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Abstract. A connectivity profile for a pair of entities provides a concise expla-
nation about how the entities are related. This paper describes a tool, called
DBpedia Profiler, which implements a strategy to generate connectivity profiles
for entities represented in DBpedia. The tool uses SPARQL queries to generate
relationship paths and follows a technique called path streams to analyze the col-
lected paths. The paper also presents a comparison between DBpedia Profiler and
the state-of-the-art tool RECAP. The experiments show that the proposed tool
outperforms RECAP in terms of performance and usability. Additionally, DBpe-
dia Profiler provides extra support for mining the connectivity of entities.

1 Introduction

This paper explores DBpedia to discover how two entities are related. For example, it
is now (but probably not in 20 years from now) common knowledge that “Barack
Obama” and “Michelle Obama” are related in at least two ways: they are married and
they are both alumni of Harvard Law School. It is not so obvious, though, to discover
how “Albert Einstein” and “Kurt Gédel” are related. By exploring DBpedia, for exam-
ple, one may find that:

a) “Albert Einstein” was influenced by “Ernst Mach”, which was influenced by
“David Hume”, which influenced “Edmund Hussert”, which influenced “Kurt
Godel”.

b) “Albert Einstein” was influenced by “Baruch Spinoza”, which was influenced
by “Giordano Bruno”, which influenced “Gottfried W. Leibniz”, which influ-
enced “Kurt Godel”.

These two relationship paths can be abstracted by saying that

¢) X was influenced by a philosopher, which was influenced by a philosopher,
which influenced a philosopher, which influenced Y; with X instantiated by
“Albert Einstein” and Y by “Kurt Godel”.
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Note that (c) provides a concise explanation of the connectedness (or relationship)
between “Albert Einstein” and “Kurt Godel” in the Philosophy domain.

When two entities are directly related, such as “married to”, or related by a short
composition of relationships, such as “coauthor”, that have a natural language term to
denote the composition, it is not too difficult to explain how the two entities are related.
However, this is not the case with the example relating “Albert Einstein” and “Kurt
Godel” described in the previous paragraph. To address this issue, we introduce the
concept of connectivity profile for a pair of entities, defined as a concise explanation
about how the entities are related in a knowledge base (KB), and rephrase the goal of
this paper as:

e “Given a knowledge base and a pair of entities, create a connectivity profile
for the pair of entities”.

Several tools were developed [1,2,3,4,5] to explore knowledge bases and generate
connectivity profiles. In general, such tools: (1) search for relationship paths between
pairs of entities — the larger the number of paths found, the stronger the connectivity
between the entities is likely to be; (2) group the paths found; and (3) summarize the
groups of paths to present a connectivity profile of the pair of entities to the user. How-
ever, this simple strategy poses three challenges:

(1) How to find relationship paths between a given pair of entities in a knowledge
base?

(2) How to group the relationship paths in a meaningful way?

(3) What characteristics of the groups of paths must be selected to generate a
connectivity profile?

In this paper, we describe a tool, called DBpedia Profiler, which implements a strat-
egy to generate connectivity profiles for pairs of entities represented in DBpedia. To
address the first challenge, the strategy resorts to specialized queries over DBpedia to
identify RDF paths that connect the given pair of entities. As for the second challenge,
it adopts a strategy based on semantic annotations, as in [7], which uses similarity met-
rics to group annotations about an itemset and summarize the observed groups. The
major difference lies in that our strategy works over sets of RDF paths rather than item-
sets. The strategy covers the last challenge by resorting to the topic categories assigned
to the entities and to the relationships between the entities found in the RDF paths. We
also compare the proposed tool with RECAP [3].

The contributions of this paper can be summarized as: (1) description of the DBpedia
Profiler tool; and a (2) presentation of a comparison between DBpedia Profiler and the
state-of-the art tool RECAP.

The rest of this paper is structured as follows. Section 2 summarizes related work.
Section 3 describes the proposed tool in detail. Section 4 compares DBpedia Profiler
with our implementation of RECAP. Finally, Section 5 presents the conclusions.

