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Abstract

The healthcare industry has witnessed a significant transformation with the advent of digital platforms,
where patients frequently share their experiences and feedback regarding the services received. These
reviews serve as a rich source of data that, when properly analyzed, can offer critical insights into patient
satisfaction and service quality. This project, titled "Sentiment Analysis of Patient Reviews to Improve
Healthcare in Apollo Hospitals,” explores the potential of sentiment analysis as a tool for enhancing
healthcare delivery by systematically evaluating patient feedback.

The primary objective of this study is to analyze patient sentiments expressed in online reviews related to
Apollo Hospitals and to identify key factors influencing their experiences. By leveraging techniques from
Natural Language Processing (NLP) and text mining, the project categorizes patient opinions into positive,
negative, and neutral sentiments. This enables healthcare administrators to better understand patient
concerns, expectations, and areas of excellence or improvement.

The study involved collecting a significant sample of patient reviews from publicly available sources and
preprocessing the textual data to remove noise and ensure accuracy. Various sentiment analysis methods,
including rule-based approaches and machine learning models, were applied to classify and quantify the
sentiments. Additionally, visualization techniques such as word clouds and sentiment distribution charts
were used to represent the findings in a comprehensible manner.

This research highlights the value of integrating sentiment analysis into hospital management systems as
a feedback mechanism for real-time service enhancement. It demonstrates how hospitals can go beyond
traditional surveys by utilizing data from digital platforms to make informed, patient-centered decisions.
The findings underscore the importance of listening to patient voices to build trust, improve satisfaction,
and deliver high-quality healthcare.

Chapter 1: Introduction

Background

In the digital age, the healthcare landscape is rapidly evolving, with technology playing an increasingly
vital role in patient engagement and feedback collection. One of the most significant developments in
recent years has been the rise of online patient reviews. Platforms such as Practo, Google Reviews,
JustDial, and official hospital feedback portals have become popular avenues for patients to share their
healthcare experiences. These reviews often include detailed narratives about hospital infrastructure, the
quality of medical care, staff behavior, billing transparency, wait times, and overall satisfaction. As a result,
online reviews are not only influencing patient choices but also shaping the public image of healthcare
providers.
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The availability and accessibility of these platforms have empowered patients like never before.
Previously, patient feedback was limited to in-person complaints, suggestion boxes, or formal surveys
conducted by hospitals. Today, with just a few clicks, patients can post their experiences publicly, making
healthcare services more transparent and accountable. This surge in online patient feedback reflects a
broader shift toward consumer-driven healthcare, where patients actively participate in evaluating and
influencing service quality.

For hospitals and healthcare administrators, these online reviews represent a valuable, yet underutilized,
source of real-time feedback. The volume and variety of patient reviews offer an opportunity to identify
patterns, measure patient satisfaction, and uncover critical service issues that may otherwise go unnoticed.
Unlike traditional feedback mechanisms, online reviews are unsolicited and often provide candid opinions,
making them highly authentic and informative.

In India, platforms like Practo have become central hubs for patients to not only book appointments but
also read and write reviews about doctors and hospitals. Google Reviews has become a default tool for
assessing public sentiment toward healthcare providers. Hospitals themselves are increasingly
incorporating digital feedback tools on their websites to encourage patients to share their experiences.
Given this context, analyzing online patient reviews can offer actionable insights into patient expectations,
preferences, and areas needing improvement. Sentiment analysis—using natural language processing and
machine learning—allows healthcare institutions to process large volumes of review data and extract
meaningful trends. These insights can inform policy changes, improve service delivery, and enhance
patient satisfaction.

Apollo Hospitals has long been recognized as a pioneer in delivering high-quality healthcare services in
India and beyond. With its patient-centric approach, state-of-the-art medical facilities, and highly trained
professionals, the institution remains committed to excellence in clinical outcomes and patient satisfaction.
One of the key pillars of Apollo’s ongoing success is its emphasis on continuous improvement through
feedback, which allows the hospital to tailor its services according to patient needs and expectations.

In today’s digital era, patients increasingly share their healthcare experiences on online platforms such as
hospital portals, review websites, and social media. These reviews are rich in insights but are often
unstructured and vast in volume, making manual analysis both time-consuming and inefficient. This is
where the integration of Artificial Intelligence (AI) and Natural Language Processing (NLP) proves
transformative.

Al and NLP technologies can process and analyze large volumes of textual data quickly and accurately.
Through sentiment analysis, keyword extraction, and topic modeling, these tools can uncover patterns,
trends, and emotions embedded in patient feedback. Hospitals like Apollo can use these insights to identify
strengths, such as high-quality care or responsive staff, as well as areas requiring attention, such as long
waiting times or billing concerns.

By leveraging AI/NLP, Apollo Hospitals can enhance its ability to listen to the patient voice at scale,
enabling more responsive and data-driven decision-making. This not only helps improve service quality
but also fosters greater patient trust and engagement. Ultimately, the use of advanced analytics aligns with
Apollo’s mission to provide personalized, effective, and compassionate care, reinforcing its leadership in
healthcare innovation.

Situational Analysis
In recent years, the healthcare industry has undergone a paradigm shift driven by rapid technological ad-
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vancements and growing patient expectations. Two major developments shaping this evolution are the
increasing empowerment of patients through digital health feedback and the rising use of Artificial
Intelligence (Al) in healthcare quality assessment. These trends are redefining how healthcare providers
like Apollo Hospitals evaluate and improve service quality.

Increasing Patient Empowerment and Digital Health Feedback

Patient empowerment refers to the process by which individuals gain greater control over decisions and
actions affecting their health. As healthcare becomes more patient-centered, individuals are no longer
passive recipients of care but active participants in their health journeys. A key driver of this empowerment
is the rise of digital platforms that allow patients to access information, compare healthcare providers, and
share their experiences publicly.

Online review portals, hospital feedback forms, social media, and health apps have become popular
channels for patients to express their opinions and provide detailed feedback about the services they
receive. These reviews often include insights into doctor-patient interactions, staff behavior, hospital
infrastructure, billing transparency, and overall satisfaction. As a result, patient feedback has become a
critical indicator of healthcare quality and is influencing public perception and hospital reputation more
than ever before.

For hospitals, this surge in patient feedback presents both opportunities and challenges. On the one hand,
it offers direct insight into the patient experience, helping identify areas of excellence and improvement.
On the other hand, the sheer volume and unstructured nature of textual reviews make it difficult to extract
actionable insights using traditional manual methods. This gap has paved the way for Al-based solutions.

Use of Al in Healthcare Quality Assessment

Artificial Intelligence, particularly in the form of Natural Language Processing (NLP) and Machine
Learning (ML), is revolutionizing the way healthcare providers assess and enhance service quality. Al
enables the automated analysis of large datasets, including unstructured text such as patient reviews,
clinical notes, and surveys.

In the context of patient feedback, sentiment analysis is one of the most commonly used Al applications.
It involves identifying and categorizing opinions expressed in text into sentiments such as positive,
negative, or neutral. By applying sentiment analysis to patient reviews, hospitals can understand overall
patient satisfaction, identify common pain points, and monitor trends over time.

Beyond sentiment analysis, Al can detect recurring themes or topics in patient comments—such as delays,
cleanliness, staff attitude, or billing issues. Topic modeling and text classification techniques help cluster
similar feedback, making it easier for hospital management to prioritize interventions and allocate
resources effectively. Al also enables real-time monitoring of feedback, allowing for faster responses to
emerging issues and quicker implementation of corrective measures.

For institutions like Apollo Hospitals, which handle thousands of patients daily, Al presents an efficient
and scalable approach to feedback analysis. It aligns with the hospital's commitment to continuous
improvement and innovation. By integrating Al tools into their feedback systems, Apollo can go beyond
quantitative ratings and uncover the qualitative factors that influence patient experience.

