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A B S T R A C T

The Web of Data has grown enormously over the last years. Currently,
it comprises a large compendium of linked and distributed datasets
from multiple domains. Due to the decentralised architecture of the
Web of Data, several of these datasets contain complementary data.
Running complex queries on this compendium thus often requires ac-
cessing data from different data sources within one query. The abun-
dance of datasets and the need for running complex query has thus
motivated a considerable body of work on SPARQL query federation
systems, the dedicated means to access data distributed over the Web
of Data.

This thesis addresses two key areas of federated SPARQL query
processing: (1) efficient source selection, and (2) comprehensive SPARQL
benchmarks to test and ranked federated SPARQL engines as well as
triple stores.
Efficient Source Selection: Efficient source selection is one of the
most important optimization steps in federated SPARQL query pro-
cessing. An overestimation of query relevant data sources increases
the network traffic, result in irrelevant intermediate results, and can
significantly affect the overall query processing time. Previous works
have focused on generating optimized query execution plans for fast
result retrieval. However, devising source selection approaches be-
yond triple pattern-wise source selection has not received much at-
tention. Similarly, only little attention has been paid to the effect of
duplicated data on federated querying. This thesis presents HiBIS-
CuS and TBSS, novel hypergraph-based source selection approaches,
and DAW, a duplicate-aware source selection approach to federated
querying over the Web of Data. Each of these approaches can be
combined directly with existing SPARQL query federation engines
to achieve the same recall while querying fewer data sources. We
combined the three (HiBISCuS, DAW, and TBSS) source selections
approaches with query rewriting to form a complete SPARQL query
federation engine named Quetsal. Furthermore, we present TopFed,
a Cancer Genome Atlas (TCGA) tailored federated query processing
engine that exploits the data distribution to perform intelligent source
selection while querying over large TCGA SPARQL endpoints. Fi-
nally, we address the issue of rights managements and privacy while
accessing sensitive resources. To this end, we present SAFE: a global
source selection approach that enables decentralised, policy-aware ac-
cess to sensitive clinical information represented as distributed RDF
Data Cubes.
Comprehensive SPARQL Benchmarks: Benchmarking is indispens-
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able when aiming to assess technologies with respect to their suitabil-
ity for given tasks. While several benchmarks and benchmark genera-
tion frameworks have been developed to evaluate federated SPARQL
engines and triple stores, they mostly provide a one-fits-all solution to
the benchmarking problem. This approach to benchmarking is how-
ever unsuitable to evaluate the performance of a triple store for a
given application with particular requirements. The fitness of current
SPARQL query federation approaches for real applications is difficult
to evaluate with current benchmarks as current benchmarks are ei-
ther synthetic or too small in size and complexity. Furthermore, state-
of-the-art federated SPARQL benchmarks mostly focused on a sin-
gle performance criterion, i.e., the overall query runtime. Thus, they
cannot provide a fine-grained evaluation of the systems. We address
these drawbacks by presenting FEASIBLE, an automatic approach for
the generation of benchmarks out of the query history of applications,
i.e., query logs and LargeRDFBench, a billion-triple benchmark for
SPARQL query federation which encompasses real data as well as
real queries pertaining to real bio-medical use cases.

Our evaluation results show that HiBISCuS, TBSS, TopFed, DAW,
and SAFE all can significantly reduce the total number of sources se-
lected and thus improve the overall query performance. In particular,
TBSS is the first source selection approach to remain under 5% over-
all relevant sources overestimation. Quetsal has reduced the number
of sources selected (without losing recall), the source selection time
as well as the overall query runtime as compared to state-of-the-art
federation engines. The LargeRDFBench evaluation results suggests
that the performance of current SPARQL query federation systems
on simple queries does not reflect the systems’ performance on more
complex queries. Moreover, current federation systems seem unable
to deal with many of the challenges that await them in the age of Big
Data. Finally, the FEASIBLE’s evaluation results shows that it gener-
ates better sample queries than the state-of-the-art. In addition, the
better query selection and the larger set of query types used lead to
triple store rankings which partly differ from the rankings generated
by previous works.
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1
I N T R O D U C T I O N

The Web of Data is now a large compendium of interlinked data
sets from multiple domains with large datasets [ 89] being added fre-
quently [ 67]. Given the complexity of information needs on the Web,
certain queries can only be answered by retrieving results contained
across different data sources (short: sources). Thus, the optimization
of engines that support this type of queries, called federated query en-
gines, is of central importance to ensure the usability of the Web of
Data in real-world applications.

Current federation engines however suffer of two main drawbacks:
First, the selection of sources remains sub-optimal. In addition, the
evaluation of the performance of federated engines remains a dif�cult
process as the benchmarks available for this purpose are not compre-
hensive. After a brief explanation of the general steps involved in
federated query processing, we present and discuss the need for ef�-
cient source selection and more comprehensive SPARQL benchmarks
in more detail. This thesis' contributions are presented subsequently.
Finally, a short introduction of each of the chapters is provided.

1.1 federated sparql query processing

Figure 1: General Steps Involved in Federated SPARQL Query Processing.

Figure 1 shows the general steps involved in a federated SPARQL
query processing. Given a SPARQL query, the �rst step is to parse

1
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2 introduction

the query and get the individual triple patterns. The next step is the
source selection; the goal of the source selection is to identify the
set of relevant (also called capable) sources for the query. Using the
source selection information, the federator divides the original query
into multiple sub-queries. An optimized sub-query execution plan is
generated by the optimizer and the sub-queries are forwarded to the
corresponding data sources. The results of the sub-queries are then
integrated by the integrator. The integrated results is �nally returned
to the agent that issued the query.

1.2 the need for efficient source selection

One of the important optimization steps in federated SPARQL query
processing is the ef�cient selection of relevant sources for a query. To
ensure that a recall of 100% is achieved, most SPARQL query feder-
ation approaches [27; 57; 70; 94; 100; 77] perform a triple pattern-wise
source selection(TPWSS). The goal of TPWSS is to identify the set of rel-
evant sources against individual triple patterns of a query [ 77]. How-
ever, it is possible that a relevant source does not contributeto the �-
nal result set of the complete query. This is because the results from a
particular data source can be excluded after performing joinswith the
results of other triple patterns contained in the same query. An over-
estimation of such sources increases the network traf�c by retrieving
irrelevant intermediate results and can signi�cantly affect the overall
query processing time due to sub-optimal query execution plan se-
lection. In the next paragraph, we present an example of such query
from FedBench [91], a well-known benchmark for SPARQL query fed-
eration.

Consider the FedBench query named LS2 shown in Listing 1. Imag-
ine for the sake of simplicity that we only had the four FedBench
sources presented in Figure 2. Note the data in each dataset is real,
the query is taken directly from FedBench and we are thus talking
about a real scenario. A TPWSS (e.g., [27; 70; 94; 100]) that retrieves
all relevant sources for each individual triple pattern would lead to
all sources in the benchmark being queried. This is because the third
triple pattern ( ?caff ?predicate ?object ) can be answered by all of
the datasets. Yet, the complete result set of the query given in Listing
1 can be computed by only querying DrugBank and DBpedia due to
the object-subject join on ?caff used in the query. This is because the
results from the other two data source (i.e., ChEBI and Semantic Web
Dog Food SWDF) will be excluded after performing joins between the
results of the last two triple patterns of the query.

In the following chapters, we will carry on with this example and
show how the approaches we developed, i.e., HiBISCuS partially (by
selecting 3 instead of 4 sources) while TBSS completely (by select-
ing the optimal number of sources, i.e., 2) solved this problem for
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1 PREFIX drugbank-drug: <http://www4.wiwiss.fu-berlin.de/drugbank/resource/drugs/>
2 PREFIX owl: <http://www.w3.org/2002/07/owl#>
3 SELECT ?predicate ?object
4 WHERE
5 {
6 { drugbank-drug:DB00201 ?predicate ?object . } //DrugBank
7 UNION
8 {
9 drugbank-drug:DB00201 owl:sameAs ?caff . //DrugBank

10 ?caff ?predicate ?object . //DrugBank, DBpedia, ChEBI, SWDF
11 }
12 }

Listing 1: Ef�cient Source Selection Example. FedBench query LS2: Find
all properties of Caffeine in Drugbank. Find all entities from all
available databases describing Caffeine, return the union of all
properties of any of these entities.

the given query. If we had data duplicates (which is not the case
in FedBench) then we could combine DAW with TBSS to further
prune those sources which contains duplicate data for the given input
query [ 77].

1.3 the need for more comprehensive sparql benchmarks

Comprehensive SPARQL benchmarks are mandatory to position new
SPARQL query processing systems against existing and help appli-
cation developers when choosing appropriate systems for a given
application. Moreover, benchmark results provide useful insights for
system developers and empower them to improve current as well
as to develop better systems. However, current SPARQL benchmarks
(e.g., [3; 17; 32; 63; 91; 93; 102]) either rely on synthetic data, rely on
synthetic queries or are simple in complexity and mostly focus on a
limited number of performance criteria.

While synthetic benchmarks allow generating datasets of virtually
any size, they often fail to re�ect reality [ 25]. In particular, previous
works [ 25] point out that arti�cial benchmarks are typically highly
structured while real Linked Data sources are less structured. More-
over, synthetic queries most commonly fail to re�ect the characteris-
tics of the real queries (i.e., they should show typical requests on the
underlying datasets) [ 8; 68]. Thus, synthetic benchmark results are
rarely suf�cient to extrapolate the performance of federation engines
when faced with real data and real queries. A trend towards bench-
marks with real data and real queries (e.g., FedBench [91], DBPSB [63],
BioBenchmark [102]) has thus been pursued over the last years but
has so far not been able to produce federated SPARQL query bench-
marks that re�ect the data volumes and query complexity that feder-
ated query engines already have to deal with on the Web of Data.

The current benchmarks for SPARQL query execution mostly fo-
cused on a single performance criterion, i.e., the query execution
time. Thus, they fail to provide results that allow a more �ne-grained

[ 21. Mai 2016at 23:41 – classicthesis version 4.1 ]



4 introduction

@PREFIX drugbank-drug:

<http://www4.wiwiss.fu-berlin.de/drugbank/resource/drugs/>.

@PREFIX drugbank-ref:

<http://www4.wiwiss.fu-berlin.de/drugbank/resource/references/>.

@PREFIX dbpedia-resource: <http://dbpedia.org/resource/>.

@PREFIX bio2rdf-pubmed: <http://bio2rdf.org/pubmed>.

drugbank-drug:DB00201 owl:sameAs dbpedia-resource:Caffeine.

drugbank-ref:1002129 owl:sameAs bio2rdf-pubmed:1002129.

(a) DrugBank

@PREFIX dbpedia-resource: <http://dbpedia.org/resource/>.

dbpedia-resource:Caffeine foaf:name "Caffeine" .

dbpedia-resource:AC _Omonia foaf:name "AC _Omonia" .

(b) DBpedia

@PREFIX bio2rdf-chebi: <http://bio2rdf.org/chebi:>.

bio2rdf-chebi:21073 chebi:Status bio2rdf-chebi:status-C .

bio2rdf-chebi:21073 rdf:type bio2rdf-chebi:Compound .

(c) ChEBI

@PREFIX swdf-person: <http://data.semanticweb.org/person/>.

@PREFIX foaf: <http://xmlns.com/foaf/0.1/>.

swdf-person:steve-tjoa foaf:name "Steve Tjoa"

(d) Semantic Web Dog Food

Figure 2: Motivating Example. FedBench selected datasets slices. Only rele-
vant pre�xes are shown.
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Figure 3: Contributions of this thesis.

evaluation of SPARQL query processing systems to detect the com-
ponents of systems that need to be improved [ 62; 87]. For example,
performance metrics such as the completeness and correctness of result
setsand the effectiveness of source selectionboth in terms of total num-
ber of data sources selected, and the corresponding source selection time
(which both have a direct impact on the overall query performance)
are not addressed in the existing federated SPARQL query bench-
marks [62; 87].

1.3.1 Contributions

Figure 3 highlights the contributions of this thesis, which addresses
problems pertaining to the need for ef�cient source selection and
more comprehensive SPARQL benchmarks as follows:

1. We present HiBISCuS [87], a novel hypergraph based source
selection approach which relies on the authority 1 fragment of
URIs. HiBISCuS overall relevant sources overestimation is 11.8%
(4 times less than FedX [94] and SPLENDID [ 27]) on FedBench.

2. We present TBSS [88], a novel source selection algorithm based
on labelled hypergraphs. TBSS make use of a novel type of
data summaries for SPARQL endpoints which relies on most
common pre�xes for URIs. TBSS is the �rst source selection ap-
proach to remain under 5% overall relevant sources overestima-
tion.

3. We present DAW [ 77], a duplicate-aware approach for federated
query processing over the Web of Data. DAW uses a combi-
nation of min-wise independent permutations (MIPs) [ 20] and

1 URIs Authorities: https://www.ietf.org/rfc/rfc3986.txt

[ 21. Mai 2016at 23:41 – classicthesis version 4.1 ]



6 introduction

triple selectivity information to estimate the overlap between
the results of different sources. DAW has successfully improved
the query execution time of the existing federation engines up
to 16%.

4. We propose Quetsal [88], that combines three (HiBISCuS, DAW,
and TBSS) source selections approaches with query rewriting to
form a complete SPARQL query federation engine. We compare
Quetsal with state-of-the-art federate query engines (FedX [94],
SPLENDID [27], ANAPSID [ 1], and SPLENDID+HiBISCus [ 87]).
Our results show that we have reduced the number of sources
selected (without losing recall), the source selection time as well
as the overall query runtime by executing many remote joins
(i.e., joins shipped to SPARQL endpoints).

5. We present TopFed [90], a specialized TCGA federated query
processing engine that exploits the data distribution to perform
intelligent source selection while querying over large TCGA
SPARQL endpoints. TopFed overall query execution time is half
to that of FedX on TCGA queries and endpoints.

6. We present SAFE [52], a novel source selection approach that
provides policy-based access to sensitive statistical data repre-
sented as distributed RDF Data Cubes. The results shows that
SAFE has signi�cantly outperformed FedX in all queries in the
context of the presented use-cases.

