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ABSTRACT

The advances in technology and data science affect many fields positively. One of

these fields is education. Learning analytics have the potential to develop new ways

of achieving excellence in teaching and learning. The companies try to use learn-

ing analytics techniques for their employees’ education and aim to improve employee

performance. The education data sets of Softtech employees are used in this study.

Softtech is a software company in Turkey, and those data sets include different types

of technical, non-technical, online, and offline education. All data sets are combined,

and an employee network is created by connecting employees via education. In this

study, complex network analysis, dynamic and static network analysis, link prediction,

and machine learning techniques are applied with the aim of creating an education

recommendation system.

The study initially began with community detection in dynamic networks. During

the application phase, it was concluded that due to the changes caused by the impact

of the COVID-19 pandemic in the data, it was not suitable for community detection

in dynamic networks. Therefore, it was decided to proceed with the link prediction

method in the study. But the network is extensively examined as a dynamic network.

In method section, all the methods used in the study are explained in detail. Firstly,

information about how dynamic and static networks are generated is provided. Subse-

quently, information regarding the analysis of all micro, macro, meso, and time series

required for the analysis of a complex network is shared. Descriptions of all the parame-

ters used in the analyses are provided. After the information about network generation

and analysis, a literature review on link prediction methods is shared. Afterwards, in-

formation regarding machine learning algorithms to be used for link prediction and

performance evaluation metrics for these algorithms are shared. Finally, the method

stage is completed by creating a template for machine learning-based link prediction

for the education network of employees.

When it comes to the application part, dynamic networks are firstly created. These



dynamic networks are analyzed using the methods described in the method section,

and the results are shared. There is data available for a period of 5 years, from January

2017 to December 2021. These data sets are separated on a monthly basis to create

dynamic networks. At the end, a total of 59 monthly network files are obtained.

Networks are generated from each network file. The connections between employees in

relation to their education and the evolution of these connections are visualized on a

monthly basis. Visuals from the year 2017 are shared to provide an idea. Sequentially,

macro, micro, and meso analyses are conducted for each network. Based on these

analysis results, the node counts, link counts, network structures, centrality measures,

and community structures of each network are visualized. Information such as the

node with the highest degree, the node with the highest betweenness centrality, and

the nodes belonging to the same community can be accessed from these visualizations.

Some of this information is shared to provide an idea. In the time series analysis section,

each parameter is examined over time, and it is checked whether predictions can be

made for the future. The impact of the COVID-19 pandemic is evident here. During

the quarantine period, all employees work from home, resulting in an increase in the

number of employees receiving education (node count) and the number of education

sessions (link count) during the COVID-19 pandemic. Due to the lack of a regular

distribution, successful results are not observed in terms of prediction. Additionally,

the sudden decrease in the number of nodes (employees receiving education) in August

2018 indicates a period of mandatory collective leave.

After analyzing and examining the data, the link prediction process is initiated. After

explaining the raw data, the newly created education dictionary, and the newly gener-

ated static network structure, link prediction methods are applied in sequence. A total

of 15 different link prediction methods are applied. Data until 2021 is used as training

data, and data for 2021 is used as test data. These operations are performed using

both training and test data. The output file contains 15 attributes corresponding to

15 methods. The output file also includes a label attribute indicating whether there is

a connection between nodes in the network. Some of the connection prediction results

are shared for illustrative purposes. Ultimately, two separate output files are generated,

one for the training data and one for the test data, with 21 columns and 222778 rows

each.



The output files generated in the previous step are used as input files in the machine

learning step. Prediction is being attempted using machine learning algorithms such

as XGBoost, gradient boosting, random forest, logistic regression, support vector ma-

chines, and multilayer perceptron. Accuracy, precision, recall, and F1 score values are

being examined to compare the accuracy of the models. The results of these values

are shared in tables. Different preferences can be made for the model, but generally,

support vector machine seems to be more preferred due to its consistency. All of its

values are greater than 98%.

The results indicate that the machine learning-based connection prediction method can

be used in our study. It is observed that it is applicable to our data, and the results

are usable. The subject of how to improve it is addressed. In the next stage, education

information can also be recorded on the connections. The strength of the connection

can be considered based on the number of shared education received. It is possible to

advance and improve the study with different methods.

Keywords : COMPLEX NETWORK ANALYSIS, DYNAMIC AND STATIC NET-

WORKS, LINK PREDICTION, MACHINE LEARNING, EDUCATION RECOMEN-

DATION, LEARNING ANALYTICS



ÖZET

Teknoloji ve veri bilimindeki gelişmeler birçok alanı olumlu yönde etkilemektedir. Bu

alanlardan biri de eğitimdir. Öğrenme analitiği, öğretme ve öğrenmede mükemmelliğe

ulaşmanın yeni yollarını geliştirme potansiyeline sahiptir. Şirketler, çalışanlarının eği-

timi için öğrenme analitiği tekniklerini kullanmaya çalışmakta ve çalışan performansını

artırmayı hedeflemektedir. Bu çalışmada Softtech çalışanlarının eğitim veri setleri kul-

lanılmıştır. Softtech, Türkiye’de bir yazılım şirketidir ve bu veri setleri farklı teknik,

teknik olmayan, çevrimiçi ve çevrimdışı eğitim türlerini içerir. Tüm veri setleri birleşti-

rilir ve çalışanlar eğitimler aracılığıyla birbirine bağlanarak bir çalışan ağı oluşturulur.

Bu çalışmada bir eğitim öneri sistemi oluşturmak amacıyla karmaşık ağ analizi, dinamik

ve statik ağ analizi, bağlantı tahmini ve makine öğrenmesi teknikleri uygulanır.

Çalışma, başlangıçta dinamik ağlarda topluluk tespiti ile başladı. Uygulama aşama-

sında gelindiğinde, verilerde COVID-19 pandemisinin etkisinin neden olduğu değişik-

likler nedeniyle dinamik ağlarda topluluk tespiti için uygun olmadığı sonucuna varıldı.

Bu nedenle çalışmada bağlantı tahmin yöntemi ile ilerlemeye karar verildi. Ancak ağ,

kapsamlı bir şekilde dinamik bir ağ olarak incelenir.

Yöntem bölümünde çalışmada kullanılan tüm yöntemler detaylı bir şekilde anlatılmış-

tır. Öncelikle dinamik ve statik ağların nasıl oluşturulduğu hakkında bilgi verilmekte-

dir. Ardından karmaşık bir ağın analizi için gerekli olan tüm mikro, makro, mezo ve

zaman serilerinin analizine ilişkin bilgiler paylaşılmaktadır. Analizlerde kullanılan tüm

parametrelerin açıklamaları verilmiştir. Ağların oluşturulması ve analizi hakkında bilgi

verildikten sonra bağlantı tahmin yöntemleri ile ilgili literatür taraması paylaşılmıştır.

Daha sonra bağlantı tahmini için kullanılacak makine öğrenmesi algoritmaları ve bu

algoritmalara ait performans değerlendirme metrikleri hakkında bilgiler paylaşılmış-

tır. Son olarak, çalışanların eğitim ağı için makine öğrenimi tabanlı bağlantı tahmini

konusunda bir şablon oluşturularak yöntem aşaması tamamlanır.



Uygulama kısmına gelindiğinde ise öncelikle dinamik ağlar oluşturulmaktadır. Bu dina-

mik ağlar, yöntem bölümünde açıklanan yöntemlerle analiz edilir ve sonuçlar paylaşılır.

Ocak 2017’den Aralık 2021’e kadar 5 yıllık bir döneme ait veriler mevcuttur. Bu veri

kümeleri aylık olarak ayrıştırılarak dinamik ağlar oluşturulur. Sonunda toplam 59 ay-

lık ağ dosyası elde edilir. Ağlar, her ağ dosyasından oluşturulur. Çalışanların eğitim ile

birbirlerine nasıl bağlandıkları ve bu bağlantıların değişimi aylık olarak görselleştirilir.

2017 yılına ait görseller fikir vermesi amacıyla paylaşılır. Sırasıyla, her ağ için makro,

mikro ve mezo analizler yapılır. Bu analiz sonuçlarına dayanarak, her bir ağın düğüm

sayıları, bağlantı sayıları, ağ yapıları, merkeziyet ölçüleri ve topluluk yapıları görsel-

leştirilir. Derecesi en yüksek düğüm, arasındalık merkeziliği en yüksek düğüm, aynı

topluluğa ait düğümler gibi bilgilere bu görsellerden ulaşılabilir. Bu bilgilerin bir kısmı

fikir vermesi amacıyla paylaşılır. Zaman serisi analizi bölümünde her bir parametre

zaman içinde incelenir ve geleceğe yönelik öngörülerde bulunup bulunamayacağı kont-

rol edilir. COVID-19 pandemisinin etkisi burada açıkça görülür. Karantina döneminde

tüm çalışanların evden çalışması, COVID-19 pandemisi sırasında eğitim alan çalışan

sayısında (düğüm sayısı) ve eğitim sayısında (bağlantı sayısı) artışa neden olur. Düzenli

bir dağılımın olmadığı için tahmin konusunda başarılı sonuçlar görülmez. Ayrıca, 2018

yılının Ağustos ayındaki düğüm (eğitim alan çalışanlar) sayısındaki ani düşüş, zorunlu

toplu izin dönemine işaret etmektedir.

