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ABSTRACT

Background: With the rapid growth of patient-generated textual reviews, sentiment
analysis has become essential for extracting meaningful insights in the healthcare sec-
tor. However, embedding models, which are typically pre-trained on general-domain
corpora, struggle to capture domain-specific terminology and contextual nuances in
healthcare content accurately. This limitation has led to increasing interest in hybrid
embedding strategies that combine the strengths of multiple representation methods.

Objective: This study aims to improve the performance of Persian healthcare sen-
timent analysis by proposing a hybrid embedding approach capable of more accurately
identifying domain-specific expressions and linguistic ambiguities.

Material and Methods: In this analytical study, a hybrid embedding model in-
tegrating Bidirectional Encoder Representations from Transformers (BERT) and Fre-
quency—Inverse Document Frequency (TF-IDF) representations were developed and
applied to a dataset of Persian healthcare-related comments. Then, the Bidirectional
Gated Recurrent Unit (Bi GRU) algorithm was employed for sentiment classification,
and its performance was subsequently compared with that of other machine learning
and deep learning models.

Results: The proposed hybrid method achieved an accuracy of 83.05%. In com-
parison, models using only BERT and TF-IDF embeddings achieved accuracies of
63.46% and 80%, respectively.

Conclusion: The results highlight the superiority of the proposed hybrid embed-
ding approach in capturing domain-specific vocabulary and resolving ambiguous ex-
pressions within healthcare reviews. The strong performance of the Bi-GRU classifier
further demonstrates the importance of modeling semantic and long-term dependen-
cies to enhance sentiment analysis accuracy in the healthcare domain.
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Introduction

ecent statistics indicate that approximately 5% of all Google

searches are related to healthcare topics, and nearly 90% of users

rust online medical information [1, 2]. Approximately 94% of
patients seek healthcare data online, and 75% consider user comments
highly influential due to their perceived authenticity [3]. Consequent-
ly, sentiment analysis has become an essential tool in healthcare deci-
sion making, as approximately 60% of medical professionals believe
it enhances patient insights and the quality of communication [4, 5].
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Accordingly, researchers increasingly inte-
grated sentiment analysis approaches to ana-
lyze patient experiences and optimize service
delivery. Despite this progress, sentiment
analysis in healthcare faces significant chal-
lenges due to the presence of specialized ter-
minology, complex linguistic structures, and
semantic ambiguity in patients’ opinions.
These difficulties are most evident in the word
embedding stage. Since most embedding
models are pre-trained on general corpora,
such as Wikipedia, they often fail to interpret
medical terminology accurately and overlook
important contextual nuances [6-9]. Such lim-
itations highlight the need for domain-specific
or hybrid embedding approaches tailored to
healthcare contexts.

In response, recent studies have emphasized
hybrid frameworks that combine syntactic and
semantic embeddings to improve text compre-
hension [10-13]. Although these models have
demonstrated strong performance on English
and Arabic healthcare datasets [11-13], their
application to Persian particularly in health-
care sentiment analysis remains limited due
to the language’s rich morphological structure
and the scarcity of annotated datasets [11].

The limited number of studies on Persian
healthcare sentiment analysis dates back to
the work of BokaeeNezhad and Deihimi [14],
who achieved 85% accuracy on Persian CO-
VID-related sentiment analysis using a word
embedding plus Convolutional Neural Net-
work (CNN) approach. Later, Taghizadeh
et al. [15] introduced the Sina Bidirectional
Encoder Representations from Transformers
or SINA-BERT model (a domain specific pre
trained BERT model for Persian medical and
healthcare texts) and demonstrated that it out-
performs Pars-BERT for sentiment analysis
in Persian healthcare. To bridge this gap, the
present analytical computational study devel-
ops a hybrid embedding model that integrates
Term Frequency Inverse Document Frequen-
cy (TF-IDF) and Bidirectional Encoder Rep-
resentations from Transformers (BERT). The

combined embeddings are subsequently fed
into a Bidirectional Gated Recurrent Unit (Bi
GRU) classifier for sentiment prediction. Com-
parative experiments involving BERT only,
TF IDF only, Bidirectional Long Short Term
Memory (Bi LSTM), Support Vector Machine
(SVM), and eXtreme Gradient Boosting (XG-
Boost) models confirm the robustness and ef-
fectiveness of the proposed approach. To the
best of our knowledge, this is the first study
to employ a hybrid integration of TF-IDF and
BERT combined with a Bi-GRU framework
for Persian healthcare sentiment analysis. The
results are expected to advance computational
techniques for healthcare opinion mining and
deepen the understanding of patient perspec-
tives within Persian medical contexts.

