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Agenda

v’ Thus far

— Relational design based on functional dependency
theory

* The next two weeks are devoted to
— Complex data and new data types
— Object-relational perspective on databases

... with Postgres but there are also other systems (SQL3,
Oracle)

* Focus on (this week)
— Enum, multivalued, composite data types
— User-defined data types
— Examples



Data categories

e Structured data

— Flat perspective imposed by the relational model
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Data categories (cont.)

e Semi-structured data

— No strict structure in a post

1 iSTLab (interactive Software Technologies & System Engineerin...
— Various components Wiy =T g
. . Tmo - ®
I n CI u d I n g The metaSearch tool (as implemented for the Biodrasis project) -
https://Inkd.in/dnhcwJGB
- T T O T "~
v Text s ,

lst l Qb Semantic Search

v Links
v Video or photos

v Metrics (shares or
hashtags), etc.
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Data categories (cont.)

* Email is an example of semi-structured data

Announcement published in course Advanced topics in databases (Mponypéva Oépata Baoswv Asdopévwy, HMMY).

Sender: Demosthenes Akoumianakis
Date: 3/18/26, 2:31PM
Subject: Time schedule for Assignmnet 1

Body message:

Kindly pick the time slot that is best for you from the link



ata categories (cont.)

e Ratings of an app and the reviews it receives
are also examples of semi-structured data
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Brian .
e
L 23

Hello, Did you remove the ability to swipe left or right on a message, and you can set to

7 IMAP does not

delete or archive, depending on swipe left to right, or right to left, like Gmai
waork on tablet version, using a different app for tablet. This app is extremely basic, but the
more | use it the ..

Full Review

Jason G .
e
* A 44

When it works, it's great. It stopped working for my Mailin November 2021

stopped working for my Cutlook mail (and 2 other people's that | know) on Feb 16th, 2022 It

Just started working for Qutlook mail for all of us today, but Vivaldi still doesn't waork.

Chyrisse Haydon .
o I. .
L 24

When opening the app & message pops Up Saying the 2pp has stopped and won't let me

send feed back. Now the app just won't open. Please fix | needy email. Thank you

Helen V .
oy e
. * 223

New update for terms and priv

What happened? Why is it asking me to agree or contact

me with latest news and so on?As for you privacy and terms, you must b out of ur mind to

colleet storans ornanize it and alan dive 1 to other narties Well with all that and more that



Data categories (cont.)

e Other forms of unstructured data such as
— Spatial data
— Data on pathways
— Social data
— Streaming data

* All the above create new requirements which are
often beyond the capabilities of relational
technology



Spatial data



Example of spatial data
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— What data are there? ..
— Are they cha racterized';“:__
— Are they connected? 9%+
* |s there an order?
* Are there boundaries?

— What queries are of
interest?

— What processing is
required?
* What is produced as
answer?

Giannij KOfnaroU

noJeuloy] luuel9

noleuioy luuel9

Gianni Kornarou - Panagyg

2"

Hellenic
Mediterranean
University

aratorv

1najepy seibeued



Example of spatial data (cont.)

* See figure
— What data are there? |
— Are they characterized? 1 .
— Are they connected? | ! :--: ----------- :

______________________

* |s there an order? .. G

* Are there boundaries? | : 3!

— What operators? | b E

* Containment? |2

* Sequence? E

_____________________________________



Example of spatial data (cont.)

e Spatial data operators
— Intersection

ST Intersects(A, B)



Example of spatial data (cont.)

e Spatial data operators
v’ Intersection
— Touch

ST Touches(A, B)

oy




Example of spatial data (cont.)

e Spatial data operators
v’ Intersection
v’ Touch
— Cross

ST Crosses(A, B)



Example of spatial data (cont.)

e Spatial data operators
v’ Intersection

v  Touch
v Cross ST _DWithin(A, B, D)

— Within or distance (between) D ﬂ
/_H



Example of spatial data (cont.)