Verileri analiz edip inceledikten sonra bağlantı tahmin süreci başlatılır. Ham veriler,

yeni oluşturulan eğitim sözlüğü ve yeni oluşturulan statik ağ yapısı açıklandıktan sonra,

bağlantı tahmin yöntemleri sırayla uygulanır. Toplam 15 farklı bağlantı tahmin yöntemi

uygulanmaktadır. 2021 yılına kadar olan veriler eğitim verisi, 2021 yılı verisi ise test

verisi olarak kullanılmaktadır. Bu işlemler hem eğitim hem de test verileri kullanılarak

gerçekleştirilir. Çıktı dosyası, 15 yönteme karşılık gelen 15 öznitelik içerir. Çıktı dos-

yası ayrıca ağdaki düğümler arasında bir bağlantı olup olmadığını gösteren bir etiket

özniteliği içerir. Bağlantı tahmini sonuçlarından bazıları fikir vermesi açısından payla-

şılmıştır. En nihayetinde, her biri 21 sütun ve 222778 satır içeren, biri eğitim verileri

ve diğeri test verileri için olmak üzere iki ayrı çıktı dosyası oluşturulur.

Bir önceki adımda oluşturulan çıktı dosyaları, makine öğrenimi adımında girdi dos-

yaları olarak kullanılır. XGBoost, gradyan artırma, rastgele orman, lojistik regresyon,

destek vektör makineleri ve çok katmanlı algılayıcılar gibi makine öğrenimi algorit-

maları kullanılarak tahmin yapılmaya çalışılır. Doğruluk, kesinlik, hatırlama ve F1

puanı değerleri incelenerek modellerin doğruluğu karşılaştırılır. Bu değerlerin sonuçları



tablolarda paylaşılır. Model için farklı tercihler yapılabilir ancak genel olarak tutarlı-

lığı dolayısıyla destek vektör makinesi daha tercih edilebilir görünüyor. Tüm değerleri

%98’den büyüktür.

Makine öğrenmesi tabanlı bağlantı tahmin yönteminin çalışmamızda kullanılabileceği

sonucu ortaya çıkmıştır. Verimize uygulanabilir olduğu ve sonuçların kullanılabilir ol-

duğu görülmektedir. Nasıl geliştirilebilir konusu ele alınmıştır. Sonraki aşamada bağ-

lantılara eğitim bilgileri de kaydedilebilir. Bağlantının gücü, alınan ortak eğitim sayı-

sına göre değerlendirilebilir. Çalışmayı daha farklı yöntemlerle ilerletmek ve geliştirmek

mümkündür.

Anahtar Kelimeler : KARMAŞIK AĞ ANALİZİ, DİNAMİK VE STATİK AĞLAR,

BAĞLANTI TAHMİNİ, MAKİNE ÖĞRENMESİ, EĞİTİM TAVSİYESİ, ÖĞRENME

ANALİTİKLERİ



1

1 INTRODUCTION

Data science technologies are used in the field of human resources, just like in many

other areas. Human resources departments should be able to respond to issues such as

the risk of employees leaving work, who will be employed, who will be educated, what

will be the return of education, and so on with data analytics. Basically, data-oriented

suggestions should be provided for problems related to human resource functions. Big

data analysis will become increasingly important, especially in organizations where

the number of employees is very large. Companies that see human resources as the

company’s most important strategic investment have to take advantage of data science

technologies to oversee human resources processes and make decisions based on data.

Data science technologies are rapidly adopted by companies that want to achieve the

highest efficiency level in their human resources departments. It is critical that the

human resources departments be able to act on the basis of data and concrete output,

sign applications that will make a difference, and influence their finances and strategies.

It is particularly more important in countries with a large young population. If a

merit-based system is adopted in business life, the country will develop along with its

institutions. The return on investment in data science in the field of human resources

will be more than sufficient.

With advancements in technology and data science, new developments in the field of

education are occurring every day. The concept of learning analytics was formed in

the education sector through studies conducted in the field of data analytics. Data

science studies in the education field increase day by day, and simultaneously, studies

in learning analytics that aim to improve more effective ways of learning and teaching

increase too. Learning analytics is used to personalize the learning process by processing

big data, enabling the design of learning processes based on learners’ learning needs,

behaviors, and emerging patterns. It is used in creating predictive models related to

the future. In the world, numerous applications are being made in the field of learning

analytics, and promising results are being obtained. The subject of learning analytics

is a field that offers many opportunities for research and development studies to be

conducted on it. It is possible to study on and implement it for every age group.

Human resources departments also make efforts to acquire knowledge and implement
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learning analytics for the training of employees.

Adult learning is a part of learning analytics. As a result of the fourth industrial revolu-

tion, adults are constantly trying to update their knowledge and skills about their jobs.

Adapting to the changing nature of work, 21st-century skills, new technologies, etc. has

critical importance for people. Because of changing global conditions, businesses sup-

port their employees’ education. Working adults continue their lifelong learning journey

in a variety of ways, including through online education, graduate-level education, com-

pany education, and so on. Online education facilitates the lifelong learning process for

adults, especially during the COVID-19 pandemic era. In that process, the volume of

data related to online education increases rapidly. That situation has supported the

growth of the learning analytics and educational data mining communities. Many stu-

dies about learning analytics have been carried out to date, and it still provides an

opportunity for new studies. Untapped potential exists, in particular, for understan-

ding how adult learners navigate their learning experience across course options and

over time (Tatel et al., 2022).

In technical part of the learning analytics, it is possible to deal with many methods :

data visualization, educational data mining, recommendation systems, forecasting, per-

sonalized adaptive learning, social network analysis, etc. The main aim has to be solving

a specific problem, and so it will be easier to choose method and get results effectively.

Indeed, the analysis of the collected data from online education resources is a challen-

ging task because, first, it involves describing the formal problems with the effectiveness

of the education and, second, it involves finding the appropriate methodology for the

analysis. Among several different analysis techniques, such as supervised or unsupervi-

sed learning of tabular data sets, natural language processing, or video/sound analysis,

network science is emerging with the richness of graph modeling for representing ob-

jects’ interactions. Network science has benefited from the advanced computational

capabilities and increased availability of digital data. Network analysis has greatly

contributed to the emergence and advancement of learning analytics, and this is not

surprising. Because network analysis facilitates the analysis of teaching and learning

with computational, analytical, and representational support, it offers a suite of me-

thods to analyze learning and learners. Many different types of data about learning

can be examined by using network approaches, for example, social interactions in fo-

rums, friendship ties in the classroom, co-enrollment in courses, and so on. There are
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opportunities and challenges to strengthen future work on situating network-analytical

research within learning analytics (Chen and Poquet, 2022).

This study began with the desire and idea of conducting a thesis on learning analytics

in human resources management. Therefore, we focused on adult learning. In our study,

we decided to treat the data as a complex network and analyze it. In previous studies on

link prediction in complex network analysis, education data was not utilized. Therefore,

in order to contribute something new to the literature, we proceeded with the link

prediction technique. A framework for an education recommendation system has been

developed. At the end of the study, the thesis was concluded by providing guidance on

future work.

In this study, it is focused on treating and analyzing the education data set as a network

and modeling it. There are multiple ways to model education data, but better data mo-

deling techniques are needed to understand the hidden interests of employees in their

education preferences. For this issue, network modeling is employed. The education

data sets of Softtech employees are used in this study. Softtech is a software engi-

neering company in Turkey, and those data sets include different types of technical,

non-technical, online, and offline education. Detailed information about the data will

be provided in the subsequent sections of the study. Other information about Softtech

is available on its website (softtech.com.tr, n.d.). Networks are generated by associa-

ting employees who have received the same education with each other. Firstly, the

network is considered a dynamic network. Macro analysis, micro analysis, meso analy-

sis, and time-series analysis methods are applied, and the results are obtained. Then,

the network is considered a static network, and link prediction techniques and machine

learning techniques are applied. An effective and accurate education recommendation

system is important in terms of enhancing the employee experience and benefiting the

company’s economy. With the aim of building an education recommendation system,

the problem of education recommendation is posed, thereby targeting the prediction of

new potential connections in the employee-education interaction system. Even if em-

ployees do not know each other and there is no closeness between them, they can be

influenced by each other because they are part of the same system, and these hidden

influences can affect their preferences. For that analysis, complex network modeling

of employee-education interactions is useful. There is no need the personal or detail

information of the employees. At the end of the study, the company may have smarter

information about employee learning.
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After this section, there are four more chapters, which are organized in accordance

with the thesis format. In Chapter 2, all methods that are used in application parts

are described. That chapter begins with network generation methods, and then it

continues with network properties, network analysis, link prediction, and supervised

learning methods. It ends with machine learning-based link prediction for the education

network of employees. First, information about dynamic networks and static networks

is provided. Metrics used in network analysis are explained. Definitions are made for

time series analysis and its subcategory, ARIMA. Under the title of link prediction,

descriptions and formulas of fifteen different link prediction methods are given. In the

supervised learning methods section, machine learning techniques and performance

evaluation methods covered in this context are shared. Finally, a detailed explanation

of the machine learning-based link prediction method for the education network of

employees is provided, including a flowchart. In Chapter 3, detailed information about

the data is shared. Data pre-processing processes are explained. Using the methods

described in the second section, networks are analyzed, and the results are shared.

In Chapter 4, under the title of link prediction, the following stages are included in

order : data pre-processing, network generation, link prediction, and machine learning.

In Chapter 5, the study is concluded by commenting on all the obtained results. Future

works that will be complementary to this study are also proposed.

If it is needed to list the contributions of this thesis study :

✓ It is shown with experiments that network modeling is a suitable analytic model

for modeling the education networks of employees.

✓ The education links before and during the COVID-19 pandemic between em-

ployees of Softtech, which is one of the biggest software companies in Turkey, are

examined multidimensionally with network modeling, and analytical results are

obtained.

✓ The education data is modeled for the first time with a dynamic network. The

features of these networks are analyzed with time series analysis.

