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Abstract
Food allergies have become a significant public health issue, particularly lipid transfer protein (LTP) allergies, which are
highly stable allergens and can cause severe allergic reactions. This research aims to develop and validate an AI-driven
solution for detecting LTPs in food using near-infrared spectroscopy (NIRS), exploring the feasibility of non-invasive allergen
identification using AI-assisted spectroscopy. The methodology involves collecting spectral data from various food samples,
building a machine learning model, and optimizing it iteratively to improve detection accuracy. The results show that the
AI model achieved an accuracy of 87% and an F1-score of 89.91%, indicating its potential for enhancing food safety. In
conclusion, this solution demonstrates the viability of using NIRS and AI for allergen detection, with promising future
applications in healthcare.

Keywords Allergens · Near-infrared spectroscopy · Artificial intelligence · Classification

Introduction

Allergies are a critical global health issue that affects over a
billion people and is projected to impact up to four billion
by the 2050s, driven by increasing exposure to environmen-
tal and dietary allergens (Global Atlas of Allergy 2025).
Food allergies are a specific subset of allergic reactions
derived from immune hypersensitivity to dietary proteins
and can range in severity from mild local symptoms to
anaphylaxis. They can be categorized into stableClass I aller-
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gens, which are resistant to heat, breakdown, and digestion
and are primarily associated with gastrointestinal and sys-
temic reactions, and Class II allergens, which are typically
labile and cause milder, localized reactions. In either case,
immunoglobulin E (IgE)-mediated reactions are the most
common form, with rapid onset following ingestion, and
involve a cascade of immune responses triggered by aller-
genic proteins (Global Atlas of Allergy 2025).

nsLTPs are among the most clinically significant food
allergens due to their unique properties and high stability.
As small, highly conserved cysteine-rich proteins found in
a variety of plant species, nsLTPs are implicated in plant
defensemechanisms, cell wall organization, and signal trans-
duction (Missaoui et al. 2022). Unlike many other food
allergens, nsLTPs are resistant to both heat and digestive pro-
cesses, allowing them to retain their quaternary structure and
thus their allergenic potential even after cooking or process-
ing. This stability poses a particular risk for individuals with
sensitivity to nsLTPs, as exposure can occur across a wide
range of foods and products, from fresh and cooked fruits to
processed products or cosmetics containing plant extracts.

Pru p 3, the primary nsLTP in peaches (Prunus persica)
and the major allergen in the Rosaceae family, including
peaches, nectarines, and strawberries, is one of the best-
studied nsLTPs. It has been observed that this member of the
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nsLTP family is often the first sensitizing allergen in patients
who develop nsLTP syndrome, a condition characterized by
cross-reactivity among LTPs from various plants (Maestro
2025). This cross-reactivitymeans that individuals sensitized
to Pru p 3 may also react to other foods containing struc-
turally similar nsLTPs, such as apples, apricots, and nuts, as
well as to certain pollen. In Southern Europe and Mediter-
ranean regions, nsLTPs allergies are notably prevalent, with
Pru p 3 identified as the leading cause of severe allergic reac-
tions. Importantly, nsLTPs like Pru p 3 are known to cause
systemic allergic reactions, which are often aggravated by
factors like physical exercise, alcohol, and NSAID intake,
making accurate detection of these proteins in food crucial
for effective allergy management (Rossi et al. 2023).

Traditional diagnostic tools for nsLTP detection, such as
ELISA (enzyme-linked immunosorbent assay) and immuno-
blotting, are reliable but can be expensive and may require
laboratory settings and extensive sample preparation. These
methods, while useful in controlled environments, are not
conducive to real-time monitoring or rapid decision-making
in food safety contexts. Therefore, this escalating allergy
trend necessitates advanced diagnostic processes, improved
treatment protocols, and integrated healthcare strategies to
manage and mitigate the widespread impact of allergies
effectively (Mazas 2025).

The potential of near-infrared spectroscopy (NIRS) com-
bined with machine learning has been highlighted in various
studies focusing on food quality and safety. For instance,
Zhenxiong Huang et al. demonstrated the effectiveness of
NIRS in the non-destructive determination of diastase activ-
ity in honey, showcasing a robust methodology for assessing
honey quality without altering its state (Huang et al. 2019).
Similarly, Yande Liu et al. applied visible/near-infrared spec-
troscopy to monitor the quality of juicy peaches during
storage, revealing that this technique can accurately detect
changes in fruit quality over time (Liu et al. 2020). Addition-
ally, Marina Schopf and colleagues conducted a fundamental
characterization of wheat gluten, illustrating the application
of NIRS in understanding the properties of gluten, which
is crucial for various dietary and food safety considerations
(Schopf et al. 2021).

