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Application of an Information Loss Index to Non-numerical Data

Hiroko Akiyama1,a) Masaaki Wada2

Abstract: We define a new information loss index ILD as the ratio of the amount of information lost by
microaggregation. Since ILD is based on distance between data, it is applicable not only to numerical data,
but also to data like ones represented by character strings if we choose suitable distance. In this paper,
we apply ILD to non-numerical datasets, and discuss choice of distance. For microaggregation of numerical
datasets using the average values as the representatives of groups, ILD coincides with the information loss
index based on the sum of squares of the difference between the average and data. In this sense, ILD is a
natural extension of the information loss index.
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1. ͡Ίʹ

σʔληοτΛάϧʔϓʹׂ͠ɼάϧʔϓ͝ͱʹσʔ

λΛදʹஔ͖͑Δૢ࡞ϛΫϩΞάϦήʔγϣϯͱ
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ࣦΘΕΔใͱͦͦԿͳͷ͔ɼҰମͲͷఔͷใ
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ͦΕʹ͍ͯͮجσʔληοτશମͷͭ࣋ใͷྔΛఆٛ

͠ɼͦΕΛใ༰ྔͱΑͿɽ·ͨɼϛΫϩΞάϦήʔγϣ

ϯʹΑΓࣦΘΕΔใ༰ྔͷׂ߹ͱͯ͠ใଛࣦࢦඪ ILD

ʢInformation Loss based on DistanceʣΛఆٛ͢Δɽ

ILDڑʹ͖ͮجఆٛ͞Ε͓ͯΓɼଐੑҎ֎ͷਓ

໊ॅॴͷΑ͏ͳσʔλʹରͯ͠ɼద༻͢Δ͜ͱ͕Մ

ͱͳ͍ͬͯΔɽ3અͰɼจྻࣈͰද͞Ε͍ͯΔσʔλ

ηοτʹରͯ͠ϛΫϩΞάϦήʔγϣϯΛ࣮͠ߦɼ༷ʑͳ

σʔλؒڑΛઃఆͯ͠ ILDΛ͠ࢉܭɼ݁Ռʹରͯ͠ߟ

Λ͏ߦɽ

σʔληοτʹର͢ΔϛΫϩΞάϦήʔγϣϯʹ͓

͍ͯɼׂ͞Εͨάϧʔϓ͝ͱͷදͱͯ͠άϧʔϓ

ͷฏۉΛ༻͍Δ߹͕Α͘͞ڀݚΕ͓ͯΓɼฏۉͱͷࠩ
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Loss based on Sum of Square Difference from the Meanʣ
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͕༻͍ΒΕ͍ͯΔʢ[3]ɼ[4]ɼ[5]ɼ[6]ɼ[7]ɼ[8], [9], [10]ʣɽILD

ɼILSSDMΛ֦ுͨ͠ͷͰ͋Γɼσʔλؒͷڑͱ͠

ͯϢʔΫϦουڑΛ༻͍ͨ߹ɼILD͜ͷ ILSSDMͱ

ಉ͡ʹͳΔ͜ͱΛ 4અʹͯࣔ͢ɽ

2. ใଛࣦࢦඪ ILDͷఆٛ

2.1 ใ༰ྔͷఆٛ

σʔληοτ

A = (x1, . . . , xN ), xi ∈ X(i = 1, . . . , N)

͕͋Δͱ͢Δɽ·ͨɼX ͷ 2 ͭͷσʔλ x, y ؒͷڑ

d(x, y)͕༩͑ΒΕ͍ͯΔͱ͢Δɽ

X ͱڑʹ͍ͭͯɼྫ͑࣍ͷΑ͏ͳͷΛͯ͑ߟ

͍Δɽ

• ϢʔΫϦουڑ
X = Rnɼx, y ∈ Rn ʹର͠ɼ

d(x, y) =

√√√√
n∑

i=1

(xi − yi)2

• ڑࢄ
X ҙͷू߹ɼx, y ∈ X ʹର͠ɼ

d(x, y) =

⎧
⎨

⎩
1 (x ̸= y)

