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Abstract

Advances in machine learning have automated many data analysis tasks.
Nevertheless, there are still numerous problems that computers alone
cannot yet solve and for which human input is still necessary. This
need for human input in otherwise automated processes has created
a new form of work: microtask crowdsourcing. On online platforms,
researchers and businesses offer small tasks, called microtasks, to an
anonymous, international crowd. People around the world then work on
these microtasks, solving a multitude of digital problems that cannot yet
be solved by automated methods alone.

This new form of work enables researchers and businesses to incorporate
humans flexibly and seamlessly into otherwise automated systems. The
platforms’ interfaces abstract away all the human characteristics of the
workers, and to the person requesting the work, receiving a worker’s
input may look identical to receiving the result of a method call. From
the perspective of the worker, this type of work promises the ability
to work from anywhere and the freedom to choose one’s tasks and
working hours. However, compared to traditional employment, it offers
little social protection. There is no minimum wage, and workers are not
entitled to any benefits such as vacation pay, sick leave, health insurance,
or retirement benefits.

To better understand this emerging form of work, it is necessary to
study the potentials of this new workforce in terms of how its input
can be utilized to complement automated methods for data analysis.
Furthermore, to gain a deeper understanding of this global phenomenon
and its potential societal consequences, it is crucial to investigate who
participates in the microtask workforce and why people around the world
choose to participate in it. To that end, this thesis first demonstrates how
human input from microtasks is complementary to automated methods
in different stages of the machine learning process. Second, this thesis
sets out to provide a comprehensive analysis of the characteristics of the
international microtask workforce.
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The first part of this thesis focuses on the use of the microtask workforce.
It presents three use cases, in each of which the microtask workforce
complemented automated methods in a different stage of the machine
learning process. Focusing on the analysis of large text corpora, the use
cases show how human input from microtasks complemented automated
methods for the purposes of (i) evaluating a new topic model, (ii) analyz-
ing populist political communication on social media, and (iii) evaluating
different recommender algorithms with respect to their potential for
incorporating information about users’ current preferences.

The second part of the thesis focuses on the characteristics of the micro-
task workforce. It first provides an analysis of who participates in the
international microtask workforce by presenting a comparative analysis
of socio-demographic characteristics of workers in ten countries. Sec-
ond, it presents the development and validation of the Multidimensional
Crowdworker Motivation Scale, a theory-based and internationally ap-
plicable instrument for measuring motivations in the microtask context.
Finally, to answer the question of why people around the world choose
to participate in this type of work, this thesis presents a cross-country
comparison of workers’ motivations in ten countries.

The results presented in this thesis are relevant for researchers, practi-
tioners, and policy makers interested in understanding this new form of
work. Furthermore, the use cases presented in this thesis are relevant for
data scientists concerned with the analysis of large text corpora.
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Kurzfassung

In den letzten Jahrzehnten haben Fortschritte im Bereich des maschinellen
Lernens viele Datenanalyseaufgaben automatisiert. Dennoch existieren
weiterhin zahlreiche Probleme, die durch automatische Methoden allein
noch nicht lösbar sind und für die nach wie vor menschlicher Input
notwendig ist. Dieser Bedarf an menschlichem Input in ansonsten au-
tomatisierten Prozessen hat eine neue Form der Arbeit geschaffen: Micro-
task-Crowdsourcing. Auf Online-Plattformen veröffentlichen ForscherIn-
nen und Unternehmen kleine Aufgaben, sogenannte Microtasks. Diese
Microtasks werden dann von einem anonymen, internationalen Pool an
Arbeitskräften bearbeitet.

Microtask-Crowdsourcing ermöglicht es ForscherInnen und Unterneh-
men, Menschen flexibel und nahtlos in ansonsten automatisierte Systeme
einzubinden. Die Schnittstellen der Online-Plattformen verbergen alle
menschlichen Charakteristika der ArbeiterInnen, und für den Auftragge-
ber macht es hinsichtlich des Ablaufs kaum einen Unterschied, ob das
Ergebnis von einem Menschen oder von einem automatisierten System
produziert wurde. Aus der Perspektive der ArbeiterInnen verspricht
diese Art von Arbeit die Möglichkeit, von überall aus zu arbeiten und
die Freiheit, Aufgaben und Arbeitszeiten frei zu wählen. Im Vergleich zu
traditionellen Anstellungsverhältnissen bietet Microtask-Crowdsourcing
jedoch wenig sozialen Schutz. Es existiert kein Mindestlohn, und die
ArbeiterInnen haben keinen Anspruch auf Leistungen wie bezahlten
Urlaub, Krankenversicherung oder Altersvorsorge.

Um diese neue Form der Arbeit besser zu verstehen, ist es zunächst
notwendig zu untersuchen, wie menschlicher Input aus Microtasks au-
tomatische Methoden zur Datenanalyse ergänzen kann. Um ein tief-
eres Verständnis dieses globalen Phänomens und seiner potenziellen
gesellschaftlichen Folgen zu erlangen, ist es darüber hinaus erforderlich
zu untersuchen, wer in diese Art der Arbeit involviert ist und warum
sich Menschen dafür entscheiden. Zu diesem Zweck beschäftigt sich
diese Dissertation zunächst mit der Ergänzung automatischer Methoden
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durch menschlichen Input aus Microtasks und präsentiert dann eine
umfassende Analyse der Charakteristika der Microtask-Arbeitskräfte.

Der erste Teil dieser Dissertation konzentriert sich auf den Einsatz
der Microtask-Arbeitskräfte. Anhand von drei Anwendungsfällen wird
gezeigt, wie menschlicher Input aus Microtasks automatische Methoden
in verschiedenen Phasen des maschinellen Lernprozesses ergänzen kann.
Die präsentierten Anwendungsfälle beschäftigen sich mit der Analyse
großer Textkorpora und zeigen, wie menschlicher Input in verschiede-
nen Phasen des maschinellen Lernprozesses essenziell war für (i) die
Evaluierung eines neuen Topic-Modells, (ii) die Analyse populistischer
politischer Kommunikation und (iii) die Evaluierung von Recommender-
Algorithmen hinsichtlich ihres Potenzials zur Einbeziehung von Informa-
tionen über aktuelle Benutzerpräferenzen.

Der zweite Teil der Dissertation beschäftigt sich mit den Charakter-
istika der Microtask-Arbeitskräfte. Zunächst wird ein Vergleich der
soziodemografischen Charakteristika von Microtask-Arbeitskräften in
zehn Ländern präsentiert. Darüber hinaus wird die Entwicklung und Vali-
dierung der Multidimensional Crowdworker Motivation Scale vorgestellt,
einem theoriebasierten und international anwendbaren Instrument zur
Messung von Motivationen im Microtask-Kontext. Um schließlich die
Frage zu beantworten, warum sich Menschen für diese Art von Arbeit
entscheiden, präsentiert diese Dissertation einen Vergleich der Motivatio-
nen von Microtask-ArbeiterInnen in zehn Ländern.

Die in dieser Dissertation vorgestellten Ergebnisse sind relevant für
ForscherInnen, PraktikerInnen und politische EntscheidungsträgerInnen,
die daran interessiert sind, diese neue Form der Arbeit zu verstehen.
Darüber hinaus sind die in dieser Dissertation vorgestellten Anwen-
dungsfälle relevant für DatenwissenschaftlerInnen, die sich mit der Ana-
lyse großer Textkorpora befassen.
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1 Introduction

1.1 Motivation for this Thesis

Automation is replacing certain forms of human labor. At the same
time, however, it is creating a large demand for new types of digital
human work. In the past decade, industry and academia alike have
increasingly made use of a new type of workforce for those types of
digital labor that cannot be performed by computers alone. In this new
type of work, small, self-contained tasks called microtasksare outsourced
to a large crowd of workers, often from geographically, economically, and
culturally diverse backgrounds. This crowd, an “inde�nite and unknown”
(see, e.g., Mandl et al.,2015) pool of human workers, is accessible via
online platforms where workers can register to perform these tasks in
exchange for payment.

Many processes that seem automated to the onlooker rely, in reality,
on this large, indispensable human workforce behind the scenes. Tasks
such as �ltering undesired content like hate speech on social media,
tagging objects in images, collecting and verifying data from the web, or
removing near-duplicate listings in a database often still rely on human
labor. In many cases, machine learning methods still require human
input in different stages of the machine learning process. For example,
training and test datasets have to be created by humans before supervised
machine learning models can be trained and evaluated, and unsupervised
models often need to be evaluated via a process that involves human
input.
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1 Introduction

This necessity for human input in different stages of the machine learning
process is unlikely to disappear in the near future. Even though advances
in machine learning continue to automate many data analysis tasks, new
solutions often give rise to new opportunities for automating another
task. We therefore continually identify new tasks that currently require
human labor but have the potential to be automated. Gray and Suri ( 2019)
call this phenomenon the “paradox of automation's last mile.”As microtask
platforms provide the �exible workforce that is needed to perform many
of the tasks that cannot yet be performed by computers alone, this type
of work is likely here to stay.

Work on microtask platforms �ts in with a wider trend towards increas-
ingly �exible and shorter-term work arrangements that has been observed
in industrial societies (see, e.g., Kalleberg,2009; Hewison and Kalleberg,
2013). The precarious nature of work on microtask platforms has led
to policy discussions around working conditions and social protection
of workers (see, e.g., European Parliament,2016; Waas et al.,2017). To
inform such discussions, it is crucial to gain a better understanding of
this emerging form of work.

This thesis sets out to deepen our understanding of work on microtask
platforms and of the international workforce involved in it. First, this
thesis demonstrateshowhuman input from the crowd is complementary
to automated methods in different stages of the machine learning process.
Second, this thesis provides analyses ofwhoparticipates in the interna-
tional microtask workforce and why people around the world choose to
participate in it.

The remainder of this chapter �rst gives an introduction to the concepts
of microtasks and microtask platforms in Section 1.2. Section1.2 further
provides an introduction to the general characteristics and implications
of this new form of work. Then, in Section 1.3, this chapter presents
the overall problem statement, objectives, and the general approach of
this thesis. Section1.4 presents the research questions addressed in this
thesis, including an overview of the respective problems, approaches,
and �ndings. Section 1.5 provides a list of the publications contained

2



1.2 Microtasks

in this cumulative thesis, and Section 1.6 gives an overview of the main
contributions and implications of this work. Finally, Section 1.7 gives an
overview of the general structure of this thesis.

1.2 Microtasks

The term crowdsourcing, a portmanteau of the words “crowd” and “out-
sourcing,” was introduced by Jeff Howe, who de�ned crowdsourcing
as “the act of a company or institution taking a function once performed by
employees and outsourcing it to an unde�ned (and generally large) network
of people in the form of an open call”(Howe, 2006). Similarly, but explic-
itly including only those activities that are performed in exchange for
payment, a Eurofound report by Mandl et al. ( 2015) de�ned the term
crowd employmentas a type of employment that “uses an online platform to
enable organisations or individuals to access an inde�nite and unknown group of
other organisations or individuals to solve speci�c problems or to provide speci�c
services or products in exchange for payment.”

Microtask crowdsourcingis a type of crowdsourcing where very small
tasks, called microtasks, are offered online to an anonymous crowd to be
worked on. Usually, workers are paid on a per-task basis, and a single
task typically pays only a few cents upon completion. Completing a
microtask generally takes only a few minutes, and in many cases, only
seconds. Organizations or individuals who request the work are usually
called requesters, and the workers who complete the tasks are called
crowdworkersor microworkers.

Typical microtasks are tasks that are generally easy to do for humans
but hard to do for computers, in the sense that no ef�cient or accurate
algorithm has been developed for the task so far. Most microtasks rely
on general human cognitive abilities and do not require any special-
ized knowledge from the crowdworkers. For example, microtasks may
be employed for identifying the sentiment expressed in short snippets
of natural language text, for the categorization of product images, for
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1 Introduction

Figure 1.1: Example of a Microtask. This �gure shows an exemplary microtask in
which workers are asked to identify movie titles in a text. 1

identifying adult content, or for data matching. Figure 1.1 shows an
exemplary microtask in which workers are asked to identify movie titles
in a given unstructured text. In many cases, microtasks are incorporated
into otherwise automated work�ows, and requesters often offer large
batches of identically structured microtasks to the crowd. A worker may
repeat the same type of task hundreds or even thousands of times.

Jeff Bezos, CEO of Amazon, described the advantage of using micro-
tasks in the following way: “Just as you would write any subroutine in code,
you can now write a subroutine that will go out and get an answer for you
[from the human crowd]”(Bezos,2006). Alternative terms for the concept
of microtasks, such as “human intelligence tasks” (HITs) or “arti�cial
arti�cial intelligence,” (see, e.g., Bezos, 2006; Amazon Mechanical Turk,
2016) also highlight that human intelligence is being used as a substitute
for software algorithms, for those tasks that arti�cial intelligence cannot
yet solve satisfactorily. In an interview with The New York Times, Be-
zos explained: “Normally, a human makes a request of a computer, and the

1The microtask shown in Figure 1.1 was used in Eberhard et al. (2019), and the text
shown in the example is taken from https://www.reddit.com/r/MovieSuggestions/
comments/3bf1yo.
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1.2 Microtasks

computer does the computation of the task. But arti�cial arti�cial intelligences
like Mechanical Turk invert all that. The computer has a task that is easy for
a human but extraordinarily hard for the computer. So instead of calling a
computer service to perform the function, it calls a human”(Pontin, 2007).

1.2.1 Microtask Platforms

Microtask platforms act as intermediaries between task requesters and
crowdworkers. The platforms provide task requesters with the necessary
infrastructure for designing and publishing microtasks, and they provide
workers with the infrastructure to select tasks, to work on their chosen
tasks, and to submit their work. Platforms also generally handle at least
part of the payment process, subtracting a commission for their service.

After registering an account on a platform, workers are offered a list of
tasks that are available for them to work on. The platform displays the
task to the worker, who can then work on it and submit the �nished
work to the platform. The task requester then receives the results via
the platform's web interface or API. Requesters and workers typically
interact with each other exclusively via the platform. In most cases, there
is only a one-way communication from the requester to the worker via
written task instructions.

Publicly launched in 2005, Amazon Mechanical Turk (MTurk) 2 was the
�rst microtask platform (Amazon Mechanical Turk, 2015). The plat-
form was named after the Mechanical Turk, a chess-playing machine
constructed in the eighteenth century. This chess-playing machine was
presented to the audience as an automaton that was able to play chess of
its own accord (Hindenburg, 1784), but in reality, it contained a hidden
human chess player who controlled the machine's moves. In 2007, the
microtask platform Figure Eight 3 was founded by Lukas Biewald and
Christopher Van Pelt as “Dolores Labs” (Barret, 2009). The platform soon

2https://www.mturk.com/
3https://www.figure-eight.com/
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changed its name to “CrowdFlower” (Rao, 2009; Ha, 2012), and in 2018,
it was renamed again to “Figure Eight” (Figure Eight, 2018b). In 2019,
Figure Eight was acquired by the company Appen 4 (Appen, 2019).

