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§1. Ú ó

3êâ©ÛL§¥, ��ÅìÆS+�ÄOêâ¥�UCIêâ8¥�L40%Ñ¹k"

�êâ [1]. Ù¥¤©êâ´�«­��äkAÏAÛ5��êâa., ù«êâ2��

3u%nÆ(�mý���«|Ü)!/�(ñ��¶Ô¤©)!²LÆ([Ìý���ãÚ

I¦Â\�5), ��+�. ?1êâ�÷�, "���?nØ�¬¦�'kd��&E�

�Ñ [2], DÚ�"��WÖ�{��^uù«a.�êâ�U��Øû�(J. LittleÚ

Robin [3]l"�Å�ò"�êây©����Å"�(MCAR)!�Å"�(MAR)Ú��

��Å"�(MNAR). �
��Å���"� �, �©À^�"�a.´���Å"�

(MCAR), ="�êâu)�VÇ�Ø��CþÚ��CþÑÃ'.

¤©êâ�Vg�±J��1866cFerrers [4]�ó�, D�Ü©�ü/�m½Â�

SD =
{
x = [x1, x2, . . . , xD]T; xi > 0, i = 1, 2, . . . , D;

D∑
i=1

xi = c
}
. (1)

Ù¥, c > 0�~ê, ~��1. XJ���þx = [x1, x2, . . . , xD]Táuü/�mSD, @o

x����¤©, �ê�D − 1. �ÊÏêâ�', ¤©êâ÷v“�K5”Ú“½Ú5”, Ï

d3¤©êâþ��|^DÚ�ÚO�{¬���
ØÜn�(J�). Aitchison [5]@

∗ìÜ�p�Æ��ÆU��8(1OÒ: J2014006)!ìÜ�g,�ÆÄ7¡þ�8(1OÒ: 2015011044)ÚìÜ�I

S�EÜ�Oy�8(1OÒ: 2015081020)]Ï.
?ÏÕ�ö, E-mail: zhangxiaoqin@sxu.edu.cn.

�©2016c5�23FÂ�, 2016c9�24FÂ�?Uv.



1 1Ï Ü¡�, §�C: Äu�ÅÜ��.�¤©êâ"��WÖ{ 103

£�¤©êâ¥�'5�´�é&E
�ýé&E, Ïdz��¤©CþÑéA��

'~. 2000cAitchison� [6]JÑ�éê'C�(alr)Ú¥%éê'C�(clr), ±92003c

Egozcue� [7]JÑ��åéê'C�(ilr)þ�±ò��¤©êâ�þ=��Ñlu��©

Ù�î¼�þ, ²�A�ÚOíä©Û�, 2²L_C�C£¤©êâ, ù�k|uDÚÚ

O�{�¦^. �´, �õêÚO©Û�{´Äu��êâ�, ��êâ8¥�3"��

�, éê'C�òÃ{¢�, Ïd¤©êâ"���?nké�¿Â. �©�3JÑ�«W

Ö¤©êâ"���k��{.

8c, 'u¤©êâ"���WÖ�{Ì�©�ü�a: ëêWÖ{Ú�ëêWÖ{.

Ù¥, ëêWÖ{�)EM�{ [8]!S�£8WÖ{� [9], ù
�{�¦êâ�ê�u��

þ, CþmØU�3õ­��5, �ü/�m¥ëê��O´E��Ñ�JK. �ëêWÖ

{�)�Û~þWÖ{(global constant) [10]!á5þ�WÖ{(attribute mean)!¦{O

�{ [11]!kC�WÖ{�, Ù¥Hron� [9]JÑ�ÄuAitchisonål�kC�WÖ{3��

þ¦�Uõ��J²w, ���þ���"�Ç���Ã{é��"�����C���.

�©òé±þ¯K?1�\ïÄ. �Ä��ÅÜ�{´±ûüä�Ä:©aì�8¤©a

ì, 3?nî¼êâL§¥, |DUår, ÉÉ~�K��, éêâ�©ÙÃ��, Uk�©

Ûp�E,êâ. �©òéÄu�ÅÜ�{�¤©êâ"��WÖ�{?1ïÄ, Ï��

��«�p��¤©êâ"��WÖ�{.

