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Abstract

Across the different scientific domains, real-world complex networks have shown
to differ vastly in structure and distribution of topological measures. These mea-
sures, aiding as the input variables for topological link prediction models, help a
machine-learning model in its task of deciding whether a link exists or not in a
network. It is not always immediately clear which set of measures should be chosen
to represent the network.

Coming to aid are the scientific domains of origin. They help generalizing the
task of selecting an appropriate set of measures, under the assumption that certain
measures perform better on certain network domains. In this research, we investi-
gate the individual importances of network measures in link prediction models and
how these importances are distributed among the network domains.

In our experiments, we show that grouping networks by domain is only partially
effective as a method for feature selection. Namely, we find that only social networks
can be accurately distinguished from other domains. Most importantly, we intro-
duce a new topological measure that we use to show that grouping networks by their
global topological measure distributions is a better and more effective approach to
feature selection.
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1 Introduction

Network science is a field of research that focuses on the connections and structures in net-
works, which originally emerged from real-world phenomena. Euler can be recognized as
the first researcher in the field with his immensely popular paper nicknamed ”The Seven
Bridges of Konigsberg” [Eul36] that was published in 1736, where a real-life walking cycle
across different bridges is translated to what can be seen as the first actual problem in
graph theory. Since then, innumerous advancements and contributions have been made
by thousands of researchers that define our view on network science today.

Real-world networks originate from daily life and are maintained or extracted by com-
panies, the government or researchers. An example are social networks, such as Facebook
[Fac|, that serve as an apparatus to stay connected with others, and global pandemic
spread models [BFM™20], that help modelling a virus in case of a pandemic outbreak by
simulating direct interactions between humans.

A graph is a mathematical construct that consists of two sets of elements: nodes and
edges. Nodes can be connected by an edge, where the latter represents the link between
two nodes. Serving as an example are social networks, where nodes can represent individ-
ual accounts, and links a friendship between two accounts. The conceptual representation
of a network as a graph allows for deeper understanding of the complex topology that the
network possesses, because these properties and their distributions can now be measured
using an algorithmic approach as a function over the graph. These topological network
measures are indicators of the structural properties they define. Many measures of the
connectivity in a network exist, and each tell something different about the structure of
the network in question.

Within this network structure, entities and their properties can be classified or pre-
dicted by a machine-learning model to serve different purposes. Some examples of these
tasks are node classification on a publication network to classify the scientific domain of
papers [KCKY20], anomaly detection on text data to find spelling errors [FBM21], and
link prediction on an online social network to recommend new connections [KFA*16]. The
features used in machine-learning on networks can be defined using topological, embed-
ding, or model-based approaches [GHG'20]. Measures operate directly on the visible net-
work structure, and the features based on these measures are therefore interpretable and
explainable. Embedding methods use an embedding algorithm such as node2vec [GL16]
that can serve as direct input to embed the network’s vertices into a high-dimensional
space to a machine-learning algorithm. Model-based approaches such as the Stochastic
Block Model [HLL83| divide the nodes of the network in different communities and try
to induce link probabilities from the community structure.



In this research, we focus on the topological approach to link prediction. This approach
estimates the probability that a missing link exists or not, using the scores from one or
multiple measure vectors. These are combinations of one or multiple computed measures
over the network. In this context, the decision whether a link exists or not can be seen
as a binary classification task. This task is to be performed by a machine-learning model.
Statistical and machine-learning approaches have opened up new possibilities for classi-
fication by means of object classifiers. Examples of these decision-making algorithms are
Naive Bayes [Ris01], Quadratic Discriminant Analysis [GC] and Linear Regression [KY18].

All of these models require some kind of processable input. Feature extraction is a com-
mon step in machine-learning in which the actual observations are transformed to a latent
or observable feature space. Topological measures capture connectivity in a network on a
local scale and therefore help a machine-learning model by providing processable input.
However, choosing the correct set of measures can prove difficult. Measure performance
can be dependent on the type, community structure or even size of the network. Bias
could be introduced to a model if the measure captures the wrong information due to the
structure of the network. Moreover, the dimensionality of the algorithm will only increase
(and efficiency decreases) if more and more measures are added as features. All of these
issues together raise the question of how to select the correct feature set for a certain type
of network.

A machine-learning model is heavily dependent on its training input data and how
features correlate. At first glance, grouping networks by network domain seems a logical
method to inherit and interpret feature importances. This method has also been suggested
by prior work from Ghasemian et al. [GHG"20]. Real-world networks can span many dif-
ferent originating domains, but are roughly divided into six overarching domains: social,
biological, economic, technological, informational, and transportation. This way of group-
ing networks has several advantages, such as not having to perform any prior calculations,
using network meta information as a grouping factor.

However, there exists no guarantee that measures behave the same on different net-
work domains. Although a large set of commonly used network measures and algorithms
were specifically designed for social networks [KGZ15], suggesting their similar network
structure, the structural differences within a domain can be large [GHG™20]. This serves
as a lead that the performance of a measure is dependent on the structure of the network,
rather than the originating domain. We could therefore argue that grouping by domain is
too simple; this would especially be the case when the distributions of network measures
within the domain itself would be large.

We aim to identify network groupings that effectively generalize the process of select-
ing good measures as features in link prediction. If we first observe a network before it is
passed to the model, can we extract sufficient global topological information from it for
us to be able to say something about using certain measures as features in general? In
short, the three research questions to be answered are:



RQ1: Is grouping by domain an effective generalization method for selecting
good measures as features for link prediction?

RQ2: How can we identify alternative groupings based on the network topol-
ogy alone?

RQ3: What network measures are suitable for the task of link prediction on
particular kinds of networks?

The structure of this thesis can be briefly explained as follows. In Section 2 we discuss
recent developments and prior methods for feature selection and link prediction. Section
3 introduces our network dataset, mathematical fundamentals, approach to the problem
and network features, as well as the machine-learning model for link prediction and its
evaluation criteria. Section 4 contains our link prediction, topology-based grouping and
feature selection experiments and results, after we will give a conclusion in the final section.
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2 Background and Related Work

Model stacking is a broad concept to which many ensemble type of models belong to.
These models are best described by the idea of combining the output of multiple other
models and passing them to another machine-learning model. This concept is also referred
to as meta learning [HAMS20]. Popular approaches are bagging [KTP05] and Random-
Forest models [Ho95] that average predictions from a collection of decision trees. In the
context of complex networks and topological measures, the features for stacking are given
by the topological measures that compute a function over the network. The stacking model
itself can be any stacked machine-learning model that allows vector input.

Ghasemian et al. [GHG'20] developed such a stacking model for link prediction by
including topological, embedded and model-based features classes into a single Random-
Forest classifier. Their model performs near-optimal when error measures are compared to
theoretical computed maxima. Another interesting outcome of this work lies in the con-
tribution of each of the classes. Topological measures achieve considerable performance
near-equal to the performance of all three classes combined, which exposes the apparent
redundancy of embedded and model-based methods for link prediction in combination
with topological measures.

Traditional social networks and their analysis has had large impact on algorithmic ap-
proaches now available for complex networks. Focusing mainly on clustering, neighbour
similarity and the triadic closure, most measures available were specifically developed for
social structure. Examples are the Adamic-Adar index [AA03] and the clustering coeffi-
cient [HL71]. These methods try to link similar nodes together and assume that a degree
distribution is present in the network that follows a certain power law. Nodes in social
networks are likely to be connected if they have relatively more common neighbours,
facilitating triadic closure and shaping the network by the principle of homophily. This
concept can best be described by the sentence: ”A friend of a friend is also my friend.”
This triangular relationship between humans is most common in social networks.

