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Resumo 
Na economia do conhecimento em que vivemos, e no sector tecnológico em particular, 

as empresas actuam em ambientes de grande dinamismo e onde a partilha de conhecimento 

e uma estratégica eficaz de comunicação são importantíssimos. A aplicação da teoria dos 

grafos ao estudo de estruturas sociais, designada de Análise de Redes Sociais (ARS), pode ser 

utilizada para estudar padrões de comunicação entre funcionários e compará-lo à organização 

formal. 

Com este trabalho pretende-se modular a comunicação entre colaboradores de uma 

empresa usando seu histórico do GitHub. A empresa em questão é internacional de médio 

tamanho e opera no sector do jogo online. Cresceu rapidamente e, por via disso, necessitou 

de se reestruturar. O objetivo proposto foi o de usar ARS para avaliar a eficácia desta 

mudança.  

O GitHub fornece um histórico de dados particularmente interessante já que é uma 

plataforma colaborativa onde são registadas todas as tarefas planeadas e realizadas. É 

também o local onde são discutidos assuntos do dia-a-dia relacionados com trabalho e onde 

os desenvolvedores de software partilham o código em que estão a trabalhar. 

Todo o histórico do repositório “home” desta empresa no GitHub, que totaliza perto de 

sete anos de dados gerados, foi extraído e guardado numa base de dados de grafos (Neo4j). 

Esta base de dados foi depois consultada para modelar a comunicação entre os utilizadores 

antes e depois do evento de reestruturação. Foram criados modelos de redes pesadas e não 

pesadas e o melhor modelo para o propósito foi selecionado. De seguida, analisaram-se 

medidas de centralidade e foi feita a detecção de comunidades.  

 Os resultados mostram que há de facto diferenças nas redes estudadas, e que coincidem 

com os propósitos da reestruturação, contribuindo para afirmar que a ARS é uma ferramenta 

poderosa e válida para avaliar o desempenho deste tipo de decisões estratégicas.  

 

Palavras-chave: Análise de Redes Sociais, Análise de Redes Organizacionais, GitHub, 

redes de comunicação 
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Abstract 
In the knowledge economy, and in the tech sector in particular, companies operate in 

highly dynamic business environments where knowledge sharing and effective 

communication are critical to allow a fast response. By applying graph theory to the study of 

social structures, Social Network Analysis (SNA) can be used by companies to study 

employee communication patterns and compare them to the formal organizational structure.  

The goal of this work is to use GitHub data and SNA tools to evaluate the effect of 

organizational structure changes made within a mid-size, fast-growing international 

company. GitHub is a very interesting source of information given that it is the platform 

where all tasks and projects are tracked and centralized, and where discussions are held and 

collaborative coding takes place.  

The entire GitHub “home” repository history, generated over nearly seven years, was 

extracted and stored in a graph database (Neo4j). It was then queried to model employee 

communication before and after the company suffered a structural reorganization. Weighted 

and unweighted user-user communication networks were derived from the data and the 

model that best suited the problem under study was chosen. Centrality measures and 

communities were analyzed to evaluate the effect the company’s internal reorganization had 

in the way employees work and communicate. 

Results show that the recent organizational changes did have an impact in the way people 

communicate and that SNA is a valid and powerful tool to evaluate performance and success 

of such strategic decisions.  

 

Keywords: Social Network Analysis, Organizational Network Analysis, GitHub, 

communication networks 
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Chapter 1 Introduction 

In this chapter the problem under study, its contributions and motivations behind it are 

explained. 

1.1 Motivation 

In the knowledge economy, and in the tech sector in particular, companies operate in 

highly dynamic business environments where knowledge sharing and effective 

communication are critical to allow a fast response. Many tech startups adopt a flatter, 

simpler and less formal organizational structure, rather than the traditional highly hierarchical 

one. However, as companies become successful and grow these structures are often 

unsustainable. Social Network Analysis (SNA) can contribute to the conception of a new 

structure within a company, by pinpointing the right people for leadership roles, and it can 

be helpful in evaluating its implementation.  

 SNA uses graph theory to study social structures. It can be used by companies as a mean 

to study employee communication patterns and assess how they compare to the formal 

organizational structure (Zack, 2000). SNA produces visual and quantitative descriptions of 

organizational structures and contributes to the identification of key-persons, isolated actors 

and the presence of information flow bottlenecks in organizations. Using SNA tools, it is 

possible to depict who is at the center or at the periphery of the network, an information 

that is valuable not only for the management team but also for the employees themselves. 

Furthermore, it allows an evolutionary perspective of the network by providing snapshots 

over different time periods.  

1.2 Problem definition 

The goal of this work is to use SNA to study the organizational structure of a mid-size, 

fast-growing international online gambling company. It was proposed to me as a starting 

point for a three-month data science internship, after their business experienced some 

growing pains. 

The institution in question, whose name will not be disclosed for privacy reasons, was 

initially organized in large cross-functional missions composed of people with diverse 

backgrounds and that may work on-site or remotely. As the company grew, the number of 
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missions surpassed thirty, and the whole structure became unsustainable. It was too slow at 

reacting to changes in market, gambling and privacy regulations. The success of missions 

became hard to track and the company was experiencing communication and collaboration 

problems. There were also leadership issues and an overall lack of common goals and 

strategy. Aiming at reducing the complexity of the organization and expedite the adaptation 

to changes, there was a shift from a flat to a highly networked organization. The idea was to 

shorten lines of communication, increase transparency and collaboration, enable knowledge 

sharing and make it easier to take the right decisions. They moved from missions to smaller 

teams, aggregated in six clusters (Figure 1). Clusters are fluid organizational structures, built 

around business areas that have a distinct concern and can be seen as autonomous units, 

each with a defined strategy and roadmap. They can consist of cross-functional teams, teams 

of a single profession, or both. Teams are dynamic structures, whilst the scope of each cluster 

is more permanent. Each team is managed by team lead and each cluster by a cluster lead. In 

this structure, communication lines between people are meant to reflect the true 

organizational chart. 

 

 
Figure 1: Internal restructuring of the organization from missions to team clusters. M: missions; T: teams. 

 

The code repository service GitHub1 is used within the organization as a vital tool for 

enabling cooperation. It serves as a platform for idea sharing, it is where problems are 

identified and solved. The company’s GitHub “home” repository is utilized by all employees 

to map and keep track of issues, new ideas, proposed changes or changes already agreed 

upon. It is a place to foster discussions and internal collaboration. 

In this work, an intra-organizational social network was built from data on the company’s 

GitHub “home” repository, to answer following questions: 

                                                
1 https://github.com/, accessed on 26th December 2018 
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• How does the overall topology of the network look like? 

• Who are the key-persons in the network? 

• Are there any silos? 

• Are there identifiable clusters of employees? How do they evolve over time? 

• Are the recent organizational changes having an impact in how people communicate? 

1.3 Contribution 

The goal of this work is to develop a model that is able assess organizational performance 

by capturing the way employees communicate and collaborate regarding their work 

functions. 

1.4 Organization 

This Dissertation is organized in the following chapters: 

Chapter 2 describes the state of the art and fundamental information about SNA, 

centrality measures and community detection. Relevant publications using SNA and GitHub 

data are also reviewed. 

Chapter 3 contains a description of the problem and data under study. It includes an 

overview of the methodology used and an outline of GitHub and Neo4j. 

Chapter 4 presents methodological details about data collection, pre-processing, network 

model selection and analysis. Results are shown and discussed.  

Chapter 5 depicts the main conclusions and limitations of this work, as well as ideas on 

how to improve in future work. 
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Chapter 2 State of the Art 

This chapter briefly overviews the myriad of network analysis applications in different 

fields, such as computer engineering or biological and social sciences. Then graph theory is 

introduced, explaining what graphs represent, the different graph types and how to analyze 

them using node and network measures. Traditional community detection algorithms are 

also described. Finally, relevant publications where GitHub data is mined are referred.  

2.1 An Overview of Social Network Analysis 

2.1.1  Network Analysis Applications 

Network analysis has its basis in network theory, a branch of graph theory, whose origins 

have been traced to the 18th century, when the Swiss mathematician and physicist Leonhard 

Euler used graph concepts to solve “The Königsberg Bridge Problem” (Euler, 1736). In 

network theory, objects (vertices) and the connections they share (edges) are represented as 

graphs (Figure 2), and their properties analyzed using specific techniques. It is possible to 

identify communities of vertices more similar to each other than to other vertices (Fortunato 

& Hric, 2016) and study how the network structure evolves over time (Doreian, 2002). 

Network theory has contributed to the development of fields spanning from natural to social 

sciences, since many real-world situations have an underlying network structure. A graph 

approach can be followed to simplify the representation of many problems whose structure 

can be thought of as interactions between entities. 

 

 
Figure 2: A simple network composed of five vertices (circles) and edges (lines). 

 

Biologists study a variety of biological networks: metabolic networks (Kanehisa, 

Furumichi, Tanabe, Sato, & Morishima, 2017), where metabolites in the same pathway are 

connected by enzymatic reactions; complex gene regulatory networks (Peter & Davidson, 

2015), depicting known interactions between regulatory and regulated genes; protein-protein 

vertex

edge
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interaction networks (Chatr-aryamontri et al., 2017; Ghadie, Coulombe-Huntington, & Xia, 

2018); gene co-expression networks (Saelens, Cannoodt, & Saeys, 2018) (Figure 3), that 

identify genes sharing identical expression patterns in different tissues or experimental 

conditions; and ecological networks (Woodward & Benstead, 2010), that represent 

interactions between species in ecosystems.  

In epidemiology, the transmission mechanisms of contagious diseases, such as HIV 

(Campbell et al., 2017) or the Ebola virus (Mate et al., 2015), are studied using Transmission 

Network Analysis (TNA). An interesting study was also done on the spread of obesity 

through a large network of people over the course of 35 years (Christakis & Fowler, 2007), 

having reached relevant conclusions for public health interventions in obesity management.  

In computer engineering, computer networks and the Word Wide Web (WWW) can be 

thought of as graphs. In the latter, vertices represent pages and edges the hyperlinks pointing 

from one page to another (Huberman, 2001). Very recently, network analysis gave a crucial 

aid in understanding the intricate ties in the Panama and Paradise Papers financial scandals, 

being helpful at the same time for journalists, criminologists and economists.  

 

 
Figure 3: Gene co-expression network. Circular vertices represent genes that share a pattern of expression across 

samples with bait-genes, which are represented as white diamond-shaped vertices. Vertices have the same color if they co-
express with the same baits. Edge color represents a positive (blue) or negative (red) expression correlation with baits. 

 

In social sciences, SNA studies social structures formed by relations between individuals 

or collectives. It helps determining meaningful patterns, depict central actors and describe 
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their influence on the network. In the 1970’s and 80’s, surveys, field work and interviews on 

how individuals interact with their colleagues were used infer social networks (Burt, 1984; 

Wellman, 1979). More recently, e-mail exchange data has been used to create an e-mail 

network and make inferences on the propagation rate of viruses via e-mail (Ebel, Mielsch, & 

Bornholdt, 2002). Taking advantage of the boom in internet accessibility and social network 

platforms, it is now possible to generate large-scale networks representing social connections 

between LinkedIn2 (Russell, 2013), Facebook3 (Lewis, Kaufman, Gonzalez, Wimmer, & 

Christakis, 2008) or Twitter4 (Ediger et al., 2010) users.  

Network analytics tools are used in 21st-century corporations (Bryan & Joyce, 2005) to 

map and exploit the informal social structures, though which information flows better than 

by the hierarchical chain. Mapping collaborations, with associated costs and benefits, 

between employees or between them and costumers, can contribute to the development of 

strategies that increase productivity and revenue (Bryan & Joyce, 2005).  

2.1.2 Graph Theory 

2.1.2.1 Graph Representation 

A social network can be represented a graph, G, that according to (Bondy & Murty, 1976) 

is formally defined as pair G = (V, E, 𝜓g), where V is a nonempty set of vertices, E a set of 

edges disjoint from V, and 𝜓g an incidence function mapping each edge to a pair of vertices. 

Graph nomenclature varies across disciplines with vertices being known also as nodes, actors 

or agents; and edges named as links, connections, ties or bonds. The terms network and 

graph can be considered synonymous. 

