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Abstract

Sentiment analysis is a booming field within natural language processing that focuses on
extracting and analyzing subjective information from textual data. In recent years, sentiment
analysis has garnered significant attention in the healthcare domain due to its potential to uncover
valuable insights from patient feedback, social media discussions, electronic health records
(EHRSs), and other sources. Sentiment analysis in healthcare addresses patients' healthcare issues
by analyzing their sentiments. By swiftly resolving patient concerns, sentiment analysis aids
decision-makers in formulating plans and implementing beneficial changes. Its application spans
various fields, and in healthcare, it highlights the strengths of medications and services. This paper
has a fourfold focus: (1) examining the application of sentiment analysis techniques in healthcare
contexts, (2) highlighting the classification levels and methodologies used for sentiment analysis,
including machine learning approaches, deep learning techniques, and lexicon-based methods, (3)
addressing the challenges associated with sentiment analysis in healthcare, and (4) providing an
overview of recent advancements while outlining potential future research directions in this field.
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1.0 Introduction

Individuals frequently share their health-related experiences online, ranging from discussions
about medical services received to the effectiveness of prescribed medications. A wealth of such
data is readily available across various online platforms within the medical field, including
websites, forums, blogs, and social media sites. People often express their emotions openly on
such platforms, enabling fellow patients to easily relate to their experiences. Patients often turn to
these platforms to glean insights from the experiences of others, attempting to correlate symptoms
and form judgments about their own illnesses and preferred courses of treatment. This practice can
significantly aid patients in understanding their treatment options, provided they carefully assess
the symptoms and experiences of other patients. This facilitates informed decisions when selecting
hospitals, clinics, and medications. This is where Sentiment Analysis (SA) plays a crucial role, as
a thorough analysis of other patients' experiences can serve as a valuable guide, helping individuals
better comprehend their illnesses and identify favorable treatment pathways, ultimately saving
both time and money.

Performing manual analysis of all available sentiments on online platforms is not only challenging
but also labor-intensive [1]. Consequently, arriving at the correct interpretations poses further
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difficulties. SA emerges as a vital field addressing these challenges, employing diverse techniques
to guide analysis without necessitating human intervention. Situated within the realm of natural
language processing, SA seeks to understand and interpret the people’s opinion, attitudes and
emotional nuances embedded within text data. The datasets used in sentiment analysis (SA) are
crucial in this field. The primary sources of data are user reviews [2]. In recent years, SA has
surged in popularity within research communities. It is also called as Opinion Mining (OM), since
it derives the opinion or attitude of the speaker [3]. Both expressions SA or OM, express a mutual
meaning. SA identifies and analyzes the sentiment expressed in a text. Its primary goal is to detect
opinions, determine the sentiments conveyed, feature selection and classify their polarity. Thus,
SA can be viewed as a classification process as shown in figure 1.

Step 1: To find opinions within text selected for Sentiment Analysis

il

Step 2: Sentiment Identification - Identification of the sentiments expressed by opinions
found in step 1 of classification process of SA

|

Step 3: Feature Selection based on the identified sentiments in step 2 of classification
process of SA

Step 4: Sentiment Polarity -classify their polarity i.e. positive, negative, neutral

Figure 1: Classification Process of Sentiment Analysis(SA)

It determines whether given text is positive, negative or neutral [3]. Neutral usually means no
opinion. The expected result of sentiment analysis is the categorization of medical decisions into
two types such as good, or not good as shown in figure 2. However, we can uncover the
characteristics of medical issues by delving deeper. Unlike previous methodologies, which often
relied on gathering data through forms and questionnaires, sentiment analysis prioritizes capturing
the emotional essence inherent in human communication. This focus on emotional responses
distinguishes sentiment analysis from traditional data collection methods, allowing for a more
nuanced understanding of human sentiments and experiences.

This paper explores the application of sentiment analysis techniques within healthcare contexts. It
highlights the various classification levels and methodologies employed, including machine
learning approaches, deep learning techniques, and lexicon-based methods. The challenges
associated with sentiment analysis in healthcare are also examined. Additionally, the paper
provides an overview of recent advancements in this field and outlines potential future research
directions for sentiment analysis in healthcare.

