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ABSTRACT

ON TWITTER DATA ANALYSIS
MSC THESIS
MUHAMMET KARADAG
BOLU ABANT IZZET BAYSAL UNIVERSITY
INSTITUTE OF GRADUATE STUDIES
DEPARTMENT OF MATHEMATICS
(SUPERVISOR: ASST. PROF.SIBEL CANSU)

BOLU, JUNUARY 2023
ix +35

With the development of technology, the internet has reached our pockets and
innovations have come with it. Social media has become a very important media
tool with the development of the internet. Since people from all over the world
use this medium, it has become a huge data source. Twitter accounts for a large
part of this data formation. With text mining, we can take the raw text from
Twitter, preprocess it and get it structured. After taking the structured form of the
text, it is passed to the sentiment analysis part. Sentiment analysis grades a text as
positive, negative, or neutral based on the emotion given by the words. By looking
at the text in general, we decide whether the positive aspect of this text is more
weighted or the negative aspect of it. In this thesis, first text mining and then
sentiment analysis of the data we pulled from Twitter were made. We can easily
pull tweets under the name of Twitter's Covid19 and data mining hashtags by
opening a developer account. The text mining of the data collected for about a
month was performed, and then the sentiment analysis step was started and the
sentiment scores of the data were examined. While performing text mining and
sentiment analysis, Python software language and Jupyter Notebook were used.
To conduct the research, lessons were taken from an online site and learned to a
certain point. In the application part of the thesis, how we pull the data with
Python coding, which date range is used, the codes we write for the preprocessing
of the data are mentioned.

KEYWORDS:Data Mining, Sentiment Analysis, Twitter, Social Media



OZET

TWITTER DATA ANALIZI
YUKSEK LiSANS TEZi
MUHAMMET KARADAG
BOLU ABANT iZZET BAYSAL UNIiVERSITESI
LiSANSUSTU EGITiM ENSTITUSU
MATEMATIK ANABILIiM DALI
(TEZ DANISMANI:DR. OGR. UYESI SIBEL CANSU)
BOLU, OCAK - 2023
ix + 35

Teknolojinin gelismesi ile internet ceplerimize kadar inmistir ve yeniliklerde
beraberinde gelmistir. Sosyal medya internetin gelismesi ile ¢ok énemli bir medya
aract olmustur. Bu mecrayr diinyanin her yerinden insanlar kullandiklar1 i¢in
bliyiik bir veri kaynagi olusmustur. Twitter bu veri olusumunun biiyiik bir kismini
olusturmaktadir. Metin madenciligi ile Twitter'daki islenmemis metinleri alip 6n
islemelerden ge¢irip yapilandirilmig halini alabiliriz. Metnin yapilandirilmis halini
aldiktan sonra duygu analizi kismina gecilir. Duygu analizi bir metnin
kelimelerinin verdigi duyguya gore pozitif, negatif ya da notr diye puanlama
yapar. Metnin geneline bakarak bu metnin genel olarak pozitif yonii mii daha
agirlikli yoksa negatif yonii mii buna karar veririz. Bu tezde Twitter'dan
cektigimiz verilerin 6nce metin madenciligi daha sonra duygu analizi yapilmistir.
Twitter'ln Covidl9 ve datamining hashtagleri adi altindaki tweetleri developer
hesab1 acilarak rahatlikla cekilebilir. Yaklasik bir ay boyunca c¢ekilen verilerin
metin madenciligi yapildi ve daha sonra duygu analizi basamagina gecildi ve
verilerin duygu puanlarina bakildi. Metin madenciligi ve duygu analizi yapilirken
Python yazilim dilinden ve Jupyter Notebook'tan yararlanildi. Tezin uygulama
boliimiinde Python kodlamalar1 ile veriyi nasil ¢ektigimizden, hangi tarih
araliginin  kullanildigindan, verilerin 6n islemesi i¢in yazdigimiz kodlardan
bahsedilmistir.

ANAHTAR KELIMELER: Veri Madenciligi, Duygu analizi, Twitter, Sosyal
Medya
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1. INTRODUCTION

The development and change of technology brings innovations in all areas
of life. Especially in the internet environment, there is a constant change. With the
use of social media too much, a huge amount of data is created on the internet.
Social media are platforms and blogs where billions of users share their ideas,
complaints and comments today. This change in the internet has also caused
changes in data mining.

Data mining uses structured data. The enormous increase in data on social
media and the internet has shown that unstructured data needs to be analyzed.
Text mining emerged in this process and has been one of the most researched
areas of recent years.'

One of the areas where text mining is used is sentiment analysis.
Sentiment analysis can be used to reveal the sentiment of a large text book, short
text, or tweet. Everyone from celebrities to politicians who want to follow the
public is aware of the importance of sentiment analysis. There is little information
on sentiment analysis on Twitter. The purpose of writing this thesis is to
contribute to the elimination of this deficiency in the literature.

The development of the internet and technology today has brought us
social media. Social media is a form of internet that has emerged as an alternative
media tool. Especially during the pandemic period, people had to use social media
too much because they could not go out. People who use social media and
smartphones can easily become content producers. The use of social media by
people from past to present has attracted the attention of researchers and there are
many studies on social media. Therefore, there are many studies in the literature.
However, there is not enough information in the field of sentiment analysis on
social media. Most of the studies are on English texts as they are easier to apply.

Sentiment analysis of Turkish texts is not very common.

In a way, this thesis consists of four main parts mainly. In the first part,
information about text mining is given and information about the usage areas,

steps and preprocessing of text mining are also given.



In the second part, information about sentiment analysis is given and an
explanation is also given about the importance of emotion in texts. Then, the
stages and usage areas of sentiment analysis are explained. In these explanations,
the relevance of the stages of sentiment analysis to each other is mentioned.

In the third part, detailed information about Twitter, which is one of the
social media tools, is given. Since the application area of this thesis is Twitter, it is
written under the main title. It has been mentioned that Twitter is an important
social media tool to follow daily life. In addition, since a Twitter developer
account must be opened to extract data, a detailed explanation is given in the sub-
title about how it is opened. After the developer account is opened, it is explained
how to extract data from Twitter.

The application, which is the last part of the thesis, is the fourth main title.
In the application chapter the application part, the data taken from Twitter has
been processed. The tweets posted under the hashtags Covid19 and datamining

were taken for about 1 month. Then all the extracted data were processed.



2. AIM AND SCOPE OF THE STUDY

Large sizes and variety of data are produced on the Internet and social
media, and some of the content produced is visual and sensory, but only a small
percentage. It is the texts that have the main percentile. These texts are very
important, they can be analyzed.

The texts processed in the text analysis area are first pre-processed and
simplified. Text analysis is related to sentiment analysis because the processed
data is analyzed by sentiment analysis and a result can be found. However,
sentiment analysis cannot be done without data processing. This is because there
are unnecessary words or characters in the text, such as unnecessary emojis,
misspelled words, so an accurate result cannot be obtained if sentiment analysis is
performed without data processing in the texts.

Most of the texts on social media and the internet are in English.
Therefore, researches from the past to the present have generally been made on
texts written in English. In other words, there are not many studies on the texts
written in Turkish in the literature. Another purpose of writing the thesis is that
text mining and sentiment analysis researches by pulling data from Twitter do not
have enough research in the literature.

In this thesis, the texts under the Covid19 and datamining hashtags were
taken. The steps of preprocessing, tokenization, stemming and stepwords, which
are the stages of text mining, have been applied to the simplest form. After the
text mining was finished, the sentiment analysis part was started and it was
examined whether the Covidl9 and datamining texts had positive emotions,

negative emotions or neutral emotions.



3. TEXT MINING

In recent years, with the development of technology, the internet has
become one of the indispensable things that people use constantly. The fact that
people, institutions and organizations share their ideas has made social media a
great source of information. Unfortunately, data on social media is very difficult
to process as it is. These data often appear to consist of misspelled words,
abbreviations, and slang or nonsense words that are not in everyday speech.”

For this reason, the data in social media needs to be filtered in order to be
processed and it needs to be converted into a proper form using text mining
methods.

Text mining targets studies such as classification, clustering, text
summary and sentiment analysis of texts.’

