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ABSTRACT

Limited awareness of allergen content in traditional Indonesian foods poses a potential health risk because recipe
platforms rarely provide explicit allergen information. This study develops an automated allergen classification system
for Indonesian recipes using the Bernoulli Naive Bayes algorithm. The contributions include the construction of a
recipe-level allergen dataset, the integration of text preprocessing, augmentation, and resampling techniques, and the
introduction of multi-scenario allergen classification to support safer food choices. Recipe data were collected from
Cookpad, producing 9,921 cleaned recipes after preprocessing. To increase data diversity and address class imbalance,
rule-based ingredient augmentation expanded the dataset to 15,030 recipes. The model was evaluated under three
classification scenarios: binary allergen detection (0—1), allergen exposure levels (0-3), and detailed allergen counts
(0-14). Each scenario was tested using four dataset configurations: raw data, raw + ROS (Random Oversampling),
augmented data, and augmented + ROS. Class distributions become increasingly imbalanced as the number of classes
grows, particularly in the 15-class scenario. The binary scenario achieved perfect performance, with accuracy,
precision, recall, and F1-score all equal to 1.0 across all dataset variants. Scenario 2 achieved the best multi-class
performance with an F1-score of 0.9293 using Augmented + ROS data. Performance decreased in the 15-class setting
due to increased classification complexity. Although a perfect binary score may raise concerns about overfitting, the
result likely reflects the clear separability of the dataset’s allergen features. It should be interpreted cautiously when
applied to broader culinary data.
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1. INTRODUCTION

Food allergies represent a growing global public health concern, with increasing prevalence across
both developed and developing countries [ 1]. Allergic reactions are often triggered by unintended exposure
to allergenic ingredients due to insufficient allergen information, particularly in foods prepared by
restaurants and micro, small, and medium enterprises (MSMEs) [2]. In Indonesia, online recipe-sharing
platforms such as Cookpad have become a major source of culinary information, providing extensive
collections of traditional recipes. However, allergen-related information is rarely included, increasing the
risk of accidental allergen consumption [3]. This has led to health risks from food allergies.

Existing strategies to reduce allergen-related risks include mandatory allergen labeling, food
handler training, public awareness campaigns, and dietary consultation with healthcare professionals [4],
[5], [6]. While effective at an individual or regulatory level, these approaches are difficult to scale to large
collections of user-generated culinary data [7]. Manual identification of allergenic ingredients becomes
impractical when processing thousands of recipes written in informal language, with inconsistent
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terminology and spelling variations. This limitation underscores the need for automated systems capable of
efficiently and consistently analyzing large-scale recipe data [§]. Consequently, computational approaches
are increasingly explored to address the challenges of large-scale culinary data processing and allergen
detection.

Recent advances in food informatics demonstrate the potential of food ontology and natural
language processing (NLP) techniques for culinary data analysis [9]. Food ontologies enable structured
representation of ingredients and their semantic relationships, supporting consistent interpretation of
heterogeneous recipe texts and reliable allergen mapping [10]. Meanwhile, NLP-based recipe classification
methods have been successfully applied to extract meaningful information from unstructured culinary text
[11]. These approaches have proven effective in handling linguistic variability commonly found in user-
generated recipes.

Despite these advances, most previous studies on food allergen detection have focused on packaged

food labels, commercial ingredient lists, or protein-level allergen prediction [8]. The majority adopt binary
classification schemes that only determine allergen presence or absence, without accounting for recipe-
level context or varying exposure levels [12]. Furthermore, limited research has addressed traditional or
user-generated culinary datasets, particularly within Indonesian or Southeast Asian cuisine [13]. As aresult,
the scientific position of recipe-based allergen classification in local culinary contexts remains
underexplored.
Various machine learning models, including Support Vector Machines, Random Forests, and deep learning-
based approaches such as BERT, have been applied in food and allergen classification tasks [14], [15].
Although these models often achieve strong performance, they generally require large annotated datasets,
complex feature representations, and substantial computational resources. In contrast, Bernoulli Naive
Bayes is well-suited for recipe-based allergen classification due to its effectiveness on binary ingredient
features and sparse textual data [16]. Its computational efficiency and interpretability also make it suitable
for scalable, practical allergen-detection systems.

This study adopts the 14 major food allergen categories defined by the European Union as a reference
framework [17]. Although Indonesia does not yet enforce a comprehensive national allergen classification
standard, the EU framework is internationally recognized and highly relevant to Indonesian cuisine, as most
defined allergens are commonly used locally. This research proposes an automated Machine Learning-
based allergen classification framework for Indonesian culinary recipes using Bernoulli Naive Bayes. The
contributions include the construction of a recipe-level allergen dataset, the integration of text
preprocessing, augmentation, and resampling techniques, and the introduction of multi-scenario allergen
classification to support safer food choices.

2.  MATERIALS AND METHODS

This study employs a research methodology comprising multiple interconnected phases to achieve
its objectives. Each phase was systematically structured to ensure that the research process remains focused
and measurable. Figure 1 presents a clearer illustration of these steps. This study carefully designed a
research technique to develop and evaluate an allergy categorization model for food recipes. This study
began by collecting raw data via online scraping, followed by preprocessing and feature engineering to
prepare the data for modelling. To enhance the diversity and scale of the dataset, data augmentation was
applied techniques to improve the model’s generalization ability [ 18]. Subsequently, they further processed
the prepared data using several labelling techniques, each aligned with a specific experimental setting. Then
constructed a classification model using the Bernoulli Naive Bayes method and trained and tested it across
multiple scenarios. In the final stage, they rigorously evaluated the model’s performance using k-fold cross-
validation. They employed metrics derived from the confusion matrix to assess performance and determine
the most effective method for reliably identifying allergies.
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Figure 1. Flowchart of implementation steps.

