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Abstract

Data veracity is one of the main issues regarding Web data. Truth Discovery
models can be used to assess it by estimating value confidence and source
trustworthiness through analysis of claims on the same real-world entities
provided by different sources. Many studies have been conducted in this
domain. True values selected by most models have the highest confidence es-
timation. This naive strategy cannot,be.applied to identify true values when
there is a partial order among values‘that is considered to enhance the final
performance. Indeed, in this,case, the resulting estimations monotonically
increase with respect to the partial order of values. The highest confidence is
always assigned to the/most general value that is implicitly supported by all
the others. Thus, using/the highest confidence as criterion to select the true
values is not appropriate because it will always return the most general val-
ues. To addressuthis problem, we propose a post-processing procedure that,
leveraging theypartial order among values and their monotonic confidence
estimations, is able to identify the expected true value. Experimental results
on synthetie datasets show the effectiveness of our approach.
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1. Introduction

Developing systems able to automatically evaluate the veracity of/the
avalanche of data produced by modern information society is of critieal im-
portance. Data veracity can be determined comparing information preyvided
by multiple sources on the same subject [1-3]. Numerous scientificicommu-
nities contribute to studying this complex issue, most notably with respect
to (w.r.t.) data integration in information systems and databases.Among
the several difficult tasks that data integration addresses and the different
approaches that can be used to solve them [4-7], this paperfoeuses on auto-
matic truth discovery for solving situations in whicl different sources provide
potentially conflicting data about a specific property ‘of an entity of interest,
e.g. on the place of birth of a person.

Truth Discovery (TD) consider the accuracy.associated with the data sources
as an important factor to discriminate data veracity [6, 7].

The main aim of the TD models is to identify true information. They in-
tend to automatically solve, in an umnsupeérvised manner, conflicts that may
occur among claims. They leverage both the redundancy of the data and the
information that is possible to derive\from sources (particularly their relia-
bility). More precisely, the-backbone of TD is based on the postulate that
reliable sources provide tfue information and that, conversely, true informa-
tion is given by reliable sources [3]. To identify reliable sources and true
information, TD approaches estimate both source trustworthiness and value
confidence; the true value is then considered to be the one with the high-
est confidences~Note that approaches that leverage information about data
sources to cheek/data veracity are currently the focus of a lot of attention in
several dgmains stuch as social sensing[7] and question-answering [8].

Here we-address the problem of selecting the truth for functional predicates
when a priori knowledge in the form of a partial order of values (e.g. sub-
stumptien-Telationship in an ontology) is considered to improve value con-
fidenc¢ and source trustworthiness estimations. A partial order highlights
when different values are not conflicting, but they represent the same con-
cepts with different levels of granularity. Indeed, conflict and granularity are
two different aspects to consider when identifying the most reliable informa-
tion. While conflict values produce inconsistency, different granularities only
indicate imperfection in data [9]. In formal logic, a predicate p is consid-



ered functional if for any subject there is a unique value v € V for which
p(subject,v) is true! — birthplace is an example of a functional predicate.
Note that this definition does not take subsumption relationships among val-
ues into account. This is in accordance to the fact that, for instance, everyone
was born in a specific location, but it does not consider that this placé can
be described using different levels of precision, e.g. district or regiond In this
case, multiple values can be true given the same subject. Thus{ consider-
ing partial order of values and closed world assumption (our kmowledge of
the world is complete), a predicate is functional if for any, Subject-there is
a unique value v € V', for which p(subject,v) is true, such that there is not
another value v' € V' subsumed by v for which p(subject,v’) is/true. As far
as we know, we are the first to propose to take ontologies«(as a priori knowl-
edge) into account [10]. In this situation, the traditienal final value selection
step in the majority of TD approaches cannot“be applied. Indeed, in this
case, since more abstract values will de facto“be associated with a higher
confidence value in accordance with the partial ordering of values modeling
implications among them, the true value.cannot be defined as that with the
highest confidence. This is due to the hypotheses used by approaches that
leverage information related to the structure that may exist among values.
Briefly, sources that explicitly elaim.a value implicitly support all of its gen-
eralizations. Therefore, if a sourcesclaims that ”Pablo Picasso was born in
Malaga”, it also implicitly’supports the assertion that he was born in Spain,
Europe, etc (considering that it is in agreement with the ontology). Thus
the most general value is“implicitly supported by all the others. Hence, its
confidence will always be the highest. However, considering the most gen-
eral value to be'thetonly truth is not trustworthy (since it is a tautology),
e.g. stating.that Pablo Picasso was born in a Location is not meaningful.
This paper propeses to overcome this problem by studying a solution able
to identifyaore specific true answers (than the most general one) that may
exist/

Our. contribution consists of:

e proposing a post-processing approach able to identify the truth given
the confidence estimations returned by any TD model that considers
structured values;

IElements of V are here considered to be independent.



e performing empirical experiments on synthetic datasets — this evalua-
tion uses estimations returned by an adaptation of Sums able to take
prior knowledge in the form of a partial order among values into ac-
count [10] — and comparing the proposed approach with existing oues
evaluating identified true values.

The rest of the paper is structured as follows. Section 2 presents an overview
of TD approaches taking advantage of potential relationships amongisources
or claims. This section ends with a discussion about the céonsequences of
using a partial order among values as relationship information., In Section
3, notations are introduced and the problem is formalized. The solution
strategy we propose is detailed in Section 4. The model is assessed via sev-
eral experiments reported in Section 5 and discussed in Section 6. Section
7 summarizes the main findings of the study and the results that have been
obtained; while the perspectives opened by otz contribution are finally dis-
cussed.

2. Related work

Truth discovery aims to solye counfligts among data provided by several

sources. The data treated in this,domain consists of claims specifying the
values that sources associatewith certain data items (i.e. a data item repre-
sents a particular aspect“of a real-world entity). Values can be numerical or
categorical /strings. The main/assumption of TD is that true information is
provided by reliable-sources and reliable sources provide true information (
[3, 11]). This rationale can be modeled by defining the value confidence and
source trustwerthiness:
Many studies have been proposed in this field [3]. The baseline model con-
sists of alvoting strategy. For each data item it regards the value which is
the most frequently claimed as truth. All sources are therefore implicitly
considered gimilarly in this model. Otherwise TD estimates for each source a
different=trustworthiness level based on the claims it provides. Some models
deal with numerical values [12], others with categorical claims [7, 13-15] and
others with both [11, 16, 17]. While basic TD models limit their complexity
to correctly estimate confidence and trustworthiness with different formulas,
other approaches incorporate additional information to improve the overall
performances. The latter group of approaches is the most relevant for our
study and is detailed hereafter.