Recent literature has further highlighted the growing syn-
ergy between spectroscopy and machine learning in food
analysis. Zuo et al. (2023) investigated the combined use of
spectroscopic techniques and ML algorithms for the authen-
tication and classification of meat products, demonstrating
improved accuracy and efficiency in fraud detection and
quality assessment. Similarly, Zuo et al. (2025) explored the
integration of near-infrared spectroscopy with advanced ML
methods to predict quality parameters in processed foods,

showcasing the potential of these tools for non-destructive,
real-time monitoring in food industry settings. These stud-
ies underscore the current trend toward developing rapid,
accurate, and sustainable analytical methods through the
convergence of spectroscopy andML,which serves as a foun-
dation for the approach adopted in this work.

The use of NIRS in assessing the quality-related param-
eters in instant tea was explored by Xiaoli Bai et al., where
machine learning techniques were employed to predict these
parameters, demonstrating the versatility of NIRS in dif-
ferent food matrices (Bai et al. 2022). Furthermore, Rabie
Reda et al. optimized variable selection and developed
machine learning models for olive oil quality assessment
using portableNIRS, providing a portable solution for on-site
quality control (Reda et al. 2023). Hayato Seki et al. visu-
alized sugar content distribution in white strawberries using
NIR hyperspectral imaging, emphasizing the non-destructive
evaluation of fruit quality (Seki et al. 2023). Moreover, Lars
Erik Solberg et al. showcased the application of NIRS in
large-scale cheese production, highlighting its efficiency in
real-time quality control during the manufacturing process
(Solberg et al. 2023). These studies underscore the broad
applicability of NIRS across different types of aliments,
enhancing both the efficiency and accuracy of food quality
assessments.

The primary goal of this paper is to develop, implement,
and validate an AI-driven predictive model using NIRS to
accurately detect nsLTPs in foods. By collecting data from
various food types, building a comprehensive dataset, and
performing in-depth statistical analysis and visualization,
the paper aims to enhance the accuracy and speed of LTP
detection. This model will be integrated into a user-friendly
platform, allowing individuals to input measurements and
predict the LTP content in their samples. The paper aims to
significantly reduce false negatives and the time required for
testing, making it a valuable tool for a potencial real-time
allergy diagnostics. In the long term, the platform could be
implemented in healthcare settings to provide professionals
with quick access to crucial data. However, this prospective
application would require rigorous clinical validation, regu-
latory approval, user training, and seamless integration with
existing healthcare infrastructure. Despite current challenges
such as data variability and system interoperability, our study
aims to lay the groundwork for a reliable, non-invasive solu-
tion for allergy management. This paper is structured in
several chapters: in the “Material and methods” section, we
explain the experimental design and models used, followed
by the results and discussion, where we present the most rel-
evant findings and implications. Finally, we conclude with
future work and directions for further research.
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Material andMethods

Material

Experimental Setup and Data Collection

The experimental setup involved preparing food samples
to measure their spectral signatures using a scientific-grade
spectrometer and associated equipment. Each type of food
was handled with care to avoid cross-contamination, and
measurements were collected sequentially for one food item
at a time, as shown in Table 1. The collected data was saved
in .txt files for each measurement, ensuring the integrity and
accuracy of the collected spectral data.

For the False class, there were 4050 unique data, and for
the True class 3240, according to 55.5% and 44.4%, respec-
tively, showing a good balance between classes.

Prior to handling a new food item, the equipment and
workspace were thoroughly cleaned using distilled water.
Tools such as knives, trays, and tweezers were sterilized or
replaced between samples to avoid any residue fromone sam-
ple affecting the next.Additionally, gloveswereworn, further
minimizing the risk of contamination. To prepare food sam-
ples for spectral analysis, a meticulous process was followed
to ensure precise measurements. The samples were divided
into smaller portions to facilitate the analysis.

Each piece was labeled sequentially, and every frag-
ment cut from each sample was individually weighed and
recorded. To assign ground-truth labels regarding the pres-
ence or absence of nsLTPs, each food itemwas first identified
taxonomically and matched with entries in curated aller-
gen databases such as AllergenOnline and the WHO/IUIS
Allergen Nomenclature database. Only foods with well-
documented nsLTP content based on these databases and
supporting literature were labeled as “present.” Conversely,

Table 1 Aliments purchased to produce the database

Product Quantity of product per food item nsLTPs present

Oranges 3 True

Apples 3 True

Crystal albumin 2±15% False

Powdered milk 2±15% False

Pears 2 True

Cucumbers 2 False

Kiwis 2 True

Potatoes 2 False

Strawberries 3 True

Peaches 3 True

Tomatoes 3 True

Bananas 2 True

food samples with no reported or confirmed nsLTP content
across these authoritative sources were labeled as “absent.”
No assumptions were made based on food category or botan-
ical family alone, and ambiguous cases were excluded to
maintain label reliability. This ensured that each fragment
could be traced back to its original source.

