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ABSTRACT
The widespread adoption of the Resource Description Framework
(RDF) for the representation of both open web and enterprise data
is the driving force behind the increasing research interest in RDF
data management. As RDF data management systems proliferate,
so are benchmarks to test the scalability and performance of these
systems under data and workloads with various characteristics.

In this paper, we compare data generated with existing RDF
benchmarks and data found in widely used real RDF datasets. The
results of our comparison illustrate that existing benchmark data
have little in common with real data. Therefore any conclusions
drawn from existing benchmark tests might not actually translate
to expected behaviours in real settings. In terms of the compar-
ison itself, we show that simple primitive data metrics are inad-
equate to flesh out the fundamental differences between real and
benchmark data. We make two contributions in this paper: (1) To
address the limitations of the primitive metrics, we introduce intu-
itive and novel metrics that can indeed highlight the key differences
between distinct datasets; (2) To address the limitations of exist-
ing benchmarks, we introduce a new benchmark generator with the
following novel characteristics: (a) the generator can use any (real
or synthetic) dataset and convert it into a benchmark dataset; (b)
the generator can generate data that mimic the characteristics of
real datasets with user-specified data properties. On the technical
side, we formulate the benchmark generation problem as a linear
programming problem whose solution provides us with the desired
benchmark datasets. To our knowledge, this is the first method-
ological study of RDF benchmarks, as well as the first attempt on
generating RDF benchmarks in a principled way.

1. INTRODUCTION
The RDF (Resource Description Framework) [21] is quickly be-

coming the de-facto standard for the representation and exchange
of information. This is nowhere more evident than in the recent
Linked Open Data (LOD) [7] initiative where data from varying do-
mains like geographic locations, people, companies, books, films,
scientific data (genes, proteins, drugs), statistical data, and the like,
are interlinked to provide one large data cloud. As of October
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2010, this cloud consists of around 200 data sources contributing
a total of 25 billion RDF triples. The acceptance of RDF is not
limited, however, to open data that are available on the web. Gov-
ernments (most notably from US [12] and UK [13]) are adopting
RDF. Many large companies and organizations are using RDF as
the business data representation format, either for semantic data in-
tegration (e.g., Pfizer [18]), search engine optimization and better
product search (e.g., Best Buy [6]), or for representation of data
from information extraction (e.g., BBC [5]). Indeed, with Google
and Yahoo promoting the use of RDF for search engine optimiza-
tion, there is clearly incentive for its growth on the web.

One of the main reasons for the widespread acceptance of
RDF is its inherent flexibility: A diverse set of data, ranging
from structured data (e.g., DBLP [17]) to unstructured data (e.g.,
Wikipedia/DBpedia [8]), can all be represented in RDF. Tradi-
tionally, the structuredness of a dataset is one of the key con-
siderations while deciding an appropriate data representation for-
mat (e.g., relational for structured and XML for semi-structured
data). The choice, in turn, largely determines how we organize
data (e.g., dependency theory and normal forms for the relational
model [2], and XML [4]). It is of central importance when deciding
how to index it (e.g., B+-tree indexes for relational and numbering
scheme-based indexes for XML [22]). Structuredness also influ-
ences how we query the data (e.g., using SQL for the relational
and XPath/XQuery for XML). In other words, data structuredness
permeates every aspect of data management and accordingly the
performance of data management systems is commonly measured
against data with the expected level of structuredness (e.g., the
TPC-H [26] benchmark for relational and the XMark [28] bench-
mark for XML data). The main strength of RDF is precisely that
it can be used to represent data across the full spectrum of struc-
turedness, from unstructured to structured. This flexibility of RDF,
however, comes at a cost. By blurring the structuredness lines, the
management of RDF data becomes a challenge since no assump-
tions can be made a-priori by an RDF DBMS as to what type(s)
of data it is going to manage. Unlike the relational and XML case,
an RDF DBMS has the onerous requirement that its performance
should be tested against very diverse data sets (in terms of struc-
turedness).

A number of RDF data management systems (a.k.a. RDF
stores) are currently available, with Sesame [10], Virtuoso [14],
3Store [16], and Jena [19], being some of the most notable ones.
There are also research prototypes supporting the storage of RDF
over relational (column) stores, with SW-Store [1] and RDF-
3X [20] being the most notable representatives. To test the per-
formance of these RDF stores, a number of RDF benchmarks
have also been developed, namely, BSBM [9], LUBM [15], and
SP2Bench [23]. For the same purposes of testing RDF stores, the



use of certain real datasets has been popularized (e.g., the MIT Bar-
ton Library dataset [25]). While the focus of existing benchmarks
is mainly on the performance of the RDF stores in terms of scal-
ability (i.e., the number of triples in the tested RDF data), a nat-
ural question to ask is which types of RDF data these RDF stores
are actually tested against. That is, we want to investigate: (a)
whether existing performance tests are limited to certain areas of
the structuredness spectrum; and (b) what are these tested areas in
the spectrum. The results of this investigation constitute one of our
key contributions. Specifically, we show that (i) the structuredness
of each benchmark dataset is practically fixed; (ii) even if a store is
tested against the full set of available benchmark data, these tests
cover only a small portion of the structuredness spectrum. How-
ever, we show that many real RDF datasets lie in currently untested
parts of the spectrum.

These two points provide the motivation for our next contribu-
tion. To expand benchmarks to cover the structuredness spectrum,
we introduce a novel benchmark data generator with the following
unique characteristics: Our generator accepts as input any dataset
(e.g., a dataset generated from any of the existing benchmarks, or
any real data set) along with a desired level of structuredness and
size, and uses the input dataset as a seed to produce a dataset with
the indicated size and structuredness. Our data generator has sev-
eral advantages over existing ones. The first obvious advantage is
that our generator offers complete control over both the structured-
ness and the size of the generated data. Unlike existing benchmark
generators whose data domain and accompanying queries are fixed
(e.g., LUBM considers a schema which includes Professors, Stu-
dents and Courses, and the like, along with 14 fixed queries over
the generated data), our generator allows users to pick their dataset
and queries of choice and methodically create a benchmark out of
them. By fixing an input dataset and output size, and by changing
the value of structuredness, a user can test the performance of a sys-
tem across any desired level of structuredness. At the same time, by
considering alternative dataset sizes, the user can perform scalabil-
ity tests similar to the ones performed by the current benchmarks.
By offering the ability to perform all the above using a variety of in-
put datasets (and therefore a variety of data and value distributions,
as well as query workloads), our benchmark generator can be used
for extensive system testing of a system’s performance along mul-
tiple independent dimensions.

