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Abstract

Short-wave near-infrared (SW-NIR) spectroscopy provides a rapid and nondestructive sens-
ing route for monitoring bread staling, but formulation-dependent moisture redistribution
and starch retrogradation can make pooled spectral regression unstable. This study investi-
gated a stratified SW-NIR modeling strategy for bread staling prediction using 324 spectra
from control bread (CR) and two maltogenic a-amylase treatments (EZ1 and EZ2). A global
full-spectrum partial least squares (PLS) model was compared with bread-type-specific
PLS models; competitive adaptive reweighted sampling (CARS), support vector machine
recursive feature elimination (SVM-RFE), and multiple feature-spaces ensemble LASSO
(MFE-LASSO) were then each coupled with PLS and evaluated within each bread type. The
pooled benchmark achieved a root mean square error of prediction (RMSEP) of 2.28 days,
whereas stratified full-spectrum PLS reduced this to 1.86, 2.14, and 2.15 days for CR, EZ1,
and EZ2, respectively. In repeated wavelength-selection runs, MFE-LASSO was the most
consistently competitive method across bread types. In the representative best-model com-
parison, MFE-LASSO-PLS yielded the strongest performance for CR (RMSEP = 1.71 days)
and EZ1 (RMSEP = 1.43 days), while CARS-PLS gave the lowest RMSEP for EZ2 (2.00 days).
An exploratory position-specific analysis within the CR subset further suggested that the
middle crumb region carried stronger staling-related spectral information than the top
and bottom regions. These results indicate that formulation-aware SW-NIR spectroscopic
sensing is a practical strategy for nondestructive bread-staling assessment and that the
optimal wavelength-selection method is bread-type-dependent.

Keywords: bread staling; SW-NIR spectroscopy; chemometric modeling; food quality
analysis; wavelength selection

1. Introduction

Bread staling is a major quality-deterioration process in baked products, typi-
cally expressed through crumb firming, loss of resilience, and declining consumer
acceptability [1-3]. Both classical and modern bread studies have consistently shown that
staling arises from a coupled evolution of starch retrogradation, moisture redistribution,
and matrix reorganization rather than from a single isolated event [1,4-8]. Enzyme addition
can substantially alter the kinetic trajectory of these changes [9,10]. In enzyme-treated sys-
tems, the same storage day does not necessarily correspond to the same physicochemical
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state across formulations, which renders pooled spectral regression potentially unstable
and poses a direct modeling challenge for spectroscopy-based prediction.

Short-wave near-infrared spectroscopy offers a rapid and non-destructive sensing
route for probing water- and carbohydrate-related absorptions in bread matrices. Spectro-
scopic sensor systems have shown value in bread- and cereal-related quality studies, includ-
ing multivariate prediction of instrumental texture parameters, monitoring of bread storage
changes, and quantitative analysis of chemically complex grain attributes [11-18]. Recent
reviews have further reinforced the value of near-infrared spectroscopy and chemometrics
for food-quality screening and nondestructive assessment of cereal-based products [19-25].
The broader field of intelligent food sensing is also moving toward multi-sensor and
machine-learning-enabled platforms, including electronic-nose systems for beverage dis-
crimination and volatile-pattern analysis [26]. This wider context emphasizes that spec-
troscopic prediction should be evaluated not only by numerical accuracy but also by
deployment assumptions, model transferability, and the interpretability of selected sensing
variables. However, broad and overlapping absorption bands in the 1000-1700 nm region
create strong collinearity, making full-spectrum models difficult to interpret and potentially
unstable, particularly in bread systems where starch- and water-related information remain
strongly coupled [27]. Feature-wavelength selection is therefore attractive not only for
dimensionality reduction, but also for identifying reproducible spectral regions linked
to bread staling behavior. Competitive adaptive reweighted sampling (CARS), support
vector machine-recursive feature elimination (SVM-RFE), and multiple feature-spaces
ensemble-least absolute shrinkage and selection operator (MFE-LASSO) represent three
complementary strategies for this purpose [17,28-30].

