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ABSTRACT  ARTICLE INFO 

The increasing consumption of packaged snack products has raised 
concerns regarding their nutritional quality and potential health 
impacts. Although nutritional information is commonly provided on 
food packaging, many consumers experience difficulties in interpreting 
ingredient descriptions and nutritional labels, making it challenging to 
identify whether a product is healthy or unhealthy. Therefore, an 
automated classification system is needed to assist consumers in 
understanding nutritional information more effectively. This study 
proposes a text-based classification framework for categorizing snack 
products into healthy and unhealthy classes using Natural Language 
Processing (NLP), word embedding techniques, and the Random Forest 
algorithm. The dataset was obtained from the Open Food Facts database 
and filtered to include snack products only. After preprocessing and 
class balancing, a total of 465 samples were used for model development 
and evaluation. The preprocessing stage consisted of case folding, 
tokenization, stopword removal, and stemming. Three word embedding 
techniques, namely Word2Vec, GloVe, and FastText, were employed to 
transform textual ingredient descriptions into numerical feature 
representations. Subsequently, Random Forest was utilized as the 
classification algorithm, and its performance was evaluated using 
Accuracy, Balanced Accuracy, Precision, Recall, F1-score, and Macro F1-
score. The experimental results show that GloVe achieved the best 
performance among the evaluated embedding methods, obtaining an 
accuracy of 86.02%, balanced accuracy of 84.72%, precision of 85.98%, 
recall of 86.02%, F1-score of 85.91%, and macro F1-score of 85.19%. The 
findings indicate that GloVe provides a more effective semantic 
representation of food-related textual information compared to 
Word2Vec and FastText. Overall, the proposed framework demonstrates 
the potential of NLP-based approaches for automated nutritional 
assessment and healthy food classification. 
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1. INTRODUCTION 

The global consumption of packaged food products has increased substantially over the past 

decade, driven by changing lifestyles, urbanization, and the growing demand for convenient food 

options. Among various categories of packaged foods, snack products have become one of the most 

widely consumed food items due to their accessibility, affordability, and variety of flavors [1]. Despite 

their popularity, excessive consumption of snack products has been associated with numerous health 

concerns, including obesity, diabetes, cardiovascular diseases, and other diet-related chronic 

conditions. These health risks are often linked to high levels of sugar, saturated fat, sodium, and 

artificial additives commonly found in processed snack products [2]. To promote healthier food 

choices, food manufacturers are required to provide nutritional information on product packaging. 
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Nutritional labels typically contain information regarding ingredients, energy values, 

carbohydrates, proteins, fats, sugars, and sodium content. Such information is intended to help 

consumers evaluate the nutritional quality of food products before purchase [3]. However, previous 

studies have shown that many consumers experience difficulties in interpreting nutritional labels due 

to their complexity, technical terminology, and the large amount of information presented. As a result, 

purchasing decisions are often influenced by factors such as brand, taste, and price rather than 

nutritional quality [4]. The increasing availability of food product databases has created new 

opportunities for the development of intelligent systems capable of automatically analyzing nutritional 

information. One notable example is the Open Food Facts database, an open-source repository 

containing extensive information on food products from various countries, including ingredient lists, 

nutritional values, product categories, and nutritional quality indicators [5, 6]. 

The availability of such large-scale food datasets enables the application of Artificial 

Intelligence (AI) and Machine Learning (ML) techniques to support nutritional analysis and food 

classification tasks. Among various AI technologies, Natural Language Processing (NLP) has emerged 

as an effective approach for extracting meaningful information from textual data [7, 8]. NLP 

techniques have been widely applied in document classification, sentiment analysis, healthcare 

informatics, and recommendation systems. In the context of food informatics, NLP provides the 

capability to analyze textual information contained in ingredient lists and food labels, allowing 

automatic identification of nutritional characteristics and health-related patterns [9, 10]. 

