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Á� £O°þCþmd3�E,'é'X, �äØÓ/ª'é'X�rf, ´�êâ'é'X�
÷��?Ö��. ,, êâ©Ù�Ø(½5!'é'X�õ�5, ¦�Äu©Ùb��'é'X
ÝþÚÄuêâ°Ä��ëêÝþ�{�·^5!O(5J±�y. Ïd, �O�«é'é'X/
ªÃ �k�'éÝþ�{C��'�. �©l�êâ�µed3'é'XA�ú²üS�I¦
Ñu,£�
8c'éÝþ�únz^�,�Ñ
�êâ'é'XÝþ�UI÷v�5�;?Ø
ü
aÄu��À��Ýþ�{�3�Øv; JÑ
�©Äuk-NNâ�'éÝþ�{, ¡�����X
ê. <Eêâ8Úý¢êâ8¢�lØÓ�Ý�y
�©¤J�{�k�5Ú`�5. ���Ñ

¢�¥uy�k�y�Úk�)û�nØ¯K, ±ÚåéT+���\�g�ÚïÄ.

'�c �êâ, E,'é'X�÷, 'éÝþ, êâ°Ä, âO�, k-NNâ

1 Úó

'é'X�÷�3&¢Cþmd3�Óy5ÆÚ�ª, �k�5/JøCþm�p&E!�Ï�
p�g�êâï�ÚÚO©Û, ÙuÐÚA^2�'ß�ÅìÆS!)Ô&EÆ!�¬�ä!���
ä�õ«+�[1∼4]. �êâ�µe, £ã¯Ô�Cþ¤Zþ�, Cþ�mÛõê±�O'é'X�y
�ÊH�3[5], Å�u�Cþ(|)�md3�'é'X�~L¤]Ôå[6]. �ä]Ô5�´õ«�5
Ú��5'X��, æ^ØT��'éÝþ]À�ïÄ'é'X¬�)Ø�, ~XÄu��©Ùb�
�Pearson�'Xê �ÀJ�5'X[7], �ëêSpearman�'Xê`k£OüN¼ê'X[8]. ù
y
k�{�"�²~¦ïÄö3n).�êâ��) �. Ïd, �OÕáu'é'X/ª�'éÝþ
´�êâE,'é'X�÷��ïÄ����.

Ú^�ª: ¤ùù, a�u, �£I�. Äu��À��'é'X�÷�{. ¥I�Æ: &E�Æ, 3"©Ù
Cheng H H, Qian Y H, Hu Z G, et al. Association mining method based on neighborhood (in Chinese). Sci Sin Inform,
for review
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'é'X�÷l19VGaltonïÄ<a�p¢D¯Kå��É�2�'5[7], �X�ÆEâ�u
Ð¥yØÓ��µI¦[6, 9, 10]. ~X)Ô�Æ+�, @ÏïÄö5ïÄé�m´Ä�3'é, ��'
5äN�'é'X/ª, Ï¤�O�'éÝþõéCþÕá�¹¯a[11]. ,�êâ��, l°þ
Cþ¥O(/£OÚ×À'érÝ���'éCþ´E,'é'X�÷�]Ô��[4, 5], ùéuïÄ
ö#&¢H�]Ô�#g´. 2011c, Reshef�ïÄö35Science6þ�Ñ, �êâ���'é'X
ÝþAéuª/ä�Ê·5(generality)Úþï5(equitability), ¿�A/JÑ
Ó�÷vþã5��
��&EXê(MIC)[10]. Kinney�ïÄö�ÑMIC3�D(�¹e¬ ��5'X, ¿�Ñ�� �
��Ï��´: MIC3Ïé�`y©�Lu'5�����á ��Ñ
��¥:�©Ù[12]. �â
&EØ¥êâ?nØ�ªL§(DPI), ¦�#½Â
þï5, JÑ^Self-þï5(Self-equitability)�
OReshef�<JÑ�R2-þï5(÷^[12]¥P{),¿y²
Äuk-NNÚOþ�O�p&E(MIKSG)U
÷vd5�[13]. ¦+ïÄöGÑÃõãåÁã)û�êâ�µe'é'XÝþ¡��]Ô, �,�3
Nõ¯Kk�ïÄ:

(1) yk�'éÝþÌ��é��Cþm'é'X�×À?ÖÐm, éõ�Cþm�q?Ö©Û
��. ,3Ïé�;¾;�'é�ÄÏS�?Ö¥,;¾�u)´dõ�ÄÏS��ÓL��(J,
=©Ûü�ÄÏS��;¾�'X¬¦ïÄöÃ{�Ñ�(�äÚ)º. 3�÷��Cþ'é'X�
Ly�Ð�MIC J±*Ð�õ�Cþ�¹.

(2) ÉëêÀJK����'éÝþ, Ø�·Üë�õ«'X/ª��|µe�'érÝ'�,
Ï��«ëê���VÇØU·Aõ�'é'X. ~XMIKSG�k3ëêk = 1�3ØÓ¼ê'Xþ

LyÑSelf-þï5[13].

(3) êâ©ÙØ(½5!'é'Xõ�5�A:, ½�I�ïÄö�Oëê�À�m��{ük
��'é'XÝþ. MICÄu��y©�p&E�OKÜ/¤, ���|¢�mé'éÝþ°ÝK�
��; RényiJÑ����'Xê3¢�¥�J(½C�¼ê�m[20].

âO��@�´y�ã<ó�U+��#,O��ª. §ÏLrE,¯KÄ�!y©l=z�
eZ�{ü�¯K. kÏuïÄö�Ð�©ÛÚ)û¯K[14, 15]. LiangÚQian�@�âO�nØÚ�
{�U´)û�êâ�µeêâ�÷�k��ª,�ÑÛÜêââþ��ªuyÚõâÝKÜ´)û
¯K��Ãã��[16], ù��êâ'é'XÝþÄuêâ°Ä�I¦�êÜ. ,	, Hu�ïÄö®
|^δ-��â(δL«������»)�E���Ú��p&EïþëYCþ�lÑCþ�m��'
5, ¿3A�ÀJ?Ö¥¤õA [̂17]. �©ÏL�½��:��Ø�ê(½��â��, Ú\k-NNâ
�O��:��Ä�$�ü , ½Â
ü�CþÄuk-NNâ�Ø(½5Úü|Cþ3�½(kx, ky)�

�|Üe���p&E,�ï
'é'X���A�Ý
. Ý
¥z����8�z����p&E,
¤k��¥����¡�����Xê(MNC).

