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Preface

This thesis marks the end of my Master’s in Computer Science at Delft University of Technology. When I
first encountered the topic of crowdsourcing incentive design, I was drawn to the possibility of working on
something with real impact. Behind every AI system being built today, there are people doing the quiet,
unglamorous work of labeling data and validating outputs, which has little regulatory protection and few
guarantees of fair compensation. Better compensated and more motivated workers produce higher quality
data, which in turn leads to more reliable and robust intelligent systems. In this way, improving incentive
design is not just about protecting workers — it is also about helping the tech industry build better products.
Supporting both sides of this equation felt like a direction worth pursuing.

The process of building and evaluating the Wizard of Incentive was as much a learning experience as it
was a research exercise. I am grateful to my supervisor, Dr. Ujwal Gadiraju, for his guidance and patience
throughout this project, and to Dr. Myrthe Tielman for her valuable feedback. I’d also like to thank everyone
who participated in my user study and helped me collect data for my research, as without you, I wouldn’t
have been able to finish this chapter.

Macsim Violeta‐Mara
Delft, June 2026
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Summary

The rapid growth of artificial intelligence has driven demand for large volumes of real‐world data, making
crowdsourcing an essential practice. However, crowdsourcing remains largely unregulated, with minimal
disclosure of compensation practices in academic literature or dataset documentation. This lack of trans‐
parency undermines two important goals: collecting high‐quality, realistic data for AI systems, and ensuring
fair treatment of workers. Without clear guidance on incentive design, it becomes difficult to distinguish
between requesters’ lack of knowledge and poor practices—a problem that affects both data quality and
worker welfare.

To address this gap, a wizard tool was developed to guide requesters through the process of designing pay‐
ment schemas for crowdsourcing tasks. A user study was conducted to investigate how structured guidance
affects incentive design: first, by comparing designs created with and without the tool, and second, by ex‐
amining whether the tool produces consistency in compensation decisions across different requesters. The
study evaluated both the designs participants created and their feedback on the tool itself.

The analysis reveals three primary insights. First, the tool’s primary strength lies in structuring the design pro‐
cess rather than fundamentally altering participants’ compensation decisions. The extent towhich structured
guidance benefited participants depended significantly on their prior experience with crowdsourcing, sug‐
gesting that the tool’s value is contingent on user expertise. Second, the tool produced convergence around a
limited set of high‐level design elements, though participants used varied implementation approaches within
these patterns, such as specific bonus sums. Lastly, the tool was not met with immediate rejection across
different user types: participants found the information it provided useful and it notably reduced the time
needed to produce a basic incentive design.

These findings indicate that the tool could serve a valuable function in documenting and contextualizing
design rationales, capturing the constraints and considerations that shaped dataset creation decisions. How‐
ever, realizing the tool’s full potential as a design aid requires enhancements to customization options and
user experience refinement. Despite these limitations, the tool shows promise as an educational resource
for introducing beginners to crowdsourcing incentive design, offering a structured entry point into a complex
domain.
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1
Introduction

Over the past decade, Artificial Intelligence (AI) has rapidly become a central topic of interest across nu‐
merous disciplines [32]. This increasing attention has been accompanied by a growing demand for large
volumes of real‐world data [69], which are essential for the deployment pipeline of AI systems into everyday
life. Researchers have increasingly leveraged the vast number and diversity of online users to collect data
for training machine learning models – a process commonly referred to as crowdsourcing. In effect, crowd‐
sourced datasets form the foundation of many AI pipelines, supporting tasks such as data labeling, validation,
and model fine‐tuning that lead to a better generalization of machine learning (ML) systems [73].

Crowdsourcing marketplaces, such as AmazonMechanical Turk1, Prolific2 or Appen3 (formarly known as Figure
Eight) marked a shift in crowdsourcing by introducing financial compensation as an incentive for participation,
transforming what was once primarily a voluntary activity. Since then, incentive mechanisms have become a
standard practice in the design of crowd‐based tasks, where a job typically consists of a small, well‐defined
task or piece of work completed by an online participant.

Within Human Computation and Human–Computer Interaction, researchers are actively investigating how
to design crowd computing tasks that maximize mutual benefit for all involved parties [53, 85]. Yet, although
incentive structures play a crucial role in shaping participation and job outcomes [18], they are frequently
underreported or described only in broad terms [50], limiting the reproducibility and cumulative progress of
research in this area.

1.1. Payment - A Taboo Subject
Research aimed at improving crowdsourcing outcomes is extensive, spanning worker–task matching based
on skill or task complexity [23, 38, 15], studies on how to formulate clear instructions and design effective
user interfaces [72], and even work into additional motivators that complement monetary compensation [1,
47, 75]. Throughout these, one common issue persists: when payment is not the central focus of the study,
descriptions of worker compensation are often described vaguely or entirely omitted [65].

This lack of transparency can be observed even in studies where monetary reward likely influences the very
phenomena being measured. For instance, Difallah et al. [23] and Bozzon et al. [15] do not report any details
about their payment schemes, despite examining task–worker recommendation. In this circumstance, the
engagement is still up to the worker’s choice of partaking, which could be tied to expected earnings. Such
omissions make it difficult to contextualize findings or understand whether compensation may have shaped
participation patterns, worker behavior, or data quality.

Most crowdsourcing platforms provide limited guidance on how to design fair or well‐structured compensa‐
tion schemes, and few enforce any form of standardized payment. Because this type of labor remains largely
unregulated [61, 30], requesters are not obliged to comply with income standards or to disclose how rewards

1Amazon Mechanical Turk: https://www.mturk.com/
2Prolific: https://www.prolific.com/
3Appen: https://www.appen.com/
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are present and how they are determined. The absence of guidance does not stem from an intentional ef‐
fort to grant utmost freedom to requesters; rather, platforms offer resources for task implementation and
setup [4] and best‐practice recommendations for improving data quality [6], while refraining from providing
comparable support for compensation design.

1.2. Study Motivation
As the ongoing “AI boom” continues to drive demand for large and diverse datasets, reliance on crowdsourc‐
ing is expected to grow accordingly [27]; this trend that has been visible since the early stages of web‐based
crowdsourcing. For many individuals, participation in these platforms represents a meaningful source of
income [30], which highlights the importance of payment structures in the design of crowdsourcing jobs.
Despite the extensive usage of this form of labor, crowdsourcing remains largely unregulated, leaving work‐
ers vulnerable to unfair compensation and inadequate treatment. From a requester’s perpective, priority is
given more to defining task objectives and data collection strategies over determining how workers should
be compensated.

At the same time, crowdsourcing platforms provide limited support for compensation design. Although plat‐
forms may enforce minimum payment requirements, they offer little to no guidance on how to design fair
and effective compensation schemes. For individuals with limited or no prior experience in crowdsourcing,
this lack of structured support can make the process feel overwhelming. The absence of tutorials, practi‐
cal recommendations, and transparent examples from previously published jobs leaves requesters without
clear reference points for informed decision‐making. As a result, compensation choices may be made with‐
out fully understanding their implications, and this seemingly benign lack of knowledge can easily lead to
workers being underpaid, often unintentionally [61].

Although crowdcomputing tasks differ in purpose, they share a common goal: to obtain high‐quality data
efficiently from human contributors. Motivation therefore plays an essential role in achieving reliable results,
and challenges appearwhen the objectives of requesters andworkers do not align. Literature remains divided
on whether monetary incentives reliably improve data quality. Yin et al. [87] report that occasional bonuses
can enhance worker performance, and Kazushi and Bernstein [42] find that even non‐monetary rewards,
such as physical goods, can decrease engagement. On the hand, Litman et al. [58] showed that higher pay
may attract spammers or bots, ultimately having negative impacts on the crowdcomputing pipeline.

Considering these mixed feelings, monetary compensation cannot yet be dismissed as an important compo‐
nent of job design. Besides having a great impact on output quality, payment plays a significant role in who
will participate in a study [62]. Intelligent systems trained on crowdsourced datasets are at risk of propagating
false assumptions if the underlying data is uneven, faulty, or prejudiced [7].

Despite its importance, data quality considerations are not consistently reflected in academic literature
and reports on crowdsourcing studies, where payment practices are often insufficiently documented, even
though compensation constitutes a central element of the experimental design. This lack of clear and struc‐
tured reporting hinders the reproducibility of prior studies and limits the ability to build reliably on existing
findings.

The importance of data quality is also not reflected in academic literature and reports on crowdsourcing stud‐
ies: they do not consistently document payment practices, even though compensation is a core component
of the experimental design. The lack of clear and structured reporting makes it difficult to reproduce prior
studies and to build reliably on existing findings.

As of recently, guidance on what should be included in such reporting already exists. S. Kaur [50] provides an
overview of how incentives are currently structured in crowdsourcing research and presents a streamlined
checklist of components that together form a complete incentive schema. This raises a new set of questions:
what might a tool designed to support researchers in creating incentive schemas look like? How could it
shape the way that participant rewarding looks like?

1.3. Research Scope
The term incentive encompasses a wide range of mechanisms for motivating participation in crowdsourcing
systems (as discussed in section 2.2). Among these, monetary payment remains a central and widely used
driver of worker engagement in today’s digital platforms. For this reason, this study focuses on how to assist
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people in designing paid incentives for workers and how compensation can be expressed in a clearer and
more consistent way.

Given the ongoing evolution of crowdsourcing research, this study focuses specifically on compensation
design within academic crowdsourcing contexts, with the aim of improving data collection practices and
provide bigger worker satisfaction. Due to the wide range of platforms and online environments in which
crowdsourcing jobs can be deployed, each with its own requirements, the scope is further restricted to
scenarios involving Prolific, a platform known for enforcing aminimum compensation rate based on estimated
task completion time in order to publish.

The main goal of this work is straightforward: to provide a the foundations for tool that addresses existing
gaps in incentive design for crowdsourcing. When consideredmore broadly, however, this goal encompasses
several related objectives. First, the tool aims to help requesters design incentive schemes more efficiently
by reducing the effort needed to determine appropriate compensation, while supporting the creation of task
setups that lead to higher‐quality data. Second, it seeks to encourage fairer and more suitable compensation
practices for workers by promoting more deliberate and informed decision‐making.