Together, MTurk and Figure Eight have been estimated to share about
80% of the microtask market, with approximately equal revenues (Kuek
et al., 2015). Besides these two large platforms, there are also numerous
smaller microtask platforms, such as Clickworker 5, Microworkers 6, and
Crowdee7.

While the general functionality and work�ow is similar across different
microtask platforms, the speci�c implementations and features provided
may differ. For example, the platform MTurk does not offer any built-
in functionality for assessing workers via test questions, whereas the
platform Figure Eight encourages requesters to upload a gold standard
against which workers are then continually assessed during their work.
Other differences in functionality include, for example, different graphical
interfaces or markup languages for implementing tasks, different ways
of handling how workers are paid, different ways of recruiting workers,
and different reputation systems for workers. A detailed list of features
that may differ across platforms can be found in Vakharia and Lease
(2015).

Furthermore, platforms may differ in the workforce that they attract. For
example, the platform Figure Eight attracts a much more international
workforce than MTurk. The vast majority of MTurk's workforce consists
of workers located in the United States and India, most likely due to the
restrictive payment options that the platform offers in other countries. 8

By contrast, parts of the payment process on the platform Figure Eight

4https://appen.com/
5https://www.clickworker.de/
6https://www.microworkers.com/
7https://www.crowdee.com/
8While workers in the United States and in India can receive local currency for

their work, amazon.com gift cards are the only payment option for workers located in
other countries (Amazon Mechanical Turk, 2018). However, the demographics of the
platform's workforce might change in future due to MTurk recently enabling payments
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1.2 Microtasks

are handled by independent partner websites, which provides workers
with much more �exibility regarding the country and currency of their
payment.

1.2.2 A New Form of Work

Microtask platforms provide businesses and other microtask requesters
with an unprecedented opportunity to access a global workforce on de-
mand. Being an extremely short-term and �exible type of work, work on
microtask platforms �ts in with a wider trend that has been observed in
industrial societies, a trend towards increasingly �exible work arrange-
ments that are characterized by short-term, market-based contracts (see,
e.g., Kalleberg, 2009; Hewison and Kalleberg, 2013).

As Lukas Biewald, co-founder of the microtask platform Figure Eight,
stated in 2010: “Before the Internet, it would be really dif�cult to �nd someone,
sit them down for ten minutes and get them to work for you, and then �re them
after those ten minutes. But with technology, you can actually �nd them, pay
them the tiny amount of money, and then get rid of them when you don't need
them anymore”(quoted in Marvit, 2014, also see, e.g., De Stefano,2016).

This new form of work enables microtask requesters to seamlessly in-
corporate humans into software procedures, with the “inde�nite and
unknown” crowd of workers being accessible on demand via the inter-
faces of microtask platforms. The platforms' interfaces abstract away all
the human characteristics of the workers, and the workers' recruitment,
payment, and the evaluation of their work are automatically handled
by software. To the person requesting the crowd's labor, receiving in-
put from a human may look no different than receiving the result of a
method call. Jeff Bezos, CEO of Amazon, described the intended purpose
of the microtask platform Amazon Mechanical Turk in the following way:
“You've heard of software-as-a-service. Well this is basically people-as-a-service.”

in US$ for workers in 25 countries outside the U.S., provided that they have a U.S. bank
account (Amazon Mechanical Turk, 2019).
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1 Introduction

(Bezos, 2006, also see Irani, 2015b). The view that humans represent
an “arti�cial” form of software algorithms in the systems that use their
labor is also re�ected in the term “arti�cial arti�cial intelligence” that the
platform uses for describing this type of work.

Such an automaton-like view of humans has been termed “mechanistic
dehumanization” (Haslam, 2006). When humans are denied their hu-
man attributes and perceived as being equivalent to machines, they are
perceived to be fungible, i.e., interchangeable with others of their type,
and lacking in individual agency, emotionality, and other attributes that
de�ne human nature (Haslam, 2006). Consequently, they may be treated
with indifference and disregard, and as a means to an end (Haslam, 2006;
Bastian and Haslam, 2011).

A number of authors have raised concerns regarding the dehumanizing
nature of work on microtask platforms (see, e.g., Ross et al., 2010; Kittur
et al., 2013; Irani, 2015a; De Stefano,2016; Berry, 2019; Gray and Suri,
2019; Barbosa and M. Chen,2019). For example, Ross et al. (2010) noted
that “obscuring worker identity may [...] potentially contribute to workers being
exploited: because workers are decontextualized, requesters may be more likely to
offer lower, unfair prices on HITs, or even refuse to pay for work performed.”De
Stefano (2016) argued that the concept of humans-as-a-service“perfectly
conveys the idea of an extreme form of commodi�cation of human beings.”
Emphasizing the invisibility of crowdworkers to those who bene�t from
their work, Gray and Suri ( 2019) termed work on microtask platforms
“ghost work” (also see Marvit, 2014). This invisibility, Gray and Suri
(2019) argued, can “make requesters forget they are even hiring humans.”

While the technology-enabled aspects and the global scale of work on
microtask platforms are genuinely new, some authors have pointed out
that this is not true of all aspects of this type of work (see, e.g., Felstiner,
2011; De Stefano,2016; Cherry, 2016; Finkin, 2016; Waas et al.,2017). In
many ways, work on microtask platforms resembles industrial homework,
where workers produce goods in their homes and are paid on a piecework
basis (Finkin, 2016; Waas et al.,2017). Due to this resemblance, the terms
“cognitive piecework” and “digital piecework” have sometimes been used
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1.2 Microtasks

to describe work on microtask platforms (see, e.g., Felstiner, 2011; Fieseler
et al., 2019). Cherry (2016) also pointed out that “breaking down tasks to
their lowest common denominator”is not a new idea and argued that this
aspect of work on microtask platforms resembles the “de-skilled industrial
processes associated with Taylor, but without the loyalty and job security.”

Compared to traditional employment, work on microtask platforms is
subject to little legal regulation. There are no work contracts involved,
besides the workers' choice to accept or reject a microtask platform's
terms of service. Microtask platforms generally view their workers as
independent contractors (see, e.g., Cherry,2016; Waas et al.,2017) and
emphasize in their terms of services that workers are not considered
employees (see, e.g., Figure Eight,2018a; Amazon Mechanical Turk, 2020).
Workers are therefore not entitled to any bene�ts that a person considered
an employee would be entitled to, such as vacation pay, sick leave, health
insurance, or retirement bene�ts.

Minimum wage laws do not apply, and estimates of the hourly wage
that workers achieve on micro-task platforms range from under US$ 1
to around US$5 (see, e.g., T. Kaplan et al.,2018; Berg, 2015; Ross et al.,
2010; Horton and Chilton, 2010; Khanna et al., 2010). From this income,
workers have to supply their own tools and of�ce space, and they have to
pay for the internet access needed to perform the work. Workers further
bear the risk of any software implementation errors in the microtasks or
the platform, which can result in workers not being paid for completed
work. Moreover, a worker's account may be suspended by the platform
at any time, with the worker having little to no recourse to appeal the
decision (see, e.g., Gray and Suri,2019).

On the other hand, the �exibility of this type of work may also provide
advantages for workers. Kessler (2014) phrased the vision of crowd
employment in the following way: “Whatever you do, it will be your choice.
Because you are no longer just an employee with set hours and wages working
to make someone else rich. In the future, you will be your very own mini-
business.”The promise to workers is that they will have the autonomy
to decide where and when they want to work, and which tasks they
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want to accept. The ability to work from anywhere may also offer an
opportunity to generate income for people who would struggle to work
outside their home, for example due to disabilities (see, e.g., Berg, 2015).
When describing the bene�ts of work on microtask platforms, many
workers state that they appreciate this �exibility (see, e.g., Deng and
Joshi,2016; Berg et al.,2018).

However, De Stefano (2016) and others (see, e.g., Pesole et al.,2018;
Prassl, 2018; Gray and Suri, 2019) have argued that these bene�cial
aspects should not be over-estimated. First of all, the global competition
between workers leads to downward pressure on wages, which reduces
the workers' �exibility as they may have to work for many hours to
generate any signi�cant income (De Stefano, 2016). Furthermore, while
workers can theoretically choose their working hours, the reality is often
different. In practice, workers who rely on this income are often forced
to continuously monitor the stream of new tasks being posted and spend
many unpaid hours looking for suitable tasks. Otherwise, they risk losing
important income (see, e.g., Gray and Suri, 2019). Moreover, the best-
paying tasks may be posted by companies in a different time zone, which
further limits the workers' �exibility and may force workers to stay alert
and work on tasks during the night (see, e.g., Gray and Suri, 2019; Gupta,
Crabtree, et al., 2014).

Despite the seemingly large disadvantages compared to traditional em-
ployment, especially for workers in high-income countries, a large global
microtask workforce has emerged during the past decade. The growth of
crowd employment, including work on microtask platforms, has given
rise to policy discussions on social protection and working conditions
of crowdworkers (see, e.g., Felstiner, 2011; European Parliament, 2016;
European Commission, 2016; Codagnone et al., 2016; Waas et al.,2017).
The discourse around this type of work includes discussions on whether
crowdworkers should be considered employees rather than independent
contractors, and whether a new category of employment might be needed
to adequately regulate crowd employment. There is also an ongoing dis-
cussion on whether this type of work should be considered “work” at

10



1.3 Problem Statement, Objectives, and General Approach

all or whether it should be considered a spare-time activity, with re-
muneration playing only a minor role for workers (see, e.g., European
Parliament, 2016; Berg, 2015).

To achieve a better understanding of this emerging form of work, it is
important to not only understand for what purposes the workforce is
being used, but also to understand who, around the world, participates in
it and why. To that end, this thesis sets out to provide a detailed picture
of the characteristics and different uses of the international microtask
workforce.

1.3 Problem Statement, Objectives, and
General Approach

Problem Statement. In the past decades, advances in machine learning
have automated many data analysis tasks. However, current methods
have limitations that can only be overcome by incorporating human
labor into the otherwise automated processes. This need for �exible,
on-demand human labor, along with increasing worldwide internet
access, has brought forth a new type of global workforce. On microtask
platforms, workers from around the world work on solving a multitude
of digital problems that cannot yet be solved by automated methods
alone.

To understand this emerging form of work, it is necessary to study the
potentials of this new workforce in terms of how its input can be utilized
to complement automated methods for data analysis. Furthermore, to
gain a deeper understanding of this global phenomenon and its potential
societal consequences, it is crucial to investigate who participates in
the microtask workforce and why people around the world choose to
participate in it. So far, most research regarding who participates in the
microtask workforce has focused on workers from only two countries,
the United States and India. However, work on microtask platforms is
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a global phenomenon, and little is known about the workforce in other
countries. Furthermore, there is little knowledge of the motivations that
people around the world have for participating in this new form of
work, and there is currently no theoretically founded and well-validated
instrument for comprehensively measuring motivations in the microtask
context.

Objectives. The overarching objective of this thesis is twofold: First,
this thesis sets out to demonstrate ways in which human input from
the crowd is complementary to automated methods for data analysis, in
different stages of the machine learning process. Speci�cally, this thesis
focuses on employing microtasks for complementing automated methods
for the analysis of large text corpora. Second, this thesis aims to provide
a detailed picture of the characteristics of the international microtask
workforce, in an attempt to shed light on the human attributes that have
been abstracted away from this global, “inde�nite and unknown” pool
of human workers. To that end, this thesis sets out to conduct the �rst
comprehensive, large-scale comparative analysis of socio-demographic
characteristics of crowdworkers in different countries that goes beyond
an analysis of workers located in the USA and India. Additionally, this
thesis sets out to develop a theoretically founded and internationally
applicable instrument for measuring the motivations of the microtask
workforce, with the aim of conducting the �rst cross-country comparison
of crowdworkers' motivations to participate in this type of work.

General Approach. The �rst part of this thesis employs microtasks
to complement automated methods in different stages of the machine
learning process, addressing the question of how human input from
microtasks can complement methods for the analysis of large text cor-
pora. The second part of this thesis employs microtasks to analyze the
socio-demographic characteristics and motivations of the international
microtask workforce, addressing the questions of who chooses to par-
ticipate in this type of work and why people around the world choose
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to participate in it. To measure the different concepts of interest, this
thesis makes use of a range of methods for estimating latent variables in
structured and unstructured data.

1.4 Research Questions

This thesis sets out to provide a better understanding of the international
microtask workforce by analyzing howthe microtask workforce can be
used to complement automated methods, whochooses to participate in
it, and why people choose to participate in it.

The �rst part of this thesis focuses on the use of the microtask workforce,
speci�cally regarding howmicrotasks can be employed in different stages
of the machine learning process to complement automated methods of
text analysis. Thus, the overarching research question for the �rst part of
this thesis is the following:

RQ1: How can human input from microtasks complement methods for the anal-
ysis of large text corpora in different stages of the machine learning process?

The second part of this thesis focuses on answering questions related to
understanding the characteristics of the international microtask work-
force, speci�cally regarding whoparticipates in the workforce and why
people participate in it. Thus, the overarching research questions for the
second part of this thesis are the following:

RQ2: What are the socio-demographic characteristics of the international micro-
task workforce, and do these characteristics differ across countries?

RQ3: Why do people choose to participate in the microtask workforce, and do
their motivations differ across countries?

This section introduces these research questions in detail and describes
the approach used to address each question as well as the main �ndings
and contributions.
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RQ1: How can human input from microtasks complement
methods for the analysis of large text corpora in di�erent
stages of the machine learning process?

Problem. This research question aims at understanding how the micro-
task workforce can be used in machine learning problems, with a focus
on the analysis of large text corpora. Methods for the automated analysis
of text have limitations in different stages of the machine learning process,
and this thesis demonstrates how different limitations can be overcome
by incorporating human input from microtasks. The speci�c problems
we aimed to address by complementing automated methods with human
input from microtasks were the following:

� How does the semantic coherence of the newly developed Polylin-
gual Labeled Topic Model compare to that of existing topic models?
(Posch, Bleier, Schaer, et al.,2015)

� How do political actors in Germany differ with respect to their use
of populist communication? (Stier, Posch, et al., 2017)

� To what extent can information contained in narrative descriptions
of users' current preferences help to improve the recommendations
of established recommender algorithms? (Eberhard et al., 2019)

Approach. To demonstrate how necessary human input can be pro-
vided via microtasks, this thesis presents three different use cases, in
each of which the microtask workforce was involved in a different stage
of the machine learning process. A high-level view of the machine learn-
ing process is depicted in Figure 1.2 (Section 1.7). Speci�cally, in Article 1
(Posch, Bleier, Schaer, et al.,2015), presented in Section 3.2.1, we em-
ployed the microtask workforce in the model evaluationstage, to evaluate
the semantic coherence of a new topic model by comparing it to the
semantic coherence of three existing topic models. In Article 2 (Stier,
Posch, et al.,2017), presented in Section3.2.2, the microtask workforce
was involved in the model interpretationstage of the machine learning
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process, by interpreting a topic model's parameters with respect to pop-
ulist communication. In Article 3 (Eberhard et al., 2019), presented in
Section 3.2.3, the microtask workforce contributed to the data preparation
and preprocessingstage of the machine learning process, performing tasks
such as sentiment analysis and the extraction of important information
from unstructured text. Additionally, in Stier, Bleier, Bonart, M örsheim,
et al. (2018b)9, the microtask workforce was involved in the data collec-
tion stage, by collecting social media accounts of mainstream as well as
alternative German media on Facebook and Twitter.

