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Preface

Graph Machine Learning provides a new set of tools for processing network data and
leveraging the power of the relationship between entities that can be used for predictive,
modeling, and analytics tasks.

You will start with a brief introduction to graph theory and Graph Machine Learning,
learning to understand their potential. As you proceed, you will become well versed with
the main machine learning models for graph representation learning: their purpose,
how they work, and how they can be implemented in a wide range of supervised and
unsupervised learning applications. You'll then build a complete machine learning
pipeline, including data processing, model training, and prediction, in order to exploit
the full potential of graph data. Moving on, you will cover real-world scenarios, such as
extracting data from social networks, text analytics, and natural language processing using
graphs and nancial transaction systems on graphs. Finally, you will learn how to build
and scale out data-driven applications for graph analytics to store, query, and process
network information, before progressing to explore the latest trends on graphs.

By the end of this machine learning book, you will have learned the essential concepts
of graph theory and all the algorithms and techniques used to build successful machine
learning applications.

Who this book is for

is book is for data analysts, graph developers, graph analysts, and graph professionals
who want to leverage the information embedded in the connections and relations between
data points, unravel hidden structures, and exploit topological information to boost their
analysis and models' performance. e book will also be useful for data scientists and
machine learning developers who want to build machine learning-driven graph databases.
A beginner-level understanding of graph databases and graph data is required. An
intermediate-level working knowledge of Python programming and machine learning is
also expected to make the most out of this book.
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What this book covers

Chapter 1Getting Started with Graphistroduces the basic concepts of graph theory
using the NetworkX Python library.

Chapter 2Graph Machine Learninintroduces the main concepts of graph machine
learning and graph embedding techniques.

Chapter 3Unsupervised Graph Learnimgvers recent unsupervised graph embedding
methods.

Chapter 4Supervised Graph Learnimgvers recent supervised graph embedding
methods.

Chapter 5Problems with Machine Learning on Grajtitsoduces the most common
machine learning tasks on graphs.

Chapter 6Social Network Analysishows an application of machine learning algorithms
on social network data.

Chapter 7Text Analytics and Natural Language Processing Using (shphs the
application of machine learning algorithms to natural language processing tasks.

Chapter 8Graph Analysis for Credit Card Transactj@mws the application of machine
learning algorithms to credit card fraud detection.

Chapter 9Building a Data-Driven Graph-Powered Applicatiotroduces some
technologies and techniques that are useful for dealing with large graphs.

Chapter 10Novel Trends on Graplistroduces some novel trends (algorithms and
applications) in graph machine learning.

To get the most out of this book

A Jupyter or a Google Colab notebook is su cient to cover all the examples. For some
chapters, Neo4j and Gephi are also required.

Software/Hardware covered in the book OS Requirements

Python Windows, macOS X, and Linux (any)
Neo4j Windows, macOS X, and Linux (any)
Gephi Windows, macOS X, and Linux (any)
Google Colab or Jupyter Notebook Windows, macOS X, and Linux (any)




Preface ix

If you are using the digital version of this book, we advise you to type the code yourself
or access the code via the GitHub repository (link available in the next section). Doing
so will help you avoid any potential errors related to the copying and pasting of code.

'RZQORDG WKH H[DPSOH FRGH 40HYV

You can download the example code les for this book from GitHuitgzd://
github.com/PacktPublishing/Graph-Machine-Learning . In case there's an
update to the code, it will be updated on the existing GitHub repository.

We also have other code bundles from our rich catalog of books and videos available at
https://github.com/PacktPublishing/ . Check them out!

Download the color images

We also provide a PDF le that has color images of the screenshots/diagrams used
in this book. You can download it hehgtps:/static.packt-cdn.com/
downloads/9781800204492_Colorlmages.pdf

Conventions used
ere are a number of text conventions used throughout this book.

Codeintext  :Indicates code words in text, database table names, folder names,
lenames, le extensions, pathnames, dummy URLS, user input, and Twitter handles.
Here is an example: "Mount the downloadféebStorm-10*.dmg disk image le as
another disk in your system."

A block of code is set as follows:

html, body, #map {
height: 100%;
margin: O;
padding: O

}


https://github.com/PacktPublishing/Graph-Machine-Learning
https://github.com/PacktPublishing/Graph-Machine-Learning
https://github.com/PacktPublishing/
https://static.packt-cdn.com/downloads/9781800204492_ColorImages.pdf
https://static.packt-cdn.com/downloads/9781800204492_ColorImages.pdf

x Preface

When we wish to draw your attention to a particular part of a code block, the relevant
lines or items are set in bold:

Jupyter==1.0.0
networkx==2.5
matplotlib==3.2.2
node2vec==0.3.3
karateclub==1.0.19
scipy==1.6.2

Any command-line input or output is written as follows:

$ mkdir css
$ cd css

Bold: Indicates a new term, an important word, or words that you see on screen. For
example, words in menus or dialog boxes appear in the text like this. Here is an example:
"SelecBystem infofrom theAdministration panel."

Tips or important notes
Appear like this.

Get in touch

Feedback from our readers is always welcome.

General feedbacklf you have questions about any aspect of this book, mention the book
title in the subject of your message and email asstbmercare@packtpub.com

Errata: Although we have taken every care to ensure the accuracy of our content, mistakes
do happen. If you have found a mistake in this book, we would be grateful if you would
report this to us. Please vigitvw.packtpub.com/support/errata , Selecting your

book, clicking on the Errata Submission Form link, and entering the details.

Piracy. If you come across any illegal copies of our works in any form on the internet,
we would be grateful if you would provide us with the location address or website name.
Please contact us@&ipyright@packt.com with a link to the material.

If you are interested in becoming an autholf there is a topic that you have expertise in,
and you are interested in either writing or contributing to a book, pleasauwtsitrs.
packtpub.com


mailto:customercare@packtpub.com
http://www.packtpub.com/support/errata
mailto:copyright@packt.com
http://authors.packtpub.com
http://authors.packtpub.com

Preface xi

Reviews

Please leave a review. Once you have read and used this book, why not leave a review on
the site that you purchased it from? Potential readers can then see and use your unbiased
opinion to make purchase decisions, we at Packt can understand what you think about
our products, and our authors can see your feedback on their book. ank you!

For more information about Packt, please \paitkt.com


http://packt.com




Section 1 —
Introduction to
Graph Machine

Learning

In this section, the reader will get a brief introduction to graph machine learning, showing
the potential of graphs combined with the right machine learning algorithms. Moreover,

a general overview of graph theory and Python libraries is provided in order to allow the
reader to deal with (that is, create, modify, and plot) graph data structures.

is section comprises the following chapters:

» Chapter 1Getting Started with Graphs
e Chapter 2Graph Machine Learning
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Getting Started with
Graphs

Graphsare mathematical structures that are used for describing relations between entities
and are used almost everywhere. For example, social networks are graphs, where users
are connected depending on whether one Us#oWs the updates of another user. ey

can be used for representing maps, where cities are linked through streets. Graphs can
describe biological structures, web pages, and even the progression of neurodegenerative
diseases.

Graph theory, the study of graphs, has received major interest for years, leading people
to develop algorithms, identify properties, and de ne mathematical models to better
understand complex behaviors.

is chapter will review some of the concepts behind graph-structured data. eoretical
notions will be presented, together with examples to help you understand some of the
more general concepts and put them into practice. In this chapter, we will introduce and
use some of the most widely used libraries for the creation, manipulation, and study of the
structure dynamics and functions of complex networks, speci cally looking at the Python
networkx library.
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e following topics will be covered in this chapter:

 Introduction to graphs witmetworkx
e Plotting graphs

e Graph properties

* Benchmarks and repositories

e Dealing with large graphs

Technical requirements

We will be using Jupyter Notebooks witiithon 3.8or all of our exercises. In the
following code snippet, we show a list of Python libraries that will be installed for
this chapter usingip (for example, rumip install networkx==2.5 on the
command line, and so on):

Jupyter==1.0.0
networkx==2.5
shap-stanford==5.0.0
matplotlib==3.2.2
pandas==1.1.3
scipy==1.6.2

In this book, the following Python commands will be referred to:

e import networkx as nx
* import pandas as pd

e import numpy as np

For more complex data visualization tasks, Gepipg:/gephi.org/ ) is also
required. e installation manual is available hetttps://gephi.org/users/

install/ . All code les relevant to this chapter are availabhetjps://github.
com/PacktPublishing/Graph-Machine-Learning/tree/main/Chapter01


https://gephi.org/
https://gephi.org/users/install/
https://gephi.org/users/install/
https://github.com/PacktPublishing/Graph-Machine-Learning/tree/main/Chapter01
https://github.com/PacktPublishing/Graph-Machine-Learning/tree/main/Chapter01
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Introduction to graphs with networkx

In this section, we will give a general introduction to graph theory. Moreover, in order
to merge theoretical concepts with their practical implementation, we will enrich our
explanation with code snippets in Python, usiegvorkx .

A simple undirected graph(or simply, a graph is de ned as a couple=(V,E), where
V={Vy, ..,Vp} is a set of nodes (alsalledverticeg and E={{Vk,VW} ViVl is a set
of two-sets (set of two elements) of edges albedlinks), representing the connection
between two nodes belonginguo

It is important to underline that since each elemeri f a two-set, there is no order
between each edge. To provide more d@&ﬂ,vw} and{VW,Vk} represent the same
edge.

We now provide de nitions for some basic properties of graphs and nodes, as follows:

e e order of a graph is the number of its vertifds e sizeof a graph is the
number of its edgg&|

* e degreeof a vertex is the number of edges that are adjacent to iteighborsof
avertexv in a graphG is a subset of vert& induced by all vertices adjacent/to

* e neighborhood graph(also known as an ego graph) of a vertexa graphc
is a subgraph @, composed of the vertices adjacent &md all edges connecting
vertices adjacent to

An example of what a graph looks like can be seen in the following screenshot:

V = [Paris, Milan, Dublin, Rome]

E = [{Milan, Dublin}, {Milan, Paris}, {Paris, Dublin}, {Milan, Rome}]

R‘is

M&n D\“in

Rwe

Figure 1.1 — Example of a graph
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According to this representation, since there is no direction, an edgdvfilam to Paris
is equal to an edge froRaristo Milan. us, it is possible to move in the two directions
without any constraint. If we analyze the properties of the graph depidtéglire 1.1
we can see that it hasderandsizeequal to4 (there are, in total, four vertices and four
edges). e ParisandDublin vertices have degrgeMilan has degre®, andRomehas
degreel. e neighbors for each node are shown in the following list:

* Paris ={Milan ,Dublin }
e Milan ={Paris ,Dublin ,Romg
e Dublin ={Paris ,Milan }
* Rome= {Milan }
e same graph can be representedmetworkx , as follows:

import networkx as nx

G = nx.Graph()

V = {'Dublin’, 'Paris', 'Milan', 'Rome'}

E = [(Milan','Dublin’), ('Milan','Paris’), (‘Paris’,'Dublin’),
(‘Milan',’'Rome)]

G.add_nodes_from(V)

G.add_edges_from(E)

Since by default, thex.Graph() command generates an undirected graph, we do not
need to specify both directions of each edgeetworkx , nodes can be any hashable
object: strings, classes, or even otletworkx graphs. Let's now compute some
properties of the graph we previously generated.

All the nodes and edges of the graph can be obtained by running the following code:

print(f"V = {G.nodes}")
print(f"E = {G.edges}")

Here is the output of the previous commands:
V =['Rome’, 'Dublin’, 'Milan', 'Paris’]

E = [(Rome’, 'Milan'), ('Dublin’, 'Milan®), (‘Dublin’,
'‘Paris"), (‘Milan', 'Paris’)]
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We can also compute the graph order, the graph size, and the degree and neighbors for
each of the nodes, using the following commands:

print(f"Graph Order: {G.number_of nodes()}")

print(f'Graph Size: {G.number_of_edges()}")

print(f'Degree for nodes: { {v: G.degree(v) for v in G.nodes}
})

print(f"Neighbors for nodes: { {v: list(G.neighbors(v)) for v

in G.nodes} }")

e result will be the following:

Graph Order: 4

Graph Size: 4

Degree for nodes: {'Rome": 1, 'Paris": 2, 'Dublin’:2, 'Milan':
3}

Neighbors for nodes: {'Rome": ['Milan'], ‘Paris": ['Milan’,
'Dublin’], 'Dublin": ['Milan', ‘Paris"], ‘Milan": ['Dublin’,

'Paris’, 'Rome'T}

Finally, we can also compute an ego graph of a speci ¢ node for the3yegpfollows:

ego_graph_milan = nx.ego_graph(G, "Milan")
print(f'Nodes: {ego_graph_milan.nodes}")
print(f'Edges: {ego_graph_milan.edges}")

e result will be the following:

Nodes: ['Paris', 'Milan', '‘Dublin’, 'Rome']
Edges: [('Paris', 'Milan’), (‘Paris’, 'Dublin’), (‘Milan’,
'Dublin’), (‘Milan', 'Rome")]

e original graph can be also modi ed by adding new nodes and/or edges, as follows:

#Add new nodes and edges

new_nodes = {'London’, 'Madrid'}

new_edges = [('London','/Rome"), (‘Madrid’,'Paris')]
G.add_nodes_from(new_nodes)
G.add_edges_from(new_edges)

print(f"V = {G.nodes}")

print(f"E = {G.edges}")
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is would output the following lines:

V = ['Rome’, 'Dublin’, 'Milan', 'Paris', 'London’, 'Madrid']
E = [(Rome’, 'Milan"), (‘(Rome’, ‘London’), (‘Dublin’,
‘Milan"), (‘Dublin’, 'Paris’), (‘Milan', 'Paris"), (‘Paris’,
'‘Madrid")]
Removal of nodes can be done by running the following code:

node_remove = {'London’, ‘Madrid'}
G.remove_nodes_from(node_remove)
print(f"V = {G.nodes}")

print(f"E = {G.edges}")

is is the result of the preceding commands:

V = ['Rome’, 'Dublin’, 'Milan', ‘Paris']
E = [(Rome’, 'Milan'), ('Dublin’, 'Milan®), (‘Dublin’,
'‘Paris’), (‘Milan', ‘Paris’)]

As expected, all the edges that contain the removed nodes are automatically deleted from
the edge list.

Also, edges can be removed by running the following code:

node_edges = [('Milan','Dublin’), (‘Milan','Paris")]
G.remove_edges_from(node_edges)

print(f"V = {G.nodes}")

print(f"E = {G.edges}")

e nal result will be as follows:

V = ['Dublin’, 'Paris', 'Milan', 'Rome']
E = [(Dublin', 'Paris’), (‘Milan', 'Rome")]
e networkx library also allows us to remove a single node or a single edge from

a graphG by using the following commands: remove_node('Dublin’) and
G.remove_edge('Dublin’, 'Paris")
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Types of graphs

In the previous section, we described how to create and modify simple undirected graphs.
Here, we will show how we can extend this basic data structure in order to encapsulate
more information, thanks to the introduction directed graphs(digraphs), weighted

graphs, and multigraphs.

Digraphs
A digraphG s de ned as a coupl&=(V, E) whereV={V4, ..,Vn} is a set of nodes and

E={(Vk,VW) (Vi,Vj)} is a set of ordered couples representing the connection between
two nodes belonging ta.

Since each elementis an ordered couple, it enforces the direction of the connection.

e edge (V,Vy, ) meanghe nodevy goes intd/yy . is is di erent from (VW,Vk)
since it meanthe nodéV/,,, goes t¥| . e starting node V\y is called théead while the
ending node is called thail.

Due to the presence of edge direction, the de nition of node degree needs to be extended.

Indegree and outdegree

For a vertex, the number of head ends adjacent tecalled thendegree
(indicated bydeg "(v) ofv, while the number of tail ends adjacenvis its
outdegree(indicated byleg* (v)).

An example of what a digraph looks like is available in the following screenshot:

V = [Paris, Milan, Dublin, Rome]

E = [(Milan, Dublin), (Paris , Milan), (Paris, Dublin), (Milan, Rome)]

D'lyin

Piis

Figure 1.2 — Example of a digraph
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e direction of the edge is visible from the arrow—for examfilan -> Dublin means
from Milan to Dublin. Dublin hasdeg "(v) = 2anddeg™ (v) = 0, Parishasdeg "(v) =

0 anddeg™ (v) = 2 Milan hasdeg "(v) = 1anddeg* (v) = 2 andRomehasdeg "(v) = 1
anddeg* (v) =0,

e same graph can be representedmetworkx , as follows:

G = nx.DiGraph()

V = {'Dublin’, 'Paris', 'Milan', 'Rome'}

E = [(Milan','Dublin"), (‘Paris','Milan’), (‘Paris','Dublin’),
(‘Milan','Rome")]

G.add_nodes_from(V)

G.add_edges_from(E)

e de nition is the same as that used for simple undirected graphs; the only di erence
is in thenetworkx classes that are used to instantiate the object. For digraphs, the
nx.DiGraph()  class is used.

Indegree andOutdegree can be computed using the following commands:

print(f'Indegree for nodes: { {v: G.in_degree(v) for v in
G.nodes} }")

print(f"Outdegree for nodes: { {v: G.out_degree(v) for v in
G.nodes} }")

e results will be as follows:
Indegree for nodes: {'Rome": 1, 'Paris": 0, 'Dublin": 2,
‘Milan': 1}
Outdegree for nodes: {{Rome": 0, 'Paris": 2, 'Dublin': 0,
'‘Milan'; 2}

As for the undirected graphG,add_nodes_from() ,G.add_edges_from()
G.remove_nodes_from() , andG.remove_edges_from() functions can be used
to modify a given grap@.

Multigraph

We will now introduce the multigraph object, which is a generalization of the graph
de nition that allows multiple edges to have the same pair of start and end nodes.

A multigraph G is de nedasG=(V, E) whereV is a set of nodes aids a multi-set (a set
allowing multiple instances for each of its elements) of edges.
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A multigraph is called directed multigraph if E is a multi-set of ordered couples;
otherwise, iE is a multi-set of two-sets, then it is callediadirected multigraph.

An example of a directed multigraph is available in the following screenshot:

V = [Paris, Milan, Dublin, Rome]

E = [(Milan, Dublin), (Milan, Dublin), (Paris , Milan), (Paris, Dublin), (Milan, Rome), (Milan, Rome)]
s
L e
viggn

Figure 1.3 — Example of a multigraph

In the following code snippet, we show how tonetevorkx in order to create a
directed or an undirected multigraph:

directed_multi_graph = nx.MultiDiGraph()
undirected_multi_graph = nx.MultiGraph()

V = {'Dublin’, 'Paris', 'Milan', 'Rome'}

E = [('Milan','Dublin’), (‘Milan’,'Dublin’), (‘Paris','Milan"),
(‘Paris','Dublin’), (‘Milan','Rome"), (‘Milan','Rome")]
directed_multi_graph.add_nodes_from(V)
undirected_multi_graph.add_nodes_from(V)
directed_multi_graph.add_edges_from(E)
undirected_multi_graph.add_edges_from(E)

e only di erence between a directed and an undirected multigraph is in the rst
two lines, where two di erent objects are createdMultiDiGraph() is used to
create a directed multigraph, while.MultiGraph() is used to build an undirected
multigraph. e function used to add nodes and edges is the same for both objects.
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Weighted graphs
We will now introduce directed, undirected, and multi-weighted graphs.

An edge-weighted graplfor simply, a weighted grapty)is de ned ass=(V, E ,w)where
V is a set of nodeB,is a set of edges, awdE \ 9 is the weighted function that assigns
at each edge DE a weight expressed as a real number.

A node-weighted graplG is de ned ass=(V, E ,w ,whereV is a set of nodeB,is a set of
edges, and:V \ 9 is the weighted function that assigns at each ModBV a weight
expressed as a real number.

Please keep the following points in mind:
» If Eis a set of ordered couples, then we callliterted weighted graph

» If Eis a set of two-sets, then we cahitindirected weighted graph

e If Eis amulti-set, we will call it eveighted multigraph (directed weighted
multigraph).

» If Eis a multi-set of ordered couples, it isumdirected weighted multigraph

An example of a directed edge-weighted graph is available in the following screenshot:

V = [Paris, Milan, Dublin, Rome]

E = [(Milan, Dublin, 19), (Paris , Milan, 8), (Paris, Dublin, 11), (Milan, Rome, 5)]

Pis
W

gt - e

2 S
M‘m
Figure 1.4 — Example of a directed edge-weighted graph

From Figure 1.4it is easy to see how the presence of weights on graphs helps to add useful
information to the data structures. Indeed, we can imagine the edge weight as a "cost" to
reach a node from another node. For example, reaéhilbgin from Milan has a "cost"

of 19, while reachindpublin from Parishas a "cost" afL.
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In networkx , a directed weighted graph can be generated as follows:

G = nx.DiGraph()

V = {'Dublin’, 'Paris', 'Milan', 'Rome'}

E = [('Milan','Dublin’, 19), (‘Paris','Milan’, 8),
(‘Paris','Dublin’, 11), (‘Milan','/Rome’, 5)]
G.add_nodes_from(V)

G.add_weighted _edges_from(E)

Bipartite graphs

We will now introduce another type of graph that will be used in this section: mulgpartit
graphs. Bi- and tripartite graphs—and, more generally, kth-partite graphs—are graphs
whosevertices can be partitioned in two, three, or more k-th sets of nodes, respectively.
Edges are only allowed across di erent sets and are not allowed within nodes belonging
to the same set. In most cases, nodes belonging to di erent sets are also characterized by
particular node types. I@hapters 7, Text Analytics and Natural Language Processing Using
GraphsandChapter 8Graphs Analysis for Credit Cards Transactienwill deal with

some practical examples of graph-based applications and you will see how multipartite
graphs can indeed arise in several contexts—for example, in the following scenarios:

*  When processing documents and structuring the information in a bipartite graph of
documents and entities that appear in the documents

* When dealing with transactional data, in order to encode the relations between the
buyers and the merchants

A bipartite graph can be easily createdetworkx with the following code:

import pandas as pd
import numpy as np
n_nodes = 10
n_edges = 12
bottom_nodes = [ith for ith in range(n_nodes) if ith % 2 ==0]
top_nodes = [ith for ith in range(n_nodes) if ith % 2 ==1]
iter_edges = zip(
np.random.choice(bottom_nodes, n_edges),
np.random.choice(top_nodes, n_edges))
edges = pd.DataFrame([
{"source™: a, "target": b} for a, b in iter_edges])
B = nx.Graph()
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B.add_nodes_from(bottom_nodes, bipartite=0)
B.add_nodes_from(top_nodes, bipartite=1)
B.add_edges_from(Jtuple(x) for x in edges.values])

e network can also be conveniently plotted usingbthartite layout utility
function ofnetworkx , as illustrated in the following code snippet:

from networkx.drawing.layout import bipartite_layout
pos = bipartite_layout(B, bottom_nodes)
nx.draw_networkx(B, pos=pos)

e bipatite_layout function produces a graph, as shown in the following
screenshot:

Figure 1.5 — Example of a bipartite graph

Graph representations
As described in the previous sections, witworkx , we can actually de ne and

manipulate a graph by using node and edge objects. In di erent use cases, such a
representation would not be as easy to handle. In this section, we will show two ways to
perform a compact representation of a graph data structure—namely, an adjacency matrix

and an edge list.
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Adjacency matrix

e adjacency matrixM of a graplfG=(V,E)is a square matrifV| x |[V] matrix such that

its elemend;; is 1 when there is an edge from notenodej, and 0 when there is no

edge. In the following screenshot, we show a simple example where the adjacency matrix
of di erent types of graphs is displayed:

“ﬁs Milan Paris Dublin Rome
Milan 0 1 1 1
Paris 1 0 1 0
Mg Dyggin Dublin 1 1 0 0
Rome 1 0 0 0
R@e
D'Ly'm
Milan Paris Dublin Rome
Milan 0 0 1 1
tho o B@e Paris 1 0 1 0
I :' Dublin 0 0 0 0
Rome 0 0 0 0
4G
Pis Milan Paris Dublin Rome
Milan 0 0 2 2
Paris 1 0 1 0
D‘ﬁ" e Dublin 0 0 0 0
Rome 0 0 0 0
Miign
P"'s Milan Paris Dublin Rome
Milan 0 0 19 5
> Paris 8 0 11 0
D e Dublin 0 0 0
o - te
Rome 0 0 0

Figure 1.6 — Adjacency matrix for an undirected graph, a digraph, a multigraph, and a weighted graph
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It is easy to see that adjacency matrices for undirected graphs are always symmetric,
since no direction is de ned for the edge. e symmetry instead is not guaranteed for the
adjacency matrix of a digraph due to the presence of constraints in the direction of the
edges. For a multigraph, we can instead have values greater than 1 since multiple edges
can be used to connect the same couple of nodes. For a weighted graph, the value in a
speci ¢ cell is equal to the weight of the edge connecting the two nodes.

In networkx , the adjacency matrix for a given graph can be computed in two di erent
ways. IfGis thenetworkx of Figure 1.6we can compute its adjacency matrix as follows:

nx.to_pandas_adjacency(G) #adjacency matrix as pd DataFrame
nt.to_numpy_matrix(G) #adjacency matrix as numpy matrix

For the rst and second line, we get the following results respectively:

Rome Dublin Milan Paris
Rome 0.0 00 0.0 0.0
Dublin 0.0 0.0 0.0 0.0
Milan 1.0 1.0 0.0 0.0
Paris 0.0 1.0 1.0 0.0

[[0.0.0.0]
[0.0.0.0]
[1.1.0.0]
[0.1.1. 0]

Since amumpy matrix cannot represent the name of the nodes, the order of the element in
the adjacency matrix is the one de ned in Gi@odes list.

Edge list

As well as an adjacency matrix, an edge list is another compact way to represent graphs.
e idea behind this format is to represent a graph as a list of edges.

e edge listL of agraphG=(V,E)is a list of sizg=| matrix such that its elemeht is a
couple representing the tail and the end node of theiedgeexample of the edge list for
each type of graph is available in the following screenshot:
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PWS Edge
1 {Milan, Dublin}
2 {Milan, Paris}
Mﬁn D\“in 3 {Paris, Dublin}
4 {Milan, Rome}
Rwe

D#in
Edge

(Milan, Dublin)
(Paris, Milan)
(Paris, Dublin)

(Milan, Rome)

S e

B W N =

Piis
Pi's Edge

(Milan, Dublin)
(Milan, Dublin)
(Milan, Rome)
(Milan, Rome)
(Paris, Dublin)
(Paris, Milan)

a U b W N R

Edge Weight
(Milan, Dublin) 19
(Paris, Milan) 8
(Paris, Dublin) 11
(Milan, Rome) 5

»

% o

Mgdgn

B W N =

Figure 1.7 — Edge list for an undirected graph, a digraph, a multigraph, and a weighted graph

In the following code snippet, we show how to computeetwvorkx  the edge list of the
simple undirected grap@ available irFigure 1.7

print(nx.to_pandas_edgelist(G))
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By running the preceding command, we get the following result:

source target
0 Milan Dublin
1 Milan Rome
2 Paris Milan
3 Paris Dublin

Other representation methods, which we will not discuss in detail, are also available in
networkx . Some examples ame.to_dict_of_dicts(G) andnx.to_numpy_
array(G) , among others.

Plotting graphs

As we have seen in previous sections, graphs are intuitive data structures represented
graphically. Nodes can be plotted as simple circles, while edges are lines connecting two
nodes.

Despite their simplicity, it could be quite di cult to make a clear representation when the
number of edges and nodes increases. e source of this complexity is mainly related to
the position (space/Cartesian coordinates) to assign to each node in the nal plot. Indeed,
it could be unfeasible to manually assign to a graph with hundreds of nodes the speci c
position of each node in the nal plot.

In this section, we will see how we can plot graphs without specifying coordinates for each
node. We will exploit two di erent solutionaetworkx and Gephi.

networkx

networkx 0 ers a simple interface to plot graph objects throtlggnx.draw library. In
the following code snippet, we show how to use the library in order to plot graphs:

def draw_graph(G, nodes_position, weight):

nx.draw(G, pos_ position, with_labels=True, font_size=15,
node_size=400, edge_color='gray', arrowsize=30)

if plot_weight:
edge_labels=nx.get_edge_attributes(G,'weight')
nx.draw_networkx_edge_labels(G, pos_ position, edge
labels=edge_labels)
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Here,nodes_position is a dictionary where the keys are the nodes and the value
assigned to each key is an array of length 2, with the Cartesian coordinate used for
plotting the speci ¢ node.

e nx.draw function will plot the whole graph by putting its nodes in the given
positions. e with_labels option will plot its name on top of each node with the
speci cfont_size  valuenode_size andedge_color will respectively specify the
size of the circle, representing the node and the color of the edges. &imalksize

will de ne the size of the arrow for directed edges. is option will be used when the
graph to be plotted is a digraph.

In the following code example, we show how to usdréne graph function previously
de ned in order to plot a graph:

G = nx.Graph()

V = {'Paris', 'Dublin','Milan’, 'Rome'}

E = [('Paris','Dublin’, 11), (‘Paris','Milan’, 8),
(‘Milan','Rome’, 5), (‘Milan','Dublin’, 19)]

G.add_nodes_from(V)

G.add_weighted _edges_from(E)

node_position = {"Paris": [0,0], "Dublin": [0,1], "Milan":

[1,0], "Rome": [1,1]}

draw_graph(G, node_position, True)

e result of the plot is available to view in the following screenshot:

D¢ilin Réibe
Pis ; g

Figure 1.8 — Result of the plotting function
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e method previously described is simple but unfeasible to use in a real scenario since
thenode_position  value could be di cult to decide. In order to solve this issue,
networkx 0 ers a di erent function to automatically compute the position of each node
according to di erent layouts. IRigure 1.9we show a series of plots of an undirected
graph, obtained using the di erent layouts availabledtworkx . In order to use them

in the function we proposed, we simply need to asgige_position  to the result

of the layout we want to use—for examplale_position = nx.circular_

layout(G) . e plots can be seen in the following screenshot:

g H 3 2 3 2
2 ? f } 1
i 7 !
i 2 0 2 9
1 ¢
L2 5 .
: e\ ¢ e g 9
¢ 5 e -8 i
bipartite_layout() circular_layout() kamada_kawai_layout()
5
6 7 g :
7 - O — .‘
3 B A 3 6 3
9 1 5 Y »
# 0 . J 2 3
ANV S
2 - . g
-
X S ’_’ 4 g g 3 !
. Ny
planar_layout() random_layout() spring_layout()
6
7 5
 EO—— | . 9 9 B e B
9 y § po 4
I 4 *
! 5 )
q ﬁ 2 # 1]
. } 3
1 4 | 3 . i
2 3 2 L= .
shell_layout() spectral_layout() spiral_layout()

Figure 1.9 — Plots of the same undirected graph with di erent layouts

networkx is agreat tool for easily manipulating and analyzing graphs, but it does

not o er good functionalities in order to perform complex and good-looking plots of
graphs. In the next section, we will investigate another tool to perform complex graph
visualization: Gephi.
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Gephi

In this section, wavill show howGephi(an open source network analysis and
visualization so ware) can be used for performing complex, fancy plots of graphs. For all
the examples showed in this section, we will usedfidliserables.gexf sample

(a weighted undirected graph), which can be selected Welmmewindow when the
application starts.

e main interface of Gephi is shown ifrigure 1.10It can be divided into four main
areas, afllows:

1.

Graph: is section shows the nal plot of the graph. e image is automatically
updated each time a lIter or a speci ¢ layout is applied.

Appearance Here, it is possible to specify the appearance of hodes and edges.

Layout In this section, it is possible to select the layout (astivorkx ) to
adjust the node position in the graph. Di erent algorithms, from a simple random
position generator to a more complex Yifan Hu algorithm, are available.

Filters & Statistics In this set area, two main functions are available, outlined as
follows:

a.Filters: In this tab, it is possible to Iter and visualize speci ¢ subregions of the
graph according to a set property computed usingstaéisticstab.

b. Statistics is tab contains a list of available graph metrics that can be computed

on the graph using thRun button. Once metrics are computed, they can be used as
properties to specify the edges' and nodes' appearance (such as node and edge size
and color) or to lter a speci ¢ subregion of the graph.
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You can see the main interface of Gephi in the following screenshot:

‘Workspace 1 0

Appearance 1.+ ] . R Context & |
Nodes Edges @ A 4T (’(ﬂ’ Dragging (Configure) Nodar 77
k& Edges: 254
Unique Partition Ranking
A Undirected Graph
#c0cOcO {8
% Settings
/
g = Network Overview
i O Average Degree 6,597 Run
Appearance <, C‘O Avg. Weighted Degree 21,299 | Run
& o Network Diameter Run
- P Apply ’ O % O Graph Density Run
x 96 s
Ayout L1 |
D O O% O Modularity 0,545  Run
---Choose a layout
¥ a L2 O PageRank Run
[ ] P Run Connected Components Run
= Node Overview
Avg. Clustering Coefficient Run
@ Eigenvector Centrality Run
O = Edge Overview
<Nessuna proprieta> O O O Avg. Path Length Run
= Dynamic
O # Nodes Run
# Edges Run
- Degree Run
A Clustering Coefficient Run
Layout +| Graph
Filters & Statistics
¥ presets_. | Reser V|=- T ¢ I - | A-| A-| Arial-golawT, 32 ‘® o ~

Figure 1.10 — Gephi main window

Our exploration of Gephi starts with the application of di erent layouts to the graph. As
previously described, metworkx the layouts allow us to assign to each node a specic
position in the nal plot. In Gephi 1.2, di erent layouts are available. In order to apply a
speci ¢ layout, we have to select from tlagout area one of the available layouts, and
then click on thdRun button that appears a er the selection.

e graph representation, visible in th&raph area, will be automatically updated
according to the new coordinates de ned by the layout. It should be noted that some
layouts are parametric, hence the nal graph plot can signi cantly change according to
the parameters used. In the following screenshot, we propose several examples for the
application of three di erent layouts:
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Fruchterman Reingold Yifan Hu OpenOrd

Figure 1.11 — Plot of the same graph with di erent layout

We will now introduce the available options in tygpearancemenu visible irFigure

1.10 In this section, it is possible to specify the style to be applied to edges and nodes. e
style to be applied can be static or can be dynamically de ned by speci ¢ properties of the
nodes/edges. We can change the color and the size of the nodes by selddtidgshe

option in the menu.

In order to change the color, we have to select the color palette icon and decide, using
the speci ¢ button, if we want to assighlaique color, aPartition (discrete values), or
aRanking (range of values) of colors. FRartition andRanking, it is possible to select
from the drop-down menu a speci@raph property to use as reference for the color
range. Only the properties computed by clickifwun in theStatisticsarea are available

in the drop-down menu. e same procedure can be used in order to set the size of the
nodes. By selecting the concentric circles icon, it is possible tOrsigua size to all the
nodes or to specifyRanking of size according to a speci ¢ property.

As for the nodes, it is also possible to change the style of the edges by sel&digesthe
option in the menu. We can then select to assignique color, aPartition (discrete
values), or &anking (range of values) of colors. Rartition andRanking, the
reference value to build the color scale is de ned by a sgecagh property that can be
selected from the drop-down menu.
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It is important to remember that in order to apply a speci ¢ style to the grapApibig

button should be clicked. As a result, the graph plot will be updated according to the style
de ned. In the following screenshot, we show an example where the color of the nodes is
given by théModularity Classvalue and the size of each node is given by its degree, while
the color of each edge is de ned by the edge weight:

Figure 1.12 — Example of graph plot changing nodes' and edges' appearance

Another important section that needs to be describdtlisrs & Statistics In this menu,
it is possible to compute some statistics based on graph metrics.

Finally, we conclude our discussion on Gephi by introducing the functionalities available
in the Statisticsmenu, visible in the right panel Figure 1.10 rough this menu, it is

possible to compute di erent statistics on the input graph. ose statistics can be easily
used to set some properties of the nal plot, such as nodes'/edges’' color and size, or to
Iter the original graph to plot just a speci ¢ subset of it. In order to compute a speci ¢
statistic, the user then needs to explicitly select one of the metrics available in the menu
and click on thdRun button Figure 1.10right panel).
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Moreover, the user can select a subregion of the graph, using the options available in the
Filters tab of theStatisticsmenu, visible in the right panel iigure 1.10An example of

ltering a graph can be seenkigure 1.13To provide more details of this, we build and
apply to the graph a lter, using tli@egreeproperty. e result of the lters is a subset

of the original graph, where only the nodes (and their edges) having the speci ¢ range of
values for the degree property are visible.

is is illustratedin the following screenshot:
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Figure 1.13 — Example of a graph ltered according to a range of values for Degree

Of course, Gephi allows us to perform more complex visualization tasks and contains a lot
of functionalities that cannot be fully covered in this book. Some good references to better
investigate all the features available in Gephi are the o cial Gephi dutde:{

gephi.org/users/ ) or theGephi Cookbodook by Packt Publishing.


https://gephi.org/users/
https://gephi.org/users/
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Graph properties
As we have already learnedyraphis a mathematical model that is used for describing
relations between entities. However, each complex network presents intrinsic properties.

Such properties can be measured by particular metrics, and each measure may
characterize one or several local and global aspects of the graph.

In a graph for a social network such as Twitter, for example, users (represented by the
nodesf the graph) are connected to each other. However, there are users that are more
connected than others (in uencers). On the Reddit social graph, users with similar
characteristics tend to group into communities.

We have already mentioned some oflibsic featuresf graphs, such as thamber of

nodes and edgesa graph, which constitute the size of the graph itself. ose properties
already provide a good description of the structure of a network. ink about the

Facebook graph, for example: it can be described in terms of the number of nodes and
edges. Such numbers easily allow it to be distinguished from a much smaller network (for
example, the social structure of an o ce) but fail to characterize more complex dynamics
(for example, howimilar nodes are connected). To this end, more advanced graph-
derivedmetrics can be considered, which can be grouped into four main categories,
outlined as follows:

* Integration metrics: ese measure how nodes tend to be interconnected with each
other.

e Segregation metrics ese quantify the presence of groups of interconnected
nodes, known as communities or modules, within a network.

» Centrality metrics. ese assess the importance of individual nodes inside a
network.

* Resilience metrics ese can be thought of as a measure of how much a network
is able to maintain and adapt its operational performance when facing failures or
other adverse conditions.

ose metrics are de ned agylobal when expressing a measure of an overall network. On
the other handlocal metrics measure values of individual network elements (nodes or
edges). In weighted graphs, each property may or may not account éoigéheveights
leading toweighted and unweighted metrics

In the following section, we describe some of the most commonly used metrics that
measure global and local properties. For simplicity, unless speci ed di erently in the text,
we illustrate the global unweighted version of the metric. In several cases, this is obtained
by averaging the local unweighted properties of the node.
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Integration metrics
In this section, some of the most frequently used integration metrics will be described.

Distance, path, and shortest path

e concept oflistancein a graph is o en related to the number of edges to traverse in
order to reach a target node from a given source node.

In particular, consider a source nodand a target nodg e set of edges connecting

nodei to node/ is called gath. When studying complex networks, we are o en

interested in nding theshortest pathbetween two nodes. A shortest path between a
source nodé and a target nodgis the path having the lowest number of edges compared
to all the possible paths betwdesnd/. e diameter of a network is the number of

edges contained in the longest shortest path among all possible shortest paths.

Take a look at the following screenshot. ere are di erent paths to réedtyo from
Dublin. However, one of them is the shortest (the edges on the shortest path are
highlighted):

Figure 1.14 — e shortest path between two nodes
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e shortest_path function of thenetworkx Python library enables users to quickly
compute the shortest path between two nodes in a graph. Consider the following code, in
which a seven-node graph is created by usétgorkx

G = nx.Graph()

nodes = {1:'Dublin',2:'Paris',3:'Milan',4:'Rome',5:'Naples',
6:'Moscow',7:'Tokyo'}

G.add_nodes_from(nodes.keys())

G.add_edges_from([(1,2),(1,3),(2,3),(3,4),(4,5),(5,6),(6,7),(7

9)])

e shortest path between a source node (for examideblin’ , identi ed by the key
1) and a target node (for examplekyo' |, identi ed by the key 7) can be obtained as
follows:

path = nx.shortest_path(G,source=1,target=7)
is should output the following:
[1,3,4,5,6]

Here,[1,3,4,5,7] are the nodes contained in the shortest path betiWe&yo'
and'Dublin’

Characteristic path length

e characteristic path lengthis de ned as the average of all the shortest path lengths
between all possible pair of noded; I the average path length between the nadeal
all the other nodes, the characteristic path length is computed as follows:

Al
1) i
a(q F1)

Here,V is the set of nodes in the graph and |V| represents iterder. is is one

of the most commonly used measures of how e ciently information is spread across a
network. Networks having shorter characteristic path lengths promote the quick transfer
of information and reduce costs. Characteristic path length can be computed through
networkx using the following function:

nx.average_shortest path_length(G)
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is should give us the following:
2.1904761904761907

However, this metric cannot be always de ned since it is not possible to compute a path
among all the nodes tlisconnected graph=or this reasometwork e ciency is also
widely used.

*OREDO DQG ORFDO H]JFLHQF\

Global e ciency is the average of the inverse shortest path length for all pairs of nodes.
Such a metric can be seen as a measure of how e ciently information is exchanged
across a network. Consider tiatis the shortest path between a nodad a node. e
network e ciency is de ned as follows:

E ciency is at a maximum when a graph is fully connected, while it is minimal for
completely disconnected graphs. Intuitively, the shorter the path, the lower the eneasur

e local e ciency of anode can be computed by considering only the neighborhood
of the node in the calculation, without the node itself. Global e ciency is computed in
networkx using the following command:

nx.global_efficiency(G)

e output should be as follows:
0.6111111111111109

Average local e ciency is computed metworkx  using the following command:
nx.local_efficiency(G)

e output should be as follows:

0.6666666666666667
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In the following screenshot, two examples of graphs are depicted. As observed, a fully
connected graph on the le presents a higher level of e ciency compared to a circular
graph on the right. In a fully connected graph, each node can be reached from any other
node in the graph, and information is exchanged rapidly across the network. However,

in a circular graph, several nodes should instead be traversed to reach the target node,
making it less e cient:

Naples
Rope — "™
//—' H...\.-m il
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.
iy i Global Efficiency:0.61

Figure 1.15 — Global e ciency of a fully connected graph (le ) and a circular graph (right)

Integration metrics well describe the connection among nodes. However, more
information about the presence of groups can be extracted by considering segregation
metrics.

Segregation metrics
In this section, some of the most common segregation metrics will be described.

&OXVWHULQJ FRH]JFLHQW

e clustering coe cient is a measure of how much nodes cluster together. It is de ned
as the fraction dfiangles (complete subgraph of three nodes and three edges) around
a node and is equivalent to the fraction of the nauktghborghat are neighbors of

each other. A global clustering coe cient is computeaétworkx using the following
command:

nx.average_clustering(G)
is should output the following:

0.6666666666666667
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e local clustering coe cient is computed innetworkx using the following command:

nx.clustering(G)
is should output the following:

{1: 1.0,

1 1.0,

: 0.3333333333333333,
0,

: 0.3333333333333333,
1 1.0,

: 1.0}

N o gA W

e output is a Python dictionary containing, for each node (identi ed by the respective

key), the corresponding value. In the graph representEdjure 1.16two clusters of

nodes can be easily identi ed. By computing the clustering coe cient for each single

node, it can be observed tiRdmehas the lowest valuBokyo andMoscow as well as

ParisandDublin, are instead very well connected within their respective groups (notice
the size of each node is drawn proportionally to each node's clustering coe cient). e

graph can be seen in the following screenshot:

Tokyo
Nﬁple}s{ Mdgo‘v
._ s
Rome
s mﬂﬂ
e

Figure 1.16 — Local clustering coe cient representation
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Transitivity

A common variant of the clustering coe cient is knownteansitivity . is can simply

be de ned as the ratio between the observed numbdoséd triplets(complete

subgraph with three nodes and two edges) and the maximum possible number of closed
triplets in the graph. Transitivity can be computed usietyvorkx , as follows:

nx.transitivity(G)
e output should be as follows:

0.5454545454545454

Modularity

Modularity was designed to quantify the division of a network in aggregated sets of
highly interconnected nodes, commonly knowrmasdules communities, groups,

or clusters e main idea is that networks having high modularity will show dense
connections within the module and sparse connections between modules.

Consider a social network such as Reddit: members of communities related to video
games tend to interact much more with other users in the same community, talking about
recent news, favorite consoles, and so on. However, they will probably interact less with
users talking about fashion. Di erently from many other graph metrics, modularity is

0 en computed by means of optimization algorithms.

Modularity in networkx is computed using th@odularity ~ function of the
networkx.algorithms.community module, as follows:

import networkx.algorithms.community as nx_comm
nx_comm.modularity(G, communities=[{1,2,3}, {4,5,6,7}])

Here, the second argumentemmunities —is a list of sets, each representing a
partition of the graph. e output should be as follows:

0.3671875
Segregation metrics help to understand the presence of groups. However, each node in a

graph has its owimportance To quantify it, we can use centrality metrics.

Centrality metrics
In this section, some of the most common centrality metrics will be described.
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Degree centrality

One of the most common and simple centrality metrics isléfggee centralitymetric.
is is directly connected with thedegre®f a node, measuring the numbeirafident

edges on a certain nodle

Intuitively, the more a node is connected to an other node, the more its degree centrality
will assume high values. Note that, if a graglrésted thein-degree centralityand
out-degree centralitywill be considered for each node, related to the numhbacoiming
andoutcomingedges, respectively. Degree centrality is computestworkx by using

the following command:

nx.degree_centrality(G)
e output should be as follows:

{1: 0.3333333333333333, 2: 0.3333333333333333, 3: 0.5,
4:0.3333333333333333, 5: 0.5, 6: 0.3333333333333333, 7:
0.3333333333333333}

Closeness centrality

e closeness centralitynetric attempts to quantify how much a node is close (well
connected) to other nodes. More formally, it refers to the average distance ofiamode
all other nodes in the network.lff is the shortest path between néded nodej, the
closeness centrality is de ned as follows:

1
A ,il=j lij
Here,V is the set of nodes in the graph. Closeness centrality can be computed in
networkx using the following command:
nx.closeness_centrality(G)
e output should be as follows:

{1: 0.4, 2: 0.4, 3: 0.5454545454545454, 4: 0.6, 5:
0.5454545454545454, 6: 0.4, 7: 0.4}
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Betweenness centrality

e betweenness centralitynetric evaluates how much a node actshaiglge between
other nodes. Even if poorly connected, a node can be strategically connected, helping to
keep the whole network connected.

If L,,; is the total number of shortest paths betvyeen nocad node/ andL,,;(i) is
the total number of shortest paths betw&eandJ passing through nodg then the
betweenness centrality is de ned as follows:

A LW](l)
wizit=j W
If we observe the formula, we can notice that the higher the number of shortest paths

passing through nodg the higher the value of the betweenness centrality. Betweenness
centrality is computed inetworkx by using the following command:

nx.betweenness_centrality(G)
e output should be as follows:

{1: 0.0, 2: 0.0, 3: 0.5333333333333333, 4: 0.6, 5:
0.5333333333333333, 6: 0.0, 7: 0.0}

In Figure 1.1,7we illustrate the di erence betwedagree centralitgloseness centrality
andbetweenness centralit§ilan andNapleshave the highest degree centralRRgme

has the highest closeness centrality since it is the closest to any other node. It also shows
the highest betweenness centrality because of its crucial role in connecting the two visible
clusters and keeping the whole network connected.

You can see the di erences here:

Tokyo

.
Dublin Mogg°™ N

] Tuap\/j\ [\
Par{ ~ Naales Mosdow  Naples

o

" Rome
®

Figure 1.17 — Degree centrality (le ), closeness centrality (center), and betweenness centrality (right)
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Centrality metrics allow us to measure the importance of a node inside the network.
Finally, we will mention resilience metrics, which enable us to measure the vulnerability of
a graph.

Resilience metrics

ere are several metrics that measure a network's resilience. Assortativity is one of the
most used.

$VVRUWDWLYLW\ FRHJFLHQW

Assortativity is used toquantify the tendency of nodes being connected to similar nodes.
ere are several ways to measure such correlations. One of the most commonly used
methods is th&earson correlation coe cientbetween the degrees of directly connected
nodes (nodes on two opposite ends of a link). e coe cient assumes positive values

when there is a correlation between nodes of a similar degree, while it assumes negative
values when there is a correlation between nodes of a di erent degree. Assortativity using
the Pearson correlation coe cient is computednietworkx by using the following

command:

nx.degree_pearson_correlation_coefficient(G)
e output should be as follows:
-0.6

Social networks are mostly assortative. However, the so-caliedcers(famous

singers, football players, fashion bloggers) tend follogved(incoming edges) by

several standard users, while tending to be connected with each other and showing a
disassortative behavior.

It is important to remark that the previously presented properties are a subset of all the
possible metrics used to describe graphs. A wider set of metrics and algorithms can be
found athttps://networkx.org/documentation/stable/reference/

algorithms/


https://networkx.org/documentation/stable/reference/algorithms/
https://networkx.org/documentation/stable/reference/algorithms/
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Benchmarks and repositories

Now that we have understood the basic concepts and notions about graphs and network
analysis, it is now time to dive into some practical examples that will help us to start

to put into practice the general concepts we have learned so far. In this section, we will
present some examples and toy problems that are generally used to study the properties of
networks, as well as benchmark performances and e ectiveness of networks' algorithms.
We will also provide some useful links of repositories where network datasets can be

found and downloaded, together with some tips on how to parse and process them.

Examples of simple graphs

We start by looking at some very simple examples of networks. Fortunetietytkx
already comes with a number of graphs already implemented, ready to be used and played
with. Let's start by creatingally connected undirected graphas follows:

complete = nx.complete_graph(n=7)

n ®& F1)
ishas ——5 = 21 edges and a clustering coe cie@t1 Although fully connected

graphs are not very interesting on their own, they represent a fundamental building block
that may arise within larger graphs. A fully connected subgrapmadies within a larger
graph is generally referred to adigue of sizen.

De nition

A clique, C, in an undirected graph is de ned a subset of its verties,

C V, such that every two distinct vertices in the subset are adjacent. is is
equivalent to the condition that the induced subgrap® afduced byC is

a fully connected graph.

Cligues represent one of the basic concepts in graph theory and are o en also used in
mathematical problems where relations need to be encoded. Besides, they also represent
the simplest unit when constructing more complex graphs. On the other hand, the task of
nding cliques of a given sizein larger graphs (clique problem) is of great interest and

it can be shown that it isrendeterministic polynomial-time complete(NP-complete

problem o en studied in computer science.

