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Abstract: Humans are born to socialize with each other. Social
media is one of the media to be able to socialize with each other.
Twitter is one of the social media that contains hundreds of
millions of tweets where the tweet contains news, products that are
currently popular, even about the daily life of users who can
change. Social Context Analysis is a tool to analyze social changes
and individual needs in society from time to time. In this study, the
author uses the K-means Clustering method to group topics on
Twitter. Based on the result, it shows that topic movement can be
detected in moving from one cluster to another cluster. It also is
followed by membership movement. Therefore, it can be
concluded that this study can be used to show topics and its
membership movement.
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I. INTRODUCTION

Humans are living beings who always want to socialize because
humans are social creatures. In general, socialization is the process of a person
to live, recognize social norms and values that are useful for shaping one's
attitude in accordance with the behavior or demands of society. Socializing can
be done by means of communication between a person / individual that can
produce information. Twitter is a social media in the form of microblogging
(small blog) where users or users can send tweets that contain information,
news, or can even contain expressions of heart & thoughts. Tweet is a content
that is an element of Social Context To do Social Context Analysis, you can use
the Clustering method and several studies have used the Clustering method [1].

Clustering method can be used to perform Social Context Analysis.
This is because clustering aims to group the partition of an object into one group
that has the same characteristics and different characteristics will be grouped in
other groups [2]. So the clustering method can apply Social Context theory
where Social Context is used as an analytical tool to identify, understand, and
make predictions related to social problems and community needs [3].

In this study, we will analyze the topic movement (context of
conversation) and also the movement of membership (users) on Twitter with
the stage of clustering the topic of conversation within one week

II. LITERATURE REVIEW

The research conducted by Muhammad Ali with his colleague
Farindika Metandi with the title "Determination of Types of Comments on PSSI
(Indonesian Football Association) Tweets" is an example of using the K-means
Clustering method. In this study, the researchers used 50 commentary data
taken from Twitter users who discussed PSSI (Indonesian Football Association)

*Corresponding author
E-mail addresss : trisakti agung06@trisakti.ac.id

which was used as research material. The researcher also determined 3 types of
comments, namely irony, cynicism and sarcasm. Initially, the researcher
analyzed the data based on the needs of the researcher and counted the number
of positive and negative words in each comment manually. After that, do the
clustering process with K-means clustering. In the first iteration, determine the
number of clusters and in this study use 3 clusters. After determining the
number of clusters, determine the centroid or cluster center provided that the
first centroid is the average result for each criterion, the second centroid is the
maximum value of each criterion and the third centroid is the minimum value
of each criterion. Especially in the first iteration the value of the starting point
of the cluster center (centroid) is chosen randomly. After determining the
centroid, calculate the distance of the object to the nearest cluster center using
Euclidean Distance. After that group objects based on the minimum distance to
determine the members of each cluster. After all data has been placed in the
nearest cluster, the study calculates the new cluster center (centroid) based on
the average members in the cluster and produces the first iteration cluster center
(centroid). The iteration process is carried out in the same way until the new
cluster center does not change in the previous cluster center (centroid). The
study obtained clustering results up to the 5th iteration. The results showed that
there were 3 clusters, the first cluster was 20% cynical comments, the second
cluster 6% sarcasm comments and the third cluster 54% irony comments. The
study also conducted comparisons and tests using the Rapid Miner application.
The results of the study using the Rapid Miner application produced 3 clusters,
namely the first cluster of 70%, the second cluster of 10% and the third cluster
of 20%. The calculation using K-means Clustering is different from the
calculation using the Rapid Miner application because the study uses the
average value, maximum value and minimum value to determine the initial
centroid [4].

