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Selective Ensemble Learning Algorithm Based on Hierarchical Selection and Dynamic Updating in Parallel
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Abstract In this paper,a selective ensemble learning algorithm was proposed based on hierarchical selection and dy-
namic updating, which can optimize the parameters of classifier with multi-thread technique and select the sub sequence
set of classifiers based on hierarchical selection and dynamical information. It can solve the problem in the past for choo-
sing classifier to ensemble learning inefficiently. In addition, divide-and-conquer strategy is employed to reduce the time
cost for ensemble voting. The big voting task can be divided recursively into small child task by dichotomy, then the

tasks are executed in parallel and it would conquer the voting result. Experimental results show that the selective algo-

rithm can outperform the traditional classification algorithms on F1-Measure and AUC,
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Input: parameter ¢, T, diversity K, threshold 8, avaliable classifiers
H={h;,hz,hs,*,hy}, probability p(x,)(r&1,++,n) and the

rate of classifers rate={rate, ,rate, ,rate;,***, rate, }
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Qutput: hr as the best sulution _

1. p(x,) =rate, get h* base on p(x,);
2, while i<0 do

3. get h" base on p (x.);

4. J(h) =g * p(x)+(1—¢) * K;;

5. compare J(h*) and J(h*);

6. accept h; as h* by Metropolis;

7. update p(x) in h*;

8. end while
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Input: avaliable classifiers H={h; ,hz ,h3,***,h,}, predict Data Dy and
threshold 8;

Qutput; result of D;

1. if Instance(Dyx)=26 then

2. Divide Dy into Dy and Dy 5

3. Dy—Dx and go to stepl;

4, D;—Dx and go to stpe2;

5. end if

6. get a set data D={Dy,Dz,**, Dy},

7. parallel predict D;

8. fori=1tondo

9. combine the result of D;

10. end for
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Liver, Ionosphere, Prima-diabetes #1 Adult $tiEE#E —
5318, Letter IBHE A Z 43K IR, ILH 26 MK F. B
FAXFEANFEZESRBEE TR _oEFE,
R 3t F 2K AN HEEE LETTER, # T AHIH 0—13 1
FRIEh 0255100 14—26 MIARICH 1 R iR — 28
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#1 LWHE UCIEES

No of attribute

Datasets No of classes No of instances

Liver 7 2 345

Ionosphere 34 2 351

Prima-diabetes 9 2 768
Letter 17 2 20000
Adult 15 2 32561
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2.1 BRHREERR AT R 6 RNEFHRERFESE Adult ERPEBRIEIR

AICRA 4 A TR ET 4 BRSNS E Method Performance metrics(/6)

N Acc F1 AUC MEAN
FHEE L RE S (4 N HSDU) B v e, IS 5 Bagging  85.17+0.0 - 78.48£0.0 90.1740.0 84.6140.0
(Acc) . F1 {E (F1-Measure) \AUC DI & 3 fh#Sin I E 4 AdaBoost  83.97+2.0 74.49+0.0 87.14+2.0 81.8741.3

e s RF 84,49:0.0 77.3340.0 87.98-0.0  83.27-0.0
(MEAN) . $0H7 F1 B 43 [E A SR (0 A1 2930 Ace SMO 84.9140.0 84.2040.0 75.3040.0 8L 47+0.0
FMF1EMNELINT . NaiveBayes  83.4320.0 74.8040.0 89.2140.0 82 48-20.0
TP+TN J48 86.2320.0 80.0040.0 89.160.0  85.1320.0
ACC:TP+TN+FP+TN €} HSDU 85.18+0.0 84.23+0.0 90,10+0.0 86.50%0.0
F1 =2 x brecision X recall (10 MELE 5 A RBE R LLE , 8 MR 7 288 Bagging,
precision+ recall AdaBoost, RF(Random Forest) B fER( R W& L EHE
precision=,IT’I_‘—|_1}—P an HCBANBESY K AR ELF . X F Liver S4B 4 , Bagging 4} K251
TP SR RRT M, KR B4R A HSDU &3k, HSDU
recall=Fp T EN (A2)  fE¥ESE lonosphere LG T BIFHIBR. Wikt F Prima-

- Kb, TP RIEXHE RN FERMBEERNEFP AREHEN
ERMBEERANELFN R IERHE N R BMBERNE, TN B
REHE R REKAFERNE ., AT NERERET T
10 K+ 22 X RAESHT . Bt i B SR B S RER
FEAESR EXFEBIFMEIRNER T £, 2% 64
15 B BB 4 Liver, Ionosphere, Prima-diabetes, Letter 4 &
AdultZEAR RT3 T M HEiRgs R .

