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ABSTRACT

Ensuring authenticity of edible oils is vital for consumer trust, regulatory compliance and permissibility assurance, particu-
larly for Muslim consumers. This study introduces a spectral biosensing strategy using Fourier transform infrared spectroscopy
coupled with attenuated total reflectance (FTIR-ATR) and chemometric modelling to detect lard adulteration in palm oil (PO)
under thermal stress. PO samples spiked with 1%-50% v/v lard were heated from 25°C to 200°C for 30 min, simulating industrial
and culinary conditions. FTIR-ATR spectra showed distinct shifts in carbonyl and fingerprint regions due to lard incorporation
and heat-induced lipid degradation. Discriminant analysis (DA) achieved 100% classification accuracy across the full spectrum
(4000-650cm™'), demonstrating strong discriminatory power. Partial least squares—discriminant analysis (PLS-DA) identified
the fingerprint region (1000-650 cm™!) as most diagnostic, yielding robust performance with R*?Y=0.895, R>2X=1.000, Q>=0.893
and 100% correct classification in both training and validation datasets. Principal component analysis (PCA) revealed clear
clustering of pure and adulterated samples, even under severe thermal conditions. Moreover, using the optimised FTIR-ATR/
PLS model, the lard adulteration in thermally treated PO could be reliably detected at levels as low as 1% v/v with LOD and LOQ
ranges of 0.01%-1.14% and 0.02%-3.34% v/v, respectively. These findings position FTIR-ATR with multivariate chemometrics as
a rapid, nondestructive and thermally resilient platform for lard detection in PO. The approach extends to broader food quality

and safety monitoring in real-world processing scenarios.

1 | Introduction

Food adulteration is a critical global concern that undermines
consumer trust; compromises food quality, especially in the case
of permissibility products; and poses serious religious and ethi-
cal implications [1, 2]. Among many edible oils, palm oil (PO) is
particularly vulnerable to adulteration with lard due to its simi-
lar physico-chemical characteristics, making detection through

© 2026 John Wiley & Sons Ltd.

conventional methods challenging [3]. For Muslim consumers,
the presence of porcine derivatives such as lard in food products
is strictly prohibited, thereby necessitating reliable and robust
analytical approaches for permissibility authentication [4].

In recent years, Fourier transform infrared spectroscopy cou-
pled with attenuated total reflectance (FTIR-ATR) has emerged
as a promising biosensing technology for authentication of
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edible oils and fats. Unlike conventional wet chemistry assays
or conventional separation techniques such as gas and liquid
chromatography, FTIR-ATR is rapid and non-destructive in-
strument and requires minimal sample preparation, while
simultaneously offering molecular-level information through
the vibrational signatures of the fatty acid properties in the
samples [5, 6]. These properties align FTIR-ATR with the
broader category of biosensing spectral technologies, as it en-
ables sensitive, label-free detection of biochemical changes
in complex food matrices, particularly when integrated with
chemometric modelling [7, 8]. In this context, biosensing does
not necessarily require a biological recognition element but
encompasses spectral sensing approaches capable of identify-
ing biomarkers or adulterants relevant to food safety and au-
thentication [9, 10].

The application of FTIR-ATR to edible oils has been widely
reported, with successful discrimination of adulterated from
pure samples achieved through chemometrics such as prin-
cipal component analysis (PCA), discriminant analysis (DA)
and partial least squares-discriminant analysis (PLS-DA)
[11, 12]. Particularly, the fingerprint region (1000-650 cm™!) of
the FTIR spectrum is highly diagnostic, capturing compound-
specific vibrations that differentiate animal fats from vegeta-
ble oils [13, 14]. However, the impact of thermal processing,
which is a common step in food preparation, on the spectral
integrity and classification performance of such biosensing
strategies remains underexplored. Because thermal treatment
can induce lipid oxidation, degradation and structural rear-
rangements, understanding its influence is essential for devel-
oping thermally resilient permissibility verification methods
[15, 16].

Accordingly, this study investigates the potential of FTIR-ATR
spectroscopy as a spectral biosensing technology to detect lard
adulteration in palm oil exposed to various thermal treatments.
The approach utilises the sensitivity of vibrational spectroscopy
as part of the biosensing technology that is able to capture sub-
tle molecular fingerprints associated with lipid structural vari-
ations while integrating advanced multivariate chemometric
analysis to enhance discrimination and classification accuracy.
Establishing by robust, rapid and non-destructive analytical
instrument, this work not only addresses critical and crucial
requirement for permissibility verification or authentication
but also contributes significantly to the broader domain of bio-
sensing technologies, particularly in ensuring food authenticity,
quality assurance and safety monitoring in complex processing
environments.

2 | Materials and Methods
2.1 | Materials

Palm oil (brand: Vesawit, origin: Malaysia) was purchased
from a local grocery store in Pagoh, Johor, Malaysia. Standard
lard and palm oil were purchased from Sigma-Aldrich, United
States, whereas ethanol was purchased from R&M Chemicals,
United Kingdom. The standard lard and palm oil were of
analytical grade and were used as supplied without further
processing.

2.2 | Heat Treatment of Oil Samples

To prepare the adulterated samples, lard was mixed into PO at
various concentrations of 1%, 5%, 10%, 20%, 30%, 40% and 50%
(v/v), whereas standard PO and lard oil were used as the oil con-
trols. Each mixture was homogenised with constant stirring to
ensure uniform distribution of the lard in the palm oil matrix.
Oil samples at 25°C were used as the control temperature. The
samples were then heat treated for 30 min at different cooking
temperatures of 50°C, 100°C, 150°C and 200°C to stimulate
standard thermal processing conditions.

2.3 | Colour Analysis

All oil-adulterated samples were subjected to colour analysis
with a colorimeter (Hisuc, China). The evaluation focused on the
assessment of changes in visual properties, especially colour and
clarity. This evaluation was based on the CIE colour space sys-
tem, in which L* indicates the degree of lightness, a* represents
the red-green spectrum and b* corresponds to the yellow-blue
spectrum. These parameters provide a quantitative measure of
the colour variations that are influenced by thermal processing.

