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Overview

® Graph databases
® History of graphs
® Modern application examples
® Property Graph Model (neo4j)

® Creating and querying graph databases
® The ArtDB dataset as a graph
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Napadeypa xpnong ypadwv o€ pia

vAwooa ripoypoppatiopnov (python)

In [1]: import matplotlib.pyplot as plt
import networkx as nx
G=nx.Graph ()

In [2]: G.add nodes from(['John','Mary', 'Sara', 'Helen’, 'Tim', 'Jim'])

G.add edges from([('Mary','Sara'), ('Sara’, 'Helen'),
('Helen', 'Jim'), ('Helen', 'Tim"),
('Jim','Tim*), (*Jim*, 'John*), (*Tim', 'John")

1)

nx.draw (G, node color='lightblue', node si:e—,ﬁﬁi,with_labels—True)
plt.show()
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rd ;

Mary




Why do | need a Graph Data Base

Management System?

® (Graph) DBMS are optimized for storing
datasets much larger than main memory into
secondary storage.

® (Graph) DBMS manage issues such as

concurrency, integrity, and recovery from
hardware failures.

® (Graph) DBMS provide declarative languages
for managing and querying large datasets.



Relational Database Usage

SQL Statements

(filter columns and rows)

Results
(relations)

Relations

A B CDE




Graph Database Usage (1)

Statements
(graph/pattern)

Dataset
(graph)




Graph Database Usage (2)

Statements
Gra ph ‘ (shortest paths) ‘ Results




But Why Graphs?

® Graphs are elegant, versatile and easy to
comprehend data structures that can be used
to model many real work problems

— The WWW, social interactions, transportation
networks, supply-chains, financial networks

® Graphs exemplify interactions (relationships)
that are hard to express or observe in other
data models

10



*Aeovapvt ‘Oikep (1707-1783) ;

-
—
>

History of Graphs: The Euler* Path

Some citizens of Konigsberg
Were walking on the strand
Beside the river Pregel

With its seven bridges spanned.

"O Euler, come and walk with us,"
Those burghers did beseech.

‘We'll roam the seven bridges o'er,
And pass but once by each."

"It can't be done," thus Euler cried.
Here comes the Q. E. D.

Your island are but vertices

And four have odd degree."

From Kéhigsberg to Konig's book
So runs the graphic tale

And still it grows more colorful
In Michigan, and Yale.

"The Expanding Unicurse”
Blanche Descartes



Fuler’s abstraction

® Map to to graph elements
— City parts = graph nodes
— Bridges > graph edges

® Problem abstraction

— visit every graph node (city
part), cross every edge
(bridge), without having to
walk a single bridge twice

® Sequence of bridges
crossed is important to
solving this problem



Key observation 1

® Intermediate nodes in the path need an even
number of edges (bridges)

— Because you arrive and leave from these parts of
the city



Key observation 2

® Assume start and end nodes are different

® Start node must have an odd number of bridges

— Otherwise you will get stuck in that part of the city if
you ever visit it again

-

® Same argument for ending node



Euler’s Conjecture

® Graph nodes must have even number of
edges

® There can be zero or two nodes with odd
number of edges



Back to the map

— All parts of the city
have even number
of bridges
connecting them
with the rest of the
city

— Thus, no Euler Path
exists

- | _'_.;-_',.,',-i‘_ e\ =
o] — / .



Remember this game?
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Remember this game?

Euler says: start here m) end here

18



Modern Application: Social Networks

® How to represent relationships in a social
network dataset?

® Easy....
— Use the Relational Data Model

19



Social Network Example

® FriendOf table stores

relationships 9 &0 "
— Table stores the é

“edges” of the graph d
— Another table may FriendOf

store the “nodes”

along with their a b

properties g C

d e

® Profile of the user



Social Network one-hop query

® Find the friends of

O
“John” (node a) o © © O
® One-hop traversal @@
® Easy: index scan
FriendOf
PersonID="a" a
a C




Social Network two-hop query

® Find the friends-of- O
friends of John

® Harder to compute: om® g
self-join FriendOf

® How do we find the k- FriendOf

nop neighbors of ( )

John?
o




Performance of RDBMs

on multi-hop queries

Complexity/Time

1 2 3 4 #hops



® |sthere a path
connecting a and g?

® Observation: both paths
include nodes e,f

— Thus, e and f are
important in
communicating
information fromatog

— Removal of one of these
nodes results in loss of
communication between
aandg

FriendOf
a =
= f



Measure connectivity/popularity of a

user?

® Simplest idea: node degree
— The degree of a vertex in an
undirected graph is the

number of edges incident

with it @

Degree centrality

Helen John

Mary
Sara
Helen
Jim
Tim
John

N W W W N =



Degree Centrality

* Shortcomings of degree-based centrality:

* Often a low-degree node is crucial for enabling the communication of

other nodes in the graph
* Node degree captures connectivity to adjacent nodes but ignores distances

to other nodes in the graph



Extend degree computation

Sara

® Node degree captures
connectivity to adjacent @
nodes but ignores
distances to other nodes

in the graph @

® Consider shortest
distances of a node to all
other nodes

— Is an unweighted graph shortest
distance matches the minimum
number of hops between nodes




Basic distance computations

® Lengths of shortest

paths from Helen to all
other nodes weten )

— Helen>Mary : 2

— Helen—>Sara: 1 @

— Helen—=2Jim: 1

— Helen>Tim: 1 AVG DISTACE=7/5=1.4
— Helen—>John: 2

A node is deemed “central” if this number is small



Closeness Centrality (CC)

® CC=inverse of avg

distance ‘/ ‘
— Small avg distance =2 @

high closeness centrality

— What is the range of CC(Helen)=5/7=0.71
possible values for CC(n)?

