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Gender Classification of Thai Facebook Usernames

Supitcha Yuenyong and Sukree Sinthupinyo

Abstract—This paper presents an application of machine
learning to classify Facebook users’ gender based on their
username alone. User profile information on social networks is
important in many studies, but occasionally no information is
publicly available online, such as age or gender. Most studies
only use textual information from the web page. Instead,
we opted to study gender classification by username, in which

the gender is inferred from the users first name and alias name.

We focused only on Thai names which may have certain
patterns that reveal the owner’s gender. A combination
of different models is proposed to classify gender based on
Thai Facebook usernames. Each model was trained using
a supervised learning approach. Furthermore, all the
classification results were combined into a final model. Using
this method, the model achieved 91.75% level of accuracy.

Index Terms—Gender classification, Facebook username,
name analysis, social network, machine learning.

I. INTRODUCTION

Social media is used extensively and has become a part of
people's daily lives. It influences the lifestyles of people of all
ages in almost every aspect of a person’s life [1]. Facebook is
the largest and most used social media platform globally and
in Thailand [2]. Facebook provides a simple way for users to
express their feelings, ideas, and opinions by enabling them
to generate their own content. Information published online
can be studied to analyze social processes from economics to
public health. For example, online data can be used to
forecast target groups by marketing teams, opinions about
political events can be analyzed, and perspectives on social
issues or mental health can be assessed [3]. Yet most social
media sites do not require user demographic details.
Moreover, it is not necessary for users to reveal their
identities, and some users even disguise or conceal their
private information to hide their true identities.
Consequently, using user information derived from social
media for analysis or communication can be inaccurate and
can fail to match the target group. The correct gender
classification of social media users is therefore important,
since it can help solve issues derived from limited or
inaccurate social user information and maximize benefits.
According previous studies, the existing methods for
classifying gender are often analyzed by text, but it is not
always possible to find messages to analyze. The name of
users is another way of classifying gender, especially in the
Thai language.
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In Thai, female and male names have different
characteristics. For example, "Wa51n1" (Patcharapa),
"3gan1” (Wichulada), and "wsws5au" (Pornpan) are female
(Suchart), "suLAasé” (Somkiat), and
"Useqel” (Prawut) are male names. There are also names
which can be used by either gender, such as "33ai" (Wirut),
"ga990u"  (Suwan), and "&uws" (Somporn). Further
challenges were caused by many social media users utilizing
an alias name rather than their actual name.

For the aforementioned reasons, we decided to study and
solve such problems using machine learning techniques
to classify gender based on Thai Facebook usernames. This
was done using both first names and alias names and
analyzing the features extracted from username-derived
textual information.

an

names, while "d16

Il. RELATED WORK

In recent years, several studies have proposed machine
learning approaches to extract the demographic of social
media users using text, names, images, location, or profile
colors to classify gender, age, personality, education, marital
status, ethnicity, geographic location, language, and race
[4]-[11].

For instance, Schwartz, H.A. et al. [4] used post text and
comment text to determine personality, gender, and age
classification on Facebook. Alowibdi, J.S., U.A. Buy, and P.
Yu [5] used first name, username, and profile colors (i.e.,
background color, text color, link color, sidebar fill color,
and sidebar border-color) for gender classification on Twitter.
Furthermore, Bergsma, S., Dredze, M., Van D.B., Wilson, T.,
and Yarowsky, D. [6] used first name, last name, and
location to classify ethnicity, geographic location, gender,
language, and race on Twitter. Additionally, Akbar, R. [7]
and Septiandri, A.A. [8] used Indonesian names for gender
classification, while Briediene, M. and Kapociute-Dzikiene,
J. [9] used Lithuanian texts for gender, age, education,
marital status, and personality type classification on
Facebook. Moreover, Hirt, R., N. Kihl, and G. Satzger [10]
used German tweets, names, and profile pictures for gender
classification on Twitter. Also, Vicente, M., F. Batista, and
J.P. Carvalho [11] used username, screen name, description,
tweet content, profile picture, and user activities for gender
classification on Twitter.