Clustering by the Fuzzy C-Means method which is part of the Fuzzy
Clustering [5]. The study used secondary data with 24 districts / cities in Central
Sulawesi. The research grouped the regions with the variables of the number of
cases of malnutrition, the number of health centers, the number of health
workers, families who behaved in a clean and healthy life, the number of poor
people and the average household member. In contrast to using the k-means
method, the FCM (Fuzzy C-Means) method first determines the value of the U
partition matrix with a size of n x p where n is the number of data samples,
which is 24 and p is the attribute or parameter, which is 7. After that, determine
the initial parameter value. such as number of clusters, weighting power,
maximum iteration, smallest expected error, initial objective function and initial
iteration. After that generate random numbers as matrix elements in the initial
partition U24x2 where 24 is the number of data and 2 is the number of desired
clusters. After that determine the center of the V2x7 cluster which is the center
of the first iteration cluster and calculate the objectivity function. Next,
calculate changes to the U matrix. After that, check the stop condition with |[P1
- PO | > the smallest error value (in this study 10-5) then proceed to the next
iteration until [Pt — Pt-1| <. The research carried out up to 55 iterations to
produce 2 clusters with the help of the MATLAB R2013 application. In the first
cluster, 18 districts/cities have high levels of malnutrition. In the second cluster,
6 districts/cities have low levels of malnutrition [6].

Research of Clustering and geovisualization of twitter text data with the k-
means algorithm for cases of forest fires and natural disasters. The study used
the K-means method with the aim of knowing the distribution of tweet locations
regarding cases of forest fires and natural disasters. The research uses R shiny
and connects to Twitter with an API. The study used 12 hashtags to retrieve
tweet data and produced 33689 tweets and took 2160 that had geolocation. After
getting 2160 tweet data, the study did a manual check for duplicates with Excel
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so as to produce 1681 tweets. The tweet data is exported into a CSV form which
has the header username, date, time, text, tweetID, placelD, city center,
location, longitude, and latitude. After getting the tweet data, the researcher
carried out the tokenizing stage where this process changed capital letters to
lowercase letters, removed mentions, URLSs, punctuation marks and numbers
with the gsub function in the tm package. After the researcher tokenizing, the
researcher carried out the data normalization stage where at this stage changed
the non-standard words into standard words according to the dictionary. In
addition, it normalizes abbreviations such as " hrs " " tdk " to " harus " " tidak
". After that, the researcher carried out the stopwords removal stage where this
stage removed words that often appeared such as conjunctions, prepositions,
exclamations, and adverbs. So words like " dan " ," tidak " are lost at this stage.
After that, the researcher carried out the stemming stage where at this stage
changed the word into a basic word. Like removing the prefix me — or the suffix
“kan”. In this process the researcher uses the program code from Wahyunintyas
(2016) for Indonesian. Furthermore, the researchers carried out the process of
making the Term Document Matrix (TDM) which aims to obtain a matrix of
the number of occurrences of terms in the document. In this process, the
researcher obtained 1681 documents with 4037 terms. It is necessary to reduce
the number of terms because it makes the dimensions of the matrix large. Term
reduction is done with the help of the removeSparseTerm function in the R
application. After the researcher determines the sparse value of 99%, the
researcher gets a new term value of 80 terms. After that the results of the TDM
process are converted into a matrix and transposed on R to perform clustering
with K-Means. Each document is searched for similarities by using the
Euclidean distance function. After that, the researcher selected the value of k to
get the smallest SSE (Sum Squared Error) value. The study conducted tests with
a value of k =2 to k = 7 and the lowest SSE (Sum Squared Error) result was at
a value of k = 7 of 5693.169. The results of the study produced 7 clusters and
with 7 categories, namely forest fires, smoke, tornadoes, floods, landslides,
earthquakes and eruptions which were then mapped according to the location
of the tweet using the Shiny framework [7].

Previous researches shows that K-mean method can be used to cluster the
topics in social media conversition. By weekly analyasis on twitter
conversation using K-mean method, it can be presented the weekly movement
of topics conversition. Futhermore, by analysing the membership of each topic,
it can be detected the movement of membership as well.