�©Ì��zXe:

(1) �é�êâ'é'X�÷?Ö¥, 'éÝþ�£OÚ×Àõ«d3'é'X¿é'é/ªÃ
 �I¦, Á�Ñ
�êâ'é'XÝþI÷v�5�;

(2) ¿Û
üaDÚ�Äu��À��'é'XÝþ�{, ¿�Ñ3���»ÀJ!ÛÜþ!5
b�!ëê����¡�3�Øv;

(3) Ú\âO�nØ¥�k-NNâVgÚõâÝKÜg�, JÑ
Äuêâ°Ä�'é'XÝþ.
¢�(JL², TÝþ�Ã /�xõ�Cþ�m�'é'X, ��~Ýþ�{¥ëêÀJé£O°
Ý�K�.
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2 �êâ'é'XÝþ�UI÷v�5�

@31959c, Rényi�Ñ�6'XÝþI÷v7^ún5^�[20], ¿JÑ÷v^�����'X
êMC(X,Y ) = supf,g ρ(f(X), g(Y )). TXêH{¤±�U�3�Borel�ÿ¼êf, gé�©êâ?1
C�,O�C��Cþ�ρ(Pearson�'Xê),l¥ÀJ�����'érÝ�.¢S¯K¥,k�5/
�½Ü·�C�¼ê�J,Ï~¦ÙJ±k�O�[10]. �MCÄupd©Ùb½, @�êâ²L¼ê
C�¥�5�'. ,, �Xêâ¥E,'é'X�Ñy, pd©Ùb�Ø2¤á. SchweizerÚWolf�
ÑRényi�Ü©ún5^�3�ëêÝþ�¹e'�î�, ¿JÑ�tµ�ún^�?1?�[21]. �
´?���ún^�¥, 'éÝþ���1��=�3Cþm�3üN¼ê'X�¤á. ù��êâ
¥üN!�üN¼ê'X$�|Ü¼ê'X���y�ØêÜ. �êâ�µe, £OÚ×Àr'é'
X�?Ö,�¦'éÝþQU£Oõ«'é'Xqé'é/ªÃ �.Ïd,(ÜdI¦Ú®k'éÝ
þ�ún5^�, �Ñ�êâ'é'XÝþ�UI÷v�5�.

±ef!¥, PX = (X1, · · · , Xp), Y = (Y1, · · · , Yq)��ÅCþ, pÚqL«Cþ�Ý. δ(X,Y)L«

'é'XÝþ. �p = q = 1�, δ(X,Y)ïþ��Cþm'é'XrÝ.

(1) 2�5: δ(X,Y) ^uïþ?¿Cþa.�'é'X, �¦�Å�þX, YØ??�~ê.

(2) é¡5: δ(X,Y) = δ(Y,X). eX�Y�m�3,«'é'X, Cþ �UCØK�'érÝ
��.

(3) �'5: 0 6 δ(X,Y) 6 1. ØÓ'é'Xm, 'érÝ�'���. δ��C1L²'é'X�
r. δ = 0 L«Cþm��Õá; δ = 1L«Cþm�3r'é'X, �'X/ªÃ'.

(4) Ê·5: U£O2��'é'X/ª, Ø==´{ü��5'XÚüN¼ê'X.

(5) þï5: δ(f(X),Y) = δ(g(X),Y), XJY = C(f(X), η), Y = C(g(X), η), Ù¥f, g�ØÓ
�Borel�ÿ¼ê, η�D(�, CL«ý¢'XÚD(��|Ü¼ê. eC�\ÚD(, KC(f(X), η) =

f(X) + η. �=δ�ïþ'érÝ, É'X/ªK���. T5���¡�Ã 5.

(6) üN5: 1) �XX¥�Y�'Cþ�O\, X�Ym'érÝO�, =δ(X,Y) > δ(X \Xi,Y),
X \ XiL«X¥ØKXi, Ù¥Xi!Xj�pÕá, Xi�Y�'. 2) �XX¥�Xi©þP{Cþ�O\,
X�Ym'érÝØC, =δ((X1, Xi, · · · , Xp),Y) = δ((X1, Xi, f(Xi), · · · , Xp),Y), f(Xi)L«Xi �¼

ê. 3)�XX¥�YÚOÕáCþ�O\, X�Ym'érÝ~�,=δ((X1, · · · , Xl, Xl+1, · · · , Xp),Y) 6

δ((X1, · · · , Xl),Y), Ù¥(Xl+1, · · · , Xp) �Y ÚOÕá, ��(X1, · · · , Xl)¥Cþ�pÕá.

(7) �*Ð5: 'éÝþ�XCþ�Ý�O\N´*Ð.

þã5�¥, eδ^u£OÚ×Àõ�Cþmd3'é'X, KÙüN5¤áIïá3c5^5�
¤á�Ä:�þ.

3 Äu��À���'�{

MICb��3�«��y©Uòêâ�'é'XØ Ñ5, ÏLO�ØÓ��y©���8�z
p&E�©�ä'é'XrÝ. �´MIC3Ïé����`y©��´�Ñ��¥z���Sêâ:
�©Ù. Kinney�ïÄöy², Äuk-NNÚOþ�p&E�OMIKSGU�Ñ�ÑÛÜ(�Úå� 

�. �´MIKSG �þï5LyÉëêK���. /�ü«�{�OüÑÚ�O�Ý�`:, ¿�Ñ§
��3�Øv, �©l��:���ÿÀ(�Ñu�E'é'XÝþ.
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Äk¿ÛüaÄu��À��'éÝþ3�êâ�µI¦e�3�Øv, ,�JÑÄuk-NNâ
���&EXê(MNC), ¿éÙ´Ä÷v�êâ'é'XÝþI÷v�5�?1�y.

3.1 Äuk-NNÚOþ��{

MIKSG´Äuk-NNÚOþ�O�p&E[13]. T�{ÄkÏLmax-�ê(½éÜ©Ù¥k��Ø
:����»ρk, |^d�»(½>S©Ù��Ø�ênXÚnY , ,�3k-NNÝ/«�SUì�½Â
�Op&E. MIKSGÏL���»ρkïáåéÜ©Ù�>S©Ù�m�'X,�æ^max-�ê¬O�
>S���O �. Ï�max-�ê�½¬O�,�Cþ�����, ù3p��¹ec�²w. È
�p&E�O�{k|^k-NNÚOþ©Oé>S�Ý¼êÚéÜ�Ý¼ê�O(^l2-�ê(½�Ø�
ê), ,�ò�OVÇ�\��Úp&E½Â¥�¤p&E�O[22]. �\ª�O�ª¬\�ý¢��
�O��m� �.

MIKSGÚÈ�p&E�OÑé��?1
ÛÜþ!5b½: Cq/b½k-NNÝ/«�(max-�
ê)Úk-NN¥(l2-�ê)¥�k�:äkþ!�Ý. ù«b�3r'é'X�¹Ø¤á, Ï�k-NNÚOþ
�¹k�:¤Ó�NÈÏf, k�:3ù«�¹e�UÓé��NÈ. kïÄöÚ\PCA�OÛÜ�þ
!5, =^k���:�ý¢NÈ?��½��NÈ(P�MILNC)[6].

