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ABSTRACT 

 

USING PEER-TO-PEER COMMUNICATION CHARACTERISTICS TO 

IMPROVE GENDER PREDICTION IN ELECTRONIC DISCOURSE 

Aksu, Janberk 

MSc., Applied Data Science Program of Graduate School 

Supervisor: Assist. Prof. Dr. Tayfun Küçükyılmaz 

June 2021 

As the past literature suggests, identifying the gender of the author, namely 

gender identification, is one of the most commonly examined characteristics of 

online communications. The classical and widely adopted approach to the 

gender characterization task in online discourse is to model the problem as a 

binary classification task where each user is represented with the discourse 

they have initiated. Although gender of an author is known to be salient through 

textual content, an important aspect of discourse is neglected and 

underutilized by this model: In a peer-to-peer communication, both initiator, 

and the receiver of a discourse has effect on the discourse. In this work, we 

focus on peer-to-peer digital communications that occur between two people, 

and create an author characterization framework that is able to utilize peer-

based information in such communications. 

In this study, we propose a novel two-level classification technique for the 

gender identification problem. The proposed technique first predicts whether a 

given communication has occurred between two male, two female, or a male 

and a female users, and incorporates these predictions for each user with a 

novel decision heuristic in order to deduce possible gender characteristics of 

each user. The experimental results show that the proposed approach is 

superior to the classical gender identification strategy in terms of result 

accuracy.  

Keywords: Authorship Characterisation, Chat Mining, Data Mining, Gender 

Identification, Classification, Machine Learning 
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ÖZ 

 

ELEKTRONİK SÖYLEVDE EŞLER ARASI İLETİŞİM 

KARAKTERİSTİKLERİNİ KULLANARAK CİNSİYET TAHMİN 

DOĞRULUĞUNUN ARTTIRILMASI 

Aksu, Janberk 

Yüksek Lisans, Uygulamalı Veri Bilimi Bölümü 

Tez Yöneticisi: Dr. Öğr. Üyesi Tayfun Küçükyılmaz 

Haziran 2021 

Literatürde bilindiği üzere, yazarın cinsiyetinin tanımlanması, yani cinsiyet 

segmentasyonu, online iletişimde en çok araştırılan yöntemlerden birisidir. 

Cinsiyet segmentasyonu için çoğunlukla kullanılan genel ve klasik yaklaşım 

modeli ikili sınıflandırma problemi şeklinde ele alma, yani her cinsiyetin kendi 

söylevi ile ilişkilendirilip sınıflandırılmasıdır. Çift yönlü iletişimde, sadece 

gönderici yazarın değil, alıcının da metin karakteristiklerine etkisi vardır. Bu 

çalışmada, çift yönlü dijital iletişime odaklanıyoruz ve bu iletişim söylevlerine 

dayalı yazar karakterizasyonu incelemesi yapıyoruz. 

Bu çalışmada yazar cinsiyeti tanıma amaçlı özgün, iki seviyeli bir sınıflandırma 

tekniği ortaya koyuyoruz. Önerilen teknik ilgili elektronik söylev metninin ilk 

adımda hangi iki cinsiyet arasında gerçekleştiğini ortaya koymaktadır; iki 

erkek, erkek-kadın veya iki kadın arasında geçtiği belirlenecek şekilde yapılan 

sınıflandırmadan sonra bu tahminler belirtilen yöntem içerisinde kullanılarak 

kullanıcı bazında cinsiyet tahmini yapılmasını öngörmektedir. Deney sonuçları 

bahsedilen yaklaşımın klasik cinsiyet tahmin yöntemlerinden doğruluk oranı 

bakımından üstün olduğunu göstermiştir.  

Anahtar Kelimeler: Yazar Karakterizasyonu, Chat Madenciliği, Veri 

Madenciliği, Cinsiyet Segmentasyonu, Sınıflandırma, Makine Öğrenmesi 
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                                        CHAPTER 1 

 

INTRODUCTION 

 

With the advent of digital technologies, computer-mediated communication 

became the most popular way of sharing information and interacting with other 

people. The development of new web and mobile technologies allowed more 

users to participate in large scale social networks, chat applications, e-mail 

services and other platforms where a large number of textual conversations 

take place every hour. Different from daily face to face conversations, 

electronic discourse has specific characteristics that determine the ways and 

results in analysis. Electronic messages are less censored and more informal 

than writing intended for hard copy, and tend to mimic the paralinguistic 

features of spoken conversation. [2] The relative informality of the electronic 

discourse gives the authors more tendency to reveal personal linguistics, 

emotions and properties. 

 

In addition to informality, electronic discourse has another aspect that changes 

the style of the authors, which is anonymity. Users have the ability to change 

their gender or other characteristics outwardly. Although anonymity may give 

an opportunity to behave differently than the real social norms and roles, text 

analysis enables us to predict their true gender and identity. Individuals may 

nominally indicate that they are female or male, but identity deception is easier 

to carry out in text-based computer-mediated communication than face-to-

face. [6] 

 

Today, there is a vast amount of alternative communication platforms available 

to users, providing a plethora of different functionalities. As electronic 

communication increasingly occupies a central role in the global business, 

political and intelligence communities, it has become increasingly important to 

be able to accurately identify the authors of electronic messages. [45] As a 

result of the sheer growth of cyber users and activities, efficient automated 

methods for identity tracking are becoming imperative. Authorship 

identification based on analyzing stylistic features of online messages is 
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suggested to be a possible solution. [39] Examining and extracting useful 

information from the communication that takes place on these newly adopted 

platforms is not only important for improving human-computer interaction, but 

it also provides invaluable opportunities towards understanding how humans 

react and communicate with each other. Social psychological effects of 

computer communication have been studied by comparing computer-

mediated communication (CMC) with face-to-face communication (FTF). [34] 

Online discourses are important datasets to observe distinct patterns for 

different genders and understand their social relations. The information about 

a social group’s linguistic attitude can be of great importance, especially 

nowadays, with the expansion of social media. Except for research purposes 

(linguistics, sociology and anthropology), it can be a powerful tool for 

marketing, advertising, forensics, e-government services and applications. 

[37] 

 

Electronic discourse is neither writing nor speech, but rather written speech or 

spoken writing, or something unique. [1] Additionally, linguistic varieties might 

be also affected by women’s and men’s social networks. [28] Differently from 

classical written discourse, due to its mostly informal nature, electronic 

discourse tends to mimic properties of a spoken conversation [2]. Some online 

discourse may contain both formal and informal attributes. Indeed, the 

authoring composition style and interactivity characteristics attributed to e-

mails share some elements of both formal writing and speech. [41] Opposed 

to formal environments where people are more “In control” with their speech, 

informal environments where people have more tendency to reveal their 

personal linguistics help us get better gender specific patterns on the 

discourse. Gender-linked language stereotypes are explicit knowledge 

available to conscious thought, whereas gender-linked language schemata 

are implicit, existing largely outside of awareness. [33] The two main factors 

that characterize a text are its content and its style, and both can be used as 

a means of categorization. [43] Every author's writing style has its own habits 

and characteristics. [40] These habits become evident in for example their 

use of words and grammar. The more unconscious the process is, the less 
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controllable it is. Therefore, words and grammar could be a reliable 

indication of the author. These individual differences in use of language are 

referred to as idiolect. The unconscious use of syntax gives rise to the 

opportunity to perform author identification based on stylometric features.  

