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Herein, synchrotron-based Fourier-transform infrared (S-FTIR) microspectroscopy was used to investigate the
spatial distribution and molecular interactions within hybrid processed cheeses (HPCs) that contain casein and
plant proteins. Unsupervised hierarchical cluster analysis (HCA) and k-means clustering provided consistent
spatial differentiation, effectively separating the regions that were dominated by plant protein from those
dominated by casein. Spectral analysis revealed protein-protein and protein-lipid interactions based on the type
of plant protein used across plant-based cheeses and hybrid formulations. Cheese samples that contained only
hemp protein isolate (HPI) were dominated by f-sheets (50%) and p-turns (21%), while mung bean protein
isolate (MPI)-based cheeses exhibited considerable a-helix (35%) and p-sheet (48%) contents. In HPI-casein
hybrid cheeses, hydrogen bonds predominated, with the amide II mode of proteins as the key discriminating
component. By contrast, the amide I secondary protein structure was the primary marker that distinguished MPI
from casein in MPI-casein cheeses. Increasing the casein content reduced plant protein aggregation and created a
more heterogeneous environment, thereby supporting a flexible and disordered protein network. Furthermore,
the S-FTIR map of lipids indicated that coconut oil was preferentially associated with casein rather than with
plant proteins. Overall, these results highlight the role of S-FTIR microspectroscopy in resolving compositional
and molecular-level interactions in hybrid cheese matrices.

distinguishing between the dairy and plant protein networks. This
analysis revealed complex microstructural segregation and notable

1. Introduction

Hybrid processed cheese (HPCs), produced by partially replacing
milk proteins with plant proteins, are emerging as more sustainable al-
ternatives to conventional cheeses (Zhang et al., 2024). However,
incorporating plant proteins, such as hemp protein isolate (HPI) and
mung bean protein isolate (MPI), can alter their rheology, texture,
functionality, and sensory (Lu, Roy, et al., 2026; Lu et al., 2025).
Fundamentally, incorporating plant proteins introduces new molecular
and microstructural challenges. In our previous study, we used confocal
Raman microscopy to map the distribution of the main components in
HPCs formulated with rennet casein (RC) and either MPI or HPI, clearly
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molecular changes, showing that the presence of casein altered the
secondary structure and tyrosine environment of plant proteins, while
the inclusion of plant protein disrupted casein—casein interactions (Lu,
McGoverin, et al., 2026). These findings suggest that the internal
organisation of HPCs is heterogeneous, and this molecular complexity
highlights the need for complementary spectroscopic approaches with
higher spatial and structural sensitivity to verify the molecular organi-
sation within such complex matrices.

Fourier-transform infrared (FTIR) spectroscopy has emerged as a
powerful analytical tool for probing the molecular composition and
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structure of materials. By measuring the absorption of infrared (IR) ra-
diation, the technique can provide detailed information on functional
groups and intermolecular interactions (Jurowski et al., 2024). In
particular, vibrational absorption spectra in the mid-IR spectral range
(4000-400 cm™') contain characteristic fingerprints of the key bio-
macromolecules that serve as the fundamental building blocks of food
systems (i.e. proteins, lipids, carbohydrates, and water), making it useful
for both qualitative and quantitative analysis of food items (Saji et al.,
2024). Furthermore, FTIR microspectroscopy, when combined with a
microscope, enables spatially resolved chemical imaging at micron
scales, and can be used in combination with multivariate analysis as a
label-free, non-destructive tool for characterising complex biological
and food systems (Saji et al., 2024).

The development of synchrotron-based FTIR microspectroscopy has
considerably advanced these capabilities. Unlike an internal IR source
(Globar™) wused in most laboratory-based FTIR instruments, the
synchrotron-IR source provides a highly collimated and intense IR ra-
diation that substantially enhances spatial resolution and signal-to-noise
ratio, enabling the acquisition of high-quality spectra in much shorter
scanning times. A macro ATR-FTIR microspectroscopy platform has
been developed at the Australian Synchrotron, in which the
synchrotron-IR beam is coupled with a high-index germanium (Ge) ATR
hemispherical crystal (nGe = 4.0). This optical configuration allows the
acquisition of FTIR chemical maps at a resolution four times higher than
that of standard transmission and reflectance setups. It allows for a step
interval (pixel resolution) of as less as 250 nm, making it ideal for
resolving microstructures in complex heterogeneous systems at a few
microns, such as single cells and biological tissues (Vongsvivut et al.,
2019), as well as drug and nutrient microcapsules (REFs), among others
(Kim et al., 2023; Silva et al., 2021; Timilsena et al., 2019).

FTIR techniques have been increasingly applied to cheese and dairy
products to monitor their composition, microstructure and structural
changes during processing and ripening. For example, FTIR has been
used to quantify the key compositions of cheese, such as lipid, protein,
salt and moisture contents (Koca et al., 2007; Margolies & Barbano,
2018), and to visualise the spatial distribution of lipid and protein mi-
crostructures within cheese matrices (Pax et al., 2019). At molecular
level, FTIR combined with Raman microspectroscopy enables the
assessment of the secondary structure of proteins by tracking changes in
the amide I (V(C=0O0) stretching mode of protein backbone) and amide II
(mainly 3(N-H) bending and v(C-N) stretching) regions that reflect
maturation processes in cheddar cheese (Dewantier et al., 2023). Recent
studies have further integrated FTIR imaging techniques with multi-
variate analysis to correlate structural changes with functional proper-
ties. For example, Ong et al. (2020) demonstrated that pH-dependent
alterations in the secondary structure of proteins and microstructural
organisation influence the textural properties of cream cheese. Their
study reported that low pH conditions were associated with higher
B-sheet aggregation, a denser protein matrix and a firmer texture.
Furthermore, Pax et al. (2023) showed that synchrotron macro
ATR-FTIR microspectroscopy could monitor structural changes in the
secondary structure of proteins and alterations in the chemical distri-
bution within mozzarella cheese during freezing and tempering, which
could directly affect the performance of thawed cheese. Despite these
advances, most FTIR applications have focused on conventional dairy
cheeses. More recently, Yiu et al. (2026) used S-FTIR imaging to map
structural changes in a pea-protein cheese analogue, showing improved
meltability and texture with a dual-polysaccharide system. To date, no
studies have reported such advanced analysis of HPCs containing both
dairy and plant proteins, leaving a gap for understanding the way
mixed-protein systems affect cheese structure and functionality.

