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The object of the study is the decision-making modeling
in the context of medical social media to increase the clinics’
effectiveness. The problem is to classify the patient reviews
collected in the patient-clinic segment of the medical social
media and to identify the situation related to the clinics’
activity by revealing the criteria characterizing the clinics’
activity out of the opinions.

The proposed technique refers to lexicon-based senti-
ment analysis of opinions, the classification based on Valence
Aware Dictionary and Sentiment Reasoner (VADER), the
verification of the results accuracy with Multinomial Naive
Bayes and Support Vector Machine, the manual sentiment
analysis of opinions to detect criteria and the classification of
opinions according to each criterion.

Using this technique, out of 442587 patient reviews
obtained from database cms_hospital_satisfaction_2020 of
the Kaggle company generated on the basis of crowdsourcing
of patient reviews on medical social media, 218914 patient
reviews are classified as positive, 190360 — as neutral, and
33313 — as negative. The results accuracy is verified, and
the clinics are rated by the <positives opinions. 6 new crite-
ria characterizing the clinics’ activity are discovered, and the
identification of the situation related to the clinics’ activity
based on the comparison of <«positive> and <«negative» opi-
nions according to each criterion is presented.

The possibility of using the results obtained from the iden-
tification to increase the clinics’ efficiency in making deci-
sions is shown.

The results obtained in this study can be used to improve
the clinics’ performance according to public opinion. This
opportunity involves the crowdsourcing of opinions about the
clinic in the medical social media environment and the collec-
tion of opinions in a structured way

Keywords: medical social media, decision-making, patient
opinions, clinic activity, sentiment analysis

0 0

Received date 15.08.2023
Accepted date 19.10.2023
Published date 30.10.2023

1. Introduction

|DOI: 10.15587/1729—4061.2023.289989|

DEVELOPMENT OF
DECISION-MAKING
TECHNIQUE BASED ON
SENTIMENT ANALYSIS
OF CROWDSOURCING
DATA IN MEDICAL
SOCIAL MEDIA
RESOURCES

Masuma Mammadova
Corresponding author

Doctor of Technical Sciences,
Professor, Head of Department*
E-mail: mmg51@mail.ru

Zarifa Jabrayilova

Doctor of Technical Sciences,
Assistant Professor, Chief Researcher®
Nargiz Shikhaliyeva
Junior Chief Researcher*

*Department Number 11

Institute of Information Technology

B. Vahabzade str., 9A, Baku, Azerbaijan, AZ1141

How to Cite: Mammadova, M., Jabrayilova, Z., Shikhaliyeva, N. (2023). Development of decision-making technique based
on sentiment analysis of crowdsourcing data in medical social media resources. Eastern-European Journal of Enterprise

Technologies, 5 (3 (125)), 75—85. doi: https.//doi.org/10.15587/1729-4061.2023.289989

A large amount of information collected on social media
sites, professional social societies, online forums, and perso-
nal blogs supports people in making decisions [1, 2]. Social
networks, which are used by users to communicate with one
another and develop relationships, have revolutionized their
culture, education and general social status [3, 4]. In medical
social networks, Internet communities such as health-related
Facebook or LinkedIn, people can search for information and
discuss health conditions, symptoms of certain diseases, and
treatments [5]. People caring about their health use medical
media resources to ask questions, get answers, discuss, build
relationships with doctors, clinics, nurses, pharmaceutical
companies, or other patients, and at the same time express
their opinions about them [6, 7]. 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 % try to find medical information about

treatment or procedures on medical social networks [8].
[9] assesses the social media as the most flexible source of
information in terms of quick detection of user feedback on
a certain drug, and shows that obtaining such information
can prevent a large amount of damage to the company that
produces the drug.

Currently, medical social networks and online communi-
ties not only provide user support, but also the information
gathered in this environment has become a valuable resource
for healthcare decision-making. As a result of the expansion
and deepening of medical social networks and societies, me-
dical crowdsourcing research has emerged. Crowdsourcing is
the practice of involving large groups of people, their know-
ledge and experience through the Internet to solve a certain
problem [10, 11]. Studies devoted to the use of information
gathered in the medical social media to make decisions about
improving the quality of medical care are a clear example
in this regard [12—14]. Based on crowdsourcing in medical
social media resources, for making decisions to improve the
quality of medical care, [15] uses statistical and content
analysis of the information collected from medical social




media tools and describes scenarios for improving the quality
of medical services. [16] conceptually describes solution of
several issues as the most frequently requested medical prob-
lem by the population, taking into account age and gender,
determination of the disease, medicine, etc. referring to the
statistical analysis of the surveys collected in the doctor-pa-
tient segment of medical social media and the demogra-
phic (location, gender, age) indicators of e-patients. [17] ex-
plores the possibilities of applying sentiment analysis (SA)
for the use of information obtained from crowdsourcing in
medical social media resources in medical decision-making,
and indicates that the application of such an approach to
solving a certain medical problem «public opinion», «mass
opinion» ensures more objective and transparent decisions.
Providing more objective and transparency of the de-
cisions to improve the quality of medical care makes it
urgent to conduct research for realizing this opportunity.
The realization of such studies necessitates working out the
methodological bases of decision-making and the realization
stages by sentiment analysis of the information received from
crowdsourcing in medical social media resources.