Analysis by Mattsson et al. [MTH"21] gives insight into the opposite type of structure
that emerges from production networks. So called functional structure shows tetradic clo-
sure and contains much less triangles compared to the structure of social networks. In
functional structure, the network is shaped by the principle of complementarity: nodes
are likely to bind if they are similar to the other’s other neighbours. This is a property
that is commonly found in protein-protein interaction networks [HZW*19]. The contrast
in local connectivity with social networks is large, and the assumptions made in measures
based on triadic closure are unlikely to hold for functional networks.

Kovéacs et al. [KLST19] even speak of the triadic closure principle parador — their
research on protein-protein-interaction networks shows that the expected probability that
two nodes interact decreases as the Jaccard coeflicient (a measure for triadic closure)
increases. This trait is completely opposite in social networks. Where common neighbours
measures the number of unique length-2 paths between two nodes, they propose the
number of length three paths as a feasible solution for measuring link probability in
functional structure. Their experiments show that this measure outperforms common
neighbours on protein-protein-interaction networks and the number of length three paths
is a more stable predictor for networks falling in the functional spectrum.
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3 Methodology and Fundamentals

In this section, we describe in detail the dataset, approach to answering our research
questions, topological features and machine-learning model that we use in the experi-
ments section for link prediction. The features and the principles behind them will be
used extensively throughout this thesis.

In line with answering our research questions, we put forward a method for deciding
which network measures work well on which network groups. The first step in doing so,
is by creating a machine learning model for link prediction. We apply this model to each
of the 550 networks, which starts by sampling the edges into a training network and test
network. For both sets of samples, a fixed set of topological measures are computed. These
make up the actual training and testing data used in the machine-learning model, and
are referred to as the training and test set. First, a model will be trained on the training
set, where it will select the best hyper-parameters using cross-validation. At the end, we
optimize the models by applying a hyper-parameter search using a parameter grid. The
details of the machine-learning model are discussed in Section 3.3.

Our research questions are fixated towards the goal of finding out whether a grouping
is an effective method for finding good link prediction features. Therefore, if there exists
a lot of variance in model performance within the domains, we can conclude the grouping
is ineffective. This effectiveness stands in a direct relation to the variance in structure
of the network grouping. As discussed in Section 2, the differences in network structure
make choosing correct measures difficult. If we find a grouping where networks are placed
in groups that are highly similar in structure, we can expect them to behave equally for
network measures, and therefore link prediction. To grasp potential differences in struc-
ture within the groupings that is important to our link prediction model, Section 3.4
looks at three different aspects of how the model behaves on the grouping, by analyzing
performance variability, global measures and feature importances.

3.1 Network data

The dataset that we use is an expanded and revised version of the CommunityFitNet
corpus [GHC20]. The exact same dataset is also used in the model stacking paper by
Ghasemian et al. [GHG'20] and consists of 550 diverse real-world networks of different
size, structure and domain. The data was is available via ICON [ATS], an open-source
project containing the index of references to real-world complex networks. In 2017, I[CON
claimed to be several magnitudes larger than the second-largest network repository avail-
able for researchers.
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Data specification The data we use contains basic information about the networks
including the edgelist, network name and domain. Our dataset contains 124 (23%) social,
179 (32%) biological, 124 (23%) economic, 70 (12%) technological, 18 (3%) information
and 35 (7%) transportation networks. The smallest network contains only 18 nodes and
30 edges, and the largest 3353 nodes and 7562 edges. On average, a network contains
510 nodes and 1155 edges. In this work, edge types are disregarded and all networks are
therefore interpreted as undirected graphs. Three networks from the dataset are depicted
in Figure 1.

3.2 Topological measures

In this section, we explain the mathematical foundations of the measures that are refer-
enced in the remaining sections. These are the measures that are used in our link pre-
diction model. Alongside already existing measures, we propose a new network measure
for identifying square closure with the intent to capture new and additional topological
information for link prediction.

In general, we observe an undirected network G = (V, E) with n = |V/| vertices and
m = |E| pairwise links, where two vertices u and v are connected iff {u,v} € E. We
also say that a link e;; creates a connection between two nodes v; and v;. The direct
neighbours (neighbourhood) of a node u are defined as N(u) = {v | {u,v} € E}. The
number of neighbours of u is referred to as the degree of u, d(u) = |N(u)|. In the context of
link prediction, we observe only a subset ' C E of links among the set of vertices V. The
missing links £ = (E x E)— E’ are to be predicted by a function (measure) d : {u,v} — R
that inputs the observed and incomplete network’s missing links and outputs a score for

(a) Social. (b) Biological. (¢) Technological.
Norwegian board of directors Roundworm metabolic rate ISCAS89 circuit benchmark
n = 520, m = 1814 n =297, m = 2148 n =491, m =704

Figure 1: Three networks randomly sampled from 3 domains, including meta information
and in circular layout using variable diameters. Links are color-scaled to indicate high-
degree nodes in red.
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each of such a missing link {u,v} € E, based on the topological measures of the
observed network. The higher the score, the higher the fitted probability that the link
actually exists in the complete network. We use these formal notations throughout the
definition of the topological features in this section.

We also distinguish between local and pairwise measures.

e Local measures are defined for pairs of nodes {u,v} and typically return a scalar
f(u,v) =y for a subset of links in the network.

e Pairwise measures are constructed from node-specific measures. For example node
degree can be defined for pairs of nodes {u, v}, such that the output of the function
f(u,v) = (y1,y2) is a tuple, with y; being the degree of the first node and y, of
the second node. This is particularly useful in link prediction, where we can now
capture node-level information on both ends of the link.

3.2.1 Local measures

Common neighbours Nodes with ties to the same neighbours are often said to be
similar. The simplest measure of similarity between two nodes is the number of com-
mon neighbours that they share. Common neighbours is defined as the size of the set
intersection of the neighbours of two nodes.

CN(u,v) = |N(u) N N(v)|

Jaccard coefficient Common neighbours requires scaling because the degree of a node
may play a role. Nodes with higher degree have proportionally more ties and possibly
more common neighbours. Therefore, we divide this number with the union of neighbors
of both nodes. Respecting only the direct neighbours of the nodes, the Jaccard coefficient

is defined as
~[N(u) N N(v)]

[N (u) UN(v)]

Adamic-Adar index Based on the theory that a link of a node connected to a
large hub is less meaningful in predicting links than a link from a node that is more
isolated and therefore more unique, Adamic and Adar proposed inversely counting the
common neighbours [AA03] (which is also inversely respective to the degree of a node).
The Adamic-Adar index for node pair u, v is defined as

1
A= D )

€N (u)NN (v

J(u,v)

L3-score Expanding on the functional structure of networks as described in Section
2, Kovécs et al. [KLST19] define a new measure for link prediction on protein-protein-
interaction networks. They do this based on the principle that proteins do not necessarily
interact when they are deemed similar, but when their neighbours are. The measure is
based on paths of length 3 and defined for two nodes u and v, including degree normal-
ization, as

13



j : auxaxyayv
z,yeV 'V

where a,; = 1 if {i,j} € E, and else a;; = 0. The scoring in the numerator is corrected
by the square root of the multiplied degrees of the iteration variables. Therefore, L3-score
for pairs where either one of the nodes is an isolate is undefined. Kovacs et al. showed
that L3-score exceeds conventional similarity measures, such as common neighbours, in
predicting links for protein-protein-interaction networks.