Aside from the practical contributions in the domain of RDF
benchmarking, there is a clear technical side to our work. In more
detail, the notion of structuredness has been presented up to this
point in a rather intuitive manner. In Section 3, we offer a formal
definition of structuredness and we show how the structuredness of
a particular set can be measured. The generation of datasets with
varying sizes and levels of structuredness poses its own challenges.
As we show, one of the main challenges is due to the fact that there
is an interaction between data size and structuredness: altering
the size of a dataset can affect its structuredness, and correspond-
ingly altering the structuredness of a dataset can affect its size. So,
given an input dataset and a desired size and structuredness for an
output dataset, we cannot just randomly add/remove triples in the
input dataset until we reach the desired output size. Such an ap-
proach provides no guarantees as to the structuredness of the out-
put dataset and is almost guaranteed to result in an output dataset
with structuredness which is different from the one desired. Sim-
ilarly, we cannot just adjust the structuredness of the input dataset
until we reach the desired level, since this process again is almost
guaranteed to result in a dataset with incorrect size. In Section 4,
we show that the solution to our benchmark generation problem
comes in the form of two objective functions, one for structured-

ness and one for size, and in a formulation of our problem as an
integer programming problem.

To summarize, our main contributions are as follows:
• To our knowledge, this is the first study of the characteristics of
(real and benchmark) RDF datasets. Given the increasing popular-
ity of RDF, our study provides a first glimpse on the wide spectrum
of RDF data, and can be used as the basis for the design, develop-
ment and evaluation of RDF data management systems.
•We introduce the formal definition of structuredness and propose
its use as one of the main metrics for the characterization of RDF
data. Through an extensive set of experiments, we show that more
primitive metrics, although useful, are inadequate for differentiat-
ing datasets in terms of their structuredness. Using our structured-
ness metrics, we show that existing benchmarks cover only a small
range of the structuredness spectrum, which has little overlap with
the spectrum covered by real RDF data.
• We develop a principled, general technique to generate an RDF
benchmark dataset that varies independently along the dimensions
of structuredness and size. We show that unlike existing bench-
mark, our benchmark generator can output datasets that resemble
real datasets not only in terms of structredness, but also in terms of
content. This is feasible since our generator can use any dataset as
input (real or synthetic) and generate a benchmark out of it.

The rest of the paper is organized as follows: In the next section,
we review the datasets used in our study, and present an extensive
list of primitive metrics over them. Then, in Section 3 we introduce
our own structuredness metrics, and we compute the structured-
ness for all our datasets and contrasts our metrics with the primitive
ones. In Section 4, we present our own benchmark generator, and
the paper concludes in Section 5 with a summary of our results and
a discussion of our future directions.

2. DATASETS
In this section, we present briefly each dataset used in our bench-

mark study. For each dataset, we only considered their RDF rep-
resentation, without any RDFS inferencing. In the presentation,
we distinguish between real datasets and benchmark (synthetically
generated) datasets. At the end of the section, we also offer an
initial set of primitive metrics that we computed for the selected
datasets. These will illustrate the need for a more systematic set of
structuredness metrics.

2.1 Real datasets
� DBpedia: The DBpedia dataset [8] is the result of an effort to
extract structured information from Wikipedia. The dataset con-
sists of approximately 150 million triples (22 GB), and the entities
stored in the triples come from a wide range of data types, includ-
ing Person, Film, (Music) Album, Place, Organization, etc. In terms
of properties, the generic wikilink property is the one with the most
instantiations. Given the variety of entities stored in the dataset, a
wide range of queries can be evaluated over it, but there is no clear
set of representative queries.

DBpedia comes with many different type systems. One com-
monly used type system is a subset of the YAGO [29] ontology, and
uses approximately 5000 types from YAGO. We report this dataset
as DBpedia-Y. The other is a broader type system that includes
types from the DBpedia ontology, with approximately 150,000
types. We refer to this as DBpedia-B (for Base). Later on, while
reporting metrics, some will depend on the type system (e.g., in-
stances per type), whereas others will be type system-independent
(e.g., the number of triples in the dataset). For the latter set of met-
rics, we will just refer to DBpedia (without a type system qualifier).



� UniProt: The UniProt [3] dataset contains information about
proteins and the representation of the dataset in RDF consists of
approximately 1.6 billion triples (280 GB). The dataset consists of
instances mainly from type Resource (for a life science resource)
and Sequence (for amino acid sequences), as well as instances of
type Cluster (for clusters of proteins with similar sequences) and
of course type Protein. The most instantiated properties, namely
properties created and modified, record the creation and modifica-
tion dates of resources. The UniProt datasets contained a number
of reified RDF statements which can give us an inaccurate picture
of the actual statistics on the data. We therefore consider only the
non-reified statements in our analysis (as is the case with all our
datasets).

� YAGO: The YAGO [24, 29] ontology brings together knowl-
edge from both Wikipedia and Wordnet and currently the dataset
consists of 19 million triples (2.4GB). Types like WordNet_Person
and WordNet_Village are some of the most instantiated, as are prop-
erties like describes. In terms of a query load, Neumann and
Weikum [20] provide 8 queries over the YAGO dataset that they
use to benchmark the RDF-3X system.

� Barton Library Dataset: The Barton library dataset [25] con-
sists of approximately 45 million RDF triples (5.5 GB) that are
generated by converting the Machine Readable Catalog (MARC)
data of the MIT Libraries Barton catalog to RDF. Some of the most
instantiated data types in the dataset are Record and Item, the latter
being associated with instances of type Person and with instances
of Description. The more primitive Title and Date type are the most
instantiated, while in terms of properties, the generic value property
is the one appearing in most entities. In terms of queries, the work
of Abadi et al. [1] considers 7 queries as a representative load for
the dataset.

dataset, the queries are surprisingly expressed in SQL. Another
interesting observation is that all 7 queries involve grouping and
aggregation, features that are not currently supported by SPARQL,
the most popular query language for RDF.

� WordNet: The RDF representation [27] of the well-known
WordNet dataset was also used in our study, which currently
consists of 1.9 million triples (300MB). In the dataset, the
NounWordSense, NounSynset and Word types are among the ones
with the most instances, while the tagCount and word properties are
some of the most commonly used.

� Linked Sensor Dataset: The Linked Sensor dataset contains ex-
pressive descriptions of approximately 20,000 weather stations in
the United States. The dataset is divided up into multiple subsets,
which reflect weather data for specific hurricanes or blizzards from
the past. We report our analyses on the dataset about hurricane Ike,
under the assumption that the other subsets of data will contain the
same characteristics. The Ike hurricane dataset contains approxi-
mately 500 million triples (101 GB), but only about 16 types. Most
of the instances are from the MeasureData type, which is natural
since most instances provided various weather measurements.

2.2 Benchmark datasets
� TPC-H: The TPC Benchmark H (TPC-H) [26] is a well-known
decision support benchmark in relational databases. We use the
TPC-H benchmark in this study as our baseline. In more detail,
notice that the structuredness of the TPC-H dataset should be al-
most perfect, since these are relational data that are converted to
RDF. Therefore, the are two obvious reasons to use TPC-H as our
baseline: First, the dataset can be used to check the correctness

DB
pe

di
a

Un
iP

ro
t

YA
GO

Ba
rto

n
W

or
dN

et
Se

ns
or

SP
2B

en
ch

BS
BM

LU
BM

TP
C-

H

10MB

100MB

1GB

10GB

100GB

1x1012

D
is

k 
Sp

ac
e 

(lo
g 

sc
al

e)

Figure 1: Disk space
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Figure 2: Number of triples

of our introduced structuredness metrics since any metrics that we
devise must indeed confirm the high structuredness of TPC-H. Sec-
ond, the dataset can be used as a baseline to which we can compare
all the other datasets in the study. If some other dataset has close,
or similar, structuredness to TPC-H, then we expect that this other
dataset can also be classified as being a relational dataset with an
RDF representation.