✓ The question of which education employees will receive is attempted to be ans-

wered through link prediction. In this context, a wide range of link prediction

methods and supervised learning methods are used, and the results are evalua-

ted.
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2 METHOD

2.1 Network Generation and Network Properties

A network refers to a system comprising interconnected nodes or entities linked by edges

or connections. Networks can encompass various systems, including social relationships,

computer systems, transport routes, or biological systems. Broadly speaking, networks

can be classified into two main categories : static networks and dynamic networks.

Static networks remain relatively unchanged over time, with connections between nodes

either remaining constant or changing slowly. Examples of static networks include social

networks of friends or road networks connecting different cities. In these networks, nodes

and edges may be fixed or undergo only gradual modifications.

On the other hand, dynamic networks experience changes in connections between nodes

over time, influenced by dynamic processes. Examples of dynamic networks include

communication networks between people over messaging applications or protein inter-

action networks within cells. In these networks, nodes and edges can undergo constant

changes or evolve, making them more intricate to model and analyze.

In the context of this study, the nodes represent employees, and the links between

employees represent their educational connections. Essentially, employees are connected

to one another based on their educational backgrounds. The direction of the link is

not significant, meaning the graph is undirected. Additionally, the number of joint

training sessions between two employees is not considered ; having at least one common

educational experience is sufficient to establish a connection. Employee information

remains concealed for information security purposes. All forms of training, whether

online, offline, classroom-based, or virtual, provided by the company or received by

employees from different platforms are taken into account. In addition to employee and

training information, date information is also utilized. For dynamic network analysis,

the data is divided on a monthly basis using the date information, creating monthly

networks. For static network analysis, the date information is not crucial and may only

be used to separate training and test data.
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A network can be analyzed by macro, meso and micro analysis way. In macro ana-

lysis, we examine network-wide properties such as Node Number, Link Number,

Density, Transitivity, Average Degree, Diameter, Radius, Connected Com-

ponent, number of cliques, Betweenness Centralization, Closeness Centra-

lization, Eigenvector Centralization, Degree Centralization. In micro analysis,

we examine node or link level properties. They are Degree, Betweenness Centra-

lity, Closeness Centrality, Eigenvector Centrality, Degree Centrality, local

transitivity etc.. In meso analysis, we focus on node groups such as communities,

cores, k-cores, nclan etc.

In this thesis, we employ following community detection algorithms.

— Edge Betweenness : Community structure detection based on edge betweenness.

— Fast Greedy : Community structure via greedy optimization of modularity.

— Infomap : Infomap community finding.

— Label Propagation : Finding communities based on propagating labels.

— Leading Eigenvector : Community structure detecting based on the leading ei-

genvector of the community matrix.

— Walktrap : Community strucure via short random walks.

— Louvain : Finding community structure by multi-level optimization of modularity.

2.2 Time Series Analysis

Time series analysis in dynamic network analysis refers to the study of changes in the

structure and properties of networks over time. It involves analyzing the evolution of

networks and identifying patterns, trends, and correlations in the network dynamics.

Dynamic networks are networks that change over time, either due to the addition or

removal of nodes or edges, or changes in the properties of existing nodes or edges.

Time series analysis is used to track these changes and understand how they affect the

structure and function of the network.

Time series analysis in dynamic network analysis is useful for understanding a wide

range of complex systems, including social networks, biological networks, and transpor-

tation networks. By analyzing the dynamics of these networks, we can gain insights into
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the underlying processes driving their behavior and develop strategies for optimizing

their performance.

ARIMA (AutoRegressive Integrated Moving Average) : ARIMA is a time series

modeling technique that is commonly used in dynamic network analysis to forecast

future values of a network metric. ARIMA models are used to model the dependence

of a variable on its own past values and on the past values of the errors, or deviations

from the model’s predictions.

ARIMA models can be used to model both the temporal and spatial dynamics of

network data. In the context of network analysis, ARIMA models can be used to

predict the future values of network metrics, such as the number of edges, the degree

distribution, or the clustering coefficient.

The ARIMA model is typically represented as (p,d,q), where p is the order of the

autoregressive component, d is the degree of differencing (i.e., the number of times the

time series is differenced to remove trends or seasonal patterns), and q is the order of

the moving average component. The values of p, d, and q are determined by analyzing

the autocorrelation and partial autocorrelation functions of the time series data.

2.3 Link Prediction

Link prediction is used to predict the missing connections in a network. These missing

connections may be future connections between nodes too. Its main aim is to find

possible connections between nodes after analyzing the structure of the current network.

These connections may exist in the network or not. It is possible to see link prediction

applications in different areas like recommender systems, social networks, biological

networks, et al.

Link prediction features are classified in three parts according to their essential tech-

niques : local, global, and embedding.

For a brief introduction before explaining the methods :

— G = (V, L) defines a network.

— V defines node set of the network.

— L defines link set of the network.
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— N(u), or (Nu) defines neighborhood of a node.

— N(u) = {v ∈ V : (u, v) ∈ L} defines the set of nodes directly connected to u.

The methods for link prediction with local information are explained below :

Common Neighbors (CN) : It is the size of the set of common neighbors between

any two nodes. If the number of degrees is higher, it is more possible to have higher

Common Neighbors for the nodes. Because of that reason, Common Neighbors has a

tendency to be high for any two hub nodes (Newman, 2001). The formula of Common

Neighbors is shared in Eq. 2.1.

s(u, v) = |Nu ∩Nv| ( 2.1)

Adamic Adar (AA) : It penalizes the scores for hub neighbors. In other words, it

counts the total number of neighbors of all common neighbors, but depresses the score

by a logarithmic function for demoting the scores of higher degree nodes (Adamic and

Adar, 2003). The formula of Adamic Adar is shared in Eq. 2.2.

s(u, v) =
∑

i∈Nu∩Nv

1

log2 (|Ni|)
( 2.2)

Resource Allocation (RA) : It is the same with Adamic Adar, but the difference

between Resource Allocation and Adamic Adar that Resource Allocation considers the

degrees, not their logarithms. In addition, it also counts the total number of neighbors

of all common neighbors (Zhou et al., 2009). The formula of Resource Allocation is

shared in Eq. 2.3.

s(u, v) =
∑

i∈Nu∩Nv

1

|Ni|
( 2.3)
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Jaccard Coefficient (JC) : It is the ratio of the number of common neighbors to

the number of all neighbors of two nodes and was developed for comparing two sets

(Jaccard, 1912). The formula of Jaccard Coefficient is shared in Eq. 2.4.

s(u, v) =
|Nu ∩Nv|
|Nu ∪Nv|

( 2.4)

Sørrenson/Dice Index (Dice) : It measures the common parts of the neighborhoods,

normalizes them with the sizes of the neighborhoods of the two studied nodes, and

penalizes being a hub as well. Sørrenson/Dice becomes lower than Jaccard Coefficient

when the neighborhoods have many nodes in common but also the common neighbors

have many other links to the outside of the common neighborhood (Dice, 1945). The

formula of Sørrenson/Dice Index is shared in Eq. 2.5.

s(u, v) =
2 · |Nu ∩Nv|
|Nu|+ |Nv|

( 2.5)

Cannistraci-Alanis-Ravasi Index (CAR) : It is the sum of the numbers of common

neighbors of two nodes, each having neighbors in common with the other (Cannistraci

et al., 2013b). The formula of Cannistraci-Alanis-Ravasi Index is shared in Eq. 2.6.

s(u, v) =
∑

i∈Nu∩Nv

1 +
|Nu ∩Nv ∩Ni|

2
( 2.6)

CAR-based Adamic and Adar (CAA) : It combines two strategies : favoring

clique-like neighborhoods and penalizing being a hub. In other words, it is a combina-

tion of the Cannistraci-Alanis-Ravasi and Adamic Adar strategies (Cannistraci et al.,
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2013b). The formula of CAR-based Adamic and Adar is shared in Eq. 2.7.

s(u, v) =
∑

i∈Nu∩Nv

|Nu ∩Nv ∩Ni|
log2 (Ni)

( 2.7)

CAR-based Resource Allocation (CRA) : It is another hybrid metric that com-

bines the Cannistraci-Alanis-Ravasi index and Resource Allocation strategies (Cannis-

traci et al., 2013b). The formula of CAR-based Resource Allocation is shared in Eq.

2.8.

s(u, v) =
∑

i∈Nu∩Nv

|Nu ∩Nv ∩Ni|
|Ni|

( 2.8)

Preferential Attachment (PA) : It promotes the nodes that have higher degrees

and assumes that the famous nodes should have a higher probability of connecting with

each other. Shortly, it is the multiplication of degrees of two nodes (Newman, 2001).

The formula of Preferential Attachment is shared in Eq. 2.9.

s(u, v) = |Nu| · |Nv| ( 2.9)

CAR-based Preferential Attachment (CPA) : It is the combination of Cannistraci-

Alanis-Ravasi and preferential attachment strategies (Cannistraci et al., 2013b). The

formula of CAR-based Preferential Attachment is shared in Eq. 2.10.

s(u, v) = eu.ev + eu.CAR(u, v) + |ev.CAR(u, v) + CAR(u, v)2 ( 2.10)

Here, eu = |Nu\(Nu ∩ Nv)| and ev = |Nv\(Nu ∩ Nv)| is the number of the neighbors
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that are not common neighbors of u and v, and CAR(u, v) is the CAR score between

nodes u and v.