This paper is organized as follows: Sect. 2 highlights the levels of sentiment analysis Sect. 3
focuses on the methodologies and approaches used for sentiment analysis in healthcare, sect. 4

Page No: 38



Journal of Systems Engineering and Electronics (ISSN NO: 1671-1793) Volume 34 ISSUE 6 2024

will cover the various applications of sentiment analysis in healthcare and we talk about challenges
and limitations in Sect. 5, in Sect. 6 the future directions and research opportunities are discussed,

and finally the conclusion and references in Sect. 7

Good/Positive
Opinion
Sentiment Large Subjective Medical
Analysis ms)f  Knowledge from ) Decisions 4
online platforms
Not Good/Negative
_1 Opinion

Figure 2. Expected Result of Sentiment Analysis

2.0 Classification Levels of Sentiment Analysis

Sentiment analysis can be done at four levels namely document level, sentence level, phrase level
and aspect/feature level [4] as shown in figure 3. Table 1 shows each level of sentiment analysis
along with their classification level, assumptions used while performing classification and
applicability in analyzing opinions. Wilson et al. [5] have highlighted that sentiment expressions
are not inherently subjective. Nonetheless, there is no fundamental distinction between document-
level and sentence-level classifications, as sentences can be considered as short documents [6].
Classifying text solely at the document or sentence level lacks the granularity required to capture
opinions on all aspects of an entity, which is essential for many applications. To achieve this level

of detail, aspect-level analysis is necessary [2].

1.
Document
Level

4. Classification
Aspect/

Levels
Sentiment
Analysis

Feature
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3.

Phrase
Level

2.
Sentence
Level

Figure 3. Classification Levels of Sentiment Analysis

Page No: 39




Journal of Systems Engineering and Electronics (ISSN NO: 1671-1793) Volume 34 ISSUE 6 2024

2.1 Document level sentiment analysis

Document level sentiment classification works on the classification of whole document and results
are expressed in single polarity as positive, negative or neutral. The document is considered as
single entity means whole document is considered as a basic information unit. It is mostly
applicable on product reviews, to classify chapters or pages of a book and not applicable to
documents which evaluate or compare multiple entities. For such type of classification, both
supervised and unsupervised learning approach of machine learning can be applied [7]. This level
of sentiment analysis has major limitation of cross-domain and cross-language sentiment analysis

[8].
Sentiment Sentiment Works on Polarity Approach Applicability | Limitation
Analysis Analysis to be
Classification | Level applied
Level Nomenclature
Level 1 Document- Whole Single Machine Product Cross-domain
level document polarity given | learning - | reviews, and Cross-
Sentiment to whole | Supervised classify language
Classification document and | and chapters  or | sentiment
expresses a | unsupervised | pages of a | analysis
positive , | learning book entities
negative  or | approaches
neutral
sentiment
Level 2 Sentence-level | Each Generate Machine Subjectivity | Analysis of
Sentiment sentence of | polarity  of | learning - | classification | objective
Classification | document each Supervised sentences
corresponding | and (expresses factual
sentence unsupervised information)
learning
approaches
with  More
training data
and
processing
resources
Level 3 Phrase Level Independent | Generate Text Opinions Analysis of
Sentiment phrase  or | polarity based | sentiment extracted Objective phrases
classification phrase on words in a | analysis directly from | or phrases having
within a | phrase phrase multiple aspects
sentence
Level 4 Aspect- Aspect level | Assigns Machine Based on the | Directly looks at
level/Feature- polarity  for | Learning, idea that an | the opinion itself.
level each  aspect | Deep opinion
Sentiment within a | Learning, consists of a
Classification sentence. Lexicon sentiment
After which | based (positive  or
an aggregate | learning negative) and

sentiment has
calculated for
the whole
sentence

a target (of
opinion)

Table 1. Role of Sentiment Analysis Levels
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2.2 Sentence level sentiment analysis

