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Abstract.
Crowdsourcing has seen an increasing popularity for solving a variety of tasks. Specifically for tasks which address Web data

interoperability, such as entity interlinking or schema mapping, crowdsourcing has been widely adopted in research and practice.
In earlier work, we have investigated the behavioral pattern exhibited by workers, specifically, with respect to malicious activity
and its detection. However, little research has been conducted so far to investigate the capability of crowd workers to substitute
expert-based judgements, or, the extent to which worker performance is influenced by the task environment. In this work, we
present results from a study which assesses the impact of the audience, crowd workers versus experts, and the specific task design
and environment on the worker performance. Our study has been conducted on the specific tasks of link prediction and schema
mapping, where tasks have been carried out by crowd workers and predefined experts. We compare the performance of crowd
workers and experts in environments that differ with respect to the level of contextual information provided about the task at
hand. Our results show that it is feasible to attain high quality results from crowd workers, that are comparable to experts when
adequate context is presented to the crowd. In addition, we present a detailed analysis of the errors that the crowd and experts
tend to commit in the task of link prediction and schema mapping. Finally, we present a novel method to assess the inherent
difficulty of the link prediction task, and the impact of this task difficulty on the quality of the results.
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1. Introduction

Over the last decade, crowdsourcing has gained
vast popularity amongst researchers and practitioners,
specifically to address tasks related to Web data link-
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ing and integration. In more recent times, crowdsourc-
ing has found remarkable applications ranging from
biomolecule designing1 to aiding disaster relief op-
erations [28]. Due to this widespread popularity and

1http://www.nature.com/news/
victory-for-crowdsourced-biomolecule-design-1.9872
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the vast potential in the crowdsourcing paradigm, re-
searchers have taken interest in various aspects such
as improving the quality of the crowdsourced re-
sults, increasing the efficiency and cost-effectiveness
of crowdsourcing, optimizing the throughput, and so
forth.

While previous works have investigated the ap-
plicability of crowdsourcing for different purposes
and in varying domains, little work has been accom-
plished with respect to investigating the extent to
which crowdsourced results can compete with those
acquired through experts. James Suroweicki pointed
out in his seminal book that the ‘wisdom of crowds’
can replicate expertise under certain conditions that
facilitate diversity in the crowd and independence in
their judgments [26]. The notion of crowdsourcing is
built around the thought that the ‘whole is greater than
the sum of its parts’, i.e., small and independent con-
tributions from a large number of workers can be accu-
mulated to attain an adequate result overall. However,
not all tasks are fit for crowdsourcing. On the one hand,
this may be simply due to the complex nature of some
tasks that cannot be decomposed into smaller units for
the consumption of various workers in a crowd. On the
other hand, tasks may require domain-specific exper-
tise.

In this work, we aim to study the extent to which
crowd workers and their collective wisdom can emu-
late that of experts in a task specific setting. For this
reason, we consider the task of link prediction and
schema mapping, which aim at the identification of ex-
plicit links between resources on the Semantic Web at
the instance and schema level. Different types of pred-
icates, such as owl:sameAs, skos:relatedMatch,
skos:narrowMatch and so forth, can be used for link-
ing various resources. This task is challenging for a va-
riety of reasons, including (i) complexity of contextual
information that can potentially aid in determining ap-
propriate relations, i.e., the available semantic context
of entities and concepts, and (ii) possible ambiguity
between resources, requiring disambiguation. Under-
standing the semantic context of a given set of entities
or concepts is specifically challenging, when consider-
ing cross-dataset links, which require the consideration
and comprehension of distinct knowledge graphs.

Our findings bear important implications in the
realms of crowdsourcing domain-specific microtasks
(such as the one adopted in this paper pertaining to a
real Semantic Web task that requires human compu-
tation). The main contributions of our work are listed
below.

1. Through extensive experiments, we investigate the
impact of the target community, i.e., crowd workers
and experts, and the impact of the task environment on
the performance in the specific task of link prediction
and schema mapping.
2. We present a detailed analysis on the types of errors
that crowd workers as well as experts tend to commit
in the task of link prediction and schema mapping.
3. We present findings regarding the extent to which
crowd workers can replicate the performance of ex-
perts in two distinct settings; one that is more suitable
to crowd workers by virtue of a high context, and an-
other that is suitable for experts in the field by virtue
of limited context. These insights provide clues about
suitability of tasks and appropriate task design.
4. We propose a novel method to assess the expertise
that is required to accurately identify the apt predicate
between a pair of URIs. Thus, we present a way to
comprehend the difficulty of a task and its influence on
the performance of crowd workers and experts, while
at the same time demonstrating how tailored task de-
sign can improve the performance of the crowd for
more challenging tasks.

The remainder of this paper is structured as follows.
In the next section, we present relevant literature and
position our work in the light of exisiting research. In
Section 3, we present our goals and approach. Section
4 describes our experimental setup, followed by Sec-
tion 5 and 6 that elucidate our analysis and findings.
Finally, we present a discussion, draw conclusions and
set precedents for future work in Section 7.

2. Background - Crowdsourcing Tasks and Task
Design

In this section, we present key findings from our pre-
vious works that serve as background and motivation
for the work presented in this paper. As part of earlier
work, we delved into means of making crowdsourc-
ing microtasks more effective through optimal task de-
sign, and based on our findings from analysis of work-
ers behavior. We draw important considerations from
our previous observations, and shape our crowdsourc-
ing tasks by encorporating the recommended guide-
lines accordingly.

We studied two primary aspects that influence the
effectiveness of crowdsourcing: (i) microtask design
[7], and (ii) workers behavior [8]. We hypothesized
that leveraging the dynamics of tasks that are crowd-
sourced on one hand, and accounting for the behavior
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of workers on the other hand, can help in designing
tasks efficiently. However, that requires a thorough un-
derstanding of the typical behavioral pattern exhibited
by crowd workers, as opposed to dedicated experts.

In order to gain an understanding of the landscape of
microtasks that are popularly crowdsourced, based on
an extensive study of 1000 workers on CrowdFlower2,
an established microtask crowdsourcing platform, we
proposed a two-level categorization scheme for tasks
as shown in Table 1.

The top level in the taxonomy consists of goal-
oriented classes. The second level contains sub-classes
of these top level classes, that are based on the work-
flow of the microtasks. The top level describes the
overall objective of a given microtask, while the sec-
ond level describes the process that a crowd worker
has to go through in order to complete the task suc-
cessfully and help the requester or task administra-
tor achieve his goal. It is noteworthy that in this tax-
onomy work-flow oriented sub-classes can belong to
multiple goal-oriented top level classes. This catego-
rization scheme serves as the first step towards estab-
lishing task-specific guidelines for the efficient design
of microtasks.