® When is CC(n)=17




Closeness Centrality Discussion

CC(Sara)=0.56

® Note that Jim & Tim are CC(3im)=0.63
Sara
more central than Sara a
CE(John)=0.4!

CC(Mary)=0.38 Helen John
® However, removal of

Sara bisects the graph CClHelen)=0.71 @

CC(Tim)=0.63



Betweenness Centrality (BC)

® \WWant to capture

importance of nodes in

information passing John

® CC measures inverse of
avg path length to all @
other nodes

— Some of these paths are
not as important if
alternative routes exist




Shortest Path

® Fastest method to pass a
message across

® Mary sends a message to )
Tim through Sara & Helen \ED

® Sara & Helen are
rewarded for their
contribution



Definition of BC

® BC = number of shortest Sara
paths from all vertices to
all others that pass
through that node Helen John

® Note @

— Only consider paths with
more than 2 nodes

— When multiple shortest
paths exist, split rewards

® See next slide for an example



Multiple Shortest Paths

® Mary sends message to John Sara
— There are two shortest paths /‘\
/
® SP1: Mary—>Sara—>Helen—>Jim—2>John N\

® SP2: Mary—>Sara—>Helen—=>Tim—2John

® Rewards:
— Sara: +.5+.5
— Helen: +.5+.5
— Jim: +.5
— Tim: +.5



Reward Calculation

Sara

Helen John

Mary 0

Sara 4 <::::::>
Helen 6

Jim 1.5

Tim 1.5

John 0



Graph Augmentation Problem

* Select k edges (short-cuts) to add in a graph G in order to
improve its connectivity.

* To quantify the gain in the connectivity of the augmented
graph G, we can compute the reduction of the average
shortest path length L:

gdil’l — L(G) — L(Gaug)

gain =3—-2,28=0,72 === o0 o0

©0---00



Sub-graph Augmentation Problem

® Minimize the average shortest path length
between a subset V. of the nodes in V.

— e.g. increase connectivity of nodes in a selected
target group

— optimal selection may include shortcuts between
nodes not in V..

Sub - graph gain =4 —-2,66 =1,34 === ‘ ....... ‘



Node Augmentation Problem

® Select k edges to add in a specific node n of
the graph in order to minimize its average
shortest path length to all nodes in G.

— Increases the closeness centrality (CC) of a
selected node.

0 ¢ 0 0

P4
P4
P4
P4
P d
I’
P d



Using Motifs (patterns) as features

® Example: local triangle counting: count the
number of triangles node v participates in

® Why is this useful?



Detect Fake Users In Social Networks

® \Which of the two users A,B is (probably) a
fake account?




Detect Fake Users In Social Networks

® Assumption: fake accounts add friends at
random

— Thus, real users have higher local triangle counts

(TC)
0 o°
OO \ OOO
% © ¢  ®



Pattern Matching

® Find all triplets of
nodes that form a
triangle

— pattern : “x=2v, y=2z,
z>Xx"

® Related problems

— Connected
components

— Graph isomorphism




Local Clustering Coefficient

® The Local clustering coefficient C(A) of a node A, quantifies
how close its neighbors are to being a clique (fully connected)

® Assume nodes depict users in a social network and edges
their relationships

— The clustering coefficient C(A) of node A is defined as the probability
that two randomly selected friends of A are friends themselves

® j.e. the fraction of all pairs of A’s friends who are also friends
— Defined only if A has at least two friends (otherwise 0)
— The clustering coefficient is always between 0 and 1



Local Clustering Coefficient

(Simple undirected graph)

Node A has k=4 friends

Among the four friends, there are kx(k-1)/2 = (4%3)/2 = 6 possible friendships
But only four of them are actually present (blue edges)

Two are missing (dotted red edges)

Thus, the clustering coefficient of node A is C(A)=4/6=0.6666, or about 67%



Node Local Clustering Coefficient

® Probability that two
neighbors of John know
each other

® |n this example we treat
the graph as undirected

® John has n=4 neighbors
— Combinations(4,2)=6

— Nodes (2) and (3) know
each other (m=1)

— Clustering Coefficient = 1/6

name:’John’

] 6
2
3

MATCH (a { name: “John" })--(b)
WITH a, count(DISTINCT b) AS n
MATCH (a)--()-[r]-()--(a)

RETURN n, count(DISTINCT r) AS m

(ANSWER n=4, m=1)



Average Clustering Coefficient

® Average Clustering Coefficient (CC) of a graph G is the
average of the clustering coefficients of all nodes in G