III. RESEARCH METHODOLOGY

The research stages consist of Twitter Data Acquisition, Text
Preprocessing, TFIDF Weighting, Dimensional Reduction with NMF (Non-
Negative Matrix Factorization), determining the best K value with Silhoutte
Coefficient, Clustering using K-means, and Membership Transfer
Identification. Important to note that K-means is one most powerful clusteting
method [8]. The following is a flowchart of the research stages:

Hutagalung Et Al

Crawiing Tweet

l

Text Preprocessing

Cleaning Casefoiding Tokenizing Word Normalization | | Stopwords Removal Stemming

et preprocessing results

TFIDF weighting

l

Dimension Reduction
with NMF

Determination of K
value with Silhoutte
Coefficient

Kmeans Clustering

Membership
Movement
Identification

Fig 1. Research Phase

3.1. Data Acquisition

Data Acquisition on Twitter aims to get tweet data from Twitter
using the Twitter API. Twitter Data Acquisition in this research is using Twitter
data crawling method which is connected via Twitter API. To get the Twitter
API, you can access it via https://developer.twitter.com/ then click on “Create
App” after that fill in all the required forms. After successfully creating the App,
click on the name of the previously registered App, then click the "Keys and
Tokens" section so that the API Key, API Secret Key, Access Token and Access
Secret Token can be obtained. The previously obtained API Key, API Secret
Key, Access Token and Access Secret Token are used for crawling Twitter data
using scripts in Python. Researchers use the Twitter API Search feature by
inputting the required keywords. The twitter server will provide tweet data
according to the keywords you are looking for and can be saved in csv format.
Researchers conduct data acquisition for 7 days to be compared at the next
stage.

3.2. Text Preprocessing
At this stage, the tweet data that has been obtained previously is
prepared before entering the next stage. The stage of text preprocessing data is
divided into 6 stages, namely:

3.2.1. Cleaning

In the cleaning stage, it is the stage to clean each tweet of
unnecessary words/symbols.

Table 1. Example Cleaning

Before After

Smart_Bisnis agi
= pag

min.indihome gangguan udah lebih

pagi min...indihome gangguan udah
lebih dr jam ini min. mana solusinya???
dr 24 jam ini min. mana solusinya??? | jgn cuma nunggu aja

jen cuma nunggu? aja

68
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apakah akhir ini ada gangguan ya di | gangguan ya di daerah jakarta 'indihome','gangguan’, 'udah’, 'gangguan','sudah’, 'lebih’,
daerah jakarta utara utara 'lebih','dr", 'dari’,
https://t.co/8KmKMdigfA 'jam','ini','min’,'mana’,'solusinya’, 'jam', 'ini', ‘'admin', 'dimana',

'jgn', 'solusinya','jangan','hanya’,'menun

'cuma’,'nunggu’, 'aja'] ggu', 'saja']

@liuniverseyy HP aktifnya melalui | HP aktifnya melalui DM akun baru ['hi', ‘admin’, 'saya', ['hi', 'admin', 'saya', 'pengguna’,
DM akun  baru  kami  di | kami di ya Kak. Terima Kasih 'pengguna’,'telkomsel’, 'telkomsel', 'dan','indihome’,
@IndiHomeCare ya Kak. Terima | -Auli(/)' 'dan','indihome','apakah’, 'apakah','akhir’, 'ini','ada’,
Kasih - 'akhir','ini', 'ada’, 'gangguan’, 'ya','di','daerah’,
Auli(2/2) 'gangguan','ya’, 'di','daerah’, 'jakarta’, 'utara']

'jakarta’, 'utara']

['hp', 'aktifnya', 'melalui’,'dm’, ['hp', 'aktifnya', 'melalui’,
3.2.2. Casefolding 'akun', 'baru','kami','di','ya’,'kak’, 'dm', 'akun', 'baru’,

'terima’, 'kasih', 'auli'] 'kami','di','ya','kak’,'terima’, 'kasih',

The Casefolding stage is the stage of changing the letters in the data 'auli"]

into lowercase letters and also deleting other than letters a to z.

