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Algorithm for mining approximate frequent subgraphs

in a single graph
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Abstract: Graph mining is an important part of data mining, and significant research

has been dedicated to the field. Due to the inevitability of noise during data acquisition,

it is crucial to address the issue of approximation in mining frequent subgraphs. Previous

work has only considered the absolute value of the graph edit distance (GED); however,

the relative value between the GED and the size of the subgraph should also be considered.

Hence, in this paper, we propose a novel algorithm to mine approximate frequent subgraphs

in a single graph; this algortihm takes into account the size of current subgraphs for the

calculation of approximations. We increase the efficiency of this algorithm by estimating

the upper bound of frequent subgraphs, and pruning according to local anti-monotonicity.

Experimental results show that this algorithm can find subgraphs that are missed by

traditional mining algorithms, and our proposed approach is relatively efficent compared

to other algorithms.
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0 Ú ó

ã´^5L«êâ��«AÏêâ(�, §Ø=�±^5L«¢N���5�, Ó��

�±^5L«¢N�m�'X. ã�ù«A:¦�ã3õ«+�äk2�A^, X)Ô&E

Æ!�ä©Û�. �X�¬Ú�Æ�uÐ, ¢N�m�'X�5�õ�, ¢N�êþ�5�

õ, ¦^ã(�5L«¢Nm�'Xw�c�p�, lãêâ¥�÷¢^��ª½w��5

�­�.

,
ã(��,Up�/L«¢Nm�'X, �Ù(��E,5¦�lã¥£Oª

��fã�C�(J. X3�÷k^fã�L§¥, Ó�ã�£O¯K, Ò�@�´�

� NP(Non-deterministic Polynomia)��¯K. ÏdI�p��ª�fã�÷��{.

yk�lã(�êâ¥�÷ª�fã��{Ì�©�ü«: O(ª�ã�÷ÚCqª

�ã�÷. O(ª�ã�÷�l�½ã½ãêâ¥¥�÷ª�fã, �P¹z�fã�|±

Ý�, �O���cfã�����Ó�ã�êþ, X gSpan[1]Ú Grami[2]; 
Cqª�ã�

÷�O(ªã�÷�Ì�«O�, Ø
�����Ó�ã, �Ó�P¹��cfãk�½«

O�Ó�ã�êþ, X gApprox[3]� AGraP[4].

du¼�êâ�L§¥, Ø�;�êâ¿�½DÑ, Ïd3¢SA^¥, Cqª�fã

�÷�\ÎÜ^rI¦. ®k�Cqª�fã�÷�{3O�ü��½ã�Cq§Ý�, �

'5ÙCq§Ý�ýé�, =l��ã=z�,��ãI��ö�ê�ýé�; 
3¢SA

^¥, 3ïþü�ã�Cq§Ý�, ã������´�~­��ïþ�I.

�é±þyk�Cqª�fã�÷�{�¯K, �©JÑ
fã���'�Cqª�

fã�{. T�{U?
fãCq§Ý�O��ª, ¦�Cq§Ý�(J��cÿÀfã�

��k'. �{ÄkÏL��Äu�Ý`k|¢üÑ��{, ±9Äu�½ª�§ÝÚCq

§Ý�fã��þ��{, )¤¤kÎÜ���¦�ÿÀfã; ,�éz�ÿÀfã)¤�

����!I�|¢�Cqfã8Ü, ¿éÙ¥�z�Cqfã?1ãÓ�|¢; ��O�

¤k���Ó�ã¥, p½�Ó�ã�êþ¿òÙ��fã�Cq|±Ý.

�©�{�Ì�J:k: ��X�½ã���O\, ÿÀfã�êþ¥�êO\, Ïd

I���k��|¢�ª9 early-stop �^�; �é?¿��ÿÀfã, ÙCqfã�êþ

�ÿÀfã���¥�êªO\, �duãÓ�¯K´�� NP��¯K, Ïdp��£O

Ó�ã�©(J; �O�¤kCq��¥p½���êþ, 9ÿÀfã�Cq|±Ý�¯K,

�±=z� MIS(Maximum Independent Set)¯K[5], 
 MIS ¯K´��ú@� NP ��¯

K, ÏdO�fã�Cq|±Ý´��­��(J�¯K.

Äu±þ�{�Ì�J:, �©�Ì��zXe.

(1) Äu�Ý`k|¢üÑ�ÿÀfã)¤�{!ÿÀfã��þ��O��{.

(2) JÑ
��Äu:Ú>�íØ}ÁüÑ�Cqfã)¤�{!p��ã���{.

(3) �âCqª�fã�A:, |^ÿÀfã�|±Ýþ�, 5�OÿÀfã�O(|

±Ý, 4�/Jp
�{��Ç.