Shortest paths The shortest path between two nodes wu,v is a sequence of nodes
(u, g, . . ., T4, v) such that the length between the two nodes of such a sequence dist(u, v) =
« is minimal. This number is also called the distance between u and v. Shortest paths are
applied in many different network types, such as transportation networks (finding optimal
routes), social networks (finding similar peers) or technical networks (internet routing).
The most popular algorithm for finding shortest paths was developed by Dijkstra [Dij59]
and runs in O(V?) time, polynomial in the number of nodes in the network.

3.2.2 Pairwise measures

Node degree The degree of a node is equal to the number of neighbours that the node
has. Intuitively, the maximum degree d(u) of a node u is d(u) < n — 1 when the network
consists of n nodes. Nodes with degree 0 have no connection to the network and are called
isolates. Nodes with degree 1 are situated at the outskirts of the vertex structure and are
called leafs.

Average nearest neighbour degree A well known and widely used measure for
capturing degree dependencies and relations between nodes is ANND. The ANND of a
node is equal to

o (1 Z d(v

’UEN

Dong et al. [YvdHL18] found that ANND scales with the size of the network, and could
therefore not be used to directly compare networks of different sizes.

Number of triangles and squares The number of triangles A\(u) is equal to the
number of unique triangles a node participates in. The number of squares ((u) is defined
analogously.

Clustering coefficient To measure clustering in networks, specifically social and real-
world networks, the clustering coefficient [HL71] is used. Social networks often have knits
of nodes that are densely packed together by ties. Near and between these so-called clus-
ters, the likelihood of links existing increases above the level of the the average link prob-
ability in a graph. The local clustering coefficient [WS98| takes advantage of this property
by measuring the extent to which these nodes cluster together; this means calculating the
proportion of the links present in a node’s neighbourhood. The local clustering coefficient

14



for a node w is the number of links that exist in the node’s neighbourhood divided by the
total number of possible links that could have existed (first expression).

— 2'|{j7k - Uy, Uk GN(U)a{jak} € E}|
Calu) = du)(du) — 1)

Squares clustering coefficient The local squares clustering coefficient C3(u) of a
node u is defined as the fraction of possible squares that exist at node w.

Cota) = — ot Zamen ON (@)
S S la(z, y) + CN(x, )]

where d(u) denotes the degree at node v and z and y are node labels, CN(x,y) the
number of common neighbors of « and vy, a;(z,y) = (k; — nu(z,v))(ky — nu(z,y)) with
nu(z,y) = 1+ CN(z,y) + 0y, with 6,, = 1 if 2 and y are connected and 0 otherwise
[LGHO5]. Considering that conventional triangle clustering (as explained above) calcu-
lates the probability that two neighbours of v are connected, square clustering could by
explained by the sentence: " The probability that two neighbouring nodes of v share an-
other neighbour w # v.”

Closure coefficient In [YBL19], Yin et al. introduce the local closure coefficient as a
measure that quantifies head-node-based link clustering. Instead of the "two of my friends
are also share a friendship” used in local clustering (Figure 2-A), local closure sheds new
light on triadic closure. So far, we discussed clustering techniques where a local value can
be computed for a node u residing in the center of its neighbours. A different way of
reasonable thinking in this aspect, especially for social networks, would be the principle
of 7a friend of a friend is also my friend” (Figure 2-B).

As an alternative to the center-based approach, the local closure coefficient is defined
for a head node u. Firstly, a 2-wedge W, is an ordered pair of edges Wy = (ey, e2) that
share exactly 1 common node, also called the center of the wedge. The head of a wedge u
is defined as the other endpoint at the beginning of the wedge. A wedge is called closed,
if the head and the tail of the wedge are directly connected. For example, in Figure 2-B,
(u,v,w) is an open length-2 wedge.

The local closure coefficient Hy(u) for a node u is defined as the fraction of closed
wedges for which wu is the head node.
2\ (u)

Bl = m ey

where Wz(h) (u) is the number of 2-wedges where u is the head. Each triangle consists of
two closed wedges, hence the 2 in the numerator. Yin et al. found that including the local
closure coefficient as a covariate in machine-learning improves link prediction done on
social networks. Including this feature in a model for multiple domains will show if the
local clustering coefficient can prove useful in a more broad application.

15



Figure 2: The local clustering coefficient (A) and the local closure coefficient (B) with
center- and head node u. Figure taken from the paper from Yin et al [YBL19).

3.2.3 Novel measure

Squares closure coefficient We extend the notion of closure to tetradic (and afterwards
to arbitrary) form by defining the local squares closure coefficient as the fraction of length-
3 wedges that induce an length-4 cycle (a path of unique vertices of which only the first
and last vertex are the same).

2R4 (U)
3(u) = ),
W5 (u)
where Ry(u) = ((u) is the number of unique length-4 cycles trough node u and Wéh)(u)
the number of length-3 wedges headed at node u. The basic principle for this type of local
closure coefficient Hy for wedges of length ¢ > 2 can be analogously defined as:

_ 2R (u)

= )

Now, Ry(u) is the number of unique length-(¢ + 1) cycles trough node u and Wz(h)(u)
the number of length-¢ wedges headed at node u. A depiction of the idea behind square
closure and clustering can be found in Figure 3. Whereas squares clustering coefficient
measures the proportion of closed squares around a node u, the squares closure coefficient
in Figure 3b measures this proportion only for tetradic closure where u is the head node.

(a) Squares clustering, (b) 3*"-order closure,
center-based. head-based (proposed).

Figure 3: Squares clustering coefficient and the newly introduced closure coefficient.
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3.2.4 Overview of features

In concreto, the measures explained in Section 3.2 that are used in link prediction model
are summarized in Table 1 above, including their types and notation. All of these methods
define a score for a pair of nodes (local) or for both nodes individually (pairwise).

Description Notation  Type
Common neighbours CN Local
. Jaccard coeft. J Local
Link-based Adamic-Adar index A Local
L3-score Ls Local
Quasi-link-based Shortest path P Local
Degree d Pairwise
Triangle count A Pairwise
Square count ¢ Pairwise
Node-based Clustering Cy Pairwise
Square clustering Cs Pairwise
Closure H, Pairwise
Square closure H; Pairwise
Quasi-node-based  Neighbour degree dn Pairwise

Table 1: All network measures used as topological predictors in this research.
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3.3 Link prediction model

In this subsection, we explain our choices made in the set-up and implementation of our
machine-learning model for link prediction. We will be sampling the training set and cre-
ating the corresponding features. In our case, the topological features can be used as input
for the link prediction task. These features carry topological meaning with regard to the
graph that is analyzed and represent its structural properties on a local (node/link-based)
level. All the local features together make up the feature matrix of a graph, where the
columns represent local entities of the graph such as nodes or links, and the rows repre-
sent the different network measures. Machine-learning models rely on structured data of
invariable length, which is why a fixed set of features is chosen as representatives of the
graph data.

3.3.1 Sampling edges

Creating a representative training and test set for our model is an important step in the
process of preventing model bias. In machine-learning, it is common practise to split the
set of individual examples into two sets: one for training and one for testing. In Figure 4,
we observe the structure of our machine-learning model. As its name reveals, the training
set is used to train the model, or more specifically, find the best fit for its parameters. In
turn, the test set is used to evaluate the model after training. The combination of samples
in this dataset have not been seen by the model during training and are therefore of eval-
uative importance. Both datasets should contain both positive and negative examples of
missing edges, ideally with an even distribution, so there exists no class imbalance. The
first step in the process of creating training/test data is creating a representative sample
of edges, and is divided into two steps: sampling the original network and sampling true
and false edges.