Additionally, we studied the behavioral patterns of
workers (especially malicious workers) based on their
responses in surveys, which is a popular top level type
of task from the proposed taxonomy. We relied on the
following factors to determine the behavior topology
proposed in our work; (i) eligibility of a worker to par-
ticipate in a task, (ii) adherence of responses to pre-
stated rules, and (iii) the extent to which responses sat-
isfy the expectations of the administrator. Based on this
study, we could identify the following characteristic
types of malicious workers [8].

– Ineligible Workers (IE). Task administrators
present instructions to the workers that they
should follow to complete a given task success-
fully. The workers who do not qualify as per such
priorly stated requisites belong to this category.

– Fast Deceivers (FD). Malicious workers are
characterized by their behavior that is highly sug-
gestive of an underlying motivation to earn quick
money by exploiting microtasks. This is apparent
from some workers who adopt the ‘fast-response-
first’ approach such as copy-pasting the same re-
sponse for instance. Such workers belong to the
class of fast deceivers.

2http://www.crowdflower.com/

– Smart Deceivers (SD). Some eligible workers
who are malicious, attempt to deceive task admin-
istrators by cleverly adhering to the rules. Such
workers mask their real objective by simply not
violating or triggering implicit validators, and be-
long to this category.

– Rule Breakers (RB). A behavior prevalent
among malicious workers is their lack of confor-
mation to clear instructions with respect to each
response. Data collected as a result of such behav-
ior has little value, since the resulting responses
may not be useful to the extent intended by the
task administrator.

– Gold Standard Preys (GSP). Some workers who
abide by the instructions and provide valid re-
sponses, surprisingly fall short at the gold stan-
dard questions. Although these workers exhibit
non-malicious behavior, they stumble at one or
more of the gold standard test questions due to to
their inattentiveness, fatigue or boredom.

Based on our study, involving 1000 workers, 568
passed the gold standard test and have been classi-
fied as trust-worthy workers, where only 335 workers
could be considered elite workers, i.e. providing per-
fect answers according to our ground truth. Non-elite
workers, trustworthy as well as un-trustworth ones,
have been classified into the above categories, leading
to the distribution shown in Figure 1.

Fig. 1. Distribution of non-elite workers as per their behavior.

While this preliminary analysis is not the focus of
this paper and we refer to further details in [8], it serves
to show the specific nature of crowd workers, specif-
ically when compared to experts. As these behavioral
parttern affect workers’ performance and the overall
quality of results, we proposed guidelines that can be
used to tackle each of the malicious behavioral pat-
terns.

– To restrict the participation of ineligible workers,
task administrators should employ pre-screening
methods.
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Table 1
A two-level taxonomy for typically crowdsourced microtasks.

Information Verification & Interpretation & Content Surveys (S) Content
Finding (IF) Validation (VV) Analysis (IA) Creation (CC) Access (CA)
Data / Metadata finding Content Verification Classification Media Transcription Feedback/Opinions Testing

Content Validation Categorization Data Enhancement Demographics Promoting

Spam Detection Media Transcription Translation

Data matching Ranking Tagging

Data Selection

Sentiment Analysis

Content Moderation

Link Prediction

– An important guideline to enforce is to curtail
malicious activity from fast deceivers. Stringent
validators should be used in order to ensure that
workers cannot bypass open-ended questions by
copy-pasting identical or irrelevant material as re-
sponses.

– Rule breakers can be curtailed by ensuring that
basic response-validators are employed, so that
workers cannot pass off inaccurate responses, or
nearly fair responses. Lexical validators can en-
force workers to meet the exact requirements of
the task and prevent ill-fitting responses.

– Since smart deceivers take special precautions to
avoid being detected, they present the biggest hin-
drance in overcoming. These workers can be re-
stricted by using psychometric approaches (for
instance, repeating or rephrasing the same ques-
tion(s) periodically and cross-checking whether
the respondent provides the same response).

– Finally, we note that depending on the type of
task, there may be a fair number of gold standard
preys. We recommend post-processing step that
can be accommodated in order to identify such
workers and consider their acceptable responses
to boost the reliability and quality of results.

In addition to following the lessons learned from
these works, we conducted a series of experiments in
order to deduce an optimised task design for the Inter-
pretation and Analysis (IA) task type. Since there are
no established guidelines or tangible recommendations
for task design with respect to key parameters such as
length, monetary incentive and time required for task
completion, we studied the tuning of these parameters
based on our findings from extensive experiments and
analysis of ‘categorization’ tasks. We established that
the task completion time of a worker is strongly and
positively correlated to the worker’s accuracy. There-

fore, care must be taken to ensure adequate time is pro-
vided to the crowd for task completion. For optimal re-
sults, it is therefore safer to err on the higher side of
the time required. We also found that the accuracy of
workers decreases as they proceed in a task, more so
towards the end of longer tasks. This shows that a task
administrator can profit by splitting a relatively long
task into shorter ones before deploying it to the crowd.

In the context of comparing crowd workers and ex-
perts, crowd workers have the following distinct char-
acteristic features:

Varying Demographics Through our previous works
[7,8], we have confirmed that in the absence of
restrictive and controlled environments, crowd
workers that participate in microtasks through
established crowdsourcing platforms such as
CrowdFlower depict varying demographic fea-
tures, more so in terms of the geographical land-
scape that they span.

Incentives and Monetary Compensation A particu-
lary prominent feature of crowd workers that
has been studied widely in previous works is
their motivation to participate and contribute to
completing crowdsourced microtasks [19,13]. We
found that the primary motivation for crowd
workers is to earn the monetary rewards typically
attained on successful task completion [7].

Malicious Activity It has been shown that malicious
activity is prevalent in the crowd [5,8]. While
there are trustworthy workers who genuinely at-
tempt to perform to the best of their ability and
ensure a high quality as a result of that, there are
malicious workers who aim to complete as many
tasks as they can in a short span of time with an
aim to maximize their earnings.

Due to these factors and the inherent characteristics
of crow behavior, achieving comparable performances
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to an extent where experts can be replaced by crowd
workers in a particular task can be challenging. In ad-
dition, studies are required which provide a more struc-
tured investigation of the performance of crowd work-
ers, when compared to expert workers, and strategies
on how to compensate apparent performance gaps.

