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4 4 4 = 4 4
" . Alya AoyLa ywx To TL elval Data Science (Kot TtTnv lotopla Tov 0pov)

As there is more and more data churned out every day, there is an increased need of procuring
this data and making it useful. Data Science refers to collection, preparation, analysis,
visualization, management, and preservation of large collections of data.

In simple terms, data science is the extraction of useful information from the available data.

The methods that usually deal with Big Data are of particular interest in data science, though the
latter is not restricted to such data.

In 1997, C.F Jeff Wu gave an inaugural lecture on “Statistics = Data Science?” at the Univ.
Michigan. In this lecture, the term ‘data science’ was coined and it was advocated that statistics
should be renamed data science and statisticians should be renamed data scientist.

In 2008, the term Data Scientist was coined by DJ Patil and Jeff Hammerbacher to define their
jobs at LinkedIn and Facebook, respectively.
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= Data Science is expected to mature, consolidate, become the X s oo™ )
mainstream career option, and even surprise us with the 1&« e
advancements in the field. The field is expected to mature over elata - ooplor
time and slowly shift to cloud environment. Data science Uni, bi & Multivrate vy
practitioners should be able to build predictive models in - SCison 7,
temporary cloud environments in order to increase their = o il i, Co,wemed oy
performance requirements. Unlike the current trend of single s § | &\ o ity
algorithm or tool being used to solve most of the data-related * & > < & | 2\ AN s
problems, the future is predicted to break this jinx. Data &€ @@\"Q Flalo [ T 1s\a\% %/ %
scientists are building new data algorithms to suit their /& 1d121515\%\5 \
needs, which are predicted to take advantage of parallel I i -\
data processing to improve efficiency. (Simplilearn.com,
2014)

https://www.simplilearn.com/the-numbers-game-deciphered-guide-pdf
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1970: Codd’s paper -- the relational model (Turing award) | ,‘)
= Data independence. Allows for schema and physical storage structures to change .)@ -

X

under the covers W
?
70’s - 80’s: From prototypes to commercial DBMS _
] D BZo Microsoft*
Ingres @ UC Berkeley = Sybase, MS SQL Server %_ \% SOL Server
= System R @ IBM San Jose (now IBM Almaden) = IBM's DB2, Oracle

ORACLE
= SQL becomes de-facto standard DATABASE

90’s: the age of maturity
= RDBMS improvements in terms of transactional facilities, performance and stability
= Objects: object-relational modeling = ORDBMS (support for ADT’s)
= Parallel, Distributed DBMS (scalability)

00’ s - today: more scalability = Cloud, Big Data, IoT/edge




H iotopia ¢ AA (2)

Genealogy of Relational Database Management Systems
https://hpi.de/naumann/projects/rdbms-genealogy.html
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“... Senior database researchers gather every few years to assess the state of database research
and to recommend problems and problem areas that deserve additional focus. ..."

= Laguna Beach, CA, 1989

= Palo Alto, CA, 1990, 1995

= Cambridge, MA, 1996

= Asilomar, CA, 1998

= Lowell, MA, 2003

= Claremont, CA, 2008

= Beckman, Irvine - CA, 2013
= Seattle, WA, 2018

=

Group photo from Beckman meetmg (2013)
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= Asilomar report (1998): ... broadening the definition of database management to embrace all the content of the
Web and other online data stores, and rethinking our fundamental assumptions in light of technology shifts.

= Lowell report (2003): ... integration of text, data, code, and streams; fusion of information from

heterogeneous data sources; reasoning about uncertain data; unsupervised data mining for interesting
correlations; information privacy; and self-adaptation and repair.

= Claremont report (2008): ... new database engine architectures, declarative programming languages, the
interplay of structured and unstructured data, cloud data services, and mobile and virtual worlds.

= Beckman report (2013): ... the report recommends significantly more attention to five research areas: scalable
big/fast data infrastructures; coping with diversity in the data management landscape; end-to-end
processing and understanding of data; cloud services; and managing the diverse roles of people on the data
life-cycle.