0 (x = y)

• ߏΛͭσʔληοτͷ 2ͭͷσʔλؒڑ

XΛҙͷू߹ͱ͢ΔɽσʔληοτAʢA ⊆ Xʣɼ

ߏΛ༻͍ͨ֊ܕͷϛΫϩΞάϦήʔγϣϯ͕ߦ

ΘΕ͍ͯΔͱ͢Δɽ͜ͷͱ͖ɼͷ༿ AͷσʔλͰ

͋Γɼϊʔυ X ͷσʔλͰ͋ΔɽX ͷ 2ͭͷσʔ

λ x, yؒͷڑɼx͔Β y౸ୡ͢Δͷʹ௨Δࢬͷ

ͱͯ͠ٻΊΒΕΔɽ

σʔληοτ Aͷใ༰ྔ I(A)Λɼ

I(A) =
N∑

i=1

N∑

j=1

d(xi, xj)
2

ͱఆٛ͢Δɽ

2.2 ILDͷఆٛ

σʔληοτ

A = (x11, . . . , x1n1 , x21, . . . , x2n2 , . . . , xm1, . . . , xmnm)

͕άϧʔϓ A1, . . . , Amʹׂ͞Ε͍ͯΔͱ͢Δɽͨͩ͠ɼ

Ak = (xk1, . . . , xknk) (k = 1, . . . ,m)

Ͱ͋Δɽ͍·ɼάϧʔϓ Ak ʹଐ͢ΔσʔλΛͯ͢ Ak

ͷද x̂k ʹஔ͖͑Δͱɼσʔληοτɼ

Â = (x̂1, . . . , x̂1, x̂2, . . . , x̂2, . . . , x̂m, . . . , x̂m)

ͱͳΔɽ͜ͷͱ͖ɼҰൠʹ I(A) > I(Â)ͱͳ͍ͬͯΔɽ

ΔใଛࣦΛɼؔ͢ʹ͑ͷஔ͖ه্

ILD =
I(A)− I(Â)

I(A)

ͱఆٛ͢Δɽ

ҎԼʹɼILDͷ۩ମྫΛࣔ͢ɽ

ྫ 2.1 (σʔληοτ) σ ʔ λ η ο τ

D = (1, 2, 3, 4) ͕ D1 = (1, 2) ͱ D2 = (3, 4) ʹׂ

͞Ε͍ͯΔͱ͢Δɽάϧʔϓ D1ɼD2 ʹଐ͢ΔσʔλΛɼ

ͦΕͧΕͷάϧʔϓͷฏۉʹஔ͖͑Δͱɼσʔληο

τ D̂ = (1.5, 1.5, 3.5, 3.5)ͱͳΔɽ2ͭͷσʔλؒͷڑ

ΛϢʔΫϦουڑͰ༩͑Δͱ͢ΔͱɼD ͱ D̂ ͷใ༰

ྔɼI(D) = 40ɼI(D̂) = 32ͱͳΔɽ͕ͨͬͯ͠ɼฏۉ

ʹஔ͖͑Δ͜ͱʹΑΔใଛࣦɼILD = 40−32
40 = 0.2

Ͱ͋Δɽ

ྫ 2.2 (σʔληοτ߸ه) 4 ΒͳΔσʔ͔߸هͷݸ

ληοτ S = (a11, a12, a21, a22) ͕ɼS1 = (a11, a12) ͱ

S2 = (a21, a22)ʹׂ͞Ε͍ͯΔͱ͢ΔɽS ɼਤ 1ͷΑ

͏ʹߏΛͭ֊ܕͷϛΫϩΞάϦήʔγϣϯ͕͞Ε

͍ͯΔͱ͢ΔɽάϧʔϓS1ɼS2ʹଐ͢ΔσʔλΛɼͦ ΕͧΕ

a1ɼa2ʹஔ͖͑Δͱɼσʔληοτ Ŝ = (a1, a1, a2, a2)

