
Figure 11: Average time for computing the possible world with
the maximum probability over factor sizes.

Figure 12: The number of queries, from the ones shown in
Figure 10, in which EAQP entities had higher probability, and
identi�ed entities whereas the ELA failed.

of two additional methodologies described in the following para-
graphs.

Entity Linkage Technique (ELA). This implementation encap-
sulates the methodology that is currently followed by existing en-
tity linkage techniques. Once a linkage algorithm is applied on the
data (e.g., reference reconciliation [14], or entity resolution [33]),
a list of the matched data along with the derived matching proba-
bility is generated [17, 25]. Then, the entity linkage technique uses
a prede�ned threshold to accept and keep only the linkages those
probability is higher than this threshold.

The data of the accepted linkages are consider to exist (i.e., no
probabilities), and thus used for creating the �nally integrated dataset
in which the data found to describe the same real world entity is
merged. Matched data is merged using the approach described in
[33]. Following this approach, the entities in the dataset are not
directly merged and updated, but for each entity we maintain all
matched data, and use them when we need to retrieve the entity
from the dataset. Therefore, during query processing, an entity will
be retrieved even when the query contains data that are not in the
�nal entity representation, since this data is presented in the entity's
matched data.

Probabilistic DBs Technique (PDBT).A couple of recent ap-
proaches have been introduced for addressing the uncertainty ap-
pearing with linkage algorithms [1, 3]. They consider duplicate
tuples as alternative representations for the same real world ob-
ject. These techniques expect that the alternative representations
for each entity are known and that only one of them can exist in
the �nal integrated data, i.e., alternative representations are disjoin
events. Furthermore, an entity is basically described by the infor-
mation encapsulated in a single record, and not a set of records.

The existing techniques can not represent and handle the uncer-

tainty on the entity linkage information (Section 1). For being able
to perform a comparison of our EAQP approach with PDBT, we
converted the problem as it can be represented by the technique in-
troduced in [3]. More speci�cally, we assume that the attributes
of the entity (i.e., characteristics) are given and that each of these
attributes have a set of alternative representations. The following
tables show how this representation would apply on the data from
Figure 1.

id attr. attr. name value prob.
e1 a a starring Daniel Radcli�e pr
e1 b a starring Radcli�e, Daniel pr
e1 c b starring Emma Watson pr
e1 d b starring Watson, Emma (II) pr
e2 . . . . . .

Although this representation allows us to provide a comparison
between the time required for query processing between the EAQP
and the PDBT technique, we still need to note the di�erences in
their semantics: (i) PDBT needs to be provided with the exact link-
ages for then handling possible alternatives for attributes, and (ii)
EAQP is able to handle other types of conditions and is not re-
stricted to disjoin events.

D. ADDITIONAL EXPERIMENTS
The following paragraphs present the results of two additional

experiments we performed for investigating the e�ciency of EAQP
and comparing its e�ectiveness with ELA.

Time to retrieve possible worlds.As we presented in Section 4,
our approach separates linkages into factors and query precessing is
performed on the related factors. The size of the factors in�uences
the time required for processing queries, so we now investigate the
e�ectiveness for factors of di�erent sizes.

For this experiment, we measured the time needed to identify the
possible world with the highest probability in respect to the fac-
tor size (Section 4.3). Figure 11 shows the average time required
for processing queries over di�erent factor sizes. As expected, for
larger factor sizes the algorithm requires more time than for smaller
factor sizes, which however still remains below 4 milliseconds.
For small factor sizes (i.e., 20-40 entity linkages) that constitute
the dominating majority among the factors, the algorithm requires
around 1 millisecond.

Improvements over ELA. We further analyzed the results of
the evaluation related to e�ectiveness (Section 5), and identi�ed
two situations in which EAQP performs better than ELA. The �rst
is that our approach has less failures, i.e., empty result set as an
answer to queries. For instance, fort=0:6 EAQP was able to return
the correct answers for the 150 queries in which ELA did not return
anything.

The second situation is that there are cases in which the entities
returned by EAQP were with higher con�dence (i.e., with higher
probability) than the entities returned by ELA. As shown in Fig-
ure 10, fort=0:6 EAQP returned 421 correct answers whereas ELA
returned 238 correct answers. For 91 answers, EAQP had higher
probability that ELA. Figure 12 presents the exact numbers for
these two situations for various entity linkage thresholds. As shown
by the results of the evaluation, EAQP exhibits a higher e�ective-
ness than ELA. There are of course cases in which both approaches
return the same answer set. For these cases, we can view the addi-
tional processing time of EAQP as a disadvantage in comparison to
ELA.

438




