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Uvod

Credit scoring is a set of predictive models and their
underlying technigues that aid financial institutions in
granting credits. These techniques decide who will get a
credit, how much credit they should get, and what
further strategies will enhance the profi ab|I|ty of the
borrowers to the lenders. Credit scoring techniques
assess the risk in Iendlng to a particular consumer. While
it does not identify “good” or "bad” (negative behavior is
expected, e.g default) af)pllcatlons on an individual
basis, it prowdes statistical odds, or probablllty that an
Rpllcant with a given score turns to be " ‘good” or “bad”.

ese probabilities or scores, along with other business
considerations such as expected approval rates, profit,
chukrn and losses, are then used as basis for decision
making.



Uvod

While the history of credit stretches back 4000 years
(the first recorded instance of credit comes from ancient
Babylon -2000 BC), the history of credit scoring is only
50- 70 years old. The first approach to solving the
problem of identifying groups in a population was
Introduced in statistics by Fisher (1936). In 1941,
Durand (1941) was the first to recognize that these
techniques could be used to discriminate between good
and bad loans. The arrival of credit cards in the late
1960s and the growth in computing power caused huge
development and usage of the credit scoring techniques.
The event that ensured the complete acceptance of
credit scoring was the passage of the Equal Credlt
Opportunity Acts and its amendments in the U.S.
1975 and 1976. These outlawed discrimination in the
granting of credit unless the discrimination “was
empirically derived and statistically valid.”



Uvod

In the 1980s, Ioglstlc regression, the main
stalwart of todays scoring model aunders and
linear programming, were introduced. ‘More
recently, artificial intelllgence tecwnlctjes like
expert systems and neural netwo have
begun to be used. Furthermore, technlques like
nearest-neighbour, splines, wavelet smoothing,
kernel smoothing, Bayesian methods, regression
and classification trees, sup:)ort vector
machines, association rules cluster analysis,
seIf—organlzmg maps and genetlc algorithms are
involved as well.




Default -definice cilove prom.

Usually this definition is based on the client’s number of
days after the due date ( , DPD) and the

. We need to set some tolerance level
in case of the past due amount. It means what it is
considered as the debt and what is not. It may be that
the client gets into payment delay innocently (because
of technical imperfections of the system). It does not
make sense to regard as debt small amount (e.g. less
than 3€) past due as well. Furthermore, it is necessary
to determine the time horizon in which the previous two
characteristics are traced. For example, as a good is
marked client which:

Has less than 60 DPD (with tolerance 3€) in 6 months
form the first due date

Has less than 90 DPD (with tolerance 1€) ever



Default -definice cilove prom.

Choice of these parameters depends greatly on the type of financial
product (certainly will be different parameters for consumer loans for
small amounts with original maturities around one year and for
mortgages, which are typically connected to very large amounts and
with maturities up to several tens of years) and on further usage of
this definition (risk management, marketing, ...). Another practical
issue of the definition of good client is the accumulation of several
agreements. For example, it may be that the customer is overdue on
more contracts, but with different days past due and with different
amounts. In this case, all amounts past due connected to the client in
one particular point in time are usually added together and it is taken
the maximum value from days past due. This approach can be applied
only in some cases and especially in a situation where there is a
complete accounting data. The situation is considerably more complex
in case of aggregated data.



Default —definice cilove prom.

In connection with the definition of good client we can generally
talk about the following types of clients:

. The first two types were
discussed. The third type of client is on the border between good
and bad clients, and directly affects their definition. If we are
considering only DPD, clients with a high DPD (e.g. 90 +) are
typically identified as bad, clients who are not delinquent (their DPD
are equal to zero) are identified as good. As indeterminate are then
considered delinquent customers who have not exceeded given
threshold of DPD. The next t%pe is typically case of the clients with
the very short history, ich makes impossible the correct
definition of dependent variable (good / bad client). The excluded
clients are for example clients who have exited the system, or they
are so close to the point of no return that their classification is
indisputable. They are also marked as “hard bad”. The meaning of
rejected client is obvious.



Good/bad client definition

Customer

N

Accepted

Rejected

[Goop] ==

Default

1 (60 or 90 DPD)

Early default
(2-4 delayed payment, 60 DPD)

/
INDETERMINATE

.

Insufficient

Late default
5+ delayed payment, 60 DPD/




Klasicka regrese

Nastane default?

