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Abstract Multi-scale mining has been applied in the fields of graphic images, geographic information, signal analysis,
data mining,etc,and also has related research and application in the fields of association rules,clustering and classifica-
tion mining. Nevertheless how to divide datasets into common scales and how to construct multi-scale datasets have not
been studied in depth. Starting with the task of multi-scale data mining, this paper defined the concept of scale and gave
a multi-scale dataset model and a benchmark scale scoring model. This paper proposed a multi-scale partition algorithm
based on the discretization method of probability density estimation, which extends the data types of divisible scales,and
its partition results are closer to the multi-scale characteristics of data with lower time complexity. This paper also pro-
posed a multi-scale dataset method,a multi-scale data set algorithm and a benchmark scale selection algorithm. Multi-
scale entropy and information entropy were used as evaluation methods. On the basis of expanding the multi-scale data-
set method, the scale effect produced by the meso-scale derivation of multi-scale data mining can be effectively reduced,
and the time complexity can be controlled. The proposed algorithm and model were validated and analyzed by using the
real population dataset of H province, UCI common dataset and IBM dataset. The experimental results show that the
proposed method is feasible and the proposed model is effective. The application of the proposed methods improves cov-
erage by 1. 6% ,Fl-measure by 2. 1% and accuracy by 3. 7% in scale deduction process,and has low average support

error.
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Table 2 Partial data of real population in H province

o S 4 % /cm
o 22 167
v, 10 122
o, 22 157
v, 24 165
s 50 154
v 99 163
v 23 190

SCHk 16142 H A 22 B2 4L J5 32 Al MSCSUAM fi FH Y &
R AL Ty e X 4 4 R AT R 4y L S5 R AR 4 B R .
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Fig. 4 Multi-scale hierarchical structure of age(MSCSUA)
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Fig.5 Multi-scale hierarchical structure of height( MSCSUA)
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Fig. 6 Multi-scale hierarchical structure of age(MSA)
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Fig. 7 Multi-scale hierarchical structure of height(MSA)
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Fig. 8 Composite scale hierarchy
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Table 3 Relevant information of MSARSUA and SU-ARMA

experimental datasets

KEE TE % F 5 FHESKE
Connect 128 67557 43
Pumsb 2113 49046 74
T1014D100K 870 80000 27
R EENCE& 36 110663 7

# 4 MSCSUA Fl SLAD 5236 $ ¥ 4 19 41 6 5 B
Table 4 Relevant information of MSCSUA and SLAD

experimental datasets

Table 5 Experimental parameters

HAE MSARSUA # /h % 45 SU-ARMA % /h £ # &
Connect 0.28 0.28
Pumshb 0.23 0. 24
T1014D100K 0.033 0. 034
HAHXELADKE 0.26 0.24

6 YRR AR o RUZE R H AR RUE

Table 6 Division scale and target scale of experimental datasets
Wk MSARSUA SU-ARMA AR XX 4 2] ﬁ'
® 4 RE X RE RE RE
Connect 2 2 2 1
Pumsb 2 2 2 1
T10I4D100K 2 2 2 1
EEEENCE:& 3 3 3 1

AR 3L By 3 HM 35 2 Fl-measure., V- 3 3 # F Al i%
22 L B iz A7 fR) 4 A7 TR SCER L1138 H 9 MSARSUA FI
N A B 2 R B 4E 7 Bk (BMIDSA) Fil R JE R 4 T ¥k
(MSA)JG ) MSARSUA J7 5 47 XF Fb 55 46 o 5 35 o
A Al T X EE SR IE . A\ IE 8 2 (Accuracy) . F1-Mea-
sure bR #EAL 15 B (NMD A K iz 15 B[] 4 A4~ 5 i % 3k
(21742 1 /9 SLAD FIR7 il BMDSA Hl MSA J5 19 SLAD 77 i
PEAT X H B2

H 2 7,58 8 T 1. 7E B 4 Connect, Pumsb, T1014D100K
M H A ESSA D EIESE L, MSARSUA M X T SU-ARMA
AT B B 35 K F1-Measure , -1 37 30 B 15 22 504K

