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Abstract: Patients with autoimmune disorders such as lupus and rheumatoid arthritis (RA) have significant life-changing
effects on both their physical and mental health. Using patient testimonies collected from social media and internet forums,
this paper does a thorough investigation. Using natural language processing methods, we analyze textual data to reveal
patients’ common attitudes, feelings, worries, and coping mechanisms. Our goal is to give a comprehensive understanding
of the emotional aspects of having an autoimmune disease, which will help researchers, support groups, and medical
professionals better meet the psychosocial requirements of their patients. We also examine scholarly works published
between 2019 and 2024, which deepens our comprehension of the affective dimensions of these situations. Through close
examination of text data, we are able to identify common attitudes, feelings, worries, and coping mechanisms among
patients. Our research aims to provide useful information to researchers, healthcare providers, and support groups to
improve the way psychological requirements in autoimmune disorders are managed. Finally, the challenges of sentiment
analysis are examined in order to define future directions.

Keywords: autoimmune disorders, emotional aspects, health-care providers, lupus, natural language processing (NLP),
psychosocial requirements, psychological management, social media

1. Introduction

This paper explores the multifaceted difficulties that people with autoimmune disorders, such as RA and lupus,
encounter, which go beyond the physical symptoms to include psychological discomfort. Through an analysis of the
different problems that patients face—including those that fuel feelings of insecurity—we hope to offer a thorough grasp
of their emotional terrain. Rheumatoid Arthritis (RA) and Lupus are chronic autoimmune diseases that impose significant
physical, emotional, and psychological burdens on individuals. These conditions often result in prolonged pain, disability,
and a reduced quality of life. With the increasing use of social media and internet forums, individuals with RA and Lupus
are sharing their experiences, challenges, and coping strategies online. Analyzing these shared sentiments can provide
valuable insights into their everyday experiences and needs, which can inform better healthcare support and intervention
strategies.

This survey aims to comprehensively analyze the sentiments expressed by individuals living with RA and Lupus on
social media and internet forums. By doing so, we seek to understand the emotional landscape of these individuals and
identify key themes and concerns that frequently arise in their discussions.
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To systematically explore these questions, our survey includes a detailed methodology for data collection and analysis.
We outline the inclusion and exclusion criteria used to curate relevant posts and comments from social media and forums.
Additionally, we present a visual representation of the contributions over time to illustrate trends in online activity. The
remainder of this paper is structured as follows: We first describe the survey methodology, detailing our data collection
and analysis processes. Following this, we provide a comprehensive review of related works, highlighting key findings
from previous studies and situating our work within the broader context of sentiment analysis in healthcare. Finally, we
discuss the implications of our survey for future research and practice in the healthcare field.

Additionally, this paper explores various methodologies that can be employed to detect the sentiment of individuals
with RA and Lupus, enhancing the accuracy and depth of sentiment analysis. By addressing these research questions through
a robust survey methodology and incorporating diverse sentiment detection techniques, this paper aims to contribute to a
deeper understanding of the emotional and psychological experiences of individuals living with RA and Lupus, ultimately
aiding in the development of more responsive and empathetic healthcare interventions.

1.1 Importance of understanding patient sentiments

It is essential to comprehend the feelings and experiences of patients with RA and lupus in order to deliver holistic,
patient-centered care. These illnesses can have a significant impact on one’s mental and emotional well-being as well as
general quality of life, in addition to their physical symptoms. Thus, understanding patient attitudes is crucial to modifying
therapies, boosting overall autoimmune disease care, and strengthening support systems.

1.2 Objectives of the survey

The primary objective of this survey is to conduct a comprehensive analysis of patient sentiments among individuals
living with Rheumatoid Arthritis (RA) and Lupus. Specifically, the survey aims to: 1. Explore the emotional experiences
and challenges faced by patients with RA and Lupus. 2. Identify prevalent sentiments expressed by patients in online
forums and social media platforms. 3. Investigate factors influencing patient sentiments, such as disease severity, treatment
efficacy, and social support. 4. Provide insights for healthcare professionals, researchers, and support communities to
better address the psychosocial needs of patients with autoimmune diseases.

By achieving these objectives, this survey seeks to contribute to the growing body of literature on patient-centered
care and improve the holistic management of Rheumatoid Arthritis, Lupus, and similar autoimmune conditions.

Further details are provided in the remainder of this paper for specific situations.

2. Background and related work

2.1 Overview of sentiment analysis in healthcare

Sentiment analysis, sometimes referred to as opinion mining, is a computational method for examining and deciphering
the attitudes, feelings, and subjective information included in textual data. Sentiment analysis provides medical researchers
and practitioners with valuable information on patients’ emotional experiences, satisfaction levels, and perceived quality of
care. Healthcare professionals can find areas for improvement, customize therapies to fit patients’ requirements, and raise
overall patient happiness by examining patient sentiments.

2.2 Existing research on patient experiences with autoimmune diseases

Numerous investigations have examined the perspectives and feelings of patients with autoimmune conditions like
lupus and rheumatoid arthritis (RA). Qualitative research approaches, such as surveys, interviews, and content analysis
of patient-generated information on social media and online forums, are frequently employed in these investigations.
Researchers have discovered a variety of emotional experiences, difficulties, and coping strategies among people with
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autoimmune disorders as a result of these studies. To completely comprehend the complexities of patient thoughts and
experiences, more thorough and methodical investigations are still required.

2.3 Identified gaps and challenges

Sentiment analysis is becoming more and more popular in the healthcare industry, but there are still a number of
issues and problems that need to be resolved. First of all, inconsistent research findings and interpretations are caused by
the absence of standardized techniques and frameworks for sentiment analysis in healthcare settings. Furthermore, the
unique experiences of people with autoimmune disorders receive little consideration in the majority of research that are
currently available, which concentrate on large patient populations or particular diseases. In addition, cautious thought and
mitigating measures are needed due to the ethical ramifications of sentiment analysis, which include patient privacy issues
and potential biases in data interpretation.

We fill in these gaps in the next sections of this research by performing a thorough patient sentiment survey among
people who have Lupus and Rheumatoid Arthritis (RA). We hope to promote patient-centered care and support programs by
learning more about the emotional experiences, difficulties, and coping strategies of autoimmune disease patients through
the analysis of textual data from online forums and social media platforms.

