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LEXICON BASED BIO-BIDIRECTIONAL
ENCODER REPRESENTATIONS FROM
TRANSFORMERS

This study integrates a hybrid approach to sentiment analysis in the area of
medical texts (patient reviews) that merges lexical strategies with deep learn-
ing and machine learning models. Different methodologies are used, such as
reviews annotated by SenticNet and Text Blob lexicons. and for extracting
crucial features in which TF and TF-IDF are utilized. Lastly, classification
tasks are performed using machine learning models and deep learning models,
and models based on transformers such as Bio-BERT. Performance metrics are
utilized to evaluate the effectiveness of this combined methodology. Experimen-
tal results demonstrate that hybridization of lexicon and a transformer-based
medical learning model produces superior outcomes compared to using each
method independently in sentiments finding. Text Blob exhibits impressive
performance, achieving 97 percent accuracy with a hybrid of LSTM and CNN,
and another medical transformer model is Bio-BERT, on a drug review dataset,
with 95 percent accuracy in term frequency and the logistic regression model.
TextBlob also attains 94 percent accuracy when paired with term frequency and
the LSTM model, and 97 percent accuracy when combined with the Bio-BERT
transformer-based model on a dataset sourced from tweets.
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1. Introduction

The sentiment analysis tool is used by healthcare practitioners to rapidly evaluate the
advantages and disadvantages of their practice. By analyzing patient feedback and
reviews, these tools can generate actionable insights that help improve overall patient
experience. Implementing such insights can lead to enhanced patient satisfaction
rates, as providers can address specific areas of concern identified through sentiment
analysis.

Two main applications are, first, that it offers a more lucid understanding of the
feelings a patient has about different parts of the medical institution. This emotional
data is crucial for understanding how patients perceive their care, the environment
of the facility, and interactions with healthcare professionals. By focusing on both
areas of improvement and excellence, healthcare providers can continuously refine
their services to better meet patient needs and expectations. Therefore, an accurate
medical model and lexicon are needed for sentiment analysis in the healthcare domain.
An efficient medical learning model needs to develop to overcome these challenges.
This research is aimed to solve some of the below listed research questions. The
formulated research questions are as follows:

e Research Question 1 (RQ1) — How can a specialized medical lexicon be de-
veloped to accurately capture the sentiment expressed in medical texts?

e Research Question 2 (RQ2) — What methods can be used to enhance the
accuracy of sentiment analysis models specifically trained on medical datasets?

e Research Question 3 (RQ3) — Which feature extraction techniques are most
effective for capturing sentiment-relevant features from unstructured medical
texts?

e Research Question 4 (RQ4) — How can the integration of structured and
unstructured medical data improve the feature extraction process for sentiment
analysis?

The primary objective of sentiment analysis using a medical lexicon and med-
ical model is to accurately identify and interpret sentiments expressed in medical
texts. This involves developing a comprehensive medical lexicon that encompasses
the vast array of medical terminology, including diseases, treatments, symptoms, and
procedural descriptions, ensuring that it captures context-dependent meanings spe-
cific to the medical domain. The medical model, trained specifically on annotated
medical datasets, leverages this lexicon to parse and analyze the sentiment embedded
in various forms of medical communication, such as clinical notes, patient reviews,
and research articles. By focusing on context and the unique nuances of medical lan-
guage, the goal is to enhance the model’s ability to discern subtle emotional cues and
sentiment shifts, which are critical for understanding patient experiences and clinical
outcomes. This objective aims to provide more precise and actionable insights into the
sentiments conveyed in medical documents, thereby supporting better patient care,
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enhancing doctor-patient communication, and informing clinical decision-making pro-
cesses.
The contributions of this study are manifold:
e Investigation into the applicability of sentiment analysis to medical reviews and
Twitter tweets.
e Assessment of sentiment lexicons available to the public in the medical field.
e Proposal of a hybrid framework integrating lexicons, machine learning, and deep
learning algorithms for accurate sentiment analysis in healthcare.
e Utilization of TextBlob and SenticNet sentiment lexicons for categorizing medical
reviews into sentiments.
e Evaluation of feature extraction methods, TF and TF-IDF, on medical reviews
and Twitter datasets.
e Adoption of machine learning models and four deep learning models for sentiment
classification.
e Conduct multiple experiments on publicly available datasets to assess the per-
formance of the proposed approach.
e Comparison of the results of the proposed method with state-of-the-art ap-
proaches to validate its efficiency.

2. Literature review

In this study, the author categorizes attitude polarity into positive, negative, and
neutral, demonstrating that deep learning architectures, particularly CNNs, outper-
form traditional methods. Using the enhanced Cohn Kanade (CK+) and FER-2013
datasets, our CNN-based approach surpasses previous designs in facial expression
recognition, as confirmed by extensive studies [20].

