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ABSTRACT

Sentiment analysis as a branch of Natural Language Processing (NLP) is becoming
more useful in healthcare by helping understand patient feedback about medicines.
This study aims to improve how we evaluate drug effectiveness by combining
advanced NLP techniques and machine learning methods. We also propose creating
a Drug Recommendation System to support healthcare professionals in choosing
the right medicines. Our study takes this further by introducing five sentiment
levels: Frustrated, Bad, Neutral, Good, and Excited, based on patient ratings. We
utilized a dataset obtained from the UCI Machine Learning Repository for this
research and collected additional data to balance the dataset. The text data is cleaned
and prepared using NLP techniques such as breaking text tokenization involves
dividing or cutting the text into small pieces and eliminating punctuation and
unnecessary words, and converting words to the root or base forms (stemming and
lemmatization). For understanding text better, we used methods like Bag of Words
(BoW), Term Frequency-Inverse Document Frequency (TF-IDF), Word2Vec, and
manual feature creation. To handle uneven data and improve results collected
additional data and also we used SMOTE-SO-MAK, a technigue that creates extra
samples for less common sentiment categories. Among the different machine
learning models tested, Logistic Regression (LR) gave the best results. We checked
the system’s accuracy and performance using measures like precision, recall, F1-
score, and overall accuracy. This study improves drug recommendation systems by
integrating the latest NLP, machine learning algorithms and data balancing, and

testing methods.
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CHAPTER 1

Introduction

1.1 Introduction

Sentiment analysis involves categorizing opinions expressed intext to assess an
individual’s attitude towards a particular area. Significant research has been
focused on areas like electronic products, movies, restaurants, etc. but in public
health and medical fields, different sentiment analysis is less studied. To understand
aspects of how drug reviews may be used to reveal previously undocumented side
effects and how it may be used to turn health care professionals’ attention to what
may be a dangerous side effect associated with a particular medication. Earlier
literature review has revealed that sentiments are usually categorized into positive,
negative and neutral [1]. Our study introduces a more detailed classification system
with five sentiment levels: Frustrated, Bad, Neutral, Good, and Excited. These
categories are derived from user ratings and help identify potential adverse
reactions or side effects. The dataset used in this study, sourced from the UCI
Machine Learning Repository, organizes ratings into Excited (7-10), Good (6),
Neutral (5), Bad (4), and Frustrated (1-3). The dataset includes 161,297 reviews
distributed as follows: Excited with 106,866 entries, Frustrated with 35,063 entries,
Neutral with 8,013 entries, Good with 6,343 entries, and Bad with 5,012 entries.
For handling class imbalance in the given dataset, we collected additional data and
used SMOTE technique with a change in density of minority classes to be 70% of
the majority class. This approach generates synthetic samples, improving the
model’s ability to detect patterns in all classes and enhancing predictive accuracy.
After applying SMOTE, our models achieved a higher accuracy of 86.86%.

Preprocessing of text and feature extraction are important in enhancing the
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performance of any machine learning models. In this study, preprocessing steps
included converting text to lowercase, tokenization, removing punctuation,
eliminating stopwords, stemming, and lemmatization. These steps ensured clean
and consistent data for analysis. We used TF-IDF and Count-Vectorizer with
various n-gram ranges, such as unigrams, bigrams, trigrams, and higher N-grams
to capture contextual patterns in the text. We employed eleven machine learning
models to predict patient sentiments based on drug reviews. These models include
Logistic Regression, Support Vector Classifier, Decision Trees, Extra Trees
Classifier, Random Forest, Naive Bayes, K-Nearest Neighbors, AdaBoost, Bagging
Classifier, Gradient Boosting Decision Tree, and XGBoost. Each model was
evaluated using metrics like accuracy, precision, recall, and F1-score. The best-
performing model was validated employing 10-fold cross-validation for improved
reliability of the results. In addition to sentiment analysis, we developed a
recommendation system to suggest medicines based on user input. By converting
textual data into numerical features using Count-Vectorizer, the system identifies
the most relevant medicines for user concerns, offering a practical tool to support
better healthcare decisions. This study aims to refine the role of sentiment analysis
applied to the drug reviews through advanced machine learning techniques and

provide a reliable recommendation system for effective healthcare support.

Two bullet point:

e To refine sentiment analysis in drug reviews by employing a multi-class
text classification system and advanced machine learning models to better
capture nuanced user sentiments and enhance the recommendation
process.

e Enhanced the accuracy of previous research by selecting optimal feature
extraction methods and effectively applying machine learning algorithms
and developing a recommender system to assist most relevant medicines
based on a user’s specific input problem.

©Daffodil International University 2



1.2 Motivation

This research is based on the emerging awareness of analyzing sentiment data
growing in the healthcare sector, specifically regarding patients’ views on
medications. Existing research predominantly categorizes sentiments into broad
classes like positive, negative, or neutral, which may not capture the nuanced
experiences and concerns that patients have about drug effectiveness. This study
seeks to advance the field by introducing a multi-class sentiment classification
system with five levels—Frustrated, Bad, Neutral, Good, and Excited—allowing
for a more detailed and accurate analysis of patient sentiments. By employing
advanced NLP techniques and machine learning methods, this research aims to
improve drug effectiveness evaluation and support healthcare professionals in
making better medication choices. The Drug Recommendation System developed
in this study offers personalized recommendations based on detailed sentiment
analysis, overcoming the constraints of the conventional system that mostly focuses

on the names of medicines.

1.3 Rationale of the Study

Data-Driven Drug Risk Assessment: By applying sentiment analysis to patient
reviews, the study aims to identify potential drug risks from real-world data rather
than relying solely on clinical data, which may miss rare or delayed adverse effects.
Enhanced Predictive Models: The study utilizes advanced machine learning models
to predict ADRs based on patient feedback, aiming for greater accuracy. This

involves using text-based reviews to capture nuanced patient experiences.

Comprehensive Feature Engineering: By employing various methods of feature
extraction — for instance, TF-IDF, n-grams, and advanced preprocessing steps—the

study enhances model performance, allowing for a more precise understanding of
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sentiment toward drug effectiveness and side effects. User-Friendly Health
Decision Support: The recommender system developed in this study is designed to
provide clear insights for users, helping them make informed decisions about
medication based on aggregated patient experiences and the likelihood of ADRs.
Potential for Broader Applications: Beyond ADR detection, this approach could be
adapted for other healthcare applications, such as monitoring patient satisfaction,
identifying mental health concerns from textual data, or gauging responses to
treatment plans based on patient sentiment.

1.4 Research Questions

Why is a recommendation system needed in healthcare, particularly for drug

effectiveness evaluation?

Why should sentiment analysis be applied to drug review data for better healthcare

outcomes?

Why is consulting a recommendation system crucial for understanding potential
side effects before purchasing medicine?

Can Al models fully understand the complexities of human emotions expressed in

text reviews of medications?

Is the predicted result useful for that??

1.5 Expected Output

The expected contribution to this study is the designing of a next generation Drug

Recommendation System that employs both sentiment analysis coupled with
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machine learning in improving the detection and, perhaps as well, anticipation of
ADRs. By moving beyond broad sentiment categories, the system aims to offer a
more granular understanding of patient experiences with medications,
incorporating five sentiment levels: Frustrated, Bad, Neutral, Good, and Excited.
The study also addresses class imbalance through techniques like SMOTE-SO-
MAK, improving model performance and accuracy. It is also expected to design
advanced feature engineering methods that will be based on the patient’s feedback
to provide medication recommendations. The intent is to provide a tool that is easy
to use, functional and that ultimately enhances patients’ results while negating the
potential adverse consequences. Contribution to Public Health: Support for
public health initiatives by identifying potential risks associated with medications,
thereby enhancing drug safety and overall healthcare quality. So, being consistent
and following the structure, there will be a positive outcome in the long run, day by
day. Development of a Drug Recommendation System: Creation of a system that
assists healthcare professionals and patients in making informed medication
choices based on sentiment analysis. Enhanced Sentiment Analysis: Improved
accuracy in classifying drug reviews, leading to better identification of adverse drug
reactions and insights into patient experiences. Research Contributions to Public
Health Literature: Documentation of findings and methodologies that contribute
to the academic understanding of sentiment analysis applications in the medical

field, supporting future research and public health initiatives.

1.6 Report Layout

Chapter 1: The research topic's historical and contextual information is presented
in the introduction, along with the investigation's challenge or query and the study's

goals and relevance. This section includes the introduction of the paper in 1.1, the
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inspiration for the subject of the study in 1.2, the justification for the study's conduct
in 1.3, the anticipated results of this article in 1.4, and the summary or format of the

document in 1.5.

Chapter 2: An initial appraisal that provides a brief synopsis of the research
conducted on this topic is included in the background study. The applicable
intelligence technology research is described here. Moreover, the challenges we

faced while doing this study demonstrated the size of the issue.

Chapter 3: The main concepts of data set handling and model generation have been
comprehensively covered in this section. In 3.1, the research approach is
introduced; in 3.2, how the dataset is assembled; in 3.3, how the dataset is sterilized;
in 3.4, the preliminary processing strategy of the dataset; and in 3.5 and 3.6,

respectively, the recommended approach and the implementational prerequisites.

Chapter 4: This section assessed and looked into the output of our predictive
framework. For ease of understanding, it incorporates all the results from the
graphical description. This section comprises the evaluation of the paper and the
experimental findings. The introductory part in 4.1, the result investigation in 4.2,
the confusion matrix and classification report resemblance of the outcomes in 4.3
and 4.4, the precision of the validation and training in 4.5, and the discussion of the

results segment in 4.6.

Chapter 5: The repercussions of marine life freshness on the community, the
surroundings, as well as sustainability are briefly addressed in 5.1, 5.2, 5.3, and 5.4

accordingly.