The methods for link prediction with global information are explained below :

L3 Link Predictor (L3) : It considers network paths of length three. The metric

applies a degree normalization strategy because the third-level neighbors numbers are

exponentially larger than the second-level ones. The biased high scores coming from the

hub nodes, which are naturally building shortcuts and increasing the number of third-

level neighbors for entire nodes, are also avoided (Kovács et al., 2019). L3 link predictor

(L3), considers network paths of length three (Kovács et al., 2019). The formula of L3

Link Predictor is shared in Eq. 2.11.

s(u, v) =
∑
ij

aui.aij.ajv√
ki.kj

( 2.11)

Here, aui is 1 if there is a link between the nodes u and i. And ki is the degree of node i.

Since the third level neighbors numbers are exponentially larger than the second level

ones, the metric applies a degree normalization strategy. It also avoids the biased high

scores coming from the hub nodes which are naturally building shortcuts and increases

the number of third level neighbors for entire nodes.

Structural perturbation method (SPM) : It is a technique that is similar to the

first-order perturbation in quantum mechanics ; it focuses on perturbing the adjacency

matrix and observing the change in eigenvalues provided the fixed eigenvectors. The

scores are produced for all links based on the perturbation of links removed from the

adjacency matrix of the original network, basically (Lü et al., 2015).

The methods for link prediction with embedding are explained below :

Isometric mapping (ISOMAP) : Isometric mapping (ISOMAP), uses one of the

traditional graph embedding techniques (Kuchaiev et al., 2009). The studied network,

G = (V, L), is first transformed to a distance matrix D of its nodes in which each

member duv of D is the shortest distance between the nodes u and v from V . Then

D is transformed to a lower dimensional matrix L ∈ Rl with Multidimensional scaling

based on non-linear embedding method, MDS. Here l is the new dimension that G is
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transformed to. MDS tries to keep original distance duv between the node pairs and

generates new vectors x1, x2, ..., xn for each node whose lengths are l. x1, x2, ..., xn is

found as a minimizer of some cost function minx1,x2,...,xn(duv − ||xu−xv||)2. Once MDS

generates new lower dimensional vectors for each node, then ISOMAP calculates basic

euclidean distance between the nodes as their dissimilarities.

Laplacian Eigenmaps (LEIG) : Firstly, the laplacian matrix of the original network

is generated, and then the spectral decomposition of the corresponding laplacian matrix

is computed because it uses a minimization function that can be solved by the generali-

zed eigenvalue problem. Laplacian Eigenmaps find l eigenvalues and eigenvectors with

l is the number of new dimensions. The link prediction is again done by considering

the Euclidean distance of the node pairs after embedding (Belkin and Niyogi, 2002).

Centered and non-centered Minimum Curvilinear Embedding (MCE & ncMCE) :

These are two network embedding techniques that use the distances in the minimum

spanning trees of studied networks. Firstly, the minimum spanning tree is generated,

and then the distances of every pair of nodes in the minimum-spanning tree are compu-

ted in both methods. The name of these distances, which are in the form of a distance

matrix, is kernel. If the centering is not chosen in the algorithm, an economy-size singu-

lar value decomposition of the distance matrix is performed by non-centered Minimum

Curvilinear Embedding. Otherwise, an algebraic operation is performed for kernel cen-

tering first, and then the decomposition is done. At the end, the new lower-dimensional

space is produced by the transposition of the product of the computed singular values

with the right singular vectors with the algebraic corrections (Cannistraci et al., 2013a).

2.4 Supervised-Learning Methods

Supervised learning is a method of machine learning in which an algorithm is trained on

labeled data to make predictions or decisions. In this approach, the algorithm learns

from a set of input-output pairs, called a training set, to make predictions on new,

unseen data.

The input-output pairs in the training set are called examples or instances, where each

instance consists of an input and the corresponding desired output. During the trai-

ning phase, the algorithm learns to map the inputs to their corresponding outputs by

adjusting its internal parameters until it produces accurate predictions on the training
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set.

Once the algorithm is trained, it can be used to make predictions on new, unseen

data by applying the learned mapping function to the new input. The performance of

a supervised learning algorithm is evaluated by measuring how well it generalizes to

new, unseen data, using metrics such as accuracy, precision, recall, and F1 score.

Some examples of supervised learning algorithms include linear regression, logistic re-

gression, decision trees, support vector machines, and neural networks. Supervised lear-

ning is widely used in various applications, such as image recognition, speech recogni-

tion, natural language processing, and recommendation systems.

2.4.1 Algorithms

XGBoost : XGBoost (eXtreme Gradient Boosting) is a powerful machine learning

algorithm that is widely used for supervised learning tasks such as regression, classifi-

cation, and ranking. It is based on the gradient boosting framework and is designed to

be highly efficient and scalable.

XGBoost uses a decision tree ensemble approach to make predictions. It iteratively

builds a series of decision trees, where each new tree is trained to correct the errors made

by the previous tree. The output of the model is the weighted sum of the predictions

made by each individual tree.

One of the key advantages of XGBoost is its ability to handle large and complex da-

tasets. It is optimized for speed and scalability, and can handle datasets with millions

or even billions of rows and thousands of features. It also includes a variety of regula-

rization techniques to prevent overfitting and improve generalization performance.

Gradient Boosting : Gradient Boosting is a machine learning technique used for

both regression and classification tasks. It is based on the idea of boosting, which com-

bines multiple weak learners to form a strong learner. The basic idea behind Gradient

Boosting is to sequentially add models to the ensemble that predict the residuals (or

errors) of the previous models, in order to improve the overall prediction accuracy.

Gradient Boosting works by iteratively fitting a weak learning model to the residuals

of the previous model. In each iteration, the algorithm calculates the negative gradient
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of the loss function with respect to the predictions of the previous model. This gradient

is used to fit the new model to the residuals, so that the new model learns to correct

the errors made by the previous model.

The key advantage of Gradient Boosting over other boosting techniques is that it can

handle a wide variety of loss functions and can be used with any differentiable loss

function. This makes it a highly flexible and powerful technique that can be used in

many different applications.

Gradient Boosting is a powerful and widely used technique in machine learning, and

is particularly effective for problems where there are complex interactions between the

features and the target variable, or where the data is noisy or has missing values.

Random Forest : Random forest is a popular machine learning algorithm that belongs

to the family of ensemble methods. It is used for both classification and regression tasks.

Random forest is built by combining multiple decision trees, where each decision tree

is trained on a randomly selected subset of the training data and a randomly selected

subset of features.

Random forest is called a "forest" because it consists of a large number of decision

trees, where each decision tree is grown independently and in parallel. When making

a prediction, the random forest algorithm aggregates the predictions of all the indivi-

dual decision trees to arrive at a final prediction. This approach helps to improve the

accuracy and robustness of the predictions.

One of the advantages of random forest is that it can handle large datasets with high

dimensionality, noisy data, and missing values. It also provides a measure of feature

importance, which can be useful in understanding the underlying data patterns and

identifying the most relevant features for the task at hand.

Logistic Regression : Logistic regression is a popular machine learning algorithm

used for binary classification problems, where the goal is to predict one of two possible

outcomes (e.g., yes/no, true/false, 0/1). It is a type of regression analysis that models

the relationship between a dependent variable (the binary outcome) and one or more

independent variables (features).

In logistic regression, the dependent variable is modeled as a function of the inde-

pendent variables using a logistic or sigmoid function. The output of this function is



15

a probability value between 0 and 1, which represents the likelihood of the positive

outcome (e.g., yes, 1) given the values of the input features.

Logistic regression is often used in situations where the relationship between the in-

dependent variables and the dependent variable is not linear. It is also used when the

goal is to understand the effect of each independent variable on the outcome, as lo-

gistic regression provides coefficients that indicate the strength and direction of the

relationship between the variables.

Support Vector Machine : Support Vector Machine (SVM) is a powerful machine

learning algorithm used for classification, regression, and outlier detection. SVM aims

to find the best boundary (called hyperplane) that separates different classes in the

input data by maximizing the margin between the classes.

In binary classification problems, the SVM algorithm tries to find the hyperplane that

separates the two classes with the maximum margin. The margin is the distance bet-

ween the hyperplane and the nearest data points from each class. The SVM algorithm

tries to minimize the margin error while maximizing the margin distance.

SVM can handle both linearly separable and non-linearly separable data by using

different types of kernels. A kernel function transforms the input data into a higher

dimensional space where it becomes linearly separable. SVM can use various kernel

functions such as linear, polynomial, radial basis function (RBF), and sigmoid.

Multilayer Perceptron : Multilayer Perceptron (MLP) is a popular machine learning

algorithm that is used for supervised learning tasks such as classification and regression.

MLP is a type of feedforward artificial neural network that consists of multiple layers

of interconnected nodes or neurons.

In MLP, the input is propagated through the network in a forward direction, passing

through multiple hidden layers before reaching the output layer. Each neuron in the

hidden layers and output layer applies a non-linear activation function to the weighted

sum of the inputs it receives from the previous layer. This allows MLP to model complex

non-linear relationships between the input and output variables.

MLP uses a backpropagation algorithm to train the weights of the network, which

involves iteratively adjusting the weights to minimize the error between the predicted

output and the actual output. The backpropagation algorithm computes the gradients
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of the error function with respect to the weights of the network and updates the weights

accordingly.

2.4.2 Performance Evaluation Metrics

Accuracy : Accuracy is a metric used in machine learning to evaluate the performance

of a classification model. It measures the percentage of correctly classified instances out

of the total number of instances in the dataset.

The accuracy of a classification model is calculated as in Eq. 2.12 :

Accuracy =
(Number of correctly classified instances)

(Total number of instances)
( 2.12)

For example, if a model classifies 90 out of 100 instances correctly, its accuracy would

be 90%.

Accuracy is a useful metric for evaluating the overall performance of a model, but

it can be misleading in some cases. For example, in datasets with imbalanced class

distributions (i.e., when one class is much more common than the other), a model that

always predicts the majority class can achieve high accuracy, even though it is not

useful in practice. In such cases, other metrics such as precision, recall, and F1 score

may be more appropriate for evaluating the model’s performance.