Table 2. Example Casefolding 3.2.5. Stopwords Removal

In the Stopwords stage, tweet data that has conjunctions will be

Before After - . :
— . — deleted because it is not important in research.
pagi min...indihome gangguan | pagi min indihome gangguan
udah lebih dr jam ini min. mana | udah lebih dr jam ini min mana
solusinya??? jgn cuma nunggu solusinya jgn cuma nunggu aja Table 5. Example Stopwords Removal
aja
hi admin, saya pengguna hi admin saya pengguna Before After
telkomsel dan indihome, telkomsel dan indihome
apakah  akhir ini ada apakah  akhir ini ada 'indihome’, 'gangguan', 'indihome’, 'gangguan', ‘jam',
gangguan ya di daerah gangguan ya di daerah 'sudah’, 'lebih’, 'dari', '‘admin', ‘'dimana', ‘solusinya',
jakarta utara jakarta utara 'jam’, 'ini', 'admin’, 'menunggu']
HP aktifnya melalui DM akun hp aktifnya melalui dm akun 'dimana’, 'solusinya’,
baru kami di ya Kak. Terima baru kami di ya kak terima 'jangan’, ‘hanya’,
Kasih - Auli(/)' kasih auli 'menunggu’, 'saja'l
3.2.3. Tokenizing ['hi', 'admin', 'saya’, 'pengguna’, | ['hi', 'admin’, 'pengguna’,
. . . 'telkomsel', 'dan’, 'indihome', ‘telkomsel’, 'indihome’,
In .the Tokenizing stage, tweets in the form of sentences will be 'apakah’, ‘akhir, ‘ini, 'gangguan’, 'daerah!, ‘jakarta',
broken down into words. 'ada’, 'gangguan', 'ya', 'di', 'utara']
'daerah’, 'jakarta', 'utara']
Table 3. Example Tokenizing
Before After ['hp', 'aktifnya', 'melalui’, ['hp', ‘aktifnya’, 'dm',
pagi min‘ indil}omf? gangguan ‘['pagi', ‘mi'rl", 'ind%hyome;‘,l 'dm', 'akun’, 'baru’, 'kami', 'akun', 'kak', 'terima’,
udah -leblh dr jam ini min mana gangguan’, udqh‘, lebih', 'dit, 'ya', 'kak', 'terima’, 'kasih', kasih', 'auli']
solusinya jgn cuma nunggu aja 'dr',  'jam', 'ini', .
"min’, 'auli']

'mana’, 'solusinya’, 'jgn',

'cuma’, 'nunggu’, 'aja']
['hi', 'admin’,
'pengguna’,
'dan','indihome’,
'apakah','akhir',"ini','ada’,
'gangguan','ya','di’,

'daerah’, 'jakarta', 'utara']
['hp', 'aktifnya', 'melalui',
'dm’', 'akun’, 'baru’,

saya', 3.2.6. Stemming

'telkomsel’,

hi admin saya pengguna
telkomsel dan indihome apakah
akhir ini ada gangguan ya di
daerah jakarta utara

In the Stopwords stage, tweet data that has conjunctions will be
deleted because it is not important in research.

Table 6. Example Stemming

hp aktifnya melalui dm akun
baru kami di ya kak terima

kasih auli 'kami','di','ya','’kak’,'terima’, _ Before i : : ‘j‘ﬁ?r
'kasih', 'auli'] ['pagt’, 'admin’, pagi admin indihome ganggu
? 'indihome’, 'gangguan', 'jam', | jam admin mana solusi tunggu

'admin’, 'dimana’,

3.2.4. Word Normalization 'solusinya’, ‘menunggu']

In word normalization, tweet data will be changed from non-
standard words to standard ones. In addition, at this stage abbreviations such as
"yg" will be changed to "yang".

Table 4. Example Word Normalization
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['hi', 'admin’, 'saya', 'pengguna’, | hi admin guna telkomsel
‘telkomsel', 'dan', ‘indihome', | indihome ganggu daerah jakarta
'apakah’, utara

'akhir, 'ini', 'ada’,

'gangguan', 'ya', 'di

'daerah’, 'jakarta', 'utara']

'dm’, hp aktif dm akun kak terima

kasih auli

['hp', ‘aktifnya’,
'akun', 'kak',
'kasih', 'auli']