Strategic Implications for Apollo Hospitals
The convergence of patient empowerment and Al-powered analysis offers Apollo Hospitals a unique op-
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portunity to further strengthen its leadership in healthcare quality. By actively listening to and analyzing
digital patient feedback, the hospital can build a more responsive, transparent, and patient-focused care
environment.

Incorporating Al in quality assessment also enables Apollo to stay ahead in a competitive healthcare
landscape, where service excellence and patient satisfaction are key differentiators. Furthermore, it
supports the hospital’s broader mission of providing evidence-based, personalized care while embracing
technological innovation.

The integration of digital feedback and Al-driven insights is not just a trend but a strategic necessity for
modern healthcare institutions. For Apollo Hospitals, embracing this approach reinforces its commitment
to quality, drives operational excellence, and ultimately leads to better patient outcomes and satisfaction.

Literature Review

The healthcare industry has witnessed growing interest in the use of technology-driven tools to assess
service quality and improve patient care. The following review of literature explores key areas relevant to
this study, including sentiment analysis in healthcare, NLP techniques, online reviews, patient experience,
Al applications in India, and the challenges faced in sentiment classification.

1. Sentiment Analysis in Healthcare

Sentiment analysis, also known as opinion mining, is a subfield of Natural Language Processing (NLP)
that focuses on identifying and extracting subjective information from text data. In the healthcare sector,
sentiment analysis has gained significant attention as a valuable tool for understanding patient feedback,
improving service delivery, and enhancing overall care quality.

Healthcare generates a vast amount of unstructured textual data, particularly from sources such as patient
reviews, social media posts, online forums, survey responses, and electronic health records. Unlike
traditional surveys that rely on structured questions and numerical ratings, these unstructured texts contain
rich, nuanced information that reflects patients’ true feelings and experiences. Sentiment analysis enables
healthcare providers to transform this qualitative data into measurable insights by classifying text as
positive, negative, or neutral and by identifying specific emotions such as satisfaction, frustration, or trust.
One of the primary uses of sentiment analysis in healthcare is to gauge patient satisfaction and identify
critical factors influencing patient experiences. For example, by analyzing comments related to hospital
services, staff behavior, wait times, or billing, sentiment analysis can highlight areas of excellence and
flag problems that need attention. This real-time feedback loop helps healthcare institutions respond
promptly to patient concerns, improving service quality and fostering patient loyalty.

Research shows that sentiment analysis in healthcare is effective in various applications such as
monitoring public health sentiments during disease outbreaks, evaluating mental health conditions through
patient narratives, and assessing the impact of treatment or hospital policies on patient perceptions. For
instance, during the COVID-19 pandemic, sentiment analysis was used to track public opinions about
vaccination and healthcare services, helping authorities design better communication strategies.

Another important dimension of sentiment analysis in healthcare is its role in supporting personalized
care. Understanding patient emotions and preferences from their feedback can help tailor communication
and treatment plans, ultimately leading to better adherence and health outcomes. Hospitals that leverage
sentiment analysis can identify dissatisfied patients early and engage them with targeted interventions.
However, the healthcare domain presents unique challenges for sentiment analysis. Medical texts often
contain specialized terminology, abbreviations, and complex expressions of symptoms or emotions, which
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require domain-specific models for accurate interpretation. Moreover, patient feedback may be mixed,
containing both positive and negative sentiments in the same review, making classification more complex.
Despite these challenges, advances in machine learning and deep learning have improved the accuracy of
sentiment analysis models in healthcare. Techniques like fine-tuning language models on healthcare-
specific corpora, using sentiment lexicons tailored for medical terminology, and incorporating context-
aware approaches have enhanced the ability to capture subtle sentiments and improve classification
performance.

Sentiment analysis is a powerful approach for extracting actionable insights from patient feedback,
enabling healthcare providers to enhance service quality, improve patient satisfaction, and foster patient-
centered care. As digital health data continues to grow, sentiment analysis will play an increasingly critical
role in transforming raw textual feedback into strategic intelligence for healthcare organizations.

2. Natural Language Processing (NLP) Techniques

Natural Language Processing (NLP) is a specialized domain of Artificial Intelligence (Al) that enables
machines to understand, interpret, and respond to human language. In the context of sentiment analysis,
NLP is the backbone technology used to analyze textual data, such as patient reviews, social media
comments, and feedback forms. As healthcare systems become increasingly digitized, NLP plays a vital
role in extracting meaningful insights from unstructured text data, especially in identifying sentiments,
emotions, and themes embedded within patient narratives.

NLP techniques are essential for transforming raw text into structured, analyzable formats. The process
typically begins with text preprocessing, which includes steps such as tokenization (splitting text into
individual words or phrases), stop-word removal (eliminating common but insignificant words like “the”
or “and”), stemming and lemmatization (reducing words to their root form), and punctuation or special
character removal. These steps help clean and normalize the text, improving the accuracy of downstream
analysis.

Once the text is preprocessed, feature extraction techniques are used to convert textual data into
numerical formats. Traditional methods like Bag-of-Words (BoW) and Term Frequency-Inverse
Document Frequency (TF-IDF) are used to represent the frequency and importance of words in a
document. However, more advanced approaches such as word embeddings (e.g., Word2Vec, GloVe, and
FastText) and contextual embeddings (e.g., BERT) capture semantic meaning and relationships between
words, enabling a deeper understanding of patient sentiment and intent.

For classification, machine learning algorithms such as Naive Bayes, Support Vector Machines (SVM),
Logistic Regression, and Decision Trees are commonly used. In recent years, deep learning models like
Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and Transformer-based
architectures (like BERT and RoBERTa) have shown superior performance in handling complex linguistic
patterns, contextual nuances, and long textual sequences, making them ideal for sentiment analysis in
healthcare.

Moreover, NLP techniques such as Named Entity Recognition (NER) can identify specific entities like
hospital names, medications, or doctors, while topic modeling methods like Latent Dirichlet Allocation
(LDA) uncover hidden themes in large datasets. These tools enhance the ability of researchers and
healthcare providers to interpret large volumes of patient feedback and extract actionable insights.

In the healthcare domain, where accuracy and context are crucial, NLP must also address domain-specific
language, including medical terminology, abbreviations, and multilingual data. Developing custom
healthcare-specific NP models and dictionaries is often necessary to improve performance and relevance.
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NLP techniques are critical enablers of sentiment analysis in healthcare, allowing institutions like Apollo
Hospitals to systematically analyze patient feedback and improve service quality. As these technologies
continue to evolve, they hold great promise for enhancing patient engagement, monitoring service
delivery, and driving data-informed healthcare improvements.

3. Impact of Online Reviews on Hospital Reputation

In today’s digital era, online reviews have become a powerful tool influencing public perception, decision-
making, and the overall reputation of healthcare institutions. Unlike traditional word-of-mouth, which was
limited in scope and reach, digital platforms such as Google Reviews, Practo, Justdial, and hospital
websites have expanded the influence of patient opinions to a much broader audience. As patients
increasingly rely on online reviews to evaluate hospitals and healthcare providers, the impact of these
reviews on hospital reputation has become both significant and measurable.

Trust and Credibility: Online reviews act as a reflection of a hospital’s service quality and patient
satisfaction. Positive reviews build trust among prospective patients and help establish the hospital as a
credible and patient-friendly institution. On the contrary, negative reviews can damage a hospital’s image,
raise concerns about care quality, and deter potential patients. Studies have shown that patients often
consider the volume, recency, and tone of reviews when selecting a healthcare provider. Therefore, the
digital footprint created by patient reviews plays a crucial role in shaping public trust and credibility.
Decision-Making Influence: Online reviews often influence patient choices even more than traditional
marketing campaigns or advertisements. According to research, a significant percentage of patients read
online reviews before choosing a hospital or doctor. They value the experiences shared by other patients,
especially concerning doctor behavior, staff responsiveness, cleanliness, wait times, billing transparency,
and post-treatment care. This peer-driven information helps new patients make informed decisions, and as
a result, hospitals with consistently positive feedback tend to attract higher patient footfall.

