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ABSTRACT

Crowdsourcing has transformed whole industries by enabling the collection of human input at
scale. Attracting high quality responses remains a challenge, however. Several factors affect
which tasks a crowdworker chooses, how carefully they respond, and whether they cheat. In
this work, we integrate many such factors into a simulation model of crowdworker behaviour
rooted in the theory of computational rationality. The root assumption is that crowdworkers are
rational and choose to behave in a way that maximises their expected subjective payoffs. The
model captures two levels of decisions: (i) a worker’s choice among multiple tasks and (ii) how
much effort to put into a task. We formulate the worker's decision problem and use deep
reinforcement learning to predict worker behaviour in realistic crowdworking scenarios. We
examine predictions against empirical findings on the effects of task design and show that the
model successfully predicts adaptive worker behaviour with regard to different aspects of task
participation, cheating, and task-switching. To support explaining crowdworker actions and
other choice behaviour, we make our model publicly available.
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1. Introduction

Crowdworking services recruit human users, so-called
workers, to participate in self-contained tasks on the web.
They have become a crucial tool for many fields. Crowd-
working has been established as a method for data collec-
tion, e.g. in social sciences (Bohannon 2016) and
human-computer interaction (Egelman, Chi, and
Dow 2014; Kittur, Chi, and Suh 2008). Crowdworking ser-
vices are also a — sometimes overlooked - key to many
recent, data-hungry breakthroughs in machine learning.
The popular machine learning datasets ImageNet (Deng
et al. 2009) and COCO (Lin et al. 2014) contain millions
of manually labelled information collected via crowdwork-
ing sites. The appeal of these services has been their cost-
efficiency, which has been essential for scaling up efforts
in collecting annotation and human input in general.
Understanding and anticipating the decision processes
of crowdworkers is essential for achieving good results
and avoiding issues such as lack of participation (Park
et al. 2019; Scekic, Dorn, and Dustdar 2013; Zhao and
Zhu 2014) and incorrect labels due to lazy or malicious
worker behaviour (Hettiachchi, Kostakos, and Gon-
calves 2022; Liu et al. 2012; Pavlick et al. 2014). Extensive
empirical work has shown that workers on these platforms
are guided by a complex set of motivations (Feyisetan

et al. 2015; Gadiraju, Kawase, and Dietze 2014; Mason
and Watts 2009; Posch et al. 2019; Qiu, Gadiraju, and Boz-
zon 2020; Rogstadius et al. 2011). They are also constantly
taking and adapting their decisions to their environment,
e.g. choosing the tasks they want to work on (Chilton
et al. 2010; Han et al. 2019; Hara et al. 2018; Kucherbaev
et al. 2014; Zhang and Chen 2022) or deciding on the
amount of effort they want to put into a task - where
they might trade-off minimising their workload now
with work opportunities in the future due to a better
reputation (Gadiraju, Kawase, and Dietze 2014; Han
et al. 2019; Schild, Lilleholt, and Zettler 2021). They
adapt the amount of effort they invest into tasks and
learn from prior experiences. A quote from a worker inter-
viewed in Gupta et al. (2014) is illuminating: T was careless
when the Requester was testing Turkers with qualifications,
so my score is less. I should have worked hard [...] but I was
inarush.’. A better understanding of worker behaviour can
help task-givers and platform owners design crowdwork-
ing setups that benefit everyone involved.

Past works have aimed to provide such understanding
by explaining, predicting, and simulating workers’
decision processes through data-driven and mathemat-
ical models. Data-driven approaches learn the behaviour
of the workers from empirical data (Gadiraju et al. 2019;
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Hovy et al. 2013; Ma et al. 2015; Nguyen, Wallace, and
Lease 2015; Posch et al. 2019; Sayin et al. 2021; Tanno
etal. 2019; Yang et al. 2016; Zou, Gil, and Tharayil 2014).
They require the collection of data in advance. Changes
in the crowdworking setup would require a new collec-
tion of data to extract any changes in behaviour. In con-
trast, for mathematical models, the author describes the
worker’s decision-making process through the definition
of the model, or through writing a computational script
as part of a simulation (Jager et al. 2019; Qiu, Bozzon,
and Houben 2020; Saremi et al. 2021; Scekic, Dorn, and
Dustdar 2013; Zou, Gil, and Tharayil 2014). Scekic,
Dorn, and Dustdar (2013), e.g. assume that a worker fol-
lows one of two pre-defined scripts, either working nor-
mally or maliciously. These scripted worker models often
do not scale up to complex decision-making processes
and do not take sparse future rewards into account.
They can also not reflect behavioural adaptation, which
a changing crowdworking environment might trigger.
Any changes in behaviour require the manual definition
of a new model.

The framework of computational rationality over-
comes these challenges by allowing to model adaptive
user behaviour from first principles (Oulasvirta, Joki-
nen, and Howes 2022). While this approach has been
successfully leveraged for visuo-motor tasks (Do,
Chang, and Lee 2021; Jokinen et al. 2021; Li
et al. 2023; Oulasvirta, Jokinen, and Howes 2022),
there is only limited work on how people decide
between tasks in interactive environments. In this
work, we propose a novel theory of adaptive worker
behaviour on crowdworking platforms based on com-
putational rationality and evaluate if it offers a good
model of worker behaviour. Until this paper, it was an
open question of how to model the essential rewards
and formation of beliefs via experience in this domain.
Hence, prior to this paper, it was unclear if compu-
tational rationality offers a good model of crowdwor-
kers’ choices.

We assume the worker is (boundedly) rational and
tries to maximise expected personal rewards, such as
income or entertainment. Although workers act ration-
ally, because they are not all-knowing, their choices are
bounded by their limited knowledge of the world. We
exploit this assumption to predict worker behaviour
by optimising their choice behaviour with reinforce-
ment learning (RL) given an environment and a
worker’s assumed goals (rewards). Our work exploits
modern deep learning-based RL that allows modelling
more complex and realistic scenarios (Adolphs and
Hofmann 2020; Dabney et al. 2018; Vinyals et al. 2017).

As an example, Figure 1 shows the introduction of
hidden gold-standard questions on the crowdworking

1. Crowdworking setting

task
finished

select
switch

worker
L> 2. Task-givers introduce
hidden gold questions

negligence detected
+ worker banned

LV 3. Worker agent adapts
[ N BN

work on
diligently

I diligently

Figure 1. We utilise computational rationality to explain adap-
tive answering behaviour of a crowdworker: (1) The worker
answers a task’s questions negligently. (2) The task-giver intro-
duces hidden gold-standard questions to detect negligent
behaviour. This results in the worker being blocked from tasks.
A scripted, always-cheating worker would continue answering
negligently. (3) In contrast, our theory predicts that the worker
adapts, stops cheating, and starts answering diligently. This
replicates the effect found on real crowdsourcing platforms
that cheating deterrents increase the quality of answers. Our
theory explains this change in the worker's behaviour as the
rational choice for the worker as it maximises long-term,
expected subjective payoffs.

work on

platform to identify negligent or cheating workers. In
contrast to existing work, our model adapts its actions
to changing environments. While the modelled worker
was acting negligently before, now the model adapts
the behaviour and puts more effort into answering.
Our approach explains this change as the rational choice
for the worker who does not want to be banned from
future work.

We evaluate our new computational model for a set
of crowdworking setups and worker behaviours. Our
aim here is integrative. Instead of collecting and model-
ling a single dataset, we want to obtain a model that is
adaptive and can explain several known results from a
single model. We show that our model’s emergent
behaviour and its predictions closely reflect the findings
in the empirical literature on crowdworker behaviour.
Our model shows trivial adaptive responses, such as a
worker choosing a specific task because it pays better.
But when several goals and conditions are combined,
the model gives rise to more intriguing behaviours,



such as the emergence of ‘cheating.” The model explains
cheating as a rational response of a worker aiming to
earn more with less work. We can also explain opportu-
nistic behaviour where workers drop out of tasks, for
example, due to trying out several tasks because another
task might be more beneficial in the long run.

The crowdworking scenario is a special case of
behaviour where multiple tasks are available, and one
must decide how to invest time and energy under partial
observability and delayed rewards. Such situations are
commonplace throughout: in education (choosing
between courses), in working life (choosing between
tasks), or in domestic behaviour (choosing between
activities). To support future work in this area, we pre-
sent open research directions and make our model plat-
form publicly available."

Our contributions are thus:

e We propose a novel theory of crowdworker behav-
iour based on computational rationality to explain a
wide range of behaviours from a small set of first
behavioural principles.

e We present a model utilising modern deep reinforce-
ment learning that can predict adaptive worker
behaviour in complex scenarios.