2.4 | The FTIR-ATR Measurement

The FTIR measurement of the individual oil-adulterated sam-
ples after heating treatments was recorded in the wavenumber
of 4000-650cm™! range at ambient temperature of 25°C, respec-
tively. For each spectrum, 32 scans were accumulated using the
FTIR-ATR Nicolet iS5 instrument (Thermo Scientific, United
States). The spectral data were processed using OMNIC software
(Thermo Scientific, United States) with a moving mirror optical
velocity of 0.4747 cms~! and Happ-Genzel apodisation. The phase
correction was performed using the Mertz method. The IR mea-
surement was performed with a resolution of 4cm™'. The ATR
diamond was carefully cleaned with ethanol between every indi-
vidual measurement and dried before new samples were applied.

2.5 | Multivariate Analysis of Variance
2.5.1 | Dataset Preprocessing

The FTIR-ATR spectra were acquired in a CSV (Comma-
Separated Values) file using Microsoft Excel and then exported
to XLSTAT software (Version 2019, France) [17]. The prepro-
cessing steps included outlier detection, data transformation
and a test for adequacy of the data set with a significance level
of ¢ =0.01. The spectral transmittances were divided into seven
different wavenumber ranges: 1000-650, 1500-1001, 2000-
1501, 2500-2001, 3000-2501, 3500-3001 and 4000-3501 cm™.
These regions were identified through a systematic two-step
approach. First, the FTIR-ATR spectra were visually inspected
using OMNIC software (Thermo Scientific, United States) and
absorption bands were assigned to functional groups based on
established lipid FTIR literature including the C-H stretching
(3000-2800cm™), carbonyl C=0 stretching (1744cm™) and
fingerprint regions of 1000-650cm™". Second, the full spec-
trum was systematically segmented into seven equal-width
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regions to ensure unbiased coverage of all chemically relevant
windows. Chemometric models (DA, PLS-DA and PCA) were
then independently applied to each region, and the most di-
agnostic spectral window was identified based on model per-
formance metrics (R?Y, Q? and classification accuracy). This
approach ensured that region selection was both chemically
justified and empirically validated.

2.5.2 | The Kaiser-Meyer-Olkin (KMO) Test

All preprocessed data were subjected to the KMO test at a signif-
icant level of «=0.01 to assess their suitability for latent variable
extraction. The resulting KMO statistic was interpreted against
established benchmarks: KMO < 0.5 denoted an inadequate data-
set; those 0.5 < KMO < 0.7 were deemed passable; 0.7 < KMO < 0.8
were classified as good; 0.8 <KMO <0.9 indicated a very good
dataset; and KMO > 0.9 were considered excellent. The stringent
evaluation ensured that only datasets meeting the predefined ade-
quacy criteria advanced to subsequent multivariate analyses.

2.5.3 | Dataset Transformation

Prior to conducting PCA, the distributional properties of the
preprocessed dataset were rigorously evaluated to ensure com-
pliance with the assumption of normality. Specifically, the
Shapiro-Wilk test was applied at a stringent significant thresh-
old of a=0.01, whereby any series of measurement yielding a p
value below this cutoff would indicate a departure from normal-
ity. To mitigate such deviations and achieve a standardised scale
across variables, the dataset was then subjected to a transforma-
tion using the unbiased (n—1) standard deviation method. This
two-step procedure of normality testing followed by variance-
standardising transformation both safeguarded the integrity of
the PCA and optimised the extraction of meaningful principal
components (PCs) for downstream multivariate interpretation.

2.5.4 | The Discriminant Analysis

The DA was used to develop a model that distinguishes be-
tween pure and adulterated PO with lard samples at different
temperature using the FTIR spectra. A ‘cluster’ label was added
to the datasets to classify samples as either blank or adulterated.
The model, built at a significance level of «=0.01, combined
spectral features with the 4000-650cm™! range to separate the
sample groups. Statistical tests, including F statistics and Wilks'
lambda p values were used to identify significant spectral dif-
ferences. The model's classification accuracy was validated
using training and cross-validation datasets, and the differ-
ences between blank and adulterated samples were confirmed
through Fisher distance values and associated p values.

2.5.5 | The Partial Least Squares-
Discriminant Analysis

The PLS-DA was used to develop a model for identifying adul-
teration in PO and lard samples at different temperature using
the FTIR spectra. A ‘cluster’ label was added to the datasets to

classify samples as either blank or adulterated. The PLS-DA
was performed at a significance level of a=0.01, projecting
the spectral data onto a latent variable space optimised to dis-
tinguish between classes. The model assigned each sample to a
class based on its FTIR spectrum and calculated discriminant
scores for classification. The model's performance was evalu-
ated using several metrics: R?Y (goodness-of-fit to the response),
R?X (variance explained in the predictors) and Q? (predictive ac-
curacy via cross-validation). Cluster differences were assessed
using Fisher distance and corresponding p values. The model's
predictive power was further validated on cross-validation and
test datasets by calculating the percentage of correctly classified
samples. Based on these statistical parameters and classification
results, the most effective PLS-DA model was selected.

2.5.6 | The Principal Component Analysis

The full FTIR-ATR spectra were extracted based on their trans-
mittance values to generate a comprehensive dataset for PCA.
Several wavenumber ranges of 1000-650, 1500-1001, 2000-1501,
2500-2001, 3000-2501, 3500-3001 and 4000-3501 cm™! were se-
lected, as they represent both the functional group and finger-
print regions of the spectra. These spectral regions were chosen
due to their high potential in capturing key molecular vibrations
that can effectively distinguish between different sample groups,
particularly for permissibility authentication purposes. Prior
to PCA, the dataset was preprocessed using the Pareto scaling
technique, which centres the data and scams each variable by
the square root of its standard deviation. This method enhances
moderate variations while preserving the data structure, making
it particularly suitable for spectroscopic analysis. As a result of
Pareto scaling, the distribution of the variables approached nor-
mality through the Gaussian distribution of the transformed
data. The number of PCs was optimised to obtain optimum dif-
ferentiation among samples. The differentiation result of samples
was observed using PCA score plot. Moreover, PCA model was
evaluated using its R? and Q? value to justify the good of fitness
and predictivity of the PCA model, respectively [18].

