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Abstract—The article proposes an approach for decision-
making based on the information gathered from the medical 
social media environment. It develops an algorithm based on 
sentiment analysis and machine learning methods through the 
Valence Aware Dictionary and Sentiment Reasoner approach to 
select the best clinic based on patient reviews collected in 
medical media resources. The results of the experiment on 
patient reviews are presented in the 
cms_hospital_satisfaction_2020 database by the Kaggle 
company. 

Keywords—medical social media resources, sentiment 
analysis, lexicon-based approach, machine learning 

I. INTRODUCTION  

Today, the information collected on social media tools that 
people use to build relationships and share information has 
become a valuable resource. Social media sites, professional 
social societies, online forums, and large amounts of 
information collected in personal blogs act as people’s 
advisors in solving various problems, and information 
generated by the crowd supports making “wise decisions” [1]-
[4]. 

The increase in studies devoted to the use of information 
collected in the social media for improving the quality of 
medical care and making more objective decisions confirms 
this trend [5]-[7]. Currently, the emergence of a large number 
of professional medical social communities in the Internet 
environment, as well as the expansion of communication 
opportunities among stakeholders of the medical social media 
environment, i.e., patients, doctors, medical institutions, 
nurses, etc., are upsurging the value of the information 
collected in this segment day by day. A study conducted 
within the framework of the Pew Internet & American Life 
Project1 found that almost 80 percent of Internet users in the 
United States search for health-related topics online, 63% of 
users seek information about a specific medical problem, and 
approximately 47% seek information about medical treatment 
or procedures in medical social networks [8]. 

Patients using medical social networks get in touch with 
doctors and clinics to ask questions they are interested in, get 
answers, establish relationships, and express their opinions. 
Thus, in the patient-doctor and patient-clinic segments of 
social media, patients’ opinions about doctors and clinics are 
collected. Users accessing social networks to solve their 
problems get acquainted with these reviews, analyze them, 
and try to choose a better clinic or doctor. Solving this process 
with intelligent technologies requires the application of 
sentiment analysis methods [8]-[10]. 

This paper proposes a hybrid approach based on lexicon-
based sentiment analysis and machine learning methods to 
determine the best clinic based on patient satisfaction in the 

feedbacks collected in the patient-clinic segment of medical 
social media. 

II. PROBLEM STATEMENT 

Within the framework of the research conducted in the 
field of the formation of digital medicine, the authors of [11, 
12] examine the integration of social media into electronic 
health care, medical social networks, societies, social media 
activities of interested parties, and segment the medical social 
media environment according to user relations. [13] proposes 
the conceptual basis of the use of information collected in 
medical social media for health decisions. 

[14] develops indicators for evaluating the medical social 
media activity of interested parties by referring to the 
statistical analysis of surveys collected in the doctor-patient 
segment of medical media and the demographic indicators of 
e-patients. It also formally describes the medical decision-
making process based on these proposed indicators. [15] 
explores the possibilities of applying sentiment analysis for 
the use of information collected in the medical social media 
environment for health decisions. The possibilities created by 
sentiment analysis referring to lexicon-based approach and 
machine learning methods for the study and classification of 
general opinion according to the opinions mentioned about the 
medical media participants are explained in detail. 

The goal of submitted paper is to evaluate patient 
satisfaction with the activity of clinics based on the 
information collected in the patient-medical institution (clinic) 
segment of medical social media, and to determine the rating 
of clinics according to patient satisfaction. 

The problem solution requires tackling the following sub-
problems: 

 sentiment analysis of opinions; 

 classification of opinions and determination of patient 
satisfaction regarding the activity of clinics; 

 determination of clinics’ rating according to patient 
satisfaction. 

III. PROBLEM SOLUTION  

Problem solution is performed in the following stages:   

Stage 1 

Pandas, Numpy, Matplotlib, Seaborn, NLTK libraries and 
Python environment are used to collect patients’ opinions 
about clinics. An open database cms_hospital_satisfaction_2020 
by the Kaggle company is selected for the opinions’ analysis 
[16]. 442587 patient feedbacks about the clinics’ activity are 
analyzed in the database (figure 1). 
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Fig. 1. Access to open database cms_hospital_satisfaction_2020 by Kaggle 
company for sentiment analysis. 