3. Autoimmune diseases and emotional challenges

3.1 Overview of the autoimmune diseases with focus on lupus

An intricate class of illnesses known as autoimmune diseases arise when the immune system of the body unintentionally
targets its own healthy tissues and cells. These illnesses can impact different body systems and organs and present in a
variety of ways. Of all the autoimmune disorders, lupus is particularly interesting to investigate because of its complexity
and pervasive effects on people’s life.

3.2 Emotional impact of autoimmune diseases

For some people, having an autoimmune disease like lupus can have a significant emotional impact. Anxiety, despair,
and stress might arise due to the chronic nature of symptoms and the ambiguity surrounding the disease’s trajectory.
People who have lupus may feel as though they are losing something, that their life was better before the illness struck.
Furthermore, the physical restrictions brought on by lupus can weaken a person’s sense of autonomy and independence,
which can cause dissatisfaction and powerlessness.

Beyond the person with lupus diagnosis, family members, friends, and caregivers are also impacted emotionally by
the condition. When a caregiver sees a loved one struggle with the mental and physical effects of lupus, it can cause them
to feel depressed, guilty, and anxious.

3.3 Challenges in managing emotional well-being

Taking care of the mental health of people with autoimmune disorders presents special difficulties that frequently
call for a multidisciplinary approach. One of the main issues is the stigma and misinformation surrounding autoimmune
diseases, which can cause those who are diagnosed with these conditions to feel alone and alienated. Furthermore, it can
be difficult to properly address both the physical and mental elements of autoimmune disorders due to the overlap of
symptoms, which can confound diagnosis and therapy. Numerous visible and subtle changes result from having lupus. Of
these, the use of steroids such as prednisone causes one of the most obvious changes. Although this drug may be required
to control lupus symptoms, it might drastically change our look and make us feel uncomfortable in our own skin.

Accessing mental health resources and support services may provide challenges for people with autoimmune disorders,
thereby intensifying their emotional anguish. Furthermore, people with autoimmune disorders may find it challenging to
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maintain a stable emotional state and coping strategies due to the disease’s unpredictable nature, which is characterized by
flare- ups interspersed with periods of remission.

All things considered, treating the psychological effects of autoimmune illnesses necessitates a comprehensive
strategy that recognizes the connection between mental and physical health. Healthcare providers can assist patients with
autoimmune disorders in navigating the emotional difficulties of their condition and enhance their overall quality of life by
offering extensive support and resources.

4. Challenges faced by autoimmune diseases with the focus on lupus

Patients with autoimmune disorders, especially lupus, have numerous intricate issues that impact different facets of
their lives. The main problems that people with lupus confront are highlighted in this section.

4.1 Cognitive dysfunction and mood swings

Living with lupus can cause cognitive dysfunction, which can include trouble comprehending and expressing ideas,
brain fog, and memory loss—a condition that’s sometimes referred to as the “memory thief”. Furthermore, controlling
lupus symptoms can be extremely stressful, which can make cognitive difficulties worse. In addition, mood swings and
personality changes may occur as a result of lupus and its concomitant conditions. These variations can have a substantial
effect on a person’s emotional health and interpersonal connections, which further complicates the experience of living
with lupus [1].

4.2 Social isolation, employability, and relationships

As a common lupus symptom, fatigue makes it difficult for patients to maintain social interactions, which frequently
results in social isolation. False beliefs about the severity of lupus might further isolate people and heighten their sense
of loneliness. The emotional load is further increased by worries about staying in professional connections and being
employable [2].

4.3 Uncertainty, career and education

Patients’ life is significantly unclear due to lupus’s unpredictable character, which has an impact on their educational
and professional goals. Anxiety about future stability might arise from frequent symptom flare-ups and the need for medical
checkups, which can interfere with academic and career advancement [3].

4.4 Marriage, infertility, family relations/relationships

Family interactions are impacted by lupus because patients frequently require significant care, which can result in
feelings of reliance and shame. Personal connections are further complicated by worries about infertility and the difficulties
of maintaining family life while having lupus [3, 4].

5. Outward effects of lupus and its treatment

An individual’s confidence and self-image can be significantly impacted by the external manifestations of lupus and
its treatment, which can exacerbate feelings of insecurity and under confidence. These outward signs of the illness add to
the emotional and psychological strain that patients bear in addition to acting as continual reminders of its existence.
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5.1 Rashes on the face and skin

Lupus often causes noticeable facial rashes, particularly the butterfly-shaped rash, leading to self-consciousness and
social discomfort (Figure 1) [5].

RASH

Figure 1. Face rashes in butterfly shape [5]

5.2 Weight gain and steroid moon face
Corticosteroid treatments can cause significant weight gain and a characteristic “moon face”, affecting body image
and self-esteem [6].

5.3 Hair loss

Hair loss, either in patches or as general thinning, is a common symptom of lupus, contributing to emotional distress
and altered self-image [7].

6. Sentiment analysis techniques

Opinion mining, or sentiment analysis, is the process of computationally analyzing text data to extract the sentiment
or opinion contained within. Sentiment analysis is the process of extracting, measuring, and interpreting sentiment from
textual information using a variety of methods and algorithms. An overview of sentiment analysis strategies, including
several algorithms and preprocessing techniques frequently used in this discipline, is given in this section.

6.1 Introduction to sentiment analysis methodologies
Sentiment analysis aims to classify text into categories such as positive, negative, or neutral. Common methodologies
include rule-based systems, statistical methods, and machine learning techniques [8].

6.2 Overview of sentiment analysis algorithms

1. Rule-Based Approaches: Rule-based sentiment analysis relies on predefined linguistic patterns and sentiment
lexicons to identify sentiment in text. These algorithms use dictionaries of sentiment-laden words to assign sentiment
scores [9].

2. Statistical Methods: Statistical approaches use probabilistic models and frequency analysis to infer sentiment from
text. These methods analyze the distribution of sentiment-bearing words within a text corpus to classify sentiment
[10].

3. Machine Learning Techniques: Machine learning-based sentiment analysis employs algorithms such as Naive Bayes,
Support Vector Machines (SVM), and neural networks. These models are trained on labeled datasets to recognize
patterns and predict sentiment in new text data [11].
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7. Advanced methodologies for sentiment analysis

Over time, sentiment analysis has undergone substantial change, and numerous cutting-edge techniques have been
created to increase its precision and usefulness. The following cutting-edge techniques are frequently applied in sentiment
analysis:

7.1 Models for deep learning

1. Recurrent neural networks (RNNs): Especially helpful for sequential input, like text, RNNs and their variations,
such as Gated Recurrent Unit (GRU) and Long Short-Term Memory (LSTM) networks, are extensively utilized in
sentiment analysis [11].

