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Älykaupungit ovat kehittyneitä kaupunkeja, jotka käyttävät infrastruktuurissa olevaa 

teknologiaa keräämään dataa ja analysoimaan sitä. Tämä opinnäytetyö tutkii älykaupunkeja 

Twitterin kautta käyttäen aihemallinnusta ja tunneanalyysiä. Aihemallinnus käyttää LDA 

metodia ja tunneanalyysi antaa tulokset neutraalina, positiivina tai negatiivina. Twitter on 

valtava sosiaalisen median sivu joka sisältää lyhyitä viestejä joita kutsutaan twiiteiksi. 

Twitter data, jota tässä työssä käytettiin, oli Archive Teams Twitter Grab. Tämä sisältää 

monia miljoonia twiittejä. Tämä data oli jaettu neljään vuosineljännes osaan vuodesta 2020. 

Tulokset eivät olleet tyydyttäviä, koska data seteistä löytyi niin vähän twiittejä liittyen 

älykaupunkeihin. Jotkut löydetyt twiitit eivät myöskään olleet järkeviä, koska ne sisälsivät 

hashtageja, ihmisten nimimerkkejä ja/tai muita kieliä mitkä eivät olleet latinalaisilla 

aakkosilla. Tämä aiheutti sen, että aihe mallinnus ja tunne analyysi eivät olleet niin 

mielekkäitä, koska data niiden tekemiseen oli niin vähä ja se ei ollut ideaalia. 
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ABSTRACT 

 

Lappeenranta-Lahti University of Technology LUT 

School of Engineering Science 

Software Engineering 

Petri Rämö 

 

Twitter topic modeling and sentiment analysis on Smart cities 

Master’s Thesis 2022 

 

44 pages, 11 figures, 6 tables, 1 appendix 

Examiners:  Assistant Professor Antti Knutas 

Keywords: Topic modeling, Sentiment Analysis, Smart city 

 

Smart cities are developed cities that utilize technology that is in infrastructure to collect 

data and then analyze it. This thesis studies Smart cities using topic modeling and sentiment 

analysis to analyze the topics and opinions on Twitter on the subject. Topic modeling utilizes 

the LDA method and sentiment analysis gives sentiments in neutral, positive, and negative. 

Twitter is a huge social media site that contains small messages called tweets. Twitter data 

that was used was from Archive Teams Twitter Grab. This contained multiple millions of 

tweets. This data has been divided into four quarters of the year 2020. The results were not 

satisfying as there were so few tweets in these data sets that contained Smart cities. Some of 

the tweets also didn’t make any sense because there are tweets that contain hashtags, 

people’s nicknames, and/or other languages that didn’t have Latin alphabets. This made the 

topic models and sentiment analyses not so meaningful as the data for doing them were so 

little and not ideal. 
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1 INTRODUCTION 

 

This is a master’s thesis in computer science made at the Lappeenranta-Lahti University of 

Technology LUT. This thesis studies smart cities through social media to find out the public 

topics and opinions. This is being done through topic modeling and sentiment analysis. This 

section introduces the context and structure of the thesis. 

 

1.1 Background 

 

Smart cities are cities where structures for the city are monitored by different kinds of 

technologies to design, construct or maintain them. This way computers for example make 

a solution from the data that is being gathered by this monitoring. These structures can be 

for example roads, airports, water, and power [1]. Nam and Pardo [2] listed many cities on 

all continents that were awarded as Smart21 communities where the cities had earned high 

enough scores in five factors that are part of smart cities. It is expected according to Frost 

and Sullivan [3] that there will be over 26 smart cities among the global cities and 50% of 

these cities will be in North America and Europe. 

 

Twitter is a social network where you can send tweets and receive them. You can get these 

tweets from singular people, businesses, and organizations [4]. Archive team is a collection 

of people who tries to save our digital heritage [5]. One of these is tweets that they collect 

on their Twitter stream [6]. With this data from each month, I can do a topic modeling and 

sentiment analysis to survey topics and sentiments that arise from the data. For this I am 

making a tool that does this for me utilizing R code language and its Shiny package. 

 

1.2 Goals and delimitations 

 

This thesis has two goals. One is to determine what kind of topics rises from the Twitter data 

using topic modeling and compare them to other similar kinds of research. The other is to 

determine what kind of sentiments rises from the Twitter data using sentiment analysis.  
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For topic modeling, the delimitations are, that we are only using Latent Dirichlet allocation 

(LDA) to do the topic modeling. The number of topics that are shown is determined by a 

tool. For sentiment analysis, the delimitations are, that the tool gives three kinds of 

sentiments: positive, negative, and neutral. For the Twitter data, we have delimited it to 

contain one year’s worth of data for the Archive Team. This one year has been separated 

into four quarters where every quarter has three months’ worth of data. 

 

This thesis has two research questions: 

1. What kind of topics rises from the twitter data relating to smart cities? 

2. What kind of sentiments do these tweets contain relating to smart cities? 

 

1.3 Structure of the thesis 

 

Section 2 contains a literature review that consists of the Internet of Things, Cloud 

computing, Smart city, Social media and microblogging, Twitter, Data mining, and Text 

mining. Section 3 contains methods that were used in this research. These were Quantitative 

research, topic modeling, and programming language. Section 4 contains a description of the 

tool that was used in this research. Section 5 shows and analyses the results that this tool 

gave. Section 7 is about follow-up research that could be done about the same topic. Section 

8 contains the summary of the research. After this comes references and an appendix. 
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2 LITERATURE REVIEW 

 

This literature review was done to get more knowledge of the research problem and its 

context. This starts by explaining the smart cities and research that has been done before on 

this topic. After that, it introduces the social media, Twitter, which is being used in this 

research and research before about this. Last it explains what text mining is, and what is 

being used to conduct this research about the smart cities from Twitter. 

