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Abstract

Nowadays, crowdsourcing has become a baseline approach for large-scale data annotation, yet maintaining
workers’ engagement, and outcome quality in repetitive tasks remains a persistent challenge. Current
systems often rely on individual workers, offer minimal social interaction and apply gamification in a
fragmented manner without a systematic mechanism to fulfil motivational needs. Consequently, there
remains limited understanding of how collaboration combined with gamification could improve worker
performance, and engagement in crowdsourcing environments. This thesis argues that effective and high-
quality crowdsourcing requires a shift from an isolated, incentive-driven task execution paradigm to a
collaborative socially embedded, and motivation-aligned system design. It investigates how collaborative
gamification (e.g., teamwork, real-time interactions and motivational design components) can enhance
performance and engagement in image-labelling tasks. The work is grounded in Self Determination Theory
(SDT) and Flow Theory, which provide a theoretical foundation for understanding how the system design
influences worker motivation and behaviour. To address this, the thesis adopts a multi-phase explanatory
sequential framework research programme that incorporates three interrelated studies. First, an exploratory
study empirically investigates how workers’ engagement and performance differ according to the
crowdsourcing task types. Second, a systematic scoping review examines how gamification features have
been applied across crowdsourcing archetypes, identifying the most popular design strategies, the
underpinning theory, results and gaps in the literature. Third, a real-time collaborative gamified image-
labelling platform is designed, developed, and evaluated through four controlled between-subjects
conditions to assess how collaboration and gamification affect worker performance and engagement, and
their perceived workload. The thesis makes four primary contributions: 1) it establishes empirical baselines
of worker behaviour, engagement, and performance across different crowdsourcing task types, 2) it
provides a systematic scoping review that maps and summarises current studies gamification features and
the motivational theories across crowdsourcing archetypes, 3) it presents a custom-built platform for real-
time collaborative gamified crowdsourcing with a robust evaluation pipeline, and 4) it provides large-scale
experimental evidence that collaborative gamification improves worker performance (operationalised as
labelling accuracy and workers’ agreement strength), and engagement while reducing perceived workload
in image-labelling task compared to traditional individual approaches. Collectively, these contributions
advance our understanding of motivational design in crowdsourcing and offer practical direction for the

future of human-centred crowdsourcing, and human—Al applications.
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Chapter 1 : Introduction

1.1 Background and Motivation

Artificial Intelligence (Al) systems have heavily relied on large quantities of high-quality datasets for training
and validation. Even with rapid development in automation, human efforts remain critical in the supply,
labelling, and validation of the data. As such, human-Al collaboration stands as the pillar of modern machine
learning (ML), given the necessity of human cognition as a complement to computational efficiency. However,
the need to maintain the accuracy, attentiveness, and motivation of human participants engaged in repetitive
annotation tasks has been a significant challenge.

Human computation and crowdsourcing bring together large numbers of humans to perform data-
centric work, spreading the load out across a diverse pool within the online community. Although these
paradigms have led to impressive results, such as the large-scale annotation efforts behind landmark datasets,
they also reveal human-related issues of lack of motivation and fatigue and uneven participation. Empirical
studies have demonstrated that a small number of workers finish most tasks, while vague or monotonous work
may cause the participants to leave and this results in inconsistent quality. These problems are particularly
harmful to the reliability of machine-learning models, which heavily rely on human-labelled data.

Crowdsourcing platforms stem workers from diverse cultural, educational, and motivational sources.
Such diversity ostensibly mitigates data generation bias; however, it also presents myriad challenges in creating
incentives that motivate participation and reliability on their outcome. The effectiveness data quality and
motivation among workers is a primary challenge in digital labour systems.

The workers’ engagement is generally considered an important factor in supporting motivated
participation in online collective labour. It includes behavioural effort, emotional engagement, and cognitive
investment; however, the antecedents are not well explored in distributed settings at a large scale. Motivation
is what makes people want to engage, and it can come from both extrinsic rewards (for example, payment or
recognition) and intrinsic motivations (the experience of participating because one is curious, enjoys the
activity, wants to give back as an act of altruism, or experience social engagement). The traditional
crowdsourcing mechanism, in which the main incentive provided is monetary reward, frequently proves
inadequate to keep users’ performance quality continuously engaged and satisfied.

Recent studies have revealed an imbalance in the motivational design of crowdsourcing systems by
which most existing implementations focus on competitive features, like contests, points, and leaderboards,
whereas knowledge regarding collaborative mechanisms is relatively limited (Humayun et al., 2023). This
excessive weighting to competition fails to enable the development of engagement models that could leverage

cooperation, and intrinsic fulfilment.



Gamification, the use of game design elements in non-game contexts, was identified as a serious
(potential) candidate to enhance data quality, engagement, and enjoyment (Hamari et al., 2014, Huotari and
Hamari, 2017, Seaborn and Fels, 2015). However, the majority of the existing designs limit themselves to a
narrow view on simple competitive elements (like points and badges) (Morschheuser et al., 2016);
collaborative gamification, where competing users contribute collaboratively to joint results instead, is largely
under-investigated (Riar et al., 2022). Filling this gap is crucial for the design and construction of high-quality
human-in-the-loop systems (HITL) and engageable, that cater to the increasing needs of Al and ML.

In this context, this thesis examines the potential of collaborative gamification to improve worker
performance and engagement in crowdsourcing image-labelling problems. It is based on SDT and Flow Theory
and focuses on how gamified collaborative elements such as chat, feedback, scoring, leaderboard, and sharing
goals, levels can allow one to fulfil the psychological needs for autonomy, competence, and relatedness while
maintaining a balance between challenge and skill. By targeting teams with real-time labelling experiences,
this work seeks to design, deploy, and assess collaborative gamified systems that encourage engagement,
enhance skill, and provide a trusted data set for Al development. This motivation provides the foundation for

the problem statement and the objectives that follow.

1.2 Research Objectives

The main goal of this thesis is to enhance worker performance, engagement, and data reliability in
crowdsourcing by designing and evaluating effective task features, particularly a collaborative gamified
image-labelling task, on worker engagement, performance, agreement, and perceived workload when they are
used for crowdsourced image-labelling tasks. From the perspective of motivational and collaborative design,
we describe how various game features (e.g., chat, feedback, scoring, leaderboard, sharing goals, and levels)
potentially contribute to improving human experience while affecting quality in real-time teamwork. To meet
this objective, the research is guided by specific objectives as follows:

Obj1: To explore and examine how crowd workers perform and engage in different crowdsourcing tasks.
Obj2: To classify and analyse the motivation features in the current literature.

Obj3 & Obj4: To design and implement a platform to enhance worker performance (accuracy, agreement
strength), and engagement grounded in motivational theories.

Obj5: To evaluate the effect of enhancement features on worker performance, engagement, and perceived
workload.

Obj6: To provide empirical and theoretical understanding about how enhancement features can be strategically

used to enhance engagement and performance, thus the data quality in HITL Al workflows.



1.3 Thesis Statement

This thesis argues that the strategic integration of gamification and real-time cooperation can significantly
improve workers’ performance and engagement while reducing perceived workload in crowdsourced labelling
tasks. Based on SDT and Flow Theory, the research illustrates, through multi-phase framework design
incorporating exploratory analysis, a scoping review, and a controlled experimental study, that motivation and
performance in crowd work are optimised when features like chat interaction, score feedback, level,
leaderboard, and shared visibility and goal are aligned to fulfil intrinsic psychological needs. The results
present a theoretical and empirical foundation for the design of effective human-centred and motivationally

coherent crowdsourcing systems.

1.4 Research Questions
The dissertation attempts to address several interconnected gaps found in the literature:

e First, the lack of empirical comprehension regarding how workers perform and engage across different
crowdsourcing tasks. Establishing this baseline is critical to understanding the inherent challenges,
such as worker variability in performance, disengagement, and task selection preferences.

e Second, the scarcity of a cohesive synthesis for the prior studies of how different motivational features
(including gamification) have been applied across different crowdsourcing archetypes. Gamification
has emerged as a feasible approach; nevertheless, its implementation has been scattered and mostly
focused on competitive or individual frameworks, limiting a holistic grasp of its potential.

e Third, systematic evidence supporting the process of designing, integrating, and assessing such
features in crowdsourcing projects, particularly in collaborative environments, has largely been
neglected in previous work despite its theoretical promise.

e Finally, there is a lack of knowledge about how these features influence the workers engagement and
performance in term of reliability of outputs, specifically on worker accuracy and consensus, which

are crucial for generating high-quality datasets to facilitate Al and ML applications.

This dissertation aims to address these gaps through a multi-study research programme, beginning
with an exploratory baseline study of the crowd workers' engagement and their performance across
crowdsourcing task types, advancing to a systematic scoping review to synthesise the use of additional features,
including gamification, across crowdsourcing archetypes, and finally, the design and empirical evaluation of
a collaborative gamified image-labelling task. The investigations are organised around four principal research
questions (RQs), each contributing to the overall cohesive framework by establishing foundations, mapping

existing knowledge, and testing interventions.



RQ1: How do workers’ performance and engagement vary across different crowdsourcing task types?
This question establishes a fundamental baseline for this dissertation. By investigating the fundamental
crowdsourcing tasks, it enabled us to identify the inherent challenges, such as disengagement, the preferences
of participation in crowdsourcing tasks, and performance variability. Without such a knowledge benchmark,
it would be difficult to assess the added valuable design aspect interventions.

RQ2: How have the additional task features (e.g., gamification elements) been applied in existing
crowdsourcing research across the main archetypes?

The question provides a structured perspective to get a full understanding of the present state of knowledge.
Mapping motivational features across archetypes (crowd processing, crowd rating, crowd solving, and crowd
creating) helps to reveal patterns, strengths, and deficiencies in previous studies. This is crucial for clarifying
areas where such features have been excessively used and where additional investigation is needed.

RQ3: How can such features be systematically designed and integrated to improve workers’
performance and engagement in crowdsourcing image-labelling tasks?

This question addresses a significant challenge in enhancing the efficiency and engagement of crowd workers
by concentrating on the design and implementation of collaboration and gamification features. The importance
of such a question lies in connecting the theoretical incentive models with the actual system design, thereby
guiding features that maintain worker interest in image-labelling tasks.

RQ4: How do such features affect the reliability of the crowdsourcing outcomes, particularly in terms
of worker agreement?

Consensus among workers is crucial for generating high-quality datasets, which subsequently support ML and
Al applications. Examining the impact of additional features on worker consensus and accuracy is critical for
assessing how the task designs using such features may enhance not only engagement but also reliable and

scalable outcomes, which emphasises the importance of this research question.

1.5 Summary of Key Findings

The thesis enriches our understanding of how workers’ engagement and performance vary across different
crowdsourcing task types and of workers’ task-selection preferences. A theoretical review, moreover,
identified the key gaps in the current studies in the crowdsourcing with mapping the motivational features
across different crowdsourcing types. The thesis has made significant empirical and theoretical contributions
to the literature on how the worker outcome quality, engagement and perceived workload are affected by
collaborating gamification in crowdsourcing environments. Between subjects experiments of participants
engaged in real-world image-labelling tasks, we found that workers who participated in collaborative task
environments have significantly higher engagement and accuracy comparing to the workers in non-gamified
and individual conditions. The participants in condition of multiple gamification features (i.e., collaboration

with scoring, feedback, levels, chat, and leaderboards inserted) achieved the highest levels of agreement and
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accuracy as well as the highest engagement scores across all conditions. This indicates that the social and
feedback-based components increased attentiveness and decision-making consistency. Moreover, these
workers had a smaller mental and temporal workload in comparison to those not collaborating, suggesting that
providing real-time collaboration and feedback reduced perceived workload without compromising
performance using NASA-TLX analyses by Hart and Staveland (1988). Teams with low levels of gamification
(e.g., Chat-Only) showed average engagement and higher workloads, and individual players had the lowest
engagement but higher workloads on average. Statistical analyses also indicated that there were statistically
significant differences between the groups (using Kruskal-Wallis and Mann—Whitney U tests), suggesting that
integrated gamified collaboration is more effective for generating motivation and data quality compared to
isolated approaches.
The contributions therefore offer empirical evidence that combining features applied from
motivational and collaborative perspectives drawing on the SDT (Ryan and Deci, 2000) and Flow Theory
(Csikszentmihalyi, 1990) can enhance intrinsic motivation, contribute to high-quality outcomes and improve

engagement in human-Al data-labelling workflows.

1.6 The Significance and Contributions of the Study

This research contributes to the theoretical, methodological, and practical aspects of crowdsourcing, human-
computer interaction, and motivational design. The thesis progresses through three main studies, each one
producing a distinct contribution (C1-C4); these together advance our knowledge on understanding how
motivational and collaborative mechanisms influence performance and engagement in the field of
crowdsourcing. Across studies, worker outcomes are consistently examined across three dimensions,
performance, engagement, and perceived workload. Performance is operationalised progressively based on
each study's design, baseline task accuracy in the exploratory Study 1 (Cl), accuracy-related outcomes
synthesised from the literature in the scoping review (C2), and labelling accuracy and worker agreement
strength in the experimental Study 3 (C4).

C1: Insight into how workers behave in baseline crowdsourcing tasks. It empirically contributes to
understanding worker behaviour across different task types, using 750 workers recruited through Amazon
Mechanical Turk, through explaining how task characteristics shape the performance, engagement, and
perceived workload they exhibit across a variety of task types, where performance at this baseline stage is
captured through task accuracy.

C2: A theoretical review that discusses the motivating factors in crowdsourcing. This contribution provides
an integrative understanding of motivation theory, integrating SDT and Flow Theory, and identifies through a
systematic mapping, how gamification features relate to worker performance (including accuracy),

engagement, and workload across archetypes, and reveals the comparative under-exploration of collaborative



motivational design. It thereby explains why gamification features drive worker motivation and provides the
basis for a collaborative motivational design.

C3: Methodological Framework of Collaborative Gamified Crowdsourcing. This work provides a self-
developed experimental environment for real-time, collaborative crowdsourcing with configurable
gamification features and a combined evaluation pipeline that provides a reusable pipeline tool for exploring
how motivational and collaborative configurations influence engagement and data trustworthiness.

C4: Empirically demonstrates that collaborative gamification significantly improves worker performance
(measured as labelling accuracy, majority accuracy and workers’ agreement strength), and engagement while
reducing perceived workload on key dimensions, with wider application in the domains of designing human-
in-the-loop Al systems and next-generation platforms for crowdsourcing to strike a balance between

enjoyment, fairness and productivity. These findings carry direct implication for platform requester and crowd

workers alike. In summary, these contributions:
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Figure 1.1: Overview of the research framework




e Advance theory on how gamification and collaboration interact to influence worker motivation in the

collective digital labour market.

e Provide a validated methodological description to assess the reliability of collaborative gamified

systems outcome.

e Provide practical implications for building effective, accurate, and scalable human-Al data pipelines.
These contributions lay the groundwork for next-generation gamified crowdsourcing systems that both
enhance human experience and data quality. Figure 1.1 illustrates the comprehensive framework of the
research, encompassing its theoretical background, consecutive studies, and resultant contributions. The figure
presents how each study advances from the preceding one to tackle specific research inquiries and produce

related contributions (C1-C4).

1.7 Thesis Structure

Figure 1.2 illustrates the distribution of research topics, aims, and contributions throughout the chapters of the
thesis. The figure presents a roadmap that connects each thesis study to the corresponding contribution(s),
helping to track how the argument and evidence build across chapters. The whole thesis is structured around
nine chapters, which follow one another logically:

Chapter 1: Introduces the context, rationale, problem statement, aim and object of the research,
research questions/contributions, and significance of the study.

Chapter 2: Presents the background and literature review which focuses on the theoretical bases that
underlie crowdsourcing, gamification, and motivation. It reviews current taxonomies of
crowdsourcing systems, motivation theories in relation to digital labour and previous empirical
research on gamified crowdsourcing.

Chapter 3: The research methodology presents the general research plan, theoretical rationale, data-
collecting procedures, and experiment conditions, as well as major instruments used and issues of

ethics.

Chapter 4: The exploratory study describes a large-scale empirical experiment involving 750 crowd
workers, analysing the engagement and performance across different types of crowdsourcing tasks.
This provides the bedrock for comparative behavioural analyses in later studies. This chapter forms
the basis of my Human Computation and Crowdsourcing paper titled “An exploratory study of the
impact of task selection strategies on worker performance in crowdsourcing task”

Chapter 5: A scoping review of gamified crowdsourcing systems reviews existing gamification
research in different archetypes of crowdsourcing systems based on their gamification elements,

motivation mechanisms.



Chapter 6: System design and implementation describe the development of the collaborative
gamified image-labelling prototype platform, its architecture, functionalities, and interface design as
anchored in SDT and Flow Theory.

Chapter 7: Experimental results and discussion report quantitative and qualitative results of the main
study, examining the accuracy, agreement strength, level of engagement, and perceived workload
among experimental conditions. Statistical analyses and post hoc tests are described with a content
analysis of workers' feedback.

Chapter 8: Discusses implications of the findings in relation to current theory and research and
presents the strengths and the weaknesses of the study.

Chapter 9: Conclusion and Future Work.
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Chapter 2 : Background and Conceptual Foundations

2.1 Introduction

In this chapter, we develop a theoretical and conceptual framework for contextualising the study under the
wide umbrella of human computation, crowdsourcing, and gamification. Crowdsourcing and human
computation have emerged as critical paradigms for resolving complex problems that are still difficult to fully
automate. Such approaches are particularly important in domains that involve judgment, perception, and
contextual understanding, such as data annotation, evaluation, and quality assurance in ML and Al systems.
This chapter provides a comprehensive review that reviews different domains of literature in areas of collective
intelligence, human computation, crowdsourcing, and its interface with ML and Al, addressing the importance
of task design and worker characteristics on performance and data integrity. The literature creates conceptual
foundations, elucidate essential linkages between these areas, and position crowdsourcing as a socio-technical
mechanism for facilitating data-driven Al systems. The goal of this chapter is to identify remaining gaps and
questions in the available literature, in particular between crowdsourcing task design decisions, worker
engagement, and the performance of crowdsourcing systems. The chapter ends by emphasising also how these
deficiencies make further considerations for better task design necessary. The deficiencies observed with the
help of the identified tasks are further discussed in the exploratory analysis in Chapter 4, and the subsequent

studies developed in later chapters in the thesis.

2.2 Literature strategy

The literature presented in this chapter was selected and organised to support the conceptual development and
problem formulation in the context of crowdsourcing for Al related tasks. In this chapter, we focus on
reviewing the studies that contribute towards understanding the role of human computation, the architecture
and function of crowdsourcing systems and their applications in ML and Al pipelines. This review was based
on the aims of the research for the thesis, prioritising research that examined task design, worker behaviour,
engagement, and performance in crowdsourcing contexts relevant to data annotation and human-in-the-loop
systems. Foundational studies were used to define central concepts and definitions, and more recent studies
have been reviewed to capture contemporary challenges and emerging directions in the field. The studies are
presented thematically to demonstrate the conceptual connections between human computation,
crowdsourcing, and Al. The methodology for selecting and organising literature used in this study is illustrated

in Figure 2.1.
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Such a structure allows the discovery of persistent issues, such as low data quality, limited worker
engagement, and insufficient alignment between task design and human motivation, which directly guide the

research questions and experimental approach described in subsequent chapters.

2.3 Foundation of Crowdsourcing and Human Computation in ML/AI

Crowdsourcing is generally defined as an open call that invites individuals to contribute knowledge, effort, or
creativity through a digital platform (Howe, 2008, Brabham, 2008). It is a socio-technical model of mobilising
distributed human intelligence to address problems and create content and to complete tasks that may exceed
the capabilities of a single expert or organisation; thereby, harnessing and leveraging the collective skills and
motivation of the crowd is a main concern that should be considered in such platforms (Malone et al., 2009,
Brabham, 2008, Mennis, 2006).

Crowdsourcing takes many forms, ranging from data annotation for ML, creative ideation, design
competitions, task processing, and finally large-scale scientific projects. Classic examples include Galaxy Zoo
for astronomical image classification (Lintott et al., 2008) and Foldit for protein structure prediction (Cooper
et al., 2010). These examples illustrate how human perceptual judgment and pattern recognition continue to
add value in domains where computational models face ambiguity or limitations.

In recent years, crowdsourcing has evolved into complex sociotechnical systems that integrate human

intelligence with algorithmic processes, often called human-in-the-loop (HITL) systems. This integration
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ensures that data-driven systems remain sensitive to contextual nuances, ethical considerations, and domain-
specific interpretations that automated models alone may overlook (Saeed et al., 2025, Le et al., 2025).

Human computation (HC) broadens this concept by integrating human reasoning into algorithmic
processing to solve problems that computational systems cannot efficiently or reliably handle on their own
(Quinn and Bederson, 2011). In Al and ML, HC provides essential human judgment on labelling, verification,
and evaluation tasks.

Crowdsourcing and HC are being used more frequently as the source for supplying judgment in
computer-based or data-oriented tasks that humans are still better at than machines. Recent works on human-
in-the-loop learning and interactive annotation demonstrate the contributions of crowd workers in noise-label
smoothing, robustness improvement, and accelerated annotation efficiency (Le et al., 2025, Saeed et al., 2025,
Xu et al., 2025b). These works, as well as applications in disaster management, environmental monitoring,
and social computing (Abid et al., 2025) demonstrate that HC is not limited to the simple tasks but extends
into dynamic Al-learning environments and complex decision-support systems. Together, they suggest that
the crowd has moved from a source of micro-labels to an active participant in responsible, transparent, and
rigorous Al development.

In synthesis, crowdsourcing together with human computation thus supplies the human infrastructure
for many present Al systems. Its effectiveness requires not simply high-quality architectural mechanisms but
also an understanding of worker behaviour, motivation, and engagement. These subjects will be explored in

later parts of this thesis.
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Figure 2.2:Adding Machine Learning with Human Computation as a means of solving computational

problems, adapted from (Quinn and Bederson, 2011)
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Crowdsourcing has gained significant popularity in recent years (Lenart-Gansiniec et al., 2022, Zuchowski et
al., 2016) and has profoundly affected the processes of product and service invention, production, funding,
marketing, distribution, and utilisation, resulting in substantial economic consequences (Hoque, 2024, Gong
et al., 2025, Cao et al., 2023). Crowdsourcing has been significantly introduced in many sectors, including
science and education (Brossard et al., 2005), the government (Hassan, 2016), journalism (Aitamurto, 2015),
tourism (Sigala, 2015), software development (LaToza, 2019), manufacturing (Hutter et al., 2011), and Al and
ML (Geng, 2024).

In the context of Al, as mentioned by many researchers, there is a need to engage such crowds of
humans who have different intelligence and skills to lay the base for the development of the machine. Several
studies in various areas have shown that there are some approaches in which human cognitive capabilities
complement the computational processes to solve problems (Kim and Monroy-Hernandez, 2016, Tsvetkova et
al., 2017). To define crowd intelligence, it is vital to explore the most crucial concepts and their relation. Figure
2.2 shows these concepts as overlapping circles. The essential central construct is collective intelligence, which
many researchers highlight as fundamentally important to effective distributed problem-solving. A definition
of collective intelligence was by authors in (Malone et al., 2009), who defined it as "a group of individuals
who cooperate in a way that looks intelligent." While HC uses a few humans, crowdsourcing platforms
leverage the wisdom of those needed workers by outsourcing tasks to a large number of individuals in the
community. Crowdsourcing is primarily defined by Doan et al. (2011) as “enlists a crowd of humans to help
solve a problem defined by the owners of the system".

The term “social computing” refers to a wide notion that encompasses all aspects of social behaviour
and computing. The use of social software to support communication and collaboration is at the heart of social
computing. Social network analysis, online social dynamic modelling, and social software design are all
research issues in social computing. Because both phrases have their origins in the field of social science,
social computing and collective intelligence are closely related.

Moreover, our research adds a ML aspect to the taxonomy of the study Quinn and Bederson (2011).
There are several connections between the domains of ML, Human Computation, and crowdsourcing that
provide new study opportunities. Currently, in the ML area, we are seeing a high growth in Al, robotics, and
automation in various job markets. The importance of human contribution to creating entire data sets or
labelling training data to drive advancements in ML has been well documented; for example, consider
ImageNet's role in catalysing advances in Al (Deng et al., 2009). Therefore, crowdsourcing techniques solve
the knowledge expert and annotator bottlenecks required for the high-scale use of Al research such as linked
data and support the creation of ML datasets. Labelling tasks has gained extensive usage across different ML

applications as a popular and cost-effective solution for performing data analysis and sentiment analysis. As a
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result, the widespread adoption of ML relies on the availability of a sizable human input, which might be

offered through crowdsourcing platforms.

2.4 Crowdsourcing Components

Crowdsourcing and online labour markets (e.g., MTurk) have arisen as novel sources of human labour,
enabling enterprises to dynamically adjust their workforce and engage specialists, often at a relatively cheap
cost or no cost at all. The neologism was coined by Howe (2006b) as “The act of a company or institution
taking a function once performed by employees and outsourcing it to an undefined network of people in the
form of an open call”. This definition clearly delineates the essential elements of crowdsourcing and aligns
with other definitions of the term (Estellés-Arolas and Gonzalez-Ladron-de-Guevara, 2012, Hammon and
Hippner, 2012). Crowdsourcing is the combination of the concepts of "crowd" with "outsourcing" (Rouse,
2010). The notion resembles traditional "outsourcing," albeit with numerous significant distinctions. Initially,
in traditional outsourcing, one organisation delegates work formerly executed internally to another
organisation (Lacity and Hirschheim, 1993). Consequently, it is evident to whom the corporation delegates its
responsibilities (Rouse, 2010). In crowdsourcing, a firm or individual delegates tasks to an "undefined network
of people", the crowd (Howe, 2006a, Rouse, 2010). Consequently, they are unaware of the entities to which
they are outsourcing. Secondly, crowdsourcing constitutes an "open call" and thus the completion timeline and
quality level of the tasks remain uncertain. Thus, the two main important factors in such platforms are the

workforce “workers” and the outsourcing “tasks”.

2.4.1 Crowdsourcing workers

The human factors in the crowdsourcing platform depend on the two different actors in the crowdsourcing
platform: the worker and the requester. Requesters are organisations that represent the requested tasks in the
crowdsourcing platform, while the workers constitute the distributed workforce that does these tasks. The
task’s owners are the source of financing for the crowdsourcing workers and pay labourers who deliver
substantial or acknowledged high-performance output. Workers are the critical value of the crowdsourcing
ecosystems (Howe, 2008). This workforce is accessible online and performs millions of tasks on digital
platforms, typically in exchange for a small reward or other forms of compensation. Dependence on human
capabilities raises numerous questions that have been central to academic investigation by analysts for a long
time. Some studies highlight the impact of the educational background, demographic composition, and task
context on the workers' performance and reliability. (Ipeirotis, 2010b) defined that approximately 60% of the
solvers were from the United States and India, and about 35% possessed a bachelor's degree or higher.
Similarly, a study of (Jain et al., 2017) found that around 50% of the crowd labourers originated from five
nations: the United Kingdom, the United States, Venezuela, India, and Canada. Other researchers, such as (Jain
etal., 2017), and (Gadiraju et al., 2015), examined psychological behaviour, satisfaction, and motivations, all

of which affect the workers’ efficiency and ability to produce high-quality results. Jain et al. ( 2017)
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demonstrated that a deeper understanding of worker behaviour, including anchoring effects, worker learning
patterns, and their social interactions across different task types, can significantly improve the task design and
worker reliability. Likewise, (Gadiraju et al., 2015) identified an important observation: the gold standard test
questions alone are insufficient for identifying malicious workers or low-quality work. Even trusted workers
who pass the qualification criteria test can provide inappropriate answers, indicating the need for robust
continuous behaviour monitoring and clearer contextual guidelines during the task design. By understanding
the common behaviours in the crowd, requesters can make their tasks much more effective. The study by Kazai
et al. (2011) aimed to classify different worker types based on their performance and engagement patterns.
They identified five types of workers: (1) spammers, (2) careless, (3) incomplete, (4) competent, and (5)
hardworking. Their findings demonstrated a strong relationship between worker characteristics and the quality
of submitted labels, showing that such insights are useful not only for collected data analysis but also for
refining HIT designs to attract and retain competent contributors.

A study by André et al. 2014) emphasised that several contextual variables, such as the personality of
the workers, task release time on the platform, and the nature of the tasks can significantly affect the workers'
motivation and engagement on crowdsourcing platforms. Zhuang and Gadiraju (2019) examined the impact of
workers’ mood on task performance and engagement, showing that positive mood states enhanced workers'
perceived achievement and satisfaction. As a result, understanding the workers' personality traits, mood, and
motivational drivers remains a critical challenge for encouraging engagement and enhancing outcome quality
(Doan et al., 2011). Recent empirical evidence also indicates that such behavioural insights are highly
important in modern Al and human-in-the-loop systems for enhancing the accuracy, well-being, and reliability

of the worker in crowdsourcing.

2.4.2 Crowdsourcing Task

Numerous efforts have been made to categorise the extensive array of crowdsourcing systems by considering
the attributes of the crowdsourced tasks and the techniques through which value is generated. One of the most
widely cited classifications is that of Geiger et al. (2012), who identify four archetypal methods, crowd-
processing, crowd-solving, crowd-rating, and crowd-creating, based on the homogeneity of contributions and

whether value directly or collectively emerges from them (Figure 2.3).
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Figure 2.3:Crowdsourcing categories adapted from Geiger et al (2012).

Crowd-rating is a system that commonly takes the benefits of a crowd to collectively predict or assess the
required task, where the emergent data is produced from large homogeneous data such as votes or ratings.

Crowd-creating systems aim to build artefacts or content through various heterogeneous contributions, such
as user-generated data or collaborative knowledge projects. Crowd-solving harnesses the wisdom of the crowd
to construct heterogeneous solutions to complex problems or poorly defined problems, such as idea
competitions or innovation challenges. Finally, crowd-processing involves distributing huge numbers of
homogeneous micro-tasks, such as labelling or verification, where values are derived from many non-emergent
individual outputs. Table 2.1 summarises the four principal archetypes of crowdsourcing, establishing a
systematic framework for comprehending the variations in worker contributions and value creation across

different systems.
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Table 2.1: Crowdsourcing archetypes

Representative

Archetype  Contribution Structure Value Type Examples Key Literature
Homogeneous microtasks  Non-emergent (value Image labelling, (Mahmoudl-pehakl and
Crowd- . . .. Nasr-Esfahani, 2025, Le et
. performed at scale by many derived directly from text transcription,
Processmng orkers each contribution) click tasks al., 2025, Ng et al., 2025,
Moreno-Alcayde etal., 2025)
Crowd- Homogeneous evaluations Emergent (value arises ~ Ratings, relevance (Wu et al., 2024, Zhai et al.,
ratin aggregated into a collective from aggregation of judgements, 2025, Zhang et al., 2024,
& outcome votes/ratings) ranking Frering et al., 2025)
Heterogeneous solutions to . Ideation contests,  (Pan et al., 2024, Mesbah et
Crowd- Non-emergent (solutions .
solving complex or open-ended evaluated individually) problem-solving al., 2023, Yang et al., 2022,
problems challenges Daradkeh and Atalla, 2022)
Heterogeneous Emergent (collective Cltl.zen science (Wyss et al., 2025, Spicher et
Crowd- Lo, . . projects, al., 2024, Meisner et al.,
. contributions co-creating  creation of knowledge or . )
creating complex artefacts content) collaborative 2024, Arellano-Verdejo and
P datasets Lazcano-Hernandez, 2023)

The above categorisation framework has been widely applied in crowdsourcing research, as it places
an emphasis on the value creation mechanisms underlying the different forms of crowdsourcing. Other scholars
have extended this view through goal-oriented task-type classifications. Gadiraju et al.(2014) identified four
taxonomies that organised crowdsourced projects based on the essential objectives, such as verification and
creation, creative production, and information retrieval. Catallo and Martinenghi (2017) further refined this
perspective by defining four design parameters: what tasks are outsourced, who performs them, why solvers
are motivated to participate in the solution process, and how the tasks are processed. These models indicate
that the systematic design of such tasks and motivational alignment is crucial to successful crowdsourcing.
Motivating crowdsourcees to participate efficiently is therefore critical to the overall design of any
crowdsourcing task. Poorly designed tasks reduce worker motivation and the outcome quality. Consequently,
the success of crowdsourcing depends heavily on how the tasks are designed, communicated, and rewarded
(Brabham, Brabham, 2008, Doan et al., 2011, Law and Ahn, 2011). Understanding the motivations of
crowdsources, intrinsic and extrinsic, is essential (Zhao and Zhu, 2014a). Moreover, individuals in large-scale
online communities possess diverse interests, motivational orientations, and skills, which makes it challenging
for organisations to engage and coordinate crowds toward specific objectives or behaviours (Tapscott and
Williams, 2008). Research studies consistently demonstrate that motivation in crowds requires a mix of
appropriate incentive mechanisms and well-structured workflows (Aitamurto, 2015, Kashima et al., 2024,
Soliman and Tuunainen, 2015). Intrinsic worker motivation arises from tasks that allow autonomy, competence
and enjoyment, whereas extrinsic worker motivation arises from external rewards such as monetary

compensation or social recognition (Hamari et al., 2016, Kaufmann et al., 2011, Straub et al., 2015). In many
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contexts, intrinsic rewards can outperform the financial rewards, leading to better outcome quality and higher
engagement. Despite extensive research on crowdsourcing, only a limited number of studies have thoroughly
examined the motivational structures of different crowdsource types and contexts (Soliman and Tuunainen,
2015, Vanden Berghen et al., 2024, Humayun et al., 2024, Zhao and Zhu, 2014b). Moreover, crowdsourcing
outcome quality is still a challenge, especially for tasks where financial incentives dominate, due to worker
boredom, fatigue, inadequate design of Human Intelligence Tasks (HITs), and mismatches of task
requirements and the skills of the workers (Kazai et al., 2012). The final quality of the data is affected by the
profiles and abilities of the workers, the formulation of the tasks, the incentive schemes, and the reputation and
interaction style of the requesters. As Daniel et al. (2018) explain, output quality can be measured with tangible
criteria that embody both objective and subjective aspects of performance, and it is ultimately shaped by
human, technical, and procedural factors in platform ecosystems. Hence, a fundamental key challenge in
designing crowdsourcing systems is to provide motivation that aligns with the nature of the work and the
diversity of the contributors. Different crowdsourcing tasks could require unique forms of participant
motivations and structure approaches. Both a goal-oriented perspective of Gadiraju et al. (2014) and a values-
creation perspective of Geiger and Schader (2014) showed that crowdsourcing activities can be understood
across a number of levels, from isolated micro-contributions to complex and collaborative projects.

Some methodologies rely primarily on isolated worker outputs, while other types may require social motivation
mechanisms or gamified techniques that promote cooperation and motivate engagement. Gamification has
proven to be one of the most high-profile approaches to enhancing motivation and involvement in
crowdsourcing tasks (Morschheuser et al., 2016). A growing body of work on gamification in crowdsourcing
types also shows how it is being applied in crowdsourcing environments (Kavaliova et al., 2016, Mekler et al.,
2017, Zheng et al., 2011), yet the existing literature lacks a comprehensive understanding the impact of specific

gamification mechanisms on the workers’ motivation and performance outcomes across different archetypes.

2.5 Motivational Mechanisms

Motivation is an essential factor that enables individuals to participate in many jobs and achieve their
objectives across different platform community, shaping the quality, engagement and persistence in these
platforms (Zhao and van der Hoek, 2015). In the context of crowdsourcing, what determines the motivation
score is not only whether workers will engage but, far more importantly, how effectively they perform their
tasks. Motivation is particularly complex in crowdsourcing, as it mediates between the cognitive, social, and
economic dynamics that drive individuals to perform microtasks, label data, or co-create content in human—Al
collaboration systems. Motivation is a multidisciplinary subject that has been examined across different
domains, including business (Guo et al., 2019), management (Dzombak et al., 2016), medicine, social sciences
(Shank, 2016), and psychology (Stewart et al., 2017). Recent studies in crowdsourcing also place an emphasis

on the interplay between cognitive incentives (e.g., learning, curiosity), affective experiences (e.g., enjoyment,
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belonging), and instrumental drivers (e.g., payment or recognition). Motivation is seen as the impetus that
compels individuals to engage in actions that are either objective (goal-oriented) or subjective (mental
constructs) (Matschke et al., 2014). Consequently, motivation drives both cognitive intention and the
subsequent behaviour. Thus, it can steer humans toward desired outcomes while also keeping them out of
undesirable circumstances (Zhou and Wang, 2018). When individuals are positively motivated, they
experience satisfaction, enjoyment, and intrinsic pleasure in performing the activity. Significant challenges
have been encountered by the researchers in motivating workers to complete tasks, including issues like loss
of interest, withdrawal, or attrition over time. Since disengagement are persistent issues in crowdsourcing,
motivation is acknowledged as a cornerstone for maintaining engagement and quality in online crowdsourcing
platforms (Kittur et al., 2013). Motivation possesses various forms and meaning and its integration into
crowdsourcing systems has demonstrated substantial effectiveness (Graboviy, 2016).

Several motivational mechanisms have been employed by researchers, incorporating intrinsic,
extrinsic, and social elements on online platforms to improve participant engagement in crowdsourcing tasks.
Research demonstrated that no single motivational approach is generally effective; instead, optimal approaches
depend on the task type, platform design, and worker characteristics (Kaufmann et al., 2011, Spindeldreher
and Schlagwein, 2016, Posch et al., 2019). Previous reviews have classified these mechanisms of motivation
in crowdsourcing in various ways. For instance, Pinto and dos Santos (2018) categorised 25 motivational
elements into intrinsic, extrinsic, and social motives, a practical taxonomy commonly utilised in information
system research. Additionally, contemporary literature highlights design-centric strategies, such as priming,
onboarding, conversational styles, and gamification, which integrate many motivators and can be intentionally
embedded within the task workflows to improve workers' performance and engagement. Gamification is
particularly useful in non-game scenarios for incorporating elements of the game experience: points, badges,
leaderboards, etc. (Morschheuser et al., 2019). Current literature in human-in-the-loop (HITL) data annotation
and Al training tasks indicates that motivational approaches must be context-sensitive to balance the efficiency
requirements of ML workflows with human well-being and cognitive satisfaction (Jiang et al., 2024; Patel et
al., 2023).

More extensive reviews, however, have discovered that gamification in crowdsourcing is under-
investigated and warrants further systematic exploration grounded in theory to ensure collective participation
in crowdsourcing activities (Riar et al., 2022). Although extrinsic motivators continue to be the bedrock to
engage the workforce, intrinsic and social resources are gaining precedence to ensure and enhance engagement
and eliminate cognitive fatigue during a repetitive or complex labelling task. These mechanisms are discussed

in detail in the following subsections.
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2.5.1 Extrinsic Motivation Mechanisms

The most traditional form of motivation in crowdsourcing includes extrinsic rewards, especially financial
remuneration. Initial research on task marketplaces such as Amazon Mechanical Turk revealed that workers
frequently choose tasks primarily according to the payment level or compensation rates (Ipeirotis, 2010a).
Subsequent studies have explored how different payment systems affect participation and quality of output in
data annotation settings as well as environments where people are loops for other people to make decisions.
Furthermore, to enhance the quality of the outcomes, the effect of performance-based payments has been
examined by subsequent research. Ho et al. (2015) discovered that performance-based payments improved the
quality in "effort-responsive" tasks, where increased worker effort yielded superior outcomes. Studies of large-
scale labelling and Al data collection projects, however, have recently shown that payment mechanisms still
play a role in task acceptance; but not necessarily sustain high performance over time (Jiang et al., 2024, Kong
et al., 2025). For instance, hybrid reward structures using base pay plus task-specific bonuses have been used
to increase crowd annotation accuracy while controlling costs (Guo et al., 2023). This confirms earlier findings
that rewards need to be proportional to task complexity and worker expectations, rather than be tied to the
same reward in the pay-per-task model (Gallus, 2017). However, beyond a certain threshold, increased
payment may also reduce the data quality, especially when involved in monotonous and repetitive small-scale
task-oriented activities (Rogstadius et al., 2011). Multi-dimensional incentive systems using financial,
reputation, and feedback-based mechanisms are suggested to mitigate this issue (Patel et al., 2023, Zhao et al.,
2023). In addition to maintaining engagement, such systems encourage perceived fairness and trust, which are
critical for retaining participation in platform work (Gallus, 2017, Yu et al., 2019). Performance-based payment
approaches have been shown to improve the output quality in crowdsourcing activity where the workers' efforts
directly influence the performance, specifically in the data annotation and labelling contexts (Ho et al., 2015).
However, their effectiveness relies on whether the workers perceive evaluation criteria as transparent and fair,
since an ambiguous or punitive evaluation system can undermine trust and involvement (He and Zhang, 2024).
New algorithmic incentive models also prioritise flexibility, with the use of dynamic incentives that adjust to
employee behaviour, speed, and reliability (Jiang et al., 2024, Kong et al., 2025). This marks a shift from static
reward design to continuous, context-sensitive feedback loops. Extrinsic motivation basically remains
foundational but insufficient to encourage participants’ engagement (Kaufmann et al., 2011). Improving
participation and involvement requires a balance of economic, cognitive, and social reinforcement, which
naturally introduces the field of intrinsic motivation. Although extrinsic incentives are extensively examined,
there is limited knowledge regarding the interaction between monetary and non-monetary extrinsic incentives

and intrinsic motivations.
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2.5.2 Intrinsic Motivation Mechanisms

Intrinsic motivation describes participation that is driven by internal satisfaction, curiosity, or enjoyment of
the task, and it is essential to understanding why individuals engage in activities with minimal or absent
extrinsic rewards (Ryan and Deci, 2000). Within the crowdsourcing platforms, intrinsic motivators have been
shown to foster autonomous engagement and improve quality and attention levels in labelling and creative
tasks (Raddick et al., 2010, Tinati et al., 2017).

Recent studies have enhanced this comprehension by linking intrinsic motivation with psychological
constructs such as autonomy, competence, and relatedness (Siamtanidou et al., 2025, Suen et al., 2022). When
platforms promote these needs (freedom to choose tasks, evidence of progress, and social contact), workers
demonstrate enjoyment and persistence (Behl et al., 2021, Vergara-Borge et al., 2025).

A sense of meaningful contribution is also most important in scientific and humanitarian
crowdsourcing activities in which respondents are motivated by prosocial- or altruism-oriented motives rather
than profit gain (Bastanfard et al., 2024, Tinati et al., 2017). Similarly, curiosity-driven design methods, for
example, using progressive task disclosure or visualisation of the feedback, have been shown to improve
internal motivation without affecting the accuracy of the work (Law et al., 2016). Similarly, onboarding design
elements may improve worker engagement in citizen science contexts, as shown by (Cascaes Cardoso, 2017).
Human-in-the-loop annotation environments have seen an increased focus on “learning value”, where the
workers perceived skills development or knowledge gain as rewarding. Furthermore, gamified cues including
progress bars, proficiency-tracking dashboards, and self-assessment feedback, enable mastery and self-
efficacy (Spicher et al., 2024). However, internal motivators can be weakened by poor task design, ambiguous
feedback, and excessive automation that reduces workers ‘sense of control over their participation (Kaufmann
et al., 2011, Riar et al., 2022, Spicher et al., 2024). Thus, effective crowdsourcing systems must maintain a
good balance, providing enough structure to guide the accuracy while maintaining sufficient space for freedom
and curiosity to enhance interest. Recent findings also tend to support the idea that intrinsic satisfaction in the
labelling tasks can enhance both participation engagement and data quality, as motivated workers exhibited
lower error rates and higher attentional consistency (Bastanfard et al., 2024, Wiethof et al., 2022). Thus,
intrinsic motivation drives care, depth and improve engagement, whereas extrinsic incentives primarily trigger
initial participation.

2.5.3 Social Motivation Mechanisms

Social motivation in crowdsourcing research refers to the influence of recognition, reputation, collaboration,
and perceived community-relatedness on worker engagement. Whereas extrinsic incentives encourage
participants and intrinsic incentives deep engagement, social strategies support relatedness, fairness, and
identity (Pinto and dos Santos, 2018). According to recent literature, recognition and transparency are among

the most effective non-monetary motivators in human computation contexts, with evidence that symbolic
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awards, despite lacking monetary value, markedly enhanced participation, highlighting the influence of social
recognition (Gallus, 2017; Patel et al., 2023). Moreover, Morschheuser et al. (2019) demonstrated that
collaboration and recognition of peers enhanced creativity and the calibre of tasks in crowdsourcing.
Experiments on collaborative labelling platforms reveal that symbolic recognition may be as motivating as
monetary rewards in aiding accuracy and involvement. Workers persist longer when they receive visible
acknowledgement through badges, peer approval, or status rankings, especially when those metrics are tied to
visible contribution quality rather than arbitrary measures (Kong et al., 2025). Accountability and trust are also
enhanced by reputation systems and social visibility. Platforms such as Zooniverse and Foldit utilise public
contribution histories and discussion boards for mutual learning and recognition (Raddick et al., 2010, Tinati
et al., 2017). In data-centric crowdsourcing, gamified participation mechanisms and social feedback features
can enhance workers ‘engagement, confidence, and perceived contribution, particularly if complemented by
meaningful feedback and opportunities for progress monitoring (Siamtanidou et al., 2025, Spicher et al., 2024).
However, competitive social incentives require careful implementation. For example, leaderboard-based in
comparative systems serve as an additional social incentive that can improve the performance for the top
experienced achiever, while discouraging those at the bottom who can become frustrated through their lack of
ability (Na and Han, 2023), which indicates that the nature of social incentives can either promote or hinder
outcomes, depending on their design and individual differences. Likewise, studies on fairness and worker
motivation suggest that perceived inequity, limited transparency, and poor design reward can negatively affect
worker satisfaction, trust and workers outcome (Borromeo et al., 2017, Behl et al., 2021). Recent research also
emphasises that feedback visibility, recognition strategies, and transparent contribution play a critical role in
enhancing motivation in gamified human-in-the-loop systems (Vergara-Borge et al., 2025, Wiethof et al.,
2022). In sum, social mechanisms work most effectively when they balance competition and cooperation;

when they do, they affirm both individual worth and the crowd's collective achievement.

2.5.4 Design-Centric Motivation Mechanisms

Besides the classical extrinsic, intrinsic, and social mechanisms, motivation can also be shaped through the
design of the task environment and worker experience. Such design-centred approaches include task
structuring, priming, onboarding, conversational interfaces, feedback mechanisms, micro-diversions, and
gamification. These approaches are not equivalent or interchangeable, as each addresses different aspects of
worker motivation and experience. Gamification provides a comparatively broad motivational design space
through which multiple motivational mechanisms can be incorporated within the same task environment.
Rather than functioning as a single isolated feature, gamification can combine mechanisms such as feedback,
progression, goal setting, achievement, recognition, social comparison, competition, and cooperation
(Morschheuser et al., 2019, Riar et al., 2022). Gamification is therefore treated as a higher-level design

approach through which intrinsic, extrinsic, and social motivational mechanisms can be operationalised and
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coordinated, rather than as an alternative to task design itself. This broader design capacity made it particularly
suitable for investigating how motivational mechanisms might be systematically integrated within repetitive
crowdsourcing tasks (Morris et al., 2012). Recent empirical research has shown that gamified features might
enhance worker satisfaction, time-on-task, and perceived competence in labelling and citizen-science
situations (Bastanfard et al., 2024, Ernestivita et al., 2024, Spicher et al., 2024).