The author presents a computationally efficient CNN for automatic MRI scan
classification to detect brain tumors, using the Br35H benchmark data set. By aug-
menting the data, the author aims to reduce training time and improve accuracy,
achieving high accuracy in identifying brain tumors in MRI images [19].

In this study the author utilized three datasets to discover attitudes. To verify
the accuracy and consistency of the dataset annotations, the datasets were validated
using Cohen’s kappa and Krippendorff’s alpha metrics. The preprocessed datasets
were trained using a variety of methods, such as ensemble learning, deep learning,
machine learning, transformers, and hybrid approaches [35].

This paper provides a unique hybrid-model architecture for Urdu sarcasm
that combines multilingual BERT (mBERT) embeddings with multi-head attention
(MHA) and BiLSTM. Word embeddings from fastText were used to train deep learn-
ing classifiers [14].

In this paper, reducing the necessary proportion of labeled data was the author’s
aim. Three publicly accessible datasets (OpenBookQA, SWAG, and HellaSWAG)
and three CNLI models (BERT, LSTM, and ESIM), which reflect various tasks, are
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used to show the effectiveness of our technique [1]. The authors introduce a deep
generative adversarial network for image de-hazing. Traditional de-hazing techniques
rely on per-pixel loss, causing significant differences from minor pixel variations. To
address this, the authors used a perceptual loss function with pretrained ImageNet
models to extract high-level image features, overcoming per-pixel loss limitations [8].

This study investigates the effectiveness of e-learning through an analysis of social
media attitudes on platforms such as Facebook, Instagram, and Twitter, recognizing
social media’s role as a major communication tool [26] to achieve better classification
accuracy and employ a transformer-based BERT model with an appropriate pre-
processing pipeline [41]. Tt is crucial to investigate sentiment analysis theory and its
useful applications in many settings. This study explores the methods and strategies
used, assessing the benefits and drawbacks of each.

Table 1
Comparison of Latest Research Findings on Sentiment Analysis
S.No | Author name Methodology Accuracy [%)] Dataset Year
used
1 Meena [20] CNN 79% and 95% Cohn Kanade 2024
(CK+) and
FER-2013
2 Mohbey [19] CNN 93.99% Brasl 2023
3 MA XLM- 89.46% 3 Datasets 2024
Rahman [35] RoBERTa
4 M. Hasan [14] mBERT- 79.51% Urdu sarcasm 2024
BiLSTM-MHA dataset
5 S.N. Aakur [1] GPT, GPT- 63% Open Book 2023
2, BERT QA, SWAG,
and
HellaSWAG
6 Mujahid [27] RoBERTa 96.02% Tweets (27,780) 2023
and BERT
7 Rustam [25] BERT 96.49% Tweets 2023
8 Sudheesh [21] Transformer- 99% Twitter’s 2023
based BERT reviews
9 Meena [22] CNN based on 99.5%, 86% and 73% CK+, 2023
InceptionV3 FER2013, and
architecture JAFFE
datasets
10 Choudhary [8] Deep Learning PSNR (17.09), SSIM (0.14) | NYU Depth 2020
Dataset
11 Mujahid [26] Random Forest 95% Tweets (17,155) | 2021
and Support
Vector Machine

[43] adds to this conversation by contrasting and comparing various approaches,
highlighting the holes and unexplored aspects that are essential in obtaining thor-
ough sentiment comprehension. [34] expand on this investigation by imagining a path
forward that takes unsolved issues into account. This paper summarizes sentiment
analysis’s applications and clarifies how it works. It carefully evaluates approaches
to offer a fair assessment of their benefits and drawbacks. The intricacies of senti-
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ment analysis are explored [6], opening the door to possible fixes that might increase
precision and dependability.

Traveling or accommodation sector services are one practical arena in which
sentiment analysis is examined [10,15,29]. The emergence of social media sites such
as Twitter, where users express a wide range of thoughts and feelings, has led to a
boom in interest in sentiment analysis, as noted [23,24, 30].

Sentiment analysis procedures are dominated by two main strategies: machine
learning techniques and the semantic orientation (SO) approach. These tactics are di-
vided into a number of sub-methods and algorithms, each of which has advantages and
disadvantages [9,31]. Prominent sentiment lexicons such as Ml-Senticon, iSOL, Sen-
tiWordNet, and eSOL are essential for sentiment extraction using the SO technique.
The contextual variety of words is difficult, though, which has led to the creation
of domain-specific lexicons, as suggested in [13, 33, 38]. However, labeled datasets
are necessary for model training in supervised machine learning techniques [5,7,40].
Conversely, supervised machine learning techniques, as explored in [5,7], analyze and
evaluate technique-dependency features [2,3,32,37,39], POS-related features [28] and,
in some cases, a combination of these factors [4].

To improve the efficiency of classification algorithms, feature extraction tech-
niques were included. But, as noted [11,12,16,17,36], there are still issues, such as
the requirement of substantial labeled datasets in supervised machine learning and
the necessity for substantial language resources in SO techniques [26,27].