3. Objectives and Methodology

In this section, we describe the methodology and ex-
perimental setup in which we investigate the perfor-
mance of crowd workers in comparison to that of ex-
perts. Through our work we aim to study the reliabil-
ity of using crowdsourcing for a domain-specific Inter-
pretation and Analysis (IA) task. The IA task is one of
the 6 top-level microtask types in the crowdsourcing
microtask taxonomy introduced in our previous work
[7]. As mentioned earlier, we consider the task of link
prediction and schema mapping.

3.1. Objectives

We aim to assess whether exploiting the collective
wisdom of a crowd can be reliably used in order to de-
termine accurate relations between resource URIs, in
comparison to the judgment of experts in the field of
Semantic Web and Linked Data. To this end, we aim
to tackle the following research questions.
RQ#1. Can the tasks of link prediction and schema
mapping be reliably crowdsourced?
RQ#2. Is there a significant performance gap between
experts and crowd workers in the link prediction and
schema mapping task?
RQ#3. What is the impact of the task enviroment on
the performance of crowd workers and experts?
RQ#4. How is the task performance of crowd workers
affected by varying task difficulty, when compared to
the performance of experts?

3.2. Methodology

In order to address the research questions presented
in the earlier section, we investigate performance on
the link prediction and schema mapping tasks in four
different setups. Setups vary with respect to their tar-
get participants and the level of contextual information
presented. With regards to the participants, we con-
sider the following categories.

Experts. We consider experts to be our participants
who are familiar with the task of link prediction and

schema mappings by virtue of their profession. They
are either students, PhD candidates, or Post-doctoral
researchers with an interest in the field of the Semantic
Web and Linked Data.

Crowd. We refer to the participants that respond to
our microtasks deployed on the crowdsourcing plat-
form through different crowdsourcing channels, as
crowd workers or simply the crowd. Note that crowd
workers inherently depict a high diversity with respect
to their demographic characteristics and knowledge, as
shown in the previous section.

In order to vary the quantity and quality of contex-
tual information, we use two distinct enviroments for
harvesting input from the participants.

Environment I (high context). We use Crowd-
Flower in order to deploy the task of link predic-
tion and schema mapping, and consequently gather
judgments. The task is designed such that it is suit-
able for crowdsourcing. Specifically, we provide ac-
cess to background information about involved con-
cepts through their URIs. Workers and experts can fol-
low those links, in order to determine the apt relation
between URI paris. We represent the crowd workers
participating here with Crowd I, and the experts with
Experts I. Note that we followed the applicable guide-
lines during the task design phase, as described in Sec-
tion 2.

Environment II (low context). We built an inter-
face (henceforth referred to as the Interlink Interface)
that is conducive for acquiring judgements from crowd
workers and experts. This setup consists of a graphi-
cal representation of URI pairs and is designed such
that one can infer the concepts portrayed by the URI
pairs immediately. In comparison to Environment I de-
scribed above, lesser context regarding the URI pairs
is available directly. We represent the crowd workers
participating here with Crowd II, and the experts with
Experts II.

Finally, this results in four different configurations
(Crowd I, Experts I, Crowd II, Experts II) which are
investigated in the forthcoming sections.

4. Experimental Setup

4.1. Task and Dataset

We assess the performance of the crowd and
experts pertaining to the task of identifying apt
relationship links between URI pairs, as defined
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priorly within the publicly available DBpedia3

dataset. These links between URI pairs are defined
as predicates. Here, we specifically consider two
schema-level predicates (owl:equivalentClass4,
rdfs:subClassOf5), and two instance-level predi-
cates (owl:sameAs6, skos:related7) for the sake of
our experiments.

Since the task to be performed consists of assigning
one of these predicates to a given pair of resources, ei-
ther entities or concepts, we first create a ground truth
dataset. The ground truth consists of randomly selected
triples (of the form: subject, predicate, object),
where predicates belong to one of the aforementioned
categories. For each of these four distinct predicates,
we randomly select a set of 150 triples, resulting in a
ground truth of 600 triples. As the subject and object
are uniquely identified through URIs, we refer to them
as a URI pair, where both URIs of a single pair are ei-
ther a DBpedia entity, a DBpedia concept (or type) or
a DBpedia category.

While crowdsourcing is a relatively cheap paradigm
and judgments from workers are readily available,
acquiring judgments from experts requires more re-
sources (in terms of time). For this reason, we have
limited our experiment to this sample size.

4.2. Environment 1 - Crowdsourcing Microtask with
added contextual Information

In the crowdsourcing microtask setup, we model the
task of link prediction and schema mapping in order
to make it conducive for consumption by crowd work-
ers. Figure 2 shows an example pair of URIs within
the crowdsourced microtask. Workers are asked to se-
lect the most accurate relation between the pairs of re-
sources in each case.

As part of the instructions and guidelines for
the microtask, we explain the context, i.e. the un-
derlying meaning and distinctions between the 4
considered predicates for our experiments. Note
that we use simplified representations of the pred-
icates, such as same instead of owl:sameAs, re-
lated instead of skos:related, equivalent instead

3http://dbpedia.org/
4http://www.w3.org/TR/owl-ref/
#equivalentClass-def

5http://www.w3.org/TR/owl-ref/#subClassOf-def
6http://www.w3.org/TR/owl-ref/#sameAs-def
7http://www.w3.org/TR/skos-reference/
#semantic-relations

Fig. 2. Example URI pair from different schemas (DBpedia and
Schema.org), in the crowdsourcing microtask on CrowdFlower.

of owl:equivalentClass and subclass instead of
rdfs:subClassOf, in order to make the task more
comprehensible for crowd workers. We provide exam-
ples of each relation in order to ensure that there is no
artificial bias created in the responses of workers, due
to the misinterpretation of the relations between URI
pairs.

We do not enforce any restrictions on the workers
based on geographical boundaries. For each pair of
URIs, we gather 5 judgments from independent crowd
workers, resulting in 3,000 responses. In order to re-
ceive reliable responses, we restrict the participation of
the crowd to the Level-1 group of workers. These are
the workers with the best quality and reputation ratings
(top level) as determined by the CrowdFlower plat-
form. For every set of 20 responses that a worker sub-
mits corresponding to URI paris, we provide a mone-
tary compensation of 2 USD cents. Drawing from the
guidelines from prior work, we do not restrict the time
available for completion of the task with an aim to ac-
quire good quality responses.