�©(�Xe: 12!£�
�
¤©êâ�½ÂÚ5�. 13!Äk0�
�ÅÜ�

WÖ{, ���Ñ
Äu¤©êâ"����ÅÜ�WÖ�{. 14!ÏL�[êâÚ¢S

êâ�y
#�{�k�5. 15!�©Ù(Ø.

§2. ¤©êâ{0

�!ò�Ñ¤©êâ��åéê'C�9Aitchisonål�½Â, ù3�¡�¢�L§

¥ò¬^�.

½Â 1 [7] ��þx = [x1, x2, . . . , xD]T ∈ SD, -

zi =

√
D − i

D − i+ 1
ln

[
1

xi
D−i

√
D∏

l=i+1

xl

]
, i = 1, 2, . . . , D − 1. (2)

úª(2)�òkD�Ü©�¤©�þ=z¤��D− 1��¢�þz = (z1, z2, . . . , zD−1)
T, ù

«C�¡��åéê'C�(isometric log-ratio transformations, ilr). P�z = ilr(x).

Ù_C��ilr−1(z) = x = [x1, x2, . . . , xD]T, =

x1 = exp
{
−
√
D − 1

D
z1

}
;

xj = exp
{ j−1∑

l=1

1√
(D − l + 1)(D − l)

zl −
√

D − j
D − j + 1

zj

}
, j = 2, 3, . . . , D − 1;

xD = exp
{D−1∑

l=1

1√
(D − l + 1)(D − l)

zl

}
.

(3)
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²LilrC���êâÎÜIO�î¼�m�5�, ¿�DÚ�ÚO�{��±¦^. XJ

���Å¤©�þ²LilrC��Ñlõ���©Ù: ND−1(µ,Σ), K¡ù�¤©�þ3ü

/�mþ�Ñl��©Ù. P�x ∼ ND
S (µ,Σ), �ê�D − 1.

½Â 2 [6] �x = [x1, x2, . . . , xD]T, y = [y1, y2, . . . , yD]T ∈ SD, Kx�y�Aitchisonå

ldA½Â�

dA(x,y) =

√[ D∑
i=1

{
ln

xi
g(x)

− ln
yi
g(y)

}2]
=

√
1

D

D−1∑
i=1

D∑
j=i+1

(
ln
xi
xj
− ln

yi
yj

)2
. (4)

�AitchisonåldA�uéA��þ²L�åéê'C���ilr(x)Úilr(y)3îª�mþ

�åldE , =

dA(x,y) = dE(ilr(x), ilr(y)) = ‖ilr(x)− ilr(y)‖.

§3. Äu�ÅÜ��"�êâWÖ{

Breimanu2001cÄgJÑ
�ÅÜ�{ [12]. äNL§�: |^bootstrap­Ä�Eâ,

l�©Ôö8N¥k�£�­E�ÅÄ�b���)¤#���8, Ó�)¤b�éA�©

aä|¤�ÅÜ�ÏLù�Ü�é��êâ?1ýÿ, À�Ý¦�õ�©a. |^�ÅÜ

�U2�?nõ«a.�êâ9ÙÑÚ�©aUå, StekhovenÚBühlmann [13]ÏL*ÿ�

éî¼êâ�"��?1ýÿ. e¡Äk0�3î¼�mþ��ÅÜ�"��WÖ{, ,

�JÑ�é¤©êâ��ÅÜ�"��WÖ{.

3.1 î¼�mêâ"����ÅÜ�WÖ{ [13]

-X = (x(1),x(2), . . . ,x(p))´��n× p��êâÝ
, éu�½�Cþx(s), Ù"��

I8P�i
(s)
mis ⊆ {1, 2, . . . , n}. Äkòêâ©¤±eoÜ©: Cþx(s)¥�*ÿ�P�y

(s)
obs,

"��P�y
(s)
mis; Ù{p− 1�CþéA�13i

(s)
obs = {1, 2, . . . , n}\i(s)mis�êâP�x

(s)
obs, éA

13i
(s)
mis�êâP�x

(s)
mis.

duêâ"���Å5, x
(s)
obs¿���®�, x

(s)
mis�¿���"�. äNWÖL§Xe:

(i) |^þ�WÖ½Ù¦{üWÖ{éX?1Ð©WÖ;

(ii) X¥"�����I8P�M , ¿òCþ(�)Uì"�Çd���ü�;

(iii) �Ø÷vÊ�OKγ�:

�;yk�WÖÝ
, P�X imp
old ;

éus ∈M

éux
(s)
obs�y

(s)
obs|^�ÅÜ���{©a;

�â©a(J, |^x
(s)
misýÿy

(s)
mis;

|^���ýÿ�y
(s)
mis�#WÖÝ
, P�X imp

new;
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és¥Ù{"�CþUYWÖ;

��÷vÊ�OKγ;

(iv) ���ªWÖÝ
, P�X imp.

