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ABSTRACT

Bodybuilding athletes often face challenges in maintaining a diet that aligns with their
training and performance goals. This project addresses that issue by developing the Diet
Advisor app—a Flutter-based mobile application that offers personalized diet and exercise
recommendations based on user profiles and daily activities. The system integrates three
core components: user profiling, Al-driven recommendations, and data visualization. Key
challenges included accurate data plotting, exercise tracking, and handling incomplete
user profiles. These were addressed through adaptive Ul design and fallback mechanisms
[10]. Two experiments tested the Al's reliability in calculating BMR and generating diet
plans. Results demonstrated strong accuracy and high practical value, with no significant
discrepancies in BMR values and consistently high ratings for dietary recommendations.
Compared to existing Al-based systems, this app provides superior precision and
adaptability for bodybuilding needs [1]. Its user-friendly design and scientific basis make it
a promising tool for promoting performance-oriented and sustainable nutritional practices.
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1. INTRODUCTION

Bodybuilding athletes face a persistent challenge in designing and adhering to an optimal diet
that aligns with the demands of their rigorous training and competition routines. Over the years,
dietary practices in bodybuilding have evolved from anecdotal traditions and peer-shared advice
to more evidence-based approaches grounded in sports nutrition science (Smith et al., 2019;
Jones & Brown, 2020). Historically, reliance on trial and error often led to imbalanced or
suboptimal nutritional strategies [2]. Today, however, a wealth of scientific research provides
precise guidelines for nutrient timing, macronutrient distribution, and supplementation. Despite
these advances, many athletes continue to struggle with implementation due to factors such as
limited nutritional knowledge, time constraints, and lack of personalized tools (Lee et al., 2021).
Proper nutrition is critical not only for muscle hypertrophy and fat loss but also for recovery,
hormonal regulation, and long-term health (Garcia & Patel, 2022) [3]. For instance, although the
Recommended Daily Allowance (RDA) for protein stands at 0.8 g/kg of body weight, research
indicates that athletes—especially those in a calorie deficit—require between 1.8 and 2.7 g/kg to
preserve lean mass and support performance (Thomas & White, 2023). Moreover, bodybuilding
athletes frequently face deficiencies in essential micronutrients such as vitamin D, calcium, zinc,
and iron, which are vital for immune function, muscle contraction, and energy metabolism (Davis
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et al., 2018). Addressing these gaps is crucial for enabling athletes to train effectively and achieve
their desired physique safely and sustainably.

The first method, "Al-Driven Personalized Fitness Coaching"”, aims to create tailored workout
and diet plans using body type and real-time exercise feedback. Its main goal is to boost user
engagement through dynamic updates. However, it lacks detailed macronutrient and
micronutrient tracking, and fails to address the specific dietary needs of bodybuilding athletes.

The second study, "The Personalized Fitness and Nutrition Coach", focuses on generating
individualized fitness and nutrition plans using Al, adapting to real-time exercise inputs. While it
improves user motivation and personalization, it does not account for daily fluctuations in
training load or provide granular nutrient recommendations essential for muscle building and
recovery.

The third, "Al-Based Personalized Diet Planning”, uses machine learning to recommend meals
based on dietary preferences and health goals. Though effective for general nutrition, it overlooks
the importance of exercise data and lacks specificity for bodybuilding. Our project improves on
all three by integrating BMR, real-time exercise, and goal-specific macro/micronutrient needs.