ͱͳΔɽ2ͭͷσʔλؒͷڑΛϊʔυؒͷࢬͷͰ༩͑

ΔͱɼSɼŜ ͷใ༰ྔɼI(S) = 144ɼI(Ŝ) = 32 ͱͳ

Δɽ͕ͨͬͯ͠ɼใଛࣦ ILD = 144−32
144 = 0.778Ͱ͋

Δɽ·ͨɼS ͷσʔλΛͯ͢ aʹஔ͖͑Δͱɼσʔλ

ηοτ ̂̂
S = (a, a, a, a) ͱͳΔɽ̂̂

Sͷใ༰ྔ I(
̂̂
S) = 0

ͳͷͰɼใଛࣦ ILD = 144−0
144 = 1Ͱ͋Δɽ

ਤ 1 ߏΛͭه߸σʔληοτ

3. ILDͷඇσʔλͷద༻

ඇσʔληοτʹରͯ͠ɼҟͳΔڑΛઃఆ͠ ILD

Λ͠ࢉܭɼߟΛ͏ߦɽ

3.1 ઃఆʹΑΔڑ ILDͷൺֱ

จྻࣈͰද͞ΕΔ ͷσʔλ͔ΒͳΔσʔληοτDݸ8

ͷσʔληοτݝΔɽಓ͑ߟ͍ͯͭʹ D=(ɼ৽

ׁɼ౦ژɼਆಸɼେࡕɼಸྑɼԬɼ۽ຊ)ʹ͓͍ͯɼ

ͱ৽ׁΛߕ৴ӽʹɼ౦ژͱਆಸΛؔ౦ʹɼେࡕͱಸྑ

2ⓒ 2017 Information Processing Society of Japan

情報処理学会研究報告 
IPSJ SIG Technical Report

Vol.2017-MPS-113 No.10
Vol.2017-BIO-50 No.10

2017/6/23



ΛؔʹɼԬͱ۽ຊΛभʹஔ͖͑Δͱɼσʔληο

τ D̂=(ߕ৴ӽɼߕ৴ӽɼؔ౦ɼؔ౦ɼؔɼؔɼभɼ

भ)ͱͳΔɽ͜ͷΑ͏ʹஔ͖ͨ͑߹ɼ༩͑Δڑͷ

ઃఆʹΑͬͯ ILDͷ͕มԽ͢Δ۩ମྫΛࣔ͢ɽ

( 1 ) ڑࢄ

σʔλؒͷڑΛڑࢄͰ༩͑ΔͱɼDɼD̂ͷใ

༰ྔɼIdiscr(D) = 56ɼIdiscr(D̂) = 48ͱͳΔɽͨ͠

͕ͬͯɼILDdiscr = 0.14285Ͱ͋Δɽ

( 2 ) ߏͷσʔλؒڑ

σʔληοτ D ͕ਤ 2 ͷΑ͏ͳߏΛ͍ͬͯ

Δ߹Λ͑ߟΔɽσʔλؒͷڑΛϊʔυؒͷࢬͷ

Ͱ༩͑ΔͱɼDɼD̂ ͷใ༰ྔɼIt(D) = 1440ɼ

It(D̂) = 576ͱͳΔɽ͕ͨͬͯ͠ɼILDt = 0.6Ͱ͋Δɽ

ਤ 2 ߏΛͭಓݝσʔληοτ

( 3 ) ॏΈ͖άϥϑͷσʔλؒڑ

σʔληοτ DɼD͕̂ਤ 3ɼ4ͷΑ͏ͳॏΈ͖άϥ

ϑͷߏΛ͍ͬͯΔ߹Λ͑ߟΔɽଠ͍࣮ઢͷॏΈ

 6ɼଠ͍ഁઢͷॏΈ 4ɼ࣮͍ࡉઢͷॏΈ 2ɼ͍ࡉ

ഁઢͷॏΈ 1ͱ͢ΔɽσʔλؒͷڑΛࢬʹ༩͞

