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ABSTRACT 

Deep learning technologies have significantly advanced the field of Natural Language Processing (NLP) in 
the recent past. A promising line of research in the existing study of text sentiment is the analysis of 

medical texts, which can potentially find numerous uses in medical diagnosis. However, sentiment analysis 

in the medical field remains challenging due to the complexity of medical language and context-aware 

interpretation of domain-specific ontologies. This paper focuses on the medical field and uses deep 

encoding techniques such as Fast-Text, Word2Vec, along with BERT and RoBERTa at the output layer for 

sentiment detection. The analysis specifically targets seven key mental health classes: Anxiety, Bipolar, 

Depression, Normal, Personality Disorder, Stress, and Suicidal. Text data were preprocessed using text 
cleaning, stop word elimination, and lemmatization to enhance the quality of the input data and improve 

the effectiveness of models. Experiments were carried out on a mental health dataset to analyze 

performance after the integration of deep encoding with diverse deep learning models. Based on the 

results, transformer-based models outperformed various other networks, achieving more than 95% 

accuracy. This study provides a basis for the selection of appropriate models in achieving accurate 

sentiment analysis within the medical field and is useful for research on designing efficient model 
frameworks. 

Keywords-sentiment analysis; medical text; deep learning; natural language processing; transformer models 
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I. INTRODUCTION  

Rapid growth in the use of social networks is transforming 
communication, especially within the healthcare setting [1]. 
This trend, among others, leads to oceans of data, which, if 
analysed through medical sentiment text mining using Natural 
Language Processing (NLP) and machine learning, can lead to 
understanding public sentiment regarding health issues [1, 2]. 
Sentiment analysis has been identified as an important avenue 
to explore in the extraction of meaningful insights from 
unstructured text data, such as tweets and blogs [3]. This tool 
has been considered to have great promise in understanding 
patient experiences, assessing health services, and improving 
general patient outcomes in the medical field [4]. However, the 
unique challenges posed by medical text, such as the use of 
specialized terminology and the need for high accuracy, have 
made it a complex and underexplored area [5, 6]. 

Sentiment analysis consists of tasks, each addressing a 
distinct level of text granularity and complexity. These include 
sentiment categorization at the document, phrase, and aspect 
levels, as well as multi-domain and multimodal approaches [7]. 
Document-level sentiment classification treats an entire 
document as one unit to identify the overall polarity of the 
sentiment, positive or negative. The challenge in this task is to 
model long texts to catch τηε semantic relations between two 
sentence pairs. Techniques such as the Hierarchical Attention 
Network (HAN) model and LSTM have been proposed to 
address these by focusing on the inter-document structure and 
inter-sentence relationships [8, 9]. Objective sentences provide 
information with no sentiment, while subjective sentences can 
provide polarity, either positively or negatively. Methods such 
as Weakly-supervised Deep Embedding (WDE) and Multi-
level Sentiment-enriched Word Embedding (MSWE) have 
shown high classification accuracy based on CNN, LSTM, and 
MLP deep learning methods [10]. 

Aspect-level sentiment classification is the identification of 
sentiment-target pairs and their polarities on aspects or features 
of text. Attention mechanisms with LSTM models have been 
very effective in paying great attention to all parts of a sentence 
relative to various aspects [11]. Multidomain sentiment 
classification is the transfer of the classification knowledge 
developed in one domain to other domains. For example, the 
Domain Attention Model (DAM), using Bi-LSTM with 
attention mechanisms for domain-specific sentiments, has been 
proven rather effective in multi-domain data processing [12]. 
Multimodal sentiment classification combines several data 
modalities, such as text, audio, and visuals. Such methods are 
implemented through a weakly-supervised multi-modal deep 
learning model, combining CNNs and RNNs to achieve higher 
accuracy on heterogeneous data [13].  