 

Typically, the nature of the conversations in virtual communities is very 

informal, unguarded and straightforward, much as in oral discourse among 

friends. [4] Gender information is something web users are not usually too 

reluctant to provide on online communities. [8] Such analyses, in turn, enables 

analysis of such discourse for inferring invaluable information about the 

authors of these communications such as their identity, gender, age, education 

level, social role, location, shopping habits, interests, belief and so forth. A 

growing body of evidence suggests that user generated content on platforms 

ranging from Yelp to Facebook has a large causal impact on economic and 

social outcomes ranging from restaurant decisions to voting behavior. [29] 

 

Discovering the inherent characteristics of the author of a text, namely 

authorship characterisation, is not a new research area. The history of 

authorship studies dates back to the fourth century BC, when scholars in the 

famous library of Alexandria studied the authentication of texts attributed to 

Homer [3]. Finding and validating the author, discovering the social 

characteristics of the author, and finding similarities between authors of a 

document are some of the objectives of author characterisation studies in the 

literature. The results obtained by the observation method prove the fact that 

the intuitions of several linguists agree does not make these intuitions more 

reliable. They may serve as a valuable starting point, but only after putting 

them to the test of quantitative analysis, it is possible to discover whether or 

not one is on the right track. [32] It should be noted that author identification 

techniques can not be used as scientific evidence. Short texts will not 

provide enough evidence. [46] The complete and definite gender patterns 

in electronic discourse, the randomness factor and unpredictability, 

together with the lack of textual data in some chunks of discourse are also 

included and may lead to a more complicated dimension as well. As many 
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other textual classification tasks, authorship attribution sees a competition 

between linguistic (lexical, syntactic, semantic) and information-poor 

features (such as character trigrams and word frequencies). [50] 

 

Data mining refers to extracting or “mining” knowledge from large amounts of 

data. It can also be named by “Knowledge mining from data”. Nevertheless, 

mining is a vivid term characterizing the process that finds a small set of 

precious nuggets from a great deal of raw material. [48] Text mining has 

developed over decades and across scientific disciplines to form a now-

substantial and diverse body of literature on the computer-aided analysis of 

textual data. [30] In recent years, using machine learning for textual analysis 

and authorship characterization tasks emerged as a powerful tool. ML-based 

authorship attribution starts from a set of training documents (documents with 

known authorship), extracts cues that are informative for the author, and trains 

a ML method that uses these features to identify the author of new, previously 

unseen, documents. [49] Statistical or quantitative authorship attribution, a 

work of unknown or disputed authorship is classified to a known author based 

on a training set of works of known authorship. Unlike typical document 

classification, however, in authorship attribution one does not desire to classify 

documents based on document content. Instead, one wishes to perform 

classification based upon author signal, or "style." [47]  

 

Authors have their own style of speaking and writing. The writing style can be 

used as distinctive features to recognize its author. It can be considered as a 

typical classification problem, where a set of documents with known authors 

are used for training and the aim is to automatically determine the 

corresponding author of an anonymous text. [42] In this approach, the 

authorship characterization problem is modeled as a classification task: each 

class represent a possible category for the authors, each author forms an 

instance of the problem and features describing an author are either adopt a 

bag of words or a vector space representation extracted from the discourse of 

that author. Although remarkable results have been achieved for predicting 

gender and other various attributes of the authors of discourse using 



5 
 

classification models, many studies indicate that there are additional important 

characteristic markers encapsulated within peer-to-peer communication. An 

important piece of information that has not been utilized under the classical 

machine learned classification model described above is that, not only the 

author of a message, but also the receiver of a message has an impact on the 

discourse [4, 5].  

 

Although salience of many author characteristics are examined within the last 

three decades, characterisation of the authors’ gender, namely gender 

identification, is one of the most widely studied attributes of an author. 

Numerous studies on various discourse styles and platforms reveal that 

gender is a salient characteristic of an author in both written and spoken 

human discourse. Just like in face-to-face environments, gender related 

stereotypical patterns do exist in virtual environments. [31] This can be 

attributed to language being heavily impacted by the culture at which men and 

women have different social attributions and objectives when they 

communicate [4]. In the language use in particular, the gender issues are 

aroused due to the belief that there are differences in terms of men and women 

in expressing their language when they interact in their social life. [28] 

 

Many studies in the literature argue that communication between two 

individuals of the same and opposite genders differ significantly, in terms of 

both content and context. [6] and [7] claim that men and women tend to 

unconsciously insert gender-specific social messages when they 

communicate, which consequently deviate the meaning of a communication 

beyond the literal meaning of the words. [7] and [8] state that cultural 

background is an integral part of the language, and due to such differences, 

gender plays an important role in the interpretation of the meaning of a 

communication. In addition, men use more prepositions than women 

because they try to hierarchically categorize things into their environment 

and women use more pronouns, determinants and interjections than men 

because they are more interested in social relationships. [35] Other studies 

[4], [50] and [51] also emphasize the importance of such differences and claim 



6 
 

analyses that involve both parties of a discourse are generally more salient 

than analyses that focus on only the initiator of a discourse. That is, whether a 

dialog involves male-to-male, female-to-female, or female-to-male discourse 

has a more predictive potential than characterizing the gender of the author of 

a message. Author profiling can be generic (such as, e.g., identification of the 

gender of the author) or very targeted (such as, e.g., identification of the author 

themselves). But no matter what its scope is, one of the crucial tasks that is to 

be tackled is feature engineering: The process of selecting the features that 

describe best the style of an individual author or a group of authors and thus 

help distinguish this author or these authors from others. [36] 

 

This classification can range from long book texts to short daily messages, 

from face to face conversations to electronic discourse. The amount of data 

and the platform where data is generated defines the methods to be used in 

the analysis process. The collected data may be too short to make a good 

prediction, or too long to overfit the prediction models and lead to false positive 

or false negative results either.  

 

One more important aspect to choose better prediction data to find out about 

the author is that the data needs to be more distinctive instead of having a 

more generic structure. Depending on which platform it is harvested from and 

who the participants are, electronic discourse can be useful in different areas. 

Analysis of chat data from a social media platform like facebook, instagram or 

a dating app, discourse data from twitter, e-mail data collected from a customer 

service, comment texts under an advertisement of a product, a news essay 

and a lot more texts on the internet, weather short or long would have unique 

patterns to identify the male and female authors, giving us a map of distribution 

of users, what their interests are and which services they use the most.  

 

Multiple factors can affect the performance of gender attribution, such as the 

sample size of the data, size of the text collections, and message and class 

skew in the dataset. [38] In this study, we present a novel strategy for 

predicting the gender of the author of a message in a digital peer-to-peer text 

messaging platform via facilitating information on both peers of messages. To 
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this end, we adopt a two-step strategy. Instead of predicting the gender of an 

author of a discourse using a classical binary classification approach, we first 

separate each users’ discourse into two categories: conversations with male 

users and female users. Using the two categories of conversations, we attempt 

to predict whether each conversation had occurred between two female users, 

two male users, or a female and a male user for each group. The result of the 

above analysis provides two separate predictions for each user. In the second 

step of the proposed strategy, we apply a novel probabilistic heuristic to 

combine the predictions of each user and deduce gender identification 

decisions for the users. 

 

The contributions of this study is as follows: 

 

● A novel heuristic is proposed for the gender characterization task, 

facilitating distinct conversation characteristics of an author when 

communicating with different genders. 

 

● The communications between same and opposite genders is examined 

using machine learning and a novel conversation categorization 

problem is presented. 

 

● Using the proposed heuristic, performance of the gender 

characterization task is improved against the classical machine learning 

techniques up to 11,7 %. 

 

● The achieved results empirically prove that discourse of an author with 

different genders contain distinct and identifiable markers. 