Findings and contributions. In each of the individual research projects,
a different limitation of an automated method was overcome by introduc-
ing human input from microtasks. In each case, this human input was
indispensable for addressing the respective problem and answering the
project-speci�c research questions. In the following, I give an overview
of the research projects that employed the microtask workforce to com-
plement automated methods. For each project, I describe in which stage
of the machine learning process microtasks were used, which concrete
tasks crowdworkers performed to complement automated methods, and
what the main contribution of the project was.

9While I was responsible for the design, implementation, and execution of all
microtasks in this project, my contribution to the project constituted a comparatively
small part in a large research collaboration. This publication is therefore not included in
this cumulative thesis. The result of this research effort is a dataset (Stier, Bleier, Bonart,
Mörsheim, et al., 2018a) that enables researchers to study online political communication
in Germany.
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� Article 1: The Polylingual Labeled Topic Model (Posch, Bleier,
Schaer, et al.,2015)

Stage: Model evaluation
Microtasks: Evaluate the semantic coherence of topics esti-

mated by the newly developed PLL-TM, compared
to existing models.

Contribution: The PLL-TM, a new topic model for estimating
topics in multilingual, labeled documents. A visu-
alization system based on the PLL-TM was pub-
lished separately (Posch, Schaer, et al.,2016).

� Article 2: When Populists Become Popular: Comparing Facebook
Use by the Right-Wing Movement Pegida and German Political
Parties (Stier, Posch, et al.,2017)

Stage: Model interpretation
Microtasks: Interpret model parameters in the context of pop-

ulist communication.
Contribution: An analysis of populist political communication

on social media by German political actors.

� Article 3: Evaluating Narrative-Driven Movie Recommendations
on Reddit (Eberhard et al., 2019)

Stage: Data preparation & preprocessing
Microtasks: Extract relevant information from unstructured

text, sentiment analysis.
Contribution: An evaluation of recommender algorithms with re-

spect to their potential for incorporating informa-
tion contained in narrative descriptions of users'
current preferences.
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� Systematically Monitoring Social Media: The Case of the Ger-
man Federal Election 2017(Stier, Bleier, Bonart, Mörsheim, et al.,
2018b)

Stage: Data collection
Microtasks: Collect social media accounts (from Facebook and

Twitter) of mainstream and alternative media.
Contribution: A dataset (Stier, Bleier, Bonart, Mörsheim, et al.,

2018a) that enables researchers to study online
political communication in Germany.

RQ2: What are the socio-demographic characteristics of
the international microtask workforce, and do these
characteristics di�er across countries?

Problem. Research on the socio-demographic characteristics of the mi-
crotask workforce has almost exclusively focused on the two countries
that constitute MTurk's target audience, i.e., the USA and India. So far,
little is known about the microtask workforce on other platforms and in
countries other than the USA and India. However, work on microtask
platforms is a global phenomenon, and the platform Figure Eight, the
second market leader in the microtask market (Kuek et al., 2015), targets a
much more international audience than MTurk (see, e.g., Berg, 2015). This
research question aims at complementing existing literature by providing
a more comprehensive picture of the international microtask workforce
regarding socio-demographic characteristics of workers in different coun-
tries and regarding the importance that the income from microtasks has
in the workers' lives.

Approach. To gain insights into the socio-demographic characteristics
of the international microtask workforce, in Section 3.3.1, this thesis
presents a large survey of crowdworkers in ten different countries and
at two points in time (Article 4, Posch, Bleier, Fl̈ock, et al., 2018). The
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survey was conducted on the platform Figure Eight, and we collected
data from 900workers in each country at each time point, for a total of
18,000responses. We selected the countries from diverse income levels
and additionally aimed for a high cultural diversity as well as suf�cient
activity on the platform. Furthermore, to capture a diverse sample of
workers in each country, we split the starting times of the tasks into
three groups: typical working hours and evenings in the respective time
zones, and weekends. The survey included questions regarding different
socio-demographic characteristics of the workers as well as questions
regarding the importance of microtask income for the workers' lives. This
approach allows us to not only compare the characteristics of different
countries' microtask workforces, but also to analyze their stability over
time by calculating the Jensen–Shannon divergences (Lin,1991) between
two independent samples taken eight months apart.

Findings and contributions. The results of this analysis provide a de-
tailed picture of the international microtask workforce in ten countries.
The analysis constitutes the �rst large-scale country-level comparison of
socio-demographic characteristics of the microtask workforce that goes
beyond an analysis of U.S.-based and Indian workers on the platform
MTurk. The results of the analysis revealed wide-ranging differences
regarding the demographic composition, time spent on the platform,
reliance on microtask income, and use of microtask income between the
different countries. Furthermore, the results showed that these charac-
teristics remained largely stable between the two independent samples
collected at different points in time.
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RQ3: Why do people choose to participate in the
microtask workforce, and do their motivations di�er
across countries?

Problem. The question of why people around the world choose to par-
ticipate in the microtask workforce still remains largely open. While there
has been some research on the motivations of the microtask workforce,
it has, like research on the socio-demographic characteristics, focused
mainly on the two countries that constitute MTurk's target audience. Most
importantly, however, even for workers on MTurk, there is currently no
well-validated, theoretically founded instrument for measuring different
types of motivations in the microtask context. Moreover, measuring the
motivations of the microtask workforce in different countries requires the
measurement instrument to be valid in each country, and any cross-group
comparisons of motivations (such as comparisons between countries)
additionally require the measurement instrument to be invariant across
the groups of interest. Thus, answering the overarching research question
RQ3 requires �rst answering the following research questions:

RQ3.1: How can we validly measure motivations in the microtask context?

RQ3.2: Is the instrument used to measure motivations in the microtask context
applicable in different countries?

RQ3.3: Is the instrument used to measure the motivations of the microtask
workforce suitable for conducting cross-country comparisons?

Approach. Article 5 (Posch, Bleier, Lechner, et al.,2019), presented in
Section 3.3.2, tackles these research questions within the framework of
self-determination theory (SDT), a theory of human motivation that has
been successfully applied to measure work motivation in the traditional
employment context (see Section2.2).

To address RQ3.1, we �rst conducted an evaluation of the suitability of
two established SDT-based work motivation scales that were developed
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for the traditional employment context. We performed minimal adapta-
tions to the item wordings in order to semantically adapt them to the
microtask context, and then conducted con�rmatory factor analyses (see
Section 2.1.2) to evaluate different measurement models based on data
collected from workers in the USA.

Based on the results of these analyses, we conducted exploratory fac-
tor analyses to identify which parts of the traditional work motivation
scales were potentially useful for measuring motivations in the microtask
context. To develop an instrument for measuring motivations in the mi-
crotask context, we then compiled an item pool, which we reduced and
re�ned by conducting exploratory factor analyses on data collected from
workers in three culturally diverse countries.

With the �nal 18-item version of the Multidimensional Crowdworker Mo-
tivation Scale(MCMS), we collected data from ten countries, which we
selected for cultural diversity and from different World Bank income
groups. We evaluated the internal consistency of the different motiva-
tional dimensions and conducted con�rmatory factor analyses to evaluate
the construct validity of our hypothesized six-factor model. Given the
good model �t overall as well as adequate �t in all income groups and
countries, we further evaluated additional aspects of the model's validity.
The results of these analyses provided evidence that the MCMS consti-
tutes a reliable and valid measurement of motivations in the microtask
context, thus answering RQ3.1 and RQ3.2. To answer RQ3.3, we con-
ducted measurement invariance tests, the results of which indicated that
partial scalar invariance holds between countries and between income
groups, allowing for valid cross-group comparisons of latent means. Hav-
ing answered RQ3.1, RQ3.2, and RQ3.3, we could then proceed to answer
the overarching RQ3 by comparing the model-estimated latent means of
workers in different counties.

Findings and contributions. The main contributions of the work pre-
sented in Section 3.3.2 are twofold. First, it presents the Multidimensional
Crowdworker Motivation Scale, a theoretically well-founded, validated, and
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internationally applicable instrument for measuring motivations in the
microtask context. Second, it presents an analysis and comparison of
workers' motivations in ten different countries and three country income
groups.

The results of the comparison showed both similarities and signi�cant
differences between the countries and income groups. For example,
material external regulation was the motivational dimension with the
highest mean overall as well as in all countries and income groups,
closely followed by intrinsic motivation. This indicates that both monetary
rewards and enjoyment inherent in the activity play an important role
for crowdworkers around the world. However, both monetary rewards
and enjoyment were somewhat more important to workers in middle-
and low-income countries than to workers in the USA and in Germany,
whereas workers in the USA and in Germany exhibited, on average, a
higher lack of motivation. Furthermore, the results indicated that, in all
groups, putting effort into microtasks was moderately in alignment with
workers' personal goals such as lifestyle preferences or career goals, but
that this dimension was less important in high-income countries than in
middle- and low-income countries.

1.5 Main Publications

This cumulative thesis consists of the following publications:

� Article 1: Posch, L., Bleier, A., Schaer, P., and Strohmaier, M. (2015).
“The Polylingual Labeled Topic Model.” In: KI 2015: Advances in
Arti�cial Intelligence.

� Article 2: Stier, S.,Posch, L., Bleier, A., and Strohmaier, M. (2017).
“When populists become popular: Comparing Facebook use by the
right-wing movement Pegida and German political parties.” In:
Information, Communication & Society20.9.
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� Article 3: Eberhard, L., Walk, S., Posch, L., and Helic, D. (2019).
“Evaluating narrative-driven movie recommendations on Reddit.”
In: Proceedings of the24th International Conference on Intelligent User
Interfaces.

� Article 4: Posch, L., Bleier, A., Flöck, F., and Strohmaier, M. (2018).
“Characterizing the global crowd workforce: A cross-country com-
parison of crowdworker demographics.” arXiv:1812.05948.

� Article 5: Posch, L., Bleier, A., Lechner, C. M., Danner, D., Flöck,
F., and Strohmaier, M. (2019). “Measuring motivations of crowd-
workers: The Multidimensional Crowdworker Motivation Scale.”
In: ACM Transactions on Social Computing2.2.

Furthermore, the following publications are related to the topics ad-
dressed in this thesis:

� Posch, L., Schaer, P., Bleier, A., and Strohmaier, M. (2016). “A system
for probabilistic linking of thesauri and classi�cation systems.” In:
KI – Künstliche Intelligenz30.2.

� Posch, L., Panahiazar, M., Dumontier, M., and Gevaert, O. (2016).
“Predicting structured metadata from unstructured metadata.” In:
Database2016.

� Niekler, A., Bleier, A., Kahmann, C., Posch, L., Wiedemann, G.,
Erdogan, K., Heyer, G., and Strohmaier, M. (2018). “iLCM - A
virtual research infrastructure for large-scale qualitative data.” In:
Proceedings of the11th International Conference on Language Resources
and Evaluation.

� Stier, S., Bleier, A., Bonart, M., Mörsheim, F., Bohlouli, M., Nizhe-
gorodov, M., Posch, L., Maier, J., Rothmund, T., and Staab, S. (2018b).
“Systematically monitoring social media: The case of the German
federal election 2017.” arXiv:1804.02888.
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1.6 Contributions and Implications

This section gives an overview of the main contributions made in this
thesis. The main contributions of this thesis are threefold and contribute
to our understanding of howthe microtask workforce is used in different
stages of the machine learning process,whochooses to participate in it,
and why people choose to participate in it. While the overarching research
questions of this thesis are empirical in nature, the thesis makes both
methodological and empirical contributions.

� First, this thesis demonstrates howmicrotasks can be employed in
different stages of the machine learning process, to complement
automated methods for the analysis of large text corpora. The
usefulness of the microtask workforce for the analysis of large
text corpora is demonstrated in three use cases, covering datasets
from three different domains. In each of the use cases presented
in this thesis, we employed microtasks in a different stage of the
machine learning process. The use cases presented in this thesis
additionally contain separate, both methodological and empirical,
contributions, addressing the speci�c research questions posed by
the individual projects that employed the microtask workforce.
In each case, crowdworkers contributed human input that was
indispensable for answering the project's research questions.

� Second, this thesis presents the �rst large-scale, country-level anal-
ysis of who participates in the international microtask workforce.
It provides an analysis and comparison of the workforce's socio-
demographic characteristics in ten different countries, a comparison
of the importance of microtasks in the workers' lives, as well as
an analysis of the country-level stability of these characteristics.
This analysis advances our understanding of the composition of the
international microtask workforce and provides important insights
for researchers and policy makers seeking to understand this new
form of work.
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� Third, this thesis presents the �rst internationally applicable instru-
ment for measuring why people choose to participate in the mi-
crotask workforce, and it presents the �rst validated cross-country
comparison of workers' motivations. The measurement instrument
for crowdworker motivations presented in this thesis enables re-
searchers to incorporate workers' motivations in future studies
investigating the microtask workplace. The results of the cross-
country comparison of motivations provide important insights into
the motivations of the international microtask workforce and shed
light on the similarities and differences between the workers' moti-
vations in different countries.

The contributions made in this thesis constitute an important step to-
wards a more comprehensive characterization of the international mi-
crotask workforce and advance our understanding of the microtask
workplace. The results of the analyses and the instrument for measuring
crowdworker motivations provide a basis for future research concerning
this emerging form of work and can help to inform policy discussions
on where in the employment space microtasks should be located. For
microtask platform providers, knowledge of the socio-demographic char-
acteristics and motivations of their workforce can help to inform future
design choices. Furthermore, the use cases presented in this thesis are rel-
evant for data scientists concerned with the analysis of large text corpora
as they provide insights into how the microtask workforce can be em-
ployed in different stages of the machine learning process to complement
automated methods.
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1.7 Structure of this Thesis

The remainder of this thesis is structured as follows. Chapter 2 gives
an overview of related work that is relevant to the topics addressed in
this thesis. Section 2.1 introduces the main methods used throughout
this thesis, Section2.2 introduces self-determination theory, the theory
of motivation used in this thesis, and Section 2.3 gives an overview of
related work regarding the use, socio-demographic characteristics, and
motivations of the microtask workforce.

Chapter 3 presents the main publications contained in this cumulative
thesis. First, Section3.1 details my contributions to the individual publi-
cations. Section3.2 focuses on the use of the microtask workforce in dif-
ferent stages of the machine learning process. It presents three use cases,
in each of which microtasks complemented automated methods in a
different stage of the machine learning process. Section3.3 focuses on the
characteristics of the international microtask workforce. It �rst presents
an analysis of the socio-demographic characteristics of the microtask
workforce in Section 3.3.1, and Section 3.3.2 presents the development
and validation of the Multidimensional Crowdworker Motivation Scale
as well as a cross-country comparison of crowdworker motivations.

Chapter 4 concludes this thesis. In Section 4.1, it �rst summarizes the
main results and contributions of this thesis. Section 4.2 then discusses
the implications of this work and describes a number of potential appli-
cations. Finally, Section 4.3 discusses the limitations of this thesis and
outlines how these limitations open up directions for future work.