These authors explored a variety of methods for gender
classification from username. For example, Alowibdi, J.S.,
U.A. Buy, and P. Yu [5] ran experiments to compare three
different classifiers: Na'we Bayes; Decision Tree; and Nawe
Bayes Decision Tree hybrid. They trained classifiers with the



International Journal of Machine Learning and Computing, Vol. 10, No. 5, September 2020

phoneme-based features set, with word-frequency based
features, and with 1-gram through 5-gram features. The best
result achieved was 82.5% accuracy in the case of the 3-gram
phoneme-based features with Decision Tree classifier for
first name, and 75.2% accuracy in the case of the 3-gram
phoneme-based features using Decision Tree for usernames.
Bergsma, S., Dredze, M., Van D.B., Wilson, T., and
Yarowsky, D. [6] ran experiments using Support Vector
Machine to classify gender by first name and surname, by
making comparisons between five features: Token; character
N-gram; cluster; token with N-gram; and all together
features. The best result achieved was 90.2% accuracy with
all features. Akbar, R. [7] compared Multinomial Naive
Bayes with Random Forest to classify gender from
Indonesian names using the frequency of characters, last
character, and last two characters features. The classifiers
yielded an accuracy of around 70% (Multinomial Naive
Bayes) and 83% (Random Forest). Further, Septiandri, A.A.
[8] classified Indonesian name genders using
Character-Level Long-Short Term Memory compared with
Naive Bayes, Logistic Regression, and XGBoost using
n-grams as the features. The results showed that the best
performance of Naive Bayes and Logistic Regression was
obtained from 3-gram, and the best performance of XGBoost
was from 2-gram. When using Character-Level Long-Short
Term Memory techniques, they were able to classify gender
more accurately than Logistic Regression was able to. The
accuracy percentage rose from 85.28% to 92.25% in the full
name case, while using first names only yielded a 90.65%
level of accuracy. Vicente, M., F. Batista, and J.P. Carvalho
[11] proposed methods based on the combination of different
classifiers. They created four distinct classifiers, each of
which considered a group of features extracted from four
different sources by conducting performance comparisons
among Logistic Regression, Multinomial Na'we Bayes,
Support Vector Machines, and Decision Tree classifier. The
final classifier—combining the four previous individual
classifiers—achieved the best performance, corresponding to
93.2% accuracy for English and 96.9% accuracy for
Portuguese data.

TABLE I: TOTAL NUMBER OF USERNAME DATASETS IN THE STUDY

Gender First name Alias name Total
Female 926 1121 2047
Male 1035 1235 2270
I1l. METHODOLOGY
A. Dataset

We focused on Thai Facebook usernames collected
between January to March 2019 using the Selenium library.
Users were selected who had usernames only in Thai
characters and had an open gender profile. After all the data
was collected, the usernames were manually labelled into two
types, namely first name and alias name. Of the 4317
usernames collected, 2047 were classified as female (47.42%)
and 2270 were male (52.58%). Moreover, 1961 of them were
first names while 2356 were alias names (see Table I). An
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example of the dataset is given in Fig. 1.

Username Gender First /Alias Name

WINYAT D10 Male Alias Name
wiede Tndvas Female First Name
Windsenaau Female Alias Name
ﬁyﬁwamuwﬁq fuassram Male Alias Name
I wakiny Male First Name

widuand vl

Female Alias Name

wnna 3 mpsm’wm Male First Name
vy Seda Male Alias Name
ne ﬁ:ﬂ‘ ﬁ:ﬂlﬁ Female Alias Name
wiyans d3afe Female First Name
i do Male Alias Name
Bugms neneden Male First Name
wnansie vouuale Female Alias Name
nuAdil ey Female First Name
lLivao us Q‘L:,j@"a Male Alias Name

Fig. 1. Dataset example.

