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e Stworzmy wiele zestawdw danych uczacych, na kazdym z nich
wytrenujmy model i zagregujmy rezultaty.

e Roéznorodnosé danych treningowych zmniejsza korelacje modeli.

e Niska (relatywnie) korelacja modeli jest obok sity
poszczegdlnych modeli sktadowych, gtéwnym czynnikiem
wptywajacym na koncowa jako$¢ zespotu modeli.

e Uwaga: inng motywacje stanowi techniczna potrzeba
samplowania danych strumieniowych.
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Bootstrap aggregating

e bootstrap aggregating — bagging
® D — zbiér treningowy, N — rozmiar zbioru

e Tworzymy m nowych zestawdéw treningowych D; losujac z
powtdrzeniami n’ obserwaciji.

e W klasycznej probie bootstrapowej n’=n.
e Subagging: n’<n.

e Cel: znalezienie kompromisu miedzy zréznicowaniem zbioréw
oraz iloscig unikalnych obserwacji uczacych w poszczegélnych
zbiorach.
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Liczba unikalnych elementéw (1)

e Prawdopodobienstwo nie wybrania danego elementu w zadnym
z N losowan:
(1)
1 — —
n

e Prawdopodobienstwo wybrania danego elementu przynajmnie;

raz:
1 n
- (1-1)
n

e QOczekiwana liczba unikalnych obserwac;ji:

s - (1-2)]
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Liczba unikalnych elementéw (2)

e \Wartosci oczekiwane dla wybranych n:
n=10: E(U) ~ 6.51
n = 100: E(U) ~ 63.40
n = 1000: E(U) ~ 632.30
n = 10000: E(U) ~ 6321.39

e Przyblizenie dla duzych n:

lim,, ... (l—T—ll)nze 1
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Procedura baggingu

Najbardziej znang realizacja baggingu jest las losowy (zbiér drzew
decyzyjnych uczonych na prébach bootstrap), ale w ogélnosci
moze by¢ stosowany do dowolnych algorytméw sktadowych.

Original Data

o0

Bootstrapping

| 19
o0
U 19

}
00000
00000
m Aggregating
]

|
00000
00000
]

[1]

Prébkowanie danych Stanistaw Kazmierczak



Zbiér Out-of-bag (OOB)

e OOB dla danego drzewa jest zbiorem obserwacji nie uzytych
do jego trenowania.

e Stuza one obliczenia tzw. OOB Error.

e Kazda obserwacja predykowana jest przez drzewa, do treningu
ktérych nie zostata uzyta (takich drzew jest ok. 36%).

e Finalna predykcja dla danej obserwacji realizowana jest przy
pomocy gtosowania wiekszosciowego powyzszych drzew.

e Dzieki temu nie potrzeba wydziela¢ dodatkowego zbioru
testowego/walidacyjnego.

e Spodziewamy sie, ze btad catego lasu losowego bedzie nie
wiekszy niz btad OOB.
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e W odréznieniu od baggingu, probki s3 losowane bez powtérzen.
e Mhniej probek uczacych, szybszy trening.

e Réznorodnos¢ ograniczona jedynie do podzbioréw unikalnych
obserwacji.

e Wyniki na zbiorach benchmarkowych nie faworyzuja baggingu
nad pastingiem (lub odwrotnie)

= Sj3 istotnie zaleznie od zbioréw danych i konfiguracji
eksperymentdw.
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Balanced bagging

e W kazdej prébce bootstrapowej klasy sa zréwnowazone.

e Exactly balanced bagging: pobierane s3 wszystkie dostepne
obserwacje klasy mniejszosciowej, undersampling klasy
wiekszosciowe;.

e Over-bagging: klasyczny bootstrap sampling dla klasy
wiekszosciowej i oversampling klasy mniejszo$ciowe;].

Balanced Bagging

r'/_ Criginal dataset ‘\. l/— Samples of \I

majority ~ New dataset
class

-

[ Child 1| | Child 2]

Root

N

[Chid 1] [Child 2]

@Omy class majority class l\ majority class minority C'?
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SMOTEBagging

e Algorytm

1. Dla wylosowanego punktu A (z klasy mniejszosciowe})
znajdz K najblizszych sasiadéw tej samej klasy.

2. Dla kazdego ze znalezionych sasiadéw (ozn. B) wygeneruj
obserwacje C na odcinku AB:

C=A+L:-(B—A)
gdzie A jest losowa wartoscig z przedziatu (0, 1).

e Stosuje sie modyfikacje, w ktérych tworzone obserwacje nie
musza naleze¢ do klasy mniejszoSciowe;.

e Mozna spotkac tez podejscie, w ktérym S
interpolacja nie zachodzi miedzy sasiadami “« ¥
tej samej klasy (efektem s3 smooth labels) "

3]
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Borderline-SMOTE Bagging (1)

Suppose that the whole training set 1s T, the minority class
1s P and the majority class 1s N, and

P= {Pl* P2seees ppmun ]' N = {HI L. ’“'*Hmr:mi}

where pnum and nnum are the number of minority and majority examples. The de-
tailed procedure of borderline-SMOTE] is as follows.

