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Outline

appendix to the Modelling lectures :”:

multi-dimensional data — blessing and curse

how to reduce

0D E

how to exploit




Appendix to modelling 1&2



Empirical modelling

> we can describe a ,positive behavior”

> but data (almost) not labeled

» fraud, cheat, anomaly detection

Strategy:

» patterns of fraud (domain knowledge) — try to find in data

» what is impossible in fair case

— playing 24 hours nonstop
— winning 1st prize five times
— transporting 100 km in 10 minutes

» what's behind weird values in data




Empirical modelling

Model:
> score every anomality (e. g. Xi-EX; > 20 — 1 point)

» add scores

» look at the highest scored cases and consider:
> Are such cases suspicious?

» If so:
— sort cases by the score
— get labels for cases with top scores (or, even better, different scores)

Good model = detecting well, reasonable/plausible, sustainable




Blessing and curse
of multi-dimensional data



Multi-dimensional data
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Multi-dimensional data

many information in great detail, but...

)

)
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too much to use all

highly correlated (multicollinearity)

hard to find the real structure

hard to find errors

Id Q1 Q2 Q3 Q4 Q5 Q6
14056[agree |agree lagree |always |mostly |always
14057|disagree |not sure |disagree |mostly  |never mostly
14058|not sure |disagree |not sure |always |sometime|rarely
14059|agree |not sure [agree always [never mostly
14060[agree |agree lagree |mostly  |always |mostly
14061|not sure |disagree |not sure |rarely always |always
14062|disagree |not sure |disagree Imostly  |mostly  |always
14063|not sure [agree not sure [never always |always
14064jagree  |not sure [agree sometimejalways |never
14065|disagree |disagree |disagree |never mostly  [sometime
14066[not sure |not sure |not sure |always |always |never

in EX, data is usually sparse

d(p,q) = \/(Pl —q) +(p2— @)+ (Pn— @)’




Reducing the dimensionality

compression of information:

)

)

)

)

to discover main factors
to make features uncorrelated
to understand the world structure

to find anomalities
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Id Q1 Q2 Q3 Q4 Q5 Q6
14056[agree |agree lagree |always |mostly |always
14057|disagree |not sure |disagree |mostly  |never mostly
14058|not sure |disagree |not sure |always |sometime|rarely
14059|agree |not sure [agree always [never mostly
14060[agree |agree lagree |mostly  |always |mostly
14061|not sure |disagree |not sure |rarely always |always
14062|disagree |not sure |disagree Imostly  |mostly  |always
14063|not sure [agree not sure [never always |always
14064jagree  |not sure [agree sometimejalways |never
14065|disagree |disagree |disagree |never mostly  [sometime
14066[not sure |not sure |not sure |always |always |never




Methods
of dimensionality reduction



Dimensionality reduction — scoring

Information compression
linear: il
» PCA (principal component analysis) |
— U=XP 2
— Uq, U, ... U Uncorrelated, variance of u; maximized 0
» factor analysis
— linear projection of X to lower dim space (latent factors) ™ | |
— projection matrix = explanatory CFs -tz 027 4 6 & 10
nonlinear: Id|it1 it2 it3 it4 it5 |it6 [it7
» IRT (item-response theory) v x v V x IV |
. i 2v o x x |x |v |V |x
— columns of X binary or categorical v v v v v v I«
— estimation of ,ability score” av Ix Ix Ix v |x v
» submodel (supervised) — score Sx |x v v [x v |x




Dimensionality reduction — similarity

redistribution of points

. . UMAP
» linear methods (PCA) possible but often useless 0) —
. . . (<)
> nonlinear: long distances are unimportant oO-————+—°
— t-sne
A
- U MAP Tydenni vybéry UMAP Tydenni vybéry PCA > e
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umap[2]
peal2]
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Bankomaty o UMAP =
\

B <

>  UMAP* oO—+—"° T

— Projekce vektoru na varietu pfi zachovani lokalniho méfitka A ) 8:)

— Neéco jako PCA na steroidech 0

Tydenni vybéry UMAP

Priumérny poéet vybérii na bankomat a hodinu v tydnu

primérny poéet vybérl
0.00 015 030
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hodina v tydnu

umap{1]

*) Mclnnes, L, Healy, J, UMAP: Uniform Manifold Approximation and
Projection for Dimension Reduction, 2018




Transakcni data — bankomaty

Sidlo UMAP

* Praha * Brmo * Ostatni

- N )

Tydenni vybéry UMAP

i =7
s @ [-%
g o
— 5
o
N
s 3
N
»
T
2 0 2 4 T -




Transakcni data — bankomaty

umap(2]

Tydenni vybéry UMAP

umap(2]

Metro UMAP

* Metro

* NadraZzi * Ostatni




Transakcni data — bankomaty

umap(2]

Tydenni vybéry UMAP

umapi1]

umap|2]

Podil muzia UMAP
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Transakcni data — bankomaty

Medianovy vék UMAP
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Pitfalls

numerical vs. categorical variables

v

v

Incomparable scales

skewed distributions

'

bad distance metrics

v




Use
of dimensionality reduction



How to use the result of dim reduction

» score itself
» feature in model (risk, ability, 1Q etc.)
» ,world” description (see next example)

» clustering




Podil muzi UMAP

Transakcni data — bankomaty ‘
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bankomaty — fabriky s 3 sménnym provozem

