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New criteria for evaluating the validity of clustering

XIE Juanying, ZHOU Ying, WANG Mingzhao, JIANG Weiliang
(School of Computer Science, Shaanxi Normal University, Xi’an 710062, China)

Abstract: There are two kinds of criteria for evaluating the clustering ability of a clustering algorithm, internal and ex-
ternal. The current external evaluation indexes fails to consider the skewed clustering result; it is difficult to get optim-
um cluster numbers from the clustering validity inspection results from the internal evaluation indexes. Considering the
defects in the present internal and external clustering evaluation indices, we propose two external evaluation indexes,
which consider both positive and negative information and which are respectively based on the contingency table and
sample pairs for the evaluation of clustering results from a dataset with arbitrary distribution. The variance is proposed
to measure the tightness of a cluster and the separability between clusters, and the ratio of these parameters is used as an
internal evaluation index for the measurement index. Experiments on the datesets from UCI (University of California in
Iven) machine learning repository and artificially simulated datasets show that the proposed new internal index can be
used to effectively find the truenumber of clusters in a dataset. The proposed external indexes based on the contingency
table and sample pairs are a very effective external evaluation indexes and can be used to evaluate the clustering results
from existing types of skewed and noisy data.

Keywords: clustering; validity of clustering; evaluation index; external criteria; internal criteria; F-measure; Adjusted
Rand Index; STDI; S2; PS2
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Table 1 Rare case of clustering
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Table 2 The contingency table of a clustering

uv V, v, cee V., Vi SUM
U, ny nyp nye ng ny.
U, Ny ny) e Nye nyg ny.
Uc ey %) e Nee neg ne.
Uc Well ney e nee ncg ne.

SUM n, n, N n.x n

TP, = [{i|l(x;) = L(x;) =c,1 <i<n}| =n.
{il{l(x) =c}A{L(x) £ c}, 1 <i<n)|=n.—n.
{

FN, =
FP, = [{il{I(x,) # c) A{L(x) =c}.1 <i<n}|=n,—n,
TN.=l{i|ll(x;) #c,L(x)#c,1 <i<n}|=n—-n.—n.+n,
(1)
vt TP, Nee
sensitivity, = =«
VYT TP YEN. T n. @
specificity, = N _nofe —he e
P = INF PP, = n-n,
1 "MGH 2 « sensitivity, x specificity, 3)

2=
min{C,K} 4/  sensitivity. +specificity.

§o 2% ser.ls.iti.vity X spejcif?city @
sensitivity + specificity

AN +8 #5 H B9 Rand index . Adjusted rand
index , Jaccard %, AMI 25447 & 3L TAREA X ) 28
VRO HE R . PR, AR SCHS UM 3 10 AR AR X 1 2R
REELANETEN TR AR PS2, TR 245 R0 IE 20

SRR, DIPEM RIS R A 30
’ff%:%ﬁz'g‘ﬁ X\ X, 74gl(xi) = l(xj), HL(xi) =
L(x;), RPRIEHEE TR —28, WFRH EFAF T;
Z, WA I(x) = 1(x;), (AL (x) # L(x,), BIRERIE T
[, (HREKEAE T R—2K, Rz hadifk F.,

WAl IE S, W3R 3 PRI, Horh, TP,

FN. FP 1 TN 43 5|3/ BT 5 #RAE [ — 25 1
FEAXTE REEHIFE R — 280K, R ALER—2
W IREAS IR RHIATE R — 0%, REFHAET
I — 5 AR AR GBI IR 21T Je AR AN 7 ) — 2R
PIREA X EL . HOB A fbe L=k (5) Wi, s X
AHL, TP A1 TN Geit T RS or 5 I 4G A 1Y)
— et FN RIFP Giit T REFARI4r 5 R4k 4 i
22 5Pk, & N FRRHBR n (50 46 1) T A+

A%, NN = (Z ) = @ R, N=TP+FN+FP+TN,

TP FN. FP Il TN Al A4 3% 2 R rUARIKR R
430, HEARX (6) Fin. FETFHEAXTY sensi-
tivity, specificity & X U= (7) P, W 3EFHEAXS
M RIS hR PS2 & A (8),

*3 BRERREER

Table 3 Confusion matrix of a clustering
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Fig.2 The synthetic data sets to test the new external criteria S2 and PS2
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Table 4 The detail information of synthetic data sets to
test the proposed external criteria S2 and PS2
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Table 5 The data sets from UCI machine learning reposit-
ory to test the proposed external criteria S2 and PS2

Bask RS KA B RIREALL
Ec2 2000 2 1000 1000

Ec3 1200 3 400 400 400

Ec4 800 4 200 200 200 200

Ec5 3000 5 600 600 600 600 600
Ec6 2 400 6 400 400 400 400 400 400
UEc2 2000 2 500 1500

UEc3 1200 3 200 400 600

UEc4 800 4 50 150 200 400

UEc5 3000 5 1000 800 600 1400 200
UEc6 2400 6 100 200 300 400 600 800
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Segmentation 210 7 30 30 30 30 30 30 30
Soybean 47 4 10 10 10 17
wine 178 3 59 71 48
wdbc 569 2 357 212
Bupa 345 2 145 200
pima-indians-diabetes 768 2 500 268
Balance_scale 625 3 49 288 288
New_thyroid 215 3 150 35 30
Ionosphere 351 2 38 313
Haberman 306 2 225 81
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Fig. 3 The results on synthetic data set of internal criteria
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Fig. 4 The comparison of S2 with other criteria
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Fig. 6 The comparison of S2 and PS2 and clustering accuracy
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