Stage 2 

This stage is the Data Pre-Processing stage and performs 
the data cleaning (tokenization) process, removes spaces and 
special characters, and the remaining ones are called tokens. 

Stage 3 

This stage is called Extraction Opinions and prepares the 
processed opinions for sentiment analysis. 

Stage 4 

Applies Lexicon Based Sentiment Analysis algorithm. 
This approach refers to the sentiment lexicon, which consists 
of words and phrases commonly used to express positive and 
negative attitudes. 

Stage 5 

The stage of Classification of Opinions applies the 
Valence Aware Dictionary and Sentiment Reasoner 
(VADER) approach for sentiment analysis of opinions and 
classifies opinions. The VADER approach classifies texts 
expressing patient opinions into 3 classes as negative, 
positive, and neutral. 

In order to classify the base with the VADER approach, 
the “sentiment_type” column, which receives values such as 
“NEGATIVE”, “NEUTRAL”, “POSITIVE”, is added to the 
dataset. 

Figure 2 illutrates a fragment taken from Kaggle’s 
cms_hospital_satisfaction_2020 database following the 
classification based on sentiment analysis. 

 
Fig. 2.  Post-classification representation of Kaggle’s open database 
cms_hospital_satisfaction_2020. 

Stage 6 

MultinominalNB and SVM machine learning models are 
built based on the received indicators 80% of the dataset is 
allocated to machine training data and 20% to test data (figure 
3). 

 
Fig. 3. Allocating 20% of the dataset to test data 

Stage 7 

To evaluate the detection performance of classifiers in 
machine learning, precision, recall, false positive rate (FPR), 
true positive rate (TP), f-measure and accuracy criteria are 
used [17]. 

Precision (P) denotes the proportion of the number of true 
positives to whole predicted positives and is defined as 
follows:  


pp

p
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T
P


  

Here: Tp denotes the number of correctly classified, 
prediction-related data; Fp is the number of misclassified data 
non-related to the prediction. 

Recall (R) is defined as the proportion of the number of 
true positives to all actual positives is calculated using the 
following formula: 
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Where: Fn is the number of data unrelated to the prediction 
classified as errors. 

F1-Score is defined as the harmonic mean of the recall and 
precision, and is calculated by the following formula: 
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Accuracy is defined as follows: 
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Stage 8 

This stage analyzes the results obtained from the 
application of machine learning algorithms. 

Figure 4 illustrates the text classification results according 
to the MultinominalNB machine learning model. 

 
Fig. 4. Accuracy of text sentiment analysis by MultinominalNB machine 
learning model 

Figure 5 illustrates the text classification results according 
to the SVM machine learning model. 
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Fig. 5. . Accuracy of text sentiment analysis by SVM machine learning 
model 

Stage 9 

Clinics are rated according to the patient satisfaction (more 
precisely, according to the number of positive opinions). In 
this case, the column “Hospitals” of the referenced database 
and the columns expressing patient satisfaction according to 
the opinion are analyzed in the Excel program. Figure 6 
presents the results. 

 
Fig. 6. Rating of (positive) clinics by patient satisfaction 

IV. CONCLUSION 

This study was devoted to the assessment of public 
satisfaction and the determination of the rating of clinics 
according to the opinions collected in the clinic-patient 
segment of the medical media. Lexicon-based sentiment 
analysis of texts expressing mass opinion about clinics in 
medical social media resources was performed for this, and 
texts were classified as “neg”, “neu”, “pos” using the VADER 
approach. The classification accuracy was determined by 
MultinominalNB and SVM machine learning models, and the 
activity of the clinics was evaluated according to patient 
satisfaction (“neg”, “neu”, “pos”). The clinics involved in the 
research conducted on the cms_hospital_satisfaction_2020 
database of the Kaggle company were rated according to 
patient (positive) satisfaction. It should be noted that with an 
analogous approach, it is possible to solve the problem of 
determining the best doctor and their rating according to the 
opinions collected in the doctor-patient segment. 

As a continuation of the proposed approach, it is possible 
to obtain the indications that patients are interested in, as well 
as their importance, from the opinions about the clinics with 
better (more “positive” feedback) or worse (more “negative” 
feedback) results. This is of great importance for improving 
and updating the functioning of clinics. On the other hand, the 
comprehensive evaluation and rating of clinics according to 
“positive”, “negative” and “neutral” opinions is also relevant, 
and these issues will be included in our further studies. 
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