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Labeling is critical in creating training datasets for supervised machine learning, and is a common form of crowd work heteromation.
It typically requires manual labor, is badly compensated and not infrequently bores the workers involved. Although task variety is
known to drive human autonomy and intrinsic motivation, there is little research in this regard in the labeling context. Against this
backdrop, we manipulate the presentation sequence of a labeling task in an online experiment and use the theoretical lens of self-
determination theory to explain psychological work outcomes and work performance. We rely on 176 crowd workers contributing
with group comparisons between three presentation sequences (by label, by image, random) and a mediation path analysis along the
phenomena studied. Surprising among our key findings is that the task variety when sorting by label is perceived higher than when
sorting by image and the random group. Naturally, one would assume that the random group would be perceived as most varied. We
choose a visual metaphor to explain this phenomenon, whereas paintings offer a structured presentation of coloured pixels, as opposed
to random noise.

RESEARCH HIGHLIGHTS

• A study was conducted to assess the impact of presentation sequence on labeling tasks.
• The key finding is that sorting by label is perceived as more varied than sorting by image or at random.
• This is counter-intuitive, as mathematically the random presentation sequence is most varied.
• An important implication is that labeling tasks should be designed with a non-random structure in mind.

Keywords: interactive labeling; annotation; interactive machine learning; training data; crowd work; crowdsourcing; task design; variety; self-
determination theory.

1 Introduction
The ongoing digital transformation is commonly associated with
an increase in automation, hence tasks that were previously per-
formed by humans, are nowadays taken over by machines. How-
ever, it has also given rise to a concept called heteromation (Ekbia
& Nardi, 2014), which refers to small tasks that typically can not
be efficiently automatized fully. They are known to encompass
motivational challenges. Self-checkout lanes in grocery stores are
a form of entirely unpaid heteromation, whereas crowd work
on platforms like Amazon Mechanical Turk1 (MTurk) is often
compensated insufficiently. Workers can register on platforms
like MTurk to be able to take over small virtual tasks assigned by
anyone willing to pay. On such platforms, a prominent task type is
labeling, defined as adding additional information to existing data
(Bernard et al., 2018a). It is often performed with the goal to train
machine learning (ML) models, which require large quantities of
labeled training data (Bernard et al., 2018a). However, labeling
refers to a labor-intensive and error-prone process (Bernard et al.,
2018a, Nadj et al., 2020, Zhang et al., 2008) as tasks can be cut
into small segments and be performed from anywhere at any

1 https://www.mturk.com/

time. Investigative journalists, however, have long pointed out
that not enough attention is paid to the circumstances in which
labeling work can become more fulfilling (Lee, 2018, Yuan, 2018).
This problem is exacerbated by the fact that low-skilled workers
will be even more forced to take on similar tasks, as further
low-skilled jobs will be threatened by automation in the near
future (Reese, 2016). Insights from interviews of labeling workers
have described labeling as ‘boring, repetitive, never-ending work’
(Lee, 2018, para. 34) and something one would be doing ‘for the
money’ (Yuan, 2018, para. 25) only. Self-determination theory
(SDT; Deci & Ryan, 1985)—a well-established theory for under-
standing motivation and the role of humans in technology (Peters
et al., 2018, Szalma, 2014)—points at an explanation for this,
whereas a lack of autonomy leads to a depletion of intrinsic moti-
vation. It has demonstrated its strengths in different contexts,
recently also for crowd work (Deci et al., 2017, Durward et al.,
2020, Manganelli et al., 2018, Van den Broeck et al., 2010). SDT
hereby introduces basic psychological needs such as autonomy
as well as motivational qualities such as intrinsic motivation as
mediators to understand the influence on psychological and work
performance outcomes. Hence, an investigation based on SDT
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seems adamant, if one is concerned with the regards of labeling
workers.

Although task variety is known in SDT as a driver of human
autonomy and intrinsic motivation (Deci & Ryan, 2008, Deci et al.,
2017), there is little research related to labeling (Durward et al.,
2020, Knaeble et al., 2020). Hereby, task variety is defined as the
perception of the range of work activities required (Durward et al.,
2020, Morgeson & Humphrey, 2006). As a result, scholars called for
both the study of different types of task designs as well as to inves-
tigate the nomological network from task variety to psychological
and performance work outcomes (i.e. its underlying mediation
paths) in the context of labeling (Deci et al., 2017, Durward et al.,
2020, van der Stappen & Funk, 2021). Against this backdrop, we see
potential to influence the perception of task variety by changing
the so-called presentation sequence of sub-tasks (e.g. Jing et al., 2018,
Tian et al., 2007). For instance, multiple labels need assignment to
a large amount of instances (e.g. images) and the order of such
assignments could influence the behavior of labeling workers
and change their perception of the task. However, current knowl-
edge about the effects of presentation sequences in the labeling
context is limited, and there exists no systematic investigation
on how they affect task variety. To guide our investigation, we
rely on SDT, by placing task variety as the observable mean of
our manipulation (i.e. presentation sequence). We articulate the
following research questions: How do different presentation sequences
in a labeling task impact the task variety of crowd workers? What are the
impacts within the SDT-based nomological network from task variety to
psychological work outcomes and work performance (i.e. its underlying
mediation paths) in the context of labeling?

To answer these research questions we conduct an online
experiment on MTurk with 176 participants. The primary theoreti-
cal contribution of this study resides in linking different presenta-
tion sequences to workers’ perceptions of task variety, autonomy,
intrinsic motivation, as well as psychological work outcomes and
work performance. A second contribution lies in the mediation
path analysis on the theoretical foundation of SDT in one of the
first large-scale online experiments on this topic, which offers
insights from a holistic viewpoint by investigating the nomological
network from task variety to psychological work outcomes and
work performance in the context of labeling. Hereby, we follow
previous calls for research along these avenues (Durward et al.,
2020, van der Stappen & Funk, 2021). Thirdly, we contribute by
delivering empirical evidence to a common claim in interactive
ML literature, which deals with training ML models iteratively,
whereas users dislike being treated as an oracle (Amershi et al.,
2014). We contribute practically with the translation of our find-
ings into implications for designing interactive labeling systems.

The remainder of this paper is structured as follows: We first
provide a foundational overview of the necessary theoretical
background on SDT, as well as related work. Subsequently, we
present our hypotheses and our research model. Then, we present
our experimental design in detail. Next, we outline our results and
discuss our findings. We end with a short conclusion.

2 Self-Determination Theory
SDT is a contemporary and prominent theory of motivation (Deci
& Ryan, 2000, Ryan & Deci, 2000). SDT (Ryan & Deci, 2000) has been
tested and demonstrated its potential in different contexts, e.g.
the educational sector (Ryan & Deci, 2000), crowdsourcing (Dur-
ward et al., 2020) and the workplace (Deci et al., 2017). Specifically
in the context of the workplace, it has been shown to be a highly

accurate model of relating user motivation to work performance
(Deci et al., 2017).

SDT introduces innate fundamental psychological needs as
the building blocks of motivation and a prerequisite for work
performance and positive psychological work outcomes. Besides
competence and relatedness, autonomy is a fundamental need
articulated in SDT. Autonomy has also been recognized as a
central element in crowd work (Durward et al., 2020). Autonomy is
hereby defined as a sense of volition and psychological freedom
(Ryan & Deci, 2000). For instance, whether a third party enforces
compliance with a set of rules. A labeling system could allow for
flexibility, thus engaging above mentioned volition, or present the
user with little room for choice, limiting the users and thereby
their perceived psychological freedom.