Herein, synchrotron macro ATR-FTIR microspectroscopy was used to
analyse HPCs formulated with RC and either MPI or HPIL, using the same
formulations that were previously examined by confocal Raman
microspectroscopy (Lu, McGoverin, et al., 2026). The objectives of this
study were (i) to map the spatial distribution of lipid, protein and water

Food Structure 47 (2026) 100511

in single-protein cheese systems, (ii) to distinguish plant proteins from
milk proteins in dual-protein systems (plant protein: casein = 50:50)
using unsupervised multivariate analysis, (iii) to investigate protein—
protein and protein-lipid interactions within HPCs and (iv) to correlate
these observations with our previous Raman microscopy findings to
highlight complementary molecular insights between the two tech-
niques. By integrating the synchrotron macro ATR-FTIR technique with
multivariate analysis, this study provided an enhanced understanding of
the molecular organisation and interactions of plant and dairy proteins
in hybrid cheese matrices.

2. Materials and methods
2.1. Materials

RC (SureProteinTM 779) containing 82% protein was obtained from
Fonterra Co-operative Group Ltd. (New Zealand). MPI; 85%) was pur-
chased from Bulk Powders New Zealand. HPI; 70%) and virgin coconut
oil were purchased from Davis Trading Company (New Zealand). All
chemicals used were of analytical grade and were obtained from Sigma
Chemical Co., unless otherwise specified.

2.2. Preparation of HPCs

HPCs were prepared by mixing MPI or HPI with RC at ratios of 100:0,
50:50 and 0:100 to obtain a total protein content of 18% (wet weight).
The formulation, based on the study by Lu et al. (2025), comprised 18%
protein, 20% coconut oil, 0.5% sodium chloride, 0.5% calcium sulfate,
0.1% potassium sorbate, 2.8% trisodium citrate and water on a weight
ratio basis, with pH adjusted to ~5.4 using citric acid. HPCs were pre-
pared using a Rapid Visco Analyser (RVA-4; Newport Scientific Pty Ltd,
Warriewood, NSW, Australia). The HPC samples (30 g) were prepared in
an aluminium cell fitted with a polycarbonate paddle. All dry in-
gredients and coconut oil were manually blended with water for 5 min
and then hydrated in an aluminium cell for 1 h at room temperature (20
°C). The mixture was processed using the following RVA profile: equil-
ibration at 50 °C, heating to 90 °C for 4 min and holding at 90 °C for
10 min. Thereafter, the sample was cooled to 50 °C at a rate of 0.2 °C/s
while mixing at 300 rpm throughout the heating and cooling stages. The
resulting samples were labelled as MP1100, MPI50, HPI100, HPI50 and
RC100, with the numbers indicating the protein ratios within them.
Individually packed samples were stored at 4 °C and analysed using
synchrotron macro ATR-FTIR microspectroscopy within 1 week.

2.3. Synchrotron macro ATR-FTIR microspectroscopic measurements

Synchrotron FTIR (S-FTIR) microspectroscopic analysis was per-
formed at the infrared microspectroscopy (IRM) beamline of the
Australian Synchrotron using a Bruker Vertex V80v spectrometer
coupled with a Hyperion 3000 FTIR microscope (Bruker Optik GmbH,
Ettlingen, Germany), which was equipped with a liquid nitrogen—cooled
narrow-band MCT detector. Spatially resolved chemical mapping was
performed using a custom macro-attenuated total reflection (macro
ATR) device fitted with a 250-um diameter facet Ge ATR crystal, as
previously described (Ong et al., 2020; Pax et al., 2019; Vongsvivut
et al., 2019). Spectra were acquired in the 3800-700-cm ! range at
4 cm™! resolution using the OPUS 8.0 software (Bruker). A background
spectrum was first recorded in air (128 co-added scans).

The cheese samples were sliced into ~1-2-mm thickness and pressed
against the Ge ATR crystal. The contact quality was monitored via live
ATR-FTIR absorbance spectra, with light pressure adjustments as
needed. Once good contact with the crystal was established, high-
resolution ATR-FTIR maps were collected over areas measuring
90 x 90 pmz with a step size of 2 um. Each spectrum was acquired with
16 co-added scans using a beam-defining projected aperture with a
diameter of ~3.1 pm. The default acquisition parameters included three-
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term Blackman-Harris apodisation, power spectrum phase correction

and a zero-filling factor of 2. Atmospheric compensation was applied to
every spectral map using the OPUS 8.0 software suite (Bruker) to
remove the effects of atmospheric water vapour and carbon dioxide

1. Single-protein cheese systems
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from the spectra. Each formulation was imaged in duplicate.
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Fig. 1. Workflow for S-FTIR map image data processing in Quasar, including single-protein (top) and dual-protein cheese systems (bottom). The pre—processed data
with baseline correction retained spectra in the ranges of 3600-2800 and 1825-1000 cm ' (Box a). Integrated peak mapping was performed using specific spectral
regions (Box b), and hyperspectral images were generated after integration (Box c). Spectra were selected based on defined value conditions (Box d), and their
average spectra were calculated (Box e). Hierarchical clustering was applied to group the spectra, and the corresponding hyperspectral images were generated after
clustering (Box f), and the average spectra of selected regions were extracted (Box g). A scatter plot visualizing cluster separation was obtained after Principal

Component Analysis (PCA) (Box h). PC2 was applied to rank protein-related variance (Box i).
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2.4. Synchrotron FTIR analysis using Quasar

The spectral data were analysed using Quasar, an open-source Py-
thon library designed for machine learning and spectral data visual-
isation (Toplak et al., 2021). A representative workflow with examples
of the single-protein cheese systems (RC100, MPI100 and HPI100) and
the dual-protein cheese systems (MPI50 and HPI50) is shown in Fig. 1.

