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Abstract
Chatbots have become a popular alternative in customer support
due to their ability to overcome human limitations. Even though it is
an automatic machine approach, interaction pleasure must be considered. Many studies claim that people also get along well with those
who have similar personalities, even with the machine. A chatbot can
assign its talking styles through interactive language design by using
keywords representing extroversion or introversion. In the interactive
language design testing process, the Extroversion Text Classification
Model (ETCM) is created using the Logistic Regression algorithm.
This study suggests that using part of speech and unique words portion as a feature with Term Frequency-Inverse Document Frequency
(TF-IDF) outperforms the model beats TF-IDF alone.

1

Introduction

Many business owners consider customer satisfaction to be the most important factor. Everyone recognizes that more satisfying products or services
can earn more benefits. Interaction with the customers is one of the service
processes. Many psychology researchers claim that individuals get along with
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persons who have similar personalities or lifestyles. Before or during the contact we may make educated guesses about the clients personalities. Another
prominent service platform for overcoming human constraints is chatbots
since they can provide customer information anytime, causing fewer errors.
According to research about making conversations with the chatbot more
personalized [2], it was found that matching a customer with a chatbot having a similar talking style can bring more satisfaction during interaction with
the chatbot. The simplest way to assign a talking style for a chatbot is by
designing its responding languages, but that still has some challenges since
we could not be sure whether those designed responding languages represent
the kinds of personality: Extrovert and Introvert. So, we need to develop
a machine learning model to perform the text classification for text style
prediction to be the testing phase of designing the responding languages of
the chatbot. Research shows how the Extroversion Text Classification Model
(ETCM) can be improved by employing Term Frequency-Inverse Document
Frequency (TF-IDF) and unique word terms portion as selected features.
The suggested work’s chosen machine learning model is logistic regression,
with accuracy, precision, recall, and F1 score as model assessment metrics.
The structure of the remaining section of this paper is as follows: In
Section 2, we provide related theories and technologies. In section 3, we
present presents the methodology for developing the proposed Extroversion
Text Classification Model (ETCM). In Section 4, we demonstrate the proposed model’s experiment in terms of performance and evaluation. Finally,
we conclude this study in Section 5.

2

Literature Reviews

Many studies show that people who have similar personalities get along well.
These can be retrieved from the language used in daily conversation. Beukeboom et al. [1] found the style of words typically used in text messages and
speaking languages. A person with a high level of introversion is more likely
to use fewer words overall and to use more negative keywords. Extroverts,
on the other hand, are more prone to use adjectives and sociality terms. Furthermore, extroversion language is shown to be more abstract than that of
other personality types.
Since artificial intelligence machines have become more popular these days,
many brands or businesses have decided to utilize chatbots as customer care
representatives and so the user experience is one of the most important ele-
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ments to be considered. Shumanov and Johnson [2] demonstrated the engagement experiment between chatbot and users and found that matching users
with congruent chatbots, which are manipulated to be more personalized by
designing the interactive language as an extrovert or introvert person, can
increase more rates of acceptance and adoption from the users. It is vital to
recognize the sentence features and word choice of an extrovert and introvert
person, when building the interactive language of chatbots, which can use
machine learning in conjunction with Natural Language Processing (NLP).
Many research papers have studied personality prediction based on text classification using machine learning methods, such as Naive Bayes, K-Nearest
Neighbor (KNN), and Support Vector Machine (SVM). Pratama and Sarno
[3] demonstrated that combining these traditional methods increased performance accuracy. The research on Emotion Recognition by Textual Tweets
Classification [4] also proposed the voting text classifier, which predicted
emotion using the text using an average of each labeled class probability of
two machine learning algorithms, Logistic Regression (LR) and Stochastic
Gradient Descent (SGD). It comes up with better performance using Term
Frequency-Inverse Document Frequency (TF-IDF). However, research on the
Thai language is still scarce. It is one of the languages with a unique structure and many limitations and so implementing the specific Natural Language Processing library for Thai is required. PyThaiNLP is chosen in this
work since it is a python package for text processing and linguistic analysis
focusing on the Thai language [5].

3

Proposed Methods

In this section, the methology of ETCM is demonstrated.
There are 5 essential processes of the proposed methods shown in Figure 1.

Figure 1: Essential Processes of the proposed methods

3.1

Data Acquisition

The following three columns appear in 600 records of Train data, 200 records
of Validation data, and records of Testing data: content, content len, and
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personal type. The posting and comments from the public MBTI Facebook
group make up the material collection. The length of the content string is
represented by content len. Finally, the column personal type denotes the
personality type of each contents posters which E being Extrovert while I
denotes Introvert.

3.2

Data Preprocessing

After data acquisition, all data in column content is preprocessed by text
cleaning and normalization, likely to noise removal processes. Aids in the removal of extraneous symbols such as the asterisk (*) and question mark (?),
as well as hashtags, punctuation, and separator (\n or \t). Text normalization restores the usual form of words that have been misspelled or reordered.
The contents are then tokenized using word segmentation and stored in the
content token. Another important stage in preprocessing which has not been
done in this study is the elimination of stop words. Stop words are the group
of regularly used terms in a language that is generally eliminated from the
original material since they have no bearing on the content’s meaning [6].
However, in this work, the emotive meaning of the text is not the major
goal, but the set of stop words is one of the most important word values for
text extroversion categorization.