Task characteristics, such as task variety have been introduced in
the SDT as potential workplace contexts, that directly influence
above mentioned needs. Hereby, they can be need supporting or
need thwarting (Deci et al., 2017). Ideally, task characteristics are
(regardless of being by design or inadvertently) supportive of fun-
damental psychological needs, by for instance giving employees
freedom in how to approach their job. On the other hand, they
could also thwart such needs, by rigidly controlling workers. Task
variety is being positioned as the core task characteristic in crowd
work (Durward et al., 2020). It refers to the range of tasks required
to be performed by the workers.

Motivation, has been introduced as a mediator in the SDT
model (Deci et al., 2017, Ryan & Deci, 2000, van Hooff & van Hooft,
2017). Hereby, the spectrum of motivational qualities is arranged
by their self-determination in descending order. The authors of
SDT later stated that ‘the type or quality of a person’s motivation
would be more important than the total amount of motivation
for predicting many important outcomes such as psychologi-
cal health and well-being’ (Deci & Ryan, 2008, p. 182). Research
introduces intrinsic motivation as the most self-determined one,
doing something because the activity is perceived as inherently
interesting or enjoyable (Guay et al., 2000).

In the work domain one distinguishes two types of outcomes
(Deci et al., 2017): First, there are work performance outcomes.
Efficiency and effectiveness have long been framed as central
to assess performance (Mouzas, 2006). Research (Tuttle &
Romanowski, 1985) generally equates efficiency and effectiveness
to the absolute quantity and quality performance measures
originally proposed (Deci et al., 2017). Labeling, as a means to
an end, should always be observed through this economically-
driven performance lens. Thereby, both the efficiency (number
of labels per time unit) of the process and its effectiveness
(proportion of correct labels) are crucial. For business purposes
they have been posed as diametrically opposed constructs, which
have to be balanced out for sustainable success, often in form
of relative efficiency (correct labels per time unit) (Mouzas,
2006). SDT further introduces, and extant crowd work research
highlights (Durward et al., 2020), psychological work outcomes,
fostering ‘the healthy development and effective functioning
of individuals’ (Ryan & Deci, 2000, p. 74). For example, well-
being is therein posed as connected to positive experiences, job
commitment, development, and long-term change. Research has
further investigated boredom in such work environments (van
Hooff & van Hooft, 2017) and computer interaction (Baker et al.,
2010). Hereby, boredom is defined as a ‘profound negative [ . . . ]
and deactivating [ . . . ] emotion’ (van Hooff & van Hooft, 2017,
p. 133]), which could be evoked by activities. Imagine being a
labeler that is tasked with assigning a certain set of labels to
hundreds of images. Boredom could easily arise form this lengthy,
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Fig. 1. Research model with hypotheses on the basis of SDT.

repetitive task. Prolonged cases of labeling have been framed as
affecting all of the above outcomes (Bernard et al., 2018a, Cakmak
et al., 2010, Zhang et al., 2008), therefore their investigation seems
relevant. Our research model, which we will describe in more
detail in section 4, is subsequently based on SDT and is visualized
in Figure 1.

3 Related Work
Within the domain of human-computer interaction (HCI), SDT
has proven to be a motor theme for motivational design and well-
being centered research (Ballou et al., 2022, Hassenzahl, 2008).
On this basis HCI research has frequently been applied SDT
to the domain of games (Tyack & Mekler, 2020), gamification
and learning (Lamprinou & Paraskeva, 2015). Supporting, or not
thwarting, the fundamental need for autonomy has been shown
to be a key determinant in video game design (Deterding, 2016),
with need satisfaction issues being amplified by real-life crises
like the COVID-19 pandemic reinforcing such patterns (Ballou
et al., 2022). Behaviour change applications, like language learning
applications, or fitness tracking have been other, well-researched
voluntary technology use context for SDT (Villalobos-Zúñiga &
Cherubini, 2020). SDT has further been leveraged to understand
the interplay of extrinsic and intrinsic motivation in crowdsourc-
ing (Liang et al., 2018), and also for human-artificial intelligence
interaction design (De Vreede et al., 2021).

Our research lies at the intersection of the fields of crowd
work and labeling. As the predominantly used, supervised ML
approaches need data to learn from, they require manual ‘assign-
ment of labels y to given input instances x’ (Bernard et al., 2018b, p.
1189), called labeling. Scholars in the field of interactive labeling,
striving to address annoyance (Amershi et al., 2014, Cakmak et al.,
2010) and frustration (Bernard et al., 2018a, Zhang et al., 2008)
within the assigned workforce called for large-scale experiments
(van der Stappen & Funk, 2021) and to investigate consequences
on potential trade-offs for designing labeling systems (Knaeble
et al., 2020). However, labeling design has largely focused on
performance outcomes, with a recent literature review of the field
showing that while 85% of published articles on interactive label-
ing systems report efficiency or effectiveness as their dependent
variable of choice, only 35% include user-related measures, such
as well-being, motivation or boredom (Knaeble et al., 2023). How-
ever, recent HCI research has shown, that the design of labeling
systems is still not understood well (Zhang et al., 2022). Current
design knowledge in interactive labeling systems on the effects
of different presentation sequences is poor, and while Jing et al.,
(2018) or Tian et al. (2007) point out potential performance benefits
of changing the presentation sequence, they do not study other
user outcomes. Similarly, crowd work task allocation optimization
research has regularly focused on such performance outcomes

(e.g. Liu et al., 2016). There is hence a research gap in systematic
user studies on psychological work outcomes of labeling tasks in
this regard.

A recent call to investigate psychological work outcomes from
the research field of crowd work (Durward et al., 2020) integrates
well with the research gap from the field of labeling systems, as
many of the tasks on crowd platforms such as MTurk are labeling
tasks. Research (Ma et al., 2018) already recognizes the challenging
environment crowd workers are facing regarding working con-
ditions (Asdecker & Zirkelbach, 2020, Ma et al., 2018), payment
(Durward et al., 2020, Qiao et al., 2021) and treatment by their
employers (Liang et al., 2015). Ekbia & Nardi (2014) point out
that while crowdworkers do receive, albeit a small, monetary
compensation for the microtasks they perform at the benefit of
their employers, there is little, as they call it, affective reward.
Such affective rewards, however, have already been connected to
motivation (Deci et al., 2017, Gagné et al., 2022b).

Moreover, previous investigations (Leimeister et al., 2009) have
shown what a central role motivation plays in affecting behaviour
in crowdsourcing tasks. Hereby, crowd work research on mone-
tary incentives focuses on the study of performance outcomes
(e.g. Qiao et al., 2021), while typically disregarding psychological
work outcomes. Although monetary incentives form the basis for
achieving psychological benefits of crowd work (Durward et al.,
2020), they seem not enough to sufficiently motivate crowd work-
ers. Much rather, adequate levels of compensation seem to form a
fundament for other task characteristics to become effective (Dur-
ward et al., 2020). Specifically, SDT-based research (Deci et al., 2017)
broadly connects task characteristics such as task variety and
the need for autonomy to motivational qualities. In this light, the
necessity of employer provided incentives for motivation (i.e. via
the system design) was identified as important (Leimeister et al.,
2009). For instance, systems that support a range of tasks and/or
a higher level of autonomy in completing those tasks are more
likely to be explored and frequently used (Liang et al., 2015). Thus,
task variety and autonomy have emerged as relevant topics of
inquiry, which are also of concern for crowd work and are studied
in both virtual (Durward et al., 2020) and physical setups (Asdecker
& Zirkelbach, 2020). The assignment of tasks to crowd workers
has already been studied in the context of skill-based systems.
Thereby, matching tasks to crowd workers on the basis of cogni-
tive skill testing shows significant increases in task performance
(Hettiachchi et al., 2020). Such work falls into the broader domain
of algorithmic management. Oftentimes, similarly positive per-
formance outcomes can be achieved, leading to a wide adoption
of algorithmic management practices in various industries. How-
ever, algorithmic management also causes negative motivational
effects in the workers subjugated to it (Gagné et al., 2022a). Current
research calls for a more integrated and holistic view that also
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considers motivational quality, work performance and psycho-
logical work outcomes (Durward et al., 2020). We therefore see
a second research gap emerging, namely the need to study this
nomological network of aforementioned variables in the labeling
context.

