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Abstract: Adjusting diet patterns according to nutritional requirements, training intensity and an 

athlete's physical condition is often a challenge in implementing a healthy diet, particularly one low 

in sugar foods. This study aims to develop an artificial intelligence (AI)-based recommendation 

system that can help boxing and muay thai athletes in implementing a more targeted diet programme 

through food recommendations tailored to their individual behaviours and nutritional needs. The 

methods used are collaborative filtering with a nutrition scoring approach, athlete preference 

analysis, and dynamic nutrition planning. The results show that the developed system, namely the 

Smart Nutrition System, is able to provide recommendations based on similarities among athletes’ 

preferences and nutritional requirements, thus supporting more effective decision-making in 

managing athlete diet patterns. Furthermore, the Smart Nutrition System also has the potential to 

evolve into an “athlete intelligence nutrition platform" that supports the implementation of 

personalised nutrition for combat sports athletes to support athlete performance. 

 

Keywords: Artificial Intelligence, Collaborative-Filtering, Low-Sugar Healthy Food, Muaythai-
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1. Introduction 

An athlete is someone who regularly carries out physical activity with the aim of achieving out 

physical activity with the aim of achieving optimal performance and achievements in the field 

of sport [1]. In this regard, athletes must be physically and mentally healthy. Proper dietary 

management is crucial, as it plays a crucial role as a source of energy and can restore stamina 

after training or competition [2]. In the sports of boxing and Muay Thai, weight classes are used 

to categorize athletes, so athletes are required to strictly maintain their body condition [3]. 

However, this condition may prompt athletes to engage in inappropriate dietary management, 

including severe dietary restrictions and consuming high-sugar foods to get instant energy [4]. 

Stated that energy imbalance due to inapproprite dietary practices (regukating sugar 

consumption) has an impact on the health and performanced of athletes [5]. It also stated that a 

balanced dietary can cover energy expenditure in athletes [6]. Therefore, proper dietary 

regulation is required, particulary in identifying low-sugar food that can meet the energy needs 

of boxing and Muat Thai athletes. Nevertheless, indufficient knowledge and understanding of 

balanced nutrition continue to hinder boxing and Muay Thai athletesin making appropriate 

dietary choices. One method widely used in recommendation system is collaborative filtering 

[7]. This method utilizes data from other users with similar characteristics or preferences to 

provide recommendations [8]. 

Several previous studies reported that conten-based filtering recommendation system have 

higher accuracy when using limited data, while collaborative filtering requires more data [9]. 

However, the two approaches generate recommendation based on different principles. Only 

content-based filtering is only based on content according to user behavior. Studies reported 

that the combination of both collaborative filtering and content-based learning methods has 

advantages in hybrid filtering system, particularly for large-scale applications [10]. 
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Some studies reported that the system has successfully provided relevant, promising, and 

clinically safe food recommendations as a dietary decision support tool, but still requires 

development of data volume and variety for optimal results [1]. However, the collaborative 

filtering recommendation system is capable of providing personalized recommendations in 

providing data related to the nutrition and dietary of athletes, especially boxing and Muay Thai 

athletes. 

However, the use of collaborative fitering is still limited by data sparsity and cold star-problem 

(lack of new user data) as well as validation from nutritionists [12]. Censequently, the effective 

integration of athlete-specific data and food recommendation is needed to obtain accurate 

results according to the needs of boxing and Muay Thai athletes Based on these issues, this 

study aims to develop a dietry recommendation system for boxing and Muay Thai athletes using 

a collaborative filatering method. The proposed system is expected to support athletes in 

selecting healthy, low-sugar, and nutritionally, balanced dietary patterns that meet the specific 

nutritional needs of boxing and Muay Thai athletes at Bangrajamuaythai Pamulang. 

 

2. Methods 

2.1. Research Location 

The research was conducted at Bangrajan Muaythai Pamulang 

2.2. Method of Collecting Data 

The data collection process in this study was conducted in two ways: primary and secondary 

data. Primary data was collected through surveys and interview with athletes regarding their 
food preferences, food consumption habits, and understanding of sugar content in foods. 
Furthermore, preference data (rating) were collected using “yes” or “no” feature, which was 
then converted and stored as a positive rating value. This historical data represents user 
interest in certain low-sugar food items.Secondary data collection was obtained from trusted 
external sources, using the Indonesian food composition table published by the Ministry of 
Health. The dataset contains comprehensive nutrional information, including calorie, 
protein, carbohydrate, fat, and sugar content, which serves as the basis for item profiles for 

food recommendation [13]. 