Material and Methods

In this analytical study, the framework
(Figure 1) combines TF IDF and BERT em-
beddings to capture structural and semantic
features, thereby improving embedding effi-
ciency and boosting the accuracy of Persian
healthcare sentiment analysis.

Dataset

Although Persian constitutes approximately
1.3% of all web content, the scarcity of large
and reliable Persian datasets continues to pose
a major obstacle to the development of accu-
rate sentiment analysis models, particularly
in the healthcare domain [16, 17]. To address
this limitation, a web crawling approach was
employed to collect healthcare related user
comments from the Nobat.ir website. The ex-
tracted texts were compiled into the dataset
used in this study, consisting of 5,000 Persian
healthcare comments. Initially, the comments
lacked sentiment polarity labels; therefore,
polarity was assigned based on their corre-
sponding star ratings. The resulting dataset is
imbalanced, comprising 2,134 positive, 1,208
neutral, and 1,658 negative comments. The
length of the comments varied substantially
in terms of the number of lexical tokens, as
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summarized in Table 1. These characteristics
reflect the dataset’s wide expressive range and
highlight the complexity of user sentiment in
Persian healthcare related comments.

Pre-processing

Pre-processing steps in sentiment analysis
vary depending on the study objectives, lin-
guistic features, and language-specific com-
plexities [12]. The Persian language presents
unique challenges, such as the coexistence of

Word Embedding

—

Data Set

Arabic characters, extensive colloquial usage,
inconsistent punctuation, and the absence of
clear phrase boundaries. To ensure reliable
and consistent results in analyzing Persian
healthcare comments, several techniques were
utilized:

Normalization converts unstructured text
into a standardized form by unifying charac-
ters, converting numbers into words, and re-
moving punctuation marks [18].

Tokenization is the process of segmenting

Sentiment Classification
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Figure 1: Proposed framework combining Frequency Inverse Document Frequency (TF-IDF) and
Bidirectional Encoder Representations from Transformers (BERT) embeddings with a Bidirec-
tional Gated Recurrent Unit (Bi-GRU) classifier for sentiment analysis of Persian healthcare re-
views, followed by performance evaluation using standard metrics.

Table 1: Comment lengths in the dataset range from one or two meaningful tokens to a maxi-
mum of 91, with representative examples provided in this table.

Sample Comment (English Translation)

* | recommend exploring several hospitals prior to com-
mencing treatment and making a decision only after-
ward. Based on my own experience, | cannot endorse
this hospital because nothing is more significant to a
patient and their companion than receiving prompt at-

III

Comment )
Sample Comment (Persian)

Length
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text into sentences and smaller meaningful
units, referred to as tokens, based on spacing
and punctuation [18].

The stop-word removal step refers to the
process of discarding words that are consid-
ered insignificant for sentiment analysis and
primarily contribute to increased dataset di-
mensionality due to their high frequency in
the text [19]. Stemming reduces words to their
base form to minimize lexical redundancy and
simplify the dataset [18].