e Spatial data operators
v’ Intersection

v’ Touch

v’ Cross :

v' Within or distance (between) ST_Contalg?,r(A\;Vﬁl)ﬂn(B A)
— Contain (full/partial) ~ |

— Overlaps

— Relate



Path or trajectory data



The concept of path or trajectory

* The trajectory of a moving object is the set of
points or positions through which it passes
during its movement, or more simply, the set of
its successive positions in space as a function of
time

SECTOR 3




Computationally (interesting) issues

* Given the following points in a cartesian plane
(as a function of time)

* What is the path/trajectory?

A (p3lt3)O
(Pg ts)
(0 ) O

O (Ps, t5)

P,
O 57 *5

Py t;)
"0 Op,.t)

ot

(p0’ to)o (p6 6)0
>




Computationally (interesting) issues (cont.)

* |t could be the following




Computationally (interesting) issues (cont.)

e ...or alternatively something like this

(P, t;)




Computationally (interesting) issues (cont.)

(p3, t5)
(Py ty)

* Alternatives characterized
by type of movement of
the object (P 1,

) (Ps, ts)

— linear or curvilinear (p,t,)
(p7l t7)

(P to)
(p3l t3)




Computationally (interesting) issues (cont.)

* |n the example it would be of interest to
compute
— Missing points in a set of trajectory data

e E.g. How many and which points are ‘missing’;
— The answer is one, with coordinates (p;, t;)

(p51 t5) (p6r t5)

ﬂ

Missing point
(p3’ ti)/o S (p4, t4)
(p21 t2) 7 g

(p,, tl)O/O C)\O(f5' tc) ipé,)t6)




Computationally (interesting) issues (cont.)

* In the example it would be of interest to compute

— Missing points in a set of trajectory data

* E.g. How many and which points are ‘missing’;
— The answer is one, with coordinates (p;, t;)

(Pg ty)

(p21 tz)
(Ps, t5) (Ps 1)

@

(py ty)

Missing point
(p3' tf’»/)/O S (p4r t4)
(p21 tZ) 7 g

(Ps, t5) (Pg 1)

(s, t1)O/C)

ﬂ



Computationally (interesting) issues (cont.)

* In the example it would be of interest to compute

— Near by points (to a point) in a trajectory

* e.g. If for a certain point in a trajectory there are two different
points (left and right) in the same trajectory

(P4 ty)

(P, t,)
(pS' t5) (p61 ts)

ﬂ

(P4, ty)



Computationally (interesting) issues (cont.)

* In the example it would be of interest to compute

— Near by points (to a point) in a trajectory

* e.g. If for a certain point in a trajectory there are two different
points (left and right) in the same trajectory

(P4 ty)

(P, t,)
(pS' t5) (p61 ts)

ﬂ

(P4, ty)

(p3’ t3), (p4r t4)
,

(p2) tz) s
(P, t;) 7 Znpeio (Ps, ts) (Ps) t5)

O UE near ﬂ

by point




Computationally (interesting) issues (cont.)

* In the example it would be of interest to compute

— Near by points (to a point) in a trajectory

* e.g. If for a certain point in a trajectory there are two different
points (left and right) in the same trajectory

(P4 ty)

(P, t,)
(pS' t5) (p61 ts)

(P3s ts/)’~ Py 1)) O

7 Inuelo
(p2’ tz) g UE near
(P t;) O/O by point (ps, ts) ipé’) te)
1 4

(P4, ty)




Computationally (interesting) issues (cont.)

* In the example it would be of interest to compute

— Near by points (to a point) in a trajectory

* e.g. If for a certain point in a trajectory there are two different
points (left and right) in the same trajectory

(pS' t5) (p61 ts)

ﬂ

(P4, ty)

Inueio ™

(Ps ts) (p,, t.)
HE near 5 %5 5 6
(Ps, t;) by point O




Computationally (interesting) issues (cont.)