Deep learning models hold significant promise for image-based diagnostics, in-
cluding Covid-19 and cancer detection. To address diagnostic challenges, the author
developed a transfer learning-based model using InceptionV3 to detect Monkey-pox,
trained on a publicly available dataset, aiding medical professionals [18,21]. Author-
enhanced image-classification capabilities used deep features and the InceptionV3
CNN architecture. By employing the CK+4, FER2013, and JAFFE datasets, we suc-
cessfully recognized and categorized emotions [22].

3. Proposed framework

3.1. Problem statement

Patient reviews on healthcare platforms aid in evaluating new medicines’ effectiveness
and identifying adverse drug reactions (ADRs). These insights are crucial for post-
market monitoring and gauging patient satisfaction, helping healthcare stakeholders
make informed decisions.

3.2. Dataset description

This research utilized two distinct data sets for analysis. The first set comprised
medication reviews sourced from the UCI Machine Learning Repository, renowned
for its benchmark data sets. The second data set consisted of tweets collected from
Twitter.
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3.2.1. Medicine review dataset

The data set consisted of medication reviews by patients along with information about
their underlying conditions at the time of drug use. On a scale of 1 to 1, 1 denoting
the highest degree of satisfaction, each medicine was assessed. With seven variables
and 161,291 entries, the data set mostly focused on patient evaluations. Specifically,
3,436 drug records with user-expressed pleasure or discontent were included in the
collection. These evaluations included user testimonies about side effects, adverse
effects, and the overall influence of the medication, which expressed how satisfied the

user was with it overall.

Table 2
Characterization of dataset features [36]
Series number | Variable Description
1 Unique ID User ID
2 Drug name Evaluated drug brand name
3 Condition Ailment name
4 Review User-authored review
5 Rating Rating (1-5 Stars)
6 Date Review submission date
7 Useful count Number of users finding the review infor-
mative
Tweets

The sentiment analysis data set comprises 32,047 tweets gathered from various Twitter
accounts discussing diabetes, extracted using the Python code. The data set was

structured with several distinct fields:

e Date of the Tweet

o Tweet ID

o Tweet Text
e User handle
e User name

Table 3

An Tlustration of Ataset 2’s Attributes for Testing Hypotheses

S.No | Variable Description
Tweet. Date Date of tweet posting
Tweet. ID Unique user 1D

Tweet. Content

User-written review

Tweet. User

Holder’s name

SUENEUENIE 2

Username

Username
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3.3. Prospective fusion system for sentiment analysis

Both lexical-based and learning-based techniques are used by natural ‘language pro-
cessing (NLP) to analyze sentiments regarding medication evaluations. After pre-
processing, the data set was divided into three sentiment classes using lexical methods,
with pertinent features being extracted using TF and TF-IDF. These characteristics
were used in the training and evaluation of learning model systems, which measure
efficiency by F1 score, accuracy, precision, and recall.

To categorize the attitudes of drug reviews, a composite technique was em-
ployed, which combines opinion mining with a sentiment-vocabulary-based learning
algorithm. Reviewers can be categorized as positive, negative, or neutral using the
SenticNet and TextBlob sentiment vocabularies, which evaluate words and provide
emotional values. To train and test certain classifiers, the labeled data is divided into
practice and test sets (75% and 25%, respectively).

Data Preprocessing

Convert To Lower Case
Removing Stopwords

Null Value
and Numbers
Removing Single Letter
Words

Text Blob
SenticNet

Data Split

Preprocessed
Drugs and
Medical
Reviews

Random Forest

—T—

Logistic Regression

Evaluation Parameter

1 Prediction }
Test Data

CNN-LSTM
BIO-BERT

Figure 1. Architecture of the lexicon-based learning model with transformers for
sentiment analysis

3.3.1. Pre-processing

The data in this study goes through a number of phases in preparation in order to
get it ready for classification:
e Handle negations: Negative connotations in tweets need to be eliminated.
e Convert to lower case: Any tweets that start with an uppercase letter will be
changed to lowercase.
¢ Removing punctuation: Punctuation has been stripped out of the text.
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¢ Removing single-letter words: Single-letter terms that were deemed offensive
in previous text have been deleted.

e Removing blank spaces: The text that had extra spaces between the words
was deleted.

e Removing numbers: Text containing irrelevant or offensive figures have been
deleted.

¢ Removing stop words: Text containing stop words has been deleted.

3.4. Word2Vec model

The Word2Vec model is trained by feeding it a sizable corpus of text. During training,
the model learns to modify the word vectors so that words with comparable contexts
or meanings are mapped closely together in the vector space. Semantic connections,
such as synonyms or related concepts, are represented in the vector space as geometric
closeness.

Furthermore, in addition to using the preprocessed text corpus to train a
Word2Vec model and produce dense vector representations (embeddings) for every
word, these Word2Vec embeddings extract contextual information and semantic con-
nections from the text. Next, depending on their relevance to your job or subject,
a subset of significant words or phrases from the Word2Vec embeddings is chosen to
generate a lexicon.