Figure 1.2 provides a structural overview of the topics addressed in
this thesis and illustrates in which sections of this thesis the different
topics are addressed. The machine learning process depicted in the �gure
represents a high-level view of the process and is similar to existing
representations (see, e.g., Fayyad et al.,1996; Amershi et al., 2019).
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Figure 1.2: Structural Overview of this Thesis. This �gure provides an overview of
the topics addressed in this thesis. Section 3.2 focuses on the use of the
microtask workforce in different stages of the machine learning process.
The presented use cases employed microtasks in themodel evaluationstage
(Section 3.2.1), the model interpretationstage (Section3.2.2) and the data
preparation and preprocessingstage (Section3.2.3) of the machine learning
process. Additionally, we employed microtasks in the data collectionstage
in Stier, Bleier, Bonart, Mörsheim, et al. (2018b). Section3.3 focuses on the
characteristics of the international microtask workforce, presenting analyses
of the socio-demographic characteristics (Section 3.3.1) and motivations
(Section 3.3.2) of the workforce.
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This chapter introduces the main methods used throughout this thesis
and gives an overview of related work. The chapter begins with an
introduction to different methods for the measurement of latent variables
in structured as well as unstructured data. Then, in Section 2.2, the
central theory for motivation used in this thesis, self-determination theory,
is introduced. Finally, Section 2.3 gives an overview of related work
regarding the use, socio-demographic characteristics, and motivations of
the microtask workforce.

2.1 Methods for the Measurement of Latent
Variables

This section introduces the main methods used in this thesis to measure
the concepts of interest in different contexts. In many contexts, it is
often of central interest to measure phenomena that are not directly
measurable or directly observable. For example, the topics addressed
in a text document or theoretical concepts such as intelligence, work
motivation, or populism cannot be directly observed.

Such unobservable and not directly measurable concepts are termed
latent constructsor latent variables(see, e.g., Kline,2015; Hair et al., 2018).
While latent variables are unobservable, they can be represented by ob-
servable variables. By examining the observable variables that represent
the latent variables, the latent variables can be measured indirectly. For
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example, latent topics occurring in a text document can be represented
by a probability distribution over observable words, and latent constructs
in survey response data can be represented by the observable survey
item responses. The observable variables can be obtained from various
data sources and data collection methods, such as surveys, observational
methods, social media websites, or phone call records (Hair et al., 2018).

The methods introduced in this section all allow for measuring latent
variables in observed data. Depending on the nature of the data, different
methods for the analysis of latent variables are applicable, and this
section introduces methods for both structured and unstructured data.
Following the common distinction between structured and unstructured
data (see, e.g., Rusu et al.,2013; Sint et al., 2009; Weglarz, 2004), I de�ne
structured dataas data that follows a speci�c, prede�ned data model, i.e.,
the type of data that can be stored in a relational database. Analogously,
I de�ne unstructured dataas any data that does not follow a prede�ned
data model, such as the unstructured text contained in a collection of
text documents.

The �rst part of this section introduces topic models, the main method
used in this thesis for the measurement of latent variables in unstructured
text data. The second part of this section introduces two methods for
measuring latent variables in structured data, exploratory factor analysis
and con�rmatory factor analysis.

2.1.1 Measuring Latent Topics in Unstructured Text Data

A text document often addresses multiple topics. For example, one text
document might address the topic of automated text analysis, the topic
of microtasks, and the topic of populism in political communication.
Another text document might address the topic of work motivation, the
topic of microtasks, and the topic of scale validation.

To understand the content of a document, a �rst step is to identify which
topics the document addresses (T. L. Grif�ths and Steyvers, 2004). How-

28



2.1 Methods for the Measurement of Latent Variables

ever, in a collection of unstructured text documents, only the words
themselves are observable variables. The topics that a document ad-
dresses are not directly observable; they are latent variables.

To infer these latent variables, a class of statistical models has been devel-
oped that represents the semantic properties of words and documents
in terms of probabilities (see, e.g., Blei, Ng, et al., 2003; Heinrich, 2005;
Steyvers and T. Grif�ths, 2007; Blei, 2012; Barber, 2012). In these statis-
tical models, called topic models, topics are represented as probability
distributions over words and documents are represented as mixtures of
topics.

Topic models are generative models, which means that the model speci�es
a procedure, called generative storyline, by which documents are generated
(Steyvers and T. Grif�ths, 2007). In the generative storyline of a topic
model, a document is generated by �rst choosing a distribution over
topics that will occur in the document. Then, to generate each word in
the document, a topic is drawn from the document's topic distribution,
and the word to generate is drawn from that topic's distribution over
words.

When a topic model is trained on a corpus of existing documents, this
generative storyline is inverted, and a set of topics that were responsible
for generating the corpus is inferred by statistical techniques (Steyvers
and T. Grif�ths, 2007; Blei, 2012). In other words, the goal of inference in
topic models is to estimate the model's parameters so that the identi�ed
latent variables (i.e., the topics) explain the observed variables (i.e., the
words).

Figure 2.1 shows the general functionality of a typical topic model. A
topic model takes a collection of text documents as input. Training the
topic model means inferring the topics' word distributions and the docu-
ments' topic distributions. The result of the trained model is therefore a
number of topics, represented by probability distributions over words, as
well as a probability distribution over topics for each text document in
the corpus.
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Figure 2.1: A Topic Model. This �gure shows the general functionality of a topic model.
The model takes a collection of documents as input and estimates the word
distributions of the topics as well as the documents' topic distributions.

Latent Dirichlet Allocation

Blei, Ng, et al. (2002) introduced one of the most widely used topic
models, latent Dirichlet allocation (LDA). LDA is a generative Bayesian
model that places Dirichlet priors on the topic distributions of the docu-
ments and on the word distributions of the topics. The model follows a
mixed membershipassumption, meaning that each document is not only
described by a single latent topic but modeled as a mixture of multiple
topics (see, e.g., Barber,2012).

In LDA, a document d is a vector of Nd words, wd, where each word wdi

is chosen from a vocabulary of V terms. A collection of documents is
de�ned by D = f w1,...,w Dg. The number of topics K has to be speci�ed
a priori. 10 The generative storyline of LDA consists of the following
steps:

10In parametric models such as LDA, the number of topics has to be speci�ed a
priori. There also exist non-parametric models, where the required number of topics is
estimated during inference (see, e.g., Teh, Jordan, et al.,2006).
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1. In the �rst step, for each document d 2 f 1,...,Dg, a distribution
qd over topics is drawn from a symmetric K-dimensional Dirichlet
prior parametrized by a, representing the prior observation counts:

qd � Dir (a) . (2.1)

2. In the second step, for each topic k = f 1,...,Kg, a distribution
f k over the vocabulary is drawn from a V-dimensional Dirichlet
distribution parametrized by b:

f k � Dir (b) . (2.2)

3. Finally, the i th word in document d is generated by �rst drawing a
topic index zdi and subsequently, a word wdi from the topic indexed
by zdi:

wdi � Cat(f zdi ) , zdi � Cat(qd) . (2.3)

Based on this generative storyline, a number of inference techniques
have been developed for reversing the storyline and estimating the latent
variables that best explain the observed variables, i.e., the words in
the documents. Commonly used inference techniques include Gibbs
sampling (S. Geman and D. Geman, 1984), which is a type of Markov
chain Monte Carlo inference, and collapsed variational Bayesian inference
(Teh, Newman, et al., 2006).

Variations of Latent Dirichlet Allocation

Since the introduction of LDA, the model has been adapted to a variety
of speci�c problem settings. In the following, I provide an overview of
the adaptations most relevant to the problems addressed in this thesis.

Ramage et al. (2009) introduced Labeled LDA (L-LDA), a supervised
version of LDA. L-LDA is used to model the topics in a corpus of text
documents where each document is annotated with multiple labels. A
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document's labels indicate which topics are present in the document, and
L-LDA creates a topic for each label. Therefore, in L-LDA, a document
d's topic distribution qd is restricted to a subset of all possible topics
L d � f 1,..,Kg – those topics with which the document is labeled. A
collection of documents is then de�ned by D = f (w1,L 1),...,(w D ,L D )g.

The �rst step in L-LDA's generative storyline draws the distribution of
topics qd for each document d 2 f 1,...,Dg

qd � Dir (amd) , (2.4)

where a is a continuous positive valued scalar representing the prior
observation counts and md is a K-dimensional vector

mdk =

(
1 if k 2 L d

0 otherwise ,
(2.5)

indicating which topics are permitted in each document according to
the document's labels. Once these label-restricted topic distributions are
drawn, the process of generating documents continues identically to the
generative process of LDA shown above in Equations 2.2 and 2.3. In the
case ofL d = f 1,..,Kg for all documents, no restrictions are active, and
L-LDA is equivalent to LDA.

The generative view of LDA was extended to multilingual documents
by Ni et al. ( 2009). Elaborating on this concept, Mimno et al. ( 2009) then
developed the Polylingual Topic Model (PLTM). This model assumes that
the documents in the corpus are available in L different languages and
that each of the L languages has a separate vocabulary. Each topic in
the PLTM is therefore multilingual, having a word distribution in each
language. In the special case of the documents being present in just one
language, i.e., L = 1, the PLTM is reduced to LDA.

In the PLTM, a document d is represented by [w 1
d,...,w L

d ], where for
each languagel 2 1,...,L, the vector w l

d consists of N l
d words which are
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chosen from a language-speci�c vocabulary with V l terms. A collection
of documents is then de�ned by D = f [w 1

1,...,w L
1 ],...,[w 1

D ,...,w L
D ]g.

The generative storyline of the PLTM consists of the following steps 11:

1. The �rst step is identical to LDA: For each document d 2 f 1,...,Dg, a
distribution qd over topics is drawn from a symmetric K-dimensional
Dirichlet prior parametrized by a:

qd � Dir (a) . (2.6)

2. In the second step, for each topic k = f 1,...,Kg in each language
l 2 f 1,...,Lg, a language-speci�c distribution f l

k over the language-
speci�c vocabulary of length V l is drawn:

f l
k � Dir (bl ) . (2.7)

3. Finally, the i th word of language l in document d is generated by
drawing a topic index zl

di and subsequently, a word wl
di from the

language-speci�c distribution indexed by zl
di:

wl
di � Cat(f l

zl
di
) , zl

di � Cat(qd) . (2.8)

Apart from L-LDA and the PLTM, other variations of LDA have been
developed for speci�c problem settings and to include additional infor-
mation from the documents. Examples of adaptations for other speci�c
settings are the Author-Topic Model(Rosen-Zvi et al., 2004; Bleier, 2012)
that includes information about the authorship of documents, Topics
over Time(Wang and McCallum, 2006), which jointly models word co-
occurrences and localization in time, and the Citation In�uence Model
(Dietz et al., 2007) that includes citation information and estimates the
strength of in�uence that one publication has over another.

11Note that the generative storyline of the PLTM is equivalent to LDA's except that
steps 2 and 3 are repeated for each language.
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In Section 3.2.1, this thesis extends existing work by introducing a new
topic model, the Polylingual Labeled Topic Model (PLL-TM), that combines
the functionality of L-LDA and the PLTM. We applied the PLL-TM
to a corpus of documents from the social science domain to measure
the presence of social science concepts in the documents and to create
probabilistic links between the concepts in a thesaurus and the concepts
in a classi�cation system from the same domain. The microtask workforce
evaluated the semantic coherence of the topics produced by the PLL-
TM, the PLTM, L-LDA and LDA. Furthermore, in Section 3.2.2, we
employ LDA to model communication by German political parties on
social media, with the aim of measuring the construct of populism. The
microtask workforce interpreted the resulting model in the context of
populist communication.

2.1.2 Measuring Latent Constructs in Structured Data

This section gives an overview of the methods used in this thesis for
measuring latent constructs in structured data. The �rst part of this
section introduces exploratory factor analysis (see, e.g., Harman, 1976;
Thompson, 2004; Costello and J. Osborne,2005; Hair et al., 2018), a
method for identifying the structure underlying a set of observable
variables. The second part of this section introduces con�rmatory factor
analysis (see, e.g., Bollen,1989; D. Kaplan, 2008; Ullman and Bentler,
2003; Kline, 2015; Hair et al., 2018), a method for testing how well latent
constructs, speci�ed according to theory, represent the empirical data.

While both methods are used to measure latent constructs in structured
data, they differ in their fundamental approach. Exploratory factor anal-
ysis does not require the latent variables and their relationships to the
observable variables to be speci�ed in advance. In contrast, con�rmatory
factor analysis requires that a model, derived from theory, is speci�ed
�rst.
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Exploratory Factor Analysis

Exploratory factor analysis (EFA) is a multivariate data analysis technique
for structured data that is based on the common factor model (see,
e.g., Thurstone, 1947; Harman, 1976; Fabrigar et al., 1999). EFA uses
the empirical data as a starting point and does not require any a priori
hypotheses about the relationship between the observed variables and the
latent variables, or about the number of latent variables. The method's
primary purpose is to explore the data and to identify the structure
underlying the observed variables (see, e.g., J. W. Osborne et al.,2008;
Kline, 2015; Hair et al., 2018).

In EFA, factorsare latent variables that are assumed to account for the
correlations between the observed variables. The relations between the
observed variables and the factors are termed factor loadings(see, e.g.,
Fabrigar et al., 1999; Hair et al., 2018). As EFA does not require the
relationships between the latent variables and the observable variables to
be speci�ed in advance, it estimates loadings for all observable variables
for each factor.

While all observed variables load on all factors, a factor structure emerges
when observed variables have high loadings on a single factor and low
loadings on all other factors (see, e.g., J. W. Osborne et al.,2008; Hair
et al., 2018). Examining the factor loadings of the observed variables
therefore gives insights into the nature of the factors and helps to identify
a set of observed variables that are suitable to represent a latent construct
(Hair et al., 2018).

As factor models that have more than one factor do not have a unique
solution in EFA, the reference axes of the factors can be rotated in multi-
dimensional space (Fabrigar et al., 1999; Jennrich, 2007). The goal of this
rotation is simplifying the structure of the solution (see, e.g., Fabrigar
et al., 1999; Jennrich, 2007; Hair et al., 2018). There are two general types
of axis rotation methods: Orthogonal rotationadjusts the factor axes so
that the factors are constrained to be independent of each other, and
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oblique rotationallows the factors to be correlated (Fabrigar et al., 1999;
Jennrich, 2007; Hair et al., 2018).

EFA can help to identify which observable variables (e.g., survey items)
are appropriate for representing a theoretical latent construct (see, e.g.,
Worthington and Whittaker, 2006). Performing EFA on a set of observable
variables, the estimated factor loadings indicate which of the variables are
likely to represent a construct well and which ones do not represent the
construct they were intended to represent. Furthermore, if an observed
variable has high loadings on multiple factors (termed cross-loadings),
this indicates that the observed variable has a strong relationship with
more than one latent variable and that it is therefore not suitable for
unambiguously representing and measuring a single latent construct.

When a new instrument for measuring certain theoretical latent constructs
is developed, EFA is often performed on a pool of observed candidate
variables, with the goal of reducing and re�ning the pool by deleting
variables that exhibit undesirable properties such as high loadings on
multiple factors or no high loadings on any factor (Worthington and
Whittaker, 2006). This process leads to retaining a set of observable
variables that are likely to be suitable for representing and measuring the
latent constructs. The suitability of this set of observable variables can
then be further validated by performing con�rmatory factor analysis.