When taking the spectral measurements, each food item
was placed on a fresh surface, ensuring that no particles or
moisture from previous samples were present. The samples
were processed sequentially, meaning that only one food
item was in the measurement area at any given time. This
strict isolation ensured that no environmental factors, such as
residue from other foods, could influence the spectral read-
ings. After placing each piece in the spectrometer, a 10-s
pause was observed to allow the detection system to sta-
bilize, preventing any initial fluctuations from affecting the
readings. Absorbance and reflectance measurements were
taken at three distinct positions on each food sample. At
each position, two types of spectral data were collected—
one absorbance and one reflectance spectrum—resulting in
a total of six measurements per sample. It was crucial to doc-
ument every step, including the weight of each fragment and
its correspondingmeasurement, tomaintain an organized and
accurate record.

All measurements were carefully saved in .txt files, one
per sample, immediately after each reading to preserve the
integrity and accuracy of the collected spectral data. By fol-
lowing these stringent protocols, the experiment ensured that
the spectral data for each food sample was pure and uncon-
taminated, providing reliable results for further analysis.

Database Construction

After data collection, the process of constructing the database
began. Handling 7490 individual .txt files manually was not
feasible, so automation scripts were developed in Python.
These scripts extracted the relevant information from each
file, converted the raw spectral data into structured .csv
files, andmerged them into a single comprehensive database.
This automated approach streamlined data management and
ensured consistency across the entire dataset (Table 2).

Data Preprocessing and Data Visualization

Data preprocessing was essential to ensure the quality and
reliability of the dataset before training the machine learn-
ing models. The process involved multiple steps: handling
missing values, removing duplicates, correcting errors, and
standardizing formats (e.g., replacing commas with dots in
decimal notation) (1). Irrelevant columns were removed to
prevent noise from degrading model performance. These
steps helped eliminate inconsistencies or inaccuracies that
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Table 2 Data collection distribution (total number of data) Note: Each sample was measured at 3 positions with both absorbance and reflectance
modes, resulting in 6 measurements per sample

Fruit/product Amount Pieces No of positions Measurement method LTP Total data

Orange 3 10 3 2 meas. (abs/ref) at 3 pos Yes 1080

Pear 1 10 1 2 meas. (abs/ref) at 1 pos Yes 40

Apple 3 10 3 2 meas. (abs/ref) at 3 pos Yes 1080

Peach 2 10 3 2 meas. (abs/ref) at 3 pos Yes 810

Kiwi 1 10 1 2 meas. (abs/ref) at 1 pos Yes 40

Tomato 3 10 3 2 meas. (abs/ref) at 3 pos Yes 1080

Strawberry 6 5 3 2 meas. (abs/ref) at 3 pos Yes 1080

Banana 1 10 1 2 meas. (abs/ref) at 1 pos Yes 40

Cucumber 1 10 1 2 meas. (abs/ref) at 1 pos No 40

Potato 1 10 1 2 meas. (abs/ref) at 1 pos No 40

Albumin 30 samples – 3 2 meas. (abs/ref) at 3 pos No 1080

Powdered milk 30 samples – 3 2 meas. (abs/ref) at 3 pos No 1080

TOTAL 7490

could negatively impact the models, leading to more accu-
rate and robust predictions.

In addition, data visualization was used to assess the
class distribution and detect potential imbalances between
the presence and absence of the target protein (Fig. 1). These
visualizations ensured a balanced dataset and supported the
validity of the training process by reducing potential bias.
Although the class distribution was slightly skewed (55.5%
negative vs. 44.4% positive), it was not severe enough to
require oversampling or undersampling strategies, as the
models were able to train effectively without exhibiting per-
formance bias.

To standardize the input features across samples, we
applied Z-score normalization to all spectral variables, using
the formula shown in Eq.1. This scaling ensured that each
feature had amean of 0 and a standard deviation of 1, improv-
ing the performance and convergence of machine learning
models.

z = x − μ

σ
(1)

Methods Hardware

The spectrometer used for achieving the objective is the
FLAME-NIR+ Miniature Spectrometer. The Flame-NIR
spectrometer fromOceanOptics is an advanced and compact
device that utilizes near-infrared spectroscopy to analyze the
composition of various materials effectively. Designed to be
affordable, it features a small optical bench that makes it
versatile and allows scientists and researchers to use it in
different environments (Flame-NIR User Guide 2025).

The spectrometer is equipped with a high-quality, uncooled
InGaAs (IndiumGalliumArsenide) array detector, providing
accurate measurements across a spectral range of approxi-

mately 900 to 1700 nm. This versatile instrument is ideal
for applications such as food quality analysis or agricultural

Fig. 1 Distribution of the data classes (positive and negative cases)
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research among others (FLAME-NIR+ 2024; Flame-NIR
2025).

In addition to the spectrometer, several other components
are essential for a complete NIRS system (Fig. 2).

On the one hand, a TC-DR-PROBE has been used. The
TC-DR-PROBE is a specialized probe designed for measur-
ing diffuse reflectance, integrating a halogen light source and
focusing optics into a single unit. This combination allows
for efficient illumination of the sample with bright, contin-
uous light, essential for accurate spectroscopic analysis. By
measuring the light reflected at a 45° angle, the probe cap-
tures how much light is scattered in various directions from
the material, providing a realistic representation of its optical
properties. This capability is particularly valuable in NIRS,
where understanding the light interaction with samples is
essential for obtaining reliable analytical results (Ocean Pho-
tonics 2025a).

