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Fig. 4 Moisture (a) and acrylamide (b) content in biscuit samples from the 2023 (5_2023) and 2024 (5_2024) campaigns, measured
with the reference methods. Legend: Boxes show interquartile range; notches indicate 95% Confidence Interval (Cl) of the median; whiskers span

1.5%IQR (Interquartile Range)
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Fig. 5 Spectra of ground biscuits from S_2023 (red) and S_2024 (blue) sampling campaigns acquired using three spectral devices (a) D1, (b) D2

and (c) D3

Results and discussion

Moisture and acrylamide quantification

Figure 4a presents the descriptive statistics of the mois-
ture content measured in biscuit samples collected dur-
ing the 2023 (S_2023) and 2024 (S_2024) campaigns.
The notched box plots display the median, interquartile
range, and full data spread for each campaign, with no
outliers detected. The two distributions show compara-
ble central tendency and variability, and the two-sample
t-test did not reject the null hypothesis (p=0.41), indicat-
ing no statistically significant difference between years.
This suggests that moisture content remained stable
across campaigns, confirming that the changes in pro-
duction factors did not affect biscuit water content.

The AA concentrations determined by LC-MS/MS
ranged approximately from 100 to 500 pg/kg, with mean
and median values around 250 and 200 pg/kg, respec-
tively, for both campaigns (Fig. 4b). The observed high
variability is likely attributable to the changes in process

factors during biscuit production. Despite the overall
similarity in distribution patterns, the two-sample t-test
rejected the null hypothesis at the 99.9% confidence level
(p<0.001), statistically indicating a significant decrease
in AA levels in 2024. Finally, the SEL, calculated on ten
samples repeated in duplicate, was 18.6 pg/kg consider-
ing a mean of 290 ug/kg.

Spectral data exploration

Figure 5 shows the absorbance spectra (arbitrary units,
a.u.) of ground biscuit samples from S_2023 dataset and
S_2024 dataset acquired using the three devices (D1, D2
and D3).

The VNIR spectral signature of the ground biscuits
appears in Fig. 5a. In the visible region, a high absorb-
ance was observed, primarily due to the dark color of
the cocoa-based matrix, an effect that appeared consist-
ent across both the S_2023 and S_2024 datasets. As the
spectrum transitioned into the pure NIR region (from
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700 to 1600 nm), the absorption decreased and the typi-
cal spectral assignments emerged, associated with over-
tones and combination bands of molecular vibrations
such as O-H, C-H, and N-H bonds well-known in food
matrices to originate from water, lipids, and proteins,
respectively (Cen & He, 2007; Williams & Norris, 2001).
These spectral features exhibited variations in intensity
between the two datasets, suggesting differences in the
chemical composition or physical properties. A variation
appeared at around 1400—1600 nm, likely reflecting dif-
ferences in moisture content and water molecule bind-
ing to polar sites, given the strong sensitivity of the NIR
region to O—H vibrational first overtone (Osborne et al.,
1993). This interpretation is also consistent with the dif-
ferent storage conditions applied to the samples, i.e.,
non-hermetic packaging in S_2023 versus vacuum seal-
ing in S_2024.

