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Abstract
Entity linking has become a popular task in both natural language processing and semantic web communities. However,
we find that the benchmark datasets for entity linking tasks do not accurately evaluate entity linking systems. In this paper,
we aim to chart strengths and weaknesses of current benchmark datasets and sketch a roadmap for the community to devise
better benchmark datasets.

1. Introduction

Since the 90’s, recognizing and linking entities has
been a popular research topic. Initially, research at-
tempts focused on identifying and classifying atomic
information units in text (Named Entity Recogni-
tion and Classification). Later on, research into
linking mentions to external resources of knowledge
bases referents (Named Entity Linking) was intro-
duced. This triggered numerous research initiatives
such as CoNLL (Tjong Kim Sang and De Meul-
der, 2003), ACE (Doddington et al., 2004), TAC-
KBP (McNamee, 2009), #Microposts NEEL (Cano et
al., 2014; Rizzo et al., 2015), SemEval (Moro and
Navigli, 2015), ERD (Carmel et al., 2014) aiming at
building common and general benchmark datasets to
test, adapt, and improve entity recognition and link-
ing.
Benchmark datasets have often been treated as black
boxes by the published research, making it difficult to
interpret efficacy improvements in terms of individual
contributions of algorithms and/or labeled data. This
scattered landscape of datasets and measures leads to a
misleading interpretability of the experimental results,
which makes the performance evaluation of novel ap-
proaches against the state of the art rather difficult and
open to several interpretations and questions.
In this paper we aim to highlight the strengths and
weaknesses of common benchmark datasets devel-
oped for entity linking. Dataset characteristics have
been previously reviewed in (Ling et al., 2015) as
part of their overall analysis of the entity linking task,
and in GERBIL (Usbeck et al., 2015). Our work
is complementary to both, as we focus on deepen-

ing the analysis of the benchmark datasets. We ap-
proach this by highlighting strengths and weaknesses
of these datasets through quantifiable aspects such as
entity overlap, dominance, and popularity. We hope
that this work may foster better and less biased cre-
ation of benchmark datasets.

2. Datasets
This section presents the datasets that we analysed.
The datasets are listed in alphabetical order and we
describe their main characteristics.
AIDA-YAGO2 Dataset
The AIDA YAGO2 dataset (Hoffart et al., 2011)1 is an
extension of the CoNLL 2003 entity recognition task
dataset (Tjong Kim Sang and De Meulder, 2003). It is
based on news articles published between 1996-08-20
and 1997 by Reuters. Each entity is identified by its
YAGO2 entity name, Wikipedia URL, and if available,
by Freebase mid.
#Microposts2014 / 2015 NEEL
The 2014 Microposts dataset (Cano et al., 2014)2 con-
sists of 3,504 tweets extracted from a much larger col-
lection of over 18 million tweets. The tweets were col-
lected over one month in 2011. The 2014 Microposts
challenge dataset was created to benchmark automatic
extraction and linking entities.

1https://www.mpi-inf.
mpg.de/departments/
databases-and-information-systems/
research/yago-naga/aida/downloads/

2http://scc-research.lancaster.ac.
uk/workshops/microposts2014/challenge/
index.html



The 2015 corpus (Rizzo et al., 2015)3 contains more
tweets (6,025) and covers more noteworthy events
from 2011 and 2013 (e.g. the Westgate Shopping Mall
shootout), as well as tweets extracted from the Twit-
ter firehose in 2014. The training set is built on top of
the entire corpus of the #Microposts2014 NEEL chal-
lenge. It was further extended to include entity types
and NIL references.
OKE2015
The Open Knowledge Extraction Challenge 2015
(OKE2015)4 corpus consists of 197 sentences from
Wikipedia articles. The annotation task focused on
recognition (included co-reference), classification ac-
cording to the Dolce Ultra Lite classes,5 and linking
of named entities to DBpedia. 3 RSS-500-NIF-NER
The RSS-500 dataset (Röder et al., 2014)6 con-
tains data from 1,457 RSS feeds, including major
international newspapers. The dataset covers many
topics such as business, science, and world news.
The RSS500 corpus contains 500 manually chosen
sentences, that were annotated by one researcher.
The chosen sentences contain a formal relation (e.g.
“..who was born in..” for dbo:birthPlace), that should
occur more than 5 times in the 1% corpus.
WES2015
The WES2015 dataset was created to benchmark in-
formation retrieval systems (Waitelonis et al., 2015).7

It contains 331 documents annotated with DBpedia
entities. The documents originate from a blog8 on the
history of science, technology, and art. The dataset
also includes 35 annotated queries inspired by the
blog’s query logs, and relevance assessments between
queries and documents. The annotations were initially
created through the named entity linking approach
KEA9 and were then revised by the blog’s authors.
WikiNews The WikiNews dataset is a benchmark
dataset that was compiled by the NewsReader
project (van Erp et al., 2014).10 This corpus con-
sists of 120 Wikinews articles, grouped in four sub-

3http://scc-research.lancaster.ac.
uk/workshops/microposts2015/challenge/
index.html

4https://github.com/anuzzolese/
oke-challenge

5http://stlab.istc.cnr.it/stlab/
WikipediaOntology/

6https://github.com/AKSW/
n3-collection

7http://yovisto.com/labs/wes2015/
wes2015-dataset-nif.rdf

8http://blog.yovisto.com/
9http://s16a.org/kea

10http://www.newsreader-project.eu/
results/data/wikinews

corpora: Airbus, Apple, General Motors and Stock
Market. These are annotated with entities in text, in-
cluding links to DBpedia, events, temporal expres-
sions and semantic roles. This subset of WikiNews
news articles was specifically selected to represent do-
main entities and events from the financial aspect of
the automotive industry.