2. Literature review and problem statement

[18] highlights the rapid development of technologies
increasing social media activity as a harmful feature, which
leads to media addiction among people. Whereas [19] sub-
stantiates that the increase in social media activity has
become a valuable source of information for solving various
problems along with the harmful sides of medical social
media environment. As a logical result of these theses, [13]
shows the use of information shared by cancer research
institutes on social media to solve the problems of cancer
patients, [20] is dedicated to promoting health and well-be-
ing through social networks. These studies justify that the
information shared in the social media environment supports
individuals and medical media subjects to solve the problems
they face. However, the most important aspect of medical
social media as a valuable source of information is the use
of information gathered in this environment for the study
of public opinion. Based on individual opinions shared by
nearly two million Twitter users about the COVID-19 vac-
cine (SARS-CoV-2), [21] categorizes people as pro-vaccine,
anti-vaccine, and vaccine-hesitant based on content analysis
of the public opinion.

The authors use the data collected in the doctor-patient
relationship segment in an online social networking environ-
ment to obtain reviews about the drugs [9]. In this regard,
they use the data collected on two very popular social net-
works in China as primary source of information. Based on
the content analysis of drug names and contents found in the
texts, they offer a method for evaluation of reviews.

However, content analysis of information available in the
network for studying public opinion is a very boring process.
Manually extracting and analyzing the content present on
the web is a tedious task. This gave rise to a new research area
called Sentiment Analysis. [22] presents the sentiment ana-
lysis of patients’ opinions on hospitals which is mainly used
to improve healthcare service. This is implemented using
a lexicon-based methodology for sentiment analisys.

However, the application of lexicon-based sentiment
analysis results in any problem solution requires checking
their accuracy. [23] highlights the importance of machine

learning methods for the higher accuracy analysis of large
volumes of patient reviews on social networks, and pre-
sents the verification of the results accuracy obtained from
SA with machine learning methods. The mechanism for
using the results obtained from this approach to make de-
cisions related to the solution of a specific medical problem
is not provided.

In [17], the possibilities of applying lexicon-based sen-
timent analysis (SA) for the use of information collected
in the medical social media environment in medical deci-
sion-making are explored. It is shown that with the SA of
information obtained from crowdsourcing in medical media
resources, more objective and transparent decision-making
can be achieved that takes into account public opinion for
solving a certain medical problem. To this end, the results
obtained from the classification of patient opinions collected
in the patient-medical institution segment are presented.
However, this article lacks a mechanism for checking the
accuracy of the results obtained from SA, and for using
the results obtained from the research in making decisions
related to the solution of the more important problem in
the field of medicine.

Therefore, as a logical continuation of the research con-
ducted for the use of information collected in medical social
media resources for decision-making, the present article pro-
poses a decision-making technique related to the solution of
certain medical problems referring to the SA of Opinions and
machine learning. To develop the technique, it is necessary
to select a solution of the specific problem, which is more
important in the field of medicine, regarding the stockholders
of medical social media.

One of such problems is related to increasing the effi-
ciency of the clinics, i.e., the core of the reforms carried out
for the improvement of the quality of medical services in
health care. Taking into account the role and functions of
healthcare in the socio-economic system of each country, the
effectiveness of the activities of medical institutions refers
to the values such as satisfying the needs of the population
for medical assistance, providing higher quality assistance at
a minimum cost, early prevention of diseases, and promoting
a healthy lifestyle [24]. Reviewing the improvement of the
organizations activities in the context of social media, [25]
introduces the concept of social organizational credibility,
and evaluates the organization’s social media activity and
media relations as the main factor of its credibility, and shows
the importance of paying special attention to the activity of
staff members in social media. [13] demonstrates the signi-
ficance of using social media platforms to strengthen rela-
tionships of cancer research institutes with stakeholders and
to promote their brands, and justifies the need to integrate
oncologists and nurses into the company’s corporate commu-
nication initiatives. These challenges have made it urgent to
pay attention to medical social media resources to increase
the effectiveness of the clinics. The problem solution requires
obtaining and analyzing information collected in social media
resources related to the activity of clinics, determining the
criteria characterizing the activity of clinics according to
public opinion, and evaluating their activity.

