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Abstract:
between different data management

In order to realize the intercommunication
systems, we
proposed a framework of multi-source heterogeneous
data governance based on semi-supervised learning.
Then, we designed, implemented and tested an automatic
alignment method of unstructured data and structured
data. The named entity recognition (NER) technology was
firstly employed in the framework to convert the

unstructured data into the structured one, and the string-
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similarity-based method and supervised-learning-based
method were respectively used for the schema matching
of structured data. With the semi-supervised learning
method, the structured data and its corresponding entity
in database were matched and integrated. Finally, natural
language processing (NLP) technology and deep learning
methods were used to impute missing values in the
integrated dataset. It is shown that the Fl-scores for the
alignment on the paper dataset and video metadata set are
89.70% and 96.50%, respectively; and that the accuracy of
missing value imputation on different attributes is all
above 78%, which is a great improvement compared with
the baseline methods.

Key words: semi-supervised learning; data governance;
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Fig.1 Common framework of multi-source heterogeneous data governance
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Fig.2 Framework of multi-source heterogeneous data governance based on semi-supervised learning
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Fig.3 Information extraction algorithm based on

named entity recognition (algorithm 1)
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Fig.4 Pattern
attribute value similarity (algorithm 2)

matching algorithm based on
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I, o TR 24 AOAR B FE B A2 2, IR IZ T fig e
REUN TR HLA 24 A7 AR RO A S BB 44 B9
), 245 BB UL W5 B AR R Pk 1
IR o

®1 FERENEXERE

Tab.1 Accuracy of information extraction algorithm

A fr SR e/ %
w4 WFK ] I
67.63 34. 60 87.50 80. 46

BitiJ , DARECEI ) 2 8 e 24 P Sl O], 455
DBLP il $2 {0 SC SRS 8 v i SC8diE 5
G EH B B4R T S5 2B DBLP %
PitE .

2.2 tEXCEXE

X bR S AR AL A TR CVL L, AT T 2
LG B 1 AL E X I SCEUR A B IR B 4
R JE DL EE DBLP Bi4E iy JE 1 5 5 2 4 SE 50 4T
XTALAT T ECE S , R A 58 EPG #b 7 o8t 52 i)
J& MR DT L A7 AT I TROT B 45 AT N %
JCBHRE I ENE . ALERH T L 2R
AV BE 7 v o
2.2.1 WCHRAERA DL

B, 1E IREESE K DBLP 50846 FHT3eT
B2 > BB UL L, £ 3 JE AR VL B 45 R ANk 2 fir
MRe F2m N FIRIEFIVEED , X F/RFERILHL,

X2 DBLPHIEESIRHIEEEAMELR

Tab.2 Pattern matching results between DBLP
dataset and IR dataset

DBLP Sl %%i%%ﬂﬁﬂ%ﬂ"é
Bk KNN CharDist 3-Gram Flex
Classifier Classifier Classifier Matcher
o N NG NG NG
R4 X X X X
4 N, X X N
=i} X X NG N/
AR N X X NG
GEH X N X X
dblp_papers X X X X

" IFE Y, 3-Gram Classifier 453 DG Bt 26 58 2
AN H Al 3 F gy 2R 4% o H KNN Classifier Al
CharDist Classifier #4780 VEECf5 |, IEB VC B AN K
F 34, W HEE A A 432548 1 Flex Matcher i},
IERVCECA 44> X & T CharDist Classifier 1
KNN Classifier £ B H 89 FFE AN BET M7 3 S Bk~ 75

R AR A R

K 46 %) 2 8085 S22, BT Flex Matcher 43
KinEm TR A, HAGE BRI A S 5 vl
HAVE BN 2545 2 D S5 R0 S50 2, I Flex
Matcher () 25 5 1E f DT e 45 S o 7E X n-Gram
Classifier #E17 48 %t Z 504 S, N FR I 244026
PRI T — IR B 25 A N n-Gram Classifier
ISR . APAFHIVERLLE R AR 3R .

