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Abstract 

This paper presents Vital – a Smart Wellness and Nutrition 
Recommendation System, a web-based platform designed to provide 
personalized supplement and nutrition suggestions. The system uses 
machine learning (ML) and natural language processing (NLP) 
techniques to analyze user profiles and wellness-related inputs. Users 
enter details such as gender, dietary preferences, lifestyle, allergies, 
and health concerns to receive tailored recommendations that align 
with their needs. The platform processes free-text symptom 
descriptions using vector-based similarity models and applies dietary 
and allergy-based constraints to ensure safe recommendations. Vital 
also incorporates a feedback mechanism where user responses are 
stored and used to improve future suggestions. The system 
demonstrates a full-stack implementation using React.js, Node.js, 
Python-based ML services, and MongoDB, integrating structured 
datasets with real-time user interaction. Vital aims to support informed 
wellness decisions while emphasizing that professional medical 
consultation remains essential before using any supplements or 
nutrition plans 
 

 
Introduction 
Healthcare and nutrition management have 
gradually moved toward more personalized 
approaches as individuals seek better ways to 
improve their overall well-being. However, 
before the emergence of intelligent data-driven 
systems, most nutrition and supplement 
recommendations were based on generalized 
guidelines. Standard diet charts and routine 
consultations often failed to account for 
important individual factors such as age, 
lifestyle, existing medical conditions, dietary 
habits, and personal health goals. As a result, 
many recommendations lacked precision and 
were not fully effective for individual needs. 
 
1. Personalized Healthcare and Technology 
ML models can analyze user profiles and 

medical histories to generate accurate 
recommendations, while NLP techniques 
interpret textual data like prescriptions, medical 
notes, and health goals.[1] OCR helps to 
automatically extract prescription information 
from uploaded images, reducing mistakes and 
making data entry easier.[2][13] 
 
2. System Architecture and Data Integration 
Machine learning models can analyze user 
profiles and medical histories to generate 
personalized nutrition and supplement 
recommendations [1]. In addition, natural 
language processing techniques enable the 
system to interpret unstructured data, such as 
clinical notes and user-defined health goals. By 
integrating ML and NLP, the system can process 
both structured and textual information more 
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effectively, reduce manual effort, and deliver 
recommendations that are better aligned with 
individual health needs and clinical context [3]. 
 
3. Supplement and Nutrition 
Recommendations 
Vital is developed to gather and evaluate key 
user-specific details, such as age, gender, 
existing medical conditions, current 
medications, allergies, and personal health 
goals, to provide personalized supplement and 
nutrition recommendations [3]. By carefully 
considering these factors, the system delivers 
suggestions that are tailored to each user’s 
unique health profile instead of relying on 
broad, generalized guidelines. Additionally, the 
platform incorporates external nutrition data 
sources to recommend appropriate dietary 
choices that address particular health concerns 
and nutritional gaps. This comprehensive 
approach enhances the relevance and precision 
of the recommendations while supporting users 
in making informed decisions and building 
healthier long-term lifestyle habits [4]. 
 
4. Research Gaps and Ethical Considerations 
Many current nutrition and supplement 
recommendation systems still struggle with 
issues related to accuracy, consistency, and real-
world validation. In several cases, these systems 
have not been thoroughly tested in clinical or 
practical settings, which creates uncertainty 
about the reliability and actual impact of their 
recommendations [5]. Another limitation is the 
absence of lightweight and computationally 
efficient machine learning models, which 
restricts their usability in low-resource 
environments where technical infrastructure 
and processing capacity are limited. Beyond 
technical challenges, ethical concerns also play a 
significant role. Matters such as data privacy, 
transparency in AI-driven decision-making, and 
the importance of medical oversight must be 
carefully considered. Establishing secure data 
management practices, ensuring that 
recommendations are explainable, and 
designing the system responsibly are critical 
steps toward strengthening user trust and 
promoting the safe adoption of AI-based 
personalized nutrition systems [3]. 
 
Literature Survey 
Over the past decade, healthcare 
recommendation systems have evolved from 
simple rule-based diet plans to more advanced, 
data-driven platforms that use machine learning 
and intelligent data analysis. Early systems 
depended on fixed nutritional guidelines and 
generalized suggestions, often failing to account 

for individual health conditions and changing 
user needs. With advancements in machine 
learning, modern systems can analyze user-
specific data such as medical history, lifestyle 
patterns, and nutritional requirements to 
generate more personalized recommendations 
[1]. However, many existing solutions still 
struggle with adaptability and real-world 
implementation, particularly due to the lack of 
continuous learning mechanisms that update 
recommendations based on user feedback and 
evolving health information. These challenges 
underscore the need for more flexible and 
intelligent platforms, which has led to the 
development of systems like Vital that aim to 
provide personalized, data-driven nutrition and 
supplement guidance through integrated health 
data analysis [3]. 
 
