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ABSTRACT
In the era of Big Data, data entries, even describing the same ob-
jects or events, can come from a variety of sources, where a data
source can be a web page, a database or a person. Consequently,
conflicts among sources become inevitable. To resolve the con-
flicts and achieve high quality data, truth discovery and crowd-
sourcing aggregation have been studied intensively. However, al-
though these two topics have a lot in common, they are studied
separately and are applied to different domains. To answer the need
of a systematic introduction and comparison of the two topics, we
present an organized picture on truth discovery and crowdsourcing
aggregation in this tutorial. They are compared on both theory and
application levels, and their related areas as well as open questions
are discussed.

1. INTRODUCTION
In the past decade, truth discovery methods have emerged as a

powerful tool to resolve the conflicts among data sources. They can
detect truths among conflicting information by integrating source
reliability estimation in data fusion. The topic of truth discovery
has attracted lots of attentions with a variety of emphases to tackle
different challenges. The success has been witnessed in numerous
applications, including data integration, web mining, knowledge
base construction, etc.

A highly relevant field is crowdsourcing aggregation, a hot
topic in the field of crowdsourcing. Crowdsourcing is the process of
completing some tasks (e.g., answer a set of questions) by soliciting
contributions from a large group of people. One important task in
crowdsourcing is to aggregate noisy answers contributed by crowd
workers to obtain the correct answers. As the workers may have
diverse levels of expertise, it is important to estimate worker abili-
ties in the aggregation. Along this direction, many crowdsourcing
aggregation approaches have been proposed.

Truth discovery and crowdsourcing aggregation have been stud-
ied separately, and they are applied to different domains. How-
ever, these two topics have a lot in common: 1) Their goals are
to improve the quality of aggregation results; 2) They hold simi-
lar assumptions that reliable sources(workers) tend to provide high
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quality information and information from reliable sources(workers)
is more likely to be accurate. On the other hand, differences in the
two fields motivate approaches to tackle different challenges. Some
major differences are caused by data generation. Truth discovery
is typically applied to web and database information integration,
where the data is already available, so it is passive in terms of data
generation. In contrast, crowdsourcing is active and requesters have
better control on what and how data are generated.

With such commonalities and differences between truth discov-
ery and crowdsourcing aggregation, it is important to bring peo-
ple’s attention to the study and exploration of both fields. Despite
the high similarity between two fields, few efforts have been con-
tributed to connect the studies on these topics. In this 1.5-hour tu-
torial, we will present a systematic introduction and comparison of
the two topics, including their applications, models, related areas,
and open questions.

2. TUTORIAL OUTLINE
The tutorial is presented based on the following outline.
Overview
We start with an overview on truth discovery and crowdsourc-

ing aggregation, and their broader impact in crowdsourcing, social
sensing, web mining, question answering, knowledge base con-
structing, and data management.

Truth Discovery. As multiple data sources may provide conflict
information for the same object, the task of truth discovery is to de-
tect trustworthy information by identifying reliable sources. Truth
discovery methods are usually unsupervised or semi-supervised.

Crowdsourcing Aggregation. In crowdsourcing, requesters post
their tasks on crowdsourcing platforms and pay crowd workers for
their answers to those tasks. Since single worker may provide
incorrect answers, requesters usually hire several workers for the
same task. As the answering results may not achieve consensus,
crowdsourcing aggregation is widely used to find the correct an-
swers by estimating workers’ reliability degrees and expertise.

Truth discovery and crowdsourcing aggregation methods are suc-
cessfully applied in many domains to solve a variety of real-world
problems, such as integrating databases, detecting trustworthy in-
formation on the Web and in social media, building training data for
machine learning tasks, creating “super players” for trivia games.

Comparison of the Two Fields
Similarities. As described above, both fields are trying to find

trustworthy and accurate information among the conflicting infor-
mation from multiple sources. They share a common goal to im-
prove the quality of aggregated results by estimating source reli-
abilities. They also have similar basic principles, i.e., data from
reliable sources are more likely to be accurate and a source is re-
liable if it provides accurate information. In terms of techniques,
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as the ground truth is usually unavailable, methods in both fields
need to work without supervision, and an iterative procedure is fre-
quently adopted. Due to these similarities in problem settings and
techniques, there are many overlaps of applications.