3.1 Areas Of Text Mining
The cost of using data mining is quite high. It happens with many

applications. At the same time, there are many companies that make and sell
ready-made software for the data mining application area. For this reason, desired
data mining applications can be made at attractive prices through shopping. This
eliminates the difference between small business and large business and allows
small businesses to benefit from such services, allowing them to gain a
competitive advantage alongside the big ones. There are many fields that use data
mining. If we give an example of some areas where they are mostly used;

* Sales and Marketing

* Education

* Production and planning

* Accommodation

* Banking: Credit approval

Stages of text mining

There are three stages of text mining. These are divided into information

retrieval, information extraction and data mining.”

Getting Information Data Mining
Information —_— Extraction —




3.2 Text Mining And Preprocessing
The data taken from the internet by any method is not structured. In order

for these data to be used, they are converted into a smoother form using text
mining methods. The following steps are followed while preprocessing the texts;

Normalization

Tokenization

Cleaning small words of three letters or less

Removing punctuation marks in text

Removing numbers

Lemmatization

In the normalization step, we aim to correct misspelled words and convert
all text to lowercase. Unnecessary spaces at the beginning, end or even inside the
sentence are removed.

In tokenization, we split our text into segments based on its targeted
properties. By typing a different command, unnecessary characters, numbers and
words such as and, which are frequently used in the language, are removed.

In the Lemmazation step, the words are separated to their roots and remain

in their simplest form.?



4. SENTIMENT ANALYSIS

According to the Turkish Language Association, emotion is defined as
"the ability to evaluate objects or events in terms of moral and aesthetic" and "the
impression that certain objects, events or individuals create in the inner universe
of man". As it is said in the definition, the concept of emotion includes negative,
positive and neutral elements. For example, words such as love, affection, interest,
fun, loyalty, hope can be positively charged, while words such as fight, hate, war
can be negatively charged.’

The Internet has become a tool that we use in almost every field in our
daily lives, and people share their feelings, thoughts and ideas in virtual
environments such as social media, blogs, forums. Therefore, there is a large
amount of data on people's emotions on the internet.’

4.1 Document Level Sentiment Analysis
Sentiment analysis is examined under three main headings. These are

called document level, sentence level and aspect level.

It categorizes positive or negative emotions by obtaining a general idea
without going into too much detail at the document level. The text is evaluated as
a whole and classified as positive or negative, whichever opinion is more weighty.
At this level sentiment analysis yields a result and is not used for multiple
comparisons.”’

4.2 Sentence Level Sentiment Analysis
The sentiment analysis at the document level is insufficient for some data

because all the sentences at the document level sentiment analysis are classified
according to the dominant sentiment score in the whole data without going into
the details of the sentiment score. Some of the comments made by people have a
high positive score, some have a high negative score, and some sentences may be
neutral. In sentence-level sentiment analysis, we first check whether there is any
emotion in each sentence, not as a whole. If emotion is expressed, our data is
classified as positive or negative. Research on whether to express emotion is
called subjectivity classification.’

4.3 Aspect Level Sentiment Analysis

Doing sentiment analysis at the document level causes emotional

expressions to be ambiguous. When a person comments on an entity, even if



document-level sentiment analysis classifies it as positive, it does not mean that
the person has made a completely positive comment about that entity. For
example, if a commenter has made a positive comment about 5 characteristics of a
person or entity and a negative comment about 7 properties, that comment is
called negative at the document level. As can be seen from this example, there is a
loss of information here. The person made a positive comment about the 5

features of the asset, but this information did not emerge at the document level.

In order to get the best information about the interpretation, it is important
to know which positive and negative features of the asset the interpretation is
made for. This is done in aspect level sentiment analysis. It can find the properties

of the target entity. This process is called feature extraction.’



S. TWITTER

Twitter is an American microblogging and social service where users
interact with each other and post messages called "tweets". Founded by Jack
Dorsey in March 2006, Twitter has limited its members to a maximum of 280
characters when tweeting. (Until 2017, the character limit was 140, then with new
updates it became 280 characters.). It offers the opportunity to share and send
direct messages from private.®

Users of Twitter can become a free member and create their own profiles
and communicate with other profiles. The site, which has a very simple interface,
is attractive because it can be used easily. Twitter has about 50 different language
options. Those who want to become a member must first determine their
username when creating their profile. If the selected username was previously
taken by another user, the new member should choose another username. Your
username is important for other members to find you. Moreover, the (@ symbol is
automatically preceded by the usernames of all members. Members can change
their chosen username at any time."

5.1 Hashtag
A user of the Twitter platform uses hashtags when tweeting to express

their feelings and thoughts about a particular topic. The main purpose of the
hashtag is to gather people around a certain topic. The hashtag is denoted by the #
symbol. Users who want to use hashtags simply put the # symbol at the beginning
of a word or sentence. Then, Twitter converts the word with this hashtag into a
link, and if other users want to see what is written under this hashtag, they just
need to enter this link.’

5.2 Trend Topic
If there are too many tweets about a topic during the day, Twitter pins

these tweets as a trend topic (TT) to the top of the search section and makes it
easy for other users to see.

Usually trending topics have words with hashtags. The more tweets are
tweeted for that hashtag, the higher the ranking will be, so users who do not want
to stay behind the agenda can follow the current issues of daily life by looking at
the trending topics. If a user's tweet is favored or retweeted more than other users

on trending topics, Twitter will show those tweets first.'’



5.3 Retweet
A retweet (RT) is the sharing of any tweet posted by another user on their

own page without any changes. Retweeted tweets are shared with the name of the
user who first shared the tweet."'

5.4 Mention
When mentioning a user on Twitter, the @ symbol is placed in front of the

username and a space is placed, then the tweet is written and sent to the user. In
this way, as it is shown who is mentioned in the tweet, the person mentioned will
receive a notification and can reply to the sent tweet in the same way.'”

When two people reply to each other, only the relevant people, such as the
respondent's followers and the person in the chat, will see the reply in their own
timeline.'

5.5 Twitter Developer Account
Normally a profile on apps.twitter.com was required to use the Twitter

Search API, but now you need to create an individual developer account on
developer.twitter.com.

In the first part, you are asked for what purpose you will use the Twitter
developer tools. Since we will do research, we can go to the next step by choosing

the Academic research section.

What is your primary reason for using Twitter developer tools?

Wil haip you o your peth to patting the mast ot of Teistor ARIs and data,

Professional Hablylst Academic Dther

S ol s for & parsonal projct Por saducation of Fesaath dan' 1t 2y of thasa

il '®) E
Suikding HE Deing academic Embadsing Tweets

Makir ot
praducts Making 25 resaarch an a websits

[s] ooy e - o
= (&) g @)
Busiding consumar B riing toals for z Domng samathing
o Teaching
products witler users alsa

1ar
2 —
Bullz custamized

sohitions in-hause Exploring the AR Stuant

F=a
B2k

Bulishing ads
programatcaly

PictureS.1. First step of opening account



The second part asks if you are really the right person to associate the
developer account you created with your personal twitter account. Here, we

choose our name and the country we are in and go to the next page.

This is you, right?

This Busername will be the login for your developer sccount.

indivdual developer sccaount You arg signing up for an indridual developer sccount. (@
AP — ‘We'll sand Fmpariant communications about your account 1o this amat, ©
What country da you live in? Turkey

What would you fike us to call you? E

Picture5.2. Second step of opening account

In the third part, we are asked for what purpose we will use the Twitter
API. They want us to write in detail what we will research about and where we
will use it with our own sentences.

How will you use the Twitter AP1 or Twitter data?

In your words.

In Engliah, piaase describa how you pan ta use Twirter data
andior APIs, For students and teachers, plesse include the nama
oF ths seluel, The narme of he irstructon snd the co rber
(# avsilable). The more detadied the respanse, the sasier it ks 1o
raview and soprove

| wousd like 1D Use Iaitlers Search AR for coliecting
deveioper salary tweats that ans hashtagaed with
FRAGWYoUrWarth. And extractng this Info to gaoghe
spresdshests for grouping esch salary info based o
education, experience. job titke, location and given salary
amouns

The specifics

Are you planning to analyze Twitter data? &) Yes
Piodse deidrilad how you will analyze Twitler data incliudeomg sy
analysis of Tweets or Tveifler users

| will use Twitter Search AP with fwur CLI too! and download
json info and extract soma lemants with jg CLI ool

Picture5.3. Third step of opening account
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In the fourth part, we are asked to review the information we have filled in.
In the fifth part, you have to read and accept the developer agreement.
In the sixth part, a confirmation e-mail is sent to the e-mail address

associated with your twitter account.

witter Developer Accounts <developer-accou

Confirm your email

Picture5.4. Confirmation e-mail

After clicking the link in the message sent to your e-mail address, there is
a confirmation period for your account to be opened. Responses are made via e-
mail during the day. After approval, we can create our application via
https://developer.twitter.com/en/apps."*

5.6 Data Extraction From Twitter
There are tools necessary to extract data from Twitter. These;

- Twitter API

- Python

- Jupyter Notebook

The interface used to extract data from Twitter is Twitter Api.