St. X Y
1 2.6 1
2 1.4 0
3 .65 1
4 4.1 1
5 .25 0
6 1.9 0

(0)




Pozadavky pro logistickou
regresy

Je nutne specifikovat:
Vystupni proménnou, ktera ma pouze dvé kategorie
(napt. 1=usp&ch; O=neuspecch).
Zpusob odhadu pravdépodobnosti P uspéchu.
Zpusob propojeni vystupni proménné s
vysvétlyjicimi proménnymiu.
Zpusob odhadu koeficientu a intervalu
spolehlivosti.

Zpusob posouzeni validity modelu.



Mereni pravdepodobnosti
uspechu

Pravdépodobnost je méfena pomoci Sance
uspéchu (udalosti).

Jestlize P je pravdépodobnost udalosti, pak
(1-P) je pravdépodobnost, Ze nenastane.

Sance udalosti=P / 1-P



Logisticka regrese

Simultanni efekt nezavislych (explanacnich)
promennych na sanci

Jestlize logaritmujeme obé strany
Log{P/1-P} = log e a+B1X1+B2X2+...+BpXp

Koeficienty B1, B2, Bp jsou takove, ze
minimalizuji funkci vérohodnosti.



Zavislost P na X

Logisticka kiivla

ea+bX
P — 1_|_ ea—l—bX
1
P = | 1 o (athX)

¥ promeénna



Vyhody logisticke regrese

Malo parametrll
Snadné pouziti i interpretace
Lze snadno zaclenit i diskrétni prediktory
Funguje dobre i na datech, ktera se pomérné znacneé lisi
od gaussovskych smeési
A predevsim vétSinou dobre funguje, pokud vénujeme
odpovidajici pozornost priprave dat
prakticka zkusSenost: ve Ctyrech pripadech z péti je logisticka

regrese na datech, ktera analyzuji, bud’ nejlepsi nebo zhruba
stejné dobra jako jiné metody.



Interpretace, rozdily proti OLS

Regresni koeficienty b: kladné znamenaji, ze proménna svym rlistem
zvysuje sanci zarazeni do skupiny kodovane cislem 1, a naopak
zaporné indikuji pokles teto sance

Casto se pouzivd exp(b): je to faktor, kterym se nasobi Sance
p/(1-p) pri jednotkovém narlstu x; a neménnych ostatnich x,

Pozor na rlizna meéritka, v nichz x. mohou byt mérena;

Misto F-testu celkové validity nyni mame chi-kvadratovy test pro totéz

Misto t-testu signifikance proménnych v modelu jsou Waldovy
statistiky; je to v podstate totéz a cteme to stejne

Misto R2 jsou jen pseudo-R?2



Multinomialni logisticka
regrese

Taktéz polytomicka regrese
Zavisle proménna ma M kategorii, vice nez dvé.
Napr.: kterou stranu respondent voli?
Zakladni idea:

Prohlasit jednu kategorii za referencni

Spocitat M-1 obycejnych logistickych model( pro
kazdou ze zbylych kategorii oproti referencni

A predikovat tu kategorii, kde vysla nejvetsi
pravdépodobnost pres vSechny modely

SPSS ma prikaz NOMREG



Budovani modelu

Forward

Backward

Stepwise

Enter

- zac€ina se s prazdnym modelem
- postupné pridavani proménnych

- zac€ina se s plnym modelem (vSechny
promenneé)
- postupné odebirani proménnych

- zac€ina se s prazdnym modelem
- postupné se pridavaji a odebiraji
promenné

- je predepsan seznam promennych v
modelu



Princip rozhodovacich
stromu

DIVIDE ET IMPERA !

Rozdél a panuj: vhodné
rozdélim zkoumané
objekty do skupin...

a v kazde skupiné opét
postupuji stejne
(rekurze)...

dokud nedojdu k malym
skupinkam, na néz staci
zcela jednoduchy model.




Historie metody

DIVIDE ET IMPERA je staré rimskeé prislovi, ale...

jeho pouziti v analyze dat ve smyslu rozhodovacich
stromU bylo navrzeno az roku 1959 W. A. Belsonem

W. A. Belson: britsky sociolog a metodolog, zabyval se
predevsim kriminalitou mladeze
Plvodni citace: William A. Belson: Matching and

Prediction on the Principle of Biological Classification,
Applied Stat., VIII:65-75, 1959.

Jiz predtim (minimalné od 30. let 20. stol.) se vsak statistici
zabyvali problemy kategorizace spojitych proménnych a
délenim populaci, ovsem v jiném kontextu (Yule, Fisher...)



