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Abstract

USING HOMOPHILY TO ANALYZE AND DEVELOP LINK PREDICTION MODELS

WITH DEEP LEARNING FRAMEWORK

Twitter is a prominent social networking platform where users’ short messages or “tweets”

are often used for analysis. However, there has not been much attention paid to mining the

medical professions, such as detecting users’ occupations from their biographical content.

Mining such information can be useful to build recommender systems for cost-effective ad-

vertisements. Conventional classifiers can be used to predict medical occupations, but they

tend to perform poorly as there are a variety of occupations. As a result, the main focus

of the research is to use various deep learning techniques to examine the textual properties

of Twitter users’ biographic contents, network properties, and the impact of homophily of

Twitter users employed in medical professional fields. In Chapter 2, a survey is presented

based on the concept of homophily as well as important social network topics that sum-

marize the state of art methods that has been proposed in the past years to identify and

measure the effect of homophily in multiple types of social networks. This enables us to

find open challenges and directions for future research. In Chapter 3, a model has been

developed to identify Twitter users working in medical professional fields by using textual

properties of the Twitter Users’ bio contents. We have conducted our analysis by annotating

the content of Twitter users’ bios and propose a method of combining word embedding with

state-of-art neural network models. Finally, in Chapter 4, the research introduces a link

prediction model based on the homophily concept by using the Twitter users’ followers and

following IDs identified from Chapter 3. Recent research has centered on analyzing rapidly
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evolving networks. While predicting links in dynamic networks is difficult, deep learning

techniques and network representation learning algorithms, such as Node2vec, have demon-

strated significant improvements in prediction accuracy. However, Node2vec’s Stochastic

Gradient Descent (SGD) approach is prone to falling into a local optimum, and as a conse-

quence, Node2vec fails to capture the network’s global structure. To address this problem,

we propose NODDLE (integration of NOde2vec anD Deep Learning mEthod), a deep learn-

ing system in which we combine Node2vec’s features and feed them into a four-layer hidden

neural network. integration of NOde2vec anD Deep Learning mEthod (NODDLE) takes ad-

vantage of adaptive learning optimizers for improving the performance of link prediction. On

different social network datasets, experimental findings show that our approach outperforms

conventional methods.
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Chapter 1

Introduction

The main focus of this thesis is to analyze the textual properties of Twitter users’ biographic

contents, network properties, and the effect of homophily in medical professional fields by

using various deep learning techniques. In Chapter 2, the thesis provides a background on the

concept of homophily related to social networks. It also acts as a resource for researchers to

gain an understanding of the state-of-the-art models for analyzing the impact of homophily

on social networks.

In Chapter 3, this thesis presents a model to identify Twitter users working in medical

professions based on the textual properties of the Twitter users’ bio contents. Twitter is a

popular social networking site, and user’s post or ‘tweets’ have been used extensively for

research purposes. However, not much research has been done in mining the medical profes-

sions, such as determining the occupations of users from their biographical contents. Mining

such information can be useful for building efficient recommender systems for cost-effective

advertisements. For example it is more effective to advertise the journals of the latest medical

articles to a network of doctors than to users who are working in IT sectors. Moreover, it is

highly important to develop effective methods to identify the occupation of users since con-
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ventional classification methods rely on features developed by human intelligence. Although

the result may be favorable for the classification problem, it is still extremely challenging

for traditional classifiers to predict medical occupations accurately since it involves predict-

ing multiple occupations. Hence this study emphasizes on predicting medical occupational

class of users through their public biographical (“Bio”) content. Our analysis is conducted

by annotating the bio content of Twitter users. A method is proposed that combines word

embedding with state-of-art neural network models that include: Long Short Term Memory

(LSTM), Bidirectional LSTM, Gated Recurrent Unit, Bidirectional Encoder Representations

from Transformers, and ALBERT. It is observed that by composing the word embedding

with the neural network models there is no need to construct any particular attribute or

feature. By using word embedding, the bio contents are formatted as dense vectors which

are fed as input into the neural network models as a sequence of vectors. The scores shows

that our proposed approach has outperformed the traditional machine learning techniques

for detecting medical occupations among Twitter users. ALBERT performs the best among

the deep learning networks with an F1 score of 0.90. Overall, this chapter presents a novel

method for detecting the occupations of Twitter users engaged in the medical domain by

merging word embedding with state-of-art neural networks. The outcomes of our approach

demonstrates that our method can further advance the process of analyzing corpora of social

media without going through the trouble of developing computationally expensive features.

Immediately following Chapter 4, this thesis will present an extension of this work that is

currently submitted in a journal.

Chapter 4 presents a link prediction model trained on the follower and following IDs

of Twitter users identified in the previous Chapter. The model is based on the homophily

concept, that nodes that are highly connected in a network graph belong to similar commu-

nities or clusters that are embedding very closely to each other. Link prediction is mainly a
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task of computing the probability of whether an edge exists in a particular network. Tradi-

tional methods calculate the similarity between two given nodes in a static network. Recent

research has focused on evaluating networks that evolve dynamically. Although predicting

links in dynamic networks is a challenging task, deep learning techniques and network rep-

resentation learning algorithm, such as Node2vec, have shown remarkable improvements in

predicting links. However, the Stochastic Gradient Descent (SGD) method of Node2vec is

vulnerable to fall into local optimum and as a result Node2vec fails to capture the global

structure of the network. To tackle this problem, we propose integration of NOde2vec anD

Deep Learning mEthod (NODDLE) (integration of NOde2vec anD Deep Learning mEthod),

a deep learning framework in which we merge the features extracted by Node2vec and feed-

ing them into a four layer hidden neural network. NODDLE takes advantage of adaptive

learning optimizers such as Adam, Adamax, Adadelta and Adagrad for improving the per-

formance of link prediction. Experimental results show that our method yields better results

than the traditional methods on various social network datasets.
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Chapter 2

Background

All of this chapter has been submitted as the following peer-reviewed journal article:
• Khanam, K.Z., Srivastava, G., & Mago, V. (2020). The Homophily Principle in

Social Network Analysis: A Survey.

Over the course of my degree, I studied and surveyed the effects of homophily in social
networks, as well as summarized the state-of-the-art methods for identifying and mea-
suring certain effects in a variety of social networks that have been proposed in recent
years. Finally, this study has been wrapped up with a critical discussion of open issues
and future research directions.
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2.1 Introduction

Homophily is a well-established phenomenon that has been observed to occur frequently

in social networks, where users with similar contexts have a nature of connecting with one

another constantly, and this principle is also a meticulously thought-out field in the domain of

social sciences [117, 141, 209, 68, 70]. Homophily is a social concept where people’s personal

networks tend to be more homogeneous than heterogeneous such that the communication

between similar people occurs more frequently than with dissimilar people [122]. The main

driving forces for initiating these networks are social influence and homophily. In other

words, the importance of establishing connections between people does not rely upon ‘what

you know’ but ‘who you know.’ In order to study this phenomenon, various studies have

been conducted by sociologists on multiple socio-demographic dimensions of race, age, social

class, culture, and ethnicity. For example, friends, colleagues, spouses, and other associates

are inclined to mixing with each other who are similar to them than with randomly selected

members of the same population [122, 192].

Studies in homophily usually have been conducted by surveying a group of human sub-

jects which in most cases belonged in a specific geographical location [31, 189, 6, 55]. For

example, one study showed that American high school students have a tendency to make

friends with other students that belong to the same race and gender [130]. Initially, ho-

mophily was classified into two categories - status homophily and value homophily [103, 96,

183]. Status homophily mainly focused on the social position of the individuals inferring that

individuals belonging to similar social conditions are inclined to mixing with one another.

Value homophily in contrast is based upon the similarity of thoughts of individuals leading

to the belief that individuals with homogeneous thoughts are inclined to connect with others

even though differences may lie in their social positions [47, 134, 51]. Although, researchers
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have successfully conducted experiments with human beings, the results were often based

upon real-world scenarios of only small groups [177]. In order to fill the gap in the anal-

ysis, social media platforms come in handy as social networking sites such as Twitter and

Facebook have become extremely widespread, with over 126 million daily Twitter users [148,

86] and Facebook having approximately 1.2 billion daily users [56, 180]. Reactive interfaces

like those available through social networks provide users with the opportunity to be more

open about their opinions, perspectives, thoughts, likes and dislikes [111, 90]. As a result,

social media platforms are becoming more and more popular among users [15, 132]. These

platforms are known to help users feel more involved. Users feel that they are able to partici-

pate in things that are happening around the world. Furthermore, such platforms help users

in raising their voice against unjust acts or issues [59]. Therefore, both status and value

homophily have been analyzed recently in social networks in order to evaluate whether these

types of homophily phenomenon exists in these types of networks. Moreover, if homophily

exists, whether it increases or decreases in digital environments has been studied [135, 186,

16].

The effect of homophily has been vastly studied in different types of social media data.

From textual data (Twitter tweets) to follower lists of online social accounts [141]. However,

no detailed survey has been conducted to date based on the works of social media networks

related to the homophily principle. Therefore, the main aim of this chapter is to focus on

providing a thorough review of the related works conducted on social media networks based

on the homophily principle.

The rest of the chapter is organized as follows. Section 2.2 presents the methodology that

has been used to extract high quality articles in order to conduct the survey. Section 2.3

discusses the role of homophily of the various ways in which the homophily effect has been

analysed in multiple domains of social media data. Section 2.4 discusses on the predictions
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made in many fields of social network by using the homophily effect. Section 2.5 introduces

a comparative study of the social network analysis, conducted by measuring homophily

in multiple applications, the different types of network models constructed in each of the

proposed models. Section 2.6 includes the different types of datasets used to validate these

proposed, homophilous models. Section 2.7 discusses about the state-of-art methods used for

detecting homophily in social networks, the limitations of these approaches and directions

for future research. Fig. 2.1, shows the overall structure of the chapter.

Figure 2.1: Overall structure of the background chapter

2.2 Methodology

Keywords, such as Homophily, social media, and degree distribution have been used to search

for papers related to analyzing homophilous models. However, it is not only important to

find the appropriate papers based on keywords but also to extract papers from top venues.

As such articles have a high impact factor. As a result, the h-index of the venue, where the

paper was published and the number of citations of the paper were considered. We have



CHAPTER 2. BACKGROUND 8

mainly focused on the venues which have an h-index of 50 or above, from Q1 or Q2 journals,

and the articles having a minimum of 100 citations. Using this information1, papers for this

survey were obtained by accessing them through university library resources. Recent surveys

[113, 84, 63] have also reported adopting the similar approach. Fig. 2.2, shows the h-index

of the articles cited in the survey, we can see most of the articles’ h-index is from 50-100. As

h-index is a venue-level metric which is used to evaluate the impact factor and citations of

the publications of the venue. Thus, Fig. 2.2 shows that most of the articles selected have

high h-index. The table A of Appendix A shows the articles selected for this survey with

the venue, number of citations, quartile, h-index, as well as the year of publication.

Figure 2.2: The number of articles’ H-index from a range of 50 and above

An article from a high h-index venue, with a high number of citations shows that the paper

is reliable and trust-worthy for the academic community. Fig. 2.3 shows the total percentage

of journals, conferences, and other types of articles such as book chapters, workshop papers
1https:/www.scimagojr.com

https://www.scimagojr.com/journalrank.php
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that have been cited in this chapter. It can be seen from Fig. 2.3 that most of the articles

selected for this survey are from journals. Furthermore, in Fig. 2.4 we can see that majority

of the articles are taken from Q1 journals. However, for some of the articles, the information

about belonging to certain quartile was missing. For such cases, we have only focused

on the remaining metrics. Besides, the papers selected were from 2015 onwards so that

the approaches used in the recent papers could be studied more exhaustively [108, 200].

However, if any articles have major contributions, such as introducing novel algorithms or

approaches used in measuring the degree of homophily, then, they are considered for this

survey. This is because homophily is not a recent concept and the impact of these papers is

more important than the year of publication. Fig. 2.5 shows that most of the articles have

been selected from 2015 onwards.

Figure 2.3: Percentages of Journals, Conferences and other type of articles cited in the survey
chapter.

A word cloud, as shown in Fig. 2.6, was generated from the abstracts of the papers

selected to get a visualization of the most important word in the field of homophily [83]. We
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Figure 2.4: Proportion of Q1 and Q2 Journals referenced in the survey article.

Figure 2.5: Percentages of the Year of Publication of each of the articles.

implemented a simple python code to form the word cloud. The abstracts are pre-processed

by converting the text to lower case, removing the punctuation, and commonly used English

stop words, available in the nltk library. Then the word-cloud is built using a word cloud

library. The importance of each word is represented with the font size and color. The
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darker the color of the word, the more significant the word is. The larger the font size of

the word, the more frequently the word has occurred in the abstracts. Fig. 2.6 shows that

the homophily word has the largest font which depicts that most of the papers were about

homophily related issues. Moreover, the word Twitter and social network has the second-

largest font [159, 32]. The color of the font is darker which shows most of the papers discussed

about social media. Moreover, the Fig shows that words like social, graph, networks, echo,

and homophily are highly co-related to one another. The word echo is used, in social media,

when users raise their voices and talk about politics or debating about a particular issue. As

a result, it can be concluded that most of the abstracts talk about visualizing social network

graphs from the issues discussed in social media platforms by using the homophily concept.