2.1. Data Collection

Data collection was the initial phase of this study. It was conducted using a structured web-scraping
procedure on the Cookpad food website. Recipes were retrieved using the keyword “Masakan Nusantara™
(Indonesian cuisine) to compile a representative dataset of Indonesian culinary data. The extracted attributes
included recipe title, ingredient list, cooking instructions, number of likes, and recipe URL. A total of 9,986
recipes were collected and stored in Comma-Separated Values (CSV) format for further processing. To
provide a clear overview of the dataset preparation process, Table 1 summarizes the number of recipes at
each stage, from the initial web scraping to filtering, data augmentation, and resampling. This summary
ensures transparency in data handling and supports the reproducibility of the proposed allergen
classification framework.

Table 1. Summary of dataset preparation stages and number of recipes.

Dataset Stage Description Number of Recipes

Recipes collected via web scraping from Cookpad

Raw Scraped Data during the data collection period 9,986
Duplicate Removal Duplicate recipes rer-noved.base.d on identical titles and 65
ingredient lists
Filtered Dataset (Raw Recipes after excluding beverages and non-cuisine
: 9,921
Dataset) entries
Augmented Dataset Synthetic recipes generated throiugh optional- 15,030
ingredient augmentation
Raw Dataset + ROS Raw Dataset and random oversampling 16,528
+ . .

Augmented Dataset Dataset after augmentation and random oversampling 25,574

ROS

As shown in Table 1, the initial scraping process yielded 9,986 recipe entries. A duplicate detection
procedure was then applied by comparing combinations of recipe titles, ingredient lists, and URLSs to ensure
data uniqueness. This verification step confirmed that all retrieved entries were unique at the time of data
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collection. The dataset initially included beverage recipes, which were excluded because beverages do not
fall under the operational definition of cuisine in this study [19]. After this filtering step, the processed
dataset consisted of 9,921 unique Indonesian culinary recipes.

The scraping process was conducted between August and September 2025 to maintain temporal
consistency of the collected data. During preprocessing, several forms of textual noise were identified,
including typographical variations (e.g., “telor” vs. “telur”), inconsistent capitalization, special characters,
redundant punctuation, informal abbreviations (e.g., “sdm”), and optional ingredient indicators such as
“opsional,” “atau,” or “/”. These inconsistencies can hinder accurate allergen detection if not addressed
properly. Noise handling involved text normalization, lowercasing, removal of non-informative symbols,
and standardization of ingredient terminology to ensure reliable ingredient matching and allergen mapping.
This systematic cleaning process ensured that the final dataset consisted exclusively of validated and unique
Indonesian culinary recipes, making it suitable for subsequent allergen labeling and classification modeling.

2.2. Preprocessing Data

After collecting the data, feature engineering was performed by adding 14 new attributes, each
representing a specific type of allergen according to European Union standards, including gluten cereals,
shrimp, eggs, fish, peanuts, soybeans, milk, nuts, celery, mustard, sesame seeds, sulfur dioxide & sulfites,

lupine, and mollusks [17]. The raw data is presented in Table 2.

Table 2. Raw data with 14 allergen attributes.

Titles Ingredients Allergens Value
Gulai Tunjang 1/2 kg beef tendon, 1/4 kg bamboo shoots, Gluten cereals 0
(Masakan 1.5 liters of coconut milk, 4 tea spoon goat shrimp 0
Minang) oil, powdered spices, 60 grams of chili, 5 eggs 0
cloves of garlic, 8 cloves of shallots, 1 cm fish 0
of ginger, 1 cm of galangal, 1 cm of peanuts 0
turmeric, aromatic ingredients, 1 stalk of Soybeans 0
lemongrass, 1 turmeric leaf, 3 lime leaves, milk 0
1 bay leaf nuts 0
celery 0
mustard 0
Sesame seeds 0
Sulfur dioxide & sulfites 0
Lupine 0
Mollusks 0
Gulai Pisang 1 comb of banana (tanduk variety) cut Gluten cereals 1
Telur (Masakan ~ diagonally, 5 boiled eggs, 1 packet of Kara shrimp 1
Jadul Yang coconut milk, gulai seasoning bought at the eggs 1
Endul) market, 6 red chilies cut halved, to taste fish 0
fried shrimp, to taste water, to taste salt, to peanuts 0
taste sugar, to taste chicken stock powder, Soybeans 1
to taste pepper powder, to taste cooking oil milk 1
nuts 0
celery 0
mustard 0
Sesame seeds 0
Sulfur dioxide & sulfites 0
Lupine 0
Mollusks 0
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As shown in Table 2, binary values (1 for present and 0 for absent) was assigned to these attributes
based on ingredient analysis for each recipe. Each recipe was mapped to the 14 European Union allergen
attributes through two stages: automated processing and manual review. In the automated stage, a script
scanned the ingredient list and matched terms against the predefined allergen dictionary. The dictionary
covered core allergens and common derivatives. For example, soy sauce is included on the list because it
is derived from soybeans, a major allergen. For processed or instant products (powdered broth), allergens
were identified by reviewing ingredient lists of representative commercial products. The manual review
stage corrected issues that the script could not resolve, such as typos, abbreviations, and alternative
ingredient names.

2.3. Data Augmentation

Data augmentation aims to increase data quantity and diversity while mitigating class imbalance
caused by the limited size of the raw dataset [20], [21]. This study applies a rule-based approach to generate
synthetic recipe variations by identifying non-mandatory ingredients marked by keywords such as
“opsional,” “atau,” and “skip.” When optional ingredients are removed, allergenic components may
change, potentially altering the final label across the 14 allergen categories. The number of optional
keywords in each recipe determines the number of augmented samples generated, as shown in Table 3.