'terima’,

3.3. TF-IDF ( Term Frequency Inverse Document Frequency )

TF-IDF is a method for interpreting a word (term) into numbers in
a document. TF (Term Frequency) is the total appearance of a word (term) in a
document. The term that occurs most often will have a large value in a
document. Next is to find the value of the IDF (Inverse Document Frequency).
The IDF (Inverse Document Frequency) value is obtained from the large
number of documents that have a word (term). If a word (term) is owned by a
few documents, the greater the influence of the word (term) on a document.
However, if a word (term) is owned by many documents, the smaller the
influence of a word (term) on the document. Here is the formula for finding TF-
IDF:

W, = tf,. * IDF,
Description:
D : Document to —d t : Word (term) to —t
W : The weight of the document — d over the word —t
Tf : The number of words (terms) to be searched in a document
IDF : Inverse Document Frequency

3.4. NMF (Non-Negative Matrix Factorization)

NMF is a word representation matrix with topics that have non-
negative values so that this matrix is easier to interpret.

NMF is a method for factoring a V matrix of size m x n into non-
negative matrices. A general NMF decomposition method which can be
expressed by the equation:

V=WH

3.5. Silhouette Coefficient

Silhouette Coefficient is used to see the quality and strength of the
group, how well or poorly an object is placed in the group. This method is a
combination of the method of separation and cohesion [9]. To calculate the
silhouette coefficient value, it is necessary to calculate the silhouette index
value from the i-th data. The silhouette coefficient value is obtained by finding
the maximum value of the Global Silhouette Index from the number of clusters
2 to the number of clusters n-1.

Subjective criteria for grouping measurements based on the
Silhouette Coefficient (SC) [10], can be seen in the following table:

Table 7. Silhouette Value Criteria

SC Value Criteria
<025 Bad
0,26 — 0,50 Weak
0,51-0,70 Good
0,71 — 1,00 Strong

3.6. Social Context Model Development with K-means Clustering

At this stage, tweet data that has passed the Text Preprocessing stage
will enter the data analysis stage using clustering techniques. In this study, data
collection was carried out periodically, so data analysis was carried out
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periodically. The following is a flowchart in the development of a social context

model with K-means clustering:

Clustering Kmeans

Start

First Day Data

Second Day Data

Clustering Kmeans Clustering Kmeans

Topic / Cluster

Topic / Cluster Topic / Cluster
Membershi 5 A i
Label lembership Label Membership Label Membership

{Frs( Day Cus(er; / Second Day / / n - Day Cluster /

Identification of topic
movement &
membership

End

Fig 2. Social Context Model with K-means

IV. RESULT AND DISCUSSION

4.1. Data Acquisition

The data retrieval (acquisition) process uses the Twitter data
crawling method with the python programming language supported by the
tweepy library. The Data Crawling process utilizes the API features of Twitter
and the resulting data is a file with the csv extension. The twitter API feature
takes the key from the twitter developer portal that has been provided. The
Twitter Data Crawling process is carried out during August 09, 2021 to August
15, 2021. The keywords used adjust to 5 Trending Topics every day from
August 09, 2021 to August 15, 2021.

B @

What
Manage Dsta Mocel | angy

Don'tshow again

awsss v £

09/08/2021 11:0208

A 5 < o E F s H ' ) K L

4534/ 09/08/202111:05 1,426418 CODE2L  A'R'ace?

4535 05/08/202111:05 1,426+15 lady_exol Lady luck BT @Markastotto: YUK Ramaikan HT ]

4536/ 09/08/2021 11:04 1426418 AeriMVL¢Aeri MM bRT @MarkasLotto: YUK Ramaikan HT
4537 03/08/2021 11:04 1426418 ZayOd0E Zay DT @MarkasLotto: YUK Ramaikan HT i LavsCr

4538/ 09/08/202111:08 1426418 CODE2L  A'R'dce?