Given two vertices u and v connected by and edge e, e is represented by the pair (u, v) and 

u and v are said to be adjacent or neighbors. Both nodes u and v are incident on e, and vice-

versa, u and v are also endpoints of e; u is the tail of e and v is the head.  

List and matrices are the two types of data structures used for graph storage and 

commonly contain information on node adjacency or incidence (Figure 4). Adjacency lists 

keep information on all neighbors of each node in the network. In adjacency matrices, all 

nodes are represented as rows and columns and edge information fills in the matrix. These 

matrices are symmetric and their dimension is given by the number of nodes in the network. 

                                                
2 https://www.linkedin.com/, accessed on 26th December 2018  
3 https://www.facebook.com/, accessed on 26th December 2018 
4 https://twitter.com/, accessed on 26th December 2018 
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Incidence lists, store information on edges incident to each node in the network. In incidence 

matrices, rows represent nodes and columns represent edges, thus they are not necessarily 

symmetric. If an edge connects two nodes, information on that link is stored in the respective 

edge column and node rows. Adjacency lists are very compact space efficient and are 

particularly suited for sparse graphs. Matrices are advisable for representing dense graphs.  

 

 
Figure 4: Commonly used graph data structures. Adjacency (left) and incidence (right) lists and matrices representing 

an unweighted and undirected graph (middle). 

2.1.2.2 Graph Types 

The undirected and unweighted graphs we’ve seen so far, where nodes are connected by 

edges representing bidirectional relationships that are even across the network, are the 

simplest type of graphs. Networks of higher complexity can be created where various 

information is stored in both edges and nodes (Figure 5). Regarding the edges, networks can 

be unweighted (Figure 5 A, C, D) if they all have the same representation across the graph, 

or weighted (Figure 5 B) if they have different weights. Weights can represent a variety of 

things, such as the intensity or size of a measure, they can for instance indicate the number 

of exchanged e-mails between people, or the length of a path between cities. In weighted 

networks, edges vary in their thickness and/or contain a number representing their weight. 

Graphs can be directed (Figure 5 A), also called digraphs, where or relationships may not 

be reciprocal, or undirected (Figure 5 B, C, D) if they are always mutual between nodes. In 

directed graphs, edges are defined by an ordered pair of nodes and end in an arrow pointing 

the relationship direction. More than one type of relationship can be represented in the same 

graph (Figure 5 D). Nodes can represent different objects and share different relationships 

(Figure 5 C). There are bipartite graphs (Figure 5 E), containing two independent sets of 

incidence

A: {A, B}, {A, C}
B: {B, A}, {B, C}
C: {C, A}, {C, B}, {C, D}, {C, E}
D:{D, C} 
E: {E, C}

matrix:

list:

adjacency

A: B, C
B: A, C
C: B, D
D: C
E: C 

matrix:

list:

A B C D E
A 0 1 1 0 0
B 1 0 1 0 0
C 1 1 0 1 1
D 0 0 1 0 0
E 0 0 1 0 0

B

C

E

D

A

e1

e2

e3

e4

e5

e1 e2 e3 e4 e5

A 1 0 1 0 0
B 1 1 0 0 0
C 0 1 1 1 1
D 0 0 0 1 0
E 0 0 0 0 1
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nodes, where edges establish connections only between different node types (Newman, 

Strogatz, & Watts, 2001). Nodes of the same type are connected if they share a connection 

with the same node. The gene co-expression network in Figure 3 is an example of a bipartite 

graph. 

 

 
Figure 5: Graph types. A) unweighted, directed graph with arrows pointing edge direction; B) weighted, undirected 

graph with edge thickness representing weight; C) unweighted, undirected graph containing nodes of different types, as 
evidenced by their color; D) unweighted, undirected graph containing more than one relationship type, as indicated by 

their color; E) bipartite graph with two distinct node types (circle and rectangle). 

 

Matrices and lists can contain information representing edge direction and weight, and 

are able to describe the mentioned types of graph structures (Figure 6). For undirected graphs 

(Figure 6 A, C), there is symmetry along the adjacency matrix diagonal, since to a tie from 

node A to B there is a corresponding tie from node B to A. This does not happen for directed 

graphs (Figure 6 B), where unidirectionality exists. If a tie goes in the direction from A to B, 

but not from B to A, information for that tie is indicated in the matrix only in the correct 

direction. For weighted graphs (Figure 6 C), if an edge exists its weight can be indicated at 

the corresponding row and column intersection. For unweighted (Figure 6 A, B) graphs, the 

edge information is Boolean, taking the value of 1 if the edge exists and 0 if it does not. 

 
Figure 6: Adjacency matrix representations of A) an undirected unweighted graph; B) a directed unweighted graph 

and C) an undirected weighted graph. 

B

C

E

D

A

B

C

E

D

A

A)

C)

B

C

E

D

A

B

C

E

D

A

B)

D)

1

A

B

C

D

2

3

E)

A B C D E
A 0 1 1 0 0
B 1 0 1 0 0
C 1 1 0 1 1
D 0 0 1 0 0
E 0 0 1 0 0

B

C

E

D

A

adjacency matrix

B

C

E

D

A

A) B)
A B C D E

A 0 1 0 0 0
B 0 0 1 0 0
C 1 1 0 0 0
D 0 0 1 0 0
E 0 0 1 0 0

adjacency matrix C)
A B C D E

A 0 6 1 0 0
B 6 0 1 0 0
C 1 1 0 6 4
D 0 0 6 0 0
E 0 0 4 0 0

adjacency matrix

B

C

E

D

A

6

6
41

1
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Networks can be sociocentric (whole networks), built from a group perspective, or 

egocentric (personal networks) if they focus on relationships of a single individual, called 

ego, with other nodes, called alters, and between the alters themselves (Tabassum & Gama, 

2016). A person’s (ego) Facebook friendship network is an example of an ego network, where 

each node (alter) in the network is friends with the ego and edges connecting alters show 

they are also friends between them.  

2.1.2.3 General Graph Concepts 

Simple graphs are those without loops and whose edges all join different pairs of vertices 

(Bondy & Murty, 1976). Loops designate edges whose endpoints are the same, as an 

example, node E in Figure 5 A has a loop, and links designate edges whose endpoints are 

distinct (Bondy & Murty, 1976). A graph is complete if every two distinct vertices are 

adjacent. A graph H is a subgraph of G if all vertices and edges of H are subsets of the 

vertices and edges of G, in which case G is a supergraph of H. A complete subgraph is called 

a clique. 

The order of a graph, n, is given by the number of vertices it comprises, and its size, m, 

is equal to the count of edges. The maximum number of links a network of n nodes can have 

is given by: 𝑚#$% = 𝑛(𝑛 − 1) for directed, or  𝑚#$% =
,(,-.)

/
 for undirected networks. 

For complete networks, the total number of links is equal to 𝑚#$% . 

A walk, W, of length k, in a graph is a sequence of adjacent vertices, v, 𝑊 = 𝑣2𝑣.𝑣/ …𝑣4 

that starts in an origin node (𝑣5) and ends, proceeds through internal nodes, and ends in a 

terminus node (𝑣4) (Figure 7 A). A closed walk has its origin and terminus are at the same 

node. If all nodes in a walk are different it is called a path, and a closed path constitutes a 

cycle.  

A triplet is a set of three nodes connected by either two edges (open triplet) – e.g. {E, C, 

D} in Figure 6 A – or three edges (closed triplet) – e.g. {A, B, C} in Figure 6 A. A triangle 

is formed by three closed triplets, each centered on one node – e.g. the three closed triplets 

{A, B, C}, {B, C, A} and {C, A, B} in Figure 6 A form a triangle. 

A graph is connected if any two nodes are connected by a path (Figure 7 A), and 

disconnected (Figure 7 B) if they are not. Connected graphs contain a single maximal 

connected subgraph (component) and disconnected graphs can be separated into multiple 

connected components. As an example, in Figure 7 B the graph can be split into three 

connected components: {A, B, C}, {E,  F} and {G, H, I,  J, K}. The distance between nodes 



 10 

of different components is said to be infinite. An acyclic connected graph is designated a 

tree, and is exemplified in Figure 7 B by the connected component {G, H, I, J, K}. If the 

removal of an edge in a connected graph results in its disconnection, that edge is called a 

bridge (Figure 7 C).  

 

 
Figure 7: Simple networks with A) connected graph structure, where a walk, closed walk, path and cycle are 

exemplified; B) disconnected graph structure. C) exemplifies a connected graph with a bridge (dashed line), whose 
removal would result in two separate connected components. 

 

The shortest path, geodesic distance, or simply distance, d, between two nodes i and j 

through internal nodes h, in an unweighted network is the length of the minimal path 

separating them (eq. (2.1):   
(2.1) 

d = min	(x<= + ⋯+ x=@) 

where each 𝑥 is the distance between neighbor nodes and always equal to 1. There might be 

more than one shortest path between the same two nodes, as exemplified in the network in 

Figure 7 A, where two shortest paths separate nodes A and D: {A, C, D} and {A, E, D}. 

For weighted networks, if ties represent a cost (e.g. distance), the shortest path, 𝑑C , 

between i and j is the one with the minimum sum of edge weights, w (Dijkstra, 1959):  
(2.2) 

dD = min	(w<= +⋯+w=@) 

However, if ties represent an ease of communication (e.g. degree of interaction between 

people), eq. (2.3  can be modified so that the inverse of the weights is used to calculate the 

shortest path (Brandes, 2001; Newman, 2001), giving stronger ties a lower cost that weaker 

ties (2.3): 
(2.3) 

dD = min	(	
1
w<=

+⋯+
1
w=@

	) 

walk: C, D, E, C, A
closed walk: C, D, E, C, A, B, C
path: A, B, C, D, E
cycle: A, B, C, D, E7, A

B

C

E

D

A

A)

B

C D

A E F

B)

JH

I

G K

B

C D

A E F

C)
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This distance gives a higher importance to paths with larger number of higher weight 

connections than to weak direct links. Furthermore, we might wish to consider a tradeoff 

between the number of ties in a path and their weigh (Opsahl, Agneessens, & Skvoretz, 

2010).  This can be done by introducing in a positive parameter, 𝛼, to be tuned by the user 

(2.4): 
(2.4) 

dDG = 	min	(	
1

(w<=)G
+⋯+

1
(w=@)G

	) 

Using this equation, if 𝛼 = 0 the distance measure is the same as for unweighted networks 

(2.1) and if 𝛼 = 1 the distance is the same as calculated by (2.3). For other values of 𝛼, and 

for paths of the same distance as calculated by (2.3, a higher importance is given to a lower 

number of ties (𝛼 < 1), or to higher tie weights (𝛼 > 1). This is exemplified in Figure 8 and 

Table 1, where all paths between nodes A and B: {A, B}, {A, C, B} and {A, D, E, B}, have 

the same length, as defined by (2.3). When using (2.4) with 𝛼 = 0.5, the shortest path is the 

one with fewest links; setting 𝛼 = 1.5 assigns the shortest path to the one containing links 

with higher weight. 

From node distance derives another concept which is node eccentricity, i.e. the 

maximum of all distances (longest shortest path) from that node to any other node in the 

network. 
Table 1: Length of all paths between nodes A and B in Figure 8, calculated by different 
distance metrics. d:(2.1) considering an unweighted network; dD: (2.3); dDG: (2.4) with 

different α parameter values. Shortest paths are highlighted in yellow. 

 
Figure 8: Graph with three 
distinct paths from A to B. 
From (Opsahl et al., 2010) . 

 

2.1.3 Analyzing Social Networks 

2.1.3.1 Node Measures 

Several node metrics exist to aid in the characterization of the relative importance of a 

node in a network and understand its role and behavior in that context. Centrality measures, 

A B1

C

D E

2 2

3

3

3

! !" !"#
$ = 0 $ = 0.5 $ = 1 $ = 1.5

{A, B} 1 1 1 1 1 1
{A, C, B} 2 1 2 1.4 1 0.7

{A, D, E, B} 3 1 3 1.8 1 0.5
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such as degree, closeness, betweenness and eigenvector centrality, ascertain the position of a 

node in a graph. The local clustering coefficient measures cohesion in a node’s 

neighborhood. 