Table 3. Calculation of augmentation data.

Food Ingredients Keywords Status Number Augmentation
Count
o b et R il ) orgial 2 2
tomat, cabe merah, cabe kecil, kemiri - augmented 1 - -
tomat, cabe merah, kemiri - augmented 2 - -
tomat, cabe merah, jinten - augmented 3 - -
tomat, cabe merah, cabe kecil, jinten - augmented 4 - -

To evaluate whether augmentation introduced noise or altered the natural data distribution, the
original and augmented datasets were compared using distributional analysis. Class proportions and
allergen-feature frequencies were assessed using the Kullback—Leibler (KL) divergence [22]. The KL
divergence values were 0.001207 for class distributions and 0.002065 for allergen feature frequencies, both
well below the accepted threshold (KL<0.1), indicating that augmentation preserves the original data
distribution. This statistical approach is consistent with established validation frameworks that utilize
information-theoretic metrics to ensure the fidelity of augmented samples and mitigate the risk of model
overfitting to synthetic noise [23]. These results confirm that the augmentation strategy maintains the
integrity of the dataset while supporting the robustness of the subsequent machine learning analysis.

Figure 2 compares class proportions and allergen feature frequencies before and after augmentation.
The augmented dataset closely follows the original distribution, with only minor proportional changes.
Augmentation improves class balance and model robustness in moderate-class scenarios [24]. However, in
highly granular multi-class settings (Scenario 3), small ingredient variations can disproportionately affect
labels, limiting performance gains. This issue is identified as a limitation and a direction for future
improvement.
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Figure 2. Comparison of class distribution and allergen feature frequencies before and after data
augmentation.

2.4. Labeling and Scenario Design

This study defines label determination as a core step because it directly sets the target variables
predicted by the classification model [25]. Three labeling scenarios was designed to capture different
formulations of allergen exposure in Indonesian recipe data, as summarized in Table 3. This study defines
label determination as a core step because it directly sets the target variables predicted by the classification
model [25]. Three labeling scenarios was designed to capture different formulations of allergen exposure
in Indonesian recipe data, as summarized in Table 4.
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Table 4. Scenario design.
Scenario Description
0 = does not contain allergens

1 .
1 = contains allergens
0 = does not contain allergens (0)
) 1 = low level (14 allergens)
2 = moderate level (5-9 allergens)
3 = high level (1014 allergens)
3 The category class directly represents the number of allergens, ranging from 0 (does not

contain allergens) to 14 (contains all types of allergens)

In Scenario 1, a binary classification was applied scheme that assigns recipes to either allergen-free
(Class 0) or allergen-present (Class 1) categories. This approach enables direct detection of allergen
presence. In Scenario 2, we model exposure severity by grouping recipes into four classes based on allergen
counts. Recipes with 1-4 allergens were assigned to Class 1 (low exposure), 5-9 allergens to Class 2
(moderate exposure), and 10—14 allergens to Class 3 (high exposure), while retaining Class 0 for allergen-
free recipes. This design tests the model’s ability to distinguish levels of allergen exposure. In Scenario 3,
a fine-grained labeling scheme was used, that maps each recipe directly to the exact number of allergens
present, resulting in a 15-class classification task (0—14). This setting evaluates detailed allergen
discrimination. To mitigate class imbalance, three dataset variants were constructed: (1) raw data with
Random Oversampling, (2) augmented data, and (3) augmented data combined with Random
Oversampling. Random Oversampling balances class distributions by duplicating minority-class samples
[26] and is widely used to improve performance on underrepresented classes [14].

The label consistency was continuously verified after resampling and augmentation to avoid label
distortion. To improve label validity, all dataset (raw and augmentation) were reviewed by a single
independent culinary expert with domain knowledge of Indonesian cuisine and food ingredients. The expert
examined the mapped allergen labels to ensure that they were consistent with established culinary
knowledge and common ingredient usage. In addition, the accuracy of the automated labeling process was
evaluated by manually verifying a random sample of the generated outputs. This validation step ensured
that allergen assignments were correct and aligned with domain knowledge, particularly for processed
ingredients where product variation may influence allergen presence. Overall, this two-stage verification
process helped ensure the reliability and consistency of the allergen labeling.

2.5. Model Selection and Training

This study employs the Bernoulli Naive Bayes classifier due to its computational efficiency and
strong performance on text-based or binary-feature data, making it well-suited for allergen representation
using presence—absence indicators [27]. The model applies Bayes’ theorem and assumes conditional
independence among features [28]. For a given Class ¢ and feature vector x = (x4, X5, X, ), the posterior
probability is computed as shown in equation (1).

P(x) T, P(xilc)

P(x) S

P(X) =

In Bernoulli Naive Bayes, each feature x; is modeled as a binary variable, where a value of 1
indicates the presence of a word or attribute (e.g., an allergenic ingredient) in a recipe, and 0 denotes its
absence [29]. This formulation enables the model to classify recipes based on allergen presence efficiently.
This study uses Bernoulli Naive Bayes without additional parameter tuning and relies on the library’s
default settings. By doing so, experimental was maintained simplicity and evaluate the model’s baseline
performance without hyperparameter optimization. In the 0—14 labeling scenario, which reflects the exact
number of allergens per recipe, class imbalance was explicitly addressed. Certain classes contained only a
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single sample, which does not satisfy the minimum requirement for inclusion in cross-validation procedures
[30]. To ensure valid training and evaluation, a uniform data duplication strategy was applied: when at least
one class contains only one instance, all samples were duplicated across classes. This strategy preserves
cross-validation consistency and ensures adequate class representation.