Obviously, whether in the context of traditional health
care or in the context of social media, improving the clinics’
activity and increasing their effectiveness refers to certain
criteria, on the basis of which the activity is evaluated and
identified, and appropriate management decisions are made.
Ensuring more objective and transparent decisions, taking



into account «mass opinion» and «public opinion», makes it
more urgent to solve the issue of increasing the effectiveness
of the clinics in the context of medical social media. This ne-
cessitates the implementation of research in making decisions
on the management of clinics based on the information col-
lected in medical media resources, sentiment analysis of in-
formation obtained from crowdsourcing in the patient-clinic
relationship segment of medical media.

3. The aim and objectives of the study

The aim of the study is to develop a decision-making
technique that takes into account public opinion to increase
the effectiveness of clinics based on the information collected
from medical social media resources.

To achieve this aim, the following objectives are accom-
plished:

— to conduct sentiment analysis and classify the patient
feedbacks regarding the activity of clinics;

— to check the results of sentiment analysis with machine
learning methods, and determine the accuracy;

—to determine the clinics rating according to patient
satisfaction and to evaluate their activity;

— to determine the criteria characterizing the activity of
clinics and to identify their priority;

— to conduct feedback analysis according to each criterion
and identify the situation related to the activity of clinics.

4. Materials and methods

The object of the research includes the decision-making
modeling in the context of medical social media to increase
the clinics’ effectiveness. The main hypothesis of the study
is to consider public opinion by referring to the information
collected in medical social media resources to ensure the
objectivity of decision-making. Proceeding from this hypo-
thesis, it is possible to identify the status of clinics based on
the patient opinions collected in the patient-clinic segment
of medical social media and to take public opinion into
account in making relevant decisions. To this end, patient
reviews should be classified according to tonality and the cri-
teria characterizing the clinic’s activity should be identified
from the reviews. The above is possible by using sentiment
analysis and using machine learning methods to check the
accuracy of the results.

SA, also known as feedback analysis, is a natural lan-
guage processing process that enables automatic classifica-
tion of content (opinion) expressed in text [26]. Although
the history of SA originates from the 1990s, research on its
application has expanded since the emergence of Web 2.0,
increased access to information generated by network users,
and the proliferation of social media platforms. SA is current-
ly applied in industry, economy, healthcare, etc. as a valuable
tool. SA includes machine learning-based, lexicon-based and
hybrid methods [27]. The lexicon-based approach of SA is
a simple approach. This approach refers to the sentiment
lexicon, which consists of words and phrases commonly used
to express positive and negative attitudes. Unlike machine
learning-based and hybrid methods, this method does not re-
quire training data [28]. The Valence Aware Dictionary and
Sentiment Reasoner (VADER) is a lexicon and rule-based
system. VADER approach classifies the text as negative,

positive, and neutral. Manually generated sentiment lexicons
are as follows:

— Multi-Perspective Question Answering (MPQA) Sub-
jectivity Lexicon is a subjective key-referencing lexicon of
over 8,000 words, each classified as positive or negative. This
lexicon includes 2718 positive and 4909 negative words, as
well as a number of personal adjectives, adverbs, any POS-
part of speech;

—bing Liu Lexicon is based on a list of words (about
6800 words) expressing positive and negative opinions (feel-
ings) in English.

Auto-generated sentiment lexicons include:

— NRC Hashtag Sentiment Lexicon classifies tweets by
indicating the association with a positive emotion by a posi-
tive score, and the association with a negative emotion by
a negative score;

— Sentiment140 Lexicon;

— SentiWordNet automatically classifies all WORDNET
synsets according to their positive, negative and neutral
degrees.

Thus, SA offers an opportunity to classify the written
feedbacks (texts) about the stakeholders of the medical me-
dia as negative, positive, and neutral, and by using this, it is
intended to identify the situation related to the activities of
the medical media subjects.

Machine learning methods are applied to check the ac-
curacy of the results obtained from SA [26,29]. The study
uses Multinomial Naive Bayes (MultinominaINB) and Support
Vector Machine (SVM) to check the accuracy of the results
obtained from SA.

Naive Bayes is a probabilistic machine learning algorithm
that classifies the data based on the given features. In other
words, the probability of the label is calculated with the
given features using Bayesian rule. It uses the bag of words
approach, where the individual words in the document con-
stitute its features, and the order of the words is ignored.
This technique is different from the way to communicate
with each other. It treats the language like it’s just a bag
full of words and each message is a random handful of them.
Large documents have a lot of words that are generally
characterized by very high dimensionality feature space with
thousands of features. Hence, the learning algorithm requires
to tackle high dimensional problems, both in terms of classi-
fication performance and computational speed.