Consequently, NLP offers significant potential for developing intelligent systems that can 

assist consumers in understanding food products more effectively. A fundamental challenge in text 

classification is converting textual information into numerical representations that can be processed by 

machine learning algorithms [11, 12]. Traditional feature extraction approaches, such as Bag-of-

Words (BoW) and Term Frequency–Inverse Document Frequency (TF-IDF), primarily rely on word 

frequency statistics and often fail to capture semantic relationships between words [13]. 

To address this limitation, word embedding techniques have been introduced to represent 

words as dense numerical vectors that preserve contextual and semantic information. By capturing 

relationships among words within a corpus, word embedding provides richer feature representations 

and has demonstrated superior performance in various text classification applications [14, 15]. Once 

textual data have been transformed into vector representations, machine learning algorithms can be 

employed to perform classification tasks. Random Forest is one of the most widely used classification 

algorithms due to its robustness, high predictive performance, and resistance to overfitting. As an 

ensemble learning method, Random Forest constructs multiple decision trees and combines their 

predictions to produce a more accurate and stable classification result [16-18]. 

Furthermore, Random Forest has been shown to perform effectively on high-dimensional 

datasets, making it suitable for text-based classification problems involving large feature spaces 

generated by word embedding techniques. Several previous studies have investigated machine 

learning approaches for food-related applications, including food recommendation systems, dietary 

assessment, food image recognition, and nutritional prediction [19, 20]. However, studies focusing on 

the automatic classification of snack products into healthy and unhealthy categories based on textual 

nutritional information remain limited. In addition, many existing studies rely on conventional feature 

extraction techniques that may not adequately capture semantic relationships embedded in ingredient 

descriptions and nutritional labels. This limitation highlights the need for more effective text 

representation approaches capable of improving classification performance in food-related 

applications. To address these challenges, this study proposes a text-based classification framework 

for categorizing snack products into healthy and unhealthy classes using word embedding and 

Random Forest [21, 22]. 

The proposed framework utilizes textual information obtained from the Open Food Facts 

dataset, including ingredient descriptions and nutritional label information. The methodology consists 

of text preprocessing, word embedding-based feature representation, Random Forest classification, 

and model evaluation using accuracy, precision, recall, and F1-score metrics. 

The primary contribution of this study is the development of an automated classification 

approach that leverages semantic text representation to identify the health category of snack products. 

By integrating word embedding and Random Forest, the proposed framework aims to improve the 

effectiveness of nutritional information analysis and provide a practical solution for supporting 
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healthier food selection. The findings of this study are expected to contribute to the growing field of 

food informatics and demonstrate the potential of NLP-based approaches for nutritional assessment 

and food classification. 

2. RESEARCH METHODS 

This study proposes a machine learning-based framework for classifying snack products into 

healthy and unhealthy categories using text=ual nutritional information. The framework integrates 

Natural Language Processing (NLP), word embedding, and Random Forest classification to 

automatically identify the health category of snack products based on ingredient descriptions and 

nutritional labels obtained from the Open Food Facts dataset. The research process consists of eight 

main stages: (1) problem identification, (2) literature review, (3) data collection, (4) text 

preprocessing, (5) text representation using word embedding, (6) dataset splitting, (7) Random Forest 

classification, and (8) model evaluation and analysis. The overall research framework is illustrated in 

Figure 1.   

 

Figure 1. Workflow of the proposed classification method. 

2.1. Problem Identification 

The first stage of the study involves identifying the research problem. Despite the widespread 

availability of nutritional information on food packaging, many consumers still face difficulties in 

interpreting nutritional labels and ingredient lists. As a result, consumers often make purchasing 

decisions without adequately considering the nutritional quality of food products. This issue highlights 

the need for an automated classification system capable of categorizing snack products into healthy 

and unhealthy groups based on textual nutritional information. Therefore, this research investigates the 

application of NLP and machine learning techniques to support automatic nutritional assessment. 

 

2.2. Literature Review 

A comprehensive literature review was conducted to establish the theoretical foundation of the 

study. Relevant scientific articles, conference papers, books, and technical reports were examined to 
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understand current developments in food informatics, Natural Language Processing, text 

classification, word embedding, and machine learning algorithms. The literature review also aimed to 

identify research gaps in previous studies related to food product classification and nutritional 

analysis. The findings from the literature review were used to determine the research methodology and 

experimental design employed in this study. 