4 Research Model
In Figure 1, we present our research model. Following SDT, we
state three multi-layer mediation hypotheses whereas autonomy
and intrinsic motivation mediate the influence of task variety
on well-being (positive, H1), boredom (negative, H2) and work
performance (positive, H3). We base our research on the model
of SDT in the workplace (Deci et al., 2017). Thereby, while the
psychological needs form the foundation for human motivation
in general, the needs themselves are influenced by the work
environment, which may be need supporting or need thwarting.
Specifically, SDT research has identified task variety as a generally
positive influence (Deci et al., 2017, Morgeson & Humphrey, 2006)
on need satisfaction. In the context of crowd work, both autonomy
(as the key psychological need of consideration) and task variety
have been investigated (Durward et al., 2020) independently from
each other. However, there has been a lack of regard for their
potential positive interrelation, as theorized in SDT. We thereby
follow recent calls for research to focus our hypotheses on such
multi-layer mediation effects on subsequent outcomes (Durward
et al., 2020)

Likewise, we assume such a positive effect to be also present
in the labeling context. In particular, labeling workers typically
need to assign multiple labels to a large number of instances
(e.g. images), and the degree of variety in this assignment process
manipulated by, for instance, the presentation sequence, could
affect their autonomy in the underlying task. Consequently, the
fulfillment of the psychological need of autonomy is posed in
SDT as a key antecedent for human motivation (Deci et al., 2017).
This sense of volition and psychological freedom is, according to
SDT, now moving the ‘perceived locus of causality’ (Deci & Ryan,
1985) and has been extensively researched in educational settings
(Deci et al., 1981, Flink et al., 1990, Ryan & Grolnick, 1986) showing
how intrinsic motivation is positively affected. More recently,
similar findings have been made in the work context (van Hooff
& van Hooft, 2017). For the case of labeling, imagine a worker
being less tightly controlled, with not so much fine-granular
task decomposition. Moreover, well-being has been positively
related to autonomy in a variety of domains, from the social life,
via education, to work (Milyavskaya & Koestner, 2011). Hereby,
our research generally refers to mental well-being, defined as
subjective positive mental health and psychological functioning
(Stewart-Brown et al., 2009). On this basis, and following research
from the work context (Deci et al., 2017), we propose that the
positive effect of labeling workers’ autonomy on their well-being
is mediated by their intrinsic motivation. Higher levels of motiva-
tional quality, SDT also refers to these as more self-determined
motivations, are thereby positively affected by autonomy. This
goes directly in line with the factual definition of autonomy that
presupposes a certain amount of psychological freedom. This
freedom allows for positive motivational effects that in turn are
the foundation for well-being. On this basis, we state:

H1: The positive effect of the labeling workers’ task variety on their

well-being is mediated by their autonomy and intrinsic motivation.

Research in the work context has found intrinsic motivation to
be negatively related to boredom. Specifically, to ‘experience self-
endorsement or volition in one’s actions’ (van Hooff & van Hooft,
2017, p. 135) in the workplace is shown to be detrimental to
the occurrence of work-related boredom. Hereby, such a sense
of volition is exactly as what positive motivational qualities, and
foremost intrinsic motivation, are defined as. Specifically, imagine
being a crowd worker who has to assign labels to hundreds, per-
haps thousands, of images. Such a monotonous task usually leads
to boredom. This problem of being bored is often exacerbated by
the fact that labeling workers experience a low level of autonomy,
meaning they feel constantly controlled and limited in their
capabilities by the system they are working with. Here, workers’
perceptions of the task variety of such labeling tasks could have
an influence on the subsequent constructs such as autonomy,
intrinsic motivation, which may ultimately decrease boredom.
Professional labeling workers state that they are doing it ‘for the
money’ (Yuan, 2018, para. 25). Often, however, as also pointed
out by investigative journalists, even money cannot prevent high
employee turnover rates, underscoring the need for higher levels
of autonomy and intrinsic motivation (Lee, 2018, Yuan, 2018).
Following research on work-related boredom and integrating it
into the larger framework of the SDT, we hypothesize:

H2: The negative effect of the labeling workers’ task variety on their

boredom is mediated by their autonomy and intrinsic motivation.

The workplace context may either support or thwart the psycho-
logical needs of the workers (Deci et al., 2017). In turn, not only
psychological outcomes are affected, but also work performance.
SDT postulates intrinsic motivation to affect performance pos-
itively, which analogous to H1 and H2, seems to be driven by
task variety. This assumption naturally transfers to the labeling
context. However, imagine, again, performing a monotonous task
like labeling images. This tedious task, combined with a poten-
tially onerous system design due to a lack of autonomy provided,
could severely compromise labeling workers’ intrinsic motivation,
for instance by concentrating on financial performance rewards.
Hereby, the typical payment model of crowdworking, where there
is a flat payment per task performed (often called pay-per-click),
naturally incentivizes high efficiency. If a worker takes less time
per task performed, their net hourly wage goes up. However, there
have been a series of research showing that financial incentives,
while almost always limiting creativity, sometimes lead people to
perform worse on fairly routine and uninteresting tasks (Kohn,
1993). Common illustrations include the remembering and differ-
entiation of similar patterns. Finally, SDT research not only frames
efficiency as a key performance construct, but also effectiveness
(Deci et al., 2017). This goes in line with organizational research,
whereas both play a crucial role in work performance (Mouzas,
2006). For labeling tasks, this goes doubly so. The data that is
being produced therein is not a means of itself. Much rather it
is being used further, most often for training ML models. Models
trained on fundamentally incorrect data produce factually wrong
results themselves—but report high accuracies, as the data they
learn from and as such their perception of ‘truth’ is inherently
flawed. Hereby, we need to also investigate changes to effective-
ness of our labeling workers. They need to produce high quality
output, in order for the resulting interactive labeling system to
be applicable to practice. This is being regarded in the funda-
mental design of modern crowdworking platforms. In this study,
we thereby draw upon relative efficiency as the quotient of the
above for our performance investigation (Mouzas, 2006) instead of

D
ow

nloaded from
 https://academ

ic.oup.com
/iw

c/advance-article/doi/10.1093/iw
c/iw

ae008/7629774 by Karlsruher Institut fur Technologie - KIT user on 25 M
arch 2024



Merlin Knaeble et al. | 5

Fig. 2. Experimental treatments representing possible sequences of presentation in labeling tasks.

a disjoint view on the two performance measures. Psychological
research from the SDT domain draws such an initial motiva-
tional connection to performance effects (Deci & Ryan, 2000).
We surmise:

H3: The positive effect of the labeling workers’ task variety on their

performance is mediated by their autonomy and intrinsic motivation.