L Training sat -
Training network 9 Model selection
.
Edge sampling Feature exiraction Hyper-parameter optimization
L} — Evaluation E—
Holdout netwaork Holdout set Results

Figure 4: The flow of processes in our machine-learning model.
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Sample the original network To be able to predict missing links, a uniform sample
of the original network is drawn. Such a sample is what we consider to be the observed
network. From a depiction found in Figure 5, we see a network in its original state (a) as
found in the corpus, an observed network (b) where two edges have been removed by the
sampling method, and examples of true and false missing edges (c) in green and red. The
sample in (b) is drawn two times individually, for the training and test set. It is the task
of the machine-learning model to predict the missing links, only taking into consideration
the structure that exists in this observed network. The sampling method that we use in
this step is a standard binomial (discrete) distribution.

P(N) = (;)pN(l —p)" ",

where we choose probability parameter p = 0.8, and N is the number of edges in the
network. This method creates a uniform distribution for our edges, with a probability for
every edge to be in the observed network of 80%. The edges that are not chosen are defined
as missing edges. This process is repeated two times to create two observed networks, one
for training and one for testing using the same sampling rate p. As previously mentioned,
we call these networks the training network and test network respectively.

(a) Original network. (b) Observed network. (c) True/false edges.

Figure 5: Depiction of the sampling procedure.

Sample true and false edges By comparing the observed and original network, we
create a set of positive and negative samples. These are respectively the true (existing)
and false (missing) edges of the observed network. For both types of edges, we draw the
samples from a discrete uniform distribution. For practical reasons and preventing class
imbalance, the sample size N is fixed to a common constant for both true and false can-
didates.

Note that for networks with smaller amount of links, this will intentionally lead to
many duplicate samples. The uniform distribution that we chose to select our samples
does not take into account that there exist much less links than ”gaps” (no links) in
the network. Therefore, especially in smaller networks, links are massively over-sampled
while gaps are not, resulting in a model that is trained with more representative data for
gaps than for links. It is because of this fact that the model is likely to perform much
better for detecting gaps than it is in detecting links. Larger quantities of data are, how-
ever, required for most machine-learning models, as they are found to be ”"data hungry”
[Lee75]. We therefore knowingly anticipate that our model performs better on gaps than
on missing links.
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3.3.2 Supervised machine-learning

Supervised machine-learning is best described as a learning task where the correct output
of a sample is known and used to punish or reward the model when it acts upon it. In the
context of link prediction, the task at hand is the binary decision problem link (1) /
no link (0) where a model is trained by feeding it samples of links and their topological
context. The model is subsequently updated using the values of the labels. The samples in
this context are provided by a pair of nodes (u,v) and their calculated features, together
representing a potential link and its context.

u v CN J A L3P T-u T-v S-u S-v ...

Figure 6: Two rows of example training data.

In Figure 6, two dummy samples are shown. The observations (rows) include a pair of
nodes and their respective features. Because node-based measures are not directly defined
for node pairs like link-based measures, these measures will add both the feature value for
u and v to the context of node pair (u,v) and are called pairwise methods. The method
for sampling the edges (node pairs) is described in Section 3.3.1.

Because the main objective in this work is to find feature importances of the network
features, the machine-learning model that will be used as a classifier for link prediction
will be the RandomForest algorithm. RandomForest is popular model that allows for easy
interpretation: the model builds a collection of decision trees and applies majority voting
to decide the outcome value, as is shown in Figure 7. This way, the model never performs
"worse” than selecting the best measure. The major asset this model has, is that its
feature importances are easily computed since they follow directly from the splitting of
trees.
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Figure 7: Internal structure of the RandomForest classifier [ZCR18].

20



3.3.3 Evaluation metrics and criteria

To measure the performance of the model, we use three evaluation metrics, namely pre-
cision, recall and Area Under the Curve (AUC). Precision measures the proportion of
correctly guessed links (or nonexistence of a link — called a gap) and recall measures how
many of the total links existing in the original network were actually found.

TP: Correctly predicted links. FP: Wrongly predicted links.
TN: Correctly predicted gaps.  FN: Wrongly predicted gaps.

Using the collections of true/false positives/negatives, we can calculate precision and
recall accordingly by dividing the correctly predicted links.

TP TP

Pr= —— - -
"TTPirp Re= 75T FN

The values of precision and recall are in the range [0, 1]; higher values indicate a better
performing model. For example, models with Pr ~ 1 and Rc =~ 1 indicate a near-perfect
model and in a binary decision problem, a precision value of Pr = 0.5 would indicate a
random guessing model.

Perfect
classifier ROC curve
1.0e

0.5

True positive rate

0.0 0.5 1.0
False positive rate

Figure 8: Three ROC curves of different models [Tho].

Receiver Operating Characteristics (ROC) are common practise for evaluating model
performance. These type of curves plot the true positive rate (recall) against the false
positive rate, as seen in Figure 8. The area under this curve is considered to measure how
well the model discriminates between two classes and is a summarization method for the
ROC curve. When AUC converges to 1, the model is perfect in discriminating classes.
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AUC should, however, always be accessed in combination with other evaluation met-
rics. Especially if the originating dataset is imbalanced as in our case, AUC can give
misleading results as a metric in classification problems. Because the ROC curve shows
the trade-off between the false and true positive rate, if our large false positive rate is
high but our true positive rate is not, AUC can still evaluate to high values. The expected
high performance on gaps and therefore high AUC must therefore be analyzed with the
lower performance on links in mind.

3.3.4 Model selection

A RandomForest classifier has many hyper-parameters that can be tuned. We choose two
important hyper-parameters that need tuning, namely the number of trees in the forest
and the maximum depth of a tree. We optimize the parameters by means of a grid search.
To try and generalize the model, we perform fivefold cross validation during training.
This means randomly splitting up the training network in 5 parts. For five iterations, the
model is trained on 4 different parts of the data and evaluated on 1. After this process,
the statistics (precision, recall, AUC) are averaged. Using cross-validation can prevent
overfitting and selection bias. The parameters of the model with the best statistics are
saved. This is what we call the best model. Finally, the best model is tested against the
test network; these test statistics serve as the conclusive verdict for the model.

3.4 Group evaluation

In order to access whether a grouping of networks is successful in generalizing networks
with the aim of selecting features for link prediction, we look at three different aspects of
our networks in relation to the model.

Model performance We analyze how groups of networks perform in link prediction
using histograms. This performance distribution tells something about the structures of
the networks within and between groups. Ideally, each group has a small variance in the
group itself, meaning that all networks in that group have near-equal performance.

Global measures We observe the global network measure averages using tables to find
out how the global measures in a group are distributed. This global structural information
is a factor in deciding if networks in the same groups are similar to each other.

Feature importances We report the importances of the network measures as features
of our model per group to find out which measures work well as link prediction features
for particular groups of networks.

These three aspects combined are our approach to answering the first two research
questions in the Experiments section and to creating a good topology-based grouping of
networks. For answering our final research question, we look at the feature importances
per group (last aspect) to find out which measures work well as features on which groups.

22



3.4.1 Performance variability

The performance of the link prediction model on particular groups of networks tells some-
thing about the similarity of these groups seen from the model’s perspective. In order to
find these differences in model performance, we look at the evaluation metrics and crite-
ria of the link prediction model as discussed in Section 3.3.3, namely AUC, precision and
recall, as well as the distribution of these metrics among the different network groups.

3.4.2 Global measures

Global measures are those that are defined on a network scale and typically return a single
scalar value f(G) = y that relates to the network G as a whole, such as average network
measures. Unlike local and pairwise measures, this type of measure is not used as a feature
for link prediction, but as a tool for helping better generalize grouping networks in the
Experiments section. We use tables to report the global measure values and variance in
order to find out if the grouping resulted in groups with small variance, indicating their
structural similarity on a global level. The measures used as grouping factors are listed
below.