 

There were multiple sources to get the information for this literature review. The main 

sources were LUT Primo, IEEE Xplore, and Google Scholar. The search terms, their plurals, 

and combinations that were used in this literature review: smart city, twitter, sentiment 

analysis, topic modeling, and text mining. Through these articles, more articles were 

discovered from their references.  

 

2.1 Internet of Things 

 

Internet of Things (IoT) was a phrase from a 1999 presentation by Kevin Ashton to link 

radio-frequency identification to Procter & Gamble supply chain [7]. Nowadays IoT can 

mean devices that are connected to the internet around the clock every day of the week. 

These devices can be anything nowadays like alarm clocks or televisions in your home or 

bus schedule board in the bus station. What IoT does to things is give them sensing, 

actuating, computing, and communication capabilities which makes these things smart. [8] 

 

IoT devices consist of two domains: Information Technology (IT) and Operational 

Technology (OT). OT domain contains sensors and devices that can be connected to 

machines or other devices. These devices collect data that can be sent somewhere else. IT 

domain contains things like servers, databases, and applications. These things handle 

connectivity between things and compute the data that is given by the OT things. These 

domains can also be seen in Figure 1. [8] 
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Figure 1 Venn diagram of IoT [8] 

 

For an object to be smart it needs sensors, actuators, memory, communication device, power 

source, and processing unit. Sensors sense things and make it to data. Actuators are triggered 

by the data and behave in a way that they are meant to in the physical world. Memory is 

where the data is stored. Processing unit is for processing and analyzing the data. 

Communication unit is for communicating with other smart units through a wired or wireless 

connection. Power source is for giving the object electricity so that it can operate. There are 

different kinds of trends when it comes to smart objects: decrease in size, increase in 

processing power, decrease in power consumption, and improved communication 

capabilities. Decreasing the size makes it easier to include these smart objects in our 

everyday life. Increased processing power allows making the smart object more complex 

and connected. A decrease in power consumption makes smart objects last longer without 

the need of external power or a change of batteries. Improvement in communication 

capabilities makes the sending data faster and over a wider area with wireless technologies. 

[8]  

 

2.2 Cloud Computing 

 

Cloud computing is accessing computing resources through a network. This way you can 

access for example other networks, servers, storages, applications, and services. This is 

visualized in Figure 2. These resources are made possible through virtualization which has 

two types: application virtualization and server virtualization. Application virtualization 

means that an application is hosted on a virtual machine that the users can access through 
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the network. This way the user doesn’t need the computing power, or the data used in an 

application on his personal device to use this application. In server virtualization, you access 

a server that can have multiple virtual machines. These virtual machines can have different 

operating systems and applications that the users have installed. This way many physical 

machines can be put into one physical machine as virtual machines. [9] 

 

 

Figure 2 Cloud computing 

 

As Marinescu [10] said in his book Cloud Computing: Theory and Practice: “There are three 

cloud delivery models: Software-as-a-Service (SaaS), Platform-as-a-Service (PaaS), and 

Infrastructure-as-a-Service (IaaS)”. SaaS offers a cloud application to use by the service 

provider. This application can be accessed using different clients that utilize the network. In 

this, the infrastructure of the cloud is defined by the service provider and can’t be changed 

by the user. PaaS offers a cloud infrastructure to host applications. In this, the service 

provider has defined the programming languages and tools that it supports. Also as in the 

SaaS, you can’t change the cloud infrastructure that the provider offers. IaaS offers a part of 

computing resources from a physical machine. This means for example processing, storage, 
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and networks. In this, you also can’t change the cloud infrastructure but you can manage the 

operating system, storage, deployed applications, and some network components. [10] 

 

2.3 Smart city 

 

Smart cities are meant to “function as a device”. The technology, that computes and gathers 

data from day-to-day life, is hidden in the infrastructure. This is possible nowadays through 

IoT and cloud computing, where the sensors that gather data are inserted in almost every 

possible thing and then send to the cloud. This way the data can be real-time and accessed 

almost everywhere. [11] 

 

There are also other definitions of smart cities. McCord et al. [12] defines them as an “urban 

development project that design computation systems and sensory technology to monitor 

activity and regulate energy consumption and resource distribution”. Nam et al. [2] have 

many definitions for it and every one of them has one thing in common: to make the city 

better. Hall et al. [1] say that this can be done by monitoring and integrating the city’s critical 

infrastructures. These are for example transportation, communication, water, and power. 

 

In Figure 3 we can see application areas that smart cities automate or facilitate according to 

Lim and Maglio [13]. In Table 1 these areas are opened to 5 categories: connection, 

collection, computation, communications, and co-creation. Connections mean the 

connection between things and people. Collection means data that has been gathered through 

things. Computation means using computational processes for decision-making using an 

algorithm and expert knowledge. Communications means both machine-to-machine 

communications and machine-to-human communications. Co-creation means value between 

customers and the providers in the system through activities. [13] 
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Smart service 

system 

Connection Collection Computation Communication Co-creation 

value 

Smart energy Between 

customers, 

providers, 

other 

stakeholders, 

and things 

Energy 

operations 

data 

Optimize 

energy usage. 