SVM is a type of machine learning algorithm used for
both classification and regression problems. The main goal
of the SVM algorithm is to find the hyperplane which is able
to separate the provided data into classes based on feature
space. The hyperplane is N-1 dimensional flat affine subspace
where N is a dimension of the features. In the case of 3 features
that in turn make 3D space, the hyperplane is a 2D plane.
In addition, the hyperplane aims to maximize the distance bet-
ween nearest data points from either class. Particularly, this
distance which the hyperplane tries to maximize is called the
margin. Moreover, support vectors are the data points which
are the closest to the hyperplane or define it. In case any of
the support vectors are moved, the hyperplane position will
change. SVM has three kernels, namely linear, polynomial
radial basis function and sigmoid. A kernel is a function type
that transforms the input data to a higher dimensional space
to be linearly separable. Generally, the algorithm aims to find
the hyperplane that has the maximum margin between the
end data points of each class. This algorithm is quite effec-
tive in case the data is not linearly separable. Furthermore,



SVM is effective in terms of building generalized models by
maximizing the margin between classes. However, for larger
datasets, it is computationally expensive and slow.

To evaluate the detection perfor-
mance of classifiers in machine learning,
precision, recall, false positive rate (FPR),
true positive rate (TP), f-measure and
accuracy criteria are used [30].

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

[ 1 # Read in data

print(df.shape)

follows:
P= d (1)
T +F

Here T, denotes the number of correctly classified, pre-
diction-related data; F, 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:

T

T 2
Tp+Fn @

where F, 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 follow-
ing formula:

Fl=ox PXR. 3)
P+R
Accuracy is defined as follows:
T +T
——— ()
T,+T,+F,+F,

The high value of the indicators obtained based on for-
mulas (1)—(4), especially the accuracy and recall, represents
a good performance of the results obtained from the analysis
and conditions the continuation of the research with the re-
ference to the classification results.

3. Results of research on developing
a decision-making technique

5. 1. Sentiment analysis and classification of patient
feedbacks regarding the activity of clinics

Pandas, Numpy, Matplotlib, Seaborn, NItk libraries and
the Python environment are used to collect patient opi-
nions about clinics. Let’s use the open database cms_hospi-
tal_satisfaction 2020 by the Kaggle company as information
source for the study generated from the opinions collected
in the patient-clinic segment of medical social media [31].
For the feedback analysis in the database, let’s refer to the
lexicon-based sentiment analysis algorithm proposed in [32],
and apply the VADER approach described in [28] in order
to classify the feedbacks. With reference to the listed metho-
dological base, the algorithm offered for solving the problem
of analysis and classification of patient opinions about the
activity of clinics is implemented in the following stages:

Stage 1. Access to the open database cms_hospital sa-
tisfaction 2020 and availability of 442,587 reviews in the
database (Fig. 1).

df = pd.read_csv('cms_hospital_patient_satisfaction_2826.csv’,low_memory=False)

Fig. 1. Access to Kaggle’s open database cms_hospital_satisfaction_2020

for sentiment analysis

Stage 2. This is Data Pre-Processing stage and performs
the data cleaning (tokenization) process, removes spaces and
special characters, and names the remaining tokens.

Stage 3. This is the Extraction Opinions phase and pre-
pares processed opinions for SA.

Stage 4. This stage applies Lexicon Based Sentiment
Analysis algorithm described in [32]. This approach refers to
the sentiment lexicon, which consists of words and phrases
commonly used to express positive and negative attitudes.

Stage 5. This is Classification of Opinions stage, and ap-
plies the VADER approach described in [28], and classifies
the texts expressing patient opinions into 3 classes: negative,
positive, and neutral. In order to classify the database with
the VADER approach, the column «sentiment_type» is added
to the dataset with values as «negative», «neutral», and «po-
sitive». Fig. 2 shows a fragment of Kaggle’s cms_hospital sa-
tisfaction_2020 database after the classification based on SA.

df[["Facility ID","Facility Name", “sentiment_type"]].tail(-1)

Facility ID Facility Name sentiment_type

1 010001 SQUTHEAST ALABAMA MEDICAL CENTER POSITIVE
2 010001 SQUTHEAST ALABAMA MEDICAL CENTER POSITIVE
3 010001 SQUTHEAST ALABAMA MEDICAL CENTER NEUTRAL
4 010001 SOQUTHEAST ALABAMA MEDICAL CENTER NEUTRAL
5 010001 SOUTHEAST ALABAMA MEDICAL CENTER POSITIVE
442582 670130 SOUTHCROSS HOSPITAL FOSITIVE
442583 670130 SOUTHCROSS HOSPITAL POSITIVE
442584 670130 SOUTHCROSS HOSPITAL POSITIVE
442585 670130 SOUTHCROSS HOSPITAL POSITIVE
442586 670130 SOUTHCROSS HOSPITAL NEUTRAL

442586 rows x 3 columns

Fig. 2. A fragment of Kaggle’s cms_hospital_
satisfaction_2020 database after classification
based on lexicon-based sentiment analysis
and VADER approach

It is determined that out of 442,587 patient feedback
in the database column «Sentiment type», 218,914 are po-
sitive, 190,360 — neutral, and 33,313 — negative.