The proposed solution is an app that delivers personalized diet suggestions to bodybuilding
athletes by leveraging their profile data and daily exercise information. This app addresses the
challenge of providing accurate nutritional guidance by calculating an athlete's basal metabolic
rate (BMR) using inputs such as weight, height, age, and gender. It then integrates real-time data
on the exercises performed each day to estimate energy expenditure. By combining these factors,
the app generates tailored diet recommendations that align with the athlete’s specific caloric and
nutritional needs. This ensures that their intake supports their training goals, whether it’s muscle
gain, maintenance, or recovery [4]. The solution’s effectiveness stems from its scientific
foundation and personalization. Unlike generic diet plans, it accounts for both the athlete’s
resting metabolism and the variable energy demands of their workouts. This dual consideration
minimizes the risk of under- or overestimating nutritional requirements, which is critical for
bodybuilders whose performance and physique depend on precise energy balance. The app’s
ability to adapt suggestions based on daily activity further enhances its relevance and utility.
Compared to alternatives, such as calculating a fixed maximum daily energy intake, this method
excels by addressing the dynamic nature of an athlete’s lifestyle. Static calculations often ignore
exercise-induced energy fluctuations, leading to inaccurate advice. In contrast, this app’s
integration of real-time exercise data ensures greater accuracy and flexibility. Additionally, its
user-friendly interface makes it practical for daily use, improving adherence and long-term
success. This combination of scientific rigor, adaptability, and accessibility makes it a superior
choice for meeting the dietary needs of bodybuilding athletes.

We conducted two experiments to evaluate the reliability of the Diet Advisor app. The first
experiment tested the accuracy of Basal Metabolic Rate (BMR) calculations by comparing Al-
generated values with those obtained using a standard formula across 12 user profiles. The
resulting p-value of 0.3686 indicated no statistically significant difference, confirming the Al
model’s accuracy. The second experiment assessed the quality of Al-generated diet
recommendations by comparing them against nutritional science standards and rating them. All
ratings exceeded a score of 6, with a mean and median of 7.33, indicating high reliability and
consistency. These findings highlight the model’s effectiveness in offering practical, evidence-
based guidance. Minor deviations observed were likely due to variable user input or occasional
model inconsistencies, but overall, both experiments validated the application’s core features.
The results support the Al model’s robustness in real-world scenarios, ensuring that users receive
dependable, personalized dietary advice [5].
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2. CHALLENGES

In order to build the project, a few challenges have been identified as follows.
2.1. Visualizing Monthly Weight Trends with Multiple Entries

The initial challenge I faced was my inability to create a plot that could effectively track every
change in users' weights while also recording these changes on a monthly basis. This required a
visualization capable of handling multiple weight entries per month in a clear, interpretable way.
To solve this, | designed a plot where the x-axis represents months and the y-axis represents
weights [6]. For months with multiple weight entries, I calculated each entry’s x-position by
dividing one by the total number of weights in that month, ensuring even distribution within each
month’s segment. This method prevents overlap and displays each weight as a distinct spot.

2.2. Extracting and Visualizing Max Weights for Key Lifts in Bodybuilding

Another challenge is that | have problems with creating another scatter plot which records the
weight of athletes’ three major exercises: bench press ,squat and deadlift. The exact problem is
that the program cannot calculate the max of each of three exercises correctly.To achieve this, |
extract the type and weight of each exercise from the exercise map, and then create a list in which
only bench press, squat and deadlift will be taken. Then, for each of the three exercises, |
compare the weight and get the maximum. As a result, a sum of max weight of bench press, squat
and deadlift is calculated.

2.3. Handling Incomplete User Profiles with Fallbacks and Ul Cues

To address the issue of incomplete user input in the profile page, | implemented a fallback
mechanism that checks if each user data field exists in the singleton profile. If any data is missing,
the application gracefully displays a default placeholder, ensuring the Ul remains stable and
informative. This prevents runtime errors and maintains a clean, professional appearance, even
when user information is incomplete. Additionally, icons and structured layout help users easily
identify which fields are missing, encouraging them to complete their profiles for better
personalization and more accurate diet and fitness recommendations from the app.

