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Abstract. Building computational conceptual models that
are flexible and context-independent is an important chal-
lenge given the growing interest in cross-domain applications
that need to deal with real-world objects. While crowdsourc-
ing methods have been used extensively in ontology engineer-
ing and evaluation, few approaches apply these methods to
retrieve data. However, retrieving data from a large crowd
promises to elicit the whole spectrum of associative knowl-
edge humans use to cognitively represent concepts. In this
paper, we propose to use two crowdsourcing techniques - a
mechanized labour-based and a game-based approach - as a
data acquisition method and a semi-automated approach for
building a domain-specific ontology from this data for the con-
cept city. Our approaches are indirect, asking participants to
describe instances of cities. In a second phase, we implement
techniques to extract semantic classes from the obtained data.
We evaluate our results against another collaboratively built
ontology for city, extracted from Wikipedia. We compare the
techniques used, analysing benefits and drawbacks for each
one.

1 Introduction

The past decade has witnessed an increasing interest in inte-
grated visions that propose a tight and optimised relation be-
tween Web technologies and everyday real-life domains, such
as the Internet of Things [1] or Smart Cities [7]. These efforts
require sound computational models that represent concepts
ubiquitous in our everyday life. Moreover, since different do-
mains interact in these approaches, the models need to be
as context-independent as possible, very flexible, and easy to
adapt to diverse applications or to change and evolution.

The computational modeling of these concepts is a diffi-
cult problem that has been largely discussed from both the
philosophical and the engineering perspective. Concepts that
people can easily understand in informal conversations can
be challenging to define and model formally, something that
seems to be particularly true for spatial and geographic con-
cepts, as it can be seen in the well-known discussion about
the definition of forest (see, for example, [4]). An alternative
solution would be relying on a group of experts to build the
concept descriptions. This is, on the one hand, a time- and
cost-intensive task [31]. On the other hand, it is not free of
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arbitrariness, since the resulting conceptualisations can be bi-
ased by the view of the person(s) in charge of building them.
We believe that relying on a large population for acquiring
associative knowledge drastically reduces this potential bias.

In the past years, crowdsourcing techniques received in-
creasing attention as methods that can overcome these two
problems. Crowdsourcing consists of a collective of non-
experts (a crowd) performing short and accessible tasks that
are then combined to tackle a larger problem. Crowdsourcing
methods are particularly well suited for tasks that are difficult
to automate completely, but are at the same time too large
to be completed by just one person, or that benefit from the
diversity of the participants.

In this paper we propose a method that uses two crowd-
sourcing techniques – a mechanized labour-based and a game-
based approach – to build concepts for ontologies, identifying
different types of knowledge that humans use to describe in-
stances. In line with results of Parasca et al. [22] we observe
that people extensively rely on prior knowledge as well as
synonymy, antonymy, and hypernymy to describe concepts.
This kind of task can benefit from collaboration, as it is dis-
cussed in [15], where the authors compare conceptual maps
created individually and collaboratively, concluding that the
latter ones are of higher quality.

Using crowdsourcing can provide a description that reflects
the collective perception of a concept, identifying categories
that are socially relevant, but not immediate when explic-
itly trying to define them. For instance, five participants in
the mechanized labour-based approach used café to describe
Paris. In the approach using a word guessing game, four par-
ticipants used baguettes to describe Paris, which was guessed
correctly upon this first hint in four different games. When
asked directly to describe city it is unlikely that participants
would provide similarly specific associations. Our approach
is still preliminary, but the data obtained3 can be used as a
pattern to describe concepts in applications where the social
aspect is relevant or as a human-created standard to evaluate
automated techniques. We also believe that the game-based
approach can provide a valuable method for cognitive applica-
tions, since it can specify the type of knowledge to be elicited
in a way that is entertaining to participants.

We chose to perform our experiments using the concept of
city. The concept of cityness has been extensively discussed
in the urbanistics literature, remarking its social and dynamic

3 Data obtained from and source code used in this ap-
proach can be found at https://github.com/paulachocron/
CrowsourcedKnowledgeAcquisition
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aspects. In particular, we consider city to be a good concept
to perform this experiment, since it has clear instances which
are in general well-known by a random crowd. In addition,
although a city can be uniquely identified by means of its co-
ordinates, these are in general not the most immediate char-
acteristics that come to mind, and the resources used when
describing an instance are very varied.

After introducing related work, Section 3 explains the de-
sign and implementation of two crowdsourcing methods that
retrieve data by asking participants to describe instances of
a city. The mechanized labour-based technique asks partici-
pants directly, while the second one presents the task in the
form of a game, making it more attractive to participants.
This game-based method can be seen as an extension of the
first one, that could potentially complete the descriptions
obtained. In Section 4 we explain a post-(crowdsourcing)-
processing phase, in which we implement two methods to au-
tomatically extract categories related to cities from the crowd-
sourced data. We evaluated our approach by comparing its
results to another crowdsourced description of cities that we
extract from the Wikipedia Tables of Contents of city pages.