2.6. Evaluation and Analysis of Results

Model performance was evaluated using a Confusion Matrix with 10-fold cross-validation (k-fold,
k=10). 10-fold cross-validation divides the dataset into 10 parts: 9 for training and 1 for testing, and the
process is repeated 10 times [31]. This ensures that the evaluation results are more stable and not biased
towards a particular data division [32]. The confusion matrix is a table that summarizes the model’s
predictions [33]. Using this evaluation framework allows a comprehensive assessment of the model’s
classification performance across multiple validation iterations. For Scenario 1, the confusion matrix has
four main components, 1) True Positive (TP): Positive data that is predicted correctly. 2) True Negative
(TN): Negative data that is predicted correctly. 3) False Positive (FP): Negative data incorrectly predicted
as positive. 4) False Negative (FN): Positive data that is incorrectly predicted as negative. From these
components, four main evaluation matrices are calculated, which are found in equations (2), (3), (4), and

).

p B TP+ TN

CUraY = TP¥ TN + FP+FN )
Precisi B TP
recision = m (3)
Recall = i
¢t = TP ¥ FN @
Precision X Recall

F1 — Score = (5

Precision + Recall

Next, after presenting the evaluation metrics including accuracy, precision, recall, and F1-score, a
deeper analysis was conducted using the three visualization outputs shown above: the confusion matrix,
ROC curve, and Fl-score per class with macro and weighted averages. These visual analyses were
generated using the out-of-fold evaluation approach. This method allows the model’s predictions to be
assessed on validation folds that were not used during training, providing a more reliable interpretation of
the model’s classification behavior across different scenarios. Through this analysis, this research
contributes to better understand the performance characteristics of the Bernoulli Naive Bayes model,
particularly its ability to distinguish classes and maintain balanced performance across both majority and
minority categories.

3. RESULTS AND DISCUSSION

The following research results describe the classification model’s performance in identifying
allergens in Indonesian cuisine across the four available data types. The results are presented systematically,
starting with Scenarios 1, 2, and 3 in Table 5, Table 6, and Table 7. The classification performance of each
scenario is further examined through confusion matrices, ROC curves, and class-level F1-scores to provide
deeper insight into prediction behavior and class discrimination. The comparison with previous studies,
presented in Table 8, then provides further context for evaluating the performance of the proposed approach.
This is followed by a discussion of the methodological and practical implications of the classification
scenarios, including classification complexity, class imbalance, augmentation, and Random Oversampling
(ROS), as summarized in Table 9 and Table 10. Finally, the potential applications of the proposed allergen
classification system and directions for future research are discussed to assess its broader applicability in
food safety and culinary information systems.
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Table 5. Evaluation results for scenario 1.

Data Accuracy Precision Recall F1 Score
Raw 1.000 1.000 1.000 1.000
Augmented 1.000 1.000 1.000 1.000
Raw + ROS 1.000 1.000 1.000 1.000
Augmented + ROS 1.000 1.000 1.000 1.000

3.1. Scenario 1: Binary Allergen Classification

The evaluation results in Table 5 show that the model achieved excellent performance across all test
scenarios, with accuracy, precision, recall, and F1 score each reaching 1.0. Collectively, these excellent
scores indicate that the classifier made no prediction errors in the evaluation dataset. This result implies
that allergenic and non-allergenic recipes are fully separable under the applied feature representation and
modeling approach. Several factors can influence excellent performance. Among these are dataset
characteristics such as strong class separation, limited variability, or low noise levels. Therefore, additional
analysis is needed to assess the model’s robustness and generalization.

To provide deeper insight, the next analysis examined the dataset configuration using the F1 score
as the primary comparison measure. This evaluation was complemented by visual diagnostics, including a
confusion matrix, ROC curve, and F1 scores per class (macro and weighted average), to understand the
prediction behavior and class balance better. The first scenario evaluates the binary classification task using
the raw dataset as the representative dataset, since all data variations produced identical performance values
of 1.0 across all evaluation metrics. Figure 3 presents the confusion matrix obtained from 10-fold cross-
validation. Figure 4 presents the ROC curve, and Figure 5 shows the F1-score per class, along with the
macro and weighted averages.

Normalized Confusion Matrix - Binary
(10-Fold CV)

10

0.8

0.6

True Label

- 0.4

-0.2

-0.0

Q ‘ ~
Predicted Label

Figure 3. Confusion matrix for scenario 1 (raw dataset).

The confusion matrix demonstrates perfect classification performance. All samples belonging to
Class 0 (non-allergen) were correctly predicted as Class 0, and all samples belonging to Class 1 (allergen)
were correctly predicted as Class 1. The diagonal values of 1.00 indicate maximum True Positive and True
Negative rates, while the off-diagonal values of 0.00 confirm the absence of False Positives and False
Negatives. Although such perfect results may raise concerns about extreme overfitting, in this case, the
outcome is better explained by the simplicity of the binary task. The distinction between the presence and
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absence of allergens is highly explicit in the feature representation, making the two classes clearly
separable. Furthermore, the use of 10-fold cross-validation reduces the likelihood that the model merely

memorized specific samples.
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Figure 4. ROC curve for scenario 1 (raw dataset).

The curve reaches the top-left corner of the ROC space, resulting in an Area Under the Curve (AUC)
value of 1.000. This indicates perfect discriminative ability, with a True Positive Rate of 1.0 and a False
Positive Rate of 0.0 across thresholds. Rather than signaling overfitting, this result indicates that the binary
labeling scheme produces a strong, direct relationship between input features and class labels. In other
words, the model is not exploiting noise but effectively capturing a deterministic pattern inherent in the

dataset.
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Figure 5. Macro vs weighted average for scenario 1 (raw data).
In Figure 5, both Class 0 and Class 1 achieve an F1-score of 1.00, and consequently, both the macro
and weighted averages are also 1.00. This indicates a perfect balance between precision and recall across
classes. The identical macro and weighted averages further confirm that performance consistency is
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maintained regardless of class distribution. The uniformity of these results supports the interpretation that
the binary classification boundary is inherently simple and well-defined. Although achieving a score of 1.0
across all evaluation metrics could suggest extreme overfitting, the evidence in Scenario 1 indicates
otherwise. The binary task of distinguishing between the presence and absence of allergens is structurally
straightforward and highly separable, given the engineered binary allergen features. Therefore, the perfect
performance is more plausibly attributed to the inherent simplicity and determinism of the classification
problem rather than to overfitting.