Figure 2.6: Visual representation of the important words from the abstracts
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2.3 Role of Homophily in Social Media

The Internet has the ability of connecting people, with all kinds of interest, all around the

world. As a result, it can be assumed that when social ties are formed between individuals

in social media, homophily will be less likely to appear among users. However, homophily

has rather shown to increase in social media platforms [197, 25, 97, 198]. For instance,

earliest research has highlighted that, when people used Microsoft Instant Messaging, users

were more interested to converse with others belonging to a equivalent ages,location and

native language [106]. Moreover, the more individuals communicated with one another,

the more related their online searches were [167]. Similarly, increased homophily was also

detected among groups of Facebook friends, where they had similar thoughts on ideology

or political orientation [121]. The effect of homophily has been studied in various domains

to observe if homophily has any effect on social networks or not. For example, Twitter is a

popular micro-blogging platform that has been considered as an effective tool for studying

the interactions between the social media users [98, 123]. Homophilic studies have been

conducted at an exhaustive rate in the domain of politics, marketing, and sociology as well.

Insightful information has been extracted from these approaches. The following subsections

discuss in detail the approaches that have been proposed in these domains.

Politics

In the field of politics, homophilic studies range from analyzing the users participating in

political debates to observing the network of politically engaged users on a variety of political

activities [68, 186, 72, 193]. On a politically oriented website named ”Essembly”, users

were observed to form positive and negative ties with people having parallel thoughts and

different reasoning on an ideology respectively [74]. Furthermore, when smaller networks
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were studied more in-depth, several characteristics such as gender, age and level of education

have proven to be strong predictors with network structural characteristics. Moreover, these

characteristics were used for investigating the existence and strength of positive ties among

individuals [60].

Homophily principle was also used to study the flow of political information among

the majority and minority groups on the Twitter platform [68, 72, 99]. Recent studies

have shown that the majority of larger groups received political information more quickly

than smaller groups. Both groups were exposed to similar political information and it has

been observed that the flow of information was faster among the larger group. Substantial

evidence of homophily was detected, when users following a specific political party were

more likely to connect with other users following the same party. The flow of information

through the social media network was faster among the majority groups since they had

more network connections and so they received more information at a faster rate. To sum

up, political information is considered as an extremely influential information. Therefore,

increasing exposure to such information among the like-minded majority (large) users can

further increase political divergence among the users.

Furthermore, social networks of users exchanging views about global warming on Twitter

were examined. The users’ attitudes towards global warming were classified based on their

message content [186, 82]. The social networks were categorized by opinion-based homophily

and the users were manually labeled as “skeptic” and “activist” groups based on their message

content. Results have shown that, users generally communicate only with other similar-

minded users, in communities that are influenced by a common view. Moreover, the messages

of like-minded users have shown to be a positive sentiment in most of the cases, whereas,

messages from skeptics and activists held a more negative comment. Overall, discussions

of climate change in social media often take place in the polarising “echo chambers” where



CHAPTER 2. BACKGROUND 14

political issues are discussed, and also in “open forums” and mixed-opinion communities

[143, 60].

Sociology

Homophily, meaning ”love of sameness”, is considered to be a sociological theory that like-

minded people will be inclined towards each other and will have a tendency to act in a similar

way [103]. This behavior of individuals has been studied in social media platforms as well.

Social media generally consists of majority and minority groups, where the majority group

is considered to have stronger connections with one another in its group and also tends to

have higher network communications [68, 16]. Compared to the majority group, the minority

group not only has fewer members in its group but is also deprived from receiving information

quickly [85]. Thus, the relationship between majority and minority group in social media is

studied in depth to observe how the groups and the size of the groups are formed and the

groups react to one another in social network [85, 71].

In order to study the influence of homophily between the minority groups, the levels

of homophily was calculated by combining the centrality measures with the preferential

attachment network [12, 146, 85]. The model focused on multiple ranges of homophily and

density of populations by capturing the degree distributions and ranked the minority groups

in empirical social networks of scientific collaboration and dating contacts[85]. Experimental

results have shown that as the volume of the minority group decreased, the heterophilic

interactions were greater than the homophilic interactions. However, multiple assumptions

were made. For instance, all the members of the minority groups were considered to be

equally active and behave in a similar pattern and the group size differences were omitted.

These factors can cause a bias estimate in the ranking of the groups. A major drawback
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was also faced when validating the proposed model such as finding adequate numbers of

large scale data representing the minority groups, since, remote and hard-to-reach minority

groups are often absent from the social network datasets [164].

Marketing

Comparative analysis has also been conducted on homophily and social influence effects on

product purchasing [117]. This analysis examined problems related to whether a company

should target customers based on homophily or the social influence effect. If a company

relies on the homophily principle then they target the existing customer’s friends directly as

they have a tendency to purchase similar products. Whereas, if the firm emphasizes on social

influence of the existing customers then they only target the existing customers and rely on

them to promote to their social circles. Therefore, for cost effective marketing strategies, it is

extremely important to separate these two effects. However, such approaches are challenging

since both phenomenons end up producing similar outcomes. As a result, a product choice

model has been designed via the hierarchical Bayesian model which was implemented with a

dataset that consists of both communication and product purchase information over a three

month period provided by Asian Telecom Company [117]. A strong homophily effect was

detected on the choice of products. When one of the factors was ignored in the Bayesian

model, it resulted in an overestimation of the other factor and this shows that social influence

and homophily effects are highly connected with each other. Ignoring any of the factors leads

to biased estimates in the Bayesian model. Furthermore, as network structures are versatile

in nature [54], it was difficult for the model to detect strong and weak ties in network

structures. This is because, some people in the network might have many friends with weak

ties to one another consequently others might have few friends but with extremely strong
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ties. As a result, the model can be further improved to inspect the strength and the impact

of social ties with respect to a customer’s decision on product purchasing. This will help

to identify customer preferences in such versatile networks. Thus, an improved model is

required that can further differentiate the effects of homophily and social influence.

Gender homophily was also invested at a global scale in online book market such as

the amazon.com in order to address the research question that whether readers are more

biased to reading books from the same authors or did diversity exist in book selections. In

online book markets, book sales lead to important ties among the books. These book ties

create large book networks that model the collective information about the reading habits

of the customer. The study was conducted with large volume of dataset that had records

of the books sold to readers to investigate gender homophily on a large scale. Assortative

measures such as Newman’s degree based Assortative co-efficient metric was used to measure

homophily between gender-based readers and authors. Assortativity or Assortative Mixing is

defined as the tendency of a network’s node to connect to other nodes that behave in similar

patterns. Their findings have shown strong homophily in the book networks. Particularly,

readers that prefer reading female authored books tend to buy other female books. While the

male authored book readers tend to buy less female authored book compare to male authored

books. Thus these findings have revealed the essence of gender homophily. However, their

study had some limitations such as finding the name of the main author as many books has

non-english author names and it is difficult to figure out the gender from non-english author

names.

Research was also conducted to study the presence of homophilic patterns based on

the usage of hashtags in a Twitter mention network based on a Cause-Related Marketing

(CRM) campaign [188]. CRM is a mutually beneficial collaboration between a corporation

and a nonprofit organization. It is designed to promote social responsibility in the public
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community. However, CRM is a risky and controversial issue since this campaigning varies

from receiving skepticism to full support of the customers [13, 133]. Gillette’s CRM campaign

“The Best Men Can Be” was used, to test the hypothesis that whether homophily exists in

such marketing campaigns or not [188]. The brand’s goal was to address concerns based

on gender inequality and bullying of men and encourage a better lifestyle for youngsters.

The company, moreover, guaranteed to make a donation of 1 million to NGOs fighting for

gender inequality. When the campaign ad was released, the ad received positive feedback

from some of the customers because of its positive message [89]. However, others felt that

the ad was a bit offensive representing men as sexually harassing, and bullying. Thus, it

received negative feedback from the rest of the customers [21]. Hence, two groups were

formed in the social media where one group was supporting the cause while the other group

opposed its motive. As the brand is well-known and discussions on this campaign became

a trending topic on Twitter. Thus, this CRM campaign was an ideal fit to analyze how the

users communicated and reacted with other users on the Gillette’s ad. For CRM’s marketing

campaign, topic modeling was used for extracting information [142]. Topic modeling was

conducted on 100,000 original tweets, profiling the topics related to the CRM campaign

tweets [22]. Based on the users’ engagement, the network of the CRM event’s related hashtags

were analyzed with the aid of Exponential Random Graph Models (ERGMs) [168]. ERGMs

are statistical models that are commonly used for analyzing data regarding online social

networks [172, 44]. Results generated from this model showed an increased tendency of

homophily on the network of users. The degree of homophily inspected was based upon the

common views of the users. The results of topic modeling on Twitter have revealed that users

are highly dependent on established social networking platforms to discuss important issues

[89, 64]. Furthermore, users tend to react more to the tweets of influential, popular users

which enable the users to be more reactive during online discussions. Moreover, these users
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showed homophily on the usage of hashtags. Thus, ideological hashtags served as measures

of homophily as ideological hashtags refers to a person’s identity and thoughts [23]. One

such example of ideological hashtag is the usage of #BlackLivesMatter or #AllLivesMatter

which reflects the user’s ideological position is based on the social justice issues to a large

extent. Therefore, hashtags not only express a user’s self-identity but also helps similar users

to identify and connect in a versatile community [21, 9].

2.4 Using Homophily for Predictions

Homophily concepts can be implemented for predicting certain features. For example, ho-

mophily principles have been applied in the link prediction area for studying the probability

of one user to be connected with another user. On the other hand, homophily in Twitter

has also been examined to predict occupation of users based on the information of the users’

followers and followings’ IDs. The usage of homophily concept in predicting certain features

are discussed below.

Predicting occupations

In order to predict the occupation of Twitter users, the homophily principle was used to

conduct social network analysis on the biographical content of the user’s follower/following

community [141]. Occupation prediction is considered as a multi-classification problem since

the model is specialized in predicting multiple occupational classes. Furthermore, the results

concluded that a user’s follower/following community provides insightful information for

identifying the occupational group of each of the users. The model was designed with Graph

Convolutional Network (GCN) [95] which has enhanced the model to work efficiently by

training on only a small fraction of data. Graph convolutional network is a recently proposed
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graph based neural network learning model, which specializes on learning graph-structured

network data [95]. Thus, by using the homophily principle and GCN, a better result was

achieved for predicting occupation class with an accuracy of 61%. A similar work was done

to predict the occupational class of Twitter users where the dataset contained the historical

tweets of the users [149], however, an accuracy of only 50% was achieved.

Predicting Links

The homophily principle was used as motivation in various works of link prediction, where

link prediction is calculated based on the similarity between two entities.As a result, it can

be used to predict future possible links in social networking platforms [46]. For example,

researchers have proposed a model to investigate the associated links of document’s topic

distribution between people discussing about related topics. This study shows how topic

distribution is mainly affected by the distribution of the topics of its nearest neighbors [190,

93, 188].

Particularly, a joint model was proposed in which link structure has been applied to define

clusters. Here, each of the clusters was allocated with its own segregated Dirichlet prior for

topic distribution. Using such priors have shown to be very helpful as in previous works

only document priors were applied [207, 128]. Discriminative and max-margin approaches

[207, 208] have been used for designing the contextual documents and generating good link

predictions. Moreover, lexical terms have been used in the decision function in order to

improve the strength of the prediction [137].

In summary, users in social media are not only comfortable at expressing their self iden-

tities but also have a tendency to connect with one another, with similar interests, in a

versatile community. Several studies have been carried out to study the homophilic patterns
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especially among the majority and minority groups. Studies have deduced that the majority

and larger groups receive information faster than smaller, minority groups and information

reaches like-minded individuals more quickly [119, 80, 68]. Whereas, the minority groups

are deprived from receiving information instantaneously as such groups have fewer members

in their groups hence have fewer network connections [85]. On the other hand, a strong

homophily effect was detected on customers having similar product tastes and based on the

attraction of users having a common view [117, 186, 188].

2.5 Comparative Study of Related Works for

homophily detection

In this section, comparative analysis has been performed on various approaches proposed in

order to detect and calculate the level of homophily. In addition, the network and language

models defined by each of the state of art methods are also explained in details.

Measuring the degree of Homophily

Multiple approaches have been proposed for measuring the level of homophily with the aid

of topic modeling and network modeling. Recently, the degree of homophily has also been

calculated by combining both textual as well as network features by using a highly efficient

neural network model that has outperformed the existing traditional methods [141, 85, 68,

188].
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Topic modeling

Topic modeling is considered as an unsupervised machine learning technique which does not

need the aid of humans to determine the topic of a set of documents [18]. It can automatically

detect the main theme of given paragraphs or documents by clustering groups of words or

similar expressions that best portrays the set of documents or paragraphs. The topic model

proposed based on the homophily concept specializes in detecting high-quality topics to test

the hypothesis that whether people talking about similar topics are connected with each

other or not [190]. For example, the Latent Dirichlet Model (LDA), is a topic model, that

maps the documents to the topics based on the distribution of words [22]. LDA model

was modified with the concepts of homophily to not only detect the high-quality topics but

also predict whether the people having similar posts in social media are connected with one

another or not [22].

Generally, the most frequent words of each of the documents are aggregated into K words

clusters by using the k means algorithm [118]. Thus, for any word token wd,n, for the word

token belonging to a cluster k, any other token zd,n being a neighbor of wd,n will also belong

to cluster k. The d represents the document and n represents the number of documents.

Therefore, in order to find the topic k’s major words, skip-gram transition probability [125]

is calculated for each wk,i word as in Equation 2.1.

Sk,i =
Nk∑

j=1,j 6=i
p(wk,j|wk,i) (2.1)

where, Nk indicates the number of words in topic k, words with the highest probabilities

are used as the designated topic words for each of the documents in the sample. Regression

is used to compute the topic distribution between d and d′, for predicting the link between

the two documents, which is depended on the similarity of their topic patterns. Therefore,
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the regression value is defined in Equation 2.2.

Rd,d′ = ηT (zd ◦ zd′) + τT (wd ◦ wd′) (2.2)

where, zd = 1
Nd

∑
n zd,n. Similarly, wd = 1

Nd

∑
nwd,n; ◦ denotes the Hadamard product

[75]; η and τ are the assigned topic based weight vectors and document link predictions.