Prvni pocitaCove implementovany
algoritmus se jmenoval AID
— vznikl roku 1963

Citace: James N. Morgan, John A.

Sonquist: Problems in the Analysis

of Survey Data, and a Proposal, Journal of the
American Statistical Association, 58:415-435, 1963.

AID byl zalozen na analyze rozptylu (sumy ctvercl) —
pomdicka pro pripravu ANOVA => zaklad statistického
sméru teorie rozh. stroml (CHAID, SEARCH aj.)



Historie metody (pokrac.)

Oznaceni ,rozhodovaci strom" (Decision Tree) je snad
z r. 1966 (Experiments in Induction — E. B. Hunt, J.
Marinova a P. J. Stone) => smér zakotveny v teorii
umelé inteligence.

Zde vysli z teorie informace — rozdéleni na podskupiny
ma prinést ,informacni zisk", snizit entropii
(implementovano napr. v dnes uzivanych algoritmech
ID3, C4.5 a C5).

Rozvoj aplikaci a uplatnéni i mimo oblast teoreticke
vedy prinesl nastup rychlych PC a rozvoj data miningu
(cca polovina 90. let 20. stoleti)



Proc se hovori o stromech?

Postupné déleni skupin zkoumanych pfipadt Ize
znazornit stromovym schématem

Koren — vétve — listy: terminologie teorie graft



http://www.elseware.fr/storm

Proc ,,rozhodovaci‘“?

Strom lze vyjadrit pomoci schémat jestlize - pak
Lze snadno aplikovat do rozhodovacich procest

Leaf
Classify the balsin /
the “blue™ category

Classify the badlsin

T es

the “red” category

Radius <a ? Tes

N Welght < b 7

oy Mo Classify the ballsin
fiGas the “blue” category




Co je lepsi: stromy,
regrese...?

Neexistuje obecné pravidlo, kdy volit jaky typ algoritmu — nejlepsi
byva vyzkouset jich nékolik

Neexistuji data vylozené vhodna pro jeden typ (a vylozené
nevhodna pro jiny)

Casto vak v praxi dosahnou véechny metody podobnou presnost
=> rozhodne interpretovatelnost, snadnost pouziti, stabilita
vysledkll, objem potrebnych vstupnich dat...



A 4

Co je lepsi? (pokrac.)

An Empirical Comparison of Decision Trees and Other
Classification Methods (Tjen-Sien Lim, Wei-Yin Loh,
Yu-Shan Shih, 1998) — srovnani 33 rliznych metod na
32 datovych mnozinach

Hlavni zavér: Primérné chybovosti vétsiny
klasifikator( se od sebe statisticky vyznamné nelisi.
Znacné rozdily jsou vSak ve vypocetnim cCase, ktery
jednotlivé klasifikatory spotrebuii.

Nejlepsi metody s prijatelnym ¢asem: polytomicka
logisticka regrese a rozhodovaci strom QUEST
© Nutno dodat, ze obé programovali autori clanku



Binarni nebo obecneé

stromy?

Binarni stromy Obecné stromy
Napr. CART, C5, Napr. CHAID,
QUEST Exhaustive CHAID
Z uzlu vzdy 2 vétve PocCet vétvi libovolny
Rychlejsi vypocet Interpretovatelnost

Clovékem je lepsi

(méne moznosti) _ .,
Strom je mensi

Je tfeba mit vice uzl{ _ N
Zpravidla logictejsi

Zpravidla presnejsi
e i => segmentace,
=> Data Mining, skory mrktg.



Klasicka prezentace:
dendrogram

Credit ranking (1=default)
1""""" NodeO |
| Category % n |
]_ Bad 52,01 168\3

@ Good 47,99 155
Total (100,00) 323 |

Paid Weekly/Monthly

Adj. P-value=0,0000, Chi-square=179,6665, df=1

Weekly pay

Category % n

Node 1

FBad

86,67 143]|

O Good

13,33 22

Total

(51,08) 165

I -

Social Class
Adj. P-value=0,0004, Chi-square=20,3674, df=2

Monthly salary

Node 2

Category % n

FBad

O Good

84,18 133

15,82 25]|

Total

(48,92) 158

I -

Age Categorical

Adj. P-value=0,0000, Chi-square=58,7255, df=1

Management;Professional Clerical;Skilled Manual Unsidlled YoungI (<25) Mddle (25-35);0Id ( > 35)
Node 3 Node 4 Node 5 Node 6 Node 7
Category % n Category % n Category % n Category % n Category % n
@ Bad 7111 32] B Bad 97,56__80]| 81,58 31]| @ Bad 48,98 24]| @ Bad 092 1
O Good 28,89 13 O Good 244 2 O Good 1842 7 O Good 51,02 25 m}ood 99,08 108||
Total (13,93) 45 Total (25,39) 82 Total (11,76) 38 Total (15,17) 49 Total (33,75) 109




