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Abstract

Open-Source Software (OSS) has become a fundamental part of modern software develop-
ment. While its beneficial properties, such as public and license-free access, drive innovation,
the accompanying uncoordinated contributions can negatively impact software quality,
leading to inefficiencies, erroneous code, or inconsistent implementation styles. These
collaborations can pose risks to project sustainability and long-term maintenance.

To mitigate these issues, this thesis presents the Graph-based Contribution Predictor
(GraphCP), a novel approach to predict future contributions by learning from past collabora-
tion patterns. Furthermore, we provide an extensive discussion on the practical application
of such an approach. We demonstrate the effectiveness of link prediction in the OSS do-
main and leverage GraphSAGE to capture the complex dynamics of developer-artifact
interactions.

Methodologically, we model OSS projects as developer networks by extracting historical
contribution data from GitHub. We then apply GraphSAGE, a well-established Graph
Neural Network (GNN) architecture, to learn the latent collaborative representations of
developers and use a small neural network as a classification head. This approach provides
a structured framework for evaluating the applicability of GNNs in developer networks.

Our evaluation demonstrates promising results in predicting project contributions. Conse-
quently, these findings indicate that modeling developer networks with GNNs is a viable
approach to support OSS development. In practice, such a model can serve as a foundation
for contribution recommendation systems, anomaly detection, or change impact analysis.
Hence, enhancing project coordination and supporting the sustainability of OSS ecosystems.
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1
Introduction

The history of open-source software started in 1985, when the Free Software Foundation1

was founded. In 1991, the first release of the most prominent open-source software (OSS)
Linux

2 marked a milestone in the development of OSS. Finally, the launch of GitHub
3, a

platform hosting OSS projects, in 2008, opened a new dimension for collaboration. Since then,
contributions to open-source projects have increased [22]. Open-source ecosystems, such as
Linux, Apache, or Kubernetes, provide building blocks for applications and services. As a
result, they have become foundational to modern IT infrastructure [6].

With OSS, the dynamics of software development have shifted from strictly closed-source
competition towards a paradigm of global, collective effort to drive technological advance-
ment [6]. Nowadays, OSS is a critical infrastructure and according to the 2025 State of Open
Source Report 4, 96% of the consulted organizations either maintained or increased their use
of OSS in the past year [53]. They are primarily driven by cost efficiency and the ability to
leverage the expertise of developers from around the world [53].

Despite its advantages, OSS also faces some challenges. The freedom of open collaboration
is accompanied by uncoordinated contributions, making it more difficult to maintain
an overview of who is working on which artifact. These unmanaged contributions can
lead to mistakes that are not immediately apparent, for example, hidden bugs from less
experienced developers [2]. This particularly affects the software security. Furthermore, as
different developers from around the world can contribute to OSS projects independently
from each other, they might introduce varying code styles or even duplicate work. This
can negatively impact the software quality and efficiency as it requires more reviews
to maintain the project [31]. A further problem can emerge when developers leave the
project and have not documented their contribution properly. This creates knowledge gaps,
which also leads to increased effort for maintaining the project. In general, OSS projects are
highly dependent on their community and contributors. This results in potential risks, as
unstructured community work can jeopardize the project.

The goal of this thesis is to explore the potential of link prediction and propose a method
that helps to support project coordination, quality, and security. To achieve this, we introduce
the Graph-based Contribution Predictor (GraphCP), which utilizes developer networks
that capture the evolving dynamics between project contributors and artifacts. There exists
research using developer networks to classify core/persistent and peripheral/fluctuating

1 https://www.fsf.org/de

2 https://www.linux.org/

3 https://github.com/

4 https://www.openlogic.com/resources/state-of-open-source-report?utm_source=osi&utm_medium=webs

ite-referral&utm_campaign=opl-glb-2025q1-con-2025stateofopensourcereport&utm_content=resources

1

https://www.fsf.org/de
https://www.linux.org/
https://github.com/
https://www.openlogic.com/resources/state-of-open-source-report?utm_source=osi&utm_medium=website-referral&utm_campaign=opl-glb-2025q1-con-2025stateofopensourcereport&utm_content=resources
https://www.openlogic.com/resources/state-of-open-source-report?utm_source=osi&utm_medium=website-referral&utm_campaign=opl-glb-2025q1-con-2025stateofopensourcereport&utm_content=resources


1.1 Overview 2

developers [25] or detecting factors that contribute to project successes or failures [24].
Yet, to the best of our knowledge, the potential of link prediction for OSS-based developer
networks remains largely unexplored.

To this end, we first provide an extensive discussion on the practical applications of link
prediction in OSS development. These range from automated contribution recommendations
to preventive risk assessment through methods such as change impact analyses or anomaly
detection. Furthermore, exploring the different scenarios underscores the importance of
a deep learning approach to capture the complexity of developer networks, which static
rule-based systems typically fail to address.

Second, we develop and implement GraphCP to demonstrate the technical feasibility
of these applications. A core aspect of our research is exploring the applicability of the
well-established GraphSAGE [19] architecture to OSS developer networks. By strategically
focusing on the bipartite collaboration between authors and files, we establish a foundational
proof of concept that fulfills the structural assumptions of GraphSAGE. We develop a model
that transforms a raw graph into a suitable representation for the downstream task link
prediction. Finally, we independently evaluate GraphCP on 7 different OSS projects of
varying sizes, and compare the performances against traditional baselines.

Our findings reveal that GraphCP outperforms two out of three baselines and remains
highly competitive with the third, i.e., preferential attachment (PA). Notably, GraphCP
performs especially well when predicting interactions between peripheral nodes, where the
baseline method PA tends to perform poorly. Furthermore, our evaluation demonstrates that
focusing on more recent contribution data significantly enhances GraphCP’s performance,
highlighting the importance of temporal dynamics in OSS collaboration. While GraphCP
already shows promising results, further incorporating semantic data, such as source code
of files or issue contents, could enhance the model’s expressiveness. This would bridge the
gap between our technical proof of concept and practical applications of link prediction,
such as contribution recommendation or risk assessment systems.

1.1 Overview

The remainder of this thesis is structured as follows: Chapter 2 provides the necessary
background knowledge, introducing the fundamental concepts of graphs in computer
science, complex graph structures, and the nature of developer networks. The chapter
further establishes a foundation in deep learning to subsequently introduce graph repre-
sentation learning as a method to transform graph-structured data for traditional Machine
Learning (ML) tasks. Chapter 3 focuses on research on developer networks and proposing
approaches for complex graph embeddings. In Chapter 4, we explore different perspectives
and application scenarios for link prediction models within developer networks. Chapter 5

details our methodology, providing a comprehensive overview of the dataset collection
and the subsequent classification pipeline designed to answer our research question. Fur-
thermore, it outlines the experimental setup, presents a detailed description of the selected
open-source projects, and the evaluation metrics used to assess GraphCP. The experimen-
tal results are summarized, discussed, and qualitatively analyzed in Chapter 6. Finally,
Chapter 7 concludes the thesis by summarizing the key findings.



2
Background

In this thesis, we want to apply a deep learning approach on developer networks to develop
a model that predicts links between node pairs present in the network. This chapter provides
essential background information that is required to ease a deeper understanding of the
main topic. This includes the concept of graphs and developer networks, but also a brief
description of deep learning and deep learning in the context of graphs.

2.1 Foundation of Graphs

Graphs are mathematical structures that model pairwise relations between objects. A simple
graph is a collection of vertices that are connected by edges [47].

It is formally defined as a tuple G = (V, E), where V = {v1, ..., vN} is a set of N = |V|
nodes, and E = {e1, ..., eM} is a set of M = |E| edges.

In directed graphs, an edge e ∈ E is directed from one node vi to another node vj. This
can be represented as (vi, vj). In undirected graphs, the order of the tuple elements does
not matter. In both scenarios, we say that vi and vj are adjacent.

In graph-theoretical terms, adjacent nodes are also called neighbors. More specifically, we
define the neighbor set of node v as follows:

N(v) = {u ∈ V|v ̸= u, ∃e ∈ E : e = (u, v)}

Besides representing graphs by explicitly drawing the nodes and connecting adjacent nodes
with lines, another common data structure is the adjacency matrix, which leverages the
information of neighbor sets. This representation is more convenient, especially for large
graphs [47]. Given a graph G = (V, E), an adjacency matrix has N = |V| rows and columns
and is formally defined as A ∈ {0, 1}NxN [35]. Its entries reflect the existence of an edge
between two node pairs vi and vj. That is:

Ai,j =

0 if vi and vj are not adjacent

1 if vi and vj are adjacent

2.1.1 Complex Graphs

In the earlier section, we introduced simple graphs that can also be described as homoge-
neous. This term is derived from the property that the graph only has a single type of nodes

3



2.2 Developer Networks 4

and edges. However, real-world applications cannot be represented by simple homogeneous
graphs but require more advanced representations [35]. For example, a graph that illustrates
an academic network describes entities, i.e., nodes, including authors, papers, or venues. The
connections between those entities can describe citation relations or authorship relations [35].
Thus, the graph has different node and edge types and is not considered homogeneous but
rather heterogeneous.

2.1.2 Heterogeneous Graphs

For heterogeneous graphs, the nodes and edges are additionally associated with a type. Tn

and Te indicate the sets of node and edge types, and the mapping functions ϕn : V → Tn

and ϕe : E→ Te assign a type to each node and edge in the graph, respectively. In our case,
we will work on a more specialized type of heterogeneous graphs, i.e., a knowledge graph,
which will be described next.

2.1.3 Knowledge Graphs

A knowledge graph’s primary purpose is to structure relevant knowledge to a specific
domain and is formally defined as G = (V, E, R), where R denotes a set of relations.
The nodes and edges are of different types, and the edges additionally describe different
relations between two entities within a specific domain. Specifically, an edge e ∈ E that
connects two nodes vi, vj ∈ V can be represented as a triplet (vi, r, vj), where r ∈ R.

For example, in an e-commerce knowledge graph, the nodes can represent entities such as
customers, products, categories, and orders. The links between two nodes include relations
such as placed_order between a customer and an order entity or type_of between product
and category entities [48].

As we can see, graphs are essential representations for real-world data [35], including
developer networks that capture the collaborations of software projects.

2.2 Developer Networks

The evolution and collaboration of software projects can be represented in developer
networks. They are able to illustrate the relationships and interactions between different
developers and their activities in projects [5]. A general developer network of one specific
project is modeled as a simple graph G = (V, E), where V is the set of all developers
that contributed to the project and the edges model different relationships between the
developers. These relationships can be of different types [5]:

• cochange: Linked developers have both edited a common source-code artifact (e.g.,
file or function)

• mail: Linked developers sent an e-mail to the same e-mail thread

• issue: Linked developers contributed to the same issue (e.g., commenting or reviewing)
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Figure 2.1: Schema Network of our Graph Data

Based on these networks, one can apply different tasks, such as finding core developers
who have contributed the most to maintaining the project or, more generally, understanding
the coordination of developers within one software project.

In this thesis, we assume that we are given a combined network, consisting of cochange
and issue edges. This kind of developer network is considered a knowledge graph, as it
has different types of nodes and edges, and the edges describe different relations between
two entities. In our case, the nodes represent either authors or artifacts. The artifacts are
again sub-grouped into files and issues. Edges represent a cochange - between authors and
authors or authors and files - or issue relations between issues and issues or authors and
issues. Our graph data is also illustrated in figure 2.1, which serves as an abstraction of all
entities and their connections.

2.3 ML: An Overview

Artifical Intelligence (AI), Machine Learning (ML), and Deep Learning (DL) are terms that
are often used interchangeably, yet they are by definition not the same. AI is a broad field
within computer science. It aims to create algorithms that are able to perform tasks that
usually require human intelligence [36].

ML is a subfield of AI. Without explicitly programming but with a large amount of data,
ML uses algorithms that analyze and learn from the data to make predictions, e.g., about
unknown variables or future outcomes [36]. A common example is the spam filter for
emails. In an AI approach, a developer writes a program in which he or she sets predefined
conditions for what is considered spam. Incoming emails are then automatically filtered
by the program. Different from this, in the ML approach, a model is fed with spam and
non-spam mail and learns its own rules or conditions for classification.

In general, data serves as the foundation of ML models, enabling them to recognize
patterns, classify information, and generate predictions. It can appear in different formats.
Common types are structured data in tabular format, or unstructured text or image data. The
latter often requires preprocessing steps to be a suitable input for ML methods. Depending
on the data and the task, users have to decide which type of ML approach fits best. These
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categories include supervised learning and unsupervised learning [36]. In supervised
settings, the model is trained with labeled data, i.e., the input is mapped to a true value,
aiming for the model to learn the underlying relationship between input and output.
Referring to our example, emails are either labeled as spam or not spam. Common models
are linear regression, logistic regression, or neural networks. These techniques rely on
the assumption that the data are independently and identically distributed (i.i.d.). This
is essential to guarantee generalization on new and unknown data [35]. In unsupervised
settings, the data is unlabeled and the true target values are unknown. The algorithm uses
the data to identify patterns in order to cluster it or find a representative version in a new
dimension [36].

DL is an advancement of ML and employs a specific form of neural networks, namely Deep
Neural Network (DNN). These models are intended to imitate the human brain and are built
as a consecutive series of parameter layers. Unlike ML, which requires domain experts to
manually select and fine-tune relevant input features, these models can understand complex
patterns in the data and automatically learn important features [36].

2.3.1 Deep Neural Networks

Formally, a DNN aims to approximate a function f ∗ that explains the underlying relationship
between the input x and its corresponding output y. For example, for a classifier, y = f ∗(x)
maps an input x to a category y [17]. Figure 2.2 shows a simple example of a network

χ

f 1 f 2 f 3

f 4

Input Hidden Layers Output Layers

Figure 2.2: An illustrative example of feedforward networks [35]

with four functions f 1, f 2, f 3, f 4, each representing one layer, connected in a chain, such
that f (x) = f 4( f 3( f 2( f 1(x)))). The number of layers indicates the depth of the network,
and within each layer, there are multiple units [35]. The actual computation happens
neuron-wise. Each function unit retrieves elements from the previous layer. During one
operation, the elements, each having individual weights, are linearly combined. Next, they
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are passed through an activation function to introduce non-linearity, which improves their
approximation capability. Mathematically, the computation of one unit for the first layer can
be represented as:

h = α(b +
n

∑
i=1

wi · xi),

where n denotes the length of the input vector x, b is a bias term, and α() is an activation
function. Assume that in the k-th layer of the neural network, we have Nk nodes and the
layer’s output can be represented as hk, with hk

i denoting its i-th element. Then, we can
generalize the operation to compute hk+1

j in the (k + 1)-th layer as follows [35]:

hk+1
j = α(bk

j +
Nk

∑
i=1

W k
jih

k
i ).

Here, W k
ji denotes the weight corresponding to the connection between hk

i and hk+1
j .

During the training process, we optimize f (x), such that it approximates the ideal
function, i.e., f ∗(x). This includes adjusting the weights such that an appropriate loss
function is minimized. The loss function should capture the discrepancy between the true
target value and the estimated output from our network. Depending on the tasks, the
loss functions can vary. For example, in binary tasks, where a sample x is either 0 or 1,
the output ŷ of the neural network should be a single value indicating the probability of
the sample being predicted as label 1. The most common loss in that case is the binary
cross-entropy loss that measures the difference between the ground truth and the prediction
as follows [35]:

BCE = − 1
N

N

∑
i=1

[yi · log(ŷi)− (1− yi) · log(1− ŷi)], (2.1)

where N is the number of observations, yi is the actual binary label (0 or 1) for ith observation
and ŷi is the predicted probability of the ith observation being in class 1. Although there
exist several predefined loss functions for standard tasks, they can also be customized for
individual purposes.

To minimize the loss, a general approach, called gradient descent, is to apply an optimiza-
tion algorithm that updates the parameters by taking a step towards the direction of the
negative gradient [35]. The Backpropagation algorithm is an essential part and provides an
efficient way to realize this computation. It encompasses two phases [35]:

1. Forward Phase: The input is passed through the layers to obtain an output with the
current set of weights. Given the output, the loss function is evaluated.

2. Backward Phase: Calculate the gradients of the loss function with respect to the
parameters (weights), starting from the last layer and moving backwards to the first
layer.

The introduced concepts are just fundamental basics of neural networks. Based on these
concepts, a lot of research innovated more techniques to harness their full potential, includ-
ing convolutional neural networks, recurrent neural networks, or autoencoders. Ultimately,
the potential of neural networks lies in their ability to perform complex calculations that
would be impossible for a human to achieve. As we will work on complex, unstructured
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real-world data, i.e., developer networks, we will approach our task using advanced DL-
based models. Typical ML techniques are constructed assuming easier data structures, such
as tabular or image data. However, our data structure is more complex and requires a
certain transformation to be useful in ML. One way to achieve this transformation will be
explained in the following section.

2.4 Graph Representation Learning

The nodes in graphs that represent real-world applications are inherently connected, imply-
ing dependencies between them. However, this contradicts traditional ML techniques, which
often assume i.i.d. data [35]. Consequently, we need a new approach to apply computational
tasks on graphs. The most popular technique creates a flattened representation of the graph
to further apply traditional ML methods, having the graph representation vector as input.
The method, also known as graph representation learning or graph embedding, automati-
cally learns node features with minimal human intervention. Unlike feature selection, which
removes irrelevant and redundant node features, representation learning generates a set of
new node features preserving key information of the node in the original graph [35]. As a
result, one can map nodes from the original graph domain to a corresponding embedding
in the embedding domain. The learned features facilitate downstream tasks, including
link-prediction.