Depression, suicidal ideation, anxiety, stress, bipolar 
disorder, and personality disorders are medical conditions that 
can be extracted using sentiment analysis. These conditions 
affect how sentiments can be expressed and provide a lot of 
information for sentiment analysis. For example, when a 
person experiences depression or anxiety, his expression is 
typified by negative moods, hopelessness, or an increased state 
of tension and stress. On the other hand, a person with suicidal 

tendencies might manifest feelings of hopelessness and 
worthlessness, which would be very helpful for early prediction 
and prevention [14]. Sentiment analysis can also be used in 
bipolar disorder to detect changes from manic to depressive 
episodes in content and tone in patients' communication. 
Personality disorders are most commonly manifested as 
persistent patterns of thought and behavior that can be 
recognized and tracked through sentiment analysis. This not 
only demonstrates the power to develop knowledge in patient 
experiences, but also supports the early diagnosis and 
management of such mental health states [12, 15]. 

Earlier methods, such as polarity classification, lexicon-
based, and emotion classification, are building blocks. 
However, more advanced methods are devised to tackle certain 
difficulties within medical texts [16]. The study in [17] 
expanded on these methods using supervised machine 
techniques for hand-crafted relevant features to classify 
polarity after filtering the sentiment. A significant contribution 
in this direction is the VADER (Valence Aware Dictionary for 
Sentiment Reasoning) lexicon, which has now become a 
standard tool in the field of sentiment analysis [18]. A 
comparative study of sentiment analysis techniques in [19] 
further underlined the strength of SVM in this aspect. Another 
important area of focus within medical sentiment analysis has 
been on emotion classification. In [20], emotions were 
classified as hope, worry, or gratitude using a Naive Bayes 
classifier with features computed from the WordNet-Affect 
lexicon. In [21], ADR mentions were extracted from user 
narratives on Twitter and PatientsLikeMe to study two 
methods: the use of SIDER/MedDRA ADR lexicons and 
system condition terms developed by a Medicomp, Inc. system 
with maintained databases. Traditional machine learning 
approaches have focused on detectable ADRs through the use 
of NLP techniques and pre-existing lexicons [22]. However, 
deep learning has opened up a new paradigm that can improve 
the accuracy of sentiment classification [23]. 

II. PROPOSED METHOD 

Figure 1 represents the framework of the proposed method, 
which consists of four main components, including text 
preprocessing, feature engineering, proposed models, and 
performance evaluation. 

A. Text Preprocessing 

This step aims to refine the text by correcting errors, 
inconsistencies, and noise within the data. First, duplicate 
entries were identified and removed to overcome bias during 
the analysis. Second, spelling errors and typos were corrected 
within the data to avoid misleading inferences. The next step 
involved stop-word removal. Common words, such as "and, 
the, is, and in," are known as stop-words, which are very 
frequent but carry little meaning and can clutter an analysis. 
This reduces dimensionality and makes efficiency and 
relevance possible in the results. Lemmatization replaced the 
actual words with their meaningful root words. Such a 
standardization can help recognize other variations of the same 
word and thus improve the consistency and accuracy of 
sentiment analysis, especially in medical texts. 
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Fig. 1.  Overview of the proposed method for medical sentiment analysis. 

B. Feature Engineering 

1) TF-IDF 

This is an approach for generating vector representations of 
text by assessing the relevance of a word inside a document in 
comparison to a collection of documents. The TF-IDF score is 
calculated by multiplying two components: Term Frequency 
(TF) and Inverse Document Frequency (IDF). TF is determined 
using: 

����, �� � 	�
,��
�


     (1) 

where ���, �� is the frequency of the term � in document �, and 
�� is the total number of terms in that document. IDF measures 
the rarity of a term across the corpus, calculated using: 

�����, �� � log � �
	�
,���   (2) 

where � is the total number of documents in the corpus, and 
���, �� is the number of documents containing the term �. The 
final TF-IDF score for a term in a document is calculated by 
multiplying its TF and IDF values: 

�� � �����, �, �� � ����, �� � �����, �� (3) 

2) Word2Vec 

This encoding catches semantic relationships between the 
words, allowing similar words to possess close vector 
representations. For a given target word �� and its context 
� � ���� , … , ���", ��#", … , ��# $ , the model estimates the 

probability of each context word �% given the target word ��. 
This probability is calculated using:  

