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Highlights

CP induced conformational rearrangement of kiwifruit proteins

FTIR Amide I deconvolution quantified plasma-driven secondary structure
transitions

Discharge frequency and gas flow rate dominated structural modifications

RF and GBDT models predicted CP-induced protein structural responses.

SHAP analysis identified key parameters for targeted structural modulation.
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Abstract

Postharvest kiwifruit contains allergenic proteins that can trigger immunoglobulin
E-mediated immunoreactivity, highlighting the need for strategies to modulate protein
structure. This study aimed to integrate Fourier transform infrared spectroscopy (FTIR)
and machine learning (ML) to characterize cold plasma (CP)-induced changes in
kiwifruit protein secondary structure. FTIR with Amide I band deconvolution was used
to quantify B-sheet, a-helix, B-turn, and random coil contents under CP conditions. CP
treatment reduced the B-sheet content from approximately 50% in the control to 40%-
43% under intensified treatment, accompanied by an increase in B-turn content. Two
ensemble ML algorithms, random forest (RF) and gradient boosting decision tree
(GBDT), were used to predict protein secondary structures from CP processing
parameters. Overall, both models accurately predicted B-turn (R? > 0.90) and o-helix
(R’ = 0.89), with slightly lower performance for B-sheet (R’ = 0.81), whereas random
coil prediction showed relatively lower accuracy. These results demonstrated the
potential of ML to predict CP-induced protein structural changes, while SHAP analysis
identified influential CP parameters, together supporting the selection of candidate
processing conditions for targeted protein structural modulation. However, the effects
of these structural changes on allergen immunoreactivity remain unclear. Future studies
should integrate structural predictions with direct IgE-binding assays and other
immunological assessments to clarify these relationships and guide immunoreactivity-
oriented CP optimization in kiwifruit. Overall, this integrated FTIR-ML framework
provided a methodological basis for targeted protein structural modulation during
postharvest kiwifruit processing and offered a foundation for developing data-driven

strategies for allergen management.
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1. Introduction

Kiwifruit (Actinidia deliciosa) is widely recognized as a nutrient-rich fruit owing
to its high contents of vitamins, minerals, dietary fiber, and various bioactive
compounds, which contribute to its increasing popularity as a functional food
worldwide (Wang et al., 2021b; Ao et al., 2025). However, despite its nutritional and
health-promoting properties, postharvest kiwifruit has also been identified as an
emerging food allergen that may induce adverse immune responses in susceptible
individuals (Wang et al., 2021b; Deng et al., 2025a; Zhang et al., 2026). Consumption
of kiwifruit has been associated with various allergic reactions, including oral allergy
syndrome, gastrointestinal discomfort, skin irritation, and systemic allergic responses
(Maddumage et al., 2013; Esteban-Sanz et al., 2025). These adverse reactions are
primarily attributed to several allergenic proteins present in postharvest kiwifruit, such
asActd 1, Actd 2, Actd 5, and Act d 8, which can be recognized by allergen-specific
immunoglobulin E (IgE) and subsequently trigger immune responses (Wang et al., 2019;
Chen et al., 2026). Due to the increasing prevalence of food allergies and the lack of
effective treatments other than allergen avoidance, reducing the allergenic potential of
kiwifruit while preserving its nutritional and sensory qualities has become an important
challenge. Immunoreactivity of proteins is not only determined by the presence of
allergenic proteins but also strongly influenced by their structural characteristics,
including folding patterns, conformational stability, and the accessibility of IgE-binding
epitopes (Zhou et al., 2024b). The native conformation of allergenic proteins plays a
critical role in maintaining specific epitopes that can be recognized by immune
receptors. Structural modifications induced by food processing, such as unfolding,
aggregation, oxidation, and rearrangement of secondary structures, may alter epitope

exposure and subsequently affect IgE-binding capacity and immunoreactivity
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(Rahaman et al., 2016; Zhou et al., 2024b). Therefore, monitoring secondary structural
transitions provides valuable insights into the molecular mechanisms underlying
allergen modification during food processing. Fourier-transform infrared spectroscopy
(FTIR), particularly the Amide I band (1600-1700 cm™), has been widely applied for
characterizing protein secondary structures due to its sensitivity to peptide backbone
vibrations (Kong & Yu, 2007).

Cold plasma (CP), as an emerging non-thermal food processing technology, has
attracted increasing attention for its potential application in modifying food components
while minimizing thermal damage (Ramazzina et al., 2015; Zhou et al., 2024a; Shah et
al., 2025; Yang et al., 2025). Compared with conventional thermal processing, CP
treatment operates under relatively mild temperature conditions while generating
reactive oxygen and nitrogen species (RONS), charged particles, and ultraviolet
photons (Dharini et al., 2023; Deng et al., 2025b). These reactive species can interact
with food macromolecules and induce structural and functional modifications (Kaur et
al., 2024). Previous studies have demonstrated that CP-induced reactive species can
promote protein oxidation, conformational rearrangement, aggregation, and changes in
secondary structures, thereby affecting protein functionality and immunoreactivity
(Venkataratnam et al., 2020; Liu et al., 2021; Ng et al., 2021). In particular, CP has
shown potential in reducing the antigenicity of food allergens by modifying protein
conformations and disrupting the accessibility of IgE-binding epitopes (Hsieh et al.,
2023; Olatunde et al., 2023; Hsieh & Ting, 2024). Previous studies have employed CP
for postharvest kiwifruit quality assessment (Ramazzina et al., 2015) and microbial
decontamination (Zhai et al., 2026), yet its impacts on kiwifruit allergenic proteins
remain largely unexplored.