3. Dataset Characteristics
In this section, we present the types of analyses we are
performing on the benchmark datasets. Space con-
straints prevent us from presenting all analyses here,
should this paper be accepted to LREC2016, we will
include analyses of the different benchmark datasets
along these dimensions

3.1. Document Type
The documents in the benchmarking datasets can
show variation along several aspects:

• Type of discourse: news, tweets, transcrip-
tions, blog articles, scientific articles, govern-
ment/medical reports

• Topical domain: scientific, sports, politics, mu-
sic, catastrophic events, cross-domain

• Document length (in terms of number of to-
kens): long, medium, short

• Format: document format (TSV, CoNLL, NIF),
stand-off vs in inline annotation

• Character encoding: Unicode, ASCII, URL-
encoding

• Licensing: open, closed

3.2. Entity, surface form and mention
characterization

Entity Overlap In Table 1, we present the entity
overlap between the different benchmark datasets.
Each row in the table represents how many of the
unique entities present in that dataset also occur in the
other datasets. As the Table illustrates, there is a fair
amount of overlap with the Wikinews dataset and the
other benchmark datasets. The overlap between the
Microposts’14 and Microposts’15 dataset is explained
by the fact that the latter is an extension of the former.
The WES2015 dataset has the least in common with
the other datasets.

Confusability The confusability of a surface form
s is the number of meanings the surface form can
have. But we can estimate the confusability of a sur-
face form through the function A(s) : S → N that



AIDA-YAGO2 Microposts’14 Microposts’15 OKE 2015 RSS500 WES2015 Wikinews
AIDA-YAGO2 (5596) - 327 (5.87) 451 (8.06) 0 (0) 70 (1.26) 269 (4.8) 65 (1.16)
Microposts’14 (2380) 327 (13.73 ) - 1630 (68.49 ) 57 (2.39) 61 (2.56) 294 (12.35) 67 (2.82)
Microposts’15(2800) 451 (16.11) 1630 (58.21) - 56 (2) 71 (2.54) 222 (7.93) 72 (2.57)
OKE2015(531) 0 (0) 57 (10.73) 56 (10.55) - 13 (2.44) 149 (28.06) 21 (3.95)
RSS500 (849) 70 (8.24) 61 (7.18) 71 (8.36) 13 (1.53) - 27 (3.18) 16 (1.88)
WES2015 (7309) 269 (3.68) 294 (4.02) 222 (3.04) 149 (2.04) 27 (0.16) - 48 (0.66)
Wikinews (279) 65 (23.30) 67 (24.01) 72 (25.81) 21 (7.53) 16 (5.73) 48 (17.20) -

Table 1: Entity overlap in the analysed benchmark datasets. Behind the dataset name in each row the number of
unique entities present in that dataset is given. For each datasets pair the overlap is given in number of entities
and percentage (in parentheses).
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Figure 1: Distribution of DBpedia entity PageRank in
the analyzed benchmarks. The leftmost bar shows the
overall PageRank distribution in DBpedia as a com-
parison.

maps a surface form to an estimate of the size of its
candidate mapping, such that A(s) = |C(s)|.
Given a surface form, some senses are much more
dominant than others – e.g. for the name ‘berlin’,
the resource dbpedia:Berlin (Germany) is much
more ‘talked about’ than Berlin, New Hampshire

(USA). Therefore, we also take into account estimates
of prominence and dominance as:

Prominence We estimate entity prominence
through PageRank (Page et al., 1999). Some entities
which are linked from only a few, but very prominent
entities are also considered prominent.
Figure 1 depicts the PageRank distribution of the DB-
pedia based benchmarks compared to each other, as
well as compared to the overall PageRank distribu-
tion in DBpedia. The figure illustrates that all inves-
tigated benchmarks favor entities that are much more
popular than average entities in DBpedia. Thus, the
benchmarks show a considerable bias towards head
entities.11

11We use the DBpedia PageRank from http://
people.aifb.kit.edu/ath/.

Dominance Corpora that contain resources with
high confusability, low dominance and low promi-
nence are considered more difficult to disambiguate.
This is due to the fact that such corpora require a more
careful examination of the context of each mention
before algorithms can choose the most likely disam-
biguation. In cases with low ambiguity, high promi-
nence and high dominance, simple baselines that ig-
nore the context of the mention can be already fairly
successful.