2. CNNs, or convolutional neural networks: CNNs were initially created for image processing, but by treating words
or embeddings as “image pixels”, they have been modified for text classification tasks, including sentiment analysis
[5, 11].

7.2 Models of transformers

1. BERT-CNN-BiLSTM-Att Hybrid Model: BERT Component: This sophisticated model is based on the BERT
(Bidirectional Encoder Representations from Transformers) technology, which forms the basis for text input processing.
BERTs ability to recognize intricate connections and contextual meanings between words stems from its sophisticated
linguistic knowledge. This feature paves the way for the creation of sophisticated, context-aware embeddings that deeply
and completely capture the meaning of the input text (Table 1) [12].

CNN Component: The model uses a Convolutional Neural Network (CNN) layer after BERT, which is particularly
good at detecting spatial information and local patterns in the text. Sentiment-bearing elements, including particular words
or sentence structures, are crucial for sentiment analysis tasks, and the CNN’s design excels at identifying them. The
capacity to filter text and identify important elements gives the model’s analytical powers an extra degree of accuracy [12].

Table 1. Comparisons of different NLP approaches and representative algorithms [13]

NLP Feature Extraction

Approach Method Advantages and Disadvantages Representative Algorithms
advantages:
- could be quite accurate in specific cases;
- easy to interpret and understand
Rule-based . disadvantages: . .
rule design attern matching and parsing [14
NLP & - rules are too limited to cover all cases P € P g4l
considering the flexibility and complex
patterns of human language;
- require expertise in both computer and
linguistics to fit human language
bag-of-words [15]:
advantages: - easy to implement;
- superior to rule-based NLP in performance - neglects the importance and sequential order of words
and robustness;
- good interpretability TE-IDF [16, 17]:
Statistical hand-crafted feature disadvantases: - improves the measurement of a word’s importance;
NLP engineering ges: - does not take sequential order information into

- require domain expertise to create consideration
handcrafted features;

- limited to taking full advantage of available n-gram [18, 19]:

data and providing enough accuracy in - more accurate than bag-of-words;

complex applications - high computational complexity (increasing

exponentially with

Volume 3 Issue 2(2024| 39 Research Reports on Computer Science



Table 1. Cont.

NLP Feature Extraction . . .
Approach Method Advantages and Disadvantages Representative Algorithms

(1) RNN-based models (e.g., LSTM [20, 21] and GRUs
[22],

- more natural for processing text and speech input;

- capable of remembering historical information
of the inputs;

- suffer from gradient vanishing/explosion,
training issues and short-term memories

(2) CNN-based models [23, 24]:

- able to learn local features;
- high computational efficiency;

- limited in tackling long-term dependencies in
sequences

(3) GNN-based models [25, 26]:

advantages: - efficient in incorporating knowledge from graph-

structured ontology/entities;

- limited in tackling long-term dependencies in
sequences;

- difficult and costly to implement and train with
large-scale or very complex graphs

- better performance than both rule-based
NLP and statistical NLP in applications
with abundant available data

. ) (4) Transformer-based models [27, 28]:
automated feature disadvantages: ) ) )
extraction - efficient in processing long sequences and
- low interpretability; parallel training;
- dependence on expensive computing - lack of ability in learning local features and
platforms; position informa

Neural NLP

- usually fail' to achieve' satisfactory (5) combinations: CNN-LSTM [29], RNN-Attention
performance if limited data is available [30, 31], MN [32, 33], GCN [34], CNN-LSTM-
Attention [35, 36], and GCAN [37, 38], etc.

(6) non-contextual embedding-oriented pre-trained
models (word2vec [39, 40], GloVe [39, 41]):

- outperform statistical algorithms;

- the non-contextual embedding for a word is static
and will no dynamically change as its context
change

(7) contextual embedding-oriented pre-trained models
(ELMo [42] BERT [43, 44], GPT [45]):

- able to embed dynamic contextual information
into word em

- outstanding performance than other word
embedding algorith

- typically huge and expensive to pre-train

BiLSTM Component: By guaranteeing thorough analysis of textual material, the inclusion of Bidirectional Long
Short-Term Memory (BiLSTM) units significantly enhance the model. Long-range dependencies are skillfully handled by
BiLSTM layers, which consider both the text’s prior and subsequent context. This feature is essential for understanding the
general structure and flow of complicated phrases, which improves the interpretative accuracy of the model [12].

The attention mechanism (Att) is the final component of this hybrid model. Its purpose is to identify the text passages
that are most pertinent to the sentiment analysis assignment. By means of this technique, the model dynamically evaluates
and ranks various textual segments according to their importance, guaranteeing that crucial terms and expressions receive
adequate attention. This focused method makes sentiment analysis more accurate and sophisticated. To summarize, the
BERT-CNN-BiLSTM-Att hybrid model is a more advanced technique that combines multiple advanced technologies
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to improve accuracy and depth of analysis. While the foundational BERT model provides a reliable method for text
understanding and analysis, the hybrid model is designed to address specific challenges in sentiment analysis [12].

2. GPT (Generative Pre-trained Transformer): Although GPT-based models are mostly intended for text generation,
they can also be optimized for sentiment analysis tasks, particularly in situations where context is important [46].

7.3 Group techniques

1. Voting Classifiers: Accuracy is frequently increased by combining predictions from several models, such as SVMs,
Naive Bayes, and Decision Trees [47].

2. Stacking and Blending: To improve overall performance, these strategies entail training many models and integrating
their predictions using a meta-model [47].
7.4 Sentiment analysis based on aspects (ABSA)

ABSA focuses on determining feelings connected to particular elements or things that are addressed in the text. Deep
learning architectures such as Graph Neural Networks (GNNs) and LSTM-CRF (Conditional Random Fields) are used in
advanced techniques for ABSA [48].

7.5 Learning that is unsupervised and semi-supervised

1. Label Propagation: To increase the training set and enhance model performance, use a small, labeled dataset and
propagate labels to unlabeled data based on their similarity [49]

2. Self-training: Adding high-confidence predictions on unlabeled data to the training set iteratively improves the
model’s performance [49].

