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

performance, however, the optimal value of the hyper-parameter in RF needs to be estimated by an appropriate

method. Under the condition that the computational cost is not additionally consumed, this paper proposes a

new approach to estimate the hyper-parameter based on the out-of-bag sample. The experiments conducted

by some UCI real-world data sets show that RF with the hyper-parameter estimated by the proposed method

performs best in most cases.
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ü�'�Ï� [4],=ÄÆSÅ�ýÿ(JA¦�U/°(�Ø��.��/,O(5Úõ�5�mk��ò

¥,ØÓ�8¤ÆS�{ [5]Ì�´3)¤ÄÆSÅ�XÛ�Ð/��ùüö�m�ò¥�3�É.

�ÅÜ� [6](random forest, RF)�{´Breimanu2001cJÑ��«{ü�k��8¤ÆSEâ. 8c,

�ÅÜ��{®�¤õA^uó§!)Ô�ÆÚ&E�Æ�¯õ+�¥. ~X,_Ló� [7]ò�ÅÜ��

{^uõÌ^��ã��©�,�¯� [8]|^�ÅÜ��{é��x�a.?1ýÿ, B?u� [9]é�Å

Ü��{?1
U?,¿^ÙéÅ���æ?1�ä, Genuer� [10]K^Ù?1CþÀJ,±é�©a½£

8¯K¥�­��)ºCþ.

RF�Ì�g�´l�½�êâ8¥�ÅÄ�Bootstrap�� [11],|^z�Bootstrap���ï��©a

ä [12]. Ù¥3�ï©aä�, éuz�©�(:, �ÅÜ��{ÄklA�8¥�ÅÄ�K(�{��ë

ê)�A�,2�â¦&EOÃ'�����OKl¥À����`A���©�Cþ. �âÚOÆSn

Ø, Bootstrap���±�w�´��êâ85g�Ó�oN©Ù, Ï
�±�yz�©aä�O(5; 
Ä

�Bootstrap����Å5!©aä�Ø­½5±93z�©�(:?ÏL�ÅÄ�K�A�¤\\��Å

5K�±�y¤)¤�©aä�m�õ�5.

Breiman[6]Q�Ñ�ÅÜ��{¥�ëêK���é�ª�ï�8¤ÆSÅ�5Uk��K�, ¿ï

ÆòK����1½⌊log2(p) + 1⌋, p´¯k�½�êâ8¥�¹�A��ê, ⌊A⌋L«�uA����ê. �

�,ïÄö�3A^L§¥,�õÑ´æ^éuª��{é�ÅÜ��{¥��ëêK?1¯k�½. 3©

z[7−8,10]¥,-K = ⌊√p⌋?1
Á�, Panov� [13]Ké�ëêKæ^⌊log2(p) + 1⌋Ú⌊√p⌋?1
Á�. ©

z[14]é�ÅÜ��{¥��ëêéÙ5U�K�?1
ïÄ¿�Ñ, �ëêK��`�����6uä

N�¯K,�|^DÚ�éuª�{¤À��K ¿ØU¦T�{�ýÿ5U���`. Ø
éuª�{�

	,��±^�y8½ö��(@{éK��`��?1ÀJ, �cöI��	�êâ,
�öK¬��O

\O�¤^.

�©ÏLé�ÅÜ��{¥�ëêK��`���{?1ïÄ,JÑ
�«Äuout-of-bag�� [15]�

�O�{,T�{U�Ñæ^�y8½��(@{À���":,¿UÀ��K �Cq�`�.�ýÁ��

(JL²,|^©¥JÑ��{¤À���ëê3õê�¹eÑU¦�ÅÜ��ýÿ5U���`�J.

2 ���ÅÅÅÜÜÜ������{{{

�
Qã�Bå�,3dkÚ\�
PÒ.b½L = {(xi, yi)}N
i=1��½���Ôöêâ8,éuÔö

�N(xi, yi),ÙÑ\A�xi = (xi1, xi2, · · · , xip) ∈ R
p ,aI\yi ∈ φi = {1, 2, · · · , J} (J�a�oê), |

^S = {X1,X2, · · · ,Xp}L«p�A�|¤�A�8. �ÅÜ��{�Ì�Ú½Xe.

• ÑÑÑ\\\: Ôö8L ;©aä�{C ;©aäoêB;�ëêK.