%*3 DBLPHEESIRFIFEELENZHBELER
Tab.3 Majority voting results for DBLP dataset and

IR dataset
DBLP %k #EXPTicss IEAfVC R s
e H(IR) (IR) R EELE
HBI depart depart 5 N/
HEAH ins email 5 X
44 name name 4 N
&) edu edu 2 N,
R title title 2 J
BEH intro coauthor 3 X
dblp_papers intro publication 9 X

R HIZE TP~ > AR DL e D7 A I, 72 52 50
Bn AR LAY VERCAE R, AN UnSR H EE TR BLBE g DL S
JIE RN o B AT R - SR A A P 1 B
AR FAT BR BRI, 3 AT ER AR LU fiE
% A S W 20 T PR R A AR DU , DA I 3 T AH 1B
JE BRI RO 21 T ) 4h
2.2.2 MHOCHHEEERILAL

S PR 4 Bh o3 S g RAIC A SR PR A TR
ILEC, Z 2R e 4 fioR

F4 AT HIEES S EPG HIEEEKXTERER
Tab.4 Pattern matching results between video

metadata sets and smart EPG datasets

B oy SARICELE,
BHEEPG '
R R e KNN CharDist 3-Gram Flex
Classifier Classifier Classifier Matcher
Pz J X 7 J
T O X X X X
SR X X X X
Sy N/ J % J
Hi X NG X N J
e N NG NG NG
b N N X NG

"l DL % B, CharDist Classifier 1 3-Gram
Classifier [ VC R 45 45 2% . CharDist Classifier {{f#
FH—SE R R A5 BT BRI A T U 2, DR G AR XA
AT MDA B B R O A R AT R
5 Fik 2 F4r 2588 M EE , KNN Classifier & Flex
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Matcher FJRCRFS IS, ABAFAAE—SE DL RC A iR 25 .

SRSk, JETF R A S DAL, ERE AL 7
FAF R A S B R MR B AR IS T R AT
SpugzE B H Hp Flex Matcher 75 3 1 e VE Bl 45 51 .
PRI, 7 X Bl e A TR DT BC I, AT DAAR IS B %
HRECHR R A% X, A R S 5 f Bk ik, DA
PAFRUF P VE LRI
2.3 HIECESE

TEARIC T VEFC Y Ja P I, 50, 7R 58 B T 90
0 55 0, R AR VL B Se g0 o SR o xf 243k
6 10 [F]— AR A S A TR 10 X 5% . ASBIESE R
Magellan 3 $2 4L (1) 43 B 5 AT X 5%, 6 45 SR ik
I, UPRIEA SRS S IERR VC G Ry ool . 26 1 Fh
YTy % & Attribute Equivalence Blocking, B4 Bt
JIF A TEAG € JEPEXT EE 58 A0 A5 1 JT A 56 2
7192 Overlap Blocking, BIZRHUUT A 148 € )&
PEXT b (A — 2 BB AR R B oo 4l 5 55 3 R ar By
1572 Rule Based Blocking , BV iz A Ay il 22 AHABLEE 1
WP TC2o AT ug . B 3R TR I ) oo
HIFZ 5, BIA] 3% — A HEBR 4 B 0 AN DC e T2 Y
HRRBEIEERC.

2.3.1 B ELRE LA

G, 7E DBLP 4 82 71 TR d 42 b UG iE
@ PEXT, I X AT e . HERR ST AR 2=
H 1Y (HBAR , email) / CHRFR , title) /(22 17, edw) J& P
XF, [] IR BR 574 H3 4 B2 24 174 (dblp _papers, intro)
JEAMEXT, R R A3 GERIT , depart) | (244 , name) 2
(coauthors, coauthor) J& PEXT 43 AT 43 HeE . 3X
FERIAE ) L Ak — 425 TR) 8, B . 0 AR b i i 6
LU AR N DERCITALN

FIH (4 name ) J& PEXT T T3 BRASRAERT , 7E 45
vER AR R s X b . R, iz e R
T E 24 450 S5 e R 4 Sample £di 4 | Fior
S Sample FE 4 19 10%6.20% .30% .40 %6 %4
PEIHHC NN TARE MINLGLE , SR )5 F4 Tri-Training
LA M T KR 4R 5 2585  BEMLAR MR AT 2585 K
PR o288 B /INER 43 Sample BUAE4E H (1FR 25 I
X R B REE N AN 25, fie i LEEREAS 1] /NI 2
ERFINIA] 3 a8 T 2 B 2 o SRR HUPR 28 i 1 Af
R, LA ME S PR,