Chapter 6: In accordance with 6.1, 6.2, and 6.3, an overview of the accomplished

study, a conclusion, and potential future research are shown in this section.
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CHAPTER 2
Background Study

2.1Terminologies

There has been substantial progress in applying sentiment analysis (SA) with
machine learning algorithms. Many research studies have explored drug-related SA
using various preprocessing and feature extraction techniques. However, achieving
high accuracy in drug SA remains a challenge due to inappropriate preprocessing
methods, inadequate feature extraction, and unsuitable training parameters.
Additionally, the lack of ground-truth datasets often limits these studies, with many
relying on small datasets to train machine learning or deep learning algorithms.
Many types of research generally practice binary (positive and negative) or
multiclass (positive, neutral, and negative) categorizations, which are not very
detailed. For this research, we employed the Drugs.com dataset obtained from the
UCI Machine Learning Database, which is a widely popular provider of machine
learning datasets based at the University of California, Irvine. This study advances
drug recommendation systems by integrating state-of-the-art natural language
processing (NLP) techniques, machine learning cross-validation, and data
balancing methods to implement a robust multiclass text classification system. Our
approach categorizes sentiments into five levels: Excited, Good, Neutral, Bad, and
Frustrated, providing a more nuanced understanding of user feedback and
supporting informed decision-making in medication management. Analysis of
sentiments in drug reviews may currently provide significant information on the
experiences of individuals as regards the certain drugs, supplements, or health
products. Critiques may also be identified through sentiment analysis and catalogue
automatically according to the sort of feel being portrayed and this information may

assist healthcare suppliers, manufacturers and researchers to know the efficacy and
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downsides of medication. As people increasingly share their experiences online,
extracting accurate sentiments from the vast amount of data has become a
challenging task. This research applies to the difficulty of performing sentiment
analysis in the medical domain by dealing with defying issues like lack of labeled
data that are crucial for emotion categorization. Further, we provided healthcare
providers and manufacturers with recommendations to help analyse their strengths
and weaknesses in an attempt to refine the delivery of health care services and
patients satisfaction.

2.2 Related Work

Wael M.S. et al. [20] emphasizes the analysis of Arabic-language health-related
content, focusing on herbal treatments for diabetes through YouTube comments.
The ADHTD dataset was created specifically for this purpose. The preprocessing
techniques included stemming and stop-word removal, crucial for handling Arabic
text effectively. The authors tackled data imbalance with SMOTE, which generates
that creates synthetic samples for minority classes and balances the dataset
significantly. The study demonstrates the importance of preprocessing and data
balancing for achieving high-performance sentiment classification, especially in

non-English contexts.

Vijayaraghavan et al. [19] explored the role of Natural Language Processing (NLP)
in improving drug review classifications and user rating predictions. They
examined the contextual significance of words in reviews and tested various
machine learning (ML) and deep learning (DL) models, including SVM, Neural
Networks, and RNNs. By comparing Count Vectorizer (CV) and TF-IDF for

feature extraction, they provided valuable insights into which techniques work best
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for sentiment analysis tasks. This research sheds light on the potential of NLP
algorithms in refining sentiment predictions and understanding user feedback in

drug reviews.

Suhartono et al. [21] highlights the use of convolutional neural networks (CNNSs)
with advanced word embedding techniques like GloVe and Word2Vec. GloVe
embeddings achieved a higher accuracy (84.56%) compared to Word2Vec
(80.52%). They further experimented with transformer-based models like BERT
and RoBERTa, demonstrating the enhanced capabilities of modern deep learning
techniques in handling complex sentiment classification tasks. This work
showcases how state-of-the-art architectures improve performance and sets a

benchmark for future research.

Garg et al. [18] developed a drug recommender system that uses sentiment analysis
to assist medical professionals in making informed decisions. They employed
machine learning classifiers with feature extraction techniques like TF-IDF. The
LinearSVC model stood out, achieving 93% accuracy. This study emphasizes the
integration of sentiment analysis in recommender systems for healthcare,
highlighting its potential to enhance treatment accuracy and reduce errors,

especially in resource-constrained settings like rural areas.

Shreehar Joshi et al. [22] focuses on the multiclass classification of drug reviews
into positive, neutral, and negative sentiments. Using models like SVM, Naive
Bayes, and Random Forest, the study revealed that SVM achieved the highest
accuracy of 80%. This underscores the efficiency of SVM in handling text data and
its superiority in achieving reliable predictions in multiclass sentiment

classification tasks.

Tharunya et al. [17] proposed a system combining sentiment analysis and machine

learning to recommend drugs. The study employed models such as Logistic
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Regression, SVM, Decision Tree, SGD, and Naive Bayes for sentiment
classification. The authors also suggested integrating demographic and chemical
details into the system to enhance accuracy. This study points toward a future

direction for personalized medicine based on sentiment analysis.

Marthin et al. [16] using TF-IDF and Latent Semantic Analysis (LSA) for feature
extraction, this study achieved high accuracies with Random Forest (84%) and
SVM (83%). The focus was on optimizing traditional machine learning models for
efficiency and accuracy, making this study a valuable reference for researchers
working on resource-efficient SA models.

Sivakumar et al. [15] used LSTM which falls under category of Recurrent Neural
Networks to classify the drug reviews into sentiment; positive, neutral negative. As
a rule-based sentiment analysis tool, Vader Lexicon was applied for pre-processing
the sets. With the explanatory results equal to 82.6%, the study proves the
efficiency of deep learning approaches to the sentiment classification based on the

text material.

Mohammed Nazim et al. [23] compared several ML models, including SVM, Naive
Bayes, Logistic Regression, and Random Forest, for sentiment classification of
drug reviews. With an accuracy of 85%, SVM emerged as the best-performing
model. This reinforces the idea that SVM remains a strong choice for sentiment
analysis tasks due to its ability to handle high-dimensional data effectively.

Garg et al. [10] explored binary sentiment classification using several ML
algorithms. Logistic Regression (LR) delivered the highest accuracy of 91%,
outperforming other methods. By testing various feature extraction techniques, the
research highlighted the role of robust algorithms and preprocessing in achieving

high accuracy in binary sentiment classification.
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Kyaing et al. [11] focusing on a multiclass dataset collected from WebMD, this
study applied a linguistic approach to drug sentiment analysis. It achieved an
accuracy of 69%, surpassing the performance of SVM models used for comparison.
This work emphasizes the importance of domain-specific linguistic features in

enhancing sentiment classification.

Korkontzelos et al. [12] investigated sentiment analysis features to detect adverse
drug reactions (ADRs) in online posts. Using binary classification, their models
achieved an accuracy of 80%. This research highlights the importance of
identifying ADRs from social media, providing a practical application for

sentiment analysis in pharmacovigilance.

Sridevi et al. [14] proposing an ontology-based model, this research integrates
domain knowledge like drug names and medical conditions into sentiment analysis.
This approach improves classification accuracy by resolving ambiguities in textual
data, showcasing the potential of combining domain expertise with machine
learning techniques.

Balahur et al. [9] used Twitter datasets to explore unigram and bigram features with
SVM models. This research demonstrated the value of combining simple textual
features for supervised machine learning approaches to sentiment analysis,

providing foundational insights for future work.

Salas-Zarate et al. [7] applied aspect-based sentiment analysis on diabetic-related
tweets, benchmarking three N-gram extraction methods. The "N-gram around"
technique, which considers words before and after the aspect, proved most
effective. This study highlights the importance of aspect-level analysis in

understanding context within sentiments.
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Jiangiang et al. [6] combining prior polarity scores with n-gram features, this study
created an ensemble classifier for sentiment analysis. Logistic Regression, with an
accuracy of 86%, outperformed the baseline, showcasing the strength of ensemble

models in improving sentiment analysis accuracy.

Whitehead et al. [5] explored ensemble methods such as bagging and boosting,
demonstrating their superiority over single classifiers. By applying these techniques
on diverse datasets, the study provided practical insights into ensemble learning for

sentiment analysis.

Noferesti et al. [4] focuses on sentiment classification of patient reviews. The
paper’s emphasis on preprocessing and data processing methods provides

transferable insights for sentiment analysis in healthcare applications.

T. Chen et al. [3] proposed a fuzzy-rough feature selection model, using Bag-of-
Words (BOW) and TF-IDF techniques for sentiment classification. Achieving 67%
accuracy with Random Forest, this research highlights the importance of feature

selection in handling noisy datasets.

2.3 Comparative Analysis and Summary

The evolution of sentiment analysis (SA) techniques in healthcare, particularly
for drug reviews, highlighting diverse methodologies and datasets.
Preprocessing and data handling are critical, with Wael M.S. et al.
emphasizing stemming, stop-word removal, and SMOTE to balance
imbalanced datasets. Similar importance on preprocessing was noted by
Noferesti et al. and Korkontzelos et al., especially for tasks like adverse drug

reaction detection. Traditional machine learning models, such as Logistic
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Regression (LR) and Support Vector Machine (SVM), demonstrated
consistent performance, with Garg et al. [10] achieving 91% accuracy in
binary classification using LR, and Shreehar Joshi et al. [22] attaining 80%
accuracy for multiclass classification with SVM. Ensemble methods, explored
by Whitehead et al., proved superior to standalone models, while advanced
techniques like Bagging and Boosting further enhanced performance in tasks
requiring robust generalization. Deep learning methods, including CNNs,
LSTMs, and transformers like BERT and RoBERTa, showcased superior
accuracy in capturing complex sentiment patterns, as evidenced by Suhartono
et al.,, with CNNs achieving 84.56% accuracy using GloVe embeddings.
However, these approaches often come with higher computational costs.
Feature extraction techniques also play a vital role, with TF-IDF frequently
outperforming Count Vectorizer by capturing contextual nuances, as
demonstrated in studies by Vijayaraghavan et al. Advanced embeddings like
GloVe and Word2Vec, as utilized by Suhartono et al., further improved
performance in deep learning applications. Specialized approaches, such as
aspect-based sentiment analysis by Salas-Zarate et al. and drug
recommendation systems by Garg et al. [18], underscore the value of tailoring
models to specific domains. The integration of demographic and domain-
specific features, as suggested by Tharunya et al., points to promising
advancements in personalized medicine. In summary, while traditional
machine learning models like LR and SVM remain effective for structured
datasets, the future of SA lies in leveraging deep learning techniques,
ensemble methods, and domain-specific optimizations to address the growing
complexity of healthcare data. This progression underscores the importance of
combining advanced algorithms, preprocessing strategies, and domain
expertise for robust and reliable sentiment classification. By evaluating model

performance, preprocessing methods, and user feedback insights, this research
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seeks to identify the most effective approaches for analyzing patient
sentiments. The expected outputs will significantly enhance patient safety,
empower informed decision-making, and improve healthcare outcomes. By
implementing a robust drug recommendation system, healthcare professionals
will be better equipped to support patients in navigating medication choices.
The findings of this research will contribute to advancing public health
initiatives and enhancing the overall quality of healthcare delivery. This
research advances drug recommendation systems by integrating state-of-the-
art NLP techniques, machine learning, deep learning, cross-validation, and
collected additional data and data balancing methods, Multi-class Text
Classification, leading to improved performance and supporting more

informed decision-making in medication management.