Among all of these methods, we focus our attention on those that use, as
additional knowledge, correlations? that may exist among sources ([17-19]),
data items ([7, 20, 21]) or values ([11, 22]).

The first class is related to source interdependences. These models consider
source relationships mainly by analyzing the pattern of similar claimsvith
correlated accuracy estimations. They also usually assume that sourges shar-
ing common false values are more likely to be dependent than sourees sharing
common true values. Indeed, it is difficult to identify dependeneies between
sources stating different false values [23]. Most of these studies,only-analyze
static correlations. To the best of our knowledge, time-¢ourse dependency
relationship patterns has been only considered in [24]. In this/case, depen-
dency among sources is captured by studying the similarity, between patterns
of updates associated with sources [23]. Several methods. take advantage of
dependency in terms of the copying relationship, [17-19, 22]. Other corre-
lations among sources may also occur, such as‘the eommon errors made by
different extractors that use the same extraction rules or the common values
identified by the extractor that use different rules, and so on[17]. Moreover,
the dependence relationship is often comsidered between source pairs, but
dependencies may also occur at the 'group-level [18].

The second correlation class is rélated to data items. The first body of works
in this context proposed to deal with the social sensing problem. In crowd
sensing, humans coupled withitheir smartphones become sensors that ex-
plicitly or implicitly previde observations about their physical environment.
Then it becomes necessary tounderstand the validity of data sent by sensors.
TD models applied to this‘domain take advantage of both physical [25] and
temporal [26] correlations as well as causal relationships [21]. For physical
correlations,they assume that co-located data items should have similar val-
ues. For irstance, gas stations located in the same area should have similar
gas prigesaFor temporal correlations, the assumption is that two temporally
close/observations cannot have very different values. This kind of correla-
tion is.especially useful when analyzed data has a long-tail characteristic, i.e.
many data items observed by few sources and few data items observed by
many sources. Indeed, in this case the estimations can easily deteriorate if
the few sources that provide claims for a data item are also unreliable. Using

2We mean by correlation the interdependences between entities, the relationships that
may influence them.



correlations, information associated with data items having a high number
of observations provided by reliable sources can be propagated to data items
having only a few claims associated with them. The findings of the two
studies [25] and [26] permit to partition data items into small groups with-
out considering any dependency among groups, but the complexity of their
solutions is exponential w.r.t. the maximum group size. Alternative{models
have been proposed to overcome this limitation to be able to déal with a
large number of dependencies, e.g. [20] [21]. The former classifies the prob-
lem as an optimization problem, and the latter, modelling the,preblem as a
Bayesian network, leverages potential conditional independences among data
items. Moreover, in this study they also take into acceunt a second kind of
correlation related to the data items: i.e. the category. Inythis case, a trust-
worthiness level may be attributed to each source wur.t._the category a data
item belongs to. The main limitation of this approach is that the Bayesian
network has to be known or empirically learned.fromhistorical data by spe-
cific algorithms.

The third type of correlation regards the values. The basic idea is that two
correlated values support each other: If ane of them is considered true, then
the other has a high probability to beitrue: In order to evaluate value corre-
lations, previous studies such as\{id],\[22], and [16] use value similarity. For
instance, they compute the edit distance of strings, similarity among sets,
and difference among numerical values. Otherwise, in our previous study
we took advantage of yalueicorrelations in the form of partial ordering that
may exist among the,provided values [10]. An example of partial order is
shown in Fig. 1. Given this partial order, we adapted the Sums approach to
incorporate this newiinformation. The rationale is that if a source associates
the value Spain to an aspect of a real-world entity, then it also implicitly
supports all more general values, e.g. Europe. Thus we modified the formula
to estimatethe confidence of a value changing the set of sources used for the
calculus. In Sums, confidence is computed by considering all sources that pro-
vide an analyzed value, while in the adapted model (AdaptedSums) sources
that explicitly claim a more specific value than the one being analyzed are
also_taken into account as well. Indeed, these sources implicitly support all
meore general values than the one they provide. Using the adapted approach,
at the end of the iterative procedure, the value confidence estimations mono-
tonically decrease w.r.t. the partial order among values. In other words, for
each value more specific than another, the confidence of the former is lower
than or equal to the confidence of the latter. As a result, when considering
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Figure 1: Example of a partial order that\umay exist among values.
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the partial order of values, the highest confidence score will be always as-
signed to the most general valuémln\ this context, using the usual strategy
adopted by the existing models is not worthy. Indeed, selecting as truth the
value having the highest confidence, they will always return as true value
the most general one. In the rest of the paper, we describe a refined post-
processing strategy able to select the true value leveraging these monotonic
estimations.

3. Problem Formulation

Let’s“consider a set of data items D such that each d € D is composed of
a pair (subjeet, predicate) where the subject represents a real-world entity
and the predicate represents its aspect of interest, e.g. (picasso,bornin).
S denotes the set of sources, V' the set of values, V¥ C V the set of values
provided by s € S (for each data item for which s provided values), and
V; C V the set of values associated with data item d € D.
Formally, TD models first aim to identify the set of true values V; C V
for each data item d € D. In the case of a data item d characterized by a
functional predicate, we have |V;| = 1 if elements from V are disjoint, i.e.
V(v,') € V3 =(v = V') A=(v = v). Note that a value v implies



(=) a value v when v is subsumed by v’. To ease the formal introduction,
and in accordance with the literature, we will as often as possible consider
the special case of data items associated with the functional predicate.
Dealing with data items composed of functional predicates TD identifies
the true values v € V for each data item d estimating value confidénces
c¢:V —[0,1] — how an information is likely to be true — and souree trust-
worthiness ¢ : S — [0, 1] — how reliable is a source. This is done threugh
an iterative procedure that alternatively estimates them. The<execution of
the model finishes when the stopping criteria is verified, e.g convergence of
estimations, maximum number of iterations, and so on. /Hence, each value
vg € V(w.r.t. a data item) is associated with a confidence leyel c¢(vg) and
each source s € S with a trustworthiness level ¢(s).

Existing approaches usually assume that for a specific data item d, elements
of V are disjoint /independent and they therefore,recognize the true value of
d is that with the highest confidence score. Thig straightforward procedure
cannot be applied using adapted models that consider ordering among val-
ues. Incorporating this information intesthe miedel, each value more general
than a true value can only be considered\as true as well®. Therefore, consid-
ering all values associated with a datayitem, the estimated confidence scores
monotonically increase w.r.t. th€"partial ordering of values, i.e. Vv,v' € V :
if (v = '), then ¢(v) < ¢(v'). Censequently, the highest confidence score
is always assigned to the/most, general value (that is implicitly supported
by all provided claims)~Tosolve this problem, we propose a post-processing
procedure able to seleéet the true value for each data item given the estimated
confidence scores and the relationships that may exist among values.

