Beltiotonoinon votnudtov &
YOopomAnpo@opikn

E¢opuén Asdbopevwv

Xpnotog MakpOmoulog
Topgag Yoatikwy Mopwv kat MeptBarioviog

EOviko MetooBlo MoAutexveio



Motl e€opuén;

TexVIKEC avaAuong MOAU HEYAAwWV
OUVOAWV SeSOUEVWV LLE OKOTIO TNV
gfaywyn véa yvwong

Aebopéva ocuAAEyovTaL Kol
amoBnkevovtalL o€ PEYAAEC
tayutntec (GB/Min)

" ATIOHOKPUOHEVOL OLCONTAPEC
= Next Generation Sequencing!
" [IpOCOUOLWOELC TTOU TIOLPAYOUV
terabytes dedopevwv
H e€opuén dedopevwy pmopel va
BonBrost:

" 3TNV KatnyopLlomoinon Kat tnv
TUNuatomnoinon twv dedopévwy
= Ytnv Statumwon unoYécewv

Next-generation sequencing (NGS) for assessment of
microbial water quality: current progress, challenges, and
future opportunities

n BoonFei Tan', Charmaine Ng?, Jean Pierre Nshimyimanal ™, Lay Leng Loh'Z, Karina Y.-H. Gin® and Janelle R.
Thompson'®

*Cent

Water quality is an emergent property of a complex system comprised of interacting mierobial populations and introduced
microbial and chemical contaminants. Studies leveraging next-generation sequencing (NGS) technologies are providing new
insights into the ecology of microbially mediated processes that influence fresh water quality such as algal blooms,
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Napadelypata

‘E§umnvol LeTPNTEG KATAVAAWONG VEPOU  ZUMMUETOXLKA TTapatnpnTieELa VEPOU
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Juxvotnta petpnong 10 sec X 1-2 K. LETPNTEC..




AVOKOAUTITOVTOC YVWON KPUUMEVN

neoa ota 6edoueva

0

.('

Wolfram alpha: facebook report

WONT WORLD e
SHATTERING THROUGH TIME
POLITICAL POSITIVE
INVESTMENT LOOSE MIDDLE

LONG

HAPPENED
DISTANCE GIRLS
CONSTRAINTS VW
JUSTICE PROJECT ACCURATE

STATE TW(
EUROPEAN GAMEEI
GREECESHORT ‘‘‘‘‘

THINK NOW skEe

ACTUALLY VERY
OVER VAR DEVICE

MUCH RIGHT onE

PART WAY WELL coup
RAID ASPECT CALLED
c:ou NTRY DEVELOPMENT -

VERYTHIN GREAT
IMPOSSIBLE
OPEN PIGEONS TERM
POSSIBILITY STATES

UNDER VIABLE

uuuuuuuuuu OMITS AL ALOWED  ALOME
ARG 100N ARTEU AN AVTrOs C W

(excluding "a", "he", "for", etc.)
{based on data from 78 wall posts)

http://tagcrowd.com/




To tag cloud twv Bepatwv
SUTAWUATIKWY 0TO Hadnua...

agent algorithms analysis based
behavior Camps comparative
complex  computer Coupling

demand development different

footprint household hyetos
infrastructure methods

mOdeI optimization

SimU|ate simulation-optimization
stochastic study systems toolbox
uncertainty UWOLT wastewater

water



Evac Oplopoc..

[t TOAU peyaAa cUvoAa SeOoUEVWV :

* n 6wdkaocia avakaAvPnc (discovery) mpotuTwv
(patterns) mou mpv v ntav yvwotaq,

°* N oavaAuon Toug yla vo. PPOUUE MU OVOUEVOUEVEC
oxXEoelc avapeoa ota dedopeva (causality?) kat va
To. ouvolooupEe HE VEOUC TPOTouc (TX. KOAVOVEC)
TIOU €lval Katavontol Kol XprotuoL.

e Me aAa Aoyl POAXVOULE YLOL CUOXETLOELS KO
OKEPTOMOOTE AV AUTEC petadpaloviol o€ aLTtLoTnTa.
Me tpocoxn...