Moreover, systematic reviews on gamified crowdsourcing (Riar et al., 2022, Morschheuser et al., 2019)
emphasise that although points and leaderboards improve engagement and it requires alignment with
psychological needs such as autonomy, competence, and relatedness. These are complementary ideas with
SDT and Flow Theory which is the theoretical framing of this thesis. Design-based mechanisms also extend
beyond the mechanics of the game elements. Micro-diversions, brief, enjoyable breaks or contextual variations,
enable the restoration of attentional recovery and enhanced memory in crowd tasks (Dai et al., 2015,
Rzeszotarski et al., 2013). Priming techniques, such as quotes, inspirational messages, or visual cues, have
been shown as positive or achievement-oriented stimuli that enhance engagement, creativity, and persistence
(Gadiraju and Dietze, 2017). Conversational interfaces and avatar-based guidance (Qiu et al., 2020, QIU et al.,
2021) have increased the motivational landscape, creating a feeling of social presence in otherwise solitary
annotation work. Hybrid motivational systems, merging financial, social, and design-centric stimuli, are
currently the gold standard in crowdsourcing motivation research (Jiang et al., 2024, Kong et al., 2025). Such
systems can self-adjust based on worker behaviour, skill development, and engagement signals, effectively
bridging the gap between efficiency and human-centred design. In summary, Table 2.2 consolidates the four
principal methods employed in crowdsourcing systems and their common applications, as explained in Section

2.5.

2.6 Theoretical lens

SDT and Flow Theory are most widely recognised as complementary frameworks for motivation and
engagement in human-computer interaction and digital work contexts. In a crowdsourcing platform, the
relevance of these frameworks is particularly prominent, as the performance and participation of the workers
are affected by a combination of intrinsic, extrinsic, social, and design-related factors, as discussed in Section

2.5.
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Table 2.2: Motivational mechanisms in crowdsourcing

Motivation Common Mechanisms in

Type Description Crowdsourcing Contexts Supporting Literature

Motivation driven by =~ Monetary pay, performance-
Extrinsic external rewards or based bonuses, approval
consequences ratings

(Xu et al., 2024, Abid et al., 2025, Wang et
al., 2017, Fong et al., 2025)

Motivation driven by  Interesting tasks, learning
Intrinsic interest, curiosity, or  value, meaningful
enjoyment contributions

(Liu et al., 2025, Humayun et al., 2024,
Moreno-Acevedo et al., 2024)

Motivation arising from Leaderboards, peer visibility,
Social recognition and social shared spaces, cooperative
connection tasks

(Wyss et al., 2025, Spicher et al., 2024,
Meisner et al., 2024)

Gamification elements, micro- (Vergara-Borge et al., 2025, Spicher et al.,
diversions, human-in-the-loop 2024, Bastanfard et al., 2024, Ernestivita et
interaction al., 2024)

Motivation embedded

Design-centric . . .
& in task/interface design

Prior research has indicated that while financial incentives may motivate participation, intrinsic motivations,
social interactions, and meaningful task experiences are more critical in motivating engagement and
guaranteeing high-quality contributions (Suen et al., 2022, Siamtanidou et al., 2025, Ryan and Deci, 2000).
SDT and Flow Theory are investigated as essential frameworks for understanding motivation in crowdsourcing
contexts, further elaborating on these insights. Ryan and Deci (2000) differentiate between extrinsic and
intrinsic motivation and highlight the significance of three fundamental psychological needs:

e Autonomy: the need to experience a sense of control and agency over one’s actions.

e Competence: the need to sense oneself as being successful and proficient in executing tasks.

e Relatedness: the necessity to establish connections with others and experience a sense of belonging.

If these requirements are met, individuals are more likely to internalise objectives, maintain effort, and

demonstrate greater satisfaction and performance. SDT has been extensively used to analyse motivation in
online work communities, citizen science, and collaborative systems, as it illuminates how contributors can
remain engaged without strong extrinsic rewarding incentives. In this context, SDT offers the basic
understanding of how the platform design supports autonomy (e.g., choices of tasks), competence (e.g., clear
feedback and progress indicators), and relatedness (e.g., collaborative features and communication space) and
can thus improve data quality, participation, and worker retention. The combined SDT demands and Flow
Theory conditions offer a theoretical basis framework for understanding how particular motivational

mechanisms and task-design choices are expected to affect engagement, persistence, and output quality;
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Table 2.3:Alignment of SDT and Flow constructs with motivational mechanisms

Theory Construct

Motivational
Mechanism

Intended Worker Effect

Supporting Literature (Scopus)

Autonomy (SDT)

Autonomy-supportive
design

Supports internalisation and self-
directed participation

(Xu et al., 2025a, Zhao et al.,
2020, Yu et al., 2019)

Competence (SDT)

Feedback and
progression

Enhances mastery, learning, and
accuracy

(McNeil et al., 2023, Reinhard et
al., 2023, Xu et al., 2019)

Relatedness (SDT)

Social motivation

Strengthens belonging, social
presence, and collaboration

(Ustalov et al., 2023, Ye et al.,
2023, Li et al., 2022)

Flow (Challenge— Design-centric Enhance immersion; avoids (Liu et al., 2016, Cui et al., 2017,
Skill Balance) challenge calibration  |boredom or overload Palma et al., 2024)
Flow (Immediate Instant performance Improves attention, focus, and (Xin et al., 2018, Liu et al., 2020,
Feedback) cues quality Wang et al., 2021)

Table 2.3 summarises how these theories align with common motivational mechanisms and their effects in the
crowdsourcing context.

Flow Theory (Csikszentmihalyi, 1997) delineates an ideal psychological condition of immersion and
pleasure that arises when an individual's abilities are appropriately aligned with the challenge posed by a task.
The state of flow is identified by intense focus, a feeling of mastery, and inherent gratification from the activity.
Research into digital labour increasingly demonstrates that striking a challenge—skill balance can lead to lower
cognitive fatigue, improved enjoyment, and increased task persistence, particularly in repetitive image-
labelling or data annotation situations. Collectively, SDT and Flow Theory provide a conceptual lens for
analysing motivation and involvement in crowdsourcing. SDT highlights the psychological needs that must be
fulfilled to promote ongoing participation, whereas Flow Theory elucidates how task design can foster
immersive engagement when challenge and skill are harmonised. In this research paper, these two theoretical
frameworks are combined to interpret worker behaviour, motivation design, and subsequent empirical patterns
of engagement. The design-oriented methods, such as gamification, are conceptualised not as theoretical
models but as practical means in which autonomy, competence, relatedness, and flow-affirmative situations
are operationalised. For example, leaderboards may enhance competence and relatedness, while progressive

levels and calibrated feedback may help maintain a challenge—skill balance that encourages flow.

2.7 Conclusion

This chapter has presented the conceptual and theoretical foundation underpinning this thesis. It began with
the history of crowdsourcing and human computation, illustrating their increasing significance in the current
modern artificial intelligence (Al), machine Learning (ML) and human-in-the-loop (HITL) systems. Through
this discussion, crowdsourcing was framed not merely as a mechanism for outsourcing tasks but as a dynamic
socio-technical process that supports large-scale data annotation and the human contributions required in Al

and ML development workflows. The basic components of crowdsourcing have also been examined in this
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chapter, including workers, tasks, requesters, and platforms. Together, this literature positions the
crowdsourcing as a platform in which the task features, worker motivation, system design, and outcome quality
requirements should be considered collectively.

A substantial section of this chapter has been devoted to motivation, which is the primary conceptual
focus of the thesis. In section 2.5, we synthesised the research on extrinsic, intrinsic, social, and design-centric
motivation mechanisms. This discussion emphasised that the motivation in crowdsourcing systems is
multidimensional: financial rewards are frequently important for attracting participation, but worker
engagement and their reliable outcome also depend on intrinsic interest, perceived competence, and social
connection. Design-centric strategies like gamification, hybrid rewards, and interactive feedback have received
growing attention, but the literature does not yet provide a sufficient integrated account of how these
mechanisms could be combined with collaborative strategies in repetitive labelling tasks.

This chapter establishes gamification as a comparatively broad motivational design space that can
integrate multiple mechanisms, including feedback, progression, achievement, social interaction, competition,
and cooperation (Riar et al., 2022, Morschheuser et al., 2019). The subsequent study in Chapter 4 therefore
examines how workers naturally differ in performance, engagement, workload, and task-selection preferences
across non-gamified crowdsourcing tasks. These empirical observations provide a basis for narrowing the
investigation in Chapter 5, where gamification is examined systematically through a scoping review to
determine how it’s different elements have been operationalised across crowdsourcing archetypes, which
motivational mechanisms have been emphasised, and where important theoretical and design gaps remain.

Building on this background and theoretical foundation, section 2.6 presented SDT and Flow Theory
as the lenses that support this thesis. Both theories address how autonomy, competence, and relatedness could
support motivation and engagement, and how the alignment between task difficulty and user skill promotes
enjoyment immersion and attention. These theories thus provide a basis for investigating the motivational task
design; however, the literature studies reviewed in this chapter indicate that they have not been consistently
applied to the design and assessment in crowdsourcing environments. This chapter demonstrates four linked
gaps in the literature. First, while several research in crowdsourcing have explored participation and
performance, little comparative research exists on how workers' levels of engagement and performance differ
across crowdsourcing task types. In the absence of this baseline knowledge, it becomes unclear which task
features or motivational challenges require design intervention. That gap drives RQ1: “How do workers’
performance and engagement vary across different crowdsourcing task types?”

Second, following the exploratory investigation of worker engagement and task-selection preferences
in Chapter 4, a more systematic understanding is required of how motivational design has been operationalised
in existing crowdsourcing research. Gamification provides a particularly suitable focus for this synthesis

because of the breadth of motivational mechanisms that can be represented through its design elements.
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However, the literature remains fragmented across task contexts and crowdsourcing archetypes. Specifically,
it remains unclear how different gamification elements have been applied across crowd-processing, crowd-
rating, crowd-solving, and crowd-creating systems, which motivational mechanisms and theoretical
perspectives they reflect, and which areas remain comparatively underexplored. This gap motivates RQ?2:
“How have the additional task features (e.g., gamification elements) been applied in existing crowdsourcing
research across the main archetypes?”’

Third, there are still inadequate evidence for how motivational features are systematically applied into
the design of a crowdsourcing image-labelling task. Whilst the literature recognises the positive effects of
feedback, progression, communication and social support, these are seldom combined into a theoretically
derived and experimentally testable model. This design deficit inspires RQ3: “How can such features be
systematically designed and integrated to improve workers’ performance and engagement in crowdsourcing
image-labelling tasks?”

Fourth, the literature presents us with relatively insufficient support for how they impact the
trustworthiness of the crowdsourcing findings, especially with respect to worker performance and thus the data
quality. This is the problem at the heart of crowdsourced labelling, because agreement strength and accuracy
in so far as their usage directly influences the use of labelled datasets in ML and Al applications that follow.
This quality gap drives RQ4: “How do such features affect the reliability of the crowdsourcing outcomes,
particularly in terms of worker agreement?”

Taken together, these four gaps represent the motivation for research programme in this thesis, and

the methodological approach to answer these research questions is described in the following chapter.
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Chapter 3 :Research Methodology

3.1 Introduction
This chapter defines the methodological framework adopted in this thesis. It outlines how the insights from
Chapter 2, which reviewed the theoretical and empirical foundations of crowdsourcing, motivation, and task
design, informed the overall research strategy. The methodology establishes the basis for ensuring that the
research approach is philosophically consistent, empirically robust, and aligned with the thesis objectives.
The objectives of this thesis, as stated in Chapter 1, range from exploring and examining how the
crowd workers perform and engage in different crowdsourcing tasks to examining the impact of collaborative
task design with motivational features on engagement and performance within crowdsourcing environments.
Addressing these objectives necessitated a methodological framework adept at encapsulating the intricacies of
human motivation in distributed digital work while guaranteeing reliable and valid results throughout various
research phases. Thus, a multi-phase mixed methods approach has been applied in this thesis, with each study
built based on the findings of the previous phase study:

1. An exploratory empirical study examining baseline patterns of engagement and accuracy for different
types of crowdsourcing tasks.

2. A scoping review synthesising the literature on motivational approaches in crowdsourcing, with
particular attention to design features, such as gamification, that have been proposed to enhance
participation and performance.

3. A collaborative, gamified experimental study testing the impact of specific gamification features (chat,
leaderboards, score feedback, shared goals, and levels) on worker engagement and performance in
image-labelling tasks.

The thesis sequentially organises its research, enabling not only a deepened understanding of what is known

but also testing the effects of design interventions in controlled conditions.

3.2 Research paradigms and methodologies

The nature of the research problem and the research questions determine the most appropriate paradigms and
methodological selection; each paradigm has various philosophical presumptions and pragmatic consequences
(Kankam, 2019). Common utilised paradigms in information research are positivism, interpretivism,
pragmatism, and post-positivism (Kankam, 2019). The interpretivism paradigm uses qualitative research

methods to explore human behaviour, viewpoints, and relationships (Kumatongo and Muzata, 2021).
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Figure 3.1: The interconnection of worldviews, design, and research method (Creswell and

Creswell, 2017)

The positivist paradigm emphasis objective measurement, hypothesis testing, and quantitative analysis. To
properly deal with research difficulties, the pragmatism paradigm uses a framework combining both qualitative
and quantitative approach relationships (Kumatongo and Muzata, 2021). Qualitative, quantitative, and mixed
methods techniques are the three basic forms of research methodology approaches available. Mostly developed
in social sciences, qualitative research emphasises thoroughly investigating a research issue (Creswell and
Creswell, 2017). In qualitative research, several techniques are applied, including grounded theory,
phenomenology, ethnography, and case studies. Interviews, observations, recordings, and documents can all
be part of qualitative data collection (Creswell and Creswell, 2017). To address hypotheses and problems, the
quantitative design centres on variable measurement and analysis of the interactions among variables (Creswell
and Creswell, 2017). One can take advantage of methods including surveys and experiments. Quantitative data
collection could call for numerical records, checklists, or instrument data.

Overcoming the restrictions of applying a single methodology, the mixed methods approach combines
qualitative and quantitative methodologies to offer a more complete knowledge of study issues (Creswell and
Creswell, 2017). For instance, while qualitative approaches investigate fundamental causes, quantitative
techniques can test the hypothesis and identify the relationships. The mixed methods approach also clarifies
the whole nature of the research issue. Using rigorous approaches for data collecting, analysis, and
interpretation, it compiles both qualitative and quantitative data (Creswell and Creswell, 2017). A mixed
methods approach is suitable for explaining quantitative results, including personal viewpoints, and assessing
programmes and policies as well as other aspects (Creswell and Creswell, 2017). Furthermore, three different

kinds of mixed methods design exist: the convergent, the explanatory sequential, and the exploratory sequential

28



(Creswell and Creswell, 2017). Figure 3.1 shows the relation between the research methods, paradigms, and
the design. For research that focuses on understanding complex human—technology interactions, pragmatism
is a well-suited paradigm, as it emphasises the generation of actionable insights rather than strict adherence to
a single philosophical doctrine (Morgan, 2014). Thus, pragmatic research is the paradigm that guides the
methodological choices underpinning this thesis. In the context of crowdsourcing, this paradigm offers the
adaptability to include many approaches, where the workers’ engagement and performance are affected by
several motivational factors and social technological elements

From an epistemological perspective, a pragmatic position means recognising that knowledge of
crowd work is both constructed and quantifiable. Qualitatively, we investigate how individuals understand and
execute crowd tasks and on a more general level, behavioural measures and survey responses offer
supplementary and confirmatory quantitative evidence (Creswell and Creswell, 2017, Johnson et al., 2007).
This perspective is consistent with the mixed methods framework utilised in our research by blending
experimental methods and systematic literature synthesis to achieve an integrative understanding of the
research problem (Morgan, 2007).

Ontologically, this thesis suggests that crowdsourcing platforms are dynamic, socio-technical systems,
where the worker behaviour emerges through the ongoing interaction between human and technological
infrastructures. Such systems cannot be adequately explained through purely deterministic models nor through
exclusively subjective accounts. Epistemologically, meaningful understanding requires different viewpoints
and data sources (Kittur et al., 2013, Orlikowski and lacono, 2001). Thus, pragmatism allows the focus of the
research to be amended through certain iterations and insights from one study as a guide to the further
development and design of the subsequent study without sacrificing the philosophical coherence. This
flexibility renders pragmatism a highly fitting basis for multi-phase explanatory sequential mixed methods
research in which evidence accumulates progressively and integrates across phases (Creswell and Creswell,
2017, Maxwell and Loomis, 2003). This makes it a consistent base for explanatory sequential mixed-design

methods, as we shall see in subsection 3.3.

3.3 Methodological Framework: Multi-Phase Mixed Methods Research.

This thesis adopts multi-phase mixed methods framework guided by the explanatory sequential logic, which
is a widely used approach that requires integrates quantitative rigour with qualitative contextual understanding.
The design consists of three interrelated studies, each study developed based on the findings of the preceding
study, allowing evidence generated in earlier phases to inform the design, focus, and interpretation of
subsequent phases.

The use of multi-phase explanatory sequential mixed methods framework is motivated by the
complexity of crowdsourcing contexts, where the worker performance and engagement are influenced by

technical, social, and motivational factors. A focus on quantitative results solely would mask the context of
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implementation, whereas totally qualitative accounts may lack generalisability. The multi-phase mixed
methods research combines the strengths of the two research styles, enabling an in-depth exploration and
iterative refinement of the research questions. The framework is organised in the following manner:
Exploratory Empirical Study (Study 1): A mixed methods analysis to exploring the baseline patterns of
engagement, accuracy, and task selection with different criteria across various types of crowdsourcing tasks.
The results facilitated the identification of critical factors affecting worker performance, motivation, and
engagement.

Scoping Review (Study 2): This study used qualitative coding supported by descriptive quantitative
summaries of current studies regarding the use of motivational and design strategies in crowdsourcing across
various archetypes. This phase integrated knowledge from current research, identified theoretical and empirical
gaps, and established the conceptual foundation for the concluding experimental study.

Collaborative Experimental Study (Study 3): A controlled, mixed methods analysis of motivational factors
in collaborative image-labelling tasks. The quantitative measures recorded behavioural and performance-based
impact; qualitative data (e.g., worker feedback, chat transcripts) provided insight about workers’ perception
and experiences.

The design facilitates a gradual alignment of theory, evidence, and practice by structuring the research
in consecutive studies. Every study refines the inquiry's focus, establishing a structured pathway that
progresses from understanding the baseline operations to incorporating previous information and knowledge,
leading to the systematic evaluation of various interventions. This framework aligns directly with the

dissertation research questions, including descriptive, exploratory, and evaluative dimensions.

3.4 Methods for Data Collection and Analysis Instruments

This thesis' strategy for gathering material intended to establish robust evidence based on engagement and
performance in crowdsourcing. According to the multi-phase mixed methods research approach guiding by
explanatory sequential logic, three different studies were carried out, each using appropriate datasets and
instruments and yet keeping the major indicators consistent across studies to make comparisons more

meaningful.
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Ontology
a socio-technical,
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Epistemology
Knowledge as both measurable
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(Qualitative Evidence Synthesis)

|

Study 3 - Collaborative Gamified Experimental Study
(Quantitative + Qualitative)

|

Integration of Findings

Figure 3.2:Integration of the pragmatic paradigm with the multi-phase mixed methods research

design adopted in this thesis.
3.4.1 Study 1: Exploratory Study of Different Tasks
In the first study, we investigated baseline engagement and performance for three widely used crowdsourcing
task types—text classification, image classification, and surveys —implemented on Amazon Mechanical Turk.
We selected these task types because they represent real-world task markets (Gadiraju et al., 2014) and cover

both content annotation (text, image) and reflective survey work, which differ in cognitive demand and worker

propensity.
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Data sets:

Text classification: CrisisNLP collection of disaster-related tweets (Imran et al., 2016). This choice was made
because CrisisNLP is concerned with humanitarian response, where accurate tagging of crisis information can
make a real difference. It is also a classic area for public "voluntarism" or donated effort. CrisisNLP's nine-
class schema is well enough for our purposes to apply for untrained workers. Image classification: Stanford
Dogs collection (Khosla et al., 2011), small because fine distinctions are very demanding on the worker’s mind
and so fit such benchmarking tasks as crowd-sourced annotation of ML training sets. Its eminent verity also
makes it good for measuring engagement levels and accuracy, as underlined by our piece on behavioural data.
Survey tasks: E-learning survey on experience during the COVID-19 Pandemic. Included here for comparison
with annotation content tasks is a reflective self-reporting task type largely found in online venues.
Quantitative instruments:

Accuracy: direct comparison with gold-standard tags where available gave an impartial measure of
performance on the task (Sammut and Webb, 2011, Snow et al., 2008).

User Engagement Scale — Short Form (UES-SF): This scale has been chosen for its efficacy in capturing the
degree to which people engage with digital environments and includes such variable factors as focused
attention, perceived usability, and reward (O’Brien et al., 2018).

NASA Task Load Index (NASA-TLX): This widely recognised scale measures perceived workload across six
dimensions (Hart and Staveland, 1988). Here it is applied to varying task types.

Big Five Personality Inventory (BFI-10): This is a validated, concise test measuring personality traits
(Rammstedt and John, 2007). The reason for including it in the study is to see whether stable individual
differences modulate engagement and accuracy.

Qualitative instrument:

Open-ended feedback: This allowed the workers to discuss difficulties, make suggestions, or suggest

preferences, so contextual understanding of quantitative scores could be added.

3.4.2 Study 2: Scoping Review of Motivational Features in Crowdsourcing

The second part of the thesis conducted a systematic scoping review of existing literature to synthesise what
is known about using motivational resources in crowdsourcing systems. The review followed (Arksey and
O'Malley, 2005) and methodology framework, which provides a systematic way to search, screen, and
synthesise appropriate studies.

Data sources and search: Searches were conducted in Scopus, Web of Science, ACM Digital Library, and
IEEE Xplore to provide coverage for both computer science-based research as well as social science. Inclusion
and exclusion criteria were established to generate coverage of studies describing motivational or gamified

crowdsourcing task design.
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Gamification elements: The framework that our extraction and classification approach is based on is the
taxonomy identified by Koivisto and Hamari (2019) which offers a comprehensive methodology for
understanding gamification as a motivational design framework, allowing us to aggregate insights from the
overall findings. This taxonomy differentiates between social, achievement/progression, immersion and
economic aspects, and allows for a uniform categorisation of game design elements in the studies analysed.
Analytical methods: The extracted data were analysed to identify the patterns in all CS task archetypes,
motivational engines, theoretical framework underpinnings, and reporting of the outcomes. This mapping
enabled the detection of gaps in research, including the under-exploration of collaborative motivational
elements in the context of crowdsourcing.

Therefore, the scoping review acted as a bridge between our preliminary work (Study 1), which
identified intrinsic interest as being key for task engagement and interest-related motivational features to
possibly be used, and the co-designed experiment (Study 3) that systematically examined specific motivational

properties in a more controlled setting.

3.4.3 Study 3: Collaborative Experimental Study with Motivational Elements
In this phase, we implemented a custom-built crowdsourcing prototype system with collaborative image
labelling and integrated motivational features drawn from Studies 1 and 2.
Data set:
The Galaxy Zoo astronomical image data set (Lintott et al., 2008). We selected this data set for three reasons:
(1) it provides a typical example of large-scale citizen science annotation to compare with our method; (2)
classification is based on human judgment rather than any specialist training, so Amazon Mechanical Turk
workers can do it, and (3) it aligns well with previous research in collaborative labelling methods that make
annotation feasible based on large numbers of participants.
Quantitative instruments:
Accuracy and Agreement Strength: These are standard performance measures for crowd-sourced annotation
tasks (Snow et al., 2008). We applied them for consistency among workers using majority voting and Cohen's
kappa.
Engagement: The assessment of engagement in this study, unlike Study 1, which employed the UES-SF as a
general engagement measure, Study 3 adopted a theory-informed engagement framework based on Self-
Determination Theory and Flow Theory. These constructs were:

e Autonomy (e.g., “I did things in the game because they interested me”),

e Competence (e.g., “I am satisfied with my performance for the task™),

e Relatedness (e.g., “When I visit the online community, I feel supported by other users”),

e Enjoyment (e.g., “I enjoyed this task very much”),

e Perceived usability (e.g., “I found this task confusing to do”).
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Items were primarily adapted from the Intrinsic Motivation Inventory (Deci and Ryan, 1985, McAuley
et al., 1989), and previous engagement studies in the HCI and gamification (O’Brien et al., 2018). This
adaptation ensured that the gamified experiment of engagement measures was in line with the needs of
motivation embedded in the design of the system (chat, leaderboard, scoring, and levels); it reflects not only
SDT-related needs such as autonomy, competence, and relatedness, but also HCI-related aspects, enjoyment,
and perceived usability.

NASA-TLX: This is the measure of perceived effort of workload across six dimensions (Hart and Staveland,
1988). Here it is applied to varying task types.

Qualitative instruments:

Chat transcripts with open-ended feedback responses were analysed to capture patterns of collaboration and

provide supplementary contextual information.

3.5 Integration and Consistency

In the data collection method, two general methodological principles were used to guide us for the three
research studies: triangulation and continuity. These two principles ensured that our findings were
methodologically robust and conceptually coherent across all research study designs.

First, triangulation of data and instruments was used in improving the credibility and validity of the
findings. By using the principles of the methodological triangulation (Denzin, 2017), multiple forms of data
were collected in each study, including objective performance logs, self-report survey measures, and
qualitative feedback. A variety of data sources (e.g., task accuracy and completion records), perceptual
measures (e.g., engagement and workload scales), and open-ended participant responses allowed cross-
validation of findings and reduced the risks associated with relying on one data source or measurement
perspective. This sort of triangulation is especially critical in research that investigates complex human—
technology interactions where no one method can capture users’ behaviours, perceptions, and experiences
(Creswell and Clark, 2017). The use of qualitative evidence paired directly with quantitative data allowed us
to corroborate and explain these outcomes across different types of data sets and provide a richer and deeper
analysis of worker engagement and performance in crowdsourcing contexts.

Second, the continuity of the key constructs was maintained across the research programme of the
thesis to facilitate meaningful comparisons and cumulative knowledge building. The constructs of user
engagement, perceived workload, and individual differences were examined across the empirical studies;
based on validated measures. The scoping review extended these constructs by exploring how motivational
mechanisms and design strategies have been studied in previous crowdsourcing work. Meanwhile, study-
specific instruments were also added whenever needed to take into account the unique goals of the individual
study. For example, we used coding in a systematic manner in the scoping review to categorise motivational

design components; chat log analysis and post-task qualitative feedback were integrated in the collaborative
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gamified experiment to document social interactions and coordination dynamics, etc. This trade-off between
consistent core measures and context-relevant instruments is also common in mixed methods research, where
stability in key components of the study is combined with a methodological flexibility to tackle research
questions (Creswell and Creswell, 2017, Maxwell and Loomis, 2003). Overall, employing triangulated sources
of data and a consistent set of measurement instruments ensured that the insight gained in the earlier studies
would inform later investigations studies without compromising methodological coherence. This approach
supports the multi-phase mixed-method nature of the research design, increasing the credibility of the cross-

study synthesis in subsequent chapters.

3.6 Ethics Consideration

Ethics were granted via department approval for an exploratory study into different crowdsourcing tasks
(Application ID: 1399). Approval was granted and received from the Department of Computer and Informatics
Sciences Ethics Committee. Collaborative gamified image-labelling task (Application ID: 2548). For both
empirical studies, all participants provided informed consent electronically before tackling the tasks.
Participation was voluntary, with no requirement to finish any part of the study and subjects reserved the right
to withdraw at any point before they actually joined the task. Workers were recruited via Amazon Mechanical
Turk, where tasks were posted with clear descriptions of the requirements, expected duration, and rewards.
The compensation rates were set to align with the recommended ethical practices for crowdsourcing research.
To protect individual privacy, no personally identifiable information was collected other than worker IDs
issued by the platform. Those were replaced by random identifiers during analysis as anonymisation measures.
All information was kept secure on institutional servers and survey platforms, only available for access to the
researcher or supervisors. Furthermore, it has been processed in compliance with the General Data Protection
Regulation (GDPR). Aggregated results are reported to protect individual anonymity, and the datasets are

reserved only for academic research and dissemination.

3.7 Conclusion

This chapter has provided the methodological framework for this thesis and presented a philosophical position,
research design processes, data collection methods, integration and consistency, and ethical considerations.
The study was based on a pragmatic paradigm, allowing methodological flexibility and coherence from the
beginning until the end of the process. A multi-phase mixed methods design guided by explanatory sequential
logic that combines qualitative and quantitative data in three consecutive studies—an exploratory study across
different crowdsourcing tasks, a scoping study of motivational features in crowdsourcing work, and a
cooperative gamified experiment investigating characteristics of task design—was followed. Data were
gathered during these studies through performance metrics, validated instruments, and qualitative sources such

as open-ended feedback and communication logs. This triangulation approach guaranteed the inclusion of not
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just behavioural consequences and subjective experiences but also a holistic view of what drives workers’
performance and engagement. This research received ethical clearance for all human subjects’ studies and
procedures ensured that all participants provided informed consent, were offered total privacy and were treated
fairly. This methodology is implemented throughout the thesis research via the same metrics of engagement,
workload, and performance, facilitating systematic comparison across the experimental settings.

Overall, the approach that has been followed provided a robust and ethically defensible foundation for
answering the research questions. The next chapter (Chapter 4) describes our first empirical study on

engagement and performance across different crowdsourcing task types to serve as a baseline for further

comparison.
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Chapter 4 :Exploratory Study of Worker Engagement in Different
Crowdsourcing Tasks

4.1 Introduction

Based on the methodological framework explained in Chapter 3 of this thesis which details the general research
design and mixed method approach employed, this chapter describes the first exploratory empirical study. This
first exploratory investigation serves as the initial study of the thesis' follow-up research process, thereby
providing an evidence-based understanding of how workers perform and engage in different crowdsourcing
tasks.

Crowdsourcing is a well-established platform for performing large-scale tasks online by dividing the
work among a large pool of people over the Internet. Various factors such as type of task, task design,
complexity, and clarity of instructions affect workers’ performance, engagement, and motivation. Studying the
behaviour of workers when dealing with different tasks is important for optimising crowdsourcing systems
and building cost-effective task environments. The research serves as a base for later experimental and design-
oriented studies through identifying worker motivational and behavioural patterns that may affect their
outcome quality and their willingness to participate in the task. Although there have been substantial studies
that compared task properties such as task cost, duration, or payment rate, few studies have investigated how
these properties interact with worker preferences and perceived interest during task selection and how the

effect of multiple selections or ordering of the tasks affects their performance and engagement.

4.2 Study Objective

Accordingly, the aim of this study is not to assess or evaluate a specific system but first to gain preliminary
insights regarding the performance differences across task types and about the workers’ task selection
behaviour and the possible reasons that make some tasks more attractive than others. In particular, this study
focuses mainly on exploring how crowdsourcing workers perform and engage across different task types,
including image classification, text classification, and survey tasks. The primary aspects of this examination
include:
* Examining the relationship between workers' demographic features or personality traits and their
performance outcomes and engagement.
* The influence of undertaking multiple diverse tasks on workers' workload is also a crucial
consideration.
* The preferences that workers exhibit when selecting tasks on a crowdsourcing platform
Taken together, these features respond to the main research question (RQ1) and the sub-research questions:

RQ1: How do workers’ performance and engagement vary across different crowdsourcing task types?
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The core research question is further refined into the following sub-research questions (SRQ) to help break
down the exploratory aspect of this study and enable us to explore different dimensions of worker behaviour.
SRQ1.1: How does worker engagement, performance, and perceived workload differ across different
crowdsourcing task types?

SRQ1.2: Do worker personality traits correlate with their accuracy and engagement across different
crowdsourcing tasks?

SRQ1.3: How does multiple-tasking behaviour affect worker engagement, performance, and perceived
workload on crowdsourcing platforms?

These sub-research questions enable the systematic investigation of task-, individual-, and
behavioural-level influences on crowd work outcomes. The most critical finding from this study was that
workers always rated “task interest” as one of their central concerns (second only to monetary reasons). This
result emphasises the role of task design characteristics in making tasks interesting and enjoyable. This
motivational insight supports the theoretical emphasis on intrinsic interest found in SDT and Flow Theory and
is the key driver for the subsequent next phase of the thesis. Accordingly, this chapter not only provides the
behavioural baseline to comprehend engagement and performance within crowdsourcing but also motivates
the subsequent scoping review (Chapter 5) that examines how these motivational characteristics have been
operationalised across different types of crowdsourcing. This helps to identify the optimisation strategies and
serves as an important diagnostic step in the overall thesis, bridging basic behavioural insights with practical
design methods with the goals of enhancing performance and motivated participation, thereby improving data
reliability.

4.3 Study Design
To test and answer the research question, we explored the crowdsourcing platforms and the worker
performance and contributions across different task types by running three experiments as follows:

The study did not feature an experimental manipulation but used a descriptive and comparative
approach with the intention of capturing natural variations of behaviour (e.g., performance, workload,
engagement) among different task modalities collected from 750 crowd workers. The three experiments were
intended to sample different task modalities: text-, image-, and survey-based tasks that have been frequently
used on crowdsourcing platforms.

The theory behind the choice of different task modalities was also influenced by SDT and Flow Theory. These
theories highlight autonomy, competence, intrinsic interest, and attentional absorption as major drivers of
engagement. The aim of the experiment was to study how different types of crowdsourcing tasks, each
involving distinct cognitive demands of worker interaction, affect the levels of engagement and performance.

Understanding these baseline differences was critical for identifying motivational challenges associated with
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various forms of crowd work. This laid the empirical groundwork for the literature synthesis presented in

Chapter 5 and directly informing the development of the thesis research programme.

4.3.1  Crowdsourcing Platform Selection

The extensive utilisation of Amazon Mechanical Turk in academic and industry investigations is due to its
simplicity in task deployment and its access to a diversified worker participant pool, which was the principal
reason for selecting the Amazon Mechanical Turk as the platform for this research. Amazon Mechanical Turk
enables the researchers to broadly publish the Human Intelligence Tasks while implementing qualification
filters to identify certain worker profiles. Numerous studies have demonstrated the platform's suitability for
behavioural tests, data annotation tasks, and gamification-based evaluations, particularly in research related to
human computation and collaborative systems (Buhrmester et al., 2016, Chandler et al., 2014, Peer et al.,
2017).

The use of Amazon Mechanical Turk also ensured methodological consistency with succeeding
chapters. This consistency facilitated an equitable comparison of worker behaviour across the exploratory trial
and subsequent intervention-based investigation studies. Moreover, Amazon Mechanical Turk was chosen as
it provides a naturalistic work environment where workers freely choose tasks depending on different
preferences necessary for observing intrinsic and extrinsic motivators outlined in the SDT (Ryan and Deci,

2000).

4.3.2  The Selection of the task types

Crowdsourcing task-type taxonomy defined by Gadiraju et al (2014), employed hierarchical levels of
categorisation: the first categorisation was based on the purpose of the design, and the second classed tasks
based on how they were performed or the job's workflow. According to Difallah et al., (2015), the authors
mentioned that the most popular form of work over the last few years had been content creation. In contrast,
the use of surveys, interpretation, and analysis has expanded fast since the 2009 (Difallah et al., 2015). Based
on that, the tasks employed in our experiments were text and image categorisation and survey tasks. These
tasks were chosen not just because they were simple but also because they could be replicated with the same
GUI task.

Each task type was also chosen as a representation of a distinct cognitive modality that is commonly
used in crowdsourcing studies: (1) linguistic interpretation for text classification e.g., (Imran et al., 2016, Snow
etal., 2008), (2) perceptual discrimination for image classification e.g., (Deng et al., 2009, Khosla et al., 2011).
and (3) reflective judgement for survey tasks e.g., (Chandler et al., 2014, Difallah et al., 2018, Peer et al.,
2017), correspond to different aspects of cognitive workload (Hart and Staveland, 1988), and present diverse

opportunities for intrinsic interest and competence, the fundamental aspects of SDT and Flow Theory.
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Fine-grained image classification tasks, such as dog breed identification, are extensively employed to
examine perceptual difficulties and worker annotation behaviour in crowdsourcing (Khosla et al., 2011,
Welinder et al., 2010).

Tweet classification is a common form of microtasking in crowdsourcing (Snow et al., 2008).
Particularly for crisis tweets, a wide range of such datasets are readily available to examine annotation
reliability under ambiguity and linguistic variability (Imran et al., 2016). This complexity facilitates
investigation of SDT’s competence dimension, since annotators have to make sense of short, noisy texts in the
presence of uncertainty.

Survey tasks were added, as they form a major segment of paid microtasks (Paolacci and Chandler,
2014) and are often more mentally demanding. This allows researchers to assess workers perceived workload
and level of frustration, foundational constructs in NASA-TLX and SDT’s competence and autonomy
dimensions. Another feature to be seen in survey tasks, alongside the perceptual and linguistic demands of the
other two task types, is that they capture workers' reflective decision-making behaviour. To ensure comparable
task complexity across various task types, we adhered to the task complexity parameters delineated by Aipe
and Gadiraju (2018). The dimensions included task completion time, task batch size, and task completion
reward. To quantify the design and degrees of difficulty of those tasks based on task completion time, give a
sense of the likely response pattern, and it has been well established in a pilot of this study on our college
colleagues was carried out with 10 sample sizes on the Amazon sandbox, followed by 25 real Amazon Turk
workers per task. The result showed the average time to complete a task with the same batch size (ten) and
was used to estimate the reward per minute in the main study. We used Amazon Mechanical Turk to provide
equitable compensation for crowd-workers; we remunerated them according to the projected duration at the
standard minimum pay of $8.50 per hour (Hara et al., 2019). The tasks were designed to possess a moderate
level of difficulty, and the workloads were assessed to ensure they did not induce excessive stress. This
judicious balance of difficulty, reward and batch length ensured that all task types could be compared
meaningfully and without environmental confounders of fatigue or insufficient payment.

This study complied with the ethical guidelines approved by the Department of Computer and
Information Sciences Ethics Committee (Application ID: 1399). Participants were given an information sheet
and consent form at the start of each task. Data storage and processing followed the ethical guidance for

research at the University of Strathclyde as well as GDPR data protection regulations.

4.4 Experiments Setup

In our experiments, we used Amazon Mechanical Turk's core interface templates to construct and implement
the task batches to maintain a consistent design aesthetic. This involved an HTML template customisation
supplied by Amazon Mechanical Turk to integrate the consent, links, and instruction forms into the tasks. The

interface of the task provided explicit instructions for participation criteria, including the quantity of questions
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or images to be tagged and the link for the post-task survey. The HITs were designed with defined completion
time constraints based on the pilot study on our university colleagues with the average of 10 min completion
rate. As discussed, the choice to implement Amazon Mechanical Turk was bolstered by its capability for
extensive job execution, enabling us to oversee recruitment, monitoring, and compensation via a centralised
and meticulously documented structure. One batch for each of the three task types has been published. The
three tasks are:
1. Text classification: workers are asked to read ten tweet sentences and then select the proper label
from the nine annotations (described in Section 4.6.1) Figure 4.1.
2. Image classification: workers were shown ten different dog images and asked to select the proper
breeds (described in Section 4.6.2) of the dogs that appeared in the images, Figure 4.2.
3. Survey tasks: the workers will answer a multiple-choice question regarding the E-Learning
experience during the pandemic of Covid-19, Figure 4.3.

At the end of each task, the workers were asked to fill out the Qualtrics survey and copy the given
code back to the Amazon Mechanical Turk task. We set up the number of assignments in batches (number of
workers assigned for each task type) to be 250 assignments with ten minutes per time allocated for each, and
we paid every worker 1.5 § per ten-minute assignment. The time and payment were decided based on the time
estimations gathered from our pilot study and the highest state minimum wage of the United States of $8.5/h
(Hara et al., 2018). A total of 750 workers finished the tasks. The unified design of all three task experiments
enabled cross-comparison and offered a comprehensive perspective on the impact of task type on worker

experience. The implementation of a post-task questionnaire immediately following each activity facilitated

Classification of Tweeter Contents

¥iew instructions

IThie goal of this ek is 10 categornize each tweel nto one of tha nine categorise given Delow. Those tweets wore colacted during some crisis emonpency situation. Fleasa,
read the text carfualy and decide only based on the content of the tweset.you do not need to access any of the URLS in tweets

| confirm that | have read, undestand and agrea the above policy and procedure for enroliment in this task

IChoose the right category for the following tweets:
Tweet 1

" HT @Faiz_Baluch: FBakochistanEarthQuake Pakisian anmy is termorizing the peopla by sadal firing in #Awaran hipeA.co/RIRSpharss hipa™

= Plaasa sslact the comect category for the Tweat - v

Tweet 2

“WEarthquake 3013-09-28 02:33:43 (M5.0) EAST OF THE S0UTH SANDWICH ISLANDS -58.5 -19.1 (701a3) hitpo/.cofuBMNBEIFmiNy notce™

e Wil

Figure 4.1: Tweet classification task
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Image Classification

View instructions
[The goal of this task is to views the images and categorize them each based on the dog breeds

I corlirm that | have read unckestand and agres the above policy and procecure for enrolment in this task

Choose the right breed for the following dogs in the images:
mage 1

Showing Taak 1 of 10 Pt |

Figure 4.2: Dog classification task

Students perception of E-leraaining during pandemic Survey

View instructions

The main objective of this survey is to assess the perceplion of higher educational students towards E- Leraning during Covid-19 pandemic,
I confirm that | have read undestand and agree the above policy and procedure for enrcliment in this survey

Question 1
Age in years
O Less than 25
O Greater than or Equal to 25
Question 2
Type of residence
Q Urban

O Rural

Figure 4.3: Survey task

the acquisition of immediate perceptions regarding workload and involvement, hence mitigating recollection
bias. Moreover, since the deployment of tasks was uniform, differences in behaviour could be linked to the
task types, rather than the interface or environment. This design also provides an empirical baseline for the

subsequent studies of motivational mechanisms, as I discovered which types of tasks the workers found more

or less engaging.
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4.5 Participants and Procedures

All workers in the Amazon Mechanical Turk platform could participate in the experiments of this study, with
no restrictions on whether they had a particular degree or level of expertise. No information could be used to
identify any workers. Worker participation was purely voluntary, and they were able to leave at any time. In
the experiments, we released a distinct batch of HITs for each task type previously described, allowing workers
to select them from the Amazon Mechanical Turk worker dashboard interface. The workers could choose any
task type of interest, and to mitigate memory bias, we allowed them to engage in only one instance of each
task type. Upon completion, the workers were mandated to finalise a brief post-task Qualtrics survey and return
the provided code to Amazon Mechanical Turk to incentivise survey completion. This open participation
structure mirrored the natural working environmental model of crowdsourcing platforms, where workers select
the tasks to perform depending on what they find interesting, challenging and rewarding. Allowing the
workers’ self-selection for the tasks was methodologically premeditated that allowed the identification of the
behaviour pattern and task preference, which guided the later scoping review on motivation features in Chapter
5. The identity of each participant was connected across the Amazon Mechanical Turk task and Qualtrics
survey using an anonymised code to protecting confidentiality. Demographic information was gathered from
the post-task survey to situate analyses of engagement and performance across the worker groups. The
demographic data were gender, age, education level, the device used in tasks, the years of experience on
Amazon Mechanical Turk. This data was subsequently compared to established benchmarks from prior related
studies e.g. (Difallah et al., 2018, Hara et al., 2018, Martin et al., 2017) to verify representativeness.

A total of 750 workers took part in the study, performing tasks from each type. This sample size was
representative of diverse participants for comparison and to guarantee a reasonable level of statistical power
in detecting performance and engagement disparities across tasks. Similarly, this sample size allowed for
stable non-parametric inference across demographic segments and is well-known in human computation

research, where comparisons of performance can be achieved multiple times (Kittur et al., 2013).

4.6 Datasets

The datasets used in this study included annotations by experts (serving as the truth labels), allowing us to
compare worker labels to the ground truth standard to determine differences in performance. As stated, the
study focused on the type of categorisation work (text and image) with nine and ten classes. In the selection of
the datasets, three principles were followed: (1) The most common crowdsourcing scenarios, (2) The
availability of the ground truth standard annotations, and (3) They all have varying cognitive loads and levels
of end user involvement.

These data sets were suited for not only analysing objective results (accuracy) but also the subjective

experience of worker efforts (workload and engagement). This also aligned with motivational theories such as
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SDT and Flow Theory, as each dataset represented a different modality through which autonomy, competence,

and intrinsic interest may naturally vary.

4.6.1 Text-based classification Dataset
The tweet dataset (Dataset 1) consisted of tweets collected during a crisis or disaster (Imran et al., 2016). This
dataset contained roughly 52 million disaster-related texts and were collected from 19 different disasters
between 2013 and 2015. The scheme of annotation was used to categorise each tweet content into one of nine
possible categories:

1. Injured or dead people: Reports of injured people due to the crisis.
Missing, trapped, or found people: Reports of questions about found or missing people.
Displaced people and evacuations: People who have relocated due to the crisis.

Infrastructure and utilities damage: Reports of damaged bridges, buildings, roads, or interrupted services.

A I

Donation needs or offers or volunteering services: Reports of urgent needs or donations of shelter and
supplies such as food, clothing, water, money, blood, medical supplies, and volunteering services.
Caution and advice: Reports of warnings issued.

Sympathy and emotional support: Thoughts, emotional support, and prayers.

Other useful information: Other useful information that helps understand the situation.

o X =2

Not related or irrelevant: Unrelated to the situation or irrelevant.

This dataset was chosen since text classification is among the more common forms of microtasks in
crowdsourcing. Short-text labelling tasks such as tweets are commonly employed to investigate annotation
behaviour because of their brevity, ambiguity, and linguistic variability (Snow et al., 2008). It also involves
cognitive interpretation and linguistic comprehension; hence the study could capture subtle aspects of worker
effort and focus. Moreover, crisis tweet datasets are often used to study crowdsourcing researcher handling of

complex semantic cues (Imran et al., 2016, Olteanu et al., 2014).

4.6.2 Image-based classification dataset
This dataset comprises images of 120 dog breeds worldwide included in the Stanford Dogs dataset (Khosla et
al., 2011). For the aim of fine-grained picture categorisation, this dataset was created utilising images and
annotations from ImageNet. It was initially gathered to aid with fine-grain image categorisation. We choose
ten categories from the dog breeds to have the same label numbers of the tweet labels and avoid task abundant,
which are Labrador Retriever, Golden Retriever, Yorkshire Terrier, German Shepherd, French Bulldog,
Standard Poodle, Beagle, Doberman, Boxer, and Pug.

This dataset allowed the examination of the visual-perceptual classification tasks, which is cognitively
different from the text interpretation of the tweet dataset. So, the high-quality and distinctive visual images
provided a good balance between difficulty and recognisability, ensuring an equal platform for accuracy

comparison against text-based tasks. Tasks to classify fine-grained images, for instance, dog-breed
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classification, stand as a standard benchmark in human computation research, requiring concentrated visual
attention and perceptual discrimination (Welinder et al., 2010). This cognitive transition from linguistic
reasoning to perceptual processing creates a stark counterpoint for analysing engagement and workload,
underpinning the multidimensional design of this exploratory study.