2 Related Work

Crafting ontologies manually is a costly task, and the obtained
results are not free of arbitrariness. For these reasons, the field
of ontology learning has been extensively studied in the past
years [18]. Many of these approaches, particularly those from
the first years of the area’s development, rely on predefined
patterns and rules or static resources, such as WordNet [31].
However, these static approaches have two drawbacks, namely
they are neither scalable nor easily portable between domains.
Recent approaches seek to be more dynamic, for example by
using machine learning to extract relations from an existing
seed ontology [23] or to develop axioms extracted from text
[27].

Using static resources in ontology learning is not straight-
forward due to the multiplicity of senses associated with each
word. To address this problem, Bentivogli et al. [5] asso-
ciate senses with a WordNet domain ontology they create and
which we also use herein to classify words. A similar idea is
presented by Izquierdo et al. [14] who associate the Kyoto on-
tology of the project with WordNet senses and also a number
of upper level ontologies. Those associations are then used
to present a class-based word sense disambiguation method.
Alternatively, distributional semantic approaches have been
investigated for word sense disambiguation with context-poor
data sets. For instance, Basile et al. [3] extract DBpedia
glosses for each word in tweets and then compute the cosine
similarity between the context of the word in the tweet and
each gloss to find the most related one(s), a second approach
we adapt in this paper. Similarity between sets of words can
be computed by composing their vectors in different ways; in
[3] the authors use addition.

The use of crowdsourcing techniques in ontology learning
has received considerable attention in the past few years. One
prominent example can be found in the approach of Hanika et
al. [13], who present approaches that solve some specific tasks
in ontology engineering via crowdsourcing, mainly related to
specifying relations between terms and verification. Eckert et
al. [11] propose a method to crowdsource concept hierarchies,

asking users questions about how concepts are related. In gen-
eral, these methods start from an existing set of concepts and
attempt to add relations collaboratively, without allowing the
discovery of new concepts. Crowdsourcing has also been ap-
plied to ontology evaluation (both for the subclass-superclass
hierarchy [21] and for entire ontology statements [32]) and
alignment [24].

In an effort to make crowdsourcing tasks more appealing
to participants, the idea of gamification was introduced that
presents the problems to be solved in form of an interactive
game, which is thought to foster motivation to participate
[25, 29]. Some well-known examples are Duolingo [28], an ap-
proach to crowdsource the translation of the Web, and re-
CAPTCHA [30], a method for digitizing paper copies of doc-
uments. Parasca et al. [22] utilize a guessing game to elicit
associative knowledge to define words provided to the play-
ers. They analyse the type of associative knowledge obtained
this way and suggest their data set to be used to evaluate
distributional approaches, which makes their method more
focused on linguistics. Verbosity [29], a game to elicit com-
monsense facts in a structured way, restricts the elicitation
of knowledge to specifically related items in order to obtain
already related expressions. We decided against this design to
have a non-restrictive elicitation of associative knowledge.

Individual ontology engineering tasks have been crowd-
sourced as games as well, such as for classification and pop-
ulation [26]. In [20] a game is proposed to obtain attributes
for concept descriptions. Their approach is explicit in that it
asks players to name properties directly. In combination with
ontologies, a specific part of the ontology building task is usu-
ally crowdsourced but not the knowledge acquisition step that
precedes the ontology building as in our approach.

3 Crowdsourcing Concept Descriptions

We propose two different crowdsourcing mechanisms to collect
descriptions of city instances that will later be used to build
the concepts related to city. The approach, from the data
collection to the evaluation, is illustrated in Figure 1, where
rectangles are steps and circles are the different techniques
that we explore.

Crowdsourcing methods can be divided into two major cat-
egories [10]. Explicit methods are those in which participants
are asked directly to perform some task, and then their work
is combined to solve a larger problem. In the implicit ap-
proach users are given a task that is only indirectly related
to the problem to solve; then some kind of post-processing is
applied to extract the desired information from the retrieved
data. The implicit approach allows designers to make the task
more attractive for participants, for example by presenting it
as a game. For some tasks, implicit approaches can result in
more interesting and fine-grained results, and for some exper-
iments it is crucial that participants do not know the final
objective to avoid cognitive biases.

We used two different implicit crowdsourcing methods, in
which we ask participants to describe specific instances of
cities either as a direct question or as part of a game to ob-
tain a general characterization of city as a concept. We believe
that using an implicit approach for our problem can lead to
richer and more fine-grained ontologies than the explicit one.
However, the direct comparison to this kind of task is yet



Figure 1. Overview of Concept Formation Method

to follow. The kind of technique we propose here is partic-
ularly applicable when describing abstract concepts that do
not have a clear physical correspondence, where the properties
are less evident. To form concepts, we group the descriptions
we obtain from the crowdsourced data by their sense that we
disambiguate and by their semantic category that we extract.

A first approach, which we call mechanized labour-based
knowledge acquisition, uses a popular crowdsourcing online
platform (CrowdFlower) in which users can register and com-
plete mechanical tasks in exchange for payment. The task we
proposed consisted in directly asking participants to provide
the first ten words they associate with a city name displayed
to them. In the second approach we adapted the well-known
Taboo game, in which one player describes a city instance to
the other player without using any of the words on a list that
is provided to them. This second technique was developed as
an extension to the first one, and it therefore uses the results
of the first one as words that cannot be used in the game in
an effort to obtain more fine-grained, original descriptions of
city.