2.4 Scope of the Problem

The generalisation of the findings is also limited because the research mainly
draws inference from data available at the UCI Machine Learning Repository,
additional variables that may influence the sentiment of a patient have not been
included. This limitation can perhaps hamper actualization of the model in real
life health facilities since patient experiences may not always be the same.
Patient satisfaction may also be different around the world and patient culture
may affect attitude and this work does not reflect that. As far as I know, no
one prior to me examined multiclass SAs of drug reviews that were crawled
from drugs.com and which garnered a great accuracy score utilizing ML
algorithms. If patients provide inaccurate information, the drug

recommendation system may not be struggle to identify appropriate
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medications. This can lead to misguided recommendations, as the system
relies on the accuracy of user-generated data to evaluate sentiments and assess
drug effectiveness. Consequently, erroneous feedback can distort the
underlying analysis, potentially resulting in adverse outcomes for patients and
undermining the system's credibility. Ensuring data accuracy and encouraging
patients to provide truthful and detailed information are crucial for the
reliability of the recommendation system. While our research addresses
numerous medication side effects, many drugs may not be included in the
analysis. This absence can lead to confusion within the recommendation
system, as it may not struggle to provide accurate guidance for medications
not represented in the dataset. When patients inquire about these unlisted
drugs, the system may be unable to generate reliable recommendations or
accurately assess potential side effects, ultimately compromising patient
safety and care. To enhance the system's effectiveness, it would be beneficial
to continually update the dataset and incorporate a wider range of medications
and their associated side effects. Many medications share similar side effects,
which can lead to confusion among patients when using the recommendation
system. This overlap makes it challenging for patients to distinguish between
the side effects of different drugs, potentially resulting in misinterpretation of
their experiences and concerns. When patients encounter common side effects,
they may struggle to identify which specific medication is causing their.
Symptoms, leading to uncertainty about treatment decisions. To mitigate this
confusion, the recommendation system should include clear, comprehensive
information on side effects, along with contextual guidance to help patients
understand the relationships between different medications and their

associated risks.

©Daffodil International University



2.5 Challenges

Advance NLP Techniques: Implementing advanced Natural Language Processing
(NLP) techniques can be complex due to the need for accurate text preprocessing,
feature extraction, and model selection, which may require extensive expertise and
fine-tuning. Machine Learning Model: Developing robust machine learning models
necessitates careful selection of algorithms, hyperparameter tuning, and validation
to ensure accurate and reliable predictions. Cross-Validation: In this regard, cross-
validation is a critical part of model testing, but integrating this process takes time and
becomes increasingly complex with large datasets and may obscure the analysis results.
Data Balancing Methods: Effectively collected additional data in various dataset,
internet source and also applying data balancing techniques (like SMOTE) is
critical to address class imbalances, but finding the right approach and ensuring the
quality of synthetic data can be challenging. Multi-class Text Classification:
Accurately classifying text data into multiple sentiment categories requires
sophisticated algorithms and may be hindered by ambiguous or overlapping data
points. Improved Performance: Achieving significant performance improvements
across various metrics (accuracy, precision, recall) necessitates a comprehensive
approach to model development, evaluation, and continuous refinement.
Recommender Systems Build: Building an effective recommender system that can
adapt to user preferences and personalized recommendations involves challenges
in understanding user needs and integrating diverse data sources than provide

medicines.

©Daffodil International University 16



CHAPTER 3
Research Methodology

3.1 Introduction

This research uses modern Natural Language Processing (NLP) and high-level
embrace of Machine Learning (ML) to accomplish the necessary task of sentiment
analysis of the drug reviews efficiently. The process starts with data cleansing to
eliminate all sorts of data inconsistencies that may hinder the analysis process.
Some of these includes: converting all text to lowercase, collapsing sentences to
words, eliminating special characters and eradicating stop words. Stop words and
word stemming and lemmatization are used to preprocess the data and getting it in
a usable form for training the model. For this study, we employed a database
acquired from UCI official site of Machine Learning Database and merged it with
other dataset for balancing the data. Also, there is class imbalance in the dataset; to
tackle this, there is a combining technique known as SMOTETomek This technique
uses SMOTE to create a new instance, especially for the minority class while
Tomek Links to remove noisy data or overlapping data. This combined two-part
approach makes the data more balanced and the results more accurate in each class
so that there is less chance of any classes being favored or dismissed. Eleven
machine learning: a disparate collection models is implemented for sentiment
classification. These include Multinomial Logistic Regression (LR), Linear
Support Vector Classifier (Linear SVC), Decision Trees (DTC), Extra Trees (ETC),
Random Forests (RF), Multinomial Naive Bayes (NB), K-Nearest Neighbors (KN),
AdaBoost, Bagging Classifier (BGC), Gradient Boosting Decision Tree (GBDT),
and XGBoost. These models were trained using different feature extraction
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methods which include unigram and bigram, Trigram, up to N-grams features
which consider both the word and the content surrounding it. This, allows the
models to define and analyze certain categories of the sentiments, behind drug
reviews. The type of data that was used in this study comprises the drug reviews
amounting to 161,297 retrieved from the UCI Machine Learning Repository;
records were balanced from the DrugLib dataset containing 1,022 records, the
Medical Reviews dataset got from Kaggle having 68,192 records and 14,118
records gotten from other websites. To enhance the efficiency of the assessment of
the cross-validation, it is utilised in ten folds to contribute to the lowering of the
bias of the model. This method ensures that the models are tested on different
subsets of data, providing a robust measure of their ability to generalize. Stratified
sampling is used during training and testing to maintain proportional representation
of each sentiment class, ensuring balanced performance across all subsets. Model
performance is assessed using multiple evaluation metrics, including accuracy,
precision, recall, F1-score, and the ROC (Receiver Operating Characteristic) curve.
Among all models, the Logistic Regression (LR ) achieves the best results, with an
impressive accuracy score of 86.86%. This highlights its exceptional ability to
differentiate between sentiment classes, making it the most effective model for this
task.
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Figure 3.1: Pipeline of the Project
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3.2 Dataset Description

The data set for this investigation has been sourced from the UCI Machine Learning
Repository a popular online database of datasets for Machine Learning research.
The repository, created in 1987 by the University of California, Irvine, is widely
regarded as a leading resource for datasets in machine learning, artificial
intelligence, and data mining. It is frequently utilized for empirical research,
particularly in fields like sentiment analysis, natural language processing, and

healthcare modeling.

A ] C D £ F G

1 I.nouelD ldr.gN.\u-e conaton redew ratng date wetulCount
2 206463 Valsartan Left Ventrioudar Dysfuncia "1 b no side offect, | take itin comdination of Bystolic 5 Mg and Fish 0" U NEAnRuue 7
3 95200 Guonfacoe ADHD "My son i halfwoy theough his fourth week of Intuniv, We became 8 22-Ape-10 192
4 92703 Lytwed Birth Control "1 used 10 take another oral contraceptive, which had 21 pil cycle, and 5 s3anasey 17
5 138000 Ortha fure Birth Controd "This is rry Fiest time using snry form of bieth controf, 188039;m god | went « 8 3-Now-15 10
6 395 Bugrenorptune / m Opiste Dependence "Subawooe has completely tumed my Ide acound. | feel healthier, 1&8039;r 9 yaannupy LY
] 155963 Calis Benign Prostanc Hyperplas "2nd day on Seg staned 10 work wth rock hand erectiond however experia 1 Saanauue 43
8 165907 Levonorpestrel [mergescy Contracepiion "He pulled o, but he camened o bt i me. | 1oak the Plaa B 26 hours later, 1 Mar-17 5
9 102654 Aripgrazole Bipolar Disorde "Ablity charged my Mfe. There is hope. | was on Zofoft and Clonidine when 10 ssansupy 32
0 T4B11 Keppra Epdepsy IV had notting but peobilens with the Keppera | conatan shaking in my L 9Augls 11
" 4AR9)E Lthiwl estradiol / | Birth Controd 1 hod been on the pll for marmy years. When my doctor changed my X to ¢ 8 8-Dec-16 1
L 7 29007 Topiramate Migraine Frevention "1 have besn on the medication almost twa weeks, started oot on Z3ag an 9 I-Jen-13 15
1 & ] 75612 L-mwthylfolate Degreision "1 hive taken anti-depressants 106 yrars, with some improvernent but 10 O-Mae17 54
AL 191290 Pentass Crohn's Dissass "1 hod Crotm&a019.s with a resection 10 years 3go and have been mostly in 4 &hE13 L)
15 221320 Dextrometharphat Cough "Have a little et of a Sngering cough from a cold. Not giving me mesch trout 4 7-Sep-17 3
16 i QBA%A Nexplanon Binth Conurol "Startind Nesplanan 2 monthe sgo becauss | Save & minesal amount of 3 T-Aug1é 0
" 51850 Lvaglutde Obesity "I hawe been taking Saxends since luly 2016, | had severe naus=s for about G 19-Jan-17 0
" 4B1Z3 Trmethoprm Urnary Tract Infecton “This drug worked very well for me and cleared wo my UTT in a matter of 48 9 szananey o
19 219859 Amitriptylios e vy witin "ISACIG, e baan Toking amitriptylne sece lanuscy 2013 alte being Sapnor 0 NAARRUUY 3%
20 212077 Lamotsigne Hipolar Disorde "IZA039; v been on every medicine under the sun (it seems) to manage the 10 S-Now14 1’
2 119705 Nilotind Chronic Mysdogenous Leuk "1 have been on Tasigna for jest over 3 years now (300mg x 2 times a day) T 10 1-Sep 1S 11
hrs 12372 Arrgla NIV Infection "Spring of 200G | was howpitaliced with prasemonis snd diagnosed wich (ym 8 a0 1"
23 231406 Trarodone Insomnin 1 hove insamnis, 182039;3 horribke, My story begios with vy PCP prescribk 10 3-Apr-16 43
24 227020 Erancgesired Birth Control "Nexplancs does its job. | can have worry free sex. The paly thing is that sn 9 saaanuuy 11
25 419)8 Etaneccept fihoumatost Artheitin 1 love m Western Aastrabo and disturbed by some comments on here. The ¢ 10 MAARRNUY 4
26 213849 Tioconacole Vagnal Yeast indection "Do not wse the cream that comes with this. 11 turned mw doo-ha into a bur I 17-Apr-17 7
27 51215 Aszhronycn Chiamydia datection "Was prescribed oo dode Cuer the course of ane day, tock 4 pills of 250my 7 ssananee 7
T clrug‘(mnlvﬁn nw | & T ; ie ‘