Step 1. For every p;(i =1,2,..., pnum) in the minority class P, we calculate its m near-
est neighbors from the whole training set T. The number of majority examples among
the m nearest neighbors is denoted bym' (0= m's m).

Step 2. I[fm'=m, i.e. all the m nearest neighbors of p; are majority examples, p;is

considered to be noise and is not operated in the following steps. {fm/2=m'sm,

namely the number of p, s majority nearest neighbors is larger than the number of its
minority ones, p;is considered to be easily misclassified and put into a set DANGER.
If0=m'<sm/2, p,is safe and needs not to participate in the follows steps.

Step 3. The examples in DANGER are the borderline data of the minority class P, and
we can see that DANGER — P. We set

DANGER ={p'.P's s P puuam }» O = dnum = pnum

For each example in DANGER, we calculate its k nearest neighbors from P .

8]
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Borderline-SMOTE Bagging (2)

Step 4. In this step, we generate sXdnum synthetic positive examples from the data
in DANGER, where s is an integer between I and k . For each p'; , we randomly select

s nearest neighbors from its k nearest neighbors in P. Firstly, we calculate the differ-
ences, dif_ ; (j=L2.....5) between p'; and its s nearest neighbors from P , then multi-

plydif; by a random numberr; (j=12,..,s) between 0 and 1, finally, s new syn-

thetic minority examples are generated between p'; and its nearest neighbors:
synthetic; = p';+r; Xdif;,  j=12,..s

We repeat the above procedure for each p'; in DANGER and can at-
tain s X dnum synthetic examples.
[8]

e Wersja Borderline-SMOTE2 uwzglednia réwniez sasiadéw klasy
przeciwnej.

e Nowa obserwacja generowana jest na odcinku taczacym klase
mniejszo$ciowa z s3siadem klasy przeciwnej w losowym miejscu
pomiedzy obserwacja klasy mniejszo$ciowej i potowa odcinka.
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ADASYN (1)

Probkowanie danych

[Algorithm - ADASYN]

Input
(1) Training data set Dy, with m samples {xj, p:}, i =
1.....m, where a; is an instance in the n dimensional feature

space X and y; € ¥ = {1, —1} is the class identity label asso-
ciated with a;. Define e, and my; as the number of minority
class examples and the number of majority class examples,
respectively. Therefore, m, < m; and m, + my = m.

Procedure
(1) Calculate the degree of class imbalance:

d = m,/m (1)

where d € (0, 1].
(2) If d < dyp, then (d;y, is a preset threshold for the maximum
tolerated degree of class imbalance ratio):

{a) Calculate the number of synthetic data examples that
need to be generated for the minority class:

G=(m—mg)=xj (2)

Where e [0, 1] is a parameter used to specify the desired
balance level after generation of the synthetic data. 5 = 1
means a fully balanced data set is created after the general-
ization process.

[4]
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ADASYN (2)

(b) For each example x; € minorityclass, find K nearest
neighbors based on the Euclidean distance in n dimensional
space, and calculate the ratio r; defined as:

ri=A0K, i=1,..m, (3

where A; is the number of examples in the K nearest

neighbors of x; that belong to the majority class, therefore
ri € [0, 1];

Mg
{c) Normalize r; according to r; = r;/ E ri, S0 that #; is
i=1

a density distribution [Z ; = 1)

{d) Calculate the number of synthetic data examples that
need to be generated for each minority example @;: Xi

gi=rixG (4)

i R -
t -
where (& is the total number of synthetic data examples that " - ‘

need to be generated for the minority class as defined in

Equation (2). S
{e) For each minority class data example z;, generate g ‘ ( ‘)
synthetic data examples according to the following steps: o
Do the Loop from 1 to g;: ‘ ‘
(i) Randomly choose one minority data example, @x.;,
from the K nearest neighbors for data ;. X_.
(ii) Generate the synthetic data example: -
8; = & + (E2q —&3) X A (3)

[6]

where (x.; — x;) is the difference vector in n dimensional
spaces, and X is a random number: A € [0, 1].

End Loop
[4]
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ADASYNBagging

Probkowanie danych

Al

gorithm 1 ADASYNBagging Algorithm

Input: Imbalanced Data, Dy batance. No. of Iterations: k, &
C4.5 as base classifier.