4539/ 03/08/2021 11:04 1,426418 oRT @ Ramak

4520/ 09/08/202111:03 1426418 Lnot,

4541/ 09/08/202111:03 1,426418 KTiaran! _ parkaraso bRT @MarkasLotto: YUK Ramalkan HT 1

4542/ 09/08/202111:03 1,42E+18 bunnycotinurjunmy b/RT @MarkasLotto: YUK Ramaikan HT

4543/ 09/08/2021 11:03 1,426418 rime

B
4542/ 05/08/202111:03 1,426+15 rahma_by ByunRahn b/RT @MarkasLotto: YUK Ramaikan HT

4545/ 09/08/2021 11:03 1426418 nept00ns: Aphrodite DRT @MarkasLotto: YUK Ramaikan HT

4546/ 05/03/2021 11:03 1426418 acupofTIETia  bRT @Markastotto: YUK Ramaikan HT

4547 09/08/202111:02 1,426418 avloey _ chanchani DT @MarkasLotto: YUK Ram

4545 05/03/202111:02 14264158 2953t Firly

4549/ 09/08/202111:02 1,426418 dindacohlafoE

DRT @MarkasLotto: YUK Ramaikan HT

4550 09/08/202111:02. 1,426+15 Jongdaele A°*A"Jong BT @MarkasLotto: YUK Ramaikan HT ]

4551/ 09/08/2021 11:02 1426418 erina_syif Syifa Erine 'RT @MarkasLotto: YUK Ramaikan HT

4552 05/08/2021 1102 1,426+15 328 _eah HaeRa || (6T @Markastotto: YUK Ramaikan HT ]

4553/ 09/08/202111:02 1426418 R
asse

kan HT

topikta | @ [ai

Ready 21 CpAccessibilty Unavailable

Fig 3. Output Crawling Data

4.2. Text Preprocessing

At this stage, the tweet data that has been successfully obtained
through the Crawling Data process is an unstructured tweet data with CSV
format. Text Preprocessing is the process of converting unstructured data into
structured data before entering the next stage (Kmeans Clustering). This stage
includes 6 processes, namely: Cleaning, Casefolding, Tokenizing,
Normalization of Words, Elimination of Stopwords, and Stemming.

4.3. TFIDF weighting
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At this stage, Tweet data that has passed the Text Preprocessing
process is in the form of words or text. The data must be converted into numbers
or numeric using the TF-IDF method. The following is the source code and an
example of the TFIDF weighting results:

From Shleamn Fedture _antraction. tent Saport (owntvectorize
from sklesrn. feature extraction text faport 17101 Transforses

e merarg § 80004

Fig 4. Source Code and Example of TFIDF Weighting Results

4.4. TFIDF Matrix Dimension Reduction with NMF (Non-Negative Matrix
Factorization)

At this stage, the TFIDF Matrix generated from tweet data has a
large dimension. The TFIDF matrix is the total document size (total record
tweets) X total terms (distinct). Therefore, the storage and processing of these
matrices requires a long time and large resources. The NMF (Non-Negative
Matrix Factorization) method is one method to reduce the dimensions of the
TFIDF matrix.

4.5. Determination of K value

In K-means Clustering there is input from the user, namely the value
of K. The value of K in Kmeans Clustering determines the number of clusters
that will be generated by Kmeans Clustering. Silhouette Score is one method to
determine whether the input K value is optimal or not.
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Fig 5. Determination of K value with Silhouette Score

The chart above shows that the best K value on the first day dataset ( 09
August 2021 ) is 5.

4.6. Kmeans Clustering

After the dimension reduction process using the NMF (Non-
Negative Matrix Factorization) method and having found the optimal K value
with the Silhoutte Score, then enter the clustering stage with Kmeans
Clustering. At this stage using the Kmeans library which is already available in
Python.
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Fig 6 First Day Data Clustering Results

The following is a chart of Kmeans Clustering results on the first
day of data:

The following is a list of cluster labels taken from the top 3 the best term in
each cluster:

Table 8. Cluster Labeling

Cluster Label
0 bts,twt,armyteamiid
1 bts,ntokopedia,armyteamiid
2 party,bts,indomy
3 bts,twt,sm
4 bts,party,twt

4.7. Topic Distribution Chart in Cluster

At this stage, each cluster data that has been formed will be
visualized the source or origin of the dominant topic in each cluster. The
following is a chart of the distribution of topic sources on the first day of data

clusters:
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Fig 7. Topic Distribution Chart in Cluster

Based on the chart above, clusters with the labels
"bts,ntokopedia,armyteamiid" , "bts,twt,armyteamiid", "bts,twt,armyteamiid"
are dominantly derived from the topic or keyword "#% &4\ &, The cluster
with the label "partybts,indomy" comes from the topic or keyword
"#BTSARMY". And in the Cluster "bts,party,twt" also dominantly comes from
the topic or keyword "#BTSARMY".