To represent TPC-H in RDF, we use the DBGEN TPC-H genera-
tor to generate a TPC-H relational dataset of approximately 10 mil-
lion tuples with 6 million LINEITEM, 1.5 million ORDER, 800,000
PARTSUP, 200,000 PART and 150,000 CUSTOMER. Then, we use
the widely used D2R tool [11] to convert the relational dataset to
the equivalent RDF one. This process results in an RDF dataset
with 130 million triples (19 GB).

� BSBM Dataset: The Berlin SPARQL Benchmark (BSBM) [9]
considers an e-commerce domain where types Product, Offer and
Vendor are used to model the relationships between products and
the vendors offering them, while types Person and Review are used
to model the relationship between users and product reviews these
users write. For the study, we use the BSBM data generator and
create a dataset with 25M triples (6.1 GB). In BSBM, type Offer
is the most instantiated one, as is the case for the properties of this
type. The benchmark also comes with 12 queries and 2 query mixes
(sequences of the 12 queries) for the purposes of testing RDF store
performance.

� LUBM Dataset: The Lehigh University Benchmark
(LUBM) [15] considers a University domain, with types
like UndergraduateStudent, Publication, GraduateCourse,
AssistantProfessor, to name a few. Using the LUBM genera-
tor, we create for this study a dataset of 100 million triples (17
GB). In the LUBM dataset, Publication is the most instantiated
type, while for properties like name and takesCourse are some of
the most instantiated. The LUBM benchmark also provides 14 test
queries over its dataset for the purposes of testing the performance
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Figure 3: Average Outdegree
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Figure 4: Outdegree distribution for 4 datasets

of RDF stores.

� SP2Bench Dataset: The SP2Bench benchmark [23] uses the
DBLP as a domain for the dataset. Therefore, the types encoun-
tered in the dataset include Person, Inproceedings, Article and the
like. Using the SP2Bench generator we create a dataset with ap-
proximately 10 million triples (1.6 GB). The Person type is the
most instantiated in the dataset, as is the case for the name and
homepage properties. The SP2Bench benchmark is accompanied
by 12 queries.

2.3 Basic metrics
In this section, we present an initial set of metrics collected from

the datasets presented in the previous section.

2.3.1 Collecting the metrics
To collect these metrics for each dataset, the following procedure

was followed:

1. For some of the datasets (e.g., LUBM), the dataset triples
were distributed over a (large) number of files. Therefore,
the first step in our procedure is to assemble all the triples
into a single file. Hereafter, we use the dataset-independent
file name SDF.rdf (Single Dataset File) to refer to this file.

2. As a next step, we also perform some data cleaning and nor-
malization. In more detail, some of the real datasets contain
a small percentage of triples that are syntactically incorrect.
In this stage, we identify such triples, and we either correct
the syntax, if the fix is obvious (e.g., missing quote or an-
gle bracket symbols), or we drop the triple from considera-
tion, when the information in the triple is incomplete. We
also drop triples in a reified form (e.g., as in UniProt) and
normalize all the datasets by converting all of them in the
N-Triples format, which is a plain text RDF format, where
each line in the text corresponds to a triple, and each triple is
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Figure 6: Indegree distribution for 4 datasets

represented by the subject, property and object separated
by space and the line terminates with a full stop symbol. We
refer to SDF.nt as the file with the N-Triples representation
of file SDF.rdf.

3. As a third step, we generate three new files, namely
SDF_subj.nt, SDF_prop.nt, and SDF_obj.nt, by indepen-
dently sorting file SDF.nt along the subjects, properties and
objects of the triples in SDF.nt. Each sorted output file is
useful for different types of collected metrics, and the ad-
vantage of sorting is that the corresponding metrics can be
collected by making a single pass of the sorted file. Al-
though the sorting simplifies the computation cost of met-
rics, there is an initial considerable overhead since sorting
files with billions of triples that occupy many GBs on disk
require large amounts of memory and processing power (for
some datasets, each individual sorting took more than two
days in a dual processor server with 24GB of memory and
6TB of disk space). However, the advantage of this approach
is that sorting need only be done once. After sorting is done,
metrics can be collected efficiently and new metrics can be
developed that take advantage of the sort order. Another im-
portant advantage of sorting the SDF.nt file is that this way
duplicate triples are eliminated during the sorting process.
Such duplicate triples occur especially when the input dataset
is originally split into multiple files.

4. During this step, we select the SDF_subj.nt file generated
in the previous step, and use it to extract the type system of
the current dataset. The reason for extracting the type system
will become clear in the next section where we introduce the
structuredness metrics.

5. In the last step of the process, we use file SDF_subj.nt to
collect metrics such as counting the number of subjects and
triples in the input dataset, as well as detailed statistics about
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Figure 7: Dataset subjects
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Figure 8: Dataset objects
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Figure 9: Dataset properties
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4 datasets

the outdegree of the subjects (i.e., the number of properties
associated with the subject); we use file SDF_prop.nt to col-
lect metrics such as the number of properties in the dataset
as well as detailed statistics about the occurrences of each
property; and we use file SDF_obj.nt to collect metrics such
as the number of objects in the dataset as well as detailed
statistics about the indegree of the objects (i.e., the number
of properties associated with the object).

Overall, to collect metrics we had to process over 2.5 billion
triples from our input datasets, and we generated approximately
2TB of intermediate and output files. In the next section, we present
an analysis of the collected metrics.

2.3.2 Analysis of metrics
Figures 1 to 14 show the collected primitive metrics for all our

datasets. In the figures, we cluster the real and benchmark data sets
together, and we use black bars for the former and gray bars for the
latter datasets.

Figure 1 shows (in logarithmic scale) the space required for each
dataset on disk, while Figure 2 shows in logarithmic scale the num-
ber of triples per dataset. Notice that there is a clear correlation
between the two numbers, and the majority of datasets have be-
tween 107 to 108 triples, with the exception of UniProt which has
in the order of 109 triples.

In terms of the indegree and outdegree, we note that some of the
datasets have a power law-like distribution of indegree/outdegree,
as shown in Figures 4 and 6, for only four of our input datasets
(two benchmark and two real). In both figures, we see that there
is a large concentration of entities around the 1 to 10 range (i.e.,
the average number of properties of a subject or to an object are
between 1 and 10) while a small number of entities have very large
numbers of indegree and outdegree. In Figures 3 and 5 we plot the

average indegree and outdegree for all our datasets. In terms of the
standard deviation of the average outdegree, in most datasets this is
relatively small (between 3 and 6) with the exception of DBpedia,
Sensor, and Barton datasets. For these three datasets the deviation
is in the order of 40, 60 and 80, respectively. For the indegree, for
almost all datasets the standard deviation is relatively large (in the
order of many hundreds).