5. 2. Checking the results of sentiment analysis with
machine learning methods, determination of the accuracy

In order to continue the research, the accuracy of the re-
sults obtained from the classification of opinions is checked.
To this end, 80 % of the dataset in the reference database
is allocated to machine training data, 20 % — to test data,
and Multinomial Naive Bayes (MultinominalNB) and Sup-
port Vector Machine (SVM) machine learning models are
built (Fig. 3).



from sklearn.model_selection import train_test_split

¥_train, ¥_test, Y_train, Y_test = train_test_split(¥_fit,y, test size = 8.2, random_state=8)

Fig. 3. Allocating 20 % of the dataset to test data in Kaggle’s cms_hospital_satisfaction_2020 database

By referring to the formulas (1)—(4), the application of
machine learning methods is performed to check the accura-
cy of the results obtained from SA. Fig. 4 illustrates the re-
sults of text classification according to the MultinominalNB
machine learning model.

model.fit(X_train,Y_train)

-HultinomialNBé
MultinomialNB()

y_pred = model.predict(X_test)

from sklearn.metrics import classification_report
classification = classification_report(Y_test,y_pred)
print{classification)

precision recall fl-score  support

MEGATIVE 8.79 1.8 8.88 6715
HEUTRAL 1.e8 .95 8.97 38281
POSITIVE a.96 .96 8.96 43682
accuracy 8.96 88518
macro avg a.91 8.97 8.24 88518
weighted avg 8.96 8.96 8.96 88518

Fig. 4. Sentiment analysis accuracy of texts
with the MultinominalNB machine
learning model

Fig. 5 presents the results of text classification with the
SVM machine learning model.

As presented, both methods show that the classification
of reviews is performed with high accuracy. Therefore, it
was considered appropriate to continue our research by

referring to the results obtained from SA and classification
of opinions.

5. 3. Determination of the clinics’ rating acording to
patient satisfaction

The tonality of feedbacks should be determined in order
to investigate patient satisfaction related to the clinics’
activities. The main issue in the opinions’ tonality analysis
is the classification of feedbacks according to different emo-
tional states. Fig. 6 illustrates an overview of the «patient
satisfaction» of clinics in Kaggle’s cms_hospital _satisfac-
tion_2020 database.

It is determined that out of 442,587 patient feedback in
the database column «<HCAHP Answer Description», 49.5 %
are positive, 43.0 % — neutral, and 7.5 % — negative.

Fig. 7 visualizes the patient feedbacks classified by posi-
tive, neutral, and negative tonality.

According to the positive reviews expressing the pa-
tient satisfaction, the rating of the clinics and the best per-
forming clinic can be determined. To this end, the column
«Hospitals» of cms_hospital_satisfaction_2020 database by
the Kaggle company and the columns «sentiment type»
expressing patient satisfaction according to the opinion are
analyzed in Excel. Fig. 8 presents the list of top ten clinics
in the rating table.

Correspondingly, it is possible to determine the clinics’
rating and the worst performing clinics based on negative
feedbacks. The presentation of a rating expressing the pa-
tient satisfaction regarding the activity of clinics can support
decision-making for patients to choose a clinic. However, ob-
taining more complete information about the activity of the
clinics requires determination of the criteria for evaluating
the activity and analyzing the situation by these criteria. The
next paragraph focuses on this problem solving.

top_model = svm.SVC( kernel='sigmoid') #rbf, linear, sigmoid, poly
from sklearn.model_selection import train_test split
X_train, X_test, Y_train, Y_test = train_test_split(X_fit,y, test_size = 8.2, random_state=8)

top_model.fit(X_train,¥Y_train) # Training

v svC ;
SVC(kernel='sigmoid'}§

y_pred = top_model.predict(X_test)

from sklearn.metrics import classification_report
classification = classification_report(Y_test,y_pred)

print({classification)

precision recall fi-score

NEGATIVE @8.83 8.72 8.77
NEUTRAL 1.ee 1.8 1.8
POSITIVE .96 8.98 8.97
accuracy 8.97
macro avg 8.93 8.9a 8.91
weighted avg 8.97 .97 .97

support

6715
38281
436082

88518
88518
88518

Fig. 5. Sentiment analysis accuracy of texts with Support Vector Machine model



fig = plt.figure(figsize=(7,7))

colors = ("yellowgreen", "gold", "red")

wp = {'linewidth':2, "edgecolor':"black"}

tags = df['sentiment_type"].value_counts()

explode = (©.1,0.1,8.1)

tags.plot(kind="pie', autopct="%1.1f%X", shadow=True, colors = colors,
startangle=28, wedgeprops = wp, explode = explode, label="")

plt.title('Distribution of sentiments')