For the single-protein cheese systems, the raw data were pre-
processed via a rubber-band baseline correction method, retaining the
spectra in the ranges of 3600-2800 and 1825-1000 cm ™! (Fig. 1 box a).
Chemical maps were generated by integrating areas under the peaks
within specific spectral regions to visualise the spatial distribution of the
key chemical components: 3580-3200 (water), 2950-2850 and
1760-1730 (lipids), 1700-1600 (amide I) and 1580-1500 cm! (amide
II) for protein and peptide structures (Fig. 1 box b and c). By filtering the
rows for specific integrated peaks that meet defined value conditions,
group spectra could be selected (Fig. 1 box d) and averaged (Fig. 1 box e)
for further comparison and analysis.

For the dual-protein cheese systems, the raw data were preprocessed
via rubber-band baseline correction method, second derivatisation with
the Savitzky-Golay algorithm (polynomial order 3 and 13 smoothing
points) and normalisation via standard normal variate to enhance
spectral quality, retaining the spectra in the ranges of 3600-2800 and
1825-1000 cm ™ *. In addition, two unsupervised clustering algorithms,
namely, hierarchical clustering and k-means clustering, were employed
to distinguish proteins in the mixed systems. Hierarchical cluster anal-
ysis (HCA) was performed using an agglomerative approach, which
iteratively grouped similar data points to generate a dendrogram. The
Pearson distance was used as the distance measure, with a maximum
depth of 10. By contrast, k-means clustering was used to partition the
data into a predefined number of clusters, with the cluster centroids
iteratively adjusted until convergence. Based on the known composition
of the cheese samples and after initial clustering and adjustment, four to
five clusters were used to efficiently differentiate lipid and protein types.
However, we observed that the two corners (top left and bottom right) of
the 90 x 90-um? area lay outside the focused synchrotron-IR beam. To
reduce noise, only a small, well-focused central area was selected for
detailed analysis (Fig. 1 box f). The average spectra from the selected
area were extracted, and principal component analysis (PCA) was con-
ducted to reduce dimensionality and visualise cluster separation
through scatter plots (Fig. 1 box h). The second principal component
(PC2) was used to rank the variance associated with proteins. Wave-
numbers were ranked based on the absolute values of their regression
coefficients, highlighting the spectral regions that were highly associ-
ated with protein differentiation in the absence of class labels (Fig. 1 box

i).
2.5. Deconvolution of the amide I region

The amide I region (1700-1600 cm™!) was deconvoluted for quan-
titative analysis. First, the average spectrum from the protein-rich
cluster, identified using k-means clustering, was extracted from
Quasar. Thereafter, the spectra were baseline-corrected using a linear
method between two selected points corresponding to the lowest-
intensity regions in each spectrum and smoothed using a 5-point
Savitzky-Golay filter with a polynomial order of 2 in the Origin® soft-
ware (2021b) to enhance the signal-to-noise ratio. Subsequently, peak
fitting was performed using the second derivative method, followed by
an iterative Gaussian peak fitting. Peak assignment was performed using
known infrared spectral data for protein secondary structures (Fellows
et al., 2020; Sadat & Joye, 2020; Tang et al., 2023). Several iterations
were performed until the fit converged, ensuring a final fitting curve
with a corrected R? > 0.99. Subsequently, the area under each peak was
calculated relative to the total area and expressed in percentage. The
results were reported as mean values (performed in triplicate) and
standard deviations. The data were subjected to one-way ANOVA
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analysis using SPSS, followed by Tukey’s comparison test. Differences
were considered statistically significant at a level of p < 0.05. The re-
ported values for p-sheets and p-turns represented the cumulative con-
tributions of multiple peaks.

3. Results and discussion
3.1. Overview of the FTIR spectra of HPCs components

HPCs demonstrated characteristic absorption peaks in the synchro-
tron ATR-FTIR spectrum, typically within the range of 4000-1000 cm ™.
Each peak corresponded to specific vibrational modes of functional
groups, enabling the identification of molecular components. These
bands could be attributed to specific biomacromolecules, particularly
proteins (amide I and II bands), lipids (v(C-H) and v(C=O0) stretching
vibrations) and water (V(O-H) stretching and 8(H-O-H) bending vi-
brations), providing valuable molecular insights into the key compo-
nents and their interactions within HPCs. Table 1 summarises the key
FTIR peaks and their corresponding vibrational modes, identified based
on characteristic assignments reported in the literature (Barth, 2007; Du
et al., 2018).

For coconut oil, the characteristic absorption bands observed within
the 2950-2800-cm ™~ spectral range could be attributed to the asym-
metric and symmetric stretching vibrations of methyl (-CHs) and
methylene (-CHz) groups. A strong peak at 1744 cm™! corresponded to
the v(C=0) stretching mode in ester functional groups, which was
characteristic of triglycerides in lipids and represented total lipids. The
bending vibrations of ~CH: groups produced a peak at ~1465 cm ™},
while the band at 1160 cm™! could be attributed to the V(G-0-C)
stretching in the -HC-O-(C=0) ester linkage (Gandhi et al., 2022).
These key features helped analysing the lipid component in the HPC
samples used in the present study at a molecular level.

Protein-associated absorption bands considerably helped identifying
and characterising their secondary structures. The amide I band
(1600-1700 cm™ 1), which predominantly arose from the v(C=0)
stretching vibration, was highly sensitive to protein secondary structure
owing to its dependence on the surrounding hydrogen bonding and

Table 1

Band assignment of FTIR absorption peaks typically found in most biological
samples containing protein and lipid components (Barth, 2007; Bittante et al.,
2022; @rskov et al., 2023).