7. We present LargeRDFBench [79], an open-source benchmark for
SPARQL endpoint query federation. To the best of our knowl-
edge, this is the �rst federated SPARQL query benchmark with
real data (from multiple interlinked datasets pertaining to dif-
ferent domains) to encompass more than 1 billion triples. The
�ne-grained evaluation conducted in LargeRDFBench allows us
to pinpoint the restrictions of current SPARQL endpoint federa-
tion systems when faced with large datasets, large intermediate
results and large result sets. We show that the current ranking
of these systems based on simple queries differs signi�cantly
from their ranking when on more complex queries.

8. Finally, we present FEASIBLE [78], the �rst structure- and data-
driven feature-based benchmark generation approach from real
queries. We show that the performance of triple stores varies
greatly across the four basic forms of SPARQL query. Moreover,
the features used by FEASIBLE allow for a more �ne-grained
analysis of the results of benchmarks.
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1.4 chapter overview

Chapter 2 introduces the basic concepts and notation that are neces-
sary to understand the rest of this thesis. The notation presented in
this chapter is used throughout the thesis.

Chapter 3 is based on [84], [78] and discusses the state-of-the-art
research work related to this thesis. In particular, Chapter 3 provides
a �ne-grained evaluation of SPARQL endpoint federation systems.
The pros and cons of state-of-the-art SPARQL federation systems are
discussed in detail.

Chapter 4 is based on [87] and introduces HiBISCuS, a labelled-
hypergraph-based source selection approach which relies on a novel
type of data summaries for SPARQL endpoints using the URIs au-
thorities. In the beginning of the chapter, we present the formal frame-
work for modelling SPARQL queries as directed labelled hypergraphs.
Afterwards, it explains the data summaries used by the approach
followed by the source selection and pruning algorithms. Lastly, the
evaluation setup and results are discussed in details.

Chapter 5 is based on [88] and provides the details of TBSS (a trie-
based join-aware source selection approach) and QUETSAL (a com-
plete SPARQL query federation engine based on TBSS, HiBiSCuS and
DAW). Some of HiBISCuS' limitations are addressed in TBSS by us-
ing common name spaces instead of URIs authorities. The TBSS index
is discussed next, followed by the source pruning algorithm. Finally,
QUETSAL's SPARQL 1.1 query rewriting is explained and the evalu-
ation results are discussed.

Chapter 6 is based on [77] and explains the details of DAW, a
duplicate-aware source selection approach for SPARQL query feder-
ation over multiple endpoints. Min-wise independent permutations
and the DAW index are explained �rst, followed by DAW's triple
pattern-wise source skipping algorithm. Eventually, the results are
discussed in details.

Chapter 7 is based on [52] and introduces SAFE, the �rst (to the best
of our knowledge) access policy-based source selection approach for
SPARQL endpoint federation. The approach is motivated by provid-
ing concrete use cases. The SAFE index and source selection approach
is discussed in details. Finally, the evaluation setup and the results are
compared with FedX.

Chapter 8 is based on [90] and explains TopFed, a personalized
TCGA federation engine which keeps the data locality information
in its index. The work is motivated by providing important biolog-
ical queries, followed by the details of TCGA data conversion and
distribution. TopFed's index and the source selection algorithm are
explained next and eventually the results are discussed.

Chapter 9 is based on [79] and provides the details of LargeRDF-
Bench, a benchmark for SPARQL endpoint federation. A detail com-
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parison of the state-of-the-art federated SPARQL benchmarks is pro-
vided. The benchmark datasets and queries are discussed next, fol-
lowed by the evaluation results.

Chapter 10 is based on [78] and introduces FEASIBLE, a feature-
based SPARQL benchmark generation framework. The chapter starts
by providing a detailed compassion of the state-of-the-art benchmarks,
designed for triple stores evaluations. Next, the benchmark genera-
tion framework is explained. Finally, a detailed comparison of the
triple stores evaluation is presented and results are discussed.

Finally, Chapter 11 concludes this work and proposes some future
work in related areas of research.
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2
B A S I C C O N C E P T S A N D N O TAT I O N

This chapter comprises two main parts: ( 1) we give a brief introduc-
tion to the Semantic Web, its core building blocks such as as URIs,
RDF(S) and OWL. Furthermore, we will present SPARQL, a formal
language to query RDF datasets and the RDF triple stores, (2) we
provide formal de�nitions and notation to the key concepts used
throughout this thesis.

2.1 semantic web

The current Web contains a vast amount of information, which in gen-
eral, could only be understood by humans. Semantic Web is an exten-
sion of the current Web that provides an easier way to �nd, share,
reuse and combine information. It empowers machines to not only
present but also to process these information.

Tim Berners-Lee outlined this concept in [ 14] as follows:

“The Semantic Web is not a separate Web but an extension
of the current one, in which information is given well-
de�ned meaning, better enabling computers and people
to work in cooperation.”

According to the World Wide Web Consortium (W 3C):

“The Semantic Web provides a common framework that
allows data to be shared and reused across application, en-
terprise, and community boundaries. It is a collaborative
effort led by W 3C with participation from a large number
of researchers and industrial partners.”

In the following, we explain the building blocks of the Semantic
Web.

2.1.1 URIs, RDF

uniform resource identif ier Uniform Resource Identi�ers
(URIs) build the foundation of the Semantic Web technology. Using
URIs we can unambiguously de�ne and reference abstract as well as
concrete concepts on a global level. RFC3986 1 de�nes the generic
syntax for URIs. This generic URI syntax consists of a hierarchical
sequence of components referred to as the scheme, authority, path,
query, and fragment and can be seen in Figure 4.

1 http://tools.ietf.org/html/rfc3986

9
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10 basic concepts and notation

Figure 4: An example URI and its component parts from RFC 3986

The schemeand hierarchy-partparts are mandatory, whereas the
query and fragmentparts are optional. In the context of the Seman-
tic Web, URIs are used to de�ne concepts like places, organizations
or personsbut also to de�ne relationships between those concepts,
e.g. person-was-born-in-city, globally and unambiguously. Our contri-
butions, i.e., HiBISCuS [87] (ref. Chapter 4), TBSS [88] (ref. Chapter 5),
LargeRDFBench [79] (ref. Chapter 9), and FEASIBLE [78] (ref. Chap-
ter 10) make use of the URIs authorities both for ef�cient source se-
lection as well as for SPARQL benchmark creation.

resource description framework The Resource Description
Framework (RDF) is a language to express information or assertions
about resources. It is basically a collection of standards [53; 40; 58; 19;
12; 31] released as W3C recommendations. The assertions, which are
typically called triple in the RDF data model, consist of the following
three components:

subject : The resource over which an assertion is made. Only URIs
and blank nodes2 are allowed to be used as subject of a triple.

predicate : An attribute of a resource or a binary relation which
links this resource to another one. Only URIs are valid to be
used as predicate of a triple.

object : Typically, the attribute value or another resource. Valid ob-
jects are URIs and blank nodes, but also strings. These strings,
also called literals, can be typed or untyped.

Table 1 shows more RDF statements about the resource Muham-
mad Saleem. The table shows that the resource Muhammad Saleem
is the subject of other statements, which give more details about that
resource. Also, note that the object of the second and �fth statement
(a number and a date) has a trailing datatype. Since URIs can be large,
there is a short format for writing them, i.e., by using a pre�x. For in-
stance, if we use http://aksw.org/ as a pre�x and give it a label e.g.
aksw , then resourcehttp://aksw.org/MuhammadSaleem can be written
as aksw:MuhammadSaleem . Similarly, if http://xmlns.com/foaf/0.1/

2 A blank node, also call anonymous node, is only unambiguous in a local context. It is
typically used to group assertions.
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Subject Predicate Object

aksw:MuhammadSaleem rdf:type foaf:Person

aksw:MuhammadSaleem foaf:age "31"^^xsd:int

aksw:MuhammadSaleem foaf:skypeID "saleem.muhammd"

aksw:MuhammadSaleem foaf:birthday "1984-03-03"^^xsd:date

aksw:MuhammadSaleem foaf:name "Muhammad Saleem"@en

Table 1: Sample RDF statements.

is used as a pre�x with label foaf , then the property http://xmlns.

com/foaf/0.1/name can be written as foaf:name in short form. This
format is very useful in writing human-readable RDF statements.

2.1.2 SPARQL Query Language

“The SPARQL Protocol and RDF Query Language (SPARQL) is a
query language and protocol for RDF.” [ 24]. SPARQL is a W3C stan-
dard and it is used to query RDF data. A SPARQL query is a combina-
tion of triple patterns, their conjunctions (logical “and”), disjunctions
(logical “or”) and/or a set of optional patterns [ 101]. A triple pattern
is a triple containing subject, predicate, and object parts. The subject
can only be a URI, variable, or blank node. The predicate part can
only be an IRI3 (we call it URI for simplicity), or variable, and object
can be URI, Blank node, variable, or literal. Note in RDF, a blank node
(also called bnode) is a node in an RDF graph representing a resource
for which a URI or literal is not given. The resource represented by a
blank node is also called an anonymous resource. Examples of the
optional patterns are: FILTER , REGEXand LANG. The of�cial syntax
of SPARQL 1.04 considers operators OPTIONAL, UNION, FILTER , GRAPH,
SELECTand concatenation via a point symbol ( . ), to construct graph
pattern expressions (also called Basic Graph PatternsBGPs). Operators
SERVICE and BINDINGS are introduced in the SPARQL 1.15 federation
extension, the former for allowing users to direct a portion of a query
to a particular SPARQL endpoint, and the latter for transferring re-
sults that are used to constrain a query. The syntax of the language
also considers { } to group patterns, and some implicit rules of prece-
dence and association [7]. The results of SPARQL queries can be re-
sult sets or RDF graphs. SPARQL has four query forms, speci�cally
SELECT, CONSTRUCT, ASKand DESCRIBE[69].

As an example, assume that we want to ask the query “What is
the date of birth and Skype id of Muhammad Saleem” to our small
knowledge base given in Table 1. Figure 2 shows a SPARQL query to

3 http://www.w3.org/TR/rdf-sparql-query/#sparqlSyntax

4 http://www.w3.org/TR/rdf-sparql-query/

5 http://www.w3.org/TR/sparql11-overview/
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1 PREFIX aksw: <http://aksw.org/>
2 PREFIX foaf: <http://xmlns.com/foaf/0.1/>
3 SELECT ?birthday ?skypeID
4 WHERE
5 {
6 aksw:MuhammadSaleem foaf:birthday ?birthday . //T.P.1
7 aksw:MuhammadSaleem foaf:skypeID ?skypeID . //T.P.2
8 }

Listing 2: SPARQL query to get the the date of birth and Skype id of
Muhammad Saleem.

get the required information. This query contains two triple patterns
(i.e., T.P.1, T.P.2).

Lines 1 and 2 de�ne pre�xes in order to write URIs in their short
forms. Line 3 declares the variables that should be rendered to the out-
put of that query, which are two variables ?birthday and ?skypeID .
SPARQL variables start either with a question mark “ ?”, or with
a dollar sign “ $”. Line 6 states that for the statement with subject
aksw:MuhammadSaleem and property foaf:birthday , we want the value
of its object to be assigned to a variable called?birthday . Upon execu-
tion, this variable will take the value of "1984-03-03"^^xsd:date . The
same process is repeated for Line6 and the results of the projection
variables are returned.

2.1.3 Triplestore

Triplestores are used to store RDF data. A triplestore is basically
a software program capable of storing and indexing RDF data ef�-
ciently, in order to enable querying this data easily and effectively. A
triplestore for an RDF data is like Relational Database Management
System (DBMS) for relational databases.

Most triplestores support SPARQL query language for querying
RDF data. Virtuoso6, Sesame7, Fuseki 8 and GraphDB9 are well-known
commercial examples of triplestores for desktop and server comput-
ers. Since ubiquitous devices usually have less powerful CPU and
smaller memory size, there are special version of triplestores that are
built to be used on such low-power devices. Androjena 10, RDF On
The Go11, � Jena12 and OpenSesame13 are examples of such triple-
stores.

Now we provide the list of basic notation and formal de�nitions
used throughout this thesis.

6 http://virtuoso.openlinksw.com/

7 http://rdf4j.org/sesame/2.8/docs/using+sesame.docbook?view

8 http://jena.apache.org/documentation/serving _data/

9 http://ontotext.com/products/ontotext-graphdb/

10 http://code.google.com/p/androjena/

11 http://code.google.com/p/rdfonthego/

12 http://poseidon.ws.dei.polimi.it/ca/?page _id=59

13 http://bluebill.tidalwave.it/mobile/
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2.2 sparql syntax , semantic and notation

In this section we de�ne the syntax and semantics of SPARQL. Note
we are only focusing on the formalizations and notation, necessary to
understand the thesis related key concepts and that are used through-
out the remaining of this thesis. Note we used some of the de�nitions
from [ 7].

De�nition 1 (RDF Term, RDF Triple and Data Source) Assume there
are pairwise disjoint in�nite setsI , B, andL (IRIs, Blank nodes, and Liter-
als, respectively). Then the RDF termRT = I [ B [ L. The triple(s, p, o) 2
(I [ B) � I � (I [ B [ L) is called anRDF triple , wheres is called thesub-
ject, p the predicate and o the object. An RDF data set or data sourced
is a set of RDF triplesd = f(s1 , p1 , o1), : : : , (sn , pn , on )g.

De�nition 2 (Query Triple Pattern and Basic Graph Pattern) By us-
ing De�nition 1 and assume an in�nite setV of variables. A tuple t2
(I [ L [ V [ B) � (I [ V) � (I [ L [ V [ B) is a triple pattern. A Basic
Graph Pattern is a �nite set of triple patterns.

De�nition 3 (Basic Graph Pattern syntax) The syntax of a SPARQL Ba-
sic Graph PatternBGP expression is de�ned recursively as follows:

1. A tuple from(I [ L [ V [ B) � (I [ V) � (I [ L [ V [ B) is a graph
pattern (a triple pattern).

2. The expressions (P1 AND P2), (P1 OPTIONAL P2) and (P1 UNION
P2) are graph patterns, ifP1 andP2 are graph patterns.

3. The expression (P FILTERR) is a graph pattern, ifP is a graph pattern
andR is a SPARQL constraint or �lter expression.

