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Abstract: The Internet now is a large-scale platform with big data.
Finding truth from a huge dataset has attracted extensive attention,
which can maintain the quality of data collected by users and pro-
vide users with accurate and efficient data. However, current truth
finder algorithms are unsatisfying, because of their low accuracy
and complication. This paper proposes a truth finder algorithm
based on entity attributes (TFAEA). Based on the iterative com-
putation of source reliability and fact accuracy, TFAEA considers
the interactive degree among facts and the degree of dependence
among sources, to simplify the typical truth finder algorithms. In
order to improve the accuracy of them, TFAEA combines the one-
way text similarity and the factual conflict to calculate the mutual
support degree among facts. Furthermore, TFAEA utilizes the
symmetric saturation of data sources to calculate the degree of
dependence among sources. The experimental results show that
TFAEA is not only more stable, but also more accurate than the
typical truth finder algorithms.

Keywords: truth finder, data reliability, entity attribute, data con-
flict.
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1. Introduction

The rapid development of mobile networks and the Inter-
net has brought the significant growth of Web traffic. The
whole Internet has already become a large-scale platform
with big data, which isstill growing rapidly. Web data have
clearly become an important source for users to obtain the
needed information. Even though the Internet makes peo-
ple'slives and works more convenient, the problem of data
quality provided online has al so becomeincreasingly more
prominent. The network medias, such as blogs, make it
easier for users to publish and spread information. One
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entity may be described by multiple records in different
data sets. All redundant records are not always the same
due to expressive errors and different schemata of data
sources [1]. As aresult, people might get alot of false or
outdated information.

However, due to the inherent characteristics of the In-
ternet, each website on the Internet and its databases have
become subsets of the Web dataset, and these subsets us-
ualy only serve in a specific department or area, with-
out considering data sharing or collaboration. Therefore,
there are a lot of conflicting data in the Web dataset [2].
Conflicting information of one entity from different web-
sites is especially common. For example, the information
of flights, train routes and hotel accommodations offered
by different websites may be conflicting. For example,
five famous e-book websites provide conflicting informa-
tion of the book The Concept of Database System (Ver-
sion 6). Among them, China-pub, Jingdong online-mall
and Huazhang publisher provide acompletelist of authors,
while the information of authors provided by Amazon and
Dangdang is false. The numbers of page provided by dif-
ferent websites are also different. In a word, how to find
the correct information among conflicting information has
become a serious problem that needs to be solved.

In the same dataset, there is more than one type of in-
formation that can be used to describe the same entity
attribute, and some may be consistent, while some may
be contradictory and result in confliction. This is mainly
caused by the existence of redundant information, false
information, outdated information or duplicated data, etc.
Given a set of data sources as well as a set of facts, the
truth finder means to find a correct description of an en-
tity [3]. The simple and intuitive solution is using the vot-
ing scheme. Each data source separately votes on the fact,
and the accuracy of each fact isfinally determined accord-
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ing to the result of vote. However, the voting mechanism
treates each data source equally, without taking the differ-
ences among data sources into account. Therefore, the vot-
ing results are usualy different from the reglity.

In order to solve the data conflict problem, researchers
have conducted a series of researches on variousfactors af -
fecting the truth finder judgment. Yin et al. [3] proposed a
truth finder algorithm, using the iterative mechanism simi-
lar to the authority-hub [4,5] to jointly derive the relia-
bility of a data source and the accuracies of facts pro-
vided by the data source. Dong et al. [6,7] used the Bayes
rules to infer the dependencies among data sources. Kao
et a. [8] proposed the iteration vote (IVote) agorithm,
the iteration-reputation vote (IRVote) algorithm and the
iteration-reputation-duplication vote (IRDVote) algorithm.
In addition, there are algorithms based on information re-
trieval [9], link analysis [10], semi-supervised learning
(SSL) [11-13] and other methods [14] to improve the ac-
curacy and efficiency of truth finding.

There are many factors affecting the performance of
truth finder algorithms, such as the reliabilities of data
sources, the accuracies of the facts provided by data
sources, the mutual support degrees among the facts given
to the same entity attribute, the authorities of data sources,
and the interdependences among data sources. However,
the degrees of these factors affecting the truth finder al-
gorithms are different, and many truth finder algorithms
consider these factors without combining specific problem
models. The current truth finder algorithms generally have
the following problems:

(i) By only considering a single factor, it will cause the
algorithm to be inaccurate; or by considering too many
unimportant factors, it will result in complexity and dif-
ficulty.

