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Abstract

In this thesis, we experiment with the task of Link Prediction using Network Embedding
(ne) methods. ne methods map network nodes to low-dimensional feature vectors and
have wide applications in network analysis and bioinformatics. We consider separately
the task of Link Prediction in graphs with only one type of relationship and in graphs
with more than one type of relationship. The ultimate goal is to create methods capable
of making novel predictions and helping in the Biomedical domain, e.g. covid-19 related
predictions. To that end, we create a biomedical dataset containing Coronavirus related
information complemented by entities and relationships acquired from the umls ontology.
Secondly, we note that the ne methods can be categorized to methods that utilize only
the structure of the graphs and to methods that also try to exploit metadata associated
with graphs, e.g. textual descriptors of the nodes. We utilize the idea of incorporating
textual with structural information and propose several novel architectures which try
to tackle the problem of simple and multi-relational link prediction. We evaluate these
approaches to several benchmark datasets and also show that our multi-relational methods
are competitive against the state-of-the-art in two benchmark datasets. We also show that
our approach yields the same results and even outperforms the state-of-the-art in some
metrics in our COVID-related graph. Finally, we do predictions regarding the covid-19
concept and try to show their novelty, by examing if we are discovering information that
had not been published when the COVID-related graph was constructed.
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Περίληψη

Στην παρούσα διπλωµατιϰή εργασία, πειραµατιζόµαστε µε το πρόβληµα της πρόβλεψης
αϰµών (link prediction) σε γράφους, χρησιµοποιώντας µεϑόδους που παράγουν
ενσωµατώσεις διϰτύων (network embeddings, NE). Οι ne µέϑοδοι αντιστοιχούν τους
ϰόµβους ενός γράφου σε χαµηλών διαστάσεων αναπαραστάσεις ϰαι έχουν αρϰετές
εφαρµογές σε ανάλυση διϰτύων ϰαι στη βιοπληροφοριϰή. Εξετάζουµε ξεχωριστά το
πρόβληµα της πρόβλεψης αϰµών σε γράφους, οι οποίοι έχουν µόνο ένα είδος σχέσης ϰαι
σε γράφους οι οποίοι έχουν παραπάνω από ένα τύπο σχέσεων. Ο απώτερος σϰοπός είναι
να δηµιουργήσουµε µεϑόδους οι οποίες είναι ιϰανές να ϰάνουν πρωτοποριαϰές προβ-
λέψεις ϰαι να βοηϑήσουν στο βιοιατριϰό τοµέα, π.χ. προβλέψεις σχετιϰές µε τον covid-
19. Γι’ αυτό το σϰοπό, δηµιουργούµε ένα βιοιατριϰό σύνολο δεδοµένων, το οποίο περ-
ιέχει πληροφορίες σχετιϰές µε ϰορωνοϊούς ϰαι έχει συµπληρωµατιϰή πληροφορία για
οντότητες ϰαι σχέσεις από την οντολογία umls. ∆εύτερον, χωρίζουµε τις µεϑόδους ne, σε
µεϑόδους οι οποίες αξιοποιούν µόνο τη δοµή του γράφου ϰαι σε µεϑόδους που προσπα-
ϑούν να εϰµεταλλευτούν ϰαι µεταδεδοµένα του γράφου, π.χ. ϰειµενιϰές περιγραφές
των ϰόµβων. Αξιοποιούµε την ιδέα του να χρησιµοποιούµε πληροφορία σχετιϰή µε την
δοµή ϰαι το ϰείµενο του γράφου ϰαι προτείνουµε αρϰετές πρωτοποριαϰές µεϑόδους που
προσπαϑούν να λύσουν το πρόβληµα της πρόβλεψης αϰµών µε έναν ϰαι πολλούς τύπους
σχέσεων. Αξιολογούµε αυτές τις προσεγγίσεις σε πολλαπλά σύνολα δεδοµένων ϰαι
επίσης δείχνουµε ότι οι πολυ-σχεσιϰές µέϑοδοί µας είναι ανταγωνιστιϰές µε µια από
τις ϰορυφαίες (state of the art) µεϑόδους σε δυο σύνολα δεδοµένων. Επίσης, δείχνουµε
ότι η προσέγγισή µας αποδίδει τα ίδια αποτελέσµατα ϰαι αϰόµα ξεπερνάει την ϰορ-
υφαία µέϑοδο σε ορισµένες µετριϰές στον COVID γράφο µας. Τέλος, ϰάνουµε προβ-
λέψεις σχετιϰές µε την οντότητα του covid-19 ϰαι προσπαϑούµε να αξιολογήσουµε την
χρησιµότητά τους, εξετάζοντας αν οι πληροφορίες που αναϰαλύπτουµε είχαν δηµοσιευτεί
την περίοδο που φτιάχτηϰε ο COVID γράφος µας.

iv



Contents

Acknowledgements ii

Abstract iv

1 Introduction 1

1.1 Motivation and Contribution . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

2 Background 3

2.1 Spatial-Based Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
2.2 Random Walk Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.3 Graph Convolutional Networks . . . . . . . . . . . . . . . . . . . . . . . . 5

3 Datasets 6

3.1 UMLS Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
3.2 Benchmark MultiRelational Datasets . . . . . . . . . . . . . . . . . . . . . 6
3.3 Causaly Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

4 Graph Representations explicitly using Structure 11

4.1 Node2Vec . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
4.2 Graph Convolutional Networks . . . . . . . . . . . . . . . . . . . . . . . . 13
4.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

5 GraphRepresentations that jointly use Textual and Structural Information 18

5.1 Content-Aware node2vec . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
5.2 Improvements on Content-Aware node2vec . . . . . . . . . . . . . . . . . 21
5.3 Content-Aware Graph Convolutional Networks . . . . . . . . . . . . . . . 22
5.4 Multi-Relational Content-Aware Graph Convolutional Networks on Di-

rected Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
5.5 Multi-Relational Content-Aware Graph Attention Networks . . . . . . . . 26
5.6 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

6 Covid-Related Predictions 36

7 Related Work 39

v



8 Conclusions and Future Work 42

Bibliography 43

vi



1Introduction

Knowledge extracted from graphs (networks) is used as input to a variety of applications.
As a result, graph analysis has attracted a lot of research interest in the past few years. One
typical application is link prediction (Lu and Zhou, 2010). Link prediction can facilitate
knowledge discovery and it is the task of predicting missing links or links that are likely
to occur in the future. It is particularly evident in the biomedical domain, where it can
be used to predict protein-protein interactions (PPIs) (Grover and Leskovec, 2016) and
also polypharmacy side e�ects (Zitnik et al., 2018), that are unwanted and unknown
interactions. Furthermore, link prediction can be utilized for Drug-Drug Interactions
(DDIs) where traditional work relies on in vitro and in vivo experiments and has laboratory
limitations (Karim et al., 2019) and Drug-Target Interactions (DTIs) where the graph
represents drugs/chemicals and the proteins which they interact with (Y. Wang and Zeng,
2013).

Past approaches on the above problem include models that operate on the original adjacency
matrix, like similarity based (Adamic and Adar, 2001) and probabilistic models (Friedman
et al., 1999). Working with these kind of methods is di�cult, so recent approaches attempt
to represent the graphs based on a learned vector representation (embedding) (Perozzi
et al., 2014; Grover and Leskovec, 2016; J.Tang et al., 2015). This vector representation can
represent the entire graph or each individual node (node embedding). In this paper, we focus
on the latter. Existing work includes DeepWalk (Perozzi et al., 2014), Node2Vec (Grover and
Leskovec, 2016), Graph Convolution Networks (GCNs) (Kipf and Welling, 2017), SDNE (D.
Wang et al., 2016), NETRA (Yu et al., 2018). These frameworks learn node embeddings
exploiting the network structure and try to capture higher-order proximities.

1.1 Motivation and Contribution

However, Knowledge Graphs are associated with metadata (textual descriptors, images,
de�nitions etc). Our motivation is to utilize this additional information to create more
informative node representations that can predict links that would be helpful to the
biomedical domain. Methods focused in domains other than the biomedical one, like
CANE (Tu et al., 2017), WANE (Shen et al., 2018), CENE (Sun et al., 2016) have already been
proposed but they consider local neighborhoods only. Content-Aware Node2Vec (Kotitsas
et al., 2019), on the other hand, tries to embed nodes in biomedical datasets exploiting the
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wider network contexts created by Node2Vec, together with textual descriptors associated
with each node.

Our contributions include the extension of Kotitsas et al., 2019 by addressing its most
important limitations and improving its performance. Despite the improved results, that
particular model cannot be used in heterogeneous graphs. Most graphs that are used for
doing DDIs, DTIs, PPIs come in the form of heterogeneous graphs, since they contain
di�erent types of nodes and relationships. One advantage of Kotitsas et al., 2019 is that the
model is agnostic to the node embedding framework. So to apply this idea to heterogeneous
graphs, one could simply remove the node2vec framework and replace it with a framework
that can be applied to heterogeneous graphs. As a result, the main contribution of this
thesis is the application of neural text encoders with Graph Convolutional Network (gcn)
and Graph Attention Network (gat) layers and their impact on drawing useful conclusions
about biomedical link prediction.

1.2 Thesis Structure

The rest of the thesis is organized as follows:

• Chapter 2 describes the background theory that the methods in this thesis use.

• Chapter 3 describes the datasets.

• Chapter 4 describes the methods used in this thesis that exploit only the structure
of the graph.

• Chapter 5 describes the methods used in this thesis that exploit the structure and
the textual descriptors associated with the nodes of the graph.

• Chapter 6 describes a COVID related analysis, where we discuss the ability of our
model to predict links associated with covid-19.

• Chapter 7 discusses related work.

• Chapter 8 concludes and proposes directions for future work.

1.2 Thesis Structure 2



2Background

In this chapter, we provide a brief introduction to background topics that our methods are
based upon. We will discuss some of the theory behind node embedding models, such as
random walk and graph convolution models.

2.1 Spatial-Based Models

We can view node embedding (ne) methods as learning the aggregation rule between �rst
order neighbors. In other words, these methods focus on learning the weights of the nodes
and their neighbors, in order to reveal and utilize structural properties of the graph (Chen
et al., 2020). More formally, we can write this process as an update function, where we can
get a lookup table for the node embeddings, called H . The node embedding of node ui can
be obtained through H(ui):

H(ui) = W (1)h(ui) +
∑

uj∈N(ui)
W (2)h(uj) (2.1)

where uj is a neighbor of node ui, h(·) is their current node embedding and W (1),W (2)

are weight matrices. W (1) (self-loop weights) is used to help take into account the node
embedding of ui. The �rst product on the right hand side of the equation denotes the
hidden node representation of node ui and the second product under the sum, denotes the
hidden representations of the neighbors of node ui. The methods generalize better if we
apply a degree normalization to eq. 2.1 (Kipf and Welling, 2017; Johnson and Zhang, 2007).
We can apply two normalization techniques. One denoted as random walk normalization
and the other as symmetric normalization. For each normalization, eq. 2.1 becomes:

H(ui) = W (1)h(ui) +
∑

uj∈N(ui)
W (2)h(uj)

dui

, (2.2)

H(ui) = W (1)h(ui) +
∑

uj∈N(ui)
W (2) h(uj)√

duiduj

(2.3)
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where dui is the degree of some node ui, eq. 2.2 is for the random walk normalization
and eq. 2.3 for the symmetric one. We can rewrite the above functions in matrix form as
follows (Chen et al., 2020):

H = W (1)H +W (2)D−1AH = (W (1)I +W (2)D−1A)H, (2.4)

H = W (1)H +W (2)D−
1
2AD−

1
2H = (W (1)I +W (2)D−

1
2AD−

1
2 )H (2.5)

where D is the degree matrix, I is the identity matrix and A is the adjacency matrix.
We can replace D−1A and D−

1
2AD−

1
2 with Â and we get the generalized function of

updating the weights:

H = (W (1)I +W (2)Â)H (2.6)

The main di�erence between the ne methods that we investigate resides on their approach
of using matrix Â.