The programming language used for data analysis, processing and data
visualization is Python.

The name of the program used to analyze the texts taken from Twitter and run
Python codes is Jupyter notebook."

Libraries used;

11



Tweepy (Twitter API)

Pandas (Data analysis tool)

Matplotlib (Data visualization)

Seaborn (Data visualization)

WordCloud (Data visualization)

TextBlob (Text data processing)

NLTK (Natural language processing package)
Scikit-learn (Artificial learning)

12



6. MATERIALS AND METHODS

When starting the text mining phase, we need to have a dataset. The data
set in this thesis is taken from Twitter with hashtagsCovid19 and datamining. The
time interval of tweets is between 02.11.2022 and 27.11.2022, and a total of 2977
tweets were taken.

The data pulled from Twitter contains too many abbreviations, photos and
emojis. Using the data without preprocessing will change the effectiveness of the
result.

6.1 Covid19 Data Set
The data set containing Covid19 hashtag has nine columns which is shown

below.

<class 'pandas.core.frame.DataFrame'>
Int64Index: 1684 entries, 0 to 1683

Data columns (total 9 columns):

# Column Non-Null Count Dtype
0 id 1684 non-null inte64
1 text 1684 non-null object
2 created at 1684 non-null object
3 retweeted 1684 non-null bool

4 retweet count 1684 non-null int64
5 user screen name 1684 non-null object
6 user followers count 1684 non-null int64
7 user location 1152 non-null object
8 Hashtags 1684 non-null object

dtypes: bool(l), int64(3), object(5)
memory usage: 120.1+ KB
An example of unstructured data containing Covidl9 hashtag before
preprocessing is as follows. In the Python programming language, the head
command displays the first five lines of the dataset. So the first five lines are

shown.

13



id text created_at retweeted retweet count user_screen_name user_followers_count user_location Hashtags

Hey Elon Musk— [{text

y 2022-11-07 Washington DC 'COVID19',
0 1589442840031268884 remember_ when you 0221-18+00:00 False 4350 DrEricDing 721979 |Virginia ‘indices [100.
said “Kids are... 108
1
— [ftext
1 1589558667485261824 r:)g:;fsgs;%?gg‘g 2022-11-07 False 2694 MoghaluKingsley 271929 Nigeria ‘COVID19',
con 10:01:33+00:00 . ‘indices” [62,
puiil
. [{text’
12) Let's cross over P .
2022-11-07 Washington DC 'COVID19',
2 1539524162904693380 the pond to L_JK* 07-44-27+00:00 False 227 DrEricDing 721979 |Virginia ‘indices" [0,
more kids..
6]
[{text
RT @maduro_gn 2022-11-07 ‘COVID1,
3 1589765896327008257 RT @CancilleriaVe: 23:45:00-00-00 False 154 OliverF51985344 63 NaM dices” [87
President @N indices" [87,
9511
New—The impact of 2022-11-07 ‘Cg‘\ﬁg:
4 1589765894112092160 the #COVID-19 23:45-00-00:00 False Q TheLancetEndo 34456 London . . Co oo
indices” [22
pandemic on #d._. 280, [tex.

Table 6.1. First five lines of the data set.

Also the text column of the data set before preprocessing is below.

8 Hey Elon Musk—remember when you said “Kids are...
1 Nigeria is not failing because of "global" con...
2 12) Let’s cross over the pond to UK— more kids...
3 RT @maduro_sn: RT @CancilleriaVE: President @N...
4 New—The impact of the #COVID-19 pandemic on #d...

1479 RT @bankimooncentre: "Building on what we have...
1488 RT @Alexblx: ghugh_mankind WHAT'S in the #mRMA...
1481 In this review,the authors detail the #neurclo...
1482 DCPS requires students, staff to take #Covidlo...
1483 RT @Rizzalslam: Well well well did you know th...
Mame: text, Length: 1484, dtype: object

Table 6.2.Text column of the data set.

Punctuation marks and emojis in tweets have been removed in the
preprocessing step. All tweets have been converted to lowercase. The numbers
have been removed. Words that are included in the sentence but have no meaning
for analysis, such as prepositions and conjunctions, which are called stopwords in
English, have been removed from the tweet. The first five lines of the data set and

the text column after preprocessing are given below.

id text created_at retweeted retweef_count user_screen_name user_followers_count user_location Hashtags

hey elon [ftext:

muskremember 2022-11-07 - ‘Washington DC ‘COVID19',

0 1589442840031268864  iq \id essentially  02:21:18+00.00 RS D BIELEETE 721979 | Virginia ‘indices’- [100,

imm... 108111

[{text:

nigeria failing 2022-11-07 ‘COVID1,

1 1589558667485261824 global cendition False 2694 MoghaluKingsley 271929 Nigeria .

10:01:33+00:00 indices’: [62,
covid glebal ...

Tom1

[{text:

let cross pond uk P .

2022-11-07 N ‘Washington DC COVID19,

2 1580524162904698880 kid died covid 07-44.27+00:00 False 227 DrEricDing 721979 | Virginia ndices” (60,
england first...

68l

maduro_en [{text:

cancilleriave 2022-11-07 ‘COVID19,

3 1589765206327008257 president  23:45:00+00:00 False 184 OliverF51985344 63 NaN ‘ndices” (87,

nicolasmad... 9511

newthe impact 2022-11-07 i)

4 1589765894112092160 covid pandemic . False 0 TheLanceiEndo 34458 London P g

23:45:00+00:00 indices”. [22,

diabetes service ... 28]], [ex

Table 6.3. First five lines of the data set after preprocessing.
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8 hey elon muskremember said kid essentially imm...
1 nigeria failing global condition covid global ...
2 let cross pond uk kid died covid england first...
3 madurc_en cancilleriave president nicelasmad...
4 newthe impact covid pandemic diabetes service

1479 bankimooncentre building already learned must...

1488 alexblx hugh_mankind whats mrna vaccine since...
1481 reviewthe author detail neureclogical complicat...
1482 dcps requires student staff take covid test re...
1483 rizzaislam well well well know theyre getting...

Mame: text, Length: 1484, dtype: object

Table 6.4.Text column of the data set after preprocessing.

In data set user screen name column represents the user name of the

Twitter user. When we check the data set there are 1445 unique user screen name.

user screen_name
l1lVanessaH
l1l1thHourLib
16thStMALL
1 stlight
202hanyu
zhengyizhizhanl 3
zin zah 1
zoecttrll 1
1
1
4

e = W

z00_bear
zulaani

Name: id, Length: 1445, dtype: inté64

The list of the users who have more than one tweet with Covid19 hashtag

has 120 members which are:

['Sea_dr', 'ACHCCOVID', 'AVINASH27551234', 'AilsaForshaw', 'AugustadSays', 'B@tSci’', 'BCDFoundation’, 'Badjivoussoul®, 'Biscuit
sCat’, 'BrianKiely2', 'BringBackIso', 'BuildnBlaze', 'BuildnBlazeTV', 'CDCgov', 'CGombatto', 'COSseaton’, 'COVID Scale’, 'Covid
19Travel_", 'CrispinTeddy', 'Crof’, 'DaAnsahonSports’, 'DanaGarrison’, 'Deradevill’, 'DrEricDing’, 'DrlacobsRad’, 'DureKhan3’,
"ERN_Malleyscrub', 'EpochTimes', 'Gothiclady7', 'GrandmasRus', 'Greg488@0368°, 'Grignwan', 'In_Phy_T', 'IsclationBot', 'JaniceB
72627796', 'KateEmerson88', 'Kazemakasel3', 'KoparaFallskid', 'LLynnelIrwin’, 'LaferriereTrina’, 'LovelyMsMet', 'LukhmanM’, 'Mar
iaMcElligotl', 'MariaSammutMasc’, 'MatthewJLadd', 'MicrobesInfo’, 'MissyCooperBro', 'MoghaluKingsley', 'MsAvaArmstrong', 'NIHR_
ARC_NENC', 'NYKkargil', 'PhilMarchand88', 'RSakanyemeni', 'Rosex77288548', 'Rpen85815419', 'RuralHomeCareBG', 'SafetyFirst_