For the same dataset consisting of 600 URI pairs, we
also acquire judgments from experts. In total, around
20 experts participated in the task. We use the same
task format and design as in case of the crowd work-
ers, by leveraging the CrowdFlower ‘internal work-
force’ facility. This helps us to recruit our own ‘crowd’
by sharing a direct and internal link to the microtask.
In this way, for each pair of URIs, we gather 3 inde-
pendent judgments from experts, resulting in 1,800 re-
sponses. Note that we do not provide experts with a
monetary compensation.

4.3. Environment 2 - Visual Interlinking Interface

In addition to using CrowdFlower to host the task
in the form of a crowd-friendly microtask, we devel-
oped an interface (http://crowds-vs-experts.
duraark.eu/) to gather responses from both crowd
workers and experts. As opposed to Environment 1, no
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Fig. 3. The Interlink Interface and steps suggested for gathering responses regarding the relationships between URI pairs from Crowd Workers
and Experts.

added contextual information is provided here, but un-
derstanding of used concepts and predicate types is as-
sumed. Our assumption is that this will imply a less
crowd-friendly, but expert-oriented environment.

Figure 3 depicts the Interlinking interface. As shown
in the figure, the interface presents additional relation-
ships that correspond to each of the URIs in order to
facilitate an understanding of what the resource repre-
sented by the URI really conveys. Workers and experts
can use these particulars to assess the most apt rela-
tion between the two given URIs. In addition to this,
one can also attain additional contextual information
by clicking on any of the URIs presented on the screen.
We hypothesize that this minimalistic representation of
the URI pairs, embedded in additional related resource
URIs that provide a brief context, are typically suffi-
cient for experts to make their decisions.

Note that in case of Environment 2, the URI pairs
were limited to those that were both within the DB-
pedia namespace due to interface constraints. This re-
sulted in 363 URI pairs. Once again, we gathered 5
independent judgments from crowd workers and 3 in-
dependent judgments from experts for each pair re-
sulting in 2,904 responses. We acquire 5 judgments
from workers and 3 from experts. This is due to the
fact that replication and redundancy in gathering re-
sponses is a necessary instrument to harness the ‘wis-
dom of a crowd’ [26], as opposed to the case of expert
judgments. As mentioned earlier, due to the costly na-
ture of expert judgments (especially in terms of time)
we restrict the number of responses from independent

experts for each URI pair. Nevertheless, we collect 3
judgments from experts for each URI pair to account
for the agreement between different experts.

5. Results: Crowds versus Experts

In this section we present, discuss, and compare the
results we obtained from the two different experimen-
tal setups. We investigate the accuracy of crowd work-
ers and experts, as well as the errors they are prone to
committing.

5.1. Accuracy and Agreement

In order to investigate RQ#1, RQ#2 and RQ#3,
we assess the accuracy of judgements and the inter-
annotator agreement. In the Environment I, we note
that experts achieve a higher accuracy in determining
the apt relations between the given pairs of URIs. The
crowd workers perform with an average accuracy of
around 85%, while the experts achieve an accuracy of
nearly 90%. The inter-annotator agreement (according
to percent pairwise agreement) is also higher in case of
the experts (over 94%) when compared to that of the
workers (75%).

In the Environment II, we observe that experts vastly
outperform crowd workers. While the experts perform
with an accuracy of nearly 75%, the crowd workers
achieve an accuracy of only around 45%. In addi-
tion, we see that the experts exhibit a very high inter-
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Fig. 4. A comparison between the accuracy and pairwise agreement
of Crowd Workers and Experts in the Environments I and II.

annotator agreement (according to percent pairwise
agreement) of nearly 95% in comparison to the 50%
agreement in case of the crowd workers. We discuss
the implications of these findings in Section 8.

5.2. Errors in Judgment

While investigating RQ#4, i.e. the impact of task
difficulty on the performance in varying setups, we hy-
pothesize that some relationships between URI pairs
are easier to determine than others.

We investigate the performance of crowd workers
and experts with respect to each of the relationships
considered. Herein, we analyze the errors that workers
and experts commit from two different standpoints.
Predicates Erred-On. Here we observe the types of
relationships between URI pairs which workers and
experts fail to identify accurately.
Predicates Erred-As. In this case, we analyze the
predicates that are wrongly attributed to URI pairs by
crowd workers and experts.

Fig. 5. Distribution of Predicates Erred-On by Crowd Workers and
Experts in the Environments I and II.

Figure 5 presents the distribution of relationships
erred-on by crowd workers and experts in Environment
I (Crowd I, Experts I) and Environment II (Crowd II,
Experts II).

In the Environment I, we find a similar distribu-
tion between crowd workers and experts. Herein, both
Crowd I and Experts I err most in judging URI pairs
with the owl:samAs relationship, followed by those
with owl:equivalentClass relationship. We believe
that this is due to the subtle difference conceptually be-
tween the class-level and instance-level predicates be-
tween the resources. The smallest portion of the errors
committed by crowd workers (around 12% of the er-
rors) pertain to the skos:related relation, while only
10% of the errors in judgments by experts correspond
to the rdfs:subClassOf relation.

On the contrary, in Environment II crowd work-
ers and experts err on varying predicates. While
Crowd II err equally on the skos:related and
rdfs:subClassOf predicates, around 75% of the
errors committed by Experts II correspond to the
rdfs:subClassOf predicate and 25% correspond to
the owl:equivalentClass predicate. Neither the
Crowd II, nor Experts II err on the URI pairs with the
owl:samAs predicate.

Fig. 6. Distribution of Predicates Erred-As by Crowd Workers and
Experts.

Figure 6 shows the distribution of relionships
erred-as by workers and experts in both environ-
ments, i.e., the relationships that are misattributed
to URI pairs. Of the errors in judgment committed
by Crowd I, around 37.5% of relationships between
URI pairs are misattributed to skos:related, while
nearly 20% of the errors correspond to attributing
the owl:equivalentClass relation to URI pairs. In
case of the Experts I, around 40% of the errors in
their judgments are a consequence of identifying URI
pairs as being related by the owl:sameAs relation-
ship, followed by nearly 25% corresponding to the
rdfs:subClassOf relation. A small percentage of the
errors arise from workers and experts identifying no
relationship between URI pairs in the Environment I,
as depicted by the relation None in Figure 6.
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(a) owl:equivalentClass (b) skos:related

(c) rdfs:subClassOf (d) owl:sameAs

Fig. 7. Distribution of misattributed URI pairs for each of the considered predicates by Experts and Crowd Workers, in Environments I and II.