Between 

machines, 

facilities, etc. 

Activities of 

energy 

customers, 

energy 

providers, 

and other 

stakeholders 

Smart 

transportation 

Between 

vehicles, 

roads, and 

other related 

infrastructure 

Vehicle 

operations 

and health 

data 

Safety and 

efficiency 

Between vehicles, 

people, etc. 

Activities of 

drivers, 

riders, and 

other 

stakeholders 

Smart logistics Between 

facilities, 

vehicles, and 

goods 

Production 

and logistics 

data 

Optimal 

operations 

management 

Between 

facilities, 

vehicles, people, 

etc. 

Activities of 

manufacture

rs, 

distributors, 

and other 

stakeholders 

Smart health Between 

people, 

devices, and 

the health 

care 

environment 

Health-

related data 

Diagnosis and 

prognosis 

Within or through 

technology-

equipped people, 

living, and care 

environment 

Activities of 

patients, 

healthy 

people, 

healthcare 

providers, 

and other 

stakeholders 

Smart farming Between 

living 

properties 

and farming 

equipment 

Condition and 

environment 

data 

Optimal health 

management 

Within or through 

a technology-

equipped farm 

Activities of 

farmers, 

agriculture 

companies, 

and other 

stakeholders 

Smart building Between 

customers, 

providers, 

other 

Work-related 

and building 

operations 

data 

Comfort and 

performance 

optimization 

Within or through 

a technology-

equipped building 

Activities of 

building 

occupants, 

managers, 
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stakeholders, 

and things 

and other 

stakeholders 

Smart home In-home and 

home-around 

connections 

Living-

related data 

Context-

awareness 

Wireless within or 

through a 

technology-

equipped house 

Activities of 

residents and 

related 

stakeholders 

Smart security Between 

customers 

and providers 

Property 

condition and 

environment 

data 

Real-time 

surveillance 

Real-time 

communications 

between 

stakeholders 

Activities of 

property 

owners and 

protectors 

Smart hospitality Between 

people and 

the service 

environment 

Stay-related 

data 

Context-

awareness 

Within or through 

a technology-

equipped 

hospitality 

environment 

Activities of 

guests and 

service 

providers 

Smart education Between 

people, 

devices, and 

education 

environments 

Study-related 

data 

Maximal 

learning and 

satisfaction 

Within or 

Through 

technology-

equipped 

education devices 

and environment 

Activities of 

students, 

teachers, and 

other 

stakeholders 

Smart city Between 

people and 

organizations 

Public 

purpose data 

Optimal 

administration 

and living 

conditions of 

citizens 

Between 

stakeholders 

Activities of 

citizens, 

public 

infrastructur

es, 

government 

agencies, 

and other 

stakeholders 

Table 1 Characteristics of Smart Service Systems [13] 
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Figure 3 Application areas related to smart cities [13] 

 

Lim et al. [14] researched smart cities using topic modeling in 2018. For data, they used a 

total of 2856 articles to find keywords from them. They used Latent Dirichlet Allocation for 

this. keywords that came up were data, system, service, network, urban, technology, sensor, 

environment, citizen, public, social, mobility, sustainable, life, open, knowledge, policy, 

integration, decision, and local. 

 

Because a smart city consists of many different aspects of a city, there have been many 

different types of research on it. Lim et al. [13] address the problem that arises from gathering 

the big data that is gathered from different infrastructures of the city. These areas can be seen 

in Figure 3. That research gives reference models to help with it and challenges that arise 

from transforming that data into something useful information. Badii et al. [15] have a 

similar kind of problem where they present a web and a mobile app to show this data that 

has been gathered in an informative way. McCord et al. [12] on the other hand present and 

review one smart city project, Sidewalk Toronto, which is quoted in the research as to be 

“district wide energy system”. Pradeep et al. [16] present on a more general level what kind 

of challenges are in developing technology to utilize smart city and offers a solution for this. 

It also addresses the security and privacy aspects that the data that is being gathered can 

contain. 
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2.4 Social Media and Microblogging 

 

Social media contains websites and applications that use social networking. These websites 

and applications range from text format to video format [17] and allow interaction, 

networking, and collaboration among users. For brands and individual people, social media 

can offer different things. For brands it offers platforms to market, connect with customers, 

and have feedback for example. For individual people, it offers to place to socialize, express 

yourself, do research, and search for entertainment for example. Nowadays social media 

users can influence other people on decisions and products. This can be a problem as 

Alkawaz et al. [18] have studied social media has also fake news. [19] 

 

Microblogging is a form of social media [20]. Microblogs offer interaction with your friends 

and showing your own opinions, and have increased the number of users using them over 

the years [21]. In microblogs, you can send a small amount of content [22]. This content can 

contain for example text, images, and video links [22]. Some of the more popular 

microblogging sites are Facebook, Sina Weibo, and Twitter [20]. 

 

2.5 Twitter 

 

Twitter is a microblogging service where people can share short messages with everybody. 

Its first publication was on 16th July 2006 and has since grown in popularity. Normally these 

microblog messages are written by people individually to their profiles but there are also 

profiles for example companies and political parties whose messages are updated by their 

teams of communication. Depending on the user, these messages follow period updates. 