• ÔÔÔööö���ããã Forb = 1, 2, · · · , B

– lÔö8L¥?1Ngk�£�ÅÄ�, ����#�Ôöêâ8(=Bootstrap��)Lb =

{x(b)
i , y

(b)
i )}N

i=1;

– òLb��©aä�{C�Ñ\ÔöÑ©aäCb .Ù¥,3©aä�z�©�(:?,klp�A�

¥�ÅÀ�K�,2ÏL¦&EOÃ'������KÀJ���`�A���©�Cþ.

EndFor

• ýýýÿÿÿ���ããã
éu��#�êâ:x,æ^{üõêÝ¦�Ü¿OKýÿÙaI\�

C∗(x) = arg max
16j6J

B
∑

b=1

I(Cb(x) = j) (1)
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Ù¥I(A)´��1½0«5¼ê,=�A�ý�,���1;ÄK���0.

���Ñ�´,�ÅÜ��{�Bagging�{[16−17]���«O3u|^z�Bootstrap���ï©aä

�L§. 3©aä�z�©�(:?, Bagging�{´l¤k�p�A�¥ÀJ�`�©�Cþ, 
�ÅÜ�

�{KÏL�ëêK3Ù¥\\
�	��Å5, ?
O\
©aä�m�õ�5. �K = p�,ùü��

{´�Ó�.

3 Äuout-of-bag����ÅÜ��{��ëê�O

�
¦�ÅÜ��{�ýÿ�J���`, Ù�ëêK��I�æ^,«�{?1(½. éuT¯

K,¦+8c®²k�
)û�{[6,13−14] ,�ù
�{�õ´ÏLéuª��{éK��?1À�, Á�

(JL²§��ª¿ØU¦��ÅÜ��{��zUå���`. d	,¦+æ^��(@{�±À��

�K��`�,�ÙO�¤^  ��,ùéu�5��êâ8�´��J±k�)û�¯K.

5¿�3Bootstrap�ÅÄ�¥, Bootstrap���U�¹�êâ8¥��63.2%��N, Breiman[15]ò@


vk3Bootstrap��¥Ñy��N|¤�8Ü¡�out-of-bag��, ¿�Ñ�±^§5Uõa�Ý�O

�. 8c, out-of-bag��®²38¤ÆS�ïÄ¥��
2�A^, XBylander[18]|^out-of-bag��5�

OBagging�{3�©aêâ8þ��zØ�; Hothorn� [19]òout-of-bag��^u3�ïz�Ä©aì�,

O��	�Ñ\A�; Martı́nez-Muñoz� [20]K|^out-of-bag��5�O3Bagging�{¥, Bootstrap���

�Ôö8���Nþ��`'~,±¦�¤�ï�Bagging8¤���`�©a�J.

3dJÑ�«|^out-of-bag���O�ÅÜ��{¥�ëêK�`����{, Ù`:´ØI��	

/O\O�þ. T�{�äNÚ½£ãXe.

ÑÑÑ\\\: Ôö8L ;©aä�{C ;©aäoêB.

ÑÑÑÑÑÑ: �ëêK��`��K∗ .

�{�Ì�Ú½Xe.

• ForK = 1, 2, · · · , p

– -DL«����0�N × B�Ý
,=DN×B = 0;

– Forb = 1, 2, · · · , B

1. lÔö8L¥�ÅÄ�Bootstrap��Lb = {(x(b)
i , y

(b)
i )}N

i=1;

2. éL¥�z��N(xi, yi)(i = 1, 2, · · · , N),-

Dib =

{

1, (xi, yi) /∈ Lb;

0, (xi, yi) ∈ Lb;
(2)

3. ò�A�K�ÚBootstrap��Lb��©aä�{C�Ñ\,ÔöÑ©aäCb.

– EndFor

– éu�N(xi, yi)(i = 1, 2, · · · , N),ÏéØ�¹§�Bootstrap��,-ViL«ù
Bootstrap���

?Ò|¤�8Ü,=Vi = {b : Dib = 1}. ,�,|^©aä8ÜCb∈Vi
éxi?1ýÿ,-©aä8

¤C∗éÙýÿ�aI\�y∗

i = arg max
16j6J

∑

b∈Vi

I(Cb(xi) = j);

– �O�ÅÜ��{��zØ��ε(K) = (1/N)
N
∑

i=1

I(yi 6= y∗

i ).

