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Abstract

Patient satisfaction is an important indicator in assessing the quality of hospital services and the success of the implementation of patient-centered
care. Along with the development of digital technology, patients are increasingly expressing their experiences and perceptions through free texts on
online platforms and social media. This condition opens up opportunities to use sentiment analysis as an alternative approach to evaluate the quality
of health services more comprehensively and in real time. This study aims to systematically examine the use of the sentiment analysis method in
assessing patient experience and satisfaction in health services. The method used is a systematic review with reference to the PRISMA 2020 guidelines.
A literature search was conducted on the Scopus database for the period 2020-2025 and yielded 30 articles that met the inclusion criteria. The results
of the study show that there is a significant methodological development from a lexicon-based approach towards machine learning, deep learning, and
Large Language Models (LLMs). Thematically, patients' positive sentiments are mainly influenced by the quality of communication, empathy of
healthcare workers, and interpersonal interactions, while negative sentiments are dominated by non-clinical factors such as wait times, administrative
processes, and facilities. The conclusion of this study confirms that sentiment analysis is an effective and potential tool to support service quality
evaluation, managerial decision-making, and strengthen patient-centered care approaches, although clinical validation and more contextual model
development are still needed.
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Introduction 2024). Consequently, measuring patient satisfaction
plays a strategic role in healthcare quality

Patient satisfaction has long been recognized as a improvement initiatives, hospital accreditation, and
critical indicator of hospital service quality and policy formulation. Hospitals that effectively monitor
overall healthcare performance. As healthcare and respond to patient feedback are more likely to
systems increasingly emphasize value-based care, enhance service quality, strengthen public trust, and
patient satisfaction is no longer viewed merely as an ~ maintain long-term sustainability.

outcome of service delivery, but as an integral

component of quality assessment and continuous Despite its importance, accurately assessing hospital
improvement. High levels of patient satisfaction are ~ Service quality and patient satisfaction remains a
associated with better clinical outcomes, improved ~Significant challenge. Traditional approaches to
patient adherence to treatment, reduced complaints, ~Mmeasurement largely rely on structured surveys and
and enhanced trust between patients and healthcare questionnaires, such as patient satisfaction surveys
providers (AlOmari & Hamid, 2022). Moreover, OF standardized instruments like the Hospital
patient satisfaction directly influences hospital ~Consumer Assessment of Healthcare Providers and
reputation, public perception, and competitiveness, ~Systems (HCAHPS) (Mercier et al, 2021). While these

particularly in an era where patients have greater tools provide valuable quantitative insights, they
freedom to choose healthcare providers. have notable limitations. Survey-based methods are

often conducted periodically rather than in real time,
In the context of patient-centered care, involve relatively small and selective respondent
understanding patients’ experiences and perceptions  8roups, and are susceptible to response bias, recall
is essential. Patient-centered care prioritizes bias, and social desirability bias (Velykoivanenko et
individual needs, preferences, and values, ensuring al, 2024). In addition, designing, administering, and
that patients’ voices are actively incorporated into analyzing surveys can be time-consuming and costly,
healthcare decision-making processes (Balogun etal, limiting their practicality for continuous monitoring
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of service quality.

In recent years, patient behavior has shifted
significantly in the digital era. Patients increasingly
express their opinions, emotions, and experiences
through online platforms such as Google Reviews,
Twitter (X), Facebook, healthcare forums, and other
social media channels. These online reviews and
user-generated content represent rich sources of
unsolicited, spontaneous, and natural patient
feedback. Unlike structured surveys, online reviews
capture patients’ authentic perceptions of hospital
services, including staff behavior, waiting times,
facilities, communication quality, and overall care
experiences. However, the sheer volume,
unstructured nature, and linguistic variability of such
textual data make manual analysis impractical and
inefficient.

To address these challenges, sentiment analysis has
emerged as a promising methodological approach.
Sentiment analysis is a Natural Language Processing
(NLP) technique used to automatically identify and
classify opinions expressed in textual data as positive,
negative, or neutral (Khaiser et al, 2023). By
leveraging machine learning and linguistic
algorithms, sentiment analysis enables rapid and
scalable analysis of large volumes of patient-
generated text data. This technique has been
increasingly applied to assess patient satisfaction,
evaluate service quality, analyze patient experiences,
and examine public perceptions of healthcare
institutions.