Word Embedding

The meaning of a word can vary depend-
ing on the context. For example, the term
“shivering” can convey different implications
in medical texts. In the sentence “There is no
need to worry, and shivering is normal,” it re-
fers to a harmless physiological response. In
contrast, in “Shivering during fever is caused
by the release of cytokines and prostaglandins
and should be controlled with medication,”
it indicates a pathological symptom that re-
quires medical attention. Therefore, accurate
sentiment analysis in healthcare comments
requires not only understanding medical
terminology but also capturing the contex-
tual meaning of words within the text [9,
20-22]. However, traditional embedding and
pre-trained models often fail to capture such
contextual nuances [9]. Despite fine-tuning on
domain-specific corpora, they encounter se-
mantic and syntactic limitations due to insuffi-
cient incorporation of external knowledge. To
address this, recent studies emphasize integrat-
ing context-aware embeddings with structural
models that account for word position and
co-occurrence [10]. Accordingly, this study
employs a hybrid embedding framework that
combines BERT and TF IDF. BERT, through
its bidirectional transformer architecture and
attention mechanism, encodes deep seman-
tic associations and contextual dependencies
[23, 24], while TF IDF provides complemen-
tary syntactic and statistical term weighting,
emphasizing structurally significant words

within the dataset [25].

Sentiment Classification

A crucial factor influencing the accuracy
of sentence-level sentiment categorization
and analysis involves accounting for the
sequential order and temporal dependen-
cies among words. Moreover, considering
the overall semantic and syntactic context
can yield more reliable results in sentiment
analysis [9]. Since this study focuses on sen-
tence-level sentiment classification (into three
categories: positive, negative, and neutral),
the Bi-GRU model is adopted within a deep
learning framework. The Bi-GRU architec-
ture, integrating both forward and backward
gated recurrent units, is capable of capturing
contextual dependencies and temporal rela-
tionships between words while maintaining
the overall semantic coherence of the text
[26, 27]. The principal advantage of the
Bi-GRU algorithm lies in its embedded gat-
ing mechanism that mitigates information loss
across long sequential dependencies [28]. This
feature plays a crucial role in preserving es-
sential information, thereby enhancing analyt-
ical precision [28]. Furthermore, the Bi-GRU
offers a simpler architecture, fewer param-
eters, and shorter training time than LSTM,
Bi-LSTM, and GRU, which share similar
structural designs collectively contributing to
higher efficiency and improved accuracy in
sentiment analysis [23].

Results

The Google Collab environment, Python
programming language, and GPU (AMD
Radeon HD 7660G) settings were used for
implementation.

Pre-processing

Text pre-processing was conducted using
the Parsivar library in Python through sev-
eral steps. First, the Normalizer module stan-
dardized comment texts by removing Ara-
bic script and converting colloquial terms to
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formal equivalents. Next, “Tokenize-Sentenc-
es” and “Tokenize-Words” segmented texts
into sentences and tokens. Then, a custom Py-
thon-based Remove-stop-words function, cre-
ated using a Persian stop-word list, eliminated
non-informative words. Finally, the Stemming
module unified different word forms to their
roots, reducing redundancy and ensuring con-
sistent lexical representation.

Word Embedding

In this stage, the TF-IDF word embedding
model is utilized to analyze the comments and
extract syntactic and structural features, pro-
ducing 300-dimensional vectors. The BERT
embedding model is also implemented sepa-
rately on the dataset to extract semantic fea-
tures and create 786-dimensional vectors.
These vectors are then hybridized and merged
using the concatenate technique to create a
single 1068-dimensional representation. At
this stage, the dimensionality of the embed-
ding vectors for TF-IDF and BERT is set to
their standard values of 300 and 768 dimen-
sions, respectively [29, 30].

Sentiment Classification
As indicated by the researchers, when the
dataset is divided via the 80-20 or 70-30 split

method, it leads to enhanced outcomes for the
classification model whilst simultaneously
averting overfitting [11]. For this reason, for
this step, 70% of the dataset was utilized for
training, and the remaining 30% was used
for testing. Following that, the Bi-GRU pa-
rameters were tuned utilizing the Grid Search
method. Afterwards, the classification model
was developed utilizing the optimal values (as
enumerated in Table 2) and implemented on
the dataset. Upon evaluation, as outlined in
Table 3, the proposed approach demonstrates
accuracy rates amounting to 83.05% and
82.04% F1-score in the classification of Per-
sian healthcare comments into the following
three affective categories: negative, positive,
and neutral.

Additionally, the performance of the XG-
Boost, SVM, and Bi-LSTM algorithms was
evaluated using the BERT-TF-IDF hybrid
embedding model to classify Persian health-
care comments into positive, neutral, and neg-
ative categories (as enumerated in Table 4).