In addition, the quantitative relationship between plasma processing parameters
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and allergenic protein structural responses remains poorly understood. The coupled
effects of discharge conditions, reactive species, and food matrix characteristics make
it difficult to predict protein conformational changes from processing parameters alone,
thereby limiting the rational optimization of CP conditions for targeted allergen
modification. Conventional statistical approaches, including correlation analysis,
analysis of variance, and regression-based methods, are useful for identifying
individual associations and evaluating the effects of processing variables yet may be
less effective in capturing complex nonlinear interactions among multiple parameters,
such as treatment time, discharge frequency, duty cycle, and gas flow rate (Khan et al.,
2022; Rashvand et al., 2025). Machine learning (ML) approaches provide an effective
strategy for modeling complex nonlinear relationships and have been increasingly
applied in food processing optimization and protein structure prediction due to their
powerful feature extraction and predictive capabilities (Khan et al., 2022; Gao et al.,
2025; Zhang et al., 2025; Tao et al., 2026). Ensemble ML algorithms, such as random
forest (RF) and gradient boosting decision tree (GBDT), are particularly suitable for
handling multidimensional processing data and identifying hidden relationships
between processing conditions and structural responses (Breiman, 2001; Friedman,
2001). However, the “black-box” nature of ML models limits the interpretability of their
predictions. Explainable artificial intelligence approaches, such as SHapley Additive
exPlanations (SHAP), can therefore be used to quantify the relative contribution of
individual processing parameters to model predictions and identify the processing
variables that are most influential on the predicted protein structural responses
(Lundberg & Lee, 2017; Parakh et al., 2025).

Therefore, this study aimed to characterize and predict CP-induced changes in the

secondary structures of kiwifruit proteins and identify processing parameters that could
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guide targeted structural modulation using an integrated FTIR and ML framework. The
specific objectives were to: 1) quantify CP-induced secondary structural changes of CP-
treated kiwifruit proteins using FTIR-based Amide I band deconvolution, 2) develop
ML models to predict secondary structure responses from CP processing parameters, 3)
use SHAP analysis to identify key parameters associated with specific secondary
structure components and guide the selection of CP conditions for targeted structural
modulation and subsequent immunoreactivity-oriented evaluation.
2. Materials and methods
2.1. Sample preparation

Fresh Xuxiang kiwifruits (Actinidia deliciosa) were purchased from a local market
and stored at room temperature (approximately 25 °C) until reaching commercial
ripeness (15-16 °Brix, total soluble solids). Xuxiang kiwifruit was selected because it
is a commercially important cultivar widely cultivated in Shaanxi Province, a major
kiwifruit-producing region in China. Commercial ripeness was defined as 15-16 °Brix
based on previously reported physicochemical characteristics of commercially ripe
kiwifruit (Zhang et al., 2020; Ao et al., 2026). Fruits with a uniform diameter of 50-60
mm and no visible defects were selected for subsequent experiments (Ramazzina et al.,
2015). According to a previously reported preparation procedure (Wang et al., 2021a),
the ripe kiwifruits were manually peeled, diced into small pieces, and homogenized
with deionized water at a mass ratio of 1:1 using a high-speed juicer (TM-FSJ-01, Ten
Moons Intelligent Technology Co., Ltd., Foshan, China) to prepare a homogeneous
kiwi juice sample. The 1:1 fruit-to-water ratio was adopted to obtain a homogeneous
and sufficiently fluid sample for uniform exposure to the dielectric barrier discharge
(DBD) plasma treatment while maintaining a high proportion of the original fruit matrix.

The freshly prepared kiwi juice was stored at -4 °C before CP treatment and processed
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within 30 min to minimize physicochemical changes during storage.
2.2. CP processing

Fig. 1 illustrates the atmospheric-pressure DBD CP treatment system, which
mainly consists of a plasma power supply (CTP-2000KP, Nanjing Suman Plasma
Technology Co., Ltd., Nanjing, China), voltage regulator (TDGC2-1, Nanjing Suman
Plasma Technology Co., Ltd., Nanjing, China), pulse controller (PC-07, Nanjing Suman
Plasma Technology Co., Ltd., Nanjing, China), reactor, and electrode support. Based
on the experimental design (Fig. 2), approximately 180 mL of fresh kiwi juice was
placed in the reactor and subjected to CP treatment under the preset operating conditions.
The optimization of CP treatment was carried out using a single-factor experimental
design. The operating conditions were initially set at a treatment time of 5 min,
discharge frequency of 200 Hz, duty cycle of 50%, and air flow rate of 3 L min™!. In the
single-factor experiments, one plasma processing parameter was varied while the other
parameters were kept constant. Samples were coded according to the varied processing
parameter: T-1 to T-10 for treatment time (1-10 min), F-100 to F-900 for discharge
frequency (100-900 Hz), G-3.0 to G-10.2 for gas flow rate (3.0-10.2 L min™'), and D-
10 to D-90 for duty cycle (10-90%). The frequency and duty cycle ranges were
determined by the adjustable operating limits of the plasma treatment system. The
treatment time and gas flow rate were selected based on commonly reported conditions
for food-related CP processing and the stable operating conditions of the present plasma
system (Warne et al., 2021; Laroque et al., 2022; Horta et al., 2026). Within these ranges,
the levels were set at regular intervals of 1 min for treatment time, 100 Hz for discharge
frequency, 0.8 L min’! for gas flow rate, and 10% for duty cycle to systematically cover
the practical processing window and provide sufficient variation for subsequent ML

analyses. For each treatment condition, an equal volume of kiwi juice was transferred
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into the plasma treatment chamber and processed under the corresponding experimental
parameters. The untreated kiwifruit juice was used as the control. After CP treatment,
all samples were immediately frozen at -20 °C and subsequently freeze-dried using a
freeze dryer (LGJ-10C, Sihuan Keyi Technology Development Co., Ltd., Beijing,
China). Freeze-drying was performed at -70 + 2 °C under a vacuum pressure of 6 Pa
for 60 h, following the procedure reported by Yue et al. (2025). The resulting freeze-
dried powders were finely ground using a ceramic mortar and pestle (Aoqi Lopu