Äuk-NNÚOþ�'éÝþ�6��:�äN��, k��Ø:¤3�«�d1k�:û½, ��
Ä��SÑá:�&E, ù
Ï�¬��Ta�{ÉD(ÚëêK���.

3.2 Äuk-NNã��{

Äuk-NNã�p&E�O�{ò��:��ãº:, ��:�målw�ë>�. MIGNN´

Äu2ÂC�ã(GNN)�O�p&E[23]. T�{k�EGNNÚOþLp =
∑

(x,y)∈E(NNS(V ))

‖x − y‖p, Ù

¥VL«ã�º:8Ü, S��½���8Ü(k ���ê8Ü), NNS(V ) L«V ¥z�º:�S8Ü

¥���iC��¤�k�2ÂC�ã8Ü, E(NNS(V ))�2ÂC�ã�ë>8. ,�|^GNN ÚO
þ�ORWnyi �Ĥα(X1:n) = 1

1−α log
Lp(X1:n)

γn1−p/d , Ù¥p = d(1 − α), pL«ål��g, dL«êâ��Ý,
γ��6ud, p, S�~ê. �α = 0.99�, RWnyi�CquShanon�. p&E�O�ã, k^copula¼êé
z�Cþ?1î��O¼êC�, C��CþéÜ��K��¤�Op&E.

���q5(NS)´,�«Äuk-NNã�E�'éÝþ�{[24]. §b�: ü�Cþ�me�3'
é'X, @o��:3��Cþe��Ø:é�VÇ´3,��CþeéA��Ø:. Äudb�,
Äk�ï
�Cþ���ã!�ëãÚ�p��ã, ,�©O(½z�ã�ë>©Ù, ÏL'��ë
>©Ù��C§Ý�äCþm�'érÝ.

Äuk-NNã��O�{�Ä¤k���ë>©Ù,(½ë>©Ù����9ü�ëê. êâ©Ù
���¹e, Ta�{���ÀJ���J(½, Ú\�õëê¬O��O �, ^uõ«'é'X
£O¬��üS(JØ��.

3.3 Äuk-NNâ�'éÝþ�{

�!b�: Cþm�3'é'X§K�Cþ����3�q��(�; ÏL|¢�CþÜ·��
���, K�é��Ó��(�.

�½��8S = {(X1, Y1), · · · , (Xn, Yn)}5géÜ©Ù(X,Y), >SCþX, Y���©O�SX =

{X1, · · · , Xn}!SY = {Y1, · · · , Yn}. �½A½��|Ü(kx, ky)((kx, ky)���êé), ¡Nkx
X (X) =

{Xj1 , · · · , Xjkx
}�X���kx-NNâ, Ù¥eIS�j1 < j2 < · · · < jkx�dd(X,Xji) = ‖X −Xji‖dXü
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S¼�, dX�X�mþ�lp�ê(d?p = 2). SX¥¤k���kx-NNâ/¤SX�CX,=
n⋃
i=1

Nkx
X (Xi) =

SX. Ó�/��8SY��3CX
n⋃
i=1

N
ky
Y (Yi) = SY. ��|Ü(kx, ky)/¤��8S�CXP�Ckxky .

-S|Ckxky
���8S3CXCkxkyþ�©Ù, ØÓ��|Ü/¤ØÓ�©ÙS|Ckxky

.

3.3.1 ��p&E

|^���k-NNâ�O����Ä�$�ü , ½ÂA½��|Ü(kx, ky)e©ÙS|Ckxky
���

�Ú��p&E. .

½Â1 �½X���8SX, Nkx
X (Xi)�Xi�kx-NNâ, Xi�����

NHkx(Xi) = −log
|Nkx

X (Xi)|
n

, (1)

CþX�����

NHkx(X) = − 1

n

n∑
i=1

log
|Nkx

X (Xi)|
n

= − 1

n

n∑
i=1

log
kx
n
. (2)

Ù¥| · |L«8Ü�Äê.

úª(1)¥éê'~�w���Xi�ÛÜVÇ. dúª(2)�, ∀Xi÷v1 6 |Nkx
X (Xi)| 6 n− 1, Ïd

¤álog n
n−1 6 NHkx(X) 6 log(n). NHkx(X) = log(n)��=�¤k��Ñ�k��C�; NHkx(X) =

log n
n−1��=�¤k��Ñòg��	�:���Ø. Cþ��������ØêkxCz, ù¿�3

k�&E����±gd�½Cþ�Ø(½5.

½Â2 �½�ÅCþX, Y���SX, SY, ±9A½��|Ü(kx, ky). Nkx
X (Xi)�Xi�kx-NNâ,

N
ky
Y (Yi)�Yi�ky-NNâ, éÜ©Ù¥��(Xi, Yi)3CXCkxkye���âP�N

Ckxky

X∗Y (Xi, Yi), Ù��
éÜ��:

NHCkxky
(Xi, Yi) = −log

|NCkxky

X∗Y (Xi, Yi)|
n

, (3)

(X,Y)���éÜ��

NHCkxky
(X,Y) = − 1

n

n∑
i=1

log
|NHCkxky

(Xi, Yi)|
n

. (4)

d?½ÂN
Ckxky

X∗Y (Xi, Yi) = Nkx
X (Xi) ∩N

ky
Y (Yi), K(X,Y)���éÜ��L«�

NHCkxky
(X,Y) = − 1

n

n∑
i=1

log
|Nkx

X (Xi) ∩N
ky
Y (Yi)|

n
. (5)

AO/, Nkx
X (Xi) ∩N

ky
Y (Yi) = ∅¿�X1i���:3(kx, ky)��|Üevk�Ó�Ø, d�T�

�éCþéÜ���z�0, �½log 0
n = 0.

½n1 NHCkxky
(X,Y) > NHkx(X), NHCkxky

(X,Y) > NHky (Y).

y² ∀ (Xi, Yi) ∈ S, Xi ∈ SX, yi ∈ SY, kN
Ckxky

X∗ Y (Xi, Yi) ⊆ Nkx
X (Xi), N

Ckxky

X∗Y (Xi, Yi) ⊆
N
ky
Y (Yi), @o|N

Ckxky

X∗Y (Xi, Yi)| 6 |Nkx
X (Xi)|, |N

Ckxky

X∗Y (Xi, Yi)| 6 |N
ky
Y (Yi)| ¤á, ÏdNHCkxky

(X,Y) >

NHkx(X), NHCkxky
(X,Y) > NHky (Y).
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½n1L²ü�>S����Óû½éÜ���. Ïd, 3k�&E���¹e, (½Ðü�>S
���, éÜ�����(½.