Average degree and degree variance An often used concept to gain a better
understanding of a networks’ structure is the distribution of the degree over the nodes
in a network. For a node degree d and ng nodes in the network GG that have degree d,
we define the degree distribution as Pg(d) = 4. In real-world (that is, non-artificially
created) networks, we often observe the degree distribution to be right-skewed. This is
explained by the observation that a higher number of nodes has a lower degree, and a
small amount of nodes has a high degree. For in example social networks, such as social
media platforms where a relatively smaller number of popular individuals are followed
by a large audience, this is especially the case. The degree distributions of these kind
of networks are sometimes said to follow a certain power-law, where Pg(d) ~ d~7 and
v € R. The average degree of a network is defined as d = 2 37 d(i) where d(i) is the
node degree of node i. The variance of the degree distribution d,2 is analogously defined

as dy2 = L3°0 (d(u) — d)*.

Network density The density D of a graph is a normalized value 0 < D < 1 and
represents the percentage of possible links in the network. A dense graph has a density
closer to the value 1 and the same graph with fewer edges will have a lower density value.
The density of an undirected graph is defined as D = % The denominator is equal
to the total possible number of links and the numerator represents the number of edges
currently present. Because we analyze undirected graphs, the number of theoretical pair-
wise links is two times larger than the number of undirected links.

Network diameter Network diameter R is defined as the longest of all shortest paths
in a network R = max({dist(u,v) | (u,v) € V' x V}). Network diameter tells something

about the size and the connectivity in the network.

Network assortativity The degree and degree distribution of a network provides
insight in how the structure of a network may look, but also requires further analysis,
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because these measures are, after all, simple frequencies of the local entities of a graph.
We increase our top level graph analysis by including another feature (a coefficient), that
can prove interesting for our research. The degree assortativity of a network [New03] is a
value —1 < p < 1 that measures in what way high and low degree nodes are connected
to each other. An assortative network is a network where on average high degree nodes
are connected to other high degree nodes, and low degree nodes are mostly connected to
other low degree nodes. The network is said to be disassortative when the opposite is true:
high degree nodes are connected to low degree nodes and vice versa. Negative values of p
therefore indicate that a network contains a decent amount of connections between nodes
of different degree. Network assortativity between pairs of linked nodes is defined as

Eu,vEV uv - (euv - quqv)
r= 5 ,
0-‘]

. .. . _ (v+1)-P(v+1)
where ej;, is the excess degree distribution of the two nodes together, ¢, = Sy P

where, and 02 is the standard deviation of ¢,. The numerator represents the variance of
our variable (the degree) and the denominator the deviation. Therefore, this fraction is
simply the Pearsons correlation coefficient between the degrees of linked node pairs.

Spectral bipartivity We refer to the paper of Mattsson et al. [MTH"21], where a
distinctive type of network is identified that has an unusual structure. The so-called func-
tional networks are those that follow a rather different interpretation of the meta concept
of a tie discussed so far, and have an over-representation of square ties instead of triangle
ones. Such structures are usually found in large production networks, biological networks
or any network that represents a complex (often biological) function. In the biological
field, modeling these interactions results in a mapping of proteins and their interactomes
that are interpreted as a complex network and have important applications in the discov-
ery of diseases and new drugs.

The presence of a relatively large amount of closed squares, makes that the process of
identifying the structure of functional networks is inherently connected to bipartiteness.
A bipartite network is defined as a network whose vertices can be divided in two sets,
such that there exist only links between these two sets and not between elements of sets
itself. An important characterization and result of this property, is that the graph does
not contain any odd-length cycles. Naturally, graphs that come close to being bipartite
contain more cycles of even-length and vice versa. In search for a quantifying method in
functional structure, Mattsson et al. try to identify this structure using spectral bipartivity
[ERV05]. The spectral bipartivity b, of a graph with adjacency matrix A is defined as

_ trcosh(A) —trsinh(A)  trexp(—A) e
* " trcosh(A) +trsinh(4)  trexp(A) > e

where tr denotes the trace of the matrix and \; < ... < A, are the eigenvalues of the
adjacency matrix A. To normalize the value of b, for all graphs, a logistic transformation
is applied to bind spectral bipartivity so that 0 < b, < 1. Under this circumstance, a
value by = 1 would indicate a fully bipartite graph, and a value by = 0 a complete graph
(a graph with maximal linkage and cycles).

24



Node-based averages For degree and both clustering and closure techniques, we
also incorporate network averages to find out if any of these values can help in selecting
features. Averages are derived by summing up and dividing by the number of total nodes
in the network. For a measure X taking a certain node u as argument, the following holds:

_1
X = mZ}((u)

ueV

Description Notation

. . Number of nodes n
Meta information

Number of edges m

Average degree d

Clustering Cs

A ) ’
Verages Square clustering Cs
Closure Ho
Square closure H;
Degree variance dy2

Assortativity r

_ Transitivity C
Statistics Diameter R
Spectral bipartivity b

Density D

Table 2: All global measures used in the topology-based grouping of networks.

3.4.3 Feature importances

Determining if a feature is useful or not in a collection of decision trees can be measured by
the Gini-importance [NKW18|. This metric measures per variable how well it splits nodes
with yet undetermined labels into pure single class nodes. For example, a feature that is
responsible for many conclusive splits in the decision tree will have high Gini-importance
and can be described as an important feature for the model. A feature that accounts for
only a few splits has little deciding power in the model, and has a low value for Gini-
importance. As shown in Figure 6, a pairwise network measure results in two separate
features in the machine-learning model. For better interpretation, we add the feature im-
portances of nodes v and v to create the joint feature importance of a pairwise measure.
All feature importances are averaged per domain for improving the interpretability of the
results.
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4 Experiments and Results

In this section, we describe the set-up of our link prediction experiments and show results.
Section 4.2 describes how we construct a baseline model for link prediction, with the aim
of studying whether grouping networks can be an effective generalization method for se-
lecting good measures as features for link prediction. In a second experiment, we analyze
the relations between global measures of the network to find out whether a topology-based
grouping is a better solution for feature selection in link prediction.

4.1 Experimental setup

For all experiments, we used a fixed sample size N = 10* for the edges. The grids for
our grid searches on the depth and number of trees are respectively [5,10,...,95,100]
and [20,40, ...,180,200]. This gives a total of 200 potential combinations of parameters.
Furthermore, the experiments were implemented using Python v3.9.6 and performed with
the following setup:

CPU: Intel Core i7 6-core @2.6GHz
RAM: 16GB DDR4 @2667 MHz
O8S: macOS Monterey 12.5

In this series of experiments, a RandomForest model for link prediction is fitted and
tested on each network in the dataset. We follow the approach from Ghasemian et al.; in
which every network is fitted individually on a model, creating a total of 550 models with
the same feature set. The networks are sampled for their edges, and the corresponding
topological features are calculated. We follow a similar extensive hyper-parameter grid
search, applying 5-fold cross-validation to find the best number of estimators and tree
depths. We apply this optimization procedure for each of the 550 models.

Concretely, this means that we first apply a model selection phase in which the model
is fitted to each specific instance of the parameters in the searching grid. The parameters
of the model with the highest average performance are kept. A second holdout perfor-
mance phase serves as a final test. The model is fitted one more time, using the best
hyper-parameters found in the previous phase. The feature importances are calculated
from this final model, and the final report statistics are found in applying this model to
the test network.