M2
Ed
s,

1/2)=1

CC = (1+2/3+2/3+1+1/2)/5 = 0.7666



Squares Clustering Coefficient

® Probability that two
neighbors of John have a Jarn
common friend, other
than John




® Socio-centric: one “network perspective”
® Ego-centric: focus on individual ego networks

Roadmap:

* extract several features from each egonet
(#nodes,#edges,El,weight,largest eigenvalue, etc)

* use those features to seek outliers/suspicious patterns

Near star Near clique Dominant link



Krackhardt E/I Ratio

® Given a subgraph (e.g. an egonet)

— Let E denote the number of external connections

® E.g. link from a node in the subgraph to another node
not in the subgraph

— Let | denote the number of internal connections
El = (E-1)/(E+)

® E| varies between -1 (homophily) and
+1(heterophily)



Fraud Detection Example

® Group of > 2 people that create a number of
fake identities by combining legitimate
information (addresses, phone#, SSN, etc)

® Use these fake identities to open credit card
accounts, loads, etc

® These accounts are used normally until a day
the ring “busts out”, maxing out all their
credit lines and disappearing



Fraud Ring

690-555-2222

Y

76 Patission Str
Athens, Greece Han

i

690-555-2223

Darth Vader

33 Leykados Str
Athens, Greece

Luke
Skywalker



participates in accident

drives
Insurance Fraud

is passenger

withesses

treats

represents



Recap: Modern application needs

® Basic Traversals
— k-hop traversals
— Shortest path, longest path
— Reachability queries

® Pattern matching/motifs
® Centrality Metrics/PageRank
® Similarity?

® Clustering?

64



Neodj: Property Graph Model

® Graph contains nodes and relationships
® Both can have properties
® Nodes can have labels A Node

can have

[ Pelationships )




Neo4j Property Graph Model

® Relationships: connect two nodes, have
direction, have properties, have relationship

type

(A Relaﬁonslﬁp)
sa has a

has a ha N
( ERelationship type ) Properties

uniquely identified by




Neo4j Property Graph Model

® Properties: key-value pairs, key is a String,
values can be primitives or an array of
primitives




Node Labels (EtikeTeC)

® Named graph constructs used to group nodes
Into sets

— “John” is a Person
— “The Adventures of Tom Sawyer” is a Book

®* A node may have multiple labels
— “John” is both a Person and an Artist



How to model the following statement as

OnA

d graph ? AUEB

® “John and Sally know each other. They both
have read the book, Graph Databases”



Represent entities as nodes with

properties and labels

® “John and Sally know each other. They both
have read the book, Graph Databases”

:Person
name: ‘Sally’
age: 26

:Person
name: ‘John’
age: 35

:Book
title: ‘Graph Databases’
isbn: '978-1449356262’




Cypher Syntax: CREATE nodes

® CREATE (john:Person {name: ‘John’, age: 35})

4 )

- 4

® General syntax CREATE (n:Label;:...:Label {
attr,:val,, attr,:val,, ...attr,:val})

— n is a variable that you can use to refer to that
node in the same script



Freedom of choice

® Unlike relational databases, there is no restriction on
the number and type of properties on a node

— E.g. nodes may have different properties, or same
properties of different types

— Recall Person is just a label. It does not restrict the schema
of the corresponding nodes

:Person :Person:Gamer
name: ‘John’ fname: ‘Jim’

age: 35 byear: 1997
weight: 85 weight: ‘87kg’

72



Existential constraints

® Assert that each Person has a name

4 )

- 4

® CREATE CONSTRAINT ON (person:Person)
ASSERT exists(person.name)

73



Unique constraints

® Assert that no two books in the database can
have the same isbn

:Book

title: *Graph Databases’
isbn: '978-1449356262’

® CREATE CONSTRAINT ON (book:Book) ASSERT
book.isbn IS UNIQUE

74



Key constraint

® Each book should have a unique isbn

:Book

title: ‘Graph Databases’
isbn: '978-1449356262’

® CREATE CONSTRAINT ON (book:Book) ASSERT
book.isbn IS NODE KEY

75



Express relationships as edges between -

—
OnA

nodes AUEB

® “John and Sally know each other. They both
have read the book, Graph Databases”

, :Person
name: ‘Sally’
age: 26

:Person
name: ‘John’ )
age: 35

:Book
title: ‘Graph Databases’
ISBN: '978-1449356262’




Relationships have types and (optionally) i

OonA

properties ona

® “John and Sally know each other. They both

have read the book, Graph Databases”
:Knows

since: 14/9/2015 R :Person
name: ‘Sally’

:Person
name: ‘John’

:Knows
since: 14/9/2015

:Book NS
title: *Graph Databases’ &0
ISBN: '978-1449356262’ ©



Create relationship

® CREATE (john)-[:Knows {since: '14/9/2015'}]->(sally)

&

‘Knows

4

since: 14/9/2015 (@ ]

'L

® |n this example Knows is a relationship type, since is
an attribute for that particular instance, john & sally
are variables that refer to previously created nodes



Querying the graph database

® Queries are also graphs!