 

2.4. Data Collection  

The dataset used in this study was obtained from the Open Food Facts database, a publicly 

accessible repository containing nutritional information and ingredient descriptions of food products 

from various countries. The dataset includes product names, ingredient lists, nutritional values, and 

product categories. To ensure consistency with the research objective, only products belonging to the 

snack category were selected. After the initial filtering process, 1,655 snack product records were 

obtained from the Open Food Facts database. However, not all records could be utilized for model 

development. A data quality screening process was conducted to remove products with incomplete 

nutritional information, missing ingredient descriptions, duplicated entries, and records that could not 

be assigned to either healthy or unhealthy categories based on the predefined nutritional criteria. After 

the screening process, 1,346 valid records remained and were used for subsequent analysis, consisting 

of 186 healthy products and 1,160 unhealthy products.  

To mitigate the impact of class imbalance on the classification model, an undersampling 

technique was applied to the majority class. After the balancing process, the final dataset consisted of 

279 unhealthy products and 186 healthy products, resulting in a total of 465 samples used for model 

development and evaluation. Table 1 summarizes the dataset characteristics used in this study. 

Table 1. Dataset characteristics description. 

Description Value 

Source Open food facts 

Product category Snack products 

Initial records after filtering 1,655 

Number of attributes 163 

Records removed during data screening 309 

Valid records for labeling 1,346 

Numerical features used 6 

Healthy class (before balancing) 186 

Unhealthy class (before balancing) 1,160 

Healthy class (after balancing) 186 

Unhealthy class (after balancing) 279 

Final dataset size 465 

As shown in Table 1, the initial filtering process yielded 1,655 snack product records from the 

Open Food Facts database. To ensure data quality and consistency, a data screening procedure was 

performed to remove records with incomplete nutritional information, missing ingredient descriptions, 

duplicate entries, and products that could not be assigned to either healthy or unhealthy categories 

based on the predefined labeling criteria. After the screening process, 1,346 valid records remained for 

analysis, consisting of 186 healthy products and 1,160 unhealthy products. 

Table 2. Class distribution before and after balancing. 

Class Before balancing After balancing 

Healthy 186 186 

Unhealthy 1,160 279 

Total 1,346 465 

To construct a reliable classification model, the class distribution of the valid dataset was 

examined. The dataset exhibited a substantial class imbalance between healthy and unhealthy snack 

products, with the unhealthy category containing considerably more samples than the healthy 
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category. Such imbalance may bias the learning process toward the majority class and negatively 

affect classification performance. Therefore, a balancing strategy based on random undersampling was 

applied to reduce the dominance of the majority class while preserving sufficient information for 

model training. The class distributions before and after balancing process are summarized in Table 2.  

As shown in Table 2, the original dataset contained considerably more unhealthy products 

than healthy products. To mitigate the impact of class imbalance, a random undersampling technique 

was applied to the majority class. Rather than creating a perfectly balanced dataset, a moderate 

undersampling strategy was adopted to preserve a larger proportion of majority-class information 

while substantially reducing class imbalance. Consequently, the number of unhealthy products was 

reduced from 1,160 to 279, resulting in a final dataset of 465 samples. This balancing process is 

essential to improve the model's ability to learn representative patterns from both classes, reduce 

classification bias, and minimize information loss that may occur under aggressive undersampling. 

Distribution of healthy and unhealthy snack products in final dataset is further illustrated in Figure 2. 

 

Figure 2. Class distribution of healthy and unhealthy snack products in the final dataset. 

Figure 2 shows that the final dataset consists of 186 healthy products and 279 unhealthy 

products. Although the dataset remains slightly imbalanced, the difference between classes has been 

substantially reduced compared to the original distribution. This balanced distribution provides a more 

suitable dataset for training and evaluating the proposed Random Forest classification model. 