* Consequently, for a query ‘How many points possess
‘near by points’

(p3l t/3)/ (p4, t4) \‘(p4, t4)
(p21 tz) 7 N\
. ,g;r by point (Ps, t5) (P tg) \DLDS' ts) (P )
®) —O —O
(py, ;)
(p3' t3/)/‘ S (p4; t4)
(p2; tz) 7
Near by point (ps, ts) ipcai)ta)
(Py tg)

e The answeris 4



Computationally (interesting) issues (cont.)

* Notice

— Computation of ‘near by points’ requires recursive
processing of each point

(P3, t/3)/ (P, t,) (g ty)
Py ty) 7
. gr by point (Ps, ts) (Per t5) \D(l%' ts) (Pg: ts)
®) —O —O
(P, tg)
(P3, tgl),‘x\ (P4 t,) (P4 t,)

(p2; tz) 7
(p5' t5) (par ta)

Near by point ‘O

(py, ty)

@ byt




Question

* However, the points may be connected as illustrated
below

(P, t;)




Question (cont.)

* ... thus, making possible the computation of all
pathways from a certain point to any other

— e.g. Starting from (p,, t;) and arriving to (p., ts)

(P, t;)




Question (cont.)

* ... thus, making possible the computation of all
pathways from a certain point to any other

— e.g. Starting from (p,, t;) and arriving to (p., ts)
° (plr tl) 9 (p5l t5)




Question (cont.)

* ... thus, making possible the computation of all
pathways from a certain point to any other

— e.g. Starting from (p,, t;) and arriving to (p., ts)
° (plr tl) 9 (p2; tz) % (p5l t5)




Question (cont.)

* ... thus, making possible the computation of all
pathways from a certain point to any other

— e.g. Starting from (p,, t;) and arriving to (p., ts)
° (plr tl) 9 (p2; tz) % (p4; t4) 9 (p51 t5)

(P, t;)




Question (cont.)

* ... thus, making possible the computation of all
pathways from a certain point to any other

— e.g. Starting from (p,, t;) and arriving to (p., ts)
° (plr tl) 9 (p2; tz) % (p3l t3) 9 (p4) t4) 9 (p5/ t5)

(P, t;)




Remark

* It is worth noticing that

— Computing all possible pathways from a certain point
to another requires recursive processing

(P, t;)




Social data



Definition

* Specialized category of data

— They have come to the surface with the rise of social
networking sites

* Example (three users)
— User Ais friend of Band I




Definition (Cont.)

* Specialized category of data

— They have come to the surface with the rise of social
networking sites

* Example (three users)
— User Ais friend of Band I
— User B is friend of I




Definition (Cont.)

* Specialized category of data

— They have come to the surface with the rise of social
networking sites

* Example (three users)
— User Aisfriend of Band I
— User B is friend of
— User I is friend of A




Definition (Cont.)

° |f another userZis friend of Band '
 What can we make out of this?

— There are common friends




Definition (Cont.)

° |f another userZis friend of Band '
 What can we make out of this?

— There are common friends
— There can be recommendations




Definition (Cont.)

° |f another userZis friend of Band '
 What can we make out of this?

— There are common friends

— There can be recommendations
e 7Zto be connected with A




Definition (Cont.)

° |f another userZis friend of Band '
 What can we make out of this?

— There are common friends

— There can be recommendations
e 7Zto be connected with A
* Ato be connected with Z




Definition (Cont.)

° |f another userZis friend of Band '
 What can we make out of this?

— There are common friends

— There can be recommendations
e Zto be connected with A
* Ato be connected with Z
* Z to be connected with A




Conclusion

* A pre-requisite

— Given a set of users we need to be able to compute
the overlap between the networks of friends

* One definition if overlap

— For any two users A and Z, there is overlap
in their networks S, and S, if S, NS, #
holds

 Moreover,
- IfS;, = Spthen S, <5,
- Transitive property does not apply

v i.e., if Alis friend if I and T is friend of A, then
it does not hold that A is friend of A




Additional useful operators

* Considering the following

— Is there any kind of relationship between the
vertices?