3.3
3.3.1

Feature Selection
Term Frequency-Inverse Document Frequency (TF-IDF)

Term Frequency (TF) measures how many times terms of words appear in the
document. The TF(t) calculation is the number of term t that appears in the
document divided by the total number of terms in the document. Meanwhile,
Inverse Document Frequency (IDF) measures the term importance. The
IDF(t) calculation is log(e) of the total number of the document divided by
the number of documents that term t appeared there. Then, the TF-IDF
score of each word is computed from its TF values multiple by its IDF value
[7].
3.3.2

Part of Speech and Unique words portion

The amount of each word recognized as each considered kind of word is divided by the total number of words in the content and their sum is used for
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part of speech and unique words scoring.
X Number of marked word as each word type in each content
Number of words in content

3.4

(3.1)

Machine Learning model: Logistic Regression

Logistic regression is one of the most popular machine learning algorithms for
text classification tasks, especially for binary classes. It performs probabilities estimating of a discrete outcome given an input variable [8] [9]. In this
work, we develop two versions of the Extroversion Text Classification Model
(ETCM), each with a distinct feature selection technique. The first model
just has TF-IDF as a characteristic, but the second adds part of speech and
unique words to the equation.

3.5

Model Evaluation

In order to compare the performance of the suggested models, the confusion
matrix (see Figure 2) is utilized to compute accuracy, precision, recall, and
F1-score. The formulas of accuracy, precision, recall, and F1-score are applied as follows:
Accuracy =

T P s + T Ns
P +N

(3.2)

P recision =

TPs
TPs + FPs

(3.3)

Recall =
F 1 − score =

4

TPs
T P s + F Ns

2 · P recision · Recall
P recision + Recall

(3.4)
(3.5)

Results and Discussion

In this section, we give details of the performance of both versions of ETCM
and compare their efficiency.
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Figure 2: Confusion matrix [10]

4.1

Performance of ETCM using only TF-IDF

The confusion matrix of ETCM is depicted in Figure 3 using the TF-IDF
feature. The top left rectangle represents true positives (TPs) indicating that
the model correctly predicts that content owners are extroverted people. Similarly, the bottom right one represents true negatives (TNs) indicating that
the model correctly predicts that content owners are introverted individuals.
Meanwhile, the top-right and bottom-left columns represent false positives
(FPs) and false negatives (FNs). Both of these sections indicate the amount
of time the model predicted incorrectly the extraversion of testing contents.
When tested with 200 testing sample data, ETCM with TF-IDF as a feature
has TPs, TNs, FPs, and FNs of 52, 66, 45, and 37, respectively.

4.2

Performance of ETCM using TF-IDF and Part of
Speech and Unique words portion

Similarly, Figure 4 illustrates another version of the ETCM model’s confusion
matrix including the Part of Speech and Unique words portions as selected
features. When tested with 200 testing sample data, the version of ETCM
has TPs, TNs, FPs, and FNs of 56, 66, 45, and 33, respectively.
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Figure 3: Confusion Matrix of ETCM using TF-IDF as a feature and be
tested with 200 sample data

Table 2: Comparison of performance between two versions of ETCM

Accuracy
Precision
Recall
F1-Score

ETCM using TF-IDF only

ETCM using both

0.59
0.584
0.536
0.559

0.61
0.629
0.554
0.589

Table 2 demonstrates that the second version of ETCM adding part of
speech and unique words portion as another feature gets a sightly better
score in terms of the confusion matrix. It was found that considering the word
choice used in the text can help the model predict extroversion from the text.
This study has some limitations in the amount of sample data and unique
dictionary of parts of speech, and unique words that the authors needed to
gather manually. However, the result shows that it is still working and it
improves the performance of ETCM by having more accuracy. Hence, if we
keep developing this dictionary (the model learns more vocabulary) and test
with more sample data, ETCM would certainly provide better performance.
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Figure 4: Confusion Matrix of ETCM using TF-IDF and Part of Speech and
Unique words portion as selected features and be tested with 200 sample
data

5

Conclusion

The authors have developed the Extroversion Text Classification Model (ETCM)
to aid the talking styles for the interactive language of the customer support
chatbot. Using the Logistic Regression model, TF-IDF, and part of speech
unique words portion score, we have built the ETCM. The proposed methods have five essential steps. To begin with, data was collected from posts in
public Facebook groups. Data preparation and feature selection are the next
phase. The logistic regression model is then used, and the model’s performance is assessed using the confusion matrix. Consequently, we discovered
that our suggested technique outperforms the model employing TF-IDF as
a feature alone in accuracy, precision, recall, and F1-score. As we anticipate
improved techniques for our ETCM in the future, we will apply additional
machine learning algorithms and overcome the existing dataset and part of
speech vocabulary in the Thai language.
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