B. Thai Word Tokenization Features

In the Thai language, words are not separated by a space,
and spaces are instead used to denote a new sentence.
Furthermore, most alias names can be separated into words,
so we selected the PyThaiNLP library [12] using the
Maximal Matching method to segment those Thai names.
An example of Thai word tokenization is given in Fig. 2.

Username

Fig. 2. Thai word tokenization example.

Fig. 3 presents words most highly distinguishing female
and male alias names. Female word tokenization features are
shown in pink, while male word tokenization features at in
the figure in blue. The size of the word indicates the relative
usage frequency, with larger words indicating more
frequently used words.

The word tokenization analysis results show that each
gender uses self-describing words. For example, females
used "av" (sister), "uai" (mother), and "ueg" (girl), while
males used "R" (orother), "wiin" (boy), and "L&a" (tiger).

C. Thai Speech Classification Features

In the Thai language, first and alias names use different
parts of speech. First names often include nouns but do not
include certain word types. For example, Thai first names do

not include conjunctions such as "Wag" (and), "aa" (or),
and "wwe" (but), negators such as "l (no), and "
(don’t), determiners such as "u," (this) and "uu" (that).
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Nonetheless, these may be found in the alias name. Virach S.
et al. [13] classified Thai speech parts into 14 categories
(noun, pronoun, verb, auxiliary, determiner, adverb,
classifier, conjunction, preposition, injection, prefix, ending,
negator, and punctuation) and divided them into 47
subcategories. In the present study, the PyThaiNLP library
was used to extract speech parts with word tokenization. An
example of Thai speech part classification is given in Fig. 4.

Fig. 3. Word clouds for alias name word tokenization.
(female on top and male below).

Username ‘thMthlhm-‘

quIs My First Name

AT 25la First Name:

seind s First Name

First Name
First Name
First Name

First Name

Alias MName

dumdoims AvBeuly

Alias Name

vale lallsiffenafiu

Alias Name

Alias Name

Alias Name

Alias Mame

Wuwewe mooviiess)  Alias Name ([, 'NCMNY, (s, 'JSBR), (wry, P 197, VACT), (4w

frwmumis flusuorsam | Allas Name | ['wner, NCMN), (Rsd, 'CNIT), (i, DONM), (4, PREL), Cusnd, (avmen, VATT]]

Fig. 4. Example of Thai speech part classification.

First name ] Frequency character
AT (L2 w9 L1, 1)
VURWITON (LU L L0, 1,9 2, ' 1)
NS 1, 2,m 1,9 2)
...-'iﬁlm‘; w2t et L, e, ™ 1)
.:‘s.ﬁ‘fnﬁ fa a1, e 1T LR )
.?a.ﬁﬁ‘r‘m: [ 20a 1,0 2, ™, e, a1, 1)
.'E’L’.I‘Il (92,1 w1 Ly 1)
TINRN (91,9 L, 209 A L e 1)
(9108 L9 L™ L L e L
0L LW 2™ L LT L e LT
[ ER PR WY R VS B BN W B B TR |
(L™ 2 w2, e e e,
.thhv‘ (CIR NI WA I TR B B LS W ¥
[veemms (W1, ™, 90 2T e, ], )
}-,n"ml [CER AT R T B S B W TS RIS B 1)

Fig. 5. Example of Thai character frequency.

D. Thai Character Frequency Features
In the Thai language there are three main character types:
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Consonants; vowels; and tones. These are located in the
upper, middle and lower levels [14]. The frequency of each
character was counted only from the first name. An example
of Thai character frequency is given in Fig. 5.

The character occurrence was counted from female and
male names, as shown in Fig. 6. The bar chart shows that the
character 'aw' occurs more often in female’s first names than
for males. The same result can be found in 'gy', '5', 'A’, and 1",
Meanwhile, the characters 'w', 'v', 'of", '®" and™ appear more
frequently in male first names.