For the next set of figures, we consider the number of sub-
jects, objects and properties per dataset, shown (in log scale) in
Figures 7, 8 and 9, respectively. The first two figures show that
each dataset has subjects and objects in the same order of mag-
nitude. However, looking at the raw data reveals that the TPC-H,
BSBM, SP2Bench, WordNet, Barton, YAGO and DBpedia datasets
have more objects than subjects, whereas the opposite holds for the
LUBM, UniProt and Sensor datasets. In terms of properties, most
datasets have around 100 distinct properties, with the exception of
DBpedia which has almost 3 orders of magnitude more properties.

We conclude this section with a presentation of type-related met-
rics. Figure 10 shows the number of types in the type system
of each dataset. Most datasets have only a few types (less than
100), with the exception of DBpedia-Y, DBpedia-B and the YAGO
datasets. DBpedia-Y has approximately 5,000 types, while both
DBpedia-B and YAGO have more than 140,000 types. Figure 11
shows the average number of properties per type. Notice that most
datasets have less than 20 properties per type (on average) with the
exception of DBpedia-Y which has approximately 111 properties
per type, and DBpedia-B which has 38 properties per type. We
must note that to compute the average number of properties per
type we cannot just divide the distinct number of properties (shown
in Figure 9) with the number of types (shown in Figure 10) since
the former number counts properties irrespectively of the type these
belong. Such a division would incorrectly give that DBpedia has
only 8 properties per type on average. This is also verified by Fig-
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Figure 13: Average type instances
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Figure 14: Instance distribution for 4 datasets

ure 12 which shows the actual distribution of properties per type
for 4 datasets. In the x-axis we plot the number of properties and
in the y-axis we plot how many types in the dataset have this many
properties.

In terms of the number of instances for these types, Figure 13
shows that on average in most datasets a type has approximately
105 instances. A notable exception to this is the YAGO dataset.
Since YAGO is essentially an ontology, there are only a few in-
stances in the dataset (and a lot of types, as we already mentioned).
It is interesting to notice the difference between DBpedia-B and
DBpedia-Y in this metric. Since the type system in DBpedia-B
is more fine-grained, there are only a few instances for each type
(approximately, on average, 100 instances for each of the 150,000
DBpedia-B types). On the other hand, DBpedia-Y has a more
coarse-grained type system, with only 5,000 types and these types
are bound to aggregate a larger number of instances. Indeed, in
DBpedia-Y there are approximately, on average, 30,000 instances
per type. In terms of more concrete distributions of instances per
type, Figure 14 shows how instances are distributed in various
types, for 4 of our datasets. In the x-axis of the figure, we plot
the types by assigning a unique id to each type of each dataset. In
the y-axis, we plot the exact number of instances for each type.

2.3.3 Discussion
What can we say about the structure and nature of these datasets?

Not much, apparently, if all we have are these metrics. UniProt is
the dataset with the most triples, TPC-H is the dataset with the
biggest average outdegree, and LUBM the dataset with the largest
average indegree. DBpedia has the most properties, and YAGO the
most types. Different datasets have different characteristics for dif-
ferent primitives. Can we say that YAGO is more structured that
UniProt? Or capture the intuition that TPC-H is more structured
than DBpedia? It is really hard from the above primitive metrics
to say anything concrete about the structure of the datasets under
consideration, and how they compare to each other. Even more

importantly, it is impossible to compare a new dataset with the an-
alyzed datasets.

Each primitive metric acts as a looking glass to some specific
aspect of each dataset. Looking at each metric in isolation offers no
clues about the dataset as a whole. Clearly, what is required here
is some intuitive way to combine all these metrics into a single
composite metric that can characterize each dataset by itself, and
by comparison to other datasets. In the next section, we introduce
such a composite metric.

3. COVERAGE AND COHERENCE
In what follows, we formally define the notion of structuredness

(through the coverage and coherence metrics) and show the values
of these metrics for the datasets introduced in the previous section.

3.1 The metrics
Intuitively, the level of structuredness of a dataset D with respect

to a type T is determined by how well the instance data in D con-
form to type T. Consider for example the dataset D of RDF triples
in Figure 15(a). For simplicity, assume that the type T of these
triples has properties name, office and ext. If each entity (subject)
in D sets values for most (if not all) of the properties of T, then all
the entities in D have a fairly similar structure that conforms to T.
In this case, we can say that D has high structuredness with respect
to T. This is indeed the case for the dataset D in Figure 15(a). Con-
sider now a dataset DM that consists of the union D∪D’ of triples in
Figures 15(a) and (b). For illustration purposes, consider a type TM

with properties major and GPA, in addition to the properties of T.
Dataset DM has low structuredness with respect to TM. To see why
this is the case, notice that type TM bundles together entities with
overlapping properties. So, while all entities in DM have a value
for the name property, the first three entities (those belonging to
dataset D) set values only for the office and ext properties, while the
last three entities (those belonging to dataset D’) only set values for
the major and GPA properties. The objective of our work is to mea-
sure the level of structuredness of a dataset (whatever it is), and to
generate datasets with a desired (high or low) structuredness level
for the purposes of benchmarking. In what follows, we formally
define structuredness and show how it can be measured.

Given a type T and a dataset D, let P(T) denote the set of
all properties (attributes) of T, I(T,D) denote the set of all in-
stances (entities) of type T in dataset D, and OC(p, I(T,D)) the
number of occurrences of a property p ∈ P(T), i.e., the num-
ber of times property p has its value set, in the instances I(T,D)
of T. Going back to Figure 15(a), for the type and dataset
defined there, P(T) = {name, office, ext}, I(T,D) is equal to
{person0, person1, person2}, while OC(office, T) is equal to 2
(since property office is not set for the third entity in dataset D),
and similarly OC(major, T) is equal to 1.

DEFINITION 1. We define the coverage CV(T,D) of a type T on
a dataset D as

CV(T,D) =

∑
∀p∈P(T) OC(p, I(T,D))

|P(T)| × |I(T,D)| (1)

To understand the intuition behind coverage, consider Figure 16.
The figure considers the type TM and dataset DM, as defined by Fig-
ure 15 earlier. Note that |P(T)M| = 5, since there are five properties
in the combined type system, and |I(TM,DM) | = 6 for the six person
instances. For each property p, the figure plots OC(p, I(TM,DM)).
So, for example, for property name OC(name, I(TM,DM)) is equal
to 6, while for property major OC(major, I(TM,DM)) is equal to



(person0, name, Eric)
(person0, office, BA7430)
(person0, ext, x4402)
(person1, name, Kenny)
(person1, office, BA7349)
(person1, ext, x5304)
(person2, name, Kyle)
(person2, ext, x6282)

(a) Dataset D

(person3, name, Timmy)
(person3, major, C.S.)
(person3, GPA, 3.4)
(person4, name, Stan)
(person4, GPA, 3.8)
(person5, name, Jimmy)
(person5, GPA, 3.7)