Some update once a day, some by every hour. The topics of these blogs are determined by 

the users and can vary a lot. Reader count also varies depending on the user and the follower 

amount that this microblog has. According to Martínez-Cámara et al. Twitter was eight most 

popular website in 2014. [23] 

 

On Twitter, you can send 280 characters (originally 140 characters) messages, called tweets 

[24]. These messages can contain links to other websites, images, or videos [23]. These 
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messages are shown to your followers and others that search your Twitter user. You can also 

decide who you are sending your messages to if you don’t want the world to see them. This 

can be done on devices that have access to the Internet. Each of these messages has its own 

URL which means that these messages are their own web pages. In Figure 4 you can see the 

template of a tweet. [4] 

 

 

Figure 4 Tweet template [25] 

 

There have also been many types of research that utilize Twitter to get data. Doshi et al. [26] 

present an application that shows trending hashtags and active users by using real-time 

Twitter data from Twitter API. This application also utilizes users’ coordinates to visualize 

where the tweets are from on a world map. Kaur et al. [27] use Twitter API to extract tweets 

from Twitter and get additional information about these tweets. This information could be 

useful for example marketing companies. Zhang et al. [28] studied over 69 million tweets to 

show if there is Twitter trend manipulation. This is being done by determining what reason 

some topics become trending. 

 

2.6 Data Mining 

 

Nowadays different organizations and institutions collect and store data for future use. This 

data can be in any format, be very large, and have difficult data structures, which makes it 

hard to handle and use. Data mining is discovering knowledge from data through an iterative 
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process. It offers a solution to find new information from a large amount of data that can’t 

be handled by humans but by a computer. There is predictive data mining and descriptive 

data mining. In predictive you use variables and fields in the data to predict the outcome. In 

descriptive you find patterns from the data that can be understood by humans. [29] 

 

Data mining is a part of knowledge discovery from data (KDD). All the steps that are in 

KDD are data cleaning, data integration, data selection, data transformation, data mining, 

pattern evaluation, and knowledge presentation. In these steps the data is first cleaned, then 

combined, if there are multiple data sources, then relevant data is selected and transformed 

to the correct format, then intelligent methods are applied which means mining, and last, the 

patterns are evaluated and transformed so that the knowledge can be presented. These steps 

are visualized in Figure 5. This data that can be mined can be any kind of data. It can be 

database data, data warehouse data, transactional data, or some other form of data like spatial 

data or text data. [30] 

 

 

Figure 5 Knowledge discovery from data [30] 

 

2.7 Text Mining 

 

Text mining is a special type of data mining. As said in the previous chapter, data mining 

means the process of getting knowledge from any kind of data. In this case, because it is text 

mining, it means that the data is text. This text is usually unstructured data that contains 

strings that have words in it. This text is also written in natural language and excludes 
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artificial languages such as source code or mathematical equations. Typical text mining tasks 

are classification, clustering, and association. [31] 

 

Text mining started in the 1950s when text classification and text clustering came up as a 

part of pattern recognition. The classification and clustering at that time was book and 

information classification and clustering which was done based on the topics and contents 

of texts. New applications were needed when Internet technology started to popularize in the 

1980s and 1990s as the text mining field developed and grew. In 1987 first Message 

Understanding Conference took place where the performance of text mining techniques was 

evaluated. Nowadays text mining has been done on social media. [32] 

 

Text is a set of words that is written in natural language. These words consist of multiple 

characters that define the meaning of the word. These words are grouped in sentences and 

then grouped into paragraphs. These sentences and paragraphs have meaning based on the 

words and word order that they have. The sentences have rules which are called grammar. 

Sentences start usually with a capital letter, have white spaces between words, and end with 

punctuation marks. These punctuation marks are also how the sentences are divided into 

paragraphs. [31] 

 

In classification, one or more categories are assigned where the data is then categorized. 

There are two kinds of approaches to this: one where human has made the category rules 

and one where the machine has made the rules. In the human approach, you make the rules 

yourself, and then the data is categorized by them. In the machine approach, rules are made 

by the machine using sample data. In clustering data is processed from one group into smaller 

subgroups that have similarities among the subgroup items. The most favorable outcome is 

where the similarities have been maximized among the items in the subgroup and similarities 

have been minimized between the subgroups. In association rules are defined from the data 

sets using the if-then form. This means that if something happens then something else 

happens. This has been used for example to find purchasing trends where if something is 

bought what else is bought with that item also. [31] 
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The researches on text mining vary very much. Matsumoto et al. [33] studied data where the 

data contains numerical and text data. For this, they made a mining framework that would 

analyze this text and numerical data. Zhong et al. [34] studied how to mine patterns from 

text documents. For this, they presented an innovative and effective pattern discovery 

technique. This technique consists of processes of pattern deploying and pattern evolving. 

Tekiner et al. [35] studied text mining with high-performance computing. This was chosen 

because there is exponential growth in text data from gigabytes to terabytes.  
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3 METHODS 

 

This methods section explains the methods that were used to create this research. First, it 

explains the research method that was used to conduct this research. After that, it explains 

topic modeling and sentiment analysis that are done on the smart city about the Twitter data. 

Lastly, it introduces the programming languages that were used to make the tool that then 

does this topic modeling and sentiment analysis.  