5 Research Method
We developed a fully functional labeling system providing three
alternative presentation sequences (by label, by image, random)
as explained in detail in subsection 5.2. For a simplified visual-
ization of these sequences, see Figure 2. In our experiment it is
served to the labelers on MTurk as a modern web application,
without the need to install anything locally. Using this artifact, we
conduct an online experiment. Research has shown experiments
to be conducted online to be as valid as those conducted in the
lab (Thomas & Clifford, 2017). They find no general issues in
interaction, attention or data quality. For our specific research
interest, there is another strong argument in favor of MTurk:
it is where labeling is actually performed for many real-world
applications in research and practice. Researchers found the vast
majority of tasks on MTurk to be content creation tasks that
encompass transcription, tagging and labeling (Hara et al., 2018).
We randomly assign the crowd workers to the different treat-
ments. Compensation is a flat payment of USD 9.15, as to not
distort any motivational variables (Gneezy & Rustichini, 2000,
Ryan & Deci, 2000), following recommendations for the average
compensation on MTurk (Saito et al., 2019). This mirrors typical
labeling task compensation on MTurk, whereas labelers are paid
a flat fee for an assignment.
5.1 Domain and Task
For setting the suggested experiment in a context, we chose the
marketing domain, and within that, the analysis of emotionality
in car advertisements. Hereby, aforementioned cues are such
‘emotion-laden’ parts of advertisements ‘likely to affect behavior’
(Chandy et al., 2001). In the context of a car advertisement,
think of, for instance, a well dressed man at the wheel of the
newest Audi—conveying the social status the brand wants you
to associate with itself. As the labels are not mutually exclusive,
any combination can occur for any given image. Such data has
already been established as a noteworthy context for interactive
labeling due to aforementioned high value of human input (Chen
et al., 2018). But apart from this initial investigation, to the best of
our knowledge, there is no research on interactive labeling in this
context.

The following four cues were previously identified in advertis-
ing literature and were used, along with their definitions, in our
online experiment:

Firstly, human relations is defined as the advertisement visu-
ally displaying human interaction or relations, like families, cou-
ples and friends (Javalgi et al., 1995, Xiao & Ding, 2014). We refer
to social status as the visual display of elements of status like

expensive clothes or hobbies, as well as typical signs of status
such as cigars, horses and jewellery (Renson & Careel, 1986).
Joy is known as the ad visually displaying emotions of joy. For
instance, people are happy while driving the car, children excited
for family holidays (Tellis et al., 2019). Lastly, freedom & mobility is
defined as visually conveying a feeling of freedom and/or mobility
to the reader by, for example, showing the car driving in exotic,
prestigious or hard to reach places (Sheller, 2004).

The data set for the suggested study was acquired from the
magazine The Economist and consists of 4.617 scanned print-
advertisements. From this, we randomly selected 44 images to be
labeled during the experiment. The participants need to label a
set of advertisement images with the previously mentioned cues.
Depending on the experimental treatment, the actual process of
labeling will differ. However, the final result will be the same
across all participants: all four cues are labeled for the same set
of images.

5.2 Treatments
We employed a three-treatment, three-group between-subject
experimental design. This allows us to extend the duration of
the time each participant spends labeling, without stretching the
experiment duration to an unfeasible length for the participants
to attend. Furthermore, it allows for using the same data set
across all design configurations, respectively treatments, as they
are executed by different participants. Hence, comparability of the
results is guaranteed.

On a more abstract level, consider the labeling task as a set
of tuples, with one element representing the label, and the other
the instance (e.g. image) that is being labeled. For example, let
A, B, C, D be our labels that need to be assigned, whereas 1, 2, 3, 4
are the instances. Now A1 refers to the task of checking whether
label A applies to instance 1, a binary decision. To obtain a
complete coverage of our exemplary data set, we need to check
all combinations of labels and instances. For arranging such
tuples one may sort by either of the two parts, or refrain from
ordering them at all. This results in our three treatments. The
first approach is to sort by label, or in terms of our abstract
example A1, A2, A3, A4, B1, B2, ...D3, D4. Note that we fix the label,
until all images for that specific label have been processed. In
this regard, the order of the images within each label is neg-
ligible. Another approach would be sorting by image, the exact
opposite: A1, B1, C1, D1, A2, ..., D4. Now, the order of the labels is
subordinate to that of the images. Lastly, one could disregard
this orderly fashion altogether and apply random sorting: e.g.
B2, C4, A1, B1, D3, A4, .... Figure 2 shows these treatments in the
context of our task.

5.3 Experimental Artifact
To enable the participants to fulfill their task and to investigate
effects in a scenario that is comparable to real-world labelers, we
developed a fully functional labeling artifact that can be used in
the online experiment. The artifact has merit for future extension
or real-world use. It is served to the labelers on MTurk as a modern
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Fig. 3. Artifact (base view).

Fig. 4. Artifact (zoom functionality).

web application, without the need to install anything locally. It is
tightly integrated with our experimental onboarding and training
procedures, as well as the exit questionnaire.

As depicted in Figure 3, the artifact consists of a user interface
that displays the currently selected image on the left side, and,
on the right, the cue that is to be labeled. On the very right the
user finds a button to continue to the next step, once they are
confident they have labeled everything correctly. As not to incite
the user towards selecting yes or no for any given cue, the cues
are on a neutral state by default.

If the cue selector on the screen remains in a neutral position
the button to continue to the next image is disabled, as can bee
seen in Figure 3. Only if the switch is in a non-neutral state (Yes
or No) the user can continue.

Our labeling artifact offers two further features: a zoom and
a help functionality. The user may want to take a closer look at
a an image. If they click on it, it is shown larger (Figure 4). The
user can click anywhere to go back. While we thoroughly brief
the users on the definition of the cues (human relations, social
status, joy, freedom & mobility) and establish a quiz challenging
their knowledge, it may happen that a user forgets the definition
of a certain cue or is uncertain of its exact specification. Each of
the questions is paired with a set of answer options, only one of
which is correct. If the participant selects the right answer they
are congratulated. For a wrong answer, they are displayed what
the correct choice would have been. Furthermore, they are offered
to recap, by watching the appropriate part of the introduction
video again. Therefore, we implemented a help functionality. If the
user clicks on a cue name, the definition of the cue along with a
positive and a negative example (just as in the introduction video)
is shown (Figure 5). Again, clicking anywhere takes the user back.

5.4 Participants and Procedure
Using G*Power (Faul et al., 2007, 2009), we performed a statistical
power analysis to estimate the required sample size for a mul-
tivariate analysis of variance (MANOVA). We followed standard

Fig. 5. Artifact (help functionality).

assumptions and prerequisites: f2 = 0.0625 (small to medium
effect size; Cohen (2020)), α = 0.05, 1 − β = 0.95 and three groups.

On this basis, the power analysis computes a minimum
required sample size of 171. To add enough buffer for exclusions,
due to willful manipulation, technical errors or interruptions,
we invited a total of 200 participants. The participants are com-
pensated via a flat payment, as to not distort any motivational
variables (Gneezy & Rustichini, 2000, Ryan & Deci, 2000). We
followed recommendations for the average hourly compensation
on MTurk (Saito et al., 2019) and payed a fee of $9.15. Hereby, we
create the prerequisite of an adequate payment, that fosters the
presence of psychological benefits (Durward et al., 2020). To limit
cultural influences in the task of emotional cue recognition, we
only invited participants from the United States. Furthermore,
we only allowed MTurk Master qualified workers, which sets a
minimum amount of tasks fulfilled and an acceptance rate of
95% or higher.

Participants were asked to report their first language, gen-
der, age and highest education. Only one participant reported a
different first language from English (Russian). 94 participants
reported their gender as male, 82 as female, none as diverse.
Participants are between 18 and 73 years old, with the average
participant being 41.22 years old (σ = 10.57). One participant
reported an education below a high school equivalent, 80 partici-
pants reported high school degrees and 76 bachelor’s degrees. 14
reported master’s and five doctoral degrees.

