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Top-10 Graph databases

https://db-engines.com/en/ranking/graph+dbms
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Knowledge
Graph

A knowledge graph
captures the
semantics of a
particular domain

Using Amazon Neptune to build an
Enterprise Knowledge Graph

https://aws.amazon.com/neptune/knowledge-graphs-on-aws/
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Customers

Neo4j is the company

behind Neo4j graph platform
Linked [T}

&% UBS
COMCAST

TN
CISCO

Neo4| database is designed to

Store’ Walmart
reveal, and

query relationships eb \/

GraphAwars

structr

https://neodj.com/product/
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SQL database
Relational Analyticil (OLAP)

0[]0
0|0

NoSQL database
Column-Family Graph Document

Key-Value
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VaNesiEnaN  ...S0... why using graph DBs?
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For highly interconnected data,
graph model seems the most natural.

https://neodj.com/developer-blog/put-data-modeling-on-the-table/



What problems the graph DBs

The University of Manchester

Data Measurement Chart

4By

— 1,024 Kilobytes
1024 Megabytes
1,024 Gigabytes
1,024 Terabytes
1024 Petabytes

were created to solve?

With the advent of the Cloud,
there has been a data explosion
with Exabytes of data available

https://innovationatwork.ieee.org/growing-cloud-computing-utilization-in-2019/
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What problems the graph DBs
1824 6)
The University of Manchester Were created tO SOlve °

The normalisation of data gets more and more
expensive as the data size grows
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https://neo4j.com/blog/history-and-future-of-graph-data/




What problems the graph DBs
were created to solve?

...S0... how the graph DBs deal with data explosion?

https://neo4j.com/developer/guide-data-modeling/
https://lwww.youtube.com/watch?v=xpvafTZg0xA



What problems the graph DBs
were created to solve?

With the advent of the Cloud,
there has been a data explosion
with Exabytes of data available

What ( CloudSQL?7)

FULLY MANAGED RELATIONAL DB FOR

Another difficulty that is
equally important is that,
the data becomes also
difficult to maintain
needing complicated
joined queries

https://innovationatwork.ieee.org/growing-cloud-computing-utilization-in-2019/
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GQL stands for Graph Query Language
GQL Manifesto similar to SQL or Third manifesto

Like SQL, the
new GQL
(Graph Query
Language)
needs to be
an industry
standard.

GQL (last Update): September 16, 2019 https://gql.today/
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MANCHESTER. Properties of graph DBs

1824
The University of Manchester For a developer, attractive
properties of a graph DB are

Intuitiveness = whiteboard-friendly

Intuitiveness
The graph model is intuitive and easy to understand.

Speed
Agility

https://neodj.com/developer/guide-data-modeling/



MANCHESTER Properties of graph DBs
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For a developer, attractive
properties of a graph DB are

Intuitiveness
Speed
Agility

Speed in development and execution

...create data...

&
3|
=
=
Zz

CRUATL (atPerson | name: " Tom Hank
born: 1998 ) )+ riACTED_IN | roles: ["Forrest™]) J>(mMovie { title: "Forrest

up released: 1994
(REATE (d:Person | nase: fobert Jemeck O 1951 )+ DIRECTED 1+ >(n
RETURN A 0.1

...find interesting connections...

MATCH (p:Person { name:"Tom Hanks" })=[r:ACTED_IN]->(m:Movie)

RETURN m.title, r.roles

https://neo4j.com/developer/guide-data-modeling/



MANCHESTER Properties of graph DBs

For a developer, attractive
properties of a graph DB are

Intuitiveness
Speed
1 Agilit
Aglllty = A Naturally Adaptive Model + giity
A Query Language Design for Connectedness

How easily and quickly your code adapt of the changing business.
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Let's start with a Detailed Property Graph

@ name: Mark

WORKS_FOR
since: 2022

name:; Peter

%

engine: hybrid g

18s



MANCHESTER Detailed Property Graph

1824
The University of Manchester A Detalled Property Graph
is also called a Labeled Property Graph

‘Person ‘Person

Car
:Vehicle

19s



MANCHESTER Mapping to Languages
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How to map a Detailed Property Graph
to the English language?

:Noun
adjective

:Noun
adjective

adjective

20s
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Declarative query language

‘CREATE ~READ -
UPDATE -DEeLETE
’No Rst

- (3 RAPH CONSTRUCT/

PROJTECT
- CoMPOSABLE

*Neot; DD sLypher For
*Asens (Araph SPARK/Oremiin

o« GAP HANA
Ovraph




MANCHESTER Cypher versus SQL
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Typical Complex SQL Join

The same query

using Cypher

MATCH (boss )~ :MANAGES*O

WHERE Do
RETURN




Cypher: declarative query language

The University of Manchester

Cypher is designed to be easily read and
understood by developers.