“Find the titles of all books that a person named
John has read and report his ratings”

:Pe_réon , MATCH (n:Person {name:"John’})-[r:Read]->(b:Book)
name: ‘John RETURN b.title, r.rating

79



More Graph Patterns

® Friend-of-friend pairs in a social network

:Person ‘Person
name:? name:?

® MATCH (x:Person)-[:Knows]->()-[:Knows]->(y:Person)
RETURN x.name, y.name



Can you write the following query?

® Find friends that visited same Chinese restaurant in
NY. Return their name and the name of the

restaurant
:Person :Person
name:? name:?

:Restaurant
type:’Chinese’
name:?
location:'NY’




Alternative model

® Find friends that visited same Chinese restaurant in
NY. Return their name and the name of the

restaurant
:Person :Person
name:? name:?

Rﬁ:ﬁ:r?nt L :Cuisine }
location:'NY’ type:‘Chinese




Alternative model

® Find friends that visited same Chinese restaurant in
NY. Return their name and the name of the

restaurant
:Person ‘Person
name:? name:?

:Restaurant:Chinese
name:?
location:'NY’




More on Cypher

® Constructs for ordering, aggregation, joins

— E.g. friends who have all visited same restaurant
® visit by at least 3 friends (COUNT)
® each gave a rating >=4 (filter)
® order by most recent visit (ORDER)

® These are mainly filters or involve post-processing of
patterns found (sorting, aggregation)



Example: Friend suggestions

® Find out the friends ‘John

of John’s friends that

are not already his

friends

— Order them by the
number of
connections to them,

and secondly by their
name

name: ‘Sara’

name: ‘Patrick’

name: ‘Jim’

name: ‘Mary’



Pattern Matching using Cypher

‘John’

MATCH (john {name:’John’})-[:Knows*2..2]-(friend_of friend)
WHERE NOT (john)-[:Knows]-(friend-of-friend)
RETURN friend of friend.name, COUNT(*)

ORDER BY COUNT(*) DESC, friend_of friend.name .,
name: 'Jim

[name: ‘Sara’}

name: ‘Patrick’ name: ‘Mary’



Pattern Matching using Cypher

name: John

MATCH (john {name:’John’})-[:Knows*2..2]-(friend_of friend)
WHERE NOT (john)-[:Knows]-(friend-of-friend) /
RETURN friend_of friend.name, COUNT(*)

ORDER BY COUNT(*) DESC, friend_of friend.name

2 Mary [ narr)é: Sara
1 Patrick l

name;
Patrick

name: Mary



- name: ‘Joe’

“\(\00“*6 \
name: ‘Tim" | N name: ‘J|m
hobby: hobby hobby:
‘bikes’ ‘diving’ ‘tennis’

MATCH (me {name:’John’})-[:Likes]->(something)<-[:Likes]-(someone)
WHERE NOT (me)-[:Knows]-(someone)
RETURN someone.name, COUNT(something)
ORDER BY COUNT(something) DESC LIMIT 1



Property Graph— NMapadewypa (ArtDB)

@¢Aoupe va oxedldooupe pio Baon Sedopévwy yla €va LVOTITOUTO TO OVTIKE(HEVO TOU omolou eival n
kataypadry tNe mopelag Tng ouyxpovne TtEXVNG otnv EANada. Xtn Paon Oedopévwv Ba mpEmel va
arnoBnkevovtal MANPodOPLEC OXETIKA HE TNV CUAAOYN TOU LVOTITOUTOU N ormoia mepllapfavel otolxeia yo
Epya tExvng (mepimou 26000), yia kaAAttéyveg (mepimou 5000) kat yia ekB£oelg (mepimou 31000) mou €xouv
AaBel xwpa and to 1945 péxpt onpepa. Mo kabe £pyo 1o omolo TtoUTOMOLlElTAl HE €va HOVASIKO KWOLKO,
BEAoupe va amoBnkeVOOUUE TOV TITAO TOU, TOV SNHLOUPYO Kal TO £To¢ dnuloupyiag Tou, TIC SLACTACELS TOU
(bocg, mAatoc, BaBocg), TNV TR TWANCAGS TOU KaL TNV Katnyopla tou (mivakag, YAUTTO, Xapaktiko, video art,
Koopunuo K.Am). EmutAéov yia KaBs €pyo TPETMEL va yvwplloupe Ta UAIKA HE Ta omoia €xel ¢Tiaxtel
(Aadoumoyld, HeAAVL, XAAKOG, HApHOPO KAL) KaBwC emiong kol TIC OEUATIKEC €VOTNTEC OTLC OTOLEC
EVTAOOETAL.

MNna kaBe €kOeon tO LvOTITOUTO Kataypddel Tov TITAO TNG, TNV TomoBeoia Kal To XPOVIKO SLAoTnUa KOTA TO
omolo €Aafe xwpa, Tov TUTO TNG (aToutkn i opadikn) kot tov popéa ) Toug Gopeic Mou opyavwaoav tTnv
€kBeon. EmutAéov Béloupe va yvwpll{oupe Toug dnpoupyolC Kol Ta €pya TwV OMOLwV €KTEONKAV og KAOe
€kBeon.

