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Experimental comparison of K-Means text clustering by
varied distance calculation methods

Lin Bin
(Fuzhou Software Technology Vocational College, Fuzhou 350003, China)

Abstract; Text data samples were extracted and weighted and the text similarity matrices were ob-

tained by vector space model ( VSM) model and TF - IDF weighting technology. The data clustering

was conducted via different distance calculation methods and K-Means algorithm. The clustering re-

sults were analysed. The differences among the distance calculation methods and the applicable data

types were studied.
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Fig. 1 Text data clustering system flowchart
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Tab.1 Euclidean type distance clustering result

AU IEHUR R %
14 29 29
2 4 6 11
34 43 8
44 21 42
54 25 21
6 41 111 31
7 4 2 1
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Tab.2 Mabhattan type distance clustering result
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Tab.3 Cosine distance clustering result
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Tab.4 Related distance clustering ( result)
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14 31 6
241 22 46
341 42 8
44 38 71
54 26 52
6 41 33 68
74 43 70
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ferent distance calculation methods
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Fig. 3  Comparison of distance between the results

gained by Euclidean method and by cosine
method

B BB ik VB 2 R T R AE —
SEFLE B SCAR BRMSE R X T K
means $7% , B TS0 06 P 1O PR L S 4
HERRE B A AR R, 5T 2R B R
T SR 7 T AT LA /0 5 2 A 40 1y o
BRIOMO . SCAS IR B 4. , 300 e e 1 45t 253 ]
TSIV A ISR SR P B 5 368 10 8 4 0 i, il
TE—EFRRE bkt SRR i o o it o

Zeid B RS AT IR IR W A, AR
B2 B B FIUR S 8 343 07 v, T A AR SCAR B
PR A

4 £ig

PEES T T A PR RSB 227
M . ARREARZ B L2 RN —28, R E
IR N AL ZEZ/NTRIAIAE 2 o PRI I B S
TR I3 AT e —E R B B/ NI N AL 22 ol B 4
RIEIRIAEFE , FHAT R 70 R AL ST 1) 288 A 7 227
T AE 220 AR SOy SCAS B o0 2 AR
Reuters — 21578 AR 73 JAR £ dl 46, 73 1Rk H
DR 2 | S I T e A % 5 e A S g
HWRINEILHEAT T 2K K-Means SUAR R 221
MG SR AE R 0 AT L LU N5 H SR 2508,
AR A S S FIAR S 8 B A T SO e 2R
RIS S, o TAH B FHRmRE
K S TR R S T PR R DA BOX I B i R I ik
B BEXEANTR] R 4R AN [R] ) RS EER 2%
MEATTR JE, LI GRS Z 14 BRI
CYiEE



H1 MR . K-Means SR (4 22 M i B 15807 125 ) SO S0 LU 85
S %k :

[L] AN 58, KA B T RETEIIIE T ] B F2#£412,2008 ,19(1) 48 - 61.

(2] RIEW, BE22 00, OB, 5. J T AR 1R X BT i DLIE R 8 R 8 B4R LT ). 1R HLA% 4k, 2006, 29 (10)
1889 — 1893.

[3] € EREYE, FEBHE, 55 BHR - SCARAHSCHEIZ IR Web BRI E [T ], BfF#41 ,2010,21(7) ;1561 — 1575.

[4] RBUE, A E T . K-means HIEWFFELEA LT ] BURIE AR EAR,2011(5) 28 -35.

[S] A, 0, 5 KA. ROREEBE IR A 8 0 Y K-means SCARRRITERIBITELT]. TPV HIATSE, 2014,
31(3).713 - 719.

[6] Jain A K. Data clustering;: 50 years beyond k-Means[ J]. Pattern Recognition Letters,2010,31(8) :651 - 666.

[7] Song Q B, NiJJ, Wang G T. A fast clustering-based feature subset selection algorithm for high-dimensional data[ J]. IEEE
Trans on Knowledge and Data Engineering,2013,25(1) .1 - 14.

[8] Aldahdooh R T, Ashour W. Distance-based initialization method for K-means clustering algorithm[ J]. International Journal
of Intelligent Systems and Applications,2013,5(2) .41 - 51.

[9] Z3kiz AT b 3T 0 SATHDE AU CIE K-Means FE0[ ], WFBLE 2013 ,31(2) 34 - 37.

[10] R, U, AR EE T, 45 K-means FIEWFFELAALT]. BRI A FREAR, 2011,34(5) ;28 -37.

(REHE: H5HiM)

S N U S U U G

(L#F 79 )

A ATIRAE T Wait ARZ, TR BARER .

H1 G R R, Fischer BRSCIC 1k i 0 E A DL AR X
G, 0 T A HHE Ui ] A X AR AR, A REARUEH:
— i BB e 2RI S X FE UL

T

AT LR TR R G2 e E S ] etk
R 2T B, 2 TR S8 0 A F 5 S i I
S IHEZ LKA R ARG b 132 T )

18 o SEINE R BB D — it (] UK R ST
B, SR EA A% B i e 07 ik A7 P i
O3t et A R HAL SR o fd I ) B Sh LAY
T Fischer PRSI AURERY , J 3 1o A5 T A
FORBE AL HL T 5 JCAL B P> F 2 o, {H
[ INf L 36 IE 1 AN T AR G . R, B
HACBARTE AR RGN B AE — FhA 2 PRI
IIMTEIAR , REAE BN PR B 45 2 52 2% M SCIE f 7 L%
EEEIA T B

SE Wk

[1] Dijkstra E W. Solution of a problem in concurrent programming control[ J]. Communications of the ACM,1965,8(1) :
289 —294.

[2] Hesselink W H. Mutual exclusion by four shared bits with not more than quadratic complexity[ J]. Science of Computer Pro-
gramming,2015,102(5) ;57 -75.

[3] Lynch N, Shavit N. Timing-based mutual exclusion[ C]//Proc of IEEE Real-Time Systems Symposium. Phoenix, America:
IEEE Computer Society,2002.2 —11.

[4] Machin M, Dufosse F, Blanquart J P, et al. Specifying safety monitors for autonomous systems using model-checking[ J].
Lecture Notes in Computer Science,2014, 8666 :262 —277.

[5] Behrmann G, David A, Larsen K G. Formal methods for the design of real-time systems[ M ]. Berlin; Springer-Verlag,
2004 ;200 - 236.

[6] Lamport L. A fast mutual exclusion algorithm[ J]. Acm Transactions on Computer Systems Tocs Homepage,1987,5(1) :
1-11.

[7] Beatrice B. An introduction to timed automata[ J]. Lecture Notes in Control and Information Science,2013,433.169 - 187.

[8] Behrmann G, David A, Larsen K G, et al. Developing UPPAAL over 15 years[ J]. Software; Practice and Experience,
2011,41(2) :133 - 142.

[9] Behrmann G, David A, Larsen K G, et al. UPPAAL4.0[J]. Quantitative Evaluation of Systems,2006,4(12) ;125 - 126.

(SRIEHREE: HBH)