2.3. System Design 

In this research, the system was designed using a quantitative approach through the artificial 

intelligence system development method by implementing a collaborative filtering 

techniques in building a healthy low-sugar food recommendation system for boxing and 

Muay Thai athletes [14]. The proposed system design consists of several integrated 

components: data sests, preprocessing, user profiling, and a recommendation engine. The 

cintegration of these components in a sequential process facilitates the generation of accurate 

and personalized recommendations, thereby enhancing the overall effectiveness of the 

recommendation system [5]. 

2.3.1. Datasets 

In evaluating the performance of the recommendation model, two data sets are used as 

illustared in figure 1. 

 

Figure 1. Food Datasets 
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2.3.2. User Profilling 

User profiling is the initial stage in a reommendation system. Its purpose is to display a 

representation of user characteristic based on preference and user data. Preference data is 

derived from food history and user ratings of specific foods. The general mathematical 

formula for representing a user profile can be sees in vector form: 

Ui = (ri1, ri2, ri3, ……, rin) 

This vector is the basis for measuring similarity between users in the next stage [16] 

2.3.3. Recommendation Engine 

The final step is to generate a list of healthy, low sugar food recommendations based on the 

user similarity calculation. The system will predict user preference for item they’ve never 

tried by leveraging ratings from other users with high similarity [17]. The rating prediction 

can be calculated using the formula: 

𝑟̂𝑢,𝑖 =  
∑  𝑠𝑖𝑚 (𝑢, 𝑣). 𝑟𝑣,𝑖

⬚
𝑣 𝜖 𝑁 (𝑢)

∑  | 𝑠𝑖𝑚 (𝑢, 𝑣) |⬚
𝑣 𝜖 𝑁 (𝑢)

 

2.4. Collaborative Filtering 

2.4.1. Cosine Similarity 

In this study, the collaborative filtering algorithm is applied with similariry calculation using 

cosin similarity. This method can measure the level of similarity between two vectors by 

calculating the cosine value of the angle formed beetween them. In this case, the vector in 

question represents user preferences or items [24]. The calculation of cosine similaarity can 

be expressed as follows: 

𝑆𝑐 (𝐴, 𝐵) = cos(𝜃) =  
𝐴 . 𝐵

|| 𝐴 || || 𝐵 ||
=  

∑ 𝐴𝑖𝐵𝑖
𝑛
𝑖=1

√∑ 𝐴𝑖
𝑛
𝑖=1  √∑ 𝐵𝑖

𝑛
𝑖=1

 

2.5. System Evaluation 

2.5.1. Period Evaluation 

The system evaluation in ths study will be conducted over a period of approximately on 

month. This time frame was chosen to allow users sufficient time to interact with the system 

repeatedly, thus obtaining more representative results. In addition, period evaluation can 

monitor how quickly the interaction system obtains new interaction data and can measure 

the impact of cold starts because basically the initial system will have difficulty providing 

accurate recommendations 

 

3. Results and Discussion 

3.1. Research Flowchart 
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Figure 2. Flowchart 

Based on the research process flow, the system begins with user data input, which then goes 

through a series of validation and data processing processes. Once the data is declared valid, 

the system performs analysis using several processing and decision-making stages to generate 

the required information. Throughout the process, several branching points are identified to 

check for specific condition, allowing the system to automatically determine the next steps. The 

processed data is the stored in a database and used as the basis for generating output or 

recommendation. Finally, the system display’s the results to the user through a provided 

interface, allowing the user to utilize the results to the user throught a provide interface, results, 

information to support more effective and accurate decision-making. 

3.2. Athlete Recommendation  

The dataset used in the existing research is a collaborative filtering-based food recommendation 

system for boxing and Muay Thai athletes. This dataset will be used to build a nutritional 

recommendation model for athletes. 

 

Figure 3. Dataset Collection Form 
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Based on the google forms data above, 31 respondents participated in this study. Data 

collection was conducted using a google forms-based questionnaire. Therefore, the collected 

data can be presented in the summary responses feature. So, it automatically processes the 

response results into descriptive statistics and data visualization [18]. Therefore, the use if 

this feature supports the data processing process systematically, efficiently and accurately. 

 

Figure 4. Dataset Collection Link 

From the figure above, it can be seen that before completing the questionnaire, respondents 

were first given an informed consenr form. This form contains an explanation of the research 

objectives, which was to develop a food recommendation system for boxing and Muay Thai 

athletes through an information [11]. Respondents were asked to indicate their willingness 

to participate in the study by selecting either “yes’ or “no”. Those who selected ‘yes” were 

considered to have provided informed consent and were directed to complete the 

questionnaire, whereas respondents who selected “no” did not proceed further. The dataset 

serves as a source of information that can be used to train recommendation system algorithms 

through a collaborative filtering approach [22]. Through the analysis of these data, the system 

was able to identify patterns and relationships between athletes and their nutritional needs 

and food preferences, enabling the geneartion of personalized dietary recommendation 

tailored to individual athlete requirements. 
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Figure 5. Dataset from Google Form in Excel Format 

Figure 4 shows a dataset from a Google Form questionnaire, exported in Microsoft Excel 

format for data analysis. The dataset includes respondent willingness, body weight, training 

phase, type of exercise, food preferences and other data relevant to the development of an 

athlete nutrition recommendation system [1]. 