• EndFor

• �O�ëêK��`��K∗= arg min
16K6p

ε(K).

þã�{�Ì�g�´éK�z��U��, Äuout-of-bag���OÙéA��zØ�, K���z

Ø�éA�K�=´�ª�À���`�.3|^out-of-bag�O�zØ��L§¥,éÔö8L¥�z�
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�N(xi, yi),�æ^ÄuØ�¹§�Bootstrap��¤Ôö�©aäCb∈Vi
éÙ?1ýÿ,2|^{üõêÝ

¦��{�OÙaI\y∗

i . ���Ñ�´, Äuout-of-bag���OÑ��zØ�ε(K)´Ã �, ¦+§�

´ÄuÔö8LO��. ��þ,^u�O�zØ���N¿��^5Ôö©aä8¤,�ØL¿©|^


Ôö8¤Jø�&E.

3¢SA^¥,��k��êâ8�^, 
§7L�Ó�^5ÆS©aìÚÀJ�`ëê�, ��(@

{´<�~^��{. ¦+æ^��(@{�±��-<÷¿�(J, �§�O�¤^  �p. b½Ôö

��Ä©aä�O�¤^�f ,
Vò��(@{�^5À�K��`�,KI�Ñ¤V × (p × B × f)â�

±��K∗. 
éuþã#JÑ��{,�Ip × B × fÒ�±��aq(J,�ÙO�¤^�´��(@{

�1/V .�?n�´�5�êâ8½öæ^�©aä�{'�E,�,!��O�¤^ò´�~�*�.

4 Á�ïÄ

3�!¥,æ^25�UCI¢Sêâ8 [21]?1Á�5�yþ!¥¤JÑ�{�k�5. L1�Ñ
Á�ê

â8�Ì�A�(êâ8���Nþ!Ñ\A��êÚa�oê), ù
êâ8®²�õgA^uu�Ú

'�8¤©a�{�©a�J. e¡�Á�´æ^Matlab 7.7?1�,3Á�L§¥, ©aä�{Cæ^�

LLL1Á�êâ8�Ì�A�

Table 1 The main characteristics of the used data sets

êâ8 ��Nþ A�8�� aoê êâ8 ��Nþ A�8�� aoê

Abalone 4 177 10 3 Mfeat mor 2 000 6 10

Australian 690 14 2 Pima 768 8 2

Autompg 398 6 2 Segmentation 2 310 19 7

Balanve 625 4 3 Soybean 136 35 4

Bcs 286 9 2 Sonar 208 60 2

Biomed 194 5 2 Vehicle 846 18 4

Car 1 728 21 4 Votes 435 16 2

Glass 214 10 7 Vowelc 990 12 11

Haberman 306 3 2 Wine 178 13 3

Ionosphere 351 34 2 Wdbc 569 30 2

Iris 150 4 3 Wpbc 194 32 2

Imox 192 8 4 Yeast 1 484 8 10

Liver 345 6 2

´CART (ÏLMatlab¥�“Treefit”¼ê¢y),©aäoêB = 500. éz�êâ8,duvküÕ�Ôö8

Úu�8�ø¦^,ùpæ^3ò��(@{5�O�ÅÜ��{��zØ�, ¿òÁ�­E?110g,±

�ØÁ�L§¥éêâ?1�Åy©¤�)��Å�A.Á��äNL§Xe.

1) ò�½êâ8�Å©¤��Ä����3�8ÜD = {D1,D2,D3};

2) éuK�z���(K = 1, 2, · · · , p),U±eÚ½?1.

• òÙ¥��8ÜD1^�u�8Dtest,,	ü�8ÜÜ¿3�å^�Ôö8Dtrain = {D2,D3};

• A^�ÅÜ��{uDtrainþÔö©aä8¤C∗,Uì13!¥��{æ^out-of-bag���O�

A��zØ�εoob,1(K)(3�©¥¡�out-of-bagØ�, oob error),Ó��O�C∗3u�8Dtestþ

�Ø�εtest,1(K)(u�Ø�, test error);

• ©O^8ÜD2ÚD3��u�8, 
{D1,D3}Ú{D1,D2} ©O^��A�Ôö8, ­EþãÚ

½,O�Ñout-of-bagØ�εoob,2(K), εoob,3(K)Úu�Ø�εtest,2(K), εtest,3(K).