= Seattle report (2018): ... Today, we are living in a data- driven society where decisions are increasingly driven by
the insights gathered from analysis of relevant data (“data is the new oil”). ... However, the fact that data is at the
center of everything today also means that the field has grown in breadth and that new challenges have arisen.
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The Seattle Report on Database Research
Research challenges:

= Data Science: ... and data scientists rely on arich Daniel Apadi, Anagtasia Ailamaki, David“Andersen, I'Deter.BaiIis, Magdaleng Balazinska,
Philip Bernstein, Peter Boncz, Surajit Chaudhuri, Alvin Cheung, AnHai Doan,

ecosystem of open-source libraries for sophisticated Luna Dong, Michael J. Franklin, Juliana Freire, Alon Halevy, Joseph M. Hellerstein,

analysis, including the latest ML techniques Stratos Idreos, Donald Kossmann, Tim Kraska, Sailesh Krishnamurthy, Volker Markl,
Sergey Melnik, Tova Milo, C. Mohan, Thomas Neumann, Beng Chin Ooi, Fatma Ozcan,

= Data Governance: Data-intensive applications that use Jignesh Patel, Andrew Pavlo, Raluca Popa, Raghu Ramakrishnan, Christopher Ré,

[sensor, virtual assistant, social, etc.] data sources raise Michael Stonebraker and Dan Suciu

not only technical challenges but also those of privacy and ABSTRACT evolution of streaming data platforms as well as

: : Approximately every five years, a group of database re- NoSQL systems.
OwnerShlp' Data prOducerS have an economic and searchers meet to do a self-assessment of our commu- o hi ts show that the state of
personal interest that the data is used only in certain ways. nity, including reflections on our impact on the industry -+ SEREREG B G e only oo

as well as challenges facing our research community.

This report summarizes the discussion and conclusions stant is change. Today, we are living in a data-

= Cloud Services: Challenges of new consumption models of the 9th such meeting, held during October 9-10, 2018~ driven society where decisions are increasingly driven
. in Seattle. by the insights gathered from analysis of relevant
(IaaS’ etC.), Challenges Of Cloud archltecture data (“data is the new oil”). This societal trans-
(disaggregation, multi-tenancy, hybrid cloud, edge and
cloud), auto tuning, confidential cloud computing, etc. Looking forward: Much has already changed since our Fall

2018 meeting. Every new mechanism that has emerged offers
a potential opportunity to enhance data management
capabilities (e.g., blockchain, quantum computing) and every
new scenario is a potential application area where data
management might help (e.g., self- driving cars, fake news) ...

= Database Engines: We see a clear trend towards
heterogeneous computation with the death of Dennard
scaling and the advent of new accelerators introduced to
offload compute. GPUs and FP- GAs are available today ...
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SYokes

" Ta4 (5)V’s
= Volume; Velocity; Variety; Veracity (; Value)

{557)

40 ZETTABYTES

of data will be created by
2020, an increase of 300
times from 2005

Volume
SCALE OF DATA

2020
000000
6 BILLION PEOPLE
have cell phones
o

k3L

The New York Stock
Exchange captures
1TB OF TRADE
INFORMATION
during each trading
session

3

THE 4 V'S OF BIG DATA

2.5 QUINTILLION BYTES
of data are created
each day

=

Most companies in the
U.S. have at least

100 TERABYTES

of data stored

Modern cars have

closeto

100 SENSORS

that monitor items such as
fuel level and tire pressure

6—>

As of 2011, the global size of
data in healthcare was
estimated to be

150 EXABYTES Variety
@ @ DIFFERENT
@ FORMS OF DATA
30 BILLION
PIECES OF CONTENT

are shared on facebook
every month

1IN 3 BUSINESS
LEADERS

don't trust the information
they use to make
decisions

A0 8L

4 BILLION +
HOURS OF VIDEO
are watched on

You Tube each month

&)

4 MILLION TWEETS
are sent per day by about
200 million monthly active
users

27% OF RESPONDENTS
in one survey were unsure
of how much of data

was inaccurate

: 27%

* http//www,

com/infographic/four-vs-big-data

https://twitter.com/iauro

10

Sﬁeed at which data is emanating and
changes are occurring between the
diverse data sets

Q» Volume

This refers to the sheer volume
of data being generated
every second.

Value

Having access to big data
is all well and good but
that's only useful if we
can turn it into a value.

Veracity

Veracity

Data reliability and trust.
Verifying and validating the data

Variety

Can use structured as well
as unstructured data.

https://www.techentice.com/the-data-veracity-big-data/

Data Science Lab. @ University of Piraeus



Every minute of the day (2021) ...

Facebook users share 240K photos
Twitter users post 575K tweets
Instagram users share 65K photos
YouTube users stream 694K hours
Amazon customers spend $283K
Tiktok users watch 167M videos
Netflix users stream 452K hours

etc.
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https://www.domo.com/learn/infographic/data-never-sleeps-9
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E.F. “Ted” Codd (1923- 2003) :_' 3 b
Turing award 1981 ? o ¥




To Xxeolwok6 Movtedo

*Codd, E. E (1970). "A relational

model of data for large shared

data banks”. Communications of

the ACM 13 (6): 377-387.

