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Abstract 

Text content is one of the widespread media types. A question which we are 

trying to find out in this study is the following: can we identify psychological por- 

trait or psychological type of a person by given a short text document written by 

that person? There are different techniques to identify personality types by given 

text. In this study, the model has been developed to predict the psychological 

type of the person based on XGBoost. This study is going to explore machine 

learning algorithms to predict the psychological portrait of a person based on a 

given text. The psychological portrait will be described by Myers-Briggs Type 

Indicators (MBTI) which is the most reliable and popular method. This question 

‘5 motivated by essays of students at the beginning of their courses to under- 

stand their psychological portrait and how it can be met with the profession they 

choose. The results of this study will help HR specialists and teachers to better 

understand their students.



Anata 

Morin Ma3MyHBI - 6yKapaJIbik akMapaT KypaJiJapbIHbIH, Ken TapawiraH TYpsJlepibik 

6ipi. Ochi sepTTeyze 6imriMi3 KeleTiIH Cypak: aJ@MHbIH 2Ka3raH KbICKa MOTIH DIK 

KYKATBIHAH aaMHbIH, NCHXOJOPMAJIBIK TlopTperi HeMece MICMXOOPHAIbIK TYpiH 

aHbIKTaii aslambi3 6a? Bepiiren MOTH OOMbIHUIa 2*KeKe TYIFAJIbIK TYPJIepiH aHbI- 

KTAaYUbIH, SPTYPIU onicrepi Gap. byl 3epTTeye MOJ{eJIb XGBoost Herisinwe ayamM- 

HBbIH, TICHXOOPMAJILIK TYPiH OosDKay yinin 2kacazgpi. By sepTrey 6epimred MoTIH 

HerisiH De a2aMHbly, MCMXOJIOPUAJIbIK noprpevin GomxKay YUH MallIMHAJIBIK OKBITY 

aJITOPUTM epi 3epTretini. [IcuxoMoruaJblk TOpTperri eH CeHiM 2KoHe TaHbIMaJI 

onic 6ombin Tabbiiatbin Myers-Briggs Type Indicators (MBTI) cunaTraiiapl. By 

cypak CTYAeCHTTepAIH MCHXOJOPUAIBIK opTpeTix 2KoHe OHBI esfepi TAaHAaFaH Ma- 

MaHIbIKHeH Kawah colikecrengipyre OosaTbIHAbIFbIH TyCiHyre apHaJiraH KypcTap- 

JIbIH, 6acbIH da 2kasraH accemepimeH Herisgesren. Ocbt sepTTeyall HeTIoKesepi HR 

MaMaHapbl MeH MyrasimMpepre ©3 CTYJeHTTepiH 2KaKCbl rycinyre KeMeKTeECcedI.



AHHOTAalINsa 

TekcTOBbiii KOHTCHT ABJIM€TCA OJHHM M3 PAcIIpocTpaHeHHbIX THMOB MeAHa. Bo- 

poc, KOTOPbIii MbI MIbITA€MCA BbIACHUTb B STOM HCCeNOBAHHU, 3aKIOUaeTCA B 

crleyIOUleM: MO%KeM JIM MBI ONpedeNHTb MCUXOJOrMYecKHH NMOpTpeT WIM MCHxo- 

WOrMuecKM THM deOBeKa M0 KOPOTKOMY TeEKCTOBOMY JOKYMCHTY, HanuCcaHHOMy 

3TUuM YeIOBeKOM? CylleCcTBYIOT pasHble METOJIbI OMpeeeHuA THIIOB JIMMHOCTH IO 

3anaHHomy TeKcTy. B sTom ucciesOBaHHM MOACIb 6biia paspaboTaHa AJIa Mpo- 

PHOSMPOBAHUA IICMXOIOMYeCKOLO THMA YeNOBEKA Ha OCHOBE XGBoost. Ito uccse- 

mopanne coOupaeTca U3Y4HTb aJIPOpUTMbI MaLIMHHOrO o6yyeHua, YTOOI NpesAcKa- 

3aTb IICHXOMOru4ecKku MOpTper YesOBeKA Ha OCHOBE TAaHHOTO rexcta. [lcuxos1oru- 

yeckHi MopTper OyzeT OMMCAaH C MOMOIIbIO HHAMKATOPOB tuna Matiepca-Bpurrca 

(MBTI), KOTOPbIM ABJIAe€TCA HanOosee HAJe2KHBIM UM MOMYIAPHBIM MeTOJOM. STOT 

Borpoc MOTHBUpyeTca 9Cce CTYACHTOB B Haase UX KYPCOB, YTOObI MOHATb MX TICH- 

XOMOTU4eCKUM MOpTpeT U TO, KAaK eFO MOXKHO BCTPeTHUTh C mpocbeccuelt, KOTOpy!to 

on BbIOupaloT. PesyLTaTHI STOTO MccMesOBAHMA NOMOTYT cmetMaJIMcTaM 110 KajI- 

pam Hu fpenosaBaTesAmM JIyulie MOHATb CBOMX YUCHHKOB.
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Nomenclature 

MBTI Myers-Briggs Type Indicator 

SDU Suleyman Demirel University 

XGBoost Extreme Gradient Boosting



1. Introduction 

1.1 Motivation 

HR, especially those not burdened with psychological education, love the word 

“psychotype”- “This candidate does not fit us in a psychotype!” When you ask 

what it is and what psychotypes are, you usually hear something about introverts 

and extroverts in response. They also recall choleric and sanguine people. When 

asked what psychotype this candidate belongs to and which psychotypes in the 

company are preferred, there is usually no intelligible answer. 

At the same time, with a real selection of personnel, the majority of applicants 

ger on such obvious grounds as specialty, length of service and work 

dence, age, expected income level. When 4 out of dozens are no lon 

experience, place of resi 

of responses to your vac 

is no time for a psychotype to find at least someone more or less suitable. We 
ancy remain, and two do not come for an interview, there 

will understand what psychotypes are and how they can be used in personnel 

management, and we will predict psychotype by only given text. 

Traditionally, to identify psychological portrait, the person must take several 

These tests can be as reports, interviews, or observations conducted by 

This kind of method is costly and less practical. Today, the clas- 

duals by the given different criteria is a fascinating study in 

According to this approach, there is a common view that 

tests. 

psychologists. 

sification of indivi 

the psychology field. 

there are certain number of types of people in humans. From the perspective of 

computer science, the modeling of data collected from people computationally or 

with various machine learning algorithms can make this classification more efh- 

cient. Written text can provide some information about the author’s personality 

traits as shown in the previous studies [1]. It is possible to identify the person- 

ality of a person by selecting the most commonly used words. The analysis of



personalities makes it possible to make realistic character modeling in the future 

with the help of engineering disciplines of smarter systems. This, in turn, leads 

to the emergence of high-level artificial intelligence forms in the future. For ex- 

ample, for a robotic assistant, in social media to analyze and make interpersonal 

relationships, e-commerce environments, according to customers’ personal status, 

portfolio analysis, or appropriate advertising direction. In order to provide more 

individual guidance services by using the personal models of students in educa- 

tion, in the health sector, with the help of the identification of the patients in 

the health, more effective psychological and physiological rehabilitation services, 

games, etc. 