The application of sentiment analysis in hospital
service evaluation offers significant advantages for
healthcare management and quality improvement. It
allows hospital administrators to monitor patient
feedback in near real time, identify emerging issues,
and detect patterns of dissatisfaction that may not be
captured through traditional surveys. Furthermore,
insights derived from sentiment analysis can support
evidence-based decision-making, guide service
redesign, enhance patient-centered care strategies,
and ultimately improve the overall quality of hospital
services.

Methods

This study employed a systematic review approach to
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examine the application of sentiment analysis
methods in evaluating patient experiences and
satisfaction within healthcare services. The review
process was conducted in a structured and
transparent manner in accordance with the Preferred
Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) 2020 guidelines, ensuring
methodological transparency, reproducibility, and
scientific validity. All stages of the literature search,
study selection, eligibility assessment, and final
inclusion were summarized using a PRISMA flow
diagram.

The literature search was conducted in August 2025
using the Watase UAKE scientific database, which is
integrated with the Scopus database. The search was
performed using the primary keyword “Patient
Sentiments”, with publication years restricted to
2020-2025. This time frame was selected to capture
the most recent developments in patient sentiment
analysis research, particularly in light of rapid
advances in Natural Language Processing (NLP),
machine learning, deep learning, and Large Language
Models (LLMs). Only articles published in reputable
peer-reviewed journals, spanning quartiles Q1 to Q4,
were considered.

The initial search yielded 114 articles deemed
potentially relevant based on keyword matching and
available metadata.

During the identification stage, duplicate records,
articles that did not meet the publication year
criteria, and records with administrative or indexing
issues were excluded. Following this step, 78 articles
remained for the screening phase.

The screening stage involved a review of titles and
abstracts to assess alignment with the study focus,
namely the use of sentiment analysis to evaluate
patient experiences within healthcare contexts. At
this stage, 24 articles were excluded because they
were not related to the healthcare domain, did not
adopt a patient-centered perspective, or did not
employ sentiment analysis techniques. Consequently,
54 articles were deemed eligible for full-text review.

The full-text review stage involved a comprehensive
assessment of the remaining 54 articles to evaluate
methodological rigor and the availability of
systematically extractable information. Eligibility
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assessment focused on the clarity of sentiment
analysis methodology, the presence of empirical data,
and the relevance of findings to the study objectives.
At this stage, 15 articles were excluded for the
following reasons:

1. Insufficient description of sentiment analysis
methods;

2. Absence of analyzable empirical results;

3. Lack of direct relevance to patient experience
or satisfaction; and

4. Incomplete methodological information that
hindered consistent data extraction.

Accordingly, 39 articles were deemed to meet the
initial eligibility criteria.

To broaden the scope of the review and enrich the
analytical perspective, additional relevant studies
were identified from sources outside the Watase
UAKE scientific database, applying the same
publication period and journal quality -criteria.
Following the consolidation and re-verification
process, a total of 30 articles were considered at the
final inclusion stage.

These 30 articles were subsequently designated as
the included studies in this systematic review. All
included studies provided sufficient and consistent
methodological information to allow systematic data
extraction, encompassing:

employed; and
6. Key research findings.

Data from the 30 included studies were analyzed
qualitatively using a narrative synthesis approach.
The analysis focused on identifying methodological
trends, comparing sentiment analysis approaches
(lexicon-based, machine learning, deep learning, and
Large Language Model-based methods), and
examining the implications of the findings for
evaluating patient experience and satisfaction in
healthcare services. This approach enabled a
comprehensive understanding of the evolution and
contribution of sentiment analysis in supporting
healthcare quality improvement and patient-
centered care.

PRISMA 2020 flow diagram for new systematic reviews which included searches of databases and registers only
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Based on the 30 included studies, patient sentiment
analysis in the healthcare domain demonstrates
substantial advancement in terms of methodological
approaches, data sources, and applied objectives.
Temporally, the reviewed studies span the period
2020-2025, with a marked increase in publication
intensity in recent years, coinciding with rapid
progress in Natural Language Processing (NLP), deep
learning, and Large Language Models (LLMs). These
studies originate from diverse geographical and
cultural contexts, including the Americas, Europe,
Asia, and the Middle East, indicating that patient
sentiment analysis has evolved into a globally
adopted approach for evaluating healthcare
experiences and service quality (Rahim et al., 2021;
Tang et al,, 2023; Guerrero et al., 2022; El-Badaoui et
al,, 2025).