Alternativni prezentace: box
chart

Vhodné pro maly pocCet pouzitych prediktoru (zde x a y)

| @@




Alternativni prezentace:
vysece

Snadno vidime podil
jednotlivych vetvi na
celém poctu pfipadu.

Barva znazornuje podil
hledane kategorie nebo
miru homogenity uzlu.

Méné vhodné, jde-li
nam o rozhodovaci
pravidla.




Alternativni prezentace:
text

Jednoduché, ale hure citelné a malo vyrazné

Group 1l: All Cases H=5235h, Mean(¥Y)=8513.02
Group 2 EDUCATION 1989 H, HO COLLEGE DEGREE H=4186, Mean(Y)=510.81
Group 10 MARRIED MEN N=2L13h, Mean(¥)=8512.h0
Group 12 EDUCATION 12 GRADES OR LESS H=1420, Mean(Y)=811.01%
Group 13 EDUCATION 13+ NO COLL DEGREE H=111h, Mean(Y)=514.45h
Group 14 AGE 18-34, N=703, Mean(¥Y)=512.58*
Group 15 AGE 3h+ H=412 Mean(Y)=8516.24
Group 18 CITY OF 2h,000+NEARBY, NH=287, Mean(Y)=817.83%*
Group 1% HO CITY OF 25,000+ HEARBY N=12h, Mean(¥Y)=8512.82%*
Group 11 SINGLE MAN OR WOMAN H=1651, Mean(¥Y)=858.55%
Group 3 COLLEGE GRAD OR MORE HN=1049, Mean(Y)=519. 48
Group 4 AGE 1B-29% H=374, Mean(¥Y)=8514.17%*
Group 5 AGE 30+ N=67h, Mean(¥Y)=522.00
Group & MABRRIED MEN N=h30, Mean(¥)=524.34
Group 8 AGE 30-392 H=329, Mean(Y)=820.77
Group 16 LIVING IN SAME STATE GREW UP N=174, Mean(Y)=816.86%
Group 17 LIYING IN DIFFERENT STATE HN=1h5, Mean(Y)=825h.30%
Group 9 AGE 40+ N=201, Mean(Y)=528.04%*
Group 7 SINGLE MEN, WOMEN NH=145, Mean(Y)=516.382LH%*

dle www.isr.umich.edu/src/smp/search/search _paper.html



http://www.isr.umich.edu/src/smp/search/search_paper.html

Algoritmus CHAID - uvod

CHi-squared Automatic Interaction Detector

Jeden z nejrozsirenéjSich rozhodovacich stromd v
komercni oblasti (vedle QUEST a C4.5 / C5)

Kass, Gordon V. (1980). An exploratory technique for
investigating large quantities of categorical data. Applied
Statistics, Vol. 29, pp. 119-127.

Zalozeno na autorove disertaci na University of Witwatersrand
(Jihoafricka rep.)

Predchldci: AID — Morgan a Sonquist, 1963; THAID — Morgan a
Messenger, 1973



Pripomenuti: Test
nezavislosti y?

Nezavislost testujeme na zakladé vyrazu

2
poyy )
T T &

Jsou-li x a y nezavislé, ma tento vyraz Pearsonovo chi-
kvadrat rozdéleni s df = (r—1)(s—1)

Test: plocha pod grafem ,nad" pozorovanou hodnotou
(~signifikance p) < a => zamitnu hypotézu nezavislosti x a
Y

Soucasné testovani vice hypotéz
=> nutno adjustovat a (Bonferroni)



Algoritmus CHAID: idea

Zacina se u celého souboru

Postupné vetveni / stépeni souboru (pfipustne je
rozdeleni na libovolny pocet vetvi vychazejicich z
jednoho uzlu)