Degree Centrality 

The degree, 𝑘, of a focal node, 𝑖, is equal to the sum of incident edges connecting it to 

other nodes, which is the same to say it is equal to the number of neighbors it has (Freeman, 

1978). It is calculated for each node and measures their individual involvement in a graph, 

their importance or influence.  

In unweighted undirected graphs it is calculated as follows: 
(2.5) 

𝑘P =Q𝑥PR

S

R

 

where 𝑁 represents all nodes in the network, and 𝑥 the adjacency matrix where the cell (𝑖, 𝑗) 

takes a value of 1 if nodes 𝑖 and 𝑗 are connected and 0 if they are not. A node has the 

maximum possible degree, 𝑘P = 𝑁 − 1, if it is connected to all other nodes in the network. 

When extending this measure to unweighted directed graphs, each node has an in-degree, 

𝑘PW, i.e. the number of edges pointing to it, and an out-degree, 𝑘P-, i.e. is the number of edges 

pointing from it to other nodes. In-degree measures the support a node has in a network, 

and out-degree its influence. 
(2.6) 

𝑘PW =Q𝑥RP

S

R

 

(2.7) 

𝑘P- =Q𝑥PR

S

R

 

In unweighted undirected graphs, the degree is calculated as the sum of weights, 𝑤, of 

edges leaving a node (Barrat, Barthélemy, Pastor-Satorras, & Vespignani, 2004; Newman, 

2004; Opsahl, Colizza, Panzarasa, & Ramasco, 2008), and is designated as the node’s 

strength, 𝑘PC : 
(2.8) 

𝑘PC =Q𝑤PR

S

R

 

where 𝑤 is the weighed adjacency matrix and the cell (𝑖, 𝑗) takes the value of the edge weight 

(≥ 1) connecting the nodes, or 0 if they are not neighbors. However, this definition of 
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strength does not take into account the number of edges leaving a node, only their weight. 

Following the previously explained reasoning for distance calculation in weighted networks, 

Opsahl et al. (Opsahl et al., 2010) propose a way to combine degree, 𝑘P, and strength, 𝑘PC , in 

the same measure. By including a positive tuning parameter, 𝛼,  it is possible to determine 

the relative importance of edge number and weight: 
(2.9) 

𝑘PCZ = 𝑘P × \
𝑘PC

𝑘P
]
Z

= 𝑘P
(.-Z) × (𝑘PC)Z 

The parameter 𝛼 is set by the user according to the following:  if 𝛼 = 0 the measure is the 

same as for unweighted networks (2.5) and if 𝛼 = 1 it is the same as calculated by (2.8. For 

other values of 𝛼, and for nodes of the same strength as calculated by (2.8, the measure takes 

higher values if the weight is distributed by more edges (𝛼 < 1), or less edges (𝛼 > 1). 

Furthermore, the authors also propose an extension of 𝑘PCZ to weighted directed graphs. 

Betweenness Centrality 

Betweenness, 𝑏, measures the control a node, 𝑖, has over the network’s information flow. 

It quantifies the number of times a node lies in the paths of a graph (Freeman, 1978), and is 

calculated for paths between all node pairs in the network: 
(2.10) 

	𝑏P = Q
𝑔R4(𝑖)
𝑔R4R,4	∈	a(b)

 

where 𝑔R4  is the number of geodesic paths between nodes 𝑗 and 𝑘, and 𝑔R4(𝑖) the number 

of those paths that go through 𝑖. The higher the betweenness of a node the more central role 

it occupies in the network as information preferentially runs by it on the way to other nodes.  

Opsahl et al. (Opsahl et al., 2010) propose the use of (2.4 to calculate the distances in 

undirected weighed networks, resulting in the following betweenness centrality measure: 
(2.11) 

𝑏PCZ = Q
𝑔R4CZ(𝑖)
𝑔R4CZR,4	∈	a(b)

 

Closeness Centrality 

Closeness, 𝐶𝑙, measures the extent to which a node, 𝑖, is near all other nodes in the network, 

thus capturing its ability to access information. It is the inverse of the sum of all distances 

between 𝑖 and all other nodes in the network. Smaller closeness values represent larger 
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distances from a node to all other nodes, thus less chances of receiving or effectively 

transmitting information. 
(2.12) 

𝐶𝑙P = eQ𝑑(𝑖, 𝑗)
S

R

f

-.

 

For undirected unweighted networks, when using (2.4) to calculate distances as proposed 

by Opsahl et al. (Opsahl et al., 2010), closeness centrality is calculated as follows: 
(2.13) 

𝐶𝑙PCZ = eQ𝑑CZ(𝑖, 𝑗)
S

R

f

-.

 

Eigenvector Centrality 

Eigenvector centrality, 𝐶, measures how well a node, 𝑖, is connected to other well-

connected nodes in the network. Thus, it is proportional to the sum of the neighbor’s 

centralities. Eigenvector centrality is an extension of node degree in the sense that quantifies 

node importance considering not only the quantity but also the quality of a node’s neighbors. 

In this metric, the existence of links to high-scoring nodes recursively increases the score of 

the node in question; a computation made using the eigenvector centrality formula: 
(2.14) 

𝐶P
1
𝜆
Q𝑥PR𝐶R

S

R

 

where 𝑥PR is the adjacency matrix, taking values 1 or 0 if nodes are connected or not, 

respectively. The largest adjacency matrix eigenvalue is represented by 𝜆. 

Transitivity and Local Clustering Coefficient 

Transitivity is a property that describes the likelihood of node’s neighbors to also 

connected between themselves. It is normally high in social networks, where an individual’s 

friends are likely to also be each other’s friends. The clustering coefficient measures 

transitivity at the node level (local clustering coefficient) and at the network level (global 

clustering coefficient). 

The local clustering coefficient, CC, of a node, 𝑖, is the ratio of number of edges that 

connect i's neighbors over the total number of possible edges between them (Watts & 

Strogatz, 1998). For an unweighted undirected graph: 
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(2.15) 

𝐶𝐶P =
hi𝑒R4: 𝑣R𝑣4 ∈ 𝑁P, 𝑒R4 ∈ 𝐸mh

𝑘P(𝑘P − 1)
2

 

where 𝑘P is the number of neighbors in the neighborhood, 𝑁P, of 𝑖 and h𝑒R4h is the number 

of edges between nodes in that neighborhood, which vertices 𝑗 and 𝑘 are a part of. 𝐸 is the 

set of vertices in the graph. 

2.1.3.2 Edge measures 

Most research has been done on node centrality measures. However, it is equally 

important to characterize the importance of edges. Edge betweenness was proposed by 

Girvan and Newman (Girvan & Newman, 2002) to identify edges separating communities. 

It quantifies the number of shortest paths between node pairs that go through a particular 

edge. The idea is that edges standing between communities are part of the shortest paths 

separating members of different communities, and thus have higher edge betweenness than 

edges connecting nodes of the same community. It should be noted that this metric 

disregards paths of length slightly bigger than the shortest one, that might be equally relevant 

for information flow. 

Other edge metrics exist, such as the spanning edge betweenness (Teixeira, Monteiro, 

Carriço, Ramirez, & Francisco, 2013), or current flow centrality (Brandes & Fleischer, 2005) 

and Kirchhoff edge centrality (Li & Zhang, 2018), the last two based on the resistance 

distance in electrical networks (Klein & Randić, 1993) and the latter applicable to undirected 

weighted networks. 

2.1.3.3 Network Measures 

Network measures are calculated on the network as a whole. They are global measures 

that tell us something about the overall graph structure. 

Diameter and Radius 

The diameter and radius of a network are the maximum and minimum of all node 

eccentricities, respectively. The diameter of a graph tells us how far apart are the two most 

distant nodes, always considering the shortest path.  

Nodes whose eccentricity equals the network diameter are designated peripheral vertices 

and constitute the network periphery. Those with an eccentricity equal to the radius are 

central vertices and compose its center. 
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Average Geodesic Distance 

The average geodesic distance, l, of a network tells us how closely connected nodes are in 

the network. In unweighted graphs, it is the average number of edges in the shortest paths 

between all possible node pairs in the network: 
(2.16)  

	l =
1

1
2n(n − 1)

Qd(i, j)
<q@

 

considering an undirected graph, where .
/
𝑛(𝑛 − 1) is the maximum possible number of 

edges, and 𝑑(𝑖, 𝑗) is the distance between nodes i and j.  

Average Degree and Degree Distribution 

The network’s average degree, 𝑘r , tells us, on average, how many nodes any node in the 

network is connected to. It gives a picture of the overall network connectivity. Formally, for 

n nodes: 
(2.17)  

	kr = 	
1
n
Qk<

t

<u2

 

The degree distribution of a graph, 𝑝4 , is the fraction of nodes that have degree k,	𝑛4: 
(2.18)  

	px =
nx
n  

For real-world networks, including social networks, it has been described that only a minority 

of nodes have a degree much higher than the average network degree, resulting in a highly 

rightly-skewed 𝑝4  histogram (Barabasi & Albert, 1999). 

Density 

The density, 𝜌, is another way of looking at the global connectivity of a graph, G. It is the 

proportion of edges a network has, 𝑚(𝐺), relative to the maximum possible edges it could 

have if it was a complete network, 𝑚#$%(𝐺): 
(2.19)  

ρ(G) =
m(G)

m}~�(G)
 

It can take values between 0, if no nodes are connected, and 1 if the graph is fully connected. 

Graphs with higher 𝜌 values are said to be denser than those with lower 𝜌 values, which are 

sparser. 
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Reciprocity 

Reciprocity, r, is used in directed networks to quantify the propensity of nodes to be 

mutually connected. It is simply the ratio of ties in the network that are bidirectional:  
(2.20)  

r =
#	bidirectional	edges

#	total	edges  

A directed network where all edges are bidirectional has an 𝑟 = 1; one where all edges 

are unidirectional has an 𝑟 = 0. 

Global Clustering Coefficient 

The graph’s global clustering coefficient (Watts & Strogatz, 1998), CC, estimates its 

overall level of clustering. It is the average of all local clustering coefficients, 𝐶𝐶,, in the 

network over all network vertices, n: 
(2.21)	

CC =
1
n
QCCt
t

 

Another way to measure global clustering coefficient is using the ratio of closed triplets 

which, as seen previously, is the same as 3 triangles, over the total number of triplets in an 

undirected network (Luce & Perry, 1949): 
(2.22) 

𝐶𝐶 =
3 × #𝑡𝑟𝑖𝑎𝑛𝑔𝑙𝑒𝑠
#𝑡𝑟𝑖𝑝𝑙𝑒𝑡𝑠 =

∑ 𝜏�
∑𝜏  

where ∑𝜏 is the total number of triplets (open and closed) in the network, and 

∑𝜏� is the subset of those triplets that are closed. Opsah and Panzaraza (Opsahl & 

Panzarasa, 2009) generalize this definition for weighted networks by taking the weight, 𝑤, of 

edges into account: 
(2.23) 

𝐶𝐶C =
𝑡𝑜𝑡𝑎𝑙	𝑤𝑒𝑖𝑔ℎ𝑡	𝑜𝑓	𝑐𝑙𝑜𝑠𝑒𝑑	𝑡𝑟𝑖𝑝𝑙𝑒𝑡𝑠

𝑡𝑜𝑡𝑎𝑙	𝑤𝑒𝑖𝑔ℎ𝑡	𝑜𝑓	𝑡𝑟𝑖𝑝𝑙𝑒𝑡𝑠 =
∑ 𝑤��
∑ 𝑤�

 

2.1.3.4 Link Analysis 

Link analysis explores the relationships between all entities in a graph to find and rank the 

most relevant node(s) in a network. It has been employed in several fields, from fraud 

detection and terrorist network analysis, to internet search engine optimization. Two 

renowned algorithms in link analysis are PageRank and HITS (Hyperlink-Induced Topic 

Search), both developed to rank the importance of webpages despite their application not 

being restricted to the WWW. 