We assume that thewvalue dependencies are known a priori in the form of
a partial ordér modelled by an ontology O = (=X,V). Note that even if the
domain knowledge is not available, partial order can be automatically con-
structed [27]. The partial order < can be represented by a Directed Acyclic
Graph (DAG), Go = (V, E), where V' = {vg, vy, -+ , v} is the set of values
representing our vocabulary according to our knowledge of the world (all pos-
sible values that can be claimed by sources), and £ = {(z,y) € VxV|z <y}
issthesset of edges specifying the partial ordering that exists between values.
Specifically =< y when there is a directed path from z to y in the DAG;
i.e. when y is reachable from z [28]. Note that a path from z to y is defined

3 Assuming that the value ordering is consensual.



as a non-empty sequence of n different nodes (vg, vy, -+, v,_1) with = vy,
y = v,—1 and for which Vi € [0,n — 2] (v;,v;11) € E. An important charac-
teristic of the graph G is that it has to be transitively reduced. This is not
a problem because by considering any DAG its transitive reduction can/be
obtained [29].

Here we introduce several functions that will be useful for manipulating the
graphs (with G a set of graphs):

e ancestors: G x V. — P (V) such that ancestors(Go, x)& {ylz Xy}
e children : GxV — P(V) designed as children(Go, t) = {z|(z,z) € E}
e root : G — V such that as root(Go) = {z|Vy e Vg x}

These properties enable us to easily explain ouk procedure to traverse the
partial value ordering graph in the next section,

Further important information that can be‘derived from any ontology is the
Information Contents (IC) of its concepts (e.g, [30]). This quantity, related
to the concept specificity (see Section 3.3 i[31]) represents the degree of
abstraction/concreteness of a concept wir.t an ontology. One of main IC
property is that the IC score menotonieally decreases from the root to the
leaves, i.e. if x < y, then IC(z) = IC(y) (IC(root) = 0). This score will
help us to discriminate between different values w.r.t. their granularity.

All of the elements presented in this section will help define the approach
used to select the trué valuesithat is described in Section 4.

4. Proposed Approach

The entire trtith-discovery procedure, from the input consisting of a set of
claims to'the'output consisting of the true values and the degree of reliability
associated with each source, is presented in Fig. 2. In this section, we propose
a post-processing procedure that selects the true values given the estimations
obtained*by TD models that relax the assumption related to the disjointness
of values.

It involves three steps: (i) selection of the best true value candidates; (ii)
ranking of selected values; and (iii) filtering of ranked values w.r.t. defined
desirable properties. For instance it may be useful to return a set of solutions
that share an ordering relationship or, on the contrary, to return a value set
composed only of “alternatives” that are not ordered. The choice related to



the appropriate features of the solution set depends mainly on the application
scenario.

The first step of the process: (i) permits to retrieve the most specific possible
true value(s) and all of its ancestors using available information, such/as
confidence scores and partial ordering of values. The second step: (ii) ofders
the selected values based on predefined criteria. The third step:{ (iil) is
required to filter the top k results. For TD, the final aim k& should, be equal
to 1, but in cases where there is uncertainty it may be usefulsto return a
set of values, even if the predicate is functional. Moreover, answerssthat do
not have defined desirable properties (see Section 4.3 for further details) are
removed from the result list. Those three steps are detailed hereafter.

4.1. True value selection

The first part of the post-processing procedtize concerns the selection of
the promising candidate(s) as the most expected value(s) for each data item.
We have defined a selection strategy that takesadvantage of the partial order
of values and step by step refines the granularity of the correct value asso-
ciated with each data item. Now we willgive an overview of the approach
followed by Algorithm 1.

1/0 i TD model
Claims from E Estimation with
multiple sources ! the adapted
i model

Post processing — Truth
prediction

True claims i Selection
and

source i
trustworthiness

Ranking

Filtering

Figure 2: Diagram of the overall TD procedure.
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Starting from the most general value (implicitly supported by all provided
values and surely true), the process aims to detect the most specific expected
value(s). A traversing procedure was thus applied on the graph that repre-
sents the partial order of values. It starts from the root, it selects the hést
alternatives among the children of the considered node and moves forward
through the selected values. Our assumption is that values with thethighest
confidence locally should be the most likely to be true. Thereforehe choice
of the best alternative(s) is done by comparing the confidence seorestassoci-
ated with the children of the previously selected node.

In the case of functional predicate, the values can be partially ‘ordered by
their granularity, see Fig. 1. Therefore the selection ,procedure refines, at
each step, the level of precision used to describe the single.true value associ-
ated with a data item. The semantics of each selected node/expresses the fact
that the node subsumes the correct solution (i‘es the expected true value).
The last selected nodes should correspond to the mest specific answers that
can be identified through the selection process.

The selection process has to handle two main undesirable situations that may
occur: (1) selection of values with a confidence score too low to be considered
as true, and (2) difficulty in discriminating-the best alternative(s) among the
children of a node since their coffidence’scores are not significantly different.
As a solution, two thresholds have'been defined: 6 and .

The threshold 6 € (0, 1] enables us to specify the confidence lower bound
required for a value to be part of the set of true values. Note that the value 0
is not included in the @ interval. Indeed, considering claims with confidence
scores equal to 0 makes neo.sense because it would mean considering, as truth,
values provided by totally unreliable sources (all with trustworthiness equal
to 0). The confidence score that is compared to 6 has to be previously nor-
malized wir.t. each data item, i.e. the confidence score associated with the
most general value of each data item always has to be equal to 1. This nor-
malization step is required to avoid the definition of an inconsistent threshold
w.rt.the different data items.

The threshold ¢ € [0, 1] represents the minimum difference that has to exist
among values with the highest confidence and all the others so that one pre-
vails over the others. In particular, if the difference between the confidences
of two values is less than or equal to 9, then it is hard to make a choice among
them. This comparison is done among values that are children of the same
father to select the best alternatives.

The definition of different parameter settings produces different behaviours

11



Table 1: Interesting settings for the selection procedure.

Config | 8 | § | Selection procedure behaviour

1 a | 0 | Naive greedy procedure that maximizes the confidence score
at each step.
2 a | 1 | Greedy procedure that selects all values greater thango.

Since ¢ is equal to 1, all values with confidence highet,than
« are selected.

3 a | B | At each iteration a value is collected only if the difference of
its confidence and the highest confidence at thelcurrent step
is lower or equal to 8. All values in the returnedyset have
confidence that is greater than a.

of the selection phase ending in the possibility of obtaining different kinds of
solution sets. The main parameter settings aré summarized in Table 1.
Configuration 1 (# = a, d = 0) reproduces a.naive greedy algorithm that, at
each step, selects values with the highest confidence greater than a without
performing any other control.