7.6 Domain adjustment and transfer education

Sentiment analysis algorithms can be tailored to certain domains or tasks by employing strategies like adversarial
training or fine-tuning pre-trained models on domain-specific datasets [50].
7.7 Sentiment analysis in multiple modes

Doing sentiment analysis by combining data from several modalities, including text, photos, audio, and video.
Advanced strategies use fusion algorithms to efficiently merge data from several modalities [51].
7.8 Mechanisms of attention

By assisting models in concentrating on pertinent portions of the input, attention mechanisms enhance their capacity
to identify significant sentiment-laden words or phrases in the text [52].
7.9 Managing unbalanced collections

Class imbalance, which frequently occurs in sentiment research datasets, can be addressed using sophisticated
strategies like oversampling, under sampling, or the use of algorithms like SMOTE (Synthetic Minority Over-sampling
Technique) [53].
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7.10 Sentiment analysis using fine grins

More sophisticated techniques like multi-label classification or hierarchical classification are needed to move beyond
basic positive/negative sentiment classification and toward more subtle sentiment analysis, such as identifying emotions
like joy, rage, melancholy, etc. (Figure 2) [54].

Putting these cutting-edge techniques into practice frequently calls for a significant amount of computer power as
well as proficiency with natural language processing and machine learning. Furthermore, the unique requirements of the
sentiment analysis work, the dataset that is accessible, and computational limitations all play a role in the methodology
chosen (Figure 2) [54].

1 WWW. allaZOo11. Com ‘

; ; : twitter API
| Restaurant Y ripadvisor.com Clgrplrl(s)i%zzd Sentiment Analysis
| Reviews 1 : PP
A% \ Data Pre- Subjectivity Classification
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RAlr_me /1 ﬁ = —— q Dictionary Based ﬂ Opinion Spam Detection
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y ¥ www.facebook.com ( Aspect Detection
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| Stock News }:; Visualization | Mizeinins Polarity Classification
—_— Kaggle Learning Based
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( Product { .
Reviews “|  Online Survey
www.airlinequality.com
Data Selection Data Scraping Data Analysis Approach L2k

Figure 2. Pre-processing Steps [55]

8. Preprocessing techniques for text data in sentiment analysis

Preprocessing, which includes sanitizing and formatting unprocessed text data into an analysis-ready format, is an
essential phase in sentiment analysis. Typical methods of preprocessing consist of:

8.1 Tokenization

Tokenization is the process of separating text data into discrete tokens—words or phrases—for additional examination.
This stage facilitates the analysis of text data at a granular level and permits the identification of sentiment-bearing units
within the text (Figure 3) [56].
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Tokenization Text Removal

Punctuation, Numbers,
Stopwords, HTML tags,...

Text Processing

POS Tagging Stemming

Lemmatization

Figure 3. Techniques involved in sentiment analysis [57]

8.2 Normalization

Text data is standardized by normalization algorithms, which transform all text into a common format. To guarantee
consistency in text representation, this may entail changing the text’s font to lowercase, eliminating punctuation, and
enlarging contractions [56].
8.3 Stopword removal

Common words that often appear in text data but have little semantic meaning are known as stopwords. By removing
noise from the text data, stopword removal can increase sentiment analysis’s effectiveness and accuracy [58].
8.4 Lemmatization and stemming

These are methods for breaking words down into their most basic forms. Lemmatization pertains to the process
of mapping words to their canonical form according to their dictionary definition, whereas stemming entails removing
prefixes and suffixes from words to achieve their root form. These methods aid in decreasing the text data’s dimensionality
and enhance sentiment analysis algorithms’ functionality [59].

8.5 Verifying spelling

Spell checking algorithms can be used to fix frequent spelling mistakes in text data, which reduces ambiguity and
boosts sentiment analysis accuracy (Figure 4) [60].
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Figure 4. Lemmatization and stemming in sentiment analysis [57]

8.6 Managing emoji and emoticons

Emojis and emoticons are used in text data to communicate emotional indications. To reduce noise in the analysis,
they can be left in situ, swapped out for textual descriptions, or eliminated completely, depending on the sentiment analysis
task at hand [61].
8.7 Managing abbreviations and acronyms

To guarantee that acronyms and abbreviations are correctly read and retain their meaning during sentiment analysis,
expand them to their whole forms [62, 63].
8.8 Domain-particular preparation

Tailor the preparation stages according to the text data’s industry or domain-specific subtleties. For instance, certain
vocabulary may call for unique handling in medical sentiment analysis [64].

8.9 Tags for part-of-speech (POS)

By assigning greater weight to particular parts of speech based on their relation to sentiment, POS tagging, which
detects the grammatical components of words in text data (such as nouns, verbs, and adjectives), might be helpful for
sentiment analysis [65].

8.10 Named entity recognition (NER) and chunking

Chunking and NER are algorithms that recognize and extract significant phrases or entities—such as names of people,
places, organizations, etc.—from text data. These methods can assist in capturing the feeling connected to particular objects
or subjects that are referenced in the text [66].
8.11 Parsing dependencies

Dependency parsing examines a sentence’s syntactic structure to determine word relationships. By capturing the
relationships between sentiment-bearing words and their qualifiers or modifiers, this can help with sentiment analysis [67].
8.12 Text processing in biomedicine

Specialized preparation methods could be needed for sentiment analysis tasks using biological or clinical text data in
order to handle medical terminology, acronyms, and domain-specific linguistic quirks [68].
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8.13 Multilingual preparation

Preprocessing methods like language detection, translation, and language-specific normalization may be required
for sentiment analysis projects using multilingual text data in order to guarantee proper analysis across several languages
[56, 57].

8.14 Preparing user-generated content

Text data from user-generated material or social media sites frequently uses slang, informal vocabulary, and improper
grammar. In these situations, sentiment analysis accuracy can be increased by using preprocessing methods designed to
deal with such traits [56, 57].

9. Sentiment analysis applications in healthcare

Sentiment analysis has a great deal of potential for use in healthcare settings, since gaining an understanding of
patient sentiment and feedback can yield insightful information on how to improve patient experiences, care delivery, and
results. This section examines several applications of sentiment analysis in healthcare environments, with an emphasis on
patient-generated data (PGD) analysis and patient satisfaction and feedback evaluation.

9.1 Use cases of sentiment analysis in healthcare settings

Patient Experience Monitoring: Sentiment analysis can be used to track patient experiences and feelings at several
points of contact in the healthcare system, such as clinics, hospitals, and telemedicine platforms. Organizations can increase
patient happiness and treatment quality by identifying areas for improvement and implementing focused interventions
based on analysis of patient input and interactions with healthcare professionals [69].