Beyond individual job design, this work also aims to provide a starting point for reducing ambiguity in how
incentive structures are reported and for improving transparency around dataset creation through the devel‐
opment of this tool. Empirical validation of the tool’s effectiveness in this trajectory is beyond the scope of
this study, as it would require a multi‐stage user evaluation with more detailed and time‐intensive tasks re‐
quested from the participants from the initial stage. Due to time constraints and concerns about participant
fatigue which can compromise the validity of the results, the evaluation was restricted to a single session
focused on users’ interactions with the tool.

Based on this, the study aims to answer the following research questions:

RQ1: How do descriptive and prescriptive incentive guidance tools affect payment structures de‐
signed by task requesters?

Incentive design in crowdsourcing has traditionally been carried out without formal guidelines, limited input
from domain experts, scarce educational resources, and minimal support from crowdsourcing platforms. As
a result, requesters often rely primarily on personal judgment and intuition when deciding how to compen‐
sate workers. Without a formed mental model to build on, repeated exposure to the same design decisions
can gradually consolidate into habit of relying on the same design that has been proven to work before. This
raises the question of whether additional guidance during the incentive design process can encourage re‐
questers to consider a broader range of available options and construct more nuanced payment structures.
Is this observation a result of a lack of awareness of alternative incentive components and their possibilities,
such as bonuses, performance‐based rewards, and the incorporation of metrics, or does it simply reflect a
preferred method or a simple solution for spending less time on this mandatory component of deployment?
For individuals new to this domain, would a simple “nudge” be sufficient to help them achieve better out‐
comes from the outset, with less need for trial and error learning? This study compares different levels of
guidance to determine whether increased support leads to more complex and thoughtfully structured pay‐
ment schemes, or whether requesters continue to prefer simpler approaches regardless of the assistance
provided.

RQ2: How do descriptive and prescriptive incentive guidance tools affect the variability of solutions
across different task requesters?

Incentive design in crowdsourcing closely resembles an ill‐structured problem— a situation that lacks a single
correct solution and does not provide fixed or universally accepted evaluation criteria [46]. Under these con‐
ditions, similar tasks can be expected to yield a wide range of compensation strategies, shaped by individual
interpretations, assumptions, and judgment. A key reason to study solution variability is therefore to un‐
derstand whether guidance tools can meaningfully counteract this ill‐structuredness, or whether requesters
continue to diverge even in their presence. When a tool presents a bounded set of incentive options, it
narrows the design space, but it remains an open question whether this actually brings requesters closer
together in practice. Would they gravitate toward similar choices when options are constrained, or continue
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to spread across the available range regardless? Requesters might still diverge considerably, anchoring on
different defaults or interpreting the same guidance in different ways, making it important to empirically test
how much of that variability guidance tools can actually absorb.

Beyond the design process itself, variability in incentive schemes has direct consequences for the workers
on the receiving end. When two requesters independently design incentives for tasks of equivalent com‐
plexity and effort, the resulting schemes should ideally be comparable; yet without guidance, there is little
reason to expect they will be. High cross‐requester variability means that workers performing equivalent
work may be compensated very differently depending on who happened to post the task, making variability
a fairness concern independent of whether any individual scheme is well‐designed. This inequity also has
consequences at the platform level: when incentive structures are inconsistent across requesters, workers
cannot reliably anticipate compensation for a given task type, which undermines their ability to make in‐
formed participation decisions. Guidance tools that reduce this variability therefore carry implications not
only for individual requesters, but for the predictability and fairness of the crowdsourcing ecosystem as a
whole.

1.4. Summary of Contributions
This research makes three primary contributions to crowdsourcing research and practice.

First, this research introduces The Wizard of Incentive, a guidance tool designed to support the creation of
incentive structures in crowdsourcing. Crowdsourcing platforms typically provide resources for task design
and quality management, but offer little guidance on how to design fair compensation schemes. This tool
addresses this gap by walking requesters through key decisions about base pay, bonuses, penalties, and
payment logic. By doing so, the wizard helps designers surface and articulate design considerations that
they might otherwise miss or struggle to put into words.

Second, the study provides an empirical analysis of how incentive guidance tools affect the shape of crowd‐
sourcing incentive designs. Through a user study, it examines how adding a layer of descriptive or prescrip‐
tive guidance transforms the way monetary incentives are applied — what the resulting designs look like and
to what extent personal interpretation and subjective judgment still drive divergence when the design space
is explicitly constrained. This directly addresses the ill‐structured nature of incentive design, where the ab‐
sence of a single correct solution leaves room for individual assumptions to shape outcomes, and raises the
question of how much that changes when a tool is introduced.

Third, foundational knowledge is provided on the viability of tool‐assisted incentive design. While adoption
challenges might persist, as with any new tool introduced into established workflows, this research examines
how such guidance is perceived by users and identifies design gaps that limit adoption. The findings establish
a foundation for determining whether continued investment in tool development is warranted, and what
design improvements would increase adoption and effectiveness across different user groups.

1.5. Thesis Structure
This thesis is structured as follows. chapter 2 presents the theoretical foundations underlying crowdsourc‐
ing and incentive design, establishing the conceptual framework for the study. chapter 3 then describes the
design and implementation of the tool, outlining its structure, functionality, and the rationale behind its de‐
velopment. chapter 4 details the research design, including the experimental setup, participant procedures,
data collection methods, and analytical approach. chapter 5 reports the findings of the study, presenting
both qualitative analyses and supporting indicators. chapter 6 interprets these findings in light of the re‐
search questions and existing literature, while also addressing the limitations of the study. Finally, chapter 7
summarizes the main contributions and outlines directions for future research.



2
Theoretical Background

This chapter establishes the conceptual foundations underlying incentive design in crowdsourcing. It begins
by tracing the evolution from volunteer‐driven initiatives tomonetized labormarkets (section 2.1), then intro‐
duces the key elements that comprise incentive structures (section 2.3). Theoretical and empirical research
on how incentives shape worker behavior is examined in section 2.2, while section 2.4 surveys existing guid‐
ance and tools for job design. By identifying gaps in support for compensation design, the chapter motivates
the need for the tool developed in this research.

2.1. From Volunteering to Monetization
The concept of crowdsourcing first appeared in 2006 in Wired Magazine, where Jeff Howe described it as
“the act of taking a job traditionally performed by an employee or contractor and outsourcing it to an undefined,
generally large group of people [41].” At that time, the concept itself was still not clearly defined, even though
it was already widely practiced. Open‐source platforms like Wikipedia and Waze 1, participatory product
design studies [14, 13], and early “citizen science” projects [26] were all thriving around the 2000s – well
before they were formally recognized as part of the crowdsourcing paradigm.

Participation in these early initiatives was primarily motivated by curiosity, collaboration, or the sense of
shared community rather than financial incentives. Contributors were motivated by the desire to support
a successful outcome or contribute to a broader societal good. However, the new emphasis on machine
learning revealed a potential for practical and commercial value of large‐scale human input [58], especially
for data collection, labeling, and validation.

The launch of Amazon Mechanical Turk in 2005 marked one of the first major steps in integrating this long‐
practice form of collective work within Web 2.0 [17], making it easier to share paid microtasks with a broad
and distributed online crowd [53]. This new scalability brought the concept of human computation proposed
by von Ahn [2] into practice, paving the way for broader applications of human contribution in AI develop‐
ment. Following this milestone, several crowdsourcing marketplaces were released (e.g. Clickworker 2, Appen,
Prolific, etc.), formalizing the practices of this method of online collaboration. Beyond their technological sig‐
nificance, these platforms gave rise to new forms of digital labor and economic opportunities [30].

The crowdsourcing process involves two main actors: the requester (task initiator) and the worker (partici‐
pant). It begins when a requester posts a task on an online platform, making it accessible to registered users.
The nature of these tasks can vary, commonly including activities such as classification, survey completion, or
data annotation [67]. Workers browse available tasks, select those they wish to complete, and carry out the
required work in accordance with the requester’s instructions. Once submitted, the requester can review
the output against predefined criteria or quality benchmarks to determine whether it meets the required
standards. Payment is issued to the worker once the task is verified and accepted as successfully completed
[43].

1Waze: https://www.waze.com/company
2Clickworker: https://www.clickworker.com/
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2.2. Incentives in Crowdsourcing
In the current context of online‐deployedmicrotasks, money is a primary motivator [88], but not a sole driver
of participation, motivation, retention and quality [10]. This has lead researchers to explore a wide range
of options that capture both direct reward structures and indirect behavioral drivers embedded in platform
design.

Monetary incentives Such rewards represent the most common form of motivation in online crowdsourc‐
ing platforms, which require payment for all tasks (Prolific even suggesting a minimum sum based on their
definition of fairness [36]). A typical payment structure includes a base pay [33, 16], either set as a fixed
amount or derived from an estimated hourly rate, and may be complemented by bonuses that reward spe‐
cific behaviors or results [87]. These bonus schemes can vary considerably, ranging from random‐based
awarding to performance‐dependent incentives [39] or additional payments for completing particular sub‐
tasks.

Material incentives This type of incentive refers to non‐monetary, tangible rewards offered to workers
in exchange for their contributions. They may include gift cards [42], discount vouchers, symbolic items
or merchandise. Such rewards can sometimes be perceived as a more personal or thoughtful expression
of appreciation compared to standard monetary payment. Their main limitation, however, stems from the
variety of worker preferences; what requesters give as options may be irrelevant or unappealing to them.

Intrinsic motivation This type of motivation attracts workers to participate as they find the activity in‐
teresting, enjoyable or personally meaningful, much like the early ethos of volunteer‐based crowdsourcing.
Examples of sources of motivation can be the desire to learn a new skill [49], enjoyment and challenging
tasks or satisfaction sourced from contributing to a meaningful project or social cause [74].

Gamification Elements of play, competition or recreational challenges are integrated into a task to improve
worker focus and motivation. This can involve comparison through point systems and leaderboards [25],
mission‐based goals and achievements [55], progress feedback or framing the task within a compelling story
[78]. These aim to make the environment more enjoyable and reduce the sense of obligation and routine
labor, supporting sustained motivation [3].

Reputation This form of reward highlights workers through status markers like approval rates, badges, or
expertise tiers, which determine their access to tasks. Since platforms have the option to reserve higher‐
quality or better‐paying jobs for workers with strong reputations, thesemarkers provide a powerful incentive
to perform well [44].