R 2 ARFTEERIRSE Liver ERPERIEIR

Method

Performance metrics( %)

Acc F1 AUC MEAN
Bagging 69.97+£2.0 69.14+%3.2 73.54%1.7 70.88%2.3
AdaBoost 66, 09+0. 0 63.37%0.0 68.41+0.0 66.2310.0
RF 66.521+1.8 68.32+2.6 73.41£2.1 69.42+42.2
SMO 58,2342.0 37.45+£0.0 50.3540.0 48.68+0.6
NaiveBayes 55.36+0.0 54.99+0.0 64.014+0.0 58.12+0.0
J48 68.70+0.0 66.7740.0 66.50%0.0 67.3240.0
HSDU 69.69+0.5 69.22+0.5 72.53+1.3 70.48%40.8

# 3 AFEFBEAERIELE lonosphere + HIHEREIEAR
Performance metrics( %)

Method Acc Fl AUC MEAN
Bagging 91.5740.6 90.85+0.4 95.30+0.2 92,57+0.4
AdaBoost 90.881+0.0 89.56+2.0 94.4040.0 91.61+0.6
RF 92.54+0.8 91.994+0.7 96.94+0.2 93.821+0.5
SMO 88.601+2.0 86.95+0.0 85.354+0.0 86.30%0.6
NaiveBayes 82.621+0.0 81.86+0.0 93.4810.0 85.9710.0
J48 91.4540.0 90.46+0.0 89.2340.0 90, 38+0.0
HSDU 93.00%1.1 92,87*0.5 96.401+0.7 94.09%0.7

4 ARFEAEBESE Pima-diabetes | HIPERETESF

Performance metrics( %)

Method Acc Fl AUC MEAN
Bagging 75.941+0.8 72.2740.4 81.59+0.4 76,60%1.7
AdaBoost 74.35+0.0 70.58+0.0 80.08+0.0 75,00+0.0
RF 74.224+1.5 70.77+£1.0 78.69%1.5 74,56+1.3
SMO 77.344+0.0 73.1330.0 71.95%0.0 74.14+0.0
NaiveBayes 76.30*0.0 73.291+0.0 81.86%0.0 77.15%0.0
J48 73.83£0.0 70.81+0.0 75.14%+0.0 73.26%0.0
HSDU 75.63+1.1 74.6+0.42 81.00%+0,1 77.07£0.5

#5 FREHEEPIRE Letter EMHEEHIR
Performance metrics( %)

Method Acc Fl AUC MEAN
Bagging 94.814+0.0 94.73+0.0 98.99+0.0  96,18+40.0
AdaBoost 69.37+0.0 68.75+2.0 78.86+2.0 72.33+1.3
RF 96.00£0.0 96.0610.0 99.40+4.1 97.15+1.4
SMO 73.19+1.2 73.18%£0.0 73.21£0.0 73.19%0.0
NaiveBayes 70.65+0.0 70.65£0.0 79.84%0.0 73.71%0.0
J48 §2.9240.0 92.9240.0 94.23%0.0 93.36+0.0
HSDU 96.20+0.0 96.17%+0.0 99.36%0.0 97.22%0.0

diabetes $4E4E , 24 25 48 NaiveBayes B8 T £ iF 8 43K
R, RAAERBHIRERNIGBIEEFFRKAXER.
ST THARE Letter, & T AdaPRoost Fi:5h, EE KB M
BERARER TR 0288, T Adult #354, HSDU %
Acc, F1,MEAN #5845 A0 B R FH M4 2638, ATUAEH,
AR K HSDU M B £ BB AR TIEG 5y 2
B RN LSEHAEDENEREES.
2.2 SHEABBYMFIFTURLSH
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RS RBEARNNESE SN BBET RS LB
BEREEEENENE. MATTENGaER SR, HET
ERELBIITH LIRS B BNS O LrE . %
TRALBHSEMA ACETREBES K, SR ERY
MBEAE, KA ELBRIFATH T X &S HEH# T
gk, AT B % B KBRS S BUE.