 

Chapter 2 consists of the literature survey and summary of the related work 

about author characterisation and gender identification. Chapter 3 is the 

motivation part where we explain the purpose of this study. Chapter 4, the 

dataset section gives a brief information about the chat dataset used for this 

research. Chapter 5, framework part is where the data processing, feature 

selection and classification parts are explained in detail. After these steps are 
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completed, the results are summarised and discussed in the experiment 

results in chapter 6 and the study is concluded in chapter 7.  
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                                        CHAPTER 2 

 

RELATED WORK 

 

Authorship characterisation is a field that has been studied for many years and 

there have been a number of related publications in literature. With different 

methods on analysing distinctive words in electronic discourse, different 

studies aim to predict the author’s gender and other characteristics in the most 

efficient way with the available data. This chapter gives a brief survey about 

some examples from previous publications.  

 

Several studies state that, during the discourse men, more than women, 

communicate in order to establish social standing and exchange information, 

while women, more than men, communicate in order to create rapport [7, 9, 

10, 4]. Hence, a number of phrases and expressions which may have been 

used unconsciously are strongly relative with each gender. In [6], the authors 

argue that adopting and maintaining the linguistic style of the opposite gender 

is a rare occurrence due to the strain of having to maintain an artificial persona. 

Linguistic patterns in produced chat data used in this study contains features 

that can be revealed, indicating saliency of each users gender.  

 

Assigning a gender to the electronic discourse author is among the most 

studied topics of authorship characterisation. In a majority of these studies, the 

classification method is the straightforward prediction where each author is 

marked as a male or a female, considering the case as a binary problem. Most 

approaches to gender attribution adopt one or both of the two possible 

representations of an author: (i) a style-based representation [13,18] where 

authors are represented via a set of features extracted from the text, or (ii) a 

word-based representation [17,26] which represents the linguistic preferences 

of the author via term preference during discourse. There are a number of 

features that affect the gender prediction results of the authors. Nevertheless, 

there is a common consensus in the literature: female and male authors have 

significant differences in their writing styles and their linguistic preferences 

[16,24]. 
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Gender prediction problems are widely studied in multiple platforms as 

computer mediated communication is becoming more popular. de Vel et al. 

[23] analysed email discourse in order to identify distinct features between 

authors' styles. Zheng et al. [27] included both English and Chinese news 

posts to be used in gender classification analysis. Kucukyilmaz et al. [5] used 

an online discourse data of peer-to-peer communications in Turkish in order to 

identify genders of the authors. In a study by Otterbacher [14], logistic 

regression is applied with stylometric features to predict gender of movie 

reviewers from Internet Movie Database. Similarly, Teso et al. [22] studied 

linguistic patterns of electronic word-to-month community reviews. Bayesian 

model is used and it was shown that this discourse contains gender specific 

preferences and topics of interest. 

 

Word representations and convolutional neural networks are used to predict 

authors’ genders of texts from newspaper articles by Yildiz [26]. Imbalanced 

data from different social media platforms are used in a study by Lopez-

Santamaria et al. [8] for both gender and age classification. 

 

Usage of twitter data for gender prediction is gaining popularity in recent years. 

Farouk [2], El Sayed and Hussein et al. [3] included Arabic discourse from 

Twitter posts in their study. Sotelo et al. [19] used tweets in Spanish language 

and universal sentence encoders with their analysis. 

 

A study with the data from a MMORPG(Modern Massively Multiplayer Online 

Role Playing Game) was made by a group of researchers. The game provides 

virtual environments to have social interaction between players, choosing 

avatars, sharing or trading items and fighting which help to collect valuable 

information. [11] The authors conducted an exploratory data analysis and 

statistical inference on the data they have from a game called Fairyland Online. 

Chat contents and real user names were not used in the analysis, but 

demographic data such as age, gender, zip code, as well as game-specific 

data like the realm, avatars used, communication and trade activities, friends 

and avatar levels were found to be the useful features in this study.  
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Outcomes of analysis for gender swapping have been made for each age, 

gender and location. Over one third of all players swapped their gender identity 

at least once. The analyses show that gender swapping ratio was more 

prevalent in older players than younger ones. Female users were found to be 

more into gender swapping than males. As the total playing time increased, 

users were more likely to swap their gender in the game. 

 

The effects of players behaviour on gener swapping was evaluated with a 

series of numerical and graphical analysis. A Kolmogorov-Smirnov test has 

been performed and the results show that there is a significant difference of 

game performance between female users choosing female avatars and female 

users choosing male avatars. While there is no difference in terms of game 

performance between male and female avatars apart from the appearance, 

the females choosing male avatars tend to play more aggressively and have a 

higher game performance. Comparing the mean duration of conversation 

between players, it was also observed that more conversation occurs when 

there is at least one female avatar in the dialogue.  

 

Trade volume of items have been evaluated for all different gender 

combinations that show the real gender and the chosen avatar gender: Real-

Male with Avatar-Male, Real-Male with Avatar-Female, Real-Female with 

Avatar-Male, Real-Female with Avatar-Female. The selling prices for a number 

of items are compared with the mean selling prices and it was seen that players 

with female avatars in general sell more than the mean prices, with higher than 

5% net gains, and are better in selling items compared to male avatars. 

Overall, male avatars were more likely to win the fights and achieve levels in 

the game whereas female avatars are better with tasks that require social 

relations. 

 

A similar study which again focuses on gender analysis uses the data on an 

online shopping website, containing user information, their consumption 

preferences and reviews [12]. These customer reviews are analysed; out of a 

large variety of words used, certain words that are highly correlated with the 



12 
 

user's gender are listed with the chi-square statistical test. Out of 127 of the 

keywords that are most discriminating about the gender of the reviewers, 81 

belong to females and 46 belong to males have been chosen to be used as 

features in naive bayes classifier. The authors aimed to determine the gender 

of the reviews with the corresponding model and 10-fold cross validation, and 

conclude that for the gender prediction task on market item reviews the 

accuracy was roughly %65. This study concludes that even though the internet 

provides an environment where users believe their interactions are internalized 

to be anonymous and gender neutral, there are significant differences between 

male and female discourse patterns that can be observed and classified.  

 

The study by Nicholas et. al [13] examines the effect of gender preferences of 

users in a digitized environment. Using the data from a trivia game where the 

participants of 157 undergraduate students(74 male, 83 female), choose an 

avatar with a definite gender, similar or different from their real genders. They 

were asked a group of questions getting both their answers and confidence 

levels. Other participants also were to write comments about these answers in 

the game. 

 

With the real gender, virtual gender, questions, answers, confidence levels and 

the comments data, ANOVA tests were applied to find the difference between 

selected data groups. Firstly, the references to emotions were compared. The 

results showed that women used significantly more references of emotion 

when their true gender and virtual gender are the same. When it was different, 

women were less likely to show emotions than men. Secondly, the phrases of 

apologies such as “I am sorry”, “Forgive me”, “I Was wrong” etc. were observed 

to be significantly higher in females choosing avatars matching their real 

gender. Thirdly, the tentative language, indicating uncertainty “Maybe”, 

“Probably”, “I may be wrong” ect. . . was compared. Women were found to be 

less tentative and more confident when they choose a male avatar whereas 

men were not found to have significant differences if they choose their avatar 

matching their true gender identity or not. Women were more likely to adapt 

linguistically to their virtual gender than men. The gender based language 

differs more in women when they choose avatars with different genders. 
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In computer mediated language, the differences between male and female 

linguistic characteristics were analysed and evaluated with the help of data 

from a turing game. In [6], the authors used a set of in-game questions, and 

examined various attributes of the answers to the questions such as gender 

identity. The participants were to determine a nickname that can resemble 

either a male or a female nickname, then asked a series of questions by the 

observers of the game. They are observed to be using stereotypical language 

when trying to act as the other gender, which is salient in their discourse and 

being assessed by the observers. Communication styles and social roles of 

each gender were seen to be embedded into their daily conversations. Even 

though they tried to change it consciously, their natural identity was 

observable.  