On the other hand, the optical fiber serves as a critical
link in the NIRS system, enabling the efficient transmission
of light between the spectrometer and the sample. Ocean
Insight’s laboratory optical fiber (previously known asOcean
Optics) offers a reliable and affordable solution, coming in
multiple lengths and designs. Each end of the fiber is fitted
with standard SMA905 connectors. The design minimizes
light loss and maintains the integrity of the spectral data,
ensuring that accurate and reliable results are obtained during
the analysis (Ocean Photonics 2025b).

Moreover, the system needs some calibration features
and standards to ensure accurate and reliable measurements.
One essential component is Spectralon, a calibration stan-
dard known for its high reflectance across a wide range of
wavelengths. By usingSpectralon, effective calibration of the
instruments has been done, providing a consistent reference
point for analyzing the samples. Additionally, the system

Fig. 2 Setup for data collection

requires the capability to capture the dark spectrum as well,
which involves measuring the detector’s response when no
light is present. This measurement is crucial for correcting
any background noise or signal interference, allowing for
a clearer representation of the sample’s true spectral data.
Together, these calibration features are vital for enhancing
the overall performance and reliability of the system in NIRS
applications (Flame NIR Manual 2025).

Finally, it is essential to have a computer device with the
software installed. The software used has been the Ocean-
View. OceanView software is an advanced tool designed to
work with spectrometers. It allows easy management and
analysis of reflectance and absorbance measurements, key
measurements needed for the detection of the LTP protein in
food. For reflectance, the software helps compare the light
reflected from a sample against a reference standard, the
previously mentioned Spectralon. In terms of absorbance,
OceanView processes the data to calculate how much light
is absorbed by the sample.

Once all these components are connected and the sensor
calibration has been completed, the device will be ready to
start collecting data. The flowchart in Fig. 3 provides a step-
by-step summary of the sample collection process, structured
into distinct stages for clarity and efficiency.

Theprocess beginswith initial preparation,which involves
assembling the necessary hardware components to ensure
all required equipment is available. Next, the equipment
undergoes calibration to guarantee accurate and consistent
measurements. Additionally, all essential tools must be gath-
ered and prepared before proceeding to the next steps.

In the food evaluation stage, it is determined whether a
new type of food is being analyzed. If a new food item
is introduced, the tools must be sterilized to prevent cross-
contamination. Otherwise, if the food type remains the same,
the current tools can continue to be used without sterili-
zation.

The next step, sample preparation, involves dividing the
food sample into smaller portions to facilitate handling
and measurement. Each portion is then labeled to ensure
proper identification and to avoid any confusion. Finally, the
portions are placed on a clean and suitable surface for mea-
surement.

During the measurements stage, the absorbance and
reflectance of each portion are recorded using calibrated
equipment. To ensure accuracy, measurements must be taken
at three different positionswithin the sample. If all three posi-
tions have not yet been measured, the sample’s position is
adjusted, and additional measurements are taken. Once all
required positions have been measured, the data is renamed
and saved appropriately.

The final stage, completion and repetition, determines
whether additional samples need to be analyzed. Ifmore sam-
ples are available, the process returns to the step of dividing
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Fig. 3 Flowchart of sample collection

them into portions. If there are no further samples, the process
concludes.

Methods About Artificial Intelligence

Logistic Regression
Logistic regression is a fundamental statistical method

used in machine learning and data science for binary clas-

sification tasks. Unlike linear regression which predicts a
continuous output, logistic regression predicts the probabil-
ity of a binary outcome (0 or 1) (Shewhart and Wilks 2013;
Peduzzi et al. 1996).

The logistic function, or sigmoid function, defined as

σ(z) = 1

1 + e−z
(2)
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maps any real-valued number into the range [0, 1], making
it suitable for probability estimation. The model estimates
the probability that a given input, x , belongs to a particular
class by using the logistic function on a linear combination
of input features (Shewhart and Wilks 2013; Peduzzi et al.
1996):

logit(P) = ln

(
P

1 − P

)
= wT x + b (3)

where P is the probability of the positive class, w is the vec-
tor of weights, and b is the bias term. The model parameters
are typically estimated using maximum likelihood estima-
tion (MLE). Logistic regression is widely appreciated for
its simplicity, interpretability, and efficiency, particularly in
high-dimensional feature spaces (Shewhart and Wilks 2013;
Peduzzi et al. 1996).

