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F -Measure : An External Cluster Evaluation Measure
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Soj2H Tt ol¥7]& AL F -Measure

F-Measure is one of the external measures for evaluating the validity of clustering results. Though it has clear advantages

over other widely used external measures such as Purity and Entropy, F-Measure has inherently been less sensitive than other

validity measures. This insensitivity owes to the definition of F-Measure that counts only most influential portions. In this research,

we present F-Measure, an external cluster evaluation measure based on F-Measure. F -Measure is so sensitive that it can detect

their difference in the cases that F-Measure cannot detect the difference in clustering results. We compare F, -Measure to F-Measure

for a few clustering results and show which measure draws better result based upon homogeneity and completeness
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1. M B

A (object) & LW o] F&H A F= ALl T =
] 2~ E(cluster) & U7 22 22H Y(clustering) A &= 2
& FY2EU Y AAERY] Aol e FH2E
A= AAET] AR s FHAHE A%
o} Fe~H S A X(supervision) ] FF 2 Aol uje}
53 A& (unsupervised) ZF e ~E ), WHA] E(semi-su-
pervised) ] 2E 3, X Z(supervised) S 2HHPOZ &
Fao 2y d%54 o2 &8 (unsupervised
learning) =7-¢] Uz o AA gt} A& FHAEHHYS
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o] W2 A W

S daae e A A% selnc o
go st 2esdy dudEe dAgRE A
A g

QF7)Eel oJgk A H7F W = Purity 2} Entropy
l 371?# HIE7h AR o %E}m] e, o] e
Foixl 220 = Wi Eo] she] SefE *‘“_%LE]
l"@r 48 7 gloke o] A4 =HATHs).
EHH o]59] W& S53 F-Measurer= 2] 2250th Ilﬁ%
u, # o= F-Measure2]
A= FAIOITHS, 6]. =l
o] 3+ F-Measure 7} 22 7%,
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2.1 "WII MEE HIlol= 7|1&

U5 7129 HrlA e AAEe] 9 S
FHEaehE & 4= fich WE- 7ol A elgA
g g3 2 F 3t 719 Al o Ao
tH7].
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(1) 234 (compactness) : ©] A
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st dolHE9 A3 F X(closeness) S LERIATE
A Aol o7} ¥AKvariance)o|th AR WH Eo]

ult} TEskE e AR, Bae] Atk e 4

S 23739 Aol
(2) w24 (separability) : ©] A FH2=HEC] Ao} F

glo] FHE= A& S 2HE Aol AEA Y

EpdiTh

g, o7 o3 BdA HrtelAe, e 2
o] dolHEe] 7 3 Fe|AHE SeaHY dr
A 7Hg ek g Sf(solution)7F E Tk whebA], Bk Bl E
oln] &l glomw FYAEY dueFe A9} H|
wste] dup} Apol7t =AE YERE BEAY 19~
& Ab&atolof gtk & FU)Eed o% SY2E Y A
o] g§EAE Hrtehe VIR vs T 7IEe] AAH

(1) 52X (homogeneity) : 2+ F2EH BE AAE9]
cdS FH 2R & AAEY o, Y2y 4
= FEAS HEAI

(2) €44 (completeness) : 2} F 29 BE AAE0] &
dgk FejaE o] L E ), Sy Ay ¢
A& A7

2.2 2| 7|&E2| W=

Melia[6]+

F7159 H7FHEE counting pairs WH
Ho g FHIIHUY. Reichart2} Rappoport
[8]< mapping 7] "W, counting pairs ",
theoretic WH o2 7 3FATh Amigo et al.[9]< counting
pairs ", set matching Wi, AEZI| ] o5t hHo =
W oFA T Wu et al.[10]<> contingency table W, dE
239} purity W, mutual information®} variation of in-

9]
set matching %
Information

formation ™5, micro-average precision o2 73}
A

olg]g el TEA R duHe oFTE AR
Purity 9} Entropy 7} %1tk Purity$} Entropy® 52AS =
Aob= 2L HEo|tys, 8, 10]. 440 2748 Purity
= 57Fskal, Entropys A4Sl Z1Efu, Purity 2} Entropy
= dAAE =AHE A Zivte dHES A 9,;11:}‘[5,
8]. ] 2ol T HE 95 7IE HEE F-Measure[11]
7} Atk F-Measure®= § 243 A S 25 =A%
= oAl Purityt} Entropy®ll H]ste] H]u9-91& 7}X 3L
o) [5]
P .
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3. ME2 E¢{AEE ®T
CcEs H1E FY2HES Jolg sta, LS FH2E
(= 7 E)9 Agele shak ZF S8 2Hd gt

A9 Z(precision) = T3 AojHch

IGNLy

Precision( q,Lj) =

=Y W 132 A Fo Precision
7159 FrH R g S ddeleE VE F E

IC]l

n

Purity = E max Precision( Q,Lj)

sk, 7 S92 o RecallS The¥} o] AojHth
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F-Measure = 0.6

<Figure 1> Clustering A and Clustering B[5]
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Inverse Purity = E ijax Recall( C, Lj)
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2 x Recall( C;Lj) X Precision( Q7Lj)
Recall( C;,Lj) +Precision( C;,Lj)