QOutput: Ensemble model, M™*

Method:

1
x
3
4:

5

i
T

: divide DITuBﬂ!nnr:n into D.‘l{njm‘ifg and D.‘lffnarih;
cfori=1tokdo

create  bootstrap  sample, D.,ppicdyajority  from
Disajority. While I yginori, remains untouched;
create Dﬁ:'-e:r—.'mrrl.pl'r:r.l'—mi:l:aﬂ!y from D.'l..f inority Uﬁ-iﬂg
ADASYN;

marge Dm'nr—.mmpl’e!d—minari!y with D.'mm]'.ll'-ud_.',n_fariiy
o get Dhu:ﬂu::nm!r!—m'ur—ﬂnm;ﬂr:r.l':

build a classifier, 1J; from Dbn!ml.cr:r.l'—m'nr—.'iu:m]'.lh:d:

end for

Classify a new instance, ¥y, using ensemble model, Af*:
Classify xp., by each M; € 17
Return the majority vote;

[7]
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RSYNBagging

e Gtéwna wada oversamplingu: duplikaty zwiekszajace
prawdopodobienstwo przeuczenia.

e Gtéwna wada undersamplingu: ryzyko utraty informacji.

e Koncept: potowa estymatoréw uczona z uzyciem ADASYN, a
potowa z uzyciem undersamplingu.

Algorithm 2 RSYNBagging Algorithm

Input: Imbalanced Data, I, batance. No. of Iterations: &, &
C4.5 as base classifier.
Output: Ensemble model, M™
Method:
1: divide Dmpatance into D.‘\Fﬂ_fur:’:y and D.ﬂirla:rl'!y:
> fori=1tokdo
% create bootstrap sample, Dopiedyajority  from

D_.};F_,-f,,..gy. while I'yyinoriz, remains untouched;
4 if i 1s odd then

5 create Durlrl’-e:r'—.mrn;.ll’f:r.f—mujrpritl_.l from
D.\mrn;.ll'r:r.f_uﬂjur:'tlj USiﬂg Random Under Sa.mplmg

f: marge Dundr:r—.-iumpﬂr'r!—rurjjm'lig,l with D,\hnor'liy o
get Dl’mlrzr|r:rd—undr:r—ﬂnmy!rd:

T build a classifier, M; from Dn'mI'rJne:r:d—1:r|r.fe:r—.¥r1mpfr:r.|"-

g else

create Dm'e:r—.'mrerfr:rI—:rul'rwrliy from D_-U:rlor'ity us-

ing ADASYN;

10 marge Du:'e:r—.'mrrlpl’r:r.f—minar':!y with D.-Urljar'n’.y o
get Dl’mlrzr|r:rd—fJ1'rr'—.'\cr1n=pf1:r.|’..-

11 build a classifier, M; from Dn'mI'rJ:lze:e:d—rﬂ'f:r—ﬂﬂmp!r\d:

122 end if

1% end for

Classify a new Instance, ., using ensemble model, Af*:
Classify x ., by each M; € M7
Return the majority vote;

Probkowanie danych
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Whyniki ilosciowe dla SMOTE-, ADASYN-, RSYNBagging

TABLE II: Average AUROC Comparison

Under | SMOTE | ADASYN | RSYN
Dataset . . . .
Bagging | Bagging | Bagging | Bagging
pageblocks-
e (.989 0.973 0.984 0.994
ecoli-(-3-
47w 5.6 | 0887 0.845 0.886 0.914
ngﬂ'g—“' 0.621 | 0547 | 0617 0.597
yeast-0-3-3-
70 vs, 3.6.8 | 0885 0.882 0.890 0.895
E‘:r‘:“;"'“' 0.893 0.881 0912 0.934
spambase 0015 [ 0011 0912 0.924
new-thyroidl | 0.077 0.985 0.083 0.082
ELT’Z“’ 15 1 o601 0.639 0.681 0.652
vehicle2 0057 0051 0057 0.962
pima 0,650 0.661 0.656 0.671
abalone 10 0776 0787 0,798 0753

[7]
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Roughly balanced bagging (1)

e Roéznicuje liczbe obserwacji klasy wiekszosciowe;j i
mniejszo$ciowej w poszczegdlnych samplach.

s Cho¢ usredniona liczba obserwacji po wszystkich samplach
jest taka sama.

e /wieksza to réznorodno$¢ modeli

e Negatywny rozktad dwumianowy modeluje
prawdopodobienstwo wystgpienia m porazek przed
wystapieniem N-tego sukcesu;  — prawdopodobienstwo sukcesu

0 3 6 9 12162024
Value of m

e Dla q=0.5, warto$¢ oczekiwana wynosi m.