(if) For the calculation of the mutual support degree
among facts, the string similarity based on editing distance
between the text is aways utilized to replace the mutual
support degree among the facts, which serioudly affectsthe
accuracy of truth finding.

(iif) Most truth finder algorithms treat data sources
equally, but the characteristics of each data source deter-
mine its different support degrees to the facts provided by
itself.

(iv) Most truth finder algorithms only provide factors,
without the detailed analysis of calculation approaches of
impact factors.

In order to address the above problems, we propose
a novel truth finder algorithm based on entity attributes
(TFAEA). The main contributions of this paper are as fol-
lows.

(i) We build a truth finder model. Based on the exis-

ting data sources' reliabilities and facts' accuracies itera
tive calculation system, the following two factors are con-
sidered in the model of TFAEA: the mutua support de-
gree among the facts given to the same entity attribute and
the interdependences among data sources. Efforts are also
madeto simplify the truth finder algorithm and enhanceits
accuracy.

(i) The unidirectional text similarity and the degree of
fact conflict are combined to calculate the mutual support
degree among the facts. The data source symmetric satu-
ration method is also proposed to calculate the interdepen-
dence degree among data sources. It has stronger adapta-
tion ability and accuracy in logogram, abbreviation, hap-
lography, more writing, reverse order and other complex
situations, which can also enhance the accuracy of truth
finder.

2. Related works

In order to eliminate data conflicts and find the truth for
data entity, many researchers have conducted a serious of
worksto improvetruth finder algorithms. Aswe mentioned
above, typical agorithms include truth finder algorithms
based on voting, link analysis, the Bayesrules, and the ex-
pectation maximization (EM) model, etc.

Kao et al. [8] proposed a series of truth finder algorithms
based on vating, including IVote, IRVote and IRDVote.
IVote adopted the probability voting method for the ite-
rative calculation, and the description with the highest vote
was chosen as the final result. IRVote further considered
the authority of data sources, namely the voting propor-
tion of data sources, and the more authoritative the data
source was, the greater weight it had in the voting process.
IRDVote utilized the Bayesian approach to cal cul ate copies
among data sources.

The premise of the truth finder algorithm based on the
link analysisisthat thereliability of adatasourcehasacer-
tain impact on the accuracy of information judgment [3].
The reliability of a data source and the accuracy of infor-
mation are interactive, which inspires us to use the itera-
tive algorithm to calculate the reliabilities of data sources
and the accuracy of information. Different from the voting-
based algorithm, the truth finder algorithm calculates the
reliability of a data source based on the link analysis, and
considers the accuracy of the information provided by the
data source. By combining the two processes, a complete
truth finder algorithm is ultimately formed based on the it-
erative algorithm.

Based on the rel ationship among data sources and entity
descriptions, the truth finder algorithm conducts repeated
iterations until the obtained description accuracy does not
change anymore, or the changeis within a specified range.
The truth finder algorithm relies on the principle that “the
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correct descriptions provided by different data sources for
the same entity attribute are consistent, while the false de-
scriptions they provide have different forms’. Therefore,
the more correct descriptions a data source provides, the
more reliable it is. In turn, the greater reliability a data
source has, the more accurate the description. When the
truth finder algorithm determines the reliability of a data
source, it does not rely on the number of descriptions it
provides, but depends on the accuracy of each descrip-
tion. More important, the truth finder algorithm also con-
siders the impact of the mutual support degree on the ac-
curacy of each description. However, the truth finder al-
gorithm calculates the mutual support degree among de-
scriptions by only using the string similarity based on edi-
ting distance instead. The accuracy of the truth finder algo-
rithm for complex information is even more disappointing.
And the truth finder algorithm does not consider the im-
pact of the copy relationship among data sources on the
accuracy of each description either.

Through repeated iterations used in a common link ana-
lysis method, it can make each node achieve a stable credi-
bility score. The description with the highest score from all
the descriptions of each entity is chosen as the true value
of the entity. It is clear that the entity description with the
highest score is most like the correct description of the en-
tity, while the data source with the highest score is aso
most like the data source which accurately describes the
entity. However, the score of an entity description cannot
represent the probability whether it is correct or not, and
the score of a data source cannot describe the probability
whether it provides a correct value. To solve this problem,
the Bayes rules are used to solve this truth finder problem
[6,7]. The correction probability of each entity descrip-
tion is provided quantitatively. The truth finder algorithm
based on the Bayes rules makesit possible to quantitatively

evaluate the qualities of data sources and entity descrip-
tions. The algorithm requires that the input data sources
are independent of each other. However, in the real envi-
ronment, the data sources have the relationships with each
other sometimes, which affects the performance of the al-
gorithm.