2.3. Elements of Incentive Formulas
Kaur’s literature review [50] highlights the multilayered nature of monetary incentive structures in crowd‐
sourcing. The review identifies two fundamental components: a base pay, which is typically required by
most platforms, and bonuses, which are optional and whose complexity depends entirely on the requester’s
design choices. Given the number of possible variations and design decisions involved, it is unsurprising that
many requesters rely solely on base pay and overlook opportunities to construct more tailored or strategic
reward schemes.

Base pay The base payment is generally mandatory for publishing a task on crowdsourcing platforms and
represents the minimum compensation a worker receives upon completion. Requesters commonly deter‐
mine this amount in one of two ways: either by using an inferred pay rate based on external standards
or heuristics (such as estimated hourly wages or task duration), or by assigning a fixed completion reward
independent of performance. Despite its apparent simplicity, the base pay plays a crucial role in shaping
expectations and effectively “advertising” a task [62], as it is the amount clearly shown when a job is listed
on the platform. Workers typically interpret this value as guaranteed income and use it as a reference point
when planning and pursuing their earning goals [40].



2.3. Elements of Incentive Formulas 7

Bonuses Bonus rewards are an optional component that introduce additional flexibility into incentive de‐
sign and tend to be more complex to compute. They can be used to reinforce high‐quality work, reward task
completion, or even motivate participation before the work begins, as in the case of lottery‐style incentives.
Performance‐based bonuses may take both positive and negative forms: workers may earn additional com‐
pensation for strong performance, while cheating or poor‐quality submissions may result in reduced bonus
payouts (though never reducing the base pay). Performance can be evaluated using predefined thresholds
or dynamic scoring systems, and while various metrics can be employed, accuracy remains one of the most
commonly used indicators when determining bonus eligibility.

Motivation behind the reward When creating a monetary incentive scheme, the requester must consider
not onlywhich elements to include (for example, base pay or bonus structures), but alsowhy each component
is being used. Motivation provides the fundamental logic that guides payment design, and thus plays an
important role in shaping the incentive formula, despite not being a component itself.

Research shows that different payment choices signal different expectations to workers. Mason and Watts
[62] demonstrate that higher base pay attractsmoreworkers and sets an anchor for howmuch effort workers
believe is appropriate. This is particularly relevant for requesters who need rapid recruitment or high task
throughput, since a stronger base payment not only increases participation but also encourages workers to
take onmore tasks. In contrast, if the requester only needs feedback, or the task is short and straightforward,
investing heavily in base pay may not meaningfully influence results.

Performance motivation introduces additional considerations. While Mason and Watts find no clear link be‐
tween higher pay and accuracy, laterwork suggests that increased pay can draw in a broader range ofworkers
[68]. Depending on the task, this can be beneficial—diversity can improve idea generation or robustness—
but it can also mean that workers with lower expertise attempt tasks that require specialized judgment. In
such cases, bonuses tied to quality may be more appropriate than raising the base payment, as they provide
a targeted mechanism to motivate careful or skilled work without inflating the reward for all participants.

Bonuses themselves can serve multiple motivational roles: encouraging high‐quality performance, reward‐
ing extra effort, stimulating competition, or signaling that accuracy matters. Kaur [50] notes that complex
bonus schemes are used to make workers more aware of accuracy expectations and more deliberate in their
responses. Despite this, only about a third of the reviewed studies explicitly discussed the intended goal
behind using such incentives. This suggests that researchers may either overlook the motivational rationale
behind bonus design or consider it secondary, despite prior work showing that these intentions can actually
influence worker behavior.

Incorporating bonuses into an incentive design therefore requires requesters to decidewhat type of behavior
they aim to encourage (eg. precision, speed, thoroughness, or engagement) and which bonus structure best
aligns with that goal. Prompting users to reflect on these goals from the beginning appears to be essential:
it establishes a clear rationale that can help them decide what base pay is appropriate, whether a bonus is
necessary at all and, if so, how it should be structured to effectively serve its purpose.

Communication of the reward Beyond the design of the reward itself, the way compensation is communi‐
cated to workers plays an important role in shaping their behavior and their perception of the task’s stakes.
Clear and transparent communication has been shown to foster trust between requesters and workers [9].
In a setting where many workers seek to meet self‐defined income goals [40], such trust can soften the
purely transactional nature of the requester–worker relationship. Workers can also rely on online commu‐
nity platforms, such as Turkopticon3 and MTurk Crowd4, to share experiences with requesters and signal fair
or unfair practices to others. As a result, treating workers fairly and communicating expectations clearly can
enhance a requester’s visibility and reach, as positive reputations may encourage broader participation and
sustained trust among workers.

Effective communication of compensation details also directly influences worker behavior during task exe‐
cution. Explicitly stating potential penalties can discourage careless or dishonest responses, while clearly
described performance‐based bonuses can motivate workers to invest greater effort. Although workers
generally expect to receive payment upon task completion, transparency around reward structures, bonus

3Turkopticon: https://turkopticon.net/
4MTurk Crowd: https://www.mturkcrowd.com/

https://turkopticon.net/
https://www.mturkcrowd.com/
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conditions, and evaluation criteria helps align expectations and reinforces trust in the task design. Together,
these communication practices support both fair treatment of workers and the collection of higher‐quality
data.

2.4. Research on Monetary Incentive Tuning
It is widely acknowledged that most workers use crowdsourcing platforms as a source of income [5]. In this
context, financial incentives have become a central motivational factor, directly influencing worker engage‐
ment. This has motivated extensive research into how payment structures can be optimized to meet the
needs of both workers and task designers, resulting in a wide range of compensation strategies. Although
efforts have also focused on understanding how compensation influences data quality, there is no clear
consensus [42].

Apart from figuring out an appropriate base pay, one other trajectory of research was identifying a good
way of paying workers: either telling workers during the job that they are getting awarded, or implicitly
keeping the after‐completion rewarding. Ikeda and Bersnstein [42] found that letting workers know the
added payment sum after completing 10 sub‐tasks led to 15% more completed tasks.

Some researchers also explore reward uncertainty and risk‐based incentives to examine their impact on
worker behavior. Rula et al. [76] tested weighted lottery payments, where workers who completed five
tasks increased their chances of winning a gift card. They found that participation rose, although the overall
quality of submissions was lower than under standard micro‐payments. Tie et al. [60] instead implemented
an all‐pay mechanism, in which only a small number of top submissions received rewards. Their results
showed that a subset of workers, were notably more motivated and engaged under this scheme, achieving
the best results on highly‐skilled workers. At the same time, the highest‐quality submissions improved, while
keeping the required funds for the job low, since only the best contributors needed to be compensated.

There is also lots of research examining how bonuses can motivate workers to produce higher‐quality work
rather than large quantities of low‐value submissions, yet findings remain mixed [39, 87]. Ho et al. [39]
reported that workers who received no bonuses performed worse than those who obtained at least some
bonus reward. However, simply making workers explicitly aware of the bonus structure did not significantly
improve performance. This pattern may be influenced by how online platforms administer bonuses: re‐
questers must review a submission before deciding whether to award a bonus at all. As a result, workers
may behave more attentively not because of the bonus itself, but because of the implicit sense of being
“evaluated”.

An interesting alternative “incentive” strategy is introduced by C. Harris [34], who adapts the corporate
practice of pay‐to‐quit to crowdsourcing. He shows that the effectiveness of this method depends heavily
on how the offer is presented visually, as workers may easily ignore or dismiss the notification. Simply asking
workers whether they wished to quit had little impact, as those performing poorly often chose to continue
regardless. However, when the quit option was accompanied by feedback comparing their performance to
that of other workers, low‐performing participants were more likely to recognize their lack of abilities and
opt out.

2.5. Guidance for Job Design
A crowdsourcing job consists of several interconnected components; among them are the content and pre‐
sentation of the task, the workflow structure, and the compensation offered to workers [66]. Its success
depends on achieving an effective balance across these elements. Consequently, substantial research has
focused on developing tools and frameworks that support requesters in designing better tasks.

Tools for improving task design are very common. CrowdForge [51], for example, allows requesters to decom‐
pose complex tasks into smaller, manageable micro‐tasks and later integrate their results into a coherent final
output. This approach has made it possible to design jobs that go beyond simple labeling, such as creating
reasoning datasets or generating paraphrases. Crowdweaver [52] extends this idea by offering a visual in‐
terface for organizing and orchestrating task decomposition pipelines. It allows requesters to specify which
steps require human input and which are automated, and provides fine‐grained control over parameters such
as inter‐worker agreement thresholds and acceptable amount of time since nobody has started the job.

AUTOMAN [8] represents a notable advancement in tooling for crowdsourcing: it integrates human compu‐
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tation directly into a programming language while guaranteeing a target level of answer quality. The system
dynamically adjusts payment when current responses appear unreliable to improve the chances of attracting
highly‐skilled workers and continuously estimates answer correctness in real time by comparing contribu‐
tions from multiple workers. A task remains active until AUTOMAN determines that the required confidence
threshold has been met.

In contrast, resources that assist researchers in constructing payment formulas are scarce. Although many
crowdsourcing tasks rely on monetary incentives, existing materials typically offer only high‐level recom‐
mendations rather than concrete guidance on how to structure compensation. For example, Northwestern
University’s “Guidelines for Academic Requesters” [24] provide valuable advice on deploying tasks on Ama‐
zon Mechanical Turk, including several points directly or indirectly related to fair pay. However, these guide‐
lines do not explain how to assemble a coherent payment schema. Similarly, the platform Prolific outlines
its principles for fair compensation [71], focusing on minimum wage expectations, and provides a separate
article detailing how to issue bonus payments [70]. Yet, these documents offer little context on how bonuses
should be integrated into an overall incentive structure or how the different components of compensation
interact to influence worker motivation and task outcomes.

There aren’t many examples of tools developed to aid this step of the process. Among these, an example is
Fair Work [86], which adjusts payments based on observed task duration to ensure that each worker earns
at least a minimum‐wage‐equivalent rate. However, this approach relies heavily on accurately estimating
task duration, an assumption that may not scale reliably across diverse tasks, requester practices, or worker
populations.