Performance Benchmarking: Hospitals can also use online reviews as a benchmarking tool to evaluate
their standing relative to competitors. By analyzing review trends, recurring complaints, and praise points,
management teams can identify strengths and weaknesses. This information is crucial for shaping internal
policies, staff training programs, and patient engagement strategies. Regular monitoring of online
reputation also helps hospitals respond proactively to negative feedback, thereby demonstrating
accountability and a commitment to improvement.

Reputation Management Challenges: Despite the benefits, the impact of online reviews also brings
challenges. Some reviews may be biased, inaccurate, or malicious, which can unfairly tarnish a hospital’s
reputation. Additionally, the lack of standardized review formats and the subjective nature of patient
opinions make it difficult to draw consistent conclusions without advanced analytical tools. There is also
the risk of reputational damage due to a few isolated negative incidents that gain widespread visibility.
Conclusion: In last, online reviews significantly influence a hospital’s reputation by affecting patient trust,
choice, and engagement. Hospitals like Apollo must adopt systematic methods—such as sentiment
analysis and reputation management frameworks—to monitor and respond to patient feedback effectively.
In doing so, they can leverage online reviews as an opportunity for growth, continuous quality
improvement, and strengthening their public image in a highly competitive healthcare landscape.

4. Patient Experience and Quality of Care

Patient experience has become one of the most important indicators of healthcare quality in recent years.
It goes beyond clinical outcomes and looks at how patients feel about the care they receive during their
hospital journey—from the moment they enter the hospital until they are discharged. Patient experience
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includes everything from the cleanliness of the hospital, the friendliness of staff, waiting times,
communication with doctors, ease of appointment scheduling, billing process, and more. These factors
play a big role in how patients rate the overall quality of care provided by a hospital.

In today’s healthcare system, especially in patient-focused organizations like Apollo Hospitals, improving
patient experience is considered just as important as treating medical conditions. Research studies have
shown that when patients have a positive experience, they are more likely to follow treatment plans, return
for future visits, and recommend the hospital to others. On the other hand, poor experiences can lead to
dissatisfaction, negative reviews, and damage to the hospital’s reputation.

Good communication between doctors and patients is a major part of quality care. When doctors explain
things clearly, listen carefully, and show empathy, patients feel more confident and supported. This trust
encourages patients to be more open about their symptoms and concerns, which can lead to better
diagnoses and outcomes. Similarly, staff behavior—whether at the reception desk, in the wards, or in the
billing department—aftfects how comfortable and respected a patient feels.

Studies in healthcare also suggest that long waiting times, confusion in billing, and lack of attention from
hospital staff are some of the biggest complaints that patients have. These experiences make patients feel
neglected or unimportant, which leads to frustration even if the medical treatment itself is good. This is
why hospitals are now focusing on delivering a smoother and more comfortable experience in addition to
high-quality medical services.

Quality of care is also related to how consistently services are delivered. For example, a hospital may have
the best doctors and facilities, but if patient experience changes from one department to another or from
one visit to the next, patients may lose confidence. Maintaining consistent standards and addressing patient
concerns quickly are key parts of ensuring quality care.

Modern hospitals are now using feedback tools and digital surveys to measure patient experience more
effectively. Patients are asked to rate their experiences, share what they liked or disliked, and suggest areas
for improvement. These insights help hospital management make better decisions, train staff, and fix
problems before they grow. In this way, patient feedback becomes an important source of information for
quality improvement.

In addition, technology is playing a big role in improving patient experience. For example, hospitals use
apps and SMS systems to remind patients about appointments, share test results, or even allow them to
give feedback directly from their phones. These digital tools reduce confusion and help patients feel more
connected to their care process.

To summarize, patient experience is directly linked to quality of care. A hospital’s success depends not
only on treating diseases but also on how patients feel about their entire care journey. By focusing on
communication, staff behavior, wait times, and overall comfort, hospitals can greatly improve both patient
satisfaction and healthcare outcomes. For a hospital like Apollo, which serves thousands of patients every
day, maintaining high levels of patient experience is essential for ensuring trust, loyalty, and long-term
success.

5. Applications of Al in Indian Healthcare

Artificial Intelligence (Al) is transforming many industries around the world, and healthcare is one of the
most promising areas where its impact is being widely explored. In India, a country with a massive and
diverse population, Al has great potential to address various challenges in the healthcare system. From
improving diagnosis and treatment to enhancing hospital management and patient satisfaction, Al is
helping healthcare providers offer better, faster, and more affordable services.
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Why Al is Important for Indian Healthcare

India faces a number of issues in healthcare such as shortage of doctors, uneven distribution of medical
resources, high patient load, and rising healthcare costs. Al technologies can help reduce these problems
by automating tasks, analyzing large amounts of medical data, and supporting clinical decision-making.
As a result, Al is becoming more popular in both public and private hospitals, including major institutions
like Apollo Hospitals, AIIMS, and several healthcare startups.

Applications of Al in Diagnosis and Treatment

One of the most important uses of Al in Indian healthcare is in diagnosis. Al tools can analyze medical
images such as X-rays, CT scans, and MRIs with high accuracy. For example, algorithms can detect early
signs of diseases like cancer, tuberculosis, or diabetic retinopathy—often faster than human doctors. In
rural areas where access to specialists is limited, Al can act as a “virtual doctor” by helping local healthcare
workers make better diagnoses.

Al is also used to personalize treatment. Machine learning models can suggest treatment plans based on a
patient’s medical history, age, genetic profile, and other factors. This leads to better outcomes and fewer
side effects, especially for chronic diseases like diabetes, hypertension, and heart problems, which are
common in India.

Al in Predictive Analytics and Disease Prevention

Another key application of Al is predicting health risks. By analyzing health records, lab test results, and
lifestyle data, Al can identify which patients are likely to develop certain conditions in the future. Hospitals
and doctors can then take preventive steps before the disease becomes serious. This is very useful in India,
where early detection can save lives and reduce the burden on already stressed hospitals.

During the COVID-19 pandemic, Al tools were used in India to predict the spread of the virus, monitor
symptoms, and even manage hospital beds and oxygen supplies. This shows how Al can be used not only
for individual care but also for managing public health emergencies.

Al in Hospital Operations and Management

Al is not just used for treating patients—it also helps manage hospital operations more efficiently. Many
Indian hospitals now use Al-powered systems for scheduling appointments, managing patient records,
billing, and reducing waiting times. Chatbots and virtual assistants are being used to answer common
patient questions, book appointments, and send reminders.

For example, Apollo Hospitals uses Al in its call centers and online platforms to improve customer service.
These technologies help hospitals handle large volumes of patients without compromising on quality,
which is very important in high-demand environments like India.

Al in Sentiment Analysis and Patient Feedback

One of the more recent applications of Al in India is in analyzing patient feedback using sentiment
analysis. Patients often leave reviews on websites, apps, or social media about their hospital experiences.
These reviews contain valuable insights about what is working well and what needs improvement.

Using Natural Language Processing (NLP), Al can read and understand these reviews, classify them into
positive, negative, or neutral categories, and identify common themes like doctor behavior, cleanliness,
billing issues, or treatment quality. Hospitals like Apollo can use this information to make service
improvements and enhance patient satisfaction. It also helps in building trust and maintaining a good
reputation.
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Al in Telemedicine and Remote Care

Telemedicine has become very important in India, especially in rural and remote areas. Al helps make
telemedicine more effective by providing decision support to doctors during virtual consultations. Al-
based platforms can analyze symptoms, suggest possible diagnoses, and even recommend tests or
treatments.