&��%|��� � ()* �+,-
. +,/�

0 ()* �+,.+,/�,∈2
   (4) 

where 34/ denotes the vector representation of the target word 

��, 34- is the vector representation of the context word �%, and 

5 represents the vocabulary. The objective is to maximize this 
probability for all context words given a target word. The loss 
function, based on the negative log-likelihood, is: 

6788 � � ∑ 34-
: 34/4-∈; < log �∑ =34:34/>�?∈@  (5) 

The loss function penalizes the difference between the 
predicted probabilities of context words and their actual 
occurrences, leading to an update in the word vectors. 
Representation of words as dense continuous vectors gives 
Word2Vec better performance in sentiment analysis, even in 
domain-specific discourse, such as medical text, with 
complicated and diverse terminologies [17]. 

3) Fast-Text 

This model represents a word as the sum of character A-
grams and not atomically such as Word2Vec. This allows the 
model to generate representations from constituent parts of 
words, making it very efficient in handling morphologically 
rich language. For a given target word ��  and its context 
� � ���� , … , ���", ��#", … , ��# $ , the model estimates the 
probability of each context word �% given the target word �� 
using: 

&= �% ∣∣ �� > � ()*�+,.+,/�
0 ()* �+,.+,/,∈2 �

    (6) 

It maximizes this probability for all context words, given any 
target word, to provide high-quality word embeddings. 

C. Deep Learning Model 

1) LSTM 

LSTM can capture both short-term and long-term 
dependencies in temporal data. Each LSTM consists of 
interconnected memory blocks, which include three key units: 
the forget gate, the input gate, and the output gate [13]. Long-
term memory, or the cell state, is governed by the forget gate 
����, which determines which parts of the long-term state to 
discard. The input gate C��� manages the incorporation of new 
information into the cell state, while the output gate 7��� 
regulates the generation of the current state output.  The 
outputs of these gates are calculated using: 

���� �  D =�	E ∙ G��� < �	H ∙ ℎ�� � 1� < K	> (7) 

��� �  D ���E ∙ G��� < ��H ∙ ℎ�� � 1� < K�� (8) 
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7��� �  D ��LE ∙ G��� < �LH ∙ ℎ�� � 1� < KL� (9) 

where D�⋅� represents a nonlinear activation function, typically 
the sigmoid function. Alongside the input gate, the candidate 

state �N��� is calculated as: 

�~��� � tanh��TE ∙ G��� < �TH ∙ ℎ�� � 1� < KT� (10) 

���� � ����  ⊙  ��� � 1� < C���  ⊙  �~ ��� (11) 

ℎ��� � 7���  ⊙  tanh �C�t��   (12) 

where tanh �⋅� is the hyperbolic tangent activation function and 
⊙  denotes the point multiplication operation between two 

vectors. The terms �	E, ��E, �LE , and �TE  represent the input 

weights for each gate, while �	H , ��H , �LH , and �TH  are the 

recurrent weights, and K	 , K� , KL , and KT  are the respective 

biases [15]. 

2) Bi-LSTM 

A Bi-LSTM network uses two LSTM layers: one processes 
the input sequence in the forward direction and the other 
processes it in the backward direction. Figure 2 represents the 
basic structure of a Bi-LSTM network.  

 

 
Fig. 2.  Structure of BiLSTM for medical sentiment analysis. 

For a given sequence G � �G", GW, . . . , GY� , the forward 

LSTM computes a sequence of hidden states ℎ
ZZZ⃑ , while the 

backward LSTM computes ℎ
Z⃖ZZ. At each time step �, the final 
output ℎ
  is a concatenation of these two hidden states, 

represented mathematically as ℎ
 � ]ℎ
ZZZ⃑ , ℎ
Z⃖ZZ^. Here, ℎ
ZZZ⃑  captures 

information from the start up to � , while ℎ
Z⃖ZZ  captures 
information from the end up to �.  

