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Multi-scale Clustering Mining Algorithm
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Abstract Data mining field has made some progress on the multi-scale research. However, the current research mostly
focuses on the multi-scale mining of the space or image data, And traditional clustering mining has not separately stu-
died the multi-scale characteristic of datasets., According to existing problems, this paper carried on the general study of
multi-scale clustering mining theories and methods, Firstly, we extended scale definition on the basis of the concept hierar-
chy and built multi-scale datasets. Secondly, we expounded the reasons and classification of scale conversion, meanwhile
concluded the definition of the multi-scale clustering. Then, we introduced multi-scale clustering scaling up algorithm
and multi-scale clustering scaling down algorithm based on the kriging theories. Finally, simulation experiments tested
MSCSUA and MSCSDA with the help of public UCI clustering datasets and demographic dataset from H province. And
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the experimental results show that MSCSUA and MSCSDA are effective and feasible,
Keywords Multi-scale, Clustering, Scale conversion, Multi-scale clustering mining, Kriging
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2.1 RE

BMIRERAEERREMERE, ATHEE L RE

HRHFEANBNEAFBREEXE —ENRBE, &4
BMEaENES, AHY BREE L.

EX 1 &2)E,Concept Hierarchy) #&:4r B84
AW 5 (partial order) 89 5 A, € X T HIEEH & (BiE
B BIR EREES (— AR st 73,

B 1 RN EEITBR S RS RSN,

HHTHRAR
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EX 2(RE,Scale) REHBHFRE YRR ARBFT
e FI 89L& 20 2 BT RO P 26 R R BB R /N B

Hi B RARFEEXRAMNBHEREFEETANE
BRERE.
2.2 SREYIRE

AT RERERINERHTEE, &30 AR RREM
ZAREZEWELERMBER BYHEE.

X 3(Z YR E,Nominal Scale) £ XREWHNEZ
RESERNE, 2 i & f X 8% R EST 224,

EX 4(E)RF R E, Interval Scale) [A]f R EHFKITE
TKAEE BRI B, 7E I B et B FOR

HTHEAEEZ, L —-NRBRERZ AREHLTRTE
R, FIXR | BEAHTRE ERARRRE, a2
BEAER DT E A XRE, IS AER B H AH.

#1 MARBRESEARERE

] % R 4 XRE
8 HF(em) KBk HH ¥ 5
35 173 68 L ® T
41 177 77 ] A ¥
37 183 67 % A

gLy IR 2677 B X Rl A 2 18] R R B B8, A Sl 4
SCRBEEREA o 6] B RBE SR A Db A1, &3 3% 1, 348 LR
BT BACAE R, Nk 2 FrF.

#2 BAREEMLLE

oL EhAE
A T B %2
FH APl B2, k%3

RIER 2 B BALEENE REHESE, % 3 Fisl.

®3 BAREFHNERBRER GBS

W BRE £ XRE
E£H(F) HE(m) #KEk HEH ¥
35 173 68 1 2
41 177 77 1 3
37 183 67 2 1

2.3 RE##HR

e REFEMPUEZETIR A B REERE L.

ENX S(RE$#, Scale Transformation) R E#
PRRBEHZ, BIEA BRI ARG Hair R R E KRB
FESAIR, && 2 REREIMCHE, FEREE B iR
REWTRE.

2.3.1 RE#BERH

ZAEEREMNZRR, TRERESRERNT.
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2.3.2 RE#HBHy*E

R oy RE L RETHMRERLE,
Ho  RETHERA Y RESL T,

1) R E _F#E(Scaling-Up)

RE FHEBEHSSEPHERBRREARESRER
BRRE AR, BHREH B MR8 20,

2) R # (Scaling-Down)

RET#RAE0 BT HRBRRERREZFEK
B REMRR TR, EOREH IR b 2 .,

3) R 5 #E (Scaling-Mutual)

REGHERBEESSSZ oL R ARSI E,
EWRERERNRK/NAREE,

2.4 ZREREH

B 2. 1 PREMXARMRESE IR REERE
REEXIT .,

EBY 6(£ZRFERH, Multi-Scale Clustering) ZRBER
A AR EMRE FREIERNERERERIESE ., A
WHREFRTIREEREAR, R EERFARLELER
REFHE Hir RERTRE.

3 ZREBERE LEHZ MSCSUA

ZRERARRE +HE % MSCSUA(Multi-Scale Cluste-
ring Scaling UP Algorithm) LB GCETREHE I ESP
AT AR B R WARHAE T 2 BE OWAFAE . HRTRE LECHRE
BB, T P B h A M T E RGP PR
5L E R BK(Block Kriging)
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BARARS o 5FMAEV P4 BRSO AT
By & EmEn R (6) iR .