 

Handwriting is another distinct data that can be used in the literature to 

characterise genders. [14] used publicly available data of English, Chinese and 

Arabic handwriting data from Kaggle in order to observe the patterns for 

different genders. Different machine learning methods such as Support Vector 

Machines, K-Nearest Neighbours and Naive Bayes have been used for gender 

attribution tasks and the results showed that gender of an author can be 

predicted with accuracies between %35 and %66, where the variation is 

dependant on the use of different languages, algorithms and selected features. 

 

Using fake profiles, often with changing the gender identity, is used to catch 

the attention of the other users in online conversation environments, which is 

also known as “Catfishing”. [15] studied catfishing behavior on the Web and 

how to detect it in real life situations, using textual and non textual information. 

The study adopts SVM(Support Vector Machine) algorithm as the classification 

technique for the binary catfishing prediction problem. In the study, it has been 

observed that %38 of the profiles are mischaracterizing their age and %25 are 

mischaracterizing their gender. %35 of males are found to be faking their 

gender compared to %60 of women. The study also examines the age groups 

for the catfishing behavior and showed that there is also variation between 

male and female groups in terms of ages where, the average ages for 

catfishing are 38 for males and 34 for females. 
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In [16], the authors compared virtual negotiations for different genders with 

face to face negotiations in terms of their attitude. Although the results are 

inconclusive about the difference in males for both environments, the females 

were found to be more hostile in virtual negotiations. 

 

Criminal investigations is an important area where authorship attribution and 

user behaviour is often examined. [17] uses data provided from the police 

department in Shandong province of China on illegal online gambling, black 

market, hacking and fraud cases. Unsupervised classification methods have 

been used along with a new proposed unique method called SCOLF. With this 

method, accuracies between %75 and %90 have been achieved with different 

datasets. 

 

[18] studied SMS data from a group of Norwegian users from different genders 

and age groups both from demographical point of view and sociolinguistic point 

of view. Different statistical methods have been used including exploratory 

analysis of user profiles and textual analysis in order to give a brief information 

about the gender, age and daily sent messages in order to classify different 

user profiles with their SMS usage. While having mostly similar discourse 

characteristics with face to face communication, SMS is found to have some 

unique forms of discourse. This unique SMS format is more distinctive for 

younger users between different user profiles that use specific terms and 

linguistics, which helped the authors to categorise users with their genders and 

age intervals. Females are found to be more frequent users of SMS 

messaging, especially between ages 16-19. In terms of gender salience, the 

male users are found to be using SMS for mid term plans mostly while, females 

used SMS for short term plans and emotional expressions. 

 

[19] studied on author gender prediction on Enron email dataset with both 

stylometric features and word based features. Two types of neural network 

based methods were used: Balanced Winnow Neural Network and Modified 

Balanced Winnow Neural Network. In both of the methods, word based 

analysis was found to acquire more clear results than stylometric analysis. 

With the experiments conducted on the selected dataset, the Balanced 
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Winnow Neural Network algorithm was able to get an accuracy between %53-

54 for stylometric features and %53-58 for term based features. Modified 

Balanced Winnow Neural Network was able to get accuracies of %88 and %95 

for stylometric and word based features respectively. 

 

[20] worked on Twitter data of 36,238 tweets with n-gram feature 

representation and chi-square, information gain, information gain ratio, relief, 

symmetrical uncertainty and filtered attribute evaluation feature selection 

models with Naive Bayes and Perceptron Classification Techs algorithms. 

Simple linear regression has been used in the study for age prediction with 

texts from blogs, telephone conversations and forum posts. The authors 

constructed a model representation using the bag of words model, including 

the word counts and analysing the correlations of them with authors' ages. The 

evaluations showed that some words have higher correlation for younger 

authors where some are more specific for older authors. 

 

[21] examined gender and age classification using SVM, Decision Tree and 

Naive Bayes algorithms on a group of open domain texts to determine the 

deceptions in online profiles. Instead of trying to predict an exact age of the 

users, the users are divided into age groups. Among all the classifiers, SVM 

was found to be the most accurate, with %82,81 in gender prediction and 

%83,20 in age prediction. 

 

Gender prediction has been studied in a research using a dataset in Russian 

language, by [22]. Multiple algorithms have been used including Logistic 

Regression, Gradient Boosting Classifier, Adaptive Boosting Classifier 

(adaBoosting), ExtraTrees, Random Forest, Support Vector Machine with 

linear kernel (SVMs), ReLU (1 Hidden Layer with 26 neurons) for modelling 

the binary gender prediction problem and an accuracy of %64 was achieved. 

It was again shown that the gender specific patterns existed in different 

languages and can be used for authorship characterisation. 

 

[23] used email texts, analysing style markers, structural characteristics and 

gender-preferential language features, classifying the email authors’ gender 
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with the support vector machine algorithm. The email data consisted of 

approximately 108.000 words in native English. They acquired %86,2 

accuracy omitting the structural features and %90,5 accuracy including 

structural features. 

 

On-device gender prediction for mobile users was another problem that 

attracted attention [24]. The authors used blog posts, mobile text messages, 

web site bookmarks, and search keywords of 32 Android device users, that 

involve males and females using Korean language. Using the support vector 

machine algorithm, the gender prediction accuracy was found to be %75.  

 

Text data from Twitter has been used in gender prediction in another study 

[25]. A number of methods including Bag of Words (Term Frequency - Inverse 

Document Frequency), Semantic Word Embeddings (W2Vec, GloVe) and 

multiple Machine Learning techniques were used and their performances were 

compared. Logistic Regression, Multilayer Perceptron, Support Vector 

Machine, Naive Bayes, Random Forest and XGBoost have been used, with 

Random Forest having the lowest accuracy as %47.7 and XGBoost the 

highest as %54.93.  

 

Text data from another social network called Pinterest has also  been 

examined in the literature [26]. The authors collected unbalanced data where 

the user distribution from the selected group is biased towards specific groups 

such as, females and middle aged people having the majority. Using different 

models, age and gender prediction has been made. Logistic Regression, 

Support Vector Machine, Naive Bayes, Random Forest and K-nearest 

neighbours algorithms have been used for both gender and age prediction. 

Accuracy results for gender prediction varied between %74-77 with K-nearest 

neighbours the lowest and Logistic Regression the highest. Age prediction 

accuracies were between %37-47, Random Forest the lowest and Logistic 

Regression the highest. 

 

Although Arabic language is quite different than western languages, gender 

attribution problem is also examined for such languages. [27] used twitter text 
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data to construct six different neural network models based on different 

architectures. EDGAD dataset containing discourse of 70 male and 70 female 

twitter influencers each having at least 1000 tweets in Egyptian dialect together 

is used along with with PAN Author Profiling dataset that contains 4 different 

Arabic dialects, with 600 authors and 100 tweets per each author(Only 

Egyptian dialect tweets were considered). The study reported accuracies for 

the gender prediction problem and were compared for different number of 

tweets, character lengths and up to %91.37 accuracy was able to be obtained. 
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CHAPTER 3 

 

MOTIVATION 

 

While making this study, our aim was to predict the gender of an author from 

the electronic discourse used. We wanted to make a different approach to the 

problem and try a different methodology to make the predictions. Many similar 

studies in the literature that have been made before, similar methods were 

used. These classical methods propose to predict the authors’ gender with all 

the discourse created by them. They consider that users with different genders 

have unique patterns throughout their texts which is widely accepted. However 

classical methods ignore the fact that each user's textual characteristics are 

affected by who they are talking to, either a male or a female user on the other 

side of the conversation.  