 

This section was made similar way as the literature review to get reliable information about 

the methods. Same sources were used but with the correct search term, combinations of 

them, plurals of them, for the methods. These search terms were Descriptive analysis, 

Quantitative research, Topic modeling, Latent Dirichlet Allocation (LDA), Sentiment 

analysis, Bing, R, and R shiny. 

 

3.1 Quantitative research 

 

Quantitative research is a research method where you collect and analyze data to test 

objective theories [36]. This data is structured and can be represented numerically [37]. 

Through this, it produces accurate and reliable measurements that can be used in statistical 

analysis [37].  

 

Quantitative research has a hypothesis or research question/s that is being studied through 

data. This hypothesis or research question/s should be clearly stated and ideally narrowed 

down to a one-sentence statement of the problem. Quantitative research also has a design on 

what way the data is being studied. These are Descriptive, Correlational, Experimental, and 

Quasi-experimental. The design is chosen depending on the aim of the research. [36] 

 

Descriptive research is the design that is used in this study. Descriptive research is restricted 

to factual registration and it doesn’t try to explain why things are this way. There is no need 

to form a hypothesis or development of theory for descriptive research. Descriptive research 

tries to be objective or neutral, and it just tries to show how the reality is. The approach to 
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the descriptive research depends on the study width and study depth. Study width means the 

data that is being processed and depth means cases that are being studied through this data. 

[38] 

 

3.2 Topic modeling 

 

Topic modeling is a technique used in text mining and Natural Language Processing (NLP) 

[39]. Its purpose is to find a collection of words from textual data that is given [40]. It tries 

to identify patterns and relationships from this data [41]. This group of words is called topic. 

This way you can find recurring patterns of words from textual data. There are multiple topic 

modeling methods. These are for example Vector space model, Latent semantic indexing, 

Probabilistic latent semantic indexing, and Latent Dirichlet allocation (LDA). In Figure 6 

we can see the framework of topic modeling. [42] 

 

 

Figure 6 Framework of topic modeling [42] 

 

LDA is an unsupervised topic modeling method [39], [41]. In LDA topics are modeled as a 

probability distribution over the words that are in the corpus[40], [43]. LDA contains an 

algorithm that looks for words that have co-occurrences in the documents in the corpus [40]. 

It also assumes that these words that appear in the same documents belong also to the same 

topic [40]. For LDA you need to choose the number of topics before you can run it [40]. The 

word that has the highest probability in the topic usually gives a hint of what the topic is 

[39]. 

 

There are earlier studies where topic modeling was utilized from Twitter’s tweets. Dahal et 

al. [40] try to evaluate public opinion on global climate change through topic modeling and 

sentiment analysis. They also have geotagged the tweets so they can see how the opinion 
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changes over the world. Hidayatullah et al. [41] utilize topic modeling for Indonesian Twitter 

accounts that tweet about football. They then make a word cloud of the topics where you can 

see what word is most frequent in the topic based on their size. Yu et al. [44] present a new 

topic model on Twitter data which is called Twitter hierarchical latent Dirichlet allocation. 

it should mine hierarchical dimensions of tweets’ topics which would help in their online 

analytical processing.  

 

3.3 Sentiment analysis 

 

Sentiment analysis is a category in NLP and text mining [45]. Sentiment analysis can be 

used to identify the emotional state or opinion from textual data [40]. This textual data is 

processed to present some kind of topic so that the sentiment analysis gives an opinion on a 

specific topic [45]. Figure 7 shows the framework for sentiment analysis. There are three 

approaching types for text in sentiment analysis according to Nann et al. [45]: using a 

machine learning-based classifier, using relevant n-grams of the text and document with an 

unsupervised semantic orientated scheme, or using publicly available lexicon dictionaries 

which provide positive, negative or neutral scores for each word. 

 

 

Figure 7 Framework of sentiment analysis 

 

A lexicon dictionary is a set of words. These words are given a sentiment numeric value 

which shows words’ polarity and intensity. More advanced lexicon dictionary methods have 

also grammar rules to boost the quality of sentiment analysis. Also, this lexicon approach 

can be used in combination with machine learning methods. An advantage that these lexicon 

approaches have is that they can be used without any additional information on the sentiment 

analysis. One limitation that these lexicons have is that they are troublesome to make since 

the lexicons are usually made through manual labor. [46] 
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There are studies on sentiment analysis from Twitter data. Rahman et al. [47] present a model 

that does sentiment analysis from Twitter data. This model utilizes in combination 

supervised and unsupervised machine learning algorithms. The subjects of this study were 

McDonald’s and KFC to see which is more popular. Wagh and Punde [48] research in their 

study different types and techniques used in sentiment analysis. For this Twitter was used as 

data. It shows what different levels of analysis there are in sentiment analysis and the process 

of sentiment analysis. Prakruthi et al. [49] present an application that does sentiment analysis 

on live Twitter data. The application searches tweets with user-given hashtags and the 

number of recent tweets and shows the results as pie charts and histograms.  

 

3.4 Programming language 

 

R is a language and environment available as Free Software and Open Source. R provides 

an environment where you can make various statistics and graphics from data. It is also very 

extendable as you can make yourself your extensions. These extensions are called packages. 