2.2 Random Walk Models

According to the previous section, the adjacency matrix A can help utilize the �rst order
neighbors of a node i. The motivation behind random walk ne methods is to collect richer
graph context, by capturing higher order dependencies between the nodes, since �rst
order neighbors may not always be su�cient. For that purpose, deepwalk (Perozzi et al.,
2014) was proposed. deepwalk �rst generates a �xed number of random walks and then
applies the skipgram (Mikolov et al., 2013) model to extract node features. deepwalk
follows eq.2.6 with Â = D−1A being the transition probabilities from one node to another
during the random walk exploration. It can capture a k-th-order neighborhood by setting
Â = (I + Â+ Â2 + · · ·+ Âk), where Âk represents all the paths of length k from a node
i to a node j.

However, Li et al., 2018 argue that if a method utilizes a large order of neighbors, it can
lead to aggregating all the node embeddings, resulting in over-smoothing the embeddings
and losing sight of the neighborhoods. So node2vec tries to control the balance between
low-order and high-order neighborhoods py proposing two variables p and q, which let
the random walks switch between Breadth-First search (BFS) and Depth-First search DFS
exploration (more on that in chapter 4).

2.2 Random Walk Models 4



2.3 Graph Convolutional Networks

Graph Convolutional Networks (gcns) will be discussed in-depth later on in this thesis
(chapters 4, 5). In general, gcns are a simpli�cation of ChebNet (De�errard et al., 2016).
ChebNet includes a neural network layer for the convolutional operator (Chen et al.,
2020). gcns use eq. 2.6, but �rst add self-loops to nodes. By adding self-loops D becomes
D̂ =

∑
j(A + I)ij and the weight matrix W (1) of eq. 2.6 is no longer needed. We can

rewrite eq. 2.6 as:
H = W (2)ÂH (2.7)

where now Â is equal to Â = D̂−
1
2 ÂD̂−

1
2 . The output of a gcn layer according to eq. 2.7

is the sum of the node embedding of the current node and the average of its neighbors.
Later on, we will see that we can also add information based on the relationship of the
current node and its neighbors.

2.3 Graph Convolutional Networks 5



3Datasets

In this chapter we will describe the graphs (datasets) used for our experiments. Graphs
come in many forms. Some are undirected and unweighted, others are directed with
weights. Some graphs contain nodes and edges of only one type and other contain nodes
and edges of di�erent types (Heterogeneous Graphs). In the present work we will conduct
experiments with various graphs, based on the models of each respective chapter. Simpler
models are tested on undirected and unweighted graphs and more complex models are
tested on heterogeneous graphs, where we can represent more complex information and
interactions, making these models more easily applicable to real-world problems.

3.1 UMLS Datasets

Our starting point, regarding our graphs, are two biomedical datasets extracted from
umls (Bodenreider, 2004). These two datasets were created during our previous work (Kotit-
sas et al., 2019). The umls ontology contains approx. 3.8 million biomedical concepts and
54 semantic relationships. The relationships become edges in the graphs, and the concepts
become nodes. Each concept (node) is associated with a textual descriptor. We extract two
types of semantic relationships, creating two graphs. The �rst, and smaller one, consists of
PART-OF relationships where each node represents a part of the human body. The second
graph contains IS-A relationships, and the concepts represented by the nodes vary across
the spectrum of biomedical entities (diseases, proteins, genes,etc.). Both of these graphs
are undirected, unweighted and contain nodes and edges of only one type. Statistics for
the two datasets are shown in Table 3.1 and examples of instances from the datasets are
shown in Table 3.2.

3.2 Benchmark MultiRelational Datasets

Moving away from simple graphs and onto more complex graphs and models, we use two
standard benchmark datasets in multirelational link prediction.

The �rst benchmark dataset we used is derived from Wordnet (Glorot et al., 2013). Wordnet
is a knowledge base designed to be used as a machine- and human-readable dictionary,
thesaurus and to support text analysis. It incorporates its knowledge into its graph structure.

6



Statistics is-a part-of

Nodes 294,693 16,894
Edges 356,541 19,436
Training true positive edges 294,692 16,893
Training true negative edges 294,692 16,893
Test true positive edges 61,849 2,543
Test true negative edges 61,849 2,543
Avg. descriptor length 5 words 6 words
Max. descriptor length 31 words 14 words
Min. descriptor length 1 word 1 word

Tab. 3.1: Statistics of the two datasets (is-a, part-of). The true positive and true negative edges
are used in the link prediction experiments.

Examples of Edges

Ectoplasm is-a Subdivision of Cytoplasm
Dental Pulp part-of Tooth

Tab. 3.2: Examples of edges of the two datasets (is-a, part-of).

The entities correspond to nodes (also called synsets) and they represent senses. The edges
represent lexical relations between synsets, through di�erent relation types. The dataset
was created by considering the entities that were connected with 18 particular relation
types (e.g. hypernym, hyponym etc). The original graph contained 40.943 nodes along
with 18 relation types. Wordnet includes words with di�erent meanings. In order to avoid
ambiguity in the dataset the entities are described by their synset name, their part-of-
speech tag (’NN’ for noun, ’VB’ for verb, ’JJ’ for adjective and ’RB’ for adverb) and an index
indicating which sense it refers to.

However, the original version of this dataset is not suitable for research, since it su�ers
from test set leakage. A lot of training instances (source node, relation type, target node)
exist as inverse relationships in the test set and a simple rule-based model can achieve
state-of-the-art results. A new version of the dataset wn18rr (Dettmers et al., 2018) was
created, were all of these inverse relationships were removed and this is the dataset used
on this thesis.

The second multirelational link prediction benchmark dataset used in this thesis is FB15k
(Bordes et al., 2013) which is a subset of Freebase and contains about 14.951 nodes and 1,345
di�erent relationship types. Unlike wn18rr, content in this graph describes facts about
movies, actors, awards, sports, and sport teams. However, the original dataset su�ered
from the same problem as WN, where the inverse relationships of the train set existed in
the test set and simple models could achieve great results. fb15k-237 (Toutanova et al.,
2015) was proposed where these types of edges where removed from the splits and also
the new dataset has a reduced number of relationships (237 in total).

3.2 Benchmark MultiRelational Datasets 7



Statistics wn18rr fb15k-237

Nodes 40,943 14,541
Total Edges 93,003 310,116
Training Edges 86,335 272,115
Validation Edges 3034 17,535
Test Edges 3134 20,466
Avg. descriptor length 1 words 3 words
Max. descriptor length 8 words 17 words
Min. descriptor length 1 word 1 word

Tab. 3.3: Statistics of the two datasets (wn18rr, fb15k-237).

wn18rr fb15k-237

clupea _hypernym �sh genus dominican republic
/location/country/form_of_government

republic
evening _has_part sunset wendee lee /people/person/profession

voice actor
nyctaginaceae _member_meronym allionia american history x /�lm /�lm /genre

action �lm

Tab. 3.4: Examples of edges of the two datasets (wn18rr, fb15k-237).

The complete statistics of these benchmark datasets can be seen in Table 3.3. Examples of
the two datasets can be seen in Table 3.4.

3.3 Causaly Dataset

To investigate the e�ectiveness of models that operate on heterogeneous graphs, we
construct a graph that incorporates knowledge for the Coronavirus diseases and sup-
plementary information extracted from the UMLS. In this sub chapter we will analyze
how we constructed this particular dataset and discuss how it can be used to discover
knowledge for the Coronaviridae family (and particularly covid-19)which is a matter of
great importance.

First of all we need to acquire information in the aforementioned form and also we need this
information to be about the Coronaviridae family. That data was provided by Causaly1. Our
whole graph was constructed based on the initial graph provided by Causaly. The graph
contains relationships of 4 types (UNIDIRECTIONAL, BIDIRECTIONAL, UPREGULATE
and DOWNREGULATE). These 4 relations indicate a reaction from some target, compound,
other disease to a coronavirus disease. The initial graph containing data relevant to
coronaviridae family has 1878 nodes and 2587 edges. For every edge (source - relationship
- target) Causaly has found evidence indicating the type of the relationship. Some pairs

1https://www.causaly.com/

3.3 Causaly Dataset 8



of source - target interact with more than one of the four relation types. For that reason
Causaly aggregates this information by keeping the most probable relationship type based
on the number of evidence for that particular type. For our experiments we use the
aggregated version of the graph. So far, we have no additional information for the entities
that exist in our initial graph. For example, for a certain entity like cyclosporine, we are
missing the fact that cyclosporine is an immunotherapeutic agent or that cyclosporine
is an enzyme inhibitor. To enrich our graph with this type of information we extract
information from the Uni�ed Medical Language System (umls) ontology. For every entity
in our initial graph we map it to the corresponding entity in umls and then through the
MRREL �le of umls we get the entities at distance 2 (hops) from the original entity. As a
result, we now have in our graph edges like (cyclosporine is-a immunotherapeutic agent
and cyclosporine is-a enzyme inhibitor).

However, we have the following use cases. We would like to be able to model interactions
from compounds to targets and from targets to the diseases of our interest and also from
compounds to diseases, since it could be possible that a compound directly interacts with a
disease. In e�ect, for our �rst use case, we will be able to �nd information like for example:
Compound A interacts with Target A which interacts with Disease A, so from Compound
A we can �nd other relevant Targets that might help with Disease A. From the graph
created through Causaly and umls, we have a very small number of edges from compounds
to targets, targets to diseases and also from compounds to diseases.

To obtain edges of this type we used the chembl Database. chembl is a manually curated
database of bioactive molecules with drug-like properties. chembl contains 2 million com-
pounds and 13 thousand targets. For each compound, chembl provides drug mechanisms
and drug indications. Drug mechanisms are interactions between a compound and a target.
This interaction comes in the form of Mechanism Of Action (MOA). Each MOA can be
mapped to one of our 4 relationship types of interest. All the MOAs that concern us, along
with the mappings are presented in the Appendix in Table 3.72. Furthermore, drug indica-
tions can be mapped directly to DOWNREGULATE and they model an interaction between
a compound and a disease. For each entity in our graph, if it is a compound we search it in
chembl and if it exists we get its drug mechanisms and its drug indications. As a result,
through our mapping we get edges between compound-targets and compound-diseases,
which are also linked with one of our 4 relationship types.

The �nal graph however, contains more than the 4 aforementioned relationships since it
was enriched with information through the UMLS ontology. Our training protocol will
allow the models to also learn information from these extra relationship types but learn
only to predict on the 4 basic ones. The complete statistics of the graph can be seen in
Table 3.5 and examples of edges in Table 3.6.

