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I. INTRODUCTION

Making a new drug can take around 12 years, costing about 
a billion euros before it even hits the market. A big reason 
for the time and money is that lots of molecules don't 
make it through the process. They say only 1 out of 5000 
drugs ever makes it to the pharmacies. 

This analysis is based on various research findings 
highlighting the drivers for sustainability that are important to 
Gen Z such as expectations around brand transparency, 
authenticity, and social responsibility. We also try to make 
guesses how these symptoms may be contradictory using the 
example of the value-action gap (i.e., the difference between 
the pro- sustainability attitude of individuals and their actions 
to buy) as many Gen Z purchasers are faced with financial 
issues and also competing with fast fashion trends which 
prohibits them from sustainable purchases.AI/ML is a branch 
which has undergone lots of action lately, especially with deep 
learning (DL). DL has done well in AI over the last decade. 
input. 

II. RELATED WORK

Fu et al. chatted about using the probabilistic and dynamic 
neural inference (PRIME) way to stand in for the usual point 
estimation with a big distribution that shows drugs and diseases. 
This way of looking at things can pick out solid predictions for 
changing tasks and make things work better. If you don’t know, 
you can check out the chemical space for new designs. Models 
are usually about how drugs and targets or drugs and diseases 
interact when you're giving drugs a new use [38]. 

Jimenez Luna et al. talked about how quantitative structure- 
activity/property relationship (QSAR/QSPR) stuff has switched 
from easy models like linear regression and k-nearest neighbors 
to ML tricks that work for everything, like support vector 
machines (SVM) and gradient boosting methods (GBM). The 
point is to handle tricky links between the chemical structure 
and its traits, but it can get hard to figure out what's going on 
[39]. 
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We're now seeing the first DL stuff being used in drug studies. 
This stuff can guess how active a drug will be and might fix 
some that come up when trying to find new drugs. AI is now a 
way to look for drugs. AI has stuff in it like symbolic AI, 
networks, DL, and algorithms. AI is basically when a machine 
acts intelligent like a human. Think of assistants, self-driving 
cars, planes, and video games – that's AI in daily life. 

Lately, medicine uses AI to take better care of patients 
by speeding things up and being more exact. This is so 
healthcare gets better overall. Machine learning (ML) looks 
at medical images, records, helping to diagnose and treat 
patients, making doctors better. I'm going to explain how 
AI-based DL is in medicine now, how it's used in different 
fields, and what might happen. Since the '60s, medicine has 
used AI to create molecules in different ways, with mixed 
results. People are using training datasets to train models. An 
example is the approach, which people use to guess about 
stuff like solubility, and activity. 
In this analysis, we explore shift in consumer preferences and 
purchasing behavior of Generation Z (Gen Z) regarding 
sustainable fashion where they are first cohort of "digital 
natives" and currently have significant purchasing power along 
with clearly defined environmental values shaping the future of 
retail. 
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Jamshidi et al. said that AI and things like DL and ML can 
help design drugs to fix the problems with old methods. Cool 
methods also let researchers use services that are simple and 
work to fix stuff. They checked out a DL setup to see how well 
these tricks worked [40]. 

Arpaci et al. highlighted that many studies uses simple 
sorting tricks and didn't try harder stuff. This means folks can 
do more research and work on cooler tricks, like making new 
ones or improving what's out there. Getting to patient data is 
also tough, so it's hard to use ML right. Getting patient info is 
another thing that makes using ML tricks hard. 

Fig. 1. Architecture of the proposed AI-based document 
ingestion and content generation system 

Muniz Castro and team said that AI could really change how 
3D printing works in the drug industry by looking at tons of 
data. They used info from research papers to predict how 
different parts of the 3D printing and dissolving process would 
work, then made AI-ML models. They checked out 968 
formulas from 114 papers. The ML algorithms learned stuff 
and got pretty accurate, like 93% for some hot melt extrusion 
stuff. Also, these systems could guess how 3D-printed drugs 
would be released based on what they were made of and some 
other things [42]. 

Fields and others said that ML algorithms, like neural 
networks and SVM models, helped them find new 
antimicrobial peptides (bacteriocins) from bacteria. These 
could become new antibiotics. The bacteriocins were turned 
into complicated vectors. The ML algorithm then took those 
vectors and used them to make new ones that kept the 
important parts of the old ones. From these, they made 676 
new bacteriocins that weren't like the starting ones. Using a 
sliding window trick, they created 28,895 peptides for testing. 

III. OVERVIEW OF THE PROPOSED MECHANISM 

This new system improves on older healthcare setups with a 
personalized health helper that uses AI. People can type in 
their symptoms on a simple screen. Then, the system looks at 
the info with machine learning to guess what sicknesses are 
likely and suggest what to do. We have also added a chatbot 
that gives quick answers to common health inquiries, provides 
guidance, and assists patients when needed. The system further 
includes medication alarm to guide with medicine doses. 
Moreover, it maintains the confidentiality of patient data 
through secure storage and controlled access protocols. 
Essentially, this solution provides reliable, trustworthy, and 
accessible health support while promoting greater patient 
engagement in self-care treatments. 