2tn Baon debopévwy Ba mpenel va kataypadovtal yia KaBs KaAALTEYVN TO OVOUOTENMWVUMO TOU, N KUpLA
WdLotnTd tou (lwypadog, ayoypddoc, Xapaktng, YAUTTNG K.ATL.), To dUAAO Tou, KABwWCG emiong TO £TOC KOl O
TOTOC YEVVNONC.

TéAog otn Baon Ba kataypddovtal Kot Ta oToLXEL TwV POoPEWV/0PYOVIGHWY SLopyavwTwy Twv ekBEcswv. MNa
kKaBe Ppopcéa Ba kataypadovral n ovopooia tou, n tomobeoia to £€tog (dpuong kot n StevBuvon NG
LotooeAidac Tou.
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N\e€ ko evvolwv - Opoloyla

Opog Nepwypadn JUVWVUHO | ZuvdEoelg
EpyoTéxvng ‘Epyo TEXVNC. Epyo KaAAttéxvng
‘ExBeon
KaAALTéXvng ANHLOUPYOC EPYWV TEXVNG Anuoupyoc | Epyo
‘ExBeon
‘ExBeon MeplExel €pya amo dtadopoug ‘Epyo
KOAALTEXVEG. KaAAttéxvng
Dopeag
Dopeag Opyavwvel eKOEoeLC Opyaviopoc | ExkBeon

91
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® Qo oxedLAOOUME Evay ypado o omoloc Ba
EVOWMOTWVEL OAQ TOL OTLYULOTUTIOl TWV
OVTOTATWV KOl CUCYETLOEWV BeAou e va
Kotoypaoupe

® O ypadoc Ba akoAouBel TO pOVTIEAOD
Tov«ypadou pe BLotntec» (property graph
model)

93



AC apXLOOUE UE TNV ovTOTNTA

« KaAALTEXVNCY

® Evac KaAAtteyvnce (Artist) €xel T TopakaTw
yvwpiopoto:
— aid: povadLKoO avayvwpLoTIKO («TipwTeV WV KAELSLY)
— fname: emwvupo
— Iname: ovopa
— sex: male/female
— bplace, byear: tonoc/xpovoloyia yevwnoewg
— specialty: eldikotnTa

94



Etiketec KopBwv

® Kabe OTLYULOTUTIO HlOC OVTOTNTOC UITOPEL VO
avarnapaotabel wg evag KOUPOG otn neos;

® [IpoTELVETAL N XPNON ETIKETWY WOTE VOl
Slakplvoupe otyulotuma SLapopPETLKWV
OVTOTNTWV (TTX KOAALTEYVEC QTTO £pYOL TEYVNC)
oTOoUC KOUPouc tou ypadou

95



ETIKETEC

® XpnoLuornolouvtal yia To SLoXwpLopo Twy
KOUPwV TNC Baonc oe cuvoAa

® Evac KopBocg punopet va £xel TOANATIAEC
ETLKETEG (Y «KAAALTEXVNG», «avOPOC»)

96



O kaAAttexvnc wc Koppoc evoc ypadou

:Artist
aid:1
fname:'Mavayiowtnc'
Iname:'TeTonc’
sex: 'Male’
bplace:'Ydpa'
year:1925
specialty: 'Painter’

97



KaAAlteéxvec we «koppBor/nodes» - cypher

:Artist
aid:1
fname:'Mavayiowtnc'
Iname:'TeTonc’
sex: 'Male’
bplace:'Ydpa'
year:1925
specialty: 'Painter’

® create (:Artist {aid:1, fname:'Mavaywwtnc',
Iname:'Tetonc', sex: 'Male',bplace:'Yopa',
yvear:1925,specialty: 'Painter'})

98



[eploploploc KAELOLOU

® KaBe KAAALTEXVNC EXEL (UTTOXPEWTLKA) EVaL
Hovadlko avayvwploTiko aid (artist-id)

® |[n cypher:

CREATE CONSTRAINT ON (n:Artist) ASSERT (n.aid) IS
NODE KEY

99



[eploplopol TIHWV?

® Onwc avadepape, OV UTTAPXEL TIEPLOPLOUOC OTOV
TUTTIO KOl apLlOUO YVWPLOUATWY TIOU UTTOPEL vl EXEL
£valc KOpPoc

® H etiketa «Artist» dev neplopilel Tov TUTIO TOU
KOUPou. Ot mapakatw SUO oplopol elval EMLTPETTOL

— create (:Artist { aid:1, fname:'Moavaywtnc', Iname:'T€tonc', sex:
'Male',bplace:'Yopa', year:1925,specialty: ‘Painter'})

— create (:Artist {aid:2, fistName:'Ttavvnc', lastName:'Adapakoc', sex:
'‘A’, bplace: 'Mupyoc HAelac', year: '1952',url:
'http://dp.iset.gr/artist/view.html?id=1462'})

® Emopevwe Oa mpEMeL va E{LOOTE TIPOCEKTIKOL KATA TN
dnuoupyia tng faonc! 100



[VWPLOUO 1 ETIKETA?