4.2 Group by domain

The results in this experiment are analyzed per domain. As discussed in Section 3, we
follow our approach by first analyzing the variability of model performance. After this,
we look at the global measures in order to determine whether this way of discriminating
complex networks is sufficient enough for distinguishing between important and non-
important topological measures for link prediction. Finally, we decide (if possible), based
on the feature importances of the model, which measures work well on which network
domains as link prediction features.
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4.2.1 Model performance

In Table 3 the performance metrics are given per domain, where the precision and recall
values are given for the 1ink class label. Social networks score the highest; on average, the
model is correct 89% of the time a link is predicted and is able to retrieve 79% of the total
missing links. Since we report AUC = 0.96 for this domain, the model seemed to learn the
task very well for social networks. Precision and recall values for the other domains are
substantially lower. Relatively low precision and high recall can be found in the economic
domain, indicating that this model is not very accurate in classifying missing links, but
can retrieve around 49% of the total missing links. Note that the AUC scores are not in
line with the precision and recall values of only the 1ink class label. This is expected
behavior, which is discussed in Section 3.3.3.

If we compare our findings with those of Ghasemian et al. on all domains (Pr: 0.31 +
0.33, Rec: 0.35 £ 0.29), we observe that we report both better and more stable precision
(+4% percentage points) and recall (+5%) metrics. The added context of the new fea-
tures seem to capture additional information about network structures that favors the
link prediction model. However, we report a decrease in AUC (—5%) due to our lower
performance on the no 1link class. We are therefore unable to state that our model dis-
criminates better between both classes. Nevertheless, our model makes an improvement
towards the retrieval of missing links and the performance of precisely selecting missing
links.

Domain AUC Pr Re

Social 0.96+0.09 0.89+0.22 0.79+£0.28
Biological 0.794+0.12 0.21+0.23 0.17£0.18
Economic 0.824+0.06 0.16+£0.12 0.49+0.16
Technological  0.76 £0.11 0.22+0.21 0.20£0.18
Informational  0.81 +0.14 0.34 +0.26 0.23 £0.26
Transportation 0.78 +0.10 0.20 £0.23 0.354+0.19
All domains 0.83+0.12 0.35+0.36 0.40£0.32

Table 3: Performance metrics (mean =+ std). Precision and recall for the link class.

In Figure 9, we observe the distribution plots of our performance metrics among the
six different domains. A first observation reveals that there exists a somewhat clear uni-
modal distribution with one peak for the social domain for all performance measures.
This indicates that the diversity within these networks in terms of performance is not
large. Moreover, this peak is always near the right side, indicating that the links of almost
all social networks are easy to predict. For economic networks, we also observe a clear
unimodal distribution. For recall, this if found near the center, which indicates that a mod-
erate amount of the missing links is still found. Precision is, like for the other remaining
domains, very low. Biological and technological networks have a long distribution span,
which indicates that within the domain itself, large performance differences can exist for
networks of these domains.
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Figure 9: Distribution plots with kernel density estimations for performance metrics.
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4.2.2 Global measures

In the previous experiment, we have shown that the link prediction performances of net-
works grouped by domain differ vastly, and the variance of the performance within do-
mains can be large as well. To further investigate the differences between network domains,
we observe the global measure averages in Table 4. If we observe these values by means of
a variation coefficient C'V = 2. it becomes clear that the variance within domains is very
high. For almost all domains and measures, it holds that C'V > 1; with the one exception
being social domains. For all global measures in the social domain except D, it holds that
CV > 1, and therefore the social domain is the most stable one. Other domains show
high variance coefficients for either the proportional network values, measures or both.

So far, this explains the uniform performance of our link prediction model on social
networks found in Section 4.2. The grouping of social networks within a single domain
as a separate category of networks is effective: the variance within the domain is low
and, especially clustering and closure measures, take on distinctive values which cause
this network domain to be different between domains. The increased connectivity in social
networks causes the closure and clustering coefficients to be larger than in other domains.
We observe higher triangle closure and clustering for social networks when compared
to square-based methods. This trait is reversed in biological and economic networks; 3-
wedges more often close into a square than 2-wedges close into a triangle.

With the exception of social networks, we observe high variance for all network do-
mains. This further validates our assumption that network domains of origin are not a
feasible generalization method for feature selection.

Social Bio. Eco. Tech. Info. Transport.
124 (22.5%) 179 (32.5%) 124 (22.5%) 70 (12.7%) 18 (3.27%) 35 (6.36%)
n 559 + 260 294 + 392 702 4+ 303 533 + 436 494 + 703 721 + 693
m 1,988 £800 780+ 1,033 866 + 460 1,061 £896 1,266 + 1605 1,274 4+ 1216
A 4k + 1k 2k £+ 9k 1k + 4k 1k + 1k 1k + 2k 1k + 4k
n 26k + 24k 54k + 420k 21k + 147k 13k + 45k 19k + 46k 29k + 122k
EZ_ 8+3 6+7 3+6 441 5+3 3+3
Cy  0.84+0.16 0.14 +£0.11 0.04 £0.14 0.124+0.14 0.22 £0.12 0.10£0.13
Cs  0.50+0.14 0.154+0.12 0.04 £ 0.05 0.05+0.05 0.06 + 0.04 0.04 +0.04
Hy  0.59+0.12 0.09 +0.15 0.02 +0.09 0.04 +0.05 0.08 +0.06 0.06 + 0.06
Hsz; 0.15+0.03 0.06 + 0.06 0.02 +0.03 0.02 +0.02 0.03 +0.02 0.02 £ 0.02
d g2 541 6+4 3+4 5+5 8+4 3+5
r 0.23+0.22 —-0.23+0.25 —-055+0.22 —-0.12+0.14 —-0.25+0.23 0.05+0.15
C 0.66+0.14 0.114+0.18 0.03+£0.12 0.07 +0.07 0.13+0.09 0.10 +0.08
R 144+4 11+9 288 14 + 18 7T+3 34 £ 18
bs 0.51 £0.05 0.78 £ 0.21 0.96 +0.14 0.76 + 0.22 0.59 £0.14 0.88 +£0.15
D 0.03+0.05 0.07 +0.08 0.01 +0.05 0.01 +0.01 0.03 +0.03 0.01 +0.01

Table 4: Global network measures over the six different network domains in the dataset

(mean =+ std). k£ = 1000.
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4.2.3 Feature importances

In Figure 10, we report the feature importances for the features used in the machine-
learning model for link prediction. We observe that (quasi) link-based measures work
best for social networks, likely because of their relation with triadic closure. However,
the shortest path is in the lead. L3-score is not expected to make any contribution here,
because the measure was designed for functional networks. The other features play little
part for social networks. Methods like the clustering and closure coefficient would theo-
retically work well on social networks. Apparently, providing more node-based structural
triadic closure information in addition to methods based on triadic closure, like common
neighbours, has little benefits for the model. This could also be an explanation for the
fact that square/node-based measures are slightly more important than triangle ones for
this domain.

Other networks seem to rely most on node-based measures, such as the local degree
and average neighbour degree of nodes, where the link-based measures are of very little
importance for these domains. This is easily explained by the fact that these models are
built with triadic closure as a base principle in mind. As a quasi link-based method,
shortest paths still works decently on technological and transportation networks. For
the other node-based measures, we observe that square-based methods work better than
triangle-based ones, especially for biological, technological and informational networks.
The difference, however, is minor, and not as high as expected. The L3-score was expected
to work (very) well on functional networks, but shows very little importance for almost all
domains. This is another indication that the domain grouping is ineffective in separating
networks based on their structure.