As said on the R documentation about page, it has an effective data handling and storage 

facility, a suite of operators for calculation on arrays, a large integrated collection of 

intermediate tools for data analysis, graphical facilities for data analysis, and display either 

on-screen or on hardcopy, and a well-developed, simple and effective programming 

language which includes conditionals, loops, user-defined recursive functions and input, and 

output facilities. [50] 

 

Shiny is a framework that helps you create web applications using R code. It requires zero 

ability to code HTML, CSS, or JavaScript to make Shiny apps. In Shiny you have general 

building blocks that build your web app as you want to. Shiny is designed to feel easy so 

you can concentrate on processing data. [51] 
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4 ANALYSIS TOOL AND PROCESS 

 

The tool for making topic modeling and sentiment analysis is called Smamta (Sosiaalisen 

Median Aihe Mallinnus ja Tunne Analyysi translated Social Media Topic Modeling and 

Sentiment Analysis). This section explains the tool, how it was made, what it can do, and 

how to utilize it. This section also goes into detail about how the code that was made works 

and how the results can be read. This section also explains what you need to make this tool 

work. 

 

4.1 Prerequisite 

 

For this tool to work you need these tweets in the correct format. This is being done using a 

parser [52] that I modified to parse these folders containing tweets into a .csv file. This parser 

is made using Python Jupyter Notebook and it utilizes Python 2. Parser goes into every 

subfolder in the Twitter stream folder and collects every tweet it can from these files and 

puts them in their own row to the .csv file. The parser also counts how many tweets it has 

extracted from the stream and how many it has failed. When this is done the tweets from the 

corresponding folder are in a file that’s size is way smaller and easier to handle by the 

Smamta. 

 

4.2 User interface 

 

The user interface is pretty simple and easy to understand. It consists of input and output 

areas that utilize RShiny elements. The input area is made with a sidebar panel element and 

consists of text input element, select input element, and action button element. The output 

area consists of two text output elements and two plot output elements. Outside these areas 

is the title panel element which has the tool’s name. Figure 8 shows the user interface. In the 

grey box on the left is the input field and on the right in white is the output field. 
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Figure 8 User interface example 

 

Input areas text input element is for inputting a word that user wants to utilize to define the 

topic modeling and sentiment analysis. The select input element is for you to choose which 

dataset you want to utilize. It gives the dataset as a slide menu where you can choose the 

correct one you want. The action button element is for running the topic modeling and 

sentiment analysis. 

 

Output areas text output elements are for giving the title to plots so users will know which 

one is topic modeling and which one is sentiment analysis. Plot output elements are for the 

outputs that the tool gives as it is run. One output is for the topic modeling and the other is 

for sentiment analysis so that they both can be shown at the same time. 
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4.3 Workflow 

 

In Figure 9 you can see the workflow of Smamta in activity diagram form. Work starts when 

you have the preprocessed file that was described in section 4.1 so that you can use the tool. 

Now you have a user interface in front of you and you can put inputs and run the tool. After 

this tool checks if the inputs are correct. If they are not correct, the tool gives you an error 

message and you can put new inputs. After correct inputs user, the work that is being done 

is not shown to the user until the final output. What’s happening in the background is that 

first the preprocessed file is being parsed, using the input that the user has put, into a corpus. 

After that, the corpus is cleaned from spaces, punctuations, numbers, stopwords (articles and 

conjunctions for example), transformed into lowercase, and stemmed. After this, the 

document is transformed into a document term matrix which is needed for topic modeling 

and sentiment analysis. In the topic modeling side, variable K is first searched. This variable 

determines how many topics there are in the corpus. After this topic modeling is done using 

this K value and LDA. Basically at the same time sentiment analysis is being done using an 

existing dictionary to determine if the words are negative, positive, or neutral. After these, 

the output is shown to the user where, in topic modeling, there are as many topics as the K 

was determined, and the 10 most common words in that topic are shown, and in sentiment 

analysis, the amount of each sentiment is put in a bar diagram and is shown in numeric value. 

These results are also put into a .csv files so that they can be used outside this tool.  
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Figure 9 Smamta activity diagram 
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5 RESEARCH RESULTS 

 

This section contains research results that the tool gave from the Twitter data of 2020. The 

search words that were used were different forms of singular and plural of the word Smart 

City. These words were smart city, smart cities, smartcity, smartcities, Smart city, Smart 

cities, Smartcity, Smartcities, Smart City, Smart Cities, SmartCity, SmartCities, smart City, 

smart Cities, smartCity and smartCities. The data were distributed over 4 quarters. Each 

quarter has 3 months of worth of data from the year 2020, which means that quarter 1 has 

January, February, and March, quarter 2 has April, May, and June, quarter 3 has July, 

August, and September, and quarter 4 has October, November, and December. 

 

Topic models have been shown in as a table, where each word of the topic is shown, and at 

the bottom is the topic that these words represent as can be seen in Table 2, 3, 4, and 5. 

Sentiment analysis is shown as a clustered column chart where the results are shown in 

quantity and percent form. The results were not exactly what was expected as there were so 

few tweets that were found with these search words. As there were very few tweets, I also 

checked the tweets to help determine the topics. The unedited results can be seen in 

Appendix 1. 

 

5.1 Quarter 1 

 

In Table 2 you can see the first quarter of the year 2020 where the tool found 166 tweets as 

can be seen in Table 6. There are many unknown topics as there were tweets that contained 

only hashtags and/or people’s names that the topic model took as a topic. Topic words 3 had 

the first topic that contained a smart tree. Searching from the tweets I found that the smart 

tree was a tree that could have Wi-Fi and other smart features. Topic words 5 contained 

development and budget as topics and topic words 8 transportation and environment. In 

Figure 3 topic words 3 would go to smart environment category, topic words 5 would go to 

smart city category, and topic words 8 would go to smart transportation category and smart 

environment category. 
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Topic 
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Table 2 Quarter 1 topics 
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There were mostly neutral tweets as many of the tweets contained only hashtags and/or 

people names which don’t have any sentiment value. Other than that, the tweets that got a 

value were mostly positive regarding smart cities. 