Bernoulli Naive Bayes
Bernoulli Naive Bayes is a probabilistic classifier partic-

ularly well-suited for binary/boolean features. It is based
on Bayes’ Theorem, which describes the probability of an
event based on prior knowledge of conditions that might be
related to the event. For Bernoulli Naive Bayes, the presence
or absence of a feature is treated as a binary condition. The
algorithm assumes that each feature is conditionally inde-
pendent of the others given the class label, which simplifies
the computation. The formula for the conditional probability
is Bishop (2006)

P(Ck | x)= P(Ck)
∏n

i=1 P(xi | Ck)
xi (1 − P(xi | Ck))

1−xi

P(x)
(4)

where P(Ck−−− x) is the posterior probability of class Ck
given feature vector x, P(Ck) is the prior probability of class
Ck, P(xi−−−Ck) is the likelihood of feature xi given class
Ck, and P(x) is the probability of the feature vector (Bishop
2006; Brownlee 2016).

Decision Tree
Adecision tree is a powerfulmachine learningmodel used

for classification and regression tasks. It works by recur-
sively splitting the data into subsets based on the value of
input features, forming a tree-like structure. Each internal
node represents a decision rule on a feature, each branch
corresponds to an outcome of the rule, and each leaf node
represents a class label or a continuous value. The goal is to
create a model that predicts the target variable by learning
simple decision rules inferred from the data features. Key

metrics for making these splits include Gini impurity and
information gain for classification and mean squared error
(MSE) for regression (Breiman et al. 2017; Quinlan 1986).

The Gini impurity for a node, t , is calculated as

G(t) = 1 −
C∑
i=1

p2i (5)

where pi is the proportion of instances of class i in node t .
Information is defined as the reduction in entropy from a split
and is calculated by

IG(S, A) = H(S) −
∑

v∈Values(A)

|Sv||S|H(Sv) (6)

where H(S) is the entropy of set S, and Sv is the subset of
S for which attribute A has value v. For regression trees, the
mean squared error (MSE) at a node t is given by

MSE(t) = 1

N

N∑
i=1

(yi − ȳ)2 (7)

where yi are the actual values, and y is themean of the values
in node t (Breiman et al. 2017; Quinlan 1986).

Support Vector Machine
Support vector machines (SVM) are a set of supervised

learning methods used for classification, regression, and out-
lier detection. SVM works by finding the hyperplane that
best separates the data into different classes. The key idea
is to maximize the margin, which is the distance between
the hyperplane and the nearest data point of any class. The
optimal hyperplane is found by solving the following opti-
mization problem (Cortes and Vapnik 1995; Burges 1998):

min
w,b

1

2
‖w‖2 subject to yi (w · xi + b) ≥ 1 (8)

For non-linearly separable data, SVM can use kernel func-
tions (such as polynomial, radial basis function) to map the
input features into higher-dimensional space where a hyper-
plane can be used to separate the data (Cortes and Vapnik
1995; Burges 1998).

XGBoost
XGBoost (eXtreme Gradient Boosting) is a powerful and

efficient implementation of the gradient boosting algorithm,
designed to enhance speed and performance for machine
learning tasks. It combines predictions from multiple deci-
sion trees, each correcting errors from the previous ones, to
form a strong predictive model (Chen and Guestrin 2016).
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The objective function in XGBoost includes a regulariza-
tion term to prevent overfitting, mathematically expressed as

L(θ) =
n∑

i=1

l(yi , ŷi ) +
K∑

k=1

�( fk) (9)

where

�( f ) = γ T + 1

2
λ

T∑
j=1

w2
j (10)

This regularization, along with second-order Taylor approx-
imation for optimization, allows XGBoost to achieve high
accuracy and fast convergence, making it a favorite in data
science competitions and real-world applications (Chen and
Guestrin 2016).

Deep Neural Network
Deep neural networks (DNNs) are powerful machine

learning models that mimic the human brain’s structure,
consisting of layers of interconnected neurons. Each neuron
performs a weighted sum of its inputs, applies an activation
function, and passes the output to the next layer (Goodfellow
et al. 2016a; LeCun et al. 2015).

Mathematically, this process can be described as

z(l)j =
∑
i

w
(l)
i j a

(l−1)
i + b(l)

j (11)

and

a(l)
j = σ

(
z(l)j

)
. (12)

DNNs learn complex patterns by adjusting weights and
biases through backpropagation, minimizing error via gra-
dient descent (Burges (1998); Chen and Guestrin (2016)):

w
(l)
i j ← w

(l)
i j − η

∂w
(l)
i j

∂L
(13)

Confusion Matrix
The confusion matrix is a table that describes the perfor-

mance of a classification model, displaying the number of
true positives (TP), false positives (FP), true negatives (TN),
and false negatives (FN) (Bishop 2006).

Accuracy
Accuracy measures the percentage of correct predictions,

considering both positive and negative classes (Peduzzi et al.
1996).

Accuracy = T P + T N

T P + T N + FP + FN
(14)

Precision
Precision measures the proportion of true positive predic-

tions out of the total positive predictions (Cortes and Vapnik
1995).

Precision = T P + FN

T P
(15)

Recall (Sensitivity)
Recall, or sensitivity, measures the proportion of actual

positives correctly identified by the model (Shewhart and
Wilks 2013).

Recall = T P

T P + FN
(16)

F1-Score
The F1-score is the harmonicmean of precision and recall.