4.6.3 Survey Dataset

The third dataset (Dataset 3) surveys about the E-learning experiences over the 2019-2022 pandemic with
related global lockdown restrictions. Survey-based tasks were included to represent analytical and reflective
task types which are more common on crowdsourcing platforms. The engagement of the workers in these tasks
will be different from other classification tasks, will bring different skills into plays for workers as self-
reporting and reflection instead of direct labelling accuracy. The survey dataset therefore created a third
dimension of intellectual involvement that complemented the text and the image classification tasks. It allowed
workload and engagement in task types to be measured in greater detail. Survey tasks are also a big component
(Paolacci et al., 2010, Chandler et al., 2014) of Amazon Mechanical Turk and therefore are ecologically valid
for investigating crowd worker perceived load and decision making. By designing a reflective and question-
based dataset, the study was able to access the greatest intensity of mental demand and temporal pressure (Hart
and Staveland, 1988) and thus, the contrast that was achieved with perceptual and linguistic tasks.

To summarise, the combination of the above datasets offers a multidimensional model in studying the
effects of different information modalities on worker performance, engagement, and perceived workload by
integrating linguistic, visual, and analytical modalities. These datasets facilitated explorations of the influences
of task design upon motivation, cognitive difficulty, and interest in task elements that are subsequently

highlighted in Chapter 5, where we identified gaps for motivational stimulation.

4.7 Evaluation metrics

Over the last decade, various human computation assessment methods have been created, each of which serves
a particular function. Our work was evaluated using a combination of these and other methods. In this section,
we specify the metrics and analytics to measure performance, workload, engagement and personality-based

aspects of workers across various task types. Quantitative and qualitative studies were

Table 4.1:Confusion matrix for positive and negative labels

Predicted Labels of Workers
Positive Negative
Positive TP FN
Gold Standard (original class) i
Negative FP TN
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conducted to obtain a complete understanding of worker behaviour. The methodologies adopted are aligned
with established crowdsourcing evaluation frameworks and provide assurance of the reliability and validity of

the results.

4.7.1 Performance measures: 1- Accuracy

We employed statistical methods that have been used with binary and multi-classification crowdsourcing
projects to evaluate worker performance. Accuracy is one such metric. Workers predicted labels were
compared to the labels in the gold standard; this measure was utilised to calculate their score. Accuracy is
alternatively expressed as the ratio of correct predictions to errors, as to accuracy = 1.0 - error rate. The
confusion matrix is used in the classification problem to calculate the accuracy, where the gold standard label
is mapped to the anticipated class, as illustrated in Table 4.1. Where True Positive (TP) is the number of
correctly labelled items as positive classes by workers, and True Negative (TN) is the number of correctly
marked items as negative classes by workers. False Positive (FP) is the number of items incorrectly labelled
as positive by workers, whereas False Negative (FN) is the number of items incorrectly labelled as negative
by workers. The accuracy score was obtained using the confusion matrix as the true annotated items proportion

(including true negatives and true positives) in the total number of evaluated items, as shown in Equation 4.1.

(TP+TN)
(TP + TN + FP + FN)

Accuracy = Equation 4.1

We picked accuracy, since it provides a simple and intuitive measure for the quality of labelling which can be
used in both image and text classification similarly. Accuracy has also been a widely adopted metric in
crowdsourcing literature due to its interpretability, which allows comparisons of worker outputs to expert

annotations (Snow et al., 2008, Gadiraju et al., 2017).
4.7.2 NASA Task Load Index (NASA-TLX) evaluation

The workers were required to fill out a questionnaire on the Qualtrics platform about some demographic
information at the end of each task. They perceived performance using the NASA-TLX tool to assess workers
perceived workload (Hart and Staveland, 1988), where the worker assesses their feeling toward the task
workload. This test also allowed us to assess the impact of batch design on task difficulty. A total of six
subjective questions were included in this survey. These six dimensions of NASA-TLX, Mental Demand,
Physical Demand, Temporal Demand, Performance, Effort and Frustration, enabled the quantification of
workers perceived workload among the three task types. These measurements have given clear subjective
information in addition to objective accuracy data, revealing how the workers experienced each task’s
cognitive and effective load. NASA-TLX was chosen because it is one of the most widely validated subjective
workload tools in Human Computer Interaction (HCI) and crowdsourcing research, allowing evaluation of the

perceived load, fatigue, and task complexity.
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4.7.3 User Engagement Evaluation

In the field of HCI, measuring is becoming increasingly important. The User Engagement Scale (UES) is a
tool that has been used in a variety of digital domains to quantify UE. We assess worker involvement in this
study using a standardised questionnaire UES, which was developed by a group of researchers in (O’Brien et
al., 2018). This version’s UES items were suitable to be adopted in the particular crowdsourcing context to
capture effective and behaviour indicator of the engagement. The UES encompasses experiential
characteristics including focused attention and perceived usability, which relate to core elements of Flow

Theory and explain how and why some tasks lead to greater levels of intrinsic engagement compared to others.

4.7.4 Personality traits evaluation
As part of the questionnaire, we included short-scale questions from (Rammstedt and John, 2007) to collect
personality trait information on the workers. We used a standard ten-question test used to measure the five
personality traits which are, Openness, the desire to be inventive, autonomous, and interested in variation (high
score) instead of practical, conforming, and interested in routine (low score). Conscientiousness is the
inclination to be self-disciplined, act responsibly, and be organised, cautious, and disciplined (high score)
instead of being disorganised, thoughtless, and impulsive (low score). Extraversion is the inclination to be
gregarious, fun-loving, and affectionate (high score) as opposed to retiring, solemn, and quiet (low score).
Agreeableness is the ability to be empathetic, cooperative, trusting, and helpful (high score), while the low
score indicates someone who is highly competitive, analytical, who generally prioritizing their own needs
above group harmony. Neuroticism is the inclination to be calm, secure, and self-satisfied (low score) vs.
nervous, insecure, emotionally unstable, and self-pitying (high score). By including personality data, we can
deepen our understanding of why individuals differ in task engagement and accuracy. Analysis later verified
it further, with relational and regression studies questioning whether inner dispositions predict performance
across different types of tasks. Personality data also endorse motivational interpretations according to the effect
of dispositional tendencies on the likelihood of workers achieving competence, experiencing flow, or intrinsic
motivation (Kazai et al., 2011).
4.7.5 Statistical Analyses
To rigorously test the main research question and its sub-questions in a very orderly manner, depending upon
the type of data distribution and variables, we used a range of non-parametric tests as well as parametric tests.
e Multinomial Logistic Regression: wused to predictclass membership or probability
of class membership for a dependent variable based on multiple explanatory variables (Starkweather
and Moske, 2011). This has been used in our study to predict the probability of membership of each
category of the independent variable to dependent variables such as task types and multitasking

behaviour.
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Table 4.2:Mapping of Sub_Research questions to results sections

Sub—Res.earch Measures Used Correspond.mg Results
Question Sections
SRQI.1 Individual accuracy performance, workload, and engagement 482-483
SRQI1.2 Correlation between personality traits and worker outcomes 4.8.3

SRQI1.3 Impact of multitasking behaviour and task sequencing on

engagement, performance, and perceived workload NASA-TLX 4.8.5

e Mann-Whitney U Test: used to determine if there are statistically significant differences between the
two groups. The Mann—Whitney U-Test (MacFarland and Yates, 2016), is used with nonparametric
data, typically ordinal data, to define the significant difference between the personality traits of the
workers and engagement level between each pair of task types and the two groups of multitasking and
non-multitasking groups.

o Kruskal-Wallis Test: a nonparametric statistical test that assesses the differences among three or more
independently sampled groups on a single, non-normally distributed continuous variable (McKight
and Najab, 2010). This was used to examine the statistically significant difference between the three
task types based on engagement and personality traits.

e Chi-square Test: this applied to test the categorical variables to identify the significant associations
between the demographic features and the task type (Howell, 2011).

All analyses were implemented using SPSS and Python statistical libraries. Bonferroni corrections
were applied to guard against Type I errors in multiple comparisons, ensuring the interpretation of
significance levels was both transparent and meaningful. Together these statistical strategies provided a
strong and dependable analysis for behavioural differences among task types, and contributed to the study’s
mixed methods research design
Overall, this mixed-methods evaluation model guaranteed methodological triangulation. Objective measures
(accuracy), subjective self-reports (NASA-TLX and UES), dispositional characteristics (personality), and
open-ended reflections collectively provided a comprehensive, multi-faceted insight into worker performance
and engagement across various task types. This is in line with best practice in HCI and crowdsourcing research,

which aims for a combination of depth and breadth in interpreting behavioural results.
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4.8 Results

After collecting the results from the Amazon Mechanical Turk platform and to assure data analysis reliability,
in the survey task, we only filtered out the workers who failed to finish the entire document. For the
classification tasks, we excluded the worker assignments if the worker failed to achieve at least one-quarter of
the items correctly, corresponding to an accuracy threshold below 0.3. This quality control criterion was
communicated to participants in the consent form (see Appendix A). Based on this filter, 139 workers were
approved for text-based classification tasks, while 169 were approved for image-based classification tasks, and
all 250 were approved for the survey task. Consequently, our study encompassed 558 valid worker
submissions. Tasks were disseminated at approximately three-minute intervals. Each assignment was designed
to last approximately ten minutes. Despite the absence of restrictions, we examined submissions and verified
that worker executing several tasks had an average interval of roughly three minutes between jobs. The
frequent issuance of tasks and their short duration suggest that employees presumably focused on these tasks
sequentially, without involvement in extraneous tasks; however, this cannot be entirely assured.

4.8.1 Worker Demographics Features and Experience

In each particular task, we found the contributing workers' demographic features were in line as the result of
previous studies (Difallah et al., 2018, Hara et al., 2019, Ipeirotis, 2010b, Ross et al., 2010, Martin et al., 2017)
As shown in Figures 4.4 — 4.7, most participants were male of 25-34 years old, and held at least a bachelors’
degree, and the demographic profile is consistent with the prior Amazon Mechanical Turk samples that have
been reported in the literature of crowdsourcing. Approximately 70% of the workers were employed for wages;
that indicates that the crowdsourcing platform is not their primary source of income. The married or in a
domestic partnership with white and Asian workers were the highest proportion groups of the workers.

Based on the working environment, the majority (60%) of the workers participated from home, which
was also reported by Martin et al. (2017), and secondly from their offices. Moreover, 50% of workers
characterised themselves as having an intermediate level of 3-4 years of Amazon Mechanical Turk experience.
Interestingly, most of the workers preferred to do the tasks using laptops or desktops rather than tablets or
smartphones across all tasks, indicating the workers preferred working on larger interfaces in labelling and
survey tasks. These stable demographics further confirm the sampling representativeness of the sample
compared to prior research, supporting generalisation to similar microtask populations. Further
demographic distribution, including the workers ethnicity, work environment and others are provided

in Appendix A.4.
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Figure 4.5:Age distribution in all tasks
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Figure 4.6: Education level distribution in all tasks
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Figure 4.7: Employment status distribution across all tasks
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4.8.2 Performance and Workload Result

In relation to SRQ1.1 (Task types of effects on performance and workload), we compared worker performance
and perceived workload across different crowdsourcing task types using objective accuracy and subjective
workload measures. The results revealed that participant performance varied slightly by task type. Image-
labelling tasks gained the highest average accuracy rate, followed by the tweet task. The average accuracy for
the dog-classification task (M =~ 0.65) exceeded that of the tweet-classification task (M =~ 0.58). A significant
difference has been identified by Mann—Whitney in the accuracy (U = 6,772.0, p < .001), with a moderate

effect size (= —.35) suggesting improved performance on the dog task.
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Figure 4.8:Distribution of task load
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Figure 4.9:Engagement level distribution

Based on the task load, the NASA-TLX score revealed that the survey task was perceived as more demanding
than the other two tasks. Survey workers reported higher mean in Mental Demand (M=4.62, SD=1.66),
Physical Demand with (M=4.46, SD=1.97), and higher Temporal Demand (M= 4.88, SD=1.86,) dimensions
as shown in Figure 4.8. These results indicated that the analytical survey task impose a heavier cognitive load
compared to classification task. Dog image-labelling jobs, which are less mentally demanding, were more
time-consuming because of detailed visual differences. Frequently, workers mentioned that many breeds were
“looking alike” and asked for more examples as observed in the theme feedback (Appendix A.5). Thus, the
results directly answer SRQ1.1 by revealing that the specific task modality strongly affects accuracy and
perceived workload, as image classification yields higher performance and survey tasks impose greater
cognitive demand.

4.8.3 Engagement and Personality Traits

This part of the results addresses SRQ1.1 and SRQ1.2 specifically by discussing the differences in engagement
for different task types and personality traits and how they relate to engagement and performance. Based on
using the User Engagement Scale (UES-SF) (O’Brien et al., 2018), the results showed that the workers who
carried out image labelling had a higher level of engagement compared to those doing the two other tasks
(Figure 4.9). A Mann—Whitney U test revealed that image classification elicited higher levels of engagement
than text classification U = 11,977.50, p = .014. Survey tasks, on other hand, while it showed higher mental
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and temporal demands, had a lower engagement level. According to SRQI.1, the engagement level varied
considerably by task type, where we found image-based tasks to be the most engaging compared with text and
survey tasks.

Depending on personality traits, we observed that workers who performed the tweet tasks had a greater
level of Agreeableness with (M=3.44, SD =0.88), which
indicates that the worker was generally reliable and helpful. They also had higher levels of Conscientiousness
with (M=3.58, SD=0.84) than workers in the other two tasks, as shown in Figure 4.10, this indicates that the
workers did the job thoroughly. Survey workers compared to tweet workers reported a higher level of
Extraversion U = 17,700.00, p = .010, while there were higher levels of Agreeableness for tweet task workers
U=18,178.50, p =.003 and dog workers U = 23,802.50, p <.001, comparing to survey tasks. Personality had
no significant association to accuracy, but interest was positively associated with Extraversion and
Conscientiousness and negatively correlated with Neuroticism.

These results directly address SRQ1.2 by showing that personality traits do not significantly predict objective
correctness, but they do correlate with differences in subjective involvement and task interest. This result
suggests that individual preferences could have a moderating effect on crowdsourcing participation.

4.8.4 Preferences in Task Selection

An important and key result related to our thesis trajectory was our investigation of workers’ self-reported
preferences in selecting tasks. Figure 4.11 shows (in the order of importance to workers) which factors
influenced whether a worker would take up any given task. Money remained the first and paramount

determinant, with “interest in the task” coming close on its heels.
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4.8.5 Multiple-Tasking Behaviour

Moreover, to assess the sub-research question, SRQ1.3, we examined the effects of selecting multiple task
types on workers’ level of engagement, performance, and perceived workload. Group clustering was used in
each task type; the first group, called the multiple-tasker group, involved workers who tended to do more than
one type of task, and the second group, single-taskers, was for those workers who only participated in one
particular task. This clustering was done irrespective of the order in which the tasks are selected; the pairs we
found were (image and tweet classification), (tweet classification and survey), (image classification and
survey), (all three tasks), and (single task). To guarantee that our investigation possessed sufficient power to
identify significant effects, we performed a power analysis based on the sample sizes utilised in these clusters.
Power analysis was conducted utilising a medium effect size (Cohen's d = 0.5) and a high

effect size (Cohen's d = 0.8), with a significance threshold (o) set at 0.05. The sample sizes were as follows:
82 participants did the Image and Tweet Classification task, 63 participants did the Tweet Classification and
Survey task, 60 participants did the Image Classification and Analysis task, and 33 participants worked on all
three task types.

The results indicate that the sample sizes in the first three groups (82, 63, 60) provided sufficient numbers to
identify medium effect sizes; however, though the group of 33 individuals was small, it was still capable of

detecting a large effect.

Preferences_Criteria

Figure 4.11: Rank of workers' task selection criteria
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Table 4.3 illustrates that workers who completed all three tasks perceived them as more physically and
temporally demanding compared to those who engaged in any pair of tasks (U = 330.50, p <.01) and (U =
347.10, p < .01), respectively. Furthermore, the workers who completed all three tasks expressed greater
annoyance than those who performed only image and tweet classification tasks (U = 502.50, p = .001), and
more than those who did image classification and survey (U = 260.50, p <.001). Although the frustration for
the three-task workers was also higher than the workers who carried out the tweet and survey tasks, the
difference was not statistically significant.

The workers’ engagement level in doing only the image classification task was higher than the other two
individual tasks as shown in Figure 4.9. The workers’ feedback explains this, as they reported that they found
the images interesting. Moreover, the results show that there were statistically significant differences (p = .008)
between the groups in terms of engagement and perceived workload. The workers who did (tweet & survey)
tasks were more engaged than those who did the (tweet & image) tasks more than those who did all three tasks
with (U= 330.00, p =.001) and (U =210.50, p = .004), respectively.

These results answer SRQ1.3 by showing that workers engaging in multiple-tasking behaviour reported higher
workload and frustration and reduced engagement in many cases, even when the difference is small in
accuracy. Based on the accuracy of the workers in the two classification tasks, see Figure 4.12 and Figure 4.13,
around (20%) of workers who did only one classification task (in red colour) had a higher accuracy rate than
those who participated in more than one task. We also analysed the relationship between crowdsourcing
workers' personality traits and their task workload, performance, and engagement levels when doing multiple
tasks.

The results showed, as in Table 4.4, that in the tweet classification and survey tasks pair, the workers

had higher levels of Openness with an average rate (3.85), Agreeableness (3.62), and Conscientiousness (4.23)

compared to those who did all three tasks or the other pair of tasks. Workers who did all three tasks exhibited
Table 4.3:Workers’ workload in different tasks

Sample Mental Physical Effort Perceived Temporal  Frustration
Size Demand Demand Performance Demand
Image & tweet 82 4.03 3.66 4.47 4.94 4.19 3.50
Tweet & survey 63 3.85 1.77 4.23 6.00 3.00 1.85
Image & survey 60 3.59 3.59 4.12 5.24 4.06 3.47
Three tasks 33 4.95 5.19 5.48 5.43 5.85 5.24
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elevated Neuroticism ratings, namely 3.0. In the task of tweet classification, there was a negative relationship
between higher levels of Extraversion and accuracy, with a coefficient = -0.29 and a p = .130. On the other
hand, Agreeableness and Conscientiousness had a slight positive effect on accuracy, with coefficients = 0.16
and 0.17, respectively, and p = .480 and p = .440. However, these correlations were not statistically significant.
Neuroticism had a coefficient = -0.06 with a p =.709, indicating a negative relationship. Moreover, Openness
had a coefficient = 0.048 with a p = .853, suggesting a positive relationship. However, neither of these
relationships was statistically significant. In the task of classifying images, a higher level of Conscientiousness
was found to possibly lead to an increase in accuracy (coefficient = 0.3158, p = .160). However, higher
Extraversion levels (coefficient = -0.2603, p = .199), Agreeableness (coefficient = 0.0586, p = .770),
Neuroticism (coefficient = -0.0662, p = .655), and Openness (coefficient = 0.1758, p = .437) did not show

statistically significant correlations with accuracy.
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In general, even though personality traits appeared to have an effect on accuracy; those outcomes did not attain
statistical significance, which suggests further analyses using larger sample sizes or other analysis methods.
For further information and based on the workers’ personality traits, we analyse workers’ demographic features
for those who did multiple tasks and their correlation to their personality. The result

showed that the male workers outnumbered female ones, with around (72%) male participants. The
distribution of ages is similar in all tasks, with the majority in the age group 25 to 34 (above 50%) and around
(50%) with a university degree or higher. Around (70%) of the workers were employed for wages, so the
crowdsourcing platform was not their only source of income.

In line with previous studies (e.g., (Martin et al., 2017)), the majority of workers (60%) participated from home
and (50%) characterised themselves as having an intermediate level of 3-4 years of experience in

crowdsourcing work.

Table 4.4:Workers’ personality traits in different tasks

Openness Extraversion = Agreeableness Conscientiousness  Neuroticism
Image & tweet 2.96 2.81 3.33 3.36 2.67
Tweet & survey 3.85 2.58 3.62 4.23 2.12
Image & survey 3.50 3.21 3.62 3.50 2.47
Three tasks 3.09 2.88 3.12 3.21 3.0
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These findings addressed SRQ1.3 by demonstrating that multiple-tasking behaviour correlated with the highest
perceived workload, reduced interest, and dissatisfaction despite a minor variation only in accuracy. This
confirmed that behavioural features, such as task switching, significantly influence worker experiences on
crowdsourcing platforms.

Furthermore, in the second approach of analysing multiple tasking behaviours, we consider the
ordering of the tasks’ selection for the workers who did two and three tasks. We found that there were six
groups of ordering selections of the tasks for the workers who did two tasks, which were

1. Image classification and then a survey task.

2. Image followed by tweet classification.

3. Survey, then image classification task.

4. Survey then tweets classification task.

5. Tweet classification then survey task.

6. Tweet then image classification task.

While the groups who did all three tasks were:

1. Survey — image classification — tweet classification.
2. Survey — tweet classification — image classification.
3. Tweets classification — image classification — Survey.

There weren’t any statistically significant differences in engagement levels, accuracy rate, or
perceived workload for any of the task orders. The lack of statistically significant order effects also supports
SRQ1.3, as the multitasking effects are not explained by task sequence, learning transfer, or fatigue. These
results suggest that multitasking behaviour is associated with increased strain and reduced the task focus,

indicating the need to create a clearer design for the task structure and support for keeping attention.

4.9 Discussion

This section discusses the results presented earlier relative to RQ1 alongside the theoretical lenses introduced
in Chapter 2. It synthesises the results across the sub research questions SRQ1.1-SRQ1.3 to explain how the
task types, individual variations, and multiple-tasking behaviour shape worker performance and engagement.
Moreover, it reflects on the implications of the multiple tasking and the task-order effects for the validity of
the study. First, the results showed that the task type meaningfully contributes to both performance and
perceived workload. Image classification yielded higher accuracy compared to text-based classification, and
survey tasks required the highest mental, physical, and temporal demand. From an SDT perspective and flow
approach, this would seem to reflect the fact that the visual image task may have been more explicit with
clearer, immediate cues for competence, and the survey task required more workload effort with lower levels
of intrinsic enjoyment. Second, engagement outcomes reflected the same pattern, workers indicated a higher

level of engagement for the image-labelling task and a lower level of engagement for the survey task, despite
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having a heavier workload in the latter. This suggests that high workload cannot automatically ensure
engagement, but that engagement occurs when challenge, clarity and intrinsic interest are adequate, as
highlighted in the Flow Theory. Third, personality traits accounted for some of the variability of experiential
outcomes. Workers who scored high in Agreeableness and Conscientiousness selected and completed tweet
tasks, while respondents who scored high in Extraversion responded more on the survey. While the relationship
between personality and accuracy was not statistically significant, interest positively correlated with
Extraversion and Conscientiousness, and negatively with Neuroticism. This is consistent with the findings of
previous research such as (Kazai et al., 2011) and indicates that personality moderates how readily motivated
workers can move into and maintain motivation in various task states. Fourth, the analysis of task-selection
preferences showed that “interest in the task” was consistently ranked second to monetary reward as an
important determinant of participation. This finding is significant to the trajectory of the thesis because it
indicates that crowd workers are not motivated exclusively by financial compensation; the experiential and
motivational qualities of the task itself also influence participation and engagement. From the perspective of
Self-Determination Theory, this observation is consistent with the importance of intrinsic motivation,
perceived interest, and task value. Importantly, however, this study provided empirical evidence that worker
motivation extends beyond payment and therefore strengthened the rationale for examining motivational task
design more systematically. This empirical insight informed the next phase of the research in Chapter 5, where
a scoping review was conducted to investigate how gamification has been operationalised across
crowdsourcing contexts, which motivational mechanisms and theoretical foundations have been used, what
outcomes have been reported, and where important design gaps remain. Finally, the multitasking and order-
effects analysis have two key implications. On the one hand, workers that performed more than one type of
task reported higher workload, frustration, and, in many instances, less engagement, which corroborates
concerns in cognitive load theory that increased task switching often reduces focused activities, thereby
negatively affecting performance (Sweller, 1988). On the other hand, this is a good methodological finding as
there is no statistically significant difference between task-order groups in engagement, accuracy, and
workload. Multi-condition experiments raise an area of concern regarding asymmetrical learning or
asymmetrical fatigue: if one takes Task A and does Task B, Task A may increase task B performance or
decrease it, which is incompatible with the assumption they are independent of one another. By specifically
testing for order effects, and observing no effect, the internal validity of the task type, multiple-tasker
comparison with multiple-tasking group is improved. Statistically, the results collectively provide clear
answers to the three sub-research questions that direct this chapter. SRQ1.1 showed that task modality strongly
affects the workers' performance, workload, and engagement, with image-based tasks indicating higher
engagement than text or survey tasks. SRQ1.2 revealed that some personality may shapes how the workers

perform and engage with tasks, despite the accuracy remaining unchanged. Finally, SRQ1.3 demonstrated that
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multiple-tasking behaviour introduces additional cognitive-load and emotional expenses, underscoring the
significance of task concentration and behavioural design factors in crowdsourcing systems. Statistically, the
results collectively provide clear answers to these three sub-research questions that direct this chapter. To sum-
up, the findings of RQ1 are summarised by the following statement: workers’ engagement and performance
vary according to task type, multiple-tasking behaviour, and that the differences are closely linked to the
perceived workload and task interest. Taken together, these insights strengthen the thesis focus on motivational
task design and provide the empirical basis for the scoping review presented in Chapter 5, where gamification

is examined systematically as one broad design space for supporting worker motivation and engagement.

4.10 Conclusion

This exploratory study has offered fundamental insights into worker engagement, performance, workload, and
personality attributes across three distinct non-gamified task categories: text classification, image
classification, and survey assignments. Moreover, the study has emphasised the impact of multiple-tasking
behaviour and personality factors on worker performance and engagement. The results provide an essential
understanding of how task characteristics shape the objective and the subjective aspect of crowd work. The
findings also, confirm that worker demographics in this sample are broadly representative of the Amazon
Mechanical Turk population reported in previous literature, this supports the reliability and generalisability of
these findings.

Performance exhibited variability across task types, with accuracy and engagement being superior for image-
based labelling compared to text-based classification. whereas survey activities were linked to increased
reported effort. Taken together, these patterns showed that task modality and the cognitive complexity directly
affect the level of worker performance, satisfaction, and workload.

Personality traits helped to further illuminate the understanding of the individual differences: higher
levels of engagement were reported by workers who scored high in Extraversion and Conscientiousness.
Conversely, engagement and accuracy often run in the opposite direction when workers possess a great deal
of Neuroticism. These relationships underline that intrinsic psychological variables interact with design of the
task and should be taken into consideration in future motivation-focused research. A significant contribution
to this study relies in its analysed multitasking behaviour. Workers who undertook more than one type of task
experienced a heavier perceived workload, frustration, and lower engagement. This viewpoint underlines that
the switching between the tasks undermines the engagement and the performance. This in turn, emphasises the
importance of designing the tasks that foster focus and intrinsically motivate workers rather than create an
excessive cognitive load. Most importantly, a look at employees' self-reported preferences for tasks shows
that next to money, "interest in the task itself" ranks highest among major reasons people choose one task over
another. This validated the central role of intrinsic interest in workers’ decisions and provided an empirical

link to the motivational focus of the rest of this thesis. In relation to RQ1: How do workers’ performance and
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engagement vary across different crowdsourcing task types and its associated sub-research questions of chapter
4,SRQ1.1 (how workers’ engagement, performance, and perceived workload differ across task types), SRQ1.2
(whether personality traits correlate with accuracy and engagement), and SRQ1.3 (how multitasking behaviour
affects engagement, performance, and perceived workload), the chapter concludes that:
e  Workers’ engagement and performance differ systematically across different types of tasks, and image
tasks are associated with greater precision and engagement than text and survey task types.
e A survey task, when combined with other tasks, results in a more considerable workload and
frustration, underscoring the challenges of increased cognitive load.
e Personality and multitasking affect how workers experience such tasks, as it may not always equate to
meaningful accuracy differences.
e Beyond being paid, task interest also plays a significant role in determining whether workers decide
to select a task and participate.

Collectively, the statistical analyses described in this chapter provide clear answers to SRQI.1,
SRQ1.2, and SRQ1.3, ensuring that each analysis is theoretically motivated, empirically grounded, and directly
tied to the study’s research questions. SRQ1.1 was answered by showing that an individual task led to various
performance, engagement, and workload patterns; also, SRQ1.2 was answered by demonstrating that
personality traits are associated with engagement and interest, but not with accuracy; SRQ1.3 has been
answered by showing that multiple-tasking behaviour increases workload and frustration while undermining
engagement. Collectively, this evidence suggests that crowd work results are determined by task design but
are also influenced by task interest, quality design and cognitive loading. In summary, this establishes the
baseline for behavioural and psychological investigations that are needed for the following subsequent
investigation. It has shown that worker performance and motivation are not simply based on pay or task
difficulty. Thus, these lessons lead us into the next chapter, Chapter 5, which builds on the findings of this
exploratory study directly by systematically reviewing the literature on motivational and gamified aspects in
crowdsourcing systems. This chapter explores how design elements such as feedback, progression, social
interaction and rewards have been utilised to bolster intrinsic motivation and engagement and which of these

mechanisms are most promising to be able to address the engagement and workload challenges.
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Chapter 5 :Scoping Review of Gamified Tasks in Crowdsourcing

5.1 Introduction

Building on the conceptual foundations developed in Chapter 2 and the exploratory findings reported
in Chapter 4, this chapter narrows the investigation from motivation in crowdsourcing more broadly to
gamification as a specific motivational design space. Chapter 2 established that worker motivation is
multidimensional and may be influenced through extrinsic, intrinsic, social, and design-centred mechanisms.
Study 1 provided empirical evidence that workers’ experiences and preferences vary across task types, with
task interest emerging as one of the most important considerations in task selection after monetary reward.
Together, these findings reinforced the need to examine how motivational qualities can be incorporated more
systematically into crowdsourcing task design.

Gamification was selected as the focus of the scoping review because it offers a comparatively broad
design space through which multiple motivational mechanisms can be operationalised, including feedback,
progression, achievement, goals, recognition, competition, cooperation, and social interaction (Morschheuser
et al., 2017, Riar et al., 2022). The focus on gamification does not imply that other motivational design
approaches, such as task structuring, onboarding, priming, or interface design, are unimportant. Rather,
gamification provides a useful higher-level framework for examining how several motivational affordances
can be configured individually or in combination within crowdsourcing environments.

Accordingly, this chapter conducts a scoping review to systematically map how gamification has been
applied across the principal crowdsourcing archetypes, which game elements and motivational mechanisms
have been emphasised, which theoretical frameworks have been used, and what behavioural and performance
outcomes have been reported. The review also identifies areas that remain comparatively underexplored,
particularly collaborative and socially oriented forms of gamification. These findings subsequently provide the
evidence base for selecting and integrating the motivational and collaborative features implemented in the

experimental system presented in Chapter 6.

5.2 Scoping Review Objective and Research Questions

The main objective of this scoping review is to systematically examine gamification as a motivational design
space in crowdsourcing by mapping how its elements, underlying motivational mechanisms, theoretical
foundations, and reported outcomes vary across the principal crowdsourcing archetypes. This review makes a
significant contribution to the field of crowdsourcing by clarifying and explaining how the mechanisms of
gamification can effectively be implemented to improve participation, performance and motivation in
crowdsourcing environments. The main research question guiding this review is

RQ2: How have the additional task features (e.g., gamification elements) been applied in existing

crowdsourcing research across the main archetypes?
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Addressing this research question allows us to understand how gamification research within the field of
crowdsourcing has been developed, what forms of knowledge have been gained, and where the significant
gaps are that remain unexplored. Taking an overarching look at the literature can offer valuable insights that
will guide the subsequent empirical research in this thesis. The synthesis presented here builds the necessary
theoretical foundation for the experimental strategy used in later chapters in this thesis. In particular, the
outcomes of this review provided details on what gamification tools, mechanisms, and evaluation criteria
would be chosen to later use in empirical research. This ensures that the thesis naturally builds directly upon,
and contributes significantly, to establish the body of research in gamified human computation and

crowdsourcing.
5.3 Scoping Review Methodological Approach
5.3.1 Methods
The scoping review process follows the methodological framework which was initially proposed by Arksey
and O'Malley (2005) and subsequently improved by Levac et al ( 2010). This framework was widely selected
for its flexibility and systematic structure, which is suitable for mapping a broad and heterogeneous research
field such as gamification and crowdsourcing. The review was conducted following five stages which were:
Identifying the research topic.
Locating pertinent studies,

1
2
3. Choosing the studies based on inclusion and exclusion criteria.
4. Mapping and charting the data.

5

Synthesising themes and interpreting findings.
5.3.2 Databases Searched.

Based on the systematic approach of Boell et al. (2015), the review started with an extensive search for
scholarly research publication in Scopus, selected as the primary database owing to its broad coverage of
multidisciplinary academic literature, including AIS, ACM, IEEE and ScienceDirect repositories, among many
others (B.V, 2022). Scopus also was selected to ensure the reliability and the wide range of the sources, given
its inclusion of the highly cited papers in Computer Science, Human Computer Interaction, and Information
Systems. To guarantee a wide and comprehensive coverage of the scholarly literature, a complementary search
was conducted in Google Scholar, which is known to produce a greater number of citations across all
disciplines (Martin-Martin et al., 2018).

The period covered in this search was 2011-2024, which captures the period that the utilisation of the
term crowdsourcing and gamification gained an increasing significance in academic research. This also reflects
the emergence of crowdsourcing as a socio-technical phenomenon, following the productive creators of the

topic who published between 2006 and 2011 (Howe, 2006b).
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5.3.3 Search Terms

The main search query that has been used in Scopus was:
TITLE-ABS-KEY (Gamification and Crowdsourcing) AND (EXCLUDE (DOCTYPE,"cr") OR EXCLUDE
(DOCTYPE, "bk") OR EXCLUDE (DOCTYPE, "no") OR EXCLUDE (DOCTYPE, "tb")) AND (EXCLUDE
(LANGUAGE,” Portuguese") OR EXCLUDE (LANGUAGE, "Russian") OR EXCLUDE (LANGUAGE,
"Slovenian") OR EXCLUDE (LANGUAGE, "Chinese") OR EXCLUDE (LANGUAGE, "Croatian") OR
EXCLUDE (LANGUAGE, "French")).

The search aimed to identify the papers which containing both concepts that appeared in the title,
abstract, or keywords, thus guaranteeing conceptual relevance. Exclusions were implemented for non-English

and non-peer-reviewed papers to ensure consistency and quality in the collected dataset.

5.3.4 Selection Criteria
The Scopus search query resulted 378 papers, which were imported in the scoping database for the screening
step. Additionally, the first 100 Google Scholar results were manually screened, followed by saturation
examination of the next ten results; confirmed that the inclusion of more records produced diminishing returns,
aligning with the principles of saturation theory (Saunders et al., 2018). The literature searches were first
conducted in September 2022 and subsequently updated in December 2024 to incorporate the latest
developments in the field. Purposefully, the searches were restricted to the metadata rather than looking for
the phrases across the whole text to reduce the number of false positives resulting from identical mentions of
gamification or crowdsourcing. Based on the cross-disciplinary nature of crowdsourcing, we did not limit the
search to certain publications or academic domain. In total, 478 unique papers were screened according to the
following inclusion criteria:
1. The full text of the paper was available and accessible.
2. The paper was written in English and had been published in a peer-review international outlet.
3. The paper focused on gamification tasks in crowdsourcing instead of just terms being mentioned in
the metadata of the papers.
4. The paper presented unique empirical findings (duplicate or re-reports of the same study were
excluded).
5. The study paper contained a measurable construct of gamification effectiveness on participants. (e.g.,

performance, engagement, or motivation).
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Figure 5.1: Scoping review PRISMA flow-chart process

As shown in Figure 5.1(PRISMA) flow chart, the screening process led to the exclusion of six non-
English papers, two papers without a full text, 128 papers were also left out of the review since the substance
of those studies did not truly involve gamified crowdsourcing. Furthermore, we found 196 papers that did not
meet the inclusion criteria after reading the full text. Ultimately, 146 papers were chosen to be included in the
final literature evaluation.

5.4 Scoping Review Results

5.4.1 Bibliometric Information

The broader set of records retrieved during the literature search showed that research on gamification and
crowdsourcing spans a wide range of disciplinary fields, reflecting the interdisciplinary nature of the topic.
Among the retrieved search results, 286 records were associated with computer science and 69 with social
sciences field. The remaining published articles were distributed across other domain fields, including

Engineering, Mathematics, Business, Management and Accounting, Decision Sciences, Arts and Humanities,
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Medicine, Earth and Planetary Science, Psychology, Materials Science, Physics and Astronomy, Economics,
Econometrics and Finance, Environment, Energy, Multidiscipline, Agricultural and Biological Sciences,
Biochemistry, Genetics and Molecular Biology, Health Professions, Immunology and Microbiology,
Neuroscience and Nursing. This distribution also reveals the dissemination of gamification concepts into non-
technical areas and confirms that academia increasingly recognises its potential for motivating and enhancing
performance and engagement across a variety of applications.
5.4.2 Papers Classifications
The included reviewed papers were classified based on a crowdsourcing archetype framework developed by
Geiger et al. (2012), that were discussed in Chapter 2 and applied in this thesis for its robust conceptual
distinction between the nature of crowd contributions and how the task value solutions are derived from
crowdsources. This archetype framing is extensively employed to distinguish between systems where
contributions are homogeneous versus heterogeneous, systems where value is aggregated or emergent and is
appropriate in the context of the study of design patterns for gamified crowdsourcing systems (Geiger et al.,
2012, Geiger and Schader, 2014). To ensure the validity of the author’s classification of the resulted paper
according to crowdsourcing framework of Geiger et.al (2012), an inter-rater agreement analysis was conducted
between the author and an external human expert (Entisar Alkayal) !. A random subset of 30 papers,
representing approximately 20.5% of the total included set of studies, was selected for validation, consistent
with established guidelines for reliability assessment. Each paper in the subset dataset was independently
categorised by the expert according to one of the four archetypes of the Geiger crowdsourcing framework,
crowd-processing, crowd-rating, crowd-creating, or crowd-solving, with justification of the selection. In many
research studies where inter-rater reliability or expert validation is involved, selecting a subset of around 20-
30% of the total dataset is a common approach. A Cohen’s Kappa score of 0.46 was obtained, indicating
moderate agreement between the author and the expert classification. The confusion matrix analysis (Figure
5.2) shows that the highest agreement has been occurred in the category of crowd-creating, while the crowd-
rating and the crowd-processing have the greatest overlap because both rely on aggregated, homogenous
contributions, where the value is directly derived from the individual inputs. The results validate the
dependability and clarity of the implemented categorisation process.

According to this validated methodology, most gamified crowdsourcing research was classified as
crowd-creating, followed by crowd-rating and crowd-processing. Crowd-solving research was minimally

represented (see Table 5.1 for comprehensive classification). This distribution matters for the thesis argument

! Entisar Alkayal

Assistant Professor in Computer Sciences Department, Kau

Cloud Computing IOT Optimization Distributed Systems Edge Computing
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with respect to the extent to which most gamified systems work with either emergent collective artefacts
(crowd-creating) or aggregated judgements (crowd-rating), the very contexts in which coordination support
and shared performance awareness have the potential to plausibly impact on experience and also output quality.
5.4.3 Literatures Characteristics

The core component of any crowdsourcing system depends on the nature of the task delegated to the crowd
community. Among the reviewed studies papers, a wide range of activities was identified, reflecting the
flexibility of the crowdsourcing framework and the width of their application domains. The majority of the
reviewed gamified crowdsourcing study systems were designed to motivate participants to perform
computational work that would otherwise be difficult or inefficient for computers to complete autonomously
without human assistance (Von Ahn, 2008). Examples include the annotation of medical texts, video
transcription, or the recognition of visual objects such as animals, plant species, or environmental waste or
rubbish. Other studies focused on the proofreading of text scanned with OCR technology, geolocation-based
reporting information, and user-generated feedback collection, all aimed to harness the human judgement for
validation of the data or enrichment.

Moreover, to such tasks, other research studies have examined creative production and problem-
oriented crowdsourcing activities, for instance, ideation challenges, content creation and design optimisation
problems tasks that leverage the collective intellect and creativity of the crowd workers. Also, a number of
implementations targeted location-based mobile crowdsourcing application, where crowd participants
contributed information via sensor devises or platforms. This variety indicates that gamification is not confined
to a single type of crowdsourcing task, but is used to enhance the output quality, motivation and engagement
across a continuum from simple labelling to creative productions. Specific corpus creations have been found
as the objective of other research studies. Furthermore, Table 5.1 summarises the distribution of studies across
the four crowdsourcing archetypes:

e Crowd-rating tasks were the most common gamified systems, where the participants voted, ranked or
predicted with no substantial manual effort, but advantages could be drawn from aggregation across
large numbers of users.

e Crowd-processing research focused on large volumes of homogeneous tasks, emphasising efficient
processing and throughput rather than creativity.

e Crowd-creating studies involved participants in open-ended and tasks with the output often being an

emergence of collective artefacts.
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Figure 5.2: Confusion matrix between raters

e Crowd-solving studies were rare and also usually focused on difficult, intellectually challenging

problems which needed individual input and a greater cognitive load

5.4.4 Types of Crowdsources

Accordingly, studies reviewed with regard to crowd-targeted populations were similarly varied (Table 5.2.).
Most systems were designed for open (or public) participation, where there was no need to possess domain-
specific expertise. This is consistent with the general ethos of crowdsourcing in leveraging large, diverse
participant pools. A significant proportion of the studies specifically targeted students as participants,
particularly in projects with an experimental or educational focus. Experimenters often depend on students
because they can provide a convenient sample for testing the usability of game-like task interfaces and

collaborative design environments; this trend may limit generalisability of the results.
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Table 5.1: Classification of reviewed studies

Crowd Type

Reasons

Papers references

Crowd-rating

In all these studies the individuals perform an
integrative aggregation, a vote or specific
predication for a given topic. Generally

nominal manual exertion required. No

individual differences required for answers.

(Macakoglu et al., 2022, Hong et al., 2013,
Morschheuser et al., 2019, Hajarian and
Hemmati, 2021, Harris and Srinivasan, 2019,
Aljanaki et al., 2016, Gutiérrez Péaez et al.,
2021, Linares et al., 2019, Brovelli et al., 2018,
2011, 2014,
Sadeghianasl et al., 2021, Rinner et al., 2020,
Bujari et al.,, 2016, Olinsky et al.,, 2021,
Sadeghianasl et al., 2020, Fort et al., 2020,
Hallifax et al., 2019, Kirkham et al., 2015,
Chen et al., 2018, Harris, 2017, Lumsden et al.,
2016, Caceres et al., 2019, Pinto and Viana,
2019, Eryigit et al., 2021, Bin Hussein et al.,
2019, Cordova Mancheno, 2017, Kratchanov
and Luchev, 2024, Yang et al., 2024,
Bastanfard et al., 2024, Amorim et al., 2024,
Duggan et al.,, 2024, Lin and Ding, 2023,
Kalokyri et al., 2023, Leal, 2023, Duhaime et
al., 2023, Stamatiadou et al., 2023, Harris,
2014, Mason et al., 2012, Massung et al., 2013,
Chamberlain, 2014, Dumitrache et al., 2013,
Eickhoff et al., 2012, Goncalves et al., 2014,
Preist et al., 2014, Saito et al., 2014)

Guy et al, Good et al.,

Crowd-processing

In these papers, the non-emergent homogenous
tasks are easily enumerable. Generally nominal
individual

manual exertion required. No

differences required for answers.

(Malatini et al., 2017, Purnomo W.P et al,,
2019, Carlier et al., 2015, Ipeirotis and
Gabrilovich, 2014, Feyisetan et al., 2015,
Prestopnik et al., 2017, Spatharioti, 2020,
Rokicki et al., 2014, Walter et al., 2022,
Yacobson et al., 2021, Lichtenberg et al., 2020,
Zhou et al., 2017, Lendak, 2019, Tinati et al.,
2017, Packham and Suleman, 2015, Bin
Hussein et al., 2019, Cordova Mancheno,
2017, Sadeghianasl et al., 2024, Spicher et al.,
2024, Hajarian et al., 2024, Paulino et al., 2024,
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Maddalena et al., 2023, Ronneberg and
Kettunen, 2023, Na and Han, 2023, Jacob et al.,
2022, Nose and Hishiyama, 2013, Itoko et al.,
2014, Brenner et al., 2014, Uzun et al., 2013,
Kawajiri et al.,, 2014, Lee et al., 2013b,
Remelhe et al., 2022, Riegler et al., 2015,
Dziedzic, 2016, Deng et al., 2016, Dergousoff
and Mandryk, 2015)

Crowd-creating

In these studies, the problem can have a loose

definition, often creative in nature and

requiring uniqueness of contribution.

(Martella et al., 2015, Pothineni et al., 2014,
Kose et al., 2019, Apostolopoulos et al., 2016,
Kashian et al.,, 2014, Wang and Lee, 2021,
Prandi et al., 2016, Wernbacher et al., 2022,
Gorjup et al., 2021, Martelaro et al., 2021,
Ogawa et al., 2020, Gamage et al., 2020,
Michail and Gavalas, 2019, Prandi et al., 2018,
Tahmasbi and Sternberg, 2019, Hantke et al.,
2018, Spitz et al., 2018, Tsai and Lee, 2017,
Kapenekakis 2017,
L'Heureux et al., 2017, Xu and Zheng, 2016,
Laso Bayas et al., 2016, Ling et al., 2021, Hao
etal., 2019, Albarqouni et al., 2016, Caceres et
al., 2019, Packham and Suleman, 2015,
Pinto and Viana, 2019, Eryigit et al., 2021,
Puritat, 2019, Bir, 2022, Uhlgren et al., 2024,
Mendoza et al., 2024, Tocchetti et al., 2024,
Yang et al., 2024, Ortiz and Tang, 2024,
Duggan et al.,, 2024, Chalwe et al., 2024,
Nummenmaa et al., 2025, Lin and Ding, 2023,
Jaworski et al., 2023, Kalokyri et al., 2023,
Leal, 2023, Stamatiadou et al., 2023, Weber
et al.,, 2023, Baer and Purves, 2022, Sheng,
2013, Miyata et al., 2022, Snijders et al., 2015,

and Chorianopoulos,

Roengsamut et al., 2015, Kacorri et al., 2015,
Biegel et al., 2014, Wei and Anwar, 2017)

Crowd-solving

Here the problems were complex and

intellectually demanding, requiring

considerable effort and the uniqueness of

(Cooper et al., 2010, Haworth et al., 2021,
Bowser et al., 2013, Mairittha et al., 2021, Liu
etal., 2011, Matin et al., 2020, Seong and Kim,
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intensity and impact.

contribution, possibly high individual Effort

2020, Rojas et al., 2017, Allahbakhsh et al.,
2018, Weng et al, 2019, Aldwairi and
Shuhaiber, 2019, Bounov et al., 2018, Puritat,
2019, Song et al., 2017, Molasy et al., 2023, Lu
et al., 2021, Sakamoto and Nakajima, 2014,
Vasilescu et al., 2014, Yakushin and Lee, 2014,
Lee et al., 2013a, He et al., 2014, Choi et al.,
2014, Nagai et al., 2014, Altmeyer et al., 2016,
Melenhorst et al., 2015, De Franga et al., 2015)

References in bold refer to studies that relate to more than one archetype.