Con�rmatory Factor Analysis

Con�rmatory factor analysis (CFA) is a multivariate data analysis tech-
nique used to test how well latent constructs that are speci�ed according
to theory represent reality according to the data gathered (Hair et al.,
2018). In contrast to EFA, CFA requires the development and speci�cation
of a measurement theory. This a priori speci�cation must include how
many latent constructs exist in the model and how the observed variables
correspond to the latent constructs (Kline, 2015; Hair et al., 2018).

36



2.1 Methods for the Measurement of Latent Variables

CFA is part of a set of techniques called structural equation modeling(SEM)
(see, e.g., Bollen,1989; D. Kaplan, 2008; Ullman and Bentler, 2003; Hoyle,
2012; Kline, 2015; Hair et al., 2018). SEM aims to analyze structural
relationships in multivariate data, on the basis of a theoretical model.
The set of techniques enables the estimation of multiple interrelated
dependence relationships while also allowing multiple measures for
each latent construct (Hair et al., 2018). In SEM, the speci�cation of the
measurement theory is termed measurement model. CFA assesses this
measurement model, i.e., it evaluates the hypothesized relationships
between the observed variables and the latent constructs in the model by
�tting the model to the observed data (see, e.g., Kline, 2015; Hair et al.,
2018).

Structural equation models are visualized using path diagrams. Path
diagrams represent the set of structural equations that specify the model.
Figure 2.2 shows an exemplary path diagram for a CFA model with two
latent constructs and six observed variables. In this model, each latent
construct is measured by three observed variables.

In path diagrams, observed variables are represented by rectangles or
squares, and latent variables are depicted as ellipses or circles. Error
terms of observed variables, i.e., their variance that is not explained
by the associated latent variables (Kline, 2015), are also represented by
ellipses or circles.

Double-headed arrows indicate correlational relationships. In the model
shown in Figure 2.2, the two latent constructs are hypothesized to cor-
relate. Single-headed arrows between latent constructs and observed
variables indicate hypothesized directional effects. In a CFA model, latent
constructs have a presumed causal effect on their associated observed
variables (Kline, 2015). For example, a person's performance on a certain
task (an observable variable) may be presumed to be caused by an un-
derlying latent construct (for example, “intelligence”). The single-headed
arrow from the error terms to the observed variables represents the as-
sumption that the observed variable is not only caused by the latent
variable, but also by other, unmeasured causes (Kline, 2015).
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Figure 2.2: A CFA Model. This �gure shows an exemplary CFA model with two latent
constructs. In the model, each latent construct is measured by three observed
variables, and the latent constructs are hypothesized to correlate.

Fitting the hypothesized model means estimating the model's param-
eters, including factor variances and covariances, factor loadings, and
the amount of measurement error for each observed variable (see, e.g.,
Kline, 2015). Factor loadings, in the context of CFA, are estimates of the
presumed causal effects that the latent constructs have on the observed
variables. The most commonly used method for estimating the param-
eters of a structural equation model is maximum likelihood estimation
(Jöreskog, 1970; Kline, 2015), but alternative estimation methods, such as
general least squares (J̈oreskog and Goldberger, 1972), also exist.

Evaluating Model Fit. The model �t of a CFA model can be evaluated
via a range of goodness-of-�t (GOF) measures, which assess the extent to
which the theory, as speci�ed in the model, represents reality as observed
in the data (see, e.g., McDonald and Ho, 2002; Sun, 2005; Marsh et al.,
2005; Schreiber et al.,2006; Hooper et al., 2008; Kline, 2015; Hair et al.,
2018). A basic test statistic to measure GOF is themodel chi-square (c 2). The
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c 2 test, in the context of CFA, is a statistical test of the difference between
the observed covariance matrix and the covariance matrix estimated by
the model (see, e.g., Hooper et al.,2008; Kline, 2015). The null hypothesis
is that the observed and estimated matrices are identical, i.e., it tests for
exact �t.

The model c 2 is an absolute �t index, which means that it measures how
well the model represents the data, independently of alternative models
(McDonald and Ho, 2002; Hooper et al., 2008; Hair et al., 2018). While
c 2 is commonly reported (Worthington and Whittaker, 2006), it should
not necessarily be relied upon for determining model �t as it is sensitive
to sample size and to the number of observed variables in the model
(see, e.g., Bentler and Bonett,1980; Miles and Shevlin, 2007; Hair et al.,
2018).

Due to the limitations of the c 2 test, a variety of alternative GOF mea-
sures have been developed to assess model �t. Alternative absolute �t
indices include the root mean squared error of approximation(RMSEA),
the standardized root mean square residual(SRMR), and the Goodness-of-Fit
statistic (GFI). Incremental �t indicescompare the speci�ed model with a
baseline model where all variables are uncorrelated (see, e.g., McDonald
and Ho, 2002; Miles and Shevlin, 2007; Hair et al., 2018). Examples of
incremental �t indices are the normed-�t index (NFI), the comparative �t
index (CFI) and the Tucker Lewis Index(TLI). Parsimony �t indices, such as
the adjusted goodness of �t index(AGFI) and the parsimony normed �t index
(PNFI), are used for comparing competing models and favor simpler
models over complex models (see, e.g., Kline,2015; Hair et al., 2018).

There have been decades of discussion on which �t measures should
be used to determine model �t and which cut-offs should be used to
either accept or reject a model (see, e.g., Hooper et al.,2008). For current
conventions, see, for example, Kline (2015), Sun (2005), Hooper et al.
(2008), and Schreiber et al. (2006), who describe the different �t measures
in detail and discuss which values indicate good or adequate model �t.
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Measurement Invariance. Tests of measurement invarianceassess
“whether or not, under different conditions of observing and studying phenom-
ena, measurement operations yield measures of the same attribute”(Horn and
McArdle, 1992). When interpreting differences in the means of latent
constructs across groups, it is critical to �rst ensure that the instrument
used to measure the latent constructs of interest is invariant across the
groups (see, e.g., Vandenberg and Lance,2000; Cheung and Rensvold,
2000; Millsap and Olivera-Aguilar, 2012; Millsap, 2012).

If measurement invariance is not established, any conclusions drawn from
a comparison of latent construct means are necessarily ambiguous or even
fallacious (Steenkamp and Baumgartner, 1998). For example, in a cross-
country comparisons of survey results, a lack of measurement invariance
could indicate that respondents of different countries understand the
survey items in a different way and associate them with different latent
constructs (e.g., due to culture), that the strength of these associations
differs, or that different levels of response biases are present (see, e.g.,
Cheung and Rensvold, 2000).

Measurement invariance is commonly evaluated via multiple-group
con�rmatory factor analysis (MGCFA) (J öreskog, 1971; Cheung and
Rensvold, 2002), and three levels of measurement invariance are com-
monly tested: con�gural, metric, and scalar invariance (see, e.g., Cheung
and Rensvold, 2002; F. F. Chen,2007; Millsap, 2012; Putnick and Born-
stein, 2016). Con�gural invariancerequires that the observed variables
share the same con�gurations of factor loadings in all groups. Metric in-
varianceadditionally requires that the loadings of the observed variables
on their factors are equal across groups, and scalar invarianceadditionally
requires that the intercepts of the observed variables are the same across
groups. Several studies have examined the sensitivity of GOF measures
to a lack of measurement invariance. For example, Cheung and Rensvold
(2002) and F. F. Chen (2007) conducted simulation studies and provided
recommendations for evaluating the different levels of measurement
invariance.
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To validly compare observed composite means across groups, scalar
invariance is required. For example, a simulation study by Steinmetz
(2013) showed that even one unequal intercept may lead to erroneous
conclusions about differences in means when comparing observed com-
posite scores across groups. At least partial scalar invariance is required
to validly compare model-estimated latent means across groups (see, e.g.,
Byrne et al., 1989; Vandenberg and Lance, 2000).

In Section 3.3.2, this thesis presents a new measurement instrument
for measuring work motivation in the microtask context. We conducted
EFAs on data collected in three countries to develop the set of observable
variables to be used in the new measurement instrument. The evaluation
of work motivation scales developed for the traditional work context and
the validation of the new measurement instrument in ten countries and
three income groups were conducted with CFAs. To establish cross-group
comparability of latent construct means between countries and between
country income groups, we tested the measurement invariance of our
model.

2.2 Self-Determination Theory

Self-determination theory (SDT) is an empirically based theory of human
motivation and personality development that was developed by Deci and
Ryan (see, e.g., Deci and Ryan,1980; Deci and Ryan, 1985; Ryan and Deci,
2000; Deci and Ryan, 2000; Deci and Ryan, 2002; Deci, Olafsen, et al.,2017;
Ryan and Deci, 2017). SDT is comprised of a set of mini-theories, includ-
ing Cognitive Evaluation Theory, Organismic Integration Theory, Causality
Orientations Theory, Goal Content Theory, Basic Psychological Needs Theory,
and Relationships Motivation Theory(see, e.g., Deci and Ryan,2002; Ryan
and Deci, 2017). Each of these mini-theories addresses a facet of human
motivation.

SDT postulates that there are three basic innate psychological needs that
are essential for an individual's psychological growth, integrity, and well-
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being: autonomy, competence, and relatedness (Deci and Ryan,2000).
Autonomyrefers to the perception of being the origin of one's behavior,
competencerefers to the feeling of being effective and being able to express
one's capacities, andrelatednessrefers to the feeling of being connected to
others (Deci and Ryan, 2002; Deci and Ryan, 2000). Contexts that support
the satisfaction of the innate psychological needs are associated with
different types of motivation than contexts that prevent the satisfaction
of these needs (Deci and Ryan,2000).

In contrast to most other theories of motivation, which consider mo-
tivation to be a unitary concept and focus mainly on the total amount
of motivation an individual has, SDT focuses on the typeof motivation
(Ryan and Deci, 2000; Gagné and Deci, 2005). The theory distinguishes
between three general types of motivation: intrinsic motivation, extrinsic
motivation, and amotivation. Intrinsic motivation is a non-instrumental type
of motivation. When intrinsically motivated, people act freely and are
driven by interest and enjoyment inherent in the action (Ryan and Deci,
2000). Extrinsic motivation, in contrast, is instrumental. When extrinsically
motivated, an individual engages in an activity because it leads to an
outcome that is separable from the activity itself (Ryan and Deci, 2000).
In contrast to both intrinsic motivation and extrinsic motivation, amotiva-
tion is non-intentional. It is the absence of motivation, a state of acting
passively or not intending to act all (Deci and Ryan, 2000).

In SDT, the different types of motivation are hypothesized to lie along
a continuum of self-determination: At the one extreme of the contin-
uum lies amotivation, which is completely lacking in self-determination;
at the other extreme lies intrinsic motivation, which is completely self-
determined (Gagné and Deci, 2005). Extrinsic motivation, which lies be-
tween these extremes, is further split up into subtypes that differ in
the degree to which they are autonomous: external regulation, introjected
regulation, identi�ed regulation, and integrated regulation(see, e.g., Ryan and
Deci, 2000; Deci and Ryan, 2000; Deci and Ryan, 2002; Ryan and Deci,
2017).
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Figure 2.3: Types of Motivation. This �gure shows the different types of motivation
along the self-determination continuum hypothesized by SDT. The �gure is
based on Gagńe and Deci (2005).

Of the subtypes of extrinsic motivation, external regulationis the least self-
determined. Individuals motivated by external regulation act in order to
obtain external rewards or avoid punishments. Introjected regulationis a
form of partially internalized extrinsic motivation where an individual
engages in an activity to avoid feelings of guilt or to attain feelings of
worth. Identi�ed regulationis a form of extrinsic motivation with a high
degree of perceived autonomy, where an individual engages in an action
because it is consciously valued and in alignment with the individual's
personal goals. The most self-determined form of extrinsic motivation is
integrated regulation. Integrated regulation stems from evaluated identi�-
cations that are congruent with self-endorsed values, goals, and needs
(Ryan and Deci, 2000; Deci and Ryan, 2002). While integrated regulation
is highly self-determined, it is still a form of extrinsic motivation as the
activity is engaged in to achieve an outcome that is separate from the
activity itself (Ryan and Deci, 2000). Figure 2.3, based on Gagńe and Deci
(2005), depicts the different types of motivation as speci�ed by SDT.

SDT postulates that individuals may internalize an initially external
regulation, which then becomes more self-determined (Deci and Ryan,
2000). Depending on the extent to which the individual has integrated
it with his or her sense of self, initially external regulations may be
internalized in different ways (Deci and Ryan, 2002). For example, an
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individual might not perceive an activity as enjoyable but engage in this
activity because it leads to a tangible reward. The individual might later
internalize this externally regulated behavior, for example because he or
she starts to perceive it to be important for his or her personal goals and
therefore starts to value it.

2.2.1 Self-Determination Theory and Work Motivation

Work motivation has been de�ned as “a set of energetic forces that originate
both within as well as beyond an individual's being, to initiate work-related
behavior, and to determine its form, direction, intensity, and duration”(Pin-
der, 2014). Early models of work motivation, such as expectancy-valence
theories (see, e.g., Vroom,1964, for an overview, also see Pinder, 2014),
considered motivation to be a unitary concept and therefore focused
mainly on the total amountof motivation (Gagn é and Deci, 2005). Porter
and Lawler ( 1968) developed a theory that distinguished between extrin-
sic and intrinsic motivation, but they assumed that extrinsic and intrinsic
work motivation were additive, i.e., that together, they would yield a
worker's level of total job satisfaction (Porter and Lawler, 1968; Gagné
and Deci, 2005).

Other research (e.g., Deci,1971), however, suggested that certain types
of extrinsic rewards diminished intrinsic motivation while other types
of extrinsic rewards seemed to enhance it. Cognitive evaluation theory
was developed to explain this interaction between extrinsic and intrinsic
motivation (Deci and Ryan, 1980). A meta-study of 128studies, conducted
by Deci, Koestner, et al. (1999), later corroborated that all contingent
tangible rewards had a negative effect on intrinsic motivation, whereas
positive feedback (“verbal rewards”) enhanced self-reported interest and
free-choice behavior. Moreover, as Deci, Koestner, et al. (1999) argued, the
use of rewards in organizations was likely to be accompanied by other
factors that had also been found to undermine intrinsic motivation, such
as increased surveillance, evaluation, and competition (Deci and Ryan,
1985).
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Building on and incorporating cognitive evaluation theory, SDT was
developed to provide a broader framework for studying human motiva-
tion (Deci and Ryan, 1985; Deci and Ryan, 2000). Gagné and Deci (2005)
later described the implications of SDT as a theory of work motivation,
and Deci, Olafsen, et al. (2017) presented a general SDT model of work
motivation.

Several instruments for measuring work motivation in the traditional em-
ployment context have been developed based on SDT. These instruments
measure work motivation at the domain level of analysis, which means
that they measure the general motivation to perform a job as opposed to
speci�c tasks within a job.