As DNNs have achieved major successes in the last two decades, researchers began to
transfer and generalize DNNs to graphs in the form of GNNs, to realize graph representation
learning [35]. GNN-based techniques can be divided into spatial and spectral approaches [35].
Spectral approaches take advantage of the spectral view of graphs using the Fourier graph
transform and the inverse graph Fourier transform [7]. Spatial approaches leverage the
input node features but also the graph structure, that is, the information from locally close
neighbors [35].

Depending on the provided dataset, graph representation learning can also be differently
categorized. Datasets that consist of a set of graphs where one graph is considered one
datapoint are usually utilized for graph-focused tasks, such as graph classification or graph
generation [35]. On the other hand, as in our case, if the entire data is reflected by one graph
and the nodes correspond to datapoints, we operate in the node-focused tasks domain. This
includes node classification or link prediction.

2.4.1 GNN for Node-focused Tasks

A general GNN framework for node-focused tasks typically consists of an alternating
sequence of graph filtering operations and non-linear activation layers [35]. The output of
the last layer is the new set of feature nodes, i.e., the node embedding, that can be leveraged
as input for the downstream node-focused task. The simplified Cheby filter (GCN-filter)
is a very common spatial-based filter. In its process, each node aggregates information
from its 1-hop neighbors. This process is conceptually derived from the spectral-based
Cheby filter, which leverages k-hop neighbors when creating a new node feature. Similar
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to GCN-filters, there also exist GAT-filters. These filters build graph attention networks
(GAT) using self-attention mechanisms. While the aggregation in GCN-filters is based on
the graph structure, GAT-filters first attend to all its neighbors to generate an importance
score for each neighbor [35]. These scores are then used in the aggregation process. Both
mentioned filters always consider the entire 1-hop neighborhood of nodes; thus, they use
the entire adjacency matrix, unable to generalize to unseen nodes.

2.4.2 GraphSAGE

The key idea of GCN is message passing. That is, each node updates its feature represen-
tation by aggregating the information from all its neighbors. While this is a transductive
approach, there also exists another, very popular graph filter known as GraphSAGE
(SAmple and aggreGatE) [19]. Instead of using the entire neighborhood sets, GraphSAGE
inductively tries to generate node embeddings by uniformly sampling a fixed-size set from
a node’s local neighborhood N (v) and aggregating the features [19]. By adding additional
layers, one can include nodes from the multi-hop neighborhood, i.e., the second layer
aggregates over the features from the two-hop neighborhood. By only considering a subset
of the total neighborhood, GraphSAGE is able to generalize to unseen nodes and is more
scalable compared to other approaches, including GCN.

2.4.2.1 Forward Propagation

As GraphSAGE is a GNN-based algorithm, it encompasses the two stages of backpropagation
as well. During the forward pass, the algorithm samples a subset of the neighborhood of
one node and aggregates the features to create a new embedding of the current node. More
specifically, for a single node vi, the process to generate its new features can be formulated
as follows [35]:

NS(vi) = SAMPLE(N (vi), S) (2.2)

f ′NS(vi)
= AGGREGATE({Fj | ∀vj ∈ NS(vi)}) (2.3)

F ′i = σ
(
[Fi,f ′NS(vi)

]Θ
)

(2.4)

Here, SAMPLE() is a function which samples S nodes from the nodes neighborhood set
N (vi). AGGREGATE() combines the information from the sampled neighboring nodes, and
[·, ·] is the operation that concatenates the old features of node vi with the new features from
the aggregation function. The last function that is applied, i.e., σ is an activation function
that adds non-linearity. This process can be expanded to deeper levels, i.e., the multi-hop
neighborhood. Then, for each depth layer k we have a separate aggregation function and
separate weights. In general, the process would be defined as presented in Algorithm 1.
First, an initial feature vector for each node in the graph is created. For each layer k, new
node features are computed based on the procedure described in Equations 2.2, 2.3, and 2.4.
Specifically, the k-hop neighborhood N k is considered and the layer-specific aggregation
function AGGREGATEk is applied. The resulting node feature vectors are then assigned to
z.
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Algorithm 1 GraphSAGE forward propagation [19, 35]

F0
i ← xi, ∀i ∈ V

for k ∈ K do
for vi ∈ V do
N k

S (vi) = SAMPLE(N k(vi), S)
f k′
N k

S (vi)
= AGGREGATEk({F k−1

j | ∀j ∈ N k
S (vi)})

F k
i = σ

(
[F k−1

i ,f k′
N k

S (vi)
]Θk

)
end for

end for
zi ← FK

i , ∀i ∈ V

Hamilton et al. [19] introduced various suitable AGGREGATE() functions:

• Mean aggregator. Taking the element-wise mean of the neighboring vectors {Fj |
∀vj ∈ NS(vi)}. This is very similar to GCN, however GCN treats the current node vi
equally as its neighbors, consequently it is part of the aggregation process [35]

• LSTM aggregator. This function treats N (vi) as a sequence and processes it using the
long short-term memory (LSTM) architecture. As there is no natural order among the
neighbors in [19] they adopted a random order.

• Pooling operator. The input features are passed through a layer of a neural network,
including a non-linear activation function. The output is then summarized using the
max pooling operation [19].

As the mean aggregator is the standard choice in many GNN architectures, we use this as
our aggregation function as well.

2.4.2.2 Backward Propagation

In order to learn useful node representations, the parameters Θk for each layer k ∈ K need
to be tuned via a gradient descent-based approach during the backward phase [19]. As
we have no target node representation that we aim to achieve, the objective of training
a GraphSAGE embedding model is to minimize a loss in a self-supervised setting. By
sampling node pairs that are not connected in the original graph, we can assign them to
negative labels and the true node pairs to positive labels. According to Hamilton et al. [19],
the unsupervised loss is then defined as follows:

JG(zu) = − log σ
(
z⊤u zv

)
−Q Evn∼Pn(v)

[
log σ

(
− z⊤u zvn

)]
(2.5)

Here, u, v ∈ V are neighboring nodes and zu, zv are their corresponding output represen-
tations, σ is the sigmoid function, Pn(v) is a negative sampling distribution, and Q defines
the number of negative samples [19]. This way, the loss function ensures to maximize the
similarity between nodes that co-occur together and minimize the similarity between distant
nodes [19].



3
Related Work

As we want to deploy a model that is able to predict links in a developer network, it is
important to review related work. Our approach encompasses two main areas: developer
networks and deep learning on graphs. Thus, we address both topics individually, as well
as in combination.

3.1 Developer Networks

The research on developer networks started at the beginning of the 2000s. Depending on the
source of data used to mine networks and the objectives, e.g., gaining knowledge or using
them for classification tasks, there exist various approaches. Most of this work primarily
focused on applying analytical techniques to gain more insights into the organizational
structure behind software projects.

3.1.1 Graph Understanding and Insights

López-Fernández et al. [33] use a rather descriptive approach and apply a social network
analysis for characterizing software projects, their evolution over time, and their internal
structure. In their case, they build two networks per project using the commit information
of the code versioning repository system. One is the commiter network, where vertices
correspond to developers, and edges reveal whether they contributed to at least one common
module. The other is the module network, where the nodes are software modules of the
project, which are linked when at least one committer has contributed to both of them.
For their analysis, they consider common property measurements of the network topology,
such as node degree, weighted node degree, closeness centrality, betweenness centrality,
or clustering coefficients of nodes. One of their findings reveals that only a handful of
developers have a direct relationship with more than 200 other developers, i.e., they are
likely to be core developers. Additionally, by visualizing the distribution of the connection
degree of four time snapshots of one module network, they find a significant growth in the
connection degree of the most connected module, from early to later stages of the project.

Sureka et al. [50] also utilize social network analysis, but with the intention to investigate
risks and vulnerabilities in the network. As OSS project settings are unstructured, it is
important to have an overview of critical employees, core team, or subject matter experts,
and perform risk analysis to gain insights [50]. Consequently, they develop tools and
techniques to support the performance of risk, threat, and vulnerability analysis with respect

11
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to a software development team. In general, they investigate different patterns, cohesive
subgroups and clusters, or centralities. They mine a defect tracking system, specifically
the bug reports from Mozilla Firefox, to create developer networks. The nodes represent
developers, and these nodes are linked by an edge if they collaborated with each other in
resolving a bug. With their tools, one can answer important questions like: ”who are the
developers working on critical bugs”, ”are there developers working on a variety of bug
severities and are there developers working only on bug reports belonging to a certain bug
severity”, or ”who is the most connected developer” [50].

Joblin et al. [25] provide an analytical approach using network-based operationaliza-
tions to distinguish between core and peripheral developers. In particular, they find that
commonly used count-based operationalizations do not suffice for that task. Count-based
metrics include the commit count as the number of commits a developer has authored or
the lines of code (LOC) count as the sum of added and deleted lines of code a developer
has authored. According to prior research, core developers should achieve a higher commit
count and a higher LOC count than peripheral developers. Joblin et al. use fine-grained
developer networks capturing data from mailing lists and VCSs. They analyze projects using
overlapping analysis time windows of three months. That is, each network reflects the
project for three months. On these networks, Joblin et al. compute network-based metrics,
including degree centrality, eigenvector centrality, or hierarchy, expecting core developers
to be placed in the upper region of the hierarchy, to study developer roles. In an online
survey, they asked developers to report the roles of developers in their project according to
their perception, to obtain a ground-truth classification. In an empirical study of ten OSS

projects, Joblin et al. [25] reveal that their network perspective offers more valuable insights
regarding developer roles than traditional count-based operationalizations.

Another approach by Yan et al. [56] uses network analysis in order to profile the expertise
of developers. As previous research only considered a single community in which the
developer was active or simply summed up the expertise in individual communities, they
want to profile the expertise across multiple communities. After collecting, filtering, and
preprocessing data from Stack Overflow and GitHub, they construct a heterogeneous
information network [56]. This network comprises four node types: developers, ability
terms, questions, and projects. Ability terms include tags from Stack Overflow and topics
in GitHub. The questions are selected from Stack Overflow and annotated with suitable
ability terms. Similarly, the projects that are collected from GitHub are also assigned to
ability terms. Depending on the node pairs, there exist nine different edge types [56]. This
includes, among others, a follow connection between developers, a commit edge from
developer to project, or an answered connection from question to developer. The edges
are additionally weighted by scores that indicate the intensity of knowledge that was
propagated, e.g., by committing to a project or a question that is answered. To evaluate
the developer expertise, a method called random walk with restart (RWR) is adopted. This
method iteratively estimates the proximity between developer nodes and ability term nodes,
and the outcome should reflect the developer expertise. As there is no ground truth data
indicating developer expertise, Yan et al. [56] estimate the true expertise by the answer
scores of developers, assuming the higher the developer’s answer scores, the higher their
expertise [56]. To evaluate the effectiveness of their approach, they compare it to a related
one, called CPDScorer [21], and reveal that the novel approach performs significantly better.
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While the CPDScorer has an accuracy of 55.57%, the proposed method by Yan et al. [56]
achieves an accuracy of 67.88%.

3.1.2 Graphs for Downstream Tasks

The approaches so far, focus on different analytical techniques to gain insights on developer
social networks. However, other researches leverage developer networks for prediction or
classification tasks.

Meneely et al. [39], Wolf et al. [55], and Joblin et al. [24] utilize developer networks to
find early indicators of future project success or failure. All three approaches initially adopt
manual feature engineering. That is, they use network analysis techniques to calculate node-
specific metrics. By combining these metrics per node, they create a feature vector. These
vectors are then used as input for the predictive models. Meenely et al. [39] first calculate
metrics such as different degrees, closeness, and betweenness centralities of nodes and then
apply the negative binomial regression that resulted from a model selection process. Wolf et
al. [55] use a similar approach but train a Bayesian classifier. Out of these three approaches,
Joblin et al. [24] differ the most as they additionally aggregate the newly created node
features to retrieve a graph-level vector representation and then train a logistic regression
model. As they are all differently motivated, use different networks, models, and evaluation
metrics, it is unclear which approach performs best.

Only recently, researchers began to use more advanced ML and DL techniques on
developer networks. As defect-prone changes are a serious problem in software development
and lead to software faults, Bryan et al. [8] address this issue by leveraging contribution
graphs to improve just-in-time (JIT) defect prediction. The contribution graph is similar
to our graph, i.e., an undirected bipartite graph consisting of developer and file nodes.
These nodes are connected if the developer committed a change to the file. The edges are
additionally labeled by an algorithm, called SZZ [45], indicating whether the change is
defect-prone or not. The contribution graph is further projected into a one-mode projection
graph. Here, the nodes only consist of developers, who are linked together if they made
changes to the same file. From there on, they derive graph structural properties in the
contribution graph by extracting centrality metrics, including degree, betweenness, or
closeness, from the nodes in the one-mode projection graph. These features are used for
their first setting. For the second setting, they further identify communities and assign
group identifiers to each node in the developer-only graph using an algorithm that is not
further detailed in their work. Additionally, they apply node2vec to create graph node
embeddings. For each setting, they use three widely used classifiers for JIT prediction and
compare them with each other, but also with the state-of-the-art model [8]. They test the
proposed method on 14 well-known, open-source projects, including ActiveMQ, Camel,
or OpenJPA, focusing only on the middle part of the time axis, i.e., the period with the
highest development activity [8]. They find that both settings produce similar results in
terms of classification results and that the relative performance increases by 152% for the F1

score. While the baseline model reaches only 0.33, the best models in each setting achieve
approximately 0.77 as F1 score. Although their work shows promising results, they mention
examining the effectiveness using inductive embedding frameworks, such as GraphSAGE,
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in the future [8]. Just like us, they want to efficiently generate node embeddings with the
ability to also generate them from previously unseen graph data.

All these approaches utilize developer networks. However, they mainly compute charac-
teristic features manually. The next section primarily focuss on research that adopts deep
graph representation learning on complex graphs to automatically generate features. Yet, it
is important to note that the graphs are not necessarily developer networks.

3.2 Graph Representation Learning

Representation learning on complex graphs has seen significant developments in recent
years. Most of the revolutionary GNN approaches were developed using homogeneous
graphs. However, real-life applications and especially our case, are not homogeneous but
rather heterogeneous. The graph nodes and edges are of different types and have different
attributes. Moreover, our graph captures the interaction and collaboration of an OSS project
over a longer time span. As a result, our data are more complex and specified to a specific
application domain, which limits the availability of comparable studies. Yet, there still exist
related studies that offer valuable insights influencing our approach.

3.2.1 Dynamic Approaches in Different Domains

Yang et al. [57] propose a novel technique to embed dynamic heterogeneous graphs using
hierarchical attentions, called DyHAN. They sample different user behaviors from three
different datasets with 7 to 11 time steps. This includes click, collect, add_to_cart, and
buy, regarding the EComm

1 or retweet, reply, and mention for the Twitter dataset 2.
DyHAN encompasses three steps: node-level attention, edge-level attention, and temporal
attention. Initially, for each timestep, the input graph is divided into edge-type-specific
subgraphs. Then, for each subgraph, a self-attention is employed to aggregate the node
embedding. As a result, there exists a node embedding for each time step and each edge
type. In the second step, an attention layer aims to learn the importance of different edge
types. This layer creates a fused embedding of each node at each time step. Last, all
node embeddings across the time series are aggregated in the temporal attention layer,
resulting in one embedding per node [57]. Similar to DyHAN, Fan et al. [14] propose a new
method that integrates the spatial and temporal dependencies to create node embeddings,
called heterogeneous temporal graph neural network (HTGNN). It is composed of multiple
aggregation layers, intra-relation, inter-relation, and across-time aggregation. These layers
are comparable to those in the previous paper. However, they reveal that DyHAN [57]
processes the spatial and temporal dependencies in a serialized manner, and the performance
heavily depends on the characteristics of the graph. Therefore, Fan et al. [14] deploy a graph-
agnostic framework to learn node-embeddings.

Unlike [14, 57], Hu et al. [20] do not split the heterogeneous graph into subgraphs for each
relation type present in the dataset. They introduce the node- and edge-type dependent

1 https://tianchi.aliyun.com/competition/entrance/231719/introduction
2 https://snap.stanford.edu/data/higgs-twitter.html
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attention mechanism. By extracting all linked node pairs, their method aims to aggregate
information from a source node s to obtain a contextualized representation for a target
node t [20]. This process is decomposed into three steps: Heterogeneous Mutual Attention,
Heterogeneous Message Passing, and Target-Specific Aggregation. Attention mechanisms in
transformers usually work with query, key, and value matrices. Based on this, Hu et al. [20]
map the target node t into a query vector and the source node s into a key vector. Their dot
product indicates the attention. Different from the vanilla version, which uses a single set of
projection weights for all cases, their version provides a distinct set of projection weights per
relation. In parallel to the attention calculation, the meta relations of edges are incorporated
into the message passing process, which passes information from source nodes to target
nodes [20]. The last step is to aggregate information to the target node t from all its source
nodes s, which were computed in the previous attention and message passing steps. Hu
et al. [20] evaluate their model using the Open Academic Graph [60] dataset. This dataset
contains five node types: papers, authors, institutions, venues, and fields, as well as different
relations between them. For evaluation, they select different real-world downstream tasks,
including a link prediction task between papers and candidate authors [20]. As baselines,
they choose designs for homogeneous graphs [28] but also heterogeneous graphs [44, 59]
and specifically [54], which is the static version of HTGNN [57]. Overall, they observe
that on average, their method outperforms the baseline models. Although our graph data
contains temporal information, it is not the primary focus of this research.