2The mapping was done manually through manual search

3.3 Causaly Dataset 9



Statistics covid graph

Nodes 262,649
Edges 609,947
Training 5474
Testing 350
Validation 350
Avg. descriptor length 8 words
Max. descriptor length 641 words
Min. descriptor length 1 word

Tab. 3.5: Statistics of the dataset covid graph.

Examples of Edges

Cyclosporine downregulate Genus Coronavirus
Sars Coronavirus causative agent of Severe Acute Respiratory Syndrome

Tab. 3.6: Examples of edges of covid graph

Mechanisms of Action Type of edge

RELEASING AGENT UPREGULATE
POSITIVE ALLOSTERIC MODULATOR UPREGULATE

BINDING AGENT BIDIRECTIONAL
CROSS-LINKING AGENT BIDIRECTIONAL

MODULATOR UPREGULATE
SEQUESTERING AGENT DOWNREGULATE
POSITIVE MODULATOR UPREGULATE

ANTAGONIST DOWNREGULATE
RNAI INHIBITOR DOWNREGULATE

ACTIVATOR UPREGULATE
OTHER UNIDIRECTIONAL

PARTIAL AGONIST UPREGULATE
CHELATING AGENT DOWNREGULATE

ANTISENSE INHIBITOR DOWNREGULATE
NEGATIVE MODULATOR DOWNREGULATE

OPENER UPREGULATE
AGONIST UPREGULATE
BLOCKER DOWNREGULATE

NEGATIVE ALLOSTERIC MODULATOR DOWNREGULATE
INHIBITOR DOWNREGULATE

OXIDATIVE ENZYME BIDIRECTIONAL
HYDROLYTIC ENZYME BIDIRECTIONAL
PROTEOLYTIC ENZYME BIDIRECTIONAL

Tab. 3.7: Mechanisms of Actions (MOAs) and their mapping to the relationship types of interest.

3.3 Causaly Dataset 10



4Graph Representations explicitly
using Structure

Graph representation models, also known as, Network Embedding (NE) models, try to map
each node of a network to an embedding, meaning a low-dimensional feature vector. They
are highly e�ective in network analysis tasks involving link prediction over nodes and
edges (our task at hand) (Lu and Zhou, 2010) and node classi�cation (Sen et al., 2008).

A lot of early network embedding work, like deepwalk (Perozzi et al., 2014), line (J.Tang
et al., 2015), node2vec (Grover and Leskovec, 2016), gcn (Kipf and Welling, 2017), leverage
information from the graph structure to produce node embeddings that can reconstruct
node neighborhoods. The main advantage of these methods, which explicitly use the
structure of the graph during learning, is that they encode the graph context of the nodes,
which can be very informative.

In this chapter, we will discuss methods that work as mentioned above and we will evaluate
them on certain datasets that were discussed in Chapter 3. The methods discussed here
constitute the basis of the methods we will discuss in later chapters.

4.1 Node2Vec

In this section we will discuss node2vec (Grover and Leskovec, 2016). node2vec is a
ne that tries to learn node embeddings only by the structure of the graph. node2vec is
based on deepwalk (Perozzi et al., 2014). deepwalk learns node embeddings by applying
word2vec’s skipgram (Mikolov et al., 2013) model to node sequences generated via random
walks on the network. node2vec adopts the same learning strategy, but also explores
di�erent strategies to perform random walks, introducing hyper-parameters to guide them
and generate more �exible neighborhoods. More formally node2vec introduces return
parameters p and q.

Parameter p controls the likelihood of immediately revisiting a node in the random walk.
If we set p to a high value then we are less likely to sample an already visited node in the
next 2 hops (unless the node that we end up to has no other neighbors and we must revisit
the previous node). By controlling p, we can encourage the random walks to perform a

11



moderate exploration of the graph structure. If we set parameter p to a low value then we
encourage the random walks to stay always close to the previous visited node.

Parameter q can allow us to interchange between "inwards" and "outwards" exploration
of the random walks. If we set q > 1 then the random walk is biased towards the initial
node of the random walk. Such behavior approximates BFS-like exploration keeping the
random walks close to the starting node. On the other hand, if we set q < 1 then the
random walk is more biased to visit nodes further away from its starting point. This
behavior leads to DFS-like exploration since we encourage the random walks to move
"onwards" visiting a larger context of the graph structure.

Regarding its training protocol, as it was mentioned above node2vec applies word2vec’s
skipgram (Mikolov et al., 2013) model to learn node embeddings. In essence to incorporate
structural information of the graph into the node embeddings, skipgram maximizes
the predicted probabilities p(u|v) of observing the actual neighbors u ∈ N(v) of each
‘focus’ node v ∈ V , where N(v) is the neighborhood of v, and p(u|v) is predicted from
the node embeddings of u and v. The neighbors N(v) of v are not necessarily directly
connected to v. In real-world networks, especially biomedical, many nodes have few
direct neighbors. Through node2vec we obtain a larger neighborhood for each node v,
by generating random walks from v. For every focus node v ∈ V , we compute r random
walks (paths) Pv,i = 〈vi,1 = v, vi,2, ..., vi,k〉 (i = 1, . . . , r) of �xed length k through the
network (vi,j ∈ V ). The predicted probability p(vi,j = u) of observing node u at step j of
a walk Pv,i that starts at focus node v is taken to depend only on the embeddings of u, v,
i.e., p(vi,j = u) = p(u|v), and can be estimated with a softmax as in the skipgram model
(Mikolov et al., 2013):

p(u|v) = exp(f ′(u) · f(v))∑
u′∈V exp(f ′(u′) · f(v)) (4.1)

where it is assumed that each node v has two di�erent node embeddings, f(v), f ′(v), used
when v is the focus node or the predicted neighbor, respectively, and · denotes the dot
product. node2vec minimizes the following objective function:

L = −
∑
v∈V

r∑
i=1

k∑
j=2

log p(vi,j |vi,1 = v) (4.2)

in e�ect maximizing the likelihood of observing the actual neighbors vi,j of each focus node
v that are encountered during the r walks Pv,i = 〈vi,1 = v, vi,2, ..., vi,k〉 (i = 1, . . . , r)
from v. Calculating p(u|v) using a softmax (Eq. 4.1) is computationally ine�cient. We
apply negative sampling instead, as in word2vec (Mikolov et al., 2013). Thus, node2vec is
analogous to skipgram word2vec, but using random walks from each focus node, instead
of using a context window around each focus word in a corpus.
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4.2 Graph Convolutional Networks

In this section we will discuss Graph Convolutional Networks (gcn) (Kipf and Welling,
2017). GCNs have been shown to be e�ective at aggregating and encoding features
from network neighborhoods, and has led to signi�cant improvements in areas such as
semi-supervised classi�cation (Kipf and Welling, 2017) and multi-relational link predic-
tion (Zitnik et al., 2018; Schlichtkrull et al., 2018).

Graph Convolutional Networks, aggregate the embeddings of the neighbors of a node
and then apply a propagation function on the obtained embedding. Aggregating the
embeddings of only local-neighborhoods, makes GCNs scalable and fast for large graphs.
By applying multiple aggregations for the neighborhood of a node, we allows the learned
node embedding to characterize a global neighborhood (Goyal and Ferrara, 2018). Every
GCN layer in its simplest form can be written as

hl+1
i = σ(W (l)

0 hl
i +

∑
j∈Ni

ci,jW
(l)
1 hl

j) (4.3)

where σ is a non-linear activation function such as the ReLU. W l
0 and W l

1 are learnable
parameter matrices of dimensions dl+1 × dl, with dl+1 being the output dimensions of
layer l and dl the input dimensions of layer l. W l

0 can be considered as a weight matrix
for sel�oops and W l

1 a weight matrix for the set of neighbors of i, the set Ni. ci,j is a
normalization constant typically chosen to be ci,j = 1√

Di,iDj,j
, where Di,i the degree

of node i. This constant originates from the symmetric normalization of the adjacency
matrix, which helps the gcn layers to account for the degree of each node and in e�ect
avoid exploding numbers in the embeddings of nodes with large degrees.

The former equation can be written in a matrix form as follows

H l+1 = σ(H lW l
0 +D−

1
2AD−

1
2H lW l

1), (4.4)

where the sum over the neighbors of node i, along with the normalization constant ci,j ,
has been replaced by the multiplication of the normalized adjacency matrix D−

1
2AD−

1
2

as mentioned on the previous paragraph. Furthermore, H l is the output of the l-th layer
of the model and H0 = X , with X ∈ RN×d being the node features. In this version of
gcn the node features can be randomly initialized embeddings or the average of word
embeddings of some textual descriptor associated with the node. In later chapters, we will
see the application of RNN encoders under the gcn layers, in order to feed the gcn with
more informative node features and also learn word embeddings as a side e�ect.

In the above de�ned model, we used a seperate weight matrix for modeling the sel�oops.
According to Kipf and Welling, 2017 this can lead to over�tting in nodes with very few
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neighbors and when the graph has very few nodes in general. To address this issue Kipf
and Welling, 2017 proposed to use a model with one single parameter weight matrix. As a
result, we add sel�oops on the adjacency matrix by adding the identity matrix IN . The
normalization of the adjacency matrix can be written as D̂−

1
2 ÂD̂−

1
2 , where Â = A+ IN

and D̂ii =
∑

j∈Ni
Âi,j . Equation 4.4 becomes

H l+1 = σ(D̂−
1
2 ÂD̂−

1
2H lW l

1), (4.5)

4.3 Experimental Results

In this section we will present and discuss results regarding the two methods described in
the previous sections. We test these two methods on the task of link prediction, which is
the primary task of this thesis.

The aforementioned methods, namely node2vec and gcn, cannot perform multi-relational
prediction. So, we evaluate them on simple link prediction, where all the nodes of the
graph have a single relationship among them. The two datasets of this thesis that have only
one type of relationship between nodes, are the part-of and is-a datasets of section 3.1. To
test our models on these two datasets, �rst we need to remove a fraction of the edges. Then
given an incomplete network, we need to infer these missing links. Since, we are working
with a random walk method (node2vec), we need to ensure that during the removal of
the edges (which we will try to predict), the graph remains conncected, so we can perform
random walks over it. Each removed edge, connecting two nodes u1, u2 is treated as a true
positive, meaning that our methods should infer that these two nodes should be connected.
However, we also need a set of true negatives, which are pairs of nodes u′

1, u
′
2, that are

not connected in the original graph and we should infer that these two nodes should not
be connected.

We devise two approaches of generating true negative samples for testing our methods.
In Random Negative Sampling, we simply choose two random nodes and ensure that are
not connected with an edge on the original graph. The other approach is Close Proximity
Sampling, where we consider each node of the graph as a focus node and we iterate
over them. For each focus node u, we want to �nd another node v, in close proximity,
making it harder for the link prediction method to infer that these two nodes should not
be linked. However, we do not want v to be an ancestor or descendent of u, since the
two datasets used in this chapter are hierarchies and someone could argue that if u is
a grandparent of v then it is not wrong to predict an edge between them. Taking these
limitations into consideration, we �rst �nd the ancestors of u that are between 2 to 5 hops
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away from u in the original network.1 We randomly choose one of these ancestors and as
the candindate node v, we select one of the ancestor’s children, making sure that u and v
are not connected in the original network. The complete statistics of these two datasets,
along with the statistics of the train and evaluation sets, can be seen in Section 3.1.