(4) ¢�y², �é'�{�', �©�{Ø=p�, Ó�Uuyé'�{Ã{uy�C

qª�fã.
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�©�(�Xe: 1 1 !0��
��©JÑ�{98I�'�ó�; 1 2 !0��


�'Vg; 1 3 !�1 5 !�[0��©�{� 3 ��¬; 1 6 !ÏL¢�Ðy�©�{�

k�5; 1 7 !�Ñ�©�o(�Ð".

1 �'ó�

ª�fã�÷��´, �½��ª�§Ýe�, l�½�ã½ã8Ü¥�÷Ñ�Ü�!

ÎÜª�§Ý�¦�fã. Ïdª�fã�÷¯KÌ�©�ü«: üã¥�ª�fã�÷Ú

ã8Üþ�ª�fã�÷. ã8Üþ�ª�fã�÷®²kNõ¤Ù�ó�, X, gSpan �

{[1], 3ã8Ü¥�÷ª�fã, ;�
ÿÀfã�)¤; Gaston �{[6]?U
|¢üÑ, l


¦��{�Ý\¯. aq��{�k gRed[7]Ú GraphSig[8]. ù
�{�ØÓ9Ù`":

3 Cheng ��©Ù[9]Ú Krishna ��©Ù[10]¥k�ã�Øã.

Cc5, �Xêâ5��O�ÚI¦�ØäCz, �
AÏ�ª�fã�÷�{�Øä

�JÑ. X, Choudhury �ïÄ
3Ä�ØäCz�ã¥�÷�*Ð�fã[11], ¦�JÑ�

�{�±�X�½ã�Cz, Ä�/�½,�fã´Äª�; Ingalalli �ïÄ
3õ­ã¥

�ª�fã�÷[12], Ù¤JÑ��{�8�´·AØä´L�E,z�êâ, Ød�	, T

�{3A^u{üãþ�, �U��ûÐ��J.

�,üã¥�ª�fã�÷ó�®²3õ«A^¥�J9, X Alguliev ��ó�[13]Ú

Lima ��ó�[14], ±9 Elseidy �<JÑ� Grami �{[2], ÑUk�/lüã¥�÷ª�f

ã. �éüã¥�ª�fã�÷�ïÄ, E,�uã8Ü¥�ª�fã�÷�ïÄ. ïÄL

², üã¥�ª�fã�÷�{�±ÏL{ü?U, A^uã8Üþ; ,
ã8Üþ��{

¿ØUA^uüã¥[5].

Cqª�fã�÷´3ª�fã�÷�Ä:þ, �O���fã�|±Ý�, Ø
�T

fã�������, Ó�O�÷v�½Cq§Ý���. Cq§Ý�O�Ï~kã�?6

ål[15]
!(�«O[16]

!A5«O[17]�A«�ª. ®²k�
Cqª�fã�÷�¡�ó

�, X Holder �3 SUBDUE þ�O
�«C/¼ê[18], ¦O�|±Ý��±O�k�½«

O�Cq��; Chen �� gApprox 3ÃI\�ãþ, �O
¼êO�ã�m�?6ål[18];

Jia �� APGM ÏL�N5Ý
O�ã�m�ål, l
#Nfã�Cq���fã�m�

±k:�«O[19]. AGraP[4]�{3dÄ:þ?1
U?, l
#NCq���fã�mPk

:Ú>þ�«O, �)"�ÚO��. Flores-Garrido �3 AGraP þ?1
?U, ¦�{�

÷�ÜCqª�fã�f8 CloseAFG[20].

Ød�	, Acosta-Mendoza �ïÄ
3õ­ãþ�Cqª�fã�÷[21], ¿|^�

ª�g�, ¦�{3�m¤�Ú�*Ð5þÑkûÐ��J. Ó�, Acosta-Mendoza �|

^Cqª�fã�÷�{, �O
#�ã�©a�{[22], ¦�|^Cqª�fã�÷�

{�(J, ��ã�©a¥ã��A�, l
¢y
3L§¥gÄO�Ú¼�I¦�O

�Ý
, ¿¼�
-<÷¿�(J, 2gy²
Cqª�fã�{äk¢S�¿Â. Ó�,

Acosta-Mendoza ��éCqª�fã�÷�{�(J, 3ã�àa�¡�A^�
ïÄ[23],

¿ÏL¢�L², ±Cqª�fã��àa�A�, Ó��±J,àa��J.

,
®k�Cqª�fã��÷�{, 3O�Cq§Ý�, ��Ä
?6ål�ýé

�, 
�Ñ
ã��éCq§Ý�K�. Ïd, �©JÑ
fã���'�Cq§ÝO��

ª, ¿3dÄ:þ�O
�{�÷ÎÜ�¦�Cqª�fã.
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2 Ä�Vg

½½½ÂÂÂ 1 III\\\ããã ��I\ã G ´��o�| G = (V, E, L, f), V L«ã¥¤k:�

8Ü, E L«>�8Ü, L ´¤kI\�8Ü, f : V, E → L´��N�¼ê, ò L ¥�I\N

��z�:Ú>þ.