In Environment II, nearly 90% of the errors com-
mitted by Crowd II correspond to wrongly attribut-
ing URI pairs with the owl:equivalentClass pred-
icate. Another 10% of the errors by Crowd II re-
sult from misattributing the URI pairs with the
owl:sameAs relationship. Experts II misattribute over
50% of their errors in judgments to skos:related,
nearly 25% to the rdfs:subClassOf, around 20%
to owl:equivalentClass, and almost 5% to the
owl:equivalentClass predicate.

5.2.1. Misattributed Relations
Next, we take a closer look at the errors in judg-

ments by workers and experts in both the experimental
environments. We study the nature of the misattributed
relations, i.e., for each type of relationship between the
URI pairs, we study the relations that are wrongly at-
tributed to the pairs. Figure 7 presents the distribution
of the misattributed URI pairs across the different rela-
tions considered.

In case of the pairs with the owl:equivalent-
Class relationship (see Figure 7a), a large proportion
of the mistakes by the Experts I (nearly 70%) attribute
owl:sameAs relation to the pairs, while nearly 60%
of the errors committed by the Crowd I in this case,
attribute skos:related relation to the pairs. On the

contrary, in Environment II crowd workers (i.e., Crowd
II) do not misattribute the owl:equivalentClass
predicate. Over 70% of the mistakes made by the Ex-
perts II in this case, misattribute the URI pairs to the
rdfs:subClassOf predicate.

Figure 7b shows that in case of URI pairs which
actually share the skos:related relationship, in En-
vironment I experts wrongly identify 60% of them
to be related by rdfs:subClassOf relation, fol-
lowed by around 33% of them to be related by
the owl:sameAs relation. Crowd workers misattribute
the pairs with skos:related, in equal proportions
with owl:equivalentClass, rdfs:subClassOf,
and owl:sameAs relations. In contrast to this, in En-
vironment II the experts (i.e., Experts II) do not err on
these URI pairs with skos:related predicate. Nearly
90% of the errors committed by Crowd II in this re-
gard, misattribute the owl:equivalentClass predi-
cate to the URI pairs, while almost 10% do so with the
owl:sameAs predicate.

From Figure 7c, we see that in Environment I crowd
workers err on pairs with the rdfs:subClassOf re-
lation, by judging that they share the skos:related
predicate (over 55%), while experts primarily misat-
tribute the owl:equivalentClass predicate to these
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pairs (around 50%). In Environment II on the other
hand, around 90% of the misattributions by Crowd
II pertain to owl:equivalentClass predicate, while
over 75% of the misattributions by Experts II corre-
spond to the skos:related predicate.

Finally, we find that of all the misattributed relations
between pairs that actually share the owl:sameAs rela-
tion, in Environment I experts err by identifying them
to be related by the owl:equivalentClass relation-
ship, and crowd workers depict the same albeit to a
lesser extent (nearly 50% of the misattributed rela-
tions). We believe that this is indicative of the difficulty
in distinguishing class and instance-level concepts in
case of both experts and workers. In Environment II
however, we observe that neither crowd workers (i.e.,
Crowd II) nor experts (i.e., Experts II) commit mis-
takes when it comes to judging the apt predicate be-
tween URI pairs sharing the owl:sameAs relation.

6. Impact of Concept Familiarity

An additional investigation with regard to RQ#4
builds on the assumption that predicates can be easier
to adjudicate if the concepts or entities involved are fa-
miliar to participants and better understood. Here, we
hypothesize that more popular and less granular re-
sources are more likely to be familiar to the worker,
whether crowd or expert, leading to better results and a
lesser dependence on added context information (En-
vironment 1).

As indicators for popularity and granularity, we rely
on features extracted from Wikipedia. For this rea-
son, we considered a subset of 363 URI pairs where
both subject and object URIs are within the DB-
pedia namespace, and hence, have a corresponding
Wikipedia page. In the first series of experiments we
used features such as in-links, out-links and the posi-
ton of an associated concept within the Wikipedia cat-
egory graph. In previous works, these features have
been shown to indicate the popularity of Wikipedia
pages, and hence, we suppose are reliable indicators of
how well an entity is understood by the general public.

We are therefore led to believe that these features
will help us determine whether workers are more ca-
pable of responding accurately in case of certain con-
cepts when compared to others. In the second series
of experiments, we took a closer look at the different
categories of the content of the links, and how these
influence the results of our experiments.

Table 2
Features of correctly and incorrectly determined predicates based on
responses from the crowd workers in Environment I.

Depth In-links Out-links Text Length

Correct Entities 5.74 2556.6 132.93 27,609
False Entities 6.01 1161.77 76.79 16,408

6.1. Impact of Entity Familiarity on Performance

The experimental setup for this section is as follows.
For each given resource from DBpedia represented by
a URI, we retrieve the corresponding Wikipedia arti-
cle. For each resource, we analyzed the following fea-
tures:

Depth The depth describes the position of a given
concept in the Wikipedia category graph. As we
traverse deeper down into the Wikipedia category
graph, the concepts tend to be become less gen-
eral and more specific.

In-links This describes the number of distinct
Wikipedia articles pointing to a given article. Ar-
ticles with many in-links are related to many other
articles.

Out-links This describes the number of other distinct
Wikipedia articles that a given article links to. The
number of Out-links also describes the relation to
other articles.

Text Length This feature describes the length in char-
acters of the text in a Wikipedia article. We find
that articles regarding resources that are of public
interest, tend to be longer.

Given this set of features and the responses provided
by the crowd workers and experts, we analyzed how
the features relate to the inter-annotator agreement and
whether or not the correct relationship predicate was
determined. Table 2 shows the averages of the men-
tioned features, corresponding to correctly and incor-
rectly determined predicates by crowd workers (Crowd
I) in the high-context Environment I.

We can see that the entities involved in answers that
were correctly determined (‘Correct Entities’ in Ta-
ble 2) by Crowd I tend to have a lower depth in the
category Graph. This indicates that relationship pred-
icates, between URI pairs represesnting more general
topics are easier to establish in this specific environ-
ment. In the case of in-links and out-links we can see
some major differences between the entities of cor-
rectly and incorrectly established predicates. The enti-
ties corresponding to correctly determined predicates
have nearly twice the amount of in and out-links on
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Table 3
Features of correctly and incorrectly determined predicates based on
responses from the experts in Environment I.

Depth In-links Out-links Text Length

Correct Entities 5.58 2554.13 128.81 26,707
False Entities 5.87 380.97 61.07 13,579

Table 4
Features of correctly and incorrectly determined predicates based on
responses from the crowd workers in Environment 2.