Some other researcherstry to use statistical theories and
probability models to solve the truth finder problem, and
get many reasonable and efficient truth finder results. One
classic exampleis the truth finder algorithm based on EM
proposed by Dong et a. [15]. The EM-based truth finder
algorithm consists of two steps: first, it calculates the lo-
garithmic expectation of the global observation probability
under the condition of a desired variable; second, it cal-
culates the relation equation between the variable of the
current round and the variable of the last round when the
first-step reaches the maximum value. The algorithm can
further improve the accuracy of truth finding. However, it
does not take the relationship between data sources into
account, either.

3. Proposed truth finder algorithm for data
conflict solution

3.1 Mode

Truth finder means organically combining different
sources, formats and characteristics of datain logic, so as
to providethe accurate datavaluefor users. Thetruth finder
mechanism searches or receives data provided by differ-
ent data sources at first; then, it goes through four stages
of processing: pattern matching, collision detection, truth
finding and data fusion; finally, it outputs the correct and
complete data to the main storage system for users. The
truth finder model is shown in Fig. 1, where s; to s, are
the four data sources, and the main DB representsthe main
storage system.

Pattern Conflict

Truth Data

matching detection

finding

fusion

N

PP

Fig.1 Truth finder model

The four stages of the truth finder mechanism are de-
scribed as follows:

Stage1 Pattern matching. In adistributed storage sys-
tem, each subsystem is allowed to operate thelocal datain-
dependently, which may cause each subsystem to provide
different results of the same data. During the truth finding
process, each subsystem is likely to be inconsistent on the

storage format, naming rules and expressions for the same
data. The data provided by these subsystems needs to be
processed uniformly first, that is, to provide the mapping
mechanism from the subsystem data to the main system
data.

Stage2 Conflict detection. The conflict detection stra-
tegy is utilized to determine whether the data provided by
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subsystems conflict or not.

Stage3 Truthfinding. If the conflicting datais detected,
i.e., different data sources provide different data for the
same entity, the truth finder mechanism will call the truth
finder algorithm to find the correct data value from these
conflict data.

Stage 4 Datafusion. The data fusion of all right data
values is arranged, and the final true value is provided to
users.

3.2 Conceptsand definitions

Data conflict is mainly manifested in that each data source
provides different data for the same entity attribute. Some
of these values can correctly reflect the objective fact,
while some cannot. The following are the related concepts.

Data source A data source may be a database, a web-
Site, or aterminal, etc. A data source is denoted as a set
S, namely S = {s1,82,83,...,8,},and s; (1 < i < n)
represents the ith data source.

Entity  Entity refers to a substance that actually
exists in the real world, and it is characterized by a num-
ber of attributes, such as people, book, and car. An entity
set isdenoted as E, namely E = {e1, ea,€3,...,€,}, and
e; (1 <1 < n) representsthe ith entity.

Entity attribute An entity attribute is used to de-
scribe an entity, such as author of book, and color of car.
An entity attribute set is denoted as F A, namely FA =
{eaq, eas,eas, ..., ea,}, andea; (1 < i < n) represents
the ith property of an entity.

Fact For an entity attribute, it represents a descrip-
tion provided by a data source. A fact set is denoted as F,
namely ' = {f1, fa, f3,..., fu}, @nd f; (1 < i < n)
represents the ith fact.

Truevalue If facts correctly describe the properties of
an entity, the value of the entity is denoted as v.

In the truth finder model, each data source has provided
alarge number of facts, especially for the same entity at-
tribute. However, due to the complexity and independence
of data sources, some of these facts are true values, while
some are not, leading to data conflict. The relationships of
data sources, facts, entity attributes, and entities are shown
inFig. 2. For example, s; and s, providetwo different facts
f1 and f, for the entity attribute ea;, and these two facts
will bring data conflicts. The truth finder algorithm is used
to find the fact from f; and f> that can correctly describe
the attributes of entities, i.e. the true value.

The definitions related to the truth finder algorithm are
presented as follows.

Data conflict Different data sources provide different
facts about the same entity attribute.

Data Facts Entity attributes  Entities

sources
- —
- R N
\\7\ @
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Fig. 2 Relationships between data sources, facts, entity attributes,
and entities

—— =

Dataconflict solution For an entity attributeca < E' A,
the correspondingtruevalue f; (f; < Fe) isselected from
the fact set F., = {f1, fo, f3,..., fn} provided by each
datasourceof S = {s1,52,83,...,8n}

Accuracy of afact According to the current judgment
accuracy condition, the probability of fact f determined as
atrue value is denoted as the probability ¢(f).