3.5. Lexicon-based methods

Combining assumption dictionaries with a set of guidelines for categorizing phrases
found in a text into positive, negative, and neutral categories is part of the lexicon
technique [37]. Lexicon-based sentiment classification is based on the assessment of
the sentiment-bearing phrases’ intensity in a given text, allowing one to ascertain the
overall sentiment of the text.

One common phrase for a sentiment lexicon is a lexicon that has word polarity
values. Every word or phrase in the lexicon has its emotion polarity score annotated
on it. Tuples in the sentiment lexicon database are frequently represented using the
format (term, sentiment polarity score). An intensity score, which can be positive,
negative, or neutral, is included for each word. The text in question is categorized
based on this score.

3.5.1. TextBlob

TextBlob is a popular Python-based toolkit used for natural-language processing
(NLP) activities on input text. For a range of natural language processing (NLP)
operations, including sentiment analysis, entity identification, part-of-speech tagging,
translation, and classification, it offers user-friendly APIs.

The authors of [4] use TextBlob as a sentiment analyzer to forecast the tweets’
intensity. TextBlob facilitates sentiment analysis with machine learning and the nat-
ural language toolkit (NLTK) [12]. There are 2,918 terms in the sentiment lexicon of
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TextBlob. You may categorize a text as factual information or a person’s sentiment
using TextBlob’s sentiment analysis tool by grading the text’s intensity and subjec-
tivity. This is the format that TextBlob uses when it gives a tuple for a word or
phrase:

Sentiment = (polarity_score, subjectivity_score) (1)

where Rp = [+1.,1.] and Rp = [.,1.]. Scores for subjectivity and polarity are repre-
sented by the float values.

3.5.2. SenticNet

ScenicNet is a language created especially for finding sentiments that are conceptual.
Its foundation is sentic computing, a sophisticated, interdisciplinary technique of sen-
timent analysis. SenticNet, in contrast to other technologies, can integrate emotional
and polarity information into complex ideas, such as reaching objectives or remember-
ing important events. Sentiment ratings, ranging from -1 to 1, are currently available
for over 14 popular ideas on SenticNet.

Table 4
Sentiment Analysis Parameter Key Value
Series number | Parameter name | Parameter value
1 Positive Value > 0
2 Negative Value < 0
3 Neutral Value = 0

4. Feature engineering

Feature engineering is used to separate important characteristics from the pre-
processed data in order to increase the efficacy of prediction models on unseen data
[38]. By identifying attributes pertinent to the issue statement, this method improves
the learning model’s performance. The study’s researchers [39] demonstrated how fea-
ture manipulation outperformed conventional models in terms of performance. There
are several ways to manipulate features in textual data.

4.1. Term frequency (TF)

The assessment of a word’s frequency inside a certain document is referred to as
a “term feature” [16]. You may calculate it by dividing the quantity of words in
Document D by the frequency with which each word w appears. It may be represented
mathematically as:

Occurrences of w in D

tf(w, D) (2)

- Total number of words in D
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The count vectorizer-function from Python is used in this study to extract word
frequencies from the data set.

4.2. TF-IDF (term frequency-inverse document frequency)

Using TF-IDF, a word in a given document is quantified. A word’s weight is often
calculated based on how relevant it is to the given material. The relevance of a
word to a document will increase with its weight score, and vice versa [34]. This
is accomplished by combining the metrics of inverse document frequency (IDF) and
term frequency (TF), where IDF measures a word’s frequency over the whole corpus
of texts, while TF measures a word’s relevance within a given document. The word

b2 b))

w” in document D has the following mathematical representation in IDF:
N
idf (w, D) = log (—i—l) 3
(w,D) = log s 3)

where N represents the total number of documents in the corpus and df (w) is the
number of documents that include the word w.

tf —idf (w, D) = tf(w, D) x idf (w, D) (4)
tf —idf (w, D) =tf(w, D) x log ((ﬁ](\[m—i—l) (5)

Where:
- The term frequency of the word w in document D (TF(w,D)) counts the
frequency of the word w appearing in document D.

- The inverse document frequency (IDF) of the word w evaluates the significance
of the term over the whole document collection.

5. Machine learning methods for sentiment categorization

5.1. Support vector machines (SVM)

A technique for binary classification called support vector machine (SVM) looks for
the optimal hyperplane to divide data points into distinct groups. SVM may be
trained on a feature representation of the text input in order to be used for sentiment
analysis. The primary idea of support vector machines (SVM) is to maximize the
margin by optimizing the decision boundary to attain the best possible separation
between classes.

5.2. Logistic regression

A linear model used for binary classification issues is logistic regression. It expresses
the likelihood that an instance falls into a given class using a logistic function.
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5.3. Decision tree

In this method, the input data is recursively divided into subgroups according to the
characteristics that most effectively distinguish between classes or forecast the target
variable. The branches of the tree indicate the potential results of each node, which
symbolize a choice made in response to a characteristic.