The duration of the experiment is approximately one hour,
consisting of the following sections: the introduction (5 min), a
training phase (10 min), the labeling interaction (25 min) and a
final questionnaire (15 min).

The introduction consists of a video, giving general information
about the experiment. After the video has played, the participants
have to answer a short quiz to confirm whether they understood
what is expected of them. In the training phase, the participants
are shown a video that explains the artifact and their task. Due to

D
ow

nloaded from
 https://academ

ic.oup.com
/iw

c/advance-article/doi/10.1093/iw
c/iw

ae008/7629774 by Karlsruher Institut fur Technologie - KIT user on 25 M
arch 2024



Merlin Knaeble et al. | 7

the between-participant experimental design, the participants are
only shown the video corresponding to their group. Afterwards,
they can try out the artifact themselves, for a few example images.
Then the interaction phase starts, in which the participants’
performance is recorded. After completing all data points that
need to be labeled, the participants are presented with a final
questionnaire.

5.5 Measures
All measurements except the objective performance measure are
performed in the exit survey of the experiment. We use self-
reported measures evaluated on a seven-point Likert or semantic
differential scale. We provide a detailed overview of all survey
items in the appendix.

5.5.1 Subjective Measures
To assess task variety, we used the appropriate items from the
Work Design Questionnaire (WDQ) (Morgeson & Humphrey, 2006).
The WDQ has already been successfully applied in diverse con-
texts like work and private life, to investigate the perceptions of
technology designs (Fujimoto et al., 2016). To assess autonomy, we
applied the appropriate items from the Basic Psychological Need
Satisfaction and Frustration Scale (BPNSFS) (Chen, 2015), in its
version for the work domain (BPNSFS-WD) (Schultz et al., 2015).
Research previously recommended the usage of these measures
for assessment in human-technology interaction (Szalma, 2014).
For measuring the intrinsic motivation, we followed the recom-
mendations of the Situational Motivation Scale (SIMS) (Guay et al.,
2000). Well-being is established as a psychological work out-
come in SDT (Deci et al., 2017). We measured well-being with the
Short Warwick-Edinburgh Mental Well-being Scale (SWEMWBS)
(Stewart-Brown et al., 2009). Additionally, we included boredom,
following the recent investigations on work-technology-induced
boredom (Szalma, 2014) and leveraged the established ‘boredom
questionnaire’ (van Hooff & van Hooft, 2017) to measure it.

5.5.2 Objective Measures
Work performance is measured objectively, without the involve-
ment of the exit survey. Relative efficiency as our overall measure
for performance is then rated as effectiveness (correct labels)
divided by efficiency (time needed), following Mouzas (2006) as
a balanced performance measure in the work context. To assess
effectiveness, we measure the accuracy of the labeled items.
Whether the answers are correct, is determined against a gold
standard labeled instance of our data set. We derived this ground
truth based on full inter-coder agreement between two doctoral
researchers in marketing, one marketing graduate student and
the first author of this article. The former three have extensive
knowledge on (car) advertisements and emotional cues, while the
latter represents about the level of knowledge of a participant,
being trained by a short introduction to the topic, containing
examples and definitions. As each participant is required to label
the same images, this seems appropriate to measure participant
effectiveness. Furthermore, we propose to assess efficiency as the
time needed to complete the task. When measuring timings in
the labeling system, special care needs to be taken considering
loading times. In an online experiment, users may be faced with
different internet connection speeds. To alleviate the influence
of this on the task, the timing for the individual steps is only
started after the site (and foremost the contained images) has
loaded completely. Time was stopped when the ‘Continue’-button
was pressed. Relative efficiency as our performance measure is
thereby the quotient of the two.

6 Results
6.1 Attention Checks
Much alike laboratory experiments, online experiments can be
jeopardized by inattentive participants or outright exploitative
behaviour (Thomas & Clifford, 2017). Furthermore, platforms like
MTurk run the novel risk of fully automated bots answering the
survey in such an intelligent fashion, that it is almost unrecog-
nizable for the researcher. To mitigate both issues, we propose
to employ a set of attention checks. Also called screeners, they
are ‘methods for catching and removing problematic respondents’
(Thomas & Clifford, 2017, p. 186). Traditionally this is done with
items in a survey, closely resembling trick questions. We added
established checks in the questionnaire such as ‘Please check
the third box from the right’. Also, we have the results from the
comprehension quiz to account for. As smart bots may already
be able to circumvent such challenges, we imposed additional
hurdles. The button to continue to the next step is hidden from
view until the introduction video has finished playing. The human
user sees it appearing afterwards, but for the bot, operating on the
source code of the web page, the button is present at all times.
As the timings for the individual steps are recorded, too short of
a stay on the video step indicates manipulative behaviour of a
human or the presence of a bot. Lastly, we added a mandatory free
text field into the questionnaire. The participant is asked to enter
the ‘abbreviation of the research institution the experiment is
from’, with the hint that the logo in the top left of the survey shows
those letters. We conducted the experiment with 200 participants.
From those, 192 passed all attention checks and were permitted
for further analysis.

6.2 Factor Analysis
To check the consistency and validity of our measurement model,
we employed a confirmatory factor analysis (CFA) using lavaan
(Rosseel, 2012). Following established approaches (Hair, 2019), we
first excluded items with indicator loadings smaller than 0.7. We
could confirm that all constructs have a higher average variance
extracted than 0.5. We find the coefficients ω (following Bentler,
1972, Bentler, 2008, Bollen, 1980, McDonald, 1999) and Cronbachs α

(Cronbach, 1951) to be larger than 0.7. Hence, we can confirm the
convergent validity. The Fornell–Larcker criterion is met (Fornell
& Larcker, 1981) and we find the heterotrait–monotrait ratio to
be below 0.9. This further confirms the discriminant validity. We
report a χ2 to degrees of freedom ratio of 1.687, which is well below
the threshold of 3. Our root mean square error of approximation is
0.062, hence below 0.08. The data meets the requirement (≥ 0.9)
for the comparative fit index at 0.903. Thus, we report meeting
common standards for the goodness of fit. Our appendix offers
further details in two tables. Concluding, the data fulfills all
required criteria of a CFA evaluation.

6.3 Hypothesis Testing
Based on our research model, we analyzed the underlying data.
As with the factor analysis, we relied on lavaan (Rosseel, 2012).
We report significant (p < 0.05) and trend-level (p < 0.1) findings
(following e.g. Findlater & McGrenere, 2010, Orzech et al., 2016).

We find a series of significant direct effects in line with SDT,
visualized in Figure 6. We report a significant (p < 0.001, β = 0.288)
positive, direct effect between workers’ perceptions of task variety
and autonomy. Thus, the primal effect between task characteris-
tics and psychological needs, as described in SDT, hereby holds for
labeling workers, as well. The investigation of such links is highly
important for labeling system design, especially in crowd work,
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Fig. 6. Significant direct effects.

Table 1. Results of the Hypothesis Tests (p-values,
β-coefficients, support indicated by �, no support by �).

p β

H1 T.V. → · · · +→ W.-b. 0.009 0.042 �
H2 T.V. → · · · −→ Bor. 0.005 -0.047 �
H3 T.V. → · · · +→ Per. 0.618 0.108 �

as the task characteristics could be adjusted in such scenarios.
Along the chain of effects proposed by SDT we further find
significant positive, direct effects between autonomy and intrinsic
motivation (p < 0.001, β = 0.419), as well as intrinsic motivation
and well-being (p < 0.001, β = 0.349). We find a significant
negative direct effect of intrinsic motivation on boredom (p <

0.001, β = −0.388). Additionally, we find significant direct effects
between task variety and intrinsic motivation (positive, p < 0.001,
β = 0.224), as well as autonomy and boredom (negative, p = 0.004,
β = −0.180).