MpocoxNn: CUCYXETLON # ALTLOTNTA

Number people who drowned by falling into a swimming-pool
= Number of films Niclas Cage appeared in

Deaths (US)

80
1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009

m Per capita consumption of mozzarella cheese (US)

Civil engineering doctorates awarded (US)
11

unds

Po

2001 2002 2004 2006 2007 2008




Mua Stemipavela

e Oyl TPOYMOTLKO KALTL
armoAvta
SLaPOPETLKO.

* Evac VEOC TPOTIOC
XpNonc yvwoTwyV
epyaleiwv (ANN,
Stats, BBF).

e Data-Driven

ESopuin
Agdopévwv



EpyvaAeta...

Case Based Reasoning; Rule
Extraction (Fuzzy Inference);
Artificial Neural Networks;
Support Vector Machines;
Principal Component Analysis;
Bayesian Inference, Bayesian
Belief Networks; Statistics (incl.
Stochastics); Multiple Liner
Regression; Decision Trees;
Factor Analysis; Survival Analysis;
Graph-based mining; Symbolic
Regression, Evolutionary
Polynomial Regression, Wavelets
but also SBO-Optimisation




Eldbn/MeBodoL E€opuénc Asdopevwy

1. Ta&womunon - Classification: kataokeun evoc LOVTEAOU TIOU
QVTLOTOLXEL Eval oToLYE(0 0€ €va oUVOAO aTto (TtPoKAOopPLOUEVEC)
kAaoeic (mapping)

2. Zuotadomnoinon - Clustering: eUpeon evoc cUVOAOU ATTO OUAOEC
LLE OpOoLla OTOLYELDL

3. Eupeon Zuyxvwv MNpotinwyv, E¢aptnoswv Kat ZUOXETIOEWY —
Dependencies and associations: eUpegon oNUAVTIKWV/CUXVWV
€0 PTNOEWV METOED YWWPLOUATWV

4. Zuvoyloelg - Summarization: eUpeon HLAC OCUVOTITIKAC
neplypadnc tov cuvolou dedopEvwy 1) EVOC UTTOCUVOAOU TOU



Taéwvounon: Classification

AoBEvtoc evoc cuvolou amo eyypadéc (oUvoAo eknaidevong -
training set) e kaBe eyypadn va €xeL Eva cUVOAO Ao yvwpilopata
(attributes), eva amo ta omoia va eival n kAaon (class)

EUpeon evoc HOVTIEAOU YLOL TO YVWPLOUO TNE KAAONG WE ocuvapTnon
NG TIMAC TWV AAAWYV YVWPLOUATWV.

2TOXOC: VO aVaOETEL TO LOVTEAD eyypadEC Ttou eV EXoupe del o€
L OLTTO TLG YVWOTEC MO KAAOELG LE TNV HeyaAuTtepn Suvatni
akpifela.

Awadikaoia: 2uvnBwc, To cuvoAo debouévwy XwplleTal os Eva
oUVOAO ekmtaideuonc KoL 0€ Eva 6UVOAO EAEYYOU — TO MPWTO

XPNOLLLOTIOLELTOL YLOL TNV KATALOKEU TOU LOVTEAOU Kol TO SeUTEPO
yLot TOV EAEYXO TOU.



N'Vvwplopata

/NN

Tid Home Marital Taxable
Owner Status

1 Yes Single 125K
2 |No Married |100K
3 |No Single 70K
4 |Yes Married |120K
5 |[No Divorced |95K
6 [No Married |60K
7 |Yes Divorced | 220K
8 |[No Single 85K
9 [No Married |75K
10 [No Single 90K

MNapadelyua

Income Cheat

KAAZH

|

No
No
No
No
Yes
No
No
Yes
No

Yes

Home Marital Taxable

Owner Status Income Cheat

No Single 75K ?