Algoritmus je rekurzivni — kazdy uzel se déli podle
stejneho predpisu

Zastavi se, pokud neexistuje statisticky signifikantni
rozdeleni => vznika list

Obvykle je navic podminka minimalniho poctu pfipadt v uzlu
a/nebo v listu, prip. maximalni hloubky stromu

http://support.spss.com/ProductsExt/SPSS/Documentation/St
atistics/algorithms/14.0/TREE-CHAID. pdf



http://support.spss.com/ProductsExt/SPSS/Documentation/St

CHAID: postup v uziu

Pro vSechny prediktory
Vytvor kontingencni tabulku target x prediktor (rozmér k x /)

Pro vSechny dvojice hodnot prediktoru spocti chi-kvadratovy test
podtabulky (k x 2)

,Podobné&" (=ne signifikantné odlisné) dvojice postupné spojuj
(pocinaje nejnizSimi hodnotami chi-kvardratu) a prepocitavej vychozi
kontingencni tabulku. Zastav se, kdyz signifikance vsech zbylych
podtabulek je vyssi nez stanovena hodnota.

Zapamatuj si spojené kategorie a signifikanci chi-kvadratu vysledné
tabulky s redukovanou dimenzionalitou

ALl

Pokud jsou splnény podminky Stépeni, rozdel pripady v uzlu
podle jiz ,spojenych" kategorii



CHAID: zhodnoceni

Pokud je pocet kategorii prediktoru n, tak je
treba provadét jen radové n? testl

Kdyby se testovala vsechna mozna rozdéleni,
rostl by pocet testll exponencialné s rlstem n

CHAID tim Setri vypocetni Cas, ale zaroven neni

zaruceno, ze najde optimalni reseni uzlu (greedy
search v uzlu)

Ordinalni znak: Ize spojit jen sousedni kategorie

Spojity znak: nutna je kategorizace
Zde existuji lepsi i horSi implementace



Dalsi algoritmy

Existuji desitky pribuznych algoritmd,
casto navzajem dost podobnych

Zde pouze naznacime vlastnosti nékolika
z nich (Casto pouzivanych a/nebo
zajimavych)

CART

ID3 a C5

QUEST

TreeNet



CART /| C&RT

Classification And Regression Tree

Algoritmus je zalozen na pocitani miry diverzity (,,necCistoty")
uzlu: chci maximalizovat

div(matka) — (div(dcera A) + div(dcera B))

™~ konst.
s tim, Ze scitance vazime podilem pripadd v uzlech

Giniho mira diverzity (inspirace z ekonomie, kde se podobné
méri nerovnosti v distribuci majetku a prijmQ)

divgn = 1= 2 p?
p; jsou u nas relativni Cetnosti v uzlech



ID3, C4.5, CS5 (Seed)

Misto Giniho miry uzivaji entropii

di Ventrop - X Pi |n2 Pi

= stredni pocet bitu apotrebnych pro
zakodovani pripadu v daném uzlu
Binarni stromy

Zabudovany algoritmus pro zjednoduseni mnoziny
odvozenych pravidel — lepsi interpretovatelnost

Ross Quinlan: Induction of decision trees (1986); tyz:
C4.5: Programs for Machine Learning, (1993); tyz: C5.0
Decision Tree Software (1999)

http://www.rulequest.com/see5-info.html



http://www.rulequest.com/see5-info.html

QUEST

Quick, Unbiased and Efficient
Statistical Tree

Loh, W.-Y. and Shih, Y.-S. (1997),
Split selection methods for classification trees, Statistica
Sinica, vol. 7, pp. 815-840

Vybér stépici proménné na zakladé statistického testu
nezavislosti prediktor x target => mirné suboptimalni, ale
rychlé, navic vybér stépici proménné je nevychyleny

Jen nominalni target (=zavisle proménna)
Binarni strom, pruning
Pouziva se imputace chybéjicich hodnot



TreeNet

Friedman, J. H. (1999): Greedy Function Approximation: A
Gradient Boosting Machine, Technical report, Dept. of
Statistics, Stanford Univ.

Namisto jednoho velkého stromu ,les" malych

Vysledna predikce vznika vazenym souctem predikci
jednotlivych slozek

Analogie Taylorova rozvoje: rozvoj do stromd

Spatné interpretovatelné (¢erna skiinka), ale robustni a
presné; nizsi naroky na kvalitu a pripravu dat nez
neuronova sit’ nebo boosting béznych strom{

Komercni, www.salford-systems.com



http://www.salford-systems.com

Neural Networks

Based on observed functioning of human brain.
(Artificial Neural Networks (ANN)

Our view of neural networks is very simplistic.
We view a neural network (NN) from a
graphical viewpoint.

Alternatively, a NN may be viewed from the
perspective of matrices.