Trading Co., Ltd., Tianjin, China), transferred into polyethylene bags (80 mm x 120

mm), sealed, and stored in a desiccator until FTIR analysis. Because freezing and
dehydration can potentially affect protein conformation through ice-crystal formation
and changes in protein-protein or protein-water interactions, the same freezing and
freeze-drying procedure was applied to all samples, including the untreated control, to
minimize processing-related differences among groups.
2.3. FTIR spectral data acquisition

Based on the method described by Kumar et al. (2023) with minor modifications,
approximately 1.0 mg of freeze-dried kiwi powder was mixed thoroughly with 100 mg
of dried potassium bromide (KBr), followed by compression into transparent tablets for
spectral measurement. The spectral data were acquired using an FTIR spectrometer
(Vertex 70, BRUKER Corporation, Germany), with a scanning range of 600-4000 cm-
I, a spectral resolution of 4 cm™!, and 16 scans per sample (Ding et al., 2024).
2.4. FTIR spectral pre-processing and protein secondary structure analysis

In FTIR analysis, the Amide I band (1600-1700 cm™) typically presents as a broad
and highly overlapped spectral contour, rendering the direct identification and
quantification of individual structural components highly challenging (Kong & Yu,

2007). Therefore, appropriate mathematical preprocessing is an essential prerequisite
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prior to spectral deconvolution. Initially, the raw FTIR spectra were subjected to
Savitzky-Golay (SG) smoothing. This method utilized a moving window fitted with
polynomial least squares to effectively eliminate high-frequency instrumental noise and
random baseline fluctuations (Ozturk et al., 2026). Compared to conventional
averaging methods, SG smoothing significantly improved the signal-to-noise ratio
while maximally preserving the essential spectral features, including intrinsic peak
shapes and center frequencies (Chen & Wang, 2019). Subsequently, a second-derivative
mathematical transformation was applied to the SG-smoothed spectra. The primary
rationale for applying the second derivative was its ability to enhance spectral
resolution and reduce baseline effects. Specifically, the second derivative reduced
spectral baseline drift and minimized interference from linear background variations,
thereby facilitating the identification of overlapping absorption bands (Yu et al., 2025).
More importantly, the second derivative effectively narrowed broad absorption bands,
resolving heavily overlapping sub-peaks hidden within the broader Amide I band (Yang
et al., 2015). In the second derivative spectrum, these hidden sub-peaks manifest as
distinct local minima, which act as the precise initial center positions necessary for the
subsequent curve-fitting process. Based on these identified peak coordinates, the Amide
I band was deconvoluted and mathematically fitted into six individual sub-peaks
utilizing the Voigt function. As shown in Table 1, the assignments of these six fitted
peaks were as follows: sub-peaks located at 1615-1640 cm! corresponded to B-sheet,
those at 1640-1650 cm™' were attributed to random coil, those at 1650-1660 cm’!
represented a-helix, and those at 1660-1700 cm™ were assigned to B-turn. As shown in
Table 2, the relative content of each secondary structure was quantified by calculating
the ratio of its integrated peak area to the total area of the entire Amide I band.

2.5. ML modeling for structural prediction

10
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In food processing, the relationships between processing conditions and
macromolecular structural responses can involve multiple interacting variables and
nonlinear effects, making data-driven modeling useful for predicting structural changes
under different processing conditions. In this study, RF and GBDT were selected as two
complementary tree-based ensemble ML algorithms because both can model nonlinear
relationships and interactions among processing variables without requiring a
predefined functional form (An et al., 2024; Guo et al., 2026). RF uses an ensemble of
decorrelated decision trees to improve prediction stability, whereas GBDT sequentially
builds trees to reduce prediction errors. These characteristics make both algorithms
suitable for the present structured dataset with multiple CP processing variables and
limited sample size (Breiman, 2001; Friedman, 2001; Gao et al., 2025). In addition, the
tree-based structure of both models allows subsequent SHAP analysis to quantify the
contribution of individual processing variables to the predicted secondary structure
responses (Lundberg & Lee, 2017). We established a regression modeling framework
to predict the relative contents of four protein secondary structures (a-helix, B-sheet, -
turn, and random coil) from four CP processing variables: treatment time, discharge
frequency, air flow rate, and duty cycle. RF and GBDT were implemented using the
MultiOutputRegressor framework in Scikit-learn. Although a multi-output regression
framework was used for implementation, each secondary structure component was
predicted using an independent regression estimator. Therefore, four regression models
were established for each algorithm. The dataset comprised 216 observations obtained
from 36 experimental conditions, with six replicate measurements for each condition.
The dataset was partitioned into training and testing subsets at an 8:2 ratio. This ratio
was selected to provide sufficient observations for model training while retaining an