Cypher in action: creating data

CREATE (a:Person { name:"Tom Hanks"
born:1956 })-[r:ACTED_IN { roles: ["Forrest"T}1->(m:Movie { title:"Forrest Gump" released:1994 })

CREATE (d:Person { name:"Robert Zemeckis" born:1951 })-[:DIRECTED]->(m)
RETURN a.d.r.m

Cypher in action: finding interesting connections

MATCH (p:Person { name:"Tom Hanks" })-[r:ACTED_IN]->(m:Movie)

RETURN m.title, r.roles




MANCHESTER Cypher for creating data

1824
The University of Manchester

ASCII art representation in Cypher

WORKS_ FOR _
name: Peter > name: Mark

CREATE (:Person {name:"Peter”} - [WORKS_FOR] -> {(:

| | | |
label property | Drawing the pattern of the graph label property

in your query through
ASCII characters ->

erson {name:"Mark”})

24s



W ere  Cypher for representing Bi-Directionality

The University of Manchester

WORKS_FOR |
name: Peter > name: Mark
Unidirectional
relationship
" ATCH (Person iname-Pelsr) - [WORKS_FOR] > (Person)
| | |
label  property  Umidirectional label
relationship
MATCH (:Person {name:"Peter’} - WORKS_WITH] - (p:Person)
| | | |
label  property Bidirectional label

25s relationship
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Relational DB vs Graph DB

Tabular data may
be best stored in a
relational DB

o
A is not directly related to C
A is transitively related to C

27s



MANCHESTER How to use Neod)
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There are 3 basic steps to using Neo4,.

;Q’_ Step 1: creating a model
&/‘ Creating in advance

labels; nodes; relationships; and properties

28s
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MANCHESTER How to use Neod)

The University of Manchester

There are 3 basic steps to using Neo4,.

Step 1: creating a model

Creating in advance
labels; nodes; relationships; and properties

Step 2: loading data

The easiest way to load data from a relational DB in
Neo4j is by exporting the data as a CSV file




MANCHESTER How to use Neod)

The University of Manchester

There are 3 basic steps to using Neo4,.

Step 1: creating a model

Creating in advance
labels; nodes; relationships; and properties

Step 2: loading data

The easiest way to load data from a relational DB in
Neo4j is by exporting the data as a CSV file

Step 3: querying data

Neo4j has a built-in web application for querying data,
SO you can explore your data

I,Q

30s



MANCHESTER
1824

The University of Manchester

Moving from Relational DB to
Graph DB

Not all applications are the same!

Depending on data interconnections,
you may consider

Option 1: migrate all data

Option 2: migrate a subset of data

Option 3: duplicate a subset of data



Moving from Relational DB to
The University of Manchester Graph DB

Option 2: migrate a subset of data
Architectural overview

End-users Application

Relational

NoSQL Analytic
Infrastructure

Databases

32s



MANCHESTER Relational DB vs Graph DB
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PersonIlD | Person | Nationality UK University
[ Name] | [ Country ] University location
[ UK country ]

Queen's Northern Ireland
University Belfast

University College England
London

The University of England

Manchester
Cardiff University Wales

The University of Scotland
Edinburgh
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Name | Country | University | UK country

ID | Country ID
name

University name

Queen's University Belfast

84 Italy

University College London
186 UK

187 USA
165 Spain

The University of

Cardiff University
The University of Edinburgh

ID

UK
Country
name

Northern
Ireland

England

Wales
Scotland
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Ll SELECT

name as country, u.name as university

i FROM
person p
LEFT JOIN country ¢ ON c¢.ID = p.country
LEFT JOIN university u ON p.university = u.ID

‘The University of Manchester'

country

UK

university

The University of Manchester



Relational DB vs Graph DB

The University of Manchester

WAS EDUCATED UK
Person > University

2 (0
\ @O Qy
A
% Y

IS_LOCATED UK

Country €



e el Cypher: declarative query language
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37s



e el Cypher: declarative query language

The University of Manchester

*  Maintenance

Model and store relationships

38s
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Converting Northwind DB to Graph DB
The graph model for Northwind dataset

SHIPPED [/ \

A
NCLUDES
— " = " | Supplier
\ \ /,"
| ! \\
,'/’ | ~ b 1 \\\ //
Order / K Shipper e
%
= 2
—

https://www.youtube.com/watch?v=NO3C-CWykkY &list=PLIHI4pk2F svWMIGWaguRhICQ-pa-ERd4U&index=6




Converting Northwind DB to Graph DB
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Step 1: locate
foreign keys,
delete them, and
replace them
with
relationships

Step 2: locate
JOIN tables, and

https://www.youtube.com/watch?v=NO3C-CWykkY&list=PLIHI4pk2F svWM9IGWaguRhICQ-pa-ERd4U&index=6



Converting Northwind DB to Graph DB
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Step 1: locate
foreign keys,
delete them, and
replace them
with
relationships

Step 2: locate
JOIN tables, and

https://www.youtube.com/watch?v=NO3C-CWykkY&list=PLIHI4pk2F svWM9IGWaguRhICQ-pa-ERd4U&index=6
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Step 1: locate
foreign keys,
delete them, and
replace them
with
relationships