_'", 'ServerlessFan', 'Stephan9e411631', 'Sue_Sullivan', 'TCGerry', 'TaNaishal', 'TalktoBeverley', 'Tammyocanada', 'TheMemeticis

t', 'Tian_A1l', 'UNOPS', 'UofU3i’, 'Vasia_efst', 'WubneshGebreye7', '"Yomama2397', '_Jakashi’, '_0fficialECI', '_marching_Ents_",
‘adriangherghel2’, 'amaarali?72969', "ankitsa64753824°, ‘ashamedaustrali’, ‘beverleyturner’, ‘bharat_rising’, 'bradboygld’, 'br
006818129", 'catoubzh', 'chirontervs', ‘'deepgreendesign', 'doritmi’, 'epstein_dan', 'erwinloh’, 'gaudiumeng', 'grummansee', 'gu

stavekralj', 'ipattorneyliza', 'jazmasigan_2', 'kelly_cc21', 'krishnad44_test', '1CPP4gGuNSOFuZI', 'lizditz', 'mamba_aka', 'moh
ammed2821mn7 ', ‘myclothesbrush’, °"n_khajazada', 'nilikm’, 'nobody68268234°, ‘oldriccid’, ‘outbreak_india’, 'picardonhealth’, 'p
riyank145542@2", ‘rakan2yemeni’, 'sallbee', 'seanzengl989', 'stevecripe57’, 'tyler_nedrud’', ‘valurank', ‘veg_biryani_', 'vera_t
enacious', 'vicmidnightsun', 'white2lcandy', 'wizn_21", "xxxmv2', 'zhengyizhizhanl']

Picture6.1. Users who tweet more than once.

By using count() function we can identify hashtag top contributors.

user screen name

1CPP4gGVNSOFuZI 17
DrEricDing 14
adriangherghel?2 12
_OfficialECI 11
deepgreendesign 8
COVID Scale 7
CrispinTeddy 7
krishna444 test 6
BringBackIso 6
n_khajazada 5
Name: id, dtype: int64

15



When the tweets were examined, it was seen that there were 1546 tweets

that did not start with RT. That's about 92 percent of the tweets in the dataset.The

top five most favorited tweets are shown below.

id text created_at retweeted retweet_count user_screen_name user_followers_count user_location Hashtags
gavinnewsom
average 2022-11-20 .
1179 1504120597608763395 et e False 7979 JessicaMesker1? 618  Georgia, USA i
positivity rate ...
k\mdf‘:;tﬂcrg 2022-11-25 ‘DiedS: dgltelﬁ::
1428 1596065567730239500 documentary o 5o oo False 6427 zulaani 20797 NaN O eoouceeny.
‘ 08:57:29+00:00 indices” [91,
died suddenly 10471
nov...
chelsea_wats [{text:
thread omicren 2022-11-286 . ‘Omicron’,
1574 1508623833624367105 1 on OO e 00000 False 5001  Meredit13821398 2 NaN o diene o)
stra 37D, {t
hey elon S
[{text
muskremember N
moe 2022-11-07 ) \Washington COVID19',
301 1589442840031268964 saidkid oo T False 4365 DiEricDing 2413 e indices [100.
essentially 10813
imm
drericding hey [Ftext:
396 1590108886350303233 o A0 False 1365 SwearyHaridan e R oV
muskremember 22:27:55+00:00 Counter Social ‘indices" [116,
said kid ess. .. - 1247

Table 6.5. First five lines of the most favorited tweets.

When the frequencies of the words in the tweets are examined, the

following data set is obtained.

words  frequency

0 in
1 reform
i prestan
3 underway
4 party
5431 hitpstcoemcnsry
432 dcps
5433 hitpstcojtcunbw:
5434 httpstcow=jgnag
5435 requires

5436 rows = 2 columns

Table 6.6.Word frequencies of tweets.

59.0
7.0
70
7.0
8.0

1.0
1.0
1.0
1.0
1.0

There are 106 words whose word frequency is bigger than one standard

deviation away from the frequency mean.
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words frequency

0 in 59.0

7 that 46.0

10 is 59.0

14 for 46.0
17 leader 75.0
2235 alyamani 28.0
2363 voice 54.0
2693 bin 50.0
2694 image 51.0
2695  salman 50.0

106 rows = 2 columns

Table6.7. Frequency one standard deviation away from the mean.
The Figures of the words with high frequency in the data set containing the
hashtag Covid19 is given below.

800 A

600

400 1

200

& s@"\a@@ @a@ ¢ S é\c@@&% & ® é’* @;@ f?’%“@
&

Figures6.1. The Figures of the word with the highest frequencies.
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A wordcloud of the most used words in tweets under the hashtag Covid19
has been prepared. While preparing Wordcloud, WordCloud, STOPWORDS and

ImageColorGenerator libraries were used. Wordcloud is as follows.

~image mohammed’,

.EarJ er climate
T'H?u

salman meetln
L e mohammed bin
neeting wor “9 mp reason absence
world lea b

= aahd sence volce
voice ifﬁa"épeOp]_e

bin salman- L remper vyl

«mahdl nasser

Picture6.2. Wordcloud of the most used words.

6.1.1 Sentiment Analysis Of Covid19

A function was written to add sentiment class and sentiment score to the
data set. As a result of the function, an sentiment score was determined for each
tweet depending on the words it contains. While determining the sentiment score,
the textblob library was used. Tweets with an sentiment score greater than 0.00
were labeled as positive, while those with an sentiment score less than 0.00 were
labeled as negative and the rest were labeled as neutral. After adding sentiment

class and sentiment score columns to the data set we have:

id text created_al retweeted retweet_count user_scieen_name user_followers_count user_location Hashtags sentiment_score sentiment_ciass
formes eeform party
0 1587831675575805248 leager preston | 202 1102 False 1606 CPAC_TV 108488 Canada 1 0,000000 heutrat
manring ann
according 1o e
R y
1 15079019430400936%5  bennsteilonly 0 oo 2 aranon  False 235 Laurke Gamett 253652 New Yok NY  todices 146, 0031250 Postive
‘major nations 55]. {le.
aur nesghbourhood
221102 Oftavea
2 1S87604420921984520 paediatncians office False 207 ik 52530 - o 0000000 Heutead
wns Ofice  0g-9:07-00:00 Ortaris
1t keeimusse bring
3 1SGG126567SSTEISIED  backmasksbing .\ SAc0l0d  False 377 swidfghigw 14 NaN [ 0000600 Neutral
back masks,
1t cpac_tv fommer My Towen
4 1SBSTISSEITIOTITA  redorm party leader SO 1103 False 1608  BrockLanders076 302 Angein ive in a ©00000% Neutral
preston it

1679 15OTOTET21408233474 @h;"‘ﬂmm‘““‘ “v'::"‘; SN rae 5 TYEN_CED 478 Tanzania 1 (et ] Neutral
e have
et
BT @Alexsl mANA
— @hugh_mankind 20221128 . e 6050000 Postie
1680 1597076692623060993 WHATS inthe 0355 30-00 00 False 8 MarnieWWalry 137 NaN u‘;gﬁ‘.s;;t
EmRNA o “
[Pet:
In this revievithe newrsiogical,
1651 1597076684045684726  sunorsdetai the o, 2U2IN28  page o Advbieurology 78 Singapore  Indices’ 38, e Fecanl
#neurolo.. 513
[raxt
OCPS requires g, 0.000000 Neutral
1682 1507076662376155136 students, stalllo o 200 1128 False 0 Tian_At 1762 Everywhers  ndices" (38,
1ake #Covid 19 6]
RT @Rizzalsiam: i 0 0433333 Postve
1683 1507076660466292224  Wellwellweldid gy soaeay oy False 161 BrothesMalikX 838 Charlotiz, NC
you inow th...

1684 rows = 11 columns

Table6.8. Sentiment classes of the tweets.
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In data set there are 288 negative, 711 neutral and 685 positive tweets.