 18 

PageRank  

The PageRank algorithm is based on eigenvector centrality and was the first known 

algorithm developed by GoogleTM for its web page automated search engine (Page, Brin, 

Motwani, & Winograd, 1998), with the purpose of selecting the best pages to appear at the 

top of a search list when googling any topic. It ranks page importance using the web digraph, 

where nodes are pages and directed edges are the hyperlinks pointing from one page to the 

other. A node, 𝑢, can have a set of back-links, 𝐵�, pointing to it from other pages, and a set 

of forward-links, 𝐹�, pointing from it to other pages. 𝑁� = |𝐹�| is the number of forward-

links from u, and the parameter 𝑑 is a damping factor (𝑑 < 1) (Brin & Page, 1998). The 

PageRank, 𝑅(𝑢), of node 𝑢, is defined by: 
(2.24) 

R(u) = 1 − d + d Q
R(v)
N££∈¤¥

 

In very broad terms, the algorithm recursively computes and updates 𝑅(𝑢) for k iterations 

until conversion, starting with the assignment of an initial rank to all nodes equally. Thus, 

the PageRank of a website considers not only the number but also the rank of pages pointing 

to it. This way, a page has a higher rank if other pages that hyperlink it are highly ranked 

themselves.  

HITS: Hubs and Authorities 

Although not specific to WWW application, the HITS algorithm was developed to find 

the “authoritative”, more relevant, web pages when querying any broad search topic 

(Kleinberg, 1999). Considering the WWW digraph described in the previous section, for a 

given query, HITS’s objective is to select a focused subgraph of the WWW, whose node set, 

𝑆§ , must obey the following criteria: be of relatively small number, be rich in relevant pages 

and contain most of the strongest “authoritative” pages on that subject. To do so, it starts 

with the first 𝑡 (~200) results outputted from any search engine. This small starting set of 

pages, designated as root set, 𝑅§, contains the highest-ranked pages for the search in 

question, as calculated by the search engine’s algorithm. In principle, 𝑅§ already satisfies the 

first two criteria for the base set, 𝑆§ . However, it still needs to be enriched in “authoritative” 

nodes, which are expected to be hyperlinked by at least one page in 𝑅§. Thus, pages 

referenced by at least one node in 𝑅§, as well as other pages, external to 𝑅§, that point to 

any page in it up to a fixed limit number, 𝑑, of external references per page, are used to 
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expand 𝑅§.	It is expected that most authorities in the queried subject now belong to 𝑅§, 

which is then designated 𝑆§  and the subgraph induced by it called 𝐺[𝑆§].  

All links pointing between webpages of the same domain are removed from 𝐺[𝑆§], as 

they are irrelevant, resulting in a subgraph 𝐺§ . Authors suggest the application of other 

heuristics at this point may further reduce the number of unwanted links or nodes. 

The link structure of 𝐺§  is now the ground for detection of the relevant authorities and 

hubs. To identify authorities, HITS assumes they not only have a high in-degree but also that 

different authorities will share many of the same neighbors pointing to them. These neighbor 

nodes that point to many different authorities are called hubs.  

 
Figure 9: Set of hubs and the authorities they point to. 

 

To untangle the mutual reinforcement relationship between good hubs, that reference 

good authorities, and good authorities, that are referenced by good hubs, HITS employs a 

recursive algorithm to find these nodes. In general terms, the algorithm starts with the 

assignment of an equal non-negative authority weight, 𝑥〈«〉, and hub weight, 𝑦〈«〉, to each 

node in the network. Being the square sum of all node’s authority weights equal to one, and 

the same for hub weights.  

If a node, 𝑝, is pointed to by many pages with large hub weights, its authority weight is 

increased, according to  (2.25. On the other hand, if p points to many pages with large 

authority weights, its hub weight is increased according to (2.26. Then, for 𝑘 iterations, all 

node’s 𝑥〈«〉 and 𝑦〈«〉 are alternately updated until conversion. The pages with larger 𝑥〈«〉 or 

𝑦〈«〉 are considered the best authorities and hubs, respectively. 
 (2.25) 

x〈®〉 ← Q y〈±〉
±:(®,±)²³´

	 

hubs authorities
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(2.26) 

y〈®〉 ← Q y〈±〉
±:(®,±)²³´

	 

2.1.4 Community Detection  

Real-world networks have high clustering coefficients and an underlying community 

structure. Social networks are a particularly intuitive example of this, as people tend to form 

groups of friends, of people with shared interests, of co-workers, etc. Communities, also 

called clusters or modules, contain groups of nodes that are densely connected between them 

– by intracommunity edges –, but loosely connected to other groups – by intercommunity 

edges (Fortunato & Castellano, 2009). They are dense subgraphs that match functional 

groups of some sort. Moreover, nodes of the same community share more similarities 

between them than with nodes belonging to other communities in the network. Thus, 

identifying the community structure of a network may provide invaluable information to 

characterize nodes of a particular cluster.  

Several community detection algorithms have been described, two of which are detailed 

in the following sections. 

2.1.4.1 Hierarchical Clustering 

Hierarchical clustering is a traditional technique for network community detection that 

has the advantage of not requiring any prior assumptions regarding cluster composition. The 

algorithm starts with the choice of a similarity metric between nodes (e.g. Euclidean 

distance), which is then computed for all node pairs, irrespective of whether they are 

connected or not, and stored in the form of a square similarity matrix.  Next, the nodes are 

grouped via an agglomerative or a divisive approach, using one of several possible cluster 

similarity measures.  

Agglomerative methods start with a number of clusters equal to the number of nodes in 

the network. Afterwards, the two most similar clusters are iteratively grouped into clusters 

of larger dimensions, until all nodes are joined in the same cluster. On the other hand, divisive 

procedures start with a cluster composed of all nodes in a graph, which are then successively 

divided into smaller ones. There are distinct ways to define cluster similarity. One approach 

is to use the minimal distance separating any two nodes of different clusters (single linkage), 

other is to use the maximal distance (complete linkage), another yet is to use the average 

distance (average linkage). The output of hierarchical clustering is a dendrogram, that visually 

represents the cluster hierarchy and the distance separating them. 
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2.1.4.2 Girvan-Newman Algorithm 

The Girvan-Newman algorithm (Girvan & Newman, 2002) is a divisive hierarchical 

clustering algorithm that uses edge betweenness to form communities. Having the whole 

network as a starting point, edges with the highest betweenness, those standing between 

different communities, are progressively removed from the network until each node in the 

network is a cluster. The general form of the algorithm is the following: (1) determine edge 

betweenness for all edges in the network; (2) remove from the network the edge with highest 

betweenness score. If there is a tie, remove one of them at random; (3) recompute 

betweenness for all edges left; (4) iterate from step 2 until no edges are left. 

To choose the best stopping point of the algorithm, so as not to end with as many clusters 

as the number of nodes, it is possible to use a modularity score to select the best number of 

divisions (Newman & Girvan, 2004). Modularity, 𝑄, measures how good a network division 

is based on the number of edges in the original network that connect nodes belonging to 

different communities: 
(2.27) 

𝑄 =Q𝑒PP
P

−Q𝑒PR𝑒4P
PR4

 

where 𝑒 is the square matrix, 𝑔 × 𝑔, whose dimensions are the number of communities, 𝑔, 

and whose values are the number of edges in the original network connecting nodes of those 

communities. The best cluster number is the one that maximizes modularity score. 

2.2 Mining GitHub 

GitHub is the most widely used open source collaborative coding platform. It uses git 

version control system and hosts code repositories to which different users contribute after 

their work is reviewed by the repository owner(s). As of November 2018, GitHub hosts 100 

million public and private code repositories and is utilized by 2.1 million businesses and 

organizations worldwide for software development and project/team management. GitHub 

also incorporates several social features in its design. For instance, developers share their 

skills and accomplishments via a public profile that describes their collaboration activities. 

Users can follow other users and projects; they can assign a star to their favorite repositories 

and see which topics are trending at the moment. Developers have access to a feed with 

updates on the public activity of users and repositories they are interested in; they can discuss 

within repositories and use a community forum for idea sharing.  
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The widespread adoption of collaborative coding, coupled with the fact that GitHub 

openly shares data on its usage, has led to an interest in understanding how this teamwork 

takes place. Repositories and main features in GitHub (Kalliamvakou et al., 2014) have been 

characterized, and research done on language complexity (Kavaler, Sirovica, Hellendoorn, 

Aranovich, & Filkov, 2017) and sentiment analysis in issue text (Jurado & Rodriguez, 2015).  

A fair amount of studies was carried out to understand how developers collaborate by 

interviewing users or mining public GitHub large-scale data. Social behavior patterns of users 

have been explored (Y. Yu, Yin, Wang, & Wang, 2014) and a study on the evolution over 

time of a population of contributors has been done following a biological approach (Loyola 

& Ko, 2014). Others investigated the influence and popularity of users (Badashian, Esteki, 

Gholipour, Hindle, & Stroulia, 2014; Blincoe, Sheoran, Goggins, Petakovic, & Damian, 2016; 

Lima, Rossi, & Musolesi, 2014; Thung, Bissyande, Lo, & Jiang, 2013) and repositories 

(Aggarwal, Hindle, & Stroulia, 2014; Bissyande, Thung, Lo, Jiang, & Reveillere, 2013; Borges, 

Hora, & Valente, 2016; Hu, Zhang, Bai, Yu, & Yang, 2016; Thung et al., 2013). Interestingly, 

Hu et al. estimate repository influence by applying a weighted version of HITS to a bipartite 

graph containing user and repository nodes, that are linked whenever a user assigns a 

repository with a star.  

The impact programming languages have on software quality (Ray, Posnett, Filkov, & 

Devanbu, 2014) and how commercial organizations use GitHub (Kalliamvakou, Damian, 

Blincoe, Singer, & German, 2015) have also been object of study. Further research has 

looked for insights on what motivates users to choose the repositories they want to 

contribute to (Allaho & Lee, 2014), the developers they collaborate with (Celińska, 2018), 

how they infer each other’s social and technical capabilities (Dabbish, Stuart, & Herbsleb, 

2012; Tsay, Dabbish, & Herbsleb, 2014) and how those aspects contribute to productivity 

(Casalnuovo, Vasilescu, Devanbu, & Filkov, 2015) and issue closure rates (Jarczyk, 

Jaroszewicz, Wierzbicki, Pawlak, & Jankowski-Lorek, 2018). Particularly, Jarczyk et al. created 

a SN with developers and projects as nodes, containing diverse link types: users share a 

“cooperation” link if they have cooperated and/or a “discussion” link if they have 

participated in discussions in the same project. Users can also be tied by a “Skill similarity 

between developers” if they are fluent in at least one common coding language. One edge 

type, “skill similarity between developers and repositories”, connects users and projects if a 

user has participated in that project and is fluent in at least on of the project’s required coding 
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languages. This network, alongside other analyses, was used to ascertain characteristics that 

predict issue closure rate and can be used by project managers to increase performance. 

All studies here mentioned take advantage of the extensive data generated with the 

worldwide massive adoption of GitHub. As far as I am aware, no work has been published 

that uses GitHub for organizational management as proposed in this work plan. 
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Chapter 3 Methodology 

This chapter contains a definition of the problem under study, with an explanation of 

how GitHub is used within the company. It provides a description of the data collected and 

of its storage in a Neo4j database. Then the reasoning behind the queries made to the 

database is clarified, as are the four user-user communication models generated.  

3.1 Problem Description 

This work aims to model and study the user-user communication network in a company 

where GitHub is the main platform used for work-related discussions and task tracking. To 

answer questions regarding communication between employees, a first network model of the 

entire GitHub “home” repository was generated and stored in a graph database, which was 

then queried to extract user-user communication sub-networks. 

Despite GitHub’s main use being for collaborative coding, the “home” repository under 

analysis is an issue repository rather than a code repository. Issues can be events of diverse 

nature, e.g. tasks, bugs, enhancements, etc. Some are related to human resource management 

events, such as recruitment, onboarding or leaving of employees; others may refer to 

customer support or marketing assignments. Bug reporting and discussions on actionable 

subjects, that originate new coding repositories or strategic decisions, are also done by means 

of creating issues in the “home” repository. Furthermore, all code repositories within the 

company are associated to an issue in the “home” repository. This is where all tasks 

employees are or have been working on thus far are tracked and centralized. 

The structure of a typical GitHub issue (Figure 10) contains a short title, an issue ID 

number and information on the issue owner. It comprises a text body that can have tick 

boxes, code snippets, URLs and a list of pings. Pings are mentions made to specific people 

or teams to raise awareness about that issue. The issue owner can assign people to actively 

work on it (assignees), and label the issue with tags regarding its importance or other 

information useful for categorization. Each issue contains a comment feed where people 

involved can discuss relevant matters.  
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Figure 10: Overview of a GitHub issue structure. This picture is part of a presentation given internally within the 

company to introduce new employees to GitHub and advise on best practices. 