Indian startups like Niramai (for breast cancer detection) and HealthifyMe (for personalized diet and
fitness advice) use Al to reach millions of users across the country. These platforms make healthcare more
accessible and affordable, especially for those who can’t easily visit hospitals.

Conclusion

To sum up, the applications of Al in Indian healthcare are wide-ranging and growing rapidly. From
diagnosis and treatment to hospital management, public health, and patient feedback analysis, Al is helping
make the healthcare system more efficient and patient-friendly. As more hospitals and startups adopt Al
technologies, the future of healthcare in India looks more data-driven, accessible, and personalized.
However, it’s also important to ensure ethical use of Al, protect patient privacy, and train healthcare
workers to use these tools effectively. With the right policies, support, and innovations, Al can play a major
role in improving healthcare outcomes across India.

6. Challenges in Sentiment Classification

Sentiment classification, especially in the context of healthcare, is a powerful tool used to analyze patients'
opinions, emotions, and feedback from reviews or surveys. However, applying sentiment analysis is not
always straightforward. There are several challenges that students and researchers face while working on
sentiment classification, particularly when dealing with real-world healthcare data. Understanding these
challenges is important for improving the accuracy and reliability of the analysis.

1. Complexity of Medical Language

One of the biggest challenges in sentiment classification in healthcare is the use of complex medical terms.
Patients may describe symptoms, treatments, or diagnoses using technical or informal language. Some
may use medical jargon, while others use everyday words that don’t fully capture the medical context. For
example, a word like "critical" in a general context might be negative, but in a medical report, it could be
neutral or descriptive. This makes it difficult for algorithms to correctly classify the sentiment.

2. Ambiguity and Context Dependency

Healthcare reviews often include mixed or ambiguous sentiments. A single review might have both
positive and negative statements, making it hard to categorize the overall sentiment. For instance, a patient
might say, “The doctor was kind, but I had to wait for two hours.” This review has both positive and
negative aspects. Deciding whether the sentiment is overall positive, negative, or neutral becomes
challenging, especially for basic sentiment classifiers.

3. Sarcasm and Figurative Language

Patients sometimes use sarcasm or figurative language to express dissatisfaction, which machines often
fail to detect. For example, a review saying, “What a great hospital — they forgot my appointment twice!”
is clearly negative, but a simple classifier might mistake it as positive because of the word "great."
Understanding such expressions requires advanced NLP models that can grasp tone and context—
something traditional models often struggle with.
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4. Unbalanced Datasets

In healthcare reviews, there is often an imbalance in the dataset where positive reviews outnumber
negative ones or vice versa. This imbalance can affect the performance of sentiment classification models.
When a model is trained on more positive data, it may become biased and misclassify neutral or negative
reviews. Handling unbalanced data is a key challenge that requires techniques like resampling or using
weighted algorithms.

5. Multilingual and Code-Mixed Texts

In a diverse country like India, many patient reviews are written in regional languages or in a mix of
languages (e.g., Hinglish — a mix of Hindi and English). These code-mixed or multilingual texts pose a
challenge for NLP models that are mainly trained on pure English or individual languages. Translating or
standardizing such text without losing meaning is difficult and requires specialized tools.

6. Lack of Domain-Specific Datasets

Another major issue is the lack of large, high-quality, labeled datasets specific to healthcare. Most existing
sentiment analysis datasets are based on movie reviews or product feedback, which are very different from
patient reviews. Without a reliable, domain-specific dataset, it is hard to train and test sentiment classifiers
that can perform well in the healthcare context.

Further Explanation of Topic

In the age of digital transformation, the ability to harness unstructured data has become increasingly
important for organizations across all sectors, including healthcare. Among the most valuable sources of
unstructured data in healthcare are patient reviews, comments, and feedback. These often contain deep,
qualitative insights into the patient experience that cannot be captured through quantitative metrics alone.
However, the challenge lies in analyzing and interpreting these vast volumes of textual data in a
meaningful and efficient way. This is where Sentiment Analysis, a Natural Language Processing (NLP)
technique, plays a vital role.

Understanding Sentiment Analysis

Sentiment analysis, also known as opinion mining, is a subfield of NLP that focuses on identifying,

extracting, and classifying the emotional tone or sentiment expressed in a body of text. The primary goal

is to determine whether the expressed sentiment is positive, negative, or neutral. In more advanced
applications, sentiment analysis can also detect the intensity of emotions, such as strong dissatisfaction or
high praise, and even categorize sentiments into more specific emotions like anger, joy, sadness, or trust.

At its core, sentiment analysis involves several key steps:

1. Text Preprocessing — The text is cleaned and prepared for analysis. This includes removing
punctuation, special characters, and stop words, as well as performing tokenization (breaking text into
individual words) and stemming or lemmatization (reducing words to their base form).

2. Feature Extraction — The processed text is then converted into numerical data using techniques such
as Bag of Words (BoW), Term Frequency-Inverse Document Frequency (TF-IDF), or word
embeddings like Word2Vec and BERT, which help in understanding the context and semantic meaning
of words.

3. Sentiment Classification — Machine learning models or rule-based algorithms are then used to
classify the sentiment. Popular classifiers include Naive Bayes, Support Vector Machines (SVM),
logistic regression, and deep learning models like LSTM and transformers.
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Sentiment analysis can be applied at different levels:

o Document-level, where the sentiment of an entire review or comment is classified.

o Sentence-level, which focuses on analyzing sentiment sentence by sentence.

o Aspect-level, which goes deeper to evaluate sentiment related to specific aspects (e.g., "doctor
behavior" or "billing experience").

Relevance to Healthcare and Patient Feedback

In the healthcare sector, sentiment analysis is particularly valuable due to the nature of patient feedback.
Unlike numerical survey ratings, patient reviews on hospital websites, Google reviews, or social media
platforms are often narrative and detailed. These reviews reflect patients’ genuine experiences, concerns,
and satisfaction levels regarding the treatment they received, interactions with staff, hospital cleanliness,
billing processes, and more.

For example, a patient review might read:

"The doctors were extremely professional and kind, but the billing process was confusing and took too
long."

A sentiment analysis tool can identify the positive sentiment associated with the doctors and the negative
sentiment related to billing. This granularity is what makes sentiment analysis an effective method for
extracting actionable insights from qualitative data.

Benefits of Sentiment Analysis in Healthcare

1. Improved Patient Experience: By analyzing trends in sentiment over time, hospitals can identify
recurring issues that affect patient satisfaction, such as long waiting times, staff behavior, or facility
hygiene. Addressing these issues proactively helps improve the overall patient experience.

2. Data-Driven Decision Making: Sentiment analysis transforms subjective feedback into measurable
data. Hospital administrators can use sentiment scores and thematic insights to inform strategic
decisions, prioritize quality improvement initiatives, and allocate resources more effectively.

3. Real-Time Monitoring and Alerts: Hospitals can set up sentiment analysis systems to monitor
feedback in real time. Sudden spikes in negative sentiment can trigger alerts, allowing quick response
and issue resolution before they escalate

4. Benchmarking and Performance Tracking: Sentiment analysis allows healthcare providers to
benchmark their performance against competitors or track sentiment trends across departments and
service lines. It can help in understanding what areas are improving and which still require attention.

5. Personalized Patient Engagement: Insights derived from sentiment analysis can help in tailoring
communication and services to meet patient expectations, enhancing trust and engagement.

Application in Apollo Hospitals

For a leading institution like Apollo Hospitals, which receives a high volume of patient interactions daily,
manually analyzing each piece of feedback is neither feasible nor efficient. Sentiment analysis offers a
scalable and systematic approach to understanding patient sentiment across thousands of reviews. By
integrating NLP tools into their feedback management system, Apollo can:

e Detect common sentiment themes across different hospital branches.

e Analyze feedback trends over time to measure the impact of service changes.