Configuration 2 (6 = «,§ = 1) is able to réturn all claimed values with confi-
dence higher than «. It may seem useless; but it is a selection configuration
necessary to obtain a particular set ofwalues at the end of the post-processing
procedure. A set composed.ef. “promising” alternatives that allow to report
values that are, as much-as possible, fine-grained and semantically different.
In this way, we increase the probability of finding the correct value since we
increase the numbex ofidifferent concepts that are considered. Therefore this
strategy is usefulte,deal with cases in which there is a lot of uncertainty. The
idea is to returmall claimed values and their ancestors and then, using the
ranking phaseto position in the first places, the most promising alternatives
with theproperties we have just explained.

Configuaration 3 ( = «,d = ) is a generalization of the two previous con-
figurations. 1t selects the set of values that are greater than a threshold 6
and they-differ, at each step, more than ¢ from the confidence of the other
alternatives.

Algorithm 1 reports the pseudo-code of the selection procedure. The algo-
rithm starts performing a transitive reduction of the graph representation of
the partial ordering (line 2). We thus ensure that the choice of the best al-
ternative is done among a set of children that do not share ordered relations.
Moreover, this avoids useless comparison of a large number of confidence

12



Algorithm 1 True value set computation for any d € D considering a partial
order of values represented as a DAG Gp = (V, E), a threshold 6§ € (0,1], a
threshold ¢ € [0, 1], and a function ¢ : V' — [0, 1], i.e. confidence of each value

1: procedure SELECTIONTRUEVALUES(d, Go, ¢, 0, 0)
2 G « transitive_reduction(Go)

3 ‘/11>;sited — { }

4: queue < list(root(Q))

5: while !(queue.isEmpty()) do

6 v 4 queue.pop()

7 ‘/vx;sited — V;kisited U {U}

8 Ven < children(G,v)

9 CON frnaz < max (c(child))

childeV,p,
10: Vape = {0" € Vo ¢(v') = 0 A (con frmag.— c(¥/)Y < 6}
11: queue.add All(Vep \ Viigirea)
12: return | J ancestors(G,v)

veV

¥
visited

scores. Then, at each iteration, the algorithm applies a greedy search by
maximizing the confidence of the values (lines 5 — 9). It selects all values
having confidence higher than.or equal to § whose scores are not significantly
different from the highest, confidence (line 10). Then, it adds them to the
queue (line 11). Note that the the confidence scores were computed applying
AdaptedSums. Thismedel eomputes the value confidences summing up all
trustworthiness of those sources providing the considered value or one of its
possible specializations. The procedure stops when the last selected value has
no more specific/values to be visited. In order to be in accordance with our
assumption and problem settings, all values that are more general than that
selectedwwill compose the set of true values — due to multiple inheritances
some of those values may not have been visited by the greedy procedure (line
12). The.fact that confidence score monotonically increases w.r.t. the partial
order ¢énsures that the scores related to ancestors of the visited values are
higher than or equal to 6.

The termination of Algorithm 1 is ensured by line 6 and line 11. The com-
plexity of the selection of the true value algorithm is related to the number
of comparisons required to find the maximum value confidence traversing
graph Go. Therefore, the complexity of the algorithm is O(FE) which in turn

13



is O(V?). At each step, a number of comparisons equal to the number of node
children is required. The worst case scenario is verified when the following
conditions holds at the same time: (i) graph Go has depth 2, (ii) its nodes
are uniformly distributed between level 2 and 3, (iii) nodes at the same leyel
have the same fathers and the same children and, moreover, (iv) they have
equal or not significantly different confidence scores. The conditions(related
to the morphology of the DAG ensure that the number of comparisens is
maximum, and the condition on the confidence score guarantees that the
procedure traverses all nodes.

All of the configurations of the algorithm input parametets enable us to se-
lect a set of possible true values. Since the aim of TD is to find the most
expected solution, a method able to choose it is requiteds="L he ranking phase
described in the next section is devoted to this.

4.2. True value ranking

Given the true value set selected in thé previous step, we have to define
a ranking method in order to select theyk € N¥,most expected values where
k is a fixed number. In our investigations, kK is experimentally set, at the
most, at 5. The solution set of most, expected true values is indicated as
V* C PV didates), where Vi dom is the value set returned by the selection
phase.

Now we propose to rank the values based on rather:

e their IC. This method is/useful for situations in which specific answers
are expected and$when there is not much uncertainty on the data item
under consideration. Note that in the following experiments IC is a
measure’computed according to the definition provided by Seco based
on the analysis of the partial ordering topology [30]. In particular, it
takes advantage of the number of descendants of a value:

log(|descendants(v)| + 1)
log([V'])

where |V| is a non-empty set since an ontology is considered to have at
least one concept, i.e. the root value.

IC has been proposed because the user generally expects very precise
answers. Often general true values for a data item are well known «a
priori, i.e. it is well known that a person is born in a place. If two
or more true values have the same IC, then random selection can be

ICSECO(U) = 1 —

(1)
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done or, alternatively, another criterion can be used to rank this value
subset.

their source average trustworthiness, denoted W A;..st(v). The ratio-
nale is that if a lot of unreliable sources support a false value A/(in-
creasing its confidence score — Sums does not normalize based/on the
number of sources claiming a value, therefore its confidence estimation
is biased), and there are only a few reliable sources that support a true
value B, then sources providing B should have higherdaverage’ trust-
worthiness scores. This measure is obtained by comptuting:the average
trustworthinesses associated with sources that explicitly or implicitly
claim to have a particular value v and by weighting it*by a normaliza-
tion factor:

1

WArus =1 - — 5~
) = (1= S T50

) * avgtrust('v) (2>

where the average of source trustwerthiness is represented by av g st (v),
Svat is the set of sources that implicitly or explicitly provide the value
vg and 7 is a small number usedyto avoid that W Ay (v) = 0 when v
is provided by only one sotitee. The first factor, i.e. normalization, was
introduced in order to tune the average w.r.t. the number of sources
providing the value/ Indeed, inspired by the study presented in [32],
the higher the number, of sources providing a value, the higher our con-
fidence in the computed average should be.

Moreover in/this ease, if two values have the same W A;,.,., then an-
other criterionican be used to rank them.

Once the yalues are ranked, the next and final step of the post-processing
procedure, can be performed.