All reviewed studies consistently utilized free-text
data as the primary source of analysis. Such data were
derived from a wide range of channels, including
patient reviews on online platforms and hospital
social media, patient experience surveys, comments
on physician rating websites, as well as electronic
health records and nursing notes. This diversity of
data sources reflects a paradigm shift in healthcare
service evaluation—from reliance on structured
survey instruments toward the utilization of
spontaneous, contextualized, and semantically rich
patient narratives (Nawab et al, 2020; Juan et al,
2022; Khanbhai et al., 2022). These findings reinforce
the view that free-text data can capture nuanced
dimensions of patient experience that are often
overlooked by conventional quantitative
instruments.

From a data processing perspective, most studies
reported the implementation of preprocessing
procedures prior to sentiment analysis. These
procedures typically included text cleaning to remove
non-alphabetic characters, case normalization,
punctuation removal, and language-specific linguistic
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adjustments. Although preprocessing steps were not
always reported in a standardized manner, their
application was widely regarded as essential for
improving the consistency and quality of textual
representations, particularly when dealing with
unstructured data from social media and online
comments (Rahim et al,, 2021; Khaleghparast et al,,
2023).

At the stage of feature extraction and text
representation, a variety of approaches were
observed, reflecting the methodological evolution of
the field. Early and medium-scale studies
predominantly employed traditional techniques such
as Bag of Words and TF-IDF, which proved effective
for datasets with limited complexity (Rahim et al,,
2021; Khanbhai et al., 2022). Subsequent research
increasingly adopted word embedding techniques—
including GloVe, FastText, and PubMed+PMC—to
capture richer semantic relationships within medical
texts (Guerrero et al, 2022). More recent studies
demonstrate a clear shift toward contextual
representations based on Transformer architectures
and LLMs, particularly in research focusing on
Aspect-Based Sentiment  Analysis (ABSA),
multilingual analysis, and integration with clinical
taxonomies such as ICD-11 (Li et al., 2025; AlNasser
& AlMuhaideb, 2024).

From the perspective of analytical methods, the
approaches employed across the 30 studies can be
categorized into several main groups: lexicon-based
analysis, classical machine learning, hybrid
approaches, deep learning, topic modeling, and LLM-
based methods. Lexicon-based techniques—such as
VADER, NRC, AFINN, and Bing—were primarily
applied in exploratory studies or those involving
relatively small datasets (Tang et al., 2023; Juan et al,,
2022). In contrast, classical machine learning
algorithms, including Support Vector Machine (SVM),
Naive Bayes, and Logistic Regression, were widely
used for sentiment classification and demonstrated
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satisfactory performance within healthcare contexts
(Rahim et al,, 2021; Khanbhai et al.,, 2022).

Hybrid approaches combining lexicon-based features
with machine learning models consistently
outperformed single-method approaches,
particularly in addressing linguistic variability and
class imbalance (Khaleghparast et al, 2023).
Furthermore, deep learning architectures—such as
CNN, LSTM, GRU, and BiGRU-MCCNN—exhibited
superior performance in detecting complex emotions
and sentiment patterns, especially when paired with
domain-specific medical embeddings (Guerrero et al.,
2022). These findings underscore the importance of
aligning model complexity with data characteristics
and analytical objectives.

Thematically, all studies demonstrated that
sentiment analysis is effective in identifying patient
perceptions, satisfaction levels, and emotional
responses to healthcare services. Cross-study
synthesis revealed relatively consistent patterns
regarding factors influencing patient sentiment.
Positive sentiment was commonly associated with
effective communication between healthcare
professionals and patients, empathetic attitudes,
clarity of information, and interpersonal interactions
that respect patients as active participants in care
(Rahim et al,, 2021; Chatzimina et al., 2025; Tang et
al,, 2023). Conversely, negative sentiment was most
frequently triggered by long waiting times, limited
service availability, administrative barriers, and
insufficient information during care processes
(Nawab et al., 2020; Khanbhai et al., 2022; Dai et al,,
2024).