ù´���2�A^�½Â, ã¥�:L«¢N, >L«¢N�mk�½'X, :þ�

I\L«¢N�á5½aO, >þ�I\L«�´¢N�m'X�aO. X3�x��p�

^ã(PPI: Protein-Protein Interaction)¥, :L«�x�, :þ�I\�±L«�x�«a.

ÏdkNõ:äk�Ó�I\, >L«�x��m�±u)�p�^, >�I\L«�p�

^�«a.   

½½½ÂÂÂ 2 ãããÓÓÓ��� �½ü�ã g = (V, E, L, f) Ú g′ = (V ′, E′, L′, f ′), ãÓ�´��

N�F : V → V ′, ¿�÷v±e^�: �∀u ∈ V, F (u) ∈ V ′�f(u) = f ′(F (u)); �∀(u, v) ∈

E, (F (u), F (v)) ∈ E′�f(u, v) = f ′(F (u), F (v)). XJã g′ ¥�¹ã g, K g ´ g′ �fã.  

 

½½½ÂÂÂ 3 CCCqqq§§§ÝÝÝθ �½��ã g, g �fã g′ � g �Cq§Ý θ �: g′ � g‘�'"�

��ê½>�^ê� g′ ����'�, =

θ =
|g| − |g′|

|g|
, (1)

Ù¥ |g| Ú |g′| ©OL«ü�ã���, =ã¥�¹�:Ú>�êþ�Ú.

½½½ÂÂÂ 4 CCCqqq������ �½ü�ã g = (V, E, L, f) Ú G = (V ′, E′, L′, f ′), ã�Cq§Ý

K� θ′, ��=� g′ ´ g �fã, ¿� g′ � g �Cq§Ý θ > θ′, � g′ ´ G �fã, K@�

g′ ´ g 3ã G ¥���Cq��.   

Xã 1 ¤«, �½ã g (ã1(a)) Úã G (ã 1(b)), θ = 0.8, ã 1(c) ¥¤kfã´ãg3

ãG¥�Cq��.

A

A

A

A
A

A

A

A

A A

A A

A

B
B

B

B B

B

B

(a) (b) (c)

(1) (2) (3) (4)

v1 v3

u1 u2

u1

u1

u2 u2

u3

u3 u3

u3

u3
u4

u4

u4

u5

u5

u5

v2

ã 1 Cq��~f

Fig. 1 Example of approximate matches

½½½ÂÂÂ 5 fffããã���CCCqqq|||±±±ÝÝÝδ �½ã G ÚCq§Ýe� θ, ã g 3ã G ¥�ü�Cq

��XJØ�¹?Û�Ó�:, K`ùü�Cq��´p½�. ã g 3ã G ¥�|±Ý δ �

ã g U3ã G ¥é��p½�Cq�����ê.

ÏL±þ½Â, �±éüã¥�Cqª�fã�÷¯K�Ñ/ªz½Â: �½üã G,

|±Ýe� δ ÚCq§Ýe� θ, üã¥�Cqª�fã�÷�8�´, éÑã G �¤kC

q|±Ý δ′ > δ �fã.   

½½½ÂÂÂ 6 ���&&&ÝÝÝρ �½ã G ÚCq§Ýe� θ, ã g Úã g′ ´ã G ¥�fã, ÙCq

|±Ý©O� θ1 Ú θ2, � g ´ g′ �fã, K�&Ý ρ ´�3fã g L«�¢Nm�'X¤
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á�cJe, fã g′ L«�¢Nm'X¤á�VÇ, = ρ = θ2

θ1
.   

~Xã 1 ¥ã G (ã1(b)), e� δ = 2 � θ = 0.8, ã G �¤kCqª�fãXã 2 ¤«.

A B A A AB

(1) (2) (3) (4)

ã 2 ã G �Cqª�fã

Fig. 2 Approximate frequent subgraphs from graph G

�©�{�µeXã 3 ¤«, �{Ì�©� 3 �Ü©: � 1�Ü©H{�½ã�¤k

ÿÀfã, dufãêþLõ, d?ÏLýÿ5(½�U�ª�fã���þ�, JpH{

�Ý. � �{1�Ü©éz�fã)¤¤k�Cq��, du�Cq§Ýe��1�, ÏéC

q���¯K¢Sþ´fãÓ�¯K, �fãÓ�¯K�2�@�´�� NP-complete �¯

K, �
ü$O�¤�, �{|^)¤Ú|¢L§, 3)¤�ã, éÿÀfã�z�(:Ú>

?1}ÁíØ, )¤¤kÎÜCq�¦, �Øp��¹�Cqfã; 3|¢L§, éz�Cq

fã?1�Î. � 1nÜ©Ì�éfã�Cq|±Ý?1O�. �©�{��nÚ�[L§

ò3e¡A!¥�[�ã.