Overall, accuracy is a simple and intuitive metric that provides a quick way to assess

the performance of a classification model, but it should be used in conjunction with

other metrics to get a more complete picture of the model’s performance.

Precision : Precision is a metric used in machine learning to evaluate the performance

of a classification model. It measures the proportion of true positives (i.e., correctly

classified positive instances) out of all instances classified as positive by the model.
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The precision of a classification model is calculated as in Eq. 2.13 :

Precision =
(Number of true positives)

(Number of true positives + Number of false positives)
( 2.13)

For example, if a model correctly classifies 80 instances as positive, but also misclassifies

20 negative instances as positive, its precision would be 80% (i.e., 80 / (80 + 20)).

Precision is a useful metric when the cost of false positives (i.e., instances that are

wrongly classified as positive) is high. For example, in a medical diagnosis task, false

positives may lead to unnecessary and potentially harmful treatments, so high precision

is desirable to minimize the number of false positives.

Overall, precision is a valuable metric for evaluating the performance of a classification

model, especially in situations where false positives are costly. However, it should be

used in conjunction with other metrics such as recall, accuracy, and F1 score to get a

more complete picture of the model’s performance.

Recall : Recall, also known as sensitivity or true positive rate, is a metric used in

machine learning to evaluate the performance of a classification model. It measures the

proportion of true positives (i.e., correctly classified positive instances) out of all actual

positive instances in the dataset.

The recall of a classification model is calculated as in Eq. 2.14 :

Recall =
(Number of true positives)

(Number of true positives + Number of false negatives)
( 2.14)

For example, if a model correctly identifies 90 out of 100 positive instances in a dataset,

but also misses 10 positive instances, its recall would be 90% (i.e., 90 / (90 + 10)).

Recall is a useful metric when the cost of false negatives (i.e., instances that are wrongly

classified as negative) is high. For example, in a cancer diagnosis task, false negatives

may lead to delayed or missed treatment, so high recall is desirable to minimize the
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number of false negatives.

Overall, recall is a valuable metric for evaluating the performance of a classification

model, especially in situations where false negatives are costly. However, it should be

used in conjunction with other metrics such as precision, accuracy, and F1 score to get

a more complete picture of the model’s performance.

F1 Score : The F1 score is a metric used in machine learning to evaluate the per-

formance of a classification model. It is the harmonic mean of precision and recall,

providing a balanced measure of the two metrics.

The F1 score of a classification model is calculated as in Eq. 2.15 :

F1 score = 2 · (precision · recall)
(precision+ recall)

( 2.15)

The F1 score ranges from 0 to 1, with a higher value indicating better performance. A

perfect F1 score of 1 means that the model has both perfect precision and recall.

The F1 score is a useful metric when both precision and recall are important and have

equal weight. It is commonly used in binary classification problems where there is an

imbalance between the number of positive and negative instances in the dataset.

For example, in a medical diagnosis task, a high F1 score would indicate that the model

is able to correctly identify the positive instances (i.e., patients with the disease) while

minimizing false positives and false negatives.

Overall, the F1 score is a valuable metric for evaluating the performance of a classi-

fication model, especially when both precision and recall are important. However, it

should be used in conjunction with other metrics such as accuracy, precision, and recall

to get a more complete picture of the model’s performance.
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2.5 Machine Learning-Based Link Prediction for The Education Network

of Employees

Employees have hidden interests in the education they prefer and receive. To unders-

tand these interests, there is a need for better data modeling than traditional methods.

For this issue, network modeling is employed. An effective and accurate education re-

commendation system is important in terms of enhancing the employee experience and

benefiting the company’s economy. In this study, the main aim is to build an education

recommendation system. With the aim of building a good education recommenda-

tion system, the problem of education recommendation is posed, thereby targeting the

prediction of new potential connections in the employee-education interaction system.

Even if employees do not know each other and there is no closeness between them,

they can be influenced by each other because they are parts of the same system, and

these hidden influences can affect their preferences. For that analysis, complex network

modeling of employee-education interactions is useful. The data set is handled as a

static network. Data pre-processing, link prediction, and machine learning procedures

are applied in order.

The link prediction is one of the sub-domains of network science and it is used for

finding missing links in networks. It is possible to divide the hundreds of different link

prediction approaches into three parts. In this study, machine-learning-based methods

were preferred among the three categories. One of the other categories is traditional

methods, and the last one is graph embedding techniques that have appeared in recent

works. The details of the experiment that involves link prediction via machine learning

can be seen in Fig. 2.1.

Figure 2.1 – Flowchart of the framework that is generated for machine learning-based

link prediction for the education network of employees
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The main data set is converted to a bipartite network, and then it is split into two

different auxiliary projected networks by filtering the bipartite network by education

date between employee-education pairs. If the education date is before 2021, it is trai-

ning data, or in other words, the Gtrain projected network. After splitting the network

into a training network and a test network, all link prediction features are calculated.

This process is applied to all possible links. This operation includes both appearing

and missing links for each network separately. FeatureSettrain and FeatureSettest are

crated for Gtrain and Gtest projected networks, respectively. While creating these sets,

a label column is created according to whether the link was seen or not. If the link

already exists in the network, the value of the label is 1. Otherwise, the value of the

label is 0. FeatureSettrain and FeatureSettest are used as a training data set and a

test data set in machine learning algorithms, respectively. The results are evaluated by

using different machine learning algorithms like XGBoost, gradient boosting, random

forest, support vector machine, logistic regression, and multilayer perceptron. Accu-

racy, precision, recall, and F1 scores are used for evaluating the performance of the

machine learning models.



3 NETWORK GENERATION RESULTS

3.1 Study on Dynamic Networks

In this part of the study, education data sets of employees are used. Mainly, there are

two different data sets. One of them is an online education data set ; the other is an

offline and virtual class education data set. This data set includes all education from

January 2017 to November 2021.

There are 669 employees ; their names are masked and changed to user IDs. The co-

lumns in "Online Education Data Set" are user ID, education name, sub-education

name, and end date of the education. The columns in the "Offline and Virtual Class

Education Data Set" are user ID, education name, sub-education name, start date of

the education, and end date of the education. There are 24774 rows in the "Online

Education Data Set" and 16439 rows in the "Offline and Virtual Class Education Data

Set".

After data pre-processing processes, the data set is handled as a complex network.

Complex network analysis methods are used. It is treated as a dynamic network rather

than a static network. The R programming language has been used in all studies so

far.

3.1.1 Data Pre-processing

The two main data sets "Online Education Data Set" and "Offline and Virtual Class

Education Data Set," are combined into one data set that is named "Education Data

Set". Only three columns of the data set are used for the study. These columns are the

user ID, education name, and end date of the education. There are 41213 rows in this

new data set.

A new "Education Dictionary" data set is generated. All the names of education have an

education ID in this dictionary data set. Then the education name column is conver-

ted to education ID column in the education data set according to this "Education



22

Dictionary" data set.

The end date of the education is converted from date format to a special date for-

mat that only includes month and year information. The data set is divided monthly

according to this new date format. After this process, the date columns are removed

from the new bipartite network data sets. All the duplicated rows are removed from

the bipartite network data sets. At the end, these bipartite network data sets include

only the user ID and education ID columns.

Bipartite network data sets are converted to network data sets by using the igraph

library in the R programming language. So the users are connected to each other

through their education IDs. The user IDs are nodes, and the education IDs are links

in network files. These network files are converted to edge files, and the data pre-

processing steps are ended. Finally, there are 59 edge files that were divided monthly

(see Fig. 3.1).

Figure 3.1 – Edge files.

All graphs are generated from edge files by using the igraph library in the R program-

ming language. Then they are converted from directed graphs to undirected graphs.

The isolated nodes are removed from graphs, and labels are added for all nodes. Net-

work visualizations of the first, second, third, and fourth quarters of 2017 are shown

in Fig. 3.2, Fig. 3.3, Fig. 3.4 and Fig. 3.5 in order. It is possible to see the monthly

changes in the education network from the visuals.
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Figure 3.2 – Network visualization of the first quarter of 2017.

Figure 3.3 – Network visualization of the second quarter of 2017.

Figure 3.4 – Network visualization of the third quarter of 2017.
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Figure 3.5 – Network visualization of the fourth quarter of 2017.

3.1.2 Macro Analysis

A macro-level descriptive analysis is performed for all networks, and all the results

shown in the Fig 3.6, Fig 3.7, Fig 3.8, Fig 3.9, and Fig 3.10 are obtained sequentially

for each year. It is possible to see all macro-level descriptive analysis results for a

network and compare them with other networks. A sample visual from January 2017,

which shows the degrees, layouts, and authorities in more detail, is also shown in Fig.

3.11.

Figure 3.6 – Macro analysis for 2017.

Figure 3.7 – Macro analysis for 2018.
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Figure 3.8 – Macro analysis for 2019.

Figure 3.9 – Macro analysis for 2020.

Figure 3.10 – Macro analysis for 2021.

Figure 3.11 – Detailed network visualization for January 2017.
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In Fig. 3.12, the degree centralization for January 2017 is shown as an example. The

nodes with the highest degrees are 631, 28, and 169, respectively.

Figure 3.12 – Degree centralization visualization for January 2017.

In Fig. 3.13, the betweenness centralization for January 2017 is shown as an example.

The nodes with the highest betweenness values are 631 and 28.

Figure 3.13 – Betweenness centralization visualization for January 2017.
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In Fig. 3.14, the closeness centralization for January 2017 is shown as an example.

