute
to the differentiation between pure coffee and adulterated
samples. These spectral variations are captured by the
PLS model, which establishes a multivariate relationship
between spectral intensity and adulterant concentration.

To further evaluate model performance, the PLS
model was assessed using cross-validation, yielding a low
RMSECV value, which is consistent with the low RMSEC
and RMSEP values obtained. Residual analysis showed no
systematic trend when plotted against the reference
concentration, indicating that the model errors were
randomly distributed.

Cross-validation was conducted using a leave-one-
out approach, which provides an internal safeguard
against overfitting, particularly for small datasets. The
selection of two latent variables based on the minimum
RMSECYV further supports the robustness of the model.

However, it should be noted that the calibration
design, consisting of six concentration levels (0-100% at
20% intervals), may inherently favor smooth
interpolation. Therefore, the high predictive performance
observed in this study reflects the controlled
experimental conditions and limited compositional
space. Accordingly, the precision of predicted values
should not be overinterpreted, and results are reported to
one decimal place, consistent with the RMSEP value
(2 0.66%).
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Figure 11. Bar chart of estimated robusta content in
coffee samples

Figure 11 presents the robusta content of individual
samples using a bar chart, providing a direct comparison
of the estimated values across the analyzed samples.
These values were derived from the PLS model, which
establishes a multivariate relationship between FTIR
spectral intensity and the concentration of reference
standards. The predicted robusta content ranged from
approximately 71.7% to 98.2%, with samples A-C
showing higher values and samples D and E exhibiting
lower values, indicating greater compositional
variability.

It should be noted that these estimates reflect the
similarity of the samples to the robusta—corn mixtures
defined in the PLS model, as rice was not included in the
quantitative analysis. Furthermore, the qualitative trend
observed in the PCA score plot, where samples D and E are
positioned closer to the corn reference, is consistent with
the lower robusta content predicted by the PLS model,
thereby supporting the agreement between the
exploratory and quantitative analyses.

4. Conclusion

This study demonstrates that FTIR spectroscopy
combined with chemometric techniques can be applied as
a rapid approach for evaluating the purity of coffee
samples. PCA results indicated that the main variation in
the dataset could be effectively described by two principal
components. The samples were generally grouped near
the robusta reference, although some samples showed
spectral similarities to corn, suggesting possible
compositional differences that should be interpreted
cautiously. The estimated robusta content in coffee
samples from the Bandar Lampung market ranged from
approximately 71.7% to 98.2%, indicating variability in
sample composition. However, given the limited number
of calibration samples used in this study, the developed
PLS model may be prone to overfitting and should be
considered preliminary. Overall, the proposed method
shows promising potential as a rapid screening tool for
coffee authentication. Further studies involving a larger
and more diverse dataset, along with additional
validation methods, are required to improve the
reliability and general applicability of the model.
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