 

In our study, we wanted to discover the dialog based patterns that exist inside 

each user's discourse. Our motivation was to create and use a heuristic that 

would benefit from these dialog based patterns and increase the precision of 

the gender prediction methodology. For this, we proposed a method called 

“Dialog Based Gender Prediction”.  

 

While classical gender prediction methodology only considers the sent texts to 

predict an unknown user gender, dialog based gender prediction adds a new 

dimension to the solution of this problem by classifying the dialogues and 

combining this with the receiving users’ gender identity. Taking the dialogues’ 

characteristics and the receiving users’ information into account, we are able 

to implement another prediction mechanism. We believe it would affect the 

accuracy of the predictions made with classical methodology. The proposed 

heuristic of dialog based gender prediction is applied to a chosen dataset. 

Results are saved and performance of the dialog based methodology is 

evaluated at the end of the experiment. 

 

 

 



19 
 

                                         CHAPTER 4 

 

DATASET 

 

The dataset used in this study is a peer-to-peer text message dataset in 

Turkish language collected from a chat server called Heaven BBS in a one 

month period of time. As shown in figure-1, this dataset contains multiple types 

of users, connections and dialogues, forming a social network. With 1172 

users, their features of age, gender and chat logs with other users tagged, the 

corpus file has 82.605 distinct words. Each message has 6,2 words on 

average.  

 

Figure 1: Illustration of communication patterns between users in an online 

social network. 

 

Two different computers were used throughout the entire process. First one 

uses the operating system Ubuntu 18.04.4 LTS (GNU/Linux 4.15.0-122-

generic x86_64) while the rest of the data processing, organisation and 

machine learning steps have been done on Google Colab, Linux operating 
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system release 4.19.112+, #1 SMP Thu Jul 23 08:00:38 PDT 2020 version, 

Intel(R) Xeon(R) CPU @ 2.30GHz processor, x86_64 architecture, 2300 MHz 

CPU frequency, 12 GB Memory.  

 

The preprocessing of data with the transmission of raw chat text into all integer 

data frame has been done on the first computer with C language and the 

analysis was done on second computer with Python 3.6.9. The data 

processing libraries of Numpy, Pandas, the calculation library of Math, 

statistical functions library of Stats and the machine learning library of Scikit-

Learn have been used through these steps. 

 

The main corpus file consists of the sender, sender's gender and receiver 

tagged, together with the sent messages body for each user. At the 

preprocessing stage, the stop words and punctuation marks have been 

removed and all letters have been converted into lower case, before counting 

the words on each message. All textual data has been mapped to a two 

dimensional dataset in order to make a quantitative analysis. The tagged 

information of user properties are marked as categorical variables but the 

number of occurrences for different words on each text body are mapped as 

numeric values to the rest of the data frame as features. 

 

Term-based classification has been made in this research. Term frequency is 

the number of times a particular word appeared in a document while document 

frequency is the count of documents containing that word. Term frequency 

may be considered as relatively more important, since document frequency is 

based on binary value of a term presence or absence in a document and it 

ignores the actual contribution of a word within a document. [10]  
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Figure 2: A sample of the corpus format for the first dataset with each user 

nickname, gender information, receiver and the sent text body. (Nicknames 

and messages are just examples and do not belong to real users.)   

 

Two different datasets were extracted from this main corpus. First dataset 

consists of the values derived from each user.(Figure 2) The number of word 

occurrences in all these outgoing texts have been calculated for 1172 different 

users, where users having discourse with less than two distinct words have 

been omitted and reduced to a dataset of 1121 instances. A total of 82.605 

distinct words have been used throughout all the conversations. Out of 1121 

users on each row, 891 are tagged as male and 230 as female. 
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Figure 3: A sample of the corpus format for the second dataset with each 

user pair, gender match information and the sent text body. (Nicknames and 

messages are just examples and do not belong to real users.)   

 

Second dataset has a different format. It has been assumed that users show 

different patterns of discourse according to which gender they are talking with. 

The receiver’s gender affects the sender’s discourse. For example male users’ 

texting may show a different selection of words when negotiating with a male 

or a female on the opposite side of the conversation. The outgoing messages 

have been grouped with which gender it has been written to. As a result, all 

texts have been instanced as matched conversations with male-male, male-

female, female-male and female-female cases. (Figure-3) Instead of two 

classes as m or f, this time there are three classes with mm, mf and ff as 

outcomes(fm texts are counted as mf). 

 

As the instances have been extended with their matched receivers, the 

number of rows have increased, therefore there are 1821 instances as 

matched conversations instead of individual users. Again the same word count 

methodology has been used and the same number of distinct words have been 
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used as features. The previous raw text data has been reformatted as matched 

instances and converted into an all integer data frame with 1821 rows. The 

number of matched pairs are 811 male-male, 879 male-female and 131 

female-female encounters, having a more skew distribution than the first 

dataset, due to the lack of female-female discourse. 
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                                              CHAPTER 5 

 

FRAMEWORK 

 

Classical gender prediction methods have been widely applied in literature as 

in [15, 21, 22, 23, 24, 25]. They help the analysers to make gender predictions 

up to some accuracy. Even if this can be helpful, there still is a way for 

improvement.  

 

In classical gender prediction method, all the written and sent texts of a single 

author are concatenated and used as a single bundle of words and styles 

assigned to the corresponding author. The sending user’s gender is tried to be 

predicted using this text stack, disregarding different patterns that change with 

the receiving user.  

 

As people use online discourse, not only the sender defines the discourse 

characteristics, but also it is important who is there on the other side of the 

conversation; therefore there are other patterns to be classified inside all the 

sent messages of a user. All messages are dialectical and two sided; they can 

never said to be dependent only to one side of the communication. All 

dialogues are two sided and the discourse is affected not only by the sender, 

but also the receiver. It can easily be said that online discourse data between 

two users contain two different patterns: One is the author specific pattern and 

the other is dialog specific pattern. If the dialog specific patterns also are 

included in the analysis in combination with the author specific patterns, it 

would contribute to the overall decision of the user gender.  

 

Dialog based prediction not only increases the overall accuracy of the whole 

dataset, it also increases the confidence level of a single prediction. Usage of 

the dialog based model ensures that the correctness of the prediction made 

by one of the classical methods is confirmed by a dialog based model, from a 

different point of view.  
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The classical approach to authorship categorization tasks, including gender 

categorization/prediction, involves a multiple step framework: Preprocessing 

the data to make it suitable for the analysis, selection of the experiment dataset 

to analyse the desired samples from the main data, determining a train-test 

selection from the chosen samples for the experiment, feature selection, train 

the model with the selected data, input the test data to the trained model and 

acquire the prediction results as output(Figure-4). 

 

 

 

Figure 4: Prediction steps for both classical gender(Section 5.3) and gender 

match (First part of section 5.4) predictions. 

 

In this study we adopt a completely different approach. We try to explore that 

dialogs between users are more salient than the discourse of a person, which 

changes with the recipient. Together with predicting the characteristic of an 

author, we propose to predict the characteristic of the peer and use the derived 

deductions in order to infer the author characteristics in a deterministic fashion, 

using a decision heuristic. We would also like to point out that, the proposed 



26 
 

technique is not dependent on the linguistic properties and, replicated using 

other languages. Literature suggest that, approaches that use a set of 

discriminant attributes in a language can be transferred to other languages 

without many adaptations. [44]   

 

Classical gender prediction has two main problems. Firstly, it takes all the sent 

discourse from a user and considers it as a whole to make an analysis. 

