
Analysis of Public Sentiments and Emotions in the Government Domain 

Gloria Hristova, Nikolay Netov 

Faculty of Economics and Business Administration, 

Sofia University “St. Kliment Ohridski”, Sofia, Bulgaria 

E-mail: g.hristova@feb.uni-sofia.bg, nnetoff@feb.uni-sofia.bg

Abstract: Digitalization of public services is a key component in the development of e-government. Citizens’ opinion, needs and overall 

satisfaction with the provided services are key to the successful implementation of digital transformation across the government sector. 

Hence, for policy makers it is highly important to develop efficient methods for analyzing public opinion. The main aim of this paper is to use 
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1. Introduction

Digital transformation is a topic of wide public interest and 

importance not only for the industry (Industry 4.0), but also for the 

government sector. Digitalization of various public services is a key 

component in the development of e-government [1]. The burst of 

the COVID-19 pandemic emphasized even more the importance of 

digital transformation. Despite the undeniable negative 

consequences of the pandemic on people‟s life and overall well-

being, it should be noted that this huge challenge had a positive 

effect on the path to digital transformation. The business was forced 

to digitalize many services sooner than planned. Take the 

tremendous change in the bank industry, for example [2]. Policy 

makers also had to speed up their plans for the development of 

electronic public services and the improvement of already existing 

ones. 

There are many complex factors that influence e-government in 

terms of speed of development and quality of the provided services 

[1]. Citizens are the main users of mobile applications or other types 

of electronic services in the government domain. Their opinion, 

pain points, needs and overall satisfaction with the provided 

services are key to the successful implementation of digitalization 

across the government sector. Hence, for policy makers it is highly 

important to develop efficient methods for studying and analyzing 

public opinion. Digitalization of public services in Bulgaria has 

been a controversial topic which gained a lot of attention in the 

recent years. The analysis of public opinion on this hot topic has 

been mainly performed with the help of surveys and in-depth 

interviews.  

The main aim of this paper is to use unconventional apparatus 

to mine public opinion on digital transformation in the Bulgarian 

government sector. The proposed approach relies on the application 

of natural language processing and text mining techniques. The 

study aims at discovering the sentiments and emotions freely 

expressed by citizens in popular social media websites in Bulgaria. 

Several topics of public interest are analyzed and insights on public 

perception of aspects of Bulgarian e-government are derived. 

Furthermore, benefits and limitations of using sentiment lexicons 

for mining public opinion are outlined. 

2. Related Work

In this section, we provide a brief review of related work in the 

field of public opinion mining in the government domain as well as 

a summary of current methodologies for the application of 

sentiment analysis on textual data. Rongxuan, Bin and Jianing [3] 

propose an analytical approach for the analysis of public reviews 

about government apps. The authors utilize deep learning 

techniques to develop an aspect-based sentiment analysis system. 

The practical implications of the study are important in the e-

government domain since the developed system is capable of 

capturing users‟ emotional needs and reactions to features of 

government apps. In [4] is proposed a business intelligence system 

aimed at tracking citizens‟ discussions, opinions and general 

satisfaction with policies of the Mauritanian government. Authors 

employ sentiment analysis techniques and develop a dashboard in 

an attempt to help the government in easier tracking of topics of 

public interest and sentiment polarity of public comments posted in 

social networks. 

In [5] are analyzed citizens‟ tweets about the “Digital India” 

initiative. Citizens‟ attitudes towards the campaign are first 

manually labeled into several categories followed by the application 

of techniques for descriptive analysis and discovery of verified 

Twitter accounts (for example, the Twitter page of Digital India) 

which received highest number of supportive/criticizing comments. 

In [6] is proposed an analytical approach for detection of 

propaganda against e-government. Deceiving information posted 

online carries major reputational risks and might have a huge 

impact on the development of digital public services. The proposed 

approach in [6] relies on the application of sentiment analysis 

techniques in order to detect hidden social networks and analyze in 

detail the negative comments about government services and the 

connections between users who wrote them. The main aim in [7] is 

to develop a sentiment analysis system that incorporates a neutrality 

detector model in the analysis of user opinions of an online payment 

system used by the government sector in Jordan. Authors create a 

sample of public comments posted in Facebook and Twitter which 

are manually annotated as expressing “positive”, “negative” or 

“neutral” sentiment. The proposed approach relies on the 

application of machine learning techniques for sentiment 

classification. 