4.8. Membership Movement Chart

Each cluster that has been formed is stored in a CSV containing the
username column and also the label column that has been determined in the
previous stage. At this stage, it will be visualized and explained about the
movement of membership / members / users from day to day. In this
experiment, using cluster data on the first day (August 09, 2021) and cluster
data on the second day (August 10, 2021) which have also gone through the
same process. The following is a chart of membership transfer on the first day
of the cluster to the second day of the cluster:

09/08/2021
Stay

Move

. Move
oyt
. stay

Fig 8. Pie Chart Membership Movement

The chart above shows that there are 50.1% membership / users who
leave. The word "out" in the chart above explains that the membership / user
contained in the first day cluster data (9 August 2021) is not found in the second
day cluster data (10 August 2021). Then followed by 46.3% membership / user
who moved. The word "move" in the chart above explains that membership /
users who are in the data cluster on the first day discuss a topic / label but on
the second day cluster data do not discuss the same topic / label but are on
another topic / label. Finally, there are 3.5% membership / permanent users.
The word "stay" in the chart above explains that there is a membership / user
who in the first day cluster data also discusses the same topic / label on the
second day cluster data.

4.9. Discussion

The analysis phase in this study uses the Anaconda Navigator
software using Jupyter Notebook using the Python programming language. The
stages of this research process begin with Crawling Data with a total of 34
topics or keywords originating from 5 top trending topics every day for 7 days
(August 09, 2021 — August 15, 2021). The total tweet record data obtained for
7 days is 286,559 tweets with an average of 40,937 tweets per day.

After getting the tweet data using the Twitter Data Crawling
method, the next step is the Text Preprocessing stage. This stage is the stage of
converting data into structured data. In this process, there are several processes,
including: Cleaning, Casefolding, Tokenizing, Normalization of Words,
Elimination of Stopwords, and Stemming.

After producing clean and tidy data, the next step is to enter the
TFIDF weighting stage. After the TFIDF weighting stage is successful, then
proceed with the matrix dimension reduction stage using the NMF (Non-
Negative Matrix Factorization) method. Next is to determine the best K value
with the best Silhoutte Score. Here are the top 5 terms that often appear in the
cluster for 7 days:
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Table 9. Top 5 Terms in Clusters for 7 Days

Term Occurrence Frequency
bts 37
twt 16
armyteamiid 7
astro 7
lord 7

V. CONCLUSION

Based on the results of the analysis and discussion, 34 topics or
keywords were obtained from the top 5 trending topics in Indonesia on Twitter
for 7 days (9 August — 15 August 2021) with a total record of 286,559 tweets
resulting in 116 clusters. Topic movement (clusters) for 7 days is dominated by
topics that are always new or topics that do not last more than 1 day. Topic
movements that last more than 1 day are in topics or clusters with the label
"uwu, short, namjoon" (12 — 13 August 2021) and in the cluster with the label
“yuk,wetv,tonton” (13 — 14 August 2021). Membership movement for 7 days,
namely: first day (9 August 2021) 50.1% Exit (did not move to any topic on the
second day), 46.3% Moved (moved to another topic on the second day) and
3.5% Stayed (moved). to the same topic on the second day). Day two 68% out
and 32% moved out; Third day 67.8% out and 32.3% moved; Fourth day 62.5%
out and 37.5% moved; Day five 80.7% out and 19.3% moved; Day six 70.9%
moved in and 29.1% left. By this finding it study can be adopted to an computer
application that monitor topics movement and its memberships in order to know
discourse in society. In practical, it can be used in targeted marketing, social
policy, etc.[11][12].

Based on the completed discussion, the authors have suggestions, namely:
In this study, the authors only use data within a week (August 09,2021 — August
15,2021), for further research, the time period can be added. In addition, in this
study, the authors conducted an analysis of topic movements and daily
membership movements, for further research they could analyze weekly or
monthly periods.
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