BUE

%5 11 33

N
2014 4 11 A

Computer Science Nov 2014

E T HLHEA Web XA BT HIERETEM

BRF BRI
(B p i K EHFR %K 210003)
H E WebIBAZHERTEHAERRKEOARAR, ATHEERA P L IRTRERFAOT EH2ER
B R ERBRAANEELTABE, BB A TF £ R EIR44H % (Fact-based Quality Assessment, FQA), # %
A Web EHZAAIHETL HMHR Web IBAEHFERAE0NRAAREZAFARRES AR RN T
BRBEOAR BRGSO RIBREELARNEEL, TR TN, EF AR AN EIRE X TEENE
FRHBRELE, TRAGHG IR EHE., SRERIEAT FQA 7 ke AN,
XEW HBERT Web XM, 5N, R &R, AETHE, F2
hEESES TP311.13 XEERIRE A DOI 10. 11896/j. issn. 1002-137X. 2014, 11, 047

Ranking Data Quality of Web Article Content by Extracting Facts

HAN Jing-yu CHEN Kejia
(College of Computer Science and Technology, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract

rely on lexicon features or user interactions to obtain quality indicators, but also can not capture the content” semantics,

Data quality assessment of Web article content helps identify useful data. Exiting approaches not only heavily

A fact-based quality assessment (FQA) approach was proposed in this article. Given one target article, the approach
starts with the identification of alternative context by collecting relevant articles and extracting facts from every article.
Then, the accuracy baseline is constructed by voting,and the completeness baseline is constructed by iterations over fact
graphs. Finally,data quality dimensions, including accuracy and completeness are calculated by comparing the facts of
the target article with the established dimension baselines. Based on the facts of target article content, rather than parti-

cular features, FQA approach can quantify data quality dimensions with high precisions. The superior performance of
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FQA was verified in the experiments.
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3% 1 articleTopics

#i A : Dirichlet distribution parameter a= (ay, **s ags***» ag ) =
(B1s*"sPBks =**» Bx ) where By is a vector, article P with length
Np

it . Topic distribution of P,denoted as T'p
foreach topic k € 1,++,K do
initialize Yy= Np/K;
end
repeat
foreach word s;(1 < i < Np) do
foreach topic k € 1,--+,K do
@ik Brsi ¥ exp(W(Y));
end

normalize i3

end

foreach topic k € 1,+-+,K do

N
Y~ a +.§l<pak

end
until convergence;
normalize (Y;,++,Yk);
return ['p< (Y1,-,Yk);

RFLK, BERSBEFEFHFIHR, )]E K=
12,24,48,96, BEARSCEIMARR SO B FEMHE U EIRER &
2IHE, BEED EREE N BHREAKZHUEERNE
PRICESFIAE R SCARY B AR (DL .

&2
i1 A : Target document P, relevant document P, a series of LDA mo-

dels{ (o » Bir KO | K=12, 24,48, 96}
¥t : Topic similarity simp (P,P,)
ret < ¢;
foreach K € {12,24,48,96} do

ts < articleTopics(ay Bk P)s

topicSimilarity

tr < articleTopicsag s B s Pr) 5
ret < ret |J cosine(ts,tr);
end

return the largest value in ret;
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#i%k 3 extractCandiFacts
i A : Thesaurus T, fact hash tables HH, VH, TH, target fact fs
ith . Top Q candidate facts
ret < 4;
(h,v,t) < fact components of fs;
set; < query(T,HH,VH,fs,h,v);
sety;<— query(T,HH, TH,fs,h,t);

sety< query(T,VH, TH,{s,v,t);
ret < set; |J set, |J sets;
sort facts in ret in descending order based on similarity w. r. t. fs;

return top Q ones in ret;

Hf quey fIBBEFELSBERHFRPERMUE
5K 4 B,
#ix4 query
5 A : Thesaurus T, hash tables Hi , Hy , target fact fs, two components
of fs,denote.d as ¢, and c;
% : Similar facts w. r. t. fs
F «¢;S,« retrieve ¢1’ equivalents from T;
Sp<— retrieve ¢,’ equivalents from T;
foreach s1 € S do
Fy~ retrieve facts from H; or Hz based on s;;
foreach s, &€ S, do
F2< retrieve facts from H; or H; based on s, ;
F<FU (F:N F2);
end
end
return F;
ERIPES TR IR : 5 THEARI EF LS T S0
HFRBFLESPRETEERFERE.

EM6 BE—ABE fHEAEE conf f)=%con I

(f)-'-%confv(f)—'—%conft (H,.Hep

huw hue
%,wnfv(f)=|l—/}\,,,—ll,

conf;(f)='}ﬁ—;uzjl'

XEANRYE FENMWELES. A A A FHIRE (v,
D (RO Fh, G BEENHELES,
'S
i A : target article profile corp(P) , thesaurus T, fact hash tables HH,
VH, TH, confidence threshold
#iH ; Accuracy baseline of P
S<—¢;// Initialize the accuracy baseline
foreach fs € corp(P) do
X< extractCandiFacts(T,HH, VH, TH, fs);
if p> conf(D(VYf €X\ fs)
then

confr ()=

constructAccuracyBaseline

fiop<=null;
else

conflist < sorts all facts in X based on their confidence;

fiop< top fact of conflist;

end

S < 32U fiops
end
return %;
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