3.2 Data description 

The entire GitHub “home” repository data history of a medium sized company was 

collected, starting from its founding days in November 2011until July 2018.  

Using information retrieved directly via Application Programming Interface (API) 

queries, current users were characterized with a unique user ID number and username. Each 

issue was described with a unique issue ID number, its title, full text body, issue owner (user 

ID), labels, creation and closure dates. Comments contain a unique comment ID number, 

full text body, creation date, username and user ID of its creator, as well as the corresponding 

issue ID number.  

Text attributes were further parsed to extract other relevant features, such as presence of 

code snippets, URLs or checkboxes in the issue text body. The number of users and teams 

referred (i.e. pinged) in the text as well as its word count and issue title length were also 

collected.  

3.3 Modelling GitHub “home” repository in Neo4j 

Neo4j is a graph database that stores data relationships and is used to traverse, visualize 

and analyze connected data (Robinson, Webber, & Eifrem, 2015). It was developed to deal 

with connected data in a flexible way, allowing the addition of nodes and relationship types 

at any point during database development.  

2
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A graph model may contain different node and edge types, as well as store properties 

associated them, making it easy to model, store and query relationships. Unlike traditional 

relational databases, graph databases deliver constant query performance irrespective of 

overall database size. Queries are performed on a data subset so there is no need to use 

foreign keys and perform complex table joins.  

The Neo4j graph database can be queried directly via its built-in web application or via 

API. It has its own declarative query language, Cypher QL, which is similar to SQL but 

optimized for graph traversing. Cypher QL is a very intuitive language that uses short and 

easy to read queries.  

The GitHub “home” repository model developed in this work contains four different 

node types: Issue, Label, Comment and User, connected by one or more directed 

relationships, and each having associated properties (Figure 11).  

 

 
Figure 11: Graph model of the GitHub “home” repository, composed of four node and seven edge types. Each node 

contains several attributes, show in the respective text boxes. 

 

The model is self-explanatory and very easy to read. It defines the “home” repository as 

containing issues, that are created by a user and may have labels. On their hand, users can be 

assigned in issues and pinged in either issues or comments. Comments are created by users 

in an issue. 
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3.4 Modelling user-user interaction 

To model interaction between different users (u1 and u2), five rules were established and 

used to derive queries made to the graph database in order to extract the user-user 

communication sub-networks. The first two relationships describe interactions occurring 

when a user is assigned to (Figure 12 A) or pinged in (Figure 12Figure 11 B) an issue created 

by another user. Whenever a user is pinged in another user’s comment, that event may also 

considered as communication (Figure 12 C). Relationships D and E are more obvious, and 

result from a user commenting directly an issue created by another user (Figure 12 D), or 

both users commenting on the same issue (Figure 12 E). 

 

 
Figure 12: Relationships accounted for when modelling the interaction between users via GitHub. u1: User1, u2: 

User2, c: Comment; i: Issue. 

 

To provide a better picture of the network, when available, additional employee 

information was added regarding gender, job role and most recent work cluster within the 

company.  

Given that the objective of this work is to compare user-user interaction before and after 

a restructuring event that took place in the last months of 2017, sub-networks were generated 

containing information collected for homologous periods of 2017 and 2018. Specifically, 

months April, May and June of 2017 and 2018.  

u1 i u2
PINGED_IN_ISSUE ISSUE_CREATED_BY

B)

u1 i u2
ASSIGNED_IN ISSUE_CREATED_BY

A)

u1 c u2
PINGED_IN_COMMENT COMMENT_CREATED_BY

C)

c u2i
ISSUE_CREATED_BYCOMMENT_INCOMMENT_CREATED_BY

u1

D)

COMMENT_CREATED_BYCOMMENT_IN
c u2iu1

COMMENT_CREATED_BY
c

COMMENT_IN

E)
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To understand the best way to model user-user interaction via GitHub, a total of four 

networks, two weighted and two unweighted, were generated for each time period. First off, 

the most complex network was generated, where all relationships are considered (A, B, C, 

D, and E) and their sum used for edge weighting. Then, a simplified weighted version where 

only relationships D and E are counted. Furthermore, unweighted versions of each network 

were generated. After assessing the distribution of edge weights in each network, a weight 

cutoff was chosen and utilized to generate unweighted networks. Only edges with a weight 

higher than the selected cutoff were kept (Figure 13). All networks were then compared to 

figure out the best way to model user-user interaction in this context. 

 

 
Figure 13: Illustration of the eight user-user interaction sub-networks generated. Networks for years 2017 and 2018 

contain data pretraining to April, May and June. 
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Chapter 4 Results and Discussion 

In this chapter, data collection and pre-processing are described. The graph database and 

its querying to generate user-user networks is then explored. A comparative evaluation of 

weighted and unweighted models is performed, using network measures and community 

detection algorithms. Reasoning behind the best model choice for the task at hand is 

explained. Finally, the chosen model is analyzed to compare differences in the two time 

periods analyzed and depict the most influential nodes.  

4.1 Data Collection and Pre-Processing 

Nearly 7 years of data were obtained using GitHub’s REST API within R (v 3.5.0) with 

the RStudio IDE (v 1.1.442). Queries retrieved information on current users (n = 313), issues 

(n = 21563) and the first 30 comments (n = 122018) of every issue. 

Issue body text and comments were parsed for the presence of URLs, tick marks and 

code snippets. Their number of words was counted (excluding URLs and code snippets), as 

were the total number of teams and users mentioned. Usernames mentioned in comments 

or body text were also stored. Because GitHub’s API does not give access to a user history, 

to obtain the final user list (n = 430), users who were no longer with the company but had 

been mentioned, pinged or had commented an issue at any point in time, were added to the 

list. Given that a significant proportion (7.7%) of employees work remotely, information 

regarding their remote status was added. 

The entire GitHub “home” repository history was modeled in Neo4j desktop (v 1.1.10), 

according to the previously described graph model (Figure 11). A summary of the nodes and 

edge types composing the network, as well as their counts, is given in Tables 2 and 3. 
 

Table 2: Network node types and their count.  

 
 

 

 

 

Table 3: Network edge types and their count. 

 
 

Node type Number
"Issue" 21.506

"Comment" 122.018

"User" 430

"Label" 235

Edge type Number
"ASSIGNED_IN" 24.794

"COMMENT_CREATED_BY" 244.036

"COMMENT_IN" 243.828

"HAS_LABEL" 146.306

"ISSUE_CREATED_BY" 43.012

"PINGED_IN_COMMENT" 118.660

"PINGED_IN_ISSUE" 46.300
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A first inspection of the network was done by querying the database directly in Neo4j’s 

browser, and immediately visualizing the resultant sub-networks. Two query examples and 

their outputs are presented below. Figure 14 shows 10 relationships following a pattern 

where a user is linked to a comment in an issue to which a second, distinct, user is also linked 

to. Figure 15 exhibits 10 relationships where two distinct users are related to different 

comments on the same issue.  

 

 
Figure 14: Sub-network obtained by querying Neo4j with the query MATCH p= (u1:User)-[]-(c1:Comment)-[]-

(i:Issue)- []-(u2:User) RETURN p LIMIT 10. Users: light blue nodes; comments: dark blue nodes; issues: red nodes; 
relationships: grey arrows.  

 

 
Figure 15: Sub-network obtained by querying Neo4j with the query MATCH p=(u1:User)-[]-(c1:Comment)-[]-

(i:Issue)-[]-(c2:Comment)-[]-(u2:User) RETURN p LIMIT 10. Users: light blue nodes; comments: dark blue nodes; 
issues: red nodes; relationships: grey arrows. 
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The Neo4j graph database was then queried using the “RNeo4j” (v1.6.4)  R package 

(White, n.d.) to find user pairs sharing the defined relationships. The sum of user interactions  

was used as tie weight to build undirected weighted networks with “tnet” (v3.0.14) (Opsahl, 

2009) R package. Relevant extracts of the R scripts that include queries made to the Neo4j 

database and their post-processing can be found in Annex I. 

When available, user node information was updated to contain gender, role and company 

cluster information. During this step, five users were identified as bots and removed from 

the sub-networks. 

4.2 Computation of Network Measures 

All network measures (betweenness, closeness, degree, shortest path length, local and 

global clustering coefficients) were computed with “tnet”. For weighted networks, 

betweenness, closeness and degree were calculated with the alpha parameter set to 1.5. 

Closeness was divided by the number of nodes in the network minus one (N-1), and is 

denoted as normalized closeness. 

4.3 Statistical Analysis 

To compare network statistics between sub-networks generated with data from 2017 with 

homologous data from 2018, that is, before and after the company’s internal restructuring, 

the normality of sample distributions was first assessed with quantile-quantile (Q-Q) plots 

and Shapiro-Wilk tests. Afterwards, appropriate statistical tests were performed for each 

case. All tests were done for a 95% confidence interval, using the “stats” (v3.5.0) R package. 

Quantile-quantile (Q-Q) plots allow a graphical assessment of the goodness-of-fit of a 

sample distribution to a theoretical distribution, in this case the normal distribution. By 

plotting the quantiles of both and visually comparing them, it is possible to visualize if the 

sample is normally distributed according to how well it fits the theoretical distribution 

quantiles. 

After inspection of the Q-Q plots, the Shapiro-Wilk test was used to confirm the results. 

This test assesses the normality of a distribution with following working hypotheses: 

H0: the sample came from a normal distribution. 

H1: the sample did not come from a normal distribution. 
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For non-normally distributed or ordinal samples, the non-parametric bilateral Mann–

Whitney–Wilcoxon U test with continuity correction was executed to evaluate if the equality 

of their distribution, using the hypotheses: 

H0: the distributions of the two samples are the same. 

H1: the sample distributions differ by some location shift. 

When enough evidence existed to reject the null hypothesis, specific unilateral U tests were 

performed. 

For normally distributed variables, Bartlett test was first used to evaluate the equality of 

sample variances, having as hypotheses:  

H0: the variances of the two samples are the same. 

H1: the sample variances are different. 

Given that for all cases the compared sample variances were different, the parametric 

Welch two sample t-test was performed to compare their means, using the hypotheses: 

H0: the two samples have equal means. 

H1: the two samples have different means. 

When enough evidence existed to reject the null hypothesis, specific unilateral tests were 

performed. 

4.4 Model Comparison and Selection 

4.4.1 Network Measures 

4.4.1.1 Weighted Networks 

Comparing the network model based on the sum of all possible relationships (ABCDE) 

with the simplified version that counts only relationships D and E, a decrease in the number 

of nodes and edges is evident. Decreasing the number of relationships used in the model 

resulted in a 15% node and 16% edge removal in 2018. In 2017, 12% of nodes and 13% of 

edges were eliminated (Table 4). These percentages are identical, and tell us that this 

simplification affected both networks in a similar way. Maximum network weights were only 

slightly affected by the removal or relationships ABC from the model. Average path length 

is similar in both time periods and models. However, the network diameter of the 2017 

network was much more affected by the relationship removal than was the 2018 one.  

Not all nodes were annotated regarding their role, location and work cluster (Table 5), 

but there are no differences in the ratios of annotated nodes between models. 
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Table 4: Indicators describing the weighted sub-networks: count of nodes and edges, maximum edge weight, average 
and global clustering coefficients, network diameter and average path length. 

 
Table 5: Ratio of nodes in the weighted networks that are annotated with job role, remote status, location and work 

cluster. 

 
 

When analyzing the distribution of network measures between 2017 and 2018, for both 

the ABCDE and DE models, shortest path lengths, degree, strength and closeness 

distributions are all significantly different. In both models, the global clustering coefficient 

(Table 4), calculated taking the weight of edges into account (2.23) is greater in 2018 than in 

2019. The biggest differences between models seem to lay in the distribution of closeness 

and local clustering coefficient, the latter being statistically different between years only in 

the DE model. 