D2 (Fig. 5b) spans from a small portion of the visible
region to the pure NIR range, which is characterized by
multiple broad and overlapping absorption bands. The
spectrum shape in the overlapping range between D1
and D2 (around 650—1600 nm) was consistent across
both devices. Then, the spectral region from approxi-
mately 1400 to 1900 nm displayed well-defined features
that can be attributed to the O—H stretching vibrations
(centered around 1450 nm) and O—H combination band
again closely linked to moisture content and binding
(Cen & He, 2007; Cozzolino & Murray, 2004). Within
the same region, bands around 1730-1760 nm were con-
sistent with combination bands of C-H stretching and
deformation vibrations, typically associated with lipid
and carbohydrate fractions (Alamprese et al., 2013). A
distinct absorption feature near 1930 nm was commonly
attributed to O-H stretching and bending combinations,
making it a strong marker of water content and hydra-
tion (Williams & Norris, 2001). In the 2300-2500 nm
range, further absorption bands appeared, attributed to
the combination bands of C-H, N-H, and C=0 groups.
Bands between 2310-2340 nm were characteristic of
C-H combination bands of lipids, while the range 2440—
2480 nm included contributions from amide-related
N-H vibrations, reflecting protein content (Alamprese
et al., 2013; Cozzolino & Murray, 2004). While the over-
all spectral trends between the S_2023 (red) and S_2024
(blue) datasets remained comparable, differences in band
intensity and shape were observed, particularly in mois-
ture-sensitive regions. The slightly higher absorbance
observed in the S_2023 spectra (notably at 1450 and 1930
nm) further supported the interpretation of variation in
water content and binding, linked to the less controlled
storage conditions of that campaign.

Figure 5c describes the absorbance spectra collected
using D3. The spectra from both years closely overlapped
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across most of the range, confirming the consistency
of spectral acquisition protocols and sample prepara-
tion. However, a difference appeared beyond 7100 cm™
(approximately 1400 nm), corresponding to the strong
water absorption band, supporting the hypothesis of a
different water content and binding with the other mol-
ecules. The general spectral profile was consistent with
D2 and D1.

Overall, the spectral data demonstrated a high degree
of reproducibility and consistency across the two sam-
pling campaigns. However, differences appeared between
the spectral signatures of samples stored in the two differ-
ent packaging systems. These variations primarily reflect
changes in the absorption of O—H bonds, particularly
around 1445 nm and 1940 nm. Interestingly, the S_2023
dataset, comprising samples stored without vacuum seal-
ing, showed lower absorbance than S_2024 dataset in the
spectral regions most affected by water, and a shift in the
band maxima. This apparently counterintuitive result
could be justified by three main phenomena: (1) baseline
shifts and scattering effects, (2) change from bound to
free water, (3) matrix reorganization. In detail, in diffuse-
reflectance VNIR, the detected light depends not only on
molecular absorption but also on how much light is scat-
tered and reflected (Mancini et al., 2019). When a low-
moisture sample ages, it absorbs environmental humidity
and loses crispness, its microstructure changes, and so
the absorbance-like reflectance does. Furthermore, as
water moves from tightly bound sites to freer states, the
O-H absorption bands broaden and shift, sometimes
reducing the peak intensity in the typical water regions
(Tsenkova, 2009). Finally, structural changes in the food
matrix, such as starch retrogradation or protein network
rearrangement, modify both light penetration and water
interactions, resulting in shifts of band maxima and
altered spectral intensity (Mancini et al., 2019).

After raw spectra visualization, different spectral trans-
formations were evaluated (Savitzky-Golay smoothing,
SNV, Detrending, and Savitzky-Golay first and second
derivative) for PCA exploration. By the end of the itera-
tive process, SNV was applied to the D1 dataset. Instead,
since the D2 spectral data showed a constant linear oft-
set (baseline shifts) along the entire spectral range, a
detrending preprocessing was performed giving a mean
intensity of zero for each spectrum. Lastly, SNV com-
bined with smoothing (Savitzky-Golay, 15 data point
window, 3rd polynomial order) was applied to the D3
dataset to minimize offsets and global intensity effects
(Roger et al., 2022).

Those pretreatments allowed a slight differentiation
of samples according to AA concentration in the plane
defined by PC1 vs PC3, as shown in Fig. 6a, representing
the score plot developed for NIR spectra acquired with
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Fig. 6 PCA score plot (a) and loading plot (b) of NIR spectra acquired with the D2 device on ground biscuit samples from the S_2023 and S_2024

campaigns. In the score plot, samples are colored according to AA content

the D2 device for ground biscuit samples of the 2023 and
2024 campaigns.