ΕͨॏΈͰ༩͑ΔͱɼIg(D) = 648ɼIg(D̂) = 640ͱ

ͳΔɽ͕ͨͬͯ͠ɼILDg = 0.01234Ͱ͋Δɽ

ਤ 3 ॏΈ͖άϥϑͷߏΛͭಓݝσʔληοτ D

Ҏ্ͷ݁ՌΛද 1ʹࣔ͢ɽ

ਤ 4 ॏΈ͖άϥϑͷߏΛͭಓݝσʔληοτ D̂

ද 1 ҟͳΔڑઃఆʹର͢Δใ༰ྔͱ ILD ͷൺֱ
I(D) I(D̂) ILD

ڑࢄ 56 48 0.14285

ߏ 1440 576 0.60000

ॏΈ͖άϥϑ 648 640 0.01234

3.2 ߟ

ಉҰͷσʔληοτʹରͯ͠ɼҟͳΔڑΛઃఆͯ͠ܭ

ͨ͠ࢉ ILDΛൺֱ͠ɼใ༰ྔͷࢉܭͱσʔλؒͷڑͷ

ઃఆͱ͍͏؍͔Β͢ߟΔɽ

·ͣɼใ༰ྔͷࢉܭʹؔ͢ΔߟΛड़Δɽใ༰ྔ

ͷఆٛʹσʔλؒͷڑؚ͕·Ε͍ͯΔ͕ɼRn ʹ͓͚

Δڑͱͯ͠ɼ࣮ 1 ≤ p ≤ ∞ʹରͯ͠ఆٛ͞ΕΔ p−
ڑ

dp(x, y) =

⎧
⎨

⎩
(
∑n

i=1 |xi − yi|p)
1
p 1 ≤ p < ∞

maxi=1,...,n |xi − yi| p = ∞

͕͋Δɽd2(x, y)͕ 2.1અʹͯఆٛͨ͠ใ༰ྔʹ༻͍Β

Ε͍ͯΔڑͰ͋Δɽ3.1 અͰͨ͠ࢉܭ۩ମྫʹ͍ͭͯɼ

p = 1ͱͨ͠ͱ͖ͷใ༰ྔͱ ILDΛද 2ʹࣔ͢ɽͲͷΑ

ද 2 p = 1 ͱͨ͠ͱ͖ͷใ༰ྔͱ ILD ͷൺֱ

I(D) I(D̂) ILD

ڑࢄ 56 48 0.14285

ߏ 272 160 0.41176

ॏΈ͖άϥϑ 168 160 0.04762

͏ͳڑΛ༻͍Δͷ͕ద͔ɼԠ༻͠Α͏ͱ͢Δσʔλ

ͷछྨʹԠͨ͡ݕ౼͕ඞཁͰ͋Δɽ

ͳͲͰྻࣈΛड़Δɽจߟͷઃఆʹؔ͢Δڑɼʹ࣍

ද͞ݱΕΔσʔλɼΧςΰϦʹ͚ΒΕ͍ͯΔσʔλͳ

Ͳʹؔͯ͠ɼσʔλछผʹԠͯ͡ڑͷઃఆΛྀ͢ߟΔඞ

ཁ͕͋ΔɽσʔλͷͭҙຯྨࣅͳͲͱ͍ͬͨσʔλ

ͷಛੑΛ্ྀͨ͠ߟͰɼσʔλؒͷڑΛઃఆ͢Δ͜ͱʹ

ΑΓɼใଛࣦͷ߹͍ΛΑΓత֬ʹѲͰ͖Δͱ͑ߟΒ

ΕΔɽ3.1અͰͨ͠ࢉܭ۩ମྫʹؔͯ͠ɼσʔλ͕ҟͳͬ

͍ͯΔ͔Ͳ͏͔ͷΈΛΓ͍ͨ߹ڑࢄɼཧతͳ

߹ॏΈ͖άϥϑ͕ɼใଛࣦͷྀ͍ͨ͠ߟΛڑ

Ѳʹద͍ͯ͠Δͱ͑ߟΔ͜ͱ͕Ͱ͖Δɽ
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4. ILDͱ ILSSDMͷൺֱ