In some studies, the perplexity metric was used as a measurement for evaluating the

model’s topic modeling performance [57, 24, 45]. Perplexity is a measurement based on the

quality of a probability model predicting a sample. Results have assured that the proposed

model outperformed the traditional LDA model for topic modeling. Furthermore, for vali-

dating the model in terms of its performance for predicting document link prediction, the

Predictive Link Rank (PLR) metric was used. PLR outputs the average rank of a docu-

ment with the documents to which it has been linked with. High training performance was

achieved that showed user interactions can contribute to better link prediction. However,

the testing performance score was much lower than the training performance score. This

shows that the model has over-fitted since the model could not perform well with the test-

ing dataset. Even though the new model outperformed the traditional LDA method, for

document link predicting task the overfitting issue was not resolved.

LDA-based topic modeling focuses on topics co-occurring frequently. However, the main

drawbacks of LDA based approach is the need of specifying the ”appropriate” number of

topics that the LDA has to predict [22]. Statistical indices have been proposed to address

this issue [10, 30, 48] which includes differentiating each pair of the topics by the difference of

each pair of topics or their distance. Although, these methods can approximately calculate

the number of topics in a given corpus, proper gold standards or benchmark still does

not exist. Therefore, human interpretation is still required for rendering the topics into
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the unsupervised topic modeling method [34]. Most importantly, the performance of these

methods are not analyzed in documents such as a tweet which consists of only sentences with

few number of words. Thus, for measuring the homophily of users using similar hashtags in

Twitter posts, the co-occurrence of the topic was calculated by using Mimno et al.’s approach

[188, 129]. Mimno et al. state that for any document, the leading words in a topic profile

are likely in the same document. The coherence in Mimno et al.’s approach is defined as:

C(t; v(t)) =
M∑
m=2

m−1∑
l=1

log D(v(t)
m , v

(t)
l ) + 1

D(v(t)
l )

(2.3)

In Equation 2.3, D(v) denotes the frequency the document, word v and V (t), topic t has

a list of M words.The topic model can predict better when the result has an output that

is close to zero. [150]. In order to evaluate the quality of the predicted topics, the distance

between each of the topic was calculated using Jensen-Shannon divergence [150, 171].

Exponential random graph modeling

Exponential random graph models were used to evaluate whether the networks of users

engaged in conversations influence the users’ response in online discussions [188]. In ERGMs,

nodes’ connections at the same degree is considered to be an indicator of users conversing

frequently [131]. These graph models are statistical models that are composed of network

structures [116]. ERGMs have been used in multiple domains of the social networks such

as social media settings and to study communication between the users. For modeling the

presence of any ties that may exist between the network’s local and structural factors [62,

158, 162].

Generally, the ERGM model is designed by aggregated tweets and hashtags which are

posted by the users. [188]. The top hashtags are categorized as either conceptual or ideo-
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logical markers based on the definitions provided by Blevins et al. [23]. Ideological hashtag

refers to the identity or identification, perspectives. On the other hand, conceptual markers

are considered as personal thoughts on particular events. Then, the users mentioned in the

network as @user and the classified hashtags are fed into the statistical modeling as nodal

attributes. The mention network is modeled because it helps to visualize a discussion that

starts by actively exchanging information with one another rather than relying on what

others have said.

Network modeling

Network modeling is a flexible way of representing a group of connected objects. The objects

are represented as nodes or vertices and the connection between the nodes are represented by

edges. Network modeling is generally used to visualize the various types of networks. These

models are constructed from the social media data consisting of users and how the users are

connected. Many researchers have claimed that the flow of information in social media is

dependent highly on the majority groups where more users are connected. Moreover, the

majority groups have a larger social circle compared to the minority groups. The reason

behind having a larger social circle is due to homophily [68, 85].

The homophily among majority groups was studied between a network of politically en-

gaged users of Twitter [68]. Due to the shortage of measuring the political orientation and

ideology of the Twitter users directly. The research emphasized on the users following politi-

cians from the two major parties- Conservatives and Liberals of the House of Representatives,

in the 2012 general election. In order to analyze the degree of homophily, the individuals

are divided into two groups - conservatives (C) and liberals (L), depending on which po-

litical party each group supports such that: t ∈ C,L. The group sizes are normalized and

symbolized as wt which is the weight of the tweet, where, wC + wL = 1. Conservatives was
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randomly selected as the majority group and liberals was considered as the minority group.

Therefore, wC ≥ 0.5.

When two individuals belonging to the same group are randomly selected, then the

probability of the two individuals communicating with each other is denoted by πs and the

probability of the two individuals connecting with each other belonging to different groups

is represented by πd. Moreover, it is also logical to assume that individuals belonging to the

same group have a higher tendency to interact with each other compared to two individuals

of two different groups communicating with one another. As a result, πs > πd. Thus, an

individual belonging to a group t will be having similar πswt interactions, and πd(1 − wt)

different interactions. Therefore, in this study, the Homophily principle has been evaluated

as such:

Ht = πswt
πswt + πd(1− wt)

(2.4)

In Equation 2.4, the greater the value of πswt, the higher the degree of homophily. As

a result, if conservatives are more prominent and links are formed with similar types, then

conservatives would tend to be more homophilous in nature. Similarly, the liberals would be

more heterophilous. Furthermore, the time taken to reach the information to majority and

minority groups were also taken into account. So it was considered that each user produces

information with probability of ε at time τ = 0. Bass model or Bass Diffusion Model was

used in order to generate the proposed model [17]. The Bass model uses differential equation

that describes the procedure of new products getting adopted in a population. In this case,

the product is the political tweets. If interaction occurs between two users, then the user

exposed to information transfers the information to unexposed user with a probability of q.

Hence, by following the Bass model, the rate of information diffusion is defined as such:

F τ
t = F τ−1

t + (1− F τ−1
t )f τt (2.5)
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In Equation 2.5, F τ
t is defined as the fraction of group t receiving information at time

τ which is then connected to the fraction transmitted information at time τ − 1. F τ
t is the

chances of group t getting information at time τ if not being exposed to information at time

τ − 1. Therefore, f τt is defined as:

f τt = qwtπsF
τ−1
t + q(1− wt)πdF τ−1

−t − q2wt(1− wt)πsπdF τ−1
t F τ−1

−t (2.6)

The symbol −t in Equation 2.6 refers to the other group. The first term denotes the

likelihood of receiving the information from the individual belonging to the same group.

Second term denotes the likelihood of receiving the information from a different group. Third

term refers to the likelihood of both groups receiving information. In conclusion, if biased

interactions are present, (πs > πd), the majority group member will receive information

faster than the minority group (F τ
C > F τ

L) for every τ times. Based on receiving a higher

probability score for the majority group, it is deduced that homophily is directly proportional

to the rate of flow of information among the users. Moreover, the diffusion of information

is relatively uniform with groups having a higher number of connections based on having

similar political orientations. Thus, larger groups are exposed to information at a faster

rate. Therefore, a close relation of homophily and diffusion of information is shown in this

approach.

A similar approach was also used to measure the level of homophily between the minority

groups [85] which is shown in Equation 2.4. The homophily was used as an additional

parameter in the famous model of preferential attachment proposed by Barabási and Albert

[12]. Preferential attachment means that a node is more likely to receive new links if it has

higher number of connections. Thus, such nodes are more powerful since they can tightly

hold links with one another. The growth of complex evolving networks was calculated using
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the fitness model which is based on the Barabási–Albert model [85]. In this model, nodes

with different type of characteristics can grasp links at different rates. Hence, the fitness is

calculated by the degree distribution of each of the nodes. This is how the model can predict

a node’s growth. In the Preferential Attachment model, at each step, a new node which just

approached, its degree and group attachment is calculated for the possibility of the node to

be attached to the pre-existing nodes. The chances of node j to be connected to node i is

defined as:

Πi = hijki∑
l hljkl

(2.7)

In Equation 2.7, ki generally, represents the degree of node i and hij is the similarity

between nodes i and j. The similarity between each of the nodes is build, based on the

nodes’ attachment when the network was generated. If by any chance, the new node is not

confronting individuals from the same network, it can stay deserted till the node confronts

a newly approached node that is coming from the same network.

On the other hand, when the online debate on climate change was studied, the degree

of homophily among the individuals was measured on the number of times the edges were

connecting users on homogeneous/heterogeneous views[186]. The high frequency of edges

between the homogeneous users, and similarly, the low frequency of edges between the het-

erogeneous users were considered as the measure of homophily. The probability of picking

node i as the root or focus node for a given edge, were denoted by:

Psource(i) = kout(i)∑
j∈a,s kout(j)

(2.8)

Ptarget(i) = kin(i)∑
j∈a,s kin(j) (2.9)
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In Equations 2.8 and 2.9, kout is node out-degree and kin is node in-degree. This mathe-

matical technique generates nodes’ networks with homogeneous degree distributions.

Other type of metrics that are used to measure the quantity of homophily includes the

Newman’s global assortativity coefficient [136]. Assortativity or Assortative Mixing is defined

as the propensity of a network’s node to connect to other nodes that behave in similar

patterns. Newman’s global assortativity coefficient is a vertex degree metric used to identify

whether vertices in the graph tend to mix with homogeneous or heterogeneous vertices. The

global assortativity coefficient is measured interms of the discrete characteristics for each of

the vertex. The coefficient gives values within the range [-1,1]. The coefficient is zero for a

given network if the vertices connect randomly. A high positive value indicates that the high

degree vertices links preferentially with other high degree vertices and the other way around

for the low degree vertices. The assortative metric was used to measure the degree of gender

homophily in online book networks [27]. This coefficient is mainly applied for evaluating

that whether customers from the same gender have the tendency to buy books written by

the same gender author or are the books bought randomly by chance.

rk =
∑
i eii −

∑
i a

2
i

1−∑
i a

2
i

(2.10)

Equation 2.10 shows how the Newman’s degree based assortivity has been defined for

calculating homophily for the given situation . For a given book graph Gk, the assortativity

coefficient r is denoted by i, j, where i, j ∈ {male first author, female first author, book

collections}. Out of all the edges in Gk the portion of edges that link two book from any

of the gender categories i and j is depicted as eij. The fraction of occurrences same gender

edges in Gk is denoted by the term ∑
ieii. The ai term represents the portion of edges in

which one of the end is a book from category i gender. For a randomly connected graph
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∑
ia

2
i term shows the portion of same gender occurring edges. The normalized differences

between the between the real ans random fraction of same occurring gender edges in graph

Gk is denoted by rk.

Combining Network and Textual features

Recently, a new neural network model has been proposed known as the Graph Convolutional

network (GCN) [95]. GCN has been used for extracting the textual and the network features

for identifying the homophily connection between the Twitter users and their followers/fol-

lowings list [141]. GCN has not only enabled the model to achieve a high performance,

but also the model was successfully trained with only a fraction of data. GCN graph-based

neural network model f(X,A) with layer-wise propagation rules is defined as such:

Â = D−1/2(A+ λI)D−1/2 (2.11)

X l+1 = σ(ÂX lW l + bl) (2.12)

In Equations 2.11 and 2.12, X denotes the matrix of the features for each of the nodes(users).

X0 is the initial feature with a input size of (nodes * features) and A is the adjacency matrix

of the dimensions (nodes * nodes). D represents the degree matrix of A + λI, where λ is

the hyperparameter that controls the weight of the node among its neighbor hood. W l , bl

are the trainable weights and bias for the lth layer. In each GCN layer, nodes accumulates

its closest neighbors’ features by linearly converting the representation using weight (W)

and bias b respectively. σ represents the activation function used in the GCN model for

optimizing the performance. Then, the number of GCN layers determines the path of the

node from its closest neighbors’ features.
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The inputs of the adjacency matrix Â are all the network IDs (target users and their

followers and following list IDs). A feature matrix of the biographical descriptions of the

each of the target users’ followers/following lists. This is because the biographical description

of each of the target users’ followers/following lists might be similar with the target users.

Pan et el. claimed that an accuracy of 61% was obtained, which outperformed the results

of the existing methods [141]. Thus, GCN was able to extract the rich network and textual

information in order to learn the homophily connection between the users. However, the

model was trained with only a small fraction of data and thus if a larger amount of data

would be used the model would achieve a better result for predicting the occupation of target

users.

In summary, various types of models have been proposed for measuring the degree of

homophily. Mainly network modeling and topic modeling have been used to find out the

strength of a relationship of a user with the user’s nearest neighbors. To also investigate,

how many users are involved with one another. Network modeling focused on the network

features which involved calculating the number of connections each user has and the strength

of the connection of the users with one another. On the other hand, topic modeling focused

on clustering the main topics of each of the users, based on their textual tweets and how

similar the usage of topics are with one another. Recently, the degree of homophily has also

been evaluated by incorporating textual and network features with highly efficient neural

network model that has outperformed the existing traditional methods for multi-classification

problems.
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2.6 Datasets

Multiple datasets have been used for measuring the degree of homophily in multiple fields

such as link prediction and flow of information among majority and minority groups [141,

68]. For example, the dataset provided by Asian Telecom Company was used to analyze

if the homophily effect can influence product purchasing [117]. This section discusses the

various datasets used to study the homophily effect.

Twitter-Based Datasets

Currently, there are no standard datasets that have been used to study the effect of ho-

mophily. Rather in most of the cases, datasets were generated with the aid of Twitter

Search API [138]. Relevant words or hashtags have been used to find tweets and hashtags

among the users who have posted such tweets. For example, to search for tweets about

climate change, hashtags such as #climatechange and #globalwarming are used to find such

specific tweets about climate change along with the user information [186]. Based on this

search, an extensive network is generated from these users. Different approaches such as

network modeling and topic modeling are used to measure the degree of homophily. In Ta-

ble 2.1:1, 2, 4, 5, 6, 9 show examples of some of the datasets that were generated to study the

effect of homophily by using this approach, as the mode of data collection was very much

alike. Hence, the description of the following datasets gives an overview of how networks are

generated by using the Twitter Search API.