 

2.4. Text Preprocessing  

Text preprocessing was performed to clean, normalize, and transform raw textual data into a 

structured format suitable for machine learning analysis. The ingredient descriptions obtained from the 

Open Food Facts dataset contain various inconsistencies, including uppercase letters, special 

characters, punctuation marks, numbers, and stopwords that may negatively affect the classification 

performance. Therefore, preprocessing is necessary to improve data quality and reduce noise before 

feature extraction using word embedding. In this study, the preprocessing stage consists of four main 

steps: case folding, tokenization, stopword removal, and stemming. An example of the preprocessing 

process is presented in Table 3. 

Table 3. Example of text preprocessing process. 

Process Output 

Original text Maíz*, aceite de oliva virgen extra* 15%, sal. (*de cultivo ecológico). 

Case folding maíz*, aceite de oliva virgen extra* 15%, sal. (*de cultivo ecológico). 

Cleaning ma z aceite de oliva virgen extra sal de cultivo ecol gico 

Tokenization ['ma', 'z', 'aceite', 'de', 'oliva', 'virgen', 'extra', 'sal', 'de', 'cultivo', 'ecol', 'gico'] 

Stopword removal ['aceite', 'oliva', 'virgen', 'extra', 'sal', 'cultivo', 'ecol', 'gico'] 

Stemming ['aceit', 'oliva', 'virgen', 'extra', 'sal', 'cultivo', 'ecol', 'gico'] 
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2.4.1. Case Folding  

Case folding is the process of converting all characters in the text into lowercase letters to 

ensure consistency in word representation. This step eliminates differences between uppercase and 

lowercase forms of the same word, preventing them from being treated as distinct tokens during 

analysis. For example, the word "Sugar" and "sugar" would be transformed into the same 

representation after case folding. In addition to converting text to lowercase, a cleaning process was 

performed to remove punctuation marks, special characters, numbers, and unnecessary symbols that 

do not contribute meaningful information to the classification task. 

 

2.4.2. Tokenization  

Tokenization is the process of splitting a text sequence into individual tokens or words. This 

step transforms a sentence into smaller textual units that can be processed independently by machine 

learning algorithms. After tokenization, the cleaned ingredient description is represented as a list of 

individual terms. This representation facilitates subsequent preprocessing operations and feature 

extraction. 

 

2.4.3. Stopword Removal  

Stopword removal aims to eliminate common words that occur frequently but contribute little 

semantic information to the classification process. Examples of stopwords include articles, 

conjunctions, prepositions, and other function words that do not significantly influence the nutritional 

characteristics of a product. By removing stopwords, the dimensionality of the text data is reduced 

while preserving the most informative terms related to ingredient composition and nutritional content. 

 

2.4.4. Stemming  

Stemming is the process of reducing words to their root or base forms. This technique helps 

consolidate different morphological variations of a word into a single representation, thereby reducing 

vocabulary size and improving feature consistency. For instance, the token "aceite" is transformed into 

"aceit" during the stemming process. As a result, semantically related words can be represented more 

consistently, enabling the classification model to learn more meaningful patterns from the textual data.  

The output generated from the preprocessing stage serves as the input for the word embedding 

process. By reducing noise and standardizing textual information, preprocessing contributes to the 

creation of more representative feature vectors, which are essential for improving the performance of 

the subsequent Random Forest classification model. 

 

2.5. Text Representation Using Word Embedding  

After the preprocessing stage, the textual data were transformed into numerical representations 

using word embedding techniques. This step is essential because machine learning algorithms require 

numerical inputs rather than raw text. Word embedding enables words to be represented as dense 

vectors while preserving semantic and contextual relationships among terms appearing in the corpus. 

Unlike traditional text representation approaches such as Bag-of-Words (BoW) and Term Frequency–

Inverse Document Frequency (TF-IDF), word embedding captures semantic similarities between 

words by mapping them into a continuous vector space. Consequently, words that frequently appear in 

similar contexts tend to have similar vector representations. 

In this study, three word embedding techniques were employed, namely Word2Vec, GloVe, 

and FastText. The objective of using multiple embedding methods is to evaluate their effectiveness in 

representing nutritional and ingredient-related textual information for healthy and unhealthy snack 

classification. The preprocessed ingredient descriptions were first combined into a textual corpus. 