The nodes with the highest closeness values are 136, 62, 657, 669, 666 and 189.

Figure 3.14 – Closeness centralization visualization for January 2017.

In Fig. 3.15, the eigenvector centralization for January 2017 is shown as an example.

The node with the highest eigenvector value is 631.

Figure 3.15 – Eigenvector centralization visualization for January 2017.
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3.1.3 Micro Analysis

For micro-level descriptive analysis of all networks, degree, betweenness centrality, clo-

seness centrality, eigenvector centrality, degree centrality, and transitivity scores are

analyzed for each node, and all the results are saved in files. The results of the micro

analysis for January 2017 are shown in Figure 3.16 as an example. It is possible to see

the degree, betweenness centrality, closeness centrality, eigenvector centrality, degree

centrality, and transitivity scores for each node and compare them with other nodes.

Figure 3.16 – Micro analysis for January 2017.

Degree distribution in network science refers to the probability distribution of the

degrees of nodes in a network. In a network, the degree of a node represents the number

of connections or edges it has with other nodes. In many real-world networks, such as

social networks, the degree distribution follows a power law. This means that there are

a few nodes with a very high degree and a large number of nodes with a low degree. The

data used in this study also shows power law distribution in general because it is a real-

world network. Figure 3.17 shows the degree distribution for the January 2017 network.

The degree distribution gives an idea about the structure of the network. For the

January 2017 network, there are only a few nodes (employees) whose degree is higher

than 15. In general, there are nodes with low degrees. The network in January 2017 is

shared only for illustrative purposes ; similar situations are observed in other networks

as well. Some examples from other networks have been included in the appendices

section of this study. Similar effects of power law distribution can also be observed in

other networks.
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Figure 3.17 – Degree distribution for January 2017.

3.1.4 Meso Analysis

In this part of the study, meso-level descriptive analysis is performed for all networks,

and the results for the years 2017, 2018, and 2019 are shown in Fig 3.18, Fig 3.19 and

Fig 3.20, respectively. Furthermore, example visuals for January 2017 are provided to

reinforce this information. Visuals are created based on the community membership of

each employee. Each employee is located in the same community as the other employees

they are related to.

The edge betweenness, fast greedy, infomap, label propagation, leading eigenvector,

louvain, and walktrap scores for each month of the year 2017 are shown in Fig. 3.18.
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Figure 3.18 – Meso analysis for 2017.

The edge betweenness, fast greedy, infomap, label propagation, leading eigenvector,

louvain, and walktrap scores for each month of the year 2018 are shown in Fig. 3.19.

Figure 3.19 – Meso analysis for 2018.

The edge betweenness, fast greedy, infomap, label propagation, leading eigenvector,

louvain, and walktrap scores for each month of the year 2019 are shown in Fig. 3.20.

Figure 3.20 – Meso analysis for 2019.

The community detection visualization generated based on the edge betweenness scores

for January 2017 is shown in Figure 3.21 as an example of cluster edge betweenness.

Each node is located within its corresponding community and colored accordingly.
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Figure 3.21 – Community detection for January 2017 (Cluster Edge Betweenness).

The community detection visualization generated based on the fast greedy scores for

January 2017 is shown in Figure 3.22 as an example of cluster fast greedy. Each node

is located within its corresponding community and colored accordingly.

Figure 3.22 – Community detection for January 2017 (Cluster Fast Greedy).

The community detection visualization generated based on the infomap scores for Ja-

nuary 2017 is shown in Figure 3.23 as an example of cluster infomap. Each node is

located within its corresponding community and colored accordingly.
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Figure 3.23 – Community detection for January 2017 (Cluster Infomap).

The community detection visualization generated based on the label propagation scores

for January 2017 is shown in Figure 3.24 as an example of cluster label propagation.

Each node is located within its corresponding community and colored accordingly.

Figure 3.24 – Community detection for January 2017 (Cluster Label Propagation).
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The community detection visualization generated based on the leading eigenvector

scores for January 2017 is shown in Figure 3.25 as an example of cluster leading eigen-

vector. Each node is located within its corresponding community and colored accor-

dingly.

Figure 3.25 – Community detection for January 2017 (Cluster Leading Eigenvector).

The community detection visualization generated based on the louvain scores for Ja-

nuary 2017 is shown in Figure 3.26 as an example of cluster louvain. Each node is

located within its corresponding community and colored accordingly.

Figure 3.26 – Community detection for January 2017 (Cluster Louvain).
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The community detection visualization generated based on the walktrap scores for

January 2017 is shown in Figure 3.27 as an example of cluster walktrap. Each node is

located within its corresponding community and colored accordingly.

Figure 3.27 – Community detection for January 2017 (Cluster Walktrap).

After the community detection process, heatmaps are created to visualize the commu-

nity memberships for the respective network. In Figure 3.28, the community member-

ship heatmap is represented for January 2017 network. It is possible to get information

about the modular structure and organization of the network by using heatmaps. It

helps to understand the underlying structure and dynamics of complex networks. It

can show distinct communities, overlapping communities, or hierarchical relationships

among communities. Community membership heatmaps are used for network analysis,

social network analysis, and community detection algorithms.
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Figure 3.28 – Community Memberships Heatmap for January 2017.

3.1.5 Time Series Analysis

In this part of the study, the changes for variables in macro files are examined according

to time, and all time series plots are saved.

3.1.5.1 ARIMA

After time series analysis, the autoregressive integrated moving average (ARIMA) mo-

del is applied to variables in macro files, and all the results and plots are saved.

(H. and A., 2018) was used as a resource to learn about the ARIMA model and how

to use it in the R programming language. Different ways were tried, but in the end it

was decided that the ARIMA model was not a suitable model for this study. Due to

the effects of the pandemic, consistent information cannot be obtained from the data

with ARIMA.
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When looking at all the values, the impact of the COVID-19 pandemic can be obser-

ved. The COVID-19 pandemic started to have an impact on work life in March 2020.

Increases and disruptions in the regular flow are noticeable on the relevant dates. This

situation makes community detection in dynamic networks difficult. Dates such as Au-

gust 2018, where there is a decrease despite a high number of nodes, indicate periods of

collective leave. The time series plot and ARIMA plot for each variable are presented

together in the following visuals, respectively. The purple areas in the ARIMA plots re-

present forecasting based on the time series analysis. However, due to the irregularities

in the graph, it can generally be said that the forecasts were not successful.

Fig. 3.29 and Fig. 3.30 show results for node number. Fig. 3.31 and Fig. 3.32 show

results for link number. Fig. 3.33 and Fig. 3.34 show results for density. Fig. 3.35

and Fig. 3.36 show results for average degree. Fig. 3.37 and Fig. 3.38 show results for

transitivity. Fig. 3.39 and Fig. 3.40 show results for connected component. Fig. 3.41

and Fig. 3.42 show results for diameter. Fig. 3.43 and Fig. 3.44 show results for radius.

Fig. 3.45 and Fig. 3.46 show results for average path length. Fig. 3.47 and Fig. 3.48

show results for betweenness centralization. Fig. 3.49 and Fig. 3.50 show results for

closeness centralization. Fig. 3.51 and Fig. 3.52 show results for degree centralization.

Fig. 3.53 and Fig. 3.54 show results for eigenvector centralization. Fig. 3.55 and Fig.

3.56 show results for cliques.
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Figure 3.29 – Time series analysis for node number.

Figure 3.30 – ARIMA for node number.
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Figure 3.31 – Time series analysis for link number.

Figure 3.32 – ARIMA for link number.
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Figure 3.33 – Time series analysis for density.

Figure 3.34 – ARIMA for density.
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Figure 3.35 – Time series analysis for average degree.

Figure 3.36 – ARIMA for average degree.
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Figure 3.37 – Time series analysis for transitivity.

Figure 3.38 – ARIMA for transitivity.
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Figure 3.39 – Time series analysis for connected component.

Figure 3.40 – ARIMA for connected component.
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Figure 3.41 – Time series analysis for diameter.

Figure 3.42 – ARIMA for diameter.
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Figure 3.43 – Time series analysis for radius.

Figure 3.44 – ARIMA for radius.
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Figure 3.45 – Time series analysis for average path length.

Figure 3.46 – ARIMA for average path length.
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Figure 3.47 – Time series analysis for betweenness centralization.

Figure 3.48 – ARIMA for betweenness centralization.



47

Figure 3.49 – Time series analysis for closeness centralization.

Figure 3.50 – ARIMA for closeness centralization.
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Figure 3.51 – Time series analysis for degree centralization.

Figure 3.52 – ARIMA for degree centralization.
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Figure 3.53 – Time series analysis for eigenvector centralization.

Figure 3.54 – ARIMA for eigenvector centralization.
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Figure 3.55 – Time series analysis for cliques.

Figure 3.56 – ARIMA for cliques.



4 LINK PREDICTION RESULTS

4.1 Data Pre-processing

In this part of the study, all information about data sets and data pre-processing steps

is explained from beginning to end. The first step involves providing information about

the raw data set. Then, the process of creating the newly generated education dictionary

is described. After these two steps, there is a section that provides information about the

education data set, which is generated using the raw data and the education dictionary.

The last step involves the generation of the education network.

4.1.1 About Raw Data Sets

In this study, the education data sets of all employees who worked continuously at

Softtech between 2017 and 2021 are used. There are primarily two raw data sets. One of

them is the "Online Education" data set, and the other is the "Offline and Virtual Class

Education" data set. All information about the identification of employees is masked ; a

user ID is used instead of an employee ID or employee name. There are 669 users in this

study. The "Online Education" data set includes four columns that are named "User

ID", "Education Name", "Sub Education Name" and "End Date of the Education".