CIRD% S I IE % SR LR SR A SRV € R 1) N
Tri-Training 51 (4 45 25 100 AE 6 0 Ry . X R
T B 22 N TARERRSS , I h e B T 30%6 1)
AR T IR SL Iy, i K 485 2K 4ok

x5 AEKXMNEGERARESEKEET Tri-Training &%

HIFR IR BUE R R
Tab.5 Accuracy of Tri-Training for label acquisition
under different size training sets and

different classifiers

AN [V BARAR T ) i LT ARIBOPR 28 ) Hiif 4

PR 10% 20% 30% 40%
K ir46 0.954 0.956 0.965 0.973
RfALARAR 0.952 0.955 0.961 0. 962
ek 0.943 0. 950 0.971 0.970

AR B R4 . ZERI 25 15 58 B A 5t
MRS 58T LAGRAS— > CARTE R Sample b5 %%k
e

Pt Sample FRZE R4 DL 72 3 FL R4y il 2R dE
AR 4E | 9 H LN 25 Magellan hE2 4 6 F 7328
i, AR el TS B UL e g% . DAF LEAE
SVEHIRRUE , 6 P43 288 7€ Sample MUAE T A9 R 3
k6 s

%6 Sample X &7 6 FhiH 2 FHRM

Tab.6 Performance of six classifiers on sample test

set
A EHKERE CPHEREER FHFLE
A 0.959 0.989 0.974
FtHLAR A 0.979 0.984 0.981
AR L 0.948 0.947 0.946
2 quamlE| 0.946 0.954 0.948
ez Ty E| 0.978 0.972 0.975
AN DL 0.530 1. 000 0.689

TR L BEALER MR e RO R B, S T
R APF FUE. P, ST 18 SO 5 Bdls TE T
I, BEFHREHLARARA T 22 s

B , 2 R IE 1 JE X, O AT
BE , LA Rl CRIE 2 />3 v DS e Jas A4 XoF 2 1 Jes
(B o SR hRIRARF IR 7 Fi7s . Hob, AllFOR
KA B PEXS ; — (C1,C2) Fm M ANEA £
B (CL1, C2) J@PEXT; + (C1, C2) Frm HoR iz @ vk
Xt A2 ARRAIE o f A R HE DU AR R AE R AN SR 7
NS

T ATLIE AR (k4% name ) DU L& 1 %65
AT 3 BARAE LA i b Bl S 5], JC Ve R e ol
TR P XS AR G A BURRAE | HCBRCHE DG J5C 94 R Aff 35
Jef o PR, FI (144, name ) D8 E 10 A2 B
e B e X 4 R N At o RIS AT LA M il
FHGERIT, depart ) Ja 08 f DT P PR 23 e T 420
e X A DE S A o, O U (IR , email) DT
e s P Xk A RIS, DT PSC ) MR R de i o AR, DA
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Tab.7 Data matching accuracy under candidate datasets generated by different features and different
blocking
A 3 P i 7 [JC 1 iey 22 /0
SR AT Sy IR f%ﬁf%ﬁ%}ﬂm@uﬁﬁi/%
(444 ,name ) (#RI7, depart) (coauthors, coauthor )

All 84. 96 44. 94 6.41
— (1], depart) 37.67 4.27
— (4 ,name) 44.98 6. 40
— (HARK , title) 83.31 42.15 6.11
— (%7 ,edu) 84.58 44.32 6.26
— (HE4 , email) 85.09 44,97 6.38

— (coatuhors, coauthor) 85.57 44. 28
— (dblp_papers, intro) 88.60 45.03 6.78
+ (#6177, depart) 87.52 6.84
+ (144 ,name) 24. 86 3.74
+ (HRFR , title ) 12.37 4.68 1.32
+ (35, edu) 9.44 4.28 1.63
-+ (HF44 , email) 89.70 45.10 6.96