Cluster 1 Primérny pocet vybérd za hodinu
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o] 24 48 72 96 120 144 168

nizni Ihoty hradbach unipetrol rpa klementa hyundai hyund objizdra jaselska

UMAP[2]
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CZ:MLADA BOLESLA:CS. VACLAVA KLEMENTA
CZLITVINOY:CS. UNIPETROL RPA
CZOTROKOVICE: KB ATM CBIZDNA 1628
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bankomaty — kravat’aci jdou na obed
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UMAP[1]

00 02 04 086
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mnkraci holandska kolejni ber sberbanks1as1306 mps churchilla hrebenech parku kave

CZ:PRAHA 4:C5. NA HREBEMECH 11 11
CZ:PRAHA 8.:C5. POBREZMI 665/21
CZ:Ceske Budejpv::CSOB 2118 C BUDEJOVIC
CZ:PRAHA 4::C5, NA PANKRAC] 16831
CZ:Praha:RE Hvezdova
CZ:PRAHA 2 - MPS:UNICREDIT - PRAHA 2
CZ:Praha 1::CSOB 1820 PRAHA A
CZ:Praha 4::MMB NA PANKRAC! 17241
CZ:Brno-Krakbwvo :CSOB 0882 BRNG
CZ:Praha 4::RECT Kavci hory
CZ:Praha:;:RE Prossk Point
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Bankomaty — patecni noc

Cluster 14 Primérny pocet vybérd za hodinu

=
<
T
O
4
o

00 02 04 05

o 24 48 72 296 120 144 168

ceb prague cross club s6cy0010 vin koblizra oberbank diouha sherbank

UMAP[2]

CZ:Brno::C ZEOD421
C Z:Ostrava: s ZE00236
CZ:PRAHA 1:.CZED0487
CZ:PRAHA 1:CS. DLOUHA 743/9
CZ:Praha 2::5BERBANK 7020 VIN.
CZ:Praha 1::CS0OB 1216 PRAHA 1
CZ:Praha 2:C7E00183
CZ:PRAHA 1. KE ATM DLOUHA 34
G Z:.Ceske Budepv: . OBERBAMEK 7507 CEB
CZ:BRMNC: KB ATM KOBLIZNA 2
CZ:Praha 1::5SBERBANK 7007 P1-VN
CZ:PRAHA 1:ATM SECY0010
T T T T CZ:Prague:;:ATM Cross club

-2
1

-4
1

UMAP[1]




Redukce dimenze

»  UMAP*

— Projekce vektoru na varietu pfi zachovani lokalniho méfitka

— Neéco jako PCA na steroidech

O Volebni okrsek

Velikost sidla, kraj

Pramérny vék, podil muzi %
NejvysSi dosazené vzdélani

Stafi obyvatel, religiozita

Nezaméstnanost, rozvodovost, ...

*) Mclnnes, L, Healy, J, UMAP: Uniform Manifold Approximation and Projection for Dimension Reduction, 2018

UMAP 2

10
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UMAP okrsku




Velka mésta

UMAP okrsku - velka mésta

»  Praha je hodné jina

® Prah
| e Crne
»  Brno je skoro Praha * Ostrava

— ale vlastné ne

10

UMAP 2




Velikost obce

Velikost obce

»  Hlavni délici linie
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»  Hlavni délici linie
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— viceméné osa X $ . 13%

R * 28%




Vzdeélani

podil lidi bez maturity

podil lidi s VS
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éti a seniofi

podil déti podil senioru
* 10% * 9%
° 13% ° 14%
© 14% © 16%
° 16% ° 18%
* 19% ® 25%




Rozvedeni a nezaméstnani

podil rozvedenych podil nezaméstnanych
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Jak dopadaiji volby CR

Zeman vs Drahos

-29%
-3%
11%
23%
43%

ANO vs SPOLU

PROFINIT

* -21%
* -8%
3%
* 11%
* 25%




Clustering methods

» grouping (global)
— k-means
— Gaussian (kernel)

» hierarchical (local)

— hclust
— DBSCAN
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Questions?




	Snímek 1: NDBI048 – Data Science Dimenzionality reduction, clustering
	Snímek 2: Where we are now
	Snímek 3: Outline
	Snímek 4: Appendix to modelling 1&2
	Snímek 5: Empirical modelling
	Snímek 6: Empirical modelling
	Snímek 7: Blessing and curse of multi-dimensional data
	Snímek 8: Multi-dimensional data
	Snímek 9: Multi-dimensional data
	Snímek 10: Reducing the dimensionality
	Snímek 11: Methods of dimensionality reduction
	Snímek 12: Dimensionality reduction – scoring
	Snímek 13: Dimensionality reduction – similarity
	Snímek 14: Bankomaty 
	Snímek 15: Transakční data – bankomaty 
	Snímek 16: Transakční data – bankomaty 
	Snímek 17: Transakční data – bankomaty 
	Snímek 18: Transakční data – bankomaty 
	Snímek 19: Pitfalls
	Snímek 20: Use of dimensionality reduction
	Snímek 21: How to use the result of dim reduction
	Snímek 22: Transakční data – bankomaty 
	Snímek 23: bankomaty – fabriky s 3 směnným provozem
	Snímek 24: bankomaty – kravaťáci jdou na oběd
	Snímek 25: Bankomaty – páteční noc
	Snímek 26: Redukce dimenze
	Snímek 27: Velká města
	Snímek 28: Velikost obce
	Snímek 29: Věřící
	Snímek 30: Vzdělání
	Snímek 31: Děti a senioři
	Snímek 32: Rozvedení a nezaměstnaní
	Snímek 33: Jak dopadají volby ČR
	Snímek 34: Clustering methods
	Snímek 35: Questions?