Blais et al. (1993) developed a French SDT-based work motivation scale,
which was translated into English by Tremblay et al. ( 2009). The resulting
Work Extrinsic and Intrinsic Motivation Scale (WEIMS) was evaluated
in different work environments and measures six types of motivation:
amotivation, four subtypes of extrinsic motivation (external regulation,
introjected regulation, identi�ed regulation, and integrated regulation),
and intrinsic motivation. Gagn é, Forest, Gilbert, et al. (2010) developed
the Motivation at Work Scale (MAWS), an instrument that measures
external regulation, introjected regulation, identi�ed regulation, and
intrinsic motivation. The MAWS was partly based on the scale developed
by Blais et al. (1993), and it was validated in French and in English.

Gagné, Forest, Vansteenkiste, et al. (2015) later developed the Multidi-
mensional Work Motivation Scale (MWMS), which does not include any
items from the MAWS. The MWMS was validated in seven languages and
nine countries, and it measures six �rst-order factors (amotivation, mate-
rial external regulation, social external regulation, introjected regulation,
identi�ed regulation, and intrinsic motivation) and one second-order
factor (external regulation).

In Section 3.3.2, this thesis builds on existing work by presenting the
development and validation of the Multidimensional Crowdworker Mo-
tivation Scale (MCMS), an SDT-based instrument for measuring work
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motivation in the microtask context. The MCMS is the �rst SDT-based
instrument that was developed speci�cally for this context and that pro-
vides a comprehensive representation of the motivational dimensions
according to SDT.

2.3 The Microtask Workforce

This section gives an overview of related studies that investigated differ-
ent aspects of the microtask workforce. First, Section 2.3.1 summarizes
research regarding different uses of the microtask workforce, focusing
on applications related to natural language processing. Section 2.3.2
then gives an overview of related work regarding the socio-demographic
characteristics of the workforce. Finally, Section 2.3.3 describes existing
studies on the motivations of the microtask workforce.

2.3.1 Use of the Workforce

This section summarizes research concerning different uses of the mi-
crotask workforce. The summary given in this section is not intended
to be an exhaustive review of studies that have utilized the microtask
workforce, but rather intends to give a general overview, with a focus on
tasks related to natural language processing.

Several taxonomies of crowdsourcing have been created, both for crowd-
sourcing systems in general and for microtasks in particular. Yuen et al.
(2011) presented a taxonomy of crowdsourcing based on a literature
survey of crowdsourcing systems. They grouped crowdsourcing appli-
cations into four different general categories, including voting systems,
information sharing systems, social games, and creative systems. Geiger,
Seedorf, et al. (2011) created a taxonomy of crowdsourcing processes,
identifying 19 different process types that they grouped into �ve clusters.
Microtasks were located in the cluster “integrative sourcing with �xed
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remuneration,” meaning that the input from the crowd is pooled, and
all contributions are rewarded with a �xed payment. Geiger, Rosemann,
et al. (2012) created a typology of crowdsourcing information systems,
distinguishing between crowd rating systems, crowd creation systems,
crowd processing systems, and crowd solving systems.

Gadiraju, Kawase, et al. (2014) created a taxonomy of typical microtasks,
based on a survey of 490workers on CrowdFlower. They asked workers
open-ended questions about two tasks that they had recently completed
and, based on the workers' responses, manually identi�ed six different
high-level types of microtasks as well as a number of sub-types of tasks.
Their taxonomy distinguishes between the following high-level types
of microtasks: information �nding (e.g., metadata �nding), veri�cation
and validation (e.g., spam detection), interpretation and analysis (e.g.,
classi�cation), content creation (e.g., media transcription), surveys (e.g.,
feedback/opinions), and content access (e.g., promoting). Demartini,
D. E. Difallah, Gadiraju, et al. ( 2017) provided an overview of how mi-
crotasks have been used in different hybrid human-machine information
systems.

Use of Microtasks for Natural Language Processing. Processing and
understanding natural language is typically easier for humans than for
computers because the unstructured nature and ambiguity of natural
language often pose a signi�cant challenge to automated methods in
many natural language processing (NLP) tasks. In contrast, humans
generally understand natural language very well and are often intuitively
capable of performing tasks such as identifying the context that a word is
used in, identifying the sentiment of a statement, or identifying the most
relevant information in a paragraph of text. For this reason, microtasks
have the potential to support numerous NLP tasks. The remainder of
this section gives an overview of how microtasks have been employed
for complementing automated methods for text-related NLP tasks. 12

12While microtasks have also been employed to support natural language processing
tasks concerning the analysis of spoken language (see, e.g., Shashidhar et al.,2015;
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Supervised text classi�cation is a natural language processing application
that requires labeled text data to train and evaluate the machine learning
model. Labels for these training and test datasets typically require human
annotators, and microtasks have proven to be a cost-effective and scalable
method to create labeled text data (see, e.g., Snow et al.,2008; Hoffmann,
2009). There has been a signi�cant amount of research on different
aspects of employing microtasks for the creation of labeled datasets for
supervised classi�cation. For example, studies have investigated aspects
such as the quality of annotations (e.g., Snow et al., 2008; Hsueh et al.,
2009; Ipeirotis et al., 2010; Bu et al., 2019), methods of aggregating the
answers of individual workers (e.g., Raykar, Yu, et al., 2010; Raykar and
Yu, 2012; Venanzi et al., 2014; Simpson et al., 2015), the necessary number
of workers (e.g., Karger et al., 2011), or the effects of training workers for a
task (e.g., Gadiraju, Fetahu, et al.,2015). The application of microtasks for
annotating pieces of content with objective labels has also been termed
“crowdcoding” (Haselmayer and Jenny, 2017; Guo et al., 2019).

An NLP application that is closely related to text classi�cation is sen-
timent analysis, which aims at identifying sentiments or attitudes ex-
pressed in unstructured text. If sentiment analysis is conducted with a
supervised method, it is a type of text classi�cation and requires training
and test datasets in which the text is labeled with the sentiment expressed
in it. Crowdworkers have been used to support supervised sentiment
analysis by creating such labels in several studies.

For example, Hsueh et al. (2009) used microtasks to annotate text seg-
ments from political blogs with the sentiment expressed in them. Gadi-
raju, Fetahu, et al. (2015) employed crowdworkers for assessing the
sentiment expressed in tweets and showed that training the workers for
this task increased their accuracy. Borromeo and Toyama (2015) compared
sentiment annotations created by crowdworkers with annotations created
by a supervised classi�er trained on movie reviews and found that, com-
pared to the automatic method, the annotations created by crowdworkers

Caines et al.,2016), a review of this application of microtasks is outside the scope of
this section.
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had a higher agreement with their gold standard. Simpson et al. ( 2015)
developed a Bayesian approach that combines crowdsourced annotations
with text features to identify the sentiment of text documents.

Microtasks have also been used for annotating unstructured text with
latent constructs for the purpose of quantitative content analysis. For
example, Lind et al. (2017) investigated the potential of microtasks for an-
notating news texts with the latent construct of political actor evaluations.
In this study, the annotation of text with a latent construct constituted
a form of sentiment analysis, where the goal was to identify the sen-
timent concerning a speci�c target at the sentence level. The authors
concluded that crowdworkers can be a reliable and valid alternative
to expert coders for annotating text with latent constructs. Benoit et al.
(2016) used microtasks for annotating a corpus of political texts along
two policy dimensions.

Named entity recognition (NER) is another NLP-related task where
microtasks have been shown to be complementary to automated methods.
NER is concerned with identifying entities in natural language text,
such as people, locations, products, or organizations. For example, Finin
et al. (2010) used microtasks for identifying named entities in Twitter
status updates, identifying persons, organizations, and locations, and
Lawson et al. (2010) used microtasks for identifying named entities in
emails. Feyisetan, Luczak-Roesch, et al. (2015) investigated how different
features of microposts and crowdworker preferences were related to the
accuracy and speed of crowdsourced named entity recognition. They
found that crowdworkers performed well in identifying people, locations,
and implicitly de�ned entities in short texts.

Related to NER is the task of entity linking, which aims at creating
links between the entities mentioned in a text and the corresponding
entities in a knowledge base (see, e.g., Shen et al.,2014). Demartini,
D. E. Difallah, and Cudr é-Mauroux ( 2012) showed that microtasks can
be used to improve the quality of such links by combining algorithmic
results with the results generated by crowdworkers. Bontcheva et al.
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(2017) created a corpus of tweets in which named entities were annotated
and linked to the knowledge base DBPedia by crowdworkers.

While many of the applications that used microtasks for NLP-related
tasks constituted some type of annotation of unstructured text, often for
the purpose of training and evaluating supervised classi�ers, microtasks
have also been employed for complementing unsupervised methods for
the analysis of text. For example, Chang et al. (2009) proposed quantita-
tive methods for evaluating different aspects of the interpretability of a
topic model. Speci�cally, a “word intrusion” task was proposed to mea-
sure the semantic coherence of topics, and a “topic intrusion” task was
proposed to measure the extent to which the estimated mixture of topics
for a document corresponded to human perceptions of the document's
content. Towne et al. (2016) used microtasks for evaluating topic models
with respect to their ability to capture document similarity.

Other applications related to NLP for which the support of crowdworkers
has been shown to be helpful include tasks such as detecting plagiarism
(e.g., Potthast et al.,2010), translation (e.g., Callison-Burch, 2009; Pavlick
et al., 2014; Yan et al., 2014), text editing (e.g., Bernstein et al., 2010), and
word sense disambiguation (e.g., Parent and Eskenazi,2010).

Section 3.2 of this thesis focuses on the use of the microtask workforce
in different stages of the machine learning process. In three projects
from different domains, this thesis employs microtasks to complement
automated methods for text analysis. Each of these projects employed
microtasks in a different stage of the machine learning process (also see
Figure 1.2 in Section 1.7), and in each project, microtasks were essential
for answering the respective project-speci�c research questions.

Speci�cally, in Section 3.2.1, we employed microtasks in the model evalu-
ation stage. Following the method proposed by Chang et al. ( 2009), we
compared the semantic coherence of three existing topic models with
our newly proposed topic model for the task of modeling a corpus of
documents from the social science domain. Section 3.2.2 presents an

50



2.3 The Microtask Workforce

analysis of populist political communication, where we employed mi-
crotasks in the model interpretationstage. In Stier, Posch, et al. (2017),
we modeled the communication by German political parties on social
media over a time span of around 20 months, with the aim of measuring
the use of populist communication by different parties. Crowdworkers
interpreted the model parameters, i.e. the estimated topics, in the con-
text of populist communication. While this constitutes a form of coding
latent constructs, in contrast to Lind et al. ( 2017), we did not employ
microtasks to directly annotate the unstructured text of the corpus, but
rather to interpret latent topics estimated by an unsupervised machine
learning model. Section 3.2.3 presents an evaluation of the capability of
established recommender algorithms to incorporate information from
narrative descriptions of users' preferences. We employed a range of
microtasks in the data preparation and preprocessingstage of the machine
learning process to extract structured data and from the unstructured
text contained in posts on the platform Reddit. The microtasks included
named entity recognition, sentiment analysis, and the extraction of other
relevant information from the unstructured text. Additionally, in Stier,
Bleier, Bonart, Mörsheim, et al. (2018b), we employed microtasks in the
data collectionphase for creating a collection of social media accounts
owned by mainstream and alternative German media outlets.

2.3.2 Socio-Demographic Characteristics of the
Workforce

Most studies investigating the socio-demographic characteristics of the
microtask workforce have focused on the platform Amazon Mechanical
Turk. The �rst part of this section gives an overview of these studies
investigating MTurk's workforce. The second part of this section gives an
overview of research regarding the socio-demographic characteristics of
workers on the platform Figure Eight, the second market leader in the
microtask market, and the third part of this section reviews research on
the characteristics of workers on other microtask platforms.
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Workers on Amazon Mechanical Turk. Since the launch of Amazon
Mechanical Turk (MTurk) in 2005(Amazon Mechanical Turk, 2015), vari-
ous studies have been conducted that investigated the socio-demographic
characteristics of this platform's anonymous workforce. Ross et al. ( 2010)
and Ipeirotis ( 2010a) were among the �rst researchers to study the de-
mographics of workers on MTurk, collecting responses from 573 and
1,000 workers, respectively. Both studies found that the vast majority
of workers were located in the USA and India, with workers from the
USA constituting the largest part of MTurk's workforce. Furthermore, the
studies found that MTurk's workforce was diverse with regards to age,
gender, and income, but that it was younger and more highly educated
than the general population. Workers in the USA were predominantly
female, while workers in India were predominantly male. A signi�cant
minority of workers in both studies reported that they worked on MTurk
to be able to pay for basic expenses.

Similar results were reported by later studies on the socio-demographic
characteristics of MTurk workers (see, e.g., Pavlick et al., 2014; Berg, 2015;
Peer et al.,2017; Goodman and Paolacci, 2017; Naderi, 2018; D. Difallah
et al., 2018). For example, Berg (2015) found that Indian and American
workers on MTurk were young and highly educated and that the majority
of workers in India were male, but that, in contrast to the �ndings of
earlier studies, there was now gender balance among workers from the
U.S. Futhermore, Berg (2015) found that, while many workers in the
survey complemented their income from MTurk with income from other
jobs, 49% of Indian workers and 38% of American workers reported
MTurk as their primary source of income.

In addition to these studies, mturk tracker13, a tool developed by Ipeiro-
tis (2010b), allows for tracking the location, gender, age, marital status,
household size, and household income of the MTurk workforce by post-
ing a survey task to MTurk every 15 minutes (also see D. Difallah et al.,
2018). According to mturk tracker, workers from the United States and
India currently still constitute over 80% of the worker population on

13https://www.mturk-tracker.com
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MTurk, which is likely due to the fact that workers located in other coun-
tries can only receive payment for their work in the form of Amazon.com
gift cards (Amazon Mechanical Turk, 2018).

A number of studies have also investigated the representativeness of
MTurk samples and the suitability of such samples for different research
purposes (see, e.g., Paolacci, J. Chandler, and Ipeirotis,2010; Buhrmester
et al., 2011; Berinsky et al., 2012; Shapiro et al., 2013; Weinberg et al.,
2014; Paolacci and J. Chandler,2014; Huff and Tingley, 2015). An early
study on the representativeness of MTurk's workforce, conducted by
Paolacci, J. Chandler, and Ipeirotis (2010), found that the population of
U.S. workers on MTurk was not less representative of the U.S. population
than traditional university subject pools. Buhrmester et al. ( 2011) com-
pared the demographics of a sample of MTurk workers to a large internet
sample and concluded that their MTurk sample was more diverse than
both standard internet samples and American college samples.

A study by Berinsky et al. ( 2012) evaluated the suitability of MTurk
samples for experimental political science. They found that their sample
of workers on MTurk was more representative of the U.S. population
than in-person convenience samples, but less representative than respon-
dents recruited for internet-based panels or national probability samples.
Furthermore, they found that the way workers on MTurk responded to
experimental stimuli was consistent with prior research. Paolacci and
J. Chandler (2014) analyzed the suitability of MTurk workers as a partici-
pant pool for the social sciences and concluded that worker samples from
MTurk should not be considered representative of a country's population,
but could nevertheless replace or supplement convenience samples in
psychological research.