D. Transformer-based Model 

This study utilized transformer-based methods, including 
BERT and RoBERTa, for empirical analysis of medical 
sentiment. 

1) BERT 

This study employs a masked language modeling approach 
as shown in Figure 3, where it predicts missing words by 
masking 15% of the words in the input text. Each transformer 
block receives a phrase with a masked word and aims to predict 
that missing word. BERT is bidirectional, meaning that it 
learns to predict the missing word by considering both the 
preceding and following words in the context. This allows it to 
effectively capture both left (previous) and right (subsequent) 

contexts for each word. The embeddings produced by BERT 
are context-aware, as the missing word is inferred based on its 
surrounding words.  

 

 
Fig. 3.  Structure of BERT for medical sentiment classification. 

In addition to generating embeddings for individual words, 
BERT also produces an embedding for the entire sentence. 
Typically, BERT is not trained from scratch but is pre-trained 
on extensive internet data. It uses a multilayer bidirectional 
transformer encoder to encode the input text into a high-level 
semantic space. 

2) Robustly Optimized BERT (RoBERTa) 

RoBERTa solely focuses on the Masked Language 
Modeling (MLM) objective, removing the next sentence 
prediction task. MLM involves randomly masking 15% of 
input tokens and training the model to predict them using 
contextual information, using dynamic masking that changes 
patterns each epoch. The MLM objective is to maximize the 
probability of the masked tokens given their context, calculated 
as: 

ℒ`a` � 0 log &�b�|c�d/$�
e

�f"
  (13) 

RoBERTa's optimizations include training on a 160GB dataset, 
ten times larger than BERT's, and extending training duration 
with larger batch sizes. It employs the same transformer 
architecture, where each self-attention layer calculates attention 
scores using scaled dot-product attention: 

g � softmax hi j
k�l

m 5     (14) 

This architecture captures bidirectional context, enhancing 
dependency recognition.  

III. RESULTS  

A. Experimental Setup 

1) Dataset 

This study used a publicly available dataset, called 
Sentiment Analysis for Mental Health [24], to evaluate the 
proposed model for medical sentiment analysis. It is a 
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comprehensive collection of 51,074 entries meticulously 
curated to analyze various mental health conditions through 
user-generated statements. This dataset integrates data from 
multiple standard corpora, including the 3k conversations 
dataset for chatbot, depression reddit cleaned, human stress 
prediction, predicting anxiety in mental health data, mental 
health dataset bipolar, reddit mental health data, students 
anxiety and depression dataset, suicidal mental health dataset, 
and suicidal tweet detection dataset. Each entry is tagged with 
one of seven distinct mental health statuses: Normal, 
Depression, Suicidal, Anxiety, Stress, Bi-Polar, and Personality 
Disorder.  

2) Evaluation Measures  

Accuracy, precision, recall, and F1 score were used to 
evaluate model performance. Accuracy is defined as the ratio 
of correctly predicted instances to the total instances in the 
dataset: 

Accuracy =  
st#su

st#su#vt#vu
     (15) 

where TP and TN refer to the number of correctly predicted 
positive and negative instances, and FP and FN refer to the 
number of incorrectly predicted positive and negative 
instances, respectively. Precision is defined as the ratio of TP 
predictions to the total predicted positives, which includes both 
TP and FP: 

Precision =
st

st#vt
      (16) 

Recall is defined as the ratio of TP predictions to the total 
actual positives, which includes both TP and FN: 

Recall =
st

st#vu
     (17) 

The F1 score is the harmonic mean of precision and recall, 
taking both FP and FN into account: 

F1 − Score = 2 × 
t�(������ ×�(����

t�(������#�(����
    (19) 

B. Results of Deep Learning Models  

This section presents results of LSTM and Bi-LSTM with 
TF-IDF, Word2Vec, and Fast-Text for medical sentiment 
analysis. According to Table I, LSTM achieved 67.12%, 
74.75% and 70.80% accuracy over 30 epochs with TF-IDF, 
Word2Vec, and Fast-Text embeddings, respectively.  

