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ABSTRACT

The emergence of exotic diseases points out a pressing void for swift medical aid. In this project, the authors
focus on the recommendation of drugs utilizing a combination of patient reviews, disease description and
machine learning aided sentiment analysis. The methodology incorporates TF-IDF, Bag of Words, and
Word2Vec for feature extraction along with Logistic Regression and Multilayer Perceptron (MLP) as
algorithms. For training and testing of the models the authors utilized the DRUGREVIEW dataset publicly
available in UCI, reviews and drugs with ratings are used to anticipate drug outcomes. It was determined that
for predicting drug outcomes MLP shows greater efficiency than the rest, hence it was chosen as the core
algorithm in the developed system. Additionally doctors’ prescribed medications are supplemented with
suggested sentiments so that the chances of self medicine withdrawal are decreased and patients make better

choices with regard to the medications.
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INTRODUCTION:

Social media is now flooded with user generated content because of the growth of Web 2.0. This explosion has
led to many studies on sentiment analysis, a subfield that deals with what people think and feel about a product,
service, event, etc. simply put, analyzing reviews. Sentiment analysis or opinion mining can also be described
as the process of determining the sentiment acerca of a text. For feedback, it is quite common to be tagged as
positive or negative. However, for an accurate analysis such categories do not suffice and there is a need for

more depth classifying what a user truly requires, for instance the level of satisfaction or the effectiveness.
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In the particular area of medical check-up drug prescription recommended systems, the numerical sentiment

score calibration rather than simple yes/no response system has shown adequate importance These challenges
include overspecialization and data sparse aspects, scalability and even collaborative filtering CF, content based
CB and hybrid forms of recommendation. Integrating user reviews’ sentiment analysis into the recommendation

model has been shown to yield better recommendations’ predictions, a useful means in improving public health.

GAP IDENTIFIED BASED ON LITERATURE SURVEY:

Existing models doe based systems do not pay any attention to history and past experiences of the patients.
Most existing models are more fixed on the generalized medical practice protocols. Furthermore, traditional
ones hardly include the sentiment of the users particularly reviews of patients which would offer better

suggestions on medications.

The other important gap is that most of the robust feature extraction models and their application to the analysis
are employed and fully utilized. Some of the systems employ low level sequential, array or basic text analysis,
TF-IDF and Word2Vec with MLP models are however not used in this area. In addition, most existing models
concentrate on performance and hardly do optimization work which results in poor levels of accuracy and
reliability of drug prediction.

This project fulfills these objectives by proposing a recommendation system that focuses on machine learning
and drug review sentiment analysis. It performs feature extraction through TF-IDF and uses various high-
performance algorithms for predictions. It uses data provided by patients, and thus, creates a bridge between the
medical standards and how things are done in practice thereby improving the accuracy and trustworthiness of

drug recommendations.

PROBLEM STATEMENT:
Ninety percent of patients with a new or complicated disease face issues in understanding which medicine

would work for them and would end up causing horrendous health issues due to wrong medication.
Key Challenges:

1. Users' Emotions: The subjective cues in the reviews are tough to translate and thus can end in failure to add

meaning to the insights.

2. Feature Engineering: The extraction of the most appropriate features that will cater for efficiency in

machine learning models instilling accuracy.

3. Algorithm Classification: Machine learning algorithm that would give accurate and reliable predictions on

drugs.

4. Disease and Drug Lifecycles: Different disease and drug data exist and should be data should be different

disease and drug data and be robust and be thoroughly data driven.
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5. Solve Problems: The requirements in medical forecasting should meet the expectations of reality and what

patients expect.

PROPOSED METHOD:

The suggested approach involves the combination of sentiment analysis and machine learning as the key
elements of a trustworthy framework for drug recommendation. Preprocessing of the DRUGREVIEW data set
is carried out in order to obtain the reviews, the ratings and the names of the drugs. Methods of feature
extraction, such as TF-IDF, are used to convert text reviews into numbers. These features are used to train

various prediction models such as drug reviews including Logistic Regression and MLP models.

Of those models, MLP has the greatest accuracy thus was used for the final solution. To predict drug ratings, the
patients have to input the disease name and the system runs the suggested method to derive the cut-off drug and
a sentiment-based rating. So within such comparative analysis of algorithms accuracy is shown and graphical
outputs of performed models include model performance metrics. The part of sentiment analysis in conjunction

with machine learning provides this method with drug recommendations that are correct and easy to use.

ARCHITECTURE:
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DATASET:

This project is premised on the DRUGREVIEW dataset sourced from UCI repository. It has columns like drug
name, condition, reviews, and ratings. The reviews and ratings act as sentiment information while conditions
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and drug names provide the basis for mapping disease-drug relationship. In this case, cleansing involves the

deletion of stop words, patterns and irrelevant symbols, thus a clean dataset will be used to extract features.
Textual reviews are transformed from the original form and represented as TF-IDF vectors that reflect word
count and importance. These structured information are then used to train and test machine learning models

allowing the models to accurately predict the name of drugs and the corresponding rating for a specific disease.