De�nition 4 (Solution Mapping) A mapping� fromV to RTis a partial
function � : V ! RT whereRT = (I [ B [ L). For a triple patternt , we
denote by� (t ) the pattern obtained by replacing the variables int according
to � . The domain of� , denoted bydom(� ), is the subset ofV where� is
de�ned. We sometimes write down concrete mappings in square brackets, for
instance,� = [ ?X ! a, ?Y ! b] is the mapping withdom(� ) = f?X, ?Yg
such that,� (?X) = a and� (?Y) = b.

De�nition 5 (Triple Pattern Matching) Let d be a data source with set
of RDF termsRT, andt a triple pattern of a SPARQL query. The evaluation
of t overd, denoted by[[t ]]d is de�ned as the set of mappings[[t ]]d = f� :
V ! RTj dom(� ) = var (P) and � (P) � dg. If � 2 [[t ]]d, we say that� is
a solution for t in d. If a data sourced has at least one solution for a triple
patternt , then we sayd matchest .

De�nition 6 (Relevant Source and Set) A data sourced 2 D is rele-
vant (also calledcapable) for a triple patternt i 2 T if at least one triple
contained ind matchest i . The relevant source setRi � D for t i is the set
that contains all sources that are relevant for that particular triple pattern.
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De�nition 7 (Triple Pattern-wise Source Selection) The goal of the Triple
Pattern-wise Source Selection (TPWSS) is to identify the set of relevant
sources against individual triple patterns of a query.

De�nition 8 (Total Triple Pattern-wise Sources Selected) Letq = ft 1 , : : : , t m g
be a SPARQL query containing triple patternst 1 , : : : , t m , R = fRt 1 , : : : ,Rt m g
be the corresponding relevance set containing relevant data sources sets
Rt 1 , : : : ,Rt m for triple patternst 1 , : : : , t m , respectively. We de�ne TTP-
WSS = 8Rt i 2 R

P
jRt i j be the total triple pattern-wise sources selected for

query q, i.e., the sum of the magnitudes of relevant data sources sets over all
individual triple patterns q.

The total triple pattern-wise sources selected for the query given in
Listing 1 is six, i.e., a single source for �rst two triple patterns and
four sources for the last triple pattern, summing up to a total of six
sources.

De�nition 9 (Number of Sources Span) The number of sources that po-
tentially contribute to the query result set (sources span for short) are those
that arerelevant to at least one triple pattern in the query. However, since
triple patterns with common query predicates such asrdf:type andowl:sameAs

are likely to be found in all data sources (i.e., all sources arerelevant), we
only count a source if it is alsorelevant to at least one more triple pattern
in the same query.

SPARQL Query as Directed Hypergraph

We represent each basic graph pattern (BGP) of a SPARQL query as
a directed hypergraph (DH). Note this is one of the contribution of
HiBISCuS [87] presented in Chapter 4. We chose this representation
because it allows representing property-property joins, which previ-
ous works [ 3; 30] do not allow to model. The DH representation of a
BGP is formally de�ned as follows:

De�nition 10 Each basic graph patternsBGPi of a SPARQL query can be
represented as a DHHGi = ( V,E, � vt ), where

• V = Vs [ Vp [ Vo is the set of vertices ofHGi , Vs is the set of all
subjects inHGi , Vp the set of all predicates inHGi andVo the set of
all objects inHGi ;

• E ={e1 ,. . . ,et } � V3 is a set of directed hyperedges (short: edge). Each
edgee= (vs ,vp ,vo ) emanates from the triple pattern <vs , vp , vo > in
BGPi . We represent these edges by connecting the head vertexvs with
the tail hypervertex(vp , vo ). We useEin (v) � E and Eout (v) � E
to denote the set of incoming and outgoing edges of a vertexv;

• � vt is a vertex-type-assignment function. Given a vertexv 2 V, its
vertex type can be 'star', 'path', 'hybrid', or 'sink' if this vertex partic-
ipates in at least one join. A 'star' vertex has more than one outgoing
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1 SELECT DISTINCT * WHERE
2 {
3 ?drug :description ?drugDesc.
4 ?drug :drugType :smallMolecule.
5 ?drug :keggCompoundId ?compound.
6 ?enzyme :xSubstrate ?compound.
7 ?Chemicalreaction :xEnzyme ?enzyme.
8 ?Chemicalreaction :equation ?ChemicalEquation.
9 ?Chemicalreaction :title ?ReactionTitle .

10 }

Listing 3: Example SPARQL query. Pre�xes are ignored for simplicity

Figure 5: DH representation of the SPARQL query given in Listing

edge and no incoming edge. A 'path' vertex has exactly one incoming
and one outgoing edge. A 'hybrid' vertex has either more than one in-
coming and at least one outgoing edge or more than one outgoing and
at least one incoming edge. A 'sink' vertex has more than one incom-
ing edge and no outgoing edge. A vertex that does not participate in
any join is of type 'simple'.

The representation of a complete SPARQL query as a DH is the
union of the representations of query's BGPs. As an example, the
DH representation of the query in Listing 3 is shown in Figure 5.
Based on the DH representation of SPARQL queries we can de�ne
the following features of SPARQL queries:

De�nition 11 (Number of Triple Patterns) From De�nition 10, the to-
tal number of triple patterns in aBGPi is equal to the number of hyperedges
jEj in the DH representation of theBGPi .

De�nition 12 (Number of Join Vertices) Let ST ={st1 ,. . . , st j } be the
set of vertices of type 'star',PT ={pt 1 ,. . . , pt k } be the set of vertices of type
'path', HB ={hb1 ,. . . , hb l } be the set of vertices of type 'hybrid', andSN
={sn1 ,. . . , snm } be the set of vertices of type 'sink' in a DH representation
of a SPARQL query, then the total number of join vertices in the query#JV
= jSTj + jPTj + jHBj + jSNj.
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De�nition 13 (Join Vertex Degree) Based on the DH representation of
SPARQL queries, the join vertex degree of a vertexv is JVD(v) = jEin (v)j +
jEout (v)j, whereEin (v) respEout (v) is the set of incoming resp. outgoing
edges ofv.

De�nition 14 (Triple Pattern Selectivity) Lettp i be a triple pattern and
d be arelevant source fortp i . Furthermore, letN be the total number of
triples in d and Nm be the total number of triples ind that matchestp i ,
then the selectivity oftp i w.r.t. d is Sel(tp i , d) = Nm =N.
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3
S TAT E O F T H E A RT

This chapter is based on [84], [78] and discusses the state-of-the-art re-
search work related to this thesis. In particular, this chapter provides a
�ne-grained evaluation of SPARQL endpoint federation systems. Fur-
thermore, the chapter presents the results of a public survey which
provides a crisp overview of categories of SPARQL federation sys-
tems as well as their implementation details, features, and supported
SPARQL clauses. The pros and cons of state-of-the-art SPARQL fed-
eration systems are discussed in details. We address some of the
key shortcomings (in particular those related to source selection and
benchmarking) of the existing approaches in this thesis and present
the corresponding results in the subsequent chapters.

Given the importance of federated query processing over the Web
of Data, it is critical to provide �ne-grained evaluations to assess
the quality of state-of-the-art implementations of federated SPARQL
query engines by comparing them against common criteria through
an open benchmark. Such �ne-grained evaluation results are valu-
able when positioning new federation systems against existing. In
addition, these results help application developers when choosing
appropriate systems for a given application as they allow them to se-
lect federation systems through a comparison of their performance
against their criteria of interest. Moreover, such �ne-grained results
provide useful insights for system developers and empower them to
improve current federation systems as well as to develop better sys-
tems.

Current evaluations [ 1; 27; 61; 73; 89; 94; 100] of SPARQL query fed-
eration systems compare some of the federation systems based on the
central criterion of overall query runtime. While optimizing the query
runtime of federation systems is the ultimate goal of the research per-
formed on this topic, the granularity of current evaluations fails to
provide results that allow understanding why the query runtimes of
systems can differ drastically and are thus insuf�cient to detect the
components of systems that need to be improved. For example, key
metrics such as a smart source selection in terms of thetotal number of
data sources selected, the total number of SPARQL ASK requests used, and
the source selection timehave a direct impact on the overall query per-
formance but are not addressed in the existing evaluations. For exam-
ple, the over-estimation of the total number of relevant data sources
will generate extra network traf�c, may result in increased query exe-
cution time. The SPARQL ASK queries returns boolean value indicat-
ing whether a query pattern matches or not. The greater the number

17
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of SPARQL ASK requests used for source selection, the higher the
source selection time and therefore overall query execution time. Fur-
thermore, as pointed out by [ 62], the current testbeds [17; 63; 92; 93]
for evaluating, comparing, and eventually improving SPARQL query
federation systems still have some limitations. Especially, the parti-
tioning of dataas well as the SPARQL clausesused cannot be tailored
suf�ciently, although they are known to have a direct impact on the
behaviour of SPARQL query federation systems.

The aim of this chapter is to experimentally evaluate a large num-
ber of SPARQL 1.0 query federation systems within a more �ne-
granular setting in which we can measure the time required to com-
plete different steps of the SPARQL query federation process. To
achieve this goal, we conducted a public survey 1 and collected in-
formation regarding 14 existing federated system implementations,
their key features, and supported SPARQL clauses. Eight of the sys-
tems which participated in this survey are publicly available. How-
ever, two out of the eight with public implementation do not make
use of the SPARQL endpoints and were thus not considered further in
this study. Note this thesis is based on query federation over multiple
SPARQL endpoints or SPARQL endpoint federation for short.

In the next step and like in previous evaluations, we compared the
remaining six systems [1; 27; 57; 70; 94; 100] with respect to the tradi-
tional performance criterion that is the query execution time using the
commonly used benchmark FedBench. In addition, we also compared
these six systems with respect to their answer completeness, source se-
lection approach in terms of the total number of sourcesthey selected,
the total number of SPARQL ASK requeststhey used and source selection
time. For the sake of completeness, we also performed a comparative
analysis (based on the survey outcome) of the key functionality of
the 14 systems which participated in our survey. Furthermore, we
also discussed the systems that did not participate or published after
the survey. The most important outcomes of this survey are presented
in Section 3.3.2

To provide a quantitative analysis of the effect of data partition-
ing on the systems at hand, we extended both FedBench [92] and
SP2Bench [93] by distributing the data upon which they rely. To this
end, we used the slice generation tool3 described in [77]. This tool al-
lows creating any number of subsets of a given dataset (called slices)
while controlling the number of slices, the amount of overlap be-
tween the slices as well as the size distribution of these slices. The re-
sulting slices were distributed across various data sources (SPARQL
endpoints) to simulate a highly federated environment. In our ex-
periments, we made use of both FedBench [92] and SP2Bench [93]

1 Survey: http://goo.gl/iXvKVT , Results:http://goo.gl/CNW5UC

2 All survey responses can be found at http://goo.gl/CNW5UC .
3 https://code.google.com/p/fed-eval/wiki/SliceGenerator
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queries to ensure that we cover the majority of the SPARQL query types
and clauses.

Our main contributions of this chapter are summarized as follows:

• We present the results of a public survey which allows us to pro-
vide a crisp overview of categories of SPARQL federation sys-
tems as well as provide their implementation details, features,
and supported SPARQL clauses.

• We present (to the best of our knowledge) the most compre-
hensive experimental evaluation of open-source SPARQL fed-
erations systems in terms of their source selection and overall
query runtime using in two different evaluation setups.

• Along with the central evaluation criterion (i.e., the overall query
runtime), we measure three further criteria, i.e., the total num-
ber of sources selected, the total number of SPARQL ASK re-
quests used, and the source selection time. By these means, we
obtain deeper insights into the behaviour of SPARQL federation
systems.

• We extend both FedBench and SP2Bench to mirror highly dis-
tributed data environments and test SPARQL endpoint federa-
tion systems for their parallel processing capabilities.

• We provide a detailed discussion of experimental results and re-
veal novel insights for improving existing and future federation
systems.

• Our survey results points to research opportunities in the area
of federated semantic data processing.