3.2. Scenario 2: Multi-Level Allergen Classification

Table 6 presents the results of allergen-level classification into four categories (Classes 0-3). Overall,
the model demonstrated strong performance. The average accuracy, precision, recall, and F1-score
exceeded 0.9 across all dataset configurations. Accuracy values ranged from 0.90 to 0.91, indicating high
overall correctness [44]. A significant improvement was observed in the augmented configuration, which
achieved the highest accuracy (0.9192). However, when ROS was applied, the result was slightly lower
(0.9093). The highest precision value was achieved with the augmented configuration, reaching 0.9454.
Similar to accuracy, precision decreased with the ROS application (0.9012). This pattern indicates that
augmentation more effectively reduces the likelihood of false positives [45]. Recall showed the opposite
trend from precision and accuracy. Precision reached its highest value with ROS, at 0.9356. This indicates
improved minority class detection after resampling. The Fl-score indicates that Augmented + ROS
(0.9293) is the most balanced configuration. This result reflects the combined benefits of increased
representation and class balancing.

Table 6. Evaluation results for scenario 2.

Data Accuracy Precision Recall F1 Score
Raw 0.9157 0.9364 0.8945 0.9060
Augmented 0.9192 0.9454 0.9107 0.9219
Raw + ROS 0.9093 0.9012 0.9356 0.9128
Augmented +
ROS 0.9138 0.9338 0.9309 0.9293

Building upon the quantitative evaluation presented in Table 6, where the Augmented + ROS
configuration achieves the highest F1-score by effectively balancing precision and recall, the subsequent
analysis focuses on a more detailed examination of this best-performing setup. Accordingly, the second
scenario evaluates the multi-class level-based classification task (four Classes: 0—3) using the Augmented
+ Random Over-Sampling (ROS) dataset, which demonstrates the most robust overall performance among
all sub-scenarios. To further substantiate these numerical findings, the discussion is complemented with
visual performance analyses, beginning with the normalized confusion matrix obtained from 10-fold cross-
validation, as presented in Figure 6.

The confusion matrix shows strong overall classification performance, with high diagonal values
across all classes. Class 0 is perfectly classified (1.00), indicating that recipes without allergens are clearly
distinguishable from those with allergens. Class 1 achieves 0.88 correct predictions, with 0.12 misclassified
as Class 2. Similarly, Class 2 achieves 0.93 correct predictions, with 0.07 misclassified as Class 1. Class 3
shows 0.91 correct predictions and 0.09 misclassifications as Class 2. These patterns indicate that most
misclassifications occur between adjacent levels, particularly between Classes 1 and 2, and between Classes
2 and 3. This suggests that the model struggles slightly when distinguishing borderline allergen levels,
where the numerical differences between classes are relatively small. However, the absence of large cross-
level misclassifications confirms that the model maintains logical ordering consistency. To further evaluate
the model’s discriminative capability beyond class-wise accuracy, Figure 7 presents the ROC curves,
providing insight into its separability performance across classes.
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Figure 6. Confusion matrix for scenario 2 (augmented + ROS).

The AUC values are high across all classes: Class 0 (1.000), Class 1 (0.962), Class 2 (0.986), and
Class 3 (1.000). These results indicate excellent discriminative capability. Classes 0 and 3 exhibit perfect
separability, while Classes 1 and 2 show slightly lower but still strong AUC values. The lower AUC for
Class 1 aligns with the confusion matrix findings, which showed minor overlap with Class 2. Overall, the
ROC analysis confirms that the model maintains robust discrimination even under increased class
complexity. To further complement this finding, Figure 8 presents the F1-score for each class along with
the corresponding macro and weighted averages, providing a more detailed view of class-wise performance
balance.
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Figure 7. ROC curve for scenario 2 (augmented + ROS).

240



Wibawa, et al. Journal of Agri-Food Science and Technology (JAFoST) 7(3) 2026 229 — 250

F1-Score per Class vs Averages (10-Fold CV)

12

Macro Avg Threshold (0.93)  ----- Weighted Avg Threshold (0.92)

1.0

0.8 4

F1-Score
o
(=
L

0.4 -

0.2 4

0.0-

Class [ Average

Figure 8. Macro vs weighted average for scenario 2 (augmented + ROS).

In Figure 8, Class 0 achieves an F1-score of 1.00, Class 1 scores 0.92, Class 2 scores 0.87, and Class
3 scores 0.93. The macro average is 0.93, while the weighted average is 0.92. The slightly lower F1-score
for Class 2 reflects the bidirectional confusion with adjacent levels observed earlier. The proximity between
macro and weighted averages indicates that class imbalance has been effectively mitigated by the
Augmented + ROS strategy. This confirms that the combination of augmentation and resampling helps
maintain balanced predictive performance across classes. Scenario 2 demonstrates high, stable performance
at the multi-class level in allergen classification. While minor confusion occurs between adjacent allergen
levels, overall classification remains strong, with macro and weighted Fl-scores above 0.90. The
Augmented + ROS dataset effectively balances class distribution and improves recall without significantly
sacrificing precision. Compared to the binary scenario, this level-based task introduces moderate
complexity. Yet, the model maintains reliable discriminative performance across all evaluation metrics.