Political Information Flow Dataset

The twitter dataset for analyzing the flow of political information among majority and mi-

nority groups was constructed by targeting the politically engaged users [68]. These users
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were following at-least one account of a candidate running for the 2012 US elections. As a

result, over 2.2 million users’ data were collected from which 90 million network links were

approximately identified. Users following more accounts of Republican political candidates

than accounts connected with Democrats candidates were categorized as conservatives. Sim-

ilarly, the users following more Democratic accounts were categorized as liberals. To measure

the level of communication among the groups of supporters, approximately 500,000 retweets

of the candidates’ tweets and tweets that mention candidates were also collected and ana-

lyzed. The flow of political information among the groups of Twitter users was measured

based on whether or not the users received a candidate tweet or mention through these net-

works. Moreover, the rate of information flowing through the political network was taken

into account by measuring the time taken for these retweets to diffuse across the networks.

Climate Change Dataset

Twitter API was used to collect tweets between January 2013 and May 2013 that consisted of

the trending hashtags on global warming such as- #globalwarming, #climatechange, #agw

(an acronym for “anthropogenic global warming”), #climate, and #climaterealists [186].

Moreover, followers of each of the users posting such tweets were also identified. Hence,

590, 608 distinct tweets from 179,180 distinct users were used to generate the dataset. Hash-

tags were mainly used to search tweets as Twitter users commonly use hashtags to pinpoint a

specific occasion. This enables users to search and participate in a relevant discussion. Mean

Sorensen similarity also known as F1 score, [170] was calculated for each of the hashtags. As

Sorensen similarity score is within a range of 0 (no overlap) to 1 (identical). Greater values

showed greater constancy among a major population of active users.
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Occupational Twitter Dataset

While most of the datasets were generated by using relevant keywords/hashtags, the occu-

pation dataset was generated by using the biographical content of each of the target users.

The Occupation dataset of Table 2.1 shows the details of the dataset. Occupational Twitter

Dataset has public access and maps 5, 191 Twitter users to 9 major occupational classes

[149]. The dataset consists of User IDs and the historical tweets of each of the users. The

Occupational prediction problem is considered as a multi-classification problem as the model

focuses on predicting multiple occupational classes. The occupations of each of the users

were manually labeled with the aid of Standard Occupation Classification (SOC) from the

UK 2 which is shown in detail in Table 2.2. The dataset was initially used to predict the

occupation of the main Twitter user based on their historical tweets [149]. Later, the dataset

was further extended, to analyze deeper into the network information. The biographical de-

scriptions of the following and followers’ IDs for each of the main user ID [141] were added.

Biographical descriptions were extracted from the 160-character-long summary that a user

writes about themselves in their profile. Thus, the extended dataset had the followers and

followings information for about 4, 557 main users. Due to account suspension and protected

tweets, the remaining users account could not be reached. Table 2.2 shows the occupational

class distribution of the users’ occupational dataset. The biographical information of the

main users were not taken into account since the main users’ occupations were manually

annotated in the dataset.

In order to construct the social network, each follower/following relationship is considered

as an undirected edge for predicting the occupational classes of the main users [141]. In this

social network, the main Twitter users are considered as being connected with one another
2https://www.ons.gov.uk/

www.ons.gov.uk
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Occupational Class Standard Occupation Classification Users
1 Managers, Directors, Senior Officials 461
2 Professional Occ. 1,611
3 Associate Profession, Technical Occ. 926
4 Administrative Secretarial Occ. 162
5 Skilled Trades Occ. 768
6 Caring, Leisure, Other Service Occ. 259
7 Sales and Customer Service Occ. 58
8 Process, Plant, Machine Operatives 188
9 Elementary Occ. 124

Table 2.2: The table shows the major groups (left column) and classified jobs with multiple
sub-major groups (middle column) by Standard Occupation Classification. The right-most
column represents the number of main users [141].

via common followers and following (follow) IDs. The follow IDs which only connect a few

of the main IDs are considered to be weak since the flow of information between the main

user IDs will be less than these follow IDs. As a result, the network was further refined

by keeping only the follow IDs which have more than 10 connections to the main user IDs.

After performing the refining step an unweighted graph was constructed in which all the main

IDs were connected to each other and the refined graphs consisted of 34, 630 unique users

including the 4557 main users. In the network, only 2550 main user IDs have at least one

direct connection with another main user ID. Thus, when constructing the network model

the main user IDs often shared common follow IDs which enabled the researchers to extract

rich network information.

Non-Twitter Based Datasets

Datasets for validating homophilous models were generated from other types of social media

platforms as well such as the Weibo Sina website which is a Chinese microblogging site[190].
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Similarly, Furthermore, synthetic networks were also developed by using an artificial undi-

rected network. However, the artificial dataset was not thoroughly described in depth [85].

Datasets: 3, 7, and 8 from Table 2.1, shows the datasets generated from other sources. The

following paragraphs give an overview of how these datasets were developed for analyzing

the effects of homophily.

Asian Telecom Dataset

For studying the effects of homophily for product purchasing [117], purchases of Caller Ring-

Back Tones (CRBT) data were provided by an Asian mobile network. This network data

was mainly used for predicting consumers’ product choice decision and purchase timings.

The dataset consisted of three months of detailed 300 million phone call histories of the

company’s approximately 3.7 million customers. The call attributes were the caller or callee

phone numbers and the duration of the phone conversation. The CRBT product was bought

by 750,000 customers. The pattern of the CRBT purchasing data was explored to find out the

main driving forces of the customers to buy the product. The communication between friends

were tracked and analyzed using this dataset. When friends of the customer get exposed to

the ringtone by calling them and purchase the same product. Moreover, CRBT is a cheap

and economical product that has been purchased by more than 750, 000 customers so the

researchers claimed that the dataset of phone call histories provides a convenient platform

for studying communications on this product.

Online books dataset

Datasets from amazon.com and amazon.co.uk were used to study the effects of homophily.

The data was collected from over 3 million books which included 778,005 British and

1,461,206 American books. Book’s ISBN, name of the authors, and literary genre meta-
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data were analyzed. The unique ISBN for each of the books was fetched from Amazon’s

website. In most of the cases, different editions with individual ISBNs were released for the

same book title across the two markets(amazon.com and amazon.co.uk).

Weibo Users Dataset

In order to validate the proposed topic model for link prediction [190], Data were extracted

from the Sina Weibo3. The dataset contains about 2000 verified users, in which each user

is represented by a single document. The link information between the pairs of users was

also collected, when both the users’ posts were present in the dataset. The link information

refers to three types of interactions which include mentioning, retweeting, and following in

the Weibo website.

Generally, Twitter Search API is used to generate the desired network data for validating

the proposed homophilous models. Users and their textual tweets are mainly used as features

to develop the dataset. Social media platforms have other features such as images and videos

which are posted by users. However, such features have not yet been included in the datasets

for evaluating homophily. Furthermore, the size of the datasets varies a lot, ranging from

2000 users’ posts to 75, 000 users’ posts. Yet, no benchmark has been set to have a minimum

standard size of dataset to validate any of the proposed models. Other than using Twitter

Search API, microblogs, and artificial data such as Weibo Sina and artificial undirected

network has also been used to generate the network data.
3https://www.weibo.com

https://www.weibo.com
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2.7 Conclusion

The homophily principle in the domain of social network analysis is an important concept

that has been studied broadly. It has been used to examine the behavior of users on social

media platforms. Generally, in social media, users tend to connect with others where they

have similar interests with one another. Several studies have been carried out to study the

homophilic patterns especially among majority and minority groups. These studies have

deduced that majority and larger groups receive information faster than smaller, minority

groups. The information reaches like-minded individuals quicker. Besides, multiple types of

models have been proposed for measuring the degree of homophily. Network modeling and

topic modeling have been mainly used for analyzing the strength of a relationship of a user

with the user’s nearest neighbors. Network modeling was conducted on network features and

topic modeling was conducted on users’ textual tweets respectively. Recently, the effect of

homophily has also been studied by combining textual and network features with a highly

efficient neural network model. However, the content of the interactions occurring between

users in social media are still inadequately understood[186]. Furthermore, the content of

social media ranges from texts to videos, which needs different types of analysis. Most of

the studies focused either on textual posts, hashtags tweeted by users, mentions of users, or

users’ network connections. However, there is a research gap as comprehensive studies have

not been conducted, concerning images and videos posted by users. Whether these contents

of social media have any effect on the degree of homophily in online platforms is not fully

understood as of yet. Therefore, state-of-art methods should also focus on measuring the

level of homophily by using these features.

In this chapter, we presented a survey on the usage of the Homophily principle for

computing social network analysis. This thorough survey will enable researchers to explore
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new methods to measure the degree of homophily. In summary, multiple methodologies

have been proposed over the years to measure the level of homophily by using different

types of modeling approaches. This includes topic modeling, network modeling, ERGMs,

where each of the models has its own merits and drawbacks. These models are validated

by either using synthetic data or by using real-life data from social networking sites such

as Twitter. However, the range of data used by each of the proposed models varied to a

great extent ranging from posts from only 2000 users to 75,000 users’ posts. Therefore, for

better comparability of different features and methods, we argue for a benchmark dataset

for homophily detection.

Chapters 3 and 4 will describe deep-neural network models combined with word-embedding

and a link prediction model for predicting social network homophily of Twitter users based

on their bio content. The homophily principle is used as a motivation for designing the link

prediction model. Link prediction is calculated based on the similarity between two entities

and it can be used to predict future links in social networking platforms [46]. One of the

main purposes of this research is to build efficient recommender systems for targeted audi-

ences. For example, it can be used to advertise the journals of the latest medical articles to

a network of doctors instead of a network of users working in IT sectors.
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Chapter 3

Identifying health related occupations

of Twitter Users through word

embedding and deep neural networks

All of this chapter was accepted in the following Asia Pacific Bioinformatics Conference
(APBC) 2021 which is in press:
This publication summarises my contribution to a broader research project that uses
artificial intelligence techniques to predict the occupations of Twitter users in medical
fields. We proposed a method of integrating word embedding with state-of-the-art neural
network models in a novel way. The textual contents are formatted as dense vectors
using word embedding, which are fed as a sequence of vectors into the neural network
models. With the support and encouragement of my thesis supervisors, I took the lead
in developing this publication. Due to the peer-review process and open-access policy,
we chose to publish in the Asia Pacific Bioinformatics Conference, which was ideal for
my first publication at the university.
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3.1 Introduction

Twitter is a popular social media platform providing micro-blogging service, in which users

can share their views and opinions for up to 280 characters long messages known as “tweets”.

Although, in other social networking sites such as LinkedIn and Facebook, users have the

privilege of filling up their personal information in specific fields. Unlike these sites, on

Twitter, users can write a public outline about themselves in only 160 characters known as

“Bio”. Not only tweets, but bios can also help to extract rich linguistic information, and can

be extremely helpful for “user profiling”. User profiling is an active area of research since

it helps to improve product recommendations and service quality. Besides, the prediction

of user occupational class is highly vital for user profiling and for predicting users’ demo-

graphic features. In previous studies, multiple approaches have been proposed for predicting

demographic attributes, which include composing multiple features that have been initiated

from the text and network information of users for attaining best performances in terms of

predicting classification tasks [69, 127, 149, 78, 7, 141]. Users’ texts in social media have

been studied extensively to mine the features hidden behind the textual data that include

Spatio-temporal and social network information [161, 101]. Earlier research has focused on

examining users’ attributes such as gender, age, and location which showed that their at-

tributes influenced their use of language [39, 28, 155]. The texts of the users enable us to

analyze such properties[178, 165, 163]. For example, user profiling can be applied for design-

ing recommender systems for cost-effective targeted advertisements [67]. In other words, it

will be more useful to advertise the journals of the latest medical articles to a network of

doctors and practicing physicians which are related to their medical fields than to users who

might be working in IT sectors.

Based on the biographical content of the users on the Twitter platform, we aim to pre-
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dict a user’s medical occupational class. Firstly, in our approach, a vector space model

has been generated in which each vector represents the unique tokens of each biographical

content. The vectors were later fed into Long Short Term Memory (LSTM), Bidirectional

LSTM (BiLSTM), Gated Recurrent Unit (GRU), Bidirectional Encoder Representations

from Transformers (BERT), and A lite BERT (ALBERT) neural network models respec-

tively to perform multi-text classification. Our results have demonstrated that by combining

neural network models with the Vector Space Model (VSM), our model has performed bet-

ter in identifying the medical professions from the biographical contents. This task will be

directly applicable in analyzing the medical professional trend on Twitter of users following

Twitter medical accounts. We have focused on analyzing Twitter medical accounts since

we can get a more concentrated network of users belonging to medical fields. Since users

working in various types of medical field will be more interested in following such medical

accounts than general users. This task can be applied in examining the users belonging to

a wide range of medical fields. Health agencies can recruit users working in various medical

fields for new job opportunities [166]. For this study, we created a dataset of users following

medical accounts, including their biographical content and a label belonging to an occupa-

tional class from the “National Occupational Classification”1 taxonomy. We have designed

a dataset that is similar to the dataset that was built by Preoţiuc-Pietro et al.[149].