3.2.2 Software Development Domain

The previous approaches do not address knowledge graphs within the context of software
development. As an example, Ruenin et al. [42] confront the challenge of selecting qualified
developers to enable successful software development. According to Ruenin et al. [42],
they are the first to provide this recommendation application in the software engineering
domain [43]. They build a knowledge graph using data from Moodle, which is an open-
source software project housed in the JIRA platform [42]. It captures different factors,
including developers’ collaboration, skills, or task dependencies. For the graph embedding,
they compare different embedding models that use different scoring functions to guide the
embedding model. The embedding model using convolutional layers as a score function,
i.e. ConvKB [40], outperforms the other models and captures best the semantics of the
knowledge graph [42]. Consequently, to build their recommendation algorithm, they apply
the ConvKB and are able to surpass the baseline models such as RECAST [52] and Liu et
al. [32].

Similar to [42], another very recent paper by Sun et al. [49] proposes a novel approach to
express developers’ technical expertise. Likewise to us, they use GitHub data to construct a
meaningful social network that encompasses entities such as repositories, developers, PRs,
and issues, as well as their social relationships. To learn technical expertise, the method is
divided into four main components. As a first step, the graph is created and preprocessed
by removing bot developers, noise data, and simplifying the relationship to a minimum
such that only the follow relationship between developer nodes is considered [49]. The
second step is to obtain the initial technical expertise representation of GitHub entities.
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Code data, natural language text, and discrete data are individually embedded using
GraphCodeBERT [18], xml-roberta-base [11] for entities such as repository, pull request,
or issue, and one-hot encoding, respectively. Finally, each entity retrieves the concatenation of
all the embeddings from its different parts. Next, the initial technical expertise representation
is refined through a GNN-based training process leveraging information from the structure
and attributes of the social activity graph. For this, they partition the graph into edge-type-
based subgraphs and employ separate GraphSAGE [19] models within each graph. The final
node embeddings result from aggregating the corresponding node representations from all
subgraphs. The training process is more complex, since two learning objectives are applied:
graph structure learning and graph attribute learning. However, to effectively handle both,
they design a unified model architecture used for each task. Last, to showcase the developer’s
technical expertise and enhance collaborative efforts within the GitHub ecosystem, a series
of social relationship recommendation tasks is implemented. This includes recommending
developers with similar expertise or recommending repositories that align with developers’
expertise. As a result of the first task, the process of finding a suitable organization is
facilitated while at the same time the communication among developers is promoted [49].
The second task serves as support for new, meaningful contributions to the repositories. For
training and realizing these tasks, the representations from the previous steps are leveraged.
Compared to five baseline models on three GitHub social relationship recommendation
tasks, the proposed method by Sun et al. [49] outperforms and achieves improvements on
hit ratio@10 and F1 score.

A related study to ours by Thakrar et al. [51], also investigates GitHub data, but focuses
on the Stargazers dataset 3. This dataset contains more than 12,000 developer networks.
The present developers have starred GitHub repositories and are connected by edges if
they follow each other. For analysis reasons, they first preprocess the data to find basic
properties such as the number of nodes and edges, as well as the average degree and
density [51]. Next, they prepare the dataset for graph-based modeling and extract features,
including the degree, clustering coefficient, and betweenness centrality. Besides developing
a model that classifies a developer network into either web development or machine
learning communities, another objective is to develop a recommendation algorithm. This
recommendation system aims to predict potential node connections within the network.
That is, future follower relationships between GitHub users. Therefore, they first use
GraphSAGE to learn the node features and generate appropriate meaningful embeddings
that are then used for the downstream task [51]. The initial 5-dimensional feature space of a
node is transformed into a more expressive 100-dimensional embedding. To estimate the
likelihood of connections, they compute the dot product between two node embeddings
to create scores. Then they apply a margin loss function that maximizes the score of node
pairs with existing edges and minimizes the score of node pairs with non-existent edges.
Their model shows promising results considering the area under the curve (AUC) scores as
a primary metric. However, as there are still misclassifications, they suggest to further refine
the approach by applying a more sophisticated negative sampling strategy or incorporating
temporal evolution [51]. This research is similar to ours, however, we use more complex
data that represents the collaboration of developers with artifacts within one project. That
is, we have a heterogeneous graph capturing interactions over a longer period of time.

3 https://snap.stanford.edu/data/github_stargazers.html

https://snap.stanford.edu/data/github_stargazers.html
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While Thakrar et al. [51] can find potential new follower relations between developers, our
approach aims to find new contributions between developers and files. Additionally, we
choose a different prediction head coupled with a distinct evaluation strategy. This is further
explained in Chapter 5.

A very recent study by Luo et al. [34] proposes a method to detect code vulnerabilities.
They represent source code in an Inter-Procedural Abstract Graph (IPAG) and train a
heterogeneous attention GNN (HAGNN) on it. The initial graph is split into multiple
subgraphs capturing the different features of the source code. On a high-level perspective,
they create new node feature vectors that can be used for vulnerability detection. As a first
step, the graph is sliced into subgraphs and the node names and edges are encoded into a
numeral format [34]. To create new node vectors, they build as many message passing units
as there are edge types. Each message passing is based on the GraphSAGE approach using
the mean aggregation method. The resulting node features - dependent on the edge relation
- are then aggregated again into their original node set types. Our approach will take a
similar direction, however, for the time being, we focus only on one edge type, namely,
author-file co-change relations.

In general, many studies for heterogeneous graph representation learning leverage the
GraphSAGE model to learn node representation. By building edge-specific subgraphs, they
circumvent the problem of heterogeneity and utilize methods that were invented using
homogeneous graphs. At the end, they typically aggregate the intermediate results to create
a summarized representation of the graph and its nodes.



4
Operational Applications of Link
Prediction

The following chapter discusses various perspectives on applying link prediction to de-
veloper networks that capture open-source software project activities and interactions. To
demonstrate the importance of a deep learning-based approach, first, we start with negative
examples, i.e., cases in which we do not need a deep learning link prediction model but
simple rule-based solutions would suffice. Next, we present more realistic examples, in
which rule-based approaches reach their limit, and the strengths of a deep learning approach
are underlined. These examples are complemented by small graph visualizations. Some
of the examples that we discuss in this chapter go beyond the capabilities of our current
approach. Nevertheless, they motivate the applicability of link prediction when considering
different perspectives.

S M

F1 I1 F2 I2 F3 I3

L

Figure 4.1: A simple graph illustrating Sara (S), Mary (M), and Lea (L) as developers. Sara and
Mary always worked on the same files and Lea always handled issues regarding the files
they modified. A new issue regarding file F3 came in. Based on the consistent previous
activities, the rule-based approach recommends that Lea should handle that issue (dashed
orange line).

4.1 Applicability of a Rule-Based Approach

In small and stable settings with limited entities that always behave the same, rule-based
solutions are perfectly applicable [61]. To better understand the following example, see
Figure 4.1. Sara (S in the graph) and Mary (M) always work on the same files (F1, F2, F3).
In the past, Lea (L) always handled issues (I1, I2) regarding the files that Sara and Mary
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modified. If a new issue corresponding to F3 is created, the rule-based approach would rely
on the experience from the past and would simply recommend Lea in that case.

Another example could be a small team of ten developers in a software company. There
exists one project manager who assigns work to each team member. And each member is
also specified for concrete topics, such as frontend and backend implementations. Then, it
is easy to create rule-based decisions to assign the next file or issue to a developer. Take a
similar setting as Figure 4.1, Sara always works on the same file as Mary. Now, Mary creates
a new file. A rule-based approach would recommend Sara to work on that file as well. One
can even add a time variable, e.g., on Mondays and Tuesdays, Sara is handling the issues
regarding the frontend, and on every other day in the week, Mary works on them.

However, graphs illustrating open-source software collaborations are larger-scale. There
are hundreds of developers contributing to hundreds of files or issues in a self-organized
way. Unlike in a company with a predefined hierarchical structure, in open-source soft-
ware projects, structures evolve dynamically over time. Additionally, open-source software
projects are characterized by dynamic changes and latent developer behavior and therefore
create more complex networks [26]. Simple rule-based methods are not sufficient, as they
cannot predict complex and context-sensitive characteristics. It is rather time-consuming
or simply not feasible to reliably create decision thresholds or rules that recommend
interactions or detect unusual interactions [61].

4.2 Perspectives of Link Prediction Models

Link prediction, at its core, is the prediction of missing connections or future connections
between entities in a graph [29]. However, it can be interpreted as more than these simple
tasks, as it can also serve as a tool for learning underlying relationships and patterns in a
network. A very common use case of link prediction on social networks is a recommendation
system [29]. Taking the node features and the graph topology into consideration, the model
is able to recommend connections between two entities. Edge prediction can also serve as a
viable tool for contextual updates by identifying the impact of new links or changes to nodes.
It is aware of indirect connections and can see what is influenced by a new event [13]. A last,
also very common application of link prediction, is anomaly detection [29]. A graph-based
model learns the typical structure and interactions between entities from the past and
is sensitive to connections that deviate significantly from the norm. In the following, we
further discuss in detail the different perspectives of link prediction, by stating the problem,
introducing small examples, and highlighting the strength of a deep learning approach by
discussing the limitations of rule-based solutions.

4.2.1 Recommendation

Contributions in open-source software projects are typically self-organized by developers
and therefore rarely planned in advance [15]. Developers typically work independently
from each other, and considering that their work is voluntary, they allocate their own time
to tasks that they select, i.e., they do not have a static work behavior but are rather dynamic
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in contributing to the project [15]. Consequently, it is rarely specified in advance which
developer will work on which file or issue next.
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(a) A small subgraph from a larger developer network illustrating interactions of different devel-
opers with several files or issues. Sara and Mary, both highlighted here, never worked on the
same file or issue before, however, based on the context, the model predicts a link between
Mary and the file that Sara created.
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(b) A small subgraph from a larger developer network. Sara and Mary have worked on the same
files before. Lea and Alexa handled the same issue and file. Both developer groups never have
worked directly on the same file or issue, however a model would recommend that Lea works
on Saras file next.

Figure 4.2: Two examples for "recommendation" scenario

Taking Figure 4.2a for a better understanding, imagine Sara (S), as a frontend developer
with little knowledge about backend development, copies database query code from Mary
(M) to an existing file (F5) on which she dominates the commit history, i.e., only she has a
link to it. Now the new version introduces performance issues. The task is then to predict
which developer will fix the problem that arises from the copy-paste action, which is not
explicitly represented in the edges, e.g., the next developer-file interaction.

Simple rule-based decisions would probably look at who committed the most to this
file, who fixed bugs in this file the most in the past, or who is the file owner. So these
heuristics rely on local behavior. It is possible to include more global information of the
graph, however, this would also induce significantly higher computational costs [13]. A
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deep learning approach, however, could automatically combine multiple input variables,
such as code content embeddings, issue resolutions in the past, or co-change patterns.

A second example illustrated on a high level in 4.2b could be as follows: Sara (S) usually
created and changed files, which Mary (M) then reviewed afterwards. They mainly focused
on data mining and loading from external sources. Alexa (A) focused on model training in
the past. But has never worked on data mining or loading files before. A fourth contributor,
Lea (L), typically reviewed Alexa’s code. Now, for the first time, Sara created a file (F5) in
which she trains a model on the data she also mined previously. The task of a model is then
to determine which developer is most likely to review that file.

Simple rule-based methods would probably recommend Mary, as this was the pattern in
the past. However, based on the semantic code similarity and the multi-hop knowledge that
Lea usually reviewed files about model training, a link prediction model would probably
consider Lea to work on that file next.

4.2.2 Change Impact Analysis

As mentioned before, open-source implementations and requirements are rarely defined
in advance. If the implementation was planned in diagrams, it would provide substantial
support for understanding components before use, for peer reviews at the design level, and
for sharing guidelines within the development community [15]. Moreover, with increasing
contributions to open-source projects, the network increases in connections and complex-
ity [26]. This makes it even more difficult to obtain such substantial support. Additionally,
with increasing complexity, it is also challenging to maintain an overview of the implicit
effects that modifications of one file might have on other non-adjacent files [10]. These
challenges motivate the application of link prediction on complex developer networks to
better understand the effects of changes.
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Figure 4.3: First example for the "change impact analysis" scenario. A small subgraph from a larger
developer network. Mary only worked on one file and the corresponding issue to it. Sara
only worked on another file and its corresponding issue. The two issues are linked and
build a bridge between the two files. A change in one file might then affect the other.

Take Figure 4.3 as an illustrative example. Imagine Mary (M) worked on file F1 and on
the corresponding issue I1, and Sara (S) worked on file F3 and the corresponding issue
I2. Both issues are connected to each other. According to the graph, F1 and F3 are not
linked directly, i.e., they have not been changed in the same commit. However, the issues
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Figure 4.4: Second example for the "change impact analysis" scenario. A small subgraph from a
larger developer network. Sara works on backend files, while Mary works on frontend
files. Mary accesses an attribute from a returned value from the backend logic, i.e.,
there is a semantic dependency, even though they are not directly linked together. Now,
Sara slightly changes the name of the attribute. This affects, among others, Mary’s
implementation.

are directly linked, indicating that they belong to the same topic. As Sara and Mary are the
only ones working on the issues and also solely worked on files F3 and F1, respectively,
they share an implicit dependency. If Mary now changes F1, does this have an impact on
the issues or on F3? A rule-based solution would probably only look at files that were
committed with the modified file F1. As this is not the case for F3, the rules would not
consider F3. A deep learning approach, however, could traverse the links from F1 to F3 via
message passing [35], and could detect that these files share a similar structural context. So,
although the files have no history of co-changes, a link prediction model might predict a
potential link.

Alternatively, imagine the following example, which is also illustrated in Figure 4.4.
Sara (S) is working on the backend and Mary (M) is working on the frontend code. Mary
previously wrote an implementation in file F1, which queries the backend and then accesses
the attribute user_name from the response. As a result, there exists a latent dependency
between the two implementations. Sara now changed the attribute from user_name to
username in file F2. This also affects Mary’s implementation (F1), which is not immediately
apparent. A rule-based approach mimics human reasoning and needs specific thresholds
and logic that are predefined [10]. Regarding the semantic or content of files, this is not
feasible, as natural language cannot be generalized or known in advance what to look for.
Consequently, rules do not detect this connection. However, a deep learning approach might
identify it and see which interdependent files are impacted by Sara’s modification.

4.2.3 Anomaly Detection

Like any software, open-source software can contain vulnerable code that inexperienced
developers may trigger unintentionally or attackers can exploit [37]. This may arise from a
lack of support that would help, particularly with security issues. But also from the fact that
issues about vulnerabilities that need to be fixed are published. This way, bad actors can
immediately act on them and execute targeted attacks [37]. Besides actual vulnerabilities,
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sudden interaction changes or deviations from typical patterns can hint at anomalous
behavior of developers as well [12]. While it is not possible to prevent everything, one can
remain vigilant and establish early warning systems that may help minimize some of the
risks.
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(a) A small subgraph from a larger developer network. Assume Mary is a hub node
regarding one module (files 1,3,5). There exists a second module cluster (files 2,4,6)
and a third one (files 7,8,9). Mary now modifies a file (F8) from a different module she
typically works on. This should be flagged as anomalous behavior.
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(b) A small subgraph from a larger developer network. Here, the explicit modules are
marked to better understand the difference. Sara who hasn’t contributed a lot so far,
changes a critical file from the security and authentication module. What impact has
that change?

Figure 4.5: Two examples for the "anomaly detection" scenario

For example, as illustrated in Figure 4.5a, imagine there exist three module clusters about
the user interface (UI), analysis, and database (DB). Mary (M) has only worked on UI files,
but suddenly modifies code in a file within the DB cluster. A link prediction model could
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see the structural distance and might flag this interaction as anomalous. On the other hand,
rule-based methods need to be defined in advance and would need some kind of blacklist
of developers who should not work on files within this module. However, this is practically
infeasible, as a human would manually have to set these rules based on some heuristic
that assesses the qualification of each developer [16]. Additionally, this should be updated
regularly to reflect changes over time.

Another example that not only considers structural information but also the content
of files, is shown in Figure 4.5b. Imagine Sara (S) rarely contributes to the project, and if
she does, she is only creating test suites. However, now, she changed a file that is beyond
her experience, i.e., a config file that stores authentication credentials. Sara appends an
additional personal token to the existing ones. As mentioned before, rule-based methods
need to predefine a blacklist of developers who should not work on files within this module.
This is again not practical, as the qualification assessment must be reviewed by a human
regularly during software evolution. A deep learning approach, however, might detect that
Sara is inexperienced in that area and has never worked on that file before, and it might
know that the touched file is rather critical. Consequently, it detects this connection as
anomalous.