1.2 Personality Types 

The first problems in determining a person’s psychotype begin with the lack of 

unified generally accepted approaches to the definition of the term itself — psy- 

chotype. The author does not claim to be the only correct: one for recognizing 

his approach to this topic, however, he urges modern specialists working at the 

‘ntersection of psychology to adhere to international experience and not try to 

invent the Russian bicycle where it has been invented and defined for a long time. 

In modern analytical psychology and biometrics, there is still enough space for 

conducting ;nnovative research and making real scientific discoveries. The uncon- 

ditional founder of analytical psychology as a modern science is recognized by 

Carl Jung [2] (Carl Gustav Jung 1875-1961). Among the many achievements and 

studies, it is sufficient to note the personality characteristics proposed by Jung: 

introversion and extroversion. Hans Jiirgen Eysenck (Hans Jiirgen Eysenck 1916- 

1997) isa British psychologist, one of the leaders in the biological field in analytical 

psychology, the creator of personality factor theory, and has developed a number 

of questionnaires and tests to quantify the psycho-physiological parameters of a 

personality psychotype. Karl Jung and Hans Eisenck are classics of modern psy- 

chology, primarily because in their theories they relied on practical and scientific 

justification of the result, therefore their theories, practical conclusions and tests 

are widely used in modern psychological research. Our contemporary American 

psychologist, specialist in the field of clinical psychology and neuropsychology. 

Howard Gardner [3] (Howard Gardner, 1943) developed the theory of multiple 
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intelligence. The primary approach of classical psychology was designed to deter- 

mine a person’s psychotype using questionnaires or visually presented tests, for 

example, the Luscher test [4]. However, any questionnaire is a subjective function, 

including the real state of a person and his desire to present information about 

himself in one form or another. Biometric research methods are more objective by 

definition, as they reflect the real biological characteristics of the object of study. 

Typology of Myers-Briggs is a personality typology based on Jung typology 

|2} and became widespread in the USA and Europe. This is an introspective 

self-report questionnaire indicating preferences in how people perceive the world 

and make decisions [5). Using the Myers-Briggs typology, we can determine the 

propensity for the type of specialist activity, the nature of problem-solving, and 

other behavioral features. MBTI contains 4 scales for personality research (see 

Figure 1.1). 

Extraversion G=> o Ge Introversion 

Opposite ways to direct and receive energy 

Sensing & > o i> Intuition 

Opposite ways to take in information 

Thinking Gm o & oa Feeling 

Opposite ways to decide and come to conclusions 

™ " 

. _ 

Judging GP oo €> Perceiving 

Opposite ways to approach the outside world 

Figure 1.1: The MBTI Preference Pairs 

EI scale: type of energy Extroverts prefer to work within a team and get 

energy from others. They are very talkative and oriented to the outside world. 

Unlike introverts work independently or in a small team. Charged with energy 

alone. They prefer thoughts rather than words and oriented on the inner world. 

SN scale: type of thinking Sensorics love specifics in everything, including 

They are interested in real experience and what is happening here and work. 

now. Orienting to facts and experience gained. Very accurate and information 

iB



no matters to them if it is not confirmed. Intuitions prefer theories and ideas. 

Intuition seeks opportunities and looks at things holistically. Often they have a 

tremendous imagination and see a lot of opportunities. 

TF Scale: Style of behavior Thinkers strive for the work where you can use 

your intellect. Make decisions guided by logic and analysis. Able to rationally 

weigh the pros and cons, analyze information well and fairly. Feelers prefer to 

k where they share their values. They love and know how to work with people, 
wor 

always put themselves in the place of another person. Make decisions emotionally, 

human feelings are most important than anything else. 

JP scale: lifestyle Judger loves organization and structure, is result-oriented, 

and strives to control what is happening around. Feel uncomfortable when some- 

thing unplanned happened. Like planning and ordering. Perceiver strives for 

freedom and flexibility. Prone to spontaneity, it is difficult for them to make deci- 

sions. In other words, the perceiver desire to navigate to circumstances, flexible, 

and able to adapt. 

Those four scales form a combination of 16 personality types based on the 

Myers-Briggs Type Indicator. This type of uncertainty is the type of uncer- 

tainty expressed to determine which class of input data (survey responses, etc.) 

is more suitable for the degree of membership. I will use NLP methodolo- 

gies to detect uncertain expressions within natural language. The Myers-Briggs 

Type Indicator (MBTI) is a generally utilized measure of personality identity. 

It uses constrained decision inquiries to distinguish respondents’ inclinations on 

four frames of mind and capacity sets dependent on Jung’s brain science [6] 

(i.e., Extraversion-Introversion, Sensing-Intuition, Thinking-Feeling, and Judging- 

Perceiving). These four singular inclinations are consolidated to shape respon- 

dents’ four-letter identity types. The MBT1 identity types are called psycho-types, 

which demonstrate that people with similar types have a similar approach toward 

interacting with others and the world [7]. In the MBTI show, all individuals have 

mental sorts, what’s more, there are no sorts other than the 16 distinguished 

mixes showed in Figure 1.2. 
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ISTP 
Action-oriented, logical, 
analytical, spontaneous, 
reserved, 

Outgoing, * 

action-oriented, curious, 
versatile, spontaneous. 

Pragmatic problem 
solvers and skillful 

negotiators, 

Efficient, outgoing, 

analytical, systematic, 

dependable, realistic. 

Like to run the show and 

get things done in an 

Playful, enthusiastic, 

friendly, spontaneous, 

tactful, flexible. Have 

strong common sense, 

enjoy helping people in 
tangible ways. 

Friendly, outgoing, 

relable, coriscientious, 

organized, practical. Seek J 
to be helpful and please 

others, enjoy being 
active and productive. 

Enthusiastic, creative, 
Spontaneous, optimistic, 

supportive, playful. Value 
inspiration, enjoy 

starting new projects, 

see potential in athers. 

Caring, enthusiastic, 

idealistic, organized) 

diplomatic, responsible. 
Skilled communicators. 
who value connection 

with people. 

flexible, imaginative. 
Original thinkers who 
enjoy speculation and 

creative problem solving. 

Inventive, enthusiastic, 

Strategic, enterprising, 

Inquisitive, versatile. 

Enjoy new ideas and 
challenges, value 

inspiration. 

Strategic logical, 

efficient, outgoing, 

ambitious, independent. 

Effective organizers of 

people and long-range 

planners, orderly fashion 

Figure 1.2: MBTI Types 

ESTJ: extrovert, sensoric, logic, rational A capable employee who perceives 

the world "as it is." He is inclined to plan and complete the work begun. It takes 

care of the close environment, good-natured, but at the same time, it can be quick- 

tempered sharp, and sometimes stubborn. Professions: managerial positions, 
7 

general director, chef. 

ENTJ: extrovert, intuition, logic, rational The employee is easily carried away, 

takes risks, relies on intuition. He safely introduces new technologies, is able to 

deeply analyze himself and the world. For such a person, life is a struggle in 

which he feels at ease. It is open to new possibilities but has a need for control. 