A smaller number of studies were designed for experts or employees, often in specialised areas, often in

particular fields such as development of software, environmental monitoring, or medical annotation work,

where the task accuracy and professional judgement are critical and could not tolerate errors. Teachers, older

participants and citizen scientists also figured, especially where learning was involved or where social

contribution motives were emphasised. Interestingly, only a handful of studies dedicated substantial space to

discussing how participant type affected the effectiveness of gamification methods. This highlights a

methodological gap which currently exists in academic literature: the lack of comparative analysis of whether

game techniques function differently with experts, students or indeed ordinary users as their target. In

summary, although gamified crowdsourcing has been applied to a wide spectrum of worker populations, future

work should explore what role the participant demographics, and motivations play in the success of different

gamification strategies.

Table 5.2: Participant Types in the Reviewed Studies

Crowdsourcees Crowd-processing Crowd-rating Crowd-creation Crowd-solving
(Malatini et al., 2017, | (Kirkham et al., (Packham and (Cooper et al., 2010,
Carlier et al., 2015, | 2015, Caceres et Suleman, 2015, Haworth et al., 2021,
Prestopnik et al., | al., 2019, Yang et Céceres et al., Bowser et al., 2013,
2017, Zhou et al., | al., 2024, Amorim | 2019, Yang et al., Liu et al, 2011,
2017, Packham and | etal., 2024, Lin 2024, Lin and Matin et al., 2020)
Suleman, 2015, | and Ding, 2023, Ding, 2023) (Rojas et al., 2017,
Spicher et al., 2024, | Kalokyri et al., (Kalokyri et al., Allahbakhsh et al.,
Hajarian et al., 2024, | 2023, Leal, 2023, 2023, Leal, 2023, 2018, Aldwairi and
Students Paulino et al., 2024, | Massung et al., Martella et al., Shuhaiber, 2019,

Kawajiri et al., 2014,
Remelhe et al., 2022).

2013)

2015, Prandi et al.,
2016, Ogawa et al.,
2020, Gamage et
al., 2020, Prandi et
al., 2018, Spitz et
al., 2018,
Kapenekakis and
Chorianopoulos,
2017, Xu and

Song et al, 2017,
Molasy et al., 2023,
Lee et al., 2013a)
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Zheng, 2016, Hao
etal., 2019,
Uhlgren et al.,
2024, Mendoza et
al., 2024, Tocchetti
et al., 2024, Ortiz
and Tang, 2024,
Chalwe et al., 2024,
Jaworski et al.,
2023, Miyata et al.,
2022, Roengsamut
etal., 2015)

(Yacobson et al,
2021, Spicher et al.,

(Martella et al,
2015, Prandi et al.,

Teachers 2024) 2018, Mendoza et

al., 2024)

(Tocchetti et al., | (Molasy et al., 2023,
Researcher 2024) Yakushin and Lee,

2014)

Public citizen

(Purnomo W.P et al.,

2019, Ipeirotis and
Gabrilovich, 2014,
Tinati et al.,, 2017,
Ronneberg and

Kettunen, 2023, Nose
and Hishiyama, 2013)

(Macakoglu et al.,
2022, Gutiérrez
Paez et al., 2021,
Linares et al.,
2019, Stamatiadou
et al., 2023,
Goncalves et al.,
2014)

(Stamatiadou et al.,
2023, Kashian et
al., 2014, Tahmasbi
and Sternberg,
2019, Tsai and Lee,
2017, L'Heureux et
al., 2017, Laso
Bayas et al., 2016,
Puritat, 2019, Bar,
2022)

(Puritat, 2019)

(Lendak, 2019,
Sadeghianasl et al.,
2024)

(Sadeghianasl et
al., 2021,
Sadeghianasl et al.,

(Lu et al, 2021,
Melenhorst et al.,
2015)

Expert 2020, Mason et al.,
2012, Dumitrache
etal., 2013)
(Jacob et al., 2022, | (Guyetal., 2011) (Pothineni et al.,
Employee Lee et al., 2013Db) 2014, Snijders et
al., 2015, Kacorri et
al., 2015)
(Itoko et al., 2014) (Seong and Kim,
Elderly people 2020, Nagai et al.,
2014)
(Na and Han, 2023, | (Hongetal., 2013, | (Pinto and Viana, | (Weng et al, 2019,
Brenner et al., 2014, | Morschheuser et 2019, Eryigit et al., | Sakamoto and Nakajima,
o 2014, He et al, 2014,
Uzun et al, 2013) | al, 2019, Hajarian | 2021, Dugganetal., | ajmeyer et al, 2016, De
(Dziedzic, 2016, Bin | and Hemmati, 2024, Kose et al., | Frangaetal., 2015)
Hussein et al., 2019, | 2021, Aljanaki et 2019,
Cordova Mancheno, | al., 2016, Brovelli | Apostolopoulos et
Not specified 2017, Dergousoff and | etal., 2018, Good | al., 2016) (Wang

Mandryk, 2015)

et al., 2014, Rinner
et al., 2020, Bujari
etal., 2016, Fort et
al., 2020, Chen et
al., 2018, Pinto
and Viana, 2019,

and Lee, 2021,
Wernbacher et al.,,
2022, Gorjup et al.,
2021, Martelaro et
al., 2021, Michail
and Gavalas, 2019,
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Eryigit et al., 2021,
Bin Hussein et al.,
2019, Cordova
Mancheno, 2017,
Kratchanov and
Luchev, 2024,
Bastanfard et al.,
2024) (Duggan et
al., 2024, Duhaime
etal., 2023,
Chamberlain,
2014) (Eickhoff et
al., 2012, Preist et
al., 2014)

Hantke et al., 2018,
Ling et al., 2021,
Albarqouni et al.,
2016, Nummenmaa
et al., 2025, Weber
et al.,, 2023, Baer
and Purves, 2022,
Sheng, 2013, Biegel
et al, 2014, Wei
and Anwar, 2017)

Figure Eight

(Feyisetan et al,
2015)

(Hallifax et al.,
2019)

Amazon Turk

(Spatharioti, 2020,
Rokicki et al., 2014,
Lichtenberg et al,
2020, Deng et al,
2016)

(Harris and
Srinivasan, 2019,
Olinsky et al.,
2021, Harris, 2017,
Harris, 2014)

(Mairittha et al.,
2021, Bounov et al.,
2018)

Microworkers

(Walter et al., 2022,
Riegler et al., 2015)

Prolific

(Maddalena et al.,
2023)

5.4.5 Design Elements in Game based crowdsourcing Tasks

The body of reviewed literature revealed that a wide range of different types of Gamification Design Elements
(GDEs) have been applied across different types of crowdsourcing platforms. According to Segundo Diaz et
al., (2022), more than thirty different GDEs have been used across general gamification domains. For the sake
of conceptual consistency and methodological coherence, this review categorises gamification features
according to the taxonomy presented by Koivisto and Hamari (2019), which has been introduced as one of the
most comprehensive and empirically grounded classifications for gamification resources. Koivisto and
Hamari’s model distinguishes four main gamification dimensions:

e Achievement-oriented features (e.g., points, badges, leaderboards).

e Social features (e.g. cooperation, competition, teams and chat).

e Immersion elements (as narratives, avatars, aesthetics).

e Real-world-related aspects (e.g., rewards, feedback, progress).
We selected this framework because it is consistent with the motivational principles of SDT (Ryan and Deci,
2000) in terms of satisfying competence, autonomy and relatedness needs. It effectively enables the grouping
of design components in terms of their psychological and behavioural outcomes (e.g., motivation, engagement,
performance), linking technical designs with motivational theories, which is a necessary step for establishing

a theoretical basis for this dissertation.
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Usage Overview of Gamification Elements
Across the reviewed literature, scoring, points and leaderboards were the most commonly used game elements,
often combined to create a competitive environment among workers (see Table 5.3). Badges and levels were
the next common elements that have been deployed in crowdsourcing game tasks, typically used to track
people's progress and provide reward milestones. These resources have been proven effective in maintaining
engagement and providing visible degrees of achievement and advancement. This focus on achievement-
centric "PBL" mechanics fits with larger gamification literature examining the prevalence of points, badges,
leaderboards, partly due to their simplicity to deploy, user friendliness and because they were quantifiable
(Koivisto and Hamari, 2019, Sailer and Homner, 2020). Contrastingly, collaborative and social elements like
chatting, common goals and teamwork were not as broadly utilised even though they have great potential for
assisting communication and group problem-solving. This imbalance reflects a general orientation toward
competition within gamified platforms for crowds. From an SDT viewpoint (Ryan and Deci, 2000), it suggests
that competence signalling is more often endorsed (the use of points or feedback) and relatedness supportive
structures (shared goals, interdependence, team interaction) are less consistently designed into the system.
Figure 5.3 (Cooperative vs. Competitive Distribution) shows that the majority of designs were of competition-
driven designs across most archetypes, with notable variations in the balance between the two approaches:
e Crowd-processing tasks are relied on predominantly for competition-based elements (approximately
86%), emphasising productivity and efficiency.
e Crowd-rating tasks show small inclusion of cooperative features (about 37%), basically through the
feedback or mechanisms of peer comparison.
e Crowd-creating tasks are about 30% cooperative: often through shared creative goals or ways of peers
voting.
e Crowd-solving tasks show a strong preference for cooperative operations (around 64%), where
cooperation is necessary to achieve emergent outcomes.
This distribution reflects that, in prior research, implemented patterns were typically gamified through
competitive, individualistic elements across most archetypes, while collaborative features remained
underexplored, despite evidence of their benefits in complex and wide-ranging problem domains.
This review reinforces a compelling motivation to evaluate integrated configurations rather than singular
measures: if previous systems have tended to support PBL in isolation, then the question becomes whether
combining social interaction with progress feedback and shared performance cues leads to stronger and more

reliable results than either element alone?
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Table 5.3:Gamification elements distribution across reviewed studies

Achievements /Progressions

GDE Crowd-processing Crowd-rating Crowd-creating Crowd-solving
(Malatini et al., | (Macakoglu et al., | (Martella et al., | (Cooper et al.,
2017, Purnomo | 2022, Hong et al., | 2015, Pothineni et | 2010, Haworth
W.P et al, 2019, | 2013, Hajarian and | al.,2014, Késeetal., | et al., 2021,
Carlier et al., | Hemmati, 2021, | 2019, Bowser et al.,
2015, Rokicki et | Harris and | Apostolopoulos et | 2013, Mairittha
al.,, 2014, Walter | Srinivasan, 2019, | al., 2016, Kashian et | et al., 2021, Liu
et al, 2022, | Aljanaki et al., | al., 2014, Wang and | et al., 2011,
Lichtenberg et al., | 2016, Gutiérrez | Lee, 2021, Prandi et | Matin et al.,
2020, Zhou et al., | Paez et al., 2021, | al., 2016, | 2020, Rojas et
2017, Lendak, | Linares et al., 2019, | Wernbacher et al., | al., 2017,
2019, Tinati et al., | Brovelli et al., | 2022, Gorjup et al., | Allahbakhsh et
2017, Packham | 2018, Guy et al, | 2021, Ogawa et al., | al., 2018, Weng
and Suleman, | 2011, Good et al., | 2020, Gamage et al., | et al., 2019,
2015, Bin Hussein | 2014, 2020, Michail and | Aldwairi and
et al, 2019, | Morschheuser et | Gavalas, 2019, | Shuhaiber, 2019,
Cordova al., 2019, | Prandi et al., 2018, | Bounov et al.,
Mancheno, 2017, | Sadeghianasl et al., | Tahmasbi and | 2018,  Puritat,
Points/scores | Sadeghianasl et | 2021, Rinner et al., | Sternberg, 2019, | 2019, Song et

al., 2024, Spicher
et al, 2024,
Hajarian et al,
2024, Paulino et
al., 2024,
Maddalena et al.,
2023, Ronneberg
and
2023, Na and Han,
2023, Jacob et al.,
2022, Nose and
Hishiyama, 2013,
Uzun et al., 2013,

Kettunen,

Kawajiri et al,
2014, Lee et al.,
2013b, Remelhe et
al., 2022, Riegler

2020, Bujari et al.,
2016, Olinsky et al.,
2021, Sadeghianasl
et al., 2020, Fort et
al., 2020, Hallifax
2019,
Kirkham et al.,
2015, Chen et al.,
2018, Harris, 2017,

et al.,

Lumsden et al.,
2016, Caceres et al.,
2019, and
2019,

Eryigit et al., 2021,

Pinto

Viana,

Bin Hussein et al.,

2019, Cordova

Mancheno, 2017,

Hantke et al., 2018,
Spitz et al., 2018,
Tsai and Lee, 2017,
Kapenekakis  and
Chorianopoulos,

2017, L'Heureux et
al., 2017, Xu and
Zheng, 2016, Laso
Bayas et al., 2016,
Ling et al., 2021,
Hao et al., 2019,
Albarqouni et al.,
2016, Caceres et al.,
2019, Packham and
Suleman, 2015,
Pinto and Viana,

2019, Eryigit et al.,

al.,, 2017, Lu et
al., 2021,
Vasilescu et al.,
2014, Yakushin
and Lee, 2014,
Lee etal., 2013a,
He et al.,, 2014,
Deng et al,
2016, Altmeyer
2016,
Melenhorst et
al., 2015,

et al.,

Dergousoff and
Mandryk, 2015,
De Franga et al.,
2015)
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Achievements /Progressions

2015,
Dziedzic, 2016,
Deng et al., 2016,

et al,

Dergousoff and
Mandryk, 2015)

Kratchanov and
Luchev, 2024,
Yang et al.,, 2024,
Bastanfard et al.,
2024, Duggan et al.,
2024, Lin and Ding,
2023, Leal, 2023,
Duhaime et al.,
2023, Stamatiadou
et al., 2023, Harris,
2014, Mason et al.,
2012, Massung et
al., 2013,
Chamberlain, 2014,
Dumitrache et al.,
2013, Eickhoff et
al., 2012,
Goncalves et al.,
2014, Preist et al.,
2014, Saito et al.,
2014, Eryigit et al.,
2021)

2021, Puritat, 2019,
Bér, 2022, Uhlgren
etal.,2024) (Yang et
al., 2024, Ortiz and
Tang, 2024, Duggan
et al., 2024,
Nummenmaa et al.,
2025, Lin and Ding,
2023, Jaworski et
al., 2023, Leal,
2023,
etal., 2023, Baer and
Purves, 2022,
Sheng, 2013, Miyata
et al., 2022, Snijders
2015,

Stamatiadou

et al.,
Roengsamut et al.,
2015, Kacorri et al.,
2015, Biegel et al.,
2014, Wei and
Anwar, 2017)

(Purnomo W.P et

(Eickhoff et al.,

(Weber et al., 2023)

(Molasy et al.,

Challenges
al., 2019) 2012) 2023)
(Malatini et al., | (Macakoglu et al., | (Martella et al., | (Bowser et al,
2017, Feyisetan et | 2022, Brovelli et | 2015, Kose et al., | 2013,  Puritat,
al., 2015, Walter | al., 2018, | 2019, Wang and | 2019, Song et
et al, 2022, | Sadeghianasl et al., | Lee, 2021, Michail | al., 2017, Lu et
Lichtenberg et al., | 2021, Bujari et al., | and Gavalas, 2019, | al,, 2021,
2020, Lendak, | 2016, Sadeghianasl | Prandi et al., 2018, | Vasilescu et al.,
Badges 2019, Bin Hussein | et al., 2020, | Tahmasbi and | 2014,
et al, 2019, | Hallifax et al., | Sternberg, 2019, | Melenhorst et
Cordova 2019, Caceres et al., | Hantke et al., 2018, | al., 2015, De

Mancheno, 2017,
Sadeghianasl et
al., 2024, Spicher

et al, 2024,

Pinto and
2019,
Eryigit et al., 2021,

2019,

Viana,

Bin Hussein et al.,

Spitz et al., 2018,
2019,
Caceres et al., 2019,

Hao et al.,

Pinto and Viana,

Franga et al.,

2015)
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Achievements /Progressions

Hajarian et al.,
2024, Maddalena
et al., 2023, Itoko
et al., 2014, Uzun
etal., 2013, Lee et
al., 2013b,
Remelhe et al.,

2022)

2019, Cordova
Mancheno, 2017,
Yang et al.,, 2024,
Bastanfard et al.,
2024, Amorim et
al., 2024, Lin and
Ding, 2023,
Stamatiadou et al.,
2023) (Mason etal.,
2012, Massung et
al., 2013, Preist et
al., 2014, Eryigit et
al., 2021)

2019, Eryigit et al.,
2021, Puritat, 2019,
Yang et al., 2024,
Ortiz and Tang,
2024, Chalwe et al.,
2024, Lin and Ding,
2023, Jaworski et
al., 2023,

Stamatiadou et al.,

2023, Sheng, 2013)

Progress

(Feyisetan et al.,
2015, Spatharioti,
2020, Yacobson et
al., 2021,
Lichtenberg et al.,
2020, Zhou et al.,
2017, Rokicki et
al., 2014, Cordova
Mancheno, 2017,
Ronneberg  and
Kettunen, 2023,
Itoko et al., 2014)
(Lee et al., 2013b,
Remelhe et al.,

2022)

(Macakoglu et al.,
2022, Sadeghianasl
et al., 2021,
Sadeghianasl et al.,
2020, Hallifax et

al., 2019, Kirkham

et al., 2015,
Cordova
Mancheno, 2017,

Yang et al.,, 2024,
Lin and Ding, 2023)

(Hantke et al., 2018,
Hao et al., 2019,
Yang et al., 2024,
Lin and Ding, 2023)

(Aldwairi  and
Shuhaiber, 2019,
Song et al.,
2017, Vasilescu
et al., 2014, Lee

et al, 2013a)
(Nagai et al.,
2014)
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al., 2022

Dergousoff

, Dziedzic, 2016,

and

Mandryk, 2015)

2024, Duggan et al.,
2024, Leal, 2023,
Duhaime et al., 2023,

Harris, 2014,
Massung et al., 2013,
Chamberlain, 2014,

Dumitrache et al.,
2013, Eickhoff et al.,
2012, Goncalves et
al., 2014, Preist et al.,
2014, Saito et al.,

2014)

2019, Eryigit et al.,
2021, Puritat, 2019,
Bér, 2022, Yang et
al., 2024, Ortiz and
Tang, 2024, Duggan
et al., 2024, Chalwe

et al., 2024,
Jaworski et al,
2023, Leal, 2023,

Baer and Purves,
2022, Snijders et al.,
2015, Roengsamut
et al., 2015, Kacorri

GDE Crowd-processing Crowd-rating Crowd-creating Crowd-solving

(Purnomo W.P et al, | (Hong et al, 2013, | (Martella et al, | (Cooper et al.,

2019, Ipeirotis  and | Harris and Srinivasan, | 2015, Kashian et al., | 2010, Haworth et

Gabrilovich, 2014, | 2019, Morschheuser | 2014, Wang and | al., 2021, Bowser

Feyisetan et al.,, 2015, | et al., 2019, Gutiérrez | Lee, 2021, Gorjupet | et al., 2013, Liu et

Rokicki et al, 2014, | Paecz et al.,, 2021, | al., 2021, Martelaro | al., 2011, Matin et

Walter et al, 2022, | Brovelli et al., 2018, | etal., 2021, Gamage | al., 2020,

Lichtenberg et al., 2020, | Guy et al., 2011, | etal, 2020, Michail | Allahbakhsh etal.,

Zhou et al., 2017, | Sadeghianasl et al., | and Gavalas, 2019, | 2018,  Aldwairi

2 Lendak, 2019, Tinati et | 2021, Rinner et al., | Prandi et al., 2018, | and  Shuhaiber,
% al., 2017, Packham and | 2020, Bujari et al., | Tahmasbi and | 2019, Puritat,
% Suleman, 2015, Bin | 2016, Fort et al., | Sternberg, 2019, | 2019, Song et al.,
c\é Hussein et al., 2019, | 2020, Kirkham et al., | Hantke et al., 2018, | 2017, Molasy et
g Cordova Mancheno , | 2015, Harris, 2017, | Spitz et al., 2018, | al,, 2023,
E 2017, Sadeghianasl et al., | Pinto and Viana, | Kapenekakis and | Vasilescu et al.,
< 2024, Spicher et al., 2024, | 2019, Eryigit et al., | Chorianopoulos, 2014, Yakushin
Hajarian et al., 2024, | 2021, Bin Hussein et | 2017, L'Heureux et | and Lee, 2014,

Maddalena et al., 2023, | al., 2019, Cordova | al., 2017, Xu and | Lee et al., 2013a,

Leaderboard | Ronneberg and Kettunen, | Mancheno , 2017, | Zheng, 2016, | He et al., 2014,
2023, Na and Han, 2023, | Kratchanov and | Albarqouni et al., | Altmeyer et al.,

Uzun et al, 2013, | Luchev, 2024, Yang | 2016, Packham and | 2016, Melenhorst

Kawajiri et al., 2014, Lee | et al., 2024, | Suleman, 2015, | et al, 2015,

et al., 2013b, Remelhe et | Bastanfard et al., | Pinto and Viana, | Dergousoff and

Mandryk, 2015)
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Achievements /Progressions

et al., 2015, Biegel
etal., 2014, Wei and
Anwar, 2017)

Levels

(Malatini et al., 2017,
Purnomo W.P et al,
2019, Spatharioti, 2020,
Lendak, 2019, Bin
Hussein et al., 2019,
Cordova
2017, Sadeghianasl et al.,
2024, Spicher et al., 2024,
2024,
Brenner et al., 2014, Lee

etal., 2013b)

Mancheno

Hajarian et al.,

(Linares et al., 2019,
Brovelli et al., 2018,
Sadeghianasl et al.,
2020, Chen et al.,
2018, Caceres et al.,
2019, Eryigit et al.,
2021, Bin Hussein et
al., 2019, Cordova
Mancheno , 2017,
Kratchanov and
Luchev, 2024, Yang
et al., 2024,
Bastanfard et al.,,
2024, Lin and Ding,
2023, Leal, 2023,
Stamatiadou et al.,
2023, Dumitrache et
al., 2013, Eickhoff et
al., 2012, Saito et al.,

2014)

(Martella et al.,
2015, Gorjup et al.,
2021, Gamage et al.,
2020, L'Heureux et
al., 2017,
Bayas et al., 2016,
Ling et al., 2021,
Hao et al., 2019,

Laso

Albarqouni et al,
2016, Caceres et al.,
2019, Eryigit et al.,
2021, Puritat, 2019,
Yang et al., 2024,
Lin and Ding, 2023,
Leal, 2023,
Stamatiadou et al.,

2023, Sheng, 2013)

(Bounov et al.,
2018,
2019, Song et al.,
2017, Yakushin
and Lee, 2014,
Nagai et al., 2014)

Puritat,

Achievements /Progressions

Feedback

(Ipeirotis and
Gabrilovich, 2014,
Prestopnik et al., 2017,
Cordova Mancheno,
2017, Brenner et al.,
2014, Jacob et al., 2022,

Dziedzic, 2016)

(Harris and
Srinivasan, 2019,
Aljanaki et al., 2016,
Gutiérrez Paez et al.,
2021, Sadeghianasl et
al., 2021, Fort et al.,
2020, Cordova
Mancheno , 2017,
Bastanfard et al.,
2024, Amorim et al.,
2024, Duggan et al.,
2024, Lin and Ding,

2023)

(Kashian et al.,
2014, Albarqouni et
al., 2016, Mendoza
et al., 2024, Lin and
Ding, 2023, Duggan
et al., 2024, Weber
et al., 2023)

(Mairittha et al.,
2021, Liu et al.,
2011, Weng et al.,
2019, Bounov et
al., 2018, Song et
al., 2017,
Yakushin and Lee,
2014, Lee et al.,
2013a)
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GDE Crowd-processing Crowd-rating Crowd-creating Crowd-solving
" (Yacobson et al., 2021) | (Hong et al., 2013, (Sakamoto and
g E Goal Hallifax et al., 2019) Nakajima, 2014,
5 % Lee et al., 2013a)
5 E" (Riegler et al., 2015) (Hallifax et al., 2019, | (Yang et al.,, 2024, | (Matin et al., 2020)
i) & Timer Yang et al, 2024, | Kalokyri etal., 2023)
Kalokyri et al., 2023)
(Hong et al., 2013, | (Xu and Zheng, 2016, | (Aldwairi and
Team Morschheuser et al., | Caceres et al., 2019) Shuhaiber, 2019,
2019, Céaceres et al., Molasy et al., 2023)
2019)
(Carlier et al.,, 2015, | (Hong et al, 2013, | (Pothinenietal., 2014, | (Cooper et al,
Spatharioti, 2020) Morschheuser et al., | Ogawa et al, 2020, | 2010, Haworth et
2019, Aljanaki et al., | Spitz et al., 2018, Xu | al., 2021, Seong
2016, Pinto and Viana, | and Zheng, 2016, | and Kim, 2020,
Cooperation 2019, Yang et al, | Pintoand Viana, 2019, | Aldwairi and
2024, Kalokyri et al., | Yang et al., 2024, | Shuhaiber, 2019,
2023, Leal, 2023) Kalokyri et al., 2023, | Song et al., 2017,
Kacorri et al., 2015) Yakushin and Lee,
2014)
(Malatini et al., 2017, | (Morschheuser et al., | (Martella et al., 2015, | (Cooper et al,
Purnomo W.P et al., | 2019, Harris and | Kése et al, 2019, | 2010, Haworth et
2019, Ipeirotis and | Srinivasan, 2019) | Apostolopoulos et al., | al., 2021, Bowser et
Gabrilovich, 2014, | (Gutiérrez Paez et al., | 2016, Kashian et al., | al., 2013, Liu et al,,
Feyisetan et al., 2015) | 2021, Linares et al., | 2014, Wang and Lee, | 2011, Matin et al.,
(Spatharioti, 2020, | 2019, Brovelli et al., | 2021, Prandi et al., | 2020, Rojas et al,,
Rokicki et al., 2014, | 2018, Guy et al., 2011, | 2016, Wernbacher et | 2017, Allahbakhsh
Walter et al, 2022, | Sadeghianasl et al., | al., 2022, Gorjup etal., | et al., 2018, Puritat,
Lichtenberg etal., 2020, | 2021, Rinner et al., | 2021, Martelaro et al., | 2019, Molasy et al.,
_ Zhou et al, 2017, 2020, Bujari et al., | 2021, Gamage et al., | 2023, Lu et al.,
-g Lendak, 2019, Tinati et | 2016, Sadeghianasl et | 2020, Michail and | 2021)
2 al., 2017, Packham and | al., 2020, Fort et al., | Gavalas, 2019, Prandi
Suleman, 2015, Bin | 2020, Hallifax et al., | et al., 2018, Tahmasbi
Hussein et al., 2019, | 2019, Kirkham et al., | and Sternberg, 2019,
Cordova  Mancheno, | 2015, Harris, 2017, | Hantke et al., 2018,
2017, Sadeghianasl et | Caceres et al., 2019, | Kapenekakis and
Competition | al., 2024, Spicher et al., | Bin Hussein et al., | Chorianopoulos, 2017,
2024, Hajarian et al., | 2019, Cordova | L'Heureux et al., 2017,
2024, Maddalena et al., | Mancheno, 2017, | Hao et al., 2019,
2023, Ronneberg and | Kratchanov and | Albarqouni et al.,
Kettunen, 2023, Na and | Luchev, 2024, | 2016, Caceres et al.,
Han, 2023, Lee et al., | Bastanfard et al., 2024, | 2019, Packham and
2013b, Dziedzic, 2016) | Amorim et al., 2024, | Suleman, 2015,
Duggan et al., 2024, | Puritat, 2019, Bir,
Lin and Ding, 2023, | 2022, Ortiz and Tang,
Duhaime et al., 2023, | 2024, Duggan et al.,
Mason et al., 2012, | 2024, Chalwe et al.,
Massung et al.,, 2013, | 2024, Lin and Ding,
Dumitrache et al., | 2023, Jaworski et al.,
2013) 2023, Leal, 2023, Baer
and Purves, 2022,
Miyata et al., 2022,
Wei and Anwar, 2017)
Customization (Spatharioti, 2020) g:(l) 2:121.,212131;%,) 2016,
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(Lee et al., 2013b) (Aljanaki et al., 2016, | (Martella et al., 2015, | (Weng et al., 2019,
. Hallifax et al., 2019) Pothineni et al., 2014, | Lee et al., 2013a)
Social L.
networking Michail a}pd Gavalas,
2019, Snijders et al.,
2015)
(Tinati et al.,, 2017) | (Céceres etal., 2019) (Martelaro et al., 2021, | (Cooper et al.,
Chat (Maddalena et al, Caceres et al., 2019) 2010)
2023)
(Paulino et al., 2024) (Kalokyri et al., 2023) | (Martella et al., 2015,
Prandi et al., 2016,
Ogawa et al.,, 2020,
. Tsai and Lee, 2017,
Virtual world Tocchetti et al., 2024,
Nummenmaa et al.,
2025, Kalokyri et al.,
2023, Sheng, 2013)
(Maddalena et al., 2023, | (Morschheuser et al., | (Martella et al., 2015, | (Lee et al., 2013a,
- Paulino et al.,, 2024, | 2019, Olinsky et al., | Prandi et al., 2016, | Yakushin and Lee,
.2 Dergousoff and | 2021) Wernbacher et al., | 2014, Nagai et al,,
g Mandryk, 2015) 2022, Ogawa et al., | 2014)
g Avatar 2020, Tsai and Lee,
= 2017, Ling et al., 2021,
Hao et al, 2019,
Mendoza et al., 2024,
Miyata et al., 2022)
(Tocchetti et al., 2024, | (Seong and Kim,
Storyline Weber et al., 2023) 2020, Sakamoto
and Nakajima,
2014)
Role Playing (Nagai et al., 2014)
Aesthetics
- Sound (Walter et al., 2022)
% Light (Walter et al., 2022)
© Board (Yacobson et al., 2021)
(Feyisetan et al., 2015, | (Hallifax et al., 2019, | (Kése et al., 2019, | (Matin et al., 2020,
Spatharioti, 2020, | Harris, 2017, Lumsden | Apostolopoulos et al., | Bounov etal., 2018,
Rokicki et al., 2014, | et al, 2016, Bin | 2016, Kashian et al., | Choi et al., 2014,
Walter et al, 2022, | Hussein et al., 2019, | 2014) (Martelaro etal., | Deng et al., 2016,
3 Monetary Packham and Suleman, | Massung et al., 2013, | 2021, Xu and Zheng, | Melenhorst et al.,
= 2015, Deng et al., 2016) | Chamberlain, 2014, | 2016, Packham and | 2015)
g Eickhoff et al., 2012, | Suleman, 2015,
~ Preist et al., 2014, | Kacorrietal., 2015)
Eryigit et al., 2021)
(Hajarian and | (Prandi et al., 2016,
Voucher Hemmati, 2021, | Laso Bayas et al.,
Massung et al., 2013) 2016)

Overall Analysis of the Design Patterns

e Competitive elements, such as points, leaderboards and badges were consistently associated with

higher task throughput and responses accuracy. In all archetype we could see in Figure 5.3 and Figure

5.4, that the competitive elements including achievement have a higher rate than the collaborative
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elements. However, it is also known from multiple sources that excessive competition may also risk
overshadowing intrinsic motivation or dishearten slower participants, a limitation observed in several
studies (see representative examples in Table 5.3). This trade-off is well recognised in motivation
studies, in which controlling or overly comparative reward structures have the ability to inhibit
autonomous motivation for some participants (Ryan and Deci, 2000)).

e Immersion-related elements, such as avatars, storytelling and aesthetic feedback, appeared in a few
subset studies but demonstrated a notable impact on emotional engagement and worker enjoyment.
For instance, narrative structures were more common in crowd-solving tasks, where framing
challenges such as “quests” or “missions” increased perceived purpose and persistence (see Figure
5.5).

e Social elements as shown in Figure 5.6, including other social shared goals, chat, and team structures,
were mainly realised in crowd-creating and crowd-solving, and few crowd-creating systems, where
they were used to foster communication and collective ideation. However, channels for their
implementation remain limited, revealing notable a research gap in exploring how collaboration
resource might be utilised to enhance engagement. Significantly, even with social elements, many
papers refer to them as an add-on (e.g., shared state, structured feedback loops, and mutual awareness),
not closely correlated coordination mechanisms, creating uncertainty about when communication
results in higher-quality collective decisions.

e Real-world elements, specifically financial rewards and progress feedback, were implemented to
reinforce people's extrinsic motivations and provide tangible incentives. However, a small number of
papers have touched on how these rewards interact with intrinsic motivation or collective dynamics.

Overall, the reviewed studies showed that most gamified crowdsourcing systems remain task-achievement-
oriented, prioritising quantity indicator of success over social or immersion dimensions. On the other hand,
balanced integration between competitive and cooperative modes was not really evident in any of the studies
reviewed for this thesis, even though theory and preliminary findings both argue that hybrid approaches may
better engage people and produce optimal performance. These findings build a foundation for this thesis’ later
design decision to integrate progress, feedback and scoring structures with team interaction in real time, and
thus the study will be testing whether coordination gains relevance for performance when teams are able to

see and interpret shared performance information rather than only exchange messages.
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5.4.6 Trends and Implications at the Archetype Level

The reviewed study papers revealed that the implementation of gamification elements and the designs vary
across the four crowdsourcing archetypes. Each type showed different trends that reflects its underlying
structure, motivational features that have been used, and social dynamics (Figure 5.7). This archetype-level
perspective is significant because it indicates that ‘gamification in crowdsourcing’ is not a monolithic design
phenomenon, the same feature (e.g., points, leaderboards, etc.) is repeatedly utilised, but the functional uses of
those things change according to whether systems prioritise throughput, judgement aggregation, creativity, or
complex problem solving.

Crowd-processing systems were dominated by competitive, achievement-oriented elements like
points, levels and leaderboards. For repetitive assignments it was often used as a means to speed up work and
so improve efficiency. Studies implemented such mechanisms (Bin Hussein et al., 2019, Hajarian et al., 2024,
Lendak, 2019, Tinati et al., 2017, Walter et al., 2022, Lichtenberg et al., 2020, Zhou et al., 2017), reported
improvements in the workers outcomes in term of accuracy. However, peer-based or cooperative features were
largely absent in crowd-processing archetypes. This indicated a clear limitation of experimental studies in such
trend by which most of these study archetype prioritise individual productivity over social engagement or
shared goal structure. A future design that incorporates a lightweight cooperative feedback form or peer
validation mechanisms may maintain the workers’ performance while fostering high motivation. In this thesis,
this pattern supports treating productive gamification orientation as a baseline style of the design and motivates
evaluating whether adding structured interaction changes both the engagement and outcome quality.

Crowd-rating studies are remarkably similar to the design employed in crowd-processing, often
considering points, scores, leaderboards, and badges as core motivators (Morschheuser et al., 2019,
Sadeghianasl et al., 2021). Such trends in achievements oriented in crowd-rating tasks encourage a high
volume of contributors and reduced participant attrition, but also, they risk encouraging quantity driven
behaviour over reflective judgment. A significant body of literature in this archetype investigates competition
(Brovelli et al., 2018, Fort et al., 2020), but there is more than crowd-processing interest in cooperation
features, such as the presence of social aspects, including social networking (Aljanaki et al., 2016, Hallifax et
al., 2019, Kalokyri et al., 2023, Pinto and Viana, 2019); emphasises the significance of social influence in
rating activities (see Figure 5.6). Feedback components (explicit performance feedback and progress
indicators) are predominantly employed in crowd-rating studies as (Cordova Mancheno, 2017, Sadeghianasl et
al., 2021), compared to other archetypes. This hybrid design method, combining competitive and cooperation
incentives suggests that crowdsourcing systems benefits from immediate, transparent feedback and validation
that improve both accuracy and contribution consistency. The finding directly applies later to experimental
design decisions in this thesis, as this implies that feedback and shared evaluation cues are a persistent

mechanism for stabilising contribution reliability.
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Crowd-solving archetypes constituted the most complex and high cognition-demand tasks

environment, wherein workers engaged in open-ended problem-solving or optimisation tasks. Gamification
resources in this type often included challenges, contests and time constrains, which exhibited hackathon-style
environments (Matin et al., 2020). Although these designs produced excitements and time-sensitive
engagement, they overemphasised competition at the expense of collaboration. In contrast, other studies
implemented more balanced or cooperative models such as in Foldit (Cooper et al., 2010), which indicated the
value of shared discovery, and collective learning. These examples indicated that the good balance between
motivation for competition with collaboration can not only greatly improve the quality of outcomes but also
increased participant satisfaction. This contrast indicates a common design tension in the literature; in
comparison, time-limited competition can lead to participation while coordination mechanisms are more
directly associated with learning, refinement, and more quality gains.
Another prominent characteristic of this archetype involved abundant use of storyline or narrative elements
(Seong and Kim, 2020, Sakamoto and Nakajima, 2014), which facilitated emotional involvement and a greater
understanding of the context for the problem. These features, which immerse participants in the problem as a
whole, contribute to increased emotional engagement and show that narrative framing can be an effective
design strategy, rather than just an add-on, in intense cognitive crowdsourcing scenes. A discernible trend
towards tangible incentives in crowd-solving studies is evident, as numerous research studies include monetary
rewards (Matin et al., 2020, Choi et al., 2014), which are less frequently emphasised in crowd-processing and
crowd-rating, perhaps owing to the substantial cognitive work and competence demanded by these tasks.

Crowd-creation systems have a significant propagation of competitive attributes such as points,
leaderboards, ranking techniques as in many studies (Martelaro et al., 2021, Gamage et al., 2020, Michail and
Gavalas, 2019, Prandi et al., 2018, Tahmasbi and Sternberg, 2019, Hantke et al., 2018, Kapenekakis and
Chorianopoulos, 2017, L'Heureux et al., 2017, Hao et al., 2019, Albarqouni et al., 2016, Caceres et al., 2019,
Packham and Suleman, 2015). While these resources help enhance productivity, they reduced the opportunities
for collaboration and sharing the knowledge, which are necessary for co-creation and creativity tasks. A
smaller numbers of studies applied the cooperative features such as such as shared creative space,
communication tools or forums for peer discussion, which demonstrated benefits both workers performance
and engagement (Ogawa et al., 2020, Spitz et al., 2018, Xu and Zheng, 2016, Pinto and Viana, 2019, Yang et
al., 2024, Kalokyri et al., 2023, Kacorri et al., 2015). While that the cooperations in the content creation have
been success in production of positive attitude of the crowd’s engagement and performance, unfortunately,
much research remains to be individuals’ efforts instead of promoting a group driven experience, leaving a
space for future research into examining how collective quality can be enhanced through soical gamification
elements. Furthermore, the high emphasis of customisation gamification resource in crowd-creation archetype

such as user-customisation avatars personalised interfaces (Xu and Zheng, 2016, Hao et al., 2019), indicated a
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focus on player autonomy and user-driven interaction. The features mentioned here seem to work in favour of
intrinsic motivation and can help to bridge the gap between competitive and cooperative engagement.
Moreover, the integration of social resources such as comments or team conversations discussion may enhance
the engagement and collaboration, which are minimal in crowd- processing, rating and creating. This pattern
supports the needs for examination of collaborative labelling as a missing configuration in the literature; co-
creation tasks often have some competitive motivators, but fewer systems closely integrate real-time
coordination and shared progress cues that might facilitate collective sensemaking. Throughout all archetypes,
specific design features, such points and badges, appeared universally, though their psychological function
varied. In crowd-processing, they enhance productivity, in crowd-rating they indicate reliability, in crowd-
creating they embody originality, and in crowd-solving they signify mastery of challenges. Similarly,
leaderboards were implemented variably functioning as ranking instruments in processing, reputation systems
in crowd-rating, and visibility boosters in crowd-solving and creating. Immersion features, such as avatars,
narratives or aesthetics, appeared less overall, but when used, they contribute well to enhance satisfaction and
engagement. This indicated a missed opportunity for combined the emotional and dimensions of aesthetic into
otherwise performance-driven designs.

Overall, based on the observed distribution of features, as they have been showed in Figure 5.7, suggest
that the current crowdsourcing research has predominantly focused on achievement-based and extrinsic
motivation mechanisms, while collaborative, social and intrinsically oriented motivational approaches were
comparatively less presented. This patterns further underlines the need for integrated and balanced
motivational designs which combined competition, collaboration, and immersions to optimise and enhancing
performance and engagement across different archetypes. Taken together, these archetype-level patterns led
to an interpretive insight generated through the synthesis conducted in this review: the effectiveness and
motivational function of gamification cannot be understood independently of the task context and the
characteristics of the people performing it. This emerged from comparing how similar gamification elements
were implemented and functioned differently across the reviewed crowdsourcing archetypes. For example,
achievement-oriented elements were predominantly associated with productivity and throughput in crowd-
processing, whereas social, cooperative, narrative, and customisation features were more visible in contexts
requiring interaction, creativity, or complex problem solving. These variations suggest that gamification
should not be treated as a one-size-fits-all intervention, but as a configurable motivational design space whose
effectiveness may depend on both task characteristics and individual worker preferences
5.4.7 Measurement of Psychological and Behavioural Outcomes
The reviewed literature examined how the utilisation of gamification resources affects participants’
psychological experiences, including engagement, enjoyment, motivation, and behavioural outcomes such as

the quality of the output and the task performance. However, these constructs were often assessed
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inconsistently among studies, indicated a lack of a unified framework for measurement within gamified
crowdsourcing research. Most papers measured the enjoyment and engagement using either basic
questionnaires or indirect participant behaviour, rather than standard psychometric scales dimension. We
determined that a limited number of studies measured the enjoyments of the players by using validated
instruments to assess the constructs of this enjoyment, such as, flow, positive affect, or immersion. For
example, studies use a survey-based questions to measure their enjoyment construct such as in (Spatharioti,
2020, Preist et al., 2014, Saito et al., 2014, Bowser et al., 2013, Sheng, 2013), whereas other literatures measure
the enjoyment by other factors of the worker behaviour such as workers number of logging times, number of
clicks and accumulated tags they gain during the task on the desired elements (Na and Han, 2023).
Other studies have used platform-specific performance metrics such as accounting for the number of
participant and the amount of collected scores, badges or leaderboard as indicator of workers engagement
(Mason et al., 2012, Eickhoff et al., 2012, Saito et al., 2014, Brovelli et al., 2018, Feyisetan et al., 2015) (Nose
and Hishiyama, 2013, Ipeirotis and Gabrilovich, 2014, Itoko et al., 2014). While these indicators offer tangible
proof of activity, they may confuse productivity with authentic psychological engagement, so constraining
their interpretive value. Performance-based assessments exhibited greater consistency, primarily emphasising
accuracy, task completion rates, or concordance with expert-validated outcomes.
Nonetheless, limited research has directly associated performance enhancements with particular gamification
mechanisms or motivated states, resulting in mainly unexamined causal pathways. This highlights the
importance of subjective experience measures such as behavioural logs, so engagement is not based solely on
more work done. Table 5.4 encapsulates the primary components and instruments distinguished across the four
archetypes. In summary:

e Engagement was the most commonly analysed concept, assessed via both subjective evaluations and

behavioural data.
e Enjoyment and fun were mostly examined in creative or problem-solving tasks, frequently by self-
reported emotional responses.
e Motivation was sporadically examined by qualitative feedback, rather than through validated scales.
e Performance outcomes were extensively documented by comparing user’s outcome to expert-

validated outcome but barely corroborated with psychological assessments.
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Figure 5.7:Heatmap of gamification elements by archetype

The investigation indicates that whereas gamification significantly improves observable engagement and
results in various crowdsourcing scenarios, a comprehensive evaluation of its psychological effects is still
lacking. This gap directly supports the measurement strategy used in the thesis, where validated instruments
are paired with behavioural and agreement-based quality metrics to test whether a better engagement co-occurs
with better data quality. Subsequent research ought to employ validated frameworks, such as SDT-based
motivation and engagement inventories, or Flow State Scale (Jackson and Eklund, 2002), to obtain more
profound insights into the influence of specific gamification features on user experience and performance. A
further insight emerging from this synthesis concerns individual differences in responses to gamified task
design. Across the reviewed studies, behavioural and psychological outcomes such as engagement, enjoyment,
motivation, participation, and performance were operationalised in different ways and were rarely examined
systematically in relation to worker characteristics. Consequently, the literature provides limited direct
evidence about whether particular gamification configurations are equally effective for all workers. However,
when the patterns identified across the reviewed studies are considered together, they suggest that the
motivational effects of gamification may depend not only on the elements implemented and the crowdsourcing
context, but also on how individual workers experience and respond to those elements. This interpretation is a
synthesis generated from the comparative evidence in this review and also connects with the findings of Study

1. The exploratory study demonstrated heterogeneity in workers’ task-selection preferences and engagement
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experiences, with task interest ranked second only to monetary reward, while personality-related differences
were more evident in subjective engagement and interest than in objective accuracy. Study 1 findings provide
empirical support for the broader proposition emerging from this review that motivational task design is

unlikely to affect all workers uniformly. Together, the two studies therefore motivate a more configurable and

context-sensitive approach to gamification.