However, as the literature suggests, discourse of a person changes with 

different receivers. Classical gender prediction method fails to address that 

phenomena. Secondly, the classical method tries to classify human discourse 

which is a challenging and chaotic problem. The data may be unpredictable 

and noisy which makes it difficult to detect specific patterns and make 

predictions with classical methods. 

 

Instead of direct prediction of a single user, our proposed approach uses the 

two sided property of electronic discourse. The dialog is modeled as a three 

class prediction: Male-male, male-female or female-female discourse. This 

prediction of the dialog is then used to decide about each user's genders.  

 

Dialog based prediction has two main advantages. Firstly, it also considers the 

effect of the receiver side, not only the sender. Secondly, for every user, two 

different predictions are made. This has the potential to eliminate the effect of 

the noise and increase the confidence level of the final decision. These make 

dialog based prediction superior to classical prediction methods. 

 

In order to apply the dialog based prediction method, we need to have the 

discourse between the peers, together with the gender information of the 

receiving user or users that the discourse is used between. The discourse is 

then divided into two different categories; discourse with male receivers and 

female receivers.  

 

Type of discourse made with these two categories of users are predicted with 

machine learning algorithms as a male-male, male-female or female-female 

discourse. These predictions are helpful for us to get an idea about the 
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unknown user’s gender. Dialog based prediction method combines these 

predictions and the gender information of the receiving users. 

 

 

Figure 5: A closer look into how gender predictions are made using different 

types of discourse 

 

As seen in figure-5, user-1 and user-5 have unknown gender identity at first 

stage. If we only use the classical prediction methods to make the final decision 

about their gender, we would be using the discourse sent, not the receivers 

which would lead to non used and wasted information. Indeed, we have the 

change to benefit from the receiver information too and help us to predict the 

unknown user genders. Looking into their discourse data and classifying the 

texts as one of three predefined discourse types(male-male, male-female or 

female-female), the final decision about the unknown authors gender is made 

with the proposed dialog based prediction methodology. As an example, user-

1 has an online discourse-1 classified as a male-male conversation where 

user-2 on the other side of the dialog is known to be male, we can have an 
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indication that user-1 can be predicted as a male. Looking at the other 

dialogues of the corresponding user, discourse-3 is classified as a male-

female with a user known to be a female is on the other side, ensuring our 

prediction of user-1 as a male one more time. Similarly, when we look at user-

5, again having an unknown gender information, judging by discourse-4 and 

discourse-5 having been predicted as male-female and female-female 

discourse with male user-3 and female user-6 respectively, user-5 would be 

predicted as a female. Different scenarios and combinations occur with 

different predictions that are to be explained in section 5.4.  

 

First and second datasets described in section 4 that contain gender and 

gender-match labels were selected. They were divided into train and test data. 

Feature selection has been made before the train session with the methods 

described in section 5.3 and 4.4. After the feature selection and training steps 

were completed creating a trained model, the test data was entered. The 

results are saved and accuracy is measured for different algorithms and data 

selections. In methodologies on section 5.3 and 5.4 where gender(male or 

female) and gender match(male-male, male-female and female-female) are 

predicted, the flowcharts on figures-11 and 12 are applied.  

 

For the classical gender prediction framework, a binary classification model is 

generated using machine learning techniques using the train data, and the 

generated model is used to fit a gender prediction to each of the users. For the 

Dialog-based gender prediction framework, each user is represented as two 

separate instances in the training data; an instance representing the discourse 

of the user with female users, and an instance representing the discourse of 

the user with male users. Next, a three-class classification model is generated 

using various machine learning techniques, and the generated model is used 

to fit a dialog-class to each of the instances in the testing data. Lastly, the 

performed predictions are presented to the proposed heuristic in order to infer 

a gender prediction for each user. The proposed heuristic and its prediction 

mechanism will be discussed in section 5.4 with details.  
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5.1. Feature Selection 

 

For this research, different feature selection methods are used and the best is 

chosen before the prediction stage. Firstly, all the features were selected for 

prediction. Out of all the distinct words as features, it was computationally 

inefficient to use all of them for predicting the gender but after some time, the 

results could be achieved. The second method for feature selection was 

choosing random 4000 words out of all. Third one was using the related feature 

selection methods of each prediction algorithm in the scikit-learn library. Fourth 

one is the chi-square with confidence levels of 0.99, 0,50 and 0,05. Fifth is the 

information gain feature selection method. Last feature selection method tried 

to get the most accurate result is choosing the most frequently used 4000 

words.  

 

Among all these feature methods, information gain was found to be the most 

accurate. Information gain is a measure of the relation of features to the 

predicted variable used for feature selection before running the prediction 

algorithms. It uses mutual information value that lies between 0 and 1 which is 

the inverse of the value entropy. Features with mutual information value of 

more than a threshold value are selected.  

 

The feature selection is performed over the training data in order to establish 

the attributes that will be used in the experiments, and features in the testing 

set is reduced by eliminating any attributes that are not selected by the feature 

selection technique.  

 

5.2. Machine Learning Methods Used 

 

Logistic regression refers to a prediction function that models the probability of 

a binary situation whether one out of two results are possible. For example, 

you may want to enter the humidity level, sunlight intensity, wind and predict if 

that day will be sunny or cloudy.  



30 
 

 

 

Figure 6: An example graph of the sigmoid function used in logistic 

regression 

  

Naive Bayes algorithm is based on probabilistic measurements of the 

outcomes and uses the Bayes Theorem. 

 

 

Formula 1: Naive Bayes main formula 

 

With this theorem, we can compute the probability of Event A, given that Event 

B has occurred. This theorem assumes that Events A and B are independent, 

that’s why it is called as “Naive Bayes” 

 

When there are multiple features to be used: 

 

  

Formula 2: Naive Bayes joint features formula 
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Random forest is an ensemble machine learning algorithm made up of multiple 

decision trees. Each decision tree is a logical block that decides which branch 

to choose depending on the condition like “If... else...” statements. These trees 

come together as different subsets and branches, forming the complete 

random forest model.  

 

 

Figure 7: An example graph of a random forest implementation 

 

XGBoost is an implementation of gradient boosting. Similar to random forest, 

it is an ensemble method that combines a number of weaker learner blocks 

such as decision trees. It also has its own regularisation method to simplify 

complex models. With the block structure of the algorithm and cache 

awareness, XGBoost can use the hardware more efficiently, enabling it to use 

multiple CPU cores and fast memory, creating highly accurate models in short 

times.  
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Figure 8: An example graph of a XGBoost implementation. 

 

Support vector machine(SVM) is another supervised learning algorithm that is 

known to be effective with text data and also used in many other classification 

problems. SVM constructs a decision boundary called hyperplane between 

different sets of data points, forming classes in a vector space.  

 

 

Figure 9: Example of a SVM with vector space, data points and hyperplane. 
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K-nearest neighbours(KNN) is one of the simplest and fastest supervised 

prediction algorithms. Calculating the distance of the input data point to be 

predicted with the k number of closest data points labeled previously, the 

algorithm decides whether it belongs to a class or another. 

 

 

Figure 10: Example of a KNN with predictor data point and nearest k points 

with their classification 

 

5.3. Classical Gender Prediction 

 

This method consists of each user’s gender prediction from the outgoing 

messages regardless of the receivers. Figure-11 summarises the flow of data 

from its raw form to classical prediction results in three steps. Before applying 

prediction algorithms, equal number of instances representing each gender 

was selected from the users with the largest vocabulary to pick up a balanced 

dataset. The gender is selected as the target variable where the word count 

columns are selected as predictors.  
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Figure 11: Data flow diagram for classical gender prediction 

 

Before the prediction algorithms were run, the previously shuffled data of users 

were split into a train-test set with a 10-fold shuffled cross validation. Feature 

selection has been made at this step with information gain, to the train data. 

