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Abstract

Controlling acrylamide formation in potato chips remains a major challenge for
the food industry due to its carcinogenic potential. Its formation is influenced by
multiple factors, including the composition of the raw material and the processing
conditions. Therefore, the development of rapid and efficient monitoring methods
is essential to ensure consumer safety. In this study, two potato chip varieties (Agria
and Jaerla) from two harvest years (2022 and 2023) were analysed using near-infra-
red spectroscopy (NIRS) to classify samples according to their acrylamide content,
following the criteria established in European Regulation 2017/2158. Principal com-
ponent analysis (PCA) revealed that both variety and harvest year had a significant
influence on the spectral data. Subsequently, support vector machine (SVM) was
applied to classify samples as having either low or high acrylamide content. Up to
88% of samples were correctly classified with an error of 0.131 in external valida-
tion. Finally, it was observed that oil content exerted a marked influence on the NIR
spectral response, potentially affecting the identification of wavelengths relevant for
acrylamide prediction.
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Introduction

Acrylamide (ACR) (CH,=CH-CONH,) is a toxic compound formed in starch-rich
foods during processing at high temperatures (Tareke et al. 2002). Its presence in
products such as potato chips has raised public health concerns, as it is considered a
possible human carcinogen (group 2 A) due to its clastogenic and mutagenic proper-
ties (European Food Safety Authority et al. 2022; International Agency for Research
on Cancer 1994). The main pathway for acrylamide formation in potatoes is the Mail-
lard reaction, which occurs during frying when reducing sugars (such as glucose and
fructose) react with the amino acid asparagine (Mottram et al. 2002). Optimal forma-
tion occurs at temperatures between 170 and 180 °C in conditions of low humidity
(Sanny and Luning 2024), although formation begins at temperatures above 120 °C.
Due to its potential carcinogenicity, organisations such as the European Commission
(2017) have established maximum reference levels for its control in the food indus-
try: 500 pg/kg for French fries and 750 pg/kg for chips. It is important to note that
these values are not toxicological safety limits but rather reference levels intended to
encourage the industry to reduce acrylamide content in processed products. In addi-
tion, the Acrylamide Toolbox (FoodDrinkEurope 2019) was created in order to reach
acrylamide levels in the final product as low as reasonably achievable. The most rele-
vant measures include selecting suitable varieties and controlling growing and storage
conditions to maintain appropriate levels of reducing sugars and asparagine. Further-
more, the application of technologies such as pulsed electric fields has been shown
to decrease the concentration of acrylamide precursors in raw tubers; however, their
effectiveness varies depending on the industrial process (FoodDrinkEurope 2019).

The most widely used analytical methods for quantifying acrylamide in food
currently include liquid chromatography coupled with mass spectrometry (LC-
MS/MS) and gas chromatography with mass spectrometry (GC-MS) (Crews
2024; Gokmen 2024). While these methods are highly sensitive and accurate,
they require expensive equipment, highly trained personnel, and lengthy analysis
times, limiting their applicability for rapid monitoring in the food industry (Squeo
et al. 2024). In this context, near-infrared spectroscopy (NIRS) is a promising
tool for rapidly and non-destructively predicting the presence of this compound
in processed products in real time (Adedipe et al. 2016; Aykas et al. 2022; Ayvaz
and Rodriguez-Saona 2015; Pedreschi et al. 2010; Segtnan et al. 2006; Smeesters
et al. 2021; Xie et al. 2023). However, none of the studies have evaluated the
influence of variety and harvest year on acrylamide prediction models for chips.

Therefore, the aim of this study was to predict the acrylamide level (labelled
as high or low) of minimally processed potato chips using NIRS in the
1200-2200 nm range. For this purpose, two varieties (Agria and Jaerla) from two
consecutive harvest years (2022 and 2023) were employed. The potato chips were
categorised as having either low or high acrylamide content, in accordance with
the European recommendations. In addition, the influence of both variety and
harvest year on acrylamide prediction models was effectively removed by data
preprocessing. Support vector machine (SVM) was then used to build classifica-
tion models to predict the level of acrylamide content.
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Materials and Methods
Raw Potato Cultivars and Frying Method

In this study, 300 samples of the varieties Agria and Jaerla, cultivated in
two harvest seasons (2022 and 2023) at the Basque Institute for Agricultural
Research and Development (NEIKER) in Alava, Spain, were used. Agria is a
cultivar widely recognised for its suitability for French fries and chips, while
Jaerla is a cultivar primarily used for boiling. The tubers selected for the study
exhibited no visible external damage. Before frying, the tubers were stored for
5 weeks at 9+ 1 °C and 85 + 5% relative humidity for the stabilisation of reduc-
ing sugars.