Figure 3.2: Sample Dataset

The specific dataset used from Drugs.com which contains a total of 161,297 entries
and balanced it collected additional data incorporating 1,022 records from the
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DrugL.ib dataset, 68,192 records from the Medical Reviews dataset on Kaggle, and
14,118 records collected from various websites.

Table 3.2: Collected Data Sources and Quantities

Origins of collected data Total entries
UCI Machine Learning Repository 161,297
Medical Reviews Dataset (Kaggle) 68,192

DrugLib Dataset 1,022
Various Websites 14,118

» "y ML e [’ Torbinn s Bowmy Vews s [ Aoy ave v ™

ey BT EIA g 04 5t 0 P —— T -
-

Figure 3.2.1: Particular condition for various DrugsName in Dataset
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3.3 Data Cleaning, Preprocessing & Visualization

The dataset is cleaned by addressing missing values, duplicated entries, and NaN
values. Missing values are identified and either replaced with appropriate
substitutes or removed if necessary. Duplicate records are detected and eliminated
to ensure data consistency. The text data is standardized by making all the
characters in the text lowercase since all the data will be required to have the same
format. Tokenization is then applied to break down the text into smaller units, such
as individual words or phrases, facilitating analysis. Following this, punctuation is
removed to focus solely on meaningful words. Common stopwords are filtered out
to retain only the most relevant terms for analysis. Thus, stemming is used to cut
down the words and eliminate suffix string, whereas lemmatization always aims at
converting the words to the entries of the word base while retaining the sense. These
preprocessing steps in aggregate improve the quality of the given dataset and make

it ready for further analysis or to be given further to machine learning algorithms.

Covert Lowercase

Data
Cleaning & Preprocessing
Filter Stopwords
[
Handling Missing
- 5 Lemmatization
and Null Values

Figure 3.3: Data Cleaning and Preprocessing Workflow
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3.4 Data Labeling & Balancing

The dataset from Drugs.com contains a total of 161,297 entries, categorized based
on ratings from 1 to 10. Among the ratings, the highest number of entries, 50,989,
is associated with a rating of 10, followed by 27,531 entries for a rating of 9. A
rating of 8 corresponds to 18,890 entries, while 9,456 entries are rated 7, and 8,013
are rated 5. Lower ratings include 6,343 entries for a rating of 6, 6,513 for a rating
of 3, 6,931 for a rating of 2, 5,012 for a rating of 4, and the lowest, 21,619 entries,
for a rating of 1. This distribution highlights that the majority of entries are skewed

toward higher ratings, with the largest share of reviews receiving a perfect score.

20000 4

10000

Figure 3.4.1: Drugs.com Dataset Rating Distribution
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The dataset from Drugs.com, which initially contained 161,297 entries, was further
enhanced by adding data from several external sources. Specifically, 1,022 records
were obtained from the DrugLib dataset, 68,192 records from the Medical Reviews
dataset on Kaggle, and 14,118 records collected from various websites. The
expanded dataset now includes a more balanced distribution of ratings. The entries
are distributed as follows: 50,989 entries with a rating of 10 and 27,531 with a
rating of 9 and 26,751 with a rating of 7 and 23,733 with a rating of 5 and 22,141
with a rating of 2. Additionally, there are 21,619 entries with a rating of 1 and
19,950 with a rating of 3 and 18,890 with a rating of 8 and 18,402 with a rating of

6 and 14,623 with a rating of 4. While the dataset is now more some balanced.

50000 A

40000 -

30000 A

count

20000

10000 -

1 2 3 4 5 6 7 8 ] 10
rating

Figure 3.2.2: Rating Distribution in the Final Collected Dataset

©Daffodil International University 24



Smith et. al in this research, drug review sentiments were usually grouped into three
broad categories: positive, neutral, and negative[1] based on rating. In our study,
we take this further by introducing a detailed five-level sentiment system:
Frustrated, Bad, Neutral, Good, and Excited. This detailed system helps us better
identify possible issues like adverse drug reactions or side effects. The sentiment
levels are: Excited (ratings 7-10), showing high satisfaction or enthusiasm; Good
(rating 6), showing general satisfaction; Neutral (rating 5), showing a balanced or
indifferent response; Bad (rating 4), showing mild dissatisfaction; and Frustrated
(rating 1-3), showing strong frustration. After dividing the dataset into multiple
classes, the distribution of entries across the different classes is as follows: Class 5
contains the largest number of entries, with 124,161 records. This is followed by
Class 1, which has 63,710 entries. Class 3 has 23,733 entries, while Class 4 contains
18,402 entries. Finally, Class 2 has the fewest entries, with 14,623 records. This
distribution highlights that Class 5 significantly outweighs the other classes in
terms of the number of entries, with the remaining classes showing progressively

fewer records.
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Figure 3.2.3: Multiclass Data Distribution
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The dataset under study exhibits an unequal distribution across its five sentiment
classes. To address this class imbalance, a process of oversampling and
undersampling was exercised with the help of SMOTETomek which is the
Synthetic Minority Over-sampling Technique along with Tomek Links. First of all,
SMOTE was used to over-sample the minority classes to 70% of the biggest class.
This process generates synthetic samples for the underrepresented classes,
effectively enhancing their prevalence within the dataset. The integration of Tomek
Links further refines the dataset by identifying and removing borderline or noisy
samples, ensuring a cleaner and more balanced distribution. These combined
techniques enhance the reliability of the training data, reducing bias in the models

and improving the accuracy of sentiment classification.

count

Neutral Bad Good Excited Frustrated

Figure 3.2.4: Multiclass Data Distribution After Applying SMOTETomek

This approach enhances the model’s ability to recognize patterns in both classes,
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reducing bias toward the majority class and improving predictive accuracy.
However the model has achieved a higher accuracy level that were above 70%
when applying Synthetic Minority Oversampling Technique (SMTOE). The
effectiveness of all kinds of classifiers on SA in ML streams largely depends on

text preprocessing and feature extraction.

In the dataset, user reviews are provided with ratings ranging from 1 to 10 for
various drug conditions. After preprocessing the data, the ratings are mapped into
a multi-class classification system to facilitate sentiment analysis. These categories
include Excited (ratings 7-10), which indicate high satisfaction. Good (6),
representing general satisfaction. Neutral (5), signifying a balanced or indifferent
response. Bad (4), reflecting mild dissatisfaction. and Frustrated (ratings 1-3),

representing strong dissatisfaction or frustration.
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Figure 3.3.1: A Visual Exploration for Excited Sentiments
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Figure 3.3.4: A Visual Exploration for Bad Sentiments
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Figure 3.3.5: A Visual Exploration for Frustrated Sentiments

This structured categorization enables a more granular understanding of user
sentiment, which is critical for identifying patterns in drug effectiveness and
adverse drug reactions across varying satisfaction levels. The resulting multi-class
sentiment labels are then utilized as target variables for machine learning models

to evaluate and predict drug review sentiments effectively.
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3.5 Feature Extraction

Trained on two different feature extractors which were converted into feature

vectors after going through the process of TF-IDF Vectorization and CV.
TF-1DF Vectorizer:

TF is the ratio of the frequency of a term in the document to the frequency of all
terms in the document and IDS is the number of documents in the corpus
containing the term. The TF-IDF value can be calculated using the following

Formula:
TF(t,d)

TF — IDF(¢,d) = NN
timeslog (F(t))

()

To enhance the performance of the model, these changes were made: TF-1DF using
different n-grams: unigram (single words), bigram (pairs of words), trigram (three-
word sequences), and higher-order n-grams. Each of these n-grams captures more
complex patterns in the text. By testing these different n-grams with TF-IDF, we
can find the best way to represent the text for machine learning models, which helps
improve the accuracy of the sentiment classification. This method ensures that the

most meaningful words and patterns in the text are captured for better prediction.
Count Vectorizer:

Count Vectorizer is a technique that aims to translate a set of text documents into a

matrix of token frequencies. It measures the frequency of each term in a document.

Formula:

Count(t,d) = Number of times term t appears in documentd ... ... ..... (ii)
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To enhance the model's performance, we also utilized Count Vectorizer (CV) with

a range of n-grams, including unigrams, bigrams, trigrams, and higher-order.