The rest of this chapter is structured as follows: In Section 3.1, we
give an overview of existing federated SPARQL query system eval-
uations. Here, we focus on the description of different surveys/e-
valuations of SPARQL query federation systems and argue for the
need of a new �ne-grained evaluation of federated SPARQL query
engines. Section3.2 gives an overview of benchmarks for SPARQL
query processing engines. In addition, we provide reasons for our
benchmark selection in this evaluation. Section 3.3 provides a detailed
description of the design of and the responses to our public survey
of the SPARQL query federation. Section 3.4 provides an introduc-
tion to selected approaches for experimental evaluation. Section 3.6
describes our evaluation framework and experimental results, includ-
ing key performance metrics, a description of the used benchmarks
(FedBench, SP2Bench, SlicedBench), and the data slice generator. Fi-
nally, Section 3.7 provides our further discussion of the results.
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3.1 federation systems evaluations

Several SPARQL query federation surveys have been developed over
the last years. Rakhmawati et al. [73] present a survey of SPARQL end-
point federation systems in which the details of the query federation
process along with a comparison of the query evaluation strategies
used in these systems. Moreover, systems that support both SPARQL
1.0 and SPARQL 1.1 are explained. However, this survey do not pro-
vide any experimental evaluation of the discussed SPARQL query
federation systems. In addition, the system implementation details
resp. supported features are not discussed in much detail. We ad-
dress these drawbacks in Tables3 resp. 4. Hartig et al. [ 36] provide a
general overview of Linked Data federation. In particular, they intro-
duce the speci�c challenges that need to be addressed and focus on
possible strategies for executing Linked Data queries. However, this
survey do not provide an experimental evaluation of the discussed
SPARQL query federation systems. Umbrich et al. [ 45] provide a de-
tailed study of the recall and effectiveness of Link Traversal Query-
ing for the Web of Data. Schwarte et al. [96] present an experimen-
tal study of large-scale RDF federations on top of the Bio 2RDF data
sources using a particular federation system, i.e., FedX [94]. They fo-
cus on design decisions, technical aspects, and experiences made in
setting up and optimizing the Bio 2RDF federation. Betz et al. [15]
identify various drawbacks of federated Linked Data query process-
ing. The authors propose that Linked Data as a service has the poten-
tial to solve some of the identi�ed problems. Görlitz et al. [ 33] present
limitations in Linked Data federated query processing and implica-
tions of these limitations. Moreover, this chapter presents a query
optimization approach based on semi-joins and dynamic program-
ming. Ladwig et al. [ 54] identify various strategies while processing
federated queries over Linked Data. Umbrich et al. [ 99] provide an
experimental evaluation of the different data summaries used in live
query processing over Linked Data. Montoya et al. [ 62] provide a
detail discussion of the limitations of the existing testbeds used for
the evaluation of SPARQL query federation systems. Some other ex-
perimental evaluations [ 1; 27; 61; 62; 89; 94; 100] of SPARQL query
federation systems compare some of the federation systems based on
their overall query runtime. For example, Gorlitz et al. [ 27] compare
their approach with three other approaches ([ 70; 94], AliBaba4, and
RDF-3X 0.3.4.227. An extension of ANAPSID presented in [ 61] com-
pares ANAPSID with FedX using 10 FedBench-additional complex

4 SesameAliBaba:http://www.openrdf.org/alibaba.jsp ) using a subset of the
queries from FedBench. Furthermore, they measure the effect of the information
in VoiD 5 descriptions on the accuracy of their source selection. Acosta et al. [1]
compare their approach performance with Virtuoso SPARQL endpoints, ARQ 2.8.8.
BSD-style216

7 http://www.mpi-inf.mpg.de/neumann/rdf3x/
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queries. Schwarte et al. [94] compare FedX performance with AliBaba
and DARQ using a subset of the FedBench queries. Wang et al. [100]
evaluate the performance of LHD with FedX and SPLENDID using
the Berlin SPARQL Benchmark (BSBM) [17].

All experimental evaluations above compare only a small number
of SPARQL query federation systems using a subset of the queries
available in current benchmarks with respect to a single performance
criterion (query execution time). Consequently, they fail to provide
deeper insights into the behaviour of these systems in different steps
(e.g., source selection) required during the query federation. In this
work, we evaluate six open-source federated SPARQL query engines
experimentally on two different evaluation frameworks. To the best
of our knowledge, this is currently the most comprehensive evalua-
tion of open-source SPARQL query federation systems. Furthermore,
along with central performance criterion of query runtime, we com-
pare these systems with respect to their source selection. Our results
show (section 3.6) that the different steps of the source selection af-
fect the overall query runtime considerably. Thus, the insights gained
through our evaluation w.r.t. to these criteria provide valuable �nd-
ings for optimizing SPARQL query federation.

3.2 benchmarks

Different benchmarks have been proposed to compare triple stores
and federated systems for their query execution capabilities and per-
formance. Table 2 provides a detailed summary of the characteristics
of the most commonly used benchmarks as well as of two real query
logs. All benchmark executions and result set computations were car-
ried out on a machine with 16GB RAM and a 6-Core i7 3.40GHz CPU
running Ubuntu 14.04.2. All synthetic benchmarks were con�gured to
generate 10 million triples. We ran LUBM [ 32] on OWLIM-Lite as it
requires reasoning. All other benchmarks were ran on virtuoso 7.2
with NumberOfBuffers = 1360000, and MaxDirtyBuffers = 1000000.

In the following, we compare state-of-the-art SPARQL benchmarks
w.r.t. the features shown in Table 2.

LUBM was designed to test the triple stores and reasoners for their
reasoning capabilities. It is based on a customizable and deterministic
generator for synthetic data. The queries included in this benchmark
commonly lead to query results sizes ranges from 2 to 3200, query
triple patterns ranges from 1 to 6, and all the queries consist of a
single BGP. LUBM includes a �xed number of SELECTqueries (i.e.,15)
where none of the clauses shown in Table 2 is used.

The Berlin SPARQL Benchmark(BSBM) [17] uses a total of 125query
templates to generate any number of SPARQL queries for bench-
marking. Multiple use cases such as explore, update, and business
intelligence are included in this benchmark. Furthermore, it also in-
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Table 2: Comparison of SPARQL benchmarks F-DBP = FEASIBLE Bench-
marks from DBpedia query log, F-SWDF = FEASIBLE Benchmark
from Semantic Web Dog Food query log, LRB = LargeRDFBench,
TPs = Triple Patterns, JV = Join Vertices, MJVD = Mean Join Ver-
tices Degree,MTPS = Mean Triple Patterns Selectivity, S.D. = Stan-
dard Deviation, U.D. = Unde�ned due to queries timeout of 1 hour).
Runtime(ms) and *SPARQL federation benchmarks.

LUBM BSBM SP2Bench WatDiv DBPSB F-DBP F-SWDF FedBench* LRB*

#Queries 15 125 12 125 125 125 125 25 32

F
or

m
s

(%
) SELECT 100 80 91.67 100 100 95.2 92.8 100 100

ASK 0 0 8.33 0 0 0 2.4 0 0

CONSTRUCT 0 4 0 0 0 4 3.2 0 0

DESCRIBE 0 16 0 0 0 0.8 1.6 0 0

C
la

us
es

(%
)

UNION 0 8 16.67 0 36 40.8 32.8 12 18.75

DISTINCT 0 24 41.6 0 100 52.8 50.4 0 28.21

ORDER BY 0 36 16.6 0 0 28.8 25.6 0 9.37

REGEX 0 0 0 0 4 14.4 16 0 3.12

LIMIT 0 36 8.33 0 0 38.4 45.6 0 12.5

OFFSET 0 4 8.33 0 0 18.4 20.8 0 0

OPTIONAL 0 52 25 0 32 30.4 32 4 25

FILTER 0 52 58.3 0 48 58.4 29.6 4 31.25

GROUP BY 0 0 0 0 0 0.8 19.2 0 0

R
es

ul
ts

Min 3 0 1 0 197 1 1 1 1

Max 1.3E+4 31 4.3E+7 4.1E+9 4.6E+6 1.4E+6 3.0E+5 9054 3.E+5

Mean 4.9E+3 8.3 4.5E+6 3.4E+7 3.2E+5 5.2E+4 9091 529 5.9E+4

S.D. 1.1E+4 9.03 1.3E+7 3.7E+8 9.5E+5 1.9E+5 4.7E+4 1764 1.1E+5

B
G

P
s

Min 1 1 1 1 1 1 0 1 1

Max 1 5 3 1 9 14 14 2 2

Mean 1 2.8 1.5 1 2.69 3.17 2.68 1.16 1.43

S.D. 0 1.70 0.67 0 2.43 3.55 2.81 0.37 0.5

T
P

s

Min 1 1 1 1 1 1 0 2 2

Max 6 15 13 12 12 18 14 7 12

Mean 3 9.32 5.9 5.3 4.5 4.8 3.2 4 6.6

S.D. 1.81 5.17 3.82 2.60 2.79 4.39 2.76 1.25 2.6

JV

Min 0 0 0 0 0 0 0 0 0

Max 4 6 10 5 3 11 3 5 6

Mean 1.6 2.88 4.25 1.77 1.21 1.29 0.52 2.52 3.43

S.D. 1.40 1.80 3.79 0.99 1.12 2.39 0.65 1.26 1.36

M
JV

D

Min 0 0 0 0 0 0 0 0 0

Max 5 4.5 9 7 5 11 4 3 6

Mean 2.02 3.05 2.41 3.62 1.82 1.44 0.96 2.14 2.56

S.D. 1.29 1.63 2.26 1.40 1.43 2.13 1.09 0.56 0.76

M
T

P
S

Min 3.2E-4 9.4E-8 6.5E-5 0 1.1E-5 2.8E-9 1.0E-5 0.001 0.001

Max 0.432 0.045 0.53 0.011 1 1 1 1 1

Mean 0.01 0.01 0.22 0.004 0.119 0.140 0.291 0.05 0.10

S.D. 0.074 0.01 0.20 0.002 0.22 0.31 0.32 0.092 0.14

R
un

tim
e

Min 2 5 7 3 11 2 4 50 159

Max 3200 99 7.1E+5 8.8E+8 5.4E+4 3.2E+4 4.1E+4 1.2E+4 >1hr

Mean 437 9.1 2.8E+5 4.4E+8 1.0E+4 2242 1308 1987 U.D.

S.D. 320 14.5 5.2E+5 2.7E+7 1.7E+4 6961 5335 3950 U.D.
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cludes many of the important SPARQL clauses of Table 2. However,
the queries included in this benchmark are rather simple with an av-
erage query runtime of 9.1 ms and largest query result set size equal
to 31.

SP2Benchmirrors vital characteristics (such as power law distri-
butions or Gaussian curves) of the data in the DBLP bibliographic
database. The queries given in benchmark are mostly complex. For
example, the mean (across all queries) query result size is above one
million and the query runtimes are very large (see Table 2).

The Waterloo SPARQL Diversity Test Suite(WatDiv) [ 3] addresses the
limitations of previous benchmarks by providing a synthetic data and
query generator to generate large number of queries from a total of
125 queries templates. The queries cover both simple and complex
categories with varying number of features such as result set sizes,
total number of query triple patterns, join vertices and mean join
vertices degree. However, this benchmark is restricted to conjunc-
tive SELECT queries (single BGPs). This means that non-conjunctive
SPARQL queries (e.g., queries which make use of the UNION and
OPTIONALfeatures) are not considered. Furthermore, WatDiv does not
consider other important SPARQL clauses, e.g., FILTER and REGEX.
However, our analysis of the query logs of DBpedia 3.5.1 and SWDF
given in table 2 shows that 20.1% resp. 7.97% of the DBpedia queries
make use of OPTIONALresp. UNIONclauses. Similarly, 29.5% resp.29.3%
of the SWDF queries contain OPTIONALresp. UNIONclauses.

While the distribution of query features in the benchmarks pre-
sented so far is mostly static, the use of different SPARQL clauses and
triple pattern join types varies greatly from data set to data set, thus
making it very dif�cult for any synthetic query generator to re�ect
real queries. For example, the DBpedia and SWDF query log differ
signi�cantly in their use of DESCRIBE (41.1% for SWDF vs 0.02% for
DBpedia), FILTER (0.72% for SWDF vs 93.3% for DBpedia) and UNION

(29.3% for SWDF vs 7.97% for DBpedia) clauses. Similar variations
have been reported in [8] as well. To address this issue, the DBpe-
dia SPARQL Benchmark (DBPSB) [63] (which generates benchmark
queries from query logs) was proposed. However, is benchmark does
not consider key query features (i.e., number of join vertices, mean
join vertices degree, mean triple pattern selectivities, the query re-
sult size and overall query runtimes) while selecting query templates.
Note that previous works [ 3; 30] pointed that these query features
greatly affect the triple stores performance and thus should be con-
sidered while designing SPARQL benchmarks.

In this thesis we present FEASIBLE, a benchmark generation frame-
work which is able to generate a customizable benchmark from any
set of queries, esp. from query logs. FEASIBLE addresses the draw-
backs on previous benchmark generation approaches by taking all of
the important SPARQL query features of Table 2 into consideration
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when generating benchmarks. In Chapter 10, we present FEASIBLE
in detail.

The aforementioned benchmarks have focused on the problem of
query evaluation over local, centralised repositories. Hence, these bench-
marks do not consider federated queries over multiple interlinked
datasets hosted by different SPARQL endpoints. FedBench [92] is
designed explicitly to evaluate SPARQL query federation tasks on
real-world datasets with queries resembling typical requests on these
datasets. Furthermore, this benchmark also includes a dataset and
queries from SP2Bench. FedBench were the only (to the best of our
knowledge) federation benchmark that encompasses real-world datasets,
commonly used queries and distributed data environment. Further-
more, it is commonly used in the evaluation of SPARQL query fed-
eration systems [27; 61; 77; 94]. However, the real queries (excluding
synthetic SP2Bench benchmark queries) are low in complexity (Ta-
ble 2). The number of Triple Patterns included in the query ranges
from 2 to 7. Consequently, the standard deviations of the number of
Join Vertices (JV) and the Mean Join Vertices Degrees (MJVD) are on
the lower side. The query result set sizes are small (maximum 9054,
with average of 529 results). The query triple patterns are not highly
selective in general. The important SPARQL clauses such DISTINCT ,
ORDER BYand REGEXare not used (ref. Table2). Moreover, the SPARQL
OPTIONALand FILTER clauses are only used in a single query (i.e., LS7
of FedBench). Most importantly, the average query execution is small
(about 2 seconds on average ref. Section3.6.3.5). Finally, FedBench
rely only on the number of endpoints requests and the query execu-
tion time as performance criteria. These limitations make it dif�cult
to extrapolate how SPARQL query federation engines will perform
when faced with the growing amount of data available on the Data
Web based on FedBench results. Furthermore, a more �ne-grained
evaluation of the federation engines, to detect the components that
need to be improved is not possible [ 62].

SPLODGE [30] is a heuristic for automatic generation of feder-
ated SPARQL queries which is limited to conjunctive BGPs. Non-
conjunctive queries that make use of the SPARQL UNION, OPTIONAL

clauses are not considered. Thus, the generated set of synthetic queries
fails to re�ect the characteristics of the real queries. For example, the
DBpedia query log [ 68] shows that 20.87%, 30.02% of the real queries
contains SPARQL UNION and FILTER clauses, respectively. However,
both of these clauses are not considered in SPLODGE queries gen-
eration. Moreover, the use of different SPARQL clauses and triple
pattern join types greatly varies from one dataset to another dataset,
thus making it almost impossible for automatic query generator to
re�ect the reality. For example, the DBpedia and Semantic Web Dog
Food (SWDF) query log [8] shows that the use of the SPARQL LIMIT

(27.99% for SWDF vs 1.04% for DBpedia) and OPTIONAL (0.41% for
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SWDF vs 16.61% for DBpedia) clauses greatly varies for these two
datasets.