Yes Married |50K ?

No Married | 150K ?

Yes Divorced |90K ?

No Single 40K ?

No Married |80K ? YUVoAO

EAéyxou
!

Expaéno
ngll\llép?’]cr:]g — MovTéAo




Nopadetypa MovtElou:

Agévtpo Anodaong —
KAAZH Decision tree
Tid Home Marital Taxable
Owner Status Income Cheat
1 |[Yes Single 125K No
2 [No Married |100K No HO
3 [No |single |70k  |No Y‘es/ w:’
4 |Yes Married | 120K No NO MarSt
5 |No Divorced |95K Yes ‘ Single, Di¥orced w‘arried
6 |No Married |60K No
7 |Yes |Divorced |220K  |No Taxinc NO
8 [No Single 85K  |Yes < 80’5/ \> 80K
9 |No Married |75K No NO YES
10 |No Single 90K Yes

2UvoAo Ektraideuong



Tid Home

© 00 N O o A W N -

-
o

Owner

Yes
No
No
Yes
No
No
Yes
No
No
No

Marital
Status

Single
Married
Single
Married
Divorced
Married
Divorced
Single
Married

Single

Taxable

Income Cheat

125K
100K
70K
120K
95K
60K
220K
85K
75K
90K

No
No
No
No
Yes
No
No
Yes
No

Yes

EvaAAaKTIKO Ttapadelypa
Movtelou: Agvipo Anodaonc —
Decision tree

MarSt

Marri‘ed/

Single,

\%Aorced

NO

HO

Ye?/

NO

Taxinc

< 80#5/
NO

\> 80K

YES

[a ta (bla deboueva umopei va umapyouv
TOPATIaAVW Qo Eva  OEVTPpO  AITOQAONG

(uovteda)



MNapadeypa: Decision Trees

lonosphere dataset from the UCI machine
Ioad IOI’)OSpheI’e learning repository*. This radar data was

_ collected by a system in Goose Bay, Labrador. A
t= CIassregtree (X' Y) system of an array of high-frequency antennas.
view(t)

"Good" radar returns are those showing
evidence of some type of structure in the
Or ionosphere. "Bad" returns are those that do
not; their signals pass through the ionosphere.

|Oadfisheriris = X is a 351x34 real-valued matrix of
predictors.

= Y is a categorical response: "b" for bad
radar returns and "g" for good radar
returns.

*http://archive.ics.uci.edu/ml/datasets/lonosphere




MNapadeypa

o Ptiatte eva 61kO oac oct (e dedbougvo
decision tree) kat BaAte to matlab va to
«avakaAUu e

To generate n random numbers
within a given [a b]:

x=a+ (b-a).*rand(n,1)



Harvey and McBean, 2014

<19m

Node 1 (ROOT)
Class % n
Bad 1 11
Good 89 113

Total 100 1278

7

T

Age in survey year?

Node 4
Class %

Bad
Good 58
Total

>=50yrs <50 yrs.
1 1
Node 2 Leaf 3
Class % n Class 9% n
Bad 24 102 Bad 5 39
Good 76 321 Good 95 816
Total 33 423 Total 67 855
v
Burial depth?
Lo >=19m
*
Node 5
n Class % n
23 Bad 21 79
32 Good 79 289
55 Total 29 368

Number of nearby watermain breaks?
>=1 —— None

Al
Length?

s=33m ele— 33 m
1 1

Leaf 6 Leaf 7 Node 8 Leaf9
Class % n Class % n Class % n Class % n
Bad 80 B Bad 33 15 Bad 24 77 Bad 5 2
Good 20 2 Good 67 30 Good 76 249 Good 95 40
Total 1 10 Total 4 45 Total 26 326 Total 3 42

T
Diameter?
<238 mm webe . 238 mm
3 I

Node 10 Leaf 11
Class % n Class % n
Bad 26 70 Bad 12 7
Good 74 196 Good 88 53
Total 21 266 Total 5 60

Y

Number of nearby watermain breaks?