Table 5.4:Behavioural and psychological outcomes on gamified crowdsourcing types

Construct Crowd-processing Crowd-solving Crowd-creation Crowd-rating
(Bin Hussein et al., | (Puritat, 2019, | (Caceres et al., 2019, | (Morschheuser et al.,
2019, Purnomo W.P et | Cooper et al., 2010, | Eryigit et al.,, 2021, | 2019, Brovelli et al.,
al., 2019, Ipeirotis and | Bowser et al., 2013, | Leal, 2023, Packham | 2018, Sadeghianasl
Gabrilovich, 2014, | Liu et al., 2011, | and Suleman, 2015, | etal., 2021, Bujari et
Rokicki et al., 2014, | Seong and Kim, | Martella et al., 2015, | al., 2016, Macakoglu
Walter et al., 2022, | 2020, Rojas et al., | Pothineni et al., 2014, | et al., 2022, Olinsky
Yacobson et al., 2021, | 2017, Weng et al., | Kashian et al., 2014, | et al., 2021,
Lichtenberg et al, | 2019, Bounov et al.,, | Wang and Lee, 2021, | Sadeghianasl et al.,
2020, Zhou etal.,2017, | 2018, Song et al., | Prandi et al., 2016, | 2020, Caceres et al.,
Lendak, 2019, Tinati et | 2017, Molasy et al.,, | Wernbacher et al., | 2019, Eryigit et al.,
al., 2017, Packham and | 2023, Lu et al, | 2022, Ogawa et al., | 2021, Bin Hussein et
Suleman, 2015, | 2021, Altmeyer et | 2020, Michail and | al., 2019, Amorim et
Sadeghianasl et al., | al., 2016, De Franga | Gavalas, 2019, | al., 2024, Leal, 2023,
Engagement | 2024, Paulino et al., | etal., 2015) Tahmasbi and | Mason et al., 2012,
2024, Ronneberg and Sternberg, 2019, | Massung et al., 2013,

Kettunen, 2023, Uzun
etal.,, 2013, Remelhe et
al., 2022, Pothineni et
al., 2014)

Hantke et al., 2018,
Spitz et al., 2018, Tsai
2017,

and Lee,

Kapenekakis and
Chorianopoulos, 2017,
Ling et al, 2021,
Puritat, 2019, Bir,
2022, Uhlgren et al.,
2024, Mendoza et al.,
2024, Tocchetti et al.,
2024, Ortiz and Tang,

2024, Chalwe et al.,

Saito et al., 2014)

91



2024, Nummenmaa et
al., 2025, Weber et al.,
2023, Miyata et al.,
2022, Snijders et al.,
2015, Wei and Anwar,
2017)

Fun/Enjoyment

(Ronneberg
Kettunen, 2023)

and

(Lee et al., 2013a,
Choi et al., 2014,
Altmeyer et al,
2016, Melenhorst et
al., 2015)

(Lin and Ding, 2023,
Kalokyri et al., 2023,
2019,
Prandi et al., 2018,
Weber et al., 2023,
2013,

Kose et al.,

Sheng,
Roengsamut et al,

2015)

(Morschheuser et al.,
2019, Brovelli et al.,
2018, Good et al.,
2014, Sadeghianasl
et al., 2021, Lin and
Ding, 2023, Kalokyri
et al., 2023, Eickhoff
etal., 2012)

Motivations

(Na and Han, 2023,
Nose and Hishiyama,
2013, Itoko et al., 2014,
Kawajiri et al., 2014,
2013b,

Lee et al,

Riegler et al., 2015)

(Matin et al., 2020,
Seong and Kim,
2020, Lu et al,
2021,
2014, Nagai et al.,
2014, Altmeyer et

al., 2016)

He et al,

(Eryigit et al., 2021,
L'Heureux et al., 2017,
Hao et al, 2019,
Jaworski et al., 2023,
Baer and Purves, 2022,
Miyata et al., 2022,
Roengsamut et al,

2015)

(Gutiérrez Paez et al.,
2021, Hallifax et al.,
2019, Eryigit et al.,
2021, Bastanfard et
al., 2024, Preist et al.,
2014)

Performance

(Malatini et al., 2017,
2015,
Prestopnik et al., 2017,
Spicher et al., 2024,
2022,
Brenner et al., 2014,
Dziedzic, 2016, Deng

Carlier et al.,

Jacob et al.,

etal., 2016)

(Haworth et al.,
2021, Matin et al.,
2020, Allahbakhsh
et al., 2018,
Yakushin and Lee,
2014, Choi et al.,
2014, Deng et al,
2016, Melenhorst et
al., 2015)

(Duggan et al., 2024,
Lin and Ding, 2023,
Kalokyri et al., 2023,
Stamatiadou et al.,
2023, Gamage et al.,
2020, L'Heureux et al.,
2017, Albarqouni et
al., 2016)

(Hajarian and
Hemmati, 2021,
Harris and
Srinivasan, 2019,

Aljanaki et al., 2016,
Gutiérrez Paez et al.,
2021, Linares et al.,
2019,
2011,
2014,
2020,

Guy et al,
Good et al.,
Fort et al.,
Harris, 2017,
Bastanfard et al.,
2024, Duggan et al.,
2024, Lin and Ding,
2023, Kalokyri et al.,
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2023, Duhaime et al.,
2023, Stamatiadou et
al., 2023, Harris,
2014, Chamberlain,
2014, Dumitrache et
al., 2013, Eickhoff et
al., 2012, Goncalves
etal., 2014)

( Cordova Mancheno , | (Mairittha et al., | (Pinto and Viana, | (Hong et al.,, 2013,
2017, Feyisetan et al., | 2021, Dergousoff | 2019, Yang et al, | Rinner et al., 2020,

2015, Spatharioti, | and Mandryk, 2015) | 2024, Apostolopoulos | Kirkham et al., 2015,
2020, Hajarian et al., et al., 2016, Gorjup et | Chen et al., 2018,
2024, Maddalena et al., al., 2021, Martelaro et | Lumsden et al., 2016,
Engagement +
2023, Dergousoff and al., 2021, Xu and | Pinto and Viana,
Performance
Mandryk, 2015) Zheng, 2016, Laso | 2019, Cordova
Bayas et al, 2016, | Mancheno , 2017,
Kacorri et al., 2015, | Kratchanov and
Biegel et al., 2014) Luchev, 2024, Yang
et al., 2024)

5.4.8 Theories of Enjoyment

Only a limited number of studies on crowdsourcing gamified tasks explicitly anchored their GDE or evaluation
within the established psychological theories of motivation or enjoyment in their work. However, those few
studies provided valuable theoretical foundations, illustrating how gamification can affect participant outcome
quality and their engagement. Based on Flow Theory (Csikszentmihalyi, 1990), several studies drew their
conclusion to explain how gamification elicits immersion and an intrinsically rewarding state, For example,
(Dumitrache et al., 2013) and (Eickhoff et al., 2012) linked competition and worker performance feedback to
workers’ immersion, interpreting the experience as an indicator of the workers’ involvement and flow in the
gamified task, this a state characterised by focus and balance between challenge and skill. Other researchers,
such as (Hong et al., 2013), incorporated three motivational theory aspects, identifying achievement, social
and immersion as key design motivational features to enhance worker involvement and flows in the gamified
task. Cognitive Dissonance Theory (Aronson, 1969), was deployed in (Choi et al., 2014) to examine how the
diversity and anticipation of the rewards influence perception of the level of fun and task satisfaction.
Additionally, the study assumed that reward diversity creates a stimulating sense of challenge, and sense of
fun which led to higher engagement and improved the quality of the contribution. Moreover, other

crowdsourcing studies such as Morschheuser et al. (2019), combined two other theories in order to analyse the
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workers behaviour by using their gamification elements, the Goal-setting theory (Locke and Latham, 1990),
and Social Interdependence theory (Johnson, 2003), to analyse how goal structures and team dynamics shape
motivation in gamified environments. Their results demonstrated that clear, attainable goals enhance
commitment, while cooperative interdependence among team members fosters persistence and mutual
reinforcement of effort. Table 5.5 summarises the theoretical frameworks adopted across different
crowdsourcing archetypes, showing that SDT and Flow Theory appeared most often where theory is explicitly
referenced, while other motivational frameworks appear only sporadically. Despite these contributions, the
review reveals that most studies treat gamification as a design strategy rather than a theoretically grounded
motivational framework. The lack of explicit theory use limits the interpretive depth of many findings and
hinders the development of cumulative knowledge across studies. Moreover, the study of Humayun et al. (
2024) reported that across 91 studies on crowdsourcing, only a limited number of combined aspects of two
motivational theories simultaneously, and that the usage of theories is mainly selective rather than
comprehensive. This indicates that there is still a need to apply the full motivational capabilities of SDT, and
the relatedness dimension is particularly applicable under collaborative configurations, when designing
crowdsourcing in the field. Thus, to advance the field, future research should systematically align gamification
design elements with established multiple motivational theories, enabling the measurement of psychological

constructs, such as autonomy competence satisfaction,

Table 5.5:Implemented theories based on different crowdsourcing types.

Game Theory Crowd-processing Crowd- Crowd- Crowd-rating
solving creation
(Zhou et al., 2017, Lichtenberg (Luetal., (Martella et (Morschheuser et al.,
et al., 2020, Sadeghianasl et al., 2021) al., 2015, Hao 2019)
Self-Determination 2024, Na and Han, 2023, Jacob etal., 2019,
Theory et al, 2022, Ipeirotis and Weber et al.,
Gabrilovich, 2014, Feyisetan et 2023)

al., 2015, Prestopnik et al., 2017)

(Dumitrache et al., 2013,

Flow Theory
Eickhoff et al., 2012)
Motivational Theory (Hong et al., 2013)
Theory of Norm (Preist et al., 2014)
Cognitive Dissonance (Choi et al.,
Theory 2014)

(Morschheuser et al.,

Goal Setting Theory 2019)
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Social (Morschheuser et al.,

Interdependences 2019)

Theory

flow, and goal clarity, and their causal links to behavioural outcomes like task accuracy, persistence, and

engagement.
5.5 Discussions

5.5.1 Objectives of Review
This scoping study presented a thorough analysis and evaluation of gamification application in crowdsourcing,
synthesising evidence from 146 empirical studies. Through the integration of the categorisation framework of
the (Geiger et al., 2012, Koivisto and Hamari, 2019) archetype model, this scoping review systematically
examined how different gamification resources are implemented across diverse crowdsourcing archetypes and
how these designs affect the participants’ engagement, performance, and motivation. By combining the
gamification taxonomy with the crowdsourcing archetype framework, the review tells us what elements have
been used and also why they are used, taking into account the task structure and value-creation logic of each
archetype.

This scoping review mapped the gamification elements onto four categories (crowd-processing
approach, crowd-rating, crowd-creating, and crowd-solving), revealing that most dominant design trends,
showing the prevalence of achievement mechanisms, and showing the relative dearth of action or socially

driven strategies.

5.5.2 Gaps, Problems, and Recommendations

1. Problem: Dominance of competition

Across all archetypes, competitive gamification mechanisms, such as leaderboard points and badges
considered dominate the current gamified crowdsourcing systems. For example, research by Malatini et al.
(2017) and Rokicki et al. (2014)] into crowd-processing, as well as Morschheuser et al. (2019) and
Sadeghianasl et al. (2021) in crowd-rating, illustrates the utilisation of these competitive factors to enhance
productivity and efficiency. This has also been used in other archetypes, for example, in crowd-creation,
researchers such as Gamage et al. (2020, Prandi et al. (2018) which employed competition elements to
stimulate innovation, whereas in crowd-solving, the studies by Cooper et al. (2010)) and Rojas et al. (2017)
highlighted the widespread dependency of those competitive mechanisms to encourage participation to address
the complexity of problem-solving issues. While these features motivate productivity, they often promote
individual performance over collaborative effort, potentially discouraging cooperation and creating stress or

unhealthy comparison among the participants. This is in line with the archetype-level patterns presented
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previously in section 5.4.6, in which achievement-oriented elements emerge as the default design option in
crowd-processing, crowd-rating, and crowd-creating. From the perspective of a SDT, the reliance on
competitive extrinsic rewards may affect intrinsic motivation by constraining autonomy and limit the
relatedness among the participants. Flow Theory similarly suggested that excessive competitiveness may
disrupt the balance between the challenge and the skill, which leads to anxiety rather than enhancing
engagement.
Recommendation: Collaboration-Oriented Functionalities
e Future studies should build hybrid models that balance the motivational competition advantages with
the benefits of collaboration. Examples include team-oriented leaderboard, cooperative missions, or
dual-reward systems that acknowledge both the individual effort and collaborative achievement. Such
hybrid design models better supported SDT needs, specifically relatedness and competence, while also
fostering flow by creating better balancing and socially a more engaging task environment.
e Designers or requesters should also contextualise competitive elements: adapting its intensity to the
nature of the task and ensuring competitive features complement intrinsic motivation and cooperation.
2. Problem: Limited Utilisation of Social and Collaborative Mechanisms
The review showed revealed a limited and consistent under-implementation of social GDE, such as chat, peer
feedback, or shared goal, across most gamified systems. For example, Table 5.3 shows that only a few crowd-
processing research projects, including study of Carlier et al. (2015), expressly employed team or cooperative
frameworks. In the realms of crowd-solving Cooper et al. (2010) and crowd-creation Ogawa et al. (2020),
where collaboration is frequently vital, the majority of research centred on individual competition. Although
these features were valuable for problem-solving tasks, they were rarely integrated even where teamwork was
crucial. This presented a significant gap that limits the ability to leverage collective intelligence, exchange of
the knowledge, and social relatedness, which are the most important components of motivation and
engagement. In particular, SDT defined relatedness as an essential psychological need, and the absence of such
needs may reduce the engagement level directly, while Flow Theory indicates that social interaction between
participants could enhance immersion and attention throughout the task. Moreover, this gap indicated that
many systems lack structured coordination support (e.g., shared progress visibility, feedback loops that help
teams converge, and mechanisms that make collaboration performance-relevant rather than optional).
Recommendation
e Gamified crowdsourcing should integrate communication and cooperating elements that enable real-
time interaction communication and peer support. For example, Martelaro et al. (2021) asserts that

chat functions enhance user experience and facilitate effective collaboration.

96



e Future research should also empirically evaluate purely competitive systems with hybrid cooperative
design, to evaluate how the systematic structure of collaboration affects outcome quality and
engagement.
These design orientations align with SDT by establishing strong social connectedness and intrinsic motivation,
while also supporting flow through interactive and responsive engagement structures.
3. Problem: Collective action problem
The recent issue in team-based studies is the challenge of collaborative endeavours, which arise when certain
individuals did not know their equitable contribution. Most systems focus on group-level performance metrics
without considering of individual accountability. For example, studies that include a teams' mechanism, like
Hong et al. (2013), focus on how well the team performs overall or how teams compete against each other, but
they don't explain how to ensure everyone in the team contributes fairly. This constraint is especially pertinent
to our research objectives, which aim to develop a collaborative image-labelling system that integrates team-
oriented goals, individual progress metrics, and real-time feedback scores to reduce such phenomena by
enhancing the visibility and reward of individual contributions. This issue is of special concern in the
interpretation of team-based performance effects, as increases in team scores may obscure uneven participation
unless individual contribution signals are visible and rewarded.

Recommendation:

e The designers should incorporate mechanisms that ensure individual accountability within
collaborative work. For instance, including individual progress or feedback attributions, peer-
feedback, proportional scoring that can reward effort equitably while preserving cooperation.

e Hybrid reward structures should be evaluated to identify the optimal balance between individual and
team-based rewards as these will be most effective at encouraging cooperation and individual sense
of their contribution to the team. This approach aligns the design principles of collaborative gamified
labelling systems develop in this thesis, which explicitly combine individual and team-based scoring
feedback in order to maintain balancing motivation and improving quality.

These recommendations directly align with this thesis design choice to combine team-level outcomes with
individual progress cues so that collaboration remains motivating without removing accountability.

4. Problem: Data Quantity vs Quality

A major problem embedded in the design of many reviewed systems is the inherent tension between
incentivising a high quantity of contributions rather than accuracy or reliability. The most common GDEs,
such as points, badges, and leaderboards, often lead to surface-level of participation at the expense of quality
(e.g., number of images labelled, tasks completed) by default. This may prompt the participants to complete
the task quickly, resulting in poor data quality. This issue is pronounced in high-stakes fields such as medical

image analysis (Duggan et al., 2024, Linares et al., 2019), or intricate data validation (Brovelli et al., 2018),
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where precision is paramount above rapidity. The literature shows a gap in explicitly designing gamification
mechanics that prioritise and reward quality rather than sheer quantity. This risk is most visible throughout the
studies reviewed in that output metrics tend to be predominantly volume-based, reinforcing the need for
quality-linked feedback and validation mechanisms rather than point-per-task scoring. This reflects a
misalignment with the SDT, where more emphasis on external rewards may weaken the intrinsic motivation
for accuracy, and with the Flow Theory, where the repetitive, low challenge could decrease the engagement
and the absorption in the task.

Recommendations:

e The designer should integrate the implementation of quality-centric feedback loops, rather than
rewarding only submission. For instance, a feedback loops system that gives bonus points for
contributions that reward accuracy.

e Design a robust scoring mechanism: instead of simple "one point per task" models; future designs
could implement scoring algorithms that weigh contributions based on difficulty, consensus with other
players as seen in study of Pinto and Viana (2019), or agreement with a known set of gold standard
data. For example, controlled progression systems that employ levels or challenges as quality gates so
the participants should only be allowed to access higher-value tasks after achieving a defined accuracy
threshold. This creates a natural incentive for high-quality work as a means of progression.

o Integrate expert validation or consensus bonuses also encourage workers to focus on precision rather
than quantity.

These approaches support the development of the competence SDT and help to maintain the challenge and
skill balance that is required for the flow, thus encouraging deeper and more meaningful participation.

5. Ethical Considerations in Gamified Crowdsourcing

Few studies addressed the ethical dimension consideration of the gamified system, including the issues of fair
compensation, data privacy and possibility exploitation. The reviewed studies on gamification in
crowdsourcing have revealed several ethical concerns and did not explicitly address them. One primary
consideration is the possibility of exploitation. The use of Monetary Rewards such as in Matin et al. (2020)
and Melenhorst et al. (2015), with highly competitive mechanics can create environments where crowd
workers overperform for minimal financial compensation, blurring the line between playful engagement and
digital piecework. The psychological impact of constant performance measurement and social comparison via
individual leaderboards can also lead to stress, burnout, and a focus on quantity over quality can led to worker
fatigue, stress or reduced autonomy. Furthermore, systems that collect user data for tasks like labelling personal
photos or location tracking raise significant concerns about informed consent and data privacy. The review

suggests that ethical considerations are often secondary to design choices (e.g., persistent comparison,
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accelerated pacing, and competitive pressure) that can have direct implications for worker wellbeing and
perceived fairness.

Recommendations:

e The platforms designer and researchers must adopt and promote fair compensation models, by

providing clear information about the usage of the data and allowing one to withdraw without penalty.

Ethical consideration design should focus on well-being, autonomy, and consent informed, includes

investigating and establishing fair pay standards for gamified tasks and being transparent with users

about expected earnings and effort. This ensures that engagement mechanisms enhance rather than

exploit worker participation.
In conclusion, the results indicate the urgent need to develop modern gamified crowdsourcing systems with
collaborative, ethical, and quality-oriented features. In addition, more studies should be conducted to identify
the impact of various sets of gamification elements on individual and group outcomes. The designers also need
to base their decisions on motivation principles such as SDT and the Flow model to design systems that will
encourage people to play fair, transparently share their activity on projects, and protect the data from becoming
corrupted. Overall, the gaps identified from this review indicate a consistent misalignment between recent
gamified crowdsourcing designs and established motivational theories. In particular, many studies
overemphasise extrinsic competition at the expense of intrinsic motivation (SDT) and also fail to keep the
balanced challenge-skill for the flow, indicting the need for a more theoretically grounded design of the human-

centred approach in future systems.

5.6 Conclusion

This chapter advances our understanding of how gamification has been applied within the field of
crowdsourcing by systematically mapping and synthesising the finding from 146 empirical studies. Based on
this scoping review, it was possible to identify trends in gamification, and the theoretical and methodological
paradigms describing the gaps that exist in design practice across different crowdsourcing archetypes.
Gamification reviews showed that crowdsourcing systems are diverse where design and implementation are
concerned. Most studies, integrated achievement-based style mechanisms such as seeing points, getting badges
and being listed on the leaderboard, that increased participation rates and task throughput. By contrast,
collaboration and social design elements remained underrepresented, despite the existence of evidence that
these features enhance both data quality and levels of engagement. The same applies to immersion-related
features (e.g., storytelling, avatars, aesthetics) implemented infrequently, even though they interact in
meaningfully ways with intrinsic motivation and user involvement. Taken together, this evidence suggests that
the predominant design in the literature is achievement-focused and individually oriented, while theoretically
useful supports for relatedness, coordination, and intrinsic engagement are less frequently designed. Our

scoping review also showed that engagement, enjoyment, and motivation were often measured with ad hoc or
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inconsistent instruments that limited the ability to compare studies. Few articles grounded the findings in
research traditions like SDT and Flow Theory, indicating the need for integrating a broad theoretical
foundation within future research on gamified crowdsourcing. This measurement gap supports a design-and-
evaluation approach of using validated subjective instruments in conjunction with behavioural logs and
quality-oriented performance measures instead of activity volume as the central indicator of engagement.

The review also shed light on how most designs are centred on competitive mechanisms and it also
highlighted several key problems, including the perniciousness of collective action, the disjunction between
quantity and quality in data, and ethical concerns about compensation and transparency. To address these
challenges, the chapter outlined clear design principle recommendations, including using hybrid incentive
structures which balance individual reward and team reward, quality driven feedback, and integrate social
communicative means to facilitate cooperation and collective intelligence.

All the result of the scoping review with all insights addresses the RQ2 and provide the conceptual
basis for the next phase of this thesis. This review synthesis also connects back to the empirical findings of
Study 1 in Chapter 4. Study 1 showed that workers differed in their task-selection preferences and engagement
experiences, with task interest ranked second only to monetary reward, while personality traits were associated
more clearly with engagement and interest than with objective accuracy. These findings provided an empirical
indication that workers may respond differently to motivational properties of a task. When considered together
with the patterns identified in this scoping review, they strengthen the rationale for examining gamification as
a configurable rather than uniform intervention. Consequently, this thesis approaches gamification as a
configuration problem, emphasising how multiple elements can be combined and how their motivational value
may vary according to task context and worker characteristics, rather than evaluating only the presence or
absence of individual elements. This perspective subsequently informed the collaborative gamified image-
labelling design presented in Chapters 6.

Thus, Chapter 6 incorporates these results into the actual design and analysis of an interactive image-labelling
system, featuring a blend of cooperation and competition bonded by gamification to examine their combined
effects on labelling accuracy, worker engagement, and agreement strength. By grounding the designing of the
system in terms of the gaps identified in this scoping review using SDT and Flow theory, Chapter 6

operationalises these theoretical insights gained into experimental investigation.

100



Chapter 6 :Collaborative Gamified Image-labelling Task Design

6.1 Introduction

This chapter builds on the empirical findings and theoretical insights established in earlier chapters to present
the design and the implementation of the collaborative gamified crowdsourcing image-labelling system
developed for this thesis. Based on the motivational principles introduced in Chapter 2 and the systematic
gaps highlighted in Chapter 5, this chapter provides a concrete, testable system design. In doing so, it advances
transitions from conceptual and empirical foundations to the operationalisation of those insights within
completely functional experimental platforms. Particularly, the chapter defines the protocol for Study 3, by
detailing how the theoretical constructs and empirical gaps are translated into experimentally controlled system
design.

Chapter 5 demonstrated that most previous studies have concentrated primarily on competitive and
achievement-oriented mechanics with a very limited focus on collaboration, social interaction, or quality-based
incentive structures. This imbalance exposed a notable deficiency in the existing literature: whereas
competition may yield short-term productivity gains, it fails to reliably enhance engagement, boost relatedness,
or improve accuracy in repeated or complex crowdsourcing tasks. The review also identified that collaborative
resources, such as shared objectives, communication, and team-based feedback, remain unexplored, despite
robust support from SDT and Flow Theory. This gap is relevant for task contexts where ambiguity resolution,
social sense-making, and motivational are essential for ensuring high-quality annotations. These observations
encourage the need to design a system that allows for the combined and isolation effects of collaboration and
gamification to be empirically tested under controlled conditions. Based on these gaps, the present study
proposes a collaborative gamified system that has been explicitly designed to evaluate the mediating effect of
integrated competitive, cooperative, and quality design elements on worker performance and engagement. The
framework design integrates shared goal structures, synchronous communication, level task progression, real-
time accuracy feedback as motivational based on autonomy, competence, relatedness, and challenge—skill
alignment. Collectively, these characteristics operationalise the theoretical mechanisms revealed in previous
chapters and provide rigorous empirical assessment for how collaboration and gamification jointly affect
crowd performance. The system functions as a between-subjects experimental platform, facilitating direct
comparison of various configurations of collaboration and gamification. The chapter starts by explaining our
design rationale on the basis of the gaps presented in Chapter 5 and the motivational frameworks discussed in
Chapter 2 and presents the full-featured system comprising all collaborative and gamified components. The
comparative experimental conditions, (Chat-Only, No-Elements Teams, and Individual), were constructed by
systematically removing selected design features from the Full-Featured version to isolate their effects. This

structure enables the study to test not only the value of each component but also how the combinations of
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competition and cooperation affect the performance, and the engagement in a real-time collaborative task
environment. Such controlled feature subtraction ensures that variations in performance across conditions can
be causally attributed to the presence or absence of specific motivational and collaborative mechanisms. This
chapter delineates the experimental circumstances, measuring tools, participant recruitment approach, and data
processing plan employed to address the research questions established for Study 3. Figure 6.1 illustrates the
conceptual framework for the system's design and execution, which directs the exposition of feature alignment,
system architecture, and workflow logic in Section 6.3. This figure serves as the integrative roadmap linking
theoretical constructs, design choices, and experimental conditions. The components presented in this chapter

form the methodological basis for the empirical findings detailed in Chapter 7.

6.2 Study Objective

This section states the research objectives and research questions for Study 3 and describes how these are
operationalised through the experimental design and the measurement framework described in this chapter.
The aim of this chapter study is to translate the evidence from Chapter 5 of the scoping review into an
actionable design and evaluation plan grounded in the integration of the SDT with Flow Theory to present the
developed system in a format appropriate for empirical assessment in the subsequent chapter. Specifically, this
chapter illustrates how theoretical constructs become operationalised in practice into real world design
decisions that setup the collaborative image-labelling environment. This chapter operationalises theoretical
and empirical insights into particular design rules that govern the collaborative image-labelling process and
rationalises the presence of each feature. The chapter thereby demonstrates its traceability from theoretical
motivation, design intention and then the behavioural outcomes by systematically translating each conceptual
requirement into a functional interface component. The study transforms the review findings into actionable
design requirements and demonstrates how each requirement is implemented through features that facilitate
collaborative interaction (synchronous team chat), progression and feedback (five levels with immediate level-
end feedback), and quality-aligned incentives (agreement, and honeypots points). These mechanisms directly
address the gaps identified in Chapter 5 by embedding cooperation, structured progression, and accuracy-

oriented incentives within the system logic.
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Figure 6.1:Conceptual framework for the design and implementation of the collaborative gamified image-labeling task
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The study addresses the following research questions by using observable, measurable performance,
engagement measures:

RQ3: How can such features be systematically designed and integrated to improve workers’
performance and engagement in crowdsourcing image-labelling tasks?

RQ4: How do such features affect the reliability of the crowdsourcing outcomes, particularly in terms
of worker agreement?

Based on the motivational features gaps that we identified, these wider questions are solved by

answering the subsequent sub-research questions for Study 3:

SRQ3.1:2» (Performance effect)

What impacts individual accuracy, majority accuracy, and agreement strength are there with different team-
based gamification arrangements compared with individual non-gamified work?

SRQ3.2:=» (Engagement effects)

In which direction do conditions of collaboration and gamification affect psychological engagement among
workers (autonomy, competence, relatedness, enjoyment, and perceived usability)?

SRQ3.3:°»(Perceived Workload)

How do collaborative gamified conditions influence perceived cognitive workload as per NASA-TLX
dimensions?

SRQ3.4: = (Collaboration Mechanisms)

Can synchronous chat enhance labelling performance and what are the conditions where communication
volume has direct associations with accuracy?

SRQ3.5:2» (Workers Differences)

Do personality traits or mood significantly moderate labelling performance across experimental conditions?
In this chapter, we outline the system architecture, encompassing the front end, back end, real-time messaging,
storage, and MTurk integration, to illustrate the requisite reliability and auditability for teams, messaging, and
data integrity. The exposition effectively differentiates between the fundamental task-design logic and the
particular technical implementation employed for its realisation, ensuring that the generalisable design
principles are distinct from platform-specific engineering decisions. Moreover, we describe how the
architecture supports synchronous interaction, mitigates coordination delays, and preserves data quality across
conditions. Additionally, it delineates an ethical compensation strategy that incentivises quality. This includes
transparent point-to-bonus conversion rules, minimum wage payment thresholds, and safeguards aligned with
ethical crowdsourcing practice. We operationalise each sub-research question through specific metrics,
validated self-report instruments, and behavioural interaction measures. Experimental conditions described in
following Section 6.3 are explicitly designed to allow a comparison between such SRQs. The empirical

findings for each SRQ are presented in Chapter 7.
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6.3 Design Rationale

This section elaborates on the rationale underlying the experimental design in Study 3 and describes the
creation of the experimental conditions employed to investigate the sub-research questions addressed in
Section 6.2. A between-subjects design is employed for the purpose of experimental comparison of different
configurations of collaboration and gamification mechanisms. The rational of the design is structured around
three components, which are: the research gap identification, the theoretical grounding and translation of these
insights into the experimental conditions.

Building on the theoretical framework of Chapter 2 and the scoping review in Chapter 5, we provide
the design rationale for the collaborative gamified image-labelling system employed in this research. The aim
is to make a direct link between each design decision and the empirical limitations exposed in the literature,
and to justify the structural design of the four experimental conditions, including the primary multiple features
interface. This alignment guarantees that each implemented feature meets the target motivational-,
collaborative-, or quality-related gap as clearly stated in previous chapters. The findings from the previous
chapter identified several research gaps in the current crowdsourcing systems: over-dependence on
competitive-based gamification (points and leaderboard features) (De et al., 2013, Riar et al., 2022), lack of
application of cooperative or social approach elements (chat, shared goals, or peer collaboration) (Ogawa et
al., 2020, Pinto and Viana, 2019), poor alignment between gamification design and human psychology
motivation theory, SDT and Flow Theory (Csikszentmihalyi, 1997, Ryan and Deci, 2000), and general lack of
quality-oriented feedback strategies that emphasise accuracy over speed (Feyisetan and Simperl, 2019, Hattie
and Timperley, 2007). These gaps create a disconnect between worker motivations and system designs, which
in turn impacts performance as well as engagement across most crowdsourcing archetypes. To address these
gaps, the design is guided by three integrated considerations: empirical evidence from Chapter 5, the theoretical
principles from Chapter 2, and quality-oriented design requirements that have been identified across the
chapters. First, form Chapter 5, the Scopus review showed that gamification in crowdsourcing is dominated
by achievement-oriented features, such as points, badges, leaderboards, and competitive scoring loops
(Koivisto and Hamari, 2019), while collaborative elements, such as chat, shared goals, team-based feedback,
or cooperative mechanics, are underexplored, even though their benefits have been shown in some archetypes
(Ogawa et al., 2020, Tang et al., 2019). The majority of the studies lack balanced of hybrid designs and
therefore limits our understanding of how the combining of competitive and cooperative features contribute to
improved data quality. The Full-Featured system addresses this gap in empirical evidence by incorporating
chat, shared progress visibility, and team-level decision into one coordinated workflow. Second, from Chapter
2, according to Ryan and Deci (2000) intrinsic motivation is enhanced when systems encourage: autonomy
(choice, control), competence (specific objectives, feedback), and relatedness (social connection, shared

experience). Flow Theory of Csikszentmihalyi (1997) emphasises also that deep engagement is promoted when
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challenge aligns with defined goal, and feedback is immediate. However, most crowdsourcing systems rarely
align interface features with these psychological states. Therefore, the Full-Featured system explicitly
integrates elements that satisfy all three SDT needs and Flow Theory principles. Chat and shared visibility lead
to relatedness. Points, levels, and diagnostic feedback encourage competence, avatar selection supports
autonomy. Level progression and honeypot weighting produced challenge—skill alignment and immediate
feedback (Locke and Latham, 1990, Sweetser and Wyeth, 2005). Third, the current designs often prioritise the
quantity over the quality, resulting in fast but inconsistent labelling. Previous research indicates that rewarding
alone may increase error rates, particularly in unclear image tasks (Brovelli et al., 2018, Kazai et al., 2012).
Hence, this research includes the following quality-oriented mechanics, including weighted honeypots with
increasing scores, agreement-linked points, level-end feedback summaries and peer-visible selections to
encourage accuracy, consensus-building, and reflection. These design choices directly combat the “quantity-
over-quality” bias experienced in current platforms.

Within this design rationale, the system is positioned as a hybrid crowdsourcing model. We position
the current study as a crowdsourcing hybrid type of system with a crowd-processing orientation, supplemented
by crowd-rating mechanisms and selective collaborative elements that partially overlap with those typically
associated with crowd-creating. The task analysed, image labelling, consists of large volumes of homogeneous
tasks that are undertaken by multiple workers, each contributor generating data that can be transformed into a
usable output. At the level of performing a task, workers complete labelling tasks and the value of the system
is measured from these collective contributions.

In addition, the study also includes important dimensions of crowd-rating with the use of its measures
of quality and evaluation. In particular, the relevance of labels is determined by majority accuracy, and
agreement strength measurements. Thus, while the task execution itself follows a crowd-processing model, the
quality of the data depends on combining many judgments, a characteristic of crowd-rating systems. This
means that the final value of the constructed dataset is not only built on individual submitting but also on group
evaluations. Furthermore, with collaborative experimental conditions, we have added certain limited but
meaningful features to crowd-creating. Workers work in teams with real-time data exchange and a common
goal, and synchronous chat allows interaction and coordination to be key contributors to work and outcomes.
In contrast, in canonical crowd-creating systems, participants are collectively building a shared and evolving
artifact; however, contributions here remain limited by tasks, with no iterative co-construction of the artifact.

This hybrid positioning enables the study to investigate how competitive, cooperative, and quality
mechanisms interact within the unified system. Accordingly, the Full-Featured system integrates competition
(scores, leaderboards) and cooperation (chat, group-based progress, shared-visibility) on one hand and explicit
structures aligned to SDT and Flow on the other. We adopt such a hybrid approach to fill the specific empirical

gaps identified in Chapter 5, by integrating competitive, cooperative, and quality-driven components under
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single evaluable environmental framework. In contrast, the rest of the conditions were designed by
systematically eliminating one or more of these mechanisms in order to evaluate their separate and joint
impacts. This comparative design supports causal inference by isolating features such as chat, visibility,
feedback, and scoring mechanisms and extracts their individual contributions. The above insights guide the
development of four experimental conditions, which are as follows:

The first condition is Full-Featured System (all gamification features + collaboration). Includes chat,
shared workspace awareness, shared-visibility, levels, honeypots, score feedback, and leaderboards. This
condition is optimised to satisfy SDT needs, enable Flow through structured progression and enhance social
presence. The Full-Featured design puts the theoretical insights and the practical issues identified in Chapters
2 and 5 into practice, providing a robust and justifiable basis for the empirical analysis in the later sections.
The design explicitly aligns with previous evidence relating to positive interdependence (Johnson and Johnson,
2005), goal-setting (Locke and Latham, 1990), consensus-building (Tang et al., 2019), and the support of
motivational needs, (Deterding, 2015, Ryan and Deci, 2000).

The second condition of participation is chat-only collaboration. No gamification features, only
collaboration (chat, shared visibility) tools. This method can isolate the social interaction effects, peer
discussion and negotiated consensus (Tang et al., 2019), enabling evaluation of communication features alone
without competitive reinforcement.

The third condition is no-gamification elements (collaboration without chat). Participants see only
each other’s selections (shared visibility). This to tests whether minimal coordination improves agreement
simply by being passively aware. This design mirrors similar “view-only” crowd workflows described in
Geiger et al. (2011). This also serves as a minimal-collaboration baseline.

The fourth condition is the individual non-gamified condition. No collaboration, no gamification, pure
baseline. This represents typical labelling tasks in previous labelling research (Snow et al., 2008). This
condition provides the reference point against all collaborative and gamification improvement compared.

Collectively, these conditions enable a quantitative and qualitative assessment of cooperation,
motivating design, and competitive resources on worker labelling accuracy, engagement, and agreement
strength of the rater. This systematic feature subtraction approach allows us to isolate the effects from different
design components and their combinations and facilitates direct assessment of SRQ3.1-SRQ3.4. By holding
task content, interface structure, and compensation constant across conditions, observed differences in
performance and engagement can be causally attributed to the presence or absence of certain collaborative and
gamified features.

Collectively, these experimental conditions provide a foundation to operationalise the research
questions in Study 3 through the control of the comparison of activities in individual, collaborative with

partially gamified, and fully gamified tasks. The system implementation described in the following sections.

107



The experimental conditions and presence of collaborative and gamification in every configuration are
summarised in Table 6.1. This table describes the controlled manipulating of the design elements across
conditions and forms the structural basis for all comparative results covered in Chapter 7. This design rationale
establishes a theoretically informed and experimentally controlled foundation for understanding and
interpreting the results presented in Chapter 7. Specifically, the variations noted in performance, engagement,
and consensus strength among different conditions are analysed in relation to the presence or absence of the

design mechanisms that have been operationalised in this section.

6.4 Prototype Architectural Framework Components and Implementation

In this section, we describe the technical architecture and implementation of the collaborative gamified
crowdsourcing system developed for this study. The description is given to enable reproducibility and
transparency of the experimental platform.

This prototype system allows us to operationalise the motivational principles that were identified in Chapter 2
and the design gaps identified in Chapter 5, specifically the need for hybrid cooperative—competitive features,
quality-oriented feedback loops, and theory (SDT, and Flow)-aligned task structures. Accordingly, the
platform encompasses a set of modular gamification and collaboration resources that can be enabled or

disabled to construct the experiment conditions.

Table 6.1: Features Design mapping across theoretical constructs, design rationale

Gamification Design Problem Addressed SDT Need Flow Principle
Feature Satisfied
Avatar & Autonomy deficit in crowdsourcing; social anonymity Autonomy, Personalisation,
Nickname reduces accountability and cooperation Relatedness social presence
Absence of peer communication prevents negotiated Immediate
Team Chat consensus and quality improvement. collaborative for Relatedness feedback, social
contribution quality flow
Team answer Workers lack structural awareness of collective
visibility and progress; passive social information reduces inter- Relatedness Social presence

shared workspace | worker variance

Flat task structure induces monotony and quantity- Between- Challenge—skill
Level Progression | over-quality behaviour; goal scaffolding needed teams balance, goal
competence clarity
Honeypot Inattentive workers obscured by group scores; data Challenge—skill
) ) Competence
Feedback quality assurance required balance
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Speed-incentivising scoring increases error rates; Between- Immediate
Level-end
consensus bonuses redirect incentives to quality teams feedback, mastery
Feedback )
Competence signal
Individual leaderboards discourage lower-ranked Between- o
Team- Competitive
participants and undermine cooperation; team-level teams
Leaderboard ) ) feedback loop
ranking preserves cooperation competence

This modular design allows accurate feature manipulation and controlled comparison across different
conditions and aligns with the recommended practice for adaptive and user-oriented crowdsourcing systems
(Law and Ahn, 2011, Morschheuser et al., 2016). At its core, the system is a real-time collaborative labelling
environment, deployed through Amazon Mechanical Turk and supports synchronous interaction between the
workers, controlled progression through levels, and continuous measuring of accuracy and agreement. Real-
time coordination is highly recognised as a crucial element in collaborative human computation systems to
achieve consensus-building and accuracy enhancement (Tang et al., 2019, Ho and Yin, 2018). Hence, the
design of the platform was consciously created to reduce latency and maintain a uniform state across teams
and support shared decision-making. The platform basically includes three main components: the MTurk
integration layer, the front-end web-based labelling interface, and the Django-based back-end framework that
support real-time collaboration. The MTurk integration layer within the back end is to oversee worker
redirection, session binding, condition assignment, team building, scoring, and bonus disbursement, hence
providing experimental control and data integrity. In addition, all participant events such as label submissions,
timestamps, chat messages, and progression events were kept at the server level to maintain data completeness
and avoid client-side manipulation. This logging approach allows accurate reconstruction of task sequences
and interaction patterns during the analysis process. Also, this architecture was deliberately modular to
accommodate specific collaborative and gamification components to have controlled activation and
deactivation across experimental conditions, while maintaining a consistent task interface and data pipeline.
Having established the architecture and implementation of the system, the following sections illustrate
experimental procedure and participant flow, and measurement instruments employed to assess performance,
engagement levels, workload, and collaboration outcomes across this platform. This distinction between
primary system logic and feature toggles serves to guard against performance or engagement divergence as a
function of motivational mechanisms, rather than differences in the presentation of tasks or workflow.

To promote research openness, reproducibility, and future enhancement, the collaborative gamified

crowdsourcing system created in this thesis has been made publicly accessible via GitHub?. The repository

2 https://github.com/Banugitah/Collaborative_Gamified Task.git
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includes the front-end and back-end implementations, experimental configuration files, and deployment

documentation related to the research presented in Chapters 6 and 7.

6.5 Prototype frameworks

The construction of the prototype system required the merging of various technologies and contours to ensure
real-time collaboration, work management, and data processing. The selection of the needed technologies has
been determined by their scalability, efficiency, and adaptation to the norms in the study, following the best
practice for scalable real-time HITL systems (Holovaty and Kaplan-Moss, 2009, Marani et al., 2019). Figure
6.2 offers an overview of the three-layer system architecture, showing how front-end interaction, back-end
coordination, and hosting infrastructure help one another execute tasks in real-time by collaborating. The next
paragraphs describe each layer in detail.

A. Front-end Layer: this layer was developed using Vue.js, due to its lightweight nature and its capabilities
of reactive databinding, which allowed for real-time WebSocket updates to be displayed dynamically in the
user interface (Hanchett and Listwon, 2018) such as avatar visibility, peer selections, chat messages,
countdown timers, level transitions, and score and agreement notifications. Vue’js facilitates an interactive
deployment. These are the attributes that make Vue.js fit particularly well for synchronous multi-worker tasks.
This responsiveness also promotes SDT-aligned resources by providing competence feedback (through
immediate scoring and level updates) and relatedness support (via visible peer activity) (Ryan and Deci, 2000).
B. Back-end Layer: this built using Django-based, due to its strong security features, swift development
capabilities, and structured Object-Relational Mapping (ORM). Holovaty and Kaplan-Moss (2009), which
facilitates integrated support for user authentication and database management, worker tracking, room
assignment, image retrieval, scoring and honeypot evaluation.

This back-end structure ensures that task logic, scoring rules, and team coordination are consistently enforced
across all experimental conditions, thereby preventing procedural variation from confounding performance or
engagement outcomes. The system also enables synchronous collaboration via Django Channels, which
extends Django to support WebSocket, enabling real-time chat, instant broadcast of selections, majority-vote
triggers, collective countdown timers, and synchronised level progression. Real-time communication and
synchronisation were critical to facilitate synchronous team-based interaction, enabling immediate

coordination and feedback while ensuring that all participants in a team operated on the same task state.
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Figure 6.2: Prototype system architectural framework

This design decision directly supports the empirical evaluation of research questions related to collaboration
in Study 3(Tang et al., 2019, Ho and Yin, 2018). Django Channels provides long-running connections required
for maintaining state consistency among team members, ensuring that all workers receive updates instantly as
actions occur across the team (Marani et al., 2019). This functionality underpins the shared-goal, consensus-
driven framework which are central to the study.

C. Hosting and Infrastructure: The system is hosted on Amazon Web Services (AWS) to ensure high
availability, low-latency communication, secure handling of session data, and scalability for large-scale MTurk
experiments. Cloud hosting also ensures stability under the variable arrival rates of the worker and supports

the synchronous room-matching process required for real-time team formation.

6.6 MTurk Integration

Our prototype system employs MTurk External Question infrastructure for guiding qualified workers into the
experimental platform. Every HIT generates a secure worker-specific session ID, which is essential for
verifying consent, linking the survey task and bonus data, prevent multiple entries and maintaining the worker-
to-team allocation integrity. Due to its dependability, assignment control, and integration flexibility, MTurk is
still a widespread infrastructure for controlled crowdsourcing experiments (Buhrmester et al., 2016, Difallah
et al., 2018). The Back end employs Boto3 SDK Python automation script (Appendix B), that enables

programmatic creation, monitoring, and closuring of the HITs. This workflow is guided by existing literature
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that promotes the use of secure session-binding and in-depth back-end validation to implement the integration
of custom experimental systems with MTurk (Chandler et al., 2014). This automation script handles HIT
initialisation, qualification checks, worker arrival logging, session assignment, and database synchronisation,
ensuring seamless transition from recruitment to participation and guaranteeing consistent execution across all
experimental conditions. The MTurk integration layer guarantees that experimental manipulations for
assignment control, session management, and condition allocation are centralised within the back end,

avoiding any selection bias caused by worker self-selection or platform-level biases.

6.7 Workflow Logic in Real Time

This section presents the workflow of the Full-Featured experimental condition, which serves as the reference
configuration for illustrating participant interaction with the system.
This walkthrough illustrates the participant’s complete experience. Once we run the script, the task is initiated
in the Amazon Turk dashboard with a title, description, and initial reward (Figure 6.3) and appears to only
qualified workers.
6.7.1 Consent and Instructions Screen
The workers select the tasks from the Amazon Turk dashboard as shown in the Figure, where they can read
the description and click accept if they decide to participate. The consent form and brief instructions are the
first page that participants arriving from MTurk will encounter (Figure 6.4). This page explains:

e The aim of the study

e The collaborative labelling task

e The role of levels, points, and honeypots

o The requirement to complete at least 20 images for base pay, with bonuses proportional to

performance
All the instruction screenshots for all experimental conditions are included in the Appendix B. After the
worker agrees on the consent form, worker is forwarded to the system website login page to fill out the

registration form.
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You are using the Mechanical Turk Developer Sandbox. This site is for test and development only. Learn more

2y B3 |

AllHITs  Your HITs Queue

1-1 of 1 results containing 'Huda’

HIT GrOUpS Show Details ie Details ltems Per Page 0 -
Requester Tite HITs = Reward ~ Created ~ Actions
@ Huda Collective Image Labelling Task 1 $1.00 2mago Preview | Accepl & Work

Descriptio ime Allotted
Join a collaborative research task where you'll work with a team 1o label galaxy images. Completing the 40 Min
main labeling task will earn you a base reward of $1, and you'll have the opportunity to earn additional

Expires
money (up to more than $4.5 total) by completing a short follow-up survey and contributing accurate in4h
labels . The more accurate your team’s labels, the higher the reward potentiall Desktop/laptop

recommended; Refresh browser if you face any issue

Figure 6.4: HITs Dashboard in Amazon Mechanical Turk

Welcome To Collaborative Gamified Image Labeling
Task Tutorial A

User consent ~
This research is being conducted by Huda Banugitah (huda.banugitah@strath.ac.uk) under the supervision of Dr Mark Dunlop (mark.dunlop@strath.ac.uk) and Dr Sotirios Terzis (sotirios.terzis@strath.ac.uk) - all of Computer and
Information Sciences, University of Strathclyde.

| am a Ph.D. student at the University of Strathclyde (Scotland, UK), My research aims to improve the overall quality of crowdsourcing platforms by developing techniques that help to retain and improve workers engagement and
performance in image labeling crowdsourcing. Your collaboration is highly appreciated, and your input is very impartant to us. Thank you for considering participating in our study. We have designed a collaborative game that aims to
encourage worker engagement and performance, where you will work collaboratively anonymous (by Nickname) with a team of workers to label images of galaxies based on the number of arms in each image.

Your participation will contribute significantly to our research efforts in improving task design in crowdsourcing platforms. The task will involve labeling up to a total of 50 images. For your participation in this study, you will be
compensated in accordance with common US minimum wage levels $8.50/h.

To be eligible for payment, you are required to complete a minimum of 20 labels and fillin a follow-up survey which will take around 20 minutes. Your payment of the minimum tasks will be based on the minimum wage levels $8.50/h
for both the labeling and pest survey tasks, However, we encourage you to label more images, as increasing the number of labels completed will result in higher compensation, especially if you collaborate live with your team to
improve the accuracy of the labels. The more correct image labels, the higher your reward will be.

The research was granted ethical approval by the University of Strathclyde Computer and Information Sciences Ethics Committee. The collected data may be used in academic publications, but your identity will be protected. No
personal, or identifiable information will be collected except for your worker's platform ID. An anenymous data of the tasks and post survey data set will be created once the study is complete by replacing worker IDs with randomly
generated ones. Your contributions are invaluable to the success of our study, and we appreciate your time and effort in advance. If you have any questions or concerns, please feel Free to contact us. If you have any
questions/concerns, during or after the research, or wish to contact an independent person to whom any questions may be directed or further information may be sought from, please contact the Ethics Committee of the Department
of Computer and Information Sciences, Livingstone Tower Richmond Street Glasgow G1 1XH email: ethics@cis.strath.ac.uk

| confirm that | have read, understand and agree with the above policy and procedure for enrollment in this task.

| have read the tutorial and agree to rules Reject (quit without reward)

Figure 6.3:Consent form

6.7.2  Login, Avatar, and Mood Selection Screen

On the login page, workers must register with the nickname, choose avatar, and the current mood (Figure 6.5).
The selection of the avatar is consistent with SDT principles of autonomy and relatedness, that could create
engagement before the main task interaction.