Some simple examplesmatworkx graphs can be seen in the following screenshot:
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Complete Lollipop Barbell

Figure 1.18 — Simple examples of graphs with networkx: (le ) fully connected graph; (center) lollipop
graph; (right) barbell graph
In Figure 1.18we showed a complete graph along with two other simple examples
containing cliques that can be easily generatedneithiorkx , outlined as follows:

* A lollipop graph formed by a clique of sireand a branch ah nodes, as shown in
the following code snippet:

lollipop = nx.lollipop_graph(m=7, n=3)

» A barbell graphformedby two cliques of size1 andm2 joined by a branch
of nodes, which resembles the sample graph we used previously to characterize
some of the global and local properties. e code to generate this is shown in the
following snippet:

barbell = nx.barbell_graph(m1=7, m2=4)

Such simple graphs are basic building blocks that can be used to generate more complex
networks by combining them. Merging subgraphs is very easyetitlorkx and can

be done with just a few lines of code, as shown in the following code snippet, where the
three graphs are merged together into a single graph and some random edges are placed
to connect them:

def get_random_node(graph):

return np.random.choice(graph.nodes)
allGraphs = nx.compose_all([complete, barbell, lollipop])
allGraphs.add_edge(get_random_node(lollipop), get_random_



38 Getting Started with Graphs

node(lollipop))

allGraphs.add_edge(get_random_node(complete), get_random__
node(barbell))

Other very simple graphs (that can then be merged and played around with) can be
found athttps://networkx.org/documentation/stable/reference/
generators.html#module-networkx.generators.classic

Generative graph models

Although creating simple subgraphs and merging them is a way to generate new graphs of
increasing complexity, networks may also be generated by mganbalbilistic models

and/or generative modelghat let a graph grow by itself. Such graphs usually share
interesting properties with real networks and have long been used to create benchmarks
and synthetic graphs, especially in times when the amount of data available was not as
overwhelming as today. Here, we present some examples of random generated graphs,
brie y describing the models that underlie them.

Watts and Strogatz (1998)

is  model was used by the authors to study the behavamnalt-world networks—

that is to say, networks that resemble, to some extent, common social networks. e

graph is generated by rst displacinghodes in a ring and connecting each node with

its k neighbors. Each edge of such a graph then has a prolgabilinging rewired to a
randomly chosen node. By rangipgthe Watts and Strogatz model allows a shi from a
regular network §=0) to a completely random networg=£1). In between, graphs exhibit
small-world features; that is, they tend to bring this model closer to social network graphs.
ese kinds of graphs can be easily created with the following command:

graph = nx.watts_strogatz_graph(n=20, k=5, p=0.2)

Barabasi-Albert (1999)

e model proposed by Albert and Barabasi is based on a generative model that allows the
creation of random scale-free networks by usipgegerential attachmentschema, where

a network is created by progressively adding new nodes and attaching them to already
existing nodes, with a preference for nodes that have more neighbors. Mathematically
speaking, the underlying idea of this model is that the probability for a new node to be
attached to an existing nodeepends on the degree of tktb node, according to the

following formula:


https://networkx.org/documentation/stable/reference/generators.html#module-networkx.generators.classic
https://networkx.org/documentation/stable/reference/generators.html#module-networkx.generators.classic
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us, nodes with a large number of edges (hubs) tend to develop even more edges,
whereas nodes with few links will not develop other links (periphery). Networks
generated by this model exhibipawer-law distributiotior the connectivity (that is,

degree) between nodes. Such a behavior is also found in real networks (for example, the
World Wide Web (WWW) networkand the actor collaboration network), interestingly
showing that it is the popularity of a node (how many edges it already has) rather than

its intrinsic node properties that in uences the creation of new connections. e initial
model has then been extended (and this is the version that is availabtevorkx ) to

also allow the preferential attachment of new edges or rewiring of existing edges.

e Barabasi-Albert model is illustrated in the following screenshot:
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Figure 1.19 — Barabasi-Albert model (le ) with 20 nodes (right) distribution of connectivity with
n=100.000 nodes, showing the scale-free power law distribution

In Figure 1.19we showed an example of the Barabasi-Albert model for a small network,
where you can already observe the emergence of hubs (on the le ), as well as the
probability distribution of the degree of the nodes, which exhibits a scale-free power-law
behavior (on the right). e preceding distribution can easily be replicatedeitwvorkx

as follows:

ba_model = nx.extended_barabasi_albert_graph(n,m=1,p=0,q=0)
degree = dict(nx.degree(ba_model)).values()
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bins = np.round(np.logspace(np.log10(min(degree)),
np.log10(max(degree)), 10))
cnt = Counter(np.digitize(np.array(list(degree)), bins))

Benchmarks

Digitalization has profoundly changed our lives, and today, any activity, person, oisproces
generates data, providing a huge amount of information to be drilled, analyzed, and used
to promote data-driven decision making. A few decades ago, it was hard to nd datasets
ready to be used to develop or test new algorithms. On the other hand, there exist today
plenty of repositories that provide us with datasets, even of fairly large dimensions, to

be downloaded and analyzed. ese repositories, where people can share datasets, also
provide a benchmark where algorithms can be applied, validated, and compared with each
other.

In this section, we will brie y go through some of the main repositories and le formats
used in network science, in order to provide you with all the tools needed to import
datasets—of di erent sizes—to analyze and play around with.

In such repositories, you will nd network datasets coming from some of the common
areas of network science, such as social networks, biochemistry, dynamic networks,
documents, co-authoring and citations networks, and networks arising from nancial
transactions. IiPart 3 Advanced Applications of Graph Machine Learnuggwill discuss

some of the most common type of networks (social networks, graphs arising when
processing corpus documents, and nancial networks) and analyze them more thoroughly
by applying the techniques and algorithms describéthih 2 Machine Learning on

Graphs

Also,networkx already comes with some basic (and very small) networks that

are generally used to explain algorithms and basic measures, which can be found

at https://networkx.org/documentation/stable/reference/
generators.html#module-networkx.generators.social . ese datasets

are, however, generally quite small. For larger datasets, refer to the repositories we present
next.


https://networkx.org/documentation/stable/reference/generators.html#module-networkx.generators.social
https://networkx.org/documentation/stable/reference/generators.html#module-networkx.generators.social
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Network Data Repository

e Network Data Repositoryissurely one of the largest repositories of network data
(http://networkrepository.com/ ) with several thousand di erent networks,
featuring users and donations from all over the world and top-tier academic institutions.
If a network dataset is freely available, chances are that you will nd it there. Datasets ar
classi ed in abouB0 domainsincluding biology, economics, citations, social network

data, industrial applications (energy, road), and many others. Besides providing the data,
the website also provides a tool for interactive visualization, exploration, and comparison
of datasets, and we suggest you check it out and explore it.

e data in the Network Data Repository is generally available undeMagix Market
Exchange FormafMTX) le format. e MTX le format is basically a le format for
specifying dense or sparse matrices, real or complex, via readable téxnésEdn
Standard Code for Information Interchangeor ASCII). For more details, please refer to
http://math.nist.gov/MatrixMarket/formats.html#MMformat

A le in MTX format can be easily read in Python ussiaipy . Some of the les we
downloaded from the Network Data Repository seemed slightly corrupted and required
a minimal x on a 10.15.2 OSX system. In order to x them, just make sure the header of
the le is compliant with the format speci cations; that is, with a do@bdend no spaces

at the beginning of the line, as in the following line:

%%MatrixMarket matrix coordinate pattern symmetric

Matrices should be in coordinate format. In this case, the speci cation points also to an
unweighted, undirected graph (as understoogdiyern andsymmetric ). Some of
the les have some comments a er the rst header line, which are preceded by &single

As an example, we considbe Astro Physics(ASTRO-PH) collaboration network.

e graph is generated using all the scienti ¢ papers available from the e-griit
repository published in thAstrophysicsategory in the period from January 1993 to

April 2003. e network is built by connecting (via undirected edges) all the authors that
co-authored a publication, thus resulting in a clique that includes all authors of a given
paper. e code to generate the graph can be seen here:

from scipy.io import mmread
adj_matrix = mmread("ca-AstroPh.mtx")
graph = nx.from_scipy_sparse_matrix(adj_matrix)


http://networkrepository.com/
http://math.nist.gov/MatrixMarket/formats.html#MMformat
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e dataset has 17,903 nodes, connected by 196,072 edges. Visualizing so many nodes
cannot be done easily, and even if we were to do it, it might not be very informative,

as understanding the underlying structure would not be very easy with so much
information. However, we can get some insights by looking at speci ¢ subgraphs, as we
will do next.

First, we can start by computing some basic properties we described earlier and put them
into a panda®ataFrame for our convenience to later use, sort, and analyze. e code to
accomplish this is illustrated in the following snippet:

stats = pd.DataFrame({
“centrality": nx.centrality.betweenness_centrality(graph),
"C_i": nx.clustering(graph),
"degree": nx.degree(graph)

)

We can easily nd out that the node with tlaegestegree centralityis the one with
ID 6933, which has 503 neighbors (surely a very popular and important scientist in
astrophysics!), as illustrated in the following code snippet:

neighbors = [n for n in nx.neighbors(graph, 6933)]

Of course, also plotting iego network(the node with all its neighbors) would still

be a bit messy. One way to produce some subgraphs that can be plotted is by sampling
(for example, with a 0.1 ratio) its neighbors in three di erent ways: random (sorting

by index is a sort of random sorting), selecting the most central neighbors, or selecting
the neighbors with the largeSti values. e code to accomplish this is shown in the
following code snippet:

nTop = round(len(neighbors)*sampling)
idx = {
“random": stats.loc[neighbors].sort_index().index[:nTop],
“"centrality": stats.loc[neighbors]\
.sort_values("centrality”, ascending=False)\
.index[:nTop],
"C_i": stats.loc[neighbors]\
.sort_values("C_i", ascending=False)\
.index[:nTop]
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We can then de ne a simple function for extracting and plotting a subgraph that includes
only the nodes related to certain indices, as shown in the following code snippet:

def plotSubgraph(graph, indices, center = 6933):
nx.draw_kamada_kawai(
nx.subgraph(graph, list(indices) + [center])

)

Using the preceding function, we can plot the di erent subgraphs, obtained by ltering
the ego network using the three di erent criteria, based on random sampling, centrality,
and the clustering coe cient we presented previously. An example is provided here:

plotSubgraph(graph, idx["random"])

In Figure 1.20we compare these results where the other networks have been obtained

by changing the key valuedentrality andC_i . e random representation seems

to show some emerging structure with separated communities. e graph with the most
central nodes clearly shows an almost fully connected network, possibly made up of all

full professors and in uential gures in astrophysics science, publishing on multiple topics
and collaborating frequently with each other. Finally, the last representation, ohehe ot

hand, highlights some speci ¢ communities, possibly connected with a speci ¢ topic, by
selecting the nodes that have a higher clustering coe cient. ese nodes might not have a
large degree of centrality, but they very well represent speci ¢ topics. You can see examples
of the ego subgraph here:

random centrality Ci

Figure 1.20 — Examples of the ego subgraph for the node that has largest degree in the ASTRO-PH
dataset. Neighbors are sampled with a ratio=0.1. (le ) random sampling; (center) nodes with largest
betweenness centrality; (right) nodes with largest clustering coe cient
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Another option to visualize this imetworkx could also be to use tlphiso ware

that allows for fast ltering and visualizations of graphs. In order to do so, we need to rst
export the datasGraph Exchange XML FormatGEXF (which is a le format that can

be imported in Gephi), as follows:

nx.write_gext(graph, "ca-AstroPh.gext")

Once data is imported in Gephi, with few Iters (by centrality or degree) and some
computations (modularity), you can easily do plots as nice as the one sheyare

1.21, where nodes have been colored using modularity in order to highlight clusters.
Coloring also allows us to easily spot nodes that connect the di erent communities and
that therefore have large betweenness.

Some of the datasets in the Network Data Repository may also be availablEDiGEe
le format (for instance, the citations networks). e EDGE le format slightly di ers
from the MTX le format, although it represents the same information. Probably the
easiest way to import such les intetworkx is to convert them by simply rewriting
its header. Take, for instance, Digital Bibliography and Library (DBLP) citation
network.

A sample plot can be seen in the following screenshot:

Figure 1.21 — Example of the visualization ASTRO-PH dataset with Gephi. Nodes are ltered by degree
centrality and colored by modularity class; node sizes are proportional to the value of the degree

Here is the code for the header of the le:

% asym unweighted
% 49743 12591 12591
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is can be easily converted to comply with the MTX le format by replacing these lines
with the following code:

%%MatrixMarket matrix coordinate pattern general
12591 12591 49743

en, you can use the import functions described previously.

Stanford Large Network Dataset Collection

Another valuable source of network datasets is the website Stitiferd Network

Analysis Platform (SNAP) (https://snap.stanford.edu/index.html ), which

is a general-purpose network analysis library that was written in order to handle even
fairly large graphs, with hundreds of millions of nodes and billions of edges. It is written in
C++to achieve top computational performance, but it also features interfaces with Python
in order to be imported and used in native Python applications.

Althoughnetworkx is currently the main library to stuahetworkx , SNAP or other
libraries (more on this shortly) can be orders of magnitude fastemtitaiorkx , and
they may be used in placenetworkx for tasks that require higher performance. In
the SNAP website, you will nd a speci c web pégeBiomedical Network Datasets
(https://snap.stanford.edu/biodata/index.html ), besides other more
general networkshftps://snap.stanford.edu/data/index.html ), covering
similar domains and datasets as the Network Data Repository described previously.

Data is generally provided irtext le format containing a list of edges. Reading such
les can be done withetworkx in one code line, using the following command:

g = nx.read_edgelist("amazon0302.txt")

Some graphs might have extra information, other than about edges. Extra information
is included in the archive of the dataset as a separated le—for example, where some
metadata of the nodes is provided and is related to the graph vianiee.

Graphs can also be read directly using the SNAP library and its interface via Python. If
you have a working version of SNAP on your local machine, you can easily read the data
as follows:

from snap import LoadEdgeList, PNGraph
graph = LoadEdgeList(PNGraph, "amazon0302.txt", 0, 1, '\t")


https://snap.stanford.edu/index.html
https://snap.stanford.edu/biodata/index.html
https://snap.stanford.edu/data/index.html
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Keep in mind that at this point, you will have an instanceRM@raph object of the

SNAP library, and you can't directly usstworkx functionalities on this object. If you

want to use someetworkx functions, you rst need to convert tieNGraph object to
anetworkx object. To make this process simpler, in the supplementary material for this
book (available dittps://github.com/PacktPublishing/Graph-Machine-

Learning ), we have written some functions that will allow you to seamlessly swap back
and forth betweenetworkx and SNAP, as illustrated in the following code snippet:

networkx_graph = snap2networkx(snap_graph)
snap_graph = networkx2snap(networkx_graph)

Open Graph Benchmark

is is the most recent update (dated May 2020) in the graph benchmark landscape, and
this repository is expected to gain increasing importance and support in the coming years.
e Open Graph BenchmarKOGB) hasbeen created to address one speci c issue:

current benchmarks are actually too small compared to real applications to be useful for
machine learning(ML) advances. On one hand, some of the models developed on small
datasets turn out to not be able to scale to large datasets, proving them unsuitable in real-
world applications. On the other hand, large datasets also allow us to increase the capacity
(complexity) of the models used in ML tasks and explore new algorithmic solutions (such
as neural networks) that can bene t from a large sample size to be e ciently trained,
allowing us to achieve very high performance. e datasets belong to diverse domains and
they have been ranked on three di erent dataset sizes (small, medium, and large) where
the small-size graphs, despite their name, already have more than 100,000 nodes and/or
more than 1 million edges. On the other hand, large graphs feature networks with more
than 100 million nodes and more than 1 billion edges, facilitating the development of
scalable models.

Beside the datasets, the OGB also provideKaggle fashigran end-to-end ML

pipeline that standardizes the data loading, experimental setup, and model evaluation.
OGB creates a platform to compare and evaluate models against each other, publishing
aleaderboardhat allows tracking of the performance evolution and advancements

on speci c tasks of node, edge, and graph property prediction. For more details

on the datasets and on the OGB project, please rdfépsa/arxiv.org/

pdf/2005.00687.pdf


https://github.com/PacktPublishing/Graph-Machine-Learning
https://github.com/PacktPublishing/Graph-Machine-Learning
https://arxiv.org/pdf/2005.00687.pdf
https://arxiv.org/pdf/2005.00687.pdf
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Dealing with large graphs

When approaching a use case or an analysis, it is very important to understand how large
the data we focus on is or will be in the future, as the dimension of the datasets may very
well impact both the technologies we use and the analysis that we can do. As already
mentioned, some of the approaches that have been developed on small datasets hardly
scale to real-world applications and larger datasets, making them useless in practice.

When dealing with (possibly) large graphs, it is crucial to understand potential
bottlenecks and limitation of the tools, technologies, and/or algorithms we use, assessing
which part of our application/analysis may not scale when increasing the number of
nodes or edges. Even more importantly, it is crucial to structure a data-driven application,
however simple or @&arlyproof of concept(POC) stages, in a way that would allow its
scaling out in the future when data/users would increase, without rewriting the whole
application.

Creating a data-driven application that resorts to graphical representation/modeling is a
challenging task that requires a design and implementation that is a lot more complicated
than simply importinghetworkx . In particular, it is o en useful to decouple the

component that processes the graph—nagregh processing engine-fromthe one

that allows querying and traversing the graph—gtamh storage layerWe will further

discuss these conceptsGhapter 9Building a Data-Driven Dra -Powered Application
Nevertheless, given the focus of the book on ML and analytical techniques, it makes sense
to focus more on graph processing engines than on graph storage layers. We therefore
nd it useful to provide you already at this stage with some of the technologies that are
used for graph processing engines to deal with large graphs, crucial when scaling out an
application.

In this respect, it is important to classify graph processing engines into two categories
(that impact the tools/libraries/algorithms to be used), depending whether the graph
can t ashared memory machioe requiresdistributed architecturegs be processed and
analyzed.

Note that there is no absolute de nition of large and small graphs, but it also depends

on the chosen architecture. Nowadays, thanks to the vertical scaling of infrastructures,
you can nd servers withandom-access memorfRAM) larger than lerabyte (TB)

(usually callediat node) and with tens of thousandsadntral processing unit§CPU9

for multithreading in most cloud-provider o erings, although these infrastructures might

not be economically viable. Even without scaling out to such extreme architectures, graphs
with millions of nodes and tens of millions of edges can nevertheless be easily handled in
single servers with ~1@igabytes(GB) of RAM and ~50 CPUs.
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Althoughnetworkx is avery popular, user-friendly, and intuitive library, when

scaling out to such reasonably large graphs it may not be the best available choice.
networkx , being natively written in pure Python, which is an interpreted language,

can be substantially outperformed by other graph engines fully or partly written in

more performant programming languages (such as C++ and Julia) and that make use of
multithreading, such as the following:

e SNAP (http://snap.stanford.edu/ ), which we have already seen in the
previous section, is a graph engine developed at Stanford and is written in C++ with
available bindings in Python.

 igraph (https://igraph.org/ ) is a C library and features bindings in Python,
R, and Mathematica.

» graph-tool (https://graph-tool.skewed.de/ ), despite being a Python
module, has core algorithms and data-structures written in C++ and uses OpenMP
parallelization to scale on multi-core architectures.

* NetworKit (https://networkit.github.io/ ) is also written in C++ with
OpenMP boost for parallelization for its core functionalities, integrated in a Python
module.

» LightGraphs (https://juliagraphs.org/LightGraphs.jl/latest/ ) is
a library written in Julia that aims to mirrorimggtworkx functionalities in a more
performant and robust library.

All the preceding libraries are valid alternativesdtworkx when achieving better
performance becomes an issue. Improvements can be very substantial, with speed-ups
varying from 30 to 300 times faster, with the best performance generally achieved by
LightGraphs.

In the forthcoming chapters, we will mostly focusnetworkx in order to provide a
consistent presentation and provide the user with basic concepts on network analysis. We
want you to be aware that other options are available, as this becomes extremely relevant
when pushing the edge from a performance standpoint.

6XPPDU\D

In this chapter, we refreshed concepts such as graphs, nodes, and edges. We reviewed
graphrepresentatiomethods and explored how ¥esualizegraphs. We also de ned
propertieghat are used to characterize networks, or parts of them.

We went through a well-known Python library to deal with grapasyorkx , and
learned how to use it to apply theoretical concepts in practice.
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We then ran examples and toy problems that are generally used to study the properties of
networks, as well as benchmark performance and e ectiveness of network algorithms. We
also provided you with some useful links of repositories where network datasets can be
found and downloaded, together with some tips on how to parse and process them.

In the next chapter, we will go beyond de ning notions of ML on graphs. We will learn

how more advanced and latent properties can be automatically found by speci ¢ ML
algorithms.
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Graph Machine
Learning

Machine learningis asubset of arti cial intelligence that aims to provide systems with the
ability tolearnand improve from data. It has achieved impressive results in many di erent
applications, especially where it is di cult or unfeasible to explicitly de ne rules to solve

a speci c task. For instance, we can train algorithms to recognize spam emails, translate
sentences into other languages, recognize objects in an image, and so on.

In recent years, there has been an increasing interest in applying machine learning to
graph-structured datalere, the primary objective is to automatically learn suitable
representations to make predictions, discover new patterns, and understand complex
dynamics in a better manner with respect to "traditional” machine learning approaches.

is chapter will rst review some of the basic machine learning concepts. en, an
introduction to graph machine learning will be provided, with a particular focus on
representation learning We will then analyze a practical example to guide you through
the comprehension of the theoretical concepts.

e following topics will be covered in this chapter:
» A refresher on machine learning

* What is machine learning on graphs and why is it important?

» A general taxonomy to navigate among graph machine learning algorithms
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Technical requirements

We will be using Jupyter notebooks witiithon 3.8or all of our exercises. e following
is a list of the Python libraries that need to be installed for this chaptermpigsingor
example, rumpip install networkx==2.5 on the command line, and so on:

Jupyter==1.0.0
networkx==2.5
matplotlib==3.2.2
node2vec==0.3.3
karateclub==1.0.19
scipy==1.6.2

All the code les relevant to this chapter are availalkit@://github.com/
PacktPublishing/Graph-Machine-Learning/tree/main/Chapter02

Understanding machine learning on graphs

Of the branches of arti cial intelligenamachine learningis one that has attracted

the most attention in recent years. It refers to a class of computer algorithms that
automatically learn and improve their skills through experienitgout being explicitly
programmedSuch an approach takes inspiration from nature. Imagine an athlete who
faces a novel movement for the rst time: they start slowly, carefully imitating the gesture
of a coach, trying, making mistakes, and trying again. Eventually, they will improve,
becoming more and more con dent.

Now, how does this concept translate to machines? It is essentially an optimization
problem. e goal is to nd a mathematical model that is able to achieve the best

possible performance on a particular task. Performance can be measured using a speci c
performance metric (also known akas functionor cost function). In a common

learning task, the algorithm is provided with data, possibly lots of it. e algorithm uses

this data to iteratively make decisions or predictions for the speci ¢ task. At each iteration,
decisions are evaluated using the loss function. e resuléngris used to update the

model parameters in a way that, hopefully, means the model will perform better. is
process is commonly call&@ining .

More formally, let's consider a particular taBkand a performance metrie, which
allows us to quantify how good an algorithm is performing oAccording to Mitchell
(Mitchell et al., 1997), an algorithm is said to learn from experi&ndets performance
at taskT, measured bk, improves with experiende


https://github.com/PacktPublishing/Graph-Machine-Learning/tree/main/Chapter02
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Basic principles of machine learning

Machine learning algorithms fall into three main categories, knowso@ervised
unsupervisedandsemi-supervisddarning. ese learning paradigms depend on the way
data is provided to the algorithm and how performance is evaluated.

Supervised learnings the learning paradigm used when we know the answer to the
problem. In this scenario, the dataset is composed of samples of pairs of thg,§erm
wherex is the input (for example, an image or a voice signaly @the corresponding
desired output (for example, what the image represents or what the voice is saying). e
input variables are also knownfaatureswhile the output is usually referred toasels
targets andannotations In supervised settings, performance is o0 en evaluated using
adistance functianis function measures the di erences between the prediction and

the expected output. According to the type of labels, supervised learning can be further
divided into the following:

» Classi cation: Here, the labels are discrete and refer to the "class" the input belongs
to. Examples of classi cation are determining the object in a photo or predicting
whether an email is spam or not.

» Regression e target is continuous. Examples of regression problems are
predicting the temperature in a building or predicting the selling price of any
particular product.

Unsupervised learningdi ers from supervised learning since the answer to the
problem is not known. In this context, we do not have any labels and only the inputs,
<x>, are provided. e goal is thus deducing structures and patterns, attempting to nd
similarities.

Discovering groups of similar examples (clustering) is one of these problems, as well as
giving new representations of the data in a high-dimensional space.

In semi-supervised learningthealgorithm is trained using a combination of labeled and
unlabeled data. Usually, to direct the research of structures present in the unlabeled input
data, a limited amount of labeled data is used.

It is also worth mentioning thaieinforcement learningis used for training machine
learning models to make a sequence of decisions. e arti cial intelligence algorithm
faces a game-like situation, gettpenaltieor rewardsbased on the actions performed.
e role of the algorithm is to understand how to act in order to maximize rewards and
minimize penalties.
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Minimizing the error on the training data is not enough. e keyword in machine

learning idearning It means that algorithms must be able to achieve the same level of
performance even on unseen data. e most common way of evaluating the generalization
capabilities of machine learning algorithms is to divide the dataset into two parts: the
training set and thetest set e model is trained on the training set, where the loss

function is computed and used to update the parameters. A er training, the model's
performance is evaluated on the test set. Moreover, when more data is available, the test
set can be further divided int@lidation andtest sets. e validation set is commonly

used for assessing the model's performance during training.

When training a machine learning algorithm, three situations can be observed:

e Inthe rst situation, the model reaches a low level of performance over the training
set. is situation is commonly known asinder tting , meaning that the model is

not powerful enough to address the task.

* In the second situation, the model achieves a high level of performance over the
training set but struggles at generalizing over testing data. is situation is known as
over tting . In this case, the model is simply memorizing the training data, without
actually understanding the true relations among them.

» Finally, the ideal situation is when the model is able to achieve (possibly) the highest
level of performance over both training and testing data.

An example of over tting and under tting is given by the risk curve showFfidare 2.1
From the gure, it is possible to see how the performances on the training and test sets
change according to the complexity of the model (the number of parameters to be tted):

Best|Fit

1 | Underfitting Region Overfitting Region

Error

Model Complexity

Training Error

----- Test Error

Figure 2.1 — Risk curve describing the prediction error on training and test set error in the function of
the model complexity (number of parameters of the model)
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Over tting is one of the main problems that a ect machine learning practitioners. It can
occur due to several reasons. Some of the reasons can be as follows:

e e dataset can be ill-de ned or not su ciently representative of the task. In this
case, adding more data could help to mitigate the problem.

* e mathematical model used for addressing the problem is too powerful for the
task. In this case, proper constraints can be added to the loss function in order to
reduce the model's "power." Such constraints are catiethrization terms.

Machine learning has achieved impressive results in many elds, becoming one of the
most di used and e ective approaches in computer vision, pattern recognition, and
natural language processing, among others.
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Several machine learning algorithms have been developed, each with its own advantages
and limitations. Among those, it is worth mentioning regression algorithms (for example,
linear and logistic regression), instance-based algorithms (for example, k-nearest neighbor
or support vector machines), decision tree algorithms, Bayesian algorithms (for example,
naive Bayes), clustering algorithms (for example, k-means), and arti cial neural networks.

But what is the key to all of this success?

Essentially, one thing: machine learning can automatically address tasks that are easy for
humans to do. ese tasks can be too complex to describe using traditional computer
algorithms and, in some cases, they have shown even better capabilities than human
beings. is is especially true when dealing with graphs—they can di er in several

more ways than an image or audio signal because of their complex structure. By using
graph machine learning, we can create algorithms to automatically detect and interpret
recurring latent patterns.

For these reasons, there has been an increasing intdesshing representatiomsr
graph-structured data and many machine learning algorithms have been developed for
handling graphs. For example, we might be interested in determining the role of a protein
in a biological interaction graph, predicting the evolution of a collaboration network,
recommending new products to a user in a social network, and many more (we will
discuss these and more application€apter 10 e Future of Graphsg.
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Due to their nature, graphs can be analyzed at di erent levels of granularity: at the node,
edge, and graph level (the whole graph), as depickegure 2.2For each of those levels,
di erent problems could be faced and, as a consequence, speci ¢ algorithms should be used:

—_— ENC(G) ENC(G1), ENC(G2), ENC(G3)
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Node-level embedding Edge-level embedding Graph-level embedding

Figure 2.2 — Visual representation of the three di erent levels of granularity in graphs

In the following bullet points, we will give some examples of machine learning problems
that could be faced for each of those levels:

* Node level Givena (possibly large) grap,= (V,E), the goal is to classify each
vertex,v BV, into the right class. In this setting, the dataset inclGdasd a list
of pairs< vi,yi > wherevi is a node of grap@ andyi is the class to which the node
belongs.

» Edge levelGivena (possibly large) grap@,= (V,E), the goal is to classify each
edgee DE, into the right class. In this setting, the dataset inclGdmsd a list of
pairs,< ei,yi > whereeiis an edge of graghandyi is the class to which the edge
belongs. Another typical task for this level of granularitiylksprediction, the
problem of predicting the existence of a link between two existing nodes in a graph.

» Graph level Given a dataset with di erent graphs, the task is to build a machine
learning algorithm capable of classifying a graph into the right class. We can then
see this problem as a classi cation problem, where the dataset is de ned by a list of
pairs,<Gi,yi>, whereGi is a graph angli is the class the graph belongs to.

In this section, we discussed some basic concepts of machine learning. Moreover, we have
enriched our description by introducing some of the common machine learning problems
when dealing with graphs. Having those theoretical principles as a basis, we will now
introduce some more complex concepts relating to graph machine learning.
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The generalized graph embedding problem

In classical machine learning applications, a common way to process the input data is to
build from a set of features, in a process cédlatlire engineeringwhich is capable of
giving a compact and meaningful representation of each instance present in the dataset.

e dataset obtained from the feature engineering step will be then used as input for
the machine learning algorithm. If this process usually works well for a large range

of problems, it may not be the optimal solution when we are dealing with graphs.
Indeed, due to their well-de ned structure, nding a suitable representation capable of
incorporating all the useful information might not be an easy task.

e rst, and most straightforward, way of creating features capable of representing
structural information from graphs is thextraction of certain statistidsor instance, a
graph could be represented by its degree distribution, e ciency, and all the metrics we
described in the previous chapter.

A more complex procedure consists of applying speci ¢ kernel functions or, in other
cases, engineering-speci ¢ features that are capable of incorporating the desired
properties into the nal machine learning model. However, as you can imagine, this
process could be really time-consuming and, in certain cases, the features used in the
model could represent just a subset of the information that is really needed to get the best
performance for the nal model.

In the last decade, a lot of work has been done in order to de ne new approaches for
creating meaningful and compact representations of graphs. e general idea behind all
these approaches is to create algorithms capaldarninga good representation of the

original dataset such that geometric relationships in the new space re ect the structure of
the original graph. We usually call the process of learning a good representation of a given
graphrepresentation learningor network embedding We will provide a more formal

de nition as follows.

Representation learningnetwork embedding is the task that aims to learn a mapping
function, f:G \ 9", from a discrete graph to a continuous domain. Funcfiamill be
capable of performing a low-dimensional vector representation such that the properties
(local and global) of grapf are preserved.
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Once mapping is learned, it could be applied to the graph and the resulting mapping
could be used as a feature set for a machine learning algorithm. A graphical example of
this process is visible Figure 2.3
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Figure 2.3 — Example of a work ow for a network embedding algorithm

Mapping functionf can also be applied in order to learn the vector representation for
nodes and edges. As we already mentioned, machine learning problems on graphs could
occur at di erent levels of granularity. As a consequence, di erent embedding algorithms
have been developed in order to learn functions to generate the vectorial representation of
nodes {:V \ 9™) (also knownasnode embeddinyor edgesf:E \ 9™) (also known
asedge embedding ose mapping functions try to build a vector space subhat

the geometric relationships in the new space re ect the structure of the original graph,
node, or edges. As a result, we will see that graphs, nodes, or edges that are similar in the
original space will also be similar in the new space.

In other words, in the space generated by the embedding function, similar structures will
havea small Euclidean distanaghile dissimilar structures will haadarge Euclidean
distancelt is important to highlight that while most embedding algorithms generate a
mapping in Euclidean vector spaces, there has recently been an interest in non-Euclidean
mapping functions.
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Let's now see a practical example of what an embedding space looks like, and how
similarity can be seen in the new space. In the following code block, we show an example
using a particular embedding algorithm knowrNale to Vector(Node2Veg. We

will describe how it works in the next chapter. At the moment, we will just say that the

algorithm will map each node of gra@hin a vector:

import networkx as nx
from node2vec import Node2Vec
import matplotlib.pyplot as plt

G = nx.barbell_graph(m1=7, m2=4)
node2vec = Node2Vec(G, dimensions=2)
model = node2vec.fit(window=10)

fig, ax = plt.subplots()

for x in G.nodes():
v = model.wv.get_vector(str(x))
ax.scatter(v[0],v[1], s=1000)
ax.annotate(str(x), (v[0],v[1]), fontsize=12)

In the preceding code, we have done the following:

1. We generated a barbell graph (described in the previous chapter).

2. e Node2Vec embedding algorithm is then used in order to map each node of the
graph in a vector of two dimensions.

3. Finally, the two-dimensional vectors generated by the embedding algorithm,
representing the nodes of the original graph, are plotted.
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e result is shown in Figure 2.4
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Figure 2.4 — Application of the Node2Vec algorithm to a graph (le ) to generate the embedding vector
of its nodes (right)
From Figure 2.4it is easy to see that nodes that have a similar structure are close to each
other and are distant from nodes that have dissimilar structures. It is also interesting
to observe how good Node2Vec is at discriminating group 1 from group 3. Since the
algorithm uses neighboring information of each node to generate the representation, the
clear discrimination of those two groups is possible.

Another example on the same graph can be performed usilkitieeto Vector
(Edge2Vet algorithm in order to generate a mapping for the edges for the same@raph,

from node2vec.edges import HadamardEmbedder
edges_embs = HadamardEmbedder(keyed_vectors=model.wv)
fig, ax = plt.subplots()
for x in G.edges():

v = edges_embs][(str(x[0]), str(x[1]))]

ax.scatter(v[0],v[1], s=1000)

ax.annotate(str(x), (v[0],v[1]), fontsize=12)
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In the preceding code, we have done the following:

1. We generated a barbell graph (described in the previous chapter).

2. e HadamardEmbedder embedding algorithm is applied to the result of the
Node2Vec algorithmifeyed_vectors=model.wv ) used in order to map each
edge of the graph in a vector of two dimensions.

3. Finally, the two-dimensional vectors generated by the embedding algorithm,
representing the nodes of the original graph, are plotted.

e results are shown inFigure 2.5
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Figure 2.5 — Application of the Hadamard algorithm to a graph (le ) to generate the embedding vector
of its edges (right)

As for node embedding, Frigure 2.5we reported the results of the edge embedding
algorithm. From the gure, it is easy to see that the edge embedding algorithm clearly

identi es similar edges. As expected, edges belonging to groups 1, 2, and 3 are clustered in
well-de ned and well-grouped regions. Moreover, the (6,7) and (10,11) edges, belonging

to groups 4 and 5, respectively, are well clustered in speci ¢ groups.



62  Graph Machine Learning

Finally, we will provide an example dBeaph to Vector(Grap2Veg embedding

algorithm. is algorithm maps a single graph in a vector. As for another example, we
will discuss this algorithm in more detail in the next chapter. In the following code block,
we provide a Python example showing how to use the Graph2Vec algorithm in order to
generate the embedding representation on a set of graphs:

import random
import matplotlib.pyplot as plt
from karateclub import Graph2Vec
n_graphs = 20
def generate_random():
n = random.randint(5, 20)
k = random.randint(5, n)
p = random.uniform(0, 1)
return nx.watts_strogatz_graph(n,k,p)

Gs = [generate_random() for x in range(n_graphs)]

model = Graph2Vec(dimensions=2)
model.fit(Gs)
embeddings = model.get_embedding()

fig, ax = plt.subplots(figsize=(10,10))

for i,vec in enumerate(embeddings):
ax.scatter(vec[0],vec[1], s=1000)
ax.annotate(str(i), (vec[0],vec[1]), fontsize=16)

In this example, the following has been done:

1. 20 Watts-Strogatz graphs (described in the previous chapter) have been generated
with random parameters.

2. We have then executed the graph embedding algorithm in order to generate a
two-dimensional vector representation of each graph.

3. Finally, the generated vectors are plotted in their Euclidean space.

e results of this example are shown rigure 2.6
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Figure 2.6 — Plot of two embedding vectors generated by the Graph2Vec algorithm applied to 20
randomly generated Watts-Strogatz graphs (le ). Extraction of two graphs with a large Euclidean
distance (Graph 12 and Graph 8 at the top right) and two graphs with a low Euclidean distance (Graph

14 and Graph 4 at the bottom right) is shown

As we can see froRigure 2.6graphs with a large Euclidean distance, such as graph 12
and graph 8, have a di erent structure. e former is generated withrthevatts_
strogatz_graph(20,20,0.2857) parameter and the latter with th&.watts_
strogatz_graph(13,6,0.8621) parameter. In contrast, a graph with a low
Euclidean distance, such as graph 14 and graph 8, has a similar structure. Graph 14 is
generated with thex.watts_strogatz_graph(9,9,0.5091) command, while

graph 4 is generated witix.watts_strogatz_graph(10,5,0.5659)

In the scienti c literature, a plethora of embedding methods has been developed. We will
describe in detail and use some of them in the next section of this book. ese methods

are usually classi ed into two main typgansductiveandinductive depending on the

update procedure of the function when new samples are added. If new nodes are provided,
transductive methods update the model (for example, re-train) to infer information about
the nodes, while in inductive methods, models are expected to generalize to new nodes,
edges, or graphs that were not observed during training.
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The taxonomy of graph embedding machine

learning algorithms

A wide variety of methods to generate a compact space for graph representation have been
developed. In recent years, a trend has been observed of researchers and machine learning
practitioners converging toward a uni ed notation to provide a common de nition to

describe such algorithms. In this section, we will be introduced to a simpli ed version

of the taxonomy de ned in the pap®tachine Learning on Graphs: A Model and
Comprehensive Taxonoftigtps://arxiv.org/abs/2005.03675 ).

In this formal representation, every graph, node, or edge embedding method can be
described by two fundamental components, named the encoder and the decoder. e
encoder(ENC) maps the input into the embedding space, wihiégzlecoder(DEC)
decodes structural information about the graph from the learned embeddng« 2.Y.

e framework described in the paper follows an intuitive idea: if we are able to encode

a graph such that the decoder is able to retrieve all the necessary information, then the
embedding must contain a compressed version of all this information and can be used to
downstream machine learning tasks:
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Figure 2.7 — Generalized encoder (ENC) and decoder (DEC) architecture for embedding algorithms

In many graph-based machine learning algorithms for representation learning, the
decoder is usually designed to map pairs of node embeddings to a real value, usually
representing the proximity (distance) of the nodes in the original graphs. For example, it is
possible to implement the decoder such that, given the embedding representation of two
nodes,z; = ENC(V;) andz; = ENC(V}), DEC(z;,z;) =1 ifin the input graph an edge
connecting the two nodes;, z;, exists. In practice, more e ectipeoximity functionsan

be used to measure the similarity between nodes.


https://arxiv.org/abs/2005.03675

e taxonomy of graph embedding machine learning algorithms 65

The categorization of embedding algorithms

Inspired by the general framework depictedrigure 2.7we will now provide a
categorization of the various embedding algorithms into four main groups. Moreover,
in order to help you to better understand this categorization, we shall provide simple
code snapshots in pseudo-code. In our pseudo-code formalism, we G@esodegeneric
networkx graph, withgraphs_list as a list ohetworkx graphs andnodel as a
generic embedding algorithm:

Shallow embedding methodsese methods are able to learn and return only the
embedding values for the learned input ditade2VedEdge2VeandGraph2Vec
which we previously discussed, are examples of shallow embedding methods.
Indeed, they can only return a vectorial representation of the data they learned
during the t procedure. It is not possible to obtain the embedding vector for
unseen data. A typical way to use these methods is as follows:

model.fit(graphs_list)
embedding = model.get_embedding()[i]

In the code, a generic shallow embedding method is trained on a list of graphs
(line 1). Once the model is tted, we can only get the embedding vectoritf the
graph belonging tgraphs_list (line 2). Unsupervised and supervised shallow
embedding methods will be described, respectiveGhapter 3Unsupervised
Graph LearningandChapter 4Supervised Graph Learning

Graph autoencoding methods ese methods do not simply learn how to map the
input graphs in vectors; they learn a more general mapping funétién),, capable

of also generating the embedding vector for unseen instances. A typical way to use
them is as follows:

model.fit(graphs_list)
embedding = model.get_embedding(G)

e model is trained on graphs_list (line 1). Once the model is tted on the

input training set, it is possible to use it to generate the embedding vector of a new
unseen graphG. Graph autoencoding methods will be describe@hapter 3
Unsupervised Graph Learning

Neighborhood aggregation methodsese algorithms can be used to extract
embeddings at the graph level, where nodes are labeled with some properties.
Moreover, as for the graph autoencoding methods, the algorithms belonging to this
class are able to learn a general mapping fundfia@h), also capable of generating

the embedding vector for unseen instances.
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A nice property of those algorithms is the possibility to build an embedding space
where not only the internal structure of the graph is taken into account but also
some external information, de ned as properties of its nodes. For instance, with
this method, we can have an embedding space capable of identifying, at the same
time, graphs with similar structures and di erent properties on nodes. Unsupervised
and supervised neighborhood aggregation methods will be descriGadpter 3
Unsupervised Graph LearnimgdChapter 4Supervised Graph Learnimgspectively.

» Graph regularization methods Methods based on graph regularization are slightly
di erent from the ones listed in the preceding points. Here, we do not have a graph
as input. Instead, the objective is to learn from a set of features by exploiting their
"interaction” to regularize the process. In more detail, a graph can be constructed
from the features by considering feature similarities. e main idea is based on
the assumption that nearby nodes in a graph are likely to have the same labels.
erefore, the loss function is designed to constrain the labels to be consistent with
the graph structure. For example, regularization might constrain neighboring nodes
to share similar embeddings, in terms of their distance in the L2 norm. For this
reason, the encoder only ugénode features as input.

e algorithms belonging to this family learn a functiorf,(X), that maps a speci c

set of featuresX)) to an embedding vector. As for the graph autoencoding and
neighborhood aggregation methods, this algorithm is also able to apply the learned
function to new, unseen features. Graph regularization methods will be described in
Chapter 4Supervised Graph Learning

For algorithms belonging to the group of shallow embedding methods and neighborhood
aggregation methods, it is possible to de neiasupervisedndsupervisedersion. e

ones belonging to graph autoencoding methods are suitable in unsupervised tasks, while
the algorithms belonging to graph regularization methods are used in semi-supervised/
supervised settings.
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For unsupervised algorithms, the embedding of a speci ¢ dataset is performed only
using the information contained in the input dataset, such as nodes, edges, or graphs.
For the supervised setting, external information is used to guide the embedding process.
at information is usually classed as a label, such as a $@iryi>, that assigns to each
graph a speci c class. is process is more complex than the unsupervised one since the
model tries to nd the best vectorial representation in order to nd the best assignment
of a label to an instance. In order to clarify this concept, we can think, for instance, of
the convolutional neural networksr image classi cation. During their training process,
neural networks try to classify each image into the right class by performing the tting
of various convolutional lters at the same time. e goal of those convolutional lters

is to nd a compact representation of the input data in order to maximize the prediction
performances. e same concept is also valid for supervised graph embedding, where
the algorithm tries to nd the best graph representation in order to maximize the
performance of a class assignment task.

From a more mathematical perspective, all these models are trained with a proper loss
function. is function can be generalized using two terms:

e e rstis used in supervised settings to minimize the di erence between the
prediction and the target.

» e second is used to evaluate the similarity between the input graph and the one
reconstructed a er the ENC + DEC steps (which is the structure reconstruction
error).

Formally, it can be de ned as follows:
Loss = aLsup()’ay) + LreC(GaG>)

Here,aLg,,(y,y) is the loss function in the supervised settings. e model is optimized
to minimize, for each instance, the error between the righ&d the predicted class
(). Lrec(G,G) is the loss function representing the reconstruction error between

the input graph ¢) and the one obtained a er the ENC + DEC procé®s For
unsupervised settings, we have the same loss b, since we do not have a target
variable to use.

It is important to highlight the main role that these algorithms play when we try to solve
a machine learning problem on a graph. ey can be upadsivelyn order to transform

a graph into a feature vector suitable for a classical machine learning algorithm or for
data visualization tasks. But they can also beateetlyduring the learning process,
where the machine learning algorithm nds a compact and meaningful solution to a
speci c problem.
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In this chapter, we refreshed some baschine learningoncepts and discovered how
they can be applied to graphs. We de ned baisiph machine learnirtgrminology

with a particular focus ograph representation learnirfytaxonomy of the main graph
machine learning algorithms was presented in order to clarify what di erentiates the
various ranges of solutions developed over the years. Finally, practical examples were
provided to begin understanding how the theory can be applied to practical problems.

In the next chapter, we will revise the main graph-based machine learning algorithms.
We will analyze their behavior and see how they can be used in practice.



Section 2 —
Machine Learning
on Graphs

In this section, the reader will become aware of the main existing machine learning
models for graph representation learning: their purpose, how they work, and how they
can be implemented.

is section comprises the following chapters:
» Chapter 3Unsupervised Graph Learning
» Chapter 4Supervised Graph Learning
» Chapter 5Problems with Machine Learning on Graphs






3

Unsupervised Graph
Learning

Unsupervised machine learning refers to the subset of machine learning algorithms that
do not exploit any target information during training. Instead, they work on their own

to nd clusters, discover patterns, detect anomalies, and solve many other problems for
which there is no teacher and no correct answer kreoyrori.

As per many other machine learning algorithms, unsupervised models have found large
applications in the graph representation learning domain. Indeed, they represent an
extremely useful tool for solving various downstream tasks, such as node classi cation
and community detection, among others.

In this chapter, an overview of recent unsupervised graph embedding methods will be
provided. Given a graph, the goal of these techniques is to automatically learn a latent
representation of it, in which the key structural components are somehow preserved.

e following topics will be covered in this chapter:

e e unsupervised graph embedding roadmap
» Shallow embedding methods
» Autoencoders

» Graph neural networks
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Technical requirements

We will be using Jupyter notebooks with Python 3.9 for all of our exercises. e following
is a list of the Python libraries that need to be installed for this chaptempigsingor
example, rumpip install networkx==2.5 on the command line, and so on:

Jupyter==1.0.0

networkx==2.5

matplotlib==3.2.2

karateclub==1.0.19

node2vec==0.3.3

tensorflow==2.4.0

scikit-learn==0.24.0
git+https://github.com/palash1992/GEM.git
git+https://github.com/stellargraph/stellargraph.git

In the rest of this book, if not clearly stated, we will refer to the Python commands
import networkx asnx.

All the code les relevant to this chapter are availalkita://github.com/
PacktPublishing/Graph-Machine-Learning/tree/main/Chapter03

The unsupervised graph embedding roadmap

Graphs are complex mathematical structures de ned in a non-Euclidean space. Roughly
speaking, this means that it is not always easy to de ne what is close to what; it might also
be hard to say whatoseeven means. Imagine a social network graph: two users can be
respectively connected and yet share very di erent features—one might be interested in
fashion and clothes, while the other might be interested in sports and videogames. Can we
consider them as "close"?

For this reason, unsupervised machine learning algorithms have found large applications
in graph analysis. Unsupervised machine learning is the class of machine learning
algorithms that can be trained without the need for manually annotated data. Most of
those models indeed make use of only information in the adjacency matrix and the node
features, without any knowledge of the downstream machine learning task.


https://github.com/PacktPublishing/Graph-Machine-Learning/tree/main/Chapter03
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How is this possible? One of the most used solutions is to learn embeddings that preserve
the graph structure. e learned representation is usually optimized so that it can be used
to reconstruct the pair-wise node similarity, for exampleatljacency matrix ese

techniques bring an important feature: the learned representation can encode latent

relationships among nodes or graphs, allowing us to discover hidden and complex novel
patterns.

Many algorithms have been developed in relation to unsupervised graph machine
learning techniques. However, as previously reported by di erent scienti ¢ papers
(https://arxiv.org/abs/2005.03675 ), those algorithms can be grouped into
macro-groups: shallow embedding methods, autoencoder&amh Neural Networks
(GNNs), as graphically described in the following chart:

Unsupervised ML

v v : v

shallow embedding autoencoders graph neural networks
[ v
v v SDNE _ . o .
Matrix Factorization Skip-gram Spectral Spatial ‘
\ HOPE || Nodezvec | GCN | | GraphSAGE |
| GraphRep | | Edgeavec |
| |

| Graph Factorization | |  Graph2vec |

Figure 3.1 — e hierarchical structure of the di erent unsupervised embedding algorithms described in
this book

In the following sections, you will learn the main principles behind each group of
algorithms. We will try to provide the idea behind the most well-known algorithms in the
eld as well as how they can be used for solving real problems.
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Shallow embedding methods

As already introduced i@hapter 2Graph Machine Learningvith shallow embedding
methods, we identify a set of algorithms that are able to learn and return only the
embedding values for the learned input data.

In this section, we will explain in detail some of those algorithms. Moreover, we will
enrich the descriptions by providing several examples of how to use those algorithms in
Python. For all the algorithms described in this section, we will use the implementation
provided in the following librarie€&draph Embedding Method¢GEM), Node to Vector
(Node2Veg, and Karate Club.

Matrix factorization

Matrix factorization is a general decomposition technique widely used in di erent
domains. A consistent number of graph embedding algorithms use this technique in order
to compute the node embedding of a graph.

We will start by providing a general introduction to the matrix factorization problem.
A er the introduction of the basic principles, we will describe two algorithms, namely
Graph Factorization(GF) andHigher-Order Proximity Preserved Embedding
(HOPE), whichusematrix factorization to build the node embedding of a graph.

Letw B 9“" be the input data. Matrix factorization decompogdedNV x H with

V B 9%andH B 9*" calledthesourceandabundancematrix, respectively, and

is thenumber of dimensions of the generated embedding space. e matrix factorization
algorithm learns th& andH matrices by minimizing a loss function that can change
according to the speci ¢ problem we want to solve. In its general formulation, the loss
function is de ned by computing the reconstruction error using the Frobenius norm as
W FV x H 2.

Generally speaking, all the unsupervised embedding algorithms based on matrix
factorization use the same principle. ey all factorize an input graph expressed as a
matrix in di erent components. e main di erence between each method lies in the

loss function used during the optimization process. Indeed, di erent loss functions allow
creating an embedding space that emphasizes speci ¢ properties of the input graph.

Graph factorization

e GF algorithm was one of the rst models to reach good computational performance
in order to perform the node embedding of a given graph. By following the principle
of matrix factorization that we previously described, the GF algorithm factorizes the
adjacency matrix of a given graph.



