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A clustering evaluation index based on the
nearest and furthest score
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(1. Institute of Information Science, Beijing Jiaotong University Beijing 100044, China; 2. School of Computer and Information
Technology, Beijing Jiaotong University, Beijing 100044, China; 3. Institute of Software, Chinese Academy of Sciences, Beijing
100190, China)

Abstract ;: The clustering algorithm is one of the widely-used methods in data analysis. However, the number of
clusters is essential to determine the performance of the clustering algorithm. At present, the number of clusters
usually need to be specified in advance. In most cases, it is difficult to obtain the valid cluster number according to
a priori knowledge of the dataset. To obtain the number of clusters automatically, a Nearest and Furthest Score
(NFS) index was proposed based on the principles of the nearest neighbor consistency and the furthest neighbor
difference. Moreover, an Automatic Clustering NFS ( ACNFS) algorithm was also proposed, which can determine
the number of clusters automatically. The experimental results prove the index is reasonable and practicable to
determine the cluster number.
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Fig.1 Clustering under different cluster number
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Fig.3 Artificial dataset

F1 LWAHETEAR 10 AEIEESE
Table 1 The characters of the ten data sets used in

our experiments

G S n K d TR PREAS RN B
Dataset 1 800 2 2 400,400
Dataset 2 800 3 2 400,200,200
Dataset 3 800 3 2 400,200,200
Dataset 4 1100 4 2 200,400,200
Dataset 5 1000 5 2 400,200,200,300
Dataset 6 900 6 2 200,200,200,200,200

Iris 150 3 4 150,150,150,150,150,150
Balance Scale 630 3 4 50,50,50
Wine 178 3 13 54,288,288
Soybean-small 47 4 35 59,71,48

(¢)Dataset 3
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EFH AT AR Dataset 1 KX 4 FhiEm F8 45
P REAT 3 1A A4 2 5, T HLVT A 25 R R E , RRIR
HRAEAT 2 I 6 28 5L

% 2 Dataset 1 FJZEF%]
Table 2 The cluster number of Dataset 1

W 2 3 4 5 6 7 8 EZSKIHK
CH 1000 0 0 0 0 O 2
BWP 100 0 0 0 0 0 0 2
IGP 100 0 0 0 0 0 0 2
NFS 100 0 0 0 0 0 0 2

223 45 T X B 4E Dataset 2 SR AN E PEHY
FLINGEIRSE IR RS Sl Y FE W DNE R R AN
Dataset 2 BRI 701 B R n] LI A P20 0
ESE e . ik, AR AT NFS 484515 3 1928531
HOE IR 280, T BTN 25 R ASE , 55 T RE
B TE R A SR 5 TR AR B PRAN 48 R 20 JC i
EEINRIEPESIE &

R 3 Dataset 2 HIZERI %]

Table 3 The cluster number of Dataset 2
MERE 2 3 4 5 6 AR
CH 100 0 0 O
BWP 100 0 0 0 O

0
0

1Gp 100 0 O
NFS 0 100 O

o o o o=
S N N N

8
0
0
0
0

A4 T XEAESE Dataset 3 SR FHARIEAN
B b A S B 25 28 ) B B | e b,
TR Dataset 3 1, A [] 2 2 [0] 02 58 42 Al 41
B, R TS 4 NPT R AR, 240] DIAS 2 IE R Y2
B T EAEAR SR AR E
F 4 Dataset 3 FIZFEFIEL
Table 4 The cluster number of Dataset 3

EMAERE 2 3 4 5 6 7 8 WAEIK
CH 0 10000 0 0 0 0 3
BWP 0 100 0 0 0 0 0 3
IGP 0 100 0 0 0 0 0 3
NFS 0 100 0 0 0 0 0 3

25 BT X B4R Dataset 4 R FHAS [A] BEAfr
FEbm A 2 A2 B RO 25 20 BUH LAY e He . R
FH NFS $845 .CH Fa45 M BWP $5 57535 W] LIAS 2] 1E i
ARSI, TR 1GP 48 bR 20 TG 145 31 1E A 19 2 531)
B, MWEARTE BLA BT, NFS #8475 F1 CH 48 57 1 ik 4
b PR ERAGSE , R AT LAT 2] IE A 9 2 R
1 BWP $5h52E— i, IEHIR A 71.3%

% 5 Dataset 4 B9 FIE]
Table 5 The cluster number of Dataset 4

Wit 2 3 4 5 6 7 8 ALK
CH 0 0 1000 0 0 0 4
BWP 0 0 71320 87 0 0 4
IGP 95 5 0 0 0 0 0 2
NFS 0 0 100 0 0 0 0 4

226 4 T X EUE £ Dataset 5 K A [E TRy
FEARAT 2 A9 28 I B 25 2R B BUH B | A e, R
FH NFS $8#5 .CH #5551 BWP H5 4535 7] L1521 1F
25 I &5, TR A IGP 48 Bk 4 TG 125 45 21 1F #7119
FEL