Text{e.5, 1.8, 'Distribution of sentiments’)
Distribution of sentiments
MNEGATIVE

POSITIVE
NEUTRAL

Fig. 6. Description of the classification of patient feedback about the clinics’ activity as positive, neutral, negative

° fig, axs = plt.subplots(1, 3, figsize=(12, 3))
sns.barplot(data=vaders, x='HCAHPS Answer Description’, y="pos', ax=axs[8])
sns.barplot({data=vaders, x="HCAHPS Answer Description’, y="neu’, ax=axs[1])
sns.barplot(data=vaders, x="HCAHPS Answer Description’, y="neg’, ax=axs[2])
axs[@].set_title('Positive’)
axs[1].set_title('Neutral')
axs[2].set_title('Negative’)
plt.tight_layout()
plt.show()

<ipython-input-44-3485182dd9o92>:8: UserWarning: Tight layout not applied. tight_layout cannot make axes width small enough to accommodate all axes decorations
plt.tight_layout()

Positive Neutral Negative
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Fig. 7. Visualization of the patient feedbacks on the clinics’ activity classified by their positive, neutral and negative tonality

Ll HOSPITALS E3 POSITIVE 3 SUM OF HOSPITAL OVERALL RATING [HI
2 MEMORIAL HOSPITAL 184 1302
3 GOOD SAMARITAN HOSPITAL 184 1116
4 |ST JOSEPHS HOSPITAL 138 837
5 NORTHWEST MEDICAL CENTER 138 744
6  COMMUNITY HOSPITAL 92 744
7 ST MARY MEDICAL CENTER 138 651
8 ST MARY'S MEDICAL CENTER 92 651
9 |JOHNSON MEMORIAL HOSPITAL 92 558
10 |GREAT RIVER MEDICAL CENTER 92 465

Fig. 8. Clinics’ rating according to patient satisfaction (positive feedbacks)




3. 4. Determination of criteria characterizing the acti-
vity of clinics and determination of their priority

A manual sentiment analysis of patient reviews is con-
ducted to determine the criteria characterizing the clinic’s
activity. Based on the analysis, it is determined that patients
prioritize the following criteria for evaluating the perfor-
mance of clinics in the comments in the cms_hospital_satis-
Jaction 2020 database by the Kaggle company:

— behavior of nurses with patients;

— behavior of doctors with patients;

— behavior of assisting medical staff with patients;

— compliance with hygiene and cleanliness rules;

— keeping calm;

— patients support after discharge.

In order to find out which criterion patients prioritize
when evaluating the activity of clinics, patient reviews are
classified according to these criteria (Fig. 9).

After
discharge Nurses
16% 23%
Quietness
6%
Cleans and
hepl 11%

Doctors
22%

Staft 22%

Fig. 9. Description of the priority of criteria
characterizing the performance of clinics in the reviews
of the Kaggle’s cms_hospital_satisfaction_2020 database

Behavior of nurses with patients (23 % of reviews), the
behavior of doctors with patients (22 % of reviews), the
behavior of assisting medical staff with patients (22 % of
reviews) are the criteria prioritized by patients. Let’s believe
that giving more importance to any criterion when express-
ing an opinion also means the priority of that criterion. From
this point of view, Fig. 9 shows the priority of the criteria in
the patient opinions about the clinic’s activity in percentage.

3. 3. Feedback analysis according to each criterion
and identification of the situation related to the activity
of clinics

Let’s review the issue of distribution of positive and ne-
gative reviews according to criteria for the identification of
clinics’ activities. Fig. 10 presents the results obtained from
the classification of positive and negative opinions on the
activity of the clinics according to 6 criteria.

As seen, according to the crowdsourcing results, patient
satisfaction with the clinics’ activity is mostly high, with
65 % of the total reviews evaluated as «positive» (15 % (nur-
ses)+15 % (doctors)+15 % (staff)+7 % (cleans)+4 % (quiet-
ness)+9 % (after discharge). The activity of clinics is eva-
luated at the same level according to the criteria of behavior
of doctors and nurses, as well as assisting medical staff with
patients. 15 % of patients expresses «positive» opinions
about the activity of clinics according to these criteria. Note
that the «positive» and «negative» opinions of the patients

about the support provided to them after being discharged
are almost the same. This situation makes it urgent to review
the activity related to that criterion in the clinics, etc.

After discharge (pos.)
9% Nurses (pos.)

After discharge (neg.) 15%

7%
Quietness (neg.)
2%
Quietness (pos.)
4%
Cleans and
help (neg.)
4%
Cleans and Doctors (pos.)
help (pos.) 15%
7%
Staff (neg.)

