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Unsupervised Learning

 ¥10 Unsupervised Learning dev mpocmabovue va tpofAEyovue TimoTa.

* O 610Y0GC E€IVOL VO OLUOOOTOINGOVLE OEOOUEVA Y10 VO PEATIOGOVUE TNV KOTOVOTOT) LOC
Y10 TO TEPIPAAAOV.

Moapaostypa: Opadomoinon (Clustering) mehatomv
* Ac¢ vmoBécovue 0Tl glote Tpdmela Kol EYETE €KATOVTAOES YMddeg meldteg ko 100
YOPOKTNPLOTIKA TTOL TEPTLYPAPOVY TO KaOEVQ.

* Ot aAyopiOuor unsupervised learning umopodv va ypnoipomombovv yio vo y®piceTe
TOVC TEAATEC GOC GE OUAOEC, MOTE VO UTOPEITE VO TPOPAEYETE TIC AVAYKEC TOVS KO VOl
EMKOIVOVNOETE HOCl TOVG TTO OTTOTEAEGUATUKA.



k-means algorithm



To Prjpoto Tov amattovVTHL Yo TNV OUOOOTOINoN
A. Scaling

IIpwv ypnowomomoete aryopiBpuovc ML (cuounepriapufavouévov avtov yio
unsupervised learning), eivai onuovtikd vo, kdvete scaling tig Tinég tov
YOPOKTNPLOTIKOV £TCGL WGTE VO EIVOL GLYKPIGUEC.

AVO TpOTTOL

Value—Mean
SD

a. Z-score scaling: Value —

Value—Minimum

B. Min-Max scaling: Value —

Maximum—Minimum



B. MétTpo amooToonS

* To amlovotepo pETPO amoOoTOoNG €ivoaw T0 pETpo ™G Evkieiosiog
ATOGTOGNC.

» Amdotaon (Distance) = Vs —x) +(vs-v.)

Feature y

Feature x

* ['evikd OtOv VTAPYOLY M YUPAKTINPLOTIKA 1) ATOGTAGT HETACL P kot Q givon

Y (v, — v -)2 OTOV V,,; Kot U, ot TiuéC values tov jth
j=1\"pj qj) pj qj HEG J
yopoktnplotikov P and Q



I. Cluster Centers

* To kévipo uwoe ouddoc (uepikég opéc ovoualeton Kevtpoeldeég - centroid)
TPOCOLOPICETAL UE TOV HEGO OPO TOV TIUOV KAOE YapAKTNPLOTIKOD Yo OAQ T
OTMUELN TNG OUAOOLC.

* [Tapdoeryna.:

Observ. Feature 1 Feature 2 Feature 3 Feature 4 Distance
to center
1 1.00 1.00 0.40 0.25 0.145
2 0.80 1.20 0.25 0.40 0.258
3 0.82 1.05 0.35 0.50 0.206
4 1.10 0.80 0.21 0.23 0.303
5 0.85 0.90 0.37 0.27 0.137
Center 0.914 0.990 0.316 0.330




O aryop1Buog k-means algorithm ywo va Bpeite
k clusters

Choose k random points as
cluster centers

Assign each observation to
nearest cluster center

Calculate new cluster
centers

Have cluster
centers changed?




‘Eva amAd mapaostypo

The Data
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Step 1: Choose initial cluster centers
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Inertia (Adpdveln)
* [a kOe dedopévo K, o atdyog sivar va ehayiotomombel 1 adpdveia, 1 omoia
opileton ®¢ T0 dOpoloHa TOV TETPAYDOVOV eVTOC TG opadog (cluster):

Inertia = Zn: d’
i=1
omov d; etvan 1 andcstaon mwopatpnong I anod to cluster center tov

o XNV TPAEN ¥PNOIUOTOI0VUE TOV ahyoptOuo K-means pe moAAd dopopeTiKd
onuUeEio. EKKIVNGNC Kol ETIAEYOVUE TO OMOTEAEGLO OV £YEL TN WUIKPOTEPT
aopaveLn



EmAéyovtog to K
* H mpocéyyion elbow:

Inertia
(within cluster sum of squares)

2 4 6
Number of Clusters

o

10

€ QLTO TO TOPdoELYLo TpoTEiveTal k=4

10



* H né0ooog silhouette:
"o kdBe mapatipnon | vmoloyilw to a(i), ™ uéon oamodctoon omd GAAEC
napatnpnoelc oto cluster, kou to b(l), ™ péon amdoTaon AMO TIC TOPAUTNPNOEIS GTO
ninciéotepo aalo cluster. To silhouette score yio tqv mapatipnon i, S(i), opileton ¢

. b(i) — a(i)
s(i) = , ,

max|a (i), b(i)]
EmiléEte tov apOud tov clusters mov peyiotomoiel 10 uéco Silhouette score ce OAeg
TIC TTAPOTNPNCELC.