Shallow embedding methods 75

Formally, letG = (V,E) be the graph we want to compute the node embedding with
and let4 B #1*IVI be its adjacency matrix. e loss functio.Y used in this matrix
factorization problem is as follows:

N

L= 3 A (4 Py A w0
(i) € i
In the preceding equatiofi,j) BE represents one of the edgeSiwhileY D &lxd js
the matrix containing the-dimensional embedding. Each row of the matrix represents
the embedding of a given node. Moreover, a regularization t¢)mfthe embedding
matrix is used to ensure that the problem remains well-posed even in the absence of
su cient data.

N

e loss function used in this method was mainly designed to improve GF performances
and scalability. Indeed, the solution generated by this method could be noisy. Moreover
it should be noted, by looking at its matrix factorization formulation, that GF performs

a strong symmetric factorization. is property is particularly suitable for undirected
graphs, where the adjacency matrix is symmetric, but could be a potential limitation for
undirected graphs.

In the following code, we will show how to perform the node embedding of a given
networkx graph using Python and the GEM library:

import networkx as nx

from gem.embedding.gf import GraphFactorization

G = nx.barbell_graph(m1=10, m2=4)

of = GraphFactorization(d=2, data_set=None, max_iter=10000,
eta=1*10**-4, requ=1.0)

gf.learn_embedding(G)

embeddings = gf.get_embedding()

In the preceding example, the following have been done:
1. networkx is used tagenerate harbell graph(G) used as input for the GF

factorization algorithm.

2. e GraphFactorization class is used to generat=a-dimensional
embedding space.

3. e computation of the node embeddings of the input graph is performed using
gf.learn_embedding(G)

4. e computed embeddings are extracted by calling gfiget_embedding()
method.
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e results of the previous code are shown in the following graph:
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Figure 3.2 — Application of the GF algorithm to a graph (le ) to generate the embedding vector of its
nodes (right)

From Figure 3.2it is possible to see how nodes belonging to groups 1 and 3 are mapped
together in the same region of space. ose points are separated by the nodes belonging
to group 2. is mapping allows us to well separate groups 1 and 3 from group 2.
Unfortunately, there is no clear separation between groups 1 and 3.

Higher-order proximity preserved embedding

HOPE isanothergraph embedding technique based on the matrix factorization principle.

is method allows preserving higher-order proximity and does not force its embeddings

to have any symmetric properties. Before starting to describe the method, let's understand
what rst-order proximity and high-order proximity mean:

 First-order proximity : Given a graphG = (V,E), where the edges have a weight,
Wij, for each vertex pafw;,v;), we say they have a rst-order proximity equal to
Wij if the edgévi,vj) DE. Otherwise, the rst-order proximity between the two
nodes is 0.

e Second- and high-order proximity With the second-order proximity, we can
capturethe two-step relations between each pair of vertices. For each vertex pair
(vi,vj), we can see the second-order proximity as a two-step transitionfram
Vj. High-order proximity generalizes this concept and allows us to capture a more
global structure. As a consequence, high-order proxiogitjpe viewed as a k-step
(k 3) transition fromv; to ;.
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Given the de nition of proximity, we can now describe the HOPE method. Formally, let
G = (V,E) be the graph we want to compute the embedding for antl Bt "1 pe
its adjacency matrix. e loss functionl( used by this problem is as follows:

2
L= ISFYy x v," 1

In the preceding equations ® &'Vl is a similarity matrix generated from grafitand
Y, B 912 andy, B "¢ are two embedding matrices representimgcdimensional
embedding space. In more det#jlyepresents the source embedding Bnepresents
the target embedding.

HOPE uses those two matrices in order to capture asymmetric proximity in directed
networks where the direction from a source node and a target node is present. e nal
embedding matrixY, is obtained by simply concatenating, column-wiseY{tandY;

matrices. Due to this operation, the nal embedding space generated by HOPE will have
2 W dimensions.

As we already stated, tRematrix is a similarity matrix obtained from the original graph,
G. e goal of S is to obtain high-order proximity information. Formally, it is computed
ass = M, @, whereM, andM; are both polynomials of matrices.

In its original formulation, the authors of HOPE suggested di erent ways to cor{pute
andM,;. Here we report a common and easy method to compute those ma&daesc-
Adar (AA). In this formulation,M, = I(the identity matrix) whileM; = A ® @,

whereD is a diagonal matrix computed Bs=1 o A (4;; + A;;)). Otherformulations
to computeMgand M, are theKatz Index Rooted PageRankRPR), andCommon
Neighbors(CN).

In the following code, we will show how to perform the node embedding of a given
networkx graph using Python and the GEM library:

import networkx as nx

from gem.embedding.hope import HOPE
G = nx.barbell_graph(m1=10, m2=4)

gf = HOPE(d=4, beta=0.01)
gf.learn_embedding(G)

embeddings = gf.get_embedding()
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e preceding code is similar to the one used for GF. e only di erence is in the class
initialization since here we us®PE According to the implementation provided by
GEM, thed parameter, representing the dimension of the embedding space, will de ne
the number of columns of the nal embedding matiix,obtained a er the column-wise
concatenation of; andY;.

As a consequence, the number of column§ ahdY; is de ned by the oor division (the
/I operator in Python) of the value assigned.t@ results of the code are shown in the
following graph:

0.07 . .
2
3
0.06
0.05
0.04
1 0.03
0.02
0.01
o0
0.00 .

006 -004 -002 000 002 004 006

Figure 3.3 — Application of the HOPE algorithm to a graph (le ) to generate the embedding vector of its
nodes (right)

In this case, the graph is undirected and thus there is no di erence between the source
and target nodegigure 3.3hows the rst two dimensions of teenbeddings matrix
representind’s. It is possible to see how the embedding space generated by HOPE
provides, in this case, a better separation of the di erent nodes.

Graph representation with global structure informat ion

Graphrepresentation with global structure information (GraphRep), such as HOPE,
allows us to preserve higher-order proximity without forcing its embeddings to have
symmetric properties. Formally, I€t= (V,E) be the graph we want to compute the node
embeddings for and let B #*!VI be its adjacency matrix. e loss functior.) used by
this problem is as follows:

2
Ly= 'X* Frk x v¥'1" 1 Qk QK
F
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In the preceding equatiox* B 1%Vl is a matrix generated from gra@hn order to
get thekth order of proximity between nodes.

vk B ¢4 angvf B ¥1*? are two embedding matrices representimgdimensional
embedding space of thth order of proximity for the source and target nodes,
respectively.

Xk= A (DPA)
e X" matrix is computed according to the following equation:
Here,D is a diagonal matrix known as ttlegree matrixcomputed using the foIIowmg
equation:

0, M

X1 = D P A represents the (one-step) probability transition matrix, WB(é;ds the
probability of a transition from¥;to vertexv; within one step. In general, for a generic
value ok, X;; X represents the probab|llty 011 a transition frenyto vertexv; within k steps.

For each ordeof proximity, k, an independent optimization problem is tted. All tke
embedding matrices generated are then column-wise concatenated to get the nal source
embedding matrices.

In the following code, we will show how to perform the node embedding of a given
networkx graph using Python and tharateclub library:

import networkx as nx

from karateclub.node_embedding.neighbourhood.grarep import
GraRep

G = nx.barbell_graph(m1=10, m2=4)

gr = GraRep(dimensions=2, order=3)

or.fit(G)

embeddings = gr.get_embedding()

We initialize theGraRep class from th&arateclub  library. In this implementation,
thedimension parameter represents the dimension of the embedding space, while the
order parameter de nes the maximum number of orders of proximity between nodes.
e number of columns of the nal embedding matrix (stored, in the example, in the
embeddings variable) iglimension*order , since, as we said, for each proximity
order an embedding is computed and concatenated in the nal embedding matrix.
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To specify, since two dimensions are computed in the exaenpbeddings|:,:2]
represents the embedding obtainedief, embeddings|:,2:4] fork=2, and

embeddings|:,4:] fork=3. e results of the code are shown in the following graph:
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Figure 3.4 — Application of the GraphRep algorithm to a graph (top) to generate the embedding vector
of its nodes (bottom) for di erent values of k

From the preceding graph, it is easy to see how di erent orders of proximity allow us

to get di erent embeddings. Since the input graph is quite simple, in this case, already
with k=1, a well-separated embedding space is obtained. To specify, the nodes belonging
to groups 1 and 3 in all the proximity orders have the same embedding values (they are
overlapping in the scatter plot).

In this section, we described some matrix factorization methods for unsupervised graph
embedding. In the next section, we will introduce a di erent way to perform unsupervised
graph embedding using skip-gram models.
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Skip-gram

In this section, we will provide a quick description of the skip-gram model. Since it is
widely used by di erent embedding algorithms, a high-level description is needed to
better understand the di erent methods. Before going deep into a detailed description, we
will rst give a brief overview.

e skip-gram model is a simple neural network with one hidden layer trained in order to
predict the probability of a given word being present when an input word is present. e
neural network is trained by building the training data using a text corpus as a reference.
is process is described in the following chart:

Corpus Train Data
| He | pointed ] his | finger in friendly jest and =) (He, pointed), (He, his)
(pointed, he), (pointed, his)
I He | pointed | his | finger | in friendly jest and  —) (pointed, finger)
f ] 3 ; 4 ¢ (his, He), (his, pointed)
I He | pointed | his | finger I in I friendly jest and ——) (his, finger), (his, in)
- - - - i (finger, pointed), (finger, his)
He | pointed l his I finger I in l friendly jest and ~—) (finger, in), (finger, friendly)
e J
R
Window size

Figure 3.5 — Example of the generation of training data from a given corpus. In the lled boxes, the
target word. In the dash boxes, the context words identi ed by a window size of length 2

e example described inFigure 3.5hows how the algorithm to generate the training
data works. Aargetword is selected and a rolling window of xed sizis built around

that word. e words inside the rolling windows are known esntextwords. Multiple

pairs of(target word, context wordje then built according to the words inside the rolling
window.

Once the training data is generated from the whole corpus, the skip-gram model is trained
to predict the probability of a word being a context word for the given target. During its
training, the neural network learns a compact representation of the input words. is is

why the skip-gram model is also knowrésrd to Vector (Word2Vec).
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e structure of the neural network representing the skip-gram model is described in the
following chart:

Output Layer
Input Hidden Layer (Softmax)

Prabability of word man
Position of word finger =) Prabability of word finger
Prabability of word airplane

Prabability of word tree

E-EEEEE
o 000
6 6666
1 1111

Prabability of word car

m words d neurons m neurons

Figure 3.6 — Structure of the neural network of the skip-gram model. e number of d neurons in the
hidden layer represents the nal size of the embedding space

e input of the neural network is a binary vector of sige Each element of the vector
represents a word in the dictionary of the language we want to embed the words in. When,
during the training process,(&rget word, context worggir is given, the input array

will have 0 in all its entries with the exception of the entry representing the "target" word,
which will be equal to 1. e hidden layer hasneurons. e hidden layer will learn the
embedding representation of each word, creatidgisnensional embedding space.

Finally, the output layer of the neural network is a dense layenefirons (the same size
as the input vector) with 0 max activation function. Each neuron represents a word

of the dictionary. e value assigned by the neuron corresponds to the probability of that
word being "related" to the input word. Since so max can be hard to compute when the
size ofm increases, laierarchical so maxapproach is always used.

e nal goal of the skip-gram model is not to actually learn the task we previously
described but to build a compattdimensional representation of the input words. anks

to this representation, it is possible to easily extract an embedding space for the words
using the weight of the hidden layer. Another common approach to creating a skip-gram
model, which will be not described herezastext-basedontinuous Bag-of-Words

(CBOW).

Since the basic concepts behind the skip-gram model have been introduced, we can start
to describe a series of unsupervised graph embedding algorithms built upon this model.
Generally speaking, all the unsupervised embedding algorithms based on the skip-gram
model use the same principle.
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Starting from an input graph, they extract from it a set of walks. ose walks can be seen
as a text corpus where each node represents a word. Two words (representing nodes) are
near each other in the text if they are connected by an edge in a walk. e main di erence
between each method lies in the way those walks are computed. Indeed, as we will see,
di erent walk generation algorithms can emphasize particular local or global structures of
the graph.

DeepWalk

e DeepWalk algorithm generates the node embedding of a given graph using the skip-
gram model. In order to provide a better explanation of this model, we need to introduce
the concept ofandom walks

Formally, let be a graph and let be a vertex selected as the starting point. We select

a neighbor ov; at random and we move toward it. From this point, we randomly select
another point to move. is process is repeatédimes. e random sequence df

vertices selected in this way is a random walk of lehdthis worth mentioning that the
algorithm used to generate the random walks does not impose any constraint on how they
are built. As a consequence, there is no guarantee that the local neighborhood of the node
is well preserved.

Using the notion of random walk, the DeepWalk algorithm generates a random walk
of a size of at mosfor each node. ose random walks will be given as input to the
skip-gram model. e embedding generated using skip-gram will be used as the nal
node embedding. In the following gur&igure 3.y, we can see a step-by-step graphical
representation afhe algorithm:
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. Sttt L %l
« o - : '. =
° e o0 0o [o] ® 'S, e
Input Graph Random Walk Generation Skip-Gram Training Embedding Generation

Figure 3.7 — All the steps used by the DeepWalk algorithm to generate the node embedding of a given
graph
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Here is a step-by-step explanation of the algorithm graphically described in the preceding
chart:

1. Random Walk GenerationFor each node of input gra®) a set of random
walks with a xed maximum length)(is computed. It should be noted that the
lengtht is an upper bound. ere are no constraints forcing all the paths to have the
same length.

2. Skip-Gram Training: Using all the random walks generated in the previous step,
a skip-gram model is trained. As we described earlier, the skip-gram model works
on words and sentences. When a graph is given as input to the skip-gram model, as
visible inFigure 3.7a graph can be seen as an input text corpus, while a single node
of the graph can be seen as a word of the corpus.

A random walk can be seen as a sequence of words (a sentence). e skip-gram is
then trained using the "fake" sentences generated by the nodes in the random walk.
e parameters for the skip-gram model previously described (window sizend

embed siza]) are used in this step.

3. Embedding Generation e information contained in the hidden layers of the
trained skip-gram model is used in order to extract the embedding of each node.

In the following code, we will show how to perform the node embedding of a given
networkx graph using Python and tharateclub library:

import networkx as nx

from karateclub.node_embedding.neighbourhood.deepwalk import
DeepWalk

G = nx.barbell_graph(m1=10, m2=4)
dw = DeepWalk(dimensions=2)
dw.fit(G)

embeddings = dw.get_embedding()

e code is quite simple. We initialize thBeepWalk class from th&arateclub

library. In this implementation, thdimensions parameter represents the dimension
of the embedding space. Other parameters worth mentioning thBey@Nalk class
accepts are as follows:

e walk_number : e number of random walks to generate for each node
e walk_length : e length of the generated random walks

e window_size : e window size parameter of the skip-gram model
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Finally, the model is tted on grap® usingdw.fit(G) and the embeddings are
extracted usingw.get_embedding()

e results of the code are shown in the following gure:
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Figure 3.8 — Application of the DeepWalk algorithm to a graph (le ) to generate the embedding vector
of its nodes (right)

From the previous graph, we can see how DeepWalk is able to separate region 1 from
region 3. ose two groups are contaminated by the nodes belonging to region 2. Indeed,
for those nodes, a clear distinction is not visible in the embedding space.

Node2Vec

e Node2Vecalgorithm can be seen as an extension of DeepWalk. Indeed, as with
DeepWalk, Node2Vec also generates a set of random walks used as input to a skip-gram
model. Once trained, the hidden layers of the skip-gram model are used to generate the
embedding of the node in the graph. e main di erence between the two algorithms lies

in the way the random walks are generated.

Indeed, if DeepWalk generates random walks without using any bias, in Node2Vec a new
technique to generate biased random walks on the graph is introduced. e algorithm to
generate the random walks combines graph exploration by mdé3giagith-First Search

(BFS andDepth-First SearchDFS). e way those two algorithmsarecombined in

the random walk's generation is regularized by two parametarg]q. p de nes the
probability of a random walk getting back to the previous node, whitenes the

probability that a random walk can pass through a previously unseen part of the graph.
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Due to this combination, Node2Vec can preserve high-order proximities by preserving

local structures in the graph as well as global community structures. is new method of
random walk generation allows solving the limitation of DeepWalk preserving the local
neighborhood properties of the node.

In the following code, we will show how to perform the node embedding of a given
networkx graph using Python and timede2vec library:

import networkx as nx

from node2vec import Node2Vec

G = nx.barbell_graph(m1=10, m2=4)
draw_graph(G)

node2vec = Node2Vec(G, dimensions=2)
model = node2vec.fit(window=10)
embeddings = model.wv

Also, for Node2Vec, the code is straightforward. We initializ&ltitie2Vec class from
thenode2vec library. In this implementation, théimensions parameter represents
the dimension of the embedding space. e model is then tted usinge2vec.
fit(window=10) . Finally, the embeddings are obtained usitnglel.wv .

It should be noted thahodel.wv is an object of th&/ord2VecKeyedVectors class.
In order to get the embedding vector of a speci c node matteid as the ID, we can
use the trained model, as followsdel.wv[str(nodeld)] . Other parameters worth
mentioning that theNode2Vec class accepts are as follows:

* num_walks : e number of random walks to generate for each node
e walk_length : e length of the generated random walks

°* p,q : e pandqgparameters of the random walk's generation algorithm

e results of the code are shown Figure 3.9
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Figure 3.9 — Application of the Node2Vec algorithm to a graph (le ) to generate the embedding vector
of its nodes (right)

As is visible frontrigure 3.9Node2Vec allows us to obtain a better separation between

nodes in the embedding space compared to DeepWalk. To specify, regions 1 and 3 are well
clustered in two regions of space. Region 2 instead is well placed in the middle of the two
groups without any overlap.

Edge2Vec

Contrary to the other embedding function, thdge to Vector(Edge2Veg algorithm

generates the embedding space on edges, instead of nodes. is algorithm is a simple side
e ect of the embedding generated by using Node2Vec. e main idea is to use the node
embedding of two adjacent nodes to perform some basic mathematical operations in
order to extract the embedding of the edge connecting them.

Formally, let; andv; be two adjacent nodes and féw;) and f(v;) be their
embeddings computed with Node2Vec. e operators describediable 3.Xcan be used
in order to compute the embedding of their edge:

Operator Equation Class Name
Average flv) + f(v) AverageEmbedder

2
Hadamard fw) = f(vy) HadamardEmbedder
Weighted-L1 [F (v = Fvp| WeightedL1Embedder
Weighted-L2 If (v — f(vj)|2 WeightedL2Embedder

Table 3.1 — Edge embedding operators with their equation and class name in the Node2Vec library
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In the following code, we will show how to perform the node embedding of a given
networkx graph using Python and the Node2Vec library:

from node2vec.edges import HadamardEmbedder
embedding = HadamardEmbedder(keyed_vectors=model.wv)

e code is quite simple. e HadamardEmbedder class is instantiated with only the
keyed_vectors  parameter. e value of this parameter is the embedding model

generated by Node2Vec. In order to use other techniques to generate the edge embedding,
we just need to change the class and select one from the ones Tiatadd B11An

example of the application of this algorithm is shown in the following gure:
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Figure 3.11 — Application of the Edge2Vec algorithm to a graph (top) to generate the embedding vector
of its nodes (bottom) using di erent methods

FromFigure 3.11lwe can see how di erent embedding methods generate completely
di erent embedding space8verageEmbedder andHadamardEmbedder , in this
example, generate well-separated embeddings for regions 1, 2, and 3.

For WeightedL1Embedder andWeightedL2Embedder , however, the embedding
space is not well separated since the edge embeddings are concentrated in a single region
without showing clear clusters.
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Graph2Vec

e methods we previously described generated the embedding space for each node
or edge on a given grapgBraph to Vector(Graph2Veq generalizes this concept and
generates embeddings for the whole graph.

To specify, given a set of graphs, the Graph2Vec algorithms generate an embedding space
where each point represents a graph. is algorithm generates its embedding using an
evolution of the Word2Vec skip-gram model knowrDascument to Vector(Doc2Veq.

We can graphically see a simpli cation of this moddFigure 3.12

Document Input Hidden Layer Output Layer
Position of document doc_id 2 s

E O- '. =) Prabability of word man

: O o. =) Prabability of word dog
@ “ O - .. s  Prabability of word airplane

o. m===) Prabability of word tree

Word Input
Boiionsofwondfirges '. =) Prabability of word car

m words d neurons m neurons

Figure 3.12 — Simpli ed graphical representation of the Doc2Vec skip-gram model. e number of d
neurons in the hidden layer represents the nal size of the embedding space

Compared to the simple Word2Vec, Doc2Vec also accepts another binary array
representing the document containing the input word. Given a "target" document and
a "target" word, the model then tries to predict the most probable "context" word with
respect to the input "target" word and document.

With the introduction of the Doc2Vec model, we can now describe the Graph2Vec
algorithm. e main idea behind this method is to view an entire graph as a document
and each of its subgraphs, generated as an ego grafhéxer 1Getting Started with
Graph$ of each node, as words that comprise the document.
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In other words, a graph is composed of subgraphs as a document is composed of
sentences. According to this description, the algorithm can be summarized into the
following steps:

Subgraph generationA set of rooted subgraphs is generated around every node.

Doc2Vec training e Doc2Vec skip-gram is trained using the subgraphs
generated by the previous step.

3. Embedding generation e information contained in the hidden layers of the
trained Doc2Vec model is used in order to extract the embedding of each node.

In the following code, as we already dicCimapter 2Graph Machine Learningve will
showhow to perform the node embedding of a setetfvorkx graphs using Python
and thekarateclub library:

import matplotlib.pyplot as plt
from karateclub import Graph2Vec
n_graphs = 20
def generate_random():
n = random.randint(5, 20)
k = random.randint(5, n)
p = random.uniform(0, 1)
return nx.watts_strogatz_graph(n,k,p)

Gs = [generate_random() for x in range(n_graphs)]

model = Graph2Vec(dimensions=2)
model.fit(Gs)
embeddings = model.get_embedding()

In this example, the following have been done:

20 Watts-Strogatz graphs have been generated with random parameters.

We then initialize th&raph2Vec class from th&arateclub  library with two
dimensions. In this implementation, tliémensions parameter represents the
dimension of the embedding space.

3. e modelis then tted on the input data usinthodel.fit(Gs)
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4. e vector containing the embeddings is extracted usimgdel.get_
embedding()

e results of the code are shown in the following gure:
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Figure 3.13 — Application of the Graph2Vec algorithm to a graph (le ) to generate the embedding vector
of its nodes (right) using di erent methods

From Figure 3.13it is possible to see the embedding space generated for the di erent
graphs.

In this section, we described di erent shallow embedding methods based on matrix
factorization and the skip-gram model. However, in the scienti c literature, a lot of
unsupervised embedding algorithms exist, such as Laplacian methods. We refer those of
you who are interested in exploring those methods to look at the pigobine Learning

on Graphs: A Model and Comprehensive Taxoraeailable abttps://arxiv.org/
pdf/2005.03675.pdf

We will continue our description of the unsupervised graph embedding method in the
next sections. We will describe more complex graph embedding algorithms based on
autoencoders.


https://arxiv.org/pdf/2005.03675.pdf
https://arxiv.org/pdf/2005.03675.pdf
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Autoencoders

Autoencoders are an extremely powerful tool that can e ectively help data scientists to

deal with high-dimensional datasets. Although rst presented around 30 years ago, in

recent years, autoencoders have become more and more widespread in conjunction with
the general rise of neural network-based algorithms. Besides allowing us to compact
sparse representations, they can also be at the base of generative models, representing the
rst inception of the famou&enerative Adversarial NetworKGAN), which is, using the

words of Geo rey Hinton:

" e most interesting idea in the last 10 years in machine learning"

An autoencoder is a neural network where the inputs and outputs are basically the same,
but that is characterized by a small number of units in the hidden layer. Loosely speaking,
it is a neural network that is trained to reconstruct its inputs using a signi cantly lower
number of variables and/or degree of freedom.

Since an autoencoder does not need a labeled dataset, it can be seen as an example of
unsupervised learning and a dimensionality-reduction technique. However, di erent from
other techniques sudksPrincipal Component AnalysisPCA) and matrix factorization,
autoencoders can learn non-linear transformation thanks to the non-linear activation
functions of their neurons:

=
Encoder Decoder

(

Reconstruction Error

Input
Embedding
Qutput

Figure 3.14 — Diagram of the autoencoder structure. e colors in the input and output layers represent
the fact that the values should be as similar as possible. In fact, the training of the network is done in
order to match these values and minimize the reconstruction error
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Figure 3.14hows a simple example of an autoencoder. You can see how the autoencoder
can generally be seen as composed of two parts:

» An encoder network that processes the input through one or more units and maps
it into an encoded representation that reduces the dimension of the inputs (under-
complete autoencoders) and/or constrains its sparsity (over-complete regularized
autoencoders)

» A decoder network that reconstructs the input signal from the encoded
representation of the middle layer

e encoder-decoder structure is then trained to minimize the ability of the full network
to reconstruct the input. In order to completely specify an autoencoder, we need a loss
function. e error between the inputs and the outputs can be computed using di erent
metrics and indeed the choice of the correct form for the "reconstruction” error is a
critical point when building an autoencoder.

Some commorthoices for the loss functiottsatmeasure the reconstruction error are
mean square errgrmean absolute errorcross-entropy andKL divergence

In the following sections, we will show you how to build an autoencoder starting with
some basic concepts and then applying those concepts to graph structures. But before
diving in, we feel compelled to give you a very brief introduction to the frameworks that
will allow us to do this: TensorFlow and Keras.

TensorFlow and Keras — a powerful combination

Released aspen source by Google in 2017, TensorFlow is now the standard, de facto
framework that allows symbolic computations and di erential programming. It basically
allows you to build a symbolic structure that describes how inputs are combined in order
to producetheoutputs, de ning what is generally calledamputational graphor a

stateful data ow graph In this graph, nodes are the variable (scalar, arrays, tensors) and
edges represent operations connecting the inputs (edge source) to the output (edge target)
of a single operation.

In TensorFlow, such a graph is static (this is indeed one of the main di erences with
respect to another very popular framework in this contexth ) and can be executed
by feeding data into it, as inputs, clearing the "data ow" attribute mentioned previously.

By abstracting the computation, TensorFlow is a very general tool that can run on
multiple backends: on machines powered by CPUs, GPUs, or even ad hoc, speci cally
designed processing units such as TPUs. Besides, TensorFlow-powered applications can
also be deployed on di erent devices, ranging from single and distributed servers to
mobile devices.
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Besides abstracting computation, TensorFlow also allows you to symbolically di erentiate
your computational graph with respect to any of its variables, resulting in a new
computational graph that can also be di erentiated to produce higher-order derivatives.

is approach is generally referred to as symbol-to-symbol derivative and it is indeed
extremely powerful, especially in the context of the optimization of the generic loss
function, which requires gradient estimations (such as gradient descent technigues).

As you might know, the problem of optimizing a loss function with respect to many
parameters is central in the training of any neural network via backpropagation. is is
surely the main reason why TensorFlow has become very popular in the past few years
and why it was designed and produced in the rst place by Google.

Diving in depth into the usage of TensorFlow is beyond the scope of this book and indeed
you can nd out more through the description given in dedicated books. In the following
sections, we will use some of its main functionalities and provide you with the basic tools
for building neural networks.

Since its last major release, 2.x, the standard way of building a model with TensorFlow is
using the Keras API. Keras was natively a side external project with respect to TensorFlow,
aimed at providing a common and simple API to use several di erential programming
frameworks, such as TensorFlow, Teano, and CNTK, for implementing a neural network
model. It generally abstracts the low-level implementation of the computation graph

and provides you with the most common layers used when building neural networks
(although custom layers can also be easily implemented), such as the following:

e Convolutional layers
» Recurrent layers
* Regularization layers

e Loss functions

Keras also exposes APIs that are very similar to scikit-learn, the most popular library for
machine learning in the Python ecosystem, making it very easy for data scientists to build,
train, and integrate neural network-based models in their applications.

In the next section, we will show you how to build and train an autoencoder using Keras.
We'll start applying these techniques to images in order to progressively apply the key
concepts to graph structures.
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We'll start by implementing an autoencoder in its simplest form, that is, a simple feed-
forward network trained to reconstruct its input. We'll apply this to the Fashion-MNIST
dataset, which is a dataset similar to the famous MNIST dataset that features hand-written
numbers on a black and white image.

MNIST has 10 categories and consists of 60k + 10k (train dataset + test dataset)
28x28 pixel grayscale images that represent a piece of cldtsihigt( , Trouser
Pullover ,Dress ,Coat, Sandal , Shirt , Sneaker , Bag, andAnkle boot ).

e Fashion-MNIST dataset is a harder task than the original MNIST dataset and it is
generally used for benchmarking algorithms.

e dataset is already integrated in the Keras library and can be easily imported using the
following code:

from tensorflow.keras.datasets import fashion_mnist

(x_train, y_train), (x_test, y_test) = fashion_mnist.load
data()

It is usually good practice to rescale the inputs with an order of magnitude of around 1
(for which activation functions are most e cient) and make sure that the numerical data
is in single-precision (32 bits) instead of double-precision (64 bits). is is due to the
fact that it is generally desirable to promote speed rather than precision when training
a neural network, which is a computationally expensive process. In certain cases, the
precision could even be lowered to half-precision (16 bits). We transform the input with
the following:

X_train = x_train.astype(‘float32') / 255.
X_test = x_test.astype(‘float32") / 255.

We can grasp the type of inputs we are dealing with by plotting some of the samples from
the training set using the following code:

n=10

plt.figure(figsize=(20, 4))

for i in range(n):
ax = plt.subplot(1, n, i + 1)
plt.imshow(x_train[i])
plt.title(classes[y_train[i]])

plt.gray()
ax.get_xaxis().set_visible(False)
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ax.get_yaxis().set_visible(False)
plt.show()

In the preceding codelasses represents the mapping between integers and class
names, for exampl&;shirt , Trouser ,Pullover ,Dress ,Coat, Sandal , Shirt ,
Sneaker , Bag, andAnkle boot

Trouser

Ankle boot Pullover Trouser Trouser

l@ 1]

Figure 3.15 — Some samples taken from the training set of the Fashion-MNIST dataset

Now that we have imported the inputs, we can build our autoencoder network by creating
the encoder and the decoder. We will be doing this using the Keras functional API, which
provides more generality and exibility compared to the so-called Sequential API. We
start by de ning the encoder network:

from tensorflow.keras.layers import Conv2D, Dropout,
MaxPooling2D, UpSampling2D, Input

input_img = Input(shape=(28, 28, 1))

x = Conv2D(16, (3, 3), activation="relu’, padding='same’)
(input_img)

x = MaxPooling2D((2, 2), padding='same’)(x)

x = Conv2D(8, (3, 3), activation="relu’, padding='same")(x)
X = MaxPooling2D((2, 2), padding='same")(x)

x = Conv2D(8, (3, 3), activation="relu’, padding='same")(x)
encoded = MaxPooling2D((2, 2), padding='same")(x)

Our network is composed of a stack of three levels of the same pattern composed of the
same two-layer building block:

e Conv2D, a two-dimensional convolutional kernel that is applied to the input and
e ectively corresponds to having weights shared across all the input neurons.
A er applying the convolutional kernel, the output is transformed using the ReLU
activation function. is structure is replicated fon hidden planes, with being 16
in the rst stacked layer and 8 in the second and third stacked layers.

e MaxPooling2D , which down-samples the inputs by taking the maximum value
over the speci ed window (2x2 in this case).
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Using the Keras API, we can also have an overview of how the layers transformed the
inputs using theModel class, which converts the tensors into a user-friendly model ready

to be used and explored:

Model(input_img, encoded).summary()

is provides a summary of the encoder network visibleRmure 3.16

Model: "model 4"

Layer (type) Output Shape Param #
input_2 (InputLayer) [ (None, 28, 28, 1)] 0
gaussian_noise (GaussianNois (None, 28, 28, 1) 0
conv2d_ 7 (Conv2D) (None, 28, 28, 16) 160
max_pooling2d 3 (MaxPooling2 (None, 14, 14, 16) 0
conv2d_8 (Conv2D) (None, 14, 14, 8) 1160
max_pooling2d_4 (MaxPooling2 (None, 7, 7, 8) 0
conv2d_9 (Conv2D) (None, 7, 7, 8) 584

max_pooling2d 5 (MaxPooling2

(None, 4, 4, 8)

Total params: 1,904
Trainable params: 1,904
Non-trainable params: 0

Figure 3.16 — Overview of the encoder network

As can be seen, at the end of the encoding phase, we have a (4, 4, 8) tensor, which is
more than six times smaller than our original initial inputs (28x28). We can now build
the decoder network. Note that the encoder and decoder do not need to have the same

structure and/or shared weights:

x = Conv2D(8, (3, 3), activation="relu’, padding='same’)

(encoded)
x = UpSampling2D((2, 2))(X)

x = Conv2D(8, (3, 3), activation="relu’, padding='same")(x)

x = UpSampling2D((2, 2))(x)

x = Conv2D(16, (3, 3), activation="relu’)(x)

x = UpSampling2D((2, 2))(x)
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decoded = Conv2D(1, (3, 3), activation='sigmoid’,
padding='same')(x)

In this case, the decoder network resembles the encoder structure where the down-
sampling of the input achieved using MaxPooling2D layer has been replaced by the
UpSampling2D layer, which basically repeats the input over a speci ed window (2x2 in
this case, e ectively doubling the tensor in each direction).

We have now fully de ned the network structure with the encoder and decoder layers.
In order to completely specify our autoencoder, we also need to specify a loss function.
Moreover, to build the computational graph, Keras also needs to know which algorithms
should be used in order to optimize the network weights. Both bits of information, the
loss function and optimizer to be used, are generally provided to Keragsavhpiting

the model:

autoencoder = Model(input_img, decoded)

autoencoder.compile(optimizer='adam’, loss='binary__
crossentropy")

We can now nally train our autoencoder. KeMsdel classes provide APIs that are
similar to scikit-learn, with it method to be used to train the neural network. Note
that, owing to the nature of the autoencoder, we are using the same information as the
input and output of our network:

autoencoder fit(x_train, x_train,
epochs=50,
batch_size=128,
shuffle=True,
validation_data=(x_test, x_test))

Once the training is nished, we can examine the ability of the network to reconstruct the
inputs by comparing input images with their reconstructed version, which can be easily
computed using thpredict method of the Kerdglodel class as follows:

decoded_imgs = autoencoder.predict(x_test)

In Figure 3.1,7/we show the reconstructed images. As you can see, the network is quite
good at reconstructing unseen images, especially when considering the large-scale
features. Details might have been lost in the compression (see, for instance, the logo on the
t-shirts) but the overall relevant information has indeed been captured by our network:
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Figure 3.17 — Examples of the reconstruction done on the test set by the trained autoencoder

It can also be very interesting to represent the encoded version of the images in a
two-dimensional plane using T-SNE:

from tensorflow.keras.layers import Flatten

embed_layer = Flatten()(encoded)

embeddings = Model(input_img, embed_layer).predict(x_test)
tsne = TSNE(n_components=2)

emb2d = tsne.fit_transform(embeddings)

X, Y = np.squeeze(emb2d[:, 0]), np.squeeze(emb2d[:, 1])

e coordinates provided by T-SNE are shown kigure 3.18colored by the class the
sample belongs to. e clustering of the di erent clothing can clearly be seen, particularly
for some classes that are very well separated from the rest:

T-shirt/top
Touser

+ Pullover

« Dress

« Coat
Sandal
Shirt
Sneaker
Bag

« Ankle boot

Figure 3.18 — T-SNE transformation of the embeddings extracted from the test set, colored by the class
that the sample belongs to
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Autoencoders are, however, rather prone to over tting, as they tend to re-create exactly
the images of the training and not generalize well. In the following subsection, we will
see how over tting can be prevented in order to build more robust and reliable dense
representations.

Denoising autoencoders

Besides allowing us to compress a sparse representation into a denser vector, autoencoders
are also widely used to process a signal in order to lter out noise and extract only a

relevant (characteristic) signal. is can be very useful in many applications, especially

when identifying anomalies and outliers.

Denoising autoencoders are a small variation of what has been implemented. As described
in the previous section, basic autoencoders are trained using the same image as input and
output. Denoising autoencoders corrupt the input using some noise of various intensity,
while keeping the same noise-free target. is could be achieved by simply adding some
Gaussian noise to the inputs:

noise_factor = 0.1

X_train_noisy = x_train + noise_factor * np.random.
normal(loc=0.0, scale=1.0, size=x_train.shape)

X_test_noisy = x_test + noise_factor * np.random.
normal(loc=0.0, scale=1.0, size=x_test.shape)

X_train_noisy = np.clip(x_train_noisy, 0., 1.)
X_test_noisy = np.clip(x_test_noisy, 0., 1.)

e network can then be trained using the corrupted input, while for the output the noise-
free image is used:

noisy_autoencoder.fit(x_train_noisy, x_train,
epochs=50,
batch_size=128,
shuffle=True,
validation_data=(x_test_noisy, x_test))
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Such an approach is generally valid when datasets are large and when the risk of
over tting the noise is rather limited. When datasets are smaller, an alternative to
avoid the network "learning" the noise as well (thus learning the mapping between a
static noisy image to its noise-free version) is to add training stochastic noise using a
GaussianNoise layer.

Note that in this way, the noise may change between epochs and prevent the network from
learning a static corruption superimposed to our training set. In order to do so, we change
the rst layers of our network in the following way:

input_img = Input(shape=(28, 28, 1))

noisy_input = GaussianNoise(0.1)(input_img)

x = Conv2D(16, (3, 3), activation="relu’, padding='same’)
(noisy_input)

e di erence is that instead of having statically corrupted samples (that do not change
in time), the noisy inputs now keep changing between epochs, thus avoiding the network
learning the noise as well.

e GaussianNoise layer is an example of a regularization layer, that is, a layer that
helps reduce over tting of a neural network by inserting a random part in the network.
GaussianNoise layers make models more robust and able to generalize better, avoiding
autoencoders learning the identity function.

Another common example of a regularization layer is the dropout layers that e ectively
set to 0 some of the inputs (at random with a probal#liflyand rescale the other inputs

1
by a A Fpy factor in order to (statistically) keep the sum over all the units constant,
with andwithout dropout.

Dropout corresponds to randomly killing some of the connections between layers in
order to reduce output dependence to speci ¢ neurons. You need to keep in mind that
regularization layers are only active at training, while at test time they simply correspond
to identity layers.
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In Figure 3.19we compare the network reconstruction of a noisy input (input) for the
previous unregularized trained network and the network wiaassianNoise

layer. As can be seen (compare, for instance, the images of trousers), the model with
regularization tends to develop stronger robustness and reconstructs the noise-free

outputs:
Figure 3.19 — Comparison with reconstruction for noisy samples. Top row: noisy input; middle row:

reconstructed output using a vanilla autoencoder; bottom row: reconstructed asipg a denoising

autoencoder

Regularization layers are o en used when dealing with deep neural networks that tend
to over t and are able to learn identity functions for autoencoders. O en, dropout

or GaussianNoise layers are introduced, repeating a similar pattern composed of
regularization and learnable layers that we usually referstaceed denoising layers

Graph autoencoders

Once the basic concepts of autoencoders are understood, we can now turn to apply this
framework to graph structures. If on one hand the network structure, decomposed into
an encoder-decoder structure with a low-dimensional representation in between, still
applies, the de nition of the loss function to be optimized needs a bit of caution when
dealing with networks. First, we need to adapt the reconstruction error to a meaningful
formulation that can adapt to the peculiarities of graph structures. But to do so, let's rst
introduce the concepts of rst- and higher-order proximity.
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When applying autoencoders to graph structures, the input and output of the

network should be a graph representation, as, for instance, the adjacency matrix. e
reconstruction loss could then be de ned as the Frobenius norm of the di erence between
the input and output matrices. However, when applying autoencoders to such graph
structures and adjacency matrices, two critical issues arise:

» Whereas the presence of links indicates a relation or similarity between two vertices,
their absence does not generally indicate a dissimilarity between vertices.

» e adjacency matrix is extremely sparse and therefore the model will naturally
tend to predict a O rather than a positive value.

To address such peculiarities of graph structures, when de ning the reconstruction loss,
we need to penalize more errors done for the non-zero elements rather than that for zero
elements. is can be done using the following loss function:

n
8= A (MAFX) Vb !
i=1

Here, V is the Hadamard element-wise product, whgje= g > 1 if there is an edge
between nodesand/, and O otherwise. e preceding loss guarantees that vertices that
share a neighborhood (that is, their adjacency vectors are similar) will also be close in the
embedding space. us, the preceding formulation will naturally preserve second-order
proximity for the reconstructed graph.

On the other hand, you can also promote rst-order proximity in the reconstructed graph,
thus enforcing connected nodes to be close in the embedding space. is condition can be
enforced by using the following loss:

n
~ 2
&p= A sily; Fy !2
ij=1
Here,Yi andY; are the two representation of nodeandj in the embedding space. is

loss function forces neighboring nodes to be close in the embedding space. In fact, if two
nodes are tightly connectetdj will be large. As a consequence, their di erence in the

embedding spacdy; Fy; !; should be limited (indicating the two nodes are close in the
embedding space) to keep the loss function small. e two losses can also be combined
into a single loss function, where, in order to prevent over tting, a regularization loss can
be added that is proportional to the norm of the weight coe cients:

Bypr= Bt a OtV ®,E= Byt a Ot v AW 2
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In the preceding equatiolly represents all the weights used across the network. e
preceding formulation was proposed in 2016 by Wang et al., and it is now known as
Structural Deep Network EmbeddingSDNE).

Although the preceding loss could also be directly implemented with TensorFlow and
Keras, you can already nd this network integrated in the GEM package we referred to
previously. As before, extracting the node embedding can be done similarly in a few lines
of code, as follows:

G=nx.karate_club_graph()

sdne=SDNE(d=2, beta=5, alpha=1e-5, nul=1e-6, nu2=1e-6,
K=3,n_units=[50, 15,], rh0=0.3, n_iter=10,
xeta=0.01,n_batch=100,
modelfile=['enc_model.json’,'dec_model.jsonT,
weightfile=['enc_weights.hdf5','"dec_weights.hdf5')

sdne.learn_embedding(G)

embeddings = m1.get_embedding()

Although very powerful, these graph autoencoders encounter some issues when
dealing with large graphs. For these cases, the input of our autoencoder is one row of
the adjacency matrix that has as many elements as the nodes in the network. In large
networks, this size can easily be of the order of millions or tens of millions.

In the next section, we describe a di erent strategy for encoding the network information
that in some cases may iteratively aggregate embeddings only over local neighborhoods,
making it scalable to large graphs.

Graph neural networks

GNNs are deep learning methods that work on graph-structured data. is family of
methods is also knowasgeometric deep learnin@nd is gaining increasing interest in a
variety of applications, including social network analysis and computer graphics.

According to the taxonomy de ned i@hapter 2Graph Machine Learninghe encoder
part takes as input both the graph structure and the node features. ose algorithms
can be trained either with or without supervision. In this chapter, we will focus on
unsupervised training, while the supervised setting will be explo@apter 4
Supervised Graph Learning
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If you are familiar with the concept ofCanvolutional Neural Network(CNN), you

might already know that they are able to achieve impressive results when dealing with
regular Euclidean spaces, such as text (one-dimensional), images (two-dimensional), and
videos (three-dimensional). A classic CNN consists of a sequence of layers and each layer
extracts multi-scale localized spatial features. ose features are exploited by deeper layers
to construct more complex and highly expressive representations.

In recent years, it has been observed that concepts such as multi-layer and locality
are also useful for processing graph-structured data. However, graphs are de ned
over anon-Euclidean spacand nding a generalization of a CNN for graphs is not
straightforward, as describedhigure 3.20
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Figure 3.20 — Visual di erence between Euclidean and non-Euclidean neighborhoods

e original formulation of GNN was proposed by Scarselli et al. back in 2009. It relies on
the fact that each node can be described by its features and its neighborhood. Information
coming from the neighborhood (which represents the concept of locality in the graph
domain) can be aggregated and used to compute more complex and high-level features.
Let's understand in more detail how it can be done.

At the beginning, each nodg;, is associated with a state. Let's start with a random

embedding,Dd (ignoring node attributes for simplicity). At each iteration of the algorithm,
nodes accumulate input from their neighbors using a simple neural network layer:

D= A a(WI?F1+ b)
‘UjEN(‘Ui)

Here,w B 9%*dandb D 9 are trainable parameters (wheres the dimension of the
embedding)g is a non-linear function, andrepresents thih iteration of the algorithm.

e equation is applied recursively until a particular objective is reached. Notate dl
eachiteration, theprevious statéhe state computed at the previous iteration) is exploited
in order to compute that the new state has happenedregtirrent neural networks
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Variants of GNNs

Starting from this rst idea, several attempts have been made in recent years to re-address
the problem of learning from graph data. In particular, variants of the previously

described GNN have been proposed, with the aim of improving its representation

learning capability. Some of them are speci cally designed to process speci ¢ types of
graphs (direct, indirect, weighted, unweighted, static, dynamic, and so on).

Also, several modi cations have been proposed for the propagation step (convolution,
gate mechanisms, attention mechanisms, and skip connections, among others), with the
aim of improving representation at di erent levels. Also, di erent training methods have
been proposed to improve learning.

When dealing with unsupervised representation learning, one of the most common
approaches is to use an encoder to embed the graph (the encoder is formulated as one of
the GNN variants) and then use a simple decoder to reconstruct the adjacency matrix.

e loss function is usually formulated as the similarity between the original adjacency
matrix and the reconstructed one. Formally, it can be de ned as follows:

Z = GNN(X,A)
A= 777

Here,A B 9V*N is the adjacency matrix representation ahdd 9V*¢ is the matrix of

node attributes. Another common variant of this approach, especially used when dealing
with graph classi cation/representation learning, is to train agaiteftget distancee

idea is to embed two pairs of graphs simultaneously obtaining a combined representation.
e model is then trained such that this representation matches the distance. A similar
strategy can be also adopted when dealing with node classi cation/represédptatiimg

by using a node similarity function.

Graph Convolutional Neural Network(GCN)-based encoders are one of the most

di used variants of GNN for unsupervised learning. GCNs are GNN models inspired
by many of the basic ideas behind CNN. Filter parameters are typically shared over all
locations in the graph and several layers are concatenated to form a deep network.

ere are essentially two types of convolutional operations for grapladaamelspectral
approachesandnon-spectral(spatial) approaches. e rst, as the name suggests,

de nes convolution in the spectral domain (that is, decomposing graphs in a combination
of simpler elements). Spatial convolution formulates the convolution as aggregating
feature information from neighbors.



Graph neural networks 107

Spectral graph convolution

Spectrabpproaches are related to spectral graph theory, the study of the characteristics
of a graph in relation to the characteristic polynomial, eigenvalues, and eigenvectors

of the matrices associated with the graph. e convolution operation is de ned as the
multiplication of a signal (node features) by a kernel. In more detail, it is de ned in the
Fourier domain by determining treigendecomposition of the graph Lapla¢iank

about the graph Laplacian as an adjacency matrix normalized in a special way).

While this de nition of spectral convolution has a strong mathematical foundation, the
operation is computationally expensive. For this reason, several works have been done to
approximate it in an e cient way. ChebNet by De errard et al., for instance, is one of the
rst seminal works on spectral graph convolution. Here, the operation is approximated by
using the concept of the Chebyshev polynomial of dfd@r special kind of polynomial

used to e ciently approximate functions).

Here,K is a very useful parameter because it determines the locality of the Iter.
Intuitively, for K=1, only the node features are fed into the network. WAtB, we average
over two-hop neighbors (neighbors of neighbors) and so on.

LetX D 9V*? pe the matrix of node features. In classical neural network processing, this
signal would be composed of layers of the following form:

H'= o(XW)

Here,W B 9¥*N s the layer weights amdrepresents some non-linear activation

function. e drawback of this operation is that it processes each node signal
independently without taking into account connections between nodes. To overcome this
limitation, a simple (yet e ective) modi cation can be done, as follows:

H' = o(AXW)

By introducing the adjacency matrig, B 9¥*N, a new linear combination between
each node and its corresponding neighbors is added. is way, the information depends
only on the neighborhood and parameters are applied on all the nodes, simultaneously.

It is worth noting that this operation can be repeated in sequence several times, thus
creating a deep network. At each layer, the node descrigtord] be replaced with the
output of the previous layei ' .

e preceding presented equation, however, has some limitations and céenapplied as

it stands. e rst limitation is that by multiplying byA, we consider all the neighbors of

the node but not the node itself. is problem can be easily overcome by adding self-loops
in the graph, that is, adding te= A + I identity matrix.
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e second limitation is related to the adjacency matrix itself. Since it is typically not
normalized, we will observe large values in the feature representation of high-degree
nodes and small values in the feature representation of low-degree nodes. is will lead
to several problems during training since optimization algorithms are o en sensitive to
feature scale. Several methods have been proposed for nornmfalizing

In Kipf and Welling, 2017 (one of the well-known GCN models), for example, the
normalization is performed by multiplying by thediagonal node degree mattixsuch
that all the rows sum to I:™ A. More speci cally, they used symmetric normalization
(D P2 ADp F12)) | such that the proposed propagation rule becomes as follows:

BanF

H'= o(D2AD 2XW)

Here, D is the diagonal node degree matrixAf

In the following example, we will create a GCN as de ned in Kipf and Welling and we will
apply this propagation rule for embedding a well-known network: a Zachary's karate club
graph:

1. To begin, itis necessary to import all the Python modules. We wilktngarkx
to load thebarbell graph

import networkx as nx
import numpy as np
G = nx.barbell_graph(m1=10,m2=4)

2. To implement the GC propagation rule, we need an adjacency matrix representing
G Since this network does not have node features, we will usephgV*V
identity matrix as the node descriptor:

A = nx.to_numpy_matrix(G)
| = np.eye(G.number_of_nodes())

3. We now add the self-loop and prepare the diagonal node degree matrix:

from scipy.linalg import sqrtm

A hat=A +|

D_hat = np.array(np.sum(A_hat, axis=0))[0]
D_hat = np.array(np.diag(D_hat))

D_hat = np.linalg.inv(sgrtm(D_hat))

A norm=D hat @ A hat @ D _hat
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4. Our GCN will be composed of two layers. Let's de ne the layers' weights and
the propagation rule. Layer weightg, will be initialized usinglorot uniform
initialization (even if other initialization methods can be also used, for example, by
sampling from a Gaussian or uniform distribution):

def glorot_init(nin, nout):
sd = np.sqrt(6.0 / (nin + nout))
return np.random.uniform(-sd, sd, size=(nin, nout))
class GCNLayer():
def __init_ (self, n_inputs, n_outputs):
self.n_inputs = n_inputs
self.n_outputs = n_outputs
self.W = glorot_init(self.n_outputs, self.n_inputs)
self.activation = np.tanh
def forward(self, A, X):
self_X=(A @ X).T
H = self. W @ self._X
H = self.activation(H)
return H.T # (n_outputs, N)

5. Finally, let's create our network and compute the forward pass, that is, propagate the
signal through the network:

gcnl = GCNLayer(G.number_of nodes(), 8)
gcn2 = GCNLayer(8, 4)

gcn3 = GCNLayer(4, 2)

H1 = gcnl.forward(A_norm, I)

H2 = gcn2.forward(A_norm, H1)

H3 = gcn3.forward(A_norm, H2)
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H3 now contains the embedding computed using the GCN propagation rule. Notice that
we chose as the number of outputs, meaning that the embedding is bi-dimensional and
can be easily visualized.Rigure 3.21you can see the output:
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Figure 3.21 — Application of the graph convolutional layer to a graph (le ) to generate the embedding
vector of its nodes (right)

You can observe the presence of two quite well-separated communities. is is a nice
result, considering that we have not trained the network yet!