In terms of the nomological network, i.e. indirect effects, we
find strong support for our hypotheses H1 and H2, regarding well-
being and boredom, respectively. The multi-layer mediations are
significant at pH1 = 0.009 and pH2 = 0.005, with βH1 = 0.042
and βH2 = −0.047, which extends previous research on task
variety (Durward et al., 2020) beyond mediators into psychological
work outcomes (cf. Table 1). Research on the basis of SDT has
previously shown the beneficial effects of task variety, e.g. in phys-
ical exercise education, where regularly changing out training
routines positively affects motivation and subsequent outcomes
(Dimmock et al., 2013). In labeling work, we could show similar
benefits by merely changing the presentation sequence. However,
we find no such effect for work performance (pH3 = 0.618, βH3 =
0.108). A probable explanation for this lies in the rather limited
experimental time frame of one hour. Prolonged exposition to the
treatment could have revealed such effects, as already illustrated
by SDT research on long-term implications in other domains such
as education (Ntoumanis & Standage, 2009). Regarding the control
variables we report some significant direct effects, explained in
detail in the appendix.

6.4 MANOVA
We analyzed the experimental data with established statistical
methods. For our type of data, a MANOVA is appropriate. We meet
the assumptions of multiple continuous dependent variables, and
multiple independent groups. Furthermore, all observations are
independent (between-subject design). Our sample size is ade-
quate. Using standard profiles, we excluded extreme univariate
(3 · IQR Tukey-Test) and multivariate (Mahalanobis distance ≥ 3)
outliers according to Hair (2019). Hereby, we excluded another 16

Table 2. Means (μ) and standard deviations (σ ) for each
treatment group.

By image By label Random

μ σ μ σ μ σ

Task Variety 0.388 0.255 0.459 0.239 0.359 0.254
Autonomy 0.650 0.210 0.572 0.277 0.509 0.273
Intrinsic m. 0.671 0.231 0.700 0.224 0.629 0.251
Well-being 0.697 0.209 0.714 0.202 0.739 0.235
Boredom 0.212 0.186 0.198 0.221 0.276 0.264
Performance 14.408 4.644 13.966 4.431 12.548 4.238

participants, to obtain a final valid sample size of 176. To check for
multicollinearity, we analyzed pairwise Pearson correlations. Both
in the entire data set and in each treatment group the correlations
were smaller than 0.7. However, many of the observed constructs
return non-normally distributed data. Hence, the data fails the
assumption of multivariate normality. We use a non-parametric
equivalent (Dobler et al., 2018, 2020) of MANOVA (rankMANOVA),
to deal with the issue of non-normality. Subsequently, all post-hoc
tests are also non-parametric. Specifically, their univariate post-
hoc tests are already adjusted for Alpha error inflation, hence an
(e.g. Bonferroni) correction is not required.

The non-parametric MANOVA finds a significant effect of the
presentation sequence (p = 0.022). Hereby we followed Dobler
et al. (2020) to test the overall effect of the presentation sequence
on task variety, autonomy, intrinsic motivation, well-being, bore-
dom, and performance. The subsequent pairwise comparison
post-hoc tests are shown in Table 3, following the procedure set
out by Dobler et al. (2020) and followed by e.g. Benke et al. (2022),
Coll et al. (2020), or Haug et al. (2023). We find multivariate p-values
for the comparison by label vs. by image (L-I) of pL−I = 0.041, for
random vs. by image (R-I) of pR−I = 0.156 and for random vs. by
label (R-L) of pR−L = 0.021. Table 2 shows means and standard
deviations for our measures. Hereby, the results for the subjective
Likert and semantic differential scale measures lie on a scale
of 0 (lowest) to 1 (highest). The work performance is measured
objectively as correct labels per minute. We find no significant
difference between the correctness of labels between the group,
all are within 1 percent-point of 85%. Hence, resulting differences
in performance here are due to completion time.

In terms of group comparisons, sorting by label (μ = 0.459,
σ = 0.239) leads to higher perceptions of task variety compared
to sorting by image on the trend level (μ = 0.388, σ = 0.255,
p = 0.096, d = 0.284) and significantly higher than the random
group (μ = 0.359, σ = 0.254, p = 0.031, d = 0.398). For autonomy,
we find a significant difference between random (μ = 0.509,
σ = 0.273) and sorting by image (μ = 0.650, σ = 0.210, p = 0.004,
d = 0.543), whereas the latter group reports more. We find a trend
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Table 3. MANOVA pairwise p-values and Cohen’s d. Significant
effects (p < 0.05) are bold, and trend level ones (p < 0.1) in italics.

L-I R-I R-L

p d p d p d
T. V. 0.096 0.284 0.653 0.115 0.031 0.398
Aut. 0.133 0.298 0.004 0.543 0.217 0.244
I. m. 0.451 0.123 0.359 0.179 0.097 0.303
W.-b. 0.648 0.078 0.134 0.193 0.282 0.115
Bor. 0.287 0.063 0.379 0.284 0.056 0.348
Per. 0.690 0.099 0.026 0.415 0.072 0.316

level difference for intrinsic motivation, where sorting by label
ranks higher (μ = 0.700, σ = 0.224) than the random approach
(μ = 0.629, σ = 0.251, p = 0.097, d = 0.303). We find no group
differences in well-being. For boredom we find similar results
to intrinsic motivation, where sorting by label retrieves a better
result (i.e. lower boredom) (μ = 0.198, σ = 0.221) than the random
approach (μ = 0.276, σ = 0.264, p = 0.056, d = 0.348) on the trend
level. Regarding performance, we find a significant difference
between random (μ = 12.548, σ = 4.238) and sorting by image
(μ = 14.408, σ = 4.644, p = 0.026, d = 0.415), as well as a trend
level one between random and by label (μ = 13.966, σ = 4.431,
p = 0.072, d = 0.316). Each time, the structured approach (by label,
by image) returns higher performances than the random one.

Observing the control variables, we found no significant differ-
ences between the groups. Groups are comparably sized, with 59
samples in the by image group, 60 for the by label group and 57
for the random group.

7 Discussion
7.1 Structure Induces Variety
We find that introducing structure (by sorting by label) produces
a significant difference, regarding how workers perceive task
variety. This is a highly surprising result. Naturally, one would
assume that the random group would be perceived as more varied
than the other two groups. However, it seems that the complete
disorder and intransparency of the random approach is not actu-
ally perceived as being varied. A visual metaphor for this is given
by Figure 7, a famous painting by Piet Mondrian and an image
consisting of randomly coloured pixels, respectively. Consider how
arranging the colours into distinctly separated blocks creates a far
more varied perception and an interesting composition, whereas
the random (but mathematically more varied, cf. Shannon, 1948)
image seems dull. Similarly, in the labeling task, changing images
and labels at random seems to drown out the variety perceived
by workers. In contrast, a more pronounced change after working
for a longer time on the same label leads to an overall higher
perception of task variety. This alone is an important distinction,
structured sorting approaches can make in labeling tasks.

In historic reference, requirements for modern crowd work
seem to stand somewhat in contrast to early critiques of labor
force treatment. Thereby, Marx and Engels in their seminal work
on means of production argue that ‘for as soon as the distribution
of labor comes into being, each man has a particular exclusive
sphere of activity, which is forced upon him and from which he
cannot escape [...]’ (Marx & Engels„ 1932, part I A). Here, they argue
against specialization, which their contemporaries introduced in
production line factories as opposed to established trade-based
manufactures. Employing a sorted sequence of presentation also
represents such a sphere of exclusive activity, albeit time limited,

Fig. 7. Painting by Piet Mondrian (Mondriaan, 1921) on the left and
Random Noise (Huiberts, 2019) on the right.

being framed as undesirable by Marx and Engels. However, our
results show the opposite is true supporting our argument of
constant random changes drowning out the possibility of task
variety as perceived by the workers, even though randomizing
being the mathematically most varied approach.