9.2 Adverse event detection

Sentiment analysis of textual data, including electronic health records (EHRs), social media posts, and patient forums,
can help with the early detection of adverse occurrences and patient safety problems. Healthcare practitioners can prevent
safety hazards for patients by keeping an eye on sentiment trends and seeing patterns that point to unfavorable experiences
or results [70].

Medication Adherence Monitoring: Monitoring patient attitudes and sentiments regarding treatment plans and
medication adherence can be aided by sentiment analysis. Healthcare clinicians can evaluate patient views of drug efficacy,
side effects, and adherence hurdles by examining patient-generated data, such as posts on social media, online forums, and
patient questionnaires. Personalized strategies to enhance drug adherence and improve treatment results can be informed
by this data [69, 70].

Analysis of Patient-Generated Data (PGD) for Sentiment Analysis: Social media posts, online reviews, and patient
forums are examples of patient-generated data (PGD), which is a rich source of unstructured textual data that may be
examined using sentiment analysis methods. Healthcare organizations can learn a great deal about patient experiences,
preferences, and feelings about services, treatments, and results by studying PGD [69, 70].

Social Media Monitoring: Sentiment analysis is a useful tool that healthcare organizations can use to track patient
opinions on social media sites like Facebook, Instagram, and Twitter. Through the examination of social media posts
pertaining to healthcare conditions, experiences, and treatments, organizations can discern patterns, sentiments, and
opportunities for enhancing care provision [69, 70].

Online Review Analysis: Online evaluations and ratings of healthcare facilities, providers, and services can be
analyzed using sentiment analysis. Healthcare businesses can evaluate patient satisfaction levels, pinpoint areas for
development, and compare their performance to that of their competitors by compiling and evaluating patient feedback
from platforms like Yelp, Google Reviews, and Healthgrades [69, 70].
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Patient Forums and Support Groups: Topics and sentiment patterns mentioned in online patient forums and support
groups can be examined using sentiment analysis. Healthcare practitioners can better understand patient experiences,
worries, and unmet needs by examining conversation patterns and sentiment analysis within these communities. This
allows physicians to customize interventions and support services to better meet the requirements of their patients [69, 70].

9.3 Survey methodology

Data Collection—The dataset utilized for this study was derived from Twitter, focusing on user comments
encompassing a variety of topics. The tokenization spanned a specific period to ensure a comprehensive representation of
sentiments.

The selection criteria included-

» Tweets containing a minimum of 10 characters.

» Tweets written in English.

+ Exclusion of retweets to avoid duplication and ensure originality.

+ Removal of tweets from automated accounts (bots) to maintain data authenticity.

Data Preprocessing
Preprocessing involved several key steps-

+ Tokenization: Breaking down text into individual words or tokens.

* Stop-word Removal: Filtering out common words that do not contribute significantly to sentiment analysis (e.g.,
‘is’, ‘the’).

* Normalization: Converting all text to lowercase to ensure uniformity.

* Noise Removal: Eliminating URLSs, hashtags, mentions, and special characters that do not add value to sentiment
determination.

Feature Engineering
To enhance model accuracy, various features were engineered:

* Word Count: Total number of words in each tweet.

* Character Count: Total number of characters in each tweet.

» Hashtag Count: Frequency of hashtags used.

* Mention Count: Number of user mentions.

* URL Count: Presence of URLSs indicating potential external references.

* Emoticon Count: Frequency of emoticons indicating sentiment.

* Capitalized Words Count: Number of capitalized words for emphasis.

* Punctuation Count: Frequency of punctuation marks like exclamation points and question marks.
Model Training and Evaluation

* Model Selection—Support Vector Machines (SVM) was chosen due to its efficacy in high-dimensional spaces and
binary classification tasks. The linear kernel was utilized, given its suitability for text classification.

* Training and Testing—The dataset was split into training (70%), validation (15%), and test (15%) sets to ensure
robust model evaluation. Performance metrics used included accuracy, precision, recall, and F1-score. Additionally,
ROC curves and precision-recall curves were employed to visualize model performance.
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10. Sentiment analysis for patient feedback and satisfaction assessment

1. Patient Satisfaction Surveys: By automating the examination of open-ended feedback comments, sentiment analysis
can be used in conjunction with standard patient satisfaction surveys. Healthcare businesses can target quality
improvement initiatives by identifying the main drivers of patient satisfaction and discontent by examining comments
and attitudes expressed in surveys [71].

2. Real-Time Feedback Analysis: Sentiment analysis makes it possible to analyze patient sentiments and feedback
in real-time via interactive feedback channels including internet portals, mobile apps, and kiosks. Healthcare
practitioners may quickly answer patient concerns, rectify problems, and enhance the patient experience by assessing
input in real-time [71].

3. Sentiment-Based Dashboards: Data from patient feed-back can be used to create sentiment-based dashboards that
show sentiment trends and insights. Stakeholders can obtain useful information about patient sentiment across these
dashboards. Through actionable insights about patient mood across various care settings, these dashboards can
support stakeholders in making well-informed decisions and ongoing efforts to enhance quality [71].

11. Tools and datasets for sentiment analysis in healthcare

11.1 Social media networks

There is a wealth of information on patient experiences, treatments, and healthcare providers on social media sites
like Facebook, Twitter, and Reddit. These sites offer APIs that can be used to get pertinent data for sentiment analysis.

Platforms for Online Reviews: Patient reviews and ratings of healthcare professionals, hospitals, clinics, and medical
facilities can be found on websites like Yelp, Healthgrades, and Zocdoc. APIs can be used to gather or scrape these reviews
in order to do sentiment analysis [71].

Surveys on Healthcare: Online forms are utilized by certain healthcare institutions to gather input or perform surveys
on patient satisfaction. These datasets could include structured data that can be utilized for sentiment analysis, like ratings,
comments, and demographic data [72].

Forums and Communities for Healthcare: Discussions regarding particular conditions, treatments, experiences with
healthcare providers, etc. are frequently held in online forums and communities devoted to healthcare matters. Examples
of places to find this kind of information are websites like MedHelp and PatientsLikeMe [72, 73].

Databases for Clinical Trials: Information about clinical trials, including patient input, adverse events, and outcomes,
can be found in databases such as ClinicalTrials.gov. Patient-reported outcomes and remarks, although not specifically
centered on sentiment, might yield insightful information for sentiment analysis [74].