independent subset for evaluating predictive performance on held-out observations.
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Stratified sampling based on combined treatment-condition labels generated from the
four CP parameters was applied during partitioning to maintain comparable
distributions of processing conditions between the two subsets. A fixed random seed
(random_state = 42) was used to ensure the reproducibility of data partitioning and
stochastic model training. The value of 42 was used solely as a fixed seed and had no
specific methodological significance. The RF model was configured with n_estimators
=300, max_depth = 8, min_samples_split =4, and min_samples leaf = 2. The GBDT
model was configured with n_estimators = 250, learning_rate = 0.05, max_depth = 4,
min_samples_split = 4, and min_samples leaf = 2. These hyperparameters were
predefined to balance nonlinear fitting capacity and model complexity while limiting
the risk of overfitting given the available sample size. The number of estimators was
set to provide sufficient ensemble capacity, whereas maximum tree depth and minimum
sample constraints were used to control excessive tree growth. For GBDT, a learning
rate of 0.05 combined with 250 estimators was used to enable gradual boosting and
stable model fitting. Model performance was evaluated using the coefficient of
determination (R?), root mean square error (RMSE), and mean absolute error (MAE),
which were calculated separately for each secondary structure component. The R’ was

calculated as (1):

Z(yi _.)A;i)z
i=1

R =1-5—
2=
i=1

(1)

The RMSE was calculated as (2):

RMSE = -3 (7,3, @

The MAE was calculated as (3):
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i=I
where y, is the experimental value of the i-th observation, 7, is the predicted
value of the i-th observation, y is the mean of the experimental values, and 7 is the

number of observations.

Lower RMSE and MAE values indicate smaller prediction errors, whereas an R’
value closer to 1 indicates better agreement between the predicted and experimental
values. In addition to evaluation using the independent testing dataset, model
robustness was assessed using repeated five-fold cross-validation with 10 repetitions,
resulting in 50 validation iterations (Bergstra & Bengio, 2012). The cross-validation
procedure was performed using the entire dataset.

2.6. Model interpretation via SHAP framework

Although RF and GBDT can effectively model complex nonlinear relationships,
their inherent “black-box” nature limits the interpretability of the relationships between
CP treatment parameters and changes in protein secondary structure. To overcome this
interpretability limitation and unveil the underlying physicochemical interactions, the
SHAP approach, rooted in cooperative game theory, was incorporated to demystify the
trained regression models. Given that both RF and GBDT are tree-based ensemble
models, the high-speed TreeSHAP algorithm was specifically utilized to compute the
SHAP values for each input variable. In this study, SHAP values were calculated for
the independent test set to quantify the marginal contribution of each processing
parameter to the predicted relative content of each protein secondary structure
component. SHAP summary plots were used to assess the relative importance and
direction of individual plasma parameters across the test samples, whereas dependence

plots were used to examine the relationships between individual parameters and model
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predictions, including potential nonlinear or threshold-like patterns. This approach
provided model-based interpretation of how CP treatment parameters were associated
with changes in the secondary structure of kiwifruit proteins.
2.7. Data and statistical analysis

To ensure statistical robustness and reproducibility, three independent biological
replicates were conducted, with two technical replicate measurements performed for
each biological replicate. For FTIR analysis, the spectra and corresponding second-
derivative spectra were generated using the mean values obtained from six independent
measurements for each sample. The protein secondary structure contents estimated by
spectral fitting were calculated from the six replicate measurements and were reported
as mean + standard deviation (SD). Data analyses were performed using Python 3.14.6
in PyCharm 2025.1.6.1. Numerical data processing, spectral preprocessing, and ML
regression modeling were conducted using NumPy 2.4.6, SciPy 1.18.0, and Scikit-learn
1.9.0, respectively. ML prediction plots and SHAP beeswarm plots were generated
using Matplotlib 3.11.0 and SHAP 0.52.0, respectively, while other graphical analyses
and Pearson correlation analysis were performed using OriginPro 2024 (OriginLab
Corporation, Northampton, MA, USA).
3. Results and discussion
3.1. FTIR spectral characteristics

The FTIR spectra of freeze-dried kiwifruit powders subjected to distinct CP
conditions (treatment duration, discharge frequency, gas flow rate, and duty cycle) were
presented in Fig. 3a-d, respectively. These spectral profiles were generally consistent
with those reported by Wang et al. (2021a) and Wang et al. (2023). All samples
exhibited characteristic absorption regions typical of fruit juice macromolecules. In the

high-frequency region, a broad band at 3300-3400 cm™! was assigned to O-H and N-H
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stretching vibrations, reflecting overlapping signals from proteins, endogenous
saccharides, and organic acids. Additionally, C-H stretching was observed at 2930-2850
cm’!, followed by the distinct Amide I band (1600-1700 cm™!, predominantly peptide
C=0 stretching) and Amide II band (1500-1560 cm™!, N-H bending coupled with C-N
stretching) (Barth, 2007). The persistence of the major peak positions, together with the
absence of new characteristic absorption bands, suggested that no major changes in the
chemical structure of the polypeptide backbone were detectable by FTIR, whereas the
spatial conformation and non-covalent interactions of kiwifruit proteins were likely
altered by CP treatment (Tolouie et al., 2018). Despite the relatively stable peak
positions, absorbance intensities exhibited pronounced and non-monotonic variations
under different processing conditions. Moderate treatment duration and discharge
frequency increased the overall spectral intensity, possibly due to structural
rearrangement and exposure of previously buried polar functional groups (Segat et al.,
2015). With prolonged treatment or increased frequency, absorbance subsequently
decreased, which may have resulted from further structural rearrangement and
intermolecular reassociation that altered the accessibility of surface functional groups
(Ekezie et al., 2017). Similar non-linear responses were observed with gas flow rate
and duty cycle. Moderate gas flow may have favored the distribution and interaction of
reactive plasma species with protein surfaces, whereas extreme flow rates may have
reduced their residence time or intensified surface etching. The marked decrease in
absorbance at high duty cycles (D-70 to D-90) may further indicate excessive energy
input and possible thermal accumulation, which could promote oxidation and structural
cross-linking (Tolouie et al., 2018). These structural alterations may be relevant to
protein immunoreactivity because conformational changes can modify the spatial