Samples with low AA concentration are mainly distrib-
uted at positive PC1 scores due to high positive weight
of signals at 1940 nm in PC1, and 1200 nm and 1433 nm
in PC3 (Fig. 6b), related to O—H stretching and bend-
ing combinations, and O-H vibrational first overtone
(Workman & Weyer, 2007). On the other hand, samples
characterized by high AA content (> 350 pg/kg) are more
frequently positioned at negative PC1 scores where the
loads of the region around 1800 nm are relevant.

Modelling

Table 1 provides a comprehensive evaluation of predic-
tive model performances for the three spectroscopic
devices (D1, D2, and D3) across the two datasets (S_2023
and S_2024), assessed through calibration and cross-val-
idation. The metrics considered include RMSE, R? bias,
and RPD. Calibration results showed R? values ranging
from 0.55 to 0.81, reflecting varying levels of model fit;
the S_2024 dataset collected with the D2 device achieved
the lowest RMSE (2842 pg/kg). Bias values across all
models were negligible (on the order of 1072 or lower),
indicating no significant systematic errors. As expected,
model performance decreased slightly after cross-val-
idation, with R? values decreasing to 0.42—0.70, and
RMSE values increasing. Nevertheless, bias remained
low, supporting good model generalization. RPD values
ranged from 1.3 to 2.0. According to standard interpre-
tive benchmarks, models based on D1 and D3 for S_2023
(RPD=2.0) exhibited sufficient predictive quality for
quantitative applications, while the D2 models main-
tained stable and moderately strong performance across

both years (RPD=1.8). In contrast, the lowest RPD val-
ues were observed for D1 and D3 on the S_2024 dataset
(1.6 and 1.3, respectively), with the latter falling below the
threshold typically regarded as acceptable for quantita-
tive modeling.

As mentioned before, the two storage methods induced
chemical modifications in the ground biscuit samples.
These changes altered the NIR spectral absorption, with
consistent deviations observed across all instruments
(D1, D2, and D3) from approximately 1400 nm to the
upper limit of their detectable spectral range (Fig. 5). As a
consequence, the S_2023 and S_2024 datasets presented
two different experimental domains, making unfeasible
the external validation of the model developed with the
S_2023 dataset with the data collected in 2024. The vari-
ance related to the two different domains was also high-
lighted by PCA (Fig. 7).

Figure 7a shows the PCA score plot of data collected
with D2, where each point represents a sample projected
in the space defined by the first two PCs, which together
explained 98.85% of the total variance (PC1=94.35%,
PC2=4.50%). The plot highlighted a clear separation
between the samples collected in 2023 and 2024 cam-
paigns, suggesting substantial spectral differences between
the two datasets, likely reflecting differences related to
sample storage. Indeed, PC1 loadings (Fig. 7b) were char-
acterized by the strong contribution around 1930 nm, a
wavelength associated with the combination band of O-H
stretching and bending, which is highly sensitive to water
content and structure. This suggested that moisture dif-
ferences were a dominant factor differentiating the two
groups. Additional features in the 1400-1500 nm and
2200-2300 nm regions, which also relate to O—H and C-H
bonds, further supported this hypothesis. Overall, the
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Table 1 Calibration and cross-validation performance metrics of PLS regression models for acrylamide concentration estimation using
VNIR and FT-NIR spectra collected with the three devices (D1, D2, D3) on ground biscuit samples of S_2023 and S_2024 campaigns

Device Campaign Lv Calibration Cross-validation
RMSE (ug/kg) R? Bias RMSE (ug/kg) R? Bias RPD
D1 S_2023 6 3290 0.81 6.25¢7"3 41.76 0.70 0.003 20
S_2024 8 29.72 080 16071 42.76 060 046 16
D2 S_2023 6 36.16 0.77 —5.7¢e71* 4556 065 0.77 18
S_2024 8 2842 081 1.13¢7"3 37.68 068 -0.13 18
D3 S_2023 3 3533 0.79 —5.7e71* 4163 0.70 0.17 20
S_2024 4 4411 0.56 8.88e71° 50.79 042 —0.001 13

LV number of latent variables, RMSE root mean square error, R? coefficient of determination, RPD residual prediction deviation

PCA results revealed that the dominant source of spectral
variation between the 2023 and 2024 biscuit samples was
linked to storage-related differences (non-hermetic vs vac-
uum-sealed), as also observed in the raw spectra (Fig. 5).