Discussion
Effect of Hybrid Embedding on

Healthcare Sentiment Accuracy
In this stage, TF-IDF and BERT embeddings

Table 2: Bidirectional (GRU) and dropout rate are internal parameters of the Bi-GRU algorithm.
In addition, the loss function, optimizer, metrics, number of epochs, and batch size are the
parameters required to build the classification model, for which the optimal values are reported

in this table.

Necessary parameters to create the
Bi-GRU model

Necessary parameters of model
execution

Parameters Optimal values of parameters
Bidirectional (GRU) Units =128
Bidirectional (GRU) Units =64
Dropout rate 0.6
Loss Function categorical_crossentropy
Optimizer Adam
Metrics Accuracy F1-Score
Epochs 70
Batch size 35

Bi-GRU: Bidirectional Gated Recurrent Unit
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were implemented separately to evaluate the
impact of the proposed hybrid embedding ap-
proach in Persian healthcare sentiment analy-
sis. Following pre-processing, TF-IDF and
BERT embeddings were independently gen-
erated for all comments and used as input to
the Bi-GRU sentiment classification model.
The Bi-GRU model achieved 63.46% accu-
racy (62.21% F1) with TF-IDF and 80% ac-
curacy (79.06% F1) with BERT embeddings)
as shown in Table 3). In contrast, the pro-
posed hybrid BERT-TF-IDF approach yielded
the highest performance, reaching 83.05%
accuracy and 82.04% F1-score, confirming its

effectiveness in Persian healthcare sentiment
analysis.

Although TF IDF reduces the model’s pro-
cessing time compared to other methods, its
performance in Persian healthcare sentiment
analysis is limited, due to the domain’s rich
and specialized vocabulary. Because TF IDF
depends solely on word frequency, it fails to
capture contextual meaning, identify nega-
tion, or correctly weight polysemous words
[8, 11, 13]. For example, in the sentence “I do
not recommend this pill to anyone,” the word
“recommend” is typically associated with pos-
itive sentiment; however, the negation “not”

Table 3: Evaluation of the Bi-GRU sentiment classification model using Precision, Accuracy,
Recall, and F1 score for the hybrid BERT + TF-IDF approach and the individual BERT and TF-IDF

representations.
Method Evaluation Metrics
Classification
Word_ reatl Accuracy Precision Recall F1-score
embedding Model
Proposed ,
BERT_ TF-IDF Bi-GRU 83.05 82 82.09 82.04
method
Comparative TF-IDF Bi-GRU 63.46 62 62.44 62.21
method BERT Bi-GRU 80 79 79.19 79.06

BERT: Bidirectional Encoder Representations from Transformers, TF-IDF: Term Frequency Inverse Document Frequency,

Bi-GRU: Bidirectional Gated Recurrent Unit

Table 4: The machine learning algorithms XGBoost, SVM, and Bi-LSTM were implemented using
the BERT + TF-IDF hybrid model and evaluated on the dataset to compare their performance
with the Bi-GRU algorithm and according to the defined criteria.

Method Evaluation Metrics
Classification
Word_ Accuracy Precision Recall F1-score
embedding Model
Suggested XGBoost 79.33 78.51 79.6 79.05
method for  ooni- TF-IDF SVM 76.14 77 77.12 77.05
768+300=1068 : : :
comparison Bi-LSTM 82 81 81.21 82.10
Proposed BERT_ TF-IDF .
- Bi-GRU 83.05 82 82.09 82.04
method  768+300=1068 !

BERT: Bidirectional Encoder Representations from Transformers, TF-IDF: Term Frequency Inverse Document Frequency,
XGBoost: Extreme Gradient Boosting, SVM: Support Vector Machine, Bi-LSTM: Bidirectional Long-Short Term Memory,

Bi-GRU: Bidirectional Gated Recurrent Unit
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reverses the overall sentiment of the sentence.
TF-IDF, which relies on surface-level term
frequency, cannot model this contextual in-
teraction between words. In contrast, BERT
captures contextual meaning and negation
through its bidirectional attention mechanism,
resulting in more accurate sentiment interpre-
tation [27].