3.3. Scenario 3: Fine-Grained Allergen Classification

Table 7 presents classification results for 14 allergen categories, ranging from 0 to 14, with overall
model performance remaining relatively low. Across the four-evaluation metrics, namely accuracy,
precision, recall, and F1-score, the average performance remains below 0.7. This result indicates that the
model has substantial difficulty with highly granular multi-class classification. In terms of accuracy, the
variation across data strategies reflects the model’s sensitivity to preprocessing techniques. The raw dataset
yields an accuracy of 0.6174, which indicates a high number of combined false positives and false
negatives. The Raw + ROS strategy increases accuracy to 0.6542 and shows that class balancing reduces
total misclassification errors. However, the combination of augmentation with ROS does not yield further
improvement, suggesting limited interaction between the two methods. Precision follows a similar pattern.
The raw dataset yields a precision of 0.4621, indicating that many positive predictions are incorrect due to
a high false-positive rate [46]. After applying ROS, the precision increases to 0.5666. This improvement
shows that balanced class representation helps the model construct clearer decision boundaries and reduce
incorrect positive predictions. Recall also improves after applying ROS. The raw dataset yields a recall of
0.4679, which indicates that the model fails to detect many actual positive cases. This limitation results
from a high number of false negatives.
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Table 7. Evaluation results for scenario 3.

Data Accuracy Precision Recall F1 Score
Raw 0.6174 0.4621 0.4679 0.4405
Augmented 0.6356 0.4826 0.4882 0.4560
Raw + ROS 0.6542 0.5666 0.6083 0.5677
Augmented + ROS 0.6357 0.5449 0.6020 0.5474

With ROS, recall increased to 0.6083, which demonstrates improved sensitivity toward minority
classes. The F1-score confirms the same trend. The raw dataset achieves the lowest F1 Score of 0.4405,
indicating weak precision and recall. The Raw + ROS strategy achieves the highest F1-score of 0.5677,
indicating a more balanced reduction in false positives and false negatives. Overall, ROS provides the most
consistent improvement in Scenario 3. However, performance remains constrained by severe class
imbalance and high label granularity. Building on the quantitative findings summarized in Table 6, which
show that the Raw + ROS configuration achieves the highest overall F1-score by offering the most effective
balance between precision and recall, the subsequent analysis focuses on a deeper examination of this best-
performing setup. Accordingly, the third scenario evaluates fine-grained multi-class classification based on
the exact number of allergens (15 classes: 0—14) using the Raw + Random Over-Sampling (ROS) dataset.
To further elucidate the factors underlying the observed metric trends, the discussion is complemented with
visual performance analyses, beginning with the normalized confusion matrix obtained from 10-fold cross-
validation, as shown in Figure 9. Followed by Figure 10, which presents the ROC curve, and Figure 11
presents the F1-score per class along with the macro and weighted averages.
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Figure 9. Confusion matrix for scenario 3 (raw + ROS).
The confusion matrix reveals that classification difficulty increases substantially compared to the

previous scenarios. Perfect classification is observed for Classes 0, 11, and 14 (1.00), indicating that
extreme categories are clearly distinguishable. However, substantial confusion appears among intermediate

242



Wibawa, et al. Journal of Agri-Food Science and Technology (JAFoST) 7(3) 2026 229 — 250

classes, particularly between neighboring allergen counts. For example, Class 2 is frequently misclassified
as Classes 1 or 3, Class 4 overlaps with Classes 3 and 5, and Class 7 shows dispersion toward adjacent
levels. This pattern indicates that most errors occur between numerically adjacent classes, reflecting the
intrinsic similarity of recipes with close allergen counts. The diagonal dominance remains visible but
weakens for mid-range classes, confirming that fine-grained discrimination is considerably more complex.
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Figure 10. ROC curve for scenario 3 (raw + ROS).

Despite the confusion observed in the matrix, the AUC values remain relatively high across many
classes. Several classes achieve near-perfect discrimination, such as Class 0 (1.000), Class 11 (1.000), Class
12 (1.000), Class 13 (1.000), and Class 14 (1.000). Other classes maintain strong AUC values above 0.85,
although some mid-range classes show comparatively lower separability. The ROC curves indicate that,
from a ranking perspective, the model remains capable of effectively distinguishing classes. However,
threshold-based discrete predictions become more challenging when boundaries between adjacent counts
are subtle.
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Figure 11. Macro vs weighted average for scenario 3 (raw + ROS).
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Figure 11 shows that the macro average is 0.62, while the weighted average is 0.64, indicating
moderate overall performance. Performance variability across classes is substantial: some classes achieve
high F1-scores (Classes 0, 11, and 14 with 1.00), whereas others, particularly in the middle range (Classes
4 and 7), exhibit significantly lower Fl-scores. The small gap between macro and weighted averages
suggests that ROS effectively mitigated severe imbalance. However, the inherent difficulty of
distinguishing 15 closely related categories limits overall performance. The lower macro average reflects
instability across minority and overlapping classes. Scenario 3 demonstrates that increasing the number of
classes dramatically raises classification complexity. While Raw + ROS improves class balance and
maintains reasonable discriminative power, fine-grained allergen-count prediction remains challenging due
to high inter-class similarity among adjacent categories. The model maintains strong ranking performance,
as indicated by ROC analysis, yet discrete multi-class accuracy declines, resulting in moderate macro and
weighted F1 Scores. This scenario highlights the trade-off between classification granularity and predictive
stability.