Notably, multiple studies emphasized that non-
clinical experiences make a substantial contribution
to patient sentiment, often exerting a stronger
influence than clinical aspects alone. Factors such as
facility cleanliness, hospital environment, noise
levels, ease of registration and discharge procedures,
and service costs consistently emerged as key
determinants of patient sentiment (Tang et al., 2023;
Chen et al,, 2024; Dai et al,, 2024). These findings
suggest that patients perceive healthcare quality
holistically, extending beyond clinical outcomes.

Another significant development identified in this
synthesis is the expansion of sentiment analysis from
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a purely evaluative tool to a predictive and clinically
relevant instrument. Sheng and Zheng (2025)
demonstrated that negative sentiment expressed in
nursing notes is associated with increased mortality
risk, highlighting the potential of sentiment analysis
as an early warning system in clinical care. This
finding aligns with the probabilistic modeling
approach proposed by Murray et al. (2025), which
revealed that clinical narratives contain latent,
clinically meaningful emotional information.

In addition, studies focusing on chronic diseases,
pharmacovigilance, and drug reviews showed that
sentiment analysis can detect complaint patterns and
adverse drug effects more rapidly than traditional
reporting systems (El-Badaoui et al, 2025; Al-
Hadhrami et al., 2024; Sorayaie Azar et al., 2024).
These results reinforce the potential of sentiment
analysis as a supportive tool for clinical decision-
making and drug regulation, although challenges
related to subjectivity and data irregularity remain.

Approaches integrating topic modeling and
conversational analysis further demonstrated that
sentiment cannot be interpreted independently of
topical context. Studies by Chatzimina et al. (2025)
and Walsh et al. (2024) indicated that negative
sentiment does not necessarily reflect dissatisfaction
with services, but may instead represent severe
clinical conditions or emotional burden.
Consequently, integrating topic modeling with
sentiment analysis is crucial for maintaining
contextual and ethical interpretation.

At the same time, the use of LLMs and Transformer-
based models presents both opportunities and
challenges. Studies by Li et al. (2025) and Alkhnbashi
et al. (2024) showed that LLMs improve the accuracy
of  aspect-level  analysis and contextual
understanding, including in Arabic-language and
specialized medical domains. However, Kornblith et
al. (2025) cautioned against risks of algorithmic bias
and hallucination, particularly in sensitive contexts
such as medical ethics and informed consent. This
underscores the necessity of expert validation in the
application of LLMs within healthcare.

Overall, the synthesis of these 30 studies
demonstrates that free-text-based sentiment
analysis has evolved from an exploratory technique
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into a strategic tool for healthcare service evaluation,
clinical monitoring, pharmacovigilance, and health
policy formulation. Nevertheless, key challenges
persist, including linguistic and cultural bias, dataset
imbalance, limited cross-context generalizability, and
the need to integrate advanced models with clinical
verification. Addressing these challenges will enable
sentiment analysis to more effectively strengthen
patient-centered care and support evidence-based
decision-making in the healthcare sector.

Discussion

The findings of this systematic review demonstrate a
clear and progressive methodological evolution in
patient sentiment analysis within the healthcare
domain. This evolution spans from relatively simple
lexicon-based approaches to machine learning,
hybrid methods, deep learning, and, more recently,
the adoption of Large Language Models (LLMs). This
shift reflects a growing need to capture patient
narratives that are increasingly complex, contextual,
and multidimensional, particularly as digital
platforms have become a dominant medium through
which patients express their healthcare experiences.

Studies employing lexicon-based approaches tend to
emphasize their advantages in terms of efficiency and
ease of implementation. These methods do not
require data training or annotation, making them
relatively straightforward to apply to small- to
medium-sized datasets (Tang et al., 2023; Fan et al,,
2022; Juan et al,, 2022). Consequently, lexicon-based
techniques have been widely used in early
exploratory research to obtain an initial overview of
patient sentiment toward healthcare services.
However, their limited ability to capture linguistic
context, irony, metaphor, and the emotional
complexity of patient expressions represents a major
drawback, particularly in the healthcare domain,
which is characterized by technical terminology and
emotionally ambiguous language.