½Â3 �½��8SX, SY, ±9A½��|Ü(kx, ky)(½�CXCkxky . Xi, YiÚ(Xi, Yi)���

â©O�Nkx
X (Xi), N

ky
Y (Yi)ÚN

Ckxky

X∗Y (Xi, Yi), KéÜ��(Xi, Yi)���p&E�:

NMICkxky
(Xi, Yi) = −log

|Nkx
X (Xi)||N

ky
Y (Yi)|

n|NCkxky

X∗Y

(Xi, Yi)|

= −log
|Nkx

X (Xi)||N
ky
Y (Yi)|

n|Nkx
X (Xi) ∩N

ky
Y (Yi)|

= log
n|Nkx

X (Xi) ∩N
ky
Y (Yi)|

kxky
,

(6)

éÜ©Ù(X,Y)���p&E�:

NMICkxky
(X,Y ) = − 1

n

n∑
i=1

log
|Nkx

X (Xi)||N
ky
Y (Yi)|

n|Nkx
X (Xi) ∩N

ky
Y (Yi)|

=
1

n

n∑
i=1

log
n|Nkx

X (Xi) ∩N
ky
Y (Yi)|

kxky
.

(7)

úª(6)�±�¡Å:��p&E,éÜ��p&E�Å:��p&E�Ú.eNkx
X (Xi)∩N

ky
Y (Yi) =

∅, KNMICkxky
(Xi, Yi) = 0. NMICkxky

(X,Y) = 0 ��=�¤kNMICkxky
(Xi, Yi) = 0, i = 1, · · · , n.

=S¥¤k��3A½��|Ü(kx,ky)eÑvk�Ó�Ø.e|¢ØÓ��|Ü,NMICkxky
(X,Y) = 0

Ñ¤á, K�@�ü�CþmÃ?Û'é'X.

½n2 �½(X,Y)3A½��|Ü(kx,ky)e���p&ENMICkxky
(X,Y), Xe5�¤á:

(1) NMICkxky
(X,Y) = NMICkxky

(Y,X);

(2) NMICkxky
(X,Y) = NHkx(X) +NHky (Y)−NHCkxky

(X,Y);

�ìShannon�Úp&E�½Â, þã5�w´�.

�XÚ\k�8Ü¥�����'éVg.

½Â4 �½��:(X,Y ) ∈ SÚA½��|Ü(kx,ky), Nkx
X (X)�X�kx-NNâ, Nky

Y (Y )�Y�ky-
NNâ. eNkx

X (X) ⊆ Nky
Y (Y ),K¡(X,Y )´kx×ky��'é�;eNky

Y (Y ) ⊆ Nkx
X (X),K¡(X,Y )´ky×

kx��'é�.

d½Â4�, z���:3A½��|Üe�3ü«ØÓ�'é��.

Ún1 e��:(X,Y )´kx × ky��'é�, KNMICkxky
(X,Y ) = NHky (Y ); e(X,Y )´ky ×

kx��'é�, KNMICkxky
(X,Y ) = NHkx(X).

½n3 �½��8S, SX, SYÚA½��|Ü(kx,ky), eSX¥¤k��Ñ÷vkx × ky��'é,
KNMICkxky

(X,Y) = NHky (Y); eSY¥¤k��Ñ÷vky × kx��'é, KNMICkxky
(X,Y) =

NHkx(X).

d½n3��, NMICkxky
(X,Y) 6 min{NHkx(X), NHky (Y)}. �Ò¤á�^�´: ¤k����

÷v�«��'é. d�¿�X3A½��|Ü(kx, ky)e, ��Cþ���&E��d,��Cþû
½.
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Ún1Ú½þ3(ÜL²,��p&E�ïþCþm�'é§Ý,��äd3'X�'é��,�£
Oü���é�N'érÝ��z, Ó���ü� l�Nª³���:. ,, °þCþm'é'
XE,õ�, ¢�¥�JÏL�|T����|Ü(kx,ky)£OÑõ«'X/ª. ØÓ��|Ü�)Ø
Ó��'é, KÜØÓ��'é�O'éÝþ´�«�1üÑ.

3.3.2 ����Xê(MNC)

Äk½ÂS���A�Ý
(NM), ,�ÄuNM½Â����Xê(MNC).

½Â5 �½��8ÜSÚ��|Ü(kx,ky), S��A�Ý
(NM)¥����:

NM(S)kx,ky =
NMI(S|Ckxky

)

log n
max(kx,ky)

. (8)

NMI(S|Ckxky
)L«©ÙS|Ckxky

þ���p&E. d½n3�, úª(8)¥©1�A½��|Üe�
�p&E����, Ïd��Ý
¥����� u[0, 1]. 8�z?nkÏuÓ��êâ8ØÓCX
þ'érÝ�'�, �kÏuØÓêâ8�m'érÝ�'�.

½Â6 �½k���8S, ±9��|¢��NB(n), ����Xê(MNC)�:

MNC(S) = max
16kxky6NB(n)

{NM(S)kx,ky}. (9)

Ù¥1 6 kxky 6 O(nα), 0 < α < 1.

Ü·�NB(n)��'��: ����L�¬p�Õá'X, L�¿�X�U�÷{ü'é'X.
©¥l¢�þ�Ñk������n0.7 ∼ n0.8. ÃAÏ�½, æ^NB(n) = n0.8?1¢�©Û.

3.3.3 MNC��'5�©Û

�!�yMNC3�êâ'é'XÝþI÷v5�¥�Ly:

(1) 2�5: MNCÄu��:mål(½��, �ICþ�m�3ålÝþ, Ò�¼�MNC. ©
z[28]¥�L²Äu���E�p&EU·Aõ«Cþa..

(2) é¡5: MNC(X,Y) = MNC(Y,X). d½n2(1)�, NMIäké¡5. MNC´8�z�NMI,
é¡5ØC.

(3) �'5: 0 6 MNC(X,Y) 6 1. d½Â5Ú½Â6´�¤á. d½Â3Ú½n3�, MNC = 0L

«CþmÕá, MNC = 1L«Cþm�3r'é'X.

(4) Ê·5: MNCÄu��â�O, ´�«�ëê�O�{, �êâ©ÙÃ'. L1¥üN5ØÓ
�'é'X�y
T5�.

(5) þï5: þï5VgÄgdReshelf�<JÑ�´vknØ�â, Kinney�lêâ?nØ�ª
L§�ÝJÑSelf-þï5. ü«�Ý�þï5Úåéõ�Æ[12, 25,26], kïÄö@�ùü«�Ý�UÓ
��3[27]. ã3Úã4¢�(JL²MNCÓ�÷vü«þï5. �©íÿü«þï5½ÂäkÚ��
êÆ/ª, þï5��U�p&E�O�ª, �YïÄò&².