After storage, the tubers were peeled and sliced into pieces of approximately
1.2-1.3 mm thickness using a stainless steel ICO cutter. Then, they were washed
for 2 min with pressurised water to remove surface starch and prevent staining. Sub-
sequently, the slices were dried with filter paper before being fried in sunflower oil
at 180+5 °C for 3 min. To ensure even frying, a grid was placed over the slices
to keep them fully submerged in the oil. Finally, the fried slices were drained and
individually placed in paper bags for subsequent analysis. The same procedure was
conducted for both harvest years.

NIRS Acquisition and Processing

Spectral data were acquired using a Luminar 5030 Miniature “Hand-held” spec-
trometer operating in reflectance mode. This device incorporates an acousto-optic
tunable filter (AOTF) with an indium gallium arsenide (InGaAs) detector, and it
is controlled via Snap32!™ goftware (Brimrose Corporation of America, Sparks,
MD, USA). Spectral measurements were performed over the 1200-2200 nm
range with a 2-nm interval, yielding a total of 501 wavebands, and a scanning
speed of 60 ms. The chips were crushed (Fig. 1A) in order to obtain a homoge-
neous product. All samples were scanned at four random points (Fig. 1B). Each
recorded spectrum represented the mean of 50 individual scans. To obtain a sin-
gle spectrum for each sample, the four individual spectra were averaged. This
acquisition protocol was consistently applied across both years and varieties of
the study.

Quantification of Acrylamide Content

The methodology used for acrylamide quantification has been previously described
by Gonzalez-Mulero et al. (2021). Analysis was performed at the Institute of Food
Science, Technology and Nutrition (ICTAN-CSIC) in Madrid, Spain. All chemicals
and the analytical procedure used to determine acrylamide content in each sample of
potato chip followed the method reported by Peraza-Aleman et al. (2025).
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A

Fig. 1 A Sample set of ten potato chips crushed. B Example of the four random points measured in a
sample

Data Analysis

For exploratory and predictive analysis, the second derivative (2D) of Savitzky-Golay
(second-order polynomial and 15-point window) was applied as row preprocessing.
Mean centring (MC) was applied as column-scaling method at the end of each row
preprocessing step (Oliveri et al. 2019). First, an exploratory analysis of the data was
performed using principal component analysis (PCA). This method reduces the dimen-
sionality of the dataset by transforming the original variables into a reduced set of prin-
cipal components, each of which successively captures as much variance as possible
from the original data. The goal is to minimise the loss of information when condens-
ing the data so that the first principal components account for most of the variability of
the data (Jolliffe and Cadima 2016).

Subsequently, support vector machine (SVM) was employed for classification pur-
poses. This algorithm determines a hyperplane (decision boundary) that maximises the
separation between different classes in a transformed feature space (Cortes and Vap-
nik 1995). SVM models were built using a tenfold venetian blind cross-validation to
select the optimal SVM parameters, based on a grid search over cost and gamma values
(Eigenvector Research 2023). The radial basis function was used as a kernel. The data-
set was split using the Kennard-Stone algorithm (Kennard and Stone 1969): 75% (225
samples) for calibration and 25% (75 samples) for external validation.

The robustness of the models was evaluated using the following statistics: sensitivity
(Eq. 1), specificity (Eq. 2), accuracy (Eq. 3), and class error (Eq. 4). These metrics were
calculated according to the following equations:

TP
Sensitivity = ———
ensitivity TP+ FN (1)
TN
Specificity = —N__
pecificity TN + FP 2)
TP + TN
A =
Y = TP+ IN + FN + FP ®
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sensitivity + specificity

Cl =1-
ass error 5

4)

where TP (true positive) is the number of samples with low content of acrylamide
correctly classified as low content, TN (true negative) is the number of samples
with high content of acrylamide classified as high content, FN (false negative) is the
number of samples with low content classified as high content, and FP (false posi-
tives) is the number of samples with high content classified as low content (Ballabio
et al. 2018). The class error is one minus the average of sensitivity and specificity.
The best model should have the highest sensitivity, specificity, and accuracy and the
lowest class error.