Sentiment analysis is a broad research field focused on the 

extraction and analysis of people sentiments, opinions and attitudes 

expressed in textual data towards various topics of interest [8]. In 

[9] the sentiment analysis field is broadly divided into two related

but different concepts – namely, opinion mining and emotion

mining. Opinion mining mainly concerns the analysis of expressed

sentiments in their polarity utilizing three main sentiment categories

– positive, negative and neutral. This task is also known as opinion

polarity classification [10]. On the other hand, emotion mining

concentrates on the emotions reflected in a given text [9]. Emotions

can be described utilizing a wider range of categories far beyond

classifying them as only positive, negative or neutral. For example,

emotions expressed in a given text might be categorized as joy,

anger, fear etc.

Despite the difference in sentiment categories, both opinion 

polarity classification and emotion mining might be accomplished 

using similar methodologies in the text mining field. One very 

popular and established approach for sentiment analysis relies on 

the application of sentiment lexicons. These are dictionaries that 

contain words and phrases associated to positive or negative 

INTERNATIONAL SCIENTIFIC JOURNAL "INDUSTRY 4.0" WEB ISSN 2534-997X; PRINT ISSN 2534-8582

32 YEAR VIII, ISSUE 1, P.P. 32-35 (2023)



sentiments. Furthermore, the scope of such dictionaries might be 

broadened to include also emotions [11]. Among the most popular 

sentiment lexicons are SentiWord [12], VADER [13], NRC [11], 

AFINN [14] and other. The major advantage of using sentiment 

lexicons is that they are easy to use, fast and the results can be 

easily understood and explained. Lexicons are a common choice in 

completely unsupervised settings when labeled data is not available 

or expensive to obtain.   

Another general approach for sentiment analysis includes the 

application of machine learning techniques. Such methods are 

suitable in use cases when training data is available. Some of the 

most popular algorithms for sentiment text classification include 

Logistic Regression, the Naïve Bayes algorithm, Support Vector 

Machines (SVM), as well as different techniques from the deep 

learning field. In the past few years, another approach for sentiment 

analysis has emerged. The Transformer architecture [15] proposed 

by Google in 2017 combined with concepts from transfer learning 

led to the development of the so-called “pre-trained models”. The 

last are trained on large volumes of data and might be utilized in a 

wide range of problems in the natural language processing field 

including sentiment analysis. 

3. Methodology 

The main aim of this study is to employ natural language 

processing and text mining techniques in order to discover the 

sentiments and emotions expressed in citizens‟ discussions 

regarding aspects of digital transformation in the public sector of 

Bulgaria. To accomplish the main goal, public comments and 

discussions posted in various social networks used in Bulgaria were 

scraped. As a next step a dictionary of carefully selected keywords 

was developed – the selected words are related to several topics of 

interest regarding digitalization in the public sector (in general) and 

the usage of digital public services. Data were filtered based on the 

keywords in the dictionary. Public comments in the following ten 

topics were extracted from the scraped data: 

1. E-government/E-governance; 2. Usage of Personal Identification 

Code (PIC)/National Revenue Agency (NRA)/National social 

security institute (NSSI); 3. Various administrative services (for 

example, issue of Criminal Record Certificate, change of permanent 

address, insurance status check etc.); 4. Electronic prescriptions 

and medical referrals; 5. e-Health/Electronic health services; 6. 

Distance learning in schools; 7. Distance learning in 

universities/Online lectures; 8. Online enrollment in 

university/schools (paying fees online); 9. Traditional classroom 

learning (face to face); 10. Usage of online gradebook. 

After data filtering according to the chosen ten topics, textual 

data were processed in order to create a sample suitable for further 

analysis. Public comments and discussions in social networks are 

completely unstructured data often characterized by a lot of noise 

(the opposite of official documents which often follow a particular 

structure and have few misspellings or unusual observations). For 

this reason, an important step before the actual data analysis is to 

apply techniques for text data processing and cleaning. The 

following natural language processing tasks were performed during 

this phase of the current empirical study – case normalization; 

removal of URLs and fragments left from the data scraping process; 

removal of digits and special characters; removal of some patterns 

which are typical for textual data in social networks but are not 

relevant for the current analysis; word tokenization. 