-+ (coatuhors, coauthor) 47. 56 12.16
+(dblp_papers, intro) 9.33 2.75 0.92

HAEH CHRFK, title) . (2% 777, edu) 5% (dblp_papers,
intro ) J& PEXT A PEBCHERf 2] LI X —F X FIT
BCHERf i 2 A I o EVEH . IR RAE T, X 34
BT TR EZAE, Bl S T RE AR AR,
DAL e A B A FR B BE AR AE X A3 BE RN K. AR 7 R LUAS:
AT 4518 E A (4%, name ) Ja P X8 SR
EEPAT o HARAE  OF B RS (HRFE , email) J& Mk
Az BURFIE RS, AR5 A DT e v 3 e s o
2.3.2 MOCEE AR LA

A, A 2. 2. 279 B A o Bl s AR AR S UL i
SEE R AR E] T AT G S AR HLIX R
WA T AN IE R YR . O T ARk SR XA Y
FRABE | DA JEJ A v s BURR P A T o3 B HEBR
PR A AR B[R] 7R 44 SE 50 B 4 oA R
ZEF WS IRYE, DS R Z AR X GRS
JE M. MRYE AT T T 3R R, 4
I AN ] 1) 43 B 7 6 A AR 1 R R FREA T E
ISRV NI

(1) XF 24 = J& 1 B Overlap Blocking, 1 5%,
H Trigram #4773 8] , JF 22K so i 0 2= /D78 34
token | # & , #5724 FIRMEAEA 2 LU i 34 token,
WA T8

(2) X i 1 M 7 v & M Y Rule Based
Blocking. i JE s 788 RI/RFEAH L EEAS /2 0. 8 T4l
XF, 5 G B T R AR A A, AN T i g

R I, A B SRR AR DB 51
A X B2 v B AL Ak B 500 AN SEAAR XS, 34T N TohRiE .
H N TR 19 500 A SRR 30 %6 Bdis , T X

HH Tri-Training B3k 5, S 2IREARLE S, B, R
FEF R 7 2 3 A LA, FEREARSE SR 3 U1 204 55
8 A6 R TS . J)E et TR
EEAR B o 2eds . UIZREE b 428 XRHIE Y 5K
U5 R UNZR 8 PR o

#x8 6FNEBHEININGE LM AN ZRKIELER
Tab.8 Five-fold

classifiers on training set

cross-validation results of six

P TR FARE EHFUE
S 0.896 0.875 0.883
REHLARAR 0.920 0.929 0.924
REI AL 0.836 0.818 0.826
AN DL 0.918 0.890 0. 904
2w 0.922 0.909 0.915
LA m Y| 0.938 0.914 0.925

MFLE R LAE H NI i g A L8
PR RFIERT , BEMLAR AR 2S48 F132 4 0] 05 43 25 45 1
Y RBCR BT . PIL, AE A B R DL 2 Ry
2, R BOR R AE SEAT XS e SE 8. FL{E IR 9 fr
o 2 IHLANFIRRAFA AR, —AFR
MALES R AR, +AFR LRHIZA LS
PEAE BURHAE .

AR 9 AT LA B - BEAL AR AR 32 4 0 4 2
(ARE EE A 1l 3 DL R B LA A0 25 000 AN K 5 78 KR 401
LT, BEPLAR MRS 2585 19 SR IUME L T2 48 [0l )9 732
fo RMESE[RIF ik, 7R PP Fe br b AT m He
BEmHPER = A T R 225, LAFLE M, 78 A
M DX T T SRR IX 2 X0 AN 1) M A U RRAE
B FLAERRARZ 8020 LA o F b nl UL, £ UC it 1)
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Tab.9 Data matching results with random forest
and logistic regression classifiers on test set