7% Doctors (neg.)
7%

Nurses (neg.)
8%

Staff (pos/)
15%

Fig. 10. Distribution of positive and negative reviews
according to the criteria representing the performance of
clinics in the Kaggle’s cms_hospital_satisfaction_2020
database

The identification of the situation related to the activity
of each clinic is analogously considered. To this end, Me-
morial Hospital, which is leading the rating table based on
the number of positive reviews in the cms_hospital satis-
faction_2020 database by the Kaggle company, is selected.
Fig. 11 presents the distribution of the positive results
obtained from the sentiment analysis of opinions about this
clinic by 6 criteria.

Memorial hospital

= Nurses (pos.)

= Doctors (pos.)

= Staff (pos.)

= Cleans and help (pos.)
= Quietness (pos.)

m After discharge (pos.)

Fig. 11. Distribution of positive opinions by criteria
representing the Memorial Hospital’s performance

Fig. 12 presents the distribution of the negative results
obtained from the SA of the opinions about Memorial Hos-
pital by 6 criteria.

Fig. 13 illustrates the distribution of sentiment analysis
results (positive, negative and neutral) of opinions about
Memorial Hospital by 6 criteria.

As Fig. 13 shows, the main positive aspects of Memorial
Hospital’s activities are the behavior of doctors and nurses,
as well as assisting medical staff with patients, and «positive»
opinions on these criteria exceed «negative» opinions by al-
most 2 times. At this point, it is noteworthy that the opinions



of the patients regarding the criterion of providing support
to them after being discharged are similar. It is important to
examine the organization of work related to that criterion
in the operation of this clinic, etc. Identification of the sit-
uation related to the activity of other clinics can be carried
out analogously.

Memorial hospital

%

Fig. 12. Distribution of negative opinions by criteria
representing the Memorial Hospital’s performance

= Nurses (neg.)

= Doctors (neg.)

= Staff (neg.)

= Cleans and help (neg.)
= Quietness (neg.)

m After discharge (neg.)

Memorial hospital

) After discharge (neu.)
After discharge (neg.) 3%

3%
After discharge (pos.) 9%
Quietness (neu.) 6%
Quietness (pos.) 0%
Quietness (neg.) 0%
Cleans and help (neu.) \
3% »

Cleans and help (neg.)
4%

Cleans and help (pos.)
14%

Staff (neu.) 14%

Fig. 13. Distribution of positive and negative and neutral opinions by the criteria
representing the Memorial Hospital’s performance

6. Discussion of experimental results

The formation of medical social networks and online
medical communities has led to the collection of a large
amount of information in media resources. This information
is unstructured, fragmentary, but very important. Thus, this
information expresses the public opinion, mass opinion, and
by taking advantage of it, objective, transparent decisions
can be made which can represent the public opinion regard-
ing the solution of a certain problem. This article considered
appropriate to analyze unsystematized information collected
in social media resources for making decisions to improve

Nurses (pos.) 9%

S——

Staff (neg.) 4%

the quality of medical care according to the relationship
segments formed between the stakeholders of the media, that
is doctors, patients, clinics, nurses, etc. The study was eva-
luated as a crowdsourcing study, since the patient opinions
collected in the patient-clinic segment of the medical social
media were selected as the research subject (in this case, the
patients expressing opinions were the participants of the
study, and the authors of the articles acted as professional
researchers).

As it is noted, it was considered appropriate to use open
databases collecting relevant information due to the lack of
information in medical media resources and ensuring the
reliability of the source. The study used cms_hospital _satis-
faction_2020 database by the Kaggle company. 442587 data
about the clinics included in the database, more precisely, the
patient opinion (text) sentiment was analyzed and classified
as «positive», «negative» and «neutral» (Fig. 2). Then the
accuracy of SA was checked with MultinominalNB and SVM
machine learning methods (Fig. 3) Verification confirmed
that the obtained SA-based classification provided high
performance (0.97) (Fig. 4, 5). Subsequently, referring to the
classification results, the general representation of the clinics’
activity was visually described (Fig. 6), and the possibility
of determining the rating of the clinics was shown (Fig. 8).

According to the public opi-
nion, the problems of the deter-
mination of the aspects of the
clinic’s activity and the criteria
prioritized by the patients more
in the evaluation of the activity
were resolved. To this end, a ma-
nual sentiment analysis of all re-
views in the cms_hospital_satis-
faction_2020 database, which it
referred to, was performed. The
authors of this study determined
that the patients prioritize 6 cri-
teria for evaluating the activity
of clinics: the behavior of nur-
ses, the behavior of doctors and
the behavior of assisting medi-
cal staff, compliance with the
rules of hygiene and cleanliness,
compliance with quietness, and
providing support to patients af-
ter discharge. Correspondingly,
new criteria for evaluating the
clinics’ activity in the context
of medical social media were
defined and their priority was
determined (Fig. 9).