Calibration transfer and validation

The sample packaging management during the two dif-
ferent campaigns (i.e., not hermetically closed for S_2023
and under vacuum for S_2024) resulted to be an external
parameter affecting the spectral information due to dif-
ferences in chemical composition of biscuits not related
to the baking process. To account for this external factor
and enable external validation while enhancing model
generalizability, EPO preprocessing method was applied.
This correction reduces the influence of unwanted spec-
tral variability, such as the changes in water content and
distribution, thereby improving the robustness and prac-
tical applicability of the models in new domains.

The effectiveness of EPO was evaluated applying the
trained model (calibration set constituted by S_2023 data
and 25% of S_2024 data) to two independent test sets
comprising 25% or 50% of the S_2024 data (named TS_A
and TS_B, respectively) not used in the model training
phase. TS_A was used to fine-tune the EPO hyperparam-
eters (the selected number of PCs was 12, 12, and 5 for
D1, D2 and D3, respectively) by assessing model perfor-
mance through RMSE and bias metrics. After determin-
ing the optimal number of PCs, TS_B was used to evaluate
the final performance of the EPO-corrected model.

Figure 8 shows the regression line of the of the PLS
models calculated after EPO correction, while Table 2
summarizes the performance of the models in prediction.
For each instrument, RMSE and R? values for calibra-
tion, cross-validation (CV), and external validation are
reported, the latter performed using 50% of the S_2024
dataset as an independent test set.

In general, the models showed satisfactory calibration
performance, but moderate predictive performance on

external data, confirming the challenges in transferring
model accuracy across datasets of the two sampling cam-
paigns. Both D1- and D2-based models required 6 LVs,
whereas 5 LVs were used in the model calculated with
the D3 dataset. The R? in calibration ranged from 0.80 to
0.87, but it dropped to 0.59—0.76 in cross-validation, and
further to 0.43—0.53 in external prediction. In particu-
lar, the model constructed with the D2 dataset showed
in prediction the lowest R? and the highest bias (18.3 pg/
kg) and RMSE (53.8 pg/kg), suggesting higher sensitivity
to domain variability. Models developed with D1 and D3
datasets showed more stability, with lower bias in predic-
tion. The best predictive performance was obtained with
the D3 dataset with the highest R? (0.53) and the lowest
RMSE (39.1 pg/kg). In any case, the obtained RMSE in
prediction was slightly more than twice the SEL (18.6 pg/
kg), indicating suitability for rapid screening and process
feedback (Ciurczak et al., 2021).

Applicability—envisioning industrial
implementation of NIR systems for acrylamide
monitoring in the food industry

AA must be tightly controlled in industrial food pro-
duction to ensure food safety and regulatory compli-
ance. Real-time or at-line NIR monitoring offers rapid,
non-destructive analysis that far outpaces the time-con-
suming sample preparation and lengthy turnaround of
traditional laboratory assays. In literature, extensive work
has been done on potato chips and French fries (Aded-
ipe et al,, 2016; Ayvaz & Rodriguez-Saona, 2015; Peraza-
Aleman et al., 2025; Skinner et al., 2021; Smit et al., 2025;
Xie et al., 2023), whereas there is a lack of application for
other food matrices.