2 Related Work

Explaining Relationships in Knowledge Bases. The work proposed in [4] used entity
classes and property labels to create descriptors and to facilitate the understanding of



the explanations discovered. However, the number of descriptors may be excessive,
which complicates the exploration of the explanations returned. Ranking of explana-
tions was proposed in [1,2,3,4,5]. These works used measures of importance to identify
interesting explanations, such as frequency, rarity and informativeness. A ranking ex-
cludes information, with the side effect that the user cannot infer the hidden meaning
of each explanation, and thus still decide which to explore. Differently from these
works, in this paper, we create a connectivity profile for a pair of entities that uses the
class hierarchy and the topic categories of the underlying knowledge base, summarizes
a large set of explanations, retaining only the most representative ones (without losing
relevant information), and classifies each explanation using topic categories.

Visualizing connectivity information between entities. Some tools are available
online to visualize connectivity information between entities, such as [1,4,16]. In this
paper, we compare DBpedia Profiler with RECAP [3], which mines RDF graphs and
visualizes information using simple paths and graph patterns. Since RECAP is not
available online, we implemented it and made it available online. DBpedia Profiler uses
meta-paths as in [4,8] and the categories of Wikipedia to visualize information.

Table 1 provides an overview of related approaches based on five attributes: (i)
Graph support; (ii) Output types; (iii) Querying capabilities (ability to explore RDF
graphs without the use of SPARQL and SPARQL-like languages); (iv) Availability of
the tools; and (v) Connectivity Profile (ability to generate a concise explanation be-
tween entities in KBs).

Table 1. Comparison of DBpedia Profiler with related tools.

RDF Querying . ... | Connectivity
Graph Output Types Capabilities Availability Profile
DBpedia Pro- ._ | Graph, Paths, Explanation
filer DBpedia Patterns, Topic Categories Yes Yes Yes
RECAP [3] Any Graph, Paths Yes No No
RelFinder [1] Any Graph No Yes No
Explass [4] | DBpedia Paths No Yes No

3 The DBpedia Profiler Tool

3.1 Definition of Connectivity Profile

We define a connectivity profile for a pair of entities u and v, with maximum distance
k,as atuple C=((CuCv), s, EXPluv], T, E), where C,and Cvare the immediate classes
of u and v, s=cs(u,v) is the connectivity score of u and v, EXP[u,v] is a set of repre-
sentative semantic explanations patterns (of length at most k), 7T is the set of top
weighted topic categories for # and vand E'is a set of entity pairs similar to v and v.

Example 1. Fig. 1 shows a connectivity profile for “Albert Einstein” and “Kurt Godel”,
indicating: (1) the immediate classes of the entities, which are both dbo:Scientist; (2)
a connectivity score of 0.98; (3) three representative semantic explanation patterns; (4)



the topic categories of the explanations: “Humanities”, “Society”, “Science” and “Ge-
ography”; (5) a set of similar entities pairs: “Niels Bohr” and “Aage Bohr”, etc. Indeed,
we observe that the pairs (“Albert Einstein”, “Kurt G6del”) and (“Niels Bohr”, “Aage
Bohr”) have in common the facts that they were awarded science prizes, died in the
same place and were influenced by the same group of people.

Entity pairs: “Albert Einstein” and “Kurt Godel”
Immediate classes: (dbo:Scientist, dbo:Scientist)
Connectivity score = 0.98

Representative semantic explanation patterns:
" (Humanities):
Adbpiinfluenced Adbpinfluenced dbp:influenced dbp:influenced

[?vsmn]—-[ dbo:Philosopher H dbo:Philosopher H dbo:Philosopher H?vend }
" (Geography):

dbp:deathPlace Adbp:deathPlace
dbo:Capital Vend
* (Society):
dbp:award dbp:mostAward dbp:award *dbp:award

[?vmﬂ]—-[ dbo:Award ]—-[_dbo:Scientist ]—-[ dbo:Award ]—-[?vﬁnd]

Topic categories: Humanities, Society, Science and, Geography
Similar entities pairs: (“Niels Bohr”, “Aage Bohr”), (“Gilbert N. Lewis”, “Owen Chamberlain”),...

Fig. 1. A schematic view of the connectivity profile of Albert Einstein and Kurt Godel.