IV. SYSTEMARCHITECTURE ANDMETHODOLOGY

Initially, we established the primary objective: develop an 
intelligent health assistance system to provide an easy 
personalized recommendations. This includes guidance on 
lifestyle improvements, food advice, and medicine information. 
The system analyzes user symptoms and health data to generate 
reliable suggestions. Subsequently, we collect data to train on AI 
model. This encompasses behavioral patterns, dietary 
information, symptom profiles, and medical history - a 
comprehensive dataset. We sourced this information from 
established health databases or created our own data that 
accurately represents authentic medical scenarios. Since raw 
data is messy, we cleaned it up – got rid of doubles, filled in 
blanks, and tweaked it all to make it usable. After that, we 
poked around the data. We used charts and stats to see how 
things lined up, like how lifestyles link to risks, spot weird stuff, 
and see trends in symptoms. This helped us tweak the project 
and dodge mistakes. Then, we cooked up new stuff like BMI 
scores and risk levels. We only kept what mattered, so the AI 
could run faster and better. Time to pick the brains! We tested 
things like Decision Trees, Random Forest, and a few others. 
We split the data into training and testing piles. During training, 
we tweaked the models to be as right as possible without going 
haywire. Once happy, we judged each model with scores like 
Accuracy and picked the champ for the job. 

We built the whole thing in places like Jupyter Notebook. Then, 
we threw fake patient info at it to check if the advice made 
sense, followed health rules, and if the model handled weird 
symptom mixes. If things were off, we fixed the data, tweaked 
the model, and tried to broaden what it knew to up the system's 
game. Last, we wrote down everything – steps, what is wrong, 
what is right – in a report. Charts, graphs, the works! This backs 
up the system and helps show it off. Even though this is mostly 
software, you need a standard laptop or desktop with enough 
memory, a decent processor, and storage to build and test it. A 
graphics card will help if you work with a Neural Network. But, 
to make it run predictions and get suggestions, you only need a 
basic system with a web browser or Python. So the AI 
healthcare platform is built to be easy to use, give spot- on 
advice, and keep data moving smoothly. It’s set up in layers, 
starting with what you see on your screen. You type in how 
you’re feeling, what you do daily, what you eat, and some basic 
health info. The chatbot or advice panel gives you answers. 
Everything you type in is kept safe and sent to the brains of the 
system. 

Published by : International Journal of Engineering Research & Technology (IJERT)
https://www.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 14, Issue 06, ACSCON - 2026

IJERTCONV14IS060017 Page 2

(This work is licensed under a Creative Commons Attribution 4.0 International License.)



Next, all that health stuff is gathered and kept safe - your 
records, symptoms, habits, and past health info. The security is 
tight to protect your info. Then, the data gets cleaned up. Any 
weird stuff or blanks are fixed, so everything’s consistent. 

Automated The System Architecture and Methodology for 
After that, the cleaned-up data goes to the machine learning 
part. This is where the magic happens. Different types of 
machine learning models are used, like Decision Tree, 
Random Forest, and Neural Networks. They’re trained with 
old data to figure out how symptoms and conditions link 
together. The models are tweaked to make predictions as spot- 
on as possible. Then, they sit ready to make real-time 
predictions. 

Fig 2. Proposed Architecture 

Finally, the system uses those AI models to look at what 
overall rate of correct classifications. Precision and recall 
assessed you’ve entered and guess what conditions you might 
have and the model's ability to minimize classification errors, 
specifically what you can do to stay healthy. It spits out what 
conditions both false positive predictions (incorrectly 
identifying healthy are likely, how to live better, what to eat, 
and some advice on patients as ill) and false negative 
predictions. 

V. PERFORMANCE EVALUATION

We tested our AI healthcare tool to see if it could accurately 
predict diseases and give good health advice. To make sure the 
test was fair, we split the data into two groups: one for training 
the AI and one for testing it. We tried out  few machine 
learning methods like Decision Tree, Random Forest, Logistic 
Regression, KNN, and a simple Neural Network. We wanted 
to find out which one worked best for predicting health issues. 
We checked how well each one did using common 
measurements like accuracy, precision, recall, F1-score, and 
ROC-AUC. This helped us understand how well they sorted 
things and where they made mistakes. The tests showed that 
Random Forest, an ensemble method, did better than anything 
else. It was more accurate and had a better mix of precision 
and recall. This means it was good at spotting health problems 
without making too many wrong predictions. Logistic 
Regression and KNN were okay for simple stuff, but they 
struggled with more complicated situations. The Neural 
Network learned well, but it needed more tweaking and took 
more computer power. 