Spectral graph convolution methods have achieved noteworthy results in many domains.
However, they present some drawbacks. Consider, for example, a very big graph with
billions of nodes: a spectral approach requires the graph to be processed simultaneously,
which can be impractical from a computational point of view.

Furthermore, spectral convolution o0 en assumes a xed graph, leading to poor
generalization capabilities on new, di erent graphs. To overcome these issues, spatial
graph convolution represents an interesting alternative.

Spatial graph convolution

Spatial grapltonvolutionalnetworks perform the operations directly on the graph by
aggregating information from spatially close neighbors. Spatial convolution hgis ma
advantages: weights can be easily shared across a di erent location of the graph, leading
to a good generalization capability on di erent graphs. Furthermore, the computation can
be done by considering subsets of nodes instead of the entire graph, potentially improving
computational e ciency.
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GraphSAGE is one of the algorithms that implement spatial convolution. One of the
main characteristics is its ability to scale over various types of networks. We can think of
GraphSAGE as composed of three steps:

1. Neighborhood sampling For each node in a graph, the rst step isto nd its
k-neighborhood, wherk is de ned by the user for determining how many hops to
consider (neighbors of neighbors).

2. Aggregation e second step is to aggregate, for each node, the node features
describing the respective neighborhood. Various types of aggregation can be
performed, including average, pooling (for example, taking the best feature
according to certain criteria), or an even more complicated operation, such as using
recurrent units (such as LSTM).

3. Prediction: Each node is equipped with a simple neural network that learns how to
perform predictions based on the aggregated features from the neighbors.

GraphSAGE is o en used in supervised settings, as we will €bajter 4Supervised
Graph LearningHowever, by adopting strategies such as using a similarity function as
the target distance, it can also be e ective for learning embedding without explicitly
supervising the task.

Graph convolution in practice

In practice, GNNs have been implemented in many machine learning and deep learning
frameworks, including TensorFlow, Keras, and PyTorch. For the next example, we will be
using StellarGraph, the Python library for machine learning on graphs.

In the following example, we will learn about embedding vectors in an unsupervised
manner, without a target variable. e method is inspired by Bai et al. 2019 and is based
on the simultaneous embedding of pairs of graphs. is embedding should match a
ground-truth distance between graphs:

1. First, let's load the required Python modules:

import numpy as np

import stellargraph as sg

from stellargraph.mapper import FullBatchNodeGenerator
from stellargraph.layer import GCN

import tensorflow as tf

from tensorflow.keras import layers, optimizers, losses,
metrics, Model
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2. We will be using theROTEINSdataset for this example, which is available in
StellarGraph and consists of 1,114 graphs with 39 nodes and 73 edges on average
for each graph. Each node is described by four attributes and belongs to one of two
classes:

dataset = sg.datasets.PROTEINS()
graphs, graph_labels = dataset.load()

3. e next step is to create the model. It will be composed of two GC layers with 64
and 32 output dimensions followed by ReLU activation, respectively. e output will
be computed as the Euclidean distance of the two embeddings:

generator = sg.mapper.PaddedGraphGenerator(graphs)

# define a GCN model containing 2 layers of size 64 and
32, respectively.

# RelLU activation function is used to add non-linearity
between layers

gc_model = sg.layer. GCNSupervisedGraphClassification(

[64, 32], ["relu”, "relu"], generator, pool_all
layers=True)

# retrieve the input and the output tensor of the GC
layer such that they can be connected to the next layer

inpl, outl = gc_model.in_out_tensors()
inp2, out2 = gc_model.in_out_tensors()
vec_distance = tf.norm(outl - out2, axis=1)

# create the model. It is also useful to create a
specular model in order to easily retrieve the embeddings

pair_model = Model(inpl + inp2, vec_distance)
embedding_model = Model(inp1, outl)

4. ltis now time to prepare the dataset for training. To each pair of input graphs, we
will assign a similarity score. Notice that any notion of graph similarity can be used
in this case, including graph edit distances. For simplicity, we will be using the
distance between the spectrum of the Laplacian of the graphs:

def graph_distance(graphl, graph?2):
specl = nx.laplacian_spectrum(graphl.to_
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networkx(feature_attr=None))

spec2 = nx.laplacian_spectrum(graph2.to_
networkx(feature_attr=None))

k = min(len(specl), len(spec2))
return np.linalg.norm(specl[:k] - spec2[:k])

graph_idx = np.random.RandomState(0).randint(len(graphs),
size=(100, 2))

targets = [graph_distance(graphs[left], graphs[right])

for left, right in graph_idx]

train_gen = generator.flow(graph_idx, batch_size=10,
targets=targets)

5. Finally, let's compile and train the model. We will be using an adaptive moment
estimation optimizer (Adam) with the learning rate parameter s¢¢® . e
loss function we will be using is de ned as the minimum squared error between the
prediction and the ground-truth distance computed as previously. e model will
be trained for 500 epochs:

pair_model.compile(optimizers.Adam(1e-2), loss="mse")
pair_model.fit(train_gen, epochs=500, verbose=0)

6. A ertraining, we are now ready to inspect and visualize the learned representation.
Since the output is 32-dimensional, we need a way to qualitatively evaluate the
embeddings, for example, by plotting them in a bi-dimensional space. We will use
T-SNE for this purpose:

# retrieve the embeddings

embeddings = embedding_model.predict(generator.
flow(graphs))

# TSNE is used for dimensionality reduction
from sklearn.manifold import TSNE

tsne = TSNE(2)

two_d = tsne.fit_transform(embeddings)
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Let's plot the embeddings. In the plot, each point (embedded graph) is colored according
to thecorresponding label (blue=0, red=1). e results are visibl&igure 3.22
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Figure 3.22 — e PROTEINS dataset embedding using GCNs

is is just one of the possible methods for learning embeddings for graphs. More
advanced solutions can be experimented with to better t the problem of interest.

6 XPPDU\D

In this chapter, we have learned how unsupervised machine learning can be e ectively
applied to graphs to solve real problems, such as node and graph representation learning.

In particular, we rst analyzed shallow embedding methods, a set of algorithms that are
able to learn and return only the embedding values for the learned input data.

We then learned how autoencoder algorithms can be used to encode the input by
preserving important information in a lower-dimensional space. We have also seen
how this idea can be adapted to graphs, by learning about embeddings that allow us to
reconstruct the pair-wise node/graph similarity.

Finally, we introduced the main concepts behind GNNs. We have seen how well-known
concepts, such as convolution, can be applied to graphs.

In the next chapter, we will revise these concepts in a supervised setting. ere, a target
label is provided and the objective is to learn a mapping between the input and the output.
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Supervised
Graph Learning

Supervised learnindSL) most probably represents the majority of practisathine
learning (ML) tasks. anks to more and more active and e ective data collection
activities, it is very common nowadays to deal with labeled datasets.

is is also true for graph data, where labels can be assigned to nodes, communities, or
even to an entire structure. e task, then, is to learn a mapping function between the
input and the label (also known as a target or an annotation).

For example, given a graph representing a social network, we might be asked to guess
which user (node) will close their account. We can learn this predictive function by
training graph ML orretrospective datawhere each user is labeled as "faithful” or
"quitter" based on whether they closed their account a er a few months.

In this chapter, we will explore the concept of SL and how it can be applied on graphs.
erefore, we will also be providing an overview of the main supervised graph embedding
methods. e following topics will be covered:

e e supervised graph embedding roadmap
» Feature-based methods

e Shallow embedding methods
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e Graph regularization methods

» Graphconvolutional neural networks(CNNSs)

Technical requirements

We will be usinglupyteMotebooks witlPython3.8 for all of our exercises. In the
following code block, you can see a list of the Python libraries that will be installed for
this chapter usingip (for example, rumpip install networkx==2.5 on the
command line):

Jupyter==1.0.0
networkx==2.5
matplotlib==3.2.2
node2vec==0.3.3
karateclub==1.0.19
scikit-learn==0.24.0
pandas==1.1.3
numpy==1.19.2
tensorflow==2.4.1
neural-structured-learning==1.3.1
stellargraph==1.2.1

In the rest of this book, if not clearly stated, we will refextas the result of thenport
networkx as nx Python command.

All code les relevant to this chapter are availablgtps://github.com/
PacktPublishing/Graph-Machine-Learning/tree/main/Chapter04

KH VXSHUYLVHG JUDSK HPEHGGLQJ |

In SL, a training set consists of a sequence of orderedxpgksiherex is a set of input
features (o0 en signals de ned on graphs) anid the output label assigned to it. e goal

of the ML models, then, is to learn the function mapping &aciue to each value.

Common supervised tasks include predicting user properties in a large social network or
predicting molecules' attributes, where each molecule is a graph.
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Sometimes, however, not all instances can be provided with a label. In this scenario, a
typical dataset consists of a small set of labeled instances and a larger set of unlabeled
instances. For such situatiosemi-SL(SSL) is proposed, whereby algorithms aim to
exploit label dependency information re ected by available label information in order to
learn the predicting function for the unlabeled samples.

With regard to supervised graph ML techniques, many algorithms have been developed.
However as previously reported by di erent scienti ¢ papéatpé://arxiv.org/

abs/2005.03675 ), they can be grouped into macro-groups sudeatsire-based

methods shallow embedding methodsegularization methods andgraph neural

networks (GNNs), as graphically depicted in the following diagram:

supervised ML

feature-based shallow embedding regularization graph neural networks
9 n manifold and neural graph 9
label propagation label spreading semi-ebedding learning spectral spatial
GCN GraphSAGE

Figure 4.1 — Hierarchical structure of the di erent supervised embedding algorithms described in this
book

In the following sections, you will learn the main principles behind each group of
algorithms. We will try to provide insight into the most well-known algorithms in the
eld as well, as these can be used to solve real-world problems.

JHDWXUH EDVHG PHWKRGVD

One very simple (yet powerful) method for applying ML on graphs is to consider the
encoding function as a simple embedding lookup. When dealing with supervised tasks,
one simple way of doing this is to exploit graph propertie€hlapter 1Getting Started

with Graphswe have learned how graphs (or nodes in a graph) can be described by means
of structural properties, each "encoding" important information from the graph itself.
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Let's forget graph ML for a moment: in classical supervised ML, the task isto nd a
function that maps a set of (descriptive) features of an instance to a particular output.
Such features should be carefully engineered so that they are su ciently representative to
learn that concept. erefore, as the number of petals and the sepal length might be good
descriptors for a ower, when describing a graph we might rely on its average degree, its
global e ciency, and its characteristic path length.

is shallow approach acts in two steps, outlined as follows:

1. Select a set@boddescriptive graph properties.
2. Use such properties as input for a traditional ML algorithm.

Unfortunately, there is no general de nition @boddescriptive properties, and

their choice strictly depends on the speci ¢ problem to solve. However, you can still
compute a wide variety of graph properties and then perfeature selecticio

select the most informative on€®ature selections a widely studied topic in ML,

but providing details about the various methods is outside the scope of this book.
However, we refer you to the bollachine Learning Algorithms — Second Edition
(https://subscription.packtpub.com/book/big_data_and_business_
intelligence/9781789347999 ), published by Packt Publishing, for further reading
on this subject.

Let's now see a practical example of how such a basic method can be applied. We will
be performing a supervised graph classi cation task by ushROTEINSdataset. e
PROTEINSdataset contains several graphs representing protein structures. Each graph is
labeled, de ning whether the protein is an enzyme or not. We will follow these next steps:

1. First, let's load the dataset throughdteiargraph Python library, as follows:

from stellargraph import datasets

from IPython.display import display, HTML
dataset = datasets.PROTEINS()

graphs, graph_labels = dataset.load()
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2. For computing graph properties, we will be usieigvorkx , as described in
Chapter 1Getting Started with GraphBo that end, we need to convert graphs from
the stellargraph format to thenetworkx format. is can be done in two
steps: rst, convert the graphs from ttellargraph representation taumpy
adjacency matrices. en, use the adjacency matrices to retrieveeti@rkx
representation. In addition, we also transform the labels (which are stored as a
pandas Series) to aumpy array, which can be better exploited by the evaluation
functions, as we will see in the next steps. e code is illustrated in the following
snippet:

# convert from StellarGraph format to numpy adj matrices
adjs = [graph.to_adjacency_matrix().A for graph in
graphs]

# convert labels from Pandas.Series to numpy array
labels = graph_labels.to_numpy(dtype=int)

3. en, for each graph, we compute global metrics to describe it. For this example,
we have chosen the number of edges, the average cluster coe cient, and the global
e ciency. However, we suggest you compute several other properties you may nd
worth exploring. We can extract the graph metrics usetgorkx , as follows:

import numpy as np
import networkx as nx
metrics =[]
for adj in adjs:
G = nx.from_numpy_matrix(adj)
# basic properties
num_edges = G.number_of edges()
# clustering measures
cc = nx.average_clustering(G)
# measure of efficiency
eff = nx.global_efficiency(G)
metrics.append([num_edges, cc, eff])
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4. We can now explaitikit-learn utilities to create train and test sets. In
our experiments, we will be using 70% of the dataset as the training set and the
remainder as the test set. We can do that by usingaihetest_split
function provided byscikit-learn , as follows:

from sklearn.model_selection import train_test_split

X_train, X _test, y train, y_test = train_test
split(metrics, labels, test_size=0.3, random_state=42)

5. It's now time for training a proper ML algorithm. We chosagport vector
machine (SVM) for this task. More precisely, the SVM is trained to minimize the
di erence between the predicted labels and the actual labels (the ground truth). We
can do this by using tr&vCmodule ofscikit-learn , as follows:

from sklearn import svm

from sklearn.metrics import accuracy_score, precision_
score, recall_score, f1_score

clf = svm.SVC()

clf.fit(X_train, y_train)

y_pred = clf.predict(X_test)

print('Accuracy', accuracy_score(y_test,y pred))
print('Precision’, precision_score(y_test,y pred))
print('Recall’, recall_score(y_test,y pred))
print(F1-score’, f1_score(y_test,y_pred))

is should be the output of the previous snippet of code:

Accuracy 0.7455
Precision 0.7709
Recall 0.8413

F1-score 0.8045



Shallow embedding methods 121

We usedAccuracy , Precision ,Recall , andFl-score to evaluate how well the
algorithm is performing on the test set. We achieved about 80% for the F1 score, which is
already quite good for such a naive task.

6KDOORZ HPEHGGLQJ PHWKRGVD

As we already described@apter 3Unsupervised Graph Learnjrsfpallow embedding
methods are a subset of graph embedding methods that learn node, edge, or graph
representation for only a nite set of input data. ey cannot be applied to other instances
di erent from the ones used to train the model. Before starting our discussion, it is
important to de ne how supervised and unsupervised shallow embedding algorithms
dier.

e main di erence between unsupervised and supervised embedding methods
essentially lies in the task they attempt to solve. Indeed, if unsupervised shallow
embedding algorithms try to learn a good graph, node, or edge representation in order
to build well-de ned clusters, the supervised algorithms try to nd the best solution for a
prediction task such as node, label, or graph classi cation.

In this section, we will explain in detail some of those supervised shallow embedding
algorithms. Moreover, we will enrich our description by providing several examples of
how to use those algorithms in Python. For all the algorithms described in this section,
we will present a custom implementation using the base classes availab$eikitthe

learn library.

Label propagation algorithm

e label propagation algorithm is a well-known semi-supervised algorithm widely

applied in data science and used to solve the node classi cation task. More precisely, the
algorithm propagatethe label of a given node to its neighbors or to hodes having a high
probability of being reached from that node.
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e general idea behind this approach is quite simple: given a graph with a set of labeled
and unlabeled nodes, the labeled nodes propagate their label to the nodes having the
highest probability of being reached. In the following diagram, we can see an example of a

graph having labeled and unlabeled nodes:

Figure 4.2 — Example of a graph with two labeled nodes (class 0 in red and class 1 in green) and six
unlabeled nodes

According toFigure 4.2using the information of the labeled nodes (n@@ad6), the
algorithm will calculate the probability of moving to another unlabeled node. e nodes
having the highest probability from a labeled node will get the label of that node.

Formally, letz = (V,E) be a graph and |&={yi, ... y,} be a set of labels. Since the
algorithm is semi-supervised, just a subset of nodes will have an assigned label. Moreover,

let A B ¥V be the adjacency matrix of the input graph G Aan® &'l be the
diagonal degree matrix where each elemigntbD is de ned as follows:
di = { Oifi Mj
U Ydeg(vy) if i = j
In other words, the only nonzero elements of the degree matrix are the diagonal elements

whose values are given by the degree of the node represented by the row. In the following
gure, we can see the diagonal degree matrix of the graph represefigdran4.2
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Figure 4.3 — Diagonal degree matrix for the graph in Figure 4.2

FromFigure 4.3it is possible to see how only the diagonal elements of the matrix contain
nonzero values, and those values represent the degree of the speci ¢c hode. We also need
to introduce the transition matrix = p ™ A. is matrix de nes the probability of a node

being reached from another node. More precisel~ is the probability of reaching

nodev; from nodev;. e following gure shows the transition matrix. for the graph

depicted inFigure 4.2

0 05 05 0 0 0 0 0]

05 0 05 0 0 0 0 0

033 033 0 033 0 0 0 0
L_|0 0 05 0 05 0 0 0
0O 0 0 05 0 05 0 0

0O 0 0 0 033 0 033 033

0O 0 0 0 0 05 0 05

L0 0 0 0 0 05 05 0|

Figure 4.4 — Transition matrix for the graph in Figure 4.2

In Figure 4.4the matrix shows the probability of reaching an end node given a start node.
For instance, from the rst row of the matrix, we can see how from node 0 it is possible to
reach, with equal probability of 0.5, only nodes 1 and 2. If we de ned Witte initial

label assignment, the probability of label assignment for each node obtained using the
matrix can be computed & = LY?. e Y matrix computed for the graph Figure 4.2

is shown in the following gure:

0 05 05 0 0 0 0 0 1 0 [ 0 0
05 0 05 0 0 0 0 0 00 05 0
033 033 0 033 0 0 0 0 00 033 0
yi_ |0 0 05 0 05 0 0 0| _|00f_|oO 0
0 0 0 05 0 05 0 0 00 0 0
0 0 0 0 033 0 033 033 00 0 033
0 0 0 0 0 05 0 05 0 1 0 0
K 0 0 0 0 05 05 0] [00f [0 05]

Figure 4.5 — Solution obtained using the matrix for the graph in Figure 4.2
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From Figure 4.5we can see that using the transition matrix, node 1 and node 2 have a
probability of being assigned to the 0] label of 0.5 and 0.33 respectively, while node

5 and node 6 have a probability of being assigned to thklabel of 0.33 and 0.5,
respectively.

Moreover, if we better analyEgure 4.5we can see two main problems, as follows:

« With this solution, it is possible to assign only to nodes [1 2] and [5 7] a probability
associated with a label.

« e initial labels of nodes 0 and 6 are di erent from the one de nedyif.

In order to solve the rst point, the algorithm will performdi erent iterations; at each
iterationt, the algorithm will compute the solution for that iteration, as follows:

Yt — Lyt FL
e algorithm stops its iteration when a certain condition is met. e second problem is
solved by the label propagation algorithm by imposing, in the solution of a given iteration
t, the labeled nodes to have the initial class values. For example, a er computing the result
visible inFigure 4.5the algorithm will force the rst line of the result matrix to[be 0]
and the seventh line of the matrix to[be 1].

Here, we propose a modi ed version of ttebelPropagation class available in the
scikit-learn library. e main reason behind this choice is given by the fact that the
LabelPropagation class takes as input a matrix representing a dataset. Each row of
the matrix represents a sample, and each column represents a feature.

Before performing &éit operation, the.abelPropagation class internally executes
the_build_graph  function. is function will build, using a parametric kernel

(k-nearest neighbordkNN) and radial basis functions are available for use inside the
_get_kernel  function), a graph describing the input dataset. As a result, the original
dataset is transformed into a graph (in its adjacency matrix representation) where each
node is a sample (a row of the input dataset) and each edgeteractionbetween the
samples.
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In our speci c case, the input dataset is already a graph, so we need to de ne a new
class capable of dealing witheaworkx graph and performing the computation
operation on the original graph. e goal is achieved by creating a new class—
namely,GraphLabelPropagation b y extending the&lassifierMixin ,
BaseEstimator , andABCMeta base classes. e algorithm proposed here is mainly
used in order to help you understand the concept behind the algorithm. e whole
algorithm is provided in the4_supervised_graph_machine_learning/02_
Shallow_embeddings.ipynb notebook available in the GitHub repository of this
book. In order to describe the algorithm, we will use onlyitpxey) function as a
reference. e code is illustrated in the following snippet:

class GraphLabelPropagation(ClassifierMixin, BaseEstimator,
metaclass=ABCMeta):

def fit(self, X, y):
X,y = self._validate _data(X, y)
self.X_=X
check_classification_targets(y)
D = [X.degree(n) for n in X.nodes()]
D = np.diag(D)

# label construction

# construct a categorical distribution for
classification only

unlabeled_index = np.where(y==-1)[0]
labeled_index = np.where(y!=-1)[0]
unique_classes = np.unique(y[labeled_index])

self.classes_ = unique_classes

YO = np.array([self.build_label(y[x], len(unique_
classes)) if x in labeled_index else np.zeros(len(unique__
classes)) for x in range(len(y))])

A = inv(D)*nx.to_numpy_matrix(G)
Y_prev=YO0

it=0

c_tool =10
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while it < self.max_iter & c_tool > self.tol:
Y = A*Y_prev
#force labeled nodes
Y[labeled_index] = YO[labeled_index]

it +=1
c_tol = np.sum(np.abs(Y-Y_prev))
Y _prev=Y

self.label_distributions_ =Y
return self

e fit(X)y) function takes as inputreetworkx graphX and anarrayy representing

the labels assigned to each node. Nodes without labels should have a representative
value of -1. e while loop performs the real computation. More precisely, it computes
theY* value at each iteration and forces the labeled nodes in the solution to be equal to
their original input value. e algorithm performs the computation until the two stop
conditions are satis ed. In this implementation, the following two criteria have been used:

* Number of iterations e algorithm runs the computation until a given number of
iterations has been performed.

e Solution tolerance error e algorithm runs the computation until the absolute
di erence of the solution obtained in two consecutive iteratigii§t andy?, is
lower than a given threshold value.

e algorithm can be applied to the example graph depictedFigure 4.2ising the
following code:

glp = GraphLabelPropagation()

y = np.array([-1 for x in range(len(G.nodes()))])
y[0]=0

yl6] =1

glp.fit(G,y)

glp.predict_proba(G)

e result obtained by the algorithm is shown in the following diagram:
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Figure 4.6 — Result of the label propagation algorithm on the graph of Figure 4.2: on the le , the nal
labeled graph; on the right, the nal probability assignment matrix

In Figure 4.6we can see the results of the algorithm applied to the example shown in
Figure 4.2From the nal probability assignment matrix, it is possible to see how the
probability of the initial labeled nodes is 1 due to the constraints of the algorithm and how
nodes that are "near" to labeled nodes get their label.

Label spreading algorithm

e label spreading algorithm is another semi-supervised shallow embedding algorithm.
It was built in order to overcome one big limitation of the label propagation method:
theinitial labeling. Indeed, according to the label propagation algorithm, the initial
labels cannot be modi ed in the training process and, in each iteration, they are forced
to be equal to their original value. is constraint could generate incorrect results when
the initial labeling is a ected by errors or noise. As a consequence, the error will be
propagated in all nodes of the input graph.

In order to solve this limitation, the label spreading algorithm tries to relax the constraint
of the original labeled data, allowing the labeled input nodes to change their label during
the training process.

Formally, letz = (V,E) be a graph and lét={y,, ... y,} be a set of labels (since the
algorithm is semi-supervised, just a subset of nodes will have an assigned label), and let
A D 9"V andD B ¥Vl be the adjacency matrix diagonal degree matrix of graph

G, respectively. Instead of computing the probability transition matrix, the |aieelding
algorithm uses the normalized gralpaplacian matrix, de ned as follows:

o= DF]"QADF]'Q
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As with label propagation, this matrix can be seen as a sort of compact low-dimensional
representation of the connections de ned in the whole graph. is matrix can be easily
computed usingnetworkx  with the following code:

from scipy.linalg import fractional _matrix_power
D_inv = fractional_matrix_power(D, -0.5)
L = D_inv*nx.to_numpy_matrix(G)*D_inv

As a result, we get the following:

0 0.5 0.40824829 0 0 0 0 0
0.5 0 0.40824829 0 0 0 0 0
0.40824829 0.40824829 0 0.40824829 0 0 0 0
e 0 0 0.40824829 0 0.5 0 0 0
- 0 0 0 0.5 0 0.40824829 0 0
0 0 0 0 0.40824829 0 0.40824829 0.40824829
0 0 0 0 0 0.40824829 0 0.5
L 0 0 0 0 0 0.40824829 0.5 0 ]

Figure 4.7 — e normalized graph Laplacian matrix

e most important di erence between the label spreading and label propagation

algorithms is related to the function used to extract the labels. If we de nedfitle

initial label assignment, the probability of a label assignment for each node obtained using
the @ matrix can be computed as follows:

Y!=aa#°+ (1 Fa)Y°

As with label propagation, label spreading has an iterative process to compute the nal
solution. e algorithm will perform n di erent iterations; in each iteratiof) the
algorithm will compute the solution for that iteration, as follows:

Yi=ad '™ +(1 Fa)Y°

e algorithm stops its iteration when a certain condition is met. It is important to
underline the tern{l Fa)Y© of the equation. Indeed, as we said, label spreading does
not force the labeled element of the solution to be equal to its original value. Instead, the
algorithm uses a regularization parametel,1) to weight the in uence of the original
solution at each iteration. is allows us to explicitly impose the "quality" of the original
solution and its in uence in the nal solution.
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As with the label propagation algorithm, in the following code snippet, we propose a
modi ed version of thd_.abelSpreading  class available in tlseikit-learn library
due to the motivations we already mentioned in the previous section. We propose the
GraphLabelSpreading class by extending o@raphLabelPropagation class,
since the only di erence will be in tHig) method of the class. e whole algorithm

is provided in th®4_supervised_graph_machine_learning/02_Shallow_
embeddings.ipynb  notebook available in the GitHub repository of this book:

class GraphLabelSpreading(GraphLabelPropagation):

def fit(self, X, y):
X,y = self._validate _data(X, y)
self.X_=X
check_classification_targets(y)
D = [X.degree(n) for n in X.nodes()]
D = np.diag(D)
D_inv = np.matrix(fractional_matrix_power(D,-0.5))
L = D_inv*nx.to_numpy_matrix(G)*D_inv

# label construction

# construct a categorical distribution for
classification only

labeled_index = np.where(y!=-1)[0]
unique_classes = np.unique(y[labeled_index])
self.classes = unique_classes

YO = np.array([self.build_label(y[x], len(unique_
classes)) if x in labeled_index else np.zeros(len(unique__
classes)) for x in range(len(y))])

Y_prev=YO0
it=0
c_tool =10

while it < self.max_iter & c_tool > self.tol:
Y = (self.alpha*(L*Y_prev))+((1-self.alpha)*Y0)
it +=1
c_tol = np.sum(np.abs(Y-Y_prev))
Y _prev=Y
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self.label_distributions_ =Y
return self

Also in this class, tH&()  function is the focal point. e function takes as input a
networkx graphX and an array representing the labels assigned to each node. Nodes
without labels should have a representative value of -vhide loop computes thi*

value at each iteration, weighting the in uence of the initial labeling via the parameter
a. Also, for this algorithm, the number of iterations and the di erence between two
consecutive solutions are used as stop criteria.

e algorithm can be applied to the example graph depictedrigure 4.21sing the
following code:

gls = GraphLabelSpreading()

y = np.array([-1 for x in range(len(G.nodes()))])
y[0]=0

y[6] =1

gls.fit(G,y)

gls.predict_proba(G)

In the following diagram, the result obtained by the algorithm is shown:

0.001 0.50
@ 0.001 0.20
s ® 0.005 0.18

. 002 005
® ® .. Y"=1005 002

| 0.18 0.005
g 0.5  0.01
® | 0.20  0.001]

Figure 4.8 — Result of the label propagation algorithm on graph in Figure 4.2: on the le , the nal labeled
graph; on the right, the nal probability assignment matrix
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e result visible in the diagram shown ifrigure 4.800ks similar to the one obtained

using the label propagation algorithm. e main di erence is related to the probability

of label assignment. Indeed, in this case, it is possible to see how nodes 0 and 6 (the
ones having an initial labeling) have a probability of 0.5, which is signi cantly lower
compared to the probability of 1 obtained using the label propagation algorithm. is
behavior is expected since the in uence of the initial label assignment is weighted by the
regularization parametet.

In the next section, we will continue our description of supervised graph embedding
methods. We will describe how network-based information helps regularize the training
and create more robust models.

Graph regularization methods

Shallow embedding methods described in the previous section show how topological
information and relations between data points can be encoded and leveraged in order to
build more robust classi ers and address semi-supervised tasks. In general terms, network
information can be extremely useful in constraining models and enforcing the output to

be smooth within neighboring nodes. As we have already seen in previous sections, this
idea can be e ciently used in semi-supervised tasks, when propagating the information

on neighbor unlabeled nodes.

On the other hand, this can also be used to regularize the learning phase in order to
create more robust models that tend to better generalize to unseen examples. Both the
label propagation and the label spreading algorithms we have seen previously can be
implemented as a cost function to be minimized when we add an additional regularization
term. Generally, in supervised tasks, we can write the cost function to be minimized in the
following form:

&)= A &yf(x)) + A g f(x).f(x),6)

i BL i,j BLU

Here,L andU represent the labeled and unlabeled samples, and the second term acts as a
regularization term that depends on the topological information of the dfaph

In this section, we will further describe such an idea and see how this can be very
powerful, especially when regularizing the training of neural networks, which—as you
might know—naturally tend to over t and/or need large amounts of data to be trained
e ciently.
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Manifold regularization and semi-supervised
embedding

Manifold regularization (Belkin et al., 2006) extends the label propagation framework by
parametrizing the model function in tlieproducing kernel Hilbert spacéRKHS) and

using as a supervised loss function ( rst term in the previous equationjehe square

error (MSE) or the hinge loss. In other words, when training an SVM or a least squares t,
they apply a graph regularization term based on the Laplacian maasxfollows:

A Wyf(x) Ff(x) ! = fLf
i,j BL,U

For this reason, these methods are generally labelegpkaeian regularization

and such a formulation leadsltaplacian regularized least squarésapRLS and
LapSVMclassi cations. Label propagation and label spreading can be seen as a special
case of manifold regularization. Besides, these algorithms can also be usedsa the

of no-labeled data ( rst term in the equation disappearing) reducihgptacian

eigenmaps

On the other hand, they can also be used in the case of a fully labeled dataset, in which
case the preceding terms constrain the training phase to regularize the training and
achieve more robust models. Moreover, being the classi er parametrized in the RKHS, the
model can be used on unobserved samples and does not require test samples to belong to
the input graph. In this sense, it is thereforénaluctivemodel.

Manifold learning still represents a form of shallow learning, whereby the parametrized
function does not leverage on any form of intermediate embed@egs-supervised
embedding(Weston et al., 2012) extends the concepts of graph regularization to
deeper architectures by imposing the constraint and the smoothness of the function on
intermediate layers of a neural network. Let's dgrgas the intermediate output of the
kth hidden layer. e regularization term proposed in the semi-supervised embedding
framework reads as follows:

&= A @, gn(x).95(x))

i,j BLU
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Depending on where the regularization is imposed, three di erent con gurations (shown
in Figure 4.9can be achieved, as follows:

» Regularization is applied to the nal output of the network. is corresponds to a
generalization of the manifold learning technique to multilayer neural networks.

* Regularization is applied to an intermediate layer of the network, thus regularizing
the embedding representation.

» Regularization is applied to an auxiliary network that shares the rst k-1 layers.
is basically corresponds to training an unsupervised embedding network
while simultaneously training a supervised network. is technique basically
imposes a derived regularization on the rst k-1 layers that are constrained by the
unsupervised network as well and simultaneously promotes an embedding of the
network nodes.

e following diagram shows an illustration of the three di erent con gurations—
with their similarities and di erences—that can be achieved using a semi-supervised
embedding framework:

QOutput &“\g Output Output Emmﬂﬂ%
! L ¢ N

Hidden Layers Hidden Layers Hidden Layers
Ingut Ingut Ingut

Figure 4.9 — Semi-supervised embedding regularization con gurations: graph regularization, indicated
by the cross, can be applied to the output (le ), to an intermediate layer (center), or to an auxiliary
network (right)

In its original formulation, the loss function used for the embeddings is the one derived
from the Siamese network formulation, shown as follows:
()

N 2
g Fg? 1 ifwy=1

. N 2
max(0,m F 1g) Fg2 1) ifw; =0
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As can be seen by this equation, the loss function ensures the embeddings of neighboring
nodes stay close. On the other hand, non-neighbors are instead pulled apart to a distance
(at least) speci ed by the threshotd As compared to the regularization based on the
LaplacianfLf (although for neighboring points, the penalization factor is e ectively
recovered), the one shown here is generally easier to be optimized by gradient descent.

e best choice among the three con gurations presented-igure 4.9s largely

in uenced by the data at your disposal as well as on your speci ¢ use case—that is,
whether you need a regularized model output or to learn a high-level data representation.
However, you should always keep in mind that when using so max layers (usually done at
the output layer), the regularization based on the hinge loss may not be very appropriate
or suited for log probabilities. In such cases, regularized embeddings and relative loss
should instead be introduced at intermediate layers. However, be aware that embeddings
lying in deeper layers are generally harder to be trained and require a careful tuning of
learning rate and margins to be used.

Neural Graph Learning

Neural graph learning(NGL) basically generalizes the previous formulations and, as

we will see, makes it possible to seamlessly apply graph regularization to any form of a
neural network, including CNNs arrécurrent neural networks(RNNSs). In particular,

there exists an extremely powerful framework naiedral Structured Learning(NSL)

that allows us to extend in a very few lines of code a neural network implemented in
TensorFlow with graph regularization. e networks can be of any kind: natural

or synthetic.

When synthetic, graphs can be generated in di erent ways, using—for instance—
embeddings learned in an unsupervised manner and/or by using a similarity/distance
metric between samples using their features. You can also generate synthetic graphs using
adversarial examples. Adversarial examples are arti cially generated samples obtained by
perturbing actual (real) examples in such a way that we confound the network, trying to
force a prediction error. ese very carefully designed samples (obtained by perturbing

a given sample in the gradient-descent direction in order to maximize errors) can be
connected to their related samples, thus generating a graph. ese connections can then

be used to train a graph-regularized version of the network, allowing us to obtain models
that are more robust against adversarially generated examples.
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NGL extends the regularization by augmenting the tuning parameters for graph
regularization in neural networks, decomposing the contribution of labeled-labeled,
labeled-unlabeled, and unlabeled-unlabeled relations using three parafigtéesand
a3, respectively, as follows:
= ot A Wod(d? g0 SR I TG INe) X ()
R+ a jd(9g,.95) t a2 A Wyd(gg.9p)+ as A W;d(gg.9,)
ij BLL ij BLU i,j BUU

e function d represents a generic distance between two vectors—for instance, the L2
norm ! &, By varying the coe cients and the de nition 8f, we can arrive at the
di erent algorithms seen previously as limiting behavior, as follows:

e Whena; =0 Rweretrieve the non-regularized version of a neural network.

« When only® MO, we recover a fully supervised formulation where relationships
between nodes act to regularize the training.

* When we substitut@l O (which are parametrized by a set of alpha coe cients)
with a set of value’ (to be learned) that map each sample to its instance class, we
recover the label propagation formulation.

Loosely speaking, the NGL formulations can be seen as a non-linear version of the label
propagation and label spreading algorithms, or as a form of a graph-regularized neural
network for which the manifold learning or semi-supervising embedding can be obtained.

We will now apply NGL to a practical example, where you will learn how to use graph
regularization in neural networks. To do so, we will use the NLS framewiprk /(
github.com/tensorflow/neural-structured-learning ), which is a library

built on top of TensorFlow that makes it possible to implement graph regularization with
only a few lines of codes on top of standard neural networks.

For our example, we will be using tbera dataset, which is a labeled dataset that

consists of 2,708 scienti ¢ papers in computer science that have been classi ed into seven
classes. Each paper represents a hode that is connected to other nodes based on citations.
In total, there are 5,429 links in the network.

Moreover, each node is further described by a 1,433-long vector of binary values (0 or 1)
that represent a dichotomimg-of-words(BOW) representation of the paper: a one-hot
encoding algorithm indicating the presence/absence of a word in a given vocabulary
made up of 1,433 terms. é&ora dataset can be downloaded directly from the
stellargraph library with a few lines of code, as follows:

from stellargraph import datasets
dataset = datasets.Cora()


https://github.com/tensorflow/neural-structured-learning
https://github.com/tensorflow/neural-structured-learning
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dataset.download()
G, labels = dataset.load()

is returns two outputs, outlined as follows:

* G which is the citation network containing the network nodes, edges, and the
features describing the BOW representation.

* labels , which is gandas Series that provides the mapping between the paper
ID and one of the classes, as follows:

[Neural_Networks', 'Rule_Learning', 'Reinforcement_
Learning’,

'Probabilistic_Methods', ‘'Theory', ‘Genetic_Algorithms',
'‘Case_Based]

Starting from this information, we create a training set and a validation set. In the training
samples, we will include information relating to neighbors (which may or may not belong
to the training set and therefore have a label), and this will be used to regularize the
training.

Validation samples, on the other hand, will not have neighbor information and the

predicted label will only depend on the node features—namely, the BOW representation.
erefore, we will leverage both labeled and unlabeled samples (semi-supervised task) in
order to produce an inductive model that can also be used against unobserved samples.

To start with, we conveniently structure the node features as a DataFrame, whereas we
store the graph as an adjacency matrix, as follows:

adjMatrix = pd.DataFrame.sparse.from_spmatrix(
G.to_adjacency_matrix(),
index=G.nodes(), columns=G.nodes()

)

features = pd.DataFrame(G.node_features(), index=G.nodes())

UsingadjMatrix , we implement a helper function that is able to retrieve the closest
topn neighbors of a node, returning the node ID and the edge weight, as illustrated in the
following code snippet:

def getNeighbors(idx, adjMatrix, topn=5):
weights = adjMatrix.loc[idx]
neighbors = weights[weights>0]\
.sort_values(ascending=False)\
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.head(topn)
return [(k, v) for k, v in neighbors.iteritems()]

Using the preceding information together with the helper function, we can merge the
information into a single DataFrame, as follows:

dataset = {
index: {
"id": index,

"words": [float(x)
for x in features.loc[index].values],
"label"; label_index[label],
"neighbors": getNeighbors(index, adjMatrix, topn)
}

for index, label in labels.items()

}

df = pd.DataFrame.from_dict(dataset, orient="index")

is DataFrame represents the node-centric feature space. is would su ce if we were to
use a regular classi er that does not exploit the information of the relationships between
nodes. However, in order to allow the computation of the graph-regularization term, we
need to join the preceding DataFrame with information relating to the neighborhood

of each node. We then de ne a function able to retrieve and join the neighborhood
information, as follows:

def getFeatureOrDefault(ith, row):
try:
nodeld, value = row["neighbors"][ith]
return {
f'{GRAPH_PREFIX}_{ith} weight": value,
f{GRAPH_PREFIX} {ith} words": df.loc[nodeld]
["'words"]
}
except:
return {
f{GRAPH_PREFIX} {ith} weight": 0.0,
f'{GRAPH_PREFIX}_{ith} _words": [float(x) for x in
np.zeros(1433)]

}
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def neighborsFeatures(row):
featureList = [getFeatureOrDefault(ith, row) for ith in
range(topn)]
return pd.Series(
{k:v
for feat in featureList for k, v in feat.items()}

)

As shown in the preceding code snippet, when the neighbors are legspthanve set

the weight and the one-hot encoding of the word3.te GRAPH_PREFDConstant is

a pre x that is to be prepended to all features that will later be used gl tHibrary to
regularize the training. Although it can be changed, in the following code snippet we will
keep its value equal to the default valdé: nbr"

is function can be applied to the DataFrame in order to compute the full feature space,
as follows:

neighbors = df.apply(neighborsFeatures, axis=1)
allFeatures = pd.concat([df, neighbors], axis=1)

We now have imllFeatures all the ingredients we need to implement our graph-
regularized model.

We start by splitting our dataset into a training set and a validation set, as follows:

n = int(np.round(len(labels)*ratio))
labelled, unlabelled = model_selection.train_test_split(
allFeatures, train_size=n, test_size=None, stratify=labels

)

By changing the ratio, we can change the amount of labeled versus unlabeled data
points. As the ratio decreases, we expect the performance of standard non-regularized
classi ers to reduce. However, such a reduction can be compensated by leveraging
network information provided by unlabeled data. We thus expect graph-regularized
neural networks to provide better performance thanks to the augmented information they
leverage. For the following code snippet, we will assuai®a value equal t0.2 .
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Before feeding this data into our neural network, we convert the DataFrame into a
TensorFlow tensor and dataset, which is a convenient representation that will allow the
model to refer to feature names in its input layers.

Since the input features have di erent data types, it is best to handle the dataset creation
separately foweights ,words , andlabels values, as follows:

train_base = {
"words": tf.constant([
tuple(x) for x in labelled["words"].values
D,
"label": tf.constant([
x for x in labelled["label"].values

)

}

train_neighbor_words = {
k: tf.constant([tuple(x) for x in labelled[k].values])
for k in neighbors if "words" in k

}

train_neighbor_weights = {

N k: tf.constant([tuple([x]) for x in labelled[k].values])
for k in neighbors if "weight" in k

}

Now that we have the tensor, we can merge all this information into a TensorFlow dataset,
as follows:

trainSet = tf.data.Dataset.from_tensor_slices({
k:v
for feature in [train_base, train_neighbor_words,
train_neighbor_weights]
for k, v in feature.items()

)

We can similarly create a validation set. As mentioned previously, since we want to
design an inductive algorithm, the validation dataset does not need any neighborhood
information. e code is illustrated in the following snippet:

validSet = tf.data.Dataset.from_tensor_slices({
"words": tf.constant([
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tuple(x) for x in unlabelled["words"].values
)
“"label": tf.constant([
x for x in unlabelled["label"].values
)
)

Before feeding the dataset into the model, we split the features from the labels, as follows:

def split(features):
labels=features.pop("label")
return features, labels

trainSet = trainSet.map(f)

validSet = validSet.map(f)

at's it! We have generated the inputs to our model. We could also inspect one sample
batch of our dataset by printing the values of features and labels, as shown in the following
code block:

for features, labels in trainSet.batch(2).take(1):
print(features)
print(labels)

It is now time to create our rst model. To do this, we start from a simple architecture
that takes as input the one-hot representation and has two hidden layers, composed of a
Dense layer plus ®ropout layer with 50 units each, as follows:

inputs = tf.keras.Input(

shape=(vocabularySize,), dtype="float32', name='words'
)
cur_layer = inputs
for num_units in [50, 50]:

cur_layer = tf.keras.layers.Dense(

num_units, activation="relu’

)(cur_layer)

cur_layer = tf.keras.layers.Dropout(0.8)(cur_layer)
outputs = tf.keras.layers.Dense(

len(label_index), activation='softmax’,

name="label"
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)(cur_layer)
model = tf.keras.Model(inputs, outputs=outputs)

Indeed, we could also train this model without graph regularization by simply compiling
the model to create a computational graph, as follows:

model.compile(
optimizer="adam’,
loss='sparse_categorical_crossentropy’,
metrics=['accuracy']

)

And then, we could run it as usual, also allowing the history le to be written to disk in
order to be monitored usinGensorBoard , as illustrated in the following code snippet:

from tensorflow.keras.callbacks import TensorBoard
model.fit(
trainSet.batch(128), epochs=200, verbose=1,
validation_data=validSet.batch(128),
callbacks=[TensorBoard(log_dir="/tmp/base)]

)

At the end of the process, we should have something similar to the following output:

Epoch 200/200

loss: 0.7798 — accuracy: 06795 — val_loss: 1.5948 — val_
accuracy: 0.5873

With a top performance around 0.6 in accuracy, we now need to create a graph-
regularized version of the preceding model. First of all, we need to recreate our model
from scratch. is is important when comparing the results. If we were to use layers
already initialized and used in the previous model, the layer weights would not be random
but would be used with the ones already optimized in the preceding run. Once a new
model has been created, adding a graph regularization technique to be used at training
time can be done in just a few lines of code, as follows:

import neural_structured_learning as nsl
graph_reg_config = nsl.configs.make_graph_reg_config(
max_neighbors=2,
multiplier=0.1,
distance_type=nsl.configs.DistanceType.L2,
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sum_over_axis=-1)
graph_reg= nsl.keras.GraphRegularization(
model, graph_reg_config)

Let's analyze the di erent hyperparameters of the regularization, as follows:

* max_neighbors tunes the number of neighbors that ought to be used for
computing the regularization loss for each node.

e multiplier corresponds to the coe cients that tune the importance of the
regularization loss. Since we only consider labeled-labeled and labeled-unlabeled,
this e ectively corresponds @, andas.

e distance_type represents the pairwise distamc® be used.

e sum_over_axis sets whether the weighted average sum should be calculated with
respect to features (when seiNtmne) or to samples (when set to -1).

e graph-regularized model can be compiled and run in the same way as before with the
following commands:

graph_reg.compile(
optimizer="adam’,
loss='sparse_categorical_crossentropy’,
metrics=['accuracy']

)

model.fit(
trainSet.batch(128), epochs=200, verbose=1,
validation_data=validSet.batch(128),
callbacks=[TensorBoard(log_dir="/tmp/nsl)]

)

Note that the loss function now also accounts for the graph-regularization term,

as de ned previously. erefore, we now also introduce information coming from
neighboring nodes that regularizes the training of our neural network. e preceding
code, a er about 200 iterations, provides the following output:

Epoch 200/200

loss: 0.9136 — accuracy: 06405 — scaled_graph_loss: 0.0328 -
val_loss: 1.2526 — val_accuracy: 0.6320
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As you can see, graph regularization, when compared to the vanilla version, has allowed
us to boost the performance in terms of accuracy by about 5%. Not bad at all!

You can perform several experiments, changing the ratio of labeled/unlabeled samples,
the number of neighbors to be used, the regularization coe cient, the distance, and more.
We encourage you to play around with the notebook that is provided with this book to
explore the e ect of di erent parameters yourself.

In the right panel of the following screenshot, we show the dependence of the
performance measured by the accuracy as the supervised ratio increases. As expected,
performance increases as the ratio increases. On the le panel, we show the accuracy
increments on the validation set for various con guration of neighbors and supervised
ratio, de ned by

d = accuracyr.q Faccuracyng reg

oy
g 0.5 4 0.00
= ratio,neighbors
204 — (0.2,2)
03 ratio,neighbors | —9:051 (0.5, 1)
: — (0.2,2) — (05,2)
- — ©05.2) || _g104 — (05,5)
— (08, 2) — (08,2)
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Step Step

Figure 4.10 — (Le ) Accuracy on the validation set for the graph-regularized neural networks with
neighbors = 2 and various supervised ratios; (Right) accuracy increments on the validation set for the
graph-regularized neural networks compared to the vanilla version

As can be seen Figure 4.10almost all graph-regularized versions outperform the vanilla
models. e only exceptions are con guration neighbors = 2 and ratio = 0.5, for which

the two models perform very similarly. However, the curve has a clear positive trend and
we reasonably expect the graph-regularized version to outperform the vanilla model for a
larger number of epochs.

Note that in the notebook, we also use another interesting feature of TensorFlow for
creating the datasets. Instead of usipgradas DataFrame, as we did previously, we

will create a dataset using the TensorFxample , Features , andFeature classes,
which, besides providing a high-level description of samples, also allow us to serialize
the input data (usingrotobuf ) to make them compatible across platforms and
programming languages.
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If you are interested in further usifignsorFlow both for prototyping models and
deploying them into production via data-driven applications (maybe written in other
languages), we strongly advise you to dig further into these concepts.

Planetoid

e methods discussed so far provide graph regularization that is based on the Laplacian
matrix. As we have seen in previous chapters, enforcing constraints ba&gd on

ensures that rst-order proximity is preserved. Yang et al. (2016) proposed a method to
extend graph regularization in order to also account for higher-order proximities. eir
approach, which they namédanetoid (short forPredicting Labels And Neighbors with
Embeddings Transductively Or Inductively from Data extends skip-gram methods

used for computing node embeddings to incorporate node-label information.

As we have seen in the previous chapter, skip-gram methods are based on generating
random walks through a graph and then using the generated sequences to learn
embeddings via a skip-gram model. e following diagram shows how the unsupervised
version is modi ed to account for the supervised loss:

hidden

| hidden | |

Figure 4.11 — Sketch of the Planetoid architecture: the dashed line represents a parametrized function
that allows the method to extend from transductive to inductive

As shown irFigure 4.11embeddings are fed to both of the following:

* A so max layer to predict the graph context of the sampled random-walk sequences

* A set of hidden layers that combine together with the hidden layers derived from
the node features in order to predict the class labels
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e cost function to be minimized to train the combined network is composed of a
supervised and an unsupervised losg-and &, respectively. e unsupervised loss is
analogous to the one used with skip-gram with negative sampling, whereas the slipervise
loss minimizes the conditional probability and can be written as follows:

&= F A logp(yilx;,e;)
i BL

e preceding formulation is transductiveas it requires samples to belong to the graph
in order to be applied. In a semi-supervised task, this method can be e ciently used
to predict labels for unlabeled examples. However, it cannot be used for unobserved
samples. As shown by the dashed lingigure 4.11an inductive version of the Planetoid
algorithm can be obtained by parametrizing the embeddings as a function of the node
features, via dedicated connected layers.

Graph CNNs

In Chapter 3Unsupervised Graph Learnjnge have learned the main concepts behind
GNNs andgraph convolutional networks(GCNg). We have also learned the di erence
between spectral graph convolution and spatial graph convolution. More precisely

we havdurther seen that GCN layers can be used to encode graphs or nodes under
unsupervised settings by learning how to preserve graph properties such as node
similarity.

In this chapter, we will explore such methods under supervised settings. is time, our
goal is to learn graphs or node representations that can accyratdityt node or graph
labels It is indeed worth noting that the encoding function remains the same. What will
change is the objective!