The application of machine learning methods has
demonstrated a notable improvement in
performance  compared  with  lexicon-based
approaches, especially when applied to larger and
more heterogeneous datasets. Several studies
reported that Support Vector Machine (SVM) is
among the most stable and consistent algorithms for
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sentiment classification in medical text (Rahim et al,,
2021; Khanbhai et al., 2022). This observation is
further supported by Zhang et al. (2025), who
showed that SVM exhibits strong discriminative
power and generalization ability across repeated
evaluations on healthcare text data. The strength of
SVM lies in its ability to handle high-dimensional
feature spaces and construct optimal decision
boundaries, making it a reliable choice for patient
sentiment analysis in small- to medium-scale studies.

Subsequently, hybrid approaches combining lexicon-
based features with machine learning algorithms

have  shown even  greater  performance
improvements. Khaleghparast et al. (2023)
demonstrated that integrating lexicon-derived

features with machine learning models resulted in
substantial gains in classification accuracy and F1-
score. This finding aligns with Sham and Mohamed
(2022), who argued that hybrid approaches
effectively leverage the complementary strengths of
both methods—namely, the interpretability of
lexicons and the predictive power of machine
learning. These results indicate a methodological
trend toward more integrative and adaptive
approaches in interpreting patient sentiment.

The most prominent methodological advancement is
reflected in the increasing use of deep learning
techniques, particularly in studies involving large and
complex datasets. Guerrero et al. (2022) showed that
the BiGRU-MCCNN model outperformed traditional
approaches not only in terms of accuracy but also in
its stability when detecting infrequent emotional
expressions. This capability is highly relevant in
healthcare contexts, where subtle emotions such as
anxiety, fear, or frustration may carry significant
clinical implications. These findings are consistent
with Guo (2021), who reported exceptionally high
accuracy in human emotion detection using deep
learning models applied to large-scale textual data.
Collectively, these results confirm that deep learning
models are better equipped to handle the complexity
of natural language and the diversity of patient
emotions compared with conventional methods.

In more recent studies, the use of Transformer
architectures and LLMs has become increasingly
prominent, particularly in the context of Aspect-
Based Sentiment Analysis (ABSA), multilingual
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analysis, and integration with clinical terminology. Li
etal. (2025) demonstrated that LLMs combined with
ICD-11-based classification can identify patient
dissatisfaction aspects in a more detailed and
systematic manner. Similar conclusions were
reported by AlNasser and AlMuhaideb (2024),
Mohammad et al. (2024), and Alkhnbashi et al.
(2024), all of whom highlighted the superior
capability of Transformer-based and LLM
approaches in understanding linguistic context,
especially in Arabic-language and complex medical
domains. Nevertheless, Kornblith et al. (2025)
cautioned against the risks of algorithmic bias and
hallucination associated with LLMs, particularly in
sensitive contexts such as medical ethics and
informed consent. This underscores the critical
importance of expert validation in the application of
LLMs in healthcare settings.

From a thematic perspective, the synthesis reveals
strong consistency regarding the factors influencing
patient  sentiment.  Positive  sentiment s
predominantly driven by the quality of interpersonal
interactions between healthcare professionals and
patients, including clear communication, empathy,
friendliness, and respect for patients as individuals
(Tang et al., 2023; Fan et al,, 2022; Chatzimina et al,,
2025). Effective interpersonal communication
fosters a sense of safety, trust, and understanding,
which patients subsequently express through
positive sentiment. Non-verbal elements such as tone
of voice, eye contact, and body language further shape
patients’ emotional perceptions and contribute to
their overall care experience (Heyn et al., 2022).

In contrast, negative sentiment is more frequently
associated with non-clinical factors, such as facility
cleanliness, noise levels, long waiting times, service
costs, and administrative and discharge procedures
(Nawab etal., 2020; Dai etal., 2024; Chen et al., 2024).
These findings indicate that patient perceptions of
healthcare quality are holistic and not solely
determined by clinical outcomes. Neglecting non-
clinical aspects may significantly undermine patient
satisfaction, even when the quality of medical
treatment itself is high.