¢ We show that our theory and model can explain
findings from past crowdworker studies, specifically:
(1) the influence of payout, effort, and interestingness
on task participation, (2) negligent behaviour and
deterrents of cheating, and (3) task search.

e We identify new research opportunities for lever-
aging computational rationality to simulate and
explain user behaviour on crowdworking and other
marketplace platforms. We make our computational
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modelling platform publicly available to foster
research in this area.

2. Related work

In this section, we discuss crowdworking in general,
existing crowdworking simulations as well as empirical
reports on the behaviour of crowdworkers. We also
introduce reinforcement learning and the concept of
computational rationality.

2.1. Crowdworking

Crowdworking as a method to collect human input at
scale has been used for a wide range of usecases from
simple data annotation tasks (Deng et al. 2009; Lin
et al. 2014) to more creative tasks such as
sketching (Yu and Nickerson 2011), writing (Kim,
Cheng, and Bernstein 2014) and idea
generation (Chan, Dang, and Dow 2016). While crowd-
working can be used for complex tasks (Khan
et al. 2019), in this work, we study what is likely the
most popular form: microtask crowdworking. A ques-
tion is one unit of work that can be performed, e.g. an
image that needs to be labelled or a multiple-choice
question that needs to be answered. A task is a set of
questions of the same type. The requester is offering a
task on the crowdsourcing platform and decides on
the properties of the task such as pay-out per question.
The worker decides on which tasks to work, so called
pull-crowdworking (Han et al. 2019). The worker elects
tasks on the platform and answers one or multiple ques-
tions per task. This setting is used by popular

™ 20 v
Requester Title HITS Reward ~ Created Actions
GenQA Requeste Question to Question Si... 57,163 $0.15 lhago Preview & Qualify
Research Rewarc Quick Market Research ... 23,774 $0.02 6mago Preview = Accept & Work
Lifeng Fan Answer a survey after w... 19,162 $0.03 Sh ago Preview & Qualify
James Billings Market Research Survey 7,735 $0.05 6d ago Preview = Accept & Work
Fagx, Inc Specify the Correct Infor... 6,791 $0.01 3hago Preview = Accept& Work

Figure 2. Screenshot of the homepage for workers of MTurk. Different task-givers (‘requesters’) list their tasks (‘HIT groups’). For each
answered question (‘HIT’), the worker receives a small monetary reward visible in the list of tasks. A worker can decide which task to
accept. Some tasks are blocked (lock icon) as the worker does not qualify for them.



4 M. A. HEDDERICH AND A. OULASVIRTA

crowdworking platforms such as Prolific or Amazon
Mechanical Turk (MTurk, see Figure 2).

2.2. Empirical findings on crowdworker
behaviour

The behaviour of humans in crowdworking scenarios
has been studied empirically. Here, we focus on three
aspects that are crucial to task-givers and for which
the worker needs to consider both short- and long-
term consequences: task participation, cheating, and
task search.

2.2.1. Task participation

It has been shown that participation in tasks and the
number of questions a worker answers depend on var-
ious factors.

Payout. Gadiraju, Kawase, and Dietze (2014) sur-
veyed 490 workers on CrowdFlower with a 5-point
Likert scale identifying the monetary payout as the
most important factor for workers when they decided
which tasks to complete. Mason and Watts (2009)
studied an image sorting task on Amazon Mechanical
Turk (MTurk) where they assigned each of the 611
participating workers to one of four different levels of
payout. They found that a higher payout correlated sig-
nificantly (p<0.001) with a higher average completion
rate. In a similar setup, Rogstadius et al. (2011) tasked
158 workers on MTurk with counting items on images
with three different payment levels (0, 3 and 10 cents).
They found that payment had a significant effect on
the number of completed questions (two-way between
groups ANOVA, p=0.034).

Effort. Gadiraju, Kawase, and Dietze (2014) identified
in their aforementioned survey the time it takes to com-
plete a task as another important factor for the workers.
Mason and Watts (2009) also investigated three differ-
ent difficulty levels for their image sorting task and
found that the number of completed tasks decreased
with increasing difficulty.

Interestingness. The third major factor regarding task
completion identified by Gadiraju, Kawase, and
Dietze (2014) was the task’s interestingness and topic.
This is also reflected in an experiment in (Mason and
Watts 2009), where 320 MTurk workers solved a word
puzzle task. The authors found a strong correlation
between the number of puzzles solved and the worker’s
posthoc reported enjoyment of the task (p < 0.001).
While workers who enjoyed the puzzles the most solved
more than 19 of 24 possible puzzles on average, those
who enjoyed it only a little completed just 6.2 puzzles
on average.

Making tasks more interesting has also been actively
used to improve crowdworking results. Feyisetan
et al. (2015), e.g. used gamification elements for an
image labelling task, receiving on average 32 labelled
images per worker, compared to 1 image per worker
for a control group on CrowdFlower with the same pay-
out. With a similar aim, Qiu, Gadiraju, and Boz-
zon (2020), proposed using a conversational interface
and an involved conversation style to increase worker
engagement. For 800 MTurk workers and across
4 different task types, they found statistically significant
improvements regarding worker retention compared to
traditional interfaces. Making the tasks more engaging
resulted in more than twice as many workers answering
additional questions. Phrasing the question in a more
engaging way also worked for Park et al. (2019), result-
ing in an increase in participation between 15% and 42%
In a volunteer setting depending on the method for
engagement change.

While both monetary earnings and interest in a task
motivate workers, the financial reward seems to be the
dominating factor. Surveying 431 workers on MTurk,
Kaufmann, Schulze, and Veit (2011) found that pay-
ment ranks highest before any enjoyment-based motiv-
ation. Similar results are also found in the previously
mentioned studies (Gadiraju, Kawase, and Dietze 2014;
Mason and Watts 2009; Rogstadius et al. 2011).

2.2.2. Negligent behaviour and cheating

A prevailing issue of crowdsourcing is the reliability of
the workers’ answers. Workers regularly try to obtain
their payouts by answering questions against the inten-
tion of the task-givers. Gadiraju, Kawase, and
Dietze (2014) reported, e.g. that they removed 51% of
the workers for whom they suspected malicious behav-
iour. This cheating can range from simply choosing
answers at random to more elaborate procedures.
When requesting text translations to other languages,
Pavlick et al. (2014) suspected ca. 15% of the workers
cheated by providing low-quality content such as ran-
dom text and another 10% cheated by using the output
of the Google Translate service instead of actual, human
translations.

To prevent cheating, common practices have been
developed to detect and penalise malicious worker
behaviour. A popular combination is gold-standard
questions and reputation systems.

Gold-standard questions are questions where the true
answer is known by the task-giver. They are chosen and
inserted into the task so that it is difficult for the worker
to distinguish them from the real questions (Hettiach-
chi, Kostakos, and Goncalves 2022). These questions
can be used to detect and discard the answers of workers



that behave negligently or maliciously. Systems like (Liu
et al. 2012) go even further and actively stop providing
answers to users once their estimated reliability is too
low.

The gold-standard questions are specific to one task.
To take into consideration a worker’s past history, sev-
eral platforms have a reputation system, such as the Hit
Approval Rate on MTurk. Task-givers check the quality
of a worker’s answers, e.g. via gold questions, and then
rate the worker. A good rating will increase a worker’s
reputation. Other task-givers can then decide to enforce
a minimum reputation for their tasks.

In a study on two crowdworking platforms, Schild,
Lilleholt, and Zettler (2021) found that a low approval
rate (i.e. allowing workers with a low reputation) is
associated with a higher proportions of dishonest indi-
viduals. Kazai, Kamps, and Milic-Frayling (2012) ran
crowdsourcing tasks with and without a combination
of gold standard questions and minimum reputation
level. In most studied subgroups, the mean worker accu-
racy they reported was lower for the settings without
cheating deterrents.

From a worker perspective, Gadiraju, Kawase, and
Dietze (2014) showed in their survey that 88% of their
workers cared about their reputation level. Han
et al. (2019) surveyed workers on MTurk and Figure 8
and found that workers tried to achieve a good repu-
tation to qualify for future work.

2.2.3. Task search

Given a pool of tasks, the worker needs to decide on
which specific tasks they want to spend their time on.
Hara et al. (2018) identified task search as an important
factor of unpaid work. In Kucherbaev et al. (2014), the
surveyed workers spent on average 27% of their time
searching for tasks. Fully assessing a task’s properties
like interest, difficulty, and time effort, is, however,
often only possible by trying out a few of the task’s ques-
tions. Han et al. (2019) found that most workers aban-
don tasks early after quickly assessing the effort. In the
analysis of Kazai, Kamps, and Milic-Frayling (2011),
over 50% of workers only answered one question. In
the log data analysed by Hara et al. (2018), 13% of the
questions were not completed by workers.