To address the limitations of federated SPARQL benchmarks, we
propose LargeRDFBench, a billion-triple benchmark which encom-
passes a total of13 real, interconnected datasets and real queries of
varying complexities (see Table 2). Our benchmark includes all of
the 14 SPARQL endpoint federation queries (which we named simple
queries) from FedBench, as they are useful but not suf�cient all alone.
In addition, we provide 10 complex and 8 Big Data queries, which
lead to larger result sets and intermediary results. Beside the central
performance criterion, i.e., the query execution time, our benchmark
includes result set completeness and correctness, effective source se-
lection in terms of the total number of data sources selected, the total
number of SPARQL ASK requests used and the corresponding source
selection time. Our evaluation results (ref. Chapter 9) suggest that the
performance of current SPARQL query federation systems on simple
queries (i.e., FedBench queries) does not re�ect the systems' perfor-
mance on more complex queries. In addition, none of the state-of-the-
art SPARQL query federation is able to fully answer the real use-case
Big Data queries. In Chapter 9, we will discuss LargeRDFBench in
details.

3.3 federated engines public survey

In order to provide a comprehensive overview of existing SPARQL
federation engines, we designed and conducted a survey of SPARQL
query federation engines. In this section, we present the principles
and ideas behind the design of the survey as well as its results and
their analysis.

3.3.1 Survey Design

The aim of the survey was to compare the existing SPARQL query fed-
eration engines, regardless of their implementation or code availabil-
ity. To reach this aim, we interviewed domain experts and designed
a survey with three sections: system information, requirements, and
supported SPARQL clauses.8

The system information sectionof the survey includes implementation
details of the SPARQL federation engine such as:

• URL of the paper, engine implementation: Provides the URL
of the related scienti�c publication or URL to the engine imple-
mentation binaries/code.

• Code availability: Indicates the disclosure of the code to the
public.

8 The survey can be found at http://goo.gl/iXvKVT .
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• Implementation and licensing: De�nes the programming lan-
guage and distribution license of the framework.

• Type of source selection: De�nes the source selection strategy
used by the underlying federation system.

• Type of join(s) used for data integration: Shows the type of
joinsused to integrate sub-queries results coming from different
data sources.

• Use of cache: Shows the usage of cache for performance im-
provement.

• Support for catalog/index update: Indicates the support for au-
tomatic index/catalog update.

The questions from the requirementssection assess SPARQL query
federation engines for the key features/requirements that a developer
would require from such engines. These include:

• Result completeness: Assuming that the SPARQL endpoints re-
turn complete results for any given SPARQL 1.0 sub-query that
they have to process. Does your implementation then guaran-
tee that your engine will return complete results for the input
query (100% recall) or is it possible that it misses some of the
solutions (for example due to the source selection, join imple-
mentation, or using an out-of-date index)?. Please note that a
100% recall cannot be assured with an index that is out of date.

• Policy-based query planning: Most federation approaches tar-
get open data and do not provide restrictions (according to dif-
ferent user access rights) on data access during query planning.
As a result, a federation engine may select a data source for
which the requester is not authorized, thus overestimating the
data sources and increasing the overall query runtime. Does
your system have the capability of taking into account the pri-
vacy information (e.g., different graph-level access rights for dif-
ferent users, etc.) during query planning?

• Support for partial results retrieval: In some cases the query re-
sults can be too large and result completeness (i.e.,100% recall)
may not be desired, rather partial but fast and/or quality query
results are acceptable. Does the federation engine provide such
functionality where a user can specify a desired recall (less than
100%) as a threshold for fast result retrieval? It is worth notic-
ing that this is different from limiting the results using SPARQL
LIMIT clause as it restricts the number of results to some �xed
value while in partial result retrieval the number of retrieved
results are relative to the actual total number of results.
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• Support for no-blocking operator/adaptive query processing:
SPARQL endpoints are sometimes blocked or down or exhibit
high latency. Does the federation engine support non-blocking
joins (where results are returned based on the order in which
the data arrives, not in the order in which data being requested)
and able to change its behavior at runtime by learning behavior
of the data providers?

• Support for provenance information: Usually, SPARQL query
federation systems integrate results from multiple SPARQL end-
points without any provenance information, such as how many
results were contributed by a given SPARQL endpoint or which
of the results are contributed by each of the endpoint. Does the
federation engine provide such provenance information?

• Query runtime estimation: In some cases a query may have a
longer runtime (e.g., in the order of minutes). Does the federa-
tion engine provide means to approximate and display (to the
user) the overall runtime of the query execution in advance?

• Duplicate detection: Due to the decentralized architecture of
Linked Data Cloud, a sub-query might retrieve results that were
already retrieved by another sub-query. For some applications,
the former sub-query can be skipped from submission (federa-
tion) as it will only produce overlapping triples. Does the fed-
eration engine provide such a duplicate-aware SPARQL query
federation? Note that this is the duplicate detection before sub-
query submission to the SPARQL endpoints and the aim is to
minimize the number of sub-queries submitted by the federa-
tion engine.

• Top-K query processing: Is the federation engine able to rank
results based on the user's preferences (e.g., his/her pro�le,
his/her location, etc.)?

The supported SPARQL clausessection assess existing SPARQL query
federation engines w.r.t. the list of supported SPARQL clauses. The
list of the SPARQL clauses is mostly based on the characteristics of
the BSBM benchmark queries [17]. The summary of the used SPARQL
clauses can be found in Table5.

The survey was open and free for all to participate in. To contact
potential participants, we used Google Scholar to retrieve papers that
contained the keywords "SPARQL" and "query federation". After a
manual �ltering of the results, we contacted the main authors of the
papers and informed them of the existence of the survey while asking
them to participate. Moreover, we sent messages to the W3C Linked
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Open Data mailing list 9 and Semantic Web mailing list 10 with a re-
quest to participate. The survey was opened for two weeks.

3.3.2 Discussion of the survey results

Based on our survey results11, existing SPARQL query federation ap-
proaches can be divided into three main categories (see Table3).

1. query federation over multiple sparql endpoints: In
this type of approaches, RDF data is made available via SPARQL end-
points. The federation engine makes use of endpoint URLs to federate
sub-queries and collect results back for integration. The advantage of
this category of approaches is that queries are answered based on
original, up-to-date data with no synchronization of the copied data
required [ 36]. Moreover, the execution of queries can be carried out
ef�ciently because the approach relies on SPARQL endpoints. How-
ever, such approaches are unable to deal with the data provided by
the whole of LOD Cloud because sometimes Linked Data is not ex-
posed through SPARQL endpoints.

2. query federation over linked data: This type of approaches
relies on the Linked Data principles 12 for query execution. The set of
data sources which can contribute results into the �nal query result-
set is determined by using URI lookups during the query execution
itself.

9 public-lod@w3.org

10 semantic-web@w3.org

11 Available at http://goo.gl/CNW5UC

12 http://www.w3.org/DesignIssues/LinkedData.html
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Query federation over Linked Data does not require the data providers
to publish their data as SPARQL endpoints. Instead, the only require-
ment is that the RDF data follows the Linked Data principles. A
downside of these approaches is that they are less time-ef�cient than
the previous approaches due to the URI lookups they perform.

3. query federation on top of distr ibuted hash tables: This
type of federation approaches stores RDF data on top of Distributed
Hash Tables (DHTs) and use DHT indexing to federate SPARQL queries
over multiple RDF nodes. This is a space-ef�cient solution and can re-
duce the network cost as well. However, many of the LOD datasets
are not stored on top of DHTs.

Each of the above main category can be further divided into three
sub-categories (see Table3):

(a) catalog/index-assisted solutions: These approaches uti-
lize dataset summaries that have been collected in a pre-processing
stage. These approaches may lead to more ef�cient query federation.
However, the index needs to be constantly updated to ensure com-
plete results retrieval. The index size should also be kept to a mini-
mum to ensure that it does not signi�cantly increase the overall query
processing costs.

(b) catalog/index-free solutions: In these approaches, the query
federation is performed without using any stored data summaries.
The data source statistics can be collected on-the-�y before the query
federation starts. This approach promises that the results retrieved by
the engine are complete and up-to-date. However, it may increase the
query execution time, depending on the extra processing required for
collecting and processing on-the-�y statistics.

(c) hybr id solutions: In these approaches, some of the data
source statistics are pre-stored while some are collected on-the-�y,
e.g., using SPARQL ASK queries.

Table 3 provides a classi�cation along with the implementation de-
tails of the 14 systems which participated in the survey. In addition,
we also included QUETSAL and SAFE proposed in this thesis. Note
DAW is one of the contribution of this thesis. Overall, we received
responses mainly for systems which implemented the SPARQL end-
point federation and hybrid query processing paradigms in Java. Only
Atlas [ 50] implements DHT federation whereas WoDQA [ 2], LDQPS [54],
and SIHJoin [55] implement federation over linked data (LDF). Most
of the surveyed systems provides "General Public Licences" with the
exception of [54] and [55] which provides "Scala" licence whereas
the authors of [ 11] and [38] have not yet decided which licence type
will hold for their tools. Five of the surveyed systems implement
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Table 4: Survey outcome: System's features (R.C. = Results Completeness,
P.R.R. = Partial Results Retrieval, N.B.O. = No Blocking Operator,
A.Q.P. = Adaptive Query Processing, D.D. = Duplicate Detection,
P.B.Q.P = Policy-based Query Planning, Q.R.E. = Query Runtime
Estimation, Top-K.Q.P = Top-K query processing, BOUS = Based
on Underlying System)

Systems R.C. P.R.R. N.B.O / A.Q.P. D. D. P.B.Q.P Provenance Q.R.E Top-K.Q.P

FedX 3 7 7 7 7 7 7 7

LHD 7 7 7 7 7 7 7 7

SPLENDID 7 7 7 7 7 7 7 7

FedSearch 3 7 7 7 7 7 7 7

GRANATUM 7 7 7 7 partial partial 7 7

Avalanche 7 3 3 partial 7 7 7 7

DAW 7 3 BOUS 3 7 7 7 7

ANAPSID 7 7 3 7 7 7 7 7

ADERIS 7 7 3 7 7 7 7 7

DARQ 7 7 7 7 7 7 7 7

LDQPS 7 7 3 7 7 7 7 7

SIHJoin 7 7 3 7 7 7 7 7

WoDQA 3 7 7 7 7 7 7 7

Atlas 7 7 7 partial 7 7 7 7

SAFE 7 7 7 7 3 7 7 7

QUETSAL 7 3 7 3 7 7 7 7

caching mechanisms including [ 2], [5], [11], [77] and [94]. In addition,
both SAFE and QUETSAL also implement caching. Only [ 1] and [2]
provide support for catalog/index update whereas two systems do
not require this mechanism by virtue of being index/catalog-free ap-
proaches. Our approaches QUETSAL and SAFE also provide support
for index update.

Table 4 summarizes the survey outcome w.r.t. different features
supported by systems. Only three of the surveyed systems ([ 5], [94]
and QWIDVD) claim that they achieve result completeness and only
Avalanche [11] and DAW [ 77] support partial results retrieval for
their implementations. Note that FedX claims result completeness
when the cache that it relies on is up-to-date. Since QUETSAL in-
tegrates DAW, therefore QUETSAL also support partial results re-
trieval. Five (i.e., Avalanche, ANAPSID, ADERIS, LDQPS, SIHJoin)
of the considered systems support adaptive query processing. Only
DAW [ 77], QUETSAL [88] support duplicate detection whereas DHT
and Avalanche [11] claim to support partial duplicate detection. Grana-
tum [ 38; 39; 49] is the only system that implements privacy and prove-
nance. None of the considered systems implement top-k query pro-
cessing or query runtime estimation.

Table 5 lists SPARQL clauses supported by the each of14 systems.
GRANATUM and QWIDVD are only two systems that support all
of the query constructs used in our survey. It is important to note
that most of these query constructs are based on query characteristics
de�ned in BSBM.

[ 21. Mai 2016at 23:41 – classicthesis version 4.1 ]



32 state of the art

Now we discuss other notable federation engines that did not par-
ticipate in the survey or published after the public survey was con-
ducted. Semantic Web Integrator and Query Engine (SemWIQ) [ 56],
a SPARQL endpoint federation engine using a mediator approach.
The SPARQL endpoints need to register �rst with the mediator using
HTTP POST requests with an RDF document attached. The mediator
continuously monitors the SPAQL endpoints for any dataset changes
and updates the service descriptions automatically. Unlike DARQ,
the service descriptions remain up-to-date all time. Hartig et al. [ 37]
present a Linked Data federation that discovers data that might be
relevant for answering a query during the query execution itself. The
discovery of relevant data is accomplished by traversing RDF links.
They use an iterator-based pipeline and a URI prefetching approach
for ef�cient query execution. Same like DAW, Fedra [ 60] is SPARQL
endpoint federation engine for duplicate-aware SPARQL query feder-
ation. The main motivation of Fedra is that the index update can be
expensive if the underlying endpoints data changes frequently. Thus,
they propose an index that can be used to detect duplicate fragments
as well as easy to update.
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3.4 details of selected systems

After having given a general overview of SPARQL query federation
systems, we present six SPARQL endpoints federation engines [1; 27;
57; 70; 94; 100] with public implementation that were used within our
experiments. Note we compared our proposed approaches with state-
of-the-art federation engines in the subsequent chapter. Here, we aim
to We begin by presenting an overview of key concepts that underpin
federated query processing and are used in the performance evalua-
tion. We then use these key concepts to present the aforementioned
six systems used in our evaluation in more detail.

3.4.1 Overview of the selected approaches

DARQ [ 70] makes use of an index known as service descriptionto per-
form source selection. Each service description provides a declarative
description of the data available in a data source, including the cor-
responding SPARQL endpoint along with statistical information. The
source selectionis performed by using distinct predicates (for each data
source) recorded in the index as capabilities. The source selection algo-
rithm used in DARQ for a query simply matches all triple patterns
against the capabilitiesof the data sources. The matching compares
the predicate in a triple pattern with the predicate de�ned for a ca-
pability in the index. This means that DARQ is only able to answer
queries with bound predicates. DARQ combines service descriptions,
query rewriting mechanisms and a cost-based optimization approach
to reduce the query processing time and the bandwidth usage.