Differences. The main differences of truth discovery and crowd-
sourcing aggregation come from the differences of application sce-
narios. Generally speaking, truth discovery is passive (data is al-
ready generated, we just find what is available), while crowdsourc-
ing is active (we can choose what and how much data to gener-
ate). In truth discovery, data crawled from the Web or collected
from databases may have various types and may change dynami-
cally. As a result, methods for heterogeneous data [8], for stream-
ing data [15], and for online truth discovery [9] are designed. In
crowdsourcing, however, there are some unique features that truth
discovery does not have. Crowdsourcing aggregation methods can
access more information on the source features, such as workers’
location, accuracy on historical tasks, and education background
[6]. Moreover, the requesters can provide helpful feature informa-
tion on the instances that can be used for aggregation [12].

Model Comparison
In order to clearly compare the two fields, we summarize popular

methods in truth discovery and crowdsourcing aggregation by the
techniques they use.

Statistical Models. In general, statistical models are used to esti-
mate the probability of an event. Here, in order to distinguish from
the probabilistic graphical model discussed below, we refer to the
statistical model as the model that takes no prior distribution. Many
classic methods in truth discovery and crowdsourcing aggregation
are formulated as statistical models [3, 4, 13]. These methods pro-
vide results with concrete statistical meanings. Based on different
assumptions and formulations, the methods suit different applica-
tion scenarios.

Probabilistic Graphical Models. The probabilistic graphical model
(PGM) is very popular and important in truth discovery and crowd-
sourcing aggregation. Thanks to the advantage that prior knowl-
edge can be easily incorporated, many methods use PGM as their
core model [1, 14, 12]. Although researchers use different distribu-
tions and consider different relations based on their specific tasks,
there are three major variable spaces in common: source/worker,
object/question, and claim/answer spaces.

Optimization Models. Truth discovery and crowdsourcing aggre-
gation can also be modeled as optimization tasks [16, 8, 7], where
the final results are given by minimizing the objective function un-
der constraints.

Related Areas
We provide an overview of the following areas that are most rel-

evant to the proposed tutorial topics, which helps the understanding
of the global picture.

Information Integration and Data Cleaning. Information inte-
gration and data cleaning are two important research topics in database
management. Information integration is a broad research topic
including entity resolution, schema mapping, data fusion, etc[5].
Data cleaning is another related topic. Unlike truth discovery that
handles multi-source information, data cleaning focuses on the im-
provement of data quality for a single source [10].

Crowdsourcing. In addition to crowdsourcing aggregation, crowd-
sourcing consists of many other tasks, such as the designing of
questions, the designing of platforms, budget allocation [2], and
pricing mechanisms [11]. How these tasks are conducted may sig-
nificantly affect the result of crowdsourcing aggregation.

There are a few other related topics, including knowledge graph,
social sensing, web mining, information extraction, ensemble learn-
ing, etc. We provide a brief introduction for these topics too.

Open Questions and Resources
Unstructured Data. Unstructured data are common in many do-

mains, such as the data on the Web and social media platforms.
Current truth discovery and crowdsourcing aggregation mainly con-
sider structured data as input. Techniques to extract useful informa-
tion and aggregate unstructured data need to be developed.

Data with Complex Relations. When considering data relations,
current truth discovery and crowdsourcing aggregation methods
only consider relations among sources. However, data relation can
be more complex. For example, if “Pres Obama is born in Hawaii”
from one source is true, then “Pres Obama is born in the USA” from
another source should be also true. The data relations need to be
considered as they can help the methods improve the performance.

Evaluation. How to evaluate the aggregated results is still an
open question, as ground truth information can be difficult to obtain
in real life. Theoretical analyses need more attention from both
communities.

Finally, we conclude the tutorial with pointers to available re-
sources (e.g., datasets, software, and surveys) in both truth discov-
ery and crowdsourcing aggregation.
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