arrangement and accessibility of IgE-binding epitopes. Previous studies have shown
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that CP treatment can alter protein structure and, in some cases, reduce IgE-binding
capacity (Ekezie et al., 2019; Venkataratnam et al., 2020). However, this relationship is
not necessarily linear, as unfolding may expose buried epitopes, whereas aggregation,
cross-linking, or conformational rearrangement may mask or disrupt them. Therefore,
the observed changes in a-helix, B-sheet, B-turn, and random coil contents provide
structural evidence of CP-induced conformational rearrangement but cannot be
regarded as direct evidence of reduced immunoreactivity. Because antibody binding
and clinical allergenicity were not directly evaluated, the FTIR-derived changes should
be considered indirect evidence of potential alterations in immunoreactivity. The broad
and highly overlapped Amide I band also limits direct visual identification of subtle
secondary structure changes. Therefore, second-derivative analysis and Amide I band
deconvolution were further employed to quantitatively characterize these changes,
which could subsequently be modeled using ML approaches (Yang et al., 2015).
3.2. Second-derivative analysis of the Amide I band

The second-derivative spectra obtained under different treatment times, discharge
frequencies, gas flow rates, and duty cycles were presented in Fig. 4a-d. The broad
Amide I peak was successfully resolved into several distinct minima in each case. While
the amplitudes and slight wavenumber shift of these minima varied dynamically in
response to different treatment times, discharge frequencies, gas flow rates, and duty
cycles, their core positions consistently fell within well-defined structural domains. As
described in Section 2.4, these resolved minima provided the empirical basis for
identifying four distinct secondary structures: B-sheet (1615-1640 cm!), random coil
(1640-1650 cm), a-helix (1650-1660 cm™), and PB-turn (1660-1700 cm™)
(Goormaghtigh et al., 2006; Ye et al., 2007; Sadat & Joye, 2020). It is worth noting that

the primary objective of this second-derivative analysis is not to directly evaluate the
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macroscopic structural damage, but rather to establish strict physical and mathematical
constraints for subsequent spectral processing (Kong & Yu, 2007). The exact peak
numbers and center wavenumbers identified from these minima serve as indispensable
initial parameters (fixed boundaries) for multi-peak deconvolution using Voigt curve
fitting. By utilizing these second-derivative minima as fixed center constraints,
arbitrary or over-parameterized fitting is effectively prevented (Byler & Susi, 1986).
3.3. Quantitative analysis of secondary structures

Quantitative analysis of the deconvoluted Amide I band revealed highly dynamic
and parameter-dependent interconversions among protein secondary structures within
the kiwifruit matrix. In the control sample, the secondary structures of proteins were
predominantly stabilized by ordered -sheets (approximately 50%) and flexible B-turns
(approximately 32%), with minor contributions from a-helices and random coils. These
findings were consistent with the results reported by Wang et al. (2021a) and Wang et
al. (2023). As treatment time (Fig. 5a) and discharge frequency (Fig. 5b) increased, -
sheet content gradually decreased to approximately 43% and 40%, respectively,
whereas B-turn content increased correspondingly. This transition may be associated
with increased exposure of proteins to RONS during CP treatment. These reactive
species may induce oxidative modifications of susceptible amino acid residues and alter
the non-covalent interactions that stabilize B-sheet structures (Wang et al., 2024; Bayati
et al., 2026). Such conformational rearrangements were potentially relevant to protein
immunoreactivity because changes in secondary and higher-order structures can alter
the spatial arrangement and accessibility of IgE-binding epitopes. This relationship was
particularly relevant to kiwifruit allergens. Wang et al. (2021a) reported that ultrasound-
induced structural changes in kiwifruit proteins were accompanied by a 50% reduction

in the IgE-binding capacity of Act d 2. Furthermore, Wang et al. (2020) also showed
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that electric-field-induced conformational changes in Act d 2 were associated with a
75.3% reduction in IgE binding. These findings indicated that processing-induced
conformational rearrangement can modify the antibody-recognition properties of
kiwifruit allergens. However, the direction of this relationship was not determined
solely by changes in an individual secondary structure component. Therefore, the
progressive decrease in B-sheet content and increase in B-turn content observed in the
present study may reflect conformational rearrangement and alter epitope accessibility,
yet cannot by themselves be interpreted as direct evidence of reduced IgE recognition.
Instead, these structural changes provided indirect evidence that CP may modify the
immunoreactive properties of kiwifruit proteins, which require further validation using
IgE-binding assays. In contrast, gas flow rate (Fig. 5c¢) and duty cycle (Fig. 5d)
produced pronounced non-monotonic changes in secondary structure, likely reflecting
differences in reactive-species transport, residence time, and energy input (Gautam et
al., 2024; Rout et al., 2025). At a moderate duty cycle (30%), B-sheet content
temporarily increased, whereas it decreased markedly at higher energy inputs (e.g.,
90%), possibly indicating an initial structural reassociation followed by more extensive
oxidative modification (Li et al., 2024; Panklai et al., 2025). Similar parameter-
dependent structural rearrangements have been associated with changes in the
antibody-binding properties of kiwifruit allergenic proteins (Wang et al., 2020; Wang
et al., 2021a). Thus, CP-induced structural evolution likely reflected a balance between
reversible reorganization and extensive protein modification, resulting in treatment-
dependent changes in potential epitope accessibility. These nonlinear responses also
demonstrated the practical value of ML modeling. By establishing quantitative
correlations between CP operational parameters and protein secondary-structure