ã 3 �{Ì�µe

Fig. 3 Framework of our algorithm

3 ÿÀfã)¤

½½½nnn 1 ÿÿÿÀÀÀfffããã������þþþ��� é�½ã G, |±Ýe� δ ÚCq§Ýe� θ, k�U¤

�Cqª�fã�fã g ���þ��

|g| 6
|G|

θ × δ
(2)

yyy ²²² dCq§ÝÚCq���½Â��, fã g ���Cq�� g′ ����: (a)

|g′| > |g| × θ, ÏLCq|±Ý�½Â��, ��=�fã g Pk�� δ �p½�Cq��,

â�±�¡�Cqª�fã, Ïd: (b) |g′| × δ 6 |G|, (Ü(a)(b)üª, ��|g| × θ 6
(|G|)

δ
,

=|g| 6
|G|
θ×δ

. 

ÏL½n 1, �©�O
��Äu2Ý`k|¢�üÑ. äNüÑÚ½Xe.

(1) l�cã G ¥?À��: 1, éÑ¤k�¹T:, ���ÎÜ�¦�fã.
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(2) lã G ¥£Ø: 1, ,�£�Ú½(1), ?À,��:m©, ��ã G ¥vk:.   

�
¢yüÑ¥�Ú½(1), �©�O
±e�{, äNÚ½Xe.

(1) Xã 4 ¤«, l: 1 m©, ò: 1 IP�“7L�”.

(2) ±�cfã�å:, IPÙ¤k�Ø(:��IP�, Xã 4 ¥�: 1,2,3.

(3) ¦^�Ø(:�g*Ð�cfã, ¼��fã�g� 01,02,03.

(4) z¼���#fã, �äÙ��´Ä�ÑÿÀfã��þ�. eØ�Ñ, ±�cfã

�#å:, ­EÚ½(2).

(5) e¼��fã���ÑÿÀfã��þ�, Kª��c*ÐüÑ, }Á*Ðe��

�IP��Ø(:.

0

6

5

4

3 2

1

ã 4 ÿÀfã*Ð~ã

Fig. 4 Example graph of candidate graph generation

ã 4 ¥, Ø�Ä��Cq§ÝÚ|±Ý, ¤k¼��fãU^SA�: 0, 01, 012, 0123,

01234, 012345, 0123456, 012346, 01235, 0125· · · · · ·

�üN5´Jp�÷�Ç�­�^�. 3ª�ã�÷¥, �üN5´�, �½ã G ¥,

eã g′ ´ã g �fã, �ã g′ �ã g ùüãÑ´ã G �fã, Kã g 3 G ¥�|±Ý7,

Ø�L g′ 3 G ¥�|±Ý. 3|^Cq§Ý�ýé�, =:½>�"�êþ��ïþ�I

�, �üN5´÷v�. Xã 5 ¥, e���|±Ý� 3, �õ"�:½>�êþ� 2, Kã

5(a) Úã 5(b) 3ã G ¥Ñ´Cqª��. ��©¥, �üN5¿ØU�Û�±. Xã 5 ¥,

ã 5(a) ´ã 5(b) �fã, �e� δ = 2, θ = 0.7, duã 5(a) �Cq���±#N�õ 1 �:

½>�"�(du?Û:½>�"�Ñ¬E¤ã�ØëÏ, Ïd(a)vk?ÛCqfã), 
ã

5(b) �±#N�õü�:½>�"�, Ïdã 5(b) Pk�õ�Cq��(XíØ: A 9�ë

�>), ã 5(b) ´��Cqª�fã, 
ã 5(a) Ø´.

G (a) (b)

A

B C D

B C D

A

B C

A

B C D

ã 5 �üN5Ã{�±«¿ã

Fig. 5 Example when anti-monotonicity does not hold

�©JÑÜ©�üN5�Vg, ½nXe.

½½½nnn 2 ÛÛÛÜÜÜ���üüüNNN555 �½ã g ÚCq§Ý θ, ã g′ ´ã g �fã, 3÷vCq§

Ý�cJe, eã g �#N�:Ú>�"�êþ, �uã g′ �#N�:Ú>�"�êþ, =

0 6 (|g| − |g′|) × (1 − θ) < 1, K g′ �|±ÝØ�L g �|±Ý.   
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yyy ²²² �fã g′ Úã g #N"��:½>�êþ�Ó�, ã g �?¿Cq��7,

´ã g′ �,�Cq����ã, 
 g′ �p½Cq���êþ, = g′ �|±Ý, 7,Ø�LÙ

p½��ã�êþ, = g �|±Ý.   