Although the physicochemical basis of bread staling has been studied extensively,
the spectroscopy literature remains fragmented across texture-correlation studies, general
bread-quality monitoring, and spatial imaging analyses. Within the broader experimental
system used here, published work has described the texture kinetics of staling as well as
NIR- and hyperspectral-imaging-based monitoring of firmness-related evolution [9,31,32].
The present work is not intended to introduce a new chemometric algorithm. Its novelty
lies instead in reframing the publicly available bread-staling spectra as a formulation-aware
sensing problem and in testing, under loaf-wise held-out validation, whether explicit
formulation stratification and within-formulation wavelength selection provide a more
interpretable prediction workflow than a single pooled calibration. However, those studies
did not address the specific question examined here: loaf-wise held-out prediction of
storage day under explicit bread-type stratification, together with a direct comparison of
wavelength-selection strategies within each bread type. In the present dataset, the three
bread types were generated within the same experimental system yet exhibited clearly dif-
ferent staling trajectories, which means that identical storage days may represent different
stages of structural change across formulations. A pooled model may therefore com-
bine spectra from chemically non-equivalent states and obscure the relationship between
spectral variation and storage time.

In light of the above, the present study was designed to pursue three objectives:
(1) to compare a pooled global full-spectrum PLS model with bread-type-specific models
and assess whether stratification improves storage-day prediction; (2) to evaluate CARS,
SVM-RFE, and MFE-LASSO as wavelength-selection strategies within each bread type
and identify the most consistent approach; and (3) to conduct an exploratory position-
specific analysis of the CR subset to determine whether the top, middle, and bottom crumb
regions exhibit distinct staling-related spectral behavior. The findings are expected to
provide a practical basis for formulation-aware SW-NIR sensing of bread quality and to
offer a transferable chemometric framework for the nondestructive assessment of enzyme-
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modified cereal products. At the same time, the proposed strategy should be understood
as a practical chemometric workflow whose applicability depends on the availability
or reliable prediction of formulation labels, rather than as a universal replacement for
nonlinear modeling.

2. Materials and Methods
2.1. Dataset, Experimental Design, and Data Partitioning

The dataset used in this study was originally reported by the research group of Seren
Balling Engelsen at the University of Copenhagen [9,31,32] and comprises two components:
a design-oriented metadata object and an NIR spectral object. The NIR component contains
324 spectra with 142 wavelength variables covering 1008.8-1693.6 nm, while the design
metadata encode bread type, storage day, loaf identifier, spatial position, and replicate
information. Three spatial positions were used: top, middle, and bottom. The three bread
formulations are a control bread (CR), a bread containing the commercial maltogenic «-
amylase Novamyl (EZ1), and a bread containing an experimental maltogenic a-amylase
(EZ2). Samples were observed at six storage times (1, 4, 7, 10, 14, and 21 days), with two
loaves per bread type at each time point and three repeated measurements per position.
This design yields 108 spectra per bread type and 36 spectra per storage day across the
full dataset.

To prevent within-loaf information leakage, the physical loaf was treated as the min-
imum indivisible unit during model construction. Calibration and prediction sets were
therefore separated at the loaf level so that all positions and repeated measurements from
a held-out loaf remained unseen during training. Each bread type contributed 81 spectra
from 9 loaves to the calibration set and 27 spectra from 3 loaves to the prediction set. The
split was applied independently to CR, EZ1, and EZ2 and combined when the global
model was evaluated. The same loaf-wise independence was maintained during internal
cross-validation, where latent-variable selection and variable screening used loaf-wise
folds rather than spectrum-wise random folds. Table 1 summarizes the split structure and
subset-wise storage-day distributions.

Table 1. Loaf-wise calibration and prediction split structure, including subset-wise storage-day summaries.

Bread Type Subset N Loaves Storage Day (Mean =+ SD)
CR Calibration 81 9 10.22 £6.87
CR Prediction 27 3 7331541
EZ1 Calibration 81 9 10.22 +6.87
EZ1 Prediction 27 3 7.33+5.41
EZ2 Calibration 81 9 10.22 £6.87
EZ2 Prediction 27 3 7.33 £541

2.2. Spectral Preprocessing

All spectra were preprocessed by standard normal variate correction followed by
Savitzky—Golay smoothing with a window length of 7 and a polynomial order of 3. This
combination follows established near-infrared practice for reducing scatter-related variance
and high-frequency noise while preserving the broad band shapes required for subsequent
chemometric modeling [33,34].