To achieve more effective results, these sentiment categories are further enriched
by extracting textual features using unigrams, bigrams, trigrams, and higher-order
n-grams. This approach captures a broader contextual understanding of user
sentiment towards drug conditions. Unigrams capture the most frequently
occurring words across all sentiment categories, providing a clear understanding of
common language patterns associated with each category. Bigrams identify pairs
of adjacent words that frequently co-occur across all sentiment categories, helping
to highlight common phrase combinations associated with different sentiment
levels. Trigrams capture sequences of three consecutive words that frequently
appear together across all sentiment categories, providing deeper insights into
specific sentiment contexts and relationships. Higher n-grams, including quad
grams and longer sequences, capture complex linguistic features and relationships

across all sentiment categories.
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Unigram Most common words in Frustrated reviews
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Figure 3.3.6: Unigram most common words for Excited, Good, Neutral, Bad,
Frustrated Sentiments
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Blgram Most commeon words in Exclted reviews
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Bigram Most common words In Frustrated reviews
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Figure 3.3.7: Bigram most common words for Excited, Good, Neutral, Bad,
Frustrated Sentiments
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Trigram Most common words in Excited reviews
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Trigram Most common words in Neutral reviews
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Trigram Most common words In Frustrated reviews
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Figure 3.3.8: Trigram most common words for Excited, Good, Neutral, Bad,
Frustrated Sentiments
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Higher-order N-grams Most common words in Excited reviews
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Higher-order N-grams Most common words in Neutral reviews
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Higher-order N-grams Most commen words In Frustrated reviews
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Figure 3.3.9: Higher n-grams most common words for Excited, Good, Neutral,
Bad, Frustrated Sentiments
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3.6 Proposed Methodology

During the preprocessing stage, the data undergoes cleaning by addressing missing
values, duplicates, and NaN entries, followed by text normalization involving
conversion to lowercase, punctuation removal, tokenization, and stopword
removal. Stemming and lemmatization are applied to ensure words are reduced to
their root forms and dictionary meanings, respectively. The user ratings are then
mapped into five sentiment categories for multi-class classification: Excited
(ratings 7-10), Good (rating 6), Neutral (rating 5), Bad (rating 4), and Frustrated
(ratings 1-3). To handle the inherent class imbalance, the SMOTETomek technique
is applied, where SMOTE generates synthetic samples for minority classes and
Tomek Links removes noisy samples, resulting in a balanced dataset with minority
classes reaching 70% of the majority class. Text data is transformed into numerical
representations using Term Frequency-Inverse Document Frequency (TF-IDF) and
Count Vectorizer (CV) with n-grams (unigrams, bigrams, trigrams, and higher-
order n-grams). These n-grams capture both individual words and contextual
relationships, essential for sentiment analysis. Eleven machine learning models,
including Logistic Regression, Linear Support Vector Classifier, Decision Trees,
Random Forests, Naive Bayes, K-Nearest Neighbors, AdaBoost, Bagging
Classifier, Gradient Boosting Decision Trees, Extra Trees, and XGBoost, are
trained and evaluated. Cross-validation, specifically K-fold (K=10), and stratified
sampling are utilized to ensure robust model performance by reducing bias and
maintaining class representation. Performance is measured using accuracy,
precision, recall, F1-score, of the ROC curve. The results indicate that Logistic
Regression (LR) is the best-performing model, achieving an impressive accutacy
score of 86.86%, showcasing its superior ability to classify sentiment accurately

using Count Vectorizer with higher order n-grams. Accurate sentiment

©Daffodil International University 44



classification is pivotal in this study, as it ensures that the recommender system
built on this analysis can provide precise, personalized drug recommendations
based on user feedback. A clear and reliable sentiment analysis is essential to
improve user trust, optimize drug selection, and ultimately enhance patient
outcomes. This methodology effectively addresses class imbalance, enhances
feature representation, and leverages state-of-the-art machine learning models for

accurate sentiment classification in drug reviews.

Figure 3.3.12: Design Flow of the Proposed Model
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3.7 Model Training

Eleven machine learning models were trained to classify sentiment in the drug
review dataset. These models include Logistic Regression (LR), Linear Support
Vector Classifier (Linear SVC), Decision Trees (DTC), Random Forests (RF),
Naive Bayes (NB), K-Nearest Neighbors (KNN), AdaBoost, Bagging Classifier
(BGC), Gradient Boosting Decision Trees (GBDT), Extra Trees Classifier (ETC),
and XGBoost. Each model was selected for its suitability in handling multi-class
classification tasks and its ability to process complex data patterns. The dataset
underwent transformation They were able to use two techniques of feature
extraction: TF-IDF and Count Vectorizer (CV), incorporating unigrams, bigrams,
trigrams, and higher n-grams to capture both individual words and their contextual
relationships. To further optimize Logistic Regression (LR) performance, cross-
validation with K-fold (K=10) and stratified sampling were applied. These methods
help reduce model bias and ensure that the proportions of each class are consistently
represented in both the training and testing sets. However, cross-validation with K-
fold (K=7) provided the best accuracy for Count Vectorizer with higher order n-
gram features, so this method was selected for the final model evaluation. In LR,
three different sampling methods were tested to split the data:

e Linear Sampling: Data is split in a sequential order without shuffling.
o Shuffled Sampling: Data is shuffled randomly before being split.
o Stratified Sampling: Class proportions in the target variable remain practically

the same in the training and test sets.

Given the nature of our data and task, stratified sampling was found to be the best
fit. The training set and the test set preventing bias due to class imbalance and

improving the proposed model has offered good prediction accuracy of both classes

©Daffodil International University 46



of the signs. Used to measure the performance of the feature extraction using LR,
Accuracy, Precision, Recall, F1 score and the ROC curve. To give you an idea,
these yield an overall idea of how the LR model performs when classifying the
sentiment of the drug review set. Moreover, other performance measures like
precision and recall for positive and negatives sentiments, as well as for overall
classification, in terms of accuracy, and F1—Score confirm that LR is a suitable
algorithm for the specified task of sentiment analysis and that the model provides
reliable consistent results.

(et Je—
(o Je—

L]

Figure 3.7: Design Flow of Train ML Models

3.6.1 Logistic Regression (LR)

Logistic Regression is a linear model classification algorithm. Indeed, it estimates
the likelihood that a data point is of a given class through the logistic (sigmoid)
function which maps calculated values to the [0.0, 1.0] range. The algorithms
simple to implement, and performs particularly well for linearly separable data;
however, it used mostly for binary classification problem although it can be
generalized to multi-class problems by directly extending of one vs rest or softmax.

P(y = 1]X) = e (i)
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Where:

Zz=wX+b .....(w)
Where:
* yi is the true label (0 or 1) for the i-th sample.

* P(yi = 1|Xi) is the predicted probability that the i-th sample is of class

3.6.2 Linear Support Vector Classifier (Linear SVC)

Linear SVC is among the family of the support vector machine, also known as SVC
that aims at determining a plane that optimally differentiates various categories of
data compartments. It offers maximum margin which is defined as the largest gap
between hyperplane and the closest points of every class possible either in relation
to distance or can also be said that it is the maximum separation of the pattern
vectors of two classes. It is best used for linearly separable data and is also good

when used in high-dimensional data.

1
Minimize 2 Twl? ... ()

subject to:
yi(w - xi +b)> 1 Vi v oo .. (00)
Where:
* w is the weight vector, and b is the bias.
* xi is the feature vector for the i-th sample.

* yi is the label for the i-th sample
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3.6.3 Decision Trees (DTC)

Decision Trees are tree structures where data is bifurcated into branches by
comparing the values of a feature. Each internal node is equivalent of a decision
rule and each leaf node is equivalent of a class label or outcome. It grows by
splitting the data until each node sends another node or till a stopping threshold is
reached at the leaf node. DTs are highly comprehensible but may be hazardous by

overfitting.

3.6.4 Random Forests (RF)

Random Forests are Decision Trees type classifiers that use different Decision
Trees to enhance the classification or regression performance. Data is bootstrapped,
meaning each tree operates on a random selection of the data set and any feature
can be used for a split. The final prediction is done by a method called regression
for measurement variables or classification for categorical variables. This helps to

ecrease over training and increases the model’s ability to generalize.
d t d th del’s ability t |

k

Gini(D) =1 — Z L SN ¢ ) 1))|

i=1
Where:
* pi is the proportion of samples of class 1 in the dataset D.
* k is the number of possible classes.

3.6.5 Naive Bayes (NB)

Naive Bayes is an approach to building a classifier based on Bayes ‘theory to
estimate the probability of the class coming with feature values. It is a greedy
algorithm Because it assumes that every one feature is conditionally independent
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of all other features given the other features present which though makes
computation easy but is not necessarily true. It still surprises many people in its
good work in some of the real-world applications as well as text classification and
spam filtering even though it is based on a naive assumption.

P(X|C) - P(C)

PCIX) = 5516 h ey

N € 77113

Where:
* P(C|X) is probability of Class C given the feature vector X.

* P(X|C) is the likelihood, and the likelihood refers to the probability of

observing features X given class C.

* P(C) is the prior probability of class C.

* P(X) is the evidence, the probability of the features X.
3.6.6 K-Nearest Neighbors (KN)

K-Nearest Neighbors is an intrinsically comprehensible algorithm that estimates
the class of a target data point depending upon the majority of the nearest neighbors
in the feature space. The distance, for example, Euclidean is used to identify the
nearest neighbors. It is distribution-free, so it does not estimate the form of any
distribution of the data, although it may face high computational costs in the event

of large data samples.
y" = majorityvote(yi|distance(x, xi) < k) ... ... ... ..... (ix)
Where:
* x 1s the test sample.