4.3 Methodological Opportunities and Limitations

In the previous section, we discuss several potential link prediction applications in OSS

projects. As these examples were not limited by any assumptions but were solely theoretical,
they do not account for practical constraints issued by data availability or representation
learning techniques. In this section, we discuss which of the examples can, in principle,
be realized using GraphSAGE and our provided data. As discussed in the related work
Chapter 3, GraphSAGE serves as a representative inductive graph representation learning
technique, that is well-established in prior work and suitable for large-scale networks. To
this end, we identify methodological limitations and motivate the design decisions that will
be addressed in the subsequent chapter.

4.3.1 Capabilities and Data Availability

As we can see in the examples, a link prediction model on developer networks can be used
as an approach to detect potential relations between entities (e.g., files, authors, and issues)
by focusing on structural and contextual patterns from the activities observed in the past.
Link prediction models can interpret the graph in a way that they are able to recognize
latent structural proximity [13]. As a result, one can apply link prediction as a base method
for many different applications [13].

In this thesis, as shown in Figure 2.1 and described in Chapter 2, we are given a hetero-
geneous multi-graph. Developers, defined as authors, are either linked to a file when they
modified the file or to an issue when they contributed (e.g., comment, create, closed, etc.) to
that issue. Furthermore, authors can be connected to other authors, issues can be connected
to other issues, or files can be linked to other files. That is, if two authors changed the same
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file or worked on the same issue, they are linked together. Or, regarding files, if both files
were committed in the same commit, they are connected by an edge. Consequently, the links
do not imply semantic dependency, e.g., file a imports a function from file b, but cochange
dependency.

As an embedding model, we use GraphSAGE, which learns a useful representation of
our network entities. A key characteristic of GraphSAGE is its capability of inductively
embedding previously unknown nodes. As it does not use the entire neighborhood of each
node during training, it learns how to generalize to unseen nodes [19]. This property is
especially useful in our case, given that new files and issues are regularly introduced in
open-source projects. Another notable property of GraphSAGE is that it learns the structure
and patterns of the graph, including hops and clusters, that emerge naturally over time [19].
By incorporating and aggregating adjacent node features, the model is also able to learn
even more informative representations for each node.

However, GraphSAGE is designed to operate on a homogeneous graph. [19]. It assumes a
unified node type and attribute list for every entity in the network. In our thesis, nevertheless,
we are provided with heterogeneous data without content information. Consequently, our
approach considers author file connections to provide a form of homogeneity and relies on
structural topology only.

4.4 Functional Boundaries

Table 4.1: Analysis of GraphSAGE Capabilities across Scenarios

Scenario/Problem Node Feature Requirements Edge Requirements

Recommendation
(Figure 4.2a)

file content author-file interaction

Recommendation
(Figure 4.2b)

file content and issue discus-
sion/content

all interactions

Impact of Change
(Figure 4.3)

metainformation all interactions

Impact of Change
(Figure 4.4)

file content author-file interactions

Anomaly Detection
(Figure 4.5a)

metainformation author-file interactions

Anomaly Detection
(Figure 4.5b)

file content and module infor-
mation

author-file interactions

In this subsection, we further discuss each example from this chapter in more detail.
This includes stating the requirements and assessing whether our approach is capable of
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meeting them. For a better overview, Table 4.1 provides a summary of the examples and
their requirements at a high level.

For the first recommendation example, it would suffice to only have author-file connec-
tions, as it primarily focuses on the cochange interaction. The primary focus here is the
content of the affected files. Only if we can use the content of the files, a deep learning
model would be able to detect the copied database query implementation from Mary in
the frontend file modified by Sara. Even if we have the file content embedded in file node
features, standard GraphSAGE would expect a unified node feature set. This would only
hold if author files also contain some content that can be embedded. Then, GraphSAGE
would be applicable, as the embedded content could be passed on to the neighboring nodes
via message passing.

The second recommendation example, both illustrated in Figure 4.2, considers all three
entities, i.e., authors, files, and issues. Furthermore, it assumes that we have access to the
issue discussion (natural language text) and the actual code implementation. Even if such
semantic information were available, a standard graphSAGE model approach would not
suffice. This approach traditionally only works for homogeneous graphs. Including a third
node type, i.e., issues, and the accompanying second edge type, the embedding model
could not differentiate appropriately between the entities, but rather treats each edge and
node the same. As a result, the complex semantics would not be reflected in the node
embeddings. GraphSAGE, however, is adaptable but would introduce more complexity, as
already described in the related work Chapter 3. On a high level, adding a third node and
a second edge type would require separate GraphSAGE models per edge type and then
afterward an aggregation of their results.

The first example, focusing on the perspective using link prediction to see the impact
of a change in a software project, requires all three entities. The addressed files were not
changed within the same commit before, so they are not directly connected. The issue nodes
in combination with the authors, however, are fundamentally important in this case, as
they build a bridge to the two files. Consequently, the specific code or issue content is not
necessary, but the network topology is sufficient for an embedding model. Nevertheless, the
standard GraphSAGE implementation cannot handle all three types, as discussed before.

For the second example that shows the impact of change, both illustrated in Figures 4.3
and 4.4, it suffices to only consider the author-file connection. Yet, this example focuses on
the modification of source code. Consequently, the actual implementation of a file must
be taken into account. To this end, the code content should be incorporated into the node
feature embedding, such that modifications are explicitly represented and propagated to
other entities through message passing. This way, a deep learning approach is aware of the
similarities, but also of the minimal changes after a small modification in a file.

In the last two rows in Table 4.1, we sum up the requirements and model capability for
the anomaly detection examples, on a high level. For the first example, we focus only on
the cochange interaction between authors and files. Thus, we can exclude the issue nodes
and corresponding connections. Furthermore, we do not necessarily require any content of
the files, their metadata suffices. A standard GraphSAGE can be applied here, as we only
have one edge type in the network. Although we do not explicitly know the file-module
affiliation, we can assume that GraphSAGE identifies subgroups or clusters which can be
seen as modules. From the perspective of a link prediction model, a contribution to a file
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that is structurally distant from a developer’s typical working space leads to significant
dissimilar embeddings. The model might therefore interpret the new link as a potential
anomaly.

The last example regarding anomaly detection, both illustrated in Figure 4.5, requires
at least the author-file interactions. Additionally, the data should provide information to
differentiate between file types, such as test files or security-critical files. This can be achieved
by including file content, but also through additional metadata, such as annotations or
specific naming conventions. As we only focus on one edge type, the standard GraphSAGE
approach could be applied under the condition that every node shares the same feature set.

In this chapter, we analyzed the general opportunities and limitations of applying a
deep learning link prediction model, in particular using GraphSAGE as an embedding
model, on developer networks under minimal constraints. This includes having enough
insightful information, such as content or having different entities and their interactions. A
more realistic setting and our practical opportunities, however, are accompanied by some
constraints. This is further discussed in the next chapter.



5
Methodology

After presenting different perspectives of applying deep learning-based link prediction
on unconstrained settings in the previous Chapter 4, we now present our approach to
develop a link prediction model, which we refer to as GraphCP. Given our dataset and the
standard definition of GraphSAGE, we intentionally reduce the complexity and introduce
some constraints in order to provide a proof-of-concept which also serves as a controlled
baseline for evaluating the applicability of our approach. In this chapter, we first present
and discuss our research question that helps us evaluate our method. Next, we provide
some preliminary information. This includes the data collection and a description of how to
build a developer network. Afterward, we outline the methodological approach and explain
the steps we take to answer the research question. At the end of this chapter, we describe
the experimental setup on how to evaluate the approach.

5.1 Research Question

As we are working on OSS projects, we can retrieve our data from GitHub, which is a
commonly used platform to host source code. Our goal is to utilize the emerging developer
networks to learn connections between entities, maybe to even predict the possibility of
future connections. As we have seen in the related work section, there exists research
of applying graph representation learning techniques on different versions of developer
networks. However, they are rather limited. In particular, only a few of the developer
networks considered in these works stem from GitHub data. Thus, we want to explore and
investigate whether a common DL graph representation learning technique is suitable to
create embeddings that can be used as input for a link prediction model. More specifically,
we want to answer the following question:

RQ 1: To what extend can GraphSAGE in combination with a neural network be
applied to perform link prediction on developer networks?

This research question examines the applicability of a standard GraphSAGE-based link
prediction model, i.e., GraphCP, on developer networks. Once a pipeline is built, we
further evaluate and compare the approach. To this end, we want to investigate whether
our method significantly differs according to different projects, i.e., their corresponding
developer networks. To answer the research question properly, we design a structured
approach that provides us with representative and analyzable measures. But before doing
that, it is important to familiarize oneself with the provided dataset.

28
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5.2 Preliminaries

This section provides the necessary preliminaries required to present our approach. After
discussing the concept of collecting essential information from Github, we describe how to
build a corresponding developer network and what information it holds on a high level.

5.2.1 Data Collection

Table 5.1: Overview of all elements that are contained in a commit of a VCS.

Attribute Description

Commit Hash A unique identifier

Author Name and e-mail address of the individual responsible for au-
thoring the changes

Author Date Date and time of day when the author wrote the code in the
commit

Committer Developer that commits the changes after checking the quality
and whether specified project guidelines are satisfied

Commit Date The timestamp when a change was committed to the software

Commit Message A description of the change provided by the author

Lines Changed A measurement that expresses all added and deleted lines be-
tween two revisions

source-code
repository

GitHub-
Wrapper

GitHub
issues

CODEFACE-
EXTRACTION

Figure 5.1: Overview of data-extraction and data-processing toolchain

To create developer networks, we use the tool Codeface
1 to extract collaboration and

communication data from the VCS Github that hosts multiple different OSS projects [5].
The VCS allows to reconstruct the state of the software at different points in time along its
development history with the help of commits [23]. A commit can be considered as a unit
of change and includes elements that are presented in Table 5.1 [23]. With another tool

1 https://github.com/se-sic/codeface
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called GitHubWrapper
2, we can, among other things, extract data for issue events. These

data contain information on which GitHub user has triggered which event. Additionally, it
documents at what point in time the corresponding issue or pull request was triggered [5].
The metadata also includes issue states (e.g., open, closed, reopened) or event names (e.g.,
commented, mentioned, renamed, etc.). Codeface also provides the functionality to extract
email data, however, this is outside the scope of this thesis. The outputs of CodeFace and
GitHubWrapper are combined and post-processed in a unified format using codeface-
extraction

3.

5.2.2 Building Developer Networks

Table 5.2: Overview of shared node attributes

Attribute Explanation Used in our approach

id unique identifier of node ✓

type either author or artifact ✓

kind either author, file, or issue –

first activity timestamp of first activity in project –

last activity timestamp of last activity in project –

To create graph-structured data out of the information we have collected from GitHub

OSS projects, we use the network library coronet
4. coronet removes all bot-triggered

events and can build various kinds of developer networks [5]. Figure 5.1 is an adapted
illustration of the entire process based on [5]. At the end, we have graph-structured data,
containing information about all nodes and edges. That is, author, file, and issue nodes, as
well as cochange and issue links between the entities. The nodes and edges of the graph are
described by individual sets of features. In general and as can be seen in Table 5.2, the nodes
share a subset of attributes, such as id, type, and kind. The type attribute assigns a node
to a high-level entity class of the graph, i.e., Author or Artifact, and the kind attribute
specifies the category. That is, artifact nodes can be specified in either issue or file nodes.
Furthermore, each link is described by a set of different attributes containing insightful meta
information. That includes, among others, the source and target node ids, the timestamp
when the action occurred, or the relation type, i.e., issue or cochange. The edge attributes
are described in more detail in Table A.1. The resulting graph enables a further analysis of
it, as in our case, training representative node embeddings and a link prediction model.

2 https://github.com/se-sic/GitHubWrapper
3 https://github.com/se-sic/codeface-extraction
4 https://se-sic.github.io/coronet/
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Figure 5.2: High-level process overview. The first step, i.e., data preparation, is visualized on the left
hand side. As a second step, this figure illustrates the training process of GraphSAGE.
Finally, we train and test the link prediction model, which is visualized in the lower-right
part.

5.3 Operationalization

Many heterogeneous graph learning approaches first partition the graph into edge-specific
subgraphs, apply distinct techniques separately, and then use an aggregation function to
combine all intermediate results into a total embedding and a new representation. As this
introduces high complexity, we isolate the cochange signal and focus only on one edge
relation, i.e., the author-to-file connection. This controlled boundary allows us to apply
GraphSAGE without any adjustments and answer our research question. Expanding the
graph to include further entities and links would require an adaptation of GraphSAGE. For
example, including issue nodes and links would mix different topologies, while GraphSAGE
treats every node and edge the same. As a result, it would not capture the complex semantics
reflected in the network [54].

Figure 5.2 illustrates the entire process to build GraphCP, which the following subsections
explain in more detail. To answer our research question, we implement a pipeline that takes
one developer network built from one project as input. Within the pipeline, the input graph
is first preprocessed to obtain a suitable input format for the second step, i.e., learning
the node embeddings. This is realized by training the GraphSAGE model. As we have
no ground truth of how the embeddings should look, we cannot directly evaluate this
model. This is implicitly done in the third step, where we leverage the model to obtain node
embeddings of node pairs, which are used as input for our link prediction model. For the
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link prediction model, we can self-supervise and use node pairs with existing connections,
but also sample node pairs with non-existing connections to create a dataset with positive
and negative links. Our model’s performance is evaluated by comparing it to multiple
baseline methods.

5.3.1 Data Preparation

Given the entire input graph, we first filter out the required nodes and edges to create the
author-file subgraph. Here, the edge attribute relation is beneficial to directly filter out
issue-related edges. The resulting subgraph is still a complex heterogeneous multi-graph,
so we further need to preprocess the network to be suitable for the GraphSAGE model.

As the entities slightly differ, we first need to unify the attributes, encode them into a
numeric format, and select the attributes for the initial feature vector. Each node contains
information about the first activity or occurrence in the project. These timestamp entries
seem to be a benign feature, however, they reveal a lot about the connections between
authors and files. For example, the first occurrence of a file indicates when it was committed
to the project by an author. And the last occurrence would already reveal the impossibility
of a connection with an author who became active at a later time. This implies that the
attribute reveals too much information and thereby influences our link prediction model.
Thus, we decide to only consider the id and type attributes as they differentiate the nodes
the best and are the intersection of both node attributes. The kind attribute is either always
Author for author nodes or File for file nodes, consequently, it is rather meaningless, and
we do not necessarily require it for our embedding.

The last step for our data preparation is the split into a training and a test graph. We sort
the edges by their date property and take the most recent edges for our test graph. As a
result, the train graph contains the majority of the earlier interactions within the observation
window. For testing, the most recent edges are retained from the end of the observation
time. As the original graph is a multi-graph, i.e., there exist multiple edges between the
same node pair, we remove duplicate edges in both sets. Then, we remove edges in the test
set that already appeared in the training set and edges that have at least one node that was
not apparent in the training graph before. These preparation steps were guided by the work
of Kalyani et al. [27].

5.3.2 Learn Node Embedding

The second step of our approach is to learn a new graph representation. Therefore, we
leverage GraphSAGE to convert our raw input graph into a suitable embedding, which in
turn serves as input for our link prediction model. This embedding should be informative
enough to capture spatial and structural information about each node. GraphSAGE is a
well-known approach that was already implemented and is publicly accessible 5. Thus, we

5 https://github.com/pyg-team/pytorch_geometric/blob/4e70e5d159ef0ee0f2a5c9129b560ef227e9147f/ex

amples/graph_sage_unsup.py#L43

https://github.com/pyg-team/pytorch_geometric/blob/4e70e5d159ef0ee0f2a5c9129b560ef227e9147f/examples/graph_sage_unsup.py#L43
https://github.com/pyg-team/pytorch_geometric/blob/4e70e5d159ef0ee0f2a5c9129b560ef227e9147f/examples/graph_sage_unsup.py#L43
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can simply use it and do not have to manually implement the architecture and training
process.

We train a GraphSAGE model with preset hyperparameters and use early stopping
without patience, once the loss is small enough to reduce overfitting. As we have an
unsupervised setting with only knowing existing edges between node pairs, we use a
predefined Neighbor Sampler Class, that, given the existing (positive) edges, also samples
the same amount of non-existing (negative) edges. Additionally, regarding the unsupervised
fact, the loss (Eq. 2.5) needs to ensure that the model learns to optimize the mapping, such
that nearby nodes in the original network should also be close in the embedding space,
whereas unconnected nodes should be far apart. This is also realized in the implementation.

5.3.3 Learn Edges

Once a GraphSAGE model is trained, we utilize it to train our link prediction model. The
model is fed with a concatenation of the embeddings of a node pair and predicts whether
the nodes are linked by an edge. As the inputs are less complex now, it suffices to choose a
simple neural network architecture, having only two layers, which outputs one scalar. This
scalar is passed to a sigmoid layer to retrieve a probability of whether the link exists or not.
We use the standard binary cross-entropy loss (Eq. 2.1) to optimize our model. Again, we
do not have a labeled dataset but need to self-supervise. Therefore, we sample for both the
training and the test set negative edges. The model selection is performed based on test
performance using a ranking-based metric. In particular, we train the link prediction model
and choose the model with the highest average precision score on our test set.