2.3. Feature-Wavelength Selection Settings

Three wavelength-selection strategies were evaluated within each bread type. CARS
was applied as a competitive Monte Carlo shrinking procedure [28]. SVM-RFE was ap-
plied as a recursive ranking-and-elimination method based on support vector machine
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weights [29]. MFE-LASSO was applied as a Monte Carlo and weighted-bootstrap ensemble
selection strategy designed to improve selection consistency in highly collinear spectral
spaces [30]. Each method was repeated 50 times and interpreted from two complementary
perspectives: the distribution of repeated-run performance and a single representative
best-model instance.

CARS was run with 50 Monte Carlo samplings. SVM-RFE was implemented as
a linear-kernel support vector regression ranking procedure with a BoxConstraint of 1,
followed by repeated subsampling-based weight aggregation to stabilize the elimination
order. MFE-LASSO used 80 Monte Carlo resamplings in the first phase and 30 weighted-
bootstrap iterations in the second phase to generate and refine candidate variable subsets.
These values represent the fixed working settings used throughout the present comparison.

2.4. Modeling Strategy

The modeling workflow was organized into three levels. First, a pooled global full-
spectrum PLS model was constructed as a direct baseline to test whether bread-type
stratification is more appropriate than pooled regression for this dataset. Second, within
each bread type, CARS, SVM-RFE, and MFE-LASSO were each combined with PLS and
compared against the corresponding full-spectrum PLS model. Third, an exploratory
CR-only position-specific analysis was performed to examine whether the top, middle,
and bottom regions exhibit distinct wavelength-selection patterns and predictive behavior.
The comparison was deliberately restricted to established linear chemometric models and
wavelength-selection procedures. This design isolates the effects of formulation stratifi-
cation and wavelength selection without introducing a second source of variation from
model-family changes. Neural network-based regression approaches were not included
in the present comparison, as deep learning models generally require substantially larger
training sets to avoid overfitting in high-dimensional spectral data; with 81 calibration
spectra per bread type, the available sample size is insufficient for this model family [25,35].
A universal nonlinear model remains an important future direction when larger multi-
batch datasets become available, but it would not provide a statistically well-supported
benchmark for the present small-sample dataset.

For the repeated variable-selection experiment, each method was run 50 times to
assess both the variability in prediction performance and the reproducibility of selected
wavelength regions. The repeated-run statistics were used to evaluate method stability,
while a separate representative best-model table presents one selected model instance for
direct model-to-model comparison and wavelength interpretation. Representative best
models were selected within each bread-type and method combination using the lowest
RMSECYV as the primary criterion; external prediction performance and model compact-
ness were considered as secondary criteria. The full run-to-run summary is reported in
Supplementary Table S1.

For all full-spectrum and feature-selected bread-type models, PLS served as the com-
mon regression backbone so that the comparison isolates the effects of stratification and
wavelength selection without simultaneously varying the model family [36]. In a deploy-
ment setting, the stratified workflow assumes that bread type is known from production
records or can be assigned by a preliminary classification step before storage-day prediction.
The present study evaluates the regression component under known formulation labels
and does not claim to solve the separate problem of automatic formulation recognition.
The same modeling logic was retained for the CR position-specific analysis, except that val-
idation was performed in a leave-one-loaf-out manner within each spatial subset, ensuring
that each validation fold represented a previously unseen loaf.
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2.5. Evaluation Metrics

Model quality was evaluated using the coefficient of determination for calibration
and prediction (RZ and R3), the root mean square errors for calibration and prediction
(RMSEC and RMSEP), and the residual predictive deviation (RPD) [17,37]. For the repeated
variable-selection experiment, the number of retained wavelengths and the run-to-run
distribution of performance metrics were also recorded. The same prediction metrics were
retained in the exploratory position-specific analysis to preserve comparability with the
bread-type models. For the CR position-specific analysis, the reported metrics summarize
aggregated predictions from a leave-one-loaf-out validation scheme applied separately to
the top, middle, and bottom subsets.

The calculation formulas for these metrics are as follows:

Yo (vi — 9i)?