Wavenumber values Functional groups Component

(em™)

3600-3200 v(O-H) Water/Hydroxyl

groups

2950-2800 VY(C-H) from methyl (-CH3) and Lipids
methyl (-CH3) groups of lipids

1740° v(C=O0) of esters from lipid Total lipids
triglycerides and fatty acids

1465° Sscissor(CHp) from methylene (—CHy) Lipids
groups

1700-1600 Amide I (\(C=O0) in peptide bonds) Protein

1642-1610 pB-sheet

1650-1640 random coil

1660-1650 a-helix

1699-1660 B-turn

1650-1640 8(H-O-H) Water

1570-1500 Amide II (8(N-H) coupled with Proteins
v(C-N))

1450 BNQ15,5(CH3) Lipids

1400-1200 Amide III (8(N-H) coupled with Protein
v(C-N))

1160 vs(C-0-C) from esters Lipids

Symbols used for vibrational modes: v,s = asymmetric stretch; vs = symmetric
stretch; 8 = symmetric in-plane deformation (bend); 5,5 = asymmetric in-plane
deformation (bend); * Representative band for total lipids. b Sensitive to the
orthorhombic-like to hexagonal packing transition of the —-CH; groups in the
phospholipid bilayers.
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polypeptide backbone conformation. Characteristic wavenumber ranges
for specific protein conformers included a-helices (1660-1650 em™Y),
random coil structures (1650-1640 cm’l), B-sheets (1642-1610 em™ D)
and p-turns (1699-1660 cmfl) (Hossain Brishti et al., 2021; Sadat &
Joye, 2020). The amide II band (1550-1500 cm_l), mainly attributed to
8(N-H) in-plane bending coupled with v(C-N) stretching modes,
contributed to protein structural analysis. These amide features played
an important role in distinguishing plant-derived proteins from casein
within complex food matrices.

Water exhibited strong characteristic absorption bands owing to its
broad range of hydrogen interactions with other surrounding molecules
within the food matrix. The broad v(O-H) stretching band observed in
the 3600-3200-cm™! spectral range was associated with hydrogen
bonding in water molecules and was highly sensitive to the physical
state of water (e.g. free vs. bound water) and the surrounding molecular
environment. A weaker 8(H-O-H) bending (scissoring) vibrational
mode at ~1640 cm ™! often overlapped with the amide I band of pro-
teins, potentially complicating spectral interpretation. These charac-
teristic FTIR bands were the reference framework for analysing the
single- and dual-protein hybrid cheese systems.

3.2. Spatial distribution of components and protein structure in single-
protein systems

The FTIR chemical image of HPCs was generated by integrating
specific absorption peaks corresponding to key chemical components, as
outlined in the previous section. These included lipid-associated bands
(2950-2800 and 1745 em™'), amide I (1700-1600 cm™ ') and water
bands (3600-3200 cm™1). Fig. 2 shows a representative chemical image
of the RC100 sample. RC100 exhibited a homogeneous microstructure,
with lipid droplets uniformly distributed within the casein network. The
water signal overlapped within the casein matrix, suggesting a close
spatial association between water and the casein matrix. This confirmed
the amphipathic nature of casein, which possessed both hydrophilic and
hydrophobic regions. The hydrophilic domains were capable of binding
water, while the hydrophobic regions contributed to the stable incor-
poration of lipids into the protein matrix (Holt et al., 2013). This result is
consistent with that of our previous confocal laser scanning microscopy
(CLSM) study (Lu, Roy, et al., 2026).

However, the plant protein-based cheeses, such as MPI100 and
HPI100, presented challenges for synchrotron macro ATR-FTIR mea-
surements owing to their lower springiness and cohesiveness compared
with the casein-based cheeses (Lu, Roy, et al., 2026). These physical
limitations hindered optimal contact with the Ge ATR crystal, leading to
partial loss of spectral information, a low signal-to-noise ratio and oc-
casional sample movements during mapping. Representative images are
provided in Supplementary Figure S1.

As obtaining a complete image of the plant-based cheese sample was
challenging, protein and lipid spectra were successfully extracted based
on peak intensities. These spectral data provided valuable insights into

Lipids Lipids
v(C-H) of CH2/CH; v(C=0)
2950-2800 cm ! 1745 cm™!

Proteins (amide 1)
v(C=0)
1700-1600 cm ™!
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the chemical and functional group differences between plant proteins
and casein. Fig. 3A shows the protein spectra generated for the RC100,
MPI100 and HPI100 cheese samples, based on their integrated areas
under the peaks as described in Section 2.2. The primary differences
were observed in the amide I region; therefore, a second derivative
analysis (Fig. 3B) and peak fitting were performed to further investigate
the protein secondary structures of MPI (Fig. 3C), HPI (Fig. 3D) and RC
(Fig. 3E) in the respective cheese samples. Notably, the water band at
~1640 cm™ substantially overlapped with the protein random coil
component in the amide I region and therefore could not be reliably
separated during peak fitting.

The secondary structure analysis revealed distinct differences among
the proteins. The p-sheet structures were observed to be the major
protein conformer in the plant protein (1620 em ™! in MPI100 and
1630 cm ™! in HPI100), while casein was predominated by random coil
structures (1647 cm’l). This finding was consistent with that of previ-
ous studies and suggested that plant proteins were more prone to ag-
gregation, contributing to a more rigid cheese structure, while casein
exhibited more disordered structures that could facilitate flexibility (Lu,
Roy, et al., 2026).