Information gain: At each decision tree node, this measure aids in choosing
the optimal split or attribute. It calculates the amount of entropy or impurity that
is reduced when data is divided according to a particular feature.

6. Deep learning models for sentiment classification

Sentiment analysis (SA) uses four-deep learning models: long short-term memory
(LSTM), CNN-long short-term memory (LSTM), generative pretrained transformer 2,
and BIO bidirectional encoder representations from transformers to assess provided
datasets.

6.1. LSTM model

An improved RNN design uses three control gates and a memory cell to efficiently
store past data in lengthy sequences. This lessens the impact of training RNNs with
several layers on the vanishing gradient issue and the loss of prior data. The LSTM’s
hierarchical structure is seen in Figure 2.

A

~
> ®
Ent>
® ®
(0] [rA] o]
* y,

®

Figure 2. Architecture depiction of LSTM [36]

A memory cell is added to the framework to hold past data. The input gate,
forget gate, and output gate are the three gates that control the input, update, and
output of past data, respectively. The structure also has a memory cell that stores
past data.
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6.2. CNN-LSTM model

Initially, T used the CNN-LSTM model for my experiments. The first convolution
layer in our CNN-LSTM model takes as input -(word missing?). Subsequently, the
output is sent into an LSTM layer after being reduced in dimension. This strategy is
justified by the fact that the convolution layer can identify local characteristics that
the LSTM layer can use to decipher the input text’s sequence. This is the fundamental
idea behind this approach. However, in comparison with our alternative LSTM-CNN
model, this model performs worse in real-world scenarios.

Figure 3. Architecture depiction of CNN LSTM [26]

6.3. Bio-BERT Model

The Bio-BERT Model is fine-tuned for biomedical and clinical text. Pretraining on
biomedical literature enhances its performance in sentiment analysis.

BioBERT Pre-training

Pre-trained BioBERT with
\E?iomedical domain corpora

J

Figure 4. Architecture depiction of Bio-BERT [16]
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BioBERT initially learns contextual relationships from biomedical data and is
then fine-tuned on sentiment-labeled datasets specific to the domain. During infer-
ence, BioBERT generates contextualized word embeddings capturing word meanings
within context. These embeddings are fed into a classifier for sentiment prediction.
Leveraging domain-specific knowledge, BioBERT accelerates sentiment analysis work
and offers nuanced understanding and interpretation of sentiment in biomedical texts.

6.4. GPT-2

Expanding on the transformational transformer design, OpenAl created the very ad-
vanced generative pretrained transformer 2 (GPT-2) architecture. It is made up of
many stacked transformer blocks with feed-forward neural networks and built-in self-
attention mechanisms. GPT-2 uses self-attention to assess each word’s significance
in relation to the complete input sequence and positional encoding to maintain the
tokens’ sequential order. These elements provide the model with the ability to rep-
resent complex semantic links and dependencies in language, which helps it perform
well on a range of natural-language processing tasks. Furthermore, to improve train-
ing stability, information flow, and coherent text creation, GPT-2 incorporates layer
normalization, residual connections, and softmax activation functions in its output
layer.

7. Evaluation parameters

It is crucial to assess the model’s performance following evaluation and training. Four
different results can be obtained from a categorization model:
e True Positives (TP): Situations in which a favorable conclusion is accurately
predicted.
e True Negatives (TN): Predicted negative cases that really fall under the neg-
ative category.
e False Positives (FP): Events that are wrongly classified as positive when they
are actually negative.
e False Negatives (FIN): Instances that are positively predicted but are mistak-
enly classified as negative.
Four measures are usually used to assess the performance of the classifier: accu-
racy, precision, recall, and F1-score.

7.1. Accuracy

The traditional metric for evaluating sentiment analysis performance is accuracy,
which is the percentage of tweets that are properly classified out of all tweets.

True Positive 4+ True Negative

(6)

Accuracy =
Y True Positive 4+ True Negative + False Positive 4+ False Negative
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7.2. Precision

The accuracy of positive predictions among all positive classifications is indicated by
precision, which is the ratio of properly predicted positive tweets to the total number
of tweets classified as positive.

Precisi True Positive (7)
recision =
True Positive + False Positive

7.3. Recall

Recall is computed by dividing the total number of tweets that are actually positive by
the total number of tweets labeled as positive. Recall is also referred to as sensitivity
or true positive rate. It assesses the model’s accuracy in identifying positive cases
among all real positive instances.