3.3. User Preference 

 
Figure 6. User Preference 

Figure 6, shows user preferences, which consist of four main attributes: ID, User ID, Food and 

rating. The ID serves as the identify for each preference data item stored in the database. The 

User ID identifies each athlete as a system user. The food attribute represents the type of 

food the user evaluates or selects, and the rating represents the user’s level of preference 

for the food on a specific scale. 
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3.4. Recommendation Engine 

 
Figure 7. Recommendation Engine 

Based on the figure above, the recommendation engine is a key component of a Smart 

Nutrition System (SNS) that provides food recommendation to athletes based on user 

preference data. Through a similarity calculation process, the system can predict an athlete’s 

preference for similar foods. This approach enables the system to provide more personalized 

and accurate nutritional recommendations that support the athlete’s needs. 

3.5. Implementation of Coding 

 
Figure 8. Setup Flask 

In this study, flask serves as the primary framework for building an API that will provide 
recommendations for users [16]. Sqlite is used to mange the database and important data 
susch as user interaction history, ratings, and food preferences contained in the Smart 
Nutrition System. This data becomes the primaru data in collaborative filtering [20]. To 
assist the system in terms of similarity levels, so that each interaction can be linked between 

users, data libraries such as flask-login are used. 

 
Figure 9. SQLite Database 
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Figure above, illustrates how a user accesses the database.db file within the bangrajan-smart-
nutrition project using Sqlite via the terminal. This indicates that the system is designed to 
manage both user and food data within the Smart Nutrition System [24]. 

 
Figure 10. Food Database 

Figure shows a databse stored in SQlite consisting of ID, Food name, image, category, 

description, calories, sugar, protein and carbohydrates. Each food item is accompanied by 

nutritional information used to support the recommendation process. With structured and 

comprehensive data, the system can match user preferences with food characteristics, 

resulting in more accurate, relevant, and recommendations tailored to the athlete’s nutritional 

needs. 

3.6. Implementation of Collaborative Filtering 

3.6.1. Login View 

 
Figure 11. Login View 

Figure 11, shows a simple login page view that can be accessed through a local server. 

3.6.2. Login with Google 

 

Figure 12. Login with Google 
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Figure 12, shows the account selection when the user chooses to sign in using google with the 

registered email and password. 

3.6.3. User Profile 

 
Figure 13. User Profile 

Figure 13, shows the athlete profile page on the SNS, which serves as an information center 

for athlete identity and characteristics used in the nutrition recommendation process. The 

information displayed includes basic athlete information such as username, email address, 

weight, calorie needs, and type of exercise. 

3.6.4. Dashboard 

 
Figure 14. Dashboard 

The recommendation system dashboard view, explaining several items such as the food 

database, number of users, system accuracy level. 

3.6.5. Nutrition Plan 

 

Figure 15. Nutrition Plan 
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The personalized athlete Nutrtiton plan page is akey feature of the SNS, displaying a daily 

nutrition plan based on the athlete’s profile, energy needs, food preferences and 
recommendation engine. The system dynamically generates menu recommendations using 
a collaborative filtering approach that considers user characteristic with similar preference 
patterns. 

3.7. System Evaluation 

 
Figure 16. Admin Dashboard 

Based on the figure above, the collaborative filtering-based nutrition recommendation 
system demonstrated excellent performance, with a recommendation accuracy of 96,42% in 
determining similar recommendation for athletes. Furthermore, the dashboard also 
visualizes recommendation trens and can be used to assess the system’s effectiveness and user 
participant in utilizing the nutrition recommendations provided [13]. 

5. Conclusions 

The SNS, based on Artificial Intelligence and utilizing the collaborative filtering method, can 

be developed as a nutrition recommendation system for combat sport athletes, particularly 

boxing and Muay Thai athletes. Furthermore, the implementation of SQLite facilitates efficient 

storage and management of user profile, food databases, user preferences and recommendation 

histories. Thus, SNS also has the potential to be developed into an athlete intelligence nutrition 

platform that supports nutrition and performance management for athletes. This is because the 

system can provide food recommendations tailored to each athlete’s preference and nutritional 

needs through cosine similarity calculations. 
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