The rest of the chapter is organized as follows. Section 3.2 presents background on the

relevant studies conducted on predicting occupations of Twitter users and the use of deep

learning models on different types of text analysis tasks. Section 3.3 introduces our proposed

model, Twitter biographical data collection technique, data processing, and implementation

methods. Section 3.4 provides the results and discussion. Finally, Section 3.5 draws the

chapter to a conclusion.
1https://noc.esdc.gc.ca/

https://noc.esdc.gc.ca/
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3.2 Related Work

To predict the occupations of Twitter users a dataset was constructed by Preoţiuc-Pietro et

al., assigning users in 9 hierarchical business job categories [149]. For predicting the user

occupational class, word cluster distribution features from each of the users’ historical tweets

were used. They were able to achieve 50% accuracy in their multi-classification task. Aletras

and Chamberlain have built the user’s following connections from the users of the occupa-

tional dataset. The user embedding was used as an input into their classification model.

They have deduced that major job categories may fluctuate consequentially with regions

having inequalities of economic development [7]. Pan et al. have used users’ network infor-

mation and their bio description, over their tweets for predicting their occupational group

[141]. They have stated that bio description of users along with their network information,

when used as features in the neural network graph, has improved the performance of pre-

dicting the occupational group compared to using the historical tweets and have attained an

accuracy of 61% [92].

The task of identifying the occupation of users is a multi-classification problem as an

individual has to be designated to one of many predefined categories which is a classic

research area of machine learning [201]. Specifically for classification task, Deep Neural

Networks (DNN) have demonstrated to perform better than conventional machine learning

models [42, 43, 195, 14]. One such enhanced model of DNN is the Recurrent Neural Network

(RNN), which examines each of the words in the corpus and stores the semantics of past

words inspected in hidden layers [175]. RNN has proved to be suitable for text classification

problems as it can understand contextual information, which is highly required in learning

the text semantically [100]. Many works have also proved that RNN based text classifiers

perform better as it has achieved higher precision and accuracy scores. For instance, gated
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RNN was used for document-level sentiment classification [175] and sequential short-text

classification based on RNNs [105]. However, RNN did not perform significantly well in

memorizing from distant past texts, which means that RNN cannot remember the text that

is at least five words behind the word that is currently being memorized by the model. To

resolve this issue, the Long Short Term Memory (LSTM) and Gated Recurrent Unit (GRU)

models based on RNN has shown to be very effective [73, 40]. A forget gate is added to the

LSTM model which enables the model to forget the least important words. In contrast to

the LSTM model, the GRU model has only two gates, a reset gate, and an update gate. The

update gate plays a role that is similar to the forget gate. The gate decides which information

is important to remember and adds it to its gate. The reset gate is responsible to decide

how much of the past information should the model forget. The LSTM and GRU models are

much more efficient since they can learn and remember more texts and solves the issue of

memorizing longer texts [58]. LSTM and GRU models have been used extensively in the state

of the art deep learning applications, like speech recognition, speech synthesis, and natural

language understanding [156, 179]. Also, LSTM neural network was implemented in text

classification tasks by combining LSTM and convolutional neural network [203]. Moreover,

as the outputs of RNN are mostly based on the previous contexts, the Bi-LSTM model has

been introduced [79]. This structure is effective in knowing the future contexts as it allows

the networks to know both the backward and forward information about the sequence at

each time step. Bidirectional-LSTM runs inputs in two ways, one from the previous texts to

upcoming texts. Similarly, one from upcoming contexts to previous contexts. In contrast,

to this approach, LSTM is uni-directional and Bi-LSTM has shown to outperform LSTM as

Bi-LSTM at any point in time can preserve information from not only the previous contexts

but also from the future contexts. BERT is also a bidirectional model just like the Bi-LSTM

model and its major component is that it uses a bidirectional transformer language model
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while training on textual data [49, 152]. A Transformer is a machine learning model that

considers the ordered sequence of the data [151]. BERT uses two pre-training techniques

[49].

• Masked language model- Masking is carried out in three different ways. For example,

if the sentence to be trained is “My dog is hairy” [49] and the word “hairy” is selected

to be the token, then masking is done either by replacing it with a < Mask > token

i.e., “My dog is < Mask >” or with a random token e.g. “My dog is an apple” or by

keeping it as it is i.e., “My dog is hairy” [49]. To get the context of a word these three

methods are used together [19, 151].

• Next Sentence Prediction - The model is given a pair of sentences and the model has to

predict whether the second sentence comes after the first sentence or not in the corpus

[49, 185].

This is the reason why Bidirectional Encoder Representations from Transformers (BERT) is

significantly different from the other textual classifiers [49].

As the quantity of training data and the model size increases, the performance of the

model increases [102]. However, with the increase in model size, it becomes difficult to pre-

train the model because of the Graphical Processing Units (GPU) memory limitations and it

takes longer training times [102]. ALBERT was introduced to solve this issue. ALBERT has

the same architecture as BERT. However, ALBERT uses two parameter-reduction techniques

to significantly decrease the number of training parameters of BERT. They are:

• Factorized embedding parameterization [102], splits down the larger word matrix into

smaller matrices so that the complexity is reduced [19].
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• Cross-layer parameter sharing stops the parameters from increasing as the depth of

the neural network increases [102].

Both the techniques drastically reduce the training time of the model [102].

With the growing importance placed on collecting data, it has now become possible to

develop more efficient and trustworthy classification methods to study and analyze biograph-

ical data for user profiling tasks. In our research, we propose a method developed on word

embedding and neural network models to predict the medical occupations of users from their

biographical contents for designing more effective recommender systems.

3.3 Methods

In this study, our task is a multi-class text classification problem where we want to identify

the most likely medical profession for a given user based on their biographical content. At

first, we have generated a vector space model in which each vector represents the unique

tokens of each biographical content. Then the vectors are fed into Long Short Term Memory

(LSTM), Bidirectional LSTM (BiLSTM), Gated Recurrent Unit (GRU), and BERT neural

network models respectively. These models then perform multi-classification, identifying

the occupation of the user. Our results have shown that neural network models along with

Vector Space Model (VSM) have performed well in identifying the medical professions from

the biographical contents.

Our Approach

At first, from the unlabeled raw data, a term index Vector Space Model (VSM) is generated,

in which the vectors depict the position of the unique tokens in the textual data. Then, a
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“Pharmacist, professor and specialist in geriatrics.”

Figure 3.1: Example of a biographical content

sequence of vectors representing each bio content is produced using the Vector Space Model

(VSM) and given as input into an LSTM, Bi-LSTM, GRU, and Bidirectional Encoder Rep-

resentations from Transformers (BERT) neural network models respectively that executes a

multi-classification task. We, at first, converted our occupation classification into a sequence

classification problem, so that the task can be managed appropriately by the neural network

classifiers. In Figure 3.1 an example of a biographical content identified of a user belonging

to the pharmacist category is shown.

Representation of the biographical data

Our system specializes in feeding raw corpus into the deep learning classifiers. One of the

major drawbacks of textual data is, these data cannot be directly represented as dense

vectors as the terms from each text tend to have variable lengths. To solve this issue,

distributed representations of words (word embedding) are used, where the terms in the text

are formatted as dense vectors. This can be done with the aid of padding (“pad”). Padding

allows us to get a fixed size input for the vocabulary of all the unique tokens in the corpus.

In the vocabulary, the texts cannot be directly portrayed as vectors, and to resolve this issue,

the unique tokens are placed with their indices. The biographical texts are converted into a

sequence of indices (positive integers), instead of a sequence of tokens. Then, a dense vector

is created from the term index sequences, where their representations are aligned to that

of the original text. Previous works have also shown that the distributed representation of
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words in vector space is embedded with rich semantic and syntactic information [126, 125,

144]. Therefore, we created a vector space model from the term index representation of

the texts in which the dense vectors were built from the biographical contents’ index-terms.

By representing the data in this approach, we expect to feed the classifiers with the crucial

knowledge embedded in each of the textual contents.

Text Pharmacist professor and specialist in geriatrics
Tokenized
term index

[ iPharmacist ] [ iprofessor ] [ iand ] [ ispecialist] [ iin ] [ igeriatrics ]

Original
term index

467 43 254 78 51 165

Table 3.1: Text, Tokenized term indexes

In Table 3.1, the first row shows the sequence of tokens (or term) of the biographic

content. The tokenized representation of indices i(term) in the vocabulary of each of the

terms is shown in the second row. Lastly, the third row shows the order of the original term

indices where the values are determined by the locations of the terms in the vocabulary.

Twitter Biographical Data of Users

As far as we are aware, there are no existing datasets available that provide a convenient

way to predict the medical professions of users. Hence, we have built a dataset that maps

users to their medical occupations based on their biographical content. Similar to the ap-

proach taken by Preoţiuc-Pietro et al., we have examined the Twitter users following Twitter

medical accounts having more than 100K followers. The Twitter users who had mentioned

their medical profession in the Twitter user description field (“Bio”), those description fields

were annotated. The users were selected from 1% of the sample taken through the Twitter
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Figure 3.2: Subset of the NOC classification hierarchy
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API [124, 33]. By analyzing the description fields of 45,000 users approximately, we found

out the following categories: empty description (10.75%), random contents (17.23%), found

user information but not related to medical occupations (55.87%), and medical occupations

related information (16.15%).

To map the Twitter users to their respective occupations, we have used the standardized

job classification taxonomy which is provided by the National Occupational Classification

(NOC). NOC is a Canadian government system, which is developed by the Office of National

Statistics for categorizing occupations. The NOC scheme consists of seven major medical

professional groups coded with digits from 1 to 7. Each major group is split into sub-major

groups that are enlisted with 2 digits, in which the first digit represents the major group

and the second group represents the sub-major group. Each sub-major group is further

categorized into minor groups coded with 3 digits. The minor groups are further broken

down into unit groups, which are indicated with 4 digits. The jobs are classified hierarchically

based on the skill requirements which are suitable for each of the jobs. The unit groups are

the end-leaves of the hierarchy and highlight the appropriate jobs related to each of the major

groups. Figure 3.2 shows a part of the NOC hierarchy. Even though there are several other

existing hierarchies, we base our research on the NOC classification list since it has been

published recently in 2016 and each of the major groups has also added the latest jobs and

provided a larger range of job titles, which was highly important in generating our dataset.

For building the dataset, 4-digit NOC unit groups were used to find suitable medical job

titles that suited best with the users’ medical occupation-related bio contents. As the Na-

tional Occupational Classification (NOC) unit groups have precise medical job designations.

The user accounts were combined into minor (3 digits) categories. To improve the quality

of the dataset, the accounts with their bio descriptions were manually examined and the

accounts of organizations and companies were removed which had no descriptions related to
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Occupational class National Occupation Classification Users

1 Nursing Occ. 1691
2 Doctor/Physician Occ. 2137
3 Dentist Occ. 257
4 Pharmacist Occ. 614
5 Dietitian/Nutritionist Occ. 1831
6 Medical technologist, technician Occ. 112
7 Paramedic Occ. 90

Table 3.2: The table shows the number of classes (left column) and classified jobs with
multiple sub-major groups (middle column) by National Occupation Classification. The
right-most column represents the number of users

minor category medical occupations. Moreover, to ensure that the users were not having any

fake accounts, 3-digit minor categories users’ accounts that had less than 50 user accounts

in their follower list were removed. Finally, a total of 6754 users from the minor categories

were combined in 7 sub-major National Occupational Classification (NOC) categories. The

seven groups were distributed as such: 25%, 31.6%, 3.8%, 9.1%, 27.1%, 1.7%,1.33%, 0.31%

(according to the classes in Figure 3.2) and the number of users for each of the classes are

shown in Table 3.2.

To build the vocabulary and VSMs, the preprocessed corpora of unlabeled biographic

contents were used for the biographic contents of each of the users. A guideline of annotations

was developed to annotate the biographic contents properly. The guideline explains how to

identify the occupation of the individual users, and includes descriptions and examples of the

medical professions. The bio contents were divided into four portions and four annotators

annotated each set of texts separately. Then, the labeled texts were further reviewed by

expert annotators. The dataset was divided into the ratio of 70:30 for training and testing

size.
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Figure 3.3: The generated vocabulary and VSM from the non-annotated texts

Data Processing

The vocabulary and Vector Space Model (VSM) were created from the non-annotated bi-

ographical contents and represented these texts as a sequence of dense vectors. Then, we

classified the contents with Long Short Term Memory (LSTM), Bi-LSTM, Gated Recurrent

Unit (GRU), Bidirectional Encoder Representations from Transformers (BERT), ALBERT

neural networks respectively. At first, a corpus of 6754 unlabeled medical occupation-related

bio contents was preprocessed in which URL links and emojis were filtered out. Certain

punctuation, duplicates, and texts with URLs were also removed. Secondly, each unique in-

dividual index terms were combined to create a vocabulary, and finally, a VSM was generated

from the preprocessed textual terms. Figure 3.3 below shows the step by step process of how

all unique terms in the vocabulary was generated and how the VSM model was constructed

from the vocabulary. The process of representing each biographical content of the annotated

corpus into a sequence of index vector is shown in Figure 3.4. In this process, the model at

first searches in the vocabulary for the locations of the biographical content terms and then

tracks down the required dense vectors from the location information. Finally, the vectors

are arranged accordingly for generating a sequence of term index vectors.
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Figure 3.4: Shows the input sequence of vectors into the neural networks for classification.
(Figure 3.5 describes the architecture in detail)

Figure 3.5: Architecture of the Model
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Figure 3.6: Metric Scores of the models
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Implementation

The architecture of the neural network model for this study is shown in Figure 3.5. The text

of each biographical content is compiled as a sequence of 67 index term vectors as 67 was the

largest number of terms collected from each of the contents. If in case, a text was less than

67 index terms, then the sequence was appended with the padding of indices. Each index

term was formatted as a 128-dimensional vector of the index corresponding to the term in

each of the biographical content. For each text, a sequence of 67 vectors of 128 dimensions

was fed to each of the neural network classifiers. The neural network models executed the

input sequence and generated the output. Our neural network models were based upon the

implementation in Keras, and TensorFlow was used as the backend and high-end Graphics

Processing Units (GPU) were used to execute the DNNs. Each of the models was composed

of three layers: word embedding layer, Long Short Term Memory (LSTM)/Bidirectional

LSTM (BiLSTM)/Gated Recurrent Unit (GRU)/BERT/ALBERT layer, and the final dense

layer to process the results. The dense layer is used to process the transition functions

generated from the neural network model layer from the input sequences and yields the

outputs in n dimensional vectors where n represents the number of classes. Each of the

models was trained individually, and accuracy was recorded in each of the epochs. We have

observed that the accuracy became stable at around 15 epochs, on average for all the models;

so we have selected 15 epochs for training our models. A batch size of 256 and learning rate

of 1e−5 was used for our models. Table 3.3 below further shows the hyperparameters for the

pre-trained BERT and ALBERT models.
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Hyperparameters Values
Drop out ratio for attention probability 0.1
Non-linear activation function relu
Hidden drop out probability 0.1
Embedding size 128
Maximum sequence length 67
Attention heads 12
Hidden layers 768
Hidden groups 1
Inner group number 1
Batch size 256
Learning rate 1e−5

Table 3.3: Hyperparameters of pre-trained BERT and ALBERT models

3.4 Results & Discussions

We have calculated the recall, accuracy, and precision weighted scores to evaluate the per-

formance of our approach of combining word embedding and each of the models respectively.