Curse of Dimensionality

* To pétpo ¢ Evkieiocioc andotaons avsavetalr 060 avEAveETaL 0 aplduog
TOV YOPUKTNPIGTIKOV.

* Avto avagépeton o¢ curse of dimensionality

* EEetdote 000 TOPATPNOELC TOV £YOVV TIUES Y10 TO YOPUKTINPIOTIKO | 10€G
HE X; ,and Y- ’E}/a EVOALOKTIKO HETPO amOcToonG mov Ppicketal mwavta
uetacd 0 ko 2 lva

ern1 JyJ
\/ZJ =1 JZ] 1yJ




Epappoyn: Kivéovvog yopac (Country Risk)

210y0¢ eivon 1} opadomoinon (clustering) tov yop®dv avaAoyo Le TV ETIKIVOLVOTNTA TOVG Y10 EEVEG
EMEVOVCELS YPNOILOTOIOVTOS 0cdopéva Tov 2019. Avoite ta apyeia

Country risk 2019 data.csv, 4.1 K-means_elbow.ipynb , 4.2 K-means_silhouette.ipynb

MéTpa Kivovvou yopog

 [Ipayuatikog puOuog avarntuéne tov AEIT (ANT) - GDP real growth rate (IMF)

 Acgiktng dapbopdc (Aebvnc Atapavela)- Corruption index (Transparency international)

 Agiktnc Eypnivng (Ivetitovto Owovouikav kot Eyprivng) - Peace index (Institute for Economics and
Peace)

* Agiktng voukov Kivdvvov (X0AAoyoc dikaimudtov doktnoiag) - Legal Risk Index (Property
Rights Association)

o ZuAAEYONKay dedouéva yio 121 yopes. Xpnoomodnke kAipoka Z-Score.



MEpog TV 0E00UEVEOV

Country Corruption Peace Index Legal Risk | Real GDP growth
Index Index rate (% per yr)

Albania 35 1.821 4.546 2.983
Algeria 35 2.219 4.435 2.553
Argentina 45 1.989 5.087 —3.061
Armenia 42 2.294 4.812 6.000
Australia 77 1.419 8.363 1.713
Austria 77 1.291 8.089 1.605

In [5]: # Lood raw data
DATA FOLDER = "./°
raw = pd.read_csv(os.path.join{DATA_ FOLDER, 'Country_risk_ 28192 data.csv'))

# check the raw data

print{"size of the dataset (row, col): ", raw.shape)
print{"\nFirst 5 rows\n", raw.head({n=5))
print{"\nFirst 5 rows and 5 columns\n",raw .iloc[:5 , :5])

Size of the dataset (row, col): (121, &)

First 5 rows
Country Abbrev Corruption Peace Legal GDP Growth

e Albania AL 35 1.8221 4.546 2.983
1 Algeria DI 25 2.219 4.43%5 2.553
2 Argentina AR 45 1.929 L.@87 -3.861
3 Armenia AM 42 2.294 4,812 &.86e
4 pAustralia Al F¥ o 1.419 B.363 1.71=

First 5 rows and 5 columns
Country Abbrev Corruption Peace Legal

a Albania AL 25 1.821 4.546
1 Algeria DZ 35 2.219 4.435
2 Argentina AR 45 1.989 5.887
3 Armenia AM 42 2.294 4.812
4  Australia Al F7 0 1.419 B.363



YUVonTIKG 6TOTIOTIKA oToycia (Summary statistics) ko Iivakag cvoyeticemv (correlation matrix)

In [6]: # print summary statist

ics

print{"WnSummary statisticsWn"”, raw.describe())

print{"wnCorrelation matrix\n", raw.corr()})

Summary statistics
Corruption
count 121.@6@688 121.