3
Designing the Tool

This chapter presents a proposed solution to the previously identified gaps in crowdsourcing and describes its
conceptual design. It begins by presenting the tool itself in section 3.1, followed by a discussion in section 3.2
on why a wizard‐based structure is well suited for this context. section 3.3 then outlines the intended user
flow of the tool, and section 3.4 explains how the language of the content is adapted to represent different
levels of guidance. It ends with explaining in section 3.5 how the tool will provide support for reproducibility
of the formula.

3.1. The Wizard of Incentive
Oneof themain challenges in designingmonetary incentives for crowdsourcing tasks is the limited availability
of shared knowledge and practical guidance from experienced practitioners. As a result, requesters are
frequently forced to rely on their own judgment when deciding how to compensate workers and do not
form a mental model of this process. This lack of support can lead to suboptimal incentive structures, which
may negatively affect task outcomes, worker motivation, and the perceived fairness of compensation.

To address these challenges, a tool is proposed to support the incentive design process. The Wizard of In‐
centive 1 is specifically designed to guide requesters through this aspect of a crowdsourcing job. It can be
used both as a preparatory aid, helping users explore available options before finalizing their incentive strat‐
egy, and as a reflective tool, allowing requesters to review and reassess an existing approach. By offering
structured guidance without enforcing a single correct solution, the wizard aims to improve decision‐making
while preserving flexibility and autonomy. Visual examples of the tool’s design can be found in Appendix A.

3.2. Why a Wizard?
Designing incentives for crowdsourcing is a comprehensive process that requires several interlinked deci‐
sions. A natural sequence exists to these decisions, which, if followed, can make the reasoning clearer and
help requesters assemble a coherent incentive scheme.

A software wizard becomes particularly useful in this context. As described by the Nielsen Norman Group
(NN Group) [31], wizards are an interaction design pattern that guide users through a process step by step,
presenting only the information and choices relevant to each stage. By focusing user attention on one part
of the process at a time, a wizard reduces cognitive load and prevents unnecessary distraction from details
that are not yet relevant or no longer relevant.

Compared to a traditional form that presents all fields at once, a wizard helps users avoid feeling over‐
whelmed, especially those unfamiliar with incentive design. For inexperienced requesters, seeing the full
complexity of the process upfront may lead them to fall back on minimal or default choices simply to com‐
plete the task. This could result in suboptimal incentive schemes or compensation practices that workers
perceive as unfair. The NN Group highlights this use case as one where wizards can meaningfully improve
user experience by breaking complex workflows into manageable steps.

1You can download or access the tool at: https://github.com/VIO47/TheWizardOfIncentive

10
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Beyond simplifying the process, a wizard can support learning. Because it mirrors the underlying logic of
incentive design, it can help requesters build a clearer mental model of how payment structures work and
what considerations should guide each decision. In this sense, the wizard not only assists in producing a
well‐designed formula but also trains users to understand and replicate the reasoning behind it [64]. Thus,
the wizard supports a longer‐term goal: encouraging users to reflect more deeply and make more intentional
decisions about their incentive choices, articulating the reasoning behind effective motivation strategies.

3.3. User Flow
The tool is designed to support users in constructing purposeful incentive schemes that are well aligned with
the needs of their specific task. The core elements remain consistent across most circumstances: there is
always a base pay that can be augmented by bonuses, all in pursuit of achieving a goal, and communicated to
workers. It is ultimately the responsibility of the researcher to interpret these components and decide how
they should be adapted to their particular context. Figure 3.1 describes the proposed flow in any scenario
of using the tool.

Figure 3.1: Steps taken during the usage of the tool

First, users are asked to summarize the intent of the crowdsourcing job. This step encourages consideration
of the task as a whole, including the type of data to be collected, the specificity or niche nature of the topic,
the expected difficulty of the task, and the time it may require. This initial reflection supports the subsequent
stages of the process by helping users identify the most important aspects of the task—elements that will
later inform and guide decisions in following steps.

Next, users are prompted to reflect on the underlying goals of compensating workers. This step encourages
consideration of whether additional motivations are intended when offering payment, beyond simply pub‐
lishing the job. It aims to raise awareness of whether a different motivational environment is needed: one
that goes beyond attracting participation and instead influences how workers engage with the task. In some
cases, this may lead to a more complex incentive structure, designed to better align workers with a specific
context or to increase the perceived importance of the task.

Subsequently, users are prompted to considerwhether constraints exist on the amount ofmonetary flexibility
available. This includes reflecting on whether the budget is strict or whether it can be exceeded slightly if
needed. This step is important not only for helping requesters remain aware of potential limitations during
the design process, but also for providing context to others who may later read the job design description,
making it easier to understand why certain compensation amounts or incentive structures were chosen.

After these three stages, the actual incentive design begins.

3.4. Language towards guidance
One of the uncertainties highlighted in section 1.3 concerns the appropriate amount of guidance to provide
without overly constraining users toward a single line of thinking. Consequently, an important aspect to
examine is how this factor influences the tool’s effectiveness, ensuring that it supports decision‐making
while preserving flexibility in the design process.

The introduction of a wizard‐based tool represents a shift from the standard workflow by offering struc‐
tured support. Within this framework, the language and phrasing of the content constitute a key adjustable
element. Prior work has demonstrated that different ways of framing the same information can influence
preferences and decision‐making, even among the same individuals [84]. If language has the capacity to
shape perspectives, it may also affect how much contextual and domain‐specific information about crowd‐
sourcing users are exposed to during the design process.
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3.4.1. Descriptive language
In linguistics, a descriptive approach to grammar refers to how language is used to express states, events,
and relationships [37]. This perspective prioritizes explanation over evaluation and avoids making normative
judgments about what defines a correct or desirablemode of expression. When used extensively, descriptive
language can serve as a technique for providing impartial and objective support. Individuals can reason
about a problem autonomously when the available solutions at a given stage are outlined without being
labeled as right or wrong. Descriptive techniques, which strive for clarification rather than direction [56], are
particularly effective for environments with numerous legitimate answers.

In this context, the initial level of guidance adopts a descriptive approach. Each question presents only the
information necessary for users to reflect on the range of possibilities relevant to that stage of the design
process, without providing additional explanations or justifications for why the step is included. An example
can be seen in Figure 3.2. While minimal, this form of support still represents an improvement over having
no guidance at all, as it introduces structure and direction that would otherwise be absent without the tool.

How will you determine the amount you will award as fixed base pay?
· Just use a flat amount of money
· Estimate pay based on expected completion time

Figure 3.2: Example of descriptive style question

3.4.2. Prescriptive language
In contrast to descriptive approaches, prescriptive grammar focuses on establishing norms that specify how
actions should be performed [37]. Prescriptive language emphasizes correctness, standardization, and ad‐
herence to defined rules, often evaluating alternatives in terms of appropriateness or quality. As a result, it
does not merely describe available options, but actively guides behavior by signaling preferred or acceptable
choices.

How will you determine the amount you will award as fixed base pay?
Fixed payments are easy to implement, but youmust ensure they accurately reflect the effort
required to complete the task.
· Just use a flat amount of money
· Estimate pay based on expected completion time

Figure 3.3: Example of prescriptive style question

When applied within the wizard to shape how the content is presented, this approach provides users with
more explicit guidance regarding the available options, while still allowing them to decide how to address
their specific scenario. An excerpt from the content is shown in Figure 3.3. This form of support represents
a more direct level of handholding, offering opportunities for learning through detailed explanations, such as
outlining potential advantages and disadvantages or referencing practices supported by prior research and
expert experience. However, this level of guidance may also introduce bias into the final outcomes. In some
cases, general rules of thumb may not fully apply to a particular context, and users may be inclined to follow
the suggested options rather than explore alternative solutions, potentially limiting creativity and diversity
in the resulting designs [64].

3.5. Formula summary
Another important dimension of support within the design process is raising awareness of which information
is essential to document and communicate in a final report. Reproducibility relies heavily on specificity [19],
as all factors that may influence the outcome need to be clearly described in order to enable others to
replicate the results under similar conditions.

Although the step‐by‐step structure of the tool already prompts users to reflect on individual elements as
they progress through the design process, a final summary stage remains valuable. Presenting a final overview



3.5. Formula summary 13

of all questions and corresponding answers allows users to revisit decisions made earlier, which may other‐
wise be forgottenwhen the process takes a longer period of time. Seeing all questions and answers organized
in a list also highlights the complexity of the incentive structure, as users can see how many different ele‐
ments are involved. By showing these elements again, the summary stage helps users remember what they
previously decided and increases the chance that important details of the incentive formula are reported.



4
Evaluation

This chapter presents the evaluation of the proposed incentive design wizard and outlines how the research
questions are addressed. It begins with section 4.1 with a detailed description of the methodology, including
the experimental setup, and the three task scenarios under which participants designed incentive schemes.
Then, section 4.2 introduces the metrics and analytical approach used to assess the outcomes, explaining
how qualitative analysis and structured indicators are used to translate data into answers. Finally, the char‐
acteristics of the participant sample are presented in section 4.3.

4.1. Methodology
To answer the research questions proposed in this study, a series of user experiments was conducted. These
experiments were designed to observe how individuals approach the task of incentive design under different
conditions of guidance, and how these differences manifest in the resulting payment structures.

Figure 4.1: The flow of one participant study session

As presented in Figure 4.1, participants were asked to design incentive schemes for crowdsourcing jobs
based on 3 provided scenarios. Each participant was exposed to all three guidance conditions (no tool,
low‐guidance tool, and directed‐guidance tool) presented separately. To minimize learning effects and limit
the likelihood that participants would carry over solutions or strategies from one condition to another, the
task scenarios were intentionally varied across conditions while remaining equivalent in overall scope and
complexity. However, given that the three conditions were conceptually related and incrementally built
upon each other, they were presented in the same sequence: beginning with the condition without any tool
support, followed by the descriptive tool condition, and concluding with the prescriptive tool condition.

14
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Scenario 1 Recent online safety regulations have increased the requirements formoderating user‐generated
content. In response, an online forum platform plans to supplement its manual moderation process with an
automated review step. A crowdsourcing job is set up for creating a dataset for this system. The goal is to
create a dataset that reflects most user behaviors in which user‐generated content, including both text and
images, is reviewed against predefined platform policy rules. Workers are asked to determine whether each
content item violates the policy and, when applicable, to select the appropriate violation category.