IJFMR250346557 Volume 7, Issue 3, May-June 2025 11



https://www.ijfmr.com/

m International Journal for Multidisciplinary Research (IJFMR)

ILJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

o Identify department-specific strengths and weaknesses (e.g., positive sentiments for doctors but
recurring negative sentiments for support services).

e Provide management and quality control teams with actionable reports based on real patient
experiences.

Challenges and Considerations

While sentiment analysis provides many benefits, it also comes with challenges:

o Language and Context Understanding — Patient feedback often includes medical terminology,
regional languages, or informal phrases. Misinterpretation of such terms can lead to inaccurate
sentiment classification.

o Sarcasm and Negation — Sentiment analysis tools may struggle with complex expressions like
sarcasm, irony, or sentences with negations (e.g., “The staft is not unhelpful”).

e Aspect Identification — Accurately linking sentiments to the correct aspect of service (e.g., doctor vs.
billing) requires advanced models and domain-specific training.

Despite these challenges, with continued refinement and domain-specific training, sentiment analysis tools

are becoming increasingly sophisticated and reliable.

Specific Research Questions

To derive actionable insights from patient reviews, the following specific research questions (SRQs)
guide the investigation. Each question is based on a hypothesis regarding how sentiments reflect service
quality dimensions at Apollo Hospitals.

1. What factors contribute to positive patient sentiments in Apollo Hospitals?

This question aims to identify the elements in the patient journey that consistently generate favorable
feedback. These could include timely treatment, courteous staff behavior, effective communication by
doctors, and a clean hospital environment. By analyzing frequently used positive terms such as “friendly,”
“efficient,” and “clean,” the study will explore patterns that highlight what Apollo is doing well. This helps
management identify best practices that should be retained or scaled across other branches.

2. What are the recurring causes of negative sentiments among patients?

This question investigates the root causes behind dissatisfaction. Patients often use online platforms to
vent frustrations related to long waiting times, billing issues, staff indifference, or lack of coordination.
confusing,” and “overpriced,” the study aims to uncover

99 ¢

By analyzing keywords like “rude,” “delay,
operational bottlenecks and service lapses that need improvement.

3. Are there identifiable themes in neutral reviews, and what do they imply?

Neutral sentiments are often overlooked, yet they can reveal useful, matter-of-fact feedback. This question
evaluates reviews that neither strongly praise nor criticize, to identify areas where patients felt the service
was acceptable but unremarkable. These may relate to administrative interactions, general ambience, or
appointment systems. Such insights can indicate potential for elevating ordinary experiences into positive
ones.

4. Do specific departments (e.g., emergency, surgery, diagnostics) receive varying sentiment
patterns?

This question analyzes sentiment by department or service line. It checks whether reviews for emergency
care differ in tone compared to outpatient or maternity services. This helps determine department-specific
strengths and weaknesses.
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5. How do sentiments vary across different cities or hospital branches within Apollo Hospitals?
This geographic comparison assesses whether certain Apollo branches are outperforming others in terms
of patient satisfaction. By comparing sentiment scores across locations (e.g., Chennai vs. Delhi vs.
Hyderabad), management can identify local operational factors affecting care quality.

6. Is there a correlation between sentiment polarity and star ratings given by patients?

This question investigates the relationship between quantitative (star ratings) and qualitative (review text)
feedback. It helps validate the sentiment analysis model and checks for consistency. For example, are 5-
star reviews always positive in tone? Do some 3-star reviews have mixed or confusing sentiments.

Chapter 2: Research Design and Methodology

Type of Research Design

This study adopts a descriptive research design, combining both qualitative and quantitative methods
to provide a comprehensive understanding of patient perceptions regarding healthcare services at Apollo
Hospitals. The primary goal of descriptive research is to accurately describe the characteristics, patterns,
and trends of a particular phenomenon—in this case, the sentiments and opinions expressed by patients in
their online reviews.

Descriptive research is particularly well-suited for analyzing subjective data like patient feedback, as it
allows for the detailed exploration of various variables without manipulating the study environment. In
this research, the descriptive approach is applied to investigate how patients perceive various aspects of
healthcare—such as staff behavior, service quality, cleanliness, and billing—based on publicly available
online reviews.

Quantitative Aspect

The quantitative component of this research involves analyzing the sentiment distribution across a
large dataset of patient reviews. Each review is categorized based on its sentiment polarity: positive,
negative, or neutral. Using Natural Language Processing (NLP) and machine learning techniques, the
frequency and proportion of each sentiment type are measured and represented using visual tools like bar
charts and pie graphs.

Quantitative analysis helps answer questions such as:

o What percentage of patient reviews are positive, negative, or neutral?

o How do sentiment trends vary across different departments or over time?

e What are the most frequently mentioned keywords or aspects in the feedback?

This numerical data offers measurable insights into the overall satisfaction levels of patients at Apollo
Hospitals.

Qualitative Aspect

The qualitative component focuses on theme identification and content analysis. Patient reviews are
unstructured in nature and often provide in-depth narratives about individual experiences. Through
qualitative analysis, this research aims to uncover the key themes that repeatedly emerge from the
reviews—such as treatment effectiveness, staff empathy, hygiene standards, and administrative efficiency.
Using NLP tools such as topic modeling and keyword clustering, the qualitative analysis reveals:

e Common concerns or praises voiced by patients.

o Emotional tone and language patterns used in expressing opinions.
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o Contextual understanding of why certain sentiments are associated with specific services.
The qualitative insights complement the numerical data, allowing for a richer interpretation of patient
feedback that goes beyond percentages and frequencies.

Why a Mixed-Methods Approach?

The combination of qualitative and quantitative methods enables a more robust and holistic analysis of
patient reviews. While quantitative data helps identify patterns at scale, qualitative insights provide the
depth and nuance needed to understand the "why" and "how" behind those patterns.

This mixed-methods approach:

e Captures both the breadth and depth of patient sentiment.

o Balances objectivity (through measurable data) with subjectivity (through contextual narratives).

e Supports data triangulation, enhancing the reliability and validity of the findings.

Data Collection Methods

In research focusing on sentiment analysis of patient reviews to improve healthcare services at Apollo
Hospitals, collecting accurate, relevant, and diverse data is essential. The primary source of data for this
study comprises online patient reviews and survey feedback, which provide authentic, unsolicited, and
direct insights into patient experiences. These reviews reflect real-time opinions and sentiments and are
ideal for understanding perceptions about healthcare quality, hospital facilities, staff behavior, and overall
service satisfaction.

This study utilizes primary data collection methods, meaning the data is gathered directly from original
sources rather than relying on previously published research or databases. The following are the main
platforms from which data has been collected:

1. Apollo Hospitals’ Official Website

Apollo Hospitals maintains an official website where patients can submit reviews and testimonials about
their healthcare experiences. These reviews are often detailed, and since they are hosted on the hospital’s
own platform, they tend to reflect patient feedback that is both encouraged and acknowledged by the
institution.

Features of data collected from the Apollo website:

o Reviews tend to be longer and more descriptive.

Patients often mention specific departments, doctors, or procedures.

Sentiments expressed here can include gratitude, complaints, or suggestions.

o Trustworthy and verified, since they are linked to actual patients who availed services.

Collecting data from this platform helps understand what Apollo’s loyal or returning patients think about
the services. It is also useful in assessing how the hospital’s internal quality monitoring reflects or responds
to public sentiment.

2. Google Reviews

Google Reviews is a highly popular and public platform where patients freely share their experiences
without institutional oversight. These reviews are visible to the general public and can significantly impact
Apollo Hospitals’ reputation and online presence.

Key characteristics of Google Reviews as a data source:

o High volume of reviews, offering a large and diverse dataset.

o Includes both highly positive and highly critical feedback.
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e Often includes short but impactful summaries of patient experiences.

o Allows reviewers to attach star ratings, which are useful for quantitative analysis.

Google Reviews help capture the sentiment of a broad demographic, including first-time patients,

emergency cases, and those who may have had positive or negative experiences outside of regular

treatment.