�âÛÜ�üN5, �±3cã�{þUY}{, =3¦^�cfã�#Ñ\�, e�

cfã�|±ÝØÎÜ��|±Ý��¦, K�±��*Ð�cfã, 
ØI��äÙ´Ä

ª�, ���#N�:½>�êþu)UC. Ïd, ØI�éz�ÿÀfã)¤Cq��Ú

|±Ý�O�, l
�±!��þ�m¤�. Ó�, dÛÜ�üN5�y²��, �ü�fã

�m�'XÎÜÛÜ�üN5��¦, KÙ¥���ã�¤kCq��, 7,´Ùfã�,

�Cq����ã, Ïd�±ÏLP¹fã�¤kCq��, ~��ã�Cq���|¢�

�, l
!��þ�m¤�. U?��{6§Xã 6 ¤«.

G

ã 6 ÿÀfã)¤6§«¿

Fig. 6 Process of candidate subgraph generation

4 Cq��)¤

4.1 Cqfã)¤

½½½ÂÂÂ 7 CCCqqqfffããã �½ã g, Cq§Ý θ, ��=� g �fã g′ � g ��qÝ�L θ,

= θ 6
|g|−|g′|

|g| , K¡ g′ ´ g ���Cqfã.   
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�
�Îz�ÿÀfã�Cq|±Ý, I��éz�ÿÀfã, éÑÙ3ã¥�¤kC

q��. �dJÑ
��½n, ¿3dÄ:þ�O
��Äu:Ú>�íØ�)¤�{, 5

éÑÿÀfã�¤kÎÜCq^��fã.

½½½nnn 3 �½ã G ÚCq§Ý θ, ã g ´ G �fã, ã a Úã b ´ g �fã, a ´ b �f

ã, K?¿ b 3 G ¥���, Ñ����� a 3 G ¥���k­E:.

yyy ²²² ?¿ b 3 G ¥���, ´ b ���Ó�ã, K a ´d�����fã, Ïdd

���¹ a, =�¹�� a 3 G ¥���, Ïd?¿ b 3 G ¥���, Ñ����� a 3 G

¥���k­E:.

�â½n 3, �±(½é?¿ÿÀfã, Ù��I�?1���Cqfã8Ü¥, AØ

¹ü�ãäk�¹'X.

Äu±þ½n, �©�O
��Äu:Ú>�íØ�fã)¤�{, )¤�½ÿÀfã

�¤kÎÜCq^��fã, ÙÄ�g´Xe, äN�{��{ 1.

(1) é¤k:Ú>?1?Ò, ¿U?ÒüS, O��½ÿÀfã g 3�½�Cq^� θ

e, �±#N�"��:½>���êþ, =|g| × (1 − θ).

(2) H{¤k?Ò, }ÁíØ?ÒéA�:½>, ¿�ä(J´ÄëÏ. eëÏ, Kò?

ÒéA�:½>IP�®íØ, ¿�#�c®íØ�:½>�êþ. eØëÏ, KaL�c

?Ò, UY}Á.

(3) ±Ú½(2)�(J�#�å:, UYH{�{?Ò, ��®íØ�:½>�êþ��

��êþ, ½�{?¿:½>�íØÑ¬��êþ�Ñ���, K�c(J=���Cqf

ã.

(4) aL�����íØ�:½>, UYÚ½(2), ��¤k:½>�|ÜíØÑ�}Á

L.

Ú½(3)�¤k(J, =��ªI�?1���ÿÀfã�Cqã, duz�fã�í

Ø�:½>�êþØ�Ñ���, �y
¤k(JÑ´ÿÀfã�Cqã; Ó�, du?¿

��fãÑíØ
#NíØ��õ�:½>, �y
?¿ü�(JØäk�¹'X.

Algorithm 1 SimilarGraphGene

Input: Vg, Eg, T, d = |g| × (1− θ)

Output: All Similar Graph of g

1: S ← Vg, Eg,

2: for each vertex or edge x in S do

3: Deleted ← x

4: if x is a vertex then

5: Deleted ← every edge connected to x

6: end if

7: m=isconnected(Deleted, Vg, Eg)

8: if m = true then

9: k = |T |

10: Vg′ = Vg DeletedV
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11: Eg′ = Eg DeletedE

12: if |Deleted| < d then

13: SimilarGraphGene(Vg′ , Eg′ , T, d− |Deleted|)

14: if k = |T | then

15: T ← g

16: end if

17: end if

18: if |Deleted| = d then

19: T ← g′

20: end if

21: end if

22: undo line 3-5

23: end for

24: return T

4.2 Cqfã��

�
éz�ÿÀfã, )¤éA�Cq��, �©�O
�«3üã¥�Î�½fã�

¤kÓ�ã��{. �½ãG = (V, E, L, f), 8�´é���Ü·�:�^S, ¦��éL§

��ms¤��. =31 i Ú, I�l�é����:¥, ÀJ��:, ¦�T:��é��

�, K®����ã���O��õ, ½¦��U���êþ~����.