= H BA amoteAsital amd €va oUVOAO GYECEWV
(relations) } mvakwv (tables) mov cuvd£ovtat
KATAAANAQ LETAEY TOVG

= Yyéon: éva oVVOAO MAELAS WV (EYYpPaPWV,
YPOUULWV) OPLOUEVWY PACEL KATTOLWV
XAPAKTNPLOTIK®WV (TTeSiwV, 0TNA®V)
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DATA -
STORIES

Data Science Lab. @ University of Piraeus

o student
D TR
course_id
5 t_name
sec_id dept_
semester fot _cred
Yeal;
grade
section course
B course id ” course _id department advisor
Lp( sec id < title dept name s id
— semester « dept_name — EﬁmT T8
et ] time_slot credits J —
— building = budget
|| room_no time_slot_id
time_slot_id day
start time
end_time
prereq instructor
classroorm — course_id D
Ly building | prereg i name
L—p{ room_no dept_name
capacity teaches salary
D
L course_id
L_| sec id
L_| semester
L year

A Relational Model of Data for
Large Shared Data Banks

E. F. Copp
IBM Research Laboratory, San Jose, California

Future users of large data banks must be protected from
having to know how the data is organized in the machine (the
internal representation). A prompting service which supplies
such information is not a satisfactory solution. Activities of users
at terminals and most application programs should remain
unaffected when the internal representation of data is changed
and even when some aspects of the external representation
are changed. Changes in data representation will often be

The relational view (or model) of data described in
Section 1 appears to be superior in several respects to the
graph or network model [3, 4] presently in vogue for non-
inferential systems. It provides a means of describing data
with its natural structure only—that is, without superim-
posing any additional structure for machine representation
purposes. Accordingly, it provides a basis for a high level
data language which will yield maximal independence be-
tween programs on the one hand and machine representa-
tion and organization of data on the other.

A further advantage of the relational view is that it
forms a sound basis for treating derivability, redundancy,
and consistency of relations—these are discussed in Section
2. The network model, on the other hand, has spawned a
number of confusions, not the least of which is mistaking
the derivation of connections for the derivation of rela-
tions (see remarks in Section 2 on the “‘connection trap”).
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[Tapaderyua oxeolakns BA

o= atudent 1D name dept_name salary
es
D » ID < 22222 Einstein Physics 95000
. name 12121 Wu Finance 90000
ST — dept_name 32343 El Said History 60000
Sonmpalov fot_cred 45565 Katz Comp. Sci. 75000
year 98345 Kim Elec. Eng. 80000
- grade 76766 Crick Biology 72000
section course 10101 Srinivasan | Comp. Sci. | 65000
B course id < B course id department advisor 58583 Califieri History 62000
Ly sec_id = title devt name T 83821 Brandt Comp. Sci. | 92000
— 5%_6'3@’ > dept_name e m — iid 15151 Mozart Music 40000
» %Wg o time_slot credits biadoes 33456 Gold Physics 87000
1] room_no time_slot_id 76543 Singh Finance 80000
time_slot id day
start time (a) The instructor table
end_time
prereg instructor
classroom L course id = - dept_name | building budget
! building | prereg id nae i Comp. Sci. | Taylor 100000
» Toom_no dept_name Biology Watson 90000
capacity teaches salary Elec. Eng. | Taylor 85000
ID ‘ Music Packard 80000
— Co“’”;; id Finance Painter 120000
S Kt 0 History Painter 50000
year Physics Watson 70000

y y e . . , ’ , ) (b) The department table
AKEPALOTITA OVTOTTAC (entity integrity) =» n €vvola ToV TPWTEVOVTOG KAELSLOV (primary key)

ava@opikn akepalotnta (referential integrity) =» 1 évvola tov E€vov kAel8Lov (foreign key)
14
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= HSQL Baoiletal oe Tpacelg
eMAoYNG-TpofoAng-ocuvdeoNnG

SELECT DISTINCT I.name, C.title
FROM instructor I

I N INNER JOIN teaches T USING ID
(select-project-join -- SPJ) petaév oxcocwv

" BewpnTtikd vofabpo:
Zxeolwakn AAyeBpa (Relational Algebra)

WHERE C.dept name = “"Music” AND T.year

INNER JOIN course C USING course_id

= 2009

Hname,title(o-dept_name = “Music” AND year = 2009 ( (instructor > teaches) > course) )