5.4 Experimental Setup

To evaluate the resulting link prediction model GraphCP, we run the previously proposed
pipeline, illustrated in Figure 5.2, on multiple graph datasets. To this end, we compare
the performances of the link prediction models trained independently on each dataset
and investigate whether our approach can be directly applied to projects that experienced
similar, but also different evolutions. This includes projects of different sizes, i.e., observing
projects for a longer or shorter period of time, but also containing more nodes. All the
projects are compared by initially discussing their structure to clarify what may set them
apart from other graphs. Then, their performances resulting from the pipeline are presented
and analyzed later in Chapter 6. The following section provides an overview of the datasets
considered, followed by a detailed description of the evaluation procedure, including the
metrics used and the process for identifying the best combination of embedding and link
prediction model.
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5.4.1 Datasets

In this section we describe each dataset that we use to evaluate GraphCP. This includes
descriptive statistical information such as node count, edge count, or average shortest path
length of the entire graph and per graph split, as well as the observation period they capture
in activities.

Table 5.3: Total Dataset Overview for Evaluation. Here, #A and#F are abbreviations for the number
of author and file nodes respectively. #UEdges denotes the number od unique edges, after
deduplicating and APL describes the average shortest path length in the graph.

Dataset Observation Time #A #F #Edges #UEdges APL

Keras 2015-2019 716 351 7 088 2 787 3.4

Atom 2011-2020 299 3 874 35 610 8 877 3.2

Deno 2018–2020 348 2 912 19 116 9 905 3.1

OpenSSL 1998-2020 418 2 509 47 350 14 899 2.7

VSCode 2015-2020 1 001 7 955 154 979 29 475 3.1

Moby 2013-2020 1 154 11 213 64 509 38 052 3.6

Nextcloud 2010-2020 669 14 938 112 084 38 588 3.5

To evaluate our approach under a realistic setting, we run the process, which is depicted
in Figure 5.2, on 7 different OSS projects as heterogeneous multi-graphs. The observed
activities span from their individual beginning until the end of 2020, except for one project,
which ended in 2019. A primary design decision is the temporal distribution of the data.
As described before, we split our graph into train and test graphs. In our case, we take the
most recent 10% activities until the end of the observation window and use these edges
as test graph. The previous activities are used to train the embedding and link prediction
models. For the train-test split, we still use all edges, including the multi-edges. After that,
we deduplicate the edges for both the train and test graphs. Furthermore, we constrain our
test graph to only hold edges that the models did not see before, i.e., multi-edges from
the train graph, as well as only edges with nodes that the models know. This results, as
illustrated in Table 5.4, to significantly smaller test sets. To ensure a statistically significant
evaluation, we sample 10 times more negative samples than positive ones. This ensures that
the test set is large enough to robustly measure the model’s discriminative power.

The described networks capture the OSS projects Keras
6, Atom

7, Deno
8, OpenSSL 9,

VSCode
10, Moby

11, and Nextcloud
12. Besides Atom, which was deprecated as the com-

munity involvement declined significantly [46], every other project is still active to this day.
Based on Table 5.3, one can say that we cover a wide range of network topologies. This

6 https://keras.io
7 https://atom-editor.cc
8 https://docs.deno.com/runtime/
9 https://www.openssl.org/

10 https://code.visualstudio.com
11 https://mobyproject.org/
12 https://nextcloud.com/
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Table 5.4: Train and test graph overview per dataset for evaluation. Here #A and #F are abbreviations
for the number of author and file nodes, respectively. APL denotes the average shortest
path length in the graph.

Dataset Split #A #F #Edges APL

Keras Train 638 319 2 487 3.3

Test 103 151 101 –

Atom Train 235 3 594 7 677 3.1

Test 86 497 215 –

Deno Train 298 2 608 9 000 3

Test 85 672 269 –

OpenSSL Train 370 2 117 12 835 2.6

Test 88 1 422 1 176 –

VSCode Train 884 7 408 26 877 3.1

Test 177 2 618 1 289 –

Moby Train 1 073 10 315 34 505 3.7

Test 121 3 153 1 839 –

Nextcloud Train 590 14 060 33 115 3.5

Test 111 3 653 3 696 –

diversity allows us to properly examine the generalizability of our approach to different
project structures. The largest networks, in terms of node and unique edge size, are Moby

and Nextcloud. Despite having the longest observation window, OpenSSL surprisingly
involves only 418 contributors and contains just 2 509 files, so 2 927 nodes in total. Addi-
tionally, it has the smallest average shortest path length of 2.7, i.e., to reach one node from
another, it only takes 2 to 3 hops on average. This indicates that the graph is very centralized
and might show a hub-dominated structure where nodes are highly connected to many
other nodes. This characteristic poses a challenge for link prediction, as the nodes share the
same neighborhood and might be very similar in terms of embeddings. Consequently, it is
hard to identify negative edges from actual edges. The shortest average path length of all
other networks ranges from 3 to 4. Compared to OpenSSL, they are more sparse but still
very strongly connected.

Regarding the edges, one can say that each model contains significantly fewer unique
edges than total (multi-)edges, as repeated interactions between the same node pairs lead
to multiple edges between identical nodes. A higher number in multi-edges indicates a
repeated collaboration between the same two entities. Deno and Moby still retain approxi-
mately 50% of the total edges after constraining them to unique edges. Keras, Nextcloud

and OpenSSL all keep 30% to 40%. The projects that are pruned significantly are Atom

and VSCode. The number of unique edges is only 25% and 19% of the total number of
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edges, respectively. A significant decline after deduplication, e.g., retaining only 19%, pre-
sumably indicates that contributors only engaged with specific files and did not explore
other components.

Besides the size and connectivity of the datasets, another important aspect is the node
distribution. The smallest project Keras is the most balanced, in terms of the amount
of author and file nodes. The imbalance score (defined as |#A−#F|

#A+#F ) of this project is 0.34.
Additionally, Keras is the only project that contains more author than file nodes. The largest
project, i.e., Nextcloud, has the highest imbalance between author and file nodes. Here, the
imbalance score is approximately 0.91. Considering the substantial number of edges, this
might indicate that authors tend to be linked to large amount of files.

Table 5.4 provides graph-split specific descriptive statistics. That is, statistical information
for both the train graph and the test graph for each dataset. The previously described
filtering of test edges is clearly visible in Table 5.4. For example, Keras, Deno, and Atom

are only left with 101, 269, and 215 actual positive test edges, respectively. We can identify
that for all projects except for VSCode, Moby, and Nextcloud, the average shortest path
lengths of the train graphs are minimally smaller than for the corresponding total graphs.
This indicates that the models are trained on more compact networks, which might make
it harder to learn to distinguish between valid and invalid edges, as all nodes are close
by. The imbalance between author and file nodes is similar in the total graphs and their
corresponding train graphs. Regarding the test graphs, the imbalance decreases for the small
graphs Keras, Atom, and Deno, but increases for the larger graphs. Again, the imbalance
of author and file nodes indicates a one-to-many relation, that is, authors are connected to
multiple files. This potentially facilitates the link prediction task as authors naturally show
a high tendency to create links to new files.

5.4.2 Evaluation Metrics

In the following, we introduce the metrics, we use to evaluate GraphCP. This includes their
definition but also a justification why we select them.

To comprehensively evaluate the performance of our link prediction model, i.e., GraphCP,
we use two threshold-independent metrics: the area under the receiver operating character-
istic curve (AUROC) and the area under the precision-recall curve (AUPR). This selection
aligns with the recommendation of Bi et al. [4]. They reveal that some common and well-
known metrics yield conflicting rankings for the same algorithms and therefore suggest
combining the standard AUROC with a second metric, such as AUPR, to ensure a robust
evaluation [4]. Using AUPR is also motivated by the sparsity of real-world networks. As
mentioned by Yang et al. [58], in typical binary classification tasks, classes are approximately
balanced. However, real-world networks are often very large and sparse [58]. That is, the
number of edges is significantly less than the maximum number of possible edges. To reflect
this reality in our experiment, we conduct negative sampling with a ratio of 1:10 (i.e., for
every positive edge, we sample 10 negative edges). While AUROC has historically been the
primary metric used to assess the link prediction performance [27], it can be too optimistic
in such imbalanced scenarios and favors accurate classification of positive examples, at the
cost of significantly misclassifying negative examples. AUPR compensates this weakness
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Figure 5.3: This figure provides a high-level overview of the process of finding the best link prediction
model. The explicit hyperparameter search is further discussed in the chapter. Given one
dataset, i.e., one OSS project, we find the best model combination for our link prediction
model.

by addressing the precision of the positive class. It measures how well the model is at
classifying true positives without having too many false positives [30].

AUROC measures the ability of the model to discriminate between positive and negative
classes across all possible thresholds [4]. The score ranges from 0 to 1, where a higher value
indicates better performance. A score of 0.5 indicates that the model has a 50% chance of
ranking a positive instance above a negative one. Consequently, it performs no better than a
random classifier. The AUROC score can be interpreted as the probability that a randomly
sampled positive edge receives a higher score than a randomly sampled negative edge.
This interpretation allows us to approximate AUROC via pairwise comparisons between
positive and negative samples [4]. If n positive–negative pairs are sampled at random, with
the positive edge receiving a higher score in n1 cases and equal scores occurring in n2 cases,
AUROC can be approximated as [4]:

AUROC =
n1 + 0.5 · n2

n

AUPR measures the area under the precision-recall curve, which plots Precision (on the
Y-axis) against Recall (on the X-axis) for different thresholds [4]. Precision and Recall are
defined as follows [4]:

Precision =
TP

TP + FP

Recall =
TP

TP + FN
A higher AUPR indicates that true missing links are consistently ranked higher than
non-existent ones.

5.4.3 Hyperparameter Search

To obtain the best combination of embedding and link prediction model, we run a hyper-
parameter search. Within this search, we try different parameter configurations for both
the GraphSAGE model and the link prediction model. Figure 5.3 provides a high-level
overview of this pipeline. It further highlights that for each OSS dataset, we independently
run this hyperparameter search to find the best model.

To train GraphSAGE, we need to set the following hyperparameters in advance: the
number of epochs, the batch size, the learning rate, and the output dimension, i.e., the
dimension of the embedding vector. The parameter selection can be seen in Table 5.5.
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Table 5.5: Hyperparameter Search Space

Model Hyperparameter Values

GraphSAGE Number of Epochs {250, 300, 350, 400}
Batch Size {32, 64, 128, 256}
Learning Rate {0.01, 0.001}
Output Dimension {16, 32, 64}

Link Prediction Number of Epochs {10, 20, 30, 40}
Batch Size {8, 16, 32, 64}

The number of epochs can be interpreted as a maximum value. We train GraphSAGE
with early stopping. That is, we monitor the validation loss and stop as soon as it increases
compared to the previous epoch.

The batch size controls how many nodes are processed in a single forward and backward
pass. According to Goodfellow [17], batch sizes are commonly a power of 2, which typically
range from 32 to 256. A smaller batch size can offer a regularization effect and is therefore
better at generalization, yet, it requires more steps and increases the runtime. Larger batch
sizes generalize worse than smaller batch sizes, however, the training time is faster and
larger batches provide a more accurate estimate of the gradient [17]. We try a variety of
sizes to find the optimum.

The learning rate determines the size of the step moving into the negative direction of
the gradient, which is computed during the backward phase [17]. To avoid overshooting
the optimum, the learning rate should not be too large. Therefore, we select standard,
conservative values 0.01 and 0.001.

The last parameter we consider in our search is the output dimension. This dimension
determines the size of the feature vector representing a node. A higher dimension increases
the representational capacity of the model, allowing it to capture more complex structural
relationships and preserve richer semantic information within the graph [35]. However, if it
is too high, it might lead to computational inefficiency or overfitting. Thus, we try a range of
different values to find the output dimension that best represents the nodes of our graphs.

Similar to GraphSAGE, the link prediction model, a simple two-layer neural network,
requires preset hyperparameters. Here, we investigate the number of epochs and the batch
size. The values we consider are also summarized in Table 5.5.

Since the prediction model is less complex and contains fewer parameters, it requires
fewer iterations to converge. Consequently, the number of epochs only ranges from 10 to
40. Furthermore, there is no computational need for excessively large batch sizes. Thus, we
only consider values between 8 to 64.

Once all combinations of GraphSAGE models are trained, we train the link prediction
model on the train graph and evaluate on the validation graph. To overcome the unsu-
pervised setting, we self-supervise and create negative edges, similar to GraphSAGE. We
ensure that our negative sampling strategy avoids trivial invalid edges that violate the
bipartite structure. We post-filter our sampled negative edge index to ensure that at least
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80% of the sampled edges are valid bipartite negatives. For efficiency, we sample only 5
times, in a few cases even 10 times, more negatives to obtain a sufficiently large pool of
candidate edges, and accept the result if at least 80% are valid. The node pairs are then
mapped to labels, i.e., if a link exists, the target value is 1, else it is 0. As the primary
metric, we choose the AUPR score as it is robust to class imbalance and a standard for link
prediction, as discussed before. Additionally, we report AUROC to assess the performance,
as it is commonly used in other research.

Algorithm 2 Hyperparameter Search

Input: Set of embedding models E, set of link configurations C
Output: Best embedding model e*, best link prediction model l*

(e*,l*)← null
best_avg_precision← 0

for e in E do
for c in C do

l← TrainLinkPredictor(e,c)
avg_precision← Evaluate(l)
if avg_precision > best_avg_precision then

(e*,l*)← (e, l)
best_avg_precision← avg_precision

end if
end for

end for

return (e*,l*)

To find the best combination of embedding and link prediction model, we need to iterate
over all embedding models that are temporarily saved and train each configuration for the
link prediction model, only saving the model with the highest average precision score. The
hyperparameter search is also described in Algorithm 2 and is repeated independently for
each dataset.

5.5 Baselines

To assess the performance of our proposed approach, we compare it against a set of
established baselines. This selection allows us to examine the benefits or disadvantages
of learning complex structural embeddings via message passing compared to simpler
topological predictions.

Random Classifier: Acts as a lower bound. This classifier randomly assigns scores to the
tested edges. Independent of the class imbalance, the random baseline achieves an AUROC
score of 0.5. As AUPR, however, is sensitive to class imbalance, the random baseline is
not 0.5. Given our test set ratio of 1:10 (ten negative samples per one positive sample), the
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probability of a positive class is 1
11 . Consequently, a random classifier baseline reaches an

AUPR of 1
11 ≈ 0.09.

Logistic Regression (LR): A standard feature-based machine learning baseline. LR as-
sumes i.i.d. data as input and is defined as follows [9]:

P(y = 1) =
1

1 + e−βX

where P(y = 1) is the probability of the output variable being 1, e is the base of the
natural logarithm, β is the coefficient vector for the independent feature input vector X .
We construct the input X for a link (u, v) by concatenating their features. In our case, we
take the resulting features from our embedding model. LR does not create new features via
message passing or neighborhood aggregation but strictly relies on the input features to
predict the tested links. In our experimental setup, this baseline acts as a direct counterpart
to the small non-linear neural network that we use as the classification head in our approach.
Therefore, we can examine whether the node representations are simply linearly separable
or require a more complex classification method.

Preferential Attachment (PA): A topology-based heuristic that operates on the assumption
that nodes with high degrees (hubs) are more likely to form new connections [27]. The PA
score between nodes x and y can be expressed as the product of their degrees [27]:

PA(x, y) = |N (x)| × |N (y)|

where N (x) denotes the set of neighbors of x. This score helps to determine whether the
likelihood of a link is solely determined by the individual popularity of the nodes. In other
words, we examine whether it is a trivial task to predict edges or if the link prediction
model requires more understanding about local community structures, i.e., via message
passing.

5.6 Statistical Tests

To ensure a rigorous evaluation and to verify that any performance differences between
our approach and the baselines are not due to random variance, we employ structural and
statistical tests. First, to objectively interpret the performance of the preferential attachment
baseline, we analyze the topological characteristics of our datasets. Preferential attachment is
known to perform well on scale-free networks. A scale-free network has a degree distribution
that follows the power-law, that is, there are a few, but a significant number of nodes that
have many connections (hubs), while most nodes in the network have significantly fewer
connections [41]. Consequently, we test whether our selected graphs follow the power-law
distribution. Instead of relying on absolute goodness-of-fit tests that often fail on noisy
empirical data and are computationally intensive, we evaluate the scale-free property of
our selected graphs using a relative comparison [1]. Therefore, we compare the power-law
fit against two specific distributions, i.e., the exponential and the log-normal distribution.
The exponential distribution serves as a baseline. If the node degree distribution cannot
significantly better fit the power-law than the exponential distribution, the nodes of the
graph do not follow a heavy-tailed distribution [1]. In contrast, the log-normal serves as a
rigorous alternative, as it is also heavy-tailed [1].
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Figure 5.4: This plot illustrates the cumulative distribution function (CDF) for one of our graph
projects Atom. Additionally, we highlight the lower and upper 10th percentile of the node
degree distribution.

Furthermore, we conduct statistical significance testing to evaluate our model’s predictive
performance across the datasets. Specifically, we use the Wilcoxon signed-rank test across
our datasets. As a non-parametric test for paired samples, the Wilcoxon signed-rank test is
appropriate for our setup as it does not assume a normal distribution of the underlying
data [38]. We utilize this test for two purposes. One, to compare the performance of our
proposed approach against the baselines, and second, to evaluate our model’s robustness
under varying experimental conditions, such as reduced training set sizes.