On the other hand, workers might also get hooked
and continue working on a task for a long time, e.g.
because they enjoy the task as in the previously intro-
duced word puzzle setting of Mason and
Watts (2009). This is reflected in a regularly occurring
pattern in data collection where for a given task, most
workers answer only very few questions and a small
set of workers provides most of the answers, as also
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reported e.g. by Snow et al. (2008) and Rogstadius
et al. (2011).

The depth with which workers search is, however,
limited. Chilton et al. (2010) collected task data on
MTurk and surveyed workers on the platform. They
found that the first two pages of task search results
were the most important ones. If a task was no longer
visible on one of the front pages, participation dropped
drastically.

2.3. Explaining crowdworker behaviour

Several models of crowdworker behaviour have been
proposed as part of simulation systems. Their goal is
to support task designers by simulating crowdworking
platforms. Qiu, Bozzon, and Houben (2020) present a
simulation system with a web-based interface. In their
study, simulated workers participate in a task based
on a Poisson distribution, and the quality of their
answers depends on three manually chosen probabilistic
parameters. In Scekic, Dorn, and Dustdar (2013), incen-
tive schemes are simulated. The behaviour of the
workers is set via parameters, and they use two different
hand-crafted worker roles, namely normal and mali-
cious users. In Saremi et al. (2021), the worker can
take two actions: registering for a task and then submit-
ting an answer. The authors use it to simulate compet-
ing tasks to predict when a task does not get enough
participating workers. In the simulation by Zou, Gil,
and Tharayil (2014), the worker goes through a fixed
behavioural path of searching for a task, working on
it, and then submitting it. The authors add a data-driven
aspect to their work by collecting behavioural data from
workers and tuning the parameters of the script with it.

All of these simulations have in common that the
worker’s actions are limited to a specific, hand-crafted
path of behaviour. Changes in the environment can, at
the most, influence the probability of an action being
taken earlier or later. Any structural changes in the
behaviour require the designer to create a new worker
model.

Jager et al. (2019) take an economics perspective,
studying the process of workers joining and dropping
out of the labor market. The workers search for and
work on tasks and then drop out of the crowdworking
platform if they can not cover their cost of living at
the end of the month. Again, the worker’s behaviour
is fixed. Yan, Liu, and Zhang (2018) are interested in
the cognitive process of how the worker arrives at a sol-
ution, modelling it via an evolutionary process on a
lower-dimensional task representation. They study,
however, only how a fixed number of workers solves
one question.
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Data-driven approaches create models from datasets
of behavioural worker information. Gadiraju
et al. (2019) build a worker typology based on collected
behavioural traces for two specific tasks from the areas
of image transcription and information finding. They
leverage this typology to pre-select workers. In Yang
et al. (2016), the authors build a regression model to
predict how a worker perceives the complexity of a
task and explain the factors that contribute to task com-
plexity. Posch et al. (2019) build a model of crowdwor-
ker motivation by selecting important factors from a
pool of possible factors. Their selection was based on
a large data collection from 10 countries and different
income groups. These approaches all require empirical
data in advance, and the models are specific to the
crowdworking setup in which the data was collected.

In the area of machine learning, some works collect
user behaviour data and estimate models of specific
crowdworkers. This information is then utilised to cor-
rect annotated data (Hovy et al. 2013; Ma et al. 2015;
Tanno et al. 2019) or to best allocate crowdworker
resources (Nguyen, Wallace, and Lease 2015; Sayin
et al. 2021). Given the difficulty of estimating complex
models from a small set of data, these worker models
are, however, on purpose simplistic (Hovy et al. 2013).
The workers are only described by their probability of
being incorrect (Hovy et al. 2013; Nguyen, Wallace,
and Lease 2015), their skill level for different
topics (Ma et al. 2015; Tanno et al. 2019) or a predefined
set of fixed answering behaviours (Emre Kara
et al. 2015). The estimated behaviour is also limited to
a specific dataset.

2.4. Computational rationality

Reinforcement learning (RL) is a subfield of machine
learning where a learner maps situations to actions to
maximise a numerical reward. For an in-depth intro-
duction into RL, we refer to (Sutton and Barto 2018).
Recent advances in deep learning-based RL have made
it possible to scale up to more complex situations
(so-called state-spaces) and thereby allowed studying
realistic scenarios beyond simple toy
examples (Adolphs and Hofmann 2020; Dabney
et al. 2018; Vinyals et al. 2017). As a theory of intelligent
behaviour, reinforcement learning is presently studied
not only in machine learning but also in economics
and cognitive science (Icard 2023).

Bounded optimality is the idea that an agent takes
the optimal decisions given their limited (bounded)
available information and computational resources
(Russell 1997). Following the footsteps of cognitive
science (Dayan and Daw 2008), there is a growing

interest in the field of human-computer interaction to
explain user behaviour with bounded rational choice,
ia. for user interface control like pointing-and-
clicking (Do, Chang, and Lee 2021), typing (Jokinen
et al. 2021) or menu selection (Li et al. 2023). These
approaches are synthesised in the framework of compu-
tational  rationality =~ (Oulasvirta, Jokinen, and
Howes 2022), which assumes that users act in alignment
with what benefits them most, taking into account the
constraints imposed by their cognitive architecture and
their familiarity with the task environment. Combining
these first principles with modern reinforcement learning
algorithms allows building adaptive models to predict
user behaviour in complex environments without having
empirical data in advance.

While the aforementioned works have focused on
visuo-motor tasks, we are interested in utilising compu-
tational rationality to study how users decide between
tasks in an interactive environment. Qur approach is
related to the work by Gebhardt, Oulasvirta, and
Hilliges (2021) who study task interleaving. While
their model can explain the switching behaviour of
users between different tasks, their tasks are static, and
they do not model a marketplace environment with
other actors, such as task-givers limiting access to
tasks. They are thus lacking core decision aspects of
crowdworking platforms.

Individuals acting rationally is an assumption regu-
larly taken when studying marketplaces, e.g. in the auc-
tion selection algorithms proposed by Chen et al. (2017)
and Yu et al. (2023). Our work differs in that we do not
present a method that selects workers while taking into
account individual rationality but rather use the ration-
ality assumption to explain and predict complex worker
behaviour.

3. A theory of crowdworker behaviour

Our ambition is a theory that could explain the findings
on crowdworker behaviour reviewed in the previous
section from a few assumptions about the underpinning
mechanisms. We here develop a theory of crowdworker
behaviour within the framework of computational
rationality (Oulasvirta, Jokinen, and Howes 2022).
When instantiated in a computational model, it allows
predicting worker behaviour in those situations. For
worker behaviour, rewards are delayed, which calls for
sequential decision-making. To this end we deploy
reinforcement learning, which is a theory of how agents
can learn to act in complex environments where
rewards are delayed. Reinforcement learning also allows
us to model bounds to behaviour, such as the worker’s
limited knowledge of the tasks.



The key assumptions of our theory are:

Sequential Decision Making The worker interacts with
the platform in a sequence of actions. At each step,
the worker observes the environment and decides
how to continue. Rewards might be delayed and
only collected at a later step.

Bounded Observations The worker has a limited view
of the surrounding environment and can only know
what was seen so far. The future is also uncertain and
the worker can only make educated guesses (or esti-
mates) on what the result of the next actions will be.

Rationality The worker takes rational actions to the
best of their ability. Rationality means that the
worker is assumed to pick an action that maximises
the expected subjective rewards. Given the worker’s
bounds, however, the actions might not be objec-
tively speaking optimal.

Learning Through Experience The worker learns how
to optimise goals by participating on the crowdwork-
ing platform and receiving feedback in the form of
rewards. The worker learns from the experiences
and adapts the behaviour accordingly to maximise
the payoffs.

These assumptions can be formally described as a
sequential decision-making problem, which we propose
in this paper.

To approach a workable model beyond these basic
assumptions, we need to start filling in the elements of
that decision-making problem. The first concerns the
worker’s rewards. It has been shown that workers are
motivated by both intrinsic and extrinsic
rewards (Kaufmann, Schulze, and Veit 2011; Rogstadius
etal. 2011; Zhao and Zhu 2014). The monetary reward is
most dominant (Gadiraju, Kawase, and Dietze 2014;
Kaufmann, Schulze, and Veit 2011; Mason and
Watts 2009; Rogstadius et al. 2011). Beyond money,
different other aspects have been found that drive
workers. These include enjoyment of using a certain
skill or being creative (Kaufmann, Schulze, and
Veit 2011), the fun of solving a task (Mason and
Watts 2009) and how engaging the task is (Park
et al. 2019; Qiu, Gadiraju, and Bozzon 2020). Since
these aspects overlap, we group them together as one
interestingness reward a worker obtains from working
on a task. Note that we do not include common
reinforcement learning goals such as minimising the
number of actions or penalising time spent. We purpo-
sefully assume a minimal set of goals and expect that
secondary goals such as saving time derive automati-
cally from our core goals.