4.3. [Filtering of top-k true values

Thefiltering phase collects the top k values in the rank and returns them

to_end~users. Before performing selection of the top k values, all the ranked
ones have to be controlled. This is necessary because truth discovery models
can be applied to different scenarios: high or low uncertainty situations, high
or low risky cases in which making an error is, respectively, very dangerous
or not. For instance, if truth discovery models are used to populate a medical
knowledge base containing, for each symptom, all possible correlated diseases,
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then the end-users want to be really careful in accepting a value as true.
Therefore, based on the possible application contexts, different properties
that the solution set V* has to respect can be defined. In this way various
true value sets with different characteristics can be identified:

e the solution set V', contains only values sharing partial ordering tela-

tionships; formally V(x,y) € Vi, x V¥ o <y Vy < x. The proeedure
to create a set containing values that respect this property is asifollows:
it iteratively selects and removes the first element in the ranked list.
Then it adds this value to the solution set only if it-is-ansancestor or

descendant of all elements that are already present in it.

e the solution set V; is composed of values that demotshare any partial
ordering relationships; formally V(z,y) € Vi, xVig, ~(z 2 y)A-(y =2
TYANPw, 2 € VI ieesw = 2V 2z < y. This means that all values in the
solution set are the most specific among those returned by the selection
phase. Indeed, only values that do not have descendants in the returned
true value set belong to the solutionwThe procedure used returns a set
of alternatives that are as much as ‘possible very specific and different.
In other words, this set of values'consists of elements that do not have
any of their exclusive descendants in the sorted list. For example, if the
values returned by thesprevious step are Furope, Continent, Country,
City, Location, theng in accordance with the partial order in Fig. 1, the
Viis; 1s composed onlytef/Europe, Country and City.

The first kind of golutioncan be desirable when there is not much uncer-
tainty (end-userS expect to easily find the true answers) or the end-users do
not want to deal with‘potentially different values in a domain where they are
not experts.. The second property can be adopted when there is a lot of un-
certainty and especially when the application context could result in making
errors without dangerous consequences. Indeed, when there is uncertainty,
tospostpone the selection of true values to the end-users, avoiding to auto-
matically select only a specific value and its ancestor, may be useful. In order
tonsupport the end-users final choice, returning a set of values composed of
the most promising alternatives is important.

Obtaining V', is suitable when ¢ = 0. Indeed, taking the value with the
highest confidence at each step, the process ends with the selection of only
one specific true value (and its ancestors). Considering this set of returned
values, the first property is often verified without filtering any value out. In
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any case, very general values often are not returned since only the top-k val-
ues are selected after the verification of the property. Otherwise, the second
property, i.e. V., is not useful considering 6 = 0. Only the single most
specific value contained in the set of returned values is selected when this
property must hold. Indeed, all of the others share partial ordering relation=
ships. This corresponds to consider that 6 = 0, £ = 1 and a solution.get V. ;.
Obtaining V.. is preferable when ¢ = 1. Indeed, in those cases‘all values
having confidence higher than # are returned by the selection phase, but for
the final aim of truth discovery (finding the truth) it is suitable tosenly keep
the set of “promising” alternatives that correspond to asset of walues that
are different and specific as much as possible.

5. Experiments

In this section we describe all experiments performed on synthetic datasets
to confirm the validity of our approach. “First; we focus on the synthetic
datasets: how we generated them and.what are the parameter settings we
tested. Then, we present the evaluation meéthodology we used to evaluate
the approach and to compare it with existing models.

5.1. Datasets

In order to assess the béhaviour of our approach w.r.t. the ontology used
to derive the relationship among values, we integrate preliminary experiments
carried out using thegynthetic birthPlace datasets (see [10] for further details
related to their generation) with additional ones performed using different
partial ordering ‘struetures.

Each synthetic dataset contains a set of claims concerning a specific predi-
cate, a set/0f sources and the subset of claims provided by each source. We

Table 2: Features of the different partial order structures.

‘ Features H cc ‘ MF ‘ BP ‘ genre ‘ birthPlace
Values 3984 | 10243 | 28822 | 1838 682658
= depth (max depth) 12 15 16 8 14
Average depth 5,223 | 5,610 | 6,906 3,93 5,424
Average # of children 1,451 | 1,196 | 1,898 | 1,041 1,535
Max # of children 466 291 451 824 160194
Leaves 3016 | 8192 | 14797 | 1563 663373
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Figure 3: Statistics of sources-data items for the CC" datasets.

generate 5 different datasets considering the predicates birthPlace and genre
from DBpedia [33], and the predicates CellularComponent(CC'), Molecular
Function (MF) and Biological ProcessBP) from Gene Ontology [34]. All
the datasets are randomly generated baged 6n a ground truth (containing
a set of true claims, for each predicate),)a partial order among the values
contained in the ground truth (@mwexample is shown in Fig. 1) and a set of
factitious sources. Note that Table 2 reports the features associated to the
different partial ordering structures that we use. Given these elements the
generation process can, start.

First, a trustworthiness level is associated with each source. We assume that
the majority of sources are/sufficiently reliable and only a few of them are al-
ways or never correct. A Gaussian distribution with an average and standard
deviation equal to, respectively, 0.6 and 0.4 was used to model the described
behaviour:

Second; we'reproduce the long-tail phenomena [35] for which many sources
provide values for a few data items and a few sources provide values for
many data/items. This is modelled using a simple exponential distribution.
It associates, with each source, the number of data items on which it has to
provide a value. The statistic that confirm that this behaviour is respected
by, the datasets that were generated are reported in Fig. 3. In Fig. 3a we
observe that approximatively 80% of data items are claimed by less than 500
sources. Fig. 3b shows that most of sources have provided at least 1000 data
items.

Third, each source claims a true or false value for a specific data item w.r.t.
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its trustworthiness. In case of true claims, the value is selected among the
inclusive ancestors of the value contained in the data item. In the case of
false claims, it is selected from the set of values that are neither inclusive an-
cestors nor descendants of the true one denoted vj. In both cases the values
are selected w.r.t. a similarity measure between the values and v}.

For the selection of the true values, three different strategies were adopted:
EXP, LOW_E, UNI (Fig. 4). EXP simulates cases in which sources,are'quite
sure about the true values, so they tend to claim values similar, to the ex-
pected one (contained in the ground truth) when they have,to=provide a
true value. UNI reproduces a world where there is a lot of uncertainty, then
the sources tend to indiscriminately select the value from the/entire set of
possible true values. LOW_E is a trade-off between the.previous two types.
Sources uniformly select the value from the set of possihilities, but there is a
slightly higher probability of choosing values similar to the expected one. For
instance, Fig. 4 reports, on the x axis, the values of Fig. 1 ordered according
to their similarity measures w.r.t. the true value Malaga. Considering that
v} is Malaga and the EXP law, sources will more often provide values such as
Malaga, Spain and City than values like\Continent or Location. Otherwise,
considering the UNI distribution, the probability of claiming these values will
be the same.