® Katnyoplka YVWPLoOMOTO UE HULIKPO TIEOLO TLUWV
(male/female)
® [vwpLlopa w¢ property:

— create (:Artist { aid:1, fname:'Navaywtnc', Iname:'T€tonc',
sex: 'Male',bplace:'Yépa', year:1925,specialty: ‘Painter’})

® [VWPLOUO WC ETLKETAL:

— create (:Artist:Male { aid:1, fname:'Mavaylwnc',
Iname:'Tétonc',bplace:'Yépa', year:1925, specialty:
'Painter’})
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[VwpLopa N ETIKETA?

® [opatAPNON: EPWTINMATO OE ETIKETEC ELVALL TIOLO
yprnyopa amo pwIinpata o€ yvwplopata xwplg
EUPETNPLO
— match (who:Artist:Male) return who.fname
VS
— match (who:Artist {sex: 'Male'}) return who.fname

® Quoka Ba pemeLl va aéLoOAOYNOOUE OV HUOG
evOLOPEPOUV TETOLA EPWTHLLOTAL
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Moo aAlo yvwplopa Ba prmopouace va
avoBobulotel wc eTkETA?

aid:1
fname:'Mavayiowtnc'
Iname:'TeTonc’
bplace:'Ydpa'
year:1925
specialty: 'Painter’

® OL TIMEC TOU specialty Epyovtal amo eva
TEPLOPLOLLEVO/EAEYXOUEVO AEELNOYLO
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KaAAltexvec we «koppor/nodes» - A\nhn 2 ;‘3':

AUEB

aid:1
fname:'MavayiwTtnc'
Iname:'TeTonc'
bplace:'Yopd'
year:1925

® create (tetsis:Artist:Male:Painter { aid:1,
fname:'Mavaywtncg', Iname:'Tetonc',bplace:'Yépa',
year:1925})
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Ovtotnta «Artwork»

® Je €vav OXECLOKO KOOUO:
CREATE TABLE artwork
(id INT PRIMARY KEY, title VARCHAR(200) NOT NULL, cyear INT,
height INT, width INT, depth INT, price DECIMAL (8,2) CHECK(price >=0),
cid INT, aid INT,
CONSTRAINT fk_cid FOREIGN KEY (cid) REFERENCES categories(cid),
CONSTRAINT fk_aid FOREIGN KEY (aid) REFERENCES artists(aid)

);

® To &€vo KAeldl cid xpnolpeveL yla vo. cUVOECOULLE EVaL €pYO TEXVNC UE TN
KOTnyopla oTtnVv omoia aviKeL Kat n onola KotaypadeTal oTov nivaka
(ox€on) categories
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[TOCEC KATNYOPLEC EPYWV TEXVNC EXOUUE? :;

AUEB

® ArtDB sample dataset
— Mivakoc
— [\untto
— XOPOKTLKO
— Wnodbwto
— Video Art
— Ayloypadia
— Koounua
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Executive Decision

® AC XPNOLUOTIOL)OOUME ETLKETEC yLa VAL
avapePOUAOTE OTLC SLAPOPETIKEC KATNYOPLEC EpywV
texvne: Painting, Sculpture, Engraving,...

® H katnyopila OTou AVNKEL EVOL EPYO ATIOTUTTWVETOL
OTNV ETIKETA TOU

— Enopévwce b€ ypetaletoan va kataypalpoupe Kamou aAlou
OTO OXNMO TIC KATNYOPLEC (OTIWC KAVOULE UE TOV TIivaKaL
categories oe eéva RDBMS)

— Me auTo tov Tpomo d& xpelalOPaoTE TAEOV TO YVWPLOUO
cid
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3

AC PTLAEOULE EVA EPYO TEXVNG TOU TETON o=

AUEB

® CREATE (nauphgeia:Artwork:Engraving {id:1,
title: 'Nawwmninyela', cyear:1977, height:72,
width:90, price:5000})

tetsis

e nauphgeia

:Artwork

‘Male

:Painter IR
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Napatnpnon 2

CREATE TABLE artwork
(id INT PRIMARY KEY, title VARCHAR(200) NOT NULL, cyear INT,
height INT, width INT, depth INT, price DECIMAL (8,2) CHECK(price >=0),
cid INT, aid INT,
CONSTRAINT fk_cid FOREIGN KEY (cid) REFERENCES categories(cid),
CONSTRAINT fk_aid FOREIGN KEY (aid) REFERENCES artists(aid)

);

® Ta é€va KAeLdLA Ypnotlomotlovvtal yia T dSnuouvpyla
oUVOECEWV PETOEV OVIOTATWYV O€ Lo oXeolokn Baon.

® e uia graph database, ol cuvd€oelc pumopouv va opLotolV
ApEcA HETOEL KOUBwWV!
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AV TO KQVOUE OTIWC OE Lot OXEOLAKN

Baon...

tetsis
:Artist
:Male

nauphgeia
:Artwork

:Painter ENgrEving
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Ouwc o€ eva ypado n avadopa UTOopPEL

va oploBel apeoa!