There are 24774 rows in that data set. The "Offline and Virtual Class Education"

data set includes five columns that are named "User ID", "Education Name", "Sub

Education Name", "Start Date of The Education" and "End Date of The Education".

There are 16439 rows in that data set. "User ID" columns are in string format, and they

sequentially increase one by one like UserId1, UserId2, UserId3, etc. "Education Name"

and "Sub Education Name" columns are in string format, and they include different

types of technical or non-technical education names. Some of the technical educations

are like Java, C#, .NET Core, SQL, Python, Data Science, Machine Learning, Big

Data, Deep Learning, HTML5/CSS3, Vue.js, NodeJS, Javascript, IoT, etc. Some of

the non-technical educations are like Proactive Behavior, Planning and Organization,

Time Management, Stress Management, Emotional Intelligence, etc. These educations

may be given as examples. All date columns include day, month, and year information.
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4.1.2 Generating Education Dictionary

First of all, there is a need to prepare an education dictionary. A new data set that

is named "Education Dictionary" is generated. These data sets include two columns,

"Education ID" and "Education Name". All 720 different educations are added to

this dictionary, and therefore this data set includes 720 rows. The "Education ID"

column is in string format, and it sequentially increases one by one, like Education1,

Education2, Education3, etc. The "Education Name" column is in string format and

it includes different types of technical or non-technical education names previously

described. "Education Dictionary" would be used to convert education columns later.

4.1.3 Generating Merged and Transformed Education Data Set

"Online Education" and "Offline and Virtual Class Education" data sets are converted

to the same format, and then they are merged to get only one "Education" data set.

"Sub Education Name" columns are not used in the study, and so they are removed

from the data sets. The "Start Date of the Education" column in "Offline and Virtual

Class Education" is removed, and only the "End Date of the Education" columns in

two data sets are used in this study by converting it to a general "Date" column. Only

year information is extracted from "Date" columns ; day and month information in

"Date" columns are not taken into account in this study. "Education Name" columns

are converted to "Education ID" by using the education dictionary. At the end, one

merged "Education" data set that has "UserId", "EducationId", and "Year" columns

is obtained from the "Online Education" and "Offline and Virtual Class Education"

data sets.

4.1.4 Generating Networks

The "Education" data set is split into two parts : training and test data sets, according

to the year information. If the year is smaller than 2021, the data is training data. If the

year is 2021, the data is test data. After that operation, the year column is removed from

training and test data sets. They include only "UserId" and "EducationId" columns ;

thus, training and test bipartite networks are got. The repetitive rows are deleted

from training and test bipartite networks. The training bipartite network includes
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Figure 4.1 – Sample visualization of how employees are connected via education.

11459 different UserId-EducationId links, and the test bipartite network includes 2241

different UserId-EducationId links.

The users in bipartite networks are associated with each other using education informa-

tion ; thus, bipartite networks are converted to training and test networks. The training

network includes 119022 different UserId-UserId links, and the test network includes

64046 different UserId-UserId links. At the end, "User" string expressions are removed

from the data sets, and thus numeric UserId-UserId links appear in the networks. All

these training and test networks that include only numeric nodes are saved in edge files,

and then the data pre-processing steps are ended. The users are nodes in the networks,

and the educations are links in the networks.

Sample visualization of how employees are connected via education is shared in Fig.

4.1 to give an idea about network. The network is considered a dynamic network and

includes only three months as a sample.

4.2 Link Prediction

In this part of the study, all link prediction features are calculated using the similarity

and distance metrics. This process is applied separately to each network for all existing

and missing connections.

The link prediction step begins with the preparation of training and test graphs. Firstly,

the isolated nodes in the existing training and test networks are determined and saved.

The training and test graphs are generated from the existing training and test networks
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by separating the isolated nodes. The scores between two nodes are calculated for the

new training and test graphs by using the link prediction methods that were previously

mentioned. A file is generated for each link prediction method, so 15 files are generated

for a graph because of the number of link prediction methods. Additionally, a label file

is generated according to whether a link is visible or not for a graph. If the link already

exists in the network, the value of the label is 1. Otherwise, the value of the label is

0. In total, these 16 files are generated for both training and test graphs separately.

These files include node A, node B, and score columns. At the end, each training and

test file is brought together among itself, and two main training and test data sets

are generated for use in the machine learning step. These files include 21 columns and

222778 rows. The target column is the label column, and the other columns are the

scores of link prediction methods and information about nodes.

A sample data set of how the training and test data sets include data is shared in Fig.

4.2 to give an idea of the output file. The data was selected randomly to show different

cases.

Figure 4.2 – Sample data set of how the training and test data sets include data.

4.3 Machine Learning

The output files generated in the previous step are used as input files in this step, and

the process begins with data pre-processing in those files to run the machine learning

algorithms. The label columns in training and test data sets are converted from integer

to factor format, so they would be used as target columns. All null values are replaced

with zero values in the training data set and the test data set. The machine learning
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models only use the scores of link prediction methods and the values of the label

columns. If the data types are not the same in the training and test data sets, they are

converted to be the same. After the standardization process on the data, the machine

learning algorithms are run. The results are obtained by running XGBoost, gradient

boosting, random forest, logistic regression, support vector machine, and multilayer

perceptron machine learning algorithms.

Firstly, only training and test data sets are used for running machine learning algo-

rithms. Accuracy, precision, recall, and F1 scores are used to evaluate the performance

of the trained models. In Table 4.1, the values of accuracy, precision, recall, and F1

scores are shown for each model. The best accuracy score is obtained by the support

vector machine model. The gradient boosting and the random forest models have high

accuracy scores, too. The XGBoost model has the lowest accuracy score. The gradient

boosting model has the highest precision score, and the logistic regression model has

the lowest precision score. The logistic regression model has the highest recall score,

and the XGBoost model has the lowest recall score. The support vector machine has

the highest F1 score, and the logistic regression model has the lowest F1 score. In

general, the support vector machine model could be preferred.

Table 4.1 – First Link Prediction Results Via Machine Learning

Model Accuracy Precision Recall F1 Score
XGBoost 0.4424 0.9947 0.3396 0.5063

Gradient Boosting 0.9874 1 0.9580 0.9785
Random Forest 0.9756 0.9942 0.9265 0.9591

Support Vector Machine 0.9927 0.9945 0.9804 0.9874
Logistic Regression 0.8177 0.6120 1 0.7593

Multilayer Perceptron 0.8766 0.9960 0.7008 0.8227

In Fig. 4.3, all the confusion matrices that belong to each machine learning model

are shown. The logistic regression model is successful at predicting true positive (TP)

values. The support vector machine model is successful at predicting true negative

(TN) values. The gradient boosting model is successful at predicting the true positive

(TP) and true negative (TN) values, too.

Then this experiment is repeated with a new validation data set. The training set is
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Figure 4.3 – Confusion matrices of the first experiment.

divided into two parts at a rate of 30% to 70% randomly and homogeneously. 30% of

the training data set is used as validation data, and 70% of the training data set is

used as new training data. The machine learning algorithms are run again with a new

training data set. The experiment is repeated on both validation and test data. This

second experiment is necessary to understand whether the models are overfitting or

not. The results are shown in Table 4.2. According to these comparative experiments,

the algorithms are not overfitting. Again, the best scores are generally obtained by

support vector machine. It can be said that making predictions using an education

network is a logical method.

Table 4.2 – Second Link Prediction Results Via Machine Learning

Model Accuracy Precision Recall F1 Score
XGBoost Validation 0.9993 0.9992 0.9996 0.9994

Test 0.3684 0.9955 0.3123 0.4754
Gradient Boosting Validation 0.9962 0.9962 0.9967 0.9965

Test 0.9879 1 0.9596 0.9794
Random Forest Validation 0.9998 0.9999 0.9998 0.9998

Test 0.9717 0.9949 0.9143 0.9529
Support Vector Machine Validation 0.9981 0.9976 0.9987 0.9982

Test 0.9932 0.9945 0.9822 0.9883
Logistic Regression Validation 0.9988 0.9991 0.9986 0.9989

Test 0.8177 0.6120 1 0.7593
Multilayer Perceptron Validation 0.9985 0.9982 0.9989 0.9986

Test 0.8696 0.9965 0.6889 0.8146
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The confusion matrices that belong to the new experiment are shown in Fig. 4.4. It

is possible to make similar comments with previous results. The logistic regression

model is successful at predicting true positive (TP) values. But it is not successful at

predicting true negative (TN) values. The support vector machine model is successful

at predicting true negative (TN) values.

Figure 4.4 – Confusion matrices of the second experiment.

As a result of these experiments, we can accurately predict whether there is a link,

according to the education that they received, between the two employees. For an em-

ployee, an education plan can be generated from all education received by the employees

that employee is related. All education that is received by non-related employees can be

excluded from the priority of this plan. The final plan can be created after all education

that has been received by the employee until that date is also removed from the plan.

In this study, we do not keep education information on the link. In the next stage of

the study, education information could be recorded on the link, and a direct education

prediction would be made. According to the number of joint educations received, it is

possible to take into account the strength of the bond between the employees, too.

In addition to these experiments, the reason why the XGBoost algorithm yields lower

results compared to other algorithms is treated as a separate experiment. In the confe-

rence paper associated with this thesis, all algorithms provided approximate results.

