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Abstract. The information contained in the social media can be processed and used to 

predict the user's personality. Personality information can be used as a basis for public 

assessment of the leaders in a government. In obtaining it is required the existence of a 

system of personality prediction to bridge between social media with a person's 

personality. The feature is obtained from the extraction method Linguistic Inquiry and 

Word Count (LIWC) is a text analysis program that calculates a word in psychological 

category into percentage value. The purpose of this study is to make a personality 

prediction system based on information from social media Twitter. Twitter's social media 

was chosen because of its text-shaped data, so it fits in with this paper using the word 

analysis program. The outcomes of this study show that 47% of 13 politician’s parties tend 

to have depressed meaning, lack of confidence and disappointed that influence to their 

emotion. It was also found that party’s communication system generally allowed their 

politicians to give statements freely to the social media, which is 62% of politicians stick 

out negative emotion on public. These factors were reducing the public trust as citizenry’s 

representatives. 
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1   Introduction 

Personality is one of the known methods in the world of psychology to interpret the 

personality of a person, especially to find the relationship between personalities and job’s 

performance. Personality can be seen from various aspects they are openness, extraversion and 

others personality. Personality measurements can be performed by using shared methods. One 

of the methods is a questionnaire question that contains the characteristics of the scale-from the 

most agree to the most disagree. But this method has a drawback because the prediction result 

of the questionnaire is less valid [1]. 

This case will be made by a model of personality classification based on social media status 

that is Twitter with Linguistic Inquiry Word Count (LIWC). By looking at 3 parameters to select 

the personality those are positive emotion, negative emotion and social word. The Linguistic 

Inquiry and Word Count (LIWC) method is a transparent text analysis program that computes 
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words in a meaningful psychological category or word analysis method that converts the status 

into values. The LIWC results show its ability to detect meanings in a variety of experimental 

settings, including to show the focus of attention, emotionality, social relationships, thinking 

styles, and individual differences [2]. 

Social networking on the website has grown rapidly in the last decade. In January 2005, a 

survey of social networking websites has reached 115 million members and continues to grow 

to date [3]. When creating social media profiles, users tell themselves about self-description, 

status updates, photos and interests, so that personality can be observed through social media. 

Twitter is one of the social media that was used in many countries to express feelings, activities 

and written in one or two sentences. As multi-leveled equations, graphics, and tables are not 

prescribed, although the various table text styles are provided. The formatter will need to create 

these components, incorporating the applicable criteria that follow. 

 

Fig. 1. Top 20 countries in terms of Twitter accounts 

Based on fig. 1 above, it can be seen that the Twitter users in US, 2012 has reached 140 

million users and continues to grow to date. Seeing the number of Twitter users and its habits, 

it can be used as a reference in predicting the personality. There is a relationship between human 

nature and their habit towards psychological disorders, performance in work, even in relation to 

the partner [4]. 

Therefore, making the system to predict the personality of a person through social media is 

considered necessary as a bridge between social media and personality paper. If a person's 

personality can be accurately predicted through this system, then the system will help many 

things, such as determining the level of success and compatibility of a relationship with the 

partner [5], determining the type of music heard by personality [6], and individual personality 

types can be used to predict whether they prefer McCain or Obama as a US presidential 

candidate in 2008[7]. 

Based on the previous description, it can be seen that the personality is very influential to 

some aspects of life, so the system of personality prediction is considered necessary. Where by 



using this prediction system, the personality of a person can be known by the users quickly and 

accurately. In addition, this prediction system can minimize the error of personality prediction 

due to the subjective analysis of the testers. 

Software-based personality prediction systems have been developed by several researchers 

until now and have been applied to some aspects of life and social media (such as Facebook, 

Twitter, and Instagram). The purpose of this paper is to know the accuracy of personality 

classification based on twitter tweets by using word analysis from LIWC which calculation 

accuracy level expressed into percentage. 

2 Literature Review 

2.1   Linguistic Inquiry and Word Count (LIWC) 

 

To find a more efficient evaluation method due to make an accurate evidence from the 

suspects or witnesses, it turned to the promise of computerized text analysis programs to assess 

the resources text. LIWC (Linguistic Inquiry and Word Count, often pronounced ‘Luke’) is a 

lexical resource developed by social psychologist James Pennebaker and his team at the 

University of Texas [8].  

The LIWC program has two central features; the processing component and the 

dictionaries. The processing feature is the program itself, which opens a series of text files which 

can be essays, poems, blogs, novels, and so on and then goes through each file word by word. 

