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Abstract

Hybrid Human-Machine Information Systems leverage novel architec-
tures that make systematic use of Human Computation by means of
crowdsourcing. These architectures are capable of scaling over large
amounts of data and simultaneously maintain high-quality data pro-
cessing levels by introducing humans into the loop. Such hybrid systems
have been developed to tackle a variety of problems and come with
inter-disciplinary challenges. They need to deal with the full spectrum
of challenges from the social science standpoint, such as understand-
ing crowd workers behavior and motivations when performing tasks.
These systems also need to overcome highly technical challenges like
constraint optimization and resource allocation based on limited bud-
gets and deadlines to be met.

In this paper, we introduce the area of Human Computation and
present an overview of different applications for which Hybrid Human-
Machine Information Systems have already been used in the realms of
data management, information retrieval, natural language processing,
semantic web, machine learning, and multimedia to better solve exist-
ing problems. Finally, we discuss current research directions, opportu-
nities for the future development of such systems and their application
in practice.

G. Demartini, D. E. Difallah, U. Gadiraju and M. Catasta. An Introduction to
Hybrid Human-Machine Information Systems. Foundations and TrendsR© in Web
Science, vol. 7, no. 1, pp. 1–87, 2016.
DOI: 10.1561/1800000025.
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1
Crowdsourcing and Human Computation

1.1 Motivation

Crowdsourcing is a broad term that encompasses different approaches
to collect ideas, opinions, or data from a group of anonymous individ-
uals, typically on-line [Howe, 2006]. Crowdsourcing for Human Com-
putation is commonly interpreted as the manual execution at scale
of micro-tasks for data processing or analysis: The idea is that some
computational tasks are still easier for humans than for machines and
algorithms to perform. Examples of such tasks include image under-
standing, detecting sarcasm in text, transcribing audio files to text,
and others. A common property of crowdsourcing is that the contribu-
tors are considered anonymous other than having a username and some
profiling information related to them (e.g., Wikipedia editors). This as-
pect triggers possible issues of trust and content quality (e.g., vandalism
in Wikipedia [Potthast et al., 2008]). On the other hand, it opens the
doors to large numbers of individuals who can contribute to the crowd-
sourcing campaign. The popularity of Human Computation approaches
is evident with the growth of commercial paid micro-task crowdsourc-

2
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1.2. Crowdsourcing Platforms 3

ing platforms1 like Amazon Mechanical Turk2 and CrowdFlower3 that
enable the creation of hybrid human-machine information systems har-
nessing the wisdom of the crowd at scale. Such systems are designed
to leverage both the scalability of computational machines over large
amounts of data as well as the power of human intelligence by building
human-in-the-loop systems that can get input from manual processing
of data. There are numerous applications of Human Computation to
real-world problems, both in the industry and in academia. Popular ex-
amples of commercial applications are the annotation of online videos
and the transcription of audio content. Examples of academic research
include systems for classifying the sentiment of social media content
and large-scale execution of online surveys.

In this work, we introduce the cross-domain area of hybrid human-
machine systems. We provide an overview of the systems that have
proposed and evaluated by different research communities relevant to
Web Science. We also highlight current open research challenges (from
the social to the technical ones) that need to be tackled to make such
systems reliable and dependable.

1.2 Crowdsourcing Platforms

Howe [2006] defined crowdsourcing as the approach of tapping into hu-
man intelligence at scale by accessing crowds of people online. Crowd-
sourcing is a very broad term that includes leveraging human intel-
ligence to solve complex problems like innovation challenges4 [Travis,
2008], to support scientific discoveries5 [Lintott et al., 2008], up to sim-
ple micro-tasks platforms. For example, InnoCentive brings together
tens of thousand scientists that collaboratively aim to solve difficult
research problems. Problems are typically provided by large organiza-
tions like, for example, national space agencies or pharmaceutical com-

1In this work we focus on systems built using micro-task crowdsourcing plat-
forms, and we will thus use the term ‘crowdsourcing platform’ to refer to micro-task
platforms only.

2http://mturk.com
3http://crowdflower.com
4http://innocentive.com/
5http://galaxyzoo.org/
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4 Crowdsourcing and Human Computation

panies. This platform allows for discussion and collaborative problem
solving of these grand challenges. Another example of crowdsourcing
is GalaxyZoo which is a large citizen science project where volunteers
contribute by annotating images or other scientific data artifacts with
the purpose of supporting scientific discovery without the need to be
an expert in the field. For example, given a space image was taken by
a telescope, members of the crowd are asked to categorize it in one of
few possible galaxy types depicted using stylized icons.