mean A46.842975 2
std 18.7682499 a
min 15.868800 1
25% 33.0868800 1
e 41 .0868800 1
75x o0 .o6ea00 2
max 27 .068800 3
Correlation matrix
Corruption
Corruption 1.880888
Peace -8.7e5682
Legal @.,938512

Legal GDP Growth
121.@80880

Peace

eggead  121.688008
.aa1el17v £.752529
LA61485 1.373932
872884 2.671868
. 699884 4.785068
930884 L.455068
. 2948840 6.428068
. 369884 8.712068

Peace Legal

-8.7a5682 0.933512

1.8a0088 -0.662232
-8.862233 1.6660800

GDP Growth -8.123545 -8.884428 -8.158269

2.657529
2.563741
450808
. 240808
. 6egaoe
. 2B8oa0e
. BBoaoe

s R D

GDP Growth
-g@.123545
-g.884428
-g.15836%9
1.668668

O Acgiktmg owpbopdc (Corruption index) wkor o AgikTnS VOMIKOD

cvoyeTiiopevor (correlation = 0.939).

Kwvoovov (Legal Risk)

givar vynAd

* T tov AdYyo avtdév aTov adyopiOpo Oa ypnoipomomjcovpne Tovg mapokatm ocikteg: GDP growth rate, Peace index,

Legal risk index

* Ac dovue mpmto T dedouéva petd to scaling oty emduevn dta@aveld TPOTOH TPOYMPNGOVUE GTOV AAYOPIOLUO.
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Agdouéva peta TNV KAlpako Z-score

Country Corruption Peace Index Legal Risk | Real GDP growth
Index Index rate (% per yr)
Albania —0.633 —0.390 —0.878 0.127
Algeria —0.633 0.472 —0.959 —0.041
Argentina —0.099 —0.026 —0.484 —2.231
Armenia —0.259 0.635 —0.685 1.304
Australia 1.612 —1.261 1.900 —0.368

In [2]: #K means cluster
#Pick features & normalization
#5ince Corruption and Legal are highly correlated, we drop the Courrug
X = raw[[ 'Peace’, 'Legal', 'GDP Growth']]
X = (X - X.mean()) / X.std()
print(X.head(5))

Peace Legal GDP Growth
8 -8.398881 -8.8781%8 B.126052
1 8.472352 -8.958048  -0.848772
2 -8.0266839 -8.484397 -2.238541
3 B.634871 -8.684553 1.383747
4 -1.261182 1.968861 -B.362418



I. IIpocéyywon elbow

11ad¢ 1o ovvoliko abpoiouo tetpaywvav evrog tov Cluster ueimverar kobw¢ to k avéaverar otav ypnoiuoroisital o
aAyopiBuog k-means

In [18]: #Perform elbow method
# https://stackoverflow. com/questions/ 41548751/ sklearn-kmeans-equivalent-of-elbow-method
Ks = range(l, 18)
inertia = [KMeans(i).fit(X).inertia_ for i in Ks]

fig = plt.figure()

plt.plot(Ks, inertia, "-bo")

plt.xlabel( 'Number of clusters')

plt.ylabel( 'Inertia (within-cluster sum of squares)')

plt.show()
350 ~
300 1 Me Bdomn 1o d1bypappo TpoteiveTal
k=3, épa 3 clusters.
Inertia =07
(Aopdveln) 2001

150 ~

100 A

Inertia (within-cluster sum of squares)

50 7

1 2 3 4 5 5] 7 8 9
Number of clusters

17



Cluster centers

Peace index | Legal index GDP

High risk

1.23 —0.83 —1.08

Moderate -0.85 1.02 -0.24
risk
Low risk 0.23 -0.54 0.65
In [11]: #K means with k=3

k =3
kmeans = KMeans({n_clusters=k, random_state=1)
kmeans . Tit(X)

# print inertia & cluster center
print{"inertia for k=3 is", kmeans.inertia_)
print{"cluster centers: ", kmeans.cluster_centers_)

# take a quick look at the result
¥ = kmeans.labels_
print{“cluster labels: ", y)

inertia for k=3 is 161.1333871885255

cluster centers: |[[ 1.22586836 -8.83385981 -1.872342464]

[-8.85@97477 1.82149992 -8.23897931]
[ 8.238866256 -8.54845468 8.65586397]]