Subsequently, each embedding method generated numerical vector representations for the words 

contained in the corpus. The resulting word vectors were then aggregated to obtain document-level 

representations that served as input features for the Random Forest classifier. 

 

2.5.1. Word2Vec  

Word2Vec is a neural network-based word embedding technique introduced by Mikolov et al. 

It learns vector representations by analyzing contextual relationships between words within a corpus. 

Word2Vec employs two architectures, namely Continuous Bag-of-Words (CBOW) and Skip-Gram. 
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The generated vectors are capable of capturing semantic and syntactic relationships among words. In 

this study, Word2Vec was utilized to generate dense vector representations of ingredient descriptions 

and nutritional information. The resulting vectors were subsequently used as features for classification. 

 

2.5.2. GloVe  

Global Vectors for Word Representation (GloVe) is a word embedding technique that 

combines global statistical information and local contextual information from a corpus. Unlike 

Word2Vec, which focuses primarily on neighboring words, GloVe utilizes a word co-occurrence 

matrix to learn vector representations. By incorporating global corpus statistics, GloVe can effectively 

capture relationships among words appearing across the entire dataset. Therefore, GloVe was included 

in this study to evaluate its capability in representing nutritional-related textual data. 

 

2.5.3. FastText  

FastText is an extension of Word2Vec developed by Facebook AI Research. The main 

advantage of FastText is its ability to represent words using character-level subword information. 

Instead of treating words as indivisible units, FastText decomposes words into smaller character n-

grams and generates embeddings based on these subword representations. This characteristic makes 

FastText particularly effective in handling rare words, spelling variations, and domain-specific 

terminology. Since ingredient descriptions often contain uncommon food-related terms, FastText was 

included to investigate whether subword-based representations improve classification performance. 

The numerical representation of a word can be expressed as: 

 

                    (1) 

 

where,    denotes the vector representation of the i-th word,             are numerical values in the 

embedding space,    represents the embedding dimension. 

The similarity between two word vectors can be measured using cosine similarity: 

 

         
   

      
 (2) 

 

where,   and   represent two word vectors,     is the dot product between vectors,        

denote the vector magnitudes.  

The document vectors generated by Word2Vec, GloVe, and FastText were used separately as 

input features for the Random Forest classifier. The performance of each embedding method was 

subsequently compared using accuracy, precision, recall, and F1-score to determine the most effective 

representation technique for healthy and unhealthy snack product classification. 

 

2.6. Data Splitting and Class Balancing  

Following the word embedding process, the resulting document vectors were divided into 

training and testing datasets to evaluate the generalization capability of the proposed classification 

model. Prior to dataset splitting, class imbalance was addressed using a random undersampling 

strategy applied to the majority class, resulting in a final dataset of 465 samples. The balanced dataset 

consisted of 186 healthy products and 279 unhealthy products. The dataset was subsequently divided 

into training and testing sets using an 80:20 ratio. Based on this configuration, 372 samples were 

allocated to the training set and 93 samples were reserved for the testing set. The training dataset was 

used to develop the Random Forest classification model, while the testing dataset was used 

exclusively for performance evaluation on previously unseen data. Since the balancing process had 

already been completed before dataset partitioning, no additional oversampling or resampling 

techniques were applied during model training. Table 4 presents the dataset splitting configuration 

used in this study. 

As shown in Table 4, the dataset was divided into 372 training samples and 93 testing samples 

using an 80:20 train-test split ratio. The training set was utilized to develop the Random Forest 

classification model, while the testing set was reserved for evaluating the model's performance on 
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previously unseen data. This partitioning strategy provides sufficient data for model learning while 

ensuring reliable and unbiased performance assessment. 

Table 4. Dataset splitting configuration. 

Dataset Percentage Number of samples 

Training set 80% 372 

Testing set 20% 93 

Total 100% 465 

2.7. Random Forest Classification  

Random Forest was employed as the classification algorithm in this study. Random Forest is 

an ensemble learning method that constructs multiple decision trees using bootstrap sampling and 

random feature selection. Each tree independently generates a prediction, and the final class label is 

determined using a majority voting mechanism. The prediction function of Random Forest can be 

expressed as: 

 

  ̂                             (3) 

 

where,  ̂ represents the final predicted class,       denotes the prediction of the  -th decision tree,   is 

the number of decision trees.  