2.5.7 | Limit of Detection (LOD) and Limit
of Quantification (LOQ)

To establish the analytical sensitivity of the FTIR-ATR method,
the LOD and LOQ were determined from the PLS regression
calibration model built using the fingerprint region of1000-
650cm™! from the XLSTAT software. A univariate calibration
curve was constructed by plotting the predicted lard concentra-
tion (%v/v) against the reference concentration values. The LOD
and LOQ were calculated according to the ICH Q2(R1) guide-
line using the following equation:

3.30
LOD = —
< W
and
100
L = —
0Q="g @

where o is the residual standard deviation of the regression line
and S is the slope of the calibration curve. Additionally, a mul-
tivariate LOD was estimated as 3X RMSECYV derived from the
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PLS cross-validation results, consistent with established multi-
variate figures-of-merit approaches [19].

3 | Results and Discussion

3.1 | Colour Analysis of Thermally Treated
Lard-Adulterated PO

Table 1 shows the ANOVA of the colour analysis of the oil sam-
ple, in which the adulteration by lard significantly influences
the colour properties of the palm oil after thermal exposure. The
addition of lard led to significant changes in the L* a* and b*
values even at low concentrations (>10%), especially at frying
temperatures above 150°C. These trends indicate that colour
degradation is concentration dependent and increases under
thermal stress. The L* value, which represents lightness, gen-
erally decreased with increasing temperature, especially for
oil blends containing 30%-50% lard [20]. This decrease is due
to thermal degradation and polymerisation reactions during
heating, resulting in a darker oil shade. For example, the 50%
lard blend showed a decrease in L* from 43.15 at 0°C to 35.73 at
200°C. These results are consistent with previous studies, such
as Zhuang et al. [20], who reported decreasing L* values in fry-
ing oils due to Maillard reaction and oxidation reactions at high
temperatures. However, pure palm oil and blends with 1%-10%
lard showed relatively stable L* values at different temperatures,
suggesting that small amounts of lard adulteration may not be
visually detectable under mild thermal conditions.

The a* value, which indicates the red-green hue, increased sig-
nificantly in samples with a higher lard content and at higher
temperatures. Palm oil blends with 30%, 40% and 50% lard
showed a* values above 0.9 at 200°C, whereas pure palm oil
and less adulterated samples remained below 0.5. The b* values
(yellowing) were highest for pure lard and blends with moder-
ate lard concentrations. These changes can be attributed to the
altered fatty acid composition, the reduced antioxidant capacity
and the accelerated oxidative degradation caused by the addi-
tion of lard [20]. These results suggest that colour analysis can
be used as a preliminary method for permissibility authentica-
tion, as the unintentional or intentional presence of pork-derived
ingredients such as lard in foods raises significant religious and
ethical concerns among Muslim consumers. The result suggests
that colorimetric analysis could serve as a rapid, initial screening
tool to detect possible adulteration in processed oils. However,
because ANOVA also shows that slight adulteration (<10%) does
not cause statistically clear colour changes when slightly heated,
colour analysis alone is not sufficient for reliable permissibility
authentication. Thus, although ANOVA confirms its potential
utility as a preliminary approach, robust verification must be
achieved by integrating colour analysis with FTIR-ATR spectros-
copy and chemometric methods for sensitive and accurate detec-
tion of narrow adulteration.

3.2 | FTIR-ATR Spectral Characterisation of Pure
and Adulterated Oil Samples

The application of FTIR-ATR spectroscopy as a spectral bio-
sensing technology enables rapid, nondestructive and label-free

monitoring of molecular variations in edible oils. Coupling with
chemometric analysis, the biosensing approach allows sensitive
discrimination between pure and lard-adulterated PO, offering
a practical platform for permissibility authentication under real
processing conditions [21]. The FTIR-ATR spectra of PO, lard
and oil adulterated mixture exhibited characteristic absorp-
tion bands associated with triglyceride structure and fatty acid
composition [22]. In agreement with previous reports on edible
fats and oils whereby the three prominent regions dominated
the spectra of (i) the C-H stretching region (3000-2800cm™),
(ii) the carbonyl stretching region (1745-1740cm™") and (iii)
the fingerprint region (1500-650cm™") [7], the C-H stretch-
ing bands at ~2900cm™ of asymmetric CH, stretching and
~2850cm™ of symmetric CH, stretching are attributed to meth-
ylene groups in the long aliphatic chains of triglycerides. The
lard displayed slightly higher intensities in these bands com-
pared to PO, consistent with its higher proportion of long-chain
saturated fatty acids [23]. The C=0 ester carbonyl stretching
vibration appeared strongly near 1744cm™" in both oils, but its
relative intensity and sharpness varied with adulteration level
and thermal treatment. This variation reflects changes in the
glyceride's ester environment due to the differing unsaturation
levels between palm oil and lard.

The effect of heat treatment on the chemical composition of oil
samples was represented in the FTIR spectra in Figures 1 and
2 using oil sample mixed with 20% lard at different tempera-
ture ranges. In the fingerprint region, PO and lard showed al-
most similar spectral patterns, particularly for CH, bending
at ~1465cm~! and C-O-C stretching at ~1160cm™'. The latter
is associated with ester linkages in triglycerides and is sensi-
tive to both fatty acid composition and oxidation status [24].
A notable feature of the heat-treated samples was the weak-
ening and broadening of the C-O-C and C=0 bands, which
is consistent with the hydrolysis and oxidation reactions re-
ported for heated oils [25]. Notably, the peaks near ~1400 cm™!
correspond to a fluctuating CH, wagging or a symmetric
-COO vibration, whereas a weak atmospheric CO, band was
observed around 2400cm™!, consistent with previous FTIR-
ATR literature [26]. These spectral assignments are consistent
with established FTIR-ATR studies of lipid adulteration. The
differences in peak positions and intensities between pure
and adulterated samples, particularly in the carbonyl and
fingerprint regions at 1745 and 1000-650cm™, provided the
chemical basis for the strong classification performance ob-
tained with the DA and PLS-DA models. Previous work has
also shown that the fingerprint region is best suited to dis-
criminate between animal and vegetable fats, making it the
most robust spectral window for permissibility authentication
in thermally processed oils [27].