 
Fig 3. Performance Metrics 

We also evaluated the system using sample patient data to assess 
whether its predictions were consistent, efficient, and clinically 
useful. The system demonstrated rapid performance and generated 
predictions and recommendations that were clinically sound. We 
tested our AI healthcare system to evaluate its predictive accuracy, 
reliability, and practical usability. We implemented multiple 
machine learning models using standardized parameters to ensure 
fair comparison across approaches. We partitioned the data into 
training and testing sets using an 80/20 split, and additionally 
employed k-fold cross-validation to verify that our models were 
not overfitted to specific data subsets. This approach ensured that 
our results would remain robust across different data 
configurations. To evaluate model performance in healthcare 
prediction tasks, we employed several evaluation metrics. 

VI. EXPERIMENTALSETUP AND RESULTS
Our AI healthcare system evaluates the performance, reliability,

and scalability of the machine learning models. All testing
procedures were conducted with controlled software
environment on a standard computer equipped with an Intel i5
processor, 16 GB of RAM, and operating on either Windows or
Linux platforms. We picked Python as our main coding
language since it's great for machine learning and looking at
data. We used NumPy and Pandas to play with the data,
Matplotlib and Seaborn to make charts, and Scikit-learn to
build, train, and test the models. We coded in Jupyter Notebook
and Visual Studio Code, which made it easier to test stuff, fix
problems, and check the results

The data we used had health info like age, what problems 
people said they had, their habits, what they ate, and basic 
health numbers. We obtained this data from public health sources 
and generated synthetic records to fit the dataset size and 
improve balance. Prior to model training, we cleaned the data by 
removing duplicates, addressing missing values through 
preprocessing techniques, normalizing numerical features to a 
standard scale, and encoding categorical variables as numerical 
representations. We additionally found new features such as 
BMI, activity level, and composite health risk scores to enhance 
the model's ability to identify diseases and problems. For model 
development, we implemented multiple machine learning 
approaches including Decision Tree, Random Forest, Logistic 
Regression, K-Nearest Neighbors, and a basic Neural Network. 
We partitioned the data into training and testing sets using an 
80/20 split to ensure robust model evaluation. 
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Subsequently, we optimized the models to achieve maximum 
performance while preventing overfitting to the training data. 
Each model was trained using identical procedures to ensure 
fair comparison. We evaluated model performance using 
standard metrics including accuracy, precision, recall, F1- 
score, and ROC AUC to obtain a comprehensive assessment of 
predictive capabilities across different outcomes. The 
evaluation results demonstrated that Random Forest models 
achieved superior performance with high accuracy and 
balanced metrics. This indicates strong capability in 
identifying complex interactions between symptoms, 
behavioral patterns, and health outcomes. Logistic Regression 
and KNN performed adequately for straightforward 
relationships but showed limitations when handling complex 
interactions. The Neural Network showed potential but 
required additional optimization and computational resources 
to achieve consistent performance. The system demonstrated 
rapid prediction capabilities, indicating practical feasibility for 
real-world implementation. Additional validation was 
conducted using diverse synthetic patient profiles to assess 
system robustness and consistency. The system generated 
reliable predictions and provided meaningful health 
recommendations across various scenarios, even when 
accommodating fluctuating symptoms and behavioral patterns. 
Validation feedback was incorporated to refine the model and 
enhance recommendation quality. Overall, the evaluation 
confirmed that the system effectively leverages machine 
learning to deliver accurate, scalable, and personalized health 
guidance. This suggests significant potential for supporting 
clinical decision-making processes and facilitating patient 
self-management initiatives. 

VIII. CONCLUSION 

This AI healthcare system shows how tech can make 
healthcare system better through personalized, data-backed 
suggestions. The system checks factors such as symptoms, 
lifestyle habits, and diet habits to provide personalized 
recommendations for health improvement, diet planning, and 
basic medical suggestion. Additionally, it demonstrates how 
machine learning algorithms can identify health problems at 
early stages, supporting preventive care and reducing the 
bigger complications. This capability enables both patients and 
healthcare providers to make informed decisions and respond 
promptly to emerging health problems. Testing results indicate 
that AI- driven recommendations can help in patient health 
outcomes and promote self-care practices, ultimately reducing 
hospital visits for minor health issues. While the current 
implementation functions effectively and gives positive 
results, several opportunities exist for future system. Future 
improvements could incorporate real-time health monitoring 
data from wearable devices, expand datasets to improve 
predictive accuracy, and develop the system into a carrying 
device or mobile applications to make it easy to use. Overall, 
this project represents a solid base for using artificial 
intelligence to make healthcare more accessible, personalized, 
and effective. This project demonstrates the practical use of 
machine learning technologies in healthcare problem-solving 
by translating existing knowledge into actions. The system 
promotes health awareness and encourages proactive self-care 
through evidence-based decision-making. Furthermore, it 
addresses critical ethical considerations, including data privacy 
and security protocols, ensuring appropriate deployment 
within healthcare environments. Testing has validated that 
AI-powered healthcare systems can operate effectively even 
with limited computational resources. In summary, this 
project establishes a framework for continued research in 

intelligent healthcare systems and digital health 
technologies. 
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