We evaluate our methods using two link predictors described below.

Cosine similarity link predictor (cs): We are given two nodes u1, u2 (they can be the
end-points of either a true positive or a true negative edge). cs calculates the cosine
similarity between their corresponding node embeddings. By clipping the negative cosine
scores to zero, we can treat the cosine similarity as a probability score. More formally,
score(u1, u2) = max(0, cos(f(u1), f(u2))), where f(ui) the node embedding of node
i. cs, predicts an edge between these two nodes if score(u1, u2) ≥ t, where t is some
threshold. To alleviate the need of choosing a theshold t beforehand, we evaluate the e�ec-
tiveness of the cs predictor by computing AUC (Area under the ROC Curve), considering
in e�ect the precision and recall for various t.

Logistic regression link predictor (lr): Same as the cs predictor, we are given two
nodes u1, u2. However, now we compute the Hadamard (element-wise) product of the two
node embeddings f(v1)� f(v2) and feed it to a Logistic Regression classi�er to obtain a
probability estimate p the two nodes should be connected. lr will predict an edge if p ≥ t,
where t is again a threshold value. Just like in the cs predictor we compute the AUC score
to evaluate with multiple thresholds. The training set of the Logistic Regression classi�er
contains as true positives all the other edges of the network that remain after the true
positives of the test set have been removed, and an equal number of true negatives (with
the same negative sampling method as in the test set) that are not used in the test set.

An important observation, is that node2vec optimizes the skipgram objective, meaning
its training is unsupervised and it cannot be trained end-to-end. So �rst we train the node
embeddings and then we can evaluate them. This is the reason why the lr predictor when
used together with node2vec needs to be trained. On the other hand, when using the gcn
model, we can train end-to-end by using either the cs or lr predictor. We expect the gcn
model to perform better since it optimizes the node embeddings directly for the task of
link prediction.

For the experiments in this section, we used 30 dimensions for the �nal node embeddings,
for both models and the number of gcn layers used is 2. These hyper-parameters where
chosen mostly to speed up the experiments. Now following Kotitsas et al., 2019 in the
random walks of node2vec, we set r = 5, l = 40, k = 102 for is-a, and r = 10, l = 40, k = 10

1The edges of these two datasets are not directed. Hence, looking for descendents would be equivalent. We
convert the datasets to directed to complete this process.

2r is the number of walks, l is the length of each walk and k is the context-size window
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for part-of. We train the models using 250 as a maximum number of epochs and we utilize
early stopping of 20 epochs, i.e., we stop the training if the AUC score on the development
set does not increase for 20 consecutive epochs. The optimizer used is Adam (Kingma
and Ba, 2015) with learning rate of 0.01. For the implementation of the methods, we used
PyTorch (Paszke et al., 2017).

Link Prediction Results: Link prediction results for the is-a and part-of networks are
reported in Tables 4.1 and 4.2.

NE Method + Link Predictor Random Negative Sampling Close Proximity Sampling

node2vec + cs 75.0 57.5
gcn + cs 71.0 63.0

node2vec + lr
gcn + lr

77.0
77.3

58.0
67.3

Tab. 4.1: auc scores (%) for the is-a dataset. Best scores per link predictor (cs, lr) shown in bold.

NE Method + Link Predictor Random Negative Sampling Close Proximity Sampling

node2vec + cs 77.9 65.2

gcn + cs 77.4 60.2

node2vec + lr
gcn + lr

78.9

66.4
64.6
65.2

Tab. 4.2: auc scores (%) for the part-of dataset. Best scores per link predictor (cs, lr) shown in
bold.

The node2vec and gcn models that were described in this chapter, function as the building
blocks for the models described in the next chapter of this thesis. So it is natural to asses
their performance. Additionally, the later models utilize the structure and the textual
descriptors of the nodes and we can compare the bene�ts that the textual information
provides.

In both datasets, all methods perform much worse in Close Proximity Sampling, which
indicates that this type of generating true negative edges is indeed di�cult. As stated
before, these models only utilize structure. The nodes of these negative edges are in close
proximity and having only the structure as a way to discriminate between positive and
negative edges does not o�er much.

In is-a, apart from the cs predictor in Random Negative Sampling, the gcn model out-
performs node2vec in both negative sampling approaches, presumably because it trains
end-to-end and directly for the task at hand (link prediction). However, this is not the case
in the part-of dataset, since node2vec outperforms gcn in every setting apart from the
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lr predictor in Close Proximity Sampling. This anomaly presumably can be attributed to
the fact that the part-of dataset is small and has a tree-like structure. With only a few
hops the concept of the neighborhood can be shifted. gcns aggregate all the information in
the present neighborhood with the same importance. Stacking gcn layers in a small graph
can lead to over-smoothing the node embeddings, losing the notion of the neighborhood,
which is the case here.
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5Graph Representations that jointly
use Textual and Structural
Information

As mentioned in the previous chapter, network embedding (ne) methods, try to map each
node to a low dimensional representation (node embedding). Early work, consisted of
methods that utilize only the structure properties and the topology of the graph. The
advantage is that this type of information can be very useful. However, the downside is
that they typically treat each node as an atomic unit, directly mapped to an embedding
in a look-up table (Fig. 5.1a). There is no attempt to model information other than the
network structure, such as textual descriptors (labels) or other meta-data associated with
the nodes. Knowledge Graphs are associated with metadata (textual descriptors, images,
de�nitions etc). More recent work, e.g., cane (Tu et al., 2017), wane (Shen et al., 2018),
produce embeddings by combining the network structure and the text associated with the
nodes. These methods embed networks whose nodes are rich textual objects (often whole
documents). They aim to capture the compositionality and semantic similarities in the text,
encoding them with deep learning methods. This approach is illustrated in Fig. 5.1b.

lung cancer

cancerlung carcinoma leukemia

small cell carcinoma

lung cancer

cancer

acute lymphocytic leukemia

lung carcinoma
leukemia

small
cell

carcinoma

a) b)

acute lymphocytic leukemia

Fig. 5.1: Example network with nodes associated with textual descriptors. a) A model where each
node is represented by a vector (node embedding) from a look-up table. b) A model
where each node embedding is generated compositionally from the word embeddings
of its descriptor via an rnn. The latter model can learn node embeddings from both the
network structure and the word sequences of the textual descriptors. The �gure was
taken from (Kotitsas et al., 2019).

In this chapter, we will cover our previous work at Kotitsas et al., 2019, describing how
the method of that particular work learns node embeddings by incorporating textual with
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structural information. Furthermore, we will talk about extensions/improvements of that
work. Finally, we will discuss new approaches based on gcn and gat models and their
application on more complex problems (heterogeneous graphs).

5.1 Content-Aware node2vec

This section describes the method at Kotitsas et al., 2019. The motivation behind this
work is that despite the e�orts of previous works to learn node embeddings based on
textual descriptors and structural properties, these methods considered impoverished
network contexts when embedding nodes, usually single-edge hops, as opposed to the
non-local structure considered by most structure-oriented methods. The importance of
modeling rich neighborhood context while taking into account the textual descriptors,
becomes evident if we consider the following example. Suppose we have the edge ‘acute
leukemia’ is-a ‘leukemia’. To be able to predict this is-a relation from the embeddings of
both its corresponding nodes (and the word embeddings of their textual descriptors like in
Fig. 5.1b), a ne method would only need to model the word ’acute’ as a modi�er of the
word ’leukemia’, with its only purpose to denote a sub-type of ’leukemia’. This property
can be easily learned and encoded in the word embedding of ’acute’, if several similar is-a
edges, with ‘acute’ being the only extra word in the descriptor of the sub-type, exist in the
network.

The above strategy would not work for an edge like ‘p53’ (a protein) is-a ‘tumor suppressor’,
where there is no overlap between the textual descriptors and not a word that would
indicate sub-typing. Instead, by considering the broader network context of the nodes (i.e.
longer paths that connect them), a ne method can detect that the two nodes have common
neighbors and, hence, adjust the two node embeddings (and the word embeddings of their
descriptors) to be close in the representation space, making it more likely to predict an
is-a relation between them.

Content-Aware node2vec is a new ne method that leverages the strengths of both structure
and content-oriented approaches. To exploit wide network contexts, we follow node2vec
(Grover and Leskovec, 2016) and generate random walks to construct the network neigh-
borhood of each node. The skipgram model (Mikolov et al., 2013) is then used to learn
node embeddings that successfully predict the nodes in each walk, from the node at the
beginning of the walk. The aforementioned methodology was explained in Chapter 4. The
original node2vec does not account for textual descriptors associated with each node.
It treats each node embedding f(v) as a vector representing an atomic unit, the node
v; a look-up table directly maps each node v to its embedding f(v). This does not take
advantage of the �exibility and richness of natural language (e.g., synonyms, paraphrases),
nor of its compositional nature. To address this limitation, Content-Aware node2vec
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substitutes the look-up table where node2vec stores the embedding f(v) of each node
v with a neural sequence encoder that produces f(v) from the word embeddings of the
descriptor S(v) of v.

More formally, let every word w ∈W have two embeddings e(w) and e′(w), used when
w occurs in the descriptor of a focus node, and when w occurs in the descriptor of a
neighbor of a focus node (in a random walk), respectively. For every node v ∈ V with
descriptor S(v) = (w1, . . . , wn), we create the sequences T (v) = 〈e(w1), . . . , e(wn)〉 and
T ′(v) = 〈e′(w1), . . . , e′(wn)〉. We then set f(v) = enc(T (v)) and f ′(v) = enc(T ′(v)),
where enc is the sequence encoder. We outline below three speci�c possibilities for enc,
though it can be any neural text encoder. Note that the embeddings f(v) and f ′(v) of
each node v are constructed from the word embeddings T (v) and T ′(v), respectively,
of its descriptor S(v) by the encoder enc. The word embeddings of the descriptor and
the parameters of enc, however, are also optimized during back-propagation, so that the
resulting node embeddings will predict (Eq. 4.1) the actual neighbors of each focus node
(Fig. 5.2). For simplicity, we only mention f(v) and T (v) below, but the same applies to
f ′(v) and T ′(v). In the original paper Kotitsas et al., 2019 we experimented with several
textual encoders, from averaging the word embeddings of the descriptors to using simple
one-directional gru cells (Cho et al., 2014). In this thesis, we will describe the �nal textual
encoder that is used on Content-Aware node2vec.

right twelfth rib body of right twelfth rib external surface of right twelfth rib

focus nodepredicted neighbor

Encoder Encoder Encoder

f'(v1) f(v2) f'(v3) 

optimize optimize

predicted neighbor

Fig. 5.2: Illustration of the proposed ne approach. Figure taken from Kotitsas et al., 2019.

bigru-max-res-n2v: This method uses a bidirectional rnn (Schuster and Paliwal, 1997).
For each node v with descriptor S(v) = 〈w1, w2, . . . , wn〉, a bidirectional gru (bigru)
computes two sets of n hidden state vectors, one for each direction. These two sets are
then added to form the output H of the bigru:

Hf = gruf (e(w1), . . . , e(wn)) (5.1)

Hb = grub(e(w1), . . . , e(wn)) (5.2)

H = Hf +Hb (5.3)

where f , b denote the forward and backward directions, and + indicates component-wise
addition. We add residual connections (He et al., 2016) from each word embedding e(wt) to
the corresponding hidden state ht of H . Instead of using the �nal forward and backward
states of H , we apply max-pooling (Collobert and Weston, 2008; Conneau et al., 2017)
over the state vectors ht of H . The output of the max pooling is the node embedding
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f(v). Figure 5.3 illustrates this method. A textual encoder utilizing self-attention instead
of max-pooling was also tried but without improving the results.