As our dataset is highly imbalanced, we have used weighted metric scores as shown in Table

3.4. As the weighted scores consider the label imbalance issue into account. We have used

the scikit-learn library for computing the metric scores [145]. The results have shown that

ALBERT has performed significantly better compared to the other neural network models.

ALBERT has achieved the highest accuracy, precision, recall, and F1-score. Furthermore,

we have compared the performance of these models with the traditional machine learning

models as well, to validate whether the DNN models perform better than the traditional

machine learning models. Overall from the scores, we can see that the DNN model outper-

formed in predicting the occupational classes of the users. This may be because DNNs try

learning high-level features from the textual data. Moreover, due to the availability of high-

end, robust computational engines like GPU, it is possible to execute the DNNs. Whereas,

for machine learning algorithms, domain expertise is highly required for hardcore feature ex-



CHAPTER 3. IDENTIFYING HEALTH RELATED OCCUPATIONS OF TWITTER
USERS THROUGH WORD EMBEDDING AND DEEP NEURAL NETWORKS 57

traction which makes the task much more challenging. Among the DNN models, ALBERT,

BERT, Bi-LSTM, and LSTM have higher precision scores compare to recall scores which

suggests that these models predicted more true positives than false positives. Besides, the

GRU model has a higher recall value compare to the precision score which shows that GRU

can correctly identify more true positives and fewer false negatives. ALBERT took the least

amount of time for being trained with the corpus due to its parameter-reduction techniques.

In contrast to ALBERT, BERT took the highest amount of time for training. Moreover, as

ALBERT takes fewer parameters compared to the BERT model, the training period of AL-

BERT is less than the amount it took to train BERT. BERT models are already pre-trained

with Wikipedia (2.5B words) and BookCorpus dataset (800M words) [102]. As the BERT

models are already pre-trained and it is capable of learning complex features faster than the

other DNNs.

Model Accuracy Precision
weighted

Recall
weighted

F1
weighted
score

Training
Time (s)

Naive-
Bayes

73.12 0.62 0.60 0.64 586

LR 78.07 0.70 0.70 0.70 574
SGD 79.83 0.74 0.78 0.75 607
GRU 89.76 0.83 0.86 0.88 357
LSTM 90.75 0.89 0.85 0.84 453
Bi-
LSTM

91.86 0.86 0.85 0.88 762

BERT 94.78 0.90 0.89 0.89 908
ALBERT 95.83 0.92 0.91 0.90 350

Table 3.4: Metrics Scores

We have also generated a heat map to analyze the performance of all the classes in
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each of the models which are shown in Figure 3.6. The color of the heat map changes

from red to blue, from 0.0 to 1.0 respectively where 0.0 represents the lowest score and

1.0 represents the highest score. From Figures 3.6d and 3.6e we can see that Bidirectional

Encoder Representations from Transformers (BERT) and ALBERT were able to identify

and classify most of the classes compare to the other models with the metric scores ranging

from 0.6 to 1.0. Although there were fewer data points for classes 6 and 7, yet it could

predict the classes better than the rest of the models. The number of data points for each

of the classes is shown in Table 3.2. The Bi-LSTM model was able to classify the classes

which have higher data points compared to the classes which have fewer data points shown

in Figure 3.6b. It predicted classes 1, 2, and 5 which has a better score for precision, recall,

and F1 score. Followed by the Long Short Term Memory (LSTM) model in Figure 3.6a

which could predict classes 1,2 5 properly compare to classes 3 and 4 which has fewer data

points than the classes 1, 2, and 5 as the intensity of blue color fades in the regions of

classes 3 and 4. Similarly, the GRU model in Figure 3.6c, the metric scores shows that the

model also performed well for classes 1, 2, and 5 but it performed lower than the LSTM

model when predicting the classes of 3 and 4. However, GRU performed slightly better

than LSTM and Bi-LSTM in predicting the classes of 6 and 7 which have the least data

points. Out of the machine learning models, Naive-Bayes in Figure 3.6f performed the worst

as it could neither predict the classes which had higher data points and lower data points

properly. As, for classes: 1,2,3,4,6, and 7 the score ranges from 0.0 to only 0.5. Compare

to Naive-Bayes model, LR and Stochastic Gradient Descent (SGD) in Figures 3.6g and 3.6h

have performed better. Overall, most of the models were able to predict classes, which have

higher data points compared to the classes that have lower data points. This suggests that

with an increasing number of biographic contents for each of the classes, the performance of

the models would increase especially of the Neural Network models. One of the reasons why
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most of the models performed with a lower score for classes 6 and 7 is because the job titles

vary a lot in these 2 classes as it has several minor groups, and many of the job titles belong

to these categories are not that much common.

Based on our observations, we can conclude that the neural network models especially

ALBERT perform well as the neural network classifier along with word-embedding may have

extracted linguistically rich semantic information embedded in each biographic content to

the ALBERT classifier and so this approach results in better classification performance.

3.5 Conclusion

In our approach, we have combined word embedding with deep learning neural network

models for predicting the professions of users working in the medical fields. Our research has

shown that by composing word embedding with neural network models it has outperformed

the conventional machine learning classifiers in identifying the medical occupations of users.

Moreover, traditional classification methods depend mostly on features developed by human

intelligence which can be very challenging to design. Hence, text classification tasks can

tend to become very slow when there is a burden to construct any particular attribute or

feature. Thus, classification tasks can be executed much faster when there is no need to

design any feature or specific attribute. In the future, the medical occupation dataset can be

further extended by adding the network features from each of the users. Network features

can be pre-processed from the follower/ following IDs from each of the users, and the features

generated from the social network graphs from each of the users can further contribute to

improve the occupation prediction of the users.
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Chapter 4

Analysis of link prediction using

Node2vec with Deep learning

framework

All of this chapter is submitted in a peer-reviewed journal :
To continue research efforts on designing efficient recommender systems, we present

a novel link prediction method for predicting links in a particular network. The two
main contributions here are as follows: a deep learning framework named NODDLE
(integration of NOde2vec anD Deep Learning mEthod), where we merge the features
extracted by Node2vec and feed them into a four-layer hidden neural network. Our
systems NODDLE takes advantage of adaptive learning optimizers for boosting up the
performance of link prediction. My responsibilities in this chapter covered from re-
search, development to implementation and article writing.
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4.1 Introduction

In social network analysis, link prediction is considered to be a fundamental problem, mainly

because of its importance in broad applications of social networks [3, 112, 182, 26, 35]. For

example on social media platforms, designing a recommender system is often achieved by

link prediction [3]. Moreover, it can be used in cybersecurity inspection to identify credit

card fraud, build effective recommender systems for shopping and film suggestions in the

e-commerce sector, and locate terrorist groups based on criminal and terrorist activities [35,

147]. In bioinformatics, link prediction is applied in predicting protein-protein interactions

containing important information about biomolecular behavior. Such interactions have the

potential to reveal answers hidden about diseases and cures [4]. Therefore, predicting such

upcoming links is a crucial component of graph mining and has been used extensively in

multiple fields.

The main objective of the link prediction problem is to predict the unseen edges that are

going to emerge in the graph. Based upon the snapshot assumption, when a snapshot of a

graph G(t) at time t is given, link prediction is assigned to compute which new upcoming

links will emerge in the future graph G(t′) within the time period [t, t′], where t′ = t+ n (n

is the sequence of snapshots) [115]. Link prediction is implemented on real-world network

graphs, that are often too massive and tend to be dynamic in nature as such graphs are

evolving at an extremely high speed. In addition, link prediction uses proximity-based

measures, such as the Jaccard coefficient, Resource Allocation, and Adamic Adar metric to

measure the probability of the upcoming links to the network [11]. The features extracted

are based on the local nodal properties as these functions use the information available

only from local proximity of the nodes. Although these metrics are used widely in multiple

applications because of their simplicity and interpretability, the problem arises when social
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network graphs become large with multiple users. As a result, predicting future links with

these measures becomes a very challenging task. Most importantly, hidden and meaningful

knowledge lies between the nodes and edges of networks [4]. The analysis of these graphs is

an extremely difficult task especially when large-scale network data is composed of billions of

nodes and edges [176]. Thus, it is highly important to build effective algorithms for network

analysis.

Traditional approaches consisted of using link prediction statically by using only a single

snapshot of a network for predicting future links. This prediction task is a time-dependent

problem, where a network enlarges over some time [153]. Hence, the dynamic network

concept was initiated in which the structure of the network is captured in multiple snapshots

over a span of time [202]. Compared to static link prediction, dynamic link prediction is

considered to be more valuable and challenging. The evolvement of the network structure

offers much more information which not only adds a whole new dimension in the process of

network analysis but also helps with achieving a better link prediction performance [154].

The problem arises when the number of edges and nodes increases at a faster rate as it

becomes very challenging to extract or infer any reasoning and information from the whole

network [65]. Dimensional reduction techniques have been used to solve this issue, which

transforms the nodes of a graph into lower dimensional latent representations [157]. These

representations can be used as features for executing tasks in graph mining, such as clustering

and link prediction [187].

Similarly, network representation learning algorithms such as Node2vec have also been

used to tackle this issue, in which node2vec conducts high order proximity by escalating

the probability of finding successive neighboring nodes within a fixed length of random walk

[65]. This method can efficiently find the equilibrium position between breadth-first search

(BFS) and depth-first search (DFS) graphs by developing random biased walks. As a result,
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it can succeed in embedding rich quality data, enabling node2vec to preserve the structural

balance of the node communities.

Although node2vec has been successful at achieving high link prediction performance,

it still has many shortcomings [37]. Firstly, node2vec is a local approach that takes short

random walks to get exposed to only the local neighborhood of nodes [36]. Hence, completely

it ignores the global relationship of nodes that might have longer distances. Due to taking

short walks, the learned representation may be unable to comprehend the important global

structure of the model. Secondly, node2vec uses the Stochastic Gradient Descent (SGD)

method for resolving non-convex optimization problems, where the non-convex constraints

may have various regions and many locally optimal points within each region [8, 81]. The

algorithm repeatedly gets updated when SGD is used as the objective function. This causes

the optimal points to vibrate frequently and possibly causes them to get stuck in a local

minimum. Due to the complexity of the growing networks, recent researchers have focused

on applying deep learning techniques to evaluate the complex relationships that exist in

graphs and visualize the hidden patterns [181].

In order to tackle these problems we propose NODDLE (integration of N0de2vec anD

Deep Learning mEthod), a deep learning framework in which we combine the features

extracted by node2vec algorithm and feed into four layers of hidden neural network and

optimize its performance by using different types of optimizers which includes Adaptive

Moment Estimation (ADAM), Adamax, An Adaptive Learning Rate Method (ADADELTA),

and Adaptive Gradient Algorithm (ADAGRAD) respectively. Next, we have compared our

approach with the benchmark methods that include Adamic Adar (AA), Jaccard co-efficient

(JC), and Preferential Attachment (PR) [53, 94, 194].

The rest of the chapter is organized as follows. Section 4.2 presents background on the

previous studies conducted on link prediction of social networks with heuristic based, machine
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learning and deep learning approaches. Section 4.3 introduces our proposed approach in

details, including our data preparation method and the method for combining node2Vec

with our deep learning framework. Afterwards, in section 4.4, we validated our proposed

approach on real-world social network data and analyzed our results. Finally, Section 4.5,

draws the conclusion of the chapter.

4.2 Related Work

Heuristic Similarity Metrics

Liben-Nowell and Kleinberg proposed a link prediction problem for social networks using

multiple heuristic functions [112]. They found that topological features can be used to predict

a future edge between two nodes that showed high “similarity” or “proximity” between

the target nodes. Furthermore, their findings conveyed that heuristic measures notable

correlation with the predicted future links such as Adamic/Adar and Katz centrality [2, 87].

Many of the researches emphasized on enhancing the performance of heuristic functions

by increasing the neighbour-based attributes to second, third or higher adjacency degrees.