4.2.4 Feature recommendations

Only for social networks, we found that the variance within the domain is small. This
means that we can only come up with a feature recommendation for social networks
versus all other networks in Table 5:

Domain Recommended features for link prediction

Social Link-based measures: P, CN, J, A
Other Degree-based measures + P: d, d,,, P

Table 5: Feature recommendations for link prediction on the six network domains.

We see, that for social networks, the link prediction model largely relies on link-based
measures, especially ones based on triadic closure. Node-based measures add very little
structural information in addition to important measures for social networks, such as
common neighbours. Shortest paths is found to be the most important measure. Other
networks rely heavily on the local degree and average neighbour degree. Link-based mea-
sures are not important at all, including the L3-score which was expected to provide
additional structural information about functional networks. We see that shortest paths
also works decently on other networks than social ones.
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Figure 10: Feature importances for the 13 features used in the link prediction model.




4.3 Finding a topology-based grouping

So far, we have found that domains are not a good generalization method for the struc-
ture of networks, and therefore also not a good method for recommending features in link
prediction. In this experiment, we try to find relations between the global measures of
networks to create a topology-based grouping that is potentially better suited for general-
izing network structure. Until now, we have experimented with using the domain of origin
of networks as being the generalization method for selecting measures as features in a link
prediction model. We discovered that the large variance present in most network domains
prevents an accurate mapping of effective features against domains as network groups.
In this experiment, we will discover whether we can effectively lessen this variance. The
distributions of the global network measures accountable for most of the variance possibly
provide an accurate categorization of networks that will help us select good features for
link prediction. Firstly, we will use a principal component analysis to find the global mea-
sures accountable for the most variance in the networks. Secondly, we create a grouping
based on the distribution of these measures and define these groups.

4.3.1 Principal component analysis

The high variance of global measures within domains that was found so far can have
different origins. We use a linear decomposition method to describe and begin to explain
this variance. Principal component analysis [BP87] reduces a feature matrix of arbitrary
dimensions into a fixed dimension size by creating a new set of uncorrelated variables
that represent the original matrix, while retaining the maximum possible amount of in-
formation. The axes of this decomposition, effectively linear combinations of the original
network measures, are also called principal components and all explain a percentage of the
variance in the original data. By examining the linear coefficients (component loadings)
between the principal components and the original measures, we can determine which of
the measures explain the most variance.

In Figure 11, we observe the results for PCA on the global measures of the entire
corpus. The components are accountable for respectively 47%, 18% and 14% of all the
variance among the measures. The first axis of the linear transformation captures only
about half of the explained variance, and is on itself not sufficient for a good representa-
tion of the data. The three components together explain 79% of the variance among the
variables. The results of the object coordinates in Figure 11a show that PCA allows us to
reasonably identify the social networks and economic networks as clusters. This is in line
with our previous experiments. Other networks tend to be more spread in the principal
component plane. Especially biological networks are found to be very diverse.

To find out which measures are a good candidate for grouping networks, we observe
the component loadings of this instance of PCA in Figure 11b. In the first and most im-
portant component, the largest linear correlations correspond to measures of local closure
based on either triangles or squares. Biological networks are widely spread on this axis in
Figure 11a, indicating that there exists a lot of variance within this domain with respect
to triangles- and square-favored networks. The other two principal components mainly
account for degree-based measures (PCAs) and the size of the network (PCAjy).
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Figure 11: PCA using global network measures as features.
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4.3.2 Topology-based groups

In order to determine whether there exist obvious other groups of networks in our dataset,
we go one step back in the process of generalization by computing global pairwise net-
work measures for all 550 networks. This time, we do not rely on the assumption that
network domains categorize networks well in terms of structure. Therefore, we visualize
all combinations of axes associated to different global measures that are possible. The
result pairplot can be found in Figure 12. Firstly, it becomes clear again that social net-
works have a very distinctive distribution in almost all global measures. The unity of
social networks is most visible in plots associated to triangle and square-based measures
(clustering, closure and network transitivity).

The long tail that is visible for biological networks in many global measure distributions
is very interesting. It could be that the answer to this generalization method could be
related to these networks. In the previous experiment, we found that the largest explained
variance can be traced back to the measures Co, Cs, Hy, Hs. These are all measures that
measure square and triadic closure or clustering. Observing the plots for these measures,
for example H,/Hs, brings to our attention that there exists a group of bipartite networks
(following the y-axis). Nearly bipartite, but not completely, we find the supposed func-
tional networks. Other than the social cluster, which was found to be a very distinctive
group in the past experiments, other distinctive groups of networks in this plot are the
networks clustered at the origin (small amount of squares and triangles) and a group of
networks following the diagonal. We could argue that this last group of networks favor
squares as much as triangles, regardless of the size of the network.

The networks associated with these 5 groups discussed above (social cluster, bipartite,
functional, origin and diagonal) can be found in similar or other groups in many of these
plots, indicating their independence as a group from other networks. We define them for
H, and H; in Table 6 as our new topology-based groups. In the following experiments,
we will find out whether this categorization is a more effective method for selecting the
best features for link prediction.

Group Description Total networks
Social All networks from the social domain 124 (22.5%)
Origin Networks with low clustering/closure values 286 (52.0%)
Bipartite =~ Networks containing no triangles 25 (4.5%)

Functional Networks with some triangles and many squares 36 (6.5%)
Diagonal ~ Networks with high clustering/closure values 85 (15.5%)

Table 6: Topology-based groups of networks.
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4.4 Group by global measures

In this experiment, we compare the topology-based grouping of networks from the pre-
vious experiment to network domains as a grouping. In Section 4.3.2, we came up with
different topology-based groups that separate networks based on global network measures
accountable for high variance. This resulted in five groups: social, origin, bipartite, func-
tional and diagonal.

To find out if this grouping is better suited as a generalization method for finding good
link prediction features, we perform the same series of experiments as we did in Section
4.2. This includes a model performance and global measure analysis, as well as giving a
recommendation of link prediction features.

4.4.1 Model performance

In Table 7, we observe the same results for our link prediction models as in Section 4.2,
but now grouped using the topology-based grouping. Comparing the results with those in
Table 3, we do not find any big deviations in variance for any of the groups. However, we
do find that precision and recall are very low for both bipartite and functional networks,
potentially indicating these two groups have a different structure from others. Again, only
social networks are found to perform well on predicting links.

Group AUC Pr Rc

Social 0.96 +£0.09 0.894+0.22 0.7940.28
Origin 0.78+0.10 0.17+0.15 0.36 £0.21
Bipartite 0.82+£0.12 0.15£0.21 0.08%0.13
Functional 0.824+0.11 0.244+0.26 0.0840.13
Diagonal  0.80 +£0.10 0.28 +0.27 0.16 +0.20
All groups 0.834+0.12 0.354+0.36 0.40 +0.32

Table 7: Performance metrics (mean =+ std). Precision and recall for the 1ink class.

In Figure 13, we observe the performance distributions for the topology-based groups.
Again, for the same model instances used in Section 4.2, but plotted with a different
grouping. Bipartite, functional and diagonal networks effectively differentiate networks
with low and high recall. The origin group of networks is very diverse in performance,
indicating that this group is not well specified. Also, the middle peak for recall in Figure
13c for the origin group corresponds to that of the same peak in Figure 9c, where this peak
is from the economic domain. This indicates that this domain should probably be part of
our grouping and could help explaining the origin group, although it was not chosen as a
group in the previous experiment.
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4.4.2 Global measures

In this experiment, we analyze the variances and values of the global network measures
one more time, but this time for the topology-based grouping. If we compare the values to
those of Table 4, we find that this topology-based grouping greatly reduces the variance
of the global measures. We observe that bipartite and functional networks have very little
variance on almost all network measures. Bipartite networks have a high variance for Hs,
which indicates that the proportion of square clustering differs. The origin and diagonal
group also contains small variations with respect to the means, although not as small
as the bipartite and functional groups. Where for most network domains in Table 4, we
obtain CV > 1, with the topology-based grouping we see the opposite trend: for most
variation coefficients it holds that CV < 1. The uniformity of the bipartite and functional
groups indicates that we have successfully extracted at least two groups that can be used
for selecting link prediction features. Most of the variance in size has gone to the diagonal
group. This is to be expected, as the remainder of the networks not belonging in any of
the groups was assigned to this group.