We, thus, arrive at our proposed core principle for
crowdworker behaviour: the worker maximises the
expected value of actions, measured in payout and inter-
estingness, given his or her constrained knowledge
about the crowdsourcing platform. Any specific
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behaviour emerges and can be explained from this
assumption.

4, Modelling the worker’s decision problem

To operationalise our theory, we build a computational
model, which we introduce here. We will first describe
the crowdworking setting (Section 4.1). We will then
describe the introduced theory and setting from a
reinforcement learning perspective (4.2). Sections 4.3
till 4.6 give formal descriptions of these ideas with
additional details for reproducibility in the Appendix.

4.1. Crowdworking setting

On a crowdworking platform, task-givers provide tasks.
Figure 2 shows such a list of tasks on the popular micro-
task platform MTurk. These tasks vary in their payout,
their interestingness, the time it takes to answer a
question (Gadiraju, Kawase, and Dietze 2014), the num-
ber of questions a task contains (Difallah et al. 2015) and
the task’s difficulty (Gadiraju et al. 2019). How difficult a
task is to solve for a worker also depends on the worker’s
expertise in the specific task. A task-giver can add mech-
anisms to deter negligent or cheating behaviour such as
introducing gold-standard questions with known
answers (Hettiachchi, Kostakos, and Goncalves 2022).

From a worker’s perspective, the challenge is that of
choice. The model covers two common and interlinked
decision problems of a worker:

o What task(s) should I work on? In pull
crowdworking (Han et al. 2019), workers decide on
which tasks they want to work on, choosing from a
set of tasks that is available to them. As long as the
worker is given questions, they can independently
decide if they want to continue working on a task,
switch to a different task, or quit working altogether.

e How much effort should I put into each task? Once the
worker has decided on a specific task, the worker
needs to decide how much effort to put into answer-
ing the questions. Workers can try to solve them dili-
gently. The time it takes depends on the question’s
effort. Whether the worker manages to give the cor-
rect answer then depends on the task’s difficulty. The
worker can also choose to act negligently. For mul-
tiple-choice questions, they could, e.g. always answer
with the first or with a random option. This takes less
time and likely results in an incorrect answer, and is,
therefore, often seen as cheating by the task-giver.

The worker’s concrete decisions in our scenario are
visualised in Figure 3. These can be split into two levels.
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Figure 3. Visualisation of the worker decisions. Left: the worker first needs to decide which task to work on. For some of the tasks’
properties, such as their interestingness, the worker needs to try out the task to assess them. Right: once a task has been chosen, the
worker needs to decide how much effort to put into answering each question.

On the higher level, the worker can select a task to work
on next. Alternatively, the worker can also quit working.
On the lower level, for a specific task, the worker can
decide how to answer. Answering negligently is fast but
likely produces a wrong answer. Taking the question
properly into consideration and answering diligently
takes more time but produces an answer that actually
depends on the worker’s skill. Workers have a limited
overall time budget and stop working when out of
time. The worker’s actions are guided following the
core principle established at the end of Section 3.

4.2. Reinforcement learning overview

We model the worker as an agent in a reinforcement
learning framework, as visualised in Figure 4. The
crowdworker is, in this case, the agent while other
parts of the crowdsourcing platform, such as task-givers
and tasks form the environment. The agent observes
part of the environment, such as the number of available
tasks or the tasks” payouts. Other information from the
environment might not be visible (such as measure-
ments against cheating) or only visible once the agent
interacts with the environment (such as the interesting-
ness factor of a task).

actions

answer negligently
answer diligently

quit

‘ select task

agent reward environment
with policy :

payout + task-givers

crowdworker & their tasks

interestingness

? observations |

available tasks worker reputation
task properties time budget

Figure 4. Visualisation of the reinforcement learning setup for
modelling a worker as an agent in a crowdworking environment.

The agent interacts with the environment through a
fixed set of actions. These capture the two levels of
decision: selecting a task or quitting; answering negli-
gently or diligently. When the agent performs an action,
this changes the environment. Answering a question
can make, e.g. a new question available. The agent
also receives a reward. Answering a question diligently
provides a reward that combines both a monetary pay-
out and an interestingness factor. Answering negligently
only provides the payout since the worker agent does
not properly experience the question.

The agent learns a so-called policy that tells the agent
in each situation the actions it needs to take to increase
its rewards. The policy defines the behaviour of the
agent. The policy is learned during the training phase
by interacting with the environment and learning
from the rewards it obtains. The learning of the policy
also allows the model to adapt its behaviour when the
crowdsourcing environment changes, e.g. when more
tasks become available or when a method to deter cheat-
ing is introduced.

4.3. Formalisation of the worker’s decision-
making problem

We now formalise our model. Further details for repro-
ducibility are given in the Supplementary Material. Our
model is based on a Markov Decision Process (MDP)
(Sutton and Barto 2018). The MDP consists of a tuple
(S, A, T, R) with a set of states (S), a finite set of actions
(A), environmental transition dynamics (7), and
rewards (R). The crowdsourcing worker is the acting
agent in this setting while the tasks and task-givers are
part of the environment. At each timestep, the agent
can take an action a € A to interact with the environ-
ment, e.g. providing an answer to a question. This will
cause the environment’s state to change from s € S to
s € S with a probability T(s, a,s’) = p(s'|s, a). The



behaviour of the task-givers is modelled as part of these
transitions, e.g. deciding to ban a user for cheating. An
episode ends when the agent decides to quit or runs out
of time.

The agent has access to some of the task’s properties,
e.g. its payout. The agent’s information is, however, lim-
ited and it does not know, e.g. the specifics of the anti-
cheating measures. We, therefore, split the state s € §
where s” C s is visible to the agent (observations) and
s" =5\ s" is not.

The reward function R models the worker’s extrinsic
and intrinsic reward. It specifies the scalar reward
r: € R the agent receives in timestep ¢ after it has per-
formed an action a; and the environment has transi-
tioned from s; to s;+;. We assume that the agent acts
rationally given its restricted knowledge of the environ-
ment and tries to maximise its long-term rewards. The
agent’s actions are chosen based on a policy 7. An
optimal policy 7* maximises the expected cumulative
discounted reward

7" = argmax_[E, |:Z ytrti|, (1)

t=0

where y is a discount factor to trade-off immediate ver-
sus long-term rewards.

Given the complexity of the crowdsourcing scenario, it
is non-trivial to find the optimal policy. Therefore, we
train the agents using reinforcement learning to obtain
a policy 7 that approximates 7*. The policy describes
the worker’s behaviour. The agent’s learned policy is
specific to a certain crowdsourcing setting. This gives
us the possibility to simulate different environments
and evaluate the agent’s behaviour without the need to
manually adapt or modify the worker. Below, we will
see how the simulated workers adapt their behaviour to
changes in the crowdworking scenario in a realistic way.

4.4. Task-givers and tasks

The task-givers provide the tasks 7" on the crowdwork-
ing platform. Each task 7 € T has a set of properties:

e p, >0, the payout the worker obtains for solving a
question,

e €; > 0, the time needed to solve a question,

e p, € [0, 1], the probability of being correct when
answering negligently, and

¢ 1n,, the number of questions the task consists of.

Two additional properties of the task are specific for
each worker w:
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e e, € [0, 1], the worker’s expertise in the task,
e 1, €[ —0.5,0.5], the interest the worker has in the
task.

When all of a task’s questions have been answered,
the task becomes inactive.

If not specified otherwise, we use 5 task-givers and
each task-giver provides one task in each episode. The
properties of the tasks are sampled from beta-distri-
butions in each episode with the distributions being
specific to the task-giver. A task-giver might, e.g. pay
on average higher payouts. In this case, their beta-distri-
bution mean is shifted compared to the other task-
givers. Further details on the distributions are given in
the Supplementary Material.

The payout is visible to the worker from the beginning
(i.e. p€E€s"). It is often challenging for a worker to
assess from the outside how interesting, difficult, and
time-consuming a specific task is. Therefore, €;, e,
and ¢, only become visible once the worker has looked
at and interacted with the task, by selecting it and submit-
ting an answer to the first question. The worker also
knows how many questions they have already answered
for a task and whether they can continue working on
the task. The other properties are hidden from the
worker.