» xi are the k-nearest neighbors to x, and yi are their corresponding labels
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3.6.7 AdaBoost

AdaBoost stands for Adaptive Boosting and is an ensemble learning method which
uses a number of weak classifiers, usually Decision Trees, to create a strong
classifier. It operates in batches — the weights of misclassified samples are modified
to pay extra attention to them on the next loop. The last of them is the final
prediction of the over complete number of weak classifiers, which doesn’t let the

model overfit.
3.6.8 Bagging Classifier (BGC)

In ensemble learning Bootstrap Aggregating abbreviated as Bagging is an example
of a model that is worked out to make two predictions based on the different
sections of data. This not only decreases the model variation effect and enhances
the model stability. The Bagging Classifier often applies decision trees as their base

learners and Random forest is an example of Bagging.
3.6.9 Gradient Boosting Decision Trees (GBDT)

Gradient Boosting is a sequential ensemble method the the objective of which is to
build Decision Trees that reduce the errors of previous models. Optimization is
done through gradient descent on a loss function, trying to minimize the residuals
(error) gradually. Every tree learns from each of the previous trees and is probably
the best tree for prediction. As we know, GBDT brings forward a group of highly

efficient models but is known to be more computationally expensive.
3.6.10 Extra Trees (ETC)

Extra Trees or Extremely Randomized Trees are analogous to Random Forests with
the difference of how splits are made. Compared with the method that search the
optimal splitting, Extra Trees directly make the splitting at each node running and

it will bring the diversity among the trees. This randomness is in most cases
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beneficial because it decreases the amount of variance and increases the training

rate, but at the same time has almost equal performance.

3.6.11 XGBoost

XGBoost is one of the most efficient and scalable implementation of Gradient
Boosting model. It includes regularization (L1 and L2) to prevent overfitting,
handles missing values effectively, and leverages parallel processing for faster
computation. XGBoost is widely used in machine learning competitions and real-

world applications due to its high accuracy and flexibility.

3.8 Implementation Requirements

* Hardware/Software Requirements

% Operating System (Windows 7 or above)
% Google Drive

% Google Colab with runtime TPU

% Hard Disk (Minimum 4 GB).

% Ram (More than 4 GB).
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CHAPTER 4

Result Analysis and Discussion

4.1 Introduction

Sentiment analysis is one of the functional sub-domains of the natural language
processing (NLP), particularly for understanding user feedback and opinions in
domains such as healthcare, product reviews, and customer satisfaction. This study
evaluates eleven machine learning models using two feature extraction techniques,
Term Frequency-Inverse Document Frequency (TF-IDF) and Count Vectorizer
(CV), applied to the drug review dataset. Various n-gram levels (unigrams,
bigrams, trigrams, and higher n-grams) were explored to assess their impact on
model performance. The goal was to identify the most effective model and feature
combination for classifying sentiments into five categories: Frustrated, Bad,
Neutral, Good, and Excited. Logistic Regression (LR) emerged as the best-
performing model due to its high accuracy, simplicity, and robustness across

different n-gram feature sets.

Accuracy: It is the percentage of correct observed outcome out of total total

observations and computed by the formula:

tp + tn
e e

Accuracy(A): .. (%)
e tp =True Positive

e tn=True Negative

o fp = False Positive

o fn = False Negative

©Daffodil International University 53



Precision: It is the ratio of correctly predicted number positive classes to the total

number of positive predictions and is calculated as:

tp

e mG AR (xi)

Precision(p):

Recall: It is the ratio of correctly predicted positive classes to all the observations

in the positive class and is calculated as:

tp

Recall(r):
ecall(r) o+ fn

VR €4 1))

F1-Score: It is also a measure of model’s performance, it offers a compromise
between precision and recall since it measures their harmonic mean. It is calculated

as:

2(p)(r)

F1-S F):
core(F) vy

e (xiid)

4.2 Experiment Results and Analysis

Evaluated eleven machine learning models using two feature extraction methods—
TF-IDF and Count Vectorizer (CV)—uwith unigrams, bigrams, trigrams, and higher
n-grams. For enhanced text representation, N-grams (unigrams, bigrams, trigrams,

and higher-order n-grams) can be used with both TF-IDF (Term Frequency-Inverse
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Document Frequency) and Count Vectorizer. This combination helps evaluate

which method provides the best accuracy for your specific dataset.
TF-1DF Results:

Support Vector Classifier (SVC) delivered the highest accuracy of 72.06% with
bigrams, though its performance slightly decreased as n-grams expanded. Logistic
Regression (LR) followed closely, excelling with 71.35% on unigrams but
exhibiting minor declines with larger n-grams. Bagging Classifier (BGC) achieved
strong results with unigrams (70.65%) ,plummeting to 55.22% with higher n-
grams, underscoring its sensitivity to data sparsity. Naive Bayes (NB) remained
consistent, maintaining accuracy between 65.82% and 66.06% across all n-grams,
demonstrating its reliability for text classification. Random Forests (RF) and Extra
Trees Classifier (ETC) performed steadily, achieving around 69% on unigrams,
with only minor reductions for larger n-grams. In contrast, AdaBoost and Gradient
Boosting Decision Trees (GBDT) saw declining accuracy as n-grams grew,
highlighting their challenges in handling high-dimensional sparse data. Extreme
Gradient Boosting (XGB) maintained competitive accuracy, peaking at 70.05%

with unigrams but gradually dropping with higher n-grams.
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- Model Accuracy (TF-IDF with Higher Order n-gram)
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Figure 3.3.10: Model accuracy using TF-IDF with different n-grams

Count Vectorizer (CV) Results:

Under the Count Vectorizer (CV) representation, Logistic Regression (LR) and
Extreme Gradient Boosting (XGB) emerged as the top-performing models,
consistently achieving 69.87% accuracy across bigrams, trigrams, and higher n-
grams. Naive Bayes (NB) also demonstrated strong and steady performance,
peaking at 67.46% with unigrams and maintaining similar accuracy levels with
larger n-grams. K-Nearest Neighbors (KN) showed moderate results, with its
accuracy improving slightly as n-grams increased, reaching 62.24% with higher n-
grams. Decision Trees (DTC) exhibited consistent accuracy at approximately
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66.66% across all n-gram levels. Bagging Classifier (BGC) and Gradient Boosting
Decision Trees (GBDT) performed well with specific n-gram configurations, with
BGC peaking at 67.06% on trigrams and GBDT achieving 68.27% on trigrams. In
contrast, the Support Vector Classifier (SVC) showed the weakest performance
with CV, maintaining a constant accuracy of 51.40%, indicating its unsuitability
for this representation. Overall, CV produced competitive results for certain
models, particularly LR and XGB, while others struggled to maintain high accuracy

with larger n-grams.
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Figure 3.3.11: Model accuracy using CV with different n-grams
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Table 4.2: Accuracy of MCLs with balanced dataset

Features Models Accuracy

Unigram(%) Bigram(%) Trigram(%) Higher n-
grams(%)

svC 71.25% 72.06% 68.67% 67.87%

KN 66.43% 65.92% 61.84% 61.24%

NB 65.82% 65.82% 66.06% 66.06%

DTC 65.42% 65.62% 65.66% 63.45%

TF-IDF LR 71.35% 69.84% 67.67% 67.26%

RF 69.14% 68.44% 68.27% 67.06%

AdaBoost 65.82% 66.43% 64.05% 60.24%

BGC 70.65% 68.54% 59.83% 55.22%

ETC 69.64% 69.14% 68.27% 68.27%

GBDT 68.64% 69.14% 65.66% 63.45%

XGB 70.05% 69.94% 66.66% 64.45%

SvC 51.80% 51.40% 51.40% 51.40%

KN 59.63% 60.24% 60.84% 62.24%

NB 67.46% 67.06% 66.26% 66.26%

DTC 66.86% 66.66% 66.66% 66.66%

LR 69.27% 69.87% 69.87% 69.87%

RF 66.06% 65.66% 65.46% 65.46%

Cv AdaBoost  65.06%  63.65%  63.65% 63.65%

BGC 65.66% 66.66% 67.06% 66.46%

ETC 66.66% 65.86% 64.24% 65.46%

GBDT 67.87% 67.67% 68.27% 67.26%

XGB 69.27% 69.87% 69.87% 69.87%

For TF-IDF, Logistic Regression (LR) performed best with unigrams, achieving an
accuracy of 71.35%, showecasing its effectiveness with simpler feature sets. Support
Vector Classifier (SVC) excelled with bigrams, achieving the highest accuracy
overall at 72.06%, and remained the top model for trigrams, though with a reduced
accuracy of 68.67%. With higher n-grams, the Extra Trees Classifier (ETC)
emerged as the best performer with 68.27%, demonstrating its ability to handle data
sparsity at larger n-grams. In contrast, for CV, Logistic Regression consistently
dominated across all n-gram levels, starting with 69.27% for unigrams and
maintaining a steady accuracy of 69.87% for bigrams, trigrams, and higher n-

©Daffodil International University

60



grams. This consistency highlights LR’s robustness and adaptability to feature
complexity. Overall, TF-IDF representation allowed for stronger performance in
capturing contextual nuances with SVC and ETC excelling at certain n-grams,
whereas CV favored LR’s steady and reliable performance across the board.