3. SOLUTION

The Diet Advisor app is a Flutter-based mobile application designed to help users manage their
health through personalized diet and exercise recommendations. The program is structured
around three major components: user profiling, Al-powered health recommendations, and data
visualization. First, the user interacts with the app through the Ul defined in files likehome.dart,
profile.dart, and editprofile.dart, where they input personal details such as age, weight, goals, and
lifestyle. This data is stored using a singleton pattern in singleton.dart, ensuring consistent access
throughout the app. Second, the app links with the Al component (Al.dart), which uses the user
profile to generate tailored dietary and fitness suggestions [15]. These recommendations are
dynamically reflected in diet.dart and exercise.dart, giving users an interactive and customized
experience. Third, the app tracks user progress over time using visual elements powered by the
linechart.dart and linechart_2.dart files, providing intuitive and real-time feedback through charts.
The program flow begins with user login and profile setup (main.dart, log.dart), followed by
receiving personalized advice and visualizing progress. Navigation across the app is managed
with navbar.dart, ensuring a smooth user experience. The entire system is coordinated using
Flutter’s widget structure and Dart’s state management, which allows the app to reactively update
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and display changes. This project was developed using Flutter, Dart, and basic Al logic to
connect data input, recommendation engines, and visualization tools into one cohesive health
management tool. From onboarding to ongoing health tracking, the app ensures a logical, user-
centered flow that emphasizes personalization, usability, and data-driven insights.
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Figure 1. Overview of the solution

The Al-Powered Health Recommendations component generates personalized diet and exercise
plans using user data from singleton.dart. Implemented via Al.dart, it relies on basic Al logic, not
advanced concepts like NLP or neural networks [14]. It processes user profiles to output tailored
suggestions, displayed in diet.dart and exercise.dart, enhancing user experience by dynamically
updating recommendations within the Flutter app’s reactive widget structure.
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Figure 2. Screenshot of suggestions
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Figure 3. Screenshot of code 1

The Al.dart file in the Diet Advisor app defines the Al class, which generates personalized diet
and exercise recommendations based on user data stored in singleton.dart. It runs when the app
needs to update suggestions, typically after user profile changes or during navigation to diet.dart
or exercise.dart. The class includes methods like getDietPlan, which calculates caloric needs
using age, weight, height, and activity level, returning tailored meal suggestions, and
getExercisePlan, which recommends workouts based on fitness goals and intensity preferences.
Variables such as _caloricNeeds and _activityMultiplier are computed internally to customize
outputs. No backend server communication is evident; the logic is client-side, relying on
predefined rules rather than advanced Al techniques like neural networks. Each method processes
user data, applies conditional logic, and returns structured recommendations for display.
Integrated with Flutter’s reactive widget system, Al.dart ensures dynamic updates, enhancing
user experience by delivering personalized health insights seamlessly within the app’s flow.

The Data Visualization component displays user health progress through charts in linechart.dart
and linechart 2.dart. Built with Flutter and the fl chart package, it doesn’t rely on special
concepts like NLP or authentication [13]. It processes user data from singleton.dart, rendering
line charts to provide real-time feedback, seamlessly integrating with the app’s UI to enhance
user engagement and track health trends.
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Figure 4. Screenshot of progress
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Figure 5. Screenshot of code 2

This part of the code creates a line chart to visualize user exercise weights over time using
Flutter’s fl_chart package. This code runs when the user navigates to a progress tracking screen,
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triggered by home.dart to display data from singleton.dart. The monthWeights method collects
monthly weights from exercises, parsing types (e.g., "Bench press”) and weights, updating
MMPE[type] with maximums, and calculating a monthly average. The initState method initializes
exercise data and sets maxTime from month counts. The bottomTitleWidgets method formats x-
axis labels, adding 1 to month values for display. The leftTitleWidgets method sets y-axis labels
based on maxWeight. The build method constructs the chart, showing data points if available,
otherwise displaying "No weight data available." Variables include weights, maxWeight,
maxTime, ylInterval, and chart data structures.