�
�¤þã�¦, I�é¤k��U��?1����å, ¦��{U¦@LÈK�

Ø��. �d, �©�O
�«�%�{, ��½ã¥�¤k:, )¤����^S.

�{ÄkÐ©z:���^S τ ��, lPk�õ�Ø(:�:m©, ekõ�:Pk

�Ó��Øêþ, K�â:�I\, 38Iã¥Pk��éAI\�:�:, ��å©:, �

\��^S τ . é�{��\��^S�:, Uì±e^��\��^S.

(1) é?¿����\��^S�(:, Ù�Ø(:¥, ®�\��^S�(:êþ�

õ�(:. =- Vv1
= u|u ∈ τ, (u, v1) ∈ E, ¦� |Vv1

| ���: v1.

(2) eÎÜ^�(1)�kõ�:, Ké?¿��ÎÜ^�(1)�(:, ÀJÙ�Ø(:��

õ�®3��^S¥�(:, Ó��´�Ø�(:. =- Vv2
= u|u ∈ τ, ∃p ∈ V, (u, p) ∈ E �

(p, v2) ∈ E, ¦� |Vv2
| ���: v2.

(3) eÎÜ^�(2)�:Ekõ�, Ké?¿��ÎÜ^�(2)�:, ÀJ�3�õ�

÷v^���Ø(:�:, =�Ø(:�?¿��®�\��^S�:ÑØ��. =-

Vv3
= u|u /∈ τ, (u, v3) ∈ E � ∀p ∈ τ, (u, p) /∈ E, ¦� |Vv3

| ���: v3.

(4) eÎÜ^�(3)�:Ekõ�, KÀJÙ¥38Iã¥Pk��éAI\�:, =�

8Iã�G′ = (V ′, E′, L′, f ′), -Vv4
= v′|v′ ∈ V ′, f ′(v) = f(v4), ¦�|Vv4

|���:. e÷v�

¦��kõ�, K?À��:.

¼���^S�, �{�â��^S, é?¿������:, H{8Iã¥�:, uÿ

´ÄÎÜ���¦, eÎÜ�¦, KP¹T��, ¿U^SÏée�����:���; eØ

ÎÜ, KaLT:, }Á8Iã¥�e��:?1��. �{ÏL��^S, é?¿����

��:, =O�Ùc��®���:�¤kéA:��Ø(:¥, �����?Û��:þ
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�:, äN�ã 7.

Vv1
Vv2

Vv3

Vv4

ã 7 Cqfã��6§«¿ã

Fig. 7 Process of approximate subgraph matching

5 |±ÝO�9(JÐ«

5.1 |±ÝO�

3¼�
z�ÿÀfã3�½ã¥�Cq���, I��ä��ÿÀfã´Ä´Cq

ª�ã. �âfã�Cq|±Ý�½Â(½Â 5), ��ÿÀfã�|±ÝAT´ÿÀfã¤

kCq��¥, �U�p½�Cq�����êþ. ,
, (½ù���êþ�±�=z�

��Õá8(Maximum Independent Set, MIS)¯K, ù´�� NP-complete �¯K, ÏdO�

��ÿÀfã�O(Cq|±Ý´�©Ñ�Ú(J�.

,
, 3�©��¹e, 3O�fã����, ®²|^�´fã�Cq��, Ïd��

ÿÀfã�O(Cq|±ÝÙ¢Ø´�~­�. d?�©ë�
 gApprox �{¥|±Ý�

O��ª, �z�ÿÀfã�Cq|±ÝO�
��þ�K�, �©�&ù�K�3�©¯

K¥®²v
�±��ë�, 5�ä��ÿÀfã´ÄCqª�. O��ªXe.

(1) òÿÀfã�����ã�º:����8Ü, Ð©zCq|±Ýþ�� 0.

(2) O�ÿÀfã�¤k��ã�:8¥�:�Ñygê, =z�:Ñy3õ����

ã¥, ¿Uêil���üS.

(3) ÀJÑygê�p�:, ekõ�, K?À��, òCq|±Ýþ�\ 1, íØ¤k
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�¹T:���ã�:8, ¿�#z�:�Ñygê.

(4) ØäS�1(3)Ú, ��¤k�:8Ñ�íØ.

b�k��ÿÀfã�¤kCq��k {v1, v2}, {v1, v3}, {v2, v3}, {v1, v4}, {v4, v5}, �

âþã�{, Ð©z|±Ýþ�� 0, : v1 Ñy3 3 �Cq��¥, ´¤k:¥�õ�, Kí

Ø¤k�¹ v1 �Cq��; |±Ýþ�\ 1, �{�Cq���{v2, v3}, {v4, v5}, UYS�,

íØ¤k�¹: v2 �; þ�\ 1, ,�íØ�¹ v4 ���, þ�\ 1; d�¤k��®²�í

Ø, Ê�S�, ���ªþ�� 3.   