Inuemote OTL Ol LYNAEG TWEC Yoo Tov peace index

elval KOKEG evd ol LYMAEG TwéG yio. Tov legal risk
index etvan kodéc.

cluster labels: [2 282112 22122212218 12212118128221211

221222

211 2el1211
211@e811l1le2 221111
281111282

]

L I« I )

1122111ee12212218222:22
8282221118 121112228682%8
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I1. Mé&Booog silhouette

Number of clusters

Average silhouette score

0.351

0.356

0.337

0.344

0.348

0.360

0.315

O©| O] Nl o g ] W N

0.332

In [19]: # Silhouette Analysis
range n clusters=[2,3,4,5,6,7,8,9,18]
for n_clusters in range n clusters:

clusterer=KMeans(n_clusters=n_clusters, random_state=1)

cluster labels=clusterer.fit predict(X)
silhouette avg=silhouette score(X,cluster labels)
print("For n_clusters=", n_clusters,

For
For
For
For
For
For
For
For
For

"The average silhouette score is :"

n_clusters= 2
n_clusters= 3
n_clusters= 4
n_clusters= 5
n_clusters= 6
n_clusters= 7
n_clusters= 8
n_clusters= 9

The
The
The
The
The
The
The
The

average
average
average
average
average
average
average
average

silhouette score
silhouette score
silhouette score
silhouette score
silhouette score
silhouette score
silhouette_score
silhouette score

is @
is :
is :
is :
is :
is :
is :
is :
n_clusters= 18 The average silhouette score is :

mmEmEmEm D@ ®

,» silhouette avg)

.3580130523852161
.3558522334350506
.3372449289416129
.34438428977393375
.34875382122084605
.36@3542188723606
.3394017368968437
.3152647236603266
8.3898796538425687

Emiléyovpue 7 clusters emeidn ekel ueyiotomoteiton 10 péco silhouette score (Average silhouette score).
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Cluster centers
Peace index Legal index GDP
(High )1 0.21 0.53 -0.59
0.25 -0.53 1.35
-1.26 1.79 -0.53
1.85 -1.05 -0.15
0.71 -0.96 -3.44
0.05 -0.69 -0.02
(Low)7 -0.85 0.53 0.20

o O A WO DN

]: #K means with k=7
k =7
kmeans = KMeans(n_clusters=k, random_state=1)
kmeans . Fit{X)

# print cluster center
print("“cluster centers: ", kmeans.cluster_centers_)

# take o quick Look at the result
y = kmeans.labels_
print(“cluster labels: ", y)

cluster centers: [[ ©.20555845 @.52556914 -8.55243165]
.25388748 -9.52823312 1.34995125]
L20led4512 1.7919167 8.52568349]
LB4989234 -1.85242316 -8.14505581 ]
L7B529573 -@,958%4794 -3 .43893096 ]
@
a

rﬂ
=]

[ e I el B e M N W |
]
Wr o && &S e

[ R % 8
LS S
& W
& kaoun
=@
[T
W pa
LA

84538919 -0.685%2538 -8.81515842]

. 84739893 @.52736817 .19939546] ]
ter labels: [5541225B121556086332361365663215156120
14 2 a o 5] ]
5 1 51 2 2 1

]

[l

L

B
6

o @

2@ 2asl 3568615 31 35555
66 3 181 6 6865 2 6 55@5 3



Hierarchical Clustering



Hierarchical Clustering (Agglomerative)

« Zekivnote pe kde mopatnpnon wov Oempeital og Eva atouko cluster.
* 2uvovdoTe Ta OV o kovtiva clusters.

* 2uveEYIOTE £G OTOV OAEC Ol TOPUTNPNGELS EYOVV GLUVOVLUGTEL GE £va. EVIOLO
cluster.

The basic algorithm of Agglomerative is the following

« Compute the connectivity matrix .

« Let each data point be a cluster.

* Repeat: Merge the two closest clusters and update the
proximity matrix.

« Until only a single cluster remains

Agglomerative Hierarchical Clustering Technique

22



e T to pétpa eyyvtnrog tov clusters umopeite va coupovievteite 1o

AgglomerativeClustering documentation tn¢ Python
https://scikit-learn.org/stable/modules/qgenerated/sklearn.cluster.AgglomerativeClustering.html

linkage : {'ward’, ‘complete’, ‘average’, ‘single’}, default="ward’

Which linkage criterion to use. The linkage criterion determines which distance to use between sets of

observation. The algorithm will merge the pairs of cluster that minimize this criterion.