* Chamberlin, Donald D; Boyce,
Raymond F (1974). "SEQUEL: A
Structured English Query Language’.
Proceedings of the 1974 ACM SIGFIDET
Workshop on Data Description, Access
and Control: 249-64.
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SEQUEL: A STRUCIURED ENGLISH QUERY IANGUAGE

by -
Danald D. Chamberlin
Raymond F. Boyce

IRM Research Laboratory
San Jose, California

ABSTRACT: In this paper we present the data manipulation facility for a
structured English query language (SEQUEL) which can be used for accessing
data in an integrated relational data base. Without resorting to the concepts
of bound variables and quantifiers SEQUEL identifies a set of simple opera-
tions on tabular structures, which can be shown to be of equivalent power to
the first order predicate calculus. A SEQUEL user is presented with a consis-
tent set of keyword English templates which reflect how people use tables to
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DBMS DATA MANAGER L D

A
. DATABASE
Output Generator | Dictionary
A Manager
Application ! C ),
Y
/0 Processor _| Transaction] | Recovery| _
) Manager Manager
USER Y \ Y
Query Parser Q
Y Data
Precompiler o Generation Dictionary
Ty Optimizer [<—> of (Schemas)
ot A A Executable
>| Authorization Control A O
¥
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Integrity Update Query
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AmoBOMKELON OTO PLOLKO HEDO ...

DBMS DATA MANAGER

A
- DATABASE
Output Generator | Dictionary
A Manager
Application ! C ),
Y
/0 Processor _| Transaction] | Recovery| _
) Manager Manager
USER Y \ Y
Query Parser O
Y Data
Precompiler o Generation Dictionary
Ty Optimizer [<—> of (Schemas)
ot A A Executable
>| Authorization Control A O
¥

Integrity Update Query ]
Checker Proceslsor Processor
v |




Opyavwon apyxeiwv & Evpempla (1)

» Apyelo cwpov vs.
AxkoAovBloko (AlateTayuevo) vs.
Katakepuatiopévo

= EcwTepkd oL eyypa@ES X0V KATOLX
Sratain 1 oy

= Y€ TL EEUTINPETOVV OL ELOLKEG OPYAVWOELG;

» ExTOG amd to KUpLo apxelo, vTTAPYOLV AAAEG
BonONTIKEG SOUEG;

= Evpetnpua (B+8évtpa k.a.)

header
record 0
record 1
record 2
record 3
record 4
record 5
record 6
record 7
record 8
record 9
record 10
record 11

F
=
>
'Q

g

o

z
Cz
g

o

10101 | Srinivasan | Comp. Sci. | 65000

p
15151 | Mozart Music 40000
22222 | Einstein Physics 95000
33456 | Gold Physics 87000

4
58583 | Califieri History 62000
76543 | Singh Finance 80000
76766 | Crick Biology 72000
83821 | Brandt Comp. Sci. | 92000
98345 | Kim Elec. Eng. 80000




Opyavwon apyeiwv & Evpetnpla (2) STORIE=>

[[Mozaat]] || |« Root node

» Evpetiipro B+8évtpo [[Einstein| [ Gotd [[ ] rivivasa | ] || L— Internal nodes

|Binstein| [E1Said|| | Gold || Katz |
10101 Srinivasan | Comp. Sci. 65000
— 12121 | Wu Finance 90000
—» 15151 | Mozart Music 40000
» 22222 Einstein Physics 95000
» 32343 | El Said History 80000
» 33456 | Gold Physics 87000
» 45565 | Katz Comp. 5ci. | 75000
» 58583 | Califieri History 60000
Donald Knuth _ » 76543 | Singh Finance 80000
(Stanford Univ.) > 76766 | Crick Biclogy 75000
» 83821 | Brandt Comp. 5ci. | 92000
L »{ 98345 | Kim Elec. Eng. 80000
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BeAtiotomrommc epwtocwv (Query optimizer) >TORIE=

» 'Otav o xprjot ¢ vmofdAet pa epwtnomn oto DBMS ot (dnAwtikn) YAwooo SQL, To
DBMS amo@aoilel va ektedéoel éva TAAVO ekTEAEONC (query plan)

»  Tapddetypo mAavov eKTEAEOTG: I

. (sort to remove duplicates
name, tz.tle( P )

SELECT lL.name, C.title
FROM instructor |

INNER JOIN teaches T USING ID <] (hash join)

INNER JOIN course C USING course_id

WHERE C.dept_name = “Music” \

AND T.year = 2009 ><] (mergejoin)  oyrse
p1pelm/ \plpelme

» Tttt outod Kat 0L KATToLo AAAO

TAGVO EKTEAEONG; de t_name = Music
(use index 1)

year 2009
(use linear scan)

mstructor teaches
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Awoyeiplon SocoAnPLwv STORIE>

» Mia SocoAnPiia 1) ouvaAiayr) (transaction) sivat éva TURUo TG EKTEAEONG
TPOYPAUUATOG, TIOV StafBdlel Kol TBavOv evnuepwvel dedopeva s BA.