Specifically, MPI exhibited a mixed secondary structure, consisting
of a-helix (35%), B-sheet (48%), and p-turn structures (16%) (Fig. 3D). In
comparison, HPI contained a lower proportion of a-helix (28%) but a
higher content of B-sheets (50%) and f-turns (21%) (Fig. 3C). The
increased f-turn content and reduced a-helical structure in HPI suggest a
relatively less ordered secondary structure compared with MPI, which
may influence its molecular conformational behaviour. RC was pre-
dominated by random coils (48%), along with the presence of a few
B-sheets (23%) and f-turns (28%) (Fig. 3E). Notably, the p-sheet peak in
MPI appeared at 1620 cm ™!, which was typically associated with
intermolecular f-sheet formation involving stronger hydrogen bonding,
suggesting a higher degree of protein aggregation (Sadat & Joye, 2020;
Schestkowa et al., 2020). Comparatively, the p-sheet peak in HPI was
more prominent at 1630 cm ™}, which was indicative of the association
between intramolecular p-sheets and protein folding as well as stability,
possibly reflecting a more compact and less aggregated structure
(Eckhardt et al., 2024). The spectra of coconut oil were generated based
on peak intensities obtained for RC100, MPI100 and HPI100. No marked
differences were observed among them (Supplementary Figure S2).

3.3. Distinguish plant proteins and caseins in dual-protein cheese systems

Building on the identification of spectral features for individual
components in single-protein systems, this section focuses on dis-
tinguishing plant proteins from casein within dual-protein hybrid
cheeses. The analysis was performed to compare the performances of the
two unsupervised classification approaches: HCA and k-means clus-
tering. HCA group spectra were generated based on similarity without
prior knowledge of sample composition, allowing for an exploratory
assessment of the way different regions clustered together. Similarly, k-

Water
v(O-H)
3600-3200_ crlrg_’l

Max

Fig. 2. A representative FTIR chemical image of the processed cheese formulated with 100% rennet casein (RC100). The distribution of lipids, proteins, and water
was mapped using integrated areas under the peaks at 2950-2800 and 1745 cm ™!, 1700-1600 cm ' and 3600-3200 cm !, respectively. Red and blue indicate high
and low concentration, respectively, as shown by the colour intensity scale on the right. The scale bars are each 20 ym in length.
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Fig. 3. Average protein spectra of RC100, MPI100, and HPI100 cheese samples (A); corresponding second derivative spectra of the amide I region (B); and
representative peak fitting of the amide I band for HPI (C), MPI (D), and RC (E). In the peak fitting, the black and yellow lines represent the experimental and final
fitted spectra, respectively. The green, blue, red, and pink lines correspond to p-sheet, a-helix, random coil, and p-turn structures, respectively. RC100: cheese with
100% rennet casein; MPI100: cheese with 100% mung bean protein; HPI100: cheese with 100% hemp protein.
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means clustering partitions spectra into distinct groups but uses an
iterative centroid-based approach, which often produces more balanced
cluster sizes.

Accordingly, the cluster maps of MPI50 and HPIS0 were generated
using HCA and k-means clustering (Fig. 4), respectively. Five clusters
were identified in both HCA and k-means analyses, and the results were
consistent between these two unsupervised methods. Notably, the edge
regions consistently showed loss of spectral information owing to the
highly collimated nature of the synchrotron-IR beam, highlighting the
influence of imaging artefacts on the results. To further investigate the
compositions of different clusters, small areas were selected for detailed
analysis using HCA as an example (Figs. 5A and 5B).

The average second derivative spectra of MPI50 were extracted from
the selected area of 23 x 23 um2 (Fig. 5A (1 and 4)). Clusters 1 (C1;
green) and 2 (C2; blue) corresponded to protein-rich regions, which
exhibited pronounced amide I bands, while cluster 4 (red) represented
lipid-rich regions, which were characterised by strong v(C-H) stretching
vibrations and the v(C=O0) stretching mode of total lipids. Cluster 5
(orange) contained both proteins and lipids, forming a boundary sur-
rounding the lipid-rich regions (Fig. 5A (4)). The PCA scatter plot, used
for visualising cluster separation (Fig. 5A (2)), indicated that PC2 pri-
marily distinguished C1 and C2, corresponding to the two protein types.
Based on PC2 for ranking, the most discriminative features between
mung bean protein and casein were observed to be the amide I band
(particularly p-sheet structures), amide II band, lipid-related peaks and
the absorption at ~1400 cm™ . This absorption could be attributed to
vs(COO ) stretching modes associated with 8s(CHs) of fatty acids and
amino acids (Dewantier et al., 2023; Movasaghi et al., 2008) (Fig. 5A
(3)). The amide I and II regions, which are the key features that distin-
guish mung bean protein and casein, are presented in Fig. 5A (5) and (6),
highlighting subtle differences in their peak positions and intensities. In
the amide I region, C2 (blue) exhibited a more pronounced p-sheet signal
(~1618 cm’l), while C1 (green) presented higher contributions from
the random coil structures (~1641 cm™'). The amide II region displayed
peaks at similar wavenumbers for both the clusters, with C2 exhibiting
slightly higher intensity in the second derivative spectrum. Overall,
these spectral patterns suggest that C1 is predominantly casein, while C2
is enriched with mung bean protein. Previous CLSM analysis further
demonstrated that mung bean protein formed deflated spherical parti-
cles, while casein established the continuous network, with mung bean
protein being a filler in MPI50 (Lu, Roy, et al., 2026), supporting this
interpretation.

Similarly, the average second derivative spectra were extracted from
a selected region of 38 x 42 um? for HPI50 (Fig. 5B). Based on the
spectral characteristics, it could be concluded that C1 (red) corresponds
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to lipid-rich domains, C2 (blue) and C3 (green) represent protein-rich
regions and C5 (orange) exhibits mixed contributions from both pro-
tein and lipid (Fig. 5B (4)). PC2 indicated that the most discriminative
features between hemp protein and casein were primarily associated
with the amide II band, followed by the amide I band and lipid-related
absorptions (Fig. 5B (3)). Within the amide I region, C2 and C3 dis-
played subtle differences in their secondary structure, particularly in the
relative contributions of the a-helix (~1658 cm™') and B-turn
(~1662 cm™ ) components. More pronounced distinctions were
observed in the amide II region, where C2 was characterised by spectral
features at ~1531, ~1548 and ~1567 cm ™, while C3 was defined by
peaks at ~1542 and ~1560 cm L. These variations reflect differences in
backbone §(N-H) bending and v(C-N) stretching vibrations, which are
known to be sensitive to hydrogen bonding and the electrostatic envi-
ronment (Barth, 2007). Overall, the observed spectral patterns suggest
that C2 was more consistent with hemp protein, while C3 aligned with
casein. The increase in f-structure-associated signals in C2 was consis-
tent with the aggregation tendency of hemp protein, while the spectral
profile of C3 corresponded more closely to the flexible and random
coil-rich structure of casein. These molecular-level distinctions pro-
vided direct evidence for the coexistence and differentiation of hemp
protein and casein domains within the hybrid cheese matrix.