[Z]
F —Measure = Eijaxi {F(C;,Li)}

F(C,L) =
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HE7b do) webA, F
1} Entropy 2.t} $-47gt

124}, F-Measure =
th F-Measure= 74 S22 Lo B8] max {F(C,L;)}
e Zte ol ;
max, { F(C, L))} #& ZA &= F(C,L,) ¢ W3t &
e o el itk olell whel, <Figure 1>°l4 Ho]
Aadow F SY2EE 238 $do] By,
max, { F(C, L)} gk Wsp7h glom =z F ghe] st} gl
= A97E AR ofed A, 2 Sl Lol sk

[N

N

Aolol wok o Mekek HAEs} " o)tk
kA, 2 = A= F-Measure?] J9E 73}
g3 22 ARE Feagd gda 4xs :
2el 2 Lol Hote] max {F(C.L)} &h& 2He iF

23t o] Relgek

|Z]
AF,—Measure = Z#maxi#i* {F(C”Lj)}
J
F,—Measure = F'+aAF,

1]

L] L
= E#mami {F(C,L)} JFOZET]masz{F(C”L')}
j i

afke 03 1ol o] TE HEI o S 74 =
el Wéte max, {F(C, L)} ke ¥ 1
max, - {F(C, L)} 9] W H&& ot a=00]9,
F,-Measure+= F-Measure®} 5438Al €t} a =194, F,-
Measure= F-Measure9} A F,-Measure®] &2} &Lt
=g

F,-Measure S g oJat= W3t AR o2 F-
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A5 AH B AL <Figure 1> & Clustering A9} Cluste-
ring BS] AN S-S vas) A <Table 1>3 7
t}. w}2hA] Clustering B7} Clustering ARt 5243} <+
A4 ddelA o §-Fsith

Clustering A 2] Purity®} F-Measure 3k Uh2 2t}

. 5 3. 5 3.5 3
= X —4+—X—+—X—=0.
Purity 5 5+ 5 5+ 555 0.6
5 311 5 311
F—Measure = R max(5,5, )+ 5 5,575)
5 311
T (373’3) 00

<Table 1> Homogeneity and Completeness

Clustering A Clustering B

Each class consists of objects | Each class consists of objects

H it . .
omogenetty classified as 3 clusters. classified as 2 clusters.

Each cluster consists of
objects from 2 classes.

Each cluster consists of

Completeness objects from 3 classes.

g3 Hos ARSI, Clustering Bl Purity &
0.6, F-Measure #t< 0.6°] ® T} Purity ato] 5L o]+
= 7t S aHuit bg & 8l5E AA e AAEol
S 2=F oA 2] H]&©] Clustering A2} Clustering Boll
B Fdst] wiZolth o]k frAlSHAl, F-Measure
%013} ol 7t ﬂﬂ%*oﬂ et max, {F(C,L;)}

lﬂ

0.21
0.42

Clustering A : AF,-Measure =

Clustering B : AF,-Measure =

ol mgtog T F#AE Yo thd F,-MeasureS

Fabel ket 2k

(=14 o)
Clustering A : F,-Measure = 0.81
1.02

Clustering B : F,-Measure

w2}, Clustering B7} Clustering ARt Yth= 4
o wgeln, ol <Table 1> A3 544 2
A4 ¥ A Clustering B7F Clustering A XU} yth
A b B 0<a < 109,
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<Figure 2> Clustering C and Clustering D[9]
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<Figure 3> Clustering E and Clustering F[9]

Clustering B] F,-Measure #t©] Clustering A] F,-Mea-
sure gk H.oh &4 At}

<Figure 2> 4] Clustering D7} Clustering CRt} &4
3 g FdolA o stk ey, o] Aol
F-Measure #k> &date], ol2gh AMES At = Rk s}
3 3A gt v U d Fy-Measure & AHE- S, o >
0°]%, Clustering D] F,-Measure #t©] Clustering C<J
F,-Measure gt 1.t} & Atk webA|, Clustering D7}
Clustering CH U vtl= ZAE] =gt}

<Figure 3>2] Clustering E$} Clustering F 9] o—roﬂ
Purityt} F-Measure ¢S AF&-3lH T+ S8 2HP9 $-
= TEE & floh 284, F,-Measures *}%Umr
Clustering F¢] F,-Measure #t©] Clustering E<] F,-Measure

#Et 34 5o, Clustering F7} Clustering EX.t} W=
AR Zedit

AToM e FHAHE S FUFE o AREE =T
Z2] 3l}el F-Measure7} 2t FdS B2
at7] 93 A= 9P F -MeasureS A Sttt F
-Measure 2= 25 7HE 4 §le 4 -Fol AQte 19
22 F,-Measure®] %3l= AF,-MeasureS AR&-3le] $-4
< 7H F des 2" @A A AsH
F,-Measure S #-§-3sto] 2129 ¢d4& 7k A3
7} F -Measuredl| A= sd8HA 4] A &8 5 9t
(F n=m). 284, oA #HHe| Aol&, Fe|2HFH
o] -4 7Hd woll, FAAAY el R HAE 2
SE7HA AR E Flojuve] mE Ao

Qe A AA
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. a3, F,-MeasureE A &34 SeixHHHo <4

n
T2 = ¢le w F, . -MeasureS ARE-3CbH, St
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