Node:   v

lumen of arterial trunk

e1 e2 e3 e4 

h1

h1

h2

h2

h3

h3

h4

h4

+ + + +

X
X

X
X

Node 
Embedding 

 
f(v): X X ..... X ..... X

Max-Pooling

Fig. 5.3: Obtaining the embedding of a node v by applying a bigru encoder with max-pooling and
residuals to the embeddings of v’s textual descriptor. Figure taken from Kotitsas et al.,
2019.

5.2 Improvements on Content-Aware node2vec

Content-Aware node2vec yielded very good results on two biomedical datasets (part-
of, is-a) described in section 3.1 and also outperforming the models compared against
it (more on section 5.6). However, we can notice some technicalities in the model that
need improvement and also we can propose simple improvements that yield even better
results. As mentioned before, Content-Aware node2vec uses neural text encoders to create
node embeddings compositionally from the word embeddings of the textual descriptors
associated with each node. Furthermore, one node has two node embeddings, one when it
is in the start of a random walk (’focus’ node) and one when this node is being predicted
from the ’focus’ node of another walk. In the original Content-Aware node2vec paper, the
neural textual encoder was one Gated Recurrent Unit (GRU) (Cho et al., 2014) (particularly
a bigru with residual connections and max-pooling mechanism on top) for generating
both node embeddings (through the textual descriptor) of a node.

A problem that we can notice with the above methodology is that this architecture might
not be suitable for capturing parent/child relationships, since the single GRU cell maps the
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’focus’ and predicted node embeddings to the same embedding space. In this section we
discuss about two key changes to the architecture of Content-Aware node2vec.

First, we utilize two GRU cells for generating node embeddings for each node. One is
used for the ’focus’ node and the other for the predicted node, unlike our original model
in Kotitsas et al., 2019, where the same RNN encoder was used for both the ‘focus’ and the
predicted node. Secondly, to further assist the GRU cells and the resulting node embeddings,
we utilize pretrained biomedical Word2Vec (Mikolov et al., 2013) word embeddings which
are kept frozen, i.e., they are not updated when training our model. The trainable word
embeddings are concatenated with the corresponding pretrained word embedding and
are used as an input to the GRU cells. For words we do not have a pre-trained Word2Vec
embedding for, we use a randomly generated embedding instead.. Figure 5.4 illustrates the
proposed extensions.

Fig. 5.4: Proposed extensions of Content-Aware node2vec. For each random walk, Content-Aware
node2vec takes as input the word embeddings of the texts of the �rst node and the correct
node to be predicted. We now concatenate the pretrained word embeddings (denoted
w2v_e1 for the word renal) with the trainable word embeddings (denoted ei) and pass
them through two bidirectional GRUs with residuals (GRU 1 for the focus node and GRU
2 for the predicted node). A max-pooling layer is applied to obtain the embeddings of the
�rst and the correct predicted node of the random walk.

5.3 Content-Aware Graph Convolutional
Networks

Despite the changes that were implemented to improve the performance of the Content-
Aware node2vec, one signi�cant issue still remains. Unfortunately, training Content-

5.3 Content-Aware Graph Convolutional Networks 22



Aware node2vec on large graphs is impractical. Each node participates in multiple random
walks, and whenever we encounter a node during a random walk, we need to recompute
its embedding by passing its textual descriptor through the text encoder, which is the
main bottleneck. We cannot cache and re-use the embeddings of the nodes, because the
parameters of the encoder (and the word embeddings) change after each prediction. A
single training epoch of Content-Aware node2vec on the is-a (295k nodes) or the part-of
(17k nodes) graph of section 3.1 takes approximately 40 or 6.5 hours, respectively. One
advantage of incorporating textual with structural information with the textual encoder
under the structural framework, is that these two modules are o�ering a way of abstraction,
meaning that we can easily change the textual encoder or the structural encoder without
a�ecting each other. So, a quick way to speed up the training process and make the methods
more scalable is to change node2vec. As already mentioned, the gcn framework aggregates
the embeddings of the neighbors of a node and then applies a propagation function on the
obtained embedding. Aggregating the embeddings of only local-neighborhoods, makes
gcns scalable and fast for large graphs. Also, by applying multiple aggregations for the
neighborhood of a node, allows the learned node embedding to characterize a global
neighborhood. By utilizing gcns we can still exploit large neighborhood contexts of the
graph and also speed up the training by a large margin. Compared to Content-Aware
node2vec, training on the is-a, part-of datasets takes 4.7 hours or 1 minute respectively.

Recall, that the operations performed by a gcn layer can be summed in the following
equation

H l+1 = σ(D̂−
1
2 ÂD̂−

1
2H lW l

1), (5.4)

whereH0 = X , withX ∈ R|V |×d, being the input to the gcn layer, where |V | the number
of nodes and d the dimensions of each node embedding. Typical gcn layers randomly
initialize X and later train the node embeddings. In this section, to account for textual
information, we propose to utilize the encoder of Content-Aware node2vec (�g. 5.3). For
each node we get its textual representation through our textual encoder, creating the
matrix X ∈ R|V |×d. X then is given as input node features to our gcn framework. Note
that for large graphs, we need to pass each node through our encoder to create matrix
X , which can lead to GPU memory problems. One solution is to pass from the encoder
only the nodes that will play a role to the output predictions of the model for the current
batch, signi�cantly reducing the GPU memory requirements. Figure 5.5 illustrates only
the encoding part of the nodes. Notice that the Predict box at Fig. 5.5, can be any encoding
method that makes a prediction. From simply taking two node embeddings and calculating
the cosine similarity between them, to a Logistic Regression Layer. More on the decoding
part of our models in section 5.6.

5.3 Content-Aware Graph Convolutional Networks 23



Fig. 5.5: Proposed framework that incorporates textual descriptors with Graph Convolutional
Networks. As already mentioned, we pass each node’s textual descriptor through the
neural text encoder described in (Fig. 5.3). The result of the text encoder (x1, x2) can be
used as input to the gcn layer (h2,h1). By applying the gcn propagation rule (Eq. 5.4) we
create the hidden representations of the current layer. By stacking k-gcn layers we can
capture information k-hops away.

5.4 Multi-Relational Content-Aware Graph
Convolutional Networks on Directed Networks

The described method in the previous section can be utilized on graphs that are undi-
rected and have a single relationship between their nodes. Real-world graphs are not so
simple. Most of them are heterogeneous, meaning that they have multiple node types
and multiple relationships types between the nodes, modeling complex interactions, such
as in biomedical networks and in networks that represent interactions between drugs
etc. gcn layers have been shown to be e�ective at aggregating and encoding features
from network neighborhoods, and have led to signi�cant improvements in areas such as
semi-supervised classi�cation (Kipf and Welling, 2017) and especially in multi-relational
link prediction (Zitnik et al., 2018; Schlichtkrull et al., 2018), where their signi�cance can
be important, since they were used for predicting side-e�ects of drugs (Schlichtkrull et al.,
2018).
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Motivated by the work and the results in multi-relational link prediction (Zitnik et al.,
2018; Schlichtkrull et al., 2018) we propose a framework that operates on directed graphs
with multiple relationships and incorporates node metadata (information from textual
descriptors) into the node embeddings.

First, we must rewrite the propagation rule for simple gcn layers to account for multiple
relationships between the nodes. Writing equation 5.4 in its non-matrix form, we get

hl+1
i = σ(

∑
j∈Ni

1
ci,j

W lhl
j), (5.5)

where hl+1
i is the output of the l-th gcn layer for node i, Ni is the neighborhood of i and

ci,j is a normalization constant as described in section 4.2. Following Schlichtkrull et al.,
2018, we can now transform eq. 5.5 in order to account for multiple relationships, meaning
that every relationship will be associated with its own weight matrix W l

r with r ∈ R,
where R the set of relationships. So eq. 5.5 becomes:

hl+1
i = σ(

∑
r∈R

∑
j∈Nr

i

1
ci,j

W l
rh

l
j +W l

0h
l
i), (5.6)

withN r
i now being the neighborhood of i under relationship r andW l

0 the self-loop weights
of the l-th layer. Furthermore, we would like our model to operate on directed graphs. We
want to take into account the fact that we have ancestors and descedants and model their
impact di�erently. For example, the node embedding of a node appearing in a relationship
of is_ingredient_of, must be updated di�erently than the node embedding of the same
node appearing in a relationship of has_ingredient_of. The �nal propagation rule of our
model becomes:

hl+1
i = σ(

∑
r∈R

∑
j∈Nr,f

i

∑
k∈f

1
ci,j

W l
r,kh

l
j +W l

0h
l
i), (5.7)

with f ∈ {a, d}, where W l
r,a the weights for relationship r when taking into account the

ancestors and W l
r,d when looking at descendants.

According to Schlichtkrull et al., 2018, applying eq. 5.7 to highly multi-relational data can
lead to rapid growth in number of parameters in accordance to the number of relations in
the graph. As a result, this can easily lead to over�tting on rare relationships and models
of very large size. We apply a basis-decomposition to the weight matrices of each gcn
layer to address this issue. More formally, with basis-decomposition each weight matrix
W l

r is de�ned as:

W l
r =

B∑
b=1

al
rbV

l
b (5.8)

where we can view eq. 5.8 as a linear combination of basis transformations V l
b ∈ Rdl+1×dl ,

with coe�cients al
rb, so that only the coe�cients depend on the relationship r.
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As in the original gcn framework the �rst layer takes as input a matrixX ∈ R|V |×d, where
X are the node features and again here we can create this matrix through the textual
encoder of �g. 5.3. After we pass the node features through our encoding framework we
get the �nal hidden representations for each node. We can then predict the possibility of an
edge occurring or not. To achieve that we must calculate a score for each edge, indicating
how likely it is that these two nodes are connected through a relationship of a certain
type. In order to do that, following previous work we employ the Distmult (Yang et al.,
2015) factorization as the scoring function, which already performs well on its own on
link prediction tasks. In Distmult, each relationship is associated with a weight matrix
Rr ∈ Rd×d and a given triple for evaluation (s, r, t) can be scored as follows:

score(s, r, t) = eT
s Rreo (5.9)

where es, eo are the hidden representations of the source and target nodes respectively.

Note that the above framework trains end-to-end for the multi-relational link prediction
task, alleviating the need of using separate algorithms of training the node embeddings
and then evaluating them (Perozzi et al., 2014; Grover and Leskovec, 2016; Busbridge et al.,
2019).

We also experimented with a di�erent architecture of the aforementioned method, where
the input to the gcn layers are random initialiazed embeddings, which will be trained
based only on the structure. After the gcn layers, we pass from the textual encoder of
�g. 5.3 the textual descriptors of the nodes of the edges we want to classify and concat
them with the corresponding structural embeddings, passing the concatenated result from
an MLP to get the �nal node embedding. We do not present results from this variant,
because the results were not improved compared to our initial framework (described
in this section), presumambly because in the main framework, the node embeddings of
each node are constructed from the word embeddings of its textual descriptor. The word
embeddings of the textual descriptor and the parameters of the textual encoder are also
updated during backpropagation to construct more informatives node embeddings along
with the parameters of the gcn.