Scenario 2 Training data is prepared for a system used by an online marketplace to automatically review
product documentation submitted by sellers across a wide range of product categories. The objective is to
ensure that only products that meet regulatory requirements are added to seller profiles. The documenta‐
tion includes materials such as certificates, declarations of conformity, and technical summaries required for
selling products within the European Union. Workers are asked to examine short excerpts from these docu‐
ments, together with basic metadata such as product category and submission date, to assess whether the
submission complies with a predefined set of regulatory criteria. When non‐compliance is identified, work‐
ers select the most appropriate reason from a set of predefined categories, including missing certificates,
expired documentation, or inconsistencies between the documentation and the product information.

Scenario 3 Training data is prepared for a system intended to support the detection of potentially suspi‐
cious financial transactions for use by financial institutions in the Netherlands. The objective is to identify
as many fraudulent or anomalous transactions as possible while minimizing the number of suspicious cases
that go unflagged for manual review. Workers are presentedwith short transaction descriptions and relevant
supporting data and are asked to assess whether a transaction appears unusual or potentially problematic.
When a transaction is flagged, workers select themost appropriate explanation from a predefined set of cate‐
gories, such as inconsistent merchant information, unexpected transaction patterns, or irregular transaction
amounts.

RQ1 focuses on determining whether different levels of support during the incentive design process result
in more complex payment structures. This research question calls for a within‐subject analysis, in which
each participant’s incentive schemes are compared across the three guidance conditions to assess changes
in structure, complexity, and use of incentive components.

RQ2 requires a between‐subject analysis, as it aims to evaluate how consistent incentive designs are across
different individuals when the same level of guidance is provided. By comparing multiple incentive schemes
produced under identical guidance conditions, this analysis examines whether increased support leads to
greater convergence in design choices and reduces variability between participants faced with similar sce‐
narios.

Additionally, to gain a broader understanding of how the tool is perceived by participants, feedback was
requested after each round regarding their experience (see Appendix C). Participants were also asked to
indicate whether they would consider using the tool in a real‐world setting.

4.2. Metrics
Given the research questions, the study primarily analyzes the tool’s outcomes using a qualitative approach.
At the same time, because one of the scenarios allows participants to freely construct their responses, it
is inherently difficult to standardize those outputs or align them with a clearly defined and standard set of
evaluation criteria.

To answer the first research question, the analysis focuses on the structural breadth of the incentive tree and
the depth of the decision chain that leads to the final reward calculation. Simpler comparative indicators are
also considered, such as the number of “complex” elements included in the schemes under each condition
(especially what elements are omitted in the no‐tool condition), the time required to complete each scenario,
and, where applicable, the length of open‐ended responses provided by participants.

To address the second research question, the metric examines whether incentive schemes created with tool
support exhibit reduced variability and greater similarity across participants compared to those designed
without guidance. In other words, for each condition, the resulting incentive formulas are aggregated and
compared to assess structural similarity. However, the first scenario allows free‐handed design without any
guidance; therefore, the specificity and structure of participants’ responses can vary considerably. To ensure
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comparable data across conditions, the analysis focuses exclusively on the two tool‐assisted scenarios, where
standardized questions shape participant responses.

4.3. Participants
The study recruited 10 participants with different levels of experience in crowdsourcing and incentive design,
who were directly contacted through the university mailing system. Sessions took place in person and online,
with no incentives or rewards offered for participation.

The participant group consisted of computer science students with no prior experience in deploying crowd‐
sourcing tasks, as well as individuals who had designed, managed, or published research involving crowd‐
sourcing. Figures 4.2 and 4.3 provide an overview of the participant background survey results collected
at the beginning of the session. 4 out of 10 participants had prior experience in designing crowdsourcing
tasks, while the majority were classified as beginners, having never used specialized crowdsourcing plat‐
forms. When asked about their views on designing monetary incentives for crowdsourcing tasks, several
experienced participants indicated that comparatively less effort is devoted to incentive design than to task
design. This was reflected either in minimal time spent on incentive formulation (2 out of 10 participants)
or the usage of quick estimates and defaults for determining participant compensation (2 out of 10 partici‐
pants).

Figure 4.2: Distribution of experience with deploying online
crowdsourcing jobs of the participants to the user study

Figure 4.3: Distribution of opinions of participants about
designing incentives for online crowdsourcing jobs

Given the qualitative nature of the study and the small sample size (n=10), formal statistical testing was
not conducted. Instead, descriptive statistics including frequencies, percentages, and proportions were re‐
ported to characterize participant responses across conditions. This approach aligns with the study’s focus
on understanding patterns in user behavior and perceptions rather than testing statistical hypotheses.



5
Results

This chapter synthesizes findings from user study sessions, organizing the aggregated data into two comple‐
mentary dimensions: themeasurable outcomes users achievedwith the tool (section 5.1) and their subjective
perceptions of the tool’s design and functionality (section 5.2). Together, these perspectives provide both
quantitative and qualitative evidence of the tool’s effectiveness and user experience.

5.1. What results were achieved?
Regarding the integration of budget constraints into incentive design, Figure 5.1 shows that 60% of partic‐
ipants (n=6) explicitly mentioned budget considerations when structuring their incentives within the first
scenario, compared to 40% (n=4) who did not reference budget limitations.

Budget planning approaches showed identical distributions across both tool conditions, as visible in (Fig‐
ure 5.2). 50% of the participants (n=5) opted for rough budget estimates in both the descriptive and pre‐
scriptive tool conditions. Fixed budget planning was selected by 20% (n=2) of participants in both conditions,
while flexible budgeting was chosen by 30% (n=3) in each condition.

Figure 5.1: Number of participants who explicitly mentioned
budget constraints in the first scenario

Figure 5.2: Budget planning approaches employed in the second
and third scenarios

As illustrated in Figure 5.3, bonuses showed high adoption rates across scenarios. 60% of participants (n=6)
used bonuses conditionally, specifically when the tool prompted them, whereas 40% (n=4) applied bonuses
across all scenarios without prompting.

Penalty usage varied considerably across scenarios (see Figure 5.4). 40% of participants (n=4) used penal‐
ties only when explicitly available through the tool, representing the largest group. In contrast, 20% (n=2)
applied penalties consistently across all scenarios, independent of tool availability. 30% of participants (n=3)
abstained from penalties entirely, while 10% (n=1) used them exclusively in the first scenario.

17



5.1. What results were achieved? 18

Figure 5.3: Usage of bonuses in incentive design across all three
scenarios

Figure 5.4: Usage of penalties in incentive design across all
three scenarios

The logic behind awarding bonuses does not remain consistent between the two tool types (see Figure 5.5).
In the descriptive tool, people strongly favored performance‐based bonuses (70%, n=7), with the remaining
participants selecting completion‐based bonuses (30%, n=3). In contrast, the prescriptive tool produced
more varied outcomes: 50% (n=5) chose performance‐based bonuses, 20% (n=2) selected completion‐based
bonuses, and 30% (n=3) opted against bonuses.

Figure 5.5: Choice of bonus award criteria in the second and third scenarios

Examining the incentive formulas from the free‐handed design (scenario 1), 60% of participants (n=6) sup‐
plemented the financial element with additional incentivization strategies, while 40% (n=4) relied exclusively
on a monetary approach, as presented in Figure 5.6.

Figure 5.1 shows how bonuses and penalties were used in both the prescriptive and descriptive tools, along
with their specific values. Participants who employed both bonuses and penalties (n=11) set penalties at an
average of 91% the bonus amount, suggesting that penalties and rewards were generally balanced. However,
this averagemasks substantial variation in strategy: some participants usedminimal penalties (as low as 0.1%
of the bonus), while others employed penalties far exceeding the bonus value (up to 4x). The median ratio of
0.20 indicates that half of participants preferred conservative penalties, notably smaller than their bonuses.
Experience level showed some differences: experienced users who used penalties (n=4) tended towardmore
balanced ratios (averaging 0.59), while beginners (n=7) showed greater variability, ranging from near‐zero to
4x the bonus amount.

Across the three scenarios, participants’ base payment structure choices varied by condition, as visible in
Figure 5.7. In the no‐tool baseline, 80% of participants (n=8) selected pay‐rate models, while 20% (n=2)
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Figure 5.6: Frequency of external incentivization strategies
applied by participants in the first scenario

Experience Level Bonus Penalty Ratio
Experienced 3 — —
Beginner 50 0.05 0.001
Experienced 1 — —
Experienced 20 20.00 1.000
Beginner 10 2.00 0.200
Beginner — — —
Beginner — — —
Experienced 1 0.20 0.200
Beginner 2 6.00 3.000
Beginner — — —
Experienced 100 100.00 1.000
Beginner 50 0.05 0.001
Experienced 1 — —
Beginner 10 — —
Beginner 2 8.00 4.000
Beginner 4 — —
Beginner 20 5.00 0.250
Beginner 50 10.00 0.200
Experienced 3 — —
Experienced 2 0.30 0.150
Average Penalty‐to‐Bonus Ratio (n=11): 0.91

Total Penalty / Total Bonus: 0.461

Table 5.1: Bonus and penalty values with penalty‐to‐bonus ratios.
Beginner are users with 0‐4 previously published studies;

Experienced are users with 5+ previously published studies on
online platforms for crowdsourcing

chose fixed‐sum payments. When using the descriptive tool, preferences shifted to an equal split of se‐
lecting between fixed sum and pay‐rate approaches (n=5,5). With the prescriptive tool, participants again
favored fixed sum payments, with 60% of participants (n=6) choosing this option compared to 40% (n=4)
who selected pay‐rate models.

At the participant level, the trend mirrors the aggregate pattern (see Figure 5.2). 50% of participants (n=5)
changed their payment structure between the no‐tool baseline and descriptive tool. 80% of these changes
(n=4; IDs=3, 4, 5, 8) were shifts from pay‐rate to fixed sum, while one participant (20%, n=1; ID=6) switched
from fixed sum to pay‐rate. The remaining 50% (n=5; IDs=1, 2, 7, 10, 11) maintained their baseline choice
when using the descriptive tool.