By analyzing Google Reviews, this research can detect trends and patterns in how the general public

perceives Apollo Hospitals, including changes over time and service variations across different hospital

branches.

3. Survey Feedback

In addition to online reviews, some data was collected from structured patient satisfaction surveys

conducted by Apollo Hospitals internally.

Key aspects of survey-based data:

e Surveys may include both closed-ended (rating scales) and open-ended questions.

o Patients provide focused feedback on various aspects such as cleanliness, waiting time, doctor
communication, billing experience, etc.

e Responses can be easily segmented based on demographics (age, gender, type of treatment, etc.).

Open-ended responses from surveys are particularly useful for sentiment analysis because they provide a

blend of subjective expression and contextually rich content. These are often more reflective and detailed,

as patients are guided to provide specific insights.

Data Volume and Scope

For effective sentiment analysis, a substantial volume of data is necessary. This study ensures a

representative sample by:

e Collecting hundreds to thousands of reviews across platforms.

e Including data from multiple Apollo locations, where possible.

o Ensuring diversity in the types of services and patient experiences covered.

Data Cleaning and Preprocessing

Before analysis, all collected data undergoes preprocessing, which includes:

e Removing duplicate or spam reviews.

o Eliminating irrelevant content (e.g., advertisements or unrelated queries).

o Standardizing the language format, correcting grammar and spelling where necessary (without altering
meaning).

o Tokenizing text and preparing it for sentiment classification using NLP tools.

Ethical Considerations

Though the data is publicly available, ethical practices are followed:

e No personal patient information (names, contact details) is used.

e Reviews are analyzed in aggregate form.

o The study adheres to data privacy norms and respects the confidentiality of all feedback.

Secondary Data Collection: Academic Articles and NLP Datasets

In addition to primary data sources like online patient reviews and survey responses, this research also

incorporates secondary data to provide theoretical grounding, methodological support, and comparative

insights. Secondary data refers to information that has already been collected, analyzed, and published by

other researchers, institutions, or organizations. These sources are not gathered firsthand but are critically

reviewed and referenced to enrich the research framework and validate the findings.
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For this study, the two main forms of secondary data used are:

1. Academic Articles and Research Publications

Academic literature plays a vital role in establishing the theoretical foundation for this research. Peer-
reviewed journals, scholarly articles, and conference papers are consulted to understand the existing body
of knowledge on:

Sentiment analysis techniques in healthcare.

Applications of Natural Language Processing (NLP) in analyzing patient feedback.

Patient satisfaction frameworks and quality assessment models in hospital management.

o Healthcare service improvement strategies based on feedback analysis.

These articles help in several key ways:

e Methodology Support: Academic studies provide tested frameworks, algorithms, and approaches for

conducting sentiment analysis, such as lexicon-based methods, machine learning models, or deep
learning techniques.

e Benchmarking Results: The research compares its findings with those in the literature to validate
outcomes and identify patterns consistent across healthcare institutions.

e Conceptual Clarity: The literature helps define key terms such as sentiment polarity, feature
extraction, opinion mining, and thematic clustering.

e Gap Identification: Reviewing academic sources reveals existing research gaps, such as limited
India-specific studies or underutilized hospital feedback, which this project aims to address.

Sources include journals like:

e Journal of Biomedical Informatics

Health Informatics Journal
IEEE Transactions on Affective Computing
BMC Health Services Research

2. NLP Datasets and Pre-trained Models

To support the sentiment analysis process, publicly available NLP datasets and models are also used.

These are essential for training, validating, or fine-tuning sentiment classification tools that will be applied

to the patient reviews.

Common types of NLP datasets include:

o Sentiment-labeled datasets like IMDb Reviews, Amazon Product Reviews, and Yelp Dataset, which
provide large volumes of text categorized by sentiment (positive, neutral, negative).

o Healthcare-specific datasets such as MIMIC (Medical Information Mart for Intensive Care) or open-
access clinical note corpora, which help train models in a health-context-specific language.

o Lexicons like SentiWordNet, VADER (Valence Aware Dictionary for Sentiment Reasoning), or
AFINN, which contain sentiment scores for thousands of words and phrases, useful for rule-based
sentiment scoring.

These datasets serve the following purposes:

e Model Training and Validation: Pre-trained models (like BERT or RoBERTa) are adapted to the
domain of hospital reviews using these datasets, ensuring greater accuracy in sentiment detection.

o Language Processing: NLP datasets offer examples and structures that help with tokenization, part-
of-speech tagging, and emotion detection.
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o Benchmarking Tools: Using standard datasets allows comparison of the accuracy and performance
of sentiment classifiers applied to Apollo’s patient reviews.

Benefits of Using Secondary Data

o Saves Time and Resources: Instead of creating sentiment models from scratch, researchers can build
upon existing, validated work.

o Improves Accuracy: Leveraging tried-and-tested datasets enhances the robustness and credibility of
the analytical models.

e Adds Context and Depth: Academic literature and existing datasets offer perspectives and knowledge
that enrich the primary data analysis.

Data Collection Medium: Web Scraping Using Python Libraries (BeautifulSoup/Scrapy)

To efficiently collect large volumes of patient reviews from various online platforms, this research uses

web scraping as the primary data collection medium. Web scraping is an automated method of extracting

structured data from web pages. This approach is especially useful for collecting user-generated content

such as reviews, ratings, and comments from websites that do not offer downloadable datasets.

For this study, web scraping was applied to extract patient reviews from sources like:

e Apollo Hospitals’ official website

e Google Reviews

o Healthcare portals like Practo, Justdial .

To execute this process, powerful Python libraries—BeautifulSoup and Scrapy—were employed due to

their flexibility, reliability, and wide adoption in data mining and text analysis projects.

1. BeautifulSoup

BeautifulSoup is a Python library used for parsing HTML and XML documents. It allows for easy
navigation of the page structure and extraction of specific elements such as review text, star ratings, review
dates, and reviewer names.

Key Features:

Simple and beginner-friendly syntax.

Ideal for smaller-scale scraping tasks.

Works well in combination with requests to retrieve webpage content.

Used to extract specific tags and attributes like <div>, <p>, or <span> that hold review data.

2. Scrapy

Scrapy is a more advanced and scalable web scraping framework in Python. It is particularly useful when
dealing with websites that have multiple pages of content or require crawling through internal links.

Key Features:

e Asynchronous scraping: faster and more efficient for large datasets.

e Built-in support for crawling multiple URLs.

o Handles pagination and structured data storage (JSON, CSV, or database).

e More suitable for scraping complex websites like Google Reviews or healthcare portals.

Example Use Case:

Scrapy can be used to create a spider (custom scraper script) that navigates through all review pages of a
hospital profile and extracts key information like:

e Reviewer name
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o Rating (number of stars)

e Date of review

o Full review text

Ethical Considerations in Web Scraping

While web scraping is a powerful tool, ethical and legal guidelines must be followed:
e Only publicly available data is scraped.

o Personal identifiable information (PII) is not collected or used.

o Respect for robots.txt files and site terms of service is maintained.

e Scraping frequency is kept low to avoid overloading servers.

Data Storage and Cleaning

The scraped data is stored in structured formats such as CSV files or JSON, allowing easy integration
with data analysis tools. After scraping, the data undergoes preprocessing to:

e Remove HTML tags, special characters, and non-relevant content.

o Normalize text by converting to lowercase and removing stop words.

o Tokenize and lemmatize for sentiment analysis readiness.

Sampling Plan

A well-defined sampling plan is critical to ensure that the data collected for analysis is representative,
unbiased, and relevant to the research objectives. In this study, the sampling plan focuses on extracting
and analyzing patient reviews from multiple Apollo Hospital branches located in metro cities of India. The
plan incorporates stratified random sampling to ensure diversity across departments and locations.