The algorithm was selected due to its ability to handle high-dimensional feature spaces, reduce 

overfitting, and achieve robust classification performance.  

 

2.8. Model Evaluation  

The performance of the proposed model was evaluated using a confusion matrix and four 

commonly used classification metrics: (1) Accuracy, (2) Precision, (3) Recall, and (4) F1-score.  

Accuracy measures the overall correctness of predictions: 

 

          
     

           
 (4) 

 

Precision evaluates the proportion of correctly predicted positive samples: 

 

           
  

     
 (5) 

 

Recall measures the ability of the model to identify positive samples: 

 

        
  

     
 (6) 

 

F1-score evaluates the balance between precision and recall: 

 

      
                

                
 (7) 

 

These metrics provide a comprehensive assessment of classification performance and enable 

comparison with future studies.  

 

2.9. Result Analysis 

The final stage involves analyzing the experimental results obtained from the Random Forest 

model. The evaluation metrics are interpreted to determine the effectiveness of word embedding in 

representing nutritional text data and the capability of Random Forest in classifying healthy and 

unhealthy snack products. The analysis also discusses the strengths and limitations of the proposed 

approach and provides recommendations for future research in food informatics and NLP-based 

nutritional assessment.  
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3. RESULTS AND DISCUSSIONS 

This section presents the experimental results obtained from the classification of healthy and 

unhealthy snack products using Random Forest combined with three word embedding techniques, 

namely Word2Vec, GloVe, and FastText. The performance of each model was evaluated using 

Accuracy, Balanced Accuracy, Precision, Recall, F1-score, and Macro F1-score metrics. Furthermore, 

confusion matrix analysis was conducted to assess the classification capability of each embedding 

method. 

 

3.1. Classification Performance Comparison 

The performance comparison of Random Forest using different word embedding techniques is 

presented in Table 5. 

Table 5. Performance comparison of word embedding methods embedding method. 

Embedding method Accuracy Balanced accuracy Precision Recall F1-score Macro F1-score 

Word2Vec 0.8172 0.8024 0.8160 0.8172 0.8157 0.8064 

GloVe 0.8602 0.8472 0.8598 0.8602 0.8591 0.8519 

FastText 0.7957 0.7845 0.7949 0.7957 0.7952 0.7858 

The results demonstrate that GloVe achieved the best classification performance among the 

evaluated embedding methods. Specifically, GloVe obtained an accuracy of 86.02%, outperforming 

Word2Vec by 4.30 percentage points and FastText by 6.45 percentage points. Similar trends can be 

observed for Precision, Recall, F1-score, and Macro F1-score, indicating that GloVe consistently 

provided superior feature representations for the classification task.     

As illustrated in Figure 4, GloVe consistently achieved the highest scores across all evaluation 

metrics. The performance improvement suggests that the global word co-occurrence information 

utilized by GloVe is more effective in capturing semantic relationships among ingredient descriptions 

and nutritional terms than the local context modeling of Word2Vec and the subword representation 

employed by FastText. 

 

3.2. F1-Score Analysis 

Since the dataset originally exhibited class imbalance, the F1-score was used as an additional 

evaluation metric to assess the balance between precision and recall.    

  

Figure 4. Performance comparison of random forest using different word embedding methods. 
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Figure 5 shows that GloVe achieved the highest weighted F1-score of 0.859, followed by 

Word2Vec with 0.816 and FastText with 0.795. The superior F1-score obtained by GloVe indicates 

that the model was able to maintain a better balance between correctly identifying healthy and 

unhealthy snack products while minimizing classification errors. The results further confirm that 

GloVe provides a more discriminative semantic representation of food ingredient descriptions, leading 

to improved classification performance. 

 

Figure 5. F1-score comparison between word embedding methods. 