6.7.3  Waiting Room (Team Formation)

Each collaborating team is housed in a synchronous session container called a “room” in real-time-system

parlance that provides a shared workspace to its participants for seeing collective progress and communication.
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Following login, workers move into a synchronised waiting room. On that page the team formation starts and
the team size ranges between two and five workers. Using a between-subjects design, participants were
assigned into the experimental conditions, where each worker participated in only one condition to prevent
learning and carryover effects. In the collaborative conditions, workers entering the system were temporarily
placed into a pending queue until adequate participants were available for room allocation purposes. A Python-
based script executed via a time-based job scheduler (Cron) runs every 15 seconds to assign workers to teams
dynamically in order to preserve synchronization between team members, only those who joined rooms that
had not progressed beyond the first image of the first level were added, or a new room would be automatically
created. This was carried out in such a manner to reduce disturbances to current collaborative interactions and
to ensure that workers in the same room experienced similar task progression and communication

opportunities.

Welcome To Collaborative Gamified Image Labeling

Enter your nikname:

player_1
Mikname should be unique
Chose avatar

T YYY VY I

The following photographs depict various emotions. Which of the Following image best captures how you are feeling right now?

» @

bored / losen /

= tired relaxed lps
' (o)
LY
sad / /(%) calm/
gloomy / untroubled
: 4| o
A , Meutral _,rl' "-I
“”bi%wi

ir'}tate-:l,f' = . cheerful /
grumpy - L T ) glad
s
nervous / wivid /
tense excited

Figure 6.5: Registration page
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6.7.4 Main Full-Featured Task Page

The main interface (Figure 6.6), this condition implements the full gamified—collaborative design based on
the identified gaps, theoretical background, and insights summarised in Chapters 2 and 5. This condition
comprises multiple primary components which are: one Galaxy Zoo image at a time, predefined labels, all
team members’ avatars next to their chosen labels, synchronous chat box, level progress indicators, plus a
feedback popup message that will appear after each level completion. A one-minute countdown is triggered
when >50% of the team selects a label. Such a >50% threshold is in line with consensus-based task workflows
in allowing timely progress while preventing strategic delays (Snow et al., 2008, Tang et al., 2019).

The gamification resources are accumulation of points, agreement bonus honeypot bonus, constant visibility
of team status, and increasing challenge across levels with chat communication. These elements combine for
an all-around SDT and flow experience: clear goals, timely feedback, optimal challenge progression,

relatedness via teamwork, and autonomy in decision making.

Progress: level2 /5
SEI NI INOITI® evel:2/5. Image1/10

\

Hello Rachel
~ Your team:
How many spiral arms are there?

1 ‘ joe

0. ‘ Meg

: ‘ 8ob

Chat with others 4

cant tell ‘ Rachel (me)
Leaderboard

Team Score
Team6 95

Team 8 88

Qur team 85 (Bonus: 35)

Team23 3]

Figure 6.6. Full-Feature interface
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6.7.5 Level-End Feedback:

Workers in the Full-Features condition get a 'popup message’ whenever they finish each level, summarising
their performance and contribution to the team score (Figure 6.7). The message contains the team total score;
the individual contribution includes agreement points, honeypot points. This level-end diagnostic feedback is
one of the key innovations of the system. It directly addresses the “quantity over quality” problem highlighted

in the scoping review and reinforces competence and mastery.

6.7.6  Leaderboard (Between-Team)

The leaderboard shows the aggregate rankings of the teams. It promotes performance through moderate social
comparison, avoids within-team competition to preserve cooperation, and aligns with task-level shared goals
rather than individual rivalry. This well-designed interplay mitigates the harmful effects of competitive
overload yet benefits from a well-known motivational advantage.

Participant compensation was established using a point-based reward system closely linked to task correctness
and consensus, rather than direct monetary feedback during task performance. This solution guaranteed
equitable compensation in accordance with US minimum wage standards while mitigating prominent financial
signals that can influence worker behaviour. The comprehensive scoring and reward framework, encompassing
agreement bonuses and level-dependent honeypot weighting, is explicitly delineated in Appendix B through
simplified pseudocode to enhance transparency and reproducibility. This compensation design ensures that
performance incentives are designed to support accuracy and consensus instead of speed alone to get paid,
aligning with the quality-oriented evaluation criteria of this study.

6.7.7  Final Completion

Once Level 5 has been completed, participants can view final team score, their individual contribution,
confirmation of bonus qualification, and link to the post-task survey with a completion code for MTurk (Figure

6.8). This confirms the end of the Full-Featured condition and moves workers toward post-study measurement.

6.8 Reduced-Feature Experimental Conditions

The next three sections illustrate how the reduced-feature conditions systematically eliminate or reformulate
the features of the Full-Featured system to create experimental isolation for specific mechanisms. Each
reduced-feature condition corresponds directly to sub-research questions by selectively disabling mechanisms

present in the Full-Featured configuration (cooperation, communication, competition, and feedback).
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Congratulations! >

You and your team have completed Level 2 with

Team Score: 95 points
Your Contribution: 9 points
Honeypot: 6 points Agreement: 3 points

< You are now proceed to Level 3 of 5. Current total team
scoreis 171

. Keep collaborating in the chat and aiming for accurate
agreement to maximize your score!

Covie ] contimue

Figure 6.7: Level-End feedback message

Challenge completed! Thank you for participation!
You received 175 points (1.75%)

For additional 1.0$ reward please, complete and submit survey code you will get on completion to below box

Submit HIT

Figure 6.8: End of task message

6.8.1 Chat-Only Condition

In this experimental condition we include teamwork that offer visible peer selections, synchronous chat with
no levels, no leaderboard and no level-feedback messages, Figure 6.9 show this condition interface. The only
message in this condition is the final messages by the end on the task that show the rewards and survey link.

The purpose of this condition is to isolate social interaction as a mechanism. It tests whether discussion and

visible peer influence alone, without any gamification features.
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6.8.2 No-Elements Condition (Collaboration Without Chat)

The feature included in this condition is the visibility of the peer selections only (Figure 6.10). The purpose of
the condition is to test whether minimal team coordination (visibility of the other choices) is good enough to
raise quality. This weak cooperative baseline isolates the value of explicit communication and feedback.

6.8.3 Individual Condition (Control)

This is an experiment control condition by which the workers accomplish the task by themselves as the
fundamental labelling task with no gamification or collaboration. This condition serves as baseline to measure
the effect of collaboration using chat, gamification, feedback, competition and quality-oriented incentives. The
improvements in later conditions are counted in comparison to this control. Figure 6.11 shows the interface of

individual control condition, which serves as a non-collaborative fundamental for subsequent experimental

comparisons.
Example Guide Quit JEETSTETIEN Z Your team:
- ‘ o2
Hello Rachel ‘ veg

How many spiral arms are there? ‘ 8ob
‘ Rachel (me)

Figure 6.9: Chat-only condition interface
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Example Guide Quit Image 11 /50 Z Your team:
P &~

T &
A ? ‘n.meumy

Hello, Rachel

How many spiral arms are there?

Figure 6.10:No-Elements condition interface

Image 7 / 50

How many spiral arms are there?
1
2
O3
4
more than 4

cant tell

Figure 6.11: Individual control-condition interface
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6.9 Dataset
This study used a selected sample of images from the Galaxy Zoo 2 project (Willett et al., 2013), which has
been a popular large-scale citizen science data set for galaxy morphology classification (Lintott et al., 2008).
Galaxy Zoo was chosen for the following reasons:

e It represents a canonical image-labelling task with well-validated labels

e [t provides expert consensus ground truth, essential for accurate honeypot construction

e It contains images of consistent clarity and clear arm-structure visibility

e Itis widely used in HCI, crowdsourcing, human-in-the-loop (HITL), and computer vision research.
For every image, participants answered a closed-ended question designed to guarantee simplicity and
consistency: "How many spiral arms are there?" Among the accessible response choices were 1, 2, 3, 4, more
than 4, and can't tell. For this experiment, 200 images were selected following a structured screening procedure.
Crucially, the selection of images was intended to provide consistent task difficulty over all experimental
degrees. The images were sampled from the “very clear, prototypical morphology” subset identified in prior
work of Willett et al. (2013). By constraining the difficulty and visual clarity of the images in all conditions,
the dataset design is sufficient to guarantee that differences in performance or engagement are accounted for
by experimental manipulations as opposed to divergent task complexity. This ensures the stable difficulty
across conditions, clear visibility of spiral structures, minimal variance due to noise, distortions, or ambiguity,
and ensures consistent cognitive load irrespective of condition. Each worker labelled 5 levels % 10 images per
level = 50 images, including one honeypot per level. The honeypots were made using classification frequencies
found in the Galaxy Zoo 2 public repository to verify the reliability of expert-validated answers. The choice
of this dataset also ensured strict control of image difficulty, and thus, the impact of collaboration,
gamification, feedback, and social interaction on performance, devoid of any confounding by image

complexity or dataset imbalance. This setup increases internal validity of the comparisons among conditions.

6.10 Pilot studies

In the first stage of the pilot work, we assessed the technical robustness, usability, and procedural feasibility
of the four experimental settings before we began the full-scale study. Across two iterative pilots (each with
ten MTurk workers per condition, restricted to US participants with >95% approval rate and >1000 approved
HITs), we assessed the stability of the room-assignment logic, the clarity of onboarding instructions, timing
and synchronisation of chat and visibility-based interactions, and the functionality of the scoring and level-
progression mechanisms. These pilots revealed several practical issues, notably in delays of team formation,
occasional registration timeouts, and confusion regarding the transition between consent, login, and the waiting
room. In order to avoid this result, we optimised the room-matching script to automatically assign late workers

to existing teams when still at Level 1, shortened the instruction text, modified the waiting room countdown,
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and upgraded the back-end logging to track session integrity. In open-ended pilot feedback, satisfaction
showed good engagement, easy teamwork in chat-based contexts, and high interface usability. In general, this
pilot phase verified that the system functioned properly across all four conditions (Full-Featured, Chat-Only,
No-Elements, and Individual), confirmed that the reward structure was applicable, and that the experimental
workflow was sufficiently stable and comprehensible to be deployed in the main study. The pilot study thereby
proved not only a means of technical validation but also of procedural calibration, to ensure that the
experimental protocol minimised friction, ambiguity, and unintended sources of variance before full-scale

deployment.

6.11 Conclusion

In conclusion, this chapter has detailed the design, implementation of the collaborative gamified image-
labelling task used in this study, demonstrating how each system's component operationalises the theoretical
and empirical foundation established in Chapters 2 and 5. the chapter has concentrated on the translation of
established motivational principles into a working, tangible, testable experimental system. The platform was
purposefully designed to fill long-standing gaps in the literature, including the dominance of competitive
gamification, the underuse of cooperative resources, the lack of SDT or flow aligned design, and the focus on
accuracy-oriented feedback. As we design a shared-goal, positive interdependence, individually accountable
system, we combine mechanisms supporting relatedness (visibility as part of the team, concurrent chat),
competence (levels and agreement-based scores and honeypot testing), autonomy (avatar choice), while
ensuring flow conditions via clear goals, immediate feedback and a measured challenge—skill progression. The
Full-Featured condition balances competition and cooperation via levels, honeypots, team-level scores, and
leaderboards, while the reduced-feature condition systematically eliminate collaboration or gamification
features in the system to isolate their individual effects. So, this modular construction enables controlled
comparison across collaborative, semi-collaborative, or individual baselines. This real-time workflow
comprising team formation, synchronised decision stages, level-end feedback, and performance-based
rewards, was intended to facilitate reflection, decrease repetitive errors, and strengthens consensus in relation
to the majority accuracy without a loss of efficiency. The back-end instrumentation, MTurk integration, real-
time communication guaranteed that the system performed reliably across all conditions.

Collectively, this chapter provides a methodologically rigorous implementation which makes clear
how the causal links between gamification and collaboration are expected to affect performance and
engagement. This establishes the platform, the experimental manipulations, and the technical precautions
required for empirically valid research. Based on this methodological basis, Chapter 7 presents the
experimental findings of the full-scale experiments and examines the impact of various combinations of
collaboration and gamification configurations on accuracy, agreement strength, worker engagement, and

perceive
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Chapter 7 : Experimental Evaluation of the Collaborative Gamified Image-
labelling Task

7.1 Introduction

This chapter discusses the empirical results of the collaborative gamified labelling study that we presented in
Chapter 6. As mentioned, we employed four between-subjects experimental scenarios on Amazon Mechanical
Turk, by which the participants were assigned to one of the four conditions that we discussed in Chapter 6:
Full-Features (FF), Chat-Only (CO), No-Elements (NE), and Individual (IND). These conditions were built to
systematically differentiate the presence of collaborative gamification mechanisms to investigate the effects
of these mechanisms on worker performance, agreement, engagement, and perceptions of workload.
Considering the methodological role of previous chapter, this chapter reports the empirical findings and
deliberately refrains from any theoretical interpretation or design speculation. All analyses discussed here

directly operationalise the experimental manipulations and outcome measures described in Chapter 6.

7.2 Overview of Analysis and Result Organisation

The results in this chapter are organised to directly address the sub-research questions defined for Study 3 in
Chapter 6. Analyses proceed from objective performance outcomes to subjective and behavioural measures.
Specifically, following a brief description of the participant characteristics and data-filtering procedures, the
chapter first reports individual and team-level performance, including individual accuracy, majority accuracy,
and agreement strength, followed by engagement and perceived workload. Communication behaviour and
workers’ feedback are then examined as complementary evidence concerning collaboration and worker
experience.

To provide greater transparency and traceability between the sub-research questions of Study 3 and
the empirical findings detailed in this chapter, Table 7.1 provides a structured overview mapping each SRQ to
the corresponding outcome measures and results sections. This table serves as an informative resource, so that
all information returned can be directly linked to the underlying research questions provided by Chapter 6. The
chapter reports principal sub-research questions (performance, engagement, workload, and collaboration) as
its focus of analysis, and analyses of individual differences (personality traits and mood) are explicitly

considered as exploratory and supplementary to the core research objectives.
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Table 7.1: Mapping of Sub-Research Questions to Measures and Result Sections

Corresponding
Sub-Research Question Measures Used Results
Sections
SRQ3.1 What impacts individual accuracy, majority
accuracy, and agreement strength are there with Individual accuracy, majority accuracy, 789
different team-based gamification arrangements agreement strength o
compared with individual non-gamified work?
SRQ3.2: In which direction do conditions of
collaboration and gamification affect psychological | Engagement based on (Autonomy, Competence, 783
engagement among workers (autonomy, competence, | Relatedness, Enjoyment, Perceived Usability) o
relatedness, enjoyment, and perceived usability)?
SRQ3.3: How do collaborative gamified conditions
influence perceived cognitive workload as per NASA-TLX Measures 7.8.3
NASA-TLX dimensions?
SRQ3.4 Can synchronous chat enhance labelling
performance and what are the conditions where . 7.8.4
communication volume has direct associations with Chat message and Feedback analysis 7.8.5
accuracy?
SRQ3.5: Do personality traits or mood significantly
moderate labelling performance across experimental Big Five personality traits, Mood 7.8.6
conditions?

7.3 Experimental Conditions

The experimental conditions discussed in this chapter correspond exactly to those defined and justified in

Chapter 6. Subjects were assigned to one of four conditions that varied systematically in the presence of

collaboration and gamification features. For clarity during result interpretation, key features are listed in Table

7.2. Detailed descriptions of conditions design, rationale for feature specification, and deployment of features

are presented in Chapter 6 and are not reported here.

Table 7.2: Experimental conditions and Gamification Feature

Visibility
Score
Condition Teams Chat Levels of member Leaderboard  Honeypots  Avatar
Feedback
selection
Full-Features O O O O O O o O
Chat-Only O O O O O O O O
No-Elements O 0 a 0 0 0 0 a
Individuals O O O O O O O O
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7.4 Sample Size Determination and Power Analysis

We conducted a prior power analysis utilising G*Power 3.1 (Faul et al., 2007). Given a four between-subjects
experimental design with four separate conditions, we planned for an omnibus comparison across the condition
(one-way ANOVA model). One-way ANOVA is appropriate for comparing means among many independent
groups, rendering it the optimal method for assessing the impact of gamification components in collaborative
crowdsourcing projects (Field, 2013). A priori power analysis was performed to guarantee the study possessed
adequate power to identify a significant effect. This analysis has used an effect size (f) of 0.25, indicative of
a medium effect size as delineated by Cohen (1992). The effect size was chosen based on the previous
empirical studies on gamified crowdsourcing tasks, which have shown that medium to large effect sizes are
found in assessing engagement and performance. For example, Mekler et al. (2017) discovered that points and
leaderboards greatly enhanced performance metrics in online annotation tasks with medium-range effect sizes
(Cohen’s d = 0.4-0.6). Similarly, Eickhoff et al. (2012) showed a moderate effect of gamification on label
quality and user motivation in the crowdsourced relevance assessment (Cohen’s d = 0.5). These results support
employing a medium effect size (f = 0.25) used in G*Power analysis and justify its usage in the power
calculation of this study. The significance level a = .05, and the statistical power 3 = .80 - 1, a standard criterion
that guarantees an 80% likelihood of identifying real effects while reducing Type Il error (Cohen, 2016). Figure

7.1 visualises the achieved power curve for f=0.25 and o.= .05 across feasible sample size in this study.

F-Distribution for One-Way ANOVA Power Analysis

}
- —— F-distribution
. [ Type | Error (a)
= Type Il Error ()
0.6 ==~ Critical F = 2.6559
0.5
204
i)
[ =
a)
0.3 1
0.2 4
0.1+
0.0 4

F-Value

Figure 7.1:F-Distribution Power Analysis for One-Way ANOVA (Cohen, 1992)

124



Under these parameters, G*Power indicated an approximately N =180 per condition (total =720) for
80% power to detect f=0.25 in the omnibus test. To accommodate the real-time constraints in team formation,
the final recruitment strategy was to recruit 180 participants in each team-based condition and 90 participants
for the individual condition, resulting in a total sample of 630 workers with adequate statistical power. This
ensured equitable team assignment while statistically maintaining the integrity of studies. The final sample
size selection adheres to accepted power analysis principles in behavioural research as showed by Lakens,
(2022) and guarantees adequate statistical sensitivity to identify moderate impacts of gamification features in
crowdsourcing tasks. The meticulous calculation and justification of sample size bolster the credibility of the
study's findings, aiding in the comprehensive comprehension of engagement and performance enhancements

in collaborative gamified settings.

7.5 Participant Recruitment and Qualification Criteria

The MTurk platform has been chosen as the crowdsourcing platform to recruit the workers due to its
widespread use in academic and industrial research concerning data labelling and task performance (Paolacci
et al., 2010). MTurk provides a dependable and scalable framework for administering extensive studies with
human participants (Difallah et al., 2018). The choice to utilise this platform corresponds with previous studies
demonstrating MTurk efficacy in executing controlled experiments for assessing crowdsourcing task designs
(Rand, 2012). Utilising MTurk, we intend to guarantee that the results of our study are relevant to a diverse
array of scholars and practitioners within the domain of gamified crowdsourcing (Mason and Suri, 2012).

To ensure data quality and participant reliability across experiment conditions, we required only
workers with a minimum approval rating of >= 95% and >= 1000 approved HITs for participation. This
approach conforms with advice from studies stressing the need of worker reputation measurements for
reducing validity concerns related to MTurk samples (Aguinis et al., 2021, Litman et al., 2017). While the
minimum number of approved HITs guarantees that participants have sufficient experience with the platform
and task completion, so reducing possible errors due to unfamiliarity, this qualifications mechanism helps to
filter out workers with a history of low-quality submissions (Arechar et al., 2018, Litman et al., 2017). A total
of 180 workers were hired for each of the three team-based experimental conditions (Full-Features, Chat-Only,
and No-Elements) and 90 workers were recruited for the individual condition to provide enough statistical
power and flexibility in analysis. Team-based participation required flexible grouping mechanisms, so the
decision to recruit 180 participants in the team-based condition was necessary due of the variability in team
composition and group sizes and enabled us to create dynamic groupings of different sizes while preserving
enough data for comparative study. 90 workers were hired under the individual condition to enable powered
exploratory comparisons and balanced analysis against portions of the team-based data. We applied a pre-
specified filtering: (1) early quit (who dropped out before completed 20 labelling tasks (2 levels); and (2)

performance (<= 0.26 average accuracy), to remove outlier, non-engaged or random selection responders, thus
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reducing noise and ensuring data reliability, guaranteeing strong datasets, and control for potential attrition.
The random worker selection filtering mechanism has been predicated on the presumption that workers
regularly performing below chance level might not be completely engaged or might be arbitrarily selecting
labels, hence adding noise into the outcome. This is also supported by the recent study of Saravanos et al. (
2021), that found that even among the best MTurk workers, those with an approval rate of 98% or higher and
more than 1,000 approved HITs—about 22.3%—failed at least one question check. This highlights the
presence of negligence even among the top approved workers. The retained samples of workers after filtering
were as follows: FF:121; CO:138; NE:112, and IND:68. These recruitment procedures ensured that all the
analyses were applied on data from workers who completed a meaningful portion of the task and demonstrate
baseline engagement, therefore supporting the validity of the statistical comparisons between experimental

conditions.
7.6 Evaluation Measures

7.6.1 Average Accuracy Measurement

Individual accuracy was computed against gold-standard using the confusion matrices formulation. Workers
predicted labels were compared to the labels in the gold standard; this measure was utilised to calculate their
score as Equation 7.1. Accuracy is alternatively expressed as the ratio of correct predictions to errors, as in

accuracy = 1.0 - error rate.

(TP+TN)
(TP + TN + FP + FN)

Accuracy = Equation 7.1

where True Positive (TP) is the number of correctly labelled items as positive classes by workers, and True
Negative (TN) is the number of correctly marked items as negative classes by workers. False Positive (FP) is
the number of items incorrectly labelled as positive by workers, whereas False Negative (FN) is the number
of items incorrectly labelled as negative by workers. Table 7.3 present the 2*2 confusion matrix used to

compute the accuracy.

Table 7.3:Confusion matrix for positive and negative labels

Predicted Labels of Workers

Positive Negative
Positive TP FN
Gold Standard (original class) i
Negative FP ™

126



7.6.2 Majority Accuracy:
For each team, majority accuracy assesses the proportion of labels where the team’s absolute-majority label
matches the ground truth. It demonstrates the effectiveness of collective decision making. The following steps
define the calculation process used in this study to compute team majority accuracy.
Step 1: Determine Majority Answer for Each Question.
For each team t and question q, let

o  Ai={ai,az,...,an}, the list of all answers submitted by the team members.

e Ni;=|Ayq|, the number of workers in the team t who answered question q.

We define the majority label M4 as the answer provided by a clear majority of the team members.

count (Myq € A¢q) S 1
N

M, = mode(Arq) Where:

Thus, the absolute majority for team t for question q is defined when the modal label exceeds 50% of the
answers within the team on that item.

Step 2: Compare Majority Answer with Correct Answer

Let Cq be the ground-truth label for question q; then the correctness indicator C;4 is defined as

count(My,) S 1
N; 2
0 Otherwise

Ceqe 1 if Mg = Cq and

Step 3: Compute Majority Accuracy per Team
The majority accuracy of a team t is the average correctness across all questions:

Let Q; be the set of all questions answered by team t with a valid absolute majority.

1
At = — Ct,q
|Qt|qze "

| Qi is the total number of questions where an absolute majority was achieved.
Step 4: Aggregate the Majority Accuracy By experimental condition.
The condition-level majority accuracy is the mean across all teams in condition ¢ using Equation 7.2:

Let T. be the set of all teams assigned to condition ¢ € {FF, CO, NE}.

Equation 7.2
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7.6.3 Worker's Agreement Strength

Agreement strength represents the average within-team proportion of workers who selected the correct label
aggregated across all items. The following steps define the calculation process used in this study to compute

team agreement strength.

Step 1: Compute Agreement Strength for Each Team

Let Tc be the set of teams in a condition C. Each team t € Tc includes a set of workers W;and labels L4

wEW,: a worker in the team t
q€EQ,: the set of questions this team labelled

Ly,q : denotes the label that worker w assigned to question q.
Cq: correct label for question q

We compute the agreement strength per team level:

1 Ywew, 1 (qu = q))
Agreement =—Z ¢
I Tl £ ( A

Where:

e 1() is an indicator function:1 if L, = C, is correct

e The inner fraction measures the proportion workers labelled question q correctly.

o The outer average aggregates this across all questions answered by the team.
Step 2: Agreement Strength for all teams of the condition

The condition-level agreement is the mean of the team scores as shown in Equation 7.3:

1

Agreement, = m
[

Z Agreement;

teT,

Equation 7.3

As we mentioned, the agreement strength reflects the strength of consensus with ground truth as opposed to

inter-worker consistency, independent of ground truth. This differs from standard inter-annotator agreement

metrics like Fleiss' k, which measure worker-to-worker consistency (i.e. consistency irrespective of whether

the label is correct). The two constructs are complementary: our measure captures collective accuracy and

Fleiss' k measures collective consistency. Because expert-validated ground truth labels were available for the

dataset, accuracy-referenced agreement was prioritised as the more informative metric for the research aims.
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7.6.4 Engagement Measurement

Engagement is defined as a multidimensional construct in human-computer interaction and motivational
psychology, which incorporates affective, cognitive, and behavioural components of user experience (O'Brien
and Toms, 2008). The engagement instrument comprised ten items measured using seven-point Likert scale
and represented five dimensions: autonomy, competence, enjoyment, relatedness and perceived usability. We
derived the sub-scales from widely used questionnaires (PENS, IMI, UES-SF) and adapted them to our
labelling context in order to provide higher granularity. The subscales have been derived from validated
instruments; each addresses a fundamental psychological need or usability principle that influences
participation in digital contexts. Table 7.4 presents the complete engagement construct and the items that have
been used and administrated to participants. The notions of autonomy, competence, and relatedness were
assessed utilising subscales from the Player Experience of Need Satisfaction (PENS) questionnaire (Ryan et
al., 2006), which is based on SDT. These scores evaluate the extent to which participants perceived themselves
as autonomous, competent, and socially engaged during the task. The Enjoyment subscale was extracted from
the Intrinsic Motivation Inventory (IMI), a validated tool utilised to evaluate interest and intrinsic value in
digital environments (McAuley et al., 1989). An example of a reverse-coded item stated, “This activity failed
to engage my attention”. Perceived usability was evaluated using items derived from the User Experience
Questionnaire Short Form (UES-SF) (O’Brien et al., 2018), which measures subjective assessments of system

efficiency and user-friendliness.

Table 7.4:Engagement Measures

Constructs Questions Source
Ql I did things in the task because they interested me.
Autonomy ]
Q2 I felt controlled and pressured to be a certain way.
Q3 I am satisfied with my performance in the task.
Competence ) ]
Q4 After doing the task for a while, I felt reasonably competent.
(Ryan et al.,
Q5 When I visit the online community, I feel supported by other users. 2006)
Relatedness When I visit the online community, I feel like other people care what I
Q6 have to say and what I do.
) Q7 I enjoyed this task very much. (McAuley et
Enjoyment ) . . .
Qs This task didn't retain my attention. al., 1989)
Perceived Q9 I felt frustrated while visiting this task site. (O’Brien et
Usability Q10 I found this task site confusing to use. al., 2018)
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7.6.5 NASA Task-Load

A multi-dimensional scale is intended to help establish the estimation of the workload from one or more
operators during task execution or immediately thereafter. NASA-TLX comprises six subscales that denote
somewhat independent clusters of variables: Mental, Physical, and Temporal Demands, Frustration, Effort,
and Performance (Hart, 2006). The premise is that a certain mix of these dimensions is likely to signify the
"workload" encountered by the majority of individuals undertaking the tasks. Table 7.5 shows the six subscales

of the NASA-TLX that assessed using a 7-point Likert scale.

7.6.6  Perceived Usefulness of Gamification Elements

In addition to the validated engagement, workload measures and team-based conditions, participants
completed a small set of feature-specific questions that revealed their perceptions of the gamification and
collaboration features within their assigned interface. These items were not collected in the Individual
condition since the corresponding features (e.g., chat, levels, leaderboards, peer visibility) were not present.
Because all participants in the Full-Features, Chat-Only, and No-Elements condition were intentionally
exposed to features in the system, each condition contained only the corresponding items relevant to features
it contained. All items were measured on a 7-point Likert scale and analysed descriptively (means and visual
comparison only), since they were designed to add contextual rather than psychometric information and were
not intended to support inferential testing. The complete questions of all feature-specific items, along with

their condition-level availability, is provided in Appendix B.

7.6.7 Big Five Personality Traits and Mood

The Five-Factor Model of personality traits comprises Openness, Conscientiousness, Extraversion,
Agreeableness, and Neuroticism. These five overarching categories contain a diverse array of human
personality traits (Rammstedt and John, 2007). These measures often employ a Likert scale (e.g., 1-5, ranging
from strongly disagree to strongly agree) to assess an individual's position on each feature. Mood is a pictorial
tool for conveying and articulating emotions. It assesses eight unique mood states efficiently and intuitively,

suitable for both qualitative and quantitative research (Desmet et al., 2016).

7.7 Evaluation Metrics and Analysis Plan

Our independent variable was the between-subjects condition, four nominal levels: Individual
(IND), No-Elements (NE), Chat-only (CO), and Full-features (FF). Dependent variables comprised (i)
accuracy measures (individual average accuracy, majority accuracy, and strength of Agreement; (ii)

Engagement scale and NASA-TLX workload (Likert/ordinal); and (iii) chat messages.
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Table 7.5:NASA-TLX Measures

NASA-Measure Question

Mental Demanding How mentally demanding was the task?

Physically Demanding How physically demanding was the task?

Temporal Demand How hurried or rushed was the pace of the task?

Performance How successful were you in accomplishing what you were asked to do
Effort How hard did you have to work to achieve your level of performance?
Frustration How insecure, discouraged, stressed and annoyed were you?

Because these outcomes include proportions bounded in 0 and 1, ordinal scales, and skewed counts, we first
assessed normality distributional assumptions with the Shapiro—Wilk test (Shapiro and Wilk, 1965). We used
parametric tests (e.g., ANOVA to test the effect of gender on accuracy within condition. Otherwise, we applied
non-parametric tests. For the main condition effect, including accuracy, majority accuracy, strength of
agreement, engagement, workload, and chat, we employed the Kruskal-Wallis H test for omnibus comparisons
and Mann-Whitney U for planned pairwise contrasts. Effect sizes were expressed as rank-biserial r (Kerby,
2014), which indicate the direction and the strength of the difference between two pairs conditions by
evaluating the proportion of the pairs that favour the hypothesis. The positive correlation value (r > 0) means
the value of the first condition tend to be higher than the second condition, negative value (r < 0) indicate that
value of the second condition tend to higher than the first, while zero mean no effect or dominance.

The family-wise error rates were controlled solely for the RQ-relevant comparisons (Individual vs each team-
based condition and specified within-team contrasts) via the Bonferroni correction. All statistical tests were
chosen prior to implementation based on a data scale and distributional properties, and no arbitrary post hoc

decisions were made beyond those described in Chapter 6.
7.8 Results

7.8.1 Participant Characteristics and Analytical Sample

Detailed demographic distributions are provided in Appendix B. As an additional check, gender was examined
in relation to individual accuracy because gender composition differed across conditions. Although gender
distribution differed significantly between conditions, no significant gender-related differences in accuracy
were observed within conditions or across the overall sample.

7.8.2 Performance Measures

To analyse the effectiveness of the collaborative and gamified conditions, the majority of accuracy metrics
were analysed across team-based experimental conditions. The analysis aimed to evaluate the extent to which
gamification elements influenced participant performance in image-labelling tasks. Majority accuracy has been

computed for team-based conditions (FF, CO, and NE) to investigate the degree of consensus in image-
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labelling tasks. In the Full-Features condition, participants again demonstrated superior performance,
achieving the highest majority accuracy (M = 0.66), followed by the Chat-Only (M = 0.55), and No-Elements
conditions (M = 0.50). A Shapiro-Wilk test revealed that the majority of accuracy was normally distributed for
all conditions. The distribution of majority accuracy is presented in Figure 7.2. An ANOVA test indicated
statistically significant differences in majority accuracy differences between conditions (F = 8.91, p <.001).
Furthermore, Tukey's post-hoc comparisons highlighted statistically significant differences between the FF
condition and both Chat-Only (p = .007) and No-Elements conditions (p < .001), by small-to-moderate effect
sizes (FF vs NE: r rb = -.45; FF vs CO: r_rb = -.36). These findings indicated that the comprehensive
gamification and collaboration mechanisms in the FF feature condition facilitated more reliable collective
decision-making than the reduced feature conditions. The majority accuracy differences are directly related to
SRQ3.1 because the experimental condition was quantified to determine to what extent it affected the
consensus accuracy of the team level (collaborative settings).

Moreover, to further quantify agreement levels and the strength of the workers’ consensus across the team-
based conditions, the strength agreement measure identified in Section 7.6.3, was used. The analysis indicated
that Full-Features workers exhibited the highest strength of agreement (M = 0.68), while the Chat-Only and
No-Elements participants obtained lower scores by (M = 0.59) and (M = 0.57) respectively, this showed in
Figure 7.3. Kruskal analysis confirmed these differences as statistically significant (H = 14.37, p <.001).
Pairwise Mann—Whitney comparisons reinforced these findings, showing higher significant differences for
Full-Features vs Chat-Only with small-to-moderate effect (U = 908.50, p = .006, r_rb = -.29), and vs No-
Elements (U = 860.00, p < .001, r_rb =-.39). No significant difference was detected between the Chat-Only
and No-Elements conditions (p = .084). This observation underscores that real-time feedback and
comprehensive gamification enhance rater consensus strength among collaborative teams. To conclude, the
results of accuracy and agreement analyses support the hypothesis that comprehensive gamification (FF)
robustly enhances outcome quality compared to minimal gamification or no gamification conditions.

To further examine the nature of collective decision-making across conditions, we analysed the
proportion of questions which resulting in different majority outcomes. Particularly, five categories were
examined: first: correct absolute majority (AM), second: incorrect absolute majority, third, evaluating the
percentage of questions where there is a correct relative majority (RM) decision when no absolute majority;

fourth, measure the rate of questions with incorrect relative majority, and finally the rate of no majority at all.
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Table 7.6:Tukey's Post-Hoc and Rank Biserial Correlation Analysis for Majority Accuracy

Conditions Statistic p-value Lower CI Upper CI Significant r 1b
FF vs CO 0.115 .007 0.027 0.203 Yes -36
FF vs NE 0.156 .001 0.065 0.247 Yes -45
CO vs NE 0.041 496 -0.045 0.127 No -.11
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Figure 7.2:Boxplot of Majority Accuracy Across Conditions
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Figure 7.3: Agreement strength

Table 7.7 summarises the distribution of these outcomes across the experimental conditions. The FF condition
has the highest proportion of correct absolute majority (0.66), the lowest ratio of questions with no majority
(0.08) and incorrect absolute majority (0.23) compared to the CO and NE conditions. A Kruskal-Wallis test
across the conditions showed that there is a significant difference for the correct absolute majority and no
majority (Correct AM: H =17.00, p <.001; No Majority: H = 11.94, p = .003). The pairwise test showed a
significant difference of No Majority questions between the FF and the NE (p < .001 and »_rb = .44). No
significant differences were observed for correct or incorrect relative majority outcomes (all p > .44) (see Table
7.8). This pattern suggests that the Full-Features condition not only increased correct consensus but also
substantially reduced indecision at the team level. These majorities decisions also address SRQ3.1, by
evaluating how each condition design change affects the strength of team consensus beyond accuracy alone.

To compare Individual condition (control) to team-based conditions in term of performance, the average of
individual accuracy within each condition has been calculated, as shown in Figure 7.4, revealed that
participants in the Full-Features (FF) attained the highest mean accuracy (M = 0.69), succeeding over both the
CO (M = 0.60) and Individual (IND) conditions (M = 0.61), but the (NE) condition recorded the lowest mean
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Table 7.7:Ratio of different majorities analysis:

Condition Correct AM Incorrect AM  Correct RM Incorrect RM No Majority
Cco 0.55 0.27 0.01 0.03 0.15
FF 0.66 0.23 0.01 0.02 0.08
NE 0.50 0.25 0.01 0.02 0.21

Table 7.8: Statistical Analysis of Majority-Decision Differences Across Conditions

Measure H-statistic: p-value
Correct AM 17.00 <.001
Correct RM 0.33 .846
No majority 11.94 .003

Incorrect AM 1.60 450
Incorrect RM 0.27 872

accuracy (M = 0.59). Histograms of accuracy distributions in Figures 7.5 -7.8 showed that the accuracy data
for each team-based condition appeared to be approximately normal, supported by formal tests of normality
(p-values: FF =.127, CO = .060, NE = .501). However, accuracy scores for the individual conditions deviated
significantly from normality (p <.001). Thus, a Kruskal-Wallis test was used; the test confirmed a significant
difference in individual accuracy among conditions (H = 17.49, p <.001). Subsequent pairwise Mann-Whitney
U tests revealed significant differences specifically between the Full-Features and individual conditions (U =
5,027.00, p = .006), with a small-to-moderate negative effect size (r_rb =-.25), indicating that the Full-Features
condition significantly improved accuracy compared to individual task conditions. No significant differences
were found between Individual and team-based conditions (CO and NE). This confirmed that the
improvements on the average of individuals accuracy were mainly associated with the full integrated
collaboration richer gamified design rather than collaboration alone. This individual-accuracy comparison
meets SRQ3.1, because it examines whether condition differences span from team consensus measures to

individual performance outcomes across all four experimental conditions.
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Figure 7.5:Histograms of average accuracy in Full-Features experimental conditions
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7.8.3  Engagement and Workload Measures

Workers' engagement among collaborative image-labelling tasks was initially measured using the ten-item
instrument (see Table 7.4), which comprised Autonomy, Competence, Relatedness, Enjoyment, and Perceived
Usability. However, the experimental conditions were intentionally different in the extent of social interaction
and collaborative affordances available to the workers, not all items were conceptually accurate for the direct
comparisons among the conditions. Particularly, Relatedness items (Q5 and Q6) measured the perception of
the social support and interpersonal connection. Such construct would be meaningful for both Full-Features
and Chat-Only conditions in that workers could interact with teammates but were not equivalently represented
in the Individual condition and partially represented in the No-Element condition. Inclusion of these items in
a cross-condition engagement measure, then, would confound engagement with the experimental manipulation
itself. Therefore, the Relatedness items were removed from the comparative engagement composite on
conceptual and measurement-equivalence grounds. Similarly, a deeper examination of the remaining items
showed that Q1 (“I did things in the task because they interested me”) and Q4 (“After doing the task for a
while, I felt reasonably competent.””) were not consistently applicable to all experimental conditions. These
items were also limited to context-specific motivational experiences (i.e., not a common engagement construct
that could be construed essentially the same way across the four conditions). As such, they were also omitted
from the comparative engagement measure. The final engagement composite consisted of six items (Q2, Q3,
Q7, Q8, Q9 and Q10) representing dimensions that were conceptually comparable across all conditions.
Reliability analysis confirmed that the derived scale demonstrated sufficient internal consistency across the

dataset (Cronbach’s a > 0.70) for a comparative analysis of the scale. The results shown in Table 7.9 indicated
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a hierarchical pattern of engagement among the four experimental conditions. Participants allocated to the
Full-Features condition exhibited the highest average score of engagement (M = 4.51), closely followed by
participants in the Chat-only condition (M = 4.49). In contrast, lower engagement score has been observed in
the NE (M = 3.98) and Individual (M = 3.97) conditions. These descriptive discrepancies indicate that
conditions incorporating collaboration and system feedback were associated with higher engagement score
than the minimal or individual conditions. The descriptive similarity of Full-Features as compared to Chat-
Only condition also led to a further inferential test to determine whether these differences were statistically
meaningful and reliable. The Shapiro-Wilk test revealing data violations of assumptions of normal distribution
across all conditions and measures. Accordingly, a Kruskal-Wallis H test applied to assess a reliable difference
in engagement among the four interface conditions (H = 18.16, p < .001). Post-hoc pairwise analyses
employing the Mann-Whitney U test with Bonferroni correction that helped to explain these group-level
effects. Rank-biserial correlation (r_rb) was computed for every significant difference found between any pair
to evaluate effect size and guide interpretation of the direction of the difference. Pair-wise Mann—Whitney U
tests showed that the Full-Features condition outperformed the Individual condition (U = 4,003.00, p = .006,
r_rb=-.23). The Full-Features condition also demonstrated higher engagement than No-Element design (U =
4,718.00, p =.004, r_rb=-.24), indicating a small-to-moderate effect in favour of the Full-Features condition.
Similarly, CO condition significantly outperformed NE approached (U = 5,682.00, p = .001, »_rb = -.24) and
outperformed IND (U = 4,792.50, p = .002, r_rb = -.23). There was no significant difference between Full-
Features and Chat-Only conditions (p = .920) suggesting that there are similar engagement differences in these
two collaborative environments. Together, these engagement results show that collaborative task designs,
specifically those with synchronous communication, are considerably more likely to generate engagement than
either independent or minimally collaborative conditions. Although the Full-Features condition consistently
showed the highest rates of engagement, the fact that Full-Features and Chat-Only had no significant difference
indicates that communication alone contributes to a significant percentage of the engagement benefits which

have been observed.

Table 7.9: Overall Engagements Across all Conditions

Condition Mean N
Full Features 4.51 107

Chat-only 4.49 126

Individual 3.98 61
No Element 3.97 72
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These engagement findings address directly SRQ3.2 by showing how different combinations of collaboration
and gamification affect psychological engagement dimensions including competence, enjoyment, perceived
usability.

Perceived workload was measured on the basis of the six subscales of the NASA-TLX system (Mental
Demand, Physical Demand, Temporal Demand, Performance, Effort, and Frustration), which described how
participants in each experimental condition perceived their cognitive and physical loads during labelling. As
shown in Table 7.10, Full-Features participants also showed the lowest workload ratings per NASA-TLX
dimension, Chat-Only were next in values and No-Elements were followed by the Individuals conditions. The
Full-Features condition workers reported Mental demand of (M = 4.65), Physical demand of (M = 4.29),
Temporal Demand (M = 4.42), Effort (M = 4.58), and Frustration (M = 3.87). These descriptive findings
indicated that the participants experienced lower workload perception when collaboration and feedback
features were available. In contrast, as shown in Table 7.10 and Figure 7.9, No-Elements presented the highest
workload levels in several dimensions: Physical demand (M = 5.11), Temporal demand (M = 5.30), Effort (M
= 5.65) and Frustration (M= 5.07), suggesting that collaborating with no supportive elements led to a
heightened subjective effort for the tool use. The Individual condition similarly revealed elevated Mental
Demand (M = 5.18) and Performance ratings (M = 5.73), indicating increased perceived cognitive and self-
evaluated exertion in the non-collaborative control settings. In order to determine whether the differences in
NASA-TLX were statistically significant, Kruskal-Wallis tests were conducted for each of the NASA-TLX
dimensions. The resulting analyses showed that there were significant main effects on conditions for Physical
Demand with (H =7.87, p = .049), Temporal Demand (H = 12.61, p =.006), Effort (H=18.56, p <.001), and
Frustration (H = 22.68, p < .001). No statistical significance was found for Mental Demand or Performance (p
>.05). Pairwise Mann-Whitney comparisons showed that participants in the No-Elements condition perceived
significantly higher Physical Demand than those in Full-Features (U = 2,919.50, p = .010, »_rb = .22), while
no other Physical demand differences were statistically significant (p >.05). Temporal Demand scores were
significantly different between No-Elements comparing to Full-Features and (U = 2,651.00, p <.001, r rb =
.30). No-Elements comparing to Chat-Only show higher Temporal demand (U = 3,522.00, p = .014, r rb =
.21). These results indicated that the absence of collaborative aids or supportive features were associated with
increased perceive time pressure during the task execution. Though mean Performance ratings showed a slight
edge for Individual (M = 5.73) and No-Elements (M = 5.70) conditions, compared with Full-Features (M =
5.54) and Chat-Only (M = 5.44), these differences did not reach statistical significance (p >.05). This suggests
that the perceived task success remained comparable across the conditions despite the differences experienced

workload
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Table 7.10: Average NASA-TLX Constructs Across Conditions

Mental Physical Temporal

Condition Demand Demand Demand Performance Effort Frustration

Chat-Only 4.93 4.53 4.74 5.44 4.71 4.23
Full Features 4.65 4.29 4.43 5.54 4.58 3.87
No-Elements 5.00 5.11 5.29 5.70 5.65 5.07

Individual 5.18 4.90 4.92 5.73 5.07 4.88

However, Effort demand ratings showed that the condition effect was strong. Participants in the Full-Features

group reported significantly lower average subjective Effort than those with No-Elements (U = 2,414.00, p
<.001, »_rb = .36). The Chat-Only group also showed lower Effort then the NE condition (U = 3,174.50, p

<.001, r_ rb = .28), while the remaining pairwise comparisons were not statistically significantly. For

Frustration scores, No-Elements showed higher Frustration than Full-Features (U =2,356.00, p <.001, r rb=

.37) as well as the Individual condition worker reported higher Frustration compared to Full-Features (U =
2,153.00, p <.001, _rb = .32). Chat-Only also scored lower than both No-Elements (U = 3,428.50, p=.007,
r rb=.23) and Individual (U = 3,035.00, p = .032, r rb = .19). Across all experimental conditions, Full-

Features resulted consistently in lowest perceived workload: Individual and No-Elements produced the
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highest strain across Physical, Temporal, Effort and Frustration dimensions. These workload results are a direct
address to SRQ3.3, revealing that collaborative gamified conditions (more specifically, the richer features
design) significantly reduce key aspects of perceived and emotional workload compared to those that are
minimally supported or non-collaborative. To support these assessed engagement and workload measures, we
extracted participants’ self-reported individual perceptions of gamification properties in the three team-based
environments (Full-Features, Chat-Only, No-Elements). The aim of this analysis was to offer more contextual
insight into how specific the design elements were encountered rather than to present an alternative form of
engagement. Average ratings of each item are visualised in Figure 7.10. Overall, participants in the Full-
Features presented a high interest in the items related to progress visibility and group feedback (mean score
awareness, team level, and leaderboard related). There is also show a general tendency for participants to place
higher importance on those features as meaningful contributors to their experience of the task. In contrast, the
Chat-Only condition found superior ratings of communication-related items (chatting with other people,
sharing ideas), but significantly lower ratings of the importance of moving forward-oriented aspects, which
were not observed in this condition. This is consistent with the idea that chat facilitates interpersonal social
interaction but cannot replace more-advanced feedback and progression. The No-Elements condition, while
also collaborative, presented a significantly weaker rank on key feature scores that pertain to motivation and
monitoring of progress, with respect to most features related to these features. This pattern is helping to explain
why collaboration without gamification support failed to produce similar gains in engagement or in accuracy.
This is analysis is descriptive in nature and is not meant to substitute for valid measuring engagement
strategies. Instead, it contextualises. The perceptions support SRQ3.2 and SRQ3.3 because the participants
demonstrated subjective valuing of those motivational resources from each condition, providing additional

empirical support to the quantitative engagement and perceived workload findings.

7.8.4  Chat Logs Analysis

To analyse the role of communication resource in collaborative performance, chat logs were analysed for the
two experimental conditions, those enabled communication via chat, Full-Features and Chat-Only. The
analysis integrates descriptive interaction metrics, and inferential comparisons to characterise how the
communication patterns that related to the accuracy and the behaviour of the team. These analyses directly
address SRQ3.4. A content analysis was applied to classify the chat messages into types of communication
based on predefined keyword patterns. Messages were coded into the following categories

e Suggested keywords: Explicit labelling proposals using structured keywords (e.g., “I suggest 2”).