RMSEC — n (1)
Y (i — 9i)?
Re—1-ERlidl @
i=1\Yi — Y
_ SDp
RPD = RMSEP ®)

where y; is the reference value, ; is the predicted value,  is the mean of the calibration set
reference values, and 7. is the number of calibration samples. SDp is the standard deviation
of the prediction set reference values. The formulas for RMSEP and R2 follow the same
structure as RMSEC and R%, applied to the prediction set.

RPD is used in this study as a comparative performance descriptor alongside R%
and RMSEP.

3. Results and Discussion
3.1. Exploratory Spectral Structure

The raw spectra showed broadly similar band shapes across the 324 samples but
differed in intensity scale and baseline level. After SNV followed by Savitzky-Golay
smoothing, the curves overlapped more tightly while retaining the major absorption
structure, confirming the suitability of the preprocessed matrix for subsequent chemometric
analysis (Figure 1). The dominant absorption regions were located near 1150 nm, 1200 nm,
1450 nm, and 1550 nm, consistent with water- and carbohydrate-related overtone and
combination bands in bread-like matrices.

When average spectra were grouped by bread type and storage day, the three bread
types remained highly similar at the level of static mean spectra, suggesting that the
formulation effect was not expressed primarily as a global shape difference. In contrast, the
Day 21 minus Day 1 difference spectra showed visible divergence among CR, EZ1, and
EZ2, particularly in the 1050-1200 nm, 1400-1500 nm, and 1600-1700 nm regions. These
patterns indicate that enzyme treatment likely altered the trajectory of spectral evolution
during staling rather than producing a large type-dependent offset in the raw spectra. The
corresponding mean-spectrum and difference-spectrum visualizations are provided in
Supplementary Figure S1.

Principal component analysis reinforced this interpretation. The first two principal
components accounted for most of the spectral variance, yet the score distributions for
bread type still overlapped substantially, indicating that type-dependent differences were
weaker than the dominant storage-related structure. The wavelength-wise ANOVA profile
further suggested that the strongest type-dependent differences were concentrated near
1230 nm and in the 1580-1600 nm region, whereas the classical 1450 nm water band was
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not the primary type-discriminative region. One plausible explanation is that enzyme
treatment altered carbohydrate accessibility and water-matrix coupling more strongly than
bulk water content alone, making formulation differences more visible in carbohydrate-
sensitive and water-structure-coupled regions than in the broad 1450 nm band [1,9]. This
distinction matters because wavelengths that are useful for separating bread types are
not necessarily the most informative for predicting storage day within a single bread
type. Additional PCA, ANOVA, and position-residual visualizations are provided in
Supplementary Figures S2-54. Taken together, these observations indicate that the three
bread types follow distinct spectral evolution pathways during storage, supporting the use
of formulation-specific models rather than a single pooled regression for this dataset.
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Figure 1. SW-NIR spectra of the 324 bread samples before and after preprocessing. (A) Raw spectra;
(B) SNV+SG preprocessed spectra. Preprocessing reduces scatter-related baseline differences while
preserving the major absorption structure used for subsequent modeling.

3.2. Global vs. Stratified Modeling

The comparison between the pooled full-spectrum PLS model and the bread-type-
specific full-spectrum PLS models provides a direct test of the stratified modeling hypothe-
sis. As summarized in Table 2, the global model achieved an overall prediction performance
of R3 = 0.8152 and RMSEP = 2.28 days. Applied within each bread-type subset, the same
global model yielded RMSEP values of 2.18, 2.23, and 2.43 days for CR, EZ1, and EZ2,
respectively. The stratified full-spectrum models reduced these errors to 1.86 days for CR,
2.14 days for EZ1, and 2.15 days for EZ2.

These results indicate that bread-type stratification provides a numerically consistent
and practically meaningful improvement within the present split design. The gain was most
pronounced for CR and EZ2, where RMSEP reductions of approximately 14.9% and 11.7%
were observed, respectively, while EZ1 showed a more modest improvement. Because the
external prediction set contains only three held-out loaves per bread type, these RMSEP
differences should be interpreted as descriptive evidence from a loaf-wise validation design
rather than as formal proof of statistical superiority. The repeated variable-selection runs
reported below provide additional information on run-to-run stability, but they do not
replace validation on independent production batches. The asymmetric benefit across
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bread types is informative in itself, as it suggests that pooled modeling does not affect every
formulation equally. Stratified models therefore provide a more appropriate modeling
baseline than the global mixed model for this bread staling problem.