Following standard practice, we adopt a significance level of α = 0.05 for all statistical
tests to determine the rejection of the null hypothesis.

5.7 Controlled Experiments

Instead of solely reporting the performance of GraphCP on the varying datasets and
comparing it to the baseline methods, we conduct targeted experiments to investigate the
model’s behavior under specific, challenging conditions. While the overall performance is
evaluated on the entire datasets, we want to further investigate the model performance
on edge cases, i.e., predicting links between low-degree nodes. Additionally, we explore
whether the training size has an effect on the model performance. These experiments are
detailed in the following.

5.7.1 Evaluation on Low Degree Nodes

Networks can contain hub nodes with a large number of connections. In our domain, these
represent either developers who work on a large amount of different files, or files that were
touched by a large amount of developers (see Figure 2.1). For these cases, the probability for
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Figure 5.5: Visualization of the training and test split along the timeline. The top bar shows the
distribution of our standard approach. The subsequent bars illustrate at a high-level of
abstraction, the experiments conducted with progressively larger datasets.

a new link formation is already high. However, predicting connections between less active,
low-degree nodes might be a more challenging task. To evaluate this, we determine the
degree thresholds for the lower and upper 10% of nodes based on their degree distribution
(i.e., the 10th and 90th percentiles). For a better understanding, consider Figure 5.4. This plot
visualizes the cumulative distribution function (CDF) for the Atom node degree sequence.
The x-axis shows the degree of a node and is sorted from the smallest number on the left to
the largest on the right. The y-axis represents the percentage of the nodes that have a degree
less than or equal to the corresponding x-value. The left and right dashed lines represent
the lower and upper 10th percentiles, respectively. In this example, at least 10% of the nodes
in the Atom graph have exactly one connection. The second dashed line reveals that 90% of
the nodes have 4 or fewer connections. After computing the percentiles, we filter all test
edges for which both nodes have a degree less than or equal to the lower threshold. By
predicting these specific edges using GraphCP and the baseline models, this experiment
reveals how well GraphCP performs on more challenging cases.

5.7.2 Truncating Training Graph

As explained in Section 5.3.1 and Section 5.4.1, we initially train GraphCP on the entire
project history up to the most recent 10%, which are held out for testing. While this provides
the model with a comprehensive historical context, it may also not represent the most recent
activities in the test set. This way, the graph may contain information that is outdated,
noisy, and not relevant anymore. Therefore, we want to experiment on a subset of projects
by truncating their training graph. Specifically, we evaluate on the largest graphs Moby

and Nextcloud but also on the smallest graph, i.e., Keras. Taking Figure 5.5 for a better
understanding, in these experiments, we keep the split timestamp between the test and
train graph and restrict the training graph to cover only the past 1 year, 2 years, and 3 years
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prior to the split. For each case, we compare the model’s performance to the baselines, as
well as to the model trained on the entire dataset. It is important to note that the test sizes
for the different settings vary as well, as we filter the test set based on the corresponding
training set (see Section 5.3.1). Consequently, to ensure fair comparison across different
training sizes, we evaluate the performance on the intersection of their respective test edges.



6
Evaluation

After discussing the experimental setup and evaluation process in the previous Chapter 5,
we now present the performance results of our proposed approach. First, we analyze
the statistical tests on the dataset structure and the hyperparameter search results. This
is followed by analyzing the quantitative performance of our model and providing a
comparative overview. Afterward, we interpret the results in the context of the specific
network characteristics. At the end of this chapter, we reflect on the results by answering our
research question but also by considering possible threats to validity. This includes internal
and external validity that we have to keep in mind during the process and our evaluation.
We finish this chapter by discussing the potential of our methodology and provide an
outlook on future research directions to further enhance the capabilities of GraphCP.

6.1 Dataset Analysis

Before providing a thorough analysis of the model and baseline performances, we first
examine the structure and distribution of the node degrees for each project we considered
in our evaluation. As described in Section 5.6, we investigate whether our networks exhibit
a scale-free characteristic, i.e., follow the power-law distribution. To this end, we compare
the node degree distribution to the exponential distribution and the log-normal distribution.

To investigate whether our graphs exhibit scale-free properties, we perform two statistical
tests that reveal if their degree distributions are better modeled by a power-law or alternative
distributions. The exponential distribution serves as a minimum baseline that tests whether
our data is heavy-tailed. The log-normal distribution serves as a rigorous alternative as it is
also a heavy-tailed distribution similar to power-law [1]. The tests return the log-likelihood
ratio R between the two candidate distributions and p as the significance value. R is positive
if the data is more likely in the first distribution, that is the power-law distribution, and
negative if the data is more likely in the alternative distribution [1]. The p-value indicates
whether the observed log-likelihood ratio is statistically significant, or if the result could
have occurred by chance.

Table 6.1 summarizes the results for each dataset and test. It is evident that Keras is the
only project for which it is inconclusive to say if the degree distribution is heavy-tailed. Both
the minimal baseline test as well as the comparison to log-normal result in inconclusive test
results. Although its small positive R value hints at a preference for the power-law, the p-
value of 0.06 prevents us from stating statistical significance against the exponential baseline.
The inconclusiveness in the test statistic is visually reflected in Figure 6.1. This plot shows

44
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Table 6.1: Test results comparing the power-law vs. exponential and vs. log-normal distributions
for the degree distributions of our seven dataset projects. A positive R value indicates a
better fit for the power-law, while a negative R value favors the alternative distribution.
The p-value indicates how likely the result happened by chance. As a significance value,
we choose α < 0.05.

vs. Exponential vs. Log-normal

Dataset R p-value Best Fit R p-value Best Fit

Keras 1.9 0.06 Inconclusive -0.38 0.71 Inconclusive

Atom 4.25 <0.01 Power-law 1.42 0.16 Inconclusive

Deno 5.34 <0.01 Power-law -1.00 0.36 Inconclusive

OpenSSL 6.22 <0.01 Power-law -0.98 0.33 Inconclusive

VSCode 6.87 <0.01 Power-law -0.97 0.33 Inconclusive

Moby 8.82 <0.01 Power-law -1.01 0.31 Inconclusive

Nextcloud 7.16 <0.01 Power-law -0.96 0.34 Inconclusive

the complementary cumulative distribution function (CCDF) of the degree distribution for
Keras. It also provides for comparison the best fits for a power-law, exponential, and log-
normal distribution. The Keras distribution does not strictly follow one of the investigated
distributions. While it initially aligns with the power-law and log-normal fits, the data
points drop off notably at higher degrees.

In contrast, for the remaining projects, we always have a large positive R value and
very small p-values, indicating that the power-law model significantly outperforms the
exponential distribution. This implies that the node degree distributions of these projects are
heavy-tailed rather than exponentially bounded. However, when comparing the power-law
to the log-normal distribution, we observe inconclusive results for every project. As the
p-values are substantially large, we cannot statistically distinguish between a power-law
or log-normal distribution. As a representative example, Figure 6.2 visually reflects that
the node degree distribution for Atom follows a power-law much more closely than an
exponential distribution. However, it remains ambiguous whether the log-normal or the
power-law distribution represents a better fit. In this context, it is important to note that
the log-normal distribution has two parameters to serve as a degree of freedom for fitting,
making it more flexible and potentially leading to overfitting the data [1]. Regardless of
which distribution strictly provides the better fit, both are inherently heavy-tailed. This
property confirms that the graph contains highly connected hub nodes. Consequently, the
underlying assumption of preferential attachment remains valid, making it an appropriate
baseline for our approach.
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Figure 6.1: Complementary cumulative distribution function (CCDF) of the degree distribution for
the Keras network. The Keras node degree distribution (blue dots) is plotted alongside
the best fits for a power-law, exponential, and log-normal distribution. The plot visually
confirms that there is no clear best fit for the investigated distribution.

6.2 Hyperparameter Analysis

Table 6.2: Best Parameter Configuration for GraphSAGE per Dataset

Dataset Epochs Batch Size Learning Rate Output Dimension

Keras 300 256 0.001 64

Atom 350 128 0.001 64

Deno 400 64 0.01 64

OpenSSL 250 256 0.01 32

VSCode 300 128 0.01 16

Moby 400 64 0.001 64

Nextcloud 350 128 0.001 16
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Figure 6.2: Complementary cumulative distribution function (CCDF) of the degree distribution for
the Atom network. The Atom node degree distribution (blue dots) is plotted alongside
the best fits for a power-law, exponential, and log-normal distribution. The plot visually
confirms that, compared to the exponential distribution, the power-law is a better fit for
the Atom node distribution. In comparison with the log-normal distribution, however,
the difference is less clear.

Table 6.3: Best Parameter Configuration for Prediction Model per Dataset

Dataset Epochs Batch Size

Keras 10 64

Atom 20 64

Deno 10 32

OpenSSL 30 16

VSCode 30 16

Moby 20 64

Nextcloud 10 32

To understand how the models achieved different results across different datasets, we will
analyze the hyperparameter results, which can be seen in Tables 6.2 and 6.3. The best model
performances were achieved using these parameter configurations. In general, we can see
in Table 6.2, that the smallest and the second largest projects needed the largest vector
space to represent a node. That is, the output dimension for the Keras, Atom, Deno, and
Moby projects was always 64. Whereas for VSCode and Nextcloud it was only 16, and
for OpenSSL 32. Except for Deno, OpenSSL, and VSCode, the individual models for all
other projects required a learning rate of 0.001 to reach the best result. Regarding the epoch
number and the batch size, we cannot see a distinguishable pattern. Furthermore, as we
also use early stopping, it might be the case that the models did not actually train for that
amount of epochs.
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In Table 6.3, we can also observe variations in the parameter configuration. The parameters
are almost evenly distributed across the different projects, making it hard to detect a pattern
or a trend. It is interesting to see that the link prediction on the Nextcloud dataset only
required 10 epochs to reach a remarkable performance. For the Keras project, the best
metrics were achieved by training the model for the fewest epochs, i.e., 10 iterations. As
we also tried more epochs, we can rule out that the bad performance of our approach is
due to underfitting. The best models on the VSCode and OpenSSL data were the only
models trained with the smallest batch size, i.e., 16 in link prediction. Additionally, these
models only needed a small embedding dimension of only 16 and 32, respectively, for the
GraphSAGE model.

As described in Chapter 5, for each link prediction configuration, we iterated over all
embedding models and recorded the best-performing embedding–link prediction combina-
tion. These intermediate results are documented in Tables A.2- A.8. The best performing
configuration and the most used embedding configuration IDs are highlighted in bold. It is
worth noting that for the top three largest datasets, the embedding parameter configuration
corresponding to the best-performing combination appeared multiple times as the optimal
choice. That is, for VSCode, the embedding configuration with ID 36 appeared the most, for
Moby, it is ID 83, and for Nextcloud embedding configuration ID 63 appeared the most.
This suggests that these models are particularly effective in representing the nodes in the
graph. For the remaining datasets, no such pattern can be detected.

In general, we can say that there is not one globally best combination of the link prediction
and embedding model parameter configuration. However, we identified that smaller net-
works require higher dimensionality (i.e., larger output dimensions for the feature vectors)
to be best described. This indicates that these networks require larger latent space capacity
to capture subtle differences or complex relationships within the graph [3].

In larger datasets, the embedding ID associated with the best-performing configuration
also occurs multiple times. That is, when testing every link prediction parameter configura-
tion, choosing this embedding ID yielded the best intermediate performance. This indicates
that for these networks, the embedding model creates well-structured and strong represen-
tations. For the other projects, i.e., Keras, Atom, and Deno, the embedding IDs vary across
the different link prediction setups. This suggests that the networks allow different ways of
representation while still being almost as good as the best combination. A notable case is
OpenSSL, where ID 61 emerged as the most frequent embedding configuration, despite ID
19 achieving the best performance across all combinations. It is important to note that both
configurations share the same learning rate and output dimension. This indicates that the
training dynamics, specifically the number of epochs or the batch size, were the key factor
for a better performance. A similar pattern is observed for VSCode, where configuration
IDs 36 and 54 appeared equally often, confirming that multiple strong parameter setups
exist for this network.

Overall we observe, that for each project, different configurations seem to work better.
Consequently, the results show that no single hyperparameter configuration is globally
optimal, but rather strongly depends on the project and dataset.
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6.3 Results

This section presents the performance results of our approach. We have run our process,
as illustrated in Figure 5.2, on 7 different datasets and compared the best combination,
derived from the hyperparameter search, with the baselines. These are the random classifier
(Random), logistic regression (LR), and preferential attachment (PA). Table 6.4 summarizes
the overall performance of our GNN approach, i.e., GraphCP, compared to the baselines
per dataset. The table reports the primary metric AUPR, used to find the best model
combination in our hyperparameter search, and the AUROC score. For each dataset, we
highlight the best scores in bold. Since the model was retrained for each dataset, the results
demonstrate the adaptability of the proposed method to different data distributions rather
than cross-dataset generalization.

6.3.1 Overall Performance and Trend

Table 6.4: A detailed summary of the performance for our approach, i.e., GraphCP, and the baseline
methods. For each dataset, we independently train GraphCP and report the AUPR and
AUROC on the test set. Additionally, we evaluate the performance on the baseline methods.

Keras Atom Deno OpenSSL VSCode Moby Nextcloud

Method AUPR AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR AUROC

Random 0.09 0.51 0.09 0.51 0.09 0.50 0.09 0.50 0.09 0.48 0.09 0.51 0.09 0.50

LR 0.19 0.77 0.23 0.81 0.24 0.81 0.12 0.65 0.22 0.74 0.45 0.91 0.45 0.92

PA 0.57 0.90 0.33 0.76 0.57 0.81 0.46 0.90 0.68 0.81 0.73 0.86 0.70 0.91

GraphCP 0.42 0.87 0.61 0.91 0.55 0.90 0.60 0.92 0.67 0.87 0.67 0.96 0.86 0.98

We first provide a total overview of the performance of the baselines and our approach, i.e.,
GraphCP. A more detailed summary is provided in Table 6.4.

As can be observed, GraphCP outperforms the random and LR baselines across all
datasets and the metrics. As expected, the random baseline always reaches an AUPR score
of 0.09 and an AUROC score of approximately 0.5. This indicates that the task is not trivial.
In three out of seven projects, our method surpasses the popularity-based heuristic (PA)
in terms of the average precision score (AUPR). Specifically, on the Deno and VSCode

projects, it only slightly underperforms the PA baseline, with a difference of 0.02 and 0.01
AUPR score points, respectively. Furthermore, in terms of AUROC, GraphCP almost always
exceeds the performance compared to the baselines. Additionally, as expected, AUROC is
less sensitive to dataset imbalance and shows substantially higher scores than AUPR. This
trend is consistent throughout the datasets.

6.3.1.1 Comparison to Baselines

Comparing our approach to the baselines, distinct patterns emerge. The topological heuristic
preferential attachment (PA), which assumes that high-degree nodes are more likely to be
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Table 6.5: Statistical results of the Wilcoxon-signed rank test, as described in Section 5.6. We compare
the performance results from Table 6.4 of our method against the performance results
across all datasets of the baselines. As significance value, we chose α = 0.05. If the p-value
is smaller than the significance value we can reject the null-hypothesis and state that
GraphCP significantly performs better than the corresponding baseline.

Baseline p-value

Random 0.0078∗∗

LR 0.0078∗∗

PA 0.23

connected to other nodes, shows substantially better performances for Keras and Moby.
The differences to GraphCP are 0.15 and 0.05 in terms of AUPR scores, for Keras and Moby,
respectively. For Deno and VSCode, PA only marginally outperforms GraphCP, having
an AUPR score difference of 0.01 and 0.02, respectively. Conversely, GraphCP performs
considerably better than PA on the Atom, OpenSSL, and Nextcloud projects. In general, we
can see that in three out of seven projects, GraphCP performs better than PA, nearly matches
the PA performance in two, and is substantially outperformed in the remaining two. This
suggests that for networks where preferential attachment dominates, the centrality-driven
attachment between two nodes may already be sufficient. In such cases, our approach, i.e.,
GraphCP, may not provide additional benefits, as it focuses on more complex patterns
rather than prioritizing simpler connections. However, the strong performance results for
Atom, OpenSSL, and Nextcloud highlight GraphCP’s ability to capture complex structural
patterns where a simple popularity-based heuristic, such as PA, fails.

The LR baseline does not follow any trend and rather shows mixed results. While it
performs better on the Nextcloud or Moby datasets, in terms of AUPR score, it performs
almost as poorly as the random baseline on the OpenSSL project. Additionally, for Keras,
Atom, Deno, or VSCode, its AUPR score only ranges from 0.19 to 0.24. This indicates
that for these projects, the non-linear neural network architecture is essential for the link
prediction task.

To assess whether the performance difference is statistically significant, we performed the
Wilcoxon signed-rank test comparing the AUPR scores of GraphCP against the baselines
across our dataset. Table 6.5 summarizes the test outcomes. As expected, GraphCP signifi-
cantly outperforms the random and LR baselines. As both p-values are substantially smaller
than our preset significance level α = 0.05, we can confidently reject the null-hypothesis.
This confirms that GraphCP achieves statistically significantly higher AUPR scores than
these two baselines. Considering the ambiguous PA results, it is not surprising that the
statistical comparison between GraphCP and PA yields an inconclusive result. Since for
this test the p-value is larger than α, we fail to reject the null hypothesis. As a result, we
cannot claim with statistical confidence that our approach performs better than PA across
all datasets.