4.5. Workers

Each worker agent w has two properties, A2, and A,
how much it values the monetary and interestingness
reward respectively. The set of actions A the agent can
perform consists of the following:

e Task Selection Actions

- select task, the agent selects a task 7 € 7. The agent
can switch tasks at any time.

- quit, the agent decides to stop answering questions.
This ends the simulation’s episode, i.e. we go to the end
state.

o Task-Specific Actions

- answer diligently, the agent tries to answer the cur-
rent question of the selected task properly. Based on its
expertise, the agent provides the correct answer in the
task with probability e;,. Otherwise, the agent does
not know how to solve the question and the probability
of still being correct is small (p,).

- answer negligently, the agent does not follow the
task-giver’s instructions properly and cheats. The prob-
ability of still providing the right answer, e.g. by chance
clicking the right option in a multiple-choice question,
is again small (p,).
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For answer diligently, a question of task 7, the agent
receives the payout and the interestingness or enjoy-
ment reward

r=Ap,+ A, L. (2)

For answer negligently, the reward is limited to the mon-
etary part.

Each worker agent w has a time budget b,, € s” that
defines how long it can do crowdworking. The action
answer diligently reduces the budget by €;. Answering
negligently reduces the time budget by a fixed amount
Cnegligent Which is usually much smaller than €. Selecting
a different task takes a fixed time cgeleci. When the time
budget is depleted, the episode ends.

4.6. Policy estimation

Our simulation’s concept is independent of the specific
reinforcement learning algorithm. To be able to scale up
our approach to the complexity of our crowdworking
scenario, we chose a machine learning-based method.
In our default scenario, using the algorithms Advantage
Actor Critic (Wu et al. 2017) and Deep Q
Network (Mnih et al. 2013) evaluated over 1k episodes
only achieved a mean reward of 10.7 and 12.0, respect-
ively. Quantile Regression Deep Q-Network (Dabney
et al. 2018) better approximated the optimal policy
and the worker agent obtained a mean reward of 49.3.
We, therefore, chose the latter algorithm for all exper-
iments. The simulation is implemented in Python 3,
using OpenAl Gym (Brockman et al. 2016) and
StableBaselines3 (Raffin et al. 2021).

5. Evaluation against empirical findings on
crowdworker behaviour

For a suitable sequential model of human decision-mak-
ing, the worker agents should develop a similar behav-
iour to their human counterparts given the same
environment. Our aim here is integrative. Instead of col-
lecting and modelling a single dataset, our objective is to
develop a single, adaptive model that is capable of
explaining several known results. For evaluation, we
thus extracted eight effects from the empirical literature
(as discussed in Section 2.2) to verify that our model
replicates crowdworker behaviour in a realistic way.
These effects were chosen as they are crucial to task
design and they involve the worker reasoning over the
short- and long-term effects of their actions:

(A) Task Participation
(1) Higher payout increases task participation.

(2) Higher time effort decreases task participation.
(3) More interesting tasks increase participation.
(4) Payout is dominant over interest in regards to
increasing participation.
(B) Negligent Behaviour and Cheating
(1) Workers cheat.
(2) Gold questions and reputation systems prevent
cheating.
(C) Task Search
(1) Workers search for tasks.
(2) The length of the task search is limited.

For choosing which task to work on next (task par-
ticipation), it is often sufficient to pick the current
best option. When considering cheating, however, one
needs to take into account long-term effects, such as
being banned from work. Task search exhibits more
subtle long-term effects. Like in the idiom ‘a bird in
the hand is worth two in the bush,” working on a non-
optimal task now might be preferable over wasting
time hoping for a better one. Our goal for all three
aspects is to validate whether the same, human-like
behaviour emerges from our agents as reported in the
literature on crowdworking. We will further study the
adaptive nature of our model in Section 6.

Simulating the exact environment from a reported
study is often not possible as many aspects are not
detailed and might not even be measurable in a study,
such as the properties of competing tasks. We, therefore,
do not compare our results in a numeric form but
instead focus on the qualitative trends. This also shares
a motivation with the simulation by Scekic, Dorn, and
Dustdar (2013) who are interested not in the absolute
numbers but the impacts that crowdwork design
decisions have.

5.1. Task participation

For task-givers, it is important to understand which fac-
tors influence the willingness of workers to participate
in their tasks.

A.1 Higher payout increases task participation In the
previously introduced literature (Section 2.2.1), it has
been established that a higher payout results in a task
being worked on more. We now evaluate if this effect
can be reproduced by our model. We expected that an
increase in payout for a task results in the simulated
worker answering more questions for it, preferring
this task over its lower-paying competitors.

We measured this by increasing the mean payout for
a target task-giver from 0.5 to 0.9 monetary units while
keeping the other task-givers’ payout distributions



--~- expected work if all requesters were equal I

_ 0359 =% task-giver 1 (target)
_g task-giver 2 (unchanged)
g *
%]
£ 0.30
8
[
5 X
©
< 0.25 A
o
2
bS] X
-
€ 0,20 f - === m oo
o
1S
©

0.15

0.5 0.6 0.7 0.8 0.9

mean payout of task-giver 1 (target)

Figure 5. Higher payout increases task participation. An increase
in mean payout results in the agent working more on these
tasks. The mean payout of the target task-giver was shifted by
setting the first parameter of the payout’s beta-distribution
from 10 to 15, 23.33, 40, and 90 resulting in mean payouts of
0.5 to 0.9. The parameter of the payout distribution for all
other task-givers is kept unchanged by the default value 10
(plot visualises results for task-giver 2). The dotted line shows
the theoretically expected participation if all task-givers were
worked on identically. The grey bars show the empirical stan-
dard error over 1000 episodes. The model replicated human
crowdworker behaviour, preferring to work on tasks with better
payout (target) compared to competing tasks.

unchanged. The worker should adapt accordingly and
prefer the tasks of the target task-giver. We measured
the percentage of questions answered by the agent for
the target task-giver in comparison to all. In Figure 5,
one can see that the agent chose to answer more ques-
tions for the task-giver with a higher mean payout. It
strongly deviated from the theoretically expected
amount of work each task-giver would obtain (in the
long run) if all task-givers were equal. The participation
for the other, unchanged, task-givers went down
accordingly. Thus, our agent behaved realistically,
clearly preferring tasks with a higher payout.

A.2 Higher time effort decreases task participation It
has also been reported that a task’s effort is an impor-
tant factor for the worker and that more difficult tasks
have been worked on less. We, therefore, expected that
an increase in a task’s time effort in our simulation
should result in a measurable preference of the agent
to not work on this task. Similarly to the previous pay-
out experiment, here, we increased the mean time
effort of a target task-giver. Figure 6 shows that the
agent successfully replicated the empirical findings,
working fewer tasks for the task-giver with higher
effort.

The standard error is comparatively high as the task
parameters were drawn from beta-distributions and
the agent had to consider the complex trade-off
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Figure 6. Higher effort decreases task participation. An increase
in mean effort results in the agent working less on these
tasks. The mean effort of the target task-giver was shifted by set-
ting the first parameter of the time effort’s beta-distribution
from 10 to 15, 23.33, 40, and 90 resulting in mean time efforts
of 0.5 to 0.9. The parameter of the effort distribution for all
other task-givers is kept unchanged by the default value 10
(plot visualises results for task-giver 2). The dotted line shows
the expected participation if all task-givers were worked on
identically. The grey bars show the standard error over 1000 epi-
sodes. The model replicated human crowdworker behaviour,
avoiding tasks that require more effort.

between varying payouts, interestingness, and efforts
of the target as well as the competing tasks. Note
that the agent could not see which task belongs to
which task-giver and could, therefore, not take short-
cuts by learning a task-giver’s underlying task property
distribution.

The behavioural effect of time-consuming tasks being
less appealing can be explained by the task effort’s indir-
ect influence on the monetary income, and therefore the
agent’s reward. The higher the effort for a question, the
less time the worker can spend answering more ques-
tions or working on other tasks.

A.3 More interesting tasks increase participation The
third studied factor that affects participation is the
task’s interestingness. It has been shown that workers
are motivated by tasks they are interested in. To evalu-
ate this, we increased the mean interestingness of the
target task-giver. In Figure 7, one can see that we suc-
cessfully replicated the human behaviour. The partici-
pation increased for the target task-giver. The agent
decided to work more on tasks that are of higher inter-
est to it.