I@‘*’?f **fl#‘ **fff( KZ‘J#‘ SCHRCLODSR JME & 43 )2 1 2t 2 RUBE AR B3 4, AR B | 5 SCik
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PID 768 8 2 (1105 B B A # i 22 RBE 50908 4 AR [R] , R s 4 s 2 R
Spambas 4601 57 2 " . N . . S,
pv\:zn:se o i3 : BHE A (BMDSA) & 3 i I T MSARSUA %%, IF #4724 07
HA#H»READHHE 6311 7 3 s,
7 TEEHE4E Connect Ml Pumsb b Y5256 25 5
Table 7 Experimental results on Connect and Pumsb datasets
HEE Connect Pumsb
HofRE 2 2 2 2 2 2
MSARSUA+ MSARSUA+
N MSARS SU-ARM/ MSARSUA  SU-ARM
B SARSUA = SUARMA - pyipsa-+MsA) SARSUA = SUARMA - prinsa-+MsA)
HEE/% 92.91 83.46 94,17 100 97.50 100. 00
Fl-Measure/ % 91.83 88.70 93.78 93.92 99. 38 99. 38
FHXFEEEE/Y 3.66 1.72 2.92 1.55 2. 86 1.55
EATH /s 4.42 4.13 5.05 3.32 3.01 5.36
%8 EEIEE T1014D100K Al H 45 E 52 A HUEE 1 iy S8 45 51
Table 8 Experimental results on T1014D100K and H provincial population data
A% T1014D100K H4HLELABDHE
HERE 2 2 2 3 3 2 3
MSARSUA+ MSARSUA+ (BMDSA+ MSARSUA+
4 AR MSARSUA  SUARMA o vsay  MSARSUA - SU-ARMA MSA -+ BSSA) (BMDSA - MSA
BEE/Y 97.78 97.56 97.78 96. 72 96. 36 100 98.03
F1-Measure/ % 98. 88 97.56 98. 88 98. 33 98.15 99. 10 98.72
FHIEHERE/Y 1.59 1.49 1.50 3.25 4.03 2.71 3.15
EATH A /s 26. 05 26.00 26. 10 4.09 4.01 5. 80 5. 80

e 7.2 8 Al 4, 7E 8 P8 4 Connect,Pumsb Al H 44 E5¢
A FEC R 3 AR 4E [, MSARSUA + (BMDSA + MSA) #H
%t F MSARSUA B i 42 & 7 7 35 R M F1-Measure , 1 i B¢
T Y R 2, EHE 4 TI014DIOOK |, MSAR-

SUA+ (BMDSA) # %F T MSARSUA 1) & % £l F1-Mea-
sure JEARBW A, FH X FHE IR 2 0BG EMK. 0
T1014D100K %45 4 vh FAE i Bl 9 ]2 J& M 40 A5 13 0 )&+ 1
S5 AR L AE T 2 ROBE R 4 0k (MSA) 78 1) 4 ORI 5 Sk
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SCHERC21 5 B MSCSUA B35 0 52 56 5008 45 %40 S 1 2
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PS5 EE 4 R 4 o T2 RO, 8 2 4y T AR L R B, I
BMDSA F1 MSA ) MSCSUA 4 k78 # 4k 115 B (NMD L
PEE L TR R T 8. 0750 b ifE HLME S FR A B B
S22 B AR A A 5 S I A5 B0 19 S bR A A = ET A 25 R/, Y

SRS NMI {45 G BEAK , Bk 22 5% . 1 H BMDSA
1 MSA ) MSCSUA B 810 Accuracy FHRE T 2%, Ac-
curacy 7E 405 4E PID I 42 & & W & . 4 #r & B, PID R 1L &
P B T VR AE 43 A AR XA, H e i RO B i A T RE A

F9.F 10 EF R A SCIE 69 B ] BMDSA 1 MSA
BREJE M SLAD FMSCHR[21] A 42 1 i J7 % SLAD #EAT T 1L
SLAD #3538 F LAD AEAL 3 o A B 9 S 1T 15 ROk =
AYFPERE ., SCHR[21 ] i NMI EEBAR B8 T /NSNS W A3 %0
FLE AN BE S AR U NMI FE RS B g, HOE AT LA H
SLAD % ¥ 1 i ] BMDSA #1 MSA %4 ¥ 19 SLAD % ¥ 1
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* 9 FERFBIESE L BMDSA+MSA 5 MSCSUA fi % He 52 56 45 4
Table 9 Comparison of experimental results among BMDSA, MSA and MSCSUA on different datasets

Accuracy F1-Measure R E B (NMD AT E A /s
B E MSCSUA MSCSUA MSCSUA MSCSUA MSCSUA MSCSUA MSCSUA MSCSUA
(BMDSA+MSA) (BMDSA+MSA) (BMDSA+MSA) (BMDSA+MSA)

Ionosphere 86.2857 87.1524 0.8522 0.8601 0.4026 0.4823 0.002 0.013

PID 76.8333 79.6940 0.6887 0.7012 0.1545 0.1620 0.002 0.056
Spambase 82.1384 85.1120 0.8076 0.8871 0.3178 0.3319 0.002 0.023

wine 97.7528 97.8501 0.9780 0.9780 0.9088 0.9987 0.004 0.089
H % # 2
Ao 97.5071 97.5071 0.9699 0.9771 0.8879 0.9004 0.002 0.018

# 10 FEARFEHELE F BMDSA+ MSA 5 SLAD (9% b 52 3 2% 5

Table 10 Comparison of experimental results among BMDSA,
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