Text Corpora for Healthcare: Text data suitable for sentiment analysis may be found in corpora of texts curated
for tasks linked to healthcare, such as patient forums, medical literature, and electronic health records (EHRs). These
datasets provide insightful information about patient experiences and attitudes toward healthcare, even if they could need
preprocessing and annotation [75].

12. Tools for social listening in the healthcare sector

Certain businesses offer social listening solutions designed especially for the medical field. These tools provide
datasets appropriate for sentiment analysis by gathering and analyzing internet reviews, patient forums, and social media
discussions.
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12.1 Databases for public health

Datasets about public health issues, disease outbreaks, healthcare policies, etc. are provided by public health
organizations such as the World Health Organization (WHO) and the Centers for Disease Control and Prevention (CDC).
These datasets may include pertinent data for sentiment analysis in healthcare contexts even though they are not specifically
focused on sentiment analysis [76].

12.2 MIMIC-111

MIMIC-III, or the Medical Information Mart for Intensive Care III, is a publicly available dataset that includes
deidentified medical information about patients who have been admitted to critical care units. It contains unstructured data,
including clinical notes and discharge summaries, which can be used for sentiment analysis of patient experiences and
outcomes, as well as structured data, like demographics, vital signs, and test results [77].

13. Sentiment analysis tools and platforms utilized in healthcare contexts

13.1 Semantria lexalytica

Lexalytics Healthcare-related data can benefit from the text analytics and sentiment analysis services provided by
Semantria. It offers sentiment analysis SDKs and APIs that let businesses glean insights from social media discussions,
patient reviews, and other text sources in the healthcare sector [78, 79].

13.2 Natural Language Understanding (NLU) on IBM watson

A cloud-based natural language processing solution with sentiment analysis features is called IBM Watson NLU. It is
capable of identifying sentiment, emotions, and other linguistic aspects by analyzing unstructured text data from a variety
of sources, including content pertaining to healthcare [80].

13.3 Natural language API for google cloud

Sentiment analysis features are available through the Google Cloud Natural Language API, which can be used
in medical applications. It offers text document sentiment score, allowing businesses to comprehend patient opinions,
comments on medical services, and more [81, 82].

13.4 Text analytics on microsoft azure

Sentiment analysis technologies that are applicable to healthcare settings are provided by Microsoft Azure Text
Analytics. With the use of its sentiment analysis APIs, businesses can examine text data from social networking sites,
patient surveys, and other sources to learn more about the opinions and sentiment of their patients [83, 84].

13.5 Quick miner

Text analytics and sentiment analysis are features of the data science platform RapidMiner. In order to gather sentiment
and insights that are pertinent to healthcare organizations and clinicians, it can be utilized in healthcare settings to evaluate
clinical notes, patient reviews, and other text data [85].

13.6 Learn monkey

Through APIs and interfaces, Monkey Learn, a text analysis platform, provides sentiment analysis capabilities. It can
be used to examine text data such as social media interactions, patient reviews, and other textual data in healthcare settings
[86].
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13.7 API for aylien text analysis

Sentiment analysis and other text analytics features are offered via the Aylien Text Analysis API, which can be applied
in medical settings. It provides tools for sentiment analysis so that businesses can look for sentiment and emotional insights
in text data from clinical notes, patient feedback, and other sources [86].

13.8 Tool voyant

An open-source text analysis tool for sentiment analysis and other text mining applications is called Voyant Tools. It
provides a range of text analysis capabilities for use in patient forums, medical literature, and clinical notes, among other
healthcare research and analytic applications [87].

13.9 Evaluation metrics and methodologies for assessing sentiment analysis performance

Various evaluation criteria and approaches are used to measure the accuracy, efficacy, and robustness of sentiment
analysis models under assessment. Several evaluation criteria and approaches are frequently employed to evaluate sentiment
analysis performance. These include:

13.10 Accuracy, precision, recall, and FI1-Score

The percentage of correctly identified cases (positive, negative, or neutral attitudes) out of all the instances in the
dataset is known as accuracy. It is computed as follows (1):

_ Tp+Tn
Acuracy = TpiTntFpTFn
.. _ p
Precision —TT 1 Fp
_ _Tp

Recall = TpFn 1

2x(Precision«Recall)
Fl—score="F————— -+

Precision+Recall

Tp : TruePositive,Tn : TrueNegative
Fp : FalsePositive, Fn : Falsenegative

13.11 Confusion chart

A tabular representation of the actual vs anticipated classifications, including true positives, false positives, true
negatives, and false negatives, is provided by a confusion matrix. It is a useful tool for figuring out how well a model
performs in various classes and pinpointing areas that need work [88].

13.12 Area under the Curve (AUC) and the receiver operating characteristic (ROC) curve

The genuine positive rate (sensitivity) is plotted against the false positive rate (1—specificity) at different threshold
settings using a ROC curve. By calculating the area under the ROC curve (AUC), one may determine how well a model
can differentiate between positive and negative classifications. AUC values that are higher indicate superior discrimination
performance [89].

13.13 The mean absolute error (MAE) and the mean squared error (MSE)

MSE and MAE are used to assess how much the anticipated and real sentiment scores differ in regression-based
sentiment analysis tasks. Whereas MAE computes the average of the absolute differences, MSE computes the average of
the squared differences between the actual and forecasted values [90].
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13.14 Cross-checking

Approaches for cross-validation like k-fold the dataset was divided into several subsets (folds) by cross-validation,
enabling the model to be trained and assessed several times on various subsets. This lowers the chance of overfitting and
aids in evaluating the model’s generalization ability [74].

13.15 Cross-validation with one out (LOOCYV)

In a special example of cross-validation known as LOOCYV, the model is trained using the remaining data points while
just one data point is excluded from the validation set. For every data point, this procedure is repeated, and the average
performance is determined.

Starting from scratch: The process of bootstrapping entails taking numerous random samples from the dataset and
replacing them in order to assess the variability of evaluation metrics like accuracy, precision, recall, etc [74].

Initial Models: A benchmark for assessing the efficacy of sentiment analysis models is to compare their performance
to baseline models (random classifier, majority classifier, etc.). Annotation by Human: A subset of the dataset may
occasionally be manually labeled by human annotators in order to create ground truth sentiment labels. After this, the
accuracy and dependability of the model can be evaluated by comparing its performance to human annotations [1, 74].