under different characteristics

A JE SR B ST Al A B RS A I, X
B e AR A L E M ) DOUBAN _SCORE I
TYPE VUK 2N 6@ M i i 5 A X, 2647 i R (E
b,

i T DOUBAN_SCORE A%t 5 & 1 , R HY

Ty rp———
g VLRI R {1 P K JIEAR S R U B AR 2
K HEER S FUE FE HEE FlE N X . D,
ALL  0.965 0.944 0.954 0.951 0.938 0.944 {EL A 6 B 735 W Jm PR BEAT IR . SEIR 45 2R AN
—#&5% 0.897  0.972  0.933  0.867 0.951  0.907 £ 10 -
—WH 0.972  0.958  0.965 0.932 0.958  0.945
—5®W 0.951 0.938 0.944 0.945 0.958  0.952 #£10 6F7FEX DOUBAN_SCORE B4 5E MHIER
—4Efy 0.934  0.889 0.911 0.924 0.924 0.924 Tab.10 Results of filling the DOUBAN_SCORE
X 0.958 0944 0.951  0.957  0.931 0.944 attribute column for six methods
—iEE 0.965 0.951  0.958 0.951 0.938 0.944
—FR% 0.971  0.931 0. 959 0. 9;0 0. 93} 0. 940 - %#jéﬁxﬁ B R I;ﬂjé@rx'fﬂ
&% 0.916 0.910  0.913  0.935  0.903 0.919 22 Gy i
R 0.899  0.868  0.883  0.866 0.854  0.860 Bt 1.097 2.052 1.432 0.199
W 0.941  0.889  0.914 0.866 0.896  0.881 ERIOR 4 1.083 2.061 1.436 0.202
HAEfY 0 0.912 0 0.938  0.925  0.912  0.938  0.925 KE45 0.972 1. 694 1.302 0.169
+HIX 0.696  0.889 0.781 0.667 0.917 0.772 pEs L= 1. 050 1.925 1.387 0.195
HEE 0.755  0.813  0.783  0.743  0.861  0.797 G ARk 0. 956 1.567 1.252 0.165
hRZ 0.747  0.799  0.772  0.788  0.799  0.793 SIS 1.215 2.359 1.536 0. 206
SR I T A BUREAE 9 T4, AR 42 A AL S KATAE  SRF I [ B 2Rk 3 F
MR JTER R BRARIAS T R T g AR . A S E

2.4 HiEREX

iz AR 1. 477 v s B B0ds il AR AT 5K
5. FEAEVCEC TAEE AU IR 0954 5 DBLP 24
PEAE TR A N — R AR , 3R R AT T £
PG I — B, HA A I8 M v oK fl
Bro WA 145 TR ARl G AR DL e A JE T 1 8
PR X 44 7 T PR AR MO B R — SR Y
AR PEE, XAy R b DA R B[R] — 5K
PR3 22 JE M, W B 0 A S SR AR B )
— SR EMIEE . B, ZUREHRE AR 1SR T 5
ARSI T —E B R . B ok
REZHLIT 2/ J7

(1) ZEEAREARG WK . - 3FIG AL :
FEHEA AR b 2 URBE 4R X5 A s R A
LR OO 55 19 SR B F IR A 8K 5 ZEREANHE A I
JE b e U5 AR A6 A R A A s e S AR A
IRERE SRR G TS , & A SR R A S SR
(SR X 5% 19 SR ) 76 U 0 4 i sk 2k g P 5K
AHIA

(2) Bt & R B R o JRASAS B B AE 1Y
E|S/N SO L NI &8 € T L RS = R a9 L I LT
FE I A B ) JE Pk

TCie S A A8 2B AR A K | B {7 B
A AR Ze R e LA S S f R R R . Rk, S T s

318 T3 R PR e b 1 SEL ARG R A Mgk A 4
b U RCR 325 o X AT RE SR R TS SR AR A v
B R S P 2 A D X LA L R A b 4 i R AR
FRAE , T R TC A 1 i /D5 ) T AT S 40 A 7 vk
B AAR

BE IS, 1% BRE 1. 4 779 v R R 9 7 4 B 50 2 B s
HAMEZE , X TYPE (i 5 A0 D& M5 #1750 Ab .
R P Ry 73 7 i, S AT Al A G i, Pk
AT IR AR AR BURFAE s B 8 H SOA &8 P R T3 41
AR, AR LSTM 2% ) n-gram hashing 2 i /7
SIS, AR5 LA S 4 ol B4 O 1 58 1)
oo VARG R DAL 55 , 0 S0 56 25 R AT PEAl
LE A R 2 SR 0 E Al AR | T T A
L. %A ZO0EE I IROT B 4R B HE EPG b5t
JUELHEAE | R B3¢ P e il 4R DA M Rl I 00 s
£ ERYSEIRAT R IR 11 PR