Between the descriptive and prescriptive tool conditions, choice stability increased markedly. Only 10%
of participants (n=1, ID=10) changed their payment structure, shifting from pay‐rate to fixed sum. 90% of
participants (n=9, IDs=1, 2, 3, 4, 5, 6, 7, 8, 11) maintained identical selections across both tool‐assisted
conditions. When examining consistency across all three conditions, 40% (n=4, IDs=1, 2, 7, 11) selected
the same payment structure in every condition. Conversely, 60% of participants (n=6, IDs=3, 4, 5, 6, 8,
10) modified their choice at least once, with the majority of changes occurring between the baseline and
descriptive tool conditions rather than between the two tool variants.

Figure 5.7: Type of base pay structure used across the three
scenarios

# No Tool Descriptive Prescriptive
1 Pay‐rate Pay‐rate Pay‐rate
2 Pay‐rate Pay‐rate Pay‐rate
3 Pay‐rate Fixed sum Fixed sum
4 Pay‐rate Fixed sum Fixed sum
5 Pay‐rate Fixed sum Fixed sum
6 Fixed sum Pay‐rate Pay‐rate
7 Fixed sum Fixed sum Fixed sum
8 Pay‐rate Fixed sum Fixed sum
10 Pay‐rate Pay‐rate Fixed sum
11 Pay‐rate Pay‐rate Pay‐rate

Table 5.2: Base payment structure choices by tool
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On a positive note, every participant’s free‐handed design incorporated a clear rationale explaining how their
payment structure would enable workers to earn rewards.

5.2. User perception of the tool
While the designed incentive structures provide valuable insights, understanding participants’ subjective
responses to the tool is also relevant. This includes their overall satisfaction, perceptions of usability, and
how the tool facilitated their design process.

Completion time varied significantly across tool conditions (Figure 5.8). The no‐tool baseline required an
average of 19 minutes. The descriptive tool reduced completion time to 7.5 minutes, representing a 60.5%
decrease. The prescriptive tool achieved the lowest completion time at approximately 6.5 minutes, 65.8%
shorter compared to the baseline, saving 12.5 minutes. Both tools substantially accelerated task completion,
with the prescriptive tool showing a marginal 13% advantage over the descriptive tool (1 minute faster).

When comparing perceived ease of use between the two tool variants (Figure 5.9), the majority of partici‐
pants (80%, n=8) reported finding both types of tools equally easy to use. One participant found the descrip‐
tive tool easier than the prescriptive tool, while one participant found the prescriptive tool harder. Overall,
both tool designs achieved comparable usability ratings, with no significant perceived difference in ease of
use.

Figure 5.8: Average task completion time in minutes across the
three experimental conditions: no tool, descriptive tool, and

prescriptive tool.

Figure 5.9: Participants’ perceived ease of use when comparing
the descriptive and prescriptive tools

Figure 5.10 shows that participants’ perception of the tool’s information usefulness differed between condi‐
tions. The prescriptive tool received higher ratings, with 90% (n=9) finding the presented information helpful,
compared to 80% (n=8) in the descriptive tool condition. Conversely, 20% of participants (n=2) found the
descriptive tool’s information unhelpful, while only 10% (n=1) reported the prescriptive tool’s information
as unhelpful.

However, participants’ willingness to use the tools in the future showed distinct patterns between conditions
(see Figure 5.11). For the descriptive tool, responses were distributed across all options: 40% (n=4) indicated
they would use it again, 40% (n=4) were uncertain about it, and 20% of participants (n=2) would not. The
prescriptive tool showed stronger adoption intent, with 40% (n=4) willing to use it, 50% (n=5) uncertain, and
only 10% explicitly declining. The prescriptive tool demonstrated notably lower rejection rates, with 90% of
participants at least open to future use compared to 80% for the descriptive tool.

Figure 5.10 shows participants’ perception of the tool’s information usefulness across expertise levels and
tool types. For the descriptive tool, beginners found the information more helpful (83%, n=5) compared to
experienced users (75%, n=3). The prescriptive tool received higher ratings overall, with beginners unani‐
mously finding the information useful (100%, n=6) and experienced users also rating it positively (75%, n=3).
Across both tool types, experienced users showed slightly lower perceived usefulness (25% found it unhelp‐
ful, n=1) compared to beginners.

Figure 5.11 shows participants’ willingness to adopt the tool in their future work, comparing expertise levels
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Figure 5.10: Participants’ ratings of the usefulness of the information provided by the descriptive and prescriptive tools based on
previous experience with crowdsourcing

Figure 5.11: Participants’ willingness to use the descriptive and prescriptive tools again in the future, based on previous experience
with crowdsourcing
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and tool types. For the descriptive tool, beginners showed stronger adoption intent than experienced users.
Beginners were more willing to use the tool (50%, n=3), while experienced users were less willing (25%, n=1).
For the prescriptive tool, beginners again showed stronger intent, with 50% (n=3) willing to use it and none
declining. Experienced users of the prescriptive tool showed lower willingness (25%, n=1), similar to the
descriptive tool condition.



6
Discussion

This chapter interprets the previous findings presented in chapter 5. In section 6.1, the data reveals how
tools influence design choices and how people interact with them. In section 6.2, the study’s limitations are
addressed, contextualizing our findings and reminding us of potential interferences with the conclusion.

6.1. Data interpretation
6.1.1. The effect on incentive structure
Incentive structures are often underspecified in crowdsourcing literature and datasets [29], possibly sug‐
gesting that limited thought is invested in their design. The free‐handed first scenario was created to frame
and test this assumption. When comparing participants’ free‐style designs to the structured questions pro‐
vided by the tool, a pattern emerges: some participants, particularly beginners, had never considered, or at
least never articulated, certain design elements until explicitly prompted. For example, not all participants
addressed budget constraints, and several failed to articulate their bonus award logic.

This pattern of omission can be explained through the lens of survey cognition theory. As Tourangeau et
al. [81] describe, open‐ended questions impose substantial cognitive demands: respondents must first re‐
trieve relevant information from memory, then formulate and articulate a coherent answer. This two‐phase
process—retrieval followed by formulation—exhausts mental resources before the actual response is even
produced. Consequently, even when participants possessed familiarity with various incentive mechanisms
or had previously applied them, the act of designing under these demanding conditions meant that such
knowledge remained inaccessible during the moment of decision‐making.

In contrast, the structured scenarios in the tool employed predominantly closed‐ended questions. Here, the
cognitive task shifts from recall to recognition: participants needed only to identify and match their con‐
ceptual understanding against provided option labels. Since recognition relies on external cues that activate
previously known information, this process is both faster andmore accurate than unaided recall [82, 20]. This
fundamental difference in cognitive effort helps explain the observable shifts in design choices between the
free‐style and structured scenarios.

Notable changes in design complexity emerged when participants transitioned from the free‐style to the
tool‐assisted scenarios. Despite theoretically comparable stakes and requirements, participants frequently
simplified their incentive structures: some shifted from more intricate base‐pay models (i.e., pay‐rate calcu‐
lations towards a sum) to fixed lump‐sum payments. This inverse trend, where structured guidance led to
less complex designs, does not reflect the expectations of optimizing, but rather satisficing behavior — the
tendency to select the first acceptable solution rather than continuing to search for the optimal one [80].

The open‐ended design task required participants to invest substantial cognitive effort in constructing coher‐
ent incentive schemes. The tool’s structure that was previously praised for helping may have unintentionally
reduced how thoroughly participants thought through their designs. By offering predefined questions and
a fixed set of answer choices, the tool provided clear stopping points that made it feel like each step was
complete. This may have discouraged participants from exploring options outside of what the tool presented.

23
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Instead of continuing to develop and improve their designs, participants may have simply picked an accept‐
able answer from the available options and moved on to the next question [54].

This pattern may also reflect a limitation inherent to the study design. Participants completed incentive
designs in a hypothetical context rather than for actual deployment, which may have shifted their priorities
toward task completion rather than design optimization. Without real‐world consequences, the distinction
between adequate and optimal designs becomes less salient, making satisficing a rational response to the
experimental situation.

The free‐style scenario consistently took longer to complete than the two tool‐assisted scenarios, revealing
a fundamental difference in cognitive demand. However, this temporal commitment did not always result in
more elaborate designs. Participants’ baseline‐pay choices were significantly more consistent between the
tool‐assisted and repeated designs than between the free‐style and tool‐assisted scenarios. This inconsis‐
tency may not necessarily arise from changing preferences, but from the varying cognitive accessibility of
design options across different elicitation methods. A design element could effectively be forgotten during
the design process when it has not been the subject of prolonged prior deliberation because the participant’s
working memory cannot easily “hold” or retrieve that information on demand [83].

In this way, by lowering the cognitive barriers to identifying available options, the tool can help users be‐
come aware of possibilities. However, awareness by itself does not ensure adoption. The ultimate choice of
whether to integrate these cues into their design, or to merely acknowledge them and continue with their
established process, remains with the designer. The tool succeeds in making the design space visible, but it
cannot compel designers to venture into unfamiliar territory. For experienced designers with already‐formed
mental models, this distinction matters: the tool may highlight options they already knew about but had not
recalled, yet they retain full agency in deciding whether such options genuinely improve their specific design.

However, in its current form, the tool constrained some participants’ creative decision‐making by focusing
exclusively on financial incentives. When switching to the tool, a user might feel pressured to “compensate”
by allocating more money because there were no other ways to encourage high‐quality contributions. In
practice, this is unrealistic: from a deployer’s perspective, the objective is to achieve high‐quality outcomes
without disproportionately increasing costs. This limitation is reflected in Figure 5.6, where more than 50%
of participants supplemented monetary rewards with other forms of motivation, such as non‐monetary ex‐
trinsic rewards (e.g., digital goods) or intrinsic incentives.

The central question is how structured prompts shape incentive designs differently than traditional free‐style
design. The data reveal that the tools’ aid produced more detailed and complete designs than designing
freely from memory alone, though the improvements depended on how much experience participants had
with incentive design.

For the majority of participants with minimal prior experience, the tool functioned less as a complexity en‐
hancer and more as a discovery mechanism. The wizard helped them recognize what options and design
elements were available to them—essentially serving as an interactive tutorial. For these novice designers,
the guided structure did not push them toward greater complexity per se, but rather made visible a design
space they had previously been unaware of or unable to articulate. In this sense, the tool succeeded in
surfacing considerations (such as bonus structures, payment models, budgets, and communication with par‐
ticipants) that would have otherwise remained unknown or inaccessible due to the cognitive barriers of the
open‐ended scenario.