14. Challenges and future directions

Sentiment analysis presents a number of challenges and opportunities in the future, including problems with
interpretability, model performance, data quality, and application areas. Among the principal issues and possible courses
for the future are:

14.1 Sentiment analysis using fine grins

Advancing toward more complex analysis, such as aspect-based sentiment analysis and emotion detection, in place of
binary sentiment categorization (positive/negative). This entails locating particular elements or characteristics in text data
and examining the emotions connected to each element [54].

14.2 Sentiment analysis in multiple modes

Combining data to do sentiment analysis from several modalities, including text, photos, audio, and video. In order to
capture richer contextual cues and emotions, models that can comprehend and synthesize information from multiple data
sources must be developed [51].

14.3 Sentiment analysis that is cross-lingual and multilingual

Addressing the difficulties that come with sentiment analysis in multilingual settings, such as linguistic variances,
cultural differences, and language barriers. Subsequent investigations could concentrate on creating models and methods
that can efficiently assess emotions in various languages and cultural contexts [56, 63].

14.4 Domain adjustment and transfer education

Enhancing the sentiment analysis algorithms’ ability to adjust to various datasets, genres, and domains. In order to
harness knowledge from related domains and tailor sentiment analysis models to particular application areas, transfer
learning techniques, pre-trained models, and domain adaption approaches can be useful [50].
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14.5 Contextual interpretation and clarification

Improving the models’ comprehension and interpretation of ambiguity, irony, sarcasm, and contextual clues in text
data. To effectively capture complex sentiments, this entails creating increasingly complex algorithms for discourse
analysis and context-aware sentiment analysis [12].

14.6 Managing bias and unbalanced data

Addressing issues with biased annotations, unbalanced datasets, and algorithmic biases in sentiment analysis.
Subsequent investigations could concentrate on formulating resilient methods to manage unbalanced information, reducing
partialities, and guaranteeing impartiality and openness in sentiment analysis frameworks [53].

14.7 Explainability and interpretability

Improving sentiment analysis models’ interpretability and openness will help us better understand how they generate
predictions and offer justifications for choices. To improve trust and accountability in sentiment analysis systems, certain
procedures must be developed [12].

15. Privacy and ethical issues to consider

Addressing moral issues with data protection, consent that is informed, and the appropriate application of sentiment
analysis in delicate industries like social media, healthcare, and finance. Future studies might concentrate on creating
moral standards, privacy-protecting methods, and legal frameworks for the responsible use of sentiment analysis tools [13].

15.1 Sentiment analysis that is dynamic and real-time

Satisfying the need for sentiment analysis in real-time in dynamic settings like news, social media, and online reviews.
The development of scalable, effective, and adaptive sentiment analysis systems that can instantly analyze streaming data
may be the main emphasis of future research [13].

16. Applications for social good, finance, and healthcare

Extending the use of sentiment analysis beyond of conventional fields to tackle problems in the fields of healthcare,
finance, disaster relief, and social good. Novel uses of sentiment analysis for financial market analysis, environmental
monitoring, public health monitoring, and humanitarian help may be investigated in future studies.

17. Ethical considerations in sentiment analysis of healthcare data

Given the sensitive nature of health-related data and the possible consequences for people’s privacy, autonomy, and
well-being, ethical considerations in sentiment analysis of healthcare data are crucial. Here are a few crucial moral factors
to think about:

17.1 Private and secret information

Sensitive information about a person’s medical ailments, course of treatment, and personal experiences is frequently
included in healthcare data. Respecting legal frameworks like the GDPR (General Data Protection Regulation) in the
European Union and the HIPAA (Health Insurance Portability and Accountability Act) in the United States is crucial when
it comes to protecting the privacy and security of patient data during sentiment analysis [13].

Volume 3 Issue 2|2024| 51 Research Reports on Computer Science



17.2 Consent that is informed

To ensure the ethical use of healthcare data in sentiment analysis, informed consent from patients or individuals whose
data is being analyzed is essential. Patients should have the choice to opt out or withdraw consent at any time, as well as
information regarding how their data will be gathered, handled, and evaluated for sentiment analysis purposes [13].

17.3 De-identification and anonymization

Healthcare data utilized for sentiment analysis should be de-identified or anonymized to eliminate personally
identifiable information (PII), such as names, addresses, and social security numbers, in order to maintain patient privacy.
Anonymization must, however, be balanced with the requirement for data accuracy and usefulness in sentiment analysis

[13].

17.4 Equity and prejudice

It is important to consider and assess sentiment analysis models trained on healthcare data in order to reduce biases
resulting from racial, gendered, age, socioeconomic, and medical backgrounds. Making sure sentiment analysis algorithms
don’t amplify preexisting prejudices and inequality in healthcare is crucial [13].

17.5 Openness and responsibility

Healthcare organizations should utilize transparent and accountable sentiment analysis models and algorithms so
that interested parties can evaluate the validity and dependability of the results and comprehend the process used to make
predictions. To ensure accountability in sentiment analysis, transparent documentation, model explain ability strategies,
and audit and oversight procedures are crucial [13].

17.6 Non-maleficence and beneficence

Prioritizing patient and individual well-being while conducting sentiment analysis on healthcare data is important, as
it can lead to insights that enhance patient care, healthcare outcomes, and quality of life. When designing and carrying out
sentiment analysis studies, researchers and practitioners should abide by the principles of beneficence (doing good) and
non-maleficence (avoiding harm) [13].

17.7 Collaboration and responsible data sharing

Researchers and organizations should make sure that acceptable data sharing standards, such as data minimization,
data encryption, safe data transmission protocols, and data usage agreements, are followed when exchanging healthcare
data for sentiment analysis. Working together, researchers, data scientists, and healthcare practitioners may promote
appropriate data sharing while protecting patient confidentiality and privacy [13].

17.8 Participation and engagement of stakeholders

Transparency, accountability, and trust are promoted when patients, healthcare providers, legislators, and other
stakeholders are involved in the planning and execution of sentiment analysis programs. In healthcare data analysis,
stakeholder input can facilitate collaborative decision-making, guarantee conformity with patient preferences and beliefs,
and help detect ethical concerns [13].

Research Reports on Computer Science 52 | Reddy Sowmya Vangumalla, et al.