In order to determine the situation related to these
criteria in the operation of the clinics, the patient opinions
were reanalyzed. The general opinions were reclassified by
each criterion, an attempt was made to identify the situation
related to the activity of the clinics according to the ratio
of «positive»/«negative» opinions (Fig. 10). The possibility
of identifying the activity of each clinic was shown with an
analogous approach (Fig. 11-13). Unquestionably, iden-
tification of condition was intended for the use in making
appropriate medical decisions.

The methodological base in the sources [16, 22, 23, 28]
about the information contained in medical social media
resources as a valuable resource has been extended, its use

Nurses (neg.) 3%

Nurses (neu.) 6%

Doctors (pos.) 9%

Doctors (neg.) 3%

Doctors (neu.) 6%

Staff (pos.)...



in making relevant medical decisions taking into account
public opinion. The advantage of the present article is that
the algorithm of the research dedicated to the solution of
this problem is clearly presented step by step, with reference
to available scientific-theoretical base, and it is hoped that it
will be easily understood by the reader.

This article is to define the criteria for evaluating the
clinics’ activity in the context of medical media.

In this modeling, lexicon-based sentiment analysis, the
classification of opinions as positive, neutral, negative based
on VADER (Fig. 2) and the verification of the accuracy of
the classification results based on MNB and SVM (Fig. 3, 4)
are realized with Python software, and the determination
of the clinics’ ranking according to the classification re-
sults (Fig. 6, 8), detection of criteria from reviews based on
manual sentiment analysis, and the determination of the cri-
teria priority according to the frequency (Fig. 9) are realized
with Excel software.

The accuracy of the opinions classification results is
checked by the MultinominalNB (0.96) and SVM (0.97)
machine learning methods, and once the results are proved to
show a sufficiently high performance (Fig. 4, 5), the research
is continued. The graphical representation of the results
obtained in the next steps in Excel is aimed at reflecting the
adequacy and reliability of the results.

This study considers decision-making modelling to in-
crease the effectiveness of clinics in the context of medical
social media for the first time, and an original approach is
proposed for the consideration of the public opinion in de-
cision-making by referring to sentiment analysis, content
analysis, statistical analysis, machine learning methods, and
the integration of the results obtained from the application
of various software.

A number of shortcomings related to the study should also
be noted. The main problem is that the information in medical
social networks is not directly available, therefore, in order to
obtain the necessary information, it is necessary to apply to
the open databases of the companies collecting the relevant
information. However, such databases are currently few, and
most of them are not available or are available at a very high
price. In this regard, let’s express our gratitude to constantly
updated Kaggle company, which structures the information
collected on the patient-clinic segment in medical social
networks and collects it in a single database. By the way, it is
possible to note that this company has a database of «patients’
opinions about doctors’ activities» formed on the basis of in-
formation collected in the patient-doctor segment of medical
social media. In our further study, let’s will to conduct similar
research by referring to this source of information.

During the research, it is found out that when expressing
an opinion about the activity of the clinic on any criteria, pa-
tients use the quality levels in natural language as «usually»,
«almost», «partially», «sometimes», etc. as. However, this
point was not considered in this research. Of course, it would
be better to take into account these statements for a more
objective identification of the situation by any criteria in the
evaluation of the clinics” activity. If to take into account that
the set new criteria are of a qualitative nature, their priority

is different, and on the other hand, they are expressed by
different quality levels, then it would be motivating to solve
the issue of evaluating the activity of clinics by reducing it to
multi-criteria evaluation in a fuzzy environment. This issue
corresponds to our (authors) traditional research area, and
it is planned to consider its solution in our further studies.

In is noted that analogous research can be performed in
other segments of medical social media with the proposed
approach. For example, a system of new criteria characteriz-
ing the activity of doctors through crowdsourcing research
according to the opinions collected in the doctor-patient
segment can be formed; the priority of doctors can be deter-
mined by these criteria and in different areas of medicine, and
problems can be detected.

7. Conclusions

1.442,587 data, more precisely, patient opinion (text)
about clinics, generated on the basis of opinions collected in
the patient-clinic segment of the medical social media, entered
into the cms_hospital_satisfaction_2020 open database by the
Kaggle company. Out of 442,587 data, 218,914 were classified
as positive, 190,360 as neutral and 333,13 as negative.

2. Determination of the accuracy of the classification
results obtained from SA was checked by MultinominalNB
and SVM machine learning methods, the classification was
confirmed to show high performance (0.97).

3. With reference to the classification results, the possi-
bility of evaluating the clinics’ activity and determining the
rating was shown.

4. Based on the manual sentiment analysis, criteria cha-
racterizing the clinics’ activity were determined and their
priority was determined according to the frequency of «word
forms» expressing the criteria.

5. Opinions were classified according to each criterion, the
possibility of identifying the situation related to the clinics’ ac-
tivity, the possibility of using the results for making decisions
to increase the effectiveness of the clinics” activity was shown.
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