For both methods we used as input a list of city names
that we built with input from online listings of popular cities
retrieved by a search engine query. Participants had to be
first language English speakers since the data we wished to
obtain are in English. They were always given the possibil-
ity to skip a city if they were not familiar enough with it.
They were explicitly instructed to only use common nouns
with adjectival/verb modifiers. There are two main reasons for
this restriction: (1) proper nouns trivialize the identification
of cities as they uniquely identify them, e.g. Eiffel for Paris,
and (2) we were interested in ontology building from com-
mon language and not based on instances or named entities.
Participants were explicitly instructed to comply with this in-
put restriction, in the mechanized labor-based approach even
tested on them, and non-conforming characterizations were
omitted from the final data set. In the following subsections
we explain each of the two approaches in detail.

3.1 Mechanized Labour-Based Knowledge
Acquisition

Description

In the first of our approaches we ask participants directly to
provide descriptions of a given city. This was implemented
using the online crowdsourcing platform CrowdFlower. In a
crowdsourcing task, participants were provided with the name
of a city (for example, Paris), its country name (France), and
its latitude and longitude (48.85◦ N, 2.35◦ E), plus ten input
fields for city descriptions as illustrated on the right hand side

of Figure 2. The instructions clearly described the task and
specified the input restrictions to describing cities by using
common nouns with possible adjectival/verbal modifier as de-
scription, no words other than English including loan words,
and a categorical omission of personal opinions. For instance,
stinky cheese to describe Paris by means of one of its most
prominent food exports would be permissible in the sense of
providing a common noun in English but clearly violates the
instruction of not providing a personal opinion. Each page in
the task displayed a total of five city instances to each par-
ticipant, asking for their descriptions following the specified
input restrictions.

The left hand side of Figure 2 shows the first part of a
page displayed to the participants, where they could indicate
whether they had heard of the city, had been there, or are
not familiar with it. The right hand side of Figure 2 shows
the view when clicking one of the first two options, where the
user is prompted to provide a maximum of ten words they
associate with that city. We uploaded a list of 300 cities that
we collected from online resources and there was no limit to
how many descriptions participants could provide.

We took several measures to ensure the quality of the re-
sults for this crowdsourcing technique. First, we conducted a
pilot study to evaluate the kind of results we were to expect
and to improve our test setup. Second, we asked each partic-
ipant 20 test questions to ensure their ability to comply with
the instructions regarding the input restrictions. For example,
we asked participants whether Breaking Bad is an adequate
description of Albuquerque, USA, to test the ability to differ-
entiate common from proper nouns. Only participants with
an accuracy above 70% on the test questions were permitted
to complete city descriptions. Finally, answers on which par-
ticipants spent less than ten seconds on the question were not
considered, a setting enabled by the platform.

This measure was taken because it can be reasonably as-
sumed that a participant who spends less than on average ten
seconds on the description of five city instances has not taken
the time to provide enough descriptions or delivers poor qual-
ity. For instance, if a participant provides cathedral for all five
cities and no other input it might be possible to do so within
ten seconds, but this does not mean that cathedral is an ad-
equate description for those cities. It is highly unlikely that
a human being is able to process five city names and type at
least one association for them within ten seconds. This is a
common quality measure in crowdsourcing approaches and in
combination with the test question turned out to be a very
effective way to obtain high quality contributions. The pilot
study was particularly important since the improved actual
study received a better evaluation by the participants, which
increased participation. The more participants, the faster the



Figure 2. Example Question on CrowdFlower

specified number of targeted descriptions can be achieved.

Results

The task was online on CrowdFlower for six days asking
participants to describe a total of 300 cities. At the end of
the task, 82 participants mainly located in the United States
(65%) and the United Kingdom (30%) curated a total of 3,616
descriptions for 275 of the 300 cities. For the remaining 25
cities, no descriptions were provided since the participants
had the option to indicate that they did not know a city dis-
played to them in the task. We did not limit the number of
descriptions that could be provided by an individual partici-
pant in the overall task and some top contributors provided up
to 85 descriptions. The proportion of participants that passed
all the trust tests (70% accuracy on the test questions and an-
swer time not too short) was 91%, which shows that the task
was well designed and accessible for participants. This argu-
ment is further supported by a final contributor satisfaction
rating of 4.2 out of 5 potential points for our task.

The 3,616 descriptions we obtained for the 275 cities con-
tained duplicates. In a first processing phase, we kept dupli-
cate descriptions across the data set but de-duplicated the
ones for each city. For instance, we would de-duplicate the
five mentions of café relating to Paris, France to one while
keeping café as a description of Tangier, Morocco. This was
done automatically by applying similarity measures from the
WordNet Similarity for Java (WS4J) library4 combined with
the Levenshtein distance [17]. This approach was also used to
identify the descriptions that were provided most frequently,
for example, there are in total 576 descriptions that were pro-
vided by more than one user. For instance, for Paris the de-
scription café was identified as one of the most frequent ones

4 https://code.google.com/archive/p/ws4j/

as it was provided by five distinct participants. To reduce
the bias of individual associations regarding specific city in-
stances, we decided to choose only those frequent descriptions
for the concept formation task.