For the selection of the false valuesjonly a single strategy was considered. A
source that has to provide‘a falge claim tends to provide a false value that is

1
0.8
30.6
0.4
0.2

+ Spain E o

Malaga (S:;i)tam wtf;gﬁz Continent Location
Country
—~— EXP -~~.- LOW_E ... UNI

Figure 4: Distributions used to select true values.
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Table 3: Set of experiments performed for each predicate.

Conf. 0 o Rank Filter
Name 15t ond
TSbCyryst | 04y 0.5 | 0 | WApust | 1CSseco Vo
TSbCrc | 0,..., 0.5 | 0 | ICseco | WArust | Vg
TSaCtht O,..., 0.5 1 WAtTust ICSeco Vd*zsg
TSaCrc [ 0,...,05 | 1| ICseco | WAgust V;isj

similar to the expected true value. For instance, if the truée value,is Malaga,

then a source provides the value Portugal with an higher probability than the

value Brazil. Moreover, sources tend to claim the same false*values. There-

fore, the probability of a value to be selected as false one increases w.r.t. the
number of sources that previously claimed it.

For each predicate, 20 datasets were produced w.ritwthe different laws that

can be used to select the true values provided=by sources. Further details

on the generation of the ground truth and how-the partial order of values has

been derived are provided with the datasetsatpwww.github.com/lgi2p/TDSelection.

5.2. Fxperiment settings

In order to provide robust results, considering each predicate, we gener-
ated 60 synthetic datasets (20 for each different distribution used to select the
true values). Several experiments were conducted on them. Table 3 reports
all of the experimental settings in which the datasets were tested. The name
associated with each comfiguration indicates the delta setting. When § = 0
the approach is<called TSbC (Truth Selection of the Best Child). Indeed,
the selection.algorithm chooses, at each step, the value with the highest con-
fidence. In"other words, it selects the best node among the children of the
consideréd, one.) Otherwise, when 0 = 1 the approach is called TSaC (Truth
Selection of ‘all Children). Indeed, using this configuration the algorithm se-
lects; at each step, all the children of the considered nodes. Moreover, the
subscript specifies the first ranking criteria used, i.e. TSbC;c means that 1C
isyused for the ranking phase as first criteria to order the values. For all the
experiments, different threshold 6 values were used: 0, 0.1, 0.2, 0.3, 0.4, 0.5.
Note that when 0 is equal to 0, we test only the property of the solution set
indicating that its values share ordering relationships. Indeed, the selection
procedure in this case chooses, at each step, only values having the highest
confidence and therefore only a single most specific value and its ancestors
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can be returned. No alternatives to the most specific value can be selected.
When 0 is equal to 1, we test only the property indicating that the values
in the solution set do not share a partial order. The procedure may select
more than one branch. In this situation, if we force the returned true values
to share an ordering relationship, we oblige the algorithm to select only one
path. Thus, the main advantage of this configuration, i.e. to propoese a set
of alternatives, is wasted.

For the confidence and trustworthiness estimations, we initialize the,confi-
dence value at 0.5 in order to start the iterative proceduréi.e=Adapted-
Sums. The stopping criteria used for the iterative progédure is-the same
as that used in the original paper of Sums[36]: the procedure /was stopped
after 20 iterations. The algorithms were implemented.in, Python 3.4. The
experiments were performed on a PC with an Intel Core' 2 Duo processor
(2.93GHzx8GB). To give an idea, using the codebase developed for these
experiments?, memory consumption varies from.1.6"6 4.3 GB depending on
the number of values composing the partial.order: Using TSbC and TSaC,
running times were, respectively, around.0.24 ‘and 1.7 milliseconds per data
item. Note that running times may increase significantly when partial or-
ders have specific topological properties. YIn particular, optimizations have
to be studied when dealing with paztial’ orders having values with numerous
children (hubs). For instance, the partial order used for the birthPlace pred-
icate contains the value ”Settlement” with 160 thousands children; running
times using this partial.order were 0.02 and 0.8 seconds per data item for
TSbC and TSaC respectively: The source code and datasets associated with
this study are open-soureed and published on the Web at the following link
www.github.comy/1gi2p/TDSelection. Note that for Sums and AdaptedSums,
we used the dodée developed by [10]. Otherwise, for the experiments related
to the other existing models, we used the DAFNA-EA® implementation [37].
This APT'provides the source code for the main existing models.

5.3. "Bvaluation

The evaluation of the model we proposed to select the true values was
carried out using both traditional and hierarchical performance measures of
classification problems.

4Note that this codebase has been developed for experimental purpose and was not
optimized to lower memory consumption and running time.
Swww.github.com/daqcri/DAFNA-EA
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Among traditional metrics, precision and recall were mainly used to compare
our approach with the existing models that do not consider the partial order.
Our positive class consists of all pairs (d € D, v} € V) where v} is the value
contained in the ground truth for the data item d, and the negative clasg’is
composed of all pairs (d € D,vg € Vg — v}). Therefore, the precision i the
proportion of pairs (d,v}) returned by the approach among all thepairs it
returns. The recall is the proportion of pairs (d, v})) returned by the.approach
among all pairs contained in the ground truth.

The hierarchical evaluation measures (HEM) were used to analyse-the be-
haviour obtained by different parameter settings of our approach. Indeed,
hierarchical metrics distinguish the severity of different errors taking the
hierarchy of classes into account. Reasonably if Malagasis the true value,
then an approach that returns Portugal should bewless penalized than an-
other that returns Brazil. Indeed Portugal is“im the)same continent than
Malaga, i.e. Europe, while Brasil is in a different continent, i.e. America. A
detailed study related to hierarchical measures was presented in [38]. They
distinguish the main dimensions that characterize hierarchical classification
problems and suggest, for each possible combination, which are the best
evaluation metrics to use. They recommend Frca, Prca, Rrca and MGIA
when dealing with single-label problem’and DAG hierarchy. This situation
corresponds to our initial problennsettings: for each data item there is a
single expected true value‘and our partial order among values is represented
using a DAG. Frca, Ppea and/Rpc4 are set-based measures. They use hi-
erarchical relations t0, augment the sets of returned and true values and to
compute precision’ and reeall. Since adding ancestors over-penalize errors
that occur to nodeswwith many of them, Frca, Proa, Rrca use the notion
of the Lowest, Common Ancestor to limit this undesirable effect. MGIA is
a pair-baséd. metric that uses graph distance measures to compare returned
and true wvalues: " Its limitation is that it does not change with depth. For
furthér details related to the computation of these measure please refer to
[38}. Now,/we briefly describe the main characteristics of these hierarchical
measures through an illustrative example. This enable the reader to better
understand the result discussion in the next section. Considering the DAG
in,Fig. 1 and Malaga as the true value, the HEMs related to several returned
values are reported in Table 4. As shown, if the returned value is more gen-
eral than the expected one, then Prc4 is not affected, while R4 decreases
when increasing the distance from the expected value. Otherwise, if the re-
turned value is an error (neither the expected value nor more general one),
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Table 4: Example of HEM considering the DAG in Fig. 1 and Malaga as the true value.