In the previous section were mentioned the general 

methodologies for the application of sentiment analysis. Sentiment 

lexicons represent a straightforward, fast and simple approach for 

mining public sentiments. Furthermore, many of the available 

lexicons are most suitable for application on textual data from social 

networks/discussion forums on the Internet. For these reasons, the 

current research employs the lexicon-based approach for 

discovering sentiment polarity and emotions expressed in citizen 

discussions. Most of the available sentiment lexicons are developed 

for textual data in English. To the best of the authors‟ knowledge 

there is only one publicly available sentiment lexicon developed for 

textual data in Bulgarian. It is developed by Kapukaranov and 

Nakov on movie review data [16]. However, the lexicon‟s domain 

is substantially different than the data domain in the current study. 

For this reason, data were translated to English (original text data is 

in Bulgarian) in order to broaden the scope of potential sentiment 

lexicons that might be utilized.  

The previous section already mentioned some of the most 

widely used sentiment lexicons. However, most of these resources 

perform only sentiment polarity categorization meaning that each 

text receives a score which tells whether the text implies overall 

positive/negative/neutral sentiment. Since the current study aims at 

discovering not only the polarity of expressed sentiments towards 

digitalization in the government sector, but also the emotions of the 

general public, the NRC Emotion Lexicon is utilized in the 

empirical experiments. This dictionary contains approximately 27 

000 English words associated to eight basic emotions (anger, fear, 

anticipation, trust, surprise, sadness, joy, and disgust) and two 

sentiments (negative and positive). More details regarding the 

lexicon and its development could be found in [11]. 

The application of the NRC lexicon on textual data is simple 

and straightforward. A given word which is part of the lexicon 

might be associated with several emotions. For example, the word 

“love” might be associated with both the “positive” sentiment 

category and the “joy” emotion category. For each textual 

observation (comment) in the sample, the sentiment lexicon 

generates a list of associated emotions. This list is based on the 

words comprising the text. After taking into account all the words 

part of a given text that are also part of the lexicon, each 

emotion/sentiment category is associated to its corresponding 

frequency of appearance in the given text (“Emotion Score” - 𝐸𝑆). 

For example, if for a given text the frequency of appearance of the 

“joy” emotion is 0.5 while the frequency of other emotions is less 

than 0.5, then this text will be categorized as expressing mostly 

“joy” emotions. Here is an example of how the calculation of the 

“Emotion Score” (𝐸𝑆) will be made for the text document 𝑑𝑖  and 

one of the emotion categories (for example, “joy”): 

  𝐸𝑆𝑖  ("𝑗𝑜𝑦") =
𝑝𝑖
𝑄𝑖

  (1) 

𝑝𝑖  – number of words in the document 𝑑𝑖  which are associated with 

the “joy” emotion (count of the “joy” emotion); 

𝑄𝑖  – sum of the count of each emotion/sentiment presented in the 

document 𝑑𝑖 ; 

𝑑𝑖 ,𝑤ℎ𝑒𝑟𝑒 𝑖 ∈ 1. . .𝑁 – document 𝑑𝑖 . The overall number of text 

documents in the sample is denoted by 𝑁. 

The Emotion Score is simply the frequency of appearance for a 

given emotion/sentiment in a text document. After applying the 

lexicon on data, each public comment in the sample is associated to 

a list of corresponding ten Emotion Scores (eight emotion 

categories + two sentiment categories). Then, each document is 

labeled with the emotion/sentiment category which received the 

highest Emotion Score (the most prevalent category in the 

document). It is important to note that one document might be 

associated with several prevailing emotions/sentiments. A drawback 

of sentiment lexicons is that they are limited to the number of words 

they include. When in a given text document cannot be found words 

from the NRC dictionary which are associated with a given 

sentiment/emotion category, then the Emotion Score for this 

category is set to zero. This means that there might be documents 

that cannot be classified into any of the respective 

sentiment/emotion categories. 
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4. Empirical Study 

To accomplish the main goal underlying the current study, 

public comments were scraped from various Bulgarian social 

networks. Then, keyword filtering was applied on data in order to 

extract comments on chosen ten topics of public interest as 

described in the previous section. The final sample (after data 

filtering) contains 3072 public comments divided into 10 topics 

(groups). Comments were published in the time period from July 

2019 to January 2022. Table 1 reveals the six most common social 

networks included in the sample. It can be seen from Table 1 that 

there is one dominant social network - almost 83% of the public 

comments were published in “bg-mamma.com”. Indeed, this is 

probably one of the most popular discussion forums in Bulgaria 

where people share their thoughts on various subjects (lifestyle, 

economics, politics, parenthood etc.). 