It is useful when there is a need for balance between the two
(Chen and Guestrin 2016).

F1 = 2 × Precision × Recall

Precision + Recall
(17)

AUC-ROC (Area Under the Curve-Receiver Operating Charac-
teristic)

AUC-ROC is a measure that describes the model’s ability
to distinguish between classes. The AUC value ranges from
0.5 (random) to 1 (perfect) (Goodfellow et al. 2016b).

AUC =
∫ 1

0
TPR(FPR) d(FPR) (18)

Hyperparameter Fine-Tuning

The fine-tuning process of a deep neural network (DNN)was
a critical step in optimizing its performance and ensuring
the model’s robustness in various applications. Fine-tuning
involves iterative modifications to the network’s architec-
ture, hyperparameters, and training dynamics to improve
accuracy, reduce overfitting, and enhance generalization
capabilities on unseen data.

One of the first aspects of fine-tuning was adjusting the
architecture of the neural network. This process included
experimenting with the number and size of hidden layers, as
well as the neurons within each layer (Jossa-Bastidas et al.
2023a). Selecting the right number of layers and neurons was
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crucial, as too few could limit the model’s learning capac-
ity, while too many could lead to overfitting. In this process,
different activation functions, such as ReLU, Sigmoid, or
Tanh, were also tested to determine which yielded the best
non-linear transformations for the given dataset.

Another key element of fine-tuning was the optimiza-
tion algorithm. Commonly used optimizers such as Adam,
Stochastic Gradient Descent (SGD), and RMSprop were
employed to update the model’s weights efficiently. Each
optimizer was tested with varying learning rates to find the
most suitable combination that balanced fast convergence
with stable learning. The learning rate was a particularly
sensitive parameter; if it is set too high, the model may miss
optimal solutions, whereas a low learning rate may result in
unnecessarily long training times.

In addition to the standard optimization process, the use
of custom loss functions is sometimes necessary, especially
in cases where specific tasks require tailored performance
metrics. For example, in imbalanced classification prob-
lems, custom loss functions can be implemented to focus
on improving precision or recall in minority classes. This
ensures that the model is fine-tuned not only for overall accu-
racy but also for specific application needs.

Threshold optimization was another important part of
the fine-tuning process. In classification problems, a default
threshold of 0.5 is often used to make decisions. How-
ever, this threshold can be adjusted to optimize the balance
between false positives and false negatives, depending on the
use case. Adjusting this threshold can lead to improvements
in precision, recall, or the F1-score, particularly when the
model’s predictions need to be carefully balanced between
sensitivity and specificity.

Finally, the number of training epochs was fine-tuned.
While increasing the number of epochs can allow the model
to learn more complex patterns, it also risks overfitting, espe-
cially if themodel continues to train after reaching its optimal
performance. To address this, early stopping techniques are
frequently employed, where training is automatically halted
once the performance on the validation set ceases to improve.

The final network architecture consisted of 7 fully con-
nected hidden layers, each composed of 128 neurons and
using the ReLU activation function. To prevent overfitting,
a dropout layer (rate = 0.1) was applied after each hidden
layer, and L2 regularization (λ = 0.6) was incorporated. The
output layer used a sigmoid activation function appropriate
for binary classification. The network was trained using the
Adadelta optimizer with a learning rate of 0.01, over 400
epochs.

In conclusion, fine-tuning a DNNwas an iterative process
that required careful adjustments to the network architecture,
optimization algorithms, learning rate, and loss functions,
all while monitoring the model’s performance on both the
training and validation sets. By systematically refining these

components, the model became more accurate, generalized
better to unseen data, and became suitable for real-world
applications.

Results

The experiment was conducted by selecting samples from
the database, focusing on food items such as fruits, vegeta-
bles, and proteins that are known to have a higher likelihood
of containing nsLTPs. The selected dataset included mixed
values to ensure a comprehensive analysis of the detection
capability of the AI model. The validation process cov-
ered both the overall platform and the individual machine
learning models. Evaluation metrics included the confusion
matrix, accuracy, recall, F1-score, and AUC-ROC curve.
These metrics were calculated using separate validation and
independent test sets, which enabled an assessment of the
models’ learning capabilities and their generalization to
unseen data. While no cross-validation was applied to the
final DNN model, all classical machine learning models
(e.g., XGBoost, SVM) were evaluated using 5-fold cross-
validation to ensure baseline consistency. For the DNN, we
opted for an independent test set evaluation after extensive
architecture tuning, aiming to simulate real-world deploy-
ment and avoid overfitting from internal re-use of validation
data. Consequently, no standard deviations or confidence
intervals are provided. An independent test set was used
to assess the final performance of the models. This dataset
was not involved in training or validation and thus provided
an unbiased measure of generalization. Performance metrics
calculated during testing included accuracy, F1-score, recall,
AUC, and confusion matrices.

Table 3 presents the key results of the experiment, includ-
ing accuracy, precision, recall, and F1-score of the model
applied to the dataset. The most relevant results highlight the
model’s ability to achieve an accuracy of 87% and an F1-
score of 89.91%, demonstrating strong predictive power in
detecting LTPs in various food samples.