SPLENDID [27] makes use of VoiD descriptions as index along
with SPARQL ASK queries to perform the source selection step. A
SPARQL ASK query is used when any of the subject or object of the
triple pattern is bound. This query is forwarded to all of the data
sources and those sources which pass the SPARQL ASK test are se-
lected. A dynamic programming strategy [ 97] is used to optimize the
join order of SPARQL basic graph patterns.

FedX [94] is an index-free SPARQL query federation system. The
source selection relies completely on SPARQL ASK queries and a
cache. The cache is used to store recent SPARQL ASK operations for
relevant data source selection. As shown by our evaluation, the use
of this cache greatly reduces the source selection and query execution
time.

The publicly available implementation of LHD [ 100] only makes
use of the VoiD descriptions to perform source selection. The source
selection algorithm is similar to DARQ. However, it also supports
query triple patterns with unbound predicates. In such cases, LHD
simply selects all of the available data sources as relevant. This strat-
egy often overestimates the number of capable sources and can thus
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lead to high overall runtimes. LHD performs a pipeline hash join to
integrate sub-queries in parallel.

ANAPSID [ 1] is an adaptive query engine that adapts its query
execution schedulers to the data availability and runtime conditions
of SPARQL endpoints. This framework provides physical SPARQL
operators that detect when a source becomes blocked or data traf�c is
bursty. The operators produce results as quickly as data arrives from
the sources. ANAPSID makes use of both a catalog and ASK queries
along with heuristics de�ned in [ 61] to perform the source selection
step. This heuristic-based source selection can greatly reduce the total
number of triple pattern-wise selected sources.

Finally, ADERIS [ 57] is an index-only approach for adaptive inte-
gration of data from multiple SPARQL endpoints. The source selec-
tion algorithm is similar to DARQ's. However, this framework also
selects all of the available data sources for triple patterns with un-
bound predicates. ADERIS does not support several SPARQL 1.0
clauses such as UNION and OPTIONAL. For the data integration,
the framework implements the pipelined index nested loop join oper-
ator.

In the next section, we describe known variables that may impact
the performance of the federated SPARQL query engines.

3.5 performance variables

Table 6 shows known variables that may impact the behaviour of fed-
erated SPARQL query engines. According to [61], these variables can
be grouped into two categories (i.e., independent and dependent vari-
ables) that affect the overall performance of federated query SPARQL
engines. Dependent (also called observed) variables are usually the
performance metrics and are normally in�uenced by independent
variables. Dependent variables include: (1) total number of SPARQL
ASK requests used during source selection #ASK, (2) total number
of triple pattern-wise sources selected during source selection #TP

Sources , (3) source selection time, (4) overall query runtime, and ( 5)
answer set completeness.

Independent variables can be grouped into four dimensions: query,
data, platform, and endpoint [ 61]. The query dimension includes:

• the type of query (star, path, hybrid [ 77]),

• the number of basic graph patterns,

• the instantiations (bound/unbound) of tuples (subject, predi-
cate, object) of the query triple pattern,

• the selectivity of the joins between triple patterns,

• the query result set size, and use of different SPARQL clauses
along with general predicates such as rdf:type , owl:sameAs .
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Table 6: Known variables that impact the behaviour of SPARQL federated.
(#ASK = Total number of SPARQL ASK requests used during source
selection, #TP= total triple pattern-wise sources selected, SST =
Source Selection Time, QR = Query Runtime, AC = Answer Com-
pleteness, )

Independent Variables Dependent/Observed Variables

#ASK #TP Sources SST QR AC

Q
ue

ry

query plan shape 3 3 3 3 3

#basic triple patterns 3 3 3 3 3

#instantiations and their position 3 3 3 3 x

join selectivity x x x 3 x

#intermediate results x x x 3 x

answer size x x x 3 x

usage of query language expressivity 3 3 3 3 x

#general predicates 3 3 3 3 3

D
at

a

dataset size x x x 3 x

data frequency distribution x x x 3 x

type of partitioning 3 3 3 3 3

data endpoint distribution 3 3 3 3 3

P
la

tfo
rm

cache on/off 3 3 3 3 x

RAM available x x 3 3 x

#processors x x 3 3 x

E
nd

po
in

ts

#endpoints 3 3 3 3 3

endpoint type x x 3 3 x

relation graph/endpoint/instance x x x 3 3

network latency x x 3 3 3

initial delay x x 3 3 x

message size x x x 3 x

transfer distribution x x 3 3 3

answer size limit x x x 3 3

timeout x x x 3 3
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The data dimension comprises of:

• the dataset size, its type of partition (horizontal, vertical, hy-
brid), and

• the data frequency distribution (e.g., number of subject, predi-
cates and objects) etc.

The platform dimension consists of:

• use of cache,

• number of processor, and

• amount of RAM available.

The following parameters belong to the endpoints dimension:

• the number of endpoints used in the federation and their types
(e.g., Fuseki, Sesame, Virtuoso etc., and single vs. clustered server),

• the relationship between the number of instances, graphs and
endpoints of the systems used during the evaluation, and

• network latency (in case of live SPARQL endpoints) and dif-
ferent endpoint con�guration parameters such as answer size
limit, maximum resultset size etc.

In our evaluation, we measured all of the �ve dependent variables
reported in Table 6. Most of the query (an independent variable) pa-
rameters are covered by using the complete query set of both FedX
and SP2Bench. However, as pointed in [ 61], the join selectivity cannot
be fully covered due to the limitations of both FedX and SP 2Bench.
In data parameters, the data set size cannot be fully explored in
the selected SPARQL query federation benchmarks. This is because
both FedBench and SP2Bench do not contain very large datasets (the
largest dataset in these benchmarks contains solely108M triples, see
Table 8) such as Linked TCGA (20.4 billion triples 13), UniProt ( 8.4
billion triples 14) etc. We used horizontal partitioning and mirrored
a highly distributed environment to test the selected federation sys-
tems for their parallel processing capabilities. W.r.t. platform param-
eters, the effect of using a cache is measured. As shown in the ex-
periments section, the use of a cache (especially in FedX) has the
potential of greatly improving the query runtime of federation sys-
tems. The amount of available RAM is more important when dealing
with queries with large intermediate results, which are not given in
the benchmarks at hand. The number of processors used is an impor-
tant dimension to be considered in future SPARQL query federation
engines. The endpoint parameters did not play a major role in our

13 Linked TCGA: http://tcga.deri.ie/

14 UniProt: http://datahub.io/dataset/uniprotkb
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study because we used a dedicated local area network to avoid net-
work delays. An evaluation on live SPARQL endpoints with network
delay will be considered in future work. We used Virtuoso (version
20120802) SPARQL endpoints with maximum rows set to 100,000(i.e.,
we chose this value because it is greater than the answer size of all of
the queries in the selected benchmarks) and a transaction timeout of
60 seconds (which allows for all all sub-queries in the selected bench-
marks to be executed). The overall query execution timeout was set
to 30 min on the system running the federation engine. The higher
threshold is due to SPARQL endpoints requiring less time to run the
sub-queries generated by the federation engine than the federation
engine to integrate the results.

While the dependent variables source selection time, query runtime,
and answer completenessare already highlighted in [ 61], we also mea-
sured the total number of data sources selectedand total number of SPARQL
ASK requestsused during the source selection. Section 3.6 shows that
both of these additional variables have a signi�cant impact on the
performance of federated SPARQL query engines. For example, an
overestimation of the capable sources can lead through an increase
of the overall runtime due to ( 1) increased network traf�c and ( 2) un-
necessary intermediate results which are excluded after performing
all the joins between the query triple patterns. On the other hand, the
smaller the number of SPARQL ASK requests used during the source
selection, the smaller the source selection time and vice versa. Further
details of the depended and independent variables can be found at
[61].

3.6 evaluation

In this section we present the data and hardware used in our eval-
uation. Moreover, we explain the key metrics underlying our experi-
ments as well as the corresponding results.

3.6.1 Experimental setup

We used two settings to evaluate the selected federation systems.
Within the �rst evaluation, we used the query execution time as cen-
tral evaluation parameter and made use of the FedBench [92] feder-
ated SPARQL querying benchmark. In the second evaluation, we ex-
tended both FedBench and SP2Bench to simulate a highly federated
environment. Here, we focused especially on analyzing the effect of
data partitioning on the performance of federation systems. We call
this extension SlicedBenchas we created slices of each original datasets
and distributed them among data sources. All of the selected perfor-
mance metrics (explained in Section 3.6.2) remained the same for both
evaluation frameworks. We used the most recent versions (at the time
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at which the evaluation was carried out), i.e., FedX 2.0 and ANAPSID
(December 2013version). The remaining systems has no versions. All
experiments were carried out on a system (machine running federa-
tion engines) with a 2.60GHz i 5 processor,4GB RAM and 500GB hard
disk. For systems with Java implementation, we used Eclipse with de-
fault settings, i.e., Java Virtual Machine (JVM) initial memory alloca-
tion pool (Xms) size of 40MB and the maximum memory allocation
pool (Xmx) size of 512MB. The permanents generation (MaxPerm-
Size) which de�nes the memory allocated to keep compiled class �les
was also set to default size of 256MB. To minimise the network latency
we used a dedicated local network. We conducted our experiments on
local copies of Virtuoso (version 20120802) SPARQL endpoints with
number of buffers 1360000, maximum dirty buffers 1000000, number
of server threads 20, result set maximum rows 100000, and maximum
SPARQL endpoint query execution time of 60 seconds. A separate
physical virtuoso server was created for each dataset. The speci�ca-
tion of the machines hosting the virtuoso SPARQL endpoints used in
both evaluations is given in Table 7. We executed each query10 times
and present the average values in the results. The source selection
time (ref. Section 3.6.3.4) and query runtime (ref. Section 3.6.3.5) was
calculated using the function System.currentTimeMillis() (for Java
system implementations) and function time() (for Python implemen-
tations). The results of the time() was converted from seconds as �oat
to milliseconds. The accuracy of both functions is in the order of 1ms,
which does not in�uence the conclusions reached by our evaluation.
The query runtime was calculated once all the results are retrieved
and the time out was set to 30 minutes. Furthermore, the query run-
time results were analyzed statistically using Wilcoxon signed rank
test. We chose this test because it is parameter-free and does not as-
sume a particular error distribution in the data like a t-test does. For
all the signi�cance tests, we set the p-value to 0.05.

All of the data used in both evaluations along with the portable vir-
tuoso SPARQL endpoints can be downloaded from the project web-
site15.

3.6.1.1 First setting: FedBench

FedBench is commonly used to evaluate performance of the SPARQL
query federation systems [27; 61; 77; 94]. The benchmark is explic-
itly designed to represent SPARQL query federation on a real-world
datasets. The datasets can be varied according to several dimensions
such as size, diversity and number of interlinks. The benchmark queries
resemble typical requests on these datasets and their structure ranges
from simple star [ 77] and chain queries to complex graph patterns.
The details about the FedBench datasets used in our evaluation along
with some statistical information are given in Table 8.

15 https://code.google.com/p/fed-eval/
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Table 7: System's speci�cations hosting SPARQL endpoints.

Endpoint CPU(GHz) RAM Hard Disk

SW Dog Food 2.2, i3 4GB 300GB

GeoNames 2.9, i7 16GB 256GB SSD

KEGG 2.6, i5 4 GB 150GB

Jamendo 2.53, i5 4 GB 300GB

New York Times 2.3, i5 4 GB 500GB

Drugbank 2.53, i5 4 GB 300GB

ChEBI 2.9, i7 8 GB 450GB

LinkedMDB 2.6, i5 8 GB 400GB

SP2Bench 2.6, i5 8 GB 400GB

DBpedia subset 3.5.1 2.9, i7 16GB 500GB

The queries included in FedBench are divided into three categories:
Cross-domain (CD), Life Sciences (LS), Linked Data (LD). In addition,
it includes SP2Bench queries. The distribution of the queries along
with the result set sizes are given in Table 9. Details on the datasets
and various advanced statistics are provided at the FedBench project
page16.

16 http://code.google.com/p/fbench/
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In this evaluation setting, we selected all queries from CD, LS, and
LD, thus performing (to the best of our knowledge) the �rst evalua-
tion of SPARQL query federation systems on the complete benchmark
data of FedBench. It is important to note that SP2Bench was designed
with the main goal of evaluating query engines that access data kept
in a single repository. Thus, the complete query is answered by a sin-
gle data set. However, a federated query is one which collects results
from multiple data sets. Due to this reason we did not include the
SP2Bench queries in our �rst evaluation. We have included all these
queries into our SlicedBench because the data is distributed in 10 dif-
ferent data sets and each SP2Bench query span over more than one
data set, thus full-�lling the criteria of federated query.
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3.6.1.2 Second setting: Sliced Bench

As pointed out in [ 62] the data partitioning can affect the overall per-
formance of SPARQL query federation engines. To quantify this ef-
fect, we created 10 slices of each of the 10 datasets given in Table 8
and distributed this data across 10 local virtuoso SPARQL endpoints
(one slice per SPARQL endpoint). Thus, every SPARQL endpoint con-
tained one slice from each of the 10 datasets. This creates a highly
fragmented data environment where a federated query possibly had
to collect data from all of the 10 SPARQL endpoints. This characteris-
tic of the benchmark stands in contrast to FedBench where the data
is not highly fragmented. Moreover, each of the SPARQL endpoint
contained a comparable amount of triples (load balancing). To facil-
itate the distribution of the data, we used the Slice Generator tool
employed in [ 77]. This tool allows setting a discrepancy across the
slices, where the discrepancyis de�ned as the difference (in terms of
number of triples) between the largest and smallest slice:

discrepancy = max
16 i 6 M

jSi j - min
16 j 6 M

jSj j, (1)

where Si stands for the i th slice. The datasetD is partitioned ran-
domly among the slices in a way that

P

i
jSi j = jDj and 8i8j i 6= j !

jjSi j - jSj jj 6 discrepancy .
This tool generate slices based on horizental partioning of the data.