METHODOLOGY:

Data Preprocessing

In this stage, the DRUGREVIEW dataset which contains reviews, ratings, drug names and conditions is
fetched.

The next step is to process the text so as to eliminate stop words, special symbols, and other non relevant fields.

The next step is to divide all the for the purpose of cross validation so that one part can be used to train and the

second part to test the performance of the model.
Feature extraction

Train each model and implement TF-IDIF to turn text reviews into numerical vectors that indicate how often

specific words were used and how important they are.
Employ Bag of Words and Word2Vec as other baseline methods for comparative feature extraction analysis.
Model Training:

Implement several machine learning techniques like Logistic Regression, Ridge Classifier, Naive Bayes, and
MLP.

Use TF-IDF vectors as features and drug names or ratings as labels for the task.

Use the following model evaluation strategies: accuracy, precision, recall and F1-score.
Performance Evaluation:

Rank algorithm performance to find out the best fit model in terms of accuracy.

Depict results with the help of comparative graphs where MLP performs better metrics.
Drug Recommendation:

Input disease names which are accepted from the test data.

Based on the prediction, select the drug that appears to be most effective and provide its rating based on

sentiment.
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Select drugs with high ratings for recommendations and make them credible for the patients.
Implementation and Testing:

Implement the system and EASY INTERFACE for dataset upload and TEST data upload.

Make predictions of diseases and drug recommendations with graphical representation on real time basis.
Graphical Visualization:

Plot graphs showing the distribution of dataset, the top drugs and performance metrics graphs.

Present the results of drug recommendation and predicted rating for them for clarity of understanding.

EVALUATION:

Precision:

True Positives
True Positives+False Positives

Formula: Precision —

Recall (Sensitivity):

True Positives

Formula: Recall = True Positives+False Negatives

F1 Score:

Formula: F1 = 2 x Precision = Recall
' Precision+Recall

Accuracy:

Correct Predictions
Total Predictions

Formula: Accuracy —

RESULTS:

Ratings Graph

1600 1

1400

1200

1000 -

800 4

600 4

= < = = = = = < = =
— o~ I - v o ~ o o =
=]

rating

X-axis represents ratings and y-axis represents total number of records which got that rating
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Top 20 Drug Name Graph
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All reviews stop words and special symbols are removed and in graph | am displaying TOP 20 medicines exist

in dataset. In above graph x-axis represents drug name and y-axis represents its count.

Logistic Regression Precision : 80.54683467044312
Logistic Regression Recall :79.30203003457763
Logistic Regression F1-Score :79.72928850771024
Logistic Regression Accuracy : 76.0

Linear SVC Precision : 70.51855963732795
Linear SVC Recall :71.1815169715316

Linear SVC F1-Score :70.46290195776827
Linear SVC Accuracy :67.80000000000001

Ridge Classifier Recall : 37.72383152495436
Ridge Classifier F1-Score :42.784203316921044
Ridge Classifier Accuracy :55.1

Multinomial Naive Bayes Precision : 41.32611772759363
Multinomial Naive Bayes Recall :47.984631801286945
Multinomial Naive Bayes F1-Score :43.14147322230588
Multinomial Naive Bayes Accuracy :47.199999999999996

SGDClassifier Precision : 41.32611772759363
SGDClassifier Recall :47.984631801286945
SGDClassifier F1-Score :43.14147322230588
SGDClassifier Accuracy :47.199999999999996

Multilayer Perceptron Classifier Precision : 99.96794871794872
Multilayer Perceptron Classifier Recall :99.72222222222221
Multilayer Perceptron Classifier F1-Score :99.84310356521149
Multilayer Perceptron Classifier Accuracy :99.9

All algorithms MLP has got high performance
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X-axis represents algorithm name and y-axis represents accuracy, precision recall and FSCORE where each

different colour bar will represents one metric and in above graph we can see MLP got high performance.

Disease Name: Rheumatoid Arthritis
Recommended Drug: Trintellix

Disease Name: Panic Disorde
Recommended Drug: Remeron
Predicted Ratings: 8.0

Disease Name: Depression
Recommended Drug: Dupixent
Predicted Ratings: 9.0

Disease Name: Underactive Thyroid
Recommended Drug: Implanon
Predicted Ratings: 0.0

Disease Name: Constipation
Recommended Drug: Buspirone
Predicted Ratings: 0.0

Each disease name application has predicted recommended drug name and ratings
CONCLUSION
The aim of this system is to recommend drugs by the use of machine learning artificial intelligence patients.
The integration of TF-IDF as a feature extraction and Multilayer Perceptron professional algorithms made
sound and reliable predictions. DRUGREVIEW publicly available resource offers capabilities through which
user sentiments and recommendations are connected bridging a missing link. The framework further strengthens
the argument on bringing trustworthiness and wider applicability within medical spheres on the dataset by

IJCRTAS02011 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | 94


http://www.ijcrt.org/

www.ijcrt.org © 2024 1JCRT | Volume 12, Issue 12 December 2024 | ISSN: 2320-2882
suggesting further work to be done on incorporating numerous diseases and live updates for realtime healthcare

systems.
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