p(m|n) = (m e l) qg" (1 —q)"

n

Probability
0. 00 0.04 0.08

Fig. 2 Distribution of the negative binomial distribution (g =
[8] 05.n = 10).
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Roughly balanced bagging (2)

e Inputs:
D is the training data set
L is the algorithm for base learners
K is the number of base learners
a; is an example drawn from the test set

e Build Roughly Balanced Bagging Model (D, L, K):
Divide D into a negative set D"9 and a positive set

Dpros
Set NP98 as the size of DP?¢ (i.e. | DP?%|)
Fork=1t0 K

Draw N,'“? from the negative binomial
distribution (3.1) with n = NP and ¢ = 0.5
Let D;“ be N;'“Y examples sampled
from D9 with or without replacement
Let D}”* be NP?% examples sampled
from DP°* with or without replacement
Build a base learner model f*(z) by L
based on D; Y U Dy
Combine all f*(a )lnto the aggregated model f4(x)

Return f4(x)
e Predict (f4(x), 1, y)
Calculate p? (y|z;) = & ZA L P (y|a;) for all y
Lety = argmamyec P’ (y| ri)
Return y

8]
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Roughly balanced bagging (3)

Table V. The experimental results on the benchmark data sets (taken from the UCI repository).

Data set Algorithm AUC MSE ISE F-measure G-mean Accuracy
Diabetes RB Bagging (K = 100) 83.5 0.162 0.0490* 69.2 76.2 76.3
RB Bagging wireplace (K = 100) 83.7 0.161 0.0487 70.4 772 775
Exact Balanced Bagging (K = 100) 82.7 0.173 0.0541 67.5 74.7 74.1
Original bagging (K = 100) 83.4 0.157 0.0513 63.8 71.2 76.4
C4.5 (pruned) 76.6 0.193 0.106 59.0 67.6 733
AdaBoost (K = 100) 79.6 0.244 0.239 63.7 714 75.1
AdaBoost (K = 200) 78.9 0.255 0.251 63.0 70.9 74.1
RIPPER (Optimize = 2) 69.5 0.193 0.0854 58.6 67.1 73.6
RIPPER (Optimize = 10) 71.2 0.188 0.0885 61.5 69.5 74.9
Breast RB Bagging (K = 100) 98.8 0.0359 0.0182 94.1 95.7 95.8
RB Bagging wireplace (K = 100) 98.7* 0.0358 0.0181 94.1 95.7 95.8
Exact Balanced Bagging (K = 100) 98.6 0.0413 0.0257 93.1 95.1 95.1
Original bagging (K = 100) 98.3 0.0374 0.0198* 93.7 95.4 95.6
C4.5 (pruned) 96.4 0.0467 0.0332 92.2 94.1 94.6
AdaBoost (K = 100) 98.3 0.0293 0.0288 95.7 97.0 97.0
AdaBoost (K = 200) 98.2 0.03017 0.0301 95.7 97.0 97.0
RIPPER (Optimize = 2) 92.7 0.0619 0.0525 89.6 91.5 93.0
RIPPER (Optimize = 10) 92.9 0.0574 0.0522 90.8 92.3 93.8
German RB Bagging (K = 100) 773 0.188 0.0431 77.7 70.1 71.1
RB Bagging w/replace (K = 100) 78.1 0.186 0.0415 773 69.9* 70.8
Exact Balanced Bagging (K = 100) 76.0 0.208 0.0566 71.8 67.9 65.9
Original bagging (K = 100) 76.9 0.173 0.0566 82.5 60.4 74.0
C4.5 (pruned) 66.2 0.227 0.146 80.2 56.3 70.8
AdaBoost (K = 100) 71.0 0.249 0.245 83.0 62.6 74.9*
AdaBoost (K = 200) 70.0 0.249 0.248 82.9* 634 75.0
RIPPER (Optimize = 2) 63.5 0.194 0.0723 81.5 58.4 72.6
RIPPER (Optimize = 10) 63.9 0.197 0.0758 80.6 599 71.8
E-Coli-4 RB Bagging (K = 100) 94.7 0.0877 0.0365 62.7 §9.3 87.5
RB Bagging wireplace (K = 100} 95.7 0.0871 0.0365 61.2 88.9 86.9
Exact Balanced Bagging (K = 100) 94.0 0.103 0.0516 58.5 88.3 85.7
Original bagging (K = 100) 94.3 0.0460 0.0215 65.3 74.1 93.8
C4.5 (pruned) 81.7 0.0523 0.0449 63.7* 69.5 94.4
AdaBoost (K = 100) 93.7 0.0680 0.0679 62.2 70.1 93.2
AdaBoost (K = 200) 933 0.0775 0.0756 55.4 65.7 92.0
RIPPER (Optimize = 2) 77.1 0.0619 0.0478 57.3 67.8 92.6
RIPPER (Optimize = 10) T8.8 0.0671 0.0513 61.6 747 91.7

8]
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