Sentence-level Sentiment Classification works on each sentence separately and generate
corresponding polarity for the analyzed sentence. It classifies each sentence as expressing a
positive, negative, or neutral opinion. By combining the polarity of individual sentences, one can
determine the overall sentiment of the document, or analyze each sentence's sentiment separately.
The first step in this process is to identify whether the sentence is subjective or objective. This
level of sentiment analysis works on subjective sentences (expresses subjective views and
opinions) rather than objective sentences (expresses factual information) [9]. It is majorly
applicable to subjectivity classification. However, subjectivity doesn't always align with sentiment
because even objective statements can convey opinions. This is beneficial when a document has a
wide range and mix of sentiments associated with it [10]. For sentence level analysis, more training
data and processing resources are required on the same approaches as applied on document level
analysis.

2.3 Phrase level sentiment analysis

Phrase-level sentiment classification works on phrase level where opinion words are extracted
from phrase and classification is performed. Word is the most basic unit of language; its polarity
is intimately related to the subjectivity of the sentence or document in which it appears [11]. A
sentence containing an adjective has a high probability of being a subjective sentence [12]. Each
analyzed phrase may contain single aspect or multiple aspects. This may be useful for product
reviews of multiple lines [13].

2.4 Aspect/feature level sentiment analysis

Aspect-level sentiment classification aims to determine sentiment in relation to specific aspects of
entities [2]. It works on aspect level where each sentence may contain multiple aspects. Polarity
will be generated for each aspect within a sentence after which an aggregate sentiment is calculated
for the whole sentence. This feature level classification works directly on opinion instead of
looking at language constructs. Language constructs are like documents, paragraphs, sentences,
clauses or phrases. This level is based on the concept that an opinion consists of a sentiment which
can be either positive or negative. It also consists of a target of opinion. Primary attention to all
the aspects used in the sentence and assigns polarity to all the aspects after which an aggregate
sentiment is calculated for the whole sentence [14].

3.0 Methodologies for Sentiment Analysis in Healthcare

A diverse range of methodologies has been utilized for sentiment analysis in healthcare, spanning
from conventional machine learning techniques to sophisticated deep learning models. Machine
learning techniques first trains the algorithm with some particular inputs with known outputs so
that later it can work with new unknown data [15]. Deep learning architectures, particularly
Recurrent Neural Networks (RNNs), Convolutional Neural Networks (CNNs) and transfer
learning have demonstrated efficacy in capturing intricate sentiment patterns and contextual
information embedded within healthcare texts. Furthermore, researchers have explored lexicon-
based methods and hybrid approaches that combine machine learning and lexicon-based
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techniques to enhance sentiment analysis accuracy in healthcare contexts. Various methodologies
for SA are shown in figure 4 below.

Sentiment Analysis
Methodologies

A 4

A
Machine Learning Deep Learning Lexicon-Based
Approach Models-Neural Approach
Networks

l

Supervised Unsupervised Dictionary-Based Corpus-Based
Learning Learning Approach Approach
Support Vector Recurrent Neural Networks || Statistical
» Naive Bayes L’ Convolutional Neural 4 Semantic
Networks

Decision Trees

y

Maximum Entropy

—D

N

Random Forests

Figure 2. Semantic Analysis Methodologies

3.1 Machine-learning based Sentiment Analysis Approach

Machine learning strategies typically start by training an algorithm on a specific dataset, which is
then used to analyze real-world data. This process involves both supervised and unsupervised
learning techniques. Supervised learning methods rely on a large number of labeled training
documents, while unsupervised methods are employed when labeled training documents are

difficult to obtain. Despite the challenges in acquiring labeled data, supervised learning methods
are more prevalent due to their higher accuracy.
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3.1.1 Supervised Learning Methods for SA

Supervised learning methods rely on labeled training documents. These algorithms require training
on a designated dataset before being applied to real-world data, often involving the extraction of
features from textual data. In this approach, machine learning addresses sentiment analysis as a
standard text classification problem, utilizing syntactic and linguistic features.

Text Classification Problem Definition:

A text classification problem involves a set of training records D={X1,X2,...,Xn}, where each
record is labeled with a specific class. The classification model relates the features in these records
to one of the class labels [2]. The model is then used to predict a class label for new instances of
unknown class. Text classification models are designed to categorize records based on their
features, either by assigning a single class label (hard classification) or by providing probabilities
for each potential class (soft classification).