Barplot of sentiment classes is shown below.

g
(s

700 A

600

500 A

400 -

300 A

200 A

100 4

Negative
Neutral
Positive

sentiment_class

Figures6.2. Figures of sentiment analysis.

If we want to see tweet text, sentiment score and sentiment class together,
a data set like the one below can be created. The first 25 rows of the obtained data

set are given below.

text sentiment_score sentiment_class

Li] former reform party leader preston manning ann._.. 0000000 MNeutral
1 according to bennsteil only two major nations _.. 0.031250 Fositive
2 our neighbourhood paediatricians office answer___ 0000000 MNeutral
3 rt keetmuise bring back masks bring back masks_ 0000000 Meutral
4 rt cpac_tv former reform party leader preston __. 0.000000 MNeutral
5 rt mfwitches im guite happy for people to back_.. 0_.400000 Positive
L7 locked down chinese signing jie mi give me ric... -0.077778 Negative
T rt pfizer today we announced a phase study wi___ 0000000 MNeutral
a rt thelastpersont undar matt hancock there we___ 0500000 FPositive
9 rt hervorrager covid is not harmless maybe you_.. 0.000000 Meutral
10 rt sachintaparia timesofindia amp others need __. 0.000000 MNeutral
11 rt pfizer today we announced a phase study wi_.. 0.000000 MNeutral
12 im very late to the cowvid party but it really . -0.147500 Negative
13 daisymay she can fro after almast years of i -0.500000 Megafiive
14 rt talkerteacher oh my heart as one of my stud_.. 0000000 MNeutral
15 rt keetmuise people being treated in their car... 0.000000 MNeutral
16 rt driedros shukran naser abdullah alhayen kuw._.. 0.000000 MNeutral
17 today we announced a phase study with biontec 0000000 MNeutral
18 rt uhccommunities chws are essential in rapidl__. 0000000 MNeutral
19 rt cpac_tvw former reform party leader preston __. 0000000 Meutral
20 rt cpac_tv former reform party leader preston _.. 0.000000 MNeutral
21 rt talkerteacher oh my heart as one of my stud_.. 0.000000 MNeutral
22 rt mohfw_india amritmahotsawv unitefightcorona . 0000000 MNeutral
23 rt driedros shukran naser abdullah alhayen kuw. 0000000 Meutral
24 rt talkerteacher oh my heart as one of my stud_.. 0000000 MNeutral

Table6.9. Text, sentiment score and sentiment class.
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'according to bennsteil only two major nations russia amp china have
avoided monetary belttightening to stave of ' is an example of positive text, 'our
neighbourhood paediatricians office answering machine says masks still required
here some of us take preve ' is an example of neutral and 'locked down chinese
signing jie mi give me rice jiemi covidisnotover givemerice jimmyjimmy china
lockdown covid discodancer' is an example of negative text.

In order to examine which hours and days the most tweets were tweeted,
the tweet time and the day the tweet was posted were added to the data set. In this

context, the datetime library is used.

id text created_at sentiment_class tweet_time days

0 15878316754978805245  former reform party leader preston manning ann...  2022-11-02 15:39:06+00:00 Neutral 15 Wednesday

1 1587901948040093595 according to bennsteil only two major nations ... 2022-11-02 20:18:20+00:00 Pozitive 20 Wednesday

2 1587604420921984520  our neighbourhood paediatricians office answer...  2022-11-02 00:36:07+00:00 Neutral 0 Wednesday

3 1588126557557895169 it keetmuise bring back masks bring back masks...  2022-11-03 11:10:51+00:00 Neutral i Thursday

4 1588126552730271744 rt cpac_tv former reform party leader preston ... 2022-11-03 11:10:50+00:00 Neutral 1 Thursday
1679 1597076721408233474  bankimooncentre building already learmed must...  2022-11-28 03:55:37+00:00 Neutral 3 Monday
1680 1597076682623060993  alexblx hugh_mankind whats mma vaccine since...  2022-11-28 03:55:30+00:00 Pozitive 3 Monday
1681 1597076684045684736 reviewthe author detail neurological complical..  2022-11-28 03:55:28+00:00 Neutral 3 Monday
1682 1597076682376155136 dcps requires student staff take covid testre...  2022-11-28 03:55:27+00:00 Neutral 3 Monday
1683 1597076669466292224 rizzaislam well well well know theyre getting...  2022-11-28 03:55:24+00:00 Pozitive 3 Monday

Table6.10. Tweet time and days.

The tweet time was visualized using the Seaborn library.

0.200
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0.150 A
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Density
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tweet_time

Figures6.3. Tweet times.
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The distribution of days in the tweets is as follows.

days

Friday 382
Monday 200
Saturday 200
Sunday 294
Thursday 303
Tuesday 201

Wednesday 104
Name: id, dtype: into64

The barplot of the distribution of days will be
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days

Figures6.4. Figures of days

6.2 Datamining Data Set
The data set containing dataming hashtag has nine columns which is

shown below.

<class 'pandas.core.frame.DataFrame'>
Int64Index: 1693 entries, 0 to 1692
Data columns (total 9 columns) :

# Column Non-Null Count Dtype
0 id 1693 non-null inté4
1 text 1693 non-null object
2 created at 1693 non-null object
3 retweeted 1693 non-null bool
4 retweet count 1693 non-null inte64
5 user screen_name 1693 non-null object
6 user followers count 1693 non-null inte64
7 user location 1200 non-null object
8 Hashtags 1693 non-null object

dtypes: bool(l), int64(3), object (5)
memory usage: 120.7+ KB
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The first five lines of the data set before preprocessing is as follows.

id text created_at retweeted retweet_count user_screen_name user_followers_count user_location Hashtags
*Online* eBook [{'text:
[open access; NO 2022-11-07 Maryland, ., L
0 1589465562346041345 DOWNLOAD] —  03:51-35-00:00 False 88 KirkDBome 369505 u MI‘EHC;IQ:SIZES'SI%Q .
#M... T
100+ Free [{'text:
1 1589614601909731333 #batasScence . 2022-11-07 False 1 KirkDBorme 369505 Maryland, ‘DataScience’,
eBoo 13:43:49+00:00 u ‘indices™ [10, 2271
(downloadable PD...
2010 #DataMining Lo [{'text-
2 1587679041553039361 and Knowledge 202271102 False 49 KirkDBome 389505 REsdy “Databining,
Discovery Handh ‘indices™ [5, 16]}]
RT
- [{text” 'stats’
@HakomTimeSeries: 2022-11-07 p -
3 1580755982561021952 RT-How 1o visualize 23:05 37-00:00 False 7 PythonBot_By_PM 1352 REMCTE Ir;l::;l;tla}s {'1[2?-
the p v -
RT
5 [{text” 'stats’,
@HakomTimeSeries: 2022-11-07 p a
4 1529755961702490115 RT-How 1o visualize 23:05:32+00:00 False 7 BOtSci 4617 MNaMN Ir;l::;l;tla}s ﬁ[g?.

the p

Table6.11.First five lines of the data set.

Also the text column of the data set before preprocessing is below.

[N N T ]

1488
1439
1498
1491
1492

MName :

*Online* eBook [open access; NO DOWNLOAD] — #M...
188+ Free #DataScience eBooks (downloadable PD...
2818 #DataMining and Knowledge Discovery Handb...
RT @HakomTimeSeries: RT:How to visualize the p...
RT @HakomTimeSeries: RT:How to wvisualize the p...

RT @RosanaFerrsro: & R Reference Card for Data...
CursorTek is #selling #bulk #data of #MassageT...
Are you looking to fetch/scrape blg data from ...
RT @RosanaFerrsero: & R Reference Card for Data...
CursorTek is #selling #bulk #data of #RealEsta...

text, Length: 1493, diype: object

Table6.12. Text column of the data set.