(b) Dataset D’

Figure 15: RDF sample triples
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Figure 16: OC(p, T) for each property p of T

1. Now, as mentioned above, the structuredness of a type de-
pends on whether the instances of the type set a value for all its
properties. So, for a dataset DM of TM with perfect structured-
ness, every instance of the type in DM sets all its properties, that
is, OC(p, I(TM,DM)) is equal to |I(TM,DM) |, for every property
p ∈ P(TM). Then, in our figure perfect structuredness translates
to the area covered by |P(TM)| × |I(TM,DM)|, i.e., the area corre-
sponding to the rectangle of the whole Figure 16 (this is also the
denominator in the computation of CV(TM,DM)). In general, how-
ever, not all properties will be set for every instance. Then, the
shaded area in Figure 16 (computed by the numerator in the com-
putation of CV(TM,DM)) corresponds to the current level of struc-
turedness of DM with respect to TM. Given the above, the formula of
the coverage CV(TM,DM) above is essentially an indication of the
structuredness of DM with respect to TM normalized in the [0, 1] in-
terval (with values close to 0 corresponding to low structuredness,
and 1 corresponding to perfect structuredness). In our specific ex-
ample, the value of the computed coverage for CV(TM,DM) is equal
to 6+2+3+1+3

30
= 0.5 which intuitively states that each instance of

type TM in dataset DM only sets half of its properties.
Formula 1 considers the structuredness of a dataset with respect

to a single type. Obviously, in practice a dataset D has entities from
multiple types, with each entity belonging to at least one of these
types (if multiple instantiation is supported). It is quite possible
that dataset D might have a high structuredness for a type T, say
CV(T,D) = 0.8, and a low structuredness for another type T’, say
CV(T’,D) = 0.15. But then, what is the structuredness of the whole
dataset with respect to our type system (set of all types) T ? We
propose a mechanism to compute this, by considering the weighted
sum of the coverage CV(T,D) of individual types. In more detail,
for each type T, we weight its coverage using the following for-
mula:

WT(CV(T,D)) =
|P(T)|+ |I(T,D)|∑

∀T∈T (|P(T)|+ |I(T,D)|) (2)

where |P(T)| is the number of properties for a type T, |I(T,D)| is
the number of entities in D of type T, and the denominator sums up
these numbers for all the types in the type system T . The weight
formula has a number of desirable properties: It is easy to see that

if the coverage CV(T,D) is equal to 1, for every type T in T , then
the weighted sum of the coverage for all types T in T is equal to 1.
The formula also gives higher weight to types with more instances.
So, the coverage of a type with, say a single instance, has a lower
influence in the computation of structuredness of the whole dataset,
than the coverage of a type with hundreds of instances. This also
matches our intuition that types with a small number of instances
are usually more structured than types with larger number of in-
stances. Finally, the formula gives higher weight to types with a
larger number properties. Again, this matches our intuition that
one expects to find less variance in the instances of a type with, say
only two properties, than the variance that one encounters in the
instances of a type with hundreds of properties. The latter type is
expected to have a larger number of optional properties, and there-
fore if the type has high coverage, this should carry more weight
than a type with high coverage which only has two properties.

We are now ready to compute the structuredness, hereafter
termed as coherence, of a whole dataset D with respect to a type
system T (to avoid confusion with the term coverage which is used
to describe the structuredness of a single type).

DEFINITION 2. We define the coherence CH(T ,D) of a dataset
D with respect to a type system T as

CH(T ,D) =
∑
∀T in T

WT(CV(T,D))× CV(T,D) (3)

3.2 Computing coherence
To compute the coherence of an input dataset, we consider file

SDF_subj.nt (see Section 2.3.1). Remember that the file contains
all the triples in the dataset (after cleaning, normalization and du-
plicate elimination) expressed in the N-Triples format. We proceed
by annotating each triple in SDF_subj.nt with the type of triple’s
subject and object. This process converts each triple to a quintuple.
We call the resulted file SDF_WT.nt (for Single Dataset File With
Types). Once more pass of the SDF_WT.nt file suffices to collect
for each type T of the dataset the value of OC(p, I(T,D)), for each
property p of T. At the same time, we compute the values for P(T)
and I(T,D) and at the end of processing the file we are in a position
to compute CV(T,D), WT(CV(T,D)) and finaly CH(T ,D).

In the introduction, we claim that coherence (structuredness) is
relatively fixed in existing benchmarks. Figures 17 and 18 ver-
ify our claim. In more detail, Figure 17 shows the coherence of
SP2Bench datasets, as we scale the size of the generated data in the
benchmark. The figure shows that coherence does not change for
the different sizes, and more importantly that even the minor fluc-
tuations are outside the user’s control. Figure 18 shows the trend
for the LUBM benchmark where coherence is practically constant
(the situation is similar for the other benchmarks as well).

Figure 19 shows the computed coherence metric for all our in-
put datasets. A few important observations are necessary here.
Remember our choice of the TPC-H dataset as our baseline over
which to compare all the other datasets. Since TPC-H is a rela-
tional dataset, we expect that it will have high structuredness. In-
deed, our coherence metric verifies this since TPC-H has a com-
puted coherence equal to 1. Contrast this result with Figures 1 to
14 which show the collected primitive metrics. None of the prim-
itives metrics could have been used to identify and highlight the
structuredness of TPC-H.

The second important observation we make is the striking dis-
tinction between benchmark datasets and real datasets. Indeed,
there is a clear divide between the two sets of datasets, with the for-
mer datasets being fairly structured and relational-like (given the
proximity of their coherence value to the one of TPC-H), while the
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Figure 19: Coherence metric for all input datasets

latter datasets cover the whole spectrum of structuredness. DB-
pedia, a fairly popular and well-known dataset, is extremely un-
structured with a coherence value of 0.002 for DBpedia-Y and
0.175 for DBpedia-B. Intuitively, this low coherence compared to a
dataset like TPC-H can be interpreted as follows: If one considers
two instances of the same type in DBpedia, with high probabil-
ity, the properties set by the two instances are expected to be non-
overlapping. Given that the instances belong to the same type, this
is a rather surprising and interesting characteristic of the dataset
(the situation is actually worse in DBpedia-Y since it aggregates
more diverse instances under the same type, when compared to
DBpedia-B). Conversely, for TPC-H one expects that for any two
instances of the same type, the instances have exactly the same
properties. Such a difference in the characteristics of the data is
bound to have consequences on the storage of the data (TPC-H
RDF data fit comfortably in a relational database, while DBpedia
data will probably result in relational tables with lots of NULL val-
ues, if such a representation of RDF data is chosen), and it also has
effects on how the data are indexed, and queried (a simple SPARQL
query returning all resources a specified property always has the
same selectivity for TPC-H, but the selectivity is different for each
property in DBpedia). But these are some key dimensions existing
RDF stores are tested and compared against each other. Remem-
ber in the introduction that we posed a simple question, namely,
which types of RDF data existing stores are tested against. Fig-
ure 19 is the answer to this question: Existing RDF stores are
tested and compared against each other with respect to datasets
that are not representative of most real RDF data. Again, we refer
the reader to Figures 1 to 14 which show the collected primitive
metrics. Nowhere in these figures is this distinction as clear cut and
visible as in Figure 19. Yet, in a sense our coverage and coherence
formulas incorporate the underlying metrics shown in these figures,
since the formulas use the number of types, properties, properties
per type, instance entities per type (distinct subjects for a type),
and instance properties for these entities for the computation of our
introduced metrics.