1. Generic Recommendation Systems 
Early healthcare recommendation platforms 
mainly offered general diet and health advice 
based on standard nutritional guidelines, with 
little ability to adapt to individual user 
characteristics. These systems typically followed 
a one-size-fits-all approach and did not 
sufficiently account for key personal factors 
such as medical history, existing conditions, 
allergies, or specific wellness goals. Because of 
this, the recommendations often lacked 
precision and were not fully effective in meeting 
individual needs. These shortcomings 
emphasized the need for more personalized and 
intelligent systems capable of analyzing 
individual health data to generate more accurate 
and meaningful nutrition recommendations [7], 
[11]. 
 
2. Supplement Advisory Platforms 
Although several supplement recommendation 
systems have been introduced, many of them 
continue to face significant limitations. One 
major issue is the insufficient integration of 
detailed health information, including medical 
conditions, ongoing medications, and overall 
health status, which directly affects the accuracy 
and safety of their recommendations. When 
these critical factors are not properly 
considered, the system may suggest 
supplements that are unsuitable or potentially 
conflicting with an individual’s health situation. 
As a result, the level of personalization remains 
limited, reducing the overall reliability and 
practical usefulness of many existing platforms. 
These gaps demonstrate the need for more 
intelligent and health-aware recommendation 
systems that can incorporate comprehensive 
user data to provide safer and more effective 
guidance [10], [11]. 
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3. Use of NLP in Healthcare 
Natural Language Processing (NLP) has 
emerged as a key technology in healthcare for 
understanding and analyzing textual data found 
in medical records, prescriptions, and other 
clinical documents. By converting unstructured 
text into structured and meaningful information, 
NLP supports more accurate evaluation and 
informed decision-making [6]. However, many 
existing healthcare recommendation systems 
do not effectively combine NLP with machine 
learning models and nutrition data within a 
single, coordinated framework. This separation 
reduces the system’s ability to generate truly 
personalized and context-aware 
recommendations. Integrating NLP with 
intelligent recommendation approaches can 
enhance the overall efficiency, accuracy, and 
scalability of personalized nutrition platforms 
[3]. 
 
4. Benefits of Personalization 
Studies indicate that personalized diet and 
supplement recommendations tend to produce 
better results than general advice when it comes 
to user adherence and health improvement. 
When guidance is aligned with an individual’s 
specific health profile, nutritional requirements, 
and personal wellness goals, people are more 
likely to follow it consistently. This 
individualized strategy not only increases user 
engagement but also supports more effective 
long-term health management, ultimately 
improving the overall impact of nutrition-based 
interventions [9], [15]. 
 
5. The Vital System’s Contribution 
Based on these insights, the Vital system follows 
an integrated approach that combines multiple 
sources of information, such as user health 
profiles, medical conditions, structured health 
datasets, and external nutrition APIs, to generate 
more accurate and personalized 
recommendations. By consolidating these 
diverse data sources within a unified 
framework, the system enhances the relevance, 
reliability, and overall effectiveness of its 
recommendations compared to traditional 
standalone solutions [11], [15]. 
 
Methodology 
The architecture of the Vital system integrates 
modern web technologies, machine learning 
techniques, and health data analysis to deliver 
personalized supplement and nutrition 
recommendations. It is structured to efficiently 
gather, process, and evaluate user-specific 
health information to produce accurate and 
meaningful suggestions. By combining 

individual health profiles, intelligent 
recommendation models, and reliable external 
nutrition data sources, the platform ensures that 
recommendations are aligned with each user’s 
specific health conditions and requirements. 
The overall methodology is organized into 
several core components, each handling distinct 
functions such as data acquisition, 
recommendation processing, and system 
integration, which together support the 
consistent and dependable operation of the Vital 
system [3], [11]. 
 
1. Frontend Design 
The frontend of the Vital system is built using 
React.js and Tailwind CSS to create a modern, 
responsive, and user-friendly interface. This 
setup supports smooth interaction and allows 
users to navigate the platform’s features with 
ease. Through the interface, users can enter 
essential personal details such as age, gender, 
medical history, allergies, and specific health 
goals, which are necessary for generating 
personalized recommendations. Tailwind CSS 
contributes to visual consistency and responsive 
design, ensuring that the application functions 
effectively across various devices and screen 
sizes. Overall, the frontend plays an important 
role in enhancing user experience and 
facilitating efficient communication between the 
user and the underlying recommendation 
system [3], [11]. 
 