Returned value | Prca | Rrca | Fr.ca | MGIA
Malaga 1 1 1 1
Spain 1 0.5 0.7 0.9
Country 1 0.3 0.5 0.8
Madrid 0.5 0.5 0.5 0.8
France 0.5 0.3 0.4 0.7
birthPlace bilrthP\ace birthPlace
) 9.8 N ~ N ,()j I~ N
P 0.'9"'“""" \ Sy ~ 06 NN
genre .~ g ...‘-'0,4 : \ ;) CC genre ¢ “ 0'4 J ~
\ : 0,2 T
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Veo==
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Figure 5: Recall obtained by applying our approeaches TSbCrc (dotted line) and TSaCepyst
(dashed line), both with £ =1 and 6 = 0, and the’models provided by DAFNA API (solid

lines) on the synthetic datasets.

then Prca and Ryca decrease.w.r.t.rthe position of the returned value in the
partial order. MGIA indicates the distance among the returned value and
the expected one witheout comsidering if one value is more general or specific

than the other.

EXP LOW_E

1 1 =X 1
0,9 0,9 0,9
08 08 08
0,7 0,7 0,7
0,6 0,6 0,6
E 0,5 g 05 // E 05
04 04 04
03 03 ¥ 03
02 02 02
0,1 0,1 0,1
0 o 0

(a) genre

topk

/

123 45
topk

123 45
topk

123 45
topk

(b) Molecular Function (MF)

i SUMS

et TSHC_iC

il TSHC_trust
TSaC_ic

et TSAC_trust

Figure 6: Recall obtained by applying our approach and the proposed models (with § = 0)
on the synthetic datasets w.r.t. the dataset type and number of returned values.
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6. Results

All of the experimental settings presented in Section 5 were tested. Here,
the results are presented and discussed. Note that a robust analysis were
conducted given the artificial nature of the synthetic datasets.

Results show that our approach enables successfully addressing the problem
of selecting true values. Recall that our study considers a settingwhere
value confidence estimations w.r.t. the partial order of values monotenically
increases. The most effective configuration settings of our sé€lection proce-
dure were TSaCy.uss and TSbCje as shown in Fig. 6. Thege settings coupled
with the AdaptedSums model were able to outperform, in'terms jof recall, ex-
isting truth discovery methods on the different datasets andspredicates that
were used for the experiments, see Fig. 5. Note that in these experiments
we compared our post-processing strategies considering £'= 1 with the other
models. Indeed, the general aim of TD is to return,a.single answer for each
data item.

In the rest of this section we detail the comparison of the proposed approach
with existing truth discovery models and we study different configuration
settings of the post-processing procédure analysing its behaviour considering
different k, 0 and 6 values.

Both TSaCy,..ss and TSbC;o obtained good performance, but TSaCy,., was
the most robust approach independently of the predicate and dataset type,
as shown in Fig. 5. It resulted to be only slightly influenced by source dis-
agreement increase (UNI dataset case). Indeed, TSaCy,.,s aimed to analyse
and compare the trustworthiness of sources providing the most specific val-
ues that do not¢share partial order relationships. This was done selecting
and returning/all provided values higher than 6, i.e. § = 1. Then ranking the
values according to the weighted average trustworthiness of sources claiming
them. PFinally, filtering the first k£ values that did not share ordering rela-
tionships. Fellowing this post-processing procedure, TSaCy,.,.; performance
was not affected when the number of sources providing true general val-
ves increased (UNI dataset). Precisely, analysing the recall obtained by the
different models from EXP to UNI dataset types, we observed that, when
increasing sources that provided general true values, TSaCy, . had a recall
drop equal to 0.073 against a recall drop around 0.528 obtained by exist-
ing truth discovery models. Indeed, the average recall, over the different
predicates, obtained by TSaCi..e was 0.954, 0.912 and 0.881 respectively
for EXP, LOW_E and UNI dataset types. The average recall achieved by
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existing truth discovery models was 0.595, 0.243 and 0.067 respectively for
EXP, LOW_E and UNI dataset types.

On the contrary TSbC;c performance was more influenced by source dis-
agreement increase than TSaC,,.,s performance. It is the post-processing
strategy that employed the greedy algorithm to select the true value, ife. at
each step the selection phase chooses the values with the highest confidence.
Then it ordered them w.r.t. their IC. Finally, it kept only values that shared
a partial order. Therefore, it used as selection criterion, at each step, the
value confidence. When sources provided more general true valuessthe infor-
mation associated to these claims were propagated to less valuesy Thus the
confidence estimations were less informative in the last steps of the proce-
dure. Anyway, also TSbC;¢ outperformed existing metheds obtaining recall
levels that were equal to 0.889, 0.670 and 0.531 for"EXP LOW _E and UNI
dataset respectively (thus with a recall drop of 0:358).

Observing Fig. 5 we analysed for which predicates our’approaches, TSaCy,.
and TSbCj¢, obtained slightly lower performances. Even in these cases our
models stills outperformed existing oness:

Considering TSaCy,..s, the worst recall performance were achieved for birth-
Place and BP predicate. Analysing the features shown in Table 2 related to
the different predicate partial ordersit is clear that this configuration setting
was influenced by the average number of children in the partial order. Indeed
birthPlace and BP were the two predicates with the highest children average
number. Moreover, theswanking of predicates w.r.t. their recall corresponded
to the predicate ranking w,r.t. the children average number in decreasing
order.

Otherwise, when comnsidering TSbC;c approach the worst performance in
terms of recall were obtained considering genre and BP predicate. We found
out that PShCre performance depended both on the children average num-
ber and the‘average depth of expected solutions w.r.t. the maximum depth.
Indeed, at each step of TSbC;c the probability of error is related to the
number of alternatives among which the procedure can select a value. More-
over, it also related to the percentage of the partial order that the selection
procedure has to traverse in order to reach the expected solutions w.r.t. the
maximum depth. The probability of error increased when the part of the
graph to traverse augmented. For instance genre predicate had the lowest
children average number, but it obtained performance lower than MF, C'C
and birthPlace predicate. This because its expected values had a depth that
required to traverse a bigger part of the partial order than in the other cases.
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To better understand the best parametrization for the post-processing proce-
dure several experiments were conducted w.r.t. the different settings reported
in Table 3.