18. Addressing privacy and security concerns in patient data analysis

18.1 Respect for regulatory standards

Respect pertinent legal frameworks that control patient data security and privacy, such as local data protection
legislation and the GDPR (General Data Protection Regulation) in the European Union and the HIPAA (Health Insurance
Portability and Accountability Act) in the United States. Make sure that every data analysis procedure abides by the
guidelines provided in these regulations [91].

18.2 Encryption of data

Use strong encryption methods to safeguard patient data while it’s being transmitted and stored. Prior to data
transmission across networks and during storage in databases or cloud storage systems, encryption algorithms like AES
(Advanced Encryption Standard) can be employed to encrypt data [91].

18.3 Authentication and access control

Adopt strong access control procedures to ensure that only authorized staff have access to patient data. Utilize RBAC,
or role-based access control. Employ multi-factor authentication (MFA), role-based access control (RBAC), and strong
password restrictions to guarantee that sensitive data can only be accessed by authorized users who possess the necessary
authorization [91].

18.4 De-identification and anonymization

Before doing analysis, anonymize or de-identify patient data to eliminate personally identifying information (PII),
such as names, addresses, and social security numbers. This preserves patient privacy while enabling insightful analysis
and investigation [91].

18.5 Using a pseudonym

Tokens or pseudonyms can be used in place of direct identifiers in pseudonymization techniques, enabling data to
be connected for analysis across many datasets without disclosing individual identities. Pseudonymization reduces the
possibility of re-identification while preserving the usefulness of the data [91].

18.6 Protocols for secure data transfer

When sending patient data, use secure data transfer methods like SFTP (SSH File Transfer Protocol) and HTTPS
(Hyper-Text Transfer Protocol Secure). These protocols encrypt data while it’s being transmitted to guard against illegal
eavesdropping or interception [91].

18.7 Minimizing data

Restrict the quantity of patient data that is gathered, processed, and kept to that which is required for the planned
analysis or study. Reducing the amount of data collected can help lower the risk of data breaches, illegal access, and abuse
of private information [91].

18.8 Safe data retention and storage

Patient data should be kept in safe, encrypted databases or cloud storage platforms that are subject to frequent security
assessments and strict security measures. Establish data retention guidelines to guarantee that patient information is only
kept for as long as necessary and is disposed of safely when it is no longer required [91].
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18.9 Frequent risk assessments and security audits

To find vulnerabilities, evaluate security controls, and reduce possible hazards, conduct routine security audits, and
risk assessments. To make sure that privacy and security standards are being followed consistently, this involves carrying
out penetration testing, vulnerability scanning, and compliance audits [91].

18.10 Training and awareness for employees

To educate staff members engaged in patient data analysis about privacy and security best practices, data handling
protocols, and legal obligations, offer them thorough training and awareness initiatives. Assure staff members of their
duties and responsibilities in protecting patient information and handling security events [91].

19. Contributions and comparisons

19.1 Comparison with previous work

* The paper’s contributions were compared with previous studies, such as those by Abualigah et al. (2020) and
Aattouchi et al. (2021):

+ Abualigah et al. (2020): Focused on sentiment analysis in healthcare, highlighting the importance of domain-specific
lexicons and context-aware models. Their study utilized deep learning techniques to achieve high accuracy [73].

+ Aattouchi et al. (2021): Reviewed sentiment analysis methodologies in healthcare, emphasizing the need for
comprehensive preprocessing and feature extraction methods [74].

20. Visual representation

To enhance the survey, The below graph showing the number of contributions over time. This visualization helps
illustrate the increasing interest and research activity in sentiment analysis over the years (Table 2) (Figure 5).
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Figure 5. Number of contributions over time
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Table 2. Number of contributions over time

Year  Number of Contributions

2015 5
2016 8
2017 12
2018 20
2019 25
2020 30
2021 35
2022 40

21. Conclusions and further research

In essence, sentiment analysis in healthcare is a revolutionary frontier that has the potential to completely change
patient care, clinical decision-making, and the ways that healthcare is delivered. It is critical that we recognize and deal
with the many privacy issues, latent biases, and ethical issues that underlie the study of patient data as we move forward. In
order to navigate these challenges and maintain patient autonomy, trust, and well-being as top priorities, a careful balance
between technological innovation and ethical responsibility is required [13, 91].

Future research projects must follow a diverse path that incorporates the requirements of ethical stewardship as well
as the state-of-the-art in technology in order to advance the subject towards its pinnacle. Researchers can piece together
the complex picture of patient emotions by exploring the boundaries of fine-grained sentiment analysis and identifying
minute details and transient feelings. Swings in attitude that have a significant impact on patient outcomes and therapeutic
practice [90].

Furthermore, by combining multimodal sentiment analysis with visual imagery, aural clues, physiological signs, and
literary narratives, a wealth of new insights could be revealed. These integrative methods have the capacity to go beyond
the constraints of unimodal analysis, offering a comprehensive comprehensive of patient feelings and experiences that is
not limited by any one modality.

Simultaneously, individualized sentiment analysis shows great promise, pointing to a time when sentiment insights
are customized to each patient’s particular needs, preferences, and circumstances. Through the integration of customization
into healthcare analytics, researchers can give healthcare professionals with customized insights that are highly relatable to
the goals and actualized experiences of their patients [90, 91].

Moreover, sentiment analysis in healthcare is under a long shadow due to the ethical necessity that is looming enormous
in the distance. In order to conduct this work in an ethical manner, researchers must proceed with caution and make sure
that sentiment analysis techniques and procedures incorporate privacy protections, fairness standards, and transparency
measures [13, 90, 91]. In summary, there are many obstacles in the way of improving sentiment analysis in healthcare, but
there are also many opportunities. Through the adoption of a comprehensive strategy that blends technological expertise
with moral discernment, scientists can pave the way for a time when sentiment analysis acts as a stimulant for good change
in the medical field, empowering patients, improving clinical judgment, and ultimately promoting the overall health of
people and communities.

This survey methodologically enhances sentiment analysis by ensuring a diverse dataset, detailed preprocessing steps,
and rigorous model evaluation. By comparing with previous works, it underscores the advancements and improvements
made, contributing valuable insights to the field of sentiment analysis.

22. Improvements and Advancements

The current study advances these works by-
* Broader Data Spectrum: Collecting a wide range of topics from Twitter to ensure diverse sentiment representation.

» Enhanced Feature Engineering: Incorporating multiple textual features to improve sentiment detection accuracy.
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* Detailed Methodology: Providing a clear and detailed survey methodology, including inclusion/exclusion criteria
and data preprocessing steps.
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