AT




Additional useful operators (cont.)

e Containment

— Is there any kind of relationship between the
vertices?

* G, CONTAINS Q




Additional useful operators (cont.)

* Similarity
— |s there any kind of relationship between the
vertices?

ANy

G,




Additional useful operators (cont.)

* Similarity
— Is there any kind of relationship between the
vertices?

* G, SIMILAR TO Q




Additional useful operators (cont.)

* Matching

— |s there any kind of relationship between the
vertices?

8o e




Additional useful operators (cont.)

* Matching

— |s there any kind of relationship between the
vertices?

* Q MATCHES <G,, G,>

80 ¢

o o]




Additional useful operators (cont.)

* Comparison

— [oLo eival mMEPLOCOTEPO KOVTQ;

f,
006
f,
060
PPN



Additional useful operators (cont.)

* Comparison

— Which is the better match?
. f1 BETTER MATCH THAN f2

‘a-b-c

Missing arc



In class exercise

* What do we know about Jerry Yang?

cducation (e3)

ucation (el)

) @ education (e2
education
: places_lived(Sergey Brin
Bill Gates @
< .

founded

tiong

ationality —
(

headquartered in

nationalit

o

headquartered_in

place founded

@ ocated_in



Observation

* Querying = traversing the graph

cducation (e3)

ucation (el)

) @ education (e2
education
: places_lived(Sergey Brin
Bill Gates @
< .

founded

tiong

ationality —
(

headquartered in

nationalit

o

headquartered_in

place founded

@ ocated_in



In class exercise

* Find entrepreneurs (like Jerry Yang) who have
established high-tech start ups )
based in California

education (el)

-
founded iona '

Microsoft

Find results that match
<Jerry Yang, Yahoo!, CA>

headquartered in

nationalit
Seattle

Steve Wozniak
located] in <fqunded




In class exercise (cont.)

* Find entrepreneurs (like Jerry Yang) who have
established high-tech start ups(like Yahoo!)
based in California

Find results that match
gducation (e3) <Jerry Yang , Yahoo!, CA>

education

education (el)

-
founded iona '

Microsoft

headqua

rtered in founded

nationalit
Seattle

Steve Wozniak
located|in <faunded

lcated in



In class exercise

* Find others like Jerry Yang ...

education

founded
founded

headquartered fin

located in



Example from a past dissertation

 How would you study the intensity of bonding
as a result of number of posts exchanged by
users
o




Example from a past dissertation

 How would you study the intensity of bonding
as a result of number of posts exchanged by

users
o

* Maybe you distinguish users who exchange posts
regularly from those doing it sporadically



Example from a past dissertation

 How would you study the intensity of bonding
as a result of expressing opinion



Example from a past dissertation

 How would you study the intensity of bonding
as a result of expressing opinion ..,

o E“.v

* Maybe of interest to identify those who ‘like’
certain posts



Streaming data



Definition

e Streaming data is the process by which a
continuous flow of data from single or multiple

sources (sensors, apps, users) is processed in
near real-time

— The concept of streaming refers to how data is

captured and delivered rather than the content of the
data

* Important

— Stream processing techniques (in data management)
allow continuously ingesting, analyzing, and
transforming high-volume, real-time data as it is
generated, rather than in batches



Data sources

* Data sources include
— financial systems
— third-party data providers
— social media platforms
— loT devices
— Saa$s apps

— on-premises business applications like enterprise
resource planning (ERP) and customer relationship
management (CRM)



Streaming data examples

Financial trading platforms use it to provide real-time price changes for stocks and currencies
— Stock information services use streaming data to share company news as it breaks, helping
institutional and individual investors make more informed trading decisions.
e Sales and marketing systems can use clickstream data to trigger an interaction with a chatbot
or agent