Reliability of data source The reliability of a data
source s is determined by the true value in the fact set F
provided by s, denoted as the probability ¢(s).

According to the analysis of real datasets, the truth
finder model proposed in this paper is based on the fol-
lowing four principles:

Principlel For an entity attribute, if thereis only one
value, it will be taken as the true value.

Principle2 The true values provided by different data
sources for the same entity attribute are the same.

Principle 3 The probability that different data sources
providethe same false value for the same entity attributeis
very low.

Principle 4 A data source can provide no more than
one value for an entity attribute, while can provide values
for multiple entity attributes.

3.3 Algorithm

In order to solve the problem of data conflict, we propose
TFAEA.

(i) Reliability of data source

The reliability of a data source is closely related to the
factsit provides. We use the average accuracies of all facts
provided by the data source to represent the reliability of
the data source.

1 m
ts)=—Y t(f; 1
(s) = — ; (£) (1)
where f; € F(s), and F'(s) represents the set of fact pro-
vided by the data source s; m is the total number of facts
provided by s.
(i) Accuracy of fact
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Assume that under the initial condition, both s; and
so provide f1 for ea. If f1 is not a true value, s; and
so are likely to be unreliable data sources. Assume that
each data source is independent of others, so the proba-
bility that s; and s, are not reliable at the same time is
(1 —t(s1))(1 — t(s2)). Then the probability that f; isthe
truevaueisl— (1—t(s1))(1—¢t(s2)). Ingenerd, if k data
sources S = {s1, 2, s3, ..., s} al providethe fact f for
the same attribute ea, the accuracy of f is

k
) =1- (1 —t(s) @

i=1
Supposing t(s1) = 0.9 and t(s2) = 1.1t(sy), the dis-
crimination between the reliabilities of s; and s, is not
obvious, and (1 — ¢(s1))(1 — t(s2)) is very small, which
tends to cause the underflow of calculations. Thus, in or-
der to effectively use the data and for the convenience of

calculation [3], we amplify the datawith

tg(s) = —In(1 —t(s)) ©)

wheret,(s) isused to replace ¢(s) to denote the reliability
of the datasource s, t4(s) € (0, +00).

Similarly, in order to denote the accuracy of the fact f,
we use t,(f) to denote the reliability of the fact f instead
of t(f).

ty(f) = —In(1 — ¢(f)) (@)

where ¢,(f) € (0,400). The accuracy of the fact f is
equal to the sum of the reliabilities of al data sources that
providethefact f, thatis

to(f) = D_tols:) (5)

wheres; € S(f), and S(f) istheset of datasourceswhich
providethefact f.

(iii) Degree of mutual support among facts

For each entity attribute, there are always a lot of data
sources providing a lot of facts, and there is a certain cor-
relation between these facts. Suppose there exist two facts
f1and fs, f1 isafact provided by many data sources with
very high reliabilities, and f, and f2 have a strong corre-
lation. Then, it is reasonable to consider that f- also gets
support from these data sourceswith very high reliabilities.
Thus, it is necessary to increase the accuracy of fo.

For the calculation of mutual support degree among
facts, current truth finder algorithms usually use the string
similarity algorithm based on editing distance instead of
the algorithm based on the mutual support degree among
facts. Because the calculation of mutual support degree

among facts has an important impact on the effectiveness
and correctness of the whole truth finder algorithm, by im-
proving the calculation method of mutual support degree
among facts, it can aso improve the accuracy of the al-
gorithm. However, the string similarity algorithms based
on editing distance can only literally measure the relation-
ships between different facts, but cannot exactly measure
the mutual support degree among facts. Therefore, in this
paper, we combine the one-way text similarity and the de-
gree of fact conflicts among descriptions of facts to cal-
culate the mutual support degree among facts, which can
better improve the accuracy of the algorithm.

(a) Degree of fact conflict

The set of different conflicting facts provided by each
data source for an entity attribute ea € E'A is descried as
F(ea) = {f1, f2, f3,-- ., fx} Then, the conflict degree of
fi, denoted as con flict(f), is expressed as

£
S (6)

> Il

Jj=1

conflict(fi) =1—

where | f;| represents the times that the fact f; appears.

Obvioudly, for afact, the more data sourcesit provides,
the lower conflict degreeit has and the more accurateiit is.