A.4 Payout is dominant over interest in regards to
increasing participation Across the literature, it has
been shown that for many crowdworkers the payout is
more important than the task’s interestingness. We
simulated this by introducing to the default setting a
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Figure 7. Higher interestingness increases task participation. An
increase in mean interestingness results in the agent working
more on these tasks. The mean interestingness of the target
task-giver was shifted by setting the first parameter of the
shifted interestingness’ beta-distribution from 10 to 15, 23.33,
40, and 90 resulting in mean interestingness rewards (or enjoy-
ment) of 0 to 0.4. The parameter of the interestingness distri-
bution for all other task-givers is kept unchanged by the
default value 10 (plot visualises results for task-giver 2). The
dotted line shows the theoretically expected participation if all
task-givers were worked on identically. The grey bars show
the standard error over 1000 episodes. The model replicated
human crowdworker behaviour, preferring to work on tasks
that are of higher interest to it (target).
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Figure 8. Payout is dominant over interest in regards to increasing
participation. For one task-giver, the mean payout was increased
and for another the mean interest value. This was performed by
setting the first parameter of the beta distribution from 10 to 15,
23.33, 40, and 90 resulting in mean payout rewards of 0.5 to 0.9
and mean interestingness rewards of 0 to 0.4. The parameters of
the distributions for the other three task-givers were left
unchanged (plot visualises task-giver 3). The dotted line shows
the theoretically expected participation if all task-givers were
worked on identically. The grey bars show the standard error
over 1000 episodes. The model replicated human crowdworker
behaviour, considering the payout more important than the
interestingness of a task.

task-giver with a higher mean payout and a task-giver
with a higher mean interestingness for their tasks.
Figure 8 shows that indeed the increased payout clearly
dominated as a factor that increases participation. Tasks
that paid more were clearly preferred while tasks from
task-givers with unchanged mean payout are less and
less worked on. Increasing the interestingness of the
tasks helped to dampen somewhat the drop.

5.2. Negligent behaviour & cheating

Negligent workers are a recurring issue in real-world
crowdsourcing, e.g. when workers answer multiple
choice questions by selecting an arbitrary option instead
of properly thinking the questions through. Task-givers
often classify this behaviour as cheating.

B.1 Workers cheat. The worker in our model has the
option to either answer the questions diligently (spend-
ing more time coming up with an answer) or to answer
negligently (and therefore quickly). We expected the
same cheating behaviour to emerge that is so proble-
matic in real-life crowdworking. In Figure 9, one can
see that in a setting without penalisation for cheating,
our agent, like its human counterparts, also chose to
cheat, answering nearly all questions negligently.

B.2 Gold questions and reputation systems prevent
cheating. Given the popularity of gold-standard ques-
tions and reputation systems and the evidence that
these result in higher quality answers, we expected our
simulated workers to also change their behaviour in
the presence of these systems, to start caring for their
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Figure 9. Ratios of actions taken by the agent. Orange bars are
without measurements that deter cheating and green bars with
0.1 gold questions and 0.9 minimum reputation level. Mean over
1000 episodes. Like it is regularly observed for actual crowdwor-
kers, the agent often answered negligently, i.e. cheated. Introdu-
cing gold questions and a reputation system, which are popular
in real crowdworking settings, also helped here to deter
cheating.



reputation, and to be thus deterred from answering in a
negligent way.

To evaluate this, we introduced hidden gold standard
questions with known answers in the task and a repu-
tation system. There was a 10% chance that a task’s
question is a gold question. If the agent answered 3
gold questions incorrectly, it was banned from a task.
For the reputation system, the worker started with a
reputation of 1 which was reduced by 0.05 for each
incorrectly answered gold question and increased by
the same amount for each correctly answered gold ques-
tion (with a minimum of 0 and a maximum of 1).

Figure 9 shows that we replicated the same effect as
observed in real-life crowdworking: these measure-
ments deter from cheating. The agent answered most
questions diligently even though this took more time.
The number of negligently answered questions dropped
drastically to a small percentage the agent could still get
away with. In Section 6, we will explore the topic of
cheating further and explain the reasons behind it.

Comparison to other models The aspect of cheating
crowdworkers highlights the adaptive nature of our
model, where other models fall short. Here, we compare
the behaviour of different models in crowdworking
environments with and without cheating deterrents.

The models discussed in Section 2.3 have a fixed path
of behaviour, and while some of the modelled workers
can act in a probabilistic way, their possibility to adapt
is minimal. We designed the models ‘diligent worker’
and ‘cheating worker’ in this experiment after the two
model behaviours described in Scekic, Dorn, and
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Figure 10. Mean reward per episode by different crowdworker
models in an environment without (orange) and with (green)
cheating deterrents. The diligent worker model always answers
diligently, the cheating worker model always answers negli-
gently and the myopic worker answers in the way that gives
the highest reward for the next action. Only our adaptive worker
model can replicate the behaviour of human crowdworkers,
considering long-term rewards and adapting accordingly.
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Dustdar (2013): one acts diligently, trying to answer
all questions to the best of their abilities; and one
answers negligently, therefore cheating on all questions.
For both models, the worker selects the tasks that pay
best at each time point and finishes once all tasks are
closed or time runs out.

Figure 10 shows the modelled workers’ average
reward. The cheating worker performs well in an
environment without cheating deterrents but obtains
only a minimal reward when gold questions and a repu-
tation system are introduced. The diligent worker per-
forms well under cheating deterrents but is sub-optimal
(from a worker perspective) in environments without
cheating deterrents, obtaining less than optimal rewards.
By the nature of their design, these models can not adapt
to changes in the environment. In contrast, our adaptive
worker model can adjust to the change of the crowd-
working setting without the need to change the model
manually. It changes its strategy (see Figure 9), obtaining
close to the optimal reward in each situation.

We also study a myopic or greedy worker model.
There, the worker chooses as the next action the one
that gives the highest reward (normalised by the time
effort). It is myopic in that the agent can not take into
account future rewards. This results in a behaviour of
only answering negligently and, therefore, in the scenario
with cheating deterrents in a suboptimal global reward at
the end of the episode. In contrast, one of the core prin-
ciples of our model is that it can consider future rewards.
This results in only our model in this experiment behav-
ing and adapting like real human crowdworkers.

5.3. Task search

In Section 2.2.3, we discussed that crowdworkers can
often not directly identify all of a task’s properties,
such as difficulty or effort. They try out different tasks
in search of the ones they would like to work on.
Given that the agent in our setting does not have full
information on all available tasks, we expected it to
also exhibit a searching behaviour.

C.1 Workers search for tasks. In our simulation, only
the payout was visible to the worker from the beginning.
For all other properties, the worker needed to start and
try out the task to assess them. For human-like behav-
iour, we expected our agent to start working on different
tasks, abandon early those which it does not like, and
continue working on those it prefers.

In the previous experiments, we saw that the agent’s
preferences rely on a combination of multiple factors
including payout and interestingness. In order to have
an experimental setting where there is a clearly prefer-
able task, we set the parameters for all tasks to the
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Figure 11. C.7 Workers search for tasks: The trajectories of the tasks worked on for two randomly sampled episodes. The agent tried

out tasks until it found the preferred task (marked with *).

same fixed values (instead of distributions) and just
differentiated our target task by a higher interestingness.
This allowed us, from the outside, to easily identify in
each episode the preferable task. As before, the worker
agent could only identify the interestingness of a task
by trying it out. The agent was also not able to identify
the target task by its task number, as these were ran-
domised every episode. We also reduced the agent’s
time budget so that it could not work on all tasks. The
agent was retrained for this modified scenario.

For two randomly sampled episodes, Figure 11 shows
the trajectories of the tasks the simulated worker
answered questions for. One can see that our model
replicated search behaviour: at first, the agent tried out
two tasks in a negligent way without putting much
effort in. Once it found its preferred task, it put effort
into it answering deliberately.

Only at the end of its time budget did it sometimes
answer negligently since there were no longer conse-
quences for malicious behaviour since its reputation
did not carry over to the next episode.

C.2 The length of task search is limited While workers
actively search for tasks they like, Chilton et al. (2010)
showed that this search is focused on the first pages of
the search results and seldomly beyond. For a realistic
behaviour, we expected our agent to adapt its behaviour
equivalently and limit its search if the number of tasks it
needs to search through increases.

We repeated the previous simulation experiment
C.1 but increased the number of tasks available to
the worker. Figure 12 shows how many times the pre-
ferred task is found and how many times the agent
switched to another task. The percentage of times
the preferred task was found and worked on dropped
drastically when the number of available tasks was
increased. The number of switches to other tasks,

which are necessary when searching, stayed, however,
in the same small range. Like the human workers
who did not bother to go beyond the first result
pages, the agent, thus, gave up searching for the one
preferred task if the pool of available tasks and thus
the search took too long.