 

5.2 Quarter 2 

 

There were fewer tweets about smart cities in quarter 2 as can be seen in Table 6. This also 

affected the topics as there were 5 topics whereas the first quarter had 9 as you can see from 

Tables 2 and 3. Some topics didn’t make sense, same as in quarter 1. Topic words 2 had a 

topic of health and topic words 3 had a topic of IoT. In Figure 3 topic words 2 would go into 

smart health category and topic words 3 would go to any of the categories as usually every 

one of them has IoT. 

 

Same as in quarter 2, there were mostly neutral tweets for the same reasons as in quarter 1. 

Some tweets had some writing that was not in the Latin alphabet which can be seen in topic 

words 1 as there are just some meaningless character strings. Other than that there were more 

positive tweets than negative but compared to the first quarter positive tweets had a bigger 

decrease than negative tweets. 
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Topic words 1 Topic words 2 Topic words 3 Topic words 4 Topic words 5 
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Table 3 Quarter 2 topics 

 

5.3 Quarter 3 

 

Quarter 3 also had fewer tweets than quarters 1 and 2, as can be seen in Table 6, but had the 

same quantity of topics that quarter 2 had. Topics words 1 had IoT as a topic, topic words 2 

had infrastructure as a topic, topic words 3 had transportation as a topic, and topic words 4 

had disturbance as a topic. There was also one topic that didn’t make sense as you can see 

from Table 4. In Figure 3 topic words 1 could go to any of the categories, topic words 2 

would go to smart cities, smart environment, smart transportation, and smart building 

category, topic words 3 would go to smart transportation, and topic words 4 could go to any 

of the categories as the topic hint towards what the smart cities can cause. 
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Table 4 Quarter 3 topics 

 

The distribution of positive, neutral, and negative tweets changed a little bit from the first 

two quarters. This quarter had fewer neutral tweets even though there were some same issues 

as in the first 2 quarters. There were also mostly positive tweets as there were no negative 

tweets. 

 

5.4 Quarter 4 

 

Quarter 4 has the least quantity of tweets compared to other quarters as can be seen in Table 

6. It was also the first quarter that didn’t have any unknown topics as can be seen in Table 

5. Topic words 1 had drones and government, topic words 2 had transportation and smart 

city industry, topic words 3 had sustainability and intelligent transportation, and topic words 

4 had training cyber professionals as a topic. In Figure 3 topic words 1 government would 

go to smart city category and drones could go to multiples like smart logistics, smart 

building, and smart farming as it could be used in all of those. Topic words 2 transportation 

would go to smart transportation and smart city industry would go to smart energy, smart 
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logistics, and smart farming. Topic words 3 sustainability would go to smart environment, 

and intelligent transportation to smart transportation. Topic words 4 would go to smart 

education. 

 

Topic words 1 Topic words 2 Topic words 3 Topic words 4 
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Table 5 Quarter 4 topics 

 

The distribution of tweets sentiments were similar to in quarter 3. There were fewer neutral 

tweets as this quarter had the most meaningful tweets. It also had more positive tweets as 

there were no negative tweets. 

 

5.5 Overview of the results 

 

Overall there were not many tweets found from the data sets. There are reasons for this that 

I didn’t see in the beginning when I tested these data sets. I tested these data sets with more 
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common words and not so specific as a smart city. These more common words game me 

more tweets and more meaningful results. For example, I used the word dog which gave 

results of different kinds of dog-related topics and even political topics because there is a 

Turkish politician named Erdogan who has a dog in his name. Other testing words that I 

used were house and horse which also gave more meaningful answers. Because there were 

so few tweets the topic models looked a little bit different than in testing. In testing, there 

were usually about 10 most common words of the topic, but as you can see in Table 2, 3, 4, 

and 5 there are topics that have more than 10 most common words. This happens because 

there are so many same amounts of words that the tool doesn’t choose but shows all of them. 

This is because there is about one tweet or retweets of that same tweet that the same words 

come up in the same amount.  

 

 

Figure 10 2020 Sentiment score 

 

Another reason that there weren’t so many answers could be that these data sets were 

“Spritzer” version of Twitter grabs [6]. This is said to be the most light and shallow version 

[6]. This can be seen in Table 6 where there are about five to six million tweets every quarter. 

Gabriel Stricker [53] says that there are over 500 million tweets sent each day. If I have five 
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to six million tweets from three months, it seems so little compared to how many are sent in 

a day. 

 

 
Figure 11 2020 Sentiment score as a percent 

 

One reason that the results were not so meaningful was also the language. I only used English 

words and the Latin alphabet. On Twitter, you can use any language that you want and any 

alphabet you want. This means that these data sets can have various languages and alphabets. 

This was seen in some results as there was a used the word smart city in a tweet but the rest 

of the tweet was in a different language. Also for example in Table 4 topic words 4 there are 

some strings that are characters that mean nothing. This happens if the word is not in the 

Latin alphabet or has some emojis as my parser could not translate them to meaningful Latin 

alphabet words. 