The practical implications of this systematic review

are particularly relevant for hospital management
and policymakers. Sentiment analysis enables near

Perinatal Journal

real-time monitoring of patient satisfaction by
leveraging reviews distributed across multiple digital
platforms. By systematically analyzing this data,
healthcare institutions can detect declines in service
quality at an early stage, design more proactive
interventions, and mitigate potential reputational
damage (Pandey et al, 2023; Yuan et al, 2025).
Moreover, several studies indicate that sentiment
analysis can be extended beyond evaluation toward
predictive applications, such as monitoring clinical
risk and patient mortality (Sheng & Zheng, 2025;
Murray et al., 2025), thereby opening opportunities
for integration into clinical decision support systems.

Despite these advantages, this review also identifies
several persistent methodological challenges. Most
studies rely on single data sources and relatively
small datasets, increasing susceptibility to selection
bias and limited generalizability (Guerrero et al,
2022; Khanbhai et al,, 2022; Tang et al., 2023; Rahim
et al.,, 2021). Additionally, sentiment class imbalance
is a commonly reported issue that can adversely
affect model performance (Khaleghparast et al,
2023). Juan et al. (2022) further highlighted the lack
of suitable benchmark datasets due to the relative
novelty of this research area.

Accordingly, future research is encouraged to utilize
multi-source and multilingual datasets, apply
techniques for handling imbalanced data such as
down-sampling, up-sampling, and synthetic data
generation, and develop sentiment analysis models
that are more adaptive and clinically validated.
Integrating advanced approaches such as deep
learning and LLMs with clinical domain expertise is
essential to ensure that sentiment analysis is not only
technically accurate but also meaningful, ethical, and
actionable within healthcare practice.

Limitations and research gaps

Although research on patient sentiment analysis in
healthcare has expanded rapidly over the past five
years, existing studies continue to exhibit several
methodological and conceptual limitations that give
rise to important research gaps requiring further
investigation.

First, the majority of studies still rely heavily on
online review data, such as Google Reviews, Twitter,
or healthcare forums (El-Badaoui, 2021; Azarpey,
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2020; Li, 2021; Yuan, 2022). These data sources are
inherently voluntary, non-standardized, and biased
toward extreme experiences—either highly positive
or highly negative. Consequently, such reliance
introduces selection bias and representativeness
bias, which limit the generalizability of findings to the
broader patient population. Only a limited number of
studies have integrated public online reviews with
Patient-Reported Experience Measures (PREMs) or
structured clinical records, resulting in an incomplete
and non-holistic representation of patient sentiment.

Second, most sentiment analysis models currently
employed—including  Aspect-Based  Sentiment
Analysis (ABSA) and topic modeling—remain
insufficient for capturing deep clinical context,
particularly in relation to irony, ambiguity, and
emotionally nuanced patient language. Although
recent Transformer-based models and LLMs have
demonstrated improvements in  contextual
understanding (Al-Hadhrami, 2023; AlNasser, 2022),
numerous studies caution that algorithmic bias and
limited domain adaptation may lead to
misinterpretation of sensitive medical language. This
gap highlights the need to develop clinically validated
LLMs, specifically tailored to the healthcare domain
and systematically tested across cultural and
linguistic contexts.

Third, several studies that utilize sentiment data for
clinical prediction, such as mortality or prognosis
assessment (Sheng & Zheng, 2021), demonstrate
considerable potential but remain constrained by
data drawn predominantly from single institutions or
isolated electronic health record systems. This
limitation raises concerns regarding external validity.
A significant research gap persists in determining
how sentiment analysis can be safely, standardly, and
interoperably integrated into early warning systems
or clinical decision support systems (CDSSs).

Fourth, while some studies have addressed
pharmacovigilance and the detection of adverse drug
reactions (Sorayaie Azar, 2022; Al-Hadhrami, 2023),
most research continues to focus on general patient
perceptions rather than applying sentiment analysis
to specific clinical evaluations, such as chronic
disease management, inpatient care experiences, or
emergency services. This indicates a substantial
research gap in high-risk and clinically sensitive
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settings, where patient sentiment may carry critical
implications.