Professions: doctor, engineer, lawyer, prosecutor. 

iSTJ: introvert, sensoric, logician, rational Responsible, strict, pedantic - such 

qualities are possessed by a person with this combination. He focuses on objective 

reality and Is inclined to analyze information. He takes up business only when he is 

13 



confident in his abilities and a positive result. Professions: system administrator, 

accountant, office manager. 

ENF: extrovert, intuition, ethics, rational Such an employee is emotional and 

empathetic. His facial expressions are pronounced, and he himself is eloquent. 

Inclined to self-organization, which is why his fantasies and ideas are realized. He 

intuitively feels what decision needs to be made in a given situation. Professions: 

teacher, mentor, PR-specialist. 

ESF J: extrovert, sensory, ethics, rational An employee with such a combina- 

tion knows how to influence people, takes care, and is inclined to sacrifice himself 

for the sake of another. He knows how to easily establish a connection with any- 

one and turn the situation into the direction necessary for himself. Professions: 

educator, cosmetologist. 

INTJ: introvert, intuition, logician, rational He knows how to highlight the 

main thing, he speaks clearly and on the case, the practitioner. This person likes 

to improve everything that he does, seeks to realize the task even better. He does 

not like empty talk, therefore avoids big noisy companies and it is difficult to make 

contact with people. Professions: programmer, technical copywriter, surgeon. 

INF J: introvert, intuition, ethics, rational About such people, they say "you 

can trust him." He is very sensitive, attaches great importance to relations be- 

e, knows how to give valuable advice, and "discover others. " Developed 
tween peopl 

dless stream of ideas but also helps to organize 

intuition provides not only an en 

rself. Professions: counselor, psychologist, pediatrician. 

ISFJ: introvert, sensory, ethics, rational This employee is inclined to analyze 

himself and others, recognizes falsehood, and keeps a psychological distance. He 

g, serves others. He draws strength and energy from internal re- 

lely on his own experience. Professions: social worker, 

you 

is executive, cari 

sources and always relies sO 

educator. 

ENTP: extrovert, 1 

able - this is how you 

of ideas, @ pioneer who hates routine. Constant movement and intuitive decision 
? 

making are his constant companions. Professions: entrepreneur, real estate agent, 

producer. 

ESTP: extrovert, sensoric, logic, irrational Such a person achieves victory at 

1 costs. Obstacles only strengthen his desire to achieve a goal. He strives for 

ntuition, logician, irrational Inventive, proactive, and adapt- 

can characterize this specialist. He is the very generator 

al 

14



leadership positions and does not know how to obey. It usually develops a specific 

action plan and clearly follows it. Professions: officers, construction contractors. 

ENFP: extrovert, intuition, ethics, irrational Creative person and dreamer. 

The combination of qualities allows him to cooperate effectively with other people 

to be open and sociable. And also participate in various events, resolve issues > 

and be flexible. Professions: department head, tour guide. 

al Identifies the weaknesses of people, 

ESFP: extrovert, sensory, ethics, irration 

He is guided by his own interests in 

which helps him to manipulate and guide. 

communicating with people and "lives in the present." Such a person often does 

not finish what he has begun, seeks immediate results. But at the same time 

focuses on harmonious relationships with others. Professions: holiday organizer, 

administrator, 
politician. 

ISTP: introvert, gensoric, logician, ‘rrational He cognizes the world through 

sensations. By nature, he is empathic, but he is mostly focused on himself. His 

ability to objectively make decisions and analyze speaks of a technical mindset. It 

always fits into the deadlines, but sometimes +t can act unpredictably. 
Professions: 

operational 
analyst, mechanic, policeman. 

intuition, logician, irrational This employee is a real scholar 

INTP: introvert, } 
+. He analyzes his decisions, strives for ob jectivity 

who has a philosophica
l mindse 

and impartiality.
 The violent manifestatio

ns of emotions are not about him. On 

the other hand, it feels stress due to a large amount of data being analyzed and 

its variability. Professions: software engineer, mathematician,
 analyst. 

nition, ethics, irrational This person is a sensitive lyricist 

je and disposes them to himself. He has a good sense of 

eat importance to appearance. Strives for self-knowledge, 

ith himself, and to benefit others. Professions: artist, creator, 

psychologist. 

ISFP: Introvert; Sensory, Ethics, Irrational Able to enjoy life in the conditions 

of uniformi
ty and routine. 

to feel his worth and help. 

with people, avoids conflicts. He loves 

It interacts well 

Such a person does not seek to lead others or remake 

demands the same for himself. By nature, he 

you can rely on. Professions: artisan, consultant, 

jeweler. 

15



1.3. Thesis Outline 

To summarize, the contribution of this study is: Machine Learning technique to 

predict MBTI type of a person; better accuracy than previous studies; prediction 

performing in real-time. Scientific novelty of current study is the best tool for 

human resource managers to filter out candidates before the interview only by 

g the given text. Also, it is very effective tool to gather the productive 
analyzin 

team. There is a lot of use-cases where it can be helpful. Using this model 

make it possible to predict psycho-type of real persons, i.e. to gather effective 

team to achieve better communication and interaction between members. One 

of the contributions to mention here is prediction in real-time. The rest of the 

ured as follows. The next chapter briefly reviews related works 

and accomplishments. The chapter 3 describes tools for development, dataset. 

data analysis for dataset, pre-processing the dataset and prediction. Chapter 4 

concludes the paper and outlines. hole process except inputting data from Speech 

Recognition System implemented in this study. This step will be developed in 

future works. a 

SDU will stand for Suleyman Demirel University, Kaskelen. 

paper is struct 
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> Literature review 

Since ancient times, attempts have been made to divide people into various psy- 

chological types. Knowledge of the psychological type of a person was used to 

determine his character and tendency to various diseases. The first attempt to 

classify psychophysiological types goes back thousands of years and is reflected 

in the treatises of the ancient Indian medical system of Ayurveda. According to 

Ayurveda, in nature there are three gunas - light, passion and darkness, various 

combinations of which provide mental heterogeneity of people. 

In ancient China, 2200 years before the birth of Christ, a system for selecting 

as created that encompassed a very wide range of “manifestations of 

- from writing skills to behavior in everyday life [8]. 

The idea of dividing people into 4 psychological types goes back to the 5th 

century BC, to the teachings of Hippocrates that the human body consists of 

s: air, water, fire and earth. It was assumed that the combination of 

ur substances in the human body: blood - a combination 

a combination of water and air, black bile - a combina- 

llow bile - a combination of fire and earth. The Greek 

philosopher Claudius Galen (130-200 BC), based on the teachings of Hippocrates, 

proposed to distinguish four main psychological types: sanguine, phlegmatic, cho- 

leric and melancholic. It was believed that sanguine predominates in blood (lat. 

ted with joy; phlegmatic mucus predominates (lat. 

"Sanguis"), which is associa 

ated with calm; in a melancholic black bile predomi- 

officials w 

personality” 

four element 

these elements forms fo 

of fire and air, mucus ~ 

tion of water and earth, ye 

"phlegm"), which is agsoci 

nates (lat. melancholy"); which is associated with longing; in choleric yellow bile 

"chole"), which is associated with anger. 

predominates (lat. 