½½½nnn 4 ¤kÿÀfã�ý¢Cq|±ÝÑØ�Lþã�{¥�|±Ýþ�.

yyy ²²² duéu?¿��:, �P¹�gCq��, =�ò|±Ýþ�\ 1, ��u

P¹
���¹T:�Cq��, K�y
P¹�Cq����3T:þ´p½�. �du

¿Ø�y3¤k:þÑ´p½�, Ïd|±Ýþ�7,�u½�uý¢�Cq|±Ý.

5.2 (JÐ«

ÏLþ!�{O�, �±¼�z��ÿÀCqª�fã�Cq|±Ý; 3��½�|±

ÝK�?1'���, �±�ª(½��ÿÀCqª�fã´Äª�. �
Jp�{(J�

Ð«�J, ±9Jp�{�Ç, é�{�÷(J�Ð«�±e�å.

1�, éäk�Ó(�, ±9�ÓI\�(Jã, �3(J¥Ð«�g.

1�, éuz�(Jã, IÐ«Ù:� ID ÚI\, ±9>��mü:� ID ÚI\, Ù¥

ID ´­#?6�.

1n, éuz�(Jã, Ð«ÙCqª�§ÝÚ�ÜéA.

±þ�å¥, 1�^��Ï´3ÿÀfã�)¤¥, �Ukõ�äk�ÓI\Ú(��

fã, duÙ3�½üã¥� �ØÓ, �UÑyõg. Xã8(a)¥, : 0 Ú: 1 |¤�ã, �

: 4 Ú: 3 |¤�ã(�ÚI\Ñ�Ó, �3ã¥� �ØÓ, Ïd¬3ÿÀfã)¤�L

§¥Ñyüg. �
Jp�{�Ç, 3P¹ÿÀfã�, =P¹Ù¥��, é)¤�z��ÿ

Àfã, Äk�®²�P¹�ÿÀfã�'�, eJk�Ó(�ÚI\�P¹, KØ2P¹

dfã. éu1�^�1n^�å, Ì�8�´�
�Ð/n)Cqª�fã�(�, ±9

�Ð/Ð«ÙCq��. Xã 8(a)¥�: 0 Ú: 2 |¤�fã, eÙ�Cqª�fã, Kw

«(J�ã 8(b).
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Fig. 8 Sample result illustration

6 ¢ �

�©�O
ü«¢�5y²�©�{�k�5, ±9uy�õCqª�fã�

Uå. 1�«¢��k�5Á�, ¢�©O3ý¢êâ9<óêâþ?1. 1�«¢
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�=Äu<óêâ, ^uy²�©�{�¦^Cq§Ýýé��{�', �©�{�

±uy�õ�Cqª�fã. ¤k¢��ý¢êâÄ�g PPI �ä, PPI �ä¼�g DIP

(Database of Interacting Proteins)êâ¥(http://dip.doe-mbi.ucla.edu), <óêâd NetworkX

óä(https://networkx.github.io/ documentation/stable/) �ï. ¤k¢�Ñ3 1 � Windows

��þ�¤, ����� CPU i5-4690, 8 GB MEM. ¢�§Sd Java �¤. â�©¤�, 8c

®k���©�{8���C��{� AGraP, Ïd�©¤k¢�¥�é'¢�� AGraP

�{, �©=?U
 AGraP ¥�CqÝO�úª�|±ÝO��ª, ¦é'¢�ÄuÓ�«

�qÝúª, l
ü$ØÓ�qÝúªE¤�K�.

dué'�{ AGraP 3¦^fã���'��qÝ��Ç�$, �{�mÚ�m�Ñ

��½ã���O�
O�L¯, É^���, Ã{�¤éÊÏ���ã��÷. Ïd�©

ÏL NetworkX óä©O)¤
 7 �!9 �!11 �!13 �:���ã(G7!G9!G11!G13),

¿3��ãþ?1�÷, � θ = 0.9, δ = 2, (JL 1 ¤«.

LLL 1 ������ãããþþþ���÷÷÷������mmm���ÑÑÑééé'''

Tab. 1 Comparison of time required for mining of sample graph

�{
t/ms

G7 G9 G11 G13

�©�{ 53 554 760 1 347

AGraP 1 041 10 226 346 918 46 301 253

ÏLL 1 ��, �©�{�éu AGraP �{k��`³, �du AGraP �{�m�Ñ�

ã��O�L¯, ÏdØ·ué���ã��÷, 
�©�{�Xã���O�, �,�m�Ñ

k¤O\, �O��Ý�é��Ün.