The individual tasks available on a micro-task crowdsourcing plat-
form are typically called Human Intelligence Tasks (HITs) and are com-
pleted by individuals in the crowd also known as workers. On the other
hand, HITs are published on these platforms by so-called requesters,
who, in a paid crowdsourcing setting, would attach a monetary reward
to be assigned to workers who complete the HIT. Such platforms have
been gaining popularity over time and are used for both commercial
products as well as for academic research [Difallah et al., 2015]. On the
crowd worker side, because tasks are paid the same amount indepen-
dently on where the worker is physically located, such platforms are
used for a number of different reasons including both as a leisure activ-
ity (in these cases workers would look for tasks that are interesting and
fun) as well as a means to have a full-time job (in these cases workers
would look for highly rewarded tasks) [Kuek et al., 2015].

1.3 The Amazon Mechanical Turk Marketplace

Amazon Mechanical Turk (MTurk) is arguably one of the oldest and
currently the most popular micro-task crowdsourcing platform. It has a
continuous flow of workers and requesters. It provides a programmatic
Application Programming Interfaces (APIs) as well as a Web interface
for requesters to design and deploy online tasks. Its activity logs are
available to the public6 [Ipeirotis, 2010a] and were used to perform an
analysis tracing its evolution [Difallah et al., 2015]. This analysis has
shown that the amount of tasks and reward available on the MTurk
platform as well as the number of active requesters have been increas-

6http://www.mturk-tracker.com
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1.3. The Amazon Mechanical Turk Marketplace 5

ing over time. This is a sign of increased interest in the use micro-task
crowdsourcing. Looking at the most active MTurk requesters, it is pos-
sible to observe a mix of academic users as well as industrial organiza-
tions. Most common tasks types include the execution of surveys (e.g.,
for social science studies) and commercial applications like, for exam-
ple, audio transcription and image annotation. Gadiraju et al. [2014]
presented a goal-oriented taxonomy of microtasks which identified the
following six main categories of task type depending on the goal of
the requesters – content access, content creation, information finding,
interpretation and analysis, surveys, and verification and validation.

Demographic studies by [Ipeirotis, 2010b, Ross et al., 2010] have
shown that the vast majority of crowd workers on MTurk is split be-
tween the United States and India. On average, MTurk workers have
high education levels and tend to be younger in India than in the US.
Requesters on MTurk have been initially required to be based in the US
(for financial reasons) but are now allowed from a small but growing
number of mainly English-speaking countries.

MTurk adopts a pull crowdsourcing methodology, where all the
published tasks are publicly presented to workers on a search-based
dashboard. The workers can then pick their preferred tasks on a first-
come-first-served basis.

From a requester perspective, the pull crowdsourcing approach has
several advantages including simplicity and minimization of task com-
pletion times, since any available worker from the crowd can pick and
perform any HIT, provided that they meet some pre-requisites set by
the requester. From a worker perspective, it creates competition among
requesters, and potentially leads to high HIT standards, both in terms
of interface design, quality, and pricing.

On the other hand, pull crowdsourcing limits the possibilities of
the platform to offer any form of service guarantees to its customers
(i.e., the requesters). For example, this mechanism cannot guarantee
priority to a requester who has a deadline, and often the only effective
lever consists in increasing the unit reward of the HITs to attract more
workers [Alonso and Baeza-Yates, 2011]. It also cannot guarantee that
the worker who performs the task is the best fit, as more knowledgeable
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6 Crowdsourcing and Human Computation

workers might be available within the crowd, but are unable to pick the
task on time.

1.4 A Definition of Hybrid Human-Machine Information Sys-
tems

Modern crowdsourcing platforms offer programmatic APIs to post
HITs, monitor their progress, collect the results and distribute the re-
wards to participating workers. Hence, the idea of combining Human
Computation and computers to produce a new breed of hybrid human-
machine algorithms found an opportunity to concretize. Not only can
the crowd be invoked programmatically, using a declarative language,
but this very process can also be parametrized, monitored and embed-
ded in long-running jobs [Law and Ahn, 2011].

A direct application of this idea goes naturally with the class of
machine-learning algorithms that produce their results along with a
confidence score. A generic hybrid scheme consists in falling back to the
crowd to increase the precision of the results whenever the confidence
of the generated solution falls below a predefined threshold. Another
application is in active learning, where a classification algorithm would
repeatedly collect training labels from the crowd – as opposed to a
limited number of human operators [Mozafari et al., 2014]. Likewise, we
refer to the class of information systems that would involve the crowd at
some point in their execution as Hybrid Human-Machine Information
Systems.

1.5 Challenges of Hybrid Human-Machine Systems

While crowdsourcing platforms enable the design and development of
novel information systems that benefit both from the scalability of
machine processing as well as from the power of human intelligence,
there are some challenges that need to be tackled to make sure that
such systems are efficient and effective [Demartini, 2015].