The first study by Ayvaz and Rodriguez-Saona (2015)
considered both benchtop and handheld instruments,
however the potato chips were pretreated to obtain a
“chip cake’, i.e., chips were blended, and oil was expelled
by a hydraulic press. Thus, the sample preparation
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Fig. 8 EPO-PLS regression lines for acrylamide concentration prediction in cocoa biscuits, calculated using the data collected with the three

spectral devices (a) D1, (b) D2 and (c) D3

procedure makes the approach far from a process line
application. Furthermore, a higher error in prediction (78
pg/kg) was obtained compared to the RMSEP (47.69 pg/
kg) obtained in a more recent study (Xie et al., 2023). This
could be linked to the AA content in commercial chips
(169 to 2453 pg/kg) analyzed by Ayvaz and Rodriguez-
Saona (2015), compared to the chips analyzed by Xie
et al. (2023) with AA levels (56.7—789.0 pg/kg) in line

with EU limitation for this type of products (750 ug/kg).
Indeed, the PLS prediction results obtained by Xie et al.
(2023) are in line with the regression models presented in
this study, having RMSE in prediction ranging from 39.1
to 53.8 ug/kg depending on the considered instrument.
However, the NIR solutions proposed in the potato chip
studies revised from the literature are limited due to sam-
ple preparation. Indeed, an industrial implementation

Table 2 Figures of merit of EPO-PLS regression models for acrylamide concentration prediction in cocoa biscuits using VNIR and

FT-NIR spectra collected with the three devices (D1, D2, D3)

Device Lv Calibration Cross-validation Prediction

RMSE (ug/kg) R? Bias RMSE (ug/kg) R? Bias RMSE (ug/kg) R? Bias
D1 6 27.49 0.87 0 38.02 0.76 1.19 48.87 047 -76
D2 6 37.00 0.80 0 49.00 0.66 0.46 53.80 043 -183
D3 5 29.80 0.85 -13 50.80 0.59 -3.0 39.10 0.53 -9.6
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Table 3 Spectral devices specifications
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Application Spectral range (hnm) Minimum spectral Measuring distance Sample presentation
resolution

D1 (ZEISS, Corona On-line/in-line 380—1650 <10 nm (FWHM) 100-590 mm Measures solid and pow-

Process) dered samples in absorb-
ance mode

D2 (Spectra star, Unity) At-line 680—2600 10.0£0.3 nm (FWHM) contact Optimized for solid,
granular, and powdered
samples, using a rotating
sample cup for improved
homogeneity

D3 (FT-NIR Bruker Optics,  Off-line/at-line/in-fine 800—2500 2cm(FT) contact Supports solids, powders,

MPA)

and liquids, with meas-
urement via reflection,
transmission, or fiber-optic
probe integration

" FWHM Full Width at Half Maximum

able to deal with intact products along the conveyor belt
would be necessary. Results obtained from intact product
analyses were presented by Peraza-Alemdn et al. (2025),
who developed a hyperspectral imaging (HSI) method for
AA prediction in potato chips by PLS modelling, reach-
ing a RMSE in prediction of 201 ug/kg when considering
a wide AA range (from 201 to 2548 pg/kg). HSI systems
take advantage of spatial information, thus generating
pixel-level maps of surface AA distribution. However,
they are highly affected by environmental fluctuations
in the industrial setting, and they require long spectral
acquisition times.