Similarly, as shown in Table II, the BiLSTM model showed 
an increasing trend, with an accuracy of 70.50%, 78.42% and 
81.08% with TF-IDF, Word2Vecm, and FastText, respectively. 
The best performance of the BiLSTM was obtained using 
FastText embeddings at the end of 20 epochs.  

BiLSTM, due to bidirectional learning, outperformed 
LSTM across all embedding methods. The significant 
performance of FastText embeddings highlights its ability to 
generate sub-word-level embeddings, allowing the model to 
better understand out-of-vocabulary terms and capture more 
fine-grained word semantics. 

 

 

TABLE I.  LSTM RESULTS ON MULTICLASS MEDICAL 
SENTIMENT ANALYSIS 

Embedding Epochs 
Accuracy 

% 

Precision 

% 

Recall 

%  

F1-score 

% 

TF-IDF 

5 62.34 63.12 61.80 62.45 

10 64.89 65.50 64.20 64.84 

15 66.02 66.80 65.90 66.35 

20 68.58 68.90 68.40 68.65 

25 67.50 68.10 67.00 67.55 

30 67.12 67.70 66.50 67.10 

Word2Vec 

5 71.25 71.90 70.80 71.35 

10 72.91 73.40 72.60 73.00 

15 74.12 74.60 73.80 74.20 

20 76.24 76.80 75.90 76.35 

25 75.50 76.00 75.20 75.60 

30 74.75 75.30 74.40 74.85 

FastText 

5 65.35 66.00 64.90 65.45 

10 68.20 68.70 67.90 68.30 

15 71.10 71.60 70.60 71.10 

20 72.91 73.40 72.60 73.00 

25 71.45 72.00 71.10 71.55 

30 70.80 71.30 70.20 70.75 

TABLE II.  I-LSTM RESULTS ON MULTICLASS MEDICAL 
SENTIMENT ANALYSIS 

Embedding Epochs 
Accuracy 

% 
Precision 

% 
Recall 

% 
F1-score 

% 

TF-IDF 

5 63.45 64.10 62.90 63.50 

10 66.78 67.40 66.10 66.75 

15 68.90 69.50 68.30 68.90 

20 71.39 71.90 70.90 71.40 

25 70.50 71.00 69.90 70.45 

30 69.25 69.80 68.70 69.25 

Word2Vec 

5 70.12 70.70 69.60 70.15 

10 73.56 74.20 73.10 73.65 

15 75.82 76.40 75.20 75.80 

20 78.42 79.00 78.10 78.55 

25 77.10 77.60 76.50 77.05 

30 76.35 76.90 75.80 76.35 

FastText 

5 73.80 74.40 73.20 73.80 

10 77.90 78.50 77.40 77.90 

15 79.55 80.10 79.00 79.55 

20 81.08 81.60 80.50 81.05 

25 80.25 80.80 79.70 80.25 

30 78.90 79.50 78.30 78.85 

 

C. Results of Transformer-Based Models 

Tables III and IV show the results of BERT and RoBERTa, 
respectively, over diverse embeddings. BERT achieved 
81.26%, 95.71% and 91.05% accuracy with TF-IDF, 
Word2Vec, and FastText, respectively. BERT showed good 
performance with Word2Vec on 25 epochs. On another hand, 
RoBERTa achieved 87.62%, 92.08%, and 94.47% accuracy 
with TF-IDF, Word2Vec, and FastText, respectively. 
RoBERTa also performed well with FastText at 20 epochs.  