Under machine learning, supervised learning algorithms like Support Vector Machines (SVM),
Naive Bayes (NB), Decision Trees (DT), Maximum Entropy(ME), Logistic Regression (LR), K-
nearest neighbours (KNN), Semi-supervised learning and Random Forests, have been extensively
applied for sentiment classification tasks, where textual data is categorized into positive, negative,
or neutral sentiments based on labeled data.

To generate data on supervised machine learning algorithms, we can create a dataset and apply
various supervised learning algorithms to it.

Stage 1: Generate Synthetic Data: Create a dataset with features and a target variable.

Stage 2: Apply Algorithms: Train different supervised learning algorithms on the dataset.
Following algorithms are applied: Logistic regression, Decision tree Classifier, Support vector
machines (SVM), Random Forest Classifier.

Stage 3: Evaluate Performance: Assess the performance of each algorithm using metrics such as
accuracy, precision, recall, F1 score (for classification), or Mean Squared Error (for regression).

3.1.2 Unsupervised Learning Methods for SA

Unsupervised machine learning algorithms are a class of algorithms used to find patterns and
relationships in data without predefined labels or categories. Unlike supervised learning, where
the model is trained on labeled data, unsupervised learning works with unlabeled data and aims to
uncover the underlying structure. Unsupervised approaches in SA utilize various resources like
knowledge bases, ontologies, databases, and lexicons specifically tailored for sentiment analysis.
some common unsupervised learning algorithms are Clustering, Association Rule Learning,
Dimensionality Reduction, Anomaly Detection, Self-Organizing Maps (SOMSs). Unsupervised
learning provides powerful tools for discovering hidden patterns in data, enabling deeper insights
and more informed decision-making across diverse domains [2].
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3.2 Neural Networks based Sentiment Analysis Approach

Neural networks have transformed sentiment analysis by providing sophisticated methods to
understand the emotional nuances within text. By harnessing intricate layers of artificial neurons,
these models excel at detecting subtle linguistic cues that traditional approaches often miss. One
widely-used neural network architecture for sentiment analysis is the recurrent neural network
(RNN). RNNs specialize in processing data sequences, making them ideal for tasks involving
natural language, where word order is crucial. Their ability to retain memory allows RNNs to
capture contextual information vital for discerning sentiment. Convolutional neural networks
(CNNs) have also made notable strides in sentiment analysis. Originally designed for image
recognition, CNNs have been adapted to process text as a linear sequence. By applying filters of
varying sizes, CNNs can identify local patterns and hierarchical features, enabling them to extract
sentiment-related information effectively. A key advantage of neural network-based sentiment
analysis is their capacity to autonomously learn relevant features from raw text data, eliminating
the need for manual feature engineering. Through training on labeled datasets, these models can
extract meaningful sentiment representations, enhancing their accuracy and adaptability across
different domains. Furthermore, neural network-based sentiment analysis can leverage transfer
learning, where pre-trained models on extensive text datasets are fine-tuned on domain-specific
data. This strategy utilizes knowledge from the pre-training phase to boost the performance of
sentiment analysis models, particularly in scenarios with limited labeled data.

3.3 Lexicon-based Sentiment Analysis Approach

Lexicon-based techniques operate on the premise that the overall sentiment of a sentence or
document is determined by aggregating the polarities of individual words or phrases [3]. Lexicons
comprise tokens, each assigned a predetermined score indicating the text's neutrality, positivity, or
negativity [16]. Tokens are assigned scores based on polarity, typically represented as +1 for
positive, 0 for neutral, and -1 for negative. Alternatively, scores may reflect the intensity of polarity
within a range of [+1, -1], where +1 indicates highly positive and -1 indicates highly negative
sentiment. Thus, the document is initially segmented into single-word tokens, after which the
polarity of each token is computed and then aggregated. The lexicon-based technique is very useful
for figuring out feelings in sentences and specific features. It doesn't need any training data, so it's
called an unsupervised technique. However, its main drawback is that it relies a lot on the topic or
area it's used in. Words can mean different things in different contexts, so a word that's positive in
one area might be seen as negative in another. Lexicon-based approaches can be further classified
into corpus-based and dictionary-based methods. Corpus-based approaches rely on statistical and
semantic methods, leveraging large collections of textual data to extract sentiment information
effectively. These methodologies collectively contribute to the advancement of sentiment analysis
in healthcare, facilitating a deeper understanding of patient sentiments and experiences.