þã�Ê�OKγ�: XJ#�WÖÝ
��c�WÖÝ
��OO\@oÌ�Ê�.

Ù¥ëYCþ��O�

∆N =
[ p∑
j=1

n∑
i=1

(xnewij − xoldij )2
]/[ ∑

j∈N

n∑
i=1

(xoldij )2
]
;

©aCþ��O�

∆F =
[ p∑
j=1

n∑
i=1

I{xnew
ij 6=xold

ij }

]/
(∗NA),

ùp∗NA´©aCþp"�êâ�êþ.

3.2 ¤©êâ"����ÅÜ�WÖ{

�ÅÜ�WÖ�{`:3u�±?nõa.Cþ�êâ, ¿3p��¹eLyûÐ.

�´²Lõg¢�uy, 3"�Ç�$��¹e, ��3¤©êâþ¦^�ÅÜ�{?1

"��WÖ�Ø�Ç�uÄuAitchisonål�kC��{(�4.1!ã2), ù«y�3î¼

�m¥¿Ø�3 [13]. �
)ûù�¯K, �©JÑ
�«)û�{, =ké¤©êâ?

1ilrC��îª�m, ,�^3.1!��{é"��?1WÖ, 2òWÖ��êâ²Lilr_

C��ü/�mþ¿�?�¦Ù÷v¤©êâ�5�. äNÚ½Xe:

-

X =


xT
1

xT
2
...

xT
n

 =
(
x(1),x(2), . . . ,x(D)

)
=


x11 x12 . . . x1D

x21 x22 . . . x2D
...

...
. . .

...

xn1 xn2 . . . xnD

 (5)

�¹kn�*ÿ�, D�Ü©�¤©êâ*ÿÝ
. m ⊆ {1, 2, . . . , n}P�¹k"�Ü©�
1�«8, g ⊆ {1, 2, . . . , D}�¹k"�Ü©���«8.

(i) À^kC�½��|^�ÅÜ�{���WÖÝ
��Ð©WÖ�, �Ð©Ý
P

�X0.

(ii) -i = 1.

(iii) éz�Ð©WÖ�xij (i ∈ m, j ∈ g)
ó, òx1�xi��; x(1)�x(j)��, =òz�

"��N��êâÝ
�1�� �, �B?1WÖ. =: X ′ = IiX0Ij , Ii�Ij©O´

òü Ý
�1i1�111��, 1j��11�����Ý
. duêâ�?1
1

���, Kêâ���5�¿�u)Cz. d�Ý
P�X ′.
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(iv) |^�åéê'C�(ilr)ò1�����êâÝ
X ′dü/�mC��îª�m, P

�Z. =:

ilr(X ′) = ilr



xij xi2 . . . xi1 . . . xiD

x2j x22 . . . x21 . . . x2D
...

...
. . .

...
...

...

x1j x12 . . . x11 . . . x1D
...

...
. . .

...
...

...

xnj xn2 . . . xn1 . . . xnD


= ilr

(
X ′1

B

)
=

(
Zij . . . Zi(D−1)

ilr(B)

)
.
= Z,

Ù¥, zij´²LilrC���xij .

(v) -zij�"�, |^3.1!�ÅÜ�{ézij?1WÖ, ��WÖ��z∗ij . dud��k

��"��, Kü�WÖ��J��wÍ, d�êâÝ
P�Z∗, �

Z∗ =

(
z∗ij zi2 . . . zi(D−1)

ilr(B)

)
.

(vi) |^ilr_C�úªòZ∗��¤¤©êâ, duzij��#, K1�1²L_C����

Üu)UC, _C���Ý
P�X ′∗, �

ilr−1(Z∗) =

(
x∗ij x

∗
i2 . . . x∗iD

B

)
=

(
X ′∗1

B

)
= X ′∗.

