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Abstract— Twitter is a popular social media for every user 
to issue thoughts and emotional forms which are tweets, tweets 
that only have 140 characters with limitations to write in text. 
Twitter is one of the social media places to get information that 
is always up to date, tweets are categorized into big data 
because tweets are information that can be used as a source of 
data for research. Latent Dirichlet Allocation (LDA) as an 
algorithm that can process large text data (big data). In this 
study using the LDA method as an algorithm to produce topic 
modeling, each topic similarity, and visualization of topic 
clusters from the tweet data generated as many as 4 topics 
(Economic, Military, Sports, Technology) in Indonesian, where 
each topic has a number different tweets. The LDA method 
used in the processing of tweet data is successfully carried out 
and works optimally, in each topic extraction, topic modeling, 
generating index words that are in each topic cluster and 
computer visualization in the topic.LDA output shows optimal 
performance in the process of word indexing in Sport topics 
with 1260 tweets with an accuracy of 98% better than the LSI 
method in Topic Modeling. 

Keywords— Twitter, Topic Modelling, Latent Dirichlet 
Allocation 

I. INTRODUCTION  
 

Social media is an intracation media that continues to 
grow following the development of web technology. Social 
media is defined as an online information technology tool 
that allows every user to communicate easily through the 
internet in sharing information such as text messages, audio, 
video, images and so on [1]. In addition, social media is 
defined as an intermediary media that has a social 
orientation that can record user conversations and provides 
facilities for sharing information. 

Twitter is present as a means of communication to 
exchange information about various events in the real 
world, short messages on Twitter generally reflect various 
events experienced by users in real-time [2]. Twitter is one 
of the media that connects each user with communication 
using tweets in the form of text, where each tweet is a 
liaison between users to share information with each other. 
Text is one of the media that is able to communicate in 
various ways, and text with a large size is also categorized 
into Big Data, where the growth of Big Data is currently 
growing, trillions of bytes are created every day from 
various sources. Big data is a term for a set of data that is 
so large or complex that it cannot be handled anymore with 
conventional computer technology systems [3].Utilization 
of big data using various methods and algorithms such as 
community detection has been widely used in various 

fields such as measuring the strength of Indonesian 
research with a social network analysis approach [16] [17]. 

Topic modeling is a technique developed to produce 
document representation in the form of keywords from 
documents. These keywords will be used in the indexing 
and document search process to be found again according 
to user needs. Latent Semantic Analysis (LSA) appears as 
the first technique that can produce document 
representation in the form of a collection of words. LSA is 
the method most widely known by attaching the Bag-of-
Words feature as a document representation [4]. 
Probabilistic Latent Semantic Analysis (PLSA) developed 
by Hoffman in 1999 is an LSA that uses probabilistic 
values as a determinant of the topic weight of each existing 
document. As a new variant of LSA, the GLSA technique 
was proposed by Islam and Hoque in 2012 which changed 
the existence of terms in the term matrix to n-grams. 
Meanwhile, the method named Multidimensional Latent 
Semantic Analysis (MDLSA) proposed by Zhang, Ho, Wu, 
and Ye in 2013 is a method that reviews the relationship 
between terms and spatial distribution. The technique that 
involves syntactic aspects directly is SELSA (Syntactically 
Enhanced Latent Semantic Analysis) proposed by 
Kanejiya, Kumar, and Prasad in 2003. To model 
generative probabilistic on a collection of text data 
(corpus) a method called Latent Dirichlet Allocation 
(LDA) was used. LDA is a Bayesian Hierarchy model, in 
which a set of text data is modeled as a mixed model of 
various topics [5]. Topic modeling is a method for finding 
the main theme that includes a large and unstructured 
collection of documents that can arrange a dataset in 
accordance with the themes found in it. Topic modeling 
algorithms can be applied to large numbers of documents 
and can be adapted to various types of data, among 
applications, topic modeling has been used to find patterns 
in genetic data, images, and social networks. Topic 
modeling algorithm is a statistical method that analyzes 
words from the original text to find themes in the dataset, 
how the themes are connected to each other, and how they 
change over time [6]. 