>=2  — <2
2 2
Leaf 12 Leaf 13
Class % n Class % n
Bad 60 6 Bad 25 64
Good 40 4 Good 75 192
Total | 10 Total 20 256




MNapadeypa

* Taéwvounon pne Nevpwvika (nnstart>nprtool)
e [l ta 6bedopeva fisheriris kot TLAAL
* Aladopa, ExelL onuaoia;



2uotadonoinon (clustering)

EUpeon “ocuotadwVv”’ aVIIKELIMEVWY ETOL WOTE TA AVTLKELUEVO OF
kKaBe opada va eival opola (i var oxetiCovtal) ko dtadopeTika
(A UN oxeTWOpeva) armo Ta AVILKEMEVA TwV AAAWY opAdwv

OL amooTtaoelg péoa
otn cuotada
ge\aLotomnolouvtal

OL amooTACEL
OVAUECA OTLC
oUOTAOEC
LLEeyLoTomolouvTal

3-6laotata onpueia,
gukAeibla amdotaon

20



Elbn Zuotadwv

KoaAwc SlaxwplopeveC cuoTAOEC
2U0TAOEC BACIOUEVEC OE KEVTPO
2UVEXNC (contiguous) cuotadec
2U0TAOEC BAOCIOMEVEC OE TTIUKVOTNTO
Baolopeva o€ LOLOTNTEC 1 EVVOLEC

Meplypadovtal oo POl AVTLKELLEVLKN
ouvaptnon (Objective Function)



Mote pa cuotadonoinon €ivoul
“K(X.Ar']”
* MeyaAn ouototnta EVTOC TNC cuoTtadac Ko
* MwKpR OUOLOTNTA OLVAHECSO OTLC CUCTAOEC
e ... TLELWVOL OLWC OMOLOTNTO,



«OpolotnTa»

* H gyyutnta TWV onpeilwv vmoAoyiletal pe Bfaon
KATIOLO. QITOoTAon TIou €€aptatal amo to £idoc¢
Twv onuelwv (. EukAgidela anootaon)

* Emedn n oamnootaocn umoAoyiletal ouxva o
UTTOAOYLOMOC TNC TIPETIEL VAL ELVOLL OXETLKA ATTAOC

* To KEVTPLKO onpelo gival (ouvnBwc) To HECO TWV

onUeELwV tN¢ cuvotadoc (to omolo Umopel va unv
glval eva ano ta bedoueva elcodou)



Kpwtipla Opowotntog: Amootoon

Eukdeidea  d(i. D= I(I1X. =X. P+Ix. =x. P+ +Ix. =x. ]
odeisea di, ) Jq VX DX e =X )

h L D= X —X. . —X. . —X.
Manhattan L1(I,j) |xIl le|+|xI2 x12|+...+|xIn X |

Jn
s & x> = (3.,5)
5 /o
V4
= 7/
' V4

3 3 s Euclidean distance
B 4 = (22 + 32)'2 =361

x{=(1.2)
2 Manhattan distance

=2 4+3=5
1 e 2 e
St

24



Oplopog Atootaong

Mapadeyua
; Nivakag¢ Aedopevwv
point X y

2 ®p1

03 o4 pl 0 2
1 - ° ° p2 2 0
0 o ‘ ‘ ‘ p4 S 1

0 2 3 4 5 6
pl p2 p3 p4

pl 0 2.828 3.162 5.099

p2 2.828 0 1.414 3.162

p3 3.162 1.414 0 2

p4 5.099 3.162 2 0

Nivakag Anéotaonc




NMNooec Opadec?
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Akpaia Znueia & Oopupoc

Outlier (akpaio onueio) tTIpEG oU eival e€alpEoelg
WC TIPOC T OUVNOLOUEVEG I QAVOLEVOUEVECG TUUEC
(domain knowledge!)

oVOTAOO

° A outliers

27



2UOTAOEC BOCLOMEVEG OE KEVTIPO N ITPOTUTIO

M cvotada eival €va cUVOAO QATO OTOLXELOL TETOLO WOTE
KAOe otolyelo TNC opadac eival 1o Kovta o€ (n 1o OpoLo He)
TO «KEVIPO» N TIPOTUTIO TNC opAadac amod OTL UE TO KEVIPO
orntola.cdnmote AAANC opadac.