Since existing RDF benchmarks are distinct from real RDF
datasets, the key question is whether we can design a benchmark

that generates data that more accurately represent real data, in terms
of structuredness. We investigate this next, and we present a bench-
mark generator that can convert any existing dataset (even datasets
generated with existing benchmarks) into a series of datasets with
characteristics that are similar to those of real data.

4. BENCHMARK GENERATION
There are two overall methods to be considered in generating

benchmarks with structuredness that better represent real datasets.
The first method, similar to the approach taken by the developers of
LUBM, SP2Bench and BSBM is to generate a dataset with a given
coherence and size bottom up. The main issue with this approach
is that the generated benchmark is domain specific. In all the afore-
mentioned benchmark datasets, the relationships and relative cardi-
nalities between different types come from knowledge of the target
domain and are hard-coded into the generation algorithms and are
not controllable by the user. For instance, the relative cardinalities
of professors and students or students and courses in LUBM are a
feature of the generation algorithm and are not available to the user
generating the benchmark.

The second method, which applies to any domain for which
there already is a benchmark, involves taking an already gener-
ated benchmark dataset, and producing a dataset with a speci-
fied smaller size and coherence. Ideally, we would like to take
a dataset D generated from an existing benchmark and produce a
dataset D’ with a specified size |D’| < |D| and a specified coher-
ence CH(T ,D’) < CH(T ,D). We believe this latter method has a
larger impact in practice, since it can be used on top of any already
existing benchmark or real-world dataset.

The central idea behind our approach is that under certain cir-
cumstances we can estimate the impact that removing a set of
triples with the same subject and property can have on coherence.
Let (s, p, o) be a triple from D and let T (s) = {T 1

s , . . . , T
n
s } be

the set of types1 of instance s. We are going to compute the impact
on coherence of removing all triples with subject s and property p
from D, under the following two assumptions:

• (A1) We are not completely removing property p from any of
the types {T 1

s , . . . , T
n
s }. That is, after the removal, there will

exist instances for each of these types that still have property
p.

• (A2) We are not completely removing instance s from the
dataset. This can be very easily enforced by keeping the
triples {s, rdf:type, T is} in the dataset.

Under these two assumptions, note that the weights WT(CV(T,D))
for the coverage of any type T ∈ T (s) do not change since we are
keeping the same number of properties and instances for each such
type. For each type T ∈ T (s), we can compute the new coverage
as

CV(T,D)′ =

∑
∀q∈P(T)−{p} OC(q, I(T,D)) + OC(p, I(T,D) - 1)

|P(T)| × |I(T,D)|
(4)

Note that there is one less instance (specifically, s) that has property
p for type T. It is evident from this formula that removing all triples
with subject s and property p will decrease the coverage of all types
T ∈ T (s) by CV(T,D) - CV(T,D)’. Consequently, we can also
compute the coherence CH(T ,D)’ of D after removing these triples
by simply replacing CV(T,D) with CV(T,D)’ for all types T in T
1We remind the reader that a single instance s can have mul-
tiple types, for example a GraduateStudent can also be a
ResearchAssistant.



(s). Finally, we compute the impact on the coherence of D of the
removal as:

coin(T (s), p) = CH(T ,D)− CH(T ,D)′

Let us illustrate this process with an example. Consider the
dataset DM introduced in Figure 15 and assume we would like to
remove the triple (person1, ext, x5304) from DM. Then the new
coverage for the type person in this dataset becomes 6+2+2+1+3

30
≈

0.467, hence the impact on the coverage of person is approximately
0.5 − 0.467 = 0.033. In this example, DM contains a single type,
therefore the coherence of the dataset is the same as the coverage
for person, which brings us to coin({person },ext) ≈ 0.033.

4.1 Benchmark generation algorithm
In this section we outline our algorithm to generate benchmark

datasets of desired coherence and size by taking a dataset D and
producing a dataset D’ ⊂ D such that CH(T ,D) = γ and |D’| = σ,
where γ and σ are specified by the user. To do this, we need to
determine which triples need to removed from D to obtain D’. We
will formulate this as a integer programming problem and solve it
using an existing integer programming solver.

Previously in this section, for a set of types S ⊆ T and a prop-
erty p, we have shown how to compute coin(S,p), which represents
the impact on coherence of removing all triples with subjects that
are instances of the types in S and properties equal to p. For sim-
plification, we will overload notation and use |coin(S, p)| to denote
the number of subjects that are instances of all the types in S and
have at least one triple with property p, i.e.,

|coin(S, p)| = |{s ∈
⋂
T∈S

I(T,D)|∃(s, p, v) ∈ D}|

Our objective is to formulate an integer programming problem
whose solutions will tell us how many “coins” (triples with subjects
that are instances of certain types and with a given property) to
remove to achieve the desired coherence γ and size σ. We will use
X(S,p) to denote the integer programming variable representing the
number of coins to remove for each type of coin. In the worst case,
the number of such variables (and corresponding coin types) for D
can be 2τπ, where τ is the number of types in the dataset and π
is the number of properties in the dataset. However, in practice,
many type combinations will not have any instances – for instance,
in LUBM, we will not find instances of UndergraduateStudent that
are also instance of Course or Department. For LUBM, we found
that although there are 15 types and 18 properties, we only have
73 valid combinations (sets of types and property with at least one
coin available).

To achieve the desired coherence, we will formulate the follow-
ing constraint and maximization criteria for the integer program-
ming problem.∑

S⊆T ,p
coin(S, p)× X(S, p) ≤ CH(T ,D)− γ (C1)

MAXIMIZE
∑

S⊆D,p
coin(S, p)× X(S, p) (M)

Inequality C1 states that the amount by which we decrease co-
herence (by removing coins) should be less than or equal than the
amount we need to remove to get from CH(T ,D) (the coherence
of the original dataset) to γ (the desired coherence). Objective
function M states that the amount by which we decrease coher-
ence should be maximized. The two elements together ensure that
we decrease the coherence of D by as much as possible, while not
going below γ.

We will also put lower and upper bounds on the number of coins
that can be removed. Remember that assumption (A1) required us
not to remove any properties from any types, so we will ensure
that at least one coin of each type remains. Furthermore, we will
enforce assumption (A2) about not removing instances from the
dataset by always keeping triples with the rdf:type property.