Importantly, these FTIR spectral changes are a direct expression
of the mechanism of fatty acid oxidation, as the initiation, propa-
gation and termination of the free radical reactions generate car-
bonyl and ester products that alter the vibrational signatures of the
oils. To better illustrate this process, Figure 3 shows the autoxi-
dation pathway of unsaturated fatty acids underlying the spectral
shifts observed in pure and adulterated samples.

Oxidation of fatty acids, also known as autoxidation, is a chemi-
cal process that degrades the quality of oils and leads to rancidity

40f 16

Journal of Chemometrics, 2026



TABLE1 | The ANOVA of colour analysis oil-adulterated lard blends at different temperature.

0Oil sample Temperature (°C) L* a* b*
100% lard 0 47.19+1.80° 0.03+0.022 5.94+0.43%0
50 43.24+1.28% 0.55+0.04° 5.53+0.0720
100 44.34+0.102 0.35+0.02P 5.38+0.02°
150 45.2740.602 0.45+0.02%¢ 6.01+0.142b
200 44.79 +2.022 0.5+0.06° 6.06 +0.420
100% PO 0 40.21 +0.36% 0.21+0.122 2.76 £0.29°
50 43.97+1.87% 0.36+0.15 4.26+0.49°
100 45.28+0.93¢ 0.27+0.052 3.96+0.09°
150 42.34+0.832b¢ 0.44+0.112 4.03+0.15°
200 41.42+0.57% 0.79+0.12° 4.20+0.19°
1% lard +99% PO 0 43.71 +0.75% 0.04+0.042 5.82+0.092
50 44.87+1.13b 0.16£0.042 5.71 +0.25%
100 42.95+0.5120 0.35+0.072b 5.35+0.012
150 39.54+1.962 0.75+0.23b¢ 5.02+1.182
200 40.12+1.86% 0.94+0.24°¢ 4.77+1.222
5% lard +95% PO 0 48.42+1.72¢ 0.09+0.052 4.85+1.312
50 43.16+0.41° 0.30+0.06* 5.56+0.07
100 41.63+0.20%° 0.43+0.022 5.62+0.00%
150 38.31 +1.60% 0.90+0.18¢ 4.37+1.17%
200 40.12+0.57% 0.70+0.09%° 5.77+0.342
10% lard +90% PO 0 45.87+1.042 0.06 +0.042 5.67+0.282
50 42.3740.20% 0.48 +£0.03" 5.514£0.042
100 40.98 +0.432 0.68 +0.06° 5.69+0.14%
150 39.77 +1.512 0.72+0.20° 5.33+0.67°
200 40.70+0.892 0.74+0.13" 5.8240.212
20% lard +80% PO 0 45.12+1.96% 0.26 +0.142 5.87+0.012
50 42.26 +1.04% 0.58 +0.102° 5.81+0.08?
100 41.19+0.6% 0.65+0.02° 5.85+0.062
150 41.81+1.032 0.61+0.10° 5.98+0.162
200 44.21+2.342 0.58 +£0.042b 6.27+0.10°
30% lard +70% PO 0 45.24+0.85° 0.28 +0.032 5.99+0.08?
50 40.46+1.72° 0.70+0.292° 5.26+0.23P
100 40.14+0.93° 0.78 +£0.052° 5.88+0.38°
150 37.95+1.522b 1.01+0.14° 4.64+1.08°
200 35.54+0.92% 0.91+0.13% 0.92+0.79%
40% lard + 60% PO 0 43.91+1.032 0.21+0.00? 4.23+0.912
50 41.28+1.83% 0.45+0.372b 3.55+0.142
100 39.43+1.332 0.99+0.14% 3.99+0.45%
(Continues)
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TABLE1 | (Continued)
0Oil sample Temperature (°C) L* a* b*
150 41.20+2.20? 0.43+0.262 3.90£0.272
200 38.7+1.00% 1.15+0.08° 4.07+0.29%
50% lard + 50% PO 0 43.15+0.15¢ 0.36+0.04% 4.19+0.33°
50 42.83+£1.57° 0.38+0.333 3.70£0.20%
100 40.18 +0.70% 0.7+0.0720 3.90+0.27°
150 37.32+0.74% 1.00+0.18% 3.46+1.06%
200 35.73+0.97% 1.03+0.15° 2.16 £0.872
Note: The result presented in the mean value + standard deviation (n=3). Values in the same column with different superscript letters are significantly different at
p<0.01.
—o powerful antioxidants such as tocopherols and tocotrienols (vi-
PO tamin E), these molecules readily donate a hydrogen atom to the
free radicals FA« and FA-OOs, neutralising them and stopping
the propagation cycle. The antioxidant itself becomes a stable,
W VYTV less reactive radical (A), which effectively interrupts the chain
a:‘l reaction and protects the oil from rapid degradation.
E Vv V v
E 3.3 | Discriminant Analysis of FTIR-ATR
W VT Spectral Data
DA of the FTIR-ATR spectral data over seven segmented wav-
enumber ranges of 1000-650, 1500-1001, 2000-1501, 2500—
: : . , . , 2001, 3000-2501, 3500-3001 and 4000-3501cm™! yielded
4000 3500 3000 2500 2000 1500 1000

Wavernumber (cm')

FIGURE1 | The FTIR-ATR spectra of PO, lard and 20% lard + PO.

of the oil itself [29]. The process occurs as a chain reaction of free
radicals that involves three main phases: initiation, propagation
and termination. In the initial phase, an external factor, for ex-
ample, heat, causes the unsaturated fatty acid (represented as
FAH) to lose a hydrogen atom. In PO, this typically occurs with
its unsaturated components such as oleic acid or linoleic acid.
This loss leads to an extremely unstable and reactive fatty acid
radical (FA.). In the subsequent propagation phase, known as
the self-sustaining cycle, most of the damage occurs as the FAe
reacts rapidly with atmospheric O, to form a fatty acid peroxyl
radical (FA-OOQp¢). This new, highly reactive peroxyl radical then
attacks another stable FAH in the PO and removes a hydrogen
atom from it. This reaction thus produces a fatty acid hydrop-
eroxide (FA-OOH) and, above all, a new FAe. This new radical
can now react with O,, repeat the cycle and continue the chain
reaction. The FA-OOH are unstable primary oxidation products
as they decompose easily, especially by heat, and turn into sec-
ondary products such as aldehydes and ketones. These carbonyl
groups are the cause of the undesirable ‘bad’ taste and rancid
odour in degraded oil.