In general, we can see that GraphCP does not significantly perform better than every
baseline. Especially PA represents a strong baseline for our approach.
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6.3.1.2 Dataset-Level Analysis

Regarding individual datasets, we observe considerable performance variations in Table 6.4.
While GraphCP performs worst on the smallest dataset, i.e., the Keras project, reaching an
AUPR score of only 0.42 (compared to PA with 0.57), our proposed method demonstrates
a stable performance on the Atom, OpenSSL, VSCode, and Moby, reaching AUPR scores
between 0.60 and 0.67. The corresponding AUROC scores for these projects reveal a slightly
higher variance.

Atom and OpenSSL are the networks with the worst performances regarding the PA
baseline, only reaching 0.33 and 0.46 as AUPR scores, respectively. This implies that these
networks do not primarily follow the simple popularity-based link formation, making it
difficult for basic heuristics to achieve meaningful predictions. In particular, the structure
of these networks seems to be complex enough and not as predictable using the simple
topological heuristic PA. A similar observation can be made for Nextcloud. On this project,
GraphCP achieves the highest overall AUPR score of 0.86 and AUROC score of 0.98. While
PA also performs relatively well on this dataset, having an AUPR of 0.70, it is not its best
performance across all datasets.

Overall, whenever the proposed GNN approach outperforms the PA baseline, it does so
by considerably better results. This indicates that for these graphs, the model is able to
effectively learn dataset-specific patterns. In cases where it performs similarly to or worse
than the PA baseline, it implies that the structural signals are sufficient for prediction, which
is a property of scale-free and therefore hub-driven networks.

6.3.2 Controlled Experiment Analysis

The following subsection provides an overview of the smaller controlled experiments as
described in Section 5.7. As Table 6.4 summarizes the performance on the entire test dataset,
we now want to observe how well the baselines and our approach perform on a filtered test
dataset, where we only consider links between nodes with a low degree. Furthermore, as a
second experiment, we investigate the behavioral change of the model’s performance when
truncating the training dataset.

6.3.2.1 Performance on Low-Degree Nodes

After analysing GraphCP’s performance on the entire dataset, we now present the results
on edges between low-degree nodes. As described in Section 5.7, we only consider links
between nodes that both have a degree at or below the 10th percentile of the overall degree
distribution. As can be seen in Table 6.6, for the projects Keras, OpenSSL, and Nextcloud,
there exists no such positive labeled edge in the testdata. Therefore, we cannot report
any measurements. Furthermore, we can observe that the amount of positive edges under
this constraint is relatively small. While Moby is the only dataset with the most reliable
positive sample size of 43 out of 4166 total examined edges, Atom only has two, and Deno

and VSCode only have one true positive edge. This makes it hard to make any confident
statements. As expected, PA performs poorly in this setting, reaching almost always the
same score as the random baseline. Besides the Atom project on which GraphCP performs
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substantially better than the baselines, it is evident that the LR baseline always outperforms
GraphCP on the remaining datasets. Yet, the scores are not substantially different. This
implies that GraphCP is highly competitive.

Table 6.6: Performance comparison between GraphCP and the baselines, similar to Table 6.4. Instead
of taking the entire test set, in this experiment we only considered edges between low-
degree nodes. Consequently, the amount of test edges is smaller than the entire test set,
and more interestingly, the amount of true positive test edges is substantially smaller than
all considered edges in this experiment. This can be seen in the last two rows of this table.

Atom Deno VSCode Moby

Method AUPR AUROC AUPR AUROC AUPR AUROC AUPR AUROC

Random 0.003 0.26 0.003 0.23 0.001 0.75 0.011 0.54

LR 0.008 0.71 0.011 0.76 0.008 0.95 0.334 0.99

PA 0.003 0.48 0.006 0.78 0.001 0.72 0.010 0.15

GraphCP 0.048 0.96 0.009 0.71 0.004 0.90 0.305 0.97

|Epositive| 2 1 1 43

|Etotal | 655 389 2538 4166

6.3.2.2 Performance on Truncated Training Graphs

Table 6.7: Overview of the growing train graph size, in terms of edges. Additionally as the test set is
filtered to match with the training nodes and to ensure that no train edge is present in the
test set, the test edge size also varies.

Keras Moby Nextcloud

Time |ETrain| |ETest| |ETrain| |ETest| |ETrain| |ETest|

1 Year 840 114 4 495 1 437 3 030 2 336

2 Years 1 683 102 11 536 1 865 6 632 3 411

3 Years 2 221 102 20 949 1 852 11 296 3 666

Total* 2 487 101 34 505 1 839 33 115 3 696

*Total interval: Keras (4y), Moby (7y), Nextcloud (10y).

Another constraint we want to investigate is the performance behavior on smaller training
data. So far, we have trained the model on the entire project history. For a few datasets,
we want to see if truncating the training data positively or negatively impacts the model
performance. To this end, we only use one, two, or three years prior to the train-test split. As
longer time periods more closely approximate the entire dataset, these specific constraints
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Figure 6.3: Comparison of the predictive performance across different training sizes and methods for
three datasets: Keras (a), Moby (b), and Nextcloud (c). The left column displays the AUPR
score, while the right column displays the AUROC score. In each subplot, the rightmost
category illustrates the results of the original approach (using the entire training data),
while the previous bars demonstrate the performance metrics using more recent subsets
of the training data.
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serve as a rigorous comparison. For this experiment, we select the smallest dataset, i.e.,
Keras, alongside the two largest datasets Moby and Nextcloud.

We summarize the predictive performances in Figure 6.3, which illustrates the correspond-
ing trends across the different time constraints. In particular, Figure 6.3 provides a visual
overview of the different performances on each dataset, comparing the model that was
trained on the entire train graph. Starting from left, the train graph size increases further to
the right. The rightmost category in the plots serves as a comparison baseline and illustrates
the performance of GraphCP when trained on the entire train graph. The figures in the left
column illustrate the AUPR comparisons and the figures on the right present the AUROC
results. The varying train and test sizes for these experiments are summarized in Table 6.7.

As shown for Keras in Figure 6.3 (a), GraphCP is almost as good as the PA baseline when
trained exclusively on data from one year prior to the test set activities. While PA achieves
an AUPR score of 0.63, GraphCP closely follows with 0.62. Interestingly, when increasing
the training data by one more year, we can even see that GraphCP outperforms PA, having
a difference of 0.05 AUPR points. However, as the training size is further increased to
three years — approximating the entire available project history - we can observe that
GraphCP’s performance drops substantially below that of PA’s. This decline also aligns
with the performance of the entire dataset. Finally, regarding the second baseline, LR, we
see that our non-linear classification approach consistently outperforms the linear classifier
across all temporal splits.

On the larger datasets, we observe a different behavioral shift. Although GraphCP’s
performance differed substantially between the full Moby and Nextcloud datasets, both
models perform notably well on the smallest training data. Both reaching an AUPR score
of 0.96 and 0.98, respectively. It is important to note the varying testing conditions shown
in Table 6.7. While methods are tested on 1 437 test edges for Moby, the Nextcloud test set
contains almost 1 000 additional edges.

As the training data increases for both projects, we can observe in Figure 6.3 that
GraphCP’s performance decreases in terms of AUPR scores. For the Moby project, AUPR
scores decrease by approximately 0.1 AUPR points with each timestamp, alongside a sub-
stantial increase in the absolute volume of training data. Despite this decline, GraphCP
consistently outperforms both baselines. In particular, we see that PA’s performance is the
least impacted by the varying training sizes, whereas LR mirrors the decreasing trend of
GraphCP.

When training GraphCP on the smallest train data of the Nextcloud project, it performs
almost perfectly with an AUPR score of 0.98. While LR remains competitively close with an
AUPR of 0.94, PA only achieves 0.76. Increasing the training data only has a small impact
on GraphCP’s and PA’s performance. Although LR’s performance drops substantially after
the first increase, it remains marginally better than PA. The small decline in the performance
aligns with the small increase in the training data.

After comparing the differently trained models with the baselines, we also want to draw
a comparison to the model that was trained on the entire dataset. In Table 6.8, we can see
for each dataset a direct comparison between the models that were trained on the specific
temporal splits and the entire project history. As their training data differ, the corresponding
test sets also differ. Therefore, we choose to evaluate the performance of the GraphCP
models on the intersected test set.
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At first glance, it is evident that across all examined time splits, each GraphCPSplit
model substantially outperforms the GraphCPTotal model in terms of AUPR and AUROC
score. As already observed previously in this section, with increasing training size across
all datasets, GraphCPSplit’s performance gradually decreases in terms of AUPR scores.
Furthermore, as the train split increases, the absolute number of intersected test edges
increases as well. Especially for the largest dataset Nextcloud |Etest| grows from 1 821 to
3 618 edges. Despite this increase, the AUPR scores fluctuations for GraphCPTotal remain
marginal. The largest drop occurs on the Keras project, where GraphCPTotal achieves an
AUPR score of 0.45 on the smallest test set and 0.40 on the largest test set. In contrast, the
model’s performance consistently reaches 0.64 on the Moby project, and fluctuates only
minimally between 0.86 and 0.87 on the Nextcloud dataset. As illustrated in Figure 6.3 and
reported in Table 6.8, the predictive performance increases under a truncated training graph.
To statistically confirm this observation, we performed a one-sided Wilcoxon signed-rank
test. Specifically, we compared the paired AUPR scores across all investigated datasets and
GraphCPSplit against the corresponding baseline scores of the model trained on the entire
graph, i.e., GraphCPTotal . At a significance level of α = 0.05, the results confirm that our
approach yields significantly better performance on the smaller training sets compared to
being trained on the complete dataset (p = 0.0020).

Table 6.8: Performance comparison between the model trained on specific temporal splits
(GraphCPSplit) and the model trained on the entire dataset (GraphCPTotal). To ensure a
fair and direct comparison, both models were evaluated strictly on the intersected test set
of the respective split.

GraphCPSplit GraphCPTotal

Dataset Train Split AUPR AUROC AUPR AUROC |Etest|

Keras 1 Year 0.60 0.95 0.45 0.87 90

2 Years 0.56 0.92 0.40 0.86 101

3 Years 0.43 0.87 0.40 0.86 101

Moby 1 Year 0.96 0.99 0.64 0.96 1 292

2 Years 0.86 0.99 0.64 0.96 1 795

3 Years 0.75 0.97 0.64 0.95 1 833

Nextcloud 1 Year 0.98 0.99 0.86 0.98 1 821

2 Years 0.95 0.99 0.86 0.98 2 989

3 Years 0.91 0.99 0.87 0.98 3 618

6.4 Discussion

After highlighting and analyzing the key findings from our comparative evaluation and
the controlled experiments, we now proceed to interpret the results. To achieve this, the
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discussion is structured along different topics. We start with an overall discussion of our
approach compared to the baselines. Afterward, we further discuss the impact of using a
smaller and more recent subset to train GraphCP and examine the performance variations
across the different projects. At the end, we emphasize the discrepancy between AUPR and
AUROC and finish by answering our research question.

6.4.1 Baseline Comparison

As we can see in the previous section and in Table 6.4, PA performs surprisingly well,
particularly on large datasets. This indicates that the collaborative development in these
projects is driven by centralized developers who work on large amounts of files, or by
popular files that attract many developers. As confirmed by our statistical analysis of
the degree distributions in Section 6.1, these examined networks exhibit strong heavy-
tailed characteristics. That is, there exist a few nodes with much higher degrees than the
majority of the nodes. Consequently, links between strictly low-degree nodes are exceedingly
rare. Nodes are classified as low-degree if their degree is at or below the 10th percentile
(see Section 5.7). As shown in Table 6.6, we could observe that there are either no edges
between nodes in the lowest 10th degree percentile, with the Moby dataset being the only
exception. This indicates that almost every true connection in the networks involves at least
one node with a higher degree. In such scale-free graphs, we can therefore assume that new
connections are predominantly drawn to established hub nodes. This perfectly explains
the strong predictive performance of the PA baseline on the entire dataset and the severe
performance drop when evaluated strictly on the low-degree subset.

The logistic regression (LR) baseline demonstrates the complexity of the task. Since LR
uses the same GraphSAGE embeddings as GraphCP but fits a linear decision boundary
in the vector space (see Section 5.5), its consistently lower performance validates the non-
linear nature of the link prediction task. The difference between LR and PA is almost
always substantially large. However, the Atom project presents a notable exception where
both baselines perform poorly: LR and PA only reach an AUPR score of 0.23 and 0.33,
respectively. As PA only achieves a low AUPR score for the Atom project and our approach
reaches 0.61, we can assume that the node degree is not the primary signal in this network.
Alternatively, the observed performance difference may be explained by the project’s lifecycle.
As mentioned before, unlike the other datasets, Atom was deprecated since the community
involvement declined in its final years. It is therefore possible that the most recent activities
used for testing, as well as the preceding training data, do not follow popularity-based
dynamics. Instead, the underlying interaction patterns may be more complex. As a result,
simpler approaches, such as PA and LR, are less effective while GraphCP outperforms them.
Furthermore, the substantial performance gap between GraphCP and LR demonstrates
that the non-linear classifier of our approach is significantly better than simply fitting a
linear decision boundary to our data. This aligns with the observation in Table 6.6, where
the baselines similarly fail to compete with GraphCP on the Atom dataset. Since LR uses
the same embeddings as the classifier in our approach, but simply fits a linear hyperplane
in the vector space, this confirms that the combination of GraphSAGE and a non-linear
classification model seems to be the best model approach on this dataset.
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A similar pattern emerges for the OpenSSL project. Here, GraphCP again substantially
outperforms the LR and PA baselines, indicating that for many samples a higher degree is
not the primary signal, particularly regarding PA. The fact that LR performs near random-
guessing levels even though utilizing the embedded node features strongly implies that the
neural network is required for this kind of graph.

Regarding the LR performance on the low-degree node pairs, we see that a simple
linear classifier works marginally better in three out of four cases. However, because this
performance difference is minimal and true positive edges in these subsets are exceedingly
scarce, we cannot confidently say it outperforms GraphCP.

Overall, we can say the proposed method constantly outperforms LR on the entire dataset
and is highly competitive with PA. This is also statistically confirmed by the Wilcoxon signed
rank test in Table 6.5. On the low-degree node pairs, GraphCP performs substantially better
than PA and similarly well as LR. This proves that the structural characteristic and a non-
linear classifier are essential for a good link prediction model. In the specific cases where
GraphCP performs slightly worse than PA, we can assume that our model overcomplicates
the prediction by searching for deeper latent community structures. This way, it misses
the dominant and trivial hub signals. Nevertheless, our model does not decide on who is
popular but goes beyond that, therefore it succeeds in complex networks where simple
heuristics fail.

6.4.2 Impact of Training Size

In our controlled experiment that investigates the performance of our approach on a smaller
training set, we observe that the model performs substantially better when trained on smaller,
more recent subsets of the data rather than the complete project history. This suggests that
for the examined OSS projects Keras, Moby, and Nextcloud, recent project activities are
more representative of the current network state. We can assume that after a longer period of
time, some developers naturally worked on a majority of files that eventually lose relevance,
introducing noise into our training data. Additionally, using the entire project history might
accumulate outdated hub files. Despite their marginal importance at a later point in time,
their historically high degree of connectivity exaggerates their structural significance within
the graph. This hypothesis is supported by GraphCP’s performance on the Moby dataset.
As can be seen in Table 6.7 and in Figure 6.3 (b) and (c), the performance differs from
training on the one year graph with only 4 495 training edges and training on the three years
graph with 20 949 edges causing GraphCP’s AUPR score to drop substantially from 0.96 to
0.78. Furthermore, this hypothesis is also statistically confirmed by the one-sided Wilcoxon
signed-rank test. The result (mentioned in Section 6.3.2.2) allows us to confidently reject the
null hypothesis and confirm that training on more recent activities yields a significantly
higher performance than training on the entire project history.

Overall, we can see that the project structure and developer activities evolve, making
older data less meaningful. Our findings suggest that it suffices to only use the most recent
activities for training. This enables the model to learn meaningful structural patterns and
achieve higher predictive precision than the comparison baselines but also than the original
GraphCP.
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6.4.3 Performance Variations

In our analysis, we observe GraphCP increasingly performed better with increasing graph
size, with one exception regarding Atom and Deno. Yet, as the baseline method PA some-
times performs even better than GraphCP, we can assume that the performance strongly
correlates with the network topology, particularly with hub-dominant and peripheral con-
nections.