Table 1: Most common social networks included in the sample 

Social network Frequency  

bg-mamma.com 82.58% 

dnevnik.bg 3.35% 

kaminata.net 1.66% 

magelanci.com 1.46% 

kaldata.com 1.24% 

forum.clubpolitika.com 1.24% 

 

 

 

Fig. 1 Most commonly used words in discussions about electronic 
prescriptions and medical referrals (word cloud) 

 

Word cloud visualizations like Fig. 1 are created for each of the 

ten groups of citizen comments. The size of words on the graph 

reflects their frequency (bigger words on the graph appear more 

frequently in text data). Such visualizations provide more context 

and are very helpful in gaining an insight into the contents of a 

given sample of textual data. Since the groups of comments are 

created based on keyword filtering, we already know the main topic 

in discussions part of a given group. Fig. 1 confirms that this group 

contains discussions mainly about health and electronic 

prescriptions/referrals (directions). The word “not” appears to be 

one of the most frequently used words in this group of comments 

which means that people have often used negation when sharing 

their opinion.  

Table 2 reveals the dominant sentiments and emotions in the ten 

topics of public interest analyzed in the current study. For each 

public comment in a given group is calculated the Emotion Score 

(ES) for each sentiment and emotion. Then, each comment is 

associated to the most dominant sentiment/emotion category(-ies) 

based on the derived Emotion Scores. It is important to note that 

several emotions/sentiments might prevail in a given public 

comment. The dominance of emotions/sentiments calculated as a 

percentage is illustrated in Table 2. For example, the first row in 

Table 2 reveals that “fear” is a dominant emotion in 7.46% of all 

comments about E-government and E-governance. The sum of rows 

might exceed 100% due to the fact that one comment might be 

associated to more than one emotion/sentiment category. 

The first observation that can be made based on the results in 

Table 2 is that people have predominantly used positive words in 

expressing their opinion. The usage of positive words (associated 

with positive sentiments) is far more frequent compared to the 

usage of negative words and this observation is valid for all the 

topics analyzed in the current study. In only two of the groups are 

observed similar frequencies of the comments expressing positive 

sentiments and those expressing negative sentiments – these are 

discussions about E-government and E-governance and electronic 

prescriptions and medical referrals. It can be seen from Table 2 that 

all emotions are represented in almost all of the analyzed topics. In 

only one of the groups (discussions about various administrative 

services) people haven't used any words associated with the 

emotions of surprise, joy and disgust. 

In Table 2 with green color are indicated the most dominant 

emotions and sentiments in each of the analyzed topics. Obviously, 

the emotions of trust and anticipation prevail in almost all the topics 

of public interest. For example, “trust” is a dominant emotion in 

almost 70% of the comments associated to usage of personal 

identification code for online services (nevertheless, it should be 

noted that this group contains less than 30 observations). Still, other 

emotions could be also detected – for example, fear and anticipation 

are equally represented in public comments about electronic 

prescriptions and medical referrals. In discussions regarding the 

usage of online gradebooks, people have used words associated 

with the emotions of trust and joy, but also fear. It appears that the 

topic about electronic prescriptions and medical referrals contains 

more negative sentiments than rest of the groups (presence of 

sadness and fear is also detected). This observation is also 

supported by the findings made in the word cloud analysis in Fig. 1. 

Furthermore, in the other group related to healthcare services (e-

Health/electronic health services) anger dominates in 14.29% of all 

comments. This is the only topic in which this behavior is observed 

but it should be noted that the group contains less than 30 

observations. 

Additional experiments are carried out with the aim of 

calculating the percentage of words in discussions on a given topic 

related to each emotion/sentiment category. Fig. 2 reveals that 

around 19% of words (with repetition) used in discussions about 

electronic prescriptions and medical referrals carry positive 

sentiments, while 15% are associated with negative sentiments. In 

rest of the groups, it is observed a much larger difference between 

the presence of these two sentiments (in favor of the positive 

sentiment category). This is another indication that the opinions in 

this particular group are rather divided. Similar graphs like Fig. 2 

are produced for the rest of the analyzed topics. The additional 

experiments reveal analogous results as those reported in Table 2 - 

trust and anticipation are the most dominant emotions in citizen 

discussions about digital public services.   