dynamics, the ML models enable targeted screening of desirable processing windows
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and accurate prediction of structural behavior under unexplored parameter
combinations. This approach provides a data-driven strategy for guiding the targeted
modulation of protein secondary structure while reducing experimental trial-and-error
in CP process optimization. This predictive capability provided a quantitative basis for
integrating structural descriptors with antibody-binding measurements, thereby
facilitating the development of immunoreactivity-oriented CP processing strategies.
3.4. Pearson correlation analysis between processing parameters and protein
secondary structures

Pearson correlation analysis was performed to evaluate the linear relationships
between CP processing parameters and protein secondary structure, as shown in Fig. 6.
Among the four processing parameters, treatment time and discharge frequency showed
relatively stronger correlations with changes in protein secondary structure than those
of gas flow rate and duty cycle. Discharge frequency exhibited the strongest
correlations among the investigated parameters, with a moderate negative correlation
with B-sheet content (r =-0.51) and a moderate positive correlation with B-turn content
(r=0.47). These results indicated that higher discharge frequency was associated with
lower B-sheet content and higher B-turn content. However, Pearson correlation only
characterizes linear associations and cannot capture potential nonlinear relationships
between CP parameters and protein structural changes. This result agreed with the
secondary structure analysis presented in Section 3.3 and was consistent with previous
studies reporting that higher plasma discharge intensity accelerates protein structural
rearrangement by increasing the generation of reactive species (Bayati et al., 2026). Gas
flow rate displayed the strongest positive correlation with a-helix content (r = 0.66),
while showing negative correlations with B-turn (r =-0.51) and random coil (r = -0.20).

Unlike treatment time and frequency, gas flow rate exhibited only a weak correlation
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with B-sheet content (r = 0.24), suggesting that it mainly regulated the transport and
residence time of reactive species rather than directly determining the degree of protein
oxidation. Similarly, duty cycle showed moderate correlations with B-sheet (r =-0.35),
B-turn (r = 0.27), and random coil (r = 0.30), demonstrating that duty cycle-induced
effects relied on plasma energy input variation and exhibited weaker linear associations
with protein structural evolution. Overall, the Pearson correlation analysis
demonstrated that CP processing parameters contributed differently to protein
conformational changes. Treatment time and discharge frequency were more strongly
associated with B-sheet transformation, whereas gas flow rate showed the strongest
linear association with a-helix content, and duty cycle exhibited comparatively weaker
relationships. The parameter-dependent structural responses provided a basis for
targeted modulation of protein secondary structures by adjusting CP processing
conditions, which may help guide the development of immunoreactivity-oriented
processing strategies.
3.5. Prediction of protein secondary structures using ML models

The experimental and predicted values obtained from the RF and GBDT models
were presented in Fig. 7, with the corresponding model performance summarized in
Table 3. Both models showed good agreement between the experimental and predicted
values for the four protein secondary structure components, indicating their
effectiveness in predicting changes in protein secondary structure under different CP
processing conditions. Both models exhibited satisfactory predictive ability for the
major secondary structural components, with relatively small differences between
training and testing datasets, indicating good generalization capability and limited
overfitting. For B-sheet prediction, the RF model achieved R’ values of 0.8387 and

0.8126 for the training and testing sets, respectively, while the GBDT model showed
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slightly improved performance with R? values of 0.8451 and 0.8195, respectively. The
corresponding RMSE and MAE values remained low for both models, indicating that
the changes in B-sheet content induced by different CP conditions could be effectively
captured. Similarly, a-helix prediction showed high accuracy, with testing R? values of
0.8880 for RF and 0.8902 for GBDT. These results indicated that the plasma-induced
variations in ordered secondary structures exhibited relatively stable relationships with
the processing parameters. Among the four secondary structural components, B-turn
showed the highest prediction accuracy. The RF and GBDT models achieved testing R’
values of 0.9075 and 0.9056, respectively, with MAE values of approximately 1.36%.
The superior prediction performance of B-turn may be attributed to its strong structural
coupling with B-sheet transformation, as demonstrated by the Pearson correlation
analysis (r = -0.81). During plasma treatment, the disruption of ordered PB-sheet
structures was accompanied by the formation of flexible turn regions, resulting in a
relatively consistent variation pattern that could be efficiently learned by ensemble
algorithms. In contrast, random coil structures showed comparatively poor prediction
performance, with testing R’ values of only 0.3924 for RF and 0.3787 for GBDT. The
relatively higher prediction errors (RMSE > 1.44) may be associated with the intrinsic
structural flexibility and heterogeneity of random coil regions (Berjanskii & Wishart,
2008). Unlike a-helix and B-sheet structures, which were stabilized by relatively well-
defined hydrogen-bonding patterns, random coil structures lacked a fixed spatial
arrangement and may comprise multiple transient conformational states. Consequently,
random coil content may show greater variability under plasma treatment, resulting in
lower prediction accuracy of the ML models. Similar limitations in predicting highly
flexible protein structures from spectral-derived features have also been reported in