Table 3.5: Top Model Accuracy using TF-IDF and CV with N-grams

Feature N-grams Top Models Accuracy
Unigram LR 71.35%

Bigram SvC 72.06 %

TF-1DF Trigram SVC 68.67 %
Higher n-grams ETC 68.27%

Unigram LR 69.27 %

Bigram LR 69.87%

cv Trigram LR 69.87%
Higher n-grams LR 69.87 %

Cross-Validation Results:

To validate the reliability of the top-performing models (LR, SVC, ETC,), 10-fold
cross-validation was conducted. The accuracy scores for each fold were analyzed
to ensure the models' robustness. These top models were selected based on their
performance across unigram, bigram, trigram, and higher n-gram levels using both
TF-IDF and Count Vectorizer representations. Cross-validation was applied to
further optimize these models and enhance their accuracy for each feature
representation.
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Top
Models
with
selected n-
grams

LR (unigram)

SvC
(Bigram)
SvC
(Trigram)
ETC
(HigherGrams)
LR
(unigram)
LR
(Bigram)
LR
(Trigram)
LR
(HigherGrams)

Table 4.3: Top Models with selected n-grams 10-Fold Cross-validation

CV1(%)
74.12%
73.86%
70.10%
68.09%
71.85%
74.12%
75.62%

74.371%

CV2(%)
71.10%
71.10%
69.09%
67.08%
68.09%
72.61%
72.11%

71.35%

CV3(%)
72.86%
71.35%
68.84%
67.33%
76.13%
75.12%
74.87%

73.61%

CVA(%)
73.36%
71.60%
67.83%
67.08%
70.60%
71.60%
72.36%

72.86%

CV5(%)
69.84%
70.35%
69.59%
67.33%
68.84%
70.10%
70.10%

69.84%

CV6(%)
71.35%
71.35%
68.84%
65.57%
70.35%
70.60%
70.35%

68.84%

CV7(%)
74.62%
73.11%
69.84%
66.33%
70.60%
75.87%
76.38%

86.86%

CV8(%)
71.78%
71.28%
70.27%
67.75%
70.27%
72.04%
73.55%

72.79%

CV9(%)
72.54%
71.28%
69.77%
67.25%
71.28%
74.59%
74.30%

74.30%

From the 10-fold cross-validation results of Logistic Regression (LR), the fold with

the highest accuracy is CV7, which achieved 86.86%%. The average accuracy

across all folds is 69.36%, demonstrating consistent performance and minimal

variance. Now perform comparison between the training and test accuracy of the

Logistic Regression (LR) model reveals key insights into its performance.
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CV10(%)

71.28%
71.53%

69.52%
66.75%
69.26%
72.79%
72.04%

71.53%
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Figure 3.3.13: Comparison of Training and Test accuracy for LR

The comparison of training and testing accuracy for the Logistic Regression (LR)
model during the 7th fold of cross-validation. The training accuracy is 94.67%,
while the testing accuracy is 86.86%. This small gap indicates that the model
generalizes well, with minimal overfitting. Such results demonstrate LR's reliability

in maintaining high performance on unseen data during cross-validation.

4.3 Generating Confusion Matrix

Confusion matrix is good to use when assessing the classification models,
summarizing their performance across different classes. This confusion matrix for
Fold 7 of the Logistic Regression (LR) model shows excellent performance across
all classes. It provides metrics such as True Positives (TP), True Negatives (TN),
False Positives (FP), and False Negatives (FN), which can be calculated using the

following formulas:

©Daffodil International University 63



True Positives (TP): Cases with positive class that has been accurately classified by

the proposed model.

True Negatives (TN): Situations whereby the model gets it right, that is, it classifies

it as negativity or the negative class.

False Positives (FP): Situations where the model perform poorly and tend to predict

the positive class.

False Negatives (FN): Cases whereby the negative classification of the model is true.

For Class 1 (Frustrated Sentiment), the model accurately identified 603 instances
as not frustrated (true negatives) and 2421 instances as frustrated (true positives).
Impressively, there were 181 false positives, meaning 181 instances were
incorrectly classified as frustrated, and only 147 false negatives, where frustrated
instances were mislabeled as not frustrated. Similarly, for Class 2 (Bad Sentiment),
the model achieved 650 true negatives and 2571 true positives, again with only 1
false positives and just 30 false negatives, demonstrating strong performance with

minimal errors.

Confusion Matrix far Class 2

True labes
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Figure 3.3.14: Confusion matrix for class Frustrated and Bad
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For Class 3 (Neutral Sentiment), the model correctly classified 640 instances as not
neutral (true negatives) and 2544 as neutral (true positives), with 11 false positives

and only 57 false negative, making it the most accurate among the three sentiment
classes.

Confusion Matrix for Class 3

2500

2000

Not 3 57

1500

True label

1000

34 11 640
- 500

Not 3 3
Predicted label

For Class 4 (Good Sentiment), the model demonstrated excellent accuracy,
correctly identifying 645 instances as not good (true negatives) and 2555 instances
as good (true positives), with only 5 false positives and only 47 false negatives.
Lastly, for Class 5 (Excited Sentiment), the model classified 387 instances as not
excited (true negatives) and 2490 instances as excited (true positives). While it
achieved 112 false negatives, there were 263 false positives. This demonstrates its

reliability and effectiveness in distinguishing between sentiments with minimal
errors.
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Figure 3.3.14: Confusion matrix for class Good and Excited
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Figure 3.3.14: Confusion matrix for all classes

4.4 Generating Classification Report

The classification report for Fold 7 of the Logistic Regression (LR) model shows
excellent performance across all classes. For the Excited class, the model achieves

perfect precision (0.74) and recall (0.77), resulting in an F1-score of 0.75, indicating
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that almost all predicted "Excited" instances are correct, with only a slight miss.
For the Good class, the model also exhibits perfect precision (0.96), and very high
recall (1.00), leading to an F1-score of (0.98). This suggests the model is highly
accurate in predicting "Good," although it misses a few instances. In the case of the
Neutral class, both precision (0.92) and recall (0.98) are near perfect, giving an F1-
score of 0.95, demonstrating the model's effectiveness in correctly identifying
neutral instances. For the Bad class, the model achieves perfect precision (0.93) and
recall (0.99), with an F1-score of 0.96, indicating that while the model accurately
predicts most "Bad" instances, it misses a small number of them. Lastly, for the
Frustrated class, the model excels with 0.78 precision and perfect recall (0.60),
resulting in an ideal F1-score of 0.67, which signifies the model's outstanding
ability to detect "Frustrated” instances without errors. Overall, the LR model
performs exceptionally well in classifying all five categories, with minimal errors

and high accuracy.

Table 4.4: LR Classification Report for Fold 7

Model Class Classification Report for Fold 9
precision Recall fl-score
Excited 0.74 0.77 0.75
Good 0.96 1.00 0.98
LR Neutral 0.92 0.98 0.95
Bad 0.93 0.99 0.96
Frustrated 0.78 0.60 0.67
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4.5 ROC Curve:

The Receiver Operating Characteristic graph is a two-plot graph that helps
determine how accurately a medical imaging binary classifier can differentiate
between between the absence and presence of the disease or abnormality of
interest.

True Positive Rate (TPR):

True Positives (TP)

TPR = — - -
True Positives (TP)+False Negatives (FN)

e (xiv)

False Positive Rate (FPR):

EPR = False Positives (FP)
" False Positives (FP)+True Negatives (TN) =~

e (aw)

The ROC curves for Fold 7 of the Logistic Regression (LR) model demonstrate
excellent classification performance for all classes. For Class 1, the Area Under the
Curve (AUC) is 0.95, indicating that the model has a strong ability to distinguish
between positive and negative cases. The curve shows a high True Positive Rate
(TPR) with a low False Positive Rate (FPR), reflecting accurate predictions with
minimal misclassification. Similarly, for Class 2, the AUC is a perfect 1.00,
showcasing flawless classification performance where the model achieves
maximum TPR with no increase in FPR. These results highlight the effectiveness
of the LR model in achieving reliable and robust predictions in this specific fold,
making it a highly capable choice for the given classification task.

©Daffodil International University 68



For Class 3 and Class 4, the ROC curves demonstrate perfect classification, as
indicated by their AUC (Area Under the Curve) values of 1.00. This means the
model achieves a True Positive Rate (TPR) of 1.0 with a very low False Positive
Rate (FPR), effectively distinguishing between positive and negative samples with
no errors. On the other hand, the ROC curve for Class 5 shows an AUC of 0.91,
signifying high but not perfect performance. The curve, while close to the ideal top-
left corner, is smoother and less sharp compared to the other two curves, indicating
some overlap between positive and negative samples and minor misclassifications.

ROC Curve for Class 5

False Positive Rate

Figure 3.3.15: ROC curve for all classes
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4.6 Discussion

Assesses the accuracy of different of sizes of the various packages for action in a
machine learning problem of sentiment analysis on a drug review data set with two
feature engineering approaches namely TF-IDF and CV. Logistic Regression (LR)
emerged as the most consistent and reliable model, achieving high accuracy with
both TF-IDF (71.35% for unigrams) and CV (69.87% across all n-grams). Its ability
to generalize well was evidenced by a small gap between training (94.67%) and
testing (86.86%) accuracies during cross-validation, indicating minimal overfitting.
Support Vector Classifier (SVC) demonstrated strong performance with TF-IDF
bigrams, achieving the highest accuracy (72.06%) overall, though its performance
declined with higher n-grams and was notably weak with CV (51.40%), reflecting
its sensitivity to data sparsity. Other models, such as Bagging Classifier (BGC) and
Gradient Boosting Decision Trees (GBDT), performed well under specific
configurations but struggled with higher n-grams due to the challenges posed by
high-dimensional sparse data.The feature extraction techniques played a critical
role in model performance. TF-IDF outperformed CV in capturing contextual
nuances, benefiting models like SVC and Logistic Regression. For instance, the
Extra Trees Classifier (ETC) performed best with higher n-grams under TF-IDF,
achieving 68.27% accuracy. Conversely, CV favored models like LR and Extreme
Gradient Boosting (XGB), which consistently maintained strong performance
across all n-gram levels. Naive Bayes (NB) displayed steady performance across
both feature representations, showcasing its reliability in handling simpler text
classification tasks. The class-specific performance of the LR model further
highlighted its effectiveness. It achieved high precision, recall, and F1-scores
across all sentiment categories, excelling particularly in "Good" and "Neutral™
sentiments, with F1-scores of 0.98 and 0.95, respectively.
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CHAPTER 5

Impact on Society, Environment, and Sustainability

5.1 Impact on Society

The research carried out here has many implications for society in general and for
the healthcare sector in particular. Through creating an advanced drug
recommendation by performing the sentiment analysis of patient reviews we are
going to have a way to improve the personalization, efficiency, and efficacy of the
ailments. The key is that analyzing the large volume of patient feedback to
healthcare professionals yields generalized decision-making that leads to the right
choices in the administration of medication, positive meteorites for the patient
experience. This system also empowers patients, as their experiences and feedback
are directly incorporated into treatment decisions, promoting a more patient-centric
approach to healthcare. The enhanced ability to predict drug effectiveness through
sentiment analysis can lead to better-targeted treatments, reducing the risk of
adverse drug reactions and optimizing therapeutic results.