99 ¢

e Agreement keywords: Consensus words such as “agree,” “yes,” or “sure”.
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Figure 7.10:Average Likert ratings for gamification elements across team-based conditions.

e Disagreements: expressions of dissent, such as “disagree” or “no”.

e Social Exchanges: messages that express some sociality, like the word “Hi”.

e Game-Element Encouragement: expressions of competence such as “our score is low”.

e Free-Text: Messages not fitting in any of the above classifications.
The Full-Features condition produced a substantially higher number of suggestion and agreement messages,
specifically those predefined from structured interface prompts. This indicated that interface scaffolding
influenced message composition and density, supporting more task-focused collaborative exchanges. For the
full-feature condition, 24 of 34 teams used the chat textbox and 28 of 44 teams from Chat-Only did. Then, the
comparative breakdown revealed a total of 1,050 messages in Chat-Only and 1,612 messages in Full Features.
The average messages per team were:

e Full-Features: 47.41

e Chat-Only: 24.42
By calculating the average accuracy for the teams that used the chat messages vs. the teams that did not use
chat in Full-Features, the results showed (Table 7.13) that the teams that used the chat feature had an average
rate of (M=0.69) compared to (M=0.63) for teams that did not use the chat-text-box feature. In the CO
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condition, the average accuracy for the teams that used chat was (M=0.58) and those that did not, was
(M=0.52), indicating no meaningful performance difference resulting from using the chat feature alone.

To investigate the correspondence between communication intensity and labelling accuracy, teams
were dived into two categories: small chat massages teams, and moderate chat massages teams, according to
the median number of messages exchanged per team.

For the Full-Features condition:

e Mean chat messages = 67.17, median = 12.00
e Small chat teams: Average accuracy = 0.65
e Moderate chat teams: Average accuracy = 0.76

A Mann-Whitney U test indicated a significant difference between these two groups by which (U =
14.50, p = .011) with a moderate effect size (»_rb = -.53). This finding shows that moderate levels of intensity
of communication, when implemented in a fully gamified environment, was associated with higher
collaborative accuracy.

For Chat-Only:

e Mean chat messages = 37.50, median = 14.50.

e Small chat teams: Average accuracy= 0.54

e Moderate chat teams: Average accuracy= 0.53

No significant difference was found on the average accuracy between small and moderate chat under
Chat-Only (U= 70.50, p = .907), indicating that an increased in communication volume alone did not enhance
worker performance when not combined with other mechanisms such as feedback progress or scoring. Overall,
SRQ3.4 has been answered by indicating that chat can be associated with better accuracy, within and as part
of a broader gamified platform with shared performance feedback and cooperation support, whereas chat alone

did not yield quantifiable accuracy improvements.

Table 7.11:Chat messages analysis

Experimental Avg Avg
- # TeamsSchat #Teams.no chat #Teamssman Avg acc #TeamSmoderate AVg acc
condition acc acc
Full-Features 24 teams  0.69 10 teams 0.63 14 0.65 7 0.76
Chat-Only 28 teams 0.58 15 teams 0.52 17 0.54 8 0.53
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7.8.5 Big Five Personality Traits and Mood

To examined whether the workers difference influenced labelling accuracy, the effect of mood and Big Five
personality traits were investigated across the conditions. This analysis addresses SRQ3.5. Using a two-way
ANOVA, there was no significant main effect of mood on labelling accuracy (¥ (8, 327) = 0.98, p = .448), and
no significant of mood * condition interaction (F (24, 327) = 1.49, p = .071). This means that people's self-
reports of mood did not systematically affect their performance at labelling across various experimental
conditions within the present study. Multiple regression analyses were performed to examine the predictive
power of personality properties (Openness, Conscientiousness, Extraversion, Agreeableness, Neuroticism).
The omnibus Wald F-test for all five traits yielded no significant effect (F (5, 345) = 1.65, p = .145). In separate
within-condition analyses, no significant associations were also found. Collectively, the results show that
neither mood nor personality characteristics were a meaningful predictor of labelling accuracy in the present
study. Performance levels were more influenced by task design and interaction structure rather than stable

personal differences.

7.9 Discussion
This section synthesises the empirical results of Study 3 by summarising the findings in the context of the
study’s sub-research questions (SRQs). The goal is not to theorise the results but simply to streamline the
results shown on the empirical performance, engagement, workload, collaboration, and individual differences
prior to a theoretical discussion about them in theory in Chapter 8. Overall, the results provide an appropriate
response to RQ3 and RQ4: collaborative gamification enhanced labelling results and worker experience, with
the most reliable effect emerging when collaboration was combined with multiple integrated, complementary
design elements (progress feedback, scoring, levels, shared performance cues with team interaction), rather
than when collaboration of gamification elements was in isolation. For SRQ3.1, the Full-Features condition
indicated the strongest and most consistent outcomes on quality-related factors. compared to the other
conditions, in terms of individual accuracy, majority accuracy and agreement strength, and a reduced
percentage of images without a accuracy majority. In comparison, the Chat-Only and No-Elements conditions
provided intermediate and low-performance results, respectively, and the Individual condition exhibited the
lowest performance. These results, together, indicate that the improvements in performance were not only
attributed to collaboration (in-team performance), but to the inclusion of collaboration with structured
feedback, progress cues, and incentive mechanisms that helped the teams converge on reliable, shared
decisions.

For SRQ3.2, the Level of engagement results were distributed according to the richness of the task
environment and followed a clear graded pattern across the conditions. Overall, the Full-Features condition
gave the highest overall engagement scores, closely followed by Chat-Only, with the No-Elements and

Individual conditions having the lower engagement. This trend suggests that synchronous collaboration,
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specifically the ability to communicate in real time, was a key determinant of perceived engagement, while the
inclusion of broader gamification features primarily reinforced and stabilised the overall level of engagement
rather than generating a large gap between the two chat-enabled conditions.

For SRQ3.3, the NASA-TLX-based workload ratings presented comparable distributions across
conditions. Workers in the Full-Features condition achieved the smallest perceived effort, frustration, temporal
demands, and physical demands, while the No-Elements and Individual conditions rated workload highest on
various dimensions. Crucially, perceived performance did not differ significantly between conditions,
suggesting that reductions in participants’ workload under the Full-Features reflect a more supported task
experience rather than a perceived trade-off in task success.

For SRQ3.4, chat log analysis clarified that the message volume alone did not consistently predict
performance gains. In the Chat-Only condition, additional message exchange was not associated with accuracy
or agreement while in the Full-Features mode, moderate and task-focused communication was associated with
increased team accuracy level. This suggests that communication is performance-relevant when it is anchored
in shared performance cues (e.g., progress feedback and scoring visibility) that allow teams to coordinate
attention and interpret evidence against a common frame, rather than simply increasing message frequency.

For SRQ3.5, personality trait and self-reported mood analyses showed no main effects or interactions
with the experimental condition, indicating that stable individual differences were not meaningful in predicting
the labelling accuracy in the study. This strengthens the interpretation that the observed differences in
performance, engagement, and workload were driven primarily by the design of the task environment and
interaction structure, rather than by systematic differences in participant traits across conditions.

Overall, the findings indicate a cumulative and interactional basis for collaborative gamification
effects across all sub-research questions. Performance quality, engagement, workload efficiency, and
collaborative outcomes were consistently stronger in the Full-Features condition compared to reduced-feature
and individual baseline cases. Partial implementations, e.g., chat alone, provided limited benefits and did not
reach the benefits obtained by the richer integrated design. Together, these findings establish a strong empirical
basis for explaining how and why the collaborative gamification mechanisms explains shape the workers
engagement and their outcome quality. Chapter 8§ therefore, builds on this evidence to develop the theoretical

perspectives and explanation across-study synthesis of the thesis.

7.10 Threats to Validity

The study methodology addressed various validity issues to guarantee the dependability of the conclusions. In
this section we discuss major threats to internal, external, construct and conclusion validity, as well as what
steps were taken to alleviate them before interpreting the reported findings.

The internal validity is related to whether the gamified collaborative mechanisms rather than

influences from outside produce the observed changes in worker engagement and labelling accuracy. Worker
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diversity in knowledge and their past experience presents one possible hazard that can affect labelling accuracy
independent of gamification. Strict worker qualifications were thus enforced, requiring an HIT approval rate
of at least 95% and a minimum of 1,000 authorised HITs to guarantee that only experienced and trustworthy
workers participated, hence mitigating this. To ensure and guarantee uniform interpretation of labelling criteria
among all participants, task instructions and labelled example images were also given. In addition, Workers'
random assignment to experimental settings further controlled for confounding elements, therefore assuring
that observed variations in engagement and accuracy were the result of gamification rather than personal
variation. Included to weed out outlier employees and raise data quality is a performance filter that has been
applied. Together, these controls enhance confidence that differences in performance and engagement reflect
experimental manipulations rather than uncontrolled participant heterogeneity. However, along with most
online experiments, uncontrolled contextual factors (e.g., interruptions, device/environmental differences) will
not be completely removed and are considered residual sources of variance. A further residual factor is uneven
gender distribution by conditions driven by random assignment (gender was not a stratification variable);
although gender showed no significant association with accuracy either within or across conditions, this
imbalance is noted as a boundary on the engagement comparisons and a candidate stratification variable for
future replications.

The external validity concerns the generalisability of results outside the particular experimental
settings. The results might not fully reflect crowdsourcing populations in other areas, where variables including
language proficiency, cultural attitudes toward cooperation, and gamification familiarity could influence
participation and performance. Participation was limited to workers situated in the United States. Furthermore,
as the study was carried out on Amazon Mechanical Turk, results might not exactly apply to other
crowdsourcing sites with different payment systems, worker profiles, or interaction systems. These constraints
set the boundaries within which reported results should be interpreted rather than challenging the internal
coherence of the findings. Nonetheless, the study provides insights relevant to task-based crowdsourcing
contexts by leveraging a varied pool of seasoned crowd workers and real-time team-based cooperation.
Generalisability beyond similar task-based, online crowdsourcing environments is therefore bounded and
addressed further in the discussion chapter. Further work could enhance the external validity of the study by
replicating the study with different worker populations, platforms, and task domains.

Construct validity evaluates if the research fairly gauges worker performance, involvement, and
teamwork. The dependence on behavioural engagement metrics such as chat activity, agreement rates, and
leaderboard interactions, which might not entirely reflect workers’ underlying motivation or subjective
involvement levels poses a possible hazard. NASA-TLX workload measurements and self-reported
engagement scales such as the User Engagement Scale (UES) were incorporated to augment objective

behavioural data in order to solve this issue. Moreover, task instructions and examples guaranteed consistent
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task knowledge, therefore avoiding variances resulting from worker interpretation instead of engagement
differences. By taking an objective performance indicator and a validated subjective instrument into account
and using each to compare conditions, it reduces the chance that the effects observed are due to measurement
artefacts rather than differences between conditions. Because the UES refinement encompassed item removal,
all reliability checks and exclusions were performed prior to inferential testing to eliminate the risk of post-
hoc construct redefinition.

Conclusion validity is distributional checks (e.g., normality testing) allowed for appropriate inferential
procedures and effect sizes were reported to support any interpretation beyond p-values. Agreement
measurements were then utilised to check labelling accuracy, therefore guaranteeing that results were not
distorted by noise or errors. To further support the robustness of inferential conclusions, suitable non-
parametric statistical tests, effect size reporting, and correction for multiple comparisons were performed.
Since the constraints placed upon team formation meant that the Individual condition needed to be smaller
than the original target per-condition, we tested the attained statistical power of the main pairwise contrasts in
the Individual condition after applying the pre-defined filtering. Applying G*Power (post-hoc, two-tailed o =
.05) and converting the calculated Mann—Whitney effect sizes (rank-biserial r rb~.23-.25; Cohen’sd = 0.47—
0.52), we were left with approximately 0.85 for Full-Features vs Individual (nrr=121,nnp=68), 0.92 for Chat-
Only vs Individual (nco=138,nnp=68), and 0.84-0.90 for No-Elements vs Individual (nng=112,nmnp=68,
depending on d = 0.47 or d = 0.52). These checks show that the important Individual-versus-team contrasts in
both cases were adequately powered for the small-to-moderate effects observed (though small true effects
would be more difficult to detect). Thus, the study raises confidence in the conclusions by means of careful
study design, participant selection criteria, task standardisation, and powerful statistical processes handling

validity concerns.

7.11 Conclusion
In this chapter, empirical data from the collaborative gamified image-labelling study were reported and
analysed across performance, engagement, perceived workload, collaboration behaviour and individual
differences under these experimental conditions. Results were systematically organised around the study’s
sub-research questions, presenting a structured and transparent account of how varied types of collaboration
and gamification affected worker outputs. Throughout the chapter, a strong emphasis was placed on reporting
both descriptive and inferential analyses, supported by validated quantitative measures and complementary
qualitative analyses, ensuring the robustness and clarity in the findings.

In relation to the research focus of this study and its related sub-research questions of Chapter 7—
SRQ3.1 (the impact of different collaborative team-based gamification arrangements on individual accuracy,
majority accuracy, and agreement strength), SRQ3.2 (the influence of collaboration and gamification on

psychological engagement), SRQ3.3 (the effect of collaborative gamified conditions on perceived workload),
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SRQ3.4 (the role of synchronous chat feature in enhancing labelling performance and communication
dynamics), and SRQ3.5 (the moderating effects of personality traits and mood on performance)—the chapter
concludes that:

The Collaborative environments including both competitive elements alongside cooperative aspects,
produced improvements in individual accuracy, majority accuracy, and stronger consensus agreement
compared to non-gamified individual work. The engagement levels significantly improved under the
conditions that integrated social communication features and gamification elements, which also support higher
levels of autonomy, competence, and relatedness. The variability in perceived workload based on differing
conditions, with collaborative and gamified environments affecting both cognitive demands as well as the
effort required for tasks, underscores the necessity for balancing between task complexity and available support
mechanisms. Synchronous communication emerges as vital for facilitating coordination processes while also
improving consensus-building efforts among teams, leading to enhanced performance achievements.
Individual characteristics like personality traits or mood further elucidate variations observed in engagement
levels although their impacts tend to be contingent upon specific contextual factors.

The statistical evaluations detailed in this chapter effectively provide a clear answer to sub-research
questions SRQ3.1 - SRQ3.5, ensuring that each analysis is theoretical motivated, empirically grounding and
directly linked back to study’s research questions. SRQ3.1; addressed through performance and agreement
analysis across the conditions. Engagement measures address SRQ3.2. SRQ 3.3 through NASA-TLX
workload assessments. SRQ 3.4 via the chat and interactions analysis. And lastly, the analysis of personality
traits and mood effects answer SRQ3.5. These collective findings lay down a solid empirical groundwork for
the subsequent chapter, where interpretation will extend beyond reporting aiming to interpret the findings in
relation to motivation theory and prior crowdsourcing literature, framing and drawing the theoretical, design,

and practical implication of the study.
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Chapter 8 :Discussion

8.1 Introduction

This chapter draws on these findings and provides a cohesive and critical discussion, consolidating lessons
learned from all empirical and review-based research conducted in this thesis. The chapter interprets the
findings, discussing how they collectively contribute to the theoretical and design-driven debates with
relevance to motivation, gamified systems, and collaborative crowd work. The goal is to situate the findings
within broader scholarly debates and to articulate how the evidence across chapters advances understanding in
this field. Based on these findings, the chapter offers a more general synthesis and reflection on the three
studies that have been carried out in this thesis. We leverage the findings of an exploratory study on task-
selection strategies, a scoping review of gamified crowdsourcing systems and a large-scale collaborative
gamified labelling experiment. In this process, each study is considered not as standalone contribution, but as
a complementary component of a whole research trajectory that develops conceptual, methodological, and
empirical insight in incremental steps. Collectively, these studies advance a comprehensive understanding of
how the designs of motivational gamification mechanisms, and collaborative functionalities could be
configured in combination to enhance engagement and performance on crowdsourced labelling tasks.

For the purpose of conceptual coherence, the chapter highlights explicit interrelationships between
these three studies, illustrating how early exploratory observations guided later work based on theory and how
the experimental system discussed in Chapter 6 operationalised those theoretical insights. This sequential
alignment, from exploratory observation study, through systematic syntheses, to the theory—driven
experimental validation, support a coherent cumulative narrative rather than standalone results. Therefore, the
chapter focuses on underlying mechanisms, design principles and theoretical implications to move beyond
condition-specific comparisons. The cumulative structure increases the validity of the thesis by presenting a
clear trajectory from initial behavioural patterns to theory-driven design choices and finally to controlled

empirical verification.

8.2 Synthesis Across the Three Studies

The collected and integrated studies in this thesis were for the purpose of comprehending how motivational
design strategies can let workers themselves be involved in the evaluation and processing of what they are
evaluating and processing. These strategies are gamification and collaboration, as previously described in
Chapter 2 and Chapter 5, and are believed to increase both worker engagement and accuracy in very repetitive
labelling tasks (Ryan and Deci, 2000). Instead of treating gamification and collaboration as isolated
interventions, this thesis conceptualises them as complementary design strategies that jointly shape how the
workers perceive, engage, and sustain effort in crowdsourcing tasks. Combining results from an exploratory

empirical study, a scoping review, and a collaborative experimental study, the thesis expanded knowledge
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about motivational design in crowdsourcing. Collectively, the results present evidence that worker engagement
and performance are not only influenced by task characteristics, but also by the social and motivational
structures embedded within the system. Rather than the motivator being the feature of an individual's
gamification, the findings indicate that successful motivational design is determined by the interaction between
task design including feedback mechanisms, social participation opportunities, and workers’ psychological
needs.

The first study was focused on worker engagement and performance based on three common crowdsourcing
task types: image labelling, text classification, and survey completion. This study indicated that the image-
labelling task engaged workers more than other tasks, and that the task interest was, after monetary reward,
among the strongest task-selection preference. While the study was not inherently built from the perspective
of SDT (Ryan and Deci, 2000), certain observed behaviours can be interpreted through SDT, including the
need to reinforce workers’ perceived competence and autonomy. Simultaneously, the largely individual nature
of the tasks offered limited social engagement and relatedness. This observation suggest that features of
collaborative design and interactivity could be potential important ways to increase engagement beyond what
can be accomplished just by task design. These findings are consistent with other crowdsourcing work, where
systems are often optimised for achieving tasks independently and at a throughput that reduces social
interaction, coordination, and collective sense-making (Bederson and Quinn, 2011, Kittur et al., 2013).
However, they extend this literature by showing that the resulting engagement deficit is not intrinsic to the task
but follows from the limited support for relatedness in conventional designs, a gap the later studies were
designed to address. Importantly, the contribution of the exploratory study was not limited to specifying the
differences between types of tasks. It emphasised that engagement is not solely determined by the nature of
the task itself, but also by the extent to which the task environment supports workers’ psychological needs.
Such an observation serves as an empirical basis for a more systematic examination of motivational design in
the subsequent scoping review and led to the adoption of Self-Determination Theory and Flow Theory as the
principal theoretical lenses used throughout the remainder of the thesis (Csikszentmihalyi, 1990),
(Csikszentmihalyi, 1997, Ryan and Deci, 2000). Building on these findings, the scoping review investigated
gamified crowdsourcing platforms following the four archetypes suggested by (Geiger et al., 2012): crowd-
processing, crowd-solving, crowd-rating and crowd-creating. The review further identified that, despite having
been used to a large extent as an engagement trigger, gamification implementations are often just superficially
integrated, and the focus is predominantly on points, badges or leaderboards (PBL) without appealing to
fundamental motivational foundations. This is consistent with recent gamification literature that indicates that
“PBL”-type designs are prevalent and are prone to competitive/achievement framings even when deeper
motivational alignment is intended (Hamari et al., 2014, Koivisto and Hamari, 2019). The key important

contribution of the review was the identification of an imbalance in the current evidence base. While
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competitive and achievement-oriented mechanisms were broadly addressed, collaborative, socially oriented,
and intrinsically motivated methods received comparatively less attention. Features that support relatedness,
shared goals, teamwork, communication, and collective participation were relatively rare despite their strong
theoretical connections to Self-Determination Theory. This finding suggested that many crowdsourcing
systems focus on stimulating participation through external incentives while providing limited support for
deeper motivational processes associated with engagement (Renard and Davis, 2019). The review thus
revealed a notable gap: the absence of systematically well designed, theory-aligned, and socially relevant
gamification in crowdsourcing systems. This gap justified the experimental system developed in this thesis,
which combined extrinsic rewards (points, levels) and intrinsic motivational resources (collaboration,
communication, and joint goals). Importantly, the review outlined that the motivational mechanisms should
not be considered in isolation, but it should be interacting components whose effectiveness depend on how
they are configured, sequenced, and integrated within the broader system design. In this way, the review shifted
the focus of the thesis from examining gamification components individually toward understanding the
gamification as a configuration problem. These insights directly informed the design of the collaborative
experimental platform and selection of the motivational mechanisms assessed in the final study.

Lastly, we instantiate these conceptual and empirical characterisations in a collaborative gamified
labelling platform and gauge it under four conditions: Full-Features, Chat-Only, No-Elements and Individual.
In this last phase, the experimental study functioned as a test of theoretically informed motivational validation
mechanism focus rather than simple comparison of isolated feature. The findings indicated that the
motivational mechanisms were most effective when implemented as part of integrated system combined
feedback social communication, shared goal and performance awareness (Csikszentmihalyi, 1990,
Csikszentmihalyi, 1997, Ryan and Deci, 2000). The full-Features condition provides stronger engagement and
performance outcome than the conditions containing fewer motivational features, together with lower
perceived workload on key NASA-TLX dimensions (effort, frustration, and temporal demand). These findings
suggested that the collaborative gamified system reinforce one another when designed around shared goal,
social interaction and meaningful feedback. Thus, the results demonstrated that the benefit of motivational
design does not arise from the inclusion of specific feature solely, but from the relationships between those
features and the extent to which they collectively support the workers psychological needs. Collectively, the
three studies have demonstrated the consistent theme that the effectiveness of motivational design in
crowdsourcing cannot be explained solely by the presence or absence of individual gamification features.
Rather, motivation arises out of the interaction between task characteristics, feedback structures, social
participation opportunities, and workers’ psychological needs. Thus, the contribution of this thesis is not
merely to demonstrate any particular design features. It offers empirical support that motivational mechanisms

ought to be configured as coherent systems that align with established motivational theory and the contextual
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requirements of the task. Through empirical observation, literature synthesis, and experimental evaluation, this
thesis proposes a theoretically grounded and empirically validated framework for designing and developing

collaborative crowdsourcing systems to increase worker performance and engagement.

8.3 Contributions to knowledge and Practice

Results from this thesis, taken as a whole, combine to make substantial contributions both to theory and
practice in the fields of crowdsourcing, gamification and human motivation. This research integrates
behavioural, theoretical and experimental perspectives across the three empirical studies to propose a coherent
and theoretically informed analysis of how motivation and cooperation mechanisms work together to influence
performance and engagement in crowdsourced image-labelling task. These contributions are developed and

interpreted in full below, they are restated in summary form, mapped to the research questions, in Chapter 9.

8.3.1 Theoretical Contributions

This study takes existing concepts further in a number of related respects. By combining SDT and Flow Theory
in a collaborative crowdsourcing environment, this study has shown that motivation in digital labour is not
explainable by incentive structures of isolation. High level of engagement is achieved when system functions
together to satisfy autonomy, competency and relatedness, which are the key concepts of SDT, while
maintaining the balance between challenge and skill, as described by Flow Theory (Csikszentmihalyi, 1990,
Csikszentmihalyi, 1997, Ryan and Deci, 2000). Theoretical progress is achieved by considering motivation as
an emergent property of interacting design elements instead of being the sum of independent motivational
levers (Deterding et al., 2011). In this sense, the collaboration fundamentally reshapes how motivation needs
were felt by the workers within the task environment, not only amplifying the engagement. Motivation is
socially located, reinforced through feedback, and maintained through shared progress instead of through
individual reward accumulation (Ryan and Deci, 2000). This builds on previous gamification perspectives
which frequently assess mechanics as isolated “features”, by proving that their motivational role depends on
how they are associated with coordination resources (e.g., feedback visibility, shared progress cues, and
synchronous interaction) rather than on the existence of any one single element (Deterding et al., 2011, Hamari
et al., 2014, Koivisto and Hamari, 2019). An important theoretical approach is to show how motivational
mechanisms are not independent but supportive and complement each other when well designed. As we see,
the interactions between structured challenge (Flow), meaningful social presence (SDT-relatedness), and
autonomy-supportive features produce motivational experiences which are qualitatively different from those
generated by any single mechanism taken in isolation (Csikszentmihalyi, 1990, Csikszentmihalyi, 1997, Ryan
and Deci, 2000). This supports a more integrated model of motivation in crowdsourcing, which acknowledges
both the individual’s accountability processes as well as the social dynamics of real-time collaboration (Kittur
et al., 2013, Retelny et al., 2014). To this end, the thesis resonates with coordination-focused views of crowd

work that focus on structuring collaboration and gamification so that teams can reliably converge under
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uncertainty rather than assuming that more participation automatically produces better outcomes (Retelny et
al., 2014, Valentine et al., 2017).

The research also revises the (Geiger et al., 2012) archetypal classification by finding a hybrid form
that combines the features of both crowd-processing and crowd-creating. The gamified collaborative labelling
environment discussed in this thesis represents a transitional archetype where individual tasks contribute to
emergent collective understanding through synchronous interaction communication and feedback (Geiger et
al., 2012, Geiger and Schader, 2014). This refinement builds on crowdsourcing theory by indicating that
modern systems appear to be blurring the line between structured task completion and collective knowledge
production (Kittur et al., 2013, Prpi¢ et al., 2015). By demonstrating that workers collaboratively build higher-
level understanding by means of collective feedback, team discussion, and agreement dynamics, the results
indicate a new category of “collaborative micro-creation”, that exists in between established archetypes. This
conceptual contribution widens the existing taxonomies to better reflect modern and interaction-rich
crowdsourcing systems (Geiger and Schader, 2014, Prpi¢ et al., 2015).

8.3.2 Methodological Contributions

Methodologically, the thesis provides a multi-phase mixed methods research design and evaluation
framework that integrates behavioural performance metrics, as well as a psychometric measures and
communicational data within controlled experimental conditions (Creswell and Clark, 2017, Denzin, 2017).
At the methodological level, the thesis combines such techniques as accuracy measures, agreement strength,
workload indicators and constructs of involvement into a robust method for assessing the psychological and
performance effects of design interventions in mass systems (Hart and Staveland, 1988, O’Brien et al., 2018).
Its contribution here means that future research on motivation may well follow the example it sets as human—
Al or human—collective projects (Kittur et al., 2013). This multi-phase mixed methods approach enhances
methodological practice in multiple ways:

e [t demonstrated how short-term motivational dynamics can be captured in real-time collaborative
environments using behavioural logs and validated psychometric scales (Hart and Staveland, 1988,
O’Brien et al., 2018).

e Itillustrated the analytical benefit of using agreement-based and consensus-oriented metrics alongside
accuracy measurements when investigating collective intelligence (Chafetz, 2005, Kittur et al., 2013).

e It has provided an experimental blueprint for evaluating crowdsourcing systems that combine social
communication and gamification, domains which are often descriptively rather than empirically
treated (Deterding et al., 2011, Retelny et al., 2014).

These methodological contributions strengthen future research on the motivation of digital labour and human—

Al collaboration.
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8.3.3 Practical and Design Contribution
At a practical level, this thesis provides insights for the design and management of crowdsourcing systems:
guidelines for architecture and tools that take gamified collaboration into account (Deterding et al., 2011). The
results show that gamification works best when it is built within collaborative workflows rather than added on
as a surface-level motivator layer (Hamari et al., 2014, Nicholson, 2014). Characteristics like levels,
communication channels feedback mechanisms, and peers answers visibility are designed to work together
and be consistent with intrinsic motivational principles (Ryan and Deci, 2000, Csikszentmihalyi, 1997). From
the design perspective, the effective collaboration and gamification required coherence across social, feedback,
and challenge structures. Systems promoting shared goal, progressive challenge calibration, and transparent
performance feedback are better able to maintain engagement and performance thus the data quality (Retelny
et al., 2014, Valentine et al., 2017). Crucially, reliance on purely financial incentives is reduced by fostering
internally regulated motivation (Ryan and Deci, 2000). The following design-focused principles are thus
proposed in the thesis:
e Real-time communication resources that support shared problem-solving and relatedness (Ryan and
Deci, 2000, Retelny et al., 2014).
e Structures of progressive challenge (levels, escalating honeypots) that maintain flow while avoiding
disengagement (Csikszentmihalyi, 1997).
e Feedback loops that provide timely competence-supportive cues without overwhelming or distracting
workers (Ryan and Deci, 2000, Nicholson, 2014).
e Fair reward mechanisms and transparent team structures that maintain trust and perceived equity
(Retelny et al., 2014, Ryan and Deci, 2000).
For a platform developer and practitioners, the thesis research provides evidence-based guidance on how to
balance extrinsic and intrinsic rewards. Gamified cooperation can improve engagement and performance
without raising expenses, as long as incentives support rather than replace intrinsic motivation (Hamari et al.,
2014, Retelny et al., 2014, Ryan and Deci, 2000). By doing this, it helps both academic understanding and the
practical development of collaborative human computation systems (Kittur et al., 2013). Finally, this thesis
has shown that theoretically grounded behavioural analytics can guide actual design decisions. By
incorporating insights from motivational psychology, HCI, and human computation this work outlines a
replicable model for translating theory into scalable system design. That, in turn, adds to academic knowledge
together with contributions that can be applied in the practical field of collaborative human computation

systems.

8.4 Limitation and Methodological Reflections
As with any empirical research study, the studies presented in this thesis, are subject to certain limitations.

These limitations basically are not deficiencies in the research design, but its primarily reflect the
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methodological constrains associated with conducting multi-phase mixed-method investigation and evaluating
real-time collaborative system with online workers. Recognising the conditions presence makes our research
more transparent and suggests new directions for future studies advancing collaborative human computation
into the realm of gamification. Thus, these limitations are not perceived as shortcomings, but rather reflective
boundaries that frame the interpretation and transferability of the findings

8.4.1 Constraints and Environment Design Issues

We conducted these studies in controlled yet simulated environments, striking a balance between the accuracy
of an experiment and its ecological veracity (Shadish et al., 2002). In spite of Amazon Mechanical Turk’s
access to diverse populations, its workforce may not represent the vast array of potential contributors to open
projects (Difallah et al., 2018, Hara et al., 2018, Martin et al., 2017). Differences in cultural background, task
familiarity and intrinsic motivation could dramatically influence people's perceptions about how gamification
and collaboration affect them. Accordingly, the findings should be understood as an outcome of a subset of
experienced, platform-aware crowd workers instead of universal crowds. So, while those image-labelling tasks
might be good for testing engagement and performance, they are just one type of creative crowd work. Results
could well differ for text-based or ideation tasks requiring complex reasoning and creativity (Kittur et al.,
2013). Further constraint is in the task domain specificity, Galaxy Zoo images provide a wealth of visual cues
and clear category boundaries; However, the same motivational structures may not work for other
crowdsourcing domains including dialogue annotation, creative ideation, or subjective judgment tasks. This
highlights the importance of task—motivation alignment for generalising collaborative gamification strategies
beyond visual tasks. Another contextual limitation that should be mentioned concerns the temporal nature of
participation. Each experimental session recorded short-term engagement within discrete task levels, rather
than letting people interact for days on end or over multiple projects at a stretch. As a result, the conclusions
represent immediate motivational effects instead of a need developed in later contextualisation. As such, long-
term motivational sustainability, habituation impact, and the effects of something novel are still open research
questions (Hamari et al., 2014, Koivisto and Hamari, 2019). Therefore, while the findings demonstrated a
strong short-term effect, future work is needed to determine whether these effects persist across a longitudinal

study or if novel effects fade over time.

8.4.2 Measurement and Analytical Considerations

Though many kinds of validated quantification tools (UES, NASA-TLX) and rigorous accuracy metrics were
used, outfitting participant self-reports still could not escape the shadow of bias (Hart and Staveland, 1988,
O’Brien et al., 2018). Maybe subjects responded under the influence of presupposition or temporary emotion,
preferring at any rate to describe a stable state as if it were instead of an unsteady past. These limitations are
also inherent in self-reported motivational measures, reiterating the requirement for triangulation (Denzin,

2017). To identify and resolve this issue, we supplemented the subjective feeling data with objective
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behavioural information, for instance completion times, interaction logs, and chat messages. Nevertheless,
further research in the future might amplify validation by adding physiological or subconscious touchstone
indicators.
Moreover, although non-parametric methods were appropriate for the analysis which was a consequence of
skewed distributions, future work could involve the application of advanced modelling methods such as:

e Multilevel models that capture team-level variance (e.g., to model varying team size produced by

dynamic formation as a grouping factor).

e Agent-based simulations exploring emergent patterns of collaboration.
Such methods would provide further critical insights into the interdependence between collaboration,
performance, and engagement. Specifically, hierarchical and network-based models may be more suitable to

account for the recursive feedback in collaborative crowd work (Kittur et al., 2013).

8.4.3 Methodological Reflections

There were many difficulties in conducting real-time cooperative experiments which affected methodological
decisions. The variation of Internet connections and response latencies caused slight asynchrony for
participants in the shared workspace. The study compensated for this by employing server-side time
calculations and checking data, but minute differences in time still could have impinged upon feelings of
collaboration flowing well. This highlights a challenge in studying synchronous collaboration in distributed
online environments. Although the bulk of inconsistencies were reduced as a result of technical mitigation
solutions, micro-latencies still appear to be inevitable features of online experimentation in real time (Retelny
et al., 2014, Valentine et al., 2017). The process of filtering out unreliable or unfocused workers was a
necessary measure to maintain data quality and also sometimes resulted in a shrinking of condition sample
sizes. This reflects a typical methodological conflict between internal validity and ecological realism in
crowdsourcing research (Kittur et al., 2013, Shadish et al., 2002). By recognising these limitations, this thesis
provides both empirical evidence and a methodological perspective on the pragmatic aspects of undertaking

robust collaborative crowd experiments at scale.

8.5 Conclusion

This chapter has synthesised the facts and theoretical insights from the numerous research studies contained
within this thesis to explain how motivational and collaborative design can be used to improve performance
and engagement in crowdsourcing tasks. Its purpose has been interpretive: to position the cumulative evidence
in relation to Self-Determination Theory, Flow Theory, and prior crowdsourcing work, and to draw out what
the findings mean rather than to restate them. The thesis’ original research concluded that participation in
crowd work is not stimulated by any one reward but by a family of motivation mechanisms that effectively
link individual effort to collective outcomes. Throughout the research, this thesis demonstrates that motivation-

based gamification works best when it is based in a context of structured, socially interactive task environments
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that support autonomy, competence, and relatedness while maintaining an appropriate challenge—skill balance.
These findings extend SDT and Flow Theory by applying them to multi-worker, real-time situations in which
intrinsic motivation arises as a collective phenomenon in a real-time collaborative context. The corresponding
design principles, the consolidated answers to the research questions, and the forward-looking agenda are
presented in Chapter 9. Finally, the methodological reflections provided in this thesis highlight the intricate
task of achieving true motivation in a digital context and suggest a practical direction for future work aiming
to reconcile experimental control with ecological validity. Together, these interpretation position collaborative
gamified crowdsourcing as a viable and theoretically sound means for designing high-quality, human

computation systems.
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Chapter 9 : Conclusion and Future Work

9.1 Overview of the Research

The aim of this thesis study was to explore how motivational design, gamification and real-time collaboration
can contribute to improve workers engagement, performance and experience in crowdsourcing image-labelling
tasks. Across the three linked studies, an exploratory examination of the task-selection strategies, a scoping
exploration of gamified crowdsourcing, and large scale collective gamified study, this research systematically
constructed a multi-phase mixed methods research, understanding of the factors that successfully effective and
motivating the workers in digital online community environments. These studies, collectively, were designed
as a cumulative research programme rather than stand-alone studies, which would enable behavioural
observation, theoretical synthesis and experimental validation to inform the following study. The central
argument of the thesis is that the best crowdsourcing systems are those that combine motivational design
elements with social collaboration, rather than only extrinsic incentives or isolated gamified features. The
findings across the studies indicate that engagement and accuracy are most effective when workers are
provided with a sense of autonomy, competence, and social connectedness, consistent with SDT, and when
they enjoy a task experience that maintains the balance of challenge and skill as posited by Flow Theory.
Instead of treating motivation as an individual or static feature, this dissertation shows that motivation in
crowdsourcing appears to be a dynamic and socially situated phenomenon influenced by the design of the
system, the structure of the interactions and the feedback mechanisms. The collaborative gamified system
described in Chapter 6 operationalised these, with far higher engagement, better agreement and decreased
perceived workload than those without collaboration or with no gamification. Moreover, this thesis
demonstrates that crowdsourcing is becoming more than conventional task paradigms. The findings indicate
that in circumstances when collaborating and gamifying are effectively intertwined, tasks can promote
collective sense-making, rather than standalone execution. The gamified collaborative environment we created
displays aspects of hybrid crowdsourcing type, crowd-processing orientation, supplemented by crowd-rating
mechanisms and selective collaborative elements that partially overlap with those typically associated with
crowd-creating. This reveals the emergent category of hybrid crowdsourcing where tasks are nested in socially
enriched systems that promote collective solution. In particular this conceptual contribution extends existing
crowdsourcing archetypes by illustrating how a real-time collaboration may lead to a transformation on task
output without giving up on the scalability of tasks. The thesis also states the necessity for crowdsourcing
systems based on human motivation, not only labour cost efficiencies. On contrary, when gamification is
properly embedded within collaboration, not just as a superficial reward, or as a structured way to address the

psychology of engagement, it can offer high-quality engagement even in repetitive and tedious work such as
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image labelling. This thesis posits motivationally aligned collaborative gamification not merely as an optional
addition, but as a fundamental design technique for forthcoming crowdsourcing and human—AlI systems.

The findings from Chapters 4, 5, and 7 cumulatively demonstrate that collaborative and gamified task designs
significantly affect worker engagement, performance, and agreement quality in crowdsourcing contexts, as
outlined in the overarching thesis research questions. Worker performance and engagement are affected not
only by the task types or rewards but are also shaped by the motivational design and the interaction
frameworks. Gamification, when integrated with real-time collaboration instead of being applied in isolation,
produces improvement in accuracy, agreement strength, and engagement level. Social contact mechanisms, as
well as, especially synchronous communication, serve as essential facilitators of coordination, consensus-
building, and intrinsic motivation. Overall, these findings produce a direct and comprehensive answers to the
thesis research questions by demonstrating that the effective crowdsourcing system should integrate the
motivational resources, as well as the social and structural design features to enhance the workers’ engagement,

and outcome quality.

9.2 Thesis Research Questions
The structure of this thesis was organized into four research questions addressed by a study each with a distinct
contribution.

RQ1 How do workers' performance and engagement vary across different crowdsourcing task types?
Addressed by the exploratory study (Chapter 4), which established that performance, engagement, and
perceived workload systematically differ between image, text, and survey tasks, and that task interest ranks
second only to monetary reward in task selection, a finding that highlights the primary design lever (C1) of
intrinsic interest.

RQ2 How have additional task features (e.g., gamification elements) been applied across the main

crowdsourcing archetypes? Addressed by the scoping review (Chapter 5), which mapped literature (146
studies) and identified a predominance of competitive, points-based gamification and a comparative lack of
investigation of collaborative supporting design (C2).

RQ3: How can such features be systematically designed and integrated to improve workers' performance and
engagement in image-labelling tasks? Addressed by the design and development of the collaborative gamified
platform (Chapter 6) that instantiated SDT- and Flow-based mechanisms over four configurable conditions
(C3).

RQ4: How do such features affect the reliability of crowdsourcing outcomes, particularly worker agreement
and data quality? Addressed by the experimental evaluation (Chapter 7), that found that the Full-Features
condition had a significantly better labelling accuracy and agreement strength and lower perceived workload

than the reduced and individual conditions (C4).
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9.3 Summary of Key Findings
This study has made significant empirical and theoretical contributions to the literature on how worker
engagement and workload, as well as data quality, are influenced by collaborating gamification in
crowdsourcing environments. In a controlled series of experiments with the pairing of participants engaged
in real-world image-labelling tasks, we find that people who complete tasks in collaborative environments
exhibit both significantly higher engagement and accuracy relative to those not using the gamified or
interpersonal task conditions. Full-features participants (i.e., collaboration with scoring, feedback, levels,
chat, and leaderboard) achieved the highest engagement scores across all conditions. They managed also to
obtain greater levels of agreement and accuracy, indicating that the social and feedback-based components
increased attentiveness and decision-making consistency. They also reported lower perceived workload on
key dimensions (effort, frustration, and temporal) in comparison to those not collaborating, suggesting that
providing real-time collaboration and feedback reduced perceived workload without compromising
performance. Teams with low levels of gamification (e.g., Chat-Only) showed average engagement and
higher workloads, and individual players had the lowest engagement but higher workloads on average. These
differences were statistically significant (full test statistics and effect size that reported in Chapter 7 and
interpreted 8), indicating that integrated gamified collaboration is more effective than isolated approaches.
The contributions therefore offer empirical evidence that joint resources applied from motivational
and collaborative perspectives, drawing on the SDT and Flow Theory, can foster intrinsic motivation,

maintain engagement, and contribute to better-quality outcomes in human-Al data-labelling workflows.

9.4  Thesis Contributions

This research contributes to the theoretical, methodological, and practical aspects of crowdsourcing, human-
computer interaction, and motivational design. The contributions are defined here in summary form and
mapped to the studies; they are developed, interpreted, and positioned against the literature in Chapter 8. The
thesis progresses through three main studies, each one producing a distinct contribution (C1-C4); these together
advance our knowledge on understanding how motivational and collaborative mechanisms influence
performance and engagement in the field of crowdsourcing. Across studies, worker outcomes are consistently
examined across three dimensions, performance, engagement, and perceived workload. Performance is
operationalised progressively based on each study's design, baseline task accuracy in the exploratory Study 1
(C1), accuracy-related outcomes synthesised from the literature in the scoping review (C2), and labelling
accuracy and worker agreement strength in the experimental Study 3 (C4).

C1 — Empirical insight into how workers perform and engage in baseline crowdsourcing tasks

This thesis provides an empirical insight about workers behaviour, at the performance, engagement, and

perceived workload across baseline crowdsourcing tasks on various task types, including 750 crowd workers

recruited through Amazon Mechanical Turk. It indicates how differences in task characteristics influence
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performance, engagement, perceived workload, with performance captured through baseline accuracy. This
study sets a basis for interpreting worker behaviour within the following gamified and collaborative designs.
It contributes to enhancing the theoretical understanding of worker diversity, motivation, and behaviour in
large-scale crowd environments, as well as providing empirical evidence in the context of task selection and
participation within digital labour markets.
C2 — A theoretical synthesis on motivation-oriented factors in crowdsourcing

This thesis offers an in-depth overview of the way motivational aspects, and particularly gamification design,
have been employed throughout various crowdsourcing archetypes. It broadens the scope of crowdsourcing
studies with an integration of SDT and Flow Theory, which reflects a holistic account of motivation and
engagement. It adopts a systematic mapping methodology to provide an overall picture that answers the
question of why gamification elements can motivate workers, examining how these elements relate to worker
performance (including accuracy), engagement and workload, and pointing out the issue of collaborative
motivational design.
C3 -Methodological Framework for Collaborative Gamified Crowdsourcing
This thesis describes a custom-built experimental platform to support team-effort real-time crowdsourcing
with familiar services from traditional game-playing environments, including chat, levels, and leaderboards,
as well as configurable gamification such as scores and feedback. It serves as a reusable methodological test
platform to investigate synchronous crowd collaboration and includes a combined evaluation pipeline of
behavioural performance outcome measures and engagement questionnaires, NASA-TLX, and the Big Five
Personality Inventory.
This methodological framework provides a strong foundation to examine the critical role that distinct
motivational and collaborative configurations have on the engagement of evidence’s reliability.
C4 — Empirical and Practical Insights into Collaborative Gamification Impact
This work empirically demonstrates that collaborative gamification significantly improves worker
performance (operationalised as labelling accuracy and workers’ agreement), and engagement, while
reducing perceived workload on key dimensions in image-labelling tasks relative to non-gamified settings.
It shows how integrating game design features that fulfil the psychological needs of autonomy, competence,
and relatedness (SDT) can support internal motivation while reducing perceived workload. In application,
C4 informs the construction of motivation human-in-the-loop Al systems by illustrating how collaborative
motivational scaffolding can support the validity of data for training in ML. Moreover, it could help designers
of the next generation of crowdsourcing platforms to design for enjoyment on the one hand and fairness and
productivity in a massive-scale online collaboration on the other. In summary, these contributions:

e Advance theory on how gamification and collaboration interact to influence worker motivation in the

collective digital labour market.
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e Provide a validated methodological description to assess the reliability of gamified systems (including
high levels of internal and the external reliability).

e Provide practical implications for building effective, accurate, and scalable human-Al data pipelines.

These contributions lay the groundwork for next-generation gamified crowdsourcing systems that both

enhance human experience and data quality.

9.5 Future Work

The work presented here can be extended to certain promising directions of future research in multiple ways.
First, longitudinal and cross-platform studies might explore long-term effects of collaborative gamification on
sustained participation, skill development, and trust among crowd workers. Such studies would be particularly
useful, as well, in identifying if motivation effects seen in short-term experimental conditions were maintained
while novelty effects diminished with time. Furthermore, because collaborative teams were formed
dynamically and varied in size (two to five workers), team size was not experimentally controlled in this work,
future work may consider team size as an experimental rather than an emergent property of dynamic
assignment by comparing fixed compared to variable team sizes and skill-based groupings in order to examine
how a team-formation design influences consensus, coordination, and labelling quality. Secondly, the new
designs could investigate adaptive gamification, wherein mechanics are dynamically modified to worker
performance and emotional states with the support of real-time analytics. Adaptive systems could enable
motivational scaffolding to adapt to shifting levels of engagement, workload, and collaboration quality at both
the individual and team level. Third, the inclusion of Al-mediated facilitation, for example, automated
moderation, intelligent feedback, or a hybrid human—AlI collaborative approach, could improve the scalability
and inclusivity of complex labelling operations. This is in line with emerging human-in-the-loop and human—
Al collaboration paradigms in which automation complements collective human intelligence rather than
replaces it.

Furthermore, the transferability of this framework to other task domains (e.g., design ideation) may
provide more general insights into collective intelligence and creative collaboration. Qualitative follow-up
studies allow qualitative insights into social interaction patterns, communication quality, and shared motivation
in gamified teams and thus enhance the nascent discussions in human-centred crowdsourcing. These dynamics,
across other task types could help define which boundary conditions the collaborative gamification model is
most able to operate under. By demonstrating this empirical and theoretical synergy, this thesis contributes to
progress towards human-centric crowdsourcing systems that prioritise both worker experience and quality
output. These studies collectively advance the field to modify a new paradigm by which the gamified
collaborative actions enable the crowd not only to contribute but also to co-create a crucial step toward realising

human-centred crowdsourcing systems and paradigms that would underpin the future of digital work.
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9.6 Thesis Conclusion

This thesis has demonstrated that the effective crowdsourcing increasingly lies on enriched, socially and
motivationally aligned collaborative environments rather than on isolated task execution. This research
systematically addresses the thesis questions through exploratory, conceptual, and experimental studies,
demonstrating that engagement, performance, and agreement quality are intricately linked and may be
collectively optimised by deliberate system design. Through the integration of empirical study, review of
existing literature, and experimental evaluation, this thesis demonstrates that the outcomes of workers are
influenced not only by task characteristics but also by the motivational factors and social structures embedded
within the crowdsourcing systems.