For participants with existing experience in incentive design, the effect was more ambiguous. While some
leveraged the tool’s structure to refine their thinking, others found it constraining, particularly when it limited
them to financial mechanisms alone. In these cases, the tool did not necessarily increase design complexity
through this awareness; rather, it introduced a process‐level friction. Experienced designers had to construct
a mapping between their conceptual models and the tool’s required input categories, translating their ideas
into the wizard’s predetermined structure to proceed. This translation burden sometimes obscured rather
than clarified their underlying design reasoning.

Despite this friction, the research revealed an encouraging finding: the baseline already demonstrated a
higher level of complexity than might be expected considering how undocumented this process is. The way
most participants reasoned about payments reflected genuine logic and justification, not arbitrary choices.
When working in the free‐style format, participants explained their payment choices with some degree of
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detail. Rather than just picking a number or vaguely mentioning a topic‐related element, they described
why they chose their base pay, bonuses, and payment structure, connecting these decisions to what they
thought wouldmotivate workers and fit the task requirements. This pattern aligns with findings presented by
Desai [77], which similarly observed that people naturally gravitate toward substantive responseswhen given
open‐ended questions (in this case vaguely asking “How should incentive design look like?”). Instead of minimal
or superficial answers, participants constructed reasoned responses that reflected their own standards of
adequacy.

6.1.2. The effect on design uniformity
Despite the tool’s structured approach, participants’ design decisions diverged primarily at the level of im‐
plementation details, rather than in high‐level design choices. At a structural level, there was relatively con‐
sistent adoption of key components: bonuses were widely incorporated regardless of condition, and the
ratio of choices between the two types of base‐pay were almost equally split. This suggests that designers
converged on the necessity of multi‐component compensation structures, recognizing that base pay alone
is insufficient for effective task incentivization. In contrast, penalty usage was notably less consistent, with
some participants including penalties while others omitted them entirely (see Figure 5.4).

The divergence became more pronounced when examining how these components were configured. Al‐
though bonuses were commonly used, the specific amounts varied substantially between participants, in‐
dicating differing judgments about task difficulty and appropriate worker compensation. Similar variation
appeared in other parameter choices, such as whether to rely on pilot studies as benchmarks and how to set
compensation targets. When penalties were included, their magnitude also differed considerably, further
highlighting the lack of consensus at the parameter level.

These differences in implementation reflect deeper design philosophies regarding worker motivation and
fairness. Some participants adopted a reward‐focused strategy, believing that bonuses alone were sufficient
to elicit desired performance. Others prioritized quality assurance and compliance, incorporating penalties
to discourage poor work or non‐compliance, sometimes with disproportionate ratios between bonuses and
penalties (see Figure 5.1).

These differences in implementation reflect deeper design philosophies regarding worker motivation. Some
participants adopted a more lenient strategy, where only bonuses on performance were enough for obtain‐
ing the desired results. However, some thought of ensuring that there is less cheating or ensure more full
diligency in the participant’s work, sometimes using disprortionate scales between bonuses and penalties,
as displayed in Figure 5.1. However, very restrictive designs are visible even when the tool did not allow for
the introduction of penalties without accompanying bonuses.

Interestingly, despite containing questions with limited answer options, the wizard failed to produce con‐
vergence. Rather than pushing participants toward a consensus [54], the constrained choices sometimes re‐
sulted in nearly equal splits across available options. This pattern reflects a deeper reality: because the tool
still required open‐ended input in several steps by asking participants to specify amounts, thresholds, and
task‐specific details from scratch, perfect uniformity was never achievable.The tool provided guided struc‐
ture, but it did not eliminate the need for individual judgment. This outcome, however, is not a limitation
but a strength. The persistent diversity suggests that the tool does not suppress individual thinking and min‐
imizes the chance of satisficing considerably influencing the designs, as previously hypothesized in section
6.1.1. While defaulting is an inevitable phenomenon in any structured decision‐making process, the varied
outcomes indicate that designers engaged actively with choices rather than passively accepting predefined
options. Designers retained agency in reflecting their own views about what constitutes fair compensation,
what makes a task difficult, and what level of reward is appropriate. The tool provided a framework, but it
did not override the fundamental role of human judgment and creativity in incentive design.

The persistent diversity in designs can be understood through contextual decision‐making. Individual choices
about compensation are shaped by personal context and values, in this case including domain knowledge,
estimates of worker effort, and beliefs about fair pay. Additionally, as Dietz and Stern [22] found, these
decisions are driven more by self‐interest than concern for others; this might remain the only consistent
pattern: all designers have an unconscious tendency to minimize costs. However, beyond that shared cost‐
cutting impulse, individual priorities diverge [12]. Some prioritize fairness to workers, others focus on task
completion, and still others on budget constraints. When using the tool, each designer encounters the same
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options but weighs them through their own priorities, leading to different results. The tool cannot override
this fundamental diversity of values. Uniformity in incentive design might therefore be limited by the simple
fact that different people care about different things.

Although structured formats could encourage cheating by blind selection of answers, participants’ diverse
outcomes indicate they exercised genuine choice. Prescriptive guidance failed to produce convergence, sug‐
gesting the tool enhanced rather than constrained reasoning. By making the design process more explicit
and systematic, it enabled individual decision‐making rather than suppress it.

The findings reveal that structured guidance provides some form of uniformity to design, but it operates
selectively: guidance constrains high‐level choices (overall incentive structures) while preserving autonomy
at the operational level (specific implementation details such as pilot iteration counts or bonus amounts).
This selective constraint of narrowing the macro but not the micro reflects the inherently ill‐structured na‐
ture of incentive design, where no single “correct” solution exists. Designers converged on similar elements
but diverged in their concrete implementation, suggesting that even systematic support cannot eliminate
individual creativity and judgment in design work.

However, these are the decisions that primarily shape workers’ final compensation. Yet in an oversupplied
labor market where requesters have access to a constant stream of workers, they face limited incentive to
design payments that reward exceptional performance or diligent effort. As Luft [59] suggests, attractive
compensation structures draw more applicants, but this mechanism may fail when labor supply already ex‐
ceeds demand [61, 11]. Consequently, even with guidance tools, workers’ experience in the crowdsourcing
marketplace may not substantially improve if requesters lack motivation to offer fair compensation. As a
result, even with guidance tools, workers’ experiences in the crowdsourcing marketplace may not improve
significantly if requesters lack motivation to provide fair compensation. This erodes the effort towards the
perception of a just and equitable labor environment in which employees can expect consistent and reason‐
able compensation for their efforts.

6.1.3. Perception on the tool
Beyond answering our research questions, it is valuable to assess whether this tool would be adopted in
practice. The results are mixed. Participants found the information provided by the wizard useful and it
substantially reduced design time, as participants completed their designs in roughly half the time when
using the tool. However, this efficiency gain was not apparent to them in the moment, and more importantly,
most participants remained unconvinced about actually switching to the tool for their own work.

Amain barriermight have been that some incentive designs couldn’t be inputted into the tool’s fixed structure
of base pay, bonuses, and penalties. During the sessions, participants often explained what they wanted to
do and asked how it could be implemented in the system, which suggests they needed help to proceed. This
indicates that the task was not immediately straightforward and required additional effort to understand
how to work within the tool’s constraints. As described in Fred Davis’ Technology Acceptance Model [21], this
kind of difficulty reduces perceived ease of use, which in turn lowers the likelihood that users will accept
and continue using a system. In addition, when a system is harder to use, people are also less likely to see
it as helpful for their work. As a result, having to find workarounds can increase resistance to adopting the
wizard in regular workflows, especially when users have little prior experience with similar systems, as was
the case when tools like email were first introduced [28].

On the other side, expanding the tool to accommodate more design variations faces its own constraints.
Iyengar and Lepper [45] discovered that offering more options does not necessarily improve decision‐making
or satisfaction, even though people initially perceive more choice as beneficial. Simply adding more answer
options to accommodate diverse incentive structures could overwhelm users rather than help them [79].
Similarly, expanding the tool with additional questions about supplementary payment mechanisms could
lengthen thewizard to the pointwhere users abandon the process entirely. The design challenge is to balance
expressiveness with usability without compromising either.

Regarding prototype enhancement, the choice between the two approaches is not obvious based solely on
user perception. Both the descriptive and prescriptive tools had users who expressed satisfaction. However,
other benchmarks point to a clearer direction. The prescriptive tool demonstrated slightly faster completion
times, though this metric warrants careful interpretation. More significantly, the prescriptive structure pro‐
vided substantial value for novice designers by making the design space visible and guiding them through
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considerations they might otherwise have overlooked. For experienced designers, the tool’s expanded and
instructional structure becomes less critical; they can simply skip the detailed guidance and focus on high‐
level questions, as users naturally do when encountering text they do not deem important [63]. This pattern
suggests that the prescriptive approach provides the stronger foundation, as it can effectively serve a broader
range of user expertise levels.

6.2. Limitations
While this study provides some base insights into incentive design in online crowdsourcing, several method‐
ological constraints limit the generalizability and ecological validity of the findings.

First, the participant pool was skewed toward early beginners, resulting in limited variability in prior expe‐
rience with incentive design and crowdsourcing platforms. As a consequence, the findings primarily reflect
the tool’s utility for novice users and do not allow for robust conclusions regarding its effectiveness across
different expertise levels. It remains unclear whether experienced users would benefit to the same extent.
According to the expertise reversal effect, instructional guidance that aids beginners may become redundant
or counterproductive for experts [48]. Furthermore, research on help‐seeking behavior shows that individu‐
als with higher domain competence are less likely to request or rely on external support. Thus, experienced
users may perceive the tool as unnecessary or interact with it in qualitatively different ways.

Second, the study relied on a limited sample size. A small sample reduces statistical power, constrains the
detection of subtle effects, and increases sensitivity to individual‐level variability. It also restricts the rep‐
resentativeness of the participant pool, limiting the extent to which conclusions can be generalized to the
broader population of crowd workers or requesters.

Third, the experimental procedure required participants to complete three scenarios from scratch. This
repeated construction process may have induced cognitive fatigue. Because incentive design requires re‐
flective reasoning and trade‐off evaluation, fatigue may systematically affect subsequent replies, potentially
diminishing elaboration, inventiveness, or consistency in the final scenario when compared to previous ones.