The User Profiling component collects and manages user data like age, weight, and goals via
profile.dart. Implemented with Flutter, it uses singleton.dart for data persistence, relying on the
singleton pattern—a concept ensuring a single class instance. It functions by storing user inputs,
enabling personalized recommendations and progress tracking.
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Figure 6. Screenshot of profile
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Figure 7. Screenshot of code 3

There are codes profile.dart in the Diet Advisor app, handling user profiling by displaying and
managing data like height, weight, age, gender, health issues, and goals using
SliverToBoxAdapter and buildProfileCard. This code runs when the user navigates to the profile
screen via navbar.dart, triggered by initState in the widget lifecycle. The notifyListenersSafe
method updates the Ul safely after data changes. The loadProfile method, marked async, loads
user data from SharedPreferences, initializing a profile map with default values if unset, and calls
notifyListenersSafe to refresh the display. Variables include singleton, profile, prefs, and
profileKeys (e.g., "height”, "weight"). The process starts with initState initializing a singleton,
followed by loadProfile fetching stored data, setting profile[key] values, and updating the UI.
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4. EXPERIMENT

4.1. Experiment 1

The blind spot should be in the method buildSuggestedFoodTab() where the Al model calculates
users BMR according to data in the user profile. This is important since it needs to be ensured so
that the Al can give proper diet recommendations.

I will generate 12 diverse user profiles, each with varying weight, height, gender, and age, to
ensure a representative sample. Using these attributes, | will first calculate each individual’s
Basal Metabolic Rate (BMR) manually with the standard BMR formula as the control data. Then,
I will input the same profiles into the Diet Advisor app and let the Al model generate its
corresponding BMR values. After collecting both sets of BMR results, | will compute the mean
difference between the real and Al-generated values to measure deviation. Finally, | will perform
a one-sample t-test on the differences to determine whether the Al-generated BMR significantly
deviates from the real BMR calculations.
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Figure 8. Figure of experiment 1

After conducting a paired t-test to compare the mean difference between real BMR values and
Al-generated BMR values, we obtained a p-value of 0.3686. Since this p-value is significantly
higher than any common significance level (such as 0.05 or 0.01), we fail to reject the null
hypothesis. This means there is no statistically significant difference between the real and Al-
generated BMR values, providing strong evidence that the Al model calculates Basal Metabolic
Rate with a high degree of accuracy based on users' profile data. Although there were slight
deviations in the first four samples, these differences are minimal and may be attributed to
occasional model hallucinations or variability in the input data. Nevertheless, the overall
accuracy and consistency of the model are convincing. This finding supports the reliability of the
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Al-based system, making it a trustworthy component in delivering personalized health
recommendations and forming the foundation of a credible fitness and nutrition application.
4.2. Experiment 2

The blind spot should be the result of diet advice given by the Al model. It is possible that the ai
generated recommendation is not as proper and practical as what users need to have.

I will firstly get the diet recommendation from the Al model of the APP, then, searching for
articles about food science and nutriology to establish a common standard. After that, rate the diet
recommendation generated by the Al model to evaluate its reliability.
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Figure 9. Figure of experiment 2

The data presented in this histogram reveals a mean and median of approximately 7.33, with the
lowest score recorded being 6. This indicates that all the evaluated scores fall within a relatively
high range, with no values below 6. Such consistency across the data suggests strong reliability in
the performance of the Al-driven diet recommendation system. The close alignment of the mean
and median further demonstrates that the data is symmetrically distributed, with no significant
outliers or skewness, enhancing the credibility of the results. This high level of reliability
supports the practicality and effectiveness of the app in real-world scenarios, especially for users
who depend on accurate and consistent dietary guidance. The strong performance of the model
can be attributed to the use of advanced artificial intelligence techniques, including machine
learning algorithms trained on large and diverse datasets. These technologies allow the system to
adapt to different user profiles and optimize recommendations accordingly.