5.5 Multi-Relational Content-Aware Graph
Attention Networks

So far in this thesis we have talked about methods that learn node embeddings based on
random walks (node2vec) and methods that iterably apply convolutions, aggregating
the node features of nodes in a neighborhood and then applying a propagation function.
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Typically every graph convolutional layer applies a shared node-wise feature tranformation
as in eq. 5.5 (to get latent representations for each node), speci�ed by matrix W l.

Let’s consider that the latent representation of node i at layer l is gl
i = W lhl

i. Recall
from eq. 5.5 that we also apply a normalization constant, to account for certain structural
properties of the graph (i.e. the degree of each node), typically set to ci,j =

√
Di,iDj,j .

Let’s consider ai,j = 1
ci,j

and then equation 5.5 becomes:

hl+1
i = σ(

∑
j∈Ni

ai,jgj), (5.10)

The motivation behind Graph Attention Layers, is that instead of explicitly de�ning ai,j ,
we would like to treat it as a learnable parameter. As a result, gat layers let ai,j to be
implicitly de�ned, by employing self-attention mechanisms over the node features of the
neighborhoods of the nodes. Self-Attention mechanisms (Vaswani et al., 2017) have been
shown to be very e�ective and a lot of work tries to investigate the e�ects they have on
graph representations and even solving TSP problems (Velickovic et al., 2018; Kool and
Welling, 2018; Busbridge et al., 2019).

Vanilla gat layers (Velickovic et al., 2018) let ai,j be a byproduct of an attention mechanism
a, which can be any attention mechanism (here we focus on self-attention). a computes
unnormalized coe�cients ei,j between pair of nodes, based on their features. More formally,
ei,j can be de�ned as

ei,j = a(hi, hj) (5.11)

where hi, hj are the node features. Each gat layers takes as input a feature representation
of each node. In order to map this node features into another embedding space and model
latent interactions, we need at least one linear transformation. For that reason, every gat
layer is associated with a learnable weight matrix W j ∈ Rdin×dout , just like in gcn layers.
Equation 5.11 now becomes

el
i,j = a(W lhi,W

lhj) (5.12)

We can view ei,j as the importance of node j’s features over node i’s features. However, as
of right now eq. 5.11 has no structural information, since it attends over all the pairs i, j.
In order to account for structure, we must mask certain pairs of nodes and only calculate
ei,j for nodes j that belong in the set of neighbors of node i, meaning j ∈ Ni, with Ni
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being the neighborhood of i. We will follow Velickovic et al., 2018 and the neighbors of i
will be the �rst-order neighbors.

As already mentioned, the coe�cients ei,j are unnormalized. To make them comparable
between the nodes of a neighborhood Ni, we normalize them using the softmax function,
under the condition that the normalized coe�cients of all j ∈ Ni will sum up to 1. So the
unnormalized coe�cients become,

ai,j = softmaxj(ei,j) = exp(ei,j)∑
k∈Ni exp(ei,k)

, ∀i :
∑

j∈Ni

ai,j = 1 (5.13)

We still need to de�ne the attention mechanism a. In our experiments and following (Velick-
ovic et al., 2018) the attention mechanism a will be a feed-forward network of one single-
layer, with learnable parameters ~a ∈ R2dout and LeakyReLU as the non-linearity function
(with negative slope of 0.2). Now the full equation of calculating the normalized coe�cients
ai,j of gat layer l is:

al
i,j =

exp(LeakyReLU(~aT l [W lhl
i‖W lhl

j ]))∑
k∈Ni

exp(LeakyReLU(~aT l [W lhl
i‖W lhl

k]))
(5.14)

where ‖ is the concatenation operation.

After, the normalized coe�cients are calculated we can re-write the propagation rule of
gat layers(5.15). So the hidden representations of the nodes of the l+ 1-th gat layer are

hl+1
i = σ(

∑
j∈Ni

al
i,jW

lhl
j), (5.15)

with ai,j now being the normalized attention coe�cients.

As in the work of Vaswani et al., 2017, multi-head attention has been bene�cial towards
experimental results and also on stabilizing the training process. The multi-head attention
mechanism consists ofK independent attention mechanisms that implement equation 5.15.
The resulting hidden representations can be concatenated, added or averaged. We hope
that the K attention heads will capture di�erent aspects of the same neighborhood. The
representations of the intermediate gat layers are concatenated, so the output of the
l + 1-th layer is:

hl+1
i = ‖Kk=1σ(

∑
j∈Ni

alk
i,jW

lkhl
j), (5.16)
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where ‖ represents concatenation. Note, that every attention head has its own attention co-
e�cients and weight matrixW lk and concatenating each head will result in representations
of RKdout .

In the last gat layer of any architecture, according to Velickovic et al., 2018 concatenation
will not help, so instead we average the output hidden representations of each head:

hl+1
i = σ( 1

K

K∑
k=1

∑
j∈Ni

alk
i,jW

lkhl
j), (5.17)

We have described the Graph Attention Layers, but we would like to be able to use them
in heterogeneous graph where we need to also take into account the type of relationship
between the two nodes, something that current gat layers ignore. Given a triple (ei, r, ej ),
we want to model the impact of node j’s features to node i’s features but also account for
relation r.

Recall from eq. 5.11 that each gat layer is associated with a weight matrix W l. In contrast
to applying a linear transformation of W l with the node features (eq. 5.12), following
Nathani et al., 2019, we de�ne for each triple (ei, r, ej) the representation:

cl
ijr = W l

1[hl
i‖hl

j‖gl
r] (5.18)

gl
r is an embedding vector associated with relationship r, instead of having a weight matrix
W l

r associated with each relationship (5.4), since now we concatenate the representation
of relationship r with the hidden representations of the nodes. After the concatenation we
then perform the linear transformation as in the original gat layer, here denoted by the
weight matrix W l

1 (5.18). Again, similar to the original gat layer, we need to �rst calculate
the unnormalized importance of a triple (ei, r, ej ), so we use the same attention mechanism
as before (a single-layer feed forward network followed by an activation function). So the
unnormalized coe�cients are given by:

el
ijr = LeakyReLU(W l

2c
l
ijr) (5.19)

where W (l)
2 the weight matrix of the feed forward layer.

In accordance with the original gat layer, we apply a softmax function on the unnormalized
coe�cients, so that we can get comparable attention values between the nodes of a
neighborhood. So,
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al
ijr = softmaxjr(eijr) = exp(eijr)∑

n∈Ni

∑
k∈Rin

exp(eink) (5.20)

where Rij the set of relationships between nodes i, j. The hidden representations of each
layer are calculated as in the gat layer, where we concatenate the representations of the
intermediate layers and average the representation of the �nal layer:

hl+1
i = ‖Kk=1σ(

∑
j∈Ni

∑
r∈Ri,j

alk
ijrc

lk
ijr), (5.21)

hl+1
i = σ( 1

K

K∑
k=1

∑
j∈Ni

∑
r∈Ri,j

alk
ijrc

lk
ijr) (5.22)

with eq. 5.21 referring to the representations of the intermediate layers and eq. 5.22 referring
to the last layer.

Finally, same as in 5.4, we pass the textual descriptors of the nodes through our encoder 5.3
to create the node features that will be used as an input to the multi-relational gat
framework. After we get the �nal node representations we use the same decoding strategy
as in multi-relational gcn 5.9.

5.6 Experimental Results

In this section we will present and discuss results regarding the methods described in this
chapter. We test these methods on the tasks of link prediction and multi-relational link
prediction. The main idea of this chapter was about methods that incorporate structural
with textual information. We will present results with the same methods and datasets as
in section 4, with the only di�erence that we will also utilize text now. Finally, we will
present results with the methods devised for multi-relational link prediction.

For link prediction with one relationship type between the nodes, we will use the is-a and
part-of datasets as in section 4. For the task of multi-relational link prediction, we will
present results on wn18rr, fb15k-237, covid graph (as described in sections 3.2, 3.3).

Node Embedding Methods: We split our methods to those that are able to perform
multi-relational link prediction and to those that can only be evaluated in single-relation
link prediction.

For link prediction with one relationship type, we will present results for the extensions of
Content-Aware node2vec (ca-n2v) and for Content-Aware gcn (ca-gcn). We will compare
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with the original ca-n2v and with cane. cane learns separate text-based and network-
based embeddings, and uses a mutual attention mechanism to dynamically change the
text-based embeddings for di�erent neighbors. cane only considers the direct neighbors of
each node, unlike node2vec, which considers larger neighborhoods obtained via random
walks.

For multi-relational link prediction, we will present results with Multi-Relational Graph
Convolutional Networks (multirel-gcn) (to validate whether the use of textual informa-
tion also helps in this particular task), Multi-Relational Content-Aware gcn (multirel-ca-
gcn), Multi-Relational Content-Aware Graph Attention Networks (multirel-ca-gat) and
conve. conve uses convolutions over node and relationship embeddings to predict links.
The full conve model consists of a convolutional layer, a fully connected network and an
inner product to output the �nal prediction probabilities (chapter. 7).

In the multi-relational link prediction task, the goal is to predict a triple (s, r, t). By
embedding the triple we get (es, Rr, eo). Given these representations we want to predict
the triple with es or eo missing, i.e., predict es given (Rr, eo) or predict eo given (es, Rr .
So, given a triple in an evaluation set (es, Rr, eo), we generateN−1 (whereN the number
of the nodes) other corrupted triples, by replacing es, with every other entity ei in the
graph1. We then, calculate a score for every such triple, sort them in descending order
and get the rank of the correct triple (es, Rr, eo). Following previous work, (Bordes et al.,
2013; Dettmers et al., 2018; Nguyen et al., 2018) we apply a �ltered setting, meaning that
during ranking we mask the corrupt triples that that happen to be true edges in the graph.
The above procedure is repeated but now replacing the tail of the triple eo, instead of the
head and the average metrics are reported. We calculate Mean Reciprocal Rank (mrr) and
hits@k with K = 1, 3 and 10. mrr is de�ned as:

MRR = 1
|Q|

|Q|∑
i=1

1
ranki

, (5.23)

where |Q| is the number of the correct triples in the evaluation sets and ranki is the rank
of each correct triple. We use mrr since we have one correct triple for every sample in
the evaluation sets and we care about ranking that triple as high as possible. hits@k is
the percentage of the correct triples of the evaluation sets that are ranked in the top-k
positions.