Let Bstand for DBpedia, Gs=(Ns Eges), Cpbe the set of classes defined in DBpedia,
Hs = (C5S5) be the DBpedia class hierarchy and Wbe the set of top-level categories
of Wikipedia [12].

As explained in what follows, the proposed tool constructs connectivity profiles over
DBpedia, using the following functions and thresholds:

o the entity class score ecs: ENp X (g —F

e the weighted topic category function wcat: Cg X W— R
o the connectivity score cs: ENgX ENg— R

o the coherence measure coh : SFP—

o the similarity measure sim : SFPX SFP— R

e acoherence threshold tc

e aftopic category threshold t:

DBpedia Profiler successively computes, for a pair of entities zand v:

RDF paths from u to vof length &

e cxplanation patterns for zand vof length k&

e semantic explanation patterns for zand v of length &

e representative semantic explanation patterns for zand vof length k&



3.2 Path-stream approach

Fig. 2 depicts the overall structure of the DBpedia Profiler tool. Briefly, at the applica-
tion layer, the user provides a pair of entities and interacts with the tool to browse the
connectivity profile generated for the pair of entities.

At the data processing layer, DBpedia Profiler adapts the approach proposed in [10]
for query execution over SPARQL endpoints to generate a connectivity profile for the
given pair of entities (CPPE). First, it issues SPARQL queries to the DBpedia SPARQL
endpoint to retrieve all RDF paths between the given pair of entities with a maximum
predefined length, following the strategy defined in [1]. This process generates a stream
of RDF paths that is shared between the different operations that generate the profile.

At the data pre-processing layer, DBpedia Profiler builds an index over the DBpedia
class hierarchy to help identify the immediate classes of an entity [8,14,15] and map
each of these classes into topic categories [12].

Application Layer

Web user
interface

path-stream

» » Construction
Connectivity|| Identify Semantic Coherent Similar of CPPE
Score Explanations Explanatlons Explanations)|Explanations

Medlator

DBpedia *

Data Processing Layer

Data Pre-Processing Layer L gL

[Immediate} [ Topic }
Class Categories

Fig. 2. Overall structure of the DBpedia Profiler tool.

3.3  Exploring the Class Hierarchy of DBpedia

DBpedia Profiler implements the entity class score ecs: Nex Cs —>R as

frequency(e,C)

ecs(e,C) = distance(Root, C) * T E———

1)
where distance(C, Root) computes the distance between a class Cand the root class in
Hs, frequency(e () is the local count of a class C'in the description text of e in 5 and
frequency( C) computes the overall count of C'in Hp.

DBpedia Profiler implements a weighted class topic category function based on the
top-level categories of Wikipedia as follows. We first recall that, in Wikipedia, articles
are manually annotated with categories. Since each class C of DBpedia has a corre-
sponding article Ac in Wikipedia [11], we use the categories of Ac to relate C to the
main top categories of Wikipedia, as in Kawase et al. [12].



In detail, the weighted class topic category function wcat: Cg X W— B is defined
as

weat(C,t) = Yyew ) weight(w, t) 2)

where Cis a class in the class hierarchy of DBpedia, ¢is a Wikipedia top category,
MW(C) are the categories of the Wikipedia article associated with € and weight
measures the relation between a Wikipedia category w and a top category ¢ and is
defined as [12]

1 1
*
popularity(t) distance(w,t)

weight(w,t) = (3)
where popularity(f) indicates the popularity of a given main top topic category ¢and,
distance(w;{) is the distance of a category wto the main top category &

3.4  Exploring the RDF graph of DBpedia

DBpedia Profiler adopts the semantic connectivity score (SCS) [6,17] as the connectiv-
ity score (cs). SCS is a variation of the Katz index [13], introduced to estimate the
relatedness of actors in a social network, and is defined as

SCS(u,v) = YK, Bl |L<P] “4)

where | L<”| is the number of RDF paths from uto vof length / and £ is the maximum
distance considered between zand v. The damping factor £ is responsible for exponen-
tially penalizing longer paths; the smaller this factor, the smaller the contribution of
longer paths to the final score. The final score is normalized to fall in the interval [0,1].