σʔληοτʹରͯ͠ɼׂ͞Εͨάϧʔϓ͝ͱͷ

දΛάϧʔϓͷฏۉͱ͠ɼάϧʔϓͷσʔλΛฏۉ

ʹஔ͖͑Δ͜ͱΛฏۉԽͱΑͿɽຊઅͰɼσʔ

ληοτʹରͯ͠ฏۉԽΛ͏ߦ߹ͷ ILD͕ɼILSSDMͱ

ಉ͡ʹͳΔ͜ͱΛࣔ͠ɼߟΛड़Δɽ

4.1 ILSSDMͷఆٛ

N ͷσʔλ͔ΒͳΔσʔληοτݸ X ∈ Rn ͕

άϧʔϓ X1, . . . , Xm ʹׂ͞ΕɼXi ͕ ni ͷσʔλݸ

xij (0 ≤ j ≤ ni)ΛؚΜͰ͍Δͷͱ͢ΔɽXiͷฏۉΛ xi

ͱ͠ɼฏ͔ۉΒͷڑͷ 2 (Sum of Squared Errors)Λ

SSE =
m∑

i=1

ni∑

j=1

|xij − xi|2

Ͱද͢ɽҰํɼશσʔλͷฏۉΛ xͱ͠ɼ

SSA =
m∑

i=1

ni|xi − x|2

ͱ͓͚ɼશσʔλͷฏ͔ۉΒͷڑͷ 2

SST =
m∑

i=1

ni∑

j=1

|xij − x|2 = SSE + SSA

ͱද͢͜ͱ͕Ͱ͖Δɽ͜ͷͱ͖ɼILSSDM࣍ͷΑ͏ʹఆ

ٛ͞ΕΔɽ

ILSSDM =
SST − SSA

SST
=

SSE

SST

͜ΕɼXi ͷࢄ var(Xi) ͱ X ͷࢄ var(X) Λ༻͍

Εɼ

ILSSDM =

∑m
i=1 ni var(Xi)

N var(X)
(1)

ͱද͢͜ͱ͕Ͱ͖Δɽ

4.2 ใ༰ྔͷࢉܭ

3.1અͱಉ༷ͷׂʹ͓͍ͯɼશσʔλͷใ༰ྔɼ

I(X) =
m∑

i=1

m∑

j=1

∑

x∈Xi

∑

y∈Xj

|x− y|2

=
m∑

i=1

m∑

j=1

∑

x∈Xi

∑

y∈Xj

|(x− xi) + (xi − xj) + (xj − y)|2

=
m∑

i=1

m∑

j=1

∑

x∈Xi

∑

y∈Xj

(|x− xi|2 + |xi − xj |2 + |xj − y|2)

=
m∑

i=1

m∑

j=1

ninj(var(Xi) + |xi − xj |2 + var(Xj))

(2)

ͱͳΔɽ·ͨɼX ͷฏۉ xΛ༻͍ͨࢉܭʹΑͬͯɼ

I(X) =
∑

x∈X

∑

y∈X

|x− y|2

=
∑

x∈X

∑

y∈X

|(x− x) + (x− y)|2

=
∑

x∈X

∑

y∈X

(|x− x|2 + |x− y)|2)

= 2N2 var(X) (3)

ͱද͢͜ͱͰ͖Δɽ

4.3 ฏۉԽʹؔ͢Δ ILDͱ ILSSDMͷൺֱ

X ͷׂ X1, . . . , Xm ʹ͓͍ͯɼ֤ Xi ʹؚ·ΕΔσʔ

λΛάϧʔϓͷฏۉ xi ʹஔ͖ͨ͑σʔληοτΛ X ′

ͱ͢Δͱɼ

I(X ′) =
m∑

i=1

m∑

j=1

ninj |xi − xj |2 (4)