In summary, the development of topic modeling 
algorithms began with the emergence of the Latent 
Semantic Indexing (LSI) algorithm which attempts to 
overcome the problems faced in the tf-idf scheme about 
reducing dimensions that are too large. Then the LSI 
method was developed using the maximum likelihood or 
Bayesian method which applies the concept of probability, 
known as the LSI Probabilistic (PLSI) method. Although 



the PLSI method can be useful for modeling probabilistic 
topics, it does not fully produce probabilistic models at the 
document level. To overcome this problem, then came the 
Latent Dirichlet Allocation method [7]. The LDA method 
can indeed work well at the document level which may 
have many topics in it, but the LDA cannot work optimally 
on topic modeling for datasets that contain concise text, 
such as the Twitter dataset. For that, we need the right 
method for modeling topics in a concise dataset, then LDA 
is developed into twitter-LDA for modeling topics in the 
twitter dataset [8]. 

With the Latent Dirichlet Allocation (LDA) method, the 
writer wants to group (clustering) in topic modeling (Topic 
Modeling) using Twitter data (tweet) which results in the 
grouping of Indonesian tweet data and analysis in grouping 
each topic from Twitter social media. 

II. LITERATURE REVIEW 

A. Twitter 

 Twitter is one of the most popular social media in the 
world since it was first published in 2006. Indonesia has 
used Twitter since it was first published and is among the 
most productive Twitter users. There are around 29 million 
Twitter users in Indonesia. In 2014, Indonesia ranked fifth 
as the country with the most tweets. Various information 
can be obtained from social media Twitter which is now 
increasingly being used. Users use it for various needs, for 
example for public, government and business needs. Tweets 
shared by Twitter users cover a variety of specific topics. 
Users can share opinions about the shared tweet. Topics 
represent the contents of many tweets that discuss the same 
context. From these tweets can be found the main topics that 
are being discussed by many users at that time by 
conducting topic analysis. Twitter is present as a means of 
communication to exchange information about various 
events in the real world, short messages on Twitter generally 
reflect various events experienced by users in real-time [2]. 
 

B.  Topic Modelling 

The concept of topic modeling consists of entities 
namely "words", "documents", and "corpora". "Word" is 
considered as the basic unit of discrete data in a document, 
defined as items of vocabulary that are indexed for each 
unique word in the document. "Document" is an 
arrangement of N words. A corpus is a collection of M 
documents and corpora is the plural form of the corpus. 
While "topic" is the distribution of some fixed vocabulary. 
Simply put, each document in the corpus contains its own 
proportions of the topics discussed according to the words 
contained in them [7]. In the topic modeling concept, there 
are several definitions of the topic model including: 
a. The topic model is a type of statistical model for finding 

abstract "topics" that occur in document collections. 
b. The topic model is a set of algorithms that uncover the 

thematic structures hidden in a collection of documents. 
This algorithm helps us develop new ways to search, 
search and summarize large text archives. 

c. The topic model provides a simple way to analyze large 
volumes of text without labels. "Topic" consists of a 
group of words that often occur together. 

 

 

 

 

 

 

 

 

 

Fig. 1 Probabilistic topic model[6] 

C. Latent Dirichlet Allocation 

Latent Dirichlet Allocation (LDA) is the most popular 
topic modeling and analysis topic at the moment. LDA 
emerged as one of the chosen methods for analyzing very 
large documents. LDA can be used to summarize, cluster, 
connect or process very large data because LDA generates a 
list of topics that are weighted for each document [9]. The 
distribution used to obtain the distribution of per-document 
topics is called the Dirichlet distribution, then in the 
generative process for LDA, the results from Dirichlet are 
used to allocate words in the document to different topics. In 
LDA, documents are observable objects, while topics, 
distribution of per-document topics, classification of each 
word on topics per document are hidden structures, hence 
this algorithm is called Latent Dirichlet Allocation [6]. 