Table 2. Comparison between the pooled global full-spectrum PLS model and the bread-type-specific
full-spectrum PLS models.

Model Scope R% RMSEC R} RMSEP RPD
Global Full-PLS All 0.9196 1.94 0.8152 2.28 2.34
Global Full-PLS CR 0.9196 1.94 0.8313 2.18 2.48
Global Full-PLS EZ1 0.9196 1.94 0.8240 2.23 2.43
Global Full-PLS EZ2 0.9196 1.94 0.7902 243 2.22
Stratified Full-PLS CR 0.9716 115 0.8777 1.86 291
Stratified Full-PLS EZ1 0.9777 1.02 0.8376 2.14 2.53
Stratified Full-PLS EZ2 0.9455 1.59 0.8363 2.15 2.52

From a mechanistic standpoint, this result is plausible. The bread-staling literature has
repeatedly shown that enzyme-treated breads can differ not only in absolute firmness but
also in the rate and shape of their texture-development trajectories [9,10]. When spectra
from such trajectories are pooled into a single regression, the model is forced to map
chemically and structurally non-equivalent states onto the same numerical storage-day
axis. Stratification does not eliminate all modeling difficulty, but it reduces this source
of heterogeneity and thereby provides a more homogeneous chemometric target within
each bread type. This advantage is expected to be most relevant when formulations differ
discretely and their staling trajectories are sufficiently distinct. If formulation differences
are weak, continuous, or strongly convergent during storage, a hard stratification boundary
may offer limited benefit and a pooled nonlinear or hierarchical model may be preferable.

3.3. Stability of Feature-Wavelength Selection

The 50-run statistics showed that the relative performance of the three wavelength-
selection methods depended on bread type. For CR, MFE-LASSO produced the lowest
average RMSEP (1.62 days), well below the averages for full-spectrum PLS, CARS, and
SVM-REFE, while also retaining the smallest average number of variables. For EZ1, SVM-
RFE gave the lowest average RMSEP (1.85 days), followed by MFE-LASSO (1.96 days)
and CARS (2.08 days). For EZ2, MFE-LASSO again gave the lowest average RMSEP
(1.91 days), whereas SVM-RFE was markedly weaker at 2.81 days. The corresponding
RMSECYV trajectories are shown in Figure 2; the full repeated-run summary is provided in
Supplementary Table S1. Thus, model confidence was not inferred from a single selected
run alone, but from the empirical distribution obtained across independent resampling
runs. The relatively compact MFE-LASSO error distributions and their separation from the
full-spectrum PLS baseline and competing selection methods indicate that its improvement
is robust to sampling variability rather than a random artifact of one favorable split.

These repeated-run results show that no single feature-selection method dominated
every bread type in the same way. Across the three bread types, MFE-LASSO was the most
consistently competitive method, combining a low average prediction error with a compact
variable set. In contrast, SVM-RFE exhibited a more pronounced bread-type dependence
and became unstable for EZ2, whereas CARS remained competitive but tended to retain
more variables than MFE-LASSO in this comparison.
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Figure 2. Run-to-run RMSECYV variation across 50 repeated runs. Rows (A-C) correspond to CR, EZ1,
and EZ2, respectively; columns (1-3) correspond to CARS, SVM-RFE, and MFE-LASSO, respectively.

The distinction between stability and single-run optimality matters in practice. A
method that occasionally produces the lowest prediction error may not be the most re-
liable choice if its run-to-run variability is large, whereas a method with a compact and
reproducible wavelength set offers practical advantages even when its single-run best
does not rank first. Therefore, the repeated-run results are used here to assess robustness
of the variable-selection procedure, while the representative models are used mainly for
transparent reporting of selected wavelength sets.

3.4. Representative Within-Type Model Comparison

As reported in Table 3, MFE-LASSO-PLS gave the best overall balance for CR, reaching
R?% = 0.9085, RMSEP = 1.71 days, and RPD = 3.35 with only 19 variables. CARS-PLS and
SVM-RFE-PLS also improved over the full-spectrum baseline in certain respects, but neither
achieved the combination of model compactness and prediction performance obtained by
MFE-LASSO-PLS for CR.