4.0 Applications of Sentiment Analysis in Healthcare

Sentiment analysis has found diverse applications across various facets of healthcare delivery and
management. One prominent application is in analyzing patient feedback and satisfaction surveys
to assess the quality of healthcare services. By analyzing sentiments expressed in patient reviews
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and testimonials, healthcare providers can identify areas for improvement and tailor their services
to better meet patient needs. Sentiment analysis also plays a crucial role in monitoring patient
sentiment and emotional well-being in online health forums and social media platforms. Sentiment
analysis helps in detecting emotional distress, identify mental health issues, and provide timely
interventions and support to vulnerable individuals. Moreover, sentiment analysis has been applied
to analyze physician-patient communication, understand patient preferences, and support shared
decision-making processes in healthcare.

5.0 Challenges and Limitations

Despite its potential benefits, sentiment analysis and evaluation procedure in healthcare face
numerous challenges and limitations. These challenges create impediments to accurately
interpreting sentiments and determining the appropriate sentiment polarity [11]. One major
challenge is the need for robust sentiment lexicons and annotated datasets tailored to the healthcare
domain. Current resources may not accurately grasp the intricate language and context unique to
healthcare, resulting in less effective sentiment analysis. Furthermore, maintaining patient privacy
and data security presents ethical and legal dilemmas when accessing and analyzing patient-
generated content. Additionally, the complexity of healthcare texts, including individuals informal
writing style, ambiguity, sarcasm, irony, and language-specific challenges adds further difficulty
to sentiment analysis tasks, prompting the need for advanced algorithms and techniques.

6.0 Future Directions and Research Opportunities

Sentiment analysis methods and techniques would produce aggregated personal decisions on
healthcare inquiries by analyzing people’s opinions about healthcare. The results of this analysis
are used to make decisions about healthcare issues that affect many people. Based on the analysis
mentioned earlier, there are several promising directions for future research in sentiment analysis
in healthcare. A system can be developed to suggest things like medicines, treatments, local
experts, and important healthcare facilities. These suggestions are personalized based on the
information provided by each patient. Also, to improve this system, more advanced techniques can
be employed to prevent irrelevant or misleading information from being included. To make sure
the decisions are reliable, a combination of scientific principles, basic understanding, and machine
learning techniques should be used together. There's still more work to be done to figure out what
factors should be considered to make sure the information provided is effective and useful. Another
avenue is the integration of multimodal data sources, such as textual, visual, and audio data, to
enhance sentiment analysis accuracy and richness. Furthermore, exploring fine-grained sentiment
analysis approaches to capture a broader range of emotional states and nuances in healthcare texts
holds potential for improving patient-centered care and personalized interventions. Additionally,
investigating the ethical implications of sentiment analysis in healthcare, including issues of bias,
fairness, and transparency, is critical to ensuring responsible and equitable use of sentiment
analysis technologies.

7.0 Conclusion

In conclusion, sentiment analysis has emerged as a valuable tool for extracting and analyzing
patient sentiments in healthcare contexts. By leveraging advanced computational techniques,
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sentiment analysis enables healthcare providers, researchers, and policymakers to gain insights
into patient experiences, preferences, and satisfaction levels. Despite the challenges and
limitations, sentiment analysis holds promise for enhancing various aspects of healthcare delivery,
including service quality improvement, patient engagement, and decision-making support. Moving
forward, continued research and innovation in sentiment analysis methodologies and applications
are essential for realizing the full potential of sentiment analysis in healthcare. Positive outcomes
from sentiment analysis can benefit the healthcare industry and support patient sentiment.
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