It is in node closeness that the models differ the most (Figure 16). There is evidence to 

reject the null hypothesis and affirm that closeness distribution is shifted to the left in 2018 

compared to 2017 in both ABCDE and DE networks (U test; ABCDE p-value < 2.2x10-16; 

DE p-value < 2.2x10-16). In both cases, there is a great decrease in mean closeness, 

normalized by the number of nodes in the network, from 5.7x10-6 to 2.4x10-6 in the ABCDE 

model and from 1.4x10-5 to 5.0x10-6 in the DE model. Furthermore, in the DE model 

closeness values are higher than those observed in the ABCDE one.   



 34 

 
Figure 16: Node closeness distribution, divided by N-1, in weighted A) ABCDE and B) DE relationship models. 

Dotted lines (---) indicate mean values. 

 

Regarding local clustering coefficient, only in the DE model is there evidence to state that 

right-shift occurs in 2018 data (U test: DE p-value = 0.005948) (Figure 17). The number of 

nodes with local clustering coefficient equal to one is higher in the DE model, accounting 

for 15.9% (26/164) of all nodes in 2017 and 25% (57/228) in 2018. In the ABCDE networks, 

a lower number of nodes have this characteristic: 9.6% (18/187) in 2017 and 13.1% (35/268) 

in 2018. 

 

 
Figure 17: Node local clustering coefficient in weighted A) ABCDE and B) DE relationship models.  

Dotted lines (---) indicate mean values. 
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Taking a closer look at degree distribution (Figure 27, Annex I) for the both ABCDE and 

DE models, there is enough evidence to support the hypothesis that the 2018 distribution is 

shifted to the left (U test: ABCDE p-value = 0.01289; DE p-value = 0.0009582). Even 

though statistically significant, the shift is slight. Mean degree for ABCDE was 15.5 in 2017, 

compared to 13.0 in 2018. For the DE model, the mean decreased from 15.3 to 12.8 in 2018. 

Regarding this measure, results are similar in both models, with the distribution looking 

smoother in the simpler one (Figure 27 B, Annex I). 

Node strength is also statistically different in both models (Figure 28, Annex I), with its 

distribution being displaced to the left in 2018 (U test: ABCDE p-value = 0.001939; DE p-

value = 0.002515). Between years, mean node strength decreases slightly from 116.3 to 87.1 

in the ABCDE network and from 105.1 to 81.7 in the DE network. Overall, results for this 

metric do not differ in both models. 

According to the statistical test performed, there is evidence that betweenness does not 

differ between 2018 and 2017 in both models (two-sided U test: ABCDE p-value = 0.3405; 

DE p-value = 0.337) (Figure 29, Annex I), with a mean node betweenness of 328.2 in 2017 

and 538.6 in 2018 for ABCDE, and 271.1 and 422.6 for DE networks. 

For both models, the distribution of shortest path length is deviated to the right in 2018 

compared to 2019 (U test: ABCDE p-value < 2.2x10-16; DE p-value < 2.2x10-16) (Figure 30, 

Annex I). This shift is greater in the DE model with the mean increasing by 0.7, from 2.3 to 

3, as compared to the ABCDE model where mean shortest path increases just 0.4, from 3.3 

to 3.7. As previously discussed, both network diameters are closer in the DE model (Table 

4) and with a much smoother distribution.  

In sum, the greatest difference between these models when looking at network measures 

is in node closeness and local clustering coefficients. The DE model is able to provide a 

better separation for 2017 and 2018 and, given that it is the simplest one, it seems to be the 

best weighted network model for the data under study. 

4.4.1.2 Unweighted Networks 

To generate unweighted versions of each of the previously discussed networks, 

distribution of their edge weights was analyzed to select a cutoff value. As a first approach, 

the 40% percentile was chosen by visual inspection of weight distribution plots (Figure 18). 

This cutoff provided a good compromise between discarding a large number of less 

informative edges while keeping the most informative node pairs. Choosing lower of higher 
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percentiles seemed like a more unbalanced choice (Table 6), where too few low weight edges 

or too many putatively relevant edges would be discarded.  

When generating the 2018 unweighted DE network, two nodes were disconnected from 

the principal component (userIDs: 9280378, 12448176) and were thus removed from the 

analysis. 

 

 
Figure 18: Distribution of edge weights in the ABCDE network model generated with A) 2017 and B) 2018 data; and 

DE network model for C) 2017 and D) 2018. Dotted line (---) marks the 40% percentile, chosen as cutoff to generate the 
unweighted networks. 

 
Table 6: Weight distribution percentiles in the weighted sub-networks. 

 

For unweighted models, the most noticeable change when using just the DE relationships 

lays in the number of edges, that decreases by 117 and 121 for 2017 and 2018 networks, 

respectively. Network diameters remain the same for 2017 but decreases from 9 to 7 in the 

2018 networks by removing ABC relationships. When comparing ABCDE and DE 

unweighted models, the number of nodes varies only slightly and there isn’t much difference 

regarding average path lengths and clustering coefficients (Table 7).  The ratio of annotated 

nodes remains identical irrespective of the model applied (Table 8) and is slightly higher than 

what was observed in weighted network. 
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Table 7: Indicators describing the unweighted sub-networks: count of nodes and edges, maximum edge weight, 
average and global clustering coefficients, network diameter and average path length. 

 
Table 8: Ratio of nodes in the unweighted networks that are annotated with job role, remote status, location and work 

cluster. 

 

Regarding closeness distribution, the unweighted models are not as dissimilar as the 

weighted ones. Normalized closeness is much similar between models but still significantly 

lower in 2018 (t-test: ABCDE p-value < 2.2x10-16; DE p-value < 2.2x10-16) (Figure 19). 

 

 
Figure 19: Node closeness distribution, divided by N-1, in unweighted A) ABCDE and B) DE relationship models.  

Dotted lines (---) indicate mean values. 

 

Node degree distribution in the ABCDE model is consistent with results obtained with 

weighted models and maintains the difference observed between time periods, with a 

distribution left-shift in 2018 (U test: ABCDE p-value = 0.003448) (Figure 20). This 

difference however is lost in the perhaps over-simplified DE model. 
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Figure 20: Node degree distribution in unweighted A) ABCDE and B) DE relationship models.  

Dotted lines (---) indicate mean values. 

 

Shortest path length distribution shifts to the right in 2018 in both ABCDE and DE 

models (U test: ABCDE p-value < 2.2x10-16; DE p-value < 2.2x10-16) (Figure 31, Annex 

I). 

There is no statistical evidence to affirm that betweenness changes between the two time 

periods in either model (Figure 32, Annex I), an equality that is consistent with results 

obtained with weighted versions.  

Local clustering coefficient is identical in both models (Figure 33, Annex I) and U test 

results provide evidence to support the affirmation that the distribution suffers a right-shift 

in 2018 (U test: ABCDE p-value = 0.01936; DE p-value = 0.008567).  

Overall, the ABCDE seems to be the best unweighted model since it retains all the 

statistically significant differences between time periods evident in the DE weighted model. 

Possibly due to an over-simplification of the data, the same is not verified for the DE 

unweighted model. 

4.4.2 Community Detection 

To discriminate communities, several algorithms implemented in the “igraph” (v1.2.2) R 

package (Csardi & Nepusz, 2006) were applied to the networks using default parameters. 

The algorithm that resulted in higher modularity was chosen for each case (Table 9).  

For weighted networks, the selected algorithm was cluster fast greedy. This algorithm 

detects communities with a greedy optimization of modularity. For unweighted networks, 
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the preferred algorithm was cluster spin-glass, that uses the spin-glass model and simulated 

annealing to find communities.  

 
Table 9: Network modularity after applying each community detection algorithm. Underlined and highlighted in bold 

are the algorithms chosen to detect communities in weighted and unweighted models. 

 
 

In weighted networks, the change in number of communities detected from 2017 to 2018 

was the smallest. This change represented only one community in the ABCDE model and 

two in the DE model (Table 10). The unweighted ABCDE model is the one where the 

biggest difference in the number of detected communities exist between, doubling from five 

in 2017 to ten in 2018 (Table 11). 

 
Table 10: Network modularity and number of communities detected in weighted networks using the cluster fast 

greedy algorithm. 

 
 

Table 11: Network modularity and number of communities detected in unweighted networks using the cluster spin-
glass algorithm. 

 
 

4.4.3 Concluding on the Chosen Model 

After analyzing the network measures, the DE weighted and ABCDE unweighted models 

are the ones that capture the most differences in network centrality measures between time 

periods. The ABCDE weighted may be too complex and the DE unweighted too simplified 

to capture them. Furthermore, when detecting communities, the DE unweighted model 

provides the greatest difference in terms of community numbers. Unweighted models are 

2017 2018 2017 2018 2017 2018 2017 2018
cluster_fast_greedy 0.432 0.594 0.427 0.587 0.336 0.476 0.353 0.488

cluster_walktrap 0.398 0.583 0.402 0.579 0.339 0.494 0.382 0.507
cluster_infomap 0.425 0.584 0.423 0.594 0.354 0.512 0.403 0.525

cluster_leading_eigen 0.369 0.526 0.388 0.556 0.341 0.477 0.348 0.486
cluster_spinglass 0.057 0.089 0.070 0.098 0.394 0.530 0.413 0.540

cluster_edge_betweenness 0.223 0.443 0.278 0.462 0.258 0.436 0.322 0.462
cluster_label_prop 0.004 0.544 0.006 0.572 0.000 0.380 0.000 0.372

weighted unweighted
ABCDE DE ABCDE DE

cluster_fast_greedy : modularity nr communities
weighted.ABCDE.2017 0.432 7
weighted.ABCDE.2018 0.594 8

weighted.DE.2017 0.427 6
weighted.DE.2018 0.587 8

cluster_spinglass : modularity nr communities
unweighted.ABCDE.2017 0.394 5
unweighted.ABCDE.2018 0.530 10

unweighted.DE.2017 0.413 6
unweighted.DE.2018 0.540 10
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also easier to interpret, so the ABCDE unweighted model was selected as the best approach 

to model the data under study. 

4.5 ABCDE Unweighted Model Analysis 

4.5.1 Network Measures 

Having chosen the ABCDE unweighted model as a reference, and as previously stated, 

in the 2018 network, closeness and degree increase and there is a decrease in local clustering 

coefficients and shortest path lengths, when comparing with the 2017 network. Average 

node closeness decreased from 1.7x10-5 to 6.1x10-6. If more nodes have a lower closeness, it 

means that, on average, the shortest path lengths connecting them to the other nodes in the 

network are longer. In 2017 50% of nodes had 9 connections whereas in 2018 only 6 (Table 

12), and the average node degree in 2018 decreased from 9.9 to 8.4. Consistently, mean 

shortest path increases, from 2.6 to 3.2. Network diameter increased from 5 to 9 and while 

network density decreased from 0.07 to 0.04. On the other hand, mean clustering coefficient 

increased from 0.4 to 0.5, with more nodes forming closed triplets.  

 
Table 12: Weight distribution percentiles in the ABCDE unweighted sub-networks. 

 
 

All these metrics indicate that globally in 2018, users communicate with fewer colleagues 

but they do so in more interconnected, cohesive groups.  

To understand which employees take more relevant positions in the network, nodes with 

the five highest scores in each measure were selected from both networks. 

4.5.1.1 Highest Betweenness 

Betweenness Centrality measures the number of times a node lies in the paths of a graph. 

Nodes acting as bridges between communities in the network have high betweenness 

centrality. They connect different network groups and are of extreme importance because 

they form bottlenecks in information flow, having a higher level of control over it.  

In the 2017 network no particular job role seems to stand out (Table 13). Interestingly, in 

the 2018 network nodes with the highest betweenness are producers (Table 14), which is the 
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same to say product managers. They are the people responsible for planning and executing 

projects. 
Table 13: Nodes in 2017 ABCDE unweighted network with the five highest betweenness centrality scores. 

 
Table 14: Nodes in 2018 ABCDE unweighted network with the five highest betweenness centrality scores. 

 

4.5.1.2 Highest Closeness Centrality 

Closeness Centrality is a measure of reachability that gives an idea about how long it will 

take to reach other nodes from a given starting node. Lower closeness centrality values 

represent bigger distances separating a node from all other nodes in the network and thus a 

lower chance of receiving information.  

In the 2017 network, the nodes with highest closeness centrality are diverse, ranging from 

collaborators in management and leadership positions to more technical jobs such as a 

systems engineer (Table 17). Once more, in the 2018 network producers stand out as central 

nodes in the network (Table 18). 

