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ABSTRACT
Recent years have witnessed an astonishing growth of crowdcontributed data, which has become a powerful information
source that covers almost every aspect of our lives. This big
treasure trove of information has fundamentally changed the
ways in which we learn about our world. Crowdsourcing has
attracted considerable attentions with various approaches
developed to utilize these enormous crowdsourced data from
different perspectives. From the data collection perspective,
crowdsourced data can be divided into two types: “passively”
crowdsourced data and “actively” crowdsourced data; from
task perspective, crowdsourcing research includes information aggregation, budget allocation, worker incentive mechanism, etc. To answer the need of a systematic introduction
of the field and comparison of the techniques, we will present
an organized picture on crowdsourcing methods in this tutorial. The covered topics will be interested for both advanced
researchers and beginners in this field.

full picture of the state-of-the-art crowdsourcing researches.
We will focus on two types of crowdsourcing, referred to
as “passive” crowdsourcing and “active” crowdsourcing. In
passive crowdsourcing, users are sharing what they observe
and experience, typically via social media platforms, discussion forums and smartphone apps. These platforms are
usually serving general-purpose information sharing, but we
can extract relevant information regarding a specific task
(e.g., traffic, environment, or drug effect monitoring) from
such platforms. On the other hand, actively crowdsourced
data usually come from the platforms and apps that are designed to actively solicit users’ reports and answers for specific tasks, such as Amazon Mechanical Turk1 (mTurk) and
CrowdFlower2 . In this tutorial, we will introduce and compare approaches to handle both types of crowdsourced data
for the tasks including data aggregation, budget allocation,
etc.

2.
1.

INTRODUCTION

The crowd-contributed data have become a powerful information source that covers almost every aspect of our
lives, including traffic conditions, environmental conditions,
health, public events, and many others. Traditionally, such
information is provided only by specialized sources such as
authoritative agencies, professional media, and expensive
sensing devices, which might not update frequently or provide complete coverage. With the proliferation of mobile
devices and social media platforms, now any person can
publicize his observations about any activities, events or objects anywhere and at any time. The confluence of these
enormous crowdsourced data can contribute to an inexpensive, sustainable and large-scale decision system that has
never been possible before. To build such a system, many
research studies have been deployed from various perspectives of crowdsourcing, such as aggregation, budget allocation, and task allocation. In this tutorial, we will give a
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INTENDED AUDIENCE AND
PREREQUISITES

This tutorial is intended for researchers and practitioners
in data mining. While the audience with a good background
on data mining and algorithms would benefit most from this
tutorial, we believe the material to be presented would give
general audience and newcomers a complete picture of the
current work, introduce important research topics in this
field, and inspire them to learn more.
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Jing Gao is currently an assistant professor in the Department of Computer Science, University at Buffalo (UB),
State University of New York. She received her Ph.D. from
Department of Computer Science, University of Illinois at
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in 2012. She is broadly interested in data and information
analysis with a focus on truth discovery, information integration, ensemble methods, mining data streams, transfer
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than 60 papers in referred journals and conferences and her
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program committee member of many conferences including
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University and the MS degree in Statistics from University
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Associate Director in Huawei NoahâĂŹs Ark Lab in Hong
Kong from Aug. 2012 to Dec. 2014, he has led his colleagues to develop Huawei StreamSMART a streaming platform for online and real-time processing, query and mining
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Since joining Baidu Big Data Lab, Wei has been working on
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