3.4. Comparison with Previous Studies

To further contextualize the performance of the proposed model, the results of this study were
compared with those of several previous studies that applied similar algorithms to comparable classification
tasks. The comparison focuses specifically on Scenario 1 (allergen vs. non-allergen) because this scenario
is directly comparable to binary classification settings reported in related work. The comparison results are
presented in Table 8. As shown in Table &, the proposed approach achieves the highest performance across
all reported metrics. Previous studies reported accuracy values ranging from 0.6612 to 0.9500. In contrast,
another study achieved an accuracy of 0.8720 with additional evaluation metrics including precision of
0.8213, recall of 1.0000, and an F1-score 0of 0.9019. In contrast, the proposed method in this study achieved
perfect performance, with accuracy, precision, recall, and F1-score all equal to 1.0000 in the binary allergen
classification scenario. These results suggest that the proposed data quality improvement strategy, including
refined preprocessing and expert-validated allergen mapping, may yield clearer feature—label relationships
and improved classification performance compared to previous work.

Table 8. Performance comparison with previous works.
Previous work Accuracy Precision Recall FI1-Score
Shaukat et al., 2024 [29]  0.6612 - - -
Kina et al., 2025 [34] 0.9500 - - -
Farooq et al., 2025 [35] 0.6613 - - -
Lietal., 2025 [36] 0.8720 0.8213  1.0000  0.9019
This research 1.0000 1.0000  1.0000  1.0000

3.5. Methodological and Practical Implications

Overall, this analysis not only compares the effectiveness of each scenario from a technical
perspective but also reviews the methodological implications and classification challenges arising from the
increase in the number of classes. A qualitative comparison of allergen classification scenarios is shown in
Table 9 and Table 10. Table 9 indicates that increasing classification complexity corresponds with reduced
model performance. In Scenario 1 (0 and 1), the Bernoulli Naive Bayes model achieved perfect scores
across all evaluation metrics, reflecting clear class separation and highly distinguishable allergen patterns.
The binary label structure minimizes ambiguity and simplifies the learning process, allowing the model to
perform optimally without additional tuning. These results align with established theories regarding the
efficiency of Naive Bayes in handling independent binary feature spaces [37]. Consequently, binary
allergen classification proves to be methodologically robust and suitable for early-stage detection systems
that require only the identification of allergen presence or absence.

Scenario 2 (0-3) introduces greater complexity because the model must classify four allergen-level
categories. This increase in label variability leads to a moderate decline in performance. However, the
model maintains a strong F1-score of approximately 0.92, indicating balanced precision and recall. The
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integration of data augmentation and Random Oversampling (ROS) effectively improves class
representation and stabilizes performance across categories. This finding is consistent with prior research
on imbalanced classification, which suggests that resampling techniques are vital for maintaining model
reliability in multi-level tasks [38]. These results suggest that the model remains reliable for multi-level
allergen risk assessment. However, performance sensitivity increases with task complexity.

Table 9. Qualitative comparison of methodological aspects between allergen classification scenarios.

Aspect Scenario 1 (0 and 1) Scenario 2 (0-3) Scenario 3 (0—14)
. . To distinguish recipes Group recipes by Classify recipes based
Classification ; on the exact number
that contain and do not allergen level (low,
Purpose . . . of allergens (0-14
contain allergens. medium, high).
types).
Low. Simple class Moderate. Differences ~ High. Many classes
Model structure and clear . o
. ) between classes begin ~ have small variations
Complexity boundaries between .
to overlap. between categories.
classes.
Relatively balance(_i Tends to be Very unbalanced, with
Data because the two main some classes
L . unbalanced between ..
Distribution classes are easily containing only a few
Co levels. .
distinguishable. data points.
Classification Very. low. The mo.del Medl-um..Handhr.lg of  Very high. ngh—class
. easily learns basic minority data is overlap and increased
Difficulty Level . )
patterns. required. noise.
Perfol\rfl?zifcle (F1 Perfect (1.00) across all ~ High (around 0.92 at  Low (highest 0.57 on
data variations. best). Raw + ROS).
Score)
. Provides a moderate Provides a small
Not significant because ) . .
Effect of . improvement in improvement,
. the data is already . .
Augmentation accuracy and sometimes adding
balanced and clear. . )
precision. noise.
Improves recall b Most effective at
Effect of ROS Not significantly SE ressin they improving recall and
(Resampling) affected. bp & F1 compared to

minority class.

augmentation alone.

Scenario 3 (0-14) presents the highest

classification complexity and the most substantial

performance decline, with a maximum F1-score of 0.57 under the Raw + ROS configuration. The expanded
class space exacerbates data imbalance and increases inter-class overlap, limiting the model’s capacity to
learn discriminative patterns for minority categories. These results indicate that Bernoulli Naive Bayes has
limited scalability when dealing with highly granular label distributions. Nevertheless, this scenario remains
analytically important because it enables fine-grained quantification of allergens. Performance
improvements may require more expressive models or advanced resampling techniques, such as SMOTE
(synthetic minority over-sampling technique) or ADASYN (adaptive synthetic sampling), to better address
severe imbalance and class heterogeneity.

In terms of the classification process, the first scenario requires the least computational time. It has
the highest interpretability because the results are binary and easy to understand. The second scenario
requires additional processing to handle minority classes, but remains efficient for practical application.
Meanwhile, the third scenario demands greater computing power and a more complex pipeline design due
to the large number of classes. In the context of implementation, the more classes used, the greater the risk
of classification errors and the need for strict validation strategies to ensure reliable results.
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Table 10. Qualitative comparison of practical and implementation aspects between allergen classification

scenarios.
Aspect Scenario 1 (0 and 1) Scenario 2 (0-3) Scenario 3 (0-14)
Computational Moderate, requires High school requires
. Low, fast process. . more resources due to the
Requirements longer processing.
large number of classes.
Interpretability ~ Very easy to understand  Fairly clear, representing Difficult to 1nterpret' due
. to too many numerical
of Results (yes/no). the level of risk. .
categories.
Main Potential ovprﬁttmg due Difficulty maintaining Extreme 1mbalance and
. to overly distinct class ambiguity between
Constraints . balance between levels.
differences. classes.
Aceuracy on Relatively good if the Unstable, prone to decline
Y High and stable. data distribution is if the data domain
New Data
balanced. changes.