C(.Ii ,V) :% (Cor +C02-i +C03—i +C04-i) 6

3.2 MSCSUA #5%H

MSCSUA iy EA4BALR . B et R A 5B 48 @ ot e R
BMEURERSE, EREREHIESE, A ER LA
PCA S EBERME R EWEE D ERERERE, HFEH
CERENE R (W0 K-means, EM ) ER R F B E
RER ARG BEERESER SER AR S, f HBR A
BREFE EGRESHESSHIERR ; BL . MY
BIEERRERLER.
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MSCSUA S RINT .
INPUT; Original Datasets
OUTPUT: The Clustering results of Large Scale
1. Convert Interval Scale and Nominal Scale
2. Build Multi-scale Datasets
3. Use PCA to Choose the Best attribute
4, Select the Basic Scale: BS,
5. Make Clusters on BS,
6. Use BK to Obtain Weight coefficients
7. Scaling-Up the Target Scale: TS,

4 ZBREEFERETHESEZX MSCSDA

LZRERRRET#HAE MSCSDA(Multi-Scale Cluste-
ring Scaling Down Algorithm) 8.0 7E F 003 B HORARE
i Z B ZIASIE . RE THEEMNERBHMA SR, X4
BEEFZHBEER. EXRFEARST . OREZEEAN
EERRARMN, NRA—HARESERETH, HEREAT
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4.1 BEIAEISREMKZE ATPRK
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AR R A A TR ENRE TS, 2R FE PRI R
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A
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T BARFESFINT .
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7772, 8 2 B H R BOmE R ER2E;
BT REMHBEGEME R R B E BV EREBEE
AW 4 ] ATPK XPHER B 22 RBET
B|S SHLR ISR 4 BEE] ATPRK RET#
R,
4.2 MSCSDA E;xm
MSCSDA m#A B KRB 5 MSCSUA #ftl, REER
BRAIS AR, RETHE SRIEC MRS RKBER
B, R E Z R R EH R Bk, R ATPK RET
FEEHFERBIGER RGR)E BBEEERER PR ERE
THBILER R BFEHF R R B ERRERELE
&,
MSCSDA BAALBINT .
INPUT : Original Datasets
OUTPUT: The Clustering results of Small Scale
1. Convert Interval Scale and Nominal Scale
2. Build Multi-scale Datasets
3. Use PCA to Choose the Best attribute
4. Select the Basic Scale: BS,
5. Make Clusters on BS,
6. Obtain Auxiliary data
7. Construct the Regression Equation
8. Scaling-Down results: Ry with ATPK
9. Use Auxiliary data and Coefficients to Rz
10. Merge R; and R; to TS,
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i THRAE MSCMA BB R R HAERE, &< R A RE
ARISEFRRL A F R EH1TIIE, WIS Windows 10
Pro Insider Preview 4%, £ 3. 40GHz,4GB RAM, & 3%
M JAVA B F#ATRAESH, LTRTTREOT . 5EFA
K-Means, EM, FarthestFirst (A T 8 #f FF) S BB H % H %
HERAEE B RE BT BEIZE, AR A R S #1T
REZBGE BRREREER,; BEFHAREIFM ISR
A SCRIE A B, A IEAR SUR SR B AR
5.1 UCI¥iiE%

A EE UCI A E &£ Iris, Wine, Segmentation,
Waveform, Magic gamma FIESZEIEN H ¥R HIEIL 6 4
BREHITIIR, R4FIHLRBEENERFE BFEH
WELAR R E BHER B BMEEERSFER.

F4 UCIEESRMERBE

BEE HEAH  BRMH X% %5
Iris 150 4 3 D1
Wine 178 14 3 D2
Segmentation 2310 19 7 D3
Wavelorm 5000 21 3 D4
Magic gamma 19020 10 2 D5
HE&2R#E 140663 7 8 D6

5.2 BFEEIMER

23X F A CA(Clustering Accuracy) , F1-Measure #3547
FHE4E 3 F BRI M IEIRsT L LG R. TEHHFEANE
CA #1 F1-Measure V£ #6847 .

5.2.1 CA
CA AREIEFR AT LRI LER, L AKAD .

CA=§1n, /N an
Hod,n AR ER R4 AT [ AR N A EE
ERABE

5.2.2 Fl-Measure
Fl-Measure 25 B8R . A TE . BT EE S IEHN
BEERR, HEB KRR AR,

__2PR
FI_P—_+R 12
HH, P 2 # 3 (Precision), R 2§ # 42 % (Recall); P=
TP R= TP
TP+FP’ TP+FN-®

TP,FP #MI FN §{EH % 5 1815 % M (Confusion Matrix)
HE .

#5 BEERE
FUEX FHAX
SEFRIE X TP FN
LR FP TN

5.3 ZRERHH

A EERE CA, F1-Measure F138 178 3 M E4p 3T
ARIRKEERAXAGERE LHEMRE FERN RS
i b AT B R SEIR XY L A48T .
5.3.1 RELBEBHH

M 6 FTLUE H , MSCSUA HIERR T #£ Wavelorm % ##
£ F i CA B BIEFRIRE T K-means #b, ZE M 3R E L1
HFEME L. ESTEAREEN CA FHEFH, MSC-
SUA BT HME S AL LR FF B 70 /MR .