The notion that humans perceive randomness not as a mere
statistical fact and are often incapable at detecting or reproducing
it, is not new (Bar-Hillel & Wagenaar, 1991, Hahn & Warren, 2009,
Nickerson, 2002). However, previous research has often focused
on so-called judgement (“Were these events produced by coin f lips”?)
or production (“Create a series of coin f lips.”) tasks. We extend this
knowledge to the perception of randomness, as well as its effects
on task variety and subsequent downstream outcomes, in the
(crowd) work context. Other contexts have produced related find-
ings, leading to randomness being drawn upon as ‘an innovative
design resource for supporting rich and novel user experiences’
(Leong et al., 2006, p. 132), with the example of randomized music
playback. However, more recently, it has been uncovered that both
Apples iPod, as well as the music streaming service Spotify had to
move away from mathematically perfectly random arrangement
of songs as users did not perceive this playback as being varied
enough (Cohen, 2020). Instead, they had to introduce deliberate
breaks, e.g. preventing songs from the same artist being played
back to back, to prevent users from issuing complaints.

Building upon research from the domain of work design, pre-
vious research has shown how so-called interleaved tasks (in the
form of ABCABCABC) return higher perceptions of task variety as
so called blocked tasks (AAABBBCCC) (Derfler-Rozin et al., 2016).
This, however, depends on the perceived similarity of such indi-
vidual tasks (A, B, C) (Pentland, 2003). Thereby, more fine-granular
differences between tasks get lost in users’ perceptions. Work
design research has identified a potential root of such effects in
the predictability of patterns in tasks (Derfler-Rozin et al., 2016),
however is unclear on the directionality of such effects. In our
case, the two sorting parameters offered by sorting by image
and sorting by label have severely different value counts. Where
there are 44 images to be labeled, each image is assigned just
four cues. Therefore, the sort by image pattern becomes highly
predictable. After a worker has labeled just a few images, they
can deduce exactly how far they have progressed for the current
image. They know, how after e.g. two more cues, the image will
change. In contrast, it seems far fetched to assume that workers
count the number of images they have worked on in the sort by
label approach. Concluding, we find a highly surprising result, in
that sorting by label is perceived with a higher task variety than
the random approach.
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7.2 Empirical Confirmation of Previous Claims
Our findings deliver empirical support for the claims of the
founders of interactive machine learning, the foundations
of interactive labeling (Amershi et al., 2014). Therein, and in
subsequent publications (e.g. Bernard et al., 2018a, Dudley &
Kristensson, 2018, Knaeble et al., 2023, Knaeble et al., 2020, Krening
& Feigh, 2019, Nadj et al., 2020), it has been stated how users dislike
being treated as an oracle as it is customary in active learning
approaches. Active learning is a common paradigm in ML, in
which the model learns from a limited set of labeled data. It then
iterates over a larger set of unlabeled data, and for the instance
in which it is most uncertain, the model queries an oracle, i.e.
the user (Settles, 2009). From a users point of view, the black-
box active learning model is equivalent to our random sorting
approach. Hereby, the system requests user-input seemingly
at random, without any comprehensible structure. Of course,
hidden beneath the models evaluation functions, it just picks
those instances in which it is uncertain. It does not pay respect to
instance (e.g. image) or label based structuring towards the user.
However, the user is never involved in this decision process—
therefore for them, the structure could just as well have been
chosen at random. This key finding allows us to support the long
standing core claim of interactive machine learning, in which
active learning mistreats the user, with empirical data.

7.3 Implications for SDT
Analyzing the mediation paths, we identify a tightly connected
nomological net of effects in the labeling context under the theo-
retical lens of SDT. Hereby, the perception of task variety is funda-
mental to affecting autonomy as well as motivational qualities,
and thereby psychological work outcomes in form of well-being
and boredom. While we cannot find an effect on performance (i.e.
confirm H3), this does not hinder the implications of our findings.
In fact, in the single session in which the online experiment
was conducted, we were able to show that we were satisfying
these important needs of the workers, and thus contributing to
their motivation. In this regard, work design research has already
investigated the numerous positive implications of motivation
and well-being on performance (Mouzas, 2006, Szalma, 2014), so
we expect that the effects we observe could also be beneficial
for performance, provided that a longer-term view is taken into
account in the study design.

Our findings deliver strong empirical support for the basic
tenets of SDT (Deci & Ryan, 2000), applied to the context of crowd
work and labeling systems. Further, they are also in line with
previous research on the topic. Thereby, and only after adequate
payment, which we do provide, task characteristics like task vari-
ety have to be met, for downstream effects to be present (Durward
et al., 2020). Regarding structuring tasks, existing research has
largely focused on outlining drawbacks. Most notably, Amabile
(1996) has argued for task structure to limit creativity and dimin-
ish autonomy. While our task is not creative in nature, we can
show that there exist tasks and contexts, in which added structure
has the opposite, positive effect.

We also contribute to extending the understanding of work
related technology use. From existing research, we know of the
importance of task variety for motivation and performance (Hack-
man & Oldham, 1976, Morgeson & Humphrey, 2006). Moreover,
SDT-based HCI research offers a plethora of knowledge in volun-
tary technology use. We do, however, find little research in the
labeling domain (e.g. Durward et al., 2020), which can be seen as
mandatory use. With our work, we extend the application areas

of SDT, and bridge knowledge previously derived from its use in
the work domain and that of HCI.

7.4 Practical Implications
Against this backdrop, we could show how practitioners should
focus on the sequence of the data they present their labeling
workers by introducing structure into the labeling process (i.e.
via by label or by image sorting). Including these findings into
practical tools is of little development effort, and has strictly
positive effects, as outcomes along the nomological net proposed
in Figure 1 are best addressed by the structured approaches.
Overall, compared to the random approach sorting by label offers
advantages in terms of task variety, as well as higher intrinsic
motivation, lower levels of boredom and better performance. In
turn, sorting by image provides more autonomy and performance
compared to the random approach. While we do not find a strictly
dominant structure among the options of sorting by image or
by label, we can however conclude, that either dominates the
random sorting approach. This allows interactive labeling system
designers to evaluate the present trade-offs and decide on the
basis that fits their specific goals. It matters however, that they
choose to provide such structure.

7.5 Limitations and Future Work
Our research has some limitations that we attempt to reduce
in the course of the study. In particular, some of the constructs
measured in the online experiment are complex. Given this, we
relied only on beforehand validated measurement scales. To mit-
igate the risk of inattentive participants, exploitative behavior
or other threats (e.g. the risk of fully automated bots answering
the survey), we included attention check questions and applied
additional measures to ensure data quality (see Section 6.1). In
addition, the online experiment was performed in a single session.
While this study allowed us to comprehend perceptions and
performance behaviors when using the proposed labeling system,
it also opened the space to question whether these remain stable
when the system is used more than once by the same group of
crowd workers. In particular, we see the potential for studying
longer-term benefits. Therefore, we suggest that future research
replicate our study but allow crowd workers to use the system
more than once on different days and collect data over a series
of days.