(6) üN5: MNClêâÛÜÿÀ(�Ñu�E, Cþm'érÝ�CzÉ'é'X�m(�C
z�K�, ÏL'érÝ�Cz£OCþmd3�'X/ª. õ�Cþ©Û¥, 'é'X�½, 'ér
Ý�Cþ�ÝCz�(J®L²Ù�(5.

(7) �*Ð5: ��ØÓ�ÝCþ�m�3ålÝþ, MNCÒ�O�.
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Figure 1 Empirical performance of different parameters on independent data

4 ¢�©Û

��yMNC�k�5Ú`�5, ÀJüaêâ8(�[êâ8!ý¢êâ8), 8«�L5�{�
�©Û!é'é�. üaÄu��À���{5UÉëêK���; Pearson�'Xê(ρ)[7]�£O�5
'X�Ø£O��5'X; Spearman[8]�'Xê�£O{üüN'X�Ø£OE,±Ï'X, ©¥�
^5�ä'X�üN§Ý; MIC[10]�£Oõ«'é'X�ØU�xCþ|m'é'X; dCor[18, 19]�
ïþõ�Cþm�'é'X�£OE,'é'XUå�f. ÏLÚù
�{'�, lØÓ�Ý�N
yMNC�A:. ¢�¥êâÑ^min-max8�z�{?n, ¦Cþ�� u[0,1]. �9ëê�'��
{XÃAÏ`², Ñæ^%@��. ��B'�, MIKSG!MILNCÚMIGNNk²LNI =

√
1− e−2IC

�, ¦Ù�� u[0,1], Ù¥IL«p&E.

4.1 ëêk�5©Û

Äk,u�MNC¥ëêéØÓ�Ý!ØÓ��þ�ÚOÕáêâ�K�.ã1z�fã¥, x¶L«
ÚOÕáêâ���þ,l100�5000�8«�¹; y¶L«MNC�©,^éA��100gE¢����
ãL«,IKP¹ü�ÕáCþ��ÝÚ¢����ëê. ¢�(Jw«,¤kfã¥MNC����þ
�Czª³��.=�½Cþ�ÝÚëê, MNC��X��þ�O\Åì~�¿ªu0. ùL²ÕáC
þ�MNC�3����¹e ���. fã(a)-(d)�Cþ�ÝÅìO\, ��ëê���α = 0.5. ©
Û�Ó��þØÓ�ÝMNC��Cz,uy100gÁ��MNC²þ�(��ã¥�ùÚ�)'��C.~
X��þ�2000�, 4«ØÓ�Ýe�MNCþ��0.11, 100gÁ��ÅÄ���[0.09,0.12]. ùL²ÚO
Õá�¹e,Cþ�ÝCzéMNC��K���. aq/,fã(e)-(h)�Cþ�ÝCz�(a)-(d)¥��
ÝCz�Ó,�´��ëê��α = 0.8. 3d��e, MNC3�Ó��þØÓ�Ýþ�Cz�fã(a)-
(d)�Ly��, 100gÁ��²þ��å���. ùL²α���éÚOÕáCþ�MNC�K���.
(Ük�£O°þCþmõ«d3'é'X/ª�I¦, �Y¢�ò�������NB(n) = n0.8.
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L 1 '��{3ÃD('Xþ�Ly

Table 1 Performance of all methods on noiseless functional relationships

Relationship

Type

Figures SpearmanPearson MIC MIKSG MILNC MIGNN NS MNC

Random 0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0 0.2 0.4 0.6 0.8 1 0.03 0.03 0.17 0.13 0.13 0.26 0.00 0.21

Linear 0 0.2 0.4 0.6 0.8 1
0

1

0.9

0.6

0.5

0.4

0.3

0.2

0.1

0.8

0.7

1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Exponential 0.8 0.85 0.9 0.95 1
0

1

 10
9

10

9

8

7

6

5

4

3

2

0.7 0.75 1.00 0.87 1.00 1.00 1.00 1.00 0.99 1.00

Cubic -6

-4

-2

0

2

4

6

8

10

12

0 0.2 0.4 0.6 0.8 1 0.78 0.66 1.00 1.00 1.00 0.99 1.00 1.00

Linear Periodic 0.6 0.8 1
-1

-0.5

0

0.5

1

1.5

2

0.20 0.4 0.31 0.33 1.00 0.74 0.74 0.93 1.00 1.00

Sin

(Fourier frequency)

0 0.2 0.4 0.6 0.8 1
-1

-0.5

0

1

0.5

0.14 -0.09 1.00 0.05 0.05 0.93 0.99 1.00

Sin

(Varying frequency)

0 0.2 0.4 0.6 0.8 1

-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

-0.11 -0.11 1.00 0.04 0.04 0.98 0.99 1.00

Parabolic 0.8 1

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0 0.2 0.4 0.6 -0.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00

Sin

(nonFourier frequency)

0 0.2 0.4 0.6 0.8 1

-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

0.00 0.00 1.00 0.38 0.38 0.97 0.80 1.00

4.2 �[êâ¢�©Û

�!3��Cþ'é'X!õ�Cþ'é'X��[êâþ�yMNC�£OE,'é'X.

4.2.1 ��Cþ©Û

��Cþ'é'Xêâ©Û�ã, 3ÃD('é'Xþu�MNC�Ê·5, 3kD(!üN5Ø
Ó�¼ê.'é'Xþu�MNC�þï5.

(1) Ê·5: òMNCA^uõ«ØÓ/ª�'é'X(L1¥1���'é'X¶, 1���é
A�'X«¿ã. ¤�'X5g©z[10], ¿USpearman2?1üN5üSü�), ¿^ØÓôÚ«©
ë�'��'éÝþ3'Xêâ8þ�©�. Äu��À��üa�{ÉëêK���, ÏdL1 ¥
¤�(J�õ�ØÓëê��e��`�. *	L1¥(J��, MNC(��1�)ÚMIC(15�)3¤k
r'é'Xþ�Ly��, ¤�'érÝÑ�1, ùL²
MNC�U£OØÓ/ª�'é'X. �Ù
§�{�', MNC�5U²w�`, cÙ3üN5f!±Ï5r�'é'Xþ�, Ù§�{�Ñ�
'érÝ�$. ,	, Äuk-NNã�ü«�{MIGNN!NS3¢�þ�`uÄuk-NNÚOþ�ü«�
{MIKSG!MILNC ,Ï�§�3üN5f!±Ï5r�'é'Xþ��©�p. ��5¿�´, MNC3
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Figure 2 Functions f used to analyze the equitability of MNC and colored with descending monotonicity

�ÅCþþ��© p, ùÌ��êâ���þ�k'(ã1��).