Additionally, by addressing the issue of class imbalance and using advanced data
techniques like SMOTE-SO-MAK, it helps create more balanced models that
provide accurate insights across diverse patient demographics. This can lead to
more equitable healthcare, ensuring that insights are relevant and applicable to all
patient groups, regardless of their medical conditions or backgrounds.

On a broader scale, the implementation of such systems can help reduce healthcare
costs by improving the efficiency of drug prescriptions, minimizing trial-and-error
in medication selection, and potentially decreasing hospital readmission rates due
to ineffective treatments. Furthermore, The use of Al and More importantly

machine learning will expand in the future too healthcare expands, this research
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could contribute to the development of future healthcare technologies, improving
overall healthcare systems globally.

Ultimately, time and again it has been seen that incorporation of NLP and machine
learning in healthcare can provide best medical decisions to the masses and make
the quality of health care facilities provided by doctors and other medical

practitioners even better.

5.2 Impact on Environment

The environmental impact of this research, while indirect, can still be notable. By
improving healthcare decision-making through advanced sentiment analysis, this
system has the potential to reduce unnecessary drug prescriptions, minimizing the
overuse of medications. This, in turn, can help decrease the production and disposal
of pharmaceuticals, which often have negative environmental consequences, such
as pollution and contamination of water supplies.

Furthermore, the efficiency of drug recommendations can lead to fewer hospital
visits, reducing transportation emissions associated with patient travel to healthcare
facilities. Optimizing drug effectiveness also means less trial-and-error with
prescriptions, potentially lowering the environmental footprint associated with the
manufacturing, packaging, and distribution of medications that are ultimately not
used or are ineffective. Additionally, by promoting the use of digital healthcare
solutions, this research may contribute to the reduction of paper-based systems in
healthcare, leading to fewer printed records, prescriptions, and paperwork. The
change of focus towards digital processes can enhance the use of paper and help in
achieving environmental, sustainability within the healthcare facilities.

In summary, while the primary focus of this research is on improving healthcare

delivery, the indirect environmental benefits, such as reducing pharmaceutical
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waste, lowering transportation emissions, and promoting digital records, contribute

to a more sustainable healthcare system.

5.3 Ethical Aspects

By leveraging sentiment analysis for drug recommendation systems, this study
prioritizes accurate and unbiased evaluations of patient feedback, ensuring that
medication recommendations are based on objective data rather than subjective
bias.

The implementation of the most complex artificial neural networks is questionable
as patient reviews contain sensitive data and patients’ information should be
secured. Following GDPR or HIPAA means that patient’s data will not be shared
with third parties and will be stored securely. Furthermore, the equitable design of
the recommendation system addresses potential biases in datasets, ensuring that the
system is fair and inclusive for diverse populations. This prevents discrimination
based on gender, age, or medical condition and promotes equal treatment
opportunities.

By emphasizing transparency in model performance and decision-making, this
research builds trust among healthcare professionals and patients. These ethical
considerations not only enhance the reliability of the system but also underscore its

commitment to improving healthcare outcomes responsibly and equitably.

5.4 Sustainability Plan

The sustainability of the drug recommendation system relies on a robust and multi-
faceted plan designed to ensure long-term effectiveness, adaptability, and ethical
alignment. The system employs a scalable architecture powered by cloud and
distributed computing technologies, enabling seamless handling of growing
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datasets and user demands. Advanced data collection and integration mechanisms
allow the system to stay updated with the latest drug reviews, clinical data, and
emerging treatment options. Machine learning algorithms are continuously refined
to improve performance while reducing computational resource consumption,
thereby minimizing the environmental footprint.

Data accuracy and reliability are upheld through automated quality checks and
regular validation to eliminate biases and inconsistencies. The system actively
incorporates feedback loops from both healthcare providers and patients to refine
recommendations and enhance usability. Ethical Al principles are integral,
focusing on fairness, transparency, and the protection of user privacy. These
measures ensure that the system aligns with the values of trustworthiness and
accountability.

Additionally, partnerships with healthcare organizations, research institutions, and
policymakers foster innovation and integration with broader health initiatives. The
system is designed with modularity, enabling easy adaptation to new regions,
languages, and healthcare contexts. Sustainability efforts extend to environmental
responsibility through the use of energy-efficient hardware, carbon-neutral data
centers, and eco-friendly operational practices. Together, these strategies ensure the
system’s continuous improvement, relevance, and alignment with societal, ethical,

and environmental goals.
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CHAPTER 6

Overview of the Study, Conclusion, and Future Work

6.1 Overview of the Study

This work is about designing a comprehensive drug recommendation system
which, based on the patient feedbacks, applies modern NLP and machine learning
methodologies to recommend specific medications. The primary goal is to enhance
the evaluation of drug effectiveness, enabling healthcare professionals to make
well-informed decisions. Unlike traditional sentiment analysis methods that
classify reviews into broad categories such as positive, negative, or neutral, this
research adopts a multi-class classification approach. Sentiment levels are
categorized into five distinct classes: Frustrated, Bad, Neutral, Good, and Excited,
which may help to get a better insight of patients’ feedback.

The dataset for this study, sourced from the UCI Machine Learning Repository,
consists of extensive patient reviews with ratings and drug conditions. To ensure
high-quality data for analysis, advanced preprocessing techniques, including text
normalization, tokenization, stopwords removal, stemming, and lemmatization, are
applied. Feature extraction methods such as Term Frequency-Inverse Document
Frequency (TF-IDF) and Count Vectorizer (CV) with n-grams are used to capture
word-level and contextual relationships in the text.

To address the challenge of class imbalance in the dataset, Synthetic Minority Over-
sampling Technique (SMOTE) combined with Tomek Links is employed to
balance sentiment classes effectively. Eleven machine learning models, including
Logistic Regression, Random Forest, and XGBoost, are trained and evaluated for
sentiment classification. LR achieves the highest accuracy of 86.86%, with further

optimization using cross-validation and stratified sampling.
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The study's findings contribute to the development of a drug recommendation
system that leverages patient feedback to predict drug effectiveness and improve
medication management. By integrating advanced machine learning models,
balanced datasets, and ethical considerations, this research sets a foundation for
impactful healthcare applications and supports informed decision-making in the

medical field.

6.2 Conclusions

Evaluated eleven machine learning models on the drug review dataset using TF-
IDF and Count Vectorizer as feature extraction techniques across various n-gram
levels. Logistic Regression emerged as the most reliable model, achieving a balance
of high accuracy, simplicity, and interpretability. While evaluated for sentiment
classification. LR achieves the highest accuracy of 86.86%, with further
optimization using cross-validation and stratified sampling. Cross-validation
results further validated the LR model’s robustness, although the noticeable gap
between training and test accuracy suggests potential overfitting. Despite this, the
classification report for individual folds demonstrated exceptional performance
across all sentiment classes, with high precision, recall, and F1-scores. Future work
could explore strategies such as regularization and hyperparameter tuning to
address overfitting and improve generalization. Overall, the Logistic Regression
model, with its superior performance and reliability, is well-suited for sentiment

classification tasks in this domain.

6.3 Limitations

The degree of possibilities of using sophisticated ML techniques in the domain of
sentiment analysis, and drug advising is still questionable, yet it has its drawbacks.

First, the dataset, although extensive, originates from a single source (UCI Machine
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Learning Repository) and may not fully capture diverse patient demographics,
cultural differences, or regional variations in drug usage and feedback. This limits
the generalizability of the findings to broader populations.

Second, despite addressing class imbalance with SMOTE-Tomek, the synthetic
generation of minority class samples might introduce noise or fail to accurately
represent real-world data. Additionally, the XGBoost model, while achieving the
highest accuracy of 68.84%, indicates there is still room for improvement in
classification performance, particularly in predicting minority classes.

Third, the study relies on static feature extraction techniques like TF-IDF and Count
Vectorizer. While effective, these methods may not fully capture the semantic and
contextual nuances present in textual data. Incorporating deep learning models like
BERT or GPT could provide richer text representations and improve classification
outcomes.

Lastly, the study does not address the ethical and regulation risks of the deployment
machine learning systems in healthcare, such as data privacy, algorithmic fairness,
and interpretability. To maintain legal and ethical requirements the implementation
of the model in a real world needs more comprehensive framework. Future research
should aim to get around these issues by using wider data entrance, and considering
better models and realistic implementation issues that provide higher flexibility in

the clinical environment of the system.

6.4 Future Work

For future work, several improvements and expansions can be made to enhance the
study. First, including more diverse sources of information, for example, the
patients’ reviews from various geographic regions and demographics, can improve

the model’s generalizability. Incorporating more advanced NLP models like BERT
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or Ro BERT awould allow for a deeper understanding of nuanced patient feedback.
Further research into class balancing techniques beyond SMOTE-Tomek, such as
adaptive synthetic sampling or ensemble-based approaches, could help address
class imbalances more effectively. Optimizing the model through ensemble
methods, hyperparameter tuning, or Auto ML could improve accuracy and
robustness in multi-class sentiment classification.

Also, the integration of real time systems that can update drug prescribes based on
the patient feedbacks in real time environments would increase the usefulness of
above system. Efforts should also be directed toward making the models more
interpretable and transparent by focusing on explainable Al, which would help
address ethical concerns, such as bias and data privacy. Future work could also
involve combining sentiment analysis with clinical data like drug efficacy and side
effects to provide a more comprehensive drug evaluation. Extending the system to
support multilingual text data would broaden its reach and applicability, making it
useful across different languages and regions. These advancements would improve
the system’s accuracy, usability, and overall impact in personalized medicine and

healthcare decision-making.
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