To KEvTpo TNC opadag eival cuxva

e centroid, o HECOOC OPOC TWV CNUELWV NS ovoTtadac, N
 medoid, TO TILO «AVTLTPOCWTIEVUTIKO» CNUELO TN cuoTAdoc



H Baowkn dwadikaoia clustering:
K-means

ALY WPLOTLKOC aAYOpLOOC

KaBe cvuotada cuoxeTiletal pe Evol KEVTPLKO CNUELO
(centroid)

KaBe onueio avatibBetar otn ovotada HE TO
KOVTLVOTEPO KEVTPLKO ONUELD

O aplBuoc twv opadwv, K, eival eiocodog otov
aAyoplBpuo



K-means: Baolkoc AAyoplOpuoc

1: Emhoyn K onuelwv w¢ T apXLKA KEVIPLKA Onuela
(ouvnlwc¢ tuyaia)

2: Repeat

3: AvaBeon OAwV TwWV apXLKWV CNUELWV OTO KOVTIVOTEPO
TOUC aTto Ta K KEVTPLKA CnUEL

4: Emav-umtoAOyLOUOGC TOU KEVIPLKOU onueiov KaBe
ovotadog

5: Until ta kevtpwka onpeia va pnv aAAalouv




K-means: Baowkoc AAyopLlOpocg

K =3 cuotadeg

Apxwa onueia ky, ks, ky

® ® o
R
@
@
&
@
@
N
o
N
&
O. o ©
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K-means: Baowkog AAyopLlOpoc

Ta onuela avatiBevtal 0To IO YELTOVLIKO
armo Ta 3 apxLlKA onuela

O &
o 000
@) K @
®
A ®
b
o
4 k2 & ®
IS . ¢
& N
0’ o @
oo @ o ¢
k, @
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K-means: Baowkoc AAyoplOpocg

ErtavumoAoylopog tou Kevtpou (kevtpou Bapouc) kabe cuotadac (cluster)

N N
S N
0 °
kl ke R
Y
@
O
4 / k2 o °
IS ° ¢
o © ko
o Kk, @
'S ® R
TS k. @ R

Mwc umoAoyiloupe to KEVTPO BApouc v onpeiwy;
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K-means

Néa avaBeon Twv onueiwv

NEa kEvtpa Bapoug

: Bauolkog AAyopLopoc

34



Y

K-means

: Bauolkog AAyopLopoc

®
®
Q. ¢
<>kl<>
®
®
& @
@
® o ¢
k o
03
o ¢
@
X

Av 8gv aAlalel timota -> TEAOZ
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K-means: EmiAoyn apXtkwv onHEiwWV

Av UTIAPYOULV K «TIpayHATIKEC CUOTASEC» N mIBavotnTa va eTUAEEOUE Eva KEVTPO
arno kaBe cvotada elval PLKPr), CUYKEKPLUEVA OV OAEC OL cuoTAdEC €Xouv TO idlo
nEyeboc n, TOTE:

p_ number of ways to select one centroid from each cluster K Ink K
B number of ways to select K centroids - (Kn)K KK

Ma mapadetypa, av K = 10, n mBavotnta ivat = 10!/1010 = 0.00036



K-medoid

 ALOAEYEL €VO QVIUMPOCWTIEUTIKO ONMUELO armo T
dedopEva Kal EAAYLOTOTIOLEL TNV AOCTACN OTTO OUTO —
Medoid: To Lo Kevtplko onpeio tng ovotadoc (avti va
XPNOLLLOTIOLEL TO mean)