Table 10 shows the discrepancy values used for slice generation for
each of the 10 datasets. Our discrepancy value varies with the size
of the dataset. For the query runtime evaluation, we selected all of
the queries both from FedBench and SP2Bench given in Table 9: the
reason for this selection was to cover majority of the SPARQL query
clauses and types along with variable results size (from 1 to 40 mil-
lion). For each of the CD, LS, and LD queries used in SlicedBench,
the number of results remained the same as given in Table 9. Analo-
gously to FedBench, each of the SlicedBench data source is a virtuoso
SPARQL endpoint.

3.6.2 Evaluation criteria

We selected �ve metrics for our evaluation: ( 1) total triple pattern-wise
sources selected, (2) total number of SPARQL ASK requests used dur-
ing source selection, (3) answer completeness(4) source selection time(i.e.
the time taken by the process in the �rst metric), and ( 5) query execu-
tion time.

As an example, consider we have a query containing two triple
patterns. Let there are three sources capable of answering the �rst
triple pattern and four sources capable of answering summing up to
a total triple pattern-wise selected sources equal to seven.
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Table 10: Dataset slices used in SlicedBench

Collection #Slices Discrepancy

DBpedia subset 3.5.1 10 280000

GeoNames 10 600000

LinkedMDB 10 100000

Jamendo 10 30000

New York Times 10 700

SW Dog Food 10 200

KEGG 10 35000

ChEBI 10 50000

Drugbank 10 25000

SP2Bench 10 150000

An overestimation of triple pattern-wise selected sources increases
the source selection time and thus the the query execution time. Fur-
thermore, such an overestimation increases the number of irrelevant
results which are excluded after joining the results of the different
sources, therewith increasing both the network traf�c and query exe-
cution time. In the next section we explain how such overestimations
occur in the selected approaches.

3.6.3 Experimental results

3.6.3.1 Triple pattern-wise selected sources

Table 11 shows the total number of triple pattern-wise sources (TP
sources for short) selected by each approach both for the FedBench
and SlicedBench queries. ANAPSID is the most accurate system in
terms of TP sources followed by both FedX and SPLENDID whereas
similar results are achieved by the other three systems, i.e., LHD,
DARQ, and ADERIS. Both FedX and SPLENDID select the optimal
number of TP sources for individual query triple patterns. This is be-
cause both make use of ASK queries when any of the subject or object
is bound in a triple pattern. However, they do not consider whether a
source can actually contribute results after performing a join between
results with other query triple patterns. Therefore, both can overes-
timate the set of capable sources that can actually contribute results.
ANAPSID uses a catalog and ASK queries along with heuristics [ 61]
about triple pattern joins to reduce the overestimation of sources.
LHD (the publicly available version), DARQ, and ADERIS are index-
only approaches and do not use SPARQL ASK queries when any of
the subject or object is bound. Consequently, these three approaches
tend to overestimate the TP sources per individual triple pattern. It
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Table 11: Comparison of triple pattern-wise total number of sources selected
for FedBench and SlicedBench. NS stands for “not supported”, RE
for “runtime error”, SPL for SPLENDID, ANA for ANAPSID and
ADE for ADERIS. Key results are in bold .

FedBench SlicedBench

Query FedX SPL LHD DARQ ANA ADE Query FedX SPL LHD DARQ ANA ADE

CD1 11 11 28 NS 3 NS CD1 17 17 30 NS 8 NS

CD2 3 3 10 10 3 10 CD2 12 12 24 24 12 24

CD3 12 12 20 20 5 20 CD3 31 31 38 38 31 38

CD4 19 19 20 20 5 20 CD4 32 32 34 34 32 34

CD5 11 11 11 11 4 11 CD5 19 19 19 19 9 19

CD6 9 9 10 10 10 10 CD6 31 31 40 40 31 40

CD7 13 13 13 13 6 13 CD7 40 40 40 40 40 40

Total 78 78 112 84 36 84 Total 182 182 225 195 163 195

LS1 1 1 1 1 1 NS LS1 3 3 3 3 3 NS

LS2 11 11 28 NS 12 NS LS2 16 16 30 NS 16 NS

LS3 12 12 20 20 5 20 LS3 19 19 26 26 19 26

LS4 7 7 15 15 7 15 LS4 25 25 27 27 14 27

LS5 10 10 18 18 7 18 LS5 30 30 37 37 20 37

LS6 9 9 17 17 5 17 LS6 19 19 27 27 17 27

LS7 6 6 6 6 7 NS LS7 13 13 13 13 13 NS

Total 56 56 105 77 44 70 Total 125 125 163 133 102 117

LD1 8 8 11 11 3 11 LD1 10 10 29 29 3 29

LD2 3 3 3 3 3 3 LD2 20 20 28 28 20 28

LD3 16 16 16 16 4 16 LD3 30 30 39 39 13 39

LD4 5 5 5 5 5 5 LD4 30 30 47 47 5 47

LD5 5 5 13 13 3 13 LD5 15 15 24 24 15 24

LD6 14 14 14 14 14 14 LD6 38 38 38 38 38 38

LD7 3 3 4 4 2 4 LD7 12 12 20 20 12 20

LD8 15 15 15 15 9 15 LD8 27 27 27 27 16 27

LD9 3 3 6 6 3 6 LD9 7 7 17 17 7 17

LD10 10 10 11 11 3 11 LD10 23 23 23 23 23 23

LD11 15 15 15 15 5 15 LD11 31 31 32 32 31 32

Total 108 108 119 122 54 119 Total 243 243 324 324 183 324

SP2B-1 10 10 28 28 NS 28

SP2B-2 90 90 92 92 RE NS

SP2B-3a 13 13 19 NS 13 19

SP2B-4 52 52 66 66 52 66

SP2B-5b 40 40 50 50 40 50

SP2B-6 68 68 72 72 18 NS

SP2B-7 100 100 104 NS 64 NS

SP2B-8 91 91 102 102 NS NS

SP2B-9 40 40 40 NS 40 NS

SP2B-10 7 7 10 NS 7 10

SP2B-11 10 10 10 10 10 NS

Total 521 521 593 420 244 173

Net Total 242 242 336 283 134 273 Net Total 1071 1071 1305 1072 692 809
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is important to note that DARQ does not support queries where any
of the predicates in a triple pattern is unbound (e.g., CD 1, LS2) and
ADERIS does not support queries which feature FILTER or UNION
clauses (e.g., CD1, LS1, LS2, LS7). In case of triple patterns with un-
bound predicates (such as CD1, LS2) both LHD and ADERIS simply
select all of the available sources as relevant. This overestimation can
signi�cantly increase the overall query execution time.

The effect overestimation can be clearly seen by taking a �ne-granular
look at how the different systems process FedBench query CD3 given
in Listing 4. The optimal number of TP sources for this query is 5.
This query has a total of �ve triple patterns. To process this query,
FedX sends a SPARQL ASK query to all of the 10benchmark SPARQL
endpoints for each of the triple pattern summing up to a total of 50
(5*10) SPARQL ASK operations. As a result of these operations, only
one source is selected for each of the �rst four triple pattern while
eight sources are selected for last one, summing up to a total of 12
TP sources. SPLENDID utilizes its index and ASK queries for the
�rst three and index-only for last two triple pattern to select exactly
the same number of sources selected by FedX. LHD, ADERIS, and
DARQ only makes use of predicate lookups in their catalogs to se-
lect nine sources for the �rst, one source each for the second, third,
fourth, and eighth for the last triple pattern summing up to a total
of 20 TP sources. The later three approaches overestimate the num-
ber of sources for �rst triple pattern by 8 sources. This is due to the
predicate rdf:type being likely to be used in all of RDF datasets.
However, triples with rdf:type as predicate and the bound object
dbp:President are only contained in the DBpedia subset of FedBench.
Thus, the only relevant data source for the �rst triple pattern is DBpe-
dia subset. Interestingly, even FedX and SPLENDID overestimate the
number of data sources that can contribute for the last triple pattern.
There are eight FedBench datasets which containowl:sameAs predi-
cate. However, only one (i.e., New York Times) can actually contribute
results after a join of the last two triple patterns is carried out. ANAP-
SID makes use of a catalog and SPARQL-ASK-assisted Star Shaped
Group Multiple (SSGM) endpoint selection heuristic [ 61] to select the
optimal (i.e., �ve) TP sources for this query. However, ANAPSID also
overestimates the TP sources in some cases. For query CD6 of Fed-
Bench, ANAPSID selected a total of 10 TP sources while only 4 is the
optimal sources that actually contributes to the �nal result set. This
behaviour leads us to our �rst insight: Optimal TP source selection
is not suf�cient to detect the optimal set of sources that should be
queried.

In the SlicedBench results, we can clearly see the TP values are in-
creased for each of the FedBench queries which mean a query spans
more data sources, thus simulating a highly fragmented environment
suitable to test the federation system for effective parallel query pro-

[ 21. Mai 2016at 23:41 – classicthesis version 4.1 ]



48 state of the art

1 SELECT ? pres ident ? party ?page
2 WHERE {
3 ? pres ident rd f : type dbp : Pres ident .
4 ? pres ident dbp : n a t i o n a l i t y dbp : US .
5 ? pres ident dbp : party ? party .
6 ?x nyt : topicPage ?page .
7 ?x owl#sameAs ? pres ident .
8 }

Listing 4: FedBench CD3. Pre�xes are ignored for simplicity

cessing. The highest number of TP sources are reported for the sec-
ond SP2Bench query where up to a total of 92 TP sources are selected.
This query contains 10 triple patterns and index-free approaches (e.g.,
FedX) need 100 (10*10) SPARQL ASK queries to perform the source
selection operation. Using SPARQL ASK queries with no caching for
such a highly federated environment can be very expensive. From
the results shown in Table 11, it is noticeable that hybrid (catalog +
SPARQL ASK) source selection approaches (ANAPSID, SPLENDID)
perform an more accurate source selection than index/catalog-only
approaches (i.e., DARQ, LHD, and ADERIS).

3.6.3.2 Number of SPARQL ASK requests

Table 12 shows the total number of SPARQL ASK requests used to
perform source selection for each of the queries of FedBench and
SlicedBench. Index-only approaches (DARQ, ADERIS, LHD) only make
use of their index to perform source selection. Therefore, they do not
necessitate any ASK requests to process queries. As mention before,
FedX only makes use of ASK requests (along with a cache) to perform
source selection. The results presented in Table12 are for FedX(cold
or �rst run), where the FedX cache is empty. This is basically the
lower bound of the performance of FedX. For FedX( 100% cached),
the complete source selection is performed by using cache entries
only. Hence, in that case, the number of SPARQL ASK requests is zero
for each query. This is the upper bound of the performance of FedX
on the data at hand. The results clearly shows that index-free (e.g.,
FedX) approaches can be very expensive in terms of SPARQL ASK
requests used. This can greatly affect the source selection time and
overall query execution time if no cache is used. Both for FedBench
and SlicedBench, SPLENDID is the most ef�cient hybrid approach in
terms of SPARQL ASK requests consumed during source selection.

For SlicedBench, all data sources are likely contains the same set of
distinct predicates (because each data source contains at least one
slice from each data dump). Therefore, the index-free and hybrid
source selection approaches are bound to consume more SPARQL
ASK requests. It is important to note that ANAPSID combines more
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Table 12: Comparison of number of SPARQL ASK requests used for source
selection both in FedBench and SlicedBench. NS stands for “not
supported”, RE for “runtime error”, SPL for SPLENDID, ANA for
ANAPSID and ADE for ADERIS. Key results are in bold .

FedBench SlicedBench

Query FedX SPL LHD DARQ ANA ADE Query FedX SPL LHD DARQ ANA ADE

CD1 27 26 0 NS 20 NS CD1 30 30 0 NS 25 NS

CD2 27 9 0 0 1 0 CD2 30 20 0 0 29 0

CD3 45 2 0 0 2 0 CD3 50 20 0 0 46 0

CD4 45 2 0 0 3 0 CD4 50 10 0 0 34 0

CD5 36 1 0 0 1 0 CD5 40 10 0 0 14 0

CD6 36 2 0 0 11 0 CD6 40 10 0 0 40 0

CD7 36 2 0 0 5 0 CD7 40 10 0 0 40 0

Total 252 44 0 0 43 0 Total 280 110 0 0 228 0

LS1 18 0 0 0 0 NS LS1 20 0 0 0 3 NS

LS2 27 26 0 NS 30 NS LS2 30 30 0 NS 30 NS

LS3 45 1 0 0 13 0 LS3 50 10 0 0 30 0

LS4 63 2 0 0 1 0 LS4 70 20 0 0 15 0

LS5 54 1 0 0 4 0 LS5 60 10 0 0 27 0

LS6 45 2 0 0 13 0 LS6 50 20 0 0 26 0

LS7 45 1 0 0 2 NS LS7 50 10 0 0 12 NS

Total 297 33 0 0 63 0 Total 330 100 0 0 143 0

LD1 27 1 0 0 1 0 LD1 30 10 0 0 12 0

LD2 27 1 0 0 0 0 LD2 30 10 0 0 29 0

LD3 36 1 0 0 2 0 LD3 40 10 0 0 23 0

LD4 45 2 0 0 0 0 LD4 50 20 0 0 25 0

LD5 27 2 0 0 2 0 LD5 30 20 0 0 32 0

LD6 45 1 0 0 12 0 LD6 50 10 0 0 38 0

LD7 18 2 0 0 4 0 LD7 20 10 0 0 20 0

LD8 45 1 0 0 7 0 LD8 50 10 0 0 19 0

LD9 27 5 0 0 3 0 LD9 30 20 0 0 17 0

LD10 27 2 0 0 4 0 LD10 30 10 0 0 23 0

LD11 45 1 0 0 2 0 LD11 50 10 0 0 32 0

Total 369 19 0 0 37 0 Total 410 140 0 0 270 0

SP2B-1 30 20 0 0 NS 0

SP2B-2 100 10 0 0 RE NS

SP2B-3a 20 10 0 NS 10 0

SP2B-4 80 20 0 0 66 0

SP2B-5b 50 20 0 0 50 0

SP2B-6 90 20 0 0 37 NS

SP2B-7 130 30 0 NS 62 NS

SP2B-8 100 20 0 0 NS NS

SP2B-9 40 20 0 NS 20 NS

SP2B-10 10 10 0 NS 10 0

SP2B-11 10 0 0 0 10 NS

Total 660 180 0 0 265 0

Net Total 918 96 0 0 143 0 Net Total 1680 530 0 0 906 0
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than one triple pattern into a single SPARQL ASK query. The time
required to execute these more complex SPARQL ASK operations are
generally higher than SPARQL ASK queries having a single triple
pattern as used in FedX and SPLENDID. Consequently, even though
ANAPSID require less SPARQL ASK requests for many of the Fed-
Bench queries, its source selection time is greater than all other se-
lected approaches. This behaviour will be further elaborated upon
in the subsequent section. Tables11 and 12 clearly show that using
SPARQL ASK queries for source selection leads to an ef�cient source
selection in terms of TP sources selected. However, in the next sec-
tion we will see that they increase both source selection and overall
query runtime. A smart source selection approach should select fewer
number of TP sources while using minimal number of SPARQL ASK
requests.