® create (tetsis)-[:Created]->(nauphgeia)

tetsis o
' Artist :Created nauphgeia
> :Artwork

‘Male

:Painter IR
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Property Graph Model
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Yannis Kotidis
http://pages.cs.aueb.gr/~kotidis/



Create Social Graph script

//cleanup
//DETACH removes all relationships of a node, DELETE removes the node
MATCH (n) DETACH DELETE n;

//create social graph
//label each node as “Person”
create (john:Person {name:"John"})

create (sara:Person {name:"Sara"}) create (john:Person {name:"John"})
create (jim:Person {name:"Jim"}) I ﬂ

create (patrick:Person {name:"Patrick"}) label property

create (mary:Person {name:"Mary"})

create (john)-[:Knows]->(jim)

create (john)-[:Knows]->(sara) variable, used later on while

create (jim)-[:Knows]->(sara) defining edges for this node

create (sara)-[:Knows]->(patrick)
create (sara)-[:Knows]->(mary)
create (jim)-[:Knows]->(mary);




View Graph in Browser

&7 Ubuntu 18.04.1 LTS Meodj on DESKTOP-7NPSVAL - Virtual Machine Connection
File  Action Media View Help
@O nwfo
Activities ¥ NeodjDesktop ~ Agu 09:34

¢ neodj@bolt:/flocalhost:7687 - Neodj Browser

") File Edit View Window Help Developer

v w & >
H
" | A ~
E $ match (n) return (n); & 5 p ~ O iy
. ‘
4
é o
e A
o
@ Text
£ %
— ;
£ %
)
l? Code
-
Knows
& f@{
a + t .\-‘g
D5
i J
Py
o
Displaying 5 nodes, 6 relationships.
se e ¢ : - N . . B - : S ) A ~
s $ create (john:Person {name:"John"}) create (sara:Person {name:"Sara"}) create (jim:Person {name:"Jim"}) create (patri. ~# & - & X
L



Friend Suggestion

&7 Ubuntu 18.04.1 LTS Neo4j on DESKTOP-7NP8VAL - Virtual Machine Connection
File  Action Media View Help
@O nw o
Activities Neodj Desktop * Agu 09:51

neodj@bolt://localhost:7687 - Neo4dj Browser

") File Edit View Window Help Developer

match chn:Person {name:"John -[:Knows ]-(friend)-[:Knows ]->(friend_of_frien

. (joh { "John"})-L J-(friend)-[ J=>(friend_of__friend)
where NOT (john)-[:Knows]->(friend_of_frien

- (john)-[ J->(friend_of_friend)

E return friend_of_friend, COUNT(*) as weight order by weight desc;

$ match (john:Person {name:"John"})-[:Knows]-(friend)-[:Knows]->(friend_of_friend) where NOT (john)-[:KnowsJ->(f.. = B « o O ps

f T
@ |"friend_of_friend"|"weight"

Graph

= 1
x

‘= {"name" : "Mary"}

)
H

|
|
|

I
|
|‘
[{"name":"Patrick"}|1
L

1

|

l

2 |
‘|

|

| |

Text
ﬂ
Code
MAX COLUMN WIDTH: [ ]
s
{0
@ . -
$ match (john:Person {name:"John"})=[:Knows]-(friend)-[:Knows]->(friend_of_friend) where NOT (john)-[:KnowsJ->(f. = A u o b hel
I T 1
@ |"friend_of_friend"|"weight"|
: : : Graph : : :
see [{"name" :"Patrick"}|1 |
== J. J. M




Social Graph 2

Sara
//create social graph
merge (mary:Person {name:"Mary"})
merge (sara:Person {name:"Sara"})
merge (jim:Person {name:"Jim"}) Helen John

merge (helen:Person {name:"Helen"})
merge (tim:Person {name:"Tim"})
merge (john:Person {name:"John"})
merge (john)-[:Knows]->(jim)

merge (john)-[:Knows]->(tim)

merge (jim)-[:Knows]->(tim)

merge (jim)-[:Knows]->(helen)

merge (tim)-[:Knows]->(helen)

merge (sara)-[:Knows]->(helen)
merge (sara)-[:Knows]->(mary)



Resulting Graph

IE Ubuntu 18.04.1 LTS Meedj on DESKTOP-7NPEVAL - Virtual Machine Connection

File  Action Media View Help
@O uwfyd
Activities Neodj Desktop ~ Tpt 18:36

[.) neodj@bolt://localhost:7687 - Neodj Browser
~ File Edit View Window Help Developer

#r
E $ match(n) return n K. = .7 o~ O e
‘
4
— A
= e
“l-?“ Code zﬁ}ﬁ'
- J-Qpr&a, 4_%‘3
4
3
% O \Lﬁb
O A}
o
Displaying 6 nodes, 7 relationships.
: : : $ :play start = L7 -~ e
L]