3.4. Protein-lipid and protein-protein interactions

Following distinguishing the two protein types within the dual-
protein cheese matrix, this section examined the protein-lipid and
protein-protein interactions in the mixed systems. C5 contained both
protein and lipid peaks and was located adjacent to the lipid regions
(Figs. 5A and 5B). In the scatter plot of the MPI50 samples (Fig. 5A (2)),
C5 (orange) was positioned between C4 (lipid) and C1 (casein) but
remained distant from C2 (mung bean protein). This spatial pattern
indicated that coconut oil was more strongly co-located with casein than
with mung bean protein, which could reflect higher hydrophobic
compatibility between casein and lipid. By contrast, the scatter plot of
HPI50 presented that C5 encompassed lipids, along with both hemp
protein and casein, indicating the association of coconut oil with both
types of protein. At the nanoscale, casein exhibits a highly amphiphilic
network structure. In particular, p-casein readily adsorbs at the oil—
water interface, forming a protective viscoelastic layer that prevents oil
droplet coalescence and stabilizes lipid droplets (Zhai et al., 2011). In
contrast, plant proteins are generally more rigid, with hydrophobic
residues buried within the protein interior, leading to reduced interfa-
cial interactions. They typically contain a higher proportion of p-sheet
and fewer a-helix structures, exhibit more fibrillar conformations, and

HCA
! -

MPI50

HPI50

Fig. 4. Representative FTIR chemical images of MPI50 (top) and HPIS0 (bottom) using hierarchical clustering (left) and k-means models (right). Rennet casein is
shown in green, mung bean/hemp protein in blue, and lipid in red in MPI50 and HPI50. Different colors represent clusters identified through hierarchical clustering
or K-means. Scale bars are 20 pm in length. MPI50: cheese formulated with 50% mung bean protein and 50% rennet casein. HPI50: cheese formulated with 50%

hemp protein and 50% rennet casein.



D. Lu et al. Food Structure 47 (2026) 100511

Al A2

A3 A4
3500 3000 1500 1000
2000
—c4
@
2 3
3 3 15801520 1
0 % — : ]
§ N\ —
2
——cf]
o MW\/\/\V\/\. //\/\/\/W\/\/\/V\/\/\/J\,
LR B A b L L E DR P PP ] 3358238388 1
Wavenumber (cm™") 3500 e 700 1600 1500 1000
Wavenumber (cm-1)
AS A6
C1 6
4 e C2 C1
44 — C2
24 2
3 S o
& o4 &
©
2 8 2
& <
a8 ©
s 5 8
3 S -4+
a8 @
< kel
< 4 1564 540
44 B
1643
-8
64
1641 ol 1539
T T T T T T 1 T T T T T 1
1720 1700 1680 1660 1640 1620 1600 1580 1580 1570 1560 1550 1540 1530 1520
1
Wavenumber (cm™) Wavenumber (cm™)

Fig. 5. FTIR chemical images of MPI50 (A) and HPI50 (B). For MPI50: (A1) hierarchical clustering image, the red box shows region of interest (A2) PCA scatter plot
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form interfacial films with lower modulus, making emulsions less stable under stress (Kim et al., 2020; Zhang et al., 2023). These findings were
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Fig. 5. (continued).

consistent with the TEM and CLSM observations (Lu, Roy, et al., 2026)
and overall suggested that casein exhibited a strongest affinity towards
coconut oil, followed by that of hemp protein, whereas mung bean
protein exhibited a weaker association.

The spectra of MPI obtained from MPI100 and MPI50, HPI from
HPI100 and HPI50 and RC from RC100, MPI50 and HPI50 were
extracted to examine protein structural changes in the dual-protein

systems (Fig. 6). In the v(O-H) stretching region (3600-3000 cm ™D,
the MPI spectrum obtained from MPI50 exhibited a broader v(O-H)
peak, with a higher wavenumber (~3375 em™)) than that of MPI100
(~3278 em™!) (Fig. 6A), indicating weaker hydrogen bonding. This
suggests that water in MPI50 was more loosely bound and existed in a
less structured hydration environment. The incorporation of casein
likely disrupted the compact MPI network through physical interactions
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in dual-protein systems. Panels (D-F) present the corresponding second-derivative amide I spectra for MPI, HPI, and RC, respectively.

and competition for water, resulting in a more open and heterogeneous
protein matrix in which water molecules were less constrained. In
contrast, MPI100 formed denser aggregates with stronger water binding
(Ushkalova et al., 2025). Consistent with this, Nascimento et al. (2024)
reported that water-holding capacity is closely related to gel micro-
structure, with stronger and more compact gels retaining more water.
Pure pea protein gels showed higher water-holding capacity than mixed
pea—casein systems, which tend to form independent networks. The
increased water mobility in the mixed system may be attributed to the
presence of larger water-filled cavities of casein, whereas pure plant
protein gels form a more compact network that restricts water move-
ment (da Silva et al., 2025).