(b) Similarity degree of one-way text among descrip-
tions of facts sim(f;, f;)

For the facts provided by each data source, the stop word
list is designed here to remove usel ess stop words and spe-
cial symbols in strings, such as punctuations, word seg-
mentations, messy codes, and a keyword which can ex-
press the meaning of original strings will be extracted. The
keyword is called a lemma. In this paper, we define four
kinds of relations: inclusion, equivalence, equality and in-
dependence. For example, the data sources s; and sy pro-
vide the facts of the authors of three book as shown in
Table 1.

Tablel Author information of three books provided by s; and so

Book S1 52
Book 1 Jennifer Widom J. Widom
Book2  YangJM,WangY,ZhuJ YangJM, Wang, ZhuJ

E. A. Vander Veer,
Chris Grover

Chris Grover,

Book
ook 3 E. A. Vander Veer

For Book 1, the fact about authors provided by s 5 isthe
abbreviation of thefact provided by s, . Another exampleis
Book 3: these two facts are consistent in content, while the
formats are different. The relationship between these two
factsis called the equival ence rel ationship. For Book 2, s
providesalittle less author information than s, that is, the
facts that s, provides contains the facts that s; provides,
and this relationship is called the inclusion relationship. If
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the facts provided by two data sources do not have any in-
tersection and are exactly the same, we call it the indepen-
dence relationship and equality relationship respectively.
Asaresult, we define the similarity degree of one-way text
between facts f; and f; as

c . .
sim(fi, fj) = { len(_fi) ] i F ] @

0, 1=y
where ¢ represents the number of common lemmasthat f;
and f; contain, len(f;) represents the number of lemmas
infact f;. Therefore, if the relationship between f; and f;
is an equivalence relationship or an equality relationship,
sim(fi, f;) = 1; if the relationship between f; and f;
is an independence relationship, sim(f;, f;) = 0; other-
wise, the relationship between f; and f; is an inclusion
. . , c .
relationship, i.e. sim(fs, f;) = len(7) # sim(f;, fi) =

c

len(f;)
Taking the impact of the mutual support degree among

facts for the same entity attribute into account, the accu-
racy of thefact f isadjusted as

14(0) = to(f) + (1 = con flict(f))

> ltp(fi) = sim(fi, 1)) 8
i=1
where z represents the number of facts that each data
source providesfor an entity attribute ca € E A.

(iv) Dependence rel ationships among data sources

When cal culating the accuracies of facts, we assume that
the data sources are independent of each other. However,
the data sources show some common features during the
process of providing various facts, which indicates an in-
terdependent relationship among them. In this paper, we
use the symmetrical inclusion of data sources to measure
the dependences among data sources.

If two data sources provide consistent facts for many en-
tity attributes, there are dependences between these two
data sources. As a result, the facts provided by them for
other entity attributes are also very likely to have the same
reliability.

Assume that s; and s; provide m and n facts respec-
tively, and the number of same facts (including the two re-
lationships of equality and equivalence) ist.p = m — t is
used to indicate the number of facts provided by s; which
are different from the facts provided by s ;; ¢ = n — ¢ indi-
cates the number of facts provided by s ; which is different
from the facts provided by s,. Then, the symmetrical in-

clusion between s; and s is

t

depend(si,sj) =< p+q+t’
0, i1=j

Taking the dependence relationships among data
sourcesinto account, the accuracy of the fact f is adjusted

!
Z[tg(sj) * depend(s;, s;)] (10)

AOEDIACH (11)

> ltp(fi) = sim(fi, f)] (12)
=1
where! representsthe number of data sources, k represents
the number of data sources that provide fact f, and = rep-
resents the number of facts provided by each data source
for an entity attribute.
(v) Normalization
Asshownin (12), the accuracies of facts are greater than
0 and approach the infinity during the iteration process.
Based on the iterative mechanism and for the convenience
of calculation, the normalization of the accuracies of facts
and the reliabilities of data sourcesis necessary.

ty'(fi)
S ()

fi€F(ea)

t(fi) = (12)

where F'(ea) represents the set of al the conflicting facts
provided by each data source for an entity attribute. Equa-
tion (1) can be further rewritten as

m

* 1 *
ty(s) = — > t(fi) (13)
i=1
where f; € F(s), F(s) representsthe set of facts provided
by the data source s, and m isthe number of facts provided
by s.