Results and Discussion
Acrylamide Statistics

The statistical results of Table 1 show that the Agria variety is less likely to produce
high levels of acrylamide than the Jaerla variety, despite both varieties being sub-
jected to the same storage and frying conditions.

On the other hand, there does not appear to be a substantial difference between
the years, bearing in mind that the statistics for the two Agria datasets are quite
similar. However, although Agria is considered a variety suitable for frying (ECPD
2025), 15.5% of samples exceeded the recommended limit of 750 pg/kg. In con-
trast, the acrylamide content in the Jaerla variety reached 8845 pg/kg, which is 11
times higher than the recommended limit. Therefore, it is not appropriate for frying
purposes.

Spectral Data Exploration

Figure 2 shows the raw (Fig. 2A) and preprocessed (Fig. 2B) spectra of the 300
potato chip samples. Several valleys along the spectrum are identified. The band
around 1208 nm is associated with C—H vibrations of the hydrocarbon chains of
fatty acids (Yilmaz-Diizyaman et al. 2025). The band at 1462 nm is related to
N-H bonds present in amides (Workman and Weyer 2012). The two small valleys
at 1726 and 1762 nm are attributed to lipids, specifically to the first overtone of

Table 1 Acrylamide statistics

Dataset Samples Minimum Maximum Mean  Standard
(ng/kg)  (ug/kg) (ng/kg) deviation
(ng/ke)
Agria 2022 100 130 1643 531 200
Jaerla 2022 100 216 8845 2748 1597
Agria 2023 100 276 1069 544 167
Total 300 130 8845 1293 1401
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Fig.2 A Spectral raw data and B preprocessed data with SNV

C-H vibrations of methyl and methylene groups of fatty acids present in frying oil
(Yi1lmaz-Diizyaman et al. 2025). A band observed at 1936 nm may be associated
with stretching and bending vibrations of the O-H bond present in water and with
signals from amide groups (Osborne 2006; Rogel-Castillo et al. 2016). Finally, the
band around 2128 nm is assigned O—H and C-O stretches present in polysaccha-
rides, in this case, in starch (Cozzolino et al. 2014). The spectra showed a strong
influence of lipids due to the high oil absorption that occurs during frying.

Principal Component Analysis

PCA was applied using the combination of second derivative and mean centring
preprocessing. Figure 3 shows the dispersion of the PC1 score values from the four
measurements of each sample in the Agria 2022 samples (Table 1). Although some
samples exhibit relatively small dispersion, most replicates display markedly differ-
ent scores. This indicates that, despite the samples being crushed to obtain a homo-
geneous matrix, good reproducibility of the measurements was not achieved for all
samples. Similar behaviour was also observed in the Agria 2023 and Jaerla 2022
subsets (data not shown).

On the other hand, as previously explained in “NIRS Acquisition and Process-
ing,” four spectra were acquired for each sample, and the mean spectrum was sub-
sequently calculated for modelling purposes. Figure 4 shows the PCA score plot
for the entire dataset (n=300). The samples were coloured according to variety
(Fig. 4A), year (Fig. 4B), and acrylamide content (Fig. 4C).

The first two principal components explain 81% of the total variance in the dataset.
A significant varietal effect can be observed. Samples of the Jaerla variety are primar-
ily located on the negative side of PC1, whereas those of the Agria variety are mainly
located on the positive side (Fig. 4A). Similarly, there is also a differentiation between
years, although less marked than the variety. Samples from 2022 are predominantly
distributed along the negative part of PC2, while samples from 2023 are located in the
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Fig.4 Principal component analysis using 2D +MC, coloured according to A varieties, B years, and C
acrylamide content

positive region (Fig. 4B). Figure 4C suggests a differentiation among samples according
to acrylamide content; however, Fig. 4A shows that this differentiation is mainly driven
by variety rather than acrylamide content. Most Jaerla chips exceed the recommended
acrylamide limit, with only three samples exhibiting values below 750 pg/kg (Fig. 4C).