This division of p 

sand years. Many centuries 

ion. LP. Pavlov identifie 

eople into psychological types has stood the test of two thou- 

passed before the psycho-types found physiological 

justificat 
d four types of higher nervous activity in terms of 

17



strength, balance and mobility of excitatory and inhibitory processes and showed 

the dependence of four psychotypes on the type of central nervous system. By 

LP. Pavlov, sanguine - this is a strong balanced mobile type; choleric - a strong 

unbalanced (excitable) mobile type; phlegmatic - a strong balanced inert type; 

melancholic is a weak unbalanced type, nervous processes are inactive. 

It is known that each psychological type is more prone to certain diseases. 

For example, a melancholic prone to cardiovascular disease, vegetative-vascular 

dystonia, depression. Choleric prone to dysfunction of the gastrointestinal tract, 

genitourinary system, spasms, cramps. 

In the XX century, the study of psycho-types received a new development 

on the basis of psychoanalysis. American psychologist James McKeen Cattell 

(1860 - 1944) [8] became the initiator of the testological movement in psychol- 

ogy. For the first time, ne used the complex method of modern statistics in a 

psychological study of personality - factor analysis, which minimizes a lot of dif 

dicators and personality assessments and allows you to identify 16 basic 

(Cattel’s 16-factor personality questionnaire). The Cattel ques- 

personality traits as rationality, secrecy, emotional 

ferent in 

personality traits 

tionnaire identifies such basic 

stability, dominance, seriousness (frivolity), conscientiousness, caution, sensitivity, 

, ’ 

credulity (suspicion), conservatism, conformity, controllability, tension. Cattel’s 

e contains more than 100 questions, the answers to which (affirmative 

questionnair 
g to the “key” - a certain way of processing the 

are grouped accordin 

results, as a result of which the severity of one or another factor is determined. 

Deeper studies of psychotypes based on psychoanalysis were made by Jung 

[2], [8]. According to the typology of C.G. Jung, people are divided into 8 psy- 

evo. r of them are basic: mental, sensitive, sensory and intuitive. Each 

of them can manifest itself throu 

C.G. Jung, an extroverted type of personality is distinguished by a certain alien- 

ation of the subject from himself, a reduced significance for him of the subjective 

ld. This type of personality is characterized by increased social adaptation, 

world. 

an active impact on the social e 

connections, and an optimal lev 

characterized by the predominan 

g it the highest value, increased introspection, and insufhi- 

or negative) 

chotypes. Fou 
gh extraversion and introversion. According to 

nvironment, an adequate reflection of their social 

el of claims. The introverted personality type is 

t orientation of the personality consciousness to 

the inner world, givi2 
| 

cient adaptation to the social environment. 
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The Myers-Briggs Type Indicator (MBTI) is one of the most generally utilized 

measures of personality identity. It uses constrained decision inquiries to distin- 

guish respondents’ inclinations on four frame of mind and capacity sets depen- 

dent on Jungian brain science (i.e., Extraversion-Introversion, Sensing-Intuition, 

Thinking-Feeling, and Judging-Perceiving). These four singular inclinations are 

consolidated to shape respondents’ four-letter identity types. The MBTI identity 

types are called psycho-types, which demonstrate that people with similar types 

have similar approach toward interacting with others and the world [6]. In the 

MBTI show, all individuals have mental sorts, what’s more, there are no sorts 

other than the 16 distinguished mixes. Dr. Carol Ritberger classifies human per- 

sonality according to different colors in her work [7]. Written text can provide 

some information about author’s personality traits as shown as in previous studies 

[1]. There is growing interest in prediction of personality types using new technolo- 

gies. From another hand traditional psycho-tests is limited. In study of Komisin 

and Guinn [9] used Naive Bayes and SVM technique to predict MBTI type based 

on their word choice. They used database of samples taken from students along 

with their MBTI type. They compared two techniques and discovered that Naive 

d better accuracy on their small dataset than SVM. Classification 

o emotional, social, cognitive, and psychological dimen- 

e, Linguistic Inquiry and Word Count (LIWC). Golbeck 

dict personality type by presented information in 

interactions to get more information 

Bayes showe 

performed by division t 

sions by analysis softwar 

[10] in his study, tried to pre 

Twitter, They monitored user’s posts and 

ser preferences. They showed that is will be useful to predict job satisfac- 

nd private live success. They tried to predict personality type 

e information only. 

Wan [11] used a machine learning method to predict the 

f users through their texts in Weibo, a Chinese 

ble to successfully predict the personality sort of 

the users. Li, Wa used the grey prediction model, the multivariate 

1 and also the multi-tasking model to predict the user personality 

ported the massive Five model and their text samples. They compared 

those three models and located that the grey prediction model 

n the two other models. In another study, Tandera [13] used 

ality model and a few deep learning architecture to predict 

about u 

tion, professional a 

by publicly availabl 

Two years later, 

Five personality sort 0 

nd they were & massive 

analysis mode 

type sup 

the performance of 

performs better tha 

the massive Five person 
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a person’s personality supported the user’s information on their Facebook. They 

compared the performance of their method with other previous studies that used 

classical machine learning methods and also the results showed that their model 

successfully outperformed the accuracy of previous similar studies. Furthermore, 

in another study, Hernandez and Knight [14] used various varieties of recurrent 

neural networks (RNNs) like simple RNN, gated recurrent unit (GRU) which is 

g mechanism in recurrent neural networks, long memory (LSTM) which is 

a man-made recurrent neural specification utilized in the sector of deep learning, 

and Bidirectional LSTM to make a classifier capable of predicting people’s MBTI 

ed text samples from their social media posts. Recent 

gatin 

personality type support 

ui and Qi [15] used Baseline, Logistic Regression, Naive Bayes, and 

personality type from one amongst their 

e results of of these methods and located 

research by C 

SVM to predict an individual’s MBTI 

social media posts. They compared th 

that SVM performed better. 
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2 Methodology for Prediction 

3.1 Tools for Development 

In this research as a main machine learning algorithm used Extreme Gradient 

chapter above. For the development process used 

Also utilized other libraries like Pandas, numpy, 

d on laptop with 8GB RAM and Intel Core 

boosting which was explained 

XGBoost library in Python. 

seaborn and etc. Model was traine 

i5-6300 CPU. 

32 Extreme Gradient Boosting 

XGBoost{16] is one of the most popular and effective implementations of the 

gradient boosting algorithm on trees for 2019. 

XGBoost is pased on the gradient boosting algorithm of decision trees. Gradi- 

ent boosting is 4 machine learning technique for classification and regression that 

builds a prediction model in the form of an ensemble of weak predictive models, 

usually decision trees. The ensemble is trained sequentially in contrast to, for 

example, bagging: At each iteration, deviations of the predictions of the already 

trained ensemble in the training set are calculated. The next model to be added 

to the ensemble will predict these deviations. Thus, by adding the predictions 

of the new tree to the predictions of the trained ensemble, we can reduce the 

average deviation of the model, which is the target of the optimization problem. 

5 are added to the ensemble until the error decreases, or until one of the 

New tree 

"early stop" rules ig fulfilled [17]. 