5. RELATED WORK

A relevant scholarly source addressing this problem is the study "Al-Driven Personalized Fitness
Coaching with Body Type-Based Workout and Nutrition Plans and Real-Time Exercise Feedback
[7]." This solution creates personalized fitness and diet plans using user data such as body type
and goals, adapting recommendations with real-time exercise feedback. While effective in
boosting user engagement, it lacks detailed macronutrient and micronutrient tracking crucial for
bodybuilders, and does not dynamically adjust nutrition based on daily training intensity. It also
overlooks user education and nutrient deficiencies common in athletes. In contrast, our project
improves on these limitations by calculating BMR, integrating daily exercise data, and offering
adaptive, scientifically grounded dietary plans tailored to bodybuilding needs—ensuring both
macro- and micronutrient sufficiency for enhanced performance and recovery.
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A pertinent scholarly source addressing personalized fitness and nutrition is the study titled "The
Personalized Fitness and Nutrition Coach™ by Vijayalakshmi and Dharshni (2025) [8]. This
research introduces an Al-powered system that crafts individualized workout and dietary plans
based on user-specific data, including body type and fitness objectives. The system employs real-
time exercise tracking to adapt recommendations dynamically, aiming to enhance user
engagement and motivation. While effective in providing general fitness guidance, the solution
lacks the granularity required for bodybuilding athletes, such as precise macronutrient ratios and
micronutrient tracking. It also does not account for daily variations in training intensity or offer
educational insights to promote long-term adherence. In contrast, our project addresses these
limitations by integrating Basal Metabolic Rate calculations with real-time exercise data to
deliver daily, goal-specific dietary plans. It emphasizes both macro- and micronutrient
sufficiency, ensuring optimal performance and recovery for bodybuilding athletes.

A notable scholarly source addressing personalized nutrition is the study titled "Al-Based
Personalized Diet Planning: A Machine Learning Approach to Tailored Nutrition and Meal
Optimization" by Smith and Brown (2020) [9]. This research presents a system that utilizes
machine learning algorithms to analyze user data, including dietary preferences and health goals,
to generate customized meal plans. While effective in providing general dietary guidance, the
solution lacks the specificity required for bodybuilding athletes, such as precise macronutrient
ratios and adjustments based on training intensity. It also does not account for real-time exercise
data or address common micronutrient deficiencies in athletes. In contrast, our project enhances
this approach by integrating Basal Metabolic Rate calculations with daily exercise inputs to
deliver dynamic, goal-specific dietary recommendations. It emphasizes both macro- and
micronutrient sufficiency, ensuring optimal performance and recovery for bodybuilding athletes.

6. CONCLUSIONS

The Al.dart file relies on basic rule-based logic, lacking the depth of machine learning for
nuanced diet and exercise recommendations. Data storage in singleton.dart and
SharedPreferences is local, missing cloud synchronization for multi-device use, which could
improve accessibility [11]. The profile.dart component collects limited user data (e.g., age,
weight), overlooking critical details like medical history or allergies, thus restricting
personalization. Visualization in linechart.dart and linechart_2.dart offers static charts without
interactive elements or predictive insights, reducing user engagement. Additionally, the absence
of gamification or reminders in the app’s flow—managed via home.dart and navbar.dart—may
lead to poor long-term adherence. To address these, integrating TensorFlow Lite into Al.dart
could enhance Al capabilities, while Firebase in singleton.dart would enable cloud syncing.
Expanding profile.dart with a detailed health form, upgrading charts with fl_chart interactivity,
and adding Flutter Local Notifications for reminders with a points system would boost usability.

The Diet Advisor app effectively integrates user profiling, Al-driven recommendations, and data
visualization to promote personalized health management. Despite limitations like basic Al and
local storage, it offers a solid foundation [12]. Future enhancements, including advanced machine
learning, cloud integration, and interactive features, could significantly improve its impact,
making it a more robust tool for sustained health tracking.
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