 Gaming companies use in-game behavior analytics to suggest new games or offer the most
relevant ads for in-game purchases

e Security systems use sensors to detect suspicious activity. Sensors collect video streams that
are analyzed, and alerts are generated when potential threats are observed

*  Autonomous driving uses real-time sensor input to control vehicle speed and safety systems.
Cameras, sonar, and lidar sensors generate data streams for image processing software to
analyze

* Industrial systems use sensors to monitor manufacturing systems for quality control and drive
production. Digital streams enable manufacturers to remotely monitor the health of systems
such as locomotive engines to make timing decisions for preventive maintenance, ordering
parts, and alter performance to maximize the equipment’s useful life

* Marketing systems use clickstream data to analyze what ads and web pages a prospect views
so chatbots can offer the most compelling real-time engagement tactics

* Retail streamed data from in-store beaconing systems to inform text and email offers based
on the shopper’s location



Common goal, differ approaches

* Data ingestion

— Data ingestion encompasses all the tools and processes
responsible for collecting, extracting and transporting data
from diverse sources for further processing or storage

e Extract, transform and load (ETL) is the process by
which data is
— extracted from its source system
— transformed to meet the target system's requirements
— loaded it into the designated data warehouse or data lake

e Extract, load and transform (ELT) is the process by
which data is
— extracted from its source
— loaded into the target system

— transformed on-demand and as needed for specific
analyses



Ingestion engines

* |Ingestion engines for [ DATA INGESTION J
stream processing are |
tools designed to dataj‘fom
continuously capture, 4 N
buffer, and transport REAL-TIME
high-velocity, real-time I:RmOEEtSUSn":li?
data from diverse sources ‘"
(10T, logs, apps) to for
processing frameworks, .

ensuring low-latency data [ OUTPUT APPLICATIONS]
availability dashboards alerts




Example

* Consider a data source that continuously
produces data such as the following

ABCDEFGHIGKLMNDO

v How does the continuous flow of data influence
its processing?
-~ Do we need to await until the flow completes and all data

are made available?

v What if there is no time or application is time-critical or the
decision is data-driven?

v What if the flow never completes?
— Can processing take place with partial data
v What kind?



Example (cont.)

* Consider a data source that continuously
produces data such as the following

ABCDEFGHIGKLMNDO

v One way (not the only one) is to break the flow
into sub-flows based on parameters
— Length of data stream
— Shift in data stream



Example (cont.)

* An example with Length=5 and Shift=2



Example (cont.)

* An example with Length=5 and Shift=2

02

AB



Example (cont.)

* An example with Length=5 and Shift=2

ABC



Example (cont.)

* An example with Length=5 and Shift=2

O g

n —0)



Example (cont.)

* An example with Length=5 and Shift=2

ABCDE ABCDE
! CD



Example (cont.)

* An example with Length=5 and Shift=2

EF ABCDE
! CDE



Example (cont.)

* An example with Length=5 and Shift=2

07

l
ABCD%FG ABCDE

. CDEF



Example (cont.)

* An example with Length=5 and Shift=2

08

l
ABCD%FGH ABCDE

. CDEFG



Example (cont.)

* An example with Length=5 and Shift=2

08

l
ABCD%FGHI ABCDE

. CDEFG



Example (cont.)

* At the end the result is something like the

following

ABCDEFGHIGKLMNO ABCDE
CDEFG
EFGHI
GHIJK
|JKLM
KLMNO

v Note

— Stream processing can commence before the full set of
data is available



Summary and conclusion

* As data change in nature new data types have

come to facilitate their representation and
processing

* Implications
— The relational model is limited

— New data models appear to address semantics
challenges

— Query languages follow the new data models



Next time

* New data types
— Enumerated
— 1D and multi-dimensional arrays
— User defined datatypes
— XML
— JSON

e Specialization hierarchies & inheritance
* Practice and experience



This is the end
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