(vii) du�©¤©êâz1½ÚØÓ, 
X ′∗1 = (x∗ij , x
∗
i2, . . . , x

∗
iD)´�|Ú�1�¤©ê

â, KI�éWÖ�x∗ij?1?�, ?�Ïf�

fij =
mediank 6=sxik
mediank 6=sx

∗
ik

, (6)

K�ªWÖ��

x̂∗ij = fijx
∗
ij =

mediank 6=sxik
mediank 6=sx

∗
ikx
∗
ij

. (7)

(viii) éuj = 2, 3, . . . , D­EÚ½(iii) – (vii).

(ix) éui = 2, 3, . . . , n­EÚ½(ii) – (viii)�g��z�"� ��éAWÖ�.

dÚ½(viii)Ú(ix)�±wÑ, ù´��S��Ö�L§. ù�Q�±¿©|^�ÅÜ

�WÖ{3î¼�mþWÖ�`³, qUéz��"��Å��Ö, �g�#êâÝ
, J

p�ÅÜ�{é¤©êâ"��WÖ�O(Ç.
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3.3 µdIO

du¤©êâ�AÏAÛ5�, �kAitchisonål�±²(L«Ñü�¤©êâ�m

��å, Ïd·�ÀJ¤©²þØ�(compositional mean error, cme)��µdIO, =:

cme =
1

nm

∑
i∈m

dA(xi, x̂
∗
i ), (8)

Ù¥xi´�©¤©, x̂∗i´²LWÖ��¤©, nm´*ÿ��"�Ü©ê. cme^5O��

©êâÚWÖ�êâ�²þAitchisonål.

§4. �[Ú¢~

�!|^JÑ�#�{�ép�ê$��þÚ~��$�êp��þ�¤©êâ?

1"��WÖ±�y¤J�{�k�5.

4.1 �[

�
�[3ü/�mþ�¤©êâ, �â½Â1, |^�åéê'_C�, $^R�ó

?§òÑl��©Ù�î¼êâ_C�ÑØÓ�ê!�'5�¤©êâ, �L1, Ù¥1n =

(1, 1, . . . , 1)T, r��'Xê, �©©O�r = 0.1, 0.5, 0.9L«ØÓ��'5. N�êâ�"

�Ç�5% – 30%�"�a.����Å"�(MCAD), |^�ÅÜ�{(RF)!C����

ÅÜ�{(IRF) (3.2!�ÖL§¥Ø�¥ ê?�)!C��¿�¥ ê?���ÅÜ�{

(MIRF)!ÄuAitchisonål�kC�{(KNN)©Oé"��?1WÖ¿¿O�éA�¤

©²þØ�cme.

L1 ü|�[êâ�ëê�½

êâ ©Ù �ê(D − 1) *ÿ�(n) µ Σ

X1 X1 ∼ N51
s (µ1,Σ1) 50 10 µ1 = (0, 0, . . . , 0) Σ1 = r1101

T
10 + (1− r)I10

X2 X2 ∼ N11
s (µ2,Σ2) 10 50 µ2 = (0, 0, . . . , 0) Σ2 = r1501

T
50 + (1− r)I50

ã1¥, ÄuAitchisonål�kC�{du��¤©êâ��êLp�*ÿ���, �

X"�Ç�O�����"�, ØUé��8I����C�Ù¦��, §SÃ{$1, Ï

d�´'�
Ù{n«WÖ�{. dã1Úã2��, �X¤©êâ�'5�~�Ú"�Ç

�O�, o«WÖ�{�¤©²þØ�cmeÑ3O�, ù´7,�. ²Lü«ØÓa.êâ

��[��ÃØ�ê!�'5Ú"�Ç�Cz, ¤©êâ²LilrC�¿�¥ ê?���

ÅÜ�{(MIRF)�¤©²þØ�cme²w�uÙ¦n«�{, ù�y
#�{2��·^

5ÚWÖ�J�O(5.

e¡·�ÏL¢~©Û?�Ú`²²L ilrC��¿�¥ ê?���ÅÜ�{

(MIRF)�k�5.
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ã1 �[p�¤©êâX13ØÓ�'5Ú"�Çen«�{WÖ�J�'�

(î�I�"�Ç, p�I�¤©²þØ�cme)

ã2 �[ÊÏ¤©êâX23ØÓ�'5Ú"�Çeo«�{WÖ�J�'�

(î�I�"�Ç, p�I�¤©²þØ�cme)

4.2 ¢~

¢~1: ùpÀ^�êâ85g©z[5; P. 354]�Hongiteñ�¶Ô¤©êâ, ù�êâ

8�¹25���,z����¹5«¶Ô¤©Cþ,©OIP�A!B!C!D!E.ù�êâ8

´���, |^R�ó^��ÅÀ�10��¿��Ù"�, 2¦^�ÅÜ�{(RF)!C�

���ÅÜ�{(IRF)!C��¿�¥ ê?���ÅÜ�{(MIRF)ÚÄuAitchisonå

l�kC�{(KNN)?1WÖ, �ªòWÖ���¤©²þØ�(cme)ÚWÖ���©ý¢

��'�. (J�L2.