Mention lexical pattern Some entities are always
referred to by proper nouns, other accept noun phrases
and verb phrases as potential surface forms. More
variability potentially means that these mentions will
be harder to annotate.

Entity types Certain entity types may be more dif-
ficult to disambiguate than others. For example, while
country and company names (e.g., Japan, Microsoft)
are more or less unique, names of cities (e.g., Spring-
field) and persons (e.g., John Smith) are usually more
ambiguous. We are interested in assessing if there is
some type-specific difficulty, or if it can all be ex-
plained by other orthogonal dimensions (lexical pat-
tern variability, prominence, etc.)
We analyzed the types of entities in DBpedia with
respect to our benchmark datasets. We used Rapid-
Miner with the Linked Open Data extension (Ristoski
et al., to appear). Figure 2 shows the overall distribu-
tion, as well as a breakdown by the most frequent top
classes. Although types in DBpedia are known to be
notoriously incomplete (Paulheim and Bizer, 2014),
and NIL entities are not considered, these figures still
reveal some interesting characteristics:

• AIDA-YAGO2 has a tendency towards sports re-
lated topics, as shown in the large fraction of
sports teams and athletes.

• Microposts 2014 and WES 2015 treat time peri-
ods (i.e., years) as entities, while the others do
not.



• The WES 2015 corpus has a significantly larger
set of other and untyped entities. While many
corpora focus on persons, places, etc., WES 2015
also expects annotations for general concepts,
e.g., Agriculture or Rain.

• OKE and WES 2015 have a tendency towards
science-related topics, as shown in the large frac-
tion of Scientist and Educational Institution enti-
ties (most of the latter are universities).

• Wikinews, without surprise, has a strong focus
on politics and economics, with a large portion
of the entities being of classes Office Holder (i.e.,
politicians) and Company.

3.3. Mention annotation characterization
In annotating entity mentions in the corpora, several
decisions were made by the creators that can influ-
ence evaluations on and the comparison between the
datasets:
Mention boundaries: Include determiner ? (“the

pope” vs “pope”), annotate inner or outer enti-
ties? (“New Yorks airport JFK” vs “JFK”), tok-
enization decisions: “New York’s” vs “New York
’s”, Sentence-splitting heuristics

Handling redundancy: annotate only the first occur-
rence or exhaustive annotation?

Inter-annotation agreement: one annotator vs mul-
tiple annotators, low agreement vs high agree-
ment.

Mention ambiguity: When is there enough context
for the entity to be considered non-ambiguous?

Offset calculation: start from 0 or start from 1

3.4. Target knowledge base (KB)
It is customary for the entity linking systems to link to
cross-domain KBs: DBpedia, Freebase or Wikipedia.
Every dataset listed in Section 2. links to one of these
general KBs. To evaluate entity linking on specific do-
mains or non-popular entities, benchmark datasets that
link to domain-specific resources of long-tail entities
are required.

4. Discussion and Roadmap
A number of benchmark datasets for evaluating entity
linking exist, but our analyses show that these datasets
suffer from two main problems:
• Interoperability and evaluation are non-trivial

problems. Existing datasets use different anno-
tation guidelines (mention and sentence bound-
aries, inter-annotation agreement, etc.) and have
made arbitrary choices when it comes to imple-
mentation questions, such as encoding, format

and number of annotators. These differences
make the interoperability of the datasets and the
evaluation of the entity linking systems over the
datasets hard, time-consuming, and error-prone.

• Popularity and general domain - Although the
datasets claim to cover a wide range of topical
domains, in practice they seem to share two main
drawbacks: skewness towards popularity and fre-
quency, and coverage of general domains (3.4.).

While it is not possible to find a ‘one-size-fits-all’ ap-
proach to creating benchmark datasets, we do think it
is possible to define some directions for general im-
provement of entity linking benchmark datasets.

Diversity: The majority of the datasets we analysed
link to generic KBs and focus on prominent en-
tities. To provide real insights into the useful-
ness of entity linking approaches, datasets cov-
ering long tail entities and different domains are
needed.

Documentation: Seemingly trivial choices such as
starting the offset counting at 0 or 1 or including
whitespace can make a tremendous difference to
users of the dataset. This goes for any decision
made in the creation of the dataset.

Standard formats: With annotation formats becom-
ing more standardized it pays for dataset creators
to choose an accepted format or provide conver-
sions to one or more standardized formats.

5. Conclusions and Future Work
Many research papers treat benchmarks as black
boxes, making it difficult to interpret efficacy im-
provements in terms of the individual contributions of
algorithms and data. For system evaluations to pro-
vide generalisable insights, we must better understand
the details of the entity linking task that a given dataset
sets forth. In this paper we have analyzed a number of
entity linking benchmark datasets in terms of charac-
teristics that affect our ability to interpret the results.
We have proposed directions for a roadmap to
improving these and future datasets. We invite
the overall entity linking community to extend
the discussions and join in the effort being con-
ducted as open data / open source at: https:
//github.com/dbpedia-spotlight/
evaluation-datasets.
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