Depth In-links Out-links Text Length

Correct Entities 3.88 1171.3 115 13,638
False Entities 5.64 2845.65 146.73 33,178

average. In addition, we find the corresponding arti-
cle size (‘Text length’ in Table 2) of these entities was
generally larger. The differences between these sets are
also statistically significant with p < 0.05 for depth,
in-links and text length, with p < 0.1 for the out-links.

When looking at the same set of features calcu-
lated based on the responses from the experts in En-
vironment I, we observe very similar patterns. These
findings are presented in Table 3. Here in case of the
Experts I, the differences between the features corre-
sponding to the entities whose predicates have been
either correctly or incorrectly determined, are even
larger. Again we find that the differences for depth, in-
links and text length are statistically significant with
p < 0.05, while that for out-links is not significant.

We conducted the same series of experiments with
respect to the responses received from crowd workers
and experts in the low context Environment II. Table 4
presents our findings corresponding to Crowd II.

We observe a similar pattern as in case of Crowd
I, wherein the depth corresponding to entities whose
predicates are correctly determined (‘Correct Entities’
in Table 4) is lesser than that corresponding to the in-
correctly established predicates (‘False Entities’ in Ta-
ble 4). These differences are also found to be statisti-
cally significant with p < 0.05. In case of text length
and the in-links we also found significant differences
between Correct Entities and False Entities. However,
in contrast to our findings in Environment I, on aver-
age the False Entities correspond to longer texts and
a higher number of in-links. We observe that this is
caused by the fact that even relatively easy to establish
URI predicates (as indicated by the depth), were incor-
rectly determined by crowd workers in the low context
Environment II.

The results from the experts in Environment II are
reported in Table 5. In case of Experts II, we see

Table 5
Features of correctly and incorrectly determined predicates based on
responses from the experts in Environment 2.

Depth In-links Out-links Text Length

Correct Entities 5.5 3212.64 167.71 37,509
False Entities 5.33 1993.37 121.37 25,421

that most of the features depict lesser differences be-
tween entities whose predicates are correctly and in-
correctly established. We found statisically significant
differences for the out-links and the text length. Once
again we observe that longer Wikipedia articles corre-
sponding to the entities, with more out-links seem to
be more general and therefore the accurate predicates
are easier to identify.

6.2. Familiarity Estimation for different Topics

In the experiments described in the last section we
focused on relatively general features corresponding to
the entities represented by the URI pairs. In this sec-
tion, we further analyze how the categories covered
by these entities influence the quality of the responses
from crowd workers and experts.

In order to carry out this analysis, we generated
profiles for each entity describing the topics, respec-
tively DBpedia categories, the entity is related to. We
used the Wikipedia/DBpedia category graph to gener-
ate profiles which relate entities to top level categories.
An entity is considered to be related to a category if
there exists a direct path, following parent category re-
lations, from the categories where the article belongs
to, up to the top categories. These categories to which
the entity is thereby related to, are reffered to as topics.

Since the Wikipedia category graph is very dense we
only follow links to parent categories where the dis-
tance to the root of the category graph is not getting
longer. Additionally we took the number of parent cat-
egories and the number of steps into account when cal-
culating the weight for each category. A more detailed
description on how these entity profiles are built can
be found in our previous works ([11] and [22]).

For the sake of understanding the topical variance
pertaining to different entities, let us consider two ex-
ample entities, namely Bees and Music festival. In Fig-
ure 8 we can see that both these entities depict distinct
patterns with respect to their topical relevance; while
Bees are more related to the categories Life and Agri-
culture the entity Music festival is mainly related to
People, Culture, Arts and Society.
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Fig. 9. Difference between topics of correctly and incorrectly re-
solved URI pairs in Environment I, and the corresponding difficulty.

With an aim to analyze how the topics may influ-
ence the quality of responses gathered from the crowd
workers and the experts, we separated the correctly

-1 

-0,8 

-0,6 

-0,4 

-0,2 

0 

0,2 

0,4 

0,6 

0,8 

1 

M
at

h
e

m
at

ic
s 

P
e

o
p

le
 

Sc
ie

n
ce

 

La
w

 

H
is

to
ry

 

G
e

o
gr

ap
h

y 

C
u

lt
u

re
 

A
gr

ic
u

lt
u

re
 

P
o

lit
ic

s 

N
at

u
re

 

Te
ch

n
o

lo
gy

 

Ed
u

ca
ti

o
n

 

A
p

p
lie

d
sc

ie
n

ce
s 

H
e

al
th

 

B
u

si
n

e
ss

 

B
e

lie
f 

H
u

m
an

it
ie

s 

C
h

ro
n

o
lo

gy
 

So
ci

et
y 

Li
fe

 

En
vi

ro
n

m
e

n
t 

A
rt

s 

La
n

gu
ag

e
 

D
if

fi
cu

lt
y 

Topic 

Crowd II 

Experts II 

Fig. 10. Difference between topics of correctly and incorrectly re-
solved URI pairs in Environment II, and the corresponding difficulty.

and incorrectly determined URI pairs and generated
average profiles over the corresponding entities. Based
on these profiles we calculated the difference between
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correctly and incorrectly resolved URI pairs. We nor-
malize this difference to fit the scale of [−1, 1], where
‘-1’ represents a topic wherein predicates between the
URIs are very easy to resolve, and ‘1’ represents the
topic corresponding to the highest difficulty in resolv-
ing entities. The result is shown in Figure 9. We can
see that for some categories there are major differences
between the correctly and incorrectly established pred-
icates. The most difficult topics are People, Geogra-
phy, Chronology and Arts. On the other hand, the enti-
ties related to Society and Language seem to be easier
and therefore predicates pertaining to such URI pairs
were predominantly correctly resolved. It is interesting
to note that the performance of the crowd workers and
the experts are very similar. The correlation between
the two profiles is 0.93 indicating that both groups in-
correctly resolved predicates for entities related to the
same categories.

We carried out the same experiments with respect
to Environment II. Our findings are presented in Fig-
ure 10. We find that in case of the results from the
crowd workers (Crowd II), the difficult topics are again
People and Chronology while the easier one appears
to be Society. In case of the experts (Experts II) how-
ever, the results differ when compared to Environment
I. While People still is one of the most difficult topics,
other categories seem to be similarly difficult in Envi-
ronment II. This observation might be explained with
the fact that Environment II does not show contextual
information, increasing difficulty for certain kind of
entities.

