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�����, �
(�����))��#%&(�. )*�+��� RF 78*�
+�,,�
�"�.
,�����, CART, Bagging � ARCING[16] 
� Breiman ���--'��. RF .�������	
*�, /� Breiman 	(9:�	0;� [17].

�������<*#������)�
�
�����
����� [12,18−24]:

1))�
�
����
; 2)�'-���1!!+�*�
=��1.+.; 3),-��1"��>
/��; 4) �
0����������?�)�; 5)=@12�,�!!2�. ���� RF �Æ. SVM
�����������������	�#�%&�A/�/��3, �� Wu[18] � D́ıaz-Uriarte [20] +

�, RF �
��������B3#
Æ. SVM �����45�4�����
�.

RF 4
*�0,5�%�����
�����,6���, RF �������6	������
.C-�	�"�. Lin � Jeon[25] �')� k �� (adaptive k nearest-neighbors) �01��� RF 1�
�����, ���.���� (potential nearest neighbors, PNNs) �7/, 7� RF 1�2�')�80
� k-PNNs: �
�92���, ����:
1&3	�3�	0�; k-PNNs 80; Biau � Devroye[26]

�D� LNN (layered nearest neighbors) �7/, 84� LNN ���25�, �E2�� LNN � RF �6
�F4� RF �25���25G7; Biau � [27] 9��5��� Bagged NN (bagged nearest neighbors)
� RF ���, �84��25�.

	3��:0����01�� RF, ���	��84� RF �����. 5(6-, �H�.� k �
��01��� RF ��, ����.(. 6 2 ����<0�=� CART, Bagging � RF ��, 9)�6
3 ������01���')� k ��� RF �6�, : k-PNNs � RF �#/�, ��� RF �;�2
��1������77, 
(����I�J8�� (voting scheme). ���/>�,?�B3, �6 4
��!9�5@	A;-�� 6 9�������
��#�8���3, )3�4>�
����/ RF
�K<��. �?, *)��H�#:��<�5��.

2 `+a,

�H:0�����������, <3
<: ,-9=?�)���3	 (X, Y ) �(�,�� S =
{(xi, yi), i = 1, 2, · · · , n}, �� X = (X1, X2, · · · , Xd) ∈ Rd �1&3	, Y ∈ R ��3	, R �;���.
2.1 CART

CART ���� (classification tree) ���� (regression tree) ��:, � Breiman �� 1984 ��
� [13]. CART ��Æ7� (Gini index) ����;-, �B:><�
=L1���"!��. ��=

CART �, �����!!:
��.?;�<����
���4C�1��#�. :
;=���� S

�� CART ��<<5Æ*:

1) �� S ���	� hmax, ���,�����7�,�#�
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3.2 RF R k-PNNs S�j

Y 1(b) M;, ��OF=����� 2 
���� 2 ����#���, W9��D��*� 4 9

RXP�, ?�9P����9Æ��, *
� “ >�”, GWÆD 1 ��
. �Y 1(b) �, 02��� Q D

J&S�?, :D���X	
RXP�M���Æ��	, ���=�S���
.���. ���	�
2, ����� h E2�?9��	!9��S��� Gini ��������1�#��, ��?���
��, :�1��?���*�99XRXP�, � Q =U����9�Y1	W� L <�.���, ��
.�����;U�= Q ���. @07���, ������, � Q [���� h ?�9Æ��	��

��=�.K=�.
KQ, �S� h M=U�1	W� L �?����V
ST�.>?�. � 2 
V
���, .���

�X����.���1��, �1	W� L W�B��?���"��>Z����	,  
j
/T1 1 Tf
251502.26 1 
/T1 1 Tf
8�Q,
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(�
 (2), (3), (4) � (5)����=���^7, _Q�����1��R, ]�������B3W��
=�Z`, �H6 4 ��[�\O�
	��3/38����.


(, �H�� RF �;���,-� OOB �����, �
���\, �6�
 (2)(3) .>3, ]

��� PNi �Æ. OOB ��; �
����, \
 (4), �2���[�?�Æ����� PNi �, 	�
�
� “ >�”  ���, ��;U��\�, � OOB ���ZW]R�, (�
3�9<���J8��,
Y OOB ����]QID ������ “ ^Y”, ��^5��3/38����, �(�HX6���
I�J8��, 

 (6) M;:

f(xt) = vote
(

argmax
xi∈S

Fr(xi)
)

(6)

��, Fr(xi) �; xi � Ntree 9.����� {PN1, PN2, · · · , PNNtree} ����^_. =U^_��
��� x ��S��< xt �.����, S����;U�=� xt M���, �(<:S��� RF-PN
(random forest based potential nearest neighbor) ��.