∀S ⊆ T , p 0 ≤ X(S, p) ≤ |coin(S, p)| − 1 (C2)

Achieving the desired size σ is similar, but requires an approx-
imation. Under the simplifying assumption that all properties are
single-valued (i.e., there is only one triple with a given subject and
a given property in D), we could write the following constraint:∑

S⊆T ,p
|X(S, p)| = |D| − σ

This equation would ensure that we remove exactly the right num-
ber of coins to obtain size σ assuming that all properties are single-
valued (meaning one coin represents exactly one triple). However,
this assumption does not hold for any of the datasets we have seen.
In particular, for LUBM, many properties are multi-valued. As an
example, a student can be enrolled in multiple courses, a paper has
many authors, etc. We will address this by computing an average
number of triples per coin type, which we denote by ct(S,p), and
relaxing the size constraint as follows:

(1− ρ)× (|D| − σ) ≤
∑

S⊆T ,p
X(S, p)× ct(S, p) (C3)

∑
S⊆T ,p

X(S, p)× ct(S, p) ≤ (1 + ρ)× (|D| − σ) (C4)

In these two constraints, ρ is a relaxation parameter. The pres-
ence of ρ is required because of the approximation we introduced
by using the average number of triples per coin. In practice, set-
ting ρ helped us tune the result of our algorithm closer to the target
coherence and size.

We are now ready to outline the algorithm that generates a bench-
mark dataset of desired coherence γ and size σ from an original
dataset D:

• (Step 1) Compute the coherence CH(T ,D) and the coin val-
ues coin(S,p) and average triples per coin ct(S,p) for all sets
of types S ⊆ T and all properties p.

• (Step 2) Formulate the integer programming problem by
writing constraints C1, C2, C3, C4 and objective function
M. Solve the integer programming problem.

• (Step 3) If the problem did not have a solution, then try to
make the dataset smaller by removing a percentage of in-
stances and continue from Step 1.

• (Step 4) If the problem had a solution, then for each coin
given by S and p, remove triples with X(S,p) subjects that
are instances of types in S and have property p.

• (Step 5) If the resulting dataset size is larger than σ, perform
post-processing by attempting to remove from triples with
the same subject and property.

We have previously explained in detail how steps (1) and (2) can
be executed. Step (3) is an adjustment in case there is no solution to
the linear programming problem. Remember that assumption (A2)
required us not to remove entire instances from the dataset if the in-
teger programming formulation is to produce the correct number of



coins to remove. In practice we found that for certain combinations
of γ and σ the integer programming problem does not have solu-
tions – in particular for cases where the desired coherence γ is high,
but the desired size σ is low (i.e., we have to remove many coins,
but we should not decrease coherence much). For these cases, we
found that we can remove entire instances from D first to bring
down its size, then reformulate the integer programming problem
and find a solution. The intuition behind this approach is that when
starting with original datasets of very high coherence (e.g., LUBM,
TPC-H, etc.), removing instances uniformly at random will not de-
crease coherence much (if at all), since the coverage for all types
is high, but it can decrease dataset size to a point where our integer
programming approach finds a solution.

To perform this removal of instances effectively, we needed to
understand how many instances to remove from the original dataset
to have a high probability of finding a solution on the new dataset.
In our experiments, the integer programming problem always had
a solution for σ

|D| ≈
γ

CH(T ,D) . Therefore, we want to remove

enough instances as to have the size of our new dataset approx-

imately CH(T ,D)
γ

× σ. Assuming that the dataset size is pro-
portional to the number of instances2, then we should remove uni-

formly at random a proportion of 1− CH(T ,D)
γ

× σ

|D| instances to
arrive at a dataset for which we have a good chance of solving the
integer programming problem. After this process, we must restart
the algorithm since the coherence and the numbers of coins for the
dataset after the instance removal may be different than those of the
original dataset.

In Step (4), we perform the actual removal of triples according
to the solutions to the integer programming problem. Step (5) is
a post-processing step that attempts to compensate for the approx-
imation introduced by constraints C3 and C4 of the integer pro-
gramming problem. Specifically, if the solution we obtain after
Step (4) has a size higher than σ, then we can compensate by look-
ing at triples with the same subject and property. Note that based
on the way we have defined coverage for types, the formula mea-
sures whether instances have at least one value for each property
of that type. Therefore, if a property is multi-valued, we can safely
remove the triples containing extra values (ensuring that we keep at
least one value), and therefore reduce the size of the dataset. While
this step is optional, it can improve the match between σ and the
actual size of the resulting dataset.

Note that the algorithm presented in this section performs at least
two passes through the original dataset D. The first pass is per-
formed in Step (1) to compute coherence and coin values and the
average number of triples per coin. The second pass is performed
in Step (4), where coins are removed from D to generate the de-
sired dataset. If the integer programming problem does not have a
solution, then at least four passes are required: one pass in Step (1),
one pass in Step (3) to remove instances, a third pass in Step (1)
to compute coherence and coin values after instance removal and
finally a fourth pass in Step (4) to remove coins from the dataset.
In addition, in either case there may be an additional pass over the
resulting dataset to adjust for size (Step 5).

Our discussion of future work in Section 5 includes a query eval-
uation study that looks at how coherence of a dataset affects query
performance. To perform such a study, we will need datasets with
the same size but varying coherence and a set of queries that re-
turn the same results for each dataset. In our implementation, we
added an additional option of specifying a list of triples that should
not be removed from a dataset. This option impacts Step (2) where

2We found this to be true for all datasets we examined.

we need impose different upper bounds on the X(S,p) (to account
for coins that cannot be removed) and in Step (4), to avoid remov-
ing the “forbidden” triples. The following process helps obtain the
necessary datasets for a query evaluation study:

1. Start with a dataset D of high coherence and size.

2. Generate a first dataset D0 with the desired size σ and the
same coherence as D by removing entire instances uniformly
at random.

3. Issue queries over D0 and record all triples required to pro-
duce answers to these queries.

4. Generate datasets D1, . . . , Dn of different coherence and the
same size σ using the benchmark generation algorithm pre-
sented here. Use the set of triples computed in the previous
step as “forbidden” triples during the generation to ensure
that all datasets yield the same answers to all queries.

By experimenting with the option of avoiding triples, we found that
it works well for queries of medium to high selectivity. Queries of
low selectivity require many triples to answer, thus greatly dimin-
ishing the set of useful coins that can reduce coherence of a dataset.

4.2 Experimental results and discussion
We implemented our benchmark generation algorithm in Java

and performed experiments on multiple original datasets, both
benchmark and real-world. We used lpsolve 5.53 as our integer
programming solver with a timeout of 100 seconds per problem.
We report results from running the benchmark generation on four
servers with identical configuration: 2 dual-core 3GHz processors,
24GB of memory and 12 TB of shared disk space. We used these
machines to run experiments in parallel, but we also performed
similar experiments (one at a time) on a standard T7700 2.4 Ghz
3GB of RAM laptop machine.