 
Table 15: Nodes in 2017 ABCDE unweighted network with the five highest closeness centrality scores. 

 
Table 16: Nodes in 2018 ABCDE unweighted network with the five highest closeness centrality scores. 
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4.5.1.3 Highest Degree Centrality 

Degree centrality statistic measures general network connectivity. It is a count of the 

number of edges that stem from a particular node. In both networks, people in managing 

positions seem to be the most highly connected ones, with no great apparent differences 

(Table 17, Table 18).  

 
Table 17: Nodes in 2017 ABCDE unweighted network with the five highest degree centrality scores. 

 
Table 18: Nodes in 2018 ABCDE unweighted network with the five highest degree centrality scores. 

 

4.5.1.4 Lowest Degree 

Both networks are formed by a single component, meaning there are no isolated nodes. 

However, in 2017 6.5% (10/153) of nodes had only one connection, whereas this number 

nearly doubled to 12.6% (29/231) in 2018. These nodes represent employees of diverse roles 

in the 2017 network (Table 19). On the other hand, in 2018 there is a predominance of 

technical roles and of people with customer support functions (i.e., ambassadors) (Table 20). 
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Table 19: Nodes in 2017 ABCDE unweighted network with degree centrality of one. 

 
Table 20: Nodes in 2018 ABCDE unweighted network with degree centrality of one. 

 

4.5.1.5 Highest Eigenvector Centrality 

Eigenvector centrality is a more elaborated version of the degree. It quantifies the 

importance of a node based on how influential and important its neighbors are. It assumes 

that not all connections have the same importance by considering not only the quantity, but 

especially the quality of connections.  
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Individuals with high eigenvector scores are leaders of the network in the sense that their 

connections have many connections themselves. In both networks, individuals in leadership 

and management positions assume the greatest eigenvector values (Table 21, Table 22).  

 
Table 21: Nodes in 2017 ABCDE unweighted network with the five highest eigenvector centrality scores. 

 
Table 22: Nodes in 2018 ABCDE unweighted network with the five highest eigenvector centrality scores. 

 

4.5.1.6 Clustering coefficient 

Nodes with a clustering coefficient of one form the cohesive groups highest possible 

density of ties, where all nodes are connected between them. In 2017, 13.1% (20/153) of 

nodes have a clustering coefficient of one and 20.8% (48/231) in 2019 (Table 23, Table 24 

Annex I). Developers, analysts, ambassadors and senior leaders are represented in these 

tables, with analysts greatly increasing their expression in 2018. 

4.5.2 Comparing Business Clusters and Communities 

The observations above translate very well to the network plots. The network generated 

with 2017 data appears more loosely connected and with larger communities, whereas in the 

2018 network several smaller clusters stand out, with some interesting high betweenness 

nodes connecting them (Figure 21). Particularly, the light-green and red clusters seem to be 

contributing to the increase in node clustering coefficients. 

Bearing in mind that after the company’s organizational restructuring people were 

grouped into business-unit clusters, it is possible to observe how well they fit the 

communities detected with cluster spinglass, and where users belonging to those cluster 

stood prior to the reorganization. 
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Figure 21: User-user communication network, created with the ABCDE unweighted model, for A) 2017 and B) 2018. 

Colors represent the cluster membership of said nodes, as computed by the clustering algorithm. Node size represents 
betweenness. 

 

The games cluster stands out as being particularly tight and well defined in 2018, perfectly 

identified by the community detection algorithm (Figure 22). The player services cluster is 

another interesting case (Figure 23), with the vast majority of its known nodes sitting in the 

blue, purple and light-green communities in 2018 and one node with the highest betweenness 

(userid: 6450911). This node represents a producer, who scores high in all 2018 network 

measures except, obviously, clustering coefficient. Employee experience and Marketing 

clusters, are also very well confined by detected communities (Figure 34, Figure 35, Annex 

I). 

In conclusion, the 2018 network structure seems to reflect the structural reorganization. 

Unlike in the 2017 network, where communication was more disperse, employees are 

communicating in smaller, betted defined groups.  
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Figure 22: Networks highlighting the known games business cluster collaborators. Colors represent the cluster 
membership of said nodes, as computed by the clustering algorithm. Node size represents betweenness. 

 

 

 
Figure 23: Networks highlighting the known player services business cluster collaborators. Colors represent the 

cluster membership of said nodes, as computed by the clustering algorithm. Node size represents betweenness. 
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4.6 Shiny App 

To allow employees to interactively visualize the network and raise awareness about this 

project, a shiny app was created using the “shiny” (v1.2.0) R package (Chang, Cheng, Allaire, 

Xie, & McPherson, 2018).  

The app contains three panels, showing the results available at the time of its creation 

which were all based on the weighted ABCDE networks:  

1. the first one, with a short description of how the network was created and what 

it represents (Figure 24); 

2. a second, containing a summary of each node measure and allowing a dynamic 

visualization of the networks. Choosing a measure (strength, degree, closeness, 

betweenness or local clustering coefficient) changes node size to represent the 

selected option. Furthermore, users can highlight nodes by username to visualize 

their own and their colleague’s position in the network (Figure 25); 

3. the third panel contains different tabs for each network measure, where their 

distribution is show, as are the results of statistical tests and tables with 

usernames scoring higher in those measures (Figure 26).  

 

 
Figure 24: Screenshot of the first app panel. 

 

Company’s
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Figure 25: Screenshot of the second app panel. Yellow nodes correspond collaborators working remotely. 

 

 
Figure 26: Screenshot of the third app panel. Tables containing username rankings are not shown for anonymity 

reasons. 
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Chapter 5 Conclusions 

The main conclusions derived from this work are summarized in this chapter. Its 

limitations and considerations on work that could be done in the future are pinpointed.  

5.1 Closing remarks 

In this work, user-user communication networks were modeled from a company’s 

GitHub data to analyze the impact a reorganizational change had on the way employees 

interact. Homologous data generated before (2017) and after (2018) this strategic move was 

used to derive and compare user communication patterns. 

Both 2017 and 2018 networks reflect the internal organization model at the time. The 

overall topology of the user-user communication changed substantially after the change into 

smaller teams. Nodes are closer and have fewer connections but within more cohesive 

groups, showing a decrease in organization complexity. 

Producers stand out as the most influential people in the network, able to promote 

knowledge sharing between communities. In both time periods no silos were observed, that 

is, no employees were found to be communicating between themselves and disconnected 

from the rest of the network. This work shows that the recent organizational changes did 

have an impact in the way people communicate. 

Overall, the outcomes of this project add to the point that organizational network analysis 

is a powerful tool to evaluate performance and success of strategic changes, showing who 

employees are working with on their day-to-day.  

5.2 Limitations and Future Work 

One limitation of this work lays in node annotations, given that many nodes lacked job 

role and cluster affiliation (Figure 36, Annex I). When existent, this information referred to 

a single, most recent, timepoint that does not exactly match time when GitHub data was 

generated. So, the 2017 networks are not accurate regarding these annotations. This however 

is not critical, given that is unlikely that many people changed their job roles in that period. 

Degree cutoff selection to generate unweighted networks could also be optimized, as this 

first approach was based solely on a visually informed guess. 
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As future work, besides the improvements above, it would be interesting to follow up 

with data for 2019. 
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Appendix I 

I. R Scripts  

i. Querying Neo4j 

Imports 

library(RNeo4j) 

Establishing connection to Neo4j 

graph <- startGraph("http://localhost:7474/db/data") 

Setting start and end dates for sub-networks 

From April to June 2017 

start <- as.numeric(as.POSIXct("2017-04-01", format="%Y-%m-%d", tz="UCT")) 
end <- as.numeric(as.POSIXct("2017-06-30", format="%Y-%m-%d", tz="UCT")) 

From April to June 2018 

start <- as.numeric(as.POSIXct("2018-04-01", format="%Y-%m-%d", tz="UCT")) 
end <- as.numeric(as.POSIXct("2018-06-30", format="%Y-%m-%d", tz="UCT")) 

Defining queries 

The following queries were executed to the Neo4j database, to retrieve 2017 and 2018 

sub-networks. For each sub-network, “created_at” and “closed_at” parameters were set with 

the relevant timestamps above described. For simplicity, only the queries for sub-network 

2017 are shown: 

Relationship A: query q1 

q1 <- " 
MATCH p1=(u1:User)-[:ASSIGNED_IN]-(i:Issue)-[:ISSUE_CREATED_BY]-(u2:User) 
USING SCAN u1:User 
USING SCAN u2:User 
WHERE u1.id < u2.id AND i.created_at >= 1491004800 AND i.closed_at <= 149878080
0 
RETURN u1.username AS u1, u2.username AS u2, i.id AS issue, count(*) AS p1 
" 

Relationship B: query q2 

q2 <- " 
MATCH p2=(u1:User)-[:PINGED_IN_ISSUE]-(i:Issue)-[:ISSUE_CREATED_BY]-(u2:U
ser) 
USING SCAN u1:User 
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USING SCAN u2:User 
WHERE u1.id < u2.id AND i.created_at >= 1491004800 AND i.closed_at <= 149878080
0 
RETURN u1.username AS u1, u2.username AS u2, i.id AS issue, count(*) AS p2 
" 

Relationship C: query q3 

q3 <- " 
MATCH p3=(u1:User)-[:PINGED_IN_COMMENT]-(c:Comment)-[:COMMENT_CRE
ATED_BY]-(u2:User) 
USING SCAN u1:User 
USING SCAN u2:User 
WHERE u1.id < u2.id AND c.created_at >= 1491004800 AND c.created_at <= 1498780
800 
RETURN u1.username AS u1, u2.username AS u2, c.id AS comment, count(*) AS p3 
" 

Relationship D: query q4 

q4 <- " 
MATCH p4=(u1:User)-[:COMMENT_CREATED_BY]-(c:Comment)-[:COMMENT_IN]
-(i:Issue)-[:ISSUE_CREATED_BY]-(u2:User) 
USING SCAN u1:User 
USING SCAN u2:User 
WHERE u1.id < u2.id AND i.created_at >= 1491004800 AND i.closed_at <= 149878080
0 
RETURN u1.username AS u1, u2.username AS u2, i.id AS issue, count(*) AS p4 
" 

Relationship E: query q5 

q5 <- " 
MATCH p5=(u1:User)-[:COMMENT_CREATED_BY]-(c1:Comment)-[:COMMENT_I
N]-(i:Issue)-[:COMMENT_IN]-(c2:Comment)-[:COMMENT_CREATED_BY]-(u2:User) 
USING SCAN u1:User 
USING SCAN u2:User 
WHERE u1.id < u2.id AND i.created_at >= 1491004800 AND i.closed_at <= 149878080
0 
RETURN u1.username AS u1, u2.username AS u2, i.id AS issue, count(DISTINCT c1) + 
count(DISTINCT c2) AS p5 
" 

Database querying 

edges1 <- cypher(graph, q1) 
edges2 <- cypher(graph, q2) 
edges3 <- cypher(graph, q3) 
edges4 <- cypher(graph, q4) 
edges5 <- cypher(graph, q5) 
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Save output files 

write.csv(edges1, "queryOutputs/q1_2017.csv", row.names = F) 
write.csv(edges2, "queryOutputs/q2_2017.csv", row.names = F) 
write.csv(edges3, "queryOutputs/q3_2017.csv", row.names = F) 
write.csv(edges4, "queryOutputs/q4_2017.csv", row.names = F) 
write.csv(edges5, "queryOutputs/q5_2017.csv", row.names = F) 
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ii. Creating Relationship dataframes 

Imports 

library(dplyr) 

Function sumRelationships.ABCDE 

Reads the results of the separate relationship queries (A, B, C, D and E in the relations 

diagram) made to the neo4j database and compiles all the info into one single weight per 

relationship 

@ args: edges1, edges2, edges3, edges4, edges5 - dataframes containing the output of the 

5 relationship queries 

@ return: rel2.df - dataframe with nodes pairs and edge weights 

sumRelationships.ABCDE <- function(edges1, edges2, edges3, edges4, edges5){ 
  
  # get unique issues present in edges1, edges2, edges4 and edges5  
  issues <- sort(unique(c(edges1$issue, edges2$issue, edges4$issue, edges5$issue))) 
  nr.issues <- length(issues) 
   