(2) þï5: òMNCA^u21�kD(!üN5ØÓ�¼ê.'é'Xêâ8, *	¤k'X
þMNC��D(þ�Czª³. ¢�êâ8)¤�ªÓ©z[12]: Y = f(X) + η, f�ã2¥¤«
�üN54~¼ê'X, η�Ñlþ!©Ù�\ÚD(�, ¢�¥���24�ØÓD(Y². ã2Ð
«Reshelf�<JÑ�R2-þï5,^1-R2(Y, f(X))ïþD(þ, R�Pearson�'Xê. ã3Ð«Kinney�
<JÑ�Self-þï5, ÏLM(X,Y ) = M(f(X), Y )¤á�Ä,�ä'éÝþM3�ÓD(Y²�éØ
Ó'é'X�£OUå. ü�ã¥, cü1Ð«Äuk-NNÚOþ�{�5U, ¥mü1Ð«Äuk-
NNã�{�5U, ùüa�{©O�Ä3ëêk =2!3!5!10o«�¹þ�5U. ���1Ð«dCor,
MICÚ�©¤JÝþMNC�5U. z�fã¥, x¶L«D(þ, y¶L«éAÝþ��©�. *	ü
«þï5�I�D(þ�Czª³, uyØÓ¼ê'XMNC��Cz���`uÙ§�{. =3
�ÓD(Y²e, ØÓ¼ê'Xþ�MNC��C; 3�D(�¹e, ��Ñy �,«'é'X�y
�. ùl¢�þL²MNC÷vü«þï5½Â, é'é'X/ªvk �. ,, MIC3�D(�²w
��u{ü¼ê'X(7Ú��ùÚ�©l); MIKSG3ØÓ¼ê'Xþ��©Czª³3ü«þ

ï5½Â¥Ñ�©Ñ, �3k�����©Ñ§Ý��, `²T�{5UÉëêÀJK���; U?�
�MILNC3ØÓ'Xþ��©�D(þ�Czª³�MIKSG;n, ��3ØÓëê��eLyØÓ;
Äuk-NNã��{3ü«þï5þÃÂñ5Æ, §�äk�D(þ�'é'X�p�©ê(�D(þ
éA�7Ú:), %òäk�D(þ�'é'X�ä�0(�D(þéA�ùÚ:). ùL²Ta�{É
D(K���,Ø·Ü£OE,'é'X; dCor3üN5'Xþ�Czª³²w©lu�üN'X,L
²dCoré'é'X/ªk �. Äuk-NNâ�O�MNCÝþ3ü«þï5þ�5UÑ`uÙ§üa
Äu��À��'éÝþ,íÿ�MNC3�EL§¥�Ä��k��Ø��é�S�äN��k'.
,	, MNC3ü«þï5½Âþ�Ly��, íÿü«þï5äk���êÆL�/ª.

4.2.2 õ�Cþ©Û

þ!¢�(J®L², MNCU£Oõ«E,'é'X, �é'X/ªäkÃ 5. �!3õ�C
þêâ8þ�yMNC�üN5. Äu��À��üa�{ÉëêK����é��E,'é'X�
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Figure 3 Performance of all comparison measures on R2-equitability
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Figure 4 Performance of all comparison measures on Self-equitability
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Figure 5 Empirical performance of MMC and dCor with respect to three different relationship types as the dimension of
variables associated with Y in X increases. (a) Linear relationship; (b) Mixed relationship; (c) Nonlinear relationship

Y = X1+sin(3*pi*X2)

X 2

X1

0

0.5

-1

0

-0.5

0.2
0.4

0

0.6 10.8
1

0.5Y

1

1.5

2

(a) X = (X1, X2)

Y=X1+sin(3*pi*X2)+X1
2

X1

X 2

0

0.5

-1

0
0.2

0

0.4
0.6 10.8

1

1Y

2

3

(b) X = (X1, X2, X2
1 )

Y=X1+sin(3*pi*X2)+X1
2
+X2

2

X2

X1

0

0.5

-1

0

0.4
0.6 1

1

0.8
1

Y

2

3

4

0
0.2

(c) X = (X1, X2, X2
1 )

Y=X1+sin(3*pi*X2)+cos(X1
2
)+(X2-0.5)

3

X1

X2

0

0.5

0

0

0.5

0.2
0.4

1

0.6 10.8
1

1.5Y

2

2.5

3

(d) X = (X1, X2, X2
1 , X

2
2 )

Y=X1+sin(3*pi*X2)+X1+X2

X1

X2

0

0.5

-1

0

1

1

1

Y

2

3

4

0
0.2

0.4
0.6

0.8

(e) X = (X1, X2, X1, X2)

1 2 3 4 5

Association type

Sc
or

e

MNC

dCor

1

0.9

0.8

0.7

0.6

0.5

0.4

0.3

(f) Experimental result

ã 6 CþX¥Ê«P{'Xa.9MNCÚdCor3��¹þ�Ly
Figure 6 Five redundant relationship types in X and empirical performance of MMC and dCor in each case

£OUå�f, MIC!Pearson�'XêÚSpearman�'XêØU£Oõ�Cþ'é'X, ù
�{Ø
ë��!'�. dCor �3é'é'X/ªk ��"�, ��ïþõ�Cþm'é'XrÝ, �!�
�ÄO�{�yMNC�üN5.

Äk�EØÓ/ªõ�Cþ'é'X(ã5-ã7¥z�fã�IKL«'X/ª), z«'é'X
d500�þ!æ�:/¤,Ù¥XCþ�f©þm�pÕá,¢�(J^100gÕá¢����ãL«.

(1) CþY�CþX�m'é'X/ª�½, Y�X¥�z�©þÑk'é. ã5(a)-(c), 'é'X
�E,§ÝÅìO\. z�fã¥, x¶L«O\#©þ�CþX��Ý, y¶L«'éÝþ��©.
(a)Ú(b)fã¥, �XX¥��Y�'©þ�Ý�O\, dCorÚMNC�þ�ÅìO�(7Ú�ÚùÚ
�©OL«ü«Ýþ100g¢�²þ��Czª³). (c)¥'é'X���5§Ý��, dCor�þ�
�X�'�Ý�O\�~�. ùL²�XX¥�Y�'Cþ�Ý�O\, Y�X�'érÝO\.

(2) CþY�CþX�m'é'X/ª�½, ã6(a)Ð«
n�Cþm�3�'X, Ù¥Y�X1ä

k�5'X�X2äk��5±Ï'X. (b)-(e)X¥ÅìO\�X1ÚX2¥�5½��5'X�P{�

Ý, ¿Ð«éAÑ:©Ù. (f)Ð«Ê«'é'XþMNC�5U. ¢�(JÐ«, MNC3Ê«'X¥�
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Figure 7 Empirical performance of MMC and dCor with respect to three relationship types as the dimension of indepen-
dent variables with Y in X increases. (a) Linear relationship; (b) Mixed relationship; (c) Nonlinear relationship

�©��ã�Ä��C1. ùL²MNCÉP{�ÝÚP{'X/ªK���. dCor3��5P{'
X(d)Ú�5P{'X(e)þ�þ�����0.3, `²ÙÉP{'X/ª�K��, Ø·Ü£Oõ«'
X/ª¿��õ�Cþ'é'X�÷?Ö.