To compensate the effects of variety and year, the entire dataset was preprocessed
row-wise and then mean centred separately for each variety and year, as shown in
Fig. 5. The datasets were subsequently merged for modelling.

When PCA was applied again on the data preprocessed according to the proce-
dure for compensating the effect of year and variety, both effects were eliminated
(Fig. 6A, B). However, no clear differentiation pattern was observed among the
classes with respect to acrylamide content (Fig. 6C).

@ Springer



190 Page 8 of 12 Potato Res. (2026) 69:190
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Fig.5 Procedure for eliminating the effect of variety and year on spectral data

Classification Modelling

Table 2 shows the classification figures of merit obtained in the SVM model built
using a combination of the second derivative and mean centring as preprocessing
methods, consistent with those previously applied in PCA modelling. The cali-
bration results showed good discrimination performances, with sensitivity values
of 0.96 and 0.87 for the low and high acrylamide content classes, respectively.
Additionally, an error of 0.08 and an accuracy of 0.92 were obtained.

Regarding the external validation of the model, an accuracy of 0.88 was
obtained, with an error of 0.13. In this case, the model achieved sensitivity for
the high-ACR class equal to 0.82, meaning it was able to correctly classify 82%
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Fig.6 PCA scores using 2D after removing the effect of variety and year. A Varieties. B Years. C
Acrylamide content

Table 2 Classification figures of merit of SVM model after applying second derivative and mean centre

Model Class Sensitivity Specificity Error Accuracy

Calibration Low-ACR 0.96 0.87 0.08 0.92
High-ACR 0.87 0.96

External validation Low-ACR 091 0.82 0.13 0.88
High-ACR 0.82 0.91
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of samples with acrylamide levels exceeding the recommended limit, the most
important class to be correctly classified. Although the model correctly identi-
fied most high-acrylamide chips, some false negatives (18%) were still observed,
indicating that further optimization is required before replacing conventional ana-
lytical methods, since accurately identifying chips that may pose a risk to human
health is essential. These results demonstrated the capability of NIRS to distin-
guish between low and high acrylamide levels in potato chips.

In addition, Shapley values were calculated for the model. This tool provides
insight into the importance of individual variables in model building. Variables
with higher values are typically good candidates for selection by wavelength
selection algorithms (Lundberg and Lee 2017). In this case, the most important
wavelengths were 1396 nm and 1398 nm (Fig. 7), which are associated with C—H
bonds in aliphatic hydrocarbons (Workman and Weyer 2012), originating from
the thermal decomposition of oil during frying. The strong spectral contribution
from frying oil observed may mask absorption bands more directly associated
with acrylamide content and reduce the model transferability when different fry-
ing oils or processing conditions are used.

Conclusions

This study evaluated the potential of near-infrared spectroscopy to classify potato chips
into low or high acrylamide contents, in line with current European legislation. The
results showed that both variety and harvest year significantly influenced the acquired
spectra; therefore, a preprocessing strategy was applied to remove these effects. Using
the combination of second derivative and mean centring preprocessing, 88% of the
samples were correctly classified in external validation. Furthermore, the model was
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able to accurately predict both low and high levels of acrylamide, achieving sensitiv-
ity values of 0.91 and 0.82, respectively. It was also concluded that frying oil exerts a
strong influence on the spectral information obtained within the 1200-2200 nm range,
which may interfere with the identification of variables more directly correlated with
acrylamide content.

The results demonstrated the potential of NIRS for predicting the acrylamide con-
tent of chips. Nevertheless, future studies could focus on conducting trials on produc-
tion lines to evaluate the robustness of the model under industrial conditions, including
different production lines, frying oils, cultivars, and seasonal variations to confirm that
the method can be reliably applied across a broader range of scenarios. In this context,
NIRS should be considered primarily as a rapid screening technology capable of sup-
porting routine quality control by identifying potato chips that exceed the maximum
acrylamide levels recommended by current European legislation.
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