L2 Hongiteñ�¶Ô¤©êâeo«�{WÖ��'�

Method cme 1 2 3 4 5 6 7 8 9 10

ý¢� 0 34.6 13.2 16.8 25 11.4 10.1 10.9 24.9 1 9.4

RF 0.1802 35.06 10.79 15.54 25.54 13.56 10.93 10.97 22.54 2.75 8.19

IRF 0.2049 34.96 10.51 12.43 27.06 14.33 10.89 11.03 23.23 2.70 8.69

MIRF 0.1740 30.13 9.89 17.91 21.42 13.43 10.73 10.66 23.32 2.01 8.32

KNN 0.3953 27.74 11.33 29.47 22.02 15.53 8.71 7.48 12.19 3.22 6.73
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dL2��, éu$�ê�¢Sêâ8
ó, êâ²LilrC��¿�¥ ê?���Å

Ü�{(MIRF)�WÖ�JÓ�²w`u�©��ÅÜ�{, �ÄuAitchisonål�kC�

{(KNN)�J�Øn�.

¢~2: d�À^�êâ8�5g¥IÚOc� [14]�à:��)��¹êâ, ù�ê

â8�¹2007c – 2013c�à:��)��¹�6���, z����¹27«à�¬ü ¡

È�þ. ù�êâ8´���, du�ê�O�, Lp�"�Ç¬��êâ�ý, �¢~|

^R�ó^��ÅÀ�2% – 10%��¿��Ù"�, 2¦^ØÓ��{?1WÖ, ò���

¤©²þØ�(cme)�'�. (J�L3.

L3 à:��)��¹êâen«WÖ�{¤©²þØ�(cme)'�

�{ 2% 4% 6% 8% 10%

RF 1.888 1.707 3.065 3.034 3.309

IRF 1.320 1.652 3.127 3.028 3.204

MIRF 0.692 1.146 1.955 2.467 2.225

dL3��, êâ²LilrC��¿�¥ ê?���ÅÜ�{(MIRF)?1"���W

Ö3p�¢Sêâ¥�²w·^, �O(Ç�p.

§5. ( Ø

�õêÚO�{Ñ´ïá3��êâ8þ, Ïd"���?n´k7��, éup�

$��þ�êâ
óNõyk�WÖ�{¿Ø·^. d	, du¤©êâ�AÏAÛ5�

“�½5”Ú“½Ú5”, I�|^�ëê�{½éêâ?1ilrC��î¼�m. �
�O¤

©êâ�"��, �©JÑ
�«Äu�ÅÜ��¤©êâ"��S�WÖ{, ¿3�[

Ú¢~¥À�ØÓa.�êâò#�{��©��ÅÜ�{ÚÄuAitchisonål�kC�

WÖ{?1'�, y²
#�{�k�5. �©À��¥ ê?��ª�±UC, �âêâ

a.Ú�ê�ØÓ3�5�ïÄ¥�N�±é��k��?��{é¤©êâ�"��

?1WÖ.
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Imputation of Missing Values for Compositional Data

Based on Random Forest

ZHANG XiaoQin CHENG YuYing

(School of Mathematics Sciences, Shanxi University, Taiyuan, 030006, China)

Abstract: Dealing with the missing values is an important object in the field of data mining. Besides,

the properties of compositional data lead to that traditional imputation methods may get undesirable

result if they are directly used in this type of data. As a result, the management of missing values in

compositional data is of great significant. To solve this problem, this paper uses the relationship between

compositional data and Euclidean data, and proposes a new method based on Random Forest for missing

values in compositional data. This method has been implemented and evaluated using both simulated and

real-world databases, then the experimental results reveal that the new imputation method can be widely

used in various types of data sets and has good performance than other methods.

Keywords: imputation of missing values; compositional data; random forest
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