True Positive
Recall = 8
eea True Positive 4+ False Negative ()

7.4. Fl-score

The F1-score is frequently regarded as the most accurate indicator of a model’s per-
formance, as it incorporates recall and accuracy into a single statistic. The harmonic
mean of recall and accuracy is used to calculate it. The performance of an improved
model may be evaluated by looking at its F1 score. You may use the following formula
to determine the F1 score:

2 - (Precision - Recall)
Precision + Recall

F1 — score = (9)

In this study, we employed a hybrid approach to categorize sentiment in drug re-
views. This method integrates a semantic lexicon that has proven crucial for sentiment
analysis. The proposed technique is employed to develop a system that automatically
interprets unlabeled data using a sentiment lexicon and categorizes emotions for drug
reviews and patient feedback assessment using a trained model.

8. Fine-tuning phase

Many tests were run in order to maximize the model’s performance throughout the
fine-tuning phase. To get the best outcomes, several setups and hyperparameter
adjustments were made. To improve training efficiency and model convergence, for
example, the optimizer, number of epochs, batch size, and learning rate were ad-
justed. Furthermore, a variety of neural network topologies and layers were tested
to find the best setup for sentiment analysis on medication evaluations. Addition-
ally, cross-validation methods were used to verify the model’s performance over many
dataset folds, guaranteeing its generalizability and resilience. In addition, the best
combination was found by methodically exploring the hyper-parameter space using
grid search and random search techniques.
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9. Result and evaluation

This section provides the straightforward test components, including the hyper-
parameters of the unique classification computations and a depiction of the testing
system. The Intel Core i7 8th generation computer, which has a quad-core CPU and
8GB of random access memory running Windows 1, is used for the tests. The Python
programming language is utilized in conjunction with various tools, including the Boa
Constrictor 3 application, Spyder notebook, Google Colab, and others.

In this section, using two different datasets, we discuss the outcomes of the
hybrid strategy for each feature building technique. Findings are presented when we
use patient reviews as a source of information.

9.1. Patient reviews

The initial study delves into employing a lexicon-driven technique to assign sentiment
labels to 161,291 unmarked medical reviews. Based on the sentiment score, patient
reviews are categorized as traditional sentiment. Table 5 illustrates the distribution
of reviews across each sentiment category.

Table 5
Number of Examples for Each Sentiment Lexicon Under Each Label Distribution
Method Positive Neutral Negative
TextBlob | 98255 8426 54610
SenticNet | 97602 1820 61869

9.1.1. Evaluation of machine learning models using TextBlob reviews

Table 6
Performance Metrics for Different Machine Models Using TF

Machine Model | Accuracy | Precision | Recall | F1 Score

TB+LR 95 96 97 96

TB+DT 89 92 91 92

TB+SVM 89 93 92 92
Table 7

Performance Metrics for Different Machine Models Using TF-IDF

Machine model | Accuracy | Precision | Recall | F1 Score
TB+LR 93 92 97 95
TB+DT 89 90 92 91
TB+SVM 88 89 94 92
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9.1.2. Assessment of machine learning models using SenticNet

The suggested combined feature engineering approach performs noticeably better on
average, according to the SenticNet sentiment analysis. TF outperforms other feature
engineering procedures in terms of classification accuracy, as seen in Figure 8. To be
more precise, SenticNet with LR results in greater accuracy, with TF at 93% and TF-
IDF at 91% precision. Table 7 shows that SenticNet obtains the greatest accuracy of
93% with TF when paired with LR. On the other hand, TF-IDF characteristics also
demonstrate a high accuracy of 91% when combined with SenticNet and LR. The
maximum F1 score of 95 is obtained when SenticNet, LR, and TF characteristics are
combined.

Table 8
Performance Evaluation of Classification Models Using SenticNet Sentiments (Using TF)

Machine model | Accuracy | Precision | Recall | F1 Score
TF
SN + LR 93 94 95 95
SN + DT 81 85 85 85
SN + SVM 87 91 89 90
Table 9
Performance Evaluation of Classification Models Using SenticNet Sentiments (Using TF-
IDF)
Machine model | Accuracy | Precision | Recall | F1 Score
TF-IDF
SN + LR 91 91 94 93
SN 4+ DT 82 85 85 85
SN + SVM 86 88 90 89
Table 10
Comparison of Machine Learning Classification Models Using SenticNet and TextBlob Sen-
timents
Machine models TF TF-IDF
TextBlob | SenticNet | TextBlob | SenticNet
LR 95 93 93 91
DT 89 81 89 82
SVM 89 87 88 86
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9.1.3. Exploring deep learning models using SenticNet and TextBlob sentiments

Table 11
Performance Analysis of Deep-Learning Classification Models Using SenticNet Sentiments
Deep Learning Model | Accuracy | Precision | Recall | F1 Score
SN+LSTM 91 91 95 93
SN+GPT-2 91 88 89 88
SNt+CNN+LSTM 93 93 93 93
SN+Bio Bert 95 96 94 96
Table 12
Performance Analysis of Deep-Learning Classification Models Using TextBlob Sentiments
Deep Learning Model | Accuracy | Precision | Recall | F1 Score
TB+LSTM 96 97 97 97
TB+GPT-2 96 94 93 93
TB+CNN+LSTM 97 96 96 96
TB+Bio Bert 97 97 96 96