In the amide I region, the incorporation of casein decreased the
B-sheet content of mung bean protein (~1633 cm™!) while increasing
the proportion of disordered protein structures (1643 cm™!). Second
derivative analysis (Fig. 6D) indicated decreases in a-helix and B-sheet
structures with a concomitant increase in random coil contents. This
suggested that casein disrupted p-sheet stacking and aggregation within
the mung bean protein, resulting in a more disordered peptide envi-
ronment. Furthermore, in the amide II region, the band at ~1540 cm ™!
in MPI100 remained unchanged compared with that in MPI50, while the
band at ~1558 cm ™ shifted to ~1564 cm ™. This shift was indicative of
changes in the local hydrogen-bonding environment around the peptide
backbone, with higher wavenumbers reflecting weak N-H hydrogen
bonding and more disordered local structure (Barth, 2007; Cobb et al.,
2020). Although rheological and microstructural analyses showed that
plant protein and casein did not co-aggregate during heating and instead
formed independent networks at the micron scale (Lu, Roy, et al., 2026),
the introduction of a second protein component nevertheless disrupted
the aggregation behaviour and secondary structure of mung bean pro-
tein at smaller length scales. This effect can be attributed to structural
frustration, whereby steric constraints and competition for water pre-
vent optimal protein-protein packing, forcing local conformational
rearrangements within the plant protein. Similar frustration effects have
been reported in fibre and mixed gel systems, where local mismatches
promote irregular void formation and weaken water retention (Liu et al.,
2025). The small-angle X-ray scattering and nuclear magnetic resonance
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data have shown incorporation of 20% plant protein into casein gels (or
vice versa) can induce structural changes, with gel properties governed
by large-scale organization and pore size distribution rather than mo-
lecular composition alone (da Silva et al., 2025). An additional mech-
anism may contribute to the observed interactions between plant
protein and casein in the mixed systems. Owing to the porous nature of
the casein network, attractive interactions and partitioning behaviour
may allow plant protein particles to partially penetrate the casein ma-
trix, depending on their size. Smaller plant protein particles can occupy
the pores within the casein network, simultaneously displacing water
(Peixoto et al., 2015). This redistribution of water may reduce
water-holding capacity and weaken protein-water hydrogen bonding,
consistent with the higher v(O-H) wavenumbers and the shifts in amide I
and amide II bands observed by FTIR. Such size-dependent partitioning
provides a mesoscale mechanism linking network architecture to local
hydration and peptide bonding environments.

Similarly, the addition of casein in HPIS0 produced a more hetero-
geneous spectrum, and the dominant v(O-H) absorption peak shifted to
a higher wavenumber (~3370 cm’l) than that observed for HPI100
(~3290 cm™1). This blue shift indicated that the mixed system resulted
in a higher proportion of loosely hydrogen-bonded water, suggesting a
less compact network structure than that of the pure hemp protein
matrix. This effect occurred owing to the chaperone-like activity of
casein, which could inhibit protein self-aggregation (Chuang et al.,
2019). In addition, casein could compete with HPI for forming hydrogen
bonds with water and protein side chains, further limiting HPI-HPI in-
teractions. This was accompanied by a decrease in fB-sheet protein
(~1633 ecm™ 1) and an increase in disordered (~1641 cm™!) and B-turn
(1662 cm’l) structures (Figs. 6B and 6E), consistent with a less aggre-
gated and more flexible protein network. In the amide II region (mainly
8(N-H) and v(C-N) modes), the bands at ~1540 and ~1558 em ! in
HPI100 shifted to ~1550 and ~ 1566 cm ™}, respectively. These blue
shifts towards the high energy range reflect alterations in the local
hydrogen-bonding environment around the peptide backbone. Similar
hydrogen bond-mediated shifts have been reported for starch-casein
systems (Sun et al., 2016), highlighting the role of hydrogen bonding in
modulating protein—matrix interactions. While comparing the RC
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spectra from RC100, MPI50 and HPI50, no notable changes were
observed (Fig. 6C). However, analysis of the second derivative spectra
indicated minor differences in the RC component between MPI50,
HPI50 and RC100. Specifically, the peaks at ~1640 cm™ were broader
in the mixed-protein systems and exhibited a small shoulder corre-
sponding to a-helical protein structures. These observations suggest that
the presence of casein better perturbs the structural organisation of plant
proteins than vice versa.

Overall, in the mixed systems, despite the formation of independent
protein networks at the micron scale, both networks occupy the same
physical space and aggregate simultaneously. Competition for water and
local hydrogen-bond rearrangements generate intermediary-scale
structural frustration, which disrupts the native folding and aggrega-
tion pathways of each protein. These effects are sufficient to modify the
vibrational environments of O-H, amide I, and amide II groups,
explaining the observed spectral shifts in the mixed systems.

3.5. Complementary insights into Raman and S-FTIR results

FTIR and Raman spectroscopies are complementary techniques, as
polar groups produce strong IR absorptions, while nonpolar groups
exhibit strong Raman scattering. Raman microspectroscopy was previ-
ously employed for characterising HPCs, identifying protein types, lipids
and additives in hybrid cheese as well as for distinguishing the in-
teractions between MPI-casein and HPI-casein. HPI increased structural
disorder and facilitated disulphide bond rearrangements, while MPI
enhanced protein domain separation due to stronger aggregation and
higher p-sheet content (Lu, McGoverin, et al., 2026; Lu, Roy, et al.,
2026). Herein, the molecular information obtained by conducting
S-FTIR and Raman microspectroscopies was observed to be correlated;
their complementary insights are summarised in Table 2.

Protein analysis in high-moisture systems was particularly chal-
lenging for FTIR spectroscopy, as the intense §(H-O-H) bending vibra-
tion of water overlapped with the amide I region, complicating analysis
of the secondary protein structure (Miller & Dumas, 2010; Sadat & Joye,
2020). Although FTIR spectroscopy is the gold standard for analysing
protein secondary structure owing to its strong amide I/II signals and

Table 2
Complementary insights of confocal Raman microscopy and S-FTIR for protein
structure analysis in HPCs.