2. Backend Framework 
The backend of the Vital system is implemented 
using Node.js and Express.js to manage data 
processing and coordinate communication 
between different components of the platform. 
This layer is responsible for handling user 
requests, processing health-related data, and 
linking the frontend with the machine learning 
modules and external nutrition APIs. It also 
manages secure data transmission and 
safeguards sensitive user information through 
appropriate handling mechanisms. The backend 
architecture is structured for scalability and 
efficiency, enabling the system to support 
multiple users at the same time while 
maintaining stable performance and responsive 
operation [3], [11]. 
 
3. Machine Learning Engine 
The recommendation logic is powered by 
Python-based machine learning modules. The 
workflow is structured as follows: 
Query Embedding: A user query q describing 
health concerns or wellness goals is 
preprocessed using normalization, 
lemmatization, and synonym expansion. The 
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processed text is converted into a numerical 
vector using a TF–IDF vectorizer trained on 
nutritional symptoms, causes, and supplement 
descriptions: 
 

Candidate Retrieval: Each nutrient or 
supplement i in the database is represented by a 
TF–IDF vector ni derived from its associated 
symptom keywords, cause tags, and descriptive 
text. 
Similarity Computation: Cosine similarity is 
computed between the query vector and each 
nutrient vector to measure relevance: 
 

The top-K nutrients with the highest similarity 
scores are selected as candidates. 
 
Re-Ranking: Candidates are re-ranked using a 
rule-weighted scoring function that aggregates 
the extracted features: 
 

Safety Filtering: Medicines with hard conflicts 
(e.g., allergy conflicts or life-threatening drug 
interactions) are discarded: 
 

Feedback Adjustment: User feedback is 
incorporated as a lightweight score adjustment. 
Nutrients marked as effective receive a small 
positive boost, while ineffective ones are 
down-weighted in future rankings. 
Final Ranking: Nutrients are ranked based on 
their final scores and normalized before being 
presented to the user. 
 
4. Database Management 
The Vital system utilizes MongoDB Atlas to 
securely and efficiently store user data, 
including health profiles, medical details, and 
recommendation history. MongoDB offers a 
flexible and scalable database structure, 
enabling the platform to handle large volumes of 
information while ensuring quick retrieval and 
consistent performance. To maintain data 

privacy and security, the system applies 
appropriate validation procedures, secure data 
management practices, and controlled access 
mechanisms. This approach safeguards sensitive 
user information and supports compliance with 
established healthcare data protection and 
privacy standards [3], [20]. 
 
5. External API Integration 
The Vital system incorporates external nutrition 
APIs to obtain accurate and regularly updated 
information about foods, nutrients, and dietary 
guidelines. These APIs allow the platform to 
recommend suitable food choices and 
supplements based on each user’s specific 
health conditions and nutritional needs. By 
relying on credible external data sources, the 
system improves both the accuracy and 
practical relevance of its recommendations. This 
integration also strengthens the platform’s 
ability to deliver personalized guidance, helping 
users make well-informed dietary decisions and 
supporting better overall health outcomes [1], 
[4]. 
 
6. System Architecture 

 
 
Figure 1: System Architecture of Vital – Smart 

Supplement and Nutrition Recommendation 
System

 
 



International Journal of Advanced Scientific Research and Engineering Trends 

40 

  

  

  



Survey On Vital: A Smart Supplement and Nutrition Recommendation System 

41  

 

 

 
Conclusion 
The Vital system offers an integrated web-based 
platform that brings together machine learning, 
natural language processing, and external 
nutrition data sources to generate personalized 
supplement and dietary recommendations. By 
evaluating user profiles, existing health 
conditions, and individual wellness objectives, 
the system delivers guidance that is more 
precise and context-aware than traditional 
generalized approaches. This individualized 
strategy enhances the overall effectiveness, 
reliability, and practical usability of nutrition 
recommendation systems. The platform also 
addresses several limitations found in existing 
solutions by emphasizing comprehensive health 
data analysis, intelligent recommendation 
generation, and secure data management 
practices. Its scalable architecture supports 
future expansion and improved accessibility. 
Potential future developments include mobile 
application integration, compatibility with 
wearable health devices, and further refinement 
of machine learning models to improve 
recommendation accuracy and user experience. 
These enhancements will strengthen the 
system’s contribution to personalized 

healthcare and support better long-term health 
outcomes [1], [15]. 
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