1. Population

The target population for this study includes patients who have visited Apollo Hospitals in metro cities
and have shared their experiences online. Metro cities such as Delhi, Mumbai, Chennai, Bangalore, and
Hyderabad have high patient traffic and offer a range of specialized services, making them ideal for
sentiment analysis. These cities also have a larger digital footprint, increasing the availability of patient
reviews on platforms like Google Reviews, Practo, and Apollo’s official website.

This population includes:

o In-patients and out-patients

o Emergency and elective care patients

o Individuals using diagnostic, surgical, or specialty services

2. Sampling Frame

The sampling frame refers to the actual source from which data is drawn. In this case, it consists of
publicly available patient reviews collected from:

e Apollo Hospitals' official website

e Google Reviews

e Practo and other healthcare platforms.

These reviews represent authentic patient feedback that is voluntarily shared and accessible without the
need for formal surveys or interviews.

3. Sample Size

A sample size of 500 reviews has been selected for this research. This number is chosen to provide a
balance between:

o Statistical relevance: A sample of this size allows for reliable sentiment classification and thematic
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e analysis.

o Diversity: It includes a wide range of services, departments, and locations.

o Feasibility: This amount is manageable for both qualitative coding and NLP model processing.

The 500 reviews are distributed across multiple metro cities and departments, ensuring that different
healthcare experiences are well represented.

4. Sampling Method: Stratified Random Sampling

The research uses stratified random sampling, which improves the representativeness of the data by
dividing the population into subgroups (strata) and randomly sampling within each subgroup. This method
is particularly suitable for healthcare studies where patient experiences can vary significantly based on the
location and type of treatment.

Stratification Criteria:

a. Location-Based Strata:

Reviews are grouped by Apollo Hospital branches in different metro cities (e.g., Apollo Delhi, Apollo
Chennai, Apollo Hyderabad, etc.)

Each location contributes an equal or proportionate number of reviews to ensure geographical

diversity.
b. Department-Based Strata:
o Within each location, reviews are further stratified by department or service type, such as:
o Cardiology

o Oncology

o Emergency services
o Surgery

o Maternity

o Diagnostics

o This allows for the identification of department-specific sentiment trends and service feedback.
Random Selection:

After stratification, reviews are randomly selected within each group using either automated scripts or
manual filters to avoid selection bias. This ensures that:

e No particular city or department dominates the dataset.

e A variety of patient voices are heard, including those with positive, neutral, and negative sentiments.
5. Inclusion and Exclusion Criteria

Inclusion Criteria:

e Reviews written by patients or their family members.

e Reviews from the last 2—3 years to ensure relevance.

o Reviews with at least one complete sentence for meaningful sentiment analysis.

Exclusion Criteria:

o Duplicate reviews across platforms.

e Reviews that are too short (e.g., only "good" or "bad") without context.

e Spam, promotional content, or irrelevant comments.

Chapter 3: Data Analysis and Interpretation
In this chapter, we present the analytical framework and interpretation process used to extract meaningful
insights from patient reviews of Apollo Hospitals. The data analysis was conducted using Natural
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Language Processing (NLP) techniques combined with basic visualization tools. The process involved
three key stages: data preparation, analytical tools and methods, and interpretation of results.

1. Data Preparation

Before any sentiment or thematic analysis could be conducted, the raw data collected from online
platforms needed to be cleaned and structured for processing. The data preparation phase involved the
following steps:

a. Cleaning

All HTML tags, special characters, emojis, numbers, and URLs were removed from the text.
Reviews written in non-English languages were translated or excluded to maintain consistency.

Duplicate or spam entries were filtered out to avoid data bias.

b. Stop-Word Removal

Commonly used words that do not contribute to sentiment (e.g., "the", "is", "and", "at") were removed
using predefined stop-word lists from NLTK (Natural Language Toolkit).

This step ensured that only meaningful words remained for sentiment scoring and word frequency

analysis.
. Tokenization
Each review was broken down into individual words or tokens.
Tokenization enabled further text processing like lemmatization, part-of-speech tagging, and sentiment
classification.

(]

2. Tools Used

To conduct the analysis, the following tools and technologies were employed:

a. Python

Python was the primary programming language used due to its rich NLP ecosystem. Key libraries used

include:

e NLTK (Natural Language Toolkit): Used for text preprocessing, stop-word removal, and basic
sentiment scoring.

o TextBlob: Simplifies text processing and provides polarity and subjectivity scores for each review.

e VADER (Valence Aware Dictionary for sentiment reasoning): A rule-based model designed for
social media and short text sentiment analysis. It returns compound sentiment scores that are highly
effective for review analysis.

b. Excel
Microsoft Excel was used for:

o Generating charts and graphs to visualize sentiment distribution.

e Creating dashboards that show department-wise or location-wise sentiment summaries.

o Basic pivot table analysis to support manual thematic coding.

3. Methods of Analysis

The following methods were used to analyze and interpret the cleaned dataset:
a. Sentiment Polarity Scoring

Each review was assigned a polarity score using TextBlob and VADER:

o Positive reviews: Sentiment score > 0

e Neutral reviews: Sentiment score =~ ()
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o Negative reviews: Sentiment score <0

This scoring system helped classify the reviews into three sentiment categories:

o Positive (e.g., "Doctors were excellent and caring")

o Negative (e.g., "Very poor billing service")

e Neutral (e.g., "Visited for a routine check-up")

The overall distribution of sentiment helped quantify general patient satisfaction levels across departments
and locations.

b. Word Cloud Visualization

A word cloud was generated from the entire review dataset to identify the most frequently used terms.
This helped highlight common themes and patient focus areas. Some frequently occurring terms included:
e “Doctor”, “staff”, “waiting”, “treatment”, *
Word clouds were also created separately for positive and negative reviews to compare the context and
tone of patient feedback.

c. Thematic Coding for Complaint Areas

To identify specific service improvement areas, a manual thematic coding process was applied to
negative reviews. Themes were coded based on the most common complaints, including:

99 ¢¢

service”, “cleanliness”, “billing”

o Long waiting times

e Rude or inattentive staff

o Billing issues and overcharging

o Lack of cleanliness in certain facilities

e Delayed treatment or misdiagnosis

These themes were tabulated and analyzed by department and hospital branch to pinpoint high-priority
areas for intervention.

4. Interpretation of Results

Based on the sentiment scoring and thematic analysis:

* A majority of reviews (approx. 65-70%) were positive, indicating overall satisfaction with Apollo’s
healthcare services.

o Negative reviews (20-25%) frequently pointed to operational inefficiencies rather than medical
quality—especially billing delays and staff behavior.

e Neutral reviews (5-10%) were mostly informative, reporting procedures or timelines without
emotional tone.

Department-specific insights revealed:

o High praise for doctors and treatment quality in specialties like cardiology and oncology.

e Frequent complaints about waiting time in emergency services and outpatient departments.

e Mixed feedback in billing and administration, highlighting the need for better communication and
process transparency.

Discussion of Findings

The analysis of 15 0 online patient reviews collected from Apollo Hospitals’ branches across metro cities
in India yielded valuable insights into patient sentiment, satisfaction drivers, and service improvement
areas. By applying Natural Language Processing (NLP) tools such as VADER and TextBlob, and
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visualizing the results through word clouds and thematic coding, this study provided a balanced overview
of how patients perceive the healthcare services offered by Apollo.

1. Overall Sentiment Distribution

The sentiment polarity scoring revealed the following distribution among the 500 reviews analyzed:

e 62% Positive Reviews

e 24% Negative Reviews

e 14% Neutral Reviews

This indicates that a majority of patients had a favorable experience, reflecting well on Apollo’s
reputation for clinical excellence and hospital infrastructure. However, the 24% of negative reviews cannot
be overlooked, as they provide critical feedback on service-related issues that impact patient satisfaction
and hospital performance.