 

 

Table 6 Quantity of total tweets and found tweets 
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The last reason that some of the topics didn’t have a meaning was the tweets themself. Some 

tweets only contained hashtags and/or people’s Twitter nicknames. These results became 

because these hashtags and/or people’s Twitter nicknames had the words that were searched 

in them. This means that someone has just tagged some hashtags and nicknames to a tweet 

that itself doesn’t maybe have a meaning in text form. These tweets can have meaning as 

they can contain links, pictures, and/or videos that are not seen in text format. 

 

Sentiment analysis gave a different kind of insight on found tweets. As I didn’t take any 

other results than the end results, I can’t see what sentiment weights it gave to each tweet. 

But I speculate that most of the neutral tweets didn’t have a meaning in the first place which 

result in a neutral weight to the tweet. These tweets would contain non-Latin alphabets or 

hashtags only for example. As for the tweets that had a positive or negative weight there 

could be also these tweets that didn’t have a meaning but had a word that has a positive or 

negative weight that would push it outside of the neutral. Although this could be the case it 

can be seen from Figure 10 and 11 that there is mostly a positive or neutral view of smart 

cities in these data sets. 
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6 DISCUSSION 

 

From the previous section we can see that we got some topics out of the data sets that would 

go to the categories. Categories that rose from the datasets were smart environment, smart 

city, smart transportation, smart health, smart building, smart logistics, smart farming, smart 

energy, and smart education. In each quarter there were more positive tweets than negative 

tweets. There were also many neutral tweets in quarter 1, 2, and 3. 

 

Comparing these results to earlier research results, I used Lim et al. [14] results that were 

presented in section 2.3. Some of the results in topic modeling were the same as what they 

got from the articles in smart city literature. The same topics were sustainable and 

environment. Some that were close to Lim et al. [14] keywords were IoT as this contains 

sensors and transportation as this contains mobility. 

 

The results were not what I expected. There were so few tweets in each quarter. This made 

that the results in Tables 2, 3, 4 and 5 didn’t always show 10 most used words in topics as 

there were multiple words that had the same quantity. Some quarter also had many neutral 

tweets which could be because there were tweets that had nicknames, hashtags, and/or not 

Latin alphabets that cause tweets to have neutral sentiment value. 

 

Data sets affect the generalization of the results. As the data set is light and shallow, it doesn’t 

give a full view of Twitter topics and sentiments from these quarters. In this research we got 

around five to six millions tweets per each quarter when there is over 500 million tweet per 

day as said in section 5.5.  

 

For follow-up research that could be done is to use better data sets for the research that give 

more meaningful data. This could be done using Twitter API. With this, you could acquire 

tweets on Smart Cities straight and would not need to parse the data set in the tool. The basic 

access to this would give you 500000 tweets per month with essential access which would 

be more than the data sets that I used gave [54]. If you could get academic research access 

you could acquire 10 million tweets a month [54]. 
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Another one is to use a different source than Twitter. This could mean a similar kind of 

platforms like Facebook or a completely different one. This could be done because the tool 

only requires that the data is in .csv format. If a different source is used, a different parser 

would need to be used to parse the data into .csv format if needed. This would mean that this 

tool could be used for other topics than Smart City. 

 

The last one would be that you could enhance the tool. Right now the interactive part of the 

tool is quite bare and doesn’t have many options for the user. This could be enhanced like 

that you could give a different kinds of parameters if you would like to specify the data. 

Also, the output could be enhanced, for example, to look a little bit more pretty as the 

sentiment analysis is quite rough. Also, I needed to modify the output in Microsoft Excel to 

make them look like they know do, so if the tool could give the output like that in the end, it 

would save a lot of time. 
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7 CONCLUSION 

 

The research questions for this were what kind of topics and sentiments rise from the data 

sets. Some topics didn’t make sense but some topics made sense. Some of the topics are 

made into one category like health and others into many like IoT. The most common 

category for these topics was transportation as four topics contained this. Most of the tweets 

in each quarter were mostly positive or neutral. The number of negative tweets in the data 

sets about smart cities in every quarter was always the lowest. However, these results may 

not be so reliable, as there were so few tweets that were found from the data sets. 

 

For professional data analysts, this would mean not using the data sets the way that I used. 

This means that these data sets are not good if you are searching answers for this specific 

topic. These data sets could be used for more common topics like what were used when 

testing these data sets for the first time. These results also showed that the tool could be 

evolved to show a more refined output. 

 

As said in section 6 there were some similarities with the results that Lim et al. [14] got but 

there were also differences. Others that didn’t feature in Lim et al. [14] research were smart 

tree, development, budget, health, infrastructure, disturbance, drones, government, smart 

city industry, and training cyber professionals. Biggest difference between Lim et al. [14] 

research and mine was that their articles for data set and I used Twitter. 

 

This work could be continued in many ways. You could acquire different data sets that could 

show more ideal data. You can also develop the tool further to give a different kinds of 

outputs. Lastly, you could use a different source or even a different topic as a base to search 

topics and sentiments of it. 
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APPENDIX 1.  Results from the tool 

This appendix contains topic models and sentiment analysis as they came from the tool. 

Every quarter consist of 3 months of data transformed into topic model and sentiment 

analysis. 

 

A 1.1 Quarter 1 
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A 1.2 Quarter 2 
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A 1.3 Quarter 3 
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A 1.4 Quarter 4 
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