For EZ1, MFE-LASSO-PLS again produced the strongest representative prediction
result, with R% = 0.9383, RMSEP = 1.43 days, and RPD = 4.08 using only 11 variables.
SVM-RFE-PLS was the second-best representative model for EZ1 and clearly outperformed
CARS-PLS, which showed weaker predictive accuracy despite a good calibration fit. This
pattern supports the view that calibration performance alone is not sufficient for selecting
the most transferable model.

For EZ2, the representative comparison departed from the repeated-run average
pattern. In the representative best-model table, CARS-PLS yielded the lowest RMSEP
(2.00 days), slightly outperforming MFE-LASSO-PLS (2.07 days), while SVM-RFE-PLS
remained substantially weaker. This divergence between repeated-run averages and single
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selected models further justifies reporting both stability statistics and representative best-
model results. Taken together, the two analyses show that MFE-LASSO is the most broadly
competitive method in the current study, but the bread-type dependence of model selection
remains real and cannot be reduced to a single universal ranking.

Table 3. Representative best-model comparison among full-spectrum PLS, CARS-PLS, SVM-RFE-PLS,
and MFE-LASSO-PLS.

Bread Type  Model nVAR R%. RMSEC R%2 RMSEP RPD
CR PLS 142 09716 115  0.8777 1.86 291
CR CARS-PLS 24 09798 097  0.8659 195 278
CR SVM-RFE-PLS 33 0.9703 1.18  0.8769 1.86  2.90
CR MFE-LASSO-PLS 19 0.9780 1.01  0.9085 171 335
EZ1 PLS 142 09777 1.02  0.8376 214 253
EZ1 CARS-PLS 24 0.9790 0.99  0.7799 249 217
EZ1 SVM-RFE-PLS 25 0.9660 126  0.8867 179  3.03
EZ1 MFE-LASSO-PLS 11 09798 097  0.9383 143 4.08
EZ2 PLS 142 0.9455 159  0.8363 215 252
EZ2 CARS-PLS 25 0.9583 1.39  0.8589 200 271
EZ2 SVM-RFE-PLS 15 09152 1.99  0.6127 331  1.64
EZ2 MFE-LASSO-PLS 9 0.9407 1.66  0.8751 207 287

The practical implication is that the choice of wavelength-selection strategy should
be treated as formulation-sensitive rather than universally transferable. In this study,
MFE-LASSO provides the most convincing overall balance because it performs well in
both the repeated-run and representative-model analyses while retaining fewer variables.
The EZ2 results nonetheless demonstrate that a CARS-selected model can still yield the
strongest representative solution for a specific bread type. For industrial deployment,
this result suggests a two-stage decision process: known formulations can be routed di-
rectly to the corresponding calibration model using recipe, batch, or product-line metadata,
whereas unknown samples would require a preliminary formulation-classification step
before regression. If future applications involve continuously varying formulations, am-
biguous formulation boundaries, or transfer across production campaigns, the present
hard-stratified design should be replaced or augmented by models that encode formulation
descriptors as continuous covariates, hierarchical models, transfer-learning procedures, or
universal nonlinear models validated on larger multi-batch datasets.

3.5. Key Wavelength Distribution and Interpretation

The feature-distribution plots show that the selected wavelengths are concentrated
mainly near 1200 nm and within the broad 1450-1600 nm interval (Figure 3). This pat-
tern is consistent with the exploratory spectral analysis, which indicated that bread-type
differences were concentrated near 1230 nm and in the 1580-1600 nm region, while the
classical 1450 nm water band was more relevant to within-type temporal evolution than to
type discrimination. The convergence of the difference spectra, the ANOVA profile, and
the selected wavelength regions therefore indicates that the retained variables capture a
combination of water-state variation and carbohydrate-related structural change.