3.2 Game-Based Knowledge Acquisition

Our second crowdsourcing technique presented the city de-
scription task as a game that was designed by adapting the
popular board game Taboo™5, which we call GUESSence.
First, we will briefly describe the original Taboo™ game, then
our version, and finally the results we obtained from the game.

Description of the Taboo Game

The popular board game Taboo is a word guessing game,
where an even number of players is grouped into competing
teams. One player of one team draws a card and describes a
word it provides, with the objective of having their team col-
leagues guess the word without using the word itself or five
related words indicated on the same card. The five related
words are called taboo words and neither the words them-
selves, their components, nor their inflectional variants can
be used. For instance, if the word is basketball, it is not per-
mitted to use ball, baskets, or basketball to describe it, and
neither is it permitted to use any of the given taboo words,
for instance court, player, bounce, baseline, game. The goal
is to have your team guess as many words as possible within
the alloted times. Players take turns at describing words and
after the alloted time is over, it is the turn of the next team.
Each team receives one point for a correct guess and the team
with most points at the end of the game wins.

5 http://www.hasbro.com/common/instruct/Taboo(2000).PDF
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Description of GUESSence

In our two-player version of Taboo™, there are two roles a
player might assume: describer and guesser. The describer
provides hints to the guesser that describe a given city and
the guesser responds with a city name that is believed to
be the correct result. As a further restriction, the describer
is not allowed to use any of the phrases that are provided
as taboo words along with the city name and the country it
is located in. The objective of the game is that the guesser
finds out which city is being described. The game is collab-
orative, since when the guesser names the correct city both
players win. As an example depicted in Figure 3, if the city
to describe was Paris, France, the describer would get the list
of taboo words capital, café, romance, croissant, art, tower,
fashion, museum, palace, terrorist, cathedral. Then a game
could be developed as exemplified in the following, where the
describer starts the game by saying river and the guesser pro-
vides the first guess. When the guesser types the correct city
name the game was successful and both players are automat-
ically assigned to a new game.

describer: River
guesser: London

describer: Famous pastries
guesser: Vienna

describer: Hunchback
guesser: Paris

The taboo words for this game were the descriptions ob-
tained from the first data collection method, ensuring that
there was no overlap between the data set gathered with the
first knowledge production method and this one. Addition-
ally, we intended to analyse if this would trigger the use of
descriptions belonging to different categories in an effort to
find original descriptions. We only used cities for which we
had enough taboo words, omitting all cities with less than
five descriptions in the first task. This reduced the number
of 275 cities from the first task to 244 in the game. In an
effort to make each game equally challenging, we decided to
include some hand-picked additional salient descriptions as
taboo words if they were missing, such as canal for Venice.
By hand-picked we mean we complemented the most frequent
descriptions of the first task by associations that only one or
two CrowdFlower participants had who indicated they had
visited the city before.

We determined the number of taboo words on the basis of
the number of descriptions provided for each city by the crowd
of the mechanized labour-based approach. This was based on
the assumption that the more associations participants of the
first crowdsourcing method had with a specific instance of a
city, the easier it was to retrieve those associations and the
more well-known specific associations for that city might be.
To make the description of each city instance equally chal-
lenging in the game-based crowdsourcing approach, we kept
more taboo words for cities with a large number of associa-
tions while keeping fewer taboo words for cities with a lower
number of associations from the first crowd. Concretely, cities
with more than 25 descriptions were equipped with 12 taboo
words in the game, cities with 20 to 25 descriptions were as-
signed 10 taboo words, and 8 taboo words were provided for
cities with less than 20 descriptions from the first crowd on

CrowdFlower. Cities with less than five descriptions from less
than two participants were omitted in the game-based ap-
proach since this can be seen as an indication that not enough
associations could be elicited from the crowd and thus the city
might be more challenging to describe in the game-based ap-
proach than the other city instances.

Crowdsourcing

Since the game requires collaboration, participants had to be
online simultaneously, which made the use of crowdsourcing
platforms challenging. As we observed in the first data col-
lection method, the number of participants that simultane-
ously accessed the crowdsourcing task rarely exceeded two
at a time. Thus, we had to devise an alternative method
to recruit participants. We contacted colleagues within the
ESSENCE project6 at the School of Informatics at the Uni-
versity of Edinburgh, and asked them to send out an invitation
to participate on internal mailing lists and invite personal con-
tacts. This local recruitment should ensure that participants
in the game were first language English speakers in line with
the first crowdsourcing method and this was the only partner
institution located in an English speaking country. As an in-
centive to participate, we offered a small shopping voucher. To
avoid personalized hints when participants knew each other,
the method for joining two players in a game was automated
and both players had no means of identifying who the other
player was.