*UDSK FODVVL4AFDWLRQ XVLQJ *&1V

Let's consider again o®ROTEINSdataset. Let's load the dataset as follows:

import pandas as pd

from stellargraph import datasets

dataset = datasets.PROTEINS()

graphs, graph_labels = dataset.load()

# necessary for converting default string labels to int
labels = pd.get_dummies(graph_labels, drop_first=True)
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In the following example, we are going to use (and compare) one of the most widely used
GCN algorithms for graph classi catio@CNby Kipf and Welling:

1. stellargraph , which we are using for building the model, ut&gras as
the backend. According to its speci c criteria, we need a data generator to feed the
model. More precisely, since we are addressing a supervised graph classi cation
problem, we can use an instance ofRhddedGraphGenerator  class of
stellargraph , Which automatically resolves di erences in the number of nodes
by using padding. Here is the code required for this step:

from stellargraph.mapper import PaddedGraphGenerator
generator = PaddedGraphGenerator(graphs=graphs)

2. We are now ready to actually create our rst model. We will create and stack
together four GCN layers through thality function ofstellargraph , as
follows:

from stellargraph.layer import DeepGraphCNN
from tensorflow.keras import Model
from tensorflow.keras.optimizers import Adam

from tensorflow.keras.layers import Dense, Convl1D,
MaxPool1D, Dropout, Flatten

from tensorflow.keras.losses import binary_crossentropy
import tensorflow as tf
nrows = 35 # the number of rows for the output tensor
layer_dims =[32, 32, 32, 1]
# backbone part of the model (Encoder)
dgcnn_model = DeepGraphCNN(
layer_sizes=layer_dims,
activations=["tanh", "tanh", "tanh", "tanh"],
k=nrows,
bias=False,
generator=generator,

)

3. is backbonavill be concatenated tine-dimensional(1D) convolutional layers
and fully connected layers usitigkeras , as follows:

# necessary for connecting the backbone to the head
gnn_inp, gnn_out = dgcnn_model.in_out_tensors()
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# head part of the model (classification)

x_out = Conv1D(filters=16, kernel_size=sum(layer_dims),
strides=sum(layer_dims))(gnn_out)

X_out = MaxPool1D(pool_size=2)(x_out)

x_out = Conv1D(filters=32, kernel_size=5, strides=1)(x_
out)

X_out = Flatten()(x_out)

x_out = Dense(units=128, activation="relu")(x_out)
x_out = Dropout(rate=0.5)(x_out)

predictions = Dense(units=1, activation="sigmoid")(x_out)

4. Let's create and compile a model utfikgras  utilities. We will train the model
with abinary_crossentropy loss function (to measure the di erence between
predicted labels and ground truth) with tAdamoptimizer and dearning rate
of 0.0001. We will also monitor the accuracy metric while training. e code is
illustrated in the following snippet:

model = Model(inputs=gnn_inp, outputs=predictions)

model.compile(optimizer=Adam(Ir=0.0001), loss=binary_
crossentropy, metrics=["acc"])

5. We can now explascikit-learn utilities to create train and test sets. In our
experiments, we will be using 70% of the dataset as a training set and the remainder
as a test set. In addition, we need to uséidive method of the generator to supply
them to the model. e code to achieve this is shown in the following snippet:

from sklearn.model_selection import train_test_split
train_graphs, test_graphs = train_test_split(
graph_labels, test_size=.3, stratify=labels,)
gen = PaddedGraphGenerator(graphs=graphs)
train_gen = gen.flow(
list(train_graphs.index - 1),
targets=train_graphs.values,
symmetric_normalization=False,
batch_size=50,
)
test_gen = gen.flow(
list(test_graphs.index - 1),
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targets=test_graphs.values,
symmetric_normalization=False,
batch_size=1,

)

6. It's now time for training. We train the model for 100 epochs. However, feel free to
play with the hyperparameters to gain better performance. Here is the code for this:

epochs = 100
history = model.fit(train_gen, epochs=epochs, verbose=1,
validation_data=test gen, shuffle=True,)

A er 100 epochs, this should be tbetput:

Epoch 100/100

loss: 0.5121 — acc: 0.7636 — val_loss: 0.5636 — val_acc:
0.7305

Here, we are achieving about 76% accuracy on the training set and about 73% accuracy on
the test set.

1RGH FODVVL4A4FDWLRQ XVLQJ *UDSK6%*(

In the next example, we will tralBraphSAGE to classify nodes of ti@ora dataset.

Let's rst load the dataset usistgllargraph utilities, as follows:

dataset = datasets.Cora()
G, nodes = dataset.load()

Follow this list of steps to traBraphSAGE to classify nodes of ti@ora dataset:

1. Asinthe previous example, the rst step is to split the dataset. We will be using 90%
of the dataset as a training set and the remainder for testing. Here is the code for
this step:

train_nodes, test_nodes = train_test_split(nodes, train_
size=0.1,test_size=None, stratify=nodes)
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2. istime, we will convert labels usingne-hot representation is representation
is 0 en used for classi cation tasks and usually leads to better performance.
Speci cally, let be the number of possible targets (seven, in the case of the
Cora dataset), and each label will be converted in a vector of, sitere all the
elements ar@ except for the one corresponding to the target class. e code is
illustrated in the following snippet:

from sklearn import preprocessing

label_encoding = preprocessing.LabelBinarizer()
train_labels = label_encoding.fit_transform(train_nodes)
test_labels = label _encoding.transform(test_nodes)

3. Let's create a generator to feed the data into the model. We will be using an instance
of theGraphSAGENodeGenerator class o$tellargraph . We will use the
flow method to feed the model with the train and test sets, as follows:

from stellargraph.mapper import GraphSAGENodeGenerator
batchsize = 50

n_samples =[10, 5, 7]

generator = GraphSAGENodeGenerator(G, batchsize, n_
samples)

train_gen = generator.flow(train_nodes.index, train_
labels, shuffle=True)

test_gen = generator.flow(test_labels.index, test_
labels)

4. Finally, let's create the model and compile it. For this exercise, we will be using a
GraphSAGE encoder with three layers of 32, 32, and 16 dimensions, respectively.
e encoder will then be connected to a dense layer vgibhmax activation to
perform the classi cation. We will use adamoptimizer with dearning rate
of 0.03 anatategorical_crossentropy as the loss function. e code is
illustrated in the following snippet:

from stellargraph.layer import GraphSAGE

from tensorflow.keras.losses import categorical_
crossentropy

graphsage_model = GraphSAGE(layer_sizes=[32, 32, 16],
generator=generator, bias=True, dropout=0.6,)

gnn_inp, gnn_out = graphsage_model.in_out_tensors()
outputs = Dense(units=train_labels.shape[1],
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activation="softmax")(gnn_out)

# create the model and compile

model = Model(inputs=gnn_inp, outputs=outputs)
model.compile(optimizer=Adam(Ir=0.003), loss=categorical _
crossentropy, metrics=["acc"],)

5. It's now time to train the model. We will train the model for 20 epochs, as follows:

model.fit(train_gen, epochs=20, validation_data=test gen,
verbose=2, shuffle=False)

6. is should be the output:

Epoch 20/20

loss: 0.8252 — acc: 0.8889 — val_loss: 0.9070 — val_acc:
0.8011

We achieved about 89% accuracy over the training set and about 80% accuracy over the
test set.

6XPPDU\D

In this chapter, we have learned how supervised ML can be e ectively applied on graphs
to solve real problems such as node and graph classi cation.

In particular, we rst analyzed how graph and node properties can be directly used

as features to train classic ML algorithms. We have seen shallow methods and simple
approaches to learning node, edge, or graph representations for only a nite set of input
data.

We have than learned how regularization techniques can be used during the learning
phase in order to create more robust models that tend to generalize better.

Finally, we have seen how GNNs can be applied to solve supervised ML problems on
graphs.

But what can those algorithms be useful for? In the next chapter, we will explore common
problems on graphs that need to be solved through ML techniques.
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Problems with
Machine Learning
on Graphs

Graphmachine learning(ML) approaches can be useful for a wide range of tasks, with
applications ranging from drug design to recommender systems in social networks.
Furthermore, given the fact that such methodggareeral by desigmeaning that they

are not tailored to a speci ¢ problem), the same algorithm can be used to solve di erent
problems.

ere are common problems that can be solved using graph-based learning techniques. In
this chapter, we will mention some of the most well studied of these by providing details
about how a speci ¢ algorithm, among the ones we have already learned abloapier

3, Unsupervised Graph Learniagd Chapter 4Supervised Graph Learnimgn be used to
solve a task. A er reading this chapter, you will be aware of the formal de nition of many
common problems you may encounter when dealing with graphs. In addition, you will
learn useful ML pipelines that you can reuse on future real-world problems you will deal
with.
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More precisely, the following topics will be covered in this chapter:

» Predicting missing links in a graph
« Detecting meaningful structures such as communities

» Detecting graph similarities and graph matching

Technical requirements

We will be usinglupyteMotebooks with Python 3.8 for all of our exercises. In the
following code block, you can see a list of the Python libraries that will be installed for
this chapter usingip (for example, rumpip install networkx==2.5 on the
command line):

Jupyter==1.0.0
networkx==2.5
karateclub==1.0.19
scikit-learn==0.24.0
pandas==1.1.3
node2vec==0.3.3
numpy==1.19.2
tensorflow==2.4.1
stellargraph==1.2.1
communities==2.2.0
git+https://github.com/palash1992/GEM.git

All code les relevant to this chapter are availablgtps://github.com/
PacktPublishing/Graph-Machine-Learning/tree/main/Chapter05


https://github.com/PacktPublishing/Graph-Machine-Learning/tree/main/Chapter05
https://github.com/PacktPublishing/Graph-Machine-Learning/tree/main/Chapter05

Predicting missing links in a graph 153

Predicting missing links in a graph

Link prediction, also known agraph completion is a common problem when dealing

with graphs. More precisely, from a partially observed graph—a graph where for a certain
pair of nodes it is not possible to exactly know if there is (or there is not) an edge between
them—we want to predict whether or not edges exist for the unknown status node pairs,

as seen ifrigure 5.1Formally, leG = (V,E) be a graph wheilé is its set of nodes and
E =E, €E, isits set of edges. e set of eddgsare known asbserved linksvhile the

set of edgek,, are known asnknown links e goal of the link prediction problem is to
exploit the information o¥ andEo to estimatd’. is problem is also common when
dealing with temporal graph data. In this settingGlebe a graph observed at a given
timepointt, where we want to predict the edges of this graph at a given timepdint

e partially observed graph can be seen here:

'

'

. :
'

'

I

5
o ©

E, = {{1,3},{2,3},{2,4},{4,5},{5,6}, {5, 7}}
E, = {{1:2}5 {3*5}?{657}}

Figure 5.1 — Partially observed graph with observedjnsolid lines) and unknown link,, (dashed
lines)

e link prediction problem is widely used in di erent domains, such as a recommender
system in order to propose friendships in social networks or items to purchase on
e-commerce websites. It is also used in criminal network investigations in order to

nd hidden connections between criminal clusters, as well as in bioinformatics for the
analysis of protein-protein interactions. In the next sections, we will discuss two families
of approaches to solve the link prediction problem—naraighi]arity-based and
embedding-basednethods.
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Similarity-based methods

In this subsection, we show several simple algorithms to solve the label prediction
problem. e main shared idea behind all these algorithms is to estimate a similarity
function between each couple of nodes in a graph. If, according to the function, the
nodeslook similar they will have a high probability of being connected by an edge. We
will divide these algorithms into two sub-familieglex-basedandcommunity-based
methods. e former contains all the methods through a simple calculation of an index
based on the neighbors of a given couple of nodes. e latter contains more sophisticated
algorithms, whereby the index is computed using information about the community

to which a given couple of nodes belong. In order to give a practical example of these
algorithms, we will use the standard implementation available inetiaerkx library in
the networkx.algorithms.link_prediction package.

Index-based methods

In this section, we will show some algorithms availabhetworkx to compute the
probability of an edge between two disconnected nodes. ese algorithms are based
on the calculation of a simple index through information obtained by analyzing the
neighbors of the two disconnected nodes.

Resource allocation index

e resource allocation index method estimates the probability that two nadasdu are
connected by estimating tihesource allocation indéor all node pairs according to the
following formula:

1

Resource Allocation Index(u,v) = A —_—
IN(w)]

w EN(u) éN(v)

In the given formula, th&/(v) function computes the neighbors of th@odes and, as
visible in the formulay is a node who is a neighbor of batlandv. is index can be
computed innetworkx using the following code:

import networkx as nx

edges =[[1,3],[2,3],[2,4],[4,5].[5.6].[5,7]]

G = nx.from_edgelist(edges)

preds = nx.resource_allocation_index(G,[(1,2),(2,5),(3,4)])

e rst parameter for the resource_allocation_index function is an input graph,
while the second parameter is a list of possible edges. We want to compute the probability
of a connection. As a result, we get the following output:

[(1,2,0.5), (2, 5, 0.5), (3, 4, 0.5)]
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e output is a list containing couples of nodes such(ag) ,(2,5) , and(3,4) ,
which form the resource allocation index. According to this output, the probability of
having an edge between those couples of no6es is

-DFFDUG FRH]FLHQW

e algorithm computes the probability of a connection between two nodesdv,
according to thdaccard coe cientcomputed as follows:

IN(w) éN(v)|

Jaccard Coef ficient(u,v) = m

Here,N(v) is used to compute the neighbors of theode. e function can be used in
networkx using the following code:

import networkx as nx

edges = [[1,3].,[2,3],[2,4],[4,5].[5,6],[5,7]1]

G = nx.from_edgelist(edges)

preds = nx.resource_allocation_index(G,[(1,2),(2,5),(3,4)])

e resource_allocation_index function has the same parameters as the previous
function. e result of the code is shown here:

[(1, 2,0.5), (2, 5, 0.25), (3, 4, 0.3333333333333333)]

According to this output, the probability of having an edge between (ib@gs is0.5 ,
while between nod€g,5) this is0.25 , and between nod¢3,4) this is0.333 .

In networkx , other methods to compute the probability of a connection between

two nodes based on their similarity scorerac@damic_adar_index and
nx.preferential_attachment , based o\damic/Adar indexandpreferential

attachment indexalculations respectively. ose functions have the same parameters as
the others, and accept a graph and a list of a couple of nodes where we want to compute
the score. In the next section, we will show another family of algorithms based on
community detection.
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Community-based methods

As with index-based methods, the algorithms belonging to this family also compute an
index representing the probability of the disconnected nodes being connected. e main
di erence between index-based and community-based methods is related to the logic
behind them. Indeed, community-based methods, before generating the index, need to
compute information about the community belonging to those nodes. In this subsection,
we will show—also providing several examples—some common community-based
methods.

Community common neighbor

In order to estimate the probability of two nodes being connected, this algorithm
computes the number of common neighbors and adds to this value the number of
common neighbors belonging to the same community. Formally, for two moatedu,
the community common neighbor value is computed as follows:

Community Common Neig bor(u,v) = |N(v) éN(u)|+ A f(w)
WEeN(v) éN(u)

In this formuIa,N(v) is used to compute the neighbors of nodwhilef(W) =1 jf
w belongs to the same communityuoéindv; otherwise, this is 0. e function can be
computed innetworkx using the following code:

import networkx as nx
edges = [[1,3],[2,3],[2,4],[4,5],[5,6],[5,7]]
G = nx.from_edgelist(edges)

G.nodes[1]["community"] = 0
G.nodes[2]["community"] = 0
G.nodes[3]["community"] = 0

G.nodes[4]["community"] = 1
G.nodes[5]["community"] = 1
G.nodes[6]["community"] = 1
G.nodes[7]["community"] = 1

preds = nx.cn_soundarajan_hopcroft(G,[(1,2),(2,5),(3,4)])
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From the preceding code snippet, it is possible to see how we need to assign the
community property to each node of the graph. is property is used to identify
nodes belonging to the same community when computing the funftiohde ned

in the previous equation. e community value, as we will see in the next section, can
also be automatically computed using speci ¢ algorithms. As we already sawy, the
soundarajan_hopcroft function takes the input graph and a couple of nodes for
which we want to compute the score. As a result, we get the following output:

[(1, 2, 2), (2, 5, 1), (3,4, 1)

e main di erence from the previous function is in the index value. Indeed, we can easily
see that the output is not in the ran@el)

Community resource allocation

As with the previous method, the community resource allocation algorithm merges
information obtained from the neighbors of the nodes with the community, as shown in
the following formula:

x w
Community Resource Allocation(u,v) = A “{1(( ))|
weN(v) éN(u) w

Here,N(v) is used to compute the neighbors of nodehile f(w) =1 if w belongs to
the same community of andv; otherwise, this is 0. e function can be computed in
networkx using the following code:

import networkx as nx
edges = [[1,3],[2,3],[2,4],[4,5].[5,6],[5,7]]
G = nx.from_edgelist(edges)

G.nodes[1]["community"] = 0
G.nodes[2]["community"] = 0
G.nodes[3]["community"] = 0

G.nodes[4]["community"] = 1
G.nodes[5]["community"] = 1
G.nodes[6]["community”] = 1
G.nodes[7]["community"] = 1

preds = nx. ra_index_soundarajan_
hopcroft(G,[(1,2),(2,5).(3,4)])
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From the preceding code snippet, it is possible to see how we need to assign the
community property to each node of the graph. is property is used to identify nodes
belonging to the same community when computing the funcfigr) de ned in the
previous equation. e community value, as we will see in the next section, can also be
automatically computed using speci ¢ algorithms. As we already sana, thdex_
soundarajan_hopcroft function takes the input graph and a couple of nodes for
which we want to compute the score. As a result, we get the following output:

[(1,2,0.5), (2,5, 0), (3, 4, 0)]

From the preceding output, it is possible to see the in uence of the community in the
computation of the index. Since nodeand2 belong to the same community, they have
a higher value in the index. On the contrary, ed@®$ and(3,4) have a value of 0
since they belong to a di erent community from each other.

In networkx , two other methods to compute the probability of a connection between
two nodes based on their similarity score merged with community informatiorxare
within_inter_cluster andnx.common_neighbor_centrality

In the next section, we will describe a more complex technique based on ML plus edge
embedding to perform prediction of unknown edges.

Embedding-based methods

In this section, we describe a more advanced way to perform link prediction. e idea
behind this approach is to solve the link prediction problem as a supervised classi cation
task. More precisely, for a given graph, each couple of nodes is represented with a feature
vector ), and a class labef)(is assigned to each of those node couples. Formally, let

G = (V,E) be a graph, and for each couple of nddesve build the following formula:

x = foor o fijoe - fand ¥ =[Y000 o Vijs oo Y]

Here, f;; D x is thefeature vectarepresenting the couple of nodes andy; ; By is

their label e value for Vi ; is de ned as followsy; ; = 1 if, in the graplG, the edge
connecting nodé, j exists; otherwise;; ; = 0. Using the feature vector and the labels, we
can then train an ML algorithm in order to predict if a given couple of nodes constitute a
plausible edge for the given graph.
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If it is easy to build the label vector for each couple of nodes, it is not so straightforward

to build the feature space. In order to generate the feature vector for each couple of nodes,
we will use some embedding techniques, sucbde2vec andedge2vec , already

discussed ilChapter 3Unsupervised Graph Learnitdging those embedding algorithms,

the generation of the feature space will be greatly simpli ed. Indeed, the whole process
can be summarized in two main steps, outlined as follows:

1. For each node of the graghits embedding vector is computed usingpde2vec
algorithm.

2. For all the possible couple of nodes in the graph, the embedding is computed using
anedge2vec algorithm.

We can apply now a generic ML algorithm to the generated feature vector in order to solve
the classi cation problem.

In order to give you a practical explanation of this procedure, we will provide an example
in the following code snippet. More precisely, we will describe the whole pipeline (from
graph to link prediction) using theetworkx , stellargraph , andnode2vec

libraries. We will split the whole process into di erent steps in order to simplify our
understanding of the di erent parts. e link prediction problem was applied to the

citation network dataset describedGhapter 1Getting Started with Graphs in Python
available at the following linkttps://lings-data.soe.ucsc.edu/public/

Ibc/cora.tgz

As a rst step, we will build metworkx graph using the citation dataset, as follows:

import networkx as nx
import pandas as pd

edgelist = pd.read_csv("cora.cites", sep="\t', header=None,
names=["target", "source"])

G = nx.from_pandas_edgelist(edgelist)

Since the dataset is represented as an edge li€h@eter 1Getting Started with Graphs
in Pythor), we used thifom_pandas_edgelist function to build the graph.


https://linqs-data.soe.ucsc.edu/public/lbc/cora.tgz
https://linqs-data.soe.ucsc.edu/public/lbc/cora.tgz
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As a second step, we need to create, from the @dpkining and test sets. More

precisely, our training and test sets should contain not only a subset of real edges of the
graphGbut also couples of nodes that do not represent a real eGge icouples
representing real edges will hasitive instancdslass label 1), while the couples that do

not represent real edges williegative instancéslass label 0). is process can be easily
performed as follows:

from stellargraph.data import EdgeSplitter
edgeSplitter = EdgeSplitter(G)

graph_test, samples_test, labels_test = edgeSplitter.train_
test_split(p=0.1, method="global")

We used th&dgeSplitter class available stellargraph . € main constructor
parameter of th&dgeSplitter class is the grapl®(we want to use to perform our
split. e real splitting is performed using the&ain_test_split function that will

generate the following outputs:

e graph_test is a subset of the original grafdltontaining all the nodes but just a
selected subset of edges.

e samples_test is a vector containing in each position a couple of nodes. is
vector will contain couples of nodes representing real edges (positive instance) but
also couples of nodes that do not represent real edges (negative instance).

e labels_test is a vector having the same lengtkamsples_test . It contains
only O or 1. e value of O is present in the position representing a negative instance
in thesamples_test  vector, while the value of 1 is present in the position
representing a positive instancesamples_test

By following the same procedure used to generate the test set, it is possible to generate the
training set, as illustrated in the following code snippet:

edgeSplitter = EdgeSplitter(graph_test, G)
graph_train, samples_train, labels_train = edgeSplitter.train_
test_split(p=0.1, method="global")

e main di erence in this part of code is related to the initialization BiigeSplitter
In this case, we also provigeaph_test  in order to not repeat positive and negative
instances generated for the test set.
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At this point, we have our training and testing datasets with negative and positive
instances. For each of those instances, we now need to generate their feature vector. In
this example, we used thede2vec library to generate the node embedding. In general,
every node embedding algorithm can be used to perform this task. For the training set, we
can thus generate the feature vector with the following code:

from node2vec import Node2Vec
from node2vec.edges import HadamardEmbedder

node2vec = Node2Vec(graph_train)
model = node2vec.fit()
edges_embs = HadamardEmbedder(keyed_vectors=model.wv)

train_embeddings = [edges_embs|[str(x[0]),str(x[1])] for x in
samples_train]

From the previous code snippet, it is possible to see the following:

» We generate the embedding for each node in the training graph using the
node2vec library.

* We use théladamardEmbedder class to generate the embedding of each couple
of nodes contained in the training set. ose values will be used as feature vectors to
perform the training of our model.

In this example, we used tHadamardEmbedder algorithm, but in general, other
embedding algorithms can be used, such as the ones desci@fepter 3Unsupervised
Graph Learning

e previous step needs to also be performed for the test set, with the following code:

edges_embs = HadamardEmbedder(keyed_vectors=model.wv)

test_embeddings = [edges_embs[str(x[0]),str(x[1])] for X in
samples_test]

e only di erence here is given by theamples_test  array used to compute the edge
embeddings. Indeed, in this case, we use the data generated for the test set. Moreover,
it should be noted that theode2vec algorithm was not recomputed for the test set.
Indeed, given the stochastic naturemofle2vec , it is not possible to ensure that the two
learned embeddings are "comparable" and theratmte2vec embeddings will change
between runs.



162 Problems with Machine Learning on Graphs

Everything is set now. We can nally train—using titain_embeddings feature
space and theain_labels label assignment—an ML algorithm to solve the label
prediction problem, as follows:

from sklearn.ensemble import RandomForestClassifier
rf = RandomForestClassifier(n_estimators=1000)
rf.fit(train_embeddings, labels_train);

In this example, we used a simRendomForestClassifier class, but every ML
algorithm can be used to solve this task. We can then apply the trained model on the
test_embeddings  feature space in order to quantify the quality of the classi cation, as
shown in the following code block:

from sklearn import metrics

y_pred = rf.predict(test_embeddings)

print(‘Precision:’, metrics.precision_score(labels_test, y
pred))
print('Recall:', metrics.recall_score(labels_test, y pred))

print('F1-Score:', metrics.f1_score(labels_test, y pred))
As a result, we get the following output:

Precision: 0.8557114228456913
Recall: 0.8102466793168881
F1-Score: 0.8323586744639375

As we already mentioned, the methods we just described are just a general schema; each
piece of the pipeline—such as the train/test split, the node/edge embedding, and the ML
algorithm—can be changed according to the speci ¢ problem we are facing.

is method is particularly useful when dealing with link prediction in temporal graphs.
In this case, information relating to an edge obtained at timepaeiséd to train a model
can be applied in order to predict edges at timepoint .
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In this section, we introduced the label prediction problem. We enriched our explanation
by providing a description, with several examples, of di erent technigues used to nd

a solution to the link prediction problem. We showed that di erent ways to tackle the
problem are available, from simple index-based techniques to more complex embedding-
based techniques. However, the scienti c literature is full of algorithms to solve the link
prediction task, and there are di erent algorithms to solve this problem. In the paper
Review on Learning and Extracting Graph Features for Link Pre(httisn/
arxiv.org/pdf/1901.03425.pdf ), a good overview of di erent techniques used to
solve the link prediction problem is available. In the next section, we will investigate the
community detection problem.

Detecting meaningful structures such as

communities

One common problem data scientists face when dealing with networks is how to identify
clusters and communities within a graph. is o en arises when graphs are derived from
social networks and communities are known to exist. However, the underlying algorithms
and methods can also be used in other contexts, representing another option to perform
clustering and segmentation. For example, these methods can e ectively be used in text
mining to identify emerging topics and to cluster documents that refer to single events/
topics. A community detection task consists of partitioning a graph such that nodes
belonging to the same community are tightly connected with each other and are weakly
connected with nodes from other communities. ere exist several strategies to identify
communities. In general, we can de ne them as belonging to one of two categories,
outlined as follows:

» Non-overlapping community detection algorithms that provide a one-to-one
association between nodes and communities, thus with no overlapping nodes
between communities

» Overlapping community detection algorithms that allow a node to be included
in more than one community—for instance, re ecting the natural tendencies of
social networks to develop overlapping communities (for example, friends from
school, neighbors, playmates, people being in the same football team, and so on),
or in biology, where a single protein can be involved in more than one process and
bioreaction

In the following section, we will review some of the most used techniques in the context of
community detection.


https://arxiv.org/pdf/1901.03425.pdf
https://arxiv.org/pdf/1901.03425.pdf
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Embedding-based community detection

One rst class of methods that allow us to partition nodes into communities can be simply
obtained by applying standard shallow clustering techniques on the node embeddings,
computed using the methods describeimpter 3Unsupervised Graph Learning

e embedding methods in fact allow us to project nodes into a vector space where a
distance measure that represents a similarity between nodes can be de ned. As we have
shown inChapter 3Unsupervised Graph Learnjgnbedding algorithms are very

e ective in separating nodes with similar neighborhood and/or connectivity properties.
en, standard clustering techniques can be used, such as distance-based clustering
(K-means), connectivity clustering (hierarchical clustering), distribution clustering
(Gaussian mixture), and density-based clusterdenity-Based Spatial Clustering of
Applications with Noise(DBSCAN)). Depending on the algorithm, these techniques

may both provide a single-association community detection or a so cluster assignment.
We will showcase how they would work on a simple barbell graph. We start by creating a
simple barbell graph using thetworkx utility function, as follows:

import networkx as nx
G = nx.barbell_graph(m1=10, m2=4)

We can then rst get the reduced dense node representation using one of the embedding
algorithms we have seen previously (for instaHG®R B, shown as follows:

from gem.embedding.hope import HOPE
gf = HOPE(d=4, beta=0.01)
gf.learn_embedding(G)

embeddings = gf.get_embedding()

We can nally run a clustering algorithm on the resulting vector representation provided
by the node embeddings, like this:

from sklearn.mixture import GaussianMixture
gm = GaussianMixture(n_components=3, random_state=0)
labels = gm.fit_predict(embeddings)

We can plot the network with the computed communities highlighted in di erent colors,
like this:

colors = ['blue”, "green", "red"]

nx.draw_spring(G, node_color=[colors[label] for label in
labels])
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By doing so, you should obtain the output shown in the following screenshot:

Figure 5.2 — Barbell graph where the community detection algorithm has been applied using
embedding-based methods

e two clusters, as well as the connecting nodes, have been correctly grouped into three
di erent communities, re ecting the internal structure of the graph.

Spectral methods and matrix factorization

Another way to achieve a graph partition is to process the adjacency matrix or the
Laplacian matrix that represents the connectivity properties of the graph. For instance,
spectral clustering can be obtained by applying standard clustering algoriitihes o
eigenvectors of the Laplacian matrix. In some sense, spectral clustering can also be
seen as a special case of an embedding-based community detection algorithm where
the embedding technique is so-called spectral embedding, obtained by considering
the rst k-eigenvectors of the Laplacian matrix. By considering di erent de nitions

of the Laplacian as well as di erent similarity matrices, variations to this method can
be obtained. A convenient implementation of this method can be found within the
communities  Python library and can be used on the adjacency matrix representation
easily obtained from metworkx graph, as illustrated in the following code snippet:

from communities.algorithms import spectral_clustering
adj=np.array(nx.adjacency_matrix(G).todense())
communities = spectral_clustering(adj, k=2)
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Moreover, the adjacency matrix (or the Laplacian) can also be decomposed using
matrix factorization techniques other than thiagular value decompositio{SVD)
technigue—such amn-negative matrix factorization(NMF)—that allow similar
descriptions, as illustrated in the following code snippet:

from sklearn.decomposition import NMF

nmf = NMF(n_components=2)

score = nmf.fit_transform(ad)

communities = [set(np.where(score [:,ith]>0)[0])
for ith in range(2)]

e threshold for belonging to the community was set in this example to 0, although other
values can also be used to retain only the community cores. Note that these methods are
overlapping community detection algorithms, and nodes might belong to more than one
community.

Probability models

Community detection methods can also be derived from tting the parameters of
generative probabilistic graph models. Examples of generative models were already
described irChapter 1Getting Started with Graphs in Pythbélowever, they did not
assume the presence of any underlying community, unlike the so-staidda@stic

block model(SBM). In fact, this model is based on the assumption that nodes can be
partitioned intoK disjoint communities and each community has a de ned probability of
being connected to another. For a network abdes and& communities, the generative
model is thus parametrized by the following:

* Membership matrix M, which is an x Kmatrix and represents the probability a
given node belongs to a certain class

» Probability matrix: B, which isK x Kmatrix and represents the edge probability
between a node belonging to commurignd one node belonging to communjity

e adjacency matrix is then generated by the following formula:

Bernoulli (B(gi,gj)) ifi<j
aij =1 0 41=0
aji lfl > ]

Here,g: andd; represent the community, and they can be obtained by sampling from a
multinomial distribution of probabilitied/; andM,;.
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In the SBM, we can basically invert the formulation and reduce the community detection
problem to posterior estimation of the membership matfitrom the matrixA, via

maximum likelihood estimation. A version of this approach has recently been used
together with randomized spectral clustering in order to perform community detection in
very large graphs. Note that the SBM model in the limit of the constant probability matrix
(that is,B;; = p) corresponds to the Erd s-Rényi model. ese models have the advantage
of also describing a relation between communities, identifying community-community
relationships.

Cost function minimization

Another possible way to detect communities within a graph is to optimize a given cost
function that represents a graph structure and penalizes edges across communities versus
edges within communities. is basically consists of building a measure for the quality

of a community (as we will see shortly, its modularity) and then optimizing the node
association to communities in order to maximize the overall quality of the partitioning.

In the context of a binary associative community structure, the community association
can be described by a dichotomic variablith values -1 or 1, depending on whether

the node belongs to one of the two communities. In this setting, we can de ne the
following quantity that can indeed be used to e ectively represent the cost assoitlated w
having a link between two nodes of di erent communities:

A Al](l FSL'S]')
i, €EE

Indeed, when two connected noddg;, > 0 belong to a di erent community;s; = FL,

the contribution provided by the edge is positive. On the other hand, the contribution is 0,
both when two nodes are not connectdd; = 0) and when two connected nodes belong

to the same communitys{s; = 0). erefore, the problem is to nd the best community
assignments; ands;) in order to minimize the preceding function. is method,

however, applies only to binary community detection and is therefore rather limited in its
application.

Another very popular algorithm belonging to this class is the Louvain method, which
takes its name from the university where it was invented. is algorithm aims to maximize
the modularity, de ned as follows:

T kik;
Q= %A (Ajj F%) 5(ci,¢j)
1,J€EE
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Here,m represents the number of edgqsandkj represent the degree of the i-th and
j-th node respectively, anilc;, ¢;) is the Kronecker delta function, which is 1 when

Ci and¢j have the same value and 0 otherwise. e modularity basically represents a
measure of how much better the community identi cation performs as compared to
randomly rewiring the nodes and thus creating a random network that has the same
number of edges and degree distribution.

To maximize this modularity e ciently, the Louvain methods iteratively compute the
following steps:

1. Modularity optimization : Nodes are swept iteratively, and for each node we
compute the change of modularifythere would be if the node were to be assigned
to each community of its neighbors. Once all #evalues are computed, the
node is assigned to the community that provides the largest increase. If there is no
increase obtained by placing the node in any other community than the one it is in,
the node remains in its original community. is optimization process continues
until no changes are induced.

2. Node aggregationin the second step, we build a new network by grouping all
the nodes in the same community and connecting the communities using edges
that result from the sum of all edges across the two communities. Edges within
communities are accounted for as well by means of self-loops that have weights
resulting from the sum of all edge weights belonging to the community.

A Louvain implementation can already be found indbmmunities library, as can be
seen in the following code snippet:

from communities.algorithms import louvain_method
communities = louvain_method(adj)

Another method to maximize the modularity is the Girvan-Newman algorithm, which

is based on iteratively removing edges that have the highest betweenness centrality (and
thus connect two separate clusters of nodes) to create connected component communities.
Here is the code related to this:

from communities.algorithms import girvan_newman
communities = girvan_newman(adj, n=2)
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Note

e latter algorithm needs to compute the betweenness centrality of all edges
to remove the edges. Such computations may be very expensive in large graphs.
e Girvan-Newman algorithm in fact scales as @2, wherem is the
number of edges andis the number of nodes, and should not be used wher
dealing with large datasets.

Detecting graph similarities and graph

matching

Learning a quantitative measure of Hmmilarity among graphs is considered a key

problem. Indeed, it is a critical step for network analysis and can also facilitate many ML
problems, such as classi cation, clustering, and ranking. Many clustering algorithms, for
example, use the concept of similarity for determining if an object should or should not be
a member of a group.

In the graph domain, nding an e ective similarity measure constitutes a crucial

problem for many applications. Consider, for instancerdhesof a node inside a graph.

is node might be very important for spreading information across a network or
guaranteeing network robustness: for example, it could be the center of a star graph

or it could be a member of a clique. In this scenario, it would be very useful to have a
powerful method for comparing nodes according to their roles. For example, you might
be interested in searching for individuals showing similar roles or presenting similar
unusual and anomalous behaviors. You might also use it for searching similar subgraphs
or to determine network compatibility f&nowledge transfelfor example, if you nd a
method for increasing the robustness of a network and you know that such a network is
very similar to another one, you may apply the same solution that worked well for the rst
network directly to the second one:

Figure 5.3 — Example of di erences between two graphs
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Several metrics can be used for measuring the similarity (distance) between two objects.
Some examples include tRaclidean distan¢c®anhattan distangecosine similarity

and so on. However, these metrics might fail to capture the speci ¢ characteristics of the
data being studied, especially on non-Euclidean structures such as graphs. Take a look at
Figure 5.3how "distant" ar&1 andG2? ey look pretty similar. But what if the missing
connection in the red community &2 causes a severe loss of information? Do they still
look similar?

Several algorithmic approaches and heuristics have been proposed, based on
mathematical concepts suchgaaph isomorphismedit distanceandcommon subgraphs

(we suggest readittps://link.springer.com/article/10.1007/

s10044-012-0284-8  for a detailed review). Many of these approaches are currently
used in practical applications, even if they o en require exponentially high computational
time to provide a&olution toNP-completeproblems in general (whelNP stands for
nondeterministic polynomial time). erefore, it is essential to nd or learn a metric

for measuring the similarity of data points involved in the speci ¢ task. Here is where ML
comes to our aid.

Many algorithms among the ones we have already séamjier 3Unsupervised

Graph LearningandChapter 4Supervised Graph Learnimight be useful for learning

an e ective similarity metric. According to the way they are used, a precise taxonomy
can be de ned. Here, we provide a simple overview of graph similarity techniques. A
more comprehensive list can be found in the p&mep Graph Similarity Learning: A
Survey(https://arxiv.org/pdf/1912.11615.pdf ). ey can be essentially
divided into three main categories, even if sophisticated combinations can also be
developedGraph embedding-based methodsse embedding techniques to obtain an
embedded representation of the graphs and exploit such a representation to learn the
similarity function;graph kernel-based methodde ne the similarity between graphs

by measuring the similarity of their constituting substructugeaph neural network-
based methodsisegraph neural networkdGNNSs) to jointly learn an embedded
representation and a similarity function. Let's see all of them in more detail.


https://link.springer.com/article/10.1007/s10044-012-0284-8
https://link.springer.com/article/10.1007/s10044-012-0284-8
https://arxiv.org/pdf/1912.11615.pdf
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Graph embedding-based methods

Such techniques seek to apply graph embedding techniques to obtain node-level or
graph-level representations and further use the representations for similarity learning.
For exampleDeepWalkandNode2Vecan be used to extract meaningful embedding

that can then be used to de ne a similarity function or to predict similarity scores. For
example, in Tixier et al. (2015pde2vec was used for encoding node embeddings.

en, two-dimensional (2D) histograms obtained from those node embeddings were
passed to a classical 2@nvolutional neural network(CNN) architecture designed for
images. Such a simple yet powerful approach enabled good results to be derived from
many benchmark datasets.

Graph kernel-based methods

Graph kernel-based methodsave generated a lot of interest in terms of capturing the
similarity between graphs. ese approaches compute the similarity between two graphs

as a function of the similarities between some of their substructures. Di erent graph
kernels exist based on the substructures they use, which include random walks, shortest
paths, and subgraphs. As an example, a matalbedDeep Graph Kernel§DGK)

(Yanardag et al., 2015) decomposes graphs into substructures that are viewed as "words".
en, natural language processin{NLP) approaches such esntinuous bag of words
(CBOW) andskip-gram areused to learn latent representations of the substructures. is
way, the kernel between two graphs is de ned based on the similarity of the substructure
space.

GNN-based methods

With the emergence aeep learning(DL) techniques, GNNs have become a powerful
new tool for learning representations on graphs. Such powerful models can be easily
adapted to various tasks, including graph similarity learning. Furthermore, they present
a key advantage with respect to other traditional graph embedding approaches. Indeed,
while the latter generally learn the representation in an isolated stage, in this kind of
approach, the representation learning and the target learning task are conducted jointly.
erefore, the GNN deep models can better leverage the graph features for the specic
learning task. We have already seen an example of similarity learning using GNNs in
Chapter 3Unsupervised Graph Learnjnghere a two-branch network was trained to
estimate the proximity distance between two graphs.
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Applications

Similarity learning on graphs has already achieved promising results in many domains.
Important applications may be found in chemistry and bioinformatics—for example, for
nding the chemical compounds that are most similar to a query compound, as illustrated
on the le -hand side of the following diagram. In neuroscience, similarity learning
methods have started to be applied to measure the similarity of brain networks among
multiple subjects, allowing the novel clinical investigation of brain diseases:

NH,
HsC
NH, CHs
CH3
H3C
(a) chemical similarity (b) human pose similarity

Figure 5.4 — Example of how graphs can be useful for representing various objects: (a) di erences
between two chemical compounds; (b) di erences between two human poses

Graph similarity learning has also been explored in computer security, where novel
approaches have been proposed for the detection of vulnerabilities in so ware systems

as well as hardware security problems. Recently, a trend for applying such solutions to
solve computer vision problems has been observed. Once the challenging problem of
converting images into graph data has been solved, interesting solutions can indeed be
proposed for human action recognition in video sequences and object matching in scenes,
among other areas (as shown on the right-hand siéigafe 5.1
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In this chapter, we have learned how graph-based ML techniques can be used to solve
many di erent problems.

In particular, we have seen that the same algorithm (or a slightly modi ed version of it)
can be adapted to solve apparently very di erent tasks such as link prediction, community
detection, and graph similarity learning. We have also seen that each problem has its
own peculiarities, which have been exploited by researchers in order to design more
sophisticated solutions.

In the next chapter, we will explore real-life problems that have been solved using ML.






Section 3 —

Advanced
Applications of
Graph Machine
Learning

In this section, the reader will acquire a more practical knowledge of the methods
outlined in the previous chapters by applying them to real-world use cases and learn how
to scale out the approaches to structured and unstructured datasets.

is section comprises the following chapters:

Chapter 6Social Network Graphs

Chapter 7Text Analytics and Natural Language Processing Using Graphs
Chapter 8Graphs Analysis for Credit Card Transactions

Chapter 9Building a Data-Driven Graph-Powered Application

Chapter 10Novel Trends on Graphs






6

Social Network
Graphs

e growth of social networking sites has been one of the most active trends in digital

media over the years. Since the late 1990s, when the rst social applications were
published, they have attracted billions of active users worldwide, many of whom have
integrated digital social interactions into their daily lives. New ways of communication are
being driven by social networks such as Facebook, Twitter, and Instagram, among others.
Users can share ideas, post updates and feedback, or engage in activities and events while
sharing their broader interests on social networking sites.

Besides, social networks constitute a huge source of information for studying user

behaviors, interpreting interaction among people, and predicting their interests.

Structuring them as graphs, where a vertex corresponds to a person and an edge represents
the connection between them, enables a powerful tool to extract useful knowledge.

However, understanding the dynamics that drive the evolution of a social network is
a complex problem due to a large number of variable parameters.

In this chapter, we will talk about how we can analyze the Facebook social network
using graph theory and how we can solve useful problems such as link prediction
and community detection using machine learning.
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e following topics will be covered in this chapter:

» Overview of the dataset
* Network topology and community detection

» Embedding for supervised and unsupervised tasks

Technical requirements

We will be usinglupytemotebooks witiPython3.8 for all of our exercises. e following

is a list of the Python libraries that need to be installed for this chaptempigsingor
example, rumpip install networkx==2.5 on the command line:

Jupyter==1.0.0

networkx==2.5

scikit-learn==0.24.0

numpy==1.19.2

node2vec==0.3.3

tensorflow==2.4.1

stellargraph==1.2.1

communities==2.2.0
git+https://github.com/palash1992/GEM.git

In the rest of this chapter, if not clearly stated, we will refex tpd, andnp as results
of the following Python commandsaport networkx asnx, import pandas  as
pd, andimport numpy  asnp.

All code les relevant to this chapter are availablgtps:/github.com/
PacktPublishing/Graph-Machine-Learning/tree/main/Chapter06

Overview of the dataset

We will be using th&ocial circles SNAP Facebook public datgdedbm Stanford
University fttps://snap.stanford.edu/data/ego-Facebook.html ).

e dataset was created by collecting Facebook user information from survey participants.

Ego networks were created from 10 users. Each user was asked to identiéyreléshe

(list of friends) to which their friends belong. On average, each user identi ed 19 circles

in their ego networks where each circle has on average 22 friends.


https://github.com/PacktPublishing/Graph-Machine-Learning/tree/main/Chapter06
https://github.com/PacktPublishing/Graph-Machine-Learning/tree/main/Chapter06
https://snap.stanford.edu/data/ego-Facebook.html
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For each user, the following information was collected:

Edges An edge exists if two users are friends on Facebook.

Node features Features we label&df the user has this property in their pro le
andO0 otherwise. Features have been anonymized since the names of the features
would reveal private data.

e 10 ego networks were then uni ed in a single graph that we are going to study.

Dataset download

e dataset can be retrieved using the following URitps://snap.stanford.
edu/data/ego-Facebook.html . In particular, three les can be downloaded:
facebook.tar.gz , facebook_combined.txt.gz , andreadme-Ego.txt

Let's inspect each le separately:

facebook.tar.gz . isis an archive containing four les for eachgo user
(40 les in total). Each le is namatbdeld.extension wherenodeld is
the node ID of the ego user aextension is eitheredges , circles ,feat |,
egofeat , orfeatnames . e following provides more details:

a.nodeld.edges : is contains a list of edges for the network of the
nodeld node.

b. nodeld.circles . is contains several lines (one for each circle). Each line
consists of a name (the circle name) followed by a series of node IDs.

c.nodeld.feat : is contains the features @ if nodeld has the featurd,
otherwise) for each node in the ego network.

d.nodeld.egofeat  : is contains the features for the ego user.
e.nodeld.feathame : is contains the names of the features.

facebook_combined.txt.gz . is is an archive containing a single
le, facebook_combined.txt , Which is a list of edges from all the ego
networks combined.

readme-Ego.txt  : is contains a description for the previously mentioned les.

Take a look at those les by yourself. It is strongly suggested to explore and become as
comfortable as possible with the dataset before starting any machine learning task.


https://snap.stanford.edu/data/ego-Facebook.html
https://snap.stanford.edu/data/ego-Facebook.html
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Loading the dataset using networkx

e rst step of our analysis will be loading the aggregated ego networks using

networkx . As we have seen in previous chaptestsyorkx is powerful for graph

analysis and, given the size of the datasets, will be the perfect tool for the analysis that we
will be doing in this chapter. However, for larger social network graphs with billions of
nodes and edges, more speci ¢ tools might be required for loading and processing them.
We will cover the tools and technologies used for scaling out the anal@biapter 9

Building a Data-Driven Graph-Powered Application

As we have seen, the combined ego network is represented as a list of edges. We can create
an undirected graph from a list of edges usietgvorkx as follows:

G = nx.read_edgelist("facebook combined.txt", create_using=nx.
Graph(), nodetype=int)

Let's print some basic information about the graph:
print(nx.info(G))
e output should be as follows:

Name:

Type: Graph

Number of nodes: 4039
Number of edges: 88234
Average degree: 43.6910

As we can see, the aggregated network comt@8% nodes an®8234 edges. is is

a fairly connected network with a number of edges more than 20 times the number of
nodes. Indeed, several clusters should be present in the aggregated networks (likely the
small worlds of each ego user).

Drawing the network will also help in better understanding what we are going to analyze.
We can draw the graph usingtworkx as follows:

nx.draw_networkx(G, pos=spring_pos, with_labels=False, node__
size=35)
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e output should be as follows:

Figure 6.1 — e aggregated Facebook ego network

We can observe the presence of highly interconnected hubs. is is interesting from a
social network analysis point of view since they might be the result of underlying social
mechanisms that can be further investigated for better understanding the structure of
an individual's relationships with respect to their world.

Before continuing our analysis, let's save the IDs of the ego user nodes inside the network.
We can retrieve them from the les contained in thesbook.tar.gz archive.

First, unpack the archive. e extracted folder will be nanfadebook . Let's run the
following Python code for retrieving the IDs by taking the rst part of each lename:

ego_nodes = set([int(hame.split('.")[0]) for name in
os.listdir("facebook/™)])

We are now ready for analyzing the graph. In particular, in the next section, we will better
understand the structure of the graph by inspecting its properties. is will help us to have
a clearer idea of its topology and its relevant characteristics.

Network topology and community detection

Understanding the topology of the network as well as the role of its nodes is a crucial step
in the analysis of a social network. It is important to keep in mind that, in this context,
nodes are actually users, each with their own interests, habits, and behaviors. Such
knowledge will be extremely useful when performing predictions and/or nding insights.
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We will be usingnetworkx  to compute most of the useful metrics we have seen in
Chapter 1Getting Started with Graphé/e will try to give them an interpretation to
collect insight into the graph. Let's begin as usual, by importing the required libraries
and de ning some variables that we will use throughout the code:

import os

import math

import numpy as np

import networkx as nx

import matplotlib.pyplot as plt
default_edge_color = 'gray’
default_node_color = #407cc9'
enhanced_node_color = '#f5b042'
enhanced_edge_color = '#cc2f04'

We can now proceed to the analysis.

Topology overview

As we havalready seen before, our combined network has 4,039 nodes and more than
80,000 edges. e next metric we will compute is assortativity. It will reveal information
about the tendency of users to be connected with users with a similar degree. We can do
that as follows:

assortativity = nx.degree_pearson_correlation_coefficient(G)
e output should be as follows:
0.06357722918564912

Here we can observe a positive assortativity, likely showing that well-connected
individuals associate with other well-connected individuals (as we have €Hwapter 1
Getting Started with Graphsis is expected since inside each circle users might tend to
be highly connected to each other.

Transitivity could also help at better understanding how individuals are connected. Recal
transitivity indicates the mean probability that two people with a common friend are
themselves friends:

t = nx.transitivity(G)
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e output should be as follows:
0.5191742775433075

Here we have the probability of around 50% that two friends can or cannot have common friends.

e observation is also con rmed by computing the average clustering coe cient. Indeed,
it can be considered as an alternative de nition of transitivity:

aC = nx.average_clustering(G)
e output should be as follows:
0.6055467186200876

Notice that the clustering coe cient tends to be higher than transitivity. Indeed, by
de nition, it puts more weight on vertices with a low degree, since they have a limited
number of possible pairs of neighbors (the denominator of the local clustering coe cient).

Node centrality

Once we have a clearer idea of what the overall topology looks like, we can proceed by
investigating the importance of each individual inside the network. As we have seen in
Chapter 1Getting Started with Graphée rst de nition of importance can be given

by means of the betweenness centrality metric. It measures how many shortest paths
pass through a given node, giving an idea of¢etralthat node is for the spreading

of information inside the network. We can compute it using the following:

bC = nx.betweenness_centrality(G)
np.mean(list(bC.values()))

e output should be as follows:
0.0006669573568730229

e average betweenness centrality is pretty low, which is understandable given the

large amount of non-bridging nodes inside the network. However, we could collect better
insight by visual inspection of the graph. In particular, we will draw the combined ego
network by enhancing nodes with the highest betweenness centrality. Let's de ne a proper
function for this:

def draw_metric(G, dct, spring_pos):
top = 10
max_nodes = sorted(dct.items(), key=lambda v: -v[1])[:top]
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max_keys = [key for key, in max_nodes]
max_vals = [val*300 for _, val in max_nodes]
plt.axis("off")
nx.draw_networkx(G,
pos=spring_pos,
cmap='Blues’,
edge_color=default_edge_color,
node_color=default_node_color,
node_size=3,
alpha=0.4,
with_labels=False)

nx.draw_networkx_nodes(G,
pos=spring_pos,
nodelist=max_keys,
node_color=enhanced_edge_color,
node_size=max_vals)

Now let's invoke it as follows:
draw_metric(G,bC,spring_pos)

e output should be as follows:

Figure 6.2 — Betweenness centrality
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Let's also inspect the degree centrality of each node. Since this metric is related to the
number of neighbors of a node, we will have a clearer idea of how well the nodes are
connected to each other:

deg_C = nx.degree_centrality(G)
np.mean(list(deg_C.values()))
draw_metric(G,deg_C,spring_pos)

e output should be as follows:
0.010819963503439287

Here is a representation of the degree centrality:

Figure 6.3 — Degree centrality

Finally, let's also have a look at the closeness centrality. is will help us understand how
close nodes are to each other in terms of the shortest path:

clos_C = nx.closeness_centrality(G)
np.mean(list(clos_C.values()))
draw_metric(G,clos_C,spring_pos)

e output should be as follows:

0.2761677635668376
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Here is a representation of the closeness centrality:

Figure 6.4 — Closeness centrality

From the centrality analysis, it is interesting to observe that each central node seems to be
part of a sort of community (this is reasonable, since the central nodes might correspond
to the ego nodes of the network). It is also interesting to notice the presence of a bunch of
highly interconnected nodes (especially from the closeness centrality analysis). Let's thus
identify these communities in the next part of our analysis.