The chain reaction is finally stopped when the free radicals are
neutralised or ‘quenched’. This occurs when two radicals com-
bine to form a stable, nonradical molecule. More importantly,
the termination of the chain reaction is greatly aided by anti-
oxidants (represented as AH). Because PO is naturally rich in

robust classification models for detecting adulteration in lipid-
based samples, as shown in Table 2. The DA models showed
exceptional performance, highlighted by high observation
values and statistically significant Wilks' lambda test results
(p<0.0001) for all spectral ranges, indicating strong discrim-
inatory power between adulterated and empty clusters. In
particular, the 2500-2001 cm~! region exhibited the highest
F 4 value of 504114.36, which significantly exceeded the

F:ZS:::? value of 577.48, characterising it as the most influen-
tial spectral window in terms of group separation. This region
typically corresponds to combination bands and overtone
vibrations associated with ~-CH-, ~-CH,- and -CH,- groups,
which are abundant in lipid structures and often altered in

adulterated formulations [30].

In all wavenumber segments, the training and cross-validation
datasets achieved 100% classification accuracy for both adul-
terated and nonadulterated samples, with minimal exceptions.
This demonstrates the excellent robustness and reproducibil-
ity of the model. In particular, the three wavenumber ranges
1000-650, 2000-1501 and 4000-3501cm™" provided a perfect
classification of 100% during the training, validation and cross-
validation phases, indicating that these ranges contain the most
chemically significant features for the detection of adulteration.
The 1000-650cm™! region is known as the ‘fingerprint region’
due to its compound-specific spectral complexity, making it
highly diagnostic for compound identification and mixture dis-
crimination. Similarly, the 4000-3501 cm~" range, although less
explored, includes N-H and O-H stretching vibrations that are
likely to contain moisture, proteinaceous adulterants or other

6 of 16

Journal of Chemometrics, 2026



700

—P025

=——L100
L1150

W N~ =
——PO100
.W V’_\/V—\\//-'-—"V ——PO150
600 ——P0200
—\N w ' —L25
V\—\.\/.f-—"——v =
_ 500 ‘W W ——1200
X W V_W‘—\'\I"—_—V ——20LPO25
< ——20LPO50
[0 —20LPC100
e 400 '\W ‘V"_‘\/’*—\\,/'-—'W ——20LPO150
8 A Tﬁf‘—-\vf—"—‘\/ ——20LP0200
‘€ 300 W/“‘\-\/.f—’_—v
: W YV
©
2 W T
200 W V VY
e S
0 T T T T T T
4000 3500 3000 2500 2000 1500 1000

Wavernumber (cm™)

FIGURE2 | The FTIR-ATR spectra of PO, lard and 20% lard + PO at different heating temperatures (25°C-200°C).
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polar constituents and provide additional distinguishing fea-
tures [31].

Interestingly, the validation accuracy for the adulterated
samples in the 1500-1001, 2000-1501, 2500-2001 and 3000-
2501 cm™ regions dropped to 0%. These misclassifications could
indicate spectral interference or overfitting during training,
suggesting that these regions contain discriminatory informa-
tion but may require more refined preprocessing or model op-
timisation. For example, the 1500-1001cm™" region is rich in
absorbances of the C=C and C=O0 functional groups present in
both native and adulterated lipids, possibly leading to spectral
overlap. Despite these anomalies, cross-validation performance
in the same regions again reached an accuracy of 100%, indi-
cating the overall generalisability of the model and the need
for further calibration of the validation dataset. An important
observation is the performance in the 3500-3001 cm™! regions,
where the cross-validation accuracy dropped slightly to 97.12%
for adulterated samples and 96.67% for blank samples. Although

this small deviation still indicates good performance, it may also
indicate the presence of water-associated absorption or spectral
noise in this higher energy range, which is more susceptible to
external variables such as humidity or sample handling. This
result is consistent with previous reports emphasising the need
for a controlled environment when analysing high wavenumber
spectra [32].

The apparent discrepancy between 0% validation accuracy and
100% cross-validation accuracy in several spectral regions of
1500-1001, 2000-1501, 2500-2001 and 3000-2501cm™! war-
rants clarification. In the XLSTAT's software DA framework,
the ‘validation’ dataset refers to a small, fixed holdout subset
automatically partitioned prior to model training, whereas
‘cross-validation’ employs a leave-one-out (LOO) procedure, it-
eratively removing each observation and rebuilding the model
on the remaining samples. Given the high-dimensional na-
ture of FTIR spectral data where the number of wavenumber
variables substantially exceeds the number of observations,
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TABLE 2 | Classification matrix of training, validation and cross-validation datasets of discriminant analysis of adulterated and blank samples of
PO +lard at different FTIR-ATR wavenumber region of 4000-650cm™".