3.4 Workflow

The iteration mechanism is used to calculate the reliabili-
ties of data sources and the accuracies of facts. The work-
flow of TFAEA isshownin Fig. 3.
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| Set initial values for all the reliabilities of data sources

+

| Calculate the degrees of mutual support of facts |

!

| Calculate the degrees of dependence between data sources |

| Calculate the accuracies of facts |<—

| Add the degrees of mutual support of facts |

!

| Add the degrees of dependence between data sources |

+

| Calculate the final accuracies of facts |

+

| Normalize the accuracies of facts |

¢

| Calculate the accuracies of data sources |

No,

End

Fig. 3 Workflow of TFAEA

Firstly, initial values for all reliabilities of data sources
are set. The caculation of the mutua support degree
among facts and the dependences among data sources are
decided by the given static dataset. Therefore, it only needs
to calculate once during the whole iteration process. In
each iteration process, successively add the factors of the
mutual support degree among facts and the dependences
among data sources, and recal cul ate the accuracies of facts
and the reliabilities of data sources. Repeat the calcula-
tion in this way, and the iteration process will end when
thereliabilities of data sourcesin two successive iterations
are smaller than or equal to the preset difference (such as
§ =1079).

3.5 Computational complexity

Supposethat the number of datasourceism, thetotal num-
ber of facts provided isn, and n is much greater than m.
In thefirst stage of TFAEA, before the iterative calcula-
tion, the mutual support degree between facts and the de-
pendent relationship between data sources are calculated.

The mutual support degree are calculated with the con-
flict degree of facts and the one-way text similarity. There-
fore, both the time complexity and the space complexity
of calculating the conflict degree of fact are O(n). The
time complexity of calculating the one-way text similarity
is O(n(n — 1)), and the space complexity is O(n?). The
time complexity of calculating the dependent relationship
between data sources is O(m(m — 1)/2), and the space
complexity is O(m?).

In the second stage of TFAEA, the time complexity of
calculating the reliability of data sourceis O(m?). Suppo-
sing theiteration is conducted 7 times, the time complexity
of calculating the accuracy of fact is O(2im?). The space
complexity isO(n + n? + m?).

TFAEA does not need to obtain the initial value viathe
pre-training. The mutual support degree between facts and
the dependent rel ationship between data sources are deter-
mined by the data set itself, and can be obtained before the
iteration, which improves the computational efficiency of
the algorithm.

4. Experiments and performance analysis
4.1 Experimental environment

The Octopus Collector is obtained from the website
www.amazon.com to capture the ISBNs of 1 422 books
related to computer science and technology. ISBN is
used as the keyword for searching on the website
www.abebooks.com and capturing all the data sources
which provide information of these books. These data
sources and the book information they provide are used
as the experimental dataset in this paper, including ISBN,
title, author, publisher and data source. The dataset con-
tains 27 965 books from 752 different data sources, in
which there are 6 084 different pieces of information about
authors and 6 501 different pieces of information about
titles. Obvioudly, there are multiple data sources in this
dataset that provide different information for the same
book, which has generated data conflict. Since the ISBN
of each book is unique, this experiment will solve the con-
flicts for two different types of information (book author
and title) to verify TFAEA. Compared to the information
of title, the information of author is more complex and di-
verse. The information of author consists of several parts,
and its problems include logogram, abbreviation, haplog-
raphy, reverse order, etc.

The experimental data are preprocessed to remove the
noise information, such as punctuation, word segmenta-
tion, messy code, unification of upper and lower case, so
that it will be able to accurately reflect the algorithm’'s va-
lidity and accuracy. The dataset contains 752 data sources.



624 Journal of Systems Engineering and Electronics Vol. 28, No. 3, June 2017

In this paper, 20 data sources s1, s2, S3, - - ., S29 provide Continued
the most number of books selected for experiments. Data Iteration time

. source 6 7 8 9 10
4.2 Experiments S12 027367 027365 027365 027365 027365

S13 0.624 4 06251 062519 0.6252 0.625 2
S14 0.76822 0.76765 0.76758 0.76755 0.767 53
S1s 064647 064675 064676 0.64676 0.64676