Community detection

Since we are performing social network analysis, it is worth exploring one of the most
interesting graph structures for social networks: communities. If you use Facebook,

it is very likely that your friends re ect di erent aspects of your life: friends from an
educational environment (high school, college, and so on), friends from your weekly
football match, friends you have met at parties, and so on.

An interesting aspect of social network analysis is to automatically identify such groups.
is can be done automatically, inferring them from topological properties, or semi-
automatically, exploiting some prior insight.

One good criterion is to try to minimize intra-community edges (edges connecting
members of di erent communities) while maximizing inter-community edges
(connecting members within the same community).

We can do that imetworkx as follows:

import community

parts = community.best_partition(G)

values = [parts.get(node) for node in G.nodes()]
n_sizes = [5]*len(G.nodes())
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plt.axis("off")
nx.draw_networkx(G, pos=spring_pos, cmap=plt.get_cmap("Blues"),
edge_color=default_edge_color, node_color=values, node_size=n_

sizes, with_labels=False)

e output should be as follows:

»

Figure 6.5 — Detected communities using networkx
In this context, it is also interesting to investigate whether the ego users occupy some roles
inside the detected communities. Let's enhance the size and color of the ego user nodes
as follows:

for node in ego_nodes:

n_sizes[node] = 250
nodes = nx.draw_networkx_nodes(G,spring_pos,ego_nodes,node__
color=[parts.get(node) for node in ego_nodes])

nodes.set_edgecolor(enhanced_node_color)

e output should be as follows:

Figure 6.6 — Detected communities using networkx with the ego users node size enhanced
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It is interesting to notice that some ego users belong to the same community. It is possible
that ego users are actual friends on Facebook, and therefore their ego networks are
partially shared.

We have now completed our basic understanding of the graph structure. We now know
that some important nodes can be identi ed inside the network. We have also seen the
presence of well-de ned communities to which those nodes belong. Keep in mind these
observations while performing the next part of the analysis, which is applying machine
learning methods for supervised and unsupervised tasks.

Embedding for supervised and unsupervised
tasks

Social media represents, nhowadays, one of the most interesting and rich sources of
information. Every day, thousands of new connections arise, new users join communities,
and billions of posts are shared. Graphs mathematically represent all those interactions,
helping to make order of all such spontaneous and unstructured tra c.

When dealing with social graphs, there are many interesting problems that can be
addressed using machine learning. Under the correct settings, it is possible to extract
useful insights from this huge amount of data, for improving your marketing strategy,
identifying users with dangerous behaviors (for example, terrorist networks), and
predicting the likelihood that a user will read your new post.

Speci cally, link prediction is one of the most interesting and important research topics in
this eld. Depending on what @nnectionn your social graph represents, by predicting
future edges, you will be able to predict your next suggested friend, the next suggested
movie, and which product you are likely to buy.

As we have already seerGhapter SProblems with Machine Learning on Grapies
link prediction task aims at forecasting the likelihood of a future connection between two
nodes and it can be solved using several machine learning algorithms.

In the next examples, we will be applying supervised and unsupervised machine learning
graph embedding algorithms for predicting future connections on the SNAP Facebook
social graph. Furthermore, we will evaluate the contribution of node features in the
prediction task.
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Task preparation

In order to perform the link prediction task, it is necessary to prepare our dataset. e
problem will be treated as a supervised task. Pairs of nodes will be provided to each
algorithm as input, while the target will be binary, thatasinected the two nodes

are actually connected in the network, &od connectedtherwise.

Since we aim to cast this problem as a supervised learning task, we need to create a
training and testing dataset. We will therefore create two new subgraphs with the same
numbers of nodes but di erent numbers of edges (as some edges will be removed and
treated as positive samples for training/testing the algorithm).

e stellargraph library provides a useful tool for splitting the data and creating
training and test reduced subgraphs. is process is similar to the one we have already
seen inChapter 5Problems with Machine Learning on Graphs

from sklearn.model_selection import train_test split

from stellargraph.data import EdgeSplitter

from stellargraph import StellarGraph

edgeSplitter = EdgeSplitter(G)

graph_test, samples_test, labels_test = edgeSplitter.train_
test_split(p=0.1, method="global", seed=24)

edgeSplitter = EdgeSplitter(graph_test, G)

graph_train, samples_train, labels_train = edgeSplitter.train_
test_split(p=0.1, method="global", seed=24)

We are using thEdgeSplitter class to extract a fractiop<10%) of all the edges

in G as well as the same number of negative edges, in order to obtain a reduced graph,
graph_test . e train_test_split method also returns a list of node pairs,
samples_test  (where each pair corresponds to an existing or not existing edge in the
graph), and a list of binary targelabels_test ) of the same length of tisamples_

test list. en, from such a reduced graph, we are repeating the operation to obtain
another reduced grapbraph_train , as well as the correspondsamples_train
andlabels_train lists.

We will be comparing three di erent methods for predicting missing edges:

» Method 1 node2vec will be used to learn a node embedding without supervision.
e learned embedding will be used as input for a supervised classi cation
algorithm to determine whether the input pair is actually connected.
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Method 2 e graph neural network-based algorithm GraphSAGE will be used
to jointly learn the embedding and perform the classi cation task.

Method 3 Hand-cra ed features will be extracted from the graph and used as
inputs for a supervised classi er, together with the nodes' IDs.

Let's analyze them in more detail.

node2vec-based link prediction
e herein proposed method is carried out in several steps:

1.

We use node2vec to generate node embeddings without supervision from the
training graph. is can be done using theode2vec Python implementation, as
we have already seenGhapter 5Problems with Machine Learning on Graphs

from node2vec import Node2Vec
node2vec = Node2Vec(graph_train)
model = node2vec.fit()

en, we use HadamardEmbedder for generating an embedding for each pair of
embedded nodes. Such feature vectors will be used as input to train the classi er:

from node2vec.edges import HadamardEmbedder

edges_embs = HadamardEmbedder(keyed_ vectors=model.wv)

train_embeddings = [edges_embs[str(x[0]),str(x[1])] for
X in samples_train]

It's time for training our supervised classi er. We will be using the RandomForest
classi er, a powerful decision tree-based ensemble algorithm:

from sklearn.ensemble import RandomForestClassifier
from sklearn import metrics

rf = RandomForestClassifier(n_estimators=10)
rf.fit(train_embeddings, labels_train);

Finally, let's apply the trained model for creating the embedding of the test set:

edges_embs = HadamardEmbedder(keyed_vectors=model.wv)
test_embeddings = [edges_embs[str(x[0]),str(x[1])] for x
in samples_test]
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5. Now we are ready to perform the prediction on the test set using our trained model:

y_pred = rf.predict(test_embeddings)

print('Precision:', metrics.precision_score(labels_test,
y_pred))

print('Recall:', metrics.recall_score(labels_test, y
pred))

print('F1-Score:', metrics.f1_score(labels_test, y pred))

6. e output should be as follows:

Precision: 0.9701333333333333
Recall: 0.9162573983125551
F1-Score: 0.9424260086781945

Not bad at all' We can observe that the node2vec-based embedding already provides
a powerful representation for actually predicting links on the combined Facebook
€go network.

GraphSAGE-based link prediction

Next, we will use GraphSAGE for learning node embeddings and classifying edges. We
will build a two-layer GraphSAGE architecture that, given labeled pairs of nodes, outputs
a pair of node embeddings. en, a fully connected neural network will be used to process
these embeddings and produce link predictions. Notice that the GraphSAGE model

and the fully connected network will be concatenated and trained end to end so that

the embeddings learning stage is in uenced by the predictions.

Featureless approach

Before starting, we may recall fr@hapters 4, Supervised Graph LeargndChapter

5, Problems with Machine Learning on Grapihat GraphSAGE needs node descriptors
(features). Such features may or may not be available in your dataset. Let's begin our
analysis by not considering available node features. In this case, a common approach is
to assign to each node a one-hot feature vector of levigfthg number of nodes in

the graph), where only the cell corresponding to the given node is 1, while the remaining
cells are 0.
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is can be done in Python andchetworkx as follows:

eye = np.eye(graph_train.number_of nodes())

fake features = {n:eye[n] for n in G.nodes()}
nx.set_node_attributes(graph_train, fake features, "fake")
eye = np.eye(graph_test.number_of nodes())
fake_features = {n:eye[n] for n in G.nodes()}
nx.set_node_attributes(graph_test, fake features, "fake")

In the preceding code snippet, we did the following:

1. We created an identity matrix of sizg. [Each row of the matrix is the one-hot
vector we need for each node in the graph.

2. en, we created a Python dictionary where, for eachlelD (used as the key),
we assign the corresponding row of the previously created identity matrix.

3. Finally, the dictionary was passed tortbigvorkx set_node_attributes
function to assign the "fake" features to each node methrkx graph.

Notice that the process is repeated for both the training and test graph.

e next step will be de ning the generator that will be used to feed the model. We will
be using thetellargraph GraphSAGELinkGenerator  for this, which essentially
provides the model with pairs of nodes as input:

from stellargraph.mapper import GraphSAGELinkGenerator
batch_size = 64

num_samples = [4, 4]

# convert graph_train and graph_test for stellargraph

sg_graph_train = StellarGraph.from_networkx(graph_train, node_
features="fake")

sg_graph_test = StellarGraph.from_networkx(graph_test, node
features="fake")

train_gen = GraphSAGELinkGenerator(sg_graph_train, batch_size,
num_samples)

train_flow = train_gen.flow(samples_train, labels_train,
shuffle=True, seed=24)

test_gen = GraphSAGELinkGenerator(sg_graph_test, batch_size,
num_samples)

test_flow = test_gen.flow(samples_test, labels_test, seed=24)
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Note that we also need to de batch_size  (number of inputs per minibatch) and the
number of rst- and second-hop neighbor samples that GraphSAGE should consider.

Finally, we are ready to create the model:

from stellargraph.layer import GraphSAGE, link_classification

from tensorflow import keras

layer_sizes = [20, 20]

graphsage = GraphSAGE(layer_sizes=layer_sizes, generator=train_
gen, bias=True, dropout=0.3)

X_inp, X_out = graphsage.in_out_tensors()

# define the link classifier

prediction = link_classification(output_dim=1, output_

model = keras.Model(inputs=x_inp, outputs=prediction)
model.compile(
optimizer=keras.optimizers.Adam(Ir=1e-3),
loss=keras.losses.mse,
metrics=["acc"],

)

In the preceding snippet, we are creating a GraphSAGE model with two hidden layers
of size 20, each with a bias term and a dropout layer for reducing over tting. en,

the output of the GraphSAGE part of the module is concatenated livith a

classification layer that takes pairs of node embeddings (output of GraphSAGE),
uses binary operators (inner produigt; in our case) to produce edge embeddings, and
nally passes them through a fully connected neural network for classi cation.

e model is optimized via the Adam optimizer (learning ratée=3 ) using the mean
squared error as a loss function.

Let's train the model for 10 epochs:

epochs =10

history = model.fit(train_flow, epochs=epochs, validation_
data=test_flow)
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e output should be as follows:

Epoch 18/20
loss: 0.4921 - acc: 0.8476 - val_loss: 0.5251 - val_acc: 0.7884
Epoch 19/20
loss: 0.4935 - acc: 0.8446 - val_loss: 0.5247 - val_acc: 0.7922
Epoch 20/20
loss: 0.4922 - acc: 0.8476 - val_loss: 0.5242 - val_acc: 0.7913

Once trained, let's compute the performance metrics over the test set:

from sklearn import metrics
y_pred = np.round(model.predict(train_flow)).flatten()

print('Precision:', metrics.precision_score(labels_train, y
pred))

print('Recall:', metrics.recall_score(labels_train, y_pred))
print('F1-Score:', metrics.f1_score(labels_train, y pred))

e output should be as follows:

Precision: 0.7156476303969199
Recall: 0.983125550938169
F1-Score: 0.8283289124668435

As we can observe, performances are lower than the ones obtained in the node2vec-based
approach. However, we are not considering real node features yet, which could represent
a great source of information. Let's do that in the following test.

Introducing node features

e process of extracting node features for the combined ego network is quite verbose.

is is because, as we have explained in the rst part of the chapter, each ego network is
described using several les, as well as all the feature names and values. We have written
useful functions for parsing all the ego network in order to extract the node features. You
can nd their implementation in the Python notebook provided in the GitHub repository.
Here, let's just brie y summarize how they work:

e e load_features function parses each ego network and creates two dictionaries:
a.feature_index , which maps numeric indices to feature names

b.inverted_feature_indexes , Wwhich maps names to numeric indices
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e e parse_nodes function receives the combined ego netw@ind the ego
nodes' IDs. en, each ego node in the network is assigned with the corresponding
features previously loaded using tbad_features function.

Let's invoke them in order to load a feature vector for each node in the combined
ego network:

load_features()
parse_nodes(G, ego_nodes)

We can easily check the result by printing the information of one node in the network (for
example, the node with ID):

print(G.nodes[0])
e output should be as follows:
{features" array([1., 1., 1., ..., 0., 0., 0.0}

As we can observe, the node has a dictionary containing a key featoees . e
corresponding value is the feature vector assigned to this node.

We are now ready to repeat the same steps used before for training the GraphSAGE
model, this time usinfpatures  as the key when converting thetworkx  graph
to theStellarGraph format:

sg_graph_train = StellarGraph.from_networkx(graph_train, node__
features="features")

sg_graph_test = StellarGraph.from_networkx(graph_test, node__
features="features")

Finally, as we have done before, we create the generators, compile the model, and train it
for 10 epochs:

train_gen = GraphSAGELinkGenerator(sg_graph_train, batch_size,
num_samples)

train_flow = train_gen.flow(samples_train, labels_train,
shuffle=True, seed=24)

test gen = GraphSAGELinkGenerator(sg_graph_test, batch_size,
num_samples)

test flow = test_gen.flow(samples_test, labels_test, seed=24)
layer_sizes = [20, 20]
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graphsage = GraphSAGE(layer_sizes=layer_sizes, generator=train_
gen, bias=True, dropout=0.3)
X_inp, X_out = graphsage.in_out_tensors()
prediction = link_classification(output_dim=1, output
act="sigmoid", edge_embedding_method="ip")(x_out)
model = keras.Model(inputs=x_inp, outputs=prediction)
model.compile(
optimizer=keras.optimizers.Adam(lr=1e-3),
loss=keras.losses.mse,
metrics=["acc"],
)
epochs = 10
history = model.fit(train_flow, epochs=epochs, validation_
data=test_flow)

Notice that we are using the same hyperparameters (including the number of layers, batch
size, and learning rate) as well as the random seed, to ensure a fair comparison between
the models.

e output should be as follows:

Epoch 18/20
loss: 0.1337 - acc: 0.9564 - val_loss: 0.1872 - val_acc: 0.9387
Epoch 19/20
loss: 0.1324 - acc: 0.9560 - val_loss: 0.1880 - val_acc: 0.9340
Epoch 20/20
loss: 0.1310 - acc: 0.9585 - val_loss: 0.1869 - val_acc: 0.9365

Let's evaluate the model performance:

from sklearn import metrics
y_pred = np.round(model.predict(train_flow)).flatten()

print('Precision:’, metrics.precision_score(labels_train, y_
pred))
print('Recall:', metrics.recall_score(labels_train, y_pred))

print('F1-Score:', metrics.f1_score(labels_train, y pred))
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We can check the output:

Precision: 0.7895418326693228
Recall: 0.9982369978592117
F1-Score: 0.8817084700517213

As we can see, the introduction of real node features has brought a good improvement,
even if the best performances are still the ones achieved using the node2vec approach.

Finally, we will evaluate a shallow embedding approach where hand-cra ed features will
be used for training a supervised classi er.

Hand-crafted features for link prediction

As we have already seerGhapter 4Supervised Graph Learnjistpallow embedding
methodsrepresent a simple yet powerful approach for dealing with supervised tasks.
Basically, for each input edge, we will compute a set of metrics that will be given as input
to a classi er.

In this example, for each input edge represented as a pair of npdefr metrics will
be considered, namely the following:

» Shortest path e length of the shortest path betweanandv. If u andv are
directly connected through an edge, this edge will be removed before computing the
shortest path. e valueO will be used ifi is not reachable from

» e Jaccard coe cient : Given a pair of nodes,y), it is de ned as the intersection
over a union of the set of neighborsuaindv. Formally, les(u) be the set of
neighbors of the node ands(v) be the set of neighbors of the nade

() = s(u) és(v)
Y= s(u) és(v)
e e ucentrality : e degree centrality computed for node
 evcentrality : e degree centrality computed for node

e e ucommunity : e community ID assigned to nodei using the Louvain
heuristic.

e evcommunity : e community ID assigned to noder using the Louvain heuristic.

We have written a useful function for computing these metrics using Python and
networkx . You can nd the implementation in the Python notebook provided in the
GitHub repository.
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Let's compute the features for each edge in the training and the test set:

feat_train = get_hc_features(graph_train, samples_train,
labels_train)

feat test = get _hc_features(graph_test, samples_test, labels
test)

In the proposed shallow approach, these features will be directly used as input for a
Random Forest classi er. We will use itscikit-learn implementation as follows:

from sklearn.ensemble import RandomForestClassifier
from sklearn import metrics

rf = RandomForestClassifier(n_estimators=10)
rf.fit(feat_train, labels_train);

e preceding lines automatically instantiate and train a RandomForest classi er using the
edge features we have computed before. We are now ready to compute the performance
as follows:

y_pred = rf.predict(feat_test)

print('Precision:’, metrics.precision_score(labels_test, y
pred))

print('Recall:', metrics.recall_score(labels_test, y pred))
print('F1-Score:', metrics.f1_score(labels_test, y _pred))

e output will be as follows:

Precision: 0.9636952636282395
Recall: 0.9777853337866939
F1-Score: 0.9706891701828411

Surprisingly, the shallow method based on hand-cra ed features performs better than
the others.
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Summary of results

In the preceding examples, we have trained three algorithms on learning, with and
without supervision, useful embeddings for link prediction. In the following table, we
summarize the results:

Algorithm Embedding Node Features | Precision Recall F1-Score
node2vec Unsupervised | No 0.97 0.92 0.94
GraphSAGE | Supervised Yes 0.72 0.98 0.83
GraphSAGE | Supervised No 0.79 1.00 0.88
Shallow manual No 0.96 0.98 0.7

Table 6.1 — Summary of the results achieved for the link prediction task

As shown inTable 6.1the node2vec-based method is already able to achieve a high
level of performance without supervision and per-node information. Such high results
might be related to the particular structure of the combined ego network. Due to the
high sub-modularity of the network (since it is composed of several ego networks),
predicting whether two users will be connected or not might be highly related to the way
the two candidate nodes are connected inside the network. For example, there might be
a systematic situation in which two users, both connected to several users in the same
ego network, have a high chance of being connected as well. On the other hand, two
users belonging to di erent ego networksyery farfrom each other, are likely to not be
connected, making the prediction task easier. is is also con rmed by the high results
achieved using the shallow method.

Such a situation might be confusing, instead, for more complicated algorithms like
GraphSAGE, especially when node features are involved. For example, two users might
share similar interests, making them very similar. However, they might belong to di erent
ego networks, where the corresponding ego users live in two very di erent parts of the
world. So, similar users, which in principle should be connected, are not. However, it is
also possible that such algorithms are predicting something further in the future. Recall
that the combined ego network is a timestamp of a particular situation in a given period
of time. Who knows how it might have evolved right now!
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Interpreting machine learning algorithms is probably the most interesting challenge of
machine learning itself. For this reason, we should always interpret results with care. Our
suggestion is always to dig into the dataset and try to give an explanation of your results.

Finally, it is important to remark that each of the algorithms was not tuned for the
purpose of this demonstration. Di erent results can be obtained by properly tuning
each hyperparameter and we highly suggest you try to do this.

Summary

In this chapter, we have seen how machine learning can be useful for solving practical
machine learning tasks on social network graphs. Furthermore, we have seen how future
connections can be predicted on the SNAP Facebook combined ego network.

We reviewed graph analysis concepts and used graph-derived metrics to collect insight on
the social graph. en, we benchmarked several machine learning algorithms on the link
prediction task, evaluating their performance and trying to give them interpretations.

In the next chapter, we will focus on how similar approaches can be used to analyze
a corpus of documents using text analytics and natural language processing.



v

Text Analytics

and Natural
Language Processing
Using Graphs

Nowadays, a vast amount of information is available in the form of text in terms of natural
written language. e very same book you are reading right now is one such example. e
news you read every morning, the tweets or the Facebook posts you sent/read earlier, the
reports you write for a school assignment, the emails we write continuously — these are all
examples of information we exchange via written documents and text. It is undoubtedly
the most common way of indirect interaction, as opposed to direct interaction such

as talking or gesticulating. It is, therefore, crucial to be able to leverage such kinds of
information and extract insights from documents and texts.

e vast amount of information present nowadays in this form has determined the great
development and recent advances in the eldatfiral language processin¢NLP).
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In this chapter, we will show you how to process natural language texts and review some
basic models that allow us to structure text information. Using the information that's been
extracted from a corpus of documents, we will show you how to create networks that can
be analyzed using some of the techniques we have seen in previous chapters. In particular,
using a tagged corpus we will show you how to develop both supervised (classi cation
models to classify documents in pre-determined topics) and unsupervised (community
detection to discover new topics) algorithms.

e chapter covers the following topics:

e Providing a quick overview of a dataset
» Understanding the main concepts and tools used in NLP
e Creating graphs from a corpus of documents

e Building a document topic classi er

THFKQLFDODUHTXLUHPHQWYV

We will be usingython 3.8or all our exercises. e following is a list of Python libraries
that you must install for this chapter using pip. To do this, run, for exapiple,
install networkx==2.4 on the command line and so on:

networkx==2.4
scikit-learn==0.24.0
stellargraph==1.2.1
spacy==3.0.3
pandas==1.1.3
numpy==1.19.2
node2vec==0.3.3
Keras==2.0.2
tensorflow==2.4.1
communities==2.2.0

gensim==3.8.3
matplotlib==3.3.4
nltk==3.5

fasttext==0.9.2

All the code les relevant to this chapter are availalit@://github.com/
PacktPublishing/Graph-Machine-Learning/tree/main/Chapter07


https://github.com/PacktPublishing/Graph-Machine-Learning/tree/main/Chapter07
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Providing a quick overview of a dataset

To show you how to process a corpus of documents with the aim of extracting relevant
information, we will be using a dataset derived from a well-known benchmark in the

eld of NLP: the so-calleReuters-21578 e original dataset includes a set of 21,578

news articles that were published in the nancial Reuters newswire in 1987, which were
assembled and indexed in categories. e original dataset has a very skewed distribution,
with some categories appearing only in the training set or in the test set. For this reason,
we will use a modi ed version, known AgteMod, also referred to &euters-21578
Distribution 1.0 that has a smaller skew distribution and consistent labels between the
training and test datasets.

Even though these articles are a bit outdated, the dataset has been used in a plethora
of papers on NLP and still represents a dataset that's o en used for benchmarking
algorithms.

Indeed, Reuters-21578 contains enough documents for interesting post-processing and
insights. A corpus with a larger number of documents can easily be found nowadays (see,
for instancehttps://github.com/niderhoff/nip-datasets for an overview

of the most common ones), but they may require larger storage and computational power
so that they can be processedChapter 9, Building a Data-Driven, Graph-Powered
Application we will show you some of the tools and libraries that can be used to scale out
your application and analysis.

Each document of the Reuters-21578 dataset is provided with a set of labels that
represent its content. is makes it a perfect benchmark for testing both supervised and
unsupervised algorithms. e Reuters-21578 dataset can easily be downloaded using the
nitk library (which is a very useful library for post-processing documents):

from nltk.corpus import reuters
corpus = pd.DataFrame([
{"id": _id,
"text": reuters.raw(_id).replace("\n", "),
“"label": reuters.categories(_id)}
for _id in reuters.fileids()

)


https://github.com/niderhoff/nlp-datasets
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As you will see from inspecting therpus DataFrame, the IDs are in the form
training/{ID} andtest/{ID}  , which makes it clear which documents should

be used for training and for testing. To start, let's list all the topics and see how many
documents there are per topic using the following code:

from collections import Counter

Counter([label for document_labels in corpus[‘label"] for label
in document_labels]).most_common()

e Reuters-21578 dataset includes 90 di erent topics with a signi cant degree of

unbalance between classes, with almost 37% of the documentaisstit®mmon

category and only 0.01% in each of the ve least common categories. As you can see from
inspecting the text, some of the documents have some newline characters embedded,
which can easily be removed in the rst text cleaning stage:

corpus['clean_text"] = corpus["text"].apply(
lambda x: x.replace("\n", ")

)

Now that we have loaded the data in memory, we can start analyzing it. In the next
subsection, we will show you some of the main tools that can be used for dealing with
unstructured text data. ey will help you extract structured information so that it can be
used with ease.

Understanding the main concepts and tools
used in NLP

When processing documents, the rst analytical step is certainly to infer the document
language. Most analytical engines that are used in NLP tasks are, in fact, trained on
documents in a speci ¢ language and should only be used for such a language. Some
attempts to build cross-language models (see, for instance, multi-lingual embeddings such
ashttps://fasttext.cc/docs/en/aligned-vectors.html andhttps://
github.com/google-research/bert/blob/master/multilingual.md )

have recently gained increasing popularity, although they still represent a smail pbrt

NLP models. erefore, it is very common to rst infer the language so that you can use

the correct downstream analytical NLP pipeline.
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You can use di erent methods to infer the language. One very simple yet e ective
approach relies on looking for the most common words of a language (the so-called
stopwords , such athe ,and, be,to , of , and so on) and building a score based on

their frequencies. Its precision, however, tends to be limited to short text and does not
make use of the word's positioning and context. On the other hand, Python has many
libraries that use more elaborated logic, allowing us to infer the language in a more precise
manner. Some such libraries fasttext , polyglot , andlangdetect , to name just

a few.

As an example, we will utsttext  in the following code, which can be integrated
with very few lines and provides support for more than 150 languages. e language can
be inferred for all documents using the following snippet:

from langdetect import detect
import numpy as np
def getLanguage(text: str):
try:
return langdetect.detect(text)
except:
return np.nan
corpus['language"] = corpus[“text"].apply(langdetect.detect)

As you will see in the output, there seem to be documents in languages other than English.
Indeed, these documents are o en either very short or have a strange structure, which
means they're not actual news articles. When documents represent text that a human
would read and label as news, the model is generally rather precise and accurate.

Now that we have inferred the language, we can continue with the language-dependent
steps of the analytical pipeline. For the following tasks, we will bespsi@yg, which is

an extremely powerful library that allows us to embed state-of-the-art NLP models with
very few lines of code. A er installing the library wtip install spaCy , language-
speci ¢ models can be integrated by simply installing them usingpt@y download

utility. For instance, the following command can be used to download and install the
English model:

python -m spacy download en_core_web_sm
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Now, we should have the language models for English ready to use. Let's see which
information it can provide. Using spaCy is extremely simple and, using just one line of
code, can embed the computation as a very rich set of information. Let's start by applying
the model to one of the documents in the Reuters corpus:

SUBROTO SAYS INDONESIA SUPPORTS TIN PACT EXTENSION

Mines and Energy Minister Subroto con rmed Indonesian support for an
extension of the sixtimternational Tin Agreement (ITA), but said a new
pact was not necessary. Asked by Reuters to clarify his statement on Monday
in which he said the pact should be allowed to lapse, Subroto said Indonesia
was ready to back extension of the ITA. "We can support extension of the
sixth agreement,” he said. "But a seventh accord we believe to be unnecesgsary."
e sixth ITA will expire at the end of June unless a two-thirds majority of
members vote for an extension.

spacy can easily be applied just by loading the model and applying it to the text:

nlp = spacy.load(‘'en_core_web_md")
parsed = nlp(text)

e parsed object, which is returned lspacy , has several elds due to many models
being combined into a single pipeline. ese provide a di erent level of text structuring.
Let's examine them one by one:

» Text segmentation and tokenizationis is a process that aims to split a
document into its periods, sentences, and single words (or tokens). is step
is generally very important for all subsequent analyses and usually leverages
punctuation, black spaces, and newlines characters to infer the best document
segmentation. e segmentation engine providedspacy generally works fairly
well. However, please note that, depending on the context, a bit of model tuning
or rule modi cation might be necessary. For instance, when you're dealing with
short texts that contain slang, emoticons, links, and hashtags, a better choice for
text segmentation and tokenization mayTeeetTokenizer , which is included
in thenltk library. Depending on the context, we encourage you to explore other
possible segmentations.
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In the document returned bsgpacy , the sentence segmentation can be found in
thesents attribute of theparsed object. Each sentence can be iterated over its
token by simply using the following code:

for sent in parsed.sents:
for token in sent:
print(token)

Each token is a spaGpan object that has attributes that specify the type of token
and further characterization that's introduced by the other models.

Part-of-Speech Tagger: Once the text has been divided into its single words (also
referred to as tokens), the next step is to associate each tokerPaittoiSpeech

(Po9 tag; that is, its grammatical type. e inferred tags are usually nouns, verbs,
auxiliary verbs, adjectives, and so on. e engines that are used for PoS tagging are
usually models that have been trained to classify tokens based on a large, labeled
corpus, where each token has an associated PoS tag. Being trained on actual data,
they learn to recognize the common pattern within a language; for instance, the
word "the" (which is a determinative artidéT) is usually followed by a noun, and

so on. When using spaCy, the information about PoS tagging is usually stored in
thelabel_ attribute of theSpan object. e types of tags that are available can be
found athttps://spacy.io/models/en . Conversely, you can get a human-
readable value for a given type usingsibecy.explain function.

Named Entity Recognition (NER) is analytical step is generally a statistical

model that is trained to recognize the type of nouns that appear within the text.

Some common examples of entities are Organization, Person, Geographic Location
and Addresses, Products, Numbers, and Currencies. Given the context (the
surrounding words), as well as the prepositions that are used, the model infers the
most probable type of the entity, if any. As in other steps of the NLP pipeline, these
models are also usually trained using a large, tagged dataset that they learn common
patterns and structures from. In spaCy, the information about the document entities

is usually stored in thents attribute of theparsed object. spaCy also provides

some utilities to nicely visualize the entities in a text usindispéacy  module:

displacy.render(parsed, style='ent, jupyter=True)


https://spacy.io/models/en
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is results in the following output:

THAI TRADE DEFICIT WIDENS IN  FIRST QUARTER DATE  Thailand GPE 's trade deficit widened to 4.5 billion baht MONEY in the first quarter of
1987 pATE from 2.1 billion MONEY ayearago, the Business Economics Department ORG said. It said Janunary GPE /March imports rose to
65.1 billion baht moNey from 58.7 billion moNey . Thailand GPE 's improved business climate this year DATE resulted ina 27 pct MONEY
increase in imports of raw materials and semi-finished products. The country's oil import bill, however, fell 23 pct MONEY in the first quarter paTE due
to lower oil prices. The department said  first quarter DATE exports expanded to  60.6 billion baht MONEY from 56.6 billion MONEY . Export growth
was smaller than expected due to lower earnings from many key commodities including rice whose earnings declined 18 pct MONEY , maize 66 pct
MONEY ,sugar 45pct MONEY ,tin 26 pct MONEY and canned pineapples seven pct MONEY . Products registering high export growth were

jewellery up 64 pct, clothing 57 pct MONEY and rubber 35pct MONEY .

Figure 7.1 — Example of the spaCy output for the NER engine

e Dependency parsere dependency parser is an extremely powerful engine that
infers the relationships between tokens within a sentence. It basically allows you to
build a syntactic tree of how words are related to each other. e root token (the one
all the other tokens depend on) is usually the main verb of the sentence, that relates
the subject and the object. Subjects and objects can in turn relate to other syntactic
tokens, such as possessive pronouns, adjectives and/or articles. Besides, verbs can
relate, beside subject and object, also to propositions, as well as other subordinate
predicates. Let's look at a simple example that's been taken from the spaCy website:
Autonomous cars shi insurance liability towards manufacturers

e following diagram shows the dependency tree for this example. Here, we can
see that the main verb (or root), "shi," is related, via the subject-object relationship,
to "cars" (subject) and "liability" (object). It also sustains the "towards" preposition.
In the same way, the remaining nouns/adjectives ("Autonomous," "insurance," and
"manufacturers") are related to either the subject, the object, or the preposition.

us, spacy can be used to build a syntactic tree that can be navigated to identify
relationships between the tokens. As we will see shortly, this information can be
crucial when building knowledge graphs:

f\f\@/\

Autonomous cars shift insurance liability towards manufacturers

ADJ NOUN VERB NOUN NOUN ADP NOUN

Figure 7.2 — Example of a syntactic dependency tree provided by spaCy
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e Lemmatizer. Finally, the very last step of the analytical pipeline is the so-called
lemmatizer, which allows us to reduce words to a common root to provide a cleaner
version of it, thus reducing the morphological variation of words. Take, for instance,
the verhto be It can have many morphological variations, such as "is," "are," and
"was," all of which are di erent, valid forms. Now, consider the di erence between
"car" and "cars." In most cases, we are not interested in these small di erences
that are introduced by morphology. e lemmatizer helps reduce tokens to their
common, stable forms so that they can be processed easily. Usually, the lemmatizer
is based on a set of rules that associate particular words (along with conjugations,
plurals, in ections) with a common root form. More elaborated implementations
may also use the context and BwStagging information to be more robust against
homonyms.Stemmersare sometimes used in place of the lemmatizer. Instead of
associating words with a common root form, stemmers usually removed the last
part of the word to deal with in ectional and derivational variance. Stemmers are
usually a bit simpler and are generally based on a set of rules that remove a certain
pattern, rather than considering lexica and syntactic information. In spaCy, the
lemmatized version of a token can be found inSpan object via théemma_
attribute.

As shown in the preceding diagram, spaCy pipelines can be easily integrated to
process the entire corpus and store the results icmpus DataFrame:
nlp = spacy.load(‘en_core_web_md")
sample_corpus['parsed"] = sample_corpus[‘clean_text"|\
-apply(nlp)

is DataFrame represents the structured information of the documents. is will be the
base of all our subsequent analysis. In the next section, we will show you how to build
graphs while using such information.

Creating graphs from a corpus of documents

In this section, we will use the information we extracted in the previous section using the
di erent text engines to build networks that relate the di erent information. In particular,
we will focus on two kinds of graphs:

» Knowledge-based graphsvhere we will use the semantic meaning of sentences to
infer relationships between the di erent entities.

» Bipartite graphs where we will be connecting the documents to the entities that
appear in the text. We will then project the bipartite graph into a homogeneous
graph, which will be made up of either document or entity nodes only.
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Knowledge graphs

Knowledge graphs are very interesting as they not only relate entities but also provide a
direction and a meaning to the relationship. For instance, let's take a look at the following
relationship:

| (->) buy (->) a book
is is substantially di erent from the following relationship:
| (->) sell (->) a book

Besides the kind of relationship (buying or selling), it is also important to have a direction,
where the subject and object are not treated symmetrically, but where there is a di erence
between who is performing the action and who is the target of such an action.

So, to create a knowledge graph, we need a function that can iden8fbibet-
Verb-Object (SVO) triplet for each sentence. is function can then be applied to

all the sentences in the corpus; then, all the triplets can be aggregated to generate the
corresponding graph.

e SVO extractor can be implemented on top of the enrichment provided by spaCy
models. Indeed, the tagging provided by the dependency tree parser can be very helpful
for separating main sentences and their subordinates, as well as identifying the SOV
triplets. e business logic may need to consider a few special cases (such as conjunctions,
negations, and preposition handling), but this can be encoded with a set of rules.
Moreover, these rules may also change, depending on the speci c use case, with slight
variations to be tuned by the user. A base implementation of such rules can be found

at https://github.com/NSchrading/intro-spacy-nlp/blob/master/

subject_object_extraction.py . ese have been slightly adopted for our scope

and are included in the GitHub repository provided with this book. Using this helper
function, we can compute all the triplets in the corpus and store them tomqus
DataFrame:

from subject_object_extraction import findSVOs
corpus["triplets"] = corpus["parsed"].apply(
lambda x: findSVOs(x, output="0bj")

)
edge_list = pd.DataFrame([

{
"id™: _id,
"source": source.lemma_.lower(),
"target": target.lemma_.lower(),


https://github.com/NSchrading/intro-spacy-nlp/blob/master/subject_object_extraction.py
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"edge": edge.lemma_.lower()
}
for _id, triplets in corpus["triplets"].iteritems()
for (source, (edge, neg), target) in triplets

)

e type of the connection (determined by the sentence's main predicate) is stored in the
edge column. e rst 10 most common relationships can be shown using the following
command:

edges["edge"].value_counts().head(10)

e most common edge types correspond to very basic predicates. Indeed, together with
very general verbs (such as be, have, tell, and give), we can also nd predicates that are
more related to a nancial context (such as buy, sell, and make). Using all these edges, we
can now create our knowledge-based graph usingetfneorkx  utility function:

G = nx.from_pandas_edgelist(
edges, "source", "target",
edge_attr=True, create_using=nx.MultiDiGraph()

)

By ltering the edge DataFrame and creating a subnetwork using this information, we can
analyze speci c relationship types, such asehe edge:

G=nx.from_pandas_edgelist(
edges[edges['edge"]=="lend"], "source", "target",
edge_attr=True, create_using=nx.MultiDiGraph()
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e following diagram shows the subgraph based on kedrelationships. As we can see,
it already provides interesting economical insights, such as the economic relationships
between countries, such as Venezuela-Ecuador and US-Sudan:
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Figure 7.3 — Example of a portion of the knowledge graph for the edges related the lending relationships

You can play around with the preceding code by Itering the graph based on other
relationships. We de nitely encourage you to do so, in order to unveil further interesting
insights from the knowledge graphs we just created. In the next section, we will show you
another method that allows us to encode the information that's been extracted from the
text into a graph structure. In doing so, we will also make use of a particular type of graph
that we introduced itChapter 1Bipartite Graphs

Bipartite document/entity graphs

Knowledge graphs can unveil and query aggregated information over entities. However,
other graph representations are also possible and can be useful in other situations. For
example, when you want to cluster documents semantically, the knowledge grapit may

be the best data structure to use and analyze. Knowledge graphs are also not very e ective
at nding indirect relationships, such as identifying competitors, similar products, and

so on, that do not o en occur in the same sentence, but that o en occur in the same
document.
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To address these limitations, we will encode the information present in the document

in the form of aipartite graph. For each document, we will extract the entities that

are most relevant and connect a node, representing the document, with all the nodes
representing the relevant entities in such a document. Each node may have multiple
relationships: by de nition, each document connects multiple entities. By contract, an
entity can be referenced in multiple documents. As we will see, cross-referencing can be
used to create a measure of similarity between entities and documents. is similarity can
also be used for projecting the bipartite graph into one particular set of nodes — @ither th
document nodes or the entity nodes.

To this aim, to build our bipartite graph, we need to extract the relevant entities of a
document. e term relevant entityis clearly fuzzy and broad. In the current context,

we will consider a relevant entity to be either a named entity (such as an organization,
person, or location recognized by the NER engine) or a keyword; that is, a word (or

a composition of words) that identi es and generally describes the document and its
content. For instance, the suitable keywords for this book may be "graph,” "network,"
"machine learning," "supervised model," and "unsupervised model." Many algorithms
exist that extract keywords from a document. One very simple way to do this is based on
the so-called TF-IDF score, which is based on building a score for each token (or group of
tokens, o en referred to agram3 that is proportional to the word count in the document
(the Term Frequency or TF) and to the inverse of the frequency of that word in a given
corpus (thdnverse Document Frequencyor IDF):

Cij
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Here,c; j represents the count of woirdn document;, N represents the number of
documents in the corpus, aiy is the document where the wardppears. erefore, the
TF-IDF score promotes words that are repeated many times in the document, penalizing
words that are common and therefore might not be very representative for a document.
ere are also more sophisticated algorithms.
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One method that is quite powerful and worth mentioning in the context of this book

is indeedTextRank since it is also based on a graph representation of the document.
TextRank creates a network where the nodes are the single token and where the edges
between them are created when tokens are within a certain window. A er creating such
a network, PageRank is used to compute the centrality for each token, which it does

by providing a score that allows ranking within the document based on the centrality
score. e most central nodes (up to a certain ratio, generally between 5% and 20% of
the document size) are identi ed as candidate keywords. When two candidate keywords
occur close to each other, they get aggregated into composite keywords, made up of
multiple tokens. Implementations of TextRank are available in many NLP packages. One
such package gensim , which can be used in a straightforward manner:

from gensim.summarization import keywords

text = corpus[“clean_text"][0]

keywords(text, words=10, split=True, scores=True,
pos_filter=('NN’, 'JJ"), lemmatize=True)

is produces the following output:

[(trading’, 0.4615130639538529),

(‘said’, 0.3159855693494515),

(‘export’, 0.2691553824958079),

('import', 0.17462010006456888),

('japanese electronics', 0.1360932626379031),

(industry’, 0.1286043740379779),
(‘minister’, 0.12229815662000462),
(japan’, 0.11434500812642447),
(year', 0.10483992409352465)]

Here, the score represents the centrality, which represents the importance of a given
token. As you can see, some composite tokens may also occur,japahezse

electronics . Keyword extraction can be implemented to compute the keywords for
the entire corpus, thus storing the information in @orpus DataFrame:

corpus["keywords"] = corpus[“clean_text"].apply(
lambda text: keywords(
text, words=10, split=True, scores=True,
pos_filter=('NN’, 'JJ"), lemmatize=True)
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Besides the keywords, to build the bipartite graph, we also need to parse the named
entities that were extracted by the NER engine, and then encode the information in a
similar data format as the one that was used for the keywords. is can be done using a
few utility functions:

def extractEntities(ents, minValue=1,
typeFilters=["GPE", "ORG", "PERSON"]):
entities = pd.DataFrame([
{
“lemma"; e.lemma_|,
"lower": e.lemma_.lower(),
"type": e.label
} for e in ents if hasattr(e, "label_")
)
if len(entities)==0:
return pd.DataFrame()
g = entities.groupby([“type", "lower"])
summary = pd.concat({
"alias": g.apply(lambda x: x["lemma"].unique()),
"count": g["lower"].count()
}, axis=1)
return summary[summary["count"]>1]\
loc[pd.IndexSlice[typeFilters, :, :1]

def getOrEmpty(parsed, _type):
try:
return list(parsed.loc[_type]["count"]\
.sort_values(ascending=False).to_dict().items())
except:
return []
def toField(ents):
typeFilters=["GPE", "ORG", "PERSON"]
parsed = extractEntities(ents, 1, typeFilters)
return pd.Series({_type: getOrEmpty(parsed, _type)
for _type in typeFilters})
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With these functions, parsing tlspacy tags can be done with the following code:
entities = corpus|[“parsed"].apply(lambda x: toField(x.ents))

e entities DataFrame can easily be merged withctirpus DataFrame using the
pd.concat function, thus placing all the information in a single data structure:

merged = pd.concat([corpus, entities], axis=1)

Now that we have all the ingredients for our bipartite graph, we can create the edge list by
looping over all the documents-entity or document-keyword pairs:

edges = pd.DataFrame([
{"source": _id, "target": keyword, "weight": score, "type":
_type}
for _id, row in merged.iterrows()
for _type in ['keywords", "GPE", "ORG", "PERSON"]
for (keyword, score) in row[_type]
)

Once the edge list has been created, we can produce the bipartite grapletusiri
APIs:

G = nx.Graph()
G.add_nodes_from(edges|'source"].unique(), bipartite=0)
G.add_nodes_from(edges|["target"].unique(), bipartite=1)
G.add_edges_from([

(row["source"], row["target"])

for _, row in edges.iterrows()

)
Now, we can look at an overview of our graph by ustrigfo

Type: Graph

Number of nodes: 25752

Number of edges: 100311
Average degree: 7.7905
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In the next subsection, we will project the bipartite graph in either of the two sets of
nodes: entities or documents. is will allow us to explore the di erence between the two
graphs and cluster both the terms and documents using the unsupervised techniques
described irChapter 4, Supervised Graph Learnieg, we will return to the bipartite

graph to show an example of supervised classi cation, which we'll do by leveraging the
network information of the bipartite graphs.

Entity-entity graph

We will start by projecting our graph into the set of entity nodketsvorkx provides

a special submodule for dealing with bipartite grapasyorkx.algorithms.

bipartite , Where a number of algorithms have already been implemented. In

particular, thenetworkx.algorithms.bipartite.projection submodule

provides a number of utility functions to project bipartite graphs on a subset of nodes.
Before performing projection, we must extract the nodes relative to a particular set (either
documents or entities) using the "bipartite” property we created when we generated the
graph:

document_nodes = {n
for n, d in G.nodes(data=True)
if d["bipartite”] == 0}
entity_nodes = {n
for n, d in G.nodes(data=True)
if d["bipartite”] == 1}

e graph projection basically creates a new graph with the set of selected nodes. Edges
are places between the nodes based on whether two nodes have neighbors in common.
e basic projected_graph function creates such a network with unweighted edges.
However, it is usually more informative to have edges weighted based on the number of
common neighbors. e projection module provides di erent functions based on

how the weights are computed. In the next section, we widlveskap_weighted
projected_graph , where the edge weight is computed using the Jaccard similarity
based on common neighbors. However, we encourage you to also explore the other
options that, depending on your use case and context, may best suit your aims.
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ere is another point of caution you should be aware of when dealing with projections:

the dimension of the projected graph. In certain cases, like the one we are considering
here, projection may create an extremely large number of edges, which makes the graph
hard to analyze. In our use case, following the logic we used to create our network, a
document node is connected to at least 10 keywords, plus a few entities. In the resulting
entity-entity graph, all these entities will be connected to each other as they share at least
one common neighbor (the document that contains them). erefore, we will only be
generating arouné® @45 no0o edges for one document. If we multiply this number for

the number of documents,105, we will end up with several edges that, despite the small
use case, already become almost intractable, since there's a few million edges. Although
this surely represents a conservative upper bound (as some of the co-occurrence between
entities will be common in many documents and therefore not repeated), it provides an
order of magnitude of the complexity that you might expect. erefore, we encourage

you to proceed with caution before projecting your bipartite graph, depending on the
topology of the underlying network and the size of your graph. One trick to reduce this
complexity and make the projection feasible is to only consider entity nodes that have

a certain degree. Most of the complexity arises from the presence of entities that appear
only once or a few times, but still generdigueswithin the graph. Such entities are not

very informative for capturing patterns and providing insights. Besides, they are possibly
strongly a ected by statistical variability. On the other hand, we should focstsamg
correlations that are supported by larger occurrences and provide more reliabliestati
results.

erefore, we will only consider entity nodes with a certain degree. To this aim, we will
generate the ltered bipartite subgraph, which excludes nodes with low degree values,
namely smaller than 5:

nodes_with_low_degree = {n
for n, d in nx.degree(G, nbunch=entity _nodes) if d<5}
subGraph = G.subgraph(set(G.nodes) - nodes_with_low_degree)

is subgraph can now be projected without generating a graph with an excessive number
of edges:

entityGraph = overlap_weighted_projected_graph(
subGraph,
{n for n in subGraph.nodes() if n in entity_nodes}
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We can check the dimension of the graph withridvorkx  function ofnx.info

Number of nodes: 2386
Number of edges: 120198
Average degree: 100.7527

Despite the Iters we've applied, the number of edges and the average node degree are
still quite large. e following graph shows the distribution of the degree and of the edge
weights, where we can observe one peak in the degree distribution at fairly low values,
with a fat tail toward large degree values. Also, the edge weight shows a similar behavior,
with a peak at rather low values and fat right tails. ese distributions suggest the presence
of several small communities, namely cliques, which are connected to each other via some
central nodes:
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Figure 7.4 — Degree and weight distribution for the entity-entity network

e distribution of the edge weights also suggests that a second lIter could be applied.

e Iter on the entity degree that we applied previously on the bipartite graph allowed

us to Iter out rare entities that only appeared in a few documents. However, the resulting
graph could also be a ected by the opposite problem: popular entities may be connected
just because they tend to appear o en in documents, even if there is not an interesting
causal connection between them. Consider the US and Microso . ey are almost surely
connected, as it is extremely likely that there will be at least one or a few documents
where they both appear. However, if there is not a strong and causal connection between
them, it is very unlikely that the Jaccard similarity will be large. Considering only the
edges with the largest weights allows you to focus on the most relevant and possibly stable
relationships. e edge weight distribution shown in the preceding graph suggests that a
suitable threshold could 8205 :

filteredEntityGraph = entityGraph.edge_subgraph(
[edge
for edge in entityGraph.edges
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if entityGraph.edges[edge]["weight"]>0.05])

Such a threshold reduces the number of edges signi cantly, making it feasible to analyze
the network:

Number of nodes: 2265
Number of edges: 8082
Average degree: 7.1364

Degree Distribution Edge Weight Distribution

10°
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10° 4

107 10! plig 107% 107 10° 10t

Figure 7.5 — Degree Distribution (Le ) and Edge Weight Distribution (Right) for the resulting graph,
aer ltering based on the edge weight

e preceding diagram shows the distribution of the node degree and edge weights for
the ltered graph. e distribution for the edge weights corresponds to the right tail of the
distribution shown inFigure 7.4 e relationship that the degree distribution has with

Figure 7.4s less obvious, and it shows the peak for the nodes that have a degree around
10, as opposed to the peak showRigure 7.4which was observed in the low range, at
around 100.