 Mmnopel va edpappootel oe debopeva omoLoudnmote
TUToUL (Y Kot yia katnyoplka 6edopeva)

v

000000000000000000000000



K-means: Baowkoc AAyoplOpocg

Napadsiypa

10 12 3 20 30

Eotw k = 2, kot apXLKA ETUAEYOUE TO 3 KoL TO 4

11

15



K-Means Clustering oto Matlab

Syntax:
IDX = kmeans(X,k)
[IDX,C] = kmeans(X,k)

kmeans uses a two-phase iterative algorithm to minimize the sum of point-to-centroid
distances, summed over all k clusters:

* The first phase uses batch updates, where each iteration consists of reassigning
points to their nearest cluster centroid, all at once, followed by recalculation of
cluster centroids.

* This phase occasionally does not converge to solution that is a local minimum, that
is, a partition of the data where moving any single point to a different cluster
increases the total sum of distances. This is more likely for small data sets.

* The batch phase is fast, but potentially only approximates a solution as a starting
point for the second phase.



K-Means Clustering oto Matlab

* The second phase uses online updates, where points are
individually reassigned if doing so will reduce the sum of
distances, and cluster centroids are recomputed after each
reassignment. Each iteration during the second phase
consists of one pass though all the points.

 The second phase will converge to a local minimum,
although there may be other local minima with lower total
sum of distances.

 The problem of finding the global minimum can only be
solved in general by an exhaustive (or clever, or lucky)
choice of starting points, but using several replicates with
random starting points typically results in a solution that is
a global minimum.



Moapadeypa

e x=[1,2,3,4,10,11,12,13]
e [idx,ctrs]=kmeans(x,2)



MNapadeypa

¥ = [randn (100,2)+one=s (100,20 ;...
randn (100, 2)—-ones (100, 2)] ;
opts = statset ("Display ', "final');

[1dx, ctr=] =

iterations,
iterations,
iterations,
iterations,
iterations,

LA LA i = [N

total
total
total
total
total

kmeans (3, 2, ...

"Distance’, "city ™, ...
"Replicates', 5, ...
"Options',opts)

=111
=11
=11
=1
=11

of
of
of
of
of

distances
distances
distances
diztances
distances

=04,

204

204

671

L BY71
204.
=04.

671
671

.B71

plot (X{idx==1,1),¥{i1dx==1,2),"r. ", "MarkerSize™, 12)

hold on

plot (X{idx==2,1),¥{1dx==2,2),"b. ", "MarkerSize™, 12)

plotictr=s(:,1),ctr=s(:
"MarkerSize', 12,
plot (ctr=(:,1),ctr=(:
"MarkerS8ize', 12,

re) e Tk
"TLineWidth', 2)
PRER IR s R
"TLineWidth', 2)

legend ({"Cluster 17, "Cluster 27, "Centroids™,...
"TLocation®, THW™)

4 T
#  Cluster 1
3r| * Cluster? * e .
X Centroids Lt o TR
21 . *a - : * "
. "
* “t s "t". L
1t L 4 8 -
- * - F -
* 'l" - L * . '.“,
.
Or * i s EE %4 3‘",
hd » “ L ‘. ™ .
- Py +»
_1 r * ".‘ - ™ * . »
* *' “ﬁg 3; - -
2r s 3 raet *
- . ®
_3 - - *»
*
1 1 1
-4 2 0 2




Awaypappato Voronoi

YSpoloyia —
OTOOLNOUEVEC
LETPNOELC OTAOUWV




BiBAloypadia

OL dtadavelec eival BaclopEVEC OTOUC:

e P.-N. Tan, M.Steinbach, V. Kumar, «Introduction to
Data Mining», Addison Wesley, 2006

* Rogkakos, D., Department of CS, University of Epirus,
Lecture Notes

e Matlab 2011a Online Documentation,
www.mathworks.com