To compute the set A u,v] of all paths of Bthat start on zand end on vwith maximum
length k&, DBpedia Profiler adopts a strategy similar to that of RelFinder [1]. Briefly,
the tool issues SPARQL queries to the RDF graph of DBpedia to retrieve all paths that
start on v and end on v and capture the length of each RDF path. Just as in [6,17],
DBpedia Profiler allows the user to filter out entities that belong to certain classes from
the RDF paths. The execution of these queries creates a path-stream processing.

After, DBpedia Profiler computes the partition { 7y,...,Pa} of Pfu,v]/and the set { SEP:
,--., SEPa} of semantic explanation patterns for z and vof length kexactly as described
earlier, using the entity class score introduced in Section 3.3.

To compute the set of representative semantic explanation patterns, DBpedia Pro-
filer implements the coherence measure and the similarity metric for semantic explana-
tion patterns as follows.

Recall that a semantic explanation pattern SEPfor a given pair of entities is coherent
iff it satisfies the following two conditions: (i) the properties in SEP frequently co-occur
in the knowledge graph; (ii) the entity classes in SEP have similar topic categories. To
satisfy the first condition, DBpedia Profiler uses the Pointwise Mutual Information
(PMI) of each property pair [18]. PMI measures the co-occurrence strength between
two items; it works by relating the probabilities of the individual occurrence of the items
to the probability of both items occurring together. Based on the co-occurrence of the
properties, we estimate the PMI score of each property pair in a semantic explanation
pattern.



Let SEP be a semantic explanation pattern and rand sbe two properties that occur
in SEP. The PMI of rand sis defined as:

f@,
PMI(r,s) = log (ﬁ) (5)

where f(r,s) measures the co-occurrence frequency of rand sand f(r) and f(s), the
individual frequency of rand s, as shown in Table 2.

Table 2. SPARQL Queries to compute the PMI.

f(,s) | SELECT COUNT (DISTINCT ?¢) as ?count WHERE { ?s1r?e.?es 702}
f(r) | SELECT COUNT (DISTINCT ?e¢) as ?count WHERE{ ?s1r ?e }
f(s) | SELECT COUNT (DISTINCT ?¢) as ?count WHERE{ ?e s 202}

DBpedia Profiler covers the second condition with a strategy based on the intersec-
tion of the topic categories of the classes in the semantic explanation pattern SEP. Recall
that the class topic category set function scat : €z —2” maps each class into a set of
topic categories. The fopic coherence of a semantic explanation pattern SEPis defined
as

INcecisep) scat(©l
| Uceci(sep) scat(C)]

th(SEP) = (6)
where c/(SEP), we recall, is the set of classes that occur in a semantic explanation pat-
tern SEP. Then, the higher th(SEP) is, the more coherent SEP will be.

Finally, DBpedia Profiler computes the coherent measure of SEP as

coh(SEP) = (median{PMI(ri,rj)/ r;and ryare properties in SEP and i < ]}) +
th(SEP) (7

where the first factor is the PMI median score of the property pairs in SEP and the
second factor is the coherence of the classes.

DBpedia Profiler adopts the Jaccard distance as the similarity measure for pairs of
semantic explanation patterns. Given two semantic explanation patterns SEP; and
SEP>, the Jaccard distance between SEP; and SEP-is defined as

|URIS(SEP ))NURIS(SEP 2)|

Jaccard(SEP,, SEP;) = |URIS(SEP )UURIS(SEP 5)|

®)

where URIs(SEP;) denotes the set of RDF terms in a semantic explanation pattern SEP;.

DBpedia Profiler computes the Jaccard distance in the path stream processing for
each pair of semantic explanation patterns, after filtering. Then, it executes the One-
Pass Microclustering algorithm, proposed in [ 7], to group the semantic explanation pat-
terns. With the Jaccard distance, we expect to extract clusters such that the distance
between inner-cluster explanations are bounded. The algorithm terminates when the
minimal distance between clusters becomes larger than a user-specified threshold. The
medoid of each cluster is selected as the representative semantic explanation pattern.
This algorithm processes the set of semantic explanation patterns in one pass and, thus,
is more efficient that those proposed in [7]. Using the set of representative semantic



explanation patterns, DBpedia Profiler finally constructs the set of weighted topic cat-
egories and the set of similar entity pairs.