For the experiments on is-a and part-of datasets, we used 30-dimensional embeddings for
ca-n2v, ca-gcn, cane for predicting the edges and 2 gcn layers for ca-gcn. Regarding the
random walks of ca-n2v (and its extensions) we used the same settings as in Section 4.3.
The learning rate used in these experiments is 0.01 (same as in Section 4.3) and the optimizer

1For the covid graph, 80000 random nodes where chosen per edge in the evaluation sets, since the number
of the nodes in the graph is too large
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is Adam. For wn18rr and fb15k-237 200-dimensional embeddings were used for both the
entity and relationship embeddings in the decoding phase and 60-dimensional embeddings
for covid graph. Due to the size of the graph, a higher number of dimensions could not be
chosen. For the same reason the number of gcn layers in our models (multirel-ca-gcn,
multirel-gcn) is 1 for covid graph and fb15k-237 datasets (in the fb15k-237 dataset we
have a large number of relationships) and 2 layers for the wn18rr dataset. The optimizer
was Adam (Kingma and Ba, 2015) with a learning rate of 0.001. For all the experiments, the
maximum number of epochs were 250 with an early stopping of 20 epochs. In the is-a and
part-of datasets auc was considered and respectively for multi-relational link prediction
the metric for early stopping was mrr. PyTorch was used for all the implementations.

NE Method + Link Predictor Random Negative Sampling Close Proximity Sampling

ca-n2v + cs 99.5 83.3
ext-ca-n2v + cs 99.6 84.5
ext-ca-n2v-w2v + cs 99.5 85.3

cane + cs 94.1 70.0
ca-gcn + cs 97.0 78.6

ca-n2v + lr
ext-ca-n2v + lr
ext-ca-n2v-w2v + lr
cane + lr
ca-gcn + lr

99.7
99.8

99.8

95.3
98.0

84.5
86.6
88.4

70.0
80.0

Tab. 5.1: auc scores (%) for the is-a dataset. Best scores per link predictor (cs, lr) shown in bold.

NE Method + Link Predictor Random Negative Sampling Close Proximity Sampling

ca-n2v + cs 97.5 81.4
ext-ca-n2v + cs 97.8 82.2
ext-ca-n2v-w2v + cs 98.2 82.6

cane + cs 94.0 75.3
ca-gcn + cs 96.0 81.5

ca-n2v + lr
ext-ca-n2v + lr
ext-ca-n2v-w2v + lr
cane + lr
ca-gcn + lr

99.2
99.5
99.6

94.4
92.0

86.7
89.1
91.7

76.3
80.0

Tab. 5.2: auc scores (%) for the part-of dataset. Best scores per link predictor (cs, lr) shown in
bold.

Single-Relation andMulti-Relational Link Prediction Results: Experimental results
for the is-a and part-of networks are reported in Table 5.1 and 5.2. For multi-relational
link prediction results for the wn18rr, fb15k-237, covid graph networks can be seen in
Tables 5.3.

is-a and part-of datasets: These two datasets refer to single-relation link prediction.
Recall the results in section 4.3. We can observe that all the methods in this section (which
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also use the textual information together with structural properties), clearly outperform
the models in Section 4.3, which use only structural information. So we can conclude
that also modeling textual information can be crucial to learning better representations
for the nodes. Furthermore, observe that all the methods perform much worse in the
Close Proximity Sampling setting, indicating that indeed this approach can generate more
di�cult evaluation sets, re�ecting better real-world problems.

ca-n2v, its extensions (ext-ca-n2v, ext-ca-n2v-w2v) and ca-gcn, all outperform cane,
especially in Close Proximity Sampling. Recall that cane models only direct neighbors
and does not try to model richer neighborhoods, unlike the node2vec models and the gcn
model (when used with more than one layer). As a result, we can propose that modeling
as much graph-structure as possible, is of great importance. However, we must be careful
not to model too much wide network structure, to avoid the fact of losing the notion
of neighborhoods (again we can observe this phenomenon with ca-gcn in the part-of
dataset, where the ca-gcn with lr performs the worst).

For both datasets is-a and part-of, the extensions of ca-n2v obtain the best results and
particularly in Close Proximity Sampling, where the di�erences from the other models are
larger. Combining the power of textual encoding and the bene�ts of random walks, prove
to be very e�cient. However, ca-n2v and its extensions are not implemented for datasets
such as wn18rr, fb15k-237, covid graph, which re�ect real-world Knowledge Bases. Also,
as already mentioned, the overhead of training ca-n2v and the resources needed, are large
enough to limit its real-world application possibilities (training cannot be performed in a
graph with more than 1 million edges). ca-gcn is a lot more scalable and faster and it yields
competitive results. Additionally, ca-gcn can be extended easily in multirel-ca-gcn and
used in multi-relational link prediction (also trying to extend ca-n2v to multi-relational
link prediction, would also make its training even slower). The importance of ca-gcn is
evident as it can be used in more complex graphs and also make predictions that can be
proven useful in real-world applications (as reported in chapter ??).

Finally, apart from ca-gcn, we can observe that all the models perform better with the lr
predictor, rather than with the cs predictor, with the di�erences being larger with Close
Proximity Sampling. This was expected, because the logistic regression classi�er can assign
di�erent weights to the dimensions of the node embeddings, depending on their predictive
power, whereas cosine similarity assigns the same importance to all dimensions.

wn18rr, fb15k-237 and covid graph datasets: The datasets wn18rr, fb15k-237 and
covid graph are graphs with directed edges and with more than one type of relationship.
These datasets re�ect real world use cases, where having multiple relationship types is
pretty common, since in that way the graphs can represent more complex interactions and
useful information. wn18rr and fb15k-237 are two common datasets for benchmarking
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NE Method MRR hits@k

@1 @3 @10

conve 45.0 41.0 47.0 53.0

multirel-gcn 38.0 32.0 42.0 48.0
multirel-ca-gcn 40.0 34.0 42.0 49.0
multirel-ca-gat 40.0 31.0 44.0 53.0

(a) wn18rr dataset. Best scores shown in bold.

NE Method MRR hits@k

@1 @3 @10

conve 31.0 22.0 34.0 49.0

multirel-gcn 28.0 19.0 30.0 48.0
multirel-ca-gcn 29.0 20.0 31.0 48.0
multirel-ca-gat 28.0 19.0 31.0 47.0

(b) fb15k-237 dataset. Best scores shown in bold.

NE Method MRR hits@k

@1 @3 @10

conve 23.0 15.0 25.0 39.0
multirel-gcn 15.0 7.0 16.0 32.0

multirel-ca-gcn 23.0 13.0 27.0 43.0

multirel-ca-gat 19.0 11.0 20.0 35.0

(c) covid graph dataset. Best scores shown in bold.

Tab. 5.3: mrr and hits@k results for the datasets as described in 3.2, 3.3.

our models. We conduct experiments on these two graphs, to verify if our model is
competitive or even superior to one the state-of-the-art models in these two datasets,
namely conve. Note that we also try to capitalize on the textual information available for
these two datasets. The results are shown in Table 5.3.

Our multirel-ca-gcn and its variants (multirel-gcn, multirel-ca-gat) do not outper-
form conve, however multirel-ca-gcn remains pretty competitive and multirel-ca-gat
performs the same in hits@k withK = 10, which means that it ranks the same percentage
of positive triples in the top 10 ranks, but lacks at ranking them in the top 3. Consequently,
the di�erences in mrr are also larger. This presumably can be attributed to the textual
information in the wn18rr dataset, since most of the entities are plain words and do
not display a compositional structure, e.g "acute heart failure" and "heart failure" where
"acute" can be used to specify a subtype of "heart failure", like several biomedical entities in
part-of and is-a datasets, where the text clearly helps. The fact that multirel-gcn, which
uses no text, is pretty close to the text-based models (multirel-ca-gcn, multirel-ca-gat)
makes the previous argument more evident. Regarding the fb15k-237 dataset, our methods
still do not outperform conve but the di�erences here are even smaller. Again here we can
observe that the no-text model (multirel-gcn) yields the same results with the text-based
models, again suggesting that the text in this dataset is not informative enough to help the
models perform better.
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covid graph is a biomedical dataset, where the textual descriptors of the entities are mostly
phrases and not single words. This means that given a triple (s, r, o), the textual descriptor
of s might have some common words or near-synonyms with the textual descriptor of
o and presumably indicating some relationship. Furthermore, if we try to predict the
triple (s, r, o) and the textual descriptors of s and o are similar to the textual descriptors
of s′ and o′ of another known triple (s′

, r, o
′), then predicting (s, r, o) might be easier.

multirel-ca-gcn performs the same as conve in the mrr setting. However, it outperforms
conve in hits@k (K = 3, 10), meaning that multirel-ca-gcn ranks more positive edges
in �rst top-10 ranks, but it lacks at hits@k (K = 1). multirel-gcn performs much worse
than it did in the wn18rr and fb15k-237 datasets, indicating that in covid graph the
textual descriptors can be useful.

Finally, in all three datasets multirel-ca-gat performs worse than its counterparts, which
was unexpected. This needs further examination, but it may be attributed to the simplistic
incorporation of multiple relationships in gats (section 5.5). More complex or di�erent
attention mechanisms can be used as future work.
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6Covid-Related Predictions

In this chapter, we conduct an evaluation of new predictions. As already mentioned, the
ultimate goal of this paper is to do novel predictions using our approach and show that it
is useful in the Biomedical domain. covid-19 is an emerging and evolving situation. As a
result, it would be of great importance if we could show that our approach can contribute
to the �ght against it and also motivate further research, regarding our ne methods and
the evolution or even curation of our covid graph.

In particular, we want to identify entities of our graph that may have some relationship
with the concept of covid-19. To that extent, we ask our model, namely multirel-ca-gcn,
to make a prediction for every entity in the graph, and the particular relationships we are
interested in (UNIDIRECTIONAL, BIDIRECTIONAL, UPREGULATE and DOWNREGU-
LATE), that is not directly connected to covid-19. We use these predictions to construct a
ranked list of (entity, relationship, covid-19) triples. The triples are ranked based on the
probability score given by our model. After the ranking of our predictions, we �lter every
relationship that occurs in the cause and e�ect analysis provided by Causaly between umls
entities (e.g Drugs, genes etc) and covid-19, since these are predictions that already have
been inferred. We investigate the top-100 predictions. Ideally, we would like to discover
relationships that they were not present at the time we constructed our covid graph, but
later on research has found that indeed the entity at question is related to covid-19. The
problem could also be formulated as a Knowledge-Base Completion task, since we discover
new edges that could be added to the covid graph. To evaluate our predictions, we asked
Causaly to investigate them, by searching in their Knowledge Graph for evidence and
even in Pubmed. We also asked an expert to evaluate them, providing scores from 1-5,
depending on how signi�cant the prediction might be according to the expert. Based on
the evaluation done by Causaly and the expert, we can divide our predictions into three
classes. The �rst class, represents predictions predictions for which evidence has been
found and the expert deemed them useful. The second class, represents predictions that are
not useful and no evidence has been found about them. Finally, the third class represents
predictions that we have no evidence about, but the expert thinks they might be useful,
so they get a score greater than 4. Table 6.1 reports the performance of our model in the
top-100 predictions.

In Table 6.2, we provide some relevant predictions that exist in our top-10 ranked pre-
dictions, two class 3 and two class 2 predictions, along with evidence where is available,
snippets that support the evidence and a signi�cance score. For example, our model con-

36



Class 1

(evidence and useful)
Class 2

(no evidence and not useful)
Class 3

(no evidence and useful)
Accuracy 41/100 47/100 12/100

Tab. 6.1: Hits for each class in our top-100 predictions of entities related to covid-19. The predicted
entities were not directly linked to covid-19 in the graph used.

Rank Entity i Entity j Evidence Snippet Rating

2 cholesterol covid-19 Wei et al., 2020

"Fourth ,SARS-COV-2 infection may
alter vascular permeability,

causing a leakage
of cholesterol molecules

into tissues,
such as alveolar spaces,

to form exudate."

