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Abstract

Entity resolution (ER) is an important step in data integration and data cleansing. In domain data
cleaning and integration, different attributes in an entity usually exhibit different discriminating
abilities. Calculating and utilizing the discriminating abilities of attributes can improve the accu-
racy of record similarity. Current entity resolution methods include record similarity algorithm
based on string and algorithm based on machine learning to calculate record similarity, which
lacks the importance of considering different attributes. Therefore, this paper uses the idea of Si-
mRank and PageRank algorithm and combines the attribute salience obtained by random sam-
pling to propose a similarity algorithm based on attribute salience. Firstly, a weighted attribute
record pair bipartite graph is constructed to represent the relationship between attribute and
record pair. Secondly, an iterative algorithm for calculating record similarity based on attribute
significance is proposed according to attribute significance combined with graph similarity algo-
rithm. Finally, a record graph is constructed to represent the matching probability between the

record pairs (the weight w(r,.,rj) in the bipartite graph), and the improved random walk algo-

rithm is used to estimate the matching probability of the record pairs. Then, the matching proba-
bility of record pairs is fed back to the weighted bipartite graph of attribute record pairs, and the

weight w(r,.,rj) in the algorithm of calculating record similarity based on attribute salience is

modified until convergence. Experimental evaluation using real estate data sets shows that the
proposed entity resolution algorithm based on attribute salience is more accurate than the main-
stream methods.
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Table 1. Data information table

F 1. BEEER

b eIk FRE I HiL X S
" MK 9 263-22 5 9 ¥k 3 5 it TRBRANF X LA

Pl S e B 5 K A 3R i b
263-22 593 5

23

s TLFRANFIX K EA

"

3
=

RXHIGEHLR U R o AXAES 2 A T T SimRank F1 PageRank FIAIANE ByEAHSCHE @, 7
B3 HEH TETEMEEEMICAACIEENRE L, 5 4 WA T 30 R B R Sk BE L E R R
T HRIEREEH FIBUE w(i;.,rj) , BJETESS 5 W EVERM TSR I0UE, B 6 T T adh.

2. ETESHEMNEEE

T B FIARAL R SR R e 2 . PageRank [15]A1 SimRank [16]72& H A A5 HARER
PEMEW R L. R L PageRank Fll SimRank 5575 FH SRR UL SR fg AT HHc S MOAH AL i) @[ 17], R
THIK A 41 7 b PR SR AR SE A ARATT R I S
2.1. EF SimRank {0\ E B XAV XIEIR

EHEE R G, R A A B A NI H 4 O(A)FT OB)FHLL,  TAEATTFAS N B0 SR 2 AH
AR o 3X A& SimRank 7EHERE 2 48 A 19 ) 8 AHACLRE 1 36 A AR . 75 STk 16] R $2 Y 1 2 F 3 1 SimRank

R, RRAG T HERE RGP P Z B RARLEE . anlE] 1(a) s, AR RS DAEID SR r, AR (B YA
HISCHER]) ¢, Z AR IE — > 0L, SR SRS SR Z IR A BLEE ifﬁia%i‘ﬁwfﬁSb(r,.,rj.)/AﬁilDT:

CI
)= ot e Bt 1) ®
Hrh CONEIRIN T, O(r) Wik r AR, S, (1.1, ) AFIARIE ¢ A e, Z 18 AL P45, 7T LA A
[ Fry s 9 5 208 3
C
S ti’tf =—22rﬂe[ t; zt-elt» S l’;,r/ (2)
»{ot) () (e, = i)

Horr C, R — AN T, 1M1 (¢,) AL ¢, AR IE - Feja, Al BUB A AR A~ J5 R T BLAS B 00
Z IRV FHRBARE o SR AN AR S, (i, ) RS 5 SCAOBRMRL, 00T LA A T 1 — S

2.2. ETF PageRank L EHARHEXIER
[FFF, F THE37 R 42 1) PageRank 9 A] DLEE SR AT R, — M5 %2 R U7 V54X E TF-IDF (term

DOI: 10.12677/hjdm.2021.112004 29 EAGIEEraE


https://doi.org/10.12677/hjdm.2021.112004

R 5%

frequency-inverse document frequency)UiF E3HEHS, HES: H—FloB I SCAARUNE B & . Mihalcea 5 Tarau
FEtH Y TextRank, FH AR IS @ 2 AR AHAT O RIGE ML, SR)5H PageRank AT 5 &
T rank {H, HEF rank {ERIATS B OCHE . FESCUAMEATRIH T, TextRank f4i& — /M RAIER,
K L) A, HoT5 R RTE, TG BT S0 o [ 58 KN 3 3 1 s A ARSE 3L A . 7E LR |

R 2T PageRank (1) 3C A3 A5 2 Ak o1 17 12 1R 76 1% A0 1 EE B . [RDAE ) R AR AL mT DU T

TW-IDF (term weight-inverse document frequency).

il ARiti

(@ =K (b) i—K

Figure 1. Graph models in graph-theoretic
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Figure 3. Experimental result
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