Hereby, we performed the online experiment with a fully func-
tional labeling artifact. While we were able to show that struc-
tured approaches dominate over random sorting in crowdsourced
labeling tasks in terms of task variety, autonomy, intrinsic moti-
vation, boredom and performance, we were unable to identify a
clear dominant approach. Therefore, in the future, we propose to
compare sorting by image and sorting by label in further experi-
mental contexts and task designs. In addition, other features such
as gamification elements (e.g. points, badges and rank positions)
could be of interest in the context of labeling (Knaeble et al.,
2020). Thus, we recommend that future research examine such
elements on top of those examined in this study.

Finally, although we followed the established assumptions of
SDT, we are unable to find an effect on performance in our
path analysis (cf. Figure 6). Therefore, we believe that labeling
performance depends on a third variable not considered in our
study, which needs to be uncovered in future work.
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8 Conclusion
Where research on ML algorithms makes steady progress, and
approaches like deep learning call for more training data than
ever before, researchers often disregard the origin of such data.
Especially how their labels come to be attached to images, videos
or other types of data. More often than not, this is done by
manual labour in heteromated settings like crowd work (Ekbia
& Nardi, 2014). With our research, we want to highlight the
effort of labeling workers going towards the creation of future
artificial intelligence. We present a new, but highly relevant area
of research for SDT. Labeling sets out to become a new blue-collar
job (Knaeble et al., 2023, Reese, 2016) in crowdsourced micro gigs
from homes all over the world. Thus, research must understand
the specifics of such tasks—and SDT offers a theoretical lens to do
so. With our work we further bridge existing SDT-based knowledge
to mandatory use contexts in labeling and crowd work. Thereby,
we specifically focus on labeling workers on crowdsourcing plat-
forms. We show how merely changing the presentation sequence
of labeling tasks provides benefits and identify a surprising con-
trast between mathematical and perceived task variety. Paying
increased attention to labeling workers, in both academia and
industry, could lead to not only better work results, but also help
motivating the many workers and increase their well-being. To
recapitulate on our visual metaphor: if you assign labeling tasks,
consider showing your workers paintings, not noise.
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APPENDIX

Control Variables
Measurement
To account for extraneous variation, we account for standard
demographics (age, gender, first language, and highest level of
education), as well as previous experience. We have the partici-
pants enter their age, measured in years. Gender has to be selected
from a choice of three (male, female, diverse). The highest level
of education is selected from a choice of five (below high school
equivalent, high school equivalent, bachelor’s degree, master’s
degree, doctoral degree). The first language shows a choice of the

Table A1. Convergent validity indicators of average variance
extracted (AVE), � 1 Bollen (1980), 2 Bentler (1972) and 3
McDonald (1999) and Cronbach’s α Cronbach (1951)

Construct AVE �1 �2 �3 Cr. α

Variety 0.862 0.962 0.962 0.955 0.963
Autonomy 0.650 0.879 0.879 0.889 0.868
Intrinsic m. 0.862 0.961 0.961 0.961 0.960
Well-being 0.709 0.923 0.923 0.925 0.918
Boredom 0.814 0.946 0.946 0.946 0.945

Table A2. Discriminant validity indicator correlations or
heterotrait–monotrait ratio

Va. Au. I. m. W.-b. Bo.

Variety 1
Autonomy 0.298 1
Intrinsic m. 0.377 0.620 1
Well-being 0.062 0.168 0.338 1
Boredom 0.313 0.539 0.608 0.249 1

Table A3. Insignificant direct effects

p β

T.V. → W.-b. 0.069 -0.119
Au. → W.-b. 0.720 -0.026
T.V. → Bd. 0.158 -0.083
T.V. → Pf. 0.137 -2.138
Au. → Pf. 0.983 -0.034
I.m. → Pf. 0.760 0.542

most common languages as predefined options and a free-text
alternative, if a language is not listed. Furthermore, we ask the
participants to rate their previous experiences with the advertis-
ing industry, emotional cues, labeling tasks and ML on a seven-
point semantic differential scale.

Moreover, we controlled for other structural aspects of the
labeling task. Hereby, we randomly introduced half of our par-
ticipants to slightly modified versions of the artifact. Firstly, we
changed the button order. Whereas initially the left side of the
selector represented yes/positive, and the right side no/negative,
we switched this order for some. Although the neutral default
should already negate priming or default effects, we further con-
trolled for the influence of this order. Additionally, we changed the
size of each labeling step. While in total, all participants labeled
the same amount of data, for half we increased the number
of labels assigned on one screen to four (from initially one).
Hereby, another structural component of the labeling process is
controlled for.

Hypothesis Testing
A higher experience with the advertisement industry has a sig-
nificant positive effect on the task variety (p = 0.037, β = 0.114).
Similarly, a higher experience with ML has a significant positive
intrinsic motivation (p = 0.047, β = 0.068).

Higher age significantly affects variety (p = 0.044, β = 0.004)
and autonomy (p = 0.004, β = 0.005) positively, as well as
performance negatively (p < 0.001, β = −0.117).
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Table A4. Items in questionnaire, all measured on a 7 pt. Likert scale. Indicator loadings for convergent validity
analysis following the guidelines by Hair (2019). Variety based on Morgeson & Humphrey (2006), autonomy on
Schultz et al. (2015), intrinsic motivation on Guay et al. (2000), well-being on Stewart-Brown et al. (2009) and
boredom on van Hooff & van Hooft (2017).

Construct Context-Adapted Phrasing Loading

Variety This activity involves a great deal of task variety 0.855
Variety This activity involves doing a number of different things. 0.909
Variety This activity requires the performance of a wide range of tasks. 0.969
Variety This activity involves performing a variety of tasks. 0.980
Autonomy In this activity, I feel a sense of choice and freedom in the things I undertake 0.613
Autonomy I feel that my decisions in this activity reflect what I really want. 0.649
Autonomy I feel my choices in this activity express who I really am. 0.630
Autonomy I feel I have been doing what really interests me in this activity. 0.714
Autonomy Most of the things I do in this activity feel like ”I have to”. 0.806
Autonomy I feel forced to do many things in this activity I wouldnt choose to do 0.784
Autonomy I feel pressured to do too many things in this activity. 0.572
Autonomy This activity feels like a chain of obligations. 0.837
Intrinsic m. I am engaged in this activity because I think that this activity is interesting 0.921
Intrinsic m. I am engaged in this activity because I think that this activity is pleasant 0.940
Intrinsic m. I am engaged in this activity because this activity is fun 0.946
Intrinsic m. I am engaged in this activity because I feel good when doing this activity 0.899
Well-being I’ve been feeling optimistic about the future during this activity. 0.804
Well-being I’ve been feeling useful during this activity. 0.840
Well-being I’ve been feeling relaxed during this activity. 0.883
Well-being I’ve been dealing with problems well during this activity. 0.902
Well-being I’ve been thinking clearly during this activity. 0.777
Well-being I’ve been feeling close to other people during this activity. 0.694
Well-being I’ve been able to make up my own mind about things during this activity. 0.668
Boredom There are long periods of boredom during this activity. 0.924
Boredom This activity went by slowly. 0.914
Boredom I often got bored during this activity. 0.933
Boredom The time seemed to go by slowly during this activity. 0.850

Identifying as male affects intrinsic motivation negatively (p <

0.001, β = −0.051), while a higher level of education affects
boredom positively (p = 0.034, β = 0.078). Boredom is negatively
affected by a larger step size (p = 0.049, β = −0.053), while invert-
ing the yes/no button arrangement to a no/yes order negatively
affects performance (p = 0.033, β = −1.364).

MANOVA
We find no significant differences between the groups with
regards to our control variables. On our scale from 0 to 1, partic-
ipants report their experiences on average as follows: advertise-
ments 0.243, emotional cues 0.257, labeling 0.519 and ML 0.461.
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