This behaviour can be explained by it being more
beneficial for the agent to work on a suboptimal task
than spending more unpaid time searching for the pre-
ferred task.

5.4. Discussion

For our three areas of interest — task participation,
cheating, and task search - we simulated changes in
crowdworking environments to observe the behaviour
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Figure 12. C.1 The length of task search is limited: Rate of epi-
sodes (over 1000 episodes) where the preferred task was
found and worked on (blue bars) and the number of task select
actions performed by the agent (black line). The number of task
changes stayed in the same range while the times the preferred
task was found decreases strongly, showing that the agent does
not search for the preferred task if the search takes too long.



that emerges from our worker model. For all studied
effects, we reproduced the same qualitative effects that
were observed in the literature. Our theory, that workers
choose their actions to maximise their goals with limited
knowledge, can thus be used to explain the studied
behaviour. In the next section, we will employ our
model as a tool for explaining further aspects of
crowdsourcing.

6. Explaining the emergence of ‘Cheating’

In this section, we dive deeper, using our proposed and
validated model to explain phenomena around cheating
on crowdworking platforms. This highlights the adap-
tive nature of our model and how it can be used to better
understand crowdworker behaviour.

In Section 5.2, we saw that, like their human counter-
parts, our simulated workers cheat as long as there are
no repercussions for it. From the worker’s perspective,
this is a rational decision. Looking at the payout, the
agent obtained on average 120 monetary units per epi-
sode (standard error 0.60) in that experiment; compared
to only 49 units (standard error 0.51) when it was forced
to abstain from cheating due to the reputation system.
In the latter case, continuing to cheat would not have
been a reasonable choice as this results in being barred
from tasks early and obtaining an even lower reward.

An interesting aspect to note is the interaction
between cheating and the interestingness factor. For
the effect A.3, we replicated from the existing literature
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Figure 13. Cheating behaviour eliminates interestingness effect.
The experiment for effect A.3 (Section 5.1) was repeated but
without cheating deterrents (gold questions and reputation sys-
tem). The mean interestingness reward (or enjoyment) of the
target task-giver was increased from 0.5 to 0.9. In the previous
scenario that discouraged cheating, making the task more inter-
esting had a clear effect (green line in this plot). Here, the inter-
estingness effect disappeared as the agent preferred to cheat
instead of working on and enjoying the task.

BEHAVIOUR & INFORMATION TECHNOLOGY 15

that task participation increases if the worker is more
interested in the task. In this setting, we used gold ques-
tions and a reputation system to prevent malicious
behaviour. Here, we repeated the experiment without
those cheating deterrents. Figure 13 shows that the posi-
tive effect of interesting questions on task participation
disappeared. The monetary reward was the stronger
incentive and the agent preferred to earn more by
answering quickly and negligently instead of properly
working (and possibly enjoying) the task. This is an
insight to consider for task designers. While making a
task more interesting, e.g. through gamification, can
be beneficial to the participation rate, the additional
effort of increasing the interestingness can be wasted if
one does not prevent malicious behaviour at the same
time.

Our model can also help explain why crowdworking
is so prone to cheating compared to other employment
and marketplace situations. In Figure 14, we measured
the amount of cheating in relation to the number of
task-givers. Each task-giver evaluated the worker’s per-
formance using gold questions, but no reputation sys-
tem is used. One can see that in a small market, the
worker agent is deterred from cheating. Increasing the
number of available tasks, however, correlated directly
with the amount of cheating. The agent no longer had
to fear that being excluded from one task would result
in a substantial drop in income. Instead, it could just
move on to the next of the many available tasks. The
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Figure 14. The larger the pool of available tasks, the more the
agent cheats. Measuring the percentage of actions taken for
an increasing number of available tasks. Each task contained
10% gold questions and a worker was blocked from the task if
they failed 3 gold questions. However, no reputation system
across tasks was used. In a small market with few tasks, the
agent answered mostly diligently and there was nearly no
cheating. In a market with a large pool of tasks, like in crowd-
working, the worker had a high incentive to cheat, i.e. answer
negligently.
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Figure 15. Too high reputation levels are detrimental to the num-
ber of answers. Our results show that a high threshold can also
eliminate honest and good workers that just made a few mis-
takes; thus reducing the pool of available workers. This is reflec-
tive of real-world crowdsourcing settings. The plot shows
average number of correct answers received by all task-givers
for different minimum reputation levels and 10% gold-standard
questions. The grey bars show the empirical standard error over
1000 episodes. Requiring a perfect reputation of the worker
actually decreases the number of received correct answers
since the worker makes non-malicious mistakes.

mostly anonymous setting and the many available tasks
allow these dynamics on real crowdworking platforms.
This also explains why reputation systems or the selec-
tion process of high-quality workers are so important on
these platforms to bring back accountability.

Based on this result, one could assume that the higher
the required reputation for a task, the better. However,
to err is famously human and not all incorrect answers
are due to malicious behaviour. Looking at the number of
obtained, correct answers with regards to reputation levels
in Figure 15, one can see that there is actually a drop in
answers for high reputation levels. This is due to the
worker agent being excluded not because of malicious
behaviour but because it made mistakes. A strong mech-
anism of cheating prevention, like the requirement of a
high reputation score, removes workers with malicious
behaviour. However, a high threshold can also eliminate
honest and good workers that just made a few mistakes;
thus reducing the pool of available workers. It can, there-
fore, be beneficial to not require a perfect reputation score
if the aim is to obtain large numbers of answers. This is
reflective of real-world crowdsourcing settings. Kazai,
Kamps, and Milic-Frayling (2012), e.g. set their required
score to > 95%. Gadiraju et al. (2019) identified less-com-
petent workers that have a genuine intent to complete
work correctly but lack the necessary skills. And even
their most competent worker group was not perfect and
had an average accuracy of around 90% for simple and
below 70% for their most complex task. For machine
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Figure 16. Costs and quality of answers need to be balanced.
Average ratio between the number of correct answers received
(new information) and the number of questions (normal and
gold = costs). Settings with few gold questions were cheap
but obtained few correct information. Settings with many
gold questions were too expensive compared to the amount
of new information obtained.

learning datasets, it has been shown that perfect answers
are not necessary to obtain useful training data (Algan
and Ulusoy 2021; Frénay and Verleysen 2014; Hedderich
et al. 2021) and imperfection can even be encouraged in
favor of speed (Krishna et al. 2016).

Another crucial aspect for task-givers is cost. The
task-giver pays for each question that is answered. The
higher the percentage of gold-standard questions,
the easier it is to detect negligent behaviour. These ques-
tions with known answers, however, do not provide new
information about the actual task of interest. The task-
giver, therefore, needs to choose a suited ratio between
gold questions and normal questions with unknown
answer (Liu, Ihler, and Steyvers 2013). We inspected
this by running our approach with different probabil-
ities for gold questions and measuring for a task the
ratio of correct answers received and the number of
questions answered (both normal and gold-standard).
This is equivalent to the ratio of new task information
and costs for the task-giver. In Figure 16, one can see
the dynamics that emerged. If the probability for gold
questions was very low (pgo1q = 0.01 in the plot), the
task-givers had low overhead costs, but the quality of
the answers was very poor due to the agent being
inclined to cheat. Increasing the minimum level of repu-
tation and increasing the percentage of gold questions
could increase the amount of correct, new information
received. This was due to the agent being controlled
more strongly and, therefore, less prone to cheat. How-
ever, if the probability for gold questions was too high
(Pgold = 0.3 in the plot) the advantage of higher quality



answers was diminished by the large overhead costs. A
balanced approach between cheating deterrents and
costs obtained the best results here.

7. Discussion, limitations and future work

This paper has proposed a theory and a model of worker
behaviour within the framework of computational
rationality. The core assumption is that workers are
rational, but in a bounded way. In other words, workers
choose actions that optimise their expected rewards - in
this case payout and interestingness — within the bounds
of their observations. Using reinforcement learning we
can utilise this theory to demonstrate adaptive behav-
iour. Our approach explains the behaviour of crowd-
workers with regard to

e task participation and the joint effect of payout, time
effort, and interestingness on task choice,
e task search and the impact of search length, and
 negligent behaviour and cheating, i.a.
- their prevalence in crowdworking compared to
other labor markets,
- the impact on the worker’s experience, and
— the effect of control mechanisms like reputation
systems.

These explanations help in better understanding the
behaviour of crowdworkers. They can also be used by
task-givers to better understand the implications of
their task design in order to improve both their yield
and the experience for the crowdworkers.