3.5 Construction of the Connectivity Profile

Finally, DBpedia Profiler constructs the connectivity profile for a pair of entities zand
vin DBpedia, with maximum distance £, as the tuple € = ((C, Cv), s, EXP{u,v], T, E),
where

e (yand Cvare the immediate classes of zand v

o s=5CS(u,v)

e EXPu,v] is the set of representative semantic explanations patterns, of length
at most k

o Tis the set of top weighted topic categories for P

e Fis the set of similar entity pairs, using the set of representative semantic ex-
planation patterns in P

4 Implementation and Evaluation

We compare and evaluate the process of explanation generation of DBpedia Profiler
(available at http://lod2.inf.puc-rio.br/scs/dbprofiles) with that of RECAP (available at
http://lod2.inf.puc-rio.br/scs/recaps). We do not provide a detailed comparison of
DBpedia Profiler with Explass [4] and RelFinder [1] because RECAP has already been
shown to outperform these tools in [3,4].

The experiments were performed on an Intel Core i7 CPU 950 with 12 GB. The data
processing layer of DBpedia Profiler was implemented in LUA and the application
layer in PHP. The SPARQL query requests use LuaSocket and the parallel processing
is supported by GNU parallel. The RDF data is encoded and stored in memory with
Redis, for the effective processing of the path-stream. Since RECAP was originally not
an online tool, we also implemented the explanation generation of RECAP, which is
now available for the community scientific. DBpedia Profiler and RECAP were imple-
mented to explore only DBpedia.

4.1 Performance Evaluating

We first compared the performance of DBpedia Profiler and RECAP for increasing
values of kup to k=5 for the entire process of explanation generation, using the dataset
with 26 pairs originally used to evaluate RECAP [3]. As in [3], for each &, we generated
all paths of length less than or equal to 4 The evaluation considered the number of
results returned for the SPARQL queries to retrieve the paths between two entities as a
parameter, called LIMIT in the SPARQL query language [9]. We do not have information
about this parameter in the evaluation of [3]. Since some queries require long pro-
cessing times, LIMIT prevents of a possible timeout and improves the processing time.
Considering a desired response time, this parameter was set to LIMIT=300 in DBpedia
Profiler and to LIMIT=50 in RECAP. This configuration, apparently unjust to DBpedia



Profiler, compensates for the extra time RECAP takes to de-duplicate and rank the pat-
terns [2]. DBpedia Profiler was set to disregard the 10% less coherent explanations,
which is a different form of setting the coherence threshold; the Jaccard distance be-
tween the explanations was set to 0.92. The Jaccard distance is configured according to
the experiments executed in [7]. RECAP computes the amount of information of a path
and considers only the top-5 most informative paths.

Figs. 3 (a) and (b) show the average runtime of 5 runs for each of the 26 pairs. The
average runtime for DBpedia Profiler was ~3.9 sec and that for RECAP, ~7.8 sec. Even
with LIMIT=300, DBpedia Profiler achieved a shorter runtime than RECAP, with
LIMIT=50. We recall that RECAP executes several online SPARQL query requests to
compute the most informative path/pattern, whereas DBpedia Profiler has a pre-pro-
cessing stage to build an index over the DBpedia class hierarchy to help compute the
immediate classes, topic categories and the co-occurrence of pairs of properties.
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Fig. 3. (a) DBpedia Profiler process; (b) RECAP process. Y-axis: time(s); X-axis: the entity.
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Fig. 4 shows the runtime of the first run to generate the explanation patterns for
DBpedia Profiler and RECAP, with &=5 and the configuration mentioned above. These
measurements reflect the behavior of the tools with respect to a query user in real-time.
The average runtime of DBpedia Profiler was ~20 secs and of RECAP, ~34 sec. For a
second run, DBpedia responds with cached data, which explains the results in Fig. 3.
This experiment therefore reveals the efficiency of the stream processing of DBpedia
Profiler, when compared with the parallel processing of RECAP.