XGBoost supports all the features of libraries like scikit-learn with the ability 

to add regularization. Three main forms of gradient boosting are supported: 

e Standard gradient boosting with the ability to change the learning rate. 
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e Stochastic gradient boosting [18] with the ability to sample on rows and 

columns of the dataset. 

e Regularized gradient boosting [19] with L1 and L2 regularization. 

The standard boosting method, like the random forest method, is to combine 

many classifiers, which do not have sufficient quality separately, into a common 

classifier showing a good classification result. In contrast to the random for- 

d, individual classifiers are constructed not independently from each 

other, but sequentially, iteratively. The idea of the gradient boosting method is 

to iteratively improve the current classifier F;. At the first step, you can take 

any classifier for Fi, for example, constant. The constant classifier has the form 

, where y is the desired class vector, L is the loss function, C is 

est metho 

arg min (y;, c) 
cEC 

; ; 

the set of classes in the classification problem. 

nr 

argmin | L (yis Fi (xi) + h (zi) (3.1) 
heH i=l 

e classifier is trained on the original sample with new rim marks. 
Then the bas 

After that, the coefficient Ym 1s calculated as a solution to the following optimiza- 

tion problem: 

= arg min ) > L (yi, Fm-1 (zi) + Ym (2i)) (3.2) 

Yo i=l 

the newly built base classifier: 

Ym 

The model is updated using 

Fin (2) = Fin-1(2) + Ymbim(2) 

Note that at the moment there are no generally accepted guidelines regarding 

the choice of the loss function. In the literature, there are a large number of loss 

functions, the use of which generates an algorithm, slightly different from the rest. 

re is accompanied by a publication. Examples of categories 

Often, each new featu 
tor, structural loss functions. As a loss function 

of loss functions are scalar, vec 

of the gradient boosting method, any differentiable loss function. Considering 

‘on trees as basic classifiers, Mm(z), that is, the classifier trained in step m, 

decis 

takes the form hm(£) = yea biml (x € Rim), where bjm is the value predicted 

by the tree in the Rjm region. 
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3.3 Model Training and Quality Controlling in 

Machine Learning 

An important component of the correct application of machine learning methods is 

the quality control of models and the observance of some fundamental principles 

in their training. It is necessary to competently control the breakdown of the 

available data into the training and test subsets, select quality assessment metrics 

relevant to the task, and make sure that the trained models are well generalized 

to the new data. Also, any problem to be solved brings its own specifics to the 

training of models; therefore, it is necessary to carefully evaluate the full flow of 

research stages from training models to quality assessment and commissioning. 

Let us dwell on some concepts and principles important for research. Note that 

all subsections of this chapter are not independent techniques for improving the 

quality of trained models, but mechanisms that are used together and must work 

seamlessly within the same pipeline. 

3.3.1 Cross- Validation 

In any task where machine learning models are used, the task of evaluating this 

model arises at almost every stage. The naive approach is to calculate the overall 

ment relative to the initial data used in the training, using some metric of 

essment. The disadvantage of this approach is that it does 

not give any idea of how well a trained model will give predictions for data not 

used in model training, that is, how well the model generalizes training data. 

n method of overcoming this drawback is a better approach to model 

oss-validation method. With this approach, for training the 

‘lable data sample is used, but only a part of it. Thus, before 

assess 

the quality of the ass 

The mai 

assessment - the cr 

model, not all the ava 

model training, a subset of the data is removed from the source data. 

starting the 
d, the data that was originally deleted can be used 

Then, after the model is traine 

as data for testing the model. This data is for the model. are “new” because they 

were not used in training, which means that through such testing one can assess 

the ability of the model to predict the result on arbitrary data. Cross-validation 

methods are divided into several categories: 

e The data separation method is the simplest method, according to which all 
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the initial data is divided once into a training and test sets, after which the 

model is trained on a training set. To evaluate the model, its predictions 

on the sample elements are considered, fell into the test set, and therefore 

not present in the training set, that is, previously not encountered by the 

classifier. The predictions of the classifier are compared with the reference 

ones and some metric is calculated relative to the predicted and reference 

predictions characterizing the accuracy of the classifier. The advantage of 

this method is that it requires no more time to execute than the method 

without cross-validation, and at the same time gives a more accurate es- 

timate of the effectiveness of model predictions. Nevertheless, the result 

of the work of this method depends on the partitioning of the sample into 

the training and test ones and may have a large dispersion, that is, it may 

produce different results for different partitionings of the sample. 

The K-fold method is one way to improve the data separation method. The 

data in this approach is divided into k parts, after which the data separation 

method is applied k times. At each iteration, the next of k subsets of data 

‘s used as a test set, and the remaining k - 1 subsets are merged together 

into one set and used as a training set. Thus, k quality results of the model 

are obtained, which are then averaged to obtain a single quality assessment. 

The advantage of this method is that it is no longer so important how the 

source data will be divided into subsets. Each object from the data set 

appears exactly once in the test set, and k - 1 time in the calibration set. 

The variance of the resulting estimate decreases with increasing k. The 

disadvantage of this method is that the model must be trained from the 

very beginning, that is, the whole process takes & times more time. One of 

the options for this method is to randomly divide the data into training and 

test sets k times. The advantage of the latter is that you can independently 

choose how large the current test suite is and how many rounds of training 

to complete. When training models in training samples with unbalanced 

classes, they often use the approach of maintaining the relative distribution 

of class shares in each of the k groups into which the training set is divided. 

The testing method at one object is an extreme case of the K-fold method 

with the number & equal to the number of elements of the available training 
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set N. This means that the model is trained N times except for one object, 

and a prediction is made for this object. As before, the average result is 

calculated taking into account the selected metric. The disadvantages of 

this method include a long time learning models. An important advantage 

is that due to the large number of experiments, the variance of the averaged 

result of the quality assessment of the selected model decreases and allows 

you to have a more accurate quality assessment. Also, when training by 

this method, the model is trained on the N - 1 sample element, which is 

the best approximation to the full sample, on which the final model will be 

trained before it is put into operation. When using techniques for choosing 

hyperparameters of machine learning algorithms, this gives an improvement 

in the quality of the choice of hyperparameters, since many of them can 

depend on the number of elements in the training set. 