The first five rows of the dataset and the text column after preprocessing are

given below.

id text created_at retweeted retweet_count user_screen_name user_followers_count user_location Hashtags
online ebook [Ctext:
open access 2022-11-07 . Maryland, " .
0 1589455562346041345 download  03:51-35+00-00 False a8 KirkDBorne 369505 UsA M?HC(;?:SI_IFE‘T%Q ,
machingleam... SR
free datascience [Ctext:
ehooks 2022-11-07 Maryland, - 5 :
1 1589614601909731333 downloadable  13-43-49+00-00 False 1 KirkDBorne 369505 USA 'ind\EeEg‘a[S%e;g]a}i
pdfs begi... :
datamining
knowledge [{text:
2 1587670041553039361 discovery . 20221102 False 40 KirkDBorme 369505 AEE DataMining’,
handbook i B ‘indices’: [5, 16]}]
recent...
hakomtimeseries . rtater
3 1589755982561021952 (oW visualze | 20224107 o, 7 PythonBot_By_PM 1352 REMOTE Kdces: 197
percentage  23:05:37+00:00 == e
103, {te...
vkan...
hakomtimeseries 7
" [{'text’: 'stats’,
how visualize 2022-11-07 5 [FE——
4 1589755961702490115 percentage  23:05-32+00.00 False 7 BOtSci 4617 MNaN Inﬂ;g%s “[23
vhan. ' -

Table6.13. First five lines of the data set after preprocessing.
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online shook open access download machinelearn...
free datascience ebooks downloadable pdfs begi...
datamining knowledge discovery handbook recent...
hakomtimeseries how visualize percentage vkan...
hakomtimeseries how visualize percentage vkan...

F R N T v

1488 rosanaferrero r reference card data mining ya...
1489 cursoek selling bulk data massagetherapy k plu...
1496 loocking fetchscrape big data website excel dat...
1491 rosanaferrero r reference card data mining ya...
1492 cursoek selling bulk data realsstateagents k p...
Mame: text, Length: 1493, dtype: object

Table6.14.Text column of the data set after preprocessing.

In data set user screen name column represents the user name of the

Twitter user. When we check the data set there are 694 unique user screen name.

user_ screen name
100dayscode 5
16thStMALL
2007Alzate
202hanyu
20BlueCrowns

[ N Y

xuebinwei
yayayarndiva
yuanjianbo
zarishmakane
zs746196
Name: id, Length: 694, dtype: int64

R N

By using count() function we can identify hashtag top contributors.

user_screen_ name

ricardo_ ik ahau 126
cursortek 114
COrpus_news 61
100dayscode 54
KirkDBorne 52
PythonBot By PM 44
godfrey G 38
Analytics 699 38
o fabriciosouza 30
JonTheDataMan 23

Name: id, dtype: into64

When the tweets were examined, it was seen that there were 1594 tweets
that did not start with RT. That's about 94 percent of the tweets in the dataset.The

top five most favorited tweets are shown below.
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id text created_at retweeted retweet_count user_screen_name user followers_count user_location Hashtags

colleague across [{text':
canada never 2022-11-08 = Ottawa, ‘COVID19',
393 1589936769323057152 seenmany child  11:04:00+00:00 False 840 nilikm 52701 Ontario  ‘indices" [93,
10111
billius new
worldwide expe 2022-11-09 N Muwekma
434 1590492331886940160 panel study  23:51:36+00:00 False 772 piavidan 372 Ghione land I
nature...
picardanhealth kid 20221108 T
489 1500480285833756672 suffering cowvid e : False 650 Blackbeaus 930 United States . - . '
23:43:28+00:00 indices’: [44,
way never ... x
52}, ft..
whiterose_ private 2022-11-09
397 1590493864250351616 person dislike e . False 613 horseplayer? 1625 New York 0
- 23:57:41+00:00
social medi...
thebma ahead [{text':
government 2022-11-09 ‘COVID19',
467 1590490963562369024 official inquiry ~ 23:46:10+00:00 False 543 ListenVery 4243 NaN ‘indices": [72,
hand_ 807

Table6.15. First five lines of the most favorited tweets.

When the frequencies of the words in the tweets are examined, the

following data set is obtained.

words  frequency

i 12280
1 hitpstcoxiocpldby 280
2 bigdata 496.0
3 download 127.0
4 ebook 96.0
3080 exceldatasntry 2.0
3081 roofing 1.0
J0a2 httpsteolinanpfyj 1.0
J083 httpstcohtohsrh 1.0
J084 hitpstcoaomnwvti 1.0

3085 rows x 2 columns

Table6.16. Word frequencies of tweets.

There are 64 words whose word frequency is bigger than one standard

deviation away from the frequency mean.
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words  frequency

0 1228.0
2 bigdata 406.0
3 download 127.0
4 ebook 96.0
] online 91.0
2396 bot T72.0
2414  hitpstcodoekuxdgzm 60.0
2416 COVering G2.0
2417 favorite 62.0
2418 machinelearnin 54.0

64 rows = 2 columns

Table6.17. Frequency one standard deviation away from the mean.

The Figures of the words with high frequency in the data set containing the

hashtag datamining is given below.

200

Figures6.5. The Figures of the word with the highest frequencies.
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A wordcloud of the most used words in tweets under the hashtag
datamining has been prepared.

nalytics bigdata pylk data

ng panda

machinele arnlhg ai
plus bugiras gd ata datascience %

blgdataaa]f pyt h On

bigdata SDrU@llES

anal tics ﬁéthlﬂlle%rplng

latascience aisS€ ng

Picture6.3.Wordcloud of the most used words.

6.2.1 Sentiment Analysis OfDatamining
After adding sentiment class and sentiment score columns to the data set

we have:

id fext created_at sentiment_class

0 1587533760664580096 online ebook open access no download machinel... 2022-11-01 19:55:18+00:00 Notr

1 1587679041553039361 datamining and knowledge discovery handbook ... 2022-11-02 05:32:35+00:00 Pozitif

2 1587534842799218688 data science from scratch plus more datascienc... 2022-11-01 19:58:35+00:00 Pozitif

3 1588121207790075308 dm fo recover your gmail machinelearning from...  2022-11-03 10:49:35+00:00 Motr

4 1588118260360400897 design pandaspython dataprocessing databasesto..  2022-11-03 10:37:53+00:00 Notr
1688 1597064240682373120 rosanaferrero r reference card data mining ya... 2022-11-28 03:06:01+00:00 MNotr
1689 1597062733291089920 cursoek selling bulk data massagetherapy kplu... 2022-11-28 03:00:02+00:00 Notr
1690 1597060409454125057 looking fetchscrape big data website excel dat..  2022-11-28 02:50:48+00:00 Notr
1691 15870598953327738388 rosanaferrero r reference card data mining ya... 2022-11-28 02:48:45+00:00 Motr
1692 1597054935102693383 cursoek selling bull data realestateagents k p...  2022-11-28 02:29:03+00:00 Motr

1693 rows = 4 columns

Table6.18. Sentiment classes of the tweets.

In data set there are 100 negative, 1004 neutral and 589 positive tweets.

Barplot of sentiment classes is shown below.
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Figures6.6. Sentiment classes of data set by numbers.

The first 25 rows of the obtained data set are given below.

text sentiment_score sentiment_class

online ebook open access no download machinel...
datamining and knowledge discovery handbook ...
data science from scratch plus more datascienc...
dm to recover your gmail machinelearning from...
design pandaspython dataprocessing databasesto...
i will do any kind of data entry scraping mini...
hitpstcobynunjinpg ace the data science interv...
checkout cursoriek is selling bulk data of ins.._

rt corpus_news hitpstcoovomewrigk datamining d__
httpstcoovomewrigk datamining design decisionm...
we offer professional datacleansing services t.._

rt corpus_news pythonprogramming databasestora...
rt corpus_news pythonprogramming databasestora...
rt corpus_news pythonprogramming databasestora
rt corpus_news pythonprogramming databasestora...
rt corpus_news pythonprogramming databasestora...
pythonprogramming databasestorage python dayso...
rt bhavana what iz computer science visit htt...

rt bhavana what is computer science visit htt

what is computer science datamining via httpst...

rt technative data governance amp bi steps to...

rt technative data governance amp bi steps to.._

rt technative data governance amp bi steps to...

rt pisquare_io pitalents success amp roi more ...

rt kanezadiane data governanceamphbi steps o s...
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0.000000
0.222222
0.500000
0.000000
0.000000
0600000
0.200000
0.000000
0000000
0.000000
0.100000
0.000000
0.000000
0000000
0.000000
0.000000
0.000000
0.000000
0000000
0.000000
0.750000
0.750000
0.750000
0.400000
0.750000

MNotr
Pozitif
Pozitif

Motr

Motr
Fozitif
Pozitif

Motr

MNotr

Motr
FPozitif

Motr

MNotr

Motr

Motr

Motr

MNotr

MNotr

MNotr

Motr
Foziti
Pozitif
Pozitif
Pozitif
Pozitit

Table6.19.Text, sentiment score and sentiment class.