0.20

IR
p! |I I - III | A | | |
L LI " «lll
000 U= ol _HEeula - - o_§_l.a sii.EEE_.Enl.n.

nEARsv ARy neMasansuududRHANDIqR I ANAuda S L

Female M Male

Fig. 6. Character occurrence frequency in first names.

To measure how disorganized character in the first name,
we calculated the entropy of their gender for each character,
with a high result denoting that character has a highly varied
gender, and a low result pointing to the character being used
in the names of the just one gender. In particular, entropy is
defined as the sum of the probability of each gender, times by
the log probability of that same gender. The 10-minimum

entropy of character in the first name are 'af', 'l', "'W',™, "',
‘o, W, T and ‘A,

E. Thai Substring Character Features

Thai male and female first names have different
characteristics. For example, names starting with "Ws-" are
most likely to be female, while names starting with "wa-" are
supposed to be male. Meanwhile, names ending with
"-35504" are most likely to be female, and names ending

with "-6N11" are always for males.

| Firstrame | Substring characters

, last2-chars'; 'un, ‘last3-chars': "wun, lastd-chars’ 'TwuUN}

WATHN {first2-char: "W, first3-char’ "W, firstd-ch

SURIENT I t3-char': tuRy, firsts rs's 990, lastd-chars’s ‘WiTad)

iliserd {first2-char: "W, first3-char’: W, firstd-ch: ¥, lastZ-chars" "37, last3-chars’ ‘839, lastd-chars’ 'nAIs}

udariumi : Wa, first3-char: 'ug , ‘last2-chars’ ‘%, last3-char

o e, first3-char aud, last2-chars: ', last3-chars’:
nsadinal ar's N, “first3-char’ 2-chars: o, last3-chars’
Stny

Ll

i, first3-char’

#, first3-char’ “4, lastd-chars 3§}

i {first2-char’: i, first3-char' W, lastd-chars '}

afvhni {first2-char’: ‘o, ‘first3-char" ! lastd-chars’: i}

vidimd {first2-char

Gl {first2-char’: ‘s, ‘first3-char': ‘aan, ‘firstd-char’: ‘B3m’, last2-chars' 12, last3-chars" 'w, lastd-chars’ ‘wmne}

Fig. 7. Example of Thai substring characters.

Features were created from substrings in the first name.
Six feature types were used in this experiment: The first two
characters; the first three characters; the first four characters;
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the last two characters; the last three characters; and the last
four characters. An example of Thai substring characters is
given in Fig. 7.

Fig. 8 presents the top 10 most substring characters for
first names. The female substring characters are shown on
the left and the males are shown on the right.

Substring characters were found in the female first names,
but not in the male first names, for instance, the last two

characters; 'n7", last two characters; '¢il', last four characters;

“WeT', and last three characters;™@1". Meanwhile, substring
characters were found in the male first names but not in the
female first names, for example, the last three characters;

'effe)’, last two characters; 'Wa', last four characters; "W,

and first two characters; '5".

The substring character analysis results show that female
and male first names have different characteristics. These
distinct properties could therefore be used as features for the
model.

first2-characters: “&” first2-characters: “&”

last2-characters: last3-characters: “48”

last2-characters: “a1” last2-characters: “@”

last2-characters: “ws” lastd-characters: *

lastd-characters: ““mi” last2-characters: “wa”

last2-characters: “aAn” first2-characters: “Us”

last3-characters: “s504” lastd-characters: “wad”

lastd-characters: “asal” first2-characters: “su”

first2-characters: “25” first2-characters: “au”

il

fury

(=}

first2-characters: “@” last3-characters: “

Fig. 8. Top 10 most common first name substring characters.
(female on the left and male on the right).

F. Process Design

In this study, four different feature groups were used, as
follows:

1) Word tokenization features;

2) Speech part classification features;

3) Character frequency features;

4) Substring characters features;

All of these were used as the same input for four separate
models which had different purposes. For example: A)
classifying gender from only the first name; B) classifying
gender from only the alias name; C) classifying username
into first name or alias name; and D) classifying gender from
username. The final model in Fig. 9 combines the output of
all four models to produce a final model.