An important point in training models using the cross-validation method is 

the selection of features and other stages that require analysis of the entire sample, 

training data get. of iteration of cross-validation, since if these steps 

are performed before the cross-validation begins, there is a risk of biasing the 

cross -validations, since even before evaluating the model on the test sample, the 

model was trained with some implicit knowledge about the test sample. 

only on the 

3.3.2 Regularization 

n in machine learning in the broad sense refers to the technique 

dels, based on the observation that when retraining in 

the weights of attributes become unreasonably large. 

to include information on the absolute value of the 

Regularizatio 

of avoiding retraining mo 

particular linear models, 

The idea of the technique 1s 

weighting coefficients in the loss function of the model. For simplicity, we consider 

the loss function equal to: 

L(X,y) = Dole FP 
33) 

i 

ere X is a matrix of attributes, y is a vector of true values, f is a matched 

g a linear model. 

| term is added equal to the norm of the function f with a 

wh 

function representin 

function, an additiona 

When applying regularization to the loss 
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certain coefficient, thus, the loss function turns into: 

L(X,y) = Solve F(X)? + ASI (3.4) 
a 

Moreover, depending on the type of norm used in regularization, the result of 

training the model depends. The coefficient \ is called the regularization coeffi- 

cient. The larger this constant, the more large modulo coefficients will be fined, 

which means that the model will have lower variability, but higher bias. The 

choice of this coefficient depends on the task and therefore there are no generally 

accepted formulas or practices for choosing this coefficient, except for enumerat- 

ing several values of different order. We also note that often the sum of several 

norms with different coefficients is used as the regularization term. Consider the 

most commonly used regularization methods: 

e The Ridge method is to use the Ly norm. If there are signs that have a 

high level of correlation among themselves, this method seeks to align the 

weights of these two signs. This method penalizes large modulo weights 

strictly, since in the corresponding norm the weight is taken to the second 

degree. On the contrary, small modulo coefficients are penalized loosely. 

e The Lasso method is to use the L; norm. It is believed that with this 

method, features are selecte 

nonzero weights will be less t 

ated features, in the general case, 0 

model. This method penalizes large modulo and small 

e uniformly than Ridge. 

d in a sparse manner, that is, the number of 

han that of the Ridge method. In the presence 

of correl 
nly one of them will have nonzero 

weight in the final 

modulo weights mor 

e The Elastic net method is a compromise between the previous two and 

5 the use of a linear combination of L; and Lz norms with some 

ficients. This method simultaneously seeks to equalize the 

e correlated features in a sparse manner at the same 

represent 

independent 
coe 

weights and select th 

time. 

y substantiate the difference between trained weights without 

To mathematical 

we use a simple case of the loss function and the formula 

and with regularization,
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of the most widely used method of training a linear model - gradient descent: 

0; = Oj - a 3 (he (2) — y) z (3.5) 

i=l 

where @ is the approximation of the calculated weight vector, a is the parame- 

ter responsible for the rate of convergence of the gradient descent, hg is the model 

with weights 0, m is the number of objects in the training set, j is the number 

of the calculated weight corresponding to the attribute with the same number. 

When regularization is added to the loss function, for example, regularization by 

the Ridge method, the gradient descent formula will take the form: 

0; = 9; (: - o*) - a y (ho (2) — y) a (3.6) 

i=l 

m the fact that at each iteration, the initial value of @ is 

The difference fro 

taken slightly less in norm than the value ca 

e to the smallest possible value of 6. The above 

od tries to converg 

teaching methods. Regularizat
ion of nonlinear 

so the meth 

calculations are valid for linear 
ther techniques. Nevertheless, it is worth noting 

methods is carried out using 0 

3 

ed parameters, many non-linear methods 

right away that, with correctly select , 
| 

linear methods, since often they have 

do not need to be regularized 
as much as , | 

the idea of averaging 4 large number of predictions
 with a large bias, as happens 

in a random forest. AS regularization
 of the random forest model, the depth 

of the decision trees under construction 
is usually limited; ceteris paribus, the 

preference is for partition according to the features by which the partition was 

already performed in other trees of the forest; pruning trees. Also, to increase 

the independence
 of individual classifiers, and therefore, for a smaller bias on 

‘ni ‘ndividual trees, subsample of the training sample is often 

average, for training ! ve 70-90%), oa when veviding to vit oe eo. 

i olume 
taken (typical features is considered ( typical sizes of a subset of features are 

et 0 
others May also 

gradient boosting mo 

; ually takes @ value fro 

faicient, which us 
_ 

the learning °°® 
predictive model added to the 

e contributi
on of each new base 

g model at the next iteration. When learning the gradi- 

Iculated at the previous iteration, 

occur). 

del, the regularization parameter is 

m 0 to 1 and indicates 

node, a subs 

again 70-90%, howeve?> 

When learning the 

a decrease in th 

general gradient poostin 
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ent boosting model to avoid overfitting, they usually either reduce the number of 

‘terations of training or decrease the learning coefficient. It makes sense to adjust 

these parameters at the same time, while the larger the value of one parameter, 

the smaller the value of the other parameter to obtain good results of model pre- 

dictions. As in the case of a random forest, use the technique of selecting subsets 

and subsets of features to split the set into 
of objects for learning the next tree 

ee is used as base predictor. In models of the 
two in the tree node, if the decision tr 

support vector method, the regularization parameter is the parameter C, which is 

responsible for the compromise between the width of the indent (corridor), which 

e maximized and the number of objects in the original sample that did 
must b 

orresponding corridor and their degree 

not fall in the right direction from the c 

remoteness from the corridor. 

3.3.3 Hyperparameter tuning 

ne learning algorithms, it is typical to have 5-10 or more hyper- 

parameter 
that are set at the model architecture level and 

not optimized during training. Such hyperparameters are the regularization coef- 

fcients in the loss function, the number of basic classifiers in complex models, the 

depth of decision trees, the size of the training subsample for constructing basic 

classifiers, and many others. These hyperparameters can significantly affect the 

ics of the constructed model and its ability to generalize. Despite the 

of machine learning algorithms have reasonable 

he selection of hyperparameters is an important 

For many machi 

s, that 1s, parameters 

characterist 

fact that many implementation
s 

ettings, t 
default hyperparameter s 

udy of the use of machine learning models, since for different 

of the data under study, different hyperparameters can 

r characteristics. The optimization of 

component of the st 

types and distributions 

give models significantly different in thei 

arameters aims to find such parameters of the algorithms for which the 

e training set gives the best result in an independent test 

set. Cross-validation techniques are often used to optimize hyperparameters. At 

the same time, +t is important that the initial data set is divided into three sets 

each time: first, before training the model and selection of hyperparameters, 
into 

g and test ones, so that the test set does not explicitly or implicitly partic- 

uction of the model. Further, the training set, usually during 

divided into the actual training and validation sets, where the 

hyperp 

model trained in th 

trainin 

ipate in the constr 

cross-validati
on, is 
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traini | ae set serves directly for optimizing the parameters by the machine | aoe for achine - 

. gorithm, and the validation set corresponds to one set of hyperpa ster = : rame 

serves to assess the quality of the algorithm with these hyperparam vere, meters. 

Hyperparameter optimization approaches: 

e 
. 

bd 
. . 

Grid search is a traditional approach consisting in enumerating the h yper- 

parameters of interest from some given set by means of exhaustive search arcn. 

Thus, the hyperparameter vectors from the Cartesian product are sorted e sorte 

over the sets of values of interest. Since many parameters come from con- 

tinuous space, they consider the discretization of space with some st step, 

hence the name of the method. However, there are no restrictions on th e 

regularity of the step. Since the set of interesting values of hyperparameter 

. 

. 