The instrumental solutions proposed in this study, even
if tested on ground biscuits, were selected for their pos-
sible use for at-line/in-line implementation (Table 3). The
D3 instrument was equipped with an integrating sphere
and a rotating sample module, as this was considered
the best method for analyzing ground samples over the
full NIR spectral range (12,500-4000 cm™" or 800-2500
nm) in absorbance mode. The actual setup was charac-
terized by a total acquisition time around 30 s, with 32
scans and 8 cm™! resolution. However, the main advan-
tage of D3 is its versatility, which allows, for instance, for
punctual analysis of solid samples by fiber optic probes.
Furthermore, reducing the spectral range, the number of
scans and the resolution, a lower acquisition time (~ 10 s)
could be reached while guaranteeing the optimal meas-
urement conditions (Grassi et al., 2021). D2 was tested as
an at-line NIR solution for the analyses of ground sam-
ples placed in a rotating Petri dish. The instrument oper-
ated in absorbance mode over 680—-2600 nm, and enabled
to acquire a spectrum every 10 s. Both D2 and D3 could
be suitable for intact biscuit analysis for at-line solutions,
because mounting them above the conveyor belt will
probably not succeed in achieving the correct configu-
ration with the necessary standoff distance. Among the

selected instruments, D1 seems to be the most suitable
for in-line implementation as developed for absorbance
measurements with a working distance between 80 and
600 mm. In the presented case the spectral acquisition
was performed in absorbance mode using a 60 mm illu-
mination spot and measuring at a fixed sensor-to-sample
distance of 150 mm. However, different settings could
be reached for industrial implementation. Moreover,
D1 guarantees rapid spectral acquisition, with a total
acquisition time of around 2 s. Thus, future work on the
industrial implementation would need to face proper
integration of VNIR sensors considering precise align-
ment of the sensor head at an optimal distance from
intact biscuit moving on the conveyor belt.

Over the need for distance measurement capabilities
and fast acquisition time, the industrial implementation
should consider synchronized sampling frequency and
data modelling throughput to match line speed. Finally,
robust housing or compensation algorithms are manda-
tory to mitigate environmental fluctuations, such as tem-
perature or humidity changes, as demonstrated by the
performance improvement obtained by EPO correction.

Conclusions
This study evaluated the feasibility of using VNIR and
FT-NIR spectroscopy as a screening system for AA quan-
tification in industrially produced cocoa-based biscuits.
By the development of machine learning models based
on spectral data collected with three distinct instruments
(D1, D2, and D3) and across two independent sampling
campaigns (S_2023 and S_2024), the research addressed
both analytical performance and storage condition effects
on model performances.

The biscuit formulation and baking set up success-
fully captured a wide range of AA concentrations, cre-
ating a representative and challenging dataset for model
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development. Across all instruments, PLS regression
models showed promising predictive performance in
cross-validation, with R? values ranging from 0.65 to
0.87 and RPD values generally above 1.5. These results
confirmed the models’ suitability for semi-quantitative
applications and trend monitoring. However, external
validation revealed domain shifts between datasets col-
lected in 2023 and 2024, likely caused by differences in
sample packaging before storage (i.e.,, non-hermetic
vs vacuum-sealed packaging). PCA confirmed that
storage-related variability, particularly affecting O-H
bond absorptions, was the dominant factor contribut-
ing to spectral differences. To overcome this challenge
and ensure model transferability, EPO was applied. The
EPO correction improved model robustness and enabled
acceptable external predictive performance (R?~0.43—
0.47; RMSE~49-54 pg/kg), despite intrinsic matrix
variability.

Overall, the results support the integration of VNIR/
FT-NIR spectroscopy into industrial quality control
workflows as a PAT tool for AA monitoring. While not
yet a substitute for reference methods in regulatory com-
pliance, VNIR/FT-NIR spectroscopy can provide rapid
screening and process feedback, contributing to a QbD
approach. Future work will focus on expanding the cali-
bration dataset to include additional product types,
processing conditions, and production lines, thereby
enhancing model generalization and facilitating real-time
application in dynamic manufacturing environments.
Furthermore, the results presented in this work should
be regarded as a proof-of-concept demonstrating basic
AA detectability under ideal conditions. The extension to
intact biscuit detection is a critical next step, and future
work will focus on validating the model using intact bis-
cuits under simulated or real in-line conditions, including
varying orientations and conveyor speeds. Incorporating
these factors will allow the development of more robust
models tailored for industrial deployment.
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