In addition to the quantitative results, a confusion matrix
is provided in Fig. 4 to visually represent the performance
of the model, showing the true positive, true negative, false
positive, and false negative classifications. These results indi-
cate the model’s ability to minimize false negatives, a crucial
factor in ensuring food safety for individuals with severe
allergies. The performance of simpler models like logistic
regression, decision trees, and Naive Bayes showed limita-
tions, as they struggled to generalize to unseen data, with
logistic regression and decision trees overfitting the vali-
dation set and Naive Bayes providing more consistent but
still suboptimal results. Advanced models like SVM and
XGBoost improved classification, but were hindered by the
large dataset and time constraints, limiting hyperparameter
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Table 3 Model performance results

Model Best hyperparameters Validation results Test results

Logistic Regression C=10000.0
solver=’liblinear’

Accuracy 76%
F1-score: negative 80%
positive 69%
AUC: 0.86

Accuracy 41%
F1-score: negative 53%
positive 19%
AUC: 0.42

Decision Tree criterion: entropy
max depth: None
min samples leaf: 1
min samples split: 2

Accuracy 96%
F1-score: negative 96%
positive 95%
AUC: 0.96

Accuracy 41%
F1-score: negative 53%
positive 19%
AUC: 0.47

Naive Bayes alpha=0.1
binarize=1.5

Accuracy 60%
F1-score: negative 45%
positive 68%
AUC: 0.64

Accuracy 57%
F1-score: negative 20%
positive 71%
AUC: 0.50

SVM kernel: rbf
gamma: auto
C: 100.0

Accuracy 78%
F1-score: negative 78%
positive 77%
AUC: 0.86

Accuracy 46%
F1-score: negative 49%
positive 42%
AUC: 0.47

XGBoost subsample: 1.0
n estimators: 200
max depth: 5
learning rate: 0.2
gamma: 0
colsample bytree: 1.0

Accuracy 97%
F1-score: negative 97%
positive 96%
AUC: 1.0

Accuracy 41%
F1-score: negative 53%
positive 20%
AUC: 0.48

DNN Hidden layers: 7
optimizer: Adadelta
learning rate: 0.01
epochs: 400
custom loss: (0.125,
0.875)
dropout: 0.1
L2 rate: 0.6

Gradually incrementing according to the
epochs executed reaching 91%, indicating
the model was learning patterns

Accuracy 87%
F1-score: negative 82%
positive 90%
AUC: 0.94

tuning. Ultimately, a DNN emerged as the most effective
model, handling complex, non-linear relationships in the data
while controlling overfitting through techniques like dropout
and L2 regularization. Its robustness across validation and
test sets demonstrated the suitability of deep learning to cap-
ture intricate patterns in the data.

In order to quantify the model’s performance with respect
to undetected allergenic cases, the false negative rate (FNR)
was computed based on the confusion matrix (Fig. 4). This
metric reflects the proportion of true positive cases that were
incorrectly classified as negative. From the test set results,
the model yielded a total of 116 true positives and 4 false
negatives. Therefore, the FNR is calculated as

FNR = False Negatives (FN)

True Positives (TP) + False Negatives (FN)
= 4

116 + 4
= 0.033

This corresponds to a false negative rate of approximately
3.3%, indicating that themodel successfully identified nearly

all allergenic samples, which is essential for applications in
food safety and allergy diagnostics.

Discussion

The significance of early detection of nsLTP extends beyond
food safety and plays an important role in the management
of a challenging and persistent allergic condition. nsLTPs,
and particularly Pru p 3, are highly stable cysteine-rich
proteins with resistance to degradation (Durvasulu 2021).
Their robustness is compounded by cross-reactivity, which
affects individuals with nsLTP sensitivity across multiple
food groups. Current diagnostic methods, while accurate, are
limited by their complexity and time requirements, rendering
them impractical for rapid response needs in public or indus-
trial settings (Álvarez et al. 2024). A significant innovation
of this research lies in its application of NIRS specifically for
detecting nsLTPs,which aremajor allergens in various foods.