For instance, Yao et al. presented an improved common neighbors heuristic algorithm that

includes nodes with a distance of two hops and used time-decay for recent snapshots to have

a greater weight [191]. Kaya et. al. used progressive events to calculate the possibility of

future links in a time-weighted fashion [88]. In addition, Deylami and Asadpour proposed

a community detection algorithm to identify high activity clusters [50]. Similarity metrics

have also been used for common link prediction problems to detect events in social networks

and cognitive radio networks [77, 76, 199].
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Machine Learning & Deep Learning

Link prediction can be computed by both supervised and unsupervised techniques. Unsu-

pervised methods comprise of developing the heuristic approaches to determine the score

for the likelihood of each upcoming link [173]. Similarity metrics are most commonly used

for measuring the intensity of the relationship that exists between the nodes. Topological

features of the nodes such as common neighbors and graph distances are used to measure the

strength of the interaction between the nodes [5]. Conversely, supervised methods involve

treating the link prediction problem as a binary classification task in which the edges and

non-edges of a network model are employed for training a classifier [107].

Compared to heuristic-based approaches, machine learning techniques have proved to be

better at link prediction tasks as these models have received higher prediction accuracies.

Yet, the major problem that arises with machine learning models is representing the graphical

features, since it is not possible to use the large scale graphs as input into the machine

learning models. As a result, researchers have attempted to extract features. For example,

Hasan et al. have attempted to extract multiple graph features and implemented the features

with various machine learning algorithms such as Decision trees, Naive Bayes, and k-Nearest

Neighbors [5]. Similarly, Bechettara et al. have implemented topological-based features

of bipartite graphs with decision trees [20]. Doppa et al. proposed a supervised feature

vector based approach with k-means classifier for link prediction [52]. Even though machine

learning techniques have shown to achieve better prediction accuracy, these methods rely

highly on features developed by human intelligence and thus engineering such features is

extremely tedious and slow. As a result, most of the state-of-art link prediction techniques

utilize deep neural networks for their exceptional learning ability.

A deep neural network model is mainly defined as a group of models in machine learning
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consisted of multiple connected layers. The layers generate output-yielding nodes where the

parameters of the neural network layers are tuned in continuous iterations to reduce the error

between the final output and original value [29]. Li et al. has explored a neural network

structure as a conditional temporal Restricted Boltzmann Machine (ctRBM) which expands

on the architecture of a RBM to integrate the temporal elements of a dynamic changing

network [110]. Furthermore, Zhang et al. suggested the neural network model as a means of

feature representation by using the term, Social Pattern and External Attribute Knowledge

(SPEAK); these features are used as input in deep neural network models [196]. Ozcan A, has

proposed a link prediction algorithm that extracts multi-variable features from heterogeneous

networks, and it is based upon non-linear autoregressive neural networks [140]. This method

was tested on various datasets and has shown to outperform the existing algorithms which

focus on only single variable features. Zhang et al. have proposed a framework that uses

graph neural networks for learning general graph features for link prediction [196]. Graph

neural networks are defined as a message-passing algorithm, in which the message represents

the features extracted from each node in a graph, and their effects on the edges and nodes

are learned by neural networks [120]. Their framework has also shown promising results in

the online social networking Stanford dataset of Facebook [196]. Therefore, state-of-the-art

research has mainly focused on learning multiple features from graphs at an extensive level as

such features contain hidden and meaningful insights into link probability. With the rise of

complex growing networks, deep learning techniques have shown to produce highly accurate

results. Besides, deep learning can model the complex relationships that are hidden in the

network data and has the potential to reveal unseen patterns hidden beneath the billions of

nodes and edges [153].

Further research is being conducted to improve the performance of link prediction by

applying both supervised, unsupervised, and semi-supervised approaches [114, 206]. Semi-
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supervised learning is conducted by combining a small proportion of labeled data with a large

pile of unlabeled data during the training process. As mentioned earlier, a semi-supervised

approach such as node2vec has shown to outperform existing supervised approaches since it

can maintain the community structure and can embed better quality information [65]. In

addition, neural networks are also being currently used to enhance the performance of link

prediction. These novel methods, which take advantage of neural networks, have proven to

be effective with high performance [109]. Such methods are capable of producing preferable

link prediction results in large complex networks. Even so, a primary disadvantage to such

approaches is that the training and prediction process is highly time-consuming.

4.3 Proposed Approach

This section explains the strategy of solving the problem with deep learning method. Algo-

rithms 1 and 2 provide insights on how we have aggregated the connected and unconnected

pairs from the network that were used to build the training dataset. The overall steps for

preparing graph with connected and unconnected pairs from the raw network graph for gen-

erating our model are explained in Algorithm 3. Then we explain the node2vec model for

extracting the features from the training network dataset. Finally, we have shown how we

have developed the deep neural network framework with improved optimizers for executing

AUC scores for the link prediction of the network. Figure 4.1 provides the overview of our

proposed approach.
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Figure 4.1: Overall structure of the proposed approach
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Problem Statement

A sequence of snapshots in time from t to t + n is defined as a dynamic network in which

the set of edges in each snapshot depicts the links present at time t. The link prediction

problem is such that given snapshots from t to t + n, return the score for the possibilities

of edges at time t + n. Figures 4.2a and 4.2b show a dynamic network with two snapshots.

Given the information at time t, we would like to predict the likelihood of link prediction at

time t+ n.
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(a) At time t, the dotted lines
represents the future links
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(b) At time t+n, the new links have formed

Figure 4.2: Above figures show a dynamic network with two snapshots

Data Preparation

In real time scenarios, networks data is extremely large, and it is highly imbalanced as

it contains a higher number of unconnected nodes than connected nodes. Therefore, it is

always a challenge for the model to learn features from connected nodes since the connected

node pairs are often much fewer in number than the unconnected nodes. Hence, we provide

a way for preparing the data in a computationally economical way that can extract the
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unconnected and connected node pairs from large number of imbalanced network data. Below

we have discussed in details how we have sampled the positive (connected) and the negative

(unconnected) node pairs.

Aggregation of Unconnected Samples

In order to find the negative sample that depicts the unconnected nodes, we have built an

adjacency matrix with the aid of networkx library. The connected and unconnected nodes

are represented as rows and columns for each of the nodes. As the values in the matrix are

same for above and below the diagonal of the adjacency matrix, we only focus on finding

the positions of the unconnected nodes from above the diagonal to make the approach

computationally efficient. Algorithm 1 shows the complete steps for finding the unconnected

nodes. We have also used the networkx library for finding the shortest path between the

unconnected nodes and only select the unconnected nodes that are within the distance 3,

after experimentation with other configurations. The unconnected node pairs were labeled

as ‘0’, as the unconnected node pairs represent the negative links.

Aggregation of Connected Samples

Some of the edges from the graph will be randomly removed and labelled ‘1’ since, these

edges connect the nodes and show the presence of links. Thus, when training the model, it

will be able to predict such potential links at time t+n. However, it is essential to ensure that

the graph’s nodes do not become completely isolated when dropping the edges since taking

such a step can lead to misrepresentation of data, and the model will be trained poorly.

Thus, when removing an edge, we ensure this does not lead to splitting the graph and the

number of connected nodes is ≥ 1 . If the removed edge satisfies both of the conditions, only
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then the edge is dropped, and the process is repeated for the next pairs of nodes. Algorithm

2 shows the steps for accumulating the positive samples.

Algorithm 1: Finding all Unconnected pairs
Input: Adjacency Matrix as AdjM , Graph G = (N,E)
Output: All unconnected pairs as UCP

1 UCP ← φ // empty dataframe for all unconnected pairs
2 for each row in AdjM do
3 for each column in AdjM do
4 if row.index 6= column.index then
5 if FindShortestLength (G, row, column) ≤ 3 then

/* using networkx for shortest length function */
6 if AdjM [row, column] == 0 then
7 Append N.row, N.column to UCP

8 Return UCP

Algorithm 2: Finding all Connected pairs
Input: Graph G = (N,E)
Output: Connected Pairs as CP

1 CP ← φ // Empty set of connected pairs
2 for each e in E do
3 G′ ← RemoveEdge(G) // remove edge from a node pair and generate a

new graph as G′

4 if the new nodes are not completely isolated then
5 CP ← Append(G′.node, G′.edge)

6 Return CP

NODDLE (integration of node2vec anD Deep Learning mEthod)

Node2vec algorithm is a feature extraction method, used to generate vector representations

of nodes on a graph. It is mainly a local approach that uses random walk to search for

the local neighborhood of nodes. The algorithm uses direct encoding and a product-based
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Algorithm 3: Data Preparation for generating Model
Input: Node as N and Edge as E
Output: New Graph as G′

1 G ← φ // Graph
2 AdjM ← φ // Adjacency Matrix
3 UCP ← φ // Empty set of unconnected pairs
4 CP ← φ // Empty set of connected pairs
5 for each n, e in N, E do
6 G ← (n, e) // Creating network Graph with networkx library
7 AdjM ← AdjacencyMatrix (G) /* Create Adjacency Matrix from nodes and

edges with networkx */
8 UCP ← UnconnectedPairs (AdjM,G) // Algorithm 1
9 CP ← ConnectedPairs (G) // Algorithm 2

10 G′ ←Create NewGraph (UCP, CP)
11 Return df

decoder. Therefore, node2vec embedding is defined as such:

DE(si, sj) ∼=
ez

T
i zj∑

vk∈V e
zT

i zk
≈ (P,R(vj|vi)) (4.1)

In this Equation 4.1, DE(si, sj) represents the decoded product based proximity value,

the probability of visiting to node target node vj from the source node vi with fixed length of

random walk R is denoted by (P,R(vj|vi)). (P,R(vj|vi)) can be calculated for both random

and undirected graphs. Cross entropy loss for node2vec is calculated by the following formula:

Loss =
∑

(vi,vj)∈Deno
− log(DE(si, sj)) (4.2)

The training set is generated by collecting random walks from a source node vi in which

the N pairs of vi for each node are collected from the probabilistic distribution of (vi, vj) ∼

(P,R(vj|vi)). However, it is extremely expensive to calculate the cross entropy loss because

of the high computational costs for evaluating O(|Deno||V |), as O(|V |) has a high time

complexity when computing the denominator Deno of Equation 4.1. As a result, node2vec

uses various optimization and approximation methods for computing the cross entropy loss
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is Equation 4.2 for reducing the computational costs. “Negative sampling” approximation

method is used by node2vec to evaluate Equation 4.2. It is easier to calculate entropy loss

for labeled data, however, the problem arises when there is a higher proportion of unla-

belled data. Contrastive loss has been introduced to calculate the loss for semi-supervised

approaches [38]. Contrastive loss calculates the distance between two positive examples and

compares it with the distance between two negative examples. Moreover, triplet loss has also

been introduced that takes three inputs during training: the Anchor, the positive, and the

negative [169]. The Anchor input can be any input, the positive has to be an input belonging

to the same class as the anchor, and the negative has to be an input with a different class

than the anchor. The Triplet Loss reduces the distance between an anchor and the positive

inputs while increasing the distance between the anchor and the negative inputs.

The node2vec takes into account a random set of negative samples for approximately cal-

culating the normalization factor instead of letting the entire set of vertices to be normalized

[65]. Additionally, node2vec applies two hyper parameters p and q. The probability of going

back to a previous node after visiting a new node is controlled by p. The hyper parameter

q controls the possibility to explore new nodes of the graph. When these hyper parameters

are employed, node2vec can interpolate between the walks much more smoothly and the ap-

proach becomes similar to BFS and DFS. Grover et al. also demonstrated that when the two

hyper parameters are well-adjusted, it enables node2vec to preserve the structural balance

between the nodes [65]. However, node2vec still has its own drawbacks. node2vec uses SGD

method for solving the non-convex optimization problem [104, 61]. The algorithm constantly

gets updated when SGD is used as the objective function which causes the optimal points

to vibrate frequently, leading the optimal points to dismount into the local minimum range.

Besides, SGD keeps the learning rate constant when the parameters are updated. As a

result, SGD cannot adapt the learning rate and adjust it for carrying out greater updates
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on lower frequency features [160]. Hence, Adam, Adamax, and Adadelta optimizers have

been introduced to resolve this issue. These optimizers are able to incorporate different

learning rates with different parameters. Compared to SGD, these optimizers are much more

compatible for large network datatsets in high dimensional spaces and most importantly for

non-convex optimization objective functions. Furthermore, deep learning techniques are also

applied to study the complex relationships that exist with the growing networks. Hence, we

are focusing on improving the performance of link prediction by fusing node2vec with deep

learning framework, in which the framework is supported with improved optimizers.

Algorithms 4 and 5, show the steps of the node2vec algorithm. The algorithm at first

learns the representations of the nodes by generating a random walk with a length of l,

which starts from each of the nodes. When the step is taken in each of the walks, sampling

is conducted with the transitional probability of θvx. The transitional probability θvx of the

second order Markov chain is at first calculated so that node sampling can be computed effi-

ciently by using the alias method in O(l) time. In the final phase the transitional probability

preprocessing is conducted sequentially and optimization of SGD is used.

Algorithm 4: Node2Vec Algorithm
Input: Graph G′ = (N,E), dimension dim, Walks per node r, Walk Length l,

Context size h, Return p, In-out q
Output: final Stochastic gradient descent function as f

1 θ = PreprocessModifiedWeights(G, p, q) G′ = (V,E, θ) Initialize walks to empty
2 for iter 1 to r do
3 for all nodes u ∈ V do
4 walk = node2vecWalk (G′, u, l)
5 Append walk to walks

6 f = Stochastic gradient descent (h, dim, walks)
7 Return f
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Algorithm 5: node2vecWalk Algorithm
Input: Graph G′ = (N,E), Start node u, Length l, Context size h, Return p,

In-out q
Output: walk

1 node2vecWalk(Graph G′ = (N,E), Start node u, Length l, Context size h, Return
p, In-out q) Initialize walk to [u]

2 G′ = (V,E, θ)
3 Initialize walks to empty
4 for walk from 1 to l do
5 curr = walk[−1]
6 Vcurrent = GetNeighbours(Current,G′)
7 s = AliasSample (Vcurrent, θ)
8 Append s to walk
9 Return walk

Deep learning Framework

In the final step, we built a deep learning network in which the features extracted from

node2vec are fed into a four layer hidden neural network. As mentioned earlier, the SGD

optimization function of node2vec has limited capabilities to adapt with different learning

rates. As a result, for boosting up the performance of link prediction task, we built the

deep learning model with adaptive learning rate optimizers: Adam, Adamax, Adadelta, and

Adagrad respectively. This approach is treated as a supervised classification problem, where

the aim of the network is to yield a single value representing the probability for a given edge.