First, the initial value of the reliability of each data source
is set to 0.8, and the iterative computations of the reliabili-

ties of 20 data sources are implemented. Sic 044907 044954 044958 044961 044961

As shown in Table 2 and Fig. 4, in accordance with the S17 059399 059452 059457 059458 0.59458
data presented during each iteration, the reliability of each Sis 083172 083217 083225 083226 083226
data source increases gradually with the increasing num- S1o 058466 058525 058531 058532 058532

ber of iterations, and then approaches a stable state. Most S0 074478 07507 07451 0751 O0nmsl

data sources reach a stable value in the 9th iteration, that

is, the difference between two successive iterations of the 0.9
datasourceis 0. Several data sources have reached a stable 808 —— S g - - : :
valuewith lessiterations. For example, sg, s19, $12 and saq 5 i : :
reach a stable value in the 8th, 6th, 7th and 8th iterations ;j‘:: o7 ORI .. -
respectively. Table 2 shows that TFAEA can achievethe 5§ 067 )
state of convergence after finite iterations, and it can also % 05k -
effectively calculate the reliability of each data source. :; 04l
Table2 Datain each iteration % 03
Data Iteration time
surce 1 2 3 4 5 0233 4 5 6 7 8 9 10
S; 064033 076859 079284 0.79779 0.79895 Tteration time
So 072081 0.81146 0.82840 0.83245 0.83352 =18 Sy i8Sy e i Sy et S5y i S 1875 -+ S
S3 057821 069652 072500 073199 0.73379 (S e i S1gs S S i Siy o S e S
S, 058653 068983 071178 0.71694 0.71826 816 (817 1Sy o+ 1S1g e 1Sy
S5 055943 063781 065144 0.65437 0.65508 Fig.4 Reliability of each data source
S¢ 066305 077517 079447 079844 0.79939
S; 052908 061773 063687 064139 0.64255
Sg 0.67249 076749 078376 078714 0.78795 The initia value of the reliability of each data source
Sg 030495 031088 030908 030823 0.3079% is set from 0.1 to 0.9 respectively. Experiments are imple-
S0 034449 036448 036738 036790 036800 mented on the data sources s+, s, and s respectively, with

S11 0.577 0.65889 0.68518 0.69496 0.698 62

different initial values.
S12 031374 029531 028144 027613 027413 . ) .
S 043962 056791 060507 061834 06232 As shown in Table 3, different initial values of the re-

S1a 087177 081246 078377 077312 076914 liability of a data source have no impact on either the re-
S15 059316 062521 063883 064405 0.64601 liability of the data source or the speed of the algorithm’s

Sie 034249 041225 04362 044502 044831 convergence, which validates the stability and reliability of
Si7 039842 054838 057921 058942 059314 TEAEA

S1s 073736 0.79659 0.81933 0.82781 0.83098

S19 042607 053762 056839 057953 0.58369 Table3 TFAEA'siteration datawith different initial values
S20 0.574 6 0.70686 0.73345 0.74147 0.74414 Initid Data |teration time

Data Iteration time value source 1 2 3 4 5

source 6 7 8 9 10 S1 063113 058605 057296 0.56879 0.567 31

S 079924 079932 079934 079935 0.79935 0.1 So 047013 056077 059190 0.60305 0.607 19
S 0.83381 0.83389 0.83391 0.83392 0.83392 S3 057159 051892 050141 04952 0.49292
S3 073426 0.73439 0.73443 073444 073444 S1 062710 058579 057292 0.56879 0.567 32
S4 071862 0.71871 0.71874 071875 0.71875 0.2 So 046194 056058 0.59190 0.60306 0.6072
S5 0.65527 0.65532 0.65533 0.65534 0.65534 S3 056886 0.51874 050133 049516 0.4929
Se 079964 079970 0.79972 079972 0.799 72 S1 062378 058564 057291 0.56879 0.567 32
S7 064285 0.64293 0.64295 0.64296 0.64296 0.3 So 045601 056045 0.59189 0.60307 0.6072
Sg 078815 078821 0.78822 0.78823 0.78823 S3 056728 051867 050130 0.49515 0.49289
Sg 030784 030781 030781 030780 0.30780 S1 062109 058553 057290 0.56879 0.567 32
S10 0.36801 0.36801 0.36801 0.36801 0.36801 0.4 So 0.45159 056038 059190 0.60307 0.6072

S 069947 069959 0.69961 066962 0.669 62 S3 056631 051862 0.50128 0.49514 0.49288
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Continued

Initial  Data Iteration time
value source 1 2 3 4 5
S; 061892 058545 0.57289 056879 0.567 32
0.5 Sy 044815 056033 0.59190 0.60307 0.60721
S3 056574 051858 0.50126 0.49513 0.492 88
S; 061572 060001 057288 0.56879 0.567 32
0.6 Sy 044308 052443 0.59189 0.60307 0.60721
S3 056540 053746 0.50125 0.49513 0.492 88
S; 061572 058535 0.57288 0.56879 0.567 32
0.7 Sy 044308 056022 0.59189 0.60307 0.60721
S3 056540 051856 0.50125 0.49513 0.492 88
S1 061454 058532 0.57288 0.56879 0.567 32
0.8 Sy 044115 056017 0.59188 0.60307 0.60721
S3 056547 051856 0.50125 0.49513 0.492 88
S; 061355 058529 0.57288 0.56879 0.567 32