3.3. Confusion Matrix Analysis  

To further evaluate the classification capability of each embedding method, confusion 

matrices were generated for Word2Vec, GloVe, and FastText.     

 

Figure 6. Confusion matrices of the evaluated models. 

For the Word2Vec-based model, 27 healthy products and 49 unhealthy products were 

correctly classified, while 17 samples were misclassified. Although the model demonstrated good 

performance in identifying unhealthy products, several healthy products were incorrectly classified as 

unhealthy. The GloVe-based model achieved the best classification results, correctly identifying 29 

healthy products and 51 unhealthy products. Only 13 samples were misclassified, resulting in the 

highest overall accuracy and F1-score among all evaluated methods. The confusion matrix indicates 

that GloVe was able to distinguish the two classes more effectively than the other embedding 

techniques. Meanwhile, the FastText-based model correctly classified 27 healthy products and 47 

unhealthy products. However, it produced more classification errors than GloVe, particularly in 

distinguishing healthy products from unhealthy ones. This result contributed to the lower accuracy and 

F1-score achieved by FastText. Overall, the confusion matrix analysis demonstrates that GloVe 

provides the most reliable representation for distinguishing healthy and unhealthy snack products 

based on textual nutritional information. 
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3.4. Discussion  

The experimental results indicate that the choice of word embedding significantly influences 

the performance of snack product classification. Among the evaluated methods, GloVe consistently 

achieved the best performance across all evaluation metrics. This finding suggests that global co-

occurrence statistics are particularly effective for representing ingredient descriptions and nutritional 

information contained in food labels. Unlike Word2Vec, which primarily learns local contextual 

relationships, GloVe incorporates global corpus information, enabling it to capture broader semantic 

associations among food-related terms. Such capability appears beneficial for identifying nutritional 

patterns that distinguish healthy and unhealthy snack products. Although FastText is designed to 

capture subword information and is generally effective for handling rare words, its performance was 

lower in this study. One possible explanation is that ingredient descriptions in the Open Food Facts 

dataset contain relatively consistent vocabulary, reducing the advantage provided by character-level 

representations. Based on the obtained results, the combination of GloVe and Random Forest can be 

considered the most effective approach for healthy and unhealthy snack product classification. The 

model achieved an accuracy of 86.02% and an F1-score of 85.91%, demonstrating its potential for 

supporting automated nutritional assessment systems and assisting consumers in making healthier 

food choices.  

4. CONCLUSION 

This study proposed a machine learning framework for classifying snack products into healthy 

and unhealthy categories using textual nutritional information from the Open Food Facts dataset. The 

proposed framework integrates Natural Language Processing (NLP), word embedding techniques, and 

the Random Forest classification algorithm to automatically analyze ingredient descriptions and 

nutritional information contained in snack product labels. The experimental results demonstrate that 

the selection of word embedding techniques significantly affects classification performance. Among 

the evaluated methods, GloVe achieved the best performance, obtaining an accuracy of 86.02%, 

balanced accuracy of 84.72%, precision of 85.98%, recall of 86.02%, F1-score of 85.91%, and macro 

F1-score of 85.19%. In comparison, Word2Vec achieved an accuracy of 81.72%, while FastText 

obtained 79.57%. These findings indicate that GloVe provides a more effective semantic 

representation of food-related textual data than Word2Vec and FastText for the healthy and unhealthy 

snack classification task. The confusion matrix analysis further confirmed the superiority of the 

GloVe-based model, which produced the highest number of correctly classified samples and the 

lowest classification error among all evaluated approaches. The ability of GloVe to capture global 

word co-occurrence information appears to contribute significantly to its superior performance in 

representing ingredient descriptions and nutritional terminology. Overall, the results demonstrate that 

the combination of GloVe and Random Forest is an effective approach for classifying healthy and 

unhealthy snack products based on textual nutritional information. The proposed framework has the 

potential to support automated nutritional assessment systems and assist consumers in making more 

informed food choices. Future work may explore the integration of deep learning architectures, 

contextual embeddings such as BERT, and multimodal information combining textual and numerical 

nutritional features to further improve classification performance. 
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