Used in pattern recognition, speech recognition,
computer vision, and classification.



Neural Network Example




NN Advantages

Learning
Easy parallelization

Solves many problems



NN Disadvantages

Difficult to understand
May suffer from overfitting
Input values must be numeric.

Verification difficult.



Mnohorozmerne postraseni

Primka délky 10 ma ,objem" 10. Reprezentativni vzorek ,husté" ji
pokryvajici mdze byt radové napr. 10 bodU

Ctverec se stranou 10 méa ,objem" 100 — p¥i stejné hustoté chci cca
100 bodU

Krychle s hranou 10 vSak vyzaduje 1000 bodd. Atd.

PROKLETI DIMENZIONALITY: &m vic dimenazi, tim vétsi objem
prostoru a tim 1) fidSi jsou nase data, a tedy 2) tim hrubsi a hiire
zobecnitelné jsou nase modely

Bohuzel sila prokleti roste s poctem dimenzi exponencialné.

Pro jednoduchy problém odhadu préiméru std. normalni distribuce s
presnosti + 10% urcil Silverman (1986) potrebny pocet n datovych bod{
pro rlizné dimenze d: d=1 => n=4; d=2 => n=19; d=3 => n=67, d=6
=> n=2790: d=10 => n=842 000
Reseni: redukce poctu dimenzi vynechanim téch méné vyznamnych
anebo projekce do prostoru s nizsi dimenzi (napr. PCA)



Preurceni - overfitting

Zejména (ale nejen) ridka data vedou k ,,preu(r)éeni™:
model nastavuje priliS noho parametrd, tim Iépe vystihne
data, ale je hlire extrapolovatelny / zobecnitelny na data
nova

Praktické prostredky:
kontrolovat konfidencni intervaly odhadd

testovat model na Cerstvych datech nepouzitych k nastaveni
parametrd

jackknife, bootstrap

Occamova britva (pluralitas non est ponenda sine
neccesitate); zde: modelovat co nejjednoduseji




Komplexita modelu a chyba
odhadu

, Data, na nichz| | Nova data —
Vhodny il jsme model schopnost
kompromis /. odvodili zobecnéni

5

M‘

Chyba odhadu

Komplexita modelu



Bootstrap

Zakladni postup metody (n pozorovani):
Generovani k (obvykle 20 a vice) nezavislych vybért n prvkd
z ptvodnich dat

Tyto vybéry z vybéru n pozorovani jsou vlastné pribliznou nahradou

za nezavislé vybéry z celé populace = idea metody
Na kazdém z k vybérli odhadneme model stejné jako na
plvodnim zakladnim vybéru
Populace k rliznych vysledk nam umozni odhadovat stabilitu
odhadovanych parametrd
Zobecnitelnost Ize odhadovat s pouzitim prvkd, které v daném
kole nebyly vybrany — OOB odhady (=out-of-bag), — tj. uzit je
jako testovaci mnoziny

Téchto OOB prvk{ je v priméru 36,8 % z pocCtu pozorovani



Zlepsovani kvality
predikce

Kombinace modeli — ,,vybor®, ,committee" — nékolik
nezavislych modell ,hlasuje® o vysledné predikci nebo se
predikce rlzné prliméruji apod. Zvlastni ¢asto uzivané
pripady jsou:
Nezavislé modely - snazime se o co nejpestrejsi slozeni
vyboru; napf. klasicka logisticka regrese + neuronova sit’ +
Bagging — bootstrapova agregace (L. Breiman, 1996) =
modeluje se na bootstrapovych vybérech, z modell se tvori vybor
Boosting (Y. Freund, R.E.Schapire, 1995). Tvofi se sled model(
na vazenych datech, které pak funguiji jako vybor. Vychozi vahy
jsou postupné pozménovany tak, aby ,chybové" pripady dostavaly
stale vétsSi vahu, a modely se je ucily spravné predikovat.



Sest dobrych rad Haira a kol.

Usiluj o praktickou i statistickou vyznamnost
Velikost vybéru podstatné ovlivni vysledek

Znej svoje data (a dobre si je priprav)

HIedej, ty prave vysvetlujici promeénné — ani vic,
ani méneé

Podivej se na sveé chyby (predikcni chyby)
Vysledky ovéruj (napr. resampling apod.)

Hair, J.E. a kol. (1998): Multivariate Data Analysis, 5th ed.,
Prentice Hall Int., Upper Saddle River, NJ, p. 22-24