The contrast between Keras, i.e., the lowest performing project, and Nextcloud, i.e., the
best performing project, illustrates that network structure is an important signal. Based on
the power-law test results in Section 6.1, Nextcloud’s node degree distribution follows
a heavy-tailed distribution. This is also supported by the high imbalance ratio (0.91) of
the author and file nodes. On this network, the high PA AUPR score (0.7) indicates that
connectivity is a dominant signal, which GraphCP leverages. Our model’s performance for
Nextcloud, however, reveals that it additionally learns meaningful features of the nodes,
which makes it more precise than simply choosing the most popular node (reaching an
AUPR score of 0.86). Conversely, Keras is not only substantially smaller than Nextcloud,
in terms of training edges, but also differently structured. Based on the power-law test
in Table 6.1, we cannot state that the node degree distribution is heavy-tailed, as the
comparison to the exponential distribution already reveals inconclusive results. Furthermore,
as we have described in Section 5.4.1, Keras is more compact and balanced with a node
imbalance score of 0.34. Furthermore, unlike the other projects, Keras not only holds the
most balanced node types but also contains more author than file nodes. This indicates
an overall different project dynamic than the other examined project graphs. The absence
of edges between low-degree nodes, as revealed in Section 5.7, and the non-heavy-tailed
distribution suggest that the node degrees are more evenly distributed. As we have also
seen in Figure 6.3 and Table 6.8, although GraphCP performs better on a smaller, more
recent subset of the training graph than GraphCPTotal , its AUPR score is still substantially
smaller than for the other graphs. This suggests that for this network, the structural
signals are too meaningless, making the more complex GNN approach reach its limits by
attempting to detect latent patterns from a small training space. In this case, the degree-based
multiplication heuristic PA performs marginally better, as it avoids potential overfitting or
hallucination, which can occur in deep learning approaches.

The network structure also impacts the difficulty of the classification task. In large
datasets, such as Nextcloud, with a high node type imbalance, a heavy-tailed node degree
distribution, and the absence of strictly low-degree edges, the vast majority of randomly
sampled negative edges are trivial. That is, it is highly unlikely that they exist, which
facilitates GraphCP’s ability to distinguish between the actual positive test edges and the
random negative edges. Regarding Keras, where the distribution tends to be more evenly
distributed in terms of node degrees but also node type imbalance, the sampled negatives
are less trivial. This is also visible in Moby. Although Nextcloud and Moby are similar in
train size, Moby contains a notable number of edges between low-degree nodes. A stronger
presence of low-degree edges might lead to more challenging negative samples, which are
not as trivial to classify as those in Nextcloud. Nevertheless, GraphCP performs relatively
well in the sparse environment, reaching an AUPR score of 0.31 (see Table 6.6).
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Finally, it is important to note that a direct comparison between the performance AUPR
scores is challenging as the test-set ratios individually differ across the projects. The Keras

test set only made up approximately 4% of the edges, whereas the Nextcloud test set
contains 10% of the total observed edges that we use.

Overall, the results suggest that GraphCP’s performance variation is influenced less by
graph size itself but more by structural properties, such as node degree distribution and
node type imbalance. Especially, these properties impact the complexity of the negative
samples.

6.4.4 Metric Discrepancy

Although our model did not perform the best on every project, in terms of AUPR, it almost
always reached the highest AUROC score, except for the Keras project. As discussed, we
sample 10 times more negative test edges than positive test edges, making the entire test set
highly imbalanced, but also more realistic, as described in Section 5.4.2. In such scenarios,
AUROC favors accurate classification of positive examples, at the cost of significantly
misclassifying negative examples, making it less sensitive to class-imbalance [27]. Yet, we
can still see that our approach ranks positive and negative samples better compared to our
baseline methods. However, besides Nextcloud, the AUPR score is always significantly
lower than the AUROC score, particularly regarding GraphCP. This perfectly shows that
AUROC can be misleading and too optimistic. The methods are able to classify a large
amount of negatives, which are probably very easy, given the random sampling method. Yet,
considering the lower AUPR score, we can be sure that the model is not able to precisely
classify edges. That is, besides the small amount of positive edges, the models still classified
edges between nodes that actually do not exist.

6.4.5 Evaluation of the Research Question

Having analyzed and discussed the structural dependencies, performance variations, and
experimental results, we can finally address our research question: To what extent can
GraphSAGE in combination with a neural network be applied to perform link prediction
on developer networks? The applicability of our approach cannot be summarized by a
binary conclusion. Instead, it depends on the network topology and connectivity, as well as
the temporal window of the training data.

Globally, our approach, i.e., GraphCP, shows promising results. It consistently outper-
forms the Random and Logistic Regression (LR) baselines across all investigated datasets.
While it remains strongly competitive with Preferential Attachment (PA), it reveals valuable
behavior on the sparse part of the network. That is, its predictive performance on test edges
between nodes with a low degree. On this set of edges, GraphCP constantly substantially
outperforms PA. Although GraphCP significantly outperforms LR globally, it is highly com-
petitive on peripheral links. This suggests that a non-linear neural network as a classification
head, like in GraphCP, is better than a linear hyperplane.
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GraphCP’s applicability is most prominent when it is trained only on a subset of the
entire project history. Our experiment on the three datasets Keras, Moby, and Nextcloud

demonstrates that training GraphCP on more recent activities from the training graph
achieves significantly better results than using the entire training graph. Furthermore, in
the largest datasets, i.e., Moby and Nextcloud, this approach even enabled GraphCP to
constantly outperform every baseline method. Although this was only tested on a subset of
datasets, the results strongly suggest that the model performs the best when it learns from
current activities rather than the entire history that sometimes ranges over a decade.

However, there are clear limitations derived from the graph topology, as well as the
representation learning technique. As we have seen on the Keras project, GraphCP struggles
more on networks that do not contain significant hub-nodes but are more evenly distributed.
In such balanced datasets, the structural signal may be too weak for GraphCP to provide
an advantage over a simple popularity-based heuristic. Furthermore, our approach is
limited by the standard definition of GraphSAGE, which requires us to treat our original
heterogeneous bipartite developer network as a homogeneous network. While the results
indicate that the model is effective in differentiating node types only through features, we
see potential for improvement by using true heterogeneous architectures or using more
entities and connections, not only author and file nodes.

6.5 Threats to Validity

Before and during our evaluation, it is important to be aware of several aspects that threaten
our validity. As we limited our approach not only in data but also in resources we now
emphasize how to put the results right into context. To achieve this, we discuss the threats
to internal and external validity in the following section.

6.5.1 Threats to Internal Validity

As our model heavily relies on GitHub data, which initially might contain biases or may be
of poor quality, we must be aware of the fact that it underwent a lot of preprocessing steps
(see Section 5.2.1 and Section 5.2.2). This includes bot removal, but also removing duplicate
users, or merging users and their contributions if they were identified as the same exact
person.

Additionally, it is important to note that the edges between authors and files do not
necessarily mean that the exact author edited the file, but revisited it, simply taking the role
of the committer. However, in the case of the Deno graph, both the name of the source node
and the name saved in the edge attribute author.name were always the same. This indicates
that the Deno graph does not pose a threat in this context, nevertheless, it might be the case
for the other graphs we consider for our evaluation.

Another threat to internal validity is that, as explained in Section 5.3.1, we deduplicate
our edges, which blurs the actual evolution in the projects. Instead of capturing the entire
development, we only retain individual interactions, even though some may occur more
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frequently than others. Consequently, we treat all connections equally, although they may
carry different significance.

6.5.2 Threats to External Validity

Conducting a comparative analysis with different input graphs to answer our research
question validates our findings to a certain degree. The analysis reveals characteristics that
might impact the performance and thus, enhance the proposition of whether the approach
is generalizable in our context.

However, our research question investigates to what extent we can apply GraphSAGE to
developer networks. Thus, we focused only on author-file connections, in order to apply
the standard GraphSAGE model. Therefore, we treat our heterogeneous bipartite graph as
homogeneous and distinguish the nodes based on their type attribute. A potential threat
to external validity could arise once we introduce more information to the input graph.
That is, adding issue nodes and issue connections to the graph, i.e., adding complexity. This
could impact the model behavior and requires adjustments to the approach. Another threat
to external validity is the random negative sampling. Although this sampling strategy is
easy to implement and fast, it might also create trivial negative cases. Especially on large
graphs, it is likely to find two nodes that are further away and only reachable via many
hops. This makes it easier for the prediction model to identify the representative distance
and to correctly classify them. Hard negatives would be nodes that are 3 hops away.

6.6 Future Work

As we have seen, GraphCP shows promising results. Our approach is able to learn latent
patterns between the entities and is highly competitive with the topological heuristic PA.
Especially on edges between peripheral nodes, our model substantially outperforms PA
in terms of the average precision. Moreover, GraphCP significantly outperforms PA when
trained on recent contribution patterns rather than the entire project history. As our approach
treats the input as a homogeneous graph with only a two-dimensional initial feature vector
to distinguish between authors and files, these results demonstrate that the topological
structure already provides a strong signal for contribution prediction. However, to make
the theoretical scenarios in Chapter 4 technically more feasible, we need to make GraphCP
more context-aware.

In the context of contribution recommendation in OSS projects, identifying the right
developer for a specific file requires an understanding of semantic similarity. Incorporating
source code as an additional feature would allow GraphCP to identify a similarity between
different files that are topologically distant from one another.

Regarding change impact analysis, issues that highlight problems in a specific file can
help identify other files that may require corresponding changes. By introducing issue nodes
and their discussion content to the input graph, the model could identify the relationships
between files that address the same underlying topic.
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Finally, for anomaly detection, it is essential to be aware of the different modules and who
works in system-critical areas. A context-aware model can alert as soon as a link between an
author and an artifact appears unusual. To this end, the model requires semantic metadata
regarding the functional role of an artifact, such as its module affiliation or its level of
system-criticality. This context would allow the model to distinguish between a typical
developer behavior and a potentially risky deviation.

To enable these scenarios, we need to shift towards a more heterogeneous approach.
Currently, we utilize GraphSAGE in its standard form, hence GraphCP treats the network
as homogeneous. This limits the feature space for author and file nodes to be the same,
only containing their id and type attributes. A heterogeneous transition allows for type-
specific feature spaces. That is, author nodes could contain different features than file
nodes. Furthermore, a heterogeneous approach enables us to expand our graph. Instead
of using only author and file nodes, we could add issue nodes, and their corresponding
links, but also connections within the same node kind, such as those between files. So far,
the initial node feature vector consisted of their id and type. To include semantic similarity
between files, we could include the source code of the files or their module membership
in the project. For issues, we could incorporate information about the discussion and the
files they address. All this information can be encoded into a numerical format using
specialized encoder architectures (e.g, CodeBERT [18]). As described in related studies [14,
34, 49, 57] in Chapter 3, having heterogeneous graph data as input, we would need to train
independent embedding models per edge relation and later aggregate their representation
into one single node representation. This way, we can incorporate more information about
the entities and enable the model to learn specific semantic relations between entities.
Furthermore, based on our findings in Section 6.4.2, future work should prioritize the most
recent activities to train GraphCP. This eliminates outdated noise, such as developers who
only worked on the project at the beginning of the project’s lifetime.

In general, while our results confirm the strength of the topological signal, the logical
next step is to close the semantic gap through a heterogeneous approach. Future work could
build on our GraphCP approach by incorporating more information as discussed here, and
develop a more context-aware link prediction model on developer networks.
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Conclusion

This thesis provides an extensive discussion of practical application scenarios for link pre-
diction models which can enhance OSS project coordination. Based on these requirements
develop and evaluate GraphCP as a novel deep learning-based proof of concept. In par-
ticular, we evaluate to what extent a deep learning framework, specifically GraphSAGE,
combined with a non-linear neural network as classification head, can predict future con-
tributions. The concept of developer networks enables a graph-structured representation
of community activities within a project. This representation is used as input data for our
approach. The performance of GraphCP was compared against the random baseline as a
trivial comparison, the logistic regression baseline (LR) as an alternative to the non-linear
classification in GraphCP, as well as the simple popularity-based heuristic, preferential
attachment (PA).

GraphCP establishes a foundational proof of concept by modeling bipartite author-file
interactions as a homogeneous graph. The evaluation across seven different OSS projects
revealed three notable findings. First, GraphCP consistently outperformed Random and LR
baselines and remained highly competitive with PA. Second, an important finding is that
GraphCP always outperformed PA on peripheral node edges. This indicates that GraphCP
is able to find non-trivial links and does not consistently follow the popularity-based
trend. Third, in a targeted experiment, we further demonstrated that GraphCP performs
substantially better when trained on a smaller and more recent subset of activities. This
suggests that a more current state of the developer network is more meaningful, leading to
a better predictor for the future, rather than using the entire history.

In summary, while simpler rule-based or linear models offer a competitive baseline,
the more sophisticated non-linear deep learning method, GraphCP, allows for a more
explorative and precise understanding of developer networks. While the various application
possibilities explored in this thesis, i.e., recommendation systems, change impact analysis, or
anomaly detection, require more data integration and a heterogeneous approach, GraphCP
serves as a viable technical foundation. Consequently, this thesis presents a technical proof
of concept and real-world utility helping to improve the collaboration management and
quality of OSS projects.
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A
Appendix

a.1 Data Description

Table A.1: Overview of Edge Attributes per Relation

Category Attribute Cochange Issue

Shared Data

source ✓ ✓

target ✓ ✓

issue.id ✓ ✓

issue.state ✓ ✓

relation ✓ ✓

weight ✓ ✓

artifact ✓ ✓

artifact.type ✓ ✓

author.name ✓ ✓

committer.name ✓ ✓

date ✓ ✓

creation.date ✓ ✓

closing.date ✓ ✓

hash ✓ ✓

event.name ✓ ✓

file ✓ ✓

type ✓ ✓

Cochange-Specific

changed.files ✓ –

added.lines ✓ –

deleted.lines ✓ –

diff.size ✓ –

artifact.diff.size ✓ –

64



A.2 Hyperparameter Search Results 65

a.2 Hyperparameter Search Results

The following tables summarize the intermediate results from the hyperparameter search
per project. We highlighted the best combination and the embedding configuration id which
appeared the most in bold. L ID and E ID denote the hyperparameter configuration id for
the link prediction model and the embedding, i.e., the GNN, model.

Table A.2: Best Intermediate Results for Keras

L ID E ID AUROC AUPR

0 77 0.88 0.47

1 59 0.85 0.43

2 32 0.86 0.46

3 47 0.88 0.51

4 38 0.86 0.46

5 17 0.88 0.48

6 37 0.87 0.44

7 82 0.87 0.49

8 41 0.87 0.46

9 92 0.85 0.44

10 38 0.86 0.46

11 26 0.85 0.47
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Table A.3: Best Intermediate Results for Atom

L ID E ID AUROC AUPR

0 82 0.93 0.67

1 32 0.91 0.62

2 56 0.91 0.64

3 41 0.92 0.68

4 88 0.91 0.64

5 11 0.90 0.62

6 65 0.92 0.69

7 64 0.89 0.63

8 31 0.88 0.63

9 5 0.91 0.65

10 28 0.89 0.65

11 92 0.90 0.64

Table A.4: Best Intermediate Results for Deno

L ID E ID AUROC AUPR

0 53 0.88 0.53

1 82 0.88 0.55

2 80 0.90 0.59

3 76 0.88 0.58

4 36 0.85 0.55

5 77 0.87 0.53

6 29 0.88 0.54

7 2 0.84 0.53

8 29 0.88 0.54

9 2 0.87 0.54

10 14 0.86 0.53

11 7 0.85 0.54
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Table A.5: Best Intermediate Results for OpenSSL

L ID E ID AUROC AUPR

0 26 0.91 0.54

1 61 0.96 0.58

2 61 0.96 0.58

3 61 0.96 0.57

4 2 0.93 0.56

5 82 0.96 0.59

6 28 0.92 0.51

7 26 0.91 0.57

8 48 0.95 0.57

9 19 0.93 0.61

10 56 0.93 0.56

11 61 0.95 0.57

Table A.6: Best Intermediate Results for VSCode

L ID E ID AUROC AUPR

0 70 0.87 0.63

1 36 0.87 0.65

2 54 0.90 0.67

3 54 0.91 0.66

4 36 0.87 0.54

5 36 0.86 0.66

6 86 0.90 0.67

7 36 0.88 0.65

8 18 0.88 0.65

9 36 0.87 0.69

10 54 0.89 0.67

11 54 0.90 0.66
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Table A.7: Best Intermediate Results for Moby

L ID E ID AUROC AUPR

0 6 0.91 0.60

1 64 0.93 0.66

2 81 0.94 0.64

3 65 0.91 0.62

4 11 0.95 0.63

5 83 0.94 0.65

6 83 0.95 0.64

7 83 0.96 0.66

8 93 0.86 0.63

9 77 0.93 0.63

10 95 0.93 0.65

11 81 0.95 0.63

Table A.8: Best Intermediate Results for Nextcloud. For this network two combinations were limited
in our time constraint and did not finish. Therefore, we only have 10 configurations
reported.

L ID E ID AUROC AUPR

0 78 0.98 0.78

1 49 0.97 0.84

2 63 0.98 0.86

3 63 0.97 0.80

4 11 0.98 0.83

5 49 0.97 0.79

6 63 0.97 0.79

7 34 0.98 0.84

8 11 0.98 0.82

9 63 0.97 0.83

10 63 0.97 0.77

11 95 0.97 0.83



Statement on the Usage of Generative
Digital Assistants

For this thesis, we have used Grammarly
1, Chat-GPT2, and Gemini

3 as assistance for text
rewriting and technical consultation. Chat-GPT and Gemini were used to find a better
wording by describing the subject or a better articulation of our thoughts. The content was
written independently. In addition Chat-GPT and Gemini were used as a supporting tool to
verify our understanding of the technical concepts or to generate code snippets, especially
for specialized functions. No long AI-generated text or code blocks were included verbatim.

We are aware of the potential dangers of using these tools and have used them sensibly
with caution and with critical thinking.

1 https://www.grammarly.com
2 https://chatgpt.com
3 https://gemini.google.com/app
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