Wavenumber Discriminating model quality Wilks' lambda test
discriminating model %Correct
(cm™) Fpserved F, iical p value Alpha Dataset classification
1000-650 2247.71 3.56 <0.0001 0.0001 Training
Adulterated 100
Blank 100
Validation
Adulterated 100
Blank 0
Cross-validation
Adulterated 100
Blank 100
1500-1001 2330.46 3.68 <0.0001 0.0001 Training
Adulterated 100
Blank 100
Validation
Adulterated 0
Blank 100
Cross-validation
Adulterated 100
Blank 100
2000-1501 1077.74 3.17 <0.0001 0.0001 Training
Adulterated 100
Blank 100
Validation
Adulterated 100
Blank 0
Cross-validation
Adulterated 100
Blank 100
2500-2001 504,114.36 577.48 <0.0001 0.0001 Training
Adulterated 100
Blank 100
Validation
Adulterated 0
Blank 100

Cross-validation

Adulterated 100
Blank 100
(Continues)
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TABLE 2 | (Continued)
Wavenumber Discriminating model quality Wilks' lambda test
discriminating model %Correct
(cm™) bserved ritical p value Alpha Dataset classification
3000-2501 169.57 2.54 <0.0001 0.0001 Training
Adulterated 100
Blank 100
Validation
Adulterated 100
Blank 0
Cross-validation
Adulterated 97.12
Blank 96.67
3500-3001 124.66 4.41 <0.0001 0.0001 Training
Adulterated 99.04
Blank 100
Validation
Adulterated 100
Blank 0
Cross-validation
Adulterated 97.12
Blank 96.67
4000-3501 2253.01 3.78 <0.0001 0.0001 Training
Adulterated 100
Blank 100
Validation
Adulterated 100
Blank 0
Cross-validation
Adulterated 100
Blank 100

the holdout validation subset can be insufficiently representa-
tive of the full sample distribution. Consequently, even one or
two misclassified samples in a small holdout set produce 0%
accuracy for a specific class. This is a recognised limitation
of small external holdout sets in chemometric modelling. The
LOO cross-validation, which uses all available training obser-
vations and is therefore more statistically robust for datasets of
this size, consistently achieved 100% accuracy across the same
regions, confirming the model's generalisation capacity. The 0%
holdout validation accuracy in these regions therefore reflects
the limitation of small partition size rather than a fundamental
failure of the discriminant model. Notably, the fingerprint re-
gion (1000-650cm™") achieved 100% accuracy across all three
evaluation phases of training, validation and cross-validation,

thus demonstrating its superiority as the most reliable spectral
window for permissibility verification.

More importantly, these results highlight the utility of FTIR-
ATR-DA models in food authentication, particularly in permis-
sibility verification where nonpermissibility adulterants such
as lard need to be reliably detected. The strong discrimination
capability in both the fingerprint (1000-650cm™) and overtone
combination (2500-2001 cm™!) ranges suggests that these bands
should be prioritised for spectral monitoring and model opti-
misation. Furthermore, the consistency of the cross-validation
results across all regions confirms the repeatability of the
method and underlines the potential of FTIR-ATR spectroscopy
as an analytical tool for permissibility compliance. The high
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classification success also indicates the potential for real-time
screening applications in the industry.

3.4 | Partial Least Squares-Discriminant Analysis
of Adulterated Classification

This study also employed PLS-DA across seven distinct wave-
number regions ranging from 4000 to 650 cm™, with each region
evaluated through multiple quality parameters that collectively
provide insights into the model's discriminative capabilities as
shown in Table 3, respectively. The analysis framework incor-
porated three critical evaluation metrics of R%Y representing
the model's fitness to dependent variables, R2X indicating the
model's fitness to independent variables and Q? quantifying
the model predictive capability. Notably, all analysed regions

TABLE 3 |

demonstrated statistical significance with p values <0.01, es-
tablishing strict protocol for model reliability for permissibility
verification across the FTIR-ATR spectral ranges [33]. Among
the tested regions, the spectral window from 1000 to 650 cm™!
provided the most robust discriminant model, as evidenced by
a high cumulative R?Y of 0.895, R?X of 1.000 and Q? of 0.893,
all supported by a significant permutation test p value of 0.0001
as shown in Table 3. Notably, this model achieved 100% correct
classification in both training and validation datasets, indi-
cating the model could perfectly distinguish adulterated from
blank samples in both known (training) and unseen (validation)
datasets.

The superiority of this region is chemically justifiable as it en-
compasses the ‘fingerprint region’ whereby specific functional
group vibrations particularly from ester carbonyls of C=0, C-O

Classification matrix of training and validation datasets of partial least squares-discriminant analysis of adulterated and blank

samples of PO + lard at different FTIR-ATR wavenumber region of 4000-650cm™.

Discriminating model quality R?Y, R>X and

Q? cumulated indices and permutation test

Wavenumber discriminating %Correct
model (cm™1) R?Y R?X Q? p value Dataset classification
1000-650 0.895 1 0.893 <0.0001 Training
Adulterated 100
Blank 100
Validation
Adulterated 100
Blank 0
1500-1001 0.009 0.911 0.009 <0.0001 Training
Adulterated 100
Blank 0
Validation
Adulterated 100
Blank 0
2000-1501 0.368 0.268 0.224 <0.0001 Training
Adulterated 100
Blank 100
Validation
Adulterated 100
Blank 0
2500-2001 0.489 0.358 0.474 <0.0001 Training
Adulterated 100
Blank 100
Validation
Adulterated 100
Blank 53.33
(Continues)
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TABLE 3 | (Continued)

Discriminating model quality R%Y, R2X and

Q? cumulated indices and permutation test

Wavenumber discriminating %Correct
model (cm™) R%Y R%2X Q? p value Dataset classification
3000-2501 0.21 0.082 0.145 <0.0001 Training
Adulterated 98.08
Blank 13.33
Validation
Adulterated 100
Blank 0
3500-3001 0.332 0.997 0.279 <0.0001 Training
Adulterated 100
Blank 46.67
Validation
Adulterated 100
Blank 0
4000-3501 0.38 0.785 0.253 <0.0001 Training
Adulterated 99.04
Blank 50
Validation
Adulterated 100
Blank 0

stretching and aliphatic CH bending, which are known to vary
between animal and plant fats [34]. These differences are cru-
cial for permissibility authentication and verification, where the
detection of porcine derivatives such as lard is of utmost impor-
tance. Other regions such as 2500-2001 and 3500-3001cm™!
showed moderate model quality with R?Y values of 0.489 and
0.332, respectively, and Q? values not exceeding 0.474. These
areas of wavenumbers mainly capture overtone bands of O-H
or N-H stretching, which may contribute to class separation but
lack the specificity needed for precise classification. In contrast,
the 1500-1001 and 3000-2501 cm™! regions exhibited very poor
model performance (Q*=0.009 and 0.145) despite some models
showing high R2X values. This discrepancy suggests potential
overfitting, where the model explains noise rather than mean-
ingful variations, or that these spectral ranges are less informa-
tive due to overlapping bands and nonspecific absorptions. Such
a discrepancy highlights the importance of validating PLS-DA
models not only by internal metrics but also through external
validation accuracy, especially in food authentication contexts
where prediction of unknown samples is crucial [35].