We developed an online platform7 and pre-scheduled game
sessions with up to nine players at a time, who were assigned
automatically and anonymously to two-player games. The
first player to log onto a game would be assigned the guesser
role. The second player to join a game session would be the
describer, who in contrast to the guesser would see the city
name, country, and taboo words, the view that is illustrated
in Figure 3. The game starts with the describer providing a
hint and ends with the correct guess from the guesser. Play-
ers were newly assigned automatically and anonymously to
each game. The same input restrictions as in the first crowd-
sourcing method were applied for the hints of the describer,
which was additionally enforced by automated warning mes-
sages. For those warnings, we implemented several named en-
tity recognition processes using NLTK [6] and the Stanford
Named Entity Recognizer (NER) [12]. Upon a correct guess,
the interface automatically redirects both players to a suc-
cess page. Should the automatic detection of a correct guess
fail because of spelling errors or other reasons, we provide a
“Guess Correct” button on the interface. If a player decided
to leave the game and start a new game, the other player
was automatically informed by the system that the game was
over.

A total of 30 participants played the game in five online
sessions. This resulted in 316 games, of which 174 were suc-
cessful, i.e., the city was guessed correctly. We decided to limit
our data set for the concept formation process to successful
games only. This ensures the quality of the hints, i.e., they
are indeed associated with the city being described to a degree
that allows a human player to identify the city. The lengths of
the games varied substantially. At times players were able to

6 https://www.essence-network.com/
7 http://taboo.iiia.csic.es
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Figure 3. Example GUESSence Game: Describer View

guess the correct city name upon receiving the first hint, such
as baguettes immediately triggered the response Paris when
indeed Paris was the target city. In other games players re-
quired up to ten hints to correctly guess the target city. It can
be presumed that first hints that immediately and in several
games trigger the correct target city are more associated with
the instance then hints that require further descriptions to
lead to a correct result. For instance, baguettes as a first hint
for Paris lead to four successful games with different players,
which means that baguettes is closely related to the city. We
could observe a strategy of guessers to first provide the capi-
tal of a country they presumed the target city to be in, so it
could be argued that baguettes is more related to the country
itself then the city. Indeed, the types of knowledge used by the
participants to describe a city came from different categories,
such as regions, continents, climate, food, fauna, flora, among
many others.

Those successful games were manually evaluated by 12 on-
tology engineers and researchers regarding their compliance to
the restriction to common nouns and the rules of the game,
e.g. not containing a Taboo word, which reduced our data set
of successful games to 73 games of 62 cities and a total num-
ber of 202 descriptions of cities. This set of 202 descriptions of
the second technique and the 322 descriptions from the first
crowdsourcing technique provided the input to our concept
formation method.

4 Building Ontologies

Building ontologies from natural language descriptions is a
four step process that requires concept formation (e.g. [8]),

extraction of hierarchical relations (e.g. [9]), learning non-
hierarchical relations (e.g. [23], and finally extracting axioms
(e.g. [27]). In this paper we focus on the first step of form-
ing concepts from the instance descriptions we obtained in
the two crowdsourcing processes. Concept formation is usu-
ally understood as the process of grouping terms into classes
based on their shared semantic properties [31]. This involves
detecting term variants, which is commonly done by using
predefined background knowledge [31].

In our data, the available semantic property is the relation
of each word to a city instance. Thus, we need to disambiguate
each word and then group them by means of their related
senses that we retrieved form existing lexical resources. We
also retrieved predefined semantic categories into which data
from both crowdsourcing approaches are classified. In this
section we will differentiate between the data from the two
approaches by referring to data from the mechanized labour-
based approach as taboos and descriptions from the game-
based approach as hints. To continue with our example, the
hint baguette is related to Paris and the sense we want to
obtain is that of “a long, narrow loaf of French bread” with
the semantic category Food, where the category provides the
general characteristic people use to describe a city. This is the
ultimate objective of our approach: find the types of concepts
that people associate with the general concept city. To evalu-
ate our obtained concepts, we use an ontology that we created
manually based on Wikipeda Tables of Contents (TOCs) of
specific instances of cities. We will first explain how we ob-
tained this evaluation ontology and then detail the approach
to disambiguate and classify the crowdsourced data.



4.1 Building an Evaluation Ontology

When searching for characteristics of specific cities, we found
that the Table of Contents (TOCs)8 of Wikipedia pages for
city instances shares some interesting characteristics with the
kind of ontology that we attempt to build. ToCs are organised
hierarchically, including subsections and even lower levels. As
a collaborative encyclopedic resource where each page is qual-
ity assured by several community members, Wikipedia could
be considered a long-term crowdsourcing approach and due to
its quality assurance can be considered an excellent testbed
for the concepts we form. Thus, we decided to manually build
an ontology from TOCs of Wikipedia pages as a gold standard
ontology for the characterization of city.

To build this ontology, four ontology engineers extracted
Wikipedia TOCs of 20 randomly selected cities from our list
of 300 cities. We merged the TOCs of those city pages, keep-
ing the most general ones. In this way, we removed categories
that were very specific to one city or region (such as “2.1.1
Legend of the founding of Rome”). In general it was easy to
achieve an agreement, which suggests a high degree of con-
sistency in Wikipedia’s ToCs. Since many participants in the
crowdsourcing processes used descriptions related to the coun-
try or region the city is in to describe the city, we repeated
the ontology construction process from TOCs for countries,
regions, and continents, which provided us with a four-layer
gold standard ontology we used to evaluate our ontology built
from crowdsourced data9.