Ss 

is often large, and the Cartesian product of individual sets as a result gives 

a sufficiently large space, this method is quite laborious. Nevertheless, the 

can be performed using the parallel method, since the results of each 
search 

dent. 
set of hyperparameter values are indepen 

e Random search is similar to the previous approach, however, in this case 

e selected randomly from a given space, and a special 

fied according to which hyperparameters will be 

how itself better than a grid search in cases 

eters affects the result for the data 

the parameters ar 

distribution can be speci 

selected. The method can s 

e a small number of hyperparam 

n for some reason the hyperparameters have a hidden 

hemselves. This method can also be run in parallel 

wher 

being studied, or whe 

relationship between t 

However, it lacks some systematic character. 

jmization first calculates the quality value of the trained model 

points corresponding to certain values of hyperparameters, and 

then determines the gradient of the quality function from the values of 

hyperparameters and calculates the next potentially interesting value of the 

hyp erparameters vector for which a quality assessment is performed. This 

method works best for continuous spaces of individual hyperparameters, but 

s for discrete sets of values. 

e their advantages and disadvantages and all of 

ther, more complex approaches that require 

e Cradient opt 

at some 

it also hold 

described approaches hav 

e. There are o All the 

thei are used in practic 

processing power. 
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3.3.4 Learning Curves 

The learning curve is a graph whose abscissa axis corresponds to the number of 

copies in the sample under consideration, and the ordinate axis to the quality 

of training in the corresponding test sample. For the first time, learning curves 

were presented in works on educational and cognitive psychology [20]. Back in 

1936, the effect was described and a mathematical model of the learning curve 

associated with labor productivity in the aviation industry was proposed. Over 

time, this term began to be used in many areas, including the field of mathematical 

statistics and machine learning. In terms of general machine learning, the learning 

curves show the model’s ability to generalize relative to the size of the training 

data. Often, different training models are compared on a sample of raw data 

of a fixed size. Such a comparative analysis has an important drawback, which 

follows, in particular, from the fact that for different models on the same data 

set, the learning curves of these models can intersect, including repeatedly. This 

drawback is that studies on a fixed sample size do not provide a sufficient idea of 

the comparative characteristics of methods in larger samples or smaller [21]. Thus, 

a more preferable method of comparing learning models is generally the method 

of comparing learning curves. Considering the learning curve of a separately 

selected model, one can make an assumption about whether the quality of the 

prediction of the model will improve when adding new data to the training set, 

as well as whether the current model suffers from large variability or from a large 

bias. Typically, as part of the study of one model, two curves are considered - 

the result of the model on the training sample and on the test sample. If both 

curves with an increase in the size of the training set converge to the same value 

with not very high quality, this indicates that adding new data to the training 

set will almost certainly not improve the quality of the model classification. To 

improve the quality of model predictions in this case, a different classifier, or 

another parameterization of the classifier in question, is usually required, which 

could learn more complex concepts of knowledge about the source data, i.e. would 

have a lower bias. If the result on the training set is much higher than on the 

test set for the maximum number of objects in the sample, then this indicates 

that adding new objects to the training set is highly likely to improve the model’s 

ability to summarize data, that is, improve the quality of classification. 
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3.3.5 Accuracy-completeness curve, ROC curve 

For any result of data classification, in the general case, four important charac- 

teristics are considered, presented in absolute terms: 

e the number of true-positive predictions - the number of test sample ob- 

jects from the positive class for which the classifier signaled that the object 

belongs to the positive class 

e number of false positive predictions - the number of test sample objects from 

the negative class for which the classifier signaled that the object belongs 

to the positive class 

e the number of true negative predictions - the number of test sample objects 

from the negative class for which the classifier signaled that the object 

belongs to the negative class 

e number of false-negative predictions - the number of test sample objects 

from the positive class for which the classifier signaled that the object be- 

longs to the negative class 

In areas related to information processing, accuracy is a measure of the rel- 

evance of a result, while completeness is a measure of how many really relevant 

‘nstances are obtained as a result. The accuracy-completeness curve is used to 

evaluate the quality of the classifier. The high area under the curve simulta- 

neously corresponds to a high value of accuracy and completeness, where high 

accuracy is associated with a low number of false-positive predictions, and high 

completeness is associated with a low number of false-negative predictions. Large 

values of both quantities indicate that the classifier gives accurate predictions and 

returns most of the positive results. A system with high completeness but low 

accuracy classifies many instances as positive, but a large number of predictions 

are incorrect compared to current set labels. A system with high accuracy but 

low completeness, on the contrary, classifies a small number of results as positive, 

but most predictions are correct. In an ideal system, all returned positive labels 

are valid and cover many objects that are truly positive labels. More formally, 

accuracy (P) is defined as a fraction, where the number of true positive predic- 
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tions (Tp) is in the numerator and the sum of true positive and false positive (Fp) 

predictions is in the denominator: 

Tp 
Tp + Fp 

Completeness (R) is defined as the number of true positive predictions divided 

P= (3.7) 

by the sum of true positive and false negative predictions (F,,): 

Tp 

Ty + Fn 

Formulas 3.7 and 3.8 are associated with the F'1-measure, calculated as follows: 

R= (3.8) 

9 PxR 

P+R 

The accuracy-completeness curve is a set of accuracy and completeness values 

for different set thresholds of the classifier, that is, confidence values at which the 

classifier signals that the object belongs to a positive class. It is important to note 

Fl (3.9) 

that accuracy cannot be reduced along with completeness. It follows from formula 

37 that a decrease in the classifier threshold can increase the denominator due to 

an increase in the number of positive predictions. 

If the previous threshold value was too high, all new results after lowering the 

threshold may turn out to be truly positive, which will increase accuracy. If the 

previous threshold value was close to correct, or too low, then a further decrease 

in the threshold value will give false-positive predictions, reducing accuracy. 

Completeness, in accordance with formula 3.8, is a fraction whose denominator 

does not depend on the threshold value of the classifier, which means that lowering 

the threshold value of the classifier can increase the completeness by due to the 

‘ncrease in the number of true positive predictions, but may leave the completeness 

unchanged, while the accuracy will change. 

Accuracy-completeness curves are widely used in the diagnosis of predicted 

values of binary classification models, but it is worth noting that these methods 

can also be used in the diagnosis of multiclass classification methods. 

The ROC curve is another method for studying binary classification models 

regarding the variation of the decision threshold by the classifier. In the ROC 

curve, the concept of the share of true positive predictions regarding the total 

number of instances belonging to the positive class is used, this concept is denoted 
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by TPR, as well as the concept of the share of false positive predictions regarding 

the total number of instances belonging to the negative class, this concept is 

designated as FPR. 

The value of TPR is also called the sensitivity of the model. Note that this 

value coincides with the previously defined concept of completeness. A value of 1 

_ FPR is called specificity, or the fraction of true negative predictions. 

A mane graph is a set of values (FPR; TPR) for various classifier threshold 

values. It shows the relationship between an increase in sensitivity and a decrease 

in specificity with a change in the classification threshold. 

The area under the ROC curve, in contrast to the accuracy-completeness 

curve, has a clear interpretation. It can be interpreted as the value of classification 

consistency, that is, as the probability that for a random instance of a positive 

class the value of the classifier’s confidence in the positivity of the class is greater 

than the corresponding value for a random instance of a negative class. 