Each word in a given text file is compared with the dictionary file [9]. Shortly, LIWC is a 

transparent text analysis program that counts words in psychologically meaningful categories. 

Linguistic Inquiry and Word Count (LIWC) is a word counting software widely used for 

quantitative text analysis in social, linguistics, and medical sciences. Although LIWC is able to 

measure features in text that allow text classification and prediction for behavioral outcomes, it 

is mainly used to identify informative word features about the psychological state of the author 

or the speaker or the underlying group. LIWC was originally developed to address content 

analytics issues in experimental psychology [10]. 
 

2.2   How Linguistic Inquiry and Word Count (LIWC) works 

 

The use of Linguistic Inquiry and Word Count (LIWC) is quite simple. Basically, it reads 

certain texts and calculates the words into percentage that reflect emotions, thinking styles, 

social problems, and the different parts of the conversation. Because LIWC is developed by 

researchers who have an interest in social, medical, health, and cognitive psychology, the 

language category was created to capture the social and psychological state of society [9]. 
 

2.3   Twitter 

 

As many people know that Twitter is one of the most popular social media in Indonesia, 

not only in Indonesia but also in the world. Twitter popularity is already worldwide. Twitter 

usefulness is needed for the users. The people use Twitter to keep in touch with friends, get the 

latest news, motivation, as business media, and find out more about anything. Twitter has a 

number of features that can interact with the users.  



Personalized predictions on Twitter, generally using LIWC features. The dataset used in 

the research is data obtained from the Twitter public timeline[11], as many as 13 public figures 

in the spotlight of trending topics. This dataset is then called "personal-tweets" and contains 

about 130 posts. The extraction of the features are used to process the dataset, list of feature as 

follows: 

1. Username/Account 

2. Post 

3. Date  

4. Platform from which the user posted 

5. Personality model 

6. Accuracy of the personality model 

7. Validity of personality model 

8. Language 

 

Fig. 2. Top 20 cities by number posted tweets 

Based on fig. 2 above, it shows that the users from Jakarta were the most active within all 

cities ranked by the number of posted tweets. Using Semiocast's technology, 27% of all public 

tweets were geo-localized at the city level. More than 2% of all these tweets were posted from 

the capital of Indonesia, witnessing the activity of Twitter in the country. Bandung, its second 

largest metropolitan area, ranks 6th. 

 



3 Methodology 

Here is a flowchart of the system design in classifying personality based on the information 

on social media accounts such as Twitter. The purpose of this classification is to make it easier 

to identify, compare and study. Comparing means looking for similarities and differences of the 

things characteristics. 

 

Fig. 3. Flowchart Flow Design System 

Based on fig. 3, it shows the flowchart of the system created. Which has several processes. 

Where the first process is to prepare the Tweet post data of the three accounts. Then the data 

must be analyzed through the selection process. Where the data should be selected to be 

translated into English and eliminate the abbreviation of Tweet, and the content of the status 

itself will be used in testing. After completing the data selection, then the data will be input into 

the system; LIWC to be counted. The output data (in percentage form) will be processed and 

analyzed by using Pennebaker theories[12 13 14 15]. In the final stages of the system will be 

obtained in the form of a written text that shows the meaning of each feature (social, positive, 

and negative emotion). The results will be used as a basis for assessing the public confidence 

towards politicians. 

The data collected are based on the Tweets from 13 politicians Twitter accounts and from 

13 political parties in Indonesia. In this paper only use 1 political figures who are being trending 

topic and represent his/him political party. The number of Tweets Post consist of maximum 10 

Tweets from each account. So, there are 130 data Tweets from the 13 political figures. 

 



 

Fig. 4. Words Count Data 

 

 Fig. 4, presents words count that most represented from the total accounts (13 accounts). 

A basic data (130 Tweets from 13 accounts) has been counted and was pre-processing, in which 

the extracted text is cleaned by removing punctuations, numbers, common words, etc. and 

focused on three features keys; self-references, emotion, and social words in order to increase 

the accuracy and efficiency of the results. Even though any appear words from others features 

generally reflect what might be shown from the three features.  

4 Result and Analyse 

Based on the results of the tests that have been done, it was obtained a percentage of each 

feature and Tweets from each account. The percentage value is derived from the calculation of 

LIWC2015 words count program. 