4.2 Concept Formation

To group our data into semantic categories, we retrieved the
available senses and classifications for each noun and noun
phrase from WordNet and an online dictionary, called Word
Reference10. We opted for this combination since we found
that semantic categories provided by Word Reference fre-
quently complement WordNet domains [5]. An unexpected
level of complexity was found at this point, triggered by the
multiplicity of senses that may exist for each hint. In many
cases, different senses corresponded to different categories; to
continue with our example, baguette can be interpreted as “a
small convex molding especially one of semicircular”, which
is classified as Architecture instead of the desired category
Food for this hint. To overcome this problem, we implemented
and compared several word sense disambiguation techniques.
Since the focus of this paper is on crowdsourcing and ontol-
ogy building, we will only briefly report on the most successful
technique we applied.

By means of a word sense disambiguation approach based
on distributional semantics adapted from [2], we identified the
meaning that is semantically closest to the the general con-
cept of city from WordNet and Word Reference definitions.
We used each word of our input data in a vector represen-
tation and composed it with the vector of the city name. In
a second step, we created a vector representation of each ex-
tracted definition and compared it with the first vector. The

8 https://en.wikipedia.org/wiki/Help:Section
#Table of contents .28TOC.29

9 The ontology is available at https://github.com/paulachocron/
CrowsourcedKnowledgeAcquisition

10 http://www.wordreference.com

one combination of a definition vector with the (word, city)
that returned the highest similarity measure was the sense
we chose automatically to be closest to the general concept
of city. For instance, in the case of the two baguette senses
related to Food and Architecture, the disambiguation process
compares the vector for (baguette, Paris) with the vector for
each sense that is composed from the words in their glosses
and returns a higher similarity for Food. Our composition
method for vectors is that of averaging as implemented in the
word2vec library [19]. All obtained senses were manually eval-
uated by two raters and only senses that both raters agreed
upon were kept. We determined an F-Measure of 82% (164
taboos from 199) for the first crowdsourcing platform data
set and 80% (89 hints from 112) for the second game-based
data set. Given the highly ambiguous nature of the input data
and the lack of context, we consider this a good result. For
instance, boot has 7 different senses and no obvious connec-
tion to Wellington. Our algorithm identifies the correct sense
of ‘footwear’, since the description most likely hinted at the
famous ‘Wellington rubber boot’.

We implemented two different approaches to extract pre-
defined categories from descriptions of particular cities: cate-
gories from an online dictionary and ontology classes mapped
to WordNet senses. In the first technique, we exploited the
fact that Word Reference associates words with general la-
bels that can be generally seen as its superordinate class.
For example, Sushi is labeled as Food as is baguette which
groups them together. To use this information, we first ex-
tracted all nouns in the crowdsourced city descriptions and
then retrieved all existing glosses and categories from Word
Reference where available. We used our distributional seman-
tic disambiguation approach on the glosses to which labels
were assigned to find the best gloss and extract its associated
category. Our second approach consists of using WordNet to
obtain the semantic classes mapped to its senses. Due to the
fine-granular nature of WordNet senses, it was necessary to
use ontologies associated with WordNet synsets to obtain gen-
eral categories, as it is described in detail below.

In general, both Word Reference (WR) and WordNet (WN)
contained definitions for the words in the descriptions, al-
though there were some exceptions, most of which corre-
sponded to words that can be considered from foreign lan-
guages (for example, names of foods or sports). For the ma-
jority of the words that were defined, the resources included
the sense that was intended by the describer as one of the pos-
sible definitions, as it is shown in Table 1. We use the name
hints to refer to data obtained in the game from the describer
and taboos for the results of the first mechanized labour-based
task. By not available we mean that the word is in the re-
source but the required sense is not. In some other cases, the
describer used the word in a very complex or informal way,
which was not included in the utilized resources. This is the
case of, for example, using sack to describe Sacramento. The
evaluation was done manually by three researchers.

We also measured the number of available correct categories
in Word Reference as depicted in Table 2. In this case the
values are lower, because many glosses in Word Reference are
not classified into a category. At times, the categorization in
the resource is not entirely accurate, as for instance beer is
classified as wine instead of alcoholic beverage. Nevertheless,
in most cases the quality of the categories is surprisingly high

https://github.com/paulachocron/CrowsourcedKnowledgeAcquisition
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Available Not Available
WN (taboos) 199 1
WN (hints) 112 6

WR (taboos) 194 6
WR (hints) 109 9

Table 1. Availability of correct senses for WordNet and Word

Reference

and the accuracy we obtained exceeds 80% for both data sets.
This means that 80% of the extracted semantic categories
were correctly assigned, which is a good result given the lack
of context.

Available Not Available Correct Accuracy
taboos 132 64 119 0.90
hints 77 42 65 0.84

Table 2. Availability of categories in Word Reference

We also evaluated the Word Reference categories by com-
paring them with the city ontology from TOCs. We per-
formed this evaluation only for the categories that were dis-
ambiguated correctly with the distributional semantics ap-
proach, since we are interested in how far the data collected
by crowdsourcing reflect a proper description of the general
concept city. These categories are not organized in a taxon-
omy, and thus only the number of semantically equivalent
categories with the Wikipedia resource was analysed.