After this step, the selected model is trained with the selected features and the 

target gender data. The splitted test data is then inputted to the trained model 

and results were obtained. This process is repeated 10 times for each iteration 

for each data fold and train-test selection and the entire experimental data is 

covered. The experiments have been conducted in logistic regression, naive 

bayes, random forest, XGBoost, support vector machine(SVM) and K-nearest 

neighbours(KNN) algorithms. All the users were sorted by their word counts 

and selections of all %100, first %75, first %50 and first %25 users and their 

prediction accuracy calculations were made. Straightforward prediction of 

each user’s own gender with some of the well known machine learning 

algorithms can be summarised as above. These results may vary with the 

given data, chosen features and algorithms. 

 

5.4. Dialog Based Gender Prediction 

 

In addition to the prediction with classical machine learning algorithms, another 

method called “Dialog Based Gender Prediction” is going to be used at this 

stage. It is implemented to use the properties of duality and dependency of the 

gender matches to improve predictions. This method uses the results from the 

previous steps. After obtaining the classical prediction results from section 5.3 

and their match predictions, the second step of this method organises this 

outcome data for each user and places their matches for different users with 

respect to both peers’ gender. As figure-12 shows, the dialog based prediction 

method is fed by data from both classical gender prediction and gender match 
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prediction results. Some values may be missing as the related user may not 

have discourse data with the corresponding gender.  

 

 

 

Figure 12: Data flow diagram for dialog based gender prediction 

 

First part of the dialog based prediction uses the gender match dataset 

explained in the dataset section. Out of all the matches, ones that belong to 

the chosen users in classical prediction are selected. Different numbers of 

male-male, male-female and female-female dialogues have been selected, 

with the message texts belonging to the users chosen in classical prediction. 

They were completed to an equal number of all the classes with other matches, 

creating a more balanced dataset. In case a sufficient number of a class is not 

present in the dataset, it is completed with the closest number of instances. 

Same algorithms with the case in classical gender prediction have been 

applied and the feature selection method has been selected as information 

gain-mutual information value of higher than a selected threshold. These 

methods are the same as the methods in classical gender prediction. Same 
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steps were applied with kfold-10 selection to get predictions for gender 

matches of all selected users.  

 

In order to predict the gender out of this gender match dataset, the dialog 

based prediction methodology is as follows in figure-13:  

 

 

Figure 13: Decision chart for dialog based gender prediction 

 

For each user, there are two cases where the user may talk with males or 

females. The prediction may have three possible match outcomes for each of 

these two, making 9 combinations in total. (Seen on table-1) 
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Table 1: Possible outcomes of dialog based gender prediction strategy 

Category of 
User's 

dialogs with 
males 

Outcome 
(using 

dialogs with 
males) 

Category of 
User's 

dialogs with 
females 

Outcome 
(using 

dialogs with 
females) 

Prediction 

mm male mm inconsistent Male  

mm male mf male Male  

mm male ff female Via Binary 
Classification 

mf female mm inconsistent Female  

mf female mf  male Via Binary 
Classification 

mf female ff female Female  

ff inconsistent mm inconsistent (Undecidable) 
Via Binary 

Classification 

ff inconsistent mf male Male  

ff inconsistent ff female Female  

 

This method suggests the prediction of the users’ gender from the matched 

pair outcomes in both cases where the users’ conversations are known to be 

with males or females. For the first case where the user is known to have 

spoken with male receivers, there are 3 possible outcomes where the 

conversation is predicted as male-male, male-female, female-female. The first 

outcome suggests a male-male conversation where the receiver is male, 

meaning that the sending user can also be predicted as male. Second 

outcome shows a male-female prediction so the sender is marked as female. 

Third outcome where the match prediction is female-female in the case when 

the receiver side is known to be a male, the result can be categorised as 

inconsistent. Similarly, in the second group where the receiver side is known 

to be a female, the same 3 possible outcomes can occur. A female-female 

match indicates a female sender, a male-female match meaning a male 

sender and a male-male match again showing an inconsistent situation.  
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The results from these two different groups help us add two predictions 

together, balancing the predicted classes and concluding a resultant prediction 

for the consisting user. There are 9 possible combinations of two groups. For 

example when two predictions with both male receivers and female receivers 

are the same the user can strongly be considered as male or female.  

 

When one of the predictions shows a gender and the other shows 

inconsistency, the shown gender can be identified as the result. In the case 

where predictions from two groups show genders different from each other, 

the final prediction is marked as unknown. At the time when both groups show 

results as inconsistent, the final result would be undecidable meaning that 

there is no sufficient data or the prediction method is inaccurate for this user. 

For these two scenarios, the results from classical gender prediction (Via 

binary model) can be taken for decision.  
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Table 2: Dialog based prediction strategy application example with classical 

gender prediction results and actual genders of the users 

Instance 
1 talks with 

males 
2 talks with 

females 
1 predicts 

as 
2 predicts 

as 

Dialog 
based 

prediction 

Classical 
gender 

prediction 
Actual 
gender 

User 1 ff ff inconsistent female female female male 

User 2 ff - inconsistent - - female female 

User 3 mm ff male female 
via binary 

classification male male 

User 4 mm mf male male male female male 

User 5 ff ff inconsistent female female male male 

User 6 ff ff inconsistent female female male male 

User 7 ff mf inconsistent male male female male 

User 8 mm - male - - female male 

User 9 ff - inconsistent - - female male 

User 10 mf - female - - female male 

User 11 mm mf male male male male male 

User 12 mf mf female male 
via binary 

classification male male 

User 13 mm mf male male male male male 

User 14 ff - inconsistent - - female male 

User 15 mm ff male female 
via binary 

classification male male 

User 16 mm mf male male male male male 

User 17 ff ff inconsistent female female female male 

User 18 ff ff inconsistent female female female male 

User 19 mf - female - - female female 

User 20 ff mf inconsistent male male female male 

        

 

In table-2, an example of the classical prediction results and actual genders 

are added for comparison. The first user is predicted as a female in both 

classical and dialog based prediction but the actual gender is male, which 

means both predictions are mistaken. Second user has a missing discourse 

so dialog based prediction could not be applied and result of classical 

prediction is taken into consideration. Third user has different predictions for 

male and female receivers so the final decision is done by classical gender 

prediction result again. Fourth user has both male and female receivers 
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discourse predict the user as a male, indicating a stronger confidence of 

prediction in dialog based prediction. The result of classical gender prediction 

is marked as a female, which is the opposite of the dialog based gender 

prediction result but the actual gender is male, meaning the dialog based 

prediction is more accurate with this prediction. Different combinations and 

results can be seen in other users. At the end of the experiment, all results for 

different algorithms are listed in the same format, their accuracies are 

calculated and compared. 
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                                   CHAPTER 6 

 

EXPERIMENT RESULTS 

 

Experiments have been conducted with the gender prediction framework using 

the datasets explained in the dataset section as both stages of classical and 

dialog based predictions.  

 

Before applying prediction algorithms, equal numbers of each gender were 

selected from all 1121 users with the highest number of word variety to pick 

up a balanced dataset with 100 males and 100 females. Out of all 1821 gender 

matches, ones that belong to the chosen 200 users are selected. 193(male-

male), 193(male-female) and 131(female-female) numbers of instances have 

been selected from three classes, with the message texts belonging to the 

users chosen in the first experiment. (Due to the lack of female to female 

discourse, all ff matches have been selected). The feature selection method 

which had been selected as information gain is used with mutual information 

value of higher than 0,1. Kfold-10 train-test selection is made to get predictions 

for all selected 200 users and their matches. These results were used in dialog 

based prediction strategy. 