'data science from scratch plus more datascience books to help you go
deeper httpstcomgakkjetq httpstcovifwxawivx' is an example of positive text,
'online ebook open access no download machinelearning from scratch
httpstcoxiiocpldbx bigdata httpstcoodgcqlgaej' is an example of neutral and
'cursortek is selling bulk data of massagetherapy and k plus other businesses

categoires like medicalspas httpstcogxofafrmwt' is an example of negative text.

In order to examine which hours and days the most tweets were tweeted,
the tweet time and the day the tweet was posted were added to the data set. In this

context, the datetime library is used.

id text created_at sentiment_class tweet _time days

0 1587533760664580095 online ebook open access no download machinel...  2022-11-01 19:55:18+00:00 Notr 19 Tuesday

1 1587679041553039361 datamining and knowledge discovery handbook ... 2022-11-02 05:32:35+00:00 Pozitit 5 Wednesday

2 1587534842799218688 data science from scratch plus more datascienc. . 2022-11-01 19:59:36+00:00 Pogzitif 19 Tuesday

3 1588121207790075905 dm o recover your gmail machineleamning from... 2022-11-03 10:49:36+00:00 Notr 10 Thursday

4 15881182603604002897 design pandaspython dataprocessing databasesto... 2022-11-03 10:37:53+00:00 Notr 10 Thursday
1688 1597064240582373120 rosanaferrero r reference card data mining ya... 2022-11-28 03:06:01+00:00 Notr 3 Meonday
1689 1597062733291089920 cursoek selling bulk data massagetherapy k plu...  2022-11-28 03:00:02+00:00 Notr 3 Monday
1690 1597060409454125057 looking fetchscrape big data website excel dat . 2022-11-28 02-:50:48+00:00 Notr 2 Monday
1691 1597059805332773888 rosanaferrero r reference card data mining ya... 2022-11-28 02:43:45+00:00 Notr 2 Monday
1692 1597054935102693383 cursoek selling bulk data realestateagents kp... 2022-11-28 02:29:03+00:00 Notr 2 Monday

1693 rows % 6 columns

Table6.20.Tweet time and days.

The tweet time was visualized using the Seaborn library.

(%]

0.10 4 [l

Density

-5 0 5 10 15 20 25
tweet_time

Figures6.7. Tweet times.
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The distribution of days in the tweets is as follows.

days

Friday 353
Monday 196
Saturday 300
Sunday 201
Thursday 300
Tuesday 200

Wednesday 143
Name: id, dtype: into64

The barplot of the distribution of days will be

350 +

300 ~
250
200 A
150 ~
100 +
50 1
0_

b = == 2 = > =

< < S S 3 3 <

£ = 5 g 4 Cf i

= o @ 2 = =

%3] [ 'g::

days

Figures6.8. Tweet days.
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7. CONCLUSION

The purposes of text mining and sentiment analysis are to make an
unstructured text structured and calculate the sentiment score. For this, a
developer account was opened on Twitter. The tweets of Covid19 and datamining
hashtags were pulled, and then the text mining phase was started. In text mining,
tweets were tried to be brought into the simplest possible form, and then the
sentiment analysis step was started.

In sentiment analysis, the positive, negative and neutral states of the texts
were examined. The days and times of tweets were examined. The frequencies of
the words were checked. In our study of the datamining hashtag, neutral sentences
are more dominant, followed by positive sentences and finally negative sentences.
Our ranking does not change in our study of the Covid 19 hashtag. The results
related to the studies carried out are supported by Figuresics. Wordcloud of the
most used words in the texts was created. Although certain hashtags have been
researched in our study, it is possible to work with texts belonging to another
hashtag. It can even be examined directly in the tweets of a specific twitter user

without using hashtags.
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9. APPENDIX

import pandas as pd
import numpy as np
import matplotlib.pyplet as plt

### Data Mining data sef|

data=pd.read_csv("7Kasim.csu™)

sekiz=pd.read_csv("8Kasim.csv")
dokuz=pd.read_csv("9Kasim.csv")
on=pd.read_csv(“10Kasim.csv")
ir=pd.read_csv("11Kasim.csv")
d.read_csv("12Kasim.csv")
onuc=pd.read_csv("13Kasim.csv")
onyedi=pd.read_csv("17Kasim.csv")
onsekiz=pd.read_csv("18Kasim.csv")
ondokuz=pd.read_csv("1%Kasim.csv")
yirmi=pd.read_csv("2@Kasim.csv")
yirmiki=pd.read csv("22Kasim.csv")
yirmibes=pd.read_csv("25Kasim.csv")
yirmialti=pd.read_csv({"26Kasim.csv")
yirmiyedi-pd.read csv("27Kasim.csv")

df=pd.concat([data,sekiz,dokuz,on,onbir,oniki,onuc, onyedi,onsekiz,ondokuz,yirmi,yirmiki,yirmibes,yirmialty,yirmiyedi], axis=@)

df.info()

liste=[]

for i in range(1493):
licte.append(i)

len(liste)

1493
df.index=liste

df.info()

#i## Pre-Processing

!pip install -U textblob

Requirement already satisfied: textblob in c:\wserswser\anaconda3\lib\site-packages (©.17.1)

Requirement already satisfied: nltk»=3.1 in c:\users\user‘anaconda3\lib\site-packages (from textblob) (3.7)

Requirement already satisfied: regex»=2021.8.3 in c:\users\user\anaconda3\lib‘site-packages (from nltkr=3.1->textblob) (2@22.7.
9)

Requirement already satisfied:

click in c:\users\user\anaconda3\lib\site-packages (from nltk>=3.1->textblob) (8.8.4)
Requirement already satisfied: joblib in c:\users\user\anaconda3\lib\site-packages (from nltk>=3.1->textblob} (1.1.8)
Requirement already satisfied: tgdm in c:l\users\user‘anaconda3\lib\site-packages (from nltk>=3.1->textblob) (4.64.1)
Requirement already satisfied: colorama in c:\users\user\anaconda3\lib\site-packages (from click-»>nltk>=3.1->textblob) (0.4.5)

#big-small transformation
df[ “text'] = df['text'].apply(lambda x: " ".join(x.lower() for x in x.split()))

#punctuation
df[ "text'] = df["text'].str.replace('[*w\s]',"")

#numbers
df['text'] = df['text'].str.replace(’\d’, " ")

#stopwords

import nltk

#nltk. download( 'stopwords ')

from nltk.corpus import stopwords

sw = stopwords.words('english')

df["text'] = df[ "text'].apply(lambda x: " ".join(x for x in x.split() if x not in sw))

#Lemnri

from textblob import Word

#nltk.download( 'wordnet')

df['text'] = df["text’'].apply(lambda x: " ".join([Word(word).lemmatize() for word in x.split()]))

df[ *text'] = df['text'].str.replace('rt’,"")

C:\Users\user\AppData\Local\Temp\ipykernel 11492\213920815.py:5: FutureWarning: The default value of regex will change from True
to False in a future version.

df["text®] = df["text'].str.replace('[*\w\s]',"")
C:\Users\user\AppData\Local\Temp\ipykernel 11492\21392015.py:8: FutureWarning: The default value of regex will change from True
to False in a future version.

df[ “text’] = df[ ‘text’].str.replace(’\d',"")

##H## text column after preprocessing

of["text"]
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###H First five lines after preprocessing|

df.head()

kasim3=pd.read_csv("3Kasim.csv")
kasim3.drop("Unnamed: @", axis=1, inplace=True)

kasim3=kasim3.loc[:,"id":"Hashtags"]

kasimd=pd.read_csv("4Kasim.csv")
kasimd.drop(“Unnamed: @", axis=1, inplace=True)
kasimd=kasimd.loc[:,"id":"Hashtags"]

df_new=pd.concat([kasim3,kasima,df],axis=a)

df_new.info()

df_new[ "user_screen_name”].unique().size

694

user_names=df_new.groupby(“user_screen_name")["id"].count()

user_names

# List of multiple tweeters|
names=[ ]
for i in range(len{user_names)):
if user_names[i]!-1:
names . append{user_names . index[1])

print(names)

#We save the user names series as a datafmme.|.
names=user_names.to_frames()
names

###H hashtag top contributors

df_new.groupby("user_screen_name").count()["id"].sort_values(ascending = False)[@:1@]