 

Fig. 2 Percentage of words (with repetition) related to each 
emotion/sentiment category in discussions about electronic prescriptions 

and medical referrals  
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5. Discussion and Conclusions 

The main aim of the study is accomplished. Several topics 

related to digital transformation in the Bulgarian government sector 

are analyzed in detail and insights on public perception of aspects of 

the Bulgarian e-government are derived. Natural language 

processing techniques are used to discover the main sentiments and 

emotions contained in opinions freely expressed by citizens in 

popular Bulgarian social media websites. However, it is important 

to note that empirical results may not reflect the entire Bulgarian 

population, but rather people who frequently use social networks. 

Another limitation is that data are scraped from the Internet and 

then filtered according to a set of specific keywords. Therefore, the 

empirical study may not include all the available data in discussion 

forums related to the chosen topics of public interest. 

The analysis reveals that the most dominant emotions conveyed 

in words people used to express their opinion are trust and 

anticipation. The last is valid for all the topics analyzed in the 

current study. This finding is not surprising since trust in the 

provided services is one of the most important factors which 

determines whether they will be used at all. Citizens anticipate 

efficient and reliable digital public services which will serve their 

needs and meet their expectations. Lack of trust in electronic public 

services will slow down the process of their adoption having a 

strong negative impact on digital transformation in general. Apart 

from the interesting insights on dominant emotions in public 

discussions, a result that rather came as a surprise is that few 

negative sentiments were detected in data. Apparently, people have 

not used many words associated to negative sentiments. However, 

this does not necessarily mean that they have not actually expressed 

a negative opinion since the NRC lexicon does not take into account 

negation.  

Another limitation is that sentiment lexicons take into account 

only the words and phrases they contain. This means that citizens 

might have also used other words that express sentiments/emotions, 

however, these will be omitted in the analysis. Furthermore, some 

emotions might be better represented in the NRC lexicon (in terms 

of number of associated words) than others. A future direction of 

the current study is the utilization of pre-trained models and transfer 

learning for sentiment analysis in the government domain. Such 

approaches are suitable for unlabeled data and are able to capture 

the contextual meaning of words in text documents. 

Table 2: Dominance of sentiments and emotions in each group of discussions. For example, the first row reveals that “fear” is a dominant emotion in 7.46% of 
all comments associated to E-government and E-governance. 

Topic Count Positive Negative Fear  Anger Anticipation Trust Surprise Sadness Joy Disgust 

E-government/E-
governance 

201 56.22% 34.83% 7.46% 3.99% 9.45% 23.38% 3.48% 4.48% 1.99% 2.49% 

 PIC/NRA/NSSI 26 34.62% 15.38% 3.85% 3.85% 15.38% 69.23% 3.85% 3.85% 3.85% 3.85% 

Various 

administrative 
services 

109 55.05% 21.10% 2.75% 0.92% 7.34% 37.61% 0.0% 4.59% 0.0% 0.0% 

Electronic 

prescriptions and 

medical referrals 

98 51.02% 34.69% 11.22% 2.04% 11.22% 37.76% 1.02% 6.12% 4.08% 1.02% 

e-Health/Electronic 
health services 

28 71.43% 28.57% 10.71% 14.3% 14.3% 28.57% 10.71% 10.71% 10.71% 10.71% 

Distance learning in 

schools 
1610 74.16% 12.92% 2.60% 0.75% 10.0% 21.68% 1.12% 2.11% 1.43% 0.99% 

Distance learning in 

universities/Online 
lectures 

249 82.73% 10.84% 1.61% 1.20% 16.06% 8.84% 1.20% 0.80% 3.21% 2.01% 

Online enrollment in 

university/schools 
77 80.52% 20.78% 3.89% 2.59% 3.89% 16.88% 1.29% 3.89% 2.59% 1.29% 

Traditional 

classroom learning 
(face to face) 

609 59.28% 22.17% 3.78% 0.66% 28.24% 21.02% 1.31% 3.45% 1.81% 1.15% 

Usage of online 

gradebook 
65 84.62% 6.15% 9.23% 6.15% 6.15% 44.62% 6.15% 6.15% 12.31% 6.15% 
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