M1 AT LLEE, LSTM R2% K n-gram hashing 7£
ANFEHRERNAREE E&AIE . BN, n-gram
hashing FIVERRFEGFF LSTM M %% . Xl fefe T
SEE RS A SR B, LSTM M8 7
FEOUEARIRC AR XE DL &A%, [RIREXT FE 34N S PR Y
HAMICR , TYPE J@ M B RSEAMER R B 5 TE 5
K D g P, X S5EER R A RAE—E, TYPE B F
/DT HA 2 Fh g, PRI TIME EE A N, A TR
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Tab.11 Accuracy of imputation for different attribute columns in different datasets with three methods

¥ ZNAERfR % /O
U [ ' B EHUMERT R/ %
BT LSTM M n-gram hashing
TYPE 30. 48 93.18 97.73
FA SR B TR OT G SR WHE 45. 60 88.75 92.70
i1 [X. 56. 30 78.41 78.98
T L e s e 43.53 89.58 89.20
HAEEPG heTuHfs HIX 31,12 86.81 81.25
TYPE 59. 86 91.29 89.50
R e Al 2 s 68.75 93.15 92. 36
i1 [X. 77.62 90. 28 90. 97
TYPE 22.56 94. 36 98. 33
[ElEERAG S WwE 44.92 90. 24 92. 20
i1 [X. 50. 29 90. 63 90. 05

T B IX BT, T2 SO R E R A
AR AR, Qe R ERRE S5 rh E i e A —Le X
BT, IR R . SR, SAREI T
TEHIEE, LSTM M2 2 n-gram hashing FYIE SR AR A
EREET, Sk 1 B th s R A A MESE A A R0
2.5 BIMERIE

Fe e B A ) W 2 A AR A BAE SR 1Y H
P AT e N T2 5 R0 e s EdiG
PR A SRR . PR K B iR B FR v
JITAE B 0 B TR R PPAG Fa 0, 76 5 DR 4 itk AT
AR B, SR X e N Ty = 4 9% iR s 1] 5 i
P ik Fr AR S T E] i 12 PR . Hirp BT

N THPEARABE, A RSP AE S R A— , e
IS T) LA S A T 5 S AR BIE 5 o 114 93 B 5
IEIE, i TR DR o AR Y B A T RR IS
B, O B Rl S o R 2N M, At i
PR S5 BTt B N 1) o Al e . e Rde e e A
BSOS AR 23 DEBC RO T N TARIC, SR T2
B I B IE AT IO 3K AR —E AR L S B
iR NI G ARSI NN EA A NI R 5 €7 UM Ty
ALY EI PR SR v (R 16y e W NIE L DT A€ 1
8 b X N TRARIA BT i, AR5 3 5 22 U5
SRR R iR BIAE S B RCR KRR T . 5 BAR Y
I, AT 55 L A T REARAN T 58 Al

®12 FIA2FAEHITHIRAEME R EX

Tab.12 Comparison of time required for data governance between two methods
pAGTE S AR N THEARRETR I L2 MBS (0 25 S A B T BT i) ]
(S INIY #4130's 355
IR ¥4 5 DBLP 5t A G U 241 30~40 min 27421 s
Bl 220 min #J 10 min
iR UNT Zj2h 2 min
3T G/ U 104E A _E Zi1h
G ey JLT AR RE 2J8h

3 H4iE

PO IR T — T B 2 T I 2 TR A
WA 5 A K B SR A 3R TR — SRR
AN RIRCHR ) AL R B S N A AR . A
ORISR O UM S € UM I €7l S
AHRIY . LA RR ] A A RE NS A RO
“RAE P " ARES W HARR ] el b N T2 5 1
UL T SR T

1EE STk A PR :
e 1M B IA P IR I SR S g .

e el AR S B, SRR R, 18 SRS B
R AU SE B, SERSIE , 1B SCRY S AR
RRERAR : 77 AN SE B4 5, 1R SCAY I R A

M JTE ISR 5 B SUER
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