Weinberg et al. (2014) compared the socio-demographic characteristics of
workers on MTurk to those of respondents of a population-based web
panel. In their study, the sample of MTurk workers was more divergent
from the general population than the web panel. In the MTurk sample,
the proportion of women was higher, and MTurk workers were younger
and more educated than participants from the web panel. Huff and
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Tingley ( 2015) compared the demographics and political characteristics
of MTurk workers from the United States to the characteristics of the
respondents of a strati�ed sample survey. They found that MTurk was
good at attracting certain demographics that were dif�cult to attract for
the strati�ed sample survey, and that the distribution of employment in
different occupational sectors, as well as the location on the rural-urban
continuum, was similar in both samples.

Workers on Figure Eight. Most research regarding the socio-demo-
graphic composition of the microtask workforce has focused on MTurk
and therefore on workers located in the USA and India. Even though the
microtask platform Figure Eight (formerly CrowdFlower) is the second
market leader in the microtask market and has a revenue approximately
equal to MTurk's (Kuek et al., 2015), its workforce has so far received
surprisingly little attention in research. Furthermore, despite Figure
Eight's workforce being much more international than MTurk's work-
force, none of the studies concerned with Figure Eight's workforce have
so far analyzed and compared the socio-demographic characteristics of
the platform's workers at the country level.

Berg (2015) collected socio-demographic data from 353 workers on
CrowdFlower and found that only 2.8% of the workers in the sample
were located in the U.S. and 8.5% were located in India. Workers were
predominantly male, and 31% of workers reported that the income from
the platform was their primary source of income. Comparing the sample
of workers on CrowdFlower to a sample of workers on MTurk, the study
found that workers on CrowdFlower were more educated than American
workers on MTurk, but less educated than Indian workers on MTurk.
Peer et al. (2017) examined the demographics of workers on CrowdFlower
(N = 221) and on the platform Proli�c Academic ( N = 214) and com-
pared them to the demographics of workers on MTurk ( N = 201). The
study found that workers on all three platforms were highly educated
and had a similar mean age. Compared to MTurk, the workers on Crowd-
Flower and Proli�c Academic were much more geographically diverse,
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and both platforms had a higher proportion of male workers than MTurk.
The study further examined whether workers tended to work on more
than one platform rather than committing to a single platform, and the
results indicated that the overlap between the workforces was small. Only
2.5% of workers in the MTurk sample also used CrowdFlower more than
“a few times” and only 6.3% of workers in the CrowdFlower sample also
used MTurk more than “a few times.” The highest overlap was found in
the sample of workers from Proli�c Academic, where 22% reported also
using MTurk.

Workers on other microtask platforms. A small number of studies
have investigated the demographics of workers on other microtask plat-
forms. For example, Hirth et al. ( 2011) examined the home countries of
requesters and workers on the platform Microworkers and found that
the platform's workforce was much more geographically diverse than
MTurk's workforce. Bertschek et al. ( 2015) collected 408responses from
crowdworkers on two German microtask platforms. The crowdworkers
in their sample were predominantly male, and compared to the German
working population, they were younger and more likely to be single.
Furthermore, they were highly educated and a majority of them were
either in education or in employment. D. Martin et al. ( 2017) analyzed
the socio-demographic characteristics of workers on the platforms Mi-
croworkers and Crowdee and compared them to a sample of MTurk
workers. In their analysis, they grouped the locations of workers on the
Microworkers platform into two groups: “Western countries,” which
included all workers from Europe, Oceania, and North America and
“developing countries,” which included all workers located in South
America, Asia, and Africa. Their results indicated that the workers on
Microworkers and Crowdee were younger than MTurk's workforce, pre-
dominantly male, and highly educated. Compared to workers in the
“Western countries” group, workers in the “developing countries” group
were younger and more educated, had a lower household income despite
living in larger households, and spent more time on the platform. Berg
et al. (2018) compared the socio-demographic characteristics of workers
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on �ve different platforms, including MTurk, Figure Eight, Clickworker,
Proli�c Academic, and Microworkers. The study differentiated between
American and Indian workers on MTurk but did not conduct analyses at
the country level for the other platforms.

In Section 3.3.1, this thesis extends existing work on the socio-demo-
graphic characteristics of the microtask workforce. It presents the results
of a large survey of workers on Figure Eight, covering similar respondent
numbers for ten diverse countries over two points in time. The analysis
presented in this thesis constitutes the �rst country-level comparison
of socio-demographic worker characteristics that goes beyond an anal-
ysis of American and Indian workers on MTurk, and it represents the
most comprehensive scienti�c collection of socio-demographic worker
characteristics on Figure Eight to date.

2.3.3 Motivations of the Workforce

Akin to research on the socio-demographic characteristics of the micro-
task workforce, most studies on the motivations of workers on microtask
platforms have focused on the platform Amazon Mechanical Turk, and,
consequently, on workers located in the U.S. and India. The results of
these studies suggest that workers have different motivations for engag-
ing in this type of work.

Ipeirotis ( 2010a) conducted an early study on the reasons that workers
on MTurk had for participating on the platform. In a survey, workers
were asked the multiple choice question “Why do you complete tasks in
Mechanical Turk?”and offered six response options: “Fruitful way to spend
free time and get some cash (e.g., instead of watching TV),” “For `primary'
income purposes (e.g., gas, bills, groceries, credit cards),” “For `secondary'
income purposes, pocket change (for hobbies, gadgets, going out),” “To kill time,”
“I �nd the tasks to be fun,”and “I am currently unemployed, or have only a
part time job.”As Kaufmann et al. ( 2011) noted, not all of these response
options seem to correspond to a single motivational factor. The study
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found that most workers did not select the reason “I �nd the tasks to
be fun,” or the reason “To kill time.” The study further found that the
responses differed between American and Indian workers: Notably, very
few Indian workers selected the reason “To kill time,” more American
workers than Indian workers selected the reason “I �nd the tasks to be
fun,” and more Indian workers than American workers reported treating
MTurk as their primary source of income.

Buhrmester et al. (2011) asked 187workers on MTurk about the reasons
they had for working on the platform and offered �ve reasons that
workers ranked on a Likert-type scale: “Enjoy doing interesting tasks,” “To
kill time,” “To have fun,” “To make money,”and “To gain self-knowledge.”
In the study, “Enjoy doing interesting tasks,”was the survey item with
the highest mean and the items “To gain self-knowledge”and “To make
money”had the lowest means. Similarly, Litman et al. ( 2015) used these
�ve survey items to measure the motivations of MTurk workers located
in India ( N = 529) and in the U.S. (N = 207). In contrast to the study
conducted by Buhrmester et al. (2011), the study found that “To make
money,” was the item with the highest mean in both samples and the
item “To kill time” had the lowest mean in both samples.

The discrepancies of these �ndings might be, in part, explained by the
small size of some of the samples, or, as Litman et al. (2015) suggested,
the motivations of the workforce may have changed in the relatively
short period of time between the studies. However, the discrepancies
might also stem from the measurement instruments used for measuring
the motivations. The studies relied on a single observed variable to
measure each motivational dimension and did not evaluate the reliability
or validity of their measurements, nor were they based on a theory of
motivation.

Kaufmann et al. (2011) proposed a model for measuring crowdworker
motivations that was based on different existing instruments, including
Hackman and Oldham's Job Diagnostic Survey (Hackman and Oldham,
1980) and a model proposed by Lakhani and Wolf ( 2005) for measuring
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motivations of open source software developers. In their model, Kauf-
mann et al. (2011) differentiated between enjoyment based motivation,
community based motivation, immediate payoffs, delayed payoffs, and
social motivation. Using a sample composed of Indian and U.S. workers
on MTurk ( N = 431), the study found that the construct with the highest
score was “immediate payoffs,” i.e., payment, and that the constructs re-
lated to fun and enjoyment were ranked highly. The construct “pastime,”
de�ned as acting out of boredom or just to “kill time,” correlated posi-
tively with household income and negatively with the weekly time spent
on MTurk. Furthermore, the study found that workers who reported
spending a lot of time on the platform may be motivated differently than
workers who reported spending little time on the platform. Kaufmann
et al. (2011) evaluated the internal consistency of the different subscales
of the model, reporting Cronbach's alpha values between 0.74 and 0.94.

Hossain (2012) created a classi�cation of motivations for participating on
crowdsourcing platforms, listing potential extrinsic and intrinsic moti-
vators and incentives. Antin and Shaw ( 2012) used a list experiment to
analyze social desirability effects in self-reported motivations of workers
on MTurk. Workers were offered four reasons for doing microtasks: “to
kill time,” “to make extra money,” “for fun,”and “because it gives me a sense of
purpose.”In the experiment, workers were shown either all or only three
of the reasons and asked to report how many of them they considered to
be a motivation. The study found that workers located in the U.S. tended
to over-report all four reasons while workers located in India tended to
over-report the reasons “sense of purpose”and under-report “to kill time”
and “for fun.”

Brawley and Pury ( 2016) measured intrinsic motivation of American
(N = 225) and Indian ( N = 132) workers on MTurk. For measuring
intrinsic motivation, they used an adapted version of two subscales of the
Flow Dimension Scale (Webster et al., 1993) and reported a Cronbach's
alpha of 0.74 for their adapted version of the scale. In their study, they
found that intrinsic motivation was positively related to job satisfaction.
Naderi et al. (2014) evaluated a 4-factor model for measuring extrinsic
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motivations of crowdworkers on a sample of American workers on
MTurk ( N = 117), using a subset of the items from the SDT-basedWork
Extrinsic and Intrinsic Motivation Scale(WEIMS) developed by Tremblay
et al. (2009). In this 4-factor model, the items used in WEIMS to measure
identi�ed and integrated regulation were merged into a single factor, and
the intrinsic motivation factor was omitted. The model was evaluated
using CFA, and while the study reported a CFI in the acceptable range
(> 0.90), RMSEA was high (> 0.08).

After a �rst version of the study presented in Section 3.3.2 was pub-
lished (Posch, Bleier, and Strohmaier, 2017), Naderi ( 2018) adapted and
extended the WEIMS-based4-factor model of extrinsic motivations. The
adapted scale was evaluated on three samples of workers on MTurk
(N = 170, 90 and 86) and measures �ve motivational dimensions, three
of which are measured by WEIMS items (amotivation, external regulation,
and identi�ed regulation).

W.-C. Chen et al. (2019) analyzed correlations between demographic
characteristics, motivations, and participation of workers on four on-
line labor platforms, including two platforms that focus on microtasks
(MTurk ( N = 451) and Microsoft's Universal Human Relevance System
(N = 1144)). To measure motivations, workers were asked the questions
“What is the primary reason you do crowdsourcing?”and “What is the secondary
reason you do crowdsourcing?”Workers were offered �ve response options,
from which they could select one for each question: (1) “To earn money,”
(2) “To do something with my spare time,” (3) “To be my own boss,” (4) “To
gain experience that could lead to future job opportunity,”and (5) “To learn new
skills.” W.-C. Chen et al. presumed that these items measured three differ-
ent motivational dimensions: monetary reward, self-determination, and
self-improvement. Their results suggested that workers who had other
options to earn income (e.g., due to higher education) were more likely
to report a primary reason other than money, and that workers living in
countries other than the U.S. were less likely to report money as their
primary reason than workers located in the U.S. Furthermore, the results
suggested that the workers' motivations differed across platforms.
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Besides these quantitative studies on the motivations of the microtask
workforce, there have also been a number of qualitative studies investigat-
ing the motivations of workers on MTurk. Gupta, Crabtree, et al. ( 2014)
and Gupta, D. B. Martin, et al. ( 2014) conducted an ethnographic study
of Indian workers on MTurk, analyzing their job satisfaction and the
enjoyment they derived from working on tasks as well as various aspects
of their working conditions such as education, infrastructure, and cost
of living. D. B. Martin et al. ( 2014) conducted an ethnomethodological
analysis of the content of Turker Nation, a forum for MTurk users. Their
study found that users on Turker Nation saw their activity on MTurk
primarily as work and considered payment to be an important factor.

Deng and Joshi (2016) asked 55 U.S.-based crowdworkers on MTurk
a series of open-ended questions concerning different aspects of their
work and analyzed the responses using revealed causal mapping. Based
on concepts from Hackman and Oldham's job characteristics theory
(Hackman and Oldham, 1975), they identi�ed seven constructs that
drive participation. These constructs included four motivational factors
(crowdwork context, crowdsourcing task characteristics, crowdworker
needs, and digital work control) as well as three socio-psychological
outcomes (hedonic outcome, work value outcome, and crowdsourcing
satisfaction outcome).

Jiang et al. (2015) conducted a survey with open-ended questions on
MTurk, asking workers about the perceived bene�ts from working on the
platform. Analyzing the workers' responses to this question, the study
found that there were �ve categories of perceived bene�ts (monetary
compensation, self-improvement, time management, emotional rewards,
and task-characteristic bene�ts) and that Indian workers differed from
American workers with respect to the perceived bene�ts. Furthermore,
the results of the study suggested that workers compartmentalized the
income from MTurk into different mental accounts.

A small number of studies have also attempted to manipulate workers'
motivations via task framing and payment (Rogstadius et al., 2011; D.
Chandler and Kapelner, 2013), achievement feedback (Lee et al.,2013),
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or by introducing time constraints and payments contingent on winning
a contest (Feyisetan and Simperl,2019).

In Section 3.3.2, this thesis extends existing work on the motivations of
the microtask workforce by presenting the Multidimensional Crowdworker
Motivation Scale(MCMS), a theory-based and cross-nationally applicable
instrument for measuring the motivations of crowdworkers. Furthermore,
Section3.3.2 presents an analysis of crowdworker motivations in ten coun-
tries and three country income groups. In contrast to previous studies on
the motivations of crowdworkers, we provide extensive evidence for the
validity of our measurement instrument and we demonstrate cross-group
comparability via measurement invariance tests (also see Section2.1.2)
prior to conducting any cross-group comparisons.
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This chapter presents the publications contained in this cumulative thesis.
First, Section 3.1 describes my contributions to the individual publica-
tions. Section 3.2 focuses on the use of the microtask workforce and
presents three use cases, in each of which we employed microtasks in a
different stage of the machine learning process. Section3.3 focuses on the
socio-demographic characteristics and motivations of the international
microtask workforce.

3.1 Contributions to the Publications

This section describes my contributions to the individual publications
contained in this cumulative thesis. In all publications, I was responsible
for the design, implementation, and execution of all microtasks. In the
following, I describe the details of my contributions to each publication.

� Posch, L., Bleier, A., Schaer, P., and Strohmaier, M. (2015). “The
Polylingual Labeled Topic Model.” In: KI 2015: Advances in Arti�cial
Intelligence.

In the publication “The Polylingual Labeled Topic Model,”I was mainly
responsible for the development of the conceptual framework as well as
the development and implementation of the Polylingual Labeled Topic
Model (PLL-TM), in collaboration with Arnim Bleier. I was further re-
sponsible for the evaluation of the model based on the semantic coherence
of the topics and designed, implemented, and executed the microtasks
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necessary for this evaluation. The technical evaluation was conducted by
me, in coordination with Arnim Bleier. Furthermore, I was responsible
for the design and implementation of a visualization system based on the
PLL-TM, which was published separately (Posch, Schaer, et al.,2016).