Ø
3��ãþ�é'¢�, �©|^�©�{, é5����ã?1
�÷, l
Ð«�

©�{Ø
�±A^u�©����ã, Ó��±A^u��5��ã. �©3<óêâ�ý

¢êâþÑ?1
¢�. <óêâÓ�d NetworkXóä)¤, �
w«�{�Ç�ã���C

z, ©O)¤
 100 �!125 �!150 �!175 �!200 �:�ØÓ���ã.

¢�ý¢êâ5guPPI�ä. PPI �ä��x��p�ä, Ù¥�¹õ«®�uy

��x�9�x��p�A. Ù¥kõ^�x�éPkpu 10−7� BLAST(Basic Local

Alignment Search Tool)�qÝ, �©@�ù
�x�éäk4Ù�q��5�, Ïd�±

^�Ó�I\�IP, ØÓ��x��mkØÓ«a��A, z«�A�±^ØÓ�I\

?1IP, Ïd PPI �ä�±=z���I\ã. �©l¥©OÄ�
 5 �ØÓ� 250 �

:(G100!G125!G150!G175!G200!G250 (ý)), ��¢�êâ, ¿òÙ(J�²þê��

ý¢êâþ�(J. ¢�(JXã 9!ã 10 ¤«.

lã 9!ã 10 ¥�±uy, �{��m�Ñ�Cq|±Ý�¦�J,Øäü$, �Ï´�

XCq|±Ý�¦�J,, �õ�ÿÀfã3@Ï�LÈK. �âÛÜ�üN5�A:, ÙA½

����S��ãÑØ�U´ª��, Ïd~�
I�)¤Cqfã9Cqfã���ÿÀf

ãêþ, ��!�
�m�Ñ. Ó�/, �XCq§Ý�¦�ü$, z�ÿÀfã¬Pk�õ�

Cqfã, ÏdI�?1���CqfãO\. Ó�, �õ�ÿÀfã��½�ª�, Ïd�m

�Ñþ,. Ød�	, �½üã���é�m�Ñ�äk���K�, �Ï´��½üã��O

\, ÙÿÀfã�êþ¥�êþ,, Ïd�m�Ñþ,.
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Fig. 9 Time required varies with support requirements
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Fig. 10 Time required varies with approximation

Øþã¢�, �©�3��ãþ?1
é'¢�, ¢�Ì�'��©�{uy�Cqª�

fãêþ, �|^Cq§Ýýé����{uy�Cqª�fã�êþ�«O. ¢�|^���

ã�ã 8(a). ¢�é'�{��©�{�?U�, =Cq§ÝO�úª�"��:½>�ýé

�. ¢���Cq§Ý�é� θ � 0.6, é'�{¥Cq§Ýýé�� 1, ==#N��:½�^

>�"�, Cq|±Ý δ Ñ� 3. ¢�(JXL 2.

LLL 2 uuuyyyfffãããUUUååå(((JJJ

Tab. 2 Experimental results showing the ability to discover subgraphs

ã
Cq��

�©�{ é'�{

A :0,4,7 : 0,4,7

B :1,3,8 : 1,3,8

C : 2,6,10 : 2,6,10

A B (0,1),(3-4),(7,8) (0,1),(3-4),(7,8)

AB C (1,0,2),(4,3),(8,7,10) (1,0,2), (8,7,10)
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XL 2 ¤«, �©�{|^ÿÀfã���'�CqÝ�é�O�úª, 3Cq|±Ý�

�� 3 �, uyÿÀfã B-A-C �Cqª�fã, 
é'�{|^"�:½>�ýé�, K�Ñ


TÿÀfã.

7 ( Ø

�Xêâ5��O\Úêâ¥�U�)�DÑêâþ�O�, Cqª�fã�÷�{òÉ

��5�2��'5. Ïd, Cqª�fã�÷�{I��âÿÀfã��, 5�ä�N=�

DÑêâþ�õ�, =�N=�êâ"�êþ´õ�. �©�O
�«|^ÿÀfã���'

�Cq§ÝO�úª, l
#NØÓ��fã"�ØÓêþ�:½>�Cqª�fã�÷�{.

T�{|^"�:½>�êþ�fã���z©'��Cq§ÝO��IO, ÏLÿÀfã)

¤, Cqfã)¤9��, Cq|±Ý�O�A�Ú½, ¢y
ÿÀfã���'�Cqª�f

ã�÷�{. <óêâÚý¢êâþ�¢�ÑL², ��{�Ç�p, �Uuy|^"�:½>

êþýé���Cq§Ý��{ØUuy�ÿÀfã. 3�5�ó�¥, F"U?�ÚJp�

{�Ç, ¦��{U3�5�êâþA^.
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