123



Food Analytical Methods (2025) 18:2331–2343 2341

Fig. 4 Confusion matrix of the DNN model with the test set

Previous studies, such as those by Huang et al. (2019) and
Liu et al. (2020), primarily focused on general food quality
parameters like diastase activity in honey or changes in fruit
quality during storage. In contrast, this research uniquely tar-
gets the detection of specific allergens, addressing a crucial
yet underexplored area in food safety. The focus on aller-
gen detection has the potential to significantly impact public
health, particularly for individuals with severe food aller-
gies. The research further distinguishes itself through the
sophisticated use of machine learning algorithms to enhance
the predictive power of NIRS. While many studies, includ-
ing those by Bai et al. (2022) and Reda et al. (2023), have
employed machine learning in conjunction with NIRS for
quality assessment, this research takes a step further by opti-
mizing these models specifically for allergen detection. The
integration of diverse models, such as DNNs and XGBoost,
coupled with fine-tuning techniques, reflects a higher level
of sophistication in data analysis compared to prior work.
This methodological advancement enables more accurate
and reliable predictions, which is critical when dealing with
allergenic proteins that canhave serious health consequences.
Comparable applications of NIRS for allergen detection
have been explored in recent literature. For instance, Jossa-
Bastidas et al. (2023) achieved an accuracy of approximately
80% when detecting gluten using portable NIRS devices
and deep learning techniques (Jossa-Bastidas et al. 2023).
Similarly, peanut allergen detection using spectral analysis
combined with chemometrics has shown accuracies rang-
ing from 76 to 85% depending on matrix complexity (Zhou
et al. 2021). In light of these benchmarks, our model’s

performance—with 87% accuracy and 89.9% F1-score—
demonstrates competitive results, especially considering the
complexity of nsLTP detection. Another innovative aspect
of this research is the creation of a large-scale, automated
database for handling spectral data. The automation process,
which involves converting raw spectral data into structured
CSV files using Python scripts, greatly enhances the effi-
ciency of data management. In contrast, earlier studies often
dealt with smaller datasets or relied on manual processing,
which could lead to errors and inefficiencies (Murzyn et al.
2022). The ability to efficiently manage and analyze large
volumes of data allows this research to explore patterns and
correlations at a scale not previously feasible, leading tomore
robust models and insights (Durvasulu 2021). Finally, the
research’s emphasis on developing a prototype for a potencial
real-time allergen detection further sets it apart from existing
literature. Although studies like those by Solberg et al. (2023)
focused on online quality control in industrial settings, this
research aims to create a portable and user-friendly device
that can be used in everyday environments, such as homes or
restaurants. This approach not only broadens the applicabil-
ity of NIRS technology but also directly addresses a market
gap for consumer-accessible food safety tools.

Conclusions

This research has achieved significant advances in the detec-
tion of nsLTPs using artificial intelligence and NIRS. The
main achievement of this study is the successful develop-
ment of a non-invasive AI system capable of detecting LTPs
in food with an accuracy of 87% and an F1-score of 89.91%.
This confirms that it is indeed possible to integrate AI and
NIRS to improve allergen detection in practical settings, pro-
viding a robust solution to a growing public health issue.

The system not only contributes to food safety by offering
a reliable way to prevent allergic reactions but also demon-
strates the potential for broader applications in healthcare
and food diagnostics. These results highlight the project’s
success in developing a scalable and user-friendly platform
that can be adopted in various contexts, from homes to pub-
lic eating establishments, ensuring the safety of individuals
with food allergies.

Limitations of this study include the variability in NIRS
data, which was influenced by the shape, type, and condi-
tion of the tested foods, potentially reducing the consistency
of the model’s performance. To mitigate this, we included
different food types and conditions to help themodel general-
ize better to unseen samples. Rigorous quality controls were
implemented throughout the experimental process, including
frequent sensor calibration and standardization of measure-
ment procedures. This was complemented by increased
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replicates and improved sample preparation to ensure reli-
able data acquisition.

While classicalmachine learningmodels such asXGBoost
and SVM were evaluated using 5-fold cross-validation, the
final deep neural network (DNN) was assessed using a hold-
out approach with an independent test set. This decision was
made to avoid optimism bias after extensive hyperparam-
eter tuning and to better simulate real-world deployment.
Future iterations will include cross-validation of the final
DNN model to further validate its robustness across folds.

In addition, although the dataset includes a variety of
food types, further work is needed to systematically assess
the model’s robustness across different matrix complexities.
High-moisture or heterogeneous foods may introduce vari-
ability in spectral signatures, which could affect prediction
accuracy. Future studies should stratify samples by physico-
chemical properties (e.g., water content, texture) to evaluate
potential performance differences and improve model gen-
eralization across diverse food environments.

From a biochemical perspective, it is important to note
that the analyzed samples were fruit extracts potentially con-
taining a complex mixture of proteins and other organic
compounds. These may alter the NIRS spectral signals of
nsLTPs, and the current AI model does not yet quantify pro-
tein concentrations, which could be relevant for assessing
allergenic potency.

Future work will focus on refining the model to reduce
false negatives further and ensure more consistent results
across different food types and conditions. To improve
specificity, we aim to purify Pru p 3 through recombinant
expression to create a standard reference for NIRS calibra-
tion and spectral fingerprinting. This will also support future
in situ quantification strategies.

Finally, while this prototype outlines the conceptual
framework for a potential real-time allergen detection system
in environments such as homes, schools, and restaurants, the
current version remains at a proof-of-concept stage. Achiev-
ing practical deployment will require substantial progress
in hardware miniaturization, real-time data processing, and
regulatory validation. Applications in public or clinical envi-
ronments, although promising, would necessitate further
studies on user acceptance, training protocols, and compati-
bility with existing healthcare infrastructure.
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