When removing duplicates in the categories from Word Ref-
erence, we obtained a total of 29 categories for the hints and
31 for the taboos. In Table 3, we show the matching propor-
tion with the Wikipedia taxonomy of cities, modulo obvious
term alignment (such as Food ≡ Cuisine). We count in N the
categories that did not match, and then present the ones that
were present directly, the ones that were subconcepts of a
present one (for example Mammal) and the ones that were
present in the Wikipedia taxonomies for region or country. In
both cases, 9 of the 12 first-level categories in the Wikipedia
taxonomy were represented, either by themselves (in 6 cases)
or by one of their subcategories.

N N (%) Present Subconcepts Other tables
taboos 5 16% 15 5 6
hints 2 6% 18 8 1

Table 3. Evaluation with Gold Standard Ontology for the WR

categories

To classify the WordNet definitions, we used existing map-
pings to ontology concepts in YAGO11 and the Kyoto map-
ping to WordNet [16] to extract classes associated with de-
scriptions. Using the disambiguated WordNet senses we first
extracted all WordNet Domains (WNDs) [5] associated with
them from YAGO. This resulted in 17 for the hint data set
and 6 for the taboo data set, of which one for each data set
was incorrect. Those numbers already refer to de-duplicated
senses used as input, that is, each WND was only counted
once. Where there was no WordNet domain, we queried asso-
ciated Kyoto classes and used the Word Reference categories

11 www.yago-knowledge.org/

to automatically select the best class. This was then again
evaluated manually. We extracted a total of 78 classes for
senses for the hint and taboo data set with an accuracy of
80% for the first and 91% for the second.

In a nutshell, our approach to concept formation consists
of disambiguating individual specifications of city instances
and grouping them by semantic categories. We obtain the
semantic categories from WordNet domains and Word Refer-
ence categories. Those are then compared to concepts of the
Wikipedia ontology we created as a means to evaluate our
approach. Each concept created by this method comprises nu-
merous characterizations of city instances. The set of concepts
we obtain characterize the general concept city.

4.3 Comparison of Acquisition Approaches

Since the data of the mechanized labor-based acquisition
method served as input to the game-based approach, the data
sets we obtained are mutually exclusive. On a higher level of
abstraction, that is, on the level of the semantic categories
we obtained from Word Reference, the overlap between the
obtained categories was 60%. Many of the remaining 40%
that did not correspond across the two data sets were more
specific concepts. For instance, the hints resulted in Religion
while the taboos also returned Eastern Religion. Another ex-
ample of the reverse phenomenon is that the hints only lead
to Clothing while the taboos also lead to Textiles. Based on
some concepts returned, such as Drugs, and an examination
of the crowdsourced data we found that the game-based ap-
proach tends to provide more informal descriptions than the
mechanized labour-based approach. This could be explained
by the fact that the latter task itself has a higher degree of
formality where participants are formally paid, while a word
guessing game can be considered an informal situation. How-
ever, in some cases the use of informal words to avoid using
the forbidden taboo words has been observed as a strategy.
For instance, a player used haggling to describe Bangkok since
the crowd on the online platform had provided bargaining as
a taboo word.

The paid crowdsourcing task was conducted mainly by par-
ticipants in the United States and also several participants
from the United Kingdom (UK). In contrast, the game-based
method was exclusively based on participants from Eding-
burg, UK. It could be expected that this difference in coun-
try of residence of the participants would affect the nature
of the data in the sense of introducing a cultural bias. How-
ever, with very few exceptions no local expressions or dialect
could be observed in the data. Interestingly the difference
between American and British English was used to describe
specific cities, such as an American participant using soccer
to describe Newcastle in the UK. The same phenomenon oc-
curred with other languages, such as a British participant in
the labor-based approach who used the German s-bahn (rapid
transit railway) to characterize Berlin in Germany or a player
in the game describing Osaka with okonomiyaki (a type of
Japanese pancakes). We kept the British expression in the
previous example, but did not keep the German or Japanese
in the data sets. In the paid crowdsourcing process we be-
lieve that the formality of the task as well as the nature of
the task might have led people to opt for a more standard
version of English. In the game-based approach people were

www.yago-knowledge.org/


neither informed nor aware of the fact that all other partic-
ipants were equally based in Edinburgh. Since participants
met online without any means of identifying the other player
in each game, virtually no local expressions could be found in
the final dataset. However, participants presumed to be in the
same region since they repeatedly used cardinal directions to
describe cities, such as West, which only helps in the game if
this direction points to the same locations for both players.