9.1.4. Comparative analysis of learning models using SenticNet and TextBlob
sentiments

Tables 8, 9, and 10 show that TextBlob combined with Bio-BERT yields the great-
est sentiment classification accuracy, of 97%, followed by TextBlob, combined with
CNN+LSTM at 97% and TextBlob employing LR with TF, at 95%. This demon-
strates efficacy learning. TextBlob outperforms in terms of its pattern analyzer fea-
tures and improves word sense disambiguation more accurately when combined with
any of the two-feature engineering methodologies. On the other hand, SenticNet has
not kept up with other sentiment lexicons because of its inability to handle brief
sentences, which are typical of micro blogs.

Due learning models are surpassed by LR due to its resilience. However, tree-
based models like DT perform poorly compared to LR. Tree-based models are prone
to overfitting and sampling mistakes, which can lead to poor results if there is a
significant discrepancy between the training and testing data. Furthermore, there is
a relationship between the size of the feature set and the models’ effectiveness. When
the feature set size is greater than the training examples, LR models can be trained
more effectively than tree-based models. As a result, TF has performed better, as it
has a larger set of features.
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9.2. Twitter tweets
9.2.1. Exploration of medication surveys using a lexicon-based approach

The first study looks at classifying sentiment in 3,247 untagged medical reviews using
a lexicon-driven technique. Based on the sentiment rating—a score of 77 (needs to
be added) denotes a neutral sentiment—drugs are evaluated and classified as either
positive or negative. Table 11 shows the distribution of the reviews assigned to each
sentiment group.

Table 13
Category-wise Count of Sentiment for Each Lexicon

Approach | Positive | Neutral | Negative
TextBlob 16102 5278 10667
SenticNet 20232 10395 1420

9.2.2. Performance evaluation of machine learning models using TextBlob
sentiments

Table 14
Performance Analysis of Classification Models Using Text Blob Sentiments

Machine model | Accuracy | Precision | Recall | F1 Score
TF
TB+LR 89 93 92 93
TB+DT 90 91 92 91
TB+SVM 92 95 93 94
TF-IDF
TB+LR 85 87 91 89
TB+DT 78 85 81 83
TB+SVM 90 92 92 92

9.2.3. Evaluation of machine learning models using SenticNet opinions

Based on SenticNet’s exploratory results, the hybrid feature engineering strategy that
has been proposed performs better overall. Table 16 shows that the best accuracy of
92 for TF is obtained when SenticNet and SVM are coupled. On the other hand, TF-
IDF features show the greatest accuracy rate of 93 when combined with SenticNet
and SVM. The greatest F1 score of 91 is displayed by TF features combined with
SenticNet and SVM.
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Table 15
Performance Analysis of Classification Models Using SenticNet Sentiments

Machine Model | Accuracy | Precision | Recall | F1 Score
TF

SN+LR 87 90 92 91

SN+DT 72 79 78 79

SN+SVM 87 92 90 91
TF-IDF

SN+LR 83 82 95 88

SN+DT 69 7 75 76

SN+SVM 85 86 93 89
Table 16

Result Analysis of Categorization by Models with SenticNet and TextBlob Sentiments

Machine Model | TF TF (Sen- | TF-IDF TF-IDF
(TextBlob) ticNet) (TextBlob) (Sentic-
Net)
LR 89 87 85 83
DT 90 72 78 69
SVM 92 87 90 85

9.2.4. Exploring deep learning models using SenticNet and TextBlob sentiments

Table 17
Performance Analysis Deep Learning Classification Models Using SenticNet Sentiments

Deep Learning Model | Accuracy | Precision | Recall | F1 Score

SN+LSTM 82 84 93 91

SN+GPT-2 84 84 86 85

SN+CNN+LSTM 85 86 85 85

SN+Bio BERT 87 84 83 84
Table 18

Performance Analysis of Deep Learning Classification Models Using TextBlob Sentiments

Deep Learning Model | Accuracy | Precision | Recall | F1 Score

TB+LSTM 94 94 97 95
TB+GPT-2 93 91 93 93
TB+CNN-+LSTM 92 92 92 92

TB+Bio BERT 97 96 97 96
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9.2.5. Comparative study learning models using SenticNet and TextBlob
opinions
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Figure 5. Confusion matrix for the most accurate classification models to analyze positive,
neutral, and negative predictions for drug reviews and tweets
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According to Tables 14, 15, and 16, TextBlob with Bio Bert achieves the high-
est sentiment classification accuracy of 97, followed by TextBlob with LSTM 94 and
TextBlob with SVM and TF 92. It illustrates how well a hybrid approach combining
lexicon- and learning-based techniques (machine and deep learning) works. TextBlob
performs better in terms of its pattern analyzer capabilities and more precisely uses
word sense clarification when paired with any of the two-feature engineering method-
ologies. Conversely, SenticNet has fared worse than other sentiment lexicons when it
comes to being limited to sentences that are the length of micro blogs.