The same overfitting concern also applies to FTIR-ATR re-
gion of 3000-2501 cm™! where training classification accuracy
for adulterated samples was 98.08% but, for blank samples,
it dropped drastically to 13.33%. Although the Q? was slightly
better at about 0.145, the disproportionate misclassification of
blank samples signals low model reliability. Noteworthy, the

% correct classification provides an intuitive and critical mea-
sure of model success in PLS-DA beyond the statistical fit indi-
ces. The ability of the model to correctly assign labels in both
training and validation phases confirms its practical utility for
real-world applications. In this study, the 1000-650cm~" range
demonstrates the highest potential for permissibility verifica-
tion and authentication through the FTIR-ATR by offering a
balance of chemical specificity, statistical strength and reliable
classification performance.

3.5 | The Principal Component Analysis
and Sample Clustering

The PCA was applied as an unsupervised exploratory tool to visu-
alise clustering patterns and identify natural variance in the FTIR-
ATR data before the model training. The PCA score plot as shown
in Figure 4 picture clear separation between adulterated and blank
PO samples along the first two PCs (PC1 and PC2), which together
accounted for a substantial proportion of total variance in the range
0of 91.19%-99.93%. PCA plays a pivotal role in chemometric work-
flows, as it allows for data dimensionality reduction while preserv-
ing essential variance and assists in identifying potential outliers
or misclassification early in the analysis. Noteworthy, the KMO
test of sampling adequacy for the FTIR-ATR spectra of 4000—
650cm~! was found to be in the range of 0.950-0.956. According
to the commonly accepted interpretation scale proposed, the KMO
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FIGURE 4 | Combined PCA score plots of all FTIR-ATR dataset transformation of the wavenumber region of 4000-650cm™" of adulterated
PO +lard and blank PO and lard. The FTIR-ATR wavenumber regions of (a) 650-1000cm™; (b) 1500-1001cm™!; (c) 2000-1501 cm~; (d) 2500-

2001 cm1; () 3000-2501 cm~; (f) 3500-3001 cm~; and (g) 4000-3501cm.

value above 0.9 categorised as excellent, indicating that the data-
set is highly suitable for factor analysis and multivariate statistical
evaluation. Such high values demonstrate that the intercorrela-
tions among the FTIR-ATR variables are sufficiently compact,
thus supporting the appropriateness of application such as PCA for
pattern recognition and classification purposes [36]. Additionally,
PCA helps to guide the selection of wavenumber regions for su-
pervised modelling like PLS-DA by indicating which ranges carry
the most discriminative studies. In this study, the PCA supported
the supervised findings from PLS-DA confirming that adulterated
and blank PO samples possess significantly different FTIR-ATR
spectral patterns. The effective separation of classes without prior
labelling underscores the suitability of FTIR-ATR coupled with
PCA for preliminary screening in permissibility verification appli-
cations. Moreover, this separation suggests that the adulteration of
lard introduces distinct spectral features in the FTIR-ATR finger-
print, which PCA can extract and represent in a low-dimensional
space. The compact clustering of replicate samples within each
group also highlights the reproducibility and consistency of spec-
tral data across the samples.

Based on PCA in Figure 3, distinct clustering patterns were
observed between adulterated PO samples and lard at differ-
ent temperatures (25°C, 35°C and 200°C). Specifically, sam-
ples containing 20% and 30% lard adulteration in PO exhibited
pronounced separation from pure PO clusters, particularly at
elevated temperatures. This significant clustering can be at-
tributed to the temperature-induced alterations in the molec-
ular structure and functional groups of the fatty acids present
in both lard and PO. The increase in temperature enhances the
kinetic energy of lipid molecules, leading to the breakdown of
triglycerides and the acceleration of lipid oxidation processes.
The lipid oxidation primarily affects the aliphatic chain struc-
ture and introduces new functional groups such as aldehydes,
ketones and hydroperoxides, which are readily detectable by
FTIR-ATR spectroscopy. These oxidative changes result in spec-
tral variations, especially in the regions associated with C=0
stretching (1750-1745cm™), —-CH,- bending (1465cm™) and
C-0-C stretching vibrations (1160-1120cm™!) as reported be-
forehand [37]. The clustering of samples within the same group
(adulterated or blank) was found to be tightly grouped, reflect-
ing high reproducibility and low-group variation, which is de-
sirable in spectral analysis. The adulterated samples exhibited
distinct trajectories in the PCA plot, likely due to characteris-
tic absorbance shifts caused by lard-specific functional groups
such as saturated fatty acids, monoacylglycerols and diacylglyc-
erols and carboxylic esters, which are chemically different from
those in PO [38, 39]. From a chemometric standpoint, the suc-
cessful discrimination seen in the PCA score plot confirms that
the spectral variation introduced by adulteration is systematic
rather than random, thus validating the potential of FTIR-ATR
as a frontline technique for permissibility verification prior to
supervised modelling. Specifically, lard is rich in saturated fatty
acids and contains unique ester functional groups that exhibit
characteristic absorption bands, especially in the fingerprint

region of 1000-650cm™!, which influence the overall variance
structure [40].

3.6 | Chemometric Model Correlation
and Permissibility Verification Performance

The results show that chemometrics of DA, PLS-DA and PCA
demonstrated a synergistic approach for the robust verifica-
tion of permissibility compliance in PO adulterated with lard,
subjected to thermal processing [41]. Each model contributed
uniquely to the interpretation and classification of FTIR-ATR
spectral data, particularly in identifying adulteration of PO
with lard. The high accuracy and consistent separation patterns
across models affirm the potential of FTIR-ATR-based chemo-
metrics as a comprehensive tool for permissibility authentica-
tion. The DA showed exceptionally strong performance across
all seven spectral regions, with 100% classification accuracy in
most regions and statistically significant Wilks' lambda results
(p<0.0001), highlighting the strong discriminatory power be-
tween adulterated and blank PO samples. Complementary to
DA, PLS-DA demonstrated a supervised regression-based clas-
sifier, providing deeper insights into FTIR spectral data rela-
tionships. The performance was evaluated through the values
of R?Y, R?X and Q2. On the other hand, PCA, an unsupervised
technique, provided foundational support to the results from
DA and PLS-DA by visually demonstrating distinct clustering
between adulterated and blank PO samples.