5

4 lipopolysaccharides covid-19 Anderson and Reiter, 2020

"The alterations in butyrate and LPS
can promote viral replication
and host symptom severity

via impacts on the melatonergic pathway."
"Under conditions of increased gut permeability,

intestinal epithelial cells
increase HMGB1 release in exosomes,
suggesting that both circulating LPS

and exosomal HMGB1
may contribute to viral lethality
via increased gut permeability."

4

5 il33 protein human covid-19 Adeliño et al., 2020

"Viral-activated mast cells
release in�ammatory chemical
compounds including protease,

ILs such as IL-1, IL-6, or IL-33, and histamine."

5

7 pcsk9 gene covid-19 Banach et al., 2020

"PCSK9 inhibitors potentially reduce
in�ammation as a result of downregulation

of LDL receptors, reduction of
proin�ammatory mediators,

reduced in�ltration of monocytes
into the subendothelial layer

and monocyte migration,
and amelioration of vascular in�ammation."

4

67 cldn4 gene covid-19 n/a n/a 4
82 heat shock proteins covid-19 n/a n/a 5
13 CERLIPONASE ALFA covid-19 n/a n/a 0
14 Hu3S193 covid-19 n/a n/a 0

Tab. 6.2: Covid-Related predictions. For each prediction, we provide the rank, according to the
predicted score, the relationship that the model predicted, the two entities, the publication
we found the evidence in, the snippet that supported the relationship, a comment if it is
available from the expert and a signi�cance score assigned by the expert, indicating how
important the prediction might be. The last four predictions are class 3 and class 2 (the
ones with scores greater than 4 are class 3) and the rest are class 1.

sidered very likely an interaction between cholesterol with covid-19, hence this prediction
is ranked in second. Wei et al., 2020 is the publication providing the evidence and we also
provide a snippet from the publication, supporting the evidence. Lastly, according to the
expert, mechanisms between covid-19 and cholesterol are currently being investigated,
hence the rating of this prediction as 5/5. Note, that this edge was not present in the covid
graph, the prediction is speci�c (not something broad) and the evidence very unlikely to
be found by randomly selecting an entity and deemed it related to covid-19. Note, that in
the second and third predictions, lipopolysaccharides is the same as LPS and il33 protein
human is IL-33. Furthermore, in Table 6.2, the last four predictions have no evidence. How-
ever, according to the expert, cldn4 gene would be interesting to investigate on humans,
since in mice, it plays an important role in the respiratory tract. Cldn4 concentrations
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increase during acute lung injury and appear to enable alveolar �uid clearance. Another
prediction worth investigating is heat shock proteins. Drug re-positioning suggests a role
for the Heat Shock Protein 90 inhibitor Geldanamycin in treating covid-19 infection. Lastly,
CERLIPONASE ALFA and Hu3S193 are not relevant at all, since no evidence was available
and the expert deemed them not useful.
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7Related Work

Network Embedding (ne) methods, a type of representation learning, are highly e�ective
in network analysis tasks involving predictions over nodes and edges. Link prediction
has been extensively studied in social networks (P. Wang et al., 2015), and is particularly
relevant to bioinformatics where it can help, for example, to discover interactions between
proteins, diseases, and genes (Lei and Ruan, 2013; Shojaie, 2013; Grover and Leskovec,
2016). Furthermore, link prediction can be utilized in Drug-Drug Interactions (DDIs). DDIs
is a research problem where traditional work relies on in vitro and in vivo experiments
and has laboratory limitations (Karim et al., 2019). Representing drugs as nodes in a graph
and links as interactions, the task can be regarded as a link prediction problem. One way
to perform link prediction is mapping the nodes of a graph to an embedding in a vector
space, while preserving the properties of the graph. Then the embeddings are given to a
model as input and the model is required to predict the likelihood of an edge.

Early methods of obtaining node embeddings try to preserve the properties of the graph by
applying random walks. As already noted (section 4.1), Node2Vec (Grover and Leskovec,
2016) generates random walks and then applies the Skipgram model (Mikolov et al., 2013)
to the node sequences created. Grover and Leskovec, 2016 evaluate link prediction results
in protein-protein interactions. D. Wang et al., 2016 learn node embeddings that preserve
the proximity between 2-hop neighbors using a deep autoencoder. Yu et al., 2018 encode
node sequences generated via random walks, by mapping the walks to low dimensional
embeddings, through an lstm autoencoder. To avoid over�tting, they use a generative
adversarial training process as regularization. In addition, as previously discussed in
section 4.2 Graph Convolutional Networks (gcns) (Kipf and Welling, 2017) use iterative
neighbourhood averaging strategies, meaning that the model iteratively aggregates the
embeddings of neighbors for a node. Then gcns apply a function over the obtained
embedding and its embedding at previous iterations to obtain the new embedding (Goyal
and Ferrara, 2018). By stacking iterations, gcns can obtain representations for non-local
neighborhoods.

The aforementioned methods learn node embeddings based on structural properties.
Graphs however as already mentioned are associated with metadata that characterize each
node. Hamilton et al., 2017 propose GraphSAGE, which leverages node features (textual
descriptors, node degrees etc) to learn node embeddings that are used in inductive learn-
ing. Other work that utilizes structure with textual information is cene (Sun et al., 2016)
which treats textual descriptors as a special kind of node, and uses bidirectional recurrent
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neural networks (rnns) to encode them. cane (Tu et al., 2017) learns two embeddings per
node, a text-based one and an embedding based on network structure. The text-based one
changes when interacting with di�erent neighbors, using a mutual attention mechanism.
wane (Shen et al., 2018) also uses two types of node embeddings, text-based and structure-
based. For the text-based embeddings, it matches important words across the textual
descriptors of di�erent nodes, and aggregates the resulting alignment features. In spite
of performance improvements over structure-oriented approaches, these content-aware
methods do not thoroughly explore the network structure, since they consider only direct
neighbors, unlike our previous work in Kotitsas et al., 2019 where as already discussed,
we proposed Content-Aware Node2Vec which uses Node2Vec to obtain non-local neigh-
borhoods for each node and optimizes over these neighborhoods by also considering the
textual descriptors of the nodes by encoding them with rnns.

More work on biomedical link prediction includes the work of Karim et al., 2019, who
�rst generate a large-scale drug knowledge graph and then embed the nodes by using a
combination of ComplEx embeddings (Trouillon et al., 2016) and a Convolutional-LSTM
network. Another model that utilizes Convolutional Networks is ConvE (Dettmers et
al., 2018). ConvE, which has already been used in the experiments of this Thesis, uses
convolutions over node and relationship embeddings to predict links. The model consists
of a convolutional layer, a fully connected network and an inner product for the �nal
predictions. By applying multiple convolutions di�erent feature maps are created and the
concatenation of these feature maps constitutes a triple.

Schlichtkrull et al., 2018 extend the gcn framework to aggregate information from mul-
tiple relationships (in heterogeneous graphs) in a neighborhood of a particular node.
Decagon (Zitnik et al., 2018) utilized these extensions to try and improve results on biomed-
ical link prediction by applying multi-relational gcns on graphs containing drug-drug,
protein-protein and drug-protein interactions. gcns however accumulate information
by equally considering all edges (all have the same importance), ignoring the fact that a
causative_agent_of relationship is possibly more important than an isa relationship. For
that purpose, Velickovic et al., 2018 proposed Graph Attention Networks (gats), which
learn attention coe�cients that act as weights, modeling the importance of each edge dif-
ferently. Although gats have been proven useful they are not suitable for multi-relational
link prediction, since they do not account for multiple relationships. Nathani et al., 2019 try
to incorporate the type of relationship into gats by concatenating the node representations
with the embedding of the relationship of the corresponding triple. Busbridge et al., 2019
propose Relational-GAT which also tries to model the impact of di�erent relationships
onto the node embeddings, since di�erent relationships convey distinct pieces of informa-
tion. They use a Query, Key, Value attention mechanism such as in Vaswani et al., 2017.
However, their model was not evaluated on multi-relational link prediction but rather in
node classi�cation.
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In this thesis, we are motivated by the aforementioned work and try to incorporate the
ideas of Kotitsas et al., 2019 to gcns and gats framework that are trying to solve multi-
relational link prediction. Our main di�erence with the previous methods is that we �rst
pass the textual descriptors of the nodes through our neural textual encoder (�g. 5.3). We
obtain node representations that act as an input to the gcns and gats frameworks, that
are more informative than using randomly initialized node embeddings (as experimental
results have shown). Furthermore, by doing so, we get as a by-product word embeddings
that have the graph structure incorporated in them and can be used as pretrained word
embeddings (Pappas et al., 2020). More formally, we generate the embedding of each node
from the word embeddings of its descriptor via the encoder in �g. 5.3, but the parameters
of the rnn, the word embeddings, hence also the node embeddings are updated during
training to predict the likelihood of an edge. In addition, this framework is also agnostic
to the node embedding framework used on top of the textual encoder. Lastly, apart from
pretrained embeddings, we also get pretrained node embeddings which can also be applied
to several applications as in Chalkidis et al., 2020.
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8Conclusions and Future Work

In this thesis, we addressed the problem of link prediction, with the ultimate goal of
creating methods that can contribute to the scienti�c community, by completing Knowledge
Bases or discovering new information. We partitioned the problem of link prediction, to
single-relation link prediction, which applies to graphs with only one type of relationship
between the nodes and to multi-relational link prediction, which applies to graphs with
multiple relationships between the nodes. The latter can be applied to to more real-world
applications and a lot of important information can be e�ciently described with these
types of graphs. To that extent, we utilized two biomedical datasets for single-relation link-
prediction and two benchmark datasets for multi-relational link prediction. Furthermore,
based on data provided by Causaly, we created a multi-relational graph, which contains
information for the Coronaviridae family.

Regarding, the ne methods, we extended the work of Kotitsas et al., 2019 (ca-n2v), which
is a method that learns node embeddings by utilizing the structural properties of the graph
along with the textual descriptors of the nodes. Improved results on the single-relation
link prediction task show that our improvements are useful. A key observation about
ca-n2v is that it is agnostic to the framework that utilizes structure. So we were able to
change node2vec with gcns and gats. Furthermore, this enabled us to more easily create
methods that are capable of handling multiple relationships. We compared our methods
to one of the state-of-the-art models, namely conve, in multi-relational link prediction
and results on the two benchmark datasets showed that our approach is competitive. In
our covid graph we remained competitive and we even outperformed conve in hits@k.
Finally, we used our best model, to infer predictions regarding covid-19. Upon evaluation,
we found that entities, which where not connected with covid-19 in covid graph, were
indeed related and provided evidence and expert comments. This is of great importance,
since the edges that were true but absent, during the creation of our graph, could be added,
helping completing our Knowledge Graph (covid graph). We could also apply the same
process to other Knowledge Graphs as future work.

In future work, we plan to examine more predictions of our model, trying to �nd edges
that were absent during the creation of our graph, but later on were discovered (or even
not discovered at all), facilitating in that way Knowledge Discovery, which would be
remarkable for the scienti�c community. Lastly, we plan to investigate the not so great
performance of the gat related methods and experiment with di�erent variants of attention
mechanisms.
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