9.2.6. Comparative study of a proposed framework with exiting work

By contrasting the hybrid approach’s sentiment categorization outcomes with those
of other cutting-edge techniques, its efficacy is assessed. This comparison is mostly
concerned with sentiment analysis of drug reviews. The comparative effectiveness of
several sentiment analysis methodologies is shown in Table 17. The authors of [42]
suggest an adaption technique utilizing bag-of-words characteristics with little pre-
processing to improve classification accuracy. In order to analyze domain-specific
sentiment expressions they examine word weighting schemes; they find that the delta
TF-IDF score works very well. In [12], the feature extraction techniques of count
vectorizer and TF-IDF are coupled to analyze the sentiment of medication reviews.
There are several classifiers used, such as ANN, LSTM, GRU, SVM, LR, and RF.
With the integration of both generic and domain-specific lexicons, (word mossong)
uses a hybrid approach for sentiment categorization and shows encouraging results.
Furthermore, [14] proposes a fusion method that uses classifiers such as LR, ADA,
MLP, and ETC to combine the lexicons of AFFIN, VADAR, and TextBlob. Table 17
shows that the present method outperforms the previous in terms of effectiveness.

Table 19
Comparative Study of Proposed Framework with Existing Work
S.No | References Dataset Method Feature A P R F
1 [42] ‘S\\ljﬁ LRLSRTE\'I’ GRU. [ 1p.1pP, 93 95 95 90
’ T Count vector-
izer
9 2] D Lexicon combination Uni and bi 91 76 53 62
R::iw and information gain grl;lm né b
(50000)
3 [17] Drug RF, SVM, NB, RBFN SWN and Po- 65 58 62 -
Review sition encod-
(5600) ing
4 | 36 Drug Corpus based sentiment [y~ pioron | g9 79 83 -
Revi classification T
eview and trigram
(26060)
TextBlob+BioBERT .
5 Proposed r o TF and TF- | 97,97 | 97,96 | 96, 97 | 98, 96
TextBlob+CNN-LSTM | [
6 | Proposed Medical ?thoffg’g\?m’ TF and TF- | 97,94 | 97,93 | 97,94 | 97, 93
Review extBlob+ ' IDF
(32047)
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10. Conclusion and future work

Research addresses the problems of domain specificity of sentiment lexicons and the
requirement for manual annotation in a learning-based approach to assess users’ emo-
tions. It does this by combining learning-based and lexicon-based approaches for la-
beling and categorization. TextBlob and SenticNet are evaluated as data annotation
techniques for two datasets: medication reviews and patient tweets. Experimental
investigation shows that TextBlob frequently yields better results when annotating
drug reviews.

TF and TF-IDF are the two recognized techniques for feature engineering. Three
machine-learning models (LSTM, SVM, DT) and four deep-learning models (LSTM,
GPT-2, CNN-LSTM, and Bio BERT) are used to classify sentiment. Many featur-
ing engineering and annotation procedures are used to evaluate their efficacy. When
compared to all other machine- and deep-learning models in a deep learning model,
CNN-LSTM and Bio-BERT yield the most accurate results. The results show that
SVM and LR machine learning models perform well when performed on term fre-
quency and term frequency-inverse document frequency with TextBlob lexicons.

The suggested approach in the empirical results of this study produced 4% better
accuracy results for drug review sentiment analysis than previous approaches. Fur-
thermore, experiments on datasets from other domains show the utility of the pro-
posed approach. Future study along these lines might greatly improve the system’s
functionality and usefulness. More specifically, improving the hybrid framework and
investigating other methods will be essential in enhancing medical text sentiment anal-
ysis. The present hybrid architecture, which combines several learning models, has
already demonstrated benefits in terms of increasing accuracy and capturing intricate
emotion patterns.

Nevertheless, to improve sentiment detection’s resilience across a variety of
datasets, more advanced methods, such as ensemble learning (using majority vot-
ing, stacking, or boosting), may be the subject of future research. Additionally,
transfer learning using pretrained models customized for medical contexts, such as
BERT or GPT, may improve the system’s ability to comprehend a complex language.
The framework may be further optimized with improvements in feature engineering,
especially by using medical lexicons and domain expertise.

Researching other approaches, such as multitask learning or graph-based models
such as graph neural networks (GNNs), might help illustrate the connections between
medical items and attitudes more accurately. Furthermore, an interactive method
for constantly optimizing categorization based on feedback mechanisms may be in-
troduced using reinforcement learning. Improving contextual comprehension using
context-aware models augmented by attention mechanisms or transformers is another
important line of inquiry. These models would be better able to manage complicated
sentiment relationships and long-term dependencies seen in medical texts. As mul-
tilingual medical datasets increase, these systems will also need to be cross-lingually
adapted.
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