• ò���out-of-bagØ�Úu�Ø�?1²þ,��
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εoob(K) =
1

3

3
∑

i=1

εoob,i(K), εtest(K) =
1

3

3
∑

i=1

εtest,i(K)

3) òþãÚ½1)Ú2)­E?110g,éÁ�(J?1²þ.

ã1¥�Ñ
3Glass, Votes, WineÚYeastêâ8þ,�ÅÜ��{�²þØ�(�)out-of-bagØ�Úu�Ø

�)�Ù�ëêK�Czª³ã"3Ù¦êâ8þ�Á�(JÄ�aq, du�©�Ì���,3d��Ñ.

3ã1�z�fã¥, î�IL«�ÅÜ��{¥�ëêK �ØÓ��§p�IL«|^10g3ò��(@

{�O��ÅÜ��{3�A�êâ8þ�©aØ�,�)u�Ø�(ã¥�¢�)Úout-of-bagØ�(ã¥�

J�).
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Fig. 1 The dependence of the classification error (test error and Out-of-bag error) of

random forest on the hyper-parameterK

lã1¥�±wÑ,Äuout-of-bag���O�Ø��u�Ø�´Ä�¬Ü�,ü�Ø��XK ��Cz

�ª³����Ó,ù`²æ^out-of-bagØ�5�O�ëêK��`��´�1�.

u´, 3z�êâ8þ,À�¦out-of-bagØ������éA�K∗��ëêK��`�,òK∗ éA

�u�Ø��Ù¦©z[6,13–14]¥~^�K�¤éA�u�Ø�?1'�. duK����U��ê, �

éK�,
��?1
��$�, Ù¥, ⌊A⌋L«�uA����ê. L2�Ñ
3z�êâ8þ, �ÅÜ�

�{æ^ØÓK�¤���u�Ø�310gÁ�¥�þ��IO�.

3L2¥, çNL«3z�êâ8þ����u�Ø��K�éA�(J. Ó�, �æ^ü>�¤

étu��{ [5]u�
K∗éA�Á�(J´ÄwÍ/`uK �Ù¦��¤��(J. éuz�êâ8, L

¥�“•”L«3wÍ5Y²α = 0.05�, K∗�Á�(JwÍ/`u�AK��Á�(J, �xKL«K∗

�K��(J�m�O¿ØwÍ.L¥çNL«z�êâ8þ��`ýÿ(J,�)Ò¥�êiL«�ë

êK�A�{3Á�¥�¢S��.
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LLL2ëêK�ØÓ��¤éA�u�Ø��þ��IO�

Table 2The means and standard deviations of test errors corresponding to different values ofK

êâ8 K∗ 1 ⌊log2(p) + 1⌋ ⌊√p⌋ p

Abalone 34.69±0.37(2) 37.11±0.31 • 35.12±0.53(4) • 34.90±0.58(3) 35.94±0.42(10) •
Autompg 10.93±0.90(2) 11.13±0.86 11.18±1.02(3) 10.93±0.90(2) 11.00±0.89(6)

Australian 13.12±0.59(2) 13.51±0.40 • 13.18±0.41(4) 13.22±0.56(3) 13.44±0.78(14)

Balance 11.74±1.08(1) 11.74±1.08 14.18±0.97(3) • 13.10±0.83(2) • 14.90±0.98(4) •
Bcs 25.80±1.26(1) 25.80±1.26 27.97±1.61(4) • 27.62±1.36(3) • 28.81±1.39(9) •
Biomed 11.30±0.90(1) 11.30±0.90 11.51±1.01(3) 12.17±0.85(2) • 11.25±1.10(5)

Car 3.85±0.31(15) 29.98±0.15 • 4.88±0.36(5) • 5.84±0.45(4) • 4.04±0.35(21)

Glass 24.42±0.57(10) 31.12±1.06 • 24.74±0.40(4) 24.92±0.74(3) 24.42±0.57(10)