0.9 Sy 043950 056012 0.59187 0.60307 0.60721
S3 056559 051857 0.50125 0.49513 0.492 88
Initial  Data Iteration time
value source 6 7 8 9 10

S1 056698 056677 0.56675 0.56674 0.566 74
0.1 S 0.60815 0.60833 0.60835 0.60836 0.608 36
Sz 049239 04922 049217 049215 0.49215
S1 056698 056677 0.56675 0.56674 0.566 74
0.2 S, 060816 0.60832 0.60833 0.60835 0.608 36
Sz 049237 049221 049216 049215 0.49215
S1 056698 056678 0.56676 0.56674 0.566 74
03 S, 060816 0.60832 0.60835 0.60836 0.608 36
Sz 049237 049222 049217 049215 0.49215
S1 056698 056678 0.56675 0.56674 0.566 74
0.4 S, 060816 0.60832 0.60835 0.60836 0.608 36
Sz 049236 049222 049217 049215 0.49215
S1 056698 056678 0.56675 0.56674 0.566 74
05 S 060817 0.60834 0.60836 0.60836 0.608 36
Sz 049236 049222 049217 049215 049215
S1 056698 056678 0.56675 0.56674 0.566 74
0.6 S 060817 0.60834 0.60836 0.60836 0.608 36
Sz 049236 049222 049217 049215 0.49215
S1 056698 056678 0.56675 0.56674 0.566 74
0.7 S 060817 0.60834 0.60836 0.60836 0.608 36
Sz 049236 049222 049217 049215 0.49215
S1 056699 056678 0.56675 0.56674 0.566 74
0.8 S 060817 0.60834 0.60836 0.60836 0.608 36
Sz 049236 049219 049216 049215 0.49215
S1 056699 056678 0.56675 0.56674 0.566 74
0.9 S 060817 0.60834 0.60836 0.60836 0.608 36
Sz 049236 049222 049217 049215 0.49215

We randomly select 100 books from the dataset, record
the information of titles and authors on the cover of books
and set them as true values. The information of book titles
and authorsis used asthe experimental object. Asshownin
Fig.5, TFAEA has the higher accuracy compared with Vo-
ting and TruthFinder, and its accuracy is higher than 80%
on both title and author datasets. Followed by TruthFinder,
Voting has the lowest accuracy. From the dataset of title to
the dataset of author, the accuracies of all three algorithms

have declined, but TFAEA hasthe least decline, which also
indicates the stronger stability and adaptability of TFAEA,
and it has higher efficiency especially when handling di-
verse and complex text information. Voting only consi-
ders that the minority is subordinate to the majority with-
out taking the dependences among the data sources and
their reliabilities into account. It aso fails to consider the
mutual support degrees among facts and other important
factors, which makes it have the lowest accuracy among
the three algorithms. TruthFinder and TFAEA both con-
sider the reliabilities of data sources and the mutual sup-
port degrees among facts. The difference between them
is that TruthFinder only uses the similarity of text based
on editing distance to replace the mutua support among
facts, which causes low adaptation of the algorithm, and
the accuracy isespecially not ideal when handling complex
datasets. As shown in Fig. 5, from book titles to book au-
thors, the accuracy rate of TruthFinder has asignificant de-
cline. However, TFAEA combines the degree of fact con-
flict and the degree of one-way similarity among the de-
scriptions of facts to calculate the mutual support degree
among facts, and also considers the impact among data
sources, which makes TFAEA more accurate.
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Title Author
: Voting;  EEEE : TruthFinder; EXX: TFAEA.

Fig. 5 Comparison of the accuracy of TFAEA, Voting and
TruthFinder

5. Conclusions

In this paper, based on the reliabilities of data sources
and the iterative calculation mechanism of fact accuracy,
TFAEA fully considers the mutual support degrees among
the facts and the dependences among data sources. During
the iteration process of the algorithm, we present the spe-
cific method to cal cul ate the mutual support degree among
facts and the dependences among data sources, which rea-
lizeshigher stability and accuracy of TFAEA. Infuture, we
will consider the data copy situations among data sources
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and the qualities of data sources in order to improve the
performance of TFAEA.
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