(3) CþY�CþX�'é'X�½, X¥ÅìO\�YÚX¥©þÕá�Cþ,*	MNCÚdCor�
�X�ÝO\�Czª³. �ã5¥'é'X/ª�Ó,ã7¥x¶L«XCþë�O���Ý, y¶�'
éÝþ�©. ¢�(JL², ü«�{3n«'Xþ�'érÝ�D(�Ý�O\Åì~�, ¿�
XMNC!dCorU£O�½'X¥Ûõ�D(.

õ�Cþm'é'X©Û(Jw«, MNC�üN55U`udCor. ùL²MNCÏL£O'é'
X���(��ä'érÝ, Ïd�ÏLMNC��Cz�äCþX¥�Y��'�Cþf8.

4.3 ý¢êâ¢�©Û

�!3ý¢êâþ�yMNC�k�5Ú`�5. =MNCØ=ä�Ê·5Úþï5, �ÏüN5
¤á�^uõ�Cþmd3'é'X�£OÚçÀ.

òMNCA^uïÓ�Uêâ8[29]. Têâ8�)768���, 8�A�Cþ: �é;¢Ý(X1),L¡
È(X2),p¡È(X3),Âº¡È(X4),oNpÝ(X5),��(X6),Àæ¡È(X7),Àæ¡È©Ù(X8)Ú2�
ÏCþ: 9KÖ(Y1), eKÖ(Y2). d?=�÷�9K1ÏCþ;��'�A�Cþf8. ©¥�O

MNC-ρ2ÚOþ^u�ä'é'X���5§Ý. TÚOþ����, L²'é'X���5§Ý
�r. ��Cþ'é'X�÷�ã, Ð«MNC!ρ!Spearman!dCorÚMIC�£OÚ×À(J, Ó�
�Ð«MIC-ρ2[10]ÚMNC-ρ2 é'é'X��5§Ý��ä(J. õ�Cþ'é'X�÷�ã, =Ð
«MNCÚdCor�£OÚ×À(J.

L2Ð«UMNC�üSü���¤éA�Cþé9¤�ÚOþ��©. *	�Lc8|A�Cþ
é, MNCÚMICé§��'érÝ�ä�1½�C1, `²üöér'éA�Cþé��éüS��;
Spearmanýé�!ρýé�ÚdCoré¤�Cþé'érÝ��é���ä���; ØÓ�?3u, M-
NCÚMIC3(X1,X3)!(X2,X3)Cþéþ�'érÝép, Spearmanýé�!ρýé�ÚdCor3ü|
Cþéþ�'érÝ�$, Ó�uyMIC-ρ2!MNC-ρ23ü|Cþéþ�©��p. (Ü¤'��{
�A:ÚMIC-ρ2!MNC-ρ2ÚOþ��ä'é'X��5§Ý�õU, ��MNCé'é'X/ªÃ 
�, �éd3'é'X?1ú²üS.

L3Ð«ØÓ�{é¤kA�Cþ�Y1'é§Ý��ä, ¿UMNC�üSü�. é'(Juy,
MNCÚMICò(X1,Y1)!(X2,Y1)�u�Lºà, `²üöÑ@�X1!X2�Y1�'é, ù�©z[29]Ä
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L 2 ØÓ�{ïþ8�A�Cþüü�m�'érÝ
Table 2 Different measures to compute the associations strength of pairwise variables

Xvar Yvar MNC Spearman dCor MIC MNC-ρ2 MIC-ρ2 rho

X1 X2 1 -1 1 1 0.02 0.02 -0.99

X1 X3 1 -0.26 0.45 1 0.96 0.95 -0.20

X1 X4 1 -0.87 0.88 1 0.25 0.25 -0.87

X1 X5 1 0.87 0.86 1 0.31 0.31 0.83

X2 X3 1 0.26 0.45 0.99 0.96 0.95 0.20

X2 X4 1 0.87 0.89 1 0.22 0.22 0.88

X2 X5 1 -0.87 0.89 1 0.26 0.26 -0.86

X4 X5 1 -0.94 0.99 1 0.05 0.05 -0.97

X5 X6 0.79 0 0 0 0.79 0 0

X3 X5 0.78 0.22 0.31 0.37 0.71 0.30 0.28

X3 X4 0.72 -0.19 0.34 0.39 0.63 0.30 -0.29

X4 X6 0.66 0 0 0 0.66 0 0

X1 X6 0.58 0 0 0 0.58 0 0

X2 X6 0.58 0 0 0 0.58 0 0

X3 X6 0.56 0 0 0 0.56 0 0

X5 X8 0.5 0 0 0 0.5 0 0

X3 X8 0.42 0 0 0 0.42 0 0

X6 X8 0.40 0 0 0 0.40 0 0

X7 X8 0.38 0.19 0.21 0.34 0.33 0.29 0.21

X3 X7 0.36 0 0 0 0.36 0 0

X5 X7 0.34 0 0 0 0.34 0 0

X4 X8 0.25 0 0 0 0.25 0 0

X4 X7 0.25 0 0 0 0.25 0 0

X1 X8 0.25 0 0 0 0.25 0 0

X2 X8 0.25 0 0 0 0.25 0 0

X6 X7 0.25 0 0 0 0.25 0 0

X1 X7 0.23 0 0 0 0.23 0 0

X2 X7 0.23 0 0 0 0.23 0 0
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L 3 8�A�Cþ�91Cþ�'é'X
Table 3 Associations of 8 variables against heating load

Xvar Yvar MNC MIC Spearman dCor MIC-ρ2 MNC-ρ2

X1 Y1 0.81 1 0.62 0.76 0.61 0.43

X2 Y1 0.81 1 -0.62 0.78 0.57 0.38

X3 Y1 0.72 0.67 0.47 0.43 0.46 0.51

X4 Y1 0.66 1 -0.80 0.91 0.26 -0.09

X7 Y1 0.65 0.68 0.32 0.25 0.60 0.57

X5 Y1 0.51 1 0.86 0.92 0.21 -0.28

X8 Y1 0.45 0.26 0.07 0.09 0.25 0.44

X6 Y1 0.39 0.14 0 0.01 0.14 0.39
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ã 8 ENBêâ8¥�L5'XÐ«: (a)-(c) dMNCuy; (d)-(f) ddCoruy
Figure 8 Demonstration some representative associations of ENB: (a)-(c) by MNC, (d)-(f) by dCor
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up&E�äX1!X2�Y1��'�(Ø��; MIC!dCorÚSpearman�(X4,Y1)!(X5,Y1)�p�'é
rÝ�, òX4!X5�Y1�'é'X`kuÙ§Cþ, ,©z[29]L²X4!X5�Y1¥�5�', ù
�N
dCor!Spearman�I`k£O�5'X�A:. MNCò(X3,Y1)�u�L1n , (ÜMIC-
ρ2ÚMNC-ρ2�Ñ�p�ÚdCor!Spearman£O'é'Xk ��A:, ·�íäX3�Y1�m�3�

�5'é'X, ù3�+�;[)º.
�©ÛMNC£OÚçÀõ�Cþm'é'X�Uå, ©¥'�
¤k�UA�Cþ|Ü(256-

8=248«)�Y1�'érÝ, ¿Ð«z«|Ü�¹MNC!dCor� uc5�Cþ|Ü(L4). L3¥, M-
NCòX2�ä�Y1��'éCþ��; L1¥, X2ÚX7�MNC� u�L.à(�@�üöÚOÕá);
�X2 �X7 |Ü��, MNC�O\: MNC(X2, Y1) = 0.81, MNC(X7, Y1) = 0.65, MNC(X2, X7) =

0.81, MNC((X2, X7), Y1) = 0.94. ÚOÕáA�CþéÜ��ÏCþ�'érÝO�, ùL²MNCU
�÷�ACþý�'é�gCþ. L3¥dCor`kÀJX5!X4�Y1��'éCþ,3L4¥�ò(X5,X4)
|Ü u�L�Ä.,,L2¥w«X5�X4�3²w��5'X(ρ = −0.97),ù`²dCor ��5'
é'X. ã8 ©OÐ«
MNC!dCorü�Ä �'é'X, MNC ×ÀÑ�'é'X(c)²w'dCor×
ÀÑ�'é'X(f)E,, äN�Ï3�;[)º.

*	L4¤��Cþ|Ü, uyz«|Ü¥X7Ñ��MNCÀ¥, `²X7�Ù§Cþ|Ü�Or


�Y1�'é§Ý. ù�;�+�©z[29]�(Ø: X7�Y1f�', �éJpY1ýÿ°Ý��, �¬Ü.
,	uy,�XA�Cþ�ê�O\, MNCk�±ØC�~�. ±z«|Ü�Ä1Cþ|Ü�~,Å
ìO\�A�Cþ�g�X5!X4!X3!X1!X8ÚX6, Ù¥X8´MNCCz�$:. (ÜL2!L3��,
X5!X4!X1�X2pÝ�5�'(ρ���), X3�X2�3��5'é'X(MNC, MIC, MIC-ρ2ÚMNC-
ρ23Ùþ�©�p). X5!X4!X3ÚX1�w�X2�P{Cþ, Ï�Xù
Cþ�O\, MNC�ØC;
X8ÚX6�¤kA�Cþ�'érÝ��(ë�'���{3Ùþ�©�Ñ��)!�Y1�'érÝ�u
L3�.à. X8ÚX6�w�Y1�ÚOÕáCþ, �Xù
Cþ�O\, MNC�~�. ùþL²MNCü
N5¤á.
nþ, �[êâÚý¢êâ¢�(JþL², MNCÏL&¢'é'X���ÿÀ(�£Od3E

,'X, É'X/ªK���, �^uõ�CþmE,'é'X�÷?Ö.

5 o(

E,'é'X�&¢�£O´�êâ�µeêâ�÷��c÷�K, äk��Æâ¿ÂÚ
2��A^d�. �©�é°þCþmõ«E,'é'X��ú²£O�I¦, }Á�Ñ
�êâ�
µe'é'XÝþI÷v�5�, ¿�O
�«U
÷vT5������XêMNC. TXê�Ñ

üaÄu��À��'éÝþ5UÉëêK����":, �Ö
MIC�U£O��E,'é'
X!dCor �u{ü'é'X�Øv.
þï5¢�uy, MNCÓ�¥yÑR2-þï5ÚSelf-þï5�A:, íÿþãü«þï5½Âä

kÚ��êÆL�, f�üö�m'XkÏuéE,'é'X��(��&¢Ú�O. d	, ��â
�ÚO5�!��â�k��Ý�nØ)ºéE,'é'X�÷+�åXÄ:5�K��^, ùò´
�5E,'é'X�÷+��Ì�ïÄ����.

ë�©z

1 Young A I, Benonisdottir S, Przeworski M, et al. Deconstructing the sources of genotype-phenotype associations in
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L 4 ØÓA�Cþ|Ü�¹e, ©OdMNCÚdCorÝþü3c5�'X
Table 4 Top 5 associations ranked by MNC and dCor on different combined variables

X Y MNC X Y dCor

(X2,X7) Y1 0.94 (X4,X5) Y1 0.92

(X1,X7) Y1 0.94 (X1,X5) Y1 0.91

(X4,X7) Y1 0.86 (X2,X5) Y1 0.91

(X5,X7) Y1 0.84 (X3,X5) Y1 0.91

(X3,X4) Y1 0.84 (X2,X4) Y1 0.89

(X2,X5,X7) Y1 0.94 (X3,X4,X5) Y1 0.92

(X1,X5,X7) Y1 0.94 (X1,X4,X5) Y1 0.91

(X2,X4,X7) Y1 0.94 (X2,X4,X5) Y1 0.91

(X1,X4,X7) Y1 0.94 (X4,X5,X7) Y1 0.91
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(X3,X4,X5,X7) Y1 0.94 (X2,X4,X5,X7) Y1 0.91
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(X1,X2,X3,X4,X5,X6,X7,X8) Y1 0.74 (X1,X2,X3,X4,X5,X6,X7,X8) Y1 0.88
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Association mining method based on neighborhood
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Abstract One of an important tasks in big data association mining is to identify potentially complex associations
among massive variables and to determine the strength of different forms of associations. However, the uncertainty
of data distribution!the diversity of associations make the measures based on distribution assumptions and data-
driven non-parametric measurement methods are difficult to ensure their applicability and accuracy. Therefore,
it is urgent to design an effective association measure that is unbiased to the relationship types. In this article,
starting from the fair ordering requirement of potential relationships in big data, we review the current axiomatic
conditions of association metrics, provide some possible properties that associations measures in big data should
to satisfy; discuss some shortages of two kinds association methods based on neighborhood; and propose a new
associations measure based on k-NN granule, called maximum neighborhood coefficient. The experiments on
artificial datasets and real datasets verify the effectiveness and superiority of the proposed method from different
perspectives. Finally, some interesting phenomena in the experiment and theoretical issues to be solved are
pointed out, we hope they will arouse deeper thinking and research in this field.

Keywords big data, complex associations mining, association measure, data-driven, granular computing, k-NN
granule
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