3.4 Dataset 

The main problem of personality prediction is the lack of labeled dataset. The 

train dataset was collected through the PersonalityCare forum and uploaded from 

Kaggle[22], as it provides a large selection of people and their MBTI personality 

type, as well as what they have written on their posts or comments under the 

posts. What makes Kaggle particularly suitable because of content is available 

for public that many users can use it. 

The dataset contains over 8600 rows of data on each row is person’s: 

e type (these persons 4 letter MBTI type) 

e section of each of the last 50 things they have posted (each entry separated 

by 3 pipe characters) 

3.5 Data Analysis 

Overall process flow diagram showed in Figure 3.1. MBTI labeled dataset requires 

data analysis before starting to data pre-processing stage. However data analysis 

is hidden in this diagram. 
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Figure 3.1: Process flow diagram 

Count of MBTI types withing the dataset showed in Figure 3.2. In this dataset 

types with Introvert scale are more prevalent. My assumption it is because of 

introverts tend to have much time online than extroverts. Also we can say that 

types in this dataset distributed abnormally and our prediction accuracy will 

depend on that. 
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Figure 3.2: MBTT count in dataset 

Figure 3.3 show percentage of MBTI scales which was categorized for four 

dimensions. According to this figure, distribution of Introverts is much greater 

than Extroverts. The same distribution for the Intuition/Sensing scale where 

Intuition distribution is much greater than Sensing. Feeling/Thinking scale dis- 

tributed near to 50/50 but Feeling distribution is slightly greater than Thinking. 

This is one of the reasons to predict on that scale in previous work. And last 

scale, Perceiving / Judging, the distribution of Judging is greater than Perceiving. 
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3.6 Pre-processing the Dataset 

As mentioned before dataset was collected from Personality Care forum, so dat 

] 
: 

? a 

require some cleaning steps before applying machine learning technique. Because 

of this forum was about personality types dataset contain a lot of discussions 

about personality types. It will affect to accuracy of prediction. Thus decided to 

clean dataset from MBTI types. 

Idea is to define which words are more usable by MBTI personalities. Our 

distinctive feature of dataset is labelled type of personality. We suppose to predict 

that they have to use the different words in their vocabulary. To get high accuracy 

in prediction necessary to achieve high precision in both datasets train and test 

The data cleaning in steps: 

1. Next used regex-based pattern to: 

(a) remove links; 

(b) strip punctuation’s; 

(c) remove non-words; ) 
(d) remove multiple letter repeating words, 

) (e) transform all words to lower case. 

3.6.1 Text Vectorization
 

The Bag of Words 

esentation could be a general process of converting a 

| features. the method of converting documents into 

presenting every word as a integer and 

ked as a vector.For most 

The Bag of Words Rept 

umerica 

torization. By re 

nce, a document is mar 

f the dictionary might be used, 

text document into n 

vectors 1s named text vec 

equency of appeare 

only a subset © counting the fr thus the matrix 

of the documents, 

of text vectorization would mostly be like sparse matrix. 

Count Vectorizer 
rix whose values are the number 

input text into a mat 

rizer converts the 

in the text. Unl 
key (word) ike FeatureHasher, it has more 

Count Vecto 

of occurrences of this 
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configurable parameters (for example, you can set the tokenizer), but it works 

more slowly. 

Tf-idf 

In some documents, there are certain words which are quite frequently appearing 

thus they rarely have useful information on the particular content of the document. 

If we put of these words into classifier, these frequently appearing words may mask 

the words rarely-presented yet more meaningful. So on recalculate the weights of 

every word, usually, tf-idf transformation would be processed. The measure TF- 

IDF is a product of two factors: 

tfidf(t, d, D) = tf(t, d) x idf(t, D) (3.10) 

3.7. Prediction 

The classification will be multi-labeled because of persons might have dominant 

trait or several distributed traits. Multi-labeled problem represents a different 

classification task, but the tasks are somehow related. That means a person can 

have features of several personalities in the same time. Multi-labeled classification 

is trying to predict the label sets through analyzing training instances with known 

label sets. In our research we have predefined 16 classes and those classes was 

;dered as for binary classification tasks. Each binary classes shows scale 

of personality and trained individually as per their relationship to relevant scale. 

Training set and test set was divided by proportion of 80% to 20%. Early stopping 

ed when model was fit by training set and evaluated by test set. 

£2 to 8. After some configuration 

cons 

was monitor 

Initially deep of trees was configured in range 0 

parameters of XGBoost was setup as follow: 

e n_estimators = 100 

e max_depth = 6 

e learning rate = 0.3 

37



4. Results and Discussions 

After creating XGBoost model MBTI scales were trained separately, data was 

divided to train and test sets. Then the model was fit by training set and pre- 

diction performed on the test set. Predictions were evaluated. Tree_depth was 

configured and predictions evaluated again. 

Binary Accuracy Accuracy 

Class after before 

Configuration Configuration 

IE 0.84 79.01% 78.17% 

NS 0.1 85.96% 86.06% 

FT 2.41 74.19% 71.78% 

JP 0.28 65.42% 65.70% 

Other existing strategies which utilized the equivalent dataset were talked 

about in Literature review. Accordingly, the precision of expectation after ar- 

rangement was contrasted with the most recent and best existing strategy. This 

technique was presented by Hernandez and Knight [27] in 2017. The equivalent 

dataset was utilized in their examination and the pre-handling step was actually 

equivalent to this exploration. Henceforth, the correlation between their strat- 

egy and the introduced technique in this exploration was on similar information. 

They utilized different kinds of repetitive neural systems (RNNs, for instance, ba- 

sic RNN, GRU, LSTM, and Bidirectional LSTM to assemble their classifier. For 

assessment, they utilized two distinct strategies, which were (1) a post-grouping 

approach and (2) a client arrangement technique. For post-grouping, they pre- 

prepared the test set and anticipated the class for each individual post. They at 

that point delivered a precision score and disarray lattice for each MBTT mea- 

ment. Then again, so as to group clients, they expected to discover a method 
sure 

of tuning the class forecasts of individual posts all wrote by a person into an 
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expectation for the class of the creator. Accordingly, they took the mean of the 

class likelihood expectations for the entirety of the posts in a client’s corpus and 

adjusted either to 0 or 1. The exactness of the intermittent neural system model 

utilizing client the grouping strategy was better than the repetitive neural system 

model utilizing the post-arrangement approach. In this manner, the precision of 

Gradient Boosting was contrasted with their repetitive neural system 

Extreme 

er utilizing the client characterization approach. Actually, a similar proce- 

d in this exploration, as we needed to classifi 

dure for assessing the outcomes was utilize 

look at the performance of the models similarly. 
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5. Conclusion 

This study has developed prediction model with better accuracy to identify MBTI 

psychological types in comparison with the previous studies that shown in results 

section. Especially it is related to Intuition-Sensing and Introversion-Sensing per- 

sonality scales. This model was implemented using XGBoost library which rep- 

resents Extreme Gradient Boosting algorithm. Scientific novelty of this study is 

that it can be useful tool for human recourse managers and teachers to get a bet- 

ter understanding of their prospects. Study requires to fulfill dataset with normal 

distributed MBTI types. 
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A. Appendix A 
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Figure A.1: ENFJ 
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