We speculate that our theory also applies to further
aspects of crowdsourcing and that these phenomena
can be modelled via rational, optimising worker behav-
iour. Extending the model on the same theoretical basis
will help better model and understand the actions of
crowdworkers and human behaviour in general.

(1) Extending the model to a continuous time setting
will allow the agent to take fine-grained decisions on
how to distribute its effort. We currently simulate our
crowdworking setting in a round-based fashion where
the agent takes discrete actions. While answering neg-
ligently takes less time than answering diligently, the
agent can not decide how much time to spend specifi-
cally on an action. Gadiraju et al. (2019) found more
fine-grained behaviour, e.g. both their ‘competent
worker’ and ‘diligent worker’ are accurate, but the lat-
ter is much slower in answering. This could be
explained by the ‘diligent worker’ being less competent
and making the rational decision to compensate for
their lack of skills with more effort to ensure the
same level of quality and therefore long-term earnings.
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Similarly, they found ‘fast deceivers’ and ‘smart decei-
vers.” While the former behaved equivalently to the
negligent behaviour we encountered, the latter decided
to spend extra time to circumvent the task-giver’s qual-
ity checks. In a continuous time setting, the agent can
take rational and more fine-grained choices on how to
answer a question.

(2) Modelling properties of individuals will provide
more specific explanations. In our model, individual
workers can differ in how they value payout and inter-
estingness, how skilled they are, and how much time
they can spend on crowdworking. Studies found signifi-
cant differences in related metrics like accuracy and par-
ticipation depending on factors such as country of
origin or age group (Kazai, Kamps, and Milic-Fray-
ling 2012; Posch et al. 2019; Rogstadius et al. 2011). In
this work, we focused on the impacts that crowdwork
design decisions have (similar to Scekic, Dorn, and
Dustdar (2013)) and thus aimed at explaining findings
from a large set of empirical studies instead of reprodu-
cing absolute numbers from a specific dataset. Therefore,
we did not study individuals’ properties but chose distri-
butions for the parameters describing the workers and
task-givers. Past works that used the framework of com-
putational rationality on other settings fitted empirical
parameters to specific datasets (Gebhardt, Oulasvirta,
and Hilliges 2021; Jokinen et al. 2021). Using such a
data-fitting approach could consider the distinctive
characteristics of a crowdworking platform and its
users. This could deliver more accurate predictions
when simulating a specific crowdworking environment.
While this would break with our goal of not requiring
a priori behavioural data collection, combining our
approach with a small amount of data collection might
allow modelling more complex behaviours than with a
purely data-driven approach.

(3) Breaking the assumption of constant skills will
enable modelling learning effects in workers. We cur-
rently simulate the expertise of a worker by a value
e that gives the probability of a worker w answering
a task 7 correctly if they answer diligently. This allows
us to model workers of different skill levels and different
areas of expertise. It assumes, however, that the exper-
tise is constant. This might not always be the case.
Han et al. (2019) found a positive learning effect
where workers provide better answers as they progress
through the questions. Similarly, Rabiger, Spiliopoulou,
and Saygin (2018) identified a learning and an exploita-
tion phase for the workers. Workers who had reached
the exploitation phase were faster and more reliable.
Task-givers are often aware of the need for learning
and provide instructions or even training phases (e.g.
in Lin et al. 2014) and ideas have been proposed to
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actively train workers on platforms (Doroudi et al. 2016;
Matsubara et al. 2021; Singla et al. 2014).

Besides the possibility to model learning effects in
workers, removing the assumption of constant skill
will also open the approach to investigating interest-
ing behaviour in task-givers. Task-givers could take
rational decisions on how much to invest in the
training of their crowdworkers, e.g. through paid
example questions, for higher quality results in the
long term.

(4) Multi-agent reinforcement learning will make it
possible to model interactions between crowdworkers.
Our modelled crowdworkers currently interact solely
with the crowdworking platform, selecting and working
directly for task-givers. However, not only the task-
givers are competing on the crowdsourcing market,
but also the workers. Hara et al. (2018) report that
workers registered for multiple tasks of interest at the
same time to save them for later and to prevent them
from being taken by others. Workers can also interact
in collaborative ways, such as using outside platforms
to rate and discuss task-givers (Gupta et al. 2014; Irani
and Silberman 2013; Martin et al. 2014; Mclnnis
et al. 2016). In works such as Chang, Amershi, and
Kamar (2017), task-givers even encourage on-platform
collaboration between workers on tasks. Multi-agent
reinforcement learning (Zhang, Yang, and Basar 2019)
provides a challenging but exciting option to extend
our approach; keeping the simplicity of our agent’s
rational goals but allowing inter-worker relations to
emerge.

(5) Beyond Crowdworking. In this work, we focused
on crowdworking as a marketplace that is highly rel-
evant to fields such as social sciences, human-computer
interaction, and machine learning, and that has also
received extensive study in the literature. In Section 6,
we already hinted at the possibility of studying smaller
markets when scaling the number of task-givers. More
generally, crowdworking is just one type of scenario
where there are multiple tasks available and a human
actor must, under partial observability and delayed
rewards, decide how to invest their time and energy.
The same principles apply to many other situations in
life: a student must choose between courses with goals
ranging from life enjoyment to future career perspec-
tives. In the working life, an employee must choose
how to attend to different tasks as part of complex
business environments. And in the domestic setting, a
person chooses every day between a large set of possible
activities with varying types of rewards. We see the
transfer of the presented approach to these settings as
fascinating future work to help understand and explain
human behaviour in different environments.

8. Open science

We make our model platform publicly available as open
source online' to foster further explorations in the area
of crowdworking and simulation of human behaviour in
general. The model can be used as a component for a
larger simulation or alternatively directly with our
crowdworking environment. It also contains a code
tutorial to introduce the model platform.

9. Conclusion

In this work, we proposed a theory to explain crowd-
worker behaviour: the worker maximises the expected
value of their actions, measured in payout and interest,
under the limitation that they have restricted knowledge
of the crowdworking platform. Using the recent
advances in deep reinforcement learning, we showed
that a model based on this theory replicates the behav-
iour reported in empirical works on human crowdwor-
kers. We studied three areas that are relevant to task-
givers and that have interesting long-term effects,
namely task participation, negligent behaviour, and
task search. We further explore the issue of cheating,
explaining facets like its prevalence on crowdworking
platforms compared to other marketplaces or why
requiring a perfect worker reputation can be detrimen-
tal to task-givers. We also discuss how our theory could
explain a wider range of aspects in the crowdworking
space in future work. To foster further research, we
make our modelling platform publicly available.

Note

1. https://github.com/m-hedderich/crowdworkersimulation
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Appendices
Appendix 1. Code and tutorial

The online repository” contains the documented code of the
crowdworker RL platform along with a tutorial (as Jupyter
notebook and PDF) on how to modify, train and evaluate
the model. This is made available online under an open-
source license.

Appendix 2. Model and implementation
details

The specific parameters and distributions differ largely
between crowdsourcing platforms and between studies in
the literature. We, therefore, tried to choose reasonable
default settings.

If not specified otherwise, we used the same parameters
and distributions for all experiments. For the properties that
are beta-distributed, we chose B(10, 10) which has a mean
of 0.5 and a symmetric shape similar to a normal distribution.
For the number of questions per task, the distributions range
was scaled to [0, 100], and for the interest factor t,, it was
shifted by —0.5. For the worker’s expertise e,, we chose
B(40, 10), which has a mean of 0.8, as we assumed that
most task-givers create their tasks so that they match the skills
of the workers on a platform. We set | 7| = 5, cnegligent = 0.1,
Cselect = 1, by, =50, A2, =1 and A}, = 0.5. If not specified
otherwise, the task-giver introduced gold questions with a
probability of 0.1 and banned the worker if 3 of these ques-
tions were answered incorrectly. The workers started with a
reputation of r = 1 which was decreased by 0.05 for every
incorrectly answered gold question and increased by the
same value for a correct answer. All values were reset or
redrawn from the corresponding distribution at the beginning
of each episode.

We trained each agent for 10M timesteps, reducing the
random exploration rate from 1 to 0.05 over the first 20% of
the timesteps. The learning starts after 500 timesteps. For all
other hyperparameters, we follow the default settings of Sta-
bleBaselines3 for QR-DQN: discount factor 0.99, 200 quan-
tiles, learning rate 5e—5, ReLU activation function, and
Adam optimiser. For the analysis, we ran the trained agents
for 1000 epochs and reported the mean over the episodes of
our analysed metrics as well as the empirical standard error.
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