A closer look at the data reveals that while in En-
vironment I, the differences for all topics with values
larger than 0.1 are significant with p < 0.05 for both
Crowd I and Experts I, in Environment II only Lan-
guage and Mathematics show significant differences in
case of the experts. We find statistically significant dif-
ferences corresponding to the Crowd II with respect
to the Values of Society, Life, Chronology and People
corresponding to the correctly and incorrectly resolved
predicates between URI pairs.

Besides the fact that some topics may be more diffi-
cult than others, the features may also vary for differ-
ent topics. Within Wikipedia different topics are cov-
ered in different depths and due to this reason features
such as in-links, out-links or the depth in the category
graph may vary over the different topics.

Figure 11 shows an example of 6 different
Wikipedia top categories and how deep the related ar-
ticles are within the Wikipedia category graph. The 6
example categories show that the distribution of the ar-

ticles can vary from topic to topic. While articles re-
lated to Society or Life show relatively similar distri-
butions with an average depth of 7.1 and 7.87, other
categories show distributions that have a wider spread
over the category graph. Wikipedia articles represent-
ing entities related to Science or Health have an aver-
age depth of 10.03 and 12.7 respectively.

7. Related Literature

In this section we first discuss the confluence of the
fields of Crowdsourcing and the Semantic Web in or-
der to motivate our work and build a vision for the im-
plications of our work. Then we describe the relevant
previous works within two distinct realms; (a) Link
Prediction and Schema Mapping, since in our work we
focus on this particular task, and (b) Crowds and Ex-
perts, since our work aims to investigate the extent to
which crowds can replicate the performance of experts
in the Semantic Web related task considered here.

7.1. Crowdsourcing and the Semantic Web

Due to the nature of Semantic Web technologies, the
need for human input or intervention is apparent. In re-
cent times, crowdsourcing and gamification have been
adopted as a means to solve several problems emerg-
ing in the Semantic Web and engage workers within
such tasks.

Ontology alignment is one domain that has profited
from dedicating atomic microtasks to the crowd. De-
martini et al. leverage crowdsourcing techniques with
an aim to achieve large-scale entity linking [3]. Sara-
sua et al. introduced CrowdMap [20], a model to ac-
quire human input via crowdsourcing in order to solve
the problem of ontology alignment. In other works, re-
searchers have used gamification in order to receive
human input. Thaler et al. developed a game called
SpotTheLink with an aim to solve the problem of on-
tology alignment [27]. Thaler et al. also used gamifi-
cation for image annotation and interlinking. Keeping
up with the tradition of ‘semantic games with a pur-
pose’ [23], Markotschi et al. developed a game in or-
der to receive contributions to the creation of formal
domain ontologies from Linked Open Data [12]. Com-
plementing these existing works on one hand, and in
contrast to their implications on the other hand, in our
work we focus on the comparison between employing
crowd workers as opposed to experts in order to ac-
quire human input in the task of link prediction and
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schema mapping. Acquiring input from experts is an
expensive endeavor. Hence, we investigate the feasi-
bility of replicating expert judgments by exploiting the
collective wisdom of crowd workers.

7.2. Link Prediction and Schema Mapping

As described earlier, the task of link prediction and
schema mapping refers to the creation of explicit links
between resources on the Semantic Web at the instance
and schema level. We discussed that owing to the fol-
lowing two primary reasons; (i) sparsity of additional
metadata that can potentially aid in determining ap-
propriate relations (i.e., the available context), and (ii)
possible ambiguity between resources requiring dis-
ambiguation, human input is crucial with respect to the
link prediction and schema mapping task.

In the last few years, there has been consider-
able work in the field of link discovery and predic-
tion [14,15,16]. While these state-of-the-art works by
Ngomo et al. tackle time-efficient execution of link
specifications [14,15], the authors acknowledge that
such automatic approaches for link prediction have a
scope for improvement in terms of the accuracy [16].
This indicates the necessity of human input in order
to further improve the accuracy in link prediction. We
thereby choose to investigate the quality of human an-
notations that can be acquired in this regard, by using
crowd workers on one hand, and experts in the field of
Linked Data and Semantic Web on the other.

A quite established and excessively related field to
the implications that our work has, comes from the
ontology alignment [6] or schema mapping field. The
main studied concepts in this field, range from find-
ing direct mappings of type 1-1, 1-n, n-1 etc., that
is one to one, one to many and many to one. An ex-
ample of such a mapping might be matching liter-
als that are assigned to a predicate name to a mul-
tiple predicates of another resource, i.e., first name
and last name. In [17] crowdsourcing is used to de-
termine which similarity measure to use for the align-
ment task. An interesting work in this direction has
been carried by Albagli et al. [1]. The approach uses
Markov Networks to combine the different factors that
can be included on a ontology alignment task, e.g. hu-
man experts, existing mappings etc. A non-negligible
aspect in the ontology alignment task, that of scala-
bility, has been addressed partially by Duan et al. [4].
The authors use the local sensitivity hashing technique
to group instances coming from an ontology, such that
the number of considered pairs for the alignment is

drastically reduced. However, in all cases the related
work in this field even though it tackles a similar prob-
lem, the main differences lie in that fact that we gen-
erate typed mappings between instances. The attached
semantics to the matched instances that range from
rdfs:subClassOf, skos:broader and so forth, re-
quire a considerably large human input. This will help
in creating automated approaches to tackle the prob-
lem of schema mapping automatically, and with a
higher accuracy.

7.3. Crowds and Experts

Over the last decade, there has been some work in
the direction of combining the ‘wisdom of the crowd’
with knowledge from experts in order to overcome
problems emerging from noisy crowdsourced labels
apart from other machine learning settings [10,18].
Similarly, Sordo et al. use expert based classifications
and crowd wisdom in order to improve music genre
classification [25]. Nichesourcing has been introduced
by de Boer et al., to combine the strengths of the crowd
with those of professionals and experts, thereby im-
proving the outcome of human-based computation for
certain appropriate tasks [2]. Our work differs from
such previous works in that we do not aim to combine
the input from crowd workers and experts, instead we
investigate the extent to which expert-level judgments
can be acquired from the crowd, in the specific task of
link prediction and schema mapping. While the pre-
vious works mentioned here, have credibly leveraged
the combination of expert knowledge and the collec-
tive wisdom of the crowd, we acknowledge the fact
that expert judgments are not readily available and re-
quire more resources in terms of time and costs.