Figures 4 and 5 represent the confusion matrices of BERT 
and RoBERTa for the detection of medical sentiment. In the 
given confusion matrices, the correct predictions are shown in 
the diagonal, and off-diagonal elements show 
misclassifications. Figures 7 and 8 compare deep learning and 
transformer-based models in terms of accuracy and F1-score, 
respectively.  
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TABLE III.  BERT RESULTS ON MULTICLASS MEDICAL 
SENTIMENT ANALYSIS 

Embedding Epochs 
Accuracy 

% 

Precision 

% 

Recall   

%  

F1-score 

% 

TF-IDF 

5 65.32 65.90 64.70 65.30 

10 69.45 70.00 68.90 69.40 

15 74.70 75.30 73.90 74.60 

20 78.85 79.40 78.20 78.80 

25 81.26 81.80 80.90 81.35 

30 80.10 80.60 79.50 80.05 

Word2Vec 

5 82.40 83.00 81.80 82.40 

10 88.50 89.10 88.00 88.55 

15 92.35 92.90 91.80 92.35 

20 95.71 96.20 95.40 95.80 

25 94.30 94.80 93.90 94.35 

30 93.10 93.60 92.70 93.15 

FastText 

5 76.20 76.80 75.60 76.20 

10 84.40 85.00 83.80 84.35 

15 89.55 90.10 88.90 89.50 

20 91.05 91.50 90.60 91.05 

25 90.30 90.80 89.90 90.35 

30 88.75 89.30 88.10 88.70 

TABLE IV.  ROBERTA RESULTS ON MULTICLASS MEDICAL 
SENTIMENT ANALYSIS 

Embedding Epochs 
Accuracy 

% 

Precision 

% 

Recall   

%  

F1-score 

% 

TF-IDF 

5 71.85 72.50 71.10 71.80 

10 75.30 75.90 74.70 75.30 

15 80.45 81.10 79.80 80.45 

20 84.70 85.20 84.20 84.70 

25 87.62 88.10 87.20 87.65 

30 86.30 86.80 85.70 86.25 

Word2Vec 

5 78.20 78.80 77.50 78.15 

10 83.40 84.00 82.70 83.35 

15 88.55 89.10 88.00 88.55 

20 92.08 92.60 91.80 92.20 

25 91.30 91.80 90.90 91.35 

30 90.10 90.60 89.70 90.15 

FastText 

5 83.45 84.00 82.90 83.45 

10 88.90 89.50 88.20 88.85 

15 92.60 93.10 92.00 92.55 

20 94.47 94.90 94.00 94.45 

25 93.80 94.30 93.40 93.85 

30 92.20 92.70 91.80 92.25 

 

 
Fig. 4.  Confusion matrix of BERT for medical sentiment analysis. 

 
Fig. 5.  Confusion matrix of RoBERTa for medical sentiment analysis. 

 
Fig. 6.  Accuracy of deep learning and transformer-based models over 
different numbers of epochs. 

 
Fig. 7.  F1-score of deep learning and transformer-based models over 

different numbers of epochs. 

RoBERTa performed better than all other models in terms 
of accuracy and F1-score with most embeddings. However, 
both transformers highlight a significant increase in accuracy 
compared to the deep learning models. This can be explained 
by the transformers' self-attention mechanism, which allows 
the model to focus on key parts of the input while making 
predictions, thus capturing more contextual information. 
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IV. CONCLUSION  

This study aimed to advance sentiment analysis in the 
medical domain by applying state-of-the-art deep learning 
methods to accurately interpret complex medical text. 
Extensive preprocessing ensured that the data was cleaned and 
ready for analysis. The study employed diverse embedding 
techniques, such as Word2Vec and FastText, to learn the 
semantics of medical texts. A wide array of models was 
examined, from LSTM and BiLSTM to more advanced 
transformer-based models, such as BERT and RoBERTa. The 
results of the LSTM and BiLSTM models were on par with 
expectations and effectively served as a baseline. The 
transformer-based models outperformed the baseline, showing 
better performance when combining BERT with Word2Vec 
and RoBERTa with Fast-Text. These results clearly 
demonstrate that transformers are highly effective in capturing 
the small intricacies of medical sentiment. BERT with 
Word2Vec embeddings achieved the best accuracy of 95.71%, 
while RoBERTa with FastText achieved 94.47%. Future work 
might consider developing a dedicated dataset that would focus 
on medical sentiment analysis and extend its application to 
broader healthcare contexts.  
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