  # data frame to store the count of relationships for each user pair 
  rel.df <- data.frame(stringsAsFactors=F) 
  print("#### 1 ####") 
  for (i in 1:nr.issues) { 
    print(i/nr.issues) 
    # for each issue, subset all data frames to get all relationships in that issue 
    target.issue <- issues[i]  # i 
    df1 <- subset(edges1, issue == target.issue) 
    df2 <- subset(edges2, issue == target.issue) 
    df4 <- subset(edges4, issue == target.issue) 
    df5 <- subset(edges5, issue == target.issue) 
     
    # get all pairs of users present in all relationships for that issue 
    user.pairs <- unique(rbind(df1[,1:2],df2[,1:2],df4[,1:2],df5[,1:2])) 
    nr.user.pairs <- nrow(user.pairs) 
     
    for (j in 1:nr.user.pairs) { 
      # for each pair of users in a relationship in that issue 
      target.user.pair <- user.pairs[j,] # j 
      # subset all edges dataframes for that pair of users and sum the nr of relationships 
      rel1 <- df1[(df1$u1 == target.user.pair$u1 & df1$u2 == target.user.pair$u2),] 
      rel2 <- df2[(df2$u1 == target.user.pair$u1 & df2$u2 == target.user.pair$u2),] 
      rel4 <- df4[(df4$u1 == target.user.pair$u1 & df4$u2 == target.user.pair$u2),] 
      rel5 <- df5[(df5$u1 == target.user.pair$u1 & df5$u2 == target.user.pair$u2),] 
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# to account for redundancies in rel4 and rel5 
      if (dim(rel4)[1] != 0 & dim(rel5)[1] == 0) { # if rel4 is present and rel5 is absent, count only 
rel4 
        cnt <- sum(rel1$p1, rel2$p2, rel4$p4) 
      } else if (dim(rel5)[1] != 0 & dim(rel4)[1] == 0){ # if rel5 is present and rel4 is absent, cou
nt only rel5 
        cnt <- sum(rel1$p1, rel2$p2, rel5$p5) 
      } else if (dim(rel4)[1] != 0 & dim(rel5)[1] != 0) { # if both rel4 and rel5 are present, count r
el5 + 1 
        cnt <- sum(rel1$p1, rel2$p2, rel5$p5) + 1 
      } else { # count only rel1 + rel2 
        cnt <- sum(rel1$p1, rel2$p2) 
      } 
       
      temp <- cbind(target.user.pair, cnt) 
      rel.df <- rbind(rel.df, temp) 
    } 
  } 
   
  # for each pair of users, sum all their interactions and save them in a new data frame 
  unique.pairs <- unique(rel.df[,1:2]) 
  rel2.df <- data.frame(stringsAsFactors=F) 
  print("#### 2 ####") 
  for (i in 1:nrow(unique.pairs)) { 
    print(i/nrow(unique.pairs)) 
    target.user.pair <- unique.pairs[i,] # i 
    temp <- rel.df[(rel.df$u1 == target.user.pair$u1 & rel.df$u2 == target.user.pair$u2),] 
    cnt <- sum(temp$cnt) 
    temp <- cbind(target.user.pair, cnt) 
    rel2.df <- rbind(rel2.df, temp) 
  } 
  row.names(rel2.df) <- 1:nrow(rel2.df) 
  nrow(rel2.df) == nrow(unique(rel2.df[,1:2])) 
  print("#### 3 ####") 
  for (k in 1:nrow(rel2.df)) { 
    print(k/nrow(rel2.df)) 
    # subset the edges3 by user pair in the rel2.df and add the count of each user pair to rel2.df 
    u1 <- rel2.df[k,1] # k 
    u2 <- rel2.df[k,2] # k 
    rel3 <- edges3[(edges3$u1 == u1 & edges3$u2 == u2),] 
    rel2.df[k,3] <- rel2.df[k,3] + sum(rel3$p3) # k 
  } 
  # add to rel2.df the user pairs present in edges3 that are absent in rel2.df 
  missing.pairs <- subset(edges3, !(edges3$u1 %in% rel2.df$u1 & edges3$u2 %in% rel2.df
$u2)) 
  missing.pairs <- missing.pairs[,c(1,2,4)] 
  row.names(missing.pairs) <- 1:nrow(missing.pairs) 
  colnames(missing.pairs) <- c("u1","u2","cnt") 
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  # for each pair of users, sum all their interactions and save them in a new data frame 
  unique.pairs <- unique(missing.pairs[,1:2]) 
  pairs.to.add <- data.frame(stringsAsFactors=F) 
  print("#### 4 ####") 
  for (i in 1:nrow(unique.pairs)) { 
    print(i/nrow(unique.pairs)) 
    target.user.pair <- unique.pairs[i,] # i 
    temp <- missing.pairs[(missing.pairs$u1 == target.user.pair$u1 & missing.pairs$u2 == t
arget.user.pair$u2),] 
    cnt <- sum(temp$cnt) 
    temp <- cbind(target.user.pair, cnt) 
    pairs.to.add <- rbind(pairs.to.add, temp) 
  } 
  row.names(pairs.to.add) <- 1:nrow(pairs.to.add) 
  str(pairs.to.add) 
  colnames(pairs.to.add) <- c("u1","u2","cnt") 
  rel2.df <- rbind(rel2.df, pairs.to.add) 
   
  return(rel2.df)  
} 

Function: sumRelationships.DE 

Reads the results of the separate relationship queries (D and E in the relations diagram) 

made to the neo4j database and compiles all the info into one single weight per relationship 

@ args: edges4, edges5 - dataframes containing the output of the 2 relationship queries 

@ return: rel2.df – dataframe with nodes pairs and edge weights 

sumRelationships.DE <- function(edges4, edges5){ 
   
  # get all issues present in edges1, edges3, edges4 and edges5  
  issues <- sort(unique(c(edges4$issue, edges5$issue))) 
  nr.issues <- length(issues) 
   
  # data frame to store the count of relationships for each user pair 
  rel.df <- data.frame(stringsAsFactors=F) 
  print("#### 1 ####") 
  for (i in 1:nr.issues) { 
    print(i/nr.issues) 
    # for each issue, subset all data frames to get all relationships in that issue 
    target.issue <- issues[i]  # i 
    df4 <- subset(edges4, issue == target.issue) 
    df5 <- subset(edges5, issue == target.issue) 
     
    # get all pairs of users present in all relationships for that issue 
    user.pairs <- unique(rbind(df4[,1:2],df5[,1:2])) 
    nr.user.pairs <- nrow(user.pairs) 
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for (j in 1:nr.user.pairs) { 
      # for each pair of users in a relationship in that issue 
      target.user.pair <- user.pairs[j,] # j 
      # subset all edges dataframes for that pair of users and sum the nr of relationships 
      rel4 <- df4[(df4$u1 == target.user.pair$u1 & df4$u2 == target.user.pair$u2),] 
      rel5 <- df5[(df5$u1 == target.user.pair$u1 & df5$u2 == target.user.pair$u2),] 
       
      # to account for redundancies in rel4 and rel5 
      if (dim(rel4)[1] != 0 & dim(rel5)[1] == 0) { # if rel4 is present and rel5 is absent, count only 
rel4 
        cnt <- sum(rel4$p4) 
      } else if (dim(rel5)[1] != 0 & dim(rel4)[1] == 0){ # if rel5 is present and rel4 is absent, cou
nt only rel5 
        cnt <- sum(rel5$p5) 
      } else if (dim(rel4)[1] != 0 & dim(rel5)[1] != 0) { # if both rel4 and rel5 are present, count r
el5 + 1 
        cnt <- sum(rel5$p5) + 1 
      }  
       
      temp <- cbind(target.user.pair, cnt) 
      rel.df <- rbind(rel.df, temp) 
    } 
  } 
   
  # for each pair of users, sum all their interactions and save them in a new data frame 
  unique.pairs <- unique(rel.df[,1:2]) 
  rel2.df <- data.frame(stringsAsFactors=F) 
  print("#### 2 ####") 
  for (i in 1:nrow(unique.pairs)) { 
    print(i/nrow(unique.pairs)) 
    target.user.pair <- unique.pairs[i,] # i 
    temp <- rel.df[(rel.df$u1 == target.user.pair$u1 & rel.df$u2 == target.user.pair$u2),] 
    cnt <- sum(temp$cnt) 
     
    temp <- cbind(target.user.pair, cnt) 
     
    rel2.df <- rbind(rel2.df, temp) 
  } 
  row.names(rel2.df) <- 1:nrow(rel2.df) 
  nrow(rel2.df) == nrow(unique(rel2.df[,1:2])) 
   
  return(rel2.df)  
} 

Read edge dataframes 

Read the edge dataframes created with script 4_queryNeo4j 

edges1 <- read.csv("queryOutputs/q1_2017.csv", header = T, stringsAsFactors = F)  
edges2 <- read.csv("queryOutputs/q2_2017.csv", header = T, stringsAsFactors = F)  
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edges3 <- read.csv("queryOutputs/q3_2017.csv", header = T, stringsAsFactors = F)  
edges4 <- read.csv("queryOutputs/q4_2017.csv", header = T, stringsAsFactors = F)  
edges5 <- read.csv("queryOutputs/q5_2017.csv", header = T, stringsAsFactors = F)  

Run functions and save output 

## run sumRelationships.ABCDE ---- 
relABCDE.df <- sumRelationships.ABCDE(edges1, edges2, edges3, edges4, edges5) 
relABCDE.df$cnt.norm <- relABCDE.df$cnt/max(relABCDE.df$cnt) # add normalized we
ight column 
nrow(relABCDE.df) == nrow(unique(relABCDE.df[,1:2])) # check all node pairs are unique 
write.csv(relABCDE.df,"queryOutputs/subNets/2017_RelationshipsABCDE.csv", row.n
ames = F) 
 

## run sumRelationships.DE ---- 
relDE.df <- sumRelationships.DE(edges4, edges5) 
relDE.df$cnt.norm <- relDE.df$cnt/max(relDE.df$cnt) # add normalized weight column  
nrow(relDE.df) == nrow(unique(relDE.df[,1:2])) # check all node pairs are unique 
write.csv(relDE.df,"queryOutputs/subNets/2017_RelationshipsDE.csv", row.names = F) 
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II. Network Measure Plots  

i. Weighted Networks 

 
Figure 27: Node degree distribution in weighted A) ABCDE and B) DE relationship models.  

Dotted lines (---) indicate mean values. 

 

 
Figure 28: Node strength distribution in weighted A) ABCDE and B) DE relationship models.  

Dotted lines (---) indicate mean values. 
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Figure 29: Node betweenness distribution in weighted A) ABCDE and B) DE relationship models.  

Dotted lines (---) indicate mean values. 

 

 
Figure 30: Shortest path length distribution in weighted A) ABCDE and B) DE relationship models.  

Dotted lines (---) indicate mean values.  
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ii. Unweighted Networks 

 
Figure 31: Shortest path length distribution in unweighted A) ABCDE and B) DE relationship models.  

Dotted lines (---) indicate mean values. 

 

 
Figure 32: Node betweenness distribution in unweighted A) ABCDE and B) DE relationship models.  

Dotted lines (---) indicate mean values. 
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Figure 33: Node local clustering coefficient distribution in unweighted A) ABCDE and B) DE relationship models.  

Dotted lines (---) indicate mean values. 

 

 

III. Relevant network nodes 

Table 23: Nodes in 2017 ABCDE unweighted network with clustering coefficient of one. 
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Table 24: Nodes in 2018 ABCDE unweighted network with clustering coefficient of one. 
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IV. Network plots 

 
Figure 34: Networks highlighting the known employee experience business cluster collaborators. Colors represent the 
cluster membership of said nodes, as computed by the clustering algorithm. Node size represents betweenness. 

 

 
Figure 35: Networks highlighting the known marketing business cluster collaborators. Colors represent the cluster 

membership of said nodes, as computed by the clustering algorithm. Node size represents betweenness. 
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Figure 36: Networks highlighting collaborators for which the business cluster is not known. Colors represent the 

cluster membership of said nodes, as computed by the clustering algorithm. Node size represents betweenness. 