The present results indicate that certain spectral intervals are repeatedly informative
for bread staling prediction, although a direct one-to-one mechanistic assignment of each
selected wavelength to a specific physical process is not yet warranted. The region near
1200 nm is commonly associated with C—H overtone and combination information from
carbohydrate-rich matrices, whereas the broad 1400-1500 nm interval is strongly influenced
by O-H overtone absorption from water. The 1580-1600 nm region can reflect overlapping
carbohydrate and water-structure-related contributions in starch-based foods. A reasonable
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interpretation is that the selected intervals reflect the coupled evolution of water redistri-
bution and matrix restructuring during storage, with formulation-dependent differences
in their relative contributions. This reading is consistent with the broader bread-staling
literature, which links bread firming to both starch reorganization and moisture-dependent
structural effects rather than to a single isolated marker band [1,6,7,27,38—40]. More specific
band assignments would require orthogonal measurements on the same samples, such as
calorimetric starch-retrogradation assays or water-mobility-sensitive NMR observations.
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Figure 3. Distribution of representative selected wavelength positions in the spectrum. Rows
(A—C) correspond to CR, EZ1, and EZ2, respectively; columns (1-3) correspond to CARS, SVM-RFE,
and MFE-LASSO, respectively. Feature sets correspond to the representative best-model instance for
each bread-type and method combination.

One plausible explanation for the bread-type dependence of wavelength-selection
performance is that enzyme treatment alters the covariance structure of temporally infor-
mative spectral regions rather than merely shifting a few peak intensities. When water- and
carbohydrate-related intervals remain broadly informative across many resampled subsets,
an ensemble-consistency approach such as MFE-LASSO can retain compact variable sets
without sacrificing predictive stability. When useful information is concentrated in a nar-
rower or differently ordered subset of wavelengths, CARS or SVM-RFE may become more
competitive for a specific bread type, as observed in the EZ1 and EZ2 comparisons.

3.6. Exploratory Spatial Analysis

The position-specific analysis was restricted to CR in order to exclude the influence
of enzyme-dependent formulation differences. Consequently, the following spatial obser-
vations should not be generalized to EZ1, EZ2, or other enzyme-treated breads without
additional validation. Table 4 shows that the middle region achieved the strongest predic-
tive performance, with R% = 0.9904, RMSEP = 0.68 days, and RPD = 10.27, whereas the top
and bottom regions showed RMSEP values of 1.75 and 1.81 days, respectively. These values
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summarize the leave-one-loaf-out validation results within the CR subset and suggest that
the spectral evolution of the crumb center may be more closely coupled to storage day than
that of the outer regions under the present CR-only conditions.

Each position-specific subset contained only 36 spectra from 12 loaves. The middle-
region model retained 18.0 wavelengths on average, close to the bottom-region count (18.3)
and only moderately above the top-region count (12.0); the performance gap therefore
cannot be attributed simply to a larger model. The notably high RPD of the middle region
(10.27) reflects a subset of only 36 spectra; broader validation across additional loaves and
storage conditions would be needed to confirm whether this spatial advantage generalizes.

Table 4. Exploratory CR-only position-specific prediction performance.

Position nVAR R} RMSEP RPD
Top 12.0 0.9362 1.75 3.98
Middle 18.0 0.9904 0.68 10.27
Bottom 18.3 0.9320 1.81 3.85

The position—frequency plots indicate that the selected wavelengths for all three
positions remain concentrated mainly around the same broad spectral regions identified in
the bread-type models, particularly near 1200 nm and within the 1450-1600 nm interval
(Figure 4). The middle region shows denser selection within these informative bands,
consistent with its lower prediction error. One plausible explanation is that the crumb
center undergoes a more spatially coherent water—starch evolution than the outer regions,
which are exposed to stronger local moisture gradients. The results indicate that position-
dependent spectral differences exist within the CR subset, consistent with prior work in
which spatial staling differences are detectable by both mechanical and optical methods
yet remain intertwined with moisture gradients, thermal history, and texture-development
kinetics [9,10,15,32]. The stronger predictive performance of the middle-region model
suggests that crumb-center spectra carry more consistent staling-related information, which
may inform the design of spatially targeted SW-NIR sampling strategies in future bread
quality assessment. However, because enzyme-treated breads may show different spatial
moisture redistribution and matrix-softening behavior, the CR-only position result should
be treated as an exploratory sampling-design observation rather than a general conclusion
for all formulations.
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Figure 4. Wavelength-selection frequency map for the CR position-specific models. (A) Top region;
(B) middle region; (C) bottom region.
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3.7. Limitations