3.6.3.3 Answer compeleteness

As pointed in [ 61], an important criterion in performance evaluation
of the federated SPARQL query engines is the result set completeness.
Two or more engines are only comparable to each other if they pro-
vide the same result set for a given query. A federated engine may
miss results due to various reasons including the type of source selec-
tion used, the use of an outdated cache or index, the type of network,
the endpoint result size limit or even the join implementation. In our
case, the sole possible reason for missing results across all six engines
is the join implementation as all of the selected engines overestimate
the set of capable sources (i.e., they never generate false negatives
w.r.t. the capable sources), the cache, index are always up-to-date, the
endpoint result size limit is greater than the query results and we
used a local dedicated network with negligible network delay. Table
13 shows the queries and federated engines for which we did not
receive the complete results. As an overall answer completeness eval-
uation, only FedX is always able to retrieve complete results. It is im-
portant to note that these results are directly connected to the answer
completeness results presented in survey Table 4; which shows only
FedX is able to provide complete results among the selected systems.
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3.6.3.4 Source selection time

Figure 6 to Figure 12 show the source selection time for each of the
selected approaches and for both FedBench and SlicedBench. Com-
pared to the TP results, the index-only approaches require less time
than the hybrid approaches even though they overestimated the TP
sources in comparison with the hybrid approaches. This is due to
index-only approaches not having to send any SPARQL ASK queries
during the source selection process. The index being usually pre-
loaded into the memory before the query execution means that the
runtime the predicate look-up in index-only approaches is minimal.
Consequently, we observe a trade-off between the intelligent source
selection and the time required to perform this process. To reduce
the costs associated with ASK operations, FedX implements a cache
to store the results of the recent SPARQL ASK operations. Our source
selection evaluation results show that source selection time of FedX
with cached entries is signi�cantly smaller than FedX's �rst run with
no cached entries.

As expected the source selection time for FedBench queries is smaller
than that for SlicedBench, particularly in hybrid approaches. This is
because the number of TP sources for SlicedBench queries are in-
creased due to data partitioning. Consequently, the number of SPARQL
ASK requests grows and increases the overall source selection time.
As mentioned before, an overestimation of TP sources in highly fed-
erated environments can greatly increase the source selection time.
For example, consider query LD4. SPLENDID selects the optimal
(i.e., �ve) number of sources for FedBench and the source selection
time is 218 ms. However, it overestimates the number of TP sources
for SlicedBench by selecting 30 instead of 5 sources. As a result, the
source selection time is signi�cantly increased to 1035ms which di-
rectly affects the overall query runtime. The effect of such overestima-
tion is even worse in SP2B-2 and SP2B-4 queries for the SlicedBench.

Lessons learned from the evaluation of the �rst three metrics is that
using ASK queries for source selection leads to smart source selection
in term of total TP sources selected. On the other hand, they signi�-
cantly increase the overall query runtime where no caching is used.
FedX makes use of an intelligent combination of parallel ASK query
processing and caching to perform the source selection process. This
parallel execution of SPARQL ASK queries is more time-ef�cient than
the ASK query processing approaches implemented in both ANAP-
SID and SPLENDID. Nevertheless, the source selection of FedX could
be improved further by using heuristics such as ANAPSID's to reduce
the overestimation of TP sources.
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Figure 6: Comparison of source selection time: FedBench CD queries

Figure 7: Comparison of source selection time: SlicedBench CD queries

Figure 8: Comparison of source selection time: FedBench LS queries
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Figure 9: Comparison of source selection time: SlicedBench LS queries

Figure 10: Comparison of source selection time: FedBench LD queries

Figure 11: Comparison of source selection time: SlicedBench LD queries

Figure 12: Comparison of source selection time: SlicedBench SP2Bench
queries.
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3.6.3.5 Query execution time

Figure 13 to Figure 19 show the query execution time for both exper-
imental setups. The negligibly small standard deviation error bars
(shown on top of each bar) indicate that the data points tend to
be very close to the mean, thus suggest a high consistency of the
query runtimes in most frameworks. As an overall query execution
time evaluation, FedX(cached) outperforms all of the remaining ap-
proaches in majority of the queries. FedX(cached) is followed by FedX(�rst
run) which is further followed by LHD, SPLENDID, ANAPSID, ADERIS,
and DARQ. Deciding between DARQ and ADERIS is not trivial be-
cause the latter does not produce results for most of the queries. The
exact number of queries by which one system is better than other is
given in the next section (ref. Section 3.7.1). Furthermore, the number
of queries by which one system signi�cantly outperform other (using
Wilcoxon signed rank test) is also given in the next section.

Interestingly, while ANAPSID ranks �rst (among the selected sys-
tems) in terms of triple pattern-wise sources selected results, it ranks
fourth in terms of query execution performance. There are a couple
of reason for this: (1) ANAPSID does not make use of cache. As a
result, it spends more time ( 8ms for FedX and 1265 ms for ANAP-
SID on average over both setups) performing source selection, which
worsens its query execution time and ( 2) Bushy tress (used in ANAP-
SID) only perform better than left deep trees (used in FedX) when the
queries are more complex and triple patterns joins are more selective
[43; 4]. However, the FedBench queries (excluding SP2Bench) are not
very selective and are rather simple, e.g., triple patterns in a query
ranges from 2 to 7. In addition, the query result set sizes are small ( 10
queries whose resultset size smaller than 16) and the average query
execution is small (about 3 seconds on average for FedX over both se-
tups). The SP2Bench queries are more complex and the resultset sizes
are large. However, the selected systems were not able to execute ma-
jority of the SP2Bench queries. It would be interesting to compare
these systems on more complex and Big Data benchmark. The use of
a cache improves FedX's performance by 10.5% in the average query
execution for FedBech and 4.14% in SlicedBench.

The effect of the overestimation of the TP sources on query exe-
cution can be observed on the majority of the queries for different
systems. For instance, for FedBench's LD4 query SPLENDID selects
the optimal number of TP sources (i.e., �ve) and the query execution
time is 318 ms of which 218 ms are used for selecting sources. For
SlicedBench, SPLENDID overestimates the TP sources by25 (i.e., se-
lects 30 instead of 5 sources), resulting in a query execution of 10693
ms, of which 1035ms are spent in the source selection process. Con-
sequently, the pure query execution time of this query is only 100
ms for FedBench (318-218) and 9659ms (10693-1035) for SlicedBench.
This means that an overestimation of TP sources does not only in-
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Figure 13: Comparison of query execution time: FedBench CD queries

Figure 14: Comparison of query execution time: SlicedBench CD queries

Figure 15: Comparison of query execution time: FedBench LS queries
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Figure 16: Comparison of query execution time: SlicedBench LS queries

Figure 17: Comparison of query execution time: FedBench LD queries

Figure 18: Comparison of query execution time: SlicedBench LD queries

Figure 19: Comparison of query execution time: SlicedBench SP2Bench
queries
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crease the source selection time but also produces results which are
excluded after performing join operation between query triple pat-
terns. These retrieval of irrelevant results increases the network traf�c
and thwarts the query execution plan. For example, both FedX and
SPLENDID considered 285412irrelevant triples due to the overesti-
mation of 8 TP sources only for owl : sameAs predicate in CD 3 of
FedBench. Another example of TP source overestimation can seen in
CD1, LS2. LHD's overestimation of TP sources on SlicedBench (e.g.,
22 for CD 1, 14 for LS2) leads to its query execution time jumping
from 3670.9 ms to 41586.3 ms for CD1 and 427 ms to 34418.3 ms for
LS2.

In queries such as CD4, CD6, LS3, LD11 and SP2B-11 we observe
that the query execution time for DARQ is more than 2 minutes. In
some cases, it even reaches the30 minute timeout used in our exper-
iments. The reason for this behaviour is that the simple nested loop
join it implements over�oods SPARQL endpoints by submitting too
many endpoint requests. FedX overcomes this problem by using a
block nested loop join where the number of endpoints requests are
dependent upon the block size. Furthermore, we can see that many
systems do not produce results for SP2Bench queries. A possible rea-
son for this is the fact that SP2Bench queries contain up to 10 triple
patterns with different SPARQL clauses such as DISTINCT, ORDER
BY, and complex FILTERS.

3.6.3.6 Overall performance evaluation

The comparison of the overall performance of each approach is sum-
marised in Figure 20, where we show the average query execution
time for the queries in CD, LS, LD, and SP2Bench sub-groups. As
an overall performance evaluation based on FedBench, FedX(cached)
outperformed FedX(�rst run) on all of the 25 queries. FedX(�rst run)
in turn outperformed LHD on 17 out of 22 commonly supported
queries (LHD retrieve zero results for three queries). LHD is better
than SPLENDID in 13 out of 22 comparable queries. SPLENDID out-
performed ANAPSID in 15 out of 24 queries while ANAPSID out-
performs DARQ in 16 out of 22 commonly supported queries. For
SlicedBench, FedX(cached) outperformed FedX(�rst run) in 29 out of
36 comparable queries. In turn FedX(�rst run) outperformed LHD in
17 out of 24 queries. LHD is better than SPLENDID in 17 out of 24
comparable queries. SPLENDID outperformed ANAPSID in 17out of
26 which in turn outperformed DARQ in 12 out of 20 commonly sup-
ported queries. No results were retrieved for majority of the queries
in case of ADERIS, hence not included to this section. All of the above
improvements are signi�cant based on Wilcoxon signed ranked test
with signi�cance level set to 0.05.
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Figure 20: Overall performance evaluation (ms)

3.7 discussion

The subsequent discussion of our �ndings can be divided into two
main categories.

3.7.1 Effect of the source selection time

To the best of our knowledge, the effect of the source selection run-
time has not been considered in SPARQL query federation system
evaluations [1; 27; 61; 73; 94] so far. However, after analysing all of
the results presented above, we noticed that this metric greatly affects
the overall query execution time. To show this effect, we compared
the pure query execution time (excluding source selection time). To
calculate the pure query execution time, we simply subtracted the
source selection time from the overall query execution and plot the
execution time.

We can see that the overall query execution time (including source
selection ) of SPLENDID is better than FedX(cached) in only one out
of the 25 FedBench queries. However, our pure query execution re-
sults suggests that SPLENDID is better in 8 out of the 25 queries in
terms of the pure query execution time. This means that SPLENDID
is slower than FedX (cached) in 33% of the queries only due to the
source selection process. Furthermore, our results also suggest that
the use of SPARQL ASK queries for source selection is expensive with-
out caching. On average, SPLENDID's source selection time is235ms
for FedBench and 591 ms in case of SlicedBench. On the other hand,
FedX (cached)'s source selection time is8ms for both FedBench and
SlicedBench. ANAPSID average source selection time for FedBench
is 507 ms and 2014ms for SlicedBench which is one of the reason of
ANAPSID poor performance as compare to FedX (cached).
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Figure 21: Comparison of pure (without source selection time) query execu-
tion time: FedBench CD queries

Figure 22: Comparison of pure (without source selection time) query execu-
tion time: SlicedBench CD queries

Figure 23: Comparison of pure (without source selection time) query execu-
tion time: FedBench LS queries
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Figure 24: Comparison of pure (without source selection time) query execu-
tion time: SlicedBench LS queries

Figure 25: Comparison of pure (without source selection time) query execu-
tion time: FedBench LD queries

Figure 26: Comparison of pure (without source selection time) query execu-
tion time: SlicedBench LD queries
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3.7.2 Effect of the data partitioning

In our SlicedBench experiments, we extended FedBench to test the
federation systems behaviour in highly federated data environment.
This extension can also be utilized to test the capability of parallel ex-
ecution of queries in SPARQL endpoint federation system. To show
the effect of data partioning, we calculated the average for the query
execution time of LD, CD, and LS for both the benchmarks and com-
pared the effect on each of the selected approach. The performance of
FedX(cached) and DARQ is improved with partitioning while the per-
formance of FedX(�rst run), SPLENDID, ANAPSID, and LHD is re-
duced. As an overall evaluation result, FedX(�rst run)'s performance
is reduced by 214%, FedX(cached)'s is reduced199%, SPLENDID's
is reduced by 227%, LHD's is reduced by 293%, ANAPSID's is re-
duced by 382%, and interestingly DARQ's is improved by 36%. This
results suggest that FedX is the best system in terms of parallel exe-
cution of queries, followed by SPLENDID, LHD, and ANAPSID. The
performance improvement for DARQ occurs due to the fact that the
over�ooding of endpoints with too many nested loop requests to a
particular endpoint is now reduced. This reduction is due to the dif-
ferent distribution of the relevant results among many SPARQL end-
points. One of the reasons for the performance reduction in LHD is
its signi�cant overestimation of TP sources in SlicedBench. The reduc-
tion of both SPLENDID's and ANAPSID's performance is due to an
increase in ASK operations in SlicedBench and due to the increase in
triple pattern-wise selected sources which greatly affects the overall
performance of the systems when no cache used.
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(a) FedX(�rst run) (b) FedX(cached)

(c) SPLENDID (d) LHD

(e) ANAPSID (f) DARQ

Figure 27: Effect of the data partitioning
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