Fifth, there remains a scarcity of research examining
the influence of social, cultural, and psychological
factors on sentiment expression, particularly in
contexts such as mental health, traumatic
experiences, or invasive medical procedures (Nichini,
2021; Kornblith, 2022). Most existing models
implicitly assume that sentiment expression is
universal, despite strong evidence that emotional
expression is deeply shaped by cultural background
and individual experiences. This gap underscores the
need for interdisciplinary approaches that integrate
healthcare research with linguistics and psychology.

Finally, there is a notable lack of studies investigating
how sentiment analysis results are operationally
utilized by hospitals or regulators to drive tangible
service improvements. Most existing research
remains descriptive or exploratory, rather than
evaluative or interventional. This gap raises a critical
question: how can sentiment analysis be effectively

translated into operational policies, hospital
standard operating procedures (SOPs), clinical
communication interventions, or tangible

improvements in queue management and service
delivery systems?

Conclusion

This review demonstrates that patient sentiment
analysis has evolved into an increasingly strategic
approach for evaluating service quality and patient
experience in healthcare. Based on the synthesis of 30
included studies and supporting literature, it can be
concluded that the use of free-text data derived from
online reviews, social media, surveys, and clinical
records is capable of revealing patient perceptions,
satisfaction, and emotional responses that are not
consistently captured by structured survey
instruments. Cross-study findings consistently
indicate that non-clinical factors—such as waiting
time, communication with healthcare professionals,
facility cleanliness, and the ease of administrative
processes—exert a significant influence on patient
sentiment, often equaling or exceeding the impact of
certain clinical aspects (Rahim etal., 2021; Tangetal,,
2022; Nawab et al,, 2020).
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From a methodological perspective, the reviewed
studies reveal a clear shift from lexicon-based and
traditional machine learning approaches toward the
adoption of deep learning and Large Language
Models (LLMs) to capture more complex linguistic
and emotional contexts. These advanced approaches
have been shown to improve the accuracy of
sentiment analysis, particularly in medical language
and long-form narrative patient reviews (Al-
Hadhrami et al,, 2024; AlNasser & AlMuhaideb, 2024;
Kornblith et al., 2025). Furthermore, several studies
indicate that patient sentiment functions not only as
an indicator of service perception but also holds
clinical potential, such as predicting mortality risk
and monitoring adverse drug reactions (Sheng &
Zheng, 2025; Sorayaie Azar et al., 2024).

Overall, this review confirms that sentiment analysis
represents a promising data-driven tool for
supporting patient-centered care, healthcare quality
improvement, and evidence-based decision-making.
However, the extent to which its benefits can be fully
realized remains highly dependent on data quality,
the alignment of analytical models with linguistic and
cultural contexts, and the effective integration of
analytical outputs into real-world clinical and
managerial practices.

Based on the findings, limitations, and research gaps
identified in this review, several directions for future
research are recommended. First, future studies
should integrate sentiment data from online reviews
with  Patient-Reported  Experience  Measures
(PREMs), Patient-Reported Outcome Measures
(PROMs), and structured clinical data to generate a
more comprehensive and representative
understanding of patient experience. Such a
multimodal approach has the potential to reduce bias
and enhance external validity.

Second, the development and evaluation of NLP
models—particularly LLMs—should be increasingly
focused on the healthcare domain through clinical
expert validation, cross-cultural testing, and local
language adaptation. Models should not only achieve
high technical accuracy but also meet standards of
clinical safety, ethical accountability, and
interpretability.

Third, future research should expand the application
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of sentiment analysis toward predictive and
preventive functions, including early warning
systems, chronic disease monitoring, and clinical
decision support. Achieving this objective will
require longitudinal study designs, multi-
institutional  datasets, and clearly defined
interoperability frameworks.

Fourth, more in-depth research is needed in high-risk
and sensitive healthcare contexts, such as mental
health services, intensive care, invasive procedures,
and patient trauma experiences. Integrating
sentiment analysis with qualitative and psychosocial
approaches would be particularly valuable in
uncovering the deeper meanings underlying patients’
emotional expressions.

Finally, future research should move beyond
descriptive analyses toward implementative and
interventional studies that evaluate how sentiment
analysis findings are translated into service
improvements, policy formulation, and changes in
clinical practice. In doing so, sentiment analysis can
evolve from a purely analytical technique into a
practical instrument for enhancing the quality,
resilience, and sustainability of healthcare systems
grounded in patient-centered care.
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