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Estimation of the hyper-parameter in random forest based on
out-of-bag sample
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Abstract: Random forest (RF) is an effective decision tree ensemblfiade In order to achieve its best

performance, however, the optimal value of the hyper-patanin RF needs to be estimated by an appropriate
method. Under the condition that the computational cosbtsadditionally consumed, this paper proposes a
new approach to estimate the hyper-parameter based on tfd-bag sample. The experiments conducted

by some UCI real-world data sets show that RF with the hypeaipeter estimated by the proposed method
performs best in most cases.
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Table 1 The main characteristics of the used data sets
VG S HARE FHIESR R/ ESE itk HARE FHESR R/ ESE
Abalone 4177 10 3 Mfeatmor 2000 6 10
Australian 690 14 2 Pima 768 8 2
Autompg 398 6 2 Segmentation 2310 19 7
Balanve 625 3 Soybean 136 35 4
Bcs 286 9 2 Sonar 208 60 2
Biomed 194 5 2 Vehicle 846 18 4
Car 1728 21 4 \otes 435 16 2
Glass 214 10 7 Vowelc 990 12 11
Haberman 306 3 2 Wine 178 13 3
lonosphere 351 34 2 Wdbc 569 30 2
Iris 150 4 3 Wpbc 194 32 2
Imox 192 8 4 Yeast 1484 8 10
Liver 345 6 2

FZCART (il i Matlabd f¥)“Treefit” & £ SEBL), 7028 BB = 500. XN EIRAE, HT8A 2 Z44E
VRS I6 A W] A A, 3 LR I 34T A MU A VE SR Al THRE LR MR BVE iz A iR 22, FRR IR Z HEAT 10K, LA
T BRI IR AR o B BEAT BT 3 BT P A R BTN . 356 ) R AR

1) K EEIREME RN ER—BHBNMER Y = {2, 27, 2°};
2) WNFKRENEBEE =1,2,---,p), LT B BT
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NI AR ZEE oon 1 (K ) (FEJG SCHFR A out-of-bagR 2=, oob error) JAl B i C* FEAT I Dress 1
IR ZEE et 1 (K ) (RIH IR ZE, test error);

o AREEDMPHENRRE, {2, 2° {2, 22} R FEMN IS E, B LRP
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Fig. 1 The dependence of the classification error (test error arebGiiag error) of
random forest on the hyper-paramekér
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FEFR2, FRAKRIRAE BN B 58 Lk B fe AL 56 1R 22 0 KBNS I 1 45 2R [R] I, 38 SR B3 9
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Table 2 The means and standard deviations of test errors corresgptaddifferent values of<

Bt K 1 [log, (p) + 1] NA P

Abalone 34.69:0.3712) 37.110.31 35.12:0.53(4) e 34.90+0.58(3) 35.94:0.42(10) e
Autompg 10.93t0.902) 11.13t0.86 11.18:1.02(3) 10.93:0.902) 11.0G+0.89(6)
Australian 13.12£0.592) 13.510.40 13.18+0.41(4) 13.22:0.56(3) 13.44-0.78(14)
Balance 11.74£1.081) 11.74+1.08 14.18+0.97(3) e 13.10:0.83(2) e 14.90+0.98(4) e
Bcs 25.80+1.261) 25.80t+1.26 27.9H1.61(4) e 27.62:1.36(3) e 28.81+1.39(9) e
Biomed 11.30:£0.901) 11.30+0.90 11.5141.01(3) 12.140.85(2) o 11.25+1.10(5)
Car 3.85+0.31(15) 29.98:0.15 4.88+0.36(5) e 5.84+0.45(4) e 4.04:0.35(21)
Glass 24.42+0.5710) 31.12t1.06 24.74+0.40(4) 24.920.74(3) 24.424-0.5710)
Haberman 27.19-0.9711) 27.19+0.97 28.92-2.59(2) e 27.19+0.97(1) 29.7741.58(3) e
lonosphere 7.580.83(9) 8.12-0.45 7.21+0.66(6) 7.21+0.5Q(5) 8.35-0.72(34) e
Iris 4.70+1.1%(2) 5.29-0.84 4.83:1.11(3) 4.70+1.11(2) 4.82+1.06(4)
Imox 5.78+0.90(3) 6.15-0.88 5.89:0.98(4) 5.42+1.052) 6.56+1.28(8)
Liver 27.05£2.05(1) 27.05:2.05 27.6@1.75(3) 26.972.202) 28.511.42(6) e
Mfeatmor 28.65+0.543) 30.38t0.41 28.65+0.543) 28.89+0.38(2) 29.26-0.61(6) e
Pima 23.89+1.0592) 24.4Gt0.70 23.97-0.84(4) 23.89+1.052) 24.410.92(8)
Segmentation 2.54+0.2Q(6) 4.53+0.24 2.55+0.20(5) 2.51+0.174) 3.13:0.13(19) e
Soybean 11.00£1.21(5) 14.30Gt2.58 11.29+1.23(6) 11.00£1.21(5) 15.65+2.38(35) e
Sonar 18.85+1.583) 19.611.33 19.04-1.36(6) 19.19-2.23(7) 22.032.27(60) e
Vehicle 25.5@-1.21(6) 26.581.08 25.12+-1.145) 25.25+1.144) 26.12+1.38(18)
\otes 4.32+0.266) 7.29+0.29 4.32+0.30(5) 4.46-0.31(4) 4.550.76(16)
Vowelc 7.01+0.862) 10.59+1.31 7.91+0.82(4) e 7.30+0.82(3) 13.28:0.74(12) e
Wine 1.52+0.451) 1.52+0.45 2.48+0.54(4) e 2.04-0.55(3) e 5.14+1.94(13) e
Wdbc 4.59%0.66(10) 4.590.56 4.53+0.555) 4.53+0.555) 5.04+0.78(30)
Wpbc 23.45+0.3711) 23.45t0.37 24.44+0.86(6) e 24.28+0.90(5) e 26.45t1.72(32) e
Yeast 38.06+0.752) 41.410.53 38.86+-0.86(4) e 38.06+0.753) 39.87A41.05(8) e
Win/Tie/Loss 12/13/0 9/16/0 6/19/0 14/11/0

T B G —ATE B T A 9545 L “Win/Tie/Loss"4i i+ B I 45 B, Hh =AM r o ml R s K> X
MR BERT . ZAAEEMEZEZETHMKEN NS RMEIEE S UKEUEAp B R
25 RN B2 B Ja —51), “14111/0" R 7™ AE FT %6 2 25N Hida 4 7, A F AR SCHR HE 1 7 1k BT 48 BR P K {45
BEALAR PRSI 0 0 R RAE LA SR L EE R TK = p WHISCR, Wikl ik 2 MR E LN SR &
FERAEBFEER, MAK = p NHNRREERBREBE ML LEERTARH M A E. A
Fe2rp RIS 45 AT LLE H, KOS K P AR 6 R 25 7E 22 B 4R (194Y) Bf 2 B/, HAEEME AT,
HERMAREZETKNHLMEBUE. 120 dE4E L, K BE R T RBENER LM S HEER
iR, TR RN EARE b, W 52 5 A B X T 53 AP I EUE | log, (p) + 1)1 /D),
F F out-of-bagh 1% B BX I K 4> MIAEON RISt 4 L B EM T HAN SR, UK = pit, FEYLARKE L
Bt &Baggindd ik, ik, MR21 B G W51 AT LLE SR K™ FIBENLAR MR BVE7EL40 S48 4R A0 B 2R
TF-Baggind i 114> R
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