Ͱ͋Δ͔Βɼ(2), (4)ΑΓɼ

I(X)− I(X ′) =
m∑

i=1

m∑

j=1

ninj(var(Xi) + var(Xj))

= 2
m∑

i=1

m∑

j=1

ninj var(Xi)

= 2N
m∑

i=1

ni var(Xi) (5)

͕ͨͬͯ͠ɼ(3), (5)ΑΓɼ

ILD =
I(X)− I(X ′)

I(X)

=

∑m
i=1 ni var(Xi)

N var(X)
(6)

ͱͳΓɼILD ILSSDMʹҰக͢Δ͜ͱ͕Θ͔Δɽ

4.4 ߟ

ҰൠʹɼILD ͷྔࢉܭɼσʔλ૯Λ N ͱ͢Δͱɼ

O(N2)Ͱ͋ΔɽҰํɼILSSDMͷྔࢉܭ O(N)Ͱ͋Δ

͔ΒɼRnͷσʔληοτʹର͠ϢʔΫϦουڑΛ༻

͍Δ߹ʹɼILSSDMͷࣜࢉܭΛ༻͍Δ͜ͱʹΑΓ ILD

Λߴʹ͢ࢉܭΔ͜ͱ͕ՄͰ͋Δɽ

5. ·ͱΊ

ຊڀݚͰɼσʔληοτʹϛΫϩΞάϦήʔγϣϯΛ

ඪͱ͠ࢦࣔ͢ʹత؍গΛ٬ݮੜ͡ΔใͷʹࡍΔ͢ߦ࣮

ͯɼใଛࣦࢦඪ ILDΛఆٛͨ͠ɽσʔληοτͷͭ

ใͷྔͱͯ͠ใ༰ྔΛఆٛ͢Δ͜ͱʹΑΓɼݩͷσʔλ

ηοτʹରͯ͠ɼϛΫϩΞάϦήʔγϣϯʹΑΓมԽͨ͠

σʔληοτͲͷఔใ͕ݮগ͔ͨ͠Λද͢͜ͱ͕Մ

ͱͳͬͨɽILDɼσʔλؒͷڑΛ༻͍ͯࢉܭͰ͖Δ

ͨΊɼҙͷڑ͕༩͑ΒΕΕɼҎ֎ͷσʔλʹର

4ⓒ 2017 Information Processing Society of Japan

情報処理学会研究報告 
IPSJ SIG Technical Report

Vol.2017-MPS-113 No.10
Vol.2017-BIO-50 No.10

2017/6/23



ͯ͠ใଛࣦΛࢉܭͰ͖ΔࢦඪͰ͋ΔɽҎ֎ͷσʔ

λͱͯ͠ಓݝͷσʔληοτʹ͍ͭͯ͑ߟɼϛΫϩΞ

άϦήʔγϣϯͷ݁Ռʹରͯ͠ҟͳΔσʔλؒڑͷઃఆ

Λ͠ ILDΛൺֱͨ͠ɽILD࣌ࢉܭͷσʔλؒڑɼp−
ͳͲԠ༻͢ΔσʔλͷछྨʹԠͯ͡ઃఆ͢ڑࢄڑ

Δ͜ͱ͕Ͱ͖ΔͨΊɼใଛࣦͷ߹͍Λσʔλͷಛੑʹ

߹ΘͤͯΑΓత֬ʹѲͰ͖Δͱ͑ߟΒΕΔɽ·ͨɼILD

 ILSSDMΛ֦ுͨ͠ͷͱͳ͍ͬͯΔ͜ͱΛɼσʔ

ληοτʹରͯ͠ฏۉԽΛ͏ߦ߹ͷ ILDͱ ILSSDM͕

ಉ͡ʹͳΔ͜ͱΛূ໌͢Δ͜ͱʹΑΓࣔͨ͠ɽ
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