 

Table 3: Subsets of the chat dataset 

Dataset Tag Description 

Chat200 100 male and 100 female users 

Chat150 75 male and 75 female users 

Chat100 50 male and 50 female users 

Chat50 25 male and 25 female users 

 

In order to make a comparison, both the results of classical gender prediction 

and dialog based gender prediction for all 200 users were listed, together with 
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the actual genders. Different subsets were analysed (Chat200, Chat150, 

Chat100, Chat50) from the prediction results.(Table-3)  

 

Tree based models showed the highest accuracy results for detecting 

distinctive gender patterns in electronic discourse. Having a prediction result 

of %85, random forest has been the best to predict authors gender, followed 

by XGBoost and logistic regression when all 200 sample users have been 

selected and classical prediction method is used. Looking at the other subsets, 

similar results could be seen as again, random forest and XGBoost are the 

most accurate. All classical prediction results for the experiment vary between 

0,64 and 0,85 depending on the selection of the dataset and the 

algorithm.(Table-4) 

 

Table 4: Comparison of the accuracies for classical and dialog based 

gender prediction 

 Logistic Naive Random XGBoost SVM KNN 

Chat200 

Classical 0,83 0,815 0,85 0,83 0,825 0,785 

Dialog based 0,84 0,835 0,9 0,88 0,825 0,85 

Chat150 

Classical 0,773 0,753 0,8 0,78 0,766 0,713 

Dialog based 0,8 0,793 0,873 0,853 0,786 0,813 

Chat100 

Classical 0,75 0,7 0,8 0,77 0,76 0,77 

Dialog based 0,77 0,74 0,87 0,83 0,78 0,84 

Chat50 

Classical 0,76 0,64 0,82 0,74 0,78 0,78 

Dialog based 0,8 0,7 0,84 0,76 0,72 0,82 

 

Looking at the results of the dialog based gender prediction method, in the 

majority of experiments, the accuracies have been increased compared to the 

classical prediction method. The prediction accuracy with classical random 

forest algorithm has increased from %85 to %90, again having the highest 

result. In K-Nearest Neighbors algorithm, with 150 users selected, the result 

increased from %71,3 to %81,3 making the highest improvement with %10. It 

was observed that in all applications of dialog based gender prediction after 

the classical, the predictions became more accurate only except some dataset 
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selections in SVM algorithm. It should not be forgotten that the experiment has 

been conducted in real data where also, the users may mark themselves as 

other gender or some distinctive words that are assumed to be unique for each 

gender might have been used by the other gender and similar unexpected data 

might have been created due to unpredictability of human discourse. 

 

A series of statistical tests have also been applied to the results in order to 

compare the similarities and differences of distributions of each prediction sets. 

Firstly, 200 random results for male-female predictions are generated as 0 or 

1. Similarly, the prediction results are marked as 0 or 1 for all the algorithms in 

both classical and dialog based prediction results. 

 

Wilcoxon Test is a non parametric statistical test that determines how much 

difference two selected groups have. It is based on difference of values and 

returns a p-value to determine if the selected hypothesis can be rejected or 

not. In our experiments, a two sided Wilcoxon test is used. 

 

Table 5: Wilcoxon statistical test results of random values vs dialog based 

and dialog based vs classical predictions 

 Logistic Naive Random F XGBoost SVM KNN 

Chat

200 

Random 
vs PP 4.3708e-13 1.5619e-13 2.9759e-17 1.0844e-16 6.5980e-13 6.4627e-14 

PP vs 
CL 0.4327 0.2008 0.0105 0.0072 0.1 0.0136 

Chat

150 

Random 
vs PP 7.5130e-08 3.6712e-08 1.9703e-11 4.6480e-11 8.5015e-08 1.4560e-08 

PP vs 
CL 0.3710 0.1336 0.0076 0.0045 0.4912 0.0070 

Chat

100 

Random 
vs PP 6.7920e-05 0.0003 8.4586e-08 5.7330e-07 3.1789e-05 9.6335e-07 

PP vs 
CL 0.5929 0.2059 0.0348 0.0338 0.5929 0.0895 

Chat

50 

Random 
vs PP 0.0002 0.0093 8.7699e-05 0.0006 0.0042 0.0004 

PP vs 
CL 0.5270 0.1797 0.5637 0.5637 0.1797 0.4142 

 

The pairs to be compared with the Wilcoxon test are random results vs dialog 

based results and dialog based vs classical results. This has been repeated 
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for all the algorithms and same datasets chosen in table-4 for accuracy results. 

The values in table-5 show that for all the random vs dialog based tests, p-

values are much less than 0.01, most of them almost close to 0. It can be said 

that the results for dialog based prediction are significantly different from a 

randomly generated distribution. Most of the dialog based vs classical gender 

prediction statistical comparison results are observed to be above a p-value of 

0.01, even above 0.5 which shows the distributions for both classical and 

dialog based prediction results can not be interpreted as having a significant 

difference and are considerably similar to each other than a random 

distribution, but still with some difference in between. This confirms dialog 

based prediction results created a new distribution additive to the classical 

prediction results. As the improvement in accuracies increase, the p-values 

decrease, indicating that the distributions become more different to each other 

and vice versa. 

 

Table 6: Accuracy differences for selected subsets in KNN results 

 Classical Dialog based 
Increase 

rate 

All values included 0,785 0.85 +0,065 

Missing values removed 0,774 0,849 +0,075 

Unknown, undecided and missing values 
removed 0,788 0,898 +0,11 

Only strongly predicted results 0,831 0,948 +0,117 

 

Another analysis has been made by grouping KNN algorithm results. As 

explained before, there are multiple types of outcomes according to the dialog 

based prediction strategy. When all 200 values are included, the increase in 

accuracy rate of classical gender prediction to dialog based gender prediction 

has the least value. As the missing, unknown and undecided values are 

removed on each step, the increase rate gets higher. When only the strongly 

male or strongly female predictions are taken, the highest increase of accuracy 

was observed with 0,117 meaning a %11,7 increase. Strongly predicted values 

are observed to increase the accuracy value more. 
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                             CHAPTER 7 

 

CONCLUSION AND FUTURE WORK 

 

These experiments conclude that different genders show distinctive 

characteristics of electronic discourse, which can be classified with different 

methods. It can also be said that the dialog based communication 

characteristics are different than a one sided discourse and show different 

patterns depending on which gender is present on the opposite side of the 

conversation. The proposed heuristic for increasing accuracy of gender 

prediction in two sided communications is proven to be effective with the 

chosen data. As shown in the experiments, dialog based gender prediction 

method is an enhancing method for gender prediction methods made with 

classical machine learning algorithms. With the help of dual and dependent 

structure of gender outcomes for both gender prediction(m,f) and gender 

match prediction(mm, mf, ff), the dialog prediction method was able to be 

applied to this corpus. With the data used for this research, the accuracy 

values for gender prediction were able to be increased between %1 and 

%11,7.  

 

In our experiments, we included two sided dialogues but the study can be 

extended to more dimensional data where dependency between users or other 

categories and variables exist. Further research and analysis can be done with 

this data or other datasets in different languages. Prediction of age, 

educational background, profession, country, native language, consumption 

habits, psychological background, voting behaviour and other attributes can 

be done using authorship characterisation techniques. Both classical or new 

methods can be used and compared, to find new methodologies for better 

accuracy. Every author has unique discourse patterns to be discovered and 

classified. As more research is done with electronic discourse, more problems 

in different fields would be solved, leading to better decision making and 

enlightening new paths for new studies.  
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