2. Positive Sentiment Insights

The word cloud and sentiment analysis revealed the most common positive keywords as:

e “Friendly staff”

“Clean” or “cleanliness”

“Prompt service”

“Caring doctors”

e “Good treatment”

These keywords suggest that interpersonal interactions and hygiene standards are key drivers of
satisfaction. Patients frequently expressed appreciation for:

e The professionalism and compassion of doctors and nurses.

o Well-maintained facilities and cleanliness, especially in outpatient and ICU wards.

e Quick diagnostics and organized scheduling, especially in premium branches.

Positive feedback was particularly strong in departments like cardiology, maternity care, and oncology,
where patients highlighted excellent medical care and attention from specialists.

3. Negative Sentiment Insights

Among the 24% of reviews categorized as negative, the analysis revealed frequent negative keywords,
including:

o  “Waiting time”

“Billing issues”

“Rude reception”

“Unhelpful staff”

“Delayed discharge”

These findings show that operational inefficiencies—rather than the quality of medical treatment—are
the most common sources of dissatisfaction. Specific patterns identified include:

o Long waiting times at diagnostic centers and pharmacy counters.

o Lack of clear communication in billing processes, leading to confusion over charges.

o Unprofessional behavior at front-desk or reception areas, especially in peak hours.

Patients also noted poor follow-up procedures and occasional indifference in administrative handling,
suggesting a need for better staff training and workflow management.

4. Neutral Reviews
Neutral reviews comprised 14% of the dataset and typically lacked emotional tone. These reviews:
e Provided procedural information (e.g., “Visited for blood test,” “Admitted for surgery and discharged
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in two days”).

o Were useful in establishing service timelines but lacked evaluative content.

e Often served as factual logs, neither praising nor criticizing the experience.

Though less impactful in tone, neutral reviews helped in verifying the context of thematic concerns and

understanding average patient pathways.

5. Cross-Departmental and Location Insights

Stratified analysis showed that:

e Reception and billing counters were consistently criticized across almost all branches, regardless of
city.

o Emergency services had more negative feedback due to high patient load and perceived delay in
response time.

o Specialty departments like cardiology and oncology received mostly positive sentiment due to
focused care and attention from highly experienced doctors.

Chapter 4: Limitations

While the study on sentiment analysis of patient reviews offers valuable insights into the perception of

healthcare services at Apollo Hospitals, it is essential to recognize the inherent limitations that may affect

the generalizability and accuracy of the findings. These limitations stem from the nature of the data source,
the technology used for analysis, and the scope of the research design.

1. Sample Limited to Online Reviewers

The primary dataset used in this research comprises online patient reviews collected from platforms such

as Apollo’s official website, Google Reviews, and health-related forums. While these reviews are rich in

qualitative information, the sample is inherently self-selecting and non-representative of the entire
patient population.

Key Concerns:

e Online feedback often comes from patients with strong positive or negative experiences, while
those with neutral or average experiences may not feel compelled to post a review.

o Elderly or rural patients—a significant demographic for Apollo—may not participate in online
review platforms, leading to urban and tech-savvy user bias.

o This limits the representativeness of the data and may skew results toward more vocal or digitally
active patients.

2. NLP Limitations: Sarcasm and Cultural Nuance

Although Natural Language Processing tools such as TextBlob and VADER are highly effective for basic

sentiment classification, they struggle with understanding:

e Sarcasm: Statements like “Great service—waited only three hours to see the doctor” may be
misclassified as positive due to the presence of keywords like “great”.

o Culturally nuanced language: Certain words or expressions used by Indian patients (e.g., “timepass
doctor” or “too much attitude”) may not be recognized accurately by pre-trained models built on
Western datasets.

e Code-mixing: In India, it is common for reviews to mix languages (e.g., English and Hindi), which
affects tokenization and sentiment scoring.

As a result, some reviews may be misinterpreted, reducing the reliability of sentiment labels assigned

by the algorithm.
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3. Lack of Demographic Segmentation

Another key limitation of the study is the absence of demographic data such as:

o Age

e Gender

e Socioeconomic background

o Type of patient (in-patient vs. out-patient)

o Nature of illness or treatment received

Without demographic segmentation, it is difficult to understand how different patient groups experience

care at Apollo Hospitals. For example, senior citizens might prioritize waiting time and staff politeness,

while younger patients might focus on digital support and modern equipment. These nuances remain

unaddressed in this study.

Additionally, the absence of demographic context prevents cross-comparative analysis, which could

otherwise inform targeted service improvements for specific patient segments.

4. Temporal Scope

The reviews collected span across a certain recent timeframe (e.g., the last 2—-3 years), which may:

o Exclude feedback related to recent policy or management changes at Apollo Hospitals.

e Miss shifts in patient sentiment during extraordinary circumstances like the COVID-19 pandemic,
which significantly affected healthcare perception.

Thus, the findings may not fully reflect evolving service standards or temporary operational

disruptions.

5. Manual Thematic Coding Subjectivity

While manual thematic coding of complaints allowed for deeper qualitative analysis, it introduced an

element of researcher subjectivity. Despite efforts to remain objective, theme categorization and

interpretation can be influenced by:

e Pre-existing assumptions

o Inconsistent application of coding rules

o Lack of inter-coder reliability in single-person analyses

This affects the consistency and replicability of thematic results.

Chapter 5: Conclusions and Recommendation

Conclusion

This study used sentiment analysis to understand what patients think about the healthcare services at
Apollo Hospitals by looking at their online reviews. The results gave us some important insights into how
patients feel about their experiences.

First, sentiment analysis showed that most patients shared positive feedback, which means they were
clean,” and “prompt service”

29 ¢

generally happy with the care they received. Words like “friendly staff,
came up often in positive reviews. This tells us that patients really appreciate good communication and a
clean, well-organized hospital environment.

However, the study also found that operational factors—things like how long patients have to wait, how
clear the hospital staff is in explaining things, and how empathetic or caring the staff members are—play
a bigger role in shaping patient feelings than the actual medical treatment or clinical outcomes. For
example, even if the doctors provide excellent care, patients might still feel unhappy if they face long
waiting times or if the reception staff is rude.
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In simple terms, patients don’t just care about getting better—they also care a lot about how they are
treated during their visit. Things like quick service, polite staff, and clear communication are just as
important as the treatment itself.

So, the main takeaway is that Apollo Hospitals should continue to focus on maintaining high-quality
medical care, but they also need to improve their operational services—Ilike reducing wait times,
improving billing transparency, and training staff to be more empathetic. These changes can help make
patients feel better about their overall experience and improve satisfaction even more.

Overall, this study proves that analyzing patient reviews with tools like sentiment analysis can give
hospitals useful feedback to improve both medical care and the patient experience.

Recommendation

Recommendations

Based on the study’s findings, here are some simple and practical suggestions to help Apollo Hospitals

improve patient experience:

1. Train the Staff in Patient Communication: It’s important that hospital staff not only do their jobs
well but also treat patients kindly and clearly explain what’s happening. Training programs can teach
staff how to listen better, show empathy, and communicate in a friendly way. This will help patients
feel more comfortable and cared for during their visit.

2. Set Up Real-Time Feedback Kiosks: Hospitals can put feedback kiosks or tablets in waiting areas
where patients can quickly share their opinions or complaints right after their visit. This helps the
hospital catch any problems immediately and fix them faster, rather than waiting for online reviews
that come much later.

3. Use Al Dashboards to Monitor Feedback: Apollo Hospitals can use smart computer systems (Al
dashboards) that collect and analyze patient feedback continuously. These dashboards can show real-
time updates on how patients are feeling, which helps hospital managers keep track of issues and
improvements without delay. This way, they can make quick decisions to improve services.

In short, by training staff, getting instant patient feedback, and using Al tools to watch over patient

opinions, Apollo Hospitals can provide better care and make patients happier.
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