Procedure: 
Input:  Number of document M 

Number of topics t 
β Vocabulary matrix 

 

Output:  Topic probability distribution for each word in document. 
 Steps:  

1. Choose the topic distribution α 
2. Assign each word W in a document d to one of the t 

topics. 
3. For each word W in a document d 

• For each topic calculate P(Topic t | Document d) 

• Calculate P(word W | Topic t) 
4. The selection word W for a topic t is depends on the 

distribution of  β Vocabulary words 

In general, LDA works with the input of individual 
documents and several parameters, to produce outcomes in 
the form of a model consisting of weights that can be 
normalized according to probability. This probability refers 
to two types, namely type (a) the probability that a certain 
specific document produces a specific topic and type (b) the 
probability that a specific topic produces specific words from 
a vocabulary collection. Probability of type (a), documents 
that have been labeled with a list of topics are often 
continued to produce probability types (b), which produce 
certain specific words [9]. Simply put, the LDA algorithm is 
based on the distribution of words contained in a document. 
Then look for whether the word is from the same topic in a 
document, and there are several topics. 



D. Latent Dirichlet Allocation 

Clustering considers an important approach to finding 
common ground in data and placing the same data into 
groups. Clustering divides data sets into groups where the 
similarity within a group is greater than between groups 
[10]. The idea of clustering has a simple nature and is close 
to human thinking, whenever we present this large amount 
of data into a small number of groups or categories to 
facilitate further analysis. Apart from that most of the data 
collected in many problems appears to have some inherent 
nature that has experienced natural groupings [11]. 

Document clustering is the process of grouping document 
datasets referring to the similarity (similarity) of document 
data patterns into a cluster, whereas those without similarities 
will be grouped into other clusters [12]. Clustering is defined 
as an effort to group data into clusters so that the data in the 
same cluster have more similarities compared to the data in 
different clusters [13]. Clustering is an unsupervised machine 
learning technique where the method does not need to be 
trained or there is no learning phase. 

 

 

 

 

 

 

 

 

 

Fig. 2 Clustering Method [14] 

Input: S (instance set), K (number of cluster)  
Output: clusters 

1. Initialize K cluster centers. 
2. while termination condition is not satisfied do 
3. Assign instances to the closest cluster center. 
4.Update cluster centers based on the assignment. 

  5. end while 

III. METHODOLOGY 

 In this study consists of several phases so as to 
obtain accurate analysis results. This study uses the Latent 
Dirichlet Allocation (LDA) method to model the topic and 
produce clustering in each topic discussion. The tools used 
are Python computer programs to process data with the 
LDA method algorithm. The research approach broadly 
consists of six stages, including: 
1. Start or preparation. In the preparation phase of the 

study, the authors make observations (observations) in 
advance on the object directly by looking at how the 
LDA algorithm works in a python program to process 
text data tweets. 

2. Data Crawler. After understanding the phenomenon, 
then the authors do a data crawler using the Python 
program. 

3. Latent Dirichlet Allocation (LDA). LDA is a method 
used for filtering and tokenizing in the text of the 
crawler data that is represented in the form of clusters. 

4. Results and Discussion. At this stage discussing the 
results 

5. Conclusion. This stage, the authors draw conclusions 
from the results and discussions that have been carried 
out in the previous stage. 

For more details, the authors include a step diagram in this 
study which is shown in Figure 3 below;: 
 

 

 

 

 

 

 

 

 

 

Fig. 3 Research Stage 

 

 

 

 

 

 

                                

Fig. 4 The concept of Similarity of texts in a topic[15]  

In Figure 4 above, a process / method of processing 
tweet data has been generated, first extracting tweet data, 
then making a model with the LDA algorithm that can 
produce text from each topic that can classify text, see index 
results and similarity in each cluster topic [15]. 

IV. EXPERIMENTAL AND RESULT 

This research uses Twitter data that is crawled with 
python program code and access token provided by twitter, 
then the coding is entered into notepad ++ editor and run 
with command prompt. After the twitter crawler process was 
carried out successfully pulled Indonesian twitter data with 
the file.txt format as many as 4 different topics, and each 
tweet had a different number, namely topics about Economy 
totaling 3219 tweets, Military topics 2390 tweets, Sports 



topics 1260 tweets, and topics Technology 3215 successful 
tweets on the crawler. Twitter data retrieval using keywords 
in accordance with the topic, then stored in txt format in 
Figure 5. 