previous studies using chemometric and ML approaches (Severcan et al., 2001; Hering
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et al., 2002). Comparison between RF and GBDT further revealed that both algorithms
showed comparable predictive performance, although their advantages differed among
secondary structures. GBDT slightly outperformed RF for B-sheet and a-helix
prediction, which may be attributed to its sequential learning strategy that progressively
minimized prediction errors and better captured nonlinear relationships. In contrast, RF
showed marginally better performance for B-turn and random coil prediction, likely due
to its strong resistance to data variability through ensemble averaging. Previous studies
have shown that tree-based ensemble models can effectively capture nonlinear
interactions among multiple input variables in complex biological datasets without
requiring predefined mathematical relationships (Breiman, 2001; Friedman, 2002).
Overall, the FTIR-ML framework quantitatively linked CP processing parameters to
protein secondary-structure responses, enabling preliminary screening of candidate
conditions while reducing experimental trial-and-error. Combined with subsequent
SHAP analysis, the framework helped identify influential processing parameters and
prioritize candidate conditions for targeted protein structural modulation. Given the
potential relationship between protein conformational changes and immunoreactivity
(Section 3.3), the predicted structural responses may also guide the selection of CP
conditions for subsequent antibody-binding assays. Thus, this framework provides a
data-driven approach for guiding CP parameter selection and targeted modulation of
protein secondary structure, laying the groundwork for subsequent immunoreactivity-
oriented process optimization.
3.6. SHAP interpretation of the contribution of plasma parameters to secondary
Structures

As shown in Fig. 8, SHAP analysis was performed for the RF and GBDT models

to interpret the contributions of different plasma treatment parameters to protein
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secondary structure prediction (Lundberg & Lee, 2017). The mean absolute SHAP
values showed generally consistent feature rankings between the two models,
indicating consistent model interpretations. Overall, discharge frequency, gas flow rate,
and duty cycle showed relatively higher contributions to the predicted protein
secondary structures, whereas treatment time showed relatively lower contributions.
For B-sheet prediction, discharge frequency showed the highest SHAP importance in
both models, followed by duty cycle and gas flow rate. The SHAP beeswarm plots (Fig.
9) further showed that high discharge frequency values (red points) were mainly
distributed in the negative SHAP region, indicating that higher discharge frequency
contributed negatively to the predicted B-sheet content. In comparison, the SHAP
distribution of duty cycle covered a wider range, indicating that its contribution to the
predicted B-sheet content varied across the input range and may reflect a nonlinear
relationship. For a-helix and B-turn prediction, gas flow rate showed the highest
contribution in both the RF and GBDT models. The SHAP beeswarm plots indicated
that higher gas flow rates were mainly associated with positive SHAP values for a-helix
prediction, suggesting a positive contribution to the predicted a-helix content.
Meanwhile, gas flow rate also showed substantial contributions to B-turn prediction,
with SHAP values distributed on both sides of zero, indicating that its contribution
varied across the input range. This pattern may reflect the influence of gas flow rate on
the transport and residence of reactive species during CP treatment rather than a simple
monotonic change in protein structural alteration. For random coil prediction, duty
cycle showed the greatest SHAP contribution, although its SHAP values exhibited a
relatively scattered distribution. The broad distributions of SHAP values across
different parameters indicated that random coil prediction was influenced by multiple

processing parameters rather than a single dominant variable. This finding was
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consistent with the relatively low predictive performance observed for random coil
structures, which may be associated with their intrinsic structural flexibility and
conformational heterogeneity. Unlike more ordered secondary structures, random coils
represent dynamic ensembles of multiple transient conformations, which may increase
prediction uncertainty (Craveur et al., 2015). More importantly, the SHAP analysis
identified parameter-specific opportunities for targeted modulation of protein
secondary structures. Discharge frequency was the most important predictor of B-sheet
content, whereas gas flow rate contributed most strongly to a-helix and B-turn
predictions. These findings suggested that discharge frequency could be prioritized
when investigating the coordinated modulation of B-sheet and B-turn contents, while
gas flow rate could be explored to regulate a-helical structure. Such structural
modulation may be relevant to allergen immunoreactivity because processing-induced
conformational rearrangements can alter the accessibility of antibody-binding epitopes.
For example, high-intensity ultrasound and electric-field treatments modified the
structure of Act d 2 and reduced its IgE-binding capacity (Wang et al., 2020; Wang et
al., 2021a). Microwave processing also reduced Act d 2 content and altered protein
secondary structures (Wang et al., 2023). These results indicated that changes in
individual secondary structure components did not have a universally predictable
relationship with immunoreactivity; rather, the effects depended on the resulting protein
conformation and the accessibility of relevant epitopes. Accordingly, the SHAP-guided
selection of CP conditions could facilitate targeted investigation of B-sheet/B-turn
redistribution and a-helix modulation, followed by antibody-binding assays to
determine whether the predicted structural responses are accompanied by reduced

immunoreactivity. The present analysis therefore provides a basis for selecting
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candidate structural-modulation strategies, but direct immunological validation is
required before any immunoreactivity-reduction effect can be established.
4. Conclusion