Fig. 5 plots the time to compute explanations patterns for DBpedia Profiler and
RECAP, just for one run, with k=4 and LIMIT=300, for DBpedia Profiler, and LIMIT=50,
for RECAP. These measurements were collected after the experiment of Fig. 3; thus,
both tools took advantage of the cached data. RECAP computed explanations in ~5.3
sec, on the average. We recall that RECAP spends time computing the most informative
paths and then combines the paths using an approach similar to that adopted in [2]. The
combination of paths to compute explanations requires checking for duplicates [2],
which has a high computational cost. Finally, RECAP computes the most informative
patterns and presents them to the user. DBpedia Profiler computed explanations in
~0.15 sec, on the average. We recall that DBpedia Profiler uses the One-Pass Micro-
clustering algorithm to group the explanations. The complexity of this algorithm is lin-
ear, with respect to the number of explanations. The Jaccard distance (set to 0.92) was
computed in the stream processing, together with the coherence score, using data com-
puted at the pre-processing stage.

4.2  User Evaluation of the Explanations

This experiment aims at investigating whether DBpedia Profiler provides useful expla-
nations to the user and comparing DBpedia Profiler with RECAP.

The experiment involved 20 graduate students, with some experience in Semantic
Web technology. Each participant was assigned 6 random pairs among the 26 entity
pairs. Prior to the experiment, the participants had a training stage to familiarize them-
selves with the tools. Following the methodology in [4], the participants were given a
task and a set of seven questions; the response to each question was in the form of an
agreement value, ranging from 1 (min) to 5 (max). Q6 and Q7 were not considered in
[4]. Q6 aimed at knowing whether the tools provided useful information to resolve the
different tasks, since typically redundant information does not help the user. Q7 allowed
the user to make a qualitative evaluation on the tool.

The results are reported in Table 3 and capture the experience of the users with the
tools. We used Student's t-distribution to verify whether the mean ratings were statisti-
cally significant, with p < 0.05. The reliability analysis of questionnaire had a consist-
ence of 0.88. According to Q2 and QS5, DBpedia Profiler provides better support to
explain the tasks than RECAP. In Q6, even when RECAP combines the top-10 paths
some explanations are redundant. In Q7, the users expressed their satisfaction with the
topic categories, immediate classes and the connectivity score returned by DBpedia
Profiler. The SPARQL query patterns generated by RECAP were more complex and,
in some cases, the entity pairs recovered were more specific that the pairs recovered by
DBpedia Profiler. In general, according to average of the result of the Table 3, DBpedia



Profiler provides better information quality about the connectivity of the entities than
RECAP.

Table 3. Questions/responses: mean (standard deviation).

Question DBpedia Profiler RECAP
Q1: Information overview 4.03 (0.20) 2.96 (0.48)
Q2: Easiness in finding information 4.09 (0.19) 3.28 (0.47)
Q3: Easiness in comparing/synthesizing info 4.02 (0.22) 3.09 (0.61)
Q4: Comprehensive support 4.07 (0.21) 3.00 (0.43)
QS5: Sufficient support to the task 3.96 (0.26) 3.08 (0.44)
Q6: Redundancy in information 3.54 (0.36) 2.64 (0.58)
Q7: General Comments about the task and tool

5 Conclusions

We first introduced the DBpedia Profiler tool, which implements a strategy to generate
connectivity profiles for pairs of entities for DBpedia and follows an architecture based
on RDF path stream processing. We also compared DBpedia Profiler with our imple-
mentation of RECAP and indicated the differences between the tools in terms of per-
formance and quality of the explanations returned.

The major features of DBpedia Profiler can be summarized as follow. By exploring
the metadata aspects of DBpedia and the top main categories of Wikipedia, DBpedia
Profiler: implements an algorithm to find the immediate class of entities; and enriches
the uncovered explanations. By exploring the DBpedia graph, DBpedia Profiler: com-
putes a connective score to indicate the degree of relatedness of the entities; implements
a new metric that measures the coherence of an explanation, through the co-occurrence
of the properties and the intersection of topic categories; groups explanations using the
Jaccard Distance and the One-Pass Microclustering algorithm [7] to summarize sets of
explanations.

Although the categories of Wikipedia add semantics to the explanation, some cate-
gories have a very broad context, which complicates the classification of explanations.
For example, People, Society and Humanities share many contexts with Person. A ma-
jor goal for future research is to develop an optimized classifier to improve the semantic
of the explanations.
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