In the experiments conducted in the thesis study, the reasons for the low performance
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of the XGBoost algorithm are examined. The main difference between the thesis study

and the conference paper is that the conference paper utilizes a greater number of link

prediction methods. In addition to the link prediction methods used in the thesis study,

14 additional different link prediction techniques have been employed. These different

methods are as follows :

1. Random Walk with Restart (RWR)

2. Matrix Forest Index (MF)

3. Local Paths Index (LP)

4. Leicht-Holme-Newman Index (LHN LOCAL)

5. LeichtHolme-Newman Global Index (LHN GLOBAL)

6. Pseudoinverse of the Laplacian (L)

7. Katz Index (KATZ)

8. Hub Promoted Index (HPI)

9. Hub Depressed Index (HDI)

10. Geodesic distance vertex similarity (DIST)

11. Cosine Similarity based on the pseudoinverse of the Laplacian Matrix (COS L)

12. Cosine vertex similarity/ Salton index (COS)

13. Average Commute Time (ACT)

14. Average Commute Time, normalized (ACT N)

So, in the thesis study, there are 15 features excluding the label column, while in the

conference paper, there are 29 features excluding the label column. The new expe-

riment is repeated using only the XGBoost algorithm, utilizing these different data

sets. Feature selection is performed in the experiments.

In the first experiment, the label column is predicted using 15 features. Since the results

have been the same as the previous ones, a new table is not generated. The value of

the accuracy is 0.4424. The value of precision is 0.9947. The value of recall is 0.3396.

The value of the F1 score is 0.5063. The importance matrix has been obtained for the

first experiment. The results are shown in Table 4.3.
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Table 4.3 – The importance matrix for first experiment

Feature Gain Cover Frequency
1 SPM 9.916391e-01 3.236562e-01 0.381231672
2 AA 2.274838e-03 9.764720e-02 0.149560117
3 L3 1.868396e-03 2.835132e-01 0.184750733
4 CAA 1.590952e-03 4.845796e-02 0.038123167
5 DICE 1.411126e-03 4.054945e-02 0.061583578
6 CRA 5.761922e-04 5.795577e-02 0.058651026
7 RA 3.201407e-04 8.514372e-02 0.067448680
8 CPA 2.402476e-04 3.542113e-02 0.026392962
9 PA 7.693533e-05 2.012874e-02 0.023460411
10 LEIG 1.819262e-06 7.525380e-03 0.005865103
11 ISOMAP 2.774247e-07 1.321359e-06 0.002932551

The matrix results are visualized as shown in in Fig. 4.5. SPM is more dominant

compared to the others. However, in general, there are no very high values.

Figure 4.5 – Visual of feature importance for first experiment.

In the second experiment, the label column is predicted using 29 features. Since the

results have been the same as the previous ones, a new table is not generated. The value

of the accuracy is 0.9989. The value of precision is 1. The value of recall is 0.9963. The

value of the F1 score is 0.9981. The importance matrix has been obtained for the second
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experiment. The results are shown in Table 4.4.

Table 4.4 – The importance matrix for second experiment

Feature Gain Cover Frequency
1 KATZ 1 1 1

The matrix results are visualized as shown in Fig. 4.6. There is only KATZ, and all its

values are 1.

Figure 4.6 – Visual of feature importance for second experiment.

The XGBoost algorithm is a powerful algorithm. From this experiment, we observe

that using a powerful algorithm on small data sets can lead to overfitting, and such

risks are possible.



5 CONCLUSION

In this study, the education data sets of Softtech employees have been used. Softtech is a

software engineering company in Turkey, as mentioned before, and these data sets were

created specifically for this study. This study begins with the education records that

belong to 2017, because the education data sets of the employees have been recorded

regularly since 2017. There are five years of data available, from the beginning of 2017

until the end of 2021. These data sets have been converted to a network after the

data pre-processing steps. The employees are connected with each other via education

networks. Masked employee information, the education they received, and the dates of

the education are sufficient for the study.

Firstly, the network has been considered and analyzed as a dynamic network. The

dynamically generated networks have been analyzed with macro, micro, meso, and

time series analysis techniques on a monthly basis and visualized. The impacts of the

COVID-19 pandemic on the data have been observed. Then the network has been

considered a static network, and the link prediction processes have been applied to

it. A link prediction framework for education recommendations to employees has been

proposed. At the end of the link prediction step, new data sets have been created for

use as input files in the machine learning step. XGBoost, gradient boosting, random

forest, logistic regression, support vector machine, and multilayer perceptron machine

learning algorithms have been run. Accuracy, precision, recall, and F1 scores have been

used for evaluating the performance of the machine learning models.

After creating networks using the data, it has been observed that the data is suitable

for network formation and the conducted study is reasonable. When the network is

considered and examined as a dynamic network, some results have been obtained from

the changes in the network. At the company, annual, quarterly-based business planning

is conducted, and business objectives are set accordingly. This situation has influenced

employees willingness to receive education and, consequently, their educational connec-

tions with each other. It can be said that during periods of high workload, the training

network becomes sparse, while during periods of low workload, the network density

is higher. Additionally, it is observed that during holiday or collective leave periods,
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there is a decrease in the number of individuals receiving training and the number of

training connections. The results of macro analysis studies have been supported by the

generated network visualizations. The network visualizations have already been created

based on these results.

When detailed network visuals are examined, it has been observed that some employees

differ in terms of receiving training. There are noteworthy results in terms of the num-

ber of nodes, the number of connections, and the structure of connections that are

worth examining. Even without this study, it is possible to determine which employees

receive more training, which education they have taken, and so on. However, when the

connections established by these employees with other employees through education

and the community structures in the resulting networks are examined, it directs us

towards different studies that can be conducted. In this study, information about the

employees’ positions, previous work experiences, workload, etc. is not included. Consi-

dering this information and conducting a new study can lead to further research on

determining career paths based on the education received by employees. For example,

employees with high betweenness centrality serve as bridges between different trai-

ning groups. When we remove these individuals from the network, the network group

will disintegrate, and the network structure will change. These individuals, who serve

as bridges between different training groups, may be considered candidates for team

leader or product manager positions in teams consisting of people with diverse trai-

ning and skills. The employee’s diverse educational interests and the education courses

he/she has taken indicate that the groundwork is ready for this. Similarly, it is possible

to make similar interpretations for individuals with high eigenvector centrality. It is

possible to facilitate the transformation of a newly hired employee or someone newly

added to a team to adapt and serve the company or the team as desired through edu-

cation. This study can be utilized to achieve these transformations more intelligently

with the right training plan. By tracking the positions and transformations of similar

individuals in the network structures, we can make more realistic and rational edu-

cation recommendations and plans when positioning an employee within the network.

Micro-level analyses will be useful in this context. As already observed in the degree

distribution graphs, it has been found to generally exhibit a power-law distribution.

This situation is evidence that it is a real-life example because networks in real life also

exhibit power-law distributions.
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As a result of the meso-level analyses conducted, community detection processes have

been performed. Different algorithms have been tried, and it has been observed that

all methods yielded almost the same results. Only minor differences are present. Sub-

sequently, using the generated heatmap, it was determined which algorithms produced

more similar results to each other. In the study conducted for January 2017, the Lea-

ding Eigenvector algorithm shows differentiation compared to the others. As seen in

the visualization, while the other algorithms divide the large community into four

parts, the Leading Eigenvector algorithm divides it into three parts. Infomap, Edge-

Betweenness, and Walktrap yielded the same results. The community detection process

was primarily initiated in this study to determine whether community analysis can be

performed on dynamic networks. However, later in the time series analyses, it was ob-

served that due to the changing and inconsistent structure caused by the COVID-19

pandemic’s impact, this study was abandoned. In time series analysis studies, there has

been a clear increase in the number of employees receiving education (nodes) and the

number of educations received (links) since the start of the COVID-19 pandemic. All

parameters related to network analysis have been examined in this context. However,

the abnormal increases due to the impact of the COVID-19 pandemic have hindered

making predictions using the time series analysis method.

As a result of all these studies, it was decided to proceed with the link prediction

method in the research. Since the network will be used as a static network, data pre-

processing and network generation processes have been carried out in this context.

Fifteen different link prediction methods have been used to predict whether there are

connections between employees based on the education they have received. This pre-

diction process has been performed using six different machine learning algorithms.

In general, all algorithms have provided the same result. Due to its consistency, the

support vector machine algorithm can be preferred. The high accuracy values of the

algorithms indicate that our data and network are suitable for this study. It has been

demonstrated that performing link prediction using the employee education data set is

feasible. It has been observed that the XGBoost algorithm provides significantly lower

results compared to other algorithms. This situation has also been further examined.

Based on this additional experiment, it has been observed that the XGBoost algorithm

gives low accuracy values on small data sets due to overfitting. Powerful models are

prone to overfitting ; this is formalized in the bias-variance tradeoff.
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Ultimately, a model was constructed for the education recommendation system, and it

was observed that this model could be utilized. Employees working at the same com-

pany are integral parts of the same system, and even if they don’t know each other, they

share similar educational interests and preferences. Therefore, it is possible to present

these preferences to employees. In this way, the education recommendations made pro-

vide employees with more engaging suggestions compared to traditional methods. In

this study, accurate link predictions are obtained by combining different features in

the machine learning model. The addition of educational attributes to the study can

be complementary and enhance its completeness. In the continuation of the study,

comparing the obtained analytical results with real-life outcomes will help ground our

analytical findings on a practical basis. The current results show the feasibility of this

study. But as the amount of data increases, the realistic nature of the results will

increase proportionally. It is also possible to get more realistic results by detailing

the education information in the links. The next steps can be guided by employees’

feedback based on education recommendations. Another alternative is to compare the

results of recommended and preferred educations in real life.

In today’s discussions about data-driven human resources, data-driven recruitment

techniques, etc., it has become inevitable to plan employee education based on data,

provide education recommendations to employees, and shape employees through educa-

tion. Learning analytics, especially adult learning analytics, serves this purpose. In this

thesis study, we have made a new contribution to the literature by using the employee

education network for connection prediction, going beyond the conventional methods.
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