However, the proposed hybrid BERT TF
IDF approach integrates semantic richness
from BERT with syntactic and structural
weighting from TF IDF, producing more in-
formative feature representations. This combi-
nation significantly enhances classification ac-
curacy in healthcare sentiment analysis, while
slightly increasing computational time. Al-
though the proposed method slightly increases
computational time, it leads to a significant
improvement in classification accuracy. The
results indicate that this modest increase in
processing cost is a reasonable and acceptable
trade-off for achieving more reliable sentiment
analysis outcomes.

Impact of Classification Models on
Healthcare Sentiment Analysis Ac-
curacy

The performance of XGBoost, SVM, and
Bi-LSTM algorithms was evaluated using
the BERT-TF-IDF hybrid embedding model
to classify Persian healthcare comments into
positive, neutral, and negative categories.
As presented in Table 4, XGBoost obtained
79.33% accuracy and an Fl-score of 79.05,
whereas SVM yielded 76.14% accuracy and
an Fl-score of 77.05 under the same hybrid
configuration. The superior performance of
XGBoost can be attributed to its parameter op-
timization flexibility, parallel processing, and
efficient learning rate control, which enhance
both speed and accuracy compared with SVM.

However, these conventional machine learn-
ing models cannot explicitly capture sequen-
tial dependencies critical to sentence-level
sentiment recognition. Deep-learning ap-
proaches, particularly Bi-LSTM and Bi-GRU,

overcome this limitation by modeling con-
textual and temporal relationships within
healthcare comments. Both architectures ex-
hibit higher predictive power by preserving
semantic dependencies and understanding con-
text flow. Among them, Bi-GRU demonstrates
slightly higher accuracy and computational ef-
ficiency than Bi-LSTM, attributed to its sim-
pler architecture, fewer trainable parameters,
and automatic gating system, which mitigates
information loss over long sequences. This
streamlined structure reduces training time
and computational cost while maintaining the
ability to encode long-range contextual cues.
Consequently, Bi-GRU achieves the highest
classification accuracy among all compared
models, confirming its advantage for Persian
healthcare sentiment analysis tasks involving
long and complex textual expressions.

Conclusion

This study introduced a hybrid sentiment
analysis framework for Persian healthcare
texts that integrates contextual and statistical
representations through the combination of
BERT and TF IDF embeddings within an ad-
joint feature representation, followed by a Bi
GRU classification model. The motivation be-
hind this approach stems from the complexity
of healthcare language, where domain specific
terminology, contextual ambiguity, and subtle
semantic variations can significantly influence
the interpretation of opinions and medical
statements.

The experimental evaluation demonstrates
that the proposed framework achieves an ac-
curacy of 86% and an F1 score of 84.99%,
outperforming models based solely on TF IDF
or BERT embeddings. The results confirm
that combining contextual embeddings with
statistical term weighting enables a richer
representation of healthcare texts. The integra-
tion of these complementary representations
improves the model’s ability to identify both
domain specific terminology and out of do-
main expressions while preserving meaning-

J Biomed Phys Eng

/ VII



Faezeh Forootan, et al

ful semantic associations between them.

In addition, the comparative analysis of
classification models shows that the Bi GRU
architecture provides superior performance
compared with XGBoost, SVM, and Bi
LSTM. This finding highlights the importance
of modeling sequential dependencies and
contextual information in sentiment analysis
tasks, particularly in the healthcare domain
where the meaning and polarity of statements
often depend on the broader textual context.

Nevertheless, several limitations remain.
The study relies on a specific healthcare data-
set, which may restrict the generalizability of
the results to other types of clinical or biomed-
ical texts. Moreover, the hybrid embedding
strategy introduces additional computational
overhead compared with single representation
methods. Future work may explore optimizing
the computational efficiency of the framework,
extending the approach to larger and more di-
verse healthcare datasets, and incorporating
external medical knowledge sources such as
clinical ontologies or knowledge graphs to
further enhance contextual understanding.
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