Several limitations should be acknowledged. First, the present work is based on a
single experimental system with 12 loaves per bread type and therefore does not address
broader variation in formulation, processing, packaging, or storage environment; extension
to other bread recipes or production settings warrants further investigation. Although
the loaf-wise split reduces information leakage between calibration and prediction sets, it
cannot substitute for validation on independently produced batches, different production
campaigns, or industrial storage conditions. Second, the reported RMSEP improvements
should be interpreted as descriptive and practically informative within this dataset, rather
than as statistically definitive evidence of superiority across all possible bread-staling
datasets. Third, the stratified strategy assumes discrete and identifiable bread formulations.
In practical deployment, this requirement may be satisfied by production-line metadata or
by a preliminary classification model, but it also increases engineering complexity when
many formulations must be maintained. Unknown or hybrid formulations would require
explicit formulation recognition, model-transfer assessment, or a regression model that
incorporates formulation descriptors before routine use. If formulation differences are
continuous, ambiguous, or strongly overlapping, a single nonlinear model or a model
that includes formulation descriptors as covariates may be more appropriate. Fourth, the
position-specific analysis is limited to the CR subset and should be regarded as a hypothesis-
generating observation for future validation rather than a comprehensive account of spatial
heterogeneity across all bread formulations. Future work should pursue cross-system
validation with independently produced batches, evaluate formulation-recognition or
model-transfer procedures for unknown samples, and incorporate orthogonal physico-
chemical measurements to support more specific wavelength interpretation.

4. Conclusions

This study indicates that bread-type-specific SW-NIR spectroscopic sensing can serve
as a practical strategy for bread staling prediction within the present experimental setting. A
direct comparison between a pooled full-spectrum PLS baseline and bread-type-specific full-
spectrum PLS models showed that stratified modeling consistently improved prediction
performance, with the largest gains observed for CR and EZ2. This result indicates that
formulation-dependent staling kinetics are strong enough to justify separate modeling
rather than a single pooled regression under the current dataset conditions. The conclusion
is therefore dataset- and deployment-condition dependent: the strategy is most suitable
when formulations are known or reliably classifiable and when formulation-dependent
staling trajectories are sufficiently distinct.

Within the stratified framework, the comparison among CARS, SVM-RFE, and MFE-
LASSO showed that method performance depended on bread type and on whether stability
or representative best-model performance was the primary criterion. MFE-LASSO emerged
as the most broadly competitive method, combining compact wavelength sets with strong
predictive performance for CR and EZ1 while remaining highly competitive for EZ2; CARS,
however, produced the strongest representative best-model result for EZ2. The exploratory
CR-only position analysis further suggested that the middle region carried stronger staling-
related spectral information than the top and bottom regions.

Taken together, these results indicate that SW-NIR-based bread-staling sensing benefits
from a hierarchical strategy in which formulation stratification is established first, variable
selection is then optimized within each bread type, and spatial heterogeneity is treated as a
secondary exploratory component. These findings suggest that formulation-aware SW-NIR
modeling can serve as a practical basis for nondestructive quality monitoring of enzyme-
modified breads, and the stratified modeling framework demonstrated here provides a
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transferable approach for spectroscopic quality assessment across formulation-diverse
cereal-based products. Future studies should test this framework on independent batches
and larger multi-formulation datasets, where nonlinear universal models and formulation-
aware linear models can be compared under the same external-validation conditions.

Supplementary Materials: The following supporting information can be downloaded at
https:/ /www.mdpi.com/article/10.3390 /chemosensors14070151/s1, Table S1: Fifty-run statistics
for CARS, SVM-RFE, and MFE-LASSO across CR, EZ1, and EZ2; Figure S1: Supplementary spectral
views supporting the main-text description of bread-type similarity in static spectra and divergence
in temporal spectral evolution; Figure S2: Supplementary PCA visualizations of the global spec-
tral structure; Figure S3: Wavelength-wise ANOVA profile for type-dependent spectral differences;
Figure S4: Supplementary CR position-specific mean-spectrum and residual-spectrum comparisons.
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