 
Table 1. Summary of Self-References - 13 Politicians Accounts in Indonesia 

Pronouns Mr. A Ms. Y Mr. B Mr. C Mr. D Mr. E Mr. F Mr. G Mr. H Mr. I Mr. J Mr. K Mr. L 

I 0.58 1.02 0.72 1.16 0 2.15 0 3.73 0 0.41 0 2.49 4.4 

You 0.29 0.77 1.43 0.58 0 1.08 0 0.47 0 0 0.85 0 0.55 

They 0.29 0 0.36 0 0 0 0 0.47 0 0.41 0 0 0 

We 0.29 0.26 0.36 0.58 0.37 0.54 4.95 0.7 0 0.81 0.85 0.83 1.1 

She/He 0 0.51 0.36 0 0 2.15 0 1.17 0 0 0 0 0 

Article 7.54 7.91 5.02 5.23 6.72 4.84 4.95 8.16 2.17 9.35 5.08 5.81 4.95 

 

Based on table 1 shows that the use of personal pronouns in making sentences has different 

meanings and tendencies. [8 14 16] There were 6 politicians (47%) who use “I, me, my” 

repeatedly and tend to have depressed meanings, lack of confidence, disappointed, and feelings 

of approbation. This is so contrary to the attitude they show in public. On the other hand, there 

were only 2 politicians (15%) who use “they, she, he” repeatedly and tend to have “good” 

meaning in managerial. Shortly, it has correlation with their leadership in their institution 

(DPR). In contrast of using "we", when a person is more likely to use the word "we" and tend 

to avoid in using first person then that person is indicated "lie". In this case there were 3 

politicians (23%) indicated "lie". Lying here is related to the content of the statements they post 

in public. However, it would be different when someone not only uses "we" but also uses "you 
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and me" then that person is indicated "powerful". In this case there were 2 politicians (≥1%) or 

15% of total politicians who have positive power. 

 
Fig. 5. Summary of Self-References 

 

Fig. 5, shows that each politician of each party has a tendency to use any articles. It means 

that the meaning of the statements are very clear and shown to someone who is clear as well. 

 
Table 2. Summary of Social-Emotion - 13 Politicians Accounts in Indonesia 

No 1 2 3 4 5 6 7 8 9 10 11 12 13 

Emotions Mr. A Ms. Y Mr. B Mr. C Mr. D Mr. E Mr. F Mr. G Mr. H Mr. I Mr. J Mr. K Mr. L 

Positive 3.19 4.34 1.08 6.4 1.49 3.23 0.99 2.1 4.35 2.03 4.24 8.71 7.14 

Negative 0.87 2.55 2.15 1.74 1.49 1.08 0.99 1.86 0 0 3.81 1.24 0.55 

Social 

Words  
5.51 7.14 7.14 3.49 5.97 10.22 5.94 10.72 3.62 4.88 6.36 3.32 7.69 

 

Table 2, shows the results of Tweets’ calculations and analysis of 13 politicians (13 political 

parties) who passing the 2019 election verification. The results show that 8 politicians or 62% 

of the thirteen parties (above 1%) write statements and have negative meanings on each their 

posts. Moreover, 38% of the remaining parties tend to be normal (looking for safe spots). The 

negative content of the material is caused by several factors, including refuting others' judgment 

of a certain politician, self-defenses from the negative issues, and opposition party resistance. It 

can be concluded but it cannot be generalized that politicians in each party have bad 

personalities which are correlated to the quality of the party's human resources. It would be a 

consideration to the public appraisal from the citizenry. 

On the other hand, there were 7 politicians who tend to write and make statements on 

positive meaning (more than 2% average of positive and negative value). Positive personality 

value was created to the goal of positive correlations on social image. The point is the politicians 

tend to make positive statements to build positive social relationship as well. Although between 

positive and negative emotions of all the party politicians have a common goal tendency in 

creating good relationship with the social society. 
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Fig. 6. Summary of Social-Emotion 

 

Fig. 6, shows that each politicians of each party has emotional variations that ultimately 

focus on creating a positive relationship with the social communities. 

5 Conclusion 

The outcomes of this study show that 47% of 13 politician’s parties tend to have depressed 

meaning, lack of confidence and disappointed that influence to their emotion.  

It was also found that party’s communication system generally allowed their politicians to 

give statements freely to the social media, which is 62% of politicians stick out negative emotion 

on public. These factors were reducing the public trust as citizenry’s representatives. Based on 

the analysis and testing that has been done, the conclusions that can be drawn is overall for the 

dataset of this research experiment, the politician’s personality can be predicted well by using 

linguistics features of psychology from LIWC program. In addition, it can be concluded also 

that linguistics and social features can recognize a person’s personality well. Keep in mind that 

predicted results is depend on experiments performed so that other similar studies can produce 

different result according to the parameters used. 
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