First of all, we compared the different post-processing strategies we proposed,
evaluating the recall at different levels of k. The results are reported in Fig. 6
Note that we show the results for the predicates genre and MF, but a'similar
behaviour was obtained with all the others.

We observe that the best results were obtained by the TSaCysgy forsany k
value. It took advantage of the fact that it returned a set of alternatives as
different as possible from each other and, at the same time, asjspecific as
possible. Usually TSbC;¢ also outperformed the baseline model (Sums), but
for higher values of k it was worse than Sums. This i§ beeause we forced the
result of TSbCj¢ to share ordered relationships, while in_the case of Sums, k
values with the highest confidence were returned (no additional filter was ap-
plied on these values). Note that the recall of TSbCy¢ did not improve when
increasing the value of k. This means that-a situation in which a returned
value is more specific than the expected.one never occurs. This is in accor-
dance with the policy we adopted to generate the synthetic datasets. Given
the expected value, we cannot say anything about its descendants. Each of
them may be a true specification'ofithe expected truth or not. Consequently,
we removed all of the descendants, from the set of possible true and false
values. In other words, ne soutces provide a claim that contains one of the
descendants of the expected,value associated with the considered data item.
Otherwise, in all thetother,configurations, increasing the number of values
returned (k) enharced thetecall.

The TSaC;c and TSbCi,.,. configurations were for the majority of cases
worse than those of the baseline approaches. TSaC;c consists of the selec-
tion strategy with 0 = 1, i.e. all provided values having confidence higher
than 6 areyselected, and the use of IC as first ranking criterion. It obtained
low performance because ICg,.., was not a good discriminator among values
that did not share ordering relationships. Indeed it is based on the number of
descendant values and it may happen in situations in which z is the expected
value-and y has the same father as x. If  has descendants, while y has none,
yawill be preferred by the ranking based on the ICg,., even if it is not a true
value. Thus, the W A;,,s; ranking is more suitable in these cases.

Otherwise TSbCy,..«; is a post-processing strategy with § = 0, i.e. at each
step of the selection process only one value is selected, with the use of source
average as ranking criterion. Obtaining low recall for this model means that
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W Ayrust was not a good discriminator to rank the values sharing partial order
relationships returned by the selection phase.

Moreover, Fig. 6 shows that when disagreement among sources providing
true values increased these two latter approaches (TSaC;c and TSbCy.:)
could be useful anyway. The recall they obtained for £ = 1 was higher than
the recall of Sums model. Therefore in case of high level of disagreemént also
a not optimal procedure can be advantageous.

As expected, in all the cases, the precision always decrease when<mcreasing k.
Moreover, comparing the different settings of the proposed approaehy we ob-
served that the ranking based on their precision performances was the same
that the one obtained w.r.t. their recall. Therefore, we,omit these repetitive
results.

Our further analysis focused on models TSaCy, ¢ ‘and_TSbC;¢ since they
were the models among the proposed ones that, achieved the best perfor-
mances. We examined the impact of different threshold values, setting k = 1,
w.r.t. the hierarchical evaluation metrics! “Froa, Proa, Rrca and MGIA.
The results are reported in Table 5. Censidering TSbC;q, we noticed that,
when slightly increasing 6, M GIA increased in the majority of the cases.
This occurred because there are expeetedivalues (supported by few reliable
sources) with a confidence lower than false ones (supported by many unreli-
able sources), even though the former have a higher W A,,..; than the latter.
Thus, using TSbC;c and/f =0, these values were selected as true values.
Increasing 6 allows the~procedure to avoid a part of these errors. Indeed,
eliminating the value§ with confidence score very low enables the procedure
to return, with high probability, the father of the expected value. Anyway,
further increasing the threshold caused a loss of M GI A because the returned
values result4o be very general. This does not happen with TSaCy,.,s since
this kind ef errors are already overcome considering W A;,...¢ as first ranking
criterionl.

Moreover, we observed that, in the majority of cases, when increasing 6
the.Rpc 4 always decreased, while the Prc4 always increased. Precisely, the
highest Ry for both TSaCy,.,s; and TSbC;¢ was obtained with # = 0. The
highest P;c4 was obtained for both approaches with different 6 values de-
pending on the predicate as shown in Table 5.

Summarising, the most effective configuration settings were TSaCj, . and
TSbCjc. They were both able to obtain better performance than existing
truth discovery models. We noted that increasing the number of values re-
turned for each data item allow increasing the performance. Nevertheless
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this can be applied only in the case where a group of experts can select the
true values among the ones proposed by the proposed approach for each data
item. Otherwise, we have to force the parametrization k£ = 1. Regarding the
threshold 6, a high 6 value is recommended when the application scenario
does not permit to assume many risks. In this case it is important to have a
high precision. In other words, obtaining a general true value than the spe-
cific false one is preferred. Therefore, the different parameter settings of the
proposed post-processing procedure allow dealing with differentsapplication
scenarios taking their requirements into account.

7. Conclusion

In this paper, we have presented a post-processing procedure able to
select true values after estimation of the value .€enfidences using the Adapt-
edSums approach we proposed in our previous works=This general procedure
can be used with any TD approach when partial order of values is taken
into account as a priori knowledge. The post-processing process involves
three main steps. The first one consists\of the selection procedure. It aims
to identify the set of possible true'values using relationships among them
and includes two parameters (64and #). Based on their tuning, different be-
haviours of the selection process san be obtained. The second step ranks
the returned values of the“selection phase. Finally, the third step permits
to filter the top k values and ensure desirable properties (values that share
or not relationships)« The results confirmed our preliminary finding: using
partial ordering of/values helps to improve both source trustworthiness esti-
mation, as already demonstrated by our preliminary study [10], and the true
value identification. More precisely, the best results are obtained with the
configuration of the algorithm that selects a set of alternatives, not sharing
ordering relationships, and ranks them through the average trustworthiness
of sources claitming those values. The results showed a similar behaviour on
the. datasets obtained by the two different ontologies (DBpedia and Gene
Ontology).

As prospects, we envisage to incorporate our framework by adapting it to
another existing model. Indeed we would like to show the flexibility of our
approach and further enhance the results. Moreover, we intend to explore
other kinds of additional information such as correlations among data items
and values. For instance, usually the birth location of people is correlated
with the language they speak. Therefore, if we know that a person speaks
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Italian, we can increase the confidence in those claims that contain Italy as
value for the bornln predicate. More precisely, we plan to design a model
that integrates, into existing approaches, information extracted from exter-
nal knowledge bases in the form of rules. The idea is to add, in the confidence
formula, a boosting factor indicating the confidence level of each claim ac=
cording to the external knowledge base.
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