Step 2: locate
JOIN tables, and
convert them
into relationships

Converting Northwind DB to Graph DB

Orders

Categories

CategorylD
CategoryName
Descripton
Pucoure

|
|

e )
CATEGORY

Products

SUPPLIES

Supphers

SuppleriD
ComparyName
ContaciName
ContactTitle
Adoress

City

Reguon
PostalCode
Coungry
Phone

Fax
HomePage

I

ProductiD
ProductiName
QuantityPerUnt
UnitPnce
UnitsinStock
UnitsOnOrder
ReorderLeved

Discontinued

OrderiD
OrderDate
RequiredDate
ShippedDate
ShipVia
Freight
ShipName
ShipAddress
ShpCy
ShipRegion
ShpPostaCode
ShipCountry

Shippers

ShipperiD
CompanyName
Phone

Employees

Customers

https://www.youtube.com/watch?v=NO3C-CWykkY&list=PLIHI4pk2F svWM9IGWaguRhICQ-pa-ERd4U&index=6

Customerid
CompanyName
ContactName
ContactTitle
Address

City

Regon
PostaiCode
Country
Phone

Fax

EmployeelD
LastName
FirstName

Title
TWeOfCourtesy
BinhDate
HireDate
Address

e U E PRE SE ‘iTil

Temitones

TermsorylD
TerrmoryDescription
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Simple data model

-Reador :Reader

name: Alice

title: Dune

... finding books for Alice according to other readers ...
MATCH (:Reader {name:'Alice'})-[:LIKES]->(:Book {title:'Dune'})

<-[:LIKES]-(:Reader)-[:LIKES]->(books:Book)
RETURN books.title

2015, Graph Databases by lan Robinson, Jim Webber, and Emil Eifrem



yaNesizya Common graph technology use cases:
1824 .
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Banks and insurance companies lose billions
of dollars every year to fraud.

%

Fraud
Detection

Graph databases offer new
methods of uncovering fraud
by looking at the connections
that link individual data points



yaNesizya Common graph technology use cases:
1824 .
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Look for multiple transactions from the same
IP with different credit cards.

\ A

Fraud
Detection

Example of
fraud-detection
with link analysis

https://go.neodj.com/rs/710-RRC-335/images/Neodj_Top5_UseCases_Graph%20Databases.pdf
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Google: Knowledge Graph entities
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Google Knowledge Graph has millions

é-

Book

BookSeries
EducationalOrganization
Event
GovernmentOrganization
LocalBusiness

Movie

MovieSeries
MusicAlbum
MusicGroup
MusicRecording

of entries that describe real-world entities, such
as people and places.

Some types of entities found in the Google Knowledge Graph

Organization
Periodical

Person

Place

SportsTeam
TVEpisode
TVSeries
VideoGame
VideoGameSeries
WebSite



Google: Knowledge Graph entities
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Movie is a type of entity in the Google Knowledge Graph

https://schema.org/Movie



Common graph technology use cases:
The University of Manchester Knowledge Graph

Knowledge graphs are a type of graph.

Knowledge graphs can reason (e.g.
using a description logic reasoner)
about the underlying data.

A key differentiator:
Knowledge Resource Description Framework (RDF)
Graph SPARQL is a RDF query language

Neo4j supports SPARQL

Organisations are
using knowledge
graphs to improve the
reasoning skills

Amazon Neptune is compatible with
SPARQL 1.1.



Common graph technology use cases:
The University of Manchester Knowledge Graph

The results of SPARQL queries
can be RDF graphs.

An RDF graph is a set of RDF triples.

Knowledge An RDF triple

Graph @ Predicate @
>




Common graph technology use cases:
The University of Manchester Knowledge Graph

Exa m p I e Of an RDF G ra p h https://www.w3.org/TR/turtle/

rel:enemyOf

green-goblin

{ Spiderman

foaf:name

Knowledge
Graph

<http://fexample.org/#green-goblin>
<http:/lwww.perceive.net/schemas/relationship/enemyOf>

<http: le. ' >
RDF Graph uses ttp://lexample.org/#spiderman

SII\EICEIRICERNIER OSSN S B <hitp://example.org/#spiderman>

<http://xmins.com/foaf/0.1/name>
"Spiderman” .




yaesiia  Using Amazon Neptune to build an
The University of Manchester Enterprise KnOWledge Graph

https://aws.amazon.com/neptune/knowledge-graphs-on-aws/

“Amazon Neptune is a key part of the
toolkit we use to continually expand

Alexa’s knowledge graph for our
dmMazon alexa tens of millions of Alexa customers”

David Hardcastle,
Knowledge Director of Amazon Alexa.

Graph

Why do you need a knowledge graph?

Insights with Machine Learning: use machine learning with
knowledge graphs for better decision making and knowledge discovery.

Build virtual assistants, chatbots or question-answering systems:
build context-aware systems that can derive at an answer based on queries and a
vast knowledge base.
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