Taken together, the correlation between PCA, DA and PLS-DA
results confirmed that FTIR-ATR spectroscopy combined with
well-structured chemometrics models offers a comprehensive
and powerful approach for detecting lard in PO for permissibil-
ity verification purposes. The consistent identification of the fin-
gerprint region of 1000-650cm™" as the most informative across
DA, PLS-DA and PCA models suggested its prioritisation in future
research for further model development for food authentication.
In PCA, this region’s distinct features contribute to the significant
separation of adulterated and pure samples. In DA and PLS-DA,
this region consistently yielded the most robust classification mod-
els with perfect accuracy. This correlation highlights the chemical
significance of the fingerprint region, which is rich in compound-
specific vibrations from fatty acids and esters that differentiate an-
imal fats like lard from vegetable oils like PO. Integrating PCA, DA
and PLS-DA can improve the classification accuracy and robust-
ness of the models. For instance, data fusion strategies combining
chromatographic and spectral data have shown improved perfor-
mance in classifying edible oils [42]. The use of PCA for initial
classification followed by PLS-DA for supervised analysis ensures
precise identification and quantification of adulteration, making
it a reliable method for permissibility verification. Furthermore,
the combination of unsupervised chemometrics (PCA) and super-
vised chemometrics (DA and PLS-DA) provided both exploratory
and confirmatory insights, allowing for better model calibration
and enhanced the confidence in classification outcomes [43]. The
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TABLE 4 | Analytical figures of merit of the FTIR-ATR/PLS regression model for lard adulteration detection in PO across thermal treatment

conditions.

Thermal treatment Coefficient of

temperature (°C) determination (R?) RMSE (%v/v) Intercept (S) LOD (%v/v) LOQ (%v/v)
25 0.871 108.736 10,926.51 0.03 0.1

50 0.605 190.243 94,826.86 0.01 0.02
100 0.816 129.852 20,726.28 0.02 0.06
150 0.954 64.598 25,760.23 0.01 0.03
200 0.020 299.671 870.48 1.14 3.44

use of chemometrics techniques affirms the feasibility of FTIR-
ATR spectroscopy as a frontline tool in industrial permissibility
compliance systems, with potential applications in real-time adul-
teration screening and quality control of food products. In sum-
mary, the correlation between DA, PLS-DA and PCA is significant
in the context of permissibility verification of adulterated edible
oils. These methods complement each other, with PCA providing
initial classification and DA as well as PLS-DA offering detailed
supervised analysis, ensuring accurate and reliable detection of
nonpermissibility components in food products.

3.7 | Limit of Detection and Limit
of Quantification Across Thermal Conditions

Table 4 presents the LOD and LOQ of the FTIR-ATR/PLS method
across five thermal treatment conditions calculated from the uni-
variate calibration curve using the ICH Q2(R1) approach. The best
model performance was observed at 150°C (R>=0.954) providing
the lowest LOD and LOQ, indicating that moderate-to-high ther-
mal treatment enhances the spectral contrast between pure and
lard-adulterated palm oil. This improvement is attributable to
heat-induced lipid oxidation generating secondary carbonyl com-
pounds such as aldehydes, ketones and ester-degradation products
that amplify the FTIR fingerprint region signal proportional to
lard concentration [44]. However, at 25°C, the R? of 0.871 indicates
acceptable but moderate predictive performance of the FTIR-ATR
instrument. The relative higher LOD at ambient temperature
compared to 150°C suggests that without thermal activation, the
spectral differences between lard and PO in the 1000-650cm™!
fingerprint region are less pronounced, resulting in greater re-
gression scatter and reduced sensitivity. This is consistent with
the understanding that the fingerprint region becomes more diag-
nostically powerful when heat-induced molecular rearrangements
produced structurally distinct oxidation products unique to lard’s
fatty acid composition.

The most notable finding is the sharp deterioration in model per-
formance at 200°C where the R? collapsed to 0.020 indicating
near-complete loss of predictive power and corresponding to the
highest LOD and LOQ across all conditions. This is explained by
the extreme thermal degradation occurring above 180°C where
extensive polymerisation, hydrolysis and free-radical chain ter-
mination reactions produce overlapping spectral profiles that
homogenise the chemical distinction between pure and adulter-
ated samples. This finding emphasises a practical limitation of
the FTIR-ATR/PLS method although thermally resilient up to

150°C; the method's quantitative sensitivity degrades significantly
at deep-frying temperatures of 200°C, a point that should be ac-
knowledged in real-world deployment scenarios. Nonetheless, the
method demonstrates robust and sensitive detection across the
practical culinary range of 25°C-150°C, covering the majority of
standard food preparation conditions relevant to permissibility
verification.

4 | Conclusion

This study confirmed that thermal processing significantly in-
fluences the colour and FTIR-ATR spectral characteristics of
PO adulterated with lard. Despite the spectral complexity in-
troduced by heating, chemometric approaches including PCA,
DA and PLS-DA successfully discriminated between pure and
adulterated samples (PO +lard) with high accuracy. The fin-
gerprint region of 1000-650cm™" consistently emerged as the
most reliable spectral window for permissibility verification,
demonstrating strong discriminatory power across all models.
The integration of FTIR-ATR spectroscopy with chemometric
tools thus provides a robust, rapid and nondestructive method
for detecting lard adulteration in PO under various thermal con-
ditions. The developed FTIR-ATR and chemometric approach
is therefore suitable for routine screening, as it reliably detects
lard adulteration in thermally processed PO down to 1% v/v
with LOD and LOQ ranges of 0.01%-1.14% and 0.02%-3.34%
v/v. These findings highlight the potential of spectroscopic-
chemometric strategies as practical solutions for strengthening
permissibility authentication systems in the food industry.
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