‘ward’ minimizes the variance of the clusters being merged.

'average’ uses the average of the distances of each observation of the two sets.

‘complete’ or ‘'maximum’ linkage uses the maximum distances between all observations of the two sets.
'single’ uses the minimum of the distances between all observations of the two sets.

23


https://scikit-learn.org/stable/modules/generated/sklearn.cluster.AgglomerativeClustering.html

Eopappoyn: Kivovvog yopos (0tav OAC T YOPUKTPLOTIKA YPNGLULOTOLOVVTUL

* Eopapuoyn tov Hierarchical Clustering pe fdon tn péon améctoocn
Avoite ta apyeia
Country _risk 2019 data.csv, 4.3 hierarchical_clustering_averagemethod.ipynb

* Eopapuoyn tov Hierarchical Clustering pe fdaon ™ pé@ooo Ward.

Avoilte Ta apyela
Country_risk 2019 data.csv, 4.4 hierarchical _clustering_wardmethod.ipynb

24



Principal Components Analysis (PCA)



Principal Components Analysis (PCA)

* Autn €lval o GAAN TPOGEYYIGT Y10 TN UEI®MSN TOV aplBuod TV HeTaPAnTov.

* To PCA avtika016td £vo GOVOAO N LETAPANTOV HE N TAPAYOVTEC ETGL WOTE:
* OOLONTTOTE TOPATPNON OTIS OPYIKES LETAPANTES Elvar EVOC YPOUUIKOS GUVOVOGLLOG
TOV N TOPAYOVIWOV.
* Oun map&yovteg €ivol aGVUVOETOL.
* H mocotnNta €vOG GLYKEKPILUEVOL TOPAYOVTIW GE L0 GLYKEKPLLEVT] TOPATPNoN €lvon O
factor score.
* H onuocio evOC GUYKEKPIULEVOL TOPAYOVTO LETPLETOL LLE TV TUTTIKY) OTTOKALGT] TNG

BaBbuoroyiog Tov Tapdyovio GTIC TOPATNPTGELC.

* H 10éa etvon va Bpodue peptkég HetafANTEC TOL AVTITPOGOTEVOVY EVA DYNAO

TOGOGTO TNG OLUKVULOVOTG OTIC TOPOTNPTGELS.



Eopappoyn: Kivoovog yopas (0tov 0A0 T YOPUKTNPLOTIKA Y PNGLUOTOLOVVTUL

Avoiéte to apyeio Country risk 2019 data.csv, 4.5 PCA example.ipynb

Factor Loadings

PC1 PC2 PC3 PC4
Corruption index - 0.602 —0.015 0.328 0.728
Peace index 0.524 0.201 0.825 0.065
Legal risk index -0.594 0.022 0.425 —0.683
GDP Growth rate 0.103 | —0.979 0.174 | —0.013

(9] array([[-0.60188457,
[-0.81512674,
[ 8.32824929,
[ 0.72784526,

8.52361257,
8. 20884677,
8.82530386,
8.86492034,

-8.50483386,
8.82192676,
8.42519536,

-8.68253313,

O npwtoc PCA factor £yel mepinov T1g id1eg otabuiceic otovg Corruption, Peace, Legal Risk indices.

0.10338576],
-9.97926051],
0.17374078),
-9.01320492]))
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In [18]: # Percentage of variation explained by successive eigenvectors/PCS
model.explained variance ratio .round(2)

out[18]: array([@.64, ©.25, ©.89, 0.81])

Out[11]: <BarContainer object of 4 artists>

EXPLAINED VARIAMCE ws PRINCIPAL COMPONENTS

s 8 &8 & 3

EXPLAINED VARIAMCE

fa
L]

(=]

15 2.0 2.5 3.0
PRINCIPAL COMPOMFNT MUMRFR

* O mpwtoc PCA factor eEnyel to 64% tnc daxduoveng.

* O devtepog PCA factor e&nyel 1o 25% ¢ dtakdpaveng.
* O tpitog PCA factor e&nyei 10 9% g dtoakvpavonc.

* O tétaprog PCA factor e&nyet 1o 1% ¢ daxduovong.

4.0
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