We started with the LUBM dataset in different sizes (100K
triples, 1, 10 and 100 million triples). For each, we exe-
cuted benchmark generation with nine sets of parameters, γ ∈
{0.25, 0.5, 0.75} and σ ∈ {0.25, 0.5, 0.75} × |D|. The results
are shown in Figures 20–23. In each figure, the x axis represents
the percentage of the original dataset size desired and the y axis
represents the coherence desired (as an absolute value, not as a per-
centage of original coherence). The square markers in each figure
represent the ideal output and the X markers represent the achieved
size/coherence combination. We can easily see that with the ex-
ception of the 75% size, 0.25 coherence combination the algorithm
achieves almost perfect matches. The relaxation parameter ρ was
set to a default of 0.1 for all LUBM runs.

The 75% size, 0.25 coherence combination essentially requires
that we lower coherence by a large margin (remember that the orig-
inal coherence of LUBM is above 0.9), while maintaining most of
the triples in the dataset. In this case, the integer programming
solver maximizes the amount of coherence that can be removed (as
instructed by the objective function), but cannot achieve perfect co-
herence. This is caused by the fact that we have an upper bound on
the amount by which coherence should decrease (constraint C1),
but no lower bound like we do for size. However, we noticed that
by introducing a lower bound for the amount by which coherence
can decrease has two downsides: (i) it introduces a new control
parameter (in addition to ρ) and (ii) without adjustment of this pa-
rameter, the integer programming solver either times out or cannot
solve the problem in many cases. As a result, we decided that the
3http://lpsolve.sourceforge.net/5.5/
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Figure 20: LUBM 100K
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Figure 21: LUBM 1M
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Figure 22: LUBM 10M
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Figure 23: LUBM 100M
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Figure 24: Running time: LUBM
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Figure 25: SP2Bench
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Figure 26: TPC-H
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Figure 27: Wordnet

algorithm is more useful without the lower bound on coherence re-
duction (which means an upperbound on resulting coherence). As
an alternative, in cases where such combinations are desired, the
user can start with a larger dataset size – for instance, instead of
starting with a 1 million triple dataset requiring 75% size and 0.25
coherence, the user can start with a 3 million triple dataset and re-
quest 25% size and 0.25 coherence.

The running time for the benchmark generation over LUBM is
shown in Figure 24. As per our analysis, the average running time
is linear in the size of the dataset (in the figure, both axes are on
a logarithmic scale), since the algorithm requires between 2 and 4
passes over the original dataset.

Next, we ran our algorithm with SP2Bench, TPC-H and Word-
net as the original dataset. The results are shown in Figures 25 –
27. Note that for Wordnet and SP2Bench, the maximal achievable
coherence is 0.5 (given the original coherence of these datasets).
SP2Bench contains a number of RDF container objects, which con-
tain elements in no particular order. In its n-triples format, each
container had numbered predicate edges to each of the contained
elements (e.g., the container was connected to value v1 by p1,
value v2 by p2, and so on). Because this numbering of contain-

ment relationships is arbitrary, and it can skew any measurement
of type coherence for the container type, we replaced all numbered
predicate labels with a single containment relationship before gen-
eration. For TPC-H, the relaxation parameter ρ is 0.01 for all 9
points. Notice that as in the case of LUBM, the integer program-
ming solver finds a sub-optimal solution for some points. So the
solver finds a solution that has the right size but misses coherence.
For SP2Bench, the relaxation is 0.01 for the points with size 25%
and 0.05 for the points with size 50%. For Wordnet, ρ varies be-
tween 0.01 and 0.05. We observed the following in practice about
setting the relaxation parameter ρ. Low values of ρ mean that the
bounds on the size of the generated dataset are tighter, therefore we
are more likely to achieve the desired size. However, remember that
there is a lower and an upper bound on size reduction (depending on
ρ), whereas there is a single upper bound on coherence reduction.
This means that if size bounds are tight, the integer programming
solver will attempt to find the optimal coherence reduction within
the given size bounds, which may not be very close to the desired
coherence γ. On the other hand, if the size bounds are loose (higher
ρ), that means that the integer programming solver may find a bet-
ter optimal value for the coherence reduction, and our algorithm



can still approach the desired size using the compensation in Step
(5). Generally, choosing ρ depends on the original dataset size and
the desired dataset size. For small initial datasets, having “loose”
bounds (i.e., ρ = 0.1) is a good option because it gives the integer
programming solver a larger solution space to work for. For larger
datasets, we do not want too much flexibility in the size, hence we
can choose low relaxation values (i.e., 0.01 in TPC-H). However,
if the target dataset size is also large (75% of the original), we can
again have higher values of the relaxation parameter because we
still achieve a good match.

5. CONCLUSIONS
In this paper, we presented an extensive study of the character-

istics of real and benchmark RDF data. Through this study, we
illustrated that primitive metrics, although useful, offer little in-
sight about the inherent characteristics of datasets and how these
compare to each other. We introduced a macroscopic metric, called
coherence, that essentially combines many of these primitive met-
rics and is used to measure the structuredness of different datasets.
We showed that while real datasets cover the whole structuredness
spectrum, benchmark datasets are very limited in their structured-
ness and are mostly relational-like. Since structuredness plays an
important role on how we store, index and query data, the above
result indicates that existing benchmarks do not accurately predict
the behaviour of RDF stores in realistic scenarios. In response to
this limitation, we also introduced a benchmark generator which
can be used to generate benchmark datasets that actually resemble
real datasets in terms of structuredness, size, and content. This is
feasible since our generator can use any dataset as input (real or
synthetic) and generate a benchmark out of it. On the technical
side, we formally introduced structuredness through the coherence
metric, and we showed how the challenge of benchmark genera-
tion can be solved by formulating it as an integer programming
problem.

Using this work as a starting point, there are several avenues we
are investigating next. Specifically, one important topic is the ef-
fects of structuredness on RDF storage strategies. Our preliminary
investigation shows that while relational column stores are consid-
ered a popular and effective storage strategy for RDF data, this as-
sumption holds true mainly for data with high structuredness. Such
data often exhibit a small number of types in their type system, and
each type has a small number of properties. Then, a column store
approach to RDF requires only a few tens of tables in the RDBMS.
However, data with low structuredness, like DBpedia or Yago, have
large number of types and properties (in the thousands). For such
datasets, a column store solution would require thousands of tables
in RDBMS and is thus not expected to scale.

Another avenue we are investigating relates to the indexing and
querying of RDF data. Structuredness influences both the type and
the density of the indexes used. At the same time, it influences the
selectivity of queries and therefore the overall query performance.
We are planning to investigate the concrete effects of structuredness
on query performance and contrast again the performance of equiv-
alent queries over datasets with varying structuredness. Ideally, for
this comparison to be meaningful, the queries should return iden-
tical results across all varying structuredness datasets. We already
have done some preliminary work to this end, and included an ex-
clusion list in our integer programming formulation so as to ex-
clude certain triples (those that participate in the query result) from
removal, as we compute a new dataset with smaller structuredness.
It turns out however, that trying to maintain such triples for low-
selectivity queries often leads to a linear programming problem that
is impossible to solve. Therefore, we are considering other alter-

natives to meaningfully compare low-selectivity queries across the
different datasets.
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