We used K-Nearest Neighbor, Support Vector Machine,
Random Forest, Multinomial Nawe Bayes, and Neural
Network in Models A, B, C, and D, while a Neural Network
was used to combine the results from all the classifiers.
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At the end of this process, the experiments were divided
into three parts in the combined models, with the first part of
the combined models to classify gender for first name (Model
A) and gender for the alias name (Model B). The second part
combined models to classify gender for the first name (Model
A), gender for the alias name (Model B), and classify the first
name and alias name (Model C). The third part combined all
the models.

o Username

First name Alias name All username All username
v 3 4 3

A. B. C. D.

Classify Classify Classify first Classify
gender from gender from name and gender from
first name alias name alias name all username
TT TT T T
Female 1 1 Male Female | 1 Male First name; 1Alias nameFemale1 1 Male

score : :score score : :score score | : score  score : :scare-
1

Combined
Model

Classification @I

Fig. 9. Combined model that merges the output of the individual models.
Four classifiers include: (a) Classify gender from first name; (b) classify gender
from alias name; (c) classify first name and alias name; and (d) classify gender

from username.

G. Evaluation Approach

A program was developed in the Python 3 environment
using an open source scikit-learn 0.21.3 [15].

All the experiments were performed using stratified
10-fold cross validation and evaluated performance based on
accuracy. In k-fold cross-validation, the original samples
were randomly partitioned into k equal sized subsamples.
Each k subsamples was used as the test data, while the
remaining k-1 subsamples were used as training data.
The cross-validation process was then repeated k times, with
each of the k subsamples used exactly once as the test data.
The k results from the folds could then be averaged to
produce a single estimation.

Accuracy was defined as the proportion of true results,
either true positive or true negative (1).

TP+TN
TP+FN +TN +FN

@)

Accuracy =

where TP is true positives, TN is true negatives, FP is false
positives, and FN is false negatives. Accuracy was
determined to be the proportion of true results, either true
positive or true negative.

IV. RESULTS

A. Gender Classification from First Name
Each classifier was trained with character frequency and
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substring characters of the first name only, not including
surname. The model outputs were female and male scores.
The best performance consistently achieved using Support
Vector Machine reached an accuracy of 78.17%, followed by
Multinomial Nawe Bayes (76.90%), Neural Network
(76.09%), K-Nearest Neighbor (73.13%), and Random
Forest (72.72%). The accuracy of the gender classification
for first name is summarized in Table II.

TABLE Il: ACCURACY OF GENDER CLASSIFICATION FROM FIRST NAME

Classifier Accuracy
K-Nearest Neighbor 73.13%
Support Vector Machine 78.17%
Random Forest 72.72%
Multinomial Na'we Bayes 76.90%
Neural Network 76.09%

B. Gender Classification from Alias Name

Each classifier was trained with word tokenization
features from the alias name only. In this research, three
gender groups were identified: Female; male; and
unclassified. Female and male name had a probability of over
60%, while unclassified were less than 60%. The model
outputs were female and male scores. The best performance
was from Support Vector Machine at 69.45% of accuracy,
followed by Multinomial Nawe Bayes (66.04%), Neural
Network (65.09%), Random Forest (61.30%), and K-Nearest
Neighbor (56.41%). The gender classification accuracy for
alias name is summarized in Table I11.

TABLE I1l: ACCURACY OF GENDER CLASSIFICATION FROM ALIAS NAME

Classifier Accuracy
K-Nearest Neighbor 56.41%
Support Vector Machine 69.45%
Random Forest 61.30%
Multinomial Na'we Bayes 66.04%
Neural Network 65.09%

C. First Name and Alias Name Classification

Each classifier was trained with word tokenization and
speech part features. The purpose was to classify the first
name from the alias name. The model outputs were first
name and alias scores. Multinomial NaWe Bayes was
the best classifier which achieved an accuracy of 83.18%,
followed by Support Vector Machine (82.44%), Neural
Network (80.12%), Random Forest (78.11%), and K-Nearest
Neighbor (74.10%). The accuracy of the first and alias name
classifications are shown in Table V.