The results confirm that crowdsourcing systems should move from pure economic models to human-
centred approaches that incorporate psychological, social, and technological dimensions. This thesis offers a
theoretical framework and a practical guide for developing advanced crowdsourcing and human—AlI systems
that are efficient, engaging, and meaningful for participants. Instead of treating gamification and collaboration
as individual interventions, the results suggest that their effectiveness emerges from how they are designed
and integrated to support workers’ needs for competence, autonomy, and relatedness. Engagement emergent
not as consequence of a particular design elements, but as product of interaction between the task features,
feedback mechanisms, social participation opportunities, and motivational support together.

Generative Al technologies have rapidly altered the realm of crowdsourcing, especially in the context
of data annotation, content creation, and human-Al collaboration workflows. Tasks were traditionally handled
by crowd workers, such as image labelling, text classification, and producing content which could now be fully
or partially automated through advanced, large language models and vision systems. This evolution does not
reduce the importance of crowdsourcing, but it has redefined its function. Human workers are increasingly
positioned as validators, collaborators, and coordinators of Al-generated outputs rather than being the sole
producers of data. In this context, the findings presented in this thesis gain additional significance. The
highlighted significance of engagement, collaboration, and agreement strength within human teams directly
applies to hybrid human—AlI systems, where improving motivation, trust, and coordination are essential. The
same motivational issues that we addressed throughout this thesis, involving engagement, supporting trust,
organizing coordination, and encouraging effective participation, remain critical when humans and Al
technology play collaborative roles.

Moreover, the thesis presents a promising model for merging human intelligence with generative Al
systems through the development of collaborative gamified environments. For example, these systems could
be enhanced to facilitate Al-assisted labelling processes, resolve disagreements between human- and Al-
generated outputs, or collectively validate the created content. Such environments would benefit from the

complementary strength of human judgment, collective intelligence, and Al, rather than treating these
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capabilities as competing alternatives. This indicates that the future of crowdsourcing should concentrate on
developing frameworks where human motivation and collective intelligence work in tandem with ever-
advancing generative models rather than simply substituting human labour with Al

In conclusion, this thesis argues that the of crowdsourcing becomes not about a decision between
human workers and intelligent machines, but about designing systems in which the two can effectively work
hand in hand together. Through the confluence of motivational theory, collaborative systems design, and
empirical analysis, the thesis offers a basis for the next generation of crowdsourcing and human—Al
collaboration contexts that are meaningful and productive for their participants. In summary, this thesis shows
that collaborative gamification may turn crowdsourcing from fragmented individual labour into meaningful,
socially connected collaboration. The interplay between motivational design and cooperative task structures
shows that engagement and performance do not have to be mutually exclusive: in fact, they are mutually

reinforcing.
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Appendix A

A.1 Ethics Approval for Study 1

11/28/25,7:49 PM CIS Ethics Approval System — Computer and Information Sciences — local.cis

Computer and Information
Sciences - local.cis

University of

Strathclyde o

Glasgow =

or for staff and students

Home Ethics Events ’ Safety ‘ IT Support ’ Teaching Utilities

Browse Home / Utilities / CIS Ethics Approval System
CIS Ethics Approval System
You are Huda Banugqitah (Research Student - 202084148)
Return to Main
Application ID: 1399
Title of research:
Inequality of contribution in crowdsourcing
Summary of research (short overview of the background and aims of this study)
As part of my PhD, | am investigating the inequality of contribution in crowdsourcing workers tasks. Classification of Twitter content, Image classification, and Survey
are tasks which are part of an ongoing research that examine and analyze the users’ contributions in different task types on crowdsourcing platforms. This can help
us to determine the inequality of contribution that can be in such platforms of participants and then develop a strategy to retain the workers, so not to drop out of
Crowdsourcing platforms. The tasks that the Participants or workers from Amazon Mechanical Turk (AMT) and Appen crowdsourcing platform will perform are:
Classification task Is asking the workers to categorize each tweet into one of the nine categories.
Image Classification task is asking the workers to categorize dog images into its breeds
Survey task contains two part the first part asking the participant about demographic information such as gender, age, field of study and employment and the
second part is asking questions about the E-leaming effect on some practical courses in current pandemic
All of the three tasks will be outsourcing to participant in crowdsourcing AMT and Appen platforms website. The tasks were chosen as representative of the most
common tasks on crowdsourcing platforms
How will participants be recruited?
Limited number of participant (around 100 participants) are needed to conduct each tasks In this study. For ecological validity, the participant will be recruited to the
study in the normal way via crowdsourcing service. The tasks will be posting in the crowdsourcing website stating the detalled of the task. Participants who will ac-
cept the task posted on the website can complete the task and the researchers will be notify from the platform via email
We have estimated that the tasks will take about 10 minutes to complete per participant. After discussion with colleagues, we have agreed US$8.50 a fair rate of
payment that is within the realms of normal payment by a University team. This equates to US$1.5 per task including a lite reading time. To safeguard against
spamming attempts a minimal performance level is typical in crowdsourcing —we have agreed a low level for payment and will pay all workers who correctly answer
at least ¥ of questions.
there are no explicit inclusion or exclusion criterias except AMT rules restrict to adults (18 and over) who registered on a crowdsourcing platform such as AMT or
Appen
https:/Mmww.mturk.comvhelp#who_completes_the_tasks_and_how
Can you add some detall about the Inclusion and exclusion criteria please of participants so | can get a sense of which population you are working with to ensure
there are no specific considerations to review?
What will the participants be told about the proposed research study? Either upload or include a copy of the briefing notes issued to participants. In particular this
should Include detalls of yourself, the context of the study and an overview of the data that you plan to collect, your supervisor, and contact detalls for the
Departmental Ethics Committee
PDF File: View document
On Amazon Mechanical Turk and Appen Platforms, the following will be used to advertise the tasks
1. Classification Task: The goal of this task is to categorize each tweet into one of the nine categories given below. These tweets were collected during some crisis
emergency situation. Please, read the text carefully and decide only based on the content of the tweet, you do not need to access any of the URLs in tweets. The
task will be followed by a short questionnaire as part of our research.
2. Image Classification Tasks: The goal of this task Is to view different dogs Images and categorize them each based on their breeds. The task will be followed by a
short questionnaire as part of our research,
3. Survey Task: The goal of this survey is to analyze the student's point of view related to E-Learning of some practical course in pandemic situation. The task will be
followed by a short additional questionnaire as part of our research
The link For the short Questionnaire on Quailtric “https://strathscl.qualtrics.com/|fe/form/SV_0UsBWQ9H5uD GIDU
How will consent be demonstrated? Either upload or include here a copy of the consent form/instructions issued to participants. It is particularly important that you
make the rights of the participants to freely withdraw from the study at any point (if they begin to feel stressed for example), nor feel under any pressure or obligation
https://local cis_strath ac uk/wp/extras/ethics/?view=1399 1/2

192



11/28/25,7:49 PM CIS Ethics Approval System — Computer and Information Sciences — local.cis
to complete the study, answer any parti ion, or any particular task. Their rights regarding i data should also be made explicit.
PDF File: None.
The first page of the Tasks will include the consent details, which will make it clear for participate that:
a Their participation they will be and kept
b. Their participation is voluntary.
c. Participants have the right to withdraw at any time before submitting their responses.
d. The survey questions should not cause any discomfort. Yet, participant have the right not to answer any question that they feel uncomfortable with.
e. The electronic data of the tasks will be stored on crowdsourcing platforms servers. The survey data will be stored on Qualtrics server.
1.1f par have any regarding their participation in this study. they can contact the orthe D Ethics C via email

What will participants be expected to do? Either upload or include a copy of the instructions issued to participants along with a copy of or link to the survey, interview
script or task description you intend to carry out.

PDF File: None.

PDF File: None.

The participant from crowdsourcing platforms will be allowed to submit up to 20 tasks plus one post-task questionnaire.

What data will be collected and how will it be captured and stored? In particular indicate how adherence to the Data Protection Act and the General Data Protection
Regulation (GDPR) will be and how icil jality will be handied.

a No p or will be collected except for the worker's platform 1D. An anonymous data set will be created once the study is
complete by replacing worker IDs with randomly generated ones.

b. To allow deletion upon request a table of real platform IDs to random IDs will be kept on secure department storage and deleted at end of PhD.

g. Identifiable data will be stored on Qualtrics server and Crowd platform servers until the end of the study.

How will the data be p ? (e.g. lysed, rep integ with other data, etc.) Please pay particular to how p or
sensitive data will be handled and how GDPR regulations will be met.

a The collected data will be used only for this investigation.

b. The data will be secure and restricted to the researcher and the researcher’s supervisors.

c. The data will be processed analyzed based on the researcher goals, using statistical tools as SPSS, there will be no attempt to deanonymize the data.

d. The electronic data of the tasks will be stored crowdsourcing platforms servers. The survey data will be stored on Qualtrics server and a copy will be stored on the
researcher’s strathcloud for analysis purposes.

e. The data will be compared with other sources such as related results from related research papers.

1.A report of finding of this study might be published as a journal article or conference proceeding. The collected data will not include any information that could
identify individual participant

How and when will data be disposed of? Either upload a copy of your data management plan or describe how data will be disposed.
PDF File: None.

Crowd platform and Qualtrics (the non-anonymous data) will be deleted within 30 days of the end of the study.

The transiation table for worker IDs to random IDs will be deleted at end of study on deletion of department account.

No personal data is recorded in the data thus no di procedure is required.

Supervisor's name ( need to ¢ should pi y put N/A).

| confirm that my supervisor has seen and approved both my planned study and this associated ethics application.

https://local cis strath ac uk/wp/extras/ethics/?view=1399
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A.2 Users ‘Consent Form of Study 1

I am a Ph.D. student at Strathclyde University (Scotland, UK), aiming to make crowdsourcing platforms safe
and fair. My research aims to improve the overall quality of crowdsourcing platforms by developing techniques
that help to engage the workers in the crowdsourcing platforms.

Your collaboration is highly appreciated, and your input is very important to us for scientific purposes. We
will ask you to answer ten short, single question tasks and to complete a short survey, the tasks are described
in the instructions along with examples of questions and answers.

Your participation is entirely voluntary, and you are free to discontinue at any point. Payment will be made
using standard TURK policy. We have included minimal standards for responses so please complete the tasks
as accurately as possible. (If your answers are below the minimum number of correct answers or your
Qualtrics-survey code is invalid then we will not make a payment). It will take around five minutes to complete
everything and can be done on a mobile phone, table or personal or computer. All existing Amazon Mechanical
Turk workers are welcome to participate.

The collected data will be used only for this investigation, and details may be used in academic publications,
but your identity will be protected. No sensitive personal, or identifiable information will be collected except
for your worker’s platform ID. An anonymous data set will be created once the study is complete by replacing
worker IDs with randomly generated ones. You can request the deletion of your data within two months by
post or direct email to me. After this your data will have been anonymised, so that it will not then be possible

to identify your data in order to delete it.
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A.3 Survey Form of Study 1

General information about you

QIl: Gender: Are you...
Male
Female
Non-Binary
Prefer to Self-Describe
Prefer not to say
Q2: Age: What is your age?
18-24 years old
25-34 years old
35-44 years old
45-54 years old
55-64 years old
Over 64 years old
Prefer not to say
Q3: Please specify your ethnicity.
White
Hispanic or Latino
Black or African American
Asian
Native Hawaiian or Pacific Islander

Other

Prefer not to say
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Q4: Education: What is the highest level of education you have completed?

If currently enrolled, highest degree received.
No schooling completed
Nursery school to 8th grade
Some high school, no diploma
High school graduate, diploma or the equivalent
Some college credit, no degree
Trade/technical/vocational training
Bachelor’s degree
Master’s degree
Professional degree
Doctorate degree
Prefer not to say
Q5: What is your personal status?
Single, never married
Married or in a domestic partnership
Widowed
Separated
Divorced
Prefer not to say

Other (please specify)
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Q6: What is your employment status?
Employed for wages
Self-employed
Out of work and looking for work
Out of work but not currently looking for work
A homemaker
A student
Military
Retired
Unable to work

Prefer not to say
As a Worker in Amazon Mechanical Turk or Appen platforms please answer the following questions

Q7: How long have you been working on crowdsourcing tasks?
Less than one year
1-2 year
3-4 years
Over 4 years
Prefer not to say
Q8: What level of expertise do you have in crowdsourcing tasks?
Beginner
Intermediate

Advanced
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Q9: How many different types of these tasks have you participated in on the platform

This is my first task
2-5 tasks

6-10 tasks

11-20 tasks

More than 20

Q10: How often do you use the following types of devices for performing crowdsourcing tasks?

Always Frequently Occasionally Rarely

Desktop
(laptop  or
personal
computer)

Mobile
(tablet  or
smartphone)

Other
(please
specify)

Q11: What best describes your current location

Office
Home
Mobile

Other, (please specify)

Q12: How many times have you visited the Mrs Planet platform?

10
15

20

198

Very Rarely Never



Q13: Is crowdsourcing the main source of your income?

No
Yes

Prefer not to say

Q14: Rank in order of preference the following criteria that matter to you when choosing to perform
this task? (required) Use Drag and Drop (1 being your most favourite criteria and 9 your least
favourite)

Reward

Time required for completion

The most interesting

Include Creative work

The platform chooses the task for me

Similar to task that you have done before

Levels of difficulty

Includes professional development, education, career path advancement

Other, please specify
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Q15: The following statements ask you to reflect on your experience of engaging with this task. For each

statement, please use the following scale to indicate what is most true for you.

Strongly

Neither agree
Disagree

Disagree .
nor disagree

Strongly

Agree Agree

I lost myself in this
experience

The time I spent doing
the task just slipped
away.

I was absorbed in this
experience.

I felt frustrated while
doing this task.

I found this task
confusing to do.

This task was taxing
This task was

attractive.

This task was
aesthetically
appealing.

This task appealed to
my senses

Doing this task was
worthwhile.

My experience was
rewarding.

I felt interested in this
experience.
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Q16: How well do the following statement describe your personality: I see myself as someone

who

Neither agree
nor disagree

Strongly

Strongly Disagree Disagree Agree

Agree

.. 1s reserved

.. 1s generally
trusting

..tends to be
lazy

..1s relaxed,
handles stress
well

..has few artistic
interests

..1s outgoing,
sociable

..tends to find
fault with others

..does a
thorough job

..gets nervous
easily

..has an active
imagination
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Q17: This scale questions are regarding how do you found the task where 1 is (very not very) and 7 is

(very).

How  mentally
demanding was
the task?

How physically
demanding was
the task?

How hurried or
rushed was the
pace of the task?

How successful
were you in
accomplishing
what you were
asked to do?

How hard did
you have to
work to
accomplish your
level of
performance?

How insecure,

discouraged,
stressed and
annoyed  were
you?

Q18: Is there any feedback, opinion, or question about this survey you want to share with us?
Q19: Important: Please write your Amazon worker' ID here to get your bonus

Here is your ID ${e://Field/Random%20ID}

Please copy and paste this into MTurk

When you have copied this ID, please click the ‘next’ button to submit your survey.
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A.4 Demographic Details of Participants in Study 1

This appendix presents the extended demographic distributions of Amazon Mechanical Turk workers who
participated in the three task types (text, image, and survey). These charts complement the summary figures
presented in Section 4.8.1.

In summary, the extended demographic results confirm the representativeness of the participant pool, showing
a predominance of workers aged 2534, with a bachelor’s degree, working primarily from home on a desktop

device. Approximately half identified as intermediate-level Amazon Mechanical Turk workers with 3—4 years

of experience as shown in Figures A.1-A.5.
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Figure A.1: Marital distribution across the tasks
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Figure A.2: Ethnicity distribution across the tasks
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Figure A.3: Years of experience across the tasks
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Appendix B

B.1 Ethics Approval for Study 3

1/5/26, 12:41 PM CIS Ethics Approval System — Computer and Information Sciences — local

Computer and Information
Sciences - local.cis

Universityof <

Strathclyde - o I

Glasgow P for staff and students

Home Ethics Events Safety | IT Support | Teaching | Utilities
Browse:Home / Utilities / CIS Ethics Approval System
CIS Ethics Approval System
You are Huda Banugitah (Research Student - 202084148)
Return to Main
Application ID: 2728
Parent Application ID: 2548
Title of research:
Motivating Engagement and Performance in Crowdsourced Image Labelling Through Gamification
Summary of research (short overview of the background and aims of this study)
As part of my PhD, | am i gating the effect of gamification on er and per in the Image classification. The Participants or workers from
Amazon mechanical Turk and Appen crowdsourcing platform will be asked to do:
Perform a gamified image ion task g galaxy images according to their morphology.
Complete a follow-up Survey with multiple choice questions about demographic information such as gender, age, field of study and employment, workload, en-
i i on elements ) questions and personality traits questions.

The gamification task webpage will be loaded and rendered to the MTurk workers dashboards and Appen workers on an iframe display.
Our p study in ireing with Ethical app ID (1399) was to investigate the engagement and performance of crowdsourcing workers in dif-
ferent task types. This study will help us to determine the effect of gamifi \ k model on improving workers ‘er t and performance of contribution
in labelling.

How will participants be recruited?
Around 250 participants will be invited to conduct the task in this study. For ecological validity, the participant will be recruited via a crowdsourcing in the normal way.
The survey will be posted on the crowdsourcing website stating the details of the task. When participants who accept the task complete it, the researchers will be no-
tified from the platform via email.

On Mturk and Appen the participants are paid based on the tasks done, we have estimated that the tasks will take about 20 minutes to complete mandatory task with
the post survey per participant. After discussion with colleagues, we have agreed that for the US minimum wage of $8.50/hr, a fair rate of payment that is within the
average payment by university team on MTurk . | will pay the workers 2.858/task on MTurk (as we calcuetaed by minimum wage per hour). The partcipation informa-
tion has been included in the consent information form

It is unclear from the above whether you are paying per hour or per task. Please clarify.

Please also define "task". Is it e.g. completing one label or doing all 20 labels+survey?

It should also be made clearer in the Appendices how points relate to tasks.

Will paying the Appen participants a different rate according to their age (as it looks here) bias the recruitment? Consider paying all participants the same, or clarify
that this is already the case

The mandatory task appears to be 20 labels plus completing the survey. Clarify whether the 20 minutes mentioned here applies to this. Or is it 20 minutes on the la-

belling then 10 on the survey? 20 minutes is not any’ in the App . The time that it will take to perform the mandatory task plus
the survey should be stated on the Appendices including the Consent form.

What will the participants be told about the proposed research study? Either upload or include a copy of the briefing notes issued to participants. In particular this
should include details of yourself, the context of the study and an overview of the data that you plan to collect, your supervisor, and contact details for the
Departmental Ethics Committee.

PDF File: View document

| have amendment a pdf based on the feedback as follow:

At the consent form we clarify more for participant that we will pay them $ 2.5 for submiting the minimum of 20 labels and also we clarify at the post survey in a few
consent sentenses that we will pay them an extra for completing the post survey and we we encourage them to provide as much feedback as possible with mention
that answering every question is not mandatory."

https://local.cis strath.ac.uk/wp/extras/ethics/?view=2728
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On Amazon Mechanical Turk and Appen Platforms, the task will appear on the dashboards, as task title with estimated payment and duration time, the workers could
click on the preview button to read the task instruction and description and decide whether to participate or not. The consent statement with the game instruction of
participating will be display to the workers at the hit preview (see Attached Document)

Image Classification Task: As part of our research into behaviour of crowd-workers, the goal of this task is to view different galaxies images and categorize them
based on the numbers of arms the galaxy presents in the image.

The collected data may be used in academic publications, but your identity will be protected. No sensifive personal, or idenfifiable information will be collected except
for your worker's platform ID. An anonymous data set will be created once the study is complete by replacing worker IDs with randomly generated ones.

The participant will be told that:

You can request the deletion of your data within two months by post or email to me. After this your data will have been anonymized, so that it will not be possible to
Identify your data in order to delete it

In each task we will do the following:

a. In the first task, the participants will be toid that by completing and submitting the tasks they indicate consent o participate in the study.

b. Participants will be told that their participation Is voluntary and there s no harm or risk associated with collaboration to this study.

c. Responses will not be shared with anyone besides the researchers, but their analysis may be published in a scientific venue.

d.All will be ial and ymous

e. Participants have the right to withdraw at any time before submitting the survey.

1. Participants have the right to not answer any question they feel uncomfortable with.

. If participants have any concern regarding their participation in this study, they can contact the researcher or the Department Ethics Committee via email:
ethics@cis.strath.ac.uk.

h. The Qualtric survey link: https-/istrathsci qualtrics. comjfe/form/SV_6zKtHANIWVUZ3IW

It should be made clearer in Appendix 1 Consent form whether the collaboration with other workers on the task is live/syn and that ¢ with oth-
er workers via a Chat function may be involved. It should be made clear that this is anonymous.

In the survey, when you ask for participants' ID, make it clear that they should not enter any other identifying information.

(note a typo on Page 2: "Monterey" should be monetary)

How will consent be demonstrated? Either upload or include here a copy of the consent form/instructions issued to participants. It is particularly important that you
make the rights of the participants to freely withdraw from the study at any point (if they begin to feel stressed for example), nor feel under any pressure or obligation
to complete the study, answer any particular question, or undertake any particular task. Their rights regarding associated data collected should also be made explicit.
PDF File: View document

I have amendment a pdf based on the feedback as follow:

At the instruction set of the task, we clarify for workers the minimum set of tasks requierd for the payment. Moreover we encourge them we mention out that the
tasks will payment will be pased on the points gaind during the tasks. Then we mention the ¢ ofacc Points to monetary Rewards will be by end of
the task. “ Your total points will determine your final payment, ensuring fair compensation for your efforts.”

More over we introduced 2 more bounses for participants in addtion to the honypot qusetions, this based on their collaboration oand agreement during the labeling
tasks, we clarify this by encourage the participant at the instrcution and consent from, the correct answers to the honeypot questions will boost thier scores based on
the number of teams that agree on the comect answer. “ teamwork is crucial, and your team's performance affects your individual and collective scores. Pay attention
to the accuracy as too many incorrect labels may impact your bonus score.” For majority agrement we increased the workers hwo agree with other by 6 cent that's
appear as 6 points in their score, so If the majority of participant (at least 3 out of 5) agree on the same label, each of them will earn an additional 6 points per image.
And for full agreement, If all the workers agree on the same label, all team members will eam an additional 7 points per image which equal to 7 cent.

The first page of the Tasks will include the consent details as shown (See Attached Document), which will make it clear for participate that:

a Their participation will be and kept

b. Their participation is voluntary.

c. Participants have the right to withdraw at any time before submitting their responses.

d. The survey questions should not cause any discomfort. Yet, participant have the right not to answer any question that they feel uncomfortable with.

e The electronic data of the tasks will be stored on crowdsourcing platforms servers. The survey data will be stored on Qualtrics server.

f. If participants have any concern regarding their participation in this study, they can contact the or the Di Ethics Committee via email.

Again, "Monterey" should be monetary

What will participants be expected to do? Either upload or include a copy of the instructions issued to participants along with a copy of or link to the survey, interview
script or task description you intend to carry out.

PDF File: View document

PDF File: None.

I have amendment a pdf of the instructions and consent based on what we dicuss in previous 2 sections.

The participant from crowdsourcing platforms could submitting minimum of 20 from 50 labels task with post survey, or he/she could choose to continue and get more
reward or stop by doing only mandatory task. Then the workers ‘answers will back to the researchers. See below section for more details

What data will be collected and how will it be captured and stored? In particular indicate how adherence to the Data Protection Act and the General Data Protection
Regulation (GDPR) will be guaranteed and how participant confidentiality will be handled.

a. No sensitive personal or identifiable information will be collected.

b. The researcher will abide by the provision of the General Data Protection Regulation (GDPR).

c. The data will be processed and analysed fairly, with limited purposes, and not kept longer than necessary.

d The data that will be gathered from the task is workers nickname and mood image character at the login page (Figure? in the attached file). The starting and end

https://local cis. strath ac uk/wp/extras/ethics/ Wiew=2728
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time of each game level the answer selection of each labelling task and the text messages between the workers. This data will be stores at Crowd platform server.
e. The survey data will be divided into parts: first section is about demographic features such as gender, age, education, devices type used in the task, income level

from the crowd platforms. The second parts Likert scale to The third section about the NASA task load followed by the fourth part
which is the Likert scale questions about the workers’ measure for each mechanism used in the game. Finally, the Big Five personality fraits questions. This will be
stored on Qualtrics server.

g. The analysis of the data will be on a researcher OneDrive.
h. The data will be secure and restricted fo the researcher and the researcher’s supervisors.

What is "mood" in part d? Where is this collected?

How will the data be processed? (e.g. ysed, reported,

sensitive data will be handled and how GDPR regulations will be met.
a. The collected data will be used only for this investigation.

b. The data will be analysed based on the researcher goals, using statistical tools as python and SPSS to measure the workers er workload, p y
traits and analyse the relationship between this to their labelling accuracy and different demographic features, there will be no attempt to deanonymize the data.

with other data, etc.) Please pay particular attention to descibing how personal or

c. The electronic data of the tasks will be stored crowdsourcing platforms servers. The anonymous survey data will be stored on Qualtrics server ( by Enabiing an-
onymous settings in Qualtrics), and a copy will be stored on the researcher's One Drive for analysis purposes.

d. The data will be compared with other sources such as related results from related research papers.

e. A report of the findings of this study will be published as a joumal article or conference paper. The collected data will not include any information that could identify
individual participants.

You should state that Qualtrics will be used in anonymous mode.

How and when will data be disposed of? Either upload a copy of your data management plan or describe how data will be disposed.

PDF File: None.

No personal data is recorded except the workers' IDs that will be stored on Amazon Mechanical Turk and Qualtrics accounts. Within Fourteen days from the end of
the study, all the data will be downloaded into OneDrive and deleted from the AMT server and Qualtrics server. Once it downloaded the data will be anonymised to
be used in further analysis and optional publication in Pure system. Any data that is not published through Pure will be securely destroyed upon the completion of my
PhD degree.

"Any data that will not published through Pure will be removed when i complete my PhD dgree”.

Make dear that this data is being destroyed.

Supervisor's name need toc should probably put N/A).

7 | confirm that my supervisor has seen and approved both my planned study and this associated ethics application.

https:/local cis. strath ac uk/wp/extras/ethics/ iew=2728
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B.2 Consent Form for Study 3

This research is being conducted by myself (Huda Banugitah (huda.banuqitah@strath.ac.uk)) under the
supervision of Dr Mark Dunlop (mark.dunlop@strath.ac.uk) and Dr Sotirios Terzis
(sotirios.terzis@strath.ac.uk) — all members of the Computer and Information Sciences Department, University
of Strathclyde. I am currently a Ph.D. student at the University. My research aims to improve the overall quality
of crowdsourcing platforms by developing techniques that help to retain and improve worker engagement and
performance in image-labelling crowdsourcing. Your collaboration is highly appreciated, and your input is
very important to us. Thank you for considering participating in our study. We have designed a collaborative
game that aims to encourage worker engagement and performance, where you will work collaboratively and
anonymously (by Nickname) with a team of workers to label images of galaxies based on the number of arms
in each image. Your participation will contribute significantly to our research efforts in improving task design
in crowdsourcing platforms. The task will involve labelling up to a total of 50 images. For your participation
in this study, you will be compensated in accordance with common US minimum wage levels $8.50/h. To be
eligible for payment, you are required to complete a minimum of 20 labels and fill in a follow-up survey which
will take around 20 minutes. Your payment of the minimum tasks will be based on the minimum wage levels
$8.50/h for both the labelling and post survey tasks. However, we encourage you to label more images, as
increasing the number of labels completed will result in higher compensation, especially if you collaborate
live with your team to improve the accuracy of the labels. The more correct image labels, the higher your
reward will be. The research was granted ethical approval by the University of Strathclyde Computer and
Information Sciences Ethics Committee. The collected data may be used in academic publications, but your
identity will be protected. No personal, or identifiable information will be collected except for your worker’s
platform ID. An anonymous data set of the tasks and a post survey data set will be created once the study is
complete by replacing worker IDs with randomly generated ones. Your contributions are invaluable to the
success of our study, and we appreciate your time and effort in advance. If you have any questions or concerns,
please feel free to contact us. If you have any questions/concerns during or after the research, or wish to contact
an independent person to whom any questions may be directed or further information sought, please contact
the Ethics Committee of the Department of Computer and Information Sciences, Livingstone Tower Richmond

Street Glasgow G1 1XH email: ethics@cis.strath.ac.uk
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B.3 Scripts of Publishing the Task on MTurk

script.py

client = boto3.client('mturk', endpoint_url = endpoint_url, region_name='us-east-1', aws_access_key_id="",

aws_secret_access_key="")
from boto.mturk.question import ExternalQuestion

new_hit = client.create_hit|(
Title='Collective Image ing Task',
Description="" collaborative research task where ynuH[L work w
label galaxy in eting e 1 ing task will earn
and ynu[ll have the opportunity to earn additional
(up to n;m'(‘ than $4.5 total) by completing a short fol
and contribut ccurate ls . The more accurate yo
the higher the ward po
J
Desktop/laptop recommended; Refresh browse
Reward='1.0",
MaxAssignments=180,
LifetimeInSeconds=14400,
AssignmentDurationInSeconds=60%40,
AutoApprovalDelayInSeconds=259200,
Question=ExternalQuestion("https://www.collaborativegames.net/game/", frame_height=1000).get_as_xml())
print("A n HIT has been created. You can preview ere:")
print("httg workersandbox.m .CO turk/pre v?7groupId=" + new_hit['HIT'] ['HITGroupId'])

print("HITID = " + new_hit['HIT']['F d'] " (Use to Get Results)")

script_prod_ind.py > ...
1 import botuﬂ

andpoint_url = 'https://mturk-requester.us-east-1.amazonaws.com"
client = bote3.client('mturk', endpoint_url = endpoint_url, region_name='us-east-1', aws_access_key id=""
aws_secret_access_key="")

from boto.mturk.question import ExternalQuestion

new_hit = client.create_hit(
Title=' Galaxy Image Labeling with Performance Rewards!',
Description="""Join a research task where yau]LL work to label galaxy images
will earn you a base reward of § 1,

Completing the main labeling task (Minimum of 2@ images)
labels

and you'|lLl have the opportunity to earn additional money by contributing accurate
with survey up to $ 4. The more accurate your labels, the higher the reward potential!“"“",
Reward='1.0",

MaxAssignments=90,

LifetimeInSeconds=14400,

AssignmentDurationInSeconds=1800,

AutoApprovalDelayInSeconds=259200,
Question=ExternalQuestion("https://www.collaborativegames.net/game/", frame_height=1000).get_as_xml()

print("A new HIT has been created. You can previe
print("https://workersandbox.mturk.com/mturk/preview?groupId=" + new_hit['HIT'] ['HITGroupId'])
print("HITID = " + new_hit['HIT']['HITId'] + " (Use to Get Results)")

Figure B.2: Script of individual condition hit publishing on Amazon Mechanical
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B.4 Task Instruction of Full-Feature Condition in Study 3

Task Instructions and Rules
Overview

Levels: 5 levels, each with 10 images.

Objective:Earn points for accurate labels to maximize your reward.

Requirements

Complete at least 2 levels + survey for a reward.

Additional reward for completing the survey at the end.
How to label

« Vote: Select your answer using the radio buttons beside each image. Teammates' votes will display as avatars.

« Confirm: Press "I'm done" when ready. Once all teammates confirm, you'll move to the next image.

« Timer: If half the team confirms, a 1-minute timer starts, and answers will auto-submit when time's up.

« Chat: Use the chat to discuss and coordinate with your team. Accurate collaboration improves your score and potential rewards!

Scoring

« Progress: Each labeled image earns 5 points.
o Points convert to rewards at the end of each task.
« Correct labels: Each 10 has one image with a known answer (honeypot).
o The entire team earns bonus points for each correct honeypot label identified by any player. Score scales with level. First level honeypot image: 5
points, second level honeypot image: 6 points and so on.
« Agreement
o +1 bonus point if the majority of the team selects the accurate label.
o +2 bonus points if all team members select the accurate label.

Leaderboard
Teams are ranked by total points, so accuracy and teamwork pay off!

Classification example

Your task is to classify galaxy image by count of arms

If galaxy looks like this - it has one arm . @ This is four-arm galaxy

This is two-arm galaxy . @ If galaxy has mor than four arms - select "more than 4" label

This is three-arm galaxy .

If your unsrue that galaxy has arms - check "can't tell label"

Ending the task

The task ends upon completing all levels or by pressing "quit". You'll then complete a brief survey to finalize your reward.
Do not close task window until you enter survey code!

Thank you for participating in the Galaxy Classification Task—your input helps improve crowdsourcing!
Good luck and enjoy the experience.

Figure B.3: Full-Feature Task Instruction
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B.5 Task Instruction of Chat-Only Condition in Study 3

Task Instructions and Rules

Overview
The task has 50 images

Objective: Make accurate labels to maximize your reward.

Requirements
Complete at least 20 + survey for a reward.

Additional reward for completing the survey at the end.
How to label

» Vote: Select your answer using the radio buttons beside each image. Teammates' votes will display as avatars.

» Confirm: Press "I'm done” when ready. Once all teammates confirm, you'll move to the next image.

» Timer: If half the team confirms, a 1-minute timer starts, and answers will auto-submit when time's up.

» Chat: Use the chat to discuss and coordinate with your team. Accurate collaboration improves your score and potential rewards!

Reward

1. Base: You'll receive a base payment of $1 if requirements are met.
2. Quality bonus: You'll receive bonus reward based on correct labels for honeypot images.
3. Agreement bonus:

o Bonus for accurate majority agreement among teammates

o More bonus for accurate agreement among all teammates

Classification example
Your task is to classify galaxy image by count of arms

If galaxy looks like this - it has one arm . @ This is four-arm galaxy

This is two-arm galaxy . @ If galaxy has mor than four arms - select "more than 4" label

This is three-arm galaxy . If your unsrue that galaxy has arms - check "can't tell label”

Qo

Ending the task

The task ends upon completing all levels or by pressing "quit”™. You'll then complete a brief survey to finalize your reward.
Do not close task window until you enter survey code!

Thank you for participating in the Galaxy Classification Task—your input helps improve crowdsourcing!

Good luck and enjoy the experience.

Figure B.4: Chat-Only Task Instruction
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B.6 Task Instruction of No-Element Condition in Study 3

Task Instructions and Rules
Overview

The task has 50 images

Objective: Make accurate labels to maximize your reward.
Requirements

Complete at least 20 + survey for a reward.

Additional reward for completing the survey at the end.
How to label

* Vote: Select your answer using the radio buttons beside each image. Teammates' votes will display as avatars.
« Confirm: Press "I'm done” when ready. Once all teammates confirm, you'll move to the next image.
« Timer: If half the team confirms, a 1-minute timer starts, and answers will auto-submit when time’s up.

Reward

1. Base: You'll receive a base payment of $1 if requirements are met.
2. Quality bonus: You'll receive bonus reward based on correct labels for honeypot images.
3. Agreement bonus:

o Bonus for accurate majority agreement among teammates

o More bonus for accurate agreement among all teammates

Classification example

Your task is to classify galaxy image by count of arms

If galaxy looks like this - it has one arm . @ This is four-arm galaxy

This is two-arm galaxy . @ If galaxy has mor than four arms - select "more than 4" label

This is three-arm galaxy . o If your unsrue that galaxy has arms - check "can't tell label”

Ending the task

The task ends upon completing all levels or by pressing "quit". You'll then complete a brief survey to finalize your reward.
Do not close task window until you enter survey code!

Thank you for participating in the Galaxy Classification Task—your input helps improve crowdsourcing!

Good luck and enjoy the experience.

Figure B.5: No-Element Task Instruction
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B.7 Task Instruction of Individual Condition in Study 3

Task Instructions and Rules

1. Classify images of galaxies based on the number of arms they have.

2. The task has 50 images

3. Complete at least 20 + survey for reward

4. Your reward is based on the minimum wage per hour

5. Additional reward for accurate classifications of 'honeypot’ images and for completing the post-task survey.
6. Select your answer using radio buttons beside each image

7. Press "Next" to proceed to the next image

Classification example

Your task is to classify galaxy image by count of arms

If galaxy looks like this - it has one arm . This is four-arm galaxy

This is two-arm galaxy . If galaxy has mor than four arms - select "more than 4" label

This is three-arm galaxy . If your unsrue that galaxy has arms - check "can't tell label"

Ending the task

The task ends once you complete all levels or by pressing "Quit". You'll then complete a brief survey to finalize your reward.
Do not close task window until you enter survey code!

Thank you for participating in the Galaxy Classification Task—your input helps improve crowdsourcing!

Good luck and enjoy the experience.

Figure B.6: Individual Task Instruction
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B.8 Demographic Details of Participants in Study 3

Gender analysis showed different distributions across the experimental conditions. The Chat-Only (CO)
condition has a relatively balanced gender ratio (Male: 50.79%, Female: 48.41%,), with a minor percentage
preferring not to reveal their gender (0.79%). The Full-Features (FF) condition also demonstrated a higher
proportion of male participants (65.42%), and lower female participation (34.58%). The highest skew in male
participation can be seen in No-Elements (NE) and Individual conditions, at (77.78%) and (78.69 %),
respectively. Figure B.7 summarises gender distribution across the experimental conditions. Participants' age
distribution was concentrated primarily within the age brackets of 25-34 and 35-44 years, which represented
the dominant categories across all conditions. Specifically, the higher proportion of participants aged 25-34
years (55.56%) have been shown in the Chat-Only condition, followed by 35-44 years (33.33%). Similar age
distributions were observed in the Full-Features (25-34 years: 54.21%, 35-44 years: 27.10%) and No-
Elements conditions (25-34 years: 86.11%, 35—44 years: 9.72%). Notably, the individual condition also
highlighted a substantial proportion of participants aged 25-34 years (73.77%). Few participants fell within
the 18-24 or >45-year categories, highlighting that the sample comprised predominantly young to mid-

adulthood participants. Figure B.8 visually summarises the age distribution across conditions.
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Figure B.7: Gender Distributions Across Conditions
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Figure B.8: Age Distributions Across Conditions

Analysis of educational levels has shown that a bachelor's degree was noted as the highest majority educational
degree among all the participants in different experimental conditions. The No-Elements condition (88.89%)
had the greatest percentage; closely followed were Chat-Only (81.75%), Full-Features (74.77%), and the
Individual condition (63.93%). A smaller proportion of participants in the individual condition (26.23%) had
a master's degrees. Doctoral-level education was rare across all conditions, consistent with a large sample
including graduates with bachelor’s or master’s degree levels. Figure B.9 shows the exact educational
distribution. Analysis of device usage patterns demonstrated significant consistency in desktop usage, with
participants frequently reporting they "Always" used desktops, in Chat-Only (58.73%) and Full-Features
(55.66%) and around (29%) in other conditions as shown in Figure B.10. In contrast, as shown in Figure B.11
the usage of mobile devices has been more dispersed, with a considerable proportion among all conditions
using mobiles "Rarely" or "Very Rarely”. Frequent mobile usage was limited across all conditions, indicating
a practical preference for desktop interaction, most likely owing to the visual complexity and sustained
attention demanded by the image-labelling task. Figure B.12 summarise the devise usage across the

experimental conditions.
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The relationship between gender distribution and average accuracy across the four experimental conditions—
full features, Chat-Only, Individual and No-Elements—has been evaluated using a set of statistical tests as
follows: First, a one-way ANOVA has been done for each condition to observe whether average accuracy
varied significantly between various gender types. The results showed no significant gender effect in any
condition (Chat-Only: F' =1.29, p = .270; Individual: F'= 0.56, p = .500; No Element: ¥ =1.47, p = .230, and
Full-Features: F'=0.48, p=.500). Therefore, these results indicated that male and female participants exhibited
comparable performance levels within each experimental condition. We then investigated if gender
distributions were similarly distributed among the experimental circumstances by means of a chi-square test
of independence. The study found a statistically significant difference in the number of males and females
(xA(3)=20.25, p <.001), which means that there were more of one gender than the other. This imbalance arises
from natural variation arising from random assignment rather than systematic experimental control, as gender
was not employed as a stratification factor. The ANOVA results for accuracy dependence on gender across all
conditions did not reveal any significance (F= 0.84 p = .43).

In conclusion, despite variations in gender composition across conditions, neither within-condition
comparisons nor the gender x condition analysis revealed performance disparities based on gender.
Accordingly, the observed effects of the experimental condition on accuracy can be interpreted independently

of gender-related confounding influences.

B.9 The scoring and compensation logic.
This appendix section explains the scoring and compensation framework employed in the collaborative image-
labelling system to guarantee transparency, reproducibility, and ethical considerations. The reward structure
was intended to justly compensating participants as is expected US minimum wage standards, focussing
attention on classification accuracy and agreement as opposed to speed only, and to prevent introducing
financial pressure or behavioural bias during task execution. To maintain focus on collaborative task
performance, monetary value was not introduced on the task interface. Rather than earning points at the point
of play, they became a monetary reward after the task has been completed. This abstraction is consistent with
previous ethical guidelines regarding paid crowdsourcing experiments.
Structure and Point Allocation.
Every worker participant annotated 50 images; the images were sorted into 5 levels (10 images per level).
Each level contained:

e standard images.

e 1 honeypot image (expert validated ground truth).
Base Scoring Rules.
For each labelled image:

e Standard Image: +5 points.
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e Honeypot Image (Correct Label): + (5,6,7,8,9) points (increased by level)
Such a structure gradually increases of reward across different levels.
Agreement-Based Bonuses
To promote consensus and accuracy rather than rapid individual submission, agreement-based bonuses were
limited to team-based conditions:

e Majority agreement (> 50% team selects same label): +1 point (total = 6 points).

e Full agreement (all team members select the same label): +2 points (total = 7 points).
They were earned per image and collected at the team level, but individual contributions were still tracked
Conversion to Monetary Reward.

e Point-to-payment rate: 1 point=USD 0.01

e Post-task survey completion bonus: USD 1.00
Together, this model guarantees that the participants who complete the task and survey receive payment which
is at least the equivalent of 30 minutes of work based on the US federal minimum wage, in line with ethical
payment principles for online work. To operationalise this guarantee, each worker's points-based earnings were
manually checked against their actual time on task, benchmarked against the pilot-study average (30 minutes).
Where earnings fell short of the US minimum wage equivalent for that time, the difference was paid
immediately as a separate bonus through Amazon Mechanical Turk. The Figure B.13 showed a Team-Based

scoring Pseudocode.
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function ROOM_SCORE_FOR_LEVEL_DEFAULT(room, level, question_set):
N=5
base = 5
Agreement_bonus = 2
majority_bonus =1
accuracy_score = [5, 6, 7, 8, 9] [level - 1] # level 1..5

questions = question_set.question_ids # length 10 (9 normal + 1 honeypot)
honeypot_idxs = question_set.honeypot_indexes # length 1

room_delta = 0

for idx, q in enumerate(questions):
state = votes(room, q) # worker_id —> (answer, confirmed)

# base points (always)
room_delta += 5

# agreement points
confirmed_answers = [answer for (answer, confirmed) in state.values if confirmed]
max_count = max_frequency(confirmed_answers)

if max_count >= 3: # strict majority of 5
room_delta += (Agreement_bonus + majority_bonus if max_count == N else
majority_bonus)

# honeypot points (only on honeypot question)

if idx in honeypot_idxs:
correct_answers = count_confirmed_correct(state, correct_answer(q))
room_delta += accuracy_score % correct_answers

return room_delta

Figure B.13: Team-Based scoring Pseudocode
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B.10: Survey of Study 3
Q1 Gender: Are you...

Male
Female
Non-Binary

Prefer to Self-Describe

Prefer not to say

Q2 Age: What is your age?
18-24 years old
25-34 years old
35-44 years old
45-54 years old
55-64 years old
Over 64 years old

Prefer not to say
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Q3 Education: What is the highest degree or level of school you have completed? If currently enrolled,
highest degree received.

No schooling completed

Nursery school to 8th grade

Some high school, no diploma or leaving qualifications

High school graduate, diploma, leaving qualifications or equivalent
Some college credit, no degree

Trade/technical/vocational training

Bachelor’s degree

Master’s degree

Professional degree

Doctorate degree

Prefer not to say

Q4 The following statements ask you to reflect on your experience of engaging with this task. For each

statement, please use the following scale to indicate what is most applicable for you.

I did things

in the task
because
they
interested
me

| felt
controlled
and

pressured to
in a certain
way.

Strongly Somewhat Neither Somewhat Strongly

. Disagree . agree nor Agree
Disagree disagree disagree Agree Agree
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I am
satisfied
with my
performance
of the task.

After doing
the task for a
while, 1 feel
pretty
competent.

When I visit
the  online
community,
I feel
supported
by other
users.

When 1 visit
the  online
community,
I feel like
other people
care what I
have to say
and what 1
do

I  enjoyed
this task
very much.

This  task
didn't hold
my
attention.

| felt
frustrated
while
visiting this
task site

I found this
task site
confusing to
use.
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Q5 How frequently do you use these types of devices for performing crowdsourcing tasks?

Always Frequently Occasionally Rarely Very Rarely  Never

Desktop
(laptop  or
personal
computer)

Mobile
(tablet or
smartphone)

Other
(please

specify)

Q6 How many times have you visited the Mars Planet platform?
0
5
10
15

20
Q7 Is crowdsourcing the main source of your income?

No
Yes

Prefer not to say
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Q8 How well do the following statement describe your personality: I see myself as someone who ...

Strongly
Disagree

Neither agree nor

Disagree .
& disagree

Agree Strongly Agree

.. 1s reserved

. is generally
trusting

.tends to be
lazy

.1s relaxed,
handles stress
well

..has few
artistic
interests

..1s  outgoing,
sociable

.tends to find

fault with
others

..does a
thorough job

..gets nervous
casily

..has an active
imagination
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QO These scale questions are regarding: How did you find the task? where 1 is *hardly at all’ and 7 is

‘very’.

How mentally
demanding
was the task?

How
physically
demanding
was the task?

How hurried
or rushed was
the pace of the
task?

How
successful
were you in
accomplishing
what you were
asked to do?

How hard did
you have to
work to
accomplish

your level of
performance?

How n
secure,
discouraged,
stressed and
annoyed were
you?
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Q10 These scale questions is regarding how do you found the task elements where 1 is (Strongly

Disagree) and 7 is (strongly agree).

Str.ongyle Disagree Sqrnewhat Neural Somewhat Agree Strongly
Disagree disagree Agree agree

I attach great

importance to

the avatars on

the task

I attach great
importance to
the
Nickname in
the task.

I attach great
importance to
being a levels
builder in a
game.

I attach great
importance to
expressing
my ideas and
interacting
with  others
on the task

I attach great
importance to
having
conversations
(chats) with
others on the
task

I attach great
importance to
following
others’
advice or
being
followed

I attach great
importance to
my score on
the task
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I often attend
to my team
score and
leaderboard
on the task.

I often attend
to my team
levels on the
task.

I have spent
more time on
the task than

expected

I feel
addicted to
the task

Q11 Is there any feedback, opinion, or question about the task you want to share with us?

Important: Please write your Amazon worker' ID here to get your bonus
Here is your ID ${e://Field/Random%20ID}

Please Copy this value into MTurk
When you have copied this ID, please click the ‘next’ button to submit your survey.
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