Analyzing the graph

Using Gephi we can provide an overview of the overall network, which is shBiguare
7.6

e graph is as follows:
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Figure 7.6 — Entity-entity network highlighting the presence of multiple small subcommunities

To obtain some further insights on the topology of the network, we will also compute

some global measures, such as the average shortest path, clustering coe cient, and global
e ciency. Although the graph has ve di erent connected components, the largest one
almost entirely accounts for the whole graph, including 2,254 out of 2,265 nodes:

components = nx.connected_components(filteredEntityGraph)
pd.Series([len(c) for ¢ in components])

e global properties of the largest components can be found with the following code:

comp = components[0]

global_metrics = pd.Series({
"shortest_path": nx.average_shortest path_length(comp),
"clustering_coefficient": nx.average_clustering(comp),
"global_efficiency": nx.global_efficiency(comp)

)
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e shortest path and global e ciency may require a few minutes of computation. is
results in the following output:

{
'shortest_path': 4.715073779178782,
‘clustering_coefficient": 0.21156314975836915,
‘global_efficiency': 0.22735551077454275

}

Based on the magnitude of these metrics (with a shortest path of about 5 and a clustering
coe cient around 0.2), together with the degree distribution shown previously, we can

see that the network has multiple communities of a limited size. Other interesting local
properties, such as degree, page rank, and betweenness centralities distributions, are
shown in the following graph, which shows how all these measures tend to correlate and
connect to each other:

Figure 7.7 — Relationships and distribution between the degree, page rank, and betweenness centrality
measures
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A er providing a description in terms of loca;/global measures, as well as a general
visualization of the network, we will apply some of the techniques we have seen in the
previous chapters to identify some insights and information within the network. We

will do this using the unsupervised technigues describ&thapter 4, Supervised Graph
Learning

We will start by using the Louvain community detection algorithms, which, by optimizing
their modularity, aim to identify the best partitions of the nodes in disjoint communities:

import community
communities = community.best_partition(filteredEntityGraph)

Note that the results might vary between runs because of random seeds. However, a
similar partition, with a distribution of cluster memberships similar to the one shown in

the following graph, should emerge. We generally observe about 30 communities, with the
larger ones containing around 130-150 documents.

Figure 7.8 — Distribution of the size of the detected communities
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Figure 7.%hows a close-up of one of the communities, where we can identify a particular
topic/argument. On the le , beside the entity nodes, we can also see the document nodes,
thus uncovering the structure of the related bipartite graph:

Figure 7.9 — Close-up for one of the communities we've identi ed

As shown inChapter 4Supervised Graph Learnjfge can extract insightful information

about the topology and similarity between entities by using node embeddings. In
particular, we can use Node2Vec, which, by feeding a randomly generated walk to a skip-
gram model, can project the nodes into a vector space, where close-by nodes are mapped
to nearby points:

from node2vec import Node2Vec

node2vec = Node2Vec(filteredEntityGraph, dimensions=5)
model = node2vec.fit(window=10)

embeddings = model.wv

In the vector space of embeddings, we can apply traditional clustering algorithms,
such assaussianMixtureK-meansandDB-scanAs we did in the previous chapters,

we can also project the embeddings into a 2D plane using t-SNE to visualize clusters
and communities. Besides giving us another option to identify clusters/communities
within the graph, Node2Vec can also be used to provide similarity between words, as
traditionally done bywWord2Vec. For instance, we can query the Node2Vec embedding
model and nd the word that's most similautkey ," which provides semantically
similar words:

[(turkish', 0.9975333213806152),
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(‘lira’, 0.9903393983840942),
(‘'rubber’, 0.9884852170944214),
(‘statoil’, 0.9871745109558105),
(‘'greek’, 0.9846569299697876),
(‘xuto’, 0.9830175042152405),
(‘stanley’, 0.9809650182723999),
(‘conference’, 0.9799597263336182),
(‘'released’, 0.9793018102645874),
(inra’, 0.9775203466415405)]

Although these two approaches, Node2Vec and Word2Vec, share some methodological
similarities, the two embedding schemes come from di erent types of information:
Word2Vec is built directly from the text and encloses relationships at the sentence level,
while Node2Vec encodes a description that acts more at the document level, since it
comes from the bipartite entity-document graph.

Document-document graph

Now, let's project the bipartite graph into the set of document nodes te ardacument-
document network we can analyze. In a similar way to when we created an entity-entity
network, we will use theverlap_weighted_projected_graph function to obtain

a weighted graph that can be ltered to reduce the number of signi cant edges. Indeed,
the topology of the network and the business logic used to build the bipartite graph do
not favor clique creation, as we saw for the entity-entity graph: two nodes will only be
connected when they share at least one keyword, organization, location, or person. is is
certainly possible, but not extremely likely, within groups of 10-15 nodes, as observed for
the entities.

As we did previously, we can easily build our network with the following lines:

documentGraph = overlap_weighted_projected_graph(
Gv
document_nodes
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e following graph shows the distribution of the degree and the edge weight. is can

help us decide on the value of the threshold to be used to Iter out the edges. Interestingly,
the node degree distribution shows a clear peak toward large values compared to the
degree distribution observed for the entity-entity graph. is suggests the presence of a
number ofsupernodeghat is, nodes with rather large degrees) that are highly connected.
Also, the edge weight distribution shows the Jaccard index's tendency to attain values
close to 1, which are much larger than the ones we observed in the entity-entity graph.
ese two observations highlight a profound di erence between the two networks:
whereas the entity-entity graph is characterized by many tightly connected communities
(namely cligues), the document-document graph is characterized by a rather tight
connection among nodes with a large degree (which constitutes the core) versus a
periphery of weakly connected or disconnected nodes:

Figure 7.10 — Degree Distribution and Edge Weight Distribution for the projection of thetkigaaph
into the document-document network

It can be convenient to store all the edges in a DataFrame so that we can plot them and
then use them to lter and, thus, create a subgraph:

allEdgesWeights = pd.Series({
(d[0], d[1]): d[2]["weight"]
for d in documentGraph.edges(data=True)

)



Creating graphs from a corpus of documents 227

By looking at the preceding diagram, it seems reasonable to set a thresholdO/élue of
for the edge weight, thus allowing us to generate a more tractable network using the
edge_subgraph function ofnetworkx

filteredDocumentGraph = documentGraph.edge_subgraph(
allEdgesWeights[(allEdgesWeights>0.6)].index.tolist()

)

e following graph shows the resulting distribution for the degree and for the edge
weight for the reduced graph:

Figure 7.11 — Degree Distribution and Edge Weight Distribution for the document-document ltered
network
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e substantial di erence in topology of the document-document graph with respect to

the entity-entity graph can also be clearly seen in the following diagram, which shows a
full network visualization. As anticipated by the distributions, the document-document
network is characterized by a core network and several weekly connected satellites. ese
satellites represent all the documents that share none or a few keywords or entity common
occurrences. e number of disconnected documents is quite large and accounts for

almost 50% of the total:

Figure 7.12 — (Le ) Representation of the document-document lItered network, highlighting the
presence of a core and a periphery. (Right) Close-up of the core, with some subcommunities embedded.
e node size is proportional to the node degree

It may be worthwhile extracting the connected components for this network using the
following commands:

components = pd.Series({
ith: component
for ith, component in enumerate(
nx.connected_components(filteredDocumentGraph)

)
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In the following graph, we can see the distribution for the connected component sizes.
Here, we can clearly see the presence of a few very large clusters (the cores), together with
a large number of disconnected or very small components (the periphery or satellites).

is structure is strikingly di erent from the one we observed for the entity-entity graph,

where all the nodes were generated by a very large, connected cluster:

Figure 7.13 — Distribution of the connected component sizes, highlighting the presence of many small-
sized communities (representing the periphery) and a few large communities (representing the core)
It can be interesting to investigate the structure of the core components further. We can

extract the subgraph composed of the largest components of the network from the full
graph with the following code:

coreDocumentGraph = nx.subgraph(
fiteredDocumentGraph,
[node
for nodes in components[components.apply(len)>8].values
for node in nodes]

)

We can inspect the properties of the core network usitigfo

Type: Graph

Number of nodes: 1050
Number of edges: 7112
Average degree: 13.5467
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e le panelin Figure 7.13hows a Gephi visualization of the core. As we can see,
the core is composed of a few communities, along with nodes with fairly large degrees
strongly connected to each other.

As we did for the entity-entity network, we can process the network to identify
communities embedded in the graph. However, di erent from what we did previously,
the document-document graph now provides a mean for judging the clustering using the
document labels. Indeed, we expect documents belonging to the same topic to be close
and connected to each other. Moreover, as we will see shortly, this will also allow us to
identify similarities among topics.

First, let's start by extracting the candidate communities:

import community
communities = pd.Series(
community.best_partition(filteredDocumentGraph)

)

en, we will extract the topic mixture within each community to see whether there is a
homogeneity (all the documents belonging to the same class) or some correlation between
topics:

from collections import Counter
def getTopicRatio(df):
return Counter([label
for labels in df["label"]
for label in labels])

communityTopics = pd.DataFrame.from_dict({

cid: getTopicRatio(corpus.loc[comm.index])

for cid, comm in communities.groupby(communities)
}, orient="index")

normalizedCommunityTopics = (
communityTopics.T / communityTopics.sum(axis=1)
).T
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normalizedCommunityTopics is a DataFrame that, for each community (row in

the DataFrame), provides the topic mixture (in percentage) of the di erent topics (along
the column axis). To quantify the heterogeneity of the topic mixture within the clusters/
communities, we must compute the Shannon entropy of each community:

I.= F A logt,;

L

Here, I, represents the entropy of the clustegndt,; corresponds to the percentage
of topici in communityc. We must compute the empirical Shannon entropy for all
communities:

normalizedCommunity Topics.apply(
lambda x: np.sum(-np.log(x)), axis=1)

e following graph shows the entropy distribution across all communities. Most
communities have zero or very low entropy, thus suggesting that the documents that
belong to the same class (label) tend to cluster together:

Figure 7.14 — Entropy distribution of the topic mixture in each community

Even if most of the communities show zero or low variability around topics, it

is interesting to investigate whether there is a relationship between topics, when
communities show some heterogeneity. Namely, we compute the correlation between
topic distributions:

topicsCorrelation = normalizedCommunity Topics.corr().fillna(0)
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ese can then be represented and visualized using a topic-topic network:

topicsCorrelation[topicsCorrelation<0.8]=0
topicsGraph = nx.from_pandas_adjacency(topicsCorrelation)

e le -hand side of the following diagram shows the full graph representation for

the topics network. As observed for the document-document network, the topic-topic
graph shows a structure organized in a periphery of disconnected nodes and a strongly
connected core. e right-hand side of the following diagram shows a close-up of the core
network. is indicates a correlation that is supported by a semantic meaning, with the
topics related to commaodities tightly connected to each other:

Figure 7.15 — (Le ) Topic-topic correlation graph, organized with a periphery-core structure. (Right)
Close-up of the core of the network

In this section, we analyzed the di erent types of networks that arise when analyzing

documents and, more generally, text sources. To do so, we used global and local properties

to statisticallydescribe the networks, as well as some unsupervised algorithms, which
allowed us to unveil some structure within the graph. In the next section, we will show
you how to leverage these graph structures when building a machine learning model.
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To show you how to leverage a graph structure, we will focus on using the topological
information and the connections between the entities provided by the bipartite entity-
document graph to train multi-label classi ers. is will help us predict the document
topics. To do this, we will analyze two di erent approaches:

* A shallow machine-learning approachwhere we will use the embeddings we
extracted from the bipartite network to traiaditional classi ers, such as a
RandomForest classi er.

* A more integrated and di erentiable approactbased on using a graphical neural
network that's been applied to heterogeneous graphs (such as the bipartite graph).

Let's consider the rst 10 topics, which we have enough documentation on to train and
evaluate our models:

from collections import Counter
topics = Counter(
[label
for document_labels in corpus[“label"]
for label in document_labels]
).most_common(10)

e preceding code block produces the following output. is shows the names of the
topics, all of which we will focus on in the following analysis:

[(earn’, 3964), (‘'acq’, 2369), (‘'money-fx', 717),
(‘grain’, 582), (‘crude’, 578), (‘trade’, 485),
('interest’, 478), (‘ship’, 286), (‘wheat', 283),
(‘corn’, 237)]

When training topic classi ers, we must restrict our focus to only those documents that
belong to such labels. e ltered corpus can easily be obtained by using the following
code block:

topicsList = [topic[O] for topic in topics]

topicsSet = set(topicsList)

dataset = corpus[corpus|"label"].apply(
lambda x: len(topicsSet.intersection(x))>0

)]
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Now that we have extracted and structured the dataset, we are ready to start training
our topic models and evaluating their performance. In the next section, we will start

by creating a simple model using shallow learning methods so that we can increase the
complexity of the model by using graph neural networks.

Shallow learning methods

We will start by implementing a shallow approach for the topic classi cation tasks by
leveraging the network's information. We will show you how to do this so that you can
customize even further, depending on your use case:

1. First, we will compute the embeddings by ubiode2Vec on the bipartite graph.
Filtered document-document networks are characterized by a periphery with
many nodes that are disconnected, so they would not bene t from topological
information. On the other hand, the un ltered document-document network will
have many edges, which makes the scalability of the approach an issue. erefore,
using the bipartite graph is crucial in order to e ciently leverage the topological
information and the connection between entities and documents:

from node2vec import Node2Vec
node2vec = Node2Vec(G, dimensions=10)
model = node2vec.fit(window=20)
embeddings = model.wv

Here, thedimension embedding, as well as avindow , which is used for
generating the walks, are hyperparameters that must be optimized via cross-
validation.

2. To make this computationally e cient, a set of embeddings can be computed
beforehand, saved to disk, and then be used in the optimization process. is
would work based on the assumption that we aresinai-supervisesktting or in
atransductivaask, where we have connection information about the entire dataset,
apart from their labels, at training time. Later in this chapter, we wilhewnother
approach, based on graph neural networks, that provides an inductive framework
for integrating topology when training classi ers. Let's store the embeddings in a

le:

pd.DataFrame(embeddings.vectors,
index=embeddings.index2word
).to_pickle(f"graphEmbeddings_{dimension} {window}.p")
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Here, we can choose and loop di erent valueglimension andwindow . Some
possible choices are 10, 20, and 30 for both variables.

ese embeddings can be integrated into a scikit-lemansformer  so that they
can be used in a grid search cross-validation process:

from sklearn.base import BaseEstimator
class EmbeddingsTransformer(BaseEstimator):

def __init_ (self, embeddings_file):
self.embeddings_file = embeddings_file

def fit(self, *args, **kwargs):
self.embeddings = pd.read_pickle(
self.embeddings_file)
return self

def transform(self, X):
return self.embeddings.loc[X.index]

def fit_transform(self, X, y):
return self.fit().transform(X)

To build a modeling training pipeline, we will split our corpus into training and test
sets:

def train_test_split(corpus):
indices = [index for index in corpus.index]
train_idx = [idx
for idx in indices
if "training/" in idx]

test_idx = [idx
for idx in indices
if "test/" in idx]

return corpus.loc[train_idx], corpus.locl[test_idx]

train, test = train_test_split(dataset)



236  Text Analytics and Natural Language Processing Using Graphs

We will also build functions to conveniently extract features and labels:
def get_features(corpus):
return corpus['parsed"]
def get_labels(corpus, topicsList=topicsList):
return corpus[“label"].apply(
lambda labels: pd.Series(
{label: 1 for label in labels}
).reindex(topicsList).fillna(0)
)[topicsList]
def get_features_and_labels(corpus):
return get_features(corpus), get_labels(corpus)
features, labels = get_features_and_labels(train)

5. Now, we can instantiate the modeling pipeline:

from sklearn.pipeline import Pipeline
from sklearn.ensemble import RandomForestClassifier
from sklearn.multioutput import MultiOutputClassifier
pipeline = Pipeline([
("embeddings", EmbeddingsTransformer(
"my-place-holder")
)i
("model", MultiOutputClassifier(
RandomForestClassifier())

)
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6. Let's de ne the parameter space, as well as the con guration, for the cross-validated
grid search:

from glob import glob
param_grid = {
"embeddings__embeddings_file":
glob("graphEmbeddings_*"),
"model__estimator__n_estimators": [50, 100],
"model__estimator__max_features™: [0.2,0.3, "auto'],
}
grid_search = GridSearchCV(
pipeline, param_grid=param_grid, cv=5, n_jobs=-1)

7. Finally, let's train our topic model by using fihe method of the sklearn API:

model = grid_search.fit(features, labels)

Great! You have just created your topic model, which leverages the graph's information.
Once the best model has been identi ed, we can use this model on the test dataset to
evaluate its performance. To do so, we must de ne the following helper function, which
allows us to obtain a set of predictions:

def get_predictions(model, features):
return pd.DataFrame(
model.predict(features),
columns=topicsList, index=features.index)
preds = get_predictions(model, get_features(test))
labels = get_labels(test)

Usingsklearn  functionalities, we can promptly look at the performance of the trained
classier:

from sklearn.metrics import classification_report
print(classification_report(labels, preds))

is provides the following output, which shows the overall performance measure that's
received by the F1-score. is is around 0.6 — 0.8, depending on how unbalanced classes
are accounted for:

precision recall fl-score support
0 097 094 095 1087
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093 0.74 0.83 719

0.79 045 0.57 179

096 0.64 0.77 149

095 059 0.73 189

095 045 0.61 117

0.87 0.41 0.56 131

0.83 021 0.34 89

069 034 045 71

061 025 0.35 56
micro avg 094 0.72 081 2787
macro avg 0.85 050 0.62 2787

weighted avg 092 0.72 0.79 2787

samples avg 0.76 0.75 0.75 2787
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You can play around with the types and hyperparameters of the analytical pipeline, vary
the models, and experiment with di erent values when you're encoding the embeddings.
As we mentioned previously, the preceding approach is clearly transductive since it uses
an embedding that's been trained on the entire dataset. is is a common situation in
semi-supervised tasks, where the labeled information is only present in a small subset
of points, and the task is to infer the labels for all the unknown samples. In the next
subsection, we will outline how to build an inductive classi er using graph neural
networks. ese can be used when the test samples are not known at training time.

Graph neural networks

Now, let's describe a neural network-based approach that natively integrates and makes
use of the graph structure. Graph neural networks were introducebapter 3

Unsupervised Graph LearnimgdChapter 4Supervised Graph Learnitpwever, here,

we will show you how to apply this framework to heterogeneous graphs; that is, graphs
where there is more than one type of node. Each node type might have a di erent set of
features and the training might target only one speci ¢ node type over the other.
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e approach we will show here will make usegiéllargraph and theGraphSAGE
algorithms, which we described previously. ese methods also support the use of features
for each node, instead of just relying on the topology of the graph. If you do not have

any node features, the one-hot node representation can be used in its place, as shown in
Chapter 6Social Network Graphdowever, here, to make things more general, we will
produce a set of node features based on the TF-IDF score (which we saw earlier) for each
entity and keyword. Here, we will show you a step-by-step guide that will help you train
and evaluate a model, based on graph neural networks, for predicting document topic
classi cation:

1. Let's start by computing the TF-IDF score for each docusidearn already
provides some functionalities that allow us to easily compute the TF-IDF scores
from a corpus of documents. €TfidfVectorizer sklearn class already
comes with @aokenizer = embedded. However, since we already have a tokenized
and lemmatized version that we extracted wjhcy , we can also provide an
implementation of a custom tokenizer that leverages on spaCy processing:

def my_spacy_tokenizer(pos_filter=['"NOUN", "VERB",
"PROPN"]):

def tokenizer(doc):
return [token.lemma_
for token in doc
if (pos_filter is None) or
(token.pos__in pos_filter)]
return tokenizer

is can be used inTfidfVectorizer
cntVectorizer = TfidfVectorizer(
analyzer=my_spacy_tokenizer(),
max_df = 0.25, min_df = 2, max_features = 10000

)

To make the approach truly inductive, we will only train the TF-IDF for the training
set. is will only be applied to the test set:

trainFeatures, trainLabels = get_features_and_
labels(train)

testFeatures, testLabels = get_features_and_labels(test)

trainedIDF = cntVectorizer.fit_transform(trainFeatures)
testIDF = cntVectorizer.transform(testFeatures)
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For our convenience, the two TF-IDF representations (for the training and test sets)
can now be stacked together into a single data structure representing the features for
the document nodes for the whole graph:

documentFeatures = pd.concat([trainedIDF, testIDF])

2. Beside the feature information for document nodes, we will also build a simple
feature vector for entities, based on the one-hot encoding representation of the

entity type:

entityTypes = {
entity: ith
for ith, entity in enumerate(edges["type"].unique())
}
entities = edges\
.groupby(["target”, "type"])["source"|\
.count()\
.groupby(level=0).apply(
lambda s: s.droplevel(0)\
.reindex(entity Types.keys())\
fillna(0))\
.unstack(level=1)
entityFeatures = (entities.T / entities.sum(axis=1))

3. We now have all the information we need to create an instance of a
StellarGraph . We will do this by merging the information of the node features,
both for documents and for entities, with the connections provided byddpes
DataFrame. We should only lter out some of the edges/nodes so that we only
include the documents that belong to the targeted topics:

from stellargraph import StellarGraph

_edges = edges[edges|'source"].isin(documentFeatures.
index)]
nodes = {«entity»: entityFeatures,
«document»: documentFeatures}
stellarGraph = StellarGraph(
nodes, _edges,
target_column=»target», edge_type_column=»type»
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With that, we have created o8tellarGraph . We can inspect the network,
similar to what we did fonetworkx , with the following command:

print(stellarGraph.info())

is produces the following overview:

StellarGraph: Undirected multigraph
Nodes: 23998, Edges: 86849

Node types:
entity: [14964]
Features: float32 vector, length 6

Edge types: entity-GPE->document, entity-ORG-
>document, entity-PERSON->document, entity-keywords-
>document

document: [9034]
Features: float32 vector, length 10000

Edge types: document-GPE->entity, document-ORG-
>entity,

document-PERSON->entity, document-keywords->entity

Edge types:
document-keywords->entity: [78838]
Weights: range=[0.0827011, 1], mean=0.258464,
std=0.0898612
Features: none
document-ORG->entity: [4129]
Weights: range=[2, 22], mean=3.24122, std=2.30508
Features: none
document-GPE->entity: [2943]
Weights: range=[2, 25], mean=3.25926, std=2.07008

Features: none

document-PERSON->entity: [939]
Weights: range=[2, 14], mean=2.97444, std=1.65956
Features: none
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e StellarGraph description is actually very informative. Besides,
StellarGraph also natively handles di erent types of nodes and edges and
provides out-of-the-box segmented statistics for each node/edge type.

4. You may have noted that the graph we just created includes both training and test
data. To truly test the performance of an inductive approach and avoid information
from being linked between the train and test sets, we need to create a subgraph that
only contains the data available at training time:

targets = labels.reindex(documentFeatures.index).
fillna(0)
sampled, hold_out = train_test_split(targets)
allNeighbors = np.unique([n
for node in sampled.index
for n in stellarGraph.neighbors(node)
)
subgraph = stellarGraph.subgraph(
set(sampled.index).union(allNeighbors)
)
e considered subgraph contains 16,927 nodes and 62,454 edges, compared to the
23,998 nodes and 86,849 edges in the entire graph.
5. Now that we only have the data and the network available at training time, we can

build our machine learning model on top of it. To do so, we will split the data into
train, validation, and test data. For training, we will only use 10% of the data, which
resembles a semi-supervised task:

from sklearn.model_selection import train_test_split
train, leftOut = train_test_split(
sampled,
train_size=0.1,
test_size=None,
random_state=42
)
validation, test = train_test_split(

leftOut, train_size=0.2, test_size=None, random_
state=100,

)
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6. Now, we can start to build our graph neural network model ssafigrgraph
and thekeras API. First, we will create a generator able to produce the
samples that will feed the neural network. Note that, since we are dealing
with a heterogeneous graph, we need a generator that will sample examples
from nodes that only belong to speci c class. Here, we will be using the
HinSAGENodeGenerator class, which generalizes the node generator we used
for the homogeneous graph into heterogeneous graphs, allowing us to specify the
node type we want to target:

from stellargraph.mapper import HInRSAGENodeGenerator
batch_size = 50
num_samples = [10, 5]
generator = HINSAGENodeGenerator(
subgraph, batch_size, num_samples,
head node_type="document"

)

Using this object, we can create a generator for the train and validation datasets:

train_gen = generator.flow(train.index, train,
shuffle=True)

val_gen = generator.flow(validation.index, validation)

7. Now, we can create our GraphSAGE model. As we did for the generator, we need to
use a model that can handle heterogenous graphs.Hie8AGE will be used in
place ofGraphSAGE

from stellargraph.layer import HiInSAGE
from tensorflow.keras import layers
graphsage_model = HINSAGE(
layer_sizes=[32, 32], generator=generator,
bias=True, dropout=0.5
)
X_inp, X_out = graphsage_model.in_out_tensors()
prediction = layers.Dense(
units=train.shape[1], activation="sigmoid"
)(x_out)
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Note that in the nal dense layer, we usggmoidactivation function instead of

aso max activation function, since the problem at hand is a multi-class, multi-
label task. us, a document may belong to more than one class, and the sigmoid
activation function seems a more sensible choice in this context. As usual, we will

compile our Keras model:
from tensorflow.keras import optimizers, losses, Model
model = Model(inputs=x_inp, outputs=prediction)
model.compile(
optimizer=optimizers.Adam(Ir=0.005),
loss=losses.binary_crossentropy,
metrics=["acc"]

)
8. Finally, we will train the neural network model:

history = model.fit(
train_gen, epochs=50, validation_data=val_gen,
verbose=1, shuffle=False

)

is results in the following output:
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Figure.7.16 — (Top) Train and validation accuracy versus the number of epochs. (Bottom) Binary cross-
entropy loss for the training and validation dataset versus the number of epochs

e preceding graph shows the plots of the evolution of the train and validation
losses and accuracy versus the number of epochs. As we can see, the train and
validation accuracy increase consistently, up to around 30 epochs. Here, the
accuracy of the validation set settle fiadeay whereas the training accuracy
continues to increase, indicating a tendency for over tting. us, stopping training
at around 50 seems a rather legitimate choice.
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9. Once the model has been trained, we can test its performance on the test set:

test_gen = generator.flow(test.index, test)
test_metrics = model.evaluate(test_gen)

is should provide the following values:

loss: 0.0933

accuracy: 0.8795
Note that because of the unbalanced label distribution, accuracy may not be the
best choice for assessing performances. Besides, a value of 0.5 is generally used for
thresholding, so providing label assignment may also be sub-optimal in unbalanced
settings.

10. To identify the best threshold to be used to classify the documents, we will compute

the prediction over all the test samples:

test_predictions = pd.DataFrame(
model.predict(test_gen), index=test.index,
columns=test.columns)
test_results = pd.concat({
"target": test,
"preds": test_predictions
}, axis=1)
en, we will compute the F1-score with a macro average (where the F1-score for
the single classes are averaged) for di erent threshold choices:
thresholds =[0.01,0.05,0.1,0.2,0.3,0.4,0.5]
fls = {}
for th in thresholds:
y_true = test_results["target"]
y_pred = 1.0*(test_results["preds"]>th)
fis[th] = f1_score(y_true, y_pred, average="macro")
pd.Series(f1s).plot()

As shown in the following graph, a threshold value of 0.2 seems to be the best
choice as it achieves the best performance:
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Figure 7.17 — Macro-averaged F1-score versus the threshold used for labeling

11. Using a threshold value of 0.2, we can extract the classi cation report for the test set:

print(classification_report(
test_results["target"], 1.0*(test_
results['preds"]>0.2))

)

is gives us the following output:

precision recall fl-score support
0.92 097 0.94 2075
0.85 096 0.90 1200
0.65 0.90 0.75 364
0.83 095 0.89 305
0.86 0.68 0.76 296
0.74 056 0.63 269
0.60 0.80 0.69 245
0.62 0.10 0.17 150
049 095 0.65 149
0.44 0.88 0.58 129
micro avg 080 0.89 0.84 5182
macro avg 0.70 0.78 0.70 5182
weighted avg 0.82 0.89 0.84 5182
samples avg 0.83 090 085 5182
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12. At this point, we have trained a graph neural network model and assessed its
performance. Now, let's apply this model to a set of unobserved data — the data that
we le out at the very beginning — and represent the true test data in an inductive
setting. To do this, we need to instantiate a new generator:
generator = HINSAGENodeGenerator(
stellarGraph, batch_size, num_samples,
head node_type="document")
Note that the graph we've taken as an input frtinBAGENodeGenerator
is now the entire graph (in place of the ltered one we used previously), which
contains both training and test documents. Using this class, we can create a
generator that only samples from the test nodes, ltering out the ones that do not
belong to one of our main selected topics:
hold_out = hold_out[hold_out.sum(axis=1) > 0]
hold_out_gen = generator.flow(hold_out.index, hold_out)
13. e model can then be evaluated over these samples, and the labels are predicted

using the threshold we identi ed earlier; that is, 0.2:

hold_out_predictions = model.predict(hold_out_gen)
preds = pd.DataFrame(1.0*(hold_out_predictions > 0.2),
index = hold_out.index,
columns = hold_out.columns)
results = pd.concat(
{"target": hold_out,"preds": preds}, axis=1

)

Finally, we can extract the performance of the inductive test dataset:
print(classification_report(
results["target"], results["preds"])

)

is produces the following table:

precision recall fl-score support
093 099 096 1087
090 097 0.93 719
0.64 092 0.76 179
0.82 095 0.88 149
0.85 0.62 0.72 189

A W N PF O
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0.74 050 0.59 117
0.60 0.79 0.68 131
0.43 0.03 0.06 89
0.50 0.96 0.66 71
039 0.86 0.54 56
micro avg 0.82 0.89 085 2787
macro avg 0.68 0.76 0.68 2787
weighted avg 0.83 0.89 084 2787
samples avg 0.84 090 0.86 2787
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Compared to the shallow learning method, we can see that we have achieved a substantia
improvement in performance that's between 5-10%.

Summary

In this chapter, you learned how to process unstructured information and how to

represent such information by using graphs. Starting from a well-known benchmark
dataset, the Reuters-21578 dataset, we applied standard NLP engines to tag and structure
textual information. en, we used these high-level features to create di erent types of
networks: knowledge-based networks, bipartite networks, and projections for a subset of
nodes, as well as a network relating the dataset topics. ese di erent graphs have also
allowed us to use the tools we presented in previous chapters to extract insights from the
network representation.

We used local and global properties to show you how these quantities can represent and
describe structurally di erent types of networks. We then used unsupervised techniques
to identify semantic communities and cluster documents that belong to similar subjects/
topics. Finally, we used the labeled information provided in a dataset to train supervised
multi-class multi-label classi ers, which also leveraged the topology of the network.

en, we applied supervised techniques to a heterogeneous graph, where two di erent
node types are present: documents and entities. In this setting, we showed you how to
implement both transductive and inductive approaches by using shallow learning and
graph neural networks, respectively.

In the next chapter, we will look at another domain where graph analytics can be

e ciently used to extract insights and/or create machine learning models that leverage
network topology: transactional data. e next use case will also allow you to generalize
the bipartite graph concepts that were introduced in this chapter to another level:
tripartite graphs.






8

Graph Analysis
for Credit Card
Transactions

Analysis of nancial data is one of the most common and important domains in big

data and data analysis. Indeed, due to the increasing number of mobile devices and the
introduction of a standard platform for online payment, the amount of transactiotel da
that banks are producing and consuming is increasing exponentially.

As a consequence, new tools and techniques are needed to exploit as much as we can
from this huge amount of information in order to better understand customers' behavior
and support data-driven decisions in business processes. Data can also be used to build
better mechanisms to improve security in the online payment process. Indeed, as online
payment systems are becoming increasingly popular due to e-commerce platforms, at
the same time, cases of fraud are also increasing. An example of a fraudulent transaction
is a transaction performed with a stolen credit card. Indeed, in this case, the fraudulent
transactions will be di erent from the transactions made by the original owner of the
credit card.

However, building automatic procedures to detect fraudulent transactions could be a
complex problem due to the large number of variables involved.
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In this chapter, we will describe how we can represent credit card transaction data as a

graph in order to automatically detect fraudulent transactions using machine learning

algorithms. We will start processing the dataset by applying some of the techniques and

algorithms we described in previous chapters to build a fraud detection algorithm.

e following topics will be covered in this chapter:

e Generating a graph from credit card transactions
» Extraction of properties and communities from the graph

» Application of supervised and unsupervised machine learning algorithms to fraud
classi cation

Technical requirements

We will be usinglupytemotebooks witlPython3.8 for all of our exercises. e following
is a list of Python libraries that will be installed for this chapter yging For example,
run pip install networkx==2.5 on the command line:

Jupyter==1.0.0
networkx==2.5
scikit-learn==0.24.0
pandas==1.1.3
node2vec==0.3.3
numpy==1.19.2
communities==2.2.0

In the rest of this book, unless clearly stated to the contrary, we will refeatothe
results of the Pythoimport networkx as nx command.

All code les relevant to this chapter are availablgtps:/github.com/
PacktPublishing/Graph-Machine-Learning/tree/main/Chapter08

Overview of the dataset

e dataset used in this chapter is theredit Card Transactions Fraud Detection Dataset
available oKaggleat the following URLhttps://www.kaggle.com/kartik2112/
fraud-detection?select=fraudTrain.csv
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e dataset is made up of simulated credit card transactions containing legitimate and
fraudulent transactions for the period January 1, 2019 — December 31, 2020. It includes
the credit cards of 1,000 customers performing transactions with a pool of 800 merchants.
e dataset was generated usirgparkov Data GeneratioWlore information about

the generation algorithm is available at the following UiRhs://github.com/
namebrandon/Sparkov_Data_Generation

For each transaction, the dataset contains 23 di erent features. In the following table, we
will show only the information that will be used in this chapter:

Table 8.1 — List of variables used in the dataset

For the purposes of our analysis, we will uséréuelTrain.csv le. As already

suggested, take a look at the dataset by yourself. It is strongly suggested to explore and
become as comfortable as possible with the dataset before starting any machine learning
task. We also suggest that you investigate two other datasets that will not be covered

in this chapter. e rst one is the Czech Bank's Financial Analysis dataset, available

at https://github.com/Kusainov/czech-banking-fin-analysis . is

dataset came from an actual Czech bank in 1999, for the period covering 1993 — 1998. e
data pertaining to clients and their accounts consists of directed relations. Unfortunately,
there are no labels on the transactions, making it impossible to train a fraud detection
engine using machine learning techniques. e second dataset is the paysiml dataset,
available alttps://www.kaggle.com/ntnu-testimon/paysim1 . is dataset
comprises simulated mobile money transactions based on a sample of real transactions
extracted from one month of nancial logs from a mobile money service implemented in
an African country. e original logs were provided by a multinational company, which

is the provider of the mobile nancial service and is currently running in more than

14 countries across the globe. is dataset also contains labels on fraudulent/genuine
transactions.
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Loading the dataset and graph building using

networkx

e rst step of our analysis will be to load the dataset and build a graph. Since the dataset
represents a simple list of transactions, we need to perform several operations to build the
nal credit card transaction graph. e dataset is a simple CSV le; we carpaséas to

load the data as follows:

import pandas as pd
df = df[df["is_fraud"]==0].sample(frac=0.20, random_state=42).
append(df[df["is_fraud"] == 1])

In order to help the reader deal with the dataset, we selected 20% of the genuine
transactions and all of the fraudulent transactions. As a result, from a total of 1,296,675
transactions, we will only use 265,342 transactions. Moreover, we can also investigate the
number of fraudulent and genuine transactions in our dataset as follows:

df["is_fraud"].value_counts()
By way of a result, we get the following:

0 257834
1 7506

In other words, from a total of 265,342 transactions, o806 (2.83 %) are fraudulent
transactions, while the others are genuine.

e dataset can be represented as a graph usingnét@orkx library. Before starting

with the technical description, we will start by specifying how the graph is built from
the data. We used two di erent approaches to build the graph, namely, the bipartite and
tripartite approaches, as described in the p&H&XTE: A Novel Approach for Automated
Credit Card Transaction Fraud Detection Using Network-Based Exteargilable at
https://www.scinapse.io/papers/614715210
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For thebipartite approach we build a weighted bipartite gragh= (V,E,w) Where

V = V. éV,, where each node DV, represents a customer, and each nad®V,,
represents a merchant. An edge: V) is created if a transaction exists from the
customery., to the merchan/m. Finally, to each edge of the graph, we assign an
(always positive) weight representing the amount (in US dollars) of the transaction.
In our formalization, we allow both directed and undirected graphs.

Since the dataset represents temporal transactions, multiple interactions can happen
between a customer and a merchant. In both our formalizations, we decided to collapse
all that information in a single graph. In other words, if multiple transactions are present
between a customer and a merchant, we will build a single edge between the two nodes
with its weight given by the sum of all the transaction amounts. A graphical representation
of the direct bipartite graph is visiblefigure 8.1

Figure 8.1 — Bipartite graph generated from the input dataset

e bipartite graph we de ned can be built using the following code:

def build_graph_bipartite(df_input, graph_type=nx.Graph()):
df = df_input.copy()
mapping = {x:node_id for node_id,x in enumerate(set(df["cc_
num"].values.tolist() + df["merchant"].values.tolist()))}
df["*from"] = df["cc_num"].apply(lambda x: mapping[x])
df["to"] = df["merchant"].apply(lambda x: mapping[X])
df = df[['from’, 'to’, "amt", "is_fraud"]].groupby([‘from’,
'to']).agg({"is_fraud": "sum", "amt": "sum"}).reset_index()
df["is_fraud"] = df["is_fraud"].apply(lambda x: 1 if x>0
else 0)
G = nx.from_edgelist(df[["from", "to"]].values, create
using=graph_type)
nx.set_edge_attributes(G, {(int(x["from"]),
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int(x["to"])):x["is_fraud"] for idx, x in df[["from","t0","is_
fraud"]].iterrows()}, "label")

nx.set_edge_attributes(G,{(int(x["from"]),
int(x["to"])):x["amt"] for idx, x in df[["from","to","amt"]].
iterrows()}, "weight")

return G

e code is quite simple. To build the bipartite credit card transaction graph, we use
di erent networkx functions. To go more in depth, the operations we performed in the
code are as follows:

We built a map to assigmede_id to each merchant or customer.

Multiple transactions are aggregated in a single transaction.

e networkx function,nx.from_edgelist , is used to build the networkx
graph.

4. Two attributes, namehyeight andlabel , are assigned to each edge. e former
represents the total number of transactions between the two nodes, whereas the
latter indicates whether the transaction is genuine or fraudulent.

As we can also see from the code, we can select whether we want to build a directed or an
undirected graph. We can build an undirected graph by calling the following function:

G_bu = build_graph_bipartite(df, nx.Graph(name="Bipartite
Undirect"))))

We can instead build a direct graph by calling the following function:

G_bd = build_graph_bipartite(df, nx.DiGraph(name="Bipartite
Direct"))))

e only di erence is given by the second parameter we pass in the constructor.
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e tripartite approach is an extension of the previous one, also allowing the transactions
to be represented as a vertex. If, on the one hand, this approach drastically increases
network complexity, on the other hand, it allows extra node embeddings to be built for
merchants and cardholders and every transaction. Formally for this approach, we build
a weighted tripartite graplé, = (V,E,w), whereV = V, &V, €V;,, where each node

¢ DV, represents a customer, each noddV,, represents a merchant, and each node

t DV, is a transaction. Two eddes,v;) and(v,,v,,) are created for each transaction,

V¢, from customebc to the merchan¥m.

Finally, to each edge of the graph, we assign an (always positive) weight representing
the amount (in US dollars) of the transaction. Since, in this case, we create a node for
each transaction, we do not need to aggregate multiple transactions from a customer to
a merchant. Moreover, as for the other approach, in our formalization, we allow both
directed and undirected graphs. A graphical representation of the direct bipartite graph is
visible inFigure 8.2

Figure 8.2 — Tripartite graph generated from the input dataset
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e tripartite graph we de ned can be built using the following code:

def build_graph_tripartite(df_input, graph_type=nx.Graph()):
df = df_input.copy()
mapping = {x:node_id for node_id,x in enumerate(set(df.
index.values.tolist() + df["cc_num"].values.tolist() +
df["merchant"].values.tolist()))}

df["in_node"] = df["cc_num"].apply(lambda x: mapping[X])
df["out_node"] = df["merchant"].apply(lambda x: mapping[x])
G = nx.from_edgelist([(x["in_node"], mapping[idx]) for idx,

x in df.iterrows()] + [(X["out_node"], mapping[idx]) for idx, x

in df.iterrows()], create_using=graph_type)

nx.set_edge_attributes(G,{(x["in_node"],
mapping[idx]):x["is_fraud"] for idx, X in df.iterrows()},
"label")

nx.set_edge_attributes(G,{(x["out_node"],
mapping[idx]):x["is_fraud"] for idx, x in df.iterrows()},
"label")

nx.set_edge_attributes(G,{(x["in_node"],
mapping[idx]):x["amt"] for idx, x in df.iterrows()}, "weight")

nx.set_edge_attributes(G,{(x["out_node"],
mapping[idx]):x["amt"] for idx, x in df.iterrows()}, "weight")

return G

e code is quite simple. To build théripartite credit card transaction graph, we use
di erent networkx functions. To go more in depth, the operations we performed in the
code are as follows:

1. We built a map to assigmade_id to each merchant, customer, and transaction.

2. e networkx function,nx.from_edgelist , IS used to build the networkx
graph,

3. Two attributes, namelyeight andlabel , are assigned to each edge. e former
represents the total number of transactions between the two nodes, whereas the
latter indicates whether the transaction is genuine or fraudulent.

As we can also see from the code, we can select whether we want to build a directed or an
undirected graph. We can build an undirected graph by calling the following function:

G_tu = build_graph_tripartite(df, nx.Graph(name="Tripartite
Undirect"))
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We can instead build a direct graph by calling the following function:

G_td = build_graph_tripartite(df, nx.DiGraph(name="Tripartite
Direct"))

e only di erence is given by the second parameter we pass in the constructor.

In the formalized graph representation that we introduced, the real transactions are
represented as edges. According to this structure for both bipartite and tripartite
graphs, the classi cation of fraudulent/genuine transactions is described as an edge
classi cation task. In this task, the goal is to assign to a given edge @ fabgkfuine,

1 for fraudulent) describing whether the transaction the edge represents is fraudulent or
genuine.

In the rest of this chapter, we use for our analysis both bipartite and tripartite tedirec
graphs, denoted by the Python varialile®u andG_tu, respectively. We will leave it to
you, as an exercise, an extension of the analyses proposed in this chapter to direct graphs.

We begin our analysis with a simple check to validate whether our graph is a real bipartite
graph using the following line:

from networkx.algorithms import bipartite
all([bipartite.is_bipartite(G) for G in [G_bu,G_tu]]

As result, we gdtrue . is check gives us the certainty that the two graphs are actually
bipartite/tripartite graphs.

Moreover, using the following command, we can get some basic statistics:

for G in [G_bu, G_tu]:
print(nx.info(G))

By way of a result, we get the following:

Name: Bipartite Undirect
Type: Graph

Number of nodes: 1676
Number of edges: 201725
Average degree: 240.7220
Name: Tripartite Undirect
Type: Graph
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Number of nodes: 267016
Number of edges: 530680
Average degree: 3.9749

As we can see, the two graphs di er in both, the number of nodes and the number of
edges. e hipartite undirected graph has 1,676, equal to the number of customers plus
the number of merchants with a high number of edges (201,725). e tripartite undirected
graph has 267,016, equal to the number of customers plus the number of merchants plus
all the transactions.

In this graph, the number of nodes, as expected, is higher (530,680) compared to the
bipartite graph. e interesting di erence in this comparison is given by the average
degree of the two graphs. Indeed, the average degree of the bipartite graph is higher
compared to the tripartite graph, as expected. Indeed, since, in the tripartite geaph, th
connections are "split" by the presence of the transaction nodes, the average degree is
lower.

In the next section, we will describe how we can now use the transaction graphs generated
to perform a more complete statistical analysis.

Network topology and community detection

In this section, we are going to analyze some graph metrics to have a clear picture of the
general structure of the graph. We will be usietgvorkx to compute most of the useful
metrics we have seen@iapter 1Getting Started with Graphd/e will try to interpret

the metrics to gain insights into the graph.

Network topology

A good starting point for our analysis is the extraction of simple graph metrics to have
a general understanding of the main properties of bipartite and tripartite transaction
graphs.

We start by looking at the distribution of the degree for both bipartite and ttgparti
graphs using the following code:

for G in [G_bu, G_tu]:
plt.figure(figsize=(10,10))
degrees = pd.Series({k: v for k, v in nx.degree(G)})
degrees.plot.hist()
plt.yscale("log")
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By way of a result, we get the plot in the following diagram:

Figure 8.3 — Degree distribution for bipartite (le ) and tripartite (right) graphs

From Figure 8.3it is possible to see how the distribution of nodes re ects the average
degree we previously saw. In greater detail, the bipartite graph has a more variegate
distribution, with a peak of around 300. For the tripartite graph, the distribution has a

big peak for degree 2, while the other part of the tripartite degree distribution is similar

to the bipartite distribution. ese distributions completely re ect the di erences in how

the two graphs were de ned. Indeed, if bipartite graphs are made by connections from

the customer to the merchant, in the tripartite graph, all the connections pass threugh th
transaction nodes. ose nodes are the majority in the graph, and they all have a degree of
2 (an edge from a custom and an edge to a merchant). As a consequence, the frequency in
the bin representing degree 2 is equal to the number of transaction nodes.

We will continue our investigation by analyzing #uges weight  distribution:
1. We begin by computing the quantile distribution:

for G in [G_bu, G_tu]:
allEdgesWeights = pd.Series({(d[0], d[1]): d[2]

["weight"] for d in G.edges(data=True)})
np.quantile(allEdgesWeights.values,[0.10,0.50,0.70,0.9])
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2. By way of a result, we get the following:

array([ 5.03, 58.25, 98.44 , 215.656])
array([ 4.21, 48.51, 76.4,147.1])

3. Using the same command as before, we can also plot (in log scale) the distribution

of edges weight , cut to the 90 percentile. e result is visible in the following
diagram:

Figure 8.4 — Edge weight distribution for bipartite (le ) and tripartite (right) graphs
We can see how, due to the aggregation of the transaction having the same customer
and merchant, the distribution of the bipartite graph is shi ed to the right (high
values) compared to the tripartite graph, where edge weights were not computed,
aggregating multiple transactions.

4. We will now investigate thetweenness centrality metric. It measures how
many shortest paths pass through a given node, giving an idea oéhialthat

node is for the spreading of information inside the network. We can compute the
distribution of node centrality by using the following command:

for G in [G_bu, G_tu]:
plt.figure(figsize=(10,10))
bc_distr = pd.Series(nx.betweenness_centrality(G))
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bc_distr.plot.hist()
plt.yscale("log")

5. As result, we get the following distributions:

Figure 8.5 — Betweenness centrality distribution for bipartite (le ) and tripartite (right) graphs
As expected, for both graphs, the betweenness centrality is low. is can be
understood due to the large number of non-bridging nodes inside the network.
Similar to what we saw for the degree distribution, the distribution of betweenness
centrality values is di erent in the two graphs. Indeed, if the bipartite graph has
a more variegate distribution with a mean of 0.00072, in the tripartite graph, the
transaction nodes are the ones that mainly move the distribution values and lower
the mean to 1.38e-05. Also, in this case, we can see that the distribution for the
tripartite graph has a big peak, representing the transaction nodes, and the rest of
the distribution is quite similar to the bipartite distribution.

6. We can nally compute the assortativity of the two graphs using the following code:
for G in [G_bu, G_tu]:
print(nx.degree_pearson_correlation_coefficient(G))
7. By way of a result, we get the following:

-0.1377432041049189
-0.8079472914876812
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Here, we can observe how both graphs have a negative assortativity, likely skawing th
well-connected individuals associate with poor-connected individuals. For thidtbipa

graph, the value is low (-0.14), since customers who have a low degree are only connected
with merchants who have high degrees due to the high number of incoming transactions.

e assortativity is even lower (-0.81) for the tripartite graph. is behavior is expected

due to the presence of the transaction nodes. Indeed, those nodes always have a degree
of 2, and they are linked to customers and merchants represented by highly connected
nodes.

Community detection

Another interesting analysis we can perform is community detection. is analysis can
help to identify speci ¢ fraudulent patterns:

1. e code to perform community extraction is as follows:

import community
for G in [G_bu, G_tu]:

parts = community.best_partition(G, random_state=42,
weight="weight')

communities = pd.Series(parts) print(communities.
value_counts().sort_values(ascending=False))

In this code, we simply use tbemmunity library to extract the communities in
the input graph. We then print the communities detected by the algorithms, sorted
according to the number of nodes contained.

2. For the bipartite graph, we obtain the following output:

546
335
139
136
123
111

W A~ N N O O
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8 83
9 59
10 57
6 48
11 26
1 13

3. For the tripartite graph, we obtain the following output:

11 4828

3 4493

26 4313

94 4115

8 4036

.47 1160

103 1132

95 954

85 845

102 561

4. Due to a large number of nodes in the tripartite graph, we found 106 communities
(we reported just a subset of them), while, for the bipartite graph, only 12
communities were found. As consequence, to have a clear picture, for the tripartite
graph, it is better to plot the distribution of the nodes contained in the di erent
communities using the following command:

communities.value_counts().plot.hist(bins=20)
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5. By way of a result, we get the following:

Figure 8.6 — Distribution of communities' node size
From the diagram, it is possible to see how the peak is reached around 2,500. is
means that more than 30 large communities have more than 2,000 nodes. From the
plot, it is also possible to see that a few communities have fewer than 1,000 nodes
and more than 3,000 nodes.
6. For each set of communities detected by the algorithm, we can compute the

percentage of fraudulent transactions. e goal of this analysis is to identify speci c
sub-graphs where there is a high concentration of fraudulent transactions:

graphs =]
d={

for x in communities.unique():
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tmp = nx.subgraph(G, communities[communities==x].
index)

fraud_edges = sum(nx.get_edge_attributes(tmp,
"label").values())

ratio = 0 if fraud_edges == 0 else (fraud_edges/tmp.
number_of edges())*100

d[x] = ratio
graphs += [tmp]
print(pd.Series(d).sort_values(ascending=False))

7. e code simply generates a node-induced subgraph by using the nodes contained
in a speci c community. e graph is used to compute the percentage of fraudulent
transactions as a ratio of the number of fraudulent edges over the number of all
the edges in the graph. We can also plot a node-induced subgraph detected by the
community detection algorithm by using the following code:

gld =10

spring_pos = nx.spring_layout(graphs[gld])

edge _colors =["r"if x == 1 else "g" for x in nx.get_
edge_attributes(graphs|gld], 'label’).values()]

nx.draw_networkx(graphs[gld], pos=spring_pos, node__
color=default_node_color, edge_color=edge_colors, with__
labels=False, node_size=15)

Given a particular community indegld , the code extracts the node-induced
subgraph, using the node available inglte community index, and plots the
graph obtained.