Thus, we end the deep learning framework with a sigmoid activation function, so that the

score is between 0 and 1.

Optimizers

Below we have discussed the different types of optimizers that were used with the deep

learning framework.
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• Adagrad: Adaptive gradient, or AdaGrad, divides the learning rate by the square root

of v, which is mainly the cumulative sum of current and past squared gradients up

to time t [53]. Moreover, the gradient component is unchanged just like in SGD. The

Adagrad is defined as such:

wt+1 = wt −
ρ√
vt + ε

· ∂L
∂wt

(4.3)

In Equation 4.3, wt is the current weight at time step t that needs to be updated, ρ

represents the learning rate and ∂L
∂wt

denotes the gradient descent to update the weight

at wt and ε is a constant value.

• Adadelta: Adadelta is a much more powerful extension of Adagrad that emphasizes

on the learning rate component [194]. The optimizer is based on updating gradient

using sliding window technique instead of aggregating all the previous gradients. In

Adadelta, the difference between the current weight and the updated weight is denoted

by ‘delta’. Furthermore, the learning rate parameter is replaced by T , the exponential

moving average of squared deltas and is defined in Equation 4.4.

wt+1 = wt −
√
Tt−1 + ε√
vt + ε

· ∂L
∂wt

(4.4)

• Adam: Adaptive moment estimation, or Adam focuses on the gradient component

by using ŝ, which estimates the exponential average of the moving gradients [94]. In

addition, the learning rate component is calculated by dividing the learning rate ρ by

square root of v which is the exponential moving average of squared gradients. The

equation is defined as below:

wt+1 = wt −
√
Tt−1 + ε
√
vt + ε

· ŝt (4.5)
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• Adamax: AdaMax is a variation of the Adam optimiser which uses infinity norms

[94]. The infinity norm is used to calculate the absolute values of the v components

in a vector space (‘max’)and ŝ refers to the estimated value of the exponential average

of moving gradients, and v is the exponential moving average of previous p-norm of

gradients, that is approximately the max function as defined below:

wt+1 = wt −
ρ

vt
· ŝt (4.6)

4.4 Experimental Results & Discussions

This section will evaluate our proposed model on real-world data network datasets and

examine how our model is more effective than the existing benchmark methods, including

Adamic Adar, Preferential Attachment and Jaccard Coefficient.

Datasets

We evaluate our model on Facebook1 and Twitter2 datasets that consists of nodes and edges.

Table 4.1 shows the overview of the five network datasets. First four of these datasets were

collected from the SNAP website. Also, with the aid of Twitter API we have extended a

Twitter dataset of around 7,000 users who have follow Twitter medical accounts [91]. The

extended dataset contains the follower and following IDs of the users working in medical

profession. Public biographical contents of the users were used for finding the occupation of

the users. The dataset is described in details in chapter 3.3.
1https://snap.stanford.edu/data/egonets-Facebook.html
2https://snap.stanford.edu/data/egonets-Twitter.html
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Dataset Number of nodes Number of edges
Twitter 81,306 1,768,149
Facebook1 4,039 88,234
Facebook2 1,046 27,794
Facebook3 546 5,360
Occupation 6,754 470,168

Table 4.1: Details of the Datasets

Results & Discussions

Our proposed model was implemented in Python 2.8.6 and the experiment was conducted

on Lakehead University’s HPC (High Configuration GPU enabled PC). In our model we

have used four layer fully connected deep neural network with 1024 ReLU neurons in each of

the hidden layers. Then, developed our deep learning framework using Adagrad, Adadelta,

Adam and Adamax optimizers to improve the performance of link prediction task.

We have calculated the Area Under ROC Curve (AUC) scores to evaluate the perfor-

mance of our approach of combining node2vec and deep learning framework with each of the

optimizers, respectively. The AUC score is defined in Equation 4.7:

AUC = D0 − n0(n0 + 1)/2
n0n1

(4.7)

In Equation 4.7, n0 and n1 denotes the number of positive and negative class links,

respectively and D0 = ∑
ri, where ri represents the rank of the index i in the positive class

link in terms of similarity index. Also, AUC ∈ [0, 1], in which the higher the value of AUC,

the higher the link prediction accuracy of the algorithm. We have compared the performance

of our approach with the traditional link prediction benchmark methods: Adamic Adar (AA),

Jaccard Co-efficient (JC) and Preferential Attachment (PA). In AA, the association between

two neighbouring nodes with a smaller degree may occur more than a node with a higher
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degree [204]. For instance, it will be more likely for two fans of a celebrity to not know each

other. Yet, if two users follow a celebrity who has less fans, then those two users will have

a higher chance to have similar interests or tend to be in the same social circle. JC believes

that the probability of the presence of links is proportional to the number of two nodes’

neighbors [66]. For example, if any two Twitter users tend to have similar interests then

they have a higher chance of having some type of connections with each other. Research

have shown that the rate of an edge to be connected to a node is proportional to the degree

of the node [1]. Thus, PA states that the chances of a new edge to be connected to a node

is related to the degree of the node such as two popular celebrities will have a higher chance

to know each other since they have higher degree compare to two ordinary persons. The

equations of the following algorithms are stated in Equations 4.8, 4.9, and 4.10:

sAA =
∑

x∈Γ(i)∩Γ(j)

1
log kx

(4.8)

sJC = |Γ(i) ∩ Γ(j)|
|Γ(i) ∪ Γ(j)| (4.9)

sPA = kx · ky (4.10)

Table 4.2 shows the AUC scores we have obtained from the link prediction algorithms.

Overall, node2vec and the node2vec optimized algorithm (Node2Vec+DL) has performed

better than the traditional benchmark methods. This might be because node2vec algorithms

can learn high level features from the network data [65]. Moreover, as high-end robust

computational engines like GPU are readily available now, it is possible to execute the DL

models. Whereas, predicting future links from large network data is challenging for the

existing benchmark methods. Among the DL models, node2vec with Adamax optimizer has

received the highest AUC score in Occupation and Facebook1 and Facebook2 datasets. This

is because the Adam optimizer is an upgraded optimizer that has the combined features
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Link Prediction Algorithm AUC Score
Twitter Occupation Facebook1 Facebook2 Facebook3

Node2vec 0.895 0.876 0.938 0.873 0.861
Node2Vec + DL (Adam) 0.902 0.931 0.934 0.862 0.855
Node2Vec + DL (Adamax) 0.916 0.945 0.941 0.879 0.882
Node2Vec + DL (Adagrad) 0.911 0.911 0.932 0.845 0.851
Node2Vec + DL (Adadelta) 0.924 0.932 0.908 0.871 0.863
Adamic Adar 0.897 0.711 0.898 0.878 0.734
Jaccard-Coefficient 0.897 0.748 0.901 0.856 0.699
Preferential Attachment 0.891 0.803 0.835 0.801 0.76

Table 4.2: AUC Scores of the Link Prediction Algorithms

of RMSprop and Momentum optimizer [184, 41]. The momentum optimizer has shown to

be very efficient as it replaces the current gradient with an aggregation of gradients. This

aggregation is the exponential moving average of current and past gradients causing the

process to be optimized at a faster rate. Moreover, the RMSprop optimizer also calculates the

exponential moving average of the gradients instead of taking the cumulative sum of squared

gradients. Therefore, enhancing the overall performance. The node2vec with Adadelta

optimizer has performed best in Twitter and Facebook3 dataset. The model with Adamax

optimizer has performed better than the rest of the optimizers across three datasets which

proves that the Adamax optimizer modified over Adam optimizer, performs better than the

Adam optimizer. Similarly, the model with Adadelta optimizer has performed better for

Twitter and Facebook3 datasets than the Adagrad optimizer. This has demonstrated that

the Adadelta optimizer which is a improved version of Adagrad optimizer has achieved better

performance score than the Adagrad optimizer. Thus, from the results in Table 4.2, we can

see that optimizers of the DL framework have increased the performance of the node2vec

algorithm. The model proposed in this chapter has acquired higher AUC scores than the

existing benchmark and node2vec method. Also, the AUC scores of the node2vec with
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improved optimizers of the DL framework are highest across all the datasets.

4.5 Conclusion

In this chapter, we explored the drawbacks of the node2vec algorithm when boosting up non-

convex functions. In other words, the likelihood of falling into a local minimum due to lack

of network knowledge and SGD optimizer’s incapabilities to execute adaptive adjustment of

the learning rate. Hence, such a scenario makes it extremely difficult for node2vec to process

sparse social networks. As a result, in this chapter we proposed NODDLE, a deep learning

framework, where we have merged the features aggregated by the node2vec algorithm and

used them as inputs into a multi-layer neural network optimizing its performance by using

different types of improved optimizers such as Adam, Adamax, Adadelta, and Adagrad.

Compared to the various baselines, the results of experiments on real-world social networks

proved that our approach not only enhances the prediction accuracy, but it is much more

effective and efficient.
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Chapter 5

Conclusion

Firstly, a survey is presented that focuses on the idea of homophily as well as relevant social

network issues Chapter 2. This survey summarises the state-of-the-art methods that have

been proposed in recent years to define and quantify the impact of homophily in various types

of social networks. This enables us to identify unsolved problems and research gaps. A model

is designed based on the textual properties of the Twitter users’ bio contents to identify

Twitter users working in medical professional fields in Chapter 3. The proposed model

composes word embedding with neural network models, that include: LSTM, Bidirectional

LSTM, GRU, BERT, and ALBERT. It is observed that by combining word embedding with

neural network models eliminates the need to develop any specific attribute or feature.

Lastly, based on the homophily concept in Chapter 4, a link prediction model is pro-

posed by using the Twitter users’ followers and following IDs. Link prediction algorithm

such as Node2vec yields good result when predicting links in evolving networks. However,

the Node2vec’s Stochastic Gradient Descent (SGD) method is prone to falling into a local

optimum, and as a consequence Node2vec fails to capture the network’s global structure. To

resolve this problem, NODDLE is proposed. NODDLE is a deep learning architecture that
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combines the Node2vec’s extracted features and feeds them into a four-layer hidden neural

network. Adaptive learning optimizers are used in our approach to improve the efficiency of

link prediction.

To summarize, this research work aimed to encourage further comprehensive study of

social network sciences by using both textual and network properties of social media plat-

forms with deep learning techniques. This is highly important, as deep learning techniques

can process data at higher volume and speed. This thesis can act as a basis by providing

solutions to building effective recommender systems for social networks.
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International Journal of Hospi-

tality Management
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model parameter estimation for
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tion Management
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Neurocomputing 7 Q1 110 2019

Semi-supervised classification

with graph convolutional net-
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arXiv 3196 - - 2016

An analysis of the user occupa-

tional class through Twitter con-
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Proceedings of the 53rd Annual

Meeting of the Association for

Computational Linguistics and

the 7th International Joint Con-

ference on Natural Language

Processing (Volume 1: Long Pa-
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134 - 51 2015

A simple model of homophily in
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European Economic Review 66 Q1 116 2016
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ing link-based priors [190]
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Natural Language Processing

5 - 88 2015

Effect of homophily on network

formations [93]

Communications in Nonlinear

Science and Numerical Simula-

tion

21 Q1 96 2017

MedLDA: maximum margin su-

pervised topic models [207]

Journal of Machine Learning Re-

search

443 Q1 173 2012

Topic models conditioned on ar-

bitrary features with dirichlet-

multinomial regression [128]

arXiv 389 - - 2012

Gibbs max-margin topic models

with data augmentation [208]

The Journal of Machine Learning

Research

75 Q1 173 2014

Lexical and hierarchical topic re-

gression [137]

Advances in neural information

processing systems

61 - 54 2013

Distributed representations of

words and phrases and their com-
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Advances in neural information

processing systems

18726 - 54 2013

A density-based method for

adaptive LDA model selection

[30]

Neurocomputing 276 Q1 110 2009
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Reading tea leaves: How humans

interpret topic models [34]

Advances in neural information

processing systems

1668 - 54 2009

Optimizing semantic coherence

in topic models [129]

Proceedings of the conference on

empirical methods in natural lan-

guage processing

918 - 88 2011

The effect of calorie posting reg-

ulation on consumer opinion: A

flexible latent Dirichlet alloca-

tion model with informative pri-

ors [150]

Marketing Science 34 Q1 113 2017

Specification of exponential-

family random graph models:

terms and computational aspects

[131]

Journal of statistical software 302 Q1 115 2008

Exponential random graph mod-

els for social networks: Theory,

methods, and applications [116]

Cambridge University Press 705 - - 2013

Opening the black box of link for-

mation: Social factors underly-

ing the structure of the web [62]

Social Networks 77 Q1 85 2009
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An introduction to exponential

random graph (p*) models for so-

cial networks [158]

Social Networks 1677 Q1 85 2007

Reconsidering power in multi

stakeholder relationship manage-

ment [162]

Management Communication

Quarterly

12 Q1 55 2018

Why the Bass model fits without

decision variables [17]

Marketing Science 1044 Q1 113 1994

Tweetmotif: Exploratory search

and topic summarization for

twitter [138]

Fourth International AAAI Con-

ference on Weblogs and Social

Media, 2010

411 - 60 2010

A method of establishing groups

of equal amplitude in plant so-

ciology based on similarity of

species content and its applica-

tion to analyses of the vegetation

on Danish commons [170]

Journal of Machine Learning Re-

search

2871 - - 1948
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