 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 5 Topic tweets 

The Latent Dirichlet Allocation (LDA) method as an 
algorithm used in this study was combined with coding 
python to get the results of representative topics in 
Indonesian tweet data using Indonesian corpus. In the 
process of running the gensim LDA model with Indonesian 
corpus and stopwords, it produces 5 words in the topic 
produced by the LDA algorithm with a range/index of each 
word in each topic. In topic LDA modeling, a comparison of 
the results of the indexing of words produced in the 
modeling of the topic with the Latent Semantic Indexing 
(LSI) method to see the comparison of the index results of 
each word. Before the emergence of the LDA method as an 
algorithm used to do modeling in a topic, LSI was a method 
used as an algorithm used to produce existing word indexing 
on each topic. The results of the word index in topic 
modeling using the LDA and LSI methods are shown in 
Figure 6. 

 
 
 
 
 
 
 
 
 
 
 
 

Fig. 6  LDA and LSI Modeling word index 

In the process of modeling topics from 4 different topics 
with 2 different methods used as an algorithm in the 
processing of data topics, tweets have been done one by one 
with different results. The results of each topic show that the 
LDA method works more effectively than the LSI method 
of carrying out the process of modeling topics as an 
algorithm in indexing words in topics with 5 words that 
have different indexes. In this case, LSI and LDA have the 
representation, accuracy, strengths, and weaknesses of each 
in the topic modeling process. The LSI method used in the 
modeling process produces words that often appear together 
in documents must be similar. The LSI covariance direction 
or main direction is obtained by using the singular value 
decomposition of� ∈ R d x N  

� = USV T , withU T U = ldandV T V = lN 

and S ∈RdxN  a matrix with nonzero elements only on single 
diagonal values�, positive and ordered in descending order 
[5] 
LSI index algorithm in words: 
Expectation step 
 
             (1) 
 
Maximization step 
 
 

 
                                                                                           (2) 

 

On the results of the topic with the LDA model, there is a 
similarity (similarity) in each topic produced. In each 
modeling with the LDA model produces 1 topic that is used 
as similarity in the discussion of tweet data topics. The 
results of the similarity in each topic produced are shown in 
Figure 7. 

 

 

 

 

 

 

 

Fig. 7 Similarity in topic 

Clustering of tweet data that is processed by the LDA 
model method produces 2 topic clusters of each tweet data 
topic, where each topic has different words that are 
interconnected. The purpose of the LDA Model which is run 
by coding python is to produce word keyword graphs in each 
tweet data topic. After processing with the LDA model, it 
enters the cluster stage from each word into a cluster of 
topics that represent each tweet topic. 4 tweet data topics 
have different clusters, by displaying a visualization of 2 
topics in the cluster there are words generated from the 
computer using the Latent Dirichlet Allocation method. 
Cluster results for each topic of tweet data using the LDA 
method produce a visualization with pyLDAvis as shown in 
Figure 8. 

 

 

 

 

 

 

 

 

Fig. 7 Topic cluster visualization 



V. CONCLUSION AND FUTURE WORKS 

 
Research on topic modeling using Twitter data and 

Latent Dirichlet Allocation (LDA) method as an algorithm 
to produce Indonesian tweet topic data modeling. In this 
research process, it produces word indexes, word clusters 
and similarity on each topic consisting of 4 different tweet 
data topics. In the process of modeling the index of words in 
a topic, LDA was tested by the Latent Semantic Indexing 
(LSI) method to see the performance of the LDA method in 
Topping indexing modeling as a comparison. LSI is a 
method for producing word indexing in topic modeling, then 
in the process of topic modeling testing is done by 2 
methods, namely LDA and LSI. The results of testing the 
indexing process in topic modeling, LDA shows the 
performance in the process of word indexing in Sports 
topics totaling 1260 tweets with an accuracy of 98% better 
than the LSI method. Furthermore, the process of similarity 
with the LDA model produces 1 representative sentence in 
the topic of discussion on Sport 1260 tweets namely 
"Hulkenberg is considered able to Break down Hamilton's 
Domination in F1". The final results of this study display the 
visualization of wods that are considered relevant / often 
appear and related in the discussion of the topic, displayed 
two histogram visualization clusters with pyLDAviz words 
on the topic of Sports namely the words "MotoGP" and 
"Indonesian". 

The LDA method used as an algorithm in topic 
modeling has been successfully carried out, in the process of 
text processing data tweets with very limited Indonesian, 
then it takes a new breakthrough to be able to create a large 
corpus / library in Indonesian to process Indonesian text 
data in the natural science field Language Processing (NLP). 
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