Hill and Ready-Campbell show that user-generated
content can be used to extract crowd wisdom in order
to forecast stocks [9]. In contrast to our work, the au-
thors identify and rank ‘experts’ within the crowd in
order to facilitate better stock picking decisions. The
authors consider users contributing to online stock vot-
ing markets as crowd workers and thereby do not con-
sider an incentivized crowd, as in a typical crowd-
sourcing setting. In our work, we consider a distinct
group of experts and incentivized crowd workers. In a
closely related work, Sjöberg compared political elec-
tion forecasts determined by experts (journalists, po-
litical scientists, and editors of readers’ letters) and
the crowd (general public) [24]. This work however,
is limited to identifying that the public was most suc-
cessful in forecasting the election results, thereby val-
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idating the ‘wisdom of the crowd’. In addition, while
the work by Sjöberg considers a non-incentivized set-
ting for the crowd, we compensate the crowd work-
ers monetarily for their contributions. An incentivized
crowd is a realistic preamble for crowdsourcing Se-
mantic Web tasks such as the one tackled in our
work here. In a different domain, Shankar et al. show
that their crowdsourced location-based service per-
forms comparably to expert-based state-of-the-art ap-
proaches [21]. Unlike in our work, here again, authors
consider the users of mobile social networks such as
Twitter, FourSquare and Facebook Places as the crowd
and the user-generated content as the crowdsourced re-
sults. Importantly in our work, we quantify the exper-
tise of crowd workers in order to identify the extent
to which the crowd can replicate the performance of
experts in a specific scenario.

8. Discussion and Limitations

From our experiments across the two setups, we
note that the highest accuracy is achieved by experts
in the Environment I (see Figure 4). The highest inter-
annotator agreement is observed between the experts
in the Environment II, closely followed by the experts
in Environment I. With respect to RQ1 and RQ2, Fig-
ure 4, illustrates that the performance of crowd work-
ers is comparable to that of experts under circum-
stances that are conducive for crowd workers, i.e., as in
Environment I with a high context that is immediately
available at the workers’ disposal.

We observe that even in this case, experts slightly
exceed the performance of crowd workers. Crowd
workers fail to perform well in the case where the
setup presents limited information on which workers
can directly rely upon (low context in Environment II).
While the experts exhibit high agreement in both envi-
ronments, crowd workers exhibit poor inter-annotator
agreement in Environment II. This also underlines the
impact of the task environment (RQ3) on the perfor-
mance of crowd workers.

Through our experimental results in Environment I
and II, we observe that owl:sameAs is cumulatively
the least erred-on predicate, i.e., on average crowd
workers (Crowd I, Crowd II) and experts (Experts
I, Experts II) can most easily resolve the URI pairs
with owl:sameAs relationship predicate. In addition,
we see that the URI pairs with owl:sameAs predi-
cate are typically erred-on by crowd workers and ex-
perts by misattributing the owl:equivalentClass

predicate to the URI pair instead. On the other hand,
we note that owl:equivalentClass is cumulatively
the most erred-on predicate, i.e., on average crowd
workers (Crowd I, Crowd II) and experts (Experts
I, Experts II) cannot easily resolve the URI pairs
with owl:equivalentClass relationship predicate.
However, we do not observe a clear trend in the
nature of the errors committed on URI pairs with
owl:equivalentClass predicates, with respect to
their distribution across the considered relationship
predicates (the errors seem to be evenly distributed
across the other 3 predicates considered in the experi-
ments).

Through our experiments regarding RQ4, i.e. the es-
timation of the difficulty in accurately identifying the
predicates corresponding to a URI pair, we find statis-
tically significant patterns that explain the influence of
the topic that the URIs represent on the performance of
the crowd workers and experts. We find that in the high
context Environment I, the crowd workers (Crowd I)
and experts (Experts I) rely on the context available
to adjudicate the apt predicates corresponding to URI
pairs. Their familiarity with the entities thereby plays
a key role in their performance. In the Environment
I, features that are indicators of low difficulty are (i)
low depth in the Wikipedia category graph of the en-
tities (since a lower depth in the Wikipedia category
graph indicates that the topic is more general and less
specific), (ii) high number of in-links and out-links
(since a high number of in-links and out-links indi-
cates the popularity of the entity, and thereby the po-
tential familiarity with it), and (iii) high text length
(since popular entities tend to have longer correspond-
ing Wikipedia articles describing them). In the low
context Environment II however, we note that a similar
pattern does not hold across the Crowd II and Experts
II. We believe that this is due to the low context nature
of Environment II.

9. Conclusions and Future Work

In this work, we have investigated the performance
of crowd workers and experts in the task of link pre-
diction and schema mapping. We delved into the im-
pact of the task environment (in terms of context that
is directly presented to a participant), and difficulty of
the task, on the performance of crowd workers and ex-
perts. In addition, we present a detailed analysis on
the types of errors that crowd workers and experts are
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prone to committing, in the specific task of link pre-
diction and schema mapping.

We show that the task of link prediction and schema
mapping can be reliably crowdsourced. We find that
the crowd workers perform comparably with respect
to the experts, when sufficient context regarding the
URI pairs is provided (as in Environment I). In the ab-
sence of adequate context however, we find that the
crowd workers perform poorly in comparison. There-
fore, the task design plays a crucial role in the qual-
ity of the results produced by the crowd workers in
comparison to the experts. Although the experts out-
perform the crowd workers in both environments that
we have considered in our experiments, we note that
the crowd workers are capable of producing high qual-
ity results as well. This implies that one can save valu-
able resources in terms of time and costs, by employ-
ing crowdsourcing for this task. We conclude that it
is feasible to use crowd workers for the task of link
prediction and schema mapping, by paying due impor-
tance to the design of the task. We thereby answer the
research questions RQ#1, RQ#2, and RQ#3 that we
set out to solve through this work.

Finally, we propose a method to quantify the exper-
tise that is required to accurately identify the apt rela-
tionship predicate between a pair of URIs. We lever-
age the Wikipedia category graph and features emerg-
ing from it, in order to determine the level of difficulty
in resolving the apt predicate for a given URI pair. We
show that there is a strong influence of the difficulty
on the performance of crowd workers and experts. In
cases where the difficulty is high, crowd workers and
experts tend to err. We thereby answer the RQ#4.

In the imminent future, we plan to extend our work
by quantifying the expertise of crowd workers as a
function of the difficulty in solving a particular task. In
addition, we plan to empirically extend our work pre-
sented here to assess the extent to which experts can be
replaced by crowd workers in different tasks within the
taxonomy of crowdsourcing microtasks [7], in order to
understand task specific influences.
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