Social Origin. Bipar. Func. Diag.
124 (22.5%) 286 (52.0%) 25 (4.5%) 36 (6.5%) 85 (15.5%)
n 559 =+ 260 616 £ 468 57 4+ 32 147 £ 179 345 £ 405
m 1,988 £ 800 905 + 805 133 = 88 522 + 533 1,260 4+ 1400
A 4k + 1k 205 £ 581 0+0 365 + 1,196 3.6k £ 12k
n 26k £+ 24k 4k + 15k 823+ 1,025 24k + 64k 113k £ 593k
£i_ 8+3 3+1 441 8+4 9+38
QQ 0.84 +0.16 0.04 £+ 0.06 0.00 4 0.00 0.10+£0.14 0.33 +0.15
C_'3 0.50 +0.14 0.06 4= 0.08 0.04 +0.24 0.18 = 0.05 0.09 +0.07
}_Ig 0.59 +0.12 0.01 +0.02 0.00 4= 0.00 0.03 +0.02 0.20 +0.10
Hs; 0.15+0.03 0.01 £0.01 0.10 & 0.04 0.11 £ 0.05 0.06 = 0.05
dy2 5+1 443 442 8+5 7T+£6
T 0.23+£0.22 —-0.33+£0.27 -0.514+0.14 -0.33+0.15 —0.044+0.22
C 0.66 +0.14 0.03 +0.04 0.00 £ 0.00 0.05 £0.04 0.27 +£0.13
R 1444 22+ 14 541 7T+5 144+ 14
b 0.51 +0.05 0.78 £ 0.21 1.00 £ 0.00 0.76 £ 0.22 0.59+0.14
D 0.03 +0.05 0.07 = 0.08 0.01 +0.05 0.01 £0.01 0.03 +0.03

Table 8: Global network measures over the topology-based grouping (mean =+ std). k

1000.

4.4.3 Feature importances

In the previous experiments, we discovered 5 categories of networks that share similar dis-
tributions for global network measures. Using these 5 categories as our new generalization
method for selecting features in link prediction models, we are interested whether this
approach is more effective in a broad sense. The previous experiment on feature impor-
tances in Section 4.2.3 showed that several network measures that were expected to work
well on certain domains of networks failed to show their importance, causing the problem
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that we were unable to give a recommendation for other network domains beyond the
social domain. Using the same feature importances from this experiment, we regroup the
networks according to the new network groups in Table 6.

A first observation shows that we still observe high feature importances for conventional
link-based social network measures on social networks. Feature importances for shortest
paths, common neighbours, Jaccard index and Adamic-Adar index have not changed.
This is to be expected, as we extracted the social networks from the cluster they were
in and re-categorized them. We also find that all other network categories are still very
dependent on degree-based measures. Networks lying in the origin of all the global net-
work measures can best be approached in link prediction using these measures. This has
to do with the fact that these networks have an absence of triangles and squares, which
is why other measures (except shortest paths) that all based on the concept of triangle or
squares are not effective here. The measure that we expected to work well on biological
networks, L3-score, now shows it importance on functional networks. This measure does
therefore not apply to all biological networks, and should only be used on functional,
near-bipartite networks. Fully bipartite networks, on the other hand, gain no information
from triangle-based node measures. This is to expected, as these measures all evaluate to
zero in a bipartite network context. Square-based measures, such as square closure, are
found to work good on functional and bipartite networks. Triangle-node-based measures,
such as triangle closure, are found to work poorly on almost all network categories.

4.4.4 Feature recommendations

We conclude that node-based measures only effective for bipartite and functional networks.
L3 shows that it can be important on functional networks. Social networks are bound to
the conventional link prediction algorithms that were specifically designed for this network
domain. Networks lying in the origin of the global measure space have no association to
triangles or squares. Degree-based methods are most appropriate for this network category.
Diagonal networks show spread feature importance, which indicates that more work is
required to break down this category in others. We summarize our findings in Table 9.

Category  Recommended features for link prediction

Social Link-based methods: P, CN, J, A

Origin Degree-based methods: d, d,,,

Bipartite = L3-score, degree and square-based methods
Functional Degree and square-based methods
Diagonal  Further analysis required

Table 9: Recommendations for link prediction on our five network categories.
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5 Conclusion

In this work, we analyzed the effectiveness of using the networks originating domain as a
grouping factor for determining which links work well on which groups of networks. As
turned out, network domains are not a good generalization method for the structure of
the network, and therefore also not a good method for globalization for the importance of
individual network measures as link prediction features. The only network domain that
is generalized well by structure is the social domain. This is the easiest domain of net-
works to classify links in. Well known link-based measures, such as common neighbours,
have shown to be good features in a topological link prediction model for this domain
of networks. The pairwise similarity between nodes that is measured by for example the
Jaccard index, in combination with the shortest path distance between two nodes are the
best features for such a model. The large variance that exists within the other domains
prevents any meaningful recommendation, other than that the measures based on degree
are good predictors for these domains. Shortest path distance can also play a role here,
but networks that are not social are not generalized well by the concept of domains and
are much harder to predict links for on average.

Our second research question suggested creating a new topology-based grouping using
global network measures. We discovered that most of the variance present in the global
measures was due to clustering and closure measures, including our newly defined squares
closure coefficient. The large standard deviations and distributions of our evaluation dis-
tribution plots suggested that the results in performance vary heavily within domains,
indicating that very different structures do exist within a single domain. We left the uni-
formity of social networks alone, and created 4 new groups alongside it, using the squares
and conventional closure coefficient as a grouping factor. We observed that this grouping
reduces the global measure variance, and is therefore better suited as a generalization
method for feature selection in link prediction. The variance in the diagonal group, still
reasonably high, would require further break-down for better link prediction feature rec-
ommendations.

Instead of following the approach of Ghasemian et al., described by only using the
network domain as a way of grouping networks, we grouped networks by how their val-
ues are distributed over the global network measures. This method showed to be more
effective. By incorporating classes for functional and bipartite networks, we were able to
demonstrate the importance of the L3-score for functional networks. We also came up
with a recommendation for each group on which measures to use as link prediction fea-
tures. Another promising find, is that square-node-based measures are found to be good
features in a link prediction model. This sheds new light on the idea of link prediction,
where link-based measures are generally the first choice as features. Other findings that
could not be derived from using network domains as a generalization method, include the
high feature importance for degree-based methods on networks with very few triangles
and squares.
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An accessory our work, but not an unimportant one, is that our model also shows an
improvement on predicting missing links when all methods from the latter paper are com-
bined. The main disadvantage of our model, is that its discriminating ability between links
and gaps is lower, because we report marginally worse results for predicting false samples.
Further research should include a better analysis of networks that have a similar amount of
triangles and squares. This network group, that we called the diagonal category, shows no
convincing evidence of favoring a certain network measure as a machine-learning feature.
Breaking down this category systematically could provide researchers with new handles
for approaching link prediction problems on this network group. Another promising con-
tribution that could be made lies in the field on temporal and directed link prediction,
where our research now spans converted undirected networks and misses the concept of
time.
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