Spectroscopic
Feature

Confocal Raman
Microscopy
(1800-200 em ™)

Synchrotron FTIR
(4000-1000 cm™1)

Sample preparation
Amide I
(1700-1600 cm™)

Amide 1T
(1570-1500 cm™ 1)

Amide III
(1400-1200 cm™ 1)

Isso/Iss0 ratio, Tyr
environment)

S-S stretch
(550-500 cm 1)

Phospholipids
(1001 em™)
Water interference

Spatial resolution

Suitability for HPCs
(~40% moisture)

Simple

Good sensitivity; less
water interference;
suitable for secondary
structure deconvolution

Weaker signal

Detectable,
complementary to Amide I
Yes — informative on
protein-water interactions
Yes — useful for monitoring
disulfide bonds and
conformational stability
Yes — can detect

Minimal

High (~1 pm)

Highly suitable — less
spectral distortion from

water, can resolve protein/
lipid domains in situ

Simple

Strong sensitivity, but water
absorbance overlaps in
amide I (1650-1640 cm ™),
complicating analysis in
HPCs

Stronger than Raman
spectroscopy

Weak in HPCs

No

Not accessible

Limited - less specific

Strong 8(H-O-H) bending
overlaps with amide I

Good with synchrotron-IR
beam (3.2 pm)

Challenging — strong water
absorbance makes secondary
structure analysis less
reliable
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extensive spectral databases, its application in hydrated materials re-
mains limited. Alternatively, Raman spectroscopy is far less affected by
water interference, as its scattering intensity depends on the changes in
molecular polarizability, with strongly polar water molecules contrib-
uting only weak Raman signals (Larkin, 2018). In addition, Raman
spectroscopy is particularly sensitive to disulphide bonds and aromatic
residues, while confocal mapping correlates structural and microstruc-
tural features. As the hybrid cheese examined in this study contained
~40% moisture (Lu, Roy, et al., 2026), Raman spectroscopy became a
relatively robust tool for examining protein structural changes. At the
same time, FTIR spectroscopy was a valuable method used for
cross-validation and providing complementary insights. The FTIR and
Raman spectroscopy results were consistent with the previous reports on
hemp globulin—casein interactions. For example, Chuang et al. (2019)
showed that casein exerted a chaperone-like effect, inhibiting hemp
globulin aggregation and improving colloidal stability. Meanwhile,
Chuang et al. (2021) that pH-cycling promoted HG-SC nanoparticle
formation mainly via hydrogen bonding and disulfide interactions.
Similarly, our FTIR analysis suggested that casein suppressed p-sheet
formation in hemp protein (limiting aggregation) through hydrogen
bonding, while the Raman analysis results indicated disulphide bond
rearrangement and increased structural disorder in hybrid cheese (Lu,
McGoverin, et al., 2026). These complementary findings indicate that
HPI-casein creates a flexible, dynamic protein network that supports
enhanced meltability and aligning with lower G’ values and a more
deformable, energy-dissipating network. By contrast, the stronger ag-
gregation and higher p-sheet content of MPI result in a rigid, segmented
microstructure with pronounced protein domain separation, elevated G/,
and reduced network connectivity, which is consistent with decreased
meltability and stretchability (Lu, Roy, et al., 2026). These structural
differences highlight how protein secondary structure and molecular
interactions directly influence the macroscopic texture and functional
properties of hybrid cheeses.

Dewantier et al. (2023) applied FTIR and Raman spectroscopy to
classify cheddar cheeses by maturity, with the amide I and II bands
driving FTIR classification and lipid-associated bands dominating in
Raman spectra. @rskov et al. (2023) used the same techniques to assess
the microstructural composition and interactions in imitation cheese
containing casein, lipids and modified starches. Although these methods
successfully identified the components, they failed to resolve the specific
interaction types, likely owing to limited resolution. This limitation
underscored the need for more advanced analytical approaches, such as
high-resolution S-FTIR, to unravel the detailed interactions within the
complex food matrix.

Sadat and Joye (2020) compared the results of FTIR and FT-Raman
spectroscopy for analysing the secondary structure of four globular
proteins in aqueous solution and hydrated zein and gluten, demon-
strating that water removal was essential for obtaining FTIR spectra.
After correction, both FT-Raman and FTIR spectra were well defined
with comparable secondary structure estimations. However, herein,
water removal was not performed to preserve the native hydration
environment of the proteins. Moreover, as the interaction of protein
with water could slightly shift the HoO bending signal (Zuber et al.,
1992), there remained a risk of the development of subtraction artefacts.
To leverage the combined strengths of FTIR and Raman spectroscopies, a
multimodal approach was developed by combining both the techniques;
this integration enabled a more thorough and nuanced exploration of
chemical structures (Jurowski et al., 2024). This became a powerful tool
for conducting studies on complex food matrices in future.

4. Conclusions

This study used high-resolution S-FTIR microspectroscopy to map
the spatial distribution of the key biomacromolecules in processed
hybrid cheeses and to differentiate plant proteins from casein via un-
supervised multivariate analysis. Although both HCA and k-means
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clustering produced broadly similar spatial patterns, HCA generated
more stable and structurally meaningful clusters. Therefore, subsequent
analyses were based on HCA results. This technique offered insights into
intermolecular interactions, such as protein-protein and protein-lipid
interactions. Overall, the S-FTIR results were complementary to those
obtained from Raman spectroscopy, reinforcing the observations across
both the techniques.

In the hemp protein—casein cheeses, the S-FTIR results suggested that
the interactions between hemp protein and casein were likely mediated
by hydrogen bonding and Raman spectroscopy offered a complementary
insight into the arrangement of disulfide bonds. The amide II region
emerged as the key spectral feature that distinguished these two protein
types. Alternatively, for mung bean protein—casein cheeses, the amide I
region played the dominant role in differentiating casein from mung
bean protein. Increasing the proportion of casein in these mixtures
reduced both MPI and HPI aggregation and weakened N-H hydrogen
bonding, indicating that water was less strongly bound and that the
protein network was more flexible.

Regarding lipid distribution, S-FTIR analysis indicated that coconut
oil was preferentially associated with casein rather than with plant
proteins. Overall, these findings highlighted the complementary nature
of S-FTIR and Raman spectroscopies in resolving both compositional
differences and molecular interactions within hybrid cheese matrices.
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