Haberman 27.19±0.97(1) 27.19±0.97 28.92±2.59(2) • 27.19±0.97(1) 29.77±1.58(3) •
Ionosphere 7.58±0.83(9) 8.12±0.45 • 7.21±0.66(6) 7.21±0.50(5) 8.35±0.72(34) •
Iris 4.70±1.11(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±1.05(2) 6.56±1.28(8)

Liver 27.05±2.05(1) 27.05±2.05 27.60±1.75(3) 26.97±2.20(2) 28.51±1.42(6) •
Mfeat mor 28.65±0.54(3) 30.38±0.41 • 28.65±0.54(3) 28.89±0.38(2) 29.26±0.61(6) •
Pima 23.89±1.05(2) 24.40±0.70 23.97±0.84(4) 23.89±1.05(2) 24.41±0.92(8)

Segmentation 2.54±0.20(6) 4.53±0.24 • 2.55±0.20(5) 2.51±0.17(4) 3.13±0.13(19) •
Soybean 11.00±1.21(5) 14.30±2.58 • 11.29±1.23(6) 11.00±1.21(5) 15.65±2.38(35) •
Sonar 18.85±1.58(3) 19.61±1.33 19.04±1.36(6) 19.19±2.23(7) 22.03±2.27(60) •
Vehicle 25.50±1.21(6) 26.58±1.08 • 25.12±1.14(5) 25.25±1.14(4) 26.12±1.38(18)

Votes 4.32±0.26(6) 7.29±0.29 • 4.32±0.30(5) 4.46±0.31(4) 4.55±0.76(16)

Vowelc 7.01±0.86(2) 10.59±1.31 • 7.91±0.82(4) • 7.30±0.82(3) 13.28±0.74(12) •
Wine 1.52±0.45(1) 1.52±0.45 2.48±0.54(4) • 2.04±0.55(3) • 5.14±1.94(13) •
Wdbc 4.59±0.66(10) 4.59±0.56 4.53±0.55(5) 4.53±0.55(5) 5.04±0.78(30)

Wpbc 23.45±0.37(1) 23.45±0.37 24.44±0.86(6) • 24.28±0.90(5) • 26.45±1.72(32) •
Yeast 38.06±0.75(2) 41.41±0.53 • 38.86±0.86(4) • 38.06±0.75(3) 39.87±1.05(8) •
Win/Tie/Loss 12/13/0 9/16/0 6/19/0 14/11/0

L2����1�Ñ
3¤kêâ8þ“Win/Tie/Loss”ÚOþ�(J, Ù¥�n�êi©OL«K∗ é

A(JwÍ`u!�OØwÍÚwÍ�uÙ¦K�¤éA(J�êâ8oê. ±K����p �éA�

(J�~(L2¥����), “14/11/0”L«3¤���25�êâ8¥,|^�©JÑ��{¤À��K∗¦�

�ÅÜ��{�©a�J314�êâ8þwÍ`uK = p ���J,ü«�{�m��J311�êâ8
þvkwÍ�O, 
-K = p ��ÅÜ��{��Jvk3��êâ8þwÍ`u�©JÑ��{. l
L2¥�Á�(J�±wÑ, K∗éA�²þu�Ø�3õêêâ8(19�)þÑ´���, �3?Û�¹e,
Ù(JÑØwÍ�uK�Ù¦��. 312�êâ8þ, K∗wÍ`uzg�ÅÀ�1�A���©�Cþ�
(J,3�{�13�êâ8þ, ü«�{��O¿ØwÍ.éu,	ü«~^���⌊log2(p) + 1⌋Ú⌊√p⌋,
|^out-of-bag�{À��K∗©O39�Ú6�êâ8þwÍ`uÙ�A(J. �K = p�, �ÅÜ��{
Ò´Bagging�{. Ïd, lL2���ü��±wÑæ^K∗ ��ÅÜ��{314�êâ8þÑwÍ`
uBagging�{�©a�J
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�J���`. ¦+8ck�
�{�±^uÀ�K��,��õÑ´�
éuª��{½I�é��O
�þ.�©3Ø�	O\O�E,5�cJe,JÑ
�«Äuout-of-bag���OÙ�ëê����{. �
ýÁ��(JL²,|^©¥JÑ��{¤À���ÅÜ���ëêK3õê�¹eÑ´�`�, l
�
�ÅÜ��{3¢S¯K¥�A^C½
�½Ä:.
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