#6 REL#E—FRE®RN CAHEILE

HEL K-means EM FF MSCSUA
Iris 0. 89 0.91 0. 85 0.93
Wine 0.98 0.99 0. 96 1.00
Segmentation 0.92 0, 85 0.84 0.95
Waveform 0.93 0. 88 0. 87 0.92
Magic gamma 0.91 0. 86 0. 85 0.92
HE 4R &H#E 0.93 0.92  0.91 0. 94
FHE 0. 93 0.90  0.88 0. 94

4% F1-Measure FIE X, IR B R EFH KM F1E, W
% P AR ¥ KME, AR LREE, NE7H
PIE H, MSCSUA 7ElASIEE L REEREW F1 H, RE

TE Waveform $(3E 4 b H{HBR(K.
£7 RELE PRI R F1-Measure {8 L3
g K-means EM FF MSCSUA
Iris 0. 874 0.906 0,842 0.927
Wine 0. 972 0.989 0. 956 1. 000
Segmentation 0. 903 0.864 0.837 0.944
Waveform 0.918 0.861 0.857 0. 902

Magic gamma 0. 892 0.874 0.863 0. 906
HE4 R %% 0,915  0.903 0,897 0.925
FHE 0.912  0.900 0.875 0.934

Wi 8 A AEH, MR B KA, EM Bk s 17T
H] s A% hn s MSCSUA ZE:3 47 E L B§E T FF.{HS %%
6 1% 7,FF iy CA {H# F1 (HH%81K.
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*8 REL#

AR EE BB 1T E (o) thd

HiEE K-means EM FF MSCSUA
Iris 0.02 0.09 0.03 0.01
Wine 0.03 0.10 0. 04 0.02
Segmentation 0.22 1. 03 0.07 0.05
Waveform 0.28 1,22 0.09 0.07
Magic gamma 0. 45 2,63 0.1 0.13
HE&2R &% 1. 36 20.35  0.27 0.24
PHE 0.39 4,24 0. 10 0.09

5.3.2 RETHREHSH

3= 9 ATAEH 8 ATPRK i3 MSCSDA ZEIE#
#ECA LEAHENME . CA FBEHEN T K-means Bk
BET 7%8MEE X EMBRIBRE T 5. 7% R MERE, AR X
FFEEEET 13. 6 oA HERE.

#£9 RETHE—AFREEN CAELK
HiER K-means EM FF MSCSDA
Iris 0. 88 0. 90 0. 80 0.92
Wine 0. 85 0. 89 0. 77 0.90
Segmentation 0. 83 0. 85 0. 83 0.9
Waveform 0. 85 0. 86 0. 82 0.89
Magic gamma 0. 89 0. 84 0. 84 0.94
H420%% 0. 86 0.87  0.82 0.95
P 0. 86 0.87  0.81 0.92

RETHEMHETRELBEESENAHE L EFHEN
PR, B® 10 TLIES, At BENELEMERER T
BZ, WAL MSCSDA B L #E Fl-Measure & KSR
PAMERFAE 0.9 DA b, AT LiZBE RS %8 T HBIBIRAEA.

#£10 RETH —ARELM F1-Measure H LB

% K-means EM FF MSCSDA
Iris 0. 863 0.892 0.763 0.911
Wine 0. 851 0.887 0.758 0. 897
Segmentation 0. 816 0.846 0.814 0. 903
Waveform 0. 847 0.870  0.806 0.884

Magic gamma 0. 881 0.823 0.833 0.922
HE4R¥%E 0.862  0.874 0.796 0.937
EHE 0. 853 0.865 0.795 0.909

g 11 ATLLE . EE TR L FF B RAREHN
# I, MSCSDA g & T FF. {HFRI#f % 3 FF & CA 1 F1
BREIRE 4 ME PR EK, MSCSDA Fit B & 483 &
K IBTEF A B » B Ao SR AR R BLIE MR T i 1e) Ao
R,

#£11 RETHE—AFRBSENETHME () B

C BER K-means EM FF MSCSDA
Iris 0.01 0. 07 0.01 0. 05
Wine 0.03 0.14 0.02 0. 07
Segmentation 0.17 1.03 0.13 0.16
Waveform 0. 26 1.26 0.19 0.88
Magic gamma 1.42 4. 63 1.13 1.03
HE2RE&E 3.36  16.35 1.87 2.71
HE 0. 88 3.91 0. 56 0. 82

UEERERRY, EERERLKEZEF, EER &M
L BK f1 ATPRK #47 R B L #EFMRE T # e R
B PITEER, B RS T RABEATERE.

HRIE A EREREL N A TSR, AR
B R PR A AR, X 20 RUBE ) 2 70 TR S R 4 U 7 A B9 238 A
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