The idea for this publication stems from discussions between Arnim
Bleier, Markus Strohmaier and me, and it was re�ned in discussions
between Arnim Bleier, Philipp Schaer, Markus Strohmaier, and me.
All authors contributed to the writing, reviewing, and editing of the
manuscript.

� Stier, S.,Posch, L., Bleier, A., and Strohmaier, M. (2017). “When pop-
ulists become popular: Comparing Facebook use by the right-wing
movement Pegida and German political parties.” In: Information,
Communication & Society20.9.

In the publication “When Populists Become Popular: Comparing Facebook
Use by the Right-Wing Movement Pegida and German Political Parties,”I was
mainly responsible for the conceptualization of the technical framework
for estimating the topics and their use by different parties over time, and
I was responsible for the preprocessing of the data, the implementation
of the framework, and the inference of the topics. Furthermore, I was
responsible for designing, implementing, and executing the microtasks
we used to calculate the topic salience weighted by populism over time.
The labeling of the topics was conducted by Sebastian Stier, Arnim Bleier,
and me.

The idea for this publication stems from discussions between Sebastian
Stier, Arnim Bleier, Markus Strohmaier, and me. Sebastian Stier was
responsible for the theoretical background and for the interpretation and
analysis of the results in the context of political science. Furthermore,
Sebastian Stier was responsible for retrieving the data from Facebook,
for creating the visualizations, and for the calculation of the user overlap
between the political parties. All authors contributed to the writing,
reviewing, and editing of the manuscript.
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� Eberhard, L., Walk, S., Posch, L., and Helic, D. (2019). “Evaluating
narrative-driven movie recommendations on Reddit.” In: Proceed-
ings of the24th International Conference on Intelligent User Interfaces.

In the publication “Evaluating Narrative-Driven Movie Recommendations
on Reddit,”, my main contribution was the design, implementation, and
execution of the microtasks. We employed these microtasks to create a
dataset for evaluating the potential of different recommender algorithms
for calculating narrative-driven recommendations.

The original idea for this paper was developed by Lukas Eberhard, Simon
Walk, and Denis Helic, and it was re�ned in discussions between Lukas
Eberhard, Simon Walk, Denis Helic, and me. Lukas Eberhard, the main
author of this publication, was primarily responsible for the design and
implementation of the recommender framework, for the evaluation of
the different recommender algorithms, and for the analysis of different
post-�ltering and re-ranking strategies. Simon Walk contributed to the
design of the evaluation setup and to the compilation of the reference
evaluation dataset. All authors contributed to the writing, reviewing, and
editing of the manuscript.

� Posch, L., Bleier, A., Flöck, F., and Strohmaier, M. (2018). “Charac-
terizing the global crowd workforce: A cross-country comparison
of crowdworker demographics.” arXiv:1812.05948.

In the publication “Characterizing the Global Crowd Workforce: A Cross-
Country Comparison of Crowdworker Demographics,”I was responsible for
the conceptualization and design of the study. I was further responsible
for the design of the questionnaire and for the design, implementation,
and execution of the microtasks. The analyses of the results were con-
ducted by me, in coordination with Arnim Bleier and Fabian Fl öck.

The idea for this publication stems from discussions between Arnim
Bleier, Fabian Flöck, Markus Strohmaier, and me. Arnim Bleier con-
tributed to the visualizations of the characteristics of the workforce.
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All authors contributed to the writing, reviewing, and editing of the
manuscript.

� Posch, L., Bleier, A., Lechner, C. M., Danner, D., Flöck, F., and
Strohmaier, M. (2019). “Measuring motivations of crowdworkers:
The Multidimensional Crowdworker Motivation Scale.” In: ACM
Transactions on Social Computing2.2.

In the publication “Measuring Motivations of Crowdworkers: The Multidi-
mensional Crowdworker Motivation Scale,”I was responsible for the con-
ceptualization and implementation of the studies. I was responsible for
evaluating existing models for work motivation in the context of micro-
tasks, for the design of the item pool, and for the design of the �nal
model. Furthermore, I was responsible for all data collections and for the
design, implementation, and execution of all microtasks.

The reduction of the item pool and the validation of the factorial structure
of the �nal model were conducted by me. The further evaluation of the
different types of validity was conducted by me and conceptualized
in discussions between Arnim Bleier, Clemens Lechner, Daniel Danner,
and me. The evaluation regarding the applicability across platforms was
conducted by me. The analysis of the cross-group comparability of the
results was conducted by me, in close coordination with Arnim Bleier,
Clemens Lechner, and Daniel Danner. The analysis of the results of the
cross-country comparison was conducted by me, in collaboration with
Arnim Bleier and Fabian Fl öck.

The original idea for this publication stems from discussions between
Arnim Bleier, Markus Strohmaier, and me, and it was re�ned in discus-
sions between Arnim Bleier, Clemens Lechner, Daniel Danner, Fabian
Flöck, Markus Strohmaier, and me. All authors contributed to the writing,
reviewing, and editing of the manuscript.
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3.2 Use of the Microtask Workforce

This section presents three use cases in which we employed the microtask
workforce to support the analysis of large text corpora. In all presented
use cases, automated methods alone did not suf�ce, and crowdworkers
were indispensable for answering the respective research questions posed
in the individual publications. Each of the presented use cases contributes
to answering the �rst overarching research question of this thesis ( RQ1,
presented in Section 1.4) by demonstrating ways in which human input
from microtasks complements automated methods for the analysis of
large text corpora in different stages of the machine learning process.

In each of the use cases, microtasks were employed in a different stage
of the machine learning process. In the publication presented in Sec-
tion 3.2.1, we developed a new topic model for multilingual, labeled
documents. In addition to a technical evaluation of the model, an evalua-
tion of the semantic coherence of the topics was necessary to determine
the quality of the model compared to existing models. As no automated
method to reliably determine semantic coherence exists, we evaluated the
model with the help of human input from crowdworkers. Section 3.2.2
presents a study on populist political communication in online social
media. The study examines the topics addressed by different German
political parties and by the movement Pegida. As no reliable automated
method exists for measuring populism in text, we employed the mi-
crotask workforce to interpret the model's parameters in the context of
populist communication. In the publication presented in Section 3.2.3, we
evaluated the utility of commonly used recommender algorithms with
respect to their potential for incorporating information from narrative de-
scriptions of users' preferences into the recommendations. We employed
the microtask workforce during the preprocessing of the unstructured
text data containing narrative descriptions of preferences, for the task
of extracting structured data such as named entities, relevant contextual
information, and user sentiment.
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3.2.1 The Polylingual Labeled Topic Model

This article presents the Polylingual Labeled Topic Model (PLL-TM), a new
topic model that combines the characteristics of two existing topic models,
Labeled LDAand the Polylingual Labeled Topic Model. We developed the
PLL-TM for measuring latent topics in corpora consisting of unstructured
text documents that are present in multiple languages and that are labeled
according to a classi�cation system.

In the article, we present the model's generative storyline as well as
an inference strategy based on Gibbs sampling to estimate the topics.
We applied the PLL-TM to a corpus consisting of documents from the
social science domain, in a two-language setting: The natural language
German represented the �rst language, and the controlled vocabulary of
the Thesaurus for the Social Sciences(Zapilko et al., 2013) represented the
second language.

We employed microtasks in the model evaluationstage of the machine
learning process. Speci�cally, we compared the proposed PLL-TM's
performance on the corpus to that of three existing topic models: LDA,
L-LDA, and the PLTM. With the help of microtasks, we evaluated the
semantic coherence of the topics estimated by the different topic models.
In addition, we performed a technical evaluation of the different models
via perplexity. The results of the evaluation showed that the PLL-TM
achieved not only a good predictive performance but also produced
topics that had a high semantic coherence.

Based on the PLL-TM presented in this article, we developed a visual-
ization system for creating and visualizing probabilistic semantic links
between thesaurus descriptors and classes contained in a classi�cation
system, which was published separately (Posch, Schaer, et al.,2016).
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3.2.2 When Populists Become Popular: Comparing
Facebook Use by the Right-Wing Movement
Pegida and German Political Parties

In this article, we present an analysis of online political communication
by German political parties and by the right-wing populist movement
Pegida. For the analysis, we modeled the topics addressed by different
political actors on the social media platform Facebook over a period
of around 20 months, starting on the day of the opening of the Pegida
Dresden account on 29 December 2014. Speci�cally, we used LDA to
estimate party-speci�c topic probabilities and then analyzed the extent
to which the different political groups discussed different topics as well
as how these topic mixtures changed over time.

For an interpretation of the model in the context of populist communi-
cation, we employed microtasks in the model interpretationstage of the
machine learning process. In these microtasks, crowdworkers interpreted
the model parameters, i.e., the estimated topics, and judged the extent to
which they corresponded to the three criteria of populist communication
de�ned by Reinemann et al. ( 2016).

The results of the analysis showed that the movement Pegida and the
party AfD emphasized populist topics more than other parties, while the
governing parties CDU and SPD tended to de-emphasize those topics.
Other opposition parties engaged in populist communication to varying
degrees. Furthermore, Pegida and AfD had the highest similarity in topic
distributions of all pairs of political groups, except for the sister parties
CDU and CSU, which had equally similar topic distributions.
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3.2.3 Evaluating Narrative-Driven Movie
Recommendations on Reddit

This article presents an evaluation of the potential of established recom-
mender algorithms to incorporate information from narrative descrip-
tions of users' preferences, with the aim of improving movie recommen-
dations. Narrative descriptions of current preferences and interests are
often posted on online platforms such as Reddit, by users who desire
recommendations for products such as video games, movies, or board
games. For example, on the subreddit r/MovieSuggestions, users post
requests for movie suggestions, using natural language text to describe
any number of arbitrary criteria that the recommended movies should
satisfy. Other users read these requests and provide suggestions based
on the description of the requester's current interests and preferences.

To evaluate the extent to which established recommender algorithms
are able to incorporate information from such narrative descriptions of
preferences, we �rst extracted relevant information from the unstruc-
tured text of the requests, employing microtasks in the data preparation
and preprocessingstage of the machine learning process. Speci�cally, we
employed a range of microtasks to identify movie titles as well as other
relevant keywords such as genres, actors, movie settings, or other movie
characteristics. Furthermore, we employed microtasks to judge the recom-
mendation requesters' sentiment towards these movies and keywords. We
then used this extracted information as well as movie metadata obtained
from the Internet Movie Database to re�ne the computed recommenda-
tions by applying different post-�ltering and re-ranking strategies.

Our evaluation of the different recommendation algorithms showed that,
by using carefully con�gured post-�lters, information extracted from
narrative descriptions of users' preferences can help to greatly improve
the resulting recommendations.
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3.3 Characteristics of the Microtask Workforce

This section presents two articles that analyze the characteristics of the
international microtask workforce. The work presented in Section 3.3.1
maps out the socio-demographic characteristics of the international mi-
crotask workforce on the platform Figure Eight and sheds light on
country-speci�c differences. Furthermore, it presents a cross-country
comparison of the importance of microtask income in the workers' lives.
Section 3.3.2 presents a new instrument for measuring the motivations
of the microtask workforce, the Multidimensional Crowdworker Motivation
Scale (MCMS). The MCMS is the �rst motivation scale that was devel-
oped speci�cally for the context of work on microtask platforms and that
offers a comprehensive representation of the motivational dimensions
according to SDT. Moreover, it is the �rst motivation scale for the crowd-
working domain that has been validated across multiple countries and
income groups. Finally, Section 3.3.2 also presents the �rst cross-country
comparison of crowdworker motivations. The studies presented in this
section constitute an important step towards a better understanding of the
socio-demographic characteristics and motivations of the international
microtask workforce.

3.3.1 Characterizing the Global Crowd Workforce: A
Cross-Country Comparison of Crowdworker
Demographics

This article tackles the second research question (RQ2, presented in
Section 1.4) by presenting a large-scale country-level study of socio-
demographic characteristics of the international microtask workforce.
Furthermore, the article presents an analysis of the importance of micro-
task income for workers in different countries.

To gain insights into the characteristics of the microtask workforces in
different countries, we conducted a large survey of workers across ten
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countries on the platform Figure Eight. We selected the ten countries from
three different World Bank income categories and additionally aimed for
a high cultural diversity. To capture a diverse sample of workers in each
country, we split the starting times of the surveys into three groups. In
each country, 300responses were requested during weekends,300were
requested during typical working hours in the respective time zones and
300 were requested in the evening. We repeated the survey after eight
months in order to gain insights into the stability of the distributions
of the different socio-demographic characteristics. In total, we collected
18,000responses.

Our results showed that there are substantial differences between the
characteristics of the workforces in different countries, both regarding the
different socio-demographic characteristics and regarding the importance
of income from microtasks. Furthermore, the results showed that these
characteristics were mostly stable between the two large independent
samples taken at different points in time.
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3.3.2 Measuring Motivations of Crowdworkers: The
Multidimensional Crowdworker Motivation Scale

This article presents the development and validation of the Multidimen-
sional Crowdworker Motivation Scale (MCMS). Furthermore, this article
presents the �rst cross-country and cross-income group comparison of
crowdworker motivations, providing answers to the third overarching
research questionRQ3 (presented in Section 1.4).

In the article presented in this section, we �rst set out to address research
question RQ3.1 by aiming to provide a valid measurement instrument
for motivations in the microtask context. To that end, we �rst analyzed
the suitability of existing work motivation scales for the context of micro-
tasks. Using data collected on the platform Figure Eight, we evaluated
�ve different models based on two widely-used work motivation scales
developed for the traditional work context. Our results showed that the
evaluated work motivation scales do not work well within the context
of microtasks, but that, nevertheless, both scales contain items that are
potentially useful for measuring the motivations of crowdworkers.

Based on the results of this analysis, we set out to develop a model for
measuring motivations in the microtask context. We �rst developed an
item pool containing potentially useful items and conducted three rounds
of data collection in three different countries to re�ne the pool and arrive
at the �nal model for the MCMS.

With the �nal version of the MCMS, we collected data from ten countries
selected from three different World Bank income groups for evaluation.
An evaluation of the factorial structure of the hypothesized model showed
that the model �t the data well. To address RQ3.2, we further conducted
separate evaluations of the factorial structure in each country and income
group, showing that the model had adequate �t in all groups. We then
conducted further analyses of the model's validity, including a study on
the microtask platform MTurk. The results of these analyses indicated
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that the MCMS is a reliable and valid measurement of crowdworker
motivations within the framework of self-determination theory.

We then set out to address RQ3.3 by analyzing the cross-country and
cross-income group comparability of results obtained with the MCMS.
By conducting measurement invariance tests, we demonstrated that the
results of the MCMS are comparable across the workforces in different
countries and income groups, using the model-estimated latent means of
the different motivational dimensions.

Finally, to provide answers to the overarching research question RQ3, the
article reports on the motivations of crowdworkers in the ten countries
included in our study. Our results showed that signi�cant differences
exist in the motivational pro�les of the microtask workforces of different
countries and income groups. However, monetary rewards were the most
important motivation for crowdworkers in all countries.
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