» [Mapaderypa: HETAPOPA TIIOTWTIKWV LOVASWV HETAEY V0 @OoLTNTWV (A0YW TL.X. EK
mapadpouns Babuoioyiag)

> UPDATE Student SET tot-cred = tot-cred — 4
WHERE ID = “P12345” 1.read(A)

» UPDATE Student SET tot-cred = tot-cred + 4 2A=A-4
WHERE ID = “P12354 R
» [lpemel v,cx (Stoc‘tnpnlé)a 1] KOUVETELO ’rng BA 4.read(B)
AveEAPTITWG TWV OTIOLWV TIPOLANUATWV
TPOKVYIOLV 5.B:=B +4
> TITOOT] CLOTHUATOG, TAVTOXPOVN EKTEAEDT) 6.write(B)

TOAAATIAWV SocoAnPLwv K.a.



Kataveunueveg / IIapaAANAEG apXITEKTOVIKEG

* Ta SeSopéva elval KaTaveunuéEvVa
0€ TTOAAEG U aVES, CLUVOESEUEVEG
HECW OLKTVOV

= Ta deSoueva elvat Kowa ylo |

XPNOTEG IOV TA TTPOoTIEAG{OVV Memory

QIO SLAPOPETIKES UNYOVEG 1

i
i

" Me KatdAANAouG unxavionovg,
ETILTUYYXAVETAL TTAPAAANAlal
oTNV eMeEepyacia Twv SedouéEvwy

* [TapaAAnAeg BA, Kataveunuéveg BA, BA oto
UTIOAOYLOTIKO VEQOG (cloud), KA.

Memory

Memory

1/0
Controller
gl cpu CPU
5
2| cpu CPU
S
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Controller
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STORIES»
Data Science Lab. @ University of Piraeus
5 2 ~|_|
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Memory
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g2
site A site C
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communication
via network

https://www.db-book.com/db7/

site B
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= Codd, E.F.(1970) A Relational Model of Data for Large Shared Data Banks. Comm. ACM 13(6): 377-
387. URL: http://doi.acm.org/10.1145/362384.362685.

" TO KAaoLKO &pBpo am’ dmov Eekivnoav OAa !

= Stonebraker, M. (2015) Traditional RDBMS Systems. Chapter 2 in Readings in Database Systems, 5/e.
URL: http://www.redbook.io.

" pla emMOKOTMNON LOTOPLIKAE onuavTiKkwVv Xxeolakwv XABA (System R, Postgres, Gamma)

= ‘0, TL TTOVV 0L «GOPOI» ...

= D. Abadi et al. (2018) The Seattle report on database research. URL:
https://sigmodrecord.org/publications/siemodRecord /1912 /pdfs/07 Reports Abadi.pdf

= ENUELWOELG, SLA@AVELEC, OXETIKA apOpa: https://gunet2.cs.unipi.gr/courses/CDS110/

= EpeuvnTika ev8lx@EpovTa, L8££C yia SIMAwpatikég KAT. : https: //www.datastories.org
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Introduction - review of relational and object-relational databases. Modern trends in database ”

design. Non-traditional data types (text, multimedia, spatial information). Non-traditional » Exnaideutég: Mdvvng

database architecture (sensor networks, data streams, distributed, in the cloud). The “big 9‘°6“’°i6“§-.r‘d’pv°§

data” era (MapReduce architecture, etc.). Lab hours with PostgreSQL, MongoDB, Spark (Batch MNanaorepavaroc.

Processing, Streaming, MLib). EDY<1‘0tnplaK0i Bon@oi: I'.
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Katnyopiomoinpévol ouvaeopot
Books
» ' Bailis P, et al. (eds.) (2015) Readings in Database Systems
» Codd EF (1990) The relational model for database management: version 2
» Liu L, Ozsu MT (eds.) (2009) Encyclopedia of Database Systems
Papers
» | Abadi D, et al. (2013) The Beckman report on database research
» Abadi D, et al. (2018) The Seattle report on database research
» | Abiteboul S, et al. (2003) The Lowell database research self assessment
» Agrawal R, et al. (2008) The Claremont report on database research
» Codd EF (1970) A relational model of data for large shared data banks
Posts
» | Big Data Architecture: A Complete and Detailed Overview
» | HPI Genealogy of Relational Database Management Systems
Videos, Tutorials etc.
» ' Learn PostgreSQL Tutorial - Full Course for Beginners

» History of Databases