LRRAMBIEENE 2—3% 6 Fil, LHAE Windows
MR 4525 L1, R 8 KRB BN RS LR BHNSEHRTHRIL.
7T T IHATASRARAMPITS BB R R 5
®.
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Method Sequential(s) Parallel(s) Reduce time(s)
Bupa 2,437 2. 165 0. 272
Tonosphere 2. 947 2.776 0.171
Prima-diab 3.536 3.168 0. 368
Letter 176. 881 142, 767 34,114
Adult 431. 417 349, 472 81. 945

AUES, B R ESRBIFTT UKD £ K E
RIS EC LT 18], 3 ELREE B8 58 /N3 , SR b AR
EmAE. FEET,EAILBHFTLSERIARBETS
R A B LI IR, 250 38 U ARAL B ] R X S B RO &
ST 18] B A B9 o T SR P 225 7 BT 28 O 6 DU s 6 B 0|
Gt [ELER S
2.3 ETFSREFNERBFBTHEIH

IR EA IR R B R R BT R B RN
FHBFAE S KD, R 0 B U R A KB IR R
EFHERAEN TS REHTETFES  BEEHEER
ZR. RSB THEMNEBELE ADULT BEER A
S RRE I RIEAME SR AR S R BT AT R BB RN
BATHTE], % 9 A T M RBEELSARH/M—BHHE
LT ARIR/NG ADULT 4R ER AR &I LG s
155 BRI L 0BT TRT 4551 .
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HEB BHREHRITHE A FRATHIE piiked
N (ms) (ms) (ms)
2 128. 4 116. 4 12.0

3 185. 6 134.4 51. 2

4 234.4 188.2 46. 2

b) 249.8 196. 8 53.0

6 383. 8 284.4 99. 4

7 405. 4 A 128. 2

RO BERER/NAR—RERTRIETT AT ] HLEL

BEE R AHATE 5% A2 HAT B IE] pit:d
PN (ms) (ms) (ms)
4000 160. 8 136. 6 24,2
8000 226. 2 183.4 42. 8
12000 288. 6 243.2 45.4
16000 303. 6 214.6 89.0
20000 339.4 248.4 91.0
24000 404. 2 275.0 129.2
28000 435. 8 297.6 138. 2

B 4 FTLAG R R 46 OF 1 SRS 7T LA 2800
DA R EIE AT ], I LR A S A 28R 1 2 A 2 21
BRGNS o o T A0SR A T A B, A )
RIABEE MBS, R, FTLAE 5 B i BEE
A SR 4 A A BTG SR FH 20 4 D SREWE BT Sk (4 B 1) o
HBCRUBOR AT B . B 5F o T RS O R 4 A
SRR AT LUA RO D SR B o AR TR R B 1T A ]

Instance number

@ Divide-and-conquer
O Reduce-Time
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Vote time(s)

B4 RADRE I IEG T8 4 U S A ] L

o N

Classifier Number

& Divide-andconquer
O Reduce-Time

N W e o
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B 5 SRAMEEIFREG T B i 5 B AR S e ] Ho e

GRE ASCRNET O RGNS TRk E
WE I, ZRERAEE SRR EAOMERMER T, #5
REBIERE—NZRHEBEL, 5 — 28 342 4 T 5
A BRI TR 75 Ay 214 I T 4 52 A () B X 224 7 40 B Ak A
AHABNEFMEERHAIT LR ER . B 2HEE L2
BYBERE b7 A B B R e 2 AR R A B Z R e 2 SR AT LA
BEI— LR R LR EE A FERES . 24
kA UCH BB EHATINR 25 R KRBT HSDU Ayt
EBAEAES T AR BB T RFMRCR. BREM T
RO HE S RS EE A TR o KRS, A SO
B RERRE T KA, £42  BhricRIE R4 E
— R TAE.
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