###H Original Contributors

df_new[ "text™].str.startswith("rt").head(18)

df_new[~df_new["text"].str.startswith("rt")].count{)["id"]

1594

df_new[~df_new["text"].str.startswith("rt")].count{)["id"] / len(df_new)

8.941523922031896

#Ratio of originals to retweets (comparison)
df_new[~df_new["text"].str.startswith{"rt")].count{)["id"] / df_new[df_new["text"].str.startswith("rt")].count()["id"]

16.1619101816181
#ihHt Most favorite retweets

df_new.sort_values("retweet_count", ascending = False).head()

### frequencies of words in tweets|

freq_df = df _new["text"].apply(lambda x: pd.value_counts(x.split(" "))).sum(axis = @).reset_index()

freq_df.columns= ["words", "frequency"]
freq_df

a=freq_df[freq_df.frequency> freq_df.frequency.mean()+freq_df.frequency.std()]

# Figure Size

fig = plt.figure(figsize =(8, 8))
plt.bar(a[“words"][1:20], a["frequency”][1:2@])
plt.xticks(rotation=45)

plt.show()

33



WordCloud

!pip install wordcloud

Requirement already satisfied: wordcloud in c:‘\users\user\anaconda3\lib\site-packages (1.8.2.2)

Requirement already satisfied: pillow in c:\users‘user‘anaconda3\lib\site-packages (from wordcloud) (9.2.@)

Requirement already satisfied: numpy:=1.6.1 in c:\users‘userianaconda3\lib\site-packages (from wordcloud) (1.21.5)

Requirement already satisfied: matplotlib in c:\users\user\anaconda3\lib\site-packages (from wordcloud) (3.5.2)

Requirement already satisfied: packaging»=2@.@ in c:\users\user‘\anaconda3‘\lib\site-packages (from matplotlib-»wordcloud) (21.3)
Requirement already satisfied: kiwisolver»=1.8.1 in c:\usershuser\anaconda3\lib\site-packages (from matplotlib-»wordcloud) (1.
4.2)

Requirement already satisfied: cycler»>=8.10 in c:‘users‘wser‘anaconda3‘\lib\site-packages (from matplotlib->wordcloud) (@.11.8)
Requirement already satisfied: pyparsing»=2.2.1 in c:\users\user\anaconda3\lib\site-packages (from matplotlib->wordcloud) (3.8@.
9)

Requirement already satisfied: python-dateutil»>=2.7 in c:\usershuser\anaconda3\lib‘\site-packages (from matplotlib->wordcloud)
(2.8.2)

Requirement already satisfied: fonttools»=4.22.8 in c:\wsers\user\anaconda3\lib\site-packages (from matplotlib->wordcloud) (4.2
5.8)

Requirement already satisfied: six»=1.5 in c:\usersiuser\anaconda3\lib\site-packages (from python-dateutil»>=2.7-»matplotlib->wo
rdcloud) (1.16.8)

from os import path

from PIL import Image

from wordcloud import WordCloud, STOPWORDS, ImageColorGenerator
import matplotlib.pyplot as plt

text = " ".join(i for i in df.text)

wordcloud = WordCloud(background_color = "white").generate(text)
plt.imshow(wordcloud, interpolation = “bilinear™)
plt.axis("off")

plt.tight_layout(pad= @)

plt.show()

##H Sentiment Analysis

df new.head()

id text created_at retweeted retweet count user_screen_name user_followers_count user_location Hashtags
online ebook [Pext:
Open acCess no 2022-11-01 . Maryland, - P
0 1587533760664580096 download  19:55-13+00-00 False 122 KirkDEome 368975 usA M;cé‘il:s‘\_.am:rég’,
machingl... AT
datamining and [Plext:
knowledge 2022-11-02 Maryland, 3 i
1 1587679041553039361 discovery 05:3235+00:00 False 47 KirkDBome 368975 usA 'inmc[;:!:a'[\.;m;gj!}i
handbook ... -5
data science [Flext:
2 1587534842799218658 oM Scrachpus 20221101 False 28 KirkDEome 368975 NEEV ‘DataStience’,
more  19:59:36+00:00 USA  oices- 39, 511
datascienc. .. T
dm to recover [lext
wour gmail 2022-11-03 London, - i
3 1585121207790075906 machineleaming  10:43-36+00-00 False 0 GigsonHac 1262 Ontario er;_lcllj;lrufs\:e[;r;[r:‘g.
from... Rt 2t
design A
[text’: 'design’,
pandaspython 2022-11-03 Morth ST
4 1588115260360400597 dataprocessing  10:37-53+00-00 False 0 COMPUS_NEws 13 Carofina, USA ‘indices’ {[‘ge;]}

databasesto...

### Adding sentiment score and sentiment class features to the dataset.

### Adding emotion score and emotion class feotures to the dataset.from textblob import TextBlob
def sentiment skorla{df):
text = dff"text"]
for i in range(@,len(text)):
textB = TextBlob(text[i])
sentiment_skoru = textB.sentiment.polarity
df.at[i, '‘sentiment score’]= sentiment_skoru
if sentiment_skoru <9.88:
duygu_sinifi = "Negatif'
df.at[i, 'sentiment_class']= duygu_sinifi
elif sentiment_skoru >@.80:
duygu sinifi = "Pozitif’
df.at{i, 'sentiment_class']= duygu_sinifi
else:
duygu sinifi = "Notr'

df.at[i, ‘sentiment_class']= duygu sinifi

return df

sentiment skorla(df new)
df_new[["id", "text", "created at", "sentiment class"]]
df_new.groupby("sentiment_class").count()["id"]

duygu_freq=df_new.groupby("sentiment_class™).count()["id"]
duygu freq.plot.bar(x="sentiment_class", y="1id");

dfi=df new[["text", "sentiment_score” , “sentiment_class™]]
dfl.head(25)
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### Adding Tweet Times and Days to the Datased

df_new.head()

from datetime import datetime
import datetime

d=df_new["created_at"][8][@:-6]
d=datetime.datetime.strptime(d, “Hv-%m-%d BH:EM:%S').strftime("%H")
d

'\nd=df_new["created_at"][0][@:-6]\nd=datetime.datetime.strptime(d, “\'%Y-¥m-%d ¥H:%M:%S\').strftime("¥H")\nd\n’

df_new[ "tweet_time"]=df new["created_at"]
df_new["tweet_time"]=df new["tweet_time"].apply(lambda x: x[@:-6])
df_new.head()

for i in range(1693):
df_new["tweet_time"][i]=datetime.datetime.strptime(df new["tweet time"][i], '"®v-Rm-Bd ¥H:%1:XS").strftime("¥H")

C:\Users\user\AppDatalLocal\Temp\ipykernel 11492\4117623618.py:2: SettinghWithCopylarning:
A value is trying to be set on a copy of a slice from a DataFrame
See the caveats in the documentation: https://pandas.pydsta.org/pandas-docs/stable/user guide/indexing.html#returning-a-view-ve
Fsus-a-copy

df_new["tweet time"][i]=datetime.datetime.strptime(df new["tweet time"][i], "Rv-Xm-3Bd BH:XM:%S") . strftime("%H")
df new.head(18)
df_new["tweet_time"].unique()
srray(['19', 'es’', '1e', 'es', 'es’, 'e7', '@s’', '@4’, 'e3’, '@z, 'e1’,

‘ge@”, ‘12°, ‘11°, ‘'23°, ‘22', "21°, ‘20', '13', "18', '17°, '14',
‘16", "15'], dtype=cbject)

df_new["tweet_time"] = pd.to_numeric(df_new["tweet_time"])
df_new.info()

#i#H## Visualization of Tweet Times|

import seaborn as sns
sns.distplot(df new["tweet time"], kde = True, color ="blue");

### Code to add days|

df_new["days"]=df_new["created_at"]
df_new[ "days"]=df_new["days"].apply(lambda x: x[@:-56])

for i in range(1693):
df_new["days"][i]-datetime.datetime.strptime(df new[“days"][i], '®Y-Rm-f%d XH:2M:RS").strftime("%A™)

df_new.head()

##4 Day distributions in tweets|

df_new.groupby("days").count()["id"]

### Visualization

gun_freq = df_new.groupby(“"days").count()["id"]
gun_freq.plot.bar(x = "days", y = "id");
df_new.groupby ([ "tweet_time"”, "days"])[["tweet_time"]].count()
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