%R 6 Dataset 5 By H%]
Table 6 The cluster number of Dataset 5

FEMIEkE 2 3 4 5 6 7 8 BAEINK
CH 0 0 0 100 0 0 0 5
BWP 0 0 0 100 0 0 0 5
IGP 75 0 25 0 0 0 0 2
NFS 0 0 0 100 0 0 0 5

7 45 T XEHE AR Dataset 6 SR HIAS [FPEAR
FEARAT 2 A9 28 1 BN 25 2R BO LR F A L, R
FHUUFRPEHr 6 br 1 BB A5 312 808 48 19 TR0 28 1l 4
JErp NFS 4845 . BWP 45 F5F1 CH 48 b5 9 PERERLLF
TR 45 R 52 5 T IGP F8 An M fE 25 — &0, IE B %
1 90%

%7 Dataset 6 B2 5%
Table 7 The cluster number of Dataset 6

WHEERR 2 3 4 5 6 7 8 BN
CH 0 0 0 0 1000 0 6
BWP 0 0 0 0 100 0 0 6
IGP 10 0 0 0 9 0 0 6
NFS 0 0 0 0 100 0 0 6

I 2~ 7 B () S e 38 SR AT 4 ok T AT o 55
N T R e 46, CH $5 b5 . BWP £ 45 A1 NFS 15 b5
KIRESAT LA 1 S0 K, T mDEESR ] UCT R R
ST Y% £  IRIS. Balance Scale, Wine LI X
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Soybean-smal 2R 35 i CH #5845 . BWP $845 | IGP $84%
F1NFS F8PRTERA & 20 BN PR RE

% 8 450 THUREAE Wine 76 R R FITEM 48 45
B, FEAN R 2 80T M Fe b, Forhaly TR
B Rz A8 s T i K, NFS 845 F1 BWP $5 45
TEZBIEL K =3 B U R AR, M H A AR 7E 280058 K
=2 B U RME, fHE T80 5 Wine Y L5251
Bh 3, IR AT NFS #8453 F1 BWP 4545 A] LU 3 1E
iff 28 R TSR FH At -0 48 A D) TG 72 4% 21 IE A
P

* 8 Wine BiStRE
Table 8 The index value for Wine

e gk CH BWP 1Gp NFS
2 7521 600 0.32507 0.96217  0.867 06
3 4926 850 0.334 04 0.940 62 0.900 9
4 3356440 03023 0.78952  0.774 77
5 2 578 840  0.269 58 0.71 0.697 46
6 2147415 0.23255 0.67366  0.692 12
7 1823905 0.203 82 0.649 83 0.666 35
8 1608 870 0.187 71  0.648 15 0.633 2
9 1438765 0.184 71 0.612 81 0.616 55
10 1291850 0.178 71  0.594 33 0.576 6

IR AL 2 3 2 3

29T 4 HESEIRAE S AR AR
Mraabr TR EL, X BARSR 21T 2 R
308 3 3 o UL A 2 A R BB, 455 T i BB R
ARFGECRBNE Y, B35 R 1 hSEdREN A
SRR, T LAAS B A0 T 4538 SR NFS 8 k5 7] LA
RN PEA B2 8 46 1Y 15 5 A9 25 0 8k, o
Balance Scale fil Wine £ 45 | PEM 45 e, BCR
B MR T IRIS F Soybean-small 04 4 | PEM 4%
W AT 60% FI 45% By 1E B 3 SR T R
BWP $5 45 HUAT LA 280408 4 Wine Y IE B 28 500145,
T HIPAN 25 58 5 2 R CH #8453 F1 IGP 4845
W) T 1245 B 50808 4 178 1 3 2 8

F 9 ETHIBEMNAEIIH

Table 9 The cluster number of the real datasets

Bl CH BWP IGP NFS
IRIS 2(100) 2(100) 2(100)  3(60)
Balance Scale ~ 2(100) 8(70) 2(100)  3(100)
Wine 2(100) 3(100) 2(100)  3(100)
Soybean-small ~ 2(100) 3(32.9) 3(40) 4(45)
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ATV AR 22 TSI 1 75 BEAR R SE 10 IR 4
WL TR B R SN, PR AR 2 LR H
ARMEFR A A 5004 S 56 1L, PR L i 2R 288 i) R 1) 2
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FUL I E B AT, 58 G4 B PR 4R bR A L
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SIHUTIA PRAUE T RS BEA X VA 4 b 7 AR 5
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Fo [HZ NFS /PR IFA R i 58 26 1, N ik 75 22 4k
SEAEATAHOCHFSY
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