The first challenge is how to best combine human intelligence and
machine processing power in the most efficient way knowing that hu-
mans are naturally slower but more capable than machine-based al-
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1.5. Challenges of Hybrid Human-Machine Systems 7

gorithms. Two main approaches to combine human intelligence with
machine processing have been used so far. The first approach is us-
ing crowdsourcing as a data pre-processing step. An example of this
is the creation of large-scale manually labeled datasets to train ma-
chine learning algorithms [Mozafari et al., 2014]. The second approach
is crowdsourcing to post-process machine-based algorithmic results. An
example of this is the manual quality check and filtering of a ranked
list of results for a search query [Teevan et al., 2014].

Another common property of such hybrid systems is the use of
monetary incentives. Rewarding workers for their contributions help
to scale easily the size of the crowd. This, however, brings in chal-
lenges of trust and data quality. The use of financial incentives creates
another challenge which is the presence of malicious worker who will
perform with low-quality to quickly collect the reward attached to the
task [Gadiraju et al., 2015]. This has a direct implication on the ef-
fectiveness of the hybrid human-machine system that relies on quality
data from the crowdsourcing platform. While the use of financial incen-
tives introduces certain challenges, lessons learned from other types of
crowdsourcing (e.g., volunteer crowdsourcing like Wikipedia or gam-
ification approaches used in games with a purpose) can be adapted
and applied to paid crowdsourcing platforms too, for example, retain
workers and foster quality work.

The third challenge of the use of crowdsourcing in hybrid human-
machine systems is the latency introduced by crowd-based data pro-
cessing. A popular approach in such hybrid systems is to perform batch
data processing rather than executing real-time jobs. When such hybrid
systems make humans and machines work in combination, the obvious
efficiency bottleneck lies on the crowd side. This is due to the intrinsic
latency introduced by the use of humans completing tasks in crowd-
sourcing applications which limits the potential for real-time responses.
Moreover, it is very difficult to predict the completion time of a batch
of crowdsourcing tasks as different batches are competing for workers
attention on the platform.

On a temporal perspective, after a focus on developing hybrid sys-
tems for specific problems across disciplines, more recently, research
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8 Crowdsourcing and Human Computation

attention has moved on solving core crowdsourcing problems (e.g., in-
centives, retention, quality assurance, etc.) rather than building new
systems and applications [Demartini, 2015].

1.6 Opportunities of Hybrid Human-Machine Systems

In the remainder of this book, we present an overview of the different
approaches to building hybrid information systems adopted by different
communities in Web Science, thus highlighting the opportunities of
such systems and how different communities have dealt with the key
challenges outlined in the previous section.

We start with discussing work in the database area where Hu-
man Computation has been applied to problems like query interpreta-
tion and data integration (Chapter 2). Hybrid human-machine systems
like CrowdDB [Franklin et al., 2011] have been proposed to address
missing data problems and provide subjective ordering capabilities to
databases.

We discuss work carried out by the information retrieval commu-
nity that has used crowdsourcing as a methodology to create evaluation
collection as well as part of a search system either to interpret search
queries or to answer to complex information needs (Chapter 3). In
this domain, the opportunity that hybrid systems can leverage is the
power of human intelligence to understand search queries and to iden-
tify pieces of relevant content to be presented back to users having an
information need.

We then present work in the natural language processing area that
looked into the use of crowdsourcing to develop hybrid systems for
information extraction tasks like, for example, named entity recognition
and entity linking (Chapter 4). Again, the power of human intelligence
here is harnessed for its ability to understand natural language and its
idiosyncrasies like, for example, the use of sarcasm which is an open
challenge for purely machine-based sentiment classification methods.

We then discuss hybrid systems developed by the semantic web
community for schema matching and knowledge acquisition (Chapter
5). In this domain, hybrid systems leverage the natural ability of hu-
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1.6. Opportunities of Hybrid Human-Machine Systems 9

mans for semantic understanding. Thus, they can help machine-based
algorithms in defining concept relations and in merging schemas by
manually interpreting data semantics.

We present work in the area of machine learning that is using crowd-
sourcing to collect training data for supervised models either in batch
or within an active learning setting (Chapter 6). In this case, the crowd-
based component can be used to provide examples to machine-based
models that can then scale the classification to large datasets.

We present work from the multimedia community which developed
hybrid systems for processing different content types (e.g., images, au-
dio, video), and the ubiquitous computing community at large (Chap-
ter 7). Tasks like audio transcription and image labeling are among the
most popular in crowdsourcing platforms. The opportunity for hybrid
systems applied to this domain is to achieve human-level understanding
in automatic multimedia content processing.

Finally, in Chapter 8, we present the common techniques used
across communities in Web Science and highlight the lessons learned
and the open research questions that need to be addressed to produce
better hybrid human-machine information systems.
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