TABLE IV: ACCURACY OF FIRST NAME AND ALIAS NAME CLASSIFICATION

Classifier Accuracy
K-Nearest Neighbor 74.10%
Support Vector Machine 82.44%
Random Forest 78.11%
Multinomial Na'we Bayes 83.18%
Neural Network 80.12%

D. Gender Classification from All Usernames
Each classifier was trained with word tokenization
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features for all usernames. The model outputs were female
and male scores. The same as in the previous experiment, the
Multinomial Nawe Bayes had the best performance at
65.81%, followed by Neural Network (63.70%), Random
Forest (60.97%), Support Vector Machine (59.37%), and
K-Nearest Neighbor (56.94%). The accuracy of the gender
classification for all usernames is summarized in Table V.

TABLE V: ACCURACY OF GENDER CLASSIFICATION FROM ALL USERNAMES

Classifier Accuracy
K-Nearest Neighbor 56.94%
Support Vector Machine 59.37%
Random Forest 60.97%
Multinomial Na'we Bayes 65.81%
Neural Network 63.70%

E. Combining Classification Models

To determine the best final classifier, the performance of
the five classifiers were compared, including K-Nearest
Neighbor, Supper Vector Machine, Random Forest,
Multinomial Nawe Bayes, and Neural Network. We also
compared the performance obtained from the three different
input sets, that is all the models, the combination of three
models, and the combination of two models. The
performance from getting inputs from all the models had the
best accuracy at 91.75% using the Neural Network, this was
followed by the combination of three models and the
combination of two models, respectively. The accuracy of the
combined model is summarized in Table VI.

TABLE VI: COMBINED MODEL ACCURACY
Three

Two

Classifier All models
models models

K-Nearest Neighbor 74.91% 76.74% 81.72%

Support Vector Machine 75.40% 76.67% 84.04%

Random Forest 76.35% 77.65% 88.58%

Multinomial Na'we Bayes 79.68% 79.87% 86.89%

Neural Network 82.07% 83.46% 91.75%

100.00%

80.00% — — 1

I K-Nearest Neighbor

60.00% Support Vector Machine

[ Random Forest

ACCURACY

40.00% @ Multinomial Naive Bayes

[ Neural Network

20.00%

0.00% I I I

Combine 2 models

Combine 3 models Combine 4 models

Fig. 10. The accuracy in combined models.

Fig. 10 summarizes the achieved accuracy per classifier
for the three combination types. The combination of two
models obtained an 82.07% level of accuracy with Neural
network. For the combination of three models, an 83.46%
level of accuracy was achieved with Neural network. Finally,
the combination of four models achieved an accuracy of
91.75% using Neural network.
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V. CONCLUSION

Facebook data can be analyzed and studied for many
benefits, but the data often lacks user demographic details
which can result in the user information used in analysis or
communication being incorrect and not matching the target
group. This study therefore established the objective to
classify gender from username only in order to solve the
problem of correctly using user information and maximizing
benefits.

The present study demonstrated that Thai names have
certain patterns that can reveal the owner’s gender. The
authors also presented a gender classification method for
Thai Facebook usernames using a combined model. Instead
of applying the same model for all features, related features
were grouped and used in separate models since first names
and alias names have different characteristics. The output of
each model was then used as inputs for the final model. The
features proposed, including the word tokenization, speech
part classification, character frequency, and substring
characters can achieve a good result. The experimental
results demonstrate that using word tokenization for all
usernames achieved a baseline 65.81% level of accuracy, but
the combined model achieved an improved performance with
a 91.75% level accuracy.
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