5 Discussion

The two crowdsourcing techniques that we used in this ap-
proach returned useful input for the ontology building pro-
cess. We found that the time needed to obtain data from
the mechanized labour-based approach exceeded the time of
the game-based approach to return the same amount of data.
The former was running for more than a working week, while
the latter achieved the same in just five sessions each a bit
more than an hour. This is because the incentive to partic-
ipate in an interactive online game seemed much higher. In
fact, participants asked for the permission to play again af-
ter the first session, and four of the 30 participants joined a
second session. One crucial point in accelerating the labour-
based approach was the overall contributor satisfaction. In
the pilot study, which also served to evaluate the accuracy
of our test questions, we obtained a lower ranking of only
3.5 out of 5 points and several comments from contributors
regarding suggestions to improve the quality of the test ques-
tions. In the actual study, we obtained a rating of 4.2 out of 5
points, which considerably increased the frequency with which
new participants joined the task. Thus, we could observe that
a high ranking can considerably accelerate the labour-based
approach, however, it is unlikely that it even a the highest pos-
sible ranking would come close in performance to the game-
based approach.

The low number of and locally restricted recruitment
method of participants for the game-based approach might
have a biasing effect on the data set obtained from this
method. While the results from the concept formation stage
seem to be comparable to the data obtained from the labour-
based crowdsourcing step, we still believe that it would be
more interesting to compare both methods with a larger num-
ber of participants. To this end, we have already developed
a mobile app version of GUESSence that will allow an asyn-
chronous access to the game and allow for an open access
without any restriction to a specific region.

When applying the ontology building process to the data
sets obtained with both crowdsourcing techniques, it can be
observed that the mechanized labour-based technique returns
more specific categorizations. This implies that the game is
not useful as an extension of the first method, as we initially
suggested. However, there are only minor differences in the
results obtained with both approaches, and they both per-
form well when compared to our gold standard ontology. This
means that the game returned results that were as robust as
the direct technique, and can therefore be used on its own to
retrieve descriptions. These kind of describing and guessing
games are very popular, easy to play, and can be extended
to different domains, which turns them into a good candidate
to obtain this kind of data. They can even be included in an
online gaming platform, which would provide very large sets

of data.
This extensibility of the game-based acquisition method to

other domains or other target concepts than city is also true
for the labour-based approach. Any instances of a specific con-
cept could be used to trigger responses from participants as
long as they are general enough to be known to a crowd of
non-experts, such as Food as a general category or Movies.
The results of the first approach could again be used as taboo
words for the game. Alternatively, the taboo words could be
generated manually. However, the design of the game relies on
those input restrictive characterizations we call taboo words.
The main restriction in terms of portability of the approach
to other domains are: a) the domain and its instances have to
be known by the participants to a degree that allows them to
describe them, b) the domain has to be covered by some pre-
defined knowledge or lexical resource to allow for the disam-
biguation and classification approach as it is proposed here to
work. This means that highly domain-specific contents, such
as fishing rod and the specific types of rods as instances, would
not work well for this approach since a low number of partic-
ipants would be able to describe their characteristics and few
resources would contain the words, however, the more general
category sport or sport equipment could be used.

Regarding the concept formation, the two resources that we
used for the extraction of senses (Wordnet and Word Refer-
ence) were accurate in that they contain the correct sense for
most of the words in the city descriptions. Word Reference is
convenient because it already provides a classification of the
senses in the form of semantic category, however, there are
many senses for which that classification is missing, which re-
sults in a great loss of useful data. A resource like this one but
with a complete classification would be ideal for our purposes.
For WordNet, the labelling feature is not immediately avail-
able, so more complex techniques need to be implemented to
retrieve a classification of our data. In both cases there were
many other senses available, so some kind of sense disam-
biguation is necessary.

The comparison of the categories retrieved from Word Ref-
erence with the ones in the gold standard shows that in most
cases the labels match. Some of the ones that do not match
directly are in turn subcategories of Wikipedia labels, which
seems to show that creating an organized taxonomy using the
Word Reference taxonomies as seeds would be a promising di-
rection. In other cases, the categories match with others in the
Wikipedia taxonomies for country or for region. This should
be taken into account when using this kind of approach, since
players tend to describe instances not only with their proper-
ties but also with properties from their upper categories.

6 Conclusions

We presented and discussed methods to automatically build
concept descriptions from crowdsourced data. The two crowd-
sourcing techniques that were proposed gave good results in
terms of quantity and reflecting associative knowledge. The
results obtained with the game-based approach are as ro-
bust as the ones obtained with the mechanised one, although
slightly less fine-grained. The final results we obtained could
be very valuable as a seed for ontology learning to be extended
with hierarchical, non-hierarchical relations, and axioms.

Multiple directions of research are derived naturally from



this work. Regarding the crowdsourcing methods presented,
it would be interesting to compare, for this particular prob-
lem, the use of implicit techniques, like the ones we propose,
with explicit ones. The implicit techniques already have as
an advantage that they can be easily presented as a game,
making the task more attractive. However, it would be inter-
esting to compare the differences in the results. To this end,
a third experiment in which users are asked directly to name
properties of cities should be performed.

At the moment we focus on concept formation. In order to
have more interesting and useful ontologies, this part should
be developed to extract hierarchical and more informative
non-hierarchical relations. There is a variety of approaches
that tackle the relation extraction problem, both with au-
tomated and crowdsourcing techniques. However, their ade-
quacy to our problem should be analysed, since they are not
particularly designed to identify relations between a concept
and its attributes.
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