Potential for

Very high, easy to
implement for basic
automatic detection

Fairly high, suitable for

Limited, more suitable for

Practical risk warning systems research analysis or in-
Implementation systems based on allergen levels. depth risk mapping.
(presence/absence of
allergens).
Most stable, fast, and Provides more detailed  Provides granular analysis
Key Advantages o . .
accurate. risk information. of allergen distribution.
The information is too There is still overlap . .
Key . High complexity, prone to
. simple and does not between classes and data . .
Disadvantages . . classification errors.
show risk levels. imbalance.
Apply models with more
complex architectures
Improvement Test on external datasets Use advanced balancing (Random Forest, ANN
P . methods such as SMOTE  (artificial neural network),
Strategy to ensure generalization.

or ADASYN.

or BERT (bidirectional
encoder representations
from transformers)).

Table 10 highlights distinct functional implications across the three scenarios. Scenario 1 supports
rapid binary screening and is suitable for consumer-level allergen filtering due to its simplicity and high
reliability. Scenario 2 enables graded risk assessment across multiple allergen levels, making it more
appropriate for recommendation systems that communicate varying exposure risks. Scenario 3 allows fine-
grained allergen quantification, which is relevant for research analysis and industrial risk evaluation.
However, it requires greater computational capacity and careful validation. Thus, scenario selection should
align with the intended application and available computational resources.

Overall, the comparison results show that increasing the number of classes increases classification
complexity, reduces model stability, and reinforces the need for appropriate preprocessing strategies.
Augmentation and ROS have been shown to help maintain data balance, but their effectiveness decreases
with overly granular label structures. For further research, it is recommended that data handling methods
be improved using representation learning-based synthetic sampling techniques and advanced
oversampling approaches that better preserve minority class distributions [39] and cross-domain evaluation
so that models are not only accurate in one dataset but also able to adapt to recipe variations and ingredient
contexts from various sources.
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3.6. Application Potential and Future Research Directions

The implementation of machine learning-based allergen classification systems holds considerable
potential for application across sectors, from the general public to food businesses and health agencies [15].
Within a global community, this approach can serve as a vital tool to enhance awareness and ensure food
safety. The incorporation of these tools into online recipe applications or supermarket shopping platforms
enables users to quickly identify allergenic items that may raise concerns [40]. This phenomenon is
particularly important in the digital era, as many individuals look for and share recipes on internet platforms
without following strict requirements for ingredient labeling [41]. This automated approach enables users
from various geographic regions to obtain reliable, precise information on allergen content, thereby
markedly reducing the risk of allergic reactions.

In the food industry, specifically in restaurant, catering, and large-scale food production sectors, the
implementation of this system can be an invaluable tool for the early detection of potential problems. This
method facilitates the anticipatory identification of issues before product release, hence guaranteeing the
quality and safety of the final product. Manufacturers may use allergen categorization models during
production. This would enable them to validate the safety of substances and formulations before
commercialization. This not only improves compliance with international requirements, such as the EU
Food Allergen Labeling Regulation, but also strengthens customer trust in trademarks [42]. The method
can serve as a guide for micro-businesses to modify recipes, ensuring they are suitable for consumers with
specific sensitivities and eliminating the need for manual verification. This invention creates new business
opportunities for enterprises, including the creation of digitally verified “allergen-free” products.

The creation of an allergy classification system in healthcare can provide strategic benefits to medical
professionals and nutritionists [43]. This technology can enhance allergy diagnosis by utilizing patient
consumption patterns. The examination of past dietary records enables healthcare practitioners to swiftly
and accurately identify allergenic substances. Moreover, hospitals and nutrition centers can benefit from
this system, as it facilitates the creation of secure meal plans for patients with complex allergies, including
multiple allergies or specific food intolerances. The application’s capabilities can be enhanced to promote
public education on allergy management via digital health platforms. From a public policy perspective,
implementing this technology can support food regulatory and government agencies in improving the
national food ingredient labeling system. By adopting an automated classification system, data from various
online recipe sources or commercial products can be analyzed to monitor trends in the use of allergenic
ingredients in the community. This information can serve as a basis for policy-making in public health risk
control and for improving the quality of nutrition services. Thus, this research not only contributes
academically but also has great potential in shaping a safer, more transparent, and sustainable food
ecosystem at the global level.

4. CONCLUSION

Scientifically, this research contributes a structured multi-scenario classification framework for food
allergen detection, provides empirical evaluation of augmentation and oversampling strategies in multi-
class imbalanced culinary datasets, and establishes methodological insights into the strengths and
limitations of Bernoulli Naive Bayes for binary allergen feature representation validated by domain experts.
From a policy and practical perspective, the findings highlight the strong potential of automated allergen
classification systems to support digital food safety governance. The binary classification model offers
immediate applicability for large-scale monitoring and early-detection systems on online recipe platforms
and food databases, while the risk-level model can inform consumer-facing warning systems and help
MSMEs, restaurants, and food producers improve allergen transparency. At a broader level, integrating
machine learning—based allergen detection into regulatory frameworks can strengthen evidence-based
policymaking, enhance compliance with allergen labeling standards, and improve national food safety
surveillance. Therefore, this research not only advances academic discourse in food safety informatics but
also provides a scalable technological foundation for developing safer and more transparent culinary
ecosystems in Indonesia.
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