Single Source Shortest Paths

&3 Ubuntu 18.04.1 LTS Neo4j on DESKTOP-7NPBVAL - Virtual Machine Connection
File Action Media View Help
@O nnwn(fd BE
Activities Meodj Desktop ~ Tpt 18:56
l.) neodj@bolt:/flocalhost:7687 - Neodj Browser
~ File Edit View Window Help Developer

f 1 ] -
‘ match (x:Person{name:"John"}), p=allShortestPaths((x)-[*]-(y)) where x<>y return x as SOURCE,y as TARGET, '{:? & [>
p as ShortestPath;
$ match (x:Person{name:"John"}), p=allShortestPaths((x)-[*]-(y))} where x<>y return x as SOURCE,y as TARGET, p as.. = = 7 o o2 b
@ | "SOURCE" | "TARGET" |"shortestPath” |
Graph : : : :
|{"name":".]Dhn"}|{"name":"r‘1ary"} |[{"name":"John"},{},{"name":"Tim"},{"name":"Tim"},{},{"name":"Helen“},|
== | | | {"name":"Helen"}, {}, {"name":"Sara"}, {"name":"Sara"}, {}, {"name" :"Mary"}|
e | | |1 I
= f I I I
3 A [{"name":"John"}|{"name":"Mary"} |[{"name":"John"},{},{"name":"Jim"}, {"name":"Jim"}, {}, {"name":"Helen"}, |
et | | | {"name":"Helen"}, {}, {"name":"Sara"}, {"name":"Sara"}, {}, {"name":"Mary"}|
| | |1 I
e i L I I I
f I f 1
? - |{"name" :"John"} | {"name":"Sara"} |[{"name" :"John"}, {3}, {"name" :"Tim"}, {"name" :"Tim"}, {}, {"name": "Helen"}, |
Cade | | |{”I"Iame":"Helel"l"},{},{"name":"Sal’ﬂ"}] |
L I I I
f I I 1
[{"name":"John"}|{"name":"Sara"} |[{"name":"John"},{},{"name":"Jim"}, {"name":"Jim"}, {}, {"name":"Helen"}, |
| | | {"name":"Helen"}, {}, {"name":"Sara"}] |
L I I 1
f I ] 1
|{"name":"John"}|{"name":"Jim"} |[{"name":"John"},{},{"name":".]im"}] |
L I I 1
f I ] 1
|{"name":".]Dhn"}|{"name":"Helen"}|[{"name":"John"},{},{"name":"Jim"},{"name":"Jim"},{},{"name":"Helen“}]|
L I I 1
oy | | I ]
'9 ) [{"name™:"John"}| {"name":"Helen"}|[{"name":"John"}, {}, {"name" :"Tim"}, {"name" : "Tim"}, {}, {"name": "Helen"}]|
s
9% .l | | :
[{"name™:"John"}|{"name":"Tim"} |[{"name":"John"}, {},{"name":"Tim"}] |
L | I ]
LA N -
506 MAX COLUMN WIDTH: .
LN



Closeness Centrality Algorithm

CALL algo.closeness.stream('Person’, 'Knows')
YIELD nodeld, centrality

RETURN algo.getNodeByld(nodeld).name AS
node, centrality

ORDER BY centrality DESC;



Closeness Centrality Calculations

on Sample Graph

IE Ubuntu 18.04.1 LTS Meedj on DESKTOP-7NPEVAL - Virtual Machine Connection v — O >
File  Action Media View Help

@O n i fyd B
Activities MNeodj Desktop ~ Tpt 09:53

neodj@bolt://localhost:7687 - Neodj Browser

.
") File Edit View Window Help Developer

CALL algo.closeness.stream('Person', 'Knows') ﬁ Q D
YIELD nodeld, centrality

RETURN algo.getNodeById({nodeld).name AS node, centrality
ORDER BY centrality DESC

#r
<
=
LIMIT 20,

$ CALL algo.closeness.stream('Person', 'Knows') YIELD nodeld, centrality RETURN algo.getNodeById(nodeld).name A. < Pl e
=z] node centrality
=
@ Tahle "Helen" 0.7142857142857143
A "Jim” 0625
? Text “Tim" 0.625
-
"Sara” 0.5555555555555556
Code "John” 0.45454545454545453
Mary 0 615384615384
ey 0.38461538461538464
|:] y—
T )



Betweenness Centrality Algorithm

CALL algo.betweenness.stream('Person’,'Knows',{direction:'Both’})
YIELD nodeld, centrality

RETURN algo.getNodeByld(nodeld).name AS name, centrality
ORDER BY centrality DESC;



Betweenness Centrality Calculations

on Sample Graph

3 Ubuntu 18.04.1 LTS Neo4j on DESKTOP-TNPSVAL - Virtual Machine Connection — O X
File  Action Media View Help
@O npf o B
Activities Neodj Desktop ~ Tp1 09:58
neodj@bolt://localhost: 7687 - Neodj Browser

-
") File Edit View Window Help Developer

#
E
=]
3/

CALL algo.betweenness.stream('Person', 'Knows',{direction: 'Both'}) ﬁ Q [>
YIELD nodeld, centrality

RETURN algo.getNodeById(nodeId).name AS name, centrality
ORDER BY centrality DESC;

$ CALL algo.betweenness.stream('Person’, "Knows',{direction: 'Both'}) YIELD nodeld, centrality RETURN algo.getNod.. = e " o O x
% name centrality
e "Helen' 6.0
A "Sara” 40
et “Jim” 15
“Tim™ 1.5
Code "Mary" 0.0
"John" 0.0

@
)
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