This study established an integrated FTIR and ML approach to characterize and
predict CP-induced changes in protein secondary structure in kiwifruit juice. Amide I
band deconvolution combined with second-derivative analysis quantified variations in
a-helix, B-sheet, B-turn, and random coil structures, indicating that CP treatment was
mainly associated with protein conformational rearrangement rather than substantial
disruption of the peptide backbone. The structural responses of kiwifruit proteins varied
with CP processing conditions. Increased treatment time and discharge frequency were
associated with decreased PB-sheet content and increased formation of more flexible
structures, whereas gas flow rate and duty cycle produced non-monotonic changes in
secondary structure. Pearson correlation and SHAP analyses further indicated that
discharge frequency and gas flow rate were among the parameters most strongly
associated with changes in 3-sheet and a-helix contents, respectively. Furthermore, RF
and GBDT models showed excellent predictive performance for protein secondary
structures, particularly for B-turn and o-helix prediction. More importantly, the
integrated framework can therefore support the data-driven screening of CP conditions
for targeted protein structural modulation and subsequent immunoreactivity-oriented
evaluation. Because changes in protein secondary structure alone cannot establish the
direction or extent of immunoreactivity changes, future studies should integrate the
current structural predictions with direct immunological measurements to develop and
validate predictive models linking CP processing parameters, protein structural
responses, and immunoreactivity. Further validation across different kiwifruit

processing forms, including fresh juice, slices, and dried products, together with
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measurements of reactive species and assessments of protein functionality, will help
evaluate model generalizability and identify CP processing conditions that reduce

immunoreactivity while preserving product quality.
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Figure caption:

Fig. 1. Cold plasma experimental setup and functions of its main components.

Fig. 2. Experimental protocol for CP processing of postharvest kiwifruit samples.

Fig. 3. FTIR spectra of postharvest kiwifruit samples treated with CP under different
processing conditions. (a) treatment time, (b) discharge frequency, (c) gas flow rate,
and (d) duty cycle.

Fig. 4. Second-derivative analysis of the Amide I band of postharvest kiwifruit samples
under different CP processing conditions. (a) treatment time, (b) discharge frequency,
(c) gas flow rate, and (d) duty cycle.

Fig. 5. Quantitative changes in the secondary structures of kiwifruit proteins under
different CP processing conditions. (a) treatment time, (b) discharge frequency, (c) gas
flow rate, and (d) duty cycle.

Fig. 6. Pearson correlation analysis between CP processing parameters and protein
secondary structures of kiwifruit proteins.

Fig. 7. Prediction performance of ML models for kiwifruit protein secondary structures
based on CP processing parameters. (a) RF model and (b) GBDT model.

Fig. 8. Feature importance of CP processing parameters based on SHAP values for
predicting kiwifruit protein secondary structures. (a) RF model and (b) GBDT model.
Fig. 9. SHAP beeswarm analysis of the contributions of CP processing parameters to
the prediction of kiwifruit protein secondary structures. (a) RF model and (b) GBDT

model.
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Table caption:

Table 1 Curve-fitting parameters and secondary-structure assignments of the six
components within the Amide I band of kiwiftruit proteins.

Table 2 Relative contents of protein secondary-structure components determined by
Amide I band curve-fitting analysis under different CP processing conditions.

Table 3 Performance of RF and GBDT models for predicting protein secondary-

structure components based on CP processing parameters.



Table 1 Curve-fitting parameters and secondary-structure assignments of the six components within the Amide I band of

kiwifruit proteins.
Peak Secondary structure  Wavenumber Fitted peak Peak area used
. - .o _ . References
No. assignment range (cm')  position (cm™?)  for calculation
Peak 1 B-sheet 1615-1630 ~1620 A1620 (Sadat & Joye, 2020)
-sheet-rel
Peak 2 p-sheet-related 1630-1640 ~1635 A1635 (Sadat & Joye, 2020)
component
Peak 3 Random coil 1640-1650 ~1645 A1645 (Ye et al., 2007)
Peak 4 a-helix 1650-1660 ~1655 A1655 (Goormaghtigh et al., 2006)
Peak 5 B-turn 1660-1680 ~1670 A1670 (Sadat & Joye, 2020)
High-frequency Amide
Peak 6 I component associated 1680-1700 ~1690 A1690 (Sadat & Joye, 2020)

with B-turn




Table 2 Relative contents of protein secondary-structure components determined by Amide I band curve-

fitting analysis under different CP processing conditions.

Secondary structure Included fitted components Calculation
B-sheet 1620 and 1635 cm™! components (A1620 + At635)/ Avorat X 100%
Random coil 1645 cm™' component Ai645/Atotat X 100%
a-helix 1655 cm™ component Aj65s/Arotal X 100%

B-turn 1670 and 1690 cm™!' components (A1670 + A1690)/Atotal X 100%




Table 3 Performance of RF and GBDT models for predicting protein secondary-structure components based on CP

processing parameters.

Model Target structure Dataset R? RMSE MAE
RF B-sheet Training 0.8387 2.1432 1.5930
Testing 0.8126 2.1855 1.6425

a-helix Training 0.8201 1.1657 0.8670

Testing 0.8880 0.9899 0.7388

B-turn Training 0.9096 1.5968 1.2404

Testing 0.9075 1.7143 1.3571

Random coil Training 0.6257 1.1539 0.8488

Testing 0.3924 1.4460 1.0621

GBDT B-sheet Training 0.8451 2.0997 1.5584
Testing 0.8195 2.1449 1.6069

a-helix Training 0.8336 1.1213 0.8197

Testing 0.8902 0.9803 0.7389

B-turn Training 0.9123 1.5720 1.2078

Testing 0.9056 1.7322 1.3570

Random coil Training 0.6341 1.1409 0.8401

Testing 0.3787 1.4623 1.0715