Related to the previous point, the design introduces a potential learning effect. While the tool preserves
a largely consistent structural framework across the descriptive and prescriptive scenarios, the content be‐
comes progressively more elaborate and detailed. This incremental expansionmay have enabled participants
to internalize the question sequence or refine response strategies after initial exposure. In small samples,
such practice effects can disproportionately influence the findings, as changes observed in later responses
may reflect procedural familiarity rather than substantive shifts in motivational reasoning.

Although the three scenarios were designed to be as similar as possible, each participant has a subjective as‐
sessment of their importance. Consequently, two participants might assign substantially different monetary
incentives to the same scenario based on their individual judgment of its significance. For example, some
participants may have assigned larger monetary incentives to scenarios they deemed more important, while
others did not view the same scenarios as equally critical.

Another important limitation concerns ecological validity. The scenarios did not involve real monetary stakes.
Incentive structures were evaluated or constructed in a hypothetical setting, meaning that participants were
not exposed to actual financial consequences. Existing literature suggests that hypothetical experimental
settings can yield decision patterns that differ from those observed under real financial stakes [57, 35]. Ac‐
cordingly, incentive structures evaluated without real budgetary consequences may not fully reflect behavior
during an actual online deployment.

6.3. Future work
The results of the user study reveal several promising directions for enhancing the tool and deepening our
understanding of how designers engage with incentive specification. A key finding is that participants were
hesitant to fully embrace the tool, possibly due to the perceived constraint of usage. This suggests that ex‐
panding the tool’s scope beyond financial mechanisms is important. Future iterations should allow for greater
customization and support for pairing monetary incentives with complementary motivational elements, such
as recognition systems, gamification, or social incentives, without forcing designers into a constrained set of
options. By accommodating a richer variety of input types and incentive combinations, the tool could better
reflect the full landscape of motivational strategies that designers actually employ.
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Beyond the content design, there is significant potential in leveraging the structured data collected through
the wizard to provide immediate value to users. One promising direction is to automatically generate human‐
readable summaries of incentive designs in formats suitable for research papers, technical reports, or dataset
documentation that can be directly copied to speed up this process. Alternatively, the collected design
specifications could be standardized into database formats and embedded asmetadatawithin crowdsourcing
datasets, creating a richer record of the incentive contexts under which data was collected. Both approaches
would transform the tool from a design aid into an end‐to‐end solution that simplifies documentation and
enables better reproducibility in crowdsourcing research.

Finally, this study compared two groups with very different levels of experience: beginners and experts.
While these groups clearly responded differently to the tool, we only had two endpoints. Future research
should study people across the full range of experience levels. This would help us find the critical points
where designers stop wanting to use the tool and where it remains useful. At what experience level does
someone feel confident enough in their own approach that they reject external guidance? Where exactly
does the tool become more helpful versus more frustrating? By testing with many participants at each
experience level, we could identify these transition points and develop better strategies for introducing the
tool to different types of users. These insights would be crucial for deciding how and when to deploy the
tool in practice.



7
Conclusion

As artificial intelligence continues to advance and become increasingly integrated into various domains, mak‐
ing crowdsourcing a critical infrastructure for data collection. The design of incentive structures in these
tasks directly affects data quality and worker welfare, yet guidance on compensation design remains scarce.
This work addresses that gap by investigating how structured guidance can improve incentive design deci‐
sions, contributing to fairer and more effective crowdsourcing practices.

This study established foundational insights into how structured guidance affects incentive design in crowd‐
sourcing. By conducting a user study based on the development The Wizard of Incentive, a tool that guides
requesters through compensation schema construction, two core questions were investigated: (1) whether
descriptive and prescriptive guidance formats influence the complexity of designed incentive schemes, and
(2) whether such tools reduce variability in compensation decisions across requesters. These questions ad‐
dress a critical gap in crowdsourcing practice: while incentive design directly influences data quality and
worker welfare, few resources exist to support informed decision‐making, leaving requesters to rely on trial
and error.

The tool’s effectiveness in improving incentive design varied based on requesters’ prior experience. Begin‐
ners showed the greatest benefit, gaining structured context on compensation considerations that would
otherwise require extensive independent research. However, the tool had notable limitations: it excluded
non‐monetary and intrinsic incentives despite their prevalence in participant designs, and experienced de‐
signers found the structured input fields restrictive when translating complex ideas. However, even without
guidance, requesters did not design arbitrarily; their decisions reflected deliberate reasoning, suggesting a
reasonably strong baseline for incentive design intuition.

When it comes to how designs from different people on the same task looked like, the main observation
is that the tool restricted the high‐level answer set to a couple of similar variations of designs, with the
items such as base payment and whether to use bonuses or not, differed. The way these were used was
still the varying factor of the designs. Just because there visually are options, it is still up to the designr’s
diligence to use this information well to create the tool. This was very much observed into how different
the perspectives of implementing bonuses and penalties were for the same scenario, meaning that workers
might still be treated unequally for doing the same task.

The tool would require significant refinement before requesters would willingly adopt it into their workflow.
Despite recognizing the value of its guidance, participants expressed hesitation, which could be linked to the
tool’s inflexibility: certain design decisions could not be translated into the required input format, creating
a barrier to adoption. Nevertheless, the tool’s primary strength lies in its ability to structure the decision‐
making process and provide relevant context. With modest improvements to accommodate diverse design
approaches, it could serve as an effective starting point for beginners seeking to construct more thoughtful
incentive schemes, introducing much‐needed structure into a currently unguided process.

The prescriptive version shows particular promise as a foundation for future development. It maintains
designer autonomy while facilitating informed decision‐making by providing extensive context without pre‐
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scribing specific options. However, a critical limitation is the exclusion of non‐monetary and intrinsic in‐
centives. Future iterations should integrate these elements, allowing designers to construct comprehensive
reward structures within a single coherent workflow rather than fragmenting compensation into separate
processes. Testing such improvements with larger and more diverse participant groups would reveal how
these additions affect design patterns across varying experience levels and whether the tool can accommo‐
date more creative, customized approaches without requiring extensive translation of ideas.

Precisely because crowdsourcing relies on undefined groups of workers without formal employment protec‐
tions, it has become increasingly important to technological advancement at unprecedented scales. Yet fair
worker compensation remains largely unaddressed, perpetuating a cycle where workers resort to shortcuts
to sustain income while requesters implement increasingly restrictive controls. Though standardizing incen‐
tive design may appear incremental, it represents a critical intervention toward fostering more educated and
ethical requesters. By supporting deliberate, informed decision‐making around compensation, we move be‐
yond transactional labor markets and move toward systems that recognize worker dignity and data quality
as fundamentally interconnected. Scaling this approach could lay the groundwork for rapid technological
development while ensuring that workers enabling this progress are fairly valued and genuinely respected.
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A
The Wizard of Incentive: Tool

Overview

Figure A.1: The welcome screen of ”The Wizard of Incentive“.

Figure A.2: An example of an open‐ended question prompting the user to describe the type of information they wish to collect from
participants.
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Figure A.3: An example of a closed‐ended question combined with an open‐ended follow‐up, guiding the user through bonus
awarding logic.

Figure A.4: The incentive formula summary screen, presenting a complete overview of all design decisions made throughout the
wizard in a structured, readable format.
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Appendix A: The Wizard of Incentive –

Introductory Questionnaire

This short questionnaire collects background information about participants’ experience with crowdsourc‐
ing. When submitting the form, no identifiable information (e.g., name or email address) is collected unless
explicitly provided by the participant.

1. To remove any identifiable data from your answers, please type the number provided by the researcher
in the field below. (Required)

2. How many crowdsourcing jobs have you previously published? (Required)

3. What answer best reflects your experience with designing incentives for crowdsourcing? (Required)

◦ I haven’t published before, so I don’t know.
◦ I think about incentives late in the process.
◦ Incentives feel like a necessary task, but I do not mind doing them.
◦ I rely mostly on defaults or quick estimates.
◦ I spend minimal time on incentive design.

4. Are you currently designing a crowdsourcing job? (Required)

◦ Yes
◦ No

5. What is the topic of the crowdsourcing job? (Required)
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C
Appendix B: Tool Feedback

Questionnaire

1. To remove any identifiable data from your answers, please type the number provided by the researcher
in the field below. (Required)

2. Answer ID (Required)

3. Answer the following questions based on your experience using the tool. (Required)

Very
difficult

Somewhat
difficult

Neither
difficult nor
easy

Somewhat
easy

Very easy

How easy or difficult was it to
overall use the tool?

◦ ◦ ◦ ◦ ◦

How easy or difficult was it to
navigate through the steps?

◦ ◦ ◦ ◦ ◦

4. Did you find the information provided in the question text useful for the design process? (Required)

◦ Yes
◦ No

5. Would you consider using the tool in your work? (Required)

◦ Yes
◦ No
◦ Maybe
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Appendix C: Usage of Artificial

Intelligence

QuillBot
QuillBot1 was used to rephrase ideas. The tool was configured with the “Fluency” tone setting and minimal
synonyms to maintain the original voice and conceptual integrity while improving clarity and readability.
This was primarily applied to ensure consistent writing quality and professional presentation throughout the
thesis.

ChatGPT 5
The ChatGPT Free version2 was used for technical guidance in developing and deploying the research tool
due to the limited knowledge of product development from scratch. This included architecture recommen‐
dations, implementation strategies, debugging assistance, and deployment procedures. During the develop‐
ment phase, the AI tool served as a technical resource and advisor; the author was responsible for all design
decisions and final implementation.

ChatGPT 5 was also used to help create scenarios for the user study. The AI tool assisted in verifying that
the scenarios were equally difficult and similar in scope, keeping the user study design consistent and fair.

Claude
Claude Haiku 4.5 and Sonnet 4.53 was used to provide technical assistance during the data analysis phase. It
specifically helped in the development of a data extraction script for retrieving the collected user study data
from Firebase in a structured format. It also assisted in writing scripts for Pyplot visualizations to represent
the analysis results in the project document. The analytical approach, data interpretation, and conclusions
drawn from the visualized data remain the sole responsibility of the author.

1Quillbot: https://quillbot.com/paraphrasing‐tool
2ChatGPT: https://chatgpt.com/
3Claude: https://claude.ai/
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