8. By running the two algorithms on the bipartite graph, we will obtain the following:

9 26.905830
10 25.482625
6 22.751323
2 21.993834
11 21.333333
3 20.470263
8 18.072289
4 16.218905
7  6.588580
0 4.963345
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5 1.304983
1  0.000000

9. For each community, we have the percentage of its fraudulent edges. To have a
better description of the subgraph, we can plot community 10 by executing the
previous line of code usimgd=10 . As a result, we get the following:

Figure 8.7 — Induced subgraph of community 10 for the bipartite graph

10. e image of the induced subgraph allows us to better understand whether speci c
patterns are visible in the data. Running the same algorithms on the tripartite graph,
we obtain the following output:

6 6.857728
94 6.551151
8 5.966981
1 5.870918
89 5.760271

102 0.889680
72 0.836013
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85 0.708383
60 0.503461
46  0.205170

11. Due to the large number of communities, we can plot the distribution of the
fraudulent over genuine ratio with the following command:

pd.Series(d).plot.hist(bins=20)

12. By way of a result, we get the following:

Figure 8.8 — Distribution of communities' fraudulent/genuine edge ratio
From the diagram, we can observe that a large part of the distribution is around
communities having a ratio of between 2 and 4. ere are a few communities with a
low ratio (<1) and with a high ratio (>5).
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13. Also, for the tripartite graph, we can plot community 6 (with a ratio of 6.86), made
by 1,935 nodes, by executing the previous line of codegldig) :

Figure 8.9 — Induced subgraph of community 6 for the tripartite graph

As for the bipartite use case, in this image, we can see an interesting pattern that could be
used to perform a deeper exploration of some important graph sub-regions.

In this section, we perform some explorative tasks to better understand the graphs
and their properties. We also gave an example describing how a community detection
algorithm can be used to spot patterns in the data. In the next section, we will describe
how machine learning can be used to automatically detect fraudulent transactions.

Embedding for supervised and unsupervised
fraud detection

In this section, we will describe how the bipartite and tripartite graphs described
previously can be used by graph machine learning algorithms todotidohatic

procedures for fraud detection using supervised and unsupervised approaches. As we
already discussed at the beginning of this chapter, transactions are represented by edges,
and we then want to classify each edge in the correct class: fraudulent or genuine.
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e pipeline we will use to perform the classi cation task is the following:

» A sampling procedure for the imbalanced task

» e use of an unsupervised embedding algorithm to create a feature vector for each
edge

e e application of supervised and unsupervised machine learning algorithms to the
feature space de ned in the previous point

Supervised approach to fraudulent transaction
LGHQWL4FDWLRQ

Since our dataset is strongly imbalanced, with fraudulent transactions representing 2.83%
of total transactions, we need to apply some techniques to deal with unbalanced data. In
this use case, we will apply a simple random undersampling strategy. Going into more
depth, we will take a subsample of the majority class (genuine transactions) to match

the number of samples of the minority class (fraudulent transactions). is is just one

of the many techniques available in literature. It is also possible to use outlier detection
algorithms, such as isolation forest, to detect fraudulent transactions as outliers in the
data. We leave it to you, as an exercise, to extend the analyses using other techniques to
deal with imbalanced data, such as random oversampling or using cost-sensitive classi ers
for the classi cation task. Speci ¢ techniques for node and edge sampling that can be
directly applied to the graph will be describe€hapter 10Novel Trends on Graphs

1. e code we use for random undersampling is as follows:

from sklearn.utils import resample

df_majority = df[df.is_fraud==0]

df_minority = df{df.is_fraud==1]
df_maj_dowsampled = resample(df_majority, n_
samples=len(df_minority), random_state=42)
df_downsampled = pd.concat([df_minority, df_maj_
dowsampled])

G_down = build_graph_bipartite(df _downsampled,
nx.Graph())
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2.

4,

e code is straightforward. We applied thesample function of thesklearn
package to lter thelownsample function of the original data frame. We then
build a graph using the function de ned at the beginning of the chapter. To create
the tripartite graph, theuild_graph_tripartite function should be used. As
the next step, we split the dataset into training and validation with a ratio of 80/20:

from sklearn.model_selection import train_test_split

train_edges, val_edges, train_labels, val_labels = train_
test_split(list(range(len(G_down.edges))), list(nx.
get_edge_attributes(G_down, "label").values()), test
size=0.20, random_state=42)

edgs = list(G_down.edges)
train_graph = G_down.edge_subgraph([edgs[x] for x in
train_edges]).copy()

train_graph.add_nodes_from(list(set(G_down.nodes) -
set(train_graph.nodes)))

As before, also in this case, the code is straightforward since we simply apply the
train_test_split function of thesklearn  package.

We can now build the feature space usingNtiee2Vec algorithm as follows:

from node2vec import Node2Vec
node2vec = Node2Vec(train_graph, weight_key="weight’)
model = node2vec_train.fit(window=10)

e node2vec results are used to build, as describedriapter 3Unsupervised
Graph Learningthe edge embedding that will generate the nal feature space used
by the classi er.

e code to perform this task is the following:

from sklearn import metrics
from sklearn.ensemble import RandomForestClassifier

from node2vec.edges import HadamardEmbedder,
AverageEmbedder, WeightedL1Embedder, WeightedL2Embedder

classes = [HadamardEmbedder, AverageEmbedder,
WeightedL1Embedder, WeightedL2Embedder]

for cl in classes:
embeddings = cl(keyed_vectors=model.wv)
train_embeddings = [embeddings][str(edgs[x][0]),
str(edgs[x][1])] for x in train_edges]
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val_embeddings = [embeddings[str(edgs[x][0]),
str(edgs[x][1])] for x in val_edges]

rf = RandomForestClassifier(n_estimators=1000,
random_state=42)

rf.fit(train_embeddings, train_labels)

y_pred = rf.predict(val_embeddings)

print(cl)

print(‘Precision:', metrics.precision_score(val_
labels, y_pred))

print('Recall:', metrics.recall_score(val_labels, y
pred))

print('F1-Score:', metrics.f1_score(val_labels, y
pred))

Di erent steps are performed compared to the previous code:

1.

For eaclEdge2Vec algorithm, the previously computétbde2Vec algorithm is
used to generate the feature space.

ARandomForestClassifier from thesklearn  Python library is trained on
the feature set generated in the previous step.

Di erent performance metrics, namely, precision, recall, and F1-score, are
computed on the validation test.

We can apply the code we previously described to both bipartite and tripartites ¢wap
solve the fraud detection task. In the following table, we report the performances for the
bipartite graph:

Table 8.2 — Supervised fraud edge classi cation performances for a bipartite graph

273
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In the following table, we report the performances for the tripartite graph:

Table 8.3 — Supervised fraud edge classi cation performances for a tripartite graph

In Table 8.2andTable 8.3we reported the classi cation performances obtained using
bipartite and tripartite graphs. As we can see from the results, the two methods, in terms
of F1-score, precision, and recall, show signi cant di erences. Since, for both graph types,
Hadamard and average edge embedding algorithms give the most interesting results, we
are going to focus our attention on those two. Going into more detail, the tripartite graph
has a better precision compared to the bipartite graph (0.89 and 0.74 for the tripartite
graph versus 0.73 and 0.71 for the bipartite graph).

In contrast, the bipartite graph has a better recall compared to the tripartite graph (0.76
and 0.79 for the bipartite graph versus 0.29 and 0.45 for the tripartite graph). We can
therefore conclude that in this speci ¢ case, the use of a bipartite graph could be a better
choice since it achieves high performances in terms of F1 with a smaller graph (in terms
of nodes and edges) compared to the tripartite graph.

Unsupervised approach to fraudulent transaction
LGHQWL4FDWLRQ

e same approach can also be applied in unsupervised tasks using k-means. e main
di erence is that the generated feature space will not undergo a train-validation split.
Indeed, in the following code, we will compute Neele2Vec algorithm on the entire
graph generated following the downsampling procedure:

nod2vec_unsup = Node2Vec(G_down, weight_key='weight")
unsup_vals = nod2vec_unsup.fit(window=10)
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As previously de ned for the supervised analysis, when building the node feature vectors,
we can use di ereriegde2Vec algorithms to run the k-means algorithm as follows:

from sklearn.cluster import KMeans

classes = [HadamardEmbedder, AverageEmbedder,
WeightedL1Embedder, WeightedL2Embedder]

true_labels = [x for x in nx.get_edge_attributes(G_down,
"label").values()]

for cl in classes:
embedding_edge = cl(keyed_vectors=unsup_vals.wv)

embedding = [embedding_edge[str(x[0]), str(x[1])] for x in
G_down.edges()]

kmeans = KMeans(2, random_state=42).fit(embedding)

nmi = metrics.adjusted_mutual_info_score(true_labels,
kmeans.labels_)

ho = metrics.homogeneity_score(true_labels, kmeans.labels )
co = metrics.completeness_score(true_labels, kmeans.labels_

vmeasure = metrics.v_measure_score(true_labels, kmeans.
labels )

print(cl)

print(NMI:', nmi)
print‘"Homogeneity:', ho)
print('Completeness:', co)
print('V-Measure:', vmeasure)

Di erent steps are performed in the previous code:
1. For eacledge2Vec algorithm, the previously computétbde2Vec algorithm on

train and validation sets is used to generate the feature space.

2. AKMeans clustering algorithm from theklearn ~ Python library is tted on the
feature set generated in the previous step.

3. Dierent performance metrics, namely, adjustedtual information (MNI),
homogeneity, completeness, and v-measure scores.
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We can apply the code described previously to both bipartite and tripartite goegdise
the fraud detection task using the unsupervised algorithm. In the following table, we
report the performances for the bipartite graph:

Table 8.4 — Unsupervised fraud edge classi cation performances for the bipartite graph

In the following table, we report the performances for the tripartite graph:

Table 8.5 — Unsupervised fraud edge classi cation performances for the tripartite graph

In Table 8.4andTable 8.5we reported the classi cation performances obtained using
bipartite and tripartite graphs with the application of an unsupervised #igoris we

can see from the results, the two methods show signi cant di erences. It is also worth
noticing that, in this case, the performances obtained with the Hadamard embedding
algorithm clearly outperform all other approaches.

As shown byfable 8.4andTable 8.5also for this task, the performances obtained with the
tripartite graph outstrip those obtained with the bipartite graph. In the unsigest case,

we can see how the introduction of the transaction nodes improves overall performance.
We can assert, that, in the unsupervised setting, for this speci ¢ use case and using as a
reference the results obtainedTi@ble 8.4andTable 8.5use of the tripartite graph could

be a better choice since it enables the attainment of superior performances compared with
the bipartite graph.
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Summary

In this chapter, we described how a classical fraud detection task can be described as a
graph problem and how the techniques described in the previous chapter can be used
to tackle the problem. Going into more detail, we introduced the dataset we used and
described the procedure to transform the transactional data into two types of graph,
namely, bipartite and tripartite undirected graphs. We then computed local (aittng w
their distributions) and global metrics for both graphs, comparing the results.

Moreover, a community detection algorithm was applied to the graphs in order to
spot and plot speci ¢ regions of the transaction graph where the density of fraudulent
transactions is higher compared to the other communities.

Finally, we solved the fraud detection problem using supervised and unsupervised
algorithms, comparing the performances of the bipartite and tripartite graphise Ast

step, since the problem was unbalanced with a higher presence of genuine transactions,
we performed simple downsampling. We then applied di erent Edge2Vec algorithms

in combination with a random forest, for the supervised task, and k-means for an
unsupervised task, achieving good classi cation performances.

is chapter concludes the series of examples that are used to show how graph machine
learning algorithms can be applied to problems belonging to di erent domains, such as
social network analysis, text analytics, and credit card transaction analysis.

In the next chapter, we will describe some practical uses for graph databases and graph
processing engines that are useful for scaling out the analysis to large graphs.






9
Building a
Data-Driven

Graph-Powered
Application

So far, we have provided you with both theoretical and practical ideas to allow you to
design and implement machine learning models that leverage graph structures. Besides
designing the algorithm, it is 0 en very important to embed the modeling/analytical
pipeline into a robust and reliable end-to-end application. is is especially true in
industrial applications, where the end goal is usually to design and implement production
systems that support data-driven decisions and/or provide users with timely information.
However, creating a data-driven application that resorts to graph representation/modeling
is indeed a challenging task that requires a proper design that is a lot more complicated
than simply importinghetworkx . is chapter aims to provide you with a general

overview of the key concepts and frameworks that are used when building graph-based,
scalable, data-driven applications.
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We will start by providing an overview of the so-callathbda architectureswhich

provide a framework to structure scalable applications that require large-scale pgocessin
and real-time updates. We will then continue by applying this framework in the context

of graph-powered applicatigrisat is, applications that leverage graph structures using
techniques such as the ones described in this book. We will describe their two main
analytical componentgraph processing engineandgraph querying engineswe'll

present some of the technologies used, both in shared memory machines and distributed
memory machines, outlining similarities and di erences. e following topics will be
covered in this chapter:

» Overview of Lambda architectures
e Lambda architectures for graph-powered applications
e Technologies and examples of graph processing engines

» Graph querying engines and graph databases

Technical requirements

We will be using Python 3.8 for all of our exercises. In the following code block, you can
nd a list of the Python libraries that need to be installed for this chapter piging-or
example, rumip install networkx==2.5 on the command line, and so on:

networkx==2.5
neo4j==4.2.0
gremlinpython==3.4.6

All the code les relevant to this chapter are availalita://github.com/
PacktPublishing/Graph-Machine-Learning/tree/main/Chapter09

Overview of Lambda architectures

In recent years, great focus has been given to designing scalable architectures that
will allow, on the one hand, tipgocessing of a large amount of daital, on the other,
providing answers/alerts/actions in real time, using the latest availaloteiiiar
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Besides, these systems need to also be able to scale out seamlessly to a larger number
of users or a larger amount of data by increasing resources horizontally (adding more
servers) or vertically (using servers that are more powdrhr)bda architectureis a
particular data-processing architecture that is designed to process massive quantities of
data and ensure large throughput in a very e cient manner, preserving reduced latency
and ensuring fault tolerance and negligible errors.

e Lambda architecture is composed of three di erent layers:

» e batch layer : is layer sits on top of the (possibly distributed and scalable)
storage system, and can handle and store all historical data, as well as performing
Online Analytical ProcessindOLAP) computation on the entire dataset. New
data is continuously ingested and stored, as it would be traditionally done in data
warehouse systems. Large-scale processing is generally achieved via massively
parallel jobs, which aim at producing aggregation, structuring, and computation of
relevant information. In the context of machine learning, model training that relies
on historic information is generally done in this layer, thus producing a trained
model to be used either in a batch prediction job or in real-time execution.

» e speed layer: is is a low-latency layer that allows the real-time processing
of the information to provide timely updates and information. It is generally fed
by a streaming process, usually involving fast computation that does not require
long computational time or load. It produces an output that is integrated with the
data generated by the batch layer in (near) real time, provddimgort forOnline
Transaction ProcessindOLTP) operations. e speed layer might also very well
use some outputs of the OLAP computations, such as a trained model. O entimes,
applications that use machine learning modeling in real time (for example, fraud
detection engines used in credit card transactions) embed in their speed layers
trained models that provide prompt predictions and trigger real-time alerts of
potential fraud. Libraries may operate at an event level (such as Apache Storm) or
over mini-batches (such as Spark Streaming), providing, depending on the use case,
slightly di erent requirements for latency, fault tolerance, and computational speed.
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e serving layer : e serving layer has the duty of organizing, structuring, and

indexing information in order to allow the fast retrieval of data coming from the batch

and speed layers. e serving layer thus integrates the outputs of the batch layer with

the most updated and real-time information of the speed layer in order to deliver to

the user a uni ed and coherent view of the data. A serving layer can be composed of a
persistence layer that integrates both historical aggregation and real-time updates. is
component may be based on some kind of database, which can be relational or not,
conveniently indexed in order to reduce latency and allow the fast retrieval of relevant
data. e information is generally exposed to the user via either a direct connection to

the database and is accessible using a speci ¢ domain query language, such as SQL, or
also via dedicated services, such as RESTful API servers (which in Python can be easily
implemented using several frameworks, sudlasis ,fastapi , orturbogear ),

which provide the data via speci cally designed endpoints:

Figure 9.1 — Functional diagram for an application based on Lambda architecture

Lambda architectures have several bene ts that have motivated and promoted their use
especially in the context big dataapplications. In the following bullet points, we list
some of the main pros of Lambda architectures:

No server managements the Lambda architectural design pattern typically
abstracts the functional layers and does not require installing, maintaining, or
administering any so ware/infrastructure
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» Flexible scaling As the application can be either automatically scaled or scaled by
controlling the number of processing units that are used in batch layers (for example,
computing nodes) and/or in speed layers (for example, Ka a brokers) separately

» Automated high availability. Due to the fact that it represents a serverless design
for which we already have built-in availability and fault tolerance

» Business agility Reacts in real time to changing business/market scenarios

Although very powerful and exible, Lambda architectures come with some limitations
mainly due to the presence of two interconnected processing owsattie layerand

the speed layer is may require developers to build and maintain separate code bases
for batch and stream processes, resulting in more complexity and code overhead, which
may lead to harder debugging, possible misalignment, and bug promotion.

Here, we have provided a short overview of Lambda architectures and their basic building
blocks. For more details on how to design scalable architectures and the most commonly
used architectural patterns, please refer to the Bat& Lake for Enterpriseé¥017, by

Tomcy John and Pankaj Misra.

In the next section, we will show you how to implement a Lambda architecture for graph-
powered applications. In particular, we will describe the main components and review the
most common technologies.

Lambda architectures for graph-powered
applications

When dealing with scalable, graph-powered, data-driven applications, the design of
Lambda architectures is also re ected in the separation of functionalities between two
crucial components of the analytical pipeline, as shoviaigiare 9.2

e e (graph processing enginexecutes computations on the graph structure
in order to extract features (such as embeddings), compute statistics (such as
degree distributions, the number of edges, and cliques), compute metrics and
Key Performance IndicatorgKPIs) (such as centrality measures and clustering
coe cients), and identify relevant subgraphs (for example, communities) that o en
require OLAP.
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e e graph querying engineallows us to persist network data (usually done via a
graph database) and provides fast information retrieval and e cient querying and
graph traversal (usually via graph querying languages). All of the information is
already persisted in some data storage (that may or may not be in memory) and no
further computation is required apart from (possibly) some nal aggregation results,
for which indexing is crucial to achieving high performance and low latency:

Figure 9.2 — Graph-based architecture, with the main components
also re ected in a Lambda architectural pattern

Graph processing engines sit on top of batch layers and produce outputs that may be
stored and indexed in appropriate graph databases. ese databases are the backend
of graph querying engines, which allow relevant information to be easily and quickly
retrieved, representing the operational views used by the serving layer. Depending on
the use cases and/or the size of the graph, it o en makes sense to run both the graph
processing engine and the graph query engine on top of the same infrastructure.

Instead of storing the graph on a low-level storage layer (for example, the lesystem,
HDFS, or S3), there are graph database options that could support both OLAP and OLTP.
ese provide, at the same time, a backend persistence layer where historical information
processed by batch layers, together with real-time updates from the speed layet, is store
and information to be queried e ciently by the serving layer.
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As compared to other use cases, this condition is indeed quite peculiar for graph-powered,
data-driven applications. Historical data o en provides a topology on top of which new,
real-time updates and OLAP outputs (KPls, data aggregations, embeddings, communities,
and so on) can be stored. is data structure also represents the information that is later
queried by the serving layer that traverses the enriched graph.

Graph processing engines

To select the right technology fogeaph processing enginet is crucial to estimate the
size in memory of the network compared to the capacity of the target architecture. You
can start by using simpler frameworks that allow fast prototyping during the rst phases
of a project when the goal is to quickly buildliaimum Viable Product (MVP).

Such frameworks can then be substituted by more advanced tools later on when
performance and scalability become more crucial. A microservice modular approach and
proper structuring of these components will allow the switching of technologies/libraries
independently from the rest of the application to target speci c issues, which will also
guide the choice of the backend stack.

Graph processing engines require information on the whole graphs to be accessed quickly,
that is, having all of the graph in memory, and depending on the context, you might or
might not needlistributed architecturess we saw i€hapter 1Getting Started with
Graphsnetworkx is a great example of a library to build a graph processing engine
when dealing with reasonably small datasets. When datasets get larger, but they can
still tin single servers or shared memory machines, other libraries may help to reduce
computational time. As seen @hapter 1Getting Started with Graphssing libraries

other thannetworkx where graph algorithms are implemented in more performant
languages,

such as C++ or Julia, may dramatically speed up the computation by more than two
orders of magnitude.
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However, there are cases where datasets grow so much that it is no longer technologically
or economically viable to use shared memory machines of increasing capacity (fat nodes).
In such cases, it is rather necessary to distribute the data on clusters of tens or hundreds of
computing nodes, allowing horizontal scaling. e two most popular frameworks that can
support a graph processing engine in these cases are the following:

* Apache Spark GraphXwhich is the module of the Spark library that deals with
graph structureshftps://spark.apache.org/graphx ). It involves a
distributed representation of the graph usResilient Distributed Datasets
(RDDs) for both vertices and edges. e graph repartition throughout the
computing nodes can be done either withedge-custrategy, which logically
corresponds to dividing the nodes among multiple machinesyertex-cut
strategy, which logically corresponds to assigning edges to di erent machines and
allowing vertices to span multiple machines. Although written in Scala, GraphX
features wrappers with both R and Python. GraphX already comes with some
algorithms implemented, such BageRanlkconnected componerasdtriangle
counting ere are also other libraries that can be used on top of GraphX for other
algorithms, such &SparklingGraph, which implements more centrality measures.

« Apache Giraph which is an iterative graph processing system built for high
scalability Qttps://giraph.apache.org/ ). It was developed, and is
currently used, by Facebook to analyze the social graph formed by users and
their connections and is built on top of the Hadoop ecosystem for unleashing the
potential of structured datasets at a massive scale. Giraph is natively written in Java
and, similarly to GraphX, also provides a scalable implementation for some basic
graph algorithms, such ageRankndshortest path

When we consider scale-out to a distributed ecosystem, we should always keep in mind
that the available choice for algorithms is signi cantly smaller than in a shared machine
context. is is generally due to two reasons:

« First, implementing algorithms in a distributed way is a lot more complex than in
a shared machine due to communication among nodes, which also reduces the
overall e ciency.

e Secondly, and more importantly, one fundamental mantra of big data analytics
is that only algorithms that (nearly) scale linearly with the number of data points
should be implemented in order to ensure horizontal scalability of the solution, by
increasing the computational nodes as the dataset increases.
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In this respect, both Giraph and GraphX allow you to de ne scalable, vertex-centric,
iterative algorithms using standard interfaces basd@rege| which can be seen as a sort

of equivalent of iterative map-reduce operations for graphs (actually, iterative map-reduce
operations applied to triplet node-edge-node instances). A Pregel computation is
composed of a sequence of iterations, each calla@geastep each involving a node and

its neighbors.

During the superstefg a user-de ned function is applied for each vertéxjs

function takes the messages se o superste[® — las input and modi es the state of

V and its outgoing edges. is function represents the mapping stage, which can be easily
parallelized. Besides computing the new stat¥s thie function also sends messages

to other vertices connected ¥y which will receive this information at supersg&p 1

Messages are typically sent along outgoing edges, but a message may be sent to any vertex
whose identi er is known. Ifrigure 9.3we show a sketch of what a Pregel algorithm

would look like when computing the maximum value over a network. For further details

on this algorithm, please refer to the original papeggel: A System for Large-Scale Graph
Processingvritten by Malewicz et al. in 2010:

Figure 9.3 — Example of calculating a maximum value over a node property using Pregel

By using Pregel, you can easily implement other algorithms, sBegeRankr
connected componeritsa very e cient and general way, or even implement node
embeddings' parallel variants (for an examplePs&teibuted-Memory Vertex-Centric
Network Embedding for Large-Scale Grapiazi and Norris, 2020).
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Graph querying layer

In the last decade, due to the large di usion of non-structured data, NoSQL databases
have started to gain considerable attention and importance. Among ginajo,
databasesreindeed extremely powerful to store information based on a relation between
entities. Indeed, in many applications, data can naturally be seen as entities, associated
with metadata in the form of node properties, connected by edges that also have
properties that further describe the relationship between entities.

Examples of graph databases are libraries or tools such as Neo4j, OrientDB, ArangoDB,
Amazon Neptune, Cassandra, and JanusGraph (previously named TitanDB). In the
following sections, we will brie y describe some of them, together with the languages
that allow us to query and traverse the underlying graphs, which aregralhd

guerying languages

Neo4j

At the time of writingNeo4J(https://neo4j.com/ ) is surely the most common
graph database around, with a large community supporting its use and adoption. It
features two editions:

« Community Editionreleased under a GPL v3 license, which allows users/developers
to openly include Neo4j in their applications

» Enterprise Editigndesigned for commercial deployments where scale and
availability are crucial

Neo4j can scale out to fairly large datasetshaading, that is, distributing data over
multiple nodes and parallelizing queries and aggregation over multiple instances of the
database. Besides, the Neo4j federation also allows querying smaller separated graphs
(sometimes even with a di erent schema) as if they were one large graph.

Some of Neo4j's strong points are its exibility (which allows the schema to be evolved)
and its user-friendliness. In particular, many operations in Neo4j can be done through its
guery language, which is very intuitive and easy to |€ypher. Cypher

can just be seen as the counterpart of SQL for graph databases.

Testing out Neo4j and Cypher is extremely easy. You could install the Community
Edition (via Docker; see the next section) or play around with an online sandbox version
(https://neo4j.com/sandbox/ ).
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By using the latter, you can import some built-in datasets, such as the Movie dataset,
and start querying it using the Cypher query language. e Movie dataset is made up of
38 movies and 133 people that acted in, directed, wrote, reviewed, and produced them.
Both the on-premises version and the online version are equipped with a user-friendly Ul
that allows the user to query and visualize the datd-{ges 9.1 We start by listing 10
actors in the Movie dataset, by simply querying the following:

MATCH (p: Person) RETURN p LIMIT 10

But let's now leverage the information about relations between data points. We see that
one of the actors that appears in the database is Keanu Reeves. We may wonder who all
the actors that he has acted with in the listed movies are. is information can be easily
retrieved using the following query:

MATCH (k: Person {name:"Keanu Reeves"})-[:ACTED_IN]-(m: Movie)-
[:ACTED_IN]-(a: Person) RETURN k, m, a

As shown in the following gure, the query intuitively and graphically indicates in its
syntax how to traverse the graph by declaring the path we are interested in:

Figure 9.4 — Example of the Neo4j Ul with the Cypher query to retrieve the co-actors of
Keanu Reeves in the Movie dataset
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Besides Cypher, data can also be queried using Gremlin. is will be described shortly as a
common interface for graph databases.

Neo4j also provides bindings with several programming languages, such as Python,
JavaScript, Java, Go, Spring, and .NET. For Python in particular, there are several libraries
that implement connections with Neo4j, sucmas4j , py2neo , andneomodel , of

whichneod4j is the o cial and supported one and provides direct connections to the
database via a binary protocol. Creating a connection to the database and running a query
is just a matter of a few lines of code:

from neo4j import GraphDatabase
driver = GraphDatabase("bolt://localhost:7687", "my-user", "my-
password")
def run_query(tx, query):
return tx.run(query)
with driver.session() as session:
session.write_transaction(run_query, query)

A query could be any Cypher query, for instance, the one written previously to retrieve the
co-actors of Keanu Reeves.

JanusGraph — a graph database to scale out to very |  arge datasets

Neo4j is an extremely great piece of so ware, unbeatable when you want to get things
done quickly, thanks to its intuitive interface and query language. Neo4j is indeed a graph
database suitable for production, but especially good in MVPs when agility is crucial.
However, as data increases, its scalability based on sharding and breaking down large
graphs into smaller subgraphs may not be the best option.

When the volume of the data increases substantially, you should probably stasidercon
other graph database options. Once again, this should be done only when the use case
requirements start to hit the scalability limitation of Neo4j, as needs evolve from the MVP
initial requirements.

In such cases, there are several options. Some of them are commercial products, such
as Amazon Neptune or Cassandra. However, open source options are also available.
Among them, we believe it is worth mentionil@nusGraph(https://janusgraph.

org/ ), which is a particularly interesting piece of so ware. JanusGraph is the evolution
of a previously open source project that was caitaciDB and is now an o cial

project under the Linux Foundation, also featuring support from top players in the tech
landscape, such as IBM, Google, Hortonworks, Amazon, Expero, and Grakn Labs.
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JanusGraplis a scalable graph database designed for storing and querying graphs
distributed across a multi-machine cluster with hundreds of billions of vertices and
edges. As a matter of fact, JanusGraph does not have a storage layer on its own, but it is
rather a component, written in Java, that sits on top of other data storage layers, such as
the following:

» Google Cloud Bigtabldhttps://cloud.google.com/bigtable ), which
is the cloud version of the proprietary data storage system built on Google File
System, designed to scale a massive amount of data distributed across data centers
(Bigtable: A Distributed Storage System for Structured E2gt&€hang et al., 2006).

» Apache HBaséghttps://hbase.apache.org/ ), which is a non-relational
database thdeatures Bigtable capabilities on top of Hadoop and HDFS, thus
ensuring similar scalability and fault tolerance.

» Apache Cassandrénttps://cassandra.apache.org/ ), which is an open
source distributed NoSQL database that allows handling a large amount of data,
spanning multiple data centers.

» ScyllaDB (https://www.scylladb.com/ ), which is speci cally designed
for real-time applications, is compatible with Apache Cassandra while achieving
signi cantly higher throughputs and lower latencies.

us, JanusGraph inherits all the good features, such as scalability, high availabdity, an
fault tolerance, from scalable solutions, abstracting a graph view on top of them.

With its integration with ScyllaDB, JanusGraph handles extremely fast, scalable, and
high-throughput applications. Besides, JanusGraph also integrates indexing layers that can
be based on Apache Lucene, Apache Solr, and Elasticsearch in order to allow even faster
information retrieval and search functionalities within the graph.

e usage of highly distributed backends together with indexing layers allows JanusGraph
to scale to enormous graphs, with hundreds of billions of nodes and edges, e ciently
handling the so-callesupernodes—in other words, nodes that have an extremely large
degree, which o en arise in real-world applications (remember that a very famous model
for real networks ishe Barabasi-Albertmodel, based on preferential attachments, which
makes hubs naturally emerge within the graph).

In large graphs, supernodes are o en potential bottlenecks of the application, especially
when the business logic requires traversing the graph passing through them. Having
properties that can help with rapidly ltering only the relevant edges during a graph
traversal can dramatically speed up the process and achieve better performance.
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JanusGraph exposes a standard API to query and traverse the graptipactie

TinkerPop library (https://tinkerpop.apache.org/ ), which is an open source,
vendor-agnostic graph computing framework. TinkerPop provides a standard interface

for querying and analyzing the underlying graph usheGremlin graph traversal

language. All TinkerPop-compatible graph database systems can therefore integrate
seamlessly with one another. TinkerPop thus allows you to build "standard" serving layers
that do not depend on the backend technology, giving you the freedom to choose/change
the appropriate graph technology for your application depending on your actual needs.

As a matter of fact, most of the graph databases (even Neo4j as we have seen previously)
nowadays feature integration with TinkerPop, making switching between backend graph
databases seamless and avoiding any vendor lock-in.

Besides Java connectors, Gremlin also has direct Python bindings thanks to the
gremlinpython library, which allows Python applications to connect to and traverse
graphs. In order to query the graph structure, we rst need to connect to the database,
using the following:

from gremlin_python.driver.driver_remote_connection import
DriverRemoteConnection

connection = DriverRemoteConnection(
'ws://localhost:8182/gremlin’, 'g’

)

Once the connection is created, we can then insta@iaighTraversalSource ,
which is the basis for all Gremlin traversals, and bind it to the connection we just created:

from gremlin_python.structure.graph import Graph

from gremlin_python.process.graph_traversal import
graph = Graph()

g = graph.traversal().withRemote(connection)

OnceGraphTraversalSource is instantiated, we can reuse it across the application
to query the graph database. Imagine that we have imported the Movie graph database
we described previously into JanusGraph; we can re-write the Cypher query we used
previously to nd all the co-actors of Keanu Reeves using Gremlin:

co_actors = g.V().has('Person’, 'name’, 'Keanu Reeves').
out("ACTED_IN").in("ACTED_IN").values("name")

As can be seen from the preceding code lines, Gremlin is a functional language whereby
operators are grouped together to form path-like expressions.
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Selecting between Neo4j and GraphX

Neo4j or GraphX? is is a question that o en gets asked. However, as we have described
brie y, the two pieces of so ware are not really competitors, but they rather target

di erent needs. Neo4j allows us to store information in a graph-like structure and query
the data, whereas GraphX makes it possible to analytically process a graph (especially for
large graph dimensions). Although you could also use Neo4j as a processing engine (and
indeed the Neo4j ecosystem features a Graph Data Science library, which is an actual
processing engine) and GraphX could also be used as an in-memory stored graph, such
approaches should be discouraged.

Graph processing engines usually compute KPIs that get stored in the graph database
layers (potentially indexed such that querying and sorting become e cient) for later use.

us, technologies such as GraphX are not competing with graph databases such as Neo4j,
and they can very well co-exist within the same application to serve di erent purposes.

As we stressed in the introduction, even in MVPs and at early stages, it is best to separate
the two components, the graph processing engine and the graph querying engine, and use
appropriate technologies for each of them.

Simple and easy-to-use libraries and tools do exist in both cases and we strongly
encourage you to use them wisely in order to build a solid and reliable application that
can be scaled out seamlessly.

Summary

In this section, we have provided you with the basic concepts of how to design,
implement, and deploy data-driven applications that resort to graph modeling and
leverage graph structures. We have highlighted the importance of a modular approach,
which is usually the key to seamlessly scaling any data-driven use case from early-
stage MVPs to production systems that can handle a large amount of data and large
computational performances.

We have outlined the main architectural pattern, which should provide you with a

guide when designing the backbone structure of your data-driven applications. We

then continued by describing the main components that are the basis of graph-powered
applicationsgraph processing engjiggaph databasgandgraph querying languagé®r

each component, we have provided an overview of the most common tools and libraries,
with practical examples that will help you to build and implement your solutions. You
should thus have by now a good overview of what the main technologies out there are and
what they should be used for.
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In the next chapter, we will turn to some recent developments and the latest research that
trends in machine learning that has been applied to graphs. In particular, we will describe
some of the latest techniques (such as generative neural networks) and applications (such
as graph theory applied in neuroscience) available in the scienti c literature, providing
some practical examples and possible applications.



10

Novel Trends
on Graphs

In the previous chapters, we described di erent supervised and unsupervised algorithms
that can be used in a wide range of problems concerning graph data structures. However,
the scienti c literature on graph machine learning is vast and constantly evolving and
every month, new algorithms are published. In this chapter, we will provide a high-level
description of some new techniques and applications concerning graph machine learning.

is chapter will be divided into two main parts — advanced algorithms and applications.
e rst part is mainly devoted to describing some interesting new techniques in the
graph machine learning domain. You will learn about some data sampling and data
augmentation techniques for graphs based on random walk and generative neural
networks. en, you will learn about topological data analysis, a relatively novel tool

for analyzing high-dimensional data. In the second part, we will provide you with some
interesting applications of graph machine learning in di erent domains, ranging from
biology to geometrical analysis. A er reading this chapter, you will be aware of how
looking at the relationships between data opened the door to novel intriguing solutions.
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Speci cally, we will cover the following topics in this chapter:

e Learning about data augmentation for graphs
e Learning about topological data analysis
» Applying graph theory in new domains

Before we get started, let's ensure we have the prerequisites mentioned in the following
section.

THFKQLFDODUHTXLUHPHQWYVD

We will be using Python 3.6.9 for all our exercises. e following is the list of Python
libraries that you must install for this chapter usiig . For example, you can rip
install networkx==2.5 on the command line, and so on:

networkx==2.5
littleballoffur==2.1.8

All the code les relevant to this chapter are availaldléRat TO BE DECIDED .

Learning about data augmentation for graphs

In Chapter 8Graph Analysis for Credit Card Transactjams described how graph
machine learning can be used to study and automatically detect fraudulent credit card
transactions. While describing the use case, we faced two main obstacles:

e ere were too many nodes in the original dataset to handle. As a consequence, the
computational cost was too high to be computed. is is why we selected only 20%
of the dataset.

* From the original dataset, we saw that less than 1% of the data had been labeled
as fraudulent transactions, while the other 99% of the dataset contained genuine
transactions. is is why, during the edge classi cation task, we randomly
subsampled the dataset.
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e techniques we used to solve these two obstacles, in general, are not optimal. For graph
data, more complex and innovative techniques are needed to solve the task. Moreover,
when datasets are highly unbalanced, as we mentiori&thipter 8Graph Analysis for

Credit Card Transactions/e can solve this using anomaly detection algorithms.

In this section, we will provide a description of some techniques and algorithms we can
use to solve the aforementioned problems. We will start by describing the graph sampling
problem and we will nish by describing some graph data augmentation techniques. We
will share some useful references and Python libraries for both of these.

Sampling strategies

In Chapter 8Graph Analysis for Credit Card Transactjgogerform the edge

classi cation task, we started our analysis by sampling only 20% of the whole dataset.
Unfortunately, this strategy, in general, it is not an optimal one. Indeed, the subset of
nodes that are selected with this simple strategy could generate a subgraph that is not
representative of the topology of the whole graph. Due to this, we need to de ne a
strategy for building a subgraph of a given graph by sampling the right nodes. e process
of building a (small) subgraph from a given (large) graph by minimizing the loss of
topologicalnformation is known agraph sampling

A good starting point so that we have a full overview of the graph sampling algorithm is
available in the papéittle Ball of Fur: A Python Library for Graph Samphmigich can

be downloaded from the following URtiitps://arxiv.org/pdf/2006.04311.

pdf . eir Python implementation of using thenetworkx library is available

at the following URLhttps://github.com/benedekrozemberczki/

littleballoffur . e algorithms that are available in this library can be divided into
nodes and edges sampling algorithms. ese algorithms sample the nodes and edges in
the graph bundling, respectively. As a result, we get a node- or edge-induced subgraph
from the original graph. We will leave you to perform the analysis proposHthpter 8
Graph Analysis for Credit Card Transactjarsing the di erent graph sampling strategies
available in théttleballoffur Python package.
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Exploring data augmentation techniques

Data augmentation is a common technique when we're dealing with unbalanced data. In
unbalanced problems, we usually have labeled data from two or more classes. Only a few
samples are available for one or more classes in the dataset. A class that contains a few
samples is also known ammority class, while a class that contains a large number of
samples is known aswajority class. For instance, in the use case descrili&thjoter

8, Graph Analysis for Credit Card Transactjams had a clear example of an unbalanced
dataset. In the input dataset, only 1% of all the available transactions were marked as
fraudulent (the minority class), while the other 99% were genuine transactions (the
majority class). When dealing wittassicatlatasets, the problem is usually solved using
random down or up sampling or using data generation algorithms sugiMa3 E

However, for graph data, this process may not be as easy since generating new nodes or
graphs is not a straightforward process. is is due to the presence of complex topological
relations. In the last decade, a large range of data augmentation graph algorithms have
been made. Here, we will introduce two of the latest available algorithms, Gahugly
andGRAN

e GAug algorithm is a node-based data augmentation algorithm. It is described in the
paperData Augmentation for Graph Neural Networkkich is available at the following

URL: https://arxiv.org/pdf/2006.06830.pdf . e Python code for this

library is available at the following URittps://github.com/zhao-tong/GAug .

is algorithm can be useful for use cases where edge or node classi cation is needed, as
in the use case provided@hapter 8Graph Analysis for Credit Card Transactjamsere

the nodes belonging to the minority class can be augmented using the algorithm. As an
exercise, you can extend on the analysis we propo§¥apier 8Graph Analysis for

Credit Card Transactionssing the GAug algorithm.

e GRAN algorithm is a graph-based data augmentation algorithm. It is described in

the papei cient Graph Generation with Graph Recurrent Attention Netwavkéch

is available at the following URittps://arxiv.org/pdf/1910.00760.pdf :

e Python code for the library is available at the following URLtps://github.
com/Irjconan/GRAN . is algorithm is useful for generating new graphs when we're
dealing with graph classi cation/clustering problems. For example, if we're dealing with
an unbalanced graph classi cation problem, it could be useful to create a balance step for
the dataset using the GRAN algorithm and then perform the classi cation task.
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Learning about topological data analysis

Topological Data AnalysigTDA) is a rather novel technique that's used to extract
features that quantify thehape of the data idea of this approach is that by observing
how datapoints are organized in a certain space, we can reveal some important
information about the process that generated it.

e main tool for applying TDA is persistent homology e math behind this method

is quite advanced, so let's introduce this concept through an example. Suppose you have a
set of data points distributed on a space, and let's suppose you are "observing" them over
time. Points are static (they do not move across the space); thus, you will observe those
independent points forever. However, let's imagine we can create associations between
these data points by connecting them together through some well-de ned rules. In
particular, let's imagine a sphere expanding from these points through time. Each point

will have its own expanding sphere and, once two spheres collide, an "edge" can be placed
by these two points. is can be exempli ed with the following diagram:

Figure 10.1 — Example of how relationships between points can be created

e more spheres that collide, the more associations that will be created, and the more
edges that will be placed. is happens when multiple spheres intersect more complex
geometrical structures such as triangles, tetrahedrons, and so on appear:

Figure 10.2 — Example of how connections among points generate geometrical structures

When a new geometrical structure appears, we can nobirits time. On the other

hand, when an existing geometrical structure disappears (for example, it becomes part of
a more complex geometrical structure), we can notdetsilt time. e survival time

(time between birth and death) of each geometrical structure that's observed during the
simulation can be used as a new feature for analyzing the original dataset.
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We can also de ne the so-callpdrsistent diagramby placing each structure's

corresponding pair (birth, death) on a two-axis system. Points closer to the diagonal
normally re ect noise, whereas points distant from the diagonal represent persisting
features. An example of a persistence diagram is as follows. Notice that we described the
whole process by using expandisgHerésas an example. In practice, we can change the
dimension of this expanding shape (for instance, using 2D circles), thus producing a set of
features for each dimension (commonly indicated using the ldjter

Figure 10.3 — Example of a 2D point cloud (right) and its corresponding persistencendlagra

A good Python library for performing topological data analyg#oito-tda  , which is
available at the following URhttps://github.com/giotto-ai/giotto-tda

Using thegiotto-tda library, it is easy to build the simplicial complex and its relatlve
persistence diagram, as shown in the preceding image.

Topological machine learning

Now that we know the fundamentals behind TDA, let's see how it can be used for
machine learning. By providing machine learning algorithms with topological data (such
as persistent features), we can capture patterns that might be missed by other traditional
approaches.

In the previous section, we saw that persistence diagrams are useful for describing data.
Nevertheless, using them to feed machine learning algorithms (sRelndsmForest )

is not a good choice. For instance, di erent persistent diagrams may have di erent
numbers of points, and basic algebraic operations would not be well de ned.
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One common way to overcome such a limitation is to transform diagrams into more
suitable representations. Embeddings or kernel methods can be used to obtain a
"vectorizelrepresentation of the diagrams. Moreover, advanced representation methods
such apersistence imagesrsistence landscap@sdBetti curvesamong others, have

been shown to be very useful in practical applications. Persistent iraages (0.4 for

instance, are bi-dimensional representations of persistence diagrams that can easily be fed
into convolutional neural networks.

Several possibilities arise out of this theory, and there is still a connection between the
ndings and deep learning. Several new ideas are being proposed, making the subject
both hot and fascinating:

Figure 10.4 — Example of a persistent images

Topological data analysis is a rapidly growing eld, especially since it can be combined
with machine learning techniques. Several scienti c papers are published on this topic
every year and we expect novel exciting applications in the near future.
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Applying graph theory in new domains

In recent years, due to there being a more solid theoretical understanding of graph
machine learning, as well as an increase in available storage space and computational
power, we can identify a number of domains in which such learning theories are
spreading. With a bit of imagination, you can start looking at the surrounding world as a
set of hodes and links." Our work or study place, the technological devices we use every
day, and even our brain can be represented as networks. In this section, we will look at
some examples of how graph theory (and graph machine learning) has been applied to,
apparently, unrelated domains.

Graph machine learning and neuroscience

e study of the brain by means of graph theory is a prosperous and expanding eld.
Several ways of representing lihain as a networkiave been investigated, with the aim
of understanding how di erent parts of the brain (nodes)faretionallyor structurally
connected to each other.

By means of medical techniques suckagnetic Resonance Imagin@MRI), a three-
dimensional representation of the brain can be obtained. Such an image can be processed
by di erent kinds of algorithms to obtain distinct partitions of the brain (parcellation).

ere are di erent ways we can de ne connections between those regions, depending on
whether we are interested in analyzing their functional or structural connectivity:

» Functional Magnetic Resonance Imagin@gVRI) is a technique that's used to
measure whether a part of the brain is "active" or not. Speci cally, it measures
the blood-oxygen-level-dependenfBOLD) signal of each region (a signal
indicating the variation of the level of blood and oxygen at a certain time). en,
the Pearson correlatidoetween the BOLD series of two brain regions of interest
can be computed. High correlation means that the two parts are "functionally
connected,” and an edge can be placed between them. An interesting paper on
graphically analyzing fMRI data@aph-based network analysis of resting-state
functional MR] which is available attps://www.frontiersin.org/
articles/10.3389/fnsys.2010.00016/full
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* On the other hand, by using advanced MRI techniques sughuason Tensor
Imaging (DTI), we can also measure the strength of the white matter ber bundles
physically connecting two brain regions of interest. us, we can obtain a graph
representing the structural connectivity of the brain. A paper where graphs neural
networks are used in combination with graphs generated from DTI data is called
Multiple Sclerosis Clinical Pro les via Graph Convolutional NeuraloNetand
is available atttps://www.frontiersin.org/articles/10.3389/
fnins.2019.00594/full

» Functional and structural connectivity can be analyzed using graph theory. ere
are several studies that enhance signi cant alterations of such networks related to
neurodegenerative diseases, such as Alzheimer's, multiple sclerosis, and Parkinson's,
among others.

e nal result is a graph describing the connection between the di erent brain regions,
as shown here:

Figure 10.5 — Connection between brain regions as a graph

Here, we can see how di erent brain regions can be seen as nodes of a graph, while the
connections between those regions are edges.

Graph machine learning has been shown to be very useful for this kind of analysis.

Di erent studies have been conducted to automatically diagnose a particular pathology
based on the brain network, thus predicting the evolution of the network (for example,
identifying potentially vulnerable regions that are likely to be a ected by the pathology in
the future).

Network neuroscience is a promising eld, and, in the future, more and more insight will
be collected from those networks so that we can understand pathological alterations and
predict a disease's evolution.
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Graph theory and chemistry and biology

Graph machine learning can be applied to chemistry. For example, graphs provide a
natural method for describingnolecular structuresby treating atoms as the nodes of

a graph and bonds as their connections. Such methods have been used to investigate
di erent aspects of chemical systems, including representing reactions, and learning
chemical ngerprints (indicating the presence or absence of chemical features or
substructures), among others.

Several applications can be also found in biology, where many di erent elements can be
represented as a gragptrotein-protein interactions (PPI), for example, is one of the

most widely studied topics. Here, a graph is constructed, where nodes represent protein
and edges represent their interaction. Such a method allows us to exploit the structural
information of PPI networks, which has proved to be informative in PPI prediction.

Graph machine learning and computer vision

e rise of deep learning, especiallyonvolutional neural network(CNN) techniques,
hasachieved amazing results in computer vision research. For a wide range of tasks,

such as image classi cation, object detection, and semantic segmentation, CNNs can be
considered as the state-of-the-art. However, recently, central challenges in computer vision
have started to be addressed using graph machine learning technigpoesetric deep

learning in particular. As we have learned throughout this book, there are fundamental

di erences between the 2D Euclidean domain in which images are represented and more
complex objects such as 3D shapes and point clouds. Restoring the world's 3D geometry
from 2D and 3D visual data, scene understanding, stereo matching, and depth estimation
are only a few examples of what can be done.

-PDJH FODVVL4A4FDWLRQ DQG VFHQH XQGHUVWDQGLQJ

Image classi cation, one of the most widely studied tasks in computer vision, nowadays
dominated by CNN-based algorithms, has started to be addressed from a di erent
perspective. Graph neural network models have shown attractive results, espeeially wh
huge amounts of labeled data is not available. In particular, there is a trend in combining
these models withero-shot and few-shot learning technigdeee, the goal is to classify
classes that the model has never seen during training. For instance, this can be achieved
by exploiting the knowledge of how the unseen object is "semantically" related to the seen
ones.

Similar approaches have been also used for scene understanding. Using a relational graph
between detected objects in a scene provides an interpretable structured representation of
the image. is can be used to support high-level reasoning for various tasks, including
captioning and visual question answering, among others.
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Shape analysis

Di erently from images, which are represented by a bi-dimensional grid of pixels, there
are several methods for representing 3D shapes, soulitagiew imagegiepth maps
voxelspoint cloudsmeshesandimplicit surfacesamong others. Nevertheless, when

applying machine and deep learning algorithms, such representations can be exploited to
learn speci c geometric features, which can be useful for designing a better analysis.

In this context, geometric deep learning techniques have shown promising results. For
instance, GNN techniques have been successfully applied for nding correspondence
between deformable shapes, a classical problem that leads to several applications,
including texture animation and mapping, as well as scene understanding. For those of
you who are interested, some good resources to help you understand this application of
graph machine learning are availabléatgis://arxiv.org/pdf/1611.08097.

pdf andhttp://geometricdeeplearning.com/ .

Recommendation systems

Another interesting application of graph machine learning is in recommendation systems,
which we can use to predict the "rating" or the "preference" that a user would assign to an
item. InChapter 6Social Network Graphae provided an example of how link prediction

can be used to build automatic algorithms that provide recommendations to a given user
and/or customer. In the pap&raph Neural Networks in Recommender Systems: A,Survey
available alttps://arxiv.org/pdf/2011.02260.pdf , the authors provide an
extensive survey of graph machine learning that's been applied to build recommendation
systems. More speci cally, the authors describe di erent graph machine learning
algorithms and their applications.

Summary

In this chapter, we provided a high-level overview of some emerging graph machine
learning algorithms and their applications for new domains. At the beginning of this
chapter, we described, using the example provid&hapter 8Graph Analysis for Credit
Card Transactionsome sampling and augmentation algorithms for graph data. We
provided some Python libraries that can be used to deal with graph sampling and graph
data augmentation tasks.

We continued by providing a general description of topological data analysis and how this
technique has recently been used in di erent domains.
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Finally, we provided several descriptions of hew application domains, such as
neuroscience chemistry, and biology. We also described how machine learning algorithms
can also be used to solve other tasks, such as image classi cation, shape analysis, and
recommendation systems.

is is it! In this book, we provided an overview of the most important graph machine
learning techniques and algorithms. You should now be able to deal with graph data and
build machine learning algorithms. We hope that you are now in possession of more tools
in your toolkit and that you will use them to develop exciting applications. We also invite
you to check the references we provided in this book and to address the challenges we
proposed in the di erent chapters.

e world of graph machine learning is fascinating and rapidly evolving. New research
papers are published every day with incredible ndings. As usual, a continuous review of
the scienti c literature is the best way to discover new algorithms, and atis.{

arxiv.org/ ) is the best place to search for freely available scienti c papers.
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