ÆJ 2 Random Forests based Potential Nearest Neighbor

DE: 1. RGL S = { (xi, yi), i = 1, 2, · · · , n} , (X, Y ) � Rd × R

2. LMG xt � Rd

(1) `EÆJ 1, �P RF !a f = { hi, i = 1, 2, · · · , Ntree}

(2) ]_bRGL S !LMG xt c`dET RF �:

For i = 1, 2, · · · , Ntree

BLWS hi Ie_+ xt cIN`JSHG LO P Ni, ]BABEF

End

DV: 1. SHLO { hi, i = 1, 2, · · · , Ntree}

2. NLMG xt, LWS hi DV P Ni

PQ: f(xt) = 1
Ntree

Ntree∑
i=1

(
1

|PNi|
∑

P Ni

)

��: f(xt) = vote( argmax
xi∈S

Fr(xi))

RF-PN � RF �P��
�<N�:

1) ���� hi 	, RF �T� ��� Si ,��2��� xt  
(P8
/F7766
(� Tm
.9 T.1 Tm
(i)Tj
/T1 1 Tf
0.12 0 0 -026 363345)Tj
/T1 1 Tf
83Tj
/F16 1 Tf
5.9776 0 0 5.9 345.54 Tm
2 Tc
(�T�):)Tj
-15.6224 -1.5418 TD
0.0059 Tc
(1))Tj��1 Tm
(i)Tj
/T1 1 Tf
0.12 0  TD
0.12 87.36 391 Tf
83.9998 0�1 Tm
(i)Tj
/T1 1 Tf
0.12 052.000 TD
F TD
0 Tc
( )T168Tf
83.9998 0FTD
(P)Tj
/T1 1 Tf
83.9998 0 TD2
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CELL) B hc�j�idhcfme T hc (ALL-T-CELL).

Lung Cancer �
��c
a55=����M [8]. S�
�ÆD 186 VÆ�eV��� 17 V.b
eV��. � 186 VeV���ÆD 139 VÆp�
21 VkYhcÆ�
20 VÆ��� 6 V�hcÆ�
SCLC.

Tumor 1 �
��c
a55=����M�--hf6� [9]. S6�\l
@�.?���hcq
j�;��R	+.�. �
�ÆD 9 ���b\���b`eV��, � 9 ���b`ÆDÆ�b`
h
p�b`
)g�b`
i�b`
ko�b`
�j�
b`
,*pb`�mhb`.

Tumor 2�
��c
lmÆn		 [10]. �
��ÆD 11���b\�b`eV������
. �
11���b`���ÆD,*p�
iZ/kj� (k#hc��kYhc�)
nl�hp4e�
Fg�

rp�
s4ihc�
n�
mhol�htYp�
mp��Æ� (Æp��kYhc�).

[ 1 6 \]o^p[_`abcd
1"Lmk nln) G 1 �C1 �$ �C/G om

Brain Tumor 5 ponqp 90 5920 5 66

DLBCL qruUf.940/F6Tj
/T28.96643 1 T8.96643264�84Tj47.666
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��^h\�-; 100 _	1�3�)3, Y 3–8 (b) ��y�Y�

, K; 100 _C3� 5 tut
?D-KA��z�
75%� 25%�z��,�vty�u� RF� 100_�3)3,xty�u� RF-PN
� 100 _�3)3, y��Buu��z�. uv;[.?	����<N�.?
�, V
 “ RF-10” �;

ÆD 10 �������, “ PN-10 ” ;[ÆD 10 ����� RF-PN ��.

[ Acc1 � RF �?D��-KA, Acc2 � RF-PN �?D��-KA. � 2 [w� 6 9�
�	��
`�� 10 R8� 5000 �, RF-PN � RF �?D��-KA��,, G Acc2 − Acc1.

[ 2 ijklmnu 6 \`abo RF-PN v RF pqQrwstxu (%)

@$w! Brain Tumor DLBCL Leukemia Lung Cancer Tumor 1 Tumor 2

10 1.06 Š0.03 3.44* 0.60 1.00 2.39

20 1.06 Š0.03 3.32 0.70 3.17 1.60

30 1.56 1.00 1.72 0.14 1.25 2.21

40 2.56 0.89 2.21 1.06* 2.33 2.70

50 1.89 0.86 2.10 0.55 3.50 2.93*

60 1.78 1.30 2.65 0.54 3.75 1.80

70 2.56 1.04 2.67 0.65 4.00 2.00

80 2.89 1.07 2.80 0.52 3.83 2.31

90 2.50 0.71 2.28 0.18 3.42 1.94

100 2.39 1.00 2.42 0.91 4.08 2.52

150 3.00 1.00 2.04 0.64 5.08 2.12

200 2.58 0.95 2.64 0.93 4.63 2.59

300 3.50 1.39* 2.48 0.94 7.92 2.32

400 3.78 1.00 2.48 0.89 7.25 2.22

500 3.44 0.50 1.66 0.83 8.58 2.36

1000 3.83 1.36 1.95 0.58 9.50* 1.64

2000 3.83 0.89 2.15 0.63 8.50 1.89

3000 3.89 1.00